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Abstract! Heat scintillation occurs due to the index of refraction 
of air decreasing with an increase in ai r temperature, causing 
objects to appear blur red and waver slowly in a quasi-periodic 
fashion. This imposes limitations on sensors used to record 
images over long distances resulting in a loss of detail in the video 
sequences. A statistical method of filtering turbulent sequences is 
presented which can be used to either extract a single 
geometrically improved frame or filter an entire turbulent 
sequence. The extracted frame is in general sharper than when 
utilising simple G F A T R (G eneralized F irst Average Then 
Register) or F R T A AS (F irst Register Then Average And 
Subtract). I t also better preserves edges and lines as well as being 
geometrically improved. 

I.  INTRODUCTION 

Atmospheric turbulence imposes limitations on sensors 
used to record image sequences over long distances. The 
resultant video sequences appear blurred and waver in a quasi-
periodic fashion. This poses a significant problem in certain 
fields such as astronomy and defence (surveillance and 
intelligence gathering) where detail in images is essential. 

Hardware methods proposed for countering the effects of 
atmospheric turbulence such as adaptive optics and DWFS 
(Deconvolution from Wave-Front Sensing) require complex 
devices such as wave-front sensors and can be impractical. In 
many cases image processing methods proved more practical 
since corrections are made after the video is acquired [1, 2, 3, 
4, 5]. Turbulence can therefore be removed for any existing 
video independent of the cameras used for capture. 

Numerous image processing methods have been proposed 
for the compensation of blurring effects. Fewer algorithms 
have been proposed for the correction of geometric distortions 
induced by atmospheric turbulence. Each method has its own 
set of advantages and disadvantages. 

In this paper the focus is placed on comparing image 
processing methods proposed to restore video sequences 
degraded by heat scintillation. The comparative analysis will be 
followed by the presentation and comparison of the statistical 
algorithm for the correction and enhancement of turbulent 
sequences. 

II. ALGORITHMS SELECTED FOR COMPARISON 

A.  Generalized F irst Average Then Register 
The GFATR algorithm is based on common techniques and 

components used in a number of algorithms for correcting 
atmospheric turbulence [2,5,6]. Image registration is performed 
for each frame with respect to a reference frame. This provides 
a sequence that is stable and geometrically correct. The 
reference frame can be selected by using a frame from the 
sequence with limited geometric distortion and minimal 
blurring. This is however impractical since the frame would 
have to be selected manually. A more practical approach to 
selecting a reference frame would be the temporal averaging of 
a number of frames in the sequence. Since atmospheric 
turbulence can be viewed as being quasi-periodic, averaging a 
number of frames would provide a reference frame that is 
geometrically correct, but blurred. 

For the purpose of registration, an optical flow algorithm as 
proposed by Lucas and Kanade [7] was implemented.  

The motion of a pixel from one frame to another can be 
described as  

),,,(),,( ttyyxxItyxI !!! """#              (1) 

where I(x,y,t) represent the intensity of a pixel. The assumption 
is made that the intensity of the object remains constant. 
Expanding (1) using a Taylor series we get 
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where all higher order terms can be discarded. Since there are 
two unknowns (!", !#) and only one equation, it is an ill-posed 
problem. By assuming that the optical flow is locally constant 
within a small, n x n patch, additional equations can be 
obtained. A least squares method can then be used to solve the 
over-determined system: 
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where 
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!
,  and 

t
I
!

!
 are denoted as Ix, Iy and It respectively.  

The Lucas-Kanade algorithm was implemented using a 
coarse-to-fine iterative strategy achieved through an image 
pyramid. An average of two levels of the pyramid was used for 
most of the sequences. 

The reference frames were generated by averaging the first 
N frames of the turbulence degraded sequences. 

  

    
            (a)  (b)       (c) 

 

  
                       (d)       (e) 

 
  Fig 1: (a) Original Image, (b) Simulated image, (c) Flow field,  

  (d) Time averaged frame and (e) Corrected frame. 

 
The algorithm performs well when there is no real motion 

present in the scene i.e. objects moving, panning and zooming 
of camera. The video sequence is stabilized, except for a few 
discontinuities caused by the optical flow calculations and/or 
the warping algorithm.  

B. FRTAAS Algorithm 
The FRTAAS algorithm is an improvement of a previously 

proposed algorithm, FATR (First Average Then Register), 
proposed by Fraser, Thorpe and Lambert [2]. The FATR 
method is a special case of the algorithm discussed in II-A. 
Each pixel in each frame is registered against an averaged 
reference or prototype frame. The registration technique used 
in [2] employs a hierarchically shrinking region based on the 
cross correlation between two windowed regions. The 
de-warped frames are then averaged once again to obtain a new 
reference frame and the sequence is put through the algorithm 
once again. As discussed in section II-A the blur due to the 
temporal averaging will still be present. The FRTAAS 
algorithm aims to address this problem. 

In FRTAAS any one of the frames in the sequence is used 
as a reference frame instead of the temporally averaged 
reference frame. A sharpness metric is used to find the least 
blurred frame in the sequence or it is selected manually. The 
distortion in the reference frame is not considered in the 
selection. The sharpness metric used to select the sharpest 
frame is 

,)],(ln[),("#$ dxdyyxgyxgSh
                   (4) 

where g(x,y) represents a frame in the turbulence sequence [4]. 

Once the sharp but distorted reference frame is selected, all 
frames in the sequence are warped to the reference frame. Shift 
maps of all the frames in the sequence can therefore be 
obtained. 

 The shift maps that are used to warp the frames in the 
sequence to the reference frame are then used to determine the 
truth image. In the FATR method we are able to obtain the 
truth image by temporal averaging. However, by averaging the 
shift maps used to register the turbulent frames to the warped 
reference frame, a truth shift map which warps the truth frame 
into the reference frame is obtained. 

The warping using the shift maps, xs and ys, can be 
described as 

),),,,(),,,((),,( ttyxyytyxxxgtyxr ss %%$          (5) 

representing a backward mapping where r(x,y,t) is the 
reference frame and g(x,y,t) is a distorted frame from the 
sequence. By using the shift maps, the centroids, Cx and Cy, 
which are used to calculate the pixel locations of the truth 
frame, are calculated by averaging: 
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The inverse of Cx and Cy are then calculated and used to 
determine the corrected shift map of each warped frame in the 
sequence as 
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where Xs and Ys are the corrected shift maps used to correct the 
frames in the original warped sequence. 

Using Xs and Ys, one is therefore able to obtain 

)),,,(),,,((),,( ttyxYytyxXxgtyxf ss %%$        (8) 

The registration was done by using a differential elastic 
image registration algorithm proposed by Periaswamy and 
Farid [8]. 

The registration algorithm models the mapping between 
images as a locally affine but globally smooth warp that 
explicitly account for variations in image intensities [8]. The 
general representation of an affine transformation can be 
described as 
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where a31 and a32 represent a translation and the remaining 
coefficients represent the affine parameters. The aij parameters 
are estimated locally within a small n x n patch, Q, by 
minimizing 
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This can be done by expanding (11) using the Taylor series 
and solving for the least squares solution. This allows us to find 
a dense locally affine mapping between the source and target 
images. 

The FRTAAS algorithm performed well with no motion 
present in the scene. The restored sequences were an 
improvement over the G FATR [4]. This was achieved by 
avoiding temporal averaging of the turbulent frames. 

III. STATISTICAL ALGORITHM 

If we take the measurements of the pixel intensities at the 
pixel location (i,j) in a turbulent sequence from frame N to 
N+ k, we will have a series of measurements {xk}. Since 
turbulence can be described as being quasi-periodic the pixel 
intensities at location (i,j) can potentially vary from 0-255 due 
to the surrounding pixels shifts. As seen in Fig. 2, a simple 
geometrical model can be constructed to model the variation in 
pixel intensities at a certain location (i,j). In Fig. 2 where ! 
represents the true intensity value of the pixel and x represents 
the intensity value at frame k.  

 

Figure 2: Illustration of statistical formulation. 

 

!"#$%&'()*"+&,-*./*01&2-*&3(/(0*2*/&! can be estimated as 
follows [9]: If we assign a uniform pdf for the azimuth of the 
kth

 datum "k then 
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where -456&($7&456&/*3/*"*$2"& 2-*&0(8#090&3.""#:;*&($%;*&.<&
". This is due to the fact that if the distance, xk-!, is large in 
comparison to #, then " will tend towards =456> 

To determine the distance, xk-!, along the intensity range 
we use 

.tan )'( #" kk x                           (13) 

To obtain ),,(prob Ixk () , (12) can be rewritten using the 

relationship 
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where |d" / dxk| is the Jacobian. Differentiating both sides of 
(13) with respect to x and substituting for tan

2
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can rewrite the pdf of (12) as 
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Equation (15) is a Cauchy or Lorentzian distribution which 
is represented as 
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The posterior pdf can now :*&?/#22*$&9"#$%&'()*"+&2-*./*0&
as 

),,(probx),,}({prob),},{(prob ! IIxIx kk ()()()  (17) 

where the prior probability can be represented by a uniform pdf 
with range 0-255. Since the measurements are independent, the 
likelihood function for the independent data is the product of 
the probabilities for the individual measurements, given by 
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The logarithm for the posterior pdf can now be written as 
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where K is a constant representing all terms not involving !. 
Finding ! that maximises the posterior pdf will provide us with 
the best estimate. 

If we assume #=1, we now need to determine the value of ! 
which will maximise the posterior pdf. This value of ! will 
then be the most probable intensity value of the pixel (i,j) given 
the data sequence {xk}. However, since we are only looking for 
the most probable value contained in the data sequence {xk}, 
this is what the search space for ! will be limited to. Equations 
(17) and (18) therefore simplify to 
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The ! that maximises (21) will provide us with the most 
probable pixel intensity for the location (i,j). Using a single 
pixel for xk causes the estimate of ! to be susceptible to noise 
and other errors. To avoid this, we use the 8-spatial 
neighbourhood of the pixel location we are trying to estimate, 
i.e. 
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where xk is a vector of the 8-spatial neighbourhood of a pixel at 
frame k and ! is now a 9x1 vector. 

The difference between using a single pixel for xk and using 
its 8-spatial neighbourhood is shown in Fig. 3. Fig. 3(b) 
appears to have fewer artefacts than Fig. 3(a). 

  

(a)                                           (b) 

Figure 3: (a) Single pixel estimation and (b) 8 spatial neighbourhood 
estimation. 

Fig. 4 shows a comparison between the FRTAAS algorithm 
correction and the statistical correction for the Tiffany 
sequence. The sequence was generated by applying the shift 
maps from real turbulent sequences to the Tiffany image. The 
temporal window length for both the algorithms was selected 
as 10 frames i.e. the FRTAAS algorithm had a search space of 
10 frames to select the sharpest frame and the statistical 
algorithm was able to determine the most probable pixel 
intensity using a data length of 10. 

   

(a)                      (b)               (c) 

   

        (d)                                 (e) 

Figure 4: (a) Original Image, (b) Average of 10 frames, (c) Frame 7 of 
turbulent sequence, (d) Statistical Correction and (e) FRTAAS corrected frame. 

To correct a turbulent sequence we apply the statistical 
algorithm as a temporal filter where the data {xk} for each pixel 
in an image is obtained from the current frame and its temporal 
neighbours. Using the statistics algorithm we are able to correct 

a turbulent sequence or obtain a reference frame that is 
geometrically improved but sharper than using temporal 
averaging as a reference frame. 

The complexity of the Statistics algorithm can be reduced 
by reusing some of the calculations used to determine the 
maximum likelihood of the previous frame. For a frame N, we 

have that ][ wNw-N xxx (' "  and ) *,)(1log
1

22+
'

,(,'
N

k
eKL !xk

 

where L is calculated for various values of ! and w is the 
temporal window length. For a frame N+1, we have that 

][ w1Nw1N xxx ((,(' " . Since we have already determined 

values for ])(1[ 22
!xk ,(  for ][ wNw1N xxx (,(' " , we only 

need to calculate the values for x N+w+1, which will reduce 
complexity. 

IV. SIMULATING ATMOSPPHERIC TURBULENCE 

A turbulence degraded sequence g can be modelled as 

),,(]),,,(*),,([),,( tjittjihtjixDtjig -('          (23) 

where * denotes two-dimensional convolution, !" denotes 
time-varying additive noise, D denotes the turbulence induced 
time-varying geometric distortion, h is the dispersive distortion 
component of the atmospheric turbulence and x is the original 
video [1]. Based on (23) the effects of turbulence can be 
divided into two categories, blurring and geometric distortion. 
To simulate the effects of blurring, the OTF (optical transfer 
function) of atmospheric turbulence is used. The OTF can be 
modelled as 

,),(
6/522 )( vuevuH (,' .

                     (24) 

where # controls the severity of the blur [1]. Since 
turbulence blurring is time varying, the value of # will have to 
be varied from frame to frame, within a limit, to correctly 
simulate the effect of atmospheric blurring. 

Two methods were used to simulate the geometric 
distortions induced by atmospheric turbulence. The first 
method uses a 2-pass mesh warping algorithm to randomly 
map pixels from the source image to a destination image within 
a specified area. This creates a sequence in which the scene 
appears to waver in a quasi-periodic fashion. This method 
allows for full control of the level of distortion present in the 
sequences. It also allows for the simulation of a large number 
of sequences each with its own distortion levels. 

The second method used was to extract the motion fields 
directly from real turbulence degraded video clips and then 
apply them to the frames of a turbulence free video clip [1]. 
While this gives us only a limited number of distortion levels it 
provides a more realistic approach to the distortion effects of 
atmospheric turbulence. 

V. RESULTS 

Table 1 shows the sharpness comparisons of selected 

sequences. Equation (4) was used as the sharpness metric. It 

can be seen that the simple averaged reference frame suffers 
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from blurring whereas the statistically generated reference 

frame is sharper. 

TABLE I.  COMPARISON OF SHARPNESS 

Sequences 
A lgorithms 

Statistical 
Algorithm 

Turbulent 
F rames 

Average on N 
F rames 

Lenna Sequence 1.9329 x 10e4 1.9370 x 10e4 1.9681 x 10e4 

Flat Sequence 1.9205 x 10e4 1.9229 x 10e4 1.9311 x 10e4 

Building_Site 

Bricks 
5.5485 x 10e3 5.5488 x 10e3 5.5568 x 10e3 

Tiffany with 

Building_Site warp 
1.2401 x 10e4 1.2449 x 10e4 1.2585 x 10e4 
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Figure 5: Comparison of different algorithms on the Tiffany sequence with 

Armscor Warp. 
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Figure 6: Comparison of different algorithms on the Girl1 Sequence 

 
The real datasets consist of sequences obtained in the 

presence of real atmospheric turbulence. These datasets were 
obtained from the CSIR (Council for Scientific and Industrial 
Research) using their Cyclone camera and vary in range from 
5km to 15km. The sequences vary from buildings and 
structures, which contain a large amount of detail, to open 
areas in which the contrast can be low. The turbulence levels 
vary from light to severe with most of the sequences having a 
medium level of turbulence as determined visually by an 
expert. 

In the case of the real sequences, since no ground truth is 
available the sequences cannot be compared with the original. 
The MSE (Mean-square-error) was calculated between 
consecutive frames in a sequence, which shows the stability of 

the sequence. An intensity corrected MSE will measure the 
differences between frames i.e. if turbulence is present the 
geometric changes between frames will be large and this will 
correspond to a high MSE. 

Fig. 8 shows the results of a real turbulence sequence taken 
of a tower at a distance of 11km. An example of a turbulent 
frame of the sequence is shown in Fig. 7(a). In this sequence 
the detail is minimal. The turbulence level is however severe, 
both in terms of geometric distortion and blurring. For 
comparison, Fig. 7(b) shows a frame from a different sequence 
of the same tower. The sequence was taken from the exact 
same location as the blurred sequence but at a time in which 
the turbulence was negligible. 

    

        (a)                         (b)                     (c)                  (d) 

   

(e)                  (f)                  (g) 

Figure 7: (a) Real turbulence-degraded frame of a tower at a distance of 
11km, (b) same tower at 11km but with negligible turbulence, (c) frame from 

FRTAAS corrected sequence, (d) frame from Time Averaged corrected 
sequence, (e) frame from statistically corrected sequence (w=5), (f) frame from 

statistically corrected sequence (w=10) and (g) average of 20 frames of 
turbulent sequence. (CSIR Dataset) 
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Figure 8: MSE between consecutive frames of Tower sequence. 

Fig. 9 shows the results of the real turbulence sequence 
taken of the Armscor building at a distance of 7km. In this 
sequence there is a fair amount of detail present. The processed 
sequences for all the algorithms showed a reduction in the 
geometric distortions. 
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Figure 9: MSE between consecutive frames of Armscor sequence. 

Table 2 shows a comparison of the running times of all the 
algorithms in Matlab. The differential elastic image registration 
algorithm proposed by Periaswamy and Farid [8] was used for 
both the FRTAAS and the Time-Averaged algorithms as it 
provided good results with little to no discontinuities. For 
comparison the Time-Averaged algorithm was also run using 
the Lucas-Kanade algorithm with one level and one iteration. 
While this provided a few artefacts in the output image, the 
registration algorithm is much faster than the Elastic 
Registration algorithm.  

 

TABLE II.  COMPARISON OF MATLAB RUNNING TIME 

Sequences 

A lgorithms 

Statistical 
Algorithm 

w=5 (s) 

Statistical 
Algorithm 
w=10 (s) 

F RTAAS 
(s) 

Time 
Averaged 

(s) 
(E lastic) 

Time 
Averaged 
(Lucas-
Kanade) 

(s) 
Tower 

 (747 x 199) 
32.8 52.01 107.75 108.51 36.31 

Building_Site  

(587 x 871) 
109.29 312.70 410.24 424.67 129.31 

Lighthouse 

(500 x 500) 
51.33 79.91 229.88 230.69 62.22 

Armscor  
(384 x 676) 

50.05 78.23 200.48 198.93 64.53 

VI. CONCLUSION 

A novel statistical algorithm was shown to be able to 
compensate for turbulence distortions and was compared to 
other algorithms proposed to correct turbulence degraded 
sequences. It was shown that using the statistical algorithm, a 
geometrically improved reference frame could be generated 
that is sharper than using simple temporal averaging while still 
being comparable in terms of the MSE which measures the 
geometric improvement of the frames. The algorithm was also 
shown to be able to correct an entire sequence by applying it as 
a temporal filter. Further work will involve implementation on 
a GPU to assess real-time capability. 
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Abstract—This paper describes a study of comparison of
application of global and one-dimensional local optimization
methods to operating system scheduler tuning. The operating
system scheduler we use is the Linux 2.6.23 Completely Fair
Scheduler (CFS) running in a simulator (LinSched). We have
ported the Hackbench scheduler benchmark to this simulator
and use this as the workload. The global optimization approach
we use is Particle Swarm Optimization (PSO). We make use
of Response Surface Methodology (RSM) to specify optimal
parameters for our PSO implementation. The one-dimensional
local optimization approach we use is the Golden Section method.
In order to use this approach, we convert the scheduler tuning
problem from one involving setting of three parameters to one
involving the manipulation of one parameter. Our results show
that the global optimization approach yields better response
but the one-dimensional optimization approach converges to a
solution faster than the global optimization approach.

I. INTRODUCTION

Operating systems play the role of resource managers:

modern computer systems consist of many resources such

as main memory, hard disk drives and other storage devices,

network interfaces, and the CPU [1]–[3]. Operating Systems

consist of several components, each being responsible for

managing a subset of the available resources. In this paper, we

are concerned with optimizing the operating system scheduler

by tuning its parameters. The job of the operating system

scheduler is to decide which task should run on the CPU next,

and for how long. Programs running on computer systems are

represented as tasks, which keep track of allocated memory

and various types of state. For a task to do its work, it must

use the CPU i.e. the instructions that make up the task must

be executed, or obeyed. A collection of these tasks running on

a computer makes up a workload. Various metrics are used to

assess the performance of a computer system. One is response

time: operating system designers would like to make sure the

time between when the user makes a request and it is handled

is minimized. Another metric, and the one we are interested

in, is turnaround (or completion) time. We want to minimize

the time it takes a workload to finish its work.

In this paper we study the Linux scheduler (known as

the Completely Fair Scheduler) and apply global optimiza-

tion (Particle Swarm Optimization, after meta-optimization)

and local optimization (Golden Section method) to tuning

it. Weise [4] categorizes Particle Swarm Optimization as an

example of global optimization, and this is the classification

we use. Note that others, for example, Solis and Wets [5]

use a more stringent definition for global optimization, and

do not put basic PSO in this category. Golden Section, as

described by Venkataraman [6] and Chong and Żak [7] is an

approach for local optimization, stopping once a minimum is

reached. Our paper is organized as follows: Section II gives

some background on research in optimization of software;

Section III gives an overview of scheduling in the operating

system, using Linux as an example; Section IV discusses

operating system scheduler simulation; Section V discusses

our experiments involving application of optimization methods

to imroving the performance of the Linux operating system

process scheduler, involving both global optimization and local

optimization; Section VI discusses our results; and Section VII

has our conclusion.

II. OPTIMIZATION IN SOFTWARE SYSTEMS

Anderson et al. [8] used a statistical optimization approach

known as Response Surface Methodology (RSM) to tune the

Linux operating system kernel. The RSM approach involved

designing a limited number of experiments; each experi-

ment involved setting each of three scheduling parameters.

A benchmark is then run for each experiment. Based on the

performance results, a model was obtained. This model was

then optimized in order to give the best setting for each

one of the three parameters. The authors achieved an 11%
performance improvement when using the optimal parameter

settings over when the Linux scheduler’s default parameter

settings were used. The approaches described in this paper

shed new light on use of standard global and local optimization

for tuning the operating system scheduler.

III. OPERATING SYSTEM SCHEDULING IN LINUX

The job of the operating system scheduler is to decide

which task should run on a CPU next and for how long [1]–

[3]. Schedulers implement scheduling algorithms, which could

have goals of minimizing metrics such as waiting time (the

time tasks spend waiting to use a CPU), response time (the

time between when an event occurs and it is handled), and

maximizing metrics such as throughput (tasks completed per

7



given period of time) and fairness (ensuring that each task gets

a fair share of the CPU).

The Linux kernel, starting from version 2.6.23, makes use

of a scheduler known as the Completely Fair Scheduler (CFS).

Kumar [9] and Mauerer [10] describe the internals of the CFS.

The Linux CFS scheduler keeps track of how much tasks

are being treated unfairly. A task is being treated unfairly if

it is not being executed by the CPU. It maintains a binary

search tree (a red-black tree) that orders tasks according to how

unfairly they are being treated. A task that has been treated

the most unfairly (because it has been waiting to use the CPU

for a long time) is selected to execute on the CPU at the next

opportunity. The CFS scheduler is modular, making it readily

extensible, and also supports group scheduling and scheduling

classes.

IV. OPERATING SYSTEM SCHEDULER SIMULATION

LinSched is a Linux scheduling simulator developed by

Calandrino et al. [11]. The code related to the Linux scheduler

was extracted from the Linux 2.6.23 kernel and modified, so

that it runs as an ordinary process. The process also consists

of a simulation-management component, which runs in a loop,

until the maximum number of ticks has expired. When a task

(process or thread) is running on a regular Linux kernel, each

time it is scheduled, i.e. assigned to a CPU, its instructions

are executed, continuing where they left of last time it was

scheduled. After the process has acquired the CPU for a long-

enough combined period, it exits. With LinSched, a function

is declared to represent a particular type of task. Every time

the task is assigned to use a CPU, the function is called.

LinSched has many advantages for use as a research tool,

over a kernel. One is that the scheduler can be modified and

tested easily. A bug in the scheduling code caused only the

LinSched process to crash. Working with an actual kernel

requires more time because the kernel has to be compiled

then rebooted. A bug could bring down the kernel together

with all the other processes that are running. Then the cycle

of rebooting to a trusted kernel, fixing the bug, and reboot-

ing again continues. LinSched also allows fast validation of

scheduling algorithms, since the scheduling sub-system is

isolated. In our research we have chosen to use the LinSched

simulator because it is the only one that is based directly on

actual Linux code, while completely isolating the scheduling

subsystem. Other simulators, e.g. AKULA [12], require the

Linux scheduler’s code to be ported to them.

We have ported the hackbench [13] scheduling benchmark

to LinSched. This means that we have added modified hack-

bench code to the LinSched code. Therefore, the tasks Lin-

Sched creates are actually hackbench threads. The hackbench

benchmark simulates a chat application with a group of 20

senders and 20 receivers. Each sender sends a message to each

of the receivers, who receive from all the senders. The number

of messages to be sent can be specified, as can the number

of groups in the system. With our addition to LinSched, each

sender is represented by a special “linsched writer callback”

Fig. 1. Linear Relationship Between LinSched Simulator Jiffies Metric and
Hackbench Seconds Metric

function and each receiver is represented by a special “lin-

sched reader callback” function. These functions are imple-

mented as finite state machines, so that if a sender is scheduled,

for example, i.e. its callback is invoked, it continues where it

left off last time it used the CPU. This means that it remembers

its state. We have validated the simulator by running increasing

sizes of hackbench workloads (5 groups of hackbench threads

with varying number of messages to be sent by each sender).

For each workload, we record the runtime when it runs on

the LinSched simulator, and when it runs on a regular Linux

installation. The relationship is linear, as is shown in Figure 1.

The runtime is giving in Jiffies, which are roughly equivalent

to milliseconds (1000 Jiffies in one second).

V. OPTIMIZATION OF THE OPERATING SYSTEM

SCHEDULER

Here we describe two approaches to tuning the Linux CFS

scheduler. This scheduler has several parameters that can be set

to tune its operation in order to achieve the best performance

for a particular workload. We focus on three parameters,

specified in ns. They are:

• Latency: A period of time during which all tasks should

use a CPU. Range is 100, 000 to 1, 000, 000, 000 ns.
• Minimum Granularity: The minimum period of time

a task should have on a CPU. Range is 100, 000 to

1, 000, 000, 000 ns.
• Wakeup Granularity: An additional allowance; a task is

allowed to use a CPU for this amount of time, even after

it has exhausted its primary allowance on the CPU. Range

is 0 to 1, 000, 000, 000 ns.
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A. Global Optimization

We make use of the basic Particle Swarm Optimization

algorithm, as described in [7], [14]. In this version, there are

a set of particles, each of which has a certain location, x and
a velocity v. The formula for updating a particle’s velocity is:

!v ! "!v + #prp(!p " !x) + #grg(!g " !x) (1)

The formula for updating a particle’s position is:

!x ! !x + !v (2)

Equations (1) and (2) are as given in [14]. Note that in our

implementation of PSO, rp and rg differ for each dimension

of the vectors involved. The particles move through the search

space updating, keeping track of their best position, as well

as the swarm’s best position. In equation (1) " is called the

inertia weight; #p is called the cognitive parameter and #g is

called the social parameter; #p is set according to the weight

the cognitive component should have; #g is set according to

the weight the social component should have; rp and rg are

random numbers uniformly distributed in [0, 1]; p is the best
position of a particle and g is the best global position.
We used meta-optimization [14] to come up with the ", #p

and #g parameters. Our meta-optimization approach makes

use of RSM [15], [16]. The tool we made use of is the rsm

[17] package in the R statistical application [18]. We first of

all designed an experiment for our three-parameter problem,

using a Box-Behnken design. This resulted in a randomized

experiment of 14 runs, with differing combinations of param-

eters. The " parameter took on the values 0, 0.45, or 0.9.

The #p and #g parameters took on the values 0, 2, or 4. Our

PSO configuration had 20 particles and a maximum of 30

iterations. We came up with these numbers (20 and 30) through

exploratory experiments using PSO together with hackbench

(empirical search). These numbers allowed for sufficient varia-

tion in particle behavior before convergence. Table I shows the

design of the experiments as well as the results. The value of

R* is the minimum response attained for that particular run i.e.

the smallest turnaround time. The value of I* is the number of

iterations required to converge to the minimum response (the

reader is reminded that our PSO algorithm uses 20 particles

and a maximum of 30 iterations). The metric rsum = R* +
I* is used to compare the various runs. The right-most three

columns will be discussed in Section VI, the results section.

B. Local Optimization

We make use of Golden Section one dimensional optimiza-

tion, as described in [7]. As discussed earlier, the Linux CFS

scheduler has three parameters for tuning we are concerned

with: latency, minimum granularity, and wakeup granularity.

We names these Latency, MinGran, and WakeupGran,
respectively. Within the CFS scheduling algorithm, another

important variable is the scheduling period [9], [10]. This

is actually the period of time during which all tasks should

run once. We call this SchedPeriod. We name number
latency, the maximum number of tasks that can be handled in

TABLE I
META-OPTIMIZATION: RSM-DESIGNED PSO EXPERIMENT RUNS

Run ! "p "g R* I* rsum = R* + I*

1 0 0 2 4294667318 5 4294667323
2 0.9 0 2 4294667318 4 4294667322
3 0 4 2 4294667318 29 4294667347
4 0.9 4 2 4294667318 30 4294667348
5 0 2 0 4294668048 31 4294668079
6 0.9 2 0 4294669150 31 4294669181
7 0 2 4 4294667315 7 4294667322
8 0.9 2 4 4294667315 6 4294667321
9 0.45 0 0 4294669038 31 4294669069
10 0.45 4 0 4294668498 31 4294668529
11 0.45 0 4 4294667315 5 4294667320
12 0.45 4 4 4294667315 5 4294667320
13 0.45 2 2 4294667315 18 4294667333
14 0.45 2 2 4294667315 16 4294667331

Latency, NrLatency. The following equations are involved
in calculation of the scheduling period.

NrLatency =
Latency

MinGran
(3)

If the number of tasks running,

NumTasks # NrLatency (4)

then

SchedPeriod = Latency (5)

Otherwise, we have the following:

SchedPeriod = Latency $
NumTasks

NrLatency
(6)

In order to apply the Golden Section, we convert the

optimization problem from one depending on three variables,

Latency, MinGran, and WakeupGran, into one depending
on one variable, SchedPeriod. This is done by making use
of the relationships between the various variables evident in

the Linux kernel source code. So, instead of manipulating

the values for the three variables, we manipulate only the

SchedPeriod variable, and for each value of this variable,
we discover the required values for Latency, MinGran,
and WakeupGran, required to give this value. There are
two possible discovery algorithms. Figure 2 shows the first

Parameter Discovery Algorithm. This works for the case when

NumTasks is greater than NrLatency. In other words, there
are many tasks running. Here Latency is set at 19, 900, 000,
the maximum required in order to use this approach. We know

the number of tasks in the hackbench workload: 5 groups of 40

tasks = 200 tasks, since there are 20 senders and 20 receivers
in each group.

Figure 3 shows the second Parameter Discovery Algorithm.

This works for the case when NumTasks is less than or
equal to NrLatency. In other words, there are relatively few
tasks running. Here Latency is the same as SchedPeriod. If
the Latency is small (< 20, 000, 000), MinGran depends on
SchedPeriod and NumTasks, otherwise it is set at 100, 000.
The Golden Section search optimization method [6], [7]

involves considering the x axis and two extreme points on this
axis, a0 and b0. Two inner points (a1 and b1, to the right of
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if SchedPeriod > 200, 000, 000, 000 then
WakeupGran ! SchedPeriod " 200, 000, 000, 000
SchedPeriod = 200, 000, 000, 000

else

WakeupGran ! 0
end if

Latency ! 19, 900, 000
MinGran ! SchedPeriod/200
return Latency,MinGran,WakeupGran

Fig. 2. Parameter Discovery Algorithm 1, used by Golden Section 1

if SchedPeriod > 1, 000, 000, 000 then
WakeupGran ! SchedPeriod " 1, 000, 000, 000
SchedPeriod ! 1, 000, 000, 000

else

WakeupGran ! 0
end if

Latency ! SchedPeriod
if Latency < 20, 000, 000 then

MinGran ! SchedPeriod/200
else

MinGran ! 100, 000
end if

return Latency,MinGran,WakeupGran

Fig. 3. Parameter Discovery Algorithm 2, used by Golden Section 2

a1) are evaluated empirically, using the hackbench benchmark.

If f(a1) < f(b1), the minimum lies in the range [a0, b1],
otherwise it lies in the range [a1, b0]. A special constant, !, is
used to divide the x axis into two segments, long and short.
The Golden Section is the equation: !/(1 " !) = (1 " !)/1,
i.e. ratio of short to long is equal to ratio of long to the sum

of the two. The search was made more efficient by ensuring

that the hackbench benchmark only runs once per iteration.

VI. RESULTS

Partial results for meta-optimization of the PSO algorithm

are given in table I and described in subsection A of Section

V. The rsum value is used to compare the various runs (a com-

bination of the minimum response achieved and the number

of iterations required to achieve this). The minimum response

is more important, by the summation. We fitted a second order

model to these results and accepted the model because of high

significance of the intercept, " and #g. From our results, the

value of #p, the cognitive parameter did not have any effect

on the speed of convergence or minimum response achieved

of the PSO algorithm. The optimal parameter values were

then obtained by the use of the rsm package’s canonical path

optimization function. This makes use of gradients to find the

steepest ascents in two directions. The values are: " = 0.4365
and #g = 3.020. For completeness, #r was also set to 3.020.
The parameters for the PSO algorithm were obtained using

the experiments displayed in table I. There are two results for

each experiment that are important. One is R*, the minimum

Fig. 4. Minimum Turnaround Times Achieved

turnaround time, and the other is I*, the minimum number

of iterations (i.e. hackbench executions) needed to achieve

the minimum turnaround time. The rsum value is an addition

of R* and I* and is needed in order to compare the various

runs of the experiment. The PSO with default parameters of

" = 0.9, #p = 4, and #g = 4 are compared with the optimized
parameters using a workload on LinSched consisiting of 5

groups of 40 processes each and 1 iteration of sending of

messages. Both the default and optimized PSO versions yield

a turnaround time of 3028 Jiffies, but the optmized one con-

verges faster, requiring just 61 executions of the benchmark,

while the default one requires 78 executions.

We then ran the PSO algorithm using a hackbench work-

load on the LinSched simulator consisting of 5 groups of

40 processes each and 1 iteration of sending of messages.

The initial positions for the particles were obtained using a

uniform random number generator based on the maximum

and minimum limits for the three scheduler tuning parameters

(see Section V for these limits). Out initial results are shown

in figures 4 and 5. Our optimized PSO produced the smallest

turnaround time for the benchmark, 3028 Jiffies, while Golden

Section algorithm 1 and 2 both produced Jiffies of 5939.

However, it took Golden Section algorithm 1 just 8 iterations

(benchmark executions) to reach its minimum, and Golden

Section algorithm 2 9 iterations to reach its minimum, while

it took the optimized PSO algorithm 31 benchmark executions

to reach a minimum of 5939, equivalent to the Golden Section

algorithms. From these results, it is clear that the optimized

PSO algorithm yields the smallest turnaround time for our

benchmark, but the Golden Section algorithms can yield

useful results in few iterations. More results are shown in

figures 6 and 7, this time making use of a wider range of

workloads, which were derived by increasing the number of

sets of messages sent from each sender to each receiver in the

benchmark from 1 to 9.
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Fig. 5. Minimum Iterations Needed to Achieve Target Turnaround

Fig. 6. Minimum Turnaround Times Achieved for a Range of Workloads

Fig. 7. Minimum Iterations Needed to Achieve Target Turnaround, for a
Range of Workloads

VII. CONCLUSION

This paper has made several contributions. It has applied

standard optimization methods to the task of operating system

scheduler tuning. It has demonstrated the usefulness of Particle

Swarm Optimization and used meta-optimization to come

up with optimal parameters for the algorithm. It has also

demonstrated how operating system kernel source code can be

inspected in order to convert an optimization problem from one

consisting of multiple design variable to one consisting of just

one design variable. This conversion then makes it possible to

make use of a local optimization approach, the Golden Section

method. The optimized PSO algorithm yields the smallest

turnaround time for our workload (the hackbench benchmark),

but Golden Section yields useful results at a fraction of the

time taken by PSO.
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Abstract—We investigate several approaches aimed at a more
detailed understanding of co-articulation in spoken utterances.
We find that the Euclidean difference between instantaneous
frame-based feature values and the mean values of these features
are most useful for these purposes, and that low-order polynomi-
als are able to model the between-phone transitions accurately.
Examples of typical transitions are presented, and shown to give
useful insights on the measurable effects of co-articulation.

I. INTRODUCTION

With current technology, it is generally agreed that large

amounts of training data are required to achieve high ac-

curacies in speech-recognition systems: state-of-the-art large-

vocabulary systems are trained with hundreds to thousands of

hours of data. However, it is not clear just why so much data

is required: is it because of inherent variability in speakers,

channel conditions, speaking styles, etc., or because of the

complexity in representing cross-phone co-articulation accu-

rately, or for some other reason? This issue is theoretically

important, and also crucial for the development of systems in

resource-constrained environments.

An interesting hint on this matter is provided by the perfor-

mance of typical Hidden Markov Model (HMM) systems on

different sub-corpora of the TIMIT corpus [1]. In particular,

we have repeatedly found that performance is substantially

better on the so-called speaker-independent sentences (the sa
subset, where the same prompts are recorded by all training

and testing speakers) compared with the speaker-dependent

sentences (the si subset, where different prompts are recorded
for different speakers, and each of the sentences is thus only

recorded once). In Table I we list phone recognition accuracies

obtained for subsections of the testing data containing the

indicated sentences. All accuracies are obtained using the

same HMMs, constructed from the training set. (Table I also

contains the results for the sx sentences, which were read by
small subsets of the speakers – these clearly behave similarly

to the speaker-dependent sentences.)

Since these sub-corpora are subjected to the same intra-

and inter-speaker sources of variability, the large accuracy

difference between the sa sentences and the other two sen-

tence types suggests that context modelling (and thus co-

articulation) plays a significant role in the accuracy of speech-

recognition systems – thus, also in their need for large training

corpora. It is clearly not enough to see a sufficient number

of phone samples: it is necessary to see enough samples in

contexts sufficiently similar to what is observed in the testing

data.

Subset Gender % Accuracy

sa male 88.78

sa female 87.47

si male 61.24

sx male 61.13

sx female 57.46

si female 56.20

Total - 65.28

TABLE I
Typical accuracies of different sentences in TIMIT test data set

We would like to gain a more detailed understanding of

these contextual effects. Towards this goal, we have developed

a number of tools that allow us to assess how phonemic context

influences the production of speech sounds, when expressed

in terms of the standard features used for speech recognition.

In this paper we introduce these techniques, and demonstrate

their usefulness in analysing co-articulation effects.

The paper is structured as follows: We first discuss some

related research in section II. In section III we describe the

specific techniques we use to analyse contextual effects. We

then describe the experimental set-up that we use to test the

validity of these techniques and to perform initial experiments

in section IV. Our results are presented in section V, followed

by a summary of our main observations and a preview of

future work, in section VI.

II. BACKGROUND

While the importance of modelling contextual effects for

large vocabulary speech recognition has long been under-

stood [2], these effects are typically modelled implicitly within

a more general statistical framework. Attempts to model
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contextual effects explicitly as phone transition trajectories

have been met with mixed success [3]. Most of these ap-

proaches attempt to overcome the limitations of standard

HMM approaches (especially the state-based independence

assumption) either by incorporating explicit trajectories within

an HMM framework [4] or by explicitly defining longer term

variable length segmental models [5]. Related research tries

to uncover the underlying articulatory trajectories producing

speech, in an attempt to better model acoustic change with

fewer parameters [6].

All the above approaches aim to develop better acoustic

models of speech. Much less work is available related to an

analysis of co-articulation effects as a tool towards a better

understanding of speech resource requirements, the focus of

the current paper.

III. TECHNIQUE

In this section we describe our analysis technique in general,

list some of the parameters that can be varied, and discuss the

design choices made.

The essence of the analysis technique is to identify reference

values per phone, and then track the trajectory with which

the audio signal diverges from these reference values over

time. We expect these reference values to act as if they are

‘targets’, with some form of transition occurring from one

target to the other over time. We are interested in determining

whether different types of transitions occur, and whether

similar transitions are observed over similar phone classes

across multiple speakers.

A. Reference values

Typical ASR systems utilize frame-based feature vectors

such as Mel-Frequency Cepstral Coefficients (MFCCs) or

Linear Predictive Coding (LPC) coefficients to represent the

speech signal effectively. In this work we utilise MFCCs

normalised to have zero mean and unit variance as our input

features. (For each feature vector, normalisation is performed

by subtracting the mean and dividing by the standard deviation

of the unprocessed feature values.) All MFCC vectors are

generated using the same parameters as the system described

in section IV-B.

As reference values, we calculate the mean of the nor-

malised feature vectors over all monophones in the training

corpus. ASR alignments are always used to associate the

feature vectors with corresponding phone labels, leading to a

selection of feature sections that would normally be selected

during the ASR training process. Different means can be

calculated by either summing over all speakers or only over

monophones of the specific speaker. In addition, all frames in a

monophone can be used, or only the central frames (associated

with the centre states of the HMM alignments, assumed to be

more stable as target values, and less subject to co-articulatory

effects).

B. Difference measures

Various analytical functions may be used to calculate the ex-

tent in which each frame diverges from the respective reference

values. We experiment with the Pearson correlation coefficient,

the Euclidean distance, and the dot product between two

vectors.

These measures are defined as follows. For any two random

variables X and Y the Pearson correlation coefficient is given

by:

!XY =
Cov(X,Y )

"X"Y

(1)

where Cov(X,Y ) = E[(X ! µX)(Y ! µY )]

and µ. and ". indicate the mean and standard deviation of

each of the variables. The Euclidean distance is given by:

dXY =

!

"

"

#

n
$

i=1

(xi ! yi)2 (2)

where xi and yi are the separate dimensions of the n-
dimensional random variables X and Y , and the dot product
by:

X · Y =
n

$

i=1

xiyi (3)

C. Tracking trajectories

Each of the above measurements are used to obtain two

discrete values per frame (measuring the difference from the

two reference values on either side of the transition boundary).

In order to create a trajectory from the frame-based values, we

fit a polynomial function using least-squares estimation. This

approach effectively minimizes the squared error E, given by:

E =
n

$

i=1

|p(xi) ! yi|
2 (4)

where |p(xi) ! yi|2 are the squared residuals.
The order of the polynomial is an important factor to

consider, with higher order polynomials quickly leading to

overfitting. We describe the trajectories formed near transition

boundaries in terms of a 3rd order polynomial function and

only fit the frame sequence closest to the phone boundary.

This is done in order to prevent interference from additional

co-articulation to the left and right of the phone transition

being analysed. (Only the closest 50% of monophone frames

are used in our experiments, effectively describing a diphone, a

heuristic measure meant to obtain a balance between including

only the relevant part of the trajectory and still retaining

sufficient frames for analysis.)

In order to model a phone transition, two trajectories – one

using each reference variable as target – are constructed.

D. Measuring co-articulation effects

In order to analyse co-articulation effects, we measure:

• the goodness of fit per trajectory,

• the difference between monophone reference values, and

• the trajectory slope at the transition boundary.

We analyse these measurements over all test data, and for spe-

cific phone classes. We also report on the standard deviation

of these measures as an indication of intra-class variability.
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IV. EXPERIMENTAL SET-UP

A. Overview

Frame-based values can be calculated using any of the

difference measures and reference mean variables described

above. In order to ensure that we are constructing meaningful

representations of the modelled acoustics, assessment of the

difference measures are required. In essence, given specific

reference mean variables (corresponding to the phone labels

of a transition) tracked trajectories must yield the best possible

separability of the frame-based features to the left and right

of a transition boundary. (Some transition classes have such

strong co-articulation effects that separation is acoustically

constrained. This will typically be the case for very similar

sounding phones.) In our first set of experiments, reported

on in section V-A, we use class separability and boundary

tracking to evaluate the overall accuracy of our technique.

Extraction of meaningful trajectories from the frame-based

values is achieved using polynomial functions. The different

ways in which these trajectories categorise different types of

acoustic change is investigated in our next set of experiments,

reported on in section V-B.

Co-articulation effects manifest differently for different

phone contexts. To understand how co-articulation phenomena

can be analysed based on the constructed trajectories, we con-

duct experiments considering broad phone transition classes,

as reported on in the final part of the results section (section

V-C).

B. Speech data and alignments

We use the TIMIT speech corpus [1] for all of the exper-

iments discussed below. The corpus consists of 630 speakers
from eight major dialect regions in the United States. For every

speaker there are 10 utterances resulting in a total number
of 6300 utterances. The corpus is divided into a standard

training and testing set. For the training data there are 326
male and 136 female speakers giving a total of 462 training
speakers. The types of sentences that were read is divided into

three parts: sx, si and sa. MIT designed the 450 phonetically
balanced sx sentences, while the si sentences form 1890
phonetically diverse sentences designed at SRI. Finally the

test set consist of 168 speakers, selected so that no speaker
appears in both the training and test set.

In order to generate accurate phone transition boundaries,

we obtain automatic alignments using a standard HMM-based

ASR system trained using the training set of the TIMIT

corpus. For this purpose we build a context-dependent cross-

word phone recogniser using tied triphone models. 39 MFCC
features are used, which include 13 MFCCs and their first and
second order derivatives. MFCC parameters include a window

size of 25ms and a frame rate of 10ms respectively. Cepstral
Mean Normalisation (CMN) is applied. With regard to the

modelling structure, each triphone model has 3 emitting states
with 7 Gaussian mixtures per state and a diagonal covariance
matrix. The system is used in forced alignment mode to output

state-level phone alignments. These alignments provide the

HMM-based phone transition boundaries used in the next

section.

V. RESULTS

A. Overall accuracy of measures

In order to evaluate the effectiveness of the trajectory

tracking technique, the frame-based values are analysed with

regard to: (1) their ability to separate classes to the left and

right of the known phone transition boundary, and (2) the

proximity of the trajectory-based transition boundary to the

HMM-based transition boundary.

1) Class separability: It is possible to measure the average

difference from each reference value (the average of the frame-

based values) to the left and right of the (known) transition

boundary, and perform phone classification based on the differ-

ence between these two values. Table II indicates the number

of phone transitions for which both of the phones are correctly

classified using the various difference measures described

in section III-B. It is found that, while all three difference

measures provide fair class separability, the Euclidean distance

outperforms both correlation and the dot product.

Switching to the state level boundaries (indicated as ASR

centre in the table) results in an even further improvement

for the Euclidean distance, but not for the other measures.

This shows the presence of two opposing effects: (1) station-

ary components at phone centres and (2) encoding of co-

articulation in the reference variables. At the phone centres

less co-articulation yields more separable trajectories, while

longer trajectories are likely to reveal more information with

regard to the particular phone.

The observed classification accuracy (averaged over all

phone classes) of 81.3% when using the Euclidean distance as

difference measure is surprisingly high, given the simplicity of

the classification technique. For the remainder of our analysis,

we mainly report on results obtained using the Euclidean dis-

tance. Similarly, we focus on the use of speaker-independent

monophone means as reference values. Calculating a complete

set of classification results, given the different options of

reference values, yield only slightly better classification for

speaker-specific means or means based only on central frames.

We find the speaker-independent monophone means more

robust because of the large amount of data available in the

training corpus.

Difference # Correct % Accuracy
measure classifications

Euclidean 40 558 77.1
Correlation 39 190 74.5
Dot product 36 644 69.7

Euclidean (ASR centre) 42 747 81.3
Correlation (ASR centre) 37 585 71.5
Dot product (ASR centre) 31 074 59.1

TABLE II
Number of correct classifications using mean frame-based values and known

ASR boundaries
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2) Boundary tracking: The evaluation technique described

above relies on a known transition boundary. How close is the

transition boundary identified by the tracked trajectories from

the version obtained from the HMM-based ASR system? We

evaluate this for different orders of polynomial functions, using

the crossing points of the two trajectories to identify transition

boundaries.

Not all phone transitions produce pairs of trajectories that

cross each other: Table III lists the number of phone transitions

that can be identified using polynomial function crossing

points. For the usable boundaries, the distance (in frames)

between the identified and known phone transition boundaries

is calculated. This provides a clear indication of the boundary

tracking capability of these functions. (Note that the ASR-

based boundaries are also estimates rather than an indication

of a ground truth.)

In Table III we also report on the goodness-of-fit (E) for
the different polynomial functions, calculated by taking the

average of the mean square error values that describe the

fit of the two individual polynomial functions. As higher

order functions are used to estimate trajectories, a closer fit

is obtained and the mean square error decreases. As this may

lead to overfitting, we select a 3rd order polynomial for the

remainder of our analysis: the shape of a 3rd order polynomial

lends itself well to describe the behaviour of a trajectory near

and crossing a phone boundary, and allows us to focus on the

co-articulation due to a single phone transition.

Measure # Usable % Usable E Diff
(order) boundaries boundaries (# frames)

Euclidean (1) 42 552 80.9 6.345 1.828
Euclidean (2) 47 909 91.1 4.318 2.100
Euclidean (3) 48 737 92.7 2.990 1.897
Euclidean (4) 49 312 93.8 2.311 1.846

Correlation (1) 41 502 78.9 0.964 1.839
Correlation (2) 46 430 88.3 0.569 2.103
Correlation (3) 47 534 90.4 0.339 1.933
Correlation (4) 48 101 91.5 0.240 1.871

Dot product (1) 39 526 75.2 44.471 1.959
Dot product (2) 46 079 87.6 25.051 2.314
Dot product (3) 46 688 88.8 13.976 2.039
Dot product (4) 47 272 89.9 9.580 1.971

TABLE III
Boundary tracking of phone transitions using different orders of polynomial

functions

B. Trajectory models

From the results in Section V-A it can be seen that the

underlying speech features (MFCCs) are co-articulated in two

main ways: 1) Dynamics of change characteristics 2) acoustic

contextual influence. These two effects may also interact with

each other.

To show the prominent types of co-articulations observed,

we present four example figures. The plots show the stacked 13
MFCC coefficients for all frames of the monophone transition,

the Euclidean frame-based difference values, as well as the

final diphone trajectories consisting of the two polynomial

functions. Blue dots indicate frame-based values for the first

Fig. 1. Gradual trajectories revealing strong co-articulation for the vowel-
vowel phone transition.

Fig. 2. Steep trajectory slopes revealing the definite transition of the vowel-
fricative class

phone, similarly red crosses correspond to frame-based values

for the second phone label and the phone transition boundary

as identified by the HMM-based ASR system is indicated as

a vertical line.

Figure 1 represents an example of the phone transition /oy/-

/er/ within the vowel-vowel class, spoken by a male. Strong

acoustic co-articulation over a relatively long period of time

is clearly visible for frames 11 - 27. This results in a gradual
change and small slope values at the ASR boundary. From

the frame-based values, one can see that classification with

regard to the mean value is still possible, assisted by the long

duration of the speech segment.

An example of a female /iy/-/s/ transition belonging to the

vowel-fricative class, is given in Figure 2. The MFCCs and
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Fig. 3. Abruptly changing trajectories of the vowel-stop phone transition
class

frame-based difference values clearly show a definite transition

around frame numbers 9-10, indicating a large difference in
acoustic quality between the two phones. It is interesting

to note that even for large acoustic change, co-articulated

features flowing well into both phones are present. Diphone

polynomial trajectories have steep slopes at the ASR boundary

and classification with regard to the average of the frame-based

values is accurate.

There are also abrupt transitions, with very little co-

articulation visible. A clear example comes from the vowel-

stop class (/aa/-/b/). Both MFCCs and frame-based difference

values show very fast change within a small time period. Co-

articulation effects with regard to this transition is seen to

affect only 4 frames 18-22 and the frame-based values have
high separability (see Figure 3).

During all of the analyses (also see below) the nasal-nasal

transition class tends to be problematic. From the MFCC

values shown in Figure 4, the straight lines indicate very

similar acoustic quality for most of the frames and only grad-

ual changes. The frame-based difference values support this

finding, showing only gradual transition and bad separation.

Co-articulation is seen to be present for all of the frames,

although this may be influenced by the similarity of the two

targets being tracked. The slopes of the polynomials have the

same sign and are very similar.

In this section we demonstrated the use of trajectory models

to analyse co-articulation by presenting four very specific

examples that are prototypical of the types of co-articulation

observed in the larger corpus. In the next section we analyse

some of these effects by averaging over broad phonetic classes.

C. The effect of broad phonetic classes

Different classes of phone transitions reveal interesting

trajectory effects. Specifically, we evaluate 5 parameters to

categorise the trajectories formed for different classes:

Fig. 4. Low separability and strong co-articulation effects yield similar
trajectories for the nasal-nasal class

1) The slope of the polynomial function trajectory of the

first phone reference variable,

2) the slope of the polynomial function trajectory for the

second phone reference variable,

3) the Euclidean distance of the monophone means (the

difference between the two reference values),

4) the standard deviation !1 of the first slope, and

5) the standard deviation !2 of the second slope.

Table V shows the above values for different phone tran-

sition classes constructed according to the CMU dictionary

phone groupings [7].

Ordering with regard to the steepness of the slopes, we

see that phone transitions with steep slopes also yield good

separation for the mean difference between the reference

values. Indeed we calculate the average of the frame-based

values for the vowel-fricative, vowel-affricate, nasal-fricative,

nasal-affricates, to yield correct classification percentages of

91.6, 95.8, 84.4 and 92.1 respectively (Table IV). Similarly,
the nasal-nasal class has a low separation of the average

frame-based values (0.194 - see Table V) for the few phone

transitions (29.1%) that do yield correct classification. There
are exceptions to the rule. The nasal-liquid class has good

separability and steep slopes but classification of the average

frame-based values is at 60.0%. In general, similar classes
(such as nasal-nasal or fricative-fricative) have the weakest

separability, as could be expected.

We observe that the standard deviations of the slopes, !1

and !2 to be similar in magnitude for particular phone classes,

indicating a similar variability with respect to the intra-class

diphone transitions. Interestingly, the magnitude of the two

slopes are typically not equal, with the divergence from the

first mean occurring more quickly than the approach towards

the second mean. This co-articulation effect warrants further

investigation.
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Transition group # Correct % Accuracy
classifications

vowel-affricate 640 95.8
vowel-fricative 8 268 91.6
vowel-semivowel 2 096 83.1
vowel-stop 9 142 79.8
vowel-nasal 5 005 76.5
vowel-vowel 1 143 70.2
vowel-aspirate 693 65.4
vowel-liquid 4 790 62.9

nasal-affricate 93 92.1
nasal-fricative 862 84.4
nasal-semivowel 125 79.6
nasal-aspirate 38 64.4
nasal-stop 1 040 63.1
nasal-liquid 183 60.0
nasal-nasal 23 29.1

liquid-affricate 53 100.0
liquid-fricative 709 94.8
liquid-stop 1 969 83.9

liquid-semivowel 230 79.6
liquid-liquid 44 73.3
liquid-aspirate 30 65.2

fricative-semivowel 353 94.9
fricative-aspirate 70 75.3
fricative-stop 1 864 69.5

fricative-fricative 270 59.3
fricative-affricate 34 57.6

stop-semivowel 408 72.6
stop-affricate 77 63.6
stop-aspirate 52 45.6
stop-stop 227 35.0

semivowel-affricate 9 81.8
semivowel-aspirate 15 68.2

affricate-aspirate 3 100.0

total 40 558 77.1

TABLE IV
Number of correct classifications using mean frame-based values and known

ASR boundaries for specific transitions.

VI. CONCLUSION

It is clear that polynomial models of the Euclidean differ-

ence between the mean and instantaneous MFCC vectors are

highly informative on the nature of the transitions between

different phone classes. These transitions, in turn, capture the

essence of the co-articulation effects which – according to the

argument in Section I – are likely to be an important factor

in the substantial data requirements for high-accuracy speech

recognition systems.

In light of the variability seen in the different types of phone

transitions, it is not surprising that current context models

do not generalize well to unseen (or rarely seen) context-

dependent phones. This suggests that models tailored to the

different types of transitions seen here may lead to systems that

are more parsimonious in their data needs; the development

of such models is therefore the major focus of our ongoing

research.

Transition group Slope 1 Slope 2 Diff reference !1 !2

values

vowel-fricative 0.426 !0.236 3.064 0.510 0.516

vowel-stop 0.427 !0.203 2.925 0.603 0.592

vowel-affricate 0.353 !0.205 2.964 0.432 0.398

vowel-nasal 0.376 !0.164 2.493 0.639 0.635

vowel-semivowel 0.230 !0.180 2.413 0.490 0.515

vowel-vowel 0.168 !0.182 2.561 0.292 0.289

vowel-liquid 0.164 !0.175 2.551 0.349 0.388

vowel-aspirate 0.123 !0.063 2.122 0.440 0.466

nasal-liquid 0.347 !0.290 2.782 0.495 0.441

nasal-fricative 0.295 !0.317 2.819 0.531 0.485

nasal-affricate 0.311 !0.289 2.486 0.303 0.313

nasal-semivowel 0.566 0.001 2.108 1.311 0.924

nasal-stop 0.254 !0.266 1.958 1.030 0.943

nasal-aspirate 0.230 0.008 1.792 0.690 0.896

nasal-nasal !0.226 !0.394 0.983 1.553 1.746

liquid-fricative 0.499 !0.315 3.084 0.528 0.503

liquid-affricate 0.358 !0.341 3.308 0.642 0.482

liquid-stop 0.371 !0.240 2.898 0.715 0.665

liquid-liquid 0.231 !0.207 2.944 0.269 0.298

liquid-aspirate 0.102 !0.126 2.440 0.436 0.415

liquid-semivowel 0.074 !0.084 3.030 0.241 0.262

fricative-semivowel 0.259 !0.323 3.140 0.429 0.457

fricative-stop 0.142 !0.154 1.760 0.427 0.444

fricative-aspirate 0.253 0.073 2.037 0.424 0.596

fricative-fricative 0.057 !0.068 1.450 0.539 0.490

fricative-affricate 0.088 !0.028 1.510 0.195 0.211

stop-semivowel 0.006 !0.493 2.573 1.403 1.215

stop-affricate 0.185 !0.107 1.630 0.332 0.308

stop-aspirate 0.059 0.260 1.583 1.080 1.300

stop-stop 0.119 !0.051 1.063 0.700 0.573

semivowel-affricate !0.063 !0.510 2.951 0.556 0.320

semivowel-aspirate 0.321 0.0156 2.119 0.507 0.466

affricate-aspirate 0.503 0.096 1.635 0.301 0.362

TABLE V
Slopes of 3rd order polynomial functions at ASR diphone transition

boundary
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Abstract—We investigate the application of kernel density
estimators to pattern-recognition problems. These estimators
have a number of attractive properties for data analysis in
pattern recognition, but the particular characteristics of pattern-
recognition problems also place some non-trivial requirements on
kernel density estimation – especially on the algorithm used to
compute bandwidths. We introduce a new algorithm for variable
bandwidth estimation, investigate some of its properties, and
show that it performs competitively on a wide range of tasks,
particularly in spaces of high dimensionality.

I. MOTIVATION

Kernel density estimators (KDEs) approximate the probabil-

ity density function of a class characterized by a set of samples

with the sum

p(x) =
N

!

i=1

K(x ! xi; Hi)/N, (1)

where the xi are the samples provided, K is a “smoothing”

or kernel function and Hi is a scale factor (or “bandwidth”)

controlling the extent of the kernel. (Note that H is defined as

a variable with units of length – thus, the “standard deviation”

rather than the “variance” for the scalar case. For multivariate

tasks, the variance parameter of the kernel is therefore equal to

the “square” of H , usually defined as HHT .) Such estimators

are considered to be amongst the most powerful tools for

data analysis [1], because of their ability to model arbitrary

functional forms in any number of dimensions, with attractive

asymptotic properties. These benefits come at the cost of two

significant issues:

• Since the sum in (1) ranges over all samples, the amount

of computation required to compute a single density es-

timate is proportional to the number of training samples.

• The behaviour of the estimator depends strongly on the

way that the scale factors are chosen. (The exact shape

of the kernel function is much less important in practice

[2].)

The first of these issues is less important if data analysis, rather

than real-time classification, is the intended application. The

second issue is the main focus of the current paper.

In pattern recognition, the vast majority of feature spaces are

multi-dimensional, with dozens to hundreds of features being

quite common. This implies a number of specific requirements

on Hi, which we review below in Section II. This allows us

to evaluate the strengths and weaknesses of various existing

approaches to bandwidth selection in pattern recognition. In

Section III we then propose an alternative approach, the

“Maximum leave-one-out Likelihood (MLL)” method, which

has a number of benefits compared to current approaches in

our domain of interest. Section IV contains experimental in-

vestigations into the properties of MLL, including comparisons

with several standard methods when applied to both standard

statistical problems as well as selected tasks from pattern

recognition. Finally, conclusions are drawn and extensions are

discussed in Section V.

II. KDES FOR PATTERN RECOGNITION

The standard approach to statistical pattern recognition is

based on a set of features, which are selected to be descriptive

of the objects of interest. In most domains – including speech

processing, natural language processing, image recognition

and bioinformatics – the dimensionalities of practically useful

feature spaces are quite high. For example, 39-dimensional

feature spaces, derived from mel-frequency cepstral coeffi-

cients, are common in speech processing, and protein-folding

tasks are often addressed with a feature space consisting of

the identities of the amino acids within a window, resulting

in feature spaces with 140 or more dimensions. It is widely

understood (see, for example [3]) that any usable class of

objects in such a space must be clustered around one or more

sub-manifolds of a much lower dimensionality. (Otherwise, it

would be impossible to delineate the objects with a reason-

able number of samples.) In the non-degenerate case, these

dimensions will not align with the coordinate axes (since the

superfluous dimensions could simply be discarded otherwise).

Finally, it is reasonable to expect that the scale of geometric

structures may vary through feature space: since the physical

phenomena that correspond to these structures may be quite

different in different regions of feature space – e.g. specular

reflection off a smooth surface opposed to diffuse reflection

from a textured material in vision, or slowly and smoothly

changing formants opposed to the abrupt changes of a plosive

burst in speech recognition – the characteristic lengths and

directions of variability within feature space are likely to

change significantly across various locations in feature space.

These considerations lead us to the following three require-

ments of a useful bandwidth estimator in pattern recognition:

1) It must be able to operate successfully in spaces with

many dimensions.
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2) It must be able to deal with spatial anisotropy.

3) It must be able to model spatial variability in smoothness

of the density function (and thus of the length scales

employed for smoothing).

These requirements imply that Hi in (1) must be both stable

and computationally feasible in many dimensions, that it

should not be constrained to a multiple of the unit matrix (as

is common practice in conventional KDE), and that it must be

allowed to vary substantially with i.
It is informative to evaluate state-of-the-art approaches to

KDE (as summarized, for example, in [1]) against these

criteria. We identify four main classes of approaches.

Approaches based on cross validation utilize the fact that

the effect of any sample i on the estimator in (1) can easily be
removed, by simply removing that sample from the summa-

tion. It is therefore possible to compute the likelihood p(xi) at
location xi as a function of the smoothing matrix efficiently;

the expected value of this likelihood over all i is a reasonable
criterion to optimize when searching for an optimal bandwidth.

Note, however, that this assumes that the same bandwidth is

employed everywhere – otherwise, the optimization problem

becomes too large and ill-conditioned for practical solution.

Cross validation with fixed bandwidths has indeed been found

to be quite effective in low-dimensional settings [4], but (as

we show below) becomes less attractive as the dimensionality

is increased.

Bootstrap-based approaches employ a smoothed bootstrap

estimator of the mean integrated square error (MISE) between

the estimated and underlying probability density functions, and

minimizes this estimator with respect to the bandwidth matrix.

These methods turn out to be quite similar to those based

on cross validation: again, efficient computational approaches

exist, and practical constraints generally limit the use of this

method to constant bandwidths. Because of these similarities,

we do not consider bootstrap-based approaches below.

Analytic expressions for the MISE are also at the root of

plug-in estimators. In this case, however, the dependency of

the MISE on the estimated density function are retained ex-

plicitly in the form of ‘higher order’ terms, which themselves

depend on the density function. At a selected point this chain

is broken by using values from a reference density function

(typically, a Gaussian), and the resulting values are ‘plugged

into’ the cascade of lower-order terms, finally providing es-

timates of the optimal bandwidths. As with the previous two

approaches, it is not practically feasible to derive spatially

varying bandwidths in this way, though Duong and Hazelton

have shown [5] that fully anisotropic bandwidth matrices (i.e.

more general than a multiple of the unit matrix or a diagonal

matrix) can successfully be derived in this fashion.

Bayesian approaches model the entries in the bandwidth

matrix as random variables with a presumed prior distribu-

tion, which is combined with evidence from the samples in

order to estimate the posterior densities of these entries. The

approach pioneered by Gangopadhyay and Cheung [6], which

was generalized to multivariate problems by De Lima and

Atuncar [7], is particularly relevant to our purposes, since it

is by nature spatially variable (‘adaptive’), and lends itself

to full anisotropy, diagonal bandwidth matrices, or spherical

bandwidths, depending on the requirements of the application.

As is typical of Bayesian approaches, however, the selection

of appropriate prior probabilities is a major challenge.

This cursory examination suggests that none of the current

approaches to KDE bandwidth estimation is ideally suited

to the analysis of data in pattern recognition. The Bayesian

methods come closest to our requirements, but the need

to specify a prior distribution is a significant obstacle. We

therefore examine these methods more closely below, and

derive a related approach which does not require such a prior.

III. THE MAXIMUM LEAVE-ONE-OUT LIKELIHOOD (MLL)

METHOD

Two key insights motivated the development of the Bayesian

method of Gangopadhyay and Cheung [6]. Firstly, the optimal

adaptive bandwidth should vary relatively slowly throughout

the input (feature) space, which implies that the density

function in the neighbourhood of a given sample can be

approximated quite well by using its bandwidth matrix at

each of the sample points of its neighbours. Since more

distant sample points are, by definition, those that do not

contribute much to the density at the selected point, that

same bandwidth may be associated with all sample points for

the purpose of selecting the bandwidth at xi. Secondly, the

density function that results from such a convolution of all

samples with a selected kernel K(x; H) is closely related to
the density p(x) we wish to estimate: it is a sample estimate
of p(x) smoothed by K(x; H). If sufficiently many samples
are available, it can be assumed that K(x; H) will be quite
localized, thus smoothing p(x) to a relatively small degree.
Therefore, Gangopadhyay and Cheung suggest that this sample

estimate of pH(x) = p(x)!K(x; H) be used as representative
of p(x) for analytic purposes.
For the Bayesian approach, we assume a prior !(H) on H ,

and compute the posterior given a location X = x as

!(H |x) =
pH(x)!(H)

!

pHd
(x)!(Hd)dHd

. (2)

For each location x, the “optimal” bandwidth can thus be
estimated as that H which maximizes this expression. This

elegant formulation leads to computationally feasible schemes

if convenient forms are assumed for the prior probabilities.

Unfortunately, those forms are not convincing choices on

physical grounds, and do not lead to particularly good perfor-

mance in the problems investigated by De Lima and Atuncar

[7] (possibly because the practical inappropriateness of the

“convenient” priors selected).

These complications naturally lead one to consider what

happens if we replace the Bayesian formulation with a

maximum-likelihood approach – that is, if one optimizes

pH(x) rather than !H(x). This is particularly simple if K
is assumed to be a normal density: by setting the derivative of
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pH(x) with respect to H(x) equal to zero, we then obtain

H(xi) =

!

"

j !=i(xi ! xj)(xi ! xj)T K(xi ! xj ; H(xi))
"

j !=i K(xi ! xj ; H(xi))
.

(3)

Thus, the optimal bandwidth matrix at x, under these assump-
tions, equals the weighted variance of the samples surrounding

x. The weight of each sample is the multivariate normal
probability density of the Mahalanobis distance between that

sample and x. In this distance measure,H(x) is used as metric.
For obvious reasons, we call this the “Maximum Leave-one-

out Likelihood” method of bandwidth estimation.

To gain intuition on the implications of this formulation, we

consider the one-dimensional case. In that case, it is easy to see

that (3) always has at least one solution: as H(x) approaches
0, the right-hand side approaches the squared distance to the
nearest neighbour of x, and as H(x) goes to infinity, the right-
hand side approximates the mean squared distance from x of
all data points. Thus, the expectation value is greater than

H(x) for small values of H(x), and less than H(x) for large
values. Since the expectation value is a continuous function of

H(x), this implies that the two curves(forH(x) and the right-
hand side of (3)) must intersect for at least one value of H(x).
In fact, the existence of multiple solutions is a common occur-

rence in practice. We demonstrate this with several examples

in Figs. 1 to 3. These figures show the leave-one-out likelihood

pH(x) when evaluated at a number of points in a sample set
drawn from a mixture of two Gaussians. (The parameters of

these Gaussians were the same as those chosen by [6]: each

Gaussian had unit variance, and the means were 0 and 4,
respectively. The two components have prior probabilities of

0.4 and 0.6, respectively.) Fig. 3 also demonstrates that the
global maximum of pH(x) is not always the best choice for
H(x) – when data points happen to be particularly close, a
spurious (and numerically large) maximum exists for small

H(x). Thus, a form of regularization is required to eliminate

such maxima.
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Fig. 1. Example of relationship between ph and h: a single maximum exists,
at a reasonable value of h.
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Fig. 2. Example of relationship between ph and h, with several maxima,
the largest of which occurs at a reasonable value of h.
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Fig. 3. Example of relationship between ph and h, with several maxima,
the largest of which corresponds to very small h.

Analogously to, for example, the Baum-Welch algorithm,

(3) can be used in one of two ways: either in conjunction

with a gradient-based optimizer, or as a direct iterative scheme

where the value found by calculating the right-hand side for a

given value ofH(x) is used as the next value forH(x), and so
forth. Both approaches will find local solutions based on the

initial H(x) selected, and direct iteration is generally found to
be somewhat more efficient. Note that the initial H(x) itself
serves as a form of regularization: since both local optimizers

tend to find solutions in the neighbourhood of the starting

point, the process can be guided towards preferable solutions

through appropriate selection of this initialization.

It is easy to see that all these findings (existence of a

solution, the possibility of several local extrema, the possibility

of spurious and large maxima for small |H(x)|) also hold for
the multivariate case. In fact, in multivariate KDE there are

invariably (in addition to other local maxima) singularities

corresponding to |H(x)| " 0 when one of the non-null

eigenvectors has a component in a direction parallel to the
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vector between x and one of the other training samples.

Now, however, another option for regularization presents itself:

by restricting the allowed forms of H(x) considered during
optimization (e.g. limiting it to multiples of the unit matrix

or diagonal matrices), many of the spurious extrema can be

avoided.

IV. EXPERIMENTAL RESULTS

To evaluate the potential of the MLL approach in practice,

we investigate three classes of problems below, namely (a) the

estimation of one-dimensional densities using samples drawn

from known distributions, (b) known distributions in two

dimensions, and (c) selected real-world pattern-recognition

tasks. For the known distributions, we are able to estimate

the MISE of each estimator, but for the real-world data sets

(for which the underlying distribution is not known) we rely

on leave-one-out entropy estimates as a basis for comparison.

We compare the MLL algorithm for bandwidth selection to

four other methods, as implemented in the KDE toolkit [8]:

• LCV is the standard leave-one-out cross validation algo-

rithm;

• local scales the bandwidth of each sample with the

distance to its k-th nearest neighbour (where k is typically
the square root of the number of samples, and each

dimension is scaled separately) before applying LCV

bandwidth selection;

• localp is identical to local, except that the data is pre-

sphered (which is only relevant for multivariate tasks);

and

• Hall is the plug-in estimate suggested by Hall, Sheather,

Jones and Marron [9].

A. Known one-dimensional distribution

As discussed in Section III, regularization is expected to

play an important role in one-dimensional KDE with MLL. We

have not investigated this issue extensively – here, we simply

employ the heuristic that the minimal h at any sample is set to
2% of the largest distance between that sample and any other

sample in the data set. Fig. 4 shows a typical density function

estimated in this way, for the same mixture of Gaussians as

in Section III, and also the density function estimated by

the locally-adapted LCV method, local. (The discontinuities

in the MLL bandwidths are quite prominent – these are a

consequence of multiple maxima in the likelihood function

and the resultant regularization, with significantly different

solutions being found for adjacent data points.) Fig. 5 contains

the estimated MISE for the four one-dimensional methods on

this task, as a function of the number of training samples

employed. We see that MLL performs competitively on this

task.

B. Known multivariate distributions

In the multivariate case, we do not employ explicit reg-

ularization: instead, we limit our bandwidth matrices to be

diagonal, and initialize H(x) in the iterative computation of
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Fig. 4. A typical density estimate with the MLL method compared with the
local LCV estimate, along with the bandwidths selected by the two methods.
100 training samples are employed.
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Fig. 5. Mean integrated square error of four methods on one-dimensional
task. Error bars correspond to one standard error.

equation 3 with the Hall plug-in estimate. We have exper-

imented with two density functions proposed in [7], which

we call “DeLimaA” and “DeLimaC”, respectively. Each is

a mixture of two components, and, though anisotropic and

spatially variable, quite smooth. Figs. 6 and 7 show the MISE

curves for the five multivariate methods on these two tasks. As

several authors have found (see, for example, [4]), LCV-based

methods are highly competitive on this class of problem. The

flexibility of the MLL method explains its poor performance

for small sample sets; as the number of samples increases, its

performance is second to only the LCV method on both tasks.

C. Pattern-recognition data sets

As is discussed more comprehensively elsewhere [10], the

detailed analysis of real-world data sets typically requires

a sequence of processing steps including scaling, principal
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Fig. 6. MISE of five methods on two-dimensional problem “DeLimaA”
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Fig. 7. MISE of five methods on two-dimensional problem “DeLimaC”

component analysis and dimension reduction. The details of

these processes are somewhat problem dependent, and here

we present results on a variety of data sets after appropriate

preprocessing has been performed. Since each of the problems

contains data from several classes, we present results for a

representative sampling of these classes; as mentioned above,

we do not have “ground truth” for any of these classes, and

therefore present our results as leave-one-out estimates of the

entropy for each of these classes. (Despite appearances, this

measure is not unduly biased towards the MLL method, which

also uses a leave-one-out strategy: for the MLL method, the

left-out sample xi occurs within a probability estimate using

the same bandwidth Hi(x) everywhere, which is distinct from
the actual estimate used for evaluation. We have confirmed that

all methods experience comparable increases in entropy when

the leave-one-out method is used to counter training-set bias.)

Our experiments involved two tasks from speech processing:

• Phone recognition on the TIMIT corpus [11], using a 39-

dimensional feature set consisting of mel-scale cepstral

coefficients along with the usual delta and double-delta

coefficients. We employ 40 phonetic classes in our exper-
iments, and report here on 5 classes drawn from different
broad phonetic categories.

• Age classification on the Deutsche Telekom (DT) corpus

[12], using a 20-dimensional feature space of “long-term”

features to distinguish between 7 age-and-gender classes,
as described in [13].

We also experimented with one image-recognition task,

namely the “Vehicle Silhouettes (VS)” [14] task from the UCI

repository. In this data set, each of 7 classes is described using
18 features designed to capture various geometric aspects of
three-dimensional objects in a two-dimensional image.

For each task, we experimented with various numbers

of training samples and numbers of principal components

retained. We compared the leave-one-out entropies obtained

with the five multivariate methods mentioned above, as well

as a full-covariance Gaussian density. Results are summarized

in Table I; the “N.A” entries in that Table refer to cases where

an estimator did not provide a meaningful bandwidth, and the

column labelled “Dimensions” lists the number of principal

components retained.

When interpreting these values, it is important to keep in

mind that entropies correspond to log-likelihoods: thus, an

entropy difference of as little as 0.2 implies a difference in
expected likelihoods of more than 20%, and entropy differ-
ences of 0.5 or more are highly significant. The results in
Table I (and similar results for experiments not reported here)

suggest a number of conclusions:

• With few exceptions, all KDEs outperform the Gaussian

density on these tasks, showing the importance of non-

parametric estimation.

• As expected, the scale differences between the various

regions in feature space severely impact on the methods

that employ a fixed bandwidth matrix throughout, namely

LCV and Hall.

• Of the remaining methods, MLL generally performs best,

with localp achieving the lowest entropy on one task and

local on two tasks.

• The relative outperformance of MLL is increased as the

number of dimensions rises.

• The relative performance of the various methods does not

seem to depend much on the number of training samples

employed, for the ranges investigated here.

V. CONCLUSION AND OUTLOOK

We have motivated and derived the MLL algorithm for

KDE bandwidth estimation. This algorithm has a number of

attractive properties: it is spatially adaptive, scales naturally

to high dimensions and performs well on a wide set of tasks

as summarized in Section IV, especially for high-dimensional

problems. The least satisfactory aspect of the current version

of the algorithm is the ad-hoc fashion in which regularization

is performed. Currently, we rely on the restrictions imposed by

a diagonal bandwidth matrix, and this is certainly not optimal.
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Task Class Dimensions Samples LCV localp local Hall MLL Gaussian

TIMIT eh 5 500 7.5537 7.6381 7.5715 7.8968 7.1809 8.4228
f 5 500 8.0834 8.0427 8.0455 8.7798 7.8688 8.0598
m 5 500 7.5707 7.5401 7.5382 8.0619 7.2962 8.3426
ay 5 500 7.3585 7.3800 7.2856 7.6419 7.0629 8.3153
sil 5 500 8.1805 8.1751 8.1451 9.0109 7.9337 8.3599

DT 0 5 500 9.4375 9.2581 9.2068 10.3715 8.7871 9.5902
1 5 500 9.2841 8.9847 8.9544 10.4290 8.6347 9.4482
2 5 500 8.8123 8.6066 8.6213 9.9735 8.1686 9.3996
3 5 500 9.6525 9.4852 9.5097 10.4898 9.0139 9.6425
4 5 500 9.2758 9.1036 9.0993 10.1581 8.5998 9.4869
6 5 500 9.3038 9.1186 9.1455 10.1808 8.6651 9.3935
0 10 500 15.0478 15.3535 14.2261 14.9965 11.7518 14.8114
1 10 500 14.8897 15.3749 14.0206 15.2921 11.6279 14.8711
0 5 1000 9.3753 9.1197 9.1358 10.9304 8.8658 9.5986
1 5 1000 9.2580 8.9730 8.9839 10.3653 8.7005 9.5069

VS 0 5 297 5.7392 4.7743 4.8511 8.5778 5.0618 8.2155
1 5 300 8.3679 7.5953 7.3949 13.2202 7.0653 8.8257
2 5 299 6.0426 4.0075 4.1183 10.5294 4.0914 8.6148
3 5 300 7.1626 5.4190 5.8222 N.A 5.1394 8.7665
4 5 298 6.6018 4.3974 4.1763 N.A 4.2539 8.7621
5 5 292 6.8485 6.1951 6.5128 6.9231 5.7538 8.6636
6 5 300 8.4700 7.7218 7.7265 12.3537 7.5359 8.7661

TABLE I
LEAVE-ONE-OUT ENTROPY ESTIMATES FOR SEVERAL PATTERN-RECOGNITION TASKS

The derivation in Section III suggests a more principled

approach: since we apply the bandwidth of sample xi at

each of its neighbours, it is reasonable to insist that the

entries of the bandwidth matrix should change reasonably

slowly throughout feature space. A model such as a Markov

Random Field, defined on the neighbourhood graph, may

provide an appropriate structure for enforcing this smoothness

requirement; we are currently investigating the development

of a regularizer based on this structure.
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Visualizing data in high-dimensional spaces
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Abstract—A novel approach to the analysis of feature spaces in
statistical pattern recognition is described. This approach starts
with linear dimensionality reduction, followed by the computation
of selected sections through and projections of feature space. A
number of representative feature spaces are analysed in this way;
we find linear reduction to be surprisingly successful, and in the
real-world data sets we have examined, typical classes of objects
are only moderately complicated.

I. MOTIVATION AND APPROACH

The standard approach to statistical pattern recognition is

based on a set of features, which are selected to be descriptive

of the objects of interest. In most domains –including speech

processing, natural language processing, image recognition

and bioinformatics – the dimensionalities of practically useful

feature spaces are quite high, thus precluding a straightforward

visualization of the geometry of data in feature space. An

understanding of this geometry is nevertheless quite important,

since geometry-related intuitions often serve to guide the de-

velopment of algorithms for pattern recognition. For example,

many of the approaches labelled as “non-linear dimensionality

reduction” [1] build on the intuition that data samples in

feature space cluster around smoothly curving manifolds of

relatively low dimension. Similarly, the k-means initialization

for Gaussian Mixture Modelling works from the assumption

that the data sets to be modelled consist of a number of clearly

separated components.

Despite the influence of these intuitions on algorithm de-

sign, relatively little progress has been made in establishing

their validity. The most widely-used tools for feature-space

analysis generally utilize projections onto one-, two- or three-

dimensional subspaces [2]. The limitations of such a projected

view of a high-dimensional object are widely understood:

in particular, intricate details that depend on correlations in

several dimensions are easily washed out in this way.

A number of heuristic approaches that attempt to “track”

manifolds in high-dimensional spaces have therefore been

developed. The CURLER algorithm [3], for example, uses an

EM algorithm to find “microclusters” in feature space, and

then orders overlappingmicroclusters, taking into account both

the number of samples common to pairs of microclusters as

well as the relative orientations of such clusters. Although

this method produces satisfying perspectives on a number of

artificial problems, it does not give much additional insight

into the real-world data sets studied.

Approaches of greater mathematical rigour have been pro-

posed by a number of authors (see, for example, [4]). These

authors examine the topologies of data sets as revealed by

samples from those sets. A number of striking successes have

been achieved in this way – for example, the topology of the

feature space consisting of the intensities of image patches has

been described convincingly[5]. However, for the purposes of

pattern recognition, we need more details than are available in

a topological description. Consider, for example, the objects in

Fig. 1, which are all topologically equivalent but call for vastly

different parametrizations of their respective density functions.

Fig. 1. Three examples of topologically equivalent density functions.

We propose a significantly different approach, designed

specifically to obtain broad intuitive insights into the geometry

of a feature space. In particular, we present a sequence of

steps that enable us to distinguish between cases analogous to

those shown in Fig. 1, but for high-dimensional spaces. The

core ideas are (a) to use a detailed non-parametric method

such as Kernel Density Estimation to obtain a mathematical

description of a given feature space and then (b) to compare

low-dimensional sections (slices) through that feature space

with projections onto those same dimensions in order to detect

the presence and general geometry of structures in that math-

ematical description. To enhance this process of visualization,

we first rotate feature space so that the coordinate axes align

with the most significant principal components – a process

we discuss in more detail below in Section III (after briefly

describing the data sets used in our experiments). Thereafter

(Section IV) we give some more details on the process we

25



follow, and present a number of analyses of artificial and real

data sets that have been performed using this process. Section

V contains concluding remarks and some speculation on future

extensions of this work.

II. DATA SETS

The experimental investigations below employ three real-

world data sets, each of which has been studied extensively

in other publications, as well as one artificial data set that we

have developed specifically in order to evaluate different tools

in multivariate feature spaces.

• The “TIMIT” data set[6] is widely used in speech pro-

cessing; the particular task we investigate is context-

independent phoneme recognition using mel-frequency

ceptral coefficients. In our parametrization, there are 13
features and 41 separate classes.

• Another problem from speech processing studied below

is the classification of a speaker’s age and gender from

a number of features that have been selected specifically

for that purpose[7]; we employ 18 features, and there are
7 classes.

• In the image-processing domain, we investigate the “Ve-

hicle Silhouettes (VS)” [8] task from the UCI repository.

In this data set, each of 7 classes is described using 18
features designed to capture various geometric aspects of

three-dimensional objects in a two-dimensional image.

• Finally, we have created a synthetic data set that we call

“Simplex”. Each of 8 classes consists of a combination
of simplicial complexes of variable dimension, embedded

in a 15-dimensional feature space. These complexes are
convolved with normally-distributed perturbations, with

the variance of the perturbation typically much smaller

than the extent of the simplicial structures.

III. LINEAR DIMENSIONALITY REDUCTION

The capabilities of Principal Component Analysis (PCA)

for the analysis of multivariate data are widely appreciated

[2]. In particular, PCA allows us to project the data onto a

set of dimensions, linearly related to the original variables,

that minimize the variance orthogonal to the projection. The

linearity of this transformation is certainly a limitation, and

much research has been devoted to overcoming this limitation.

However, for our purposes the robustness, intuitive simplicity

and data-independence of PCA are crucial, and we therefore

limit our attention to this well-understood preprocessing step.

Doing so for real pattern-recognition problems raises two

questions: is a single transformation across all classes in a

feature space sufficient, or should different transformations

be performed for the different classes. Also, how successful

is a projection into a space of relatively low dimension in

accounting for the variance of the full feature space? We turn

to these two issues below.

Note that PCA is not a scale-independent process: differ-

ential scaling of the input dimensions leads to changes in

the directions and weightings (eigenvalues) of the principal

components. We therefore always normalize input features

so that each individual dimension has zero mean and unit

variance.

A. Class-specific or class-independent PCA?

The need for class-dependent PCA depends on the extent to

which the various classes have distinct variabilities in feature

space. Since this is not a matter that is easily settled on

theoretical grounds, we investigate it empirically using the

following protocol, for each of our real-world data sets:

• Firstly, we compute the principal components of the

combined data set: zGi is the i’th vector of principal
component coefficients (eigenvector) and !Gi is the cor-

responding eigenvalue. These components are ordered

in order of decreasing eigenvalue. Hence, !G1 is the

variance along the direction zG1, which is the largest

variance along any linear projection of the feature space.

• We also compute the eigenvectors of the (weighted)

average covariance matrix over all classes, that is the

eigenvectors of (
!

c
nc!c)/N , where !c is the covari-

ance matrix of class c, nc the number of samples in that

class, N the total number of samples and c ranges over
all classes. These eigenvectors are labelled as zGV i.

• For each class c, we then calculate its individual eigen-
vectors and eigenvalues – zci and !ci, respectively.

• Finally, we project the class-specific data along the global

eigenvectors zGi and zGV i, and measure the resulting

variances VGci and VGV ci, respectively. If the covariance

structure is global in the sense of zGi or zGV i, the

corresponding variances should be approximately equally

concentrated (i.e. dominated by the largest eigenvalues)

as is the case with the class-specific eigenvalues.

In Fig. 2 we show the Pareto graphs of our four data sets

for these three ways of computing the principal components.

From the definition of principal components, it can easily be

seen that the class-specific compression should be highest,

which is indeed observed in every case. However, the relative

performances of the two global methods are quite variable: for

the “Simplex” and “Vehicle” tasks, both global methods are

substantially inferior to the class-specific methods, whereas all

three methods are almost equally successful for the “Age” task,

and “TIMIT” lies somewhere between these two extremes. In

all cases, the two methods of computing the global covariance

produce quite similar compressions.

Since class-specific PCA is significantly superior in certain

cases, and there is no disadvantage to using this form of

PCA for data analysis, we have used this approach for all

the analyses below.

B. How compressible are real feature spaces with PCA?

Since PCA is a linear transformation, and real-world pro-

cesses are likely to contain significant non-linear components,

PCA is unlikely to be a “perfect” algorithm for dimensionality

reduction. (This argument motivates many of the developments

in non-linear dimensionality reduction.) The question, then, is

how successfully PCA operates for practical feature spaces.

Some intuition on this matter can be gained from inspection
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Fig. 2. Cumulative fraction of variance explained by subspaces of increasing
dimensionality for four data sets, using three different methods to compute
the Principal Components.

of Fig. 2: in three of the four cases, the first five class-

specific eigenvectors explain more than 80% of the variance

of the data (the exception being the “TIMIT” set, where seven

eigenvectors are required to reach that level). Alternatively, let

us (somewhat arbitrarily) define a “negligible” dimension as

one which contains less than half the variance that would be

expected if all dimensions had contributed equally. (Recall that

all dimensions were normalized to the same variance before

PCA.) According to that definition, the average numbers of

negligible dimensions (across all classes) are listed in Table

I; as in the previous representation, we see that PCA is

quite successful in compressing the feature spaces other than

“TIMIT”.

Simplex TIMIT Age Vehicle

Percentage 54.2 23.3 60.8 48.6

TABLE I
THE PERCENTAGE OF “NEGLIGIBLE” DIMENSIONS AFTER CLASS-SPECIFIC

PCA FOR FOUR TASKS, AVERAGED OVER ALL CLASSES.

In three of our experimental tasks, we find that PCA is quite

successful towards the goal of dimensionality reduction; again,

we use it in all our experiments below.

IV. EXPERIMENTAL RESULTS

As discussed in Section I, our investigation of the nature of

feature space is based on a comparison of various projections

thereof with cross sections through the same space. For clarity,

it is useful to emphasize the difference between these two

perspectives. For a projection, values along dimensions other

than those of interest are ignored – hence, all values along

those dimensions contribute (equally) to the projected density

values. For a section, on the other hand, specific (fixed) values

are selected for each of the dimensions other than those of

interest. Hence, only samples located at (or around) those

fixed values contribute to the sectional density values. As

a consequence, the particular values chosen for the unseen

dimensions have a significant impact on the details that are

observed in the sections. Our general strategy is to start

with sections through the centroid (mean value) of each

class, and then to proceed with a comparison between the

structures observed in the relevant sections and projections

in order to find additional structure-revealing cross sections.

The particular density estimator used in our work is a kernel

density estimator, using a novel algorithm to specify kernel

bandwidths, as is described elsewhere [9]. Since that estimator

was found to outperform all competitors in high-dimensional

spaces, it is reasonable to assume that it will provide the best

geometrical insight in such spaces.

Since the amount of data generated in the investigation

of any given problem is significant, we show representative

samples taken from our various tasks below, in order to gain

a number of intuitive insights. (Note that the same scales are

used for corresponding dimensions in all figures pertaining

to the same task, to enable meaningful comparisons. These

scales are generally chosen to span about 8 standard devia-

tions around the sample mean, to ensure that all significant

structures are visible.)

A. Synthetic data

Fig. 3 shows the projections of one of the classes in the

“Simplex” data set on all pairs of dimensions amongst the five

principal components. These projections reveal significant lin-

ear structures in each of the projections, as could be expected

from the data-generation algorithm employed. Significantly,

the projections by themselves are somewhat misleading, as

can be seen in the four cross sections shown in Figs. 4 to 7.

The pair of sections that pass through the origin (Figs. 4 and 6)

reveal none of the complexity of the data sets – it is only when

the locations of the sections are chosen appropriately so that

they intersect with the complexes that some of this structure

is revealed (Figs. 5 and 7). For example, in Fig. 5, the value

of z3 is chosen such that the displaced slice now intersects

one of the simplicial complexes (z4 and z5 are left at zero).

Note also that the differences between these pairs of cross

sections, and between the cross sections and the corresponding

projections, are indicative of the geometric complexity of this

feature space.

B. Speech processing: phoneme recognition

Fig. 8 contains the pairwise projections for the phoneme aa
in the “TIMIT” data set. These projections are significantly

smoother than those in the synthetic data – although there

is some indication of bimodality in some of the projections,

and most of the projections are decidedly non-Gaussian, the

overall picture suggested by these projections is much simpler

than that in Fig. 3. The slices in Fig. 9 and Fig. 10 confirm

this impression (as do other cross sections not shown here):

the data in this class seem to be clustered into four or five

somewhat overlapping groups, with roughly ellipsoidal cross

sections that change slowly in shape as the location and ori-

entation of the cross section are changed. The equiprobability

contour in Fig. 11 is helpful in putting these pictures together.
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Fig. 3. Projections of the “Simplex” data set (class 0) onto pairs of principal
axes.
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Fig. 4. Example of slice through the origin of class 0 of the “Simplex” data
set, with z1 and z2 variable.

z
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z2

Fig. 5. Example of displaced slice through class 0 of the “Simplex” data
set, with z1 and z2 variable, and z3 chosen to intersect one of the simplicial
complexes.
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Fig. 6. Example of slice through the origin of class 0 of the “Simplex” data
set, with z2 and z3 variable.

z
2

z3

Fig. 7. Example of displaced slice through class 0 of the “Simplex” data
set, with z2 and z3 variable, and z1 chosen to intersect one of the simplicial
complexes.

From a speech-processing perspective, this level of com-

plexity is quite understandable: the different clusters probably

correspond to different phonetic contexts surrounding the

phoneme of interest. This impression is supported by two

observations of data not shown here. For other phonemes,

such as f , which are known to be less affected by context, the
density functions are roughly unimodal. Also, when features

corresponding to context-dependent phonemes are extracted

(as is often done in speech processing), we find that the

projections and sections are again much simpler than those

shown here.

C. Speech processing: speaker age classification

In general, the density functions of the classes in the age

classification task are somewhat simpler than those associated

with phoneme classification. Examples of the projections are

shown in Fig. 12, with representative slices in Figs. 13 and

14. Some visually salient aspects of these figures, namely

the high-density regions parallel to the coordinate axes, are

artefacts that result from the way that we regularize our density

estimator. Hence, these thin horizontal or vertical lines, or

isolated bright points, may safely be ignored. Besides those

structures, we see some evidence of bimodality in the cross

sections, and fairly smooth concentrations with approximately

ellipsoidal profiles in many regions.
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Fig. 8. Projections of class “aa” of the “TIMIT” data set onto pairs of
principal axes.
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Fig. 9. Example of slice through the origin of the “TIMIT” data set (class
“aa”).

z
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Fig. 10. Example of displaced slice through the “TIMIT” data set (class
“aa”).

Fig. 11. Example of an equiprobability contour of a three-dimensional section
through the origin of “aa” in the “TIMIT” data set (variables z1, z2 and z3;
density value is 0.1 of maximal value within section).
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Fig. 12. Projections of class 0 of the “Age” data set onto pairs of principal
axes.
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Fig. 13. Example of slice through the origin of class 0 of the “Age” data
set.
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Fig. 14. Example of displaced slice through class 0 of the “Age” data set.

D. Image processing: object recognition

The projections of the “Vehicle” classification task (of

which examples for one class are shown in Fig. 15) contain

the most complicated structure of all our real-world pattern-

recognition sets. The cross sections in Fig. 16 and Fig. 17

suggest that these projections are fairly representative of the

detailed structure of the density functions: although the high-

density clusters move into or out of view depending on where

the section is taken (and their shapes are also somewhat vari-

able), these variabilities are nothing like the drastic changes

seen in the synthetic data set.

In some of the projections and cross sections, the profiles

of the high-density regions are notably non-ellipsoidal; this

observation, along with the observed multimodality, is easily

understood from the fact that different features of the objects

of interest come into view as the camera angle is rotated in

three dimensions.
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Fig. 15. Projections of class 2 of the “Vehicle” data set onto pairs of principal
axes.

V. CONCLUSION

We have presented a general approach to the visualization of

high-dimensional feature spaces. By utilizing flexible density

estimators we are able to represent a wide range of potential

geometries, and comparative analysis of projections of these

z
1

z2

Fig. 16. Example of slice through class 2 of the “Vehicle” data set.

z
1

z2

Fig. 17. Example of slice through class 2 of the “Vehicle” data set.

estimators with selected cross sections through the same

functions allow us to develop an intuition of the objects that

occur in these spaces.

Using these tools, we investigated a synthetic data set as

well as three real-world feature spaces. These investigations

confirmed that our tools are able to capture the properties of

the prespecified synthetic set; we also found that the realistic

feature spaces are substantially simpler than the synthetic set.

In fact, of the three abstractions represented in Fig. 1, it is the

simple elliptical shape that seems most similar to the shapes

observed in the majority of the spaces – the success of kernel

classifiers and Gaussian Mixture Models in various pattern-

recognition tasks is clearly compatible with this perspective.

These initial explorations call for several refinements, en-

hancements and applications. Some of these refinements are

related to the performance of our density estimators: the

artefacts observed in Section IV should be relatively easy

to remove with a suitable regularization technique, which

will hopefully also improve the overall performance of the

estimator. Our real-world tasks have all involved continuous

data in spaces of moderate dimensionality; spaces of very

high dimensionality (hundreds or thousands of dimensions)

or with discrete – e.g. binary – features may require novel

tools and produce new insights. Finally, the overall goal of all

this work is to design better classifiers or probabilistic models,

and we hope that the insights reported here will indeed assist

us towards that goal.
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Abstract—We investigate the classification of eight prominent
savanna tree species, based on hyperspectral reflectance data.
Although two principal components account for 95% of the
variance of the data, up to 20 components are found to be useful
for classification. Scaling of these components so that all features
have equal variance is found to be useful, and our best perfor-
mance (88.9% accurate classification) is achieved with 15 scaled
features and a support vector machine as classifier. A graphical
analysis suggests that several exemplars (“endmembers”) are
required for each class, and this observation is confirmed by the
large number of support vectors employed by the best classifier.

I. MOTIVATION

The availability of high spatial and spectral resolution
imaging spectrometers, i.e., sensors that provide contiguous
spectral data in narrow bands, has produced an embarrassment
of riches within the field of remote sensing. Images obtained
from such spectrometers provide a wealth of information on
matters such as land use, biodiversity assessment and resource
analysis; however, the optimal utilization of these images
introduces novel computational and algorithmic challenges
that have not been fully solved to date. In particular, we require
classifiers that can achieve high classification accuracy at a
limited computational cost (since classification results may
be required for every pixel in a large set of two-dimensional
images). This accuracy must be achieved from a small number
of representative samples, since the cost of gathering “ground
truth” samples is significant, and it is important to understand
the minimal spectral requirements placed on the spectrometers,
to avoid unnecessary costs associated with sensor procurement
and maintenance.

In the current contribution, we investigate the ecologically
important issue of the classification of tree species in hyper-
spectral images. As pointed out, for instance, by Cho et al. [1],
the ability to map vegetation at the species level is of broad
interest in ecology, and the particular task of tree classification
can be used to compile resource inventories and to develop
models of practically important variables such as fire-hazard
status.

Within this task domain, we focus on two aspects, namely
the number of training prototypes (also known as “endmem-
bers”) required for classification, and the overall accuracy

that can be achieved with an optimized algorithm. Section
II describes this task in more detail, and also summarizes the
methods of data gathering and analysis that were employed.
In Sections III and IV we provide, respectively, the qualitative
and quantitative results obtained in this investigation. Finally,
Section V places these results in perspective, and discusses a
number of additional matters that are worthy of exploration.

II. METHODS

A. Data set
Airborne hyperspectral data for the study site, the Kruger

National Park (31!20"32.41""E, 24!50"47.75""S), South Africa
were acquired in May 2008 with the Carnegie Airborne
Observatory (CAO) system [2]. The CAO combines three
major instrument sub-systems into a single airborne package:
(i) High-fidelity Imaging Spectrometer (HiFIS); (ii) Waveform
Light Detection and Ranging (LiDAR) scanner; and (iii)
Global Positioning System-Inertial Measurement Unit (GPS-
IMU). The CAO-Alpha configuration, which was used in
this study, employs a pushbroom imaging array with 1500
cross-track pixels, and sampled the scenes in the visible-
near infrared (VNIR) spectral region between 384.8-1054.3
nm (72 bands) at 9.23 nm spectral resolution (full-width-
half-maximum) and a spatial resolution of 1.12 m. Apparent
surface reflectance was derived from the radiance data using an
automated atmospheric correction model, ACORN 5LiBatch
(Imspec LLC, Palmdale, CA).

The Universal Transverse Mercator (UTM) coordinates of
tree crowns were extracted from the image and downloaded
into a handheld Leica differential global positioning system
(GPS; < 1 m horizontal accuracy). With the help of the GPS
and printed true colour composite maps of the study site, the
various trees were located and identified in the field. Only the
dominant trees have been used in this study; Combretum apic-
ulatum, Sclerocarya birrea, Terminalia sericea, Spirostachys
africana, Pterocarpus rotundifolius, Dichrostachys cinerea,
Acacia gerrardii and Acacia nigrescens. The region of inter-
est tool in Environment for Visualising Images (ENVI 4.7)
software (ITT Visual Information Solution, 2009) was used to
manually collect the image spectra of the various trees. The
spectra of each tree crown were then averaged to a single
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spectrum. We therefore have a single 72-dimensional vector
representing the spectrum of each individual tree; there are
a total of 334 trees in our set from the eight classes listed
above. The class representations are not exactly uniform, with
the number of samples in a class ranging between 24 and 79.

B. Analytic approach
Figure 1 shows typical spectra for each of the tree species

studied in the current investigation. Clearly, these spectra
are relatively smooth, which implies that the reflectances in
the 72 spectral bands are not independent of one another.
Our qualitative investigation therefore begins with Principal
Component Analysis (PCA) of the spectra, which allows us
to determine the number of linear components that contribute
significantly to the variance across samples. Since PCA is not
a scale-independent process (differential scaling of the input
dimensions leads to changes in the directions and weightings
(eigenvalues) of the principal components), we normalize the
input features so that each individual dimension (i.e. the data
in each wave-band) has zero mean and unit variance.
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Fig. 1. Sample tree spectra for 8 classes of trees. Wavelengths in nm are
shown on the horizontal axis, and the vertical axis shows reflectances (in units
of 100 times percentage reflectance).

To investigate the relationship between the number of end-
members per class and the achievable classification accuracy,
we graph the projections of all data points onto pairs of
principal components (eigenvectors). Since these projections
consider only two dimensions at a time, they may be somewhat
misleading regarding the separability of the various classes –
they do, however, allow us to gain a basic intuitive understand-
ing of the various class distributions in feature space.

This understanding is enhanced by a number of classifi-
cation experiments. We compare the accuracies achievable
with a number of state-of-the-art classifiers, such as multilayer
perceptrons (MLPs), nearest-neighbour (NN) classifiers and
support vector machines (SVMs). In this process, we investi-
gate two matters related to the features used for classification:

• The preferred scaling of the different principal com-
ponents is not obvious: on the one hand, normalizing
each component to have the same variance seems like
a sensible way to prevent the largest components from

dominating the overall process. On the other hand, the
smallest components are likely to be noise-dominated,
implying that a boost to their variance may be harmful
to classification accuracy.

• The optimal number of principal components to retain is
also subject to experimental determination.

The overall sequence of steps involved in feature extraction
are summarized in Fig. 2.

Fig. 2. Processing steps for feature extraction.

Our classifiers are trained with standard open-source tools
such as Weka [3] and libsvm [4]; for the particular case of
SVMs, we employ a radial kernel and a grid search to obtain
the optimal hyperparameters. For our initial investigations into
the feature-selection issues listed above, a nearest-neighbour
classifier is used in a leave-one-out configuration (that is, each
sample is classified based on its distances to all the remaining
samples). The final classification results are obtained with 10-
fold cross validation.

III. QUALITATIVE RESULTS

The magnitudes of the eigenvalues obtained with PCA
are shown in Fig. 3; we see that there are two very strong
components, which together account for 95.6% of the variance
of the data set. The remaining components rapidly diminish
in importance; by the eighth component, the weighting is less
than 0.1% of that of the dominant component. The spectra
corresponding to the two dominant components are shown in
Fig. 4. These clearly correspond to short- and long-wavelength
variations, the long-wavelength band (bottom panel in Fig. 4)
being indicative of the red-edge transition between red and
near infrared wavelength and the short-wavelength band (cen-
tral panel in Fig. 4) corresponding mostly to pigment absorp-
tion in the blue and red spectral ranges.

Fig. 5 contains the projections of all data points onto several
pairs of principal components. A number of observations can
be made:

• We see that none of the features is able to achieve
effective separation of all eight classes.

• As is often the case, the components with largest variance
(s1 and s2) are also the most useful for discriminating
between the different classes.

• The components with smaller eigenvalues are neverthe-
less not negligible from the perspective of classification
– even the least significant component shown here (s7)
seems to add some discriminatory power to the feature
set.
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Fig. 3. Eigenvalues of the normalized covariance matrix – the largest two
principal components account for more than 95% of the variance in the data.
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Fig. 4. Mean spectrum across all samples (top panel) as well as spectra
corresponding to the two dominant principal components. The vertical axes
are in arbitrary units, whereas the horizontal axes are wavelengths in nm.

• The classes appear to be rather diffuse and non-Gaussian
in feature space, suggesting that a small number of
endmembers per class will not be able to represent the
full variability observed.

These observations are investigated quantitatively below.

IV. QUANTITATIVE RESULTS

We compared the accuracies achievable with different num-
bers of principal components, as well as the two approaches
to feature scaling mentioned in Sec. II-B, using leave-one-out
nearest-neighbour classifiers. (We always keep the largest n
principal components, rather than searching for the n com-
ponents that give best classification accuracy.) The resulting
classification accuracies are shown in Fig. 6. The importance
of lower-ranking components is confirmed: despite the large
magnitude of the two dominant components, as many as 15 or
20 components contribute to classification accuracy. Interest-
ingly, it seems quite useful to scale the feature dimensions
so that they have equal variance: for the largest 40 or so
components, this improves accuracy over that achieved with

unscaled features. Thereafter, the noise in smaller components
erases the gains achieved; however, those components should
in any case not be used for classification.

Fig. 6 also shows the accuracy achieved if each class is
represented by a single endmember, located at its centroid.
Classification accuracy is seen to be degraded, both with and
without scaling, as would be expected from Fig. 5.
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Fig. 6. Accuracy of nearest-neighbour classifiers and centroid-based classifier
as a function of the number of principal components used for classification.

Finally, Table I contains the classification accuracies
achieved with 10-fold cross validation and various combi-
nations of classifiers and features. We see that the best
performance (approximately 89% accuracy) is achieved with
an SVM, using the top 15 scaled principal components. (There
are unfortunately not other published results on this same data
set; however, in [1] 57% accuracy was achieved for ten-class
classification on a related data set.) Normalizing the various
feature vectors so that classification is based on the angles
between the vectors (as is done in the Spectral Angle Mapper
(SAM) [5]) is somewhat harmful in this case. As with the NN
classifier, a reduced feature set is seen to be useful, though the
flexibility of the SVM enables it to narrow the gap between
the reduced and complete feature sets.

Classifier Feature Scaling SAM Number of Accuracy
features

Naive Bayes No No 72 55.7%
MLP No No 72 83.8%
NN No No 72 69.4%
SVM No Yes 72 84.4%
SVM No No 72 87.1%
SVM Yes Yes 15 84.7%
SVM Yes No 15 88.9%

TABLE I
Ten-fold cross-validation accuracies for various classifiers and feature sets.

The confusion matrix corresponding to the most successful
classifier is shown in Table II, with the rows corresponding
to the true classes and the columns to classes selected by the
classifier.

The number of support vectors retained by the SVM is
an approximate measure of the number of endmembers that
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Fig. 5. Projections of all data on selected pairs of principal components.

0 1 2 3 4 5 6 7
0 20 0 0 2 0 1 1 0
1 0 56 0 0 0 0 2 0
2 1 0 60 0 1 0 0 1
3 3 0 0 16 1 0 4 0
4 0 0 0 3 16 0 0 0
5 1 0 0 0 0 37 0 0
6 1 1 2 1 0 1 70 3
7 0 0 3 0 0 0 4 22

TABLE II
Confusion matrix of the most accurate classifier. Class labels as follows: 0:
C.apiculatum, 1: S.birrea, 2: T.sericea, 3: S.africana, 4: P.rotundifolius, 5:

D.cinerea, 6: A.gerrardii, 7: A.nigrescens

are useful for classification. Our best classifier employed
an average of 202.0 support vectors for classification (thus,
approximately 25 per class; average taken over the 10 folds),

and the SVM trained on all 72 features required an average of
131.6 support vectors. These values can certainly be reduced
without a large sacrifice in accuracy, but do suggest that a
sizeable number of endmembers are required to give high
accuracy (in agreement with the result of Cho et al. [1]). It
is interesting to note that the larger feature vector required
somewhat fewer support vectors – whether this difference will
also be found in more general circumstances is a matter for
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further exploration.

V. CONCLUSION AND OUTLOOK

We have investigated the properties of spectra of several sa-
vanna species extracted from hyperspectral images, and shown
that these targets have complex signatures in feature space. It
is therefore unlikely that a small number of endmembers can
represent these species adequately – a conclusion that was
confirmed by our classification experiments. From a technical
perspective, we have found the scaling of the largest prin-
cipal components to be beneficial for classification accuracy,
whereas Spectral Angle Mapping was not beneficial. A SVM
was the most successful classifier on this task, producing the
best results yet achieved on this data set.

Several interesting avenues for exploration are suggested
by this work. Our results demonstrate that a relatively small
number of features can produce accurate classification results;
however, these features are currently derived by linear trans-
formation from the entire spectrum, and it would be useful
to investigate whether a smaller set of wavelength bands can
produce comparable accuracy.

Our data was derived from measurements taken in one area
within a small temporal window; for practical purposes, it is
important to understand how these results can be generalized
to deal with greater variability in location and time. Given
the high cost of establishing ground truth compared to the
relatively modest cost of obtaining complete images, it is likely
that semi-supervised techniques will play a large role in such
extensions.
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Abstract—We propose a method for combining dense stereo
matching on calibrated images with automatic camera motion
estimation, in order to generate dense reconstructions from
uncalibrated image sequences. In doing so we explain how
standard stereo matching can be extended, and for the estimation
of motion we also introduce a technique for dealing with scale
ambiguity and loop closure (a solution to the latter is termed déjà
vu correction). Results from experiments are given and discussed,
and we find that the proposed method can provide useful 3D
information from uncalibrated image sequences.

I. INTRODUCTION

Multiple view reconstruction is concerned with the building
of a three-dimensional geometric model of some physical
object, given a sequence of images taken of the object from
various viewpoints. Techniques for retrieving and measuring
shape information are useful for a wide variety of applications
in autonomous robotics, industrial design and prototyping,
human-computer interaction, augmented reality, medical imag-
ing, archaeology, and many others. Digital cameras are often
chosen to be used as capturing devices in these systems, par-
ticularly for their passiveness, portability, relatively low cost,
high capturing speed and the potential richness of information
in the output.

Most methods for performing object reconstruction from
multiple images can be categorized broadly into shape-based
methods and point-based methods. Shape-based methods at-
tempt to extract the contours of an object from each view and
combine these to build a 3D shape that is consistent with all of
them [1]. Point-based methods search for corresponding points
on the surface of the observed scene in two or more images
and, if the relative translation and rotation of the camera
between those images are known or can be established, then
point locations in 3D are attainable through a triangulation
procedure [2]. We will focus mainly on point-based methods
but, towards the end of the paper, show that the incorporation
of some shape information can be useful.

Point-based methods can be subdivided further into pixel-
based methods and feature-based methods. The former at-
tempts to find for every single pixel in an image a matching
point in the other image, if it is visible in both views. Feature-
based methods first detect salient, and therefore reliably
matchable, features in every image independently and then
match them across the different views. Pixel-based methods

produce dense reconstructions, while feature-based ones would
typically yield a sparser but more accurate set of points.

As mentioned, the motion parameters (translation and rota-
tion) of each camera are needed. In many cases we can assume
them to be known, which would imply that some form of
calibration had to be performed [3] or that the movement of
the camera was highly controlled [4]. Images for which the
camera motions are known are said to be calibrated. In other
cases, however, the images may not be calibrated. Agarwal
et al. [5], for example, considered the intriguing problem of
reconstructing parts of the city of Rome using a vast number
of uncalibrated images from Flickr. In the uncalibrated case
the camera motion parameters need to be estimated from
the observed images before 3D structure of the object can
be determined. A typical approach here is to match salient
features in different images and, based on their 2D disparities
between the views, infer relative camera motion.

Since camera motion estimation relies on feature detection
and matching, approaches for reconstructing objects from
uncalibrated images are normally feature-based. Dense recon-
struction methods, on the other hand, are usually reserved
for cases where calibrated images are available. In this paper
we propose a method that essentially combines the two ap-
proaches in an effort to generate dense reconstructions from
uncalibrated images. Effective means of combining the two
have received relatively little attention in the literature to date,
with the exception of work by Lhuillier and Quan [6].

We first provide some background of stereo geometry and
matching in the calibrated case, then discuss a method for
estimating camera motion parameters in the uncalibrated case.
We propose a means to deal with the scale ambiguity that is
inherently present and describe a simple way of performing
so-called déjà vu correction on the estimated camera matrices.
Our combination of motion estimation and stereo matching is
explained, and results are presented from experiments on a
test data sequence.

II. STEREO MATCHING ON CALIBRATED IMAGES

Stereo vision is a widely studied approach that uses images
captured by two synchronized cameras in order to infer depth
of the observed scene. The problem of generating dense
reconstructions from a pair of calibrated images amounts to
finding for every pixel in the one image a matching pixel in
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the other image. Although this problem has received much
attention for a number of decades [7], it remains challenging.

This section describes in brief some geometric properties
that can be exploited in order to constrain the search for
correspondences, and the method of hierarchical dynamic
programming that we find to be a good compromise between
accuracy and speed.

A. Stereo geometry
Figure 1 depicts a typical stereo setup in which two cameras

with optical centers c1 and c2 view a point X in 3D space.
The point X projects onto the image plane of the first camera
at point x1, and onto the second image plane at point x2. Note
that the image planes are drawn in front of the optical centers,
merely for ease of understanding.

In order to formulate the projections mathematically, we
define two camera matrices as

P1 = K1R1

!
I | !c1

"
, P2 = K2R2

!
I | !c2

"
. (1)

Here Ri is a 3" 3 rotation matrix, and ci a 3" 1 translation
vector, that relates the coordinate system of camera i with
that of the world (in which X is defined). The 3" 3 matrices
K1 and K2 contain internal parameters of the two cameras
which include focal lengths, possible offsets in image center
and skewness factors [8]. It then follows that

x1 = P1X, x2 = P2X, (2)

where x1 and x2 are specified in 3D homogeneous coordi-
nates, and X in 4D homogeneous coordinates.

Clearly, if for x1 the match x2 can be obtained, and if P1

and P2 are known, X can be determined. In the calibrated
case, where P1 and P2 are known, the crucial problem of
finding matching points between the two images remains.

Note in Fig. 1 that the plane passing through points c1, c2

and x1, called the epipolar plane, also passes through x2. This
implies that the sought-after match for a point x1 in the first
image must lie on the straight line, called the epipolar line,
defined by the intersection of the epipolar plane and the second
image plane. Moreover, this line is completely specifiable from
x1 and the positions of the two camera centers.

The process of image rectification builds upon these search
constraints by attempting to projectively transform the images
in such a way that the epipolar lines are perfectly parallel and
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Fig. 1. A typical stereo configuration where a point X projects to coordinates
x1 and x2 in two images respectively. The search for a match for x1 can be
constrained to a single line through image 2.

horizontal, as this would narrow the search for the match of
a point in the one image down to a single image row in the
other image. The image planes must therefore be transformed
so that they are coplanar and parallel to the line through c1

and c2, and we need to find a suitable rotation matrix Rn and
intrinsic calibration matrix Kn that will do this.

Kn can be chosen arbitrarily, but a simple choice would be
the average of K1 and K2. The rows of Rn are calculated as

r1 =
c2 ! c1

||c2 ! c1|| , r2 =
k" r1

||k" r1|| , r3 = r1 " r2, (3)

where k is the unit vector in the direction of the principal ray
of camera 1, such that

Rn =
!
r1 r2 r3

"T
. (4)

The following transformation matrices are defined:

T1 = KnRnRT
1 K!1

1 , T2 = KnRnRT
2 K!1

2 , (5)

which implies that x"1 = T1x1 provides the coordinates in
the rectified image corresponding to x1 in the original image.
Similarly, x"2 = T2x2 is the rectified version of x2.

Since point correspondences between rectified images are
known to occur on corresponding rows, the match for a pixel
in one image can be represented by a single value, called its
disparity. It is simply the horizontal shift that takes the pixel’s
current position to the position of its match.

An important issue to take note of is that of occlusions,
which occur when some object or feature is visible in one
image but not in the other. Assuming camera 1 is to the left
of camera 2, we distinguish between left-occlusions (occluded
from the left camera’s point of view) and right-occlusions
(occluded from the right camera’s point of view).

B. Hierarchical dynamic programming (HDP)

When images can be rectified (i.e. when the images are
calibrated) the stereo correspondence problem becomes a
matter of matching every pair of coinciding rows pixel-wise
in the two images. In order to accomplish this some way
of measuring the dissimilarity between two pixels is needed.
The smaller such a dissimilarity, the more likely it should be
that two pixels are a good match. Options range from simple
absolute differences, which would be quick to calculate but not
particularly reliable, to more computationally taxing methods
designed to yield better results [9].

In order to perform the matching between two image rows,
we choose a hierarchical approach to dynamic programming
because of the good balance between accuracy and computa-
tional efficiency. The method is explained in some detail in
[10] and [11], and we provide a brief description here.

Given two rows of pixel values, one from each image, the
first step would be to build a disparity space image (DSI). It
is a matrix containing dissimilarity values for every possible
disparity in some pre-specified range. Figure 2 shows a DSI
for two synthetic image rows, where the absolute difference
was chosen simply for illustration purposes.
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Fig. 2. A disparity space image (DSI) created from two synthetic image
rows. The true matches are indicated in grey.

It is worth stressing that only non-negative disparities are
considered at this stage, as it is assumed that camera 1 is to
the left of camera 2 and their optical axes are parallel.

The aim is now to find some minimum cost path through
the DSI, which then yields an optimal set of matches between
the two image rows. A further restriction is put in place that
prohibits the path from backtracking. It is referred to as the
ordering constraint and implies that if one object appears to
the left of another in image 1, it will also be to the left of that
other object in image 2. This is not always true, if for example
thin objects close to the cameras are present, but renders the
optimization problem far more tractable.

Dynamic programming (DP) can be called upon for solving
this optimization problem. It divides the problem into smaller
subproblems recursively and can be implemented quite effi-
ciently. A further significant decrease in execution time can be
obtained by performing hierarchical DP. The images are down-
sampled several times, DP is applied to the lowest sampling
level, its result is propagated to serve as an offset in the next
higher level, and DP on this higher level is restricted to a band
around the offset. The process is repeated up to the highest
(hence original) sample level. This hierarchical approach is
useful not only for increased speed but also provides some
smoothness across the rows. Standard DP, on the other hand,
considers every pair of rows independently and may therefore
yield unwanted inconsistencies across the rows.

We will explain an extension of this approach that attempts
to match corresponding epipolar lines in a sequence of un-
calibrated images, but first a method for estimating camera
matrices from such a sequence is discussed.

III. ESTIMATING UNKNOWN CAMERA MOTION

Next we consider a sequence of uncalibrated images. By
this we mean that the extrinsic parameters, i.e. translation and
rotation, of the cameras are unknown. We assume at this stage
that the intrinsic parameters (focal length, camera center, etc.)
are known. A simple method for finding these parameters for
a single camera is explained in [12].

The feature-based approach discussed in this section follows
a standard technique to find camera matrices between consec-
utive pairs of images. We then discuss an effective means of
combining these relative camera motions to find positions and
orientations of all the cameras in a single fixed coordinate

system. Déjà vu correction and bundle adjustment are also
discussed briefly.

A. Feature detection and matching

As mentioned we follow a feature-based approach to find
the relative rotation and translation between two consecutive
cameras. The assumption is, of course, that the camera motion
was small enough so that enough corresponding features are
visible in the images.

The popular scale invariant feature transform (SIFT) [13] is
an obvious choice for detecting and matching salient features
in two images. Figure 3(b) shows example output, where
every line segment indicates a match between image 1 and
2 (image 1 is shown in the background for reference). We
observe that many incorrect matches are present. A stricter
matching scheme may remove many of these but at the risk
of losing some correct ones. Instead, an iterative RANSAC-
based approach [14] can be followed in an effort to identify
the largest set of matches that conforms to a physically
possible camera motion. Since incorrect matches do not have a
consistent structure they will not form such a set, and it should
be possible to identify the correct set even when the number
of incorrect matches far exceeds the number of correct ones.

B. Pairwise estimation of camera matrices

From a set of putative feature matches it is possible to find
the relative camera motion from one image to the other. We
observe that, for any pair of matching image coordinates x1

(a) two sample images from an uncalibrated sequence [15]

(b) putative matches (c) inlier matches

Fig. 3. Matching SIFT features determined for the two images shown on
top, and the inliers obtained by RANSAC.
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and x2, there exists a single 3! 3 matrix E such that

x̂T
2 Ex̂1 = 0, (6)

with x̂1 = K!1
1 x1 and x̂2 = K!1

2 x2, where K1 and K2

are the internal calibration matrices of the two cameras. This
matrix is called the essential matrix and, following from its
definition, is specifiable up to scale. It is also known that E
has a determinant of zero [8] hence there are 7 degrees of
freedom and we need at least 7 matches to determine it.

The RANSAC-based approach we follow operates by
choosing a set of 7 matches randomly from the available
ones, calculating E from (6), and counting the number of
other matches that agree with it. These inlier matches form
a consensus set and the procedure is repeated until a large
enough consensus set is obtained. An example of such a set
is shown in Fig. 3(c).

The singular value decomposition (SVD) of the essential
matrix is determined, and the resulting matrices are used
to find the rotation matrix R and translation vector c that
describes the motion of the camera from the first image to the
second image (see [8] for details). It is important to be aware
of a scale ambiguity that presents itself here. If no information
about absolute scale is available it is not possible to determine
the physical distance between the cameras. The translation
vector is therefore usually normalized such that ||c|| = 1.

Camera motion estimation can be performed for consecutive
pairs of images in a sequence and the motion of each new
camera will then be determined relative to the previous one,
such that the distances between cameras are normalized. The
next section describes a technique that places all the cameras
in a single coordinate system as well as a possible remedy for
the unknown relative scale issue.

C. One coordinate system for all cameras

The motion estimation procedure described above finds a
rotation matrix and translation vector for every camera, relative
to the preceding camera. In order to use information from all
the images for reconstruction, it is necessary to move these
relative motions to one coordinate system.

Suppose R"
i and c"i denote the rotation matrix and transla-

tion vector obtained from estimating the motion from camera
i " 1 to i, and that there are m images (hence cameras) in
total. Since these parameters give the position and orientation
of camera i relative to camera i " 1, the following can be
computed:

R1 = I, R2 = R"
2, Ri = R"

iRi!1, (7)
c1 = 0, c2 = c"2, ci = !iRT

i!1c
"
i + ci!1, (8)

for i = 3, . . . ,m. It gives the rotation matrix Ri and
translation vector ci associated with camera i. The values
of !i are not yet specified, and indicate the scale factors
that need to be corrected for (recall that the pairwise motion
estimation procedure fixes the distance between a pair of
cameras arbitrarily to be 1). The overall scale cannot be
established, for the same reasons as mentioned above, but

it should be possible to fix distances between the cameras
relative to, say, the distance between camera 1 and camera 2.

Suppose xi!2, xi!1 and xi denote image coordinates in
images i " 2, i " 1 and i > 2 respectively, such that xi!2

and xi!1 was identified as an inlier match as was xi!1 and
xi. Clearly, these two pairs of image coordinates that form
matches must triangulate to the same point in space, say X.
Our aim is to fix the scale between cameras i"1 and i, given
that the scale is already fixed for cameras i" 2 and i" 1, so
that the two triangulated points coincide.

To this end, let X be the point resulting from triangulating
xi!2 and xi!1 and let Pi = KiRi

!
I | "ci

"
. We force the

point triangulated from xi!1 and xi to coincide with X so
that, by virtue of (2) and (8),

0 = xi !PiX = x̂i !Ri(X̃" !iRT
i!1c

"
i " ci!1), (9)

where x̂i = K!1
i xi and X̃ is the Euclidean version of the

homogeneous vector X, so that X = [X̃T , 1]T . Therefore
#
x̂i !Ri(X̃" ci!1)

$
"

#
x̂i ! !iRiRT

i!1c
"
i

$
= 0, (10)

yielding

!i (x̂i !R"
ic
"
i) = xi !Ri(X̃" ci!1), (11)

from which !i can be determined so that ci can be found. We
would typically compute a scale factor for every available set
of matches that overlaps between the three images and choose
a final value for !i as some average of the results.

D. Déjà vu correction

Quite frequently, particularly in multi-view reconstruction
scenarios, the camera makes a loop around the object of
interest or, similarly, the object is placed on a turntable and
undergoes a full rotation. The position of the last camera
is then typically close to the first one, allowing pairwise
motion estimation to be performed on camera m and camera
1. However, because the first camera is fixed at the origin
by equations (7) and (8) and subsequent pairwise estimation
is subject to drift, the position and orientation of camera 1
relative to that of camera m may yield an inconsistency.

Alleviating this problem is referred to as déjà vu correction
in autonomous navigation (the robot realizes it has been at
some place before, which clashes with its believed location,
and updates its position estimation history accordingly).

We propose the following simple correction. Camera mo-
tion parameters Ri,1 and ci,1 are determined for cameras
1, 2, . . . ,m in that order. We then also apply the method to
find the motion from image m to image 1, obtain parameters,
say, Rm+1 and cm+1, and let

Ri,2 = RT
m+1Ri,1, ci,2 = ci,1 " cm+1. (12)

Note that these new parameters are equivalent to ones that
would have been obtained by estimating motion for cameras
1, m,m" 1, . . . , 2 in that order.
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It then remains to combine ci,1 and ci,2, as well as Ri,1

and Ri,2, in some sensible way. For that we have experimented
with

ci =
!

m+1!i
m

"
ci,1 +

!
i!1
m

"
ci,2. (13)

Ri is obtained similarly as a weighted average of Ri,1 and
Ri,2 (since the matrix must remain orthogonal, rotation pa-
rameters are extracted from Ri,1 and Ri,2, and their weighted
averages are used to determine Ri). The weights specified in
(13) place more importance on parameters that were calculated
sooner in the queue, which should then minimize drift.

E. Bundle adjustment
In a final attempt to increase the accuracy in the estimated

positions and orientations of the cameras, a technique known
as bundle adjustment (BA) [16] can be applied.

For n distinct points in space viewed by m cameras BA
adjusts all the camera motion parameters and 3D coordinates
of reconstructed points, in order to minimize the sum of
squared differences between the actual locations of features
in the images (as determined by SIFT, for example) and the
locations obtained from re-projecting the 3D points onto the
image planes. The Levenberg-Marquardt algorithm [17], [18]
has proven to be extremely successful in solving this nonlinear
optimization problem.

IV. DENSE MATCHING ON UNCALIBRATED IMAGES

We now discuss our technique of utilizing dense stereo
matching algorithms in an uncalibrated scenario where a se-
quence of images is given, with no camera motion information
available. The idea is quite straightforward. Camera motion is
estimated for the sequence by the method described, images
are rectified, and dense stereo matching is performed on the
rectified images. There are, however, some slight adaptations
that need to be made.

A. Adapting the stereo matching algorithm
Pairs of images are rectified by the transformations given in

(5), rendering the epipolar lines horizontal. A stereo matching
algorithm can now be performed on the two rectified images,
but two issues should be taken note of.

Firstly, image coordinates may now be negative, to avoid
unwanted cropping of the rectified images. Also, image data
in a row no longer starts at some fixed column, and these
offsets for the different rows should be accounted for.

Secondly, provision should be made for negative disparities.
It is clear from Fig. 3(c) that some corresponding features may
shift to the left from one image to the other while others shift
to the right. We allow for negative disparities by extending the
DSI to also contain negative disparities, and allow an optimal
path through the DSI to cross the zero-disparity axis.

B. Match propagation
The fact that a sequence of images (not only two) is

available should be exploited. We have used this fact to our ad-
vantage somewhat, in fixing the relative scale changes between
pairs of cameras. Normally in stereo vision a matching pair

of coordinates xi!1 and xi is triangulated in order to obtain
a point in space. However, now that a dense set of matches
is at our disposal for all pairs of consecutive images, every
match under consideration can be propagated forwards and
backwards through the sequence until occlusions are reached.

This procedure results in a sequence of pairwise matches,
all corresponding to the same feature in space (assuming
that the stereo algorithm was successful). Each one of these
matches provides a candidate 3D position. We combine them,
for example by taking a median to decrease the occurrence of
obviously incorrect outliers, and arrive at a single point.

C. Incorporating image segmentation
A further improvement in accuracy and quality of the

reconstruction is attainable from the inclusion of segmentation
information. A clear distinction between pixels belonging to
the object and those belonging to the background would be
extremely useful in constraining the stereo algorithm to match
foreground segments only of every corresponding pair of
rows. Moreover, accuracy of the output will be improved and
computational cost will be lowered.

Of course, segmenting arbitrary images into foreground and
background is by no means trivial, and this improvement in
accuracy and speed comes at the cost of having to implement
a sufficiently robust segmentation algorithm.

V. RESULTS

We implemented the methods described above and present
here some experimental results obtained.

The test data used was obtained from [15] and consists of
26 images of a marble sculpture, two of which are shown
in Fig. 3(a). The exact movement was uncontrolled during
capturing but the camera more-or-less followed a ring around
the object of interest and ended up in a position close to where
the first image was taken.

Figure 4(a) depicts the estimated camera positions we
obtained from the pairwise approach described in section III.
Images were processed counterclockwise from camera 1 as
shown. Because of this pairwise estimation of motion we
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Fig. 4. Top-down view of the estimated positions and orientations of the
cameras, and reconstructed features, for the test sequence (a) before déjà vu
correction and (b) after. Note in particular the positions of camera 26.
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Fig. 5. Final reconstruction of the marble sculpture, as viewed from various angles. The 3D point cloud consists of 681,237 vertices and was obtained from
26 images taken all around the object with a hand-held camera (dataset available at [15]). Background points have been cropped for the sake of clarity.

should expect drift but, rather surprisingly, the last camera’s
estimated position is fairly close to where we expect that it
should be. The slight drift does influence the reconstruction
negatively, however, as can be seen in the reconstructed points.

The camera configuration in Fig. 4(b) is the result of our
déjà vu correction procedure, whereby camera motions are
estimated in the opposite direction (starting from 1 and moving
clockwise), and combined with those obtained previously
in a weighted manner. Note that the obvious errors in the
reconstruction have been reduced significantly.

Once camera motions are known, points can be triangulated.
A final reconstruction is shown in Fig. 5, from different view-
points. We also applied the technique of match propagation
described, both forwards and backwards through the image
sequence, and it appears to remove most erroneous points that
result from the triangulation of incorrect matches.

It should be realized that the reconstructed point cloud
shown in the figure is raw output from the algorithm and could
be perfectly suited for any number of different post-processing
procedures (such as smoothing and surface fitting).

VI. CONCLUSION

We have presented a method for generating dense recon-
structions from uncalibrated image sequences. The method
estimates relative motion pair-wise, and transforms all the
estimated camera poses to a single coordinate system. The
scale ambiguity is resolved by forcing overlapping matches
across different pairs of images to triangulate to equivalent
points in space. We also introduced a procedure for correcting
drift in the case of loop closure that seemed to work well.
Stereo matching is performed on rectified pairs of images
and we recommended a hierarchical version of dynamic pro-
gramming to find an optimal set of matches for each pair of
corresponding epipolar lines in two images. It is not without
fault but our match propagation procedure seems to eliminate
many incorrectly triangulated 3D points.

It is important to stress that we have not tested the accuracy
of the proposed method, as no ground truth was available
for the test set, and further investigation is needed. However
we have demonstrated that the method can be successful
in providing useful 3D information from an uncalibrated
sequence of images.

In future we hope to move away from the requirement that
the internal camera calibration parameters are known, and
rather attempt to estimate them from the image data. The
combination of the proposed method with image segmentation
is another exciting prospect.
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Abstract—The reliable detection and tracking of general ob-
jects is required by many field robotics applications, where
autonomous agents need to navigate between and interact
with dynamic targets in unstructured environments. This paper
presents an approach to the detection and tracking of both
moving and stationary objects in a forward-facing laser scan.
Traditional approaches use geometric primitives to detect and
model specific targets. A more general target descriptor taking
object location and size into account is presented here, using
principal component analysis to extract these features. Kalman
filtering using a white noise acceleration model is implemented
to track objects, with extensions to the target motion model
provided in order to account for laser scanner motion. Results
presented show that the proposed system tracks targets effectively
over a wide range of challenging situations.

I. BACKGROUND AND INTRODUCTION

Field robotics applications frequently require that objects
surrounding a robotic platform be tracked and detected. In
environments where manoeuvring objects are likely to be
present, knowledge of these objects’ trajectories can be used
to improve navigation and collision avoidance systems. The
detection of objects is also required prior to any meaningful
interaction with them.

Specific objects can be recognised relatively easily using
vision-based techniques, but these techniques experience dif-
ficulties in extracting accurate target position measurements.
A better measure of a target’s position is obtained through
LIDAR (Light Detection and Ranging). LIDAR units are
capable of determining distances to objects at long range,
with high accuracy. LIDAR units are also able to operate in
conditions under which vision systems traditionally fail, such
as under extreme lighting.

The laser-based target tracking problem has received much
attention in robotics literature, with numerous approaches
proposed. Early approaches to laser-based target tracking only
considered moving targets, which were detected through scan
matching [1]. Scan matching is a relatively simple approach
by which consecutive scans are aligned and compared, with
differences assumed to be caused by a moving object.

Unfortunately, it is noted in [2] that scan matching suffers
from numerous problems. Scans can not be compared directly,
as the perceived shapes of moving objects change over scans.
This occurs as new points become visible and previously
visible returns are occluded. Instead, a fixed reference point

on objects is required if target motion is to be detected.
As a result, most laser-based object detection algorithms
involve a pre-processing stage, in which scans are grouped
into segments, each containing potential objects of interest.
Information relevant to the detected objects of interest is then
extracted so that the motion of the objects can be determined.

Geometric primitives are used in [3] to describe the proper-
ties of object segments. Initially, object segments are obtained
by jump-distance classification, a process where a scan is
separated into segments based on the distance between scan
points. Thereafter, circles, arcs and linear regions are detected
in each scan segment and used to determine likely segment
matches in subsequent scans.

The geometric primitives of [3] are also applied to the
problem of leg detection, for human target following, with
a segment classified as legs if two arcs or circles are located
close to one another. Human tracking is of particular interest
in field robotics applications, as knowledge of the locations
of humans is extremely important for the purposes of safety.
Unfortunately, target detection in this manner is not robust, as
one of the legs is often occluded, and the size of detected
segments varies, depending on the distance to the target.
Attempts to improve upon approaches such as this have been
made in [4]. This approach attempted to bootstrap a laser
detection system with visual information, obtained through
facial detection. The technique marked uncertain detections,
such as cases where only a single, leg-like object was detected,
for visual clarification, and relied on visual tracking to detect
false detections.

A far more robust method of classifying object segments
in laser scans was proposed in [5]. Here, supervised learning
was applied to the problem of building a classifier for the
detection of people. Their approach used AdaBoost to create
a strong classifier by combining a set of weak classifiers. Their
classifier consisted of 14 measurements or features extracted
from object segments. These incorporated both geometric and
statistical properties.

[5] trained the classifier on labelled data in three different
environments and found that the strongest features operating
in all the environments were the radius and jump distances.
This effectively means that the classifier was making decisions
based predominantly on the size of targets and the distance to
other segments. Similar results were obtained in [6], which
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compared a variety of classifiers based on the 14 features of
[5] in the context of pedestrian detection. A better classifier,
which uses AdaBoost to train a classifier using a probabilistic
part-based model of geometric laser primitives in conjunction
with omnidirectional images, was proposed in [7].

Although the design of target specific classifiers can poten-
tially produce a high detection rate, it does so at the expense
of generality and may not be the best approach when targets
are not clearly defined. In these scenarios, a better approach
would be to attempt to detect and track objects of interest,
rather than classifying them.

A generalised approach to tracking movable objects, which
uses point matching to locate observations in a map of existing
objects, was proposed in [8]. Unfortunately, this approach
requires that a map of the environment be maintained, and
that scans are closely matched, prior to object labelling.

Tracking of moving objects is of great desire in the context
of simultaneous localisation and mapping (SLAM), where
these targets can interfere with map building and should
be removed before mapping takes place. This problem is
termed SLAM with Detection and Tracking of Moving Objects
(SLAM + DATMO). [9] propose a solution to this problem,
where moving objects are detected in a scan, associated with
those previously detected by comparing geometric primitives,
and tracked over time. An interacting multiple model estimator
(IMM) is used to find motion models for the objects and
combined with multiple hypothesis tracking to predict the
motion of these objects.

One of the most common techniques of object tracking
makes use of Kalman filtering. [10], [11] and [12] all use a set
of independent Kalman filter variants to track the position of
moving targets. The work of [12] modelled the moving objects
with constant linear acceleration and constant rotational veloc-
ity, while that of [10] used white noise acceleration velocity
models.

This paper presents an approach to laser-based target de-
tection and tracking. A generalised tracking system is used,
with the goal of tracking all potential objects visible in a
scan, and not just a specific target. Since this work aims to
detect and track any object visible in the laser scan, no target
specific geometries or motion models are assumed. If required,
a secondary sensor more suited to discriminating between
targets can be used in conjunction with the laser tracking to
select and track a target of interest.

The paper is structured as follows. Section II describes the
proposed approach to laser-based detection and tracking, with
details of descriptor extraction and the Kalman filter tracking.
This is followed by experimental results and conclusions in
section III.

II. METHODOLOGY

A. System Overview

An overview of the entire target tracking process is pre-
sented here, to better describe its operation. Each iteration of
the system commences with the arrival of a new scan. The new
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Fig. 1: A sample laser scan with detected ellipse overlay. The
laser scanner returns are marked as black points. Note that
the principal component ellipse requires at least 2 points to be
calculated, so segments of less than two points are discarded.

scan is then segmented and a descriptor extracted for each scan
segment.

The location of previously detected segments are predicted
in the current scan’s coordinate frame and matching segments
located. The states of matched segments are updated, based
on the current measurement. If a segment is not matched, it
is labelled and enrolled as a new target.

A search through existing targets is conducted to find and
combine any segments that share the same label. This assists in
handling situations where objects coalesce. During this search,
targets that have not been detected for a period of time greater
than some threshold T are removed from the list of tracked
targets.

B. Extraction of Segment Descriptors

Input scans are pre-filtered using a median filter, in order
to remove salt and pepper noise. Thereafter, scans are divided
into segments through jump-distance classification. This in-
volves a simple pass over the laser data, separating segments
if the distance between adjacent scan points is greater than
some threshold.

Four properties or features of each segment are then con-
catenated into a four tuple segment descriptor. The work of
[5], which involved training a classifier to recognise human
targets using numerous extracted features, showed that the
strongest features (features on which classification decisions
were primarily based) were radius and jump distances. In-
tuitively, this means that classifier decisions should be based
primarily on the location and size of point clusters, rather than
on any particular geometric primitives.

These findings inspired the features used in the segment
descriptor. The first two features of a segment are the positions
of the segment’s centroid, measured in 2D space, relative
to the forward facing laser scanner. The choice of centroid
coordinates as features ensures that segment location plays
a role in segment matching. The last two features in the

46



descriptor are the magnitudes of the principal components of
the points in a segment and aim to capture information relating
to segment size.

Principal component analysis (PCA) is a dimensionality
reduction technique that transforms data into a coordinate
system in which the largest variances in the data lie on
coordinate axes termed principal components. Mathematically,
the principal components of a set of observations are related
to the eigenvalues and eigenvectors of its covariance matrix.

In the case of two-dimensional laser point data, the principal
axes correspond to the major and minor axes of an ellipse
encircling the points and so represent a good measure of
the size of a segment. Figure 1 shows how ellipses obtained
through principal component analysis neatly encompass scan
segments. The ellipse is a good model of object size as it can
be shown to cover almost all of an object’s points, when the
principal components are suitably scaled.

It should be noted that the ellipse does not model the shape
of objects, but rather the size. As a result, the information
obtained for non-linear point distributions, where the principal
component ellipse does not always follow the contours of an
object, is still relevant and can be used for matching.

Only the magnitude of the principal components is of
interest, since ignoring direction allows for a certain amount
of rotational invariance in the matching process.

C. Kalman Filter Tracking
Once the descriptors of segments in a scan have been

extracted, they need to be associated with matching segments
in preceding scans. This requires an update of the position
features in the descriptors of previously detected segments,
to account for potential motion of the segments. This is
accomplished by means of Kalman filter tracking.

The Kalman filter is briefly explained here, in the context
of laser-based target tracking. The Kalman filter consists of
two stages, prediction and update. A prediction of a previous
segment’s position is made, based on a motion model, and then
updated, based on the extracted descriptor of an associated
segment. The predicted state x̂k|k!1 and predicted covariance
Pk|k!1 is given by

x̂k|k!1 = Fkx̂k!1|k!1 +Bkuk (1)
Pk|k!1 = FkPk!1|k!1F

T
k +Qk, (2)

with Fk the linear system update and Qk the process noise
covariance matrix. Bk takes the influence of any controls, uk,
into account. Given a measurement zk, the measurement and
covariance residuals are

ỹk = zk !Hkx̂k|k!1 (3)
Sk = HkPk|k!1H

T
k +Rk, (4)

with Hk the linear measurement model and Rk the measure-
ment noise covariance matrix. Then, the updated state and
covariance estimate are given by

x̂k|k = x̂k|k!1 +Kkỹk (5)
Pk|k = (I!KkHk)Pk|k!1. (6)

Here, Kk = Pk|k!1H
T
k S

!1
k is the optimal Kalman gain for a

linear system.
Using these equations, the operation of the Kalman filter

is easily understood. First, a prediction of the system state
is made, assuming zero-mean noise is present. An estimate
of the uncertainty in this prediction is made by combining
previous uncertainty, propagated through the model, with that
introduced through control action and that of the model itself.
A measurement is made and the uncertainty in prediction
combined with the uncertainty in measurement. Finally, a
revised state estimate is obtained by an uncertainty weighted
combination of prediction and measurement.

D. Prediction Models

As general targets are tracked in this work, no explicit
motion models can be defined ahead of time. For this reason,
a constant velocity, white noise acceleration motion model is
used to account for the motion of segments. Four states are
of interest in this model, the 2D position and velocities of an
object, measured relative to a forward facing laser scanner.
The state vector will be denoted by x = [x, y, ẋ, ẏ]T. Using
this model, the system update equations are given by:

Fk =

!

""#

1 0 !t 0
0 1 0 !t
0 0 1 0
0 0 0 1

$

%%& , (7)

with !t the sampling time. The white noise acceleration
model assumes that object velocities are subject to Gaussianly
distributed noise with zero-mean and variance !2

a. This means
that the process noise covariance, Q1 is written as

Q1 =

'
0 0
0 1

(
"

'
!2
a 0
0 !2

a

(
. (8)

The symbol " represents the Kronecker product, which is used
for compact notation throughout this paper, in the interests of
brevity. Note that Q1 is not time varying, so has no subscript
k.

If the laser scanner is stationary, the prediction model of
(7) and (8) is sufficient to compensate for most target motions
and the association of segments for the update stage of the
Kalman filter can proceed. In the case of a moving laser
scanner, however, additions to the white noise acceleration
motion model are required.

E. Extension to Moving Platforms

Assuming that the laser scanner is mounted on a moving
platform and that the translational and rotational velocity of
the laser scanner is known, the white noise motion model can
be extended in the following manner. Recall that the goal is
to predict the position of a segment in a current scan in order
to assist in the segment matching process. Assuming that the
velocities of the laser scanner remain constant between scans, a
previous scan can be brought into the current scan’s coordinate
frame by means of a translation and rotation.
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Initially, previously detected objects are translated by an
approximation of the motion of the laser scanner,

!
tx
ty

"
=

! vk
!k

sin !k
vk
!k

(1! cos !k)

"
. (9)

Here, !k = "k!t is the angular rotation of the laser scanner,
resulting from its rotational velocity, "k. vk represents the
translational velocity of the laser scanner between scans, with
!t the time between scans.

Unfortunately, the velocities of (9) are never known per-
fectly, so uncertainty is present in this translation. This uncer-
tainty in translation can be incorporated into the process noise
covariance matrix as follows. It is assumed that the transla-
tional and rotational platform velocities are subject to zero-
mean Gaussian noise with variances #2

v and #2
! respectively.

This is denoted by writing vk = vak + $v and "k = "ak +
$! . Here, subscript a represents the actual variable while $
denotes the zero-mean Gaussian noise. Substituting in (9), and
linearising through Taylor expansion provides
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(10) has the desirable property of separate system and
noise terms. Hence, setting the random noise variables to zero
provides the translation equations. This property also allows
the system covariance update to be calculated as the sum of
the system covariance and the noise covariance passed through
the system model.

Given a linear system Y = TX, the transform of the
mean and covariance of Gaussian random variables passed
through the system is given by E [Y] = TE [X] and
Cov [Y] = TCov [X]TT respectively. Therefore, the system
covariance update equation is C = TuCuTT

u + TxCxTT
x.

Here, subscript x represents system contributions and subscript
u, noise contributions.

It can now be easily shown that
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where,
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Unfortunately, this system is not valid for "k = 0. In this case
the translation equations become
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and
Tu =

!
!t 0
0 0
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The knowledge of uncertainty in the translation of objects
is incorporated into the object state update equations, by
summing the uncertainty due to translation with the process
noise Q1 to give

Qk =

%!
1 0
0 0

"
# TuCuT

T
u

&
+Q1. (18)

The translation itself is included in the target state update
equations by simply shifting the positional estimates in the
white noise acceleration model by the estimated translation,

x̂k|k!1 = F1x̂k!1|k!1 +
'
tx ty 0 0

(T
, (19)

while the predicted covariance remains that of (2).
The incorporation of translation into the Kalman filter

framework does not correct any error in laser scanner rotation.
The rotation of the laser scanner still needs to be corrected for
by rotating the estimates of target object velocity and position
into the current laser scan’s coordinate frame. This requires
another iteration of the prediction phase of the Kalman filter,
but this time using a model of rotation.

Using direction cosine matrices, the rotation of the predicted
state x̂k|k!1 is obtained by multiplying it by

Fk =

!
1 0
0 1

"
#

!
cos !k ! sin !k
sin !k cos !k

"
. (20)

As before, the rotation can not be known perfectly since the
rotational velocity "k is subject to noise. This is modelled by
the inclusion of a zero-mean Gaussian noise variable $! with
variance #2

! . An estimate of the uncertainty introduced due to
this noise is obtained as discussed earlier, by linearising the
rotation through Taylor series expansion to provide

Tu =

)

**+

!x sin !k ! y cos !k
x cos !k ! y sin !k
!ẋ sin !k ! ẏ cos !k
ẋ cos !k ! ẏ sin !k

,

--. , Cu = #2
!. (21)

Here, (x, y) and (ẋ, ẏ) represent the position and velocities of
the translated segment.

Of course, the uncertainty introduced through rotation can
not be directly summed with the uncertainty in estimates after
translation, since the rotation is a non-linear operation that af-
fects the existing uncertainty in states. Thus, the uncertainty is
included by repeating the prediction phase of the Kalman filter,
updating the state and propagating the uncertainty through the
rotation Fk, and introducing the new uncertainty as process
noise Qk = TuCuTT

u.

F. Update Models
Once a prediction of a target’s position is made, first by

predicting its own motion and then incorporating the effects
of laser scanner motion, the objects in scans should be aligned,
allowing for data association and the update stage of the
Kalman filter tracker to proceed.
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(a) Target 10 is tracked while undergoing a sharp set of turns.
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(b) Target 3 is tracked at a speed of over 6 m/s.
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(c) Stationary objects are tracked while the scanner moves. Target 246
is moving with zero velocity relative to the scanner.
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(d) Target 10 is tracked through an occlusion.
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(e) An object is merged with target 4 as they coalesce.
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(f) A target is lost in an occlusion and assigned the incorrect label when
emerging.

Fig. 2: Experimental results showing the success and failure modes of the laser tracking. Objects are marked on the raw laser
data, with ellipses showing the most recent target detections. Tracked objects are labelled with a unique number and marked
as randomly coloured circles to aid discrimination. A grey object represents a target that has not been detected in the current
scan, but is yet to be removed from the list of tracked targets. Target trajectories are marked by dotted blue trails and all
measurements are in the coordinate frame of the current scan.
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Data association takes place through the use of a nearest
neighbour search, operating on the 4 tuple descriptor intro-
duced in Section II-B. A match is only accepted if the differ-
ence in the Euclidean distance between the first two nearest
neighbours is greater than some threshold. Once segments are
matched, the update stage of the Kalman filter takes place.
As only the position of each target is measured, and not the
velocity, the measurement model is

H =

!
1 0 0 0
0 1 0 0

"
. (22)

The potential error in measurement is obtained from laser
scanner specifications, but requires the inclusion of an addi-
tional quantity that accounts for potential error due to a moving
target centroid. This is likely to occur as points in a segment
move in and out of view. Denoting the standard deviation of
these errors as !m, the measurement noise is

R =

!
!2
m 0
0 !2

m

"
. (23)

III. RESULTS AND CONCLUSIONS

The results of experiments on two sets of data are discussed
here. The first, obtained under laboratory conditions, involves
scans of rapidly manoeuvring targets captured from a station-
ary laser scanner. The use of a stationary scanner allows for
modes of interest to be tested directly. The second set of data
was obtained in a conference venue with uncontrolled targets,
using a wheeled platform that navigates autonomously and
randomly, pausing for approaching targets.

Unfortunately, it is difficult to quantify the performance of a
laser-based tracking system designed to operate in unstructured
environments. Tracking performance is typically dependent on
the end application, and ground truth data is not readily avail-
able for comparison. Due to this difficulty, the experimental
work presented here only aims to identify and explain any
system failure modes.

Three primary scenarios are of interest when tracking
moving targets in laser scans, detecting high speed manoeu-
vring targets, handling coalescing objects and tracking objects
through occlusions. Figure 2 shows the tracker performance
in these situations.

The system proved extremely robust to rapidly moving,
manoeuvring targets, and was able to follow a human running
at over 6 m/s (Figure 2b) with a stationary scanner. While
this is extremely fast, it does constrain the allowable platform
motion, if objects are to be tracked using a moving scanner.
Nevertheless good results are still obtained with a moving
scanner. Figure 2c illustrates this using a scan captured in
the conference setting, an extremely challenging data set
containing numerous targets.

The tracking system is able to cope with temporary occlu-
sions, as indicated by Figure 2d, provided the trajectory of the
target does not change significantly when occluded.

Figure 2e shows how the tracking system is able to merge
objects that are close together. In this case, a person picked
up and moved another object in the scan, before separating.

Unfortunately, the ability to coalesce objects decreases the
system’s ability to discriminate between closely positioned
objects.

This is indicated by Figure 2f, which shows a failure in the
tracking system. In this situation, a target object entered an
occluded region, but changed trajectory in this region causing
it to be lost. The lost target then emerged from the occluded
region close to a stationary target of similar size and was
incorrectly merged with this target. This behaviour is difficult
to counter, and a secondary sensor is required for better target
discrimination.

Despite this failure mode, the tracking system performs well
and is able to overcome a wide variety of scenarios. The use
of principal components in the extracted descriptor allows for
closely located objects of differing sizes to be discriminated
between, while the Kalman filter allows both platform and
object motion to be accounted for.
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Abstract—This paper presents a monocular vision based tech-
nique for extracting orientation information from a human torso
for use in a robotic human-follower. Typical approaches to human
following use an estimate of only human position for navigation,
but we argue that a better navigation scheme should include
directional information. We propose that the pose of a walking
person’s upper body typically indicates their intended travelling
direction, and show that a simple planar fit to the back of
a human torso contains sufficient information for the purpose
of inferring orientation. We obtain this planar fit using only
2D image points. Results showing the efficacy of this approach
are presented, together with those of a simple human-following
controller incorporating the pose estimate.

I. INTRODUCTION

The ability of a mobile robot to track and follow a human
is required in a wide variety of applications, particularly in
service robotics. Human-following robots not only need to
detect, recognise and track their targets in real time but also
navigate towards them in an intelligent manner.

These robots are typically equipped with a diverse and
varying combination of sensors for locating and recognising
targets. Light detection and ranging (LiDAR) [1], for example,
provides accurate distance measurements but may lead to
potential ambiguity in target recognition. Electronic tethering
techniques that use radio frequency identification (RFID) [2]
are effective but require that the human followed wear a
tracking device and often need a secondary sensor for greater
measurement accuracy. As a result many systems employ
vision, selected for its ability to provide abundant informa-
tion about the robot’s environment, in a passive manner, at
relatively high speeds and low cost.

Early examples of vision based human-following robots
made use of simple template matching schemes [3] or colour
based blobs with contour models [4] for target detection and
recognition. The latter approach uses stereo-vision in order to
obtain an absolute scale representation of the human’s position.
In the single camera case, however, absolute scale is typically
not available and alternative distance measurements, such as
the size of detected blobs [5], are incorporated for navigation.
These approaches and other early ones suffer potential target
ambiguity in the presence of multiple persons or cluttered en-
vironments, mainly due to detection and recognition schemes
that are not particularly robust. More recently, feature based

approaches have been applied to the problem with impressive
results [6].

The above-mentioned approaches, and many others, nor-
mally use merely some form of position measurement for
navigation. More intelligent navigation schemes could be
implemented, however, if some knowledge of the intended mo-
tion of the human target was incorporated. In fact, results of a
preliminary study on the social acceptance of human-following
approaches [1] indicate that the following of direction is more
acceptable to people than point-to-point path following.

A human-following system that includes orientation infor-
mation requires that some measure of human body pose be
made. Unsurprisingly, human pose estimation is a popular
topic within the computer vision research community and
a large body of work on the subject is available. Common
approaches fit complex articulated body models to image
scenes [7]. While these and similar techniques are effective and
produce commendable results, our focus is on simplicity and
speed. Moreover, these techniques typically produce a large
amount of information (e.g. individual limb positioning) where
a single orientation angle would be sufficient for our purpose
of controlling a wheeled robot.

In this paper we present a means of extracting human
orientation for use in a human-following robot. A feature
based matching scheme is chosen to detect and recognise
the human target, in an effort to minimise the likelihood of
tracking ambiguity, and an approach to extracting human pose
information from a single image is explained. A measure of
certainty in the pose estimates is introduced and we present
results showing the efficacy of our approach. Results of
human-following using a simple controller that incorporates
our estimate are presented and discussed.

II. OUR METHOD

Our system operates under the assumption that the pose of
a walking person’s upper body typically indicates travelling
direction. Although humans are capable of walking in direc-
tions opposed to that indicated by their torsos, this is certainly
not the norm and, intuitively, the assumption seems valid. It
is justified further by the work of [8].

The authors of [8] attempted to simulate human walking on
level ground using a three-dimensional, neuromusculoskeletal
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model of the body together with dynamic optimisation theory.
They compared their model with data captured from a variety
of sources in human walking trials. This data showed that the
deviation in back angle of a walking person typically remains
within 10!. As we are interested only in the approximate
facing direction of the human, a complex model of body shape
and limb position is not required. A simple planar fit to the
back of the torso should contain sufficient information for us
to infer travelling direction.

The proposed method allows a planar fit to a torso to
be obtained from a single image obtained by a perspective
camera mounted on a robot. Note that the system requires
that relatively salient clothing be worn by the human because
the detection is feature based. Initially, matches relating the
robot’s current view of the human to some desired view are
obtained. Here the desired view would typically be a fronto-
parallel image of the back of the human’s torso. A planar
homography mapping the features in the current view to the
desired view is then estimated, from which pose measurements
are extracted.

Although features detected on the back of a human torso
are usually not strictly coplanar, a sufficiently robust method
of homography estimation is able to discard errors induced by
this assumption. In addition, a robust measure of homography
is also required to reduce errors caused by the deformable
nature of clothing, which may ripple and warp during motion.

A. Detection
Point correspondences between the current and desired

frame are obtained from the speeded-up robust features
(SURF) of Bay et al. [9]. The SURF descriptor performs
similarly to the widely used scale invariant feature transform
(SIFT) [10], but uses first-order Haar wavelet responses instead
of gradients. SURF also makes use of integral images for filter
convolutions, thereby greatly improving processing speed. We
selected this approach because of its high speed as well as the
good detector repeatability over varying blur, scale and view-
point angle. It is possible to further reduce the computation
time by limiting the scale range over which interest points are
detected.

Matching features between the current frame and desired
view is accomplished by conducting a nearest neighbour
search on the SURF descriptors calculated at the interest
points. With this method we obtain good matching results for
a wide variety of torso motions, despite the fact that SURF
was not specifically designed for affine invariance.

B. Homography Estimation
Our goal is to find a means of fitting a plane through

keypoints detected on the back of a human’s torso. This is
a relatively simple task if the 3D locations of features on the
torso are known, but the only information available when a
single perspective camera is used is the projected 2D locations
of detected features on the image plane.

Suppose x1 and x2 represent the projections in two images
of some point on a plane, in homogeneous coordinates. These

projections can be related by means of a 3 ! 3 homography
matrix H, as follows:

x1 = Hx2. (1)

Note that this relationship assumes an ideal pinhole camera
model and therefore requires images to first be dewarped with
respect to lens distortion.

If we were to estimate the homography between two views
of a human torso, we would effectively be measuring the
rotation and translation between two planar approximations
of the torso.

The normalised direct linear transform (DLT) [11] can be
used to find the homography from at least four available point
correspondences because every correspondence provides two
equations and, since x1 and x2 are specified in homogeneous
coordinates, H is specifiable up to scale.

The problem is likely to be over-specified as typically more
than four correspondences are found by the SURF matching
scheme. Many correct matches would be useful in solving for
the homography in a least-squares sense but, unfortunately,
incorrect matches (outliers) can have a drastic negative effect
on such a solution. We therefore opt for an iterative RANSAC
based approach [12], in an effort to find a homography that
minimises a re-projection error.

In our context RANSAC, short for random sample consen-
sus, operates as follows. From the set of all available point
correspondences a random subset of four is drawn and a model
homography is determined using DLT. This homography is
used with a re-projection error to determine which of the
remaining points agree with the model, thereby forming a
consensus set. In our case the re-projection error measures the
error between the original coordinates of matched points and
those projected in both directions under the model homogra-
phy. If the consensus set is large enough the final homography
is calculated from it as a least-squares solution. If not, a new
subset is chosen and the process is repeated until a large
enough consensus set is obtained or a specified number of
iterations is reached, in which case the final homography is
calculated from the largest consensus set found.

This robust RANSAC based homography estimation is ex-
tremely effective at obtaining homographies in the presence of
a large number of outliers. This property is especially desirable
as many outliers could be present in our system due to the
deformable nature of clothing, the occasional mismatched
feature and the slight curvature (or deviation from planarity)
of a human torso.

Also, and importantly, the use of RANSAC based homog-
raphy estimation allows for a measure of certainty to be
obtained. We define this certainty measure as the ratio of
inliers used for homography estimation to the total number of
detectable features on a target (the number of features marked
by the SURF algorithm on the template image). This ratio
implies that as the size of the consensus set increases so does
the trust in the estimated homography.
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(a) reference template (b) approx. 30! yaw (c) rippled shirt (d) approx. !45! yaw

(e) yaw and roll (f) forward tilt (g) backward tilt (h) roll, partial occlusion

(i) near, partial occlusion (j) distant, blurred (k) outdoors (near) (l) outdoors (far)

Fig. 1: Results of the single-view homography based pose measurement system on a range of test cases. The template image is
shown in (a). The superimposed green quadrilaterals in (b)–(l) show the estimated planar approximations from which position
and orientation, relative to the template, are extracted.

C. Homography Decomposition

Once the homography has been determined the various pose
parameters, mapping the current camera coordinate system
to the desired (template) camera coordinate system, can be
retrieved from the decomposition

H = K
!
R+ t nT

"
K!1 (2)

[13], where K is the intrinsic camera calibration matrix, R
a rotation matrix, t the translation of the camera and n a
vector normal to the target surface. There are eight degrees of
freedom: three in the rotation and five in the surface normal
and camera translation (which is extractable up to scale).

We use the algorithm of Faugeras and Lustman [13] to
calculate the pose parameters in (2) from a given homography.
Camera effects are removed from H and the singular value
decomposition (SVD) of the result is obtained, as

#H = K!1 HK = U!VT . (3)

Here K indicates the camera calibration matrix, obtainable in
an offline calibration procedure.

The diagonal matrix !, containing singular values of #H, can
be decomposed into the various pose parameters with relative
ease, such that

! = $R+ $t $nT . (4)

This decomposition is rather lengthy, however, and the reader
is referred to [13] for details. The algorithm can provide
up to eight different solutions but, fortunately, not all are
physically possible. The solution set is immediately reduced to
four by including the constraint that both image frames must
be located on the same side of the target object or, in other
words, that the object viewed cannot be transparent. A second
constraint, enforcing that visible points must be in front of
both cameras, reduces the set to two solutions. Finally a single
solution is obtained by incorporating assumed knowledge of
the surface normal in the desired view.

The final decomposition elements of H are then calculated
according to

R = U $RVT , t = U$t , n = V $n. (5)

The translation vector is returned up to scale, because a single
camera is used. However, for the purposes of control, this
ambiguity is not a problem as long as the translation compo-
nents remain monotonic. The controller will minimise error in
translation by generating proportional motion commands so,
in a sense, the unknown scale is incorporated in the controller
gains.

Only three parameters in R, t and n are of particular interest
for wheeled platform control: the target yaw and the 2D trans-
lation to target. The ability to extract the three parameters of
interest independently of the unnecessary degrees of freedom
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is important though, because it implies that a certain amount
of invariance to uneven terrain is present.

Target yaw or orientation is extracted from the rotation ma-
trix and represents a rotation about a vertical axis in the camera
coordinate frame. The translations of interest are the shift of
the horizontal camera frame axis, tx and the optical axis shift,
tz . Note that these parameters are measured relative to some
template image or reference frame. For our applications we
assume that the reference frame is an approximately fronto-
parallel image of the target human’s back.

III. RESULTS

This section aims to show that the homography based pose
estimate provides translations and a measure of orientation
that is useful for the purposes of wheeled robot control.
While it is difficult to provide insight into the accuracy of
the measurement, as no ground truth is available, we aim to
show that the homography based plane fit provides a believable
estimate of a human torso’s facing direction.

A. Pose Estimation
Fig. 1 confirms that the pose estimate is conceptually

correct, through examples of planes fit through a human
torso using the homography pose estimate. These examples
show that a plane fit to the torso appears to capture the
facing direction. The reference image of the shirt worn during
experiments is shown in Fig. 1(a). All pose estimates obtained
are measured relative to this view and the goal of a human-
following task would be to generate platform control signals
that recreate this view. The superimposed green quadrilateral
in (b)–(l) shows the estimated planar approximation to the
back of the torso.

As the figure shows, the system is robust when subjected
to some extreme human motions and deforming clothing.
Valid pose measurements are also obtained when the torso
undergoes partial occlusions and over large scale changes. The
images obtained outdoors are of poor quality and affected by
glare, but illustrate that the system still functions effectively
in challenging environmental conditions.

These images show that the pose estimate contains infor-
mation regarding a person’s position and orientation, but do
not provide any information as to the accuracy of an estimate.
As discussed earlier, only three pose parameters are of interest
for the motion control of a wheeled platform: target yaw, the
shift of the horizontal camera frame axis, tx and the optical
axis shift, tz . Results of experiments conducted to test the
reliability of these measurements are now presented.

Fig. 2 shows the relationship between actual variations of
horizontal target motions and those obtained by the homog-
raphy based pose estimate. Image sequences of a stationary
human target in a fronto-parallel configuration were captured
at three positions approximately 2 m from a camera. Note
that the homography based pose estimate does not continually
provide the same estimate when viewing a target in a static
scene, as noise in images causes changes in the features
used for pose estimation. This variation in measurement is
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Fig. 2: Mean (dots) and standard deviation (bars) of the mea-
sured horizontal translations by our homography based pose
estimation, plotted against ground truth. Average certainty
measures are also shown (the annotations above the error bars).
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Fig. 3: Mean and standard deviation, and average certainties,
of measured optical axis translations against ground truth.

quantified by the standard deviation error bars displayed in
the figure, with a line fit through the mean of estimates. The
average certainty measures for each position are also noted in
the figure.

Fig. 3 shows the relationship between actual variations
of target motions along the camera optical axis and those
obtained by the homography based pose estimate. As before,
image sequences of a stationary human target in a fronto-
parallel configuration were captured at incrementing 0.5 m
intervals. The variation in measurement, quantified by the
standard deviation error bars displayed in the figure, shows
that the estimate becomes less reliable as the target moves
away from the camera. It also confirms the usefulness of our
certainty measure for each position.

Practical experimentation shows that the certainty measure
rarely exceeds 0.6, with a measure greater than 0.1 cor-
responding to a reliable parameter estimate. Note that the
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Fig. 4: Mean and standard deviation, and average certainties,
of measured target yaw against ground truth.

estimated translations are not actually equivalent to the actual
translations used for test purposes, but are linearly related by
means of a scale and shift. This is unimportant for the purposes
of controlling a platform using these parameters, where bias
in controller set-point is added to account for any shift and,
as mentioned before, scales are incorporated into controller
gains. In fact, suitable platform control can be obtained as
long as the estimate is monotonic. This is clearly the case for
the given translations, indicating that the estimates can be used
for the purposes of control.

Fig. 4 shows the relationship between actual variations
of target yaw and those obtained by the homography based
pose estimate. These estimates were obtained by performing
pose estimation on image sequences of a human target with
varied orientation. Orientation was controlled by marking 20!

intervals directly in front of a camera, and capturing image
sequences of a human target facing in each these directions.
The variation in measurement, quantified by the standard
deviation error bars displayed in the figure, shows that the
estimate becomes less reliable as the target rotates away from
the camera. At ±60!, near the measured limits of the feature
based recognition, the estimate becomes untrustworthy. Again,
the average certainty measures confirm this.

Once more, it is important to note that while the yaw
estimates are not exactly that of the input system, this is
unimportant for the purposes of control. As long as the
measurements are monotonic, a suitable controller will still
result in corrective motions that cause the magnitude of target
yaw to decrease. This results in target pose estimates that are
more trustworthy, as indicated by the certainty measures in
Fig. 4, which in turn allows for more accurate orientation
control.

Figs. 5 and 6 show the variation in target yaw, given pure
translations. Ideally, the estimate should be independent, but in
practice this is not achieved. Fortunately, this variation is not
significant and does not affect the estimate’s use in a control
system. Recall that the use of this estimate of human pose
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Fig. 5: Effect of actual horizontal target translations on target
yaw estimates. Average certainty measures are also shown.
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Fig. 6: Effect of actual optical axis target translations on target
yaw estimates.

is still based on the assumption that a human’s upper body
represents a good measure of their travelling direction. The
work of [8] reiterates this, with the finding that a human torso
deviates within approximately 10! during a walking task. This
finding implies that the non-ideal variation of target orientation
given translations typically falls within the estimate noise floor,
and is thus not overly significant.

B. Human Following

We now show that the pose information extracted is of use,
by briefly presenting results of a simple controller used for
human-following. The controller implemented aims to min-
imise errors in the relative target orientation and translations
to the reference frame. This controller behaviour essentially
results in platform motion commands that attempt to move the
camera in such a way as to recreate the reference or template
image view, against which all measurements are made.

The results presented here were captured using the odometry
measurements of a Pioneer P3-AT test platform. Although
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Fig. 8: Path of a robot following a human. As no ground truth
for human motion is available, an attempt is made to obtain
this using the odometry of a robot driven along the same path
prior to the human-following task.

odometry is subject to drift, it is still reasonably accurate over
short distances and provides a good idea of the platform’s
motion.

Fig. 7 shows the controller behaviour when responding to
an offset straight line, with differing orientation to that of the
platform. It shows that the controller causes the platform to
move in such a way as to always be behind the human target,
allowing for improved human-following trajectories.

Fig. 8 shows results of a human-following task incorporat-
ing the orientation and translation estimates presented here.
The results show that the information extracted through the
homography based pose estimate is indeed useful, as the robot
is able to track and follow a human target using a controller
incorporating this information.

IV. CONCLUSIONS

We have presented an approach to robotic human-following
that makes use of feature matching for detecting and recog-
nising a human target from a single-camera view, and then
extracts pose information. Our approach approximated a planar

fit to the target using a robust measure of a homography
mapping between 2D image coordinates. The results of this
technique were presented and shown to incorporate sufficient
information for the purposes of platform motion control.
Moreover, our approach allowed for a certainty measure to be
defined for an estimated pose which may be extremely useful
in a control situation.

A simple controller that illustrates the benefit of a human
pose measurement that includes basic orientation informa-
tion was implemented to confirm the validity of the esti-
mate. Though this controller may not be optimal for human-
following, it showed that the information extracted through the
homography based pose measurement was useful, and could
be applied to a more complete human-following system.

Future work may involve the design of navigation schemes
that optimally follow a human target, given the constraints
of the feature based pose estimate, and the incorporation of
additional target recognition strategies for added redundancy.
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Abstract—Hand posture reconstruction systems based on large
databases of synthetically rendered images of a 3D hand model
offer a simple and flexible means of exploiting domain knowledge
to provide training data. Such systems may also be applied to
other domains in the posture reconstruction field by changing
the model under consideration.

Typically, the index structures used to answer similarity
queries at runtime explicitly contain the prerendered feature
data. However, the combinatorial explosion resulting from the
multiple degrees of freedom available to the human hand severely
limits the complexity of feature data that may be embedded into
the index structure.

The system presented in this paper exploits real-time object-
space rendering techniques to rebalance the preprocessing and
runtime workloads such that the space complexity of the database
relative to the number of degrees of freedom is greatly reduced.

A prototype of the database subsystem is implemented and its
properties investigated to obtain insight into its scaling behaviour.

I. INTRODUCTION

Hand posture reconstruction systems must be able to handle
the multitude of poses that the human hand is capable of
assuming. This is particularly important in applications where
high accuracy is desired, such as sign language recognition
systems.

The combinatorial explosion in the number of possible
poses makes the acquisition of sufficient quantities of real
training data challenging. This stands in marked contrast to
the amount of domain knowledge humans can provide with
respect to the structure and appearance of the hand.

Training data might also be obtained by synthesis and, while
a measure of caution is needed in dealing with synthetic data,
its use may be justifiable in cases where domain knowledge is
extensive. For example, a 3D model of a hand may be created
fairly easily.

Systems of the type under consideration in this paper are
those which make use of a large database of prerendered
feature data, indexed in such a way that a nearest neighbour
search can be performed efficiently. Of particular interest are

the systems demonstrated by Athitsos et al. [1]–[6], and Dick,
Zieren and Kraiss [7] (detailed in Zieren’s PhD dissertation
[8]). The former group focused on unadorned hands, while
the latter made use of coloured gloves.

An important common feature of these systems is the pres-
ence of both structural (index) information and prerendered
feature data within the database. Because the number of
feature data entries is the product of the number of different
settings made available to each individual degree of freedom,
the space needed by the feature data grows exponentially in
the number of degrees of freedom. Due to this behaviour, a
difficult trade-off exists between the complexity of the feature
data and the allowable size of the purely structural part of the
index. The feature part of a database entry tends to be much
larger than the structural portion of that entry, and so becomes
a large constant multiplier in calculating the total database size
(relative to a purely structural database).

One way of addressing this problem is to select features
which can be compactly represented. Zieren et al. followed
this route by choosing to approximate the coloured marker
regions (the fingers and palm marker) as ellipses. Another way,
employed by Athistos and Sclaroff, is to embed the feature
data into a low-dimensional space, effectively compressing
each feature entry to a manageable size.

In the sections that follow, the authors outline a different
approach where synthetic feature data is not stored in the
database, but resynthesised as needed at runtime by effi-
cient real-time rendering techniques. The rendering process
is primed by a separate database containing preprocessed
geometric data obtained from the 3D model. This database,
however, grows linearly with respect to the number of degrees
of freedom. Because the index structure contains only struc-
tural information, there is much greater freedom with regard
to the complexity of the features that may be chosen.
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Fig. 1. Conventional System

II. SYSTEM OVERVIEW

A generalised representation of the systems described by
Athitsos et al. and Dick, Zieren and Kraiss is shown in
Figure 1. Such systems rest on the implicit assumption that the
calculation of feature data is “too difficult” to do at runtime,
and so is finalised during preprocessing.

This creates a heavy burden in the form of a massive
increase in the size of the database. In essence, this repre-
sents an extreme design choice in favour of decreased time
complexity of runtime database queries at great cost in terms
of space complexity (database size). Yet, the index structures
employed typically aim to minimise the number of feature
comparisons, ideally approaching (in the case of exact query
resolution) log2 N of the number of database entries (N ). This
suggests that an increase in computational effort during feature
comparison may be justified in order to achieve a significant
reduction in the size of preprocessed feature data.

Zezula [9] provides an excellent introduction to a large class
of such index structures (those based around metric spaces),
of which the Vantage Point Tree (see Yianilos [10]) is a
particularly elegant illustration.

Assuming that the index structure has been created, one can
imagine another extreme in which the entire rendering opera-
tion is performed each time synthetic feature data is required
during the runtime query process. While trivial to implement,
this solution is unsatisfactory because of its underutilisation
of preprocessing time.

The authors propose a compromise between these two
extremes, grounded in the observation that each finger of the
hand may be rendered separately, and these only affect each
other towards the end of the rendering process during hidden
surface removal. For each viewpoint, and each allowed individ-
ual finger posture, the geometry of the mesh is processed to the
point where it must be combined with other component meshes
for hidden surface removal to begin. Significant savings in
processing time can be made by ensuring that the input to the
final rendering stage is in a convenient form.

A block diagram of the resultant system is shown in
Figure 2. The core difference between this system and the

conventional system shown in Figure 1 is the splitting of the
index structure and the (proto)-feature data. In addition, the
runtime system must now also call the rendering subsystem
in order to obtain synthetic feature data, which is needed to
resolve queries in the index structure.

Both conventional systems discussed previously made use of
standard rasterisation techniques during rendering, producing
an image at some chosen resolution which must then be
processed in a per-pixel fashion towards extracting features.
This has the disadvantage of introducing a trade-off between
accuracy and speed when choosing the image resolution.
However, only the resultant features needed to be stored in
these systems, allowing one to discard the rasterised image.
In order to stop the process just before hidden surface removal,
one would have to store entire synthetic images (along with
depth information in the form of a Z-buffer).

Instead, desiring only the shapes of marker regions, we
forgo rasterisation, performing all processing steps in object
space. This has the advantage of needing only a compact
description of the separate model component geometries as
input.

The detailed operation of the system will now be discussed,
beginning with a description of the workings of the rendering
pipeline.

III. RENDERING PIPELINE

For a general overview of object-space hidden surface
removal algorithms, the reader is referred to Ghali [11]. In
existing literature, algorithms of particular interest are those
proposed by Sechrest and Greenberg [12], and Goodrich [13].
The proposed rendering pipeline draws strongly on the ideas
presented by these authors. It differs, however, in its emphasis
on contour information preprocessing to increase runtime
execution speed. It also differs in its removal of non-silhouette
vertices of non-planar (though locally planar) surfaces in
order to dramatically reduce the space requirements of the
preprocessed data.

From the outset, it seems necessary to process each of the
model’s mesh vertices when performing the render operation
at runtime. This is, however, not necessarily the case. If only
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the visible polygons need to be reconstructed (along with
some descriptor of which surface is associated with each
polygon), a significant reduction in algorithmic complexity can
be achieved.

Key to the system presented here is the need to stop just
short of hidden surface removal. Usually, a description of
the entire surface associated with the 3D model needs to be
available. However, if one guarantees that no two surfaces
intersect anywhere other than their boundary curves, it can
be shown that one no longer needs all the mesh vertices to
remove hidden surfaces. Only those vertices need to be stored
which, from the viewer’s perspective, define the outer edges
of the surfaces. This is illustrated in Figure 3, which shows
how the depth order of two non-intersecting regions may be
determined at the crossing of their boundaries.

This non-intersection criterion is primarily enforced through
careful design of the object mesh. However, combinations of
joint angles leading to physically impossible intersections of
mesh components may be detected during preprocessing, and
then excluded from the index structure. Thus, the runtime
system never needs to consider this question.

The renderer assumes that the effects of perspective are neg-
ligible over the volume of the hand, and performs orthogonal
projection. For added simplicity, the image plane is chosen
to be the plane where z = 0, meaning that projection onto
the image plane requires only dropping the z-component of a
particular vertex.

Rendering a model in this system consists of a preprocessing

phase and a runtime phase, encompassing several steps each.
The output of the various stages is visualised in Figure 4.

A. Preprocessing Phase
1) Rotate partial object mesh according to viewpoint.
2) Backface culling.
3) Remove all internal edges.
4) Create reusable boundary representations for fast

boundary intersection determination.
B. Runtime Phase

1) Combine preprocessed boundary representations.
2) Create graph of boundary intersections.
3) Determine boundary contour visibility.
4) Reconstruct visible polygons.

Each step of the process will now be discussed in greater
detail.

A. Preprocessing phase

1) Partial mesh rotation according to viewpoint: Changes
in viewpoint are simulated by rotating mesh vertices, keeping
the viewer located at positive infinity along the z-axis, looking
towards the origin.

2) Backface culling: All triangles which have their back-
faces turned towards the viewer are removed.

3) Remove all internal edges: Assuming the object is rep-
resented by surface meshes built from triangles, each edge is
associated with at most two triangles. Internal edges are those
edges which have two forward facing triangles associated
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Fig. 3. An example showing two surfaces A and B, with A being closest to
the viewer. Note the intersecting projection boundary points which determine
the visibility of the overlapping surface regions.

with them. Since backface culling has been performed, all
triangles are turned towards the viewer, and this step consists
of removing all edges which have two triangles associated with
them. This leaves only the boundary contours.

4) Create reusable boundary representations: The line in-
tersection algorithm makes use of a priority queue to order the
contours in a convenient way. The sort operation needed during
queue construction can be performed on the partial mesh
boundaries, easing the subsequent runtime merging operations.

First, boundary contours are decomposed into curves with
vertices arranged in lexicographic order. For vertices v1 and
v2, v1 is lexicographically before v2 if and only if either
x(v1) < x(v2), or x(v1) = x(v2) and y(v1) < y(v2). The
curves are annotated to indicate which side the associated
surface (if any) is attached to, as well as the descriptor of
that surface.

These curves are inserted into a priority queue, sorted by
the first vertex in each curve. This priority queue serves as
input to the runtime rendering system. Note that, at this point,
the space complexity of the data need only be O(k), where
k is the number of boundary points. Essentially, this means
that a representation has been found consisting of only the
projected “shape” of the object. The space complexity, there-
fore, scales roughly with contour length and complexity, rather
than surface area and complexity. This similarly reduces the
subsequent time complexity of runtime rendering operations.

B. Runtime operation
1) Combine preprocessed boundary representations:

The rendering operation commences with merging (non-
destructively) the priority queues containing the boundary
information from each mesh component. The details of this
operation depend on the representation of priority queues. For
complex models, a Fibonacci heap [14] delivers constant time
merge operations (balancing the work of merging structures
across later dequeueing operations, which each have amortised
O(log(m)) complexity). However, in the case of simpler
models, a simple sorted list representation may be preferable
to avoid unnecessary overhead.

2) Create graph of boundary intersections: The boundary
contour intersections are now determined using a version of the
Bentley-Ottmann algorithm [15]. The authors’ implementation

(a) (b) (c)

(d) (e)

Fig. 4. The stages of the rendering pipeline, illustrated using a complete
hand mesh — Preprocessing phase: (a) Wireframe hand model; (b) Mesh
component boundaries decomposed into lexicographically sorted curves —
Runtime phase: (c) Line intersection graph construction; (d) Determination of
line QI; and, (e) Visible polygon reconstruction.

closely follows that of [16], but takes additional advantage of
the continuity of curves.

Essentially, the Bentley-Ottmann algorithm operates by con-
sidering events of interest in lexicographic order. Unprocessed
events are stored in a priority queue called the X-structure.
Initially, this structure contains only the start events of each
curve, provided by the previous step in the rendering process.

A list of currently active curves is maintained in what is
called the Y -structure. When a curve is first encountered, an
entry for it is created in the Y -structure in a way which main-
tains the current y-ordering of the active curves. In this way,
only the neighbours of a curve within the Y -structure need to
be considered to find the next possible intersection. A further
reduction in curve comparisons may be achieved by ensuring
that intersections are removed from each mesh component’s
preprocessed boundary information, eliminating the need for
comparing curves from the same mesh component.

Intersection events, when detected, are inserted into the X-
structure to be handled when intervening events have finished
processing. An intersection essentially changes the order of
elements in the Y -structure.

Changes of curve direction are also scheduled as events,
and these trigger checks for future intersections along the new
curve segment. The termination of a curve leads to its removal
from the Y -structure.

When a group of events have the same image plane projec-
tion, representing some combination of the preceding cases,
somewhat more complex behaviour results. Ultimately though,
the proper order of the active curves within the Y -structure
must be maintained after all events have been processed. This
may be done by performing a small sort operation on the
relevant subsequence of the Y -structure.

The output of the algorithm is a graph. At each point in the
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Fig. 5. Illustration of Quantitative Invisibility

image plane where an event is processed, a node is created
which connects the curves passing through it. The curves are
noted as edges between nodes in the output graph.

The algorithmic complexity of this entire rendering step
depends on the time complexity of the X-structure merging,
insertion and dequeueing operations, and the average number
of active contours within the Y -structure during operation.
Specifically, encountering a new curve triggers a search for the
proper insertion point in the Y -structure. However, careful use
of backpointers to Y -structure elements in events inserted into
the X-structure make the search operation constant time for
the other operations. The number of events processed equals
the sum of curve beginnings, changes in curve direction, curve
endings, as well as the number of intersections between curves.

3) Determine boundary contour visibility: Appel [17] intro-
duced the concept of Quantitative Invisibility (QI), the number
of surfaces between the viewer and the contour. By considering
all boundary intersections, QI may be “propagated” through
the resulting graph to determine contour visibility.

Figure 5 illustrates line visibility in terms of QI. Note that
changes in QI occur only at boundary crossings.

There are two caveats to take into consideration. Firstly,
only the depth order is determined by boundary crossings.
Thus, only the relative order of the two surfaces within the
global list of surfaces present at the boundary intersection
is known, and not their absolute positions within the list of
surfaces. Secondly, it may occur that there are no boundary
intersections between to surfaces (for example, where a surface
is either entirely in front of or behind another surface).

It is clear that the absolute QI needs to propagate along
continuous contours, changing at intersections. In order to pro-
vide a graph which is fully connected in 3D, one may provide
auxiliary contours which are unassociated with a surface, but
pass through regions which are known to be free of surfaces,
meaning QI may be safely propagated along them. Connecting
isolated boundary contours with such auxiliary contours allows
absolute QI to propagate throughout the intersection graph.
Note their presence (running through the finger cores and the
palm) in Figures 4b through 4d.

QI propagation takes the form of a depth-first traversal of
the boundary intersection graph, only following continuous
connections. The traversal must start at a point of known QI.
We select the first point considered by the Bentley-Ottmann
algorithm. At least one curve must start at this point, and the
top-most one should then have a QI of zero.

Intersections with boundary contours have the effect of
either increasing or decreasing the current QI by one, or by
leaving it unchanged, depending on whether the intersecting
boundary curve passes in front of or behind the current curve.
If the intersecting curve passes in front of the current curve, its
associated surface and the relative directions of the two curves
within the image plane determine whether the change is an
increase or a decrease, representing respectively the occlusion
or the uncovering of the current curve.

4) Reconstruct visible polygons: Visible polygon recon-
struction is performed in two steps. During the first step, the
depth order of surfaces present in the arc between neighbour-
ing edges around a node is determined.

A depth-first traversal is performed, selecting a known
visible edge by, again, considering the first node outputted
by the Bentley-Ottmann algorithm. There are no surfaces at a
point just anticlockwise from the closest edge clockwise from
the vertical. The initial (empty) surface list is located here.

From this edge, going clockwise, the algorithm enumerates
the surface lists between each pair of edges. At each edge, the
current surface list is recorded as the surface list anticlockwise
of the edge. If the edge has an associated surface, the edge’s QI
is used as an index into the current surface list for insertion
or removal according to the direction in which the surface
extends. The resulting surface list is recorded as the surface
list clockwise of the current edge.

If an edge connects to an unvisited node, the edge is
traversed (after all edges at the current node have been
considered) and the process repeated. A surface list bordering
the new node is obtained by observing that a surface list
clockwise of an edge at the first end-node is the surface list
anticlockwise of the edge at the other end-node.

The final step in polygon reconstruction considers each
node in lexicographic order. At every visible edge (edges
with QI = 0) which has a surface associated with it, the
surface list clockwise of it is taken as a starting point. The
surface list is marked as “visited”, but if it has already
been marked previously, the current edge is ignored instead.
Assuming the list was unmarked, the next visible edge is
found and its anticlockwise surface list marked as visited. A
recursive traversal is performed, following the boundary in an
anticlockwise fashion, marking the appropriate clockwise and
anticlockwise surface lists as needed. When a surface list is
discovered that has already been visited, it must be the first
edge where the traversal began. The edges visited are now
concatenated into a list of polygon vertices which, together
with the surface descriptor, form one element in the output
list of polygons.

IV. EXPERIMENTAL METHODOLOGY

A prototype system was implemented in order to test the
scaling behaviour of the preprocessed partial feature database.

A hand model was created based on a set of component
meshes representing the fingers and palm. Each finger is
controlled separately by selecting from predefined sets of joint
parameters. The sets of joint parameters were purposefully
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chosen to be the same as those presented by Zieren [8], in
order to use that system as a baseline. Accordingly, the thumb,
index finger, middle finger, ring finger and pinky have 7, 9, 8,
9 and 9 possible settings respectively.

The set of possible viewpoints was, again, chosen to match
Zieren [8] as closely as possible, in which the database
contained 105 viewpoints. For the prototype, the viewpoints
were derived from a spherical covering of 130 points, made
available in tabular form by Sloane et al. [18].

All the necessary preprocessing for runtime operation was
performed. In the next section, key characteristics of the
resulting partial feature database are examined and contrasted
with the baseline system.

V. RESULTS AND DISCUSSION

The number of component mesh entries in the prototype
database equals 130 ·(7+9+8+9+9) = 5460. This contrasts
sharply with the baseline database which, without elimination
of impossible combinations, contains 105 · 7 · 9 · 8 · 9 · 9 =
4286520 feature data entries (after elimination, this was re-
duced to 2451960). At runtime, the baseline system is reported
to have used approximately 477Mb for storing feature data,
each entry using 204 bytes. While retrieval of feature data
is trivial in this case, it should be clear that even at relatively
rough quantisation of finger postures, the combinatorial growth
of the database places severe constraints on the complexity of
feature data. In order to reduce feature complexity, fingers
were approximated as ellipse-shaped markers.

In the prototype database, each component mesh entry
consists of a list of curves, each curve containing a list
of vertices and up to two associated surface descriptors. It
was found that the total number of vertices is 542937 (of
which 305271 are unique). The number of pregenerated curves
equalled 197948, implying an average of approximately 2.74
vertices per curve entry.

Assume each vertex is composed of a triplet of double-
precision floating point numbers (64 bits each). The total
space requirement to store the 305271 unique vertices is then
approximately 7Mb. If a curve is composed of an array
of vertex references (32-bit pointers), an array length (32-
bit integer) and a pair of 32-bit integer surface descriptor
identifiers, the 197948 curve objects require only (542937 ·
4) + (3 · 4 · 197948) ! 4.33Mb. Similarly, defining a
component mesh entry as an array of curve references along
with an array length, the component mesh entries require
5460 · 4 + 197948 · 4 ! 0.77Mb of storage. In total, the
prototype database can be stored in under 20Mb.

It is immediately apparent that the space requirements
are far lower in the prototype database than the baseline
system. If one further notes that the prototype database also
allows a far greater amount of detail to be represented (fully
detailed silhouettes, as opposed to approximating ellipses), the
advantage of this approach becomes clear.

VI. CONCLUSION

It has been shown that a significant reduction in the runtime
space complexity of a database driven posture reconstruction

system can be achieved by foregoing hidden surface removal
during database construction. In support of this, an efficient,
object space, procedure for hidden surface removal and visible
polygon reconstruction has been presented that limits the
necessary increase in time complexity. The rendering pipeline
was implemented and used to generate a prototype feature
database. The resulting feature database compares favourably
in terms of compactness and the amount of detail available
during query processing at runtime.
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Abstract—The accurate and quick modelling of inverse lens
distortion to rectify images or predict the image coordinates
of real world objects has long been a challenge. This work
investigates the use of artificial neural networks to perform this
modelling. Several architectures are investigated and multiple
methods of training the networks are used to achieve the best
results. The error is expressed as a physical displacement on
the imaging chip so that a fair comparison can be made between
other published results which are based on cameras with different
resolutions. It is shown that the novel application of locally
optimised neural networks to residual lens calibration data yields
an inverse distortion modelling that is highly competitive with
prior published results.

I. INTRODUCTION

A. Lens Distortion
Lens distortion is that non-linear bending of light rays

by a lens such that it deviates from the pin hole camera
projection model. Typically complex lenses, made of several
glass elements, exhibit monotonically increasing contraction
of the light ray bundle towards the image centre for wide
angle lenses. This is known as barrel distortion. Pin cushion
distortion, found in some tele-photo lenses, is the expansion
of the light ray bundle as a function of angle from the optical
axis. Lenses incorporating aspherical elements can be designed
to have significantly less distortion, but that residual distortion
is not monotonic and is known as moustache distortion.

Distortion in images affects any measurements made from
those images. Straight lines may appear curved, and mea-
surements such as angular separation of two image points,
or triangulation of a point visible to multiple cameras will be
adversely affected.

The classical lens distortion model is that of Brown [1],
[2] and Conrady [3]. Brown’s model, given by (1), allows
one to calculate with the desired accuracy, the corresponding
undistorted point (i.e. that which would have been produced
by a pin hole camera) for any point in the distorted image.
The accuracy of the model is a function of the number
of radial and tangential parameters that are determined, and
whether an optimal distortion centre is found. In order to
create a distortion-free image however the inverse operation
is required: for each (integer located) pixel in the undistorted
image, the (probably non-integer located) pixel in the distorted
image is required. This allows one, after interpolation in
the distorted image, to generate the distortion-free image

with-out gaps or holes. This process is known variously as
undistortion, inverse distortion and distortion correction and
additionally allows one to determine the image coordinates of
a reference determined by external means such as RADAR or
geo-location.

As Brown’s model contains no precise inverse, vari-
ous methods of approximating it have been investigated.
Candocia[4] presented an alternate scale preserving distortion
function, which had an analytical inverse requiring the solving
of two fifth order polynomials. Mallon and Whelan[5] used a
Taylor series expansion of a Brown model containing only a
few coefficients. De Villiers et al[6] fitted a high order Brown
model to map the inverse distortion by using the pseudo-
undistorted points created during distortion characterisation.

xu =xd + (xd ! xc)(K1r
2 +K2r

4 + . . .)+
!
P1(r

2 + 2(xd ! xc)
2) + 2P2(xd ! xc)(yd ! yc)

"
"

(1 + P3r
2 + . . .)

yu =yd + (yd ! yc)(K1r
2 +K2r

4 + . . .)+
!
2P1(xd ! xc)(yd ! yc) + P2(r

2 + 2(yd ! yc)
2)
"
"

(1 + P3r
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where:
(xu, yu) = undistorted image point,
(xd, yd) = distorted image point,
(xc, yc) = centre of distortion,

Kn = Nth radial distortion coefficient,
Pn = Nth tangential distortion coefficient,

r =
#
(xd ! xc)2 + (yd ! yc)2, and

. . . = an infinite series.

B. Artificial Neural Networks
Artificial Neural Networks (ANN) are an approximation of

a biological brain. The synaptic connections to other neurons
are represented by input weights. The action potential on
the soma is represented by the output of a function of the
difference between the sum of the weighted inputs and an
internal threshold. Standard texts (e.g. [7]) can be consulted
for more details.

Feed forward ANNs are a standard architecture [7] wherein
the neurons are arranged in layers. The input neurons each
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receive one of the inputs and distribute it to the next layer.
Each of the neurons in the subsequent layers accept as inputs,
the outputs of all the neurons in the preceding layer, this
is called a fully connected network. The original method
to train a network consisting of only one neuron (sometime
called a perceptron) was developed by Rosenblatt in 1958[8]
and extended to networks with multiple neurons in multiple
layers by Bryson and Ho in 1969[9]. This is the ubiquitous
backwards propagation model, which is analogous to steepest
descent numerical optimisation.

Much work has been done on applying ANNs to com-
puter vision problems, Egmont-Peterson et al. [10] provide
a review and classification taxonomy for their application.
Camera calibration falls within their pixel-level pre-processing
category. Memon and Khan [11] trained an ANN to produce
the 3 dimensional position of a point given the matched image
coordinates of the points as observed by a stereo camera pair.
Do [12] used neural nets both to model the entire system
as well as to model only the deviation from the pinhole
camera model. Ahmed et al.[13] used an ANN to determine
the intrinsic and extrinsic calibration parameters of a camera,
excluding lens distortion effects which were assumed either
insignificant or accounted for upstream.

C. Contribution

Previous work on modelling inverse distortion did not con-
sider neural networks. Previous work using ANNs for camera
calibration either did not consider the effect of lens distortion
or implicitly modelled distortion only in the direction of
distorted to undistorted domains. This work investigates the
applicability of modelling inverse distortion using ANNs and
the residual pseudo-undistorted points created during normal
lens distortion procedures.

The rest of this paper is divided as follows: First, the
equipment and methods used to capture the data are described
in section II. Then the architectures of the neural networks that
were evaluated is discussed in section III. Section IV describes
the algorithms used to train the neural networks. Section V
provides the results of the training of the neural networks.
Section VI discusses and places the results in context. Finally,
section VII provides some concluding remarks.

II. DATA CAPTURE METHOD

A 46” high definition liquid crystal display (LCD) television
was used to create checker patterns to provide data for the
distortion characterisation. This allowed many thousands of
checkers to be generated and captured, whilst their exact
positions were accurately known. A Prosilica GE1600 machine
vision camera with a Schneider 4.8mm Cinegon lens was
used to observe the LCD screen. The LCD and camera were
arranged such that the LCD was as far as possible, but
still subtended the camera’s entire field of view (FOV). The
Schneider lens exhibited classical monotonic barrel distortion
with a horizontal FOV of approximately 82!. The GE1600
had a resolution of 1600 by 1200 and 2/3 inch CCD. The

ambient lighting was carefully controlled and simple back-
ground elimination performed by subtracting intermittently
refreshed reference frames with a blank LCD. This ensured
that erroneous reflections in the LCD did not adversely affect
the data.

The checkers were found in the camera’s image with sub-
pixel accuracy using Lucchese and Mira’s[14] method of
finding the saddle point of the 6 coefficient second order
surface of intensity versus X and Y. This surface was fitted
in a least squares sense in a window centered around the
initial roughly found checker position. This refined position
was further refined, using the same method and centering the
window around the previous refined position to ensure that the
final window was indeed centered (to the nearest pixel) around
the refined checker position for maximum accuracy.

The distortion characterisation, and corresponding calcu-
lation of the pseudo-undistorted points, was performed as
described by de Villiers et al.[6] using Brown’s model with
five radial coefficients, three tangential coefficients and an
optimal distortion center.

III. NEURAL NETWORK ARCHITECTURES

All the ANNs considered in this work were of the fully
connected feed forward variety. The sigmoid activation func-
tion given in (2) was used for all the neurons. Each ANN was
trained to provide either the distorted horizontal or vertical
image coordinate when provided with the (pseudo) undistorted
horizontal and vertical image coordinates, i.e. two networks
were used to do the correction.

Output =
1

1 + eth"
!n

j=1(wjij)
(2)

where:
n = the number of inputs to the neuron,

wj = the weight associated with input j,
ij = the jth input, and
th = the neuron’s threshold.

Networks with two and three hidden layers were considered.
The first evaluation consisted of ANNs ranging from 3 to 5
neurons in each of three hidden layers. The second evaluation
consisted of all permutations of ANNs with two hidden layers
and from 2 to 19 neurons per hidden layer. The final evaluation
consisted of networks with two hidden layers with between
3 and 5 neurons each. These architectures had ANNs who’s
weights refined using a local optimisation algorithm.

IV. ALGORITHM DESCRIPTIONS

For the first two sets of evaluations described in Section
III, a multi-start strategy was implemented. Ten networks
were generated with random weights and thresholds, and
were then trained using the standard backwards propagation
technique[9]. An adaptive learning rate (initially set to 0.1)
was employed whereby the learning rate was increased by a
multiplicative factor of 1.01 (up to a maximum of 1.0) if two of
the past three epochs resulted in an improvement. Similarly the
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TABLE I
SCALED BEST RESULTS FOR ANNS WITH 3 HIDDEN LAYERS

Num Neurons Num neurons in second hidden layer
in first 1 3 5
hidden Num Neurons in 3rd layer Num Neurons in 3rd layer Num Neurons in 3rd layer
layer 1 3 5 1 3 5 1 3 5

2 1.100 1.038 1.076 1.063 0.919 1.053 1.066 0.522 1.045
3 1.109 1.100 1.058 1.028 0.962 0.948 1.057 1.000 0.994
4 1.109 1.077 1.026 1.052 0.706 0.604 0.705 0.579 0.300
5 1.085 1.116 1.087 0.618 0.464 0.517 0.674 0.776 0.385

TABLE II
SCALED AVERAGE RESULTS FOR ANNS WITH 3 HIDDEN LAYERS

Num Neurons Num neurons in second hidden layer
in first 1 3 5
hidden Num Neurons in 3rd layer Num Neurons in 3rd layer Num Neurons in 3rd layer
layer 1 3 5 1 3 5 1 3 5

2 1.132 1.534 1.093 1.542 1.033 1.455 1.354 0.969 1.247
3 1.685 1.562 1.180 1.150 1.063 1.042 1.155 1.078 1.174
4 1.421 1.335 1.358 1.283 0.989 0.983 1.012 0.967 0.825
5 1.237 1.208 1.398 0.843 0.793 0.883 0.982 0.962 0.779

learning rate was decreased by the same multiplicative factor
to a minimum of 0.05 if two of the past three epochs showed
a worsening. The ANNs were trained using two thirds of the
data, and evaluated on the last third. As the data was captured
sequentially from top left to bottom right of the camera’s FOV,
the training and evaluation data were interleaved, specifically
the ANNs were trained on samples 3n + 0 and 3n + 1 and
evaluated on 3n + 2. All the image coordinates were scaled
by the imager’s resolution to be in the normalized range of
(0, 1). This implies that the distorted image coordinates were
! (0, 1) but undistorted ones corresponding to distorted points
on the periphery were not.

The backwards propagation algorithm iterates sequentially
through each input-output set in the epoch and makes a
small adjustment. For the third series of evaluations, it was
decided to determine what adjustments should be made to the
neuron’s parameters to make a global improvement for the
entire epoch. To do this, ANNs of the specified architecture
were trained and discarded using the procedure just described,
until one achieved an error of 0.002 or better. Thereafter,
the Leapfrog local optimiser[15] was used (with a centered
difference gradient estimation) to refine the weights. This
implies 2 evaluations of the epoch per weight and threshold in
order to determine what step to take to improve the network.
102 epochs are thus required for a network with two inputs,
two hidden layers of 5 neurons and a single output. The metric
that was minimized was the Root of the Mean Square (RMS)
error of the difference between the actual distorted image
ordinate and the one that the ANN produced based on the
pseudo-undistorted image coordinate.

V. RESULTS

Table I provides the best results achieved for each of the
ten attempts for each of the ANNs with 3 hidden layers. Only
ANNs to correct the horizontal lens distortion component were

Fig. 1. Original undistorted image

trained. The values are the RMS error of the ANN multiplied
by a factor of 100, this scaling is common for Tables I through
V and was implemented to conserve space and show only the
significant digits. Table II provides the average results of each
architecture’s ten runs.

The best results for a subset of the 2 hidden layer architec-
ture ANNs that were trained solely via backward propagation
are provided by table III. Table IV lists the average results for
these architectures.

TABLE III
SCALED BEST RESULTS FOR ANNS WITH 2 HIDDEN LAYERS

Neurons in Neurons in 2nd Layer
1st layer 3 7 11 15 19

3 0.730 0.770 0.946 0.972 0.936
7 0.256 0.248 0.373 0.317 0.332

11 0.212 0.247 0.344 0.351 0.315
15 0.226 0.240 0.231 0.363 0.390
19 0.223 0.226 0.281 0.361 0.421
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(a) Image undistorted as per [6]. (b) Typical ANN corrected image.

(c) Image undistorted by an ANN with 11 pixel error. (d) Image undistorted by an ANN with sub-pixel error.

Fig. 2. Distortion corrected images

TABLE IV
SCALED AVERAGE RESULTS FOR ANNS WITH 2 HIDDEN LAYERS

Neurons in Neurons in 2nd Layer
1st layer 3 7 11 15 19

3 0.971 0.960 0.979 0.997 1.005
7 0.467 0.426 0.542 0.598 0.602
11 0.379 0.331 0.462 0.555 0.541
15 0.364 0.325 0.452 0.498 0.513
19 0.392 0.346 0.456 0.499 0.522

The best results achieved for the two hidden layer ar-
chitecture ANNs whose backwards propagation determined
weights were further refined by a local optimiser are given
in table V. Results for both X and Y distortion corrections are
provided. Figure 2 gives a more intuitive representation of the
results. Figure 1 is a raw image captured with the Prosilica

TABLE V
SCALED BEST RESULTS FOR OPTIMISED ANNS

Neurons Neurons in 2nd Layer
1st 3 4 5

layer X Y X Y X Y
3 0.224 0.145 0.064 0.169 0.064 0.144
4 0.059 0.055 0.122 0.065 0.068 0.063
5 0.043 0.065 0.034 0.062 0.075 0.058

GE1600 and Schneider Cinegon 4.8mm lens. Figure 2(a) is the
undistorted image, calculated as described by de Villiers et al.
[6]. A typical image undistorted by an ANN is given in figure
2(b). An image corrected by an ANN pair which converged to
an accuracy of 10.98 pixels is given by figure 2(c). The image
corrected by the best X and Y ANNs, which together yield an
accuracy of 0.85 pixels, is provided in figure 2(d).
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VI. DISCUSSION OF RESULTS

A visual comparison between figures 2(a) and 2(d), pro-
duced by the sub-pixel accurate ANN, show no perceptible
differences for the inner images. Both appear to straighten
all the curvature apparent in figure 1, although the ANN
does perform poorly for regions corresponding close to the
periphery of 1. This is due to the scaling used, where the full
output range (0, 1) was used to represent the image resolution,
this also forces points that are not visible to the camera to be
mapped onto the border of the image. Figure 2(c), created
using an ANN which obtained a poorer fit shows residual
curvature is still apparent even in the centre of the image,
and the smearing in the periphery noticeably worse.

The values given in tables I through V are normalized
results, taking into account the scaling, the X values need
to be multiplied by 16, and the horizontal values by 12 to
get the pixel values. However, comparing errors of distortion
correction in terms of pixels is misleading as this is affected
both by the resolution and the size of the imager. So a
comparison in terms of microns on the imager makes more
sense if one assumes similar amounts of distortion induced by
the lens.

Table VI provides this comparison. The first two rows
correspond to the best results achieved for ANNs with 3 and
2 hidden layers respectively, the Y distortion correction error
was assumed to equal to the X error. The third row gives
the results achieved with the locally optimised ANNs, and the
fourth row lists the results of using high order brown models
to characterise the inverse distortion as per [6]. The final rows
provide, for comparison, results published in literature. Mallon
and Whelan’s camera resolution was inferred from their paper
and the imager size assumed to be 2/3 inch.

TABLE VI
DISTORTION RESULTS COMPARISON

Correction Resolution Pixel Pixel Micron
Type Horiz Vert Size (µ) Error Error

ANN 3H 1600 1200 5.5 6.78 37.3
ANN 2H 1600 1200 5.5 4.80 24.75
ANN Opt 1600 1200 5.5 0.85 4.68

de Villiers[6] 1600 1200 5.5 0.30 1.65
Mallon[5] 1024 768 8.6 0.42 3.61

de Villiers[6] 667 502 13.15 0.013 0.17

It can be seen that from table VI that the optimised ANNs
perform comparably well to the best models available in
literature. On the same camera and lens the reverse Brown
models performed only 3 times better. It achieved very similar
results to Mallon and Whelan’s camera which had a 6.0mm
focal length and may thus have exhibited less initial distortion.
Their quoted error metric is the mean, whereas the other values
are RMS errors, whose magnitude is, by definition, larger.

In general the ANNs with 3 hidden layers performed
better as the number of neurons increased in each layer. The
performance of the ANNs with 2 hidden layers was in general
superior to that of the 3 hidden layer ANNs and yielded the
best results with 11 or more neurons in the first layer, and 7 or

fewer in the second. The results achieved by locally optimising
small ANNs with only a few neurons in 2 layers yielded results
improved by almost an order of magnitude.

No scaling was performed other than the normalization
required by the activation function of the neurons; results
in literature ([6]) report separate scaling for each modelled
parameter being required. Further work with a scaling such
that valid distorted image coordinates occupy a subset of the
full output range (e.g. (0.1, 0.9) as opposed to (0, 1)) may
improve the results significantly.

VII. CONCLUSIONS

It has been shown that artificial neural networks can effec-
tively undistort an image by modelling the intractable inverse
distortion. The results achieved are comparable to the most
accurate algorithms when they are performed on the same
apparatus. Comparing to published results, when converting
errors to microns on the imaging chip, shows similar perfor-
mance to established methods for modelling inverse distortion.

ANNs are thus an acceptable way to rectify all but the
outermost peripheries of a distorted image, and a new scaling
method that may overcome even this limitation has been
proposed.
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Abstract—Topic models explain a collection of documents with
a small set of distributions over terms. These distributions over
terms define the topics. Topic models ignore the structure of
documents and use a bag-of-words approach which relies solely
on the frequency of words in the corpus.
We challenge the bag-of-word assumption and propose a

method to structure single words into concepts. In this way,
the inherent meaning of the feature space is enriched by more
descriptive concepts rather than single words. We turn to the
field of natural language processing to find processes to structure
words into concepts.
In order to compare the performance of structured features

with the bag-of-words approach, we sketch an evaluation frame-
work that accommodates different feature dimension sizes. This
is in contrast with existing methods such as perplexity, which
depend on the size of the vocabulary modelled and can therefore
not be used to compare models which use different input feature
sets. We use a stability-based validation index to measure a
model’s ability to replicate similar solutions of independent data
sets generated from the same probabilistic source. Stability-based
validation acts more consistently across feature dimensions than
perplexity or information-theoretic measures.

I. INTRODUCTION

Vast amounts of electronic data are available, including

news articles, scientific articles, newsgroup entries, emails

and social network artifacts. The size of these data sets

grow every day, making it increasingly difficult to make

sense, and extract useful information from such information

sources. The data sets are typically unstructured, unlabelled

and dynamic in nature. This has stimulated the development

of novel processing techniques in order to extract, summarise

and understand the information contained therein. In many text

mining applications, no or little prior knowledge is available

about the content of the text data [1] which calls for unsuper-

vised techniques with the goal of structuring and associating

related text sources.

Topic modelling is a technique for the unsupervised analysis

of large document collections. The fundamental assumption of

topic models is that the semantic context of a document is a

mixture of topics [2]. The topics are shared across the corpus

by various documents and a topic is defined as a distribution

over the vocabulary set of the document collection. Topic

models infer document-topic associations, or clusters. These

clusters are probabilistic in nature - each document exhibits a

probability of being assigned to a topic.

The quality of the latent topic space is important for two

reasons: Firstly, it associates unseen documents with existing

documents and predicts latent similarities, thereby exhibiting

its predictive abilities. Secondly, it summarises the corpus with

a set of topics, thereby exhibiting its exploratory abilities.

When measuring the predictive abilities of a topic model,

perplexity is an appropriate measure. It provides an indication

of the model’s ability to generalise by measuring the exponent

of the mean log-likelihood of words in a held-out test set of the

corpus. The exploratory abilities of the latent topic space are

generally measured by means of human interpretation. This

is done by examining the top-n words in a topic and (rather

subjectively) assigning a label to the topic.

In this paper, we discuss techniques to improve both the

predictive and exploratory abilities of topic models. In partic-

ular, we discuss the properties of the input document ! word

matrix that contribute to the quality of inferred topics. We

introduce an evaluation framework to measure this quality as

the standard measure, perplexity, becomes inappropriate when

the dimensions of the document ! word matrix change.

II. RELATED WORK

The vocabulary of a text corpus defines the parameter space

of a topic model. The accurate representation of the corpus

through topics (and therefore the value of topic models) is

challenged by this high dimensional, data sparse parameter

space [3]. Strategies to address this issue have been developed,

such as vocabulary reduction. In fact, Rigoste et al. [3] have

indicated a significant increase in performance of topic models

when reducing the vocabulary size significantly (900 out of

40,000). Only frequent words were kept in the data set,

discarding rare words.

In the field of text categorization, feature selection methods

such as mutual information are often used to reduce the

vocabulary size in order to increase model performance [4].

[5] used the information bottleneck method [6] to extract

words capturing most information about a document. The

full vocabulary is then replaced with the word clusters. The

information bottleneck method was then applied again on this

compact representation of document information in order to

create document clusters. In this way, the original high dimen-

sional vocabulary space is reduced significantly and thereby
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increasing the performance of the algorithm. The information

bottleneck method differs from probabilistic topic models in

the sense that it makes no statistical assumption about the

structure of the data (no hidden variables are defined).

The relaxation of the bag-of-words assumption most often

used for topic models provides a wealth of opportunity for

better interpretation of topic models. Word order is very

important for lexical meaning [7].

Although n-gram approaches provide more contextual in-

formation, they come with a high price in computational

complexity [8], [7]. To address this problem, [7] extend the

bag-of-word assumption and introduce topical N-gram models:

In the generative process, a topic is sampled for each word

and then the words status as unigram or n-gram is determined

based on context. The model then samples the word from a

topic-specific unigram or n-gram distribution. The statistical

simplicity of models based on the bag-of-words assumption is

lost in this approach and although the n-gram output produces

better interpretation of the topics, it is not clear whether or not

it performs better than topic models based on the bag-of-word

assumption.

III. STABILITY-BASED VALIDATION FOR TOPIC MODELS

A. Introduction

In this section, we introduce an evaluation framework for

topic models. In order to understand if the structuring of

features will contribute to the quality of inferred topics, alter-

native evaluation methods to perplexity need to be considered.

The valuation of topic models is a challenge because (a)

topic models are often applied to unlabelled data, so that

a ground truth does not exist and (b) “soft” (probabilistic)

document clusters are created by state-of-the-art topic models,

which complicates comparisons even when ground truth labels

are available. In general, unsupervised techniques do not allow

for comparison of predicted outcomes with ground truth out-

comes; therefore, traditional classification performance metrics

cannot be used. Hence, indirect measures of generalization,

such as perplexity, are commonly employed as performance

measures for topic models. Perplexity comes in handy for

model selection purposes and can measure the relative per-

formance between different topic models and the number of

topics. It depends on the size of the vocabulary modelled –

it can therefore not be used to compare models which use

different input feature sets or across different languages.

We turn to cluster validity techniques in the data clustering

field to search for alternative performance metrics for topic

models. Clustering algorithms aim to extract the natural group-

ing structure in data [9]. Data clustering algorithms include

k-means [10], k-nearest neighbour [11] and self-organising

feature - or Kohonen maps [12], a type of artificial neural

network. Cluster validity needs to consider various issues

related to clustering algorithms. A cluster algorithm will

cluster data, even when no natural clusters in the data exist.

Different cluster algorithms may produce different clusters,

which raises the question whether the resulting clusters are

a true reflection of the data or imposed by the particular

algorithm [12]. A perturbation measure of some sort is usu-

ally implemented in a cluster validation scheme in order to

validate the clustering solutions [12] and should evaluate the

output of a clustering algorithm quantitatively and objectively.

Furthermore, the validation scheme should be applicable to all

clustering algorithms - it should not rely on assumptions about

specific group structures in the data that is not captured by the

clustering algorithm itself [9].

B. Stability-based validation

The basic idea of stability-based validation is to compare

clustering solutions for two different data sets generated from

the same probabilistic source. This assesses the replicability of

the clustering solution. Because the two data sets are mutually

exclusive, the derived clustering solutions are not directly

comparable and the clustering solution of the first data set

needs to be transferred to the clustering solution of the second

data set by means of a classifier. We use an SVM (support

vector machine) as the classifier to transfer the solution.

The process can be explained as follows:

Let X = (X1, . . . , Xn) and X! = (X !

1, . . . , X
!

m) be finite
data sets. A clustering algorithm A constructs a solution

Y := A(X) where each sample Xi is associated with a

label Yi. [9] proposed the following mechanism to make a

direct comparison between solutions possible: The data set

X together with its clustering solution Y := A(X) can be
considered as a training set used to infer a classifier, !. The
classifier ! is now used to predict a label !(X !) for a new
data point X ! in a test set X! - the second data set. The

predicted labels !(X!) are subsequently compared with the
labels generated from the clustering solution on the second

data set: Y := A(X!). In this way, the solution of the first
data set is transferred to the solution of the second data set,

using the classifier ! [9].

C. Stability Measure

The normalised Hamming distance was proposed in [9]

to quantify the fraction of labelled entities !(X!) that were
misclassified (not matching the labels of A(X!)). This gives a
good indication of the match between the cluster solutions of

the two data sets in an intuitive way. It is called the stability

or dissimilarity measure and is the average distance between

solutions for two data sets X and X!. This approach to derive

a stability index is optimised for hard clustering solutions,

i.e. the clustering solution Y := A(X) is used as labelling
information for the data set X in order to create a training set.

Furthermore, the use of the Hamming distance as dissimilarity

measure calls for a one-to-one comparison of the predicted

label and cluster solution.

In the case of topic modelling we use the average document

correlation of aligned topics in the two clustering solutions for

data set X! as the stability index,

S(A) := EX,X! [corr(", "!)] (1)

The stability index as defined above is used throughout

the paper to describe the topic model performance. Figure 1
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Fig. 1. Perplexity vs feature dimensionality (CRAN Corpus)
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Fig. 2. Stability index vs feature dimensionality (CRAN Corpus)

illustrates the perplexity measures accross vocabulary dimen-

sions for two topic models, namely LDA and Multinomial

Mixture. Figure 2 illustrates the stability index measures

accross vocabulary dimensions for the LDA topic model. The

stability index measures act more consistently across feature

(vocabulary) dimensions than perplexity. Both experiments

were done using the CRAN corpus (explained in more detail

in section V).

IV. STRUCTURED FEATURES

A. Introduction

The input data to topic models are contained in a document

! word matrix and the output data in document ! topic and

topic ! word matrices.

The bag-of-words assumption is the core assumption of

most topic models such as LDA and multinomial mixture.

The bag-of-words approach turns natural text in multiple

documents into a word ! document matrix where cellij
represents the frequency of wordi in documentj .. The ad-
vantage of the bag-of-word approach is that it simplifies the

computational process of the topic model significantly because

of the independence assumption. The limitation of the bag-of-

words approach is that significant phrases get lost in the use

of single terms, because critical word order and phrases are

not captured.

B. Chunking

In this section we investigate the structuring of sets of

words into concepts that will still maintain the bag-of-words

assumption, but also introduce other benefits that cannot be

obtained with single terms. The input data to the topic model

remain a document ! ‘unit’ matrix where unit represents a

concept of joint words. We turn to the field of natural language

processing (NLP) with the aim of reducing feature space

dimensionality. We study different syntactic strategies to group

adjacent words into concepts. At the core of this approach

is part-of-speech (POS) tagging of words in the corpus: A

sequence of non-overlapping words are grouped based on their

POS tags, forming a concept.

Two NLP tasks are the search for structure and meaning in

streams of text. The most common methods to perform these

tasks are segmentation and labelling. Segmentation comprises

breaking up a stream of characters into ‘linguistically mean-

ingful segments’ like words. These segments are then labelled

with their respective part-of-speech categories. The search for

structure and meaning can be construed as a combination of

segmentation and labelling. The segmentation is based on a

non-overlapping sequence of words that makes syntactically

sense. These segments are named ‘chunks’.

The first step in the chunking process is to label, or tag

words. For the purpose of tagging, we assume words and

punctuation markers to be the tokens in streams of text.

Tagging is the assignment of part-of-speech labels to each

token in the corpus.

We use a simple bigram tagger, trained on the Penn Tree-

bank Corpus to classify the words into part-of-speech tags.We

combine the bigram tagger with a unigram tagger as well as

a default tagger as backoff algorithm to fall back on if the

bigram tagger fails to tag the word. The default tagger tags a

word as a noun by default. This tagger combination achieves

an accuracy of 88.56% on the Penn Treebank corpus.

The next step in the chunking process is to segment the

tagged words into meaningful, non-overlapping phrases. Many

different phrases can be defined to be chunked, such as verb

phrases, noun phrases and even more specifically, proper noun

phrases. For the purpose of structuring features for topic

models, we are interested in noun and verb phrases and

different patterns thereof. These patterns are defined according

to a chunk grammar that consists of rules on how sentences

should be chunked [13].

C. Chunking processes for topic models

One of the objectives of chunking for topic modelling is to

reduce the dimensionality of the feature space. Furthermore,

it should improve the intelligibility of the topics. In a sense

these two objectives cause ambivalence when designing a

segmentation pattern. On the one hand, we want the chunk

to be as exhaustive as possible (to improve intelligibility)

but on the other hand the chunk should be as generic as

possible in order to cover as many as possible occurrences

over all documents and hence, reduce the dimensionality of

the parameter space.

1) Noun phrases: Our first chunking process is to include

only noun phrases in the feature set with regular expression

<NN.*>+. This will include any number of adjacent nouns
of any kind.

2) Noun and verb phrases: This chunking process is made

up with two patterns: The first pattern includes any number

of adjacent nouns of any kind - <NN.*>+. The second
pattern includes any number of adjacent verbs of any kind

- <VB.*>+.
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3) Verb and noun with adjectives phrases: This chunking

process is made up with two patterns: The first pattern includes

any number of adjacent verbs of any kind - <VB.*>+. The
second pattern is made up with zero or more adjectives,

followed by one or more nouns - <JJ.*>*<NN.*>+.

D. Including significant chunks in the data set

As mentioned before, the bag-of-words assumption con-

tributes to the statistical simplicity of topic models such as

LDA. The features, or words, provide information to the topic

model about the way in which documents were generated.

Furthermore, it discriminates between documents and allocates

documents to topics. Attributes of words that will do this

effectively are the following:

• A high variance in occurrence of the word across docu-

ments. This excludes words with a consistent high count,

such as stop words, or a consistent low count across

documents, such as foreign words.

• At least two occurrences of the word in the corpus,

otherwise it has no useful statistical properties.

One measure of a high variance of words, or features across

documents is the ratio of documents that contain one or more

occurrences of the specific feature. Figure 3 illustrates the

(sorted) ratio of documents (y axis) containing occurrences

of the word, or features as represented on the x axis. A

ratio of 0.5 means that 50% of documents in the corpus

have at least one occurrence of the feature. The figure was

generated for the CRAN corpus (this corpus will be discussed

in ‘Experimental Evaluation’) where the top graph represents

bag-of-words features and the lower graph represents the

feature set generated by the ‘<NN.*>+’ chunking strategy.
The graphs indicate that both bag-of-words and chunking

produce a small number of features with high representation in

documents - most features have a small document occurrence

ratio. A lower document occurrence ratio implies a higher

variance in occurrence of the feature across documents. By

inspection it is clear that the chunking feature set follows the

same document occurrence pattern as the bag-of-words feature

set. The mean document occurrence ratio is 0.0132 and 0.013

for the bag-of-words and chunking feature sets respectively.

Although the structuring of chunks lowers the dimensional-

ity of the feature space, it does not guarantee an improvement

on the above mentioned attributes as can be seen both from
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figure 3 and the mean document occurrence ratio also given

in figure 3. In fact, the frequency of a chunk in a document is

equal or lower than the lowest frequency word in the chunk.

This implies that unfiltered use of the document ! chunk

matrix will not improve the performance of the topic model

as the feature set resulting from the chunking strategy is not

richer in variance across documents than the original bag-

of-words feature set. In fact, it is easy to see that a larger

proportion of chunks than words occur only once or twice in

the data set. The chunk set needs to be filtered first in order

to reflect the desired attributes by including chunks that have

a high variance across documents.

We calculate a variance measure to order chunks as follows:

For each document, we calculate the probability of each

chunk. For each chunk, we then calculate the variance across

documents and experiment with different ways to normalise

the variance. A new feature set only includes chunks with a

high normalized variance. The average document occurrence

ratio of this feature set should be lower than that of the bag-

of-words feature set.

We experiment with the following strategies to normalize

the variance:

• No normalization.

• Normalize with the average chunk probability across

documents.

!2(chunk) = !2(chunk)
!

mean(p(chunk))
• Normalize with the document occurrence ratio.

!2(chunk) = !2(chunk)
!

ratio(document occurrence)
• Normalize the chunk probability across documents before

calculating the variance.

!2(chunk) = !2(norm(p(chunk)))

We ordered the features in ascending order of variance

across documents and plotted the corresponding document

occurrence ratio for different normalization strategies in figure

4. Once the chunk set is ordered using the normalized variance

measure, the top n chunks in terms of variance are used

as a new feature set to form a document ! chunk matrix.

All chunks on the right of the blue line are included in the

new feature set. These chunks have a high variance across

documents. The graphs display the document occurrence ratio

of the chunks. The first graph (upper left quadrant) indicates

that no normalization of the variance will select chunks with a

high document occurrence ratio. The next two graphs represent
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a mixture of high and low document occurrence ratios included

in the filtered chunks set and the last graph (lower right

quadrant) represent inclusion of low document occurrence

ratios. The average document occurrence scores for the four

normalization strategies are indicated in the upper left corner

of each graph. Although the graph in the lower right quadrant

produced the lowest average document occurrence ratio, many

documents are left empty when using this feature set, which

does not make it a feasible feature set for topic modelling. In

the next section, we calculate the stability index for the three

normalisation strategies and compare it with the bag-of-words

and complete chunk feature sets.

V. EXPERIMENTAL EVALUATION

Our experiments are based on two corpora:

• The Cranfield collection (CRAN) of aerodynamic ab-

stracts has 1397 documents and a vocabulary of size

4437.

• A subset of the Reuters-21578, distribution 1.0 newswire

articles (Reuters) is used, containing 6600 documents

with 15822 unique terms.

For all experiments, the Latent Dirichlet Allocation (LDA)

[14] was used as topic model. For experimental evaluation, we

calculate the stability index on the document ! chunk matrix

for each chunking strategy and each normalisation strategy,

both for the CRAN and Reuters corpora. Each experiment

was repeated ten times, using different initial conditions of the

model parameters with each iteration. The data sets are split

into 80% train and 20% test sets. The number of topics for

each experiment is set to 25, both for the CRAN and Reuters

corpus.

A. Results

The rows in tables I and II, display the results on the

following matrices:

• Bag-of-words: document ! word matrix

• All chunks: document ! chunk matrix

• No normalization: Subset of chunks1 with high variances,

no normalization performed.

• mean(p(chunk)): Subset of chunks with high variances,
normalized with mean(p(chunk)).

• ratio(documents containing chunk): Subset of

chunks with high variances, normalized with

ratio(document occurrence ratio).

Some interesting topics are displayed in tables III and

IV for the CRAN and Reuters corpora, respectively. The

topics are represented by the top 10 phrases in the selected

topic distribution. These topics are inferred from the chunking

process: verb and noun with adjectives phrases. The phrases

are clearly more intelligible than only single word phrases in

many cases, thus demonstrating the qualitative advantage of

the proposed method.

1For the CRAN corpus, each subset of chunks includes the top 1000 chunks
with the highest variability across documents. For the Reuters corpus, each
subset of chunks includes the top 30% with the highest variability across
documents.

As can be seen from the results, the best stability index

is achieved with a subset of chunks where the variance is

normalised with the document occurrence ratio. The chunk-

ing strategy <JJ.*>*<NN.*>+, <VB.*>+ achieves the best
results, and the differences observed are highly significant

statistically.

VI. CONCLUSION

In this paper, we discuss the structuring of features to

be included in the input matrix for a topic model. We also

introduce an evaluation measure that measures performance

more consistently than existing measures such as perplexity.

The performance of topic model outputs can be measured

in qualitative and quantitative terms. Qualitatitve measures

relate to the intelligibility of the inferred topics: topics are

described by vocabulary distribution with the top-n words

being a good indication of what the topic is about. Quantitative

measures reflect the model’s ability to reproduce the results

given different initialisation conditions. We show that the

structuring of features contributes to both the qualitative and

quantitative performance of a topic model.
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TABLE I
AVERAGE STABILITY INDEX - CRAN CORPUS

<NN.*>+ <NN.*>+<VB.*>+
<JJ.*>*<NN.*>+,
<VB.*>+

Average Variance Average Variance Average Variance

Bag-of-words 0.79 3.8!10!05 0.79 3.8!10!05 0.79 3.8!10!05

All chunks 0.7 0.0001 0.65 6.6!10!05 0.60 0.0004

No normalization 0.75 4.1!10!05 0.76 4.1!10!05 0.73 4.1!10!05

mean(p(chunk)) 0.81 0.0001 0.81 6.6!10!05 0.86 7.5!10!05

ratio(documents containing chunk) 0.82 9.1!10!05 0.83 5.8!10!05 0.87 3.5!10!05

TABLE II
AVERAGE STABILITY INDEX - REUTERS CORPUS

<NN.*>+ <NN.*>+<VB.*>+
<JJ.*>*<NN.*>+,
<VB.*>+

Average Variance Average Variance Average Variance

Bag-of-words 0.75 2.3!10!05 0.75 2.3!10!05 0.75 2.3!10!05

All chunks 0.69 1.7!10!05 0.69 7.4!10!06 0.62 1.6!10!05

No normalization 0.64 1.6!10!05 0.69 1.6!10!05

mean(p(chunk)) 0.78 1.8!10!05 0.83 1.9!10!05 0.81 1.9!10!05

ratio(documents containing chunk) 0.52 0.0009 0.83 5.3!10!05 0.85 8.3!10!06

TABLE III
SOME INTERESTING TOPICS: CRAN CORPUS, <JJ.*>*<NN.*>+, <VB.*>+

Topic 6 Topic 44 Topic 94

jet method vortex
thrust integral equation wake
jet speed digital computer growth
nose jet approximate treatment free shear layer
adjustment boundary layer body revolution constant velocity
interaction circular cylinder exerted

shallow shell analysis field flow basic equation
shock conditions problem heat transfer vortex cancellation
theory plastic rod relation

air additional span shockwave equation

TABLE IV
SOME INTERESTING TOPICS: REUTERS CORPUS, <JJ.*>*<NN.*>+, <VB.*>+

Topic 14 Topic 74 Topic 56

terms year production
letter unemployment produced
signed ratio year
disclosed averaged estimated
acquire increased increase
intent unemployment rate energy

definitive agreement consumer price cover
transaction capital spending agriculture ministry
approval residual fuel demand industrial production index base

financial corp rate lake
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Abstract—This paper reports on the automatic assessment of oral

proficiency for advanced second language speakers. A spoken dialogue

system is used to guide students through an oral test and to record

their answers. Indicators of oral proficiency are automatically derived

from the recordings and compared with human ratings of the same data.

The proficiency indicators investigated here are based on the temporal

properties of the students’ speech as well as their ability to repeat test

prompts accurately. Results indicate that, both for segmentation as well

as accuracy-based scores, the most simple scores correlate best with the

humans’ opinion on the students’ proficiency. Combining different scores

using multiple linear regression leads to marginally higher correlations.

However, these improvements are too small to justify the associated

increase in the computational complexity of the system.

I. INTRODUCTION

Automatic language proficiency assessment can assist language

teachers when student numbers make individual assessment infeasi-

ble. Even for limited student numbers, automatic assessment tools can

contribute to the educational process by allowing more frequent test-

ing. In addition, they offer consistent and impartial evaluation - both

factors that are known to be problematic in human assessment. While

text-based tests that assess reading and writing skills can already be

automated by restricting them to multiple-choice questions, large-

scale assessment of perceptual and oral skills remains a challenge.

This paper presents the most recent results obtained during the

development of an automatic test for the assessment of the oral

proficiency and listening comprehension of university students. Pre-

vious studies have shown that the majority of the students in our

test population are very proficient in the L2 we are trying to assess

(South African English) [1], [2]. As a consequence, our results differ

from those reported by other researchers for students who are less

proficient or are from more diverse populations.

More specifically, some of our previous experiments showed that

applying non-linear transformations to the machine scores does not

improve the correlation between the automatic measures and the

human ratings of the data. In the same study it was found that

there is no substantial difference between the effectiveness of context

independent (monophone) and context dependent (triphone) acoustic

models to score learner speech automatically [1]. A related set of

experiments, aimed at improving the correlation between the human

rating of the data and automatically derived proficiency indicators

based on posterior log-likelihood, revealed that even the most promis-

ing posterior scores correlate poorly with human assessments [2].

In this paper we elaborate on these investigations by evaluating the

power of segmentation-based scores other than Rate of Speech (ROS),

which was used in our previous experiments to predict human judge-

ments of students’ answers. We also investigate alternative accuracy-

based scores. Each score’s potential to predict human assessments

of oral proficiency is evaluated by calculating the correlation1 of the

machine score with the human ratings applied to the data. In addition,

we aim to determine whether a combination of scores is better at

predicting human ratings than single scores.

II. AUTOMATIC TEST

Our application was implemented as a telephone-based test. The

test consisted of a number of tasks in which students had to listen

and respond, either by reading a sentence from a test sheet or by

responding to an instruction. In this paper, we will focus on the

following two tasks:

• Reading task: Students are provided with a list of sentences

on a printed test sheet. The system randomly chooses six of

these sentences, and instructs students to read each one in turn.

For example, “School governing boards struggle to make ends

meet.”

• Repeating task: Students are asked to listen to sentences uttered

by the system and to repeat the same sentence. For example,

“Student teachers do not get enough exposure to teaching

practice.”

The sentences in the repeat task ranged from fairly simple (e.g.

“It is boring to sit and watch teachers all day.”) to longer and more

complex sentences where the subject is a separate clause (e.g. “How

parents’ interests and hopes are accommodated is crucial to the success

of a school.”). In the case of advanced learners, it was assumed that

their better working memory capacity in the second language would

make it possible for them to repeat the sentences accurately.

A spoken dialogue system was developed to guide students through

the test and to capture their answers. The system plays the test

instructions, records the students’ answers, and controls the interface

between the computer and the telephone line. In a fully operational

system, it would also control the flow of data to and from the

automatic speech recognition (ASR) system, but in our set-up the

students’ answers were simply recorded for later, off-line processing.

120 students took the test as part of their oral proficiency assess-

ment. The majority of the students speak Afrikaans as a first language

and their proficiency in English varies from intermediate to advanced.

All the other students speak English as a first language. Calls to the

dialogue system were made from a telephone located in a private

office reserved for this purpose. Oral instructions were given to the

students before the test. In addition to the instructions given by the

dialogue system, a printed copy of the test instructions was provided.

No staff were present while the students were taking the test.

Feedback received immediately after completion of the test indi-

cated that English-speaking students generally found the test man-

ageable while the majority of Afrikaans students found it fairly

1All correlation values are expressed in terms of Spearman’s rank correla-
tion coefficients.
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challenging. Most students found the instructions clear and found

that the paper copy of the test provided adequate guidelines and extra

security in a stressful situation.

III. HUMAN ASSESSMENT

Six teachers of English as a second or foreign language were

asked to rate speech samples from the reading and repeating tasks

in the test. For the reading task, each sentence was assessed on

three separate scales in terms of degree of hesitation, pronunciation

(including accent) and intonation. Figure 1 shows the assessment

scales used for the reading task. Scores below three on the scale

would indicate students who need additional language support. The

raters were provided only with the scale but not the scores.

Some words/sounds

mispronounced, 

distracting to listener.

Mispronunciation

affects

comprehension.

meaningful.

always

Pauses not

7

accent barely 

Educated SAE,

discernable.

Accent clear but

comprehensible.

123456

Intonation follows sentence

meaning, pauses at commas

phrasing so that meaning clear.

ignores punctuation and

meaningful sentence units.

"Wooden" reading style,

6 5 4 37 2 1

Hesitation at start

or during sentence.

No hesitation,

smoothly read. much mumbling.

No start and/or 

7 6 5 4 123

(b)

(c)

(a)

Fig. 1. Scales used to assess (a) degree of hesitation (b) pronunciation and
(c) intonation in the reading test.

For the repeating task, the same process was followed. In this case,

separate scales were designed to measure the success with which a

repetition was formulated and the accuracy of the repetition, as shown

in Figure 2. The scales were accompanied by precise descriptions for

all the categories.

No start

or attempt

to repeat.

No start

or attempt

to repeat.

Starts and

then aborts

attempt.

A few words

and then

peters out.trouble.

Starts but then 

gets into

Some hesitation

but then

completes.

6

Partially correct

repetition of

phrases.

some words but

no coherence.

Repetition of
Correct

repetition.

Partially correct

repetition or

interpretation.

Starts and

completes

repetition.

5 4 3 12

2 13456

(a)

(b)

Correct

interpretation.

Fig. 2. Scales used to assess (a) degree of success and (b) accuracy in the
repeating test.

Since the test was intended to measure listening comprehension, it

seemed fair to distinguish correct repetitions from correct interpre-

tations, since the latter would indicate that the students responded

by interpreting what they heard. This kind of behaviour offers a

glimpse into a speaker’s working memory, which seems to reduce

information into meaningful chunks in order to make sense of an

incoming message.

In an initial training session, the scales were explained and sample

responses were played to clarify what was meant by categories such

as “Starts and then gets into trouble” as opposed to “A few words

and then peters out”. The intra-rater correlations obtained using these

assessment scales varied between 0.67 and 0.96 with an average value

of 0.85 for the six raters who participated in the experiment.

Table I shows the correlation between the individual assessment

criteria. Other researchers have reported correlations of more than

0.75 between human ratings of fluency and segmental quality for

read speech [3]. In contrast, only degree of hesitation and intonation

seem to show noteworthy correlation in our data. This difference can

probably be ascribed to the fairly advanced L2 proficiency of most of

the speakers in our test population. The relationship between fluency

and pronunciation may be much weaker for these students than for

less proficient speakers. The data in Table I also reveals a strong

correlation between degree of success and repeat accuracy.

Task Assessment criteria Correlation

Read Hesitation & pronunciation 0.40
Read Hesitation & intonation 0.66
Read Pronunciation & intonation 0.41

Repeat Success & accuracy 0.89

TABLE I
CORRELATION BETWEEN DIFFERENT ASPECTS OF PROFICIENCY

EVALUATED IN THE READ AND REPEAT TASKS.

IV. ASR SYSTEM

The Hidden Markov Model Toolkit (HTK) version 3.4 was used

for ASR [4]. The hidden Markov models (HMMs) used by the

speech recogniser were trained on approximately 6 hours of telephone

quality speech by English mother-tongue speakers. This data is part

of the African Speech Technology (AST) corpus, and consists of

phonetically and orthographically annotated speech gathered over

South African fixed as well as mobile telephone networks [5].

Triphone HMMs were obtained by means of decision-tree state

clustering and embedded Baum-Welsh re-estimation. The final set

of triphone HMMs consisted of 4797 tied states based on a set of 52

phones, and a maximum of 8 Gaussian mixtures per HMM state.

Finite State Grammars (FSGs) were used for the automatic recogni-

tion of the reading task. It is expected that the students, who generally

have good English reading skills, would make very few errors while

reading prompts from a test sheet. Hence the use of a strict finite state

grammar (FSG) is an appropriate recognition method for this task.

For each prompt in the reading task an FSG was created allowing

the desired utterance, as well as “I don’t know” or simply “don’t

know”. The branch allowing the desired utterance expects all words

to be present in the correct order, but allows inserted silence, noise

and hesitation sounds. These prompt-specific grammars were defined

using extended Backus-Naur form (EBNF) notation and were parsed

to lattice files that were used during recognition.

Unigram language models (LMs) were used for the automatic

recognition of the repeating task. For this task, provision must be

made for missing words, changes in word order, and the replacement

of words or phrases with synonyms. This makes the use of a strict

FSG less attractive than the use of a unigram language model, which

places no restrictions on word order. A separate LM was therefore

created for each prompt of the repeating task. Each LM consisted of

a word loop, where the allowed words were obtained from the human

transcriptions of the development set, as well as all words occurring

in the prompt. Silence and noise sounds were again allowed between

words. The word loop was unweighted, meaning that all word-to-

word transitions had equal probability.
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A sub-set of the data (30 speakers) was used to optimise the

recogniser’s word insertion penalty and language model scaling factor

for these two configurations. The remainder of the data (90 speakers)

was used as an independent test set.

V. SCORES DERIVED FROM SEGMENTATION INFORMATION

Four segmentation-based scores were investigated in this study:

rate of speech, articulation rate, phonation/time ratio and segment

duration scores. These scores focus on the temporal features of

speech, rather than on its acoustic characteristics, and are calculated

from phone level alignments. A distinction is also made between the

speech phones (those forming part of words) and non-speech phones

(those forming part of silence or noise) in each utterance.

A. Rate of Speech

The Rate of Speech (ROS) of an utterance is defined in [3] as the

number of speech phones per second, calculated using the number

of speech phones in the utterance MSpeech, and the total duration of

the utterance TTotal, in seconds:

ROS =
MSpeech

TTotal

Any silences leading or trailing the utterance are ignored when

determining the total duration.

B. Articulation Rate

Articulation Rate (ART) is similar to ROS, but does not take the

duration of silence and noise in the utterance into account [6]. It is

calculated using the total duration of speech phones in the utterance,

TSpeech, rather than the total duration:

ART =
MSpeech

TSpeech

C. Phonation/Time Ratio

The Phonation/Time Ratio (PTR) is the fraction of the utterance

duration that consists of speech phones [6]. It is defined as:

PTR =
TSpeech

TTotal

where TSpeech is the duration of all speech phones in the utterance

and TTotal is the total duration of the utterance, ignoring leading or

trailing silences.

D. Segment Duration Score

The Segment Duration Score (SDS) compares the duration of each

phone in an utterance with the expected duration of that phone based

on training data. It is based on the argument that the training data

reflects the pronunciation expected from proficient speakers [7].

To allow for variations in speech rate between speakers, the

duration of each phone is normalised by multiplication with the

utterance ROS. This is done for the utterances to be evaluated, as

well as for the training data. We define this normalised duration of

a phone qi as f(qi), where di is the duration of qi:

f(qi) = di · ROS

The phone level SDS is defined as the probability of the normalised

duration of the phone, given the type of phone:

SDS(qi) = Cqi
· p

`

f(qi)|qi

´

The probability p
`

f(qi)|qi

´

is based on a discrete distribution of

normalised durations for the given phone, determined from the

training data. The scaling factor Cqi
is associated with the probability

distribution for the given phone, and is defined so that a phone

duration corresponding to the peak of the probability distribution

results in a phone level SDS score of 1. The omission of this scaling

factor would result in uneven scoring between different phones.

Lower scores would be assigned to phones with broader probability

distributions, which do not have well-defined peaks, even when

pronounced perfectly, i.e. with a normalised duration matching that

of the distribution peak. By associating a scaling factor with each

probability distribution, we can scale scores in such a way that all

perfectly pronounced phones are assigned the same maximum score

of 1, irrespective of the shape of their duration distributions. Finally,

the utterance level SDS is defined as the average phone level SDS for

the given utterance.

E. Results

Tables II and III show that the ROS scores are relatively well corre-

lated with all human rating scales. ROS has the highest correlations of

all segmentation based scores with the human ratings for Intonation,

Success and Accuracy.

Hesitation Pronunciation Intonation

ROS 0.54 0.48 0.49

ART 0.41 0.50 0.46

PTR 0.64 0.18 0.39

SDS 0.15 0.18 0.00

TABLE II
CORRELATION OF SCORES DERIVED FROM SEGMENTATION INFORMATION

WITH HUMAN RATINGS FOR THE READING TASK.

Success Accuracy

ROS 0.67 0.65

ART 0.60 0.58

PTR 0.45 0.44

SDS 0.61 0.56

TABLE III
CORRELATION OF SCORES DERIVED FROM SEGMENTATION INFORMATION

WITH HUMAN RATINGS FOR THE REPEATING TASK.

The performance of ART is similar to that of ROS, with a slight

increase in correlation with the ratings for Pronunciation. PTR is

best correlated with the human ratings for Hesitation, and yields the

highest correlation with this scale of all the segmentation scores. The

correlations between PTR scores and the other human rating scales

are low compared to those of ROS and ART.

Finally, the correlations of the SDS scores with the three reading

task scales are negligible. The correlations with the two repeating

task scales are comparable with those of ART, but lower than those

of ROS.

VI. SCORES DERIVED FROM REPEAT ACCURACY

We evaluated three scoring algorithms based on speech recogni-

tion accuracy: ASR Accuracy, ASR Correct and Weighted Correct.

Because the students in our test population are generally highly

proficient, they achieved a reading accuracy score of 100% for most

prompts in the exercise. Reading accuracy is therefore not useful in

scoring proficiency automatically. Repeat accuracy, on the other hand,

is more variable and is considered here.

Results for two recognition strategies are presented, the first using

a unigram language model, and the second an oracle FSG. Oracle
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FSG recognition is similar to recognition using an FSG grammar as

described in Section IV. However, instead of creating a grammar for

each prompt based on the desired utterance, grammars are created

for each utterance based on the human transcription of the actual

utterance. As before, silence, noise and hesitation sounds are allowed

between words2. The use of an oracle FSG is intended to obtain

recognition output with a zero word-error rate, while including silence

and noise where appropriate. The results for the oracle FSG grammar

are included to indicate what the effect of better recognition accuracy

would be on the performance of the machine scores.

A. ASR Accuracy

The score ASR Accuracy (AccASR) is calculated using the HTK

tool HResults, which uses a dynamic programming-based string

alignment procedure to align the recogniser output with the reference

transcription [4]. It counts the number of correctly aligned words (H),
the number of insertions (I), and the number of words in the reference
transcription (W ). The score is then calculated as:

AccASR =
H ! I

W
" 100%

Note that this score is penalised by insertions. When the number

of insertions exceeds the number of correctly recognised words, the

score is negative.

B. ASR Correct

The score ASR Correct (CorASR) indicates the percentage of

reference transcription words present in the recogniser output [4],

and is defined as:

CorASR =
H

W
" 100%

In contrast to AccASR, this score does not take insertions into

account. It is also calculated by the HTK tool HResults.

C. Weighted Correct

When calculating CorASR, all words in the reference transcription

are regarded as equally important. However, it may be argued that,

when human raters are assigning values to Accuracy or Success, they

may penalise speakers less for missing certain unimportant words

than for missing words that are more central to the semantic meaning

of the target utterance.

To investigate this, we assign a rank to each word in the reference

transcription as a measure of that word’s semantic importance. In

some cases, adjacent words are grouped together to form a phrase,

which is then assigned a single rank. Each rank is associated with a

weight, which represents the number of marks that will be awarded

if the corresponding word or phrase occurs in the recogniser output.

The Weighted Correct (CorWeighted) score is defined as the

percentage of marks that were awarded:

CorWeighted =

PH
i=1

wi
PW

j=1
wj

" 100%

where H is the number of correct words or phrases andW is the total

number of ranked words or phrases in the reference transcription. The

weight associated with the ith correct word or phrase is indicated by
wi, and the weight associated with the jth word or phrase in the

reference transcription by wj .

2While human transcriptions can be seen as the most accurate representation
of the words in an utterance, non-speech events such as silence and noise are
often not accurately transcribed.

The eight prompts for the repeating task were analysed3 and a

rank from 1 to 6 was assigned to each word or semantic group of

words. Ranks were assigned by identifying the head of the sentence

and elements that modify the head, as defined in [8]. A rank of 1

was assigned to words or phrases with the least semantic importance,

and a rank of 6 to those with the most semantic importance.

The weights associated with the different ranks can be adjusted

in an effort to approximate the relative importance human raters

would attach to each rank. The more accurate the approximation, the

stronger the correlation between the CorWeighted scores and human

ratings should be. We investigated four sets of weights based on four

different mathematical relationships between the ranks. Where wr is

the weight associated with rank r, the four sets of weights are defined
as:

Equal: wr = 1
Linear: wr = r

Quadratic: wr = r2

Logarithmic: wr = log(r) + 1

Ranks are numbered 1 to 6. A constant of 1 is added to the

logarithmic weights to avoid a weight of 0 for the lowest rank.

D. Results

1) ASR Accuracy & ASR Correct: Table IV shows the correlation

of the ASR Accuracy and ASR Correct scores with human ratings for

the repeating task.

Success Accuracy

UG Oracle UG Oracle

AccASR 0.61 0.81 0.63 0.77

CorASR 0.76 0.87 0.85 0.90

TABLE IV
CORRELATION OF AccASR AND CorASR SCORES WITH HUMAN RATINGS

FOR THE SUCCESS AND ACCURACY RATING SCALES USING UNIGRAM

(UG) AND ORACLE FSG RECOGNITION STRATEGIES.

When based on recognition performed using a unigram language

model, the correlations obtained for ASR Accuracy are comparable

with those obtained for Rate of Speech (Table III). However, the

correlations between ASR Correct scores and the human ratings are

the highest correlations between a machine score and human ratings

for Success and Accuracy found in this study. Furthermore, the oracle

FSG results in Table IV show that higher recognition accuracy may

lead to even better correlations between the machine scores and the

human ratings.

2) Weighted Correct: Table V shows the correlations between

human ratings and Weighted Correct scores based on the four

different weight sets described in Section VI-C. While better than

those obtained for ASR Accuracy, the correlations are lower than

those found for ASR Correct, which regards all words as equally

important.

The weight sets with equal weights and logarithmically related

weights resulted in the highest correlations. When using equal

weights, the Weighted Correct score is similar to the ASR Correct

score except for the grouping of some words into phrases.

As with ASR Accuracy and ASR Correct, the correlations are higher

when based on recognition using an oracle FSG grammar, indicating

that better recognition may improve results.

3Personal communication with Prof. C. van der Walt, Department of Cur-
riculum Studies, Faculty of Education, Stellenbosch University, who designed
the prompts for the automated test.
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Success Accuracy

Weight Set UG Oracle UG Oracle

Equal 0.71 0.86 0.79 0.90

Linear 0.62 0.80 0.73 0.84

Quadratic 0.47 0.68 0.59 0.71

Logarithmic 0.70 0.85 0.79 0.89

TABLE V
CORRELATION OF WEIGHTED CORRECT SCORES WITH HUMAN RATINGS

FOR THE SUCCESS AND ACCURACY RATING SCALES, UNIGRAM (UG) AND
ORACLE FSG RECOGNITION STRATEGIES, AND DIFFERENT WEIGHT SETS.

3) Optimised Weights: In an attempt to find an approximately

optimal weight set, correlations were calculated for 4000 randomly-
generated weights consisting of uniformly distributed integers be-

tween 0 and 100. Groups of six random values were generated at a

time and sorted numerically to form weight sets.

Based on these 4000 random weight sets and using unigram

recognition, correlations with human ratings for Success ranged

between 0.29 and 0.73, and correlations with the Accuracy scale
ranged between 0.40 and 0.81. Hence no better alternative to the
straightforward application of ASR Correct was found.

VII. COMBINATION OF SCORES

In this section we describe the effects of combining different

machine scores to predict human ratings, by using multiple linear

regression (MLR). The regression models were trained and imple-

mented using WEKA, a data mining software package developed at

the The University of Waikato4 [9].

MLR was used for five different configurations of target and predic-

tor variables. Table VI shows the targets and predictor categories for

each of these configurations. In each instance, human ratings are used

as targets and machine scores as predictors. The results reported here

were obtained with a set of 8 predictor variables for the reading task

and 14 for the repeating task [10]. These predictors also included the

posterior log-likelihood scores that have been evaluated in previous

investigations, but that have not explicitly been described here [2].

Target Predictors

Reading Task
Human Ratings

Hesitation
Reading Task
Machine Scores

Pronunciation

Intonation

Repeating Task
Human Ratings

Success Repeating Task
Machine ScoresAccuracy

TABLE VI
TARGET AND PREDICTOR VARIABLES FOR MLR.

For each configuration, MLR models were trained for every pos-

sible combination of predictor variables. This allowed us to identify

which combinations of predictors lead to the best performance, as

well as combinations which have comparable success but require

fewer predictors.

Due to the relatively small size of our corpus, leave-one-out cross

validation was used to evaluate each combination of predictors.

For N speakers, leave-one-out cross validation employs N different

regression models. Each model is trained on N ! 1 speakers and
used to predict the target associated with the Nth speaker. A total of

N iterations are considered, leaving each speaker out in turn. This

leads to a set of N predicted target values, each estimated using a

4Freely available online from www.cs.waikato.ac.nz/!ml/weka/.

separately trained model. In the scenario presented here, N = 90,
corresponding to the 90 students in the test set.

The ability of each predictor combination to accurately estimate the

target variable was evaluated by calculating the correlation between

the actual target values and the predicted values.

Table VII presents the correlation coefficients obtained with the

best MLR combinations for each target criterion. In each case,

the highest correlation with the target variables achieved using a

single predictor variable is presented as a baseline. The relative

improvement achieved by combining this predictor with others is

then indicated as a percentage. In [10] we report on the complete

set of experiments that include all possible combinations of predictor

variables and identify the most successful combination for each target

and predictor configuration. In this study, we restrict the results to

the most effective single predictor, followed by the combination of

predictors that yielded the biggest improvement over the baseline.

Target Baseline MLR Impro-
criterion Predictor Corr Predictors Corr vement

Hesitation PTR 0.64 PTR & ROS 0.68 8%
Pronunciation ART 0.50 ART & SDS 0.53 13%
Intonation ROS 0.49 ROS 0.49 0%

Success CorASR 0.76 CorASR & ROS 0.82 9%
Accuracy CorASR 0.85 CorASR & ROS 0.87 4%

TABLE VII
RESULTS FOR MLR PREDICTIONS OF HUMAN RATINGS FOR READING AND

REPEATING TASK MACHINE SCORES.

From Table II, and repeated in Table VII, we see that the best single

predictor for the human ratings of Hesitation was the Phonation/Time

Ratio (PTR). Adding Rate of Speech (ROS) to the MLR model

improved the correlation by 8% from 0.64 to 0.68. No combination
of three scores resulted in a stronger correlation than the grouping

of PTR and ROS.

For the human ratings of Pronunciation, Tables II and VII show

that the best performing single predictor was Articulation Rate (ART).

Combining this with the Segment Duration Score (SDS) improved the

correlation between predicted and actual human ratings by 13%, from

0.50 to 0.53. Once again, this was also the best performance of any

combination of predictors for this target, and no further improvement

was achieved by adding further predictors. The contribution made by

SDS is surprising, considering that the correlation between SDS and
Pronunciation ratings is only 0.18, as shown in Table II.
For the human ratings of Intonation, no combination of predictors

was able to achieve better performance than the best single candidate,

which was ROS.

For the repeating task, Table VII shows that, for both Success

and Accuracy, the best single predictor is ASR Correct. In both

cases the combination of this predictor with ROS by MLR leads

to a score which is better correlated with the human rating. In

particular, combining ASR Correct with ROS leads to a 9% increase in

correlation for Success and a 4% increase in correlation for Accuracy.

The addition of further scores (including posterior log-likelihood

scores) to the combination of ASR Correct and ROS resulted in very

small additional improvements in the correlation.

VIII. DISCUSSION

In general, the segmentation scores reported on in this paper are

better correlated with human ratings than the posterior log-likelihood

scores that were evaluated in previous studies [1], [2].
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Rate of Speech scores are arguably the most simple to calculate,

and correlate well with all human rating scales. Articulation Rate,

which is closely related to ROS did not perform better, except for

a slight improvement in correlation with Pronunciation ratings. The

Phonation/Time Ratio scores show promise as a predictor of human

ratings for Hesitation in particular. The Segment Duration Score

scores have no usable correlation with human ratings for the reading

task, but are relatively well correlated with ratings for the repeating

task.

In comparison with the segmentation based scores, each of the

three accuracy-based scores investigated correlates well with human

ratings. The fact that ASR Correct performed better than ASR Accu-

racy leads us to suspect that human raters do not penalise students for

word insertions in the way ASR Accuracy does. Instead, they appear

to focus primarily on the number of correct words.

Even the highest correlation achieved by the Weighted Correct

score (0.81, using and optimal weight set), is not as high as that
attained by ASR Correct, 0.85. Of the mathematically calculated
weight sets, those with equal weights and logarithmically related

weights resulted in the highest correlations. This shows that the best

results are achieved when Weighted Correct is most similar to ASR

Correct, and leads us to believe that manually ranking words and

phrases in a target utterance according to their semantic importance

is not a promising method of improving automatic accuracy scoring.

The results in Section VII indicate that combining machine scores

for the estimation of human ratings results in better predictions

than the use of individual scores. In each instance, the greatest

improvement was achieved by the first additional score.

Results for the combination experiments also showed that predic-

tions of the reading task ratings relied mostly on segmentation based

scores, while predictions of the repeating task ratings relied on scores

derived from the repeat accuracy in conjunction with segmentation

based scores. For both the repeating task rating scales, the best single

predictor was ASR Correct, while the addition of ROS resulted in the

greatest additional improvement in correlation. The high correlations

of 0.82 and 0.87 obtained for Success and Accuracy, respectively,
seem to confirm the feasibility of automated rating of a repeating

task using the algorithms described in this study.

Linear regression is one of many methods that can be used to

combine machine scores in order to predict proficiency ratings. For

example, Franco et al. found non-linear approaches such as the use of

artificial neural networks, distribution estimation and regression trees

to be slightly more effective than linear regression [11]. However,

we mitigate the possible negative effect of non-linearities on our

correlation values by using Spearman’s rank correlation rather than

Pearson’s correlation coefficient.

IX. CONCLUSIONS

The results of this study show that, for the reading task, the

segmentation-based Rate of Speech (ROS) score correlates best with

human ratings of oral proficiency, despite its apparent simplicity.

For the repeating task, the ASR Correct score, which is based

on the automatically-estimated repeat accuracy, delivers the highest

correlation with the corresponding human ratings, and also the highest

correlations found overall. Furthermore, experiments using an oracle

language model indicate that this correlation can be further improved

by increasing the accuracy of the automatic speech recogniser. In

determining the accuracy-based score, our experiments show that all

words should be viewed as equally important, and that attempts at

weighting words in accordance with their perceived semantic signif-

icance are counterproductive. Finally, we show that the correlations

between the human ratings and the machine scores can be further

improved by making use of a combination of machine scores through

the application of multiple linear regression. The best correlations

between human and machine scores, especially for the repeating

exercise, indicate that automatic oral proficiency assessment for our

highly-proficient group of L2 speakers is technically feasible.
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Abstract—This paper presents a Markov Random Field for-
mulation novel to cardiac Magnetic Resonance Imaging segmen-
tation. We represent the left ventricle’s endocardium as a set of
coordinates (spatial and temporal) and model their appearance
and location with a graphical model. This differs from existing
MRF approaches that attempt to assign a label to each site (pixel).
Inference is done using loopy belief propagation. Some limitations
on training are briefly discussed, current issues are demonstrated
and future research proposed.

Index Terms—MRF; segmentation; MRI; cardiac

I. INTRODUCTION

MAGNETIC Resonance Imaging (MRI) provides a non-
invasive way to obtain images with high contrast be-

tween organs with high water content and their surrounding
tissue. Multiple frames can be captured in succession to create
a video of organs at a specific spatial slice. This makes it useful
for diagnosing cardiac related problems especially because
MRIs are sensitive to the blood collected within the left
ventricle. Segmentation of the heart from the short axis view
is important in calculating properties such as ejection rate and
cardiac wall thickness. Segmentation of endo- and epicardium
(inner and outer heart wall - see Figure 1) is a labour intensive
task and various automated cardiac segmentation algorithms
exist.
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Figure 1: Short axis view of left and right ventricles.

Application of Markov Random Field (MRF) is popular
for medical segmentation. Segmentation is usually posed as
a problem of associating a label (often binary) to regularly
spaced sites (often per pixel). MRFs then model the relation-
ship between a site’s label and pixel value, as well as a site’s
label and its neighbour’s label. The graphical model for this
MRF effectively creates a surface of nodes over the image.
We therefore refer to these techniques as surface MRFs. For
analysis and applications of surface models see [1].

We choose to model the endocardium edge directly in
what we call an edge MRF. We integrate shape and temporal

information explicitly through heuristically chosen feature
functions. By applying loopy belief propagation for inference
this naturally leads to offline segmentation.

In this work we briefly discuss related work and present our
model in more detail. We also describe MRFs and how infer-
ence and training is done. We conclude with a demonstration
of some current limitations and possible improvements.

II. RELATED WORK

Approaches to segmentation and tracking can be grouped
roughly into those that attempt to model the surface of an
object and those that model its edge.

Surface MRFs work especially well when segmenting ho-
mogeneous objects from their surrounding as the structure of
MRFs favor spatial smoothness. The left ventricle, however,
contains two papillary muscles (see Figure 2). When modelling
the ventricle wall it is often desirable to include these muscles
in the segmentation. Because surface MRFs do not model the
edge they do not directly encode any shape information.

Figure 2: Short axis view of right and left ventricles. Sur-
rounding tissue is cropped for clarity. Endocardium ground
truth (purple) and automatic segmentation (blue) is indicated.

Information on the edge and shape of the cardiac wall
and surrounding structures is typically included with the use
of snakes or active shape models (ASMs). ASMs transform
the segmentation’s contour into a shape space where numeric
processing (such as principal component analysis) takes place.
Integrating temporal information is often only implicit through
an online tracking algorithm (e.g. Kalman filter). However,
Andreopoulos and Tsotsos [2] fit a 3D active appearance
model and investigate a hierarchical 2D + time ASM, that
integrates temporal constraints by using the third dimension
for time instead of a spatial dimension. For a review of
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snakes and deformable models in medical image analysis see
Mcinerney and Terzopoulos [3].

There have been attempts to unify edge and surface models.
Specifically Huang et al.[4] have proposed coupling surface
MRFs with a hidden generative state representing a deformable
contour.

Various heuristic methods exist to segment cardiac MRI
images. One that is of interest due to its similarity to contour
space is that of Jolly [5]. It is interesting to compare it with
our approach as they also work in log-polar space where the
least cost path from top to bottom is defined as the desired
contour. A cost function is required for determining the correct
contour. If we limit our model to a single frame (i.e. remove
temporal linkage) belief propagation finds an estimate of the
least cost path via a cost function defined on the polar image.

III. PROBLEM FORMULATION

We formulate the segmentation as follows: when given only
a single frame D(t) = g (x, y) at time t we wish to find
the contour z(t) = (x(t), y(t)) around the left ventricle’s
endocardium border. We discretize the contours into N = 128
points. i.e. zn(t) = (xn(t), yn(t)) where n = 1, . . . , N

As we are working with spherically shaped contours one can
simplify the configuration space by choosing a center point
c(t) for each frame and working in the log-polar transformed
version of the variables (!n(t), "n(t)) where

tan ("n(t)) =
yn(t)! cy(t)
xn(t)! cx(t)

, (1)

rn(t) =
!

(xn(t)! cx(t))2 + (yn(t)! cy(t))2, (2)

and
!n(t) = log (rn(t)/rinit) . (3)

where rinit is a scaling factor. An additional constraint on
our points is imposed by distributing them uniformly over the
angle. i.e. "n(t) = 2# n

N . See Figure 3. We also discretize
!n(t) to take on one of M = 256 discrete values. We refer to
corresponding image value (thus also in log-poplar space) for
this coordinate as Dn(t).

Figure 3: Pictorial representation of coordinates on endo-
cardium contour where N = 12.

The problem is further simplified with a preprocessing step
that attempts to align frames in a video so they share a
common center point. It is assumed that the center point for

the first frame, c(0), is provided by the user. Many heuristic
techniques have been devised to find a rough estimate of
the endocardium’s location. The preprocessing finds a center
point for the next frame by minimizing the error between
aligned frames. Errors are weighted normally from the pre-
vious frame’s center point. As long as c(0) lies within the
endocardium we can report good results.

A side effect is that translations have been eliminated from
our data and our model can now only focus on deformation
of the size and shape of the contours. By assuming the same
center point for all frames in a video we can describe the
configuration of a single frame only as !(t) (i.e. a sequences
of radii). Alternating between inferring ! and re-estimating c
is also possible and we believe will lead to improved results.

When we are provided with a series of T successive
frames we would like to exploit the temporal informa-
tion to find a series of contours. We therefore generalize
our notation to represent videos and their segmentations:
D = {D(t), t = 1, . . . , T}, z = {z(t), t = 1, . . . , T}, ! =
{!(t), t = 1, . . . , T}, and c = {c(t), t = 1, . . . , T}.

IV. MARKOV RANDOM FIELD

A probabilistic formulation of our problem allows us to
apply various modelling and inference techniques. Specifically
if we are given a sequence of frames, D, we would like to
find the set of contours !! that maximizes the conditional
probability, P (!|",D), where " is a set of parameters to be
learnt.

We model the relationship between our variables (!, D
and ") with a Markov Random Field, G. An MRF expresses
conditional independence between random variables and can
be used as a basis for inferring the most likely values of
latent variables. We factorize an MRF in terms of cliques
with a partition function Z that normalizes the product into
a probability density function. A single temporal slice of our
MRF’s graphical model, with only N = 8, is shown in Figure
4. In the full model, T rings are connected as shown in the
“unrolled” graphical model in Figure 5.

Figure 4: Graphical model of a single frame. Some variable
labels omitted for clarity.

Through the Hammersley-Clifford theorem [6] we can ex-
press the conditional in terms of the product of clique potential
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Figure 5: Unrolled graphical model with temporal linking
between frames. Some variable labels omitted for clarity.

functions

P (!|",D) =
1

Z (",D)

!

C!cl(G)

!C (!C |"C ,DC) , (4)

with a partition function Z (",D) which normalizes the dis-
tribution with

Z (",D) =
"

!

!

C!cl(G)

!C (!C |"C ,DC) . (5)

Expressing all potential functions as a log
linear combination of weighted feature functions
!C = exp ("C · fC (!C ,DC)) allows us to simplify
the above into

P (!|",D) =
1

Z (",D)
exp (!E(!|",D)) , (6)

where the energy is defined as

E (!|",D) =
"

C

"C · fC (!C ,DC) , (7)

and the partition function as

Z (",D) =
"

!

exp (!E (!|",D)) . (8)

Expressing the probability of a configuration in terms of
an energy function simplifies the calculations in inference and
training. Note that the feature functions are defined over the
variables in a clique.

A. Feature Functions
We encode dependencies between variables as a weighted

sum of feature functions. Functions are designed to yield small
values for desirable segmentations and larger ones otherwise.
Feature functions are made positive (by squaring their values
or subtracting the smallest possible value) and also normalized
to be predominantly smaller than 1. This allows us to take "
as positive and intuitively interpret it as a scaling vector.

Three types of cliques (and thus feature functions) exist
based on the types of joint probabilities modeled: image-
node dependence !c ("n (t) , Dn (t)), spatial node-node de-
pendence !c ("n (t) , "n"1 (t)) and temporal node-node de-
pendence !c ("n (t) , "n (t! 1)). For brevity we only include
some of the features in this article.

We assume "C is not dependent on the temporal or spatial
location of the clique and thus

E (!|",D) =
"

t

"

n

"

k=1,2

#kfk ("n(t), Dn(t)) (9)

+
"

t

"

n

"

k=3,4

#kfk ("n(t), "n"1(t))

+
"

t

"

n

"

k=5

#kfk ("n(t), "n(t! 1)) .

1) image-node functions: We seek a small response for
strong negative edges (as the contour usually lies between light
to dark areas when moving radially outwards) and therefore,
with a slight abuse of notation, choose a feature function that
emphasizes negative radial edges

f1 ("n(t), Dn(t)) = 1 + (Dn(t, "n + 1)!Dn(t, "n)) /255.
(10)

The endocardium lies next to the blood pool inside the left
ventricle. We therefore also include a feature

f2 ("n(t), Dn(t)) = C ("n, $n) /105 (11)

where

C ("n, $n) = min
(!,")!neighbors(!n,"n)

#
C (", $)

+ |D ("n, $n)!D (", $)|
$
. (12)

This assigns low cost to positions that can be reached from
the center without going over edges. Calculating this feature
can be quite expensive, requiring O

#
(MN)2

$
comparisons.

Restricting the minimization in (12) to neighbours with smaller
radii (i.e. " <" n), allows a more efficient estimate because
we can visit each position starting from the center and moving
outwards in a single pass (i.e. O (MN)) without having to
revisit positions.

2) spatial node-node functions: As contours are elliptical,
with the vertical axis longer than the horizontal, the difference
between neighbouring radii depend on their angular position.
Modelling this difference as a normal distribution

"n (t)! "n"1 (t) " N
%
µ (n) , %2

&
(13)

where the mean value, µ(n), is a function of n and with
variance %2, leads us to the feature

f3 ("n(t), "n"1(t)) = (("n(t)! "n"1(t))! µ (n))2 /M2.
(14)

Implicit in this feature is the assumption that the variance
is constant over angular positions. Through inspection of the
training data, this seems a reasonable assumption.

We also try to minimize the color difference between
neighbouring nodes through

f4 ("n(t), "n"1(t)) = (Dn(t, "n(t))!Dn"1(t, "n"1(t)))
2 /2552.
(15)
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3) temporal node-node functions: There is definite shrink-
age over sistole and growing over diastole and thus

!n (t)! !n (t! 1) " N
!
µ (t) , "2 (t)

"
. (16)

However, because we cannot always depend on a series of
frames starting and ending at peak diastole we only assume
that the contour coordinates change gradually over time and
therefore µ (t) = 0 and " (t) = constant. From this we derive

f5 (!n(t), !n(t! 1)) = (!n(t)! !n(t! 1))2 /M2. (17)

V. INFERENCE

When a segmentation is required for a given sequence of
frames we run inference on our MRF. Specifically we want to
find the configuration !!,

!! = arg max
!

P (!|",D) . (18)

However, because Z (",D) is independent of !, we can
reduced this to finding the configuration that minimizes the
energy,

!! = arg min
!

E (!|",D) . (19)

For inference of problems that can be expressed as a tree we
can run the min-sum algorithm and calculate an exact value for
!!. Unfortunately, because of the temporal linkage between
nodes across frames and the spatial circular connectivity
between nodes within each frame, we find ourselves with a
graphical model with many loops. There is currently no known
way to efficiently calculate !! exactly.

Loopy belief propagation has been used to calculate esti-
mates for similar problems with success in the past. Sufficient
conditions for the convergence of loopy belief propagation are
being discovered [7].

A. Propagated Messages

Factor graphs are bipartite graphs that indicate the rela-
tionship of feature functions (factor nodes) and the variables
on which they depend (variable nodes). This is not only
useful as a design tool, but also simplifies illustration of belief
propagation calculations. Our factor graph is shown in Figure
6. For a good tutorial on factor graphs and belief propagation
see Kschischang et al. [8]

In min-sum belief propagation two types of messages exist:
those sent by factor nodes to variable nodes and those sent by
variable nodes to factor nodes. The message sent by a variable
node is proportional to the sum of incoming messages to that
node. The message sent from factor nodes is a minimization
over the sum of the incoming messages and the factor’s
features.

Our implementation only stores messages emitted from
factor nodes as those sent from variable nodes are already
included in their calculation. The variable value that minimizes
a belief value in a message is also stored for later use when
backtracking. We also group messages that are passed from
a factor to a node !n(t) into one of four types according to
their direction:

1) mR (n, t): message passing “rightwards” from factor
connecting variables !n!1(t) and !n(t)

2) mL (n, t): message “leftwards” from factor connecting
variables !n+1(t) and !n(t)

3) mU (n, t): message “upwards” from factor connecting
variables !n(t! 1) and !n(t)

4) mD (n, t): message “downwards” from factor connect-
ing variables !n(t + 1) and !n(t)

As an example of the message calculation consider mR (n, t),
the “rightwards” message received by the variable !n(t),

mR (n, t) =
1

Zn,t
min

"n!1(t)

# $

k

#kfk (!n(t), !n!1(t))

+
$

k

#kfk (!n!1(t), Dn!1(t)) + mR (n! 1, t)

+mU (n! 1, t) + mD (n! 1, t)
%

(20)

where Zn,t is a scaling value to ensure that&
"n(t) mR (n, t) = 1. See Figure 7.

Figure 7: Message mR (n, t) and its contributing messages.
Some labels omitted for clarity.

Because !n(t) can take on M discrete values, the message
mR (n, t) is a vector with M entries, i.e. a belief for each
possible value of !n(t).

The features f3 and f5 encourages smoothness of the
contours in the spatial and temporal dimensions. We used this
property to implement a banded search to reduce the calcula-
tions involved in calculating factor messages. It currently takes
around 2 seconds per frame to run inference on a video using
a 2.6 GHz processor. Segmentation of the entire dataset can
be done in less than two hours on a single core machine.

B. Propagation Schedule
Loopy belief propagation requires one to specify a specific

schedule by which messages are passed through the graph.
The choice of scheduling depends on the specific problem and
structure of the graph and is often made through experimen-
tation.

We initialize all messages to zero and for each iteration
propagate in the following manner

1) for each frame, t, calculate messages mR (n, t) emitted
by factors rightwards sequentially for n = 1, . . . , N

2) for each frame, t, calculate messages mL (n, t) emitted
by factors leftwards sequentially for n = N, . . . , 1
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Figure 6: Partial factor graph of model with temporal linking. Factor labels and some variable labels omitted for clarity.

3) for each frame t = 1, . . . , T ! 1 sequentially calculate
messages sent messages mU (n, t + 1) sent upwards

4) for each frame t = T, . . . , 2 sequentially calculate
messages sent messages mD (n, t! 1) sent downwards

In practice it seems that at least 3 iterations within each frame
(to smooth out discontinuity due to circularity !N+1(t) =
!1(t)) and 3 over the whole procedure (for message effects to
propagate temporally) is mostly sufficient for convergence to
occur. Whether this is the global optimum is unclear, although
the contours seem to be well behaved with respect to the
energy.

C. Backtracking
Unlike sum-product belief propagation, for max-sum we

need to backtrack to find consistent configurations. For infer-
ence we want to find the configuration !! that solves (19) and
thus minimizes (9). Belief propagation allows us to find the
value for a specific variable, e.g. !!

N (T ), that forms part of the
optimal configuration by considering all incoming messages to
a node. i.e.

!!
N (T ) = arg min

"N (T )
E (!|",D)

" arg min
"N (T )

!
mL (N, T ) + mR (N, T )

+mU (N, T ) + mD (N, T )

+
"

k

"kfk (!n(t), Dn(t))
#
. (21)

To find the neighbouring values, e.g. !!
N!1(T ), of the

configuration in this slice that are consistent with !!
N (T ) we

can again refer to the propagated messages and find the value
for !N!1(T ) that caused the belief mR(N, T )(!!

N (T )). This
value was stored previously when calculating the message.
This reasoning is extended to find the consistent configuration
values for all !!

n(T ) in this slice.
Extending this backtracking procedure to nodes in the other

frames is similar. Only we look up the values of !n(t) that
caused mU(n, t+1) (!!

n(t + 1)), the messages to nodes in the
upper frame.

VI. TRAINING

Finding the best parameters, "!, is done by considering a
set of training videos, Dtrain, and their provided segmentations,
ztrain.

Maximum likelihood estimation often works well for other
kinds of machine learning training problems, so it is natural
to attempt a similar formulation. However we can see from
(5) that Z (",D) requires summation over all possible con-
figurations, which is computationally intractable. Various ways
to address this difficulty exist such as pseudo likelihoods and
Monte Carlo methods.

We attempt to avoid this issue by rather searching for the
value for " that minimizes the error between segmentation that
is obtained from the inference process and the segmentation
in the training set

"! = arg min
!

dist(!train,!!) (22)

where
!" = arg max

"
P

$
!|",Dtrain% . (23)

Because we can calculate the above (through inference)
without having to calculate Z (",D) we avoid this issue.
Unfortunately this leaves us in a position where we are not
able to directly calculate a gradient in "-space that would be
useful in iterative techniques. It is also important to note that
when working in higher dimensions estimating the gradient is
expensive and may be of diminishing return.

Calculating "! without the use of a gradient [9] is an opti-
mization problem with well known difficulties. We currently
use a naive random optimization algorithm.

VII. DEMONSTRATION

We are not yet ready to produce a full evaluation of
our methodology. We can, however, briefly demonstrate its
behavior on some images from the York dataset [2]. Originally
developed to showcase ASM tracking, the dataset contains 300
videos with around 10 sequential frames per video. Each frame
is annotated with the endocardium border.
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For efficiency reasons training was done on a single video
sequence from the dataset. Figure 2 shows an example of a
good segmentation that occurs when papillary muscles are far
from the endocardium.

However, even when segmented contours are close to the
ground truth for most of the sequence, segmentation can still
fail at end sistole when the papillary muscles come close to
the endocardium. This can cause undersegmentation if the
papillary edge is interpreted as part of the endocardium (see
Figure 8a) or can cause oversegmentation (see Figure 8b) if
the contour locks onto the epicardium’s strong edge.

(a) (b)

Figure 8: Short axis view of right and left ventricles with (a)
undersegmentation and (b) oversegmentation. Surrounding tis-
sue is cropped for clarity. Endocardium ground truth (purple)
and automatic segmentation (blue) is indicated.

For some videos, errors at end sistole are corrected by the
smoothing effect of f5 (!n(t), !n(t! 1)). The result can be
seen in Figure 9.

Figure 9: Automatic segmentation (red) of slices in a single
video without (top) and with (bottom) temporal linkage be-
tween frames. Ground truth indicated in black.

While it is likely that our trained parameters are non-
optimal, it also illustrates the locality property of MRFs.
Adding features that encode the global shape or temporal
behaviour can only be done in the MRF framework through
the addition of more edges to our graphical model. Adding
these edges, and thus more loops, can significantly increase
the complexity of inference if not done carefully.

Our experiments suggest that our model might be suffi-
ciently expressive to infer contours in a single training video.
The questions of whether various videos can be segmented by
a single ! and how well this generalizes to novel videos is
being investigated.

VIII. FUTURE WORK

Inclusion of the epicardium contour in our model would
impart stronger shape information and hopefully avoid the
inferred endocardium contour locking onto the epicardium
edge.

We have used a rather naive training methodology. There is
currently no guarantee that convergence leads to a global or
even adequate value for !. We will investigate other forms of
training in the near future.

In our preprocessing we have estimated the center point c(t)
for each frame. For a more complete probabilistic interpreta-
tion of the problem we should consider the center points as
random variables and infer them at the same time as ". For
simplicity we have not done so yet, but it should also fit within
the loopy belief propagation framework.

IX. CONCLUSIONS

For medical segmentation, surface MRFs are popular, but do
not explicitly encode shape information. ASMs are the default
choice when shape information is available, but often only
integrates temporal constraints indirectly (through e.g. Kalman
filters). It is relatively easy to integrate temporal information
into an edge MRF.

Shape information can only be encoded locally in an MRF
as opposed to the global nature of the state space in which
ASMs work. This seems to place some limitations on MRF’s
expressive power. However, due to the probabilistic nature
we can gradually integrate additional factors and variables as
additional information becomes necessary.

We foresee that similar offline techniques could hold
promise for segmentation and tracking in general.
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Abstract—The role of robots, automatically guided machines
able to perform tasks on their own cannot be over emphasized.
In particular, if robotic vehicles are to work effectively, the way
they are required to perform their jobs and their ability to reach
the desired destination where the job is to be performed are
of utmost importance. This necessitates the need to facilitate
proper navigational aid for robotic vehicles. Various navigational
approaches have been proposed in robotics literature, but this
work serves to provide an assistive pre-processing strategy for the
detection of drivable region through minimisation of salient pixels
in a colour feature extraction. Salient pixels are pixels occupying
the non-drivable region particularly those having same grayscale
value as road images. Salient pixels provide difficulties during
colour feature extraction on road images captured by a robot’s
camera (sensor). In our method, a stream of road images is
captured, pixels are extracted based on a RGB (red, green, blue)
colour space, edges of objects are detected using Sobel operator.
Salient pixels are minimised using some heuristic which is based
on a threshold parameter. In a series of experiments using our
method, a stream of real life road images is obtained and results
show that good drivable regions, which facilitate proper robotic
navigation, can be detected.

keywords: Robotics, Image Processing, Salient Pixels, and
Drivable Region Detection

I. INTRODUCTION

In today’s world, the role of robots in our everyday activities
cannot be over emphasized. Robots have been used in moti-
vating applications for new algorithms and formalism. This is
evident in the use of learning in high-profile competitions such
as RoboCup and the Defence Advanced Research Projects
Agency (DARPA) challenges [5]. The successful completion
of a task by a robot is highly dependent on its ability to
effectively navigate to the point where the operation or task is
to be performed. Consequently, it is important to ensure that
a robot, in particular an autonomous robot, with little or no
human support or intervention, gets to the desired destination.
This is an ongoing key challenge as depicted in Figure 1
and stressed by researchers [10]. An autonomous vehicle
intended for driving off-road (e.g., for military reconnaissance)
should still be able to identify roads and drive along them

when conditions allow, this ability will minimize terrain-based
dangers and maximize speed [3]. However, the challenges of
salient pixels remain a key issue in detecting drivable region.
Salient pixels are the pixels in the non-drivable region sharing
the same characteristics as road pixels. These pixels are salient
as they are very conspicuous. This provides difficulties in
detecting drivable region.

Recognising objects in a complex scene is the purpose of
a general image understanding system [2]. This process is
carried out effortlessly by the human visual system (HVS).
However, it becomes a challenging task when computer vision
algorithms are designed to imitate this action. Typically, one
of the first steps in such a system is edge detection. Edge
detection is the process of identifying and locating areas of
sharp transitions (intensity contrast) within an image. Once
the edges of an object are detected, other processing such as
region segmentation can easily be carried out. Various methods
of edge detection are available but the performance of edge
detectors depends on the application at hand. Minimisation of
salient pixels in a road frame is a sound basis for assisting
drivable region detection for autonomous robotic navigation.

(a) Robotic vehicle (b) A sample road frame for au-
tonomous navigation

Fig. 1. A sample road frame with salient pixels (e.g. houses and vegetation)
which provides difficulties in autonomous navigation

In the succeeding sections, we have the following: Section
II presents some related work. In section III, we present the
methodology used in achieving the main goal of this paper as
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well as the analytic and theory of the edge detection technique
adopted to achieve the desired result. Section IV illustrates ex-
perimental results and further evaluate the outcome measures
to assess the adequacy of the proposed method. Section V
concludes the paper and future work are also presented.

II. RELATED WORK

The need to improve drivable region detection for au-
tonomous navigation has led to the development and emer-
gence of different models, heuristics and methods by different
researchers and practitioners. Osunmakinde and Ndhlovu [6]
investigated the task of improving the vision of a robot for
autonomous navigation in complex environments inclined with
flexed far-field (or bent) terrains. They used the Emergent Situ-
ation Awareness (ESA) technology as a supportive strategy for
autonomous robotic navigation. Experiments were conducted
on five flexed terrains (tarred and coarse) including the Council
for Scientific and Industrial Research (CSIR) real life road
frames captured locally and public road frame collected by a
robotic vehicle.

Conner et al. [4] developed a method of composing simple
control policies, applicable over a limited region in a dynam-
ical system’s free space, such that the resulting composition
completely solves the navigational and control problem for the
given system operating in a constrained environment.

Hong et al. [3] investigated a synonymous problem by using
a sensor based system developed to identify roads and to
enable a mobile robot drive along them. A light detection and
radar (LIDAR) sensor, which produces range measurements,
and a colour camera are used in conjunction to locate the road
surface and its boundaries.

A. Contributions and Outline

In general, a drivable detection system intended for au-
tonomous robots should be capable of effectively integrating
data captured at the different navigational layers of the oper-
ational system. In a broader research perspective, challenges
of salient pixels removal still remain one of the key issues to
be addressed in computer vision.

In this paper, we obtain reduced salient pixels in road frames
in a series of experiments conducted, for different scenarios,
using an edge detection technique and salient pixels reduction
heuristic. In particular, the Sobel edge detection technique
which gives a good approximation of the image boundaries is
adopted in this work. Ultimately, these combined methods are
needed by the robot in making a crucial decision for detecting
drivable region. The major goals of this paper are as follows:

1) The identification, using Sobel filter, and reduction of
salient pixels on road frames in order to assist algorithms
for effective detection of drivable regions for mobile
robots.

2) Qualitative and quantitative evaluation of the combined
methods on a number of road frames in a series of
experiments conducted.

III. PROPOSED METHODOLOGY

A. Image Acquisition
A digital image consists of an array (N ! M) of pixels.

For the image data in this work, a number of road frames (of
different scenarios, down-sampled to 300 ! 227 resolution)
were captured and features were computed at each pixel
location, Pi. Figure 2 describes the interlinked streams of the
functional components of the methods adopted in this paper.
This work is a pre-processing strategy which serves as an
input to the machine learning algorithm layer in the drivable
detection system depicted in Figure 2.
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Fig. 2. Overall process of drivable region detection

B. Colour Feature Extraction
Colour is an important component containing a great deal of

information. Consequently, it is a highly important property in
identifying certain objects in an image. This feature (colour)
was chosen, based on some prior knowledge of a road frame
as discussed in [3], on the assumption that roads (which
have a grey-like colour) would be more-or-less consistent in
their mixture of colours. In this work, we use gray level
images for further processing after submitting the coloured
road frame captured by a digital camera to our drivable region
detector software (Laptop Computer- AMD Turion(tm) 64
x2 Mobile Tech TL-50 1.60 GHz-1GB-Operational System:
Ubuntu 10.04).

C. Road Frame Edge Detection (Image segmentation)
Edge detection is a task of fundamental importance in image

processing. Edge detection serves to identify and locate areas
of sharp intensity contrast in an image[1] and contains three
steps namely, Filtering, Enhancement and Detection [7]. To
determine the edges in an image, one intuitive characteristic
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one might consider is that the respective brightness values of
two neighbouring pixels are significantly different[14].

Edge Detection Techniques: Various techniques for edge de-
tection have been proposed [12]. The majority of the different
edge detection methods may be grouped into two categories
which are, Gradient and Laplacian.

The Sobel operator is a gradient operator which consists
of a pair of 3 ! 3 convolution kernels as shown in Table I.
The Sobel operator is applied by convolving the image with
a small, separable, and integer valued filter in horizontal and
vertical directions and is therefore relatively inexpensive in
terms of computations. One kernel is simply the other rotated
by 90! [9]. The kernels can be applied separately to the image
in order to obtain the gradient component in each orientation,
say, Gx and Gy.

The gradient magnitude is given as below:

|G| =
!
Gx2 +Gy2. (1)

Relative to the pixel grid, the angle of orientation (!) of the
edge giving rise to the spatial gradient is given by:

! = arctan

"
Gy

Gx

#
. (2)

TABLE I
SOBEL HORIZONTAL AND VERTICAL OPERATORS

Mx =
-1 0 +1
-2 0 +2
-1 0 +1

My =
+1 +2 +1
0 0 0
-1 -2 -1

Let " represent the convolution operation to be performed
on the image G(x, y) to obtain G"(x, y). The 2-D convolution
operation is described below,

G"(x, y) = G(x, y)"M(k, l) =
N$

k=#N

N$

l=#N

M(k, l)G(x#k, y#l)

(3)
where
• M(k, l) = convolution kernel (i.e. Sobel horizontal or

vertical operator)
• G(x, y) = original image
• G"(x, y) = filtered image .
The convolution operation, ", as described above is adopted

in the Sobel filter method to convolve the image and it returns
uniform value of zero along the edges of the road frame
images. This is further exploited during the elimination of
salient pixels in the road frame. The Sobel operator is rel-
atively inexpensive in terms of computation and less sensitive
to isolated high intensity point variations [11] since the local
averaging over sets of three pixels tends to reduce this. Also, it
gives an estimate of edge direction as well as edge magnitude
at a point which is more informative, as evident in Figure 3,
and it has been successfully applied in all the three channels
in RGB space [8]. Each of the Sobel masks, Mx and My,
is slid over an area of the input image at each iteration. The
mask coefficients is used in a weighted sum of the value of
pixels (i, j) as depicted in Table II.

TABLE II
3 ! 3 MASK WITH COORDINATES

(i-1,j-1) (i-1,j) (i-1,j+1)
(i,j-1) (i,j) (i,j+1)

(i+1, j-1) (i+1, j) (i+1, j+1)

Pseudo-code for Sobel Edge Detection:

INPUT: Sample road frame image, G.
OUTPUT: Road frame with detected edges, E(G).

Step 1: Read in and load image, G.
Step 2: Extract feature matrix, A(G).
Step 3: Convolution process: apply Sobel operators
Step 4: Compute |G| =

!
Gx2 +Gy2

D. Salient Pixels Removal
In this study, salient pixels are referred to as the non-

drivable (non-road) region in road frame images, which creates
dificulties in drivable region detection. Having determined the
edges in the digital road image, we look for a way of removing
the salient pixels. The value of zero returned along the edge
region of road frames after segmentation is concentrated on in-
order to minimise salient pixels. That is, we need to replace the
values of the pixels representing the salient pixels with zeros
or a uniform value other than actual road pixel value for a clear
distinction between the road and non-road region. In this work,
various heuristics were employed in order to achieve our aim.
The feature matrix is iterated through, using a column-wise
bottom-up approach with respect to the neighbouring pixels of
each pixel’s location. At each iteration, salient pixels values
are replaced with some uniformly defined colour value. It is
worth mentioning that the method adopted in this work is not
to present algorithms with perfect results but to find larger
amount of white pixels (considered as drivable region in our
work) in a safe propotion. The salient pixels are minimised
using the following algorithm:

Pseudo-code for minimising salient pixels:

INPUT: Original feature matrix, E(G).
OUTPUT: Feature matrix without salient pixels, E(G").

Step 1: Extract the edge-detected frame matrix, E(G).
Step 2: Scan each column in a bottom-up approach.
Step 3: Replace values above a pixel value by zero:
if pixel value at a location is zero (an edge pixel)
OR absolute difference in neighbouring pixels is greater than
some threshold.
Step 4: Repeat for all columns until all salient pixels are
minimised.

The basic idea illustrated in the above algorithm is
experimentally determined. Using the assumed notion
of the prior knowledge that road images have grey-like
colours, it is expected that cluster of grey colour values
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will be observed at a concentrated region of the road frame
while some grey colours around the bush appear as salient
pixels. The choice of the threshold centers around the fact
that road pixels are consistent in their mixture of colours.
We compare the absolute difference between current pixel
(i, j) and neighbouring pixels (i ! 1, j) and (i ! 2, j). If
the absolute difference is greater than or equal to threshold,
say t = 90, we replace pixel values above pixel (i, j) with
zeros. This is achievable due to the fact that road has certain
width and area and have consistent grayscale values. More
advanced methods can be used to make the choice of the
threshold for better results.

E. Scoring and Evaluation Mechanism
The notion of probability such as confusion matrix which

was used in [6] for performance evaluation is used to evaluate
how efficient our method is with respect to the experimental
results obtained. A confusion matrix is a validating tool which
contains information about actual and predicted classifications
done by a classification system. An example of a confusion
matrix is depicted in Table III.

TABLE III
SCHEMATIC OF A CONFUSION MATRIX

Actual
Parameter x Parameter y

Predicted Parameter x A B
Parameter y C D

The performance accuracy (AC) of the minimised salient
pixels in a confusion matrix is the proportion of the total
number of predictions that were correct. This is generally
expressed as :

AC =

!
(left-diagonal-entries)!

(All-entries)
" 100%. (4)

Thus, the performance accuracy (AC) of the confusion matrix
in Table III is given in Equation (5):

AC =
A+D

A+B + C +D
" 100%. (5)

The qualitative and quantitative evaluations of the experimen-
tal results are also put into account. Quantitative research
produces data in the form of numbers while qualitative re-
search tends to produce data that are stated in prose or textual
forms [17]. These two evaluation methods help yield insights
that neither approach would produce on its own [16]. A
proper integration of qualitative and quantitative methods can
therefore help provide a more comprehensive evaluation of an
intervention. In [15], qualitative and quantitative approaches
were used in poverty analysis.

IV. EXPERIMENTAL EVALUATIONS

This section evaluates the effectiveness of the earlier de-
scribed techniques in minimising salient pixels. In order to test
the flexibility of our method, experiments were conducted on
different scenarios of such road frames. Part of the scenarios

involve obstacles (occlusion), which appear as salient pixels
on the road feature matrix extracted. In one, there is a physical
obstacle (a pedestrian) along the surface of the road as depicted
in Figure 3(c) and another involves an optical obstacle (shadow
of an object off the road) as depicted in Figure 3(e).

A. Experiment 1: Qualitative Evaluation of Road Frame
Edges Detected

The computed edge magnitude produced the results shown
in Figures 3(b), 3(d) and 3(f). This clearly outline the bound-
aries of the objects in the images. By visual inspection, one can
see that the edges on Figures 3(b), 3(d) and 3(f) are detected
adequately when compared with the original frames in Figures
3(a), 3(c) and 3(e) respectively.

(a) Test case 1 road frame (b) Edges detected for test
case 1

(c) Test case 2 road frame (d) Edges detected for test
case 2

(e) Test case 3 road frame (f) Edges detected for test
case 3

Fig. 3. Test Cases: Road frames and the corresponding image edges detected

B. Experiment 2: Road Frames with Minimised salient Pixels
The algorithm in this work is tested on a stream of road

frames but this paper presents, in Figure 4 and Figure 5,
the results (minimised salient pixels on the road frames) of
some of the different scenarios experimented. The algorithm
presented in the pseudo-code for minimising salient pixels
is implemented here. It takes the edge feature matrix from
the road frames edges detected as its input, operates on the
edge lines as marked out in the matrix by replacing salient
pixels with a uniform value, say zero (black) in our case.
The value used for the replacement differs from the road
colour intensity value, and consequently produces the road
frames with minimised salient pixels as depicted in Figure
4 and Figure 5, respectively. Ultimately, all salient pixels
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should be replaced with zeros (black). These results show
that complete drivable region for safe autonomous robotic
navigation has been detected. It is worth mentioning that the
result produced in this work is thought to serve as an input
to the next (machine learning algorithm) layer in the drivable
region detection system.

(a) Edges detected for test
case 1

(b) Minimised salient pixels
for test case 1

(c) Edges detected for test
case 2

(d) Minimised salient pixels
for test case 2

(e) Edges detected for test
case 3

(f) Minimised salient pixels
for test case 3

Fig. 4. Test Cases: Pre-processing results - minimised salient pixels for a
complete drivable region detection

C. Experiment 3: Performance Accuracy of Salient Pixels
Minimisation

In the experiment conducted, two matrices were used as
points of reference : the originally extracted road frame edge
matrix, say M1, whose values are depicted as Actual (pixel)
value, and the minimised salient pixels matrix, say M2, whose
values are depicted as Final value in Table IV. Pixel points,
Pi’s (road pixels and salient pixels), are selected at random
from M1 with the aid of an automated code. The experiment
is repeated in three(3) folds. A pixel location in the matrix
is represented by a string of alpha-numeric characters, where
the first set of integers denote the pixel row and the immediate
character(s) after it denote the pixel column. The two variables
rp and sp denote road and salient pixels, respectively. Thus,
in Table IV, 204V ! rp represents a road pixel (rp) on
row 204, column V of the matrix. The chosen pixel value
from M1 is marked as either a road pixel or salient pixel
accordingly. The marked pixel value, Pi in M1, is then cross-
checked in matrix M2 to ascertain its value. Road pixels
are expected to remain unchanged even after carrying out
the operation of salient pixels minimisation, while salient

(a) Test case 4 road frame (b) Minimised salient pixels
for test case 4

(c) Test case 5 road frame (d) Minimised salient pixels
for test case 5

(e) Test case 6 road frame (f) Minimised salient pixels
for test case 6

Fig. 5. Test Cases: Pre-processing results - minimised salient pixels for a
complete drivable region detection

pixels are expected to have been replaced with zeros. This
is viewed in the confusion matrix, which gives the summary
of the classification system and is important, as it validates the
accuracy of our implemented algorithm and heuristic. Thus, it
is expected that salient pixels would be minimised (replaced
with zeros) while road pixels remain as they were. Table IV
shows the result of the experiment for one of the test cases.
Tables V, VI and VII with accuracies of 93%, 90% and 86%
respectively, shows the confusion matrices for the first three
test cases. The confusion matrix shows a cross-validation of
the experiment performed for each of the test cases and reveals
the amount of white pixels (naviagble region) acquired in a
safe proportion. Further experiments from Figure 5 produce
accuracies of 85 %, 80 % and 90 % respectively.

V. SUMMARY AND CONCLUSION

Machine vision as a research field remains a challeng-
ing area. Ability to construct robust algorithms for safe
autonomous drivable region detection in real time is still
an on-going process. This is significant from a number of
publications in the area of machine vision which, in most
cases, only addresses specific problems.

In this work, we have presented a simple solution directed
towards addressing a specific machine vision problem, au-
tonomous drivable region detection. Salient pixels in the non-
drivable region appear as drivable because of the similarity
they share with actual road pixels (drivable-region). In this
domain of interest, heuristics were developed to minimise
salient pixels in the non-drivable regions of road frames. The
results of this work will be incorporated into a complete
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TABLE IV
PERFORMANCE ACCURACY OF SALIENT PIXELS MINIMISATION FOR TEST

CASE 1

Pixel-location Actual-value Expected Final value
72FD ! sp 195 0 0
23CC ! sp 252 0 0
204V ! rp 241 241 241
22CH ! sp 250 0 0
28FB ! sp 241 0 0
6AB ! sp 0 0 0

110CW ! sp 0 0 0
149KG ! sp 196 0 0
98EX ! sp 252 0 0
77Q ! sp 239 0 0

Accuracy: 100 %
102FR ! sp 216 0 0
214IP ! rp 243 243 243
170AX ! rp 251 251 251
19IW ! sp 242 0 0
181GS ! rp 247 247 0
188F ! rp 245 245 245
17FD ! sp 242 0 0
11CU ! sp 243 0 0
102AQ ! sp 235 0 0
74HO ! sp 170 0 0

Accuracy: 90 %
167IO ! rp 239 239 239
133GA ! rp 253 253 253
190JM ! rp 242 242 242
127EA ! rp 248 248 248
147AL ! rp 220 220 220
156GP ! rp 240 240 0
130AD ! sp 233 0 0
97FS ! sp 215 0 0
29CY ! sp 247 0 0
210IN ! rp 242 242 242

Accuracy: 90 %
Average Total Accuracy: 93.33 %

TABLE V
TEST CASE 1: CONFUSION MATRIX WITH MINIMISED SALIENT PIXEL

ACCURACY

Actual
Road pixels salient pixels

Predicted Road pixels 10 0
salient pixels 2 18

TABLE VI
TEST CASE 2: CONFUSION MATRIX WITH MINIMISED SALIENT PIXEL

ACCURACY

Actual
Road pixels salient pixels

Predicted Road pixels 17 2
salient pixels 1 10

TABLE VII
TEST CASE 3: CONFUSION MATRIX WITH MINIMISED SALIENT PIXELS

ACCURACY

Actual
Road pixels salient pixels

Predicted Road pixels 16 1
salient pixels 3 10

drivable region detection module as shown in Figure 2. This
consequently improves autonomous robot navigation.

The images experimented with in this work are real life
images of different scenarios where some of the scenarios
involve obstacles (a physical obstacle and an optical obstacle)
and some without obstacles. This demonstrates the level of
reliability of this work as applied to the practical real world
problem. For instance, qualitative edges are detected in Figures
3(b), 3(d) and 3(f), salient pixels are minimised adequately in
Figures 4(b), 4(d) and 4(f) and validation on the performance
accuracy of salient pixels minimisation gives a good approxi-

mation.
At the moment, the proposed heuristic for salient pixels

removal has not been tested on coarse road frames. We are
working on making our idea more universal and robust such
that it becomes applicable to any kind of road frames. This
work offers a pre-processing strategy for the detection of
drivable regions for robotic vehicles and only tarred road
images were used as sample frames. Special cases such as the
influence of environmental factors (i.e. rain) on road frames
can further be investigated and we intend to improve on the
evaluation schemes.
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Abstract—We address the automatic generation of acoustic subword

units and an associated pronunciation dictionary for speech recognition.

The speech audio is first segmented into phoneme-like units by detecting

points at which the spectral characteristics of the signal change abruptly.
These audio segments are subsequently subjected to agglomerative

clustering in order to group similar acoustic segments. Finally, the

orthography is iteratively aligned with the resulting transcription in terms
of audio clusters in order to determine pronunciations of the training

words. The approach is evaluated by applying it to two subsets of the

TIMIT corpus, both of which have a closed vocabulary. It is found that,

when vocabulary words occur often in the training set, the proposed
technique delivers performance that is close to but lower than a system

based on the TIMIT phonetic transcriptions. When vocabulary words

are not repeated often in the training set, the best system is able to
outperform its counterpart based on the TIMIT phonetic transcriptions,

although recognition performance in both cases is poor.

I. INTRODUCTION

We address the automatic generation of acoustic subword units

and an associated pronunciation dictionary for speech recognition.

Traditionally, the subword acoustic units and pronunciations used

by a speech recogniser are phonetically-based and determined by

a professional linguist. This procedure is extremely cumbersome and

expensive. We propose to automatically generate both the acoustic

units and the dictionary, using only the speech audio data and its

orthographic transcription as input, as illustrated in Figure 1. If

successful, this would increase the speed and reduce the cost of

developing a speech recogniser for languages and accents for which

resources in the form of pronunciation dictionaries and associated

phone sets are not available, as is the case for many languages and

accents in Southern Africa.
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Fig. 1. Comparison of (a) conventional and (b) proposed approaches to
pronunciation dictionary generation.

Other research has also considered an iterative approach in which

a set of acoustic models and automatically generated pronunciation

dictionary are updated incrementally [1]. This system is bootstrapped

from a configuration in which the graphemes of the words in the

dictionary are used as subword units, and hence the alphabet used

by the system defines the number of subword units. We will not

make this assumption, but will attempt to find subword units by

direct inspection of the audio training data. Nevertheless, the iterative

approach proposed by [1] has influenced our work.

II. DATA

For experimental evaluation we will make use of the TIMIT speech

corpus, which contains a total of 6300 recorded sentences collected

from eight different dialect regions in the United States. A total of

10 sentences were recorded for each of 630 different speakers, and

there are male and female speakers from each dialect region. The

recorded sentences can be divided into three categories:

• Phonetically diverse sentences (SI). These sentences were cho-

sen from a large corpus of existing text to provide rich phonetic

coverage and were designed to exploit the differences in the

dialects.

• Phonetically compact sentences (SX). These sentences were

designed by hand to provide a rich variety of phonetic segments

and phonetic contexts.

• Unique sentences (SA). These two sentences were specially

designed to demonstrate the effect of dialect on the acoustic

characteristics of American English speech.

Sentence type Sentences Speakers Utterances Sents/spkr

Dialect (SA) 2 630 1260 2

Compact (SX) 450 7 3150 5

Diverse (SI) 1890 1 1890 3

Total 2342 6300 10

TABLE I
COMPOSITION OF THE TIMIT CORPUS.

Table I presents a breakdown of the composition of the TIMIT

corpus. The table shows that only the SA sentences are repeated

by every speaker. In addition every speaker reads five phonetically

compact (SX) sentences, and each SX sentence is read by seven

different speakers. Finally, each speaker also reads three phonetically

diverse (SI) sentences, and each SI sentence is read by only one

speaker.
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Two subsets of the TIMIT corpus, shown in Table II, were used

for the experimental evaluation of our approach.

• The SA sentences are used in isolation for testing and training.

Due to the very small closed vocabulary and the high repetition

rate of each word in the training data, this subset should

provide a very optimistic scenario for our automatic subword

unit determination methods.

• A subset of the SX and SI sentences was chosen such that all

words in the respective test set are also present in the training set

(i.e. there is a closed vocabulary). While all vocabulary words

in the SA test set are repeated many times in the corresponding

training set, the words in the SI+SX vocabulary are repeated

with varying frequency in the corresponding training set. Hence

the SI+SX subset represents a more realistic scenario in which

to evaluate our automatic baseform determination methods.

TABLE II
TIMIT SUBSETS USED FOR EXPERIMENTATION.

TIMIT subsets
SA SI+SX

Train Test Train Test
Vocabulary size (words) 21 21 2602 311
Number of utterances 924 48 1307 129
Number of speakers 462 24 450 93
Duration (minutes) 47.8 2.4 69.5 5.2

III. AUDIO SEGMENTATION

The first step in our procedure for the automatic generation of

a subword representation is the segmentation of the audio into

“phoneme-like” units. One approach to this problem is to consider

the classification of the speech signal into voiced and unvoiced

regions. This has been investigated by several authors for a variety of

applications, including speech coding [2], [3] and speech recognition

[4]. However, during preliminary tests, segmentation based on voicing

seemed not to be a good basis for discovering subword units, since

regions of sustained voicing led to very long segments.

A different family of algorithms tries to identify recurring phrases

in unlabelled audio. These techniques are based on an alternative

implementation of the dynamic time warping (DTW) algorithm,

which allows it to detect local sub-matches between two audio

segments [5]–[7]. These techniques are particularly suited to the

detection of frequently recurring words or phrases in unlabelled audio

from a single speaker and within a stable acoustic environment.

However, they do not attempt to segment all the audio, but only

to find frequently recurring sub-portions.

A few researchers have considered approaches that attempt to

find segment boundaries in unlabelled audio by detecting points at

which the time or spectral characteristics of the speech signal change

strongly. Initial work located significant discontinuities in the speech

spectra that had been subjected to a critical-band analysis [8]. Other

authors have proposed variations on this technique [9], [10]. We

have chosen the approach proposed in [11], which may be seen as

a refinement on the work described in [8] leading to a more elegant

algorithm requiring only a single user parameter [11], [12].

The first step in the segmentation procedure is to generate mel-

frequency cepstral coefficient (MFCC) vectors from the audio. Twelve

MFCCs, with the addition of log energy, first and second differential

coefficients were used, resulting in a 39-dimensional feature vector.

MFCC vectors are generated at a rate of one each 10ms and a window

size of 20ms, corresponding to a half-frame overlap.

Next, a distance measure between consecutive feature vectors is

defined in order to detect points at which the speech signal changes

rapidly, and hence a segment boundary might be considered. The

following measure is proposed by [11]:

d(v1, v2) = arccos

!

vt1 · v2
"

(vt1 · v1) (v
t
2 · v2)

#

where v1 and v2 are any two consecutive MFCC vectors, and vt1·v2
is the dot product between v1 and v2, such that:

vt1·v2 = !v1! !v2! cos !

The distance d(v1, v2) therefore corresponds to the angle between
two consecutive vectors, and is used to segment the stream of MFCC

vectors by means of the following criterion:

D(i) = log (E (vi)) ·d
$vi!2 + vi!1

2
,
vi+1 + vi+2

2

%

> " (1)

This criterion states that the angle between two MFCC vectors will

be weighted by the log energy of the current frame E(vi) in order to
make a segmentation decision. Furthermore, the angle is calculated

between the average of the two MFCC vectors preceding the current

frame, vi!2 and vi!1, and the average of the two following the

current frame, vi+1 and vi+2. The averages are used in order to

take the variability of the angle over successive speech frames into

account. Hence D(i) will emphasise regions with strong changes in
speech characteristics (large angle) and regions with high energy.

The audio is segmented by searching for all the peaks in D(i)
above a certain threshold. However in practice it is found that D(i)
has many minor peaks. Hence D(i) is smoothed using a nine-

point Hanning window, arranged symmetrically around vi, as also

proposed by [11]. The result of this audio segmentation process is

a sequence of points in time at which the segment boundaries have

been hypothesised.

IV. CLUSTERING

In order to determine how similar two acoustic segments of unequal

lengths are, dynamic time warping (DTW) was used. This algorithm

can be considered an application of dynamic programming, where the

goal is to find the optimal alignment between two sequences, given

some constraints. The result is the best frame-by-frame alignment

between two acoustic sequences, as well as an overall score which

can be used to quantify the quality of the alignment.

In order to group similar acoustic segments, we will make use

of agglomerative hierarchical clustering. This clustering approach

requires only the similarities between the units to be clustered to be

known [13]. Initially, all acoustic segments are considered individual

clusters. These are subsequently merged successively in an iterative

fashion. The average similarity between all possible pairs of acoustic

segments is used as a measure of cluster similarity.

V. PRONUNCIATION DICTIONARY GENERATION

After audio segmentation and clustering, we are left with a se-

quence of automatically generated acoustic clusters and associated or-

thographic transcription (word sequence). To generate a pronunciation

dictionary, we proceed by first finding an initial alignment between

these two sequences. From this alignment, a mapping is constructed

between each word in the orthographic transcription and its respective
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sequence of acoustic clusters. This mapping is considered the initial

dictionary, and is subsequently refined by iterative re-alignment.

A. Initial pronunciation dictionary

An initial alignment, which is a crude guess of how the acoustic

clusters align with the words in the orthographic transcription, is

needed to begin the dictionary generation process. We obtain this

initial alignment by counting the number of acoustic clusters and the

number of words in each training utterance. The acoustic clusters are

aligned with the words while trying to keep the number of acoustic

clusters per word approximately constant. There are alternatives to

this naı̈ve initialisation approach, such as trying to take the lengths

of the words into account. However time did not permit these to be

explored.

B. Intermediate pronunciation dictionary

Since both the sequence of words and acoustic clusters occur in a

fixed order, an HMM can be used as an appropriate statistical model

with which to perform their alignment. The states of each HMM

correspond to the words and the sequence of acoustic clusters to the

observations of the HMM. Each utterance can then be represented

by an HMM consisting of a sequence of word HMMs. Finding

the optimal alignment is reduced to finding the state sequence that

maximises the probability of the observation sequence, which can be

achieved by means of the Viterbi algorithm. In order to model the

sequential nature of the orthography, a left-to-right HMM structure

with no skips was chosen. Each node of each HMM has associated

with it a probability distribution, describing how likely it is for the

state to be associated with each acoustic cluster. We will estimate

these observation probabilities from a relative frequency that is

obtained from the most recent alignment. In particular, the probability

that cluster ci is associated with word wj is calculated as:

P (ci|wj) =
Number of times ci is aligned with wj

Total number of clusters aligned with wj

The totals on the right hand side of the above equation are obtained

by accumulating the counts obtained from the most recent alignment

of the entire training set with the corresponding acoustic cluster

sequences. The dictionary obtained from this improved alignment

is referred to as the intermediate dictionary.

C. Final pronunciation dictionary

The intermediate dictionary will generally have many different

pronunciations for the same word. Some of these pronunciations may

rarely be associated with a word. So, in a last step, we aim to prune

out such infrequent candidates from the dictionary.

First the intermediate dictionary is used to create initial acoustic

models using the HTK tools, as illustrated by steps one and two

in Figure 2. Single-mixture flat-start context-independent HMMs are

initialised from the global mean and variance of the training set audio

for each acoustic cluster. These initial models are then updated by

performing five iterations of embedded re-estimation. In each case

each HMM consists of three states arranged in a left-to-right topology,

with a single Gaussian mixture per state. Acoustic observations are

parameterised as MFCCs, with appended energy, first and second

differentials.

The HMM models obtained in the above process, together with

the intermediate dictionary, are then used to perform a forced
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Fig. 2. Generation of the final dictionary.

alignment between the orthography and the acoustic data, using all

the pronunciations variants contained in the dictionary (step three

in Figure 2). In this process, pronunciation variants are presented

in parallel to the Viterbi decoder. Not all pronunciation variants

will be favoured by the forced alignment, and those rarely used are

subsequently pruned from the dictionary in step five of Figure 2.

The most recently updated HMMs as well as the new dictionary are

then used to perform further forced alignments, followed by updates

to the HMMs as shown in steps six, seven and eight of Figure 2.

This process repeats until the dictionary no longer changes between

successive iterations. Finally, the number of Gaussian mixtures per

HMM state is increased from one to two and then four, six and eight

where each increase is followed by a further set of five Baum-Welch

re-estimation iterations.

The pruning algorithm (step five in Figure 2) is governed by a

pruning threshold whose optimal value must be determined experi-

mentally. First, all the unique sequences of acoustic clusters associ-

ated with each particular word are counted (step four in Figure 2).

The result indicates the probability of each pronunciation in the

current alignment. Starting with the highest probability pronunciation,

probabilities are accumulated until the total exceeds the pruning

threshold. All pronunciations that form part of this accumulated total

are retained, while the remainder are pruned from the dictionary.

However, at least one pronunciation is retained for each word. The

result is that the word-to-cluster sequence mappings that occur often

in the training set alignment are retained, while infrequent ones are

not. The final dictionary produced by this process can be used to train

a new set of acoustic models that can be used in a speech recognition

system.

VI. EXPERIMENTAL RESULTS

The first set of experiments was performed using the SA sen-

tences for both training and testing, as described in Section II. The

purpose of these experiments was to determine how the proposed

approach would perform when presented with input data that is highly

repetitive. The highly repetitive orthography of the SA sentences

will provide ample data for each word and hence represents a very

optimistic scenario.
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A. Segmentation threshold

The average length and therefore also the overall number of acous-

tic segments can be varied by varying the segmentation threshold, as

described in Section III.
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Fig. 3. Acoustic segment length as a function of the segmentation threshold
for the SA data set. The standard deviation is indicated by error bars.

Figure 3 shows how the average segment length changes as a

function of the segmentation threshold for the SA training set. As

a point of reference, we consider the average length of the phonemes

in the TIMIT phonetic transcriptions is 110ms We conclude that

a low threshold, in the region of 0.2, would be a good value for

experimentation.

B. Experiments using the SA data

Speech recognition results for the SA data set, using a segmenta-

tion threshold of 0.2, are presented in Figure 4 for eight mixture

HMMs. This graph indicates the performance of systems trained

using automatically-determined clusters, as well as phonetic clusters

(i.e. the TIMIT phonetic transcriptions). The latter serves as a baseline

to the former. Systems using 32, 64, 128, 256 and 512 clusters were

considered.

The dictionary pruning threshold was varied between a value of

0.1 and 0.9, to produce a variety of systems, whose performance

in terms of speech recognition accuracy (word accuracy) are shown

in Figure 4. Speech recognition was performed using HTK, which

performs Viterbi decoding on the audio input using the set of HMMs

and the dictionary produced by the process illustrated in Figure 2. A

word-loop grammar, in which all 21 vocabulary words are equally

likely, is used for speech recognition. We see that the phonetic

segmentation led to the highest recognition accuracy in almost all

cases. This indicates that the pre-defined phonemes in the TIMIT

corpus represent the best clusters, and that the automatic segmentation

does not perform as well as the phonetic segmentation.

The results in Figure 4 also indicate the effect of varying the num-

ber of clusters produced by the clustering stage. Graphs are shown for

systems based on 32, 64, 128, 256 and 512 clusters. These numbers

refer to the number of clusters produced by the clustering stage.

However, during dictionary refinement, the pronunciation pruning

algorithm discards pronunciations, which generally also leads to a

reduction in the number of subword units used by the final system.

Table III indicates how many different subword units remained in the

final dictionary for each user specified number of clusters.
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In initial dictionary In final dictionary

512 32
256 26
128 19
64 14
32 13

TABLE III
INITIAL VERSUS FINAL NUMBER OF SUBWORD UNITS FOR THE SA

EXPERIMENTS.

The table shows that, when the clustering stage produces 512

clusters, only 32 of these remain in the final dictionary. This is

comparable to the 48 phonemes defined by TIMIT and leads to the

best performing system. The small number of remaining clusters is

probably related to the limited vocabulary of the SA data set.

From the results in Figure 4, it is clear that systems with fewer

than 256 clusters perform significantly worse than the baseline system

using the time phonetic annotations. Secondly, although the baseline

was the best performing system, the automatically-determined system

using 512 clusters achieved performance which was almost as good.

C. Experiments using the SI+SX data

The second set of experiments was performed using the SI+SX

data set, as described in Section II. This data is more challenging

because the sentences are not repeated among the speakers, as they

were for the SA data. Furthermore, the SI+SX data set has a larger

vocabulary (2595 words) and not all the test words are repeated

multiple times in the training data. The scenario makes it considerably

more difficult to obtain reliable pronunciations and to train good

HMMs for recognition. In particular, even the system trained on the

TIMIT phonetic transcriptions has a low recognition accuracy.

The same segmentation threshold of 0.2 used for the SA exper-

iments was employed again for the SI+SX data set. The results

for an eight mixture system are presented in Figure 5. As for the

SA experiments, a word-loop grammar, in which any of the 2595

vocabulary words may follow each other with equal probability, was

used during decoding.

96



 10

 12

 14

 16

 18

 20

 22

 24

 0  0.2  0.4  0.6  0.8  1

R
e

c
o

g
n

it
io

n
 a

c
c
u

ra
c
y
 p

e
rc

e
n

ta
g

e

Pruning threshold

SI+SX data set, eight mixture systems

32 clusters
64 clusters

128 clusters

256 clusters
512 clusters

phonetic

Fig. 5. Results of SI+SX data set using eight mixture systems.

From the results we see that the performance of all systems

is poor. In general, a recognition accuracy of around 20 percent

was achieved. The recognition accuracy curves are also fairly flat

compared to those obtained for the SA data set. Since multiple

repetitions and hence pronunciations of each vocabulary word do

not often occur, the dictionary pruning algorithm eliminates most

pronunciation sequences even at a threshold of 0.2.

In initial dictionary In final dictionary

512 341
256 177
128 93
64 46
32 27

TABLE IV
INITIAL VERSUS FINAL NUMBER OF SUBWORD UNITS FOR THE SI+SX

EXPERIMENTS.

Table IV indicates how many different subword units remain in

the final dictionary for each user-specified number of clusters. The

table shows that, when the clustering stage produces 512 clusters,

341 remain after dictionary generation. For 32 user-specified clusters,

the dictionary generation stage retains almost all of them. For the

case of 64 user-specified clusters, 46 remained after the dictionary

generation stage. This number of clusters is close the number of

defined phonemes in TIMIT and the associated system also achieves

the best results overall. For 128 clusters and more, an increasing

number are eliminated during the iterative refinement of the final

dictionary.

D. Interpretation of results

For the SA experiments, the performance of the systems improved

as the number of clusters increased. Furthermore, it was seen that the

overwhelming majority of clusters were pruned when generating the

final dictionary. The same was not true for the SI+SX system, for

which best performance was achieved for an intermediate number of

clusters (64), and a much smaller proportion of clusters were pruned

during dictionary generation.

A major difference between the SA and the SI+SX data sets is

the frequency of repetition of the training words in the training sets.

The high level of repetition in the SA set allowed many postulated

pronunciations to compete during dictionary generation. This led to a

greater degree of dictionary pruning, and to a better performing sys-

tem. However the acoustic models based on the phonetic transcription

still led to the best results for the SA data set.

For the SI+SX data set, however, most training words occur

only once. This means there is far less opportunity for competing

pronunciations to be generated, and for the subsequent dictionary

pruning to remove less well-performing candidates. Nevertheless,

acoustic models based on the best configuration (64 clusters) led to

better recognition accuracies than models based on the phonetic tran-

scriptions. It should be borne in mind, however, that the recognition

accuracies were very low overall.

VII. SUMMARY AND DISCUSSION

The success of the clustering of acoustic segments to discover

subword units depends critically on the quality of the segments

themselves. Furthermore, the quality of the segments and resultant

clusters critically affect the quality and ultimate success of the

dictionary. By listening to a random selection of the audio segments

produced by our system, it was concluded that although sometimes

the segments appeared to be plausible subword units, sometimes

they were not. Badly-formed segments most certainly have had a

detrimental effect on the success of the overall approach. However

time did not permit this issue to be investigated with more rigour.

While the segmentation and clustering stages were based on

known and published approaches, our procedure for the automatic

determination of a pronunciation dictionary is, as far as we know,

new. The dictionary is determined by an iterative process of alignment

between the automatically determined subword transcription, the as-

sociated orthographic transcription, and the corresponding audio data.

Subword and orthographic transcriptions are aligned by modelling

the orthography as a hidden Markov model (HMM), where the

subword units are the observations and the states of the HMM are

the words. The resulting dictionary is used to align the possible

pronunciations with the audio, and thereby discard poorly matching

pronunciation variants. The process is iterated until some degree of

convergence is achieved. When this dictionary generation process

is presented with the true TIMIT phonetic transcriptions, instead

of the automatically determined subword units, a pronunciation dic-

tionary containing reasonable pronunciations (according to informal

inspection) was determined. When presented with the automatically

determined subword units, the dictionary was difficult to analyse, but

nevertheless lead to a working system.

The overall approach was evaluated by testing it using two subsets

of the TIMIT corpus. The first, termed the “SA” system, used the two

phonetically rich sentences repeated by every speaker as training and

testing material. Although there is no speaker overlap between the test

and train sets, the same two word sequences constituted both. This

is a very optimistic testing scenario, since the vocabulary is small

(21 words) and each word in the training set is repeated many times

(462 times), albeit by different speakers. In this testing scenario, it

was found that a system trained on automatically-determined subword

units could achieve a performance nearly as good as one trained on

the true TIMIT phonetic transcriptions. Due to the small vocabulary

and the high repetition rate of training words, the word accuracies

achieved by these systems were rather high.
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The second subset of the TIMIT corpus was drawn from the SI

and the SX sentences, which are also phonetically rich, but which

are repeated by only seven speakers or only once for the SX and SI

sentences respectively. The training and testing subsets were chosen

in such a way as to ensure a closed vocabulary, i.e. that each word

in the test set also occurs at least once in the training set. Systems

trained on this SI+SX subset exhibited much poorer performance than

those based on the SA subsets. However, the best systems based on

an automatically determined subword units were able to outperform

those based on the TIMIT phonetic transcriptions. Notwithstanding

the low word accuracies, this is a very promising result.

VIII. CONCLUSION

It was possible to obtain working speech recognition systems

using only the orthographic transcriptions and the audio data of

the training set as input. In particular, no pronunciation dictionary

or other subword information was employed. The overall system

is complex, and time did no permit thorough testing and analysis.

However, the limited test results are rather positive. If the techniques

described and proposed in this paper can be further analysed and

refined, it could be an important step for the development of speech

recognition systems for under-resourced languages or dialects, for

which the extensive phonetic resources conventionally required, are

not available.
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Grasping Objects from a User’s Hand using Time-of-Flight Camera
Data

Natasha Govender and Jonathan Claassens

Abstract— For a robotic platform to be able to assist/interact
in human environments, the platform must be able to perform
some fundamental tasks. This includes interacting with humans
by grasping or releasing objects as or when required by
the human. This paper presents a system which allows a
robotic arm manipulator to grasp any moving object from a
user’s hand and releases the object when indicated to do so.
Data from a Time-of-Flight camera is fused with an ordinary
laboratory camera to create a robust method of rapidly tracking
a target object and providing data of possible obstacles. A basic
experiment is used to illustrate to the system.

I. INTRODUCTION

For a robot manipulator to collaborate with a user in
completing an arbitrary task, it is necessary for both partici-
pants to pass objects to each other. From the perspective of
the robot, taking a provided object involves tracking, grasp
planning and ’safe’ execution. The latter is not a focus of
this paper.

There has been some research conducted on this topic [3]
and there is a massive body of knowledge on grasp planning
and object tracking [1]. Our emphasis is on leveraging the
Time-of-Flight (ToF) camera data and fusing it with a stan-
dard laboratory camera to provide a means to rapidly track a
target object and provide data of potential obstacles. The aim
is to improve the robustness of a ‘taking’ maneuver. This is
an important step in creating a robot solution where a user
requires a reliable, quick responding robot in a collaborative
task. The paper represents an initial solution at solving the
problem with a vision system. The kinematic and planning
aspects are kept simple.

The ToF camera emits an infrared pulse and measures
return phase change at every pixel to estimate depth over an
image. We used a Mesa Imaging SR4000 which, if conditions
are right, provides impressively accurate point cloud data
with associated intensities. The resolution of 176x144 is low,
but if the point cloud data can be calibrated to data from a
ordinary lab camera an excellent depth map estimate of a
scene can be measured. The ToF camera provides a frame
rate of roughly 30 frames per second (fps) and combined
with a fast implementation of SIFT, the system can be used to
locate and track a moving object which the robot is required
to take.

This paper will describe all the components required to
complete the ‘taking’ maneuver. The structure of the paper
is as follows: Section II will describe the system architecture

Natasha Govender and Jonathan Claassens are with the
Mobile Intelligent Autonomous Systems, CSIR Pretoria, RSA
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and provide details of the sensor fusion, robot planning and
object recognition. Section III will present the experimental
results and finally Section IV will describe the conclusions
and future work.

II. SYSTEM

The equipment used in the proposed system consists of a
Barrett Whole Arm Manipulatortm (WAM), a ToF camera
and a Point Grey black and white lab camera. These two
camera are mounted fixed to each other. Our WAM has
a Barrett Hand end effector, a variant of the Salsbury
hand, with sufficient prehensile capability to grasp larger,
less delicate day to day objects. The lab camera is used
to recognize the target object. The approach used will be
presented in Subsection B. To obtain the 3D pose of the
object, the ToF data is fused with the vision information.
The fusion process is described in the next section.

A. Time-of-Flight Range Data
The ToF camera’s software provides a 3D point cloud with

the origin set just in front of the lens. To label pixels in
the lab camera’s image plane the following method is used.
Pictures are taken simultaneously with both cameras of a
chessboard. In the ToF case, the camera’s infrared return
image is used. This image has the modest resolution of
176x144, but is still sufficiently high to calibrate the camera
using OpenCV.

The camera center of the ToF’s infrared image is not at
the origin of the 3D point cloud. This would thwart any
attempt to calibrate the two images directly with something
like OpenCV’s stereo calibration algorithm. To correct for
this the intensity labeled ToF data is reprojected to a virtual
camera which shares an origin with the point cloud. An
arbitrary focal length of 260 is chosen. The method of K-
Nearest Neighbors (KNN) is used to interpolate the pixels
values across the 176x144 resolution virtual camera.

After determining the intrinsic parameters of the lab
camera, OpenCv’s stereo callibration algorithm was applied
to the virtual camera and Point Grey camera images to
determine the cameras’ extrinsic parameters. Finally depth-
labeled point cloud data is projected onto the Point Grey
camera image plane. Because the ToF camera may see points
behind objects in the lab camera image, it is necessary to
remove points that are occluded from the perspective of the
lab camera. This is done by dividing the lab camera image
into cells (10x10 in the experiments) and assigning all pixels
within a cell with the minimum depth of a point from the
ToF camera that project into the cell.
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Fig. 1. SIFT features detected and extracted from an object used in the
training set

The ToF camera has a number of sources of error ??.
There is a smoothing effect on the boundaries of objects so
that the discontinuity of an occlusion appears as a gradual
change. Color and illumination dependent noise sum with
typical white noise to further roughen the measurement. In
the proposed system, a simple averaging filter was used to the
remove the white noise. Any point that measured a variance
higher than some threshold over three frames was removed.

B. Object Recognition

For each object in the dataset, training images are cap-
tured. These are used to create a model for each object,
which enables the system to recognize the object at some
later stage. For the training set, objects are spun in front
of the system’s cameras against a white background. Ap-
proximately 40 images were captured for each object. The
Scale Invariant Feature Transform (SIFT)[4] detector and
descriptor was used to extract relevant features from all the
training images captured. SIFT was sued as it is robust to
changes in illumination and affine transformations. Figure
1 is an example of SIFT features which were detected and
extracted from an object in the training set.

Most state-of-the-art object recognition systems combine
multiple training images to produce a single model represen-
tation of an object. This has the advantage of allowing the
system to recognise an object from any viewpoint, especially
if the object is in a cluttered environment or partly occluded.
We used Davide Lowe’s [5] view clustering algorithm to
combine multiple training views to create 2.5D models of
each object. The idea is that similar image views of an
object are clustered into a single model view. The 2.5D
representation of the object consists of a set of these model
views which represents views from a range of significantly
different locations around the view sphere of the object.

The first training image is used to build an initial model.
This consists of the all SIFT features extracted from the
training view, as well the location, orientation and scale
of each feature in that image. We then use SIFT matching
followed by the Hough transform [7] and a least-squares
geometric verification to match subsequent images.

The matches obtained using SIFT matching are inputted

Fig. 2. Features that agree on a particular object location,scale and
orientation

into the Hough transform. The Hough transform assists in
removing ambiguous SIFT matches. This is achieved by
allowing each match to vote for an approximate location,
scale and orientation of the object as described in [6].
Only features that agree on a specific object location, scale
and orientation are kept. We use a bin size of 30 degrees
for orientation, a factor of 2 for scale and 0.25 times the
maximum model dimension for location. The large bin sizes
allow us to cluster images even in the presence of substantial
geometric distortion. Figure 2 displays features that have
voted for a particular location,scale and orientation of an
object.

Only bins with at least 3 entries are considered. These
are then sorte into decreasing order of size. A geometric
verification using a similarity transform is then performed on
each bin. This enables us to calculate if there exist parameters
that allow the similarity transform from the reference image
to the matched point.

The similarity transform gives the mapping of a model
point [x y] to an image point [u v] in terms of image scaling
s, image rotation,!, and image translation [tx, ty ].
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The above equation can then be written in a linear form
collecting the unknown similarity transform parameters into
a vector[7].
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This equation describes a single feature match, but any
number of further matches can be added, with each con-
tributing two more rows to the first and last matrix. We can
write this linear system as:
Ax = b
The least-squares solution for the parameters x can be

determined by solving the corresponding normal equations,
X = [ATA]!1AT b
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which minimises the sum of square distances from the
projected model locations to the corresponding image loca-
tions. We can then use this solution to calculate the error e
between the projected model feature and the image feature.
e =

!
2!Ax"b!2

r"4
where r is the number of rows in matrix A from which we

extract the 4 degrees of freedom of the similarity transform.
The factor 2 in the numerator accounts for the fact that
the squared errors in 2 rows must be summed to measure
a squared image distance [5].

The error e is then compared to a pre-defined threshold T
to determine if the new training image should be clustered
with an existing model view. T is selected to be 0.05 times
the maximum dimension of the training image, which results
in clustering views that differ by less than roughly 20 degrees
rotation in depth. When a new training image is inputted
into the system, it is matched to previous models views and
depending on whether there is a match and/or the value of
e one of three cases can occur:

1) The training image matches an existing model view
but e > T . In this case a new model view is created
using the training image

2) The training image matches an existing model view
and e ! T . Here the training image is then clustered
with the existing model view. All features from the
training image are transformed into the coordinates of
the model view using the similarity transform solution.

3) The training image does not match an existing model
view and a new cluster model is created.

The clustering algorithm combines multiple object views
into a single representation of the object which allows us to
robustly recognize the object from various viewpoints even
if occlusion occurs.

C. Object Tracking

SIFT is a particular slow combination of a detector and
descriptor. To improve the performance of the system without
GPU implementations of SIFT, a simple optimization was
used. If the target object was seen in the previous image,
only the region of the image it was located in plus a border
of 50 pixels was stored. Only this region of the next image
was processed with SIFT. If the object was lost the region
was allowed grow to the full resolution of the camera.

The approach assumes that the object is moving slowly.
This is a fair assumption when an object is being handed to
the robot.

D. Robot Control

During training of the object, the 3D coordinate of the
object’s center was recorded. For each feature extracted on
the object, its depth and location from the object’s center
was associated the feature.

When the robot is made to grasp an object, the following
steps are taken.

1) The WAM manipulator is moved to a default position
with the arm and end-effector pointing directly up.

2) An image is taken from both cameras and the lab
camera image is labelled with depth information.

3) The object recognition component is applied to the
image and a set of matched features are output. Each
matched feature proposes an object center. The pro-
posed centers are adjusted by the depth information
provided by the ToF camera. They are then to estimate
the objects position in space.

4) An inverse kinematic solution is found which brings
the Barrett Hand to a point 5 centimeters above the
object. The destination pose is set with end-effector
palm face down. Because the WAM is a redundant
manipulator there will be a 1 DoF set of solution. The
solution closest in joint space, in a Euclidean sense,
to the WAM’s current pose is selected. This ensures
motion is smooth.

5) The Barrett is moved a fix percentage toward this point
from a pose of the arm pointing directly up.

6) The system will return to step 2 unless the end-effector
has arrived above the object and the object’s position
has been stable for T loops.

7) The end-effector fingers are spread and closed.
The robots approach from the top is to reduce the likeli-

hood of collision with the user and to keep the end-effector
from obscuring the vision component’s view of the target
object.

III. EXPERIMENT

Figure 3 illustrates the accuracy of the calibration between
the lab camera and ToF camera. Points from the ToF camera
were labelled by intensity and projected using the estimated
cameras’ extrinic parameters to show what the lab camera
would see. This is compared to actual lab camera picture. To
make the project image more visible it was convoluted with
a 2x2 box filter. The accuracy of the calibration process is
clearly acceptable for the grasping goal.

To obtain inverse kinematic solutions for the robot con-
troller the method described in [2] was used. It requires the
location of the cup in the frame of the robot. To determine
this, a chessboard was attached to the side of the Barrett
WAM which OpenCV was able to locate. The displacement
between the center of the chessboard and the reference frame
of the robot was hand tuned. Figure 4 shows the result.

The system was trained on the object shown in Figure
1 using the above methods. The grasping component was
executed in the absence of obstacles and the result is shown
in Figure 4. The limited dexterity of the Barrett Hand
requires the user to help the robot to a minimal degree. It is
thus difficult to quantify the performance of the system as a
whole without introducing an element of subjectivity.

The variant implementation of SIFT used for the proposed
system is libSIFTFast [9].

IV. CONCLUSIONS AND FUTURE WORK

A system was developed to grasp an object from a user’s
hand. A simple fusion process was used to combine time-
of-flight (ToF) and normal camera data to locate and track
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Fig. 3. On the left is the result of projecting the point cloud from the ToF camera into the estimated lab camera image plane. The right image shows the
image from the lab camera.

Fig. 4. The Barrett WAM executing the grasping program.
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the target object. The object is recognized using the normal
camera data using view clustering.

It is a first step in tackling this difficult problem and
requires some assistance from the user because the dexterity
of the robot hand is limited and there are no tactile sensors
installed. Future work will be adding tactile information
in the loop and replacing the simple grasp planner with a
robust grasp planning system. This planner will require finger
locations which is also a separate research problem.
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Abstract — The output quality of statistical machine translation 
(SM T) depends to a large extent on the quantity and quality of 
the parallel corpora on which it is trained. In the case of 
resource-scarce languages where sufficiently large parallel 
corpora are not always available, alternative ways of improving 
the output quality of SM T systems must be sought.  In this 
article, one such a method for improving the quality of SM T 
output is described – introducing a pre-processing step via 
syntactic reordering of the source language data. This pre-
processing involves exploiting certain systematic differences in 
the syntax of the source and target languages. Apart f rom 
describing the method and language-specific rules, we also 
evaluate the resulting machine translation systems for translating 
from English to A frikaans and Sesotho sa L eboa (Sepedi). 

Keywords: statistical machine translation; syntactic reordering; pre-
prossesing;  Afrikaans; English; Sesotho sa Leboa 

I.  INTRODUCTION  
In a multilingual country like South Africa where 

government information is required to be available in all of the 
eleven official languages, human translation without 
computerised assistance is not the ideal situation. The South 
African Department of Arts and Culture (DAC) initiated the 
Autshumato Project [1] in 2006. This extensive project aims to 
develop computer-assisted translation tools and resources for 
all the official languages, as well as three machine translation 
(MT) systems with English as the source language and 
Afrikaans, isiZulu and Sesotho sa Leboa as the target 
languages.  

Machine translation is a process during which text or 
speech in a source language (SL) is automatically translated 
into text or speech of a target language (TL).  This process may 
or may not require human assistance [2]. The MT systems that 
were commissioned by DAC under the Autshumato Project can 
be classified as human aided machine translation – the 
translation is done automatically but human translators correct 
and incorporate the generated translations as they see fit. The 
Autshumato Project team decided that statistical machine 
translation (SMT) would form the basis for the development of 
the MT systems because: 

 

 SMT is currently the preferred approach of numerous 
industrial and academic research laboratories. 

 State of the art open source SMT toolkits are readily 
available. 

 Less expert linguistic knowledge is required to create 
a working baseline system in comparison to rule-
based systems [3]. 

 

SMT algorithms generate the most probable translation of 
an SL sentence by using statistical models that were inferred 
from aligned parallel corpora. This approach normally yields 
good results and also tends to outperform rule-based systems, 
but requires vast amounts of bilingual data to perform 
effectively [4]. It is here where resource-scarce languages such 
as Afrikaans, isiZulu and Sesotho sa Leboa run into difficulties, 
since sufficiently large parallel corpora simply do not exist. 

It is important to take into consideration that these systems 
are not only developed for research purposes, but will be used 
by translators working at various government departments 
throughout South Africa. These systems therefore need to 
generate accurate translations that will increase the productivity 
and improve the quality of the translation work performed by 
the human translator. 

The rest of this paper is organised as follows: Related work 
is described in Section 2. Section 3 describes the rule 
development and shows how the rules were implemented for 
the English-Afrikaans and English-Sesotho sa Leboa SMT 
systems. A comparison of the baseline SMT systems and the 
SMT systems incorporating reordering rules is provided in 
Section 4. The paper concludes in Section 5 with an overview 
of future work. 

II. RELATED WORK 
From the context sketched above, it is evident that there is a 

need for research on alternative ways than merely adding more 
parallel corpora during the training phase of the SMT system. 
International research conducted on different language pairs 
include post-processing techniques where the output of a 
baseline system is subjected to a rule-based post-processing 
module for improvement (see [5], [6] and [7]).  

The authors would like to thank the South African Department of Arts and 
Culture for funding of the Autshumato Project. 
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One of the methods that showed promising results with 
regard to the gain in translation quality (measured with the 
BLEU and NIST scores, as well as human evaluation) was 
word reordering using SL-specific rules. This pre-processing 
involves exploiting certain systematic differences in the syntax 
of the source and target languages. The SL is then reordered to 
appear more similar to the syntactic structure of the TL. By 
doing this, some of the complexities of the automatic 
translation process are eased before the actual translation 
begins. Better alignments between words and phrases are 
drawn during training, as the order of these constituents now 
appear more similar in both sections of the parallel corpus (SL 
and TL) and this results in a more accurate phrase table. 

Badr, Zbib and Glass [8] used this approach to reorder 
English input for an English to Arabic SMT system. In their 
method, linguistically motivated rules were formulated to 
reorder phrases or words in the English input so that it 
resembled the Arabic syntax. With this pre-processing, they 
achieved gains of up to 30% in the BLEU score. For French to 
English [9] and English to German translation [10], notable 
gains in quality were also reported. In the light of the successes 
mentioned above it was decided to attempt improving the 
quality of the English to Afrikaans and English to Sesotho sa 
Leboa machine translation systems by applying reordering 
rules to the source language text.  

III. RULE DEVELOPMENT 

A. English to Afrikaans 
The English-Afrikaans machine translation system is 

currently at the stage where small amounts of newly added 
parallel data (less than 10,000 new sentence pairs) are not 
expected to noticeably improve the system.  We know from 
experience that it takes in the order of 100,000 sentences to see 
vast differences in quality at this stage. To further improve the 
system, syntactic pre-processing of the input data (training and 
testing corpora) must be done. The method broadly entails 
annotating the SL section of the corpora with syntactic 
information and then adapting the structure to better suit the TL 
structure. Linguistically motivated reordering rules are created 
beforehand for this step. After the training corpus has been pre-
processed, a SMT algorithm is employed to train an MT 
system. This solution is especially suited to resource-scarce 
TL’s for which advanced natural language processing 
resources have not yet been developed since the only 
sophisticated tool required for the pre-processing is a syntactic 
parser for English. There are a number of reliable English 
parsers that are freely available. For this project, the Stanford 
Statistical Parser [11] was chosen because it is rather reliable 
and the output is easy to manipulate during post-processing. 

In a first effort to construct reordering rules for the English-
Afrikaans SMT system, a set of 300 randomly chosen 
sentences from the training data was parsed using the Stanford 
Parser. These sentences were then analyzed by computational 
linguists from the Autshumato Project team to derive 
linguistically motivated re-ordering rules. The rules were first 
applied to a different set of sentences for the purpose of 
evaluating and refining the rules, and then applied to the entire 
training set for pre-processing.  

The rules were based on both the phrase level labels and the 
part of speech tags.  They aim at reordering entire phrases to 
better resemble the structure of Afrikaans, but it was also 
necessary to incorporate the word level analysis to ensure an 
accurate context for the application of the rules. The rules can 
be divided into three main categories according to the main 
constituent involved in the reordering: verb reordering (2 
rules),  constructions with  “to”  (4 rules) and modal reordering 
(2 rules). Each rule in a category was designed to reorder a 
specific type of phrase in that context and is described below.  

1) Verb reordering: 
 If {PP} {SB AR} { VP} {NP} then {PP} {SB A R} {NP} { VP} 

o The verb immediately following a noun 
phrase moves to the end of that phrase if the 
verb and noun phrase are dominated by a 
prepositional phrase and a relative or 
subordinate clause (S-Bar). 

 If {PP} {SB AR} { VP} {PP} then {PP} {SB A R} {PP} { VP} 

o The verb immediately following a 
prepositional phrase moves to the end of that 
phrase if the verb and noun phrase are 
dominated by another prepositional phrase 
and an S-Bar. 

2) Constructions with “to”: 
 If { VP{ T O to} } { VP{ VB} } { ADJP} then { VP{ T O to} } 

{ A DJP} { VP{ VB } } 

o An adjective phrase moves to the position 
between the “to” and the main verb (phrase). 

 If { VP{ T O to} } { VP{ VB} } { AD VP} then { VP{ T O to} } 
{ A D VP} { VP{ VB} } 

o An adverbial phrase moves to the position 
between the “to” and the main verb (phrase). 

 If { VP{ T O to} } { VP{ VB} } {NP} then { VP{ T O to} } 
{NP} { VP{ VB} } 

o A noun phrase moves to the position 
between the “to” and the main verb (phrase). 

 If { VP{ T O to} } { VP{ VB} } {PP} then { VP{ T O to} } {PP} 
{ VP{ VB} } 

o A prepositional phrase moves to the position 
between the “to” and the main verb (phrase). 

3) Modal reordering: 
 If { VP { M D} } { VP{ VB} {PP} then { VP { M D} } {PP} 

{ VP{ VB} } 

o The prepositional phrase moves to the 
position between the modal and the verb 
phrase. 

 If { VP { M D} } { VP{ VB } {NP} then { VP { M D} } {NP} 
{ VP{ VB} } 

o The noun phrase moves to the position 
between the modal and the verb phrase. 

106



4) Examples of Rule Application 
Two examples of the results obtained with rule reordering 

are provided in this section. For each of the two examples, the 
original sentence is given with the labelling added by the 
Stanford Parser. The rules that were applied are listed and then 
the reordered sentence is given. A word for word translation in 
Afrikaans is also given to illustrate the process.   

Example 1: 

Original Sentence: (ROOT (S(NP(NNS cyprus))(VP (MD 
will)(VP (VB be)(NP(NP (DT a)(NN sort))(PP (IN of)(NP(NP 
(NN bridge))(PP (IN with) (NP(NP (DT the)(NNS 
countries))(PP (IN in)(NP (DT the)(NN area))))))))))(. .))) 

 Modal Reordering:  

o The prepositional phrase moves to the 
position between the verb and the modal 

o The noun phrase also moves to the position 
between the verb and the modal 

Reordered Sentence: cyprus will a bridge with the countries 
in the area of sort be. 

Afrikaans Translation: siprus sal ‘n brug met  die  lande  in 
die area van soort wees. 

Example 2: 

Original Sentence: (ROOT(S(LST (LS i))(VP (VB call)(PP 
(IN upon)(NP (NN bulgaria)))(S(VP (TO to)(VP (VB 
comply)(PP (IN with)(NP (PRP$ our) (NN request)))))))(. .))) 

 Constructions with “to”:  

o The noun phrase moves to the position 
between the “to” and the verb 

Reordered Sentence: i call upon bulgaria to our request 
comply with. 

Afrikaans Translation: ek doen  ‘n beroep op bulgarye om 
ons versoek aan te voldoen. 

B. English to Sesotho sa Leboa 
The syntactic reordering rules for the English-Sesotho sa 

Leboa machine translation system were developed to address 
systematic syntactic differences between English and Sesotho 
sa Leboa, such as word order or words that occur in English 
but are not used in Sesotho sa Leboa. The rules were developed 
by a professional linguist with extensive knowledge of the 
structure of both languages. Where the English to Afrikaans 
system used a phrase level analysis of the SL, it was soon clear 
that the structure of the TL (Sesotho sa Leboa) rather called for 
a word level analysis because it was very often only a word and 
not an entire phrase that needed to be reordered. 

The rules were based on a combination of the word itself, the 
part of speech it represented, and the context of the word. The 
context includes the words surrounding the word as well as 
their parts of speech. The part of speech tagging was done 
using the Stanford Log-Linear Part of Speech Tagger [12].The 
rules can be grouped into two general categories, one of which 
has several subcategories. The two categories are deletion rules  

Figure 1.  Rule categories for English-Sesotho sa Leboa reordering rules 

and reordering rules. The deletion rules remove the words that 
do not occur in Sesotho sa Leboa from the English text. The 
reordering rules shuffle the English text in order to shift the 
word order into one that more closely resembles the structure 
of the target language (Sesotho sa Leboa). The reordering 
rules can be divided into subcategories determined by which 
words they reorder. Fig. 1 gives an overview of the rules. 

1) Deletion Rules 
The purpose of the deletion rules is to delete English words 

that have no Sesotho sa Leboa equivalent and therefore cannot 
be translated. There are only two deletion rules, both of which 
affect determiners. The rules are given below: 

 If {Determiner} = “the” then delete “the” 

 If {Determiner} = “a” then delete “a” 

2) Reordering Rules 
All the rules presented in this section are applicable to the 

longest possible sequence of identical tags. This means that 
two words with the same part of speech occurring next to each 
other are treated and reordered as one. The “|” symbol is used 
to indicate a choice of words/part of speech tags. 

 {Adjective | Cardinal Number | Pronoun}{Noun}  

o If { Adjective | Cardinal Number | Pronoun 
} {Noun} then {Noun} { Adjective | Cardinal 
Number | Pronoun }  

o These rules state that if any adjective(s) | 
cardinal number(s) | pronoun(s) are followed 
by any noun(s), the order of the two (or 
more) words must be switched. 

 {Determiner}{Noun} 

o If {Determiner} = “this” | ”these” | ”those” 
|  ”that”  |  ”all”  |  ”another”  |  ”any”  | 
”every” and {Determiner } {Noun} then 
{Noun} {Determiner } 

o These rules state that if a specific determiner 
is followed by one or more nouns, the order 
of the determiner and the noun(s) must 
switched.  

Reordering Rules for English-Sesotho sa Leboa

Reordering Rules Deletion Rules

{Adjetive}{Noun}

{Pronoun}{Noun}

{Determiner}{Noun}

{CardinalNumber}{Noun}
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3) Examples of Rule Application 
This section contains two examples of how the rules 

described above can alter the English sentences to resemble 
Sesotho sa Leboa sentence structure. For each example the 
original sentence is given, the rules that were applied are listed 
and then the reordered sentence is given. The part of speech tag 
is placed in curly brackets after each word.  

Example 1: 

Original Sentence: six{CD} men{NNS} were{VBD} 
arrested{VBN} this{DT} morning{NN} outside{IN} 
K lerksdorp{NNP} ,{,} following{VBG} information{NN} 
by{IN} members{NNS} of{IN} the{DT} community{NN} 
,{,} regarding{VBG} a{DT} dead{JJ} person{NN} 
lying{VBG} in{IN} a{DT} vehicle{NN} .{.} 

 Deletion Rules:  

o Delete <the{DT}> 

o Delete <a{DT}> 

 Reordering Rules:  

o Switch <dead{JJ}> and <person{NN}>  

o Switch <this{DT}> and <morning{NN}> 

o Switch <six{CD}> and <men{NNS}>  

Reordered Sentence: men six were arrested morning this 
outside Klerksdorp, following information by members of 
community, regarding person dead lying in vehicle. 

Sesotho sa Leboa Translation: banna ba ba selelago ba 
swerwe ka moso wo kgauswi le klerksdorp ka go latela / ka go 
latelwa ga tshedimošo ya maloko a setšhaba mabapi le mohu / 
motho  yo  a  hwilego  /  hlokafetšego  a  lego  /  rapaletšego  ka 
koloing 
 

Example 2: 

Original Sentence: the{DT} security{NN} of{IN} 
the{DT} Republic{NNP} of{IN} South{NNP} Africa{NNP} 
must{MD} be{VB} maintained{VBN} by{IN} every{DT} 
possible{JJ} means{NNS} at{IN} our{PRP$} disposal{NN} 
.{.} 

 Deletion Rules:  

o Delete <the{DT}> 

 Reordering Rules:  

o Switch <possible{JJ}> and <means{NNS}>  

o Switch <every{DT}> and <means{NNS} 
possible{JJ}> 

o Switch <our{PRP$}> and <disposal{NN}> 

Reordered Sentence: security of Republic of South Africa 
must be maintained by means possible every at disposal our. 

Sesotho sa Leboa Translation: tšhireletšo  ya  repabliki  ya 
afrika borwa e swanetše go hlokomelwa / tšweletšwa (pele) ka 
mekgwa yohle  / ka moka ye e kgonegago  / nepagetšego ye e 
lego gona  

C . Training the SMT Systems 
The parallel corpora used in training the SMT systems 

consisted of data from the government domain, mostly 
obtained by crawling the websites in the .gov.za domain. After 
cleaning and sorting the data, it was aligned on sentence level. 
Part of the data was manually aligned using the CTexT® 
Alignment Interface [1]. The remaining data was aligned 
automatically by using an algorithm developed by Robert 
Moore [13]. For the English to Afrikaans SMT system, 51 749 
sentence pairs were used and for the English to Sesotho sa 
Leboa system, 12 942 sentence pairs.  

 The syntactic reordering rules were implemented as a 
collection of Perl regular expressions [14]. The English portion 
of both datasets was reordered as pre-processing.  This data 
along with the original SL data was then used as training data 
for the new machine translation systems. The machine 
translation systems were trained with Moses, an open source 
statistical machine translation toolkit [15]. The language 
models were created with the SRI language model toolkit [16] 
using monolingual data from the same domain. 

IV. EVALUATION 

A. Baselines 
To measure the improvement due to the application of the 

syntactic reordering rules, two baseline machine translation 
systems were trained. These two systems, one for the language 
pair English-Afrikaans and the other for the language pair 
English-Sesotho sa Leboa, were trained using the original, not 
reordered, training data described in the previous subsection. 
The baseline systems were evaluated and the results will be 
compared to those of the reordered system in the rest of this 
section. 

B. Automatic Evaluation 
For the automatic evaluation of the machine translation 

systems the BLEU score [17] and the NIST score [18] were 
calculated for each test set. The evaluation was done using the 
METIS II test set [19] with four reference translations per 
language. The test set consisted of 200 sentences. For the 
evaluation of the reordered system the test set was reordered 
with the rules pertaining to the specific language. Table I lists 
the NIST and BLEU scores for the different machine 
translation systems. 

TABLE I.  AUTOMATIC EVALUATION RESULTS 

Language Pair Baseline System Reordered 
System 

 NIST Scores 
English-Afrikaans 8.0937 8.1211 
English-Sesotho sa Leboa 4.9893 5.5214 
 BLEU Scores 
English-Afrikaans 0.4520 0.4475 
English-Sesotho sa Leboa 0.2126 0.2532 
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TABLE II.  HUMAN EVALUATION RESULTS 

Language Pair 

 
Baseline 
System 
 

 
Reordered 
System 
 

 
Identical 
output 

 Human Evaluation 

English-Afrikaans 44 % 55 % 
 

1 % 

C . Human Evaluation 
The BLEU and NIST evaluation measures that were used in 

the automatic evaluation are not suited to keep track of all the 
relatively small changes this research is proposing. These small 
changes may have a significant impact on the time it takes for a 
human to post-edit a machine translated sentence. This is 
especially true for the English-Afrikaans system as we have a 
larger number of aligned sentences available for this language, 
which means that the subtle changes made by the reordering 
rules are not always reflected in the BLEU and NIST scores. 
Another evaluation method is therefore necessary to see if pre-
processing has a positive effect on the English to Afrikaans 
SMT system. 

International research has shown that manual human 
evaluation  may  shed  better  light  on  a  system’s  actual 
performance than the BLEU and NIST metrics [20] and [21]. It 
was therefore decided to compare the output of the English-
Afrikaans reordering system against the baseline system (the 
system where no pre-processing was applied). The METIS II 
test set was translated with each of the two systems. 100 
sentences from the output of each system was taken at random 
and organised in a document so that a group of sentences 
consisted of 3 components. The original English sentence is 
followed by the translation from the baseline system and then 
the translation from the reordered system is given.  

Nine Afrikaans language practitioners and linguists were 
then asked to evaluate the outputs of the two systems by 
putting a marker next to the Afrikaans translation they thought 
would take the least amount of time and effort to edit in a real 
world situation. If the output of both systems were exactly the 
same or if the evaluator could not pick a best translation, no 
points were awarded for that pair. These marks were tallied and 
the results of the evaluation are shown in Table II at the top of 
this page as a percentage of the sentences that were preferred 
by the linguists for each system.  

D . Discussion 
The different evaluation methods for the English to 

Afrikaans system sketch very different pictures. When 
comparing the results in Tables I and II, it is clear that in the 
case of the English-Afrikaans SMT system, the BLEU and 
NIST scores did not always reflect the improvements in the 
output quality obtained when applying re-ordering rules. 
Although the reordered system scored lower on the BLEU 
metric, a slight improvement in the NIST score was noted, 
while the human evaluators preferred its output in 55 % of the 
sentences. 

The human evaluation clearly shows that the English-
Afrikaans system with reordering rules outperformed the 
baseline system. According to the feedback from the Afrikaans 
linguists, the reordered system showed improvements in the 
following areas: 

  Word order; 

 Completeness of the sentences; 

 The use of prepositions and conjunctions. 

The English to Sesotho sa Leboa SMT system benefitted 
greatly from the application of the pre-processing module. 
Both the BLEU and NIST scores showed considerable gains.  

V. CONCLUSION AND FUTURE WORK 
From the results shown in this paper, it is clear that pre-

processing via syntactic reordering shows great promise in 
improving SMT systems for resource-scarce languages like 
Afrikaans and Sesotho sa Leboa. The reordering of the English 
training and testing data seems to deliver translated sentences 
of a higher quality than the baseline systems. 

This method is not without its shortcomings. Future work 
will include further analysis of the output of the reordered 
system to determine if any rules should be adjusted to be more 
general or specific. The first example of the application of the 
English to Afrikaans reordering rules also shows room for 
improvement – the auxiliaries and conjunctions have to be 
reordered more carefully. Currently, the rules are not sensitive 
enough to these two categories and it might be necessary to 
incorporate rules particular to these constructs. 

For the English to Afrikaans system, rules dealing with 
negation, past tense sentences and questions are being 
developed and it would be interesting to see how these 
influence the system as a whole. The English to Sesotho sa 
Leboa pre-processing will also be expanded in the future to 
cover more constructs, specifically the possessive form.  
Human evaluation of this system will also be done.  

In statistical machine translation, one can never have 
enough good quality parallel data and efforts to increase the 
number of aligned sentences are ongoing. 
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Abstract—Computer vision techniques are used to detect ob-
struction in the scene of interest of an industrial computer vision
based measuring system. The implemented detection algorithm
is applied to a computer vision based, submerged arc-furnace,
electrode lateral movement measurement system. The electrode
measurement system identifies the region of interest on the
electrode, extracts the strong SURF features in the region, and
matches the features to the next camera frame. The scene
obstruction algorithm is based on comparing the ratio of correct
feature matches between the frames to the statistical average.
This paper introduces the algorithm, explains the experimental
setup, and discusses the results obtained thereof.

I. INTRODUCTION

Industrial computer and machine vision based systems have
proven become increasingly popular in recent years [1] [2] [3]
[4]. In these systems, cameras are used as a sensor to capture
images of a particular system under analysis. Computers are
then used to extract spatial information from the images. Ac-
cording to Demant et al. [5], these systems can be subdivided
into the following categories: object recognition, position
recognition, completeness check, shape and dimension check,
and surface inspection.

In certain industrial applications, it is necessary to perform
size measurements of a particular object of interest, or object
displacement and motion analysis measurements using a non-
contact and non-intrusive sensor. In these cases, computer
vision systems are usually chosen over other non-contact
sensors due to reliability considerations associated with harsh
industrial environmental conditions. In dusty environments,
dust might obstruct the incident laser beam, leading to unreli-
able results; whereas high electric magnetic interference (EMI)
levels might influence the robustness of other non-contact
sensors. A typical computer vision displacement measuring
system will first identify uniquely identifiable features on
the object of interest in the first image. An attempt is then
made to find the location of the same features in the next
image. Calculating the motion vector of a particular feature
between the first and second image gives an insight into the
displacement of the feature.

These systems typically make use of a single camera when
the perpendicular distance between the camera and the object
of interest remains fixed. This is necessary as the projection
of a point in the physical world to a point on the camera
image plane is depth dependent [6]. Camera calibration is
then used to relate the pixel measurement to a metric distance
measurement. Camera calibration is also necessary to remove
the effect of lens distortion on the images [7].

As the measurement object of interest becomes increasingly
large, the perpendicular distance between the camera and the
object increases in order to accommodate the object in the
frame. If the nature of the particular industrial system under
analysis requires the computer vision displacement measuring
system to be constantly on-line, potential scene obstruction
can be caused due to an industrial worker partially or fully
obstructing the camera or scene. This obstruction might be
cause intentionally by e.g. a worker placing their hand in front
of the camera, or unintentionally by a worker performing a
task in the scene of interest as part of their job requirement.
Industrial faith in camera based systems is generally weak [8],
and thus engineers are increasingly urged to implement robust
computer vision based systems. It is thus necessary for these
systems to be able to continue the measurement process when
minimal obstruction is present. It is also necessary to notify
the industrial operator if the obstruction is intrusive to the
measurement process.

Existing methods for the detection of people in image
sequences are based on using a set of Haar-like features [9]
to train a strong classifier, which in turn can be used to detect
people [10] [11]. With this approach it is necessary to first
train the classifier on positive and negative images containing
people. In an industrial environment, plant workers often need
to wear additional protective clothing such as a hard hat and
safety glasses. This makes the required training image set
even larger in order to accommodate different configurations
of protective clothing on people. Furthermore, these methods
require at least a portion of the person to be visible in the
scene. If the scene of interest becomes totally blocked, the
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methods fail.
In this paper a technique for detecting scene of interest

obstruction in a monocular industrial computer vision mea-
surement system is discussed. The algorithm will be imple-
mented particularly for a submerged arc-furnace electrode lat-
eral movement measurement system. The paper will introduce
the application example as well as the obstruction detection
algorithm.

II. ALGORITHM DESIGN AND IMPLEMENTATION

A. Electrode lateral movement measurement algorithm
Submerged arc-furnaces are used for the refinement and

smelting of ferro-alloys. These AC furnaces consist of three,
three-phase power electrodes arranged in a triangular ar-
rangement, each submerged into the furnace burden below.
This burden consists of a mixture of the unprocessed ore
and reducants. The heat required for the smelting process
is achieved by means of an electric arc formed between the
electrode tip and the ore burden beneath it. These furnaces
usually make use of Søderberg self-baking type electrodes.
The electrode is then periodically extended by welding on a
new hollow casing to the upper end of the electrode structure,
which is then filled it with a pitch carbon paste.

Typical submerged arc-furnace controllers optimize the
power delivered to the electrode by means of electrode current,
and electrode to bath resistance control [12]. Electrode current
is controlled by varying the furnace transformer tap position,
whilst the resistance is controlled by raising or lowering the
electrode by means of hydraulic hoists. An important input
to this controller is the electrode position measurement. The
authors have thus designed a computer vision based, electrode
lateral movement system to provide a robust measurement
alternative. The single camera used for the system will be
installed on a static mount fixed to the ground located at
the floor that has access to the upper most electrode section.
This is the same section where the plant workers add the
new electrode structure. The expected electrode scene at this
location with approximate geometric dimensions is shown in
Fig. 1. The measurement system uses a single camera, since
the perpendicular distance between the electrode and camera
remains fixed. The algorithm consists of the steps shown in
Fig. 2. The algorithm calculates lateral electrode movement
between consecutive frames of the scene. The system was
implemented using C++ and OpenCV [13].

1) Step 1: Removing lens distortion: Lens distortion is
present in every camera, and needs to be removed prior
to performing any measurement. This is usually done by
taking various images at different orientations of a calibration
grid with known geometric dimensions. The most common
approach makes use of a planar calibration grid [14][15].

For this system, a 594mm!841mm planar checkerboard
calibration grid was used, with each block being 85mm in
size. This is the same size as a standard ISO A1 size paper.
The OpenCV Zhang calibration function [15] was then used
to find the camera intrinsic and distortion coefficients, which
can then be used to correct for lens distortion.






 






 

Fig. 1. The expected electrode image frame









































Fig. 2. Electrode lateral movement algorithm

2) Step 2: Extracting the electrode edge: An assumption
made here is that a portion of the electrode will always be to
the left of the electrode edge. Thus, it is necessary to find the
electrode edge equation, so that the electrode in the first frame
can be segmented. This is found using a combination of the
Canny edge detection algorithm [16], the probabilistic Hough
line transform [17], and least square linear fitting.

3) Step 3: Extracting the features: The next step is ex-
tracting strong features that correspond to the electrode in
the first frame, and strong features in the second frame. As
mentioned before, the electrode in the first frame is specified
as the region to the left of the electrode edge. For this system,
strong features are defined as the speeded up robust features
(SURF) [18] [19]. The SURF of the electrode in the first frame,
and the SURF of the second frame are thus extracted in this
step, and stored in memory. Each keypoint feature is assigned
a 64 element vector descriptor describing the nature of the
feature.

4) Step 4: Matching the features: After finding the features
in the two frames, the next step is to perform a feature match
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between the first frame electrode SURF, and the second frame
SURF. The match is performed using the following strategy
between two sets of SURF kepoints, namely ‘set A’ and ‘set
B’ [18]:

• Each keypoint in set A is compared to each keypoint in
set B. The candidate keypoint FiB in set B is considered
to match keypoint FjA in set A if the keypoint yields the
minimum Euclidean-distance between the two respective
descriptors, where all the keypoints in set B are taken
into consideration;

• The feature FiB found in the previous step is only
considered if the Euclidean distance to the point is a
factor of 0.7 less than the Euclidean distance to the
second nearest neighbor.

A set of vectors is then created which represents strong
electrode feature displacement between the first frame and
the second frame. Since we are only concerned in lateral
movement, each vector is projected onto the electrode edge,
which disregards horizontal vectors. This also makes the
algorithm more robust against minimal camera movement.

The SURF feature and matching method was chosen over
traditional optical flow algorithms [20][21], as these algo-
rithms are based on the initial consumption that the brightness
of a particular feature pixel does not change between the
first and second frame. In the expected environment, this
assumption can not always be held. The nature of a SURF
descriptor is such that it is illumination independent.

5) Step 5: Calculating the average electrode movement:
The matching strategy described in the previous step is not
error proof. Lowe [22] claims that the matching strategy
produces 95% of true matches that are yielded as positive,
whilst 90% of false matches are yielded as negative. This
means the results need to be filtered. A simple median filter
was used to calculate the avergage length of the electrode
vectors. This elliminates the error vectors that has a large
variance from the mean.

B. Obstruction Detection Algorithm

The electrode lateral movement system discussed in the
previous section is required to be constantly online, and thus
might be subjected to potential scene obstruction. The follow-
ing scenarios exits for potential scene or camera obstruction:

• A worker walking past the scene i.e. entering one side of
the frame and immediately exiting the other side.

• A worker entering one side of the frame an remaining
within the frame. This might mean partial blocking of
the electrode, which will typically occur when a worker
welds on the new electrode casing.

• Total scene obstruction due to a worker totally obstructing
the camera view.

The implemented system should still be able to take the
measurement in the first two cases mentioned above. However,
in the last case the measurement will not be possible. It is thus
necessary for the obstruction detection system to contain a
“traffic light display” system that will warn the plant operator




 

















Fig. 3. Variables needed for obstruction detection algorithm

as well as the guilty worker that obstruction is occurring in the
frame. The system will contain three lights namely: red, yellow
and green indicating full scene obstruction, partial obstruction,
and no obstruction respectively.

For this algorithm, it is necessary to take more than two
consecutive frames into consideration. The current electrode
lateral movement measurement will thus consist of a linear
combination of the previous measurements. Algorithm 1 shows
the process used to detect for scene obstruction, where the
different variables required are shown in Fig. 3. In the figure,
the following variables are shown:

• ElectrodeA representing the SURF found on the Frame
A electrode;

• ElectrodeB representing the number of SURF found in
Frame B;

• Electrode MatchAB representing the number of elec-
trode SURF correctly found and matched between Frame
A and Frame B; and

• !AB representing the ratio of SURF correctly matched to
SURF found in Frame A.

The general requirement for this algorithm is that the first
few frames of the scene should have no scene obstruction. The
algorithm is based on monitoring the ratio of the number of
SURF matches between Frames A and B, and the number of
SURF found in Frame A, as shown in Fig. 3. Naturally, if
Frame A has no obstruction, and Frame B has no obstruction,
then this ratio will be higher compared to the ratio when
Frame B has obstruction. For this strategy to work in detecting
obstruction, the requirement is that Frame A should not
have any obstruction at all throughout the algorithm. If this
prerequisite is failed, then it is possible that SURF will be
found on the object causing the obstruction in Frame A, and
these features will be correctly matched to the SURF in Frame
B. This incorrect match will lead to an incorrect electrode
movement measurement.

Lines 1 - 8 of the algorithm are responsible for calculating
the electrode movement between the first two frames, and ini-
tializing the variables needed for the rest of the algorithm. This
is done using the algorithm shown in Fig. 2. As mentioned
before, it is important that no obstruction is present in these
two frames. The ratio !AB of these frames calculated in line 5
gives an indication of electrode SURF found to SURF matched
when no obstruction is present in both frames.
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Algorithm 1 Algorithm to detect scene obstruction
Require: Consecutive scene Frames 1, 2, · · · , n! 1, n, n+ 1, · · ·
1: Frame A"Frame 1
2: Frame B"Frame 2
3: cur mov " electrode movement between Frames A & B
4: tot mov " current mov
5: prev ratio " !AB
6: prev mov " 0
7: Frame A"Frame 2
8: i " 3
9: loop

10: Frame B"Frame i
11: if (Electrode MatchAB = 0) then
12: ‘‘Set status to red’’
13: else
14: cur mov " electrode movement between Frames A & B
15: cur ratio " !AB
16: if (cur ratio > (k # prev ratio)) then
17: ‘‘Set status to green’’
18: Frame A"Frame i
19: cur mov " cur mov ! prev mov
20: prev mov " 0
21: prev ratio " average of cur ratio and 5 previous !AB
22: else
23: ‘‘Set status to yellow’’
24: temp " cur mov
25: cur mov " cur mov ! prev mov
26: prev mov " temp
27: end if
28: tot mov " tot mov + cur mov
29: end if
30: i " i+ 1
31: end loop

The algorithm then processes the remaining frames of the
scene beginning at the infinite loop shown in line 9 of the
algorithm. Each iteration step should also ensure that there is
no obstruction present in the Frame A input. The first task
of the iteration ensures that the matching step shown in step
4 of the electrode lateral movement measurement algorithm
finds feature matches between the two frames. Evidently, if no
matches were made between the Frame A electrode SURF and
Frame B, then the measurement is not possible for the current
frame inputs. This means that the Frame B input probably has
electrode obstruction. If this is the case, then the Frame B input
of the electrode movement algorithm is updated to the next
consecutive frame grabbed of the scene video sequence. This
updating process occurs until features were correctly matched
between the electrode features of Frame A, and Frame B.

When matches are found, the next task is detecting if
Frame B contains partial electrode obstruction. This is done
by comparing the current value of !AB to the average of the
five previous !AB stored in memory, which were calculated
when both Frames A and B had no obstruction. The method
used shown in line 16 of the algorithm tests if the current !AB

is larger then a factor of k times the previous !AB , where k
corresponds to a set threshold between [0, 1], and is dependent
on the amount of texture present on the measurement object
of interest. If this is the case, then the current !AB is high
enough to indicate that Frame B will not have any electrode
obstruction. The Frame A input to be used for the next
iteration is then set to the current Frame B. This can be done

since the current Frame B has no obstruction. The variable
prev ratio can also be updated to represent the average of
the current !AB , and the four previous !AB when both of
the Frames A and B had no obstruction. The current electrode
movement measurement value is then simply added to the total
electrode movement measurement. Frame B is also updated
to the next consecutive frame in the video sequence. Lines 22
- 27 of the algorithm shows the process followed when the
electrode is partially obstructed in Frame B. In this case the
current electrode lateral movement measurement is calculated
as before, but Frame A to be used in the next iteration is not
updated to the current Frame B, since the scene in Frame B
is partially obstructed. Instead only Frame B is updated to
the next consecutive frame. The current electrode movement
measurement is again added to the total electrode lateral
movement measurement.

As mentioned before, this portion of the system includes a
“traffic light display” warning system to give an indication of
the measurement system status. In the algorithm, lines 12, 23
and 17 will set the light to red, yellow and green respectively.
To prevent oscillation between states of the traffic light display,
a moving average finite impulse response (FIR filer) [23] of
window size n is used to filer the current status display.

III. EXPERIMENTAL SETUP

For the purpose of this study, it was decided to test the
obstruction detection algorithm by comparing the electrode
movement result obtained when obstruction was present to
the case when obstruction was not present. The experimental
test video sequences were simulated using animation software,
since access to submerged arc-furnaces is generally limited for
safety reasons. Twenty-one frames of four test video sequences
each containing a uniform rate of lateral electrode movement
was generated using the Bryce and Daz3D animation packages
[24][25]. Each video was set to a resolution of 2048 ! 1536
pixels. Each video sequence contained a static image of a
real electrode to represent the electrode. A plant worker was
simulated using the build in Daz3D human models, as shown
in Fig. 4. The four videos have the following properties:

• The first video contains electrode movement with no
obstruction present;

• The second video contains electrode movement as well
as a worker walking past the scene at a uniform rate;

• The third video contains electrode movement as well as
a worker entering the left side of the scene and stopping
in front of the electrode; and

• The fourth video contains electrode movement with the
first 10 frames obstruction free, and the remainder frames
containing total scene obstruction.

The electrode lateral movement algorithm with obstruction
detection was tested on each video sequence. The electrode
lateral movement measurement of the second to fourth video
sequence was then compared to the measurement of the
first video sequence. For these experiments, the value of
k in line 16 of the obstruction detection algorithm was
tuned to 0.735, the found ideal for the expected electrode
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Fig. 4. Test frame generated using Bryce and Daz3D, showing the electrode
and worker.
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Fig. 5. Response of electrode lateral movement algorithm with obstruction
detection to a worker walking past the scene at a uniform rate.

texture, and a window size of 5 was used for the traffic
light display FIR filter, where the coefficients were set to!
0.2 0.2 0.2 0.2 0.2

"T .

IV. EXPERIMENTAL RESULTS

The first video sequence, with no obstruction present was
used as a reference to test the remaining three video sequences
where different obstruction scenarios was present. For this
video sequence, the “traffic light display” showed a value
of green as expected. In this video sequence, the electrode
underwent a 226.391 pixel lateral movement change between
the first and twentieth frame. The first scenario which tested
the common case of a worker entering and leaving the scene
produced the measurement error shown in Fig. 5-7. In the
figure, the x axis corresponds to the frame number. The y axis
corresponds to the electrode lateral movement measurement
error shown in (1) where:

• Meas Errorn represents the y axis reading at frame n
shown in the graph;

• Meas Test1n represents the electrode lateral movement
measurement between frames 1 and n of the test video
sequence; and

• Meas Ref1n represents the electrode lateral movement
measurement between frames 1 and n of the reference
video sequence.

Meas Errorn = Meas Test1n !Meas Ref1n (1)
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Fig. 6. Response of electrode lateral movement algorithm with obstruction
detection to a worker entering the scene and stopping in front of the electrode.

The different statuses of the “traffic light display” are also
shown in the figure. As the worker entered the frame, the status
remained on green, indicating that there is no obstruction
present. As soon as the algorithm detected the obstruction
caused by the worker, the status was switched to yellow. This
was the case until the worker walked past the electrode. The
status then changed back to green as the worker exited the
scene. The graph also shows that there is an approximate
linear increase in the measurement error. This is due to a
1 pixel measurement error between each frame, leading to
an accumulative measurement error. However, as soon as the
worker leaves the scene, the measurement error eventually
stabilizes, so that the total measurement error remains within
" 7.61 pixels. The reading does not stabilize to the original
state of zero pixels due to the accumulative error caused when
the electrode was blocked during the transition of the worker
past the scene.

The results of the next video sequence shown in Fig. 6 tested
the measurement error when a worker entered the scene and
stopped in front of the electrode. This is a common scenario
when the worker adds a new section onto the existing electrode
structure. The results show that the traffic light display shows
a status of green for the first few frames. In these frames, the
measurement error is again zero. As soon as the worker stops
in front of the electrode, the traffic light status changes to
yellow, and the measurement error undergoes an approximate
liner increase. This is again attributed to a 1 pixel measurement
error between each frame, resulting in an accumulative error.
However, the measurement again settles to below 7.61 pixels,
even though the worker still maintains his position in front of
the electrode.

The last experiment tested the case when a worker purposely
blocks the scene half way through the video sequence i.e. in
frame ten. The graph in Fig. 7 shows that the traffic light status
remains on green when no obstruction is present, as well as
one frame into the video obstruction. The status then changes
to yellow for two frames, and to red for the remaining frames.
As expected, the measurement error remains reasonably stable
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Fig. 7. Response of electrode lateral movement algorithm with obstruction
detection to ten frames obstruction free, and the remaining scenes containing
total scene obstruction.

before the scene is obstructed. Once the scene is obstructed,
the error increases linearly since it is not possible to perform
the electrode lateral movement measurement when the scene
is fully obstructed.

V. CONCLUSION

In this paper, an approach for detecting scene obstruction
in monocular computer vision based industrial measurement
systems was discussed, which was driven by industrial lack
of faith in camera based systems. The obstruction detection
algorithm was implemented particularly for a submerged arc-
furnace electrode lateral movement measurement system. The
algorithm was based on monitoring the ratio of SURF features
found to SURF features matched between frames. This ratio
was then compared to the statistical average to determine if
obstruction was present in the scene of interest. A “traffic light
display” system was also implemented to notify the industrial
operator on the current status of the measurement system in
terms of scene obstruction.

The experimental setup tested the measurement error as well
as the status of the “traffic light display” to the most common
scenarios of scene obstruction in the industrial process of
interest. The results show that the measurement error remains
within ! 7.61 pixels with partial electrode obstruction. The
“traffic light display” system was also shown to accurately
output the obstruction status of the system.

Although the obstruction detection system was implemented
particularly for a submerged arc-furnace lateral electrode
movement measurement system, the algorithm can still be
adapted to any measurement system that is based on SURF
extraction and matching between frames. Naturally, the pa-
rameters of the obstruction detection algorithm as well as the
”traffic light display” system need to be tuned for the expected
industrial scene of interest. Furthermore, the required set
threshold k of the presented algorithm can be more accurately
tuned if a larger set of test sequences are used as a training
set.
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Abstract—In this paper we investigate whether it is possible
to combine speech data from two South African accents of
English in order to improve speech recognition in any one accent.
Our investigation is based on Afrikaans-accented English and
South African English speech data. We compare three acoustic
modelling approaches: separate accent-specific models, accent-
independent models obtained by straightforward pooling of data
across accents, and multi-accent models. For the latter approach
we extend the decision-tree clustering process normally used to
construct tied-state hidden Markov models by allowing accent-
specific questions. We compare systems that allow such sharing
between accents with those that do not. We find that accent-
independent and multi-accent acoustic modelling yield similar
results, both improving on accent-specific acoustic modelling.

I. INTRODUCTION

In South Africa, English is the lingua franca as well as
the language of government, commerce and science. However,
the country has 11 official languages and only 8.2% of the
population use English as a first language [1]. English is there-
fore usually used by non-mother-tongue speakers resulting in
a large variety of accents. Furthermore, the use of different
accents is not regionally bound as is often the case in related
research. Multi-accent speech recognition is thus especially
relevant in the South African context.

For the development of any speech recognition system a
large quantity of annotated speech data is required. In general,
the more data are available, the better the performance of the
system. It is in this light that we would like to determine
whether data from different South African accents of English
can be combined to improve the performance of a speech
recognition system in any one accent. This involves exploring
phonetic similarities between accents and exploiting these to
obtain more robust and effective acoustic models. In this paper
we present different acoustic modelling approaches for two
South African accents of English: Afrikaans-accented English
and South African English.

II. RELATED RESEARCH

Two main approaches are encountered when considering
literature dealing with multi-accent or multidialectal1 speech

1According to [2], the term accent refers only to pronunciation differences,
while dialect refers to differences in both grammar and vocabulary. Non-native
speech refers to speech from a speaker using a language different from his or
her first language. We will adhere to these definitions.

recognition. Some authors consider modelling accents as pro-
nunciation variants, which are added to the pronunciation
dictionary employed by a speech recogniser [3]. Other authors
focus on multi-accent acoustic modelling. These acoustic mod-
elling approaches are often similar to techniques employed in
multilingual speech recognition.

A. Multi-Accent Acoustic Modelling

One approach to multi-accent acoustic modelling is to train
a single accent-independent acoustic model set by pooling
accent-specific data across all accents considered. An alterna-
tive is to train separate accent-specific systems that allow no
sharing between accents. These two “traditional” approaches
have been considered and compared by various authors, in-
cluding Van Compernolle et al. [4] for Dutch and Flemish,
Beattie et al. [5] for three regional dialects of American
English, Fischer et al. [6] for German and Austrian dialects
and Chengalvarayan [7] who considered American, Australian
and British dialects of English. From the findings of these
authors it seems that in the majority of cases accent-specific
modelling leads to superior speech recognition performance
compared to accent-independent modelling. However, this is
not always the case (e.g. [7]) and the comparative merits of
the two approaches appear to depend on factors such as the
abundance of training data as well as the degree of similarity
between the accents involved.

In cases where accent-specific data are insufficient to train
accent-specific models, adaptation techniques such as maxi-
mum likelihood linear regression (MLLR) and maximum a
posteriori (MAP) adaptation can be employed. For example,
MAP and MLLR have been successfully employed in the
adaptation of Modern Standard Arabic acoustic models for
improved recognition of Egyptian Conversational Arabic [8].
However, results obtained by Diakoloukas et al. [9] in the
development of a multidialectal system for two dialects of
Swedish suggest that, when larger amounts of target accent
data are available, it is advantageous to simply train models
on the target accented data alone.

B. Multilingual Acoustic Modelling

The question of how best to construct acoustic models for
multiple accents is similar to the question of how to construct
acoustic models for multiple languages. Multilingual speech
recognition has received some attention over the last decade,
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most notably by Schultz and Waibel [10]. Their research
considered large vocabulary continuous speech recognition of
10 languages spoken in different countries and forming part
of the GlobalPhone corpus. In addition to the two traditional
approaches already mentioned (pooling and separate models),
these authors evaluated acoustic models in which selective
sharing between languages was allowed by means of appro-
priate decision-tree training of tied-mixture HMM systems.
In tied-mixture systems, the HMMs share a single large set
of Gaussian distributions with state-specific mixture weights.
This configuration allows similar states to be clustered using
entropy decrease calculated using the mixture weights as
a measure of similarity. The research found that language-
specific systems exhibited the best performance among the
three approaches.

Multilingual acoustic modelling of four South African lan-
guages: Afrikaans, English, Xhosa and Zulu, was addressed
in [11]. Similar techniques to those proposed by Schultz
and Waibel were employed, but in this case applied to tied-
state HMMs. In a tied-state system, each HMM state has an
associated Gaussian mixture distribution and these distribu-
tions may be shared between corresponding states of different
HMMs. The clustering procedure for tied-state systems will be
described in Section IV-B. Modest average performance im-
provements were shown over language-specific and language-
independent systems using multilingual HMMs.

C. Recent Research

More recently, Caballero et al. presented research which
dealt with five dialects of Spanish spoken in Spain and Latin
America [12]. Different approaches to multidialectal acoustic
modelling were compared based on decision-tree clustering
algorithms using tied-mixture systems. A dialect-independent
model set (obtained by pooling) was compared to a multidi-
alectal model set (obtained by allowing decision tree questions
relating to both context and dialect). These approaches are
similar to those applied in both [10] and [11]. In isolated
word recognition experiments, the multidialectal model set
was shown to outperform the dialect-independent model set.

III. SPEECH DATABASES

Our experiments were based on the African Speech Tech-
nology (AST) databases [13], which were also used in [11].

A. The AST Databases

The eleven AST databases were collected in five languages
spoken in South Africa as well as a number of non-mother-
tongue variants. The databases consists of annotated telephone
speech recorded over both mobile and fixed telephone net-
works and contain a mix of read and spontaneous speech.
The types of read utterances include isolated digits, digit
strings, money amounts, dates, times, spellings and pho-
netically rich words and sentences. Spontaneous responses
include references to gender, age, home language, place of
residence and level of education. Utterances were transcribed
both phonetically and orthographically.

TABLE I
TRAINING AND TEST SETS FOR EACH ACCENT OF ENGLISH

Accent Set Speech
(min)

No. of
utterances

No. of
speakers

Phone
tokens

English train 356.95 9879 245 178 954
Afrikaans train 421.14 11 344 276 199 336
English dev 14.18 401 10 6344
Afrikaans dev 14.36 429 12 6869
English eval 23.96 702 18 11 304
Afrikaans eval 24.16 689 21 10 708

Five English databases were compiled as part of the AST
project: South African English from mother-tongue English
speakers, as well as English from Black, Coloured, Asian
and Afrikaans non-mother-tongue English speakers. In this
research we made use of the South African English (EE) and
Afrikaans English (AE) databases. The phonetic transcriptions
of both these databases were obtained using a common IPA-
based phone set consisting of 50 phones.

B. Training and Test Sets
Each database was divided into a training (train), develop-

ment (dev) and evaluation (eval) set, as indicated in Table I.
The EE and AE training sets contain 5.95 and 7.02 hours
of speech audio data respectively. The evaluation set contains
approximately 24 minutes of speech from 20 speakers in each
accent. There is no speaker-overlap between the evaluation and
training sets.

The development set consists of approximately 14 minutes
of speech from 10 speakers in each accent. This data was used
only for the optimisation of the recognition parameters before
final evaluation on the evaluation set. There is no speaker-
overlap between the development set and either the training
or evaluation sets. For the development and evaluation sets
the ratio of male to female speakers are approximately equal
and all sets contain utterances from both land-line and mobile
phones.

IV. GENERAL EXPERIMENTAL METHODOLOGY

Speech recognition systems were developed using the HTK
tools [14] following three different acoustic modelling ap-
proaches that will be described in Section V. An overview of
the common setup of these systems are given in the following.

A. General Setup
Speech audio data were parameterised as 13 Mel-frequency

cepstral coefficients (MFCCs) with their first and second
order derivatives to obtain 39 dimensional feature vectors.
Cepstral mean normalisation (CMN) was applied on a per-
utterance basis. The parameterised training set from each ac-
cent was used to obtain three-state left-to-right single-mixture
monophone HMMs with diagonal-covariance using embedded
Baum-Welch re-estimation. These monophone models were
then cloned and re-estimated to obtain initial accent-specific
cross-word triphone models which were subsequently clus-
tered using decision-tree state clustering [15]. Clustering was
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followed by a further five iterations of re-estimation. Finally,
the number of Gaussian mixtures per state was gradually
increased, each increase being followed by a further five
iterations of re-estimation, yielding diagonal-covariance cross-
word triphone HMMs with three states per model and eight
Gaussian mixtures per state.

The distinction between the different acoustic modelling
approaches considered is based solely on different methods of
decision-tree clustering. Since decision-tree state clustering is
central to the research presented here, it is summarised below.

B. Decision-Tree State Clustering
The clustering process is normally initiated by pooling

the data of corresponding states from all context-dependent
phones with the same base phone in a single cluster. This is
done for all context-dependent phones observed in the training
set. A set of linguistically-motivated questions is then used to
split these initial clusters. Such questions may, for example,
ask whether the left context of a particular context-dependent
phone is a vowel or whether the right context is a silence. Each
potential question results in a split which yields an increase in
likelihood of the training set and for each cluster the optimal
question is determined. Based on this splitting criteria, clusters
are subdivided repeatedly until either the increase in likelihood
or the number of frames associated with a resulting cluster falls
below a certain threshold (the minimum cluster occupancy).

The result is a phonetic binary decision-tree where the leaf
nodes indicate clusters of context-dependent phones for which
data should be pooled. The advantage of this approach is
that each state of a context-dependent phone not seen in the
training set can be associated with a cluster using the decision-
trees. This allows the synthesis of models for unseen context-
dependent phones.

C. Language Models
Comparison of recognition performance was based on

phone recognition experiments. Since the presented work con-
siders only the effect of the acoustic models, recognition of a
specific test set was performed using a language model trained
on the training set of the same accent. Using the SRILM
toolkit [16], backoff bigram language models were trained for
each accent individually from the corresponding training set
phone transcriptions [17]. Absolute discounting was used for
the estimation of language model probabilities [18]. Language
model perplexities are shown in Table II for the two English
accents. The development set was used to optimise the word
insertion penalties and language model scaling factors used
during recognition.

V. ACOUSTIC MODELLING APPROACHES

We considered three acoustic modelling approaches. Similar
approaches were followed in [10] and [11] for multilingual
acoustic modelling, and in [12] for multi-dialectal acoustic
modelling. The fundamental aim of our research was to deter-
mine which acoustic modelling approach takes best advantage
of the data available to us (Section III-B).

TABLE II
BIGRAM LANGUAGE MODEL PERPLEXITIES MEASURED ON THE

EVALUATION TEST-SETS

Accent Bigram types Perplexity
English 1542 12.63
Afrikaans 1894 14.37

A. Accent-Specific Acoustic Models
As a first approach, a baseline system was developed

by constructing accent-specific model sets where no sharing
is allowed between accents. Corresponding states from all
triphones with the same basephone are clustered separately
for each accent, resulting in separate decision-trees for the
two accents. The decision-tree clustering process employs only
questions relating to phonetic context. The structure of the
resulting acoustic models is illustrated in Figure 1 for both an
Afrikaans-accented and a South African English triphone of
basephone [i] in the left context of [j] and the right context
of [k]. This approach results in a completely separate set
of acoustic models for each accent since no data sharing is
allowed between triphones from different accents. Informa-
tion regarding accent is thus considered more important than
information regarding phonetic context.

B. Accent-Independent Acoustic Models
For the second approach, a single accent-independent model

set was obtained by pooling accent-specific data across the two
accents for phones with the same IPA classification. A single
set of decision-trees is constructed for both accents and em-
ploys only questions relating to phonetic context. Information
regarding phonetic context is thus regarded as more important
than information regarding accent. Figure 2 illustrates the
acoustic models, again for both an Afrikaans-accented and a
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Fig. 1. Accent-specific acoustic models.
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Fig. 2. Accent-independent acoustic models.

South African English triphone. Both triphone HMMs share
the same Gaussian mixture probability distributions as well as
transition probabilities.

C. Multi-Accent Acoustic Models
The third and final approach involved obtaining multi-accent

acoustic models. This approach is similar to that followed
for accent-independent acoustic modelling. Again, the state
clustering process begins by pooling corresponding states from
all triphones with the same basephone. However, in this case
the set of decision-tree questions take into account not only
the phonetic character of the left and right context, but also the
accent of the basephone. The HMM states of two triphones
with the same IPA symbols but from different accents can
therefore be kept separate if there is a significant acoustic
difference, or can be merged if there is not. Tying across
accents is thus performed when triphone states are similar, and
separate modelling of the same triphone state from different
accents is performed when there are differences. A data-driven
decision is made regarding whether accent information is more
or less important than information relating to phonetic context.

The structure of such multi-accent acoustic models is il-
lustrated in Figure 3. Here the centre state of the triphone
[j]-[i]+[k] is tied across accents while the first and last states
are modelled separately. As for the the accent-independent
acoustic models, the transition probabilities of all triphones
with the same basephone are tied across both accents.

VI. EXPERIMENTAL RESULTS

The acoustic modelling approaches described in Section V
were applied to the combination of the Afrikaans-accented and
South African English training sets described in Section III.
Since the optimal size of an acoustic model set is not known
beforehand, several sets of HMMs were produced by varying
the likelihood improvement threshold during the decision-tree
clustering process (described in Section IV-B). The minimum
cluster occupancy was set to 100 frames for all experiments.

s1 a12
s2 a23

s3

a11 a22 a33

s1
a12 s2

a23 s3

a11 a22 a33

EE HMM for triphone [j]![i]+[k]

AE HMM for triphone [j]![i]+[k]

Fig. 3. Multi-accent acoustic models.

A. Analysis of Recognition Performance
Figure 4 shows the average phone recognition accuracy

measured on the evaluation set using the final eight-mixture
triphone models. For each approach a single curve indicating
the average accuracy between the accents is shown. The
number of states for the accent-specific systems is taken to
be the sum of the number of states in each component accent-
specific HMM set. The number of states for the multi-accent
systems is taken to be the total number of unique states
remaining after decision-tree clustering and hence takes cross-
accent sharing into account.

The results presented in Figure 4 indicate that, over the
range of models considered, accent-specific modelling per-
forms worst while accent-independent and multi-accent mod-
elling yield similar performance improvements. The best

Fig. 4. Average evaluation test-set phone accuracies of accent-specific,
accent-independent and multi-accent systems as a function of total number
of distinct HMM states.
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Fig. 5. Analysis showing the percentage of questions that are accent-based
at various depths within the multi-accent decision-trees for the largest multi-
accent system.

accent-specific system yields an average phone recognition
accuracy of 69.44% (4635 states) while the best accent-
independent system (3673 states) and the best multi-accent
system (3006 states) both yield an average accuracy of
70.05%. The improvements of the best accent-independent and
the multi-accent systems compared to the best accent-specific
system were found to be statistically significant at the 95%
level using bootstrap confidence interval estimation [19]. Sim-
ilar trends were observed in the phone recognition accuracy
measured separately on the evaluation set of each accent.

The results clearly indicate that there is little to no ad-
vantage in multi-accent acoustic modelling relative to accent-
independent modelling for the two accents considered. When
comparing the two approaches where the difference in per-
formance is relatively high and the number of physical states
is approximately equal (3006 states for the multi-accent sys-
tem and 3104 states for the accent-independent system) the
absolute improvement of 0.17% is found to be statistically
significant only at the 70% level. The current practice of
simply pooling data across accents when considering acoustic
modelling of English is thus supported by our findings.

Our results are however in contrast to the findings of many
authors where accent-specific modelling seemed to improve
recognition performance [4]–[6], although they do agree with
the findings of some studies [7]. In general, the proficiency of
Afrikaans English speakers is high, which might suggest that
the two accents are quite similar and thus explain why accent-
independent modelling is advantageous [20]. The results are
also in contrast to those presented in [11] where multilingual
acoustic modelling of four South African languages was
considered, and which were also based on the AST databases.
In that research, modest improvements were seen using mul-
tilingual HMMs relative to language-specific and language-
independent systems, while the language-independent models
performed worst. While there is a strong difference between
the multilingual and multi-accent cases, similar databases were
used and hence the results are comparable to some degree.

Fig. 6. Analysis showing the contribution made to the increase in overall
log likelihood by the accent-based questions and phonetically-based questions
respectively for the largest multi-accent system.

B. Analysis of the Decision-Trees
Figure 5 analyses the decision-trees of the largest multi-

accent system (10 302 states). The figure shows that, although
accent-based questions are most common at the root node
of the decision-trees and become increasingly less frequent
towards the leaves, at most depths between approximately
12% and 16% of questions are accent-based. This suggests
that accent-based questions are more or less evenly distributed
through the different depths of the decision-trees and that
early partitioning of models into accent-based groups is not
necessarily performed or advantageous. This is in contrast to
the multilingual case where the percentage of language-based
questions drops from more than 45% at the root node to less
than 5% at the 10th level of depth [11].

The minimal influence of accent is emphasised further when
considering the contribution to the log likelihood improvement
made by the accent-based and phonetically-based questions
respectively during the decision-tree growing process. Figure 6
illustrates this improvement as a function of depth within
the decision-tree and clearly shows that phonetically-based
questions make a much larger contribution to the log likelihood
improvement than the accent-based questions. It is evident
that, at the root node, the greatest log likelihood improvement
is afforded by the phonetically-based questions (approximately
77% of the total improvement). At no depth do the accent-
based questions yield log likelihood improvements comparable
to those of the phonetically-based questions. This is again in
contrast to the multilingual case, where approximately 74%
of the total log likelihood improvement is due to language-
based questions at the root node and the decision-trees tend
to quickly partion models into language-based groups [11].

C. Analysis of Cross-Accent Data Sharing
In order to determine to what extent data sharing takes

place for the various multi-accent systems, we considered the
proportion of decision-tree leaf nodes (which correspond to the
state clusters) that are populated by states from both accents. A
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Fig. 7. Proportion of state clusters combining data from both accents.

cluster populated by states from a single accent indicates that
no sharing is taking place, while a cluster populated by states
from both accents indicates that sharing is taking place across
accents. Figure 7 illustrates how these proportions change as
a function of total number of clustered states in a system.

From Figure 7 it is apparent that as the number of clustered
states is increased, the proportion of clusters consisting of
both accents decreases. This indicates that the multi-accent
decision-trees tend towards separate clusters for each accent
as the likelihood improvement threshold is lowered, as we
might expect. It is interesting to note that, although our find-
ings suggest that multi-accent and accent-independent systems
give similar performance, the optimal multi-accent system
(3006 states) models approximately 50% of state clusters
separately for each accent. Thus, although accent-independent
modelling is advantageous when compared to accent-specific
modelling, multi-accent modelling does not impair recognition
performance even though a large degree of separation takes
place. For the optimal multilingual system in [11], only 20% of
state clusters contained more than one language, emphasising
that the multi-accent case is much more prone to sharing.

VII. CONCLUSIONS AND FUTURE WORK

The evaluation of three approaches to multi-accent acoustic
modelling of Afrikaans-accented English and South African
English has been presented. The aim was to find the best
acoustic modelling approach given the available accented AST
data. Tied-state multi-accent models, obtained by introducing
accent-based questions into the decision-tree clustering pro-
cess and thus allowing for selective sharing between accents,
were found to yield similar results to accent-independent
models, obtained by simply pooling data across accents. Both
these approaches were found to be superior to accent-specific
modelling. Further analysis of the decision-trees constructed
during the multi-accent modelling process indicated that ques-
tions relating to phonetic context resulted in a much larger
contribution to the likelihood increase than the accent-based
questions, although a significant proporation of state clusters

did contain only one accent. We conclude that, for the two
accented speech databases considered, the inclusion of accent-
based questions does not impair recognition performance, but
also does not yield any significant gain. Future work includes
considering less-similar English accents (e.g. Black English
and South African English) and multi-accent acoustic mod-
elling of all five English accents found in the AST databases.
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Abstract—We investigate the consistency with which speakers
with different language profiles are able to pronounce personal
names from Afrikaans, English, Setswana and isiZulu. We gather
data in a controlled research study and analyse cross-lingual
pronunciation effects. We find that speakers with a similar
primary language tend to agree on the ‘correct’ pronunciation
of a name originating from their own language community, and
that the ability of speakers from other language communities
to approximate this pronunciation is highly dependent on the
speaker-word language pair. We also find that there are sys-
tematic ways in which names are ‘mis-pronounced’ by different
language communities: understanding such systematicity could
be important when extending electronic pronunciation dictionar-
ies (used in spoken dialogue systems) with the most important
variants that occur in practice, in order to increase the accuracy
of name recognition.

I. INTRODUCTION

One of the core components of a spoken dialogue system
(SDS) is its pronunciation predictor: a component that is
able to predict how a word will be pronounced based on
its orthography. Producing accurate pronunciations of proper
names is a challenging task, and even more so if the SDS needs
to function in a multilingual or cross-lingual environment.
For example, a South African call routing system should be
able to handle cross-lingual pronunciations of proper names
(when a name originating from one language is produced
by a speaker with a different language background). When
producing proper names cross-lingually, a speaker may have
limited or no proficiency of the language the name originates
from, and may be unfamiliar with the name itself, resulting in
seemingly unpredictable pronunciations.

In this study we investigate the consistency with which
speakers with a specific language profile are able to pronounce
personal names from other languages. Specifically we aim
to determine the extent in which speakers with a specific
language profile agree on the ‘correct’ pronunciation of a name
originating from their own language community, and the extent
in which speakers from other language communities are able
to approximate this pronunciation. We also seek to determine
whether there are systematic ways in which these names are
‘mis-pronounced’ by different language communities. This is
important, since if such systematic patterns can be identified,
these can be used to extend electronic pronunciation dictionar-
ies (used in SDSs) with the most important variants that occur

in practice, and so increase the accuracy of name recognition.
We focus on first language speakers of English, Afrikaans,

isiZulu and Setswana and personal names originating from
language communities speaking these four languages. We
elicit controlled responses from 20 subjects between the
ages of 20 and 45. In order to analyse detail effects more
thoroughly, a study more focussed on specific pronunciation
phenomena would be required: our aim here is to determine
whether there is sufficient consistency in cross-lingual name
pronunciation to warrant further investigation. In this study,
we aim to answer the following specific questions with regard
to the pronunciation of personal names in the four languages
mentioned:

• How easily can the ‘correct’ pronunciation of a name be
identified?

• What percentage of speakers produce the correct pronun-
ciation?

• Are cross-lingual pronunciations less accurate than
within-language pronunciations?

• Does there seem to be systematicity in the errors made
when producing cross-lingual pronunciations?

The paper is structured as follows: Section II provides
a brief overview of the proper name recognition task, and
describes related work. Section III describes our approach to
studying cross-lingual proper name pronunciation and defines
the terms used in the rest of the paper. Section IV provides a
detailed description of the experimental process, and Section
V contains our analysis and results. In Section VI our results
are summarised and further work discussed.

II. BACKGROUND

Most speech technology systems use two mechanisms for
pronunciation prediction: explicit pronunciation dictionaries
containing lists of word-pronunciation pairs and letter-to-
sound converters used to predict out-of-vocabulary words.
While this combined approach tends to work well for general
words, personal name pronunciation is particularly difficult for
a number of reasons: spelling of names may be irregular, there
is an inexhaustible supply of new names, and many names are
of a cross-lingual nature (for example, English names that were
originally considered French).

While the number of proper names exceeds the number
of any other type of word occuring in practice [1], existing
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pronunciation dictionaries typically contain limited entries of
this category. For example, the Jones English pronunciation
dictionary [2] contains 56 300 words, of which only 13 927
are proper names. A wealth of proper name pronunciations
are contained in commercial name databases which can easily
contain 200 000 to 500 000 entries [3]. Additonal databases
are also becoming available for research purposes [4]. Related
work indicates that the language of origin of a proper name is
important in being able to predict its pronunciation accurately
[5], and that language-specific letter-to-sound predictors can
play a role in predicting additional variants for proper name
recognition [6]. We are not aware of any studies related to
the cross-lingual pronunciation of personal names for speech
technology purposes relating specifically to any of the South
African languages.

III. APPROACH

A. Overview

In order to better understand the consistency with which per-
sonal names are produced, we gather data from first language
speakers in a controlled environment. We elicit responses
based on names presented visually, record these and transcribe
the responses manually. The transcribed phoneme strings form
the basis for further statistical analysis.

B. Terms and definitions

In order to contextualise our approach, it is useful to define
a number of terms explicitly. We have already alluded to the
difficulty of deciding what the ‘correct’ pronunciation of a
name is. We therefore provide our definition of this and other
terms in Table I.

C. Variables considered

We anticipate that the factors mentioned above will all
have an effect when considering cross-lingual proper name
pronunciation.

The specific variables that we consider during our experi-
mental design are listed in Table II.

In the current set of experiments, the following variables
are either controlled, independant or measured (dependant):

• Controlled: Age of speaker, level of education of speaker
and name ambiguity.

• Independant: Primary language of speaker, relevant pro-
nunciation languages and language of origin of name.

• Measured: Speaker’s pronunciation of name, speaker’s
knowledge of language of origin of name, speaker’s fa-
miliarity with name, correct pronunciation and L2 correct
pronunciation.

IV. EXPERIMENTAL PROCESS

In this section we describe the process followed during
data collection, with regard to name selection (Section IV-A),
respondent selection (Section IV-B), recording of responses
(Section IV-C) and transcription of responses (Section IV-D).

TABLE I
Definition of terms.

Term Definition
Primary
language of
speaker

The main language a speaker acquired while
growing up: the language used by the speaker
as a child to communicate with his/her primary
care givers and other members of his/her imme-
diate family. While a speaker typically has only
one primary language, a speaker from a truly
multilingual home may have more. Also referred
to as L1.

Additional
language(s) of
speaker

Any language(s) spoken in addition to the pri-
mary language. Also referred to as L2.

Language com-
munity

A group of speakers sharing the same primary
language.

Language of
origin of name

The primary language spoken by the majority
of people in the language community where the
name was first used.

Pronunciation
language of
name

The language in which a name is pronounced.
For example, the name Elizabeth may be pro-
nounced as / i l @ z @ b @ T / in English and
/ E l i s a b E t / in Afrikaans (using SAMPA
notation, as in the rest of this paper).

Correct pronun-
ciation

The pronunciation(s) used by the majority of
speakers from a specific language community,
when producing a name from that language
community.

L2 correct pro-
nunciation

The pronunciation(s) used by the majority of
speakers from a specific language (L2) com-
munity, when producing a name from another
language (L1) community.

Name familiar-
ity

An individual has encountered the name before,
specifically by hearing or speaking it.

Name ambigu-
ity

A name has more than one correct pronunci-
ation (such as the name Jean which can be
pronounced as either / d 0Z i: n / or / d 0Z
A: n / ).

TABLE II
Variables considered.

Type Variable
Speaker Primary language of speaker

Additional languages of speaker (and level
of exposure per language)
Age of speaker
Level of education of speaker

Name Language of origin of name
Name ambiguity
Relevant pronunciation languages

Name & Correct pronunciation
pronunciation L2 correct pronunciation (per L2)
language
Speaker & name Speakers’s knowledge of the language of

origin of name
Speaker’s familiarity with name
Speaker & Pronunciation of name per pro-
nunciation language

A. Name selection
Twenty full names (each consisting of first name and

surname) were selected from known lists of names on the
Internet. Of the resulting forty names, ten names originated
from each language forming part of the study. Names selected
were mostly of writers, poets and other individuals involved
in literature, both from South Africa and Botswana. Once the
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lists were constituted, these were verified by primary language
speakers. The names included some that were group specific,
such as Khulile Nxumalo, which is a general Nguni name
and not necessarily only an isiZulu name. First names and
surnames were separated and randomly recombined within a
language group in order to prevent known pronunciations of
known names (such as Elisabeth Eybers) influencing results.

B. Respondent selection
We select 20 respondents, five each a primary language

speaker of English, Setswana, isiZulu and Afrikaans, all
between the ages of 20 and 45, all with at least a high
school qualification, and all currently residing in the Gauteng
area. We only select respondents who have a single primary
language. For each respondent, the following information is
captured (after the recording session has been completed):
primary language, competency in additional languages, highest
qualification and place obtained.

C. Recording
Each recording session consists of a number of sections.
1) Natural pronunciations: Each respondent is asked to

pronounce a set of name-surname pairs as naturally as pos-
sible. Word pairs are presented one at a time. Respondents
pronounce the name (and are allowed to repeat the name if
necessary) and continue to the next name only when ready.

2) Language of origin: Each respondent is asked to provide
their opinion as to the language of origin of a name pair,
by selecting either a specific language, one of two language
groups, or ‘uncertain’.

3) Forced pronunciation language: Each respondent is
asked to pronounce a set of name-surname pairs using a
specific pronunciation language. Specifically, respondents are
asked: If you thought X was a Y name, how would you
pronounce it? Not all possibilities are recorded: only some
names and some pronunciation languages are selected for this
section. (A total of 90 words are recorded per respondent.)

4) Name familiarity: Once all responses have been com-
pleted, each respondent is asked to indicate whether he/she
was familiar with a name prior to the study.

D. Transcription
Recordings are phonemically transcribed by two individual

transcribers, who listen to the recorded words one by one, and
manually annotate each word with its perceived pronunciation.
The phoneme set used for the transcriptions is a based on
the Lwazi phoneme sets [7], one of which exists for each of
the eleven official languages of South Africa. The individual
phoneme sets for the four languages studied are combined
into a single extended phoneme set. This set is simplified in
only one way: plosives that have 3 versions (for example, the
standard /k/, aspirated /k h/ and ejective /k >/) are reduced
to two versions, an aspirated and non-aspirated one.

Cross-lingual phonemic transcription is not a simple task:
features that are phonemic in one language (differnt realisa-
tions change the meaning of the word) and not in another, are

often not clearly realised in the second language. For example,
the duration of vowels play a phonemic role in the English
vowel pairs: /u/ and /u:/, /i/ and /i:/, and /O/ and /O:/. Since
duration is not phonemic in isiZulu, a word such as ‘zulu’
would typically be transcribed as /z u l u/ in monolingual
transcriptions, irrespective of the length of the vowels. Also,
such vowels are often not clearly either an /u/ or an /u:/ but can
occur anywhere on the continuim in between. How should they
be transcribed? The same issue is encountered with regard to
aspiration (phonemic for certain Setswana and isiZulu sounds,
but not in English or Afrikaans) and with regard to the 7-
vowel system used in Setswana, rather than the 5-vowel system
of the other 3 languages. In order to deal with such issues
consistently, we transcribe sounds that occur in between two
valid phonemes with the version closest to the phoneme most
frequently realised by the speaker. (For example, an English
speaker trying to produce a Sepedi /I/, but not realising it
accurately, would be transcribed as either an /E/ or an /i/,
depending on which one of the latter to vowels is closest.)

Where a respondent produced more than one pronunciation
for a single question, only the second pronunciation is used
during analysis. Where the transcribers disagree on a pronun-
ciation, the disagreement is discussed and consensus reached.

V. ANALYSIS AND RESULTS

In total, 2 600 words were recorded and transcribed. 130
words were recorded per respondent: 40 natural pronunciations
and 90 pronunciations using a forced pronunciation language.
The 20 respondents analysed consisted of 5 Afrikaans speak-
ers, 5 English speakers, 5 Setswana speakers and 5 isiZulu
speakers. While additional information is contained within
the data gathered, we focus our analysis in this section on
answering the specific questions posed in Section I.

A. Within-language consistency

We first evaluate the consistency with which speakers from
a specific language community produce pronunciations for
names originating from that community. We find that the
correct pronunciation is fairly easily identifiable, and that
agreement among speakers is high, as shown in Table III. Here
we calculate the percentage of L1 speakers who agree on a
single pronuniciation of a specific L1 word (when producing
a natural pronunciation), and average over all L1 words. Only
pronunciations that are fully in agreement are counted. (If a
single phoneme is different, the full pronunciation is deemed
to be different.)

TABLE III
Percentage of L1 speakers producing the correct L1 pronunciation, averaged

over all L1 words.

Language % correct
A 78%
E 78%
S 68%
Z 92%
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The isiZulu pronunciations were found to be most consis-
tent, and Setswana pronunciations least. Most of the Setswana
discrepancies relate to different choices made by speakers
when pronouncing the ’e’ letter as either /E/ or /I/, and the ’o’
letter as either /O/ or /U/. English differences mainly relate
to different choices when pronouncing /O/ or /Q/, as well as
the use of different combinations of /a/, /A:/, /{/ and /@/.
Afrikaans differences in pronunciation is mostly caused by
speakers producing either an English or Afrikaans version of
a specific name (irrespective of the fact that both the speaker
and the name are Afrikaans).

B. L2 proficiency in approximating L1 pronunciations

Once a correct pronunciation has been identified, we can
determine the proficiency of L2 speakers in approaching this
pronunciation. We find that the ability to produce cross-lingual
pronunciations differ substantially depending on the L1-L2
language pair, as shown in Table IV, and is generally quite
poor. Here we measure the percentage of L2 speakers who pro-
duce the exact correct pronunciation identified above (again,
only when producing natural pronunciations), and average over
all words (per language). For example, the table indicates that
Setswana speakers produce isiZulu names very well (names
are correctly produced 62% of the time), while English names
are only pronounced correctly 32% of the time by the same
Setswana speakers.

TABLE IV
Percentage of L2 speakers producing the correct L1 pronunciation, averaged

over names.

Speaker language
A E S Z

A - 38% 24% 34%
Name E 56% - 32% 34%

language S 18% 10% - 22%
Z 44% 32% 62% -

C. L2 consistency

As could be seen from Table IV, some of the language
pairs (such as Setswana speakers of English names) indicate
low proficiency in producing the L1 correct pronunciation.
For these pairs, how consistent are the pronunciations within
a language community, or are the mistakes ad hoc? We
investigate this by calculating the percentage of L2 speakers
who agree on a single pronuniciation of a specific L1 word
(when producing a natural pronunciation), and average over all
L1 words. These results, as listed in Table V, show that there
is consistency in the errors being made. In fact, by comparing
Tables IV and V, it can be seen that speakers more consistently
produce the L2 correct pronunciation, than the actual (L1)
correct pronunciation.

D. Systematic effects

From Table V it can be seen that some of the pronunciation
effects are indeed systematic within speaker communities.
While a detailed analysis of these effects are outside the

TABLE V
Percentage of L2 speakers producing a consistent L2 pronunciation,

averaged over names.

Speaker language
A E S Z

A - 54% 48% 56%
Name E 62% - 68% 50%

language S 54% 42% - 54%
Z 52% 48% 68% -

scope of this paper, we list examples of systematic differences
observed in Table VI.

TABLE VI
Examples of systematic cross-lingual pronunciation errors observed.

Speaker language
A E S Z

ai!@i ai ! i @u!O
A - r! r\ a ! E x!g

O!Q @ ! i @!E
O!u @ ! a { ! E

E Q!O - Q ! O Oi ! O j i
Name r\ !r r\ !r r\ !r

language U!O p h!f kx ! x
S I!i/E ts h!tS - U ! O

p h!p I!@/E I ! E
J ! j E!i a ! E

Z O ! u a!{ "\g 0 ! "\ -
a ! A: O!u E!I

E. Utilising ‘forced’ pronunciations

How natural are the pronunciations generated when humans
are forced to pronounce a word in a different pronunciation
language, and can this also assist us in uncovering system-
aticity in pronunciation errors? In order to determine this, we
investigate the extent in which the pronunciations of speakers
of language X forcing themselves to pronounce a word in
language Y approximate the type of errors made by language
Y speakers, when producing words in language X. Table VII
indicates that there is also significant consistency in the way
in which speaker generate forced pronunciations, and that the
concept of a ‘pronunciation language’ helps to guide how
words are pronounced. Interestingly, many of the systematic
changes (some examples of which are given in Table VI) were
also observed in the forced pronunciations. These observations
will form the basis for further statistical analysis of the data.

TABLE VII
Consistency of forced pronunciation per pronunciation language, word

language and speaker language

Pron Word Speaker language
language language A E S Z

A E 66% 54% 70% 44%
E A 56% 48% 50% 48%
S Z 54% 38% 60% 46%
Z S 58% 36% 66% 46%
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VI. CONCLUSION

In this paper we analysed the consistency with which
speakers with a specific primary language are able to pro-
nounce personal names from Afrikaans, English, Setswana and
isiZulu. We performed a controlled research study using 20
subjects (2 600 recorded words) and evaluated the consistency
with which pronunciations were produced.

We find that speakers with a similar language profile tend
to agree on the correct pronunciation of a name originating
from their own language community, and that the ability of
speakers from other language communities to approximate this
pronunciation is highly dependent on the language pair. We
also find that the concept of a ‘L2 correct pronunciation’ is
very strong, with L2 speakers more consistently producing this
pronunciation, than the ‘correct’ L1 pronunciation. A number
of systematic substitutions are identified (some examples of
which are shown in Table 6).

In future work we aim to verify the accuracy of our
transcripts automatically. As cross-lingual transcription is a
difficult task and prone to human error, we would like to use
automated classification techniques to assist us in flagging
transcription errors. A more detailed analysis of systematic
pronunciation variation (on phoneme level rather than word
level) would then be possible. Such a detailed analysis of
systematic substitutions could be useful to determine whether
extending electronic pronunciation dictionaries with cross-

lingual variants could increase the accuracy of spoken name
recognition in multilingual environments.
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Abstract—This paper investigates segmentation of images and
videos using graph cuts and shape priors. Graph cuts is used to
find the global optimum of a cost function based on the region
and boundary properties of the image or video. The region and
boundary properties are estimated using certain pixels marked
by the user. A shape prior term is added to this cost function
to bias the solution towards a known shape. In this work, a
circular shape prior defined by center and radius parameters is
used. Powell’s minimization algorithm is used to align the shape
prior with the object to be segmented. The average location of the
user-marked pixels is used as a starting point to initialize Powell’s
method. Accurate image and video segmentations are achieved
with minimal user input. The results obtained when including
shape priors are compared to those using just the region and
boundary properties in the graph cut. Although only a circular
prior is used in this work, the concepts can be extended to any
parametric shape prior that determines the shape of the desired
object. In this paper, graph cuts and shape priors are used to
segment faces from images and videos.

I. INTRODUCTION

Segmentation is the extraction of regions of interest from
images. Fully automatic segmentation has inherent problems
associated with it. This paper focuses on interactive image and
video segmentation into ‘foreground’ and ‘background’.

In images, the user marks certain pixels as ‘foreground’ and
‘background’, also known as seeds. Seeds are used as hard
constraints for the segmentation. Hard constraints provide the
clues to the desired segmentation. A graph is set up using
each pixel as a node. Each pixel or node is connected to
adjacent pixels in all directions to define the edges. A cost
function based on region and boundary properties is defined.
Region weights are estimated using the properties of the hard
constraints using Gaussian Mixture Models (GMMs). Colour
and texture features are used as components of the GMMs. The
probability of each pixel being either ‘foreground’ or ‘back-
ground’ can be estimated using the logarithmic likelihood
ratio. Edge detection methods are used to find the evidence
of a boundary in each pixel in the image. A globally optimal
solution is calculated using soft and hard constraints. The
segmentation process can be made iterative to get the desired
result. A globally optimal segmentation can be efficiently
recalculated when the user adds or removes hard constraints
at each iteration.

Intensity, colour and texture properties are used as features
in GMMs to assign soft constraints on pixels. Different
colour schemes like RGB and Luv are used to overcome the

drawbacks of any single scheme. Combinations of colour and
texture are used to analyse the best features for region weights.
Edge detection methods like Canny edge detector, gradient
methods and a GMM-based edge model are used to set edge
weights.

Shape priors are added to the region and boundary properties
in the cost function to improve segmentation. A circular shape
prior defined using the center and the radius is used. The shape
prior is aligned to the object in the image using Powell’s [7]
minimization algorithm to get the minimum over minimum
cuts of the graph. The average location of the seeds is used
as an initial guess for Powell’s method. A weighted distance
transform from the shape is used to weigh the edges in the
graph. The pixels closer to shape prior are assigned a lower
cost which increases the probability of classifying them as
foreground. Shape priors and graph cuts are also used for video
segmentation using a 26-voxel neighbourhood.

Section II provides a detailed literature review of image and
video segmentation related to this paper. The details of the
implementation of the algorithm are discussed in Section III.
The results for images and videos are discussed in Section IV.
Segmentations resulting from different methods are compared
to the methods in [2]. Section V derives conclusions from the
work done and provides suggestions for future research.

II. RELATED WORK

A. Segmentation using graph cuts

The graph cut method is a popular and powerful technique
for image segmentation. It can be modified to fit certain
problems where there is specific knowledge about the object
to be segmented. For example, if the shape of the object to
be segmented is known, then this information can be used to
direct graph cuts to segment images accordingly.

Boykov and Jolly [6] use interactive graph cuts for region-
and boundary-based image segmentation. Globally optimal
segmentation is achieved using the cost function with hard
constraints imposed by the user. The segmentation process
is made interactive so that the segmentation desired by the
user can be obtained. Applications of graph cuts for video
and medical image segmentation are given. Assuming that O
and B denote pixels marked by the user as object (“OBJ”) and
background (“BKG”) the weights of the edges are assigned as
follows:
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TABLE I
ASSIGNMENT OF EDGE WEIGHTS IN BOYKOV AND JOLLY [6].

edge weight (cost) condition
{p, q} B{p,q} {p, q} !N

{p, S}
! ·Rp(“bkg”) p ! P, p /! O "B

K p ! O
0 p ! B

{p, T}
! ·Rp(“obj”) p ! P, p /! O "B

0 p ! O
K p ! B

where
K = 1 + max

p!P

!

q:{p,q}!N

B{p,q} (1)

and ! is the weighting factor between regions and boundaries
in the cost function. The source and sink nodes are represented
using S and T respectively. The cost function is described as

E(A) = ! · R(A) + B(A) (2)

where
R(A) =

!

p!P
Rp(Ap), (3)

B(A) =
!

{p,q}!N

B{p,q} · "(Ap, Aq), (4)

and
"(Ap, Aq) =

"
1 if Ap != Aq,
0 otherwise.

The pixels marked as object or background by the user are
hard constraints on the segmentation. Region and boundary
properties are determined based on these hard constraints to
assign soft constraints.

The region term R(A) reflects how well a pixel p fits into
object or background model based on region properties like
colour, intensity or texture. B(A) term describes the boundary
properties of the image. B{p,q} can be interpreted as the
evidence of a boundary between two neighbouring pixels p
and q. In equation (2), ! is a coefficient that shows the
weight given to region properties R(A) with respect to the
boundary properties B(A). A similar graph structure is used
in this paper, but different methods are used to estimate edge
weights in this paper. A fast implementation of this algorithm
is described by Boykov and Kolmogorov [8].

The problem of effective, interactive foreground/background
segmentation is also investigated in GrabCut [10]. Colour
data is modeled using GMMs to estimate foreground and
background probabilities of each pixel. The main aim of
GrabCut [10] is to reduce user interaction by using tech-
niques called “iterative estimation” and “incomplete labeling”.
GrabCut begins with the user drawing a rectangle around the
desired object. Foreground statistics are estimated using the
pixel data in the rectangle. A segmentation using graph cuts
is done and the user is allowed to add background, foreground
or matting information to improve the segmentation. Matting
information is border information that is used to recover

foreground colour information, free of colour bleeding from
the background. “Incomplete labeling” enables the user to only
mark background pixels. There is no need to mark foreground
pixels explicitly because of the rectangular bounding box
provided by the user. “Iterative estimation” assigns provisional
labels to some pixels (in the foreground) that can be retracted
subsequently. Border matting is used to overcome the problem
of blur and mixed pixels in the segmentation. Although a
formal evaluation of the results is not performed, a visual
inspection shows better results than other methods.

B. Segmentation using graph cuts and shape priors
Vicente [1] uses a natural assumption about the connectivity

of objects to overcome the shortcomings of graph cuts in
segmenting elongated objects. An explicit connectivity prior
is imposed on the segmentation. The user marks certain pixels
that must be connected to the object being segmented, in
addition to the pixels required to be foreground or background.
The algorithm imposes this connectivity to get a detailed
segmentation of elongated objects or thin parts of objects.

Lempitsky et al. [3] use a technique where the user draws
a bounding box around the object to be segmented. This
is an intuitive first step for the user. The bounding box
not only excludes its exterior from consideration but also
imposes a strong topological prior. This prevents the solution
from shrinking, as discussed in [12]. The algorithm is driven
towards a sufficiently ‘tight’ segmentation, which means that
the segmented object should have parts sufficiently close to
the edges of the bounding box. This work also defines the
‘tightness’ of shapes and globally optimizes a cost function
similar to that given in Equation 2. Experiments are conducted
and compared to the images used in GrabCut [10]. The
algorithm is slower than GrabCut but it is more accurate.

PoseCut [4, 5] uses dynamic graph cuts to optimize a cost
function based on Conditional Random Fields (CRFs) to
simultaneously segment and estimate the pose of humans. A
simply-articulated stickman model is used to ensure human-
like segmentations. The distance transform of this stickman is
used as a shape prior for segmentation. Region and boundary
properties are represented by GMMs of pixel intensities and
pose-specific stickman models respectively.

PoseCut is based on ObjCut [11]. ObjCut is based on a
probabilistic approach which can deal with object deformation.
Layered pictorial structures (LPS) are used as shape priors
for segmentation. Pictorial structures are a combination of 2D
patterns based on their shape, appearance and spatial layout.
ObjCut combines graph cut segmentation and object recogni-
tion techniques discussed in Felzenszwalb and Huttenlocher
[13, 14]. The parameters of pictorial structures have to be
estimated from the data and graph cuts are used to segment
images. Likelihoods for parts are estimated using features and
spatial locations of the parts. The desired configuration of parts
of the object is given a lower cost than other unlikely config-
urations. Accurate object specific segmentations are achieved
by combining LPS and MRFs.
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A star-shape segmentation prior is used for graph cut image
segmentation in [15]. The star-shaped prior is used as a generic
shape for all objects. In comparison to Equation 2, the cost
function used in this work is

E(A) =
!

p!P
Rp(Ap) +

!

{p,q}!N

(B{p,q} + S{p,q})!(Ap, Aq)

(5)
where S{p,q} is the shape prior. The shape prior is encoded
using the distance transform of a learned shape. The shape
prior tries to remove the shrinking bias of a graph cut
segmentation and can be compared to other ‘ballooning’ terms.
‘Ballooning’ terms are used in [17] to inflate the segmented
region. The inflation of the segmented region is used to accu-
rately reconstruct thin protrusions and concavities in the 3D
reconstruction problem. The value for the ‘ballooning’ term
is set manually. The results using shape priors are promising
but there are certain shortcomings. The major assumption in
this work is that the center of the shape is known. The idea of
using the star-shape prior for all objects gives rise to problems
of shape alignment and of imposing the wrong shape prior.

Freedman and Zhang [16] incorporate level-set templates to
introduce a shape energy into the overall cost function. The
user is required to draw circles around the foreground and
squares in the background, similar to the bounding box in [3].
The level-set templates are estimated by parameterizing the
curve of the object boundary.

C. Video Segmentation

Criminisi et al. [18] present an algorithm for the real time
foreground/background segmentation in monocular video se-
quences. The algorithm uses Hidden Markov Models (HMMs)
to model temporal changes and a spatial MRF to favour
colour coherence. Spatial and temporal priors and likelihoods
of colour and motion are used to get accurate results. The
fusion of colour and motion for segmentation ensures the
foreground being segmented even if it is similar in colour to
the background.

Kolmogorov et al. [20] segment binocular stereo video
using Layered Graph Cuts (LGC) and Layered Dynamic
Programming (LDP). An extended 6-state space for fore-
ground/background separation, a colour-contrast model and
the stereo-match likelihood are used to define the region
and boundary measurements. The main contribution of their
work is the fusion of stereo with colour and contrast, which
results in good quality segmentation of temporal sequences
without imposing any explicit temporal consistency between
neighbouring frames.

Li et al. [19] present a system for cutting a moving object out
of a video clip and inserting it into another video. It starts by
performing a 3D graph cut, which pre-segments the video into
foreground and background regions while preserving temporal
coherence. The watershed transform is used for this pre-
segmentation. The initial segmentation is refined locally by
using a 2D graph cut on each frame, which utilizes the colour

properties of the frame. Brush tools are provided to control the
user boundary precisely, wherever needed. Coherent matting
is used to smooth out the object boundary in a post-processing
stage. Although this approach views the video as a 3D object,
it requires a lot of interaction and can be cumbersome.
The preprocessing, actual graph cut optimization and post-
processing stages are slow. The approach of this paper is
loosely based on this work, but with many improvements.

III. IMPLEMENTATION

In this paper, the work done in PoseCut [5] is extended
to videos and 3D spatio-temporal graph cuts for videos are
investigated. The results using shape priors are compared to
those from methods discussed in our previous work [2]. The
videos from the Microsoft i2i dataset [9] are used to test the
methods.

A. Graph cut setup

A graph is set up by defining each pixel as a node and
connections between pixels as edges. For images an 8-pixel
neighbourhood is used, where each pixel is connected to pixels
adjacent to it in all directions. A video is viewed as a 3D object
and a 26-pixel neighbourhood is used. Thus each voxel is
connected to 8 adjacent voxels in the same frame (intra-frame
connections) and 9 pixels in the previous and next frame (inter-
frame connections). The graph is constructed by assigning
weights to each pixel or voxel based on region and boundary
properties and information from the shape prior. Colour spaces
like RGB and Luv are used to model the regions, and boundary
properties like standard edge detection techniques are used.
Gaussian Mixture Models (GMMs) are used to model region
properties and estimate the probability of each pixel being
‘foreground’ or ‘background’ based on these models. This is
discussed in detail in our previous work [2].

The main contribution of this paper is the use of a shape prior.
A shape prior term is added to the cost function as shown in
Equation 5. A circular shape prior is defined using its center
and radius parameters. This circular shape prior is then aligned
with the object in the image. The edge weights on all pixels
are scaled using the distance transform values from the shape
prior. This ensures that a pixel away from the shape prior will
have a higher cost and will be more likely to be classified as
background.

An undirected graph G = {V, E} is defined with a set of
nodes, V , and a set of undirected edges, E . Each edge e ! E
is assigned a cost or weight we. There are two special nodes
called the sink and source terminals. A cut is a subset of edges
C " E such that the terminals become separated by G(C) =
{V, E\C}. The cost of a cut is the sum of costs of the edges

| C |=
!

e!C

we. (6)

A cut partitions the nodes in the graph corresponding to a
segmentation of the underlying image. A minimum weight
cut generates a node partitioning that is optimal in terms of
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properties that represent the edge weights. Powell’s minimiza-
tion method is used to find the parameters of the shape prior
(center co-ordinates and radius) that minimize the cost, thus
aligning the shape prior with the object to be segmented.

B. Image segmentation with shape priors

The user-marked pixels are used as cues to the desired
segmentation. GMMs are used to estimate the probability of
each pixel belonging to either of the two classes. RGB and Luv
colour spaces are used as features in the GMMs. Boundary
properties are defined using standard edge detection methods
like Canny edge detector or gradient based methods. The shape
prior is imposed on the image and is used to assign weights
to the pixels. The distance transform from the shape prior
is used to increase the probability of the pixels close to the
shape being included in the segmentation. Powell’s method of
minimization [7] is used to align the shape prior to the image
to minimize the cost of the cut.

C. Video segmentation with shape priors

Video is a collection of frames and is viewed as a 3D object.
A 3D graph is set up using each pixel in each frame as a
node. Inter- and intra-frame connectivity between the nodes is
established. The first frame is used to train the GMMs based
on RGB and Luv color spaces. The shape prior is aligned to
the each image using Powell’s method to give the minimum
cost. An addition proximity term is added to the cost function
to penalize discontinuity in the segmentation. The proximity
term is calculated using the distance between two shape priors
in consecutive frames. The graph cut is perform on the spatio-
temporal 3D object and each pixel is assigned as ‘foreground’
or ‘background’.

Figure 1 shows the process of video segmentation using shape
priors. The first row contains three frames from the video
sequence. The second row shows the logarithmic likelihood
ratios of the images in the top row based on a GMM trained on
the face. The aligned shape priors are shown in the third row
of images. The segmentation of the three frames is displayed
in the last row. The frames are chosen in such a way that they
contain different orientations of the face. It can be seen that
the face is accurately segmented using the circular shape prior
even if the face is rotated and translated. The alignment of the
shape prior also changes according to the position of the face
in the different frames.

IV. RESULTS

This section compares segmentation using shape priors to
segmentation using just GMMs and edge detection methods
[2]. It shows the advantage of using a shape prior in seg-
mentation. Segmentations using GMMs only, GMMs and edge
detection and GMMs and edge detection with shape priors are
compared for using video sequences from the Microsoft i2i
dataset [9].

(a) Frame 1. (b) Frame 48. (c) Frame 79.

(d) GMM output. (e) GMM output. (f) GMM output.

(g) Shape prior. (h) Shape prior. (i) Shape prior.

(j) Output. (k) Output. (l) Output.

Fig. 1. Video segmentation using shape priors. The first row contains the
original frames (a-c). The probabilities using GMMs (d-f) are shown in the
second row. The distance transform from the aligned shape priors (g-i) is
shown in the third row. The segmentations using shape priors (j-l) are shown
in the final row.

A. Image segmentation

Figure 2 shows the different steps in segmenting images
using shape priors. The two original images are shown in
Figures 2(a) and 2(b). The probability of each pixel using the
logarithmic likelihood ratio [2] are shown in Figures 2(c) and
2(d). The shape prior is aligned by optimizing its parameters
using Powell’s method. Figures 2(e) and 2(f) show the distance
transform from the aligned shape prior. The outputs of the
segmentation are displayed in Figures 2(g) and 2(h). The shape
prior is correctly aligned in all images. The face is correctly
segmented despite colour and intensity differences.

B. Video segmentation

Figures 3, 4 and 5 are organized in the same way by
displaying different methods in different rows. The first row
shows the original frames in the sequence. The segmentations
of those frames using only colour based GMMs are shown in
the second row. The third row displays segmentations using
GMMs and edge detection methods. The segmentations from
the shape prior, with GMMs and edge detection, are shown in
the final row.

Figures 3(k) and 3(l) show that shape priors provide accurate
segmentations even if the orientation of the object changes.
The face has been tilted to the side, but is accurately segmented
using shape priors while other methods fail. Figures 4(j), 4(k)
and 4(l) show the effect of changes in the position of the object
and background motion on the segmentation. This shows that
the shape prior is being correctly aligned to the object using
Powell’s method. It is observed that using only GMMs as
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(a) Original image. (b) Original image.

(c) Output of GMMs. (d) Output of GMMs.

(e) Shape prior. (f) Shape prior.

(g) Segmentation. (h) Segmentation.

Fig. 2. Image segmentation using shape priors and graph cuts. The figure
shows (a-b) the original images, (c-d) probability estimation using GMMs,
(e-f) distance transform from the shape prior aligned using Powell’s method
and (g-h) the outputs of the segmentation respectively.

in Figures 3(d) , 3(e) and 3(f) results in many pixels being
wrongly classified, because the background and foreground
have similar colours. GMMs and edge detection methods are
not accurate because of the numerous boundaries in the image
and the similarity between foreground and background.

Graph cuts and shape priors provide more accurate segmen-
tations than other methods, even though the background is
similar to the object in colour. The segmentation in Figures
5(c) and 5(d) classifies the hands of the person as foreground
because they are the same colour as the face. Many pixels
from the background are also wrongly classified as foreground.
The segmentation using shape priors in Figures 5(g) and 5(h)
provide accurate segmentations in these cases.

In general, it can be seen that shape priors result in more
accurate segmentations compared to other methods. They
overcome certain drawbacks of other methods like background
motion, changes in the position and orientation of the object,
and the object and background being similar in terms of colour.
The motion information from videos is used for accurate
segmentation and the preprocessing is reduced.

V. CONCLUSIONS AND FUTURE WORK

It can be concluded that using shape priors with graph cuts
can result in very accurate segmentations. The comparison
of segmentations using shape priors to those without shape
priors clearly shows the usefulness of the shape prior. The

(a) Frame 5. (b) Frame 10. (c) Frame 58.

(d) GMMs. (e) GMMs. (f) GMMs.

(g) Edges. (h) Edges. (i) Edges.

(j) Shape prior. (k) Shape prior. (l) Shape prior.

Fig. 3. Comparison of segmentation methods. Some frames (a-c) from the
original sequence are shown in the first row. Segmentations using graph cuts
and colour GMMs (d-f), GMMs with edge detection methods (g-i) and GMMs
with shape priors (j-l) are shown.

(a) Frame 5. (b) Frame 14. (c) Frame 20.

(d) GMMs. (e) GMMs. (f) GMMs.

(g) Edges. (h) Edges. (i) Edges.

(j) Shape prior. (k) Shape prior. (l) Shape prior.

Fig. 4. Comparison of segmentation methods. Some frames (a-c) from the
original sequence are shown in the first row. Segmentations using graph cuts
and colour GMMs (d-f), GMMs with edge detection methods (g-i) and GMMs
with shape priors (j-l) are shown.

segmentations are more accurate than other methods even with
the object to be segmented is similar to the background. The
motion of the object or the background in a video does not
adversely affect the performance of the segmentation. The
average time taken for a segmentation is 0.2 seconds for
images and 2 seconds per frame for videos. Thus it can be
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(a) Frame 5. (b) Frame 39.

(c) GMMs. (d) GMMs.

(e) Edges. (f) Edges.

(g) Shape prior. (h) Shape prior.

Fig. 5. Comparison of segmentation methods. Some frames (a-b) from the
original sequence are shown in the first row. Segmentations using graph cuts
and colour GMMs (c-d), GMMs with edge detection methods (e-f) and GMMs
with shape priors (g-h) are shown.

concluded that using shape priors with graph cuts can improve
segmentation of images and videos.

Aligning the shape prior to the desired object is done using
Powell’s method. The shape prior tested in this paper is
circular. This work can be extended further to include complex
shape priors like ellipses or a collection of shapes. Other
gradient descent methods of minimization can be used for
accurate alignment. A detailed performance evaluation can be
conducted by varying the parameters of the segmentation.
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Abstract—We use stereo-photogrammetry to detect regions of 
interest (ROIs) on a patient prior to scanning with the Lodox 
Statscan X-ray machine. The functionality of scanning smaller 
ROIs will save time and will expose the patient to less radiation. 
The 3D coordinates of landmark points defining an ROI were 
calculated from 2D digital images using stereo-photogrammetry. 
In addition, the 3D coordinates were used to calculate the 
thickness of the ROI on the patient body to determine radiation 
dose. The mean difference between actual and observed distances 
between landmark points was less than 1 centimeter. 

Keywords- stereo-photogrammetry, region of interest,   digital 
x-ray, camera calibration, triangulation 

I.  INTRODUCTION  

X-ray imaging remains the most commonly used medical 
imaging modality. However, X-ray imaging exposes the body 
to ionizing radiation. The Lodox Statscan whole-body imaging 
system provides an advantage in this regard as it delivers lower 
dose than a conventional system [1], [2]. 

As shown in Fig. 1, the fan beam produced by the X-ray source 
in the Statscan system is projected on an object of interest lying 
on the platform between the source and the detector. The 
detector with a charged coupled device (CCD) detects the 
resulting pattern of the radiation along the direction of travel of 
a C-arm resulting in an X-ray image of an object of interest [3].

While the Lodox Statscan imaging system is capable of 
producing a whole body image, whole body X-ray imaging is 
not always desirable. Sometimes, the radiologist may wish to 
view and store the X-ray image of a smaller region of interest 
(ROI). Whole body scanning in these cases will result in 
exposing patients to unnecessary radiation.  

In addition, manually splitting the whole body image to view 
the smaller ROI is time consuming and the larger database size 
associated with storing whole body images will decrease the 
speed and efficiency of image retrieval and viewing. Thus the 
functionality of scanning smaller regions of interest is 
desirable.   

The ROI is currently selected in the Lodox Statscan machine, 
by viewing a laser beam along with the direction of travel of C-
arm. The patient’s details such as size (infant, medium, small, 
large, extra large) are entered using the operator console as 
shown in Fig. 2. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Lodox Statscan machine  

Pre-set scan parameters are selected for the chosen size of the 
patient. There are seven pre-set trauma procedures and seven 
general defined procedures. The operator selects the desired 
procedure. The settings of the X-ray generator (kV and mA) 
are automatically adjusted based on the selected size and the 
procedure. 

The operator brings the C-arm to its initial position at the ROI 
using the local positioning tool (shown in Fig. 1) by viewing 
the laser beam. The scanning process is started manually from 
the ROI and it is stopped manually when the laser beam 
crosses the ROI. Once the scanning process is over, the 
scanned region appears on the confirming image frame shown 
in Fig. 2.   

As an alternative to using a laser beam, landmark points 
obtained from digital photographs can be used to define ROIs 
on objects. In this paper, we describe the use of stereo-
photogrammetry for determining the 3D coordinates of 
landmark points defining the ROI, which can be used to 
calculate the length, width, and thickness of the ROI.   
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Figure 2. Operator console of Lodox Statscan machine 

 

II. METHODOLOGY 

A. Stereo-photogrammetry  

Stereo-photogrammetry is a simple, cost effective process 
of determining 3D coordinates of points in space using two or 
more digital images [4]. It can be implemented using simple 
apparatus like cameras with fast data collection [5].  

The technique can be used for objects of all sizes. The steps 
involved in obtaining 3D coordinates of landmark points using 
two or more digital images [6] are given in Fig. 3. 

 

 

 

 

 

 

 

 

 

Figure 3. Steps involved in stereo-photogrammetry 

B. Cameras  

Firefly MV FFMV-03MTC web cameras along with the 
Tamron CCTV lens (13VM2812ASII 1/3” 2.8-12mm F/1.4) 
were used to take the digital images of the patient.  

The web cameras are mounted on the C-arm of the Lodox 
machine shown in Fig. 1 in order to take digital images of the 
ROI. The camera-mounting unit (Fig. 4) is designed in such a 
manner that it does not affect normal operation of the Lodox 
machine. The distance between the two web cameras can be 
changed. In addition, the distance between the C-arm and web 
cameras is also adjustable. The cameras are able to move in 

different directions and angles. These adjustments are made in 
order to optimally cover the ROI with both cameras. 

Two pairs of web cameras are used on either side of the C-arm. 
Depending on the position of the ROI, a particular pair of web 
cameras will take the digital images of the ROI. 

C. Software  

Integrating Vision Toolkit (IVT) [7] (Version 1.3.6) 
software was used for calibrating web cameras and for 3D 
coordinate measurement. IVT is an image processing library 
freely available under the GNU license. It has an appropriate 
camera interface and can support openCV, Qt libraries and 
drivers for firewire cameras [6]. Microsoft visual C++ 2008 
Express edition was used as an integrated development 
environment (IDE). 

 
 
 
 
 
 
 
 
 
 
 
 

 

 

 

 

 

 

 

 

Figure 4. Camera mounting unit on the C-arm of the Lodox Statscan machine. 
White arrows indicate that the distance can be adjusted. 

D. Camera calibration 

Camera calibration is the process of estimating the intrinsic, 
extrinsic, and distortion parameters of the cameras ([6], [8], 
and [9]). The intrinsic parameters of the camera are the focal 
length and the principal point. The extrinsic parameters are 
related to rotation and translation of the camera and must be 
recalculated if the camera’s position and orientation are 
changed. Error may occur in camera calibration parameters due 
to lens distortion. The lens distortion could be due to radial 
and/or tangential distortion and should be considered while 
estimating camera calibration parameters ([6], [8], and [9]).   

Different techniques exist for camera calibration, namely self 
calibration where no calibration frame is used [4], a 3D 
calibration frame [10], a 2D calibration frame [8], and 1D 
calibration frame [11]. We used a 2D chessboard pattern [8], 
shown in Fig. 5, as the calibration frame.  
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The chessboard pattern is imaged in different orientations in 
order to compute intrinsic parameters of the camera and the 
relative location and position of the camera for each orientation 
([6], [8], and [9]). 

The camera calibration application available on IVT [7] was 
used for calibrating the cameras. OpenCV libraries were used 
internally for calibrating cameras on IVT [6], [7]. Four intrinsic 
parameters, five distortion parameters (three radial and two 
tangential), and six extrinsic parameters (three rotation and 
three translation parameters) were determined. Mathematical 
details about them are given in [9]. 

The theory given in [9] was used in order to determine the 
number of rows and columns for the chessboard frame and the 
number of digital images of the chessboard pattern to be used. 
Consider that there are N corners in the chessboard pattern and 
K images of the calibration frame. Therefore, there are 2NK 
constraints. Considering the distortion to be zero, ten 
parameters should be estimated (four intrinsic and 6K extrinsic 
parameters for all the orientations). Solving for these 
parameters require 2NK !  6K + 4 or (N - 3) K !  2. If N = 2, 
ideally K=1 image should solve all the parameters for camera 
calibration. Since a chessboard pattern is used to fit the 
homography for each of the K views, a maximum of eight 
parameters can be found using four corners. Therefore, a 
minimum of two views of a three by three chessboard pattern 
should be used for camera calibration.  

The nine columns by seven rows chessboard pattern shown in 
Fig. 5 was used. Twenty images of the calibration frame in 
different orientations were used in calibration. 

 

 

 

 

 

Figure5. Seven rows by nine columns chess board pattern for calibrating two 
web cameras at a time. 

E. Correlation technique for selecting landmark points 

It is easy to manually select accurate landmark points on 
two digital images if there are unique features available on the 
ROI. However, it is very difficult to select exact landmark 
points on an object such as the human body. Therefore, we 
have used a correlation technique to provide the most probable 
region in the right digital image for the image points (landmark 
points) clicked on the left digital image. The correspondences 
are determined by utilizing epipolar geometry and zero mean 
normalized cross correlation (ZNCC), which is invariant to 
brightness differences. Before applying the correlation 
technique, both the digital images are undistorted (to reduce the 
lens distortion if present). The matching algorithm with ZNCC 
technique in IVT uses 640 X 480 resolution, gray scale (8 bit) 
digital images. Therefore, the 24 bit digital images are 
converted into 8 bit gray scale images [12]. 

The digital images are not rectified in order to retain the 
geometrical conditions of the digital images: in the rectification 

process, the epipolar lines (Fig. 6) are made parallel to each 
other [6]. The rectification process might result in strong 
distortions depending on the angle of the web cameras to each 
other [6].  

The mathematical details of the ZNCC method are given in [6].  

Epipolar geometry described in [6], [9] is used to determine the 
relationship between the image planes of two cameras and 3D 
points. Consider a 3D point P in the world coordinate system 
as shown in Fig. 6. pl and pr are the points on the left and right 
digital images. The epipolar plane is the plane formed by 
joining the projection centre Zl, the projection centre Zr, and the 
3D point P. The line Zl Zr meets the images at points el

 and er. 
When the epipolar plane intersects with the image plane, 
epipolar lines are formed. The epipolar line for point P on the 
left digital image is ll and for the same point on the right digital 
image is lr. All the points which correspond to the point pl in 
the left digital image will lie on a epipolar line lr on the right 
digital image. The epipolar line looks like a point when seen 
from the left camera and it looks like a line from the right 
camera. Given the camera calibration parameters, Zl, Zr, el, er, 
ll, and lr can be estimated. 

 

 

 

 

 

 

 

 

 

 

 

Figure 6. Epipolar geometry [6], [9] 

As presented in [6], for the clicked point in the left digital 
image, an image patch of size (2n + 1) x (2n + 1) (where n is 
greater than or equal to one)  is cut out and is normalized with 
respect to additive and multiplicative brightness differences. 
Correspondences to this image patch are then searched 
optimally along the epipolar line in the right digital image by 
calculating ZNCC for all the points lying on the epipolar line. 
The correspondence is searched only in a given disparity range. 
Disparity represents the Euclidean distance of a point on the 
epipolar line to the clicked point on the left digital image. 
Smaller disparity values represent greater distance from camera 
and vice versa [6]. The result obtained by this correlation 
technique can be validated by comparing it with a threshold 
value. If the results are greater than this value, the 
correspondences are accepted [6].  

F. 3D coordinate measurement by stereo-triangulation  

The 3D coordinates of landmark points are calculated using 
the triangulation technique given in [6]. Let the two cameras 
have the extrinsic parameters Rl, Tl (for left side camera) and 
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Rr, Tr (for right side camera), and the calibration matrices Cl 
and Cr having the intrinsic parameters for left and right side 
cameras respectively. The point P shown in Fig. 7 whose 3D 
coordinates have to be determined has image coordinates with 
pixel values pl = (x1, y1) and pr = (x2, y2) on the two digital 
images. All the 3D coordinates mapped to pl on left digital 
image will lie on a straight line. Let this line be Ll. Similarly, Lr 
is a straight line on which all the 3D points mapped to pr will 
lie. 

The camera calibration parameters are used for determining Ll 
and Lr. The intersection of these straight lines ideally represents 
the 3D coordinates of the point P in the world coordinate 
system. However, sometimes, the straight lines might not 
intersect accurately at one point due to the inaccuracies and the 
discretization of the pixels of the image sensor [6]. Therefore, 
the point P having a minimum distance from both the straight 
lines (Ll and Lr) should be searched for. A method of least 
squares could be used to determine the optimal solution [6].  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 7. Triangulation technique [6] 

We use the libraries and applications available in IVT [6], [7] 
to calculate the 3D coordinates of the landmark points. The 
distance between the two clicked points is then calculated to 
validate the obtained 3D coordinates. 

G. Scanning an ROI  

The steps involved in scanning a ROI on Lodox Statscan 
machine are given below. 

1) The two web cameras are calibrated using a chessboard 
pattern. 

2) The digital images of the ROI are taken. 

3) The operator selects landmark points defining the ROI on 
left and right digital image.  

4) The camera calibration parameters along with the 2D 
coordinates of the landmark points are triangulated. The 
output is the 3D coordinates of the landmark points 
selected. 

5) The length, breadth, and the thickness of the ROI are 
calculated using the 3D coordinates obtained in step 4. 
The calculated thickness of the ROI is used to determine 

the radiation dose. In addition, the distance of the web 
cameras from the ROI is determined based on the camera 
calibration parameters and the marked landmark points. 

6) These details are fed to the operator console for 
determining Kv and mA rating for radiation dose. 

7) The distance of the web cameras from the ROI obtained 
in step 5 is summed up with the distance of the C-arm 
from the web cameras which is measured manually. The 
output is the distance of the C-arm from the ROI.  

8) The C-arm is moved by the distance calculated in step 7 
to initialize its position at the ROI prior to the scanning 
process. The scanning process starts from this position. 

9) The C-arm travels the length of the ROI calculated in step 
5. The C-arm is stopped once the length of the ROI is 
covered. 

10) The result is an X-ray image of smaller ROI. 

 

III. EXPERIMENTS AND RESULTS 

A. 3D coordinates of the landmark points defining ROI 

The application was tested on test objects as well as on the 
human body. 

a) 3D coordinate measurement on test objects  
The accuracy of 3D coordinates on objects other than the 

human body (such as a chessboard pattern and rectangular 
boxes) was determined by calculating the distance between two 
landmark points and comparing it to the actual measured 
distance. The digital images of the test objects were taken in 
different orientations. Landmark points were marked manually. 

The distances between landmark points selected on the test 
objects were in the range of 30 to 200 millimeters. The number 
of distances measured and compared varies depending upon the 
landmark points clearly visible on the objects of interest. The 
number of distances measured varies from 2 to 13 depending 
upon the landmark points clearly visible on the test objects. 
The results for all the test objects are shown in Table 1.  

TABLE I.  DISTANCES BETWEEN LANDMARK POINTS ON 3 DIFFERENT  

TEST OBJECTS. 2 TO 13 DISTANCES WERE MEASURED ON EACH OBJECT, AND 

EACH  DISTANCE  WAS  MEASURED 3 TIMES.  

Mean absolute  difference 
between actual and observed 

distances(mm) 

Standard 
deviation 

(mm) 

Mean difference 
as a percentage of 

actual distance 
(%) 

0.7 0.5 1.3 

 

b) Testing of 3D coordinate measurement on human body  
The set-up on the Lodox machine is as shown in Fig. 4. 

Depending upon the ROI, a particular pair of web cameras will 
take the digital images of the ROI. The web cameras may be 
adjusted in order to optimally cover the ROI. We have used an 
additional chessboard pattern on the Lodox bed (indicated as 4 
in Fig. 8). Landmark points on the chessboard pattern on the 
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bed are selected in order to determine the thickness of the ROI 
on patient’s body.  

The user interface of the application is shown in Fig. 8. The 
operator selects landmark points in the left digital image first. 
Zero mean normalized cross correlation (ZNCC) is used in 
order to find the best match/correspondence in the right image 
for the landmark point clicked in the left digital image. The 
best correlated match is searched for along the epipolar line 
(indicated as 2 in Fig. 8). The operator can refine the best 
match for the landmark point clicked by manually selecting a 
pixel in the square region (found using ZNCC and indicated by 
1 in Fig. 8) on the epipolar line. The length, breadth, and the 
thickness of the ROI can be calculated using the application by 
selecting the length, breadth or the thickness in the dropdown 
box on the user interface. For calculating the thickness of the 
ROI, the difference in the height of a landmark points clicked 
on the ROI and on the chessboard pattern is used. 

The accuracy of the ZNCC correlation technique depends on 
the disparity range, image patch, depth (Z-distance) of the 
landmark point from the camera, and the threshold value. 
These values should be changed based on the image material 
used. The window size for image patch can be adjusted on the 
user interface. The depth (Z-distance) of the left camera from 
the landmark point can also be adjusted on the user interface. 
The depth information given, internally computes the rough 
estimate of disparity for the given Z-distance. The disparity 
range is decided based on this value to find out the best match 
on the right digital image.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 8. User interface for calculating length, breadth, thickness, and the 
distance of web cameras from the ROI. 1- region for best match using ZNCC; 2 
- epipolar lines; 3 - manually refined correlated match; 4 - chessboard pattern 
used to assist calculation of thickness of the ROI on patients’ body. 

In addition, the distance of the web cameras from the ROI can 
be calculated to obtain the distance the C-arm has to move to 
reach the beginning of the ROI 

A comparison of inter-landmark distances for a human body is 
given in Table 2, after manually refining the correlated points. 
The length, breadth, and thicknesses compared were in the 
range of 20 to 240 millimeters.  

TABLE II.  DISTANCES BETWEEN LANDMARK POINTS ON A HUMAN BODY. 
EACH DISTANCE WAS MEASURED 3 TIMES DURING TESTING. 

ROI 

Mean absolute  
difference between 
actual and observed 

distances (mm) 

Standard 
deviation 

(mm) 

Mean difference 
as a percentage of 

actual distance 
(%) 

Length 2.2 0.3 1.1 

Breadth 8.0 1.4 4.0 

Thickness 5.3 4.0 2.3 

.  

IV. CONCLUSION AND FUTURE WORK 

The mean absolute differences between the actual and 
observed distances shown in Table 1 for test objects are less 
than those for the human body in Table 2. It is easier to select 
and compare distances on test objects than on the human body, 
where landmarks are often poorly defined.  

 Error might have been introduced in selecting the landmark 
points defining the length, breadth, and thickness of the ROI on 
the digital images of the human body, and in poor matching 
between corresponding landmark points on different images. In 
addition, some errors might have been introduced in manually 
measuring the length, breadth, and the thickness of the ROI on 
patient’s body using a ruler. 

The selected ROI should be indicated within 2 % of the source 
to image distance (SID) for any linear direction, as specified by 
the Food and Drug Administration (FDA). A portion of these 
errors might be attributed to the measurement of the ROI to be 
imaged and another to the control. Therefore, our guideline is 
for the maximum error in calculating the dimensions of the 
ROI to be within 1 % of the SID. Since the SID is 1300 
millimeters, the maximum error permitted in calculating the 
length, breadth, and the thickness of the ROI is 13 millimeters. 

From the results shown in Tables 1 and 2, the mean absolute 
difference between the actual and observed distances is within 
13 millimeters. It can be concluded from these results that 
stereo-photogrammetry is an acceptable method to determine 
the 3D coordinates of the landmark points defining the ROI for 
scanning and the thickness of patient for determining radiation 
dose.  

V. DISCUSSIONS 

The 3D coordinate measurement application is highly 
sensitive to landmark points selected on both the left and right 
digital image. A small difference in selecting the landmark 
points on digital images produces large errors in the calculation 
of the 3D coordinates of the landmark points. This in turn 
might induce error in determining length, breadth, and the 
thickness of the ROI on patient’s body. ZNCC technique is 
therefore used in the application for making the landmark 
selection process easy for the operator as landmark points are 
often poorly defined on human body. The operator can refine 
the correlated match by manually clicking the best match in 
this region. 

 The correlated ZNCC technique for automatic landmark 
identification depends on disparity range and image patch 
searched [6]. These parameters should be changed if there is a 
change in the image material. The disparity range (minimum 
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and maximum value) estimated internally by providing the 
depth of the landmark points from the web cameras should be 
large enough to contain the searched disparity. If very large 
disparity intervals are chosen, the likelihood of the wrong 
matches increases. If enough information is not available in the 
image patch (correlation window), the best match for the 
landmark point might not be found along the epipolar line. The 
web cameras should be placed in such a manner that the 
epipolar lines are parallel. This will simplify finding image 
patch along the epipolar line. If required, rectification can be 
performed in order to make the epipolar lines parallel to each 
other. The geometrical distortions produced by rectification can 
be minimized by reducing the angle between the two web 
cameras.  

A good calibration of web cameras is necessary for the ZNCC 
correlation method to search for the best match as well as for 
3D coordinate measurement. Therefore, the focal length, 
aperture range, and focusing range of the web cameras should 
be properly adjusted. In addition, the light intensity in the room 
should not vary much.  

Using additional retro reflective circular markers or artificial 
landmark points on patient’s body or on the hospital gown will 
make it easy to visualize and select landmark points for the 
operator.  
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Abstract—H D content is more in demand and requires a lot of 
bandwidth.  In this paper , a new real-time adaptive colorization 
filter for H D videos is presented.  This approach reduces the 
required bandwidth by reducing non-key frames in the H D video 
sequence to grayscale and colourizing these frames at the 
decompression stage.  Additionally this technique determines the 
frame status based on the image information. 

Index Terms: H D video compression, adaptive colorization, 
graphics processing unit (GPU) 

I.  INTRODUCTION 
The multimedia industry requires elaborate compression 

schemes to reduce the massive volume of data representing 
multimedia content, in particular video streams.  In video 
streams, there is a significant amount of redundant data which 
is removed.  The reduction achieved is not sufficient to 
successively merge high definition (HD) graphic content into 
more consumer applications.  However, there is a demand for 
HD multimedia content [1].  HD multimedia content caters for 
better realism, by providing a sharper more clear image.  The 
consumer demand for HD content can therefore be expected to 
continue to increase.  The growing demand for HD video 
content present challenges such as transmission latencies due to 
the volume of data.  The large volumes of data unnecessarily 
burden networks.  HD video content has significantly more 
data than standard definition (SD) and enhanced definition 
(ED) content.  The volume of video data in particular should be 
further compressed to better align to consumer trends.  Some 
high bandwidth applications stimulating the HD trend are 
digital television (HDTV), digital video by satellite (DVS), 3D-
Video games and 3D blue-ray DVDs. 

HD video sequences require significant processing power 
to decode [3].  The graphics processing units (GPUs) are 
increasingly becoming available in every personal computer.  
Modern GPUs have a parallel architecture, specifically 
designed for image processing.  The modern GPU is 
programmable, presenting itself as additional processing 
hardware for applications.  To this end, the GPU is used as a 
work horse for a growing amount of applications that suit 
single instruction multiple data (SIMD) paradigm. 

The most relevant research is briefly discussed.  Shen et al. 
implement motion compensation for a video decoder using 
GPU [2].  In this work, the video decoding tasks are divided 
such that a portion of tasks are executed on the CPU and the 
remainder on the GPU in a cascading manner.  The 
implementation achieved real-time decoding at 720𝑝, which is 

1280 by 720.  The GPU tasks were motion compensation (MC) 
from precomputed motion vectors, colour space conversion 
(CSC) and finally rendering the frame.  The experimental 
results showed that the trap video sequence at 720𝑝  video 
sequence achieved 31.3𝑓𝑝𝑠.  Other experimental results given 
showed that lower quality video sequences with lower quality 
achieved a faster frame rate. 

The entire motion compensation algorithm, as well as the 
motion estimation architecture cannot be offloaded to the GPU.  
Appropriately, motion vector estimators are computed on the 
CPU, while the GPU refines the pre-calculated predictors.  In 
this research, Schwalb et al. report the latency is reduced [6].  
Their contribution has two interesting outcomes, a small 
diamond search mapped to a parallel implementation for 
execution on the fragment processing unit.  The second 
contribution asserts that CPU and GPU could be used together 
simultaneously.  The theoretical performance gain anticipated 
was not achieved due to the high number of random memory 
accesses. 

In work more closely related Kumar and Mitra made 
considerable effort to explore a new approach to improving 
compression of video sequences [10].  In this work, a video 
sequence is compressed by dropping the chrominance channels 
of certain frames.  A full colour frame consists of three 2-𝐷 
matrices, where the matrices represent pixel intensity.  The 
compression achieved by dropping two of these channels every 
so often achieves additional compression.  At the decoder side, 
the luminance only frames are colorized.  Their approach using 
colorization to further compress a video sequence is integrated 
into MPEG-2 as a module, making their work interesting.  A 
penalty noted by Kumar in this approach is the processing 
latency, which is considerable. 

In our work, a new adaptive compression scheme is 
presented and a process illustration is given in Figure 1.  The 
proposed scheme reduces the required HD video bandwidth 
while maintaining acceptable colour.  The video sequences 
considered in this work are full HD video sequences, that is 
1920 by 1080.  Here the encoder adaptively encodes frames in 
sub-sampled colour or grayscale, a decision based on the image 
entropy of the current frame. 

  Our proposed scheme ensures that maximal compression 
is achieved when frames contain minor differences.  However 
rapidly changing scenes will likely be more frequently coded in  
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colour, making the approach robust to video content.  The 
primary contribution of this research is at the decoder side.    
The grayscale frames are colorized at the decoder side, without 
use of any particular group of pictures scheme.  A new 
colorization filter is used to colourise the frames, enhanced 
with adaptive filter updates.  The colorization filter 
enhancement is received through motion compensation (MC).  
The MC is used to update the filter, allowing the filter to 
change to the content of the video.  Finally, the approach 
makes optimal use of the CPU and the GPU for better 
utilisation of system resources.  The paper is organised as 
follows.  The theory section briefly introduces video 
compression.  The colorization framework is discussed 
followed by the adaptive colorization algorithm.  The proposed 
compression and decompression scheme is implemented, a 
discussion details the operation thereof.  The experimental 
results are closely examined followed by concluding remarks. 

II. THEORY 

A. Overview to Video Compression 
Video compression is the reduction in the volume of data 

representing the video information of interest.  There are 
various types of compression schemes, primarily lossy or 
lossless compression.  Lossy compression is usually more 
practical as better compression ratios are achieved, however 
information that is discarded cannot be reconstructed.  While in 
lossless compression the original information can be exactly 
reconstructed from the compressed sequence.  There are 
temporal and spatial redundancies in video, which are removed 
in compression schemes.  Temporal refers to those 
redundancies which exist between consecutive frames, while 
spatial redundancies exist within a frame.  The combined use 
of several techniques are employed to remove these 
redundancies achieve good results. 

One compression approach is to apply a transform to a 
macroblock, with the desired effect of removing the correlation 
between the pixels.  The coefficients which emerge after 
applying the transform can then be quantised and encoded, thus 
discarding data points that contains the least amount 
information. 

 

 

 

 

 

 

 

 

 

 

 

 

The exploitation of temporal redundancies require the use 
of motion compensation techniques, or 3𝐷  transforms.  The 
basic principle of operation is that at the encoder the motion of 
pixels are predicted.  The exact pixel motion is then compared 
to the predicted pixel motion, the resulting error together with 
the motion vectors are encoded.  As a last example of a 
compression technique, sub-sampled formats are used.  There 
are three components in colour images, intensity and 2 chroma 
(colour) components.  The human vision system (HVS) cannot 
detect the colour differences as easily as intensity changes, thus 
some colour is discarded.  In sub-sampled video format 4: 2: 2, 
there are 4  intensity samples for every 2  samples for both 
colour components. 

B. Frame Colorization 
The estimation and addition of chrominance components to 

luminance is a technique known as colorization.  Colorization 
is interpreted as an image filter which transforms the input 
luminance (grayscale) image into a color image.  The 
operational principle behind image colorization is described as; 
image features from the grayscale image are used to assist 
estimation of chrominance (chroma) values to be added to the 
grayscale image.  Identifying image features using statistical 
methods are processor intensive, as a result image comparisons 
are the suitable alternative for real-time applications.  An 
image comparison will require an image of the same type to be 
colorized, together with the desired output image.  Image 
features are used to establish a loosely unique pattern between 
the input and the desired image.  To increase certainty more 
features can be considered.  This training input and desired 
output image are used to initialize the colorization filter, 
thereafter, sequential input images to the filter are then 
colorized in a similar manner.   

III. DESIGN AND IMPLEMENTATION 

A. Proposed Systems Process Overview 
The process overview of the video compressor and 

decompressor developed in this work is depicted below in 
Figure 2.  In Figure 2, first focusing on the raw video block 
depicted on the left is the uncompressed video sequence which 
is to be coded.  The pixel motion in this video sequence is  

 

Figure 1: Video Colourization Illustration 

142



 

 

 

 

 

 

 

 

 

 

 

determined by the first function module on a forward frame 
basis, no backward prediction is used.  Each frame is divided 
into macroblocks, where block motion is then detected.  Once 
the blocks that are in motion are determined the frame entropy 
is calculated. 

The entropy gives an indication of the information content 
in the image, which is used to determine the status of the 
frame.  The frame status can either be regarded as a key frame 
or a non-key frame.  The decision is based on the entropy 
difference between the past frame and the current frame, thus 
either encoding full color components or simply the luminance 
component of that frame only.  Upon the decision outcome, the 
macroblocks that undergo motion are decorrelated using the 
discrete cosine transform (DCT) and then quantized. 

The quantization level and the maximum entropy difference 
influence the bit rate, however these values are not related.  
The entropy is adjusted automatically based on information 
content, while the bit rate is specified.  These bits are then 
variable length encoded, finally ready for transmission or 
storage.  The decoder is the side that decompresses and finally 
renders the video frames is depicted on the right of the encoder 
in Figure 2.  The decoder has several function modules, the 
first determines the inverse variable length codes (IVLC).  The 
status of the frame is then determined from the header 
information.  The status of the frame determines which 
function module to follow.  In the case of key frame status, the 
inverse discrete cosine transform (IDCT 3D) is applied for all 3 
channels, followed by updating of the colorization filter 
database.  The colorization filter is reinitialized during this 
function.  The colorization filter is configured to receive new 
non-key frames of similar content to the update. 

This approach renders the colorization filter as adaptive, 
thus limiting the error associated to pixel drift and feature 
movement.  In the second case, where the frame is determined 
as a non-key frame, color components will need to be 
estimated by the colorization filter.  The colorization filter 
module is written for GPU hardware, in section III.E the filter 
is described in detail.  Once the non-key frame is colorized, the 
image is rendered to the screen. 

 

 

 

 

 

 

 

 

 

 

 

 

 

B. Encoder Architecture 
The motion for each macroblock is determined by 

comparing the current frame 𝐼𝑡  to the next frame 𝐼𝑡+1 .  The 
macroblocks are compared by calculating the mean absolute 
difference (MAD), 

𝑀𝐴𝐷 = 𝑀(𝐼𝑡 − 𝐼𝑡+1) = |𝐼𝑡 − 𝐼𝑡+1| ( 1) 

The macroblocks that do inhabit motion are then replaced 
with the updated pixels.  Thus only the macroblocks that are in 
motion are decorrelated.  The decorrelated macroblocks are 
then quantised and encoded, effectively a difference update. 

The proposed compression scheme intends on delivering a 
variable bit rate data stream.  The entropy of an image reveals 
the average information content per symbol, effectively 
entropy is a function of occurrence probabilities of source 
symbols.  To calculate the entropy, the source symbol count for 
each of the 256 quantization levels (seen as source symbols),  
where 0 is black and 255  is white.  The probability (𝜌) of 
occurrences of each of these quantisation levels are then,  

𝑝𝑆(𝑘) =
ℎ𝑓(𝑘)
𝑀.𝑁  ( 2) 

where the subscript 𝐼 denotes the image and the information 
content per source symbol (𝑄) is, 

𝑄𝑓(𝑘) = 𝑙𝑜𝑔2 5
1

𝑝𝑓(𝑘)
6 = −𝑙𝑜𝑔2 7𝑝𝑓(𝑘)8 ( 3) 

The entropy (𝐻) is determined using, 

𝐻𝑓(𝑘) = : 𝑒𝑓(𝑘) =
𝑘𝑚𝑎𝑥

𝑘=1

: 𝑝𝑓(𝑘)𝑄𝑓(𝑘)
𝑘𝑚𝑎𝑥

𝑘=1

 ( 4) 

When summing the entropy per quantisation level for a 
given image 77% of the total image entropy describes most 
significant information [9].  The experimental value used to 
determine the entropy threshold is determined experimentally 
as 95%, should the entropy change be less than this the 
difference will change enough content significantly to effect 
the colorization process.  This is determined as, 

Figure 2: Process Overview 
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𝐷𝑒𝑐𝑖𝑠𝑖𝑜𝑛  = (
𝐾𝑒𝑦 𝑖𝑓 𝐼𝑡−1 > 1.05𝐼𝑡   ∥   𝐼𝑡−1 < 0.95𝐼𝑡

 
𝑁𝑜𝑛 − 𝑘𝑒𝑦 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                        

5 ( 5) 

 The final step is bit stream encoding, traditional run-length 
encoding (RLE) was selected.  RLE presents an effective yet 
quick enough implementation, there are numerous techniques 
that are more efficient, however these distract from the scope 
of the proposed scheme. 

C . Decoder Architecture 
The decompressor cannot be simplified by determining the 

inverse of the compressor techniques.  The crucial proposal of 
our work is based on the adaptive colorization, which is not 
simply the inverse of the compressor.  The bit stream is 
decoded, in a sense unpacking the data stream.  The frame 
header contains information to reduce the computational 
overhead at the decoder.  It should be noted that the header can 
contain significant bit representation and cannot be compressed 
with ease, only critical information is necessary here.  The 
frame status is retrieved from the frame header, which directs 
the stream to the desired function module.  Once the 
approximated stream has been recovered through the IDCT, the 
stream is prepared for offloading to the GPU.  A note worthy 
consideration is the time penalty in pushing data between the 
CPU and the GPU, effectively nullifying any potential 
processing gain.  The decompressor is designed with this 
consideration, once the correlated difference image data is 
prepared, the data is not transferred back the CPU for 
additional processing. 

The colorization filter should be designed with stream 
processors in mind, careful consideration must be given to the 
architecture.  The GPU program can be simplified to a kernel 
function, which is applied to every pixel element.  Further 
consideration is given to the number of control structures 
which severely retard the performance.  The use of a 
neighborhood does reduce the performance, however the 
sacrifice is less than approaching the dimensionality problem.  
The neighborhood is constructed by shifting the image, then 
performing the quick smallest first match test.  The shifting of 
the image pixels is structured, all check positions are 
predetermined. 

D . Proposed Adaptive Colorization Algorithm 
The proposed algorithm requires initialization, a process 

whereby the image features in the search parameter are updated 
as well as the corresponding chroma values.  Initialization 
occurrence is frequent enough to change with the data stream, 
as determined through the image entropy calculation.  Our 
proposed algorithm is adaptive to the stream content, ensured 
by considering a percent shift rather than an experimentally 
determined value. 

The algorithm proposes two types of updates.  The first is a 
complete frame for initialization.  A complete frame is used 
when motion exceeds several blocks, but the primary purpose 
is for new scenes.  A completely new scene for initialization is 
a natural approach to ensure optimal operation of the 
colorization filter.  The new scene update ensures that 
stationary scenes are greatly compressed.   

The scenes that contain high motion threaten to undermine 
any additional compression gained.  The second initialization 
approach is utilized to minimize the inefficient complete filter 
re-initialization caused through high motion scenes which 
require more frequent updates.  Here the update container is 
accessed through motion detected blocks.  The blocks 
determined to be in motion are encoded in grayscale as well as 
the corresponding chroma values.  This approach limits the 
neighborhood search. 

E . Proposed Algorithm Implementation 
The inputs into the filter are 2𝐷 textures, the colorization 

filter update content must be contained herein.  The frames to 
be colorized are naturally 2𝐷 images, requiring no significant 
changes.  The use of textures greatly simplify the GPU 
programming model; adapting the representation of the updates 
for the colorization filter presented mapping difficulties.  The 
primary intention is to reduce the bit rate of video streams, 
without excessive computational complexity.   

The features used in our colorization filter were the 
locations of each pixel in the input image, together with the 
intensity values of those pixels.  The corresponding 
chrominance values for each pixel is also used.  The intensity 
values are limited to 256 quantization levels only, which 
introduces a problem of non-uniqueness between intensity and 
the possible corresponding chroma values.  Additionally, the 
database grows to a very large size.  In order to limit searching 
through a large database as well as the likelihood of selecting 
the incorrect chroma combination an assumption is asserted.  
The colorization filter assumes that the images into the filter 
are similar to the image set used to train the colorization filter.  
This assumption is only valid when the input images are those 
sequential images of a video.  In asserting the assumption, 
certainty about the more probable combination of chroma can 
be increased by constructing a neighborhood surrounding each  
pixel.  The values within this neighborhood are tested when 
estimating the chrominance component, thus limiting the 
search database.  The limited search region reduces the 
otherwise unavoidable problem of dimensionality. 

A single adaptive colorization filter was proposed, with two 
types of updates.  These updates as discussed ensure a closely 
correlated processed output image even in the particularly 
difficult scenarios of high motion.  The first update type 
referred to as database initialization which completely resets 
the database.  The implementation of this module is given in 
pseudocode, 

 

 

 

 

 

 

 

 

 

𝑺𝒕𝒂𝒓𝒕 𝒅𝒂𝒕𝒂𝒃𝒂𝒔𝒆_𝒊𝒏𝒊𝒕𝒊𝒂𝒍𝒊𝒔𝒂𝒕𝒊𝒐𝒏:  
     𝑑𝑒𝑠𝑖𝑟𝑒𝑑 = 𝐼𝑛𝑝𝑢𝑡  
     Υ𝑖,𝑗𝐴 = 𝑙𝑢𝑚𝑎(𝐼𝑛𝑝𝑢𝑡)   
     get f𝑒𝑎𝑡𝑢𝑟𝑒𝑠, 𝑓𝑜𝑟 ∀ 𝜌  
    𝑐𝑜𝑛𝑓𝑖𝑔𝑢𝑟𝑒 𝑑𝑎𝑡𝑎𝑏𝑎𝑠𝑒  
𝑬𝒏𝒅 𝒎𝒐𝒅𝒖𝒍𝒆  

 

𝑺𝒕𝒂𝒓𝒕 𝒖𝒑𝒅𝒂𝒕𝒆_𝒄𝒐𝒏𝒕𝒂𝒊𝒏𝒆𝒓:  
   𝐵 =  𝑟𝑒𝑐𝑖𝑒𝑣𝑒 𝑛𝑜𝑛𝑘𝑒𝑦 𝑓𝑟𝑎𝑚𝑒 
   𝐢𝐟 𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝜌 == 0  
      𝑛𝑜 𝜌 𝑢𝑝𝑑𝑎𝑡𝑒 
   𝐞𝐥𝐬𝐞 𝑢𝑝𝑑𝑎𝑡𝑒 𝑡ℎ𝑖𝑠 𝑝𝑖𝑥𝑒𝑙 𝑖𝑛 𝑑𝑎𝑡𝑎𝑏𝑎𝑠𝑒 → 𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝑢𝑝𝑑𝑎𝑡𝑒  
   𝐞𝐧𝐝  
𝑬𝒏𝒅 𝒎𝒐𝒅𝒖𝒍𝒆  

Figure 3: Type 1 Colorization Update, Database Initialization 

Figure 4: Type II Colorization Update, Update Container 
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The update container which is the motion corrected values 
must be updated is shown in Figure 4. 

The colorization filter is implemented as a function given in 
pseudocode in Figure 5, here the colorization filter has a 
training input image 𝐴 and the desired colourful image 𝐴′ .  A 
neighbourhood 𝒩 is constructed around each pixel 𝜌 to have 
chrominance determined.  The pixels 𝜌  in an image 𝒮 , 
𝒩 = {𝒩𝑘   |  ∀ 𝑘 ∈ 𝒮}  where 𝒩𝑘  is the set of pixels 
neighbouring pixel 𝜌 where 𝜌 in  𝒩𝑘 .  The luminance Υ from 
the sequential video images 𝐴  is transferred to the output 
processed image.  The chrominance components, 𝐶𝑟  and 𝐶𝑏  are 
estimated as the first smallest match in the neighbourhood. 

 

 

 

 

 

 

 

 

 

 

Finally the proposed algorithm is, 

 

 

 

 

 

 

 

where the sub modules have been discussed and are 
separated for the purpose of this discussion. 

IV. EXPERIMENTAL RESULTS AND DISCUSSION 

A. Experimental Overview 
The video sequences used in the experiments are from a 

standard collection of HD 1920p sequences.  The system 
specifications are 3GHz Athlon x2550 with 4Gb RAM and a 
Nvidia 260 GTX GPU on which the experiments were 
performed.  The proposed algorithm was used to encode the 
video and decode the video.  The decoded video was then 
compared to the original uncompressed video.  The 
experimental parameters were the colorization neighborhood 
size and the threshold for blocks in motion used by the update 
container module.  The neighborhood size was set at 2, and 
update blocks in motion threshold was set at 2 also.  These 
values were varied, increasing these values slowed the encoder 
speed. 

B. Experimental Results 
The experiments show that good reconstruction is 

achievable.  The cross-correlation between the original 
sequence and the decoder output is averaged and shown in 
Table 1 together with the peak signal to noise ratio (PSNR).  
The cross-correlation is desirable near 1, where 1 is exact.  The 
PSNR should be as large as possible.  The sunflower sequence 
was not colorized very well, this has been attributed to the 
large motion in the first 100 or so frames. 

Table 1: Cross-correlation and PSNR of several video sequences 

Video 
sequence 

Cross‐correlation mean 
𝜌  PSNR mean 

Touch Downpass  0.8663  24.5228 

Sun Flower  0.5551  15.1920 

Crowd Run  0.8749  16.2258 

Snow Mountain  0.9574  26.0402 

Controlled Burn  0.9628  23.1794 

A plot of several frames is shown in Figure 7. 

 

 

 

 

 
 

 

 

 

 

 

The decoder frame rate (fps) achieved was not desirable, 
shown in Table 2.  The frame rate for the decoding modules is 
indicated separate from the colorization frame rate.  The 
decoder implementation was slowed down greatly by the IDCT 
module.  The IDCT module was not pruned for real-time, thus 
negatively effecting the performance of the decoder.  The 
colorization frame rate is well above real-time with the slowest 
rate of 89.2 fps.  The desired bit rate was not achieved, shown 
in the last column of Table 2, showing the bit rate per second.  
The bit rate not being reduced effectively is attributed to the 
encoder.  The encoder implemented has proven not to be 
effective as desired,  

Table 2: Frame and bit rate of experimental set 

Video 
sequence  fps 

Colourization 
fps  Mbps 

Touch 
Downpass  2.271  138.85342  101.19168 

Sun Flower  2.414  99.90049  93.69600 

𝑭𝒖𝒏𝒄𝒕𝒊𝒐𝒏 𝑪𝒐𝒍𝒐𝒓𝒊𝒛𝒂𝒕𝒊𝒐𝒏 𝒔𝒕𝒂𝒓𝒕:  
     𝑜𝑢𝑡𝑝𝑢𝑡𝑖 ,𝑗 = Υ𝑖,𝑗𝐵    
    𝑔𝑖𝑣𝑒𝑛 Υ𝐵 ,𝑓𝑜𝑟 ∀ 𝜌 𝑖𝑛 𝐴 𝑑𝑜:  
    𝐢𝐟 𝜌𝑖,𝑗  𝜖 Υ𝐵 == Υ𝑖,𝑗𝐴   
       𝑜𝑢𝑡𝑝𝑢𝑡𝑖 ,𝑗 =  → 𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝑜𝑢𝑡𝑝𝑢𝑡         
    𝐞𝐥𝐬𝐞 𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑢𝑟ℎ𝑜𝑜𝑑,  
       𝑓𝑜𝑟 ∀ 𝜌𝑖,𝑗  𝑖𝑛 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟ℎ𝑜𝑜𝑑 𝒩𝑘  𝑑𝑜:   
           𝐢𝐟 𝜌𝑖,𝑗 ≈ 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑢𝑟ℎ𝑜𝑜𝑑 𝒩𝑚 ,𝑛

𝑘 , 
               𝑜𝑢𝑡𝑝𝑢𝑡𝑖 ,𝑗 = 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑢𝑟ℎ𝑜𝑜𝑑 𝒩𝑚 ,𝑛

𝑘  → 𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝑜𝑢𝑡𝑝𝑢𝑡      
           𝑒𝑙𝑠𝑒 𝑖𝑓 𝜌𝑖,𝑗  ≠ 𝑎𝑛𝑦 𝜌𝑖,𝑗  𝑖𝑛 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑢𝑟ℎ𝑜𝑜𝑑 𝒩𝑘 
               𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑝𝑖𝑥𝑒𝑙 𝑛𝑜𝑡 𝑚𝑎𝑡𝑐ℎ𝑒𝑑 → 𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝑢𝑝𝑑𝑎𝑡𝑒 
           𝐞𝐧𝐝  
    𝐞𝐧𝐝  
𝑬𝒏𝒅 𝑪𝒐𝒍𝒐𝒓𝒊𝒛𝒂𝒕𝒊𝒐𝒏  

 

𝑺𝒕𝒂𝒓𝒕 𝒑𝒓𝒐𝒑𝒐𝒔𝒆𝒅 𝒂𝒍𝒈𝒐𝒓𝒊𝒕𝒉𝒎:  
    𝒊𝒇 𝑆𝑡𝑎𝑡𝑢𝑠  ≠ 𝑇𝑅𝑈𝐸 
        𝐼𝑛𝑖𝑡𝑖𝑎𝑡𝑒  𝑢𝑝𝑑𝑎𝑡𝑒_𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑒𝑟  
        𝐶𝑎𝑙𝑙 𝐶𝑜𝑙𝑜𝑢𝑟𝑖𝑠𝑎𝑡𝑖𝑜𝑛 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 
   𝐞𝐥𝐬𝐞 
        𝐼𝑛𝑖𝑡𝑖𝑎𝑡𝑒  𝑑𝑎𝑡𝑎𝑏𝑎𝑠𝑒_𝑖𝑛𝑖𝑡𝑖𝑎𝑙𝑖𝑠𝑎𝑡𝑖𝑜𝑛   
        𝐶𝑎𝑙𝑙 𝐶𝑜𝑙𝑜𝑢𝑟𝑖𝑠𝑎𝑡𝑖𝑜𝑛 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛  
   𝐞𝐧𝐝  
𝐋𝐨𝐨𝐩 𝐚𝐥𝐠𝐨𝐫𝐢𝐭𝐡𝐦 𝐟𝐨𝐫 ∀ 𝐈𝐢 𝐢𝐧 𝐯𝐢𝐝𝐞𝐨   
  

 

Figure 5: Colorization Filter 

Figure 6: Proposed Algorithm Adaptive Colourisation Filter 

Figure 7: Frame cross-correlation for several frames of different sequences 
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Crowd Run  2.471  101.68966  104.93952 
Snow 
Mountain  2.079  89.23637  73.05216 

Controlled 
Burn  2.324  113.96565  86.13888 

The bit rate when compared to the uncompressed stream is 
sufficiently good.   

V. CONCLUSION 
In this work an adaptive colorization filter was proposed.  

The filter aims to reduce the bit rate (improve compression) 
through dropping chroma channels of specific frames 
completely.  The chroma channels dropped are estimated at the 
decoder side by means of image comparisons.  Further we 
propose that only frames determined to be key frames should 
be encoded, instead of using a predetermined pattern.  The 
information content in each frame was determined through 
entropy.  The information content determines when a frame is 
encoded as a key frame or non-key frame. 

The experimental results show that correlation between the 
actual video sequence and that decoded can vary quite 
significantly.  The correlation is acceptable, however the 
overall subjective assessment reveals that a deblocking method 
should always be implemented.  The proposed filter can 
partially correct errors associated with IDCT, but a deblocking 
filter should still be applied.  It was also confirmed that the 
proposed method cannot be applied to all types of sequences, 
too much scene change would drastically effect the bit rate. 

The colorization algorithm performance speed is well 
within real-time requirements while our specific encoder 
lacking speed.  A more efficient decoder would correct for the 
slow decoding speed.  Future work will aim to improve the 
decoder to performance through use of a fast IDCT or other 
fast transform.  Future work will also use a variety of image 
filters together with the colorization filter to improve the image 
sharpness and clarity.  A super resolution filter would work 
well with a database of past images, which can complement the 
colorization process. 
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Abstract—We explore a novel implementation of rotation
invariant texture classification using a Graphics Processing
Unit (GPU). A new descriptor called the RMB-LBP is in-
troduced. Tests using various other Local Binary Pattern
(LBP) algorithms were also performed. These algorithms
were implemented and parallelised for use on a GPU.
Improvements in computation speed were achieved over
traditional CPU-based algorithms. To test the accuracy of
the GPU implemented algorithms a set of textures were
classified using selected LBP descriptors. Classification was
performed by applying these descriptors to several unique
texture classes at various spatial resolutions and rotations.
The focus of this paper is to provide an overview of these
algorithms, demonstrate observed performance gains and to
verify the validity of using these descriptors for texture
analysis on a GPU.

I. Introduction
In this paper we shall elaborate on how texture clas-

sification algorithms, the Local Binary Pattern operator,
can be parallelised and processed by using image calcu-
lations on modern graphics hardware. Texture analysis
is an important part of many computer vision and image
processing solutions. There are many potential applica-
tions for the analysis of textures, such as biomedical
image analysis, inspection of industrial surfaces and
object recognition. A number of methods for texture clas-
sification have been proposed. These methods usually
assume that the samples to be classified are of similar
scale, orientation and greyscale.

A. Related Work
1) Markov Random Field: Many of the proposed algo-

rithms are based on the Markov Random Field (MRF).
One approach, [1] segments images into regions of
di"erent textures by detecting texture boundaries. The
detection is done by estimating the texture parameter
for the Gaussian MRF model. In [2], the MRF parameter
for textures is estimated through MCMC sampling. In
this case, the texture patterns are classified using the
estimated MRF parameter. Chellappa et al. [3] modelled
texture patterns based on the statistical relationship be-
tween intensities of adjacent pixel neighbourhoods.

2) Wavelet Decomposition: Multiresolution Wavelet De-
composition was proposed by Mallat [4] as a method of
classification of textures. This method is used to generate
coe!cients in the HL, LH, and LL channels which are
then used for classification purposes.
In [5] and [6] generalised co-occurrance matrices are
computed to extract mean intensity values and corre-
lation information from texture images.
Gabor filters can be used to compute texture features for
classification by taking the average of filter responses.
Liao et al. [7] proposes a novel method for extracting
image features for texture classification using a circularly
symmetrical Gabor filter and DLBP (Dominant Local
Binary Patterns).

3) Rotation Invariant Classification: The classification of
real-world textures is a major problem as textures are
not uniform in terms of scale and orientation. The above
techniques are therefore insu!cient for rotation invari-
ant classification of textures. Porter and Canagarajah [8]
extended the wavelet decomposition method to achieve
rotation invariance in their wavelet features by removing
the HH channel and combining the LH and HL channels.
Haley and Manjunath [9] proposed a method whereby
calculating isotropic features from Gabor filters can be
used to achieve rotation invariance.

B. Graphics Processing Unit
Traditional image processing using a CPU is often

slow and time consuming due to a CPU’s serial nature
of operation. GPUs have addressed the problem of
performing image operations serially by allocating
mathematical operations to multiple threads, in parallel.
In recent years GPU processing speeds have been
increasing at such a rate as to exceed Moore’s Law.
Combined with a relatively low cost, the modern GPU
is a powerful piece of computer processing hardware
for its price [10]. The intrinsic power of this processor
has resulted in an exciting development called GPGPU
(General Purpose on the GPU) programming, which
allows a GPU to solve computing problems that are
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typically performed by a CPU. Our research is aimed at
producing GPU-oriented algorithms for use in texture
classification applications.

The paper is structured in the following format: Firstly,
we discuss the process of LBP conversion and how we
use this conversion as a descriptor for texture classifica-
tion. Hard-coded versions of this algorithm are described
here. The following section extends the idea of the
original LBP and focuses on the MB-LBP descriptor, ex-
plaining its role as a texture descriptor. We then describe
circularly interpolated version of the original operator
and the new proposed operator. The implementation and
experimental setup of these algorithms is then explained
in detail. Thereafter, experimental results are discussed,
before conclusions are drawn from the performance of
the algorithms as observed on the GPU and CPU.

II. Overview of Implemented Algorithms

The LBP algorithm is among the most e!cient de-
scriptors used in texture analysis today. When compared
to more sophisticated texture analysis algorithms it is
found that LBP descriptor is both computationally inex-
pensive and easily parallelisable. Although the LBP is
already an e!cient CPU algorithm, its performance is
further enhanced by taking advantage of the additional
computational power of the graphics processing unit. We
will now discuss the algorithms we have implemented
for use in texture classification.

A. Local Binary Patterns

Fig. 1. Process overview of a 3!3 LBP

The LBP is an operator that was first introduced by
Ojala et al. [11] and has been shown to be an e"ective
descriptor in texture classification [12]. To create an
LBP representation an input texture image must first be
converted to greyscale before this operator is applied
to each individual pixel within the image. A feature
vector describing the textural properties of the image is
then obtained from a histogram of the LBP values of
the image. This feature vector acts as a ”signature” for

the texture to be used in texture classification. Figure 1
shows an example of a 3!3 LBP and resulting description
value of pixel c = 11100001 = 225.

Fig. 2. A 3!3 pixel neighbourhood

As seen in Figure 2, it is observed that a mathematical
explanation for this operation is described in accompa-
nying equations (1) and (2).

bk =

!""#""$
0 :

%7
k=0 tk " c

1 :
%7

k=0 tk < c
k # [0, 7] (1)

c =
7&

k=0

2k ! bk (2)

Where bk is a bit in the binary string representing a
pattern and tk is a neighbouring pixel around c.

1) Scalability: A standard 3!3 is useful for capturing
micro-textures but to capture larger textual areas the
radius of the LBP neighbourhoods must be increased.
This in turn requires more neighbours to be included in
the LBP operation. In our tests hard-coded 3!3, 5!5 and
7!7 LBP algorithms were used.

2) Rotation Invariance: In its standard form the LBP
operator is not rotationally invariant. Rotation invariance
is achieved by applying the method suggested by [12].
This method rotates the binary values in each individual
pattern in the image until the smallest binary value is
found:

LPRri
P,R = min{ROR(LBPP,R, i)|i = 0, 1, ...,P $ 1} (3)

where P is the number of points (neighbours), R is
the radius of the LBP and ROR(x, i) performs a circular
bit-wise right shift on the P -bit number x i times.

Setting each new pixel to its smallest binary rotation
ensures that these values remain invariant to rotation
at a specified quantization of angular space. By increas-
ing the value of P the e"ect of unquantized angular
shifts on the resultant bit-shifted patterns will decrease.
For example, the output in Figure 1 has eight possible
binary representations: 111000012 = 225, 110000112 =
195, 100001112 = 135, 000011112 = 15, 000111102 = 30,
001111002 = 60, 011110002 = 120, 111100002 = 240. So in
this case we would set c to 15 since it is the smallest of
the constructed numbers.

A 3!3 LBP has a radius of 1 pixel. Hence a rotation
invariant 3!3 LBP (8 points) would be represented as
LPRri

8,1 in LPRri
P,R notation, a rotation invariant 5!5 LBP

with 16 points (radius = 2 pixels) as LPRri
16,2 and a
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rotation invariant 7!7 LBP with 24 points (radius = 3
pixels) as LPRri

24,3.
3) Uniform Patterns: Uniform patterns are the most

common Local Binary Patterns present in observed tex-
tures, up to 90 percent of all 3!3 patterns fall into
this group [12]. In most images these patterns represent
important features such as spots and edges. Of the
possible 36 patterns a 3!3 LBP can generate, only the
first 9 fall into this group:

Fig. 3. Uniform patterns for the 3x3 descriptor

The LPRriu2

16,2 variation has 17 uniform patterns while
the LPRriu2

24,3 has 25 uniform patterns. The uniform pat-
terns are allocated their own individual bins in a his-
togram while the P+1 patterns (non-uniform) patterns
are grouped into a single bin due to their low individual
frequency.

B. Multi-Block Local Binary Patterns

Fig. 4. An example of a 9x9 MB-LBP

The MB-LBP (Multi-Block Local Binary Pattern) tex-
ture descriptor is an extension of the original LBP as pro-
posed by Zhang et al. [13]. MB-LBP are more robust than
the original LBP descriptor as it can encode microstruc-
tures as well as macrostructures. For certain applications
such as face recognition, experimental results indicate
that MB-LBP out-perform other LBP algorithms [14]. The
calculation of an MB-LBP is similar to a standard LBP
except that in a MB-LBP t0 to t7 (Figure 4) are the average
grey values of the pixels in each corresponding region.
These regions are compared to the averaged central
region. Each averaged region is of equal size but does
not necessarily have to be square. In our evaluation 9!9
and 15!15 MB-LBP algorithms were tested.

C. Radial Local Binary Patterns

We propose a new algorithm based on the ideas of
Zolynski, Braun and Berns [15]. The suggested GPU
implementation is a radial Local Binary Pattern (We
will refer to it as the RLBP) and it uses largely the
same principles as the standard LBP described above.
The key di!erence is that the circular approach uses
a number of interpolated pixel values equally spaced
along the circumference of a circle around each pixel
to calculate the binary value. This provides the textural
properties of an image at di!erent scales resulting in
a multiresolution representation. The number of points
sampled is determined by the radius of the circle. For a
circle with a 1 pixel radius, a total number of 8 sampled
points are taken. For the performance analysis of the
algorithms the following rule was applied regarding the
number of points:

p = 8 + f loor(
r " 1
1.5

) ! 4 (4)

where p is the number of points and r is the radius of the
circle. That is, for every 1.5 pixels the radius increases by,
the number of points increases by 4. Figure 5 describes
the number of neighbours that were used during the
classification process.

Fig. 5. Circular pixel neighbourhoods

Using Figure 6, equations (5) and (6) it is shown that
this number of points is then used to calculate a new
greyscale value at the point c. The points are evaluated
from the positive x-axis, working anti-clockwise around
the point c. Each consecutive point corresponds to the
next power of 2, where the first point corresponds to 20.
The sum of these values is then divided by 2p and stored
as the new value for c. If the value at point c is greater
than the checked point, a boolean value, bi, equals 1.

bi =

!
0 : I(x, y) < I(x + "xi, y + "yi)
1 : I(x, y) # I(x + "xi, y + "yi)

i $ [0, p) (5)
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Fig. 6. Using angle to find pixel position

c = (
p!1!

i=0

2i " bi)/(2p ! 1) (6)

The algorithm we propose, the new RMB-LBP (Radial
Multi-Block Local Binary Pattern) follows the same rules
as the MB-LBP but as in the RLBP, it takes advantage of
the low computational cost of interpolating the points of
the circle on a GPU.

D. Log-likelihood measure
The Log-likelihood measure is a method used in his-

togram fitting. The smaller the absolute distance of the
log-likelihood ratio to zero, the higher the similarity of
two sample points. The log-likelihood ratio requires that
the expected values must first be calculated according
to:

Ei =
Ni
"

i Oi"
i Ni

(7)

where Ei are the expected values, Ni are the number of
elements and Oi are the observed values. It follows that
the log-likelihood value can be represented by:

!2 ln! = 2
!

i

Oi ln(
Oi

Ei
) (8)

This equates to (9) and in our case a similarity measure
is generated by applying (9) to the corresponding bins
of a sample and model histogram.

G = 2(a ln(
a

E2
) + b ln(

b
E2

)) (9)

where G is the log-likelihood ratio, a is the frequency of
a pattern in the model image and b is the frequency of
a pattern in the sample image.

E. k-Nearest Neighbour
Nearest Neighbour is a simple type of machine learn-

ing algorithm where a sample object is classified by
how similar the sample features are to the model data.
The sample is classified as an instance of its nearest

neighbouring data point. The k-Nearest Neighbour (k-
NN) algorithm extends this idea by considering a larger
number of neighbours. It classifies an object by using a
majority vote of its k nearest neighbours, where k # N.
Due to high dimensionality, a linear search using k-NN
is optimal for this problem. 3-NN was used to classify
the resultant log-likelihood ratios.

III. Implementation

The implementations of these texture analysis algo-
rithms were initially prototyped in MATLAB before
being rewritten and executed as GPU shaders. For per-
formance evaluation purposes on the CPU, the descrip-
tor algorithms were ported from MATLAB to C++. It
must be stated that not all stages of the classification
process were implemented on the GPU. The greyscale
conversion, the LBP and histogram generation were the
three stages of the process that were computed using
GPU shaders. Also note that the results for the CPU vs
GPU tests gauge the processing time of LBP algorithms
only and do not gauge the time taken for the entire
classification process.

IV. Experimental Setup

Experiments were carried out on a Windows 7 x64 sys-
tem with the following hardware: 3GHz Athlon II X2 250
processor, 4GB RAM and a GeForce GTX 260 graphics
card. The average execution time of each algorithm was
recorded for 20 iterations. This was carried out for both
CPU and GPU implementations. A 1024"1024 image
was used to evaluate the performance of the descriptor
algorithms.

Fig. 7. A selection of the textures tested

The Outex texture database was used to classify the
textures. A selection of the samples tested can be seen
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in Figure 7. The Outex Database is a publicly avail-
able framework for texture analysis algorithm evaluation
[16]. Outex provides a large number of textures of dif-
ferent types at di!erent angles under di!erent simulated
lighting conditions. The images are of size 538!746 pix-
els. To provide a concrete comparison of our algorithms
the experiment was set up in such a way as to resemble
that of Ojala et al. [12]. 24 textures from the canvas, carpet,
and tile classes at 100dpi using the CIE A illumination
standard [17] were used. Each image was segmented into
20 128!128 subsamples. These samples were taken from
an area within each texture where 13 pixels were taken
o! the top and bottom and 53 pixels from each side of
the original input image. Half of these images were used
to train the classifier and the other half were used as
samples to test the classifier. The classifier was randomly
trained and classified 10 times at no rotation for all 24
textures. It was also randomly trained at no rotation and
classified 10 times for 5, 10, 15, 30, 45, 60, 75 and 90
degrees of rotation. Three LBP descriptors were selected
to test the accuracy of the proposed implementation.
LPRriu2

8,1 , LPRriu2

16,2 and LPRriu2

24,3 descriptors were chosen. The
selected descriptor used and the average classification
rate for each was recorded.

V. Results

A. Performance

Tests indicated an improved execution time when
processing was performed on the GPU as opposed to
the CPU. As the algorithmic complexity increased the
GPU did not su!er from the severe performance de-
crease exhibited by the CPU, as seen in Figure 8. It is
also seen that the RLBP reveals a similar performance
to the GPU implemented LBP, whereas the RMB-LBP
demonstrates the best performance of all implemented
MB-LBP algorithms.

Fig. 8. GPU versus CPU

For the non-radial algorithms the GPU outperforms
the CPU by a factor of between 30 and 100 when process-
ing the same algorithms, as seen in Figure 9. (The radial
algorithms would be slower due to the interpolation step
required for the CPU implementation.)

Fig. 9. GPU Performance

B. Classification
The classification rates for the individual texture

classes at no rotation can be found in Table 1. The
textures that were classified least correctly, such as can-
vas033, are generally non-uniform textures that exhibit
a large tactile dimension. 9 of the 24 textures tested are
found to have a 100 percent success rate using all three
descriptors.

TABLE I
Accuracy of Classification forNo Rotation (%)

Texture Class P=8, R=1 P=16, R=2 P=24, R=3
canvas001 100 100 100
canvas002 97 100 100
canvas003 100 100 100
canvas005 100 100 100
canvas006 100 100 100
canvas009 100 100 100
canvas011 100 98 100
canvas021 100 100 100
canvas022 100 100 97
canvas023 86 87 84
canvas025 99 99 100
canvas026 90 92 100
canvas031 97 100 96
canvas032 97 86 91
canvas033 65 59 83
canvas035 92 97 96
canvas038 86 100 98
canvas039 87 99 95
carpet002 100 100 100
carpet004 100 100 100
carpet005 100 91 95
carpet009 100 100 100

tile005 80 85 86
tile006 68 92 95

Average 93.5000 95.2083 96.5000

Table 2 describes the average and peak classification
accuracy of the selected descriptors for a separate 10
iterations. Rates of classification between 92.6667 and
97.7083 percent were observed. The highest peak accu-
racy was 99.1667 percent.
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The results of the textures classified at 8 separate
angles after training the model at 0 degrees are shown in
Table 3. The LPRriu2

8,1 produced the expected results, with
an average accuracy of 68.0990 percent. The accuracy
of the LPRriu2

16,2 and LPRriu2

24,3 had a lower than expected
accuracy but both still had a higher classification rate
than 8 point variation, with 85.3177 percent and 90.6875
percent respectively. The lack of normalization during
the preprocessing of our images may account for this
lower verification rate.

TABLE II
Classification Accuracy of Different LBP Operators forNo

Rotation (%)

LBPP,R LBP8,1 LBP16,2 LBP24,3
Average 92.6667 95.8333 97.7083

Peak 94.1667 97.5000 99.1667

TABLE III
Classification Accuracy when Trained at 0 Degrees for 8 Different

Angles (%)

Angle LBP8,1 LBP16,2 LBP24,3
5 91.0000 95.5417 96.5417

10 87.8333 95.4583 95.9583
15 79.4583 94.2500 95.6667
30 53.9167 89.8333 92.0000
45 50.4167 82.1250 87.0833
60 50.8750 78.0000 86.3750
75 61.8750 73.1250 86.0417
90 69.4167 74.2083 85.8333

Average 68.0990 85.3177 90.6875

VI. Conclusion

Overall performance of the GPU implemented de-
scriptors surpassed the CPU implementations. A GPU
implementation of the rectangular LBPs outperforms
the CPU version by at least 30 times while the pre-
sented RMB-LBP algorithm significantly out-performs
other MB-LBP algorithms at increased scale factors. The
GPU performance gains asymptote to roughly 5 for the
radial versus rectangular forms of the MB-LBP.

Classification rates averaged at over 95 percent for all
three descriptors tested on images with no rotation and
an average of over 80 percent was achieved when the
textures were classified over 8 di!erent angles.

VII. FutureWork

Additional stages of the texture classification process
will be parallelised to be processed on the GPU. The
k-NN search and Log-likelihood comparison are two
stages which could benefit. By preprocessing the images
before comparison a higher classification rate should be
achieved. Future research will involve the use of these
algorithms for applications such as face detection and
face recognition.
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Abstract—In this study we explore the extension of a small
Afrikaans pronunciation dictionary by applying phoneme-to-
phoneme (P2P) and grapheme-and-phoneme-to-phoneme (GP2P)
conversion to an existing and more extensive Dutch pronunciation
dictionary. This is compared to the more common approach
of extending the Afrikaans dictionary by means of grapheme-
to-phoneme (G2P) conversion. The results indicate that the
Afrikaans pronunciations obtained by P2P and GP2P from the
Dutch dictionary are more accurate than the corresponding
pronunciations obtained by the application of G2P. This result
indicates that under-resourced languages can take advantage
of existing and more extensive resources available in a closely-
related and better-resourced language in order to improve the
extent and quality of a pronunciation dictionary.
Index Terms: Dutch, Afrikaans, pronunciation modelling,
G2P, P2P, GP2P, decision trees

I. INTRODUCTION

Extensive phonetic resources are required to develop au-
tomatic speech recognition (ASR) and text-to-speech (TTS)
systems. The compilation of these resources is an expen-
sive endeavour because it involves specialised human labour.
However, it may be possible to expedite the process for new
languages by capitalising on existing resources available in
related and better-resourced languages. This study elaborates
on previous research investigating Dutch and Afrikaans as
an example of two such closely-related languages [1], [2].
While extensive resources have already been developed for
Dutch, Afrikaans is still severely under-resourced in terms of
human language technology (HLT), as are all the indigenous
languages of South Africa.

The pronunciation dictionary is a key component of ASR
and TTS systems, which are required for the implementation
of voice-enabled HLT applications. This dictionary provides
the most probable pronunciation(s) of all words in the system
vocabulary in terms of a pre-defined phoneme set. These
pronunciations can be generated from scratch by human ex-
perts, but this is a very expensive process. Alternatively, they
can be generated automatically by rule-based or data-driven
techniques. However, automatic methods still require training
data and the pronunciations they provide may contain errors,
especially if insufficient or incorrect training data is used.
The challenge therefore is to find a strategy that can learn
efficiently and correctly from existing, verified data.

Grapheme-to-phoneme (G2P) conversion is the process of
automatically determining a word’s pronunciation from its

spelling. Data-driven G2P techniques utilise machine learn-
ing algorithms to discover the correspondences between the
graphology (graphemes) and pronunciation (phonemes) of
words, and exploit these to automatically determine the pro-
nunciations of unknown words.

In contrast, phoneme-to-phoneme (P2P) conversion allows
the pronunciation of a new word in a target accent or language
to be derived from a known pronunciation in a source accent
or language, rather than from the spelling. It has been shown
that, when considering accents of the same language, P2P
can give more accurate results than G2P conversion [3].
Furthermore, this accuracy can be further improved when
both the graphemes and the source phonemes are used as
input, yielding a technique known as grapheme-and-phoneme-
to-phoneme (GP2P) conversion.

In this study, we compare two methods that can be used
to generate the pronunciations of Afrikaans words automat-
ically. First, we consider the straightforward application of
G2P methods to a set of existing Afrikaans words and their
pronunciations in order to provide pronunciations for words
not in this set. Second, we determine the pronunciations of the
same new words by the application of P2P and GP2P methods
to the corresponding Dutch pronunciations, which are available
in a much more extensive Dutch dictionary.

The following two sections elaborate on the lexical rela-
tionship between Afrikaans and Dutch, and discuss G2P, P2P
and GP2P conversion. This is followed by a description of the
experimental materials and method. Finally, the experimental
results are presented, followed by a discussion and conclu-
sions.

II. THE LEXICAL RELATIONSHIP BETWEEN AFRIKAANS
AND DUTCH

In [1] and [2] various aspects of Afrikaans, Dutch and Flem-
ish as examples of closely-related languages are discussed. In
this study, we will focus on the lexical relationship between
Afrikaans and Dutch1. As was pointed out in [2], 90-95% of all
lexical items in Afrikaans are of Dutch origin. However, many
of these lexical items are no longer graphologically identical
due to the changes in spelling, phonology and morphology that
occurred during the development of Afrikaans. A distinction

1The current investigation is limited to Dutch, because manually verified
pronunciations are not available for Flemish.
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is therefore made between identical cognates, non-identical
cognates, false friends and non-cognates [2].

Identical cognates are lexical items that are graphologically
identical in Dutch and Afrikaans, and which can be ascribed
to linguistic inheritance, e.g. boom, tafel, etc. Non-identical
cognates are words that are etymologically related in Afrikaans
and Dutch, but which differ systematically in terms of graphol-
ogy. Most of the words in this category are inflected word-
forms, e.g. the Afrikaans verb praat has a number of possible
inflections in Dutch praat, praten, etc. False friends are words
which are exactly the same in Afrikaans and Dutch but, due
to semantic processes or referent changes, no longer have the
same meaning, e.g. amper which means “almost” in Afrikaans
but “almost not” in Dutch. Non-cognates refer to word forms
that are graphologically unrelated, but which have the same
meaning, e.g. the Afrikaans word for “banana” is piesang
while the Dutch word is banaan.

In this study we focus on the relationship between pronun-
ciations in the two languages. Non-cognates are therefore not
relevant, because they are graphologically and phonetically
unrelated. As a result, the Dutch pronunciations of these
words will not give any indication of the pronunciations
of their Afrikaans equivalents. If the systematic differences
between the non-identical cognates were known or can be
learnt from suitable data, the differences in form and pronun-
ciation could be combined during the pronunciation prediction
process. However, the lexical scope of this investigation will
be restricted to identical cognates and false friends. Even
though the false friends are semantically different in the two
languages, they are graphologically and phonetically related,
and the Dutch pronunciation can therefore be used to predict
its Afrikaans counterpart. The application of our techniques
to other lexical categories in Dutch and Afrikaans will be
explored in future research.

III. PRONUNCIATION CONVERSION

As mentioned in Section I, P2P conversion refers to the use
of a word’s pronunciation in another accent or a closely related
language, to determine its pronunciation in the target accent
or language [3]. This is done using the algorithms commonly
applied to G2P conversion, and it is therefore useful to give a
brief overview of G2P conversion.

A. G2P conversion
G2P conversion employs machine learning to convert the

known graphology of a word into its unknown pronunciation.
Several data-driven G2P methods have been suggested in the
literature, including decision trees [4], [5], [6], [7], HMMs
[8], pronunciation by analogy [9], default&refine [10] and
memory-based learning [11]. Decision trees have been shown
to yield competitive accuracy in G2P conversion [12] and to
be effective for P2P conversion [3].

For G2P, P2P and GP2P conversion, we employed determin-
istic binary decision trees, for which each node is associated
with a true/false question regarding the input grapheme and its
context. The tree is traversed from the root by recursively using

the answer of each node’s question to determine which child
node to choose. Each leaf node is associated with an output
phoneme, which constitutes the classification result [13].

Decision trees are grown recursively. For each new node
the available training data are split according to all possible
questions. The question which results in the greatest entropy
gain is then chosen for that node [5]. A more detailed
discussion of decision trees and their use for G2P, P2P and
GP2P conversion can be found in [3].

For G2P conversion, the graphemes and their context form
the input of the decision tree classifier, and the phonemes the
output class. Pronunciations are generated by sequentially pre-
senting the graphemes and their context to the tree, assigning
an output phoneme to each, and concatenating these output
phonemes.

B. P2P and GP2P conversion

P2P conversion has been successfully used to convert
pronunciations between different accents of English [3]. In
contrast to G2P conversion, for P2P the phonemes comprising
the source pronunciation are used as input to the decision tree,
rather than the graphemes. In this study, Afrikaans is regarded
as an accent of Dutch.

GP2P conversion provides a further extension of the P2P
algorithm. Here both the graphemes and the phonemes com-
prising the pronunciation in the source accent are used as
input to the decision tree [3]. In order to accomplish this, the
source graphemes and phonemes are first aligned by means of
dynamic programming.

IV. DATA

A. Afrikaans pronunciation dictionary

We use the Afrikaans pronunciation dictionary described
in [14] for our experimental evaluations. This dictionary was
developed as part of a project on Resources for Closely
Related Languages (RCRL) and is therefore known as the
RCRL Afrikaans pronunciation dictionary (APD). The RCRL
APD contains pronunciations for more than 24 000 words,
transcribed using SAMPA2. Its development was bootstrapped
using approximately 5 000 words from the Afrikaans Lwazi
dictionary [15] and extended by adding the most frequent
outstanding Afrikaans words, in order of descending frequency
of occurrence. Frequency of occurrence was estimated from
the Taalkommissiekorpus, a 60 million word, stratified corpus
which was compiled by the Afrikaans Language Commission
as an example of standard, formal Afrikaans in its written
form. An automatic pronunciation dictionary verification pro-
cedure, based on an analysis of conflicting pronunciation rules,
was used to find and correct systematic errors in the RCRL
ADP [14].

B. Dutch pronunciation dictionary

Dutch pronunciations were obtained from e-Lex, a Dutch
lexical database that is available in electronic format from

2Speech Assessment Methods Phonetic Alphabet.
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the Dutch HLT Agency (TST-Centrale) [16]. This database
contains over a million entries, including around 200 000
lemma entries and additional information such as part-of-
speech, usage, and syntax. We employed a sub-set of the e-Lex
database, consisting of those words/lemmas for which man-
ually verified, canonical pronunciations are provided. These
pronunciations comply with the CELEX (the Dutch Centre
for Lexical Information) transcription standard [17] and are
coded in the phoneme set defined for the Spoken Dutch
Corpus (Corpus Gesproken Nederlands (CGN)) [18]. In order
to facilitate comparison and experimentation, the chosen e-Lex
pronunciations were also mapped to the SAMPA phoneme set.

V. EXPERIMENTAL METHOD

Three experiments were carried out to determine whether
the Dutch dictionary can be successfully used as a source
of Afrikaans pronunciations. Firstly, a direct comparison be-
tween the two dictionaries was performed. This indicates how
successfully Dutch pronunciations can be used without any
modification, and provides a baseline for the later G2P, P2P
and GP2P experiments. Secondly, G2P conversion was used
to provide Afrikaans pronunciations from the existing RCRL
APD dictionary. This is a conventional approach and provides
a second performance baseline. Finally, P2P and GP2P con-
version are employed to derive Afrikaans pronunciations from
e-Lex. These results will indicate whether the availability of
Dutch pronunciations can be used to improve the accuracy
with which Afrikaans pronunciations can be derived.

While the same methods can be applied in reverse, i.e. from
Afrikaans to Dutch, this has been omitted since the focus
of this study is on obtaining pronunciations for the lesser
resourced language.

A. Training and test data
The words in e-Lex for which manually verified CELEX

pronunciations are provided were first ordered according to
their frequency of occurrence in the CGN. The 50 000 most
frequent words were subsequently automatically converted
to look more like Afrikaans using a rule-based Dutch-to-
Afrikaans converter [2], [19]. This automatic translation iden-
tified more than 13 000 of the 50 000 most frequent words
as identical cognates. Of these identical cognates, 5 340 also
occur in the RCRL APD. These 5 340 words were used
for all the experiments presented in this study. Where e-Lex
contained multiple pronunciations for a single word, only the
most frequent3 pronunciation was used.

B. Cross-validation
There are a number of parameters that need to be specified

when training decision trees for G2P, P2P and GP2P con-
version. These parameters include the context window size,
the direction of the conversion process, and the amount of
data reserved for pruning. In order to obtain values for these
parameters, the phoneme accuracy of the decision tree was
optimised on a held-out development set within a 10-fold

3The pronunciation frequency of each word is also included in the CGN.

cross-validation framework. This was achieved by dividing
the 5 340 words into 10 non-overlapping and approximately
equally-sized partitions. Reserving each partition in turn for
later use as a test set, the remaining 9 partitions (corresponding
to 90% of the data) were again divided into 10 equally-
sized partitions. The first of these sub-partitions served as
a development set, and the remaining 9 as a training set
for parameter optimisation. Decision trees were trained on
this training set for a range of parameter values, and those
that lead to the highest phoneme accuracy, measured on the
associated development set, were identified as optimal. This
process was repeated for each of the 10 partitions of the 5 340-
word data set. In general, different optimal parameter values
were obtained in each case. Finally, each of the 10 partitions
of the 5 340-word data set was employed as a test set, while
decision trees were trained using the remaining 9 partitions
and the corresponding optimal parameters.

Results are presented in terms of phoneme and word
accuracy. The generated pronunciations for each of the 10
test partitions were aligned with the corresponding dictionary
pronunciations by means of dynamic programming. From
these alignments, the number of substitutions, insertions and
deletions were determined. The phoneme accuracy was sub-
sequently calculated using Equation 1, where Nc, Ni and
Nt are the numbers of correct, inserted and total phonemes
respectively.

Acc =
Nc !Ni

Nt
(1)

Word accuracy indicates the percentage of words for which
the generated and correct pronunciations are identical. In each
case the reported percentages are averages for the 10 cross-
validation splits, with 95% confidence intervals calculated
using the bootstrap method described in [20].

The same 10 disjoint partitions of the 5 340-word data set
were used for training and testing decision trees for all G2P,
P2P and GP2P experiments.

VI. EXPERIMENTAL RESULTS

The first experiment was to perform a direct comparison of
the Dutch and Afrikaans pronunciations for the 5 340 words.
This provides an indication of the similarity between the two
dictionaries, and thereby provides a baseline with which later
results can be compared.

In order to perform the comparison, e-Lex pronunciations
were mapped to the SAMPA phoneme set. Corresponding
pronunciations from the e-Lex and RCRL APD were aligned
by dynamic programming to determine the number of sub-
stitutions, insertions and deletions, and thus the phoneme
accuracy. The first line of Table I shows the results of the
direct comparison. It is clear that there is a high level of
correspondence between the two dictionaries, with 95% of
phonemes and almost 74% of of full word pronunciations
matching.

In order to obtain a further baseline, G2P conversion was
applied to the Afrikaans RCRL APD dictionary. Holding out
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Source Target Method Phoneme Word
Dutch (SAMPA) Afrikaans Direct 95.01 ± 0.82% 73.77%
Afrikaans Afrikaans G2P 96.80 ± 0.69% 84.18%
Dutch (CGN) Afrikaans P2P 97.26 ± 0.62% 85.37%
Dutch (SAMPA) Afrikaans P2P 97.34 ± 0.60% 85.69%
Dutch (CGN) Afrikaans GP2P 97.67 ± 0.58% 87.67%
Dutch (SAMPA) Afrikaans GP2P 97.65 ± 0.58% 87.68%

TABLE I
PHONEME AND WORD ACCURACIES OF AFRIKAANS PRONUNCIATIONS

DETERMINED BY VARIOUS APPROACHES.

each of the 10 disjoint partitions of the 5 340-word data set
as a test set in turn, a G2P decision tree was trained on
the remaining 9 partitions within a 10-fold cross-validation
framework, as described in Section V-B. This decision tree
was then used to obtain pronunciations for the words in
the withheld partition, and these pronunciations were scored
against the corresponding pronunciations in the RCRL APD
dictionary by dynamic programming, as also described in
Section V-B.

The second line of Table I shows the results of G2P
conversion applied to the RCRL APD. It indicates that 97%
of phonemes and 84% of words can be correctly determined
using G2P.

The final experiments, which are the focus of this paper,
were the application of the P2P and GP2P strategies to the
conversion of Dutch to Afrikaans pronunciations. As only
identical cognates and false friends (for which the graphology
is the same in both languages) are currently being used, the
graphemes of a word are the same in both dictionaries. It
does therefore not matter from which dictionary the graphemes
are used when training or testing the decision trees for
GP2P conversion. The same decision tree training and testing
strategy and the same 10-fold data splits used for the G2P
experiments above were employed again for both the P2P and
GP2P experiments, making the results directly comparable.

Lines three and four of Table I show the results of the P2P
experiments. Accuracies are given for the case in which e-Lex
uses its native CGN phoneme set, as well as for the case where
its pronunciations are mapped to SAMPA. In both cases, 97%
of phonemes are correctly determined, although SAMPA gives
a slightly higher word accuracy.

The last two lines of Table I show the results of GP2P
experiments. Results are again given for both the CGN and
SAMPA phoneme sets. In both cases 98% of phonemes and
88% of words are correctly determined.

VII. DISCUSSION AND CONCLUSIONS

From Table I, we see that for Afrikaans, G2P conversion
achieves a phoneme accuracy of 96.80% and a word accuracy
of 84.18%. These results are noteworthy when compared
to similar G2P experiments performed for English, where
phoneme accuracies of approximately 91% are common [4],
[5], [3]. This indicates that Afrikaans has a much more
regular relationship between orthography and pronunciation.
It is also worth noting by comparing the first two lines of

Table I that G2P conversion provides more accurate Afrikaans
pronunciations than using the Dutch pronunciations directly.
In particular, G2P provides a significant absolute improvement
of 1.79% in phoneme accuracy.

When using P2P conversion to derive Afrikaans pronuncia-
tions from Dutch pronunciations, the phoneme accuracy rises
to 97%. While this is more accurate than G2P conversion, the
improvement is not statistically significant.

The best performance is achieved when using GP2P con-
version to derive Afrikaans pronunciations from Dutch pro-
nunciations. In this case, phoneme accuracies of 97.7% and
word accuracies of 87.7% are attained. While the improvement
of GP2P over P2P is relatively small, the results in Table I
show that GP2P conversion represents a statistically significant
improvement over G2P conversion.

For P2P conversion, using the SAMPA phoneme set for
e-Lex provides slightly better results than CGN. For GP2P,
however, CGN provides slightly better results. In neither case
is the difference significant, however, suggesting that the
decision trees are able to compensate for most differences
between the phoneme sets.

In conclusion, it has been demonstrated that, even though
Afrikaans has a very regular relationship between its or-
thography and pronunciation, the application of the P2P and
especially GP2P approaches to convert Dutch to Afrikaans
pronunciations is more effective than the application of G2P to
the Afrikaans pronunciations alone. This suggests that there is
scope for utilising the more extensive Dutch resources for the
development of Afrikaans pronunciation dictionaries, thereby
allowing HLT applications to be developed for Afrikaans more
quickly and cheaply.

Future research will focus on testing whether this conclusion
holds true for non-identical cognates. Further investigations
can also test whether the results presented are valid for other
languages.
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Abstract—It has been shown that techniques known as
grapheme-and-phoneme-to-phoneme (GP2P) conversion can be
used to derive pronunciations in a poorly-resourced accent,
such as South African English, using available pronunciations
in better-resourced accents of the same language, such as British
and American English. However if the pronunciation is not
available in either accent, it must be obtained using grapheme-
to-phoneme (G2P) conversion in either the source or the target
accent. The question therefore arises whether it is better to apply
G2P in the source accent and then GP2P to obtain the desired
pronunciation in the target accent, or to apply G2P directly to the
target accent. This study finds that if the source dictionary used
has a high G2P accuracy (due to the dictionary’s size, regularity,
or both), it is advantageous to generate a pronunciation in the
source accent first using G2P, and subsequently convert this
pronunciation to the target accent.
Index Terms: English accents, pronunciation modelling, G2P,
P2P, GP2P, decision trees, South African English

I. INTRODUCTION

Pronunciation dictionaries are key components of automatic
speech recognition (ASR) as well as text to speech (TTS)
systems. However, the development of such dictionaries in-
volves a great deal of time and effort by linguistic experts,
a process that may be prohibitively expensive for under-
resourced languages and accents.

Where the pronunciations of words not in a dictionary are
sought, and where these pronunciations are already available
in a different accent of the language in question, phoneme-to-
phoneme (P2P) conversion is an effective method of obtaining
the desired pronunciations from the known pronunciations [1].
Grapheme-and-phoneme-to-phoneme (GP2P) conversion is an
extension of P2P conversion, which includes graphemes as
additional input. It has been shown in [1] that GP2P performs
better than P2P, and as a result has been chosen as a focus for
this study.

If the desired word is not present in the dictionary of either
accent, however, GP2P conversion can not be applied. In this
case, where the word is in neither the source nor the target
dictionary, there are two possible approaches. The first is
to use grapheme-to-phoneme (G2P) conversion in the target
accent, and generate the pronunciation directly. The second
approach is to generate the pronunciation in the source accent
using G2P, and to then to convert this to the target accent

using GP2P. The latter technique is potentially advantageous
because G2P accuracy increases with training set size. If
the source accent has a significantly larger dictionary, this
approach may be able to leverage the increased training set size
to improve pronunciation generation accuracy in the smaller
target accent. This study investigates whether this is indeed
the case. Figure 1 illustrates the relationship between the two
approaches.

TARGET DICTIONARY

(small)

SAEDICT

CMUDICT

PRONLEX
or

BEEP

SOURCE DICTIONARY

(large)

G2P G2P

PRONUNCIATION OF
NEW WORD IN

SOURCE ACCENT

GP2P
PRONUNCIATION OF

NEW WORD IN
TARGET ACCENT

Fig. 1. An illustration of the two approaches to pronunciation generation
compared in this paper.

For our investigation, we focus on General American
(GenAm), Received Pronunciation (RP) and Standard South
African English (SSAE). The first two are commonly-used
and widely-studied reference accents for American and British
English respectively [2]. In South Africa, a number of different
English accents are prevalent. The accent generally used by
first-language speakers is commonly referred to as Standard
South African English and has been described as fairly similar
to RP [3], [4].

From our perspective the objective of this study is to deter-
mine whether existing and extensive British or American re-
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sources can be taken advantage of when determining unknown
pronunciations for our still fairly small SSAE pronunciation
dictionary. However, we hope that the techniques we consider
are generally applicable also to other accent pairs.

The following section describes the data upon which our
experimental evaluation is based, after which an overview of
G2P and GP2P conversion is given. Section IV describes the
manner in which experiments were conducted, as well as the
experimental results. Finally, Sections V and VI discuss the
results and give conclusions.

II. DICTIONARIES

Four dictionaries were used to represent the three accents
which we consider: CMUDICT, PRONLEX, BEEP and SAE-
DICT.

CMUDICT and PRONLEX were used to represent GenAm
pronunciations. CMUDICT was developed at Carnegie Mellon
University [5]. This dictionary contains words drawn from a
variety of sources, including an initial subset of over 20,000
words developed by hand and extensively verified at CMU.
PRONLEX is the COMLEX English Pronouncing Lexicon,
and was hand-transcribed at the Linguistic Data Consortium
[6].

The BEEP dictionary was used to represent RP and is drawn
primarily from the MRC Psycholinguistic Database and the
Computer Usable Oxford Advanced Learners Dictionary [7].
In addition, it contains pronunciations provided by sources at
Durham and Oxford Universities.

SSAE pronunciations were obtained from SAEDICT, a
pronunciation dictionary under development at Stellenbosch
University. All pronunciations in SAEDICT were transcribed
by the same linguistic specialist to ensure consistency. Tran-
scriptions were chosen to reflect commonly accepted SSAE
pronunciations.

Dictionary Size (words)
SAEDICT 30 390
BEEP 237 184
CMUDICT 123 646
PRONLEX 90 632

TABLE I
NUMBER OF ENTRIES PER PRONUNCIATION DICTIONARY.

Table I describes each dictionary in terms of the number of
words it contains (excluding abbreviations). It is evident that
SAEDICT is the smallest dictionary by a considerable margin.

A. Phoneme set

ARPABET [8] was chosen as the common phoneme set
in which to analyse the four dictionaries. Both BEEP and
CMUDICT already use ARPABET, while PRONLEX uses an
ARPABET short-hand that can easily be converted to standard
ARPABET. SAEDICT uses a phoneme set, based on IPA,
developed to describe the languages of Southern Africa [9].

This was converted to ARPABET by means of a mapping
based on the closest IPA symbol.

B. Wordlist

In order to compare pronunciations, the set of words com-
mon to all four dictionaries was determined. Before extracting
this set, all words were automatically converted to standard UK
spelling using tools developed at the University of Sheffield
[10], and abbreviations were removed. The resulting set of
common words contains 23 006 entries.

III. G2P AND GP2P CONVERSION

G2P conversion applies machine learning to convert the
known graphemic representation of a word into its unknown
pronunciation. Several data-driven G2P methods have been
suggested in the literature, including decision trees [11],
[12], [13], [14], HMMs [15], pronunciation by analogy [16],
default&refine [17] and memory-based learning [18]. Decision
trees have been shown to yield competitive accuracy in G2P
conversion [19] and to be effective for GP2P conversion [1].
We have chosen decision trees as the method with which we
will investigate the accuracy of G2P and GP2P conversion.

Our implementations employ deterministic binary decision
trees, for which each node is associated with a true/false
question regarding the input grapheme and/or phoneme, and
its context. The tree is traversed from the root by recursively
using the answer of each node’s question to determine which
child node to choose. Each leaf node is associated with an
output phoneme, which constitutes the classification result
[20]. Decision trees are grown recursively. For each new node
the available training data are split according to all possible
questions. The question which results in the greatest entropy
gain is then chosen for that node [12]. A more detailed
discussion of decision trees and their use for P2P and GP2P
can be found in [1].

For G2P conversion, the graphemes and their context form
the input of the decision tree classifier, and the phonemes
the output class. Pronunciations are generated by sequentially
passing graphemes and their context through the tree, assign-
ing each to a phoneme class, and then concatenating these
output phonemes.

For GP2P conversion, the graphemes of the words are used
as input in addition to the source pronunciation’s phonemes.
In order to do so, these graphemes must first be aligned with
the source phonemes. This is achieved by means of dynamic
programming.

IV. EXPERIMENTAL METHOD AND RESULTS

In order to allow direct comparison between results, most
experiments were carried out using the 23 006 words common
to all four dictionaries, as described in Section II-B. However,
in order to investigate the effects of increasing the training
set size for the source G2P converter, additional experiments
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that include all the words available in the respective source
dictionaries were also performed.

A. Decision tree training and testing

There are a number of parameters that need to be specified
when training a decision tree, such as the context window,
direction of conversion and amount of data reserved for
pruning. To obtain values for these parameters, the phoneme
accuracy of the decision tree was optimised on a held-out
development set within a 10-fold cross-validation framework.
This was achieved by dividing the 23 006 words into 10
non-overlapping and approximately equally-sized partitions.
Reserving each partition in turn for later use as a test set, the
remaining 9 partitions (corresponding to 90% of the data) were
again divided into 10 equal partitions. The first of these sub-
partitions served as a development set, and the remaining 9 as
a training set for parameter optimisation. Decision trees were
trained on this training set for a range of parameter values,
and those that lead to the highest phoneme accuracy, measured
on the associated development set, were identified as optimal.
This process was repeated for each of the 10 partitions of the
23 006-word data set. In general, different optimal parameter
values were obtained for each partition. Finally, each of the 10
partitions was employed as a test set, while decision trees were
trained using the remaining 9 partitions with the corresponding
optimal parameters. All experiments carried out on the 23 006
set of common words utilised decision trees trained and tested
with the same 10 disjoint partitions.

The same experiments were also carried out using the
full BEEP, CMUDICT and PRONLEX dictionaries. In this
case, the entire dictionary was subjected to the same 10-
fold cross-validation process as for the 23 006-word set. This
also means, however, that the test and training sets for the
experiments using the 23 006 word set and the full dictionaries
are necessarily different.

For words with multiple pronunciations, only a single
pronunciation was used during training. For G2P, the earliest
pronunciation in the dictionary was chosen, while for GP2P
the pronunciation pair (one from each dictionary) that gave
the best alignment was used. Multiple pronunciations were
maintained for testing, however, so that any pronunciation
present in the target dictionary was accepted as correct.

Results are given in terms of phoneme accuracy and word
accuracy. The generated pronunciations for each of the 10 test
partitions were aligned with the dictionary pronunciation by
dynamic programming. From these alignments the number
of substitutions, insertions and deletions were determined.
The phoneme accuracy was subsequently calculated using
Equation 1, where Nc, Ni and Nt are the numbers of correct,
inserted and total phonemes respectively.

Acc =
Nc !Ni

Nt
(1)

Word accuracy indicates the percentage of words for which

the generated and correct pronunciations are identical. In each
case the reported percentages are averages for the 10 cross-
validation splits, with 95% confidence intervals calculated
using the bootstrap method described in [21].

B. G2P conversion

A first set of experiments applied G2P rules to the individual
dictionaries. In the case of SAEDICT, this provides a baseline
performance against which later experiments can be compared.
Results were obtained for all four dictionaries using the
common 23 006-word set described in Section II-B, as well
as for the full BEEP, CMUDICT and PRONLEX dictionaries.

Dictionary Size (words) Phoneme acc. Word acc.
SAEDICT 23 006 90.63 ± 0.53% 59.35%
BEEP 23 006 91.66 ± 0.54% 65.04%
CMUDICT 23 006 91.24 ± 0.54% 62.74%
PRONLEX 23 006 92.08 ± 0.51% 64.93%
BEEP 237 184 93.72 ± 0.15% 69.97%
CMUDICT 123 646 90.00 ± 0.26% 59.97%
PRONLEX 90 632 92.14 ± 0.26% 65.30%

TABLE II
G2P CONVERSION ACCURACIES FOR VARIOUS DICTIONARIES AND

TRAINING SET SIZES.

Table II presents the results for these G2P experiments.
The first column of the table indicates the dictionary used
for training and testing, while the second indicates the total
number of words in the training and test data, and hence
whether the entire dictionary or the set of 23 006 common
word were used. The last two columns give the phoneme and
word accuracies respectively, as described in Section IV-A. It
is clear from the results in Table II that SAEDICT has the least
regular relationship between its graphemes and phonemes.

The parameters determined when optimising against the
respective development sets matched those found in earlier
studies [1]. For G2P conversion, this entailed a window of
three graphemes to the left and four to the right. The size of
the decision trees was on average 15 532 nodes when using
the common set of words. When using the full dictionaries, the
trees were considerable larger, varying between 58 982 nodes
for PRONLEX and 120 575 for BEEP.

C. GP2P conversion

A second set of experiments applied GP2P conversion to
the various source dictionaries, with SSAE as target accent in
each case. This was done using the common set of 23 006
words, and using the dictionary pronunciations as input to
the converter. While the results of these experiments are not
directly applicable to the question being considered in this
study, it is useful to know the accuracy of GP2P conver-
sion in isolation, before combining it with G2P conversion.
Training and testing was accomplished using the same 10-
fold cross-validation approach described in Section IV-A and
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Source dictionary Phoneme acc. Word acc.
BEEP 96.58 ± 0.31% 81.74%
CMUDICT 95.59 ± 0.34% 76.58%
PRONLEX 96.04 ± 0.32% 78.90%

TABLE III
GP2P CONVERSION ACCURACIES WITH SSAE AS TARGET ACCENT FOR

THE 23 006 COMMON WORDS.

the same partitions used in the G2P experiments described in
Section IV-B.

Table III presents the results of the isolated GP2P ex-
periments. The first column indicates the source dictionary
used, and the last two columns give the phoneme and word
accuracies respectively, as described in Section IV-A.

The optimal parameters found for GP2P again matched
those of earlier studies [1], with a context window of two
graphemes to the left and two to the right. The size of the
decision trees was on average 2 556 nodes, a considerable
reduction when compared to G2P.

D. Combined G2P and GP2P conversion

A third and final set of experiments first applied G2P rules
to a source dictionary (BEEP, CMUDICT or PRONLEX),
and then used GP2P to convert the generated pronunciation
to SSAE, as illustrated in Figure 1. Both the G2P and the
GP2P conversion was carried out using the 23 006 set of words
common to all four dictionaries, with 10-fold cross-validation
as described in Section IV-A. The same data partitions used
for G2P in Section IV-B were used again to train and test the
combined G2P and GP2P approach. In particular, this ensures
that the SAEDICT words held out for testing were not present
in the training data of either G2P or the GP2P converters.

In order to determine the effect of a larger G2P training
set size on the combined use of G2P and GP2P, experiments
were also carried out in which the full source dictionary was
used to train the G2P converter. This increases the training
set available to the source G2P converter to between 90 632
and 237 184 words, as indicated in Table I. In this case, for
each of the 10 partitions of the 23 006 common words, the
corresponding test set entries were removed from the source
dictionary in question. Of the remaining words, 10% were
reserved as a development set with which to obtain decision
tree parameters, and the remaining 90% were used as training
data for the G2P converter. The GP2P converter was however
still trained using the set of 23 006 common words, so that
the experimental results reflect only the effect of an increase
in the size of the G2P training set.

Table IV presents the results of the combined G2P and
GP2P experiments. The first column indicates the source dic-
tionary used, while the second indicates the number of words
in this dictionary. The last two columns give the phoneme and
word accuracies respectively, as described in Section IV-A.

Source Size (words) Phoneme acc. Word acc.
BEEP 23 006 88.08 ± 0.63% 54.51%
CMUDICT 23 006 87.29 ± 0.64% 51.91%
PRONLEX 23 006 88.63 ± 0.58% 54.53%
BEEP 237 184 92.21 ± 0.53% 68.98%
CMUDICT 123 646 89.53 ± 0.60% 59.87%
PRONLEX 90 632 91.10 ± 0.54% 62.98%

TABLE IV
COMBINED G2P AND GP2P CONVERSION ACCURACIES WITH SSAE AS

TARGET ACCENT.

V. DISCUSSION

In this paper, two methods of determining the pronunciation
of an unknown word were considered: G2P within the target
accent, or G2P within the source accent followed by GP2P to
convert the generated pronunciation to the target accent. The
latter method was evaluated with G2P rules trained using both
a subset of the source dictionary corresponding to words that
are common to all four dictionaries, as well as using the full
source dictionary.

Before considering the success of these two methods, it is
worth examining the results in Table II. From these results
it can be seen that for BEEP and PRONLEX, a decision tree
trained on the full dictionary is more accurate than one trained
only on the 23 006-word common set. This improvement is
statistically significant for BEEP. In the case of CMUDICT,
however, the G2P performance deteriorates when using the
full dictionary. This indicates that, for CMUDICT, there are
irregular words present in the full dictionary that are not in
the common set.

GP2P conversion on its own gives high conversion accu-
racies, as reflected in Table III. This would suggest that the
accuracies of combining G2P and GP2P conversion should be
fairly close to the accuracies of G2P conversion on its own.

When considering Tables II and IV, it is clear that if only
the common subset of 23 006 words is used, combining G2P
and GP2P leads to a statistically significant deterioration in
the accuracy obtained when applying G2P directly to the target
dictionary. Applying G2P to SAEDICT gives a phoneme accu-
racy of 90.63%, while applying G2P and GP2P in succession
with PRONLEX as a source dictionary lead to a phoneme
accuracy of 88.63% (with lower accuracies with the other two
source dictionaries). We believe that this occurs because this
process is more indirect, involving two consecutive prediction
steps, each of which introduces errors, while using G2P alone
involves only a single step. The G2P conversion in the source
dictionary (when using the 23 006 subset) is only slightly more
accurate than that in the target dictionary, and this benefit is
not enough to compensate for the accuracy lost during GP2P
conversion.

Using the full source dictionary to train the G2P decision
trees, however, leads to considerably better result. For all three
dictionaries, improved word accuracies are obtained relative to
the direct application of G2P to SAEDICT. When using either
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BEEP or PRONLEX as source dictionary, also the phoneme
accuracy is higher, and in the case of BEEP this improvement
is statistically significant. For this scenario, the full BEEP
dictionary, comprising 237 184 words, is used to train the G2P
converter, and gives a phoneme accuracy of 92.21% for SSAE
pronunciations.

Previous studies investigating the nature of the errors when
converting pronunciations between accents did not reveal any
clear, systematic differences [22]. The nature of the prediction
errors were not investigated further during this study.

VI. CONCLUSION

The results indicate that under certain circumstances it is
better to generate pronunciations in a well-resourced source
accent, and convert those pronunciations to the target accent,
rather than using G2P rules to generate them in the source
accent. This is especially true for source accents with large
dictionaries that have a very regular relationship between
graphemes and phonemes, i.e. dictionaries that yield more
accurate G2P converters. Furthermore, it can be seen from
Table III that GP2P conversion has a relatively high level of
accuracy. As a result, increased G2P accuracy when generating
pronunciations in the source accent translates into an overall
improvement when generating pronunciations in the target
accent.

Future research will consider more fully the impact that the
size of a dictionary has when training decision trees for G2P,
P2P and GP2P conversion.
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Abstract—This paper describes a visual head pose estimation 
algorithm for fast intent recognition. The context for which this 
solution is intended is that of wheelchair bound individuals whose 
intention of interest is the direction they wish the wheelchair to 
take. The contribution of this paper is to supplement earlier work 
[1] with a Bayesian approach and a brute force extrapolation 
algorithm that use a fewer number of frames consequently 
providing a faster recognition. Results show that the Bayesian 
approach displays the best results from 15 to 5 frames. However 
below 5 frames the proposed brute force extrapolation scheme 
displays better results, and both display better results than using 
the earlier classification method [1]. This paper describes work in 
progress for which the next step is real time implementation. The 
solution intends to provide a contribution to the realisation of an 
enabled environment allowing people with severe disabilities and 
the elderly to be more independent and active in society.  

I. INTRODUCTION 
The main function of an enabled environment is providing 

a context where people with disabilities and the aged are 
independent and can therefore be active by contributing to 
society. One of the challenges facing the task of realizing such 
an environment is to develop systems that can assist them in 
performing the tasks they wish to carry out without other 
people’s assistance [1], [2]. Human-Machine interaction 
provides useful solutions to this end through many areas of 
research such as computer vision, psychology, artificial 
intelligence, etc. [3], and through many techniques such as 
manual, speech, tele-operation and vision [4]. Vision-based 
solutions, which are of interest in this study, can be thought of 
as having mainly four stages: motion segmentation, object 
classification, tracking, and interpretation. They are human-
centred approaches and can be divided according to the human 
body: large-scale body movements, hand gestures, and gaze 
[3].  

In addition to contributing to the task of robust face 
recognition for multiview analysis which is still a difficult task 
under pose variation [5], head pose estimation can be 
considered as a sub-problem of the general area of intention 
detection because it is useful for the inference of nonverbal 
signals related to attention and intention. Estimating the head 
pose is crucial since it usually coincides with the gaze 
direction. Furthermore, head pose estimation is also essential 
for analyzing complex meaningful gestures [6]. 

Existing head pose estimation methods can be categorized 
as appearance-based and model-based methods. Appearance-
based techniques use the whole sub-image containing the face 
while model-based approaches use a geometric model [6]. 
Another set of approaches includes the application of 
eigenspace techniques to directly recognize the pose of a 
specific user [7]. According to [8] the principal advantage of 
global (appearance-based) approaches is that only the face 
needs to be located and that no facial landmarks or face 
models are required, making them appropriate for very low 
resolution images of the face. This is useful for video 
surveillance, intelligent environments and human interaction 
modelling. Template matching is a popular method to estimate 
head pose where the best template can be found via a nearest-
neighbour algorithm and where the pose associated to this 
template is selected as the best pose. Advanced template 
matching can be performed using Gabor Wavelets and 
Principle Components Analysis (PCA) or Support Vector 
Machines, but these approaches tend to be sensitive to 
alignment and are dependent on the identity of the person [8].  

This paper provides an alternative head pose estimation 
scheme for motion-based fast intent recognition. The context 
for which this solution is intended is that of wheelchair bound 
individuals whose intention of interest is the direction they 
wish the wheelchair to follow. A Bayesian approach and a 
brute force extrapolation scheme are proposed to supplement 
an earlier work [1] for fast intent recognition. The proposed 
head pose estimation scheme can be classified as belonging to 
the appearance-based category [6] making use of the 
symmetry property of the head as a whole and therefore has 
the advantages of accommodating low resolution images and 
not being dependent on the identity of the person. The aim of 
this study is to make a contribution to the general problem of 
intent recognition applied to assistive living for the support of 
the elderly and people with disabilities. 

II. METHODS 
The type of datum used is a sequence of image frames 

captured from a charge-coupled device (CCD) camera (Hi-
Resolution Dome Camera - 1/3" CCD, 470 TV lines, 0.8 lux, 
3.6mm (F2.0) Lens) and a ‘25 frames per second’ E-PICOLO-
PRO-2 framegrabber. No visual markers are added to the 
images. This work assumes that the head is already detected 
and does not deal with the pre-processing step of detecting and 
tracking the head.  
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Figure 1. Three different positions of the head (frontal view) 
in rotation 

 
Figure 2. Symmetry curves and the COGs for three different 
positions of the Head 

The approach described in this paper involves the 
extraction of high level information from a sequence of 
acquired images. This information is referred to in this work 
as ‘intention curve’ and is made of centres of gravity (COGs) 
and the y-intercepts of the lines approximating the symmetry 
curves associated to image frames with the frontal view of the 
head in rotation as object of interest. A “difference of means” 
decision rule as described in [1] and [2] is used to classify the 
different intention curves resulting in direction intent 
recognition. A Bayesian approach and a brute force 
extrapolation scheme are also described and compared to the 
difference of mean decision rule for the classification of 
intention curves obtained using a number of frames ranging 
from two frames to fifteen frames.  

A. Symmetry-based approach 
The underlying assumption is that human heads viewed 

from the front are symmetric; and when moved from their 
initial position (centred position) the symmetry they display 
breaks down, giving the indication of a motion from the initial 
centred position to a new position (Left or Right). The 
indication of a new direction to the right or to the left is given 
by the head moving to the right or the left respectively. The 
symmetry curve, based on the work of [1], is given by 
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The symmetry-value S(x) is evaluated ]1[ kXkx −+∈∀  
by taking the sum of the differences of two pixels at a variable 
distance : 1    k from it on both sides making the pixel-
column x the centre of symmetry. This process is done for 
each row and the resulting symmetry-value is the summation 
of these differences. The symmetry curve is composed of 
these symmetry values calculated for all the pixel-row in 
interval k+1  y  X-k. It has been established empirically that 
the value of the distance k that yields more discriminative 
symmetry curves associated to the subjects’ head among the 
different positions is k = 9. As shown in Figs. 2 and 3 a 
centred position of the head yields a symmetry curve made of 
two peaks and one valley showing high level of symmetry 
while a right or left position of the head flatten those peaks 
showing a lower level of symmetry and indicate the direction 
of the head by the way the values of the curves continuously 
increase or decrease.  

B. Centre of gravity of the Symmetry curve 
The COG is calculated as the point in the symmetry curve 

at which all the values of the curve can be considered centred. 
The symmetry curves shown in Figs. 2 and 3 have different 
looks and therefore give different COGs. This measure can be 
used to classify the curves corresponding to different positions 
of the head. The COG of the symmetry curve is calculated as 
follows: 
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where the symmetry curve is defined by the function: 
)(: xSxS →  where S(x) is given by the expression in 

Equation 1 and I is a 110x120 greyscale image frame. The 
position of the symmetry curve’s COG gives an indication on 
the position of the head. 

C. Linear Regression on the Symmetry Curve 
Another approach that can be used to classify the 

symmetry curves associated to the different possible positions 
of the head is to utilize the lines that approximate the 
symmetry curves: Given a curve y = S(x), the goal of linear 
regression is to find the line that best predicts y from x where x 
is the independent variable and y the dependent one. Linear 
regression does this by finding the line that minimizes the sum 
of the squares of the vertical distances of the points from the 
line: Let )(: xSYXS =→  be a function describing a 
symmetry curve: a linear regression is a form of regression 
analysis in which the relationship between y and x, is modelled 
by a least squares function called linear regression equation:  

                                    εβ += XY                                     (3)          
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Figure 3. Symmetry curves and the y-intercepts of the lines 
approximating the symmetry curves for three different positions of 
the Head 

Figure 4. Time sequence of the symmetry curves’ COGs of Heads and 
time sequence of y-intercepts approximating the symmetry curve 
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The least squares estimate is given by  
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where  is the value of the y-intercept of the line 
approximating the symmetry curve S and  is the angle of the 
line with respect to the x-axis. By empirical study it has been 
established that the y-intercepts () are more discriminative 
than the angles. Fig. 3 shows the resulting lines approximating 
the symmetry curves.  

1)  Difference of Mean Intention detection 
Intention recognition in the context of this work involves 

the detection of the direction the subject intends to take 
indicated by the motion of the head. The problem of 
monitoring the time sequence of individual head poses is 
addressed using a sequence of the symmetry curves’ COG and 
y-intercepts of the lines approximating them. The assumption 
underlying the use of these indications is that the value 
variations in the symmetry curves’ COG or y-intercept are 
different in the three following scenarios: Head in rotation to 
the left, head in rotation to the right, head centred. 

2) Intention curves 
Let E = {Ii : Ii is the ith frame and 1  i  15 frames}, a 

sequence of fifteen consecutive image frames. For each image 
frame in E the COG of the symmetry curve and the y-intercept 
of the line approximating the symmetry curve are obtained 
using equations 1, 2 and 4 respectively. Fig. 4 shows intention 
curves acquired using the given COG (part a) and y-intercepts 
(part b) respectively, in a time sequence for the three different 
types of motion. These three types of motion exhibit each a 
different pattern. 

3) Intent classification  
Given the level of visual distinction between the different 

intention curves shown in Fig. 4, a simple decision rule (refer 

to [1] and [2]) based on a “difference of means” approach is 
implemented for classification as described in Table 1. 

TABLE I. DECISION RULE FOR CLASSIFICATION OF INTENTION CURVES 
USING A “DIFFERENCE OF MEANS” APPROACH 

Let V be the intention curve to be classified: 
 
Step1: Initialization 
A = 0; B = 0; (Initialize A notifying a decrease and B notifying an 
increase) }1)(1:{ −≤≥∈∀ Vlengthxandxxi ,  
D = V(i) – V(i+1) 
If D > 0     A = A + |V(i) – V(i+1)| (notifying a decrease in value of V, by 
adding the extent to which there is a decrease to the value of A) 
If D < 0    B = B + |V(i) – V(i+1)| (notifying an increase in value of V, by 
adding the extent to which there is a decrease to the value of B) 
Step2: Classification: Difference of means 
Let Classµ , Classσ  be the statistics (means and standard deviations) of the 
difference between A and B in a training set for each class:  
Class = {Centre, Up, Down}.   

|)(| Classn BAd µ−−= , }3,2,1{=∀n   
d = min ([d1 d2 d3]) 
If d = d1                                                          Centre: Constant speed  
If A > B and d = d2                       Up: Decreased speed   
If A < B and d = d3                       Down: Increased speed 

D. Fast recognition 
In previous work [1], [2] good results have been obtained 

using a ‘15 frames’ sequence to extract the intention curve 
used for recognition. In the context of the work at hand where 
a ‘25 frames per second’ frame grabber has been used for data 
collection, this gives the solution the potential to perform 
recognition in 600 ms plus the algorithm’s execution time. 
The contribution of this paper is to reduce this time by using 
fewer frames and still yielding good performance. Two 
methods are proposed to this end namely a Bayesian approach 
and a brute force extrapolation scheme. The performances of 
both methods are compared to the original solution using 
fewer numbers of frames to extract the intention curve ranging 
from 14 to 2.     

4) Bayesian approach 
Bayesian decision theory is a fundamental statistical 

approach to the problem of pattern classification making use 
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Figure 5. Recognition rate of the three approaches for COG-based intention 
curves obtained using a number of frames ranging from 2 to 15 

of Bayes’ rule to assess the probability that one class should 
be chosen. Let the intentions to be chosen be j 
with }3,2,1{∈j for centre, right and left respectively. Since 
initially every class is equally likely to be chosen, the prior 
probabilities P(j) = 1/3. Furthermore a measure x of the slope 
of the intention curve obtained with a number of frames 
inferior to 15 is used to formulate the conditional densities 
p(x/j) using a Gaussian distribution. The reason for using x in 
probabilistic terms is that according to earlier work [1], [2], 15 
frames are required for recognition, and therefore when x is 
obtained using fewer frames, it only gives incomplete 
information about the intention curve. Bayes’ rule (refer to 
Equation 6) shows that by observing the value of x, the prior 
probability P(j) can be converted to the posterior probability 
P(j|x). The (joint) probability density of finding a pattern that 
is in category j and has feature value x can be written two 
ways:  

)()|()()|(),( jjjj PxpxpxPxp ωωωω ==               (5) 

Rearranging (5) leads to Bayes’ formula shown below 

)(
)()|(

)|(
xp
Pxp

xP jj
j

ωω
ω =                               (6) 


=

=
3

1
)()|()(

j
jj Pxpxp ωω                                 (7) 

 

Bayes’ decision rule for minimizing the probability of error is 
given as follows: Decide jω  if )|()|( xPxP ij ωω > ; for 

}3,2,1{, ∈ji and ji ≠ .  

5) Brute force extrapolation 
The aim of this method (as shown in Table 2) is to extrapolate 
a 15-points intention curve from the n-points intention curve 
when n 15≤ . Then the extrapolated 15-points intention curve 
is classified using the difference of means decision rule as 
described in Table 1. 

TABLE II. BRUTE FORCE EXTRAPOLATION ALGORITHM 

Let V be the intention curve to be classified: 
Step 1: Initialization: A = 0; B = 0; (notifying a decrease and an increase),  

}1)(1:{ −≤≥∈∀ Vlengthxandxxi , D = V(i) – V(i+1) 
If D > 0 A = A + 1 (notifying a decrease in value of V) 
 Da = |V(i) – V(i+1)| 
If D < 0   B = B + 1 (notifying an increase in value of V) 
 Db = |V(i) – V(i+1)| 
Step 2: D is the value to be added to get the subsequent values of the 
intention curve: For n, the number of frames used to obtain the intention 
curve 
if A - B ≥  n – 1             d = mean(Da) 
if B – A ≥  n – 1            d = mean(Db) 
else                        d = 0 
Step 3: Extrapolation to a 15-points intention curve C: N = 15 – length (V) 
(N is the number missing points in the intention curve to get 15),  j = length 
(V); 
for I = 1:N      j = j + 1,   C(j) = C(j - 1) + D 

III. RESULTS 
The experimental results have been obtained by collecting 

video sequences of 8 different subjects with the frontal view 
of the head in rotation as the object of interest. Table 3 
summarizes the results of the difference of means approach on 
15-points intention curves made of sequences of COGs and y-
intercepts associated to the symmetry curves. Tables 4 and 5 
show the results for the difference of means approach, the 
brute force extrapolation scheme and the Bayesian approach  
on the 5-points intention curves made of sequences of COGs 
and y-intercepts respectively. 100 intention curves are used for 
training and 100 others are used for validation. It can be 
observed that for intention curves obtained using 5 frames the 
Bayesian approach yields the best results with an overall 
recognition rate of 80% and 73.6667% (for COGs and y-
intercepts respectively), followed by the brute force 
extrapolation with 74% and 65% (for COGs and y-intercepts 
respectively). The worst results (51% and 53.6667%) are 
exhibited by the earlier proposed ‘difference of means’ 
approach. For the ‘centre’ intention curves however 100% 
recognition rate is obtained in all cases.  

Figs. 5 and 6 show the performance of the three methods 
given a range (from 2 to 15) of frame numbers utilized to form 
the intention curve using COGs and y-intercept respectively. 
From parts (d) one important observation is that below 5 
frames (4.2 to be more precise), the brute force extrapolation 
algorithm performs better than the Bayesian approach. Above 
5 frames however the Bayesian approach performs better. It 
can also be observed that below 12 and 11 frames for intention 
curves made of COGs and y-intercept respectively, the brute 
force extrapolation algorithm performs better than the 
difference of means, but above these, both yield the same 
performance.  
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Figure 6. Recognition rate of the three approaches for y-intercept-based 
intention curves obtained using a number of frames ranging from 2 to 15 

IV. CONCLUSION 
This paper provides an alternative head pose estimation 

scheme for motion-based fast intent recognition. The context 
for which this solution is intended is that of wheelchair bound 
individuals whose intention of interest is the direction they 
wish the wheelchair to follow. The main contribution this 
paper makes is the use of a Bayesian approach and a brute 
force extrapolation algorithm to supplement an earlier work 
[1] for fast recognition. The results discussed above show that 
both the Bayesian approach and the brute force extrapolation 
approach give satisfactory results for fast (few frames) 
intention recognition where the earlier proposed difference of 
means approach performs poorly. The Bayesian approach 
performs better above 5 frames while the brute force 
extrapolation approach performs better below 5 frames. Given 
the quality of these results, this solution shows promise in 
making a contribution to the general problem of intent 
recognition applied to assistive living (for support of the 
elderly and people with disabilities). 

TABLE III. DIFFERENCE OF MEANS DECISION RULE: FOR 15 FRAMES INTENTION CURVES 

Methods Class Training 
set 

Testing 
set 

Correct 
classification 

Incorrect 
classification 

Classification 
rate 

Difference of means 
associated with COG-
based Intention curves 

Centre: 
Right: 
Left: 
Total: 

100 
100 
100 
300 

100 
100 
100 
300 

100 
83 
84 
267 

0 
17 
16 
33 

100% 
83% 
84% 
89% 

Difference of means 
associated with y-
intercept-based Intention 
curves 

Centre: 
Right: 
Left: 
Total: 

100 
100 
100 
300 

100 
100 
100 
300 

100 
91 
86 
277 

0 
9 

14 
23 

100% 
91% 
86% 

92.3333% 

TABLE IV. RECOGNITION RATE OF THE THREE APPROACHES FOR COG-BASED INTENTION CURVES OBTAINED USING 5 FRAMES  

Methods Class Training 
set 

Testing 
set 

Correct 
classification 

Incorrect 
classification 

Classification 
rate 

Difference of means of 
Centres of gravity of the 
Intention curves 

Centre: 
Right: 
Left: 
Total: 

100 
100 
100 
300 

100 
100 
100 
300 

100 
18 
35 
153 

0 
82 
65 
147 

100% 
18% 
35% 
51% 

Brute force extrapolation 
from a 5-points to 15-
points Intention Curves 

Centre: 
Right: 
Left: 
Total: 

100 
100 
100 
300 

100 
100 
100 
300 

100 
58 
64 
222 

0 
42 
36 
78 

100% 
58% 
64% 
74% 

Bayesian approach  Centre: 
Right: 
Left: 
Total: 

100 
100 
100 
300 

100 
100 
100 
300 

100 
73 
67 
240 

0 
27 
33 
60 

100% 
73% 
67% 
80% 

TABLE V. RECOGNITION RATE OF THE THREE APPROACHES FOR Y-INTERCEPT-BASED INTENTION CURVES OBTAINED USING 5 FRAMES 

Methods Class Training 
set 

Testing 
set 

Correct 
classification 

Incorrect 
classification 

Classification 
rate 

Difference of means of 
Centres of gravity of the 
Intention curves 

Centre: 
Right: 
Left: 
Total: 

100 
100 
100 
300 

100 
100 
100 
300 

100 
29 
32 
161 

0 
71 
68 
139 

100% 
29% 
32% 

53.6667% 
Brute force extrapolation 
from a 5-points to 15-
points Intention Curves 

Centre: 
Right: 
Left: 
Total: 

100 
100 
100 
300 

100 
100 
100 
300 

100 
54 
41 
195 

0 
46 
59 
105 

100% 
54% 
41% 
65% 

Bayesian approach Centre: 
Right: 
Left: 
Total: 

100 
100 
100 
300 

100 
100 
100 
300 

100 
65 
56 
221 

0 
35 
44 
79 

100% 
65% 
56% 

73.6667% 
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Abstract—A tandem repeat is a special kind of subsequence in
a DNA sequence. It is characterised by an introductory sequence
of nucleotides, called its motif, which is followed by several
contiguous copies of the motif. These copies may either be exact
or approximate. A minisatellite is a tandem repeat whose motif
length is within a certain prespecified range.

This paper investigates software that searches for minisatel-
lites. Four prominent publicly available software packages have
been run on sample data. They employ different algorithms for
doing the search; the notion of approximate matching differs;
and the way in which search parameters are set varies. The
results are studied and compared. Several significant differences
in output derived from the various packages are reported.

I. INTRODUCTION

Repetitive DNA sub-sequences are of relevance in biology
for various reasons. These reasons include gene variations
as well as regulatory functions on gene expressions. Tandem
repeats constitute two or more contiguous copies of a nu-
cleotide sequence [1], the sequence being called the motif.
Consider the sequence ACGTCG ACGTCG ACGTCG
TT . In this case the motif ACGTCG of length 6 is repeated
3 times as ACGTCG ACGTCG ACGTCG TT . The motif
CGTCGA is also repeated 3 times, allowing for one mutation,
as in A CGTCGA CGTCGA CGTCGT T . As it can be
seen, the last sub-string is not the exact copy of the motif. In
the former case the string is referred to as a perfect tandem
repeat (PTR); in the latter the string is referred to as an
approximate tandem repeat (ATR). Thus in the case of an ATR,
the so called motif or perfect tandem repeat element (PTRE) is
followed by one or more approximate tandem repeat elements
(ATREs). ATREs are not exact copies of the motif1.

Biologists distinguish between three types of TRs namely
microsatellites, minisatellites and satellites. These three TRs
differ in terms of the length of their consensus motif. Mi-
crosatellites have a motif length of (2 ! |motif | ! 5),
minisatellites have a motif length of (5 < |motif | ! 100)
and the motif length of satellites is (|motif | > 100). However,

1Approximate copies are generally ascribed to one of three errors: a
mismatch, insertion or deletion. In the case of a mismatch, a nucleotide other
than the expected one appears in a given position; in the case of an insertion,
a nucleotide is unexpectedly inserted ahead of another one; and in the case
of a deletion, a nucleotide is absent from the string in its expected position.
Some authors use the term “indel” to refer to either an insertion or a deletion.

there are some inconsistencies with regard to this classification
based on motif size. Delgrange and Rivals [2], Benson [3] and
De Ridder et al [4] agree on the above classification. Thurson
and Field [5] classify microsatellites as having motif size
less than seven—hence, in their scheme minisatellites have
7 ! |motif | ! 100. For the purpose of this paper, the size of
minisatellite motif is regarded as 5 < |motif | ! 100.

The detection of minisatellites can contribute to the develop-
ment of DNA fingerprinting which has been used in forensic
medicine, paternity testing and population genetics [6]–[8].
Minisatellites have also been associated with certain human
diseases such as epilepsy and diabetes [9], [10].

The present study represents a starting point in a larger
project, where the intention is to improve on minisatellite
detecting algorithms. It is clearly of importance to establish
the strengths and weaknesses of existing packages in terms
of usability, data generated, accuracy, etc. This paper reports
our findings in regard to data generated. Further research is
needed in order to investigate the accuracy of implications.
Our usability findings will be reported elsewhere.

Several software packages that detect minisatellites are
investigated, namely: Mreps [11], Phobos [12], TRF [3] and
ATRHunter [13]. All of these packages are freely available
on the web. Apart from Phobos, they have all been reported
in the literature. Although this is not an exhaustive set of
available packages, it was nevertheless considered sufficiently
representative for our purposes. Note that TRF appears to be
the package of choice for benchmarking purposes [4], [11],
[13].

The remainder of the paper is laid out as follows, in
Section II we provide an overview of the algorithmic details of
software searching for minisatellites. Section III reports on the
detected TRs by the respective software packages. The data
generated by the different software packages is compared and
reported on.

II. ALGORITHMS

The algorithms behind the identification of minisatellite can
be classified as library based [4], [14] and ab initio [14].
Library based techniques determine the repetitive sequence by
comparing an input to a set of known repeats in a database. An
example of a Library based algorithm is RepeatMasker [15].
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Ab initio based techniques find the repetitive sequence without
using known references. Examples of Ab initio based algo-
rithms include: FORRepeats [16], Reputer [17], [18], TRF [3],
Mreps [11], Phobos [12] and ATRHunter [13]. This paper
therefore investigates software packages based on ab initio
techniques.

Section II is laid out as follows, in Section II-A Mreps is
discussed followed by Phobos in Section II-B. Section II-C
and Section II-D discuss ATRHunter and TRF respectively.

A. Mreps
Mreps is an implementation of an algorithm developed by

Kolpakov et al [19], [20] for detecting all exact maximal
repeats in a sequence of length n in time O(n), as well
as all maximal runs of k-mismatch of tandem repeats in
O(nklog(k)+S) time, where S is the number of repeats found.
A repeat is maximal if it can be extended to a maximum length
without affecting its motif.

Mreps identifies TRs, including minisatellites in DNA se-
quences. The speed of execution depends on the resolution
parameter (a value used as a measure of the number of errors
in the repeat): the algorithm runs very fast on low resolution
values and vice-versa. This resolution parameter allows the
computation of approximate repeats—or ”fuzzy repeats” as
referred to by the author [21].

The Mreps algorithm consists of two parts:
• The first part collects all repeating sequences using a

combinatorial algorithm [21], [22]. This algorithm con-
siders that two adjacent repeats with the same motif size
in a given sequence are part of the same TR if they differ
by at most k mismatches. Sequences are compared and
this process stops when the adjacent repeats differ by k+1
errors.

• The detected repeats are filtered by means of heuristics
and expected repeats are reported on.

The above algorithm is based on advanced string processing
techniques. The maximal run of k-mismatch tandem repeats
notation is used to find all repeats during the first part of the
algorithm. Given an error threshold, k, a run of k-mismatch
tandem repeats of motif m is a string such that any substring of
size 2m or more is a tandem repeat with at most k substitution
errors [11]. The computation of maximal runs of k-mismatch
tandem repeats has several limitations:

• The parameter k, which is the number of mismatch errors
should be specified beforehand. This implies that the
user has to have an a priori knowledge of the motif of
repetitions he/she is looking for in order to be able to
specify a proper number of allowed errors.

• There are certain artefacts of the definition of maximal
runs of k-mismatch tandem repeats, that produce unnatu-
ral side effects. The definition sometimes turns out to be
too rigid: indels are not directly accounted for. Rivals et
al suggest that these indels can be accounted for by using
large k values [23].

• All repetitions are output, including those that are ex-
pected or insignificant.

The repeats found by the first part of the algorithm are now
processed by the second part to obtain the desired repeats.
Details can be found in Kolpakov et al [11] on the heuristic
treatment in the second part to remove errors introduced in
the first part.

B. Phobos
Phobos is claimed to be a highly accurate and fast search

tool which detects microsatellites, minisatellites and satellites
[12]. Phobos has been incorporated into the Staden package2

as an extension of a fast and efficient minisatellite marker [12].
Phobos implements a recursive alignment algorithm [24]

to detect TRs. The developers of Phobos have not published
a formal academic paper. Thus the details of this recursive
alignment algorithm behind Phobos and some of the details
of their calculations are not available.

Phobos checks each position in a sequence and determines
for each unit length, whether it is a valid starting position.
Unfortunately, details of how Phobos determines a valid
start position are not currently available. After Phobos has
established a valid starting position the software extends the
detected repeat in both directions as far as possible. A scoring
scheme is used as optimality criterion. Scoring is computed
as follows: each match in the alignment gets a positive score
of 1, mismatched and indel (insertion or deletion) scores
can be chosen by the user and are restricted to negative
numbers. Phobos allows the inclusion of N’s (Nucleotides
that are unknown) in the DNA sequence. Users can again
decide whether an N is to be treated as neutral with score
0 or as a missense, i.e. as a mismatch or an indel. Starting
units are not scored. A repeat is considered better than another
repeat if it obtains a higher score. This optimality criterion is
used to decide whether a repeat should be extended beyond a
mismatch or gap position or not [24]. Presently, the above is
the only information that has been made available with regards
to the optimality criterion.

C. Approximate Tandem Repeat Hunter (ATRHunter)
The ATRHunter algorithm is constituted of two phases:

a screening phase, followed by a verification phase. The
screening phase identifies candidate ATRs of one of the types
defined with respect to a scoring function ! [13]. The scoring
function computes the similarity of two sequences, whereby
the higher the score, the more similar are the sequences. The
following are types of ATRs as defined by Wexler et al [13]:

• A simple ATR is a concatenation of sequences T =
T1T2 · · · Tr for which there exists a sequence T! such that
!(Ti, T!) ! " for every i = 1, · · · , r. In other words, T
consists of r (possibly) mutated copies of a consensus
motif T! with diversity limited by !(Ti, T!) ! ".

• A neighbouring ATR is a concatenation of sequences T =
T1T2 · · · Tr for which !(Ti, Ti+1) ! " for every i =
1, · · · , r"1. This definition allows the similarity between
distant copies to be small.

2A Staden package is an extension for automating minisatellite marker
design developed by Lars Kraemer (now IKMB Kiel).
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• A pairwise ATR which generates the latter, is the con-
catenation of sequences T = T1T2 · · · Tr for which the
similarity !(Ti, Tj) for every pair Ti and Tj is higher
than the threshold "ij .

The screening phase generates a list of candidate regions
that may contain TRs. Thus the screening phase identifies sub-
strings which each have an unusually high probability of being
a TR. The candidate ATR identified should pass the similarity
criteria in which very strict criteria will limit the number of
false candidates.

Similarity between two adjacent sub-strings of length t
is tested by comparing segments of length l of these two
sub-strings. Every segment of length l (also referred to as
an l!window) in the first sub-string is compared with the
corresponding l!window in the second sub-string. The result
of this comparison is a vector entry which indicates a match
or a mismatch. This vector is said to be a q-quality vector if
the number of matches is at least q " l, where 0 # q # 1.

Two quantities that are very important in defining the
similarity criteria are:

• score St(i), which is the number of q-quality vectors
computed by comparing two sub-strings starting at po-
sition i; and

• gap !t(i), which is the maximal number of consecutive
l!windows in the sub-string of length t starting at
position i that generates vectors which are not q-quality.

The similarity criteria depends on the motif length t and
two parameters PM and PI , where PM is the probability of
a match between two aligned string elements, and PI is a
measure of the number of insertions (or deletions) that are
expected when comparing adjacent sub-strings. For a sub-
string of length t starting at position i to be considered as a
candidate, it should pass the following three similarity criteria:

• Score criterion: Si $ #t.
• Continuity criterion: !i # $t.
• Distance criterion: Every q-quality vector counted in

St(i) is the result of a comparison between two
l!windows whose offset is at least 0 but not more than
dt
max.

During the verification phase, the list of candidate ATRs from
the screening phase is validated to determine if the ATRs are
in fact what they are supposed to be. Every type of ATR,
as discussed earlier, is subjected to two different verification
procedures. Firstly, a candidate ATR and a sub-string are
aligned and tested to verify whether the alignment score passes
a given threshold. The alignment of a TR must meet or exceed
this alignment score. Secondly, two repeats are combined into
a single ATR containing more repeats. A certain statistical
framework is used in determining whether the threshold is met.
Further reading on it can be obtained in Wexler et al [13].

D. TRF

TRF uses a probabilistic model to find TRs. The model is
said to be probabilistic because it is based on percent identity.
Two tandem copies of a pattern are aligned by a sequence

A G C T C A C T A G T A C A C A
! | | | | | | | ! | | ! ! | | |
C G C T C A C T G G T A C A
T H H H H H H H T H H T T H H H

Fig. 1. Two TR copies aligned, H is a match, and T is a mismatch or indel.

of Bernoulli trials3. The probability of a match (shown as H
for Heads) represents the average percent identity between the
copies. A tails is a mismatch, insertion or deletion. Figure 1
shows the idea behind the model. A match in the figure is
shown as H for Heads, and a mismatch, insertion or deletion is
shown as T for Tails. The probability of a match is given by the
average percent identity between the copies. For example, the
length of the top string in the figure is 16, and the number of
matches (the number of times H occurs) is 12. The probability
of a match between the two example TR copies in the figure
is therefore 12!100

16 = 75%.
The algorithm can be viewed as having two components.

The detection and analysis components. The detection compo-
nent searches for candidate TRs while the analysis component
attempts to produce an alignment for each candidate and
reports on TR statistics.

The TRF algorithm looks for matching nucleotides sepa-
rated by a common distance denoted by d [25]. It looks for
runs of k matches, called k-tuple matches.

This k-tuple is a window that contains k consecutive char-
acters. A Bernoulli model would produce a run of k heads if
two k-tuples match, i.e. if they contain the same characters in
the same order.

A list of all possible k-length strings is kept. Each such
string is called a probe. Each probe, p, is slid across the
sequence and a list, Hp, of occurrences of p in the sequence is
maintained. For every entry i and earlier entry j in Hp of the
probe p, the distance d = i ! j is a possible pattern (motif)
size for a tandem repeat, since the strings starting at i and
j respectively are matching k-tuples. Information about other
k-tuple matches at the same distance is placed in a distance
list DP and this list is updated every time a match at distance
d is detected.

The information in the distance list is evaluated using
some criterion. If it passes this evaluation, the candidate
pattern is selected from the nucleotide sequence and is aligned
with the surrounding sequence using wrap-around dynamic
programming [26]. This is seen as the analysis component of
the algorithm.

III. COMPARISONS

In this section, software discussed in the previous section is
compared. The comparison is in terms of data that is generated
as well as in terms of the respective execution times. Generated
data refers to PTRs and ATRs reported by the respective
packages. (Section III-D).

3A Bernoulli trial is an experiment whose outcome is random and can be
either of two possible outcomes, success and failure. The tossing of a coin
can be identified with a Bernoulli trial, where, say, Heads is associated with
success and Tails with failure.
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TABLE I
THE NUMBER OF MINISATELLITES REPORTED FOR DIFFERENT MOTIF
LENGTH. THE ALGORITHMS WERE FIRST RUN ON Jejuni genome THEN

Human X Chromosome.

Motif size Mreps Phobos TRF ATRHunter
Jejuni HumanX Jejuni HumanX Jejuni HumanX Jejuni HumanX

6 1328 35 1328 35 1222 4 6 2
7 263 11 252 9 241 6 0 0
8 98 5 94 5 89 4 0 0
9 98 3 95 2 90 2 98 3
10 10 1 10 1 35 1 10 4
11 10 0 10 0 15 1 10 0
12 11 1 11 1 25 0 11 1
13 0 1 0 1 0 0 0 1
14 0 0 0 0 0 0 0 2
15 1 0 1 0 2 0 1 0
16 0 0 0 0 1 0 0 0
17 0 0 0 0 1 0 0 0
18-20 0 0 0 0 0 0 0 0
21 1 0 1 0 1 0 1 0
22-100 0 0 0 0 0 0 0 0
Total 1820 57 1802 54 1722 18 137 13

A. The sample data and computer configuration
Data that was used during trial runs is as follows:
• The Human X Chromosome (±50KB)
• The Jejuni genome sequence (±1.6MB)
• The Fusarium genome (±34MB)

The latter was used for the execution time comparison. All
this data is available on www.dna-algo.co.za. These software
packages were run on Windows XP Version 2002 with service
pack 3 platform. The machine hardware configuration is: In-
tel(R) Core(TM) 2 Duo CPU E6850 @3.00GHz and 2.99GHz,
1.96GB RAM.

B. Generated data of different software packages
The parameters introduced by different software packages

enable users to manipulate the “type” of minisatellite to be
detected. In the context of this paper “type” refers to the motif
length of ATREs and nature (motif error(s) of each ATRE
allowed). It is clear that in the case of PTRs, no ATREs and
motif errors are allowed. In the next section we report on the
PTRs detected by different software packages.

C. Detected PTR comparisons
For the data comparison of PTRs, two genetic sequences

from Jejuni genome and the Human X Chromosome were used
as input sequences. The results obtained are summarised in
Table III-C.

Parameters of the different software packages were set in
order to ensure only the detection of PTRs. Thus parameters
were set as follows.

• Mreps: the resolution parameter has been set to 0 (res=0).
• Phobos: was set to detect PTRs by setting the search

mode to exact.
• TRF: alignment weights were set to 2, 7, 7 whilst the

alignment score was set to 20.
• ATRHunter: alignment weights were set to 2, 7, 7, 7 and

the alignment score was set to 2.

The idea behind alignment score used in TRF and
ATRHunter is similar. TRs should meet or exceed this score
to be reported. The alignment weights are also the same

Fig. 2. Venn diagram showing overlaping repeats from Jejuni sequence.

(representing: match, mismatch and indels) with additional
weight for terminal indels in case of ATRHunter. Mismatched
and indels scores are treated as negative numbers.
Reported PTRs of the Jejuni Genome sequence:
Mreps reported the highest number of repeats namely 1820;
Phobos reported 1802 repeats whereas TRF reported 1722
repeats. Furthermore we noted:

• All the software packages reported on the longest TR in
the data.

• All the software packages reported on the TR in the data
that had longest motif length, namely 21.

In Figure 2 a graphical representation of detected repeats
is provided as intersecting sets. The number of repeats
detected and reported by all the software packages is 125.
Mreps detected 3 repeats that were not detected by any other
software packages whilst TRF detected 49 that were not
detected by any other software packages.

Reported PTRs of the Human X Chromosome:
Figure 3 shows that 3 repeats were detected by all the software
packages in the Human X Chromosome analysis. TRF detected
one repeat that was not discovered by any other package, and
ATRHunter discovered 3 such repeats. Table III-C shows these
unique repeats detected by TRF and ATRHunter respectively.

Although Mreps detected the most number of repeats it did
not detect any repeats per se that were not detected by other
software packages too.

Mreps and Phobos reported approximately the same set of
repeats. The longest motif length to be reported was 15. Both
TRF and ATRHunter detected this repeat. From generated data
it was clear that Mreps and Phobos detected more repeats
when the motif length was small whist TRF and ATRHunter
detected more minisatellites than Mreps and Phobos when the
motif length increases.

ATRHunter reported overlapping repeats as shown in Ta-
ble III-C.

In this section we considered the detection of PTRs by
the various software packages. Contrary to our expectation,
the software did not report the same repeats. Therefore in
considering ATRs to be detected and reported on in the next
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Fig. 3. Venn diagram showing overlaping PTRs from Human X Chromosome.

TABLE II
UNIQUE REPEATS THAT WERE NOT DETECTED BY OTHER SOFTWARE ON

Human X Chromosome

Software Start position Motif size Sequence
TRF 21584 11 tgtgtgtgtta
ARTHunter 21548 14 ctctctctctctct

49388 10 atatatatat
49411 10 agagagagag

section, one might expect even more variation in the reported
repeats.

D. Detected ATR-comparison

The aim of this investigation was to determine how the
generated data differs in terms of number of TRs detect when
the parameters are set as “loosely” as possible. By this we
mean that parameters of each specific software package were
selected in such a way that the package was given maximum
latitude to decide that a given string of nucleotides should be
construed as a minisatellite. Thus, each respective package was
expected to report as many minisatellites as it was capable to
identify. An extract from the Human X Chromosome was used
for test data.

The Venn diagram presented in Figure 4 represents the
number of TRs detected by the different software packages.
From this figure, it is clear that TRF detected the largest
number of TRs. This is in contrast with the results we obtained
when we were looking for PTRs only. In that exercise, Mreps
detected the largest number of PTRs.

Similarly, ATRHunter reported more TRs than Phobos dur-
ing this search in which ATRs were allowed, whereas the
situation was reversed in the previously described search for
PTRs.

The software packages were only able to find 3 common
TRs. The number of “unique” repeats—i.e. TRs only reported
by one of the software packages—increased drastically.

The further investigation that is required into the differences
between the generated data of the various packages will be
briefly discussed in Section IV. Before that, however, the
execution times of the various packages are investigated in
the next section.

TABLE III
OVERLAPS IN REPEATS REPORTED BY ATRHunter

Start Motif size Sequence
21548 10 ctctctctct
21548 14 ctctctctctctct

49411 6 agagag
49411 10 agagagagag
49411 14 agagagagagagag

Fig. 4. Venn diagram showing overlaping repeats from Human X Chromo-
some. The repeats include both perfect and approximate.

E. Execution time comparison

TABLE IV
PACKAGE EXECUTION TIME ON THE Fusarium SEQUENCE

Motif length: 1-50
Software Parameter(s) Time
Mreps 0 7.67s

1 21.53s
6 78.57s

TRF (Score: Weight) 50: 2 7 7 32.65s
30: 2 5 5 49.78s
20: 2 3 5 92.58s

Phobos Perfect 54.5s
Approximate 14.85 Hours

Motif length: 1-100
Mreps 0 7.75s

1 21.56s
6 78.73s

TRF (Score: Weight) 50: 2 7 7 33.84s
30: 2 5 5 51.94s
20: 2 3 5 106.04s

Phobos Perfect 101.43s
Approximate indefinitely

Table IV shows the execution times of three of the packages
on Fusarium sequence4. The packages were run with motif
size 1-50, and then with motif size 1-100. The bottom limit
of 1 was selected throughout because TRF cannot change its
minimum motif. We therefore selected the minimum motif

4ATRHunter was not included in this run because of difficulties which were
encountered during the setting of parameters.

175



setting on the other packages to be 1 as well so as to ensure
fairness. Mreps was run with its resolution parameter setting
at 0, 1, and 6 respectively. Three different TRF score / weight
combinations were used as shown in the table. Phobos was
run in exact mode and then in imperfect mode.

From the execution time results, it can be seen that in-
creasing a package’s motif size increases the execution time.
The number of errors allowed (i.e. the extent of approximate
matching) also has an impact on the execution time: the more
errors are allowed, the more time is needed by the packages
to report on detected repeats.

In comparing execution time for different packages, it is
clear that Phobos is less efficient than the other two packages.
This was especially the case when searching for ATRs, where
the time difference became very large indeed. Of the remaining
two packages, Mreps appears to have a slightly better execu-
tion time than TRF.

IV. CONCLUSION AND FUTURE RESEARCH INITIATIVES

From the data presented in Section III it is clear that
different software packages detect different TRs. At first sight,
this might seem surprising. However, the scope for giving
various interpretations for the same string of nucleotides is
very wide indeed. For example, the string AAA AAA G could
be viewed as a PTR of motif length 3 with 2 repeats, or a
PTR of motif length 2 with 3 repeats, or a PTR of motif
length 1 with 6 repeats, or an ATR starting in the 2nd position
with motif AA and 3 repeats, but with a mismatch in the last
position. Furthermore, once a package has identified a repeat,
the policy on where to start looking for the next repeat could
also differ: some looking for TRs that may overlap with the
one just found, and others looking for non-overlapping TRs
only.

In an earlier and similar study on microsatellites (as opposed
to ours on minisatellites), Rivals [23] reported that various
authors had differing notions of ATRs, but that each imple-
mentation conformed to its own definitions. This, then, was the
reason for differences in that particular context. We conjecture
that the explanation can be given for the differences in ATR
generated data that is shown in Figure 4.

The results displayed in Figures 2 and 3 confirm that the
notion of PTRs also differs from one package to the next.
It is interesting to note that there is a high correspondence
between the Mreps and Phobos generated data. These two
packages allowed the user specifically to request PTR data
generation. In the case of TRF and ATRHunter, the user is
required to set score and weight parameters as stringently as
possible. As a result, these packages find some, but not all, the
PTRs identified by Mreps and Phobos. In addition, they also
report other TRs which conform to their parameter settings,
but which are not PTRs. These are PTRs identified by Mreps
/ Phobos, but which have been extended slightly, because the
TRF / ATRHunter settings allow for a small tolerance of errors,
instead of eliminating them completely.

This may explain why there is much difference be-
tween PTRs detected by the two sets ((Mreps,Phobos) and

(TRF,ATRHunter)).
Figures 2 and 3 show that a total of 18 and 3 repeats,

respectively, were detected by Mreps but not by Phobos. These
turned out to be PTRs that were embedded in larger PTRs
identified by both packages.

The literature on the various software packages does not in-
dicate whether they have been developed for specific biological
research scenarios. If this is the case, then it seems plausible
to classify software searching for minisatellites in terms of its
intended application context, and to presume that the precise
definitions used for PTRs and ATRs were context-dependent.

Definitions regarding minisatellites may be context-
dependent, consequently there appears to be a need for stan-
dardised definitions within the different biological contexts
that are accepted by all concerned. Only then will it be pos-
sible to design minisatellites detecting software that behaves
consistently in filtering out redundant data and generating only
relevant data for a given biological scenario.
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Abstract—We present the MUCT database consisting of 3755
images of human faces with 76 manual landmarks. Compared to
existing publicly available 2D manually landmarked databases,
the MUCT database provides more diversity of lighting, age, and
ethnicity. As an example application of the database we show that
an Active Shape Model trained on the MUCT data is a little more
flexible than one trained on the XM2VTS data. The database is
freely available for academic use.

I. INTRODUCTION

Many databases of face images are publicly available. For
certain applications, not only the images themselves but also
the coordinates of the facial features are necessary. With the
current state of the art, these coordinates, or landmarks must
be located manually, that is, by a human clicking on the screen.
This paper introduces the MUCT database of 3755 faces with
76 manual landmarks. Our main motivation for creating the
database was to provide more variety than the existing publicly
available landmarked databases — variety in terms of lighting,
age, and ethnicity.

In this paper we first describe the MUCT images and
landmarks. We then give an overview of similar databases.
Finally we compare Active Shape Models (ASMs) [1] trained
on the MUCT data to those trained on the XM2VTS data [2].

II. THE MUCT DATABASE

Figure 1 shows some images from the MUCT database.
(MUCT stands for “Milborrow / University of Cape Town”).
The subjects in the database were sampled from people around
the Leslie Social Sciences Building on the University Of Cape
Town campus in December 2008. This diverse population
included students, parents attending graduation ceremonies,
high school teachers attending a conference, and employees of
the university such as cleaners and security personnel. A wide
range of subjects was photographed, with approximately equal
numbers of males and females, and a cross section of ages and
races. To recruit subjects, one of the researchers approached
people asking if they would volunteer to be photographed,
with the promise of a bar of chocolate as an inducement.

Subjects who wore makeup, glasses, or headdresses retained
those for the photographs. Subjects were not asked to display
any particular facial expression; in practice this meant that
most were photographed with a neutral expression or a smile.
All subjects were 18 or more years of age.

Each subject was photographed with five webcams arranged
as shown in Figures 3 and 4, yielding the views shown in
Figure 5. An attempt was made to trigger all five cameras

Fig. 1. Some images from the MUCT database.

Fig. 2. The 76 MUCT landmarks. These landmarks are the 68 points defined
by the popular FGnet [3] markup of the XM2VTS database [2], plus four extra
points for each eye.
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Fig. 3. The five cameras and their relationship to the subject’s face. Camera
a is directly in front of the subject’s face, up to variations in height of seated
subjects.

Fig. 4. The overall setup, looking towards the subject past the frame holding
the cameras.

simultaneously, making the database also useful for applica-
tions requiring multiple simultaneous views of the subject —
although software delays meant that there was some difference
in triggering times. Each subject was seated and faced camera
a, however differences between the seated height of subjects
and their posture introduced some variation in their orientation
relative to the cameras (the subjects were seated to minimize
variation in height). Note that no cameras were located to the
left of the subject, since those views can be approximated by
mirroring the images from the cameras on the right.

Ten different lighting setups were used, and each subject
was photographed with two or three of these lighting sets. Not
every subject was shot with every lighting setup, to achieve
diversity without too many images. Table I gives details, and
Figure 6 shows one subject shot under three different lighting
sets. Standard neon office lighting was augmented by halogen

Fig. 5. The five camera views of one subject. This subject was shot under
different lighting sets; only one set is shown here.

Fig. 6. A subject shot under three different lighting sets. Five views of this
subject were shot for each of these lighting sets; only the frontal view (camera
a) is shown here.

lamps (such as those found in hardware stores) with diffusion
screens (Figure 4).

The cameras were Unibrain Fire-i [4] webcams with Sony
ICX098BQ CCD sensors. The image format was RGB (3
x 8 bit) with a resolution of 640 x 480 pixels. Camera
settings were fixed for all images as follows (please refer
to the Unibrain camera documentation [4] for details on
these settings): Exposure manual 350, WhiteBalance manual
85/50, Brightness manual 180, Gain 70, Shutter 6, Gamma
0, Saturation 120, FrameRate 3.75, and Sharpness 50. These
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TABLE I
LIGHTING SETS IN THE MUCT DATABASE. THE “NBR OF IMAGES”

COLUMN IS THE NUMBER OF SUBJECTS ! THE NUMBER OF LIGHTING
SETS (2 OR 3) ! THE NUMBER OF VIEWS (5).

Lighting set Subject ID Nbr of subjects Nbr of images
q r s 000 - 090 91 1365
t u v 200 - 307 108 1620
w x 400 - 451 52 520
y z 600 - 624 25 250

Total 276 Total 3755

settings were chosen to produce a reasonably wide dynamic
range with no or very little saturation, with the color balance
on a white card uniformly distributed across the three color
channels (in retrospect, we should have set the color balance
for better skin tones). For reference, photos were also made
of a GretagMacbeth color chart [5] in the same environment.
Although automatic exposure and white balance is more typi-
cal for webcams, we used fixed settings for uniformity across
all images. However, it should be mentioned that we found
considerable difference between the five individual Unibrain
cameras (for example, the color balance of the image was
different across cameras when photographing the same scene
with the same camera settings).

III. THE LANDMARKS

Figure 2 shows the positions of the MUCT landmarks.
The definition of these landmarks is the same as the 68
XM2VTS [2] points, plus 4 extra points around each eye.
The position of landmarks obscured by hair or glasses was
estimated by the human landmarker. Landmarks that were
obscured behind the nose or side of the face in a three-quarter
view were marked as such with a special value in the database
(this only affects images taken with cameras b and c). All
landmarks were carefully checked by a third party.

How reliable are manual landmarks? To test the validity of
the assumption that manual landmarks are a suitable ground
truth, we manually re-landmarked the left eye pupil and nose
tip on 300 BioID faces [6]. The objective was to see how these
differed from the original BioID landmarks. (The position of
the pupil can usually be estimated reliably by hand. Estimating
the position of the tip of the nose is much more subjective.
The mean accuracy of other landmarks in the interior of the
face can be expected to be somewhere between these two
extremes.) We measured the euclidean distance between each
of these remarked landmarks and its original position in the
BioID FGnet data [3]. We then divided this distance by the
inter-eye distance to prevent arbitrary dependence on face size.
The mean inter-eye distance is 61 pixels for these 300 images,
thus a distance of 1/61 = 0.016 corresponds to one pixel.
Figure 7 shows the distribution of these normalized distances.
The figure shows that one can expect median uncertainties in
manual landmark positions of roughly one or two pixels for
faces like the BioID faces.
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Fig. 7. Density of the discrepancy between original BioID landmarks and
manually remarked points. Measured on 300 BioID faces as the euclidean
distance between the original and remarked coordinates, divided by the inter-
pupil distance. The MUCT-trained ASM result from the left of Figure 10 is
shown for reference.

IV. EXISTING LANDMARKED FACE DATABASES

This section is a review of publicly available manually
landmarked 2D face databases. We believe that this review
is comprehensive at the current time (Sep 2010), although it
is possible that our web searches missed a database. Note that
we are interested here only in databases with complete sets of
landmarks, and thus ignore databases such as the well-known
FERET [10] and CMU [11] sets, which have landmarks only
for the eye pupils. We also ignore 3D databases such as the
Bosphorus set [12].

Examples from the databases are shown in Figure 8. The
key statistics of the databases are summarized in Table II. In
alphabetical order, the databases are:

• The AR database (Purdue University [13])
The manually landmarked subset of the AR database
consists of 508 768x576 color images of 126 subjects
with 22 landmarks. The faces were shot with a neutral
expression, or a smile, or an angry expression (usually
very mild), or with the left light on. The pose is nom-
inally frontal but with considerable variation. The AR,
BioID, and XM2VTS images were manually landmarked
by the Face and Gesture Recognition Working Group
(FGnet) [3].

• The BioId database (BioID AG [6])
The BioId dataset consists of 1521 384x286 images of 23
subjects with 20 landmarks. The pose is nominally frontal
but with considerable variation. There is more variety of
face sizes than in the other databases, although the mean
face size is smaller (see Table II). There is a wider variety
of expressions (such as smiles) than the XM2VTS data.
The background is an office interior with stable lighting.

• The IMM database (Technical University of Den-
mark [14])
The IMM database consists of 240 640x480 images of 40
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Fig. 8. Examples from other databases

TABLE II
STATISTICS OF PUBLICLY AVAILABLE LANDMARKED FACE DATABASES

MUCT AR BioId IMM PUT XM2VTS

Nbr of landmarked imagesa 3755 508 1521 240 2193 2360
Nbr of landmarks 76 22 20 58 199 68
Nbr of subjects 276 126 27 40 200 295
Image size (pixels) 480x640 768x576 384x286 648x480 2048x1536 720x576
Mean inter-pupil dist (pixels) 88 112 54 ? 280 101
Coeff of var inter-pupil distb 0.08 0.07 0.21 ? 0.10 0.06
Image color color color mono color/mono color color
Nbr of lighting sets 10 2c 1 2 1? 1?
Backgroundd blue white office green various blue
Female percent 51 41 40 20 11 47
Wearing glasses percent 18 31 32 0 0 36
Viola Jones fail percent [7]e 1.8 1.2 4.3 0.0 0.2 0.7
Rowley fail percent [8] 3.8 4.9 12.0 0.8 0.5 3.6
Rowley eye fail percentf 11.8 9.6 24.7 4.1 1.2 10.7

a Only landmarked images are counted (some of these databases include images that are not landmarked).
b The coefficient of variation is defined as the standard deviation divided by the mean.
c The manually landmarked subset of the AR faces uses only two of the four AR lighting sets.
d The background for all databases is flat, except for the BioID faces where the background is a more-or-less

stable office scene.
e Percentage of faces not found by the Viola Jones detector. We used the OpenCV [9] implementation.
f Percentage of the faces for which the Rowley detector did not find both eyes (including images where the

face was not found at all). The fail rate of the face and eye detectors can be used as rough measure of the
“difficulty” of the images. The fail rates for real world data (such a typical personal photo collection) will
typically be much higher than the figures in the table.

subjects with 58 landmarks. Each subject was shot with
a fixed set of 6 different poses and lighting conditions.

• The PUT database (Poznan University of Technol-
ogy [15])
The landmarked subset of the PUT database consists of
2193 2048x1536 color images of 200 subjects with 199
landmarks (the original PUT data had 194 landmarks;
five extra landmarks were added by the authors to allow
use of the me17 measure described in Section V). Each
subject appears in 22 face orientations, all under the
same lighting. This database is distinguished by the high

resolution of the images. Nearly all subjects are white
males in their early twenties with a neutral expression,
and none of the subjects wear glasses.

• The XM2VTS database (University of Surrey [2])
The manually landmarked subset of the XM2VTS
database consists of 2360 720x576 color images of 295
subjects with 68 landmarks. The pose is nominally frontal
but with considerable variation. The lighting is uniform,
with a flat background.

Of these databases, the XM2VTS data is arguably the best
for training ASMs and similar models because it contains a
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Fig. 9. The me17 landmarks

fairly large number of faces of different types with a fairly
large number of landmarks. However, the variety of XM2VTS
images is rather limited: the lighting is uniform, most of the
subjects are white, the facial expressions are mostly neutral,
and the poses are mostly frontal. The MUCT database was
developed to address those issues.

The BioID data is useful as a test set because of its variety
of face orientations, expressions, and face sizes — although
it should be remembered that none of these landmarked
databases exhibit the variety of real world data (for example,
compare the images from landmarked databases in Figure 8
to the CMU image in the same figure).

V. ACTIVE SHAPE MODEL RESULTS

In order to characterize the MUCT data, we trained one
Active Shape Model (ASM) [1] on the MUCT data and another
on the XM2VTS data. To expose the differences between the
databases independently of the size of the databases, we used
the same number of landmarks and images in both training
sets. More precisely, for the XM2VTS training set we used
all 68 landmarks and 2360 images; for the MUCT training set
we used a matching subset of 68 landmarks, and 2360 images
randomly selected from the total of 3755 in the MUCT set.

We used MUCT images from all lighting sets and cameras
a, d, and e (ignoring cameras b and c to avoid complications
raised by obscured landmarks). Other subsets would also be
reasonable. We then ran both ASMs on the BioID faces. We
followed the training protocol described in Milborrow and
Nicolls [16], [17]. Note especially that we did not use the
BioID test set during model training or tuning.

Following Cristinacce [18], we measured results using the
me17 distance. The me17 distance is calculated by taking the
mean of the euclidean distances between each of 17 internal
face points located by the ASM search (Figure 9) and the
corresponding manually landmarked point. This mean is then
normalized by dividing by the distance between the manually
landmarked eye pupils. The measure, like any, is to some
extent arbitrary. It ignores, for example, points on the face
perimeter (intentionally, because the points on the perimeter
have a high variability across human landmarkers).

The left side of Figure 10 shows the results of this test.
We see that, on the BioID data, the MUCT-trained ASM

outperforms the XM2VTS-trained ASM.
The MUCT data has a wider range of mouth shapes than

the XM2VTS data, and we would expect it to be better for
training ASMs that must deal with a range of mouth shapes.
The right side of Figure 10 shows that to be so.

We also compared the MUCT-trained ASM and XM2VTS-
trained ASM on the PUT images. The PUT faces can be
considered to be “easy” — they are high quality uniformly lit
faces without glasses, and most of the subjects are young white
males, a group well represented in the XM2VTS training data.
The left side of Figure 11 shows that the two sets of results
on the PUT data are comparable.

We mention that the MUCT results are a little better if all
76 landmarks are used for training (right side of Figure 11).

Summarizing, a MUCT-trained ASM is better able to deal
with a wider variety of faces than an XM2VTS-trained ASM,
and gives comparable results on “easy” faces. Admittedly
that is not a completely water-tight conclusion, because we
measured results only on the BioID and PUT data, used
only the me17 measure, and ignored statistical uncertainty.
(Statistical uncertainty is difficult to estimate for such tests,
however the above results were very similar when we repeated
the tests independently on each half of the BioID data.)

We emphasize that our use of ASMs here is for illustrative
purposes and should not be taken to imply that the MUCT
data is suitable only for training ASMs.

VI. CONCLUSION

Although we used an Active Shape Model in the example
above, the MUCT data should be suitable for training and
evaluating a wide assortment of models. The data and software
to reproduce the results in this paper may be downloaded from
www.milbo.org/muct. We hope that other researchers will find
the database useful.
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B. Sankur, and L. Akarun, Bosphorus Database for 3D Face Analysis.
COST Workshop on Biometrics and Identity Management (BIOID),
2008.

[13] A. Martinez and R. Benavente, The AR Face Database. CVC Tech.
Report 24, 1998.

[14] M. M. Nordstrøm, M. Larsen, J. Sierakowski, and M. B. Stegmann,
The IMM Face Database - An Annotated Dataset of 240 Face Images.
Technical Report, Technical University of Denmark, 2004.

[15] A. Kasinski, A. Florek, and A. Schmidt, The PUT Face Database.
Image Processing and Communications, 13(3-4), 59-64, 2008.

[16] S. Milborrow, Locating Facial Features with Active Shape Models.
Master’s thesis. University of Cape Town, 2007.

[17] S. Milborrow and F. Nicolls, Locating Facial Features with an Extended
Active Shape Model. ECCV, 2008.

[18] D. Cristinacce and T. Cootes, Feature Detection and Tracking with
Constrained Local Models. BMVC, 2006.

184



Pronunciation Modelling of Foreign Words
for Sepedi ASR

Thipe Modipa
Department of Electrical, Electronic,

and Computer Engineering,
University of Pretoria

Email: tmodipa@csir.co.za

Marelie H. Davel
Human Language Technology Competency Area

CSIR Meraka Institute,
Pretoria, South Africa

Email: mdavel@csir.co.za

Abstract—This study focuses on the effective pronunciation
modelling of words from different languages encountered during
the development of a Sepedi automatic speech recognition (ASR)
system. While the speech corpus used for training the ASR system
consists mostly of Sepedi utterances, many words from English
(and other South African languages) are embedded within the
Sepedi sentences. In order to model these words effectively,
different approaches to pronunciation dictionary development
are investigated, specifically: (1) using language-specific letter-to-
sound rules to predict the pronunciation of each word (based
on the language of the word) and mapping foreign phonemes
to Sepedi phonemes using linguistically motivated mappings,
(2) experimenting with data-driven foreign-to-Sepedi phoneme
mappings, and (3) using Sepedi letter-to-sound rules to predict
the pronunciation of all words irrespective of language. We find
that the data-driven phoneme mappings are more accurate than
the initial linguistically motivated mappings evaluated, and (with
a slight margin) obtain our best result using Sepedi letter-to-
sound rules across all words in the speech corpus.

I. INTRODUCTION

Spoken dialog systems (SDSs) are automated systems that
use voice as input and output when interacting with a user.
These systems rely on speech technologies such as automatic
speech recognition (ASR) and speech synthesis. SDSs are
important tools for information service provision over the
telephone, and are increasingly being developed for under-
resourced languages in developing countries such as South
Africa.

Amongst other things, the development of ASR systems
relies on the accurate modelling of word pronunciations,
typically using pronunciation dictionaries to map a word to its
standard (or canonical) pronunciation [1]. Context-dependent
phonetic effects are usually not modelled explicitly in the
pronunciation dictionaries of speech recognition systems, as
the statistical acoustic models are trained to take context-
dependent effects into account.

One of the challenges encountered when developing a pro-
nunciation dictionary in multilingual environments relates to
the extent in which code-switching occurs: speakers naturally
embed words or phrases from other languages. For example,
even when constrained to a spoken dialogue, many speakers
of South African languages would use English numbers, dates
and times. In addition, many place names have pronunciations
that are clearly linked to other languages spoken in the vicinity.

In this paper we focus on the pronunciation modelling
of foreign (non-Sepedi) words encountered during the de-
velopment of a Sepedi ASR system. Words are categorised
according to their language and we experiment with different
approaches that can be used to model the out-of-language
words. We measure the effectiveness of our modelling ap-
proaches by measuring phoneme recognition accuracy.

The paper is structured as follows: In Section II we first
discuss related research. We then describe our approach and
experimental design in Section III, and present the results ob-
tained in Section IV. The overall outcome of the experiments
and future work are discussed in Section V.

II. BACKGROUND

In this section we provide some background with regard to
speech recognition for Sepedi and related languages, and dis-
cuss general approaches to modelling out-of-language words.

A. Sotho-Tswana speech recognition
Sepedi is one of the official South African languages and

is spoken by approximately 4.2 million people. It is mostly
spoken in the Limpopo province [2] and has more than 20
dialects [3]. Sepedi belongs to the Sotho-Tswana languages,
with Setswana and Sesotho two other languages from this
language family. These three languages share most of their
phoneme inventories. Sesotho is spoken by approximately 3.5
million people and this language is dominant in the Free State
province. On the other hand, Setswana is mostly spoken in the
North West province, by approximately 3.6 million people [2].

A number of Sotho-Tswana ASR systems have already been
developed: an initial Sepedi ASR system [4]; Sesotho, Sepedi
and Setwana ASR systems as part of the Lwazi project [5];
and an improved Sepedi ASR system [6]. The latter work
specifically investigated whether complex consonant clusters
could be represented as sequences of simpler sounds. This
process reduced the phoneme inventory of Sepedi from 45 to
32, resulting in simpler dictionary development and slightly
more accurate acoustic modelling.

B. Recognising out-of-language words
Individuals from multilingual environments tend to use

more than one language in their conversations and these
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utterances pose a challenge to monolingual automatic speech
recognisers. (Monolingual recognisers are trained to recognise
speech in one language only.) For these recognisers, foreign
words are often ignored and regarded as out-of-vocabulary
(OOV) words. Other options for recognising foreign words
include:

• Recognising the occurrence of foreign words on-the-fly
using confidence measures and language identification
systems, and then switching to different monolingual
recognisers for identified sections of utterances. This is
typically used for longer phrases and sentences embedded
within the primary language.

• Modeling foreign words explicitly by combining lan-
guage models and dictionaries from multiple languages.
This is the more typical approach.

We are interested in the latter approach, which again has
two important variations, specifically with regard to the rules
that are used to generate the pronunciations, and whether
these originate from the primary language or the foreign
language [7]. In the first case, the letter-to-sound rules of the
primary language are applied to the word list and pronunci-
ations are predicted. In the second case, the use of letter-to-
sound rules from the foreign language is required to predict
the pronunciation of the words, and the language-dependent
phonemes mapped from the foreign to the primary language.
(The primary language and the foreign language consist of
some phonemes that are common to both languages and other
phonemes that are language dependent. Common phonemes
are simply retained.)

Where language-dependent phonemes are encountered, a
mapping is required. Such a mapping is obtained according
to one of the following main approaches [7]:

1) creating a manual mapping by hand,
2) using a linguistic feature-based automatic mapping, and
3) generating a data-driven mapping.
Manual mapping requires a phonetic expert to analyse the

data; linguistic feature-based mappings rely on the accuracy
and consistency with which international phonetic alphabets
are applied across languages; and data driven mappings in-
clude the use of distance measures and the analysis of confu-
sion matrices [8].

III. EXPERIMENTAL DESIGN

In this section we describe the different approaches we
use to model foreign words occurring in the Sepedi corpus,
the Sepedi speech corpus itself and the various experiments
conducted.

A. Approaches investigated

In the subsequent experiments, we compare the following
three approaches for modelling foreign words:

1) Using language-specific letter-to-sound rules to predict
the pronunciation of each word (based on the language
of the word) and mapping foreign phonemes to Sepedi
phonemes using linguistically motivated mappings,

2) Experimenting with data-driven foreign-to-Sepedi
phoneme mappings based on the confusion matrices
obtained in (1), and

3) Using Sepedi letter-to-sound rules to predict the pronun-
ciation of all words, irrespective of language.

B. Data

Our experiments are based on the Lwazi ASR corpus [9].
The corpus contains speech data from each of the eleven
official languages of South Africa. Approximately 200 speak-
ers per language (2,200 speakers in total), contributed read
and elicited speech, recorded over a telephone channel. Each
speaker produced approximately 30 utterances; 16 of these
were randomly selected from a phonetically balanced corpus
and the remainder consist of short words and phrases.

We use the Sepedi subset of the Lwazi ASR corpus and
develop our own pronunciation dictionary, by extending the
Lwazi Sepedi pronunciation dictionary [10]. Each of the
Lwazi dictionaries is accompanied by a set of letter-to-sound
prediction rules, which can be used to predict words not
contained in the original dictionary.

C. Baseline system

Our baseline ASR system follows a standard Hidden
Markov Model (HMM) design. Acoustic models consist of
cross-word tied-state triphones modelled using a 3-state con-
tinuous density HMM. Each HMM state distribution is mod-
elled by a 6-mixture multivariate Gaussian with a diagonal
covariance matrix. The 39-dimensional feature vector consists
of 13 static Mel-Frequency Cepstral Coefficients (MFCCs)
with 13 delta and 13 delta-delta coefficients appended. The
final preprocessing step applies Cepstral Mean Normalization
(CMN) which calculates a per utterance bias and removes
it. The different HMM state distributions are estimated by
running multiple iterations of the Baum-Welch re-estimation
algorithm. Once the triphone acoustic models are trained, a
40-class semi-tied transform is estimated to further improve
acoustic model robustness.

Phoneme recognition is performed using a flat language
model (all phonemes are considered equally likely at all times)
and phoneme accuracy is measured. This is a conservative
measure: an accuracy of approximately 60% when performing
flat phoneme recognition can translate into an accuracy of 90%
when performing word recognition for a small (< 100 word)
vocabulary. Phoneme recognition provides a more robust mea-
sure than word recognition, which is heavily influenced by the
recognition vocabulary.

Accuracy is measured using 10-fold cross validation. The
set of 190 speakers is divided into 10 folds. Each training set
consists of 9 folds (171 speakers) and the test set consists of
the remaining 19 speakers (per cross validation run).

D. Word categorisation

A list of words is generated from the Sepedi Lwazi corpus.
The full word list consists of various types of words, including
partial words (the full word was not produced), standard
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Sepedi words, words from different languages and proper
names (such as names of people or places). The majority of
non-Sepedi words were found to be English.

As a first pre-processing step, all partial words are removed
from the word list and the remainder of the word list is
categorised as Sepedi, English and Other words (where ‘Other’
refers to any language that is not Sepedi or English). The
initial language categorization is performed automatically,
using existing English and Sepedi word lists. This results in
three word lists, which are then reviewed manually to ensure
correct categorisation.

For some of the words, accurate pronunciations are already
known (words occurring in the Lwazi dictionaries) but for 60%
of the Sepedi words and most of the ‘Other’ words, this was
not the case. Table I shows the number of words contained in
the Lwazi dictionaries, for the three main word categories.

In addition to these categories, proper nouns can be iden-
tified directly from the transcriptions, based on capitalisation.
For each of the above categories, proper names are also flagged
for special attention, as discussed in more detail below.

TABLE I
Number of words with pronunciations contained in the Lwazi dictionaries

and number of words with unknown pronunciations

Lwazi dict unknown
Sepedi 1 232 1 865
English 144 42
Other 12 116

The correct categorisation of words is not always a clear-
cut task. Sepedi, like many other languages, has a number
of words originally borrowed from another language and now
used as primary Sepedi words, for example, divositse (‘di-
vorced’), a loan word from English. Such a word often mixes
Sepedi and English spelling and pronunciation conventions,
and are difficult to deal with generically. While divositse is
clearly no longer the original English word, it also does not
follow Sepedi writing conventions. (Consider for example the
letter ’v’ found in this word, even though this letter does not
occur naturally in Sepedi words.)

While some loan words, such as divositse for hladile, have
Sepedi indigenous version, other words do not. For example,
the word domain is written in Sepedi as domeine and has
no other Sepedi counterpart. Where both words do exist,
a loan word sometimes has preference over its indigenous
counterpart. For example, Janaware is mostly used instead of
Pherekgong which refers to January in English.

Problematic words were categorised according to the
spelling system used. Words such as Janaware were cate-
gorised as Sepedi, while an unchanged English word such as
eight occurring within a Sepedi utterance would be categorised
as English.

Partial words (words that are cut at the beginning or end
of an utterance) are also problematic since it is difficult to
determine to which language they belong. Short words are
treated as Sepedi. This is done because the original speech

corpus annotaters (all Sepedi first language speakers) used
Sepedi writing conventions to transcribe word fragments.

Upon completion, the final categorisation was verified by a
second reviewer. (The second reviewer evaluated 1 450 words
and edited the categories of 47 words.)

E. Extending the phoneme set
In the first experiment, the extended version of the dictio-

nary is developed as follows:
• All words in the ASR transcriptions are categorized

according to language origin (Sepedi, English or other)
and type of word (general word or proper name) as
described above.

• Pronunciations for Sepedi words (both general words and
proper names) are automatically generated based on the
Lwazi Sepedi letter-to-sound rules.

• Pronunciations for English and other words are similarly
generated using the Lwazi English letter-to-sound rules.

• The problematic word lists (all proper names and the
general words that are neither from Sepedi or English
origin) are reviewed manually, and errors found are
corrected.

• The ASR system is trained with a phoneme set containing
all phonemes from both English and Sepedi. Note that
none of the Other words utilised phonemes not occurring
in either English or Sepedi. (For the rest of the paper
all foreign phonemes are therefore referred to as English
phonemes.)

F. Linguistically motivated mappings
In this experiment we follow the same procedure as de-

scribed in section III-E but this time we define a mapping that
maps each English phoneme to its closest matching Sepedi
phoneme, as described in [6] and listed in Table II. Initial
mappings are based on SAMPA notation, and phonemes that
are similar for Sepedi and English are not shown. (Phone in-
ventories of the languages of the world contain both language-
dependent and language-independent sounds. Phonetic experts
documented these sounds in phonetic inventories, such as IPA
or SAMPA [11].) Where no close match can be found and an
English phoneme occurs sufficiently frequently in the corpus,
the phoneme inventory is extended with an English phoneme.

Finally, the problematic word lists (all proper names and the
general words that are neither from Sepedi or English origin)
are reviewed manually, and pronunciation errors found are
corrected, prior to ASR system training. While pronunciation
errors that were found were corrected, it was not always clear
how a word should be pronounced. In these cases the most
probable pronunciations were selected.

G. Data-driven mappings
In this experiment we follow the same procedure as de-

scribed in section III-F but this time the English-to-Sepedi
phoneme mapping is developed based on the confusion matrix
obtained when training a system by including all English
and Sepedi phonemes. For each English phoneme, the most
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TABLE II
Phoneme substitution choices for English words occurring in the Sepedi

corpus [6].

Substitutions
from to from to
{ E Oi O i
3: E p p h
A: a Q O
ai a i r\ r
au a u t t h
d l` T f
D l` tS tS h

e@ E @ @u O
g k > u: u

@i @ i u@ u
i: i U u

i@ i @ v B
k k h z s
O: O Z d 0Z

Additions
@ b

TABLE III
Phoneme substitution choices for English words occurring in the Sepedi

corpus using confusion matrix.

Substitutions
from to from to
{ a Oi E
3: E p p >
A: a Q O
ai i r\ r
au u t t h
d l` T f
D l` tS tS h

e@ E @u O
g G u: u

@i E u@ O
i: E U u

i@ a v B
k k > z s
O: O Z d 0Z
@ E/a b B

confusable Sepedi phoneme is selected for the mapping. Table
III lists the final mapping selected, with changes from the pre-
vious mapping indicated in bold. The most significant changes
to the mapping relate to the modelling of the diphthongs and
the schwa. Note that the schwa (@) now maps to one of
two possible phonemes: a or E. Pronunciation variants are
included for all words containing schwas, and the best variant
is automatically selected by the ASR system during training
and use. A further cycle of confusion matrix analysis resulted
in no further candidates for possible re-mapping.

H. Applying Sepedi letter-to-sound rules
In the final experiment, the categorisation is not used and

all words are simply dealt with as if they were Sepedi words:
the Sepedi letter-to-sound rules are applied, irrespective of the
language the word is from. This is the simplest of all the
strategies and is based on the assumption that the way an
English word is spelled may influence its target pronunciation
by a Sepedi speaker.

IV. RESULTS

We first analyse the number of times a specific word occurs
in the audio corpus: if a word occurs very frequently, an
accurate pronunciation will have significantly more effect than
if a word occurs only once. In Figure 1, the number of time
each single word is observed in the audio corpus is shown.
Close to 1 000 words have a frequency (appearance in the
corpus) of over 10. Among those, the English words that
appear to be more prevalent are the numbers and dates such
as one, two, three or September.

Fig. 1. Frequency with which different categories of words occur in the
corpus

The phoneme recognition results obtained from the different
experiments are shown in Table IV.1 It is clear that different
pronunciation modelling approaches do have a direct effect on
ASR accuracy. The first experiment (combining all phonemes
from both English and Sepedi) results in a large set of
phonemes that occur rarely and that are not well estimated.
Better accuracies are obtained as phoneme mappings are
introduced, with a higher accuracy obtained when the phoneme
mapping is guided by the confusion matrix.

Surprisingly, the best result is obtained with the simplest
approach: using the letter-to-sound rules of the target language
to predict all words. The difference between the best result
(using Sepedi letter-to-sound rules on all words) and the
second-best result (using data-driven phoneme mappings) is
slight, if the standard deviation of the mean accuracy across the
10 cross-validation runs (!10) is taken into account2. However,

1The result obtained for the linguistically motivated mapping is not directly
comparable with the others, as a change in the number of phonemes associated
with a specific sound segment has an immediate effect on measured phoneme
accuracy, even if the same recognition is performed. An adjusted baseline was
calculated for this experiment (which takes the change in number of phonemes
into account), but at 50.8%, the difference from the unadjusted baseline of
51.3% is not significant.

2The average of x independent measurements is expected to be distributed
with a standard deviation of !/

!
x where ! is the measured standard deviation

of the x measurements themselves
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as the amount of effort involved in the latter approach can be
prohibitive, the former approach becomes even more attractive.

TABLE IV
Sepedi phoneme accuracy using different pronunciation modelling

approaches

% Accuracy ±!10

Extended phone set 51.3 1.0
Linguistically motivated mappings 57.5 0.8
Data-driven mappings 59.9 0.7
Sepedi letter-to-sound 60.9 0.8

In order to verify the result obtained, we repeat the first
and last experiments (as described in III-E and III-H) for
two related Sotho-Tswana languages. This time we obtain
results using the Setswana and Sesotho letter-to-sound rules
respectively, on all words in each speech corpus. Results are
shown in Table V and show a similar tendency but a somewhat
less pronounced increase in accuracye, with observed phoneme
recognition accuracies for Sesotho and Setswana improving
from 55.0% to 58.3% and 60.3% to 63.2%, respectively. (Note
that the full experiment III-G was not conducted in this case, as
manual word categorisation and pronunciation checking were
not performed.)

TABLE V
Phoneme recognition accuracies for Sotho-Tswana languages.

% Accuracy ±!10

Sepedi
Extended phone set 51.3 1.0
Sepedi letter-to-sound 60.9 0.8
Sesotho
Extended phone set 55.0 0.5
Sesotho letter-to-sound 58.3 0.5
Setswana
Extended phone set 60.3 0.0
Setswana letter-to-sound 63.2 0.9

V. CONCLUSION

In this study we investigated the effect of different ap-
proaches to the pronunciation modelling of foreign words in
a Sepedi ASR system. Interestingly, the simplest approach –
the prediction of the pronunciation of foreign words using
Sepedi letter-to-sound rules directly – provided the best results.
Within a small margin, these results were comparable to those

obtained when first predicting the pronunciation of foreign
words, and then using a data-driven mapping to map foreign
phonemes to Sepedi phonemes: a process that is significantly
more labour intensive.

We realise that the pronunciation of the words currently
categorised as ‘Other’ may still have an effect on the accuracy
of the recogniser. Most of the words in this category are proper
names that emanate from different languages (neither English
nor Sepedi), and determining the accurate pronunciation of
proper names remains a challenging task.

Future work will repeat some of the experiments described
in this paper in more detail for the other Sotho-Tswana
languages, in order to understand whether the results obtained
are Sepedi- (or corpus-) specific, or whether these results
indeed generalise across languages. A more detailed audio-
based analysis of the frequently occurring English words (for
example, using acoustic confidence measures or goodness
of pronunciation scores) may shed additional light on the
pronunciation phenomena being observed.
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Abstract—Robot navigation depends on accurate scene analysis 
by a camera using its data. This paper investigates a refinement 
of the inherent falsified depth maps generated from a 3D 
SwissRanger camera in the emission of beams of rays through a 
modulated infrared light channel affected by environmental 
noise. The SR4000 time-of-flight camera produces streams of 
depth maps projected as a 2.5D on an x-y plane, which are 
refined using a dynamic convolution filter method coupled with a 
hypergraph-type model. Our findings indicate that the range of 
the camera is experimentally confirmed as being nine metres; 
more extreme values of impulse noise pixels are detected outside 
the range; while the uniform noise of valid pixel values affects 
depth maps of objects formed within the range. A decrease in the 
window size of filtering, to a pixel level, minimizes both the 
falsified depth maps of corrupted frames and the dominant effect 
of the noise pixels, to an acceptable level. The performance of our 
approach in the absence of complementing time-of-flight (ToF) 
with other camera types exhibits reliable depth maps for 
promising field work in terms of visual quality, mean squared 
error (MSE), root mean squared error (RMSE), and peak signal-
to-noise ratio (PSNR). 
 

Keywords-component; Computer Vision, SwissRanger Camera; 
Image Pixel; Depth Map; Noise;  Refinement; Robot 

I.  INTRODUCTION  
Safety and security in autonomous navigation constitute some 
of the significant objectives of robotic technology [1]. 
Researchers and practitioners have stressed that autonomous 
robot navigation along rough terrains, such as outdoor 
environments, is an ongoing key challenge [1] [2]. In practice, 
one could say that rough terrains may be defined as possessing 
different percentages of mingled features within the different 
parts (left side, right side and centre) of a scene frame, 
perceived by a robot sensor as a beam of depth scan. To 
complicate the challenge further, robots are now deployed for 
underground mining where 3D data sensing is required. This 
application demands estimation of accurate depths of objects 
and building realistic maps of such rough and dangerous 
mining environments. Existing and alternative 3D sensors, 
such as structured light cameras and laser range finders, are 

complex, expensive, and often require expert knowledge to 
operate [3] [4].  

3D data perception is becoming increasingly essential in 
the scanning market and in application scenarios, such as 
robotics in mining. The SwissRanger SR4000 ToF 3D camera 
shown in Fig. 1(a) is mounted on a robot for sensing 3D 
images in this domain of interest. It offers a variety of 
benefits, such as measuring 3D depth maps at video rates with 
a resolution of 176x144 pixels, and it is an active sensor that 
measures the travel time of infrared light [5]. However, similar 
to other sensors using modulated light, the ToF camera suffers 
from ray-scattering due to inability to distinguish depths that 
are a multiple of wavelength of the modulated signal. Its 
image frames are susceptible to additional noise, which 
produces falsified depth maps. For instance, if an object 
(object A) obstructs the view of another (object B) within the 
camera’s 9-metre range, the depth map of object B is distorted 
with unequal probabilities (see the 3 chairs adjacent to one 
another in Fig. 1(b)).  
 

  
(a) ToF camera    (b) Corrupted frame             
 
Figure 1: Problem establishment of (a) a ToF camera; and (b) a corrupted 
frame with falsified depth maps.  
 
The falsified depth map (noise) perceived on the corrupted 
frame appears to discourage the use of ToF cameras on 
autonomous robots. The noisy nature of the ToF camera in the 
above scenario affects the building of realistic maps, and may 
hinder the ability of robots to estimate the positions of 
obstacles accurately. This is problematic, as robots are 
increasingly being used in industry to improve safety and to 
save lives. The two major types of impulse noise, which arise 
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in digital image transmission over noisy channels or faulty 
sensors, are presented in literature as: (i) salt-and-pepper noise 
and (ii) uniform noise [6] [7]. In the former, corrupted pixels 
have extreme values and are easy to detect as they differ 
noticeably from their neighbours. In the latter, noisy pixels 
have valid values, which are more difficult to spot within the 
uncorrupted pixels. We observed that the salt-and-pepper 
noise appeared to be generated predominantly at a far-field 
outside the nine metre ToF range, while the uniform noise 
appears to be generated more within the camera’s range, 
similar to the example in Fig. 1. Since the noise outside the 
ToF range can be ignored in the camera and the depth of an 
obstacle is important to a robot’s navigation, our experimental 
knowledge indicates that improving the depth map estimation 
within the camera’s range is manifestly a sound basis for 
optimising the ToF perception.  

Several references in [8] [9] [10] [11] have presented some 
sophisticated noise correction methods, including camera 
calibration, fusion, and related noise removal methods. In [8], 
a distance calibration approach for Photonic Mixer Device 
(PMD)-based sensoring is presented. The process includes a 
lateral and distance calibration technique where the camera’s 
intrinsic parameters are estimated. In [9], a PMD-stereo fusion 
algorithm is used to combine patchlets from the PMD-stereo 
camera. Least-square method is used to estimate 3D patchlets 
from PMD range images as well as from a pair of stereo 
images. Jiejie Zhu et al. [10] mention that fusion of the ToF 
depth and stereo can be used for obtaining accurate depth 
maps. They introduce a method for combining the results from 
both image capturing methods, to render a result that performs 
better than either method alone. A depth probability 
distribution function from each method is calculated and then 
merged. In contrast, the ToF devices are typically poorly 
calibrated [10].  

Related to this work is also research on restoration from 
noise introduced in the intensity of 2D images using filtering 
methods [11]. Classical mean filter is said to remove the noise, 
but it leaves out a few isolated stars in image as a result of its 
inability to distinguish between original and noisy pixels. 
Hence, unrepresentative pixel values participate in the filtering 
process, which degrades the image. Consequently, the 
application of the filtering approaches to refine ToF noise is 
hardly mentioned, perhaps due to this limitation. The 
motivation of the experiment presented in this paper is to 
emphasise that reliable depth maps, using ToF cameras in the 
absence of other types of cameras, are feasible. This is 
investigated with a dynamic convolution filter based on a 
hypergraph model, which improves the limitation of using the 
classical mean filter alone. The major contributions in this 
paper are as follows: 
 
• The application of the dynamic convolution filter based on 

a hypergraph model, to the ToF noise, which improves a 
limitation of distinguishing pixels in classical mean filters. 

• The refinement of falsified depth maps is evaluated on a 
real-life ToF data stream using only ToF cameras in the 
absence of other camera types. 

  
The rest of the paper is arranged as follows: section II presents 
the theoretical background, which includes operation of the 
ToF cameras and modelling of noise pixels; section III 
presents the depth map refinement which includes the 
convolution filter, hypergraph and pixel neighbourhood, and 
our refinement approach; section IV critically presents visual 
inspection and quantitative experimental evaluations of the 
approach using lightly and heavily corrupted ToF images, and 
five noise levels. Our refinement approach is also 
benchmarked with a popular Lena image. We conclude the 
paper in section V. 

II. THEORETICAL BACKGROUND 

A. Operation of the ToF Camera  
The SwissRanger SR4000 time-of-flight camera [5] is used 

for acquiring 3D range data with a resolution of 176x144 
pixels. The camera emits infrared light which illuminates a 
scene and allows the depth of each pixel to be measured based 
on the arrival time of the modulated light. Unlike a laser 
scanner, which repeatedly scans scene points for a depth map, 
the ToF advantageously scans full frame depth at once. 
However, being a camera that uses phase differences of 
modulated light, it suffers from challenging noise associated 
with rapid movement. More information about the ToF camera 
can be found in [12].   

B. Modelling of Noise Pixels 
Since errors or false depths are introduced in the noisy 

communication channel or imaging sensor, such as the ToF 
camera, there are two main models for describing most noise 
in digital images. These models are [13]: (i) additive Gaussian 
and (ii) impulse noise models. The additive Gaussian noise 
model is formulated as equation (1). 
 
    ij

o
ij

n
ij nxx +=             (1) 

 
n
ijx  indicates the noisy pixel (i, j), o

ijx  indicates the original 

pixel and ijn  is the added noise. This type of model describes 
the salt-and-pepper noise. The impulse noise replaces a pixel 
value with a random value and is formulated as equation (2). 
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p is a probability which is equal to noise rate in the image. 
This type of model describes the uniform noise. Since both 
noise types are perceived on the same ToF image frame, the 
variation pattern is less dependent on the type of noise. A 
combined approach is required to mitigate the dominant 
effects of the noise. 
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III. THE PROPOSED DEPTH MAP REFINEMENT 

A. Convolution Filter 
The convolution filter considered herein is the mean filter 

[14] [18], which is characterised as a low-pass box filtering. It 
smoothes images as it is often used to minimise noisy pixels. 
In its process, it convolves a kernel with a noisy image where 
it replaces each pixel value with the mean value of its 
neighbours, including the target pixel. The process is adopted 
from a Sobel operator [15] and is described as shown in 
equation (3) for a noisy image I(x, y) with a filter kernel W(k, 
k). 
 
   I’(x, y) = I(x, y)  ⊗  W(k, k)          (3) 
 
 I’(x, y) is a filtered image and⊗ is a convolution operator. 
The size of the neighbourhood or kernel used is paramount to 
the performance of the filter [16]. The most commonly-used 
kernel sizes are 3x3, 5x5, 7x7, etc. The filter is characterised 
by the fact that an increase in the kernel size increases the 
smoothing performance, but the image gets blurred. This 
implies that the choice of the convolution kernel size is a 
trade-off between noise reduction and blurring effect. The 
trade-off can be balanced or optimised using the concept of a 
hypergraph model, as explained in subsection B. 

B. Hypergraph and Pixel Neighbourhood 

A hypergraph H [14] is a pair (X,ξ ) consisting of a non-

empty finite set X and a family ξ = IiiE ∈)(  of non-empty 
subsets of X called hyperedges, with equation (4). 
 
      

Ii
i NnnIXE

∈

∈== },,...,3,2,1{,      (4) 

 
Considering star of H with centre at x: For x ∈  S, a star of H 
(with centre x) is the set of hyperedges of H which contain x 
and is denoted by H(x). The degree of x is the cardinality of 
the star H(x) denoted d(x) = card(H(x)). Otherwise, the 
neighbourhood of vertex x ∈  X is the set xΓ  formed by all 
vertices adjacent to x. In image analysis, a hypergraph 
associates a pixel x to its neighbourhood and forms a star with 
d(x) = 3, 4, or 8 neighbours of a point. Since the choice of d(x) 
often depends on the image application, this work primarily 
uses the maximum of d(x), which conditionally reduces in size 
subject to alleviating the limitation of classical mean filter. 

Similar to other convolution filters, classical mean filter is 
known to have the limitation of not distinguishing original 
pixels from noise pixel values, which can significantly affect 
the mean value of the neighbouring pixels. This issue is 
mitigated with a dynamic convolution kernel in our approach 
in subsection C. 

C. The Refinement Approach 
This refinement approach begins with the construction of a 

pixel’s neighbourhood. These hypergraph neighbourhoods 

vary dynamically in kernel size. In order to balance between 
noise reduction and blurring effect in the choice of kernel size, 
a hypergraph of eight-neighbours of a point, as in Fig. 2(a), is 
used. This controls the excessive usage of a pixel’s 
neighbourhood. It also ensures direct influences to a centre 
pixel in relation to the 3x3 kernel shown in Fig. 2(b). The 
primary 3x3 size of the kernel changes dynamically as it is 
conditioned on the presence of noise pixels in the 
neighbourhood of a pixel. Before every convolution filtering, 
detected noise pixels are eliminated from the process since 
they can ripple errors through the mean value computed from 
the pixel’s neighbourhood. This addresses a limitation with the 
classical mean filtering using the noise detector scheme in 
[16]. 
 

 
 
(a) Eight-neighbours     (b) Filter kernel W 
 
Figure 2: Transformation of (a) eight-neighbours of a centre pixel x [14], and 
(b) the primary filter kernel adopted from [15] 
 
The scheme states that: (i) if a pixel x has at least one pixel y 
amongst the other eight pixels in the neighbourhood then pixel 
x is considered an original pixel and pixel y is deemed similar 
to pixel x; and (ii) if x does not have at least one similar pixel 
amongst its neighbours, it is considered a noisy and strange 
pixel as shown in equation (5). 
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D1 is adopted as the maximum depth difference between the 
similar x and y pixels and is often assumed to be eight as for 
Fig. 2(a). thN1 is 1 as every pixel is assumed to be similar to at 
least 1 pixel, and K is the number of y pixels that satisfy 
equation (5) while the noisy pixels are eliminated. This 
implies that the value of the kernel size is modified as K 
changes, resulting in the use of the dynamic convolution 
kernel.  

Otherwise, the convolution process in equation (3) is 
expatiated and described in equation (6), given that there is an 
image (I) of size M x N with a filter kernel (W) of size k x k 
subject to changes in k size. A sample computation of an 
output value for pixel I’22 is shown in equation (7). During 
process of the refining the boundary pixel values, the kernel 
values are padded with zeros. A clearer idea of the process 
adopted here can be obtained from the edge detection of Sobel 
operator in [15]. 
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I’22 = (I11 * w11) + (I12 * w12) + (I13 * w13) + 
         (I21 * w21) + (I22 * w22) + (I23 * w23) +                  (7) 
         (I31 * w31) + (I32 * w32) + (I33 * w33) 

D. Scoring and Evaluation Scheme  
In this section, the performance of our proposed approach 

is studied through visual inspection as well as quantitatively. 
During visual inspection, one compares the quality of the pixel 
values of corrupted frames with those of refined image frames. 
The following evaluation models were chosen as quantitative 
refinement scoring schemes [17]: (i) the mean squared error 
(MSE), (ii) the root mean squared error (RMSE), and (iii) the 
peak signal-to-noise ratio (PSNR). The schemes are described 
in equations (8), (9), and (10) respectively. 
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iy  and iŷ  denote the pixel values of the refined and the 
original image respectively, and M x N is the ToF image size. 
In this work, iy  and iŷ  are also used to denote the pixel 
values of the corrupted and of the original images. They are 
used as objective evaluation schemes for the refined frames. 
Lower scoring results for both MSE and RMSE, and higher 
scoring results for PSNR based on the rate of noise are 
expected and preferred. 

IV. EXPERIMENTAL EVALUATIONS 
One of the objectives of this paper is to apply the theory of 

our proposed approach in practice by emphasising applications 
and carrying out practical work on refining the corrupted 
depth maps. The ToF captures daylight scenes and produces a 
stream of noisy image frames projected as a 2.5D on an x-y 
plane. An original noisy frame is shown in Fig. 3(a). An 
obstructing body is set to move towards the SR4000 3D ToF 
camera from a distance, generating increased noise. Again, the 

range of the camera is experimentally confirmed as nine 
metres and, the size of an image frame is 176x144 pixels. 
Extreme values of the impulse noise pixels appear to be 
generated more outside the range, while uniform noise of valid 
pixel values is observed affecting the depth maps of objects 
formed within the range.  

Since the correct depths of obstacles are important to the 
robot’s navigation, the emphasis is on the depths of the three 
chairs placed adjacent to one another within the ToF range as 
shown in Fig. 3(a). The performance of the noise refinement 
approach is compared on lightly and heavily corrupted frames. 
A heavily corrupted frame is when the obstructing body 
appears closest to the ToF’s light emission and is estimated to 
have generated a 90% noise level, as shown in Fig. 4(b). A 
lightly corrupted frame, on the other hand, has a noise level of 
10%, as shown in Fig. 3(b). This work focuses more on the 
refinement of the noise introduced and generated by the 
moving body within the range. This type of noise is more 
difficult to spot within the uncorrupted pixel values. In terms 
of performance measures, the MSE, RMSE, and PSNR are 
computed when evaluating the original depth frames against 
the refined and the corrupted frames as shown in Table 1. 

A. Observations for Lightly Corrupted ToF Images  
The objective here is to access the qualitative performance 

of our refinement approach on lightly corrupted ToF images 
which exhibit noticeable differences when compared to the 
heavily corrupted images in Fig. 4(b). In particular, Fig. 3(b) 
contains a 10% noise level as it captures the state of the 
obstructing moving body being a distance from the ToF.  
 

    
(a) Original frame               (b) Lightly corrupted frame 

    
(c) Error plot before refinement            (d) Error plot after refinement 
 
Figure 3: A 2.5D depth map frame from an indoor data stream: (a) original 
noisy frame from the ToF; (b) corrupted frame due to a moving body; (c) error 
plot before refinement; and (d) error plot after refinement equivalent to the 
expected result.  
 

Fig. 3(b) indicates that the noise introduced is light, which 
may not be noticeable when compared to Fig. 3(a). Fig. 3(c) 
indicates the error plot reconstructed before refinement. Fig. 
3(d), on the other hand, is the error plot reconstructed after 
refinement, based on our approach. Although, in an ideal 
camera situation, the background of Fig. 3(c) would be dark 
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and the foreground (moving body) lighter in colour, one can 
observe that the falsified depths are minimised to an 
acceptable level in Fig. 3(d).  

B. Observations for Heavily Corrupted Images 
Again, the objective here is to access the qualitative 
performance of our approach on heavily corrupted ToF images 
which are noticeably different from the lightly corrupted ones 
in Fig. 3(b). In particular, Fig. 4(b) contains a 90% noise level 
as it captures the state of the obstructing body being right in 
front of the ToF. In Fig. 4(b), it can be seen that the noise 
introduced is heavy and very noticeable, compared to that in 
Fig. 4(a). This results in more white clusters on the error plot 
reconstructed before refinement in Fig. 4(c). On the other 
hand, Fig. 4(d) is the error plot reconstructed after refinement, 
according to our approach. It can also be observed that the 
falsified depths are minimised to an acceptable level in Fig. 
4(d).  
 

 
(a) Original noisy frame                      (b) Heavily corrupted frame 

        
(c) Error plot before refinement                 (d) Error plot after refinement 
 
Figure 4: A 2.5D depth map frame from an indoor data stream: (a) original 
noisy frame from the ToF; (b) corrupted frame due to a moving body; (c) error 
plot before refinement; and (d) error plot after refinement tends towards the 
expected result. 

C. Performance on the ToF Image Refinement  
From the results in Table 1, we specifically access the 
quantitative performance of our approach with respect to noise 
levels ranging between 10% and 90%. 

 
Table 1: Comparing the refined and corrupted images based 
on the noise levels.  
Noise 
Level 
(%) 

Refined 
 
RMSE     MSE        PSNR 

Corrupted 
 
RMSE      MSE        PSNR 

10 
 
30 
 
50 
 
70 
 
90 

45.98 
 
53.22 
 
63.72 
 
81.80 
 
122.6 

8.29 
 
11.19 
 
15.91 
 
26.24 
 
23.31 

63.01 
 
61.74 
 
60.18 
 
58.01 
 
58.52 

49.93 
 
56.20 
 
66.02 
 
85.40 
 
126.20 

9.77 
 
12.39 
 
17.09 
 
28.61 
 
25.88 

62.29 
 
61.26 
 
59.86 
 
57.63 
 
58.06 

Having compared the original and corrupted frames, as 
well as the original and refined frames, the results of the MSE, 
the RMSE, and the PSNR are shown in Figs. 5, 6, and 7 
respectively. In Figs. 5 and 6 one can see that the trend of the 
refinement results minimise the noise significantly compared 
to the trend showing the corrupted pixels. This justifies the 
fact that lower scoring results are better for the MSE and the 
RMSE. On the other hand, the PSNR measures the refinement 
performance with higher scores over the corrupted frames. 
The higher scores confirm a constructive refinement of our 
approach relating to the corrupted frames.  
 

 
Figure 5. The MSE at various noise levels for the refined image is lower than 
that of the corrupted image when compared to the original frames. 
 

 
Figure 6. The RMSE at various noise levels for refined image is lower than 
that of the corrupted image when compared to the original frames. 
 

 
 
Figure 7. The PSNR at various noise levels for the refined image is higher (or 
greater) than that of the corrupted image when compared to the original 
frames. 
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It can be seen that the quantitative results here correspond to 
each other and match the noise reduction results in the visual 
quality of subsections A and B. 

D.  Validating Performance with Popular 2D Lena Image 
To validate our refinement performance using the visual 
quality, a popular 2D Lena image from [11] is used as a 
benchmark. The noisy Lena image in Fig. 8(b) is provided for 
refinement and the result in Fig. 8(c) is obtained using our 
approach which is almost equivalent to the noise free image in 
Fig. 8(a). The objective of this paper is focused on refining the 
falsified depth maps on ToF images.      

   
(a) Noise free image          (b) Noisy image                (c) Refined image 
  
Figure 8: Validating our refinement approach with the popular 2D Lena 
image [11], (a) Noise free image, (b) Noisy image, and (c) our refined image 
result. 

E.  Concluding Remarks 
We have proposed and demonstrated the use of a dynamic 

convolution filtering based on a hypergraph model for the 
refinement of ToF noise pixels in the absence of 
complementing the ToF with other camera types. At first, the 
falsified depth map in Fig. 1 seems discouraging, but the 
experimental results on lightly and heavily corrupted frames in 
section 4 show that falsified depth maps from the ToF camera 
could be restored.  

Our findings indicate that the range of the camera is 
experimentally obtained as being nine metres. More extreme 
values of impulse noise pixels are detected outside the range 
while uniform noise of valid pixel values affects the depth 
maps of objects formed within the ToF range. A decrease in 
the window size of filtering to a pixel level minimises both the 
falsified depths of corrupted data frames and the dominant 
effect of the noise pixels, to an acceptable level. In an ideal 
ToF situation, the expected result would be to have the 
background of the visual error maps dark and the foreground 
(moving body) lighter in colour. One can see that most of the 
errors introduced by the moving body in Figs. 3(b) and 4(b), 
are refined when the reconstructed error plot results in Figs. 
3(d) and 4(d) are compared with the error plot before 
refinement in Figs. 3(c) and 4(c). The original errors of the 
ToF in Figs. 3(a) and 4(a) are yet to be addressed properly as 
they seem to appear as white clusters outside the ToF range in 
Figs. 3(d) and 4(d). However, our approach exhibits reliable 
depth maps for promising field work in terms of good 
quantitative performance results, which includes mean squared 
error (MSE), root mean squared error (RMSE), and peak 
signal-to-noise ratio (PSNR) in Figs. 5, 6, and 7 respectively. 

This research has been experimented on a stream of ToF 
data captured in daylight. In future work, the research can be 

explored further in different forms, including the following: (i) 
conduct experiments on a stream of ToF night frames; (ii) 
compare this method with other noise removal methods; (iii) 
improve refinement on the original ToF errors; (iv) carry out a 
field test on robots. 
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Abstract—In this paper we present a novel off-line signature
verification system. An ensemble of HMM-based classifiers are
trained, using both global and local Radon transform-based
features. Local features are extracted from circular retinas,
which are defined using a flexible grid-based zoning scheme.
We find the optimal subset of base classifiers, which are then
combined using majority voting. When evaluated on a data set
containing high-quality imitations, we show that the inclusion of
local features, together with classifier combination, significantly
increases system performance. An EER of 8.89% is achieved,
which compares favorably to an EER of 12.9% (an improvement
of 31.1%) when only global features are considered.

I. INTRODUCTION
Off-line signature verification (OSV) systems attempt to

authenticate the identity of an individual by examining his/her
handwritten signature, after it has been successfully extracted
from, for example, a cheque, a debit or credit card transaction
slip, or any other legal document. A questioned signature is
typically compared to a model trained from known positive
samples, after which the system attempts to label said signa-
ture as genuine or fraudulent. The current state-of-the-art in
OSV is detailed in [1].
In this paper we propose a novel OSV system using a multi-

hypothesis approach. By combining individual base classifiers,
it is possible to construct a more accurate combined classifier,
at the expense of increased computational complexity (see [2]).
A signature is rejected or accepted based on the majority vote
decision of a subset of classifiers, selected from a pool of
base classifiers (using an optimisation data set). Each classifier
is constructed from a HMM that is trained from features
extracted from local regions of the signature (local features),
as well as from the signature as a whole (global features).
To achieve this, each signature is zoned into a number of
overlapping circular retinas (see Fig. 1), from which said
features are extracted by implementing the discrete Radon
transform (DRT). A global retina, that encompasses the entire
signature, is also considered.
HMMs are also successfully employed for OSV in [3]

and [4], while the DRT is also exploited for the purpose
of feature extraction in [5] and [6]. However, in the above-
mentioned work, HMMs are not utilised in conjunction with
the DRT. Since there is no standard international OSV database
available, the above-mentioned systems are evaluated on a

different data set to the one employed in this paper. A direct
comparison of results is therefore not possible.
The OSV system proposed in [7] uses the same feature ex-

traction and signature modeling techniques as those employed
in this paper, that is, the DRT and continuous observation
HMMs, but only global features are utilised in [7]; no classifier
combination techniques are therefore employed. Furthermore,
since the system proposed in [7] is evaluated on the same
data set as the one considered in this paper, it provides an
important benchmark against which to gauge the impact of
utilising local features and classifier combination on overall
system performance. The system proposed in [8] utilises
discrete observation HMMs and is also evaluated on the
data considered in this paper, however, significantly different
features are used in [8]. Since we attempt to detect high-
quality (skilled) forgeries, it is unreasonable to assume that
samples of these forgeries will be available for every new
user enrolled into the system. We are therefore limited to
using only positive training samples, obtained for each writer
during enrolment. We do, however, assume that both positive
and negative samples are available for a representative subset
of so-called guinea pig writers. These signatures constitute an
optimisation data set that is used for ensemble selection.
The remainder of this paper is organised as follows. The

proposed system is summarised in Section II, followed by a
more detailed analysis in Sections III, IV and VII-B. Perfor-
mance evaluation and the verification protocol are discussed
in Sections V and VI. Section VIII discusses the data set,
experimental setup and results.

II. SYSTEM OVERVIEW

The signature data is partitioned into an optimisation set
(O), acquired from the guinea pig writers, and an evaluation set
(E) acquired from different writers (representing the general
public). Data set O contains positive (O+) and negative (O!)
instances, as well as positive training samples (T+

O) for each
writer. Data set E is partitioned similarly into E+, E! and
T+

E . The proposed system is summarised as follows:
1 For each writer w:

1.1 Define Nr retinas, that include a global retina, for
each signature using the zoning procedure outlined
in Section III-A.
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1.2 For each retina r:
1.2.1 Extract an observation sequence Xr

w =
{x1,x2, ...,xT }, using the DRT-based feature
extraction technique discussed in Section III-B.

1.2.2 Use the relevant training set, T+
O or T+

E , to train
a HMM !r

w, as discussed in Section IV.
2 Use O! and O+ to select the best performing ensemble
of size NS , where 1 ! NS ! Nr, amongst all of the
optimisation writers (Section VII-B).

3 Combine the decisions of the selected base classifiers
(in 2) using majority voting and the evaluation writers
(in E), in order to gauge the generalisation potential of
the system (Section VII-B).

III. FEATURE EXTRACTION
Each signature is represented by a binary image, where 1

represents a pen stroke, and 0 the background. The largest
rectangular dimension of each signature image is rescaled to
512 pixels, while maintaining the aspect ratio.
Each questioned signature is normalised with respect to

its rotational orientation before zoning. Said normalisation
strategy relies on a HMM that has already been trained from
the enrolled signatures (T+

O and T+
E), and is therefore discussed

in Section IV. For the remainder of this section, it is assumed
that all signatures belonging to the same writer have consistent
rotational orientation.

A. Signature zoning
The purpose of zoning in this context is to define Nr points,

that will represent the centres of Nr circular retinas. Since
we always consider the global “retina”, which encompasses
the entire signature image, we therefore employ Nr " 1 local
retinas and said global retina. Ideally, the retina locations
should be consistent amongst samples of the same writer.
We therefore propose a flexible grid-based zoning scheme,
where each signature is divided into horizontal and vertical
strips, where each strip contains a predefined percentage of
black pixels. The intersections of the boundaries of these
horizontal and vertical strips then constitute the centres of the
local retinas. This process is now clarified with an example.
Consider the signature image in Fig. 1a. Three horizontal
dividing lines are defined. The first line is defined so that
1% of the total number of black pixels are situated above it;
the second horizontal line is defined so that 50% of the total
number of black pixels are situated above it, etc. The vertical
dividing lines are defined similarly, with the percentage of
pixels indicated in Fig. 1a. The intersections of these lines
(indicated with #’s) form the centres of the Nr " 1 local
retinas, each with a radius of ", as illustrated in Fig. 1b.

B. Discrete Radon transform
The proposed system extracts features from each retina

using the DRT. The DRT is obtained by calculating a d-
dimensional projection of the retina image from N! equally
distributed angles, ranging from 0" to 180". The resulting DRT
image (sinogram) therefore has dimensions of N! $ d and

1%

1%

25% 50%

50%

75% 99%

99%

!

(a)

(b)

Fig. 1. Signature zoning and retina construction. (a) Horizontal and vertical
dividing lines are defined, of which the intersections (!) constitute the centres
of the local retinas. (b) Local retinas, each with a radius of !.

constitutes a preliminary observation sequence. The prelimi-
nary observation sequence obtained from the global retina (see
Fig. 2a) is depicted in Fig. 2d as a gray-scale image. A number
of modifications are subsequently made to the preliminary
observation sequence, primarily to ensure scale and translation
invariance, so that a final observation sequence is obtained. All
zero-values are decimated, after which each column vector is
stretched to its original length using linear interpolation (see
Fig. 2b and c). Each column vector is then normalised with
respect to the variance of the pixel intensity of the entire
set of column vectors. The modified DRT image is shown
in Fig. 2e. We finally include the projections calculated at
angles ranging from 180" to 360"1, in order to ensure that the
final observation sequence is periodic. The final observation
sequence is shown in Fig. 3. Each column of the final
observation sequence, which represents a modified projection
calculated from a specific angle, represents a feature vector.
We therefore have an observation sequence with T feature
vectors, each of dimension d. Since Nr retinas are defined for
each signature, Nr observation sequences Xr

w, r % {1, ..., Nr}
of length T are extracted from it. Although Fig. 2 only
illustrates the observation sequence extraction procedure for
the global “retina”, the procedure is the same for the local
retinas.

IV. SIGNATURE MODELLING
Once the DRT-based observation sequences have been ex-

tracted, Nr different HMMs are initialised and trained for
each writer (i.e. one model for each retina). A HMM (see
[9]) is an example of a generative stochastic model, well
suited for representing temporal data, such as human speech,
handwriting and dynamic signature data. HMMs can, however,

1The DRT is only calculated at angles ranging from 0! to 180!. The
projections at angles ranging from 180! to 360! are obtained by reflecting
the calculated projections.
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0!0! 90!90! 180!180!

(a)

(b)

(c) (d) (e)

Fig. 2. Observation sequence construction. (a) Signature image (global
retina). (b) The projection calculated from an angle of 0!. This projection
constitutes the first column of the image in (d). The arrows indicate zero-
values. (c) The projection in (b) after zero-value decimation and subsequent
stretching. This vector constitutes the first column of the image in (e).

0! 90! 180! 270! 360!

1
1

d

TN!

Fig. 3. Final (global) observation sequence extracted from the entire signature
image shown in Fig. 2a. The complete observation sequence is obtained from
the image depicted in Fig. 2e by appending its horizontal reflection (this is
equivalent to the projections obtained from the angle range 180! ! 360!).

also be successfully utilised in OSV systems, by extracting
features like those based upon the DRT, that emulate time
evolution (see [7] and [3]).

A. HMM notation
In this paper, each retina is represented by a continuous

observation, ring-structured HMM, with N states and no state
skips. The similarity between an observation sequence X and
a HMM ! is obtained via Viterbi alignment [9] and denoted
by the likelihood f(X|!).

B. Training
Each HMM !r

w is initialised using uniform initial and
state transition probabilities. i.e., the probability of en-
tering the HMM at any state is 1/N . The training set
{Xr

w,1,X
r
w,2, ...,X

r
w,NT

} for a specific retina r, belonging to a
specific writer w, contains NT training samples, and is used to
train the HMM !r

w. The probability density functions (PDFs)
that represent each state in the HMM, are initially estimated
by assigning an equal number of feature vectors to each state.
For each PDF, only the mean vector is estimated, while the
covariance matrix is kept fixed. Once each HMM has been ini-
tialised, it is trained using the Viterbi re-estimation technique
[9]. The dissimilarity between an observation sequence X and
a HMM ! is expressed as follows,

D(X,!) = ! ln(f(X|!)). (1)

The mean dissimilarity value of the training samples for retina
r, associated with writer w, is denoted by µr

w and calculated

as follows,

µr
w =

1

NT

NT
!

i=1

D(Xr
w,i,!

r
w). (2)

The standard deviation of the dissimilarity values of the
training samples for retina r, associated with writer w, is
denoted by "r

w, and calculated as follows,

"r
w =

"

#

#

$

1

NT ! 1

NT
!

i=1

(D(Xr
w,i,!

r
w) ! µr

w)2. (3)

The statistics defined in Eq. 2 and Eq. 3 are used for score
normalisation (see Section VI).

C. Rotation invariance and normalisation
While the utilisation of periodic DRT-based observation

sequences and ring-structured HMMs ensure that each global
model is a rotation invariant representation of each writer’s
signature, it is still necessary to normalise the rotational
orientation of each signature before zoning, in order to ensure
that corresponding retinas are associated with corresponding
signature regions across all samples belonging to the same
writer. Fortunately, the global HMM provides a simple way to
achieve this. As the PDF for each HMM state is estimated
using feature vectors corresponding to a set of projections
calculated from specific angles, each state of the HMM
corresponds to a particular angle range. By using Viterbi
alignment to determine the most probable state sequence for
a given observation sequence, the most probable angle of
rotation, relative to the average rotational orientation of the
signatures used to train the specific HMM, can be determined,
and therefore corrected for.

V. PERFORMANCE EVALUATION
The performance of the proposed system is evaluated in

the receiver operating characteristics (ROC) space (a Cartesian
plane), with the false positive rate (FPR) and the true positive
rate (TPR) on the horizontal and vertical axes respectively. A
discrete classifier (crisp detector), like a discriminative support
vector machine (SVM), outputs only a class label and produces
a single operating point in ROC space. A continuous classifier
(soft detector), like a generative HMM, assigns a score to an
input sample that can be converted into a discrete classifier
by imposing a specific threshold on said score. For the
sake of brevity and simplicity, we only consider performance
evaluation (and therefore ensemble selection) at the equal error
rate (EER). The system described in this paper can, however,
be easily adapted to function at any other appropriate operating
point.

VI. THRESHOLDING AND SCORE NORMALISATION

In the proposed system, a final decision is made by com-
bining the decisions of NS discrete classifiers using majority
voting, where 1 " NS " Nr. The process of selecting an
optimal ensemble of classifiers is discussed in Section VII-B.
We first discuss verification (labelling of a questioned retina)
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based only on a single continuous classifier. When a test
sequence Xr

(w), where r indicates a specific retina, is claimed
to belong to a specific writer w, Xr

(w) is matched to the appro-
priate HMM !r

w through Viterbi alignment. The dissimilarity
between the test sequence and the HMM (Eq. 1), therefore
becomes

D(Xr
(w),!

r
w) = ! ln(f(Xr

(w)|!
r
w)). (4)

Each dissimilarity value is subsequently normalised using z-
score normalisation. A normalised dissimilarity value, denoted
by DZ(Xr

(w),!
r
w), is obtained as follows,

DZ(Xr
(w),!

r
w) =

D(Xr
(w),!

r
w) ! µr

w

"r
w

, (5)

where µr
w and "r

w are defined in Eq. 2 and 3, respectively.
We now define a sliding threshold # " [!3,#), so that a

claim is accepted (for the specific classifier associated with
retina r) when DZ(Xr

(w),!
r
w) < # , i.e. when

D(Xr
(w),!

r
w) < µr

w + "r
w · #, (6)

otherwise, the claim is rejected.
When z-score normalisation is used to normalise each

dissimilarity value, the threshold parameter # is invariably cor-
related with the TPR of each classifier, i.e., when applying the
same threshold value # to different retina-specific continuous
classifiers (evaluated on a certain set of writers), the resulting
discrete classifiers will perform with approximately the same
TPR, while nothing can be inferred about the FPR.
Since we aim to combine discrete classifiers with the same

threshold parameter in order to reduce the computational
complexity of the problem (see Section VII-A) it is desirable
to have more control over how each continuous classifier
is discretised. We therefore introduce a threshold parameter
transformation, where set O is used in conjunction with z-
score normalisation, to calibrate a new threshold parameter $.
The procedure is as follows: we define X evenly distributed
values for an angular threshold parameter $ between 0! and
90!, where each value represents the angle between a radial
line (emanating from the point (1,0)) and the horizontal FPR-
axis in ROC space (see Fig. 4). For each retina, r, the
optimisation set O is used to obtain a non-linear, discrete
function Gr : # $% $ that transforms # to $ as follows,

$ = tan"1

!

TPR(#)

1 ! FPR(#)

"

= G(#), (7)

where # = G"1($). The FPR and TPR (in Eq. 7) are
associated with retina r and obtained by evaluating set O.
When evaluated on set O, the performance associated with

each value of $ will be represented by a point in ROC space
that lies precisely on one of the above-mentioned radial lines.
(It is important to note that, when set E is used, the ROC
points corresponding to the same $-value, but associated with
different retinas, will only approximately lie on the same radial
line.) The above-mentioned alignment is very convenient,
since it enables one to combine the decisions of discrete

classifiers that are expected to lie on the same radial line
in ROC space (see Section VII-A). Eq. 6 is consequently
modified as follows,

DZ(Xr
(w),!

r
w) < µr

w + "r
w · G"1

r ($). (8)

VII. ENSEMBLE GENERATION AND SELECTION

Classifier fusion is the process of combining individual
classifiers, in order to construct a single classifier that is
more accurate, albeit computationally more complex, than its
constituent parts. A combined classifier therefore consists of
an ensemble of base classifiers that are combined using a
specific fusion strategy. In this paper we employ an ensemble
generation technique in order to produce a pool of candi-
date ensembles. The performance of each combined classifier
(where fusion is achieved by majority voting) is evaluated
on set O, after which the most proficient combined classifier
is selected, using a specific ensemble selection criterion. A
signature is classified as positive, using the majority voting
rule, if at least half of the decisions made by the ensemble of
selected classifiers are positive.

A. Ensemble generation
In this paper we utilise a decision level fusion strategy (ma-

jority voting), that is only applicable to the fusion of discrete
classifiers. It is therefore useful to consider each continuous
classifier to be a finite set of discrete classifiers, where each
discrete classifier corresponds to a specific imposed threshold
(see Eq. 8). Formally, we denote the number of discrete
classifiers associated with each continuous classifier by X ,
where X is equal to the number of discrete values defined for
the threshold parameter. We therefore have a pool of Nr · X
discrete classifiers, obtained from a set of Nr continuous
classifiers (one associated with each retina).
The success of a combined classifier is primarily determined

by the independence of the base classifiers in the ensemble
(i.e., the base classifiers should make conditionally indepen-
dent errors). Since the discrete classifiers associated with the
same continuous classifier invariably make dependent errors, it
is not beneficial to construct any ensembles that contain more
than one discrete classifier associated with the same retina. The
total number of possible ensembles of size NS " {1, . . . , Nr}
is therefore given by

#

Nr

NS

$

· XNS .
It is easy to see that, for even modest values of Nr, NS

and X , the number of possible candidate ensembles is pro-
hibitively large. In order to limit the total number of ensembles
considered, we only combine discrete classifiers associated
with the same threshold parameter value. By employing the
threshold parameter transformation # $% $, we are afforded
greater control over which discrete classifiers are combined
(by manipulating which discrete classifiers are associated with
a certain threshold value). From Fig. 4, it is clear that the
performance of the discrete classifiers associated with the
same threshold value ($) lie on the same radial line. By
considering only ensembles that contain discrete classifiers
associated with the same threshold value, the total number
of possible candidate ensembles, is reduced to

#

Nr

NS

$

· X .
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The aforementioned expression is based on the fact that, for
each threshold value, we have a set of Nr discrete classifiers
from which all possible combinations of NS elements are
considered. Ensemble generation is now demonstrated by
considering only Nr = 5 retina-specific continuous classi-
fiers, of which the respective performances are depicted in
Fig. 4. Threshold parameter transformations have been applied
(! !" "), so that the discrete classifiers corresponding to
the same threshold value lie on the same radial line. Several
discrete classifiers and their associated threshold values " are
also indicated. Since (for this example) Nr = 5, NS = 3
and X = 900, we therefore consider the performance of
!5
3

"

· 900 = 9000 different combined classifiers, each formed
by the fusion of the decisions of a candidate ensemble’s base
classifiers using majority voting. The performances of these
combined classifiers are shown in Fig. 5. Note that the majority
of the combined classifiers perform significantly better than the
single best continuous classifier.

radial lines

best continuous classifier

! = 25!
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Fig. 4. Ensemble generation. The performance of X = 900 discrete clas-
sifiers associated with each of Nr = 5 retina-specific continuous classifiers,
evaluated on set O. The threshold values ! for several discrete classifiers are
also indicated.

B. Ensemble selection
Since the ensemble generation technique described in the

previous sections produce a pool of candidate ensembles, an
appropriate ensemble has to be selected. More specifically,
the combined classifier which maximises performance for a
certain operational criterion is selected. Ensemble selection is
illustrated, in Fig. 5, by again considering the retina-specific
continuous classifiers of which the respective performances
are depicted in Fig. 4. Since (in this paper) we only report
performance evaluation at the EER, the combined classifier
with the lowest EER (labelled “A”) is selected, and theNS = 3
discrete base classifiers that constitute the ensemble (each one
associated with a different retina) are recorded. Said ensemble
is then used to classify all the signatures in set E .

VIII. EXPERIMENTS
A. Data set
The data set used in this study was originally captured

on-line for Hans Dolfing’s Ph.D. thesis [10]. The dynamic

0 0.1 0.2 0.3 0.4
0.5

0.5

0.6

0.7

0.8

0.9 A

optimal ensemble
of NS = 3
base classifiers

best
continuous classifier

combined
classifiers

1.0

false positive rate

tr
ue
po
sit
iv
e
ra
te

Fig. 5. Ensemble selection. The performance of 9000 candidate combined
classifiers. The combined classifier (“A”) with the lowest EER when evaluated
on set O is selected. The performance of the NS = 3 individual base
classifiers, of which the decisions are fused (by majority voting) to achieve
the optimal combined performance (“A”), is enclosed by an ellipse.

signatures are converted into static signature images using only
the pen position data. The signature images therefore contain
no background noise, or variation in pen stroke-width; in this
sense they are “ideal”. See [7] for a detailed discussion on
the process of rendering static signature images from dynamic
data. It is important to note that the availability of noise-
removal techniques (e.g., adaptive median filters [11]) make
the acquisition of clean (“ideal”) signature images feasible in
practical scenarios. Furthermore, this enables us to directly
compare the results achieved in this paper with those achieved
by researchers who utilised the same “ideal” data set.
In this paper, we consider only the detection of skilled

forgeries. A skilled forgery is produced by someone who has
access to one or more genuine samples of a writer’s signature,
and ample time to practise imitating them.
Dolfing’s data set contains the signatures of 51 writers. For

each writer, there are NT = 15 training samples, 15 genuine
test samples and 60 skilled forgeries (with the exception of 2
writers, for which there are only 30 skilled forgeries).

B. Protocol
Ideally, large optimisation and evaluation sets (on which

to train, optimise and evaluate a system) will be available.
In practice this is seldom the case. A number of methods
have been developed to deal with this limitation, including
resubtitution, hold-out, cross-validation and bootstrapping [2].
We use a combination of 3-fold cross-validation and data
shuffling2. The protocol is as follows:

1 Split the data set into three equal parts, each containing
the signatures of 17 writers.

2 Use each part, in turn, as set E (17 writers), whilst the
remaining two parts (34 writers) constitute set O.

3 Randomly shuffle the order of the writers, and repeat R
times.

2Although cross-validation is designed to ensure that each writer is used
only once as an evaluation writer, we have found that the results achieved
using cross-validation are still sensitive to the ordering of the writers. We
therefore use cross-validation with repetition.

205



In each of our experiments, we choose R = 10, so that
3 ! 10 = 30 performances are generated, of which only the
mean performance is reported. For each of the 30 generated
performances therefore, a different optimisation set is used
to select an optimal ensemble (the ensemble with the lowest
EER). The selected ensemble is then used to classify all of
the signatures associated with writers in the corresponding
evaluation set. The 30 performances associated with a specific
experiment is therefore depicted by 30 operating points in
ROC space (each one approximately an EER), as shown in
Fig. 6. The average of these 30 operating points is reported as
the achieved EER and indicated by ".
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Fig. 6. The performance of 30 combined classifiers, each obtained by using
the optimal ensemble (selected each time using the appropriate optimisation
set), in this case, of size NS = 13, to classify all of the signatures in
the evaluation set. The reported EER of 8.89%, obtained by calculating the
average performance, is indicated by !.

C. Results
For these experiments, we use a HMM with N = 64 states.

The feature vectors are of dimension d = 512, in the case
of the global retina, and of dimension d = 240 (radius !
= 120) for the local retinas. The observation sequences are
of length T = 256. We use Nr = 16 retinas, and therefore
16 continuous base classifiers, from which ensembles of sizes
NS = {1, 3, 5, 7, 9, 11, 13, 15, 16} are generated and selected.
The local retinas are defined using the scheme shown in Fig. 1.
All results are reported at the EER. The results are shown in
Table I, with the best result in boldface.
Note that, when NS = 1, the single best discrete classifier

is used (no classifier combination occurs) and when NS =
Nr = 16, the selected ensemble contains a discrete classifier
associated with each of the retinas.

TABLE I
EERS FOR VARIOUS ENSEMBLE SIZES (NS )

NS EER (%) NS EER (%) NS EER (%)

1 12.90 7 9.92 13 8.89

3 12.08 9 9.07 15 9.19
5 10.60 11 9.10 16 9.67

IX. CONCLUSION AND FUTURE WORK

We have shown that the proposed system performs sig-
nificantly better than a similar system [7] that uses only

TABLE II
COMPARISON OF RESULTS ACHIEVED IN THIS PAPER WITH OTHER OSV

SYSTEMS THAT WERE EVALUATED ON THE SAME DATA SET. WE
TABULATE THE SINGLE BEST RESULT REPORTED FOR EACH SYSTEM.

Paper EER (%) Paper EER (%)

[10] 13.3 [8] 10.23
[7] 12.9 This paper 8.89

global features. An EER of 12.2% is reported in [7], however
the resubtitution method was used, which is optimistically
biased [2]. We therefore repeated the experiments in [7] (by
setting NS = 1 and selecting the global retina) using the
protocol adopted in this paper, after which an EER of 12.9%
is achieved. This constitutes a directly comparable result. We
have therefore shown that the inclusion of local features, when
evaluated on the same data set, improves the EER by 31.1%.
Three OSV systems ( [7], [8] and [10]) have previously been

evaluated on Dolfing’s data set. We include these results in
Table II for comparison. Our system significantly outperforms
these systems. In possible future work the utilisation of the
iterative Boolean combination (IBC) algorithm (instead of
majority voting) for classifier fusion, as well as the employ-
ment of a performance-based single objective genetic search
algorithm for ensemble generation and selection, may be
investigated.
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Abstract—This study presents a method for class identification
and classification of multiple time-series data using Cross Wavelet
Phase variance (Pv). The Pv method can be used to emphasize
regions of frequency commonality or regions of frequency dis-
similarity between datasets. By focussing on similarities in the
frequency domain, the technique performs better than traditional
techniques such as Euclidean distance and the euclidean distance
of FFT amplitude in classifying the University of California
Riverside (UCR) benchmark time series. The possibility that the
Pv method will accommodate lead and lag time is hypothesized
for future testing.

I. INTRODUCTION

A similarity function is a discrimination technique which
can be used to classify or cluster elements of a dataset into
classes according to similar characteristics using a normalized
distance metric. A time series similarity framework can be
formalized by defining the similarity metric within a metric
space. In such a space the algorithm can be defined as a
distance function d, where d is calculated using an appropriate
function approximator such as nearest neighbor classifiers or
R-trees. A simple time domain algorithm for d is the Euclidean
distance (d =

!"
(Xi! Y i)2). Where Xi and Y i represent

elements of the time series X and Y . Within this context, we
define the concept of metric space. A metric space X denotes
all valid objects within a database to match with the distance
function d so that: "x, y # X, d(x, y) $ 0, d(x, y) = d(y, x);
"x # X, d(x, x) = 0; and "x, y, z # X, d(x, y) % d(x, z) +
d(z, y). If all these properties are satisfied then d is the distance
function and (d,X) is the metric space [1].

Where a set of time series data in a metric space are known
to share a common response pattern, they can be grouped into
a single class - whereas data that are the result of processes
that cause a greater variability between two or more time series
may be classified into alternative classes. Collectively, these
time series form a multi-class database.

A desirable distance function should assume no background
knowledge of the underlying processes and patterns within a
dataset and avoid optimizing the characteristics of a single
class, thereby providing nondiscriminatory multi-class classi-
fication. During the classification process false clustering could

occur when similar items in a dataset have been grouped
together incorrectly whereas false dismissals imply that not
all the items with the same characteristics within (d,X) have
been returned. To reduce the possibility of false dismissals it is
important that the classifying scheme covers the entire range of
the search area and the returns are an exact match to sequential
scanning [2–4]. Conversely, if the distance function d cannot
accommodate multiple class problems, then an alternative
classifier function is required.

In this paper, we present a novel approach to similarity
searching using cross wavelet phase variance and we design a
framework to evaluate the class differential capability of the
technique.We characterize the frequency components derived
using the Morlet wavelet [5] that are common among time
series to perform similarity clustering. The results are com-
pared with other similarity metric’s such as Euclidean distance,
Dynamic Time Warping (DTW), the euclidean distance of
Fast Fourier Transform (FFT) amplitude, and cosine distance
in a one-nearest neighbor classifying scheme on publically
available time series data [6]. Our method would be particu-
larly useful in the earth sciences, where a comparison between
spatially distinct time series in complex multi agency systems
such as ecosystem processes are complicated by inherent time
lag responses.

A. Related work

A time series is a sequence of real numbers that typically
represent real-world measurements or observations. Many time
series classification problems consist of large databases that
require some form of dimensionality reduction to reduce the
computational time taken to map all objects within the search
area. Dimensionality reduction occurs at a pre-processing stage
prior to classifying the data. Some of the more common
techniques include: the Discrete Fourier Transform (DFT)
[2, 7–10]; the Discrete Wavelet Transform (DWT) [11–15];
Piecewise Aggregate Approximation (PAA) [16]; Piecewise
Linear Approximation (PLA) [17, 18]; Chebyshev Polyno-
mials (CP) [19]; and Singular Value Decomposition (SVD)
[20, 21].
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Signal processing techniques provide a good basis for
dimensionality reduction. Similarity matching in the frequency
domain is possible, according to Parsevals theorem [22],
which states that the Euclidean distance is equivalent in both
the time and the frequency domain. The most commonly
used techniques are the Discrete Fourier Transform (DFT)
and the Discrete Wavelet Transform (DWT). Agrawal et al.
[7] proposed the use of the DFT for similarity indexing
and introduced the concept called F-index. They tested their
method on synthetic data, and showed significant gains when
a higher number of sequences were introduced. The F-Index
relates to only a few Fourier coefficients that are needed to
successfully match times series. Faloutsos et al. [2] extended
the work of Agrawal et al. [7] by analyzing a sliding data
window in the time domain and then applying the DFT within
each window on a selected stock price database. Rafiei [23]
optimized the process by using the last few coefficients; this is
possible because each n! ith coefficient of the DFT analysis
of a given time series is the complex conjugate of the ith
coefficient. With a slight loss of computational speed the
results of the DFT similarity indexing can be improved by
using the symmetry of Fourier transforms [10].

Chan and Fu [11] introduced similarity indexing using the
Discrete Haar Wavelet, which seems to be the most time
effective of the wavelet based techniques [3, 11–13, 15].
They experimented on both stock data from the Hong Kong
stock market and synthetic data. The DWT approach was later
optimized by Liabotis et al. [12] using a number of dimensions
between 16 and 20.

II. MATERIALS AND METHODS

A. The Continuous Wavelet Transform
The Continuous Wavelet Transform (CWT) is a branch of

harmonic analysis that provides a time-frequency represen-
tation of f(t). The fundamental of the CWT is the Fourier
Transform in which any 2! periodic function f(t) can be
represented as a superposition of harmonically related waves.

Typically, a Fast Fourier transform algorithm (FFT) [24] is
applied by approximating the number of DFTs that are used
to calculate the frequency coefficients at n number of sample
points.

The Continuous Wavelet Transform (CWT) [5] has an
advantage over the Fourier transform because it is possible
to compare time series over a broad spectrum of wavelengths
(periods) as a function of time. A major advantage of wavelets
lies in the scaling function, that allows the multi-resolution
representation of frequencies. The window or scaling function
is called a mother wavelet; one example is the Morlet [5],
defined by a Gaussian process so that the effect of energy loss
is minimum across all scales and is given as,

"0(t) = !1/4e!i!0te!t2/2 (1)

Where #0 is the frequency parameter, usually taken as six,
to satisfy the admissibility condition [25]. The admissibility
condition implies that the Fourier transform of the wavelet

vanishes at a zero frequency. Normalization is another impor-
tant property of the Morlet as it ensures that the chosen set of
scales a are directly comparable with each other. The CWT is
defined as the convolution of f(t) with a scaled and translated
version of the mother wavelet "0(t). The CWT convolution
is applied n times to the data in Fourier space, where all
n convolutions are done simultaneously using the FFT. The
equation that describes the CWT is given as,

Wf (b, a) =
1

a

! "

!"
f(t)""(

t! b

a
)dt (2)

Where " is the mother wavelet and $ indicates the complex
conjugation. The subscript 0 is dropped to indicate that " is
normalized. A complex wavelet is used to ensure the phase
content of a signal is maintained. The wavelet spectrum is
a consistent estimator of the Fourier Spectrum over time;
however, because of the properties of the reproducing kernel,
the estimate is biased in either the time or scale (frequency)
direction. The amount of independent scale information is
limited by the Nyquist frequency and rate [26]. The Nyquist
frequency is equivalent to half the sampling frequency and the
Nyquist rate is equivalent to twice the sampling frequency.
We therefore note that when the signal deviates from a 2!
periodic process, redundant frequencies are represented and
deviation from the Nyquist frequency results in alias signals
at frequencies lower than the required sampling rate. To
limit redundancies produced by boundary effects, wavelet
coefficients are plotted inside an envelope or cone of influence
defined as the scale/time decay of 1/e2. As the Morlet is
proportionally localized in both time and frequency the ability
of the reproducing kernel to detect very time-localized struc-
tures, like jumps or frequency changes inside a time series, is
retained and the frequency content is simply exaggerated.

B. The Phase Variance Method

We propose a similarity metric based on the variance
calculated from the phase modulus of the cross wavelet.
The cross spectrum conveys predictive information of two
processes by reinforcing the covariance found in the power
spectrum of independent variables, according to scale [27].
This shows coherency between two variables normalized in a
single spectrum defined as the modulus of the cross-wavelet
spectrum. The functional form is defined as,

CS(b, a) = Wf1
"(b, a)Wf2(b, a) (3)

Where Wf1 and Wf2 are the wavelet transform#s of the
two signals, calculated in (2), and " is the complex conjugate.
The coherency of the cross modulus highlights frequency
modulated (FM) and amplitude modulated (AM) components
of each time series. The cross wavelet modulus provides a
good metric of AM similarity between two time series datasets
but is limited to a time reference to discern the degree of
coherent FM between the time series. Conversely, the cross
wavelet phase provides a good metric of the FM components
but is completely void of amplitude.

208



We introduce the phase variance Pv method in this paper
which is calculated as a function of wavelength, where the
minimum of variance indicates the degree of FM similarity
between two time series. The phase modulus is defined as,

!(b, a) = tan!1 ![CS(b, a)]

"[CS(b, a)]
(4)

Where ![CS(b, a)] and "[CS(b, a)] are the Imaginary and
Real parts of the cross-wavelet spectrum.The phase variance
(Pv) is calculated as,

Pv =
amax!

amin

"bmax

bmin
(!(b, a)# !(b, a))

2

(n# 1)
(5)

Where !(b, a) is the phase modulus defined in (4), bmin and
bmax are the limits of the time window to be analyzed and
amin and amax are the set of scales over which to compute
the phase variance. Phase coherence is assumed to reflect
a common response to an underlying driving signal that is
amplitude modulated in the time series being compared. The
total of the phase coherence is assessed across all wavelengths
that make up the time series datasets that are being compared.
The greater the extents of phase coherency over a broad range
of wavelengths, the more similar the two datasets are presumed
to be. The simplest implementation of the Pv method is
applied in a single time window that covers all the points
in the time series, and amin and amax cover all the scales. In
this approach computation time is controlled by the resolution
of each scale, and the classification problem is assumed to
be purely frequency related. The AM differences could be
accounted for by the cross wavelet power spectrum. However,
we prefer to use the Euclidean distance of the FFT amplitude.

The method matches time series, even if there is a lead/lag
offset between the compared data, and the FM differences
between time series datasets manifest as increased variances
at particular frequency/wavelength bands of the cross wavelet
phase variance. Accordingly, the phase variance is not al-
ways a simple sum of the variance. Instead, a unique set of
wavelengths will characterize the similarity between different
datasets. The wavelengths that are the best indication of the
similarity between time series datasets will differ between
datasets.

To illustrate this relationship consider the cross wavelet
analysis in Figure. 1 of four time series that have been
extracted from the Coffee database of the UCR time series
datasets[6]. The time series represent two classes. The variance
in the phase modulus of Figure. 1, highlights slight discrepan-
cies at particular wavelengths whereas the power relationship
(the domain of euclidean distance) is almost identical, an
indication that a pure AM similarity metric would not perform
well on this problem.

If the frequency characteristics, such as the wavelength band
of the classification problem, are known then the dimensions
can be dramatically reduced. Such instances are highly desir-
able. By focusing on the whole range of wavelengths when
summing the phase variance, the metric is measuring both

the similar and the dissimilar components of the time series
that are being compared. By focusing on limited wavelength
ranges, it is more likely that the summed variance is reflecting
either the similar or the dissimilar components of the time
series been compared. Without a priori knowledge of the struc-
ture of the datasets in the frequency domain, it is not possible
to determine the optimum wavelength range in which to match
the comparison. However, by ranking the Pv values from
smallest to largest it is possible to select the integration range
to emphasize either similarities or differences (see Figure. 2B).
We assume that summing over the half of the resulting vector
that represents the similarity between the datasets gives the
best FM similarities, regardless of variations within discrete
frequency characteristics of multi-class problems. We suggest
that the most appropriate approach is the Pv 1/2 approach,
whereby we rank the Pv, and normalize the smallest half by
FFT amplitude (see Figure. 2B). We do note, however, that
this approach includes low frequency alias signals that may or
may not be relevant to the indexing problem.

C. Data

We design our experiment around the publically available
UCR time series datasets [2]. The data consists of twenty
problems of various lengths and classes summarized in Table
I. Our experiment is conducted in a 1 # NearestNeighbor
framework against Euclidean distance, the euclidean distance
of FFT amplitude, Cosine distance and Dynamic Time Warp-
ing (DTW).

TABLE I
SUMMARY OF UCR DATASETS USED IN THIS ANALYSIS. EACH DATASET

HAS A GIVEN NUMBER OF CLASSES AND A PRESCRIBED SUBSET THAT CAN
BE USED TO VERIFY THE RETURNS OF A SIMILARITY METRIC ALGORITHM

Problem Classes Training sets Test sets Length
Synthetic Control 6 300 300 60
Gun-Point 2 50 150 150
CBF 3 30 900 128
Face (all) 14 560 1690 131
OSU Leaf 6 200 242 427
Swedish Leaf 15 500 625 128
50words 50 450 455 270
Trace 4 100 100 275
Two Patterns 4 1000 4000 128
Wafer 2 1000 6174 152
Face (four) 4 24 88 350
Lighting-2 2 60 61 637
Lighting-7 7 70 73 319
ECG 2 100 100 96
Adiac 37 390 391 176
Yoga 2 300 3000 426
Fish 7 175 175 463
Beef 5 30 30 470
Coffee 2 28 28 286
OliveOil 4 30 30 570
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!
Figure. 1. The cross wavelet method (left) illustrates power in the frequency domain that is common to two time series datasets. Integration across the scales
(period) of the cross wavelet modulus provides coherency between the AM components of the two datasets. The cross wavelet phase analysis (right) provides
an index of similar FM behavior between the datasets by calculating the variance of the cross wavelet phase as a function of time (shown as a graph on
the right hand side). Low values indicate good synchronicity (and therefore, similarities between the datasets at those periods), whereas, high values indicate
differences in the FM behavior of the datasets.

III. RESULTS AND DISCUSSION

Table II provides a direct comparison of the classification
skill of Euclidian distance, the euclidean distance of FFT
amplitude, cosine distance, DTW and for the phase variance
similarity metrics. The results were generated through a blind
experiment with no a priori knowledge of the characteristics
of each dataset. The results are reported as the number of time
series that are assigned incorrect classification (errors) divided
by the total number of time series in the database as,

database.length! correct

database.length
(6)

Phase variance results include the variance summed over all
the wavelengths (full), and 1

2 the re-ordered coefficients. The
Pv full approach was calculated as,

Pv =
256!

2

"bmax

bmin
(!(b, a)! !(b, a))

2

(n! 1)
"
#!

(Fai! Fbi)2)

(7)
Where, bmin and bmax are the start and end of each time

series respectively, and Fai and Fbi are the FFT amplitude
coefficients of each time series. The results presented in
Table II provide a good indication of the performance of the
Pv method over other classification techniques. The Pv 1/2
method out-performs the Pv Full method in 17 of the 20
examples. The Pv 1/2 method also performs better than the
Euclidean distance, FFT amplitude and Cosine techniques in
all but 3 of the examples.

IV. CONCLUSION

The phase variance method for the determination of class
similarity is an improvement on traditional techniques such
as Euclidean distance. Frequency variations within time series
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TABLE II
RESULTS. ED STANDS FOR EUCLIDEAN DISTANCE, AND FFT-A IS THE EUCLIDEAN DISTANCE OF THE FFT AMPLITUDE COEFFICIENTS. THE BEST

RESULTS ARE HIGHLIGHTED

Problem Ed DTW (Best Warping Window) DTW (no warping window) FFT-A Cosine Pv Full Pv 1/2
Synthetic Control 0.120 0.120 0.007 0.397 0.120 0.150 0.100
Gun-Point 0.087 0.087 0.093 0.027 0.087 0.013 0.027
CBF 0.147 0.004 0.003 0.387 0.147 0.266 0.148
Face (all) 0.287 0.192 0.192 0.257 0.286 0.243 0.228
OSU Leaf 0.479 0.384 0.409 0.430 0.483 0.442 0.413
Swedish Leaf 0.211 0.157 0.210 0.147 0.211 0.123 0.144
50words 0.369 0.242 0.310 0.411 0.369 0.371 0.341
Trace 0.250 0.010 0.000 0.140 0.250 0.140 0.120
Two Patterns 0.094 0.002 0.000 0.496 0.094 0.457 0.280
Wafer 0.005 0.005 0.020 0.003 0.005 0.002 0.002
Face (four) 0.216 0.114 0.170 0.239 0.216 0.125 0.068
Lighting-2 0.246 0.131 0.131 0.148 0.246 0.213 0.230
Lighting-7 0.425 0.288 0.274 0.301 0.425 0.315 0.301
ECG 0.120 0.120 0.230 0.160 0.120 0.110 0.100
Adiac 0.389 0.391 0.396 0.263 0.483 0.263 0.261
Yoga 0.169 0.155 0.164 0.160 0.171 0.147 0.140
Fish 0.217 0.160 0.167 0.229 0.709 0.154 0.131
Beef 0.467 0.467 0.500 0.500 0.800 0.433 0.367
Coffee 0.250 0.179 0.179 0.357 0.536 0.214 0.107
OliveOil 0.133 0.167 0.133 0.200 0.600 0.233 0.133

Figure. 2. The Pv vector portrays similarities between datasets in the
frequency domain (low Pv values) as well as differences (high Pv values).
To illustrate the approach, a Pv vector is represented as a bar-graph (A). By
integrating over different frequency ranges the resulting value will emphasize
either similarities or differences. Ranking the Pv vector (B) emphasizes the
similarities or differences between datasets. We integrate the 50% of the vector
that represents common behavior.

databases imply the nearest neighbor approach is not optimal
for this method and some initial optimization is needed to
ensure that the classes and the correct variation of the phase
variance method is used on the dataset problem. We are
optimistic, that this method can be optimized on a relatively
small training set in cases where there is a priori knowledge
of the classes to be classified. The method will also work, but
may require additional computational time, where there is no
a priori knowledge of classes, and therefore may be used to
define classes, based on similarities within arbitrary frequency
bands.

The context of this research is to develop a metric to
understand ecological trends and processes. The target re-
search domain differs from the test applied in this study in
that ecological processes often involve threshold responses
and inherent time lag responses. Soil moisture storage, for
example, will allow plant productivity to continue well after a
rainfall event and the classification for this process would fail
if threshold and lag responses were not accommodated. By
working in the frequency domain the time-localization of the
monitoring system is redundant, and so the Pv method should
be applicable where lead and lag times characterize the target
dataset. This quality offers an additional advantage of the Pv
method over other similarity metrics.
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Abstract—Language identification is often the first step when 
compiling corpora from web pages or other unstructured 
sources. In this paper , an effective and accurate method for 
identification of all eleven official South A frican languages is 
presented. The method is based on reusing commercial spelling 
checkers and consists of a multi-stage architecture that is 
descr ibed in detail. We describe the implementation of our 
method, as well as an optimisation technique that was applied to 
reduce the processing time of the language identifier . Evaluation 
results indicate significant improvements over the accuracy 
figures obtained by a baseline system.    

Keywords – Language identification; Spelling checkers; 
African Languages. 

I.  INTRODUCTION  
The goal of a language identifier is to classify a text based 

on the language the text is written in [1]. In a multilingual 
environment like South Africa, with eleven official languages, 
some form of language identification is often needed when 
searching for new texts to include in corpora or to analyse texts 
for various natural language processing tasks. Stemming, 
grammatical analysis, POS-tagging, and a number of other 
tasks set language identification as a prerequisite because these 
tasks require the application of various language-specific 
algorithms [2].   

Language identification is also a very important process 
when gathering parallel corpora for training statistical machine 
translation systems. In an effort to obtain parallel corpora for 
the development of machine translation systems for three South 
African language pairs in the Autshumato project [3], we used 
a web crawler to gather parallel texts from the websites of the 
South African government. These sites provide newsletters, 
circulars, forms and other useful information regarding local 
and national government to citizens in all eleven official 
languages. 

A problem that we encountered during the processing of 
retrieved data is that the language of a file/document can often 
not be determined on the basis of the file name alone. This is 
due to the naming convention not always being consistent with 
regard to the indication of the language contained in the file, no 
indication is present or the language indication is erroneous, 
which leaves the language contained therein unclear. 
Furthermore, a text file may contain sentences from different 

languages. This complicates the language identification 
process, making it more time consuming and expensive with 
regards to human resources, because each file needs to be 
individually checked and classified by hand as containing a 
certain language, or in some cases, more than one language.  

Therefore we propose the development of a system that 
uses existing resources to automate this language identification 
process. By automating this classification task, we could save 
both time and monetary expenses. If the task is automated, we 
reduce the amount of human input which is an expensive 
undertaking. We plan to further limit the cost by using existing 
resources, therefore eliminating the need to develop new, 
expensive resources. 

II. RELATED WORK 

A. Approaches to Language Identification 
Padró and Padró [4] present two main approaches to 

language identification: Identification based on linguistic 
information and statistically based methods. These methods 
will be discussed shortly. 

The analysis of special characters and diacritics or letter 
sequences that are very frequent in a specific language can be 
used to perform language identification based on linguistic 
information [4]. These features can be obtained from corpus 
based examples. The approach based on diacritics and special 
characters proves problematic for our specific identification 
needs, due to the fact that languages such as English and 
isiZulu do not contain any diacritics or special characters. This 
could cause confusion in a system based on this approach, 
because the absence of these characters would point to both 
English and isiZulu, but without any means of disambiguation. 
The same holds true for other languages where these characters 
are also absent and for languages that are closely related that 
share the same characters (such as Setswana and Sepedi which 
both contain the š character).  Dunning [5] points out that the 
sequence of letters approach only depends on a few unique 
occurrences of letters and disregards any other information 
contained in the text that could contribute to the classification. 
This approach holds intuitive merit but based on this merit 
alone, is not sufficient to determine the outcome of 
classification. Neither Padró and Padró [4], nor Dunning [5] 
reports on any results for a language identification system 
based on linguistic information. 
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Language identification based on statistical methods proves 
to be more suited to the problem at hand. Statistical approaches 
include, but are not limited to, Hidden Markov Models, n-gram 
based methods and Support Vector Machines [2,4]. 
Xafopoulos, Kotropoulos, Almpanidis and Pitas [6] describe 
the use of Hidden Markov Models for language identification. 
They refer to the use of discrete models, representing 
characters as non-negative integer-valued variables from which 
a probabilistic representation for a language is derived. The 
resulting model is then used for language identification with 
comparable results. The n-gram based system in [7] constructs 
an n-gram profile for each language using character n-grams 
for all values of n from 1 to 5, extracted from corpus data. The 
system constructs the same type of profile for an unclassified 
text. A distance measure is employed to get the smallest 
distance between each language profile and the unclassified 
document profile.  The language with the smallest distance 
from the unclassified document is selected as the classification 
language. Van Noord [8] implemented this n-gram based text 
categorisation in a system called TextCat which is available 
online. 

From the experiments done by Padró and Padró [4] it 
became clear that statistical language identification systems 
tend to fail when distinguishing similar languages. They 
suggest the implementation of morphological analysis in a 
system to try and solve this disambiguation between closely 
related languages. Disambiguation between closely related 
languages forms an integral roll in language identification for 
the South African languages. Botha, Zimu and Barnard [1] 
state that the South African languages can be grouped into a 
number of language families: Nguni (isiZulu, isiXhosa, 
isiNdebele and Siswati), Sotho (Sesotho, Setswana and 
Sepedi), Germanic (English and Afrikaans) and a pair outside 
these families (Xitsonga and Tshivenda). They confirm that it 
is much harder to distinguish between languages from the same 
language family.  We therefore need a system that is able to 
handle the similarities between languages to some extent in 
order to obtain trustworthy classifications. 

B. Systems for South-African Languages 
To our knowledge only Botha, Zimu and Barnard [1] and 

Combrink and Botha [2] have done research on language 
identification for South African Languages. 

Botha, Zimu and Barnard [2] describes the development of 
a language identification system for the eleven SA languages  
using n-grams statistics to be supplied as features for Support 
Vector Machines, likelihood and frequency difference-based 
classifiers. The Support Vector Machine with the best results is 
reported as having an error rate of 0.034% for a window size of 
50 words and n=3 with 2M of training data [2].  

Combrink and Botha’s system [2] was developed for only 
six South African languages alongside six European languages.  
They do not however report on individual results in classifying 
South African languages. 

III. DESIGN AND IMPLEMENTATION 

A. Design 
 Our language identifier makes use of second generation 

commercial spelling checkers [9] for 10 of the official 
languages of South Africa (Afrikaans, isiNdebele, Sepedi, 
Sesotho, Siswati, Setswana, Xitsonga, Tshivenda, isiXhosa and 
isiZulu) as well as a freely available English spelling checker. 

A second generation spelling checker not only uses a lexicon to 
check words, but also uses a morphological analyser to check 
compounds and other morphologically complex forms such as 
inflections and extensions of words [10].   

The South African languages can be referred to as resource 
scarce languages [3] (with the possible exception of English). 
Resources are few and far between and, when they are 
available, they tend to be quite expensive. We opted to use 
these spelling checkers as part of our focus to re-use existing 
resources in the development of our system, and keep expenses 
to a minimum. 

As part of the design of our system, we created a graphical 
user interface to make the system more accessible. Figure 1 
shows the user interface of the system. The interface consists of 
three parts. In the first part, the files which are to be classified 
are selected via a selection dialog. The system supports text 
files as well as .dat files containing lists of text documents to 
be classified. This function is particularly useful when 
compiling corpora from multiple documents for the machine 
translation task mentioned earlier. 

 
The second part of the interface consists of checkboxes 

which can be used to enable/disable the spelling checkers. If a 
user is confident that a document can only be in a subset of a 
number of the eleven languages, he/she has the option to select 
only the languages required. This again saves on the time it 
takes to classify a document, because the process of checking 
each first occurrence of a word is now only done with the 
selected spell checkers. Lastly, the third part contains radio 
buttons to allow the user the choice to perform language 
identification on line level or document level. On document 
level, every word in the document is checked to obtain the 
language and the system returns the language classification for 
the entire document. On line level, each line of the document is 
checked individually to obtain the language contained in the 
line. Line refers to the unit of text that is passed to the system 
by a read function. Lines are delimited by the \n escape 
sequence. Sliders are also provided to set the benchmark which 
is used to determine a “Certain” or “Uncertain” classification. 
For example, if the line level slider is set to 80% (i.e. the 

 

F igure 1. Screenshot of the user interface. 
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benchmark for line level classification), 80% or more of the 
words in the line must be a positive match for a language 
before the system will classify the line as being “Certain” in the 
specific language. If there is no language that scored more than 
the  benchmark  the  line  is  classified  as  “Uncertain”. This 
however  doesn’t mean  that  the  language  is  unknown,  but  the 
sentence is useless for the specific needs of the user. This 
benchmark is provided as an attempt to handle ambiguous texts 
that have to be classified.  

B. Implementation 
1) Logical program structure 

Figure 6 on the last page of this article shows a flow 
diagram of the classification process. The system begins by 
taking user input from the user interface (Figure 1). In this step, 
the user can specify the benchmark for classification as well as 
choose the set of spelling checkers to initialise. The incoming 
document is then pre-processed by converting it to a wordlist. 
Each word in the list is checked by all of the available spelling 
checkers. The word is then classified according to its 
acceptance or rejection by each spelling checker.  

This classification is represented in a matrix of binary 

vectors as depicted in Figure 2. Scores are assigned to each 
language based on weight relayed by the vector. The language 
with the highest score is selected as the classification of the 
document. Equation 1 is used to compute the score based on 
the number of words (n) and binary value for each word (a).  

.  (1) 

This score is then compared to the benchmark as described 
above.  

2) Memory functionality 
The concept system proved to be timely in classifying 

documents, especially when a large number of documents were 
to be classified, or the system was required to identify the 
language for each line of a document. Upon investigating the 
cause, it was found that the spelling checkers were to blame 
because each of the eleven spelling checkers was invoked to 
test every word of the document to be analysed. Furthermore, 
some of the spelling checkers also include morphological 
analysis sub-modules, which further increases the time it takes 
to identify the language in which a word is written. Memory 
functionality was implemented to decrease the processing time 
of the spell checking process. Our intent was to bypass the 
spelling checker modules by checking only a single occurrence 

of any given word within the document and saving the word, 
along with its binary vector for language classification, to a 
nested structure of associative arrays (Figure 3). Should a 
repeated word need to be classified, the binary vector for the 
word can be recalled from this structure. This memory can also 
be saved to disk and loaded each time the system is launched, 
thereby effectively building a spell checked database.  The 
other internal data structures of the system, as well as logical 
program flow, were also optimised in an attempt to further 
increase the efficiency. Speed increase on unseen documents 
was instantly noticed, as most of the frequently occurring 
words could already be contained therein and need not be spell 
checked. The speed gain noticed upon testing the system with 
regards to loading the memory from disk vs. the slower task of 
building a new memory, was performed on line level with a 3 
million word corpus. The differences in processing time are as 
follows: 

Build new memory: 388s 

Load and use saved memory: 126s  

The decrease in time, using a saved memory shows a 68% 
improvement over building a new memory. 

 

IV. EVALUATION AND RESULTS 
For the evaluation we would like to compare our system to 

a baseline system. We constructed a language identifier using 
the Lingua::Identify Perl module by Castro and Simoes [11] to 
use as a baseline system. This module uses patterns such as 
prefixes, suffixes, n-grams and small words to identify 
language. Our implementation of Lingua::Identify is set to use 
a  combination  of  small  words  (≤  4  characters),  prefixes  (the 
first 3 characters of all words), suffixes (the last 3 characters of 
all words) and n-grams (n=3), all four methods having the 
same contributing weight to the classification. The language 
models for the baseline system were constructed from a 500K 
word corpus for each language. These corpora were compiled 
from all the South African government websites (excluding 
[12]).  

 

F igure 3. Extract from nested structure of associative arrays containing 
the binary vector for language classification. 

 
              F igure 2: Binary vector matrix. 
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 Our system was evaluated, alongside the baseline system, 
using online data collected from the South African government 
services website [12]. The test set consists of 11 text files (one 
for each language), containing about 30K words per file. The 
test files were verified by mother tongue speakers to ascertain 
whether the files are an accurate representation of each of the 
eleven official languages. The verified files are parallel 
versions of each other.  

For testing the systems on line level, the lines of the test 
texts were randomised and the entire randomised test set was 
given to the systems for classification. The lines supplied were 
also of random length because of the real world nature of our 
test data. The classification provided by the systems was then 
compared to the correct classification for each line. Figure 4 
shows the results for the baseline system. We report an average 
accuracy of 86.9% for the baseline system on line level, i.e. an 
average of 86.9% of the lines, were classified as the correct 
language. 

Figure 5 shows the results for our spelling checker based 
system. We report an average accuracy of 97.9% for line level 
language identification. 

When the systems were evaluated on document level, the 
11 original test texts were split into 75 smaller test documents 
per language with a resulting 825 documents in total. Both the 
base line system and our system, classified all of the 
documents correctly. Table 1 shows the summary for 
evaluation. 

 

V. CONCLUSION AND FUTURE WORK 
Our research into the recycling of existing spelling 

checkers, by using them to construct a language identification 
system for resource scarce languages was found to be 
successful. The results proved to be of a high enough standard 
to use this system in the preparation of data for various tasks in 
the Autshumato Project. These tasks include the construction 
of representative corpora, the construction of parallel training 
data for machine translation systems and other similar data 
driven endeavours. 

The method proposed in this study shows significant 
improvements over a baseline system with regard to line level 

classification, and since quite a few of the government 
documents mentioned earlier mix different languages in one 
document, this was important. The system proves to be robust 
enough to handle the confusion between closely related 
languages, having a low rate of confusion as seen in figure 5. 
The optimisation techniques described in this paper also 
assures a system that can easily be used in a real world 
situation. 

Future work includes examining the possibilities of 
expanding the language identification to other African 
languages like Wolof, Yoruba, Igbo, Hausa and Kinyarwanda. 
This will make data acquisition for these resource scarce 
languages a more precise task.  
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System 
Level of language identification 

Document level Line level 

Baseline system 100% 86.9% 
Spelling checker based 
system 100% 97.9% 

Table 1. Results for evaluation. 

 

F igure 4. Confusion matrix for baseline system. 
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F igure 5. Confusion matrix for spelling checker language identification. 

 

F igure 6. F low diagram of classification process. 
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Abstract—This article reports on a study that involves im-
proving a tone label prediction algorithm. Tone is an important
prosodic feature for Bantu languages since these languages use
it to distinguish meaning. Studies have shown that text-to-speech
systems need detailed prosodic models of a language in order
to sound natural to native speakers of the language. Thus, text-
to-speech systems developed for Bantu languages need to have
tone implemented in them. In order to implement tone, it is
necessary for a tone modeling algorithm to receive as input the
tone labels of the syllables of a word. This allows the algorithm
to predict the appropriate intonation of the word. Our study is
concerned with improving an algorithm that predicts tone marks
of the syllables of a word. This algorithm uses three Sesotho tonal
rules to predict the tone labels on the syllables of polysyllabic
verb stems. We improve the algorithm by implementing another
tonal rule and extending the application of the tonal rules to
other parts of speech.

I. INTRODUCTION

“As information technology becomes increasingly pervasive
in society, there is a strong desire to support local languages
through technology” [1, p.248]. For speech technology, text-to-
speech (TTS) systems are useful human language technologies
for use in developing countries with typical applications in
health and education information circulation [2].

Text-to-speech systems convert input text to synthesized
speech that should ideally sound natural to native speakers
of the target language. These systems are useful in illiterate
communities, such as rural areas in South Africa, where
accessing information is difficult. In the developing world,
there are many such communities and the importance of
information dissemination is often greater. The main challenge
in developing text-to-speech systems is to build them in such
a way that the synthesized speech sounds as natural as human
speech. TTS systems require detailed prosodic models of a
language, such as tone for Bantu languages, to sound natural
and interesting [3].

Tone in Bantu languages is an important part of prosody as
it affects meaning. This is exemplified in (1)1, where the word
bona has two different tonal patterns. It is this difference in

1The Bantu languages usually have two tone levels, high and low. Accent
marks indicate a high tone and low tones are unmarked.

tonal patterns that affects the meaning of the word. We refer
to such words as tonal minimal pairs.

(1) bóna - “see”
boná - “they”

Sesotho is a Bantu language belonging to the Niger-Congo
language family. Since Sesotho is a Bantu language, it uses
tone to distinguish meaning. Bantu languages are mostly
spoken in Central Africa, East Africa, and Southern Africa.

According to [1], for TTS systems developed for tonal
languages, reliable tone and intonation models are of great
importance since the intelligibility of the system depends
heavily on them. However, there has not been much research
dedicated to the implementation of tone into TTS systems
developed for Bantu languages. According to our knowledge,
there is only one published attempt to implement tone into
a Bantu language TTS system, namely into a system for the
isiZulu language [4].

II. MOTIVATION

Extensive research has been dedicated to tone modeling for
East-Asian languages such as Chinese and Cantonese [5], [6],
[7], [8]. However, with only one published attempt by [4] to
model tone for a Bantu language TTS system, there is a need
for research based in this area of study.

We cannot employ the tone modeling methods employed in
East-Asian speech systems for Bantu languages since the tone
systems of East-Asian and Bantu languages are different. In
East-Asian languages, many words are differentiated solely by
tone [9]. In most Bantu languages, however there are fewer
tonal minimal pairs. Furthermore, Bantu languages have two
tone levels whereas East-Asian languages typically have four
tone levels [1], [9].

Louw et al. [4] suggests that in order to implement tone
into TTS systems for languages such as isiZulu, we need an
algorithm that predicts which of the syllables of a word are to
be marked for a high tone and the appropriate intonation of
the word. Louw et al. [4] argues that with such an algorithm,
a system would produce more “natural” tones.

Zerbian and Barnard [10] discuss the steps that are nec-
essary to develop such an algorithm for the Sotho-Tswana
languages. They are as follows:
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1) Morphological analysis - It is important for part-of-
speech tagging as well as for the tagging of the tense,
mood and aspect of the verb stems. This process is
important because some tonal rules, such as the gram-
matical tone insertion rule, only apply to words of
certain grammatical categories [10].

2) Pronunciation dictionaries - These are important for the
assignment of tone patterns for noun, verb and adjective
stems as well as for grammatical morphemes such as
subject concord and tense markers [10].

3) Insertion for prosodic phrase boundaries - Tonal rules in
the Sotho-Tswana languages do not just apply anywhere
in a sentence where their phonological requirements are
met. They are constrained within certain domains. These
domains are referred to as the prosodic (phonological)
domains. It is important that the insertion of the domains
precedes the application of the rules since some of the
tonal rules are sensitive to these domains [11].

4) Application of the tonal rules - Once Steps 1–3 above
are implemented, the tonal rules can apply as described
in the literature. Khoali [12] would serve as the literature
specifying the tonal rules and their applications for
Sesotho.

A research study by [11] implemented Steps 3 and 4 of the
above hierarchy, using three Sesotho tonal rules as a basis
for the study. The algorithm developed by [11] has some
limitations which we aim to improve in order to achieve better
agreement between the tone labels produced by the algorithm
and the tone labels transcribed from natural speech. We
measure improvement by the number of matched tone labels
between the algorithm output and the transcribed sentences.

III. AIMS AND OBJECTIVES

Our study aims to improve an algorithm developed by [11]
that uses three linguistically-defined Sesotho tonal rules to
make tone label predictions on the syllable. The three tonal
rules are the high tone spread rule, the grammatical tone
insertion rule and the iterative high tone spread rule.

High tone spread (HTS1) involves the spreading of an
underlying high tone to the adjacent syllable as exemplified
in (2)2 (from [13, p.13]). In Example (2), the high tone in the
subject concord o spreads to the present tense marker a.

(2) ó á lema
SC1 PRS plough
“S/he is ploughing”

The grammatical tone insertion rule (GTI) associates the
second syllable of a verb stem with a high tone as exem-
plified in (3) (from [12, p.293]). This rule applies in certain
grammatical contexts, for more information see [12, p.243].

2Underlying high tones are underlined. High tones which are a consequence
of a tonal rule are not underlined. Glosses are as follows: INF = infinitive,
NP = noun prefix, FUT = future tense, OC = object concord, AC = adjectival
concord, SC = subject concord, COP = copulative, PRS = present tense
marker, PL = plural, PROG = progressive marker, CONJ = conjunction, PRN
= pronoun, PREP = preposition and ADV = adverb. Numbers indicate the
noun class to which different nouns belong (e.g. monna “man” = noun class
1).

(3) kgarákgarametsa-ng
push-PL
“push!”

The iterative high tone spread rule (HTS2) involves the
spreading of a grammatical high tone iteratively until the
end of the word as exemplified in (4) (from [12, p.293]). In
Example (4) a grammatical high tone surfaces on the second
syllable of the low-toned imperative verb stem. This high tone
then spreads iteratively until the penultimate syllable of the
verb stem.

(4) kgarákgárámétsá-ng
push-PL
“push!”

The algorithm developed by [11] predicts the tone labels
of a syllable based on the underlying tones according to the
lexicon as well as the tense, mood and aspect of the verb
stems. This algorithm restricts its applications to polysyllabic
verb stems.

The main objective of our study is to improve the algorithm
developed by [11] by implementing one other tonal rule,
namely the right branch delinking (RBD) rule, as well as
extending the application of the tonal rules to other word
classes.

The right branch delinking rule disassociates the right
branch of a multiply linked high tone if, and only if, there
is a high tone immediately after the target [12]. A multiply
linked high tone is a high tone that is linked to more than one
syllable after the application of a tone spread rule, such as
the high tone spread rule, where the high tone of the source
syllable will be multiply-linked to both the source syllable
and the target syllable. In Example (5) (from [12, p.143]),
the high tone on the second syllable be of the noun lebelete
spreads to le, the third syllable of the noun. The high tone on
the third syllable of the noun is delinked since it is linked to
the second and third syllable of the noun and the last syllable
is high-toned.

(5) lebéleté
NP5.untamed animal
“untamed animal”

This rule accounted for 1.69% of the 15.3% mismatched
syllables found in the study by [11]. The mismatches were
found by comparing the tone labels transcribed from natural
speech and the tone labels produced by the algorithm devel-
oped by [11].

IV. CORPUS COMPILATION

Forty-five Sesotho sentences have been chosen from various
Sesotho literature, mostly poetry, to be used as test data. Proper
nouns and/or loan words are excluded as the tone patterns for
these words are not available in the dictionary we used in our
study [15].

These sentences have been chosen in such a way that they
show the following occurrences:

• The present tense.
• The past tense.
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• The perfect tense.
• The imperative mood.
• The future tense.
These tenses are relevant for the algorithm developed by

[11] and our improved version. Sentences have at most three
verb stems. Some of the verb stems have more than two
syllables in order to show the full consequence of the tonal
rules. Since we do not have prerecorded Sesotho sentences for
the transcriptions, the forty-five sentences have been recorded
by three native Sesotho speakers.

For the purposes of our research study, only one speaker
is needed for transcriptions. To choose the speaker with the
“clearest” tones in their speech, two processes of elimination
are employed.

• Nine tonal minimal pairs are used to determine the
speaker’s ability to distinguish tone.

• Another test involves perceptually and acoustically veri-
fying the clarity of the tones the speaker produces in their
speech.

V. APPROACH

Figure 1 provides an overview of the processes involved in
our study. The first two processes correspond to Steps 1–2 of
the study in [10]. Since we do not have access to tone marked
dictionaries or a morphological analyzer, these two steps have
been processed manually.

We illustrate the steps described by [10] in our context by
means of an example in Figure 1. The text in bold indicates
the output of each process. In the final process, the high tone
spread occurs within the phonological word domain for the
noun stem as well as the clitic phrase domain for the verb
stem and its preceding clitics. Subsequent sections describe in
detail the manner in which we implement these processes.

A. Preparations of Input Data
1) Labeling of Underlying Tones: According to [16], there

are two Sesotho dictionaries that have tone marks [15][17]. In
our study, we used [15] to label the underlying tones since the
version of [17] which is accessible to us does not have tone
marks on its lexical entries. [15] shows the consequence of
the high tone spread in its entries as exemplified in (6).

(6) rékéla
buy for
“buy for”

In Example (6), the high tone from the first syllable of the verb
stem re spreads to the second syllable of the verb stem ke. We
know that the high tone on the second syllable of the verb
stem is not underlying as it would have been deleted by the
Meeussens rule. The Meeussens rule deletes the second high
tone of two adjacent underlying high tones [Khoali 1991]. In
our tagging, we did not include the high tones which are a
consequence of the high tone spread since this rule forms part
of our analysis and is implemented by the algorithm by [11].
We only tag underlying tones.

The noun tebogo which is not a Sesotho word but a Northern
Sotho word was found in the data. This does not compromise

the results of our study since the languages are closely related
and its Sesotho counterpart is teboho. We used the Northern
Sotho dictionary by [18] to label its underlying tones.

In cases where words included in our corpus were not in
[15], other sources of literature, such as [12], were consulted.

2) Part of Speech (POS) Tagging: The parts of speech
have been tagged manually. POS tagging is important in our
study since the grammatical tone insertion rule applies only
to words of certain grammatical categories. Also, when insert-
ing phonological boundaries, our algorithm uses grammatical
information as cues as discussed in the Section V.B.1.

B. Explanation of the Algorithm
The algorithm assumes that there are no monosyllabic verb

stems in the data, since monosyllabic verb stems have a
complex tonal behaviour which exceeds the scope of our study.
The algorithm begins by inserting the phonological boundaries
within which the tonal rules apply.

1) Insertion of Phonological Boundaries: There are three
phonological domains within which the tonal rules apply,
namely, the phonological word, the clitic phrase and the
phonological phrase. The phonological domains are inserted
as follows:

• The phonological word (!).
– According to [12], in Sesotho there are particles

whose high tones spread to the next syllable as a
consequence of the high tone spread rule and those
that do not. A particle whose high tone spreads
as a result of the high tone spread rule forms a
phonological word with the noun class prefix of the
noun stem following it, as exemplified in (7) (from
[12, p.126]). In Example (7), the particle ho belongs
to the same phonological word domain as the noun
prefix mo.
(7) (hó mó)!-(rena)!

PREP NP1-king
“to the king”

– A particle whose high tone does not spread forms
its own phonological word domain as exemplified in
(8) (from [12, p.126]), where the particle ke belongs
to a different phonological word from the noun class
prefix of the noun stem following it.
(8) (ké)! (morena)!

COP king
“It is a king”

– For verb stems, polysyllabic verb stems form their
own phonological word domain as exemplified in (9)
(from [12, p.224]). In Example (9), the verb stem
tsamaya forms its own phonological domain.
(9) ó tla (tsamaya)!

SC1 FUT go
“S/he will go”

• The clitic phrase (C).
– According to [12], the clitic phrase domain is not

necessary for noun stems.
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Fig. 1. Approach taken in our study

– The clitic phrase consists of the verb stem and all
the clitics (prefixes) to the left of the verb stem [12].
Example (10) (from [12, p.216]) shows a polysyl-
labic verb stem (rékisa) forming its own phonolog-
ical word and forming a clitic phrase with all the
prefixes to the left of it.
(10) (ke sá e (rékisa)!)C

1SG.SC PROG OC4 sell
“I still sell it”

• The phonological phrase (") is the domain within which
the finality restriction rule applies. We aim to implement
this rule in the near future since it accounted for most of
the mismatches found in the study by Raborife [11].

– The right edge of a phonological phrase domain is
inserted between a head and its modifier as exem-
plified in (11) (from [12, p.43]). In Example (11),
the noun lekala is modified by the adjectival phrase

le letle. Thus, the right edge of the phonological
phrase boundary is inserted between the noun and
the adjectival phrase.
(11) Ke na:lé lekala)" lé letle

1SG.SC have NP5.branch AC5 nice
“I have a nice branch”

– The right edge of the phonological phrase is also
inserted on the last word on the right edge of a
sentence. This sentence can be either compound,
simple or complex as exemplified in (12)3 (from [12,
p.57]).
(12) Thabo ó ráta pódi mmé ó batla bá jé yoná

féla)"
Thabo SC1 like goat CONJ SC1 want OC2

3In the original text, the English translation is given as “Thabo likes mutton
and wants them to eat it only”.
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eat PRN ADV.only
“Thabo likes goat and wants them to eat it

only”
– By default, if there is a right edge, a left edge is

inserted immediately after the right edge as exem-
plified in (13) (from [12, p.43]). In Example 14, the
left edge is inserted immediately after the right edge
that is between the noun and the object concord le.
(13) Ke na:lé lekala)! (lé letle)!
The left edge of a phonological phrase is also in-
serted before the first word on the leftmost edge of
a sentence. This is exemplified in (15) (from [12,
p.43]). In Example (14), the left edge is inserted at
the beginning of the sentence.
(14) (Ke na:lé lekala)! (lé letle)!

2) Application of the Tonal Rules: The algorithm by [11]
locates the verb stem in a sentence. It then checks the tense,
mood and aspect (TMA) of the verb stem. If the TMA of the
verb stem falls in the category that allows for the application
of GTI, the algorithm applies GTI followed by the HTS2.
HTS2 is a strictly phonological word domain span rule. Else,
the algorithm applies the high tone spread rule. The high tone
spread rule is a clitic phrase domain span rule.

The improved algorithm searches for a clitic phrase in a
sentence, “looks” for the verb stem and checks its context. If
the context allows for the application of the GTI, the algorithm
applies GTI followed by HTS2. Else, it applies HTS1 and then
RBD if necessary. The algorithm searches for the next clitic
phrase in the sentence and does the same for all the clitic
phrases in a sentence.

Once all the clitic phrases have been searched and the
tonal rules applied in them, the algorithm searches for the
phonological word domains and applies the HTS1 accordingly
within this domain.

VI. ANALYSIS

The recorded sentences have been transcribed by three
independent labelers. The labelers have different backgrounds
with respect to tone in Bantu languages. Furthermore, the
labelers are sensitive to tonal issues. The transcriptions have
been compared across all labelers. In cases of disagreements,
the final tone label is based on the tone label that is agreed
upon by the majority of the labelers.

The output produced by the algorithm for each sentence
is compared to its transcribed counterpart. This analysis is
restricted to the phonological domains which are of interest in
our research study.

In the case of a mismatch between the output produced by
the algorithm and the transcription, we attempt to provide a
reason for it. The sentences are then grouped according to the
similarities of the mismatches observed in the analysis.

The data analysis phase is divided into four sub-phases. The
first phase will involve comparing the output produced by the
algorithm as already discussed. The remaining three phases
involve the following:

• Comparing the sentences with no tone labels to the
transcribed sentences.

• Comparing the sentences with underlying high tone
tagged to the transcribed sentences.

• Comparing the sentences with the three Sesotho tonal
rules implemented by [11] to the transcriptions.

VII. RESULTS

Comparing the transcription of the sentences to the sen-
tences with unmarked tone labels (tones are neither high nor
low) produced 59.6% matched syllables.

Our analysis shows that an improvement on unmarked tone
levels would be underlying tones. Comparing the sentences
with underlying tones to the transcribed sentences produced
65.5% matched syllables. This is an improvement of 5.9%.

Comparing the transcribed sentences with the output pro-
duced by the algorithm developed by Raborife [11] yielded
66.9% matched syllables. This is an improvement of 7.3% in
comparison to unmarked tone labels and an improvement of
1.4% in comparison to underlying tone labels.

Comparing the transcribed sentences with the output pro-
duced by our improved algorithm yielded 68.5% matched
syllables. This is an improvement of 8.9% in comparison to
unmarked tone labels and an improvement of 3% in com-
parison to underlying tone labels. The results show a slight
improvement of 1.6% between the output produced by the
algrithm developed by Raborife [11] and the output produced
by our algorithm.

The results show that our algorithm improves the algorithm
by Raborife [11] only slightly. This is due to the fact that
there are rules which apply immediately after the tone spread
rules but have not yet been implemented by our algorithm. The
mismatches found when comparing the transcribed sentences
with our improved algorithm are largely due to three other
tonal rules, namely, the finality restriction rule, the left branch
delinking rule and the specifier high tone delinking rule. These
three rules are ordered immediately after the tone spread rules,
that is, they “feed” directly from them.

The finality restriction principle exempts syllables at the end
of a phonological phrase from the application of tonal rules
[12], [14]. In Example (15) (from [12, p.38]), the high tone
on the first syllable of the verb stem reka does not spread to
the second syllable as expected by the high tone spread. This
high tone is blocked by the finality restriction rule. This rule
accounted for 7.63% of the 15.3% mismatched syllables found
in the study by [11].

(15) ((ho (réka)")C)!
INF buy
“to buy”

The left branch delinking rule delinks the left branch of
a multiply-linked high tone if it is preceded by a high tone.
This rule is a phonological word domain-span rule. In Example
(16) (from [12, p.254]), the high tone on the second syllable
of the verb stem kgurukgurumetse surfaces with a low tone.
This syllable is associated with a high tone by GTI since the
verb stem is in the negative form. This high tone then spreads
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by HTS2 until the penultimate syllable. The last syllable is
at the end of a phonological phrase domain hence the high
tone does not spread to the last syllable. The high tone on the
second syllable of the verb stem is delinked by the left branch
delinking rule since the first syllable is high-toned.

(16) ha ké kgúrukgúrúmétsé
NEG 1SG.SC cover.NEG
“I don’t cover a bit”

The specifier high tone delinking rule delinks a high tone
on an object or reflexive prefix if the prefix is not within
the same phonological word as the stem. Example (17) (from
[12, p.274]) shows an underlyingly high toned object prefix
mo surfacing with a low tone. The high tone on the object
prefix spreads by HTS1 to the first syllable of the verb stem
kgarameditse. The high tone on the object prefix then delinks.
This example also shows GTI as well as HTS2 since the verb
stem is in the perfect tense. This rule did not account for any
of the mismatches found in Raborife’s [11] study since there
were no object prefixes in the data.

(17) ó mo kgárámédı́tsé
SC1 OC1 push
“He pushed him/her”

VIII. FUTURE WORK

We aim to implement the three Sesotho tonal rules which
are the finality restriction rule, the specifier high tone delinking
rule and the left branch delinking rule. These rules accounted
for the mismatches found in our analysis.

As discussed in [1], implementing detailed prosodic features
of a language in a TTS system enables the system to sound
natural. Currently, our algorithm is not fully integrated into
a TTS system. We only use the back end of Speect, a
multilingual speech synthesizer developed by [19]. Until our
algorithm is fully integrated into a TTS system, we cannot
verify the extent to which implementing such an algorithm
can affect the perceived naturalness of the system. Therefore,
future research should include conducting a perception test. A
perception test will allow native speakers of the target language
to grade the synthesized speech. This is important since the
synthesized speech has to sound natural to the native speakers
of the language.

IX. CONCLUSION

Our research study verifies the suggestion by [4] that to
implement tone into TTS systems for languages such as
isiZulu, as well as the Sotho-Tswana languages as shown by
[11], we need an algorithm that predicts the tone marks of the
syllables as well as the appropriate intonation of the words.
Our algorithm deals with the former, the latter can only be
dealt with once the relationship between the tone levels and
the fundamental frequency is known for Sesotho [20].
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Abstract—In audio-visual automatic speech recognition
(AVASR) both acoustic and visual modalities of speech are used
to determine what a speaker is saying.

In this paper we propose a basic AVASR system that uses mel-
frequency cepstrum coefficients (MFCCs) as acoustic features,
active appearance model (AAM) parameters as visual features,
and dynamic Bayesian Networks (DBNs) as probabilistic models
of audio-visual speech.

The performance of the AVASR system is tested using the
Clemson University audio-visual experiments (CUAVE) database.
As expected, we find that visual-only speech recognition (au-
tomatic lip-reading) performs worse than audio-only speech
recognition. However, by integrating visual and acoustic speech
information we are able to significantly increase performance, in
particular in noisy acoustic environments.

I. INTRODUCTION

Motivated by the multi-modal manner humans perceive
their environment, research in audio-visual automatic speech
recognition (AVASR) focuses on the integration of acoustic
and visual speech information with the purpose of improving
accuracy and robustness of automatic automatic speech recog-
nition systems. AVASR is in particular expected to perform
better than audio-only automatic speech recognition (ASR)
in noisy acoustic environments, as the visual channel is not
affected by acoustic noise.

Functional requirements for an AVASR system include
acoustic and visual feature extraction, learning, and classifi-
cation.

In this paper we propose a basic AVASR system using mel-
frequency cepstrum coefficients (MFCCs) as acoustic features,
active appearance model (AAM) parameters as visual features,
and dynamic Bayesian Networks (DBNs) as probabilistic
models of audio-visual speech.

The performance of the AVASR system is tested using
the Clemson University audio-visual experiments (CUAVE)
database. As expected, we find that visual-only speech recog-
nition (automatic lip-reading) in general performs worse than
audio-only speech recognition. However, by integrating visual
and acoustic speech information we are, in particular in
noisy acoustic environments, able to obtain significantly better
performance than what is possible with audio-only ASR.

Fig. 1. Acoustic feature extraction from an audio sample of the spoken word
‘zero’. Mel-cepstrum (top) and original audio sample (bottom).

II. FEATURE EXTRACTION

A. Acoustic Speech

MFCCs are the standard acoustic features used in most
modern speech recognition systems. In [1] MFCCs are shown
experimentally to give better recognition accuracy than alter-
native parametric representations.

MFCCs are calculated as the cosine transform of the
logarithm of the short-term energy spectrum of the signal,
expressed on the mel-frequency scale. The result is a set of
coefficients that approximates the way the human auditory
system perceives sound.

The total number of MFCC feature vectors obtained from
a single audio sample depends on the duration of the original
sample, the sample rate, the chosen window size, and the
amount of overlap between adjacent windows.

Figure 1 shows an audio sample of the word ‘zero’ together
with the corresponding mel-frequency cepstrum.

B. Visual Speech

While acoustic speech features can be extracted through
a sequence of transformations applied to the original input
signal, extracting visual speech features is in general more
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Fig. 2. Triangulated base shape s0 (top left), and first three shape vectors
p1 (top right), p2 (bottom left) and p3 (bottom right) represented by arrows
superimposed onto the triangulated base shape.

complicated. The visual information relevant to speech is
mostly contained in the motion of visible articulators such
as lips, tongue and jaw. In order to extract this information
from a video sequence it is advantageous to track the complete
motion of the speaker’s face and selected facial features.

AAM fitting [2] is an efficient and robust method of tracking
the motion of deformable objects in a video sequence. AAMs
model variations in shape and texture of an object of interest.
In contrast to MFCCs, AAMs require prior training before
being used for feature extraction. In order to build an AAM it
is necessary to provide sample images with the shape of the
object annotated.

The shape of an appearance model is given by a set of (x, y)
coordinates represented in the form of a column vector

s = (x1, y1, x2, y2, . . . , xn, yn)
T. (1)

The coordinates are relative to the coordinate frame of the
image.

Shape variations are restricted to a base shape s0 plus a
linear combination of N shape vectors

s = s0 +
N
!

i=1

pisi (2)

where pi are called the shape parameters of the AAM.

The base shape and shape vectors are normally generated
by applying principal component analysis (PCA) to a set of
manually annotated training images. The base shape s0 is the
mean of the object annotations in the training set, and the
shape vectors are the N singular vectors corresponding to the
N largest singular values of the training shape data matrix.
Figure 2 shows an example of a base mesh and the first
three shape vectors corresponding to the three largest singular
values.

The appearance of an AAM is defined with respect to the
base shape s0. Appearance variation is restricted to a base

Fig. 3. Mean appearance A0 (top left) and first three appearance images A1

(top right), A2 (bottom left) and A3 (bottom right).

appearance plus a linear combination ofM appearance vectors

A(x) = A0 +
M
!

i=1

!iAi(x) !x " s0. (3)

To generate an appearance model, the training images are first
shape-normalized by warping each image onto the base mesh
using a piecewise affine transformation. Noting that two corre-
sponding sets of three points are sufficient for determining an
affine transformation, the shape mesh vertices are first triangu-
lated. The collection of corresponding triangles in two shape
meshes then defines a piecewise affine transformation between
the two shapes. Next, the pixel values within each triangle in
the training shape s are warped onto the corresponding triangle
in the base shape s0 using the affine transformation defined
by the two triangles.

The appearance model is generated from the shape-
normalized images using PCA. Figure 3 shows an example
of a base appearance and the first three appearance images.

Tracking of an appearance in a sequence of images is per-
formed by minimizing the difference between the base model
appearance, and the input image warped onto the coordinate
frame of the AAM. For a given image I we minimize

argmin
!,p

!

x

"

A0(x) +
M
!

i=1

!iAi(X)# I(W(x;p))

#2

(4)

where p = {p1, . . . , pN}, ! = {!1, . . . ,!M} and x " s0.
Note that, for the remaining discussion of AAMs, we assume
that the domain of x is the image coordinates contained within
the base mesh s0 (as in (4)).

In (4) we are looking for the optimal alignment of the
input image, warped backwards onto the frame of the base
appearance A0(x). A motivation for the backwards warp can
be found in [3].

For simplicity of the presentation, we shall only consider
variation in shape and ignore texture variation. The derivation
for the case including texture variation is available in [3].
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Consequently (4) reduces to

argmin
p

!

x

[A0(x)! I(W(x;p))]2. (5)

Solving (5) for p is a non-linear optimization problem. This
is the case even if W(x;p) is linear in p as the pixel values
I(x) are in general nonlinear in x.

The quantity that is minimized in (5) is the same quantity
that is minimized in the classic Lucas-Kanade image alignment
algorithm [4]. In the Lukas-Kanade algorithm the problem is
first reformulated as

argmin
!p

!

x

[A0(X)! I(W(x;p+!p))]2. (6)

This equation differs from (5) in that we are now optimizing
with respect to !p while assuming p is known. Given an
initial estimate of p we update with the value of !p that
minimizes (6) to give

p! = p+!p. (7)

This will necessarily decrease the value of (5) for the new
value of p. Replacing p with the updated value for p!, this
procedure is iterated until convergence at which point p yields
the (local) optimal shape parameters for the input image I .
To solve (6) Taylor expansion is used, which gives

argmin
!p

!

x

"

A0(W(x;p)) ! I(W(x;p)) !"I
!W

!p
!p

#2

(8)
where "I is the gradient of the input image and !W/!p is
the Jacobian of the warp evaluated at p.

The optimal solution to (8) is found by setting the partial
derivative with respect to !p equal to zero which gives

2
!

x

"

"I
!W

!p

#T "

A0(x)! I(W(x)) !"I
!W

!p
!p

#

= 0.

(9)
Solving for !p we get

!p = H"1
!

x

"

"I
!W

!p

#T

[A0(x) ! I(W(x;p))] (10)

where H is the Gauss-Newton approximation to the Hessian
matrix given by

H =
!

x

"

"I
!W

!p

#T "

"I
!W

!p

#

. (11)

For further details on how to compute the piecewise linear
affine warp and the Jacobian see [3]. An extension of this
method that includes a global shape normalizing transform
and appearance variation is described in [3].

The resulting AAM variation parameters ! are used together
with the shape parameters p as visual features in the AVASR
system.

Figure 4 shows an AAM fitted to an input image. When
tracking motion in a video sequence, the previous optimal fit is

Fig. 4. AAM fitted to an image

typically used as a starting point for the search in the following
frame.

The AAM fitting method described above is referred to
as the forwards-additive method [5]. In AVASR applications
with real-time performance constraints we are often willing to
sacrifice some accuracy for increased efficiency. In [3] several
variations of the Lucas-Kanade method are evaluated and it is
concluded that the inverse-compositionalmethod gives the best
trade-off between performance and accuracy. We have used
the inverse compositional method for the research presented
in this paper.

III. MODELING AUDIO-VISUAL SPEECH USING DYNAMIC

BAYESIAN NETWORKS

A. Definition

A dynamic Bayesian network (DBN) is an extension of
Bayesian networks that allows for modeling variable-length
(and potentially semi-infinite) sequences of hidden and ob-
served random variables and their dependencies. Variables
are represented by nodes in a graph, and dependencies are
represented by directed arcs connecting the nodes. As with
Bayesian networks, a DBN must constitute a directed acyclic
graph (DAG). The term dynamic is used as DBNs are typically
used to model dynamic systems.

A DBN graph constitutes a set identically structured time
slices. The semantics of a DBN is defined by a prior distribu-
tion over the nodes in the initial slice

p(V1) =
N
$

i=1

p(vi
1|pa(v

i
1)), (12)

and a distribution over a two-slice temporal Bayesian network
defining the transition from a slice to the next

p(Vt|Vt"1) =
T
$

t=1

N
$

i=1

p(vi
t|pa(v

i
t)). (13)
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Fig. 5. HMM modeled as a DBN

Fig. 6. An HMM with GMM observation model

In (12) and (13) vi
t is the random variable represented by the

ith node in time slice t of the DBN and pa(vi
t) is the set of

variables representing the parents of the ith node in the graph.
We restrict parent nodes to lie in the same time slice as node
i, or in the previous time slice. The set of random variables
is typically partitioned into hidden and observed nodes V =
(Z,X) where Z and X are hidden and observed variables,
respectively.

A well-known example of a DBN is the Hidden Markov
Model (HMM). An HMM is probabilistic model defined by

p(X,Z|!) = p(x1|")

!

T
"

t=1

p(zt|zt!1,A)

#

T
"

t=1

p(xt|zt,#)

(14)
where " is the prior over HMM states, A is the transition
matrix and # is the observation model parameters. From
(12), (13) and (14) we see that an HMM has the graphical
representation shown in Figure 5.

The observation model can in principle have any distribu-
tion. In speech recognition applications it is common to model
observations as a mixture of Gaussians

bt(xt|zt) =
M
$

j=1

wijN (xt|µij ,!ij), (15)

where wij , µij and !ij are the weight, mean and covariance
of the jth mixture component and ith HMM state, respectively.

In fact, by introducing an additional multinomial hidden
variable yt indicating which mixture component is selected,
we can model an HMM with a Gaussian mixture observation
model as a DBN where each node in the graph has a distribu-
tion belonging to the exponential family [6] (we can show that
GMMs are not in the exponential family). This property has
important consequences for inference and learning, as it allows
us to use general DBN inference and learning algorithms. The
graphical representation of the HMM with GMM observations
is shown in Figure 6.

B. Modeling asynchrony

In the DBN framework it becomes possible to model
additional properties of audio-visual speech as extensions to
the basic HMM model. An interesting property to model is
the asynchrony between acoustic and visual speech (when
speaking the motion of articulators comes prior to the sound
being uttered).
One possibility is to simply concatenate the acoustic and

visual features into a single feature vector and use the standard
HMM as shown in Figure 5. We call this the audio-visual

HMM (AV-HMM). A minor variation on the AV-HMM is the
audio-visual product HMM (AV-PHMM). In the AV-PHMM
the audio and visual observation models have separate nodes,
allowing us to weigh each stream differently. The AV-HMM
and AV-PHMM models assume perfect synchrony of the
audio and visual observation streams, and hence might not
adequately capture the natural asynchrony between the two
streams.
Another possibility is to use two separate HMMs for the

audio and visual observation streams. Each stream will then
have a separate state space independent from the other. The
resulting DBN is the audio-visual independent HMM (AV-
IHMM). Although this model will allow state asynchrony
between the acoustic and visual observation streams, it may
fail to capture the natural correlation between the two streams.
Ideally, we would like an asynchrony model that constrains

the level of asynchrony to somewhere in between that of the
AV-PHMM and AV-IHMM.
In [7], several asynchrony DBN models for AVASR are

proposed. From the seven models considered, it was found
that the coupled HMM gives the lowest word error rate on the
AVASR task. In the audio-visual coupled HMM (AV-CHMM)
the observation and state nodes of the audio and visual streams
are separate, but coupled at the state level. The AV-CHMM
model is shown in Figure 7. Note that, to avoid clutter we
have omitted the node labels and the details of the observations
model. The level of asynchrony is constrained by limiting
the number of states that the two streams are allowed to de-
synchronize. In our experiments we have allowed the stream
to de-synchronize by one state only. In practice, we apply this
constraint by setting transitions that lead to ‘illegal’ levels of
de-synchrony to be 0 in the transition matrix.
In the experiments we use the AV-CHMM as the audio-

visual speech model.

C. Learning

Learning DBNs is typically done using the expectation

maximization (EM) algorithm. EM iteratively calculates the
expected sufficient statistics and re-estimates the parameters
of each node in the DBN. This can be done in general for
models that are in the exponential family and with nodes that
have multinomial or Gaussian distributed random variables.
The objective of the EM algorithm is to maximize the log

likelihood function of the model parameters given the observed
data. In general, the algorithm will only find a local maximum.
It is therefore important to have good initial values for the
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Fig. 7. Audio-visual coupled HMM

model parameters. The k-means algorithm is commonly used
for this purpose.
In the common case that we have multiple observation

sequences, e.g. multiple recorded samples of the same word
or phoneme, the expected sufficient statistics for all sequences
are pooled before the parameters are re-estimated.
In an isolated word recognition task, a separate model is

typically learned for each word.

D. Classification

Classification is performed using the max-sum algorithm.
The max-sum algorithm is analogous to the Viterbi algorithm
for HMMs. The max-sum algorithm will calculate the most
likely state sequence given a novel observation sequence. In an
isolated word recognition task, a novel sample is classified as
belonging to the model with the most likely state sequence, i.e.
the model that is most likely to have generated the observation
sequence.
Further details on interference and learning in DBNs can be

found in [6].

IV. EXPERIMENTAL RESULTS

An AVASR system using MFCCs as audio features, AAM
coefficients as visual features, and DBNs for audio-visual
speech modeling, was implemented as described in the previ-
ous sections. The audio and visual feature extraction (MFCCs
and AAMs) is implemented in Python as described in [8]. The
DBNs are implemented using the Bayesian Network Toolkit
[9] written by Kevin Murphy.
In order to test the system we use the Clemson Univer-

sity audio-visual experiments (CUAVE) database [10]. The
CUAVE database consists of 36 speakers, 19 male and 17
female, uttering isolated and continuous digits. Video of the
speakers is recorded in frontal, profile and while moving. We
only use the portion of the database where the speakers are
stationary and facing the camera while uttering isolated digits
(referred to as the ‘normal’ part in the CUAVE documenta-
tion). We use 2/3 of the data from all speakers for training
and the remaining 1/3 for testing. The speakers in the training
set are the same as in the test set, resulting in a closed-set

Fig. 8. Sample frames from CUAVE

speech recognition experiment. As such, the results reported
here are applicable for speaker-dependent automatic speech
recognition systems. A sample frame from each individual in
the data corpus is shown in Figure 8.
Visual feature extraction is done by building individual

AAMs for each speaker in the data corpus. The AAMs are
learned from manually annotated training data. We found it
sufficient to manually annotate every 50th frame of each video.
The visual features (AAM coefficients) are subsequently ex-
tracted by fitting the AAM to each frame of the video.
Training the audio-visual speech recognition system consists

of learning audio-visual DBNs for each digit in the data corpus
from the training data. Learning is performed using the EM
algorithm. Testing is performed by classifying each of the
isolated digit samples in the test data using the max-sum
algorithm. To evaluate the performance of the system we use
the misclassification rate, i.e. the number of wrongly classified
test samples divided by the total number of test samples.
A core feature of AVASR is the robustness to acoustic noise.

We therefore wish to test the effects of varying the level of
noise in the audio channel. Acoustic white Gaussian noise,
ranging from -5dB to 15dB in steps of 5 dB signal-to-noise
ratio (SNR), is added to the test data.
In order to compensate for the varying levels of acoustic

noise in the model, we make use of stream weights. The audio
and visual observation probabilities are weighted exponentially
by stream weights !A and !V , where A and V are the audio
and video streams, respectively. From (15) we get

b̃st = bst (x
s
t |z

s
t )

!s , (16)

where s ! {A, V }.
We constrain !A and !V to lie between zero and one and

sum to one, i.e.

!A + !V = 1 for 0 < !A,!V < 1. (17)

For each of the SNR levels, we estimate an optimal stream

235



AV-CHMM
SNR -5 0 5 10 15
!A 0.0 0.3 0.6 0.9 1.0
!V 1.0 0.7 0.4 0.1 0.0

TABLE I
OPTIMAL STREAM WEIGHTS FOR THE AV-CHMM

Fig. 9. Misclassification rate for varying SNR levels

exponent. The optimal stream exponent is the exponent that
results in the lowest misclassification rate on the test data. As
the number of classes in our experiment is relatively small
we perform this optimization using a brute-force grid search,
directly minimizing the misclassification rate. We vary !A

from 0 to 1 in steps of 0.1. The corresponding !V will then
be given by 1 ! !A. The set of parameters !A and !V that
results in the lowest misclassification rate on the test data are
chosen as optimal parameters. The optimal stream weights for
the AV-CHMM for each SNR level is shown in Table I.

In order to evaluate performance, we perform classification
for each of the SNR levels using the estimated optimal stream
weights for the respective SNR levels. This is not an unrealistic
model, as several methods exist for estimating the noise
level in both the audio and video input signals [11]. We
evaluate the system performance by calculating the average
misclassification rate for the digits using each of the SNR
levels. We compare audio-only, visual-only, and audio-visual
classifiers. Figure 9 shows average misclassification rate for
the different models and noise levels.

From the results we see that the visual channel indeed
does contain information relevant to speech, but that the
performance of visual-only speech recognition is, as expected,
lower than audio-only speech recognition. However, as SNR
in the audio channel decreases, AVASR performs significantly
better than audio-only speech recognition. This is because
the combination of acoustic and visual speech information is
superior to any of the two modalities separately.

V. CONCLUSION

In this paper we propose a basic AVASR system that
uses MFCCs as acoustic features, AAM parameters as visual
features, and audio-visual DBNs for modeling audio-visual
speech.
The AVASR system is tested using the CUAVE database.

Based on the experimental results, we conclude that the visual
channel does contain information that is relevant to speech,
but that the performance of visual-only speech recognition
(automatic lip-reading) is, as expected, lower than audio-only
speech recognition. However, in the presence of increasing
acoustic noise we are able to increase recognition performance
beyond that of audio-only speech recognition by combining
acoustic and visual speech information. This conforms to
our daily experience, as it is typically easier to understand
someone speaking if we can indeed see them.
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Corné de Ridder
School of Computing

UNISA
Pretoria, 0002, SA

Abstract—Bundle adjustment is a popular technique for op-
timally refining both 3D structures and camera motions for a
given sequence of images. Classical bundle adjustment recovers
3D features (usually points and/or lines) from multiple views
of scenarios. A robust algorithm is presented here to determine
the bundle point, c0, where p lines cross (or where the Euclidean
distance to the p lines is minimized) by using only linear algebra.
The presented algorithm is coined the linear bundle adjust(LBA)
algorithm.

The presented bundle adjust algorithm can be applied in
various n-dimensional spatial problem areas including geom-
etry extraction (the post-registration process of localizing an-
chor points in stereo- and multi-camera vision systems) and
videogrammetry/photogrammetry (where the static 3D world is
inferred from a camera on a moving object).
Applications include: facial gesture recognition using stereo
sensors, player and/or ball triangulation gathering statistics in
sports events, or helmet sights where accurate anchor point
triangulation is essential. Another classical application is a cruise
missile, which, often without GPS input, has to match discovered
topological features to its knowledge base to calculate its own
whereabouts. Its obtained position can then be used to determine
the missile’s aim point.

GLOSSARY, ABBREVIATIONS, ACRONYMS

Acronyms and Abbreviations
6DOF 6 degrees of freedom, free movement along the 3

translation axes and around three rotational axes
AAPC Automatic Anchor Point Calibration
BP The bundle point, c0, is the point in 3D space such

that the sum of the distances to a set of lines is a
minimum.

FIFO First-In-First-Out — a buffer growing from zero up
to a fixed maximum length, consequently dropping
the oldest remaining element upon each subsequent
addition.

FOV Field Of View
GPS Global Positioning System
ISP Inertial Sensor Pack

LBA Linear Bundle Adjust
LOS Line Of Sight - described mathematically as the

relative 3D direction cosine from the observation point
to a target, also referred to as a ray-line

SCMP Single Camera Moving Platform]
SLR Sight Line Rate measured in [radians per second]

I. INTRODUCTION

In a survey of “bundle adjustment” (BA) provided by [1] it
is claimed that it is not possible to do a BA by relying only on
linear algebra. Here we describe an approach that indeed uses
only linear algebra as an excellent approximation to BA. We do
not aim to solve all the abberation- and registration problems
presented in [1]. Nevertheless, the BA simplification proposed
here could be acceptable in many applications, including
geometry extraction (the post-registration process of localizing
anchor points in stereo- and multi-camera vision systems) and
videogrammetry / photogrammetry (where the static 3D world
is inferred from a camera on a moving object).

The proposed BA differs from Blackman [2] — not all the
parameters proposed in this paper are calculated. Furthermore
Blackman [2] uses a pseudo inverse of a matrix. Instead we
propose a method of directly populating a solvable linear
system.

The remainder of this paper is laid out as follows. In
Section II a brief history of the evolution of our BA derative
is provided together with a sketch of a typical application
scenario. In Section III the derivation of the BA is done
for a one camera moving platform. The algorithm presented
in Section III can additionally be used to discover a 3D
static world from a moving platform. Section IV reports
on potential application areas where the presented BA has
been successfully implemented and is currently in use. The
robustness & limitation of the presented BA are noted in
Section V. An extension to k-dimensions can be found in
Section VI. Section VII concludes the paper. Matlab and “C”
implementations of the proposed bundle adjust algorithm can
be found at http://www.cdevelop.co.za.

Throughout the paper, it is assumed that compensations
have already been made for lens deformations, i.e lens and
camera calibration are done. Therefore a pinhole camera model
can be used. If we use a pinhole camera model then the BA
algorithm becomes linearly solvable. Thus, a solution can
be provided in the form of a linear system of equations.

Camera calibration is done by FFT-based aberration de-
tection (see [3]) and linear correlation methods (see [4]) to
identify lens distortions. Identified distortions can be corrected
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by using affine transforms [5] or non-linear geometric lens
distortion corrections. It is also common to optimize camera
parameters for non-linear lens artifacts and to correct these
in one iterative algorithm. Accuracies of up to 100 µrad or
a 5th of a pixel can be achieved depending on the FOV and
the camera resolution. These are usually done per camera (see
[6]). Another interesting reference is [7] where linear methods
are used to calibrate very wide angle (FOV) lenses which have
bad aberrations to an accuracy of up to 1.2 pixels. Note, that
accuracy decreases with increasing FOV.

II. BACKGROUND

An LED position calibration problem surfaced on a project.
The calibration of individual 3D LED positions could be
done by using a theodolite. Potentially this could achieve an
accuracy of approximately 2 seconds of a degree (±2! !
10µrad). However, the theodolite cross-hair needed to be
manually positioned on the LED from the p positions for
the triangulation. Furthermore it was needed to measure the
intensity centroid position of the LED, which also proved to
be very difficult with a theodolite. For the above reasons it
was decided to use a multi-camera calibration system for the
measurement instead. Figure 1 represents the setup.

The objective was to calculate a bundle-point per detected
LED (or bundle-points for LED’s) from known observation
points.

Fig. 1. Calibration calculating the position of 3D anchor points ci

Where:

ai = [axi, ayi, azi] is the measurement position vector at
instance i, i ! {1, 2, . . . p}
— known camera-positions

!ij = [lij , mij , nij ] is the unit vector measurement
pointing from ai to cj indicating the ith

detection of cj also shown in the
2D camera image plane

bij = ai + ti!ij is a line starting at ai, the measurement
origin, extending !ij by a factor ti ! "

cj = [cxi, cyi, czi] is the bundle point of the bundle of bij
lines, c1, the point nearest to
the p lines, b11, . . . ,bp1

After setting up the camera positions ai, as in Figure 1 and
observing the anchor direction cosines !ij, the requirement
was refined to now calculate and tune the LED positions using
an automatic anchor point calibration (AAPC) algorithm. To
accomplish this task the BA algorithm was derived. Given
the system noise and imperfections and using the BA with 3
cameras, it was possible to measure an LED position to a small
signal resolution of a 50th of a pixel and a system accuracy
of better than a 10th of a pixel1.

Note, if these LEDs are fixed on a rigged surface in 6DOF
motion, to optically triangulate the position and orientation
of the rigid body by using two or more cameras (of known
position), 4 or more LEDs are needed. If only three LEDs
are used, two could be inline for a given camera. In such a
case it may not be possible to determine behind which LED
the obscured lies. That may inhibit the LBA to recover the
complete relative structure.

We have subsequently discovered that the same basic algo-
rithm can be used to calculate a bundle point (BP — a 3D
position) of a static object in a scene, from a single camera
on a moving platform. This is done by aggregating multiple
view points of the object for the calculation (See III). See
Figure 2 for an illustration of a typical scenario. Commonly,
multiple viewpoints (direction cosines) of the “same object”
can be identified by tracking and associating the object over
time. These matters are, however, beyond the scope of this
paper. See [2] for a good reference.

III. ALGORITHM DERIVATION

The bundle point, c0, in any relevant scenario (including
the single camera moving platform problem) is the point in
3D space such that the sum of the distances di to each line in
a set is a minimum.

The BA algorithm is derived in the context of a general
3D world discovering environment, as illustrated in Figure 2.
In this environment the problem entails the calculation of the
position of the point c0 after the point has been observed
from a 2D imaging sensor at p known positions ai, where
i " {1, . . . , p}.

1Pixel size is expressed as an angle as, Psize = FOV/npixels, where the
field of view is calculated as FOV = 2 # arctan (Wccd/2FL), with FL
the focal length, and Wccd the physical CCD size. Our pixel size calculated
to Psize = 90 deg

720 = 2.19mrad and the BA ray-line accuracy added to the
camera position and calibration accuracy resolved to total a angular resolution
of better than 200µrad, "total =

!
"2

ray + "2
cam = 200µrad, explaining

the 10th of a pixel.
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Fig. 2. The BA algorithmic environment — Discovering a 3D point c0 by
minimizing the distances di (zoom in view is shown for two lines)

Where:

ai = [xi, yi, zi] is the measurement position vector at instance i,
i ! {1, 2, . . . p}

!i = [li, mi, ni] is the unit vector measurement pointing
from ai to the ith detection of c0

bi = ai + ti!i is a line starting at ai extending along !i
c0 = [x0, y0, z0] is the bundle point of the bundle of bi lines, i.e.

c0, the point nearest to the p lines, b1, . . . ,bp.

The remainder of this Section is laid out as follows.
Section III-A provides a formal problem statement for the
single camera moving platform (SCMP) system. Section III-B
provides the calculation of the bundle point. Matlab code for
the 3D BA is provided in Section III-C. Section III-D provides
notes for BA usage on a moving platform; and finally Section
III-E elaborates on additional information gained by doing the
proposed BA.

In summary, in this section the BA solution is derived
solving the SCMP problem illustrated in Figure 2. Note this
problem environment was chosen because in general bundle
points should be solved one by one. The derived solution is
therefore also the solution to the AAPC problem posed in II
and illustrated in Figure 1.

A. Formal Problem Statement

Given p lines: bi = ai + ti!i with i ! {1, 2, . . . p}, it is
possible to calculate:

• the bundle point, c0, of the set of lines, i.e. the point in
3D space nearest to the i lines; and

• the point on each line nearest to bundle point, c0.

Note that ti here is not time, but a real number adjusting
the 3D direction vector !i along the bi line. Then !i is the
discrete cosine unit vector at the chosen track history instance
i. Furthermore it will be shown that 2 of these lines (or
instances) are sufficient to get a robust answer for c0, provided
that the lines are not almost parallel. (See V.)

B. Solution: The bundle point calculation

The ith line can be described as:

bi = ai + ti!i = [xi + tili, yi + timi, zi + tini] (1)

The distance between line i and the bundle point, c0, is:

d2
i = "bi # c0"2 (2)

= (xi + tili # x0)
2 + (yi + timi # y0)

2 + (zi + tini # z0)
2 (3)

The bundle point, c0, is the point where the sum of squared

distances,
p!

i=1

di
2, is a minimum. To minimize the distance we

differentiate w.r.t. ti and x0, y0 and z0 as follows:

!

!ti

"
p!

i=1

di
2

#
(4)

=
!

!ti

"
p!

i=1

$
(xi + tili ! x0)2 + (yi + timi ! y0)2 + (zi + tini ! z0)2

%
#

(5)

= 2

p!

i=1

$
(xi + tili ! x0)li + (yi + timi ! y0)mi + (zi + tini ! z0)ni

%
(6)

= 2

p!

i=1

$
(l2i + m2

i + n2
i )ti + (xili + yimi + zini) ! (x0li + y0mi + z0ni)

%
(7)

!

!x0

"
p!

i=1

di
2

#
(8)

=
!

!x0

"
p!

i=1

$
(xi + tili ! x0)2 + (yi + timi ! y0)2 + (zi + tini ! z0)2

%
#

(9)

= ! 2

p!

i=1

$
(xi + tili ! x0)

%
(10)

Set Equation 7 to zero, and simplify the systems ti line:

0 = 2

p!

i=1

$
(l2i + m2

i + n2
i )ti + (xili + yimi + zini) ! (x0li + y0mi + z0ni)

%

(11)

= 2

"
p!

i=1

ti +

p!

i=1

(xili + yimi + zini) !

p!

i=1

(x0li + y0mi + z0ni)

#
(12)

="

p!

i=1

ti +

p!

i=1

(xili + yimi + zini) =

p!

i=1

(x0li + y0mi + z0ni) (13)

Solving the x-component from Equation 10 renders an
equation for the derivation to x0:

0 = ! 2

p!

i=1

$
(xi + tili ! x0)

%

0 = !

p!

i=1

(xi + tili) !

p!

i=1

x0

=" !

p!

i=1

x0 =

p!

i=1

(xi + tili)
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Similarly equations for the derivation to y0 and z0 are
obtained, and the complete system can be presented as:

p!

i=1

ti +

p!

i=1

(xili + yimi + zini) =

p!

i=1

(x0li + y0mi + z0ni)

!

p!

i=1

x0 =

p!

i=1

(xi + tili)

!

p!

i=1

y0 =

p!

i=1

(yi + timi)

!

p!

i=1

z0 =

p!

i=1

(zi + tini)

The above system of equations can be written in matrix
form as follows:
"

##$

1 0 · · · 0 !l1 !m1 !n1
0 1 · · · 0 !l2 !m2 !n2
.
.
.

.

.

.
. . . 0

.

.

.

.

.

.

.

.

.
0 0 · · · 1 !lp !mp !np
l1 l2 · · · lp p 0 0

m1 m2 · · · mp 0 p 0
n1 n2 · · · np 0 0 p

%

&&'

"

#$

t1
t2

.

.

.
tp
x0
y0
z0

%

&' (14)

=

"

#############$

x1l1 + y1m1 + z1n1
x2l2 + y2m2 + z2n2

.

.

.
xplp + ypmp + zpnp

p!

i=1

xi

p!

i=1

yi

p!

i=1

zi

%

&&&&&&&&&&&&&'

(15)

And the linear system in Equation 15 can be solved by matrix
inversion as follows:

B[p + 3! p + 3]T [1! p + 3] = R[1! p + 3] (16)
" B!1BT = B!1R (17)

" T = B!1R (18)

Thus, solving the bundle point, c0 = [x0, y0, z0], forming
part of the T matrix above, involves doing a matrix inversion,
as shown in Equation 18. Note that many references including
the excellent matrix reference [8] can be consulted to solve
the presented system of equations. We prefer using libraries
such as Alglib in C++, or doing simple pivoting Gaussian-
Elimination on an embedded systems using “C”, for the task.
Software like Matlab can be used for verification and cross-
validation.

C. Matlab sample code for doing a 3D bundle adjust

The code for the bundle_test Matlab script:

% Origins
a = [ 1 , 0 , 1

0 , 1 , 1
1 , 1 , 1
0 , 0 , 1

];

% Endpoint Measurements in 3D
cm = [ 0.1 , 0.1 , 0.1

0.1 , 0.1 , 0.1
0.1 , 0.1 , 0.1
0.1 , 0.1 , 0.1

];

N = size(a,1);
u = eye(N)*-1;

% Relative Measurements in 3D
r = cm-a;
% The range of each
rnorm = sqrt(ssqr(r,2));
% Direction cosines when dividing
lmn = r./[rnorm rnorm rnorm];

r_test = sqrt(ssqr(lmn,2));

% the bundle adjust solution, i.e. :
% [t1...tn sum{x0} sum{y0} sum{z0}]
ba = [u,lmn;-lmn',eye(3)*N]\[sum(lmn.*a,2);sum(a,1)'];

% finding the individual points on each of the N lines
lmnt = lmn.*[ba(1:N,1) ba(1:N,1) ba(1:N,1)];
bt = a + lmnt;
dt = bt - repmat(ba(end-2:end,1)',[N,1]);

% finding the bundle points
c0 = [ba(end-2) ba(end-1) ba(end-1)];

% other measures
d_mean = mean(dt,2);
d_std = sqrt(sum(sum(dt.*dt,2))/N);
r_a0t = sqrt(sum(bt.*bt,2));

D. Notes for usage on a moving platform

In the derivation and the sample code, all the observations
available from history are used to calculate c0. Alternatively,
one can use the BA algorithm as follows: (i.)

1) Use only the first and last observation in the track history
FIFO buffer per track. This means a maximum of 40
batches time-separation between only two sightlines will
be used when calculating c0.

2) Use the first observation and the current observation
per track. Thereby greater time-separation than the 40
mentioned in (i.) (the current memory buffer length) is
possible. Similarly to (i.), only 2 ray-lines are used for
doing the calculation.

E. Additional information gained from the bundle point solu-
tion

The answer to the BA algorithm provides the following
additional information:

1) The point on each line nearest to c0:

bi(ti) = ai + ti!i (19)

2) The above point (see Equation 19) renders the distance
to each line, di, as follows:

di =
(

(ai + ti!i # c0)2 (20)

3) The standard deviation of the distance sphere per bun-
dle point, c0, can be obtained by using the following
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formula:

!c0 =

!""#
p$

i=1

di
2 (21)

=

!""#
p$

i=1

| bi(ti)! c0"2 (22)

Note, it was found that the value of !c0 gives a good
indication of the positional accuracy of the achieved BA
result.

4) It was found that in dynamic systems, the following 3
measures provide a good indication on whether a bundle
point is indeed stationary, i.e:
• the moving standard deviation of the 10 most cur-

rent standard deviations:

!!c0
=

1

10

!""#
10$

i=1

(!c0 i ! !c0 )2 (23)

• the average relative range ti:

µti =
1

p

p$

i=1

ti (24)

• the standard deviation of the range ti:

!ti =

p$

i=1

(ti ! ti)
2 (25)

IV. APPLICATION AREAS

There are several application areas where these results may
be used. A few possibilities are considered below:

A. Registration and localization in stereo- and multi-camera
vision — automatic anchor point calibration (AAPC)

The described problem in this application area is acceptably
solved by performing the standard BA implementation as
proposed in Section III.

Given the sensor noise levels in the experimental environ-
ment and pixel sizes of 0.5mrad, the resulting accuracy for
the BA calculation yielded values well within a uncertainty
sphere equivalent to a 10th of a pixel in 3D. This result was
obtained in a closed environment with an approximate size of
2m3.

B. Discovering the 3D world from a single camera (2D
imaging sensor) on a moving platform — SCMP

The BA algorithm has been successfully integrated on iner-
tially stabilized moving platforms and aids in discriminating
(from the track history) whether detected candidate objects are
static or whether they are moving.

Similarly to IV-A the described problem in this domain was
also acceptably solved by performing the standard BA imple-
mentation as proposed in Section III. Furthermore, similar ac-
curacies were obtained under similar sensor noise conditions.
However, distances to a range of more than 5 km were tested
in simulation using a moving camera with a three-degree FOV.

C. Positional calibration of a multi camera system
The inverse of the problem in IV-A is not as easily achieved,

i.e. attempting to triangulate the camera system position and
orientation having known anchor points (and possibly having
camera positions that are known relatively to each other). This
problem, although solvable, is left for future research.

D. Determining the convexity of a cloud of 3D points - some
interesting vector solutions

The convexity covariance and the focal point of a 3D cloud
of points can be calculated by getting the centroid of the
center perpendicular crossings of pairs of vectors. This is
especially useful in scanning laser range finders where object
recognition is a requirement. A centroid estimation of such a
partial convex hull can be achieved when combining pairwise
centre perpendicular crossings.

Fig. 3. The middle perpendicular crossing p0 and the bundle point, c0,
illustrated

Two interesting vector solutions are provided to solve the
vector problems described above. They are presented in the
Figure 3.

• The bundle distance for two vectors at a time can be
calculated as follows ( [2]):

|t1| =
|r1 # "2|
|"1 # "2|

(26)

|t2| =
|r1 # "1|
|"1 # "2|

(27)

|t2| =
|r2 # "3|
|"2 # "3|

(28)

|t3| =
|r2 # "3|
|"2 # "3|

(29)

Note the two approaches to calculate |t2| above will
give different answers for the bundle distance and thus
different approximations for the bundle point, c0 = r1 +
|t2|"2.

• The centre perpendicular crossing, p0, between any two
non-parallel vectors can be found as follows:
Say r3 = r1 ! r2. Then p0 is the 3D point where:

0.5r2 + t(r3 # r1) = 0.5r1 + t(r3 # r2) (30)
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E. Using BA for model based recognition problems

When BA is done on clouds of points clustering or recov-
ering model structure, it is referred to as model based bundle
adjustment (MBA). See [9] for work in the field of model
matching. Matching is done using feature extraction as well
as a robustness analysis on the extracted features. At this stage
we have not done any further work in this application area. For
future research the 3D world- and convex partial hull matching
and recognition problems an investigation may be necessary.

V. EVALUATING ROBUSTNESS & LIMITATIONS

As mentioned this algorithm is robust if the ray-lines are
not near parallel. Note, in a 3D world lines nearly never cross,
thus we have been determining the point of the lines nearest
to intercept. Furthermore, the measurement points, ai, should
not be co-located.

Robustness can be expressed as a function of sensor noise.
Let !max be the maximum angular difference between direc-
tion cosines in the linear system. To render a robust answer
|!max| > 3"!. Say, for example, we have a FOV of 3 degrees
and " = 1 pixel positional noise on a 100x100 pixel sensor,
then our |!max| should be larger than 1.5mrad or 0.09 degrees.

Suppose that on a moving platform, one has a fairly high
update rate—for example, T=10ms. If, for example, we take
the BA between the current frame and the one 20 frames back,
then the time span is 20T = 200ms. In order to get a robust
answer, the angular difference |!max| in this example should
exceed 1.5mrad, which implies that an SLR of higher than
1.5mrad/200ms = 0.43 deg /s should be maintained at all
times for a robust answer.
To improve robustness in low sightline-rates only the first
measurement in a track and the current can be taken. There
will nearly always be sufficient separation between these two
ray-lines. If no erroneous association steals the track then this
philosophy generally provides a robust answer.

VI. EXTENSION TO Q-TARGETS AND TO K-DIMENSIONS

The system of equations has to be solved for each of the
q-targets independently.

The extension to k-dimensions is simply:
!

"""""#

1 0 · · · 0 !!11 !!12 · · ·! !1k
1 0 · · · 0 !!21 !!22 · · ·! !2k
.
.
.

.

.

.
. . . 0

.

.

.

.

.

.
. . .

.

.

.
0 0 · · · 1 !!p1 !!p2 · · ·! !pk

!11 !21 · · · !p1 p 0 · · · 0
!12 !22 · · · !p2 0 p · · · 0

.

.

.

.

.

.
. . . 0

.

.

.

.

.

.
. . .

.

.

.
!1k !2k · · · !pk 0 0 · · · p

$

%%%%%&

!

""""#

t1
t2

.

.

.
tp
"1
"2

.

.

.
"k

$

%%%%&

=

!

""""""""""""""""#

!11!11 + !12!12 + · · · + !1k!1k
!21!21 + !22!22 + · · · + !2k!2k

.

.

.
!p1!p1 + !p2!p2 + · · · + !pk!pk

p'

i=1

!0

p'

i=1

!1

.

.

.
p'

i=1

!k

$

%%%%%%%%%%%%%%%%&

Where:

!i = [!i1, !i2, · · · , !ik] is the measurement position vector
at instance i, i ! {1, 2, . . . p}

!i = [!i1, !i2, · · · , !ik] is the unit vector measurement pointing
from !i to the ith detection of c0

bi = !i + ti!i is a line starting at !i
extending along !i

c0 = ["1, "2, · · · , "k] the bundle point of the bundle of the lines

Note, c0 is the bundle point still means that c0 is the point
nearest to the p lines described by bi. The only difference is
that these vectors, lines and the bundle point, c0, are now in
k-dimensions.

A. Matlab sample code for doing a 4D bundle adjust

The code for the bundle_test_4d Matlab script:

% Origins
a = [ 1, 0, 1, 1

0, 1, 1, 1
1, 1, 1, 2
0, 0, 1, 1

];
% Endpoint Measurements in 3D
cm = [ 0.1 , 0.1 , 0.1, 0.1

0.1 , 0.1 , 0.1, 0.1
0.1 , 0.1 , 0.1, 0.1
0.1 , 0.1 , 0.1, 0.1 ];

% Alternative Origins
%a = [ 1, 0, 0, 0

0, 1, 0, 0
0, 0, 1, 0
0, 0, 0, 1 ];

% Endpoint Measurements in 3D
%cm = [ 0.1, 0.0, 0.0, 0.0
% 0.0, 0.1, 0.0, 0.0
% 0.0, 0.0, 0.1, 0.0
% 0.0, 0.0, 0.0, 0.1 ];

N = size(a,1);
u = eye(N)*-1;

% Relative Measurements in 3D
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r = cm-a;

% The range of each
rnorm = sqrt(ssqr(r,2));

% Direction cosines when dividing
lmno = r./[rnorm rnorm rnorm rnorm];

r_test = sqrt(ssqr(lmn,2));

% the bundle adjust solution, i.e.:
% [t1...tn sum{x0} sum{y0} sum{z0}]
ba=[u,lmno;-lmno',eye(4)*N]\[sum(lmno.*a,2);sum(a,1)'];

% finding the individual points on each of the N lines
lmnot=lmno.*[ba(1:N,1) ba(1:N,1) ba(1:N,1) ba(1:N,1)];
bt = a + lmnot;
dt = bt - repmat(ba(end-3:end,1)',[N,1]);

% finding the bundle points
c0 = [ba(end-3) ba(end-2) ba(end-1) ba(end-1)];
display(['The bundle point is [' num2str(c0) ']']);

% other measures
d_mean = mean(dt,2);
d_std = sqrt(sum(sum(dt.*dt,2))/N);
r_a0t = sqrt(sum(bt.*bt,2));

VII. CONCLUSION

In this paper the bundle adjustment has been solved to an
acceptable accuracy for a presented set of problems using only
linear algebra. The proposed algorithm has been implemented
successfully in two environments:

• on single camera moving platform environments with
sufficient sightline rate; and

• on anchor point measuring and monitoring systems using
2 or more positioned cameras.

In both cases, a small signal resolution of a 50th of a pixel
accuracy was achieved and a system accuracy of around a
10th of a pixel, given the implemented sensor noise-levels.
A robust result can furthermore be preempted by using the
condition-number of the matrix to be inverted (see [8]).

The presented LBA algorithm is elegant and simple. It is
also simpler and faster than iterative approaches. Its simplicity
makes it feasible to implement in firmware and real-time
embedded software. And, assuming the pinhole camera model
(i.e. a calibrated system), the LBA algorithm does render
sufficient accuracy for the mentioned problem areas.

Future research initiatives include:
• refining the convexity measure;
• investigating 3D world matching algorithms;
• investigating partially measured convex hull matching

algorithms;
• realizing an automatic calibration for complete optical

systems;
• finding a better method to determine whether a bundle

point is stationary (to be analytically derived); and
• the inverse problem of triangulating the camera system’s

position and orientation.
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Abstract—Long range imaging systems that capture video 
through the atmosphere face a major problem in the form of 
atmospheric turbulence. This turbulence causes a phenomenon 
called heat shimmer which appears as a blur ring and a wavering 
geometric distortion of the target scene which limits the effective 
range of the imaging system.  We explore an image processing 
approach to mitigating the blur ring effect of this distortion by 
using a blind deconvolution technique to sharpen the video signal 
and a dynamic illuminance-reflectance correction technique to 
improve the signal’s contrast. The algorithm is implemented on a 
G raphics Processing Unit to achieve near real-time performance. 

Keywords-A tmospheric turbulence, heat shimmer, scintillation, 
terrestrial, blind deconvolution, GPU , illuminance, reflectance 

I.  INTRODUCTION  
The rapid proliferation of digital image capture devices has 

resulted in the development of technologies that make use of 
the abundance of still image and video signals produced by 
these devices [1, 2]. The signals in question can be captured in 
various situations and will always contain some form of noise 
or distortion. This can be caused by a variety of factors such as 
the nature of the image capture device or lens assembly and 
environmental factors such as lighting, camera jitter or motion 
in the target scene [2]. The captured signals are not only used 
by human operators who can cope with these distortions. As 
image processing technology matures automated systems that 
use these signals to extract useful data are becoming more 
common. For these systems degradation in signal quality is a 
major problem [1, 2, 3]. 

Modern imaging systems are capable of high 
magnifications. This class of imaging system is used for long 
range video surveillance in both the military and civil spaces. 
In the case where the target scene is being captured from a 
range over 1 km the effects of atmospheric turbulence become 
obvious [1, 4]. 

Turbulence in the atmosphere causes pockets of air of 
varying temperatures and thus densities to move in a random 
fashion. This movement is caused by the varying densities of 
the air pockets, wind and terrain [5]. Light from the target 
scene must travel through this turbulent atmosphere to reach 
the imaging system. The varying densities of the air pockets 
cause this light to be refracted by varying degrees and in a time 
varying manner. This results in the target scene appearing 

blurred, washed out and to be wavering or shimmering. This 
implies that objects in the scene will appear to be moving even 
when stationary. This effect is dubbed heat shimmer or heat 
scintillation [1, 3, 4, 5, 6, 7, 8]. 

Heat shimmer severely limits the effective range of long 
range imaging systems and as such mitigating the effects of 
atmospheric turbulence is a major concern when designing 
these systems. 

There are two main schools of approaches to this problem. 
The first is to make use of a mechanical adaptive optics system 
to physically compensate for the effects of the atmospheric 
turbulence on incoming light rays using a system of 
deformable mirrors [9]. The second approach is to make certain 
assumptions about the nature of the distortion and make use of 
an image processing approach to digitally enhance the video 
signal to attempt to reduce the distortion.  A few proposed 
image processing methods are the direct Discrete Fourier 
Transform (DFT) solution [4], image registration and fusion 
[1], Adaptive Control Grid Interpolation [7, 8], Image Time 
Sequence Registration [10], Neural Network approach based 
on the Monte Carlo method [11] and the Homomorphic and 
Power Spectrum approach [12]. 

This paper approaches the problem of heat shimmer in a 
similar manner to [7, 8]. The assumption is made that the 
effects of heat shimmer can be separated into two parts. The 
first is the blurring and loss of contrast caused by the scattering 
of incoming light rays and aerosols in the air. The second part 
is the wavering or geometric distortion that causes the 
stationary elements of a scene to appear to be moving. This 
paper will focus on mitigating the first part of the distortion. A 
blind deconvolution style algorithm is used to sharpen the 
video and a dynamic luminance-reflectance correction 
technique is used to improve the contrast while not amplifying 
any additive noise present. This algorithm is implemented on a 
Graphics Processing Unit (GPU) to achieve a near real-time 
performance. 

The remainder of the paper will be structured in the 
following way. Section II will describe the details of the 
algorithms implementation. Section III will describe the design 
of the performance experiments. Section IV will show and 
discuss the experimental results and Section V will be the 
conclusion. 

We would like to thank the Council for Scientific and Industrial Research 
(CSIR) for sponsoring this work. 
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II. ALGORITHM DEVELOPMENT 
We consider the distortion caused by heat shimmer to be made 
up of two classes, the first is the blurring and contrast loss 
caused by light scattering and the second is the geometric 
distortion. This paper focuses on mitigating the blurring effect 
of heat shimmer and thus we make use of a primitive 
stabilization scheme to deal with the geometric distortion. We 
make the assumption that the geometric distortion is quasi-
periodic [7, 8]. This implies that the average of the frames of 
the video sequence with wavering motion should have a mean 
displacement of 0. A simple ratio average scheme is used to 
maintain a running average of the frames in the video 
sequence as shown in equation 1. 
 
𝑔(𝑥, 𝑦, 𝑡) =  𝛼𝑓(𝑥,𝑦) + (1 − 𝛼)𝑔(𝑥,𝑦, 𝑡 − 1), (1)  

   where  x, y are the pixel coordinates in an image frame,  t is 
the current frame in the sequence, g(x,y,t) is the updated ratio 
frame average, g(x,y,t-1) is the previous frame average, f(x,y) 
is  the current incoming frame, and α is a scalar value between 
0 and 1 which dictates the propotion of the new frame which 
is added to the average. 
 
We tackle the blurring effect of heat shimmer in two stages. 
The first part of the algorithm uses a blind deconvolution 
approach to sharpen the image and the second stage uses a 
dynamic illuminance-reflectance correction scheme to 
improve the contrast of the video frame. 

A. Blind Deconvolution 
The term blind deconvolution was first used and described in 
[13]. The following model is used to describe the image 
capture system: 
 

𝑔(𝑡) =  𝑓(𝑡) ∗ ℎ(𝑡)+  𝑛(𝑡), (2)  

Where g(t) is the received frame which contains noise and 
distortion, f(t) is the undistorted scene, h(t) is the distortion 
function which is convolved with the target scene and n(t) is 
the additive noise present in the scene.  
 
In our case the distortion function describes the nature of the 
blur caused by capturing video through atmospheric 
turbulence. The additive noise present in the scene is mostly 
due to the nature of the digital image capture device. The term 
blind deconvolution refers to the fact that we have no a priori 
information about the nature of the blurring function and have 
to identify the blur function while only having access to the 
distorted frame. To achieve this we make use of Hufnagel’s 
model of the blur caused by atmospheric turbulence described 
in [14]: 
 

𝐻(𝑢, 𝑣) = 𝑒−𝜆(𝑢2+𝑣2)5/6 , (3)  

where λ  is parameter that controls the intensity of blur and u 
and v are the 2 dimensions of the spatial frequencies. 
 

We make use of a Wiener filter to compensate for the blurring 
effect of the heat shimmer. The Wiener filter is used as it takes 
into account the power of the additive noise present in the 
signal to reduce the amplification of that noise in the 
deconvolved image. Equation (4) describes the Wiener filter 
[2, 15]. 
 

𝐻𝑤 = 
𝐻∗

|𝐻|2 + 𝑆𝑁 𝑆𝐹7
, (4)  

where SN is the power spectrum of the additive noise, SF is the 
power spectrum of undistorted the image, H is the model of 
the distortion and Hw is the Wiener Filter based on the 
specified model. 
 
To apply the Wiener filter the frame is first transformed into 
the frequency domain using the Fast Fourier Transform (FFT). 
The filter is applied in the frequency domain as a convolution 
operation becomes a simple multiplication [15]. The noise-to-
blurred signal ratio is estimated as the difference between the 
global variance of the whole frame and the average local 
variance which is assumed to represent the power of the 
additive noise. This is due to the fact that the noise and the 
blurred image are uncorrelated. The Noise-to-Signal Ratio 
(NSR) is thus estimated using the following equation [7, 8]: 

 

𝑁𝑆𝑅 =
𝐿𝑜𝑐𝑎𝑙 𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒

𝐺𝑙𝑜𝑏𝑎𝑙 𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 −  𝐿𝑜𝑐𝑎𝑙 𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒   , 
(5)  

 
To identify the amount of blur present in the image a search 
space of possible values of 𝜆 in equation 3 is specified. The 
input frame is deconvolved using a Wiener filter constructed 
from the blur model using a given 𝜆 value in the search space. 
The result must then be evaluated to decide if the best 𝜆 value 
has been found. This is done using a sharpness metric to 
compare the relative sharpness of deconvolved frames until 
the value of 𝜆  is found that results in the sharpest possible 
output. In [7, 8] kurtosis is used as the sharpness metric but we 
found that in images that have large areas of uniform colour 
this metric is not accurate.  
 
Initially we used a Laplacian operator based metric where the 
Laplacian operator was applied to the image to accentuate the 
high frequency information, such as edges, and remove the 
uniform colour areas. A mean value of this result gave a 
robust comparative sharpness metric. A problem with this 
approach is that the metric is applied in the spatial domain. 
This implies that after each deconvolution the inverse FFT 
(IFFT) must be applied to convert the result from the 
frequency domain to the spatial domain. To avoid this 
computationally expensive approach we use a frequency 
domain based sharpness metric where the power in the higher 
frequency bands is used as a measure of the sharpness of the 
image. Using normalized frequency domain coordinates where 
0 is at the DC value and 1 is the highest frequency. We find 
the power in the frequency band that lies between 0.3 and 0.9. 
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We use the upper bound of 0.9 to avoid measuring the power 
of any high frequency noise in the image. This metric allows 
us to perform the FFT once at the beginning of the algorithm 
and IFFT only once the optimal value of 𝜆 is found. 
 
It was observed that as we traversed the search space for 𝜆 the 
sharpness metric exhibited a single peak and as such once a 
maxima is found we assume that the best possible value for 𝜆 
has been located and we have identified the blur present in the 
current frame. At this stage the IFFT is applied to give the 
sharpened frame. Figure 1 shows the structure of our blind 
convolution algorithm. 
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Figure 1: Frame averaging and blind deconvolution algorithm 

B. Dynamic Illuminance – Reflectance Correction 
Due to the scattering of light and blurring caused by capturing 
video through the turbulent atmosphere the captured video 
frames tend to have a low contrast and appear washed out. The 
standard method for improving contrast is to perform a 
histogram equalization [2, 16]. This is not ideal in our case as 
it severely amplifies high frequency additive noise which is 
present in the original frames and is slightly amplified by the 
blind deconvolution stage of the algorithm. 
 
We make use of the dynamic illuminance-reflectance 
adjustment approach presented in [17]. This technique 
performs dynamic range compression on the low frequency 
component of an image while preserving the high frequency 
content so as not to amplify any additive noise present in the 
image. 
 
The assumption is made that a image I(x,y) can be represented 
as the following product [17]: 
 

𝐼(𝑥, 𝑦) =  𝐿(𝑥,𝑦)𝑅(𝑥, 𝑦) , (6)  

 
where L(x,y) is the luminance component of the image and 
R(x,y) is the reflectance component of the image. 
 
The luminance component of the image is assumed to contain 
the low frequency information and the reflectance component 
is assumed to contain mostly the high frequency information 
of the image. The luminance estimate of the image is found by 
applying a 5x5 discrete Gaussian filter to the input image. The 
reflectance estimate is then calculated by dividing the input 
image by the luminance estimate. Once we have the 
luminance estimate the dynamic range compression is 
performed using the following sigmoid function [17]: 
 

𝑠(𝑣) = 
1

1 + 𝑒𝑣 , 
(7)  

This function is applied to the image in the following steps: 
 

𝐿𝑛 ′ = 𝐿𝑛.𝑠(𝑉𝑚𝑎𝑥 ) − 𝑠(𝑉𝑚𝑖𝑛 )4 +  𝑠(𝑉𝑚𝑖𝑛 ) , (8)  

where Ln is the normalized luminance component and Vmin and 
Vmax are chosen based on the mean value of the image as 
described in [17]. 
 

𝐿𝑛 ′′ = ln 5
1
𝐿𝑛 ′

− 16 , (9)  

 

𝐿𝑛 ,𝑒𝑛ℎ =
𝐿𝑛 ′′ − 𝑉𝑚𝑖𝑛
𝑉𝑚𝑎𝑥 − 𝑉𝑚𝑖𝑛

 , 
(10)  

where 𝐿𝑛 ,𝑒𝑛ℎ is the enhanced normalized luminance. 
 
The next step of the scheme is to perform a mid-tone 
frequency enhancement which is done using equations 11 and 
12: 
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𝐸(𝑥, 𝑦) = 𝑅(𝑥, 𝑦)𝑝 = (
𝐼𝐿(𝑥 ,𝑦)
𝐼(𝑥,𝑦)+

𝑝

, 
(11)  

where 𝐼𝐿(𝑥 ,𝑦)  is the original image filtered with a 10x10 
Gaussian filter and p is chosen based on the image’s standard 
deviation as specified in [17]. 
 

𝐿𝑛 ,𝑒𝑛ℎ ′ = 𝐿𝑛 ,𝑒𝑛ℎ𝐸(𝑥 ,𝑦), (12)  

where 𝐿𝑛 ,𝑒𝑛ℎ ′  is the final fully adjusted luminance estimate. 
The final step is to reconstruct the image by reintroducing the 
reflectance component to the adjusted luminance component 
using equation 6. 
 
This portion of the algorithm is illustrated in the figure 2. 
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Figure 2: Dynamic Illuminance-Reflectance adjustment algorithm 

III. EXPERIMENTAL DESIGN 
Once the algorithm was implemented a number of 
experiments were performed to confirm the algorithm does in 
fact enhance sharpness and contrast. Firstly, human evaluation 
was used to compare processed and unprocessed frames from 
two video sequences that were captured through real 
atmospheric turbulence for sharpness and contrast 
improvement. For objective experiments the colour histograms 
of the processed and unprocessed frames were compared to 
confirm that colours are evenly distributed throughout the 
entire range indicating better contrast in the processed frames.  
 

To objectively measure the improvement in sharpness two 
sharpness metrics were used. The first was a laplacian 
operator based sharpness metric. This metric applies the 
laplacian operator to the image which has a high response for 
high frequency image elements such as edges and a low 
response for low frequency features such as areas of uniform 
colour [2, 16]. The mean of the intensities in the resulting 
image gives a good comparative metric for sharpness. The 
second sharpness metric used is Shannon Entropy, which 
measures the average information contained in an image and is 
described in [16]. 
 
The algorithm was implemented on the GPU using the 
OpenGL API and GLSL shader language to achieve near real-
time performance. To compare the GPU implementation to a 
CPU implementation the algorithm was reimplemented on the 
CPU using the OpenCV and FFTW libraries. Both GPU and 
CPU implementation were done using the C++ language using 
the G++ compiler for consistency. The computational speed of 
the algorithms were measured by processing a series of videos 
of increasing resolutions and measuring the average 
processing time for 200 frames of the same video sequence. 
The specifications of the computer used to perform these 
experiments are given in table 1. 
 

CPU AMD Athlon 7750 Black Edition 
Motherboard Asus M3N-H 

RAM 4 GB DDR2 400 MHz 
GPU Nvidia GeForce GTX 260 

Table 1: Test PC Specifications 

IV. EXPERIMENTAL RESULTS 
Figures 3 and 4 show an unprocessed and processed frame 
from two different video sequences captured through turbulent 
atmosphere. Visual inspection shows that in each case the high 
frequency information in the image is enhanced significantly 
and that the contrast enhancement reveals many details that 
were not originally visible. 
 
Figure 5 shows the results of the Laplacian sharpness metric 
for the unprocessed frames and processed frames. It can be 
seen that the amount of high frequency content in each image 
has indeed been amplified quite significantly in both cases. 
Frame B shows a larger improvement due to the larger amount 
of high frequency components it contains compared to Frame 
A which has large areas of uniform colour. Figure 7 shows the 
measured Shannon entropy for each frame. Both frames show 
an improvement in entropy which means the algorithm 
restored information that was lost due to the effects of heat 
shimmer. Frame B shows only a slight increase in entropy 
because the original frame had a fair amount of high 
frequency information in it to start with so the blind 
deconvolution stage of the algorithm did not sharpen the frame 
very dramatically. 
 
Figure 8 shows the histograms of the unprocessed and 
processed versions of Frame B. It can be seen that the 
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unprocessed  frame’s  colours  were  contained  in  only  a  small 
range of colour values and that the dynamic illuminance-
reflectance adjustment stretched the histogram to occupy 
almost the entire colour range thus increasing the frames 
contrast significantly. 
 
Figure 6 shows the computational performance results of the 
full algorithm implemented on the GPU and CPU for a set of 
different video resolutions. It is apparent from the figure that 
the GPU implementation runs far faster than the CPU 
implementation. At the smallest resolution the algorithms run 
at very similar speeds but as the size of the data increases the 
CPU experiences an exponential decay in processing times 
consistent with a serial architecture. 

 

 
F igure 3: Unprocessed and Processed video frame A  

The GPU implementation retains a fairly flat performance 
profile as the resolution increases and at the largest size runs at 
two orders of magnitude faster than the CPU implementation. 

 

 
F igure 4: Unprocessed and Processed frame B 

 
F igure 5: Laplacian sharpness metric results for F rame A  
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F igure 7: Shannon Entropy results for F rame B 

 
F igure 8: a) Unprocessed F rame A histogram b) Processed frame 

A histogram 

V. CONCLUSION 
 
When long range imaging systems capture video sequences 
through turbulent atmosphere a phenomenon called heat 
shimmer is observed. Heat shimmer causes the captured video 
to appear blurred and washed out. Heat shimmer also causes 
geometric distortions that make stationary elements of a scene 
appear to move in a quasi-periodic fashion. 
 
This paper focuses on mitigating the blurring effect and 
contrast reduction caused by heat shimmer. A primitive 
stabilisation approach is used to combat the geometric 
distortions in the video sequences. A blind deconvolution 
approach is used to identify the intensity of the blurring effect 
in a given frame and compensate for the distortion without any 
a priori information. A dynamic illuminance-reflectance 
approach is used to improve the contrast of a frame without 
amplifying the additive noise present in the frame. 
 
A number of sharpness metrics are used to confirm the 
effectiveness of the blind deconvolution algorithm at 
sharpening the image. Histogram analysis is used to confirm 
the improvement of contrast by the algorithm. The algorithm 
is implemented on the GPU and the CPU to compare the 
computational performance increase experienced on the GPU 
as the resolution of the input video increases. 
 
The algorithm presented in this paper enhances video distorted 
by heat shimmer resulting in a sharper video with improved 
contrast and very little increase in additive noise which most 

sharpening and equalisation approaches experience. The GPU 
implementation of the algorithm runs at near real-time speeds 
on a mid-range GPU from the previous generation and it is 
expected that the algorithm will run at real-time speeds when 
run on a top-end card from the current generation. 
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Abstract—In this paper, we present a novel method for rec-
ognizing and segmenting symbols and text in complex image
sequences. The algorithm is designed to take advantage of the
massive computing capability of parallel processing architectures.
The additional processing resources will allow for more prepro-
cessing steps reducing the number of simplification assumptions
on the orientation, structure, scale and colour of the detected
character symbols. The increased algorithmic complexity yields
better recognition performance. This optical character recog-
nition framework was designed to run on video sequences of
unstructured environments. A robust algorithm will be presented
that addresses these underlining vision based issues and will be
tested for speed and recognition accuracy.

I. INTRODUCTION

Optical Character Recognition (OCR) is a method for de-
tecting text in images and converting the pixel representation
of the letters to an equivalent character form recognized by
the computer such as ASCII or Unicode [1].

Traditionally, OCR is used in commercial systems to search
and store their large number of paper forms and documents
electronically. Searching through these paper documents by
hand can be a tedious and time consuming process, which
lends itself to automation. Document digitization has become
an important and integrated part of modern companies [2].

Traffic monitoring and number plate recognition is another
common OCR application. The steps involved include local-
izing the number plate in the image and then classifying the
individual letters on the plate. This can be used to do automatic
electronic toll collection, logistic vehicle tracking and traffic
surveillance [3]. The primary drawbacks of these systems are
that they are designed to function within tight operational
constraints and assumptions, unpredictable lighting conditions
and out-of-focus distortions can influence the reliability of the
results [4].

As camera and mobile computing technologies mature and
become widely available, a new range of applications and
engineering opportunities emerge. Research fields such as
traffic sign recognition [6], automated athlete tracking[7] and
the field of machine understanding of text have received
attention. Extensive efforts for combining technologies such as
OCR and Text-to-Speech have given even the blind or visually
impaired access to textual information in their surrounding
environments [8].

The trend of using the Graphics Processing Units (GPU)
for Image Processing has evolved over recent years from
running simple computer vision operators and filters to the
development of complex interactive algorithmic solutions.
These complex algorithms use advanced functions that work
together to solve image processing problems that have high
processing requirements. The GPU was developed to create a
rich graphical representation from a description of a virtual
scene, image processing on the other hand can be considered
as the inverse of this process, where information needs to be
extracted from an image of a rich environment [9]. If we are
able to harness processing potential of this parallel processor,
we will be able to process more complex image processing
models.

We propose to implement an unconstrained OCR system
optimized for parallel processing to deal with the environ-
mental and image processing related issues. This system will
enforce only a small number of constraints by harnessing the
processing power of the GPU. In Section II we will present
the research methodologies required for the implementation
of this algorithm. Section III describes our proposed text seg-
mentation and recognition approach, followed by the system
testing and analysis of our results.

II. BACKGROUND

A. Greyscale conversion
The greyscale of an input image can be obtained by calcu-

lating a weighted average of the individual colour components
to account for human perception. The weights are 21.26% for
the Red Component, 71.52% for Green and 7.22% for the
Blue Component [10]. This colour space conversion creates a
reduction in dimensionality.

I = 21.26 !R+ 71.52 !G+ 7.22 !B (1)

where R is the red component, G is the green component and
B is the blue component of the colour.

B. Local adaptive thresholding
Thresholding classifies each pixel of an image into a binary

representation such as ”true” or ”false”, ”foreground” or
”background”. Traditionally in simple thresholding methods a
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single fixed value is used to classify each value into these cat-
egories. Unfortunately this simple approach fails under vary-
ing illumination conditions across the image. Local adaptive
thresholding can be used to improve the binarization results of
these complex scenarios[11]. Each value in a greyscale image
I can be represented as a value between 0 and 1:

I(x, y) ! [0, 1] (2)

where x and y are the current location in the image
The mean pixel intensity of a window around the current

pixel is used to estimate the local threshold required to binarize
the image. This simple comparison is used to classify each
value into foreground or background.

b(x, y) =

!
0 ifI(x, y) < t(x, y)
1 else

(3)

where x and y are the current location in the image, b is the
binarized image, t is the stored local threshold.

C. Optical character recognition
A conventional OCR system consists of 3 processing stages.

The steps involved are the detection, segmentation and recog-
nition of text. The detection stage attempts to localize regions
in the image that have a high probability of containing text. In
controlled environments and setups these regions have a good
contrast change between the light and dark regions. There are
also a high degree of gradient responses in the horizontal and
vertical directions. Many OCR systems use this knowledge
to find and extract the textual regions. The next step is the
segmentation stage. The image is broken down into more
manageable parts. Individual characters or words are extracted
from the potential textual regions in the image. The recognition
step attempts to classify each extracted region into a valid
character or set of characters [12].

III. UNCONSTRAINED TEXT RECOGNITION

The unconstrained text recognition and classification system
consists of a number of steps. An overview of the algorithm
architecture and the interactions between the different steps
can be seen in Figure 1.

The first step is to obtain an image from permanent storage
or a video stream such as a digital camera. The next step
converts the input data into a more manageable form. Colour
invariance is achieved by converting the the RGB colourspace
input image to the greyscale representation. This reduction
in information will simplify the segmentation process. Errors
and digitization artifacts are removed by convolving the image
with a small Gaussian kernel. This will remove high frequency
information in the input image which can reduce the com-
pression artifacts and smooth the transitions between different
image regions.

This greyscale image is then converted to a trinary form,
each pixel is classified as being foreground, background or
undefined. If a valid classification could not be made or the er-
ror associated with making the classification is large, a region
will be classified as being undefined. After the initial trinary

Fig. 1. Architectural overview of the unconstrained text segmentation
algorithm

conversion, classification errors should be removed. Classified
regions neighboring directly next to undefined or unclassified
are prone to trinary classification errors. These areas have
a low probability of containing valid textual symbols. An
iterative process is used to remove these areas and classify
them as undefined.

The different areas of the corrected trinary image then have
to be clustered. A 4-connected iterative filter is used to cluster
neighboring regions. Each clustered group is assigned a bound
ID that can be used to uniquely identify the pixels associated
with the group. The bound ID also specifies the region of the
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image or bounding box that enclose the group. These clustered
groups are then extracted into sub-images as possible symbol
candidates. The final stage is to recognize the segmented
character candidates. Each candidate image is converted to
a histogram form to allow fast rotation invariant classification.
The candidates histograms are then recognized and classified
by comparing them against a large template database. This is
a general overview of the steps involved in the unconstrained
segmentation and recognition algorithm, additional depth will
be provided to fully understand the proposed method. We will
now explain each step in more detail.

A. Preprocessing and trinary image conversion
An overview of the preprocessing and trinary image con-

version process can be seen in Figure 2.
1) Greyscale conversion: The input image is converted to

greyscale since the segmentation and recognition steps only
require the Intensity information to provide reliable results.
This will reduce the processing requirement since colour
complexity information is discarded. Only a single floating
point value is required per-pixel. Conversion to greyscale
provide the added benefit of being able to recognize symbols
of any colour since no colour information is used, colour
invariance in the recognition stage is achieved.

2) Noise Removal: Compression and digitization artifacts
can be minimized by convolving the greyscale image with a
small Gaussian kernel. This will remove small amounts of high
frequency noise. Noise can severely affect the segmentation
process and reduce the effectiveness of the unconstrained
segmentation and recognition algorithm.

3) Adaptive image trinarization: A simple method for de-
termining if pixels in close proximity belong to the same group
is to determine if they are local foreground or background.
This is traditionally done by doing local adaptive binarization.
It will cluster pixels with similar light intensities and will
also provide invariance to lighting changes over the image
since an adaptive local neighborhood is considered in the
thresholding. This Local adaptive thresholding scheme does
not provide the ability to handle and mark classification errors.
We extended on local adaptive binarization to include this
desired functionality.

A Ternary or trinary numeral system is considered to have
a base of 3. Trinary values have 3 possible states and can be
either 0,1 or 2 [13]. We made this representation more compli-
ant with the binary image representation. We normalized the
traditional trinary states into the ranges of 0 and 1. This gave
us 3 possible states [0.0,0.5,1.0] which is ”false”, ”undefined”
and ”true” respectively. A value can be classified as being
”undefined” if its true or false state cannot be accurately
determined. It then has the same amount of potential for being
either ”true” or ”false”.

The average intensity over the the local region is required
to determine if a pixel has a higher or lower intensity than its
neighborhood. A large Gaussian blur was performed to obtain
the local average image. Varying the size of the Gaussian
kernel changes the algorithm’s ability to extract smaller or

larger textual candidates, larger filters tend to provide better
results. Every pixel is then compared to the local average, if it
has a larger intensity value it will be marked as ”foreground”
and as ”background” if it was smaller. If the difference
between the current intensity value and the local average
intensity is to small, a valid classification could not be made
and the pixel is flagged as ”undefined”. Low contrast features
will be marked as undefined, these regions will be excluded
from the segmentation process.

B. Iterative artifact reduction
In the trinary image, classified pixels which neighbor unde-

fined pixels have a lower probability of being potential textual
regions. Even though these values were validly classified
as ”true” or ”false” we want to exclude them from the
segmentation process. An iterative 4-connected kernel is used
to remove these pixels. Initially we determine and mark all the
pixels neighboring ”undefined” pixels as being on the edge,
this is stored in an edge image. For every iteration of the
artifact reduction algorithm, the trinary and edge status of each
pixel and their neighbors are extracted from the corresponding
images. If a neighbor has the same trinary status as the current
pixel and the neighbor was marked as an edge, the current
pixel will be marked as a new edge. This process is repeated
until all edge pixels have been marked. As a final step the
trinary status of edge pixels are classified as ”undefined”
this will exclude them from further processing. The iterative
artifact reduction algorithm can be seen in more detail:

converged=false
while !converged do

for all pixels in trinary Image do
x ! horizontalP ixel position
y ! verticalP ixel position
c Trinary ! trinary Image(x, y)
t T rinary ! trinary Image(x, y + 1)
b Trinary ! trinary Image(x, y " 1)
r Trinary ! trinary Image(x+ 1, y)
l T rinary ! trinary Image(x" 1, y)
c Edge ! edge Image(x, y)
t Edge ! edge Image(x, y + 1)
b Edge ! edge Image(x, y " 1)
r Edge ! edge Image(x+ 1, y)
l Edge ! edge Image(x" 1, y)
if c Trinary! = 0.5 then

if (c Trinary = t T rinary and t Edge = true)
or (c Trinary = b Trinary and b Edge = true)
or (c Trinary = r Trinary and r Edge = true)
or (c Trinary = l T rinary and l Edge = true)
then
c Edge ! true

end if
end if
edge Image(x, y) ! c Edge

end for
{Iteration convergence test}
iteration Error=difference(edge Image,previousEdge Image)
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Fig. 2. Image preprocessing and trinarization

if iteration Error = 0 then
converged ! true

else
previousEdge Image=edge Image

end if
end while

C. Candidate region segmentation

It is natural to think of image segmentation as clustering
of pixels or data points that ”belong together”. The trinary
image provides us with all the information that is needed to
group regions with similar properties. Initially every pixel in
the trinary image that has a valid classification will be given
an unique ID. After some experimentation, we decided to not
only propagate a single unique ID inside the clustered regions
but to propagate boundary box information. This produces
the minimum bounding box which closely approximates the
cut out area. This unique ID consists of four values: min X,
min Y, max X and max Y and they are stored respectively in
the x, y, z and w channels of the image. They are initialized
according to the pixels current position in the image. A
simple iterative scheme is used to propagate the minimum
and maximum values between connected pixels with similar
trinary classifications. It is a 4-connected kernel that can be
run in parallel, when a value is read from outside the image the
border ID is used. The resultant ID provides the bounding box
information that will encapsulate the clustered group. This can
be used to extract a sub-image that will contain the candidate
symbol. This process is repeated for all pixels with valid tri-
nary states until the system converges. After the segmentation
process is done, each pixel in the group will contain the same
bound ID. This helps to distinguish between duplicate entries
when adding all the potential candidate characters to a list.
More detail on the most important parts of the algorithm is
provided:

converged=false

while !converged do
for all pixels in ID Image do
x ! horizontalP ixel position
y ! verticalP ixel position
c Trinary ! trinary Image(x, y)
t T rinary ! trinary Image(x, y + 1)
b Trinary ! trinary Image(x, y " 1)
r Trinary ! trinary Image(x+ 1, y)
l T rinary ! trinary Image(x" 1, y)
c ID ! ID Image(x, y)
t ID ! ID Image(x, y + 1)
b ID ! ID Image(x, y " 1)
r ID ! ID Image(x+ 1, y)
l ID ! ID Image(x" 1, y)
if c Trinary! = 0.5 then

if c Trinary =t Trinary then
c ID.xy ! min(c ID.xy, t ID.xy)
c ID.zw ! max(c ID.zw, t ID.zw)

end if
if c Trinary =b Trinary then

c ID.xy ! min(c ID.xy, b ID.xy)
c ID.zw ! max(c ID.zw, b ID.zw)

end if
if c Trinary =r Trinary then

c ID.xy ! min(c ID.xy, r ID.xy)
c ID.zw ! max(c ID.zw, r ID.zw)

end if
if c Trinary =l Trinary then

c ID.xy ! min(c ID.xy, l ID.xy)
c ID.zw ! max(c ID.zw, l ID.zw)

end if
end if
ID Image(x, y) ! c ID

end for
{Segmentation convergence test}
iteration Error=difference(ID Image,previousID Image)
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Fig. 3. Calculating the histogram of a character

if iteration Error = 0 then
converged ! true

else
previousID Image=ID Image

end if
end while

D. Symbol extraction

After all the pixels are grouped into clusters, the individual
clusters need to be segmented or cut out from the rest. The
bound IDs are sent back to the host application where the
cut out procedure will be initiated. A list with all the unique
bounding IDs is created, a large number of duplicate IDs can
exist and only if no other such ID can be found in the list is it
added. The extracted sub-image is normalized by setting all the
pixels that contain the specific group ID to the foreground and
every other pixel to the background. This will exclude other
potential character regions that could have been included in
the extracted sub-image.

E. Character recognition

Text can exist in an image as stand alone characters or words
consisting of grouped characters. In a natural image or photo
they can exist in any orientation, size and colour as well as
being affected by affine transformations. The unconstrained
text segmentation and recognition algorithm needs to account
for these cases to allow for successful recognition. Every
candidate symbol that was extracted from the input image
will have to be tested against all templates in the template
database. A similarity score is calculated to determine how
close a template and a candidate match. The nearest match
in the database is considered to be the same character as the
candidate. If no match is found that have an adequate matching
score, the candidate will be discarded and considered to be a
noise artifact. A threshold is used to remove candidates with
low matching scores.

To enable the matching of a candidate and a template, the
candidate first has to be converted to a histogram represen-
tation. Every bucket in the histogram contains the volume
discovered on a ray shot at an angle from the center of the
extracted character as seen in Figure 3. The ray takes a number
of samples in its direction, these samples are accumulated until
a total coverage volume is calculated, this is then stored in the
histogram bucket. The process is repeated for each bucket in
the histogram. A histogram shift represents a rotation of the
template. The match percentage is calculated by summing the
difference error between each candidate histogram bucket and
the corresponding template histogram bucket. The resultant
error is then divided by the total number of buckets to produce
a matching percentage between the candidate and the template.
The candidate is tested against all possible histogram shifts to
determine the matching rotation of the template that fits the
best.

IV. EXPERIMENTAL SETUP

The algorithm was tested on a AMD Athlon X2 7750 multi-
core CPU with 4GB RAM. The system contained a Nvidia
GTX 260 GPU with 216 stream processors. The GPU had
896MB of onboard DDR3 memory and a theoretical peak
processing performance of 804.8 Gflops. Our experiments
were done on a range of datasets consisting of possible
application areas. This showed the flexibility of the proposed
algorithm and its ability to solve complex segmentation and
recognition problems. A template database of 245 symbols
was generated from the most common fonts. The font types
include ”Courier New”, ”Times New Roman”, ”Arial” and
”Calibri”. All numerical and alphabetical characters in lower
and uppercase were included in the template database. Each
candidate symbol is tested against 128 orientations of each
template in the template database to obtain rotation invariance.
The orientation of a character can be determined up to a
resolution of 2.815 degrees.

V. RESULTS AND DISCUSSION

A number of experiments were done on different datasets
to assess the algorithm abilities to solve difficult segmentation
and recognition problems. The different steps of the algorithm
were engineered to be applicable in a wide variety of appli-
cations. Some of the recognition results obtained can be seen
in Table I. There are a number of factors that influence the
ability of the algorithm to successfully segment and recognize
characters. A large number of symbols occur regularly and
are detected in photos of ”man-made” objects and nature
scenes. Forms that resemble the letters ”T”, ”I” and ”L” occur
regularly and are detected by the system. The assumption
that letters should exist in words can be made to reduce the
impact of these natural letters but at the cost of missing single
symbols. This algorithm does not make this assumption and
thus has reduced recognition rates.

Detecting characters at variable rotations is a difficult prob-
lem. Characters such as ”n” can be classified as ”u” and
vice-versa due to rotation. There are other examples such
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TABLE I
Text Recognition Results.

Dataset Symbol Count Detected symbol Recognition Rate
American highway 160 215 41.875%

Soweto road 65 151 40.0%
Worthman sign 30 315 83.334%
Printed symbols 400 126 28.846%

as ”M” and ”W” or ”9” and ”6” that look similar under
rotation transformations. These problems reduce the recogni-
tion performance drastically. Other factors that influence the
recognition rate is the surface area that a symbol occupies in
the image. The recognition of larger characters tend to perform
better than low quality or far away characters.

TABLE II
Processing time breakdown

Dataset Segmentation time Recognition time
American highway 0.09 sec 18.361 sec

Soweto road 0.113 sec 12.517 sec
Worthman sign 0.067 sec 24.4 sec
Printed symbols 0.445 sec 9.694 sec

It can clearly be seen in Table II that the majority of the
processing time is spent recognizing the candidate characters.
The processing time of the recognition stage can be improved
by reducing the orientation calculation resolution. Limiting
the number of templates in the template database will also
significantly improve performance at the cost of recognition
accuracy.

TABLE III
Segmentation processing time

Resolution cleanup iterations clustering iterations Processing time
256 x 192 100 50 0.055 sec
512 x 384 150 100 0.131 sec
1024 x 768 150 175 0.44 sec

2048 x 1536 200 250 1.874 sec

According to the segmentation processing results provided
in Table III it can be seen that if the recognition stage could be
improved this algorithm has the potential of being processed
at interactive rates. The detection and segmentation of the
candidate characters can be done in real-time even at high
resolutions. I believe the segmentation stage is the strong point
of this algorithm, some work will have to be done to improve
the recognition stage.

VI. CONCLUSION

In this paper we presented an unconstrained text recognition
system that harnesses the processing power of the GPU archi-
tecture to segment and recognize textual regions. We provided
detailed explanations and pseudo code of our implementation
together with Tables and Graphs depicting our obtained per-
formance and recognition results. The algorithm had difficulty
classifying characters and symbols that were composed of

separated parts such as ”i”. The base of the character is
separated from the top and the segmentation algorithm cluster
the single character into two groups. An additional logic step
can be integrated into the current system to solve some of the
recognition problem that were discovered. Dictionary-based
methods for improving recognition performance are widely
used in handwriting recognition, incorporating this into the
current system will increase the recognition rate.
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Abstract—One of the goals of text-to-speech (TTS) systems is to
produce natural-sounding synthesised speech. Towards this end
various natural language processing (NLP) tasks are performed
to model the prosodic aspects of the TTS voice. One of the
fundamental NLP tasks being used is the part-of-speech (POS)
tagging of the words in the text. This paper investigates the
effects of POS information on the naturalness of a hidden Markov
model (HMM) based TTS voice when additional resources are
not available to aid in the modelling of prosody. It is found
that, when a minimal feature set is used for the HMM context
labels, the addition of POS tags does improve the naturalness
of the voice. However, the same effect can be accomplished by
including segmental counting and positional information instead
of the POS tags.

I. INTRODUCTION

The development of text-to-speech (TTS) voices for
resource-scarce languages (RSLs) remains a challenge today.
RSLs suffer from the problem of little available electronic data,
such as texts and recorded speech, and linguistic expertise,
such as phonological and morphosyntactic knowledge. The
Lwazi project in South Africa [1] is a large-scale endeavour to
gather and apply such human language technology resources
for all eleven of the official South African languages. One of
the current TTS goals of the Lwazi project is to produce more
natural voices.

The naturalness of a TTS voice is primarily determined by
prosody [2][3]. Prosody includes phrase breaks, sentence-level
stress and intonation [4], and possibly word-level stress or tone
as well. Central to the modelling of most of the above effects
stands part-of-speech (POS) tagging. To elaborate:

• Word-level stress is dependent on the POS of the word,
for example, in English, nouns often carry stress on dif-
ferent syllables than verbs [5]. This is true for word-level
tone as well (which, in addition, requires a morphological
analysis for finer grained information, such as tense, on
top of the basic POS category [6]).

• Sentence-level stress requires a syntactic structure [4] of
which POS information is a building block. Even a simple
content-function word rule requires the POS of a word
to categorise it.

• Phrase breaks can either be predicted from chunking [4],
which in turn requires POS tagging, or directly from the
POS tags themselves in a hidden Markov model (HMM)
approach to modelling the junctures [7].

• Aspects of intonation, such as the sentence-final pitch
of questions, may benefit from identifying, for example,
question (“WH”-) words in English through POS tagging.

Solving the POS problem is, therefore, a prudent first step
towards meeting the goal of natural TTS voices. But, in the
light of the scarceness of resources, the question arises whether
it is perhaps possible to circumvent the traditional approaches
to prosodic modelling by learning the latter directly from the
speech data using POS information. In other words, does the
addition of POS features to the context labels of an HMM-
based synthesiser improve the naturalness of a TTS voice?

This is the question we aim to answer in this paper. HMM-
based voices are trained from English and Afrikaans prosodi-
cally rich speech. The voices are compared with and without
POS features incorporated into the HMM context labels,
analytically and perceptually. For the analytical experiments,
measures of prosody to quantify the comparisons are explored.
It is then also noted whether the results of the perceptual
experiments correlate with their analytical counterparts.

The rest of the paper is structured as follows: in Section II
the related work of POS tagging and TTS synthesis is dis-
cussed. In Section III the experimental setup and results are
recorded. Finally, Section IV draws some conclusions about
the results.

II. RELATED WORK

A. Part-of-Speech Tagging

A POS tag is a linguistic category assigned to a word in
a sentence based upon its morphological and syntactic—or
morphosyntactic—behaviour. Words are grouped into POS
categories according to the affixes they take (morphologi-
cal properties) and/or according to their relationship with
neighbouring words (syntactic properties) [8]. Example POS
categories common to many languages are noun, verb, ad-
jective and adverb. Words are often ambiguous in their POS
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categories. The ambiguity is normally resolved by looking at
the context of the word in the sentence.

POS tagging is the automatic assignment and disambigua-
tion of POS categories to words in electronic text. It is a
prominent topic in NLP which has been well investigated,
since it is a fundamental first step to subsequent syntactic,
semantic and other NLP procedures, in applications such as
TTS, information retrieval and grammar checking.

Approaches to automatic tagging include rule-based and sta-
tistical ones. The former use either hand-crafted rules [9][10],
which require intricate linguistic knowledge, or rules learned
from data [11][12]. The latter are data-driven and use statistical
methods, such as Markov models [13] or maximum entropy
models [14], to determine the lexical probability (for example,
without context, address is more likely to be a noun than
a verb) and contextual probability (for example, after to,
address is more likely to be a verb). Both approaches
to POS tagging are, therefore, very resource-intensive tasks
(either in terms of human resources or data resources), and it
is a prominent engineering problem in NLP to optimise the
use of such resources.

B. Text-to-Speech Synthesis
TTS is the generation of speech signals from text. It

comprises the following stages (adapted from [4]):
1) Text segmentation splits the character stream of the

text into more manageable units, namely sentences and
tokens (the written forms of the unique words yet to be
discovered). The processes are called sentencisation and
tokenisation, respectively.

2) Text decoding decodes each token into one or more
uniquely pronounceable words. Non-standard word to-
kens such as numbers, dates and abbreviations are
classified and expanded into their standard word natural
language counterparts in a process called normalisa-
tion. A special case of homograph disambiguation then
disambiguates homographs among the token expansions
that are not homophones.

3) Text parsing infers additional lexical, syntactic and
morphological structures from the words which are
useful for the pronunciation and prosodic modelling
stages to follow. The tasks include POS tagging (see
Section II-A), chunking (parsing of non-overlapping
phrases) and morphological analysis (identification of
stems and affixes in words).

4) Pronunciation modelling models the pronunciation of
individual words. It maps the words to their constituent
phonemes, either by looking up known words in a lexi-
con or by applying grapheme-to-phoneme (G2P) rules to
unknown words. Syllabification divides the words into
syllables. Word-level stress or tone, depending on the
language type, is then assigned to the syllables.

5) Prosodic modelling predicts the prosody of the whole
sentence, namely the phrasing (pauses between phrases),
sentence-level stress (a phenomenon of connected
speech: certain words in a phrase are stressed according

to their word-level stress, at the expense of reducing the
word-level stress of the other words) and intonation (the
melody or tune of an entire sentence).

6) Speech synthesis encodes the above information into
speech waveforms. Hidden Markov Model-based syn-
thesis is a statistical parametric technique which uses
the source-filter paradigm to model the speech acous-
tics: the source models the glottal waveform (a pulse
train for voiced sounds and random noise for unvoiced
sounds) and the filter models the formant resonances
of the vocal tract. Excitation (inter alia fundamental
frequency or F0), spectrum and duration parameters
are estimated from recorded speech and modelled by
context-dependent HMMs. The contexts considered are
phonetic, linguistic and prosodic. The excitation and
spectrum parameters are used in the excitation genera-
tion and synthesis filter module to synthesise the speech
waveform [15].

TTS voice quality is deemed acceptable according to two
performance criteria: intelligibility and naturalness. Intelli-
gibility measures how understandable the speech is to a
listener, that is to which degree the listener will be able
to recount the original words in the text. Typical methods
employed to evaluate intelligibility include comprehension and
transcription tests. Naturalness measures how much the TTS
voice sounds like the voice of a human. Methods of evaluation
include perceptual tests where a listener rates a single utterance
or compares two utterances relatively.

A multilingual TTS system, called Speect [16], has been
developed for the Lwazi project. In the first phase of the
project, Speect incorporated the following modules in its
natural language processing (NLP) front-end:

• Whitespace-based tokenisation,
• G2P rules,
• Syllabification and
• Punctuation-based phrase break insertion.

The digital signal processing (DSP) back-end was a unit-
selection synthesiser. For each language, a small speech cor-
pus was recorded with neutral prosody. The neutral prosody
compensated for the few examples that would be present per
unique type in the unit-selection database. Using just these
few resources, baseline intelligible voices for all the languages
could be synthesised [1].

Towards producing more natural voices, Speect is now
exploring the HTS engine [17][18] as HMM-based synthesiser
for more and, hopefully, better control over the voices (the
parameterisation allows for manipulation). Furthermore, the
speech corpora are going to be larger (albeit still very small
compared to those of majority languages) and prosodically
richer.

III. EXPERIMENTS

A. Common Setup

This section describes various aspects common to all the
experiments that follow.
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1) Taggers: The fast, accurate HMM tagger HunPos [19]
is incorporated into Speect to obtain the POS information at
synthesis time. For English, the tagger is trained on a 40,000-
token subset of the Penn Treebank WSJ corpus [20] using
a reduced set of 18 tags. The tagger obtains an accuracy of
95.90% on a separate 10,000-token test set from the same
corpus. For Afrikaans, 40,000 tokens of the balanced corpus
developed in [21] are used as training data. The tagset is
reduced to 17 tags. The tagger is 94.64% accurate on the
test set of 10,000 tokens, also from the corpus. The reason
for the small training corpora is to emulate the impact of a
resource-scarce environment on POS tagging accuracy.

2) Voices: The data requirements for voice building are
recorded speech segmented into utterances (spoken sentences),
and transcriptions thereof. For the English voice, data from
the CMU ARCTIC speech synthesis databases (available at
http://festvox.org/cmu arctic/) is used: the speaker is “US
bdl”, a United States English-speaking male. The data consist
of 1,132 utterances. For the Afrikaans voice, speech data
recorded in-house for the Lwazi project is used; the speaker is
female. The number of utterances is 1,005. For each voice 100
random utterances from the data are selected for testing; the
remainder is used for training. These corpora are also quite
small because the recording process is very cumbersome in
terms of obtaining enough utterances at a sufficient quality.

An HTS voice is built in a two-stage process: phonetic
alignment and HMM training. The phonetic alignment is
performed by the Speect NLP front-end and an additional tool
(as part of a toolkit released with Speect) that uses forced-
alignment based on HTK [22]. The NLP front-end maps
the transcriptions to phoneme sequences. The alignment tool
allows model initialisation from manually aligned speech data
transcribed in a different language or phoneset by mapping
to broad phonetic categories. This is highly beneficial as a
bootstrap for the alignment of a small corpus of an RSL [23].
The TIMIT corpus [24] is used as bootstrapping data.

The HMM training from the aligned utterances is performed
by the demonstration script released with the HTS engine.
It uses HTS version 2.1 [17] to build the models for the
hts engine API version 1.02 [18]. The script is only slightly
altered to accommodate Speect as a front-end.

The question file of the demonstration script is mostly used
as is for the model tying decision tree. Only the POS-related
questions are modified to reflect the tagsets chosen in Sec-
tion III-A1 and, for the Afrikaans voice, the phonetic category
questions are altered to reflect the Afrikaans phoneset.

The HTS context labels utilise by default a set of linguistic
features defined in [25] and included in the demonstration
package. The full context labels comprise, inter alia, fea-
tures based on the identities of the current and neighbouring
phonemes, the number and relative positions of phonemes,
syllables, words and phrases, whether syllables are stressed or
not, and the POS of words.

The voices are built using two versions of the context labels:
one with maximum features and the other with minimum fea-
tures. The maximum feature set comprises all of the features

provided by the demonstration package, including the segmen-
tal counting and positional features, but excluding the stress
and intonation-related ones (so that prosody is not modelled
explicitly but only implicitly by the POS information). The
minimum features only include the phonemic identities. For
the experiments, the two versions are then used with and
without POS information.

3) Analytical Test: In order to measure the prosodic effects
of POS information on synthesised speech, it is necessary to
understand what the physical manifestations of prosody are.
Duration, pitch (F0) and intensity have been shown to be
acoustic correlates of prosody [2][26]. These three measures
are used to determine the closeness of each synthesised utter-
ance to its natural speech counterpart from the 100-utterance
test set:

a) Duration: The natural speech utterance is phonetically
aligned to determine the duration of each phoneme. For
each phoneme, the corresponding duration of the synthesised
utterance is subtracted and the absolute value is taken to
represent the distance between the natural phoneme and the
synthesised phoneme.

b) Pitch: The F0 contour of the natural speech utterance
is extracted with Praat [27] and divided according to the
aligned durations so that each phoneme is assigned its corre-
sponding section of F0 values. For the synthesised utterance,
the HTS engine is forced to use the same duration alignments
and output the synthesised F0 values. The distance between
the natural and the synthesised phoneme is taken as the Mean
Squared Error (MSE) of the synthesised F0 values f̂0 to the
natural ones f0:

MSE
!
f̂0

"
= E

#!
f̂0 ! f0

"2
$

(1)

where

E [x] =
%

i

pixi

=
1
n

%

i

xi if pi =
1
n

(2)

Any differences involving undefined F0 values are taken as
zeros in the summations.

c) Intensity: The intensity contour is extracted in similar
fashion to the F0 contour. Praat is used for both the natural
speech and synthesised utterances, the latter once again being
aligned on the phoneme boundaries of the former. The distance
between the phoneme sections of intensity values is also the
MSE.

When comparing two TTS voices, for example with and
without POS information, the one voice is deemed more nat-
ural than the other for a particular utterance if its synthesised
version is closer to the natural speech counterpart than the
synthesised version of the other voice.

An experiment is thus compiled from the test set by synthe-
sising the 100 test sentences with both voices. Each utterance
pair is scored by counting the number of phonemes that are
closer to the natural speech for a particular measure. The
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utterance with the highest number of phonemes wins, and the
corresponding voice is accredited with that test sentence for
the measure. The voice accredited with the most test sentences
in the end is then more natural. The evaluation takes place on
the sentence level, because prosodic effects normally range
across several words (as noted in the exposition on prosodic
modelling in Sections I and II-B). Finally, McNemar’s test is
used to examine the statistical significance of the result.

McNemar’s test is a chi-square test for paired sample data
[28].It is calculated as follows:

!2 =
(|B ! C|! 0.5)2

B + C
(3)

!2 has a chi-squared distribution with one degree of free-
dom (if B +C is large enough). To test for significance, !2 is
compared to the appropriate chi-square table value. A result
of probability greater or equal to 0.05 is generally considered
to be significant. Lining up this boundary probability with one
degree of freedom in the table gives a value of 3.841.

Let n1 be the number of utterances accredited to the first
voice and n2 to the second voice. McNemar’s test can then
be applied by setting B = n1 and C = n2. If !2 " 3.841
the winning voice is significantly more natural than the other
voice. If !2 < 3.841 the result is insignificant and the two
voices can be said to be similar in their degree of naturalness.

4) Perceptual Test: A perceptual test is also set up in an
effort to validate the analytical results. Respondents are asked
to listen to pairs of utterances from the test set. In a pair
the two utterances, A and B, are synthesised from the same
sentence, but each by a different TTS voice. The respondents
must then choose which utterance out of the pair sounds more
natural relatively, or if both sound the same (without listening
to the original natural speech). Duration, pitch and intensity
are not distinguished; only an aggregate judgement is required.

This “A versus B” approach (with McNemar’s test for
significance) is preferred above a mean opinion score (with the
Wilcoxon signed rank test [29] for significance) that is used,
for example, in the Blizzard Challenge [30]. The reason is
that it is more robust against respondent subjectivity: different
respondents are more likely to judge the same utterance out
of a pair as more natural than assign it the same score on a
scale of 1 to 5.

McNemar’s test can be used in reverse to calculate how
many pairs will be needed to obtain a significant result. Recall
that

(|B ! C|! 0.5)2

B + C
" 3.841 (4)

is required for statistical significance. This may be rewritten
in terms of the total number of pairs N :

(xN ! 0.5)2

yN
" 3.841 x, y # [0, 1] (5)

where xN = |B ! C|, the ratio of N estimated to be equal
to the difference between the discordant pairs. For fixed y,
the smaller this difference (or x) is, the bigger N must be for
significance. yN = B + C, the ratio of N estimated to be

equal to the sum of the discordant pairs, in other words, the
number of pairs not judged equal in naturalness. For fixed x,
the smaller this sum (or y) is, the smaller N needs to be for
significance. A change in x varies N to a greater degree than
a change in y does.

For conservative estimates of x = 0.2 and y = 0.8,
N " 82. Nevertheless, a large safety margin is built into
the test by setting N = 200. The 200 pairs are divided up
among 10 respondents so that each respondent must listen to
20 pairs. The 20 sentences that make up the pairs are randomly
selected from the 100-utterance test set, such that every two
respondents listen to a unique subset.

For the two languages, the 20 respondents are mother-
tongue speakers with an average age of between 30 and 35.
Out of the 10 English respondents, 6 are male and 4 female.
7 Afrikaans respondents are male and 3 female. A website
facilitates the playback of the audio samples and recording of
answers.

B. Experiment 1: POS Effects Using Maximum Features
The first experiment compares the naturalness of two

TTS voices of which the HTS context labels use
the maximum features. The English voices are dubbed
eng maxlab nopos for the version without POS informa-
tion, and eng maxlab pos40k for the version with POS
information. Similarly, the Afrikaans voices are named
afr maxlab nopos and afr maxlab pos40k. The aim is to
observe the effect of the POS information in an already
feature-rich environment for maximum benefit.

Table I shows the results for English and Afrikaans. The
first column lists the measures and the second column the
total number of utterances evaluated. Columns 3 and 4 list the
number of utterances accredited to each voice and column 5
the number found equal. The last column lists the McNemar
!2-scores for significance (which are independent of the equal
counts).

TABLE I
NATURALNESS RESULTS WHEN USING MAXIMUM FEATURES

Measure Utterances !2

Total eng maxlab eng maxlab Equal
nopos pos40k

Duration 100 46 49 5 0.066
Pitch 100 52 42 6 0.960
Intensity 100 41 52 7 1.185
Perception 200 72 83 45 0.711
Measure Utterances !2

Total afr maxlab afr maxlab Equal
nopos pos40k

Duration 100 48 47 5 0.003
Pitch 100 48 45 7 0.067
Intensity 100 49 43 8 0.329
Perception 200 72 74 54 0.015

The analytical figures across the two languages show no
significant bias towards a particular voice, and the perceptual
figures confirm this (there are basically as many votes for the
one voice as for the other). Therefore, it may be deduced
that the two voices are similar in their degree of naturalness
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and that the POS information has no effect when using
the maximum features. It may be that the POS effects are
“drowned out” by the other features, which inherently carry
similar information beneficial towards naturalness.

Finally, it is observed that the equal count among the
perceptual figures is proportionally much higher than among
the analytical figures. The simple explanation is that it is much
more difficult for respondents to hear a distinction between two
utterances than what it is to calculate the difference between
two discrete values.

C. Experiment 2: POS Effects Using Minimum Features
Since the use of the maximum features is suspected to

suppress the POS effects, it is prudent to retest the TTS voices
with reduced features in order to lift out the effects. The
English voice without POS information is eng minlab nopos
and with eng minlab pos40k. The corresponding Afrikaans
voices are afr minlab nopos and afr minlab pos40k. The
results are shown in Table II.

TABLE II
NATURALNESS RESULTS WHEN USING MINIMUM FEATURES

Measure Utterances !2

Total eng minlab eng minlab Equal
nopos pos40k

Duration 100 51 44 5 0.445
Pitch 100 26 66 8 16.959
Intensity 100 46 46 8 0.003
Perception 200 76 101 23 3.391
Measure Utterances !2

Total afr minlab afr minlab Equal
nopos pos40k

Duration 100 51 40 9 1.212
Pitch 100 15 79 6 42.896
Intensity 100 35 55 10 4.225
Perception 200 71 95 34 3.327

For both languages, pitch dominates the results by clearly
favouring the voices with POS information as more natural.
The near significant perceptual figures tend to suggest the
same. Of note is the disparate results for intensity: it manifests
as a deciding factor only for Afrikaans. It is unclear from this
experiment as to what the cause might be; see trends observed
in the rest of the experiments.

D. Experiment 3: POS Effects Using a Less Accurate Tagger
From the previous experiment it was seen that, when only

minimum features are available, adding POS information im-
proves the pitch component of naturalness. Within the context
of an RSL, the question now arises whether the same effect
is possible when a less accurate POS tagger, trained on fewer
resources, is used. The third experiment thus compares two
TTS voices, both with POS information on top of the minimum
features, but where the tagger of the one voice has been
trained on only 5,000 tokens. For English, the 5,000-token
tagger is 90.95% accurate and the corresponding voice is
called eng minlab pos05k. The voice of the normal 40,000-
token, 95.90% accurate tagger is called eng minlab pos40k.
For Afrikaans, the tagger trained on 5,000 tokens is 87.95%

accurate and its voice is dubbed afr minlab pos05k. The
voice of the 40,000-token, 94.64% accurate tagger used so far
is dubbed afr minlab pos40k. Table III shows the naturalness
results for this experiment.

TABLE III
NATURALNESS RESULTS WHEN USING A LESS ACCURATE TAGGER

Measure Utterances !2

Total eng minlab eng minlab Equal
pos05k pos40k

Duration 100 48 46 6 0.024
Pitch 100 45 49 6 0.130
Intensity 100 39 55 6 2.556
Perception 200 69 94 37 3.683
Measure Utterances !2

Total afr minlab afr minlab Equal
pos05k pos40k

Duration 100 46 46 8 0.003
Pitch 100 48 46 6 0.024
Intensity 100 44 53 3 0.745
Perception 200 57 89 54 6.796

Pitch, the prominent measure in the previous experiment,
does not feature here for any of the two languages, nor
do any of the other analytical measures. These insignificant
differences between the voices with the more and less accurate
tagger may support the hypothesis that one can achieve the
same prosodic effects with the less accurate tagger (read
fewer resources). However, the perceptual figures do show a
bias towards the voices using the more accurate tagger, near
significantly for English and significantly for Afrikaans. This
mismatch between the analytical and perceptual results renders
the experiment inconclusive.

E. Experiment 4: Comparing Minimum and Maximum Fea-
tures

The final experiment revisits the implication of the first,
namely that the maximum features might compensate for
the effect of adding POS information. The minimum fea-
ture voices with POS information, eng minlab pos40k for
English and afr minlab pos40k for Afrikaans, are set
against the maximum feature voices without POS information,
eng maxlab nopos for English and afr maxlab nopos for
Afrikaans. The results are shown in Table IV.

TABLE IV
RESULTS OF THE COMPARISON BETWEEN MINIMUM AND MAXIMUM

FEATURES

Measure Utterances !2

Total eng minlab eng maxlab Equal
pos40k nopos

Duration 100 35 59 6 5.875
Pitch 100 44 52 4 0.586
Intensity 100 46 46 8 0.003
Perception 200 69 104 27 6.880
Measure Utterances !2

Total afr minlab afr maxlab Equal
pos40k nopos

Duration 100 42 48 10 0.336
Pitch 100 35 61 4 6.773
Intensity 100 61 34 5 7.392
Perception 200 64 93 43 5.174
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The duration and pitch figures of the two languages suggest
that the maximum feature voices without POS information are
more natural (duration and pitch being significant for each
language in turn). The perceptual test results favour these
voices significantly as well. Therefore, the extra counting
and positional features in the maximum feature set not only
compensate for the POS information (they would then have
insignificant differences as a result), they improve the natural-
ness beyond what the POS tags can affect.

The Afrikaans intensity figures contradict this conclu-
sion, but, in the light of the same behaviour observed
in Section III-C, it might be a systematic anomaly of
afr minlab pos40k. It can possibly be ascribed to speaker
variability (choice) in the speech corpora of the two languages.
During the reinspection of the Afrikaans data, alignment
errors as a result of unexpected pauses, transcription errors,
mispronunciations and G2P errors were also found. Further
investigation is required before any conclusions can be drawn.

IV. CONCLUSION

It has been shown that POS information does contribute
to the naturalness (specifically in terms of pitch) of a TTS
voice when it forms part of a small phoneme identity-based
feature set in the HTS labels. However, the same effect, even
an improvement, can be accomplished by including segmental
counting and positional information instead of the POS tags in
the HTS labels—and no extra resources are used. Therefore,
it is not necessary to incur the cost of POS tagging when the
traditional route of prosodic modelling cannot be followed in
the development of a TTS voice. The experiments were limited
though to the Germanic languages of English and Afrikaans. It
would be prudent to test the effects on the other South African
languages, especially the tone-driven Bantu languages.

Notwithstanding the above results, it is problematic that
the correlation between the analytical and perceptual methods
is not yet clear-cut. This is because the analytical measures
did not always behave in a consistent way across the two
languages and the four experiments. The problem can be
addressed from both sides: either the perceptual tests should
be more fine-grained (that is duration, pitch and intensity must
be judged separately), or a new analytical framework can be
used where, for example, the three measures are combined
into a single one. The former is very difficult to achieve since
the human ear cannot discern such differences well. The latter
is possible by constructing a classifier such as the Gaussian
discriminative function presented in [26]. In either case, it
warrants a much more thorough study of the acoustic and
perceptual factors of prosody.
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Abstract—A new method for object detection using region-
based characteristics is proposed. The method uses correlation
between features over a region as a descriptor for the region. It
is shown that this region descriptor can be successfully applied to
object detection and tracking problems. An attractive property
of the method is that region characterisation, region matching
and localisation can be done sufficiently fast to use the method
in a real-time system.

I. INTRODUCTION

Visual target tracking refers to the ability of a system to
detect and track a target object (or objects) over a series of
digital images. Visual target tracking can be accomplished by
feature-based or region-based approaches.

In feature-based approaches, interest points are calculated
in a digital image, and a local region descriptor is calculated
at each interest point. Once a set of descriptors is calculated
for a particular object, the object can be tracked over various
images by comparing and matching descriptors calculated
over the images. Methods such as the Scale-invariant Fea-
ture Transform (SIFT) [1] and Speeded Up Robust Features
(SURF) [2] are popular and are successfully applied to the
problem. Although these methods are successful, they suffer
from being computationally expensive, impacting negatively
on their suitability for implementation in real-time systems.
They are also affected by motion blur, which make it difficult
to reliably extract interest points for further computation.

In region-based approaches, an image is segmented into
different regions, typically corresponding to different surfaces
of an object. A feature is calculated based on the region-based
characteristics of surfaces associated with the target object.
These features are then matched across different images,
to determine the regions corresponding to the target object.
Region-based approaches will be explored further in this
article as an alternative or complementary approach to feature-
based approaches.

Any region-based tracking method generally relies on the
specification of three components:

• Region characterisation. This is the way in which a given
region is abstracted mathematically.

• Region matching. The similarity or dissimilarity between
two region characterisations needs to be quantified in or-
der to determine the best-matching region and/or whether
a positive detection could be made.

• Localisation. Even if a region could be characterised and
matched to other regions, a way is sought to select the
best-matching region from the large number of region
configurations in an arbitrary image in a computationally
feasible way.

A. Background
The essence of any region-based detection algorithm is the

way in which the region is characterised. A mathematical
description or model is sought that describes the visual char-
acteristics of the region to the extent that it can be used for
higher-level purposes such as tracking or recognition.

A natural starting point is to use the basic region statis-
tics such as colour, intensity or gradient information ([3],
pp. 90-99). These approaches work well in cases where the
target object or region can be engineered to exhibit cer-
tain characteristics. These approaches are commonly found
in manufacturing-type environments where the objects being
manufactured typically have certain visual characteristics and
where the environmental variables such as lighting and camera
position can be controlled as well. In the work conducted here,
a method is sought that can be applied in arbitrary situations.
In such situations, there may be considerable variation in the
visual characteristics of the object that should be tracked and
in the environmental conditions.

In a general situation, the object that should be tracked
might have variations in the colour, intensity, gradient or other
low-level features. To characterise these variations, histogram
methods are often used [4]. In histogram-based approaches, the
range of every feature variable is divided into several bins. The
feature vector associated with every pixel is associated with
a set of indices into the bins. An object is characterised by
calculating the number of times a particular bin-combination
is obtained. These count values are often normalised, in
which case the histogram is a nonparametric estimation of
the joint distribution of the features. Methods such as integral
histograms [5] have been devised to speed up computation
of histograms over regions. As noted in [6], one problem
with histogram-based methods is that they are computationally
exponential in the number of features.

Another way in which regions are often characterised is
by expressing them through their texture properties. The most
common approach for calculating region texture is through the
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use of filter banks ([7], pp. 191-196). An image is convolved
with a set of filters, often sensitive to local structures such
as spots or bars at different scales. The set of filter responses
associated with every pixel is then used as a feature vector
associated with that pixel. Various filter banks have been
designed, such as the Leung-Malik filters [8], Schmid filters
[9] and Maximum-Response filters [10]. The same approaches
used for other low-level features can then be applied to the
texture features. A common way to proceed is to build a
universal dictionary of different types of texture responses by
clustering together similar texture responses [11]. A region is
then characterised by calculating a histogram over the visual
dictionary.

Tuzel et al [6] presents a method to characterise a region
based on region covariance. In the method, a set of features is
calculated for each pixel. The covariance of the features over a
region is used as a descriptor for the region. The authors found
that the method outperforms methods based on the calculation
of histograms of features. The method presented in this paper
builds on Tuzel’s approach.

II. CORRELATION-BASED DETECTION

The new method based on correlation-based detection is
introduced in this section.

A. Region Characterisation

To characterise a region, a d-dimensional feature vector
is calculated for every pixel in the region. Following [6],
a 9-dimensional feature vector composed of the x and
y coordinates of the pixel, the three colour components
(red, green and blue) and the first and second order
derivatives of the intensity of the pixel in both the x and
y dimensions is calculated. Let f(x, y) be the feature
vector associated with pixel position (x, y). Then f(x, y) =

[x, y, r(x, y), g(x, y), b(x, y), di(x,y)
dx , di(x,y)

dy , d2i(x,y)
dx2 , d2i(x,y)

dx2 ],
where r, g, b and i denote the red, green, blue and intensity
values of the pixel. More specifically, the first order derivatives
are calculated by convolving the image intensities with a
filter with kernel [-1 0 1] in both the x and y dimensions.
The second order derivatives are calculated by convolving the
image intensities with a filter with kernel [-1 2 -1] in both
the x and y dimensions. Although this specific feature vector
is used in the experiments, the technique can be applied to
any arbitrary d-dimensional feature vector.

Once the feature vectors are calculated for every pixel in
the region, the region is characterised by calculating the d!d
correlation matrix PR over the feature vectors corresponding
to the region R. The (i, j)th entry of PR is given by the
Pearson product-moment correlation coefficient, calculated as

!i,j =
1
N

!
(x,y)!R(fi(x, y)" µi)(fj(x, y)" µj)

"i"j
, (1)

where
µi =

1

N

"

(x,y)!R

fi(x, y) (2)

is the mean of feature i over the region,

"i =

#$$% 1

N

"

(x,y)!R

(fi(x, y)" µi)2 (3)

is the standard deviation of feature i over the region and N is
the number of pixels in the region.

Since the correlation matrix is symmetric (!i,j = !j,i) and
the diagonal entries equal to one (!i,i = 1), only the non-
diagonal upper-triangular entries of the matrix are necessary
to characterise the region. Thus, only d2"d

2 values need to be
calculated for the region descriptor. In the case that d = 9,
only 36 values are calculated.

It is useful to compare the above approach with that of
Tuzel et al [6]. In Tuzel’s method, the covariance matrix CR

calculated over the features in a region is used as the region
descriptor. The covariance values are related to the correlation
values through

!i,j =
ci,j
"i"j

=
ci,j#
ci,icj,j

. (4)

The covariance values are unbounded and could have ar-
bitrarily large or small values depending on the range of
the features used. The correlation values are restricted to the
interval [-1, 1]. The correlation values can be viewed as a
normalisation of the covariance values through the product
of the standard deviations. This normalisation makes direct
comparison between correlation values possible, which may
not be the case for the covariance values (consider for example
the case where the coordinates of the pixel are used as
features and where regions in different parts of the image are
considered). It is also noted that Tuzel’s method requires d2+d

2
values to characterise a region. The proposed method based
on correlation requires d values less.

Similarly to Tuzel’s method, the correlation matrix do not
retain information pertaining to the ordering and number of
pixels, which implies a certain scale and rotation invariance
(depending on the design of the feature vector).

B. Region Matching

Given that a region can be characterised using correlation
matrices, a method is sought by which two such character-
isations can be compared. The simmilarity or dissimilarity
between two regions is expressed by the use of a distance
function. The distance function is used to determine the best-
matching region to a target region and also to determine
whether a positive detection can be made.

Since the correlation values are normalised, corresponding
correlation values in two matrices can be directly compared.
Given two correlation matrices PR1 and PR2 over regions R1

and R2 respectively, the Euclidean distance given by

dist(PR1 , PR2) =

#$$%
d"

i=1

d"

j=i+1

(!1,i,j " !2,i,j)2 (5)
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is a reasonable choice. Note that only the non-diagonal upper-
triangular values are compared, since the matrices are sym-
metric and the differences between diagonal entries would be
zero.

The distance function could be further modified by intro-
ducing a weight wi,j associated with the (i, j)th entries in
the correlation matrices. These weights could be optimised
to express which of the product-moment terms are more
important relative to others. In the experiments conducted here,
no such weights were used.

In Tuzel’s method [6] the corresponding covariance values
cannot be directly compared. The method requires calculation
of the generalised eigenvalues between the two covariance
matrices being compared. A distance measure proposed in [12]
is then used to compare the dissimilarity of the covariance
matrices. The distance measure is given by

dist(CR1 , CR2) =

!""#
d$

i=1

ln2!i(CR1 , CR2), (6)

where the !i(CR1 , CR2)i=1..d are the generalised eigenvalues
of CR1 and CR2 . The computational complexity lies in cal-
culating the generalised eigenvalues !i. Algorithms such as
the QZ algorithm [13] can be used to solve the generalised
eigenvalue problem in O(d3) arithmetic computations using
numerical methods. The iterative nature of the QZ (and
similar) algorithms is however a practical drawback and is
further compounded by the fact that a number of region
comparisons need to be performed per image. The use of
the correlation rather than covariance values makes it possible
to avoid the computationally expensive generalised eigenvalue
calculations.

C. Localisation

Although a region can be characterised and region char-
acterisations meaningfully compared, there still remains the
problem of determining which regions to compare to the target
region. An object could have any shape and thus have any
arbitrarily-shaped region projection in an image. Ideally all
region configurations should be evaluated. The computational
complexity in selecting and evaluating all arbitrarily-shaped
regions in an image make such an approach infeasible.

The standard approach is to restrict regions to be evaluated
to rectangular regions. A “moving window” is then applied
accross the image at different scales and a brute-force search
is performed. The standard approach is adopted here; how-
ever, a significant computational speed increase is achieved
through the application of integral images [14], which make it
possible to compute the correlation in any rectangular region
in constant time.

Given a rectangular arrangement of values (such as an
image), an integral image is simply the sum of the values in the
rectangle bounded by the upper left corner and the coordinate
of interest. More precisely, given values I(x, y), the integral

image II(x, y) at position (x!, y!) is given by

II(x!, y!) =
$

x<x!,y<y!

I(x, y). (7)

An integral image can be computed in a single pass through
the matrix of values, as shown in [14]. Given a rectangle
with upper left coordinate (x1, y1) and lower right coordinate
(x2, y2), the sum of the values in the rectangle can be
computed in constant time by using the integral image (the
operator L is introduced here as a shorthand notation for the
sum over the rectangle):

x2$

x=x1

y2$

y=y1

I(x, y) = L(II, x1, y1, x2, y2)

= II(x2, y2) + II(x1, y1)! II(x2, y1)! II(x1, y2). (8)

To speed up the brute force search through an image, d
feature integral images and d2+d

2 product-of-feature integral
images are pre-computed for the image. Given that features
f(x, y) have been calculated for the image, the feature integral
images are calculated as

IFi(x
!, y!) =

$

x<x!,y<y!

fi(x, y), (9)

for i " [1, d]. The product-of-feature integral images are
calculated as

IPi,j(x
!, y!) =

$

x<x!,y<y!

fi(x, y)# fj(x, y), (10)

for i " [1, d] and j " [i, d].
Calculation of the correlation matrix over a rectangular

region with upper left coordinate (x1, y1) and lower right
coordinate (x2, y2) proceeds as follows. First, the sum of the
individual feature values over the region is calculated:

Fi = L(IF, x1, y1, x2, y2), $i " [1, d]. (11)

Thereafter, the sum of the product-of-feature values over the
region is calculated:

Pi,j = L(IP, x1, y1, x2, y2), $i " [1, d], j " [i, d]. (12)

The covariance terms in the region is calculated as

ci,j =
1

NR
(Pi,j !

1

NR
FiFj), $i " [1, d], j " [i, d]. (13)

where NR = (x2!x1+1)(y2!y1+1) is the number of pixels
in the region. Finally, the correlation terms are calculated
through (4).

III. TRACKING SYSTEM

To test the correlation-based detection method introduced in
this paper, it was implemented as part of a tracking system as
part of the CSIR MULE robot project developed at MIAS. A
brief overview of the tracking system is given in this section.
The design of the tracking system is shown in Figure 1.

First, the image dimensions are reduced from W#H pixels
to w#h pixels through bilinear interpolation. The resampling
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Fig. 1: Region-based visual target tracking system block
diagram

is done to limit the computational requirements for further
processing, the idea being that the parametres w and h could
be adjusted up or down to achieve real-time performance based
on the computational power that is available on a specific
platform.

To further reduce the computational requirements, process-
ing is restricted to the region of interest (ROI). The region
of interest is provided as an input parameter to the system.
The region of interest is specified as a rectangular region. The
coordinates of the ROI in the resampled image are calculated
and all subsequent processing restricted to the ROI in the
resampled image.

The intensity values of pixels in the ROI are calculated to
facilitate computation of the first and second order derivatives.
Thereafter the feature vectors are extracted over the pixels in
the ROI. Feature and product-of-features integral images are
calculated based on the extracted features. Note that to further
increase computational speed, the features and integral images
can be calculated and stored as integer values.

A brute-force search over the region of interest is now
applied using the computed integral images. A moving window
is applied over the ROI at various scales. The aspect ratio of
the window is kept the same as the aspect ratio of the target
region. For each window, the region covariance and region
correlation are calculated. The distance to the target region is
calculated. The region with the lowest distance score is kept

as a potential candidate for the target object. Since only a
minimum distance is sought, the square root in the distance
metric never need to be explicitly evaluated.

Finally, if the minimum distance value is within some
threshold, a positive detection was made; otherwise, the system
indicates that no detection was made. If a positive detection
was made, an output ROI is calculated. In the absence of a
model of the dynamic behaviour of the target object, the output
ROI is centred on and has twice the width and height of the
search window with the best score. The width and height is
adapted to fit into the boundaries of the window, in the case
the left, right, top or bottom of the ROI would overflow the
boundaries of the image. If no detection is made, the output
ROI is set equal to boundaries of the image.

IV. RESULTS AND DISCUSSION

There is often difficulty in quantifying the results obtained
by tracking algorithms when applied to video sequences.
Firstly, such video sequences are not readily available. Sec-
ondly, the success of a particular tracking algorithm is often
dependent on the application for which it is designed, which
could bring into question the worth of the measure when ap-
plied to a video sequence pertaining to a different application.
Thirdly, the actual quantification depends to a large extent
on the specific video sequence. In many cases, the quantified
success of the algorithm (such as positive detection rates)
could be artificially improved by including more video footage
for which the algorithm performs well.

For the above reasons, the results obtained by the algorithm
will be discussed from a qualitative perspective based on two
typical tracking scenaries encountered in the CSIR MULE
project.

Fig. 2 shows selected frames from a video sequence where
the objective was to track the insignia on the back of a shirt.
In this experiment, the output ROI of one frame is used as the
input ROI for a subsequent frame. Fig. 2a shows the target
image that need to be tracked. The detection is successful
(Fig. 2b), even under severe scale changes (Fig. 2c), partial
occlusions (Fig. 2g), slight rotation (Fig. 2h) and aspect ratio
modification (Fig. 2i). The output ROI from Fig. 2d is used
as the input ROI for Fig. 2e; however, the target has moved
out of the ROI and the system indicates that no detection is
made. The ROI is reset to the entire frame and the system is
able to resume detection in Fig. 2f. Fig. 2j shows an example
of a false negative for a challenging image. Fig. 2k shows an
example of a true negative detection and Fig. 2l an example
of a false positive detection.

Fig.3 shows selected frames from a video sequence where to
objective was to track a cereal box. The cereal box was moved
about erratically, to introduce motion blur. ROI feedback was
not used for this experiment. Fig. 3a shows the target image
that need to be tracked. The detection is successful (Fig. 3b),
even with motion blur (Fig. 3c and Fig. 3e), partial occlusions
(Fig. 3d), slight rotations (Fig. 3f) and out-of-plane rotations
(Fig. 3g and Fig. 3j). There are however some instances where
the algorithm fails, such as the out-of-plane rotation in Fig. 3h,
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(a) Target image (b) Frame 56 (c) Frame 82 (d) Frame 112

(e) Frame 113 (f) Frame 114 (g) Frame 126 (h) Frame 162

(i) Frame 181 (j) Frame 182 (k) Frame 458 (l) Frame 474

Fig. 2: Results of the tracking algorithm on the shirt video sequence. Legend: Yellow - input ROI, Magenta - output ROI, Red
- best-matching region, Green/Red Box - detection/non-detection with associated score. (a) Target image, (b) True positive
detection, (c) True positive detection under large scale change, (d) True positive detection (note output ROI), (e) False negative
failure since the target has moved out of the ROI predicted in (d), (f) The failure in (e) reset the ROI and detection succeeded
again, (g) True positive detection under partial occlusion, (h) True positive detection under slight rotation, (i) True positive
detection under aspect ratio modification, (j) False negative failure due to severe aspect ratio modification, (k) True negative
detection, (l) False positive detection.

partial occlusion in Fig. 3i and the false positive detection in
Fig. 3k. Fig. 3l shows an example of a true negative detection.

The method is robust against scale changes. It is robust
against small changes in rotation, but fails under larger rotation
due to changes in the correlation coefficients. Failures under
out-of-plane-rotations can be explained as the result of the
system trying to maintain the original aspect ratio of the
enrolled target image, which becomes severely distorted. The
occurance of false positives can be reduced by dynamically
adjusting the detection threshold.

Experiments were conducted on a Duel Core Pentium D
3.00GHz (using a single core) with 2GB RAM, running
Ubuntu 10.04. The images in the shirt video sequence were
of dimensions 1024!768 pixels and in the cereal box video
sequence 900!680 pixels. Images were scaled to 320!240
pixels by the system using binlinear interpolation. For local-
isation, 12 different scales from 10 pixels to 120 pixels in
increments of 10 pixels were searched with a step size of 5

pixels at each scale. The average detection time (including
bilinear interpolation) to process an image when restricted to
the ROI was 25ms (40fps). In the case that the entire image
was processed, the average detection time was 259ms (3.8fps).
The system can be further improved by incorporating a model
of the target behaviour, in order to further restrict the scales
at which the search is conducted.

V. CONCLUSION

A new method for region-based detection and tracking
of objects was presented. The method is based on using
the correlation between features over the region as a region
descriptor. The method is fast enough to be implemented as
part of a real-time system, yet delivers satisfactory detection
results.
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(a) Target image (b) Frame 35 (c) Frame 40 (d) Frame 42

(e) Frame 50 (f) Frame 53 (g) Frame 65 (h) Frame 68

(i) Frame 108 (j) Frame 169 (k) Frame 227 (l) Frame 300

Fig. 3: Results of the tracking algorithm on the cereal box video sequence. Legend: Yellow - input ROI, Magenta - output ROI,
Red - best-matching region, Green/Red Box - detection/non-detection with associated score. (a) Target image, (b) True positive
detection, (c) True positive detection under motion blur, (d) True positive detection under partial occlusion, (e) True positive
detection under severe motion blur, (f) True positive detection under slight rotation, (g) True positive detection under out-of-
plane rotation, (h) False negative detection, (i) False negative detection under partial occlusion, (j) True positive detection, (k)
False positive detection, (l) True negative detection.
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Abstract— The Facial Action Coding System (FACS) has 

facilitated major advances in the area of Human Computer 

Interaction (HCI) through its ability to represent facial 

expressions. Facial expressions are viewed in terms of action 

units (AU’s), which describe the subtle muscle movements 

involved in facial expressions. In this paper, we propose to use 

temporal data from image sequences for the recognition of a set 

of 6 upper face and 5 lower face action units. We use Gabor 

filters to extract salient features, apply dimensionality reduction 

in feature space and train recurrent neural network for the 

classification of action units. Recurrent neural networks help in 

handling the temporal dependencies present in image sequences. 

Our method achieves an average recognition rate of 85.4% for 

the 11 FACS AU's. 

Keywords-component; Gabor filters, feature extraction, 

recurrent neural networks, dimensionality reduction, optimization 

I.  INTRODUCTION  

In the field of facial expression recognition (FER), the 
study of expressions as a set of muscle actions has gained 
major interest in recent years [2, 3, 13]. The Facial Action 
Coding System (FACS) introduced by Ekman and Friesen 
provides a framework that defines expressions in terms of 
subtle muscles movements, known as action units (AU's) [5]. 
The use of an image sequence rather than a single static image 
together with the classification of facial expressions in terms of 

AU's has given promising results in FER [2, 13].  

Recurrent neural networks (RNN) have been successful in 
modeling, classifying and predicting time series for 
applications such as speech recognition [1], gesture recognition 
[11] and forecasting [10]. Recent work in [8] suggested that 
RNN's could also be successfully used for the recognition of 
facial expressions. Recurrent neural networks allow self-
connections, which enable them to gain the knowledge of the 
past events and thus allowing them to be flexible with temporal 
data. Our work is aimed at using this ability of RNN's for the 

recognition of FACS AU's rather than expressions themselves.  

Faces provide a high-dimensional input space. In order to 
make FACS AU’s modeling and classification possible, we 
apply Gabor filters to extract salient features; we further reduce 
the dimensionality of the response vectors through the 
application of frequency scale selection [4, 13], local Gabor 
filters [3], and principle component analysis (PCA). We reduce 

the dimensionality of the model by applying weight decay. 

II. FACS ACTION UNIT DATABASE 

We use the Cohn-Kanade FACS Database [9], which is a 

collection of video frames of 97 subjects mimicking either 

single AU or combination of AU’s. The subjects represent a 

range of ages, genders, and origins. The subjects were asked to 

directly face the camera and perform a series of 23 facial 

displays. Each sequence begins with a neutral facial 

expression that transforms to a target display where the AU’s 

are at their peak intensity. The video images were digitized 

into 640*480 pixels arrays with 8-bit precision for grayscale 

images.  

III. PREPROCESSING 

Preprocessing of the facial images plays a vital role towards 

the systems performance in recognizing the action units. In 

this work we perform the following preprocessing steps: 1. 

Manual detection of facial features like eye centers, 2. Face 

normalization using these eye centers, and 3. Face detection 

and segmentation.  In the first frame of every sequence we 

locate the eye coordinates. These coordinates are then used to 

rotate the face to line up the eye centers. Face detection and 

cropping is performed using MPISearch [7], which reduces the 

image size to 64*64 pixels. Further segmentation is performed 

to retrieve either upper or lower half of the face region. 

Segmentation of face into regions is based on the knowledge 

that, the AU’s active in the upper face have little or no effect 

on the appearance changes in the lower face region and vice 

versa [5]. 
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IV. FEATURE EXTRACTION 

While Gabor filters have shown to be more promising than 

geometry-based methods [16], they suffer from the 

disadvantage of incurring high computational costs. Here, we 

choose 5 frequencies and 8 orientations as in [13]. The real 

and imaginary components of a 5*8 Gabor jet are shown in 

Fig.1. In order to further reduce the dimensionality of the 

input, the output responses of the 40 Gabor filters were down 

sampled by a factor of 16 and normalized to unit length [2]. 

We chose a total of 300 video sequences from 78 subjects 

from the Cohn-Kanade database for the recognition of 6 upper 

face AU’s and a total of 258 video sequences from 67 subjects 

for the lower face AU’s. The criteria for selection of a sample 

from a subject is that it has at least 5 frames which, when put 

together will depict the AU of interest in action (from its 

absence to its presence at its peak intensity). The entire set is 

then divided into training and test sets using cross validation.  

V. CLASSIFICATION 

For facial expression modeling and classification, we use an 

Elman recurrent neural network [6] shown in Fig. 2. The 

network is trained using back propagation-through-time 

algorithm [15]. Recurrent neural networks are able to model, 

classify and predict dynamic systems with hidden states, i.e. 

they are able to develop internal representations of hidden 

states from observable states alone. Furthermore, they can 

accumulate and store information over time due to their 

internal feedback mechanism. In the context of facial action 

unit recognition, we hypothesize that, classification 

performance can be improved by the use of recurrent neural 

networks that use video sequences as inputs when compared to 

the use of modeling and classification methods which only use 

static images for facial AU classification. This advantage of 

recurrent neural networks over other classifiers may become 

more pronounced as we use video sequences where the 

position of the subject’s head changes. 

 

The recurrent neural network comprises of 5120 input 

neurons (size of the downsized image multiplied by the 

number of Gabor coefficients), 15 hidden neurons (optimized 

value obtained through experimentation), and a single output 

neuron (which represents the activation/non-activation of 

single AU’s). The network weights were initialized to small 

random values in the range [-1, 1], the learning rate was set to 

0.01 (through experimentation), and training is stopped after a 

maximum of 500 epochs have elapsed. An AU is recorded as 

present if the network output is greater than or equal to 0.5. 

 

 

 

 

 

 

 
             a) Real components                 b) Imaginary components 

 

Figure 1.   Real and imaginary components of a 5*8 Gabor jet.   

Figure 2.  Elman recurrent neural network 

 

    In order to establish a baseline recognition rate, we classify 

the 6 upper face and 5 lower face AUs using all the Gabor 

coefficients obtained from the 40 Gabor filters without any 

dimensionality reduction or subsequent feature extraction 

techniques. This set of experiments will help us in determining 

whether the use of RNN’s result in similar performance as that 

of other classic classifiers. 

 

    For the 6 upper face AU’s we obtained an average 

recognition rate of 83.5% with a false positive rate of 6.7%. In 

a similar manner an average recognition rate of 81.98% with a 

false positive rate of 8.53% was obtained for the 5 lower face 

AU’s. This supports the use of RNN's for FACS AU 

recognition. The average recognition rate reported by Tian 

[13] was 87.6% using geometric features alone and 32% using 

appearance based method alone for a set of 9 upper face FACS 

AU's employing no feature extraction techniques. The work 

by Barlett [2], gave an average hit rate of 80.1% with a false 

alarm rate of 8.2%. The comparison with the above systems 

shows that the classification performance obtained by the use 

of recurrent neural networks is inline with that obtained by the 

use of other famous classifiers like support vector machines 

and neural networks. The use of recurrent neural networks has 

the added advantage of handling the temporal dependencies, 

which is not present in other systems. The individual 

recognition rates are shown in Table 1 and Table 2 for the 

upper and lower face AU’s respectively. 

TABLE I. RECOGNITION AND FALSE POSITIVE RATE FOR 6 UPPER FACE AU’S 

FACS AU’s Recognition Rate False Positive Rate 

AU1 89.96 5.01 

AU2 92.66 4.20 

AU3 81.50 7.54 

AU4 83.59 6.00 

AU5 77.56 8.20 

AU6 75.80 9.18 

Average 83.51 6.68 
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TABLE II. RECOGNITION AND FALSE POSITIVE RATE FOR 5 LOWER FACE AU’S 

FACS AU’s Recognition Rate False Positive Rate 

AU15 74.71 12.97 

AU17 72.33 10.45 

AU20 84.27 4.04 

AU25 91.10 9.30 

AU27 87.50 5.86 

Average 81.98 8.53 

VI. DIMENSIONALITY REDUCTION 

Gabor filters are one of most successful feature extraction 

techniques used [4]. However, they suffer from a major 

drawback: When a Gabor filter with 5 frequencies and 8 

orientations is applied to a single image; the extracted Gabor 

coefficients require 40 times more memory than the original 

image. This huge dimensionality of the Gabor coefficients 

generated has a detrimental effect on the classification 

performance. Dimensionality reduction techniques such as 

frequency selection [13], local Gabor filters [3], and principle 

component analysis (PCA) [3] have been widely used in 

conjunction with support vector machines and neural 

networks. We propose to use these famous methods in 

conjunction with recurrent neural networks and observe how 

the generalization performance is affected. The above methods 

need no or little extra preprocessing and thus do not add to the 

computational cost, which is a huge advantage in modeling 

real time facial action unit recognition systems. However, any 

selection/reduction technique used on features is said to be 

successful when it helps in increasing the generalization 

performance, in addition to decreasing the dimensionality. 

 

A. Frequency selection 

Frequency selection is one of the widely used methods for 

reducing the high dimensional response vectors generated by 

Gabor filters. Studies in [4] and [13] emphasize that not all 

frequency scales are required for the recognition of AUs. In 

[4], the set of three highest frequency scales performed similar 

to that of using all the frequency scales. However, in [13] the 

set of three middle frequency scales performed better for the 

recognition of upper face AUs. In this work, we divide the set 

of five frequency scales into three sets, as in [13]. We compare 

the performance of our system using these three frequency 

subsets. The overall performance of our system obtained using 

these three sets of frequency scales are given in Table 3. In 

this study, we confirm the results reported in [4] that the set of 

three highest frequency scales in case of upper face AU’s 

leads to similar performance as that of using all the frequency 

components. In this case, there is no significant degradation in 

the generalization capability of the classifier. However, the 

performance obtained using the lower frequencies was the 

least. In case of lower face AU’s the set of lower frequencies 

performed better than the set of middle frequencies. This 

emphasizes that not all the regions in the face act similar to a 

set of frequency components. The performance of frequency 

components for AU recognition is dependent on the face 

region and also the AU’s under consideration. 

TABLE III. RECOGNITION RATES USING HIGHER, MIDDLE AND LOWER SET OF 

FREQUENCY SCALES FOR THE UPPER AND LOWER FACE AU’S 

Face Region Higher 

Frequencies 

RR% 

Middle  

Frequencies 

RR% 

Lower 

Frequencies 

RR% 

Upper face AU’s 82.07 80.10 77.40 

Lower face AU’s 79.56 75.03 76.84 

 

B. Local Gabor filters 

Disregarding some frequency scales reduces the 

dimensionality of the input space, but it may also lead to a loss 

of some information that is important for classification of 

AU’s. Thus, a selection method is required which samples 

data from all the frequency scales, and yet helps in reducing 

the dimensionality of the input space by neglecting redundant 

data. It is evident from Fig.1, that Gabor representations 

obtained by two neighboring frequencies at the same given 

orientation are very much similar. 

 

Taking the above-mentioned similarity into account, Deng 

[3] proposed a novel approach that uses a filter bank and a 

subset of all frequencies and orientations, so-called local 

Gabor filters. Local Gabor filters are denoted as LG (mxn) 

where m is the total number of spatial frequencies and n is the 

total number of orientations. Three variants of local Gabor 

filters suggested in [3] are LG1 (mxn), LG2 (mxn) and LG3 

(mxn). LG1 (mxn) is formulated by repeatedly increasing the 

frequency from minimum to maximum, while orientation is 

incremented by 1 each time. LG2 (mxn) is the same as LG1 

(mxn) except for a decrease in frequency, changing from 

maximum to minimum. For LG3 (mxn), the responses are 

selected with an interval between any two filters. The resultant 

feature vectors for LG1 (5x8), LG2 (5x8) and LG3 (5x8) are 

shown in Fig. 4. The memory requirements in terms of 

number of input neurons for the local Gabor filters LG1 (5*8), 

LG2 (5*8) and LG3 (5*8) are given in Table 4. 

 

 

 

 

 
 

   (a) LG1 (5x8)                   (b) LG2 (5x8)                   (c) LG3 (5x8) 

Figure 3.  Local Gabor filters 

TABLE IV. MEMORY REQUIREMENTS OF GLOBAL AND LOCAL GABOR 

FILTERS  

Gabor Jet Original 

dimension 

Upper face 

dimension 

Sub 

sampling 

dimension 

No. of 

hidden 

Units 

G(5*8) 163840 81920 5120 15 

LG1(5*8) 32768 16384 1024 10 

LG2(5*8) 32768 16384 1024 10 

LG3(5*8) 81920 40960 2560 10 
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TABLE V. RECOGNITION AND FALSE POSITIVE RATE FOR GLOBAL AND LOCAL 

GABOR FILTERS FOR THE 6 UPPER FACE FACS AU’S  

Gabor 

Variants 

Recognition Rate False Positive Rate 

G (5*8) 83.51 6.68 

LG1 (5*8) 79.90 10.21 

LG2 (5*8) 82.61 7.59 

LG3 (5*8) 84.56 6.79 

 

TABLE VI. RECOGNITION AND FALSE POSITIVE RATE FOR GLOBAL AND 

LOCAL GABOR FILTERS FOR THE 5 LOWER FACE FACS AU’S  

Gabor 

Variants 

Recognition Rate False Positive Rate 

G (5*8) 81.98 8.53 

LG1 (5*8) 75.20 9.10 

LG2 (5*8) 78.50 8.21 

LG3 (5*8) 80.85 7.76 

 

In this set of experiments, we trained our recurrent neural 

network using the three variants of the local Gabor filters 

mentioned above and empirically optimized our network 

architecture to 10 hidden neurons. The average recognition 

and false positive rate for the 6 upper face AU’s using all the 

variants are given in Table 5. And that for the 5 lower face 

AU’s are given in Table 6. When compared, LG3 (5*8) 

variant of the local Gabor filters performed slightly better than 

G (5*8) for the 6 upper face AU’s. This can be attributed to 

the decrease in the number of input neurons and removal of 

ambiguous data. However, the same was not true in case of 

lower face AU’s. Studying the results for the lower face AU’s, 

it can be indicated that the AU’s in the lower face region 

require more information for their detection. In general, LG3 

variant helped in reducing the dimensionality of the system by 

50%, and both LG2 (5*8) and LG3 (5*8) variants 

outperformed LG1 (5*8).  

C. Feature selection using PCA 

Principle component analysis (PCA) is one of most widely 

used techniques for feature selection and dimensionality 

reduction. PCA is effective in finding linear transformations 

and seeks a projection that best represents the original data in 

a least square sense [3]. In the present work, PCA is used to 

select features from the high dimensional response vectors 

generated by Gabor filters. However, the use of PCA has 

shown to be greatly affected by the lighting conditions of the 

available data [3]. It is thus advisable to eliminate the effects 

of lighting condition before applying PCA for feature 

selection. To control the illumination effect, we use histogram 

normalization [3]. 

 

Our recurrent neural network using PCA achieved an 

average recognition rate of 78.6% with a false positive rate of 

11.7% for the 6 upper face AU’s. The average recognition and 

false positive rate for the 5 lower face AU’s was 71.1% and 

8.3% respectively. Clearly, PCA failed to increase the 

generalization performance of our classifier; all PCA 

components perform no better than all Gabor coefficients. 

Even the removal of the first few components, which contain 

the information about the orientation and lighting conditions, 

failed to improve the performance.  

 

VII. RNN OPTIMIZATION 

Optimization of recurrent neural networks plays a vital role 

in their generalization performance. The most widely used 

regularization methods for network optimization are early 

stopping and weight decay. In optimization through early 

stopping, training data is divided into separate training and 

validation sets. While training the network using the new 

training set, it is also tested for the validation error on the 

validation set. The network, which shows the lowest 

validation error, is then used for testing. However, early 

stopping suffers from over-fitting of data where the 

generalization performance is good for one set and fails for 

another set. To overcome this problem, weight decay is used 

in many real world applications [14]. Weight decay is the 

process of adding a penalty term to the objective function. The 

common penalty term used is a constant multiple of sum of the 

squares of the weights. This regularization penalizes large 

weights, as these tend to increase the variance in neuron 

outputs. We experimented with different decay constants 

(0.01, 0.001, and 0.0001) to obtain the optimal decay constant 

value for our network (0.0001). The recognition and false 

positive rates for the six upper face and 5 lower face AU’s are 

given in Table 7 and Table 8 respectively. Clearly, weight 

decay helped in improving the overall classification 

performance in case of both upper face and lower face AU’s. 

The % increase in terms of recognition rate was more evident 

in case of lower face AU’s, with more than 3% raise. 

 

TABLE VII. RECOGNITION AND FALSE POSITIVE RATE FOR THE 6 UPPER FACE 

FACS AU'S WITH A DECAY CONSTANT OF 0.0001. 

FACS AU's Recognition Rate False Positive Rate 

AU1 89.57 3.49 

AU2 94.72 3.95 

AU4 81.18 10.66 

AU5 90.10 2.17 

AU6 80.59 6.65 

AU7 78.85 11.53 

Average 85.84 6.41 

TABLE VIII. RECOGNITION AND FALSE POSITIVE RATE FOR THE 5 LOWER 

FACE FACS AU'S WITH A DECAY CONSTANT OF 0.0001. 

FACS AU's Recognition Rate False Positive Rate 

AU15 78.13 8.89 

AU17 74.64 14.23 

AU20 87.90 0.00 

AU25 92.80 4.20 

AU27 91.10 3.04 

Average 84.91 6.07 

272



VIII. SUMMARY AND DIRECTIONS FOR FUTURE RESEARCH 

In this paper, we discussed the use of recurrent neural 

networks for the recognition of 6 upper face and 5 lower face 

FACS AU’s using Gabor filters for feature extraction. We 

applied different dimensionality reduction techniques 

including frequency scale selection, local Gabor filters and 

principle component analysis (PCA) and studied their effect 

on the classification performance of recurrent neural networks. 

The LG3 variant of local Gabor filters performed the best 

(84.6% average performance) for the 6 upper face AU’s, 

where as the use of all the Gabor filters performed the best 

(82% average performance) for the 5 lower face AU’s. This 

emphasizes that lower face AU’s require more information for 

their classification. Network regularization through weight 

decay improved the classification performance (85.8% 

average performance for 6 upper face AU’s and 84.9% for the 

5 lower face AU’s). Future work will include the training of 

recurrent neural network on all AU’s defined in FACS, 

comparison of training a single recurrent neural network for 

all AU’s vs. training individual recurrent neural networks for 

individual AU’s and the application of our methodology to 

scenarios where subjects change the position of their head 

relative to the camera, i.e. nodding and head turning. It is in 

this latter scenario where recurrent neural networks may show 

their real advantage over methods which base their 

classification on single static images.  
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Abst ract—The last decade has seen the development of many new 
cost aggregation techniques des igned to improve the robustness 
of local stereo correspondence. Most of the top per forming local 
stereo algorithms work by dynamically de fining support regions 
us ing weights that depend on a local measure of the distance in 
colour space. In this paper we highlight the differences among 
some of the top per forming cost aggregation techniques and 
experimentally quantify the  effec t of some of the des ign choices 
involved. 

Keywords-cost aggregation; stereo vision; local; image 
processing 

I.  INTRODUCTION 
The past few decades has seen an explosion of digital 

imaging technologies with ever increasing capabilities and 
decreasing cost. This revolution, combined with the ever 
expanding power of digital computing, has paved the way for a 
powerful new direction of research that is image processing 
and computer vision. One of the most extensively researched 
aspects of computer vision is the ability to extract depth 
information from 2D images to reconstruct a three-dimensional 
scene. This is referred to in literature by many synonymous 
terms, some of which include; stereo vision, stereo depth-
mapping, surface reconstruction and surface estimation. 

The ability to extract depth information from two images is 
a fundamental task that is a necessary step for many higher 
level computer vision problems. Stereo vision has many very 
interesting applications, especially if it can be performed in real 
time. Some of these applications include: 

 Mobile robotics – Obstacle avoidance and mapping, 

 Modelling 3D environments, 

 Augmented reality, and 

 Background subtraction. 

Stereo vision works by comparing two different images 
taken of the same scene but from slightly different positions in 
space. The underlying principle, used to determine the depth of 
a point in an image, is to determine the horizontal shift (i.e. 
disparity) of that point from the one image in the pair to the 
other. The greater the disparity for a point in the images, the 
closer that point is to the cameras. The principle is simple 
enough; the difficulty comes from the fact that in order to 

determine this shift a system must be able to match a specific 
point from one image to a point in the second image. This is 
referred to as the correspondence problem. The disparity 
computed for each pixel and knowledge about the spatial 
relationship of the two cameras is enough to generate 3D 
coordinates for each pixel in the scene. 

The input image pair is usually rectified to remove radial 
distortion and transform the two images so that each horizontal 
row of pixels (i.e. a scanline) in one image corresponds to a 
horizontal line in the second image. This greatly simplifies the 
correspondence problem as now it can be assumed that a 
corresponding pixel in the target image (i.e. usually the right 
image) is on a scanline at the same height as the reference pixel 
in the reference image (i.e. the left image). This effectively 
reduces the search for corresponding pixels to one dimension. 

There are hundreds of different algorithms in literature that 
generate a disparity map from stereo images, all with their own 
strengths and weaknesses. Scharstein and Szeliski classified 
and provided a comparison of many such methods in [1]. The 
approaches can be loosely categorized into two types, local and 
global techniques. Local methods search for corresponding 
pixels on a scanline by aggregating the matching cost (i.e. a 
dissimilarity measure) over a finite support region or window 
around the two pixels being compared. Global techniques 
generally solve a global optimization problem to determine the 
best matches. In general local methods produce slightly less 
accurate results but in turn they are usually much less 
computationally expensive, more parallelizable and therefore 
better suited to real-time implementations.  

The authors of [1] also showed how most stereo vision 
methods can be broken up into 3 or 4 distinct steps. For local 
methods these are usually as follows: 

 Cost computation. 

 Cost aggregation and selection. 

 Disparity refinement. 

Local stereo matching algorithms differ mostly by the way 
in which they aggregate matching costs and how they define 
the support regions used in the process. In this paper we will 
implement and evaluate a few of the best performing cost 
aggregation methods in recent literature. The chosen methods 
are able to dynamically define the shape of a support region by 
applying weights to pixels in a square support window. 
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II. LOCAL STEREO ALGORITHMS 
The first step for any local stereo matching algorithm is to 

formulate a way of measuring the matching cost between a 
pixel in the reference image and that of the target image. Due 
to the epipolar constraint of rectified stereo images, each pixel 
in the reference image needs only to be compared to pixels in 
the target image that fall on the same horizontal scanline. Costs 
can be calculated using many different techniques; however, 
the most popular method remains the simple Sum of Absolute 
Differences (SAD) calculated using the RGB colour channels 
or simply the intensities. Let Ir be the reference image and It the 
target image of a rectified stereo pair. The SAD cost for a pixel 
(x,y) in the reference image and the same pixel shifted by d 
(i.e. the disparity) in the target image is defined as: 

 C(x,y,d) = |Ir(x,y) – It(x − d,y)|. 

The cost function in (1) is usually improved by using some 
method to limit the influence of outliers. A common way of 
achieving this is to truncate the cost values that are higher than 
a certain threshold. This prevents a single cost value in a region 
from later having too large an influence on the aggregated cost. 
The cost function in (2) truncated to a value of Cmax can be 
written as: 

 C(x,y,d) = min(|Ir(x,y) – It(x − d,y)|, Cmax). 

The matching cost between individual pixels is not robust 
against ambiguities so this cost alone cannot be used to find 
reliable correspondences between images. By aggregating the 
individual pixel matching costs over a local support region, 
these ambiguities can be overcome. The next section will 
discuss the cost aggregation step in more detail. The result of 
the aggregation is a collection of disparities, one for each pixel 
in the reference image (i.e. a disparity map). The third step is 
optional and it is used to refine the disparity map. Many 
different methods can be used to refine the disparity map, some 
of these include: 

 median filter (MF), 

 bi-directional matching (a.k.a. cross checking), and 

 sub-pixel refinement. 

The MF is a common choice to refine a disparity map by 
filtering out noise without blurring depth boundaries thanks to 
its edge preserving properties. 

III. COST AGGREGATION METHODS 

A. Fixed Window Aggregation 
The most basic approach to cost aggregation is the well 

known Fixed Window (FW) stereo algorithm. This method 
uses a square window of a fixed size to define the support 
region over which cost will be aggregated. Let N(x,y) be a 
square window centred at position (x,y) in the reference image 
but shifted by the disparity d in target image. The aggregated 
cost (i.e. A(x,y,d)) over the two square windows is defined as: 

 A(x,y,d) = ∑i,jN(x,y)C(i,j,d). 

The disparity for each pixel (x,y) in Ir is determined by 
selecting the value of d in (3) that has the lowest aggregated 
cost. The larger the size of the window N, the better the method 
is able to overcome ambiguities which equates to better 
accuracy in sparsely textured regions. Unfortunately larger 
window sizes lead to poor accuracy near depth discontinuities. 
This is demonstrated in Fig. 1 where (c) produces a noisy 
disparity map in sparsely textured regions due to having too 
small a support window and (d) loses accuracy near depth 
discontinuities due to having a window size that is too large. 
The image in Fig. 1 (a) and (b) was taken from the Middlebury 
stereo dataset [1]. 

The problem at depth discontinuities is that local stereo 
algorithms implicitly assume that all the pixels in a support 
region are equally important and that they are at the same 
depth. When a window is centred near a depth discontinuity it 
is inevitable that some of the pixels in the window will not be 
at the same depth as  the  window’s  centre  pixel.  In these 
regions, smaller window sizes provide better results as they are 
less likely to aggregate costs from different depths. For that 
reason a compromised window size must be selected for fixed 
window aggregation to produce more accurate disparity maps 
as a whole.  

More sophisticated cost aggregation methods try to allow 
for bigger support regions without sacrificing accuracy near 
depth discontinuities by adaptively changing the shape of the 
window. Some methods do this by simply varying the window 
size to suit the region under consideration while others are able 
to dynamically define the support region’s shape for each pixel. 
The best performing methods use large square windows but 
apply weights to the pixels within the windows so as to reduce 
their influence based on colour similarity and special proximity 
to the centre pixel. Ideally the support region should only 
include pixels from the same depth, but the depths are 
unknown. 

 

 

 

 

 

        
(a)                                                    (b)                                                   (c)                                                     (d) 

Figure 1. Example disparity maps for a reference image (a). (b) is the ground truth. (c) is the result using a 7x7 fixed window and (d) with a 33x33 window. 
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B. Adaptive Weight Aggregation 
In 2005, Yoon and Kweon described an Adaptive Weight 

(AW) technique in [2]. The method dynamically allocates 
weights to pixels in support regions so that the support region 
can be shaped to not aggregate costs from depths that are likely 
to differ from the pixel being considered. They achieve this by 
making the assumption that depth discontinuities occur where 
there is a significant change of colour in the reference image. 
This is a reasonable assumption but not all changes in colour 
are depth discontinuities. A surface could be heavily textured 
but not contain any depth discontinuities. 

The authors of [2] calculate weights for each pixel in a 
support region based on two factors: spatial separation from the 
centre pixel (gij) and colour difference (cij) between the pixel 
and the centre pixel. This approach is inspired by the Gestalt 
principles of similarity. The colour difference is measured as 
the Euclidean distance between the two colours in the CIELab 
colour space. The weights are calculated for each pixel in the 
support regions of both Ir and It (i.e. symmetrical support 
regions) and can be written as: 

 w(i,j) = fscij)×fpgij). 

In (4), (i,j) is the coordinates of the pixel within the square 
window. fs and fp represent the strength of grouping in terms 
of colour similarity and proximity respectively, defined as: 

 fscij) = exp(-cij / s), and 

 fpgij) = exp(-gij / p). 

In (5) and (6), s and p are constants that can control the 
influence that the colour difference and proximity measures 
have on the value of the weights. Using (4), (5) and (6) to 
calculate a weight for each pixel in the symmetrical support 
regions, the aggregated cost can be written as: 

 . 

The denominator in (7) is the aggregation of the weights 
used as a normalisation factor. This method is one of the top 
three local stereo methods according to the Middlebury test 
bed created by the authors of [1]. Unfortunately, the weight 
computations require a lot of computational power and the 
approach is extremely slow, even slower than some global 
approaches. 

C . Segmentation Based Aggregation 
A different approach to the problem of dynamically 

defining a support region was later proposed in [3], known as 
the Segmentation Based (SB) method. The idea is that by 
performing colour segmentation (usually using mean-shift 
segmentation) on the reference image, the segment borders will 
likely be the locations of depth discontinuities. Using this 

assumption, a small weight () can be applied to all pixels 
within a support region that does not fall within the same 
colour segment as the reference pixel. Using a weight, rather 
than entirely ignoring pixels outside of the colour segments, 
protects the method from over-segmentation artefacts. 

A short while later the authors of [4] improved this idea to 
create the Segmented Support (SS) method by combining ideas 
from the AW and SB methods. They also used the same 
normalised weighting scheme as was used in [2] and shown in 
(7). They made the argument that the proximity cue in the 
weights used by [2] was negatively affecting the accuracy and 
rather defined their weights to only contain the colour 
difference term (cij). The weights are set to 1 if the pixel (i,j) 
is in the same colour segment as the reference pixel, otherwise 
the weight is defined as: 

 w(i,j) = exp(-cij / s). 8) 

Unlike the AW approach, the authors of [4] chose to 
determine the colour difference in the RGB colour space. At 
the time of its publication, this method improved the state of 
the art of local stereo matching algorithms.  

D . Differences 
All of the aggregation methods discussed here start with a 

square support region around the pixel under consideration. 
They then assign weights to all the pixels within the region to 
reduce their influence on the aggregated cost. They differ in the 
techniques used to determine these weights. One way of 
visualising the differences in the weighted support regions for 
the different aggregation schemes, is to look at the regions 
generated for specific points in a stereo image as was done in 
[5]. Fig. 2 shows the support regions of the different 
aggregation schemes for a few selected points in the teddy 
image of the Middlebury stereo dataset. The brighter the 
intensity of the pixels in the support region, the higher the 
influence that point will have in the aggregation process. 

Fig. 2a shows the regions generated using the AW method 
which is relatively sparse. From Fig. 2b, it is clear to see how 
the SB method considers only the pixels within a colour 
segment. The SS method combines the techniques of the AW 
and SB methods by using weights of 1 for the pixels contained 
in colour segment but then also applies dynamic weights for 
pixels outside of the segment boundary. The segmentation 
based methods both appear to aggregate the cost over more of 
the square support region than the AW method. This is why the 
segmented support regions are able to better cope with 
ambiguities in sparsely textured regions [5]. 

In the next section we discuss how we can combine and 
interchange different aspects of these aggregation methods to 
test the effects of the design choices made by the original 
authors. The aspects that will be considered include the colour 
space used, the effect of symmetrical support regions and the 
use of a proximity cue in weight calculations. 
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IV. IMPLEMENTATION AND EXPERIMENTATION 
The authors of [5] and [6] provided a thorough evaluation 

of many different cost aggregation schemes. They implemented 
the methods as described and optimised by their authors and 
evaluated the overall accuracy of the results. In this paper we 
will follow a different strategy that will focus on examining the 
relative effect of the different design choices made for the 
aggregation methods. To achieve this, we will not be overly 
concerned about the overall accuracies achieved but rather 
consider the relative change that altering design choices have 
on a more constant implementation. To achieve this we will 
keep the various parameters (defined in the previous section) 
constant across all the different methods. 

We will analyse the effects of three primary design choices 
made by authors of the cost aggregation methods discussed. 
The first is the effect of using the CIELab colour space versus 
the RGB colour space for calculating weights based on colour 
difference. Next we will investigate the effect of a proximity 
cue in the calculation of support weights. Finally we will also 
determine the effects that symmetrical support regions have on 
the results. Table 1 shows a summary of the original design 
choices for the aggregation methods being considered. 

 

 

We will test the effects of the design changes using the 
Middlebury stereo evaluation procedures introduced in [1]. The 
implementations will all use a truncated SAD cost computation 
method with the costs truncated to T=80. The parameters of the 
cost aggregation methods will not be optimised for 
performance but instead they will be set to a compromised but 
constant value that provides reasonable results across all of the 
methods (i.e. window size=35, yc=13.5, yp=17.5 and =0.01). 
This limits the achievable accuracy for any one method but it is 
the relative change in accuracy, caused by varying the design 
choices, that is of interest here. The results will be analysed by 
comparing the original aggregation method’s results with the 
modified versions of the same method. 

 

 

 

     
(a)                                                                                                      (b) 

       
(c)                                                                                                       (d) 

Figure 2. The image (a) shows 6 different selected points for which the weighted support regions are compared. (b) shows the support regions at these 
points using the AW method, (c) for the SB method and (d) for the SS method [5]. 

TABLE II.  SUMMARY OF DESIGN ASPECTS  

Design 
Aspects 

Aggregation Methods  

FW AW SB SS 

Symmetrical - Yes No Yes 

Colour space - CIELab - RGB 

Proximity cue No Yes No No 

Segmentation No No Yes Yes 
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V. RESULTS 

A. Colour Space Experiment 
The first experiment evaluates the effect of calculating the 

colour difference between pixels in a support region using the 
CIELab colour space versus the RGB colour space. This 
experiment only applies to the SS and AW algorithms as they 
are the only approaches that apply weights to support pixels 
that depend on colour differences. For this experiment, both of 
these algorithms were tested using each of the colour space 
options. The results are shown in Fig. 3 for which the 
percentages of bad pixels are averaged over the four images in 
the Middlebury dataset. 

As was discussed in [2], the CIELab colour space is 
expected to perform better than the standard RGB colour space 
since the Euclidean distance between two points in the colour 
space is directly related to the perceived colour difference. The 
results show that the CIELab colour space does indeed provide 
an advantage over the RGB colour space for both algorithms. 
The advantage is bigger for the AW method since the colour 
difference is used for every pixel in the support regions and not 
just for pixels outside of the current colour segment as with the 
SS method. The increase in accuracy is substantial enough to 
justify the added complexity of generating the input images in 
the CIELab colour space. 

The second data cluster in Fig. 3, labelled SS(AvgSegmCol), 
shows the results when the colour difference is calculated using 
the average colour of the current colour segment (determined 
during the colour segmentation step) rather than the colour of a 
single reference pixel. The idea behind this is that it would be 
more robust against image noise and also in areas where there 
are specks of different colours on a uniform disparity level 
such as text on a white wall. Using the averaged colour 
increases the support size in these areas but often also does so 
near depth discontinuities. The overall effect is negligible as 
the slight improvements in areas of uniform disparities are 
cancelled by the loss of accuracy near depth discontinuities. 
This approach could be useful when dealing with especially 
noisy input images. 

Table 2 contains the results for all the experiments 
including the results for individual images of the Middlebury 
stereo dataset. 

B. Proximity Cue Experiment 
The purpose of this experiment is to quantify the value of 

adjusting support weights based on spatial proximity. The AW 
algorithm is the only method that includes a spatial proximity 
cue by default. In this experiment we will determine the effect 
of removing the cue from the AW method and also analyse the 
effect of adding a similar proximity cue to the other cost 
aggregation methods. The results are presented in Fig. 4 where 
once again the percentages of bad pixels are averaged values 
across all the images in the Middlebury dataset. 

The authors of the AW method used a proximity cue as part 
of the Gestalt grouping principle [2]. The authors of the SS 
method insisted in [4] that the proximity cue does not improve 
the accuracy of the weighted support regions. The results show 
that, for the aggregation methods that do not use colour 

segmentation, the proximity cue does increase the accuracy of 
the stereo matching. For the methods utilising colour 
segmentation, the addition of a proximity cue decreased the 
overall accuracy of the results. This is likely due to the way the 
segmentation based methods already use the shape of the 
segment to increase the influence of nearby pixels. Since all 
pixels within the same segment as the reference pixel are not 
weighted, this implicitly acts as a non-uniform proximity cue 
that does not just simply decrease weights based on radial 
distance from the reference. Rather than decreasing weights 
with increased distance, this segmented proximity increases 
weights of nearby pixels. 

C . Symmetry Experiment 
With this experiment we investigate the effects of 

calculating support weights symmetrically (i.e. calculating 
weights independently for the reference and target images) 
versus using the same weights generated for the reference 
image in the target image. With symmetrical support regions, 
the weights for the reference and target images are both applied 
to the matching cost as was shown in (7).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 3.  Averaged results of colour space experiment. 

 
Figure 4.  Averaged results of proximity cue experiment. 

 
Figure 5.  Averaged results of symmetry experiment. 

279



TABLE II.  PERCENTAGE OF BAD PIXELS FOR ALL THE EXPERIMENTS 

Algori thm 

Images 

Cones T eddy Tsukuba Venus Average  

Disc Nonocc All Disc Nonocc All Disc Nonocc All Disc Nonocc All Disc  Nonocc  All 

F W 29.54 13.34 22.14 44.4 20.37 28.21 38.83 10.01 11.7 37.4 6.52 7.99 37.54 12.56 17.51 

F W+Prox 26.99 11.98 21.11 42.2 19.08 27.11 36.26 9.06 10.8 41.15 7.08 8.58 36.65 11.80 16.90 

SB 18.88 8.29 17.71 29.94 15.92 24.39 15.66 4.26 5.58 27.74 7.4 8.79 23.06 8.97 14.12 

SB+Sym 20.84 12.98 22.64 32.47 22.57 30.48 11.25 8.17 10.05 24.12 14.75 16.14 22.17 14.62 19.83 

SS 16.49 8.36 18.48 24.18 12.76 21.69 7.53 3.85 5.78 15.53 4.09 5.69 15.93 7.27 12.91 

SS+Prox 18.25 9.63 19.62 25.99 14.55 23.3 8.54 5.08 7 18.94 5.31 6.88 17.93 8.64 14.20 

SS:C I E Lab 12.45 5.71 16.07 25.02 12.22 21.19 10.12 2.84 4.63 19.86 3.78 5.36 16.86 6.14 11.81 

SS-Sym 15.9 6.85 16.13 29.43 14.16 22.69 14.12 3.4 4.33 26.68 5.76 7.12 21.53 7.54 12.57 

SS+Segm Avg 16.34 8.32 18.44 24.62 13.03 21.88 8.45 4.2 6.06 15.28 4.08 5.65 16.17 7.41 13.01 

A W  11.87 5.66 16.09 25.08 12.2 21.21 10.43 2.89 4.78 22.94 3.77 5.37 17.58 6.13 11.86 

A W -Prox 12.91 6.09 16.41 26.32 12.84 21.76 11.82 3.34 5.08 18.85 3.68 5.27 17.48 6.49 12.13 

A W : RG B 26.3 17.86 27.09 29.01 17.82 26.29 8.75 5.2 7.24 17.34 6.93 8.5 20.35 11.95 17.28 

A W -Sym 14.56 7.08 16.2 31.55 14.51 22.92 18.86 4.5 5.45 29.99 5.73 7.22 23.74 7.96 12.95 

 

Using symmetrical support regions protects the aggregation 
against perspective change near depth discontinuities. This is 
achieved by also decreasing the influence of pixels in the target 
support region that is likely to be at a different depth to the 
region’s  centre  pixel.  This  requires  nearly  double  the 
computational effort as weights need to be calculated for both 
input images. This also means that both images must be 
segmented for the methods that utilise colour segmentation. 
The results in Fig. 5 show that for most methods, symmetrical 
support regions actually decrease the overall accuracy of the 
methods. This is especially clear with the SB method where the 
average number of bad pixels dropped by 5.71%. The only 
method that is more accurate with symmetrical support regions 
is the AW method; however, the accuracy in depth 
discontinuous regions is improved for all the methods.  

The overall improvements in accuracy, when using non-
symmetrical support regions, are in areas of the images that 
are not near a depth discontinuity or more precisely they 
appear to be in sparsely textured regions. This is due to the 
fact that symmetrical support regions have a smaller combined 
weight and is therefore less likely to be able to avoid 
ambiguities in such regions. It is worth noting that many of 
these errors could be corrected with refinement methods such 
as a median filter or bi-directional matching. 

VI. CONCLUSION 
In this paper we investigated the design of some of the top 

performing local stereo matching algorithms, focusing on their 
cost aggregation strategies. We highlighted some of the key 
differences among these methods and evaluated the effect that 
these different design choices have on the robustness of the 
cost aggregation. To achieve this we fixed the parameters and 
used the same cost computational method with no refinement 
step for all the methods considered. 

We found that the use of the CIELab colour space does 
provide a substantial advantage over RGB when applying 
weights to support pixels based on colour difference from the 
reference pixel. The use of a proximity cue is not useful for 
segmented approaches although it does provide an advantage 
for the AW method. Symmetrical support regions provide a 
substantial improvement in areas near depth discontinuities; 
however in most cases the overall accuracy of the image is 
reduced. This is significant as symmetrical support regions 
nearly double the processing and memory requirements. 

Future work will include using these findings to design an 
improved local stereo matching method. Such a method is 
likely to be based on the SS method that uses the CIELab 
colour space and non-symmetrical support regions. 
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Abstract—We investigate the relationship between SVM hy-
perparameters for linear and RBF kernels and classification
accuracy. The process of finding SVM hyperparameters usu-
ally involves a gridsearch, which is both time-consuming and
resource-intensive. On large datasets, 10-fold cross-validation
grid searches can become intractable without supercomputers
or high performance computing clusters. We present theoretical
and empirical arguments as to how SVM hyperparameters scale
with N , the amount of learning data. By using these arguments,
we present a simple algorithm for finding approximate hyperpa-
rameters on a reduced dataset, followed by a focused line search
on the full dataset. Using this algorithm gives comparable results
to performing a grid search on complete datasets.

I. INTRODUCTION
The Support Vector Machine (SVM) is a popular pattern

recognition algorithm, first introduced in its current form in
1995 [1]. It entails the optimization of the following error
function:

Esvm =
1

2
!

T
! + C

!

i

!i (1)

subject to the constraints

yi(!T
xi + "0) ! 1" !i

!i ! 0, i = 1, ..., n
(2)

The dot product in Eq. (1) lends itself to the use of the Kernel
trick:

1

2
!

T
! =

!

i!SV

!

j!SV

#i#jyiyjK(xi,xj) (3)

Depending on which kernelK is used, SVMs usually have one
or two hyperparameters which need to be set to appropriate
values in order to achieve optimal classification accuracy.
Choosing appropriate values can be a very expensive process,
as one needs to iterate over a wide range of parameters or
combinations thereof. For very large datasets such as the DFKI
age-classification dataset, full grid-searches are intractable
without large computing clusters [2], and can thus be a
prohibiting factor in using SVMs.
Much work has been done to circumvent the expensive grid

search approach by finding more efficient ways of choosing

the SVM hyperparameters [3]–[7]. We continue this search by
considering the problem from two different perspectives. (a)
We believe that a better understanding of the role of the SVM
hyperparameters can enable one to select better boundaries
within which to search for the optimal hyperparameters and
(b) we consider a simple algorithm where we use scaling
arguments derived from the SVM error function to adapt
hyperparameters obtained on a subset of the data.
The paper is organized as follows: In section II, we will

give a brief overview of the role of the different SVM
hyperparameters, and then investigate SVM behaviour over
a wide range of hyperparameter values in section III. The
relationship between the hyperparameters and the amount of
training data, as well as a novel hyperparameter tuning strategy
will be discussed in section IV, followed by experiments in
section IV-D, testing the proposed tuning strategy.

II. ROLE OF RBF AND LINEAR KERNEL
HYPERPARAMETERS

Two popular kernels and their corresponding hyperparam-
eters will be discussed: the linear and radial basis function
(RBF) kernels.
The linear SVM has no kernel parameters, hence the only

parameter to be tuned is C from Eq. (1). C penalizes samples
that are either misclassified, or which fall within the margin
surrounding the separating hyperplane. High values of C
would thus give more weight to the misclassification term
in Eq. (1). Very large values of C would thus change the
behaviour of an SVM to that of a perceptron algorithm, since
the emphasis shifts to minimizing the sum of all errors. Small
values of C give more weight to the margin term, with C # 0
ensuring that the margin gets maximized (C = 0 is not
sensible for non-separable problems).
The same arguments for C apply to the case where an RBF

kernel is used. The RBF kernel

K(xi,xj)RBF = e"!#xi"xj#
2

(4)

allows the SVM to construct non-linear decision boundaries
by transforming the data into some high dimensional feature
space. In addition to C, one has to search for optimal values
of $, which controls the kernel width.
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Fig. 2. Density estimates for the distance to the nearest neighbor when
randomly sampling N points from a 5 and 10 dimensional normal distribution
with zero mean and unit variance. Note the weak relationship between ! and
N .

III. SVM BEHAVIOUR ACROSS A LARGE SPECTRUM OF
HYPERPARAMETER VALUES

Keerthi et. al [8] investigated SVM behaviour at very small
and large values of the SVM hyperparameters. In this section,
we will extend and verify some of the insights they presented
with the aim of identifying reasonable boundaries within
which one could expect to find the optimal hyperparameter
values.

A. Linear Kernels
Keerthi et. al observed that for linear SVMs, after some suf-

ficiently high value of C > C!, the cross-validation accuracy
seems to converge to a value close to (if not at the) optimal
accuracy. This implies that as C ! ", ESVM ! C

!
i !i.

We repeated and confirmed this observation on a number
of datasets, as displayed in Fig. 3. The results also indicate
that C ! 0 leads to poor classification accuracy. Fig. 4 gives
some insight into why this is true in practice: the support
vector machine learns very little for small values of C and
assigns almost all training points as support vectors (severe
underfitting). As the value of C is increased, the SVM starts
to approximate the true decision boundary (see Fig. 1).

B. RBF Kernels
The results from the linear SVM seem to hold with regard to

C for the RBF kernel. From fig. 5, it seems that for arbitrarily
large C, a line search over " would yield results close to that
of the optimal accuracy one can obtain with an exhaustive grid
search.
It is also evident that very large values of " lead to severe

overfitting and a steep corresponding drop in accuracy, even
for large C. Small values of C lead to poor classification
accuracy irrespective of the value of ".

−6 −3.5 −1 1.5 4 6.5
55

60

65

70

75

80

85

90

95

log(C)

CV
 A

cc
ur

ac
y

 

 
Banana
Titanic
Thyroid
Heart
Flare Solar
Diabetis
Image
German

Fig. 3. 10-fold cross validation accuracy for linear SVMs against log(C).
All functions seem to converge after some sufficiently high value of C.
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Fig. 4. Normalized number of support vectors vs log(C). It is clear that for
small C, the algorithm does not learn much and assigns almost all points as
support vectors.

The optimal region within which to search for the hyperpa-
rameters values is evidently where C is large and " is small.

IV. HYPERPARAMETERS VS N

In this section we will discuss the relationship between the
SVM hyperparameters and N , the amount of training data. We
will show that there is a useful relationship between C and
N which can be exploited in cases where there is too much
training data to perform a normal grid search in an acceptable
amount of time (an extensive grid search on the DFKI problem
for example will take approximately 4 months if performed on
a single PC).
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(c) C = 100.5, ! = 10!0.5, Acc=95.55
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(d) C = 104, ! = 10!0.5, Acc=96.8

Fig. 1. Graphical illustration of support vectors (highlighted) on an artificial dataset as C is increased from 10!2 to 104, while ! is kept constant at 10!0.5.
It is clear that as C is increased, the SVM starts to approximate the true boundary between the classes, as the support vectors become more concentrated on
that boundary.

A. C vs N
Consider the SVM error function in Eq. (1): as the number

of training samples is increased, the width of the optimal
separating boundary, and thus the first term in that equation,
should remain approximately constant. Since the fraction
of marginal or misclassified samples will also depend only
weakly on N for large enough N , the summation in the second
term will grow linearly with N . Hence, C should be inversely
proportional to N to maintain a constant balance between the
two terms.
From Fig. 6, this relationship can be seen to hold on a

sufficiently large dataset (in this case the image classification
dataset from the UCI database). In particular, notice how the
lower range for C from within which one can obtain optimal

accuracy systematically increases as the amount of data is
decreased.
The larger the dataset, the more reliable one can expect

this relationship to be. Care should be taken in cases where a
high classification accuracy can be obtained though (hence a
small percentage of misclassifications), since the probability of
selecting a subset with a representative distribution of samples
which will be misclassified becomes less likely.

B. ! vs N

The relationship between optimal kernel widths and N is
known to be weak in well-studied problems such as kernel
density estimation (see section 3.4, [9], where a relationship
! ! N1/5 is derived). This can be understood from the weak
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Fig. 5. Contour plots depicting the CV accuracy over a wide range of log(C) and log(!) for the UCI diabetes, Thyroid, Heart and German datasets.

dependence of nearest-neighbour distances on N . Typical
examples are shown in Fig. 2, where we see that a 64-
fold increase in N only increases the median of the nearest-
neighbour distance by a factor of 3 (five dimensions) and a
factor of 2 (ten dimensions). We therefore expect a similarly
weak relationship between the optimal ! and N for SVM
training. For the purposes of this paper we consequently
assume that a narrow line search around a value obtained on
a subset of the data will suffice to obtain the optimal kernel
width
C. Algorithm for finding optimal hyperparameters on a subset
of the data
Given the relationships mentioned in sections IV-A and

IV-B, we propose the following strategy for finding the optimal
hyperparameters on very large datasets:

• Select a subset of the training data Nsub and find the
optimal hyperparameters using 10-fold cross-validation

• Adapt Csub by scaling as follows: C!
full = Csub ·

Nsub

Nfull

• Using C!
full, do a line-search in a narrow region around

!sub to find !full

D. Experimental Analysis
All the experiments reported in this paper were con-

ducted on the IDA benchmark repository (available at http://
www.fml.tuebingen.mpg.de/Members/raetsch/benchmark) and
the results compared with those reported in [7] and [10]. We
did not however follow the experimental setup they proposed,
since it is not clear that the training and test sets were
independent.
We have thus taken the complete dataset (concatenation of

the first train and test sets) and divided it into 10 test sets,
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Fig. 6. Contour plots showing the results of a grid search with varying amounts of data. Fig. 6a shows a contour plot for all of the data, with every subsequent
figure generated with half the amount of data of the previous plot. In this fashion, Fig. 6d is generated with an eighth of the amount of data used for Fig. 6a.

TABLE I
THE 10-FOLD CROSS-VALIDATION ERROR RATES OBTAINED USING SVMS WITH RBF KERNELS. ! ! LINE SEARCH WITHOUT C ADAPTATION.

Dataset SVM Error (with approximate total CV experiment time in hh:mm in brackets) Total #
Rätsch 100% 50% 25% 12.5% samples

Image 2.7± 0.6 2.17± 0.23 (13:42) 1.95± 0.29 (4:20) 1.86± 0.38 (1:31) 2.34± 0.39 (0:43) 2310
Image! 2.08± 0.25 1.95± 0.29 1.91± 0.29 1.73± 0.31 2310
Splice 10.9± 0.7 3.40± 0.41 (113:35) 3.56± 0.50 (37:35) 3.84± 0.57 (14:36) 4.00± 0.60 (8:29) 3175
Splice! 3.53± 0.46 3.62± 0.49 3.55± 0.45 3.56± 0.49 3175
Waveform 9.9± 0.4 8.52± 0.43 (233:41) 8.64± 0.45 (40:2) 8.72± 0.46 (7:11) 8.44± 0.49 (3:12) 5000
Waveform! 8.42± 0.41 8.54± 0.38 8.62± 0.45 8.52± 0.44 5000
DFKI 54.98 (2883:41) 55.88 (430:9) 55.05 (97:45) 54.78 (38:6) 34843
DFKI! 55.19 55.08 54.95 55.00 34843

where for each test set, the rest of the data is considered the
training set. For each fold, the training set was then again

partitioned into 10 folds, each of which was used to find the
optimal parameters with which to evaluate the corresponding
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held-out test set. We thus performed 10 independent evalu-
ations, with each evaluation possibly having different SVM
hyperparameters. Our 10-fold cross-validation approach also
necessarily assigned more training data to each model than
was the case in the original partitions from [10] (we thus have
a 90! 10 split where they aimed for 60! 40 in general).
The encoding of some of the categorical features in the

IDA benchmark repository is also not well-suited to SVMs,
in that some categories which are conceptually equidistant
are encoded as being ranked. We present our best results
with a proper encoding (in particular, each feature in the
splice dataset was encoded as a 4-bit feature, which leads to
significantly better classification accuracy).
The SVM error rates reported in [7] and [10] were averaged

over 100 partitions of the dataset and are represented as the
mean error observed with the corresponding standard deviation
in the first column of table I. All our results are presented as
the mean error together with the corresponding standard error.
Also in table I are results obtained when using the al-

gorithm proposed in section IV-C as well as using only a
line search, following a grid search. We tested this algorithm
using randomly selected subsets of 50%, 25% and 12.5% of
the full training set respectively. The results obtained were
encouraging in that the SVMs were trained in a fraction of
the time and using much less resources than what was the
case with the full grid-search. This is especially useful where
one has a large dataset (such as DFKI) but with limited
time and resources. The results without C adaptation is also
interesting in that it indicates that C adaptation sometimes
hurts performance. This is especially true if a small optimal
value of C, close to the edge of a steep corresponding drop
on the contour, is found.

V. CONCLUSION

We presented theoretical and empirical arguments that gives
one more insight as to how to make intelligent choices
regarding the region within which to search for optimal hyper-
parameter values. We also presented a simple algorithm that
uses scaling arguments derived from the SVM error function to
find the SVM hyperparameters in much less time and requiring
much less resources. The scaling arguments with regard to C
and N are sensitive to underfitting in cases where subsets are
selected from datasets that have little overlap, as can be seen
in table I for the case where 12.5% of the data was selected
for the image and splice datasets respectively (note the low
error rates achievable on both datasets). By performing K-
fold cross-validation on each folds training set in order to
obtain the optimal hyperparameters, a too low value of K
may result in an underestimation of the value of C. Fig. 7
shows how this happened for the case of one of the folds
of the splice dataset. Notice that when leave-one-out (LOO)
cross-validation was performed, the optimal value of C can
be seen to be very large, whereas 10-fold cross-validation
led to a complete underestimation of C (small peak before
C converges to a slightly lower value).
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Fig. 7. Cross-section of the contour plot of hyperparameters vs accuracy
for both 10-fold cross-validation and leave-one-out cross-validation. This
particular cross-section was taken from one of the folds of the 12.5% splice
subset and depicts varying C vs classification accuracy with ! fixed at 0.01.
Notice how the LOO CV estimate has much less variance than the 10-fold
cross-validation estimate.

Our results also indicate that a narrow line search over !
without C adaptation, (given initial parameters from a grid
search) is the safest approach to SVM training when one has
large amounts of training data. The influence of noise on the
selection of optimal C needs to investigated further in order
to fully exploit the relationship between C and N .
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Abstract—In a collaboration with iThemba labs we are devel-
oping a system for the automatic registration of Computer To-
mography (CT) and Magnetic Resonance Imaging (MRI) images
of the brain. In this article we discuss the non-rigid registration
component of our system. Our non-rigid registration system uses
Parzen window estimation of the joint histogram, a B-spline
based free-form deformation as the non-rigid transformation and
a gradient descent optimisation routine. Our system is tested
using synthetic images, images of a specially designed phantom
and real patient data.

I. INTRODUCTION

In collaboration with iThemba Labs we are developing a
system for the automatic registration of Computer Tomography
Imaging (CT) and Magnetic Resonance Imaging (MRI) vol-
umes. This system is to be used in patient treatment planning
for radiotherapy procedures offered at iThemba Labs.
There is inherent distortion present in both CT and MRI

volumes as a result of the image acquisition processes. These
distortions can take on the form of intensity artefacts, partial
volume voxels, aliasing artefacts and deformations of the
anatomy. These deformations are more prevalent in MRI
volumes than CT volumes and are caused by a magnetic field
which is not perfectly homogeneous in the volume of interest
during MRI image acquisition.
In this article we will present the non-rigid registration

process implemented in our system to address the above
mentioned deformation distortion. We apply Thevanez et al
[9] to non-rigid registration and define expressions for the
Jacobian terms of the free-form deformation cost function. A
simple and efficient image model based on B-splines and ideas
from the free-form deformation is also introduced. Our system
uses mutual information as the similarity measure, a Parzen
windowing scheme for density estimation, B-spline based free-
form deformation to model our non-rigid transformation and
a gradient descent optimization routine.
The evaluation of system performance we make use of

simple synthetic volumes of known distortion, MRI and CT
scans of a specially designed phantom.
We describe free-form deformations as our non-rigid trans-

formation in Section II and move on to discuss mutual infor-
mation and the Parzen widowing scheme for density estimation
in Section III. In Section IV we introduce our image model and

show our optimisation strategy in Section V. The experiment
setup is discussed in Section VI with results displayed in
Section VII. We draw a few conclusions in Section VIII.

II. FREE-FORM DEFORMATION

We use a B-spline based free-form deformation (FFD) to
model our non-rigid transformation. B-spline based FFD’s are
popular choices for non-rigid transformations and have been
used in non-rigid registration of the brain, chest, liver and
breast [2]. What makes B-splines so popular is that they are
computationally efficient, only operate in a local region around
each control point (finite support) and are easy to visualise and
understand. The main issue with B-spline FFD’s is that they
require a regularisation term to control the deformation and
prevent the inflection of control points.

A. B-splines
We use B-splines in the free-form deformation, image model

and as the Parzen window function. We therefore briefly
review B-splines. The definitions are taken from [3].
The first order basis function of degree 0 is defined as

B1(x) =

!

1, x ! [" 1
2 ,

1
2 )

0, x /! [" 1
2 ,

1
2 )

(1)

with higher order B-spline functions recursively defined by

Bm(x) =
1
2m+ x

m" 1
Bm!1(x+

1

2
) +

1
2m" x

m" 1
Bm!1(x"

1

2
).

(2)
The derivative of a B-spline function is given by

d

dx
Bm(x) = Bm!1(x +

1

2
)"Bm!1(x"

1

2
). (3)

B. Free-form deformation definition
We follow the definition of the FFD from Rueckert et al

[8]. To define a B-spline based FFD we denote the domain
of the image volume as ! = {(x, y, z)|0 < x < X, 0 < y <
Y, 0 < z < Z}. Let " denote a nx #ny #nz mesh of control
points with uniform spacing [!x, !y, !z]. The FFD can then be
written as a 3D tensor product of 1D cubic B-splines as

T (x,") =
2

"

l,m,n=!2

B4(u"l)B4(v"m)B4(w"n)"i+l,j+m,k+n

(4)
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where i = ! x
!x
", j = ! y

!y
", k = ! z

!z
" and u = ! x

!x
" # i, v =

! y
!y
"#j, w = ! z

!z
"#k. The control points! are the parameters

of the transformation and the amount of deformation that
can be modelled depends on the resolution of the control
point mesh. A low resolution mesh will model global non-
rigid deformations while a high resolution mesh will more
accurately model local deformations.
When calculating the transformation of a point that lies

close to the edge of the control point mesh the B-spline based
FFD (4) runs into trouble as the calculation makes use of
control points external to the defined mesh. To handle these
boundary cases we make use of a set of boundary control
points that stay fixed during registration. The boundary control
points extend the control point mesh at the mesh borders and
have the same spacing as the control points.
The resolution of the control point mesh also determines the

number of degrees of freedom in the transformation. A 10 $
10$10 control point mesh will have 3000 degrees of freedom
as each control point has three translation components. We
therefore need to make a trade of between the mesh resolution
and computational cost.

C. Regularisation term

B-spline FFD’s require a regularisation term to prevent the
inflection of control points and to control the smoothness
of the transformation. There have been various different
regularisation terms proposed ([2], [11], [8], [5]) generally
based on the first and second derivatives of the FFD
transformation. We follow Rueckert et al [8] and use a
regularization term that is the 3D equivalent of the 2D
bending energy of a thin plate of metal. This term is chosen
as it will penalise non-smooth transformations and prevent
the inflection of the control points.

The regularisation term is given by

C =
1

V

!

V

"

#

!2T (x,!)

!x2

$2

+

#

!2T (x,!)
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!y!z

$2
%

dV (5)

where x is the coordinate of a voxel in volume V . Note that
this regularisation term is zero for affine transformation and
therefore only penalizes non-affine transformations [8].
The calculation of the six terms required in (5) all follow

a similar procedure and use of the definition of the derivative
of a B-spline (3) and the FFD defined in (4). The equation for
"2T (x,!)

"x2 is given by

!2T (x,!)

!x2
=

2
&

l,m,n=!2

!2B4(u # l)

!u2
B4(v #m))

·B4(w # n)!i+l,j+m,k+n (6)

where i,j,k,u,v,w and ! are as described in Section II-B.
For the terms that require partials with respect to the y or
z components or combinations thereof a similar procedure is
followed.

III. MUTUAL INFORMATION

We use mutual information as the similarity measure in our
system. The use of mutual information for image registration
was first proposed by Viola et al [12] in 1995 and has proved to
be a very effective and popular measure for multi-modal image
registration [10]. We start this section with the definition of
mutual information and then move on to discuss the Parzen
window scheme used for density estimation.

A. Definition of mutual information
Mutual information is a measure of the dependence between

two random variables and is based on entropy. Entropy has
its roots in information theory and is an attempt to measure
information content, or more accurately, the uncertainty (dis-
persion) of a random variable [1]. The joint entropy similarly
measures the amount of information contained in a system
of two random variables. The marginal and joint entropy of
random variables X and Y are defined as

H(X) = #
n
&

i=0

p(xi) log(p(xi)), (7)

H(X,Y ) = #
n
&

i=0

m
&

j=0

p(xi, yj) log(p(xi, yj)), (8)

where H(X) is the marginal entropy and H(X,Y ) the joint
entropy. The MI of two random variables is defined as

S(X,Y ) = H(X) +H(Y )#H(X,Y ) (9)

or more explicitly as

S(X,Y ) =
m
&

i=0

n
&

j=0

p(i, j) log

#

p(i, j)

p(i)p(j)

$

. (10)

We make use of the negative mutual information as we
search for the minimum of the similarity measure during
optimisation.

B. Parzen window density estimation
We use a Parzen windowing scheme to estimate the densities

from which we calculate the mutual information similarity
measure. This is done to help us more accurately model
the underlying intensity distributions from which our volume
intensities (samples) are obtained.
1) Parzen window definition: The Parzen window estimate

of a density distribution P (x) given a window function w(x)
with unit integral and a set of samples X = [x0, x1, ..., xN ] is
defined as

Pparzen(x) =
1

N

N
&

i=1

w
'

x!xi

#(N)

(

"(N)
(11)
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where N is the number of samples available to us and !(N)
a strictly positive scaling factor that controls the width of the
window function w(x) [9].
We follow Thevenaz et al [9] and use cubic B-spline func-

tions for the Parzen window. This is done as B-splines have
very useful properties such as being smooth, having explicit
derivatives and finite support. B-splines are also positive and
obey the unit integral constraint thereby being valid Parzen
windows.

C. Density estimation

During registration we wish to align a source volume,
Vs(x), to a destination volume, Vd(x) by optimising the
parameters t = [t0, t1, ..., tn] of some geometric transfor-
mation T (x, t). The volumes Vs(x) and Vd(x) are defined
over a continuous domain x ! V c that in our case has three
dimensions. The coordinates xi are samples of V c and the
discrete set of these samples is called V .
The evaluation of our similarity measure (4) requires the

estimation of the joint and partial density distributions of the
intensities of Vs(x) and Vd(x) . Let Is and Id be the sets
of intensities (samples) associated with Vs(x) and Vd(x). Let
w(x) be a separable Parzen window defined in Section III-B.1.
Following Thevanez et al [9] the joint histogram can then be
defined as

h(i, k, t) =
!

xi!V

w
"

i"Vd(T (xi,t))
!d

#

w
"

k"Vs(xi)
!s

#

!s!d
(12)

where i ! Id and k ! Is. !s and !d are related to the size of
the sample sets Is and Id. To obtain the required joint intensity
distribution, p(i, k, t), a normalisation factor

"(t) =
1

$

i!Id

$

k!Is
h(i, k, t)

(13)

is introduced such that

p(i, k, t) = "(t)h(i, k, t). (14)

This normalisation factor ensure that p(i, k, t) has a unit
integral and replaces the term 1

N
in (11). We can then extract

the required marginal densities using

ps(k, t) =
!

i!Id

p(i, k, t) (15)

and
pd(i, t) =

!

k!Is

p(i, k, t). (16)

It is important to point out that even though the intensity
distribution associated with the source volume, ps(k, t), does
not change during registration it depends on the transformation
parameters t in (15). To overcome this Thevanez et al [9]
use cubic B-splines as the Parzen window function. Cubic B-
splines obey the partition of unity constraint and are shown to
decouple this dependence [9].

Using (14-16) the negative of the mutual information simi-
larity measure (10) can be written as

S(t) = "
!

i!Id,k!Is

p(i, k, t) log

%

p(i, k, t)

pd(i, t)ps(k, t)

&

. (17)

IV. IMAGE MODEL
We require an image model that will allow us to interpolate

the intensity values at coordinates in our image volumes as
well as estimate the image gradients. Our model is based on
B-splines of Section II-A.
The image model maps the intensity samples fi at coor-

dinates xi = [xi, yi, zi] to a continuous function f(x). Our
model follows similar thinking to the FFD transformation (4)
where we consider the image volume as a equally spaced grid
of intensity values with spacing [#x, #y, #z]. The image model
is defined as

f(x) =
2

!

l,n,m="2

CfB4(u" l)B4(v "m)B4(w " n) (18)

where i = # x
"x
$, j = # y
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$ and k = # z

"z
$,and u = x

"x
" i,

v = y
"y

" j and w = z
"z

" k. The Cf terms are the intensities
associated with the voxels at coordinates [i+ l, j + n, k +m].
The components of the image gradient can be calculated

using

!f(x)
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!f(x)
!z

=
2!

l,n,m=!2

CfB4(u! l)B4(v !m)
dB4(w ! n)

dw
. (21)

V. OPTIMISATION
We use a gradient descent optimisation routine in our

system. For this we need to estimate the first order partial
derivatives of our similarity measure and regularisation term.
In this section we will discuss the calculation of these terms.

A. Optimisation of mutual information
We use Thevanez et al [9] for the calculation of our first

order partial derivatives of the mutual information similarity
measure. Thevanez et al define closed form expressions for
the Jacobian and Hessian terms of the similarity measure and
implement a Levenberg-Marquardt type optimisation approach
for rigid registration. They are able to define a closed form
expressions of these terms by taking advantage of their def-
inition of the image model and Parzen estimate of the joint
intensity distribution as continuous differentiable functions [4].
A similar method has been proposed by Mattes et al [6] for
non-rigid registration of PET-CT chest images.
The gradient vector of our similarity measure (10) is defined

as
%S =

'

$S

$t0
,
$S

$t1
, . . . ,

$S

$tn

(

(22)
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where [to, t1, ..., tn] are the parameters of the transformation.
Each component of this gradient vector is calculated using
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!t
log
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The partial derivative of the joint distribution can be expanded
as

!p(i, k, t)
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where # =
$

i"Vd(T (xi,t))
!d

%

, µ = Vd(T (xi, t)), df(µ)
dµ is the

image gradient, and "T (xi,t)
"t

the geometric transformation
gradient. The image gradient can be calculated using (19-
21), we estimate the transformation gradient using a finite
difference approximation. The derivative of the B-spline in
(24) can be calculated using (3).

B. Optimisation of regularisation term

Let $(a, b, c) be a function that maps the control point
coordinate (a, b, c) to a control point vector such that

$(a, b, c) = [a, b, c]T = !a,b,c (25)

where !a,b,c is as defined in Section II-B. Define the gradient
vector of the regularisation term (5) as

#C =

&
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where [t0, t1, . . . tn] are the parameters of our transformation.
The general form of a component of #C is given by
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The calculation of each of the six terms in (27) follows
a similar procedure, We work through the calculation of
"
"ti
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as an example. We start with
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and using (6) expand "
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where where i,j,k,u,v and w are as described in Section II-B.
For the FFD transformation the parameters [t0, t1, . . . tn] are
the control points in our mesh and with our definition of the
control point function (25) we can rewrite "

"ti
(!i+l,j+m,k+n)

as
!

!ti
(!i+l,j+m,k+n) =

!

!!a,b,c
($(i + l, j +m, k + n))

(30)
where !a,b,c is the control point associated with parameter ti.
We evaluate (30) using

!$(i+ l, j +m, k + n)

!!a,b,c
=

-

.

.

/

.

.

0

[1, 1, 1]T ,
if (a, b, c) =

(i + l, j +m, k + n)

[0, 0, 0]T , otherwise.
(31)

C. Optimisation algorithm
To obtain the transformation that registers our volumes

we optimise over a cost function Stotal that combines the
similarity measure S and regularisation term C such that

Stotal = S + %C. (32)

The scaling factor % determines the effect of the regularisation
term on the optimisation process. From testing it is found that
a lambda value of 1e"2 works well.
We make use of a gradient descent optimisation routine for

registration. The algorithm proceeds as follows
1) Initialise control point mesh T

2) Calculate initial cost Stotal

3) while (& >' ) do
• calculate gradient vector #Stotal

• while (Stotal < Snew) and (& >' ) do
– Tnew = T+ &#Stotal

– calculate Snew at the updated transformation
– if (Stotal < Snew) then & = #

2
else & = 2 · &, T = Tnew , Stotal = Snew.

4) return T.

VI. EXPERIMENT SETUP
For our experiments we use of three sets of volumes. One

set is a simple synthetic pair of images related by a simple
known deformation. The second set consisting of correspond
CT and MRI brain volumes. Third is a set of CT and MRI
volumes of our CT-MRI phantom.
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The phantom is specially designed for CT-MRI quality
assurance purposes [7] and has various compartments that can
be filled with liquids that have tissue mimicking properties, a
brain insert that provides complex structure in the head cavity
and fiducial markers on the exterior surface that can be used to
evaluate the accuracy of registration. The phantom was filled
with water when capturing the set of MRI and CT images used
in our experiments.
The rigid transformation that aligns the volumes for the non-

rigid registration process is estimated using an implementation
of the Levenberg-Marquardt registration process proposed by
Thevenez et al [9].

VII. TEST RESULTS

A. Synthetic tests

The synthetic tests involve the non-rigid registration of the
source and destination volume in Figure 1 and are used to
show the correct working of the system. The deformation used
in this test deforms the sphere in the source volume Figure 1(a)
to an ellipsoid by stretching the sphere along the x-axis and
compressing it along the y-axis.
On inspection of the registered volumes in Figure 2 we

see a significant improvement in registration quality between
the rigid and non-rigid transformation. Looking more closely
at non-rigid transformation in Figure 2(b) we see the defor-
mation modelled by our system closely matches that of the
distortion present in the synthetic volumes. Figure 3 shows
the improvement in the difference of the synthetic volumes
before and after the non-rigid registration process.

(a) Source (b) Destination

Fig. 1. Synthetic volumes

(a) Rigid (b) Non-rigid

Fig. 2. Registered volumes

(a) Rigid (b) Non-rigid

Fig. 3. Difference volumes

B. Phantom tests
An MRI and CT image of our phantom is shown in Figure 4

with the results of the non-rigid registration process displayed
in Figure 5. Figure 5 (a) shows the MRI and CT volumes
overlaid in a checker-board pattern after registration. In this
image we see that the structure in the brain compartment
of the phantom as well as the boundaries of the various
compartments line up closely.
The perspex in the phantom has a high intensity in the

CT volume and a low intensity in the MRI volume. The
difference image, Figure 5 (b), has bright sharp edges at
the perspex boundaries indicating the phantom volumes are
aligned well. The cost of the deformation modelled by the
non-rigid transformation was close to zero, this indicates there
is very little distortion present in this volume pair.

(a) MRI (b) CT

Fig. 4. Phantom volumes

(a) Overlay (b) Difference

Fig. 5. Registered volumes

C. Patient data tests
The MRI and CT volumes used in this test are displayed

in Figure 6 with the results of the non-rigid registration
process shown in Figure 7. On inspection of the overlay image
Figure 7(a) we see edges of the head and the various air
filled cavities, and the structure in the nasal area smoothly
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transitioning between the adjacent MRI and CT blocks of the
checker-board pattern.
Bone shows up brightly in the CT volume and at a low in-

tensity in the MRI volume, The difference image , Figure 7(b),
shows well defined edges at bone structure indicating a good
alignment.
The smoothness cost of the non-rigid deformation of this

test is significantly higher then that of the phantom data tests,
a close up of the deformation field can be seen in Figure 8. We
notice that the deformation seems larger as we move further
away from the centre of the image, this is consistent with the
effect an inhomogeneous magnetic field would have during
MRI image acquisition.

(a) MRI (b) CT

Fig. 6. Patient volumes

(a) Overlay (b) Difference

Fig. 7. Registered volumes

Fig. 8. Non-rigid deformation

VIII. CONCLUSION
In this article we presented our system for the non-rigid

registration of CT and MRI head volumes. We use the for-
mulation of the mutual information similarity measure as a
continuous differentiable function proposed by Thevanez et al
[9] and apply it to non-rigid registration. We further developed
expressions for the required partial derivatives of the FFD cost
function and introduce a simple and efficient image model
based on B-splines and ideas from the FFD.
We tested our system with synthetic data, MRI and CT

images of our phantom, and real patient data. The successful

synthetic test of Section VII-A show that our system is
working correctly and that it is able to model simple non-
rigid distortions. The tests using the phantom data (Section
VII-B) indicate our system is working accurately modelling
the small distortion present in the phantom volumes and not
introducing unwanted noise. The final set of tests performed
on real patient data (Section VII-C) again gave good results
and showed a larger amount of distortion is present in the real
data test volumes.
Future work includes developing routines to use the phan-

tom to determine a geometric measure of the accuracy of
our system. We will also investigate the effect on registration
accuracy caused by the distortion and noise introduced by
the various CT and MRI modalities and image acquisition
routines.
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Abstract—Biometric systems based on uni-modal traits are
characterized by noisy sensor data, restricted degrees of freedom,
non-universality and are susceptible to spoof attacks. Multi-
modal biometric systems seek to alleviate some of these draw-
backs by providing multiple evidences of the same identity. In this
paper, a user-score-based weighting technique for integrating the
iris and signature traits is presented. This user-specific weighting
technique has proved to be an efficient and effective fusion
scheme which increases the authentication accuracy rate of multi-
modal biometric systems. The weights are used to indicate the
importance of matching scores output by each biometrics trait.
The experimental results show that our biometric system based
on the integration of iris and signature traits achieve a false
rejection rate (FRR) of 0.008% and a false acceptance rate (FAR)
of 0.001%.

I. INTRODUCTION

Multi-modal systems address the problem of non-
universality: it is possible for a subset of users to not possess a
particular biometrics trait. For example, the feature extraction
module of a fingerprint authentication system may be unable
to extract features from fingerprints associated with specific
individuals, due to the poor quality of the ridges. In such
instances, it is useful to acquire multiple biometric traits for
verifying the identity. Multimodal systems also provide anti-
spoofing measures by making it difficult for an intruder to
spoof multiple biometric traits simultaneously [1]. By asking
the user to present a random subset of biometric traits, the
system ensures that a live user is indeed present at the point of
acquisition. Thus, a challenge-response type of authentication
can be facilitated using multi-biometric systems.

However, an integration scheme is required to fuse the
information presented by the individual modalities. Multi-
modal biometric systems are expected to be more reliable
due to the presence of multiple pieces of evidence [2]. Fur-
thermore, multi-modal systems are able to meet the stringent
performance requirements imposed by various applications
[3]. In fact, the latest research indicates that using a com-
bination of biometric techniques for human identification is
more effective, and far more challenging [6]. Therefore, the
problem of information fusion requires much attention in order
to optimize the success rate of multi-modal biometric systems.

II. RELATED WORK

Multi-modal biometrics was pioneered by Anil K. Jain; and
there has been substantial research carried out in this area.
A variety of biometric fusion schemes, which use classifiers,
have been described in the literature to combine multiple
biometric trait scores. These include majority voting, sum and
product rules, k-NN classifiers, SVMs, decision trees, etc, [6],
[9], [10]. Ross et al. [1], [7] combine the matching scores of
three traits (face, fingerprint and hand geometry) to enhance
the performance of a biometric system. Three different tech-
niques (sum rule, decision tree, linear discriminant analysis)
are used to combine the matching scores. Experiments indicate
that the fusion scheme using the sum rule with normalized
scores gives the best performance. These results are further
improved by learning user-specific matching thresholds and
weights for individual biometric traits.

Other multi-modal biometric fusion approaches include: the
HyperBF network approach used to combine the normalized
scores of five different classifiers operating on the voice and
face feature sets of an individual for identification [11]. Bigun
et al. develop a statistical framework based on Bayesian
statistics to integrate the speech (text-dependent) and face
data of a user [8]. The estimated biases of each classifier is
taken into account during the fusion process. Hong and Jain
associate different confidence measures with the individual
matchers when integrating the face and fingerprint traits of
a user [3]. They also suggest an indexing mechanism wherein
face information is used to retrieve a set of possible identities
and the fingerprint information is then used to select a single
identity. A commercial product called BioID [12] uses the
voice, lip motion and face features of a user to verify identity.
Brunelli and Falavigna also addressed an important aspect of
fusion; the normalization of scores obtained from different
domains [11]. Normalization maps the scores obtained from
different ranges into a common range.

In this paper, an enhanced user-specific weighting tech-
nique, which is based on the different degrees of importance
for different traits of an individual, to integrate the physiologi-
cal trait, the iris and behavioral trait, the signature is proposed.
The user-specific weights for individual biometric traits are
calculated based on the score of each biometrics trait of an
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Fig. 1. Multi-modal Biometrics System (Iris & Signature).

individual user. The proposed approach is an alternative to the
estimation of user-specific weights by exhaustive search.

The rest of the paper is structured as follows: Section III
explores various fusion techniques for combining biometric
traits; Section IV describes an overall multi-modal biometrics
system; Section V describes the weighting techniques and nor-
malization strategies; Section VI presents experimental results;
and Section VII draws the conclusions and future work.

III. FUSION IN BIOMETRICS

There are various levels of fusion for combining biometric
traits. The three possible levels of fusion are [1]:

1) Fusion at the feature extraction level: The data ob-
tained from each sensor is used to compute a feature
vector. If the features extracted from one biometric trait
are independent of those extracted from the other, it
is better to concatenate the two vectors into a single
new vector. The new feature vector now has a higher
dimensionality and represents a person’s identity in a
different hyperspace. Feature reduction techniques may
be employed to extract useful features from the larger
set of features.

2) Fusion at the matching score level: Each system
provides a matching score indicating the proximity of
the feature vector with the template vector. These scores
can be combined to assert the veracity of the claimed
identity. Fusion techniques such as logistic regression
may be used to combine the scores reported by different
sensors. These techniques attempt to minimize the FRR
for a given FAR [4].

3) Fusion at the decision level: Each sensor can capture
multiple biometric data and the resulting feature vectors
are individually classified into the two classes: accept or
reject. A majority vote scheme, such as that employed
in [5] can be used to make the final decision.

IV. MULTI-MODAL BIOMETRICS SYSTEM

Multi-modal biometric systems are based on the consol-
idation of information presented by multiple evidences that
stem from multiple traits. Some of the limitations imposed
by uni-modal biometric systems (that is, biometric systems
that rely on the evidence of a single biometric trait) can be
overcome by using multiple biometric modalities [6], [8], [11].
Such systems, known as multi-biometric systems, are expected
to be more reliable due to the presence of multiple, fairly
independent pieces of evidence.

A variety of factors should be considered when designing a
multi-biometric system. These include the choice and number
of biometric traits; the level in the biometric system at which
information provided by multiple traits should be integrated;
the methodology adopted to integrate the information; and the
cost versus matching performance trade-off.

A simple multi-modal biometrics system has five important
components as depicted in Figure 1, in which different
biometric traits are fused at match score level:

1) Sensor module, acquires the biometric data of an indi-
vidual. An example is the ePadInk tablet that captures
the signature.

2) Feature extraction module, the acquired biometric data
is processed to extract distinctive feature values.

3) Matching module, the extracted feature values are
compared against those in the template by generating
a matching score.

4) Fusion module, combines the biometric trait scores.
5) Decision module, a claimed identity is either accepted

or rejected based on the fusion matching score generated
in the fusion module.

V. INTEGRATING IRIS AND SIGNATURE TRAITS

A brief description of the two biometric traits used in this
research work is given below.

A. Iris Recognition
Iris recognition is proving to be one of the most reliable

biometric traits for personal identification since iris patterns
have stable, invariant and distinctive features. Several tech-
niques have been proposed for iris segmentation, coding and
matching. The most common approach used in iris recognition
is to generate feature vectors corresponding to individual iris
images and perform iris matching based on some distance
measures [21], [22]. In this research work, an algorithm that
detects the largest non-occluded rectangular part of the iris as
region of interest (ROI) is used [13]. A cumulative-sum-based
grey change analysis technique is applied to the ROI to extract
features for recognition [14]. Then, the Hamming Distance is
computed as the iris matching score.
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B. Signature Verification

Signatures continue to be an important biometric trait be-
cause it remains widely used primarily for authenticating the
identity of human beings. An efficient text-based directional
signature recognition algorithm which verifies signatures, even
when they are composed of symbols and special unconstrained
cursive characters which are superimposed and embellished
is used [15]. This algorithm extends the character-based
signature verification technique. The text-based directional
algorithm integrates the direction information extracted from
the structure of the whole signature text image contours with
the transition information between background and foreground
pixels in the signature text image. The extracted features rep-
resent the distinguishing cursive handwriting styles. Then, the
Mahalanobis Distance is computed as the signature matching
score.

C. Combining Iris and Signature Traits

The iris and signature traits are fused at the matching score
level, where the matching scores output of each of these two
traits are weighted and combined. Fusion at the matching score
level is usually preferred, as it is relatively easy to access
and combine the scores presented by the different modalities
[6]. There are two distinct approaches for the match score
level fusion: the classification problem approach [10], where a
feature vector is constructed using the matching scores output
by the individual matchers, and the combination problem
approach, where the individual matching scores are combined
to generate a single scalar score, which is then used to make
the final decision. The literature shows that the combination
approach performs better than the classification approach [1];
hence, it is adopted in this paper.

1) Score Generation: Iris matching scores are generated
from string iris feature codes extracted by the cumulative-sum-
based grey change analysis technique. To verify the similarity
of two iris codes, Hamming Distance (HD) based on the
matching algorithm [17] is used. The smaller the HD, the
higher the similarity of the compared iris codes. The HD
denotes the iris raw matching score, Siris, which is computed
as:

Siris =
1

2N
[(

N!

i=1

Ah(i)!Bh(i))+ (
N!

i=1

Av(i)!Bv(i))] (1)

only when Ah(i) "= 0 #Bh(i) "= 0, Av(i) "= 0 #Bv(i) "= 0,

where Ah(i) and Av(i) denote the enrolled iris code
over horizontal and vertical directions, respectively, Bh(i)
and Bv(i) denote the new input iris code over the horizontal
and vertical directions respectively. N is the total number of
cells, and ! is the XOR operator.

Signature matching scores are generated from the signature
feature vectors. To verify the similarity of two signatures,
Mahalanobis Distance (MD) based on correlations between
signatures is used. It differs from Euclidean distance in that

it takes into account the correlations of the data set and is
scale-invariant. The smaller the MD, the higher the similarity
of the compared signatures. The MD denotes the signature
raw matching score, Ssig , which is computed as in equation
(2).

Ssig(
$%x ,$%y ) =

"
($%x $$%y )TS!1($%x $$%y ) (2)

where $%x and $%y denote the enrolled feature vector and the
new signature feature vector to be verified, with the covariance
matrix S.

2) Score Normalization: Given a set of n raw matching
scores {Sk}, k = 1, 2, ..., n, the corresponding normalized
scores S"

k are given by:

• Min-max normalization: retains the original distribution
of scores and maps all the scores into the [0, 1] range.

S"
k =

Sk $min({Sk})
max({Sk})$min({Sk})

(3)

where min({Sk}) and max({Sk}) are the minimum and
maximum, respectively, of the given set {Sk} of matching
scores.

• Z-score normalization: transforms the scores to a distri-
bution with arithmetic mean of 0 and standard deviation
of 1.

S"
k =

Sk $ µ

!
(4)

where µ and ! are the mean and standard deviation,
respectively, of the set {Sk}.

• Tanh normalization: is a robust statistical technique [16]
which maps the raw scores into the [0, 1] range.

S"
k =

1

2

#
tanh

$
0.01

$
Sk $ µ

!

%%
+ 1

&
(5)

where µ and ! are the mean and standard deviation,
respectively, of {Sk}.

The ROC curves depicting the performance of the individual
score normalization techniques is shown in in Figure 2. Tanh
normalization technique performs better than min-max and Z-
score techniques.
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Fig. 2. ROC curves showing the performance of each of the three
normalization techniques on the Iris trait.
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3) Score Weighting: Let s!iris and s!sig be the normalized
scores of the iris and signature traits, respectively. The fusion
score, sfus is computed as

sfus = wiriss
!
iris + wsigs

!
sig (6)

where wiris and wsig are the weights associated with the
degrees of importance of the two traits per individual, and

wiris + wsig = 1 (7)

Different iris scores and signature scores are given different
degrees of importance for different users. For instance, by
reducing the weight wiris of an occluded iris and increasing
the weight wsig associated with the signature trait, the false
reject error rate of the particular user can be reduced. The
biometric system learns user-specific parameters by observing
system performance over a period of time [6]. Two techniques
are used to compute the user-specific weights: an exhaustive
search technique, and a user-score-based technique.

The Exhaustive Search Technique: Let wi
iris and wi

sig , be
the weights associated with the ith user in the database. The
algorithm operates on the training set as follows [7]:

• For the ith user in the database, vary weights wi
iris and

wi
sig over the range [0, 1], with the constraint wi

iris +
wi

sig = 1. Compute sifus = wi
iriss

!
iris + wi

sigs
!
sig . This

computation is performed over all scores associated with
the ith user.

• Choose that set of weights that minimizes the total error
rate. The total error rate is the sum of the false acceptance
and false rejection rates pertaining to this user.

The set of weights, {wi
iris, w

i
sig}, that minimize the total

error rate, with the constraint wi
iris + wi

sig = 1, do not
necessarily associate the degrees of importance for iris and
signature biometric traits of the ith individual in the fusion
score: sifus = wi

iriss
!
iris+wi

sigs
!
sig . An alternative user-score-

based weighting technique, which computes the weights,
{wi

iris, w
i
sig}, by associating them with the degrees of

importance for iris and signature biometric traits, respectively,
is proposed. In this method, the weights, {wi

iris, w
i
sig}, which

are not constrained to wi
iris + wi

sig = 1, are computed in
consideration of how close the scores, s!iiris and s!isig are, to
the thresholds of the iris and signature traits, respectively.
The user-score-based weighting technique is described below.

The User-Score-Based Technique: Let s!iiris and s!isig , be
the normalized scores associated with the ith user in the
database, and !1 and !2 are the thresholds of the iris and
signature traits, respectively. The preliminary weights w!i

iris

and w!i
sig per trait are computed as

w!i
iris =

!
0.5 if s!iiris = !1

s!iiris
!1+s!iiris

otherwise
(8)

and

w!i
sig =

"
#

$
0.5 if s!isig = !2

s!isig
!2+s!isig

otherwise
(9)

where w!i
iris and w!i

sig are the initial weights associated with
the iris and signature, respectively, without the constraint
w!i

iris + w!i
sig = 1. These weights are assigned to the scores,

s!iiris and s!isig after analyzing how close or farther away the
scores are from their respective thresholds, !1 and !2. Then,
the fusion weights for the ith user are computed respectively,
for the iris and signature as

wi
iris =

w!i
iris

w!i
iris + w!i

sig

(10)

wi
sig =

w!i
sig

w!i
iris + w!i

sig

(11)

with the constraint wi
iris + wi

sig = 1, and the fusion score is
computed in equation (12).

sifus = wi
iriss

!i
iris + wi

sigs
!i
sig (12)

Fig. 3. Average true positive rate of the iris and signature Modalities

4) Score Fusion: The dual "-Support Vector Machine
(2"-SVM) fusion algorithm [18] is used to integrate the
matching scores of the iris siris and signature ssig , together
with their corresponding weights, wiris and wsig . The
weighted iris matching score miris is defined as

miris = siris ! wiris (13)

and the weighted signature score msig is defined as

msig = ssig ! wsig (14)
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TABLE I
User-specific Scores and Weights of different traits for 10 users.

User Iris Score Signature
Score

Normalized
Iris Score

Normalized
Signature
Score

Iris
Weight

Signature
Weight

1 0.192 0.001 0.487 0.488 0.80 0.20
2 0.277 0.001 0.490 0.488 0.86 0.14
3 0.625 2.054 0.505 0.505 0.50 0.50
4 0.446 2.438 0.506 0.496 0.44 0.56
5 0.232 0.005 0.486 0.492 0.83 0.17
6 0.473 2.383 0.498 0.507 0.47 0.53
7 0.071 0.028 0.484 0.493 0.67 0.33
8 0.522 2.474 0.505 0.507 0.47 0.53
9 0.366 1.358 0.497 0.502 0.48 0.52

10 0.451 1.774 0.502 0.506 0.50 0.50

The weighted matching scores and their labels are used to
train the 2!-SVM for bimodal fusion. Let the training data be

Ziris = (miris, y) (15)

and

Zsig = (msig, y) (16)

where y ! {+1,"1}, such that +1 represents the genuine
class and "1 represents the impostor class. The 2!-SVM
error parameters are calculated using equation (17) and (18).

!+ =
n+

n+ + n!
(17)

!! =
n!

n+ + n!
(18)

where n+ and n! are the number of genuine and impostor,
respectively. The training data is mapped into a higher dimen-
sion feature space such that Z # "(Z), where "(.) is the
mapping function. The optimal hyperplane separates the data
into two different classes in the higher dimensional feature
space.

In the classification phase, the bi-modal fusion matching
score sfus is computed in equation (19),

sfus = firis(miris) + fsig(msig) (19)

where
firis(miris) = airis"(miris) + biris (20)

fsig(msig) = asig"(msig) + bsig (21)

where airis, asig , biris and bsig are parameters of the
hyperplane. The solution of equation (19) is the signed

distance of sfus from the separating hyperplane given
by the two 2!-SVM for the two biometric modalities. The
decision function defined in equation (22) verifies the identity.

Decision(sfus) =

!
Accept, if sfus > 0

Reject, otherwise
(22)
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Fig. 4. Tanh normalized-based ROC curves showing the performance of
using Iris, Signature, Iris + Signature (Exhaustive), and Iris + Signature
(User-score-based).

VI. EXPERIMENTAL RESULTS AND DISCUSSIONS

The bi-modal database used in the experiments was con-
structed by merging CASIA iris database [19] with GPDS
signature database [20]. An alternative bi-modal database was
constructed from CASIA iris database and a database created
from signatures captured using the ePadInk tablet. Seven iris
images of the same user were obtained from a set of 50
users from the CASIA database. Fifteen signatures (ten genuine
and 5 forgeries) were obtained from a different set of 50
users from the GPDS database, and another set of signatures
were captured using ePadInk tablet. The mutual independence
assumption of the biometric traits allows us to randomly pair
the users from the two different sets. In this way, two bi-modal
databases consisting of 50 users were constructed, either from
CASIA with GPDS, or CASIA with signatures captured using
ePadInk tablet.
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Firstly, the matching scores of the iris and signature traits
are computed as defined in equations (1) and (2). These match-
ing scores are normalized and weighted as defined in sub-
sections V.C.2) and V.C.3), respectively. Various normalization
techniques were investigated. The ROC curves depicting the
performance of the individual score normalization techniques
is shown in Figure 2. The Tanh Normalization technique
performs better than the Min-Max and Z-Score techniques.

Table I shows the scores for the iris and signature biometric
traits, and their respective weights, for the sample of ten
different individuals. The raw scores are normalized by the
tanh technique, and the weights are computed using equations
(10) and (11). For instance, from Table I, we observe that
for user 5, W i

1 = 0.83, a high weight attached to the iris
trait, possibly due to the blurred iris. This demonstrates the
importance of assigning user-specific weights to the individual
biometric trait.

Figure 3 shows the average true positive rates achieved
by the exhaustive search technique and the user-score-based
approach, respectively, on uni-modal biometric traits based on
iris and signature. The exhaustive search technique obtained
true positive rates of 92.4% and 82.0% on the iris and signature
traits, respectively. The user-score-based approach obtained
true positive rates of 99.25% and 94.0% on the iris and
signature traits, respectively. The overall average true positive
rate achieved by the exhaustive search technique is 87.2%,
compared to 96.63% which is obtained by the user-score-
based algorithm. Therefore, the results show an improvement
in accuracy when the user-score-based weighting technique is
used.

The ROC curves in Figure 4, show the performance of
the uni-modal biometric traits based on iris and signature,
respectively, and the 2!-SVM fused based bi-modal traits
weighted by the exhaustive search technique and the user-
score-based approach, respectively. The overall results show
an improvement in performance when scores are combined
using the user-score-based weighting technique. For a given
FAR of 0.001, user-score-based weighting achieve a very low
FRR of 0.008, compared to exhaustive search weighting with
a FRR of 0.015, as shown in Table II.

TABLE II
Exhaustive search vs User-score-based technique

Weighting Technique FAR FRR
Exhaustive search 0.001 0.015
User-score-based 0.001 0.008

VII. CONCLUSION

In this paper, an enhanced user-specific weighting technique
of integrating a physiological biometrics trait, the iris, with a
behavioral trait, the signature, is proposed. The proposed user-
score-based approach calculates weights for each biometrics
trait per user in proportion to the scores of the biometric
traits of the same user. This enhanced user-specific weighting
improves the accuracy rate of bi-modal biometric systems by

reducing false reject rate (FRR) on a low false accept rate
(FAR). Experimental results show that the proposed approach
achieved a minimal FRR of 0.008 on a FAR of 0.01. Further
investigation of the effect of the proposed approach with other
different biometric modalities is envisaged.
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Abstract—The problem of estimating the positions of players
on a sports field using multiple cameras is considered. A
hierarchical particle filter is used to track the players through
each video sequence. Position estimation is then performed using
multi-view triangulation. We also introduce a feedback loop
whereby 3D data can be fed back to the 2D trackers to correct
errors. Experiments suggest that the system performs well and
yields high accuracy for position estimation, with an average
tracking error less than 10cm.

I. INTRODUCTION

Millions of people around the world follow sports in some
form or another. With all the interest that sport gathers,
spectators and fans are increasingly looking for up-to-date
statistics on all aspects of their game of choice. Much of these
statistics are manually extracted while watching the game or
from video footage after the game has completed.

A system that is able to track players on a field during a
game will be able to automatically provide a range of statistics
that is relevant for analyzing player and team performances.
It will be possible to calculate how much distance players
are covering in a match as well as which areas of the field
they spend the majority of time. This can be used to measure
the work rate of different players on the field or to compare
tactical strategies between teams.

Some work in this field has been done by previous re-
searches. Khan et al. [1] tracked people moving in a building
by comparing the movement of people with camera field of
view lines. Cai et al. [2] also looked at tracking people in
multiple views. People are detected by segmenting the image
into foreground and background, building a model of the
background and comparing the current view to the model.
Foreground regions are then analyzed to detect human shapes
and people are tracked by feature points. While both of these
systems are able to track people in 2D and perform matches
between the cameras they lack some functionality that is
required for 3D tracking. The biggest problem is that neither
of the two solutions are able to calculate the 3D position of a
tracked person. Another problem with the two systems is that
they are unable to track people through occlusions.

A full multi-view 3D tracking systems was developed by
Alahi et al. [3] for tracking players on a basketball court. Using
adaptive mixture models a foreground image is extracted
for each camera. Foreground silhouettes for each camera
are projected onto the ground plane and players are tracked

by matching ground plane projections and modelling player
behaviour.

Another multi-view 3D tracking technique was developed
by Xu et al. [4]. A mask of the field is extracted using
background modelling techniques, and used to detect players
while excluding unwanted regions. Kalman filtering is used
for both 2D and 3D tracking.

In our solution motion detection was found to be a fast
and effective means of detecting players. In order to track
players in each camera view a fast hierarchical approach to
the particle filter is chosen due to it robustness to common
tracking problems. Finally player positions are found using
multi-view triangulation.

The rest of this paper is structured as follows. Section
II explains the camera calibration required for the system
to function. In section III 2D player tracking is discussed.
Estimation of player positions is considered in section IV
and the paper concludes with some results in section V and
conclusions in section VI.

II. CALIBRATION METHOD

In order to perform position estimation of players on a field
the cameras used need to be calibrated to the world around
them. This calibration can be split into two sections: internal
and external calibration.

During internal calibration the parameters pertaining to the
camera itself are calculated. These parameters remain constant
for the camera (the focal length may change, but is assumed
to remain constant) and as such may be calculated before
the system is deployed. A popular approach to perform this
calibration is to use a checker-board pattern where the number
and physical size of squares are known. The corners of each
of the squares on the checker-board can either be detected
automatically or selected by a human. Calibration can then
be performed by using the corners as interest points, with a
method such as the one developed by Tsai [5].

For external calibration several point correspondences are
needed between points with known real-world coordinates and
the image coordinates of those points. A minimum of three
such point correspondences is required and any points may be
used with the restriction that at least three points do not lie
on a single line in space.

A convenient set of points to use is the set of corners made
by intersecting lines on the field. These lines can be accurately
detected and the corresponding intersections found to give the
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Fig. 1. Illustration of the Hough transform for line detection: (a) original
image, (b) Sobel edge detection, (c) Hough transform histogram and (d)
detected lines.

corners. To detect the lines, and through them the field corners,
the Hough transform is used. Figure 1 illustrates. Once the
lines are found the intersection of those lines can be found by
turning to homogeneous coordinates. The standard form for
lines in R2 is ax + by + c = 0, allowing for each line to be
uniquely represented by a coefficient vector l = [a, b, c]T . The
intersection, p, of any two lines represented this way is simply
the cross-product between the two lines:

p = l! l!. (1)

As the real-world coordinates for the corners are known (if
the dimensions of the field are known) they make ideal can-
didates for calibration points. The calibration of the external
parameters can then be done using the work presented in [6].

III. TRACKING IN 2D

Tracking players in 3D through the use of multiple cameras
first requires that the players be tracked in each of the
individual camera sequences. To accomplish this a hierarchical
approach to the particle filter is used. In this approach objects
are represented using several different descriptors. Descriptors
vary from coarse, fast descriptors that may yield many false
positives, to fine but slow descriptors for more precise classi-
fication. Objects are first compared to the coarse descriptors,
and if they are a good match are then passed to the slower
second stage. This hierarchical approach allows for much
faster execution of the filter while maintaining good results.

A. First Stage Descriptors

For first stage descriptors in the hierarchical particle filter
the rectangle features of Viola and Jones [7] are used, specif-
ically those depicted in Figure 2. The descriptors act similar
to a mask that is convolved with the image. At each pixel
location the intensity values of pixels in the region around the
object are added and subtracted. Figure 2 and the following
equation illustrate how the features are calculated using a 9!9

Fig. 2. Illustration of rectangle features used as a tracking descriptor.

block (in our system the block size is closer to 80! 40),

R(i, j) =
4!

j="4

" "3!

i="4
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i="2

I(i, j)

#
.

(2)
These features are chosen as they are very fast to calculate.

Using the integral image [7] further speed increases can be
made. The integral image is such that each pixel value is the
sum of all the intensity values of all pixels to the left or above
the current pixel, and allows extremely fast calculation of the
sum over an arbitrary blocks of pixels in the image.

Two rectangle features are calculated for every particle. The
dissimilarity measure between the calculated feature and the
model feature is taken as the absolute difference between the
two. Particle weights for each feature can now be calculated.
Each particle has two first-stage weights assigned to it, one
for each feature. The weights can be combined either using
the average of the two or by multiplying the two together. An
average of the two will give particles that have a good match in
both features a high final weight, however particles that have
one good and one poor match will still have relatively high
scores. Only particles that score a good match in both features
are of interest, making the multiplication method better suited
to the problem.

B. Second Stage Descriptors
In the second stage of the hierarchical particle filter only

those particles that have a contributable weight after the first
stage, i.e. those that have a first-stage weight greater than
some threshold, are considered. Particles with small weights
after the first stage are considered to be very different to the
object, and by ignoring them in the slower second stage we
gain computational time. In this stage a histogram of oriented
gradients is calculated as a more precise descriptor than the
rectangle features used in the first stage.

The calculation of a histogram of oriented gradients requires
gradient vectors for each pixel in the image. Discrete derivative
operators, such as the Sobel operators, can be used for
this purpose and yield two edge images: Eh that highlights
horizontal edges and Ev that highlights vertical edges. The
magnitude and angle of the gradient vector at each pixel is
then calculated as

M(i, j) =
$

Eh(i, j)2 + Ev(i, j)2, (3)
G(i, j) = arctan [Ev(i, j)/Eh(i, j)] . (4)

Gradients with a magnitude greater than some threshold are
then binned into a histogram according to their angles.

300



The histograms of all the particles need to be compared
with that of the model in order to arrive at some dissimilarity
value. There are various ways in which the distance between
two histograms can be calculated.

The “city block” and Euclidean distances (i.e. the L1 and
L2 norms) are fast to compute but do not perform adequately
on histograms where the order of the bins carry some meaning.
Consider, for example, three histograms h1 = [1 5 1 1 1 1 1],
h2 = [3 1 3 1 1 1 1] and h3 = [1 1 1 1 3 3 1]. Here h1 and
h2 should be considered as being much closer to one another
than, say, h1 and h3. However the Euclidean distance gives
d(h1, h2) = d(h1, h3) =

!
24.

Distances that measure the difference between discrete
probability density functions can also be used to compare
histograms. Examples include the Kullback-Leibler divergence
and the Bhattacharyya distance. These measures, however, also
fail for the same reason as the L1 and L2 norms.

There are more indicative measures of the distance between
histograms. The earth mover’s distance (EMD) [8], for exam-
ple, regards the histograms as piles of dirt and determines the
minimum cost required to turn one into the other (where cost
is defined as amount of dirt times the distance by which it is
moved). This optimization problem, although linear, is rather
computationally intensive for the purposes of this problem.
Cha and Srihari [9] proposed a measure which is related to
the EMD but is much faster to calculate. Because gradient
orientations range between 0! and 360!, with the endpoints
regarded as equal, the modulo distance measure (as explained
in full detail in [9]) is used.

Particles that were ignored in the second stage due to low
first stage weightings still require a second stage weight for the
filter to propagate forward. As there is no distance measure
calculated for these particles, they are given a second stage
dissimilarity value equal to twice the largest value calculated in
the second stage. The second stage weights for all the particles
can now be calculated.

C. Filter Output and Updating the Filter Model

Once all the first and second stage weights have been
calculated a filter output can be obtained. The first and second
stage weights for each particle are multiplied together, after
which all the weights are normalized to produce a final weight
for each particle. A weighted average of all the particles is
taken to find the filter output X:

X(x, y) =
n!

i=0

wipi(x, y). (5)

The model that is being tracked must now be updated for the
next iteration of the filter. After finding X the first as second
stage descriptors are calculated around that point, and those
descriptors are used for the next iteration of the filter.

The next section looks at combining the data from the 2D
trackers to estimate 3D position and track players in real-world
coordinates.

Fig. 3. Tracking feedback loop: 2D data is used to calculate 3D points which
are fed back to the 2D trackers for error correction.

IV. 3D TRIANGULATION

Once players are successfully tracked in 2D it becomes pos-
sible to estimate and track their 3D positions. To accomplish
3D tracking the data from the 2D tracking is required for each
player in each view. This 3D data can then be fed back to
the 2D trackers to check and possibly correct errors in the 2D
tracking. This forms a feedback loop as illustrated in Figure 3.

The rest of this section details the processes of combining
the various views, triangulating the player positions and the
feedback loop.

A. Matching Players Between Views

Before triangulation of player positions is possible it is
necessary to match the players between views. Several options
exist when trying to accomplish this, such as shape, colour and
position.

Shape and colour methods operate by quantifying the shape
and/or colour aspects of the person being tracked using, for
example, edge or colour histograms. These histograms can be
compared to histograms of players being tracked in different
views, and should a match be found they are assumed to
be the same player in the different views. These methods
can fail, however, when applied to the problem of tracking
sports players. Colour methods are ineffective as players on the
same team will all be wearing similar clothing. Attempting to
match players in this situation will result in multiple matches
making it impossible to know which is the correct match.
Shape matching on the other hand fails as the player shape
may vary drastically when viewed from different angles.

Position matching estimates the position of the player on the
field from each view individually. This estimation may not be
highly accurate, but it does allow one to identify clusters of
estimated points. These points may indicate the presence of
a player on the field and the corresponding projections of the
players in the 2D views.

The single view estimation begins by finding the line in 3D
passing through the tracked point on the image plane. Once
this line has been found the intersection between the line and
a plane some distance above the field is calculated (according
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to [10] the average height of a male in South Africa is 168
cm, indicating a plane 84 cm above the playing field should
be chosen when tracking the center of the player, while the
average height of a female in South Africa is 158 cm indicating
a plane 79 cm above the playing field).

After the intersection points have been calculated they can
be compared to intersection points from different views. If
clusters of intersection points are found close to one another
then a match is made between the different views. If two or
more intersection points from a single view are located close
to each other, i.e. during an occlusion, that location cannot be
assigned with a high level of certainty and it is ignored until
the two tracked players move away from one another. Also
note that once a match has been made, that match remains for
the rest of the program execution and the matching step does
not need to be repeated.

Another advantage of this matching method is that the
calculation of the 3D lines is also required for the triangulation
step. This has the effect that the matching step does not greatly
increase computational time.

B. Triangulating Player Positions
Once all the players are tracked in each of the video

sequences the positions of players can be triangulated on the
field. Two options exist for triangulating from multiple views:

• pairwise, back-projection error minimization;
• multi-view, forward-projection error minimization.
In the first case the object is triangulated for each possible

pair of cameras using back-projection error minimization
technique. This will give 1

2n(n!1) solutions when the object
is visible by n cameras. These solutions may then be combined
to get a final point by taking the average or least-squares of
the set of points. The second option triangulates a single point
using all views in a single step, by minimizing the forward
projection error rather than the backward projection error.

Testing of the two techniques produced similar results,
causing a decision between the two to hinge on computational
speed. In this respect the multi-view triangulation is superior
to pairwise triangulation due to the fact that multi-view
triangulation increases linearly in computational complexity
with the number of cameras while pairwise triangulation is of
order n2.

Triangulation from multiple views presents new challenges,
but also some benefits above two-view triangulation. On the
one hand multiple views provide more information, allowing
for more accurate triangulation. On the other hand it is harder
to combine the data in a computationally inexpensive manner
while keeping a high degree of accuracy. We try to minimize
the projection error ep.

The first step in minimizing ep is to find the projection of
the point X on each of the lines li. Each of the lines li can
be written as li = pi + kni where pi is a point on the line
and ni is a unit vector in the direction of the line. To solve
for each of the lines one begins with the camera equation:

x = KR[I|! C̃]X = KRX̃!KRC̃ (6)

which can be rewritten as

X̃ = RT K!1x + C̃. (7)

Using the camera center, (0, 0, 0)T , and the point on the
image plane through which the line is to be drawn, (x, y, 1)T ,
and substituting for x in equation (7) two points, q1 and q2,
in the real-world coordinate system emerge that both lie on
the desired line. It is now possible to solve for pi and ni:

pi = q1, ni =
q1 ! q2

||q1 ! q2|| . (8)

The projection, yi, of x on li can then be found as

yi = ninT
i (x! pi) + pi, (9)

with the total projection error

ep =
!

i

"yi ! x"2. (10)

We now want to find x that minimizes ep:

ep =
!

i

"ninT
i (x! pi) + pi ! x"2

=
!

i

"(ninT
i ! I)x! (ninT

i ! I)pi"2

=
!

i

"Aix! bi"2

=
!

i

(Aix! bi)T (Aix! bi). (11)

Taking the derivative of (11) with respect to x and setting it
equal to zero yields

!ep
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i
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2(AT

i Ai)x! 2AT
i bi

#
= 0
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i

(AT
i Ai)x =

!

i

AT
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$
!

i

AT
i Ai

%
x =

!

i

AT
i bi. (12)

Equation (12) is now in a familiar form, Cx = d, allowing
us to solve it using standard linear algebra techniques.

C. Error Correction
When tracking the 3D positions of players using multiple

cameras, this 3D data can be used to increase the accuracy of
the tracking in the individual camera scenes. By comparing
the 3D position obtained by triangulation to an estimation of
the position based only on each view individually it becomes
possible to detect and correct errors in the single view tracking.

After triangulating a player based on the 2D tracking results
a set of distance measures can be calculated between the
triangulated point and the projected point from each camera,
using the Euclidean distance. This projected point is the
same point as calculated in section IV-A when finding player
matches.

If any of the distance measures are greater than some
threshold it may indicate that there is a problem with the
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Fig. 4. Triangulation of two image sequences using forward (green dots) and
back projection (blue dots) methods. The solid blue line indicates the ground
truth.

corresponding 2D tracking. To correct this error the player’s
location is triangulated a second time, using only tracking
results from those trackers where the distance measure is
below the threshold. This new 3D point, X, is then projected
back to the discredited views using the standard camera
equation:

x = PX. (13)

The tracker corresponding to that player in that view can
then be restarted at the calculated point x. If less than two of
the projection points fall within the threshold then there is no
reliable way to determine which of the trackers have failed and
which of them are still accurate. In this case the player may
need to be dropped from 3D tracking and all corresponding 2D
trackers stopped. The player will then be detected and tracked
again as a new entity as if it is a new player on the field.

V. EXPERIMENTS

To test the system that was developed several test were
completed. The first test was to measure the accuracy of the
3D position estimation of a single player running on a field.
Figure 4 shows the results for four such sequences. The solid
blue line in each figure is the ground truth path that the
humanoid ran over, as viewed from above. The blue points
are the back projection results and the green points are the
forward projection results.

This test indicates that triangulation results for the two
methods are similar. This test also indicates that the proposed
tracking and triangulation method succeeds at locating a
player on the field of play. In the given figures one unit of
measurement corresponds to 2 cm on a real-life field. The
maximum deviation from the ground truth between the four
sequences is 20 units (40 cm) while the average deviation is
about 5 units (10 cm).

In Figure 5 the results of the full system can be seen
for tracking 4 players as seen in 4 views over 286 frames

Fig. 5. Results for tracking four players with four views though 286 frames.

Fig. 6. Tracking a player crossing the field of view line of a camera, shown
here from a top down view.

(roughly 10 seconds). The coloured dots indicated the tri-
angulated position for each player through the sequence.
The approximate position of the cameras are shown by the
little camera drawings. As can be seen from this figure the
system as a whole functions as desired: detecting, tracking
and triangulating each of the players. This is, however, an ideal
case and further testing of some possible problem scenarios
needs to be done.

During full system testing two cases of interest were identi-
fied. The first case is when a player leaves or enters a camera
field of view and the second is when a 2D tracker loses its
player due to occlusion.

In Figure 6 the solid lines indicates field of view boundaries
of the different cameras, and the blue dots indicates the path
followed by the player. At point (a) the player moves out of
the view of the camera indicated by the green lines. At this
point the corresponding 2D tracker is stopped and the player
is triangulating with the remaining views. At point (b) the
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Fig. 7. Automatic correction of tracking occlusion. Frame numbers are listed
on the left of the images.

Fig. 8. Triangulation results of the multi-view tracking in Figure 7, as viewed
from above.

player again moves back into the field of view of the camera
and is then again tracked in that view. Single view position
estimation showed that this view corresponded to the player
already being tracked the player is then triangulated using the
data from that view as well.

The second case is illustrated in Figure 7, where in one
view the two players move in such a way that the one player
occludes the other whilst in the other two views they move
apart from each other. In frame (1) the players are a distance
away from each other. By frame (10) they have started to
occlude each other and at frame (32) they are heavily occluded.
As can be seen at frame (48) the tracker indicated by the blue
square has begun to track the incorrect player. At this point
the system detected that the 2D tracker has lost the player
and moved from the correct path and attempts to correct the
mistake. In frame (49) the 2D tracker in the first view has
been corrected by back projection after triangulating the player

using the rest of the views. By frame (57) the 2D tracker has
corrected itself and is tracking the player correctly again.

The plot of the players’ positions in Figure 8 illustrates the
effect of this occlusion. At point (a) the triangulation result
begins to drift from the ground truth line. At point (b) the 2D
tracker is corrected and the triangulation results snap back to
the correct ground truth line.

VI. CONCLUSIONS AND FUTURE WORK

In this paper the problem of estimating the 3D position of
players on a sports field using multiple cameras was discussed.
A system was developed, using motion detection to find
players, a fast hierarchical particle filter to track players in
2D, and multi-view triangulation to find player positions.

The results obtained for the system were very promising
overall. While some improvements can be made the system is
able to solve the initial problem to a satisfactory extent. Oc-
clusions present some problems, however the use of multiple
cameras goes some way to solve this.

Some future work that may improve the system would be
to remove the fixed block size used in 2D tracking. This may
allow cameras to view larger areas of the field as players do
not need to appear in some specific size in the image. Using
a player recognition algorithm may also improve both 2D and
3D tracking results. Trackers can correctly distinguish between
players after occlusions by recognising the player they need to
track. More precise matching of players between views may
also be possible if recognition is used rather than just position
matching.
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Abstract—Product take-back legislation forces manufacturers 
to bear the costs of collection and disposal of products that 
have reached the end of their useful lives. In order to reduce 
these costs, manufacturers can consider reuse, 
remanufacturing and/or recycling of components as an 
alternative to disposal. The implementation of such 
alternatives usually requires an appropriate reverse supply 
chain management. With the concepts of reverse supply chain 
are gaining popularity in practice, the use of artificial 
intelligence approaches in these areas is also becoming 
popular. As a result, the purpose of this paper is to give an 
overview of the recent publications concerning the application 
of artificial intelligence techniques to reverse supply chain with 
emphasis on certain types of product returns. 

Keywords-artificial intelligence; reverse supply chain 
management; product returns; end-of-use; end-of-life; 

I.  INTRODUCTION 
Enterprises around the world are employing reverse 

supply chain (RSC) practices to overcome the regulations 
and generate profit making opportunities. As a result of the 
rapid progress in technology, the product life cycles are 
shrinking faster than ever. In the face of global competition, 
heightened environmental regulations and a wealth of 
additional profits and improved corporate image 
opportunities, performing the RSC operations at a world 
class level is becoming essential.  

In the literature, different techniques have been employed 
to solve problems occurring in various dynamic segments of 
reverse supply chain management (RSCM). Our review is 
dedicated to the applications of common artificial 
intelligence (AI) techniques in this context, exploring the 
current research trends and identifying opportunities for 
further investigation. The main issues going to be addressed 
in this article include: what are the main problems within 
RSCM that have been investigated using AI techniques? 
What kinds of AI techniques have been employed?  

In answer to these questions, we organize our research as 
follows: first Section II delivers a brief introduction about 

RSC; next the survey method employed in this research is 
outlined in Section III; then the results of this survey are 
detailed in Section IV; finally the discussions and 
conclusions are given in Section V. 

II. Why Reverse Supply Chain 
Reverse supply chains are heralded by environmentalists 

as key elements of sustainable production. In a forward 
supply chain, the customer is typically the end of the process. 
However in changing the end-point of a company's supply 
chain from the consumer to the product's end-of-life or to 
possibly even the start of a new production cycle, RSCs 
present opportunity to extend the use of products, conserve 
resources, prevent waste, and create secondary markets and 
jobs in remanufacturing and recycling. Intuitively RSCs are 
more complicated since return flows may include products, 
subassemblies and/or materials and may enter the forward 
supply chain in several return points. 

Generally the activities in a RSC vary in complexity and 
managerial importance from scenario to scenario. The 
situation is normally complicated by different types of 
returns [1]: 

• Product life cycle returns: These returns are linked 
to the sales process. The reasons for the returns 
include problems with products under warranty, 
damage during transport or product recalls; 

• Re-Usable components: These returns are related to 
consumption, use or distribution of the main 
product; 

• End-of-use returns: These are used products or 
components that have been returned after 
customer’s usage. These used products are 
normally traded on an aftermarket or being 
remanufactured; 

• End-of-life returns: These are returns that are taken 
back from the market to avoid environmental or 
commercial damage. In the context of take-back 
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laws, these used products are often have to be 
returned. 

 

Each type of return requires a RSC appropriate to the 
characteristics of the returned products to optimize value 
recovery. In this research we will focus on end-of-use (EoU) 
and end-of-life (EoL) returns. Examples of EoU returns can 
be seen from waste electrical and electronic equipment 
(WEEE), which are always discarded for outdate reason. In 
terms of EoL returns, EU end-of-life vehicles (ELVs) 
Directive is an instance which aims at reusing and recovering 
85% by weight of the average vehicle by the year 2006, and 
this percentage will increase to 95% by the year 2015 [2]. A 
simplified material flow in EoU & EoL RSCM is illustrated 
in Figure 1.   

 

Figure 1.  Material flow in EoU & EoL RSCM (adopted from [3]).   

As seen from the following figure, the volume of disposal 
is currently very high. Therefore the objective of RSC 
strategies for EoU & EoL product returns is to minimize the 
amount of waste sent to landfills by recovering materials and 
parts from old or outdated products.  

 

Figure 2.  Classification of product recovery scenario (adopted from [4]). 

III. SURVEY METHODOLOGY 
The databases used in this study are provided by the 

library of University of Johannesburg, South Africa. During 
the research, the following databases have been searched: 
ScienceDirect, Springer Link, Emerald, and Wiley 
Interscience.  Currently this review covers only journal 
publications found from aforementioned databases. 

Meanwhile two groups of keywords (see Table I) are used 
respectively to cross-search related journal publications in 
specific online databases. 

TABLE I.  KEYWORDS FOR THE SURVEY 

Category Keywords 

Ant Colony Optimization (ACO) 

Artificial Immune Systems (AIS) 

Artificial Neural Network (ANN) 

Bayesian Network (BN)  

Case Based Reasoning (CBR) 

Differential Evolution (DE) 

Evolutionary Algorithm (EA) 

Evolutionary Programming (EP) 

Fuzzy System (FS) 

Genetic Algorithm (GA) 

Genetic Programming (GP) 

Greedy Randomized Adaptive Search Procedure (GRASP) 

Memetic Algorithm (MA) 

Multi-Agent System (MAS) 

Neighborhood Search (NS) 

Particle Swarm Optimization (PSO) 

Path Relinking (PR) 

Reinforcement Learning (RL) 

Scatter Search (SS) 

Simulated Annealing (SA)  
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IV. RESULTS OF LITERATURE SURVEY 
The classification of our literature survey results are 

grouped into the following four aspects: 

• AI for RSC network design; 
• AI for EoU & EoL products acquisition and 

assessment; 
• AI for EoU & EoL products transportation; 
• AI for selection and evaluation of logistics suppliers. 
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A. AI for RSC Network Design 
To optimize the performance of the RSC, there is a need 

to establish an effective and efficient infrastructure via 
optimal network design. As a result, during the past decade, 
many researchers are paying more and more attention to the 
network design for product recovery.  

Generally RSC network design is concerned with 
establishing an infrastructure to manage the reverse channel 
which often consists of final-users, collectors, and 
remanufacturers. In this category, many AI approaches have 
been utilized (see Table II). Among various methodologies, 
GA is the most popular one. An example can be seen from [5] 
where the authors address the network design problem 
encountered by an electronic retailer handling consumer 
returns. A static model is proposed which considers 
deterministic supply and demand. Then GA is employed to 
obtain a near optimal solution for the proposed model. The 
computational experimentation explores the trade-offs 
between (i) the inventory holding and shipment 
consolidation costs and (ii) the location costs and customer 
service (measured in terms of ease of access to collection 
centers).  

Another recent publication in this category using AI 
approaches is [6], where the authors propose a mixed integer 
linear programming model to minimize the transportation 
and fixed opening costs in a multistage reverse logistics 
network. Due to the NP-hard nature of such network design 
problems, they apply a SA algorithm with special NS 
mechanisms to find the near optimal solution. 

TABLE II.  AI FOR RSC NETWORK DESIGN 

AI Approaches 

RSCM 

AI
S 

D
E FS

 

G
A 

G
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SP
 

M
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SA
 

TS
 

RSC 
Network 
Design 

[7] [8] 

[9] 
[10] 
[11] 
[12] 
[13] 
[14] 

 

[5] 
[8] 

[11] 
[14] 
[15] 
[16] 
[17] 
[18] 
[19] 
[20] 
[21] 
[22] 
[23] 
[24] 

[24] [25] [6] [19] [6] 
[26] 

[27] 
[28] 

B. AI for EoU & EoL Products Acquisition and 
Assessment 
The condition of the EoU & EoL products acquired by 

remanufacturing firms through RSC often varies widely. In 
order to manage this variation, a firm will normally need to 
collect an over-demanded quantity of used products. By 
acquiring more excess items, the firm can not only increase 
its selectivity but also lower the cost of a remanufactured 
product. Therefore how to obtain these cores in the first place 

is one of the most challenge issues within remanufacturing 
industry. However to the best of the authors’ knowledge, 
there is no AI technique has been actually employed in this 
category. This will definitely be a future research direction. 

Meanwhile the determination of the best option for EoU 
& EoL products is also an important problem faced by 
companies. There are five commonly used options for EoU 
& EoL products: direct reuse, repair, remanufacturing, 
recycling, and disposal. The differences between different 
options can be summarized as follows: 

• The reuse of the whole product as is for its original 
task is often referred to as direct reuse; 

• In repair option, the damaged components of EoU 
& EoL products are always changed in order to 
obtain a fully-functional product;  

• While the remanufacturing is always considered as 
the refurbishment of EoU & EoL products up to a 
quality level similar to a new product; 

• In terms of recycling, recovering materials from the 
EoU & EoL products is always its main objective;  

• The landfill or incineration of the EoU & Eol 
products, which is currently causing serious 
environment problems, is generally called disposal.  

 

As a result, the development of a decision model to select 
between these options requires the consideration of various 
qualitative and quantitative factors such as environmental 
impact, quality, legislative factors, and cost. The authors of 
[29] focus on a selection problem of EoL product recovery 
options for a turbocharger case. The objective is to maximize 
its recovery value which includes both recovery cost and 
quality. To solve the problem efficiently, they develop a 
multi-objective EA algorithm. Other applications of AI 
techniques in this category are CBR and GA (see Table III). 

TABLE III.  AI FOR EOU & EOL PRODUCTS ACQUISITION AND 
ASSESSMENT 

AI Approaches 

RSCM 

CB
R 

EA
 

G
A 

EoU & EoL Products Acquisition and Assessment [30] [29] [31] 

C. AI for EoU & EoL Products Transportation 
From a logistics point of view, EoU & EoL product 

recovery creates a reverse flow of goods that originates at the 
locations of product holders, also referred to as customer 
zones. Once the EoU & EoL products have been 
consolidated at certain collection center, they will always be 
transported to disassembly facilities where the disassembly 
operations, components sorting, components inspection and 
assessment are normally performed. After this stage, the 
various components of EoU & EoL products will be 
delivered to their different final destinations such as 
remanufacturing plant and disposal sites.  
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In [32], authors construct a general mixed integer 
programming model of vehicle routing problem with 
simultaneous pickups and deliveries and time windows 
(VRP-SPDTW) cost saving and environmental protection. 
They propose an improved differential evolution (IDE) 
algorithm for solving VRP-SPDTW. In the algorithm, a 
novel decimal coding is first adopted to construct an initial 
population; then some improved differential evolution 
operators are used; and in mutation operation, they use an 
integer order criterion based on natural number coding 
method. They also introduce a penalty technical to punish the 
infeasible solution. In addition, in the crossover operation, a 
self-adapting crossover probability that varied with iteration 
is also developed. Other AI approaches employed in this 
category are show in the following table. 

TABLE IV.  AI IN TRANSPORTATION OF EOU & EOL PRODUCTS 

    

RSCM 

AC
O

 

D
E N
S TS
 

Transportation of EoU & EoL 
Products [33] [32] [34] 

[28] 
[35] 
[36] 

D. AI for Selection and Evaluation of Logistics Suppliers 
Logistic suppliers’ development is a critical function 

within EoU & EoL RSCM. Due to the differences between 
the reverse and forward flows in terms of the cost and 
complexity of transportation, storage and/or handling 
operations, many firms outsource their reverse logistic 
operations to third party logistics providers (3PLs).  In [37], 
a holistic approach based on the ANN and FS is presented 
for selecting a 3PL in the presence of vagueness. The authors 
of [38] use fuzzy TOPSIS and interpretive structural 
modeling for the problem of selection of best 3PL. Similar 
problem is also addressed in [39] by employing AHP and 
fuzzy AHP. 

TABLE V.  AI FOR SELECTION AND EVALUATION OF LOGISTICS 
SUPPLIERS 

AI Approaches 

RSCM 

AN
N

 

FS
 

Selection and Evaluation of Logistics Suppliers [37] 
[37] 
[38] 
[39] 

V. DISCUSSIONS AND CONCLUSIONS 
As we can see from Table VI, GA and FS are among the 

most popular AI approaches used in EoU & EoL RSCM. TS 
is also widely employed in solving EoU & EoL products 
transportation problems. Based on the review, we can see the 
complex nature of problems encountered in RSCM always 

requires multi-objective optimization. Therefore AI seems to 
be a promising and useful tool to solve these problems and 
assist practitioner’s decision making in a complicated RSC 
network. But there are some certain aspects in RSCM have 
not been fully addressed by AI techniques, and also several 
AI techniques are not employed yet. This is undoubtedly a 
future direction for both research communities: AI and 
RSCM. 

TABLE VI.  LITERATURE ON REVLOG PROCESSES 

AI Approaches References No. of 
References 

Ant Colony Optimization  
(ACO) [33] 1 

Artificial Immune Systems 
(AIS) [7] 1 

Artificial Neural Network  
(ANN) [37] 1 

Case Based Reasoning 
(CBR) [30] 1 

Differential Evolution  
(DE) [8], [32] 2 

Evolutionary Algorithm  
(EA) [29] 1 

Fuzzy System 
(FS) 

[9], [10], [11], [12], [13], 
[14], [37], [38], [39] 9 

Genetic Algorithm  
(GA) 

[5], [8], [11], [14], [15], [16], 
[17], [18], [19], [20], [21], 

[22], [23], [24], [31] 
15 

Greedy Randomized Adaptive 
Search Procedure  

(GRASP) 
[24] 1 

Multi-Agent System 
(MAS) [25] 1 

Neighborhood Search  
(NS) [6], [34] 2 

Particle Swarm Optimization  
(PSO) [19] 1 

Simulated Annealing 
(SA)  [6], [26] 2 

Tabu Search  
(TS) [27], [28], [35], [36] 4 

 

Meanwhile most papers are published in the main stream 
journals such as Computers & Operations Research, 
European Journal of Operational Research, and Computers & 
Industrial Engineering (see Table VII). 

TABLE VII.  PAPERS PUBLISHED BY JOURNALS 

Computational Intelligence (CI) 
Approaches References No. of 

References 

Advanced Engineering Informatics [30] 1 

Applied Mathematical Modeling [20] 1 
Asia Pacific Journal of Marketing and 

Logistics [39] 1 

Computers & Industrial Engineering [15], [21], 
[37] 3 

Computers & Operations Research [8], [16], 
[18], [23], 4 

European Journal of Operational Research [7], [28], 
[36], [11], 4 

Engineering Applications of Artificial 
Intelligence [32] 1 
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Computational Intelligence (CI) 
Approaches References No. of 

References 

Environment Science and Technology [31] 1 

Fuzzy Sets and Systems [9] 1 
IEEE Transactions on Electronics Packaging 

Manufacturing [10] 1 

International Journal of Advanced 
Manufacturing Technology [6] 1 

International Journal of Environment 
Science and Technology [13] 1 

International Journal of Management and 
Decision Making [12] 1 

International Journal of Production 
Economics [17], [25] 2 

International Journal of Production Research [19], [29]  2 

Journal of Global Optimization [34] 1 

Omega [5], [24] 2 

Resources, Conservation and Recycling [22], [38] 2 

Systems Engineering - Theory & Practice [33] 1 

Transportation Research, Part E [26], [27] 2 

Transportation Research, Part D [35] 1 
Transportation Research Record: Journal of 

the Transportation Research Board [14] 1 
 

The impetus of RSCM research has come from many 
aspects, e.g., the recognition of the deleterious effects on the 
environment of dumping such as electronic wastes, the 
decreasing capacity of landfills, the compliance with current 
and forthcoming environmental legislation, and market-
driven reasons as well. In this paper, we review various AI 
methods that have been applied to RSCM. In the future, the 
developed and developing methods and algorithms should be 
tested with more practical case studies so as to speed up the 
implementation progress of RSC. 
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Poster Abstracts 

 
Polar rectification of stereo images  implemented on a GPU 

Ian Ashworth 

 

Polar rectification of stereo image pairs is reviewed and the implementation on a 

graphics processing unit (GPU) using the vertex shader is discussed. The rectification 

process requires the fundamental matrix as the only parameter and its performance 

will be tested using images with varying noise. The computational time for the 

process as implemented will also be discussed. 

 

 

 

A Fixed Bandwidth Compression Algorithm for Video Sequences 

Thendo Managa and Pieter Grobbler 

 

This paper introduces a fixed bandwidth video compression technique. The proposed 

Compression/Decompression algorithm (CODEC) complies to requirements with 

respect to bandwidth-limitation (BW) and image quality (Q) of the output after a 

compression/decompression cycle. The BW requirement is that 19.5 Mb/s of raw 

video is to be compressed such that it is transmittable through a 250kb/s channel. This 

implies a compression ratio requirement greater than 78 times. Input video sequences 

either consist of natural features or synthetically generated test patterns with added 

noise. The requirement regarding Q entails that the CODEC should preserve sufficient 

quality in both natural and synthetic sequences after one CODEC cycle, i.e. the output 

image shall be clear and without significant artifacts. Metadata (digital symbology) 

will be transferred (or stored) in parallel and augmented after a decompression stage.  

The proposed technique utilizes the classic Discrete Cosine Transform (DCT) for 

encoding/decoding. In order to preserve sufficient quality in noisy environments a 

careful balance has been found between the number of coefficients to be sent and the 

number of bits used to represent each coefficient. Neither Perceptual nor Layered 

(Multi-level scale) approaches were considered, because the benefits that these 

approaches might have are capitalized on by the chosen DCT/LZH algorithm.  Note in 

the interest of simplicity the implemented algorithm does spatial compression 

exclusively and no temporal, neither inter-frame- (frame-differencing or 3D-DCTs); 

nor progressive-, coding. This makes the algorithm more robust against multi-frame 

drops. Due to the high noise presence and high compression ratio requirement a 

lossless compression algorithm is not an option. The presented algorithm makes 

provision for Input video sequences consisting of 16-bit grayscale image frames, each 

of size 128 x 100 pixels, transmitted at a frame-rate of 100fps.  
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South African Sign Language Translation Using An Instrumented Glove and Neural 

Networks 

Mosiuoa Sole and Moholo Tsoeu 

 

This paper outlines the proposed design and prototyping of a instrumented device that 

will be used to translate South African Sign Language from human gestures to text 

using a neural network. The hand and finger movements are to be interpreted to text 

and speech using instrumented and sensor based input. The instrumented device will 

consist of strain gauges to track finger bending and accelerometers for wrist, lower 

and upper arm tracking. The data from the sensors will be converted to text or voice 

using a neural network. The accuracy of both the sensors and the neural network will 

be investigated and reported on. The device is to be designed to have a low cost and 

should be easily manufacture able to a glove. 

 

 

 

Depth from focus implemented using a bilateral filter for sparse data propagation 

Hans Roos, Faatimah Vally, Yuko Roodt, and Willem Clarke 

 

This paper investigates a process to compute a depth map using focus and defocus 

information in a scene from a sequence of images. In order to improve results we 

implement a bilateral filter using Graphics Processing hardware to propagate sparse 

depth data. 

 

 

 

Accelerating Traffic Monitoring using Parallel Architectures 

Faatimah Vally and Hans Roos 

 

We investigate the application of image processing techniques to traffic monitoring 

and surveillance, executed on the GPU to obtain certain traffic parameters in real 

time. This approach is unique as it uses standard commercial off the shelf components 

to achieve better performance and we provide a new approach to existing algorithms. 
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