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Abstract

Human body tracking has been an intensive subject of research for the last 15
years. Many exciting applications are at stake in the domain of computer vision
and human-computer interfaces. Recently, some basic attempts to track people
from a multi camera-view reconstruction have been carried out. The aim of this
thesis is to conceive and implement a framework extending and trying to im-
prove this type of 3D-based tracking with state of the art techniques. The sys-
tem presented here can be decomposed into two parts. The first one is the proper
tracking: A kinematic model is matched to the 3D voxels obtained by a shape-
from-silhouette reconstruction. This process is self-sufficient for tracking a simple
range of movements, but the need for more robustness leads to the addition of a
motion prediction module, which constitutes the second part of the system. An
extended Kalman filter is the central point of the motion-prediction process. Its
measurement-input is the positions of the hands and head obtained by 2D feature
tracking. The Kalman filter also incorporates the physics-based prediction of a
dynamic model and the high-level indications of a movement recognition module.
This last module of behaviours recognition and prediction is probably the most
challenging and even if it is not yet fully designed, it will be based on hidden
Markov models, or one of its variants.
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Chapter 1

Introduction

Tracking objects and especially human beings is still a very open and challenging task in computer
vision and virtual reality. Some techniques are already operational, but most of them rely on hard-
ware markers or other intrusive devices to identify the position of the various parts of the body. Since
these markers represent a constraint, a very popular goal in machine vision is to track human beings
exclusively from the images captured by one or more standard cameras. Of course, using only visual
information without reliable markers is a very difficult problem and that is why no perfect solution has
yet been found despite the many attempts that have been carried out for the last 15 years.

Tracking human motion is an exciting field of research, but also a practical issue because of all
the possible induced applications. A reliable and accurate tracking would be for example one of the
basis of human-computer interaction via movement recognition. A new type of interface for virtual-
reality applications could indeed be based on the body pose and gesture recognition, enabling users to
manipulate virtual objects with bare hands, or to control precisely and intuitively a virtual avatar. Body
and face tracking is consequently the first step toward tele-presence via the use of photo-realistic avatars.
It is then perfectly possible to imagine a meeting held in a virtual environment, each of the participant
remaining in his office, but being immersed with 3D glasses in this virtual environment. The other side
applications of tele-presence include virtual classrooms, virtual products presentation and sale, virtual
guided historic and cultural visits, etc. .. Many other annex applications are imaginable such as security
monitoring, very-low-bandwidth video compression or smart rooms.

Movement recognition is usually independent from the tracking in the sense that it is used as a
post-process to interpret the gestures. Just as much as human tracking, recognition is a very active field
of research leading to a number of practical applications. Some attempts concerning the interpretation
of human face emotions, or the automatic reading of the American Sign Language have been quite
successful. Human-computer interfaces are the first to benefit from a proper gesture recognition, but
almost all the applications cited in the context of body tracking could make a good use of it. Recognition
is generally done by comparing the current pose to a learned database which is usually a statistic data
structure. An extensive use of Al techniques and structures is also required in this domain, but it is
also more and more the case for tracking. A review of current recognition methods can be found in
the background section 2.6. One idea that will be developed in the rest of this report could be to
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use movement recognition as a feedback for the tracking process improving its robustness. Indeed,
understanding the current movement could help to predict accurately what should be the next one,
giving an additional information to the tracker and helping the detection and recovery of errors.

Concerning the tracking process, the main difficulties arise from the ambiguities and the missing
information in the views. Ambiguities are omnipresent in human-body tracking, mainly because of the
complexity of the human body with regard to the poor information available from the camera views.
Recognizing the head from a hand, or choosing one among several plausible poses are examples of
problems that occur frequently. Missing information is mainly due to occlusions: Since the tracking is
only done using camera views, some parts of the body can be hidden at some time from all of the views.
The only possibility is then to guess the position of the missing parts of the body, using for example a
dynamic model.

In practice, using only one camera view proved too unreliable mainly because of the occlusion
problem. No depth information could also be extracted from one only view, which leads to too many
plausible pose hypothesis for the same view. The current trend is then to use more than one camera
(usually three or more) in a configuration such as most of the body can be seen at all time. From this
frameworks, two main approaches have been explored. The first one is to firstly perform the tracking on
each view individually, resulting in a set of hypothesis associated with each camera, and then confront
the hypothesis from all the cameras to find the likeliest solution. The other alternative is to fuse the
data from all the views into a structure containing all the relevant information, and then to perform the
tracking on this representation which is hopefully as unambiguous as possible.

This last approach (prior fusion of the data) has been explored only very recently [CKBHOO, LSL02],
but not yet extensively. The common idea is to use a volumetric reconstruction calleiduaehull
as reference data for tracking. The visual hull is constructed by projection and intersection of the
silhouettes at the different views as detailed in the section 2.2. The approach of Cheung and Kanade
[CKBHO0Q] is to fit ellipsoids with gaussian distribution on the volumetric data using an EM scheme.
No model is used and the output is barely exploitable because it is highly inaccurate. The recent article
from Luck, Small and Little [LSLOZ2] describes a system using a kinematic model to fit the volumetric
data, and claims encouraging results with exploitable outputs. Nonetheless, their system is very simple,
and could probably gain in performance by using state of the art techniques like motion prediction or
incorporation of a feature-based tracker.

The general idea that will be developed through this report is to use a volumetric reconstruction as
basis for tracking, and to develop techniques to improve the reliability and efficiency of the tracking
as well as the recognition of movements. Using a model is now unavoidable for reliability and further
interpretation of the data. There seem to be a general consensus on the use of models: Almost no recent
paper tries to track human body without the help of at least a kinematic model. The section 2.3 is a
brief overview of the different types of models. For example, the use of a dynamic model with motion
prediction would improve the reliability of the tracking, especially when the model fitting technique
is based on an attraction-to-data scheme. The more common method to perform motion prediction
while being as insensitive to the noise as possible is to use a Kalman filter: A general description and a
mathematic formulation of the Kalman filter can be found in the section 2.5.

Feature-based tracking methods are not to neglect. There has been some spectacular improvements



CHAPTER 1. INTRODUCTION

in this domain over the pase few years. The general principle is to track in 2D the position of a specific
feature over a video sequence. For example, tracking the position of the hands on the different camera
views can prove very useful as a starting point for the tracking of the rest of the arm. Some colour-based,
or visual flow methods have been used, but the most successful one is CONDENSATION [IB98]. This
algorithm was introduced in 1998 by Isard and Blake, and proved very reliable when tracking objects,
even in difficult circumstances. The section 2.1 is a short review of some 2D feature-tracking methods,
including the CONDENSATION algorithm.

When the position of some parts of the body is known (using feature-based tracking), it can be
convenient to compute a first approximation of the global pose of the model. This approximation can
be combined with the position predicted from the dynamic model to obtain an accurate prior estimation
of the state of the model. It is important that this prior estimation is as close as possible to the real state
because it reduces the risks of misclassifications and improves the performance of the proper tracking
task. An estimation of the state of the model knowing only the position of some joints can be done
using a well know animation technique called Inverse Kinematic (IK). Even if IK is widely used, the
algorithms are not trivial especially when constraints have to be modeled. An overview of IK methods
is presented in the section 2.4.

After the background chapter, a general overview of the system is presented (page 27), starting from
a description of the problems and the corresponding constraints, and then attempting to address those.
During this overview, the fact that tracking and motion prediction are two complementary but separate
processes is highlighted, leading to the individual description of each. The chapter 4 is then consecrated
to the only tracking procedure, which covers the acquisition of data, the silhouettes extraction and
visual-hull construction, the kinematic model and inverse kinematics, and finally the model-matching
process. Even if this part of the system is self contained and could give acceptable results, the benefits
of a proper motion-prediction scheme are pointed out. The chapter 5 then focuses on motion-prediction.
The central piece is a Kalman filter whose parameters are described concretely at the beginning of the
chapter. The modules feeding information to the Kalman filter are then successively described.

The conclusion of this report provides a quick summary of the work currently done, and more
extensively a scope of the work to be done. The axis of future development are outlined, and a work
schedule gives an estimation of the scale of what is still to implement.

10



Chapter 2

Background

This chapter is mainly a literature review of the algorithms and techniques that will
be used in the implementation of the tracking system. Most of these techniques
are very general, but the description is always made from the point of view of
tracking.

2.1 Image based tracking

This section describes briefly some of the most popular 2D feature-tracking techniques. Their common
denominator is that they all work on a single image sequence (only one view at a time) and consequently
cannot use any volumetric information like the one presented in the section 2.2. These techniques can
nonetheless prove useful in our scheme a volumetric data tracking: Tracking a given feature in each
of the camera views allow to find its 3D coordinates by projection (the cameras are supposed to be
calibrated). This position can then be used to help the rest of the tracking process.

After proper segmentation of the foreground (see section 2.2.2), the Pfinder algorithm [WADP97]
grow blobs in a spatio-colour space. This means that the position of eacl{pi¥¢lis associated with
it colour to aggregate them by likelihood into gaussian clusters. In fact, to make the algorithm more
robust, some blobs are also generated from the contour of the object, and these two classes of blobs
are then blended together. This quite simple feature-tracking method proved surprisingly robust and
efficient when used to drive a kinematic model.

Active shape models were developed in 1995 by Coeted. [CTCG95]. An active shape model
is a set of splines (or snakes) which are constrained in their movements by a learned model, and which
can converge toward some image features. Typically, the snakes will tend to align with the edges of the
images. There are too many parameters to describe the movements of the whole shape, so a Principal
Component Analysis is performed on the parameter space (using a prior training set), and only a the
few principle axis are kept. The movement of the whole shape can then be described by a restricted
number of parameters, making a further recognition process much easier. An extension of the Active
shape models was introduced un 1998 as active appearance models [CET98]: The shape then includes

11
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some information about the texture patches in addition to the shape itself. Both these models have been
primarily used for tracking and recognition of faces. They can handle small changes of parameters, but
an utilization in human-body tracking would require a much bigger range of motion, which may prove
difficult to handle.

Isard and Blake [IB96, IB98] developed an extension of the Kalman filter in order to deal with non
linear predictions of movement. The algorithm, called CONDENSATION, uses sampling of distribu-
tions, Bayes rule, diffusion of distributions and reactive reinforcement to provide a robust estimate of
the next position of an object. Both object properties and motion are used in the model. In order to
apply it in practice, distributions have to be estimated. The shape of an object is modeled by splines.
The distribution of possible shapes for the object we want to track has been collected from a set of
manually annotated images. The motion has been estimated by using a Kalman filter to track the object
until this tracking fails. The motion information collected can then be used with the CONDENSATION
algorithm to track the object again. Improvements between the two ways of tracking have been observed
by Isard and Blake. Eventually, new motion distribution can be derived by the second tracking and used
in a third tracking to improve the result.

2.2 Visual Hull

Visual hull generation is also known in the computer vision literature as "shape-from-silhouettes”. The
basic idea is to take the views of a scene from different angles (usually at least 3 cameras are used),
to extract the silhouette of the object of interest from each of these views and finally to construct a 3D
representation of this object by intersecting the projection of the silhouettes (see figure 2.1 for a general
overview). The main steps of this sequence which will be detailed in the following sections are:

1. the capture of the different views, including camera calibration and synchronization.
2. background removal, and silhouette extraction.

3. genesis of the 3D shape in an adequate data structure.

2.2.1 Capture

The main challenge here is to calibrate the cameras properly, reducing the distortions due to the imper-
fect optical lenses. A common way to calibrate the cameras is to capture a known pattern (such as a
grid) and to compute the camera parameters such as the focal length, the centre pixel location or the co-
efficients of radial distortion (intrinsic parameters). Placing objects at known positions in the observed
space and retrieving their 2D projection on the camera-images allow to compute the word-coordinate
position and orientation of each of the cameras (extrinsic parameters).

The Open Source Computer Vision Librarys a good starting point for camera-calibration algo-
rithms. All the useful algorithms are already implemented, and are supposed to work pretty well.

http://www.intel.com/research/mrl/research/opencv/

12
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Figure 2.1: The visual hull is defined by the intersection of the generalized cones extruded from the
silhouettes (Image reproduced from [MBBQ])

2.2.2 Silhouette extraction

The input from the previous section is an image which can be of variable resolution, colour depth and
level of noise. The task here is to label each pixel of this image as belonging wether to the background
or the object of interest: This task is far from trivial because the colour information of a pixel is often
insufficient to label it correctly. The blue-screen technique is probably the simplest: The object or person
of interest moves in front of an uniform background (usually blue) and the colour of the background is
used to label the pixels. Of course a margin of tolerance has to be used for the noise and measurement
errors.

Background substraction is the other widely used technique which has the advantage of requiring
no special equipment. Each camera is supposed to be fix and so is the background: Taking a reference
image of the background (without the object of interest) and subtracting it to the current image then
zeroes all the background pixels. The pixels of the object get some values which hopefully are not too
close to zero. Thresholding the resulting image gives a first labeling. Of course misclassifications can
occur because of the noise, a change of illumination of the background or shadows.

To circumvent misclassifications due to a slow change of illumination of the background, a technique
[WADP97, HS99] is to update at a time-stepach background pixgB of the reference background
image using the colour of the same pixel in the current imaged a small coefficient (often chosen
arbitrarily) as follow:

By =aly +(1—a)B; (2.1)

Of course more complex schemes have been implemented to handle noise and quick variations in the
background: Most of them rely on a statistic techniques, modeling for example each pixel by a mixture
of Gaussians [SG99] or using simultaneously multiple background models [EM¥[5

An interesting alternative technique combining the information available from different views has

13
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just been developed [TD02]: The idea is to label as foreground every pixel that has "free space” behind
it. That is to say that if anything else can be seen behind the current pixel from any other view, then

this pixel has to be part of a foreground object. Of course objects other than the one of interest can be
detected by this technique, but there is always a way to get rid of them using masks.

Finally, once a first segmentation has been performed, a post-filter is usually applied to get rid of
the obvious misclassifications. Considering that a silhouette is a connected set of points, all the isolated
silhouette-pixels can be discarded. A closing kernel is also used to add the missing points inside the
silhouette.

2.2.3 3D projection

Having the silhouettes and the calibration information for each camera, each point in a silhouette defines
aray in scene space that intersects the object at some unknown depth along this ray. The union of these
visual rays for all the points in the silhouette of an image defines a generalized cone within which the 3D
object must lie. Therefore, the intersection of all these generalized 3D cones associated with the cameras
defines a volume in which the object is guaranteed to lie. Of course the volume only approximates the
true 3D shape depending on the number of views, the position of the viewpoints, and the complexity of
the object. In particular, since concave patches are not observable in ny silhouette, a silhouette-based
reconstruction encloses the true volume. Visaial hull[Lau94] is defined as the best approximation of

the object, obtained by using an infinite number of views: In practice, the approximation resulting from

a small number of cameras is assimilated to the visual hull.

Now, an adequate volumetric representation of the scene has to be found. It should be precise
enough to allow any further exploitation, and efficient for algorithms well as performances. Just as the
silhouettes, the volumetric data-structure is usually binary: A point belongs to the object or not. All
the representations also assume that the area of the scene is bounded by a cube. The most common and
simple approach is then to use a regular tessellation of cubes called voxels. The basic algorithm is to
project each voxel on each view, and to mark them as belonging to the object only if they belong to all
the silhouettes. In practice things are not so simple because the projection of a voxel (a cube) onto a
view-plane is a polygon which can contain a number of pixels depending on the relative resolution of
the voxel space and the cameras: Testing all these pixels, for each camera view, and for each voxel is
possible, but too expensive in practice. One easy solution is to project only the centre of each voxel,
which is fast but highly inaccurate if the resolution of the voxel-space is low. Some efficient algorithms
have also been developed [CKBHO00], sampling uniformly the points in the projected polygon and using
intensively lookup tables to avoid the cost of projections.

Octrees [CA86] is another spacial data structure that has often been used to generate visual hulls
[Sze90]. This structure has the advantage of coding more efficiently the large portions of the scene
having the same value. The method is to construct a coarse-to-fine hierarchy: Given an initial cube
that encloses the entire scene, the current voxel is projected to each view: If the projections are all
totally outside the silhouettes the voxel is labeled as belonging to the background, if the projections are
all included in the silhouettes then the voxel is marked as belonging to the object. Otherwise, when
the voxel intersects both background and silhouette points in the images, this voxel is subdivided into
octants and each sub-voxel is processed recursively.

14
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Figure 2.2: Model-based tracking (adapted from O’Rourke and Badler [OB80])

Another interesting representation is to model only the surface of the 3D object by a set of polygons
[Chr01]. This approach does not utilize any type of grid, and has the advantage of being particularly
adapted to rendering operations. The idea is to segment the contour of the silhouettes, which leads to a
polyhedral cone when projecting the silhouette into the scene. Intersecting these cones, gives the proper
polyhedral visual hull of the object. A polyhedral representation can also be computed from an octree
or a voxel space using the Marching Cubes [LC87] algorithm, in which case an opacity value can be
desired instead of the binary information (transparent or opaque).

2.3 Model

A model is not necessarily an explicit or exhaustive description of an object: It can rather be defined as
any way susceptible to help the understanding of the static or dynamic properties of a determined object.
A model is generally used to interpret brut data, in which case we talk of model-matching (or fitting) on
the data. For example, in human-body tracking, a model describes the movements in a functional way
(angles between limbs) whereas the brut data is inadequate to interpret the movement.

Of course, tracking can always be performed without any kind of model [IB96, IB98, CKBHO0O0] (see
section 2.1 for details), but these methods are generally not very robust toward occlusions and noisy data.
Furthermore, an impossible position can be returned due to a misinterpretation of the data. The use of
model prevents the generation of absurd positions because the model is maintained in a valid state at all
time. The analysis of the data is also simplified by the use of a model using motion prediction: Indeed,
knowing the current state of the model as well as its past evolution is usually sufficient to predict (more
or less accurately) its future state in the next frame. This predicted position is used as a starting point
for the tracking, making it much more efficient. Figure 2.2 provides a schematic summary of the steps
commonly used in model-based tracking.

In the context of human body tracking, we are mainly interested in the functional models which
help understanding the movement rather than the accurate anthropomorphic models destined to render-
ing photo-realistic avatars. Nevertheless some interesting work has been achieved in this last domain
including the semi-automatic generation of models [AB4] and the standardization [SCPMTO0Q] of
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Figure 2.3: (left) Standard human joints and bones hierarchy as defined by the MPEG-4 standard. In
practice, this representation is too complex for real-time tracking, so a simplified model (right) is pre-
ferred

human avatars via MPEG-4. An interesting domain of research is the link (parameter transformation)
between the models used for tracking and the finer models used for rendering.

Almost all the model-based tracking techniques rely on geometric models to describe the links
between the parts of the body and the way they should move. Geometric models are all composed
of bones and joints. The bones are usually straight, modeled by a cylinder, and are of constant length.
The joints are just connections between bones which can have up to 3 rotational degrees of freedom
(DOF). All the bones and joints are linked inside a hierarchy (tree) which root is usually the sacrum or
the pelvis of the human and the leaves are the extremities (hands, feet and head) as illustrated by figure
2.3.

This simple skeleton model is a first step, but it is usually not sufficient for efficient and robust
tracking: Constraints, dynamics and shape estimation have to be implemented on top of it. There are
two types of constraints that can be applied to a mddatd constraintsmust not be violated to guaranty
the integrity of the model. The extremum angles at each joint are part of the hard constraints because
under no circumstance do we want an impossible pose. Avoiding inter-penetration between body parts
(when implemented) is also a hard constraBwft constraint§avour the most likely poses among the
all possible ones. For example, minimizing the total energy of the system (position of the limbs as low
as possible) is a soft constraint. In most cases, soft constraints can be seen as a time-varying potential
field, depending on the current position of the model and sometime on its velocity. A skeleton model
including constraints is calledkinematicmodel: It can only describe the static state of a system but
not its evolution.

The state vector of a kinematic model consists of the model stagsd the model parameteys ,
The model state consists of the joint angles so itis a time-varying function whereas the model parameters
contains only constant values like the bone lengths. A system motion is more completely modeled when
thedynamicsof the system are modeled as well. A dynamic model describes the state evolution of the

16



CHAPTER 2. BACKGROUND

system over time. In a dynamic model the state vector includes velocity as well as pagition: And
state evolves according to Newton’s First Law:

G=W-Q (2.2)

Where @ is the vector of external forces applied to the system Bnds the inverse of the system
mass matrix which describes the distribution of mass in the system. In fact, some dynamic models
are governed by more complex laws, including for example a control parameter that allow to drive the
model toward a wanted state. A general formulation of the dynamic of a system can be found in the
section 2.5 about the Kalman filter.

Many model-driven tracking methods rely on an "attraction to the data” scheme to lead the model
to the correct position. This can be achieved in 2D using for example contours [DF99] or in 3D us-
ing voxels from a prior 3D reconstruction [LSLO2]. A notion of shape more realistic than the simple
bone-sticks is then needed: Some implementation use simple geometric primitives (boxes, cylinders
and spheres), others use NURBS or superquadrics to model the external surface of the model. Some
additional information like the colour or the texture at some positions can be included in the model. The
sum of all these visual data is callagpearance model

The conjunction of the kinematic, dynamic and appearance models can give a very robust tracker [NHO1],
especially when used within a statistical framework (see section 2.5).

2.4 Inverse Kinematics

The usual way to describe a system is to specify its paramgtdise pose of the system is computed

from these parameters and the position of each part or feature can then be deduced. This approach is
calledforward kinematicsaand works very well as long as the parameters of the system are known. If
now we want to specify (more or less completely) the final state of the system and compute its internal
parameters, the usual scheme does not work anymore. In fact, this last problermealisel kinematics

is much more complex than forward kinematics because it is usually not entirely defined and can lead
to many solutions.

In the case of human body tracking, inverse kinematics can help the fitting of a model to the data
when the position of some features have been detected. If, for example, the position of the head, hands
and feet of a person are known, then an inverse kinematics algorithm associated with some constraints
can compute the full position of the model, and deduce its parameters. As will be explained later, the
inverse kinematics methods all rely on an optimization scheme which make them quite appropriate to
the incorporation of constraints. It is then possible to mix inverse kinematics with another model-fitting
method in order to obtain better results.

2.4.1 Problem formulation

To explain the principle of inverse kinematics and the resolution methods, let us first consider a simple
kinematic chain such as an articulated arm. The position of the en effector (the hand) is aotkt;
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is matrix which describes the coordinate system of a jometatively to its father’s (the transformation
from one part to the next). The relationship between two coordinate systam; in the chain is
found by concatenating the transformations at the joints encountered during the traversal frenojoint
joint 5:
M} = M;M; i --- M;_1 M, (2:3)
So the position and orientation of the end effector with respect to the base is found by simply concate-

nating the transformation at each joint along the chain from the base to the point of interest. If we call
f this concatenation of matrices, then the forward kinematic problem is simply

x = f(q) (2.4)

If we want now to place the end effector in a specific position and find the model parameters (inverse
kinematic problem), the problem becomes formulated as follow:

q=f""(z) (2.5)

Solving the equation (2.5) is not so simple, mainly becgusenot linear and thus not easily invertible.

A general analytic solution does not exist; instead the problem must be solved with numerical methods
for solving systems of non-linear equations. The most common solution methods are based either on
matrix inversion or optimization techniques.

2.4.2 First method: Jacobian Inverse

A first method is to linearize locally the problem about the current position of the model. By deriving
the equation (2.3), the velocity of the end effector is

&= —=(q)q = J(q)q (2.6)

where/J is the matrix of derivatives of with respect tg, called the Jacobian g¢f. J is anm x n matrix,
wheren is the number of joint variables (the dimensiongdf andm is the dimension of (usually 6

with orientation constraints, 3 without). Inverting the equation (2.6) allow us to find the incremental
variation in the parameter space provoked by a move of the effector:

g=J (g (2.7)

The principle of the algorithm is now to iterate the equation 2.7 along the movement of the effector,
re-computing at each time step the veloditgf the effector and the new Jacobian matrix, and deducing
the corresponding updatgin the state vectoy. Of course, this scheme assumes that the Jacobian
matrix is invertible i.e..J is both square and non-singular. This assumption is in general not valid, but
some methods exist to alleviate this problem and to compute a pseudo-inverse or even to transpose
instead of inverting it (extensive details about these technique can be found in [Wel93]). Considering
now a complex kinematic model such as a human body, it is possible to place several end-effectors
simultaneously by adding successively their respective action to the state yedtbe incorporation
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Figure 2.4: Local optimization in the CCD method.

of constraints is not trivial but possible, and even mathematically very formal. The general idea is
to compute a constraint Jacobian matfixfrom which some constraint forces can be deduced using
Lagrange multipliers. These forces are then integrated in the state vector to keep the system in a valid
state (see [WGW9O0] for detalils).

Even if methods based on the Jacobian Matrix are the more formal and the more susceptible to give
good results, they are not widely used for fast and interactive computations. This is mainly due to their
relative complexity with regard to other iterative techniques like the Coordinate Cyclic descent (CCD).

2.4.3 Second Method: CCD

The idea behind the CCD method is to decompose the global optimization problem into much simpler
sub-problems. Instead of trying to find the global chagge the state vector, each joint is now opti-
mized independently, and the iteration of these local optimizations results in a global optimization very
similar to the one that could have been obtained by inverting the Jacobian matrix.

For a given jointj;, the idea is to find the anglg which minimizes the distance between the end-
effector and its desired position. When only a rotation is possible at the joint, minimizing the distance
to the goal il similar to aligning the vectg‘vﬁc from the jointj; to the effector: and the vectoy‘Tg> from
j; to the goaly, as illustrated by the figure 2.4.

The optimization problem at each joint is sufficiently simple to admit an analytical solution (see
[Wel93]), and is consequently very fast to solve. A few passes on each joint are generally sufficient to
reach a satisfying global solution: The number of passes can be fixed, or dynamically computed by an
error measurement. The convergence of the algorithm is ensured by the fact that each local optimization
can only close the end effector to the goal.

2.5 Kalman filter

In almost every practical problem, it is impossible to know accurately and certainly the reakgtate,
of a system at the time-stdp There is always a measurement error due to the imperfection of the
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captors, as well as the noises. In the case of model-based tracking, the problem is even worse because
an imperfect matching of the model can also produce errors in the model pose. In order to have a more
robust estimation of the real state of the system (pose of the model), we need to use all the information
available: The observed state of the modgl, obtained after fitting the model to the data is the first
obvious one. The second one is the predicted state of the modgthat can be deduced from the
previous state(s) and the dynamic behaviour of the model (see section 2.3 for details about dynamic
models).

The goal is now to combine the two variablesandz, to obtain the best possible estimatidp
of the real stater;,. The Kalman filter [Kal60] is a set of mathematical equations that implement a
predictor-corrector type estimator. It is particularly well adapted to solve the fusion problem described
earlier, and it is furthermore optimal. Since its introduction forty years ago, the Kalman filter has
been used successfully in a quantity of applications, but it only became really interesting in the past
few years with advances in digital computing. Indeed, due to its recursive nature, the Kalman filter
is very efficient and easy to implement. Concerning human-body tracking, the Kalman filter has been
used [KM96, WP98, DF99, WP99, NHO1] almost each time a motion prediction was implemented. An
introduction to the Kalman filter can be found in [WBO01] and a more extensive description has been
done in [Gel74].

In fact, the Kalman filter as it was introduced in 1960 is only able to handle linear systems. That
is why an Extended Kalman Filter (EKF) has been developed for non-linear systems such as human
models. The process, € R" to estimate is governed by the non-linear equation

g = f(@p—1, Uk, Wy—1) (2.8)

whereuy, is a control parameter allowing the change of the standard behaviour of the model. For
example, if the model only evolves according to physical dynamic equationsuthenalways null

and the next state of the model is computed only from the previous state. However, if a behavioural
understanding is implemented, then the control parameter moves the model toward the wanted position.
The parametetw, is the process noise, and is always present but obviously unmeasurable. It is usually
an uncorrelated white noise of known covariagggi.e. w; ~ N(0, Q). Because the noise cannot be
predicted, an approximatiol priori estimate) of the process state is defined as

:f:; = f(:i"k_l,uk,()) (29)

wherezy, is somea posterioriestimate of the state (from a previous time gtgprhe problem with these
two equations (2.8 and 2.9) is that we know nothing about the fungtidhis for example impossible
to invert f easily due to its non-linearities. A linear approximatiore@fwill then be defined from (2.8)
and (2.9) to allow some further operations. This linear approximation is

Tp R I, + Ap(zp—1 — Tp—1) + Wwi—1 (2.10)
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whereA is the Jacobian matrix of partial derivatives foWith respect tar

ofy .
A= Jayy (Zx, ux, 0) (2.11)

andW is the Jacobian matrix of partial derivatives foWwith respect to the process noise

O .
W5 = Wm(“’“’“’o) (2.12)

In practice, the matriX/” is often taken as being equal to the identity because we don’t know how to
compute the derivative gof with relation to the noise.

Just like for the process statethe measurement procesg " can be modeled by the non-linear
equation
2, = h(xr, vr) (2.13)

wherewvy, is the measurement noise which is as unmeasurable as the process noise, and which is also an
uncorrelated white noise of covariangg, i.e. v, ~ N(0, R;;). However, the problem is different for

the measurement because the real valug, 6§ directly accessible which was not the caseifpr An
estimated measurement (which will be used afterwards) can nevertheless be defined as

z, = h(z;,0) (2.14)
and a linear approximation of the measuremgns deduced from these previous equations as
2~ 2, + Hy(xp — 2) + Vg (2.15)

whereH is the Jacobian matrix of partial derivatives/oWith respect tac

Hii g = : (2k,0) (2.16)
J

andV is the Jacobian matrix of partial derivative bfwith respect tov. Just like previously for the
Jacobian matri¥?/, the matrixV is usually approximated by the identity matrix.

The principle of the Kalman filter is then to find an equation that computes posteriori state
estimatet;, as a linear combination of @ priori estimatez,” and a weighted difference between an
actual measuremenf, and a measured predictidp . This equation can be written as

T =12 + Ky (2 —7:’]:) (2.17)

or, using (2.14), as
T =2, + Ky (2 — h(i;,O)) (2.18)

where K, is ann x m matrix called the Kalman gain. This matrix is updated at each time step and
is responsible for the blending between the estimated state and the actual measurement. We can now
define thea priori estimate error covariancE, and thea posterioriestimate error covariancg, as
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follow:
P; = El(vg — iy ) (vp — )7 (2.19)

Py = B[z — &) (2 — 21)") (2.20)

The Kalman gaink;, from equation (2.18) is chosen to be the matrix that minimizesathesteriori
error covariance from equation (2.20). After resolution of this optimization problem (the details can be
found in [May79]), the optimal value oK, can be expressed as

Ky = P, HF (Hy Py HY + Ry)™* (2.21)

In the same way, the error covariance matriégsand P, are be computed from the equations (2.19)
and (2.20) as
Py = ApPia AL + Qia (2.22)

Py = (1 - KyHy) P, (2.23)

All the equations composing the Kalman filter have now been written. Before summarizing them, we can
just remark that they fall in two categories. The equations (2.9 and 2.22) that compute some variable at a
time stepk from data of a time step — 1 are called time update equations. They can also be thought of

as predictor equations and are responsible for projecting forward the current state and error covariance
estimates to obtain the priori estimate for the next step. The other equations (2.21, 2.18 and 2.23)
refer only to data from the same time step and use the actual measurement to compytedtegiori

estimate state of the system. These last equations are called measurement update equations, and can
be thought of as correctors. The Kalman filter is themedictor-correctoralgorithm with a prediction

step summarized in the table 2.1 and a correction step in the table 2.2.

Ty, = f(Zk—1,ux,0) (2.9)

Py = AP 1 AT + Qun (2.22)

Table 2.1: EKF time update equations

K, =P HI(H,P,H + Ry)™' (2.21)
&p = 2, + Ky(z — h(2;,0)) (2.18)

P, = (1 — Ky Hy) P, (2.23)

Table 2.2: EKF measurement update equations
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2.6 Recognition

Recognizing a movement is being able to give a sense to it: to interpret it. Movement recognition is
typically a classification problem where the current movement has to fall in a category of pre-learnt
patterns. To understand what is at stake, the spoken language is a good analogy: if the sound waves
represent the brut data (before tracking), then a succession of letters (basic sounds) are extracted by the
tracking process. These letters correspond typically to the model states. Then the role of the recognition
process is to try to make some meaningful words and sentences out of this succession of letters. The
applications are twofold: The most obvious one is that further analysis can be performed from this
recognition, opening the way to human-computer interactions. The other application is the detection and
correction of errors in the tracking: Indeed, just like a meaningless sequence of letters can be detected
and hopefully corrected into the most likely real sequence, an improbable sequence of movements can
be adjusted. The knowledge of the meaning of the sequence also gives a very high level predictive
power. Using again the analogy with the human language, as in a sequence of letters it is possible to
compute the probability of the next letter to come given the beginning of the sentence, it should also be
possible to predict the next probable position of the model knowing its current sequence of movements.

In the paper "Understanding Purposeful Human Motion” [WP99], Wren and Pentland describe a
general framework for using high-level understanding of the motion into the tracking process. The ex-
ample they use is the tracking of the circular motion of a hand where every physic-based model fails
to predict correctly the next position of the hand. However, including a behaviour model coupled to
a Kalman filter to control the motion results in an acceptable prediction. Of course a different be-
haviour model is needed for each type of motion, but the idea is to switch dynamically to the model
which matches best the observations. The behaviour models are represented by Hidden Markov Models
(HMMs).

Even if it is not directly correlated to movement recognition, the paper "Style machines” [BHOOQ]
from Brand and Hertzman can prove very useful to implement behaviour models. The idea developed in
this paper is that a movement can be decomposed into its fundamental motor theme (walking, jumping,
etc.) and a stylistic variation. An extension of the classic HMMs called Stylistic Hidden Markov Model
is introduced, allowing some variations around the standard HMM behaviour via a style variable. Some
methods of training by entropy minimization are described, making this representation of behaviour
models very practical. The principal advantage of separating the style information from the fundamental
movement is that only the last one is necessary for understanding and prediction. Having a way to
discard the style variations make the further analysis step much simpler.

Zhao, Wang and Shum describe an approach very closely related to the language recognition prob-
lem in their paper "Learning a Highly Structured Motion Model for 3D Human Tracking” [ZWS02].
Their idea is to define an alphabet of the possible body positions: In their implementation, only the
tracking of the arms is enabled so they use only 21 clusters (or letters). The conversion of a body po-
sition into a letter is just a classification problem that they address using a vector quantization and a
fuzzy C-mean algorithm. From the obtained sequence of letters, a dictionary of words is built using
the minimum description length (MDL) criterion. These words can be seen as transitions between two
states: ldentifying the states of the model between the transitions, and merging the similar states leads
to the construction of a graph. This graph, built offline during the learning step can then be used to help
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Figure 2.5: A typical Finite State Machine as used in [HTHOQ].

the tracking, or to generate new movement sequences.

Hong, Turk and Huang [HTHOOQ] have an approach quite similar to the one described above. They
use as input the 2D positions of the hands and the head. The vector obtained by concatenation of these
positions defines a point in the parameter space. The learning phase consists in acquiring some clouds
of these points when performing a particular gesture. No temporal information is used at this point, but
it will be incorporated later. A state is modeled as a multidimensional Gaussian, and corresponds to a
range of positions. The maximal variance of the states is a value that is determined at the beginning
of the algorithm. The states are then extracted from the clouds of points using a dynamic k-means
clustering algorithm. Using these states, a Finite State Machine (FSM) is constructed manually during
the training sequence. A FSM is a linear automate, as illustrated by the figure 2.5: The FSM presented
here can recognize for instance the sequdnce, 0,2,2,2,2,0,0,0,1}. A given FSM then represents
a succession of states, that is a movement. For each recognizable movement, a different FSM is trained,
and then, the recognition step simply consists in following the succession of states in each FSM: The first
to reach a final state has his associated movement recognized. The advantage of using FSMs instead of
the more classic HMMs is the simplicity of use, once trained. The inconvenient is that no unsupervised
learning method has yet been developed by the authors, even if it is one of their future axis of research.

The approach of Krahnstver, Yeasin and Sharma [KYSO01] is more basic. The input is a raw video
sequence of a movement, without the use of any kind of model. The part of the video which corresponds
to the movement of interest (for example, the region of the legs if we are interested in recognizing the
gait) is submitted to a Principal Component Analysis. The images are then projected into the result-
ing low-dimensional eigenspace. A HMM is trained with the low-dimensional image-sequence. The
recognition and the movement prediction are then done using the same treatment for the video sequence
in conjunction with the trained HMMs. The idea is interesting, but the lack of model makes it quite
unreliable, and anyway unadapted to complex-motions recognition.

Bregler [BM97] uses a hierarchical framework to recognize human dynamics in video sequences of
persons running. The framework can be decomposed into four steps: The raw sequence, a model of the
movements by mixture of Gaussians, a model of linear dynamics and a model of complex movements.
The basic movements are modeled with mixtures of Gaussians using the expectation maximization
algorithm on a probabilistic estimation of the motion based on the gradient of the raw sequence. The
Gaussians are then grouped into blobs. Each blob is tracked by a Kalman filter. the Kalman filter
is chosen to model a movement with constant velocity because the specific motion of each blob is
unknown. A cyclic HMM is then used to model the high-level complexity of motions. The HMM is
trained with an iterative procedure that requires an initial guess of the model parameters. This guess is
obtained by dynamic programming and is fine-tuned by the procedure.
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(c) Coupled HMM

Figure 2.6: (a) In a classical HMM, the probability of being in a given state depends only on the previous
state. A state represents all the processes. (b) In a linked HMM, the processes are separated and the
output is a joint probability of the state of the other processes. (¢) The CHMMs states depend on the
previous states of all the processes.

Even if most of the techniques presented above make use of standard HMMs eBedr{8OP96]
claim that these are too restrictive to learn properly complex processes such as human movements.
The main assumption of standard HMMs is that the current state contains all the information needed
to infer the next state: They are ill-suited to systems with multiple interacting processes that have
structure in both time and space. The example used in the paper is the tracking of the movement of
the hands of a subject performing Thai Chi gestures. Each hand is a separate process which clearly
depends on the movement of the other hand. The concept of Coupled Hidden Markov Model (CHMM)
is then introduced, along with an efficient training algorithm [Bra96]. The figure 2.6 shows a structural
comparison between the classical HMMs, the linked HMMs and finally the CHMMs. The test results
show that CHMMs outperform standard HMMs and LHMMs for the example of the Thai Chi gestures,
but it should suit as well any application including more than one interacting process.

In [GJH99], Galata, Johnson and Hogg propose an interesting trajectory-based approach to move-
ment and behaviour learning. In their paper, the subject is a human facing the camera and the corre-
sponding parameters are some points sampled along the contour of the body. In fact, the parameter
space contains not only the position of the points, but also their derivative (the velocity). The dimension
of the parameter space is then reduced using a PCA, so that a succession of states corresponds to a
trajectory in the reduced parameter space. Just like in [HTHOO], some prototypes are extracted from
these trajectories using a clustering algorithm. The difference is that a variable length Markov model
[RST96] is used instead of a finite state machine to learn the succession of states. The learning phase
is totally unsupervised, and the VLMM outperforms standard HMMs for motion recognition and pre-
diction. This first method of clustering is relatively low-level because it does not reflect the behaviours
of the subject. Another method is then developed to isolate the different behaviours of the subject. The
used assumption is that a movement is characterized by a non-null velocity, so that a transition is a still
state. The states with a velocity below a pre-determined threshold are marked as key-prototypes, and
the VLMM learns only the succession of these transition states instead of all the states. Recognizing or
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predicting intermediate states between the key-prototypes is done with a statistical framework. The test
results show that this high-level behaviour learning has a good predictive power and could be used to
help the tracking. Instead of points sampled from the contour of the subject, the parameters of a human-
body model could be directly used, making this method suitable for model-based motion-prediction and
tracking.
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Problem formulation and approach
overview

This short chapter is a direct continuation of the introduction in the sense that it
will first explore the applications of the system to determine the wanted features
and constraints. After this description of the problem, an approach is proposed
and described briefly. This overview can be seen as an introduction to the two
following chapters which will provide a more precise description of the proposed
solution.

3.1 Problem description

As explained briefly in the introduction, the leading idea of this thesis is to use a conjunction of state
of the art techniques to perform an accurate and reliable tracking of human-body motions. Even when
combining multiple techniques, a general choice of approach has to be made: tracking 2D features is
for example quite a different problem than tracking directly in 3D. Some of the decisions are directed
by the specifications of a reliable tracking system. Here are some chosen specifications of the system:

e The tracking process should run in real-time to allow application such as human-computer inter-
actions or virtual conferences.

e No hardware device such as captors or markers should be used for tracking: The process should
be as non-intrusive as possible. Using structured lights or lasers should also be avoided for the
same reason. Cameras are then then only remaining choice.

¢ No clothing restriction should be imposed to the subject. Of course, tight clothing makes the
tracking much easier than large clothes, but the system should be robust enough to track people
in a maximum of cases.
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e The background should not be imposed to the user. For example, the blue-screen method is
too constrainable. Some automatic background segmentation techniques have then to be imple-
mented.

e Occlusions should be dealt with. If part of the body is hidden during a limited amount of time,
then the tracking process should be robust enough to guess the position of the missing features
and to recover properly when they become visible again.

e The initialization of the system should be as fast and automatic as possible. Many systems rely
on imposed positions and movements to initialize the tracking process: This should be limited to
the minimum.

These specifications are a first indication of what the system should do, but they are too general to
be covered by any implementation. Some assumptions have to be made to limit the generality of the
problem, and thus simplify the solution. The assumptions listed below are very common and limit as
few as possible the usability of the system:

e The subject remains inside the workspace. This means that a portion of space is defined inside
which the subject can be tracked. If the subject goes outside this workspace, then the tracking
process stops and starts again only when the subject reappears inside the workspace.

e No camera motions. The cameras should be fixed because adding the problem of camera posi-
tioning and calibration is superfluous and can be a source of errors.

e Known camera parameters. Automatic camera calibration is an interesting problem that should be
eventually included in any complete tracking system, but it is not the central focus of this thesis.

e Only one person can be tracked at the same time. This assumption is convenient for a first imple-
mentation of the system but also discards complex cases when two or more people interact with
each other. Nevertheless, an obvious extension could be to track multiple people at the same time,
even in physical contact.

e Static background. Foreground segmentation is greatly simplified when the background does not
contain any object in motion. This is usually not a big constraint since almost all the backgrounds
are static. Nevertheless, if a part of the background happens to change, then the system should be
able to take this change in consideration.

e The lighting of the scene should be constant or vary slowly. This assumption is meant to avoid
flashing lights which would change totally the representation of the scene from one frame to the
next one. A robust background extraction method has then to be used, taking into account the
possible changes of luminosity.

From this set of specifications, the next section will be an attempt to provide a solution.
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Figure 3.1: Functional overview of the whole tracking system.

3.2 Proposed approach

Figure 3.1 presents an overview of the tracking system that is proposed in this thesis to fulfill the con-
straints from the previous section. A brief description will follow, but a precise explanation with imple-
mentation details can be found in the next two chapters.

The input at the top of the diagram is formed by a conjunction of the views from the cameras (the
methods for extracting the data correctly are described in the section 4.1 of the next chapter). The
background is then removed from the images, and the silhouettes of the subject of interest are created.
The next step is the construction of the visual-hull from these silhouettes (process described in the
section 4.2). The voxel space which is the output of the visual hull algorithm is then used in conjunction
with a kinematic model to perform some model-matching (see section 4.3.3) based on a pulling force
scheme. This chain of processes (the left part of the diagram) is basically a succession of treatment
of the data, with no interpretation or understanding of them. Indeed, apart from the kinematic model,
nothing here is specific to human-body tracking, and could be applied to any other purpose.

The right part of the diagram is specific to human body-tracking, and can be seen as an assistance
to the tracking process previously described. Indeed, it will be pointed out in the next chapter that the
model needs to be positioned near the data for the model-matching to be efficient, and this can only
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be achieved by some kind of motion prediction. The central part of this motion-prediction process is
a Kalman filter which is the perfect mathematical tool for prediction and fusion of information. The
Kalman filter takes its data from as many sources as possible. The model itself is one of them: Itis a
perfect source of information because its parameters are directly exploitable and these are supposed to
be areliable (errors in the correction have been corrected by the model-matching). Input from 2D feature
tracking can also prove very useful because it provides an accurate piece of information (typically, the
position of recognizable features like the hands and the head). A module of movement recognition
will also feed the Kalman filter in precious data: Indeed, movement predictions which are only based
one pure physics and dynamic have proved to be unable to handle some kinds of movements (like for
example a waving hand). The module of movement recognition will be described in the section 5.3, but
it is sufficient for now to see it as a database of movements. The movements of the model are compared
to this database, and the current movement is deduced, from which the next probable position of the
model can be deduced.

After integrating all the data from these various sources, the Kalman filter computes a predicted
position for the model. This prediction is used as a basis for the model-matching process which leads
to the final position of the model. The advantage of using a Kalman filter is that this final position is
then used to correct the parameters of the Kalman filter, and to improve the next prediction. The sources
leading to accurate predictions will be more and more trusted while the others will have their weight
diminished. For further information about the Kalman filter and its benefits for tracking, refer to the
background section 2.5.
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Data processing and tracking

After the global overview of the previous chapter, this part focuses on the acqui-
sition of the data, the way to process them, and the proper tracking task. Most of
the techniques used in this section directly refer to the one described in the back-
ground section. The limitations of this single approach will be pointed out in the
last section, leading to the next chapter.

4.1 Capture and pre-processing

The capture of the data is the first step of any process: From the specifications of the previous chapter,
the only possible sources of data are standard cameras. The characteristics of these devices is crucial for
the rest of the tracking process. Their resolution and colour depth are two important parameters: A poor-
resolution camera will provide inaccurate data while a too high resolution will generate big data being
too expansive to process. In fact, high-resolution cameras are often preferred because it is very easy to
adapt their output to the needs of the rest of the system via simple resizing filters. Usually, a medium
resolution of 320x200 is sufficient for effective human tracking, but it depends greatly on the size of the
workspace and on the final application. Frame-rate is another very important parameter: The general
rule is to prefer the highest possible frame-rate. The reason why frame-rate is so important is that most
of the tracking algorithms use the data from the previous frames as a starting point for the tracking on the
current frame: The higher the frame-rate is, the closer the data will be between two successive frames,
and the easier the tracking will be. As stated in the previous assumptions, the cameras are supposed to
be fix, so as long as the fundamental matrix is known, the capture is straightforward.

The use of multiple cameras is one of the central points of the proposed system. The justification
for using more than one camera is mainly that occlusions are greatly reduced if multiple views are
available. A hand hidden behind the back of a subject can be seen only if there is a camera placed in
the proper position. Therefore the cameras are usually placed in a way that they cover the maximum
of space and different viewpoints. Usually 3 cameras are sufficient to alleviate most of the ambiguities
of the mono-view approach, but some systems use much more cameras relying on the redundancy of
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information to improve the robustness of their tracking. If all the cameras are properly calibrated, then
the fusion of their individual data is easy, otherwise the images have to be transformed to be coherent
with each other. In the proposed system, the assumption is that the cameras are properly calibrated
at all time which means that spotting a feature in all the views must allow the computation of the
3D position of this feature unambiguously. Synchronization also becomes an important issue when
multiple cameras are used simultaneously: A shift of just one frame between video streams would lead to
incoherent data and would constitute an inappropriate basis for tracking. In some systems, each camera
is attached to a separate computer and the video streams are transmitted to a central server through a
network. Other hardware configurations allow the use of multiple cameras on a single machine. There
is no decisive advantage of a configuration over the other since using only one computer eliminates the
network overhead but limits at the same time the parallelization of the processing.

Depending on the algorithm used, background removal is a process that can be operated on each
view independently. It is part of the pre-processing step as it does not fully interact with the tracking
process. According to the specifications of the previous chapter, the algorithm has to handle constant
backgrounds with slow luminosity changes. The most simple solution described the background section
2.2 isto keep areference background image in memory, and to proceed by background substraction. The
reference background is updated with a multiplying coefficient at each frame, and some post-filters are
used to get rid of the misclassified pixels. The advantage of such a simple background removal scheme
is that most of it can be done in hardware using the programmability and the processing capacities of
recent video-cards. If a new object suddenly appears in the background, then it will be first classified as
belonging to the foreground but as the reference background image is slowly updated with the current
frames, this object will eventually be integrated in the background.

Once the background is removed, the silhouette extraction is done by simple thresholding. The
resulting binary image is then processed by some filters to remove the isolated pixels and to fill the small
gaps inside the silhouette, those having a high probability to be due to noise. The currentimplementation
takes in input the views from an avatar instead of real camera-images. This is mostly due to the fact that
the necessary devices are unavailable yet. The principal inconvenient of this method of virtual cameras
is that the resulting image is noiseless and suffers from no distortion, which never happens in real life.
The screen-shot 4.1 shows the output of the current implementation of the silhouette extraction, which
is mainly limited to a thresholding algorithm.

Most of the classic tracking methods use directly the silhouettes obtained by background substrac-
tion and thresholding to perform tracking. Nevertheless, the approach chosen in this thesis is to built
an intermediate 3D structure and to perform the tracking on it. The advantage of this is that there is no
need to emit hypothesis for each view and then to confront them: All the information is contained in
a single data-structure so that its use should be optimal. Of course there is an overhead in adding this
extra-step, but with a careful implementation, the whole process should still be able to run in real time.

4.2 Visual Hull

The visual hull algorithm is described in the background section 2.2: It is a volumetric representation of
the object of interest obtained by intersection of the projections of its silhouettes.
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Figure 4.1: Silhouette extraction: The upper row shows the images of the avatar as seen by the 3
cameras (resolution of 128x128), and the bottom row contains the corresponding silhouettes obtained
by thresholding.

4.2.1 Design choices

Different algorithms and data-structures were discussed in the background section, but a choice of im-
plementation has to be made at this point. Considering that speed and usability are the two major goals,
the voxel data-structure has been chosen. Of course, this solution suffers from a higher memory occu-
pation that octrees or polygonal representations, but it has the advantage of simplicity. It is indeed very
easy to access and modify any element of a voxel table.

Mainly for speed purpose, and also because the goal of the constructed visual hull is not to reach
photo-realism, a simple projection scheme has been chosen. This means that within all this section,
we will consider that a given voxel projects onto a single pixel on each camera view, and reciprocally
a given pixel on a camera view projects as a cone in the voxel-space. This approximation allow some
speed optimizations such as the implementation of a pixel-voxel lookup table while keeping a sufficient
level of accuracy. Indeed, if the size of the voxel-space is comparable to the size of the camera-views,
then the projection of a voxel on a camera-view is anyway a surface covering approximatively one pixel.

The above simplification leads to another interesting one: Given that a voxel always projects on a
single pixel for each camera-view and that these pixels have binary values (because of the silhouette
extraction), then each voxel can only have a binary value too. Some other approaches use intermediate
values reflecting the occupancy of a voxel: This is not necessary for tracking purposes because an
accuracy of 1 voxel is sufficient. The main benefit of this binary representation is that the memory
occupation of the voxel-space can be reduced to the minimum.
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4.2.2 Implementation

The input of the algorithm is a set of silhouettes, each of them being being a binary image. As stated
earlier, the size of the silhouette images should be comparable to the size of the voxel-space, which
means that the resolution of the silhouette has to be relatively low to keep the size of the voxel space
reasonable. Depending on the power of the machine and the application, a size from 64x64 to 256x256
is perfectly manageable. There are basically two approaches for the implementation of the visual-hull
algorithm with a voxel space:

e The first one is to go through each individual voxel, projecting it on each of the silhouettes, and
marking it as full if all the projections fall inside the silhouettes, empty otherwise. The projection
of a voxel onto the silhouette associated with a camera-view is done using the fundamental matrix
of the concerned camera. Nevertheless, even a simple matrix-vector multiplication performed 3
times (for 3 cameras) for each voxel represents a too big amount of computation for real-time. An
optimization is to realize that the cameras being fix, there is no need to re-compute the projection
of the voxels each time. A lookup table is then built offline, associating each pixels with the the
pixels it should project onto. In the same way, another optimization is to continue to project a
voxel on the camera-views only if it fell inside the silhouettes of the previous views. Indeed, as
soon as a voxel projects itself outside one silhouette, it can be marked as empty.

e The other method is to start from the silhouettes, projecting the pixels in the voxel-space. As
each silhouette is treated independently from the others, a layered construction of the visual hull
is adopted. All the voxels then contain an accumulator which is incremented each time a pixel
belonging to a silhouette projects into it. At the end of the process, only the voxels which accumu-
lator contains a value equal to the number of cameras are marked as full. As stated earlier, each
pixel projects as a cone of voxels in the voxel-space: Computing this projection each time is too
far expensive for real-time, so a lookup-table approach is adopted. Each pixel of the camera-view
images is associated with the list of voxels it projects into. The lookup table is pre-computed
offline by projecting each voxel into the camera-views, storing the correspondence between this
voxel and the pixels concerned by the projection. The obvious optimization at this point is to
update only the voxels attached to pixels lying inside a silhouette.

Both methods are almost equivalent regarding the computational complexity and the memory occupa-
tion. However, the second algorithm has a slight advantage in the facts that only the voxels that project in
at leat one silhouette are visited. Considering that the voxel-space is the largest data-structure, and that
the silhouettes usually occupy a reduced portion of the camera-views, it is an appreciable improvement.

Both the two previously described algorithms have been implemented as part of this thesis. The
chosen programming language in C++, which proved very powerful along with an object-oriented pro-
gramming approach and which also performs very well at the same time. In fact, C++ will be the
programming language utilized everywhere through this thesis. However, a major inconvenient of C++
is that it does not contain in itself some standard libraries for managing the common data-structures
such as lists and trees. The Standard Template Lib&VL) is aimed at providing to the C++ lan-
guage a standard and generic way to handle a wide range of data-structures. The STL will then be used

Lhttp://www.sgi.com/tech/stl/
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extensively. Another important part of the implementation tools is the graphic library. Opea®ie
unavoidable cross-platform standard 3D library for all the rendering process. It is used here through a
higher level library called MAVERIK [HDG96, HCKO01]. MAVERIK is not only an interface for the
OpenGL graphic library, but a full-featured virtual-reality micro kernel. Among all its functionalities,
one can find the support for a wide range of input and output devices, some navigation schemes, a frame-
work for managing the display and interaction of objects, some algorithms for culling, and many more.
In fact, the main benefit of using MAVERIK is that most of the common functionalities are already
there, so only the interesting part needs to be implemented.

From the silhouettes extracted in the previous section (128x128 images were used), the visual-hull
algorithm produced the screen-shots shown on the figure 4.2. By examining these images, we can see
that the constructed visual-hull should be precise enough for the tracking, even if some artifacts are
present, mostly due to zones that are visible by none of the cameras. The frame-rate of the algorithm is
currently only of a few frames per second on a Pentium 450MHz processor. Future optimizations should
allow speed improvements, especially because the bottleneck seems to be the silhouette extraction and
the display process.

An additional post-processing step has also been implemented: The removal of the internal voxels.
This step will prove useful in the rest of the tracking process, while clarifying the visualization of the
visual-hull. Moreover, profiling tests show that even the basic algorithm which consists on removing the
voxels having neighbours on every side runs in a very small time compared to the rest of the process.

The output of the visual-hull construction is a binary voxel-space (an 3-dimension array) containing
the volumetric representation of the subject of interest. At this point, no knowledge about the geometry
or dynamics of the subject has been used: The silhouettes extraction and visual-hull construction could
work on any type of object in exactly the same way. The next stage is to try to give a structure to the
data by using a model and trying to match it on the visual-hull. A kinematic model (see section 2.3
for background introduction) of the human body is then used along with an inverse-kinematics scheme
(section 2.4).

4.3 Model

4.3.1 The kinematic model

As a reminder, an kinematic model describes the relations between the bones and joints, but not the
attributes of the body-parts. Some simple constraints can also be part of the kinematic model, such
as the range of rotation for the joints. As explained in the background section, a kinematic model
is only composed of joint and bones, arranged in a hierarchy. Given that in a human body (like for
most of the skeletons) a bone always follows a joint, only one common structure will be used in the
implementation. This structure is a conjunction of a 1 DOF-joint and a bone in the sense that it has a
rotation axis, a rotation angle, and a length. This structure also contains a list if sons and a link to its
father to include it in the hierarchy of the model.

2http://www.opengl.org
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Figure 4.2: The same visual-hull construction from two different viewpoints. Voxels are represented by
points. A voxel-space of size 128x128x128 is used here, with 3 cameras. The inside voxels have also

been removed.
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Only one degree of freedom is implemented for each joint, mainly for generality and simplicity
purpose. In fact, most of the joints in the human body have more than one degree of freedom, but their
modelisation is then done by superposition of two or tree 1-DOF joints. For example, a shoulder-joint
with 3 DOFs will be modeled by three 1-DOF joints rotating around 3 perpendicular axis. Each joint
is then defined by its axis of rotation (which is fixed at the creation of the joint, and does not change
afterwards), and its current angle of rotation. The angle of rotation is just a scalar real value. The
actual rotation and the translation corresponding to the bone length are stored in a 4x4 homogeneous
transformation matrix which is updated using a quaternion.

In fact, each of these joint/bone combination exists in its own local coordinate system. This means
that the global position of each joint is relative to the one of its father. For example, rotating a joint in
the shoulder of the model will rotate the whole arm. Far from being a problem, this even represents
an advantage because most of the updates are done this way. The only negative point is that when the
global position of a joint is needed, the whole hierarchy has to be walked through until the root.

Simple hard constraints were also implemented. The rotation angle of each joint is constrained to
remain inside a range of values. When the angle gets over one of the allowed extrema, it is clamped to
this extremum. Of course, this implementation of the constraints is simplistic and should be improved in
the next versions of the program. Dependance between constraints should for example be added, allow-
ing a more precise definition of the zone of allowance for 2-DOF and 3-DOF joints. Other constraints
like forbidding inter-penetration of bones would also be a benefit.

4.3.2 Inverse kinematics

Inverse kinematics is used to update in a coherent way the posture of the model when the position of
some of the joints are specified. Typically, the position of some extremities like the hands and the head
can be deduced from colour-based information, leading to a good starting position for the tracking of

the rest of the body-parts. Even during process of matching each joint to the data, no joint can be moved
independently from the others because it would break the coherence of the global pose of the model.
This is why inverse kinematics is extensively used for positioning individual joints.

Two methods were described in the background section, and even if the one base on the Jacobian
Inverse is mathematically more rigourous, the one chosen here is the CCD. Once again, speed and
simplicity considerations were at stake in this choice. Furthermore, each joint having only one degree
of freedom, the CCD method become very easy to implement and gives good results while allowing the
incorporation of constraints.

The principle of the CCD method is first, for each joiRt to find if one of its descendants has to be
moved. If the joint/; has to be moved to the goal-positiéh then the only way to gef;, closer toG
by only affecting the current joinf; is to minimize the angle between the vect(ﬁ; and m Each
joint has only one degree of freedom (a rotation around anﬁiiso that the new rotation angle is the
only parameter to compute at the current joint. The formulae below are used to compute the optimal
rotation angle of the Joinf; (the one that minimizes the angle betweﬁg andm).

ki=J.G-BxJiJ R (4.1)
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ky = TG - iy (4.2)

ks =R - (iG A JiJy) (4.3)

Optimal Angle = arctan( ks ) (4.4)
ko — k1

In fact, this new angle is not directly affected to the joiltbecause we want all the other joints to
contribute as well to the movement. The CCD method goes successively through all the joint from the
effector to the root of the kinematic tree, and then reiterates this process a number of times until the
movement is stabilized. That is why the value of the angle at the current joint is only updated by a
fraction of the optimal angle, in a way to limit instabilities while eventually reaching the optimal value
after a few iterations.

NewAngle = PreviousAngle + o x (Optimal Angle — PreviousAngle) (4.5)

whereq is a coefficient depending on the number of iterations of the CCD algorithm. A value around
« = 0.1 proved to give good results.

Moving a joint and having all the other joints moving accordingly can however pose some problems
in the tracking process. If, for example, the position of a shoulder is known and we want to move the
corresponding hand toward its position, then we do not want the shoulder to move as it would be the
case with a standard inverse kinematics algorithm. Instead, a convenient solution would be to handle at
the same time the fact that the hand should move to its goal position, and that the shoulder should stay
as much as possible in place. The CCD method should then be implemented in a way that it handles
multiple goals at the same time.

The chosen way to implement this is to affect a possible goal to each joint. When the CCD algorithm
is applied to a given joint, all the descendants of this joint are explored to find the ones affected to a goal.
The vectors pointing to these joints, as well as to their goals are stored in a stack, so that a new rotation
angle for the current joint can be computed for each goal. These rotation angles are then averaged and
the angle of the current joint is updated toward this average goal. This way, if all the goals can be
satisfied, then the algorithm will converge toward a solution, otherwise the algorithm will still converge,
but toward a compromise between all the goals.

Simple constraints are also handled by the current implementation of the Inverse Kinematics algo-
rithm. The CCD method visits each joint at a turn, so it is quite easy to maintain constraints for this
joint: The only thing to do is to ensure that the angle remains within the acceptable range specified at the
creation of the joint. If the new angle computed by the CCD algorithm falls out of this range, then the
effective new angle will be clamped to the allowed extremum. The CCD algorithm performs a number
of passes on each joint on the kinematic chain, so even if one joint is constrained, the other joints will
eventually compensate and the effector will still converge toward the goal.

4.3.3 Matching

Now that a proper model has been defined and implemented, the next step is to match it on the data
produced by the visual-hull algorithm. This is probably the most difficult problem until now: The reason
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Figure 4.3: Each voxel exerts an attraction force to the nearest bone, making the model converge toward
the data

is that there is no general solution to match correctly a 3D model on a set of voxels. Furthermore, the
proposed solution has to be very robust to handle all the noise present in the voxels. Some assumptions
will also have to be made, because no algorithm has yet been developed to handle model-matching in a
general context. The first of these assumptions is that the model should correspond quite precisely to the
data to track. This is not an easy task because all the bones can have different lengthes from a subject to
another. Moreover, the global scale of the model has to correspond to the one of the data. One way to
adjust the model parameters to the data is to perform an initialization step where a special pose is taken
by the subject (this part has still to be implemented). The other assumption is to suppose that the model
is at all time sufficiently close to the data. This means that the initial position of the model has to be
chosen carefully because only small adjustments will be handled by the model-matching algorithm.

The chosen algorithm for model-matching is an attraction scheme. The principle is that the voxels
are supposed to attract the bones of the model so that eventually, after a few iterations, the model is
superposed with the data. One can also visualize this attraction scheme by virtual springs being attached
between the voxels and the bones of the model as illustrated by the figure 4.3.

At first glance, this approach seams to be the perfect solution to the model-matching problem. How-
ever, a big inconvenient of the algorithm is that there is no way to know which bone should be attracted
by a given voxel. This is because the voxel-space as produced by the visual-hull algorithm has no struc-
ture: A voxel cannot be said to belong to the forearm or the leg. The only solution to this problem is
to consider that the model is already sufficiently close to the data in a way that the nearest bone to each
voxel is the one that should be attracted.

Of course, the above method is not sufficient to implement correctly the attraction scheme. In the
real implementation, each voxel can have an effect on all of the bone segments, which overcomes the
problem of having to decide which bone segment a voxel belongs to. However, each pull is weighted
by the distanced, to each bone so that a voxel exerts a stronger pull on closer bones than on those
further away. For each voxel, let the minimum distance to to any bone be denatgg,ad he weight
for each bone is given b@%)? Accordingly as the model is pulled into the correct orientation, the
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Figure 4.4: A given voxel exerts on each bone an attraction force which depends on the distance between
this voxel and the bone.

forces exerted from particular voxel should be almost entirely on the segment closest to the voxel. In
addition, a zero weighting is applied to any bone further than a certain distance from the voxel (this
maximum distanced, ..., is pre-computed as the maximum velocity of a bone divided by the tracking
rate). Also, if a voxel is within a very small distance from an bone (lessdhat), then it is assumed

that it belongs to only that segment, and a zero weight is assigned to all the other segments. These
weighting assignments are summarized below:

1 if  d<dpm
weight = (dT)?’ if  dpin < d < dmae
0 /l:f d Z d’rn,a.’l:

The figure 4.4 is an illustration of the above table where the pulling force from a voxel is strongest
toward the closest bone that toward a more distant one.

The last problem to solve is to transform the forces at the bones into forces at the joints. Indeed, the
kinematic model along with the inverse kinematic scheme described earlier only allow to move joints.
In fact, it is quite easy to do so by adding for a joint all the forces on the adjacent bones proportionally
to the distance these forces apply from the joint. This way, a pulling force applied on a bone near the
joint will almost exclusively apply on this joint, and a force applied near the middle of a bone will be
equally distributed between the joints.

Even if it is not yet entirely implemented, this model-matching algorithm should work pretty well
when the initial position of the model is sufficiently close to the data. To ensure that only small adjust-
ments are to be made by the model-matching algorithm, the frame-rate of the overall tracking process
has to be sufficiently high to have only small moves of the subject between two consecutive frames.
Even if this is asinequanortondition, it is practically not sufficient because rapid moves of the subject
will still result in big changes between two frames. Some methods have then to be utilized to place the
model near the data

The rest of this thesis deals with the ways of positioning the model near the data to make the model-
matching more efficient. The main way to perform this is to use a scheme for motion prediction. A
dynamic model will be used along with filtering techniques such as the Kalman Filter. An important
part of movement recognition will also be developed to help the prediction, and also to interpret the
movements of the model.
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Figure 4.5: Functional description of the tracking process, without motion prediction.

4.4 Conclusion

This chapter presented the adopted approach for tracking human-body from camera views. In the first
section, acquisition constraints were described, along with background removal and silhouette extraction
techniques. These silhouettes were used to construct the visual-hull. Then, the proper tracking part was
the model-matching process using a kinematic model and an inverse kinematic module to move it. A
functional representation of this system is shown on the figure 4.5.

Even if its implementation is not yet totally completed, this system should allow a correct tracking
of human bodies. However, the system will inarguably benefit from a motion-prediction scheme. This
last process will be described in the following chapter.
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Chapter 5

Motion prediction

This chapter focuses on the part of the tracking which predicts the position of the
model in the next frame. As we will see, there is not a single module achieving
this but several all them, all connected to a Kalman filter for the fusion of the data.
These modules are reasonably independent from each others, and will be described
successively. However, the work on this part has currently not been started, so no
implementation is yet available. The description will then be only formal, and not
as detailed as it could be.

5.1 The Kalman Filter

The Kalman filter is basically a predictor-corrector algorithm which can fusion the data from various
sensors to produce the best estimate of the state of the system (in this precise case, the current pose of
the model). A mathematic description of the Kalman filter can be found in the background section 2.5:

In this section, we will try to associate the definitions and variables of the abstract description with the
practical modules and data that will be used in the human-body tracker.

A quick reminder of the equations of the Kalman filter may be necessary to find the variables and
functions which need to be associated with real data. Firstly, the time update equations were:

i]: = f(‘%kflvukv O) (51)

P = APy 1 AT + Qi1 (5.2)

and then, the measurement update equations:

Ky =P, HE (H P, HE + Ry) ™! (5.3)
P, = (1 - Ky Hy) P, (5.5)
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Some variables are obvious to associate. For exanmplegpresents the current state of the model,
and Z,_1 the previous state of the model. What is caldteof the model is in fact the vector of
the model's parameters (i.e. the joint angles and the angular velocities). These data are very easy
to obtain from the kinematic model described in the previous chapter. The second parameter of the
function f in the first equation may be more difficult to understand: The driving falces supposed
to be an indication on the next position of the model. Typically, this input can be provided by the
movement recognition module. The advantage of using this high-level motion prediction is that it should
complements perfectly the other low-level parameter.

The functionf is still to define: It is a very important part of the algorithm because this function is
responsible for the a-priori estimate of the model’s state. It should compute an estimation of the current
model state from the last known position of the moglgl; and from the driving force:;. For one
part, the functiory is based on motion prediction using a dynamic model. This prediction is only based
on physics (it follows Newton’s laws of movement), and can be seen as the inertia of the system: An
arm moving in a direction has strong chances to continue its movement in the same direction in the
next time-step. This first part of the functighis the low-level motion-prediction: No knowledge of
human behaviour is required. Oppositely, the second part is the one taking into account the driving
forceuy, and corresponds to a high-level motion prediction. The exact way to blend these two parts of
the functionf is still investigated, and will constitute one of the axis of research for the next year. The
matrix A is the Jacobian matrix of partial derivatives ofvith respect tar, which will make it easy to
compute as soon as the functigis properly defined.

The noise covariance matricés. and Ry, have not been determined yet, and will probably have to
be tuned by experimental testing. In fact, their value will depend greatly on the physical devices used
for acquiring the data.

The last thing to determine is the exact nature of the observed process. It cannot be the model
because it is only an estimation of the real pose of the subject, and moreover it is already used as a
correction parameter for the filter. The voxel-space obtained by the visual-hull algorithm could be a
good candidate as the observed data-set, but unfortunately is is is far too big too be practically usable.
The other problem with the voxel-space is that the mapping between the visual-hull and the model is
not obvious even though the functi@rassociating the observation with the model needs to be defined.
Another, more simple, observed data must then be used: The constraints are that this observed data-
source should be simple enough and not altered with extern knowledge like the model.

The 3D position of the hands and the head, computed from an image-based tracking process is a
perfect candidate for the observed data-set. Indeed, it generates only a few parameters and is indepen-
dent from the rest of the tracking process, guaranteing the "purity” of the data. Of course, a drawback
of the simplicity is that this data-set will not describe entirely the state of the model: There is an infinity
of possible states of the model for one given position of hands and head. Some tests still have to be
done to confirm this, but this lack of completeness should not be a problem because the major part of
the parameters of the model can be deduced from the position of a few limbs. The fundééined as
h(Zx,0) = 24 is then trivial: It is just supposed to compute the position of the hands and head from the
model. In the same respect, the matiixvhich is the Jacobian matrix of partial derivativeshodill be
simple to deduce.
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5.2 Image-based features tracking

This module takes the images from the cameras in input, and is supposed to find the positions of some
specific features like the hands or the head. Contrarily to the algorithms presented in the previous
chapter, this 2D-feature tracking will be a very specialized process, applicable only to human-body
tracking. Despite this specialization, the 2D feature-tracking algorithm should be able to handle a wide
variety of inputs: Basically, any human being should be treated in the same way.

Because of the too different appearance of the clothes, the only generic and trackable parts of the
body are the bare ones, such as the hands and the face. The tracking will then mainly rely on a colour
segmentation scheme. Of course, the colour of different skins is not the same, but a prior calibration of
the system should allow any skin colour to be properly segmented. Another problem may arise when
the subject has more bare body parts (for example when wearing a T-shirt) than the ones destined to be
tracked. The idea will the be to use some knowledge from the previous frames and possibly from the
model to know which are the real features to use.

An overview of the considered method for 2D feature tracking is then the following: Images from
the camera-views are the input of the algorithm. In fact, the background will probably be removed
from these input images as it would only complicate the later segmentation. The rest of the algorithm
is inspired by the Pfinder system [WADP97], of which a description can be found in the background
section 2.1: The basic idea is to grow Gaussians blobs by likelihood of colour and proximity. To identify
each blob (knowing for example that a particular blob should be the right hand), the previous positions
of each feature can be used, as well as some information about the shape of the blob (size, axes, etc...).
After identification, the central position of each blob is computed, and finally all the 2D-coordinates of
the blobs are projected and intersected in a 3D space to obtain the 3D position of each feature. These
3D positions are the outputs of the algorithm.

5.3 Movement recognition and prediction

The module of movement recognition and high level prediction is probably the most complex among
the whole system’s. It has to make intensive use of Al techniques such as unsupervised leaning or
classification. This module is still in elaboration phase, so only the outlines will be described in this
section: Most of the work has still to be done.

The input of the recognition module is the only model state. Contrarily to the other modules, the
recognition module does not deal with the raw data, which makes it quite independent from the rest of
the tracking process. The output of the module is an indication of the probable next move of the model.
The exact format of the prediction is still to define, because it will highly depend on the implementation
of the functionf from the Kalman filter (see section 5.1). Itis for example imaginable to output a vector
containing the few most probable moves with their associated probabilities.

Human behaviours is a far too complex subject to be dictated by a restricted set of laws, so that
the motion recognition and prediction have to be based on a learning process. Supervised!learning

1in this case, supervised learning would correspond to a hand-labeling of each state of the model making the classification
obvious.
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Figure 5.1: Functional diagram of the motion prediction process.

is the easiest way to proceed, but also implies a too important amount of human work. The resulting
inconvenient is that no learning can be done from new data without human intervention. Unsupervised
learning techniques will then be preferred, even if they are more difficult to implement, and most of the
time less reliable. In fact, the main advantage of unsupervised learning is that the learning phase can be
continuous and take place at the same time as the tracking.

5.4 conclusion

In this chapter, a framework for motion prediction was described. The central piece of the process is
an extended Kalman filter, predicting the model pose from an observation and an a priori estimation
module. The observation module tracks the position of the hands and the head from 2D images. The
a priori estimation of the state of the model is a conjunction of a high level prediction (via motion
recognition) and physical simulation (via the dynamic model). The movement recognition module also
includes a learning process which makes it more robust as the examples multiply. A graphical overview
of the motion-prediction framework is presented in the figure 5.1.
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Chapter 6

Conclusion and future work

This last chapter presents a brief summary of the work currently finished, followed
by a presentation of the future axis of research and a scope of the things to do. The
last section is a schedule for the next 2 years, describing approximatively the time
that should be spent on each part of the work.

6.1 Summary of work currently done

The parts considered as finished are the ones with a working implementation. As demonstrated in the
earlier chapters, most of the tracking process is implemented, but some algorithms that were simplified
will have to be fully implemented in the final version. The acquisition of the data is an example of
domain where an alternative method using virtual cameras has been used, but some real video sequences
will have to be captured in the final version. The same is true for the silhouette extraction which does not
handle completely the noise yet, but will have to be more robust when dealing with real video sequences.

The visual-hull construction is now fully implemented, and even if some speed optimizations can
still be done, it works reasonably well. The Kinematic model also works, and the "CCD” Inverse
Kinematics algorithms has been implemented and tested on top of it. Some work has been begun on
model-matching, but the implementation is still far from complete.

6.2 Future works

As soon as the tracking part will be fully implemented, some work will begin on the motion-prediction
process. Even if some ideas have been formulated through this report and a framework has been pro-
posed, a big amount of research has still to be carried out. The parameters of the Kalman filter are
already specified for the most part, but the modules involved are still to finalize. For example, the 2D
feature tracking module which is supposed to return the position of the hands and the head from images
is one of then future directions of research. The dynamic model should be easier to implement because
it is mostly a simple physical simulation.
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Figure 6.1: Work schedule for the rest of the PhD

The most difficult part of the project, and probably the one that should bring the most interesting
benefits is the movement recognition module. The exact implementation of this module is still uncertain,
and it will constitute one of my main axis of research for the next years. Hidden Markov Models will
probably be used in the conception of this module, mainly for their learning ability and their statistical
predictive power. Some interesting variants or extensions of the HMMs also have to be investigated:
The Variable Length Markov Models [RST96] can represent an advantageous alternative over standard
HMMs because of their efficient storage of information.

6.3 Work schedule

The figure 6.1 is my expected work schedule for the 2 next years of PhD. Of course, the dates are
approximative, and subject to modifications since nothing never goes as expected. | will also try to
publish at least a paper during the second year of the PhD.
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