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Abstract

Real Time 3D Head Pose Recovery for Model Based Video Coding

This thesis presents an Interactive Facial Animation Testbed (IFAT) for a low bit-rate
videophone system based on a face (head) model. The effects of head motion and facial
expressions are combined in the 3D head model. The head “pose” (position, orientation, and
scale estimation) has to be accurately recovered before attempting to recover the face
expressions. For the specification of the facial expressions we adopted the "muscle-based"” facial
model parameterization. This topology independent system incorporates 16 muscles and 10
parameters controlling mouth opening, jaw rotation. eye movement, eyelid opening, and head
orientation. Two algorithms were developed for automatic head pose recovery: 2%2D pose
recovery of the 3D position and 2D orientation using a 2D elliptical head model, and 3D pose
recovery of the 3D position and 3D orientation using a 3D wireframe head model. The developed
global motion tracking system is meant to work in a realistic videoconferencing environment
with no makeup highlighting the speaker’s facial features, uncalibrated camera, unknown lighting
conditions and unknown scene background. In order to validate the accuracy of the 3D head
tracking system. we developed a rapid calibration technique using a sequence of images of a

synthetic "standard” 3D head in lieu of real life head.

it
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Chapter 1

Introduction

New applications in communications, multimedia, and digital television require highly efficient,
robust and flexible digital video compression and coding techniques, enabling efficient
interchange and distribution of visual information. Multimedia applications range from desktop
videoconferencing to interactive entertainment networks providing video-on-demand, video
games, and teleshopping. The integration of motion video in multimedia environments is
technologically one of the most demanding tasks, due to the high data rates and real-time
constraints. The bit-rate required to encode a full motion VHS- quality video signal has decreased
from 20 Mbit/s around 1980 to well below 1 Mbit/s today [Gir96]. For head-and-shoulders
scenes, typical for videoconferencing applications, rates can be substantially lower. In recent
years, several video coding standards such as H.261, H.263, MPEG-1, and MPEG-2 have been
introduced. They address mainly the compression of generic video data for digital storage and
communication services. These video coders utilize the statistics of the video signal without
knowledge of the semantic content of the frames and can therefore be used for arbitrary scenes
[Eis99]. Higher coding efficiency can be expected from model-based video coders when the
semantic information of the scene can be exploited. However, this type of coders is restricted to

scenes that can be composed of objects that are known by the decoders.

1.1. Motivation

In today’s multimedia systems a key issue is the efficient storage, transmission and manipulation
of image sequences and 3D scenes. The upcoming MPEG-4 Video and Synthetic/Natural Hybrid
Coding (SNHC) standard will cover the emerging content-based image coding and image access
as well as animation ot 3D models. The limited rate budget available makes the motion
estimation for very-low-bit-rate coding more important. Envisioned data rates between 8 and 64

Kbps enable the transmission over mobile and fixed telephone channels as well as over the



Internet. By using this new technique, bit rates as low as 14.4 or even 9.6 Kbps will be efficient
for future videoconferencing. Amongst the advantages of the very-low-bit rate coding is the use
of Public Switched Telephone Networks (PSTN) or mobile channels as transmission media. The

general public has access to this form of transmission media.

Model-based video coding (MBVC), also known as knowledge-based video coding [Aiz89],
(Kis89], has recently emerged as a very low bit rate video compression method suitable for
videoconferencing and videophone applications. The MBVC increases coding efficiency by using
knowledge about the scene content and describing the real world geometry by 3D model objects
(e.g. 3D face models). Additionally, object-specific functionalities like the animation of facial
expressions should be provided. In a videoconferencing scenario, the principle of this
compression is to generate a parametric model of the image seen at the emission end and to
transmit only the characteristic parameters describing how the model changes in time. These
change parameters are then used to animate the model of the image recovered at the reception
end. In Figure .1 is presented the structural diagram of the one-way channel of the model-based
videophone system [Cor98]. Each image is analyzed and transformed in a 3D-wireframe model.
Using a priori knowledge about the images to be transmitted, a polygonal mesh geometric model
of a generic human face is fitted/molded on the live image of the particular person (Figure 1.2) as
seen by the video camera at the emission end. In order to convey a natural-look feeling the 3D
modeling should be able to recover the color and texture of the underlying skin in each
elementary polygon of the wireframe. The emitting videophone sends the complete set of data on
the model geometry, color and texture to the receiving end only once. After that, it needs only to
transmit the description of changes in the image model, which can result in a data transmission

rate as low as | Kbps [Gir94], without reducing the resolution of the original image.

The real time recovery of the 3D pose of the face/head for model based low-bandwidth video
coding is a central element in the emerging videoconferencing and videophone systems [Aiz89],
[Aiz95], [Sch96], [Kis89], [Ohz96].

(3]
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Fig. I.1: Structural diagram of a one way videoconferencing system [Cor98].




Fig. 1.2: The 3-D generic polygonal mesh face model (on the right) is molded by Marius’ face
image (on the left) to generate the 3-D polygonal model (in the center) to be used for parametric

transmission and animation.

1.2. The Model-Based Video Coding Architecture

Traditionally the MBVC research has concentrated into three areas:

(1) Head Modeling
(i1) Face Detection

(i1i)  Motion Estimation

Computer generated 3D models have extensively been used for the synthesis of naturally looking
images and video. These models should have a limited number of vertices but enough details in
order to distinguish facial features such as the lips or eyebrows. Rendering of animated video

sequences using 3D models, usually needs 3 separate sets of data [Har98}:

(1) data describing the basic shape of the 3D object, e.g. a wireframe or a spline surface:
(i1) data describing the surface brightness and color (the texture);

(iii)  data describing the temporal variation of the model (the animation parameters);

The first two data sets describing the shape and texture are usually considered together. A generic
human face is modeled as a 3-D polygonal mesh. Computer graphics or acquired image texture is

mapped onto the mesh to obtain a natural looking appearance.



For the specification of the facial expressions, we adopted the "muscle-based” facial model
parameterization, which is not topology specific and can be controlled by a small number of
parameters [Wat87]. This model incorporates three types of muscles: linear, sphincter, and sheet.
Anatomical characteristics of the facial muscles and tissues are implemented as geometric
distortion functions that describe the displacement of a predefined set of control points on the

facial surface.

The first important step in a full automatic MBVC system is the identification and location of the
face in first image frames. The developed method uses a stochastic facial color model and the
elliptical structure of the human head. After separating the head from the background clutter, an
ellipse is fitted to mark the boundary between the head region and the background. The next
motion estimation steps encompass global 3D-motion recovery, local motion estimation,
expression and emotion analysis, and video-audio synchronization etc. The considerable effort
that is requested is nevertheless justified since the recovery of the correct motion parameters is
the essential to the achievement of the ultra low bit rates promised by MBVC. Image coding
algorithms like the ITU-R Rec. H.261 and H.263 as well as MPEG-4 Video describe changes in

an image sequence by 2D motion parallel to the image plane.

The goal of this thesis is to develop an Interactive Facial animation Testbed (IFAT) for a low bit-
rate MBVC videoconferencing system. The problem is technologically difficult, as 3D motion
parameters have to be extracted from a 2D-video sequence. This can be done by tracking facial
features or by using the optical flow in successive frames showing different points of view of the
same 3D scene. In both cases the knowledge of the 3D scene and imaging process could be used
to increase the accuracy and efficiency of the implementation. In the past several years, work has
concentrated mainly on to recovering both 3D-head pose (rigid motion) [Aza93], [Lih93],
[Jeb96], [Bas96], [Fuk93] and facial expressions (non-rigid motion) [Lih94], [Bla95], [Ess95],
[Nur98] from a sequence of images of performer’s face. The effects of head motion and facial
expressions are combined in these images, so it is crucial to successfully separate the rigid from
the non-rigid motion of the head (problem known as “pose/expression separation™). The head

pose has to be accurately computed before attempting to recover the expressions.



This thesis discusses two algorithms for automatic head pose recovery using model-based
approaches. The head pose is recovered by using a tracking module along with an estimator

module. These two tracking algorithms implementing the MBVC motion estimation are:

(i) 2%2D tracking, when four head motion parameters are recovered, namely 3D position and
orientation in 2D image plane. This method uses a 2D elliptical head model, two
matching algorithms: a region- and an edge-based, and a Linear Kalman Filter (LKF)
estimator.

(i) 3D tracking, when all six rigid motion parameters are recovered, namely 3D translations
and 3D rotations. This method uses a 3D wireframe head model, a correlation-based

matching algorithm, and an Extended Kalman Filter (EKF) estimator.

In both cases the input to the system is a 2D-video sequence of the performer’s head-and-
shoulders. The output is the trajectories of tracked facial features, as well as an estimate of the
2%D or 3D motion of the head. The recovered motion parameters are rendered in the Head
Modeling section (Figure 1.3). A major consideration in MBVC is the estimation of camera
parameters such as the focal length from image sequences. The conventional approach assumes
that the camera model and parameters are assigned a priori and the camera system is fixed.
Nonetheless, in a real system, the camera parameters are usually unknown and the camera may
change its room, pan, and rotation. Another element recovered by our 3D tracking method.
besides the 3D relative motion object-camera, is the perspective camera focal length. Our global
motion tracking system is meant to work in a realistic videoconferencing environment, without
makeup highlighting the speaker’s facial features, and with an uncalibrated camera, unknown

lighting conditions, and unknown scene background.

Iiahahaintaintadats |

Face s Motion
Detection Estimation

Fig. 1.3: The high-level Model-Based Video Coding architecture.



1.3. Contributions

This thesis represents a continuation of our work on model-based virtual environments [Mas97],
[Cor98], [Pet99a], [Pet99b], [Geo99], [Spo99], addressing technologically difficult issues of real

time tracking for head pose recovery in MBVC. The specific contributions are:

(1) real time efficient integration of muscle based 3D-head modeling and animation with face
detection and tracking (Chapters 2 and 3);
(ii) real time implementation of computer vision algorithms for 214D and 3D rigid head

tracking (Chapters 4 and 5);

The application is implemented in an object-oriented, “bottom-up” fashion, combining machine
vision, image processing, computer graphics and mathematical modeling fields, into a complex

and challenging framework.

1.4. Thesis Outline

Chapter 2 of the thesis covers the head modeling section of the MBVC and presents the MBVC
framework developed in the thesis. Chapter 3 describes a method for localization and recognition
of human faces from cluttered color images. Since the recovery of the correct head motion
parameters is crucial for MBVC, most of this thesis work addresses MBVC motion estimation in
Chapter 4 and Chapter 5. Chapter 4 describes the 2/2D-tracking algorithm, using a LKF to
smooth and predict the motion parameters. Chapter 5 employs an EKF and a Newtonian physical
model, used to perform 3D head tracking in real time. The proposed algorithm uses the generic
mesh model to initialize the structure parameters of the EKF, through an interactive procedure. In
order to validate the accuracy of the 3D head tracking system, we developed a rapid calibration
technique using a sequence of images of a synthetic "standard" 3D head in lieu of real life head.
The thesis concludes with a summary of the relative merits and shortcomings of the developed

[FAT system approach and with a sketch of future research directions.



Chapter 2

Face Modeling and Animation

This chapter introduces the basics of the human facial modeling and presents the object

oriented facial animation framework developed and used in the thesis.

2.1. Introduction

Facial modeling has been an active area of research in computer graphics for more than two
decades. It benefits from and can contribute to the larger field of human body modeling. Facial
modeling is also relevant to other fields such as medicine, and communications. It is
recognized as a challenging project that requires a multidisciplinary effort. A facial model
captures with a given degree of accuracy the form and function of a face, whether human or
otherwise, in a way that makes the model useful for specific applications [Pel94]. State-of-the-
art facial models for computer animation attempt to represent the geometry, photometry,
deformation, motion, etc., of the various features associated with the face, as well as with the

rest of the head and neck.
Applications

The range of applications that uses models of the human face is wide, including
telecommunications, e-commerce, education, entertainment, medicine, computer-based
interactive services etc. The amount of detail embedded into the face model varies from

application to application.

¢ Telecommunication: This is the research area of the present project. Facial models are

developed for use in video-telephony and teleconferencing, usually over low-bandwidth



channels. A realistic model of the human face consisting of a suitable selected set of facial
features (parameters) is recovered at the emission end. This relatively reduced set of facial
parameters is then transmitted to the receiving end, where a synthetic 3D image of the
human face is reconstructed. During the transmission, the animation of the speaker’s face is
controlled by the facial parameters. This communication technique has the notable
advantage of requiring a very low bit-rate.

® FEducation: Facial expression could play a significant role in an educational environment.
For example, a face model that captures the expressions and anatomy of the human face
may be used in telelearning applications over low bit-rate channels.

® Entertainment: In a complex environment computer generated characters capture facial
expressions and human emotion of a “live performer”. Prerecorded scripts can control the
synthesis of requested facial expressions. One other example will be pre-animated video
messages (i.e. E-mail).

® Medicine: “Preoperative simulation of corrective plastic surgery and dental treatment are
of great interest to both practitioners and patients alike. Such applications demand precise
models of particular individuals based on the bone and soft tissue of the head. A
computerized system, which incorporates an anatomically complete model of the head and
face, would provide surgeons with the capability to plan, and even rehearse, complex
operations without undertaking costly and potentially dangerous exploratory surgery
[Pel94].” Computer models help psychology in facial recognition and nonverbal

communication areas.

2.2. Facial Animation Techniques

Facial expressions play a major role in the communication among people. Face image serves to
identify a person, reflect individual's emotional state, allowing to other people to relate with
that person. Therefore, the control mechanism used to stimulate facial expressions plays an

important role in facial animation framework.



There are four fundamental approaches to facial animation [Pel94]:
(i) shape-interpolation

(i1) key-node parameterization

(iti)  muscle-based animation

(iv)  physically-based animation

2.2.1. Shape Interpolation

This facial animation technique originates from the early work of Parke [Par72]. The process
interpolates among a set of 3D key facial postures obtained by different computer vision
methods (stereo-photogrammetry, structured light, 3D-digitizers etc.). This set of facial
postures has the property of topological equivalence of the wireframe facial models. Once a

complete set is derived, then in between interpolation of the (., v,z) vertex coordinates can be

computed. Parke’s algorithm generates the frames between two chosen key-pose expressions.
This approach requires complete specification of the model geometry for each facial
expression, the result being a very labor-intense technique.

DeGraf and Wahrman [Deg90] used puppetry together with shape interpolation to animate
expressive charucters. Unfortunately, this technique is limited to the matrix of facial postures,

which prompted the development of parameterization schemes.

2.2.2. Key-Node Parameterization

In his 1974 PhD dissertation [Par74], Parke pioneered the idea of the animation of facial
expressions based on a parametric control algorithm. This parameterization reduces the face
model to a small set of control parameters that can be “hard-wired” into a particular facial
geometry. These parameters are only loosely based on the dynamics of the face. For example,
the expression on the eyebrow from surprise involves the manipulation of five or six vertices of
the facial geometry. Parke proposed two major categories of facial parameters [Par74]:
conformation parameters, which control the structure of a face, and expression parameters,

which control its emotional content. Interpolating between key-node positions updates the node

10



positions after a change of parameter values. Other operations such as rotation, scaling, and

translations of facial nodes are also needed by parametric controls.

2.2.3. Physically-Based Animation

Physically based animation attempts to represent the shape and dynamic changes
of a face by modeling the underlying properties of facial tissue and muscle actions.
Most of these models are based on mass-spring meshes and spring lattices, with

muscle actions approximated by a variety of force functions [Pla81], [Ter90].

Platt and Balder [Pla81] proposed a muscle-based animation technique using a multi-domain
model of the human face consisting of skin nodes, muscle nodes, and bones nodes. In order to
animate this face model, they used a physically based elastic behavior connecting 3D facial
nodes by springs. Applying forces to this elastic skin mesh via the underlying muscles
generates a facial expression. For example, when a single muscle fiber contracts, a force is
applied to a muscle point in the direction of its bone point. The force is then reflected along all
arcs adjacent to the point. These reflected forces are then applied to their corresponding
adjacent points. In this fashion, a force is propagated out from the initiating point across the
face. Based on earlier successful applications of physics-based modeling of deformable objects
in computer graphics [Ter88], [Ter89], Terzopoulos and Waters extended this method to the
animation of human faces [Ter90], [Wat92]. They proposed a deformable face using facial
muscles and forward dynamic skin models based on the biological structure of human skin
[Ter90]. The biomechanical skin model consists of three spring-mass layers: an epidermal
layer, a dermal layer, and a fatty layer. The dynamics of facial skin deformation are simulated
with the Lagrange equations of motion with elastic properties of the skin incorporated.
Furthermore, with each of these layers simulating the non-linear stress-strain and volume
preservation properties of a real skin patch, their face model easily and naturally generated
facial skin creases, like furrows, or wrinkles.

Guenter [Gun92] used a 3D finite-element face model to animate facial expressions. According

to Guenter, his work took 20 minutes to generate 4 facial expressions, using specialized
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hardware. Physically based models are computationally expensive and difficult to control with

force-based functions.

2.2.4. Muscle-Based Animation

Waters studied a simplified version of the physically based animation using only facial muscles
for the activation of the neighboring nodes in a facial mesh [Wat87]. Similar to Platt and
Balder [Pla81], Waters used a simple spring mass model for the muscle simulation. The
muscles have vector properties and are independent of the underlying bone structure. This
results in a model independent of the facial topology. Reeves of Pixar Inc. adopted Waters'’
work in facial animation [Ree90]. Reeves and his colleagues developed the “Tin Toy”
animation in which the computer animated actor “Billy" performed facial expressions using
Waters' muscle-control scheme. The Waters’ muscle-based approach has also been extended to

B-spline surfaces [Ste95].

We adopted in this thesis the Waters’ method because of its distinct advantages:

(1 independence of particular facial geometry;

(it) yields a reduced set of facial parameters (muscle activation values) convenient for low-
bit rate communication;

(iii)  low computation time;

A well-known muscle-based coding system, largely used for the facial animation field is the

Facial Action Coding System (FACS).

Facial Action Coding System (FACS)

Two sign communication psychologists, Ekman and Friesen, in 1977 [Ekm86] developed the
anatomically oriented FACS. Their system describes complex facial expressions in terms of
basic facial muscle actions. Ekman and Friesen reduced the 50.000 distinguishable expression
space to a comprehensive system, which could distinguish all possible visually facial

expressions by using only 44 Action Units (AU's). The AU refers to a basic visual facial
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expressions by using only 44 Action Units (AU’s). The AU refers to a basic visual facial
movement, which can not decomposed into smaller units. One or more muscles control the

AU’s. Complex facial expressions can be obtained by combining different AU's.

Frontalis ~——__f"
P Cgrruggtor ¥
-~~-Orbicularis oculi~
-Zygomaticus Major _ .,
. Alaeque nasi N
‘¥ .~ Labii superiois ™~
M levator R
= —Obicularis Oris ~—__*/
P .
Buccinator -

M depressor

Fig. 2.1: Facial muscles [Wat87].

In Waters’ scheme, muscles can be described as vectors with direction and magnitude in two
and three dimensions. The direction is headed to the attachment point on the bone, and the
displacement of the deformation depends on the muscle elastic constant and the tension of the
muscle contraction. The model mimics at a simple level the action of three primary muscle
groups of the face (Figure 2.1):

(i) Linear muscle, such as the Zygomatic Major

(i) Sphincter muscle, such as the Obicularis Oculi

(ii)  Sheet muscle, such as the Frontalis Major.

The predefined surface points associated with these three categories of muscles are such that
the areas of influence are fan-shaped, rectangular and elliptical respectively. The deformations

that exist in the surface are handled by displacing the surface points to produce adequate bump

on the surface and result from low level muscle contraction. The resultant displacement | pp]

of an arbitrary surface node p to p’ is expressed by the following function:

13



p'=f(k. BB, p) (2.1)

where k is a spring constant and fi,..., fx are parameters dependent upon muscle type.

The Linear Muscle

The linear muscle computes the deformation of the adjacent tissues represented by the node p .

For the displacement of an arbitrary mesh node p (Figure 2.2a) from the position p to a new
position p’ within the circle segment |v, p,, p, || towards v, along the vector (pp’), the

expression presented below is employed.

p = p+akrﬂL (2.2)

vl
The new location p’is a function of an angular displacement parameter
a = cos(), 2.3)

where 4 is the angle between the vectors (v,,v,) and (v, p). Dis |v, - p||., r is a radial

displacement parameter:

1-D
Cos R .PE Sector[v1 P pmv,]
r= * 2.4
cos D-R, pE sector[ pD.pP.D ] =Y
R!. _ Rj M p nrsm

and k is a constant representing the elasticity of skin. When varying the elasticity constant, the
mesh will deform toward the root of the vector producing the following visual effect (Figure

2.2b).
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Fig. 2.2: Linear muscle zone of influence (a) and the effect of a contraction (b) [Wat87].

The Sphincter Muscle

The sphincter muscle contracts around an imaginary central point c. This muscle is represented

by an elliptical shape with minor and major axis as parameters (Figure 2.3a). The displacement
equation takes the form:

p’'=fk,L.L.p) (2.5)

=l_\/L_\-lP‘l+Lx2P\~l

' 2.6)
d L.L, (

where & is the muscle spring constant, L_, L, are the semi-major and minor axis of the

ellipse.
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Fig. 2.3: Sphincter muscle zone of influence (a) and the effect of a contraction (b) [Wat87].

The Sheet Muscle

Sheet muscle consists of series of parallel fibers in which lie in flat region. An example is the

Frontalis Major muscle on the forehead, which is primarily involved with the raising of the

eyebrows [Wat87]. The displacement will be parallel to the central muscle vector. The new

position p’of a node that moves from an initial position p is:

p'= flk.d.p)

where k is the muscle spring constant and

, D € sec tor[ABCD]

cos l--l—i‘—'-(ﬁ-i-v J] . p € sector|CDFE]
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Fig. 2.4: Sheet muscle zone of influence (a) and the effect of a contraction (b) [Wat87].

In all cases a cosine function & = f{cos x) approximate the elastic properties of the skin.
Replacing the cosine function with a nonlinear interpolant, or power function, allows

simulating the skin aging with lower elasticity.

Facial expressions are sometimes created by the cooperation of different muscles with
overlapping areas of influence rather than by just a single muscle. Since the muscles and their
areas of influence are predefined in the model, the maximum factor by which the muscle can
contract without displacing the surface points to absurd position is normalized to unity (the
muscle in its relaxed state has a null contraction factor). The muscle contraction represents a
sufficient set of parameters for the generation of any facial expression. By transmitting the
reduced set of the muscle (or joint) contraction values, we avoid transmitting the larger set

mesh point displacements (positions). This results in a compression of the model data to be

transmitted.

A basic animation framework using muscle-based model can be described as follows:
* Muscles are described as belonging to one of three primary groups: linear, sphincter, and

sheet. Each group describes a specific geometric deformation function emulating muscle

action on skin tissue.

¢ The muscles control parameters are:

17



(1) location on bone and skin
(i1) zones of influence, and

(ili)  type of contraction profile (linear, non-linear).

Each muscle functions independently.

¢ Muscles are then mapped to Action Units (AU’s) in FACS. Consequently, orchestrating a
proper sequence of AU muscle contractions can create desired facial expressions. Muscle
control parameters are then scripted into a keyframe animation system. At each frame in
the sequence, muscles are contracted that in turn deform the facial geometry. The resulting
geometry is rendered in accordance with viewpoint, light source, and skin reflectance

information.

2.3. An Interactive Facial Animation Implementation

The 3D facial model animation (at the receiver end) requires a major implementation effort.
Our “Interactive Facial Animation Testbed” (IFAT) was implemented in a modular fashion, in
order to facilitate experimentation with a variety of animation methods. When the animation
system is used in Videophone mode, deformation parameters are received automatically. The

IFAT consists of two main modules (Figure 2.5):

(i) Animation/Rendering Module
(i) Modeling/Control Module
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Fig. 2.5: The architecture of the Interactive Facial Animation Testbed.

2.3.1. Animation/Rendering Module

A “baseline™ state of the facial model corresponds to a face in a neutral position, where
simulated muscles are mapped to the wireframe model in a relaxed state (Figure 2.6). During

the animation, a series of muscle induced deformations are applied to the facial model points in

the baseline position, after which the face is rendered.

Eyes are constructed from spheres with iris and pupil. The eyes rotate simultaneously in their

coordinate system. Eyelids are wireframe models, which can blink automatically during the

animation.

79

a2 S

Fig. 2.6: Mapping the muscles onto the wireframe model.
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Two types of “controllers” control the whole facial deformation at the low level:

(i) Muscle controllers: 16 muscle parameters using muscle-based model.
(ii) Jaw, Eyelids, and Eyes controllers: 3 parameters using kev-node parameterization

model.

It was shown [Wat87] that a reduced set of parameters: 8 pairs of facial muscles (16 muscles)
plus the jaw, eyelids, and eyes motion parameters, mapped to AU contractions, can fairly cover
an extensive space of human facial expressions. The animation module can also control the
rigid motion of the human head. through basic transformations (translation, rotation and
scaling) of the 3D-head frame (Figure 2.5). The object-oriented implementation of the system

permits to add new controllers (muscle-based or parametric-based) in the future.

2.3.2. Modeling/Control Module

The Modeling/Control Module contains two blocks that allows for a textual scripting

description of the animation program or for a gesture-driven animation:

(1) scripting block

(iv) gesture/performance block

Scripting

The Scripting block was conceived as an open interface, which enables different animation
modules to be easily added. Currently the scripting block has a low-level implementation,

which allows generating facial expressions in two modes:

(i) Constructing specific facial expressions (Figure 2.7), by combining AU muscle

activations (muscle low level programming).
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(i) Selection of one of the six primary facial expressions that communicate anger, disgust,
fear, happiness, sadness and surprise. These are obtained by combining predefined

AU’s (Figure 2.8) (macro level expression programming).

t xpression Diakeg
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frmer Right Frortaks  [035 j
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Fig. 2.7: Muscle level setting (programming) of a specific expression.
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Fig. 2.8: Fundamental (macro level) expressions generated by our framework (surprise,

disgust, fear, sudness, anger, happiness, and neutral positions).

This low-level parameterizations provide a basis for a future high level of

programming/scripting techniques:

o Speech-Driven Level: animating directly from a speech soundtrack
e Behavior-Driven Level: expressing the desired actions in terms of “behaviors”
e Storv-Driven Level: (children stories like) based on major activities such as: story

understanding, stage direction, and action generation.

Performance-Driven Animation

Generally, Performance-Driven animation involves measuring real human actions to drive
synthetic characters. Data used to drive the animation comes from interactive input devices
such as: data gloves, instrumented body suits, vision-based motion system, and other various
sensors. Since our goal was to construct a real-time, low-cost videoconferencing system. we
implemented the performance-driven control as a vision-based module, which is detailed in the

next chapters (3,4, and 5).
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Chapter 3

Face Detection

Although a lot of work has already been done in this research area [Sob96], [Pen94], [Pog9l],
[Mck97], [Jie98], [Bur89], [Bru93], the recognition of human faces out of a scene with cluttered
background is still an unsolved problem that requires further investigation. This chapter describes
one basic function of the Performance-Driven block (Figure 2.5): the real-time detection of the
human face at the emission end of our IFAT system. The algorithm has the ability to detect faces

under different scale, and frontal orientation.

3.1. Introduction

There are many applications that require real time algorithms for face localization and recognition
as for instance MBVC, security systems, “mug shot” matching [Che95]. Because of variations in
illumination, background, orientation and facial expressions, the problem is very complex.

The first step in the head pose recovery from a sequence of images is the identification and location

of the face in first image frames.

Face detection is a difficult problem for three main reasons:

(i) Although most faces have similar structures with the facial features arranged in roughly the
same spatial configuration, there is still a large variation due to non-rigidity and textural
differences. There are significant geometrical or textural differences even between images
of the same person's face due to changes in expression and facial makeup. Because of that,
traditional fixed template matching techniques, which work well for rigid and articulated
non-deformable objects do not perform adequately for human face detection.

(i) Face detection is also difficult because cosmetic features, such as glasses or a moustache,

can either be present or totally absent from a face. Furthermore, the features, when present,
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can cloud out other relevant facial features. All this adds more variability to the range of
permissible face patterns that traditional face detection systems can handle.

(iif)  Face detection can be further complicated by unpredictable imaging conditions in an
unconstrained environment. Because faces are essentially 3D structures, any change in the
light distribution can change significant shadows on a particular face, resulting in an

increased variability of the observable 2D facial patterns.

Several methods using texture, depth, shape, color or intensity information were developed over the
years for the detection of facial regions and features [Sob96], [Pen94], [Mck97]. Some approaches
first identify relevant facial features, and then decide that these actually represent or not a face.
Other approaches identify an image area as being a regional face descriptor based on color, shape,
motion etc. Some applications may require only to identify, localize and track face areas. Other
applications require facial feature recognition that will be used for motion tracking. The main
difference between face and feature tracking is that the face is considered as a rigid object, while
the face features as deformable patterns. In the following sections we present techniques employed

for face and feature detection [Bey93], [Pog91]:

e Feature-Based detection including:
(i) pictorial approach. using correlation templates
(i)  parameterized model approach, using deformable templates
(iii)  grey level interest operators, using spatial image invariants.

o (Color-Based detection

3.2. Techniques for Face Detection

Facial feature detection could be reduced to the problem of localization of some major facial

features such as the eyes, nose, mouth, and face outline.
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3.2.1. Feature-Based

Pictorial approach using correlation templates

In the pictorial approach, generic pixel-based models of facial features are matched against the
image. In the case of the template-based systems, correlation or the matched filter methods are used
to measure the difference between feature models and image candidates. The generic feature nodes
are templates of the major facial features [Bic91], [Bur89], [Bru93]. In the case of neural networks
matched filters, the templates are implicitly coded as weights of hidden layer neurons [Vin92]. In
this approach implicit feature templates are not explicitly defined but learned from “feature” and

“non-feature” examples.

In many practical applications the face patterns are too varied and can not be modeled by fixed
correlation templates. In such a case a sub-features detection is used [Bru93]. The idea is to use the
invariance property of the facial sub-features (e.g. corners of the eye) to describe a full feature (e.g.
the eye) by few fixed templates (Figure 3.1). While a full template matching could fail to detect and
track a non-rigid feature (e.g. mouth), the sub-feature matching can succeed. Further, the method
can even infer the presence of faces by analyzing the spatial relationship between the detected sub-
features [Pog91].

A related approach to correlation templates is that of view-based eigen-templates [Pen94]. This
approach assumes that the set of all possible face patterns lies into a small sub-space of a multi
dimensional feature space. As a first step, the dimensionality of the feature space is reduced to a
new reference frame that still adequately describes the set of models. Usually, these models are
coming from a training set of faces and/or features. The new reference frame is constructed as a
linear combination of few uncorrelated principal components (basic features) or eigenvectors.
These principal components provide enough resolution to variation that can occur between
face/features in any image of the set. The largest eigenvectors account for variations like those due
to illumination changes and predominant differences in facial appearance between individuals
[Pog91]. This face/feature recognition is based on the measurement of the “Distance From
Faces/Features Space” (DFFS) at each pixel of the observed image. If the resulted value is below a

certain threshold, the pixel is labeled as “face/feature”.
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Fig. 3.1 Full templates (b) extracted from the Marius’ image (a), and their sub-features (c).

Parameterized model approach using deformable templates

Deformable templates are similar in principle to classical correlation templates, except that the
former has some built-in non-rigidity component. To find faces in an image with a deformable
template, one essentially has to fit the template to different parts of the image and threshold the
output for matches. One deformable template method uses hand constructed parameterized curves
and surfaces to model the non-rigid elements of faces and facial sub-features, such as: eyes, nose
and lips [Yui92]. These parameterized curves and surfaces are fixed elastically to a global template
frame to allow for minor positional variations between facial features. The matching process
attempts to align the template with one or more pre-processed versions of the image, such as the
peak, valley and edge maps. An energy functional will constraint the alignment by attracting the
parameterized curves and surfaces to corresponding image features, while penalizing “*deformation
stress" in the template. The best-fit configuration is found by minimizing the energy functional. and

the minimum value also serves as a closeness measure for the match.

Grey level interest operators using spatial image invariants

Image-invariant techniques assume that even though faces may vary, there are spatial image
relationships, common and possibly unique to all faces. Face detection requires compiling image
invariant and checking for positive occurrences of this invariant at all image candidate locations.
One image-invariant algorithm is based on a set of observed brightness invariant between different
parts of the human face [Sin94]. The idea is that while illumination variations can significantly alter

brightness levels at different parts of a face, the local brightness distribution remains largely
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unchanged. For example, the eye regions of a face are almost always darker than the cheeks and the
forehead, except possibly under some very unlikely lighting conditions. Similarly, the bridge of the
nose is always brighter than the two anking eye regions. The algorithm encodes the observed
brightness as a ratio template, which is used as a pattern recognition parameter. A ratio template is
a coarse spatial template of a face with a few appropriately chosen sub-regions, roughly
corresponding to key facial features. The brightness constraints between facial parts are captured by
an appropriate set of pairwise brighter-darker relationships between corresponding sub-regions. An
image pattern matches the template if it satisfies all the pairwise brighter-darker relationships.

The symmetry operator is a powerful pattern recognition tool for finding facial features in arbitrary
natural scenes without a priori knowledge of the world. This method is robust even if the face isn't

directly facing the camera, the position changes, or the background isn't uniform [Jeb96].

3.2.2. Color-Based

Color has been used in machine vision systems for image segmentation [W1a94}, [Sob96] and face
recognition [Fin92], [Swa91]. Using color descriptors has several advantages over the other face
features:

e Lower computational time, allowing real-time performance on standard hardware.

¢ Orientation invariant under certain lighting conditions, robustness under partial occlusion.

rotation in depth, and scale changes.

Due to these significant advantages, we chose a color-based face detection technique. A detailed
description of this technique is presented in Section 3.3. Color information (skin and hair color),
edge information (intensity and sign), and multiple active contour models are employed in [Yok96]

to extract the contours of facial features (eyes. nose, mouth, etc.), and their feature points.
3.2.3. Other Face Detection Techniques
[Luo96] describes a method for automatically modeling the human face providing a realistic 3D

structure and texture description of a specific face for model-based facial images coding.

Boundaries of the face, mouth, and eyes are located first using active contour models (*“snakes™)
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guided by artificial neural networks. Then, a 3D general wire-frame face model (WFM) is fitted to
a 2D image, using important features (descriptors) extracted from the image. Finally, colored face
texture is mapped to the 3D model. Renders [Ren96] presents a method for an automatic location of
facial features (eyes, nose and mouth) in image sequences using a neural network approach. The
sought features are modeled as structural assemblies of sub-features. An upright frontal-face neural
network-based detection system is described in [Row98]. Here, a retinally connected neural
network examines small windows of an image and decides whether each window contains a face
and an supervisor system arbitrates between multiple networks to improve performance over a
single network. [San98] proposes an algorithm for face extraction from a color image, where the lip
and skin color pixels in an image are extracted first, on the basis of statistical probability
techniques. McKenna et al. [Mck96] integrates motion-based tracking with model-based face
detection to produce segmented face sequences from complex scenes containing several people.
The motion of moving image contours was estimated using temporal convolution and a temporally
consistent map of moving objects was maintained, and faces were detected using a neural network.
The symmetry characteristic of the human visage is used in [Den97] to extract a set of significant
features for the detection task. This method has a very good success rate in the identification of
facial elements. It also has the advantage of a fast computation that makes it suitable for real-time

applications like personal identification and communications [Den97].

3.3. A Color-Based Face Detection Implementation

This section presents a color- and shape-based regional descriptor algorithm that we have

implemented for real-time face detection.

A major difficulty with using color in computer vision applications is the color value variation due
to lighting changes. This is particularly apparent in RGB (red, green, blue) space. Intensity is
distributed throughout all three parameters, rendering color values highly sensitive to scene

brightness. A simple approach to color constancy is to use either the:

e HSYV color space which consists of hue angle (H), color saturation (S) and brightness (V) or,

® “rg” (red, green) normalized, known as “pure” colors in absence of brightness.



3.3.1. Color Space Transformation

The most popular color space used for digital images is the RGB. According to the tristimulus
theory of Wyszecki and Stiles [Wys82] color can be represented by three basic components,

separated by three separate color filters S, x = R, G, B, applied to any light radiance E(1):

R= J’ E(A)S,(A)dA,
G = [ E()S(A)dA, 3.1)
i

B= j E(0)S,(A)dA
P

In the RGB space, the (R, G, B) parameters of pixel p(R,G, B) represent the brightness of the
fundamental colors. When the fundamental colors R, G, B of two pixels, p,(R,,G,,B,)and

p.(R,.G,,B,), are proportional. i.e.,

Rl

R,

Ql_cu

Bl
=2 3.2)
B, (

they have the same color but different brightness. The human visual system adapts to different
brightness and various illumination sources such that a perception of color constancy is maintained
within a wide range of environmental lighting conditions [Bra93](J ie98]. Therefore it is possible
for us to remove brightness from the skin-color representation. while preserving an accurate, but
low dimensional color information. Since the brightness is not important for characterizing skin
colors, under the normal lighting condition, we can represent skin-color in the normalized
chromatic color rg space, thus reducing the dependence on changing in space lighting,

Chromatic colors r, g are defined by a normalization process:

r=R/(R+G+B), (3.3)
g=G/(R+G+B)
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Having r+ g +b =1, the blue color will be redundant.

There also are many color models based on the human color perception. Some models use hue,
saturation, and intensity (HSV) components (Figure 3.2). The HSV model is related to the RGB

model by the following formulas:

V=(R+G+B)/3, (3.4)
S=/-min(R, G,B)/V,

H = arctan(3(G~B), 2R- G - B).

where arctan (v, x) gives the angle between horizontal axis and the line (0,0)-(x,v).

Natnridion

Fig. 3.2 Hue-Saturation-Value Space [Mat96].

3.3.2. Stochastic Color Skin-Model

Recently, more methods have been proposed for color-based detection and tracking of skin-colored
objects: [Wre98] for body, [Mck97], [Jie98] for face, and [Nur98], [Kac97] for lips. The system
developed by Wren et al. [Wre98] enabled tracking of people, in controlled environments, with
static cameras. Each pixel in an image belongs to a spatial and color vector map. The feature

vectors were clustered in feature blobs, with a collection of blobs representing a person. In this case
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the tracking was limited to people with homogeneously colored regions and a constant background.
Human face was modeled as an adaptive normal distribution in HS [Mck97], or rg [Jie98] space.
During tracking, the models can cope with changes in lighting conditions. The HS model was used
in [Nur98] and [Kac97] to detect and track the lip motion. The Bayesian inference will classify a

pixel as “lip” or “face”, where the face was used as a background of the lip model.

The skin color distribution of people with different skin colors forms a compact cluster, with a
regular shape in rg (or HS)-chromatic color space. Our experimental 3D-histogram (Figure 3.3)
shows that the human face colors of different people under different lighting conditions in the rg
(HS) color space have similar Gaussian distributions. The experiment leads to the idea of modeling
a set of human faces as a Mixture of Gaussian (MOG) distributions in the 2D normalized color

space (rg or HS).

Surface plot of probability density

Fig. 3.3 Skin-Color Distribution in rg-Space

Mixture Modelling

The modeling can be reduced to the problem of identifying the parameters of a Probability Density

Function PDF, p(x), based on a finite number of samples x, from that distribution. There are three

basic approaches to density estimation [Bis95]:
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e Parametric methods used when the density function is a priori known. The model will
contain several parameters, which are then optimized by fitting the model to the data set.
The disadvantage is that the chosen parametric function might not represent too well the
actual density.

* Non-parametric methods used when the density function is not known. The shape of the
density function will be determined by the experimental data set. The drawback in this
case is that the number of model parameters grows with the data set.

* Semi-parametric methods, will mix the best of both the above estimations by allowing a
general class of functions, with a number of adaptive parameters independent of the data
set, which can lead to building a more flexible models. A particular form of such a
density function is called a mixture model [Bis95). Fitting the model to the data set
means finding its parameters by training, based on maximum likelihood. The algorithm
that is generally used for learning the parameters is the Expectation-Maximization (EM)

algorithm of Dempster et al. [Dem77].
Our detection system employs a “semi-parametric” method for color density estimation, namely a

Gaussian mixture model. The conditional density for a pixel X, belonging to an object O is linearly

modeled as a mixture with m component densities:

plx10)=3 p(xl )HP(j) (3.5)

=i

where p(x| j) corresponds to the prior probability that pixel x was generated by component j , and

P(j) represents the mixing parameter, also called weight or prior. with
Y P(j)=1 (3.6)
j=l

Each mixture component is a Gaussian with mean 4 and covariance matrix J, i.e. in the case

of a 2D colour space (rg or HS):
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p(x Ij) = —-1 T c—%(x—“,')rz;‘(x-pj)
2x| 5|3 (3.7)

Expectation-Maximization (EM) algorithm was used for fitting such a mixture to a data set

represented by multiple skin color samples from face images.
Offline Model Training and Testing

We have developed a face mixture model, using the EM algorithm. This EM algorithm provides
off-line maximum-likelihood estimates of both mixture priors and the underlying Gaussian
parameters of equation (3.7). The “Mixture" program was developed for PDF model training on
large sets of skin samples and then the resulted model was validated on single images. When
modeling an object in the two-dimensional rg space as a “full covariance” mixture of

m(w, U U, ,X) components, six Gaussian parameters and the prior need to be estimated for each

component of the mixture model.

l N
M, —ng’i '

l hd
==Y | 3.8

where 4, and u, represent the r, ¢ mean values of the training set, 3 is the covariance matrix of r,

g pixels, N is the number of pixels of the training set.

Figure 3.4 summarizes the mixture parameter estimation algorithm [Dem77], [Kac97].
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Step 1. Select M initial cluster centers, m,,..., m,,

Step 2. Initialize the estimates using K-means clustering,

Fork=1..M
N,

W) = S
N
|

“” _ (x—m,)

N

TV = L Y (x—m)x—m)"
Nk € X,

of pixels belonging to &-th cluster.
Step 3. Iterate for i = /...nr_of _iterations

EM.k=1..M

wil = Z Pk x)

['I ZP“-”(/\ | x):

kre\'

ZM Zp[' Uikl x)(x— M (x— .uL)

VV‘ weX

Until u, <e for each mixture component M.

where N is the total number of pixels, and N, is the number

Fig. 3.4: EM learning of mixture parameters in the rg-space [Den77].

We are using the distribution based on a training set of 40 images of faces from different races

(African American. Asian and Caucasian). In order to obtain a limited level of intensity variance,

we experimented with face color modeled in rg-space, and HS-space, where pixels with very high

or very low intensities were discarded. Usually, it is sufficient to model the face as a single “full

covariance” or even a “diagonal covariance” Gaussian. Figure 3.5 present the fitting process of a
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mixture model to the data set, using a single or multi component model with “full” or "diagonal”

covariance matrices.

Plot of data and covariances

—r T T ™

o 4
© "o
085
(a)
Plot of data and covaniances
0.55F o) E
° 4
° "o
0.85
(b)
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(c)

Fig. 3.5: Fitting mixture parameters on face color data distribution
(a) One Gaussian with ** diagonal” covariance .
(b) Three Gaussian with “full” covariance.

(c) Three Gaussian with “full” covariance (“Mixture” output).

As shown in Figure 3.5(a), one “diagonal” Gaussian can fairly model the face color span in rg-
space. The EM iteration number was chosen equal to 50 for all cases. At the end of training the

mixture parameters are saved, for future use as input into detection and tracking phases.

The developed “Mixture” software can test, as illustrated in Figure 3.6, the mixture model on
single images from the training or test set. The testing is done on “pixel-by-pixel” basis at the
mouse cursor point, or “full image” basis, where the whole image is taken in consideration.
Figure 3.6 shows a mixture model test on snapshots taken from live image sequences. The
framework status bar indicates the pointed pixel position and its face classification probability.
Note the “face-like” color of some of the background objects, and the capability of the trained

model to discriminate between face and other object colors.
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Fig. 3.6: Testing Process. “Face” and “Non-Face" pixel classifications.
3.3.3. Non-Stochastic Color Skin-Model

Under certain lighting conditions it is sufficient to consider specific hue and saturation values as
discriminating color information for the segmentation of skin-like regions at the detection stage.
The hue and saturation domains, which describes the human skin color, can be defined or estimated
a priori and used subsequently as reference for any skin color. In our case we have chosen the

parameters as follows: § =023, S _ =068 H_, =0°nd H__ = 50°[Sob96]. These values

represent a hexagon sector in hue-saturation map as shown in Figure 3.7.

Face segmentation tests validated the correctness of this non-stochastic model. However, the
stochastic skin model offers a much better generality allowing for instance to model the face color
with two Gaussian components, one capturing the indoor light, the other the outdoor light influence

in skin color.
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Fig. 3.7: Skin segmentation in HS-space [Sob96].

3.3.4. Face Shape Evaluation

Once the first frame of the sequence is segmented based on color information, the face detection
algorithm will search for faces based on shape. The oval shape of a face can be approximated as an
elliptical outline. The performed detection can be edge- [Ele95], [Bir97] or region-based [Sob96],
[Wre97]. The region-based algorithm has the advantage of being more robust against noise and

changes in illumination.

To find faces in images we are searching for elliptical components based on region growing

algorithm applied at a coarse resolution of the segmented image. Normally, we obtain one large
connected area for the face, a smaller one for the hands and small connected components in the
background (Figure 3.8a). Each connected component CC is approximated by its best-fit ellipse

based on moments [Jai89], [Sob96]. An ellipse is defined by its center (center of gravity) (4 . u,),

length a and b of its minor and major axis (ellipse size), and its orientation 6.
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where N represents the number of pixels of the connected component CC, and Imin, Imax denote the

least and the greatest moments of inertia of an ellipse with orientation 8.

I, = Z[(.wr—yr)cosﬁ—(y—,u\.)sint9]2
(r.veCC ’ (310)
I, = Z[(x—,ur)sine—(y—y‘,)cosﬁ]’

(r.veCC

At this stage we have several face candidates, and the next logical step will be the selection of the
real face, by assessing how well the connected component CC is approximated by its best-fit ellipse
E. Many researchers choose the face as being the largest “skin-colored” blob (Figure 3.8b)
[Wra97], [Mck97], [Nur98]. In this case if the background contains “face-colored” and “face-
sized” objects, the algorithm could yield false face detection. Besides the color constraint, our

detection module uses the shape size and geometrical constraints.

b)

Fig. 3.8: The selection process of a face as the largest blob.
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In order to increase the computational speed, we use offline pre-computed elliptical outlines. We
call them “matching-ellipses”, as opposed to the “detection-ellipses” computed as described above.
The shape evaluation stage of the detection algorithm is illustrated in Figure 3.9. The Step 5 of the

algorithm represents the initialization stage of the 2¥2D tracking module.

Step 1. Detect face candidates, and fit “detection ellipses”

Eudi, Eaa. ... Edn;

Step 2. Select among candidates, based on shape size:
Li <(minoraxis)i<L:i=1,...n

= Ful, Eo, ... Eda, k <n;

Step 3. Replace “detection ellipses” with “matching ellipses”
Eti=Eui;i=1,...k: (Figure3.10)

Step 4. For each Er;,
evaluate a measure function

Li(“skin-inside”, “non-skin-outside"); i=1,...k;

Step 5. If Li 2> treshold;
Then

select face = Eti;

Fig. 3.9: Shape Evaluation Algorithm.

« Fig. 3.10: Fitting a matching ellipse on detected face.
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Chapter 4

Tracking for 22D Head Pose

Recovery

This chapter describes the tracking function of the Performance-Driven block (see Figure
2.5) of the [FAT system. The developed technique extracts the 3D position and planar

orientation of the head.
4.1. Introduction

To detect and locate a human face, the system will process the image. identifying relevant
features, and then use these features to recognize and determine the location of the face.
Tracking finds and locates the relevant facial features in a sequence of images. Tracking
should allow estimating the motion while locating the face. There are three main tracking

techniques [Hor86], [Sha95]:

(i) Feature-based methods, which extract image features and track their movement
from frame to frame.

(ii) Optical-flow methods, which use spatial and temporal partial derivatives to
estimate the image flow at each location in the image.

(iii)  Correlation-based methods, which use similarity in brightness patterns to

determine the motion vectors.
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4.1.1. Feature-based tracking

An image feature is a low level image descriptor that can be classified into three main

types:

(i) region-based
(i)  edge-based

(iii)  point-based

Regions (or "blobs") correspond to smooth surface patches, or loci of zero-dimensional
changes [Sha95]. Reliablc tracking of such regions is often difficult, since minor changes
between frames (due to image noise or motion) can lead to very different segmentation in

consecutive frames [Wil93], [Ros91].

Edges are loci of one-dimensional change [Sha95], located where the change in intensity
is significant in one direction. They are generally detected by finding either maxima in
the first image derivative [Can86], or by zero-crossing in the Laplacian of the Gaussian
of the image [Mar82]. Until the recent advent of Energy-based Deformable Models
[Yui89], and Active Contour Models [Kass88], arbitrarily curving edges were difficult to
describe and track. These models have been used to improve adaptive tracking by
requiring the template to vary slowly or smoothly. However. the models necessitate high
resolution of the input data, manual initialization and do not help to reason about

occlusion events.

Point features are distinctive object points in the image, which can be easily tracked.
Common point features include local maxima of directional variance [Mov80], maximum
curvature points along edges [Med86], inflection points, zeros and discontinuities of
curvature [Bri90]. Point features that are loci of two-dimensional intensity changes are
named “corners” or second-order features. Comers impose more constraints on the
motion parameters than edges, so that the optical flow field can be fully recovered. Figure

4.1 shows corners detected on image of a human face, where facial features are rounded
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and the skin surface is smooth. The detected corners do often correspond to salient facial
features such as nostrils, corners of eyes, mouth endpoints, tips of eyebrows. The eyes,
mouth, and nostrils can be robustly localized even when the head moves, and the mouth

and eyes open and close.

Trackers based on feature points are increasingly used in computer vision applications
[Set87], [Hwa89], [Tom94]. However, in a scene where objects move erratically, the
noisy image data and spatial and temporal sub-sampling can make motion and

acceleration estimation difficult.

Fig. 4.1: Salient facial features in Marius’ face image.

4.1.2. Optical-flow tracking

Optical flow is a computational approximation of the projection of a 3D-velocity field
into image plane. Algorithms for recovering optical flow [Hor89] are based on a set of
assumptions about the world which, by necessity, are simplifications and hence may be
violated in practice. One assumption is the brightness constancy, which is violated when
motion boundaries, shadows, or specular reflections are present. Motion boundaries also
violate the common assumption that the optical flow varies smoothly. Violations such as
these result in gross measurement errors. Moreover, the extraction of the optical flow

from an image sequence is a highly computational task.
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4.1.3. Correlation-based tracking

Correlation is a popular method for tracking objects [Web81], [Hag96], [Jeb96]. It uses
the sum of the absolute differences between template and search area pixel intensities as a
difference measure. On the negative side, the correlation tracking methods are sensitive
to changes in overall illumination changes between frames of the sequence. If the average
intensity of the search area becomes very different from the average intensity of the
template then the difference measure will be too high and false matches occur. Moreover,
it fails when the tracked features deform or change over time. Simple auto-adaptive
templates can adjust to non-rigid object changes, but often they tend to drift off the region

of interest without an underlying recursive estimation algorithm.

Visual events such as changes in the background, foreground occlusion, ambient light
changes, and unanticipated motion of the camera or the target, concur to produce
undetected. irrecoverable failure in many existing visual trackers. Robustness is a
characteristic of intelligent behavior and a desirable property of any tracking system.
Although there have been attempts to make trackers more robust with respect to certain
disturbances [Kos95], [Toy95], little has been done toward developing an effective,
general tracking framework for dealing with these problems. Robust, reliable visual
tracking of an object in a complex environment will require the integration of several
different visual modules, each using a different criterion and each employing different
assumptions about the incoming images. The modules must be selected so that when one

module fails another can come to aid, or take over.

4.2. 2YiD Head Tracking

In order to increase its robustness, our system combines several basic tracking methods in
a unified framework used to compute the 2%4D motion parameters of a person head.

We have used both the face color and contour matching techniques to track the 2D
projection of the head. In order to find head models convenient for tracking, we exploit

two geometrical properties: rigidity and symmetry. The inherent rigidity of the head is



quite a convenient property for tracking. The rough symmetry about the vertical axis
passing through its center results in an approximate constant 2D-head projection into the
image plane. This projection can be modeled by an ellipse with a fixed aspect ratio of 1.2,

and a variable orientation, as shown in Figure 4.2.

Fig. 4.2: The 2D elliptical model used for face (head) tracking.

The 2D elliptical head model has four parameters: 2D location (x, v), the size &, and the
orientation y around z-axis (normal to the image plane). The elliptical model space is

defined as a four-dimensional vector S = (x,v,0,7).

On the first image the head is assumed to be at some canonical position. The initial

ellipse size g, is computed for the initial frame and stored. Then on subsequent frames,

depth estimates ¢_ are recovered by computing the instantaneous size of the model &

curr

and comparing it with &,:

r, =—22 4.0

The ¢_ value will get smaller as the target approaches the camera, and larger as it moves
away. Thus it provides an estimate of the relative distance of the target from the camera.
The recovered 3D position is given by (x, y,r.), and the planar orientation by ¥ . The

recovered motion parameters are propagated to the Animation/Rendering block of the

[FAT system, which renders a new posture of the 3D-model (Figure 4.3).
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Fig 4.2: Tracking the head rotation about z-axis.

Once the head is detected, an elliptical outline is fitted to the head contour. Every time a
new image becomes available, the tracker will try to fit the ellipse model from the
previous image in such a way to best approximate the position of the head in the new
image. Essentially, tracking consists of an update of the ellipse state S = (x, v,0,¥). to
provide a best model match for the head in the new image. The state is updated by a
hypothesize-and-test procedure [Fie97], (Bir98] in which the goodness of the match is
dependent upon the intensity gradients around the object’s boundary and the color of the

object’s interior:

5=argmﬂx(@(dn}’i)‘*@(oﬁ,}’,—)} 4.1

SeS

where @, (0;,7,),90.(0;,7;) are the matching scores based on intensity gradients and

object color, respectively.
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The ellipse’s state S is continually updated by local searches combining the output of two

“orthogonal” modules of the 2%2D tracking system:

(i) Contour Gradient Module: dealing with the intensity gradient around the ellipse’s
perimeter.
(i1) Face Color Module: dealing with color information inside the elliptical model

(“face-color inside” and “no-face-color outside” the ellipse).

These two modules will complement each other, leading to a robust, real-time system that
is able to accurately track a person’s head allowing full 360-degree out-of-plane rotation,
short severe occlusion, arbitrary camera movement, and multiple moving people in the

background. The steps of the tracking algorithm are shown in Figure 4.4.

Start the face search at estimated location.

For each pixel of the search area
For each size of the ellipse
For each orientation of the ellipse
Best fit the elliptical model
End
End

End

Fig. 4.4: The face search loop.

The state space is built offline to improve the tracker speed, and it is made up of an

eltipse array with size and orientation within certain range (Figure 4.5).
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Fig. 4.5: The ellipse’s state space

For every new frame the tracker will search along the x and v axes with a span of +6
pixels, =1 pixel for ellipse’s size, and £30° for orientation ¥ . These values can be
optimized when using a recursive estimation technique. A Linear Kalman Filter (LKF)
predicting velocity and acceleration is used to improve the behavior of the tracker
because it removes any restriction on the maximum lateral velocity and acceleration of
the subject. Each new search starts from the estimated location, size, and orientation

based on the LKF prediction.

Adaptive Sub-sampling

In order to improve speed, our tracker employs a coarse-to-fine position-searching

algorithm, by sub-sampling the image. Once an image area at location (x, v) is checked.
the next area is chosen starting at location (x+c, y). When the end of the scan line has
been reached, then the area starting at (x, v+c¢) is checked. Then the procedure is
repeated by setting ¢ = abs(c/2), until ¢ = 1. Determining the best sub-sampling
constant, c, is important but non-trivial. Sub-sampling affects both the accuracy and the
speed of the tracking. If ¢ is too large then the position estimates will be too noisy. If ¢
is too small then too much time will be taken up searching each image area. In our

algorithm we start with ¢ =3.
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4.2.1. Contour Gradient Module

The “region-of-interest” (ROI) of the input image is preprocessed by firstly extracting the

gray information at each ROI pixel:

_R+G+B
3

I , (4.2)

where / is the intensity and (R,G,B) the pixel color information.

The resulting gray image is smoothed by convolving with a [5x5] Gaussian filter (Figure
4.6a). Then a rough approximation to the gradient magnitude is obtained by convolving
the image with a Sobel edge detector filter (Figure 4.6b). We have found that
thresholding the gradient (Figure 4.6¢), helps to reduce the sensitivity to contrast.
Without this threshold, the ellipse model could be attracted to really strong gradients on

the background rather than mediocre gradients around the head.

(a) (b) (c)
Fig. 4.6: Preprocessing step of the Gradient Module.

A widely used figure of merit of the goodness of match is the normalized sum of the

gradients around the perimeter of the tracking ellipse:

| =

Y., 84,0 (4.3)

oy =t

9.(0.7)=

where:
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® n, (i) is the is the unit vector normal to the ellipse contour at pixel i,
* g,,(i) isthe intensity gradient at perimeter pixel i of the ellipse with state S,
® N, isthe number of pixels on the perimeter of an ellipse with size &, and

orientation ¥.

e () denotes the dot product.

The hypothesize-and-test paradigm allows all of the data to be examined before a

decision is made.
4.2.2. Face Color Module

The Color Module uses a Mixture of Gaussian (MOG) model to label only the pixels
belonging to the ROI (i.e. the face) and then tries to best fit the elliptical model on the
“face-labeled” area. The ellipse fitting is done using a normalized log-likelihood
maximization technique. The normalized log-likelihood, L, of the color data, X (2),

observed from the object at time ¢ is given by:

L= ZIog p(x10), (4.4)
e,

L
N

where N is the number of pixels in the interior of the ellipse. L is a measure of the color

tracker confidence:
9.0, 7)=L, (4.5)

Maximizing the log-likelihood is equivalent to minimizing the error: £ = -L. L is
evaluated at each time frame step. A sudden, large drop in the value of L is as a sign that

the tracker has lost the face.
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The Adaptive MOG Model

Color appearance is often unstable due to changes in both background and foreground
lighting. These changes very often lead to a “lost target” event. The color constancy
problem has been addressed mainly through the formulation of physics-based models of
light formation [For88]. In order to compensate for changes in lighting conditions, we
adopt a statistical approach in which color distributions are estimated over time. Under
the assumption that lighting conditions change smoothly over time, the MOG model is
adapted to reflect the changing appearance of the object being tracked [Bis95], [Mck97].
During successful tracking dynamic adaptation is performed if the normalized log-

likelihood L, >T (fixed threshold), for the frame . When L, < T, a new set of pixels. x,

is sampled from the face and used to update the MOG model.

Let & = z p(j 1 x)denote the sum of the posterior probabilities of data in frame

eX,

where by Bayes rule:

_ Pl pw()) (4.6)

il
p(Jjlx) 2 10)

The parameters are first estimated for each mixture component m (w, g, J), using only

the new data, x, from frame ¢:

P .E1F
' S
.I- x— T x—
g - ZPUIH gﬂM) (x=4,.) an
W, =i
N

where N, denotes the number of pixels in the new data set and all summations are done

over the tracked face bounding box. The mixture model components then have their
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parameters m (w, 4, ), updated using weighted sums of the previous recursive estimates,

m(w,_, 1, ,Z, ), estimates based on the new data, m(w,,4,,X,), and estimates based

on the old data, m(w,_,_, .1, ,.Z,,_,).

S &
/u: = :ul-l + z_,(luz —MH,, )— Al, = (Iul—l-L - :ur—l )
Z: = Zx—l + —g',—(zt - Zl—l ) —g’—;l‘_(zr—l—L - Z!—l ) (48)
W, =w,_ +N—'(w, -w,_,)— N (Wyoier = W,,)
where:
A=Y 80
==t (4.9)

o - v

i=r=L

Adaptation is suspended in case of tracking failure, and restarted when the tracker regains
the target. In order to increase the real time performance over, tracking system has the

following two notable characteristics:

¢ The input image will be used entirely only for detection at the starting time or when
the target is lost. In order to improve the speed, the tracker uses a ROI limited to the
surrounding bounding box of the tracked face. Hence the processing time has greatly
decreased, especially for high-resolution images. Even if the tracker confidence drops
below a chosen threshold, we still consider a “tracking mode” if the target is re-
aquisitioned in the next four frames. The system will automatically switch from
current ROI to the whole image rectangle, in order to allow for the search of the lost

target within a larger area (Figure 4.7). Another advantage is accuracy. A smaller
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search area is less likely to contain other objects similar to the face model, so the
tracking process is less likely to be misled.
® The color-tracker confidence is split in two terms, one representing the model’s

interior color (i.e. the face) ¢

int *

and the other the ellipse’s exterior color ¢ :

exr *

¢.(0.7) =0, (0. 1)+ 0., (0+y)=L(O,y)+ Lo +1y) (4.10)

The second term will check the environment color along the perimeter of the next-in-
size ellipse. The confidence will increase if we don’t find a “face” outside the current
ellipse. The “face-inside/non face-outside™ technique improves accuracy by allowing
the outline contour to inflate up to the displayed face boundary (Figure 4.8). The
maximum size of the ellipse is obtained, by searching for “skin" inside, “non-skin”
outside. Another and maybe the most important advantage of using an elliptical shape

for tracking (and detection) is that skin-like background regions do not attract the

tracker.

Fig. 4.7: The switching aspect of the tracking process, in case of a locked target and lost

target after a quick move.

Fig. 4.8: Tracker without and with “face-inside/non face-outside” technique.
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4.3. Linear Kalman Filter (LKF) for 22D Tracking

The measurement values obtained by tracking are quite naturally corrupted by noise,
resulting in an unstable tracking behavior. The face ellipse will be jumpy and easily lose
the locked target. For instance in the case of a sequence with multiple faces the ellipse
will jump from one face to another during scene motion, without smooth following the
initial target as expected. Localization errors in the face tracking propagate to the
recovered pose parameters. When used for synthesis, applying these pose computations
to a 3D-head model results in jerky movements, of the animated head. In order to
overcome this inconvenience we use an optimal discrete LKF to process the
measurements of the tracking parameters for each frame. The continuous linear imaging
process is sampled at discrete time intervals by grabbing images at a constant time
interval. These images are then sequentially analyzed using a LKF to determine the

motion trajectory of the face within a determined error range.

The LKF is a recursive procedure that consists of two stages: time updates (or prediction)
and measurement updates (or correction). At each iteration, the filter provides an optimal
estimate of the current state using the current input measurement, and produces an
estimate of the future state using the underlying state model.The values, which we want
to smooth and predict independently, are the tracker state parameters. The tracker will
employ a LKF as a recursive motion prediction tool, for the recovery of the 24D head

pose parameters.

4.3.1. LKF Basics

The LKF estimates the state s€ R" of a discrete-time process that is governed by the

linear first-order difference equation:

s(k +1) = A(k)s(k) + w(k) “.10
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This process is sampled and quantified at discrete time intervals &, producing the set of

experimental measurement data:

m(k) = H(k)s(k)+v(k) 4.12)

where:

e w(k)and v(k) are the random variables that represent the process and measurement

noise. We assumed them to be white noises, independent and having normal

probability distributions V:

p(w) ~ N(0,Q) (4.13)
p(v) ~ N(O,R) 4.14)

e The n-by-n matrix A is the state transition matrix.
e The m-by-n matrix H in the measurement transition matrix.
¢ nis the number of state parameters, and m is the number of measurements.

e (O and R are covariance matrices.

The filter’s task is to provide a “best” linear estimate (filtered value) §(k), and a “best”
predicted value §(kik —1) of the state s(k). “Best” means estimators that minimize the

mean square error of each state component simultaneously.

Els,(k)-5.(0)1*, i=1l.n (4.15)

4.3.2. Filtering and Prediction

The equations for the LKF could be separated in two groups: time update equations and

measurement update equations.
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® the time update equations are responsible for projecting forward (in time) the current
state and error covariance estimates to obtain the a priori estimates for the next time
step.

® the measurement update equations are responsible for the feedback, i.e. for
incorporating a new measurement into the a priori estimate to obtain an improved a

posteriori estimate.

The time update equations can also be thought of as predictor equations, while the
measurement update equations can be thought of as corrector equations. Indeed the final
estimation algorithm resembles that of a predictor-corrector algorithm for solving
numericzl problems as shown helow in Figure 4.9. The LKF has ability to adjust its own

parameters according to the current confidence in the accuracy of the state parameters.

Time Update

Measurement i§
Update
(“Correct”)

|

Fig. 4.9: The Kalman Filter Loop.

(“Predict”)
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Initial estimates for §(k |k -1) and P(k 1k -1)

l

K(k)=Plktk-DHT (®)[H(k)Pk 1 k-)HT (k)+ Rk)]™

Measurement Update (“Correct”)

e Compute the Kalman gain:

e Update estimate with m(k):
S(kik) =8k 1k -1+ K&)mk)—Hk)5k k-1
e Update the error covariance:

Pkl k)= (1 -KKYHK)Pklk-1)

Time Update (“Predict”’)

e Project the state ahead:
‘.—
Stklk=D=AK)Sk=11k=1)

¢ Project the error covariance ahead:

Pklk=1)=AK)Pk—11k-DAT (k) +Q(k 1)

Fig. 4.10: Update Equations of the Linear Kalman Filter
The first measurement update equation computes the Kalman gain (blending factor),
K (k) (n-bv-m matrix), which determines the ratio of the error between predicted and

measured parameters that will be used to update the state vector.

The second measurement update equation uses the measured samples m(k), to generate

the a posteriori state estimate §(k | k).
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The m(k)— H(k)5(k |k —1) term, called residual, shows the difference between the
predicted measurement H (k)S(k | kK —1) and the actual measurement m(k). A residual of

zero means that the two are in complete agreement.

In the third measurement update equation the portion of the gain matrix that is associated
with elements obtained from the image (i.e., face mode! position and velocity) is
subtracted from an identity matrix / to yield a proportion of non-gain. This is multiplied
with the estimated error covariance to produce an updated error covariance that reflects

the remaining uncertainty about the state parameters.

The prediction of the state parameter values and error at the next time instance is
achieved by the time update equation equations. The motion model A(k) matrix allows
new estimates to be derived by applying an appropriate function to the current parameters
and error. as discussed further in next section. We are using a linear motion model.

reflecting the behavior of an object moving at constant velocity.

The H (k) matrix is used to convert the state parameters and their associated errors to the

same basis as the measurement data. [n our case, for images captured orthogonal to the
direction of face movement, the state parameters are held in the same coordinate system
as the measurement data, affording a one-to-one correspondence. Therefore H (k)
remains constant throughout. which allows the extraction of only those elements of the
parameters or error that equate to measurements from the image. If a perspective
transformation is needed to align the image sequences with the state parameters of the

model, H (k) should be updated at each iteration of the Kalman filter loop. This reflects

the non-linear changes between the image measurement and the state parameters.

4.3.3. Motion and Measurement Models

LKF techniques can be used to track objects robustly from measurements of position,

motion and shape. The way the problem is formulated depends on the measurements that
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can be made and the results that are required. For instance, if one is interested in
positional coordinates, scale and orientation, each of these can have a value and a first
and second derivative with respect to time. This could be formulated as a single twelve
dimensional state vector s =(x,,y,,0,0,%,, _\'}c,o",é,.'r"_, y_.6,6) with a corresponding
state transition matrix A(k). Ideally, we want to smooth and predict the entire ellipse

state vector, including its position, scale and orientation. The most important element of
the ellipse state vector represents its position, since each search starts at the estimated
face location. Estimating scale and orientation could improve the speed of the tracking
algorithm, but the tracking success (correctness and speed) depends most on the predicted
search location. Hence, we chose the state vector to model only the motion of the tracker

position in x-v plane,
§=(X., V.. X, V., X, V).

Our dynamic system describes both coordinates of the center of the tracker by its

position, velocity and acceleration. Using Newton dynamics. the state equation (4.11)

becomes:
c | 0 Az O % 0 |y
o1 o a o %
X, 2 .
i =100 1 0 At O ; + w(k) (4.16)
00 0 I 0 A |-
X, X,
. 00 0 0 |1 0 | .
Ve k+1 Ve k
00 0 0 O

This state transition equation represents the familiar equation of motion of a body moving

with constant acceleration. The measurement model of the ellipse center (x_,v,) is the

measurement vector m,(x_,y.) as per (4.12). The measurement transition
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matrix H(k)is chosen to enable conversion of the state parameters to the same basis as

the measurement data. Since only position data is extracted H (k) =[/.0]", where [ is the

identity matrix. This removes the velocity values from the state vector to facilitate

comparison with the measurements of position.

LKF Initialization

Setting initial parameters of these two models is rather crucial for the LKF performance.
The LKF must be initialized prior to the recursive update stage.

The R(k) matrix is initialized with the covariance of the estimated measurement error. It
is assumed that the error of the center position of the tracker is Gaussian distributed with

a standard error equivalent to one pixel displacement

The initial face tracker position initializes the state vector prediction

§(k 1 k = 1) used as input in the measurement update module (Figure 4.10). The
initialization of the error covariance matrix P(k | k£ —1) is crucial for the
update stage, dictating how quickly the algorithm will converge on
parameters within an acceptable error. Brown et al. [Brn83] suggest if there

is no initial predicted estimate, P(k |k —1) should be initialized with the

covariance of the first measurement. Another initialization technique [Hos95]
uses the error from the first prediction and the associated measurement,
after processing three images. Face tracker positions in the first two images
are located then from this information forward prediction is made. This
prediction is compared with the measured position in the third image to

determine an initial error value. It is important to initialize P(k | k —1) to

values high enough to allow influence from measurements taken from the
early images in the sequence so that the filter can self adjust according to the

input data. More on description and analysis on tuning the LKF can be found in
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[Pal94]. The actual inter-frame time is continuously measured and used as At in equation

(4.16).

LKF Update

The update stage is an iterative process generating estimates of the next state parameters

(position, velocity, and acceleration) and the associated error covariance matrix.

Figure 4.11 illustrates the structure of a tracking algorithm, which integrates a LKF.

REPEAT
Stepl Start the target search in image based on filter estimate.
Step2 Locate the target in image using the tracking algorithm.

Step3 Use located position in Kalman filter ( m(k) measurement vector).

UNTIL the end of the image sequence.

Fig. 4.11: Kalman filter tracking algorithm.

Since the search area should be as small as possible, yet be large enough to accommodate
face motion variations, the size of this area is adjusted according to the most recent
deviation between the real and predicted trajectories. The search area is centered at the

estimated face location. We start the face search within an area of [(wr/30)X (ht/ 30)].

where wr and hr are the width, respectively the height of the captured image. The search
window boundaries can be adjusted using the error covariance [Hos95], or the difference
“predicted-measured” position values. When the deviation of the “predicted-measured”
position is small, the search area is only a little bit larger than the initial area. As the
deviation increases, the expansion factors modify the search window and the ROI

containing the face. The image geometry parameters mentioned in Figure 4.12 are:
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Ax, = \[P(k1k=1)[x,, ] 4.17)

Ay, =P(k 1k -D]y,,]

X, =X (klk=1)-Ax,
Xhion = X (kT =1)+Ax, (4.18)
-v[uw = S)L(k I k _l)—A.v(

—vhiglx = SIL(k lk - l) +A.VL~

Search area at frame %

Search area at frame 47

_»———-"'/

Xpigh Ax,

Fig. 4.12: Adjusting the search area

Figure 4.13 shows the estimated vs. measured position of the elliptical tracker and its
confidence, for a sequence of 200 frames, containing a moving face. The face is detected

in first 5 frames, then successfully tracked in next frames.
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Plot 1 2: *-*: True Trajectory; *.." Estimated Trajectory; Plot 3: Tracker Confidence
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Chapter S

Tracking for 3D Head Pose Recovery

Inferring 3D object characteristics from 2D measurements is a complex task, which is far
from being resolved. The general problem of recovering 3D position parameters from 2D
images could be solved using different 2D views of the 3D objects. If these 2D images
are taken at the same time the problem is solved by stereovision [Fau92], [Har92], or
trifocal rensor {Shs95], [Har94]. Another approach [Jeb99] using monocular 2D images
of moving objects is known as Structure-From-Motion (SFM). Following we give a short
SFM background, and then present our SFM implementation of the 3D head tracking

task.
5.1. Structure-From-Motion (SFM)

Given 2D-object images the SFM problem aims to recover:
e the 3D object coordinates
e the relative 3D camera- object motion

e camera geometry (camera calibration)

There are many papers reporting on different SFM applications:

e 3D Model Reconstruction, where 3D object-coordinates, thus 3D models are
recovered from 2D images [Deb96], [Jeb99]. In this case SFM is an alternative to
well-known methods such as 3D laser scanning, structured light, depth from shading
etc.

e 3D Motion Recovery, where 3D motion parameters are recovered and used to drive
3D characters/avatars in virtual environments. These 3D avatars will mimic live
actions of the performing actors. Azarbayejani [Aza93] et al. present a visually

controlled framework where virtual 3D face models are animated from a camera-



based head tracking. Kutulakos [Kut98] presents an augmented virtual reality
environment where 3D objects are super-imposed (enhanced/augmented reality) in
the real scene in real time. Such techniques are currently being integrated into
standard computer graphics software for use in film, video, games. interactive media,
industrial design and visualization.

® Camera calibration that recovers the external and internal camera geometric
parameters. The external parameters represent the camera position in real world
coordinates and internal parameters include camera variables such as focal length.
Park et al. [Par94] describe a method for estimating camera parameters from video
sequences for applications to model-based video systems, using feature

correspondence and a least-square estimator.
5.1.1. Perspective Camera Model

Most of SFM techniques start by assuming a perspective projection model (Figure 5.1).
often referred as a pinhole camera, which reflects the natural process of the image

acquisition.

The 3D feature points are projected in the image plane through the projection rays rooted
at the center of projection (COP), located inside the physical camera. The origin of
camera coordinate system often is chosen as COP. The focal length fis the distance from
COP to the image plane along the principal axis (or optical axis). The principal axis is
traditionally aligned with the z-axis. The projection of the COP along the principal axis is

called the principal point p(uy,v,). Considering p, (it,,v, ) as the center of the image

plane, and applying Thales theorem we obtain the perspective projection equation.

(HE

where p(X.Y,Z) is a 3D object feature point represented in camera coordinate reference

frame.
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& XY 2

(X,,7,,2)

(X,,r,,2,)

Fig. 5.1: Perspective camera model [Jeb99)].

This simplified model taking into account only the most important internal parameter

(focal length) is often sufficient in machine vision application modeling.

The translation motion is modeled as a 3D position of the object reference frame relative

to the current camera reference frame:

with ¢,z components corresponding to directions parallel to image plane, and ¢_ the

depth of the object, respectively.

The rotation is modeled as a composite matrix obtained by the multiplication of the three

elementary rotation-matrices accounting for the pitch, yaw, and roll of the object frame.

i ha Ns
R=R,R,R =|r, r, ry| (5.3)

ny rnp g
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where a, B, ¥ (pitch, yaw, and roll respectively) denote the three rotation angles (Euler

angles) of the object about the x, y, and z-axis, respectively. The rotation matrices for the

Euler angles are:

l 0 0
R,=|0 cosa sina|,

a

0 -sinag cosa
cosf 0 -sinf

Ry=| 0 1 0 | (5.4)
sinff 0 cosf

cosy siny 0
R, =|-siny cosy 0],
0 0 1

Multiplying these matrices finally yields the elements of the composite rotation matrix R
(5.3):

n, =cosycos f3,

r, =sin ycos 3,

n, =-sin f3,
ry, ==sin ycosa +cos ¥sin Ssin,
ry =cosycosa +sinasin fsiny, (5.5)

ry; =sinasin y +cos ysin fcosa,
r; =sinysina+cosysin fcosa,
r;, =—cosysina+sinysin fcosa,

ry; =cos fcosa.
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5.1.2. Solving the SFM problem

The SFM problem assumes no prior knowledge about the 3D model and motion, and
camera calibration. SFM aims to recover these 3D parameters from 2D observations over

a sequence of images. The SFM framework consists of two main modules (Figure 5.2):

¢ Tracking module, delivering the 2D point measurements p, («,,v, ) of the tracked

features, where i=/,...,m, and m is the number of measurement points.
e Estimator module (for the estimation of 3D geometry and motion), delivering a state

vector

s=(@.1.0 0,84 f.X,,Y,.,2Z,) (5.6)

where:

e (t,.t..1.,a, B,A) are the six 3D camera/object relative motion, namely

translation and rotation;
e f is the camera focal length;

e P(X, Y, ,Z) is the object geometry, where i=/,...,m, and m is the number of

tracked features.
The SFM framework represents rigid motion recovery function of the Performance-

Driven block (Figure 2.5). The recovered motion parameters are propagated to the

Animation/Rendering module to animate the 3D-head model as described in Chapter 2.
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Gesture/Performance-Driven

Fig. 5.2: The SFM component of the Performance-Driven block of our IFAT svstem.

There are two known matching techniques, feature-based and optical flow, which SFM

can use to infer the 3D information from 2D observations.

As discussed in Chapter 4, features are object components that can easily be identified:

edges, corners or other outstanding points.

The Feature-based tracking first determine such locations in two frames and then match

features between frames. This technique consists of three steps:

(1) Extraction of a set of salient two-dimensional features from a set of monocular
frames (implemented in the Tracking Module).

(ii) Tracking the found features from one frame to another prior to motion
computation, problem recognized as very difficult. Some constraints such as
rigidity are exploited in matching algorithms (implemented in the Tracking
Module).

(iit)  Motion Estimation is the last step of this approach. Also, the task is not trivial
since the relation between the projections and 3D scene objects is nonlinear and
the input data is always corrupted by noise. The reconstruction of the objects
characteristics practically requests an available a priori information (a 3D virtual
model of a real object, in our case, the 3D-head model) (implemented in the

Estimator Module).
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The Optical flow technique can be divided into two steps:

(1) Computation of the apparent velocity field (or so-called optical flow) from the
temporal changes in gray levels in the image plane (implemented in the Tracking
Module).

(i) Inferring the motion parameters and structure of objects in 3D space from optical

flow by using additional constraints (implemented in the Estimator Module).

As reported in the literature [Hee92], [Zha92], optical flow techniques are unstable and
unreliable since the derivatives enhance the noise level, and the real velocity will be
different from the apparent velocity. Feature-matching and optical flow are generally
computed from two sequential frames in an image sequence. Since both algorithms
introduce errors, the information extracted from only two frames is not very accurate.
Applying a two-frame algorithm to sequential pairs of images does not solve the noise
reduction problem. While it can be theoretically possible to combat noise by using long
sequence analysis, this is practicaily difficult because of the delay it introduces between

the real and virtual world motions.

There are two ways in which multiple frame measurements can be integrated in a SFM

framework:

(i) Global or Batch methods, where data from a finite number of n frames (n > 2) is

collected and used as an input for the SFM algorithm. While this approach
produces accurate result for the given set of frames, it requires storage of large
amounts of data and doesn’t produce any result until all frames have been
processed.

(i) Recursive or Iterative methods, where a current estimate of the quantities of
interest is maintained after every acquired frame and updated each time a new
frame becomes available. In this case accuracy and convergence/stability may
become an issue for the SFM algorithm. However, because no expensive data
storage is required and an estimate is available at every time instant, these

methods are well suited for real-time applications.
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Due to the continuous nature of visual information acquisition and the large amounts of

data involved, we decided to use a recursive estimation technique.

Due to the perspective camera model, SFM is a nonlinear problem. Attempts were made
to reduce the inherent complexity of solving it linearly. A popular technique is the
factorization method proposed by Tomasi and Kanade [Tom92]. They are using an
orthographic camera model. which neglects the camera focal length and simplifies the
problem by setting u# = X, and v = Y (Figure 3.3). They assume a beforehand known
image sequence. The feature points are fed in a “features x frames” matrix, then the 3D
parameters are extracted using singular value decomposition and linear operators.
Unfortunately, the “batch™ technique and the orthographic camera model prohibit the

application of this method to real life scenarios.

IMAGE PLANE

t=:nfinicy

Fig. 5.3: Orthographic camera model.

Many nonlinear frameworks can be related to the classic Relative Orientation problem
proposed by Horn [Hor86], [Hor90], using the perspective projection camera model.
Structure and motion are recovered by minimizing a nonlinear cost function for a two-
frame recursive technique. The solution doesn’t recover the camera internal geometry.
Lowe offers a solution [Low87] to the SFM problem, starting with a certain guess (initial

solution) for the unknown scene parameters, including the six pose parameters, possibly
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some intrinsic camera parameters such as the focal length f. Using a perspective camera
model, the algorithm re-project the a priori known 3D scene model into the image plane,
and then compute, a vector of errors d between the positions, orientations and apparent
angles of the re-projected features, and the corresponding actual measurements. In
(Kumg89], {Sze93], and [Wen93] the SFM solution is found through the Levenberg-

Marquardt nonlinear minimization algorithm.

5.2. Nonlinear Recursive SFM Solution

The problem can be formulated as a parameter estimation problem:

“Given a number of noisy measurements of 2D-tracker positions, we have to optimally
recover the SFM components of equation (5.6)”. Least-squares techniques have been
popular to solve such type of problems, in computer vision. Unfortunately, these
techniques need a priori knowledge of the 3D object models and are not able to handle
gross and systematic errors, and correlation in measurements.

These unrealistic assumptions prevent least-squares methods from converging to an
acceptable solution. A robust alternative to the least square methods is the Extended
Kalman Filter (EKF), for the following reasons [Zha92]:

(1) EKF explicitly considers the observation uncertainties.

(i1) EKF is fed with measurement recursively.

(i)  EKF is a simple and robust solution to parameter estimation problems.

The literature on Kalman Filter-based recursive algorithms for recovering 3D structure

and/or motion from a monocular sequence of images dates back to the early eighties

[Gen82]. Extensive work has been done on three main areas of the problem:

(i) recovery of motion with known structure [Aza93], [Bro86], [Gen82], [Gen92]

(i) recovery of structure with known motion [Mat89], [She92],

(i)  recovery of motion and structure simultaneously [Aza95], [Jeb96], [Bro91],
[Hee90], [Hee91].
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Gennery [Gen82], [Gen92] considers the problem of tracking 3D objects of known shape,
and recovering object motion and position with respect to the observer. His state vector
therefore consists of 12 parameters (6 configuration and 6 velocity). For tracking he uses

both point and line features.

Matthies et al. [Mat89] make the assumption of known motion, and demonstrate their
scheme in the special case of translational motion both with a feature-based scene
representation and with a dense depth-map. Recently Shekhar and Chellappa have

successfully tested a similar approach, again assuming known motion [She92].

Heel [Hee90], [Hee91] proposed a filter formulation for the recovery of both structure
and motion, with further regularization of the depth map. The formulation is similar to
the one by Matthies et al. [Mat89], but the motion is now estimated at each step with a
least-squares procedure from the estimated structure. The best estimate of motion is used
to produce an estimate for structure, which is used to obtain the new estimate of motion.
In Heel’s algorithm the motion parameters are not included in the state of the filter, hence

motion temporal coherence cannot be exploited.

We have adapted the SFM approach of Azarbayejani and Pentland [Aza95] to recursively
recover the 3D structure, 3D motion and perspective camera geometry from feature
correspondences over a sequence of 2D images. To speed up the calculations we are
using a motion model that simplifies the Jacobian. EKF is used to solve the SFM problem
resuiting in an accurate, stable and real time solution. This EKF takes in consideration the
non-linear aspect of mapping. We use a perspective camera model to reflect the mapping
between the 3D world and its projection. In the next sections we present three EFK based
techniques, used to recover motion (5.3.6 and 5.3.7), and structure and motion (5.3.8). All

methods also recover the camera focal length.
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5.2.1. EFK Basics

As described in Chapter 4 the Linear Kalman Filter (LKF) addresses the general problem
of estimating the state of a discrete-time controlled process governed by a linear
stochastic difference-equation. When the process to be estimated is non-linear, one has to
use a non-linear estimation technique (EKF) to solve the SFM problem. Essentially the
EFK is applied to nonlinear systems with additive white noise. The EFK continually
updates a linearization around the previous state estimate, starting with an initial guess.
The EFK linearizes about the current mean and covariance values. The degree of
accuracy of this linearization depends on the initial guess and the evolution of
disturbances. The formalism assumes that the system-noise and measurement-noise
processes are uncorrelated and both are Gaussian white-noise sequences. Similarly to a
Taylor series, the filter linearizes the estimation around the current estimate using the
partial derivatives of the process and measurement functions to compute estimates even

in the case of non-linear relationships.

A non-linear dynamic system can be represented by the following equations:

stk+1) = f(s(k), w(k)) (5.3)
m(k) = h(s(k),v(k)) 5.4

where:

® w(k)and v(k) are the random variables that represent the process and measurement
noise. We assumed them to be independent of each other, white, and with normal
probability distributions.
p(w) ~ N(0,Q) (5.5
p(v)~N(O,R) (5.6)
¢ the non-linear function f{e) in the difference equation (5.3) relates the state at time

step k to the state at step k+1. It includes as parameter the zero-mean process noise
w(k)
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e the non-linear function h(e) in the measurement equation (5.4) relates the state s(k)

to the measurement m(k).

After linearization, the state and measurement equations (5.3) and (5.4) can be expressed
as [Wel98]:

stk +1) = As(k)+E(k) (5.7)
m(k) = Hs(k)+n(k) (5.8)
where:

® Ais the Jacobian matrix of partial derivatives of f(e) with respect to s
e His the Jacobian matrix of partial derivatives of h(e) with respect to s

e £(k) and n(k) are independent random variables having zero mean and covariance
matrices: WOW ' and VRVT , with Q and R from (5.5) and (5.6). Here, W is the
Jacobian matrix of partial derivatives of f(e) with respect to w(k) . and V is the

Jacobian matrix of partial derivatives of s(e) with respect to v(k).

The observations are the 2D feature coordinates («,v) which are concatenated into a

measurement vector m(k) at each time step. The observation vector is the back-

projection of the s state vector containing the scene 3D structure, the relative 3D camera-
scene motion, and the camera internal geometry, namely the focal length.

The s to m mapping is nonlinear (H(s) varies with s), and corrupted by some noise
encoded in the time-varying covariance matrix R(k). Large variances R(k) represent lost
2D features during the tracking process. The system evolution matrix A is based on first
order Newtonian dynamics in 3D and assumed time invariant. The 3D structure, motion
and the focal length are constrained through the A matrix, which sets a linear
dependency between the past and current values. The internal state contains a random

Gaussian noise &(k), representing the variations of the internal state.
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The recursive approach captures both the cause-effect and the dynamic nature of the SFM
problem, offering also a probabilistic framework for uncertainty representation. In this
chapter we present a solution to the SFM problem allowing recovering the 3D motion of
the user head, and the focal length of the camera. The state vector

s(translation, rotation, velocity, focal _length) contains the relative 3D camera-object
translation, rotation and their velocities, and camera focal length. The

m(u,,v,,Us,V,,....,1y,Vy) measurement vector is the concatenation of the 2D

feature screen coordinates.

5.2.2. Filtering and Prediction

The “filtering and prediction™ relates to the state estimate, where §(k | k) is the state
estimate after a measurement (“filtered estimate™) and §(k 1 k& —1) is the state estimate

after a time update (*‘predicted estimate™).

The EKF recursively estimates the state vector at each frame using the measurement
vector m(k). the state prediction §(k |k — 1) and the state prediction error covariance
matrix P(k | k-1). The basic operation of the EKF is similar to the discrete LKF (Figure
4.9). In this case, since we use a perspective transformation. H (k) is updated at each
iteration of the EKF loop in order to reflect the nonlinear mapping between the state

parameters and the image measurement. At the time step k the computational EKF cycle

proceeds as shown in Figure 5.4:
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Step 1.

Step 2.

Step 3.

Step 4.

Step 5.

Step 6.

Step 7.

Step 8.

Input a new measurement vector m(k).

Update the measurement-system Jacobian matrix:

H(k)z(ah(k))
s s=Fklk-1)

Compute the system error covariance matrix:
Plklk=1)=AK)P(k=11k-DAT (k) + Wk -DQUk =W (k - 1)
Compute the gain matrix:
K(k)=P(klk=DH"(K)[HK)PKkIk-DHT (k) +V(k)RKWVT (k)]
Update the system error covariance matrix:
Pk1k)=(-K&HK)Pkk-1)

Predict the state vector:

Sklk=1)= f(S(k=11k-1),0)

Update the state vector:

Stk tk)=5(k1k=1)+Kk)[m(k) - h(5k |k -1),0)]

Store for the next cycle the updated state vector and system error
covariance matrix:

Stk1k)—> 5§k -11k-1)

Pk 1 k)—=*— P(k -11k-1)

Fig. 5.4: The EKF algorithm steps.

EFK equations suggest that the filter behavior agree with our human intuition. The gain

matrix can be expressed [Zha92] in the form:

Kk)=PkIkYHT (k)R (k) , (5.9)

Hence, the Kalman gain is “proportional” to the uncertainty in the estimate and

“inversely proportional” to the measurement uncertainty. Having defined the residual as

r=m(k)—h(5(k 1 k —1),0), the expression in (5.9) reflects two scenarios:
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® very uncertain measurement and relatively precise state estimate. In this case the
residual r is generated by the noise and the state estimate needs little change.

o relatively precise measurement and very uncertain state estimate. In this case the
residual r mirrors the state estimate errors and the state estimate needs a strong

correction.

Inverting P(klk) and replacing K(k) in (5.9), we obtain the covariance matrix equation:

Pl klky=P " (klk=D)+H (k)R (k)H (k), (5.10)

We notice the “proportionality” between P and R covariance matrices. It also can be seen
that a very precise measurement (R(k) is small) will considerably reduce the estimation

error by decreasing the estimation variance.

5.2.3. Motion and Measurement Models

The EKF requires a physical dynamic model of the motion and a measurement model
relating image feature locations to motion parameters. Additionally, because this
approach recovers the motion without structure, a representation of the object (user's
head) is required. In this section we present the chosen motion and measurement models

and their resultant equations (5.11) and (5.16).

The Motion Model

The dynamic model is a discrete-time Newtonian physical model of a rigid body motion.

moving with constant velocity. Our state vector

St 1, 0,0,,0,,f L f,0,,0,,0.) consists of 13 elements grouped as follows:

the relative camera-object translation (t.,t,,t.), the small inter-frame rotation
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(@.,0,,0.), the camera focal length f, the translational velocity (7, J£..£.), and the

rotational velocity (@, ,@,,@.) . The state equation (5.3) could be written as:

t I 0 0 IAT 0 Yt

w; 071 0 0 IAT | o

Fl =001 0 0 f]|+&k (5.11)
i, 000 I 0 |f¢

o), (000 0 [ )a)

where i = x.y,z is the index of the coordinate axes of the camera reference frame. / is the

identity matrix and A7 is the inter-frame time.

The Measurement Model

The measurement model relates the state vector s to the 2D-image location (u,,v,) of
each image feature point, p, . The point p,(X,.Y,.Z,) of the object reference frame

becomes the point p,, (X ,,.Y,.Z,) of the camera reference frame, where:

X, X,
Y, |=T@. .t..t.)+R(a B.y) Y,  k=1,....N, (5.12)
ZCL' Zk

where T and R represent the object (or camera) translation and rotation matrices, and N is
the number of points.

The observed perspective projection is given by:

X X
e |_ f [Ra k=1..N, (5.13)
vk Zr:k YC/(
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where fis the camera focal length. The above equation is valid when considering the
camera system origin in center of projection (COP). If the system origin is fixed at the

image plane, the above equation transforms to:

. X
l‘L = [ ck , k=1,...,N, (5'14)
Vi I+ fZ, \ Y

where = i is the inverse focal length. The equivalence can be easily verified, by

replacing Z , in (5.13) with f +Z , (see Figure 5.1). The choice of the motion and

projection equation will reflect in the calculation difficulty of the H Jacobian, at each

frame step.

At each filter cycle we have to calculate the partial derivatives of u and v with respect to
each of the unknown parameters. Lowe [Low87] proposed a reparameterization of the
projection equations, to simplify the calculation by expressing “the translations in terms
of the camera coordinate system rather than mode! coordinates”. We need the above
partial derivatives to compose the A Jacobian matrix. In this case the measurement

equation (5.4) will take the following form:

XLk XL
Y, |=Rl@.p.7)Y, (5.15)
ck Zk
f X, +t.
u, Z, +t.
( ]z : (5.16)
Vk f Yck +t\'
Z, +t. .
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In this new parameterization, ¢ and ¢, simply specify the location of the object on the

image plane and ¢_ specifies the distance of the object from the camera”. We used the

above model in our EKF framework.

The EKF minimization requires the calculation of the first partial derivative (Jacobian) of

each measurement relative to each state variable:

_ oh,(s)

y , =1..2N,  j=l...M 5.17
y asl. i J (5.17)

where s is the M-component state vector, and £ is the index of the u or v feature

coordinates in the observation array m, (u4,,v,,lt,,Vy,....0ty v, ).

The magnitudes of the approximate measurement matrix elements reflect the amount of
information about each state contained in data obtained at the current point in the object
trajectory [Bro86]. We start the calculation of the Jacobian H from the above nonlinear,
but differentiable and well-behaved equations (5.15) and (5.16). In the Lowe’s model, the

object’s coordinates in the camera reference frame, X , . ¥, ,and Z_ (5.15) and (5.16)

are defined:
(X, .Y 2 )= (reosw,, rsinm,, z), (5.18)

where r is the distance of the point projection in x-y plane. Table 5.1 gives a summary of

the partial derivatives of the X, , ¥, ,and Z, with respect to the small rotation angles

o0, and @..
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oX, | 9Y, | 9Z,
dw, |0 -Z, | Y,
dw, | Z, |0 -X.
dw, |-Y, | X, |0

Table 5.1: Partial derivatives of structure parameters with respect to the small inter-

frame rotations.

Usually, it is difficult to calculate the partial derivatives for the standard form of the

projection equation (4.11), (

4.12) [Aza95], [Jeb99]. Lowe's [Low87] reparametrization

(5.15). (5.16) greatly simplifies the Jacobian calculation. Considering p a SFM state

vector parameter, and using the derivation chain rule, we have:

ou

f

aX ck

X

5; - Z, +t.

dp

B (ch +[: )l

For simplicity, we substitute:

du
dp

L

and similarly,

ap

—_— fd(aYLL

iz,
ck ap

dp

- Yck aZCk J

op

|

82

(5.20)

(5.21)
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If we substitute p in (5.15) and (5.16) with the state vector components, and use the Table
5.1 information, we get the following two groups of equations, (5.24) and (5.25) (the

Jacobian components):

(i) Horizontal measurements u, : 4.24

ou
ot
ou
dr,

dut )
—=—fd"X
ar, /i &

all .2

Fya —fd" XY,

) . >
5;); = fd(Z, +dX })

%

du .
a_a):— ==fdY,

3
a—}‘ =dX,

=1

=0
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(ii) Vertical measurements v, : (4.25)

3
dr,
E
dr,
aV 1
—=—fd"Y,
o, JA
%:—fd(zd +dY.,0)
dv

w

av .
—=fdX ,
Yo, Jax

3v~
—=dY,
af ok

=0

=1

= fdlxcchk

v

When N points are tracked, there are 2NV measurements (coordinates of point projections)
at each frame and 7 parameters to be recovered (six motion parameters plus camera focal
length). Both motion and focal length are over-determined at each frame when 2N > 7.
which happens when N 24, i.e. when tracking 4 or more points. When camera

parameters are known beforehand, we need N 2 3 points to recover the 3D motion.

We employ a three-parameter incremental rotation (@, ,®. ), similar to that used in

[Bro86] and [Aza95] to estimate inter-frame rotation. The @, ,®,,®. parameters are

known as incremental Euler angles. Unbiasing (i.e. centering about the zero mean) these
incremental Euler angles, avoids over-parameterization. Being approximately
independent, they can be used reliably in system linearization [Jeb99]. An incremental

rotation quaternion can be computed from these three parameters:
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w 0O, o.
= —_ — - = o)
&1_[1 "’2’2’2] (5.26)
(5.27

The incremental rotation computed at each frame step is combined into a global

quaternion vector (q,.4,.4,.4;) used in the EKF linearization process and rotation of the

3D-model [Sho94]. A 3x3-rotation matrix R can be generated using unit quaternions:

a4 +qi —as-4;  20a49,-9.9:)  2(q.9; +q04)
R=| 2(1q,+q4q;) 45-at+ai-q4i  2(q,4: - 4oq) (5.28)
2(‘11513 -qo‘h) 2(‘1243 +%‘11) ‘15 _‘112 —‘11: +‘1}2

Figure 5.5 illustrates the integration of this small-rotation algorithm in the recovery of the

global rotation of the 3D head model.

—» (global rotation) = (94,9,.9,,95) © R

~,

3D-mode! rotation linearization process

v

—— (interframe rotation) = (o, , @, , a, ) «—

Fig. 5.5: The rotational process in 3D-pose recoverv algorithm.

EKF Initialization

The 3D-model provides the initial structure parameters (X,,Y,,Z,) of the Kalman filter.

Each 2D-feature point (;,v,) corresponds to a structure point p, (X, Y,,Z,). As shown
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in Figure 5.6 these (u;,v;) points are obtained by intersecting the 2D image plane with a

ray rooted in the camera’s center of projection COP and aiming to the 3D structure point

on the head model.

Fig. 5.6: Identical point selection process on Marius' image and the correspondin g 3D

model projection.

The typical point identification problem of the 3D pose recovery from 2D images is
solved in our case by identifying corresponding points in both the 2D live image of the
subject and the 3D model of the subject’s head. The relation between the normalized

coordinate (x, ..V, s.) of the selected 2D live image point and the 2D perspective
screen projection of the same feature point identified on the 3D head model

(xn_null * -Vn_null ) 182

X,
Q—_live 1=y

liv “ .. . “tn_mdl

- live _Width -

= 1_7 ylive

=y
live _ Height =~ "™

where:

o live_Width, live_Height are the dimensions of the “live” Windows area,
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® (X, V. ) 18 the 2D location of the live image feature point.

® (X, i Va_ma) 1s the 2D screen projection of the 3D model point.

In order to aid the point identification process, we are using an augmented reality
technique by projecting in the 2D live image the 3D mesh used to model the head. A
multiple “point identification” procedure using this augmented reality technique is
summarized in Figure 5.7. At this development stage it is still up to the user to arrange
the scale matching between the live face image and the projected mesh. This is done
manually either by adjusting the camera focus or by adjusting the scale of the projected
3D head image.

The steps of the EKF initialization algorithm are as follows:

Step 1.
The user positions his/her face at the center of the screen, and adjust the
matching of the live image and the projected mesh , so that the

projected mesh covers the entire facial region.

Step 2.
Left mouse click on every rigid feature point of interest on the live image. An
automatic program function takes care to properly align the selected live

feature point to a vertex of the projected mesh.

Step 3.
Right mouse click anywhere on the active Windows “live” image triggers the

tracking process (by “booting the EKF module).

Fig. 5.7: The EKF “boot” algorithm.
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EKF Update

The EKF update stage is illustrated in Figure 5.9. At each iteration, the EKF computes an
estimate of the rigid 3D motion that must probably correspond to the motion of the 2D
live image. We employ the Kanade-Lucas-Tomasi (KLT) [Tom94] 2D-gradient feature
tracking method, which robustly performs the tracking reinforced by the EFK estimation
output. An estimate of orientation and camera focal length is found at each step. After the
3D-motion and focal length are recovered, a perspective transformation will project
feature points back onto the image to determine an estimated position of the 2D feature
trackers. At the next frame in the sequence a 2D tracking is performed starting at this 2D
estimated position. The current matching coordinates of tracked features are fed back into
the Kalman as the observation vector, and the loop continues. The feedback from EFK is
used to update the 3D-model pose parameters, i.e. provides the 3D head tracking

information.

5.2.4. An Improvement of the EKF

The EKF success rate depends on a good guess for starting conditions. Linearizing a
nonlinear model results in relatively small errors, which can be neglected for estimate
accuracy less than 10% [For87]. If the current estimate $(k |k —1) differs too much from
the real one, the first-order approximation in the Taylor extension of the EKF state
equations will yield a wrong output and the estimates for the next step will also differ
from the true ones. One method to reduce the non-linearity effects is to iteratively apply
the lterated Extended Kalman Filter (IEKF). The [EKF can be applied locally to a data
measurement set “by redefining the nominal trajectory and relinearizing the measurement
equation” [Zha92], with good results especially when the measurement function has a
strong nonlinear character. The performance is due to the fact that when §(k 1 k) is
computed after measurement incorporation, this value can be a better state estimate than
§(k Ik —1) for evaluating H(k) in the measurement update equations. Then the state
estimate could be computed iteratively. This results in replacing the measurement update

relations by setting §,(k) = §(k | k—1) and iterating in Kalman gain and state estimation
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update relations. The iteration is stopped when two consecutive state vector estimates

differ by less then a pre-selected threshold. Figure 5.8 illustrates the [EKF algorithm.

Step 1. Set §,(k)=5(klk-1).

Step 2. Iterate on Jacobian, Kalman gain and state estimate equations:

H, (k) =(a"(") J
s=Fkk-),

os

K, (k)=Plklk—DH, ()HK),Pklk-DH, (k)+VERKVT k)]
§,,k1k)=5, (k1 k=1)+K, (k)mk)-h(@, (k1 k=1)0)],

wheren=20, 1/, 2,...

until §,_,(k[k)—3,(k1k—1)< ITER _THRESHOLD

Step 3. Update the system error covariance matrix:

P (kik)y=(I-K, (H, ()PkIk~1)

Fig. 5.8: The main steps in lterated Extended Kalman Filter method.

However, the [EKF should be applied only when the improvement is obvious for a small
number of iterations. The reason is the increase of the computational cost (each iteration
needs to invert a “mesurement_size x mesurement_size ' matrix), which reduces in turn
the real-time performance. The method could be applied globally (batch mode) to the
whole-observed data [Zha92]. When the state evolves over time, the IEKF requires the
back propagation of the state estimate, limiting once more its use, due to the inserted

delay.
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Fig. 5.9: Continuous 3D pose recovery using Extended Kalman Filter.
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5.3. Calibration

In order to validate the accuracy of our 3D-head tracking system we developed a rapid
calibration technique. A previously recorded sequence of 2D images representing 3D
head model poses, is played as “live” image, and tracked with our EKF and [EKF
frameworks. The estimated motion values (¢{,¢;,t7,6;.6¢,6:) are compared with the

m m

measured motion values (¢t;',t),t7,8,6".67) of the synthetic image sequence. In the

above representation (¢,f,,¢.) is the 3D position, and (8,8, ,8.) is the 3D orientation

of the head. The resulted errors show the effect of both human-aided 3D/2D point-
identification and 3D tracking. We minimized the errors by fine tuning the initialization
process of the EKF. The following figures illustrate different aspects of the calibration

process:

(1) Figure 5.10 shows the flowchart of a calibration process using a computer
generated sequence pilot.

(i) Figure 5.11 shows the 3D/2D point-identification process: mesh fitting (a), and
point selection (b).

(i) Figure 5.12 shows the 3D-tracking of a synthetic head during the calibration
process.

(iv)  Figure 5.13 shows the recovered vs. real 3D-orientation for a calibrated sequence.

We have found experimentally in one case that the RMS diffzrence between true and
recovered rotation angles is 3.035 degrees when tracking 4 points, and 3.002 degrees
when tracking 5 points. These statistics are comparable to the Polhemus sensor accuracy

[Aza95] indicating that the vision estimate is as least as accurate as the Polhemus sensor.
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Fig. 5.10: Calibration flowchart.
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Fig. 5.11: (a) Mesh fitting and (b) point selection in the initial frame.
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Fig. 5.13: True and recovered rotation angles: EKF-4 points (a) and EKF-5 points (b).
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Chapter 6

Conclusions and Further Development

6.1. Conclusions

This thesis presents development issues of an Interactive Facial Animation Testbed (IFAT), for
an experimental low bit-rate model-based videoconferencing system [Mas97], [Cor98], [Ge099],
[Spo99]. For the specification of the facial expressions we adopted the "muscle-based" facial
model parameterization, which is topology independent. Facial expressions are described using
the FACS, which allows controlling the movements of specific facial muscles. An array of
Controller classes is used for the low-level control of all facial (muscles. jaw, mouth, and eyes)
deformation. Currently, the system incorporates 16 muscles and 10 parameters controlling mouth
opening, jaw rotation, eye movement, eyelid opening, and head orientation (Chapter 2). A real-
time face detection algorithm using a stochastic skin-color mode! was developed (Chapter 3).
Two algorithms were developed for automatic head pose recovery using model-based

approaches:

(i) 2/2D pose recovery of the 3D position and 2D orientation, using a 2D elliptical head
model (Chapter 4);
(i) 3D pose recovery of the 3D position and 3D orientation, using a 3D wireframe head

model (Chapter 5);

In order to validate the accuracy of the 3D head tracking system, we developed a rapid calibration
technique using a sequence of images of a synthetic "standard” 3D head in lieu of real life head.
The discussed model-based videoconferencing concept promises a substantial reduction of the bit
rate needed for data transmission at the cost of an equally substantial additional data processing.

However the [FAT techniques can be applied for purposes that reach beyond efficient
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compression, such as computer-based film making, developing new user interfaces, virtual

prototyping environments [Pet99a] and [Pet99b], identification systems, and teaching aids.

6.1.1. Implementation issues

For a computer to “understand” live images and recover meaningful parameters in (almost) real-
time is not a trivial task. Most of applications apply geometric and heuristic constraints or use
high-end hardware in solving the vision problem. Our goal was to implement MBVC system,
which provides real-time performance using as much as possible commercial hardware and
software. Our software was developed on Win32 machines and Visual C++ 5.0 as an object-
oriented framework. The IFAT Animation/Rendering module uses Open Inventor library
(www.tgs.com). The [FAT Performance-Driven control module uses Microsoft’s Vision SDK 1.0

(www.research.microsoft.com) and Intel’s /PL (www.intel.com/vtune/pertlibst/) libraries. The

live data acquisition was performed with the help of Vision SDK 1.0 library, which supports
VFW (Video-For-Windows) and Matrox-Meteor frame grabbers.

6.2. Future Work

Although both 2%2D and 3D tracking frameworks we developed perform well, there are a number

of pending outstanding issues as outlined below:

Structure Recovery

Object structure is defined as the coordinates of the object feature points in the object-centered
coordinate frame. In [Aza95], [Jeb96] the 3D head tracking method recovers not only the motion,
but also the object geometry (structure). These positions are constant in time due to the rigidity
assumption. It was shown [Aza93] that a recovered structure can help the EKF convergence even
when using a 3D model for motion recovery. In EKF extended formulation, one structure
parameter can be estimated for each feature point along with the six motion parameters, and
camera focal length. All motion and structure parameters could in principle be uniquely

recovered using EKF from any image sequence, when N > 7, where N is the number of tracked
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points. An augmented IFAT (with N 27) could then provide small depth “corrections” of the

recovered 3D-head model.

Adaptive EKF

We have used in our algorithm a time-invariant noise covariance matrix R(k). An improved

SFM solution can be obtained by using an adaptive EKF that uses a dynamically varying

R(k) matrix that changes with the arrival of new observation vectors to model the confidence of

the new data. Thus, if a feature has a very high residual, the filter should trust its spatial
information less and focus on other feature tracks. In addition. if a tracked feature is lost or
occluded, its correlation window will have a very high residual error and the EKF should

essentially ignore its contribution to the estimation. By dynamically changing R(k) using the

values of the residuals of the 2D-trackers, it becomes possible to assign a weight on the

observations they provide and obtain a more robust estimate of the internal state.

Feature Detection and Model Adaptation

In the case of MBVC system, the input images are synthesized at the receiver end from geometric
descriptions of the objects in the scene. Exact and real-time fitting the shape of the generic model
to the face seen at the emission end has obvious practical advantages. The model adaptation
requires detection of several facial features in first face images. The wireframe mesh could be
automatically fitted on the 2D face using detected facial features as anchor points and elastically
deforming the rest of the geometry. Such a model will provide better initial depth parameters to
the EKF used to recover SFM. The depth deformation will be performed after obtaining the true
depth positions of the anchor points during the 3D tracking. Detecting facial features will assure

also an automatic re-initialization in the case of the 3D tracking failure.

Expression Recovery and Speech Synchronization

The goal of the developed IFAT framework is to recover both head-pose and facial expressions

from the performer facial movement. The effects of head motion and facial expressions will be
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non-linear coupled in a 2D-video sequence, so that a successful MBVC method will have to
separate the rigid from the non-rigid motion. As a first and important step toward the proposed
goal, this thesis resolves the rigid motion recovery problem, leaving as a further development the

integration of the facial expression recovery in our unified framework.

The "speech-driven level” which allows animating the face model directly from a speech

soundtrack is particularly interesting for videoconferencing and videophone applications.
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