
Visual head pose estimation algorithm for fast intent 
recognition  

 

Thierry Luhandjula, Quentin Williams 

Meraka Institute, 
Council for Scientific and Industrial Research, 

Pretoria, RSA 

Yskandar Hamam, Karim Djouani, Barend van Wyk   
F’SATI, 

Tshwane University of Technology,  
Pretoria, RSA

 
 
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.  



 

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 ω: 1 ≤ ω ≤ 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)          



 
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 ε is the value of the y-intercept of the line 
approximating the symmetry curve S and β is the angle of the 
line with respect to the x-axis. By empirical study it has been 
established that the y-intercepts (ε) 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 = {I i : I i is the i th 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 



 
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 ωj 
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(ωj) = 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/ωj) 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(ωj) can be converted to the posterior probability 
P(ωj|x). The (joint) probability density of finding a pattern that 
is in category ωj and has feature value x can be written two 
ways:  
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Rearranging (5) leads to Bayes’ formula shown below 
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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.  

 

 
 
 
 



 
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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