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ABSTRACT 
This paper presents a robust and recursive means of tracking 

and modeling faces in near-field video sequences.  An Extended 
Kalman Filter is coupled with a generic wire-frame face model 
and a correlation based 2D tracking process, providing a 
recursive means of recovering simple camera geometry, head 
pose and object structure.  Head pose parameters are used to 
animate the texture-mapped face model and the estimated 
structure is fed back to constrain feature tracking in the next 
frame. 

1. INTRODUCTION 
Model Based Video Coding (MBVC) has become a topic of 

much interest in low bit-rate video research, as it has the 
potential to provide more efficient and increased compression 
when compared with conventional transform coding methods 
for video signal-processing.  MBVC attempts to increase coding 
efficiency by using knowledge of a scene’s content and 
describing real world geometry using 3D model objects.  The 
principle of the compression is to then generate a parametric 
model of the image seen at the emission end and to transmit 
only the characteristic parameters describing how the models of 
real world objects change in time.  These differential parameters 
are then used to animate the model of the image at the reception 
end [1].  Hence a more analytical approach to video 
compression can be achieved, with much lower bit-rates and 
hence good potential for real-time video transmission.   
 

These principles can be applied to the extraction and re-
animation of a head in live video feed.  In terms of re-animation 
complexity, this research only attempts to deal with the real-
time estimation of motion parameters that describe the 6 degree-
of-freedom (6-DOF) movement applicable to a human head 
(seen as a rigid object with 3 translational and 3 rotational 
freedoms).  A 3D model of the head can be generated using a 
standard parametric face model known as CANDIDE [2].  
Tracking points will be initialised on major corresponding 
vertices between the 3D face model and facial features of the 2D 
live image (a rigid feature constraint here limits the locations at 
which tracking points can be initialised).   This will be done 
using an augmented reality technique [1] which requires a 
projection of the 3D mesh used to model the head into the live 
2D image.  The selected rigid feature points are automatically 
assigned to vertices of the model and the face is texture mapped 
onto the model.  Patches around the feature points are taken 
from the rendered 3D model, matched against the incoming 
video, and fed through a Structure From Motion (SFM) kalman 
filter [3] to update the pose information of the 3D model. 

2. MOTION ESTIMATION 
A Structure From Motion solution aims to recover object 
structure and relative 3D camera-object motion as the  

 
parameters necessary to describe a rigid object in a monoscopic 
video sequence. This solution also recovers camera focal length.  
The framework for such a system consists of a 2D tracking module 
and an estimator module.  The tracking module delivers 2D point 
measurements of tracked features to the estimator module, which 
outputs an optimal estimate of the aforementioned structure and 
motion parameters.  Before the tracking process can begin, an 
initialisation process is required to provide the locations of the 
features to be tracked.    

 
The system will be “manually” initialised from a frontal position.  

A generic face model is aligned to match with a head-on view of the 
face in a live video sequence.  Feature points are manually chosen at 
significant contours of the face (corners of eyes, nose and mouth 
tips) that satisfy the rigidity constraint required for structure 
estimation.  Once all feature points have been initialised and a partial 
structural correspondence set, pixels from the video are then texture-
mapped onto the model.  The system is now ready to begin the 2D 
tracking process. 

3. 2D FEATURE TRACKING 
Having determined the locations of facial features in the image, it 

is now possible to define a number of tracking windows on the face 
which will be used for template matching via sum-of-squared-
difference (SSD) correlation.  This method of feature tracking relies 
on the minimisation of an objective function, which uses the squared 
sum of the differences in intensity values as a measure of the match 
between template and source image. A linear motion approximation 
has been chosen to describe the behaviour of the image patch under 
small translation, scaling and rotation perturbations.  The model of 
this motion can be represented as: 

( ; , , ) R( )f x u xs s uθ θ= +   (1) 

Given an image I  at t(x,0) 0s= , the primary goal is to findµ  

that minimises an objective function ( )µO , defined [4] as: 
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Here (f x,µ  is the aforementioned motion of the image patch, 
parameterised by vector µ  which allows for translation, rotation 
and scaling as in (1).  In other words ( , , ,x yT T sc )aleµ θ= .  

Ultimately template tracking is achieved by when an optimal result 
(in a least squares sense) has been found for the template motion in 
each frame. 

4. STRUCTURE FROM MOTION 
Structure from Motion has traditionally relied on conventional 

object to image transformations, and tend to be under-determined in 
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the number of state parameters to measurements.  A 
reformulation of this approach [3] has been shown to converge 
reliably as a stable recursive estimation problem.  By remapping 
the data in a new parameterised representation, what was 
essentially an under-constrained problem becomes uniquely 
solvable with no numerical “ill-conditioning”. 

 
The objective of SFM is to recover 3D structure, motion and 

camera geometry.  These form the internal state vector, , of 
the system under observation.  These internal states are to be 
recovered by observation measurements of the system. 

x

4.1 Camera Model 
One internal state parameter that undergoes a change from 

standard representations [3] is the camera geometry, represented 
by its focal length.  Instead of trying to estimate focal length to 

describe the camera, an estimate of 1
f

β=  will be used.  This 

allows a re-parameterisation of the standard camera imaging 
model [5] from: 
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where the coordinate system origin is at the center-of-projection 
(COP), to: 
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where the coordinate system is now fixed at the image plane and 
β , rather than f , is the camera parameter.  This relation is 
shown in Figure 1. 

Fi
gure 1: Model of central projection; the coordinate origin is now 
placed at the image plane rather than the centre of projection 
(COP) 

 

4.2 Structure Model 
The structure of points on the 3D object are now represented 

with one parameter per point, instead of the standard , ,X Y Z  
spatial location.     The mapping of this 3 Cartesian form to one 
parameter is shown in (5) where α  is the new representation of 

structure and and are the coordinates of the point in the image 
plane when tracking is initialised. 
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For a discussion on the mathematical implications of this re-
parameterisation, see [3]. 

 

4.3 Translation and Rotation Models 
Translation in the object reference frame has been adapted to a 

representation given by ( , ,X Y Zt t t β .  True translation can then be 
recovered post-estimation by simply dividing out the focal length 
parameter from t β . 
 

A three-parameter incremental rotation, defined 
by ( ,X Yω ω ω

0 1 2( , , ,q q q q

, will be used to represent inter-frame rotation (i.e. 
the change in rotation between the object in frame k-1 to k).  
Incremental Euler angles centered about zero do not over 
parameterise rotation and are approximately independent, and 
therefore can be used reliably in a system linearisation such as that 
required in the EKF [3].  The incremental rotation computed at each 
frame step is then combined into a global quaternion vector 

 that is used to represent global rotation [6].   

)

 
This global rotation solution will then be combined with the 

translation model to arrive at a coordinate frame transformation 
equation (6), where  is a 3× matrix representing global rotation 
made up of the four quaternion components.  This demonstrates that 
any feature point in the object frame may be represented in the 
camera frame. 
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5. STATE VECTOR PARAMETERISATION 
The final representation of the internal state vector (7) has a total 

of 7 N+ parameters, where is the number of feature points to be 
tracked. 

N
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At each time step, there is also a measurement or observation 
vector of size  with the following form: y N

2 2, , ,..., ,y Nu v u v         (8) )N

where ( ,iX Y are the positions of a feature point currently being 
tracked in the image. 
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6. EXTENDED KALMAN FILTER 
The Extended Kalman Filter provides a stable and accurate 

real-time solution for this SFM problem.   
Standard references for Kalman Filtering include [7], [8] and 
[9].  The recursiveness of the approach captures both the cause-
effect and dynamic nature of the tracking, offering a 
probabilistic framework for uncertainty representation. 
 

The dynamic model of the Kalman filter will be represented 
by a linear transformation relation, represented as: 

( ) ( )x( ) (x t t t t w t)A+ ∆ = ∆ +   (9) 

Here A  represents the transfer matrix between the current and 
next state, and is an error term, modeled as Gaussian 
distributed white noise. 

( )w t

 
The observation at each time step is a set of  2D 
measurements. These are analytically a nonlinear function of the 
state vector: 

N
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The nonlinear function h x is defined by a combination of 

equations (4), (5) and (6). The uncertainty in the model is 
expressed with the addition of random variable v t , modeled 
as Gaussian distributed white noise. 
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( )

7. SYSTEM OVERVIEW 
A brief discussion on the system integration process and the 

significance of feedback follows.   
The system begins with the initialisation of feature points to 

image templates, tying model vertices to these selected features 
(corners of eyes, tips of the mouth and one on each side of the 
nose).  The Kalman filter is then initialised with the structure 
and pose of the 3D head model, which has been aligned to the 
selected features.   

 
The correlation-based feature trackers begin by tracking in a 

nearest neighbour sense and search within a local region for the 
facial features. The Kalman filter iteratively computes an 
estimate of the rigid 3D structure that could correspond to the 
motion recovered by the set of 2D SSD trackers.  This global 
estimate is weighted using the noise characteristics and residual 
of the individual 2D trackers.  The EKF’s estimated 3D 
structure is filtered according to model geometry, and then used 
along with the estimated motion and focal length to predict the 
position of the 2D trackers in the next time step.  Correlation-
based searching is repeated at the next frame, starting at the 
latest EKF position estimate, as well as starting at the original 
destination of the feature track.  The best match of these two 
searches is then fed back into the Kalman filter as the 2D spatial 

observation vector and the loop continues.  Two searches will be 
performed for each SSD tracker since the EKF’s prediction may 
possibly perform worse than straight nearest-neighbour searching 
before structural convergence.  The feedback from the adaptive 
Kalman filter allows us to maintain a sense of 3D structure, and 
enforces a global collaboration between the separate 2D trackers. 

8. CONCLUSION 
The system presented here characterises a global estimation 

framework, providing a robust and recursive means of recovering 
head pose parameters.  2D tracking combined with feedback from a 
SFM framework, allows for improved tracking accuracy under real-
time constraints.  With the addition of a 3D model, it will be 
possible to further constrain structural estimates, and hence improve 
tracking accuracy.  Implementation of this system is currently at the 
point of coding a working SFM Kalman filter.  The initial 
implementation will rely on a synthetic data set, composed of feature 
projections using known system parameters.  This is similar to work 
done in [7].  This will make it possible to gauge accuracy and speed 
of convergence of the Kalman filter against a set of ground-truth 
results.  Data will be presented at the conference to demonstrate the 
significance of these results to the global tracking system to be 
developed. 
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