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Abstract

During the last two decades, computer science what are the ability to give to provide to machines in
order to give them the ability to understand human behavior.One of them which is an important key to
understand human behaviors, is the visual focus of attention (VFOA) of a person, which can be inferred
from the gaze direction. The VFOA of a person gives insight about information such as who or what
is the interest of a person, who is the target of the person’s speech, who the person is listening to.
Our interest in this thesis is to study people’s VFOA using computer vision techniques. To estimate
the VFOA of attention from a computer vision point of view, itis required to track the person’s gaze.
Because, tracking the eye gaze is impossible on low or mid resolution images, head orientation can be
used as a surrogate for the gaze direction. Thus, in this thesis, we investigate in a first step the tracking
of people’s head orientation, in a second step the recognition of their VFOA from their head orientation.

For the head tracking, we consider probabilistic methods based on sequential Monte Carlo (SMC)
techniques. The head pose space is discretized into a finite set of poses, and Multi-dimensional Gaussian
appearance models are learned for each discrete pose. The discrete head models are embedded into a
mixed state particle filter (MSPF) framework to jointly estimate the head location and pose. The evalua-
tion shows that this approach works better than the traditional paradigm in which the head is first tracked
then the head pose is estimated.
An important contribution of this thesis is the head pose tracking evaluation. As people usually evaluate
their head pose tracking methods either qualitatively or with private data, we built a head pose video
database using a magnetic field 3D location and orientation tracker. The database was used to evalu-
ate our tracking methods, and was made publicly available toallow other researchers to evaluate and
compare their algorithms.

Once the head pose is available, the recognition of the VFOA can be done. Two environments are
considered to study the VFOA: a meeting room environment andan outdoor environment. In the meeting
room environment, people are static. People’s VFOAs were studied depending on their locations in the
meeting room. The set of VFOAs for a person is discretized into a finite set of targets: the other people
attending the meeting, the table, the slide screen, and another VFOA target called un-focused denoting
that the person is focusing none of the previous defined VFOAs. The head poses are used as observations
and potential VFOA targets as hidden states in a Gaussian mixture model (GMM) or a hidden Markov
model (HMM) framework. The parameters of the emission probability distributions were learned by two
ways. A first way using head pose training data, and a second way exploiting the geometry of the room
and the head and eye-in-head rotations. Maximum a posteriori adaptation (MAP) of the VFOA models
was to the input test data to take into account people personal ways of gazing at VFOA targets.
In the outdoor environment, people are moving and there is a single VFOA target. The problem in this
study is to track multiple people passing and estimate whether or not they were focusing the advertise-
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ment. The VFOA is modeled as a GMM having as observations people’s head location and pose.

Keywords: head pose tracking, sequential Monte Carlo, particle filters, Rao-Blackwellisation, Markov
chain Monte Carlo, visual focus of attention estimation.



Résuḿe

Durant ces deux dernières décennies, les chercheurs ont travaillé sur des méthodes pour donner aux
machines la capacité d’interagir avec les hommes. Un aspect important pour la compréhension du com-
portement humain par les machines est le centre de l’attention visuelle d’une personne. Le centre de
l’attention visuelle peut être estimée à partir de la direction du regard. Le centre de l’attention visuelle
d’une personne donne des informations quant à l’intérêtde la personne, quelle est la cible de son dis-
cours, qui est la personne qu’elle écoute. Dans cette thèse, notre but est l’étude du centre d’attention
visuelle d’une personne à l’aide de méthodes basées sur la vision par ordinateur. Pour estimer le centre
d’attention visuelle d’une personne, en vision par ordinateur, il est nécessaire de pouvoir suivre la direc-
tion du regard de la personne. Mais, quand sur des images de basses à moyennes résolutions, estimer la
direction du regard d’une personne est impossible, l’oriention de la tête peut être utilisée comme palliatif
à la direction du regard. Dès lors, nous nous devons de suivre l’orientation de la tête d’une personne, et,
à partir de cette orientation, estimer le centre de son attention visuelle.

Dans cette thèse, nous étudions le suivi de l’oriention dela tête d’une personne à l’aide de modèles
probabilistes basés sur des méthodes de Monté Carlo séquentielles. L’espace définissant l’oriention de
la tête d’une personne est discrétisé en un ensemble fini.Des modèles d’apparences Gaussiennes sont
appris pour chaque éliment de l’espace discret. Les modèles d’apparences sont utilisés, á travers une
méthodologie de filtre particulaire à espace d’état mixte, pour une estimation jointe de la position et de
l’orientation de la tête.

Un aspect important de cette thèse est l’évaluation des m´ethodes de suivis d’orientation de la tête.
Parce que, en général, les chercheurs évaluent leur méthodes soit qualitativement, soit sur des bases de
données d’évaluation privées, nous avons construit unebase de données publique à l’aide d’un capteur
électronique capable de suivre et de déterminer la location et l’oriention d’une tête. Nous utilisons alors
cette base de donnée publique pour l’évaluation des nos m´ethodes de suivis.

Dès lors qu’est disponible l’orientation de la tête d’unepersonne, son centre d’attention visuelle peut
être modélisé. L’orientation de la tête de la personne est alors utilisée comme observation, et les centres
d’attention visuelles potentiels comme états cachés pour des modèles de mélanges de Gaussiennes ou des
modèles à états cachés. Deux environnements seront considérés pour l’étude du centre d’intérêt visuel,
une salle de réunion et une rue passante. Dans la salle de réunion, les personnes sont supposées assises
à des places fixes. Pour une personne donnée, L’ensemble des centre d’attention visuelles possibles
est défini comme étant: les autres personnes participant `a la réunion, la table de la salle de réunion,
l’écran de projection et un autre centre d’intérêt ”non intéressé” signifiant que la personne ne s’intéresse
à aucun des centre d’attentions visuelles pre-cités. pour la situation de la rue passante, les personnes sont
potentiellement mobiles. Il existe alors un centre d’attention visuelle unique, une affiche sur une baie
vitrée. Le but de notre étude est d’estimer si les passantsportent ou non un intérêt visuel à l’affiche.
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Mots Clés: algorithmes de suivi d’objets, méthodes de Monté Carlo s´equentielles, filtres particulaires,
Rao-Blackwellisation, chaı̂nes de Markov, estimation du centre d’attention visuelle.
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Chapter 1

Introduction

1.1 Objectives and motivations

Nowadays, electronic devices are more and more present in human life. But, despite their ubiquitous
presence in human life, electronic devices still need to be person-driven because they are scarcely
equipped with human understanding capabilities. In the last years, vast investigations have been con-
ducted by research fields such as artificial intelligence, speech processing or computer vision about the
ways through which humans can interact with machines. Beyond classical ways human machine inter-
action based on device buttons or keyboards, other means of interactions have been investigated such as
vocal interactions based on speech recognition and synthesis. In most cases, the interactions between hu-
mans and machines assumed people giving commands to a deviceor a computer. In other situations, the
sensing devices have a passive role such as a microphone recording a speaker or a lecturer in a classroom,
or a camera recording people and cars passing in a street. In these situations, people are not directly inter-
acting with the sensing devices. Rather, from peoples’ actions or interactions, the computer has to build
an understanding of the occurring events. Thus, using a microphone, the goal can be to localize and rec-
ognize the speaker, to recognize the speech, to catch important keywords, to diarize the discourse. From
video data, the goal can be to identify the people, track themthrough the physical space and recognize
their actions. For instance, in a video surveillance task, actions to recognize can correspond to people
abandoning luggage in public spaces such as airports or train stations.

In human actions understanding , human-human interaction plays an important role. Psychologists
have been widely studying interactions in groups such as families or work teams. With the increasing
availability of microphones and cameras, computer scienceresearchers and psychologists are more and
more investigating the analysis of human interaction in groups. Studying interactions between humans
using a computer is by far more complex than studying human interactions with computers. In human-
computer interaction, people behave in ways to be understood by the computer. For example, in a
speech recognition situation, people will control their voice tone, and use specific keywords to make
the computer understand the beginning and end of commands. In interactions between humans, people
behavior is completely natural, and thus is less restrictedbecause the recipient of the communication is
another human.

Human interactions happen through verbal or non verbal cues. On one hand, the use of verbal cues is
better understood because it is tightly connected to the taught explicit rules of language (grammar, dialog
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acts). On the other hand, the usage of non verbal cues is usually more implicit, which does not prevent
it from following rules and exhibiting specific patterns in conversations. For instance, in a meeting
context, a person rising a hand often means that he is requesting the floor, and a listener’s head nod
or shake can be interpreted as agreement or disagreement. Besides hand and head gestures, the VFOA
is another important non verbal communication cue with functions such as establishing relationship
(through mutual gaze), regulating the course of interaction, expressing intimacy, and exercising social
control. A speaker’s gaze often correlates with his addressees, i.e. the intended recipients of the speech,
especially at a sentence end where the gaze can be interpreted as a request of back-channel. Also, for a
listener, mutual gaze with the speaker are used to find appropriate time windows for speaker turn requests.
Furthermore, studies have shown that a person’s VFOA is influenced by the VFOA of other people [1].
Thus, recognizing the VFOA patterns of a group of people can reveal important knowledge about the
participants’ role and status, such as their influence, and the social nature of the occurring interactions.

Gaze is not interesting only from an ”application” point of view, but also from a scientific point of
view. Analyzing people’s gaze requires the development of robust eye tracking systems as well as the
modeling of the gaze itself. In computer vision, assuming the availability of high resolution images,
tracking the eye gaze is feasible. However, the use of high resolution imagery is constraining when one
needs to record people in large spaces. This constraints people either to remain close to the camera or
to be static if they are far from the camera since in this case they need to be recorded with small camera
field of views. In addition, from a psychologic point of view,gaze is strongly tied to the head orientation
[1]. Human beings use three keys to estimate the gaze of another person: first the eye direction, secondly
the head orientation, and thirdly the shoulder orientation. The eyes are used in priority, but the overall
gaze direction is estimated based on the relationship between the three keys. Thus, when the eye gaze is
not directly measurable information about the gaze can still be obtained from the head pose. This is what
is done for gaze estimation when dealing with low resolutionimages in which the eyes are not visible
enough.

1.2 Main contributions of the thesis

In this thesis, we investigated the recognition of the VFOA from head pose. To this end, we built a head
pose database for head pose tracking evaluation, proposed probabilistic head pose tracking methods, and
investigated VFOA recognition from head pose for static people in meeting situations, and for moving
people in outdoor situations.

1.2.1 Head pose video database

Head pose tracking algorithms need to be evaluated. Although computer vision researchers have working
on head pose tracking since at least a decade, there is a lack of public head pose evaluation database.
Most head pose tracking systems are either evaluated qualitatively, or, in few cases numerically, using
private databases. Thus, comparing head pose tracking algorithms is impossible. As a first contribution
of this thesis, to fill this lack, we built a head pose trackingdatabase using a magnetic field 3D location
and orientation sensor tracker. The recordings were done ina meeting room environment and in an office
environment. Figure 1.1 shows images from the database. This database has been made public to allow
the researchers to evaluate the performances of their own head pose tracking systems. And, the database
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(a) Meeting room data. (b) Office data.

Figure 1.1: Data from the head pose evaluation database. To people’s, head the magnetic field location
and orientation tracker used to annotate head poses is attached .

Figure 1.2: Head pose tracking results. The green boxes indicate estimated head location. The blue
arrows indicate estimated head pose.

can be used to rank head pose tracking systems according to their performances. In addition, the head
pose ground truth from the database can be used to have an insight of the optimal performances that can
be expected when using head pose on other tasks.

1.2.2 Head pose tracking

To perform head pose tracking, we proposed a joint head tracking and pose estimation framework. We
adopted a tracker that estimates jointly the head location and pose, contrarily to other researchers who
preferred to track the head with a generic tracker then estimate its pose. In our methodology, the head
pose space is first discretized and for each discrete pose value an appearance model is built using tex-
ture observations, skin color observations and binary observations from background subtraction. The the
appearance models are then embedded into a mixed state particle filter allowing to represent jointly into
a single state space model the head 2D image spatial configuration (location and size) and the 3D pose
represented by a discrete variable labeling one of the element of the discretized space of head poses. Tem-
poral head state estimation is done by recursive estimationof the posterior probability distribution (pdf)
of the state given the observations through sequential Monte Carlo (SMC) techniques. The first SMC
technique is an importance sampling particle filter (ISPF).The second technique is a Rao-Blackwellized
version of the ISPF method. Rao-Blackwelization can be applied to a ISPF when the pdf of some com-
ponents of the state variable can be computed exactly given the other variables. This is our case for the
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(a) Potential VFOA targets. (b) Meeting room geometric configura-
tion.

Figure 1.3: Recognizing people’s VFOA. Figure 1.3(a) displays the potential VFOA targets for the right
person, Figure 1.3(b) displays the geometric configurationof the room.

head pose variable because their set is discrete and finite. Rao-Blackwellization leads to better estimation
performance than the standard ISPF method. Figure 1.2 showssamples images of head pose tracking
results using the Rao-Blackwellized methodology. The third SMC method we investigated is based on
Markov chain Monte Carlo (MCMC) sampling. The main contributions of our head pose tracking in-
vestigations are the following. First, we proposed a probabilistic framework for joint head tracking and
pose estimation. Secondly, we showed using our head pose evaluation database, that tracking the head
location and pose jointly is more efficient than first tracking the location of the head, and then estimates
its pose. Lastly, by comparing the performance of three SMC based techniques for joint head location
and pose tracking, we showed that the Rao-Blackwellized method provides more stable results overall.

1.2.3 VFOA recognition in meetings

Our tracking systems output head poses that are used for VFOAmodeling. Using the meeting room
recordings of our head pose database, we investigated the modeling of the VFOA of people involved
in a 4-persons meeting situations. For each person, the set of possible VFOAs was discretized into 5
targets: the 3 other participants, the table, the projection screen and a target denoted unfocused when the
person was not focusing on any of the previous VFOA targets. Figure 1.3 shows the geometric set up
of the meeting room where our study took place, and Figure 1.3(a) shows the VFOA targets for one of
the person in our set up. Our set up is more complex than previous works on VFOA recognition where
the number of VFOA targets were 3 and the specific VFOA could beidentified from the head pan angles
only. In our set up, for each person there is 6 potential VFOA targets. As VFOA model, we investigated
the use of both a GMM and an HMM model where the hidden states are the VFOA targets we want to
recognize and the observations are the head poses obtained,from the magnetic field sensor or a vision
based tracking system. Using the head pose ground truth fromthe magnetic field sensor allowed us to
compare the optimal VFOA modeling situation where head poseground truth are available in comparison
to the situation where only head pose tracking estimates areavailable.

To learn the parameters of the emissions probability models(Gaussian) for the observations, two
methods were investigated. A first method is based on machinelearning where, part of the head pose data
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Figure 1.4: Moving people’s VFOA recognition. People passing by a glass windows are tracked, their
head poses estimated. A model using as observation head locations and poses is used to estimate whether
or not they are focusing an advertisement posted on the glasswindows.

are used to train the VFOA models, and the remaining part is used to test the models. A second method
relies on the geometry of the meeting room, as well as on the fact that gazing at a target is accomplished
by both a head rotation and a eye-in-head rotation. Also, because people have personal ways to focus at
targets, unsupervised maximum a posteriori adaptation (MAP) of the generic VFOA models is applied
to the input test data. Thorough experimentation is conducted to evaluate our models. In summary,
the contributions of our investigations about static people VFOA recognition are the following. First,
we study VFOA recognition for in a realistic and complex meeting situations where each person has
potentially 6 possible VFOA targets. Secondly, we proposeda model to derive the VFOA of a person
from his head pose. The proposed model exploits knowledge about the meeting room geometry and
people/target locations. Thirdly, we proposed the use of anunsupervised MAP adaptation framework
to adapt the VFOA model parameters to individual people. Finally, we proposed an event-based VFOA
performance measure, used together with the classical frame-based measure, and used the performance
measures in a thorough experimental study of VFOA recognition.

1.2.4 VFOA recognition for moving people

In this thesis, we also investigate the recognition of the VFOA of moving people. The task considered
in this work is, given an advertisement posted on a glass window, to recognize whether or not people
passing by were focusing or not on the advertisement. Figure1.4 illustrates our scenario. We proposed
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a probabilistic multi-person tracking model based on reversible jump Markov Chain Monte Carlo (RJ-
MCMC). The state to estimate is a multi-person models encoding information about the person’s body,
location, head location and pose. RJ-MCMC allows to estimate the pdf of a state with varying dimen-
sionality. RJ-MCMC is well suited because the number of people in the scene is varying and MCMC
is more efficient in high dimension space than standard SMC techniques such as the ISPF method. The
multi-person tracking models outputs the head location andpose together with the person’s identity. The
head locations and poses are used as observations in a GMM framework to model people focusing the
advertisement. The contributions of our investigation about the VFOA recognition for moving people are
the three-fold. First, we define a new problem, namely, the VFOA estimation of moving people, which
generalizes previous studies about the VFOA estimation forstatic persons. Secondly, we generalized
previous work about multi-object tracking using RJ-MCMC with a state space defined on people’s body
location, head location, and pose. Thirdly, we proposed a VFOA model for moving people. Lastly, we
demonstrated the applicability of our model by applying it to an outdoor advertisement problem.

1.2.5 Conclusion

Because of its importance in the understanding of human behaviors by computers, the present disser-
tation reports on the developementand evaluation of advanced methods toward the automatic inference
of people’s VFOA from their head poses. InChapter 2, we review background works about the main
topics of this thesis, namely head modeling, tracking and VFOA recognition.Chapter 3 describes the
public head pose video database we built for head tracking and pose evaluation using a 3D location and
orientation tracker.Chapter 4 describes head pose tracking methodologies. InChapter 5, we present
our studies about VFOA modeling of static persons in meetingsituations.Chapter 6 describes one ap-
proach to recognize the VFOA for moving people.Chapter 7 concludes the thesis by discussing our
work and conjecturing possible future investigations.



Chapter 2

Background and related work

The study of the visual focus of attention (VFOA) usually required the eye gaze. In absence of gaze
information due to low resolution imagery, the head pose is agood indicator of the VFOA. Studying the
head pose requires head1 modeling and tracking. This section reviews existing research related to the
central topics of this thesis, namely head modeling, objecttracking and VFOA studies. Section 2.1 is
devoted to head modeling, Section 2.2 to single object tracking. Section 2.3 is devoted to the analysis
of the role of the VFOA from a social interaction point of view. Studies related to the computer vision
aspect the VFOA will be discussed in Section 5.

2.1 Head modeling

Head modeling in computer vision is a widely investigated topic. Modeling head is necessary for face
detection, face verification, face recognition, head tracking, facial expression recognition and human
avatar building. Head modeling is a difficult task because, in real life, head appearance is subject to
variation depending on various conditions:

• Scale variation: when a person is moving closer or farther to the camera his head is subject to
size changes.

• Head orientation: obviously, a head does not look the same from in all it’s sides. For instance,
in one side is the face, on another is the back of the head. Whena person changes his orientation
with respect to the camera, his head appearance changes depending on the visible part of the head.

• Illumination conditions: depending on the illumination sources locations, head appearance is
subject to variation because the different parts of the headsurface do not reflect the light in the
same way, and reflection depends on the unknown geometry (light sources, camera, objects).
Thus, illumination vary locally or globally. Each illumination conditions induces specific head
appearance variations as can be seen in 2.1(a).

1In the text we will not make difference between models using face and hair and models using the face only. All of them
will be called head models

7
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(a) Head pose and illumination appearance variations (images from the CMUPIE Database).

(b) Head appearance variations across individuals (imagesfrom the Yale Face Database).

(c) Head occlusions (image from AR Database).

Figure 2.1: Head appearance variations.
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• Intra-person variability: for the same person, head appearance is subject to variations. People
do not have every time the same hair cut. Sometimes people have facial hairs (beard, moustaches)
some other time not. People also use make-ups to modify theirface appearance.

• Extra-person variability: different person, in general, have different head appearances (see Fig-
ure 2.1(b)). Head anthropometric characteristics are person-dependent. People have different eyes,
nose, mouth sizes. Some people have facial hairs, long or short hairs, other people not.

• Occlusions: head appearance changes when it is occluded by another object as can be seen in
2.1(c). People frequently have their head partially occluded by their hands, hats or glasses.

• Feature space dimensionality: in the case of a head patch image of32 × 32 pixels, which is
a small size, the head patch belongs to a1024-dimension space. Modeling in such dimension is
difficult because, in general, distributions are peaky and multi-modal.

Efficient head modeling should take into account most of the difficulties cited above. Depending on the
goal, several classes of methods have been proposed:

Head detection: In a head detection task, the head location is unknown. The goal is to build models
that can be used to detect heads in images. This situation requires models that are able to discriminate
a head from what is not a head, called non-head. Detection gives rise to the group of methods called
discriminative models. Discriminative models are efficient in localizing the heads but they will fail in
identifying precise qualitative aspect of the head. For example, discriminative methods will be able to
localize the head without being able to give precise information about the person’s identity. An important
aspect of head detection is the head search. Because, in general, there is no prior information about the
head locations, efficient search strategies have to de defined.

Head tracking: In head tracking, the task is, given the head location at a given time, to infer the head
location at the next time. In this situation it is only required to the models to be find the head by a local
search. In a tracking situation, the head search is less a critical problem than in head detection. The head
search is done in a local area around the previous head location. Although discriminative models can
also be used, another set of models called the generative model can also be used. The generative models
are not in general able to differentiate head from non-head,but than can successfully track the head using
the previous head location as prior knowledge.

Face verification: In face verification, the head location is available. The task is to identify a qualitative
aspect the head such as a person identity. In a face verification situation, it is not required that the head
model is able to differentiate a head from a non-head but discriminate between heads of different persons.
In this situation, generative head models are used. Since inthis case few training data, per identity, are
available and model adaptation is well defined in a generative model framework.

In the following, we will first describe the features used to model heads, and will then present a set of
head modeling approaches: the template models, the eigenspace based models, the discriminative based
representation, and the generative models.
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(a) Image sample. (b) Detected skin color areas
using a Gaussian skin color
model in the normalized RG
space.

(c) Edges detected by thresh-
olding the gradient’s norm.

Figure 2.2: Example image and it corresponding skin color and edges features.

2.1.1 Head modeling features

Head modeling is done using image features. The features used to model head are mainly skin color,
edges and textures.

Skin color features

Skin color has proven to be an effective cue to model human skin. It can be used to localized human
head from the face skin color as shown in Figure 2.2(b). Although the skin color range is wide, from
black to white people, several studies have shown that the differences between the skin pixels values
lie largely between the intensities and not the color. Many color spaces have been used to model skin
pixels: Red-Green-Blue (RGB), normalized RGB, Hue-Saturation Value (HSV), YCrCb, CIE LUV. Two
popular methods to model skin color exist. Non parametric models such as histogram of skin pixel values
[2] and parametric models such as Gaussian mixture model (GMM) fitted to skin pixel values [3]. [4]
presents a thorough comparison of various skin color segmentation techniques.

Computational fastness is the main advantage of modeling heads using skin color. There are two
main drawbacks of skin color modeling. First, skin color like object are very common in real life. In
Figure 2.2(b), it can be seen that the hand of the person will be a serious ambiguity when trying to
localize the head using skin color. Secondly, skin color models are sensitive to illumination conditions.
Some color space such as HSV or normalized RGB are designed tobe robust to illumination variations.
Another solution to be robust to illumination changes is to use model adaptation such as proposed in [5].
When skin color is modeled in a GMM framework, maximum a posteriori (MAP) adaptation can be used
to be more robust to illumination changes.

Edge features

An edge in an image can be defined as a connected sets of discontinuity pixels. Human heads are
characterized by typical edges distributions. Thus, edgescan be used as features to model heads. A
simple method to detect edges in an image is to threshold the norm of the gradient of the image (see
Figure 2.2(c)). Discontinuity pixels are pixels where the norm of the gradient is high. More sophisticated
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methods to detect edges in images, such as the Canny edge detector or the Sobel edge detector, exist in
the literature [6].

The major drawbacks of edge features are, first, edge detection require threshold that are in general
image dependent. Illumination conditions can change edge distributions. A solution to make edge extrac-
tion and binarization more stable is to normalize the image with respect to illumination using techniques
such as histogram equalization. A second limitation of edgefeatures is their sensitiveness to textured
background clutter. In a textured background the presence of many edges increase the possibility of false
alarm. A solution to this issue is to use edge features with skin color features.

Texture features

Broadly speaking, head images are characterized by specifictexture maps. Thus, texture can be the basis
of head models. The simplest texture map is the raw gray levels image template. Although sensitive
to illumination conditions, raw gray level intensities have been successfully used for head modeling.
More sophisticated texture maps can be defined as multi-scale differential image information obtained
by filtering image with gradient operators such as multi-scale derivative of Gaussian (DoG), Laplacian
of Gaussian (LoG). Wavelets also have been used to obtain texture maps [7]. The main advantage of
wavelets is their ability to capture edge related information at specified scales and orientations. Recently,
the local binary pattern (LBP), a new representation of texture maps has been proposed [8]. For each
pixel, the LBP encodes if its neighboring pixels have higheror lower intensity values. LBP is robust
to illumination changes because it encodes only relative relationship between pixels that are still valid
for a large range of illumination conditions. Another texture representation, the scale invariant feature
transform (SIFT), is a representation used to capture oriented texture information around a point [9].
One of the advantages of the SIFT representation, is that it specifies the best scale at which the texture
features should be represented.

Texture are subject to similar drawbacks than edge features. Similar solutions such as combining
texture with skin color to be more robust to background clutter or normalizing the image with respect to
illumination conditions can be used to handle these drawbacks.

In the present thesis we will show that the joint use of skin color, edge and texture information can
yield robust head models. In the following we thus describe various approaches that have been used for
head modeling in computer vision.

2.1.2 Template models

A simple way to model a head is to use a template selected by an “expert”. An example of head template
model is a patch image of a person’s head extracted from an image. Head search in images can be done
by finding the configurations maximizing a similarity criteria with the template. In addition, head can
be represented by a set of more specific patterns. For instance, [10] proposed for tracking to represent
a head by a template composed by five elements: 2 image-patches for the eyes, 2 image-patches for the
eye brows and one for the nose. Besides the requirement to be expert-selected, templates have some
drawbacks. Templates badly generalize to other head appearances because they are built from a single
example. Templates also badly generalize to other experimental conditions such as other illumination
conditions. A more sophisticated template modeling is the multi-dimensional morphable model proposed
in [11]. In the multi-dimensional morphable model framework, a face image, up to a warping in scale, is
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(a) Eigenfaces: mean (top left) and 19 first eigenfaces trained from a set of frontal head images.

(b) Head reconstruction from eigenfaces. First row input faces, second rows reconstructed faces using
the eigenfaces in Figure 2.3(a).

Figure 2.3: Eigenfaces and reconstruction examples.

taken to be a linear combination of a set of face templates. A linear combination of multiple templates
has the advantage to be more robust to appearance and illumination changes.

Templates have also been used to for head orientation recognition [12]. In [12] a set of head tem-
plates from various persons at various orientations, organized in a tree-structure, was used for head pose
recognition. The pose of a new head image is recognized by finding in the tree the most similar template
to the input head image.

The previous described template models are based on the pixel intensities. Another set of template
models are based on edges. A simple edge based template is to represent a head by it’s surrounding
contour, which at the simplest case, can be assumed to be an ellipse. Since the use of an ellipse template
for head tracking in [13], head shape models have been very popular in the head tracking community
[14, 15]. More sophisticated shape template models, definedby set of landmarks around the face and
the facial features (nostrils, eye, nose mouth), can be obtained in an active contours framework [16], or
using the elastic bunch graph matching framework [17], or inan active shape models (ASM) framework
[18].

The ASMs, presented in [18], are based on principal component analysis (PCA). The principle of
ASMs is the following. We assumed available a set of traininghead images with annotated landmarks
defining the head shapes, such as showed in Figure 2.4. Using PCA, a statistical modelsm of the head
shapes is learned as

s = sm + es with sm = s̄ + Psbs (2.1)

wheres̄ denotes the mean shape,Ps is a matrix representing a set of orthogonal modes,bs is a set of
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Figure 2.4: Face with annotated landmarks for ASMs and AAMs training.

shape parameters, andes is the residual error for the shape approximation. The majordrawback of
ASMs models, and at the same time of the other shape models, isthat they only model geometric head
shape variations based on the edges present in images. Thus,shape models are very sensitive to textured
background. However, ASMs are interesting because they canbe used for head pose modeling. The only
requirement is to include in the training data, head pose variations similar to the one that needed to be
modeled. Although, the pose variations have to be restricted to near frontal head poses because, close to
near profile poses, the edges defining the head boundaries arenot visible anymore.

2.1.3 Eigenspace models

Closely related to template modeling is the eigenface representation [19]. An eigenface is the representa-
tion of a head using PCA. An eigenface is obtained by decomposing a set of training head images using
PCA and keeping only the eigenvectors with highest eigenvalues (see Figure 2.3(a)). A new test image is
then classified as a head or non-head depending on it’s reconstruction errors. The eigenface representa-
tion, by discarding the eigenvectors with the lowest eigenvalues, keeps only the common characteristics
of the training images and removes the other characteristics which are considered to be noise. In Figure
2.3(b) the removal of the characteristics considered as noise results in reconstructed images that more
blurred than the input images.

More generally than in [19], where only frontal faces were modeled, the eigenface representation
can be used to model a head seen from various orientations. This was done in [20] where the space of
head pose was discretized, and for each discrete head pose eigenfaces are built. The pose of a new head
image is then estimated as the pose of the eigenface models which allows for the best reconstruction of
the input image. Another method to represent an object seen from many orientations using eigenvectors
was proposed in [21]. The method represents an object by decomposing example images of the object
seen at various orientations using the eigenspace representation. Similar representation was used by [22]
to represent faces. Figure 2.5 shows example of eigenfaces in this framework. Figure 2.6 shows recon-
structed heads using the framework proposed in [22]. The number of eigenfaces required to obtained a
good reconstruction, approximately 200, is a lot higher when the head is seen at multiple orientations
than when the head is seen from a single orientation, where 20eigenvectors are sufficient. The disadvan-
tage of retaining a high number of eigenfaces is that, since an input head image has to be projected on
the all eigenfaces, the computational cost of the projection becomes important. It has to be noticed that



14 CHAPTER 2. BACKGROUND AND RELATED WORK

Figure 2.5: Eigenfaces: 20 first eigenfaces, using a training set of head images with different head
orientations.

(a) Input heads. (b) Reconstructed heads using the 200 first eigen-
faces.

Figure 2.6: Head reconstruction from eigenfaces learned with various orientations head appearance.
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the main difference between the representation in [22] applying PCA to appearances at various orienta-
tions and the representation in [20] applying PCA at a singleorientation lies in the training data. In both
works, a similar PCA framework is applied but to different data set.

More generally, head seen at various orientation are characterized by different edges maps. The
eigenfaces can be seen as a basis oriented edge detection operators [22]. Figure 2.5 shows examples of
such eigenfaces. To generalize the eigenface representation which consists in a linear decomposition of
the input feature space, other researchers proposed to use anon linear decomposition of the input feature
space on a Gabor wavelet network (GWN). GWN are a set basis vectors capable of capturing edges at
various scales and orientations [23]. Eigenspace representation can also be seen a dimensionality reduc-
tion technique based on a linear decomposition of the input feature space. The eigenspace dimension is,
in general, lower than the input feature space. Other authors proposed to apply non-linear dimensionality
reduction techniques such as locally linear embedding (LLE), or ISOMAPS to the head pose modeling
problem [24, 25, 26].

2.1.4 Discriminative models

Initially, discriminative methods were used for object detection. Nowadays, they are also used for track-
ing. In discriminative approaches, the goal is to build discriminative functions separating in the feature
space the head and non-head classes. Nonlinear decision surfaces can be formed using neural networks
or support vector machines (SVMs).

In the early work on face detection some authors proposed a 3 layers neural network model [27].
The first layer receives the input gray level image resized toa dimension of20 × 20. The second layer
comprised 3 types of hidden units: 4 units looking at10 × 10 pixel subregions, 16 units looking at
5 × 5 pixels subregions, and 6 looking at20 × 5 horizontal stripes. Each of the units was chosen to
represent localized features (eye, nose, mouth) importantfor face detection. The output layer gives the
confidence in the presence of absence of a frontal face in the input patch image. Other neural network
structures have been proposed for head modeling such as a linear auto-associative memories (LAAM)
to classify face by gender [28]. Linear auto-associative memories are particular cases of single layer
linear neural network where input patterns are associated with each other. Another way to model head
in a discriminative fashion is to use the SVM framework. Contrarily to neural networks which minimize
training errors, making generalization to new appearancesmore problematic, SVMs minimize an upper
bound of the generalization error through the use of the margin concept. The applicability of SVM for
head modeling in a frontal face detection problem have been confirmed in [29]. The authors in [30]
proposed to use AdaBoost [31] to combine a set of simple classifiers to form a stronger classifier for
frontal face detection. One of the main contribution of thiswork was the combination of classifiers in a
cascade allowing to quickly discard in the search for face non-informative image regions and focus on
face like objects.

Discriminative models can also be used to model heads seen from various orientations. Most of
the discriminative head pose models are generalization of discriminative near frontal head models. The
frontal face detection method proposed in [30] based on AdaBoost was generalized to detect faces at
various orientations [32, 33]. In [34], a 3 layers neural network was proposed to model head at various
orientation. The first layer receive the intensities of the gray level image. The third layer output con-
fidence of the input head image being at a given orientation. Other neural network structures, such as
LAAMs or multi-layer peceptrons, have also been used for head pose modeling. In [35], the head pose



16 CHAPTER 2. BACKGROUND AND RELATED WORK

(a) Gaussian means. (b) Gaussian standard deviations.

Figure 2.7: Head orientation modeling using Gaussian distributions.

space was discretized into finite values and, for each discrete pose value, a LAAM was used to model
head appearances. A multi layer perceptron has been used in [36] to model head poses using Gabor
features as input instead of gray level pixel intensities. The Gabor features had the advantage to be more
robust to illumination changes and to contain information about contrast, spatial information, scale and
orientation. SVMs also have been used to model head poses. In[37], it was proposed to use 2 SVMs,
having as input face image PCA features, to estimate a face pose. Similar SVM modeling for head ori-
entation tracking was proposed in [38]. Finally, another interesting discriminative head pose modeling
approach includes the works in [39], which is based on a non parametric approach. In this work, local
head appearances were discretized into a given number of patterns. An estimate of the probability of a
face presence, given the discrete patterns, was computed inclosed form by counting the frequency of
occurrence of patterns over training image sets.

2.1.5 Generative models

In head modeling, the word ”generative” is usually used to designate two terminologies. First, in a sta-
tistical framework, it refers to approaches that rely on probability distributions to represent head classes.
Secondly, it also refers to approaches that aim at synthesizing head appearances. Among generative ap-
proaches to model heads we can cite, distribution based models, active appearance models (AAMs), and
3D-based head models.

Distribution based models

Distribution based approaches for head modeling can be posed in a probabilistic framework. A feature
vectorz computed from an image patch is viewed as a random variable. This random variable is related
to the presence or absence of a head by the class conditional distributionsp(z|head) andp(z|non head).
Given the class conditional distributions, Bayesian classification can be used to classify an image as
head or non-head. In a head detection problem, both of the distributionsp(z|head) andp(z|non head)
are used. But, in a tracking situation, onlyp(z|head) is required.



2.1. HEAD MODELING 17

Demonstration of the usability of distribution based models for face detection was made in [40]. This
work proposed a distribution based method for frontal facesdetection which showed how the distribu-
tion of the patterns from one classp(z|head) can be learned from positive examples. The distribution
p(z|non head) was learned from negative examples (non head patterns). Using as feature vectorz the
pixel intensities of gray level face images resized to a reference size, the technique models the distri-
bution of the observation for human facesp(z|face) by six clusters. Each cluster is represented by a
multi-dimensional Gaussian distribution with mean and covariance matrix obtained by clustering the
face training features into six clusters using k-means algorithm. Similarly, six non-face clusters, learned
from non head patterns, are used to model the non-head class.

A visual learning method based on density estimation in highdimensional space using PCA was
proposed in [41]. PCA is used to define the subspace that best represents a set of patterns by decomposing
the feature vector space into mutually exclusive and complementary subspaces. A multi-variate Gaussian
mixture model is used to learn the statistics of the local features of a frontal face. In the framework
presented in [41], only face pattern distributions were learned. Because modeling non face patterns
distribution improves head detection, others proposed a similar approach that includes the modeling of
the distribution of the non-face patterns [42].

Distribution based-models can be a framework for head pose modeling. For instance [43] presented
a method to detect frontal, left and right profile faces for any size and location. The head parts (eye, nose,
mouth) features class conditional probabilitiesp(zpart|face) andp(zpart| non face) are modeled as look
up tables instead of continuous distributions. Representing the distributions as non-parametric tables
avoid to arbitrarily define their nature. In [43], features were obtained by applying wavelet transform to
grey level images allowing to capture edge structures characterizing heads.

Other distribution based head pose modeling include [44] who proposed for head pose tracking, to
model a head in the 3-dimension (3D) space as an ellipsoid with a set of point on its surface. Each
point, indexed byi, is represented by its coordinates and a Gaussian probability distribution function
pi(z|θ) representing the belief that given a particular head pose, the pointi will project observationz.
Several texture based observations were compared in [44], including Gabor wavelets features, a Gaussian
at coarse and rotation invariant Gabor wavelets, a Gaussianand Laplacian features. The best head pose
representation were obtained with a Gaussian at coarse and rotation invariant Gabor wavelets. Showing
that even more sensitive to illumination conditions, information from the gray level pixels intensities are
not negligible for head orientation estimation.

Using the best features found in [44] as observation, other researchers proposed for head orientation
modeling to discretize the head pose space into a discrete set θk [45]. The class conditional probability
distributions of the observations given a head orientationp(z|θk) were represented in 2D as Gaussian
distribution, such as illustrated in 2.7. Although this representation decreases orientation estimation
accuracy with respect to the 3D representation presented in[44], because of the discretization, it has the
advantage that discretized head pose databases exist already for training the models [46, 47, 48].

Active appearance models (AAM)

The AAMs introduced in [49] are a generalization of the ASM [18]. An AAM allows to represent head
appearance variations due to identity, orientation and facial expressions variability. Thus, AAMs can
be used to synthesize heads. The learning of AAMs requires a set of labeled head images with a set of
control points defining the head shape as shown in Figure 2.4.A statistical model,sm, of the head shape,
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Figure 2.8: CANDIDE-3: a 3D face model (from [55]).

s, can be learned using the ASM framework as

s = sm + es with sm = s̄ + Psbs, (2.2)

wheres̄ denotes the mean shape,Ps is a matrix representing a set of orthogonal modes,bs is a set of
shape parameters, andes is the residual error for the shape approximation. To build astatistical model
of the grey level appearance, each example image is warped sothat its control point match the mean
shapēs. Then, the pixels intensities inside the mean shape of the warped example image are sampled.
By applying PCA to the normalized data, a linear face appearance model is obtained as

a = as + ea with as = ā + Paba, (2.3)

whereā is the mean normalized gray level,Pa is a set of orthogonal mode variation, andba is a set of
grey level parameters allowing to synthesize the appearance a. The appearance approximation error is
denotedea. The ability of an AAM to model a head at various orientationsdepends on the data used to
learn the models. If in the training data there are variabilities with respect to the head orientation, the
AAM will be able to model those variations. AAMs have been successfully used in many researches
involving head modeling such as face recognition [50], faceand facial features tracking [51, 52].

Recently, the AAM theory have been revisited in [53] which proposed new schemes for a more effi-
cient fitting of AAMs to input test images. [54] proposed the generalization of AAMs to more complex
illumination conditions using image-based rendering techniques which can represent complex lighting
conditions, structures, and surfaces. The major drawback of AAMs is that, because they require the
visibility of the face shape boundaries, modeling extreme head orientations such as head profiles is not
well defined. Also, because AAMs modeling rely on the facial features, it is required, for a good fitting,
that head images are of high resolution so that the facial features are visible enough.
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3D model based approach

A head can be modeled in 3D using a parameterized mask. The CANDIDE model proposed in [56] is a
parameterized face developed for model based coding of human face. It is composed of vertices (100)
and triangles (75) defining the face surface. Face motions are controlled by action units (AUs). Recent
version of the CANDIDE model contains more vertices and triangles for a better facial action modeling
[55, 57]. The CANDIDE model can be seen as a3N dimensional vector̄v, whereN is the number of
vertices, containing the 3D coordinates of the vertices. The model is reshaped according to

v(ς, ϑ) = v̄ + Sς + Aϑ (2.4)

where the vectorv contains the new vertex coordinates, andS andA are shape and animation units.
Thusς andϑ are shape and animation parameters defining the AUs. The facetexture for each triangle
is extracted by fitting the model to an initial face image of known orientation (frontal in general). To
synthesize a global motions, few parameters controlling rotation, scaling and translation are added to the
model

v(ς, ϑ) = Rs(v̄ + Sς + Aϑ) + t (2.5)

whereR is a rotation matrix,s is a scale factor, andt is a translation vector. Thus, 3D head models are
head pose models, because they include in their definition variation with respect to head rotations.

Other works, [58, 59], use face models similar to the CANDIDEmodel. Other CANDIDE-like-
models include in the modeling people’s hair and integrate model adaptation framework [60]. Also
closely related to the CANDIDE model is the 3D ellipsoidal surface head model proposed by [61].

By definition 3D head models are well suited to study facial feature actions. Depending on the
precision of the vertexes defining the model, the CANDIDE canmodel very precisely the motions of
each part of a human face. But, the 3D models require high resolution imagery. The main reason is
that the vertexes defining the models are built with respect to the facial features. Localizing and tracking
these facial features are reliable only on high resolution images.

2.2 Object tracking

Heuristically speaking, tracking an object through a sequence of images consists of estimating a para-
metric representation of the object. At each time, the previous time parametric representation of the
object is usually supposed to be known and used as prior knowledge. Otherwise it is an object detection
problem. In a simple case, the parametric representation ofthe objectX, called the object state, can be
a bounding box, parameterized by a center point, a width, anda height, locating the object in the image
plane (see Figure 2.9).

Many approaches have been adopted to tackle the tracking problem. Among them we can cite, the
bottom-up and top-down approaches. Bottom up approaches tend to construct object state by analyzing
the content of images. Segmentation based methods such as optical flow based tracking are bottom-up
approaches. On the contrary, top-down approaches tend to generates state hypotheses from previous time
based on a parametric modeling of the object. Tracking is done by verifying the predictions on image
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Figure 2.9: Object tracking illustration: a person represented by a bounding box, parameterized by a
center point and a width and height, tracked through a sequence of images.

measurements. Another important characteristic of tracking approaches is whether or not they are based
on a Bayesian framework. This is the topic of the following Section.

2.2.1 Non-Bayesian tracking

Non-Bayesian tracking methods do not use a Bayesian formalism to solve the tracking problem. Among
the non-Bayesian tracking methods we briefly discuss below the optical flow based tracking and gradient-
descent based tracking such as the mean-shift algorithm.

Optical flow tracking

Optical flow estimation can be used for tracking by segmenting regions with similar motion fields when
tracking rigid objects [62, 63, 64]. The principle of this optical flow is to estimate dense motion fields
from spatio-temporal patterns based on the assumption thatI(x, t), the image brightness at a pixel lo-
cationx for a given time instantt, is constant. Therefore, the derivative of the image brightness with
respect to time is null, ie.:

d

dt
I(x, t) = 0. (2.6)

The optical flow estimation problem is thus to estimate the motion field v = ∂x
∂t such that:

∇I.v +
∂I

∂t
= 0. (2.7)

However, this single equation is not sufficient to recover the flow field. Various solutions have been
proposed to solve this problem by adding other constraints [65].

There are some drawbacks related to the optical flow estimation problem making tracking using
optical flow sometimes uncertain. First, it relies on the assumption that the image brightness at pixel
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locations are constant which is not always the case. Images brightness are subject to changes that are not
only due to motion. For example, brightness change can be dueto illumination conditions. Secondly,
optical flow estimation becomes intractable when tracking possibly rotating large un-textured objects
with all pixels with a similar brightness.

Gradient descent based tracking

Tracking can be posed as a minimization problem. Let us denote by zobj a model of the object in
the observation space,zX the observations extracted from the candidate state configuration X, andρ
a distance in the observation space. Tracking can be posed asan optimization problem. For instance,
tracking can be posed as finding an optimal state configuration Xopt verifying

Xopt = arg min
X

ρ(zobj , zX). (2.8)

In the cases the distanceρ and the observation functionh(X) = zX admit good differentiability and
convexity properties, the optimal state configuration can be obtained using gradient descent. In a tracking
formulation, the initial state of the optimization processis taken to be the optimal state of the previous
time or a prediction made out of it.

The mean shift algorithm for tracking, proposed in [66], is agradient descent based tracking tech-
nique. In the mean shift framework, the target of interest isrepresented by a kernel density distribution
zobj . At a candidate object configuration, the object is also represented by a kernel density distribution
zX , and the distance in the observation space is the Battacharya distance, proposed in [67], defined as:

ρ(zobj , zX) =

√

1 −

∫

u

√

zobj(u)zX(u)du (2.9)

Gradient descent based techniques have the advantages to bevery fast techniques because the frame-
work provides an optimal search direction. Algorithms suchas the steepest descent method are guar-
anteed to converge after few iterations. Fastness of convergence is important for people designing real
time systems. A major drawback of gradient-descent based techniques is that they converge to the local
minima closest to the initialization point. They are easilydistracted by ambiguities. Thus, gradient-
descent based techniques do not cope very well with multi-modal distributions because they track only a
single mode. Also, because in tracking an analytical expressions of the observation functionh(X) is not
always available, the requirement of a differentiable objective function is not always full-filled. When
good objective function properties are not full-filled, solutions such as template matching can be adopted
with ad-hoc search strategies. But, depending on the state dimensionality the search space can be very
wide making the search matching computationally very expensive.
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Figure 2.10: Standard graphical model for tracking.

2.2.2 Bayesian tracking

Problem formulation

Bayesian tracking can be stated in a general formulation. Todefine the Bayesian tracking problem, we
consider that the evolution of the state sequence{Xt, t ∈ N} of an object is given by:

Xt = ft(Xt−1, ηt−1) (2.10)

whereft : R
nX × R

nη → R
nX is possibly a nonlinear function of the stateXt−1, and ofηt where

{ηt t ∈ N} is an independent identically distributed (i.i.d.) process noise sequence.nX andnη are
respectively the dimensions of the state and the process noise vector. The objective of tracking is to
recursively estimate the stateXt from the measurementszt:

zt = ht(Xt, νt) (2.11)

whereht : R
nX ×R

nν → R
nz is a function, possibly nonlinear, of the stateXt and ofνt, {νt t ∈ N} is an

i.i.d. measurement noise sequence.nz andnν are respectively the dimensions of the measurements and
noise vectors . In particular we seek for estimates ofXt based on the set of all available measurements
z1:t = {zl, l = 1, ..., t} up to timet.

Bayesian tracking thus requires the definition of three models:

1. A state modelX which is a parametric representation of the object.

2. A dynamic model, represented in Equation 2.10 by the function ft, which parameterizes the tem-
poral evolution of the state.

3. An observation model, represented in Equation 2.11 by thefunctionht, which measures the evi-
dence that can be observed in images about the state.

From a Bayesian perspective, tracking consists in recursively estimating some degree of belief in the state
Xt of the target given the sequence of observationsz1:t. Solving the Bayesian tracking problem requires
to construct the conditional probability density function(pdf) of the states given the data,p(Xt|z1:t).
The distributionp(Xt|z1:t) is also known as the filtering distribution. If we assume thatthe initial pdf
p(X0) is known, the pdf may be obtained in two stages: prediction and update. Suppose that the pdf at
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time t − 1, p(Xt−1|z1:t−1), is available. The prediction stage involves the use of the system model in
Equation 2.10 to obtain the predicted pdf of the state at timet via the Chapman-Kolmogorov equation:

p(Xt|z1:t−1) =

∫

Xt−1

p(Xt|Xt−1, z1:t−1)p(Xt−1|z1:t−1)dXt−1. (2.12)

The dynamical model in ( 2.12),p(Xt|Xt−1, z1:t−1), models the probability to be in a stateXt given
the state at the previous time,Xt−1, and the sequence of observations,z1:t−1. In general the stateXt is
assumed Markovian. In that case, the dynamical model can be written

p(Xt|Xt−1, z1:t−1) = p(Xt|Xt−1) (2.13)

leading to the graphical model in Figure 2.10. In case the evolution state function in Equation 2.10 is a
linear function defined as

Xt = ft(Xt−1, ηt−1) = FtXt−1 + ηt−1, (2.14)

in the Markovian case, the state dynamical model can be written

p(Xt|Xt−1) = N (Xt, FtXt−1,Σt−1). (2.15)

whereΣt is the covariance matrix of the state noise processηt. More precisely, the state dynamical
model is a Gaussian distribution with meanFtXt−1, and with covariance matrixΣt−1.

At time t, the measurementzt is used to update the predicted pdf via Bayes’ rule:

p(Xt|z1:t) =
p(zt|Xt, z1:t−1)p(Xt|z1:t−1)

p(zt|z1:t−1)
(2.16)

The termp(zt|Xt, z1:t−1) in (2.16), called the object likelihood, measures how well the new observation
is in adequacy with the hypothesized state given the past observations. p(Xt|z1:t−1) is the prediction
distribution given in Equation 2.12.p(zt|z1:t−1) is a normalization constant independent of the state.
Because the task is to estimate the state, knowing exactly the normalization constant is not necessary to
solve the tracking problem.

The recurrence relations in (2.12) and (2.16) form the basicof the Bayesian tracking formalism.
Depending on the hypotheses on the state model in (2.10), andon the observation model in (2.11), or
more generally depending on the modeling of the distributions p(Xt|Xt, z1:t) andp(zt|Xt, z1:t−1) two
main groups of solutions can be found: the Kalman filtering methods and the sampling methods.

Optimal solutions: Kalman filters

The Bayesian tracking problem has an optimal solution in therestrictive cases where three following
hypotheses hold:

1. The state and observation noise processesηt and νt are zero-mean Gaussian distribution with
known covariance matrixesΣt andΛt.
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2. The state evolution functionft(Xt−1, ηt−1) is a known linear function ofXt−1 andηt−1:

Xt = FtXt−1 + ηt−1. (2.17)

3. The observation functionht(Xt, νt) is a known linear function ofXt andνt:

zt = HtXt + νt. (2.18)

When these hypotheses hold, the Kalman filter is the explicitoptimal solution of the tracking problem
[68]. Given the three previous assumptions and assuming an initial Gaussian distribution forp(X0), the
pdf of the state at any given time, given measurements up to timet is a Gaussian distribution

p(Xt|z1:t) = N (Xt,mt,t, Pt,t) (2.19)

wheremt,t andPt,t denote the mean and covariance of the this optimal distribution. The update and
prediction steps in Equations 2.12 and 2.16 can be rewrittenas:

p(Xt|z1:t−1) = N (Xt,mt,t−1, Pt,t−1)
p(Xt|z1:t) = N (Xt,mt,t, Pt,t)

(2.20)

where

mt,t−1 = Ftmt−1,t−1

Pt,t−1 = Σt−1 + FtPt−1,t−1F
T
t

mt,t = mt,t−1 + Kt(zt − Htmt,t−1)
Pt,t = Pt,t−1 + KtHtPt,t−1

(2.21)

with Kt andSt defined as

Kt = Pt,t−1H
T
t S−1

t

St = HtPt,t−1H
T
t + Λt

(2.22)

Kt is the Kalman, gain andSt is the covariance matrix of the innovation termzt − Htmt,t−1.
In other cases, where the three assumptions to obtain an optimal solution are not valid, approximate

solutions have to be found. When the dynamic functionft and the observation functionht are well
represented by their first order linear approximations, andif the filtering pdf can be approximated by a
Gaussian distribution, a sub-optimal solution is given by the extended Kalman filter (EKF) [69]. The
drawback of the EKF is related to the linearization of the functions ft and ht. In general, the state
evolution function,ft, admits good linear approximation. The problems occur, in general, with the
observation function,ht, which usually very complex. If the first order linearization do not approximate
well the non-linearities in the observation function, the EKF will introduce large errors in the mean
and covariance matrices estimates, and sometimes will leadto the filter divergence. If the functionht

is known and well represented by its third order Taylor series expansion, the unscented Kalman filter
(UKF) proposed in [70, 71] is a good sub-optimal solution to the tracking problem. The UKF is based on
the unscented transformation which is a method to calculatethe statistics of random variables undergoing
non-linear transformations using a minimal set of carefully chosen sample points [72].



2.2. OBJECT TRACKING 25

However in real life tracking, the analytic form of the function ht is in general unknown, and when it
is known, does not admit good linear representation. Also due to occlusions and ambiguities, pdf are not
Gaussian. They are multi-modal or heavily skewed, hence theconditions to obtain optimal or suboptimal
solution do not hold in general. Thus, other solutions such as the sequential Monte carlo methods are
needed.

Approximate solutions: sequential Monte Carlo (SMC) methods

SMC methods, also known as particle filters (PF), are methodsto approximate the pdf when the con-
ditions to obtain optimal or sub-optimal conditions do not hold [69, 73, 74, 75]. They are techniques
to implement a recursive Bayesian filter by Monte Carlo simulation. The key idea is to represent the
target pdfp(Xt|z1:t) by a set of random samples called particles with associated weights, as illustrated

by Figure 2.11. Let{X(n)
t , w

(n)
t }Ns

n=1 denote a set of weighted samples drawn from the pdfp(Xt|z1:t),

with the weightsw(n)
t normalized to sum to 1. An approximation of the true pdf is given by:

p(Xt|z1:t) ≈
Ns
∑

n=1

w
(n)
t δ

X
(n)
t

(Xt) (2.23)

whereδ is defined as

δ
X

(n)
t

(Xt) =

{

1 if X
(n)
t = Xt

0 otherwise
. (2.24)

When the number of samples becomes very large, the PF solution approximates the true pdf [74]. The
goal of the PF algorithm is the recursive propagation of the samples and estimation of the associated
weights, as each measurement is received sequentially. To this end, a recursive equation of the posterior
is used:

p(Xt|z1:t) =
p(zt|Xt, z1:t−1)

∫

Xt−1
p(Xt|Xt−1, z1:t−1)p(Xt−1|z1:t−1)dXt−1

p(zt|z1:t−1)
. (2.25)

Assuming that the pdfp(Xt−1|z1:t−1) can be approximated with samples according to Equation 2.23,
the current pdf can be approximated as:

p(Xt|z1:t) ≈
p(zt|Xt, z1:t−1)

∑

n w
(n)
t−1p(Xt|X

(n)
t−1, z1:t−1)

p(zt|z1:t−1)
. (2.26)

Let us denote byq(Xt|Xt−1, z1:t) a distribution, called importance or proposal density, from which new
hypotheses can be easily sampled. The pdf in Equation 2.26 can be approximated, up to the proportion-
ality constantp(zt|z1:t−1), as:

p(Xt|z1:t) ≈
∑

n

w
(n)
t−1

p(zt|Xt, z1:t−1)p(Xt|X
(n)
t−1, z1:t−1)

q(Xt|X
(n)
t−1, z1:t)

q(Xt|X
(n)
t−1, z1:t) (2.27)
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Figure 2.11: SMC steps: approximation of a continuous probability density function with discrete
weighted samples. Propagation of the samples and weights update.



Thus, using factor sampling, a discrete representation of the pdf can be obtained in two steps:

1. First, predict new hypotheses using the proposal distribution:

X
(n)
t ∼ q(Xt|X

(n)
t−1, z1:t) (2.28)

2. Then, update the sample weights according to:

w
(n)
t ∝ w

(n)
t−1

p(zt|X
(n)
t , z1:t−1)p(X

(n)
t |X

(n)
t−1, z1:t−1)

q(X
(n)
t |X

(n)
t−1, z1:t)

(2.29)

Depending on the assumptions on the above distributions, various algorithms can be obtained. The sim-
plest one is the sequential importance resampling (SIR) filter, also known as the conditional density
propagation (CONDENSATION) algorithm [13] in the computervision literature.

Sequential importance resampling (SIR) algorithm:
To obtain the standard PF algorithm, the three following hypotheses are made.

1. First, the state dynamic is a first order Markov model:

p(Xt|z1:t−1,Xt−1) = p(Xt|Xt−1) (2.30)

2. Secondly, given the sequence of states, the observationsare independent. Hence we have

p(zt|z1:t−1,X1:t) = p(zt|Xt). (2.31)

3. Thirdly, the state dynamic,p(Xt|Xt−1), is used as importance function.

The two first hypotheses corresponds to the standard tracking graphical model displayed in Figure 2.10.
Ultimately, from the three previous hypotheses, a simple update equation for the weights is obtained as

w
(n)
t ∝ w

(n)
t−1p(zt|X

(n)
t ). (2.32)

This algorithm is called sequential importance sampling (SIS) algorithm [69]. A common problem with
the SIS algorithm is the degeneracy phenomenon. After a few iterations, most of the particles have very
low weights. It has been shown that the variance of the weights can only increase over time [74]. Thus,
it is impossible to avoid the degeneracy phenomenon. A largecomputational effort is devoted to update
particles whose contribution to the approximation of the pdf are very negligible. A method to reduce
the effect of the degeneracy is to resample with replacementthe particles with a probability proportional
to their importance weights, in order to keep only those withhigh weights [76]. The SIS algorithm
including a resampling step is called sequential importance resampling (SIR) algorithm. This algorithm
is also known as bootstrap filter [73], (CONDENSATION algorithm [13]. Figure 2.12 summarizes the
main steps of the SIR algorithm.

A limitation of the SIR algorithm is related to the choice of the state dynamic as proposal distribution.
This choice implies that new hypotheses are generated without taking into account the new observation
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1. Initialization Step:
for n = 1, ..., Ns : X

(n)
0 ∼ p(X0), w

(n)
0 = 1
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, t = 1.
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• X̃
(n)
t ∼ p(Xt|X
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t−1), w̃

(n)
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˜
X

(n)
t ), n = 1, ..., Ns
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n w̃
(n)
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(n)
t =

w̃
(n)
t

w̃
, n = 1, ..., Ns

3. Resampling Step:
Resample with replacement the particles according to their
weights.{X̃(n)

t , w̃
(n)
t } −→ {X

(n)
t , w

(n)
t = 1

Ns
}

4. Time Increment Step:
sett = t + 1, the GO TO Step 2

Figure 2.12: Sequential Importance Resampling (SIR) Algorithm.

zt which is available. Several approaches have been proposed to address this issue. For instance, when
available, auxiliary information generated from color [77], motion [15, 77], or audio in the case of
speaker tracking [78], can be used to draw samples from. The proposal distribution is then expressed
as a mixture between the dynamic and state detectors based oncolor, motion, or audio observations. In
our work, we follow this approach of sampling from the dynamic and a detector. An advantage of this
approach is that it allows for automatic re-initializationafter tracking failures. But it has as drawback that,
the additional samples, proposed by the detector, are not related anymore to the samples at the previous
time. Thus, this approach requires, for each new sample, an expensive computation of a transition prior
involving all the previous samples [77, 78, 79]. Another auxiliary particle filter proposed in [80] avoid
the problem related to sampling from the dynamic. Their ideais to use the likelihood of a first set of
particles at timet−1 to resample the seed samples at timet, and apply standard prediction and evaluation
steps on these seed samples. The feedback from the new data acts by increasing or decreasing the number
of descendant of a sample depending on its predictive likelihood.

Finally, lets mention that other SMC methods such as Rao-Blackwellized PF and Markov chains
Monte Carlo (MCMC) methods will be described in more detailsin Section 4.

2.3 Visual focus of attention (VFOA)

The VFOA of a person can be defined as the person or the object a person is focusing his visual attention
on. Thus, the VFOA of a person can be inferred from the direction in which his eyes are pointing, which
is called the eye gaze. For human being, vision is the main perceptual sense. Thus studying the gaze and
VFOA of people is important to understand human behaviors. There are two domains where the role of
gaze has been widely and thoroughly studied: the first one is the visual search. Domain in which the
goal is to understand how people analyze their visual environment. The second domain, more related to
our research is the gaze in social interaction, where the goal is to study the pattern and the role of gaze
in human communication.
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(a) Eye structure. (b) Purkinge images.

Figure 2.13: Eye structure and Purkinge images (from [81]).

Figure 2.14: Light weight gaze tracking system ( from [82]).

In the following we will first review some sensor based gazed tracking methods and then discuss
related work about gaze in visual search and gaze in social interactions.

2.3.1 Sensor based gaze tracking systems

Sensor based techniques can be grouped into three families:techniques based on reflected light, tech-
niques based on electric skin potential measurements, and techniques based on contact lenses.

The reflected light eye gaze estimation techniques rely on the amount and direction of the infrared
light reflected by specific parts of the eye such as the limbus (boundary between the white sclera and
the black iris) displayed in in Figure 2.13(a), the pupil, the corneal. The reflections from the different
components of the eyes create the Purkinje images, shown in Figure 2.13(b), that can be used to estimate
the eye gaze [83, 84, 82] .

The electric skin potential technique is based on the fact that there exist an electrostatic field which
is rotating with the eye ball. By recording the difference inthe skin potential around the eye, the position
of the eye in the eye globe can be inferred [85].
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Gaze direction can also be estimated by asking a subject to wear special contact lenses [86]. There
are two kinds of contact lenses. The first type of lenses has mirror-like surface reflecting an infrared
light beam shined on the eye direction and allowing the eye gaze estimation. The second type of lenses
are inducted with matter sensitive to magnetic field. When the head of the subject is placed inside an
electric field, the distortion of the magnetic field due to thelens position in the eye allows to estimate the
gaze direction. Estimating gaze with electro-magnetic sensor is sensitive in situations where there exist
objects modifying the electro-magnetic field such as computers, cell-phones or even iron tables.

The main advantage of sensor based techniques is their precision in the gaze direction estimation. The
gaze direction can be estimated at precisions sometimes less than 1 degree [81]. The major drawbacks
of the sensor based gaze tracking systems is their invasiveness. The subject has either to wear sensors
such as electrodes, lenses or helmet mounted with mirrors. Also, they can be quite restrictive because
they need to be calibrated with respect to the head location.Although in general sensor based techniques
require the head to be steady, systems such as the light weight gaze tracking systems, in Figure 2.14,
allows more head motion.

2.3.2 Gaze in visual search

Gaze scan paths during visual search have been studied for long to understand the visual perception and
recognition of humans [87]. Many studies have shown that, innon-oriented task situations, that eye
fixation locations are, in general, points of high local contrast [88]. However, in task-oriented situations,
the eyes fixations were shown not to always correspond to the visually most salient points, but to follow
specific spatio-temporal requirements in order to full-fillthe task. Investigations in this sense have been
made in visio-motor tasks such as driving [89]. In [89], the scan paths of experienced and novice drivers
were studied in order to identify differences that can be associated with skill acquisition and sensitivity to
road type. Similar study conducted in daily life activitiessuch has making tea or sandwich [90] showed
that the fixation points are tightly linked in time to the to the evolution of the task. Scan paths are
important because they give indirect information about a person cognitive process. Other works, such as
[91], showed that eye movements are so tightly connected to the cognitive processes that, in well defined
tasks, the eyes movements can be used to observe under natural conditions the mental processes that
underlie spoken language comprehension.

For advertising also, scan paths are important to study. Information about the path of the gaze can be
used to define locations to display information an advertiser wants consumers not to miss. For instance,
the study of consumers scan paths showed that for a brand, thepictorial of the brand was attracting the
consumers’gaze more than a text about the brand [92]. Furthermore, in [93] it was also shown that the
scan paths can be used to determine highly motivated consumers and the brands they are interested in.

One of the main problem of studying gaze in natural conditions is that the current gaze tracking
systems, although portable such as the light weight gaze tracker in Figure 2.14, are still constraining.
It is difficult to imagine in natural meetings or in an outdoormarketing study people wearing sensor
based gaze tracking systems. Also, gaze paths are not only the result of eye movements but also of head
movements. In [94], the authors have shown that in reading situations, the head was contributing to
40.3% of the gaze horizontal gaze amplitude and28.4% of the vertical gaze amplitude. Thus, gaze has
to be studied together with head movements.
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2.3.3 Gaze in social interactions

A major domain where gaze plays an important role is human interaction. Interacting with other people
is an essential component of social activity. The way in which these interactions occur in groups is the
topic of intense study in social psychology [95]. The gaze isan important cues used in human interaction.

Gaze fulfill functions such as establishing relationship (through mutual gaze), regulating the course of
interaction, expressing intimacy [96], and exercising social control [1]. Humans tend to look at thing that
are of immediate interest for them. Information from gaze, head and body posture are used to determine
where the other people are directing their attention. Thus gaze helps to predict the other person mental
states, and people use their gaze to give to the other insightabout what they are thinking. For instance,
in [97], it was shown that in 4 people conversations, when a speaker gaze another person in the eye,
at 80% this person, he is gazing, is the target of his speech. Furthermore, when a listener is gazing
at a person in the eye in a meeting, at77%, this person was the speaker. Thus people use the other’s
gaze to determine when they were addressed or expected to speak. A speaker’s gaze often correlates
with his addressees gaze, especially at a sentence end wherethe gaze can be interpreted as a request of
back-channel [98]. Studies have shown that people take moreturns when they experienced more gaze
[99]. For a listener, monitoring his own gaze in concordancewith the speaker’s gaze is a way to find
appropriate time windows for speaker turn requests [100, 101].

Due to all the information conveyed by the gaze in social interaction, its study is important to un-
derstand human interaction contents. Sensor based gaze tracking techniques can be used to study the
gaze during interaction. However, due to the invasiveness of the usage of sensors for gaze tracking, com-
puter vision techniques are, in some cases, better suited for the gaze estimation. Although less precise
than gaze tracking with sensors, computer vision techniques will make possible the gaze study in all the
available pre-recorded video. In thesis, our interest willbe to study gaze from head pose using computer
vision techniques.

2.4 Conclusions

In this chapter we have discussed the state of the art relatedto the main topics of this thesis. Various
head models were presented, followed by tracking methodologies and gaze studies. In this thesis we will
present our head pose tracking methodologies. But, as head pose tracking requires head pose tracking
evaluation, the following Section present our head pose video database built for head pose tracking
evaluation.
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Chapter 3

Head pose video database

As already discussed in the introductory chapter, trackingthe head of people and estimating their pose is
important in many computer vision applications. This has generated a large amount of investigations in
the related research fields especially since good automaticanalysis of head behaviors rely on precise head
tracking and pose estimation. The performance of the tracking methods have to be rigorously evaluated
and this requires the availability of significant public head pose databases.

In the vision community, still head pose image databases exist such as the FERET database [46], the
PIE database [47] and the Prima-Pointing database [48]. Still head pose image databases are very useful
to build head pose models and evaluate head pose detection orrecognition algorithms. However, the
evaluation of head pose tracking algorithms requires realistic video sequences with people having their
head poses continuously annotated. As head pose annotationin video sequences is a non-trivial task,
most of the time, head pose tracking algorithms are evaluated qualitatively on video sequences without
head pose annotations. Some researchers used head pose video databases to evaluate their algorithms
[44, 102], but their database is not publicly available. Recently, for the CLEAR Evaluation workshop
a database for head pose tracking was built and made publiclyavailable [103]. The limitation of the
CLEAR data is that the head poses in the database were not continuous: 8 ranges of head directions
(North, North-East, East,..., where the cardinal directions correspond to the wall of a room) were defined
and annotated by hand. Thus, in short, comparing head pose tracking performances on continuous video
sequences is difficult, because of a lack of evaluation data.As researchers have been working on head
pose tracking since a long time, a publicly available database to evaluate head pose tracking methods and
compare performances is required.

This chapter describes our work to build and provide such a video database, featuring people in real
situations with their head pose continuously annotated through time. To build a head pose database, a
protocol for head pose annotations has to be defined. In our case, head poses were annotated using a
magnetic 3D location and orientation tracker called the flock of bird [104]. The environments of our
recordings were a meeting room and an office with their light sources. These environments summarize
well indoor environments for head pose tracking. The recording in the meeting room involved 16 per-
sons, 2 persons per meeting, and each meeting lasted approximatively 10 minutes. The office recording
involved also 15 persons, with 1 person per recording, and recording lasted approximatively 8 minutes.

The remaining of this Chapter is organized as follows. Section 3.1 describes possible head pose
representation. Section 3.2 describes our database recording set up. Section 3.3 describes the database

33
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(a) Reference head configurationR0:
frontal head pose

(b) Head attached basis
Bhead.

Figure 3.1: References for head pose representation. Figure 3.1(a) displays the frontal pose, and Fig-
ure 3.1(b) gives the head attached basis.

content. Finally, Section 3.4 gives conclusions.

3.1 Head pose representation

A head pose representation is a parametrization of the head configuration with respect to a given reference
B0 and a reference head configurationR0. Figure 3.1(a) shows our reference head configuration which
is taken to be the head in a frontal pose. In the following we always assume that a basisBhead is rigidly
attached to the head, as can be seen in Figure 3.1(b). A basisBcam is also attached to the camera.
By definition, the head configuration can be represented by the 3 × 3 rotation matrixRθ that allows to
transform the axis of the basis attached to the head associated withB0 into the axis rigidly attached to
the head at the current configuration.

In our database, we defined the head poses with respect to the camera viewing direction, not with
respect to a fixed and absolute reference basis. Thus, the annotated head poses can be directly compared
with the output of head pose trackers, which primarily output this kind of estimations. In practice, this
means that a person looking at the camera, whether on the leftor on the right of the image, will be always
annotated with a frontal pose. despite the fact that their head poses are oriented differently with respect
to an absolute 3D reference in the room.

As an alternative to the matrix representation of head rotation, it is well known that rotation matrices
in 3D can be represented as a succession of 3 rotations aroundthe 3 axis of a reference basisB: a rotation
around they-axisRα, a rotation around thex-axisRβ and a rotation around thez-axisRγ . The 3 angles
of such a decomposition,θ = (α, β, γ), are called Euler angles [105]. Among the multiple possibleEuler
angle parameterizations, two are commonly used. The first one uses as reference basis for the rotation
axis, the basis attached to the head,Bhead. This representation was used to build the FERET database
[46] and the Prima-Pointing database [48]. A second parametrization uses the camera attached basis,
Bcam, as reference frame for the rotation axis. This representation was used to build the PIE database
[47]. In the following, we describe these two head pose representations and give ways to pass from one
representation to another.
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Figure 3.2: Poses in the Pointing representation (from Prima-Pointing database [48]).

3.1.1 The pointing representation

This representation has been used to build the Prima-Pointing database. The Prima-Pointing database
will be described in more detail in Section 4. Figure 3.2 shows sample head poses of a person in this
database. In the pointing representation, a head pose is defined by three Euler anglesθ = (α, β, γ)
representing three consecutive rotations to transform thehead from the reference configurationR0 to a
current configuration. The rotations are done with respect to the axes of the basisBhead rigidly attached
to the head. The pan rotationα is a left-right rotation, the tilt rotationβ is an up-down rotation, and the
roll rotationγ is a head-on-shoulder roll. This representation can be thought as if the camera was fixed
and the head rotating. The pointing representation is interesting because it is very intuitive and gives
interpretable values. The poses obtained from this representation correspond to the natural ways people
perceive head rotations.

3.1.2 The PIE representation

The setup used to build the PIE database was the following: 9 of 13 cameras were positioned at a roughly
head height in an arc from approximately a full left profile toa full right profile. Each neighboring pairs
of these 9 cameras were therefore approximately 22.5 degrees apart. Of the remaining 4 cameras, 2
were placed above and below the central (frontal) camera, and 2 were placed in the corners of the room.
Images of the views of the 13 camera are displayed in Figure 3.3. In the PIE representation, the pose
of a person is also defined relatively to a reference head configurationR0. A head pose is defined by
three Euler anglesθ = (α, β, γ). These angles define three consecutive rotations that, whenapplied
to the head, transform the reference head configuration intothe current configuration. But, in the PIE
representation, the rotations are with respect to the static axes of the camera referenceBcam, pointing
towards the head direction.

Perceptually, the PIE representation can be seen as if the head was static and the camera rotating
around it. The PIE representation has a computational advantage. In this representation, head roll vari-
ations for given pan and tilt angles correspond to an image inplane rotation. More precisely, given the
image appearance of the head poseθ = (α, β, 0), the image appearance of any poseθ = (α, β, γ) is
obtained by applying an in-plane rotation of angleγ to the image appearance of the poseθ = (α, β, 0).
This property, which does not hold for the pointing representation, is very useful when building head
pose appearance models. The variation in head roll do not need to be modeled in the PIE representation.
The drawback of the PIE representation is that the significance of the Euler angles are not anymore in-
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Figure 3.3: Poses in the PIE representation (from CMUPIE database [47]).

terpretable. For instance, the tilt at a frontal pose are similar than in the pointing representation but, the
tilt at a profile pose in the pointing representation corresponds to a roll in the PIE representation.

3.1.3 From one representation to another

Each one of the two representations have advantages and drawbacks. Depending on the problem, we
may be interested in using one of the representations. Thus,being able to convert the head pose in a
given representation into the other representation is useful.

If we denote byθ a head pose in the PIE representation with its correspondingrotation matrixRθ.
Also, let denote byθ∗ the same pose in the pointing representation, with its corresponding rotation
matrix, Rθ∗ . Since the two head poses representation,θ andθ∗ represent the same head rotation, they
are represented by the same rotation matrix. Thus, to pass from one representation to the other, one has
to findθ∗ (resp.θ) such thatRθ∗ = Rθ.

3.2 Database building

3.2.1 Camera calibration

The database was recorded in two environments, a meeting room and an office. Figures 3.6 and 3.4
show the recording setup, camera and people location. For each environment, one camera was used for
the recordings. The camera in the office was mounted in the horizontal plane at head height and was
recording at 12.5 image frames per second. The meeting room camera is located at around 60cm upper
the head height, pointing down with an optical axis making approximately a 15 degree angle with respect
to the horizontal plane, and was recording at 25 image framesper second. The cameras were fixed, and
head poses were defined with respect to the reference head configuration as shown in Figure 3.1(a).
The cameras were calibrated using the methodology described in [106]. The principle of the camera
calibration procedure was to show the camera a checkerboardviewed at many orientations as illustrated
in Figure 3.5.
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(a) Meeting room setup. (b) Example image from a meeting
room recording.

Figure 3.4: Database recording set-up: camera and people locations in the meeting room recordings.

Figure 3.5: Camera calibration: part of the checkerboard views used to calibrate the camera in the
meeting room.

The structures of the checkerboard, number and size of squares, were used to find the correspondence
between projected images and the 3D geometry of the room. Theoutputs of the camera calibration are
the extrinsic and the intrinsic parameters of the camera. Given a pointP ex in an external 3D reference
Bex, the external camera parameters(tex, Rex) are a translation and a rotation matrix defining the change
basis to pass from the external referenceBex to the camera reference. The relation between a point,P cam,
in the camera reference and its representation,P ex in the external reference is given by:

P cam = tex + RexP ex (3.1)

The intrinsic camera parameters define how the pointP cam in the camera basis projects in the image
plane. The intrinsic camera parameters are defined by four elements, the focal lengthfc = (fc1, fc2)T ,
the principal pointcc = (cc1, cc2)T , the skewness distortionac, and the radial distortionkc = (kc1, kc2)T .
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(a) Office setup (b) Example image from an office
recording.

Figure 3.6: Database recording set-up: camera and people locations in the office recordings.

In the general image projection framework,kc is a four dimensional vector defined by the radial distor-
tions and the tangential distortions [106]. The tangentialdistortions are null in our case, thus they are
removed from the Equations. The pointP cam projects on the image plane according to the intrinsic
parameters asP im, with the corresponding coordinates:

P im,1 = fc1(P dist,1 + acP dist,2) + cc1

P im,2 = fc2P dist,2 + cc2 (3.2)

If we denote the coordinates of the point in the camera reference as

P cam = (P cam,1, P cam,2, P cam,3)T , (3.3)

P dist is then defined as:

P dist = (1 + kc(1)r2 + kc(2)r4)

(

P cam,1

P cam,3
,
P cam,2

P cam,3

)T

(3.4)

with r2 =
(

P cam,1

P cam,3

)2
+
(

P cam,2

P cam,3

)2
The intrinsic camera parameter values are given in Table 3.1. The

most important parameter for reconstruction quality are the distortion parameterkc. Its components have
to be small with respect to 1 for a good reconstruction. For the meeting room camera the components of
the distortion parameter are small. However, for the office camera it is worth noticing that the distortions
are not negligible when a point is far from the focal point (r2 is high).

3.2.2 Head pose annotation with the flock of bird sensor

Flock of Bird Measurements: We used the pointing representation to build our head pose video
database. For the head pose annotation we used a device called flock of bird (FOB) [104]. The FOB
is a 3D location and orientation magnetic field tracker with two main components. A reference basis
unit, rigidly attached to the desk, and a bird rigidly attached to the head of the person whose head pose
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camera meeting room office

fc (425 462) (416,453)
cc (174,130) (220,127)
ac 0 0
kc (-0.27,-0.07) (-0.36,0.49)

Table 3.1: Intrinsic camera parameter values.

has to be annotated. The FOB outputs locations and orientations with respect to its reference basis.

FOB-camera calibration: Calibrating the camera to the FOB correspond to finding a translation vector
and a rotation matrix(tfob, Rfob) such that any point in the Camera basis and it representationin the
FOB are related by the formula:

P cam = tfob + RfobP fob. (3.5)

The rotation matrix and the translation vector(tfob, Rfob) can be approximated numerically by solving
an optimization problem. Given a set of points{P cam

i , i = 1, ..., N} in the camera basis with their
known corresponding representations in the FOB basis{P fob

i , i = 1, ..., N}, the problem is to estimate
(t̂fob, R̂fob) such that:

(t̂fob, R̂fob) = arg min
(tfob,Rfob)

N
∑

i=1

||P cam
i − (tfob + RfobP fob

i )||2 (3.6)

where||.||2 is the Euclidean distance. This problem can be solved using gradient descent.

Temporal alignments: In our setup, the camera and the FOB recordings were started manually. There
was a time delay between the recording starting time of the two devices. The FOB outputs and the video
frames have to be aligned. The alignment can be done by findingan easy-to-identify event in the video
sequence and in the FOB data. We defined the alignment events to be quick head shake. This gesture
corresponds to an oscillation of the head pan while the head tilt and roll are steady in the FOB data. The
video frames corresponding to the peaks of this oscillationare also easy to find in the video sequences.

3.3 Database content

The database is constituted by recordings in two environments, a meeting room and an office. In the
following we describe the recording contents in these two environments.

3.3.1 Meeting room recordings

In the meeting room, 8 meetings were recorded. In each recording, 4 persons were having a meeting and
among them, two had their head pose continuously annotated.The durations of the meetings are given in
Table 3.2. These meetings were recorded according to a simple scenario. The people had to look at the
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Meeting 1 2 3 4 5 6 7 8
duration 7.6 7.5 7.3 11 10 10.9 14.3 12.1

Table 3.2: Meeting room recordings durations (in minutes).

camera in a frontal head pose to define the head reference configuration, perform the alignment gesture,
write their name on a sheet of paper on the table and discuss statements displayed on the projection
screen. The scenario gives full freedom to the participantsabout their head motion, pose and gestures.
People were acting naturally as in real meeting situations.The meeting lengthes vary between 7.6 to 14
minutes, thus studying the visual focus of attention in these recording will be interesting. The recordings
are long enough to exhibit a wide range of gazing behaviors. An image of each of the 8 meetings is
provided in Figure 3.7.

Figure 3.8 gives the distribution of head pan, tilt, and rollangles over the meeting data set. The
pan values are ranging within -90 and 50 with several modes. The tilt values are ranging from -50 to
20, and the roll values from -20 to 40 degrees. Figure 3.9 displays the head pan versus head tilt scatter
plots for the two persons in the first meeting recording. It can be seen in these Figures 3.8 and 3.9, that
the two persons, mostly the person sitting to the right, had negative pan values. Negative pan values
corresponds mainly to looking at the projection screen which was an important visual focus of attention
for the persons according to our scenario. It has also to be noticed that the way the camera was mounted,
60 cm upper head location and 15 degrees with respect to horizontal, was inducing a shift in the tilt
values. When a person is looking straight in front of him in the horizontal plane, his head tilt is -15
degrees while it would be 0 degree if the camera would have been mounted at head height and pointing
horizontally.

3.3.2 Office recordings

The office recordings involved 15 persons. The length of eachrecording is given in Table 3.3. In each
recording, a person was sitting in front of a computer and acting in the framework of a simple scenario.
First look at the camera in a frontal head pose and perform an alignment gesture. Then, look at fixed
points of the room and finally, interact with the experimenter. The office recording set up was close to a
human computer interaction (HCI) set up. The head image sizes were quite high, varying approximately
between100 × 100 and180 × 180 pixels.

For each recording, the flock recordings, after alignment and transformations using the FOB-camera
calibration procedure, give the head pose annotations. Figure 3.10(a) shows the distribution of the head
pan, tilt, and roll values for the whole office recordings. Pan value are ranging from -50 to 150 degrees
in a quite flat distribution. The tilt values are ranging from-60 to 20 degrees but most of the values are
within -15 and 15. Roll values are ranging from -20 to 20 degrees with the values mostly concentrated
between -5 and 10 degrees. Figure 3.10(b) displays the scatter plot of the head pan versus head tilt of
the subject in the first office recording. In this plot, we can notice that the pan are mostly positive. The
reason is that the experimenter (person in the background inFigure 3.6(b) ) was sitting on the side of the
positive pan (right side) of the annotated person.
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Figure 3.7: The 16 annotated people from the 8 meetings.
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Figure 3.8: Distribution of head pan, tilt, and roll in the meeting recordings, expressed in the pointing
representation.
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(a) Plots for person left in the first meet-
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meeting recording.

Figure 3.9: Head pan-tilt scatter plot for person left and right in the first meeting room recording.

3.4 Conclusion

In this chapter, we have described our head pose video database. This database was built to achieve three
goals. First, build for ourselves a head pose video databasewith people having their head orientation
continuously annotated to evaluate our own head pose tracking algorithms. Second, distribute it to the
scientific community to be used as evaluation database. Information about the database, and the pro-
cedure to acquire the database are available athttp://www.idiap.ch/HeadPoseDatabase/. This could be
very useful for the head pose tracking community in which, ingeneral, people evaluate their head pose
tracking algorithms either qualitatively or on private data making performance comparison impossible.
In the following chapter, we will present our head pose tracking algorithms and use the meeting room
recordings to evaluate our algorithms. For the evaluations, we will follow a precise protocol to allow
comparisons with other approaches.



3.4. CONCLUSION 43

Office 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
duration 4.6 4 5.5 4.3 5.6 7 6.2 5.5 5.6 5.6 7.2 7.1 5.4 6.3 6.7

Table 3.3: Office recording duration in minutes.
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Figure 3.10: Head pose distribution in the office recordings.
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Chapter 4

Head pose tracking

Head pose tracking has been widely investigated by the computer vision research community. Initially,
most of the proposed methods, refer to as model based methods, were based on facial features tracking
and 3D head pose geometric reconstruction from the locationof the tracked facial features. But, tracking
facial features usually requires high resolution images. Also, because of ambiguities and occlusions,
tracking facial features is likely to fail in long term tracking. Thus, other methods called appearance
based methods were proposed. These methods are based on global head appearance models learned
from training data using machine learning techniques as discussed in Section 2.1. The head pose track-
ing methods can also be classified into two categories according to wether the tracking and the pose
estimation are done jointly or not. In the first category, thehead is tracked and its location found. Then,
the image around the head location is processed to estimate the head pose. This methodology, by ne-
glecting the relationship between the head spatial configuration (location, size) and the pose, leads to
a reduction of the computational cost of the algorithms by reducing the dimensionality of the search
space. This aspect of the problem is important when trying todesign real time systems. However, head
pose estimation has been shown to be very sensitive to the precision of the head localization. Bad head
localization can lead to large variation of head pose estimation, especially in the head tilt direction.
Thus jointly tracking the head and estimating its pose can lead to significative head pose estimation im-
provements. Some researchers proposed to jointly track thehead and estimates the pose. The tracking
methodology we proposed in this thesis will be designed in the joint head tracking and pose estimation
framework.

In this chapter, we present an appearance based joint head tracking and pose estimation algorithm
embedded within a probabilistic framework. The head appearance model is based on texture features,
skin color features, and binary features obtained from background subtraction. On one hand, texture
features are robust to illumination condition variations while being sensitive to background clutter. On
the other hand, binary mask characteristic of the presence of skin modeled with an adaptive skin color
distribution, and binary features obtained from an adaptive background subtraction process make our
appearance model robust to illumination changes and background clutter. In addition, a head silhouette
model is built from the binary background feature, and used to detect candidate locations for the head.
The tracking methodology relies on a probabilistic framework based on sequential Monte Carlo (SMC)
methods. Three SMC methods are investigated:

• The first method is based on the standard importance sampling(IS), described in Section 2.2.2,

45
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and which allows for the tracking of multiple modes in the filtering distribution resulting in a better
handling of ambiguities than Kalman filters.

• The second SMC method is a Rao-Blackwellized version of the IS particle filter which should
results in a reduction of the required number of samples for agood tracking.

• The third SMC method is a Markov chain Monte Carlo (MCMC) method which is supposed to be
more efficient than IS in high dimensional spaces.

The head pose tracking methodologies we proposed will be evaluated using part of the data of our head
pose video database, IHPD, presented in Section 3.

This chapter is organized as follows. Section 4.1 presents our head appearance modeling. Sec-
tion 4.2 describes our joint head location and pose trackingmethod with a mixed state particle filter
(MSPF) based on IS. Section 4.3 describes the Rao-Blackwellisation of the MSPF. Section 4.4 presents
a joint head tracking and pose estimation in a MCMC framework. Section 4.5 presents an algorithm
that first track the head using a PF relying on the color histogram and head silhouette models, and then
estimate the head pose from the resulting head location. This algorithm will be used for comparison
with our joint head tracking and pose estimation methods. Section 4.6 presents the evaluation set-up
and gives the experiments we conducted to study the performances of our tracking methods. Section 4.7
concludes the Chapter.

4.1 Head pose modeling

Head pose modeling is the preliminary step for head pose tracking. The goal of head pose modeling is to
build a representation of the image appearance of heads taking into account the variation of appearance
due to orientation changes. In Section 2.1 various head posemodels have been presented. In this Section
we present our head pose modeling.

4.1.1 Head pose modeling

We use the Pointing database [48] to build our head pose models since the discrete set of pan and tilt
values available covers a larger range of poses than the one found in other databases (e.g. FERET, PIE
[46, 47]). Although we use the Pointing database to build ourhead pose models, in tracking situation
we will use the PIE head pose representation presented in Section 3.1. We use the PIE representation
because it has the computational advantage that, given the appearance of a head pose(α, β, 0), the
appearance corresponding to the change in the head roll(α, β, γ) can be obtained by applying an image
in plane rotation of angleγ to the image appearance of the pose(α, β, 0). In the PIE representation, head
roll appearance variations do not need to be modeled.

Texture and color based head pose models are built from all the sample images available for each
of the 79 discrete head posesθ ∈ Θ = {θk, k = 1, ..., 79}. The pointing database is composed of
93 head poses, but when passing in the PIE representation, for the profile pose (α = 90) only one
pose value needs to be retained (β = 0). The other profile pose are in-plane rotation variations ofthis
one. Figure 4.1 shows a person in the Pointing database, at all the poses that will be used to build the
appearance models. In the Pointing database, there are 15 people per pose. Ground truth image patches
are obtained by locating a tight bounding box around the head. Because of the small number of people
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Figure 4.1: Pointing database head poses used to build appearance models.

(a) Head image (b) A coarse scale Gaussian filter and two Gabor
filters output

(c) Face skin
mask

Figure 4.2: Frontal image example and its corresponding features

in the database which will make model training quite difficult, we introduced more variability in the
training set by generating virtual training images from thelocated head images. More precisely, new
training patches were generated by applying small random perturbations to the head location and size of
the original head patches.

Head pose texture model

Head pose texture is modeled with the output of three filtersΨi, 1 = 1, ..., 3: a Gaussian at coarse scale
and two Gabor filters at two different scales, as illustratedin Figure 4.2(b). Training image patches are
obtained by locating a tight bounding box around the head. The image patches are resized to the same
resolution64×64 and preprocessed by histogram equalization to reduce the effect of lighting conditions.
Patches are then filtered by each of the above filters at subsampled pixel locations and the output of the
filter are concatenated into a single feature vector. The final texture feature is a column vector, denoted
by ztex = (ztex,1, .., ztex,Ntex)T , whereT denotes the transpose operator, belongs to aNtex = 552
dimension space.

The meanEtex
k = (Etex,1

k , ..., Etex,Ntex

k )T of the training feature vectors associated with each head
poseθk ∈ Θ is taken to be the texture exemplar of the pose. In addition, the diagonal covariance matrix
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σtex
k = diag(σtex,1

k , ..., σtex,Ntex

k ) of the training texture features vectors of each poseθk are used to
define the head pose likelihood models.

Texture likelihood:
The texture likelihood of an input image characterized by its extracted featuresztex given a head pose
θk, is then defined by:

ptex(ztex|k) =
1

Ztex
k

exp−λtex
k ρk(z

tex, Etex
k ) (4.1)

whereρk is the normalized truncated Mahalanobis distance defined as:

ρk(u, v) =
1

Ntex

Ntex
∑

i=1

max





(

ui − vi

σtex,i
k

)2

, T 2
tex



 (4.2)

whereTtex = 3 is a threshold set to make the distance more robust to outliercomponents.

The normalization constantZtex
k and the parameterλtex

k are learned from the training data using
a procedure proposed in [107]. The procedure is the following. For each head poseθk, the distance
between the exemplar and a training featuresztex

l , ρk(E
tex
k , ztex

l ), is modeled as a Chi-square distribution
stex
k

2
χ2

dtex
k

wheredtex
k denotes the dimension of the fitted chi-square distributionand stex

k denotes its

standard deviation. Figure 4.3 gives, for all the exemplars, the fitted Chi-square dimensionsdtex
k and their

corresponding standard deviationsstex
k . While the standard deviations of fitted Chi-square distribution

to the distance between the texture exemplars and their training data are quite similar, there is a high
variability between the dimensions. Recall that a Chi-square distribution with dimensionalityd is a
sum ofd independent Gaussian variables. Hence, the variations in dimensionality of the Chi-square
distributions implies that the exemplars with the higher dimensionality will be favored if no normalization
is applied. Thus, the distance of all the exemplars will be fitted to a Chi-square distribution with the same
dimension to normalize their values. We chose this dimension to be the average of the dimensions of the
fitted Chi-square distributions. Thus, If̄dtex denotes the mean of the chi-square dimensions, the texture
likelihood parameters are given by

λtex
k =

1

2(stex
k )

2 andZtex
k = (stex

k )
d̄tex

. (4.3)

When building the texture head pose models, we could have applied principal component analysis
(PCA) to the input features to reduce the dimensionality of the feature space. But, as already said in
Section 2.1, applying PCA to the input features would have required to keep a large number of PCA
eigenvectors to precisely model the large range of head poses. Thus projecting the input features on
the PCA eigenvectors would be computationally very expensive. We thus decided to use the Chi-square
normalization. This normalization can be interpreted as animplicit dimensionality reduction technique
because the distance in the input feature space is normalized with respect to the dimensionality of its
variation using Chi-square modeling. In the texture feature case, the dimensionality of the input features
is Ntex = 552 while the average of the Chi-square dimensions isd̄tex = 40.
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(a) Chi-square standard deviations. (b) Chi-square dimensions.

Figure 4.3: Parameters of the fitted chi-square distribution modeling the distance between each texture
head pose exemplars and its training texture features vectors.

Head pose color model

To make our head models more robust to background clutter, welearned for each head pose,θk, a face
skin color model, denoted byEskin

k , using the training images belonging to the head pose. Training
images are resized to64× 64, then the pixels are classified as skin or non skin to produce abinary mask
having as value 0 for non-skin pixels and 1 for skin pixels, asshown in Figure 4.2(c). The skin model
Eskin

k is taken to be the average of the training binary masks. An example of head pose skin color model
is shown in Figure 4.5(b).

To detect skin pixels at run time, we model the distribution of skin pixel values with a single Gaus-
sian distribution in the normalized (r,g) color space. As shown in [5], such a model holds well for people
of any skin color tone. Thus, the parameters of a general skincolor model (mean and variance), denoted
by (mskin

0 ,Σskin
0 ), are learned using the whole set of training images in the Pointing database. The

parameters(mskin
0 ,Σskin

0 ) are then adapted through time using a Maximum A Posteriori (MAP) adap-
tation technique, leading to the parameters(mskin

t ,Σskin
t ) at timet. The MAP adaptation technique is

described in Section 5.5. The skin color data used at timet for adaptation are computed from the image
pixels extracted using the estimated mean state of the head (see Section 4.2 ), taking into account both
the 2D spatial head localization parameters and the estimated pose, which, through the skin mask, tells
which pixels of the head corresponds to the face part and can be used to collect the adaptation data.

Skin color likelihood:
The color likelihood of an input patch image with respect to the skin color model of a poseθk is obtained
in the following way. Skin pixels are first detected on the64×64 grid by thresholding the skin likelihood
obtained using the skin color distribution model with parameters(mskin

t ,Σskin
t ). The resulting skin
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(a) Chi-square standard deviation. (b) Chi-square dimension.

Figure 4.4: Parameters of the fitted chi-square distribution modeling the distance between the head pose
skin color model exemplars and their training features.

mask,zskin, is then compared to the modelEskin
k , using the likelihood defined as:

pskin(zskin|k) =
1

Zskin
k

exp−λskin
k ||zskin − Eskin

k ||1 (4.4)

where||.||1 is the normalizedL1 distance defined as

||u − v||1 =
1

Nskin

Nskin
∑

i=1

|ui − vi| (4.5)

with Nskin being the dimensionality of the skin feature vector. The normalization constantsZskin
k and

the parametersλskin
k are learned using the same principle as with the texture likelihood parameters. For

each head pose, the distance between the skin color model anda training featurezskin, ||Eskin
k − uskin||1

is modeled as a Chi-square distributionsskin
k

2
χ2

dskin
k

. Figure 4.4 gives for all the skin color models the

dimension of the fitted Chi-square distributionsdskin
k and their corresponding standard deviationssskin

k .
As in the texture modeling case, high variability can be noticed between the dimensionality of the fitted
Chi-square for different poses. Normalizing the fitted Chi-square is also required, so that models with
distance lying in low dimensions are not favored. Ifd̄skin denotes the mean of the chi-square dimensions,
the skin likelihood parameters are given by

λskin
k =

1

2(sskin
k )2

andZskin
k = sd̄skin

k . (4.6)
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(a) Head and silhouette bounding box. (b) Head skin model for
the frontal pose.

(c) Head silhouette model.

Figure 4.5: Head modeling. Figure 4.5(a) shows the silhouette box defined as 1.5 times larger than the
head box. Figure 4.5(b) shows the frontal pose head skin model. Figure 4.5(c) shows the head silhouette
model. In Figure 4.5(b) and Figure 4.5(c), a bright pixel denotes a pixel likely to be a face or silhouette
pixel and a dark pixel indicates a pixel unlikely to belong tothe face or the silhouette of a person.

Head silhouette model

In addition to the pose dependent head models, we propose to add a head silhouette model to aid in the
head localization, by taking advantage of foreground segmentation information. Figure 4.5(c) displays
our head silhouette model. We built a head silhouette model,Esil, by averaging head silhouette patches
extracted from binary foreground segmentation images in a training set. Note that a single silhouette
model is used, unlike the pose-dependent models for textureand skin color. The main reason is that at
low and medium resolution, the foreground data does not provide reliable information about the pose.

Background subtraction:
The foreground objects are obtained using a background subtraction process. For each image pixel(x, y),
the Hue-Saturation (HS) color is modeled as a Gaussian distribution, with parameters(mbg

0 (x, y),Σbg
0 (x, y))

obtained from training background images. The background model is adapted using standard MAP adap-
tation to obtain new parameters(mbg

t (x, y),Σbg
t (x, y)) at each time framet. At each time frame, the

foreground segmentationFt is obtained by thresholding the likelihood of the input imageIt with respect
to the background model. Therefore, the foreground is a binary mask defined as

Ft(x, y) =

{

1 if N (It(x, y);mbg
t (x, y),Σbg

t (x, y)) < Tbg

0 otherwise
(4.7)

whereTbg is a threshold used to define the outliers to the background model. The resulting of the
background segmentation is a binary maskFt having 0 as value at background pixels and 1 at foreground
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(a) Foreground segmentation from background
subtraction.

(b) Silhouette likelihood: expo-
nential distribution.

Figure 4.6: Foreground segmentation and silhouette likelihood.

pixels. Figure 4.6(a) shows a foreground image obtained from background subtraction. We can notice
that due to the textured background, the result is not noisy,while being informative.

Silhouette likelihood:
The silhouette likelihood works by comparing the model,Esil, to a binary image patch,zsil, extracted
from the foreground segmentation given the hypothesized head location. Given the spatial configuration
of the head (tight bounding box around the head) the spatial configuration of the silhouette is centered
at the same point but is 1.5 times bigger with the same in-plane rotation, as illustrated in Figure 4.5(a).
A poor match betweenEsil and zsil indicates the presence of foreground and background pixelsat
unexpected locations, probably due to a poor head location hypothesis. The head silhouette likelihood is
defined as an exponential distribution:

psil(z
sil) ∝ λsil exp−

(

λsil||z
sil − Esil||1

)

, (4.8)

where||.||1 is the normalized L1 distance defined in Equation 4.5, andλsil is the likelihood parameter
that we set to the valueλsil = 5. Figure 4.6(b) shows the variation of the silhouette likelihood with
respect to the distance between an input silhouette featureand the silhouette model. The likelihood is
chosen to be not very peaky, because the background segmentation can be noisy sometimes.

4.1.2 Head pose modeling evaluation

We conducted two series of experiments to evaluate our head pose modeling. The first series follows the
CLEAR Evaluation Workshop protocol on the Pointing database [103]. The second series is a variation
of this protocol, where we avoid to have the images of the samepersons in the training and test sets.

As said previously, the Pointing database is composed of 15 people, recorded at 93 poses in two
sessions. In the CLEAR evaluation protocol, the data of the first session are used as training set, and
data of the second session are used as test set. For head localization, two experimental conditions were
considered. In the first case, the heads were localized by hand. In the second case, the head localization
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(a) Example image from CLEAR eval-
uation data set.

(b) Detected skin area. (c) Head
localized
from skin
area.

Figure 4.7: Head localization with skin segmentation in CLEAR data.

was detected automatically by segmenting the skin area. A skin color model, built from the training
data, was used to localize the skin area. Then, head boundingboxes were extracted from the detected
skin regions. Figure 4.7 illustrates the automatic head localization process using skin color that we
have used. Other researchers who participate to the CLEAR evaluation workshop used also skin color
to localize the head [108, 109, 110]. Localizing heads usingskin segmentation was possible because
faces were the only skin-like areas in the images and there were only one face in each image. It has
to be noticed that in the following experiments, the training and the test data of a given experiment are
extracted using the same head extraction procedure (manualor automatic).

From the training data we built the head pose models described previously in Section 4.1. Then, for
each image in the test set, we computed the likelihood of the observation, extracted using the localization
procedure, with respect to each pose models. Given a test image, the texture and skin color observations
ztex andzskin are extracted. Then three models are compared: the texture model recognition, the skin
color model recognition and the texture and color fusion recognition. For the texture only model, the
texture observation of the test image is compared to the texture models of the head poses using the
texture likelihood defined in Equation 4.1. The recognized head pose,θk̂, is the pose with the highest
texture likelihood:

k̂ = argmaxk ptex(ztex|k). (4.9)

For the skin color model, a test skin color observation is compared to the skin color models and the
recognized poseθk̂ is the pose with the highest skin color likelihood defined in Equation 4.4:

k̂ = argmaxk pskin(zskin|k). (4.10)

In the fusion case, both the texture and the color modalitiesare used. The recognized head pose,θk̂, is
the pose maximizing the likelihood:

k̂ = argmaxk ptex(ztex|k)pskin(zskin|k). (4.11)
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localization by automatic skin segmentation by hand
error pan tilt pan tilt

texture 13.2 14.1 11.1 11.1
color 30.6 32.2 13.7 14.3
fusion 11 11.5 9.8 10.3

Table 4.1: Static head pose estimation: CLEAR evaluation setup.

method Baet al Voit et al [108] Tu et al [109] Gourieret al [110]
pan error 11 12.3 14.1 10.3
tilt error 11.5 12.7 14.9 15.9

Table 4.2: Comparison with state of the art algorithms for head pose estimation using the CLEAR eval-
uation protocol: the second column gives our results (texture and skin color used jointly), the 3 last
columns give results presented at the CLEAR evaluation Workshop.

The pose estimation measure is taken as the average of the absolute difference between the ground
truth and the estimated pose.

Table 4.1 shows the pan and tilt estimation error results when using the texture model only, the skin
color model only, and both models jointly. From the results we can conclude that the use of texture
features lead to better estimate than the skin features. Besides, using texture and color together signif-
icantly improves the head pose recognition. This shows thateven if skin color models give inaccurate
results, fusing texture with skin color improves the head pose recognition. Table 4.1 also shows that
when the head are localized by hand, especially with the skincolor case, the pose error is lower giving
an insight into the head pose estimation sensitiveness to head localization. Table 4.2 shows that our head
pose recognition method based on the fusion of texture and skin color is competitive with respect to
state-of-the-art head pose recognition methods that were presented at the CLEAR evaluation workshop
2006 [108, 109, 110, 111].

The CLEAR Evaluation set up, by using images of the same persons in both the training and test sets,
does not give reliable information about the generalization ability of head pose models to recognize the
poses of unseen persons. Thus, we defined a second evaluationframework with the Pointing database.
More specifically, we mixed the images of the two recording sessions, and in turn left aside as test data
all images of one of the person, while using images of the remaining persons as training data. Table
4.3 reports the performances of our models using this secondprotocol. Overall, we can see that the
performance are similar to the results obtained with the CLEAR evaluation protocol. However, we can
notice that while the pan errors are very close in both protocols, the tilt errors tend to be higher in the
unseen setup. This indicates that the tilt estimation is more sensitive to the individual person appearance
than the pan estimation.

In this section, we built a discrete representation of head poses image appearanceEk = (Etex
k , Eskin

k , Esil)
using texture, skin color and foreground features. This representation will be used in a probabilistic
framework for head pose tracking, as will be described in theremaining of this Chapter.



localization by automatic skin segmentation by hand
error pan tilt pan tilt

texture 11.7 14.4 12.1 14.5
color 29.1 28 12.9 14.3
fusion 10.3 13.5 9.51 12.4

Table 4.3: Static head pose estimation: unseen person setup.

4.2 Joint head tracking and pose estimation with a mixed state particle
filter (MSPF)

Particle filtering (PF) implements a recursive Bayesian filter by Monte-Carlo simulations. LetXt repre-
sents the state at timet, andz1:t the sequence of observations up to timet. Furthermore, let{X(n)

t−1, w
(n)
t−1}

Ns

n=1

denotes a set of weighted samples characterizing the pdfp(Xt−1|z0:t−1), where{X(n)
t−1, n = 1, . . . , Ns}

is a set of support points with associated weightsw
(n)
t−1. The goal of PF is to approximate,p(Xt|z1:t),

the current pdf of the state given the sequence of observations via sampling with a set of samples and
associated weights. At each time, the samples and weights can be chosen according to the importance
sampling principle (IS) described in Section 2.2.2. We makethe following assumptions: the state fol-
lows a first order Markov process; and the observations are independent given the states. We also assume
that we have a proposal functionq(Xt|Xt−1, zt) that makes use of the current observation. Then, the
current pdf can be approximated as:

p(Xt|z1:t) ∝
∑

n

w
(n)
t−1W

(n)
t (Xt)q(Xt|X

(n)
t−1, zt) with W

(n)
t (Xt) ∝

p(zt|Xt)p(Xt|Xt−1)

q(Xt|X
(n)
t−1, zt)

(4.12)

Figure 4.8 summarizes the steps of the pdf approximation with discrete particles and weights1.
In order to implement the filter for tracking, four elements have to be defined:

1. a state modelXt describing the object;

2. a dynamical modelp(Xt|Xt−1) modeling the temporal evolution of the state;

3. a proposal functionq(Xt|Xt−1, zt) which role is to sample new state candidates in informative
regions of the state space;

4. an observation modelp(zt|Xt) which measures the adequacy between the observations and the
state. This is an essential term where the data fusion occurs. The head pose models presented in
Section 4.1 will be used to build the observation model.

In the following, we describe the four elements, necessary for the PF implementation, in the case of head
pose tracking.

1When the PF comprises a resampling step as shown in Figure 4.12, the multiplicative termw
(n)
t−1 in Equation 4.12 can be

discarded because after resampling, the particles are uniformly distributed.
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1. initialization step:
for n = 1, ..., Ns : X

(n)
0 ∼ p(X0), w

(n)
0 = 1

Ns

, t = 1

2. IS step:

• X̃
(n)
t ∼ q(Xt|X

(n)
t−1, zt), w̃

(n)
t ∝

p(zt|X̃
(n)
t

)p(X̃
(n)
t

|X
(n)
t−1)

q(X̃
(n)
t

|X
(n)
t−1,zt)

, n = 1, ..., Ns

• w̃ =
∑

n w̃
(n)
t , w̃

(n)
t =

w̃
(n)
t

w̃
, n = 1, ..., Ns

3. filter output step:
compute the state expectation from the particles using Equations 4.33 and 4.34.

4. selection step:
resample with replacement particles according to the weights:
{X̃

(n)
t , w̃

(n)
t } −→ {X

(n)
t , w

(n)
t = 1

Ns

};

5. time increment step:
sett = t + 1 then go to step 2

Figure 4.8: Recursive pdf estimation with SIR algorithm.

4.2.1 State space

The MSPF approach, as proposed in [107], allows to representjointly, in the same state variable, discrete
variables and continuous variables. In our specific case, the stateX = (S, r, k) is the conjunction of
the continuous variableS and the discrete variablesr andk. For the variableS = (x, y, sy, e), (x, y)T

defines the head location.sy is a head height scale, with respect to a reference heightLy, defining the
head height.e is an eccentricity variable defined by the ratio of the head width over the head height.
Given the reference head widthLx and head heightLy, the head width scalesx can be computed as:

sx = e
syLy

Lx
(4.13)

The continuous variableS and the discrete variabler, together, parameterize the 2D spatial transform
T(S,r) defined as

T(S,r)u =

(

sx 0
0 sy

)(

cos r − sin r
sin r cos r

)

u +

(

x
y

)

. (4.14)

which characterizes the object’s configuration in the imageplane. The vectoru = (ux, uy)
T is a point

in a reference frame. The vector(x, y)T specifies the translation, i.e. the position of the object inthe
image plane,(sx, sy) denote the width and height scales of the object according toa reference size, and
r specifies the in-plane rotation angle of the object. The parameterr was discretized for convenience,
though this not a necessity of the approach.

The discrete variablek labels an element of the set of head pose modelsEk. Together with the
variabler, which defines the head roll in the PIE representation,k defines the head pose. As presented in
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Figure 4.9: Mixed state graphical model. Continuous variables are represented by circles and discrete
variables by squares. Hidden variables are bright and observation variables are shaded.
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(a) Simulation of head motion with the
classical motion model (̟=1).
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(b) Simulation of head motion with the
Langevin motion model (̟ =0.5).

Figure 4.10: Simulated head trajectories. Figure 4.10(a) shows a simulation of the classical motion
model with̟=1. Figure 4.10(b) shows a simulation of the Langevin model.For 1000 iterations, with
exactly the same noise models, the trajectory obtained witha Langevin model seems more realistic.

Section 3, in the PIE representation, an in-plane rotation of the head in the image plane represents a head
roll angle. Thus, the exemplars variablek models the head pan-tilt angle variations, and the variabler
models the head roll angle variations.

4.2.2 Dynamical models

The process density on the state sequence is modeled as a second order process. We assume that the
process density can be factorized as :

p(Xt|Xt−1,Xt−2) = p(St|St−1, St−2)p(kt|kt−1, St)p(rt|rt−1, kt−1) (4.15)

Figure 4.9 gives the graphical model of the dynamic process corresponding to this factorization. Let us
now describe the three terms involved in Equation 4.15.
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(a) Head pan difference distribu-
tion.

(b) Head tilt difference distribu-
tion.

(c) Voronoi segmentation in the PIE
head pose space given the discrete
pose.

Figure 4.11: Head pose dynamic parameters. Green: histogram of pan differences in Figure 4.11(a), and
tilt differences in Figure 4.11(b). Red: fitted GMM to temporal pan and tilt differences. Figure 4.11(c)
shows areas associated with each discrete pose obtained from a Voronoi segmentation.

Spatial configuration dynamic:
The dynamic of the continuous variableSt is modeled as

xt = xt−1 + ̟(xt−1 − xt−2) + ηx
t

yt = yt−1 + ̟(yt−1 − yt−2) + ηy
t

et = et−1 + ηe
t

sy
t = sy

t−1 + ηsy

t

(4.16)

whereηx
t , ηy

t , ηe
t andηsy

t are centered Gaussian noise models. The dynamic of the head location variable
(xt, yt)

T is modeled as Langevin dynamic [112]. In Equation 4.16,̟ < 1 is the Langevin parameter
damping the velocity of the object. The Langevin dynamic is well suited to model moving head because
it models object’s motion subject to friction. In classicalhead motion modeling, defined by dynamic
with a parameter̟ = 1, the object has the tendency to gain speed very quickly. In head modeling
with a Langevin dynamic, the motion of the object is slower. Thus, when modeling head motion, the
exploration of the space is more efficient with a Langevin dynamic, as illustrated in Figure 4.10.

Head pose dynamic:
The dynamic of the discrete pose variablekt is defined by the transition processp(kt|kt−1, St) defined
as

p(kt|kt−1, St) ∝ p0(θkt
)p(kt|kt−1)p(kt|St) (4.17)

wherep0(θkt
) is a prior on the head pose,p(kt|kt−1) models transition between head poses, andp(kt|St)

models a prior on the head pose given the head spatial configuration.

The prior on the head posep0(θkt
) defined as:

p0(θkt
) = (αkt

, βkt
, γkt

)) = N (αkt
, 0, σα)N (βkt

, 0, σβ) (4.18)
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is a coarse Gaussian distribution centered at the frontal pose (α, β) = (0, 0) with standard deviation
(σα, σβ) = (45, 30). This prior is used to slightly favor near frontal poses withrespect to near profile
poses. It compensates for the fact that we observed that it iseasier to fit (i.e. obtain higher likelihood) a
profile than a frontal head poses.

The transition term between poses,p(kt|kt−1), is learned from continuous head pose ground truth.
First, we assume that for each poseθ = (α, β, γ) the pan componentα and the tilt componentβ are
independent leading to

p(θt|θt−1) = p(αt|αt−1)p(βt|βt−1). (4.19)

The continuous transition between the head pose pan and tiltare modeled using the absolute difference
between head pose componentsp(αt|αt−1) = p(αt − αt−1) andp(βt, βt−1) = p(βt − βt−1). The tem-
poral differences are used to model the dynamics because it allows to estimate the transition distribution
in all part of the pose space even when we do not have data.

The temporal pan and tilt differencesαt −αt−1 andβt − βt−1 are modeled as two Gaussian mixture
models (GMM)pα andpβ in the continuous space. The mixtures comprises two Gaussian centered on 0.
Intuitively, one mixture component is expected to model situations when the head remains static, while
the other one will account for head pose variations when the person changes his head pose. Figures
4.11(a) and 4.11(b) displays the fitted mixtures.

The pose variablekt is discrete. The GMM learned to modeled the transition are continuous distri-
butions and need to be adequately discretize. The discretization is important because in the PIE repre-
sentation, the discrete poses do not represent a uniform sampling of the pose space, as can be seen in
Figure 4.11(c). Each discrete pose represents an area of thespace of poses. Because the discretization is
not uniform, the areas do not have the same surface. Thus, thetransition between the discrete poses have
to take into account the areas they represent. Therefore, weneed to define transitions betweens regions
of the pose space. The continuous GMM are used to compute the transition between two regions of the
head pose space,Oi andOj , as:

p(Oj |Oi) =
p(Oj ,Oi)

p(Oi)
(4.20)

=

∫

Oi

∫

Oj
p(θj|θi)p0(θi)dθjdθi
∫

Oi
p0(θi)dθi

. (4.21)

In our case, the integrals in (4.20) are computed by discretizing the head pose space. The transition
process between the discretized poseskt−1 and kt is defined from the transition between regions as
p(kt|kt−1) = p(Okt

|Okt−1), whereOk is the region represented by the discrete head poseθk according
to a Voronoi segmentation of the head pose space given the discretization. Figure 4.11(c) gives the
segmentation of the PIE head pose space into the Voronoi areas.

Finally, the priors on the head pose given the head spatial configurationp(kt|St) is defined as:

p(kt|St) =
pe

kt
(et)

∑

k′
t
pe

k′
t
(et)

(4.22)

wherepe
kt

is a Gaussian prior on the head eccentricity learned from thetraining data. This term is used
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in the dynamic model to take into account information contained into the head spatial configuration for
the pose evolution.

Head roll dynamic:
Finally,p(rt|rt−1, kt−1), the dynamic of the in plane rotation variable, is also learned using the sequences
in the training data set, and comprises a Gaussian prior on the head rollpΘ(rt). More specifically, the
PIE pan and tilt space is divided into nine regionsΘi, i = 1, ..., 9: obtained by equally dividing the
pan and tilt range (from -90 to 90 degrees) with a 60 degrees step. Inside each regionΘi, a Gaussian
distributionηr,i = p(rt − rt−1) is fitted to the roll temporal differencesrt − rt−1 of the training data
which head pose falls the regions inΘi. Thus, inside each regionΘi the transition between roll values is
modeled as:

pr,i(rt|rt−1) = N (rt; rt−1, σ
r,i) (4.23)

whereσr,i is the standard deviation of the distributionηr,i. The transition between roll values for pan
and tilt belonging to the regionΘi can also be written

rt = rt−1 + ηr,i (4.24)

A prior distribution on the roll valuespΘi
(r) is also learned by fitting a Gaussian distribution to the roll

values of head pose with pan-tilt values inΘi. If we define

Φ : θ → i (4.25)

to be the mapping between the pan-tilt space to the indices ofthe 9 regions, the roll transition is defined
as

p(rt|rt−1, kt−1) ∝ pr,Φ(kt−1)(rt|rt−1)pΘΦ(kt−1)
(rt). (4.26)

Hence, the variablekt−1 acts on the roll dynamic like a switching variable, and this also holds for the prior
on the roll value. Finally, the transition between the discrete roll values is obtained by just discretizing
the continuous transition distributions. This is possiblebecause the roll discretization is uniform.

4.2.3 Proposal function

The proposal functionq(Xt|Xt−1, zt) is used to sample new stateXt using the previous stateXt−1 and
knowledge contained in the current observationzt. More clearly, the proposal function is defined as:

q(Xt|Xt−1, zt) = (1 − ε)p(Xt|Xt−1,Xt−2) +
ε

Nd

Nd
∑

j=1

p(Xt|X̌j(zt)) (4.27)

wherep(Xt|Xt−1,Xt−2) is the object dynamical model defined in Section 4.2.2,ε is a mixture weight
defining the proportion of state to be sampled from detection, X̌j(zt) are head states obtained by de-
tecting heads location from the background subtracted image using the head silhouette model andNd is
the number of detected heads. This form of proposal allows torecover from tracking failure as it em-
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(a) Foreground segmentation from background
subtraction.

(b) Spatial configuration candidates (green
boxes) obtained by scanning the foreground im-
age with the head silhouette model.

Figure 4.12: Candidates spatial configuration obtained from head detection using the foreground image
and the head silhouette model.

beds a re-initializing component1Nd

∑Nd

j=1 p(Xt|X̌j(zt)) sampling new states around detected heads2. A
detected head

X̌j(zt) = (Šj(zt), řj(zt), πzt(k)) (4.28)

is defined by a spatial configuration,Šj = (x̌j , y̌j, ěj , š
y
j ) defining the location and size of the detected

head (see Figure 4.12(b)), a head rollřj = 0, and a distribution on the head poseπzt(k) defined as

πzt(k) ∝ ptex(z
tex
t (Šj , řj)|k)pskin(zskin

t (Šj, řj)|k) (4.29)

according to which a new head pose variableǩj can be sampled. The distributionp(Xt|X̌j(zt)) assumes
that the variables are independent and is modeled as:

xt = x̌j + ηx

yt = y̌j + ηy

et = ěj + ηe

sy
t = šy

j + ηsy

rt = řj + ηr,Φ(ǩj)

(4.30)

The detected head locationšSj(zt) are obtained by comparing binary foreground featurezsil
t (Sl, r) ex-

tracted from spatial configuration(Sl, r = 0) defined by uniformly subsampled image locations and a
range of head sizes. The detected head locations are the configurationsSl having their silhouette likeli-
hood higher thanTsil, a detection threshold:

{Šj(zt), j = 1, ..., Nd} = {Sl/ psil(z
sil
t (Sl, r)) > Tsil}. (4.31)

2In case no head is detected,Nd = 0, only the dynamicp(Xt|Xt−1) is used for sampling (ε = 0).
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4.2.4 Observation models

The observation likelihoodp(z|X) is defined as follows :

p(z|X = (S, r, k)) = ptex(ztex(S, r)|k)pskin(zskin(S, r)|k)psil(z
sil(S, r)) (4.32)

where the observationsz = (ztex, zskin, zsil)T are composed of texture, skin color, and binary fore-
ground observations. Also, we assumed that the observations are conditionally independent given the
state. The texture likelihoodptex, the skin observation likelihoodpskin and the silhouette likelihoodpsil

are defined in Section 4.1 in Equations 4.1, 4.4, and 4.8, respectively.

The computation of the observations is done as follows. First the image patch associated with
the image spatial configuration of the state,(S, r), is cropped from the image according toC(S, r) =
{T(S,r)u, u ∈ C}, whereC corresponds to the set of 64x64 locations defined in a reference frame. Then,
the texture, the skin color and the binary observations are computed using the procedure described in
Section 4.1.

4.2.5 Filter output

We need to define what we use as output of our filter. The set of particles defines a pdf over the state
space. Thus, we can use as output the expectation value of this pdf, obtained by standard averaging over
the particle set. Note that usually, with mixed-state PFs, averaging over discrete variable is not possible
(e.g. if a discrete index represents a person identity). However, in our case, there is no problem since
our discrete indices correspond to real Euler angles, in thePIE representation, which can be combined.
Given the set of particles{X(n)

t = (S
(n)
t , r

(n)
t , k

(n)
t ), w

(n)
t , n = 1, ..., Ns} the spatial configuration and

the in plane rotation output of the filter,̂St andr̂t, are defined as:

Ŝt =

Ns
∑

n=1

w
(n)
t S

(n)
t

r̂t =

Ns
∑

n=1

w
(n)
t r

(n)
t

(4.33)

The head pose output of the filter,θ̂t = (α̂t, β̂t, γ̂t), is defined as:

α̂t =

Ns
∑

n=1

w
(n)
t α

k
(n)
t

β̂t =

Ns
∑

n=1

w
(n)
t β

k
(n)
t

γ̂t =
Ns
∑

n=1

w
(n)
t (γ

k
(n)
t

+ r
(n)
t ) (4.34)

(4.35)
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where the pose represented by the pose variablek
(n)
t is denotedθ

k
(n)
t

= (α
k
(n)
t

, β
k
(n)
t

, γ
k
(n)
t

). It has to

be noticed that, to estimate the head rollγ̂t, the particles’ in-plane rotation valuesr(n)
t are taken into

account.

4.3 Head pose tracking with a Rao-Blackwellize MSPF

Rao-Blackwellization can be applied when the filtering pdf of some state model variables can exactly be
computed given the samples of the remaining variables. As the exemplar labelkt is discrete and belongs
to a finite set, it fulfils the conditions for an exact pdf computation.

Given the graphical model of our filter in Figure 4.9, the RBPFconsists in applying the standard IS
algorithm over the tracking variablesSt andrt while applying an exact filtering step over the exemplar
variablekt, given the samples of the tracking variables. For this purpose, the pdf can be written:

p(S1:t, r1:t, k1:t|z1:t) = p(k1:t|S1:t, r1:t, z1:t)p(S1:t, r1:t|z1:t) (4.36)

In practice, only the sufficient statisticsp(kt|S1:t, r1:t, z1:t) needs to be computed. The pdfp(S1:t, r1:t|z1:t)
is approximated via IS. Thus, in the RBPF modeling, the pdf inEquation 4.36 is represented by a set of
particles

{S
(n)
1:t , r

(n)
1:t , π

(n)
t (kt), w

(n)
t }Ns

n=1 (4.37)

where

π
(n)
t (kt) = p(kt|S

(n)
1:t , r

(n)
1:t , z1:t) (4.38)

is the pdf of the exemplars given a particle and a sequence of measurements, and

w
(n)
t ∝ p(S

(n)
1:t , r

(n)
1:t |z1:t) (4.39)

is the weight of the tracking state particle. In the following, we detail the methodology to derive the
exact steps to computeπ(n)

t (kt) and the SIS steps to compute the particles weightsw
(n)
t .

4.3.1 Deriving the exact step

The goal here is do derivep(kt|S1:t, r1:t, z1:t). As kt is discrete, this can be done using prediction and
update steps similar to those involved in Hidden Markov Model (HMM) [113].

Prediction step for variable kt:
Given the new samples ofS andr at timet, p(kt|S1:t, r1:t, z1:t−1) the prediction distribution ofkt can
be evaluated as:

p(kt|S1:t, r1:t, z1:t−1) =
∑

kt−1

p(kt, kt−1|S1:t, r1:t, z1:t−1) (4.40)

=
∑

kt−1

p(kt|kt−1, St)p(kt−1|S1:t, r1:t, z1:t−1)
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The first term,p(kt|kt−1, St), is the head pose dynamic defined in Section 4.2.2 by Equation4.17.
However, unlike in the standard RBPF, the second termp(kt−1|S1:t, r1:t, z1:t−1), due to the extra depen-
dency betweenrt andkt−1, is not equal top(kt−1|S1:t−1, r1:t−1, z1:t−1). However, this term can still be
computed. Exploiting the dependency assumptions of the graphical model, we have:

p(kt−1|S1:t, r1:t, z1:t−1) =
p(rt|rt−1, kt−1)p(St|St−1, St−2)p(kt−1|S1:t−1, r1:t−1, z1:t−1)

Z1(St, rt)
(4.41)

wherep(St|St−1, St−2) is the spatial configuration dynamics defined in Section 4.2.2 by Equation 4.16
andp(rt|rt−1, kt−1) in the in-plane rotation dynamics defined in Section 4.2.2 byEquation 4.26. The
normalization constant of the denominatorZ1(St, rt) = p(St, rt|S1:t−1, r1:t−1, z1:t−1) can easily be
computed by summing the numerator w.r.t.kt−1:

Z1(St, rt) = p(St|St−1, St−2)
∑

kt−1

p(rt|rt−1, kt−1)p(kt−1|S1:t−1, r1:t−1, z1:t−1) (4.42)

Update step for variablekt:
When new observationszt are available, the prediction can be updated to obtain the targeted pdf:

p(kt|S1:t, r1:t, z1:t) =
p(zt|St, rt, kt)p(kt|S1:t, r1:t, z1:t−1)

Z2
(4.43)

where the normalization constant,Z2 = p(zt|S1:t, r1:t, z1:t−1), can be obtained by summing the numer-
ator with respect tokt :

Z2 =
∑

kt

p(zt|St, rt, kt)p(kt|S1:t, r1:t, z1:t−1). (4.44)

4.3.2 Deriving the SIS PF steps

The pdfp(S1:t, r1:t|z1:t) is approximated using particles whose weight is recursively computed using the
standard SIS principle. The target pdfp(S1:t, r1:t|z1:t) which can be written:

p(S1:t, r1:t|z1:t) =
p(zt|S1:t, r1:t, z1:t−1)p(S1:t, r1:t|z1:t−1)

p(zt|z1:t−1)
(4.45)

=
p(zt|S1:t, r1:t, z1:t−1)p(St, rt|S1:t−1, r1:t−1, z1:t−1)p(S1:t−1, r1:t−1|z1:t−1)

p(zt|z1:t−1)
. (4.46)

Using the discrete approximation of the pdf at timet − 1, with the set of particles and weights

p(S1:t−1, r1:t−|z1:t−1) ≈
Ns
∑

n=1

w
(n)
t−1δS

(n)
1:t−1

(S1:t−1)δr
(n)
1:t−1

(r1:t−1) (4.47)
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the target pdf,p(S1:t, r1:t|z1:t), can be approximated, up to the proportionality constantp(zt|z1:t−1), as

p(S1:t, r1:t|z1:t) ∝
Ns
∑

n=1

w
(n)
t−1p(zt|S

(n)
1:t−1, St, r

(n)
1:t−1, rt, z1:t−1)p(St, rt|S

(n)
1:t−1, r

(n)
1:t−1, z1:t−1). (4.48)

Which, using a proposal densityq(St, rt|S
(n)
1:t−1, r

(n)
1:t−1, z1:t), can be written as:

p(S1:t, r1:t|z1:t) ∝
Ns
∑

n=1

w
(n)
t−1W

(n)
t (St, rt)q(St, rt|S

(n)
1:t−1, r

(n)
1:t−1, z1:t) (4.49)

where the termW (n)
t (St, rt) is defined as:

W
(n)
t (St, rt) =

p(zt|S
(n)
1:t−1, St, r

(n)
1:t−1, rt, z1:t−1)p(St, rt|S

(n)
1:t−1, r

(n)
1:t−1, z1:t−1)

q(St, rt|S
(n)
1:t−1, r

(n)
1:t−1, z1:t)

. (4.50)

The termW
(n)
t (St, rt) is defined by three components: a likelihood component

p(zt|S
(n)
1:t−1, St, r

(n)
1:t−1, rt, z1:t−1), (4.51)

a dynamic component

p(St, rt|S
(n)
1:t−1, r

(n)
1:t−1, z1:t−1), (4.52)

and a proposal density component

q(St, rt|S
(n)
1:t−1, r

(n)
1:t−1, z1:t). (4.53)

The likelihood component, in (4.51), is exactly the normalization constantZ2 in (4.44). It can be readily
computed when new samples are available. The dynamic component, in (4.52), can be rewritten, using
the dynamic on the spatial configurationp(St|St−1, St−2), the dynamic on the head in-plane rotation

p(rt|rt−1, kt−1) and the exact distribution of the head pose variable at the previous time stepπ(n)
t−1, as

follows:

p(St, rt|S
(n)
1:t−1, r

(n)
1:t−1, z1:t−1) = p(St|St−1, St−2)p(rt|St, S

(n)
1:t−1, r

(n)
1:t−1, z1:t−1)

= p(St|St−1, St−2)
∑

kt−1

p(rt, kt−1|St, S
(n)
1:t−1, r

(n)
1:t−1, z1:t−1)

= p(St|St−1, St−2)
∑

kt−1

π
(n)
t−1(kt−1)p(rt|rt−1, kt−1). (4.54)

The proposal density term in ( 4.53) is used to sample new particles, and is defined as

q(St, rt|S
(n)
1:t−1, r

(n)
1:t−1, z1:t) = (1−ε)p(St, rt|S

(n)
1:t−1, r

(n)
1:t−1, z1:t−1)+

ε

Nd

Nd
∑

j=1

p(St, rt|X̌j(zt)) (4.55)
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where the first term is the dynamic component. The second term

ε

Nd

Nd
∑

j=1

p(St, rt|X̌j(zt)) (4.56)

is the detection proposal defined in ( 4.27). This term is usedto proposed particles around head config-
urations obtained from head detection using background subtraction and the silhouette model.Nd is the
number of detected head and eachX̌j(zt) is a detected head state defined by a head location, an in-plane
rotation, and a distribution on the head pose variable. Section 4.2.3 give details about the head detection
process.

New samples,(S(n)
t , r

(n)
t ), are drawn from the proposal density and there weights3 are computed as:

w
(n)
t ∝ w

(n)
t−1W

(n)
t (S

(n)
t , r

(n)
t ). (4.57)

Figure 4.13 summarizes the steps of the RBPF algorithm with the additional resampling step to avoid
sampling degeneracy.

4.3.3 RBPF output

At each time step, the filter outputs the mean head pose configuration. For instance, it can be obtained
by first computing the head pose mean of each particle, which is given by the average of the exemplars
head posekt with respect to the distributionπ(n)

t (kt). Then the particle head poses are averaged with

respect to the distribution of the weightsw
(n)
t to give the head pose output of the RBPF. The formulae

giving the RBPF spatial configuration and in-plane rotationoutputs,Ŝt andr̂t, are the following:

Ŝt =

Ns
∑

n=1

w
(n)
t S

(n)
t

r̂t =

Ns
∑

n=1

w
(n)
t r

(n)
t . (4.58)

3 When a resampling step of the particles, according to their weights, is involved in the RBPF algorithm, the termw(n)
t−1, in

Equation 4.57, disappears in the weight computation because after resampling the remaining particles are uniformly distributed
(w(n)

t−1 = 1
Ns

).



1. initialization step:
∀ i, sample(S(n)

0 , r
(n)
0 ) from p(S0, r0), and setπ(n)

0 (.) to uniform andt = 1

2. prediction of new head location configurations:
sampleS̃(n)

t andr̃
(n)
t from the mixture

(S̃
(n)
t , r̃

(n)
t ) ∼ q(St, rt|S

(n)
1:t−1, r

(n)
1:t−1, z1:t−1)(cf Equation 4.55)

3. head poses distribution of the particles:
computeπ̃(n)

t (kt) = p(kt|S
(n)
1:t , r

(n)
1:t , z1:t) using Equations 4.40 and 4.43 for

all i andkt

4. particles weights:
for all i compute the weightsw(n)

t (see Equation 4.57)

5. selection step:
resample Ns particle {S

(n)
t , r

(n)
t , π

(n)
t (.), w

(n)
t = 1

Ns

} from the set

{S̃
(n)
t , r̃

(n)
t , π̃

(n)
t (.), w̃

(n)
t }, sett = t + 1 go back to step 2

Figure 4.13: RBPF Algorithm.

The head pose output of the filterθ̂t = (α̂t, β̂t, γ̂t) is obtained as:

α̂t =

Ns
∑

n=1

w
(n)
t

(

∑

k

π
(n)
t (k)αk

)

β̂t =

Ns
∑

n=1

w
(n)
t

(

∑

k

π
(n)
t (k)βk

)

γ̂t =

Ns
∑

n=1

w
(n)
t

((

∑

k

π
(n)
t (k)γk

)

+ r
(n)
t

)

. (4.59)

As a reminder, the head pose represented by the discrete posevariablek is denotedθk = (αk, βk, γk).

4.4 Head pose tracking with an MCMC method

The MSPF or RBPF are based on the IS formalism. Choosing the proposal function for IS is sensitive.
In IS, the proposal distribution has, in one throw, to propose a set of particles representing well the target
distribution. Thus, in IS, the proposal function has to be similar to the target distribution. MCMC sam-
pling methods, such as Metropolis-Hastings or Gibbs sampling, do not have this requirement. MCMC
sampling methods approximate a target distribution by a chain of states. The elements of the chain are
built one by one, based on a random walk process. The principle of MCMC sampling is the following:
given a target distributionp(X) that can be evaluated up to a proportionality constant and a proposal
densityQ(X), build a chain of statesX(n) which is discrete approximation of the target distribution
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p(X). Given the current element of the chainX(n), a candidate element for the chain,X∗, is generated
from the proposal density. The decision to accept the new state is taken based on the quantitya defined
as:

a =
p(X∗)Q(X(n))

p(X(n))Q(X∗)
. (4.60)

The quantitya is called acceptance ratio. The proposed state is accepted with a probabilitya. If ua ∼
U[0,1] is a random variable sampled from a uniform distribution on the interval[0, 1], the acceptance rule
for a candidate state is the following:

{

Xi+1 = X∗ if a ≥ 1 or ua < a

Xi+1 = X(n) otherwise .
(4.61)

In a tracking situation, the MCMC principle is applied to estimatep(Xt|z1:t), the filtering distribution
of the stateXt given the sequence of observationsz1:t. Given the Markov chain of samples representing
the pdf at the previous time,{X(n)

t−1, n = 1, ..., Ns}, a discrete approximation of the current pdf is given
by:

p(Xt|z1:t) =
p(zt|Xt)p(Xt|z1:t−1)

p(zt|z1:t−1)

∝ p(zt|Xt)

Ns
∑

j=1

p(Xt|X
j
t−1,X

j
t−2). (4.62)

Using the discrete representation of the pdf, in Equation4.62, the ratio to accept a candidate configuration,
X∗, can be written as :

a =
p(zt|X

∗)
(

∑Ns

j=1 p(X∗|Xj
t−1,X

j
t−2)

)

Q(X
(n)
t )

p(zt|X
(n)
t )

(

∑Ns

j=1 p(X
(n)
t |Xj

t−1,X
j
t−2)

)

Q(X∗)
. (4.63)

It is important to notice that, at each time stept, a procedure to initialize the chain that definesX1
t ,

has to be defined. A possibility is to sample uniformly one of the elements of the chain at the previous
time. Other possibilities are to initialize from the mean orthe mode of the chain at the previous time.
Figure 4.14 summarizes the different steps an MCMC algorithm.

As in the basic IS, the choice of a good proposal density is essential for the success of the algorithm.
In the following we discuss possible choices of proposal density Q(Xt) and their implications on the
acceptance ratio.

4.4.1 Proposing new states from the previous time step samples

When defining a proposal density we could choose a density proposing states from the elements of the
chain at previous step. We consider two situations, first theproposal sample from the dynamical model,
secondly the proposal function use a mixture between the dynamical model and head detector.
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Sampling using the dynamic:
A first possible choice is to define the proposal density as thedynamic:

Q(Xt) =
1

Ns

Ns
∑

j=1

p(Xt|X
j
t−1,X

j
t−2). (4.64)

As for the IS particle filter, this choice of proposal densityhas a computational advantage. The summa-
tion terms in the acceptance ratio cancel out:

a =
p(zt|X

∗)
(

∑Ns

j=1 p(X∗|Xj
t−1,X

j
t−2)

)(

∑Ns

j=1 p(X
(n)
t |Xj

t−1,X
j
t−2)

)

p(zt|X
(n)
t )

(

∑Ns

j=1 p(X
(n)
t |Xj

t−1,X
j
t−2)

)(

∑Ns

j=1 p(X∗|Xj
t−1,X

j
t−2)

) , (4.65)

resulting in a gain of computational cost. The only remaining term in the acceptance ratio is the likeli-
hoods ratio

a =
p(zt|X

∗)

p(zt|X
(n)
t )

. (4.66)

As a consequence, the behavior of the MCMC algorithm in this choice of proposal function will be
very similar to the IS particle filter with a resampling step.The major drawback for sampling from the
dynamic is that it uses no knowledge from the current observation.

Sampling using knowledge from the observations:
To sample using knowledge of the current observation we could exploit of the proposal density defined
in Equation 4.27 and set the MCMC proposal to be:

Q(Xt) =
1

Ns

Ns
∑

j=1

q(Xt|X
j
t−1, zt). (4.67)

This proposal density is a mixture between the state dynamicmodel and Gaussian centered at config-
urations obtained from a detector applied to the current image frame. With this proposal function, the
acceptance ratio becomes:

a =
p(zt|X

∗)
(

∑Ns

j=1 p(X∗|Xj
t−1,X

j
t−2)

)(

∑Ns

j=1 q(X
(n)
t |Xj

t−1, zt)
)

p(zt|X
(n)
t )

(

∑Ns

j=1 p(X
(n)
t |Xj

t−1,X
j
t−2)

)(

∑Ns

j=1 q(X∗|Xj
t−1, zt)

) . (4.68)

As can be seen, two summations on the particles’ set need to bedone, at the numerator and denominator,
resulting in a huge computational cost.

4.4.2 Sampling from the current state

In MCMC sampling, there is no particular need to sample from the elements of the chain at the previous
time. New hypotheses,X∗, can be proposed based on the current element of the chainX

(n)
t . When



proposing sample based on the current element of the chain, the goal is to generate random pathes which
search the mode of the filtering distribution. This can be done locally by defining the proposal as a
random walk

Q(Xt) = p(Xt|X
(n)
t ). (4.69)

where, reminding that in the case of head pose tracking the state variable isXt = (St, rt, kt), p(Xt|X
(n)
t )

is defined as:

p(Xt|X
(n)
t ) = p(St|S

(n)
t−1)p(rt|r

(n)
t−1, k

(n)
t−1)p(kt|k

(n)
t−1, St). (4.70)

The dynamic of the head location and size variablep(St|S
(n)
t−1) is a taken to be:

xt = xt−1 + ηx
t

yt = yt−1 + ηy
t

et = et−1 + ηe
t

sy
t = sy

t−1 + ηsy

t

(4.71)

where, as a reminder,St = (xt, yt, et, s
y
t ), andηx

t , ηy
t , ηe

t andηsy

t are centered Gaussian noise models.

The dynamic of the head in-plane rotation,p(rt|r
(n)
t−1, k

(n)
t−1), and the head pose variable,p(kt|k

(n)
t−1, St),

are kept similar than in Section 4.2.2.
To allow jumps to highly likely regions of the state space, wecan exploit the head detector in Equa-

tion 4.27 and define the proposal to be:

Q(Xt|X
(n)
t , zt) = (1 − ε)p(Xt|X

(n)
t ) +

ε

Nd

Nd
∑

j=1

p(Xt|X̌j(zt)). (4.72)

With this definition of the proposal, the acceptance ratio cab be expressed as:

a =
p(zt|X

∗)
(

∑Ns

j=1 p(X∗|Xj
t−1)

)

Q(X
(n)
t |X∗, zt)

p(zt|X
(n)
t )

(

∑Ns

j=1 p(X
(n)
t |Xj

t−1)
)

Q(X∗|X
(n)
t , zt)

(4.73)

which still requires the computation of the costly predictive term involving the sum of the previous par-
ticles. In Section 4.6, presenting the experiments we conducted to evaluate the head pose tracking ap-
proaches we proposed, only this method using the proposal defined in Equation 4.73 will be considered,
when we talk about MCMC head pose tracking.

4.4.3 Filter output

As the chain defines a pdf over the state space, we can use as output the expectation value of this pdf,
obtained by standard averaging over the elements of the chain. The averaging is done in the way used
to obtain the MSPF tracker output in Section 4.2.5. The only difference is that, for the MCMC method,
the particles are equally weighted.



4.5. HEAD TRACKING THEN POSE ESTIMATION 71

1. initialization step:
for n = 1, ..., N : X

(n)
0 ∼ p(X0) sett = 1

2. chain initialization:
setX(

t 1)

3. chain building:
for n = 2, ..., Ns

• sample hypothesisX∗ ∼ Q(Xt)

• compute acceptance ratioa (see Equation 4.63 )

• sample uniformlyua ∼ U[0,1]: if ua ≤ a, X
(n)
t = X∗ otherwiseX(n)

t =

X
(n)
t−1

4. time step increment:
sett = t + 1 then go back to step 2

Figure 4.14: MCMC Algorithm

4.5 Head tracking then pose estimation (HTPE)

One of our interests in this thesis is to compare thejoint head tracking and pose estimationframework to
the head tracking then pose estimationframework. In this section, we describe a methodology to track
the head using the PF framework, then estimates its pose.

4.5.1 Head tracking with a color histogram

The goal of head tracking is to estimate the pdf of the head spatial configuration (location and size) given
the sequence of observations,p(St|z1:t). This can be done representing the pdf with weights and samples
and propagating the samples through time using IS (see Section 2.2.2). To apply the IS framework to the
head location tracking problem without taking into accountthe head orientation, the following elements
have to be defined:

• a state model,

• an orientation-independent head model,

• a dynamical model,

• an observation model,

• and a proposal density.

As in Section 4.2.1 the state spaceSt modeling the spatial configuration is defined by a localization
component, a scale and an eccentricity. The dynamical modelp(St|St−1, St−2) and the proposal function
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q(St|St−1, zt) are the one defined in (4.16) and (4.30) respectively4. In the following, we describe the
head model and the observation model.

Pose-independent head model:
We define a pose-independent head model with two components.The first component is the head sil-
houette model described in Section 4.1.1. The second component of the model is a color histogram,
Ecol, in the HSV color space. It models the color distribution of the head given a good localization. The
color histogram,Ecol, is built from a training image and is later on used as the headtemplate model. To
obtain the histogram, for each channel, the values are binarized into 8 uniform bins. A color histogram
is used because it can be considered as being pose independent. In addition, the HSV color histograms
are robust to illumination variations.

The color observationzcol(S) corresponding to a given head locationS is obtained by computing
the HSV color histogram of the patch image defined by the spatial configuration. The likelihood of this
observation is then defined as an exponential distribution:

pcol(z
col|S) = λcol exp−λcolρ

2
batt(E

col − zcol(S)) (4.74)

whereρbatt is the Battacharya distance defined in Equation 2.9. The parameterλcol controls the skewness
of the likelihood, and is set toλcol = 10. This parameter value is penalizing enough for state hypotheses
with observations that are different from the histogram model.

Observation model:
The observationz = (zsil, zcol)T has two components: a silhouette component,zsil, and an HSV color
histogram component,zcol. Assuming the two observation components to be independentgiven the state,
the observation likelihood is defined as:

p(z|S) = psil(z
sil|S)pcol(z

col|S) (4.75)

where the silhouette part of the likelihood is defined by Equation 4.8 and the color likelihood is defined
by Equation 4.74.

The outputŜt of the head tracking at each time is taken to be average of the target distribution. It
gives the location of the head at each time.

4.5.2 Pose estimation from head location

Given the head location̂St, the pose can be estimated using the texture and skin color head pose models
defined in Section 4.1. The estimated head pose from the location is taken to be the average of the head
poses with respect to the likelihood of the texture and skin color observation, respectively defined in
Equation 4.1 and 4.4, extracted from head location with respect to their exemplars. If we denote by

wk,r = p0(θk)p(ztex(Ŝt, r)|k)p(zskin(Ŝt, r)|k) (4.76)

4Only the part of the dynamical model and proposal density in Section 4.2 concerning the spatial configuration variableSt

are taken into account.
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the likelihood of the texture and color observation with respect to the estimated head location, and the
summation of all the likelihood terms as

w̄ =
∑

k,r

wk,r, (4.77)

the estimated head poseθ̂t = (θ̂t, β̂t, γ̂t) is given by:

α̂t =
1

w̄

∑

k,r

wk,rαk

β̂t =
1

w̄

∑

k,r

wk,rβk

γ̂t =
1

w̄

∑

k,r

wk,r(γk + r)

(4.78)

The estimated taken as an average in Equation 4.78 pose is preferred over the maximum likelihood
estimate because, in practice, the average gives smoother estimates than the mode.

4.6 Head pose tracking evaluation

The previous Sections of this chapter describe the head posetracking methods we proposed. In this
section, we present our evaluation framework, then give theperformances of the proposed methods.

4.6.1 Data set and protocol of evaluation

We used the part of the IHPD, recorded in a meeting room, to evaluate our tracking methods. The record-
ings consisted of 8 meetings where, in each of the meetings two people had their head pose annotated
with a magnetic field sensor tracker. Overall, we have for evaluation 16 different people, in a meeting
situation. Details about the head pose database can be foundin Section 3.

The texture and skin appearence models were learned using the Pointing database. Figure 4.15
presents the 15 people appearing in this database. While providing some amount of appearence vari-
ability, it is far from being a complete representation of all appearence types that can be encountered.
For instance, this database does not contain bald people, anexample of which can be found on our
database. The fact that there is a mismatch between the appearence of the people in the IHPD database
(see Figure 3.7 and the training data makes our task more difficult.

The tracking evaluation protocol is the following. In each of the recording of the 16 persons, we
selected 1 representative minute of recording, i.e. 1500 video frames, as evaluation data. For our evalu-
ation protocol, we used a leave one out approach. The data of one of the person was left out to be used
as test set to evaluate the algorithms. The data of the other persons were used to train the few parameters
of our pose dynamic model. For each test sequence, we will runour algorithm with a varying number of
particles (Ns = 100, 200, 300, 400) to study the dependency of the algorithm to the number of samples
and by the same time analyze how many particles are required for filter convergence. Figures 4.16(a)
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Figure 4.15: The 15 different people present in the Pointingdatabase



4.6. HEAD POSE TRACKING EVALUATION 75

(a) Head pose distribution. (b) Head pan versus head tilt scatter plot. (c) Head pointing
vector.

Figure 4.16: Head pose tracking evaluation. Figures 4.16(a) and 4.16(b) shows the head pose evaluation
data distribution (in the pointing representation). Figure 4.16(c) displays the head pointing vector.

and 4.16(b) show the distribution of the pan, tilt and roll values on the evaluation data. Because of the
scenario used to record data, people have more frequently negative pan values, mostly corresponding
to the persons looking at the projection screen located at the right of them. The majority of pan values
ranges from -60 to 60 degree. Tilt values range from -60 to 15 degrees and roll value from -30 to 30
degrees.

A head pose defines a vector in the 3D space, the vector indicating where the head is pointing at as
can be seen in Figure 4.16(c). It is worth noticing that in thePointing representation, this vector depends
only on the head pan and tilt angles. The angle between the 3D pointing vector defined by the head pose
ground truth (GT) and the head pose estimated by the tracker can be used as the first pose estimation
error measure. If, for each individualj = 1, ..., 16 in the evaluation data{vgt,j

t , t = 1, ..., 1500} is the
sequence of ground truth pointing vectors obtained using the magnetic field tracker, and{vest,j

t , t =
1, ..., 1500} is the sequence of estimated pointing vector obtained usinga head pose tracking method,
the pointing vector average error for an individualj is computed as:

ev
j =

1

1500

1500
∑

t=1

arccos(vgt,j
t vest,j

t ) (4.79)

where, a each timet, vgt,j
t vest,j

t is the scalar product of the ground truth and the estimated pointing
vectors. The average pointing vector error over the whole evaluation data is taken to be the average of
the individual pointing vector errors:

ev =
1

16

16
∑

j=1

ev
j . (4.80)

This measure of error is suited for studies on the focus of attention, where the main concern is to know
where the head/person is looking at. However, it gives no information about the roll estimation error.
In order to have more details about the origins of the errors we will also measure the individual errors
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made separately on the pan, tilt and roll angles measured in the Pointing representation. We use as error
measure the average of the absolute head pan, tilt, and roll estimation errors. If, for each individualj =
1, ..., 16 in the evaluation data{αgt,j

t , t = 1, ..., 1500} is the sequence of ground truth head pan angles
obtained using the magnetic field tracker, and{αest,j

t , t = 1, ..., 1500} is the sequence of estimated head
pan angles obtained using a head pose tracking method, the head pan average error for an individualj is
computed as:

eα
j =

1

1500

1500
∑

t=1

|αgt,j
t − αest,j

t | (4.81)

where, a each timet, |αgt,j
t − αest,j

t | denotes the absolute value of the difference between the ground
truth and the estimated head pan angles. The average head panerror over the whole evaluation data is
taken to be the average of the individual head pan errors:

eα =
1

16

16
∑

j=1

eα
j . (4.82)

The head tilt and head roll average error are computed similarly. For each one of the four error measures,
we will also compute the standard deviation, and median value of the absolute value of the errors. We
used the median value because it is less sensitive to extremal values than the mean. Thus, the median
value will be less biased by short time period with large poseestimation errors due to a very bad head
localization. Before describing the experimental results, let us remind that all the error measures are
computed in the Pointing representation.

4.6.2 Experimental results

In this chapter, we proposed four head pose tracking methods. The method described in Section 4.5,
denoted M1, performs head location tracking, then estimates the pose. The three other methods perform
jointly head tracking and pose estimation. The MSPF method described in Section 4.2 is denoted M2,
the RBPF method described in Section 4.3 is denoted M3, and the MCMC based method sampling new
states taking into account information from the observations described in Section 4.4.2 is denoted M4.
We give their performance according to our evaluation framework.

Head tracking then pose estimation results

Table 4.4 shows the results obtained with the method M1 wherepose estimation is performed after head
localization. This Table shows that, in average, the absolute pointing vector estimation error is about 21
degrees. The average pan estimation error is about 14 degrees, the average tilt error is about 14 degrees,
and the average roll errors is about 12 degrees. For all the error measures, pointing vector, pan, tilt and
roll, the average estimation error is higher than the medianestimation. This is due to short time failure
inducing large tracking errors in the head pose estimates. For a number of particles varying from 100 to
400, the performance for the pointing vector estimation arealways similar. As this hold for all angles,
this means that adding more than 100 particles to the location tracker does not change its output.
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(a) Pan estimation errors for individ-
uals.

(b) Tilt estimation errors for individ-
uals

(c) Roll estimation errors.

Figure 4.17: Head pose tracking errors for each person usingthe 4 tracking methods.

(a) Pointing vector errors dis-
tribution .

(b) Pan errors distribution. (c) Tilt errors distribution. (d) Roll errors distribution

Figure 4.18: Cumulative distribution of the head pointing vector, the head pan, the head tilt, and the head
roll estimation errors for the 4 tracking methods.

Figure 4.17 shows the average errors for each individual in the evaluation data, which shows vari-
ability of the pose estimation performances depending on the individuals. The person dependant perfor-
mance variability can be explained by the fact that some people are better represented by the appearance
model than others. Figure 4.19 displays head pose tracking image results for one of the person. It illus-
trates well the drawback of the tracking then head pose framework estimation. Despite the overall good
tracking quality, in the two last images of the second row of Figure 4.19, we can notice some not good
head localizations, which in general potentially imply large errors in the head pose estimation. This kind
of situations motivates us to investigate jointly trackinghead location and pose.

MSPF head pose tracking with the results

Table 4.5 shows the head pose tracking errors when using the method M2, which tracks the head location
and pose jointly with a MSPF based on importance sampling. For this method, on average, the pointing
vector estimation error is about 19 degrees, the pan estimation error is about 12 degrees, the tilt estimation
error is about 13 degrees, and the roll estimation error is about 8 degrees. Comparing with the results
of M1, we see that M2 is performing better than M1 according toall the performance measures, with 2
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pointing vector pan tilt roll
nparticles mean std dev. med mean std dev. med mean std dev. med mean std dev. med

100 21.1 11.4 18.4 14.8 11.2 11.8 14.1 8.2 12.7 11.9 8.2 10.6
200 21.3 11.5 18.7 14.9 11.2 12 14.2 8.1 12.8 12 8.1 10.7
300 21.2 11.4 18.4 14.9 11.2 11.9 14.2 8.1 12.8 12 8.1 10.8
400 21.3 11.4 18.5 14.9 11.2 11.9 14.2 8.2 12.9 12 8.1 10.7

Table 4.4: Tracking then head pose estimation errors statistics over evaluation data for a varying number
of particles.

Figure 4.19: Head pose tracking using method M1 with 200 samples. The green box represents the head
localization and the red arrow represents the estimated head pointing vector.

degrees less for the pointing vector, pan and tilt errors, and 4 degrees for the head roll. The improvements
in the pose estimation of (M2) over (M1) are a results of the joint search of the head location and pose.

Figure 4.18 shows the cumulative distributions of the pointing vector, the pan, the tilt and the roll
estimation errors for all the tracking methods. For all angles, the cumulative errors distribution for M2
is above the cumulative distribution for the method M1. Thisshows that M2 outperforms M1 in term of
head pose estimation.

Figure 4.17 shows the average of the pan, the tilt and the rollestimation errors, for each individual
in the evaluation data taken separately, using the method (M2). Analyzing the pose estimation errors
for method M2, one can notice that, among the 16 persons, 11 have a pan average error lower that 10
degrees, while for the method M1, only 3 persons have their pose estimation error lower than 10 degrees.
Even for the individual taken separately, the method performing joint head location and tracking achieves
better performances.

Contrarily to the M1, a slight improvement of the pose estimation performance can be noticed when
increasing the number of particles with M2. The pointing vector estimation error is passing from 19
degrees when using 100 particles, to 18.5 degrees when using400 particles. Thus, augmenting the
number of particles can lead to better estimates.
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pointing vector pan tilt roll
nparticles mean std dev. med mean std dev. med mean std dev. med mean std dev. med

100 19 9.7 17.5 12 9.8 9.4 13.1 7.8 12.4 8.3 5.5 7.7
200 19.2 10 18.2 12.1 10 9.3 13 7.9 12.3 8.3 5.7 7.6
300 18.4 9.7 17.1 11.8 9.8 9.4 12.2 7.7 10.9 8.1 5.6 7.4
400 18.5 9.6 17.7 11.4 9.6 8.7 12.8 7.7 11.9 8.1 5.5 8.3

Table 4.5: MSPF tracking performances
MSPF head pose tracking errors statistics for a varying number of particles

Figure 4.20: Head pose tracking using method M2 with 200 samples. The green box represents the head
localization and the red arrow represents the estimated head pointing vector.

RBPF head pose tracking results

Table 4.6 shows the performance achieved by method (M3) which performs joint head location and pose
estimation with the RBPF sampling approach. On average M3 achieves a pointing vector error of 15
degrees, which is significantly better than M1 ( 6 degrees lower). When comparing the performances
of the methods M2 and M3, M3 the Rao-Blackwellized version ofM2, is as expected, achieving better
performances. By analyzing and comparing the pan and tilt estimation performance, we see that M3 is
achieving better pointing vector estimation over M2 because its tilt estimation error is lower. For the
pan estimation, M2 and M3 are performing similarly as further shown by the cumulative distributions
of M2 and M3 in Figure 4.18. The cumulative distribution of the tilt errors of method M3 is above the
cumulative distribution for method M2. However, the methodM2 performs better than M3 in term of
head roll estimation as can be seen by comparing the cumulative distribution of the head roll estimation
of these two methods. Thus, the improvements due to the Rao-Blackwellization appear more on the
Rao-Blackwellized variablekt which represents the head pan an tilt.

The results in Table 4.6 also show that increasing the numberof particles does not improve the
performances of M3. For a number of particles ranging from a 100 to 400 particles, the filter is per-
forming similarly. This is due to the fact that the search space is smaller for M3 than M2 due to the
Rao-Blackwellization of the pose variablekt.
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pointing vector pan tilt roll
nparticles mean std dev. med mean std dev. med mean std dev. med mean std dev. med

100 15 9.8 12.6 11.2 9.9 8.6 9.1 6 8.1 11.1 7 9.8
200 15.9 8.9 13 11.3 8.9 9.3 10.2 5.9 9.5 10.8 6.4 7.6
300 15.5 8.8 12.5 11.4 9.7 9.1 10 6.3 8.9 10.1 6.8 8.1
400 15.4 9.3 12.8 11.6 8.1 9.7 10.5 6.3 9.1 10.3 7 9.6

Table 4.6: RBPF head pose tracking errors statistics for a varying number of particles.

Figure 4.21: Head pose tracking using method M3 with 200 samples. The green box represents the head
localization and the red arrow represents the estimated head pointing vector.

Figure 4.17 shows that the individual person errors estimation in are general lower when using
method (M3) than when using the other methods M1 or M2.

Figure 4.21 shows sample image of tracking results using themethod M3. As can be seen in this
Figure, method M3 is localizing better the head than the other methods (see the 2 last images of the
second row). M3 is not only outperforming the other method inestimating the head pose, also it allows
better head localization than the other methods.

MCMC head pose tracking results

Table 4.7 shows the head pose tracking error statistics withmethod (M4) which performs jointly head
tracking and pose estimation based on an MCMC sampling method. In term of pose estimation per-
formances, methods (M4) and (M2) are performing similarly.Although (M2) is based on IS and (M4)
is based on MCMC. The cumulative distribution of the pose tracking errors are very similar (see Fig-
ure 4.18).

Comparison with state of the art methods

In the literature about head pose tracking we could find two head pose tracking methods that were evalu-
ated with head pose ground truth data, in a similar fashion than our evaluation [102, 44]. We did not have
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pointing vector pan tilt roll
nparticles mean std dev. med mean std dev. med mean std dev. med mean std dev. med

100 18.9 9.8 17.9 11.2 9.2 8.7 13.8 8.4 13.2 8.9 6 7.7
200 18.5 9.7 17.6 11.2 9.1 8.8 13.4 8 12.9 8.2 5.7 7.2
300 18.8 9.5 17.9 11.2 9.2 8.6 13.6 7.6 13.1 8.5 5.8 7.5
400 18.4 9.7 17.5 11.2 9.2 8.5 13.2 7.5 13 8.2 5.6 7.5

Table 4.7: MCMC head pose tracking errors statistics for a varying number of particles.

access to their data, thus, performance comparisons have tobe done with cautious. For the comparison
we consider only the results from our method M3.

In [44], a method was proposed for head pose tracking, to model a head in the 3D space as an
ellipsoid with a set of points on its surface. Each point, indexed byi, is represented by its coordinates and
a Gaussian probability distribution functionpi(z|θ) representing the probability that given a particular
head pose, the pointi will generate an observationz. The head models are used in a particle filter
framework for head pose tracking. For their head pose tracking evaluation, 16 sequences of 11 different
people were used. Head pose ground truth was determined witha polhemus tracker. Several experiments
were conducted to evaluate their algorithm. Here we consider the evaluation set up similar to our’s. In
this setup, in turn, they left aside the data of one individual as test data, and train the appearance models
with the data of the other individuals. As performance measure, the mean of the pose tracking errors (
pan and tilt) are computed depending on whether the absolutevalue of the pan component of the head
pose ground truth is lower or higher than 45 degrees. In our test data, the head poses which have a pan
value between -45 and 45 degrees represent 79% of the data.

The pan and tilt errors, according to these two categories are displayed in Table 4.8. For comparison
purposes this table displays also the results reported in [44] (Wu etal). From the results of our tracker
(M3), we can conclude that pan estimation is much more reliable when the pan value is in the interval
[−45, 45]. This shows that without common data, comparison between different algorithms must be taken
with cautious. Nevertheless, according to the results, given the large difference in the performances, we
can probably say that our method M3 is performing better thanWu et al for pan and tilt estimation in
both ranges of head pose.

abs(pan of GT)≤ 45 45 < abs(pan of GT)≤ 90
pan tilt roll pan tilt roll

(M3) 6.9 9.9 8.7 16.9 10.9 13.1
Wu etal 19.2 12.0 × 33.6 16.3 ×

Table 4.8: mean of pan, tilt and roll errors for abs(pan of GT)≤ 45 and45 < abs(pan of GT)≤ 90
(Pointing representation)

In [102], neural networks were trained to estimate the head pose in pan and tilt directions. Each
network was a multilayer perceptron with one output unit (for pan or tilt), and with 20 to 60 hidden units.
Output values for pan and tilt were normalized to vary between 0 and 1. Head detection and tracking
was done by localizing the face using a skin color model in normalized RG color space. For the user
independent evaluation set up, the head pose data of 12 individuals, among 14, were used as a training
set consisting of 6080 images for training and 760 for cross-validation. The data of the 2 remaining
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Stiefelhagen etal M3 M3 for abs(pan of GT)≤ 45

pan error 9.9 11.3 6.9
tilt error 9.8 10.2 9.9
roll error × 10.8 8.8

Table 4.9: Comparison with the head pose tracking method proposed by Stiefelhagen etal [102].

pointing vector pan tilt roll
nparticles mean std dev. med mean std dev. med mean std dev. med mean std dev. med

100 18.6 11.4 15.3 13.1 11.9 9.5 10.8 6.9 9.9 10.1 7 9.2

Table 4.10: Performances of the RBPF algorithm over the whole database for 100 particles.

individuals were used as test set. The recordings wer done with an omnidirectional camera leading to
poor resolution imagery. The average pan and tilt estimation errors were taken as performance measures.
Table 4.9 shows the performance for head pan and tilt estimation. In comparison to our results, the
performance presented in [102] are slightly better than theperformances of our method (M3). However,
these results have to be analyzed by keeping in mind that the results of our method (M3) is obtained from
the head pose tracking of 16 different persons totalizing 16minutes of data, while the results in [102]
are only evaluated on 2 different persons corresponding to approximately 2 minutes of data. Also, our
head pose models are learned on an external set up, which is not the case in [102]. Indeed, the recording
set up (camera location, the illumination conditions) for the head pose modeling set up is not the same
than our tracking recording set up. A further analysis of theexperimental set up and the head pose
distribution in [102] people’s head pose lies mostly in the range abs(pan)≤ 45 degrees. Considering
only the performance in this range of pose given in Table 4.9,our method M3 performs better.

4.7 Conclusions

In this chapter, we presented 4 probabilistic methods for head pose tracking with multiple visual cues.
The first method, considered as baseline, performs head location, then from features extracted around the
head location estimates, the head pose. The three other methods perform head location and pose tracking
jointly.

The experiments we conducted, using the head pose video database described in Chapter 3, showed
thatjointly tacking the head location and poseis more efficient thantracking the head then estimating its
pose. Among the methods performing joint head tracking and pose estimation, the one based on RBPF
sampling were outperforming the other methods, though not by a significant amount. Table 4.10 shows
the results of the RBPF method over the whole database, not only the 16 minutes used for evaluation,
but the whole 80 minutes of data of the meeting room recordings. The performance of the RBPF tracker
are still consistent on the whole database although a slightdegradation of the head pan estimation can be
noticed. The RBPF based method will be used in the following chapter to generate head pose tracking
estimates that will be used to study visual focus of attention for static people.



Chapter 5

Visual focus of attention recognition in
meetings

In this chapter, we investigate the recognition of the visual focus of attention of meeting participants from
their head pose. In this context, the goal of this chapter is to analyze the correspondence between the
head pose of people and their gaze in more natural and realistic meeting scenarios than those considered
before [102, 114], and propose methods to recognize the VFOAof people from their head pose (see
Figure 5.1(c), and Figure 5.7 for some results). In smart spaces such as meeting rooms, it has been
claimed that head orientation can be reasonably utilized asan approximation of the gaze [102]. Gaze
estimation requires high resolution close-up views, whichare generally not available in practice. In
this chapter, we evaluate the validity of this claim by generalizing to more complex situations similar
works that have already been conducted by [102] and [114]. Inthe first place, unlike previous works,
the scenario we consider involves people looking at slides or writing on sheet of paper on the table.
As a consequence people have more potential VFOA targets in our set-up (6 instead of 3 in the cited
works), leading to more ambiguities between VFOA. In the second place, due to the physical placement
of the VFOA targets, the identification of the VFOA can only bedone using the complete head pose
representation (pan and tilt), instead of just the head pan as done previously. Thus our work addresses
more natural and realistic -and hence more challenging- meeting room situations in which people do not
just focus their attention on other people but also on other room targets.

To recognize the VFOA of people from their head pose, we investigated two generative models. One
that applies to single pose observation, and one, namely a Hidden Markov Model (HMM), that segments
pose observation sequences into VFOA temporal segments. Inboth cases, the head pose observations are
represented using VFOA conditional Gaussian distributions. Alternatives approaches were considered to
learn the model parameters. In one approach, a machine learning point of view with training data was
exploited. However, as collecting training data can becometedious, we exploited the results of studies
on saccadic eye motion modeling [115, 116] and proposed a geometric approach that models the head
pose of a person given his upper body pose and his effective gaze target. In this way, no training data is
required to learn parameters, but knowledge of the 3D room geometry and camera calibration parameters
is necessary. Finally, to account for the fact that in practice we observed that people have their own
head pose preferences for looking at the same given target, we adopted an unsupervised Maximum A
Posteriori (MAP) scheme to adapt the parameters obtained from either the learning or geometric model

83
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(a) Meeting room (b) Dataset sample Image

(c) Potential VFOA targets (d) Meeting room geometric
configuration

Figure 5.1: Recognizing the VFOA of people. 5.1(a) the meeting room, 5.1(b) a sample image of the
dataset, 5.1(c) the potential VFOA targets for the left person, 5.1(d) the geometric configuration of the
room.

to individual people and meetings.

To evaluate the different aspects of the VFOA modeling (model, parameters, adaptation), we have
conducted comparative and thorough experiments on a the meeting room data of our head pose video
database recorded in a meeting room. The database, described in Chapter 3, is comprised of 8 meetings
for which both the head pose ground-truth and VFOA label ground truth are known. Due to this feature,
in our experiments, we will be able to differentiate betweenthe two main error sources in VFOA recog-
nition: the use of head pose as proxy for gaze, and errors in the estimation of the head pose, e.g. in our
case using the Rao-Blackwellized particle filter head pose tracker described in the previous Chapter.

The remainder of this chapter is organized as follows. Section 5.1 discusses the related works. Sec-
tion 5.2 describes the task and the database that is used to evaluate the models we propose. Section
5.3 reminds our probabilistic method for joint head tracking and pose estimation, and discussed its per-
formance by comparison with the pose ground truth. Section 5.4 describes the considered models for
recognizing the VFOA from head pose. Section 5.5 gives the unsupervised MAP framework used to
adapt our VFOA models to unseen data. Section 5.6 presents our evaluation setup. We give experimental
results in Section 5.7 and conclusions in Section 7.
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5.1 Related work

In this work, we investigate the VFOA recognition from head pose in the meeting contexts. Thus, we had
to analyze the related works along the following lines: technologies that can be used in general for VFOA
estimation, the estimation of head pose from vision sensors, and the actual recognition of the VFOA from
head pose. In Chapter 2, the first two points had already been adressed. In this Section we review only
works based on computer vision techniques. [81] gives a goodoverview about computer vision based
gaze tracking systems. Computer vision techniques are required in situations where the invasiveness of
sensor based gaze estimation methodologies becomes sensitive. For instance, in automatic drivers (loss
of) attention detection applications [117], and more generally in the human computer interface (HCI)
domain [118], eye-appearance based gaze tracking systems can be used. These systems generally rely
on the availability of high resolution images to locate the eye balls and reconstruct the gaze from the
estimated iris location within the eye-white area. In [117], motion and skin color distributions are used
to track facial features and eye ball characteristics to estimate a driver’s gaze direction. In [118], a similar
approach is used to estimate the gaze direction of a worker siting in front of his computer in an office
environment. Although less invasive than wearable sensor approaches, such computer vision technics
are still relatively constraining and usually restrict themobility of the subject, since the need for high
resolution close-up face images requires cameras with narrow field-of-views.

An alternative to the previously described approaches is touse the head pose as a surrogate for gaze.
Using the head pose as a surrogate for gaze is possible even insome extreme cases such as showed in
[119]. In [119], the gaze was estimated on tentatively very low resolution images. The head height lays
between20 and40 pixels. In the meeting contexts, [102] used an HMM to model the sequence of head
pose observations. The GMM model were learned on the test data after initialization from the output
of a K-means clustering of the pose values. This approach waspossible due to the employed meeting
physical set-up (four participants evenly spaced around a round table) and the limitation of the VFOA
targets of a person to the other participants, which allowedto assimilate the head pose with the head
pan value only, and drastically restrained the possibilityof ambiguities. More recently, [114] used a
dynamic Bayesian network to jointly recognize the VFOA of people as well as different conversational
models in a 4 persons conversation, based on head pan and utterance status observations. However, the
pan information was obtained using a magnetic field head orientation sensor, and the utterance status
was annotated manually. In another interesting work [120],the head pose extracted from an overhead
camera tracking retro-reflective markers mounted on headsets was exploited to look for shared mutual
visual attention situation. This information is then exploited to derive the social geometry of co-workers
within an office, and infer their availability status for communication.

5.2 Database and task

In this section, we describe the task and the data that is usedto evaluate both our pose estimation algo-
rithm and VFOA recognition algorithm.

5.2.1 The task and VFOA set

In this work, our goal is to evaluate how well we can infer the VFOA state of a person using head
pose in real meeting situations. There are two important issues. The first issue is that by definition, the
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VFOA is given by the eye gaze. In practice, however, psycho-visual studies have shown that people
use other cues -e.g. head and body posture, speaking status-to recognize the VFOA state of another
person [1]. Thus, one general objective is to see how well onecan still recognize the VFOA of people
from these other cues, in the absence of direct gazing measurements, a situation likely to occur in many
applications of interest. The second issue is what should bethe definition of a person’s VFOA state ?
At first thoughts, one can consider that any gaze direction values could correspond to a potential VFOA.
However, studies about the VFOA in natural conditions [121]have shown that humans tend to look at
targets in their environment that are either relevant to thetask they are solving or of immediate interest
to them. Additionally, one interprets another person’s gaze not as continuous spatial locations of the
3D space, but as gaze towards objects that has been identifiedas potential targets. This process is often
called the shared-attentional mechanism [122, 1], and suggests that in general VFOA states correspond
to a finite set of targets of interests.

Taking into account the above elements, we define our task more precisely our task as the following:
given the head orientation of a person, how to infer his VFOA state. In the context of our meeting
set-up and database (see below), the set of potential VFOA targets of interest, denotedF , has been
defined as: the other participants to the meeting, the slide-screen, the table, and an additional label
(unfocused) when none of the previous could apply. As a result, for the ’person left’ in Figure 5.1(c),
we have:F = {PR,O2, O1, SS, TB,U} wherePR stands for person right,O1 andO2 for organizer
1 and 2,SS for slide screen,TB for table andU for unfocus. For the person right, we haveF =
{PL,O2, O1, SS, TB,U}, wherePL stands for person left.

5.2.2 The database

Our experiments rely on the meeting room recordings of the IDIAP Head Pose Database (IHPD) de-
scribed in Section 3. In the database, head pose ground truthare obtained using a magnetic field location
and orientation tracker. Besides, for the same data, people’s discrete VFOA was hand annotated on the
basis of their gaze direction. This allows us to evaluate theimpact of using the estimated vs the true head
pose as input to the VFOA recognition algorithms.

Content description:
the database comprises 8 meetings involving 4 people, recorded in a smart meeting room (cf Fig-
ure 5.1(a)). The meeting durations ranged from 7 to 14 minutes, which was long enough to realistically
represent general meeting scenario. With short recordings(less than 2-3 minutes), participants tend to
overact with the effect of using their head to a larger extentto focus on other people/objects. In longer
situations like here, the attention of participants sometimes drops and people may listen without focusing
to the speaker. Note however that the small group size ensures enough engagement of participants in the
meeting, in contrast to meeting with larger groups. With respect to the scenario, it consisted in writing
down one’s name on a sheet of paper, and then discussing statements displayed on the projection screen.
There were restrictions neither on head motions, nor on headposes.

VFOA annotation:
using the predefined VFOA discrete set of targetsF , the VFOA of each person (PL and PR) was man-
ually annotated by a single annotator using a multimedia interface. The annotator had access to all data
streams, including the central camera view (Figure 5.1(a))and the audio. Specific guidance for annota-
tion were defined by [123]. Quality of annotation was evaluated indirectly, on 15 minutes of similar data
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(a) Head Patch. (b) Face patch.

Figure 5.2: Head patch and and face patch.

(same room, same VFOA set). Inter-annotator annotation showed good agreement, with a majority of
kappa values higher than 0.8.

5.3 Head pose tracking

The head poses are obtained by two means: first, from the magnetic sensor readings (cf Chapter 3).
This virtually noise-free version is called the ground truth (GT). Secondly, by applying a head pose
tracker on the video stream. In this Section, we summarize the computer vision probabilistic tracker that
we employed and which is similar to the tracking system described in more detail in Section 4. The
differences are going to be pointed out in the following. Then, the pose estimation results provided by
this tracker are compared with the ground truth and analyzedin detail, allowing ultimately to have a
better insight in the VFOA recognition results.

5.3.1 Probabilistic method for head pose tracking

The Bayesian solution of tracking using particle filter (PF)was described in details in Section 4. Five
elements are important in defining a PF: i) head pose appearance models ii) a state model defining the
object we are interested in; iii) a dynamical modelp(Xt|Xt−1) governing the temporal evolution of
the state; iv) a likelihood model measuring the adequacy of data given the proposed configuration of
the tracked object; and v) a sampling mechanism which have topropose new configurations in high
likelihood regions of the state space. These elements alongwith our model are described in the next
paragraphs.

Head pose appearance models:
It is important to note that the pose dependent appearance models were not learned using the same people
or head images gathered in the same meeting room environment. We used the Pointing database [48].
Contrarily to Section 4.1 where when learning appearance models we used whole head patches, in this
work , we trained the appearance models on face patches instead of head patches, as illustrated by Figure
5.2.

State space:
The state spaceX = (S, γ, k) is defined as in Section 4.2.1.
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(a) Head Pose defi-
nition

(b) Single person average errors, R for person
right and L for person left person.

(c) Pose estimation errors distribution

Figure 5.3: Figure shows 5.3(a) head pose Euler rotation angles. Note that thez axis indicates the head
pointing direction. Figures 5.3(b) and 5.3(c) display the pan, tilt and roll tracking errors with b) average
errors for each person and c) distribution of tracking errors over the whole dataset.

Dynamical model:
It governs the temporal evolution of the state, and is definedas

p(Xt|X1:t−1) = p(γt|γt−1, kt)p(kt|kt−1, St)p(St|St−1, St−2). (5.1)

Contrarily to the dynamical model defined in Section 4.2.2, the dynamical model does not comprise a
the prior on the head pose,p0(θkt

), centered on the frontal head pose.

Observation model:
This modelp(Y |X) measures the likelihood of the observation for a given statevalue. The observations
Y = (Y tex, Y skin) are composed by the texture and skin color observations described in Section 4. The
observation model does not comprise the binary features from background subtraction. Assuming that,
given the state the observation are independent, the observation likelihood is modeled as:

p(Y |X = (S, γ, k)) = ptex(Y tex(S, γ)|k)pskin(Y skin(S, γ)|k) (5.2)

using only the texture and skin color likelihood defined in Section 4.1.

Sampling method:
In this work, we use Rao-Blackwellization sampling method described in Section 4.3.

5.3.2 Head pose tracking evaluation

Protocol:
We used a two-fold evaluation protocol, where for each fold,we used the data of 1 person in our IHPD
database (see Sec.5.2.2) as training set to learn the pose dynamic model and, the data of the remaining
person was used as test set.
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condition right persons left persons pan near frontal pan near profile tilt near frontal tilt far from frontal
(|α| < 45◦) (|α| > 45◦) (|β| < 30◦) (|β| > 30◦)

stat mean med mean med mean med mean med mean med mean med

pan 11.4 8.9 14.9 11.3 11.6 9.5 16.9 14.7 12.7 10 18.6 15.9
tilt 19.8 19.4 18.6 17.1 19.7 18.9 17.5 17.5 19 18.8 22.1 21.4
roll 14 13.2 10.3 8.7 10.1 8.8 18.3 18.1 11.7 10.8 18.1 16.8

Table 5.1: Pan, tilt, and roll error statistics for different conditions (person left/right) and configuration
of the true head pose.

Performance measures:
the three error measures, described in Section 4.6, are used. They are the average errors in pan, tilt and
roll angles, i.e. the average over time and meeting of the absolute difference between the pan, tilt and
roll of the ground truth (GT) and the tracker estimation. We also report the error median value, which
should be less affected by very large errors due to erroneoustracking.

head pose tracking results:
The statistics of the errors are shown in Table 5.1. Overall,given the small head size, and the fact that the
appearance training set is composed of faces recorded in an external set up (different people, different
viewing and illumination conditions), the results are quite good, with a majority of head pan errors
smaller than 12 degrees (see Figure 5.3). In addition, Table5.1 shows that the tracking performances are
better for the person sitting to the right.
Table 5.1 further details the errors depending on whether the true pose is near frontal or not. We can
observe that, in near frontal position (|α| ≤ 45◦ or |β| ≤ 30◦), the head pose tracking estimates are
more accurate, in particular for the pan and roll value. Thiscan be understood since near profile poses, a
pan variation introduces much less appearance changes thanthe same pan variation near a frontal view.
Similarly, for high tilt values, the face-image distortionintroduced by the perspective shortening rotation
affects the quality of the observations.

5.4 Visual focus of attention modeling

In this Section, we first describe the models used to recognize the VFOA from the head pose measure-
ments, then the two alternatives we adopted to learn the model parameters.

5.4.1 Modeling VFOA with a Gaussian mixture model (GMM)

Let Xt ∈ F and zt respectively denote the VFOA state and the head pointing direction of a person
at a given time instantt. The head pointing direction is defined by the head pan and tilt angles, i.e.
zt = (αt, βt), since the head roll has in principle no effect on the head direction (see Figure 5.3(a)).
Estimating the VFOA can be posed in a probabilistic framework as finding the VFOA state maximizing
the a posteriori probability:

X̂t = arg max
Xt∈ F

p(Xt|zt) with p(Xt|zt) =
p(zt|Xt)p(Xt)

p(zt)
∝ p(zt|Xt)p(Xt) (5.3)
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For each possible VFOAfi ∈ F which is notunfocus, p(zt|Xt = fi), which expresses the likelihood
of the pose observations for the VFOA statefi, is modeled as a Gaussian distributionN (zt;µi,Σi) with
meanµi and full covariance matrixΣi. Besides,p(zt|Xt = unfocus) = u is modeled as a uniform
distribution withu = 1

180×180 as the head pan and tilt angle can vary from -90◦to 90◦. In Equation 5.3,
p(Xt = fi) = πi denotes the prior information we have on the VFOA targetfi. Thus, in this modeling,
the pose distribution is represented as a Gaussian Mixture Model (plus one uniform mixture), with the
mixture index denoting the focus target:

p(zt|λG) =
∑

Xt

p(zt,Xt|λG) =
∑

Xt

p(zt|Xt, λG)p(Xt|λG) =
K−1
∑

i=1

πiN (zt;µi,Σi) + πKu (5.4)

whereλG = {µ = (µi)i=1:K−1,Σ = (Σi)i=1:K−1, π = (πi)i=1:K} represents the parameter set of the
GMM model. Figure 5.11 illustrates how the pan-tilt space issplit into different VFOA regions when
applying the decision rule of Equation 5.3 with the GMM modeling.

5.4.2 Modeling VFOA with a hidden Markov model (HMM)

The GMM approach does not account for the temporal dependencies between the VFOA events. To
introduce such dependencies, we consider the Hidden MarkovModel. Denoting byX0:T the VFOA
sequence, and byz1:T the observation sequence, the joint posterior probabilitydensity function of states
and observations can be written:

p(X0:T , z1:T ) = p(X0)

T
∏

t=1

p(zt|Xt)p(Xt|Xt−1) (5.5)

In this equation, the emission probabilitiesp(zt|Xt = fi) are modeled as in the previous case (i.e. Gaus-
sian distributions for regular VFOA, uniform distributionfor theunfocusVFOA). However, in the HMM
modeling, the static prior distribution on the VFOA targetsis replaced by a discrete transition matrix
A = (ai,j), defined byai,j = p(Xt = fj|Xt−1 = fi), which models the probability of passing from a
focusfi to a focusfj. Thus, the set of parameters of the HMM model isλH = {µ,Σ, A = (ai,j)i,j=1:K}.
With this model, given the observations sequence, the VFOA recognition is done by estimating the opti-
mal sequence of VFOA which maximizesp(X0:T |z1:T ). This optimization is efficiently conducted using
the Viterbi algorithm [113].

5.4.3 Parameter learning using training data

Since in many meeting settings, people are most of the time static and seated at the same physical posi-
tions, setting the model parameters can be done by using a traditional machine learning approach. Thus,
given training data with VFOA annotation and head pose measurements, we can readily estimate all the
parameters of the GMM or HMM models. Parameters learnt with this training approach will be denoted
with a l superscript. Note thatµl

i andΣl
i are learnt by first computing the VFOA means and covariances

per meeting and then averaging the results on the meetings belonging to the training set.



5.4. VISUAL FOCUS OF ATTENTION MODELING 91

Figure 5.4: Model of gazing and head orientation.

Prior distribution and transition matrix:
While the estimation of the Gaussian parameters using training data seems appropriate, learning the
VFOA prior distributionπ or transition matrixA using annotated data can be problematic. If the training
data exhibit specific meeting structure, as it is the case in our database where the main and secondary
organizers always occupy the same seats, the learned prior will have a beneficial effect on the recognition
performances for similar unseen meetings. However, at the same time, this learned prior can consider-
ably limit the generalization to other data sets, since by simply having participants with different roles
exchanging their seating positions, we can obtain meeting sessions with very different prior distribu-
tions. Thus, we investigated alternatives that avoid favoring any meeting structures. In the GMM case,
this was done by considering a uniform distribution (denoted πu) over the priorπ. In the HMM case,
the transition matrix was designed to exhibit a uniform stationary distribution. Self-transitions defining
the probability of keeping the same focus were favored and transitions to other focus were distributed
uniformly according to:ai,i = ǫ < 1, andai,j = 1−ǫ

K−1 for i 6= j. We will denote byAu the transition
matrix built in this way.

5.4.4 Parameter learning using a geometric model

The training approach to parameter learning is straightforward to apply when annotated data is available.
However, annotating the VFOA of people in video recording istedious and time consuming, as training
data needs to be gathered and annotated for each (location, VFOA target) couple, the number of which
can grow quickly, especially if some moving people are involved. Thus, to avoid the need for annota-
tion, one can seek for an alternative approach that exploitsthe geometric nature of the problem. The
parameters set with the geometric approach described belowwill be denoted with a superscriptg (e.g.
µg

i ).
Assuming a calibrated camera w.r.t. to the room, given a headlocation and a VFOA target location,

it is possible to derive the Euler angles (w.r.t. the camera)for which the head would be fully oriented
toward the VFOA target. However, as gazing at a target is usually accomplished by rotating both the eyes
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(’eye-in-head’ rotation) and the head in the same direction, in reality, the head is only partially oriented
towards the gaze. In neurophysiology and cognitive sciences, researchers working on the modeling
of the dynamics of the head/eye motions involved in saccadicgaze shifts have found that the relative
contribution of the head and eyes towards a given gaze shift follows simple rules [115, 121]. While the
experimental framework employed in these papers do not completely match the meeting room scenario,
we have exploited these findings to propose a model for predicting a person’s head pose given her gaze
target.

The proposed geometric model is presented in Figure 5.4. Given a person P whose rest (or reference)
head pose corresponds to looking straight ahead in the N direction, and given that she is gazing towards
D, the head points in direction H according to:

αH = κα αG if |αG| < ξα, 0 otherwise (5.6)

whereαG andαH denotes respectively the pan angle to look at the gaze targetand the actual pan angle
of the head pose, both w.r.t. the reference direction N. The parameters of this model,κα andξα, are
constants independent of the VFOA gaze target, but usually depend on individuals [115]. While there is
a consensus among researchers about the linearity aspect ofthe relation between the gaze direction and
the head pose direction described by Equ. 5.6, some researchers reported observing head movements for
all VFOA gaze shift amplitude (i.e.ξα=0), while others do not. In this paper, we will assumeξα = 0.
Besides, Equ. 5.6 is only valid if the contribution of the eyes to the gaze shift (given byαE = αG −αH )
do not exceed a threshold, usually taken at∼ 35o. Finally, in [115], it is shown that the tilt angleβ
follows a similar linearity rule. However, in this case, thecontribution of the head to the gaze shift is
usually lower than for the pan case. Typical values range from 0.2 to 0.5 forκβ , and 0.5 to 0.8 forκα.

In the experiments, we will test the use of this geometric model to predict the mean anglesµ in
the VFOA modeling. As for the rest reference direction N (Fig5.4), we will assume that for the people
seated at the two tested positions, it corresponds to looking straight in front of them. Thus, for person left
(resp. right), N consists of looking at organizer 1 (resp. 2), as shown in Figure 5.1(d). The covariances
Σ of the Gaussian distributions were set according to the object size and the VFOA location (near or not
frontal poses, cf Table 5.1). Finally, the parameter setting of the prior follows the same considerations
than in the previous subsection.

5.5 VFOA models adaptation

In the previous Section, we proposed two models (GMM and HMM)to recognize the VFOA of people
from their head pose, along with two approaches to learn their VFOA target dependent parameters/ In all
cases, the resulting models are generic and can be applied indifferently to any new person seated at the
location related to a learned model.
In practice, however, we observed that people have personalways of looking to targets. For example,
some people use more their eye-in-head rotation capabilities and turn less their head towards the focused
target than others (e.g. right person in Figure 5.5(a)). In addition, our head pose tracking system is
sensitive to the appearance of people, and can introduce a systematic bias in the estimated head pose for
a given person, especially in the estimated head tilt. As a consequence, the parameters of the generic
models might not be the best for a given person. As a remedy we propose to exploit the Maximum A
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(a) (b) (c)

Figure 5.5: Several people behaviors. Images 5.5(a) and 5.5(b): in both images, the person on the right
looks at theO1 target. In 5.5(b), however, the head is used more importantly than in 5.5(a). - Image
5.5(c): person right turns himself and his shoulder towardsO1 instead of towards the opposite side of
the table (i.e. towardsO2). The reference directionN (cf Fig. 5.4) should be changed accordingly.

Posteriori (MAP) estimation principle to adapt, in an unsupervised fashion, the generic VFOA models to
the data of each new meeting, and thus produce models adaptedto individual person’s characteristics.

5.5.1 VFOA maximum a posteriori (MAP) adaptation

The MAP adaptation principle is the following. Letz = z1..., zT denotes a set ofT samples (i.i.d or
drawn from a Markov chain), andλ ∈ Λ the parameter vector to be estimated from these sample data.
The MAP estimatêλ of the parameters is then defined as:

λ̂ = arg max
λ∈Λ

p(λ|z) = arg max
λ∈Λ

p(z|λ)p(λ) (5.7)

wherep(z|λ) is the data likelihood andp(λ) is the prior on the parameters. The choice of the prior dis-
tribution is crucial for the MAP estimation. In [124] it is shown that for the GMM and HMM models, by
selecting the prior pdf onλ as the product of appropriate conjugate distributions of the data likelihood1,
then the MAP estimation can also be solved using the Expectation-Maximization (EM) algorithm, as
detailed in the next two Subsections.

5.5.2 GMM MAP adaptation

In the GMM VFOA model case, the data likelihood isp(z|λG) =
∏T

t=1 p(zt|λG), wherep(zt|λG) is the
mixture model given in Equ. 5.4, andλG are the parameters to learn (the multinomial prior distribution
on the VFOA indicesπ and the Gaussian parametersµ andΣ). Note that having a uniform distribution
as one mixture does not modify the GMM MAP adaptation framework.

Priors distribution on parameters:
For this model, there does not exist a joint conjugate prior density for the parametersλG. However, it is

1 A prior distributiong(λ) is the conjugate distribution of a likelihood functionf(z|λ) if the posteriorf(z|λ)g(λ) belongs
to the same distribution family thang.
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possible to express the prior probability as a product of individual conjugate priors [124]. Accordingly,
the conjugate prior of the multinomial mixture weights is the Dirichlet distributionD(νw1, . . . , νwK)
whose pdf is given by:

pDνw1,...,νwK
(π1, . . . , πK) ∝

K
∏

k=1

πνwi−1
i (5.8)

Additionally, the conjugate prior for the Gaussian mean andcovariance matrix inverse of a given mixture
is the Normal-Wishart distribution,W(τ,mi, d, Vi) (i = 1, ...,K − 1), with pdf

pWi (µi,Σ
−1
i ) ∝ |Σ−1

i |
d−p
2 exp

(

−
τ

2
(µi − mi)

′Σ−1
i (µi − mi)

)

× (5.9)

exp(−
1

2
tr(ViΣ

−1
i )), d > p

where(µi −mi)
′ denotes the transpose of(µi −mi), andp denotes the samples’ dimension (in our case,

p = 2). Thus the prior distribution on the set of all the parameters is defined as

p(λG) = pDνw1,...,νwK
(π1, . . . , πK)

K−1
∏

i=1

pWi (µi,Σ
−1
i ). (5.10)

EM MAP estimate: The MAP estimateλ̂G of the distributionp(z|λG)p(λG) can be computed using

the EM algorithm by recursively applying the following computations (see Fig. 5.6) [124]:

cit =
π̂ip(zt|µ̂i, Σ̂i)

∑K
j=1 π̂jp(zt|µ̂j, Σ̂j)

ci =

T
∑

t=1

cit (5.11)

z̄i =
1

ci

T
∑

t=1

citzt

Si =
1

ci

T
∑

t=1

cit(zt − z̄i)(zt − z̄i)
′ (5.12)

where λ̂G = (π̂, (µ̂, Σ̂)) denotes the current parameter fit. Given these coefficients,the M step re-
estimation formulas are given by:

π̂i =
νwi − 1 + ci

ν − K + T
,

µ̂i =
τmi + ciz̄i

τ + ci

Σ̂i =
Vi + ciSi + ciτ

ci+τ (mi − z̄i)(mi − z̄i)
′

d − p + ci
(5.13)
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• Initialization of λ̂G: π̂i = wi, µ̂i = mi, Σ̂i = Vi/(d − p)

• EM: repeat until convergence:

1. Expectation: computecit, z̄i andSi (Eq. 5.11 and 5.12) using the current parameter set
λ̂G

2. Maximization: update parameter set̂λG using the re-estimations formulas (Equa-
tions 5.13)

Figure 5.6: GMM adaptation algorithm iterations

For the uniform component (i = K), the appropriate uniform distribution is used incit (i.ep(zt|µ̂K , Σ̂K)
is indeed a uniform density), and, accordingly, only the prior weightπK needs to be updated. The setting
of the hyper-parameters of the prior distributionp(λG) in Eq. 5.10, which is discussed at the end of this
Section, is important as the adaptation is unsupervised, and thus only the prior prevents the adaptation
process to deviate from meaningful VFOA distributions.

5.5.3 VFOA MAP HMM adaptation

The VFOA HMM can also be adapted in an unsupervised way to new test data using the MAP frame-
work [124]. The parameters to adapt in this case are the transition matrix and the emission probabilities
parametersλH = {A, (µ,Σ)}2.
The adaptation of the HMM parameters leads to a procedure similar to the GMM adaptation case. In-
deed, the prior on the Gaussian parameters follows the same Normal-Wishart density (Eq. 5.9), and the
Dirichlet prior on the static VFOA priorπ is replaced by a Dirichlet prior on each rowp(.|X = fi) = ai,·

of the transition matrix. Accordingly, the full prior is:

p(λH) ∝
K
∏

i=1

pDνbi,1,...,νbi,K
(ai,1, . . . , ai,K)

K−1
∏

i=1

pWi (µi,Σ
−1
i ) (5.14)

Then the EM algorithm to compute the MAP estimate can be conducted as follows. For a sequence of
observations,z = (z1, ..., zT ), the hidden states are now composed of a corresponding statesequence
X1, ..,XT , which allows to compute the joint state-observation density (cf Eq. 5.5). Thus, in the E
step, one need to computeξi,j,t = p(Xt−1 = fi,Xt = fj|z, λ̂H) andci,t = p(Xt = fi|z, λ̂H ), which
respectively denote the joint probability of being in the state fi and fj at time t − 1 and t, and the
probability of being in statefi at timet, given the current model̂λH and the observed sequencez. These
values can be obtained using the Baum-Welch forward-backward algorithm [113]. Given these values,
the re-estimation formulas are the same than in Eq. 5.13 for the mean and covariance matrices and as

2 For convenience, we assumed that the initial state distribution followed a uniform distribution.
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follows for the transition matrix parameters:

âi,j =
νbi,j − 1 +

∑T−1
t=1 ξi,j,t

ν − K +
∑K

j=1

∑T−1
t=1 ξi,j,t

. (5.15)

The discussion about how to select the hyper-parameters is conducted in the following.

5.5.4 Choice of prior distribution parameters

In this Section we discuss the impact of the hyper-parametersetting on the MAP estimates, through the
analysis of the re-estimation formula (Eq. 5.13). Before going into details, recall thatT denotes the size
of the data set available for adaptation, andK is the number of VFOA targets.

Parameter values for the Dirichlet distribution:
The Dirichlet distribution is defined by two kinds of parameters: a scale factorν and the prior values on
the mixture weightswi (with

∑

i wi = 1). The scale factorν controls the balance between the mixture
prior distributionw and the data. Ifν is small (resp. large) with respect toT −K, the adaptation is dom-
inated by the data (resp. by the prior, i.e. almost no adaptation occurs). Whenν = T −K, data and prior
contribute equally to the adaptation process. In the experiments, the hyper-parameterν will be selected
through cross-validation among the values inCν = {ν1 = T − K, ν2 = 2(T − K) , ν3 = 3(T − K)}.
The priors weightswi, on the other hand, are defined according to the prior knowledge we have on the
VFOA targets distribution. More likely VFOA targets such asthe person who speak the most or the slide
screen should be given a higher weight. When we want to enforce no knowledge about the VFOA targets
distribution, thewi can be set uniformly equal to1K .

Parameter values for the Normal-Wishart distribution:
This distribution defines the prior on the meanµi and covarianceΣi of one Gaussian. The adaptation of
the mean is essentially controlled by two parameters (see Eq. 5.13): the prior value for the mean,mi,
which will be set to the value computed using either the learning (mi = µl

i) or the geometric approach
(mi = µg

i ) and a scalarτ , which linearly controls the contribution of the priormi to the estimated mean.
As the average value forci, is T

K , in the experiments, we will selectτ though cross-validation among
the values inCτ = {τ1 = T

2K , τ2 = T
K , τ3 = 2T

K , τ4 = 5T
K }. Thus, with the first valueτ1, the mean

adaptation is on average dominated by data. Withτ2, the adaptation is balanced between data and prior,
and with the two last values, adaptation is dominated by the priors on the means.
The prior on the covariance is more difficult to set. It is defined by the Wishart distribution parameters,
namely the prior covariance matrixVi and the number of degree of freedomd. From Eq. 5.13, we see
that the data covariance and the deviation of the data mean from the mean prior also influence the MAP
covariance estimate. As prior Wishart covariance, we will takeVi = (d − p)Ṽi, whereṼi is respectively
eitherΣl

i or Σg
i , the covariance of targetfi estimated using either labeled training data (Subsection 5.4.3)

or the geometrical VFOA considerations (Subsection 5.4.4). The weighting(d − p) is important, as it
allowsVi to be of the same order of magnitude than the data varianceciSi, as far asci and(d− p) are of
similar order of magnitude as well. In the experiments, we will used = 5T

K , which put emphasis on the
prior, and allow adaptation that do not deviate too much fromthe covariance priors.
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5.6 Evaluation set up

The evaluation of the VFOA models was conducted using the IHPD database (Section 5.2). Below, we
describe our performance measures and give details about the experimental protocol.

5.6.1 Performance Measures

We propose two kinds of error measures for performance evaluation.

The frame based recognitionrate (FRR):
The frame based recognition rate corresponds to the percentage of frames, or equivalently, the proportion
of time, during which the VFOA has been correctly recognized. This rate, however, can be dominated
by long duration VFOA events (a VFOA event is defined as a temporal segment with the same VFOA
label). Since we are also interested in the temporal patterns followed by the VFOA events, which contain
information related to interaction, we also need a measure reflecting how well these events, short or long,
are recognized.

Event based precision/recall, and F-measure:
Let us consider two sequences of VFOA events: the GT sequenceG obtained from human annotation,
and the recognized sequenceR obtained through the VFOA estimation process. The GT sequence is
defined asG = (Gi = (li, Ii = [bi, ei]))i=1,...NG

whereNG is the number of events in the ground truth
G, li ∈ F is theith VFOA event label,bi andei the beginning and end time instants of the eventGi. The
recognized sequenceR is defined similarly. To compute the performance measures, the two sequences
are first aligned using a string alignment procedure that takes into account the temporal extent of the
events. More precisely, the matching distance between two eventsGi andRj is defined as:

d(Gi, Rj) =

{

1 − FI if li = lj andI∩ = Ii ∩ Ij 6= ∅
2 otherwise (i.e. events do not match)

(5.16)

with FI =
2ρIπI

ρI + πI
, ρI =

|I∩|

|Ii|
, πI =

|I∩|

|Ij |
(5.17)

where|.| denotes the cardinality operator, andFI measures the degree of overlap between two events.
Then, given the alignment we can compute for each person, therecall ρE , the precisionπE, and the
F-measureFE measuring the events recognition performances and defined as:

ρE =
Nmatched

NG
, πE =

Nmatched

NR
and FE =

2ρEπE

ρE + πE
(5.18)

whereNmatched represents the number of events in the recognized sequence that match the same event in
the GT after alignment. According to the definition in Eq. 5.16, events are said to match whenever their
common intersection is not empty (and labels match). Thus, one may think that the counted matches
could be generated by spurious accidental matches due to very small intersection. In practice, however,
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acronyms description
gt the head pose measurements are the ground truth data obtained with the magnetic sensor
tr the head pose measurements are those obtained with the head tracking algorithm

gmm the VFOA model is a GMM
hmm the VFOA model is an HMM
ML maximum likelihood approach: the meeting used for testing is used to train the model parameters
p VFOA priors (π for GMM, A for HMM) learnt from data
ge parameters of the Gaussian were set using the geometric gazeapproach
ad VFOA model parameters were adapted

Table 5.2: Model acronyms: combinations of acronyms describe which experimental conditions are used.
For example, gt-gmm-ge-ad specifies an adapted VFOA GMM model applied to ground truth pose data
where the Gaussian parameters before adaptation were givenby the geometric gaze model.

Model parameters
µi,Σi Gaussian parameters - learned (µl

i,Σ
l
i) or given by geometric modeling (µg

i ,Σg
i ), cf Subsection 5.4.3 and 5.4.4.

π, A GMM and HMM model priors - learnt or set by hand to ’uniform’ valuesπu, Au, cf Subsection 5.4.3.
κα, κβ gaze factors - set by hand.
Adaptation hyper-parameters

ν scale factor of Dirichlet distribution - set through cross-validation.
wi, bi,j Dirichlet prior values ofπi andai,j - set toπu

i andau
i,j .

τ scale factor of Normal prior distribution on mean - set through cross-validation.
mi VFOA mean prior value of Normal prior distribution - set to eitherµl

i or µg
i
.

d scale factor of Wishart prior distribution on covariance matrix - set by hand (cf Sec. 5.5.4).
Vi VFOA covariance matrices prior values in Wishart distribution - set to either(d − 2)Σl

i or (d − 2)Σg
i .

Table 5.3: VFOA Modeling parameters: description and setting.

we observe that it is not the case: the vast majority of matched events have a significant degree of overlap,
as illustrated in Fig. 5.9, with 90% of the matches exhibiting an overlap higher than 50%, even with the
noisier tracking data.
In Eq. 5.18, the recall measures the percentage of ground truth events that are correctly recognized while
the precision measure the percentage of estimated events that are correct. Both precision and recall
need to be high to characterize a good VFOA recognition performance. The F-measure, defined as the
harmonic mean of recall and precision, reflects this requirement. Finally, the performance measures
reported over the whole database (for each seating position) are the average of the precision, recall and
F-measureFE of the 8 individuals.

5.6.2 Experimental protocol

To study the different modeling aspects, several experimental conditions have been defined. They are
summarized in Table 5.2 along with the acronyms that identify them in the result tables. Besides, a
summary of all parameters involved in the modeling is displayed in Table 5.3.
First, there are two alternatives regarding the head pose measurements: the ground truthgt case, where
the data are those obtained using the FOB magnetic field sensor, and thetr case which relies on the
estimates obtained with the tracking system described in Section 5.3. Secondly, there are the two VFOA
models,gmmandhmm, as described in Subsections 5.4.1 and 5.4.2.
Regarding learning, the default protocol is the leave-one-out approach: each meeting recording is in turn
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data ground truth (gt) tracking estimates (tr)
modeling ML gmm gmm-p hmm hmm-p ML gmm gmm-p hmm hmm-p

FRR 79.7 72.3 74.8 72.3 72.5 57.4 47.3 51.3 47.4 48.2
recall 79.6 72.6 69.6 65.5 65.3 66.4 49.1 44.8 38.4 37.6

precision 51.2 55.1 56.2 66.7 66.5 28.9 30 39.5 59.3 60.1
F-measureFE 62 62.4 61.9 65.8 65.6 38.2 34.8 39.3 45.2 45.3

Table 5.4: VFOA recognition results for person left under different experimental conditions (see Ta-
ble 5.2).

data ground truth (gt) tracking estimates (tr)
modeling ML gmm gmm-p hmm hmm-p ML gmm gmm-p hmm hmm-p

FRR 68.9 56.8 61.6 57.3 61.6 43.6 38.1 49.1 38 38.3
recall 72.9 66.6 65.1 58.4 58.2 65.6 55.9 48.7 37.3 37.4

precision 47.4 49.9 51.4 63.5 64.1 24.1 26.8 35.2 55.1 55.9
F-measureFE 56.9 54.4 55.8 59.5 59.7 34.8 35.6 40.4 43.8 44.2

Table 5.5: VFOA recognition results for person right under different experimental conditions (see Ta-
ble 5.2).

left aside for testing, while the data of the 7 other recordings are used for parameter learning, including
hyper-parameter selection in the adaptation case (denotedad). The maximum likelihood caseML is
an exception, in which the training data for a given meeting recording is composed of the same single
recording. Also, by default, the prior model parametersπ or A are set to their ’uniform’ valuesπu or
Au, as discussed in Subsection 5.4.3. If these parameters are actually learned from the training data, this
will be specified with ap in the result tables. Note that in the adaptation case, the hyper-parameters of
the prior distribution on these parameters are always set according to the ’uniform’ values. As for thege
acronym, it denotes the case where the VFOA Gaussian means and covariances were set according to the
geometric model described in Subsection 5.4.4 instead of being learned from training data. Finally, the
adaptation hyper-parameter pair(ν, τ) was selected (in the cartesian setCν × Cτ ) by cross-validation
over the training data, usingFE as performance measure to maximize.

5.7 Experimental results

This section provides results under the different experimental conditions. We first analyze the results
obtained using ground truth (GT) data, discussing the effectiveness of the modeling w.r.t. different issues
(relevance of head pose to model VFOA gaze targets, predictability of VFOA head pose parameters,
influence of priors). Secondly, we compare the results obtained with the tracking estimates with those
obtained with the GT data. Then, we comment the results of theadaptation scheme, and finally, we
examine the results obtained using the geometric modeling.In all cases, results are given separately for
the left and right persons (see Fig. 5.1). Some result illustrations are provided in Fig.5.7.

5.7.1 Results exploiting the GT head pose data

In this section. the head pose measurements are given by the flock-of-birds magnetic sensors.
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(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 5.7: Example of results and focus ambiguity. In green, tracking result and head pointing direction.
In yellow, recognized focus (hmm-ad condition). Images g and h: despite the high visual similarity of
the head pose, the true focus differ (in g: PL; in h: SS). Resolving such cases can only be done by using
context (speaking status, other’s people gaze, slide activity etc).

VFOA and head pose correlation:
Table 5.4 and 5.5 display the VFOA recognition results for person left and right respectively. The first
column of these two tables gives the results of the ML estimation (see Tab. 5.2) with a GMM model-
ing. These results show, in an optimistic case, the performances our model can achieve, and illustrate
somehow the correlation between a person’s head poses and his VFOA. As can be seen, this correlation
is quite high for person left (almost 80% FRR), showing the good concordance between head pose and
VFOA. This correlation, however, drops to near 69% for person right. This can be explained by the
fact that for person right, there is a strong ambiguity between looking at PL or SS, as illustrated by the
empirical distributions of the pan angle in Fig. 5.8. Indeed, the range of pan values within which the
three other meeting participants and the slide screen VFOA targets lies is almost half the pan range of the
person left. The average angular distance between these targets is around 20◦for person right, a distance
which can easily be covered using only eye movements rather than head pose rotation. The values of the
confusion matrices, displayed in Figure 5.10, corroboratethis analysis. The analysis of Tables 5.4 and
5.5 shows that this discrepancy holds for all experimental conditions and algorithms, with a performance
decrease from person left to person right of approximately 10-13% and 6% for FRR and event F-measure
respectively.

VFOA prediction:
In the ML condition, very good results are achieved but they are biased because the same data are used
for training and testing. On the contrary, the GMM and HMM results in Table 5.4 and 5.5, for which
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(a) Left person pan distribution (b) Right person pan distribution

Figure 5.8: Empirical distribution of the GT head pan angle computed over the database for person left
(5.8(a)) and person right (5.8(b)). For person left, the people and slide screen VFOA targets can still be
identified through the pan modes. For person right, the degree of overlap is quite significant.

(a) GT, Left (b) GT, Right (c) TR, Left (d) TR, Right

Figure 5.9: Distribution of overlap measuresFI between true and estimated matched events. The esti-
mated events were obtained using the HMM approach. GT and TR respectively denote the use of GT
head pose data and tracking estimates data. Left and Right denote person left and right respectively.

the VFOA parameters are learned from other persons’ data, show the generalization property of the
modeling. We can notice that the GMM and HMM modeling with or without a prior term produce
results close to the ML case. For both person left and right, the GMM approach is achieving better frame
recognition and event recall performance while the HMM is giving better event precision andFE results.
This can be explained since the HMM approach is somehow denoising the event sequence. As a result
some events are missed (lower recall) but the precision increases due to the elimination of short spurious
detections.

VFOA confusions:
Figure 5.10(a) and 5.10(b) display as images the confusion matrices for person left and right obtained
with the VFOA FRR performance measure and an HMM modeling. They clearly exhibit confusion be-
tween near VFOA targets. For instance, for person left,O2 is sometimes confused withPR or O1. For
person right, the main source of confusion is betweenPL andSS, as already mentioned. In addition, the
tableTB can be confused withO1 andO2, as can be expected since these targets share more or less the
same pan values withTB. Thus, most of the confusion can be explained by the geometryof the room
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(a) GT, Left (b) GT, Right (c) TR, Left (d) TR, Right

Figure 5.10: Frame-based recognition confusion matrices obtained with the HMM modeling (gt-hmm
and tr-hmm conditions). VFOA targets 1 to 4 have been ranked according to their pan proximity: PR:
person right - PL: person left - O1 and O2: organizer 1 and 2 - SS: slide screen - TB: table - U: unfocused.
Columns represent the recognized VFOA.

(a) GT, without prior (b) GT, with prior (c) TR, without prior (d) TR, with prior

Figure 5.11: Pan-tilt space VFOA decision maps for person right built from all meetings, in the GMM
case (cf Eq. 5.3), using GT or tracking head pose data, and with/without VFOA priors. Black=PL,
yellow=SS, blue=O1, green=O2, red=TB, magenta =U .

and the fact that people can modify their gaze without modifying their head pose, and therefore do not
always need to turn their head to focus on a specific VFOA target.

Influence of priors:
Table 5.4 and 5.5 also present the recognition rates when learning the prior on the events (-p extension).
While the improvement w.r.t. no prior is moderate using the GT head pose data or the HMM modeling,
it is quite beneficial in the GMM case applied to tracking poseestimates. The effect of the prior is illus-
trated in Fig. 5.11. While the VFOA targetO2 has its decision area reduced,O1 sees its decision surface
extended because people look more often atO1 in our database. In practice, the prior allows to clearly
favor most likely VFOA target while making the recognition of less likely target more difficult. Although
results show that the use of priors can improve performance,their usage could clearly be a problem when
using the VFOA recognition system on other unrelated meetings (or ifO1 andO2 would have exchanged
seats across meetings). Thus, in the remaining, we will not use such prior in the experiments.
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Comparison with other algorithms:
We can compare our performance to the recent work [114]. In this paper, an interesting study on VFOA
interaction modeling has been conducted, where one of the task, among others, consisted in estimating
the VFOA of four people engaged in a conversation, using people’s speaking status (annotated manually)
and head pose measured with magnetic field sensors. For each person, the VFOA targets were the three
other participants. The authors of [114] report an average FRR of 67.9 %. Despite the lower number
of VFOA targets and the use of multiple cues (speech and head pose), their results are similar to ours.
We obtained 57% for person right and 72.3% for person left using the HMM recognizer (resp. 62% and
72.7% with adaptation, as shown later).

5.7.2 Results with head pose estimates

Table 5.4 and 5.5 provide the results obtained using the headpose tracking estimates, under the same
experimental conditions than when using the GT head pose data. As can be seen, substantial performance
degradation can be noticed. In the ML case, the decrease in FRR and F-measure ranges from 22% to
26% for both person left and right. These degradations are mainly due to small pose estimation errors
and also, sometimes, large errors due to short periods when the tracker locks on a subpart of the face.
Fig. 5.11 illustrates the effect of pose estimation errors on the VFOA distributions. The shape changes
in the VFOA decision maps when moving from GT pose data to poseestimates conveys the increase of
pose variance measured for each VFOA target. The increase ismoderate for the pan angle, but quite
important for the tilt angle.
A more detailed analysis of Table 5.4 and 5.5 shows that the performance decrease (from GT to tracking
data) in the GMM condition follows the ML case, while the deterioration in the HMM case is smaller,
in particular forFE . This demonstrates that, in contrast with what was observedwith the clean GT
pose data, in presence of noisy data, the HMM smoothing effect is quite beneficial. Also, the HMM
performance decrease is smaller for person right (19% and 15% for respectively FRR andFE) than for
person left (25% and 20%). This can be due to the better tracking performance -in particular regarding the
pan angle- achieved on people seated at the person right position (cf Table 5.1). Figure 5.12 presents the
plot of the VFOA FRR versus the pan angle tracking error for each meeting participant, when using GT
head pose data (i.e. with no tracking error) or pose estimates. It shows that for person left, there is a strong
correlation between tracking error and VFOA performance, which can be due to the fact that higher
tracking errors directly generate larger overlap between VFOA class-conditional pose distributions (cf
Fig. 5.8, left). For person right, this correlation is weaker, as the same good tracking performance result
in very different VFOA recognition results. In this case, the higher level of inherent ambiguities between
several VFOA targets (e.g.SS andPL) may play a larger role.
Finally, the 2 right images of Figure 5.10(c) and 5.10(d) display the confusion matrices when using the
HMM model and the head pose estimates. The same confusion than using the GT data are exhibited, but
more pronounced because of the tracking errors (see above) and tilt estimation uncertainties.

5.7.3 Results with model adaptation

Tables 5.6 and 5.7 display the recognition performance obtained with the adaptation framework described
in Section 5.53. For person left, one can observe no improvement when using GT data and a large im-

3 In the tables, we recall the values without adaptation for ease of comparison.



104 CHAPTER 5. VFOA RECOGNITION IN MEETINGS

0 5 10 15 20 25 30 35 40 45
0

10

20

30

40

50

60

70

80

90

100

pan errors

F
R

R

PR gt points
PL gt points
PR tr points
PL tr points
fitted line to PR tr points
fitted line to PL tr points

Figure 5.12: VFOA frame based recognition rate vs head pose tracking errors (for the pan angle), plotted
per meeting. The VFOA recognizer is the HMM modeling after adaptation.

error measure gt-gmm gt-gmm-ad gt-hmm gt-hmm-ad tr-gmm tr-gmm-ad tr-hmm tr-hmm-ad

FRR 72.3 72.3 72.3 72.7 47.3 57.1 47.4 53.1
recall 72.6 72.1 65.5 68.8 49.1 48.7 38.4 40.5

precision 55.1 53.7 66.7 64.4 30 41 59.3 62.5
F-measureFE 62.4 61.2 65.8 66.2 34.8 42.8 45.2 47.9

Table 5.6: VFOA recognition results for person left, beforeand after adaptation.

provement when using the tracking estimates (e.g. around 10% and 8% for resp. FRR andFE with the
GMM model). In this situation, the adaptation is able to copewith the tracking errors and the variability
in looking at a given target. For person right, we notice improvement with both the GT and tracking head
pose data. For instance, with the HMM model and tracking data, the improvement is 3.8% and 5% for
FRR andFE . Again, in this situation adaptation can cope for people’s personal way of looking to the
targets, such as correcting the bias in head tilt estimation, as illustrated in Figure 5.13.
When exploring the optimal adaptation parameters estimated through cross-validation, one obtain the
histograms of Figure 5.14. As can be seen, regardless of the kind of input pose data (GT or estimates),
they correspond to configurations giving approximately equal balance to the data and prior regarding the
adaptation of the HMM transition matrices (ν1 andν2), and configurations for which the data are driving
the adaptation process of the mean pose values (τ1 andτ2).

Comparison with other algorithms:
Our results, 42% FRR for person right and 53% for person left,are quite far from the 73% reported
in the interesting paper [102]. Several factors may explainthe difference. First, in [102], a 4 people
meeting situation was considered and no other VFOA target apart from the other meeting participants was
considered. In addition, these participants were sitting at equally spaced positions around a round table,
optimizing the discrimination between VFOA targets. Besides, people were recorded from a camera
placed in front of them. Hence, due to the table geometry, thevery large majority of head pan lay
between[−45, 45] degrees, where the tracking errors are smaller (see Table 5.1) Ultimately, our results
are more in accordance with the 52% FRR reported by the same authors [125] when using the same
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error measure gt-gmm gt-gmm-ad gt-hmm gt-hmm-ad tr-gmm tr-gmm-ad tr-hmm tr-hmm-ad

FRR 56.8 59.3 57.3 62 38.1 39.3 38 41.8
recall 66.6 70.2 58.4 63 55.9 55.3 37.3 43.6

precision 49.7 50.9 63.5 64.5 26.8 29 55.1 56.1
F-measureFE 54.4 56.4 59.5 62.7 35.6 37.3 43.8 48.8

Table 5.7: VFOA recognition results for person right, before and after adaptation.
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Figure 5.13: VFOA decision map example before adaptation and after adaptation. After adaptation,
the VFOA ofO1 andO2 correspond to lower tilt values. black=PL, yellow=SS, blue=O1, green=O2,
red=TB, magenta =U . The blue stars represent the tracking head pose estimates used for adaptation.

framework [102] but applied to a 5-person meeting, resulting in 4 VFOA targets.

5.7.4 Results with the geometric VFOA modeling

Here we report the results obtained when setting the model parameters by exploiting the meeting room
geometry, as described in Subsection 5.4.4. This possibility for setting parameters is interesting because
it removes the need for data annotation each time a new VFOA target is considered, e.g. when people
are moving around in the room.
Figure 5.15 shows the geometric VFOA Gaussian parameters (mean and covariance) generated by the
model when using(κα, κβ) = (0.5, 0.5). The parameters(κα, κβ) were defined in Section 5.4.4. As can
be seen, the VFOA pose values predicted by the model are consistent with the average pose values com-
puted for individuals using the GT pose data, especially forperson left. For person right, we can observe
that the geometric model is wrongly predicting the gaze value of O2 (not moved) andO1 (attraction in
the wrong direction). Indeed, for person right, our assumption that the reference head orientation N in
Fig. 5.4 consists of looking at the other side of the table is not appropriate: as all the VFOA targets are
located on their right side, people tend to already orient their shoulder towards their right as well (see
Figure 5.5(c)), and thus N should be set accordingly. Assuming more logically that the reference looking
direction corresponds to looking atO1, we obtain a better match. This is demonstrated by Table 5.8,
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(a) GT data (b) GT data (c) TR data (d) TR data

Figure 5.14: Histogram of the optimal scale adaptation factor of the HMM prior, and HMM VFOA mean
(b and d), selected though cross-validation on the trainingset, and when working with GT head pose data
or with tracking head pose estimates.

Method learned VFOA geometric VFOA
Error Epan Etilt Epan Etilt

person left 6.37 5.08 5.54 6.35
person right (reference direction: looking straight (atO2) 5.85 6.07 12.5 7.65

person right (reference direction: looking atO1) 5.85 6.07 5.62 7.65

Table 5.8: Prediction errors for learned VFOA and geometricVFOA models (with GT pose data).

which provides the prediction errors in panEpan defined as:

Epan =
1

8 × (K − 1)

8
∑

m=1

∑

fi∈F/{U}

|ᾱm(fi) − αp
m(fi)| (5.19)

whereᾱm(fi) is the average pan value of the person in meetingm and for the VFOAfi, andαp
m(fi) is

the predicted value according to the chosen model (i.e. the pan component ofµg
fi

or µl
fi

in the geometric

or learning approaches respectively4 ). The tilt prediction errorEtilt is obtained by replacing pan angles
by tilt angles in Equation 5.19.

The recognition performance are presented in Tables 5.9 and5.10. For person right, the model based
onO1 as reference looking direction N is used. These tables show that, when using GT head pose data,
the results are slightly worse than with the learning approach, which is somehow in accordance with
the similarity in the prediction errors. However, when using the pose estimates, the results are better.
For instance, for person left, with adaptation, the FRR improvement is of more than 6%. Given that
the modeling does not request any training data (except for camera calibration, and the currently manual
setting of the reference direction N), this is an interesting and encouraging result. Also, we can notice that
the adaptation always improve the recognition, sometimes quite significantly (see the GT data condition
for person right, or the tracking data for person left).

4The reported error in the geometric case follows the same scheme than in the learning case: for each meeting the employed
κα has been learned on the other meetings.
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(a) Left person (b) Right person

Figure 5.15: Geometric VFOA Gaussian distributions for person left and person right: the figure displays
the gaze target direction (©), the corresponding head pose contribution according to the geometric model
with values(κα, κtilt) = (0.5, 0.5) (△ symbols), and the average head pose (from GT pose data) of in-
dividual people (+). Ellipses display the standard deviations used in the geometric modeling. black=PL
or PR, cyan=SS, blue=O1, green=O2, red=TB.

Measure gt gt-ge gt-ad gt-ge-ad tr tr-ge tr-ad tr-ge-ad

FRR 72.3 69.3 72.3 70.8 47.4 55.2 53.1 59.5
recall 72.1 61.4 68.8 64.4 38.4 42 40.5 41.9

precision 55.1 70.2 64.4 67.3 59.3 63.7 62.5 69.9
F-measureFE 61.2 65.2 66.6 65.3 45.2 48.2 47.9 50.1

Table 5.9: VFOA recognition results for person left using the HMM model with geometric VFOA pa-
rameter setting ((κα, κtilt) = (0.5, 0.5)), with/without adaptation.

5.8 Conclusion

In this chapter we presented a methodology to recognize the VFOA of meeting participants from their
head pose, the latter being defined by its pan and tilt angles.Such head pose measurements were ob-
tained either through magnetic field sensors or using a probabilistic based head pose tracking algorithm.
The experiments showed that, depending on people’s position in the meeting room and on the angular
distribution of the VFOA targets, the eye gaze may or may not be highly correlated with the head pose.

In absence of such correlation, and if eye gaze tracking is unaccessible due to low resolution images,
the way to improve VFOA recognition can only come from the prior knowledge embedded in the cogni-
tive and interactive aspects of human-to-human communication. Ambiguous situations, such as the one
illustrated in Fig. 5.7(g) and 5.7(h), where the same head pose can correspond to two different VFOA
targets, could be resolved by the joint modeling of the speaking and VFOA characteristics of all meeting
participants. Such characteristics have been shown to exhibit specific patterns/statistics in the behavioral
and cognitive literature, as already exploited by [114].

Besides, as shown by the experiments, there indeed exists some correlation between head pose track-
ing errors and VFOA recognition results. Improving the tracking algorithms, e.g. using multiple cameras,
higher resolution images or adaptive appearance modeling techniques, would thus improve the VFOA
results. Finally, in the case of meetings in which people aremoving to the slide screen or white board
for presentations, the development of a more general approach that models the VFOA of these moving
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measure gt gt-ge gt-ad gt-ge-ad tr tr-ge tr-ad tr-ge-ad

FRR 57.3 51.8 62 58.5 38 41.1 41.8 42.7
recall 58.4 43.7 63 52.2 37.3 41.9 43.6 43.8

precision 63.5 69 64.5 71.5 55.1 61.1 56.1 61.1
F-measureFE 59.5 53 62.7 59.2 43.8 49.1 48.8 50.1

Table 5.10: VFOA recognition results for person right usingthe HMM model with geometric VFOA
parameter setting ((κα, κtilt) = (0.5, 0.5)), with/without adaptation.

people will be necessary. Investigations about modeling the VFOA of moving people is the topic of the
following chapter.



Chapter 6

Wandering visual focus of attention
(VFOA) recognition

In the previous chapter, we studied the VFOA of static personin meeting contexts. In this chapter,
in collaboration with Smithet al [126] we address the more general case of recognizing the VFOA
of moving persons ( but with static VFOA targets w.r.t. the camera). This is an interesting task with
many applications. For instance, let us consider a situation where an advertising firm has been asked
to produce an outdoor display ad campaign for use in shoppingmalls and train stations. Internally,
the firm has developed several competing designs, one of which must be chosen to present to the client.
Analysis of the VFOA of people exposed to the advertisement can be used to judge the best placement and
content of these outdoor advertisements, such does for television the Nielsen’s ratings which measures
media effectiveness by estimating the size of the net cumulative audience of a program through surveys
and Nielsen Boxes [127]. If one were to design an automatic Nielsen-like system for outdoor display
advertisements, it might automatically determine the number of people who have actually viewed the
advertisement as a percentage of the total number of people exposed to it. This is an example of what we
have termed the wandering visual focus of attention (WVFOA)problem, in which the tasks are:

1. to automatically detect and track an unknown, varying number of people able to move about freely,

2. and to estimate their visual focus of attention (VFOA).

The WVFOA problem is an extension of the traditional VFOA [102] problem in the sense that in WV-
FOA, mobility is unconstrained. As a result, the subject’s target of attention may be mobile, or as the
subject moves about the scene, his appearance may change as he attempts to keep his attention on a
specific target. Unconstrained motion also limits the resolution of the subject (see 6.1), as a wide field
of view is necessary to capture multiple subjects over an area of interest. In the example of the outdoor
advertisement application, the goal is to identify each person exposed to the advertisement and determine
if they looked at it. Additionally, we can collect other useful statistics such as the amount of time they
spent looking at the advertisement.

In this thesis, our goal is to propose a principled probabilistic framework for estimating WVFOA
for moving people. We applied our method to the advertising example to demonstrate its usefulness in
real-life applications. Our solution assumes a fixed camerawhich can be placed arbitrarily, so long as
the subjects appear clearly within the field of view. Our method requires a training phase in which the

109
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Figure 6.1: In the WVFOA problem, allowing the unconstrained motion of multiple people complicates
the task of estimating a subject’s visual focus of attention(VFOA). Here, the resolution is too low to
estimate his focus of attention from eye gaze.

appearance of people in the scene (and the orientation of their heads) is modeled. Our method consists
of two parts: a dynamic Bayesian network (DBN), which simultaneously tracks people in the scene and
estimates their head pose, and a WVFOA model, which infers a subject’s VFOA from their location and
head pose.

Besides defining the WVFOA problem itself, first, we propose aprincipled probabilistic framework
for solving the WVFOA problem by designing a mixed-state DBNthat jointly represents the people in
the scene and their various parameters. The state-space is formulated in a true multi-person fashion,
consisting of size and location parameters for the head and body, as well as head pose parameters for
each person in the scene. This type of framework facilitatesdefining interactions between people.

Because the dimension of the state representing a single person is sizable, the multi-object state-
space can grow to be quite large when several people appear together in the scene. Efficiently inferring
a solution in such a framework can be a difficult problem. We present an efficient method to do in-
ference in this high-dimensional model. This is done using atrans-dimensional Markov Chain Monte
Carlo (MCMC) sampling technique, an efficient global searchalgorithm robust to the problem of getting
trapped in local minima.

Then, we demonstrate the real-world applicability of our model by applying it to the outdoor ad-
vertisement problem described earlier. We show that we are able to gather useful statistics such as the
number of viewers and the total number of people exposed to the advertisement.

Finally, we thoroughly evaluate our model in the context of the outdoor advertisement application
using realistic data and a detailed set of objective performance measures.

The remainder of the Chapter is organized as follows. In the next Section we discuss related works.
In Section 6.2, we describe our joint multi-person and head-pose tracking model. In Section 6.3, we
present a method for modeling a person’s VFOA. In Section 6.4we describe our procedure for learning
and parameter selection. In Section 6.5 we test our model on captured video sequences of people passing
by an outdoor advertisement and evaluate its performance. Finally, Section 6.6 contains some concluding
remarks.

6.1 Related work

To our knowledge, this work is the first attempt to estimate the WVFOA for moving people as defined
in this thesis. However, there is an abundance of literatureconcerning the three component tasks of
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the WVFOA problem: multi-person tracking, head pose tracking, and estimation of the visual focus of
attention (VFOA). Related work to head tracking and VFOA recognition have been discussed in Chapter
2 and 5. In the following we discuss work related to multi-object tracking.

Multi-person tracking is the process of locating a variablenumber of moving persons or objects over
time. Multi-person tracking is a well studied topic, and a multitude of approaches have been proposed.
Here, we will restrict our discussion to probabilistic tracking methods which use a particle filter (PF)
formulation [128, 129, 130, 131, 132]. Some computationally inexpensive methods use a single-object
state-space model [131], but suffer from the inability to resolve the identities of different objects or
model interactions between objects. As a result, much work has been focused on adopting a rigorous
Bayesian joint state-space formulation to the problem, where object interactions can be explicitly defined
[128, 129, 130, 133, 134, 132, 126]. However, sampling from ajoint state-space can quickly become
inefficient as the dimension of the space increases when morepeople or objects are added [128]. Recent
work has concentrated on using MCMC sampling to track multiple people more efficiently. In [133] ants
were tracked using MCMC sampling and a simple observation model. In [134], multiple humans were
tracked from overhead as they crossed a college campus. Smith etal, in [126], extended this model to
handle varying number of people using a reversible-jump MCMC sampling technique. In this thesis we
extend the model of [126] by handling a much more complex object models and a larger state-space. This
has necessitated the non-trivial design of new jump types and proposal distributions, as well as inter- and
intra-personal interactions (see Section 6.2.4).

6.2 Joint multi-person and head-pose tracking

In this section, we first recall the basis of Bayesian tracking formulation with the MCMC approach
and then describe the different and specific models that we used in the context of the WVFOA study.
In a Bayesian approach to multi-person tracking, the goal isto estimate the conditional probability for
joint multi-person configurations of peopleXt, taking into account a sequence of observationsz1:t =
(z1, ..., zt). In our model, a joint multi-person configuration, or joint state, is the union of the set of
individual states describing each person in the scene. The observations consist of information extracted
from an image sequence. The posterior distributionp(Xt|z1:t) is expressed recursively by

p(Xt|z1:t) = C−1p(zt|Xt) ×

∫

Xt−1

p(Xt|Xt−1)p(Xt−1|z1:t−1)dXt−1, (6.1)

where the motion model,p(Xt|Xt−1), governs the temporal evolution of the joint stateXt given the
previous stateXt−1, and the observation likelihood,p(zt|Xt), expresses how well the observed features
zt fit the predicted stateXt. HereC is a normalization constant.

In practice computing the filtering distribution using (6.1) is often intractable. As already said in
Sections 2 and 4, it can be approximated by applying the MonteCarlo method, in which the target distri-
bution (Eq. 6.1) is represented by a set ofN samples{X(n)

t , n = 1, ..., N}, whereX(n)
t denotes then-th

sample. For efficiency, in this work we use the Markov Chain Monte Carlo (MCMC) method because in
high dimensional space, MCMC is more efficient than other sampling methods such as importance sam-
pling. In MCMC, the set of samples have equal weights and forma so-called Markov chain. According
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Figure 6.2: State model for varying numbers of people. The joint multi-person state,Xt consists of an
arbitrary number of peopleXi,t, each of which contain a bodyXb

i,t and headXh
i,t component. The body

is modeled as a bounding box with parameters for the location(xb, yb), height scalesb, and eccentricity
eb. The head locationLh has similar parameters for location (xh, yh), heightsh, and eccentricityeh, as
well as in-plane rotationrh. The head also has an associated exemplarkh, which models the out-of-plane
head rotation.

to Section 4.4, given the samples at the previous step, an approximation of Eq. 6.1 is written

p(Xt|z1:t) ≈ C−1p(zt|Xt)
∑

n

p(Xt|X
(n)
t−1). (6.2)

Our goal is now to build a chain a Markov chain of sample which represents the filtering distribution.
Following this approach, the remainder of Section 6.2 is devoted to describing the details of our joint
multi-person and head-pose tracking model. In the next sub-Section, we will discuss exactly how we
model an individual person and the set of multiple people in the scene. In Section 6.2.2 we explain how
to model motion and interactions between people. We describe our observation likelihood model, which
estimates how well a proposed configuration fits the observeddata, in Section 6.2.3. In Section 6.2.4,
we discuss how to form the Markov Chain representing the distribution of Eq. 6.2 using the Metropolis-
Hastings (MH) algorithm, and in Section 6.2.5 we show how to infer a point estimate solution from the
posterior distribution.

6.2.1 State model for a varying number of people

The state at timet describes the joint multi-object configuration of people inthe scene. Because the
amount of people in the scene may vary, we explicitly use a state model designed to accommodate
changes in dimension [126], instead of a model with a fixed dimension, as in [133]. The joint state
vectorXt is defined byXt = {Xi,t|i ∈ It}, whereXi,t is the state vector for personi at timet, andIt

is the set of all person indexes. The total number of people present in the scene ismt = |It|, where| · |
indicates set cardinality. A special case exists when thereare no people present in the scene, denoted by
Xt = ∅.
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In our model, each person is represented by two components: abodyX
b
i,t, and a headXh

i,t as seen
in Figure 6.2. Note that we drop thei andt subscripts for the remainder of this section for simplicity.
The body component is represented by a bounding box, whose state vector contains four parameters,
X

b = (xb, yb, sb, eb). The point (xb, yb) is the continuous 2D location of the center of the bounding box
in the image,sb is the height scale factor of the bounding box relative to a reference height, andeb is the
eccentricity defined by the ratio of the width of the boundingbox over its height.

The head component of the person model is represented by a bounding box which may rotate
in the image plane, along with an associated discrete exemplar used to represent the head-pose (see
Section 6.2.3 for more details). The state vector for the head is defined byXh = (Lh, kh) where
Lh = (xh, yh, sh, eh, rh) denotes the continuous 2D configuration of the head, including the continuous
2D location (xh, yh), the height scale factorsh, the eccentricityeh, and the in-plane rotationrh. A dis-
crete variable,kh represents the head-pose exemplar which models the out-of-plane head rotation. See
Chapter 4 for more details about the head state.

6.2.2 Dynamics and interaction

The dynamic model governs the evolution of the state betweentime steps. It is responsible for predicting
the motion of people (and their heads) as well as governing transitions between the head-pose exemplars.
It is also responsible for modeling inter-personal interactions between the various people, as well as
intra-personal interactions between the body and the head.The overall dynamic model for multiple
people is written

p(Xt|Xt−1)
def
= pV (Xt|Xt−1)p0(Xt), (6.3)

wherepV is the predictive distribution responsible for updating the state variables based on the previous
time step, andp0 is a prior distribution modeling interactions.

To model the multi-person predictive distribution, we follow the approach of [126] wherepV is
defined as

pV (Xt|Xt−1) =
∏

i∈It

p(Xi,t|Xt−1), (6.4)

when people are present in the previous time step (Xt−1 6= ∅), and constant otherwise. However, in
this work, the motion for a single personi, p(Xi,t|Xt−1), is dependent only on its own previous state
p(Xi,t|Xi,t−1) if that person existed in the previous frame. If not,p(Xi,t|Xt−1) is formed from a 2D
initialization distribution,pinit(Xi,t), formed by smoothing the foreground segmented image of the pre-
vious frame as seen in Figure 6.3.

The motion model for a single person is given by

p(Xi,t|Xi,t−1) = p(Xb
i,t|X

b
i,t−1)p(Lh

i,t|L
h
i,t−1)p(θh

i,t|θ
h
i,t−1), (6.5)

where the dynamics of the body stateX
b
i and the head spatial state componentLh

i are modeled as2nd

order auto-regressive (AR) processes. The dynamic of the head-pose exemplars dynamicθh
i is a transition

table learned from training data (see Chapter 4).
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Figure 6.3: The initialization distribution in (center) determines where to place a new person in the scene
by applying a Gaussian smoothing filter to the foreground segmentation of the original image (left).

The interaction modelp0(Xt) handles two types of interactions, inter-personalp01 and intra-
personalp02: p0(Xt) = p01(Xt)p02(Xt). For modeling inter-personal interactions, we follow the
method proposed in [133]. In this method, the inter-personal interaction modelp01(Xt) serves the pur-
pose of restraining trackers from fitting the same person by penalizing overlap between trackers. This
is achieved by exploiting a pairwise Markov Random Field (MRF) whose graph nodes are defined at
each time step by the people, and the links by the setC of pairs of proximate people. By defining an
appropriate potential function

φ(Xi,t,Xj,t) ∝ exp(−g(Xi,t,Xj,t)), (6.6)

the interaction model

p01(Xt) =
∏

ij∈C φ(Xi,t,Xj,t) (6.7)

enforces a constraint in the multi-person dynamic model, based on locations of a person’s neighbors.
This constraint is defined by a non-negative penalty function, g, which is based on the spatial overlap of
pairs of people (g is null for no overlap, and increases as the area of overlap increases).

We also introduce intra-personal interactions to the overall motion model. The intra-personal inter-
action model is meant to constrain the head model w.r.t. the body model, so that they are configured in
a physically plausible way (i.e. the head is not detached from the body, or located near the waist). The
intra-personal interaction modelp02(Xt) is defined as

p02(Xt) =
∏

k∈It

p(Lh
k,t|X

b
k,t), (6.8)

and penalizes head configurations which fall outside of an accepted domain defined by the configuration
of the body. The penalization increases when the center of the head falls further than a distance outside
of the top third of the body bounding box.

With these terms defined, the Monte Carlo approximation of the overall tracking filtering distribution
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in Eq. 6.2 can now be expressed

p(Xt|z1:t) ≈ C−1p(zt|Xt)p0(Xt)
∑

n

pV (Xt|X
(n)
t−1)

≈ C−1p(zt|Xt)
∏

ij∈C

φ(Xi,t,Xj,t)
∏

k∈It

p(Lh
k,t|X

b
k,t)
∑

n

pV (Xt|X
(n)
t−1). (6.9)

6.2.3 Observation model

The observation model estimates the likelihood of a proposed configuration, or how well the proposed
configuration is supported by evidence from the observed features. Our observation model consists of a
body model and a head model, formed from a set of five total features. The body model consists of binary
and color features, which are global in that they are defined pixel-wise over the entire image. The binary
features (zbin

t ) make use of a foreground segmented image, while color features (zcol
t ) exploit histograms

in hue-saturation (HS) space. The head model is local in thatits features (zh) are gathered independently
for each person. They are responsible for the localization of the head and estimation of the head-pose,
and include textureztex

t , skin colorzskin
t , and silhouettezsil

t features. For the remainder of this Section,
the time index (t) has been omitted to simplify notation. Assuming conditional independence of body
and head observations, the overall likelihood is given by

p(z|X)
∆
= p(zcol|zbin,X)p(zbin|X)p(zh|X), (6.10)

where the first two terms constitute the body model and the third term represents the head model. The
body model, the head model, and each of the five component features are detailed in the following
subsections.

Body model

The body observation model is responsible for detecting andtracking people, adding or removing people
from the scene, and maintaining consistent identities. It is comprised of a binary feature and a color
feature.

Body binary feature:
The binary feature is responsible for tracking bodies, and adding and removing people from the scene.
The binary feature relies on an adaptive foreground segmentation technique described in [135]. At each
time step, the image is segmented into sets of foreground pixelsF and background pixelsB from the
images (I = F ∪ B), which form the foreground and background observations (zbin,F andzbin,B)

For a given multi-person configuration and foreground segmentation, the binary feature computes the
distance between the observed overlap (between the area of the multi-person configurationSX obtained
by projectingX onto the image plane and the segmented image) and a learned value. Qualitatively,
we are following the intuition of a statement such as: “We have observed that two well-placed trackers
(tracking two people) should contain approximately 65% foreground and 35% background.” The overlap
is measured forF andB in terms of precisionν and recallρ : νF = SX∩F

SX , ρF = SX∩F
F , νB = SX∩B

SX ,

andρB = SX∩B
B . An incorrect location or person count will result inν andρ values that do not match
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the learned values well, resulting in a lower likelihood andencouraging the model to choose better multi-
person configurations.

The binary likelihood is computed for the foreground and background case

p(zbin|X)
∆
= p(zbin,F |X)p(zbin,B |X) (6.11)

where the definition of the binary foreground term,p(zbin,F |X), for all non-zero person counts (m 6= 0)
is a single Gaussian distribution in precision-recall space (νF ,ρF ). The binary background term, on the
other hand, is defined as a set of Gaussian mixture models (GMM) learned for each possible person count
(m ∈ M). For example, if the multi-person state hypothesizes thattwo people are present in the scene,
the binary background likelihood term is the GMM density of the observedνB andρB values from the
GMM learned form = 2. For details on the learning procedure, see Section 6.4.

Body Color Feature:
The color feature is responsible for maintaining the identities of people over time, as well as assisting
the binary feature in localization of the body. The color feature uses HS color observations from the
segmented foreground and background regions (zcol,F andzcol,B) . Assuming conditional independence
between foreground and background, the color likelihood iswritten

p(zcol|zbin,X) = p(zcol,F |zbin,F ,X)p(zcol,B |zbin,B,X). (6.12)

The first term (foreground color likelihood) determines howwell the color of each measured person
matches online learned models, and the second term (background color likelihood) determines how well
the background matches an off-line learned background model.

The foreground color likelihood compares an extracted 4D multi-person color histogram to an adap-
tive learned model, by

p(zcol,F |zbin,F ,X) ∝ eλFd2
F , (6.13)

wheredF is the Bhattacharya distance (see Equation 2.9) between thelearned model and observed his-
togram andλF is a parameter. The adaptive model is chosen from a small set of adaptive foreground
color models (multiple models allow slightly different color models to compete). The model histograms
are defined over a person indexi, spatial segment (roughly corresponding to the head, torso, and legs),
hue (H), and saturation (S) color spaces (quantized into 8 bins). Every frame, a vote is cast for the model
that best matches the extracted data, and a ’winning’ adaptive model is chosen from the set based on the
number of ’votes’ it has collected (the ’winner’ is used in the above likelihood expression).

The background color likelihood helps reject configurations with untracked people by penalizing un-
expected colors (i.e. those found on a person). The background model is a static 2D HS color histogram,
learned from empty training images. The background color likelihood is defined as

p(zcol,B
t |zbin,B

t ,Xt) ∝ eλBd2
B , (6.14)

whereλB andd2
B are defined as in the foreground case.
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Head model

The head model is responsible for localizing the head and estimating the head-pose. The head likelihood
is defined as

p(zh|X) =

[

∏

i∈I

ptex(ztex
i |Xi)pskin(zskin

i |Xi)psil(z
sil
i |Xi).

] 1
m

. (6.15)

The individual head likelihood terms are geometrically averaged by 1
m to balance the overall likelihood

as the number of people,m, varies. This non-standard likelihood normalization is needed to make the
likelihood for different number of person comparable. The head model is obtained from three features:
textureztex

t , skin colorzskin
t , and silhouettezsil

t . The feature extraction procedure and likelihood func-
tions are the same as the one described in Chapter 4.

6.2.4 Trans-dimensional MCMC

In this sub-section, we describe how Reversible-Jump Markov Chain Monte Carlo (RJMCMC) can be
used to efficiently generate a Markov Chain which representsthe distribution of Equation 6.9. In Section
6.2.5, we will show how to infer a solution to the tracking problem from the Markov Chain, and in
Section 6.2.6 we give an overview of the algorithm.

The multi-person state-space can quickly become very largewhen we allow for an arbitrary number
of people. The state vector for a single person is ten-dimensional. Traditional sequential importance
resampling (SIR) particle filters are inefficient in such high-dimensional spaces [136]. Markov chain
Monte Carlo (MCMC) particle filters are more efficient, but donot allow for the dimensionality of the
state-space to vary (fixing the number of people). To solve this problem, we have adopted the RJMCMC
sampling scheme, originally proposed in [134] which retains the efficiency of MCMC sampling but al-
lows for ”reversible jumps” which can vary the dimensionality of the state-space.

Constructing a Markov chain with Metropolis-Hastings:
As previously mentioned, the stationary distribution of the Markov Chain must be defined over the

configuration spaceXt, it must be able to vary in dimension, and it must approximatethe filtering distri-
bution defined in Eq. 6.9 (please note that for the remainder of this section, we omit the time subscript
t for simplicity). For the task of constructing the Markov Chain, we use the Metropolis-Hastings (MH)
algorithm [136].

Starting from an arbitrary initial configuration1
X, the MH algorithm samples a new configuration

X
∗ from a proposal distributionQ(X∗|X), and adds the proposed sample to the Markov Chain with

probability

a = min

(

1,
p(X∗)Q(X|X∗)

p(X)Q(X∗|X)

)

, (6.16)

otherwise, the current configurationX is added to the Markov Chain. A Markov Chain is constructed by
repeatedly adding samples to the chain in this fashion.

1In this work, we initialize the Markov chain at timet by sampling uniformly an initial state from the Markov chainatt−1.
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Here, in practice, in contrary to what was done with the MCMC head tracker, a new configuration
X

∗ is chosen by first selecting amove type, υ∗ from a set of reversible movesΥ (defined in the next sub-
section) with prior probabilitypυ∗ . Moves must be defined in such a way that every move type which
changes the dimensionality of the state has a correspondingreverse move type [137]. The acceptance
ratioa can be re-expressed throughdimension-matching[137] as

a = min

(

1,
p(X∗)pυQυ(X)

p(X)pυ∗Qυ∗(X∗)

)

, (6.17)

whereQυ is a move-specific distribution, defined for all move types ( except swap) as

Qυ(X∗
t ) =

∑

i

Qυ(i)Qυ(X∗
t |i), (6.18)

over all peoplei, in such a way that the move is applied to a target indexi∗, while the rest of the multi-
person configuration is fixed.

Splitting the six reversible move types:
We define six move types in our model: birth, death, swap, bodyupdate, head update, and pose

update. In previous works using RJMCMC [126, 138], a single update move was defined in which all
the parameters of a randomly selected person were updated simultaneously. This was sufficient for less
complex object models, but a problem arises when multiple features are used to evaluate different aspects
of the state. For example, let us imagine an update move designed to apply motion to the body, apply
motion to the head, and adjust the head-pose simultaneously. Even if applying such a move results in
a better overall likelihood, there is no guarantee that the individual body, head, and pose configurations
have improved. Some may have remained the same, or even worsened. Because the ranges of the terms
of the overall likelihood vary, some will dominate. The result might be a model which tracks bodies well,
but poorly estimates the head-pose (which we observed in practice). We refer to this as the likelihood
balancing problem.

To overcome this problem, we propose to decouple the update move into three separate moves: body
update, head update, and pose update. In this way, we divide the task of finding a good configuration
for an entire person into three smaller problems: finding a good configuration for the body, for the head
location, and for the head-pose.

We now define the six move types. For each move type, we explainhow to choose a target index,
and define the move-specific proposal distributions and acceptance ratios.
(1) Birth. A new personi∗ is added to the new configurationX∗ which was not present in the old
configurationX: (I∗

t = It ∪ {i∗}). This implies a dimension change frommt to mt + 1.
To add a new person, a birth location,x∗

b , is sampled from the birth proposal distribution described
in Figure 6.3 using a stratified sampling strategy. Next, a new person index, or target index, must be
chosen, which may be a previously ’dead’ person, or an ’unborn’ person. The target indexi∗ is sampled
from the birth target proposal model,Qbirth(i), which is defined in such a way that the probability of
choosing a ’dead’ person depends on their temporal distanceand spatial distance to the sampled birth
location (recently killed, nearby people are most likely tobe reborn). The probability of choosing an
’unborn’ person is unity minus the sum of ’dead’ probabilities.
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Having chosen a target index, the birth move is applied toi∗ while the rest of the multi-person
configuration is fixed; in Eq. 6.18 this is done by definingQυ(X∗

t |i) as

Qbirth(X∗
t |i) =

1

N

∑

n

p(X∗
i,t|X

(n)
t−1)

∏

l∈It

p(Xl,t|X
(n)
t−1)δ(X

∗
l,t −Xl,t). (6.19)

Initial body parameters of a new object (born or reborn) are sampled from learned Gaussian distributions.
Initial head and pose parameters are chosen to maximize the head likelihood.

Now that the identity and parameters of the new personi∗ have been determined, it can be shown
that the acceptance ratio for the new multi-person configuration X

∗
t is given by

abirth = min

(

1,
p(zt|X

∗
t )
∏

j∈Ci∗
φ(X∗

i∗,t,X
∗
j,t)

p(zt|Xt)

pdeath

pbirth

Qdeath(i∗)

Qbirth(i∗)

)

, (6.20)

whereCi∗ andφ are pairs of proximate objects and the interaction potential defined in Section 6.2.2,
andqdeath(i∗) is the reverse-move death target proposal model. Note that the interaction model helps
discourage births that overlap existing people and complexity is reduced as many terms inp(zt|X

∗
t ) and

p(zt|Xt) cancel.

(2) Death.An existing personi∗ is removed from the new configurationX∗ which was present in the old
configurationX (I∗

t = It\{i
∗}) where\ is the difference between sets. This implies a dimension change

from mt to mt − 1. The target indexi∗ is chosen with probabilityqdeath(i) by uniformly sampling from
the set of ’live’ people (i.e.qdeath(i) = 1

mt
). Personi∗ is removed keeping the rest of the multi-person

configuration fixed, with mixture components defined as

Qdeath(X∗
t |i) =

1

N

∑

n

∏

l∈It,l 6=i

p(Xl,t|X
(n)
t−1)δ(X

∗
l,t − Xl,t), (6.21)

and the acceptance probability can shown to simplify to

adeath = min

(

1,
p(zt|X

∗
t )

p(zt|Xt)
∏

j∈Ci∗
φ(Xi∗,t,Xj,t)

pbirth

pdeath

Qbirth(i∗)

Qdeath(i∗)

)

. (6.22)

(3) Swap. The configurations of a pair of objects,i∗ andj∗ are swapped. The proposal is a mixture
model over pairs of objectsQs(X

∗
t ) =

∑

i,j qswap(i, j)Qswap(X
∗
t |i, j). Candidates are chosen with

probabilityqswap(i, j), which is defined such that the probability a pair of people are chosen is a function
of their proximity (nearby pairs are more likely to be selected). When the move is applied, the mixture
componentQswap(X

∗
t |i, j) swaps the configurations of objectsi∗ and j∗. It can be shown that the

acceptance ratio for the swap move is reduced to

aswap = min

(

1,
p(zt|X

∗
t )

p(zt|Xt)

)

. (6.23)

(4) Body update. The body parametersXb
i,t: including its location (xb, yb), heightsb, and eccentricity
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eb are updated. The body update move proposal is defined asQbody(X
∗) =

∑

i
1

mt
Qbody(X

∗|i) with

Qbody(X
∗|i) =

1

N

∑

n

p(Xb,∗
i∗,t|X

(n)
t−1)p(Xb,∗

i∗,t|X
(n)
t−1)δ(X

b,∗
i∗,t − Xb

i∗,t)
∏

l∈It\i∗

p(Xl,t|X
(n)
t−1)δ(X

∗
l,t − Xl,t)

=
1

N

∑

n

w
b,∗,(n)
i∗,t p(Xb,∗

i∗,t|X
(n)
t−1) (6.24)

whereXb
i∗,t denotes all state parameters exceptX

b
i∗,t, andXb,∗

i∗,t denotes the proposed body configuration
for targeti∗. In practice, this implies first selecting a person randomly, i∗, and sampling a new body
configuration for this person fromp(Xb,∗

i∗,t|X
b,n∗

t−1 ), using a particlen∗, sampled according to the weights

w
b,∗,(n)
i∗,t , from the previous time and keeping all the other parametersunchanged. With this proposal, the

acceptance probabilityabody can then be shown to reduce to:

abody = min

(

1,
p(zb

t |X
b,∗
i∗,t)p(Lh,∗

i∗,t|X
b,∗
i∗,t)

∏

j∈Ci∗
φ(X∗

i∗,t,X
∗
j,t)

p(zb
t |X

b
i∗,t)p(Lh

i∗,t|X
b
i∗,t)

∏

j∈Ci∗
φ(Xi∗,t,Xj,t)

)

. (6.25)

(5) Head update. This move implies sampling the new head spatial configuration of personi∗ in a
similar fashion according top(L∗

i∗,t|L
n∗

t−1) . The acceptance ratioahead simplifies to

ahead = min

(

1,
p(zh,∗

i∗,t|X
h,∗
i∗,t)p(Lh,∗

i∗,t|X
b,∗
i∗,t)

p(zh
i∗,t|X

h
i∗,t)p(Lh

i∗,t|X
b
i∗,t)

)

. (6.26)

(6) Pose update. The last move consists of simply sampling the new head-pose from the proposal
functionp(θ∗i∗,t|θ

n∗

t−1) and accepting with probabilityapose:

apose = min

(

1,
p(zh

i∗,t|X
h,∗
i∗,t)

p(zh
i∗,t|X

h
i∗,t)

)

. (6.27)

6.2.5 Inferring a solution

In RJMCMC, the firstNb samples added to the Markov Chain (using the MH algorithm) are part of the
burn-in cycle, which allows the Markov Chain to reach the target density. The filtering distribution is
approximated by theNp samples taken after the burn-in point. The Markov Chain, however, does not
provide a single answer to the tracking problem.

For this reason, we compute a point estimate, which is a single multi-person configuration calculated
from the stationary distribution that serves as the tracking output. To determine the (discrete) configura-
tion of people in the scene, we search for the most common configuration of people, taking into account
swapped identities, births, and deaths. Using these samples, we determine the (continuous) bodyX

b
i,t

and head spatial configurationsLh
i,t for the various people in the scene (including head rollγi,t) by taking

the Marginal Mean of each parameter. For the out-of-plane head rotations represented by the discrete
exemplarθi, we take the Marginal Mean of the corresponding Euler anglesfor pan and tilt.
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6.2.6 Pseudo-code

The detailed steps of our joint multi-person body-head tracking and WVFOA estimation model is sum-
marized in Figure 6.4.

6.3 WVFOA modeling

The WVFOA task is to automatically detect and track a varyingnumber of people able to move about
freely, and to estimate their VFOA. The WVFOA problem is significantly more complex than the tra-
ditional VFOA problem because it allows for a variable number of moving people instead of a single
stationary person. The advertising application we have chosen as an introduction to WVFOA represents
a relatively simple instance of the problem because we are only attempting to measure the focus of atten-
tion on a single target: the advertisement. More complex WVFOA scenarios could have several targets,
moving targets, or both.

For the advertising application, a person’s WVFOA is definedas being in one of two states:

• focused - looking at the advertisement, or

• unfocused - not looking at the advertisement.

Note that this is just one of many ways in which the WVFOA can berepresented, but it is sufficient to
solve the task targeted in this work. A persons state of focusdepends both on their location and on their
head-pose as seen in Figure 6.5. For head location and head-pose information, we rely on the output of
the RJMCMC tracker described in Section 6.2.

To model the WVFOA, we chose to check for only the focused state, though this method could be
easily extended to model both focused and unfocused states.To determine if a person is in a focused
state, we extract the pointing vectorzh from the pose estimate output by the RJMCMC tracker, which
is characterized by the pan and tilt angles, as well as the horizontal head positionxh (see Figure 6.5).
Because the target advertisement is stationary, the rangesof zh corresponding to the focused state are
directly dependent on the location of the head in the image. For this reason, we chose to split the image
into K = 5 horizontal regionsIk, k = {1, ..., 5}, and modeled the likelihood of a focused state as

p(zh) =
K
∑

k=1

p(xh ∈ Ik, z
h) =

K
∑

k=1

p(xh ∈ Ik)p(zh|xh ∈ Ik) (6.28)

where the first termp(xh ∈ Ik) models the likelihood a person’s head location belongs to region Ik, and
the second termp(zh|xh ∈ Ik) models the likelihood of focused head-pose given the regionthe head
belongs to. The inclusion of the head location in modeling the WVFOA allowed us to solve an issue not
previously addressed [114, 117, 102]: resolving the WVFOA of a person whose focused state depends
on their location.

The terms of the WVFOA model in Equation 6.28 are defined as follows. The image horizontal
axis,x, is divided intoK regionsIk whose centers and width are denoted byxIk

andσIk
, respectively.

The probability of a head locationxh belonging to regionIk is modeled by a Gaussian distribution
p(xh ∈ Ik) = N (xh;xIk

, σIk
). For each region, the distribution of pointing vectors representing a
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Algorithm 1 : Multi-Person Body/Head Tracking and WVFOA Estimation with RJMCMC

At each time stept, the posterior distribution of Eq. 6.9 is represented by a Markov Chain consisting of a
set ofN = Nb + Np samples{X(n)

t , n = Nb, ..., N}. Body, head, and pose parameters are inferred from
the Markov Chain after it reaches the burn-in point. Using these values, the WVFOA model determines if
the persons attention is focused on the advertisement or unfocused.

1. Initialize the MH sampler by choosing a sample from thet − 1 Markov Chain with the MPM
number of people (mMPM

t−1 ). Apply the motion model and accept it as samplen = 1.

2. Metropolis-Hastings Sampling. DrawN = Nb + Np samples according to the following
schedule (whereNb is the burn-in point):

• Begin with the state of the previous sampleX
(n)
t = X

(n−1)
t .

• Choose Move Type by sampling from the set of movesΥ = { birth, death, swap,
body update, head update, pose update} with prior probabilitypυ∗ .

• Select a Target i∗ ( or set of targetsi∗, j∗ for swap) according to the target proposal
qv(i) for the selected move type.

• Sample New Configuration X
∗
t from the move-specific proposal distributionQυ∗ .

For the various move types, this implies:

– Birth - add a new personi∗ m
(n)∗
t = m

(n)
t + 1 according to Eq. 6.19.

– Death - remove an existing personi∗ m
(n)∗
t = m

(n)
t − 1 according to Eq. 6.21.

– Swap - swap the parameters of two existing peoplei∗,j∗ X
(n)
i,t → X

(n)∗
j,t , X(n)

j,t → X
(n)∗
i,t .

– Body Update - update the body parametersX
b,(n)∗
i,t of an existing personi∗ (Eq. 6.24).

– Head Update - update the head parametersL
h,(n)∗
i,t of an existing personi∗.

– Pose Update - update the pose parameterk
(n)∗
i,t of an existing personi∗.

• Compute Acceptance Ratio α according to Equations 6.20, 6.22, 6.23, 6.25 6.26, and
6.27.

• Add nth Sample to the Markov Chain: Ifα ≥ 1, then add the proposed configuration (X
∗).

Otherwise, add the proposedX∗ with probabilityα. If the proposed configuration is rejected,
add the previousX (i.e. X(n−1)

t ).

3. Compute a Point Estimate Solution from the Markov Chain (as in Section 6.2.5):

• determine the most common multi-person configurationX̂t accounting for births, deaths, and
swaps. Collect the samples of this configuration into a setW .

• determine the bodŷXb
t and head̂Lh

t spatial configurations, and the out-of-plane head rotations
for the various people in the scene by computing the MarginalMean of the parameters over
the setW (using Euler decompositions for pan̂αh and tilt β̂h).

4. Determine the WVFOA for each person in the scene (as in Section 6.3):

• determine the likelihood each person is in a focused state from their horizontal head location
x̂h

t and pointing vector̂zh
t according to Equation 6.28.

• if the likelihood is greater than a thresholdp(zh) > Twvfoa, that person is focused, otherwise
he/she is unfocused.

Figure 6.4: Algorithm for joint multi-person body and head tracking and WVFOA estimation with RJM-
CMC.



6.4. TRAINING AND PARAMETER SELECTION 123

Figure 6.5: WVFOA Modeling. (Left) WVFOA is determined by head-pose and horizontal position in
the image. The horizontal axis is split into 5 regions (I1, ..., I5), and a WVFOA model is defined for each
of these regions. Yellow, green, cyan, black, and blue data points represent focused head locations used
for training and red arrows represent 2D projections of typical samples of focused pointing vectorszh.
Note that the advertisement is affixed to a window and appearsjust above the image frame. (Right) Over
9400 training points representing a person in a focused state (also seen in the left pane) were split into 5
regions along the horizontal axis and used to train a Gaussian model for each region.

focused state was modeled using a Gaussian distribution. Typical pointing vectors for each region are
seen in Figure 6.5.

The parameters of the WVFOA model (Gaussian mean and covariance matrix) were learned from
the training data described in the next section. Though our WVFOA model does not make use of the
vertical head location, it is straightforward to generalize the models by allowing other partitions{Ik} of
the image plane. Finally, a person is determined to befocusedwhen the corresponding likelihoodp(zh)
in Eq. 6.28 is greater than a threshold,Twvfoa.

As an alternative, one might attempt to bypass the tracking model and find the location and head-
pose using a face detector. However, a face detector alone might not be sufficient to solve the WVFOA
problem for several reasons: (1) the WVFOA problem allows for a range of head-poses beyond that of
typical face detectors (including situations where part ornone of the face is visible - partially visible in
our case) (2) unless they include an additional tracking stage, existing state-of-the-art face detectors such
as that described in [32] have no mechanism to maintain identity between time steps or recover from
occlusions. Properties of face detection and tracking are necessary to solve the WVFOA problem, and
indeed elements of our head model share commonalities with face detectors.

6.4 Training and parameter selection

In this section we will describe our training procedure and how we determine the key parameters of our
model. We begin by describing the setup of the experiment.
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Figure 6.6:Experimental Setup.(Left) Inside the building, a camera is placed so that it is facing out a window. The view
from the camera can be seen in the insert. (Right) Outside, the advertisement in the window is noticeable to people walking
along the footpath. The fake advertisement poster can be seen in the insert.

6.4.1 Experimental setup

To simulate the advertising application, an experiment wasset up as seen in Figure 6.6. A fake adver-
tisement was placed in an exposed window with a camera set behind. The camera view can be seen in
the left-hand insert, with the bottom edge of the poster appearing at the top of the image above the heads
of the subjects.

In our experiments, actors were used due to privacy concernsfor actual passers-by. The actors were
instructed to pass in front of the window with the freedom to look at the advertisement (or not) as they
would naturally. A recording of 10-minute duration (360 × 288 resolution, 25 frames per sec.) was
made in which up to three people appear in the scene simultaneously. The recorded data includes several
difficult tracking events such as people passing and occluding each other. Though simulated, every effort
was made to ensure that the data was as fair a representation of a real-life scenario as possible.

6.4.2 Training

The recorded video data was organized into a training and test set of equal size and disjoint from each
other. The training set, consisting of nine sequences for a total of 1929 frames, was manually annotated
for body location, head location, and focused/unfocused state.

The parameters for the foreground segmentation were tuned by hand by observing results on the
training set. The binary body feature model was trained withthe annotated body locations and foreground
segmented binary images of the training set. Using this information, GMMs were trained for precision
and recall for the foreground and the background. Head annotations were used to learn the parameters
of the Gaussian skin-color distribution in the head-pose skin feature. The silhouette mask was also
trained using the head annotations (1929 frames), by averaging the binary patches corresponding to head
annotations. Parameters for the WVFOA model, includingTwvfoa, were optimized on the training data
(bootstrapped to 9400 training points, see Figure 6.5) to achieve the highest WVFOA event recognition
performance (see Section 6.5 for details on event recognition performance). The training set was also
used to learn prior sizes (scale and eccentricity) for the person models. The head texture and skin color
models were learned from the Prima-Pointing Database, which consists of 30 sets of images of 15 people,
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Table 6.1: Symbols, values, and descriptions for key parameters of our model.

Parameter Value Set by Description

αscale 0.01 learnedmotion modelbody and head scale variance (AR2 process)

αposition 2.4 learnedmotion modelbody and head position variance (AR2 process)

Kbf 1 learnedobservation modelbody binary model number of Gaussians (foreground)

Kbb 3 learnedobservation modelbody binary model number of Gaussians (background)

λF 20 learnedobservation modelbody color foreground hyper-parameter

λsil 200 learnedobservation modelhead silhouette hyper-parameter

λtex 0.5 learnedobservation modelhead texture hyper-parameter

Ttex exp(−9
2 ) learnedobservation modelhead texture threshold

λsk 0.5 learnedobservation modelhead skin color hyper-parameter

pbirth 0.05 hand RJMCMCprior probability of choosing abirth move

pdeath 0.05 hand RJMCMCprior probability of choosing adeathmove

pswap 0.05 hand RJMCMCprior probability of choosing aswapmove

pbody 0.283 hand RJMCMCprior probability of choosing abody updatemove

phead 0.283 hand RJMCMCprior probability of choosing ahead updatemove

ppose 0.283 hand RJMCMCprior probability of choosing apose updatemove

Np 300,600,800learnedRJMCMCnumber of samples in chain for 1,2,3 simultaneous people, resp.

Nb 0.25*Np hand RJMCMCnumber ofburn-in samples

Kwvfoa 5 hand WVFOA modelnumber of Gaussians

Twvfoa 0.00095 learnedWVFOA modellikelihood threshold

each containing 79 frontal images of the same person in a different pose ranging from -90 degrees to 90
degrees.

6.4.3 Parameter selection

In addition to the trained models, the rest of the parametersof our algorithm were chosen by hand. Some
were selected using the training set without exhaustive tuning. Others (e.g. single-person dynamic model
parameters) were assigned standard values. Unless explicitly stated, all parameters remain fixed for the
evaluation described in the next section. In Table 6.1, a description of the key parameters mentioned in
the text and their values are provided.

6.5 Evaluation

As mentioned in the introduction, we applied our model to a hypothetical Nielsen-like outdoor adver-
tisement application. The task was to determine the number of people who actually looked at an adver-
tisement as a percentage of the total number of people exposed to it.

To evaluate the performance of our application, a ground truth for the test set was hand annotated
in a similar manner to the training set. The test set consistsof nine sequences,a throughi. Sequences
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Table 6.2: Test set data summary.

sequencelength # people # looks description
(s) total simultaneous at ad

a 15 3 1 2 person from right (no look), person from left (looks), person from right (looks)

b 13 3 1 3 person from left (looks), person from right (looks), personfrom right (looks)

c 10 3 1 3 person from right (looks), person from left (looks), personfrom right (looks)

d 5 2 2 2 2 people cross from the right, both look at ad

e 6 2 2 3 2 people cross from the left, both look at ad (1st looks twice)

f 4 2 2 2 2 people cross from the left, both look at ad

g 4 2 2 1 2 people cross from the right,2nd looks at ad

h 4 2 2 2 1 person from right (looks at ad), another from left (no look)

i 11 3 3 4 3 people appear from right, all look at ad (1st looks twice)

a, b, andc contain three people (appearing sequentially) passing in front of the window. Sequencesd
throughh contain two people appearing simultaneously. Sequencei contains three people appearing
simultaneously. The details of the test set are summarized in Table 6.2. Our evaluation compared our
results with the ground truth over 180 experiments on the 9 test sequences (as our method is a stochastic
process, we ran 20 runs per sequence). The length of the Markov Chain was chosen such that there was
a sufficient number of samples for good quality tracking according to the number of people in the scene
(see Table 6.1). Experimental results are illustrated in Figures 6.7 and 6.11.

In the remainder of this section, we will discuss the performance of the multi-person body and head
tracking (Section 6.5.1), the advertisement application (Section 6.5.2), and the effect of varying the
length of the Markov chain (Section 6.5.3).

6.5.1 Multi-person body and head tracking performance

To evaluate the multi-person body and head tracking performance we adopt a set of measures proposed in
[139]. These measures evaluate three tracking features: the ability to estimate the number and placement
of people in the scene (detection), the ability to persistently track a particular person over time (tracking),
and how tightly the estimated bounding boxes fit the ground truth (spatial fitting).

To evaluate detection, we rely on the rates ofFalse PositiveandFalse Negativeerrors (normalized
per person, per frame) denoted byFP andFN . TheCounting DistanceCD measures how close the
estimated number of people is to the actual number (normalized per person per frame). ACD value of
zero indicates a perfect match. To evaluate tracking, we report theTracker PurityTP andObject Purity
OP , which estimate the degree of consistency with which the estimates and ground truths were properly
identified (TP andOP near 1 indicate well maintained identity, near 0 indicate poor performance). For
spatial fitting, theF-measuremeasures the overlap between the estimate and the ground truth for the
body and head from recallρ and precisionν, (F = 2νρ

ν+ρ ). A perfect fit is indicated byF = 1, no overlap
by F = 0.

Per-sequence results appear in Fig. 6.8 with illustrationsfor sequencef in Fig. 6.7 and for se-
quencesb, e, h, andi in Fig. 6.11. For detection (Fig. 6.8a), theFP andFN rates are reasonably low,
averaging a total of 2.0FN errors and 4.2FP errors per sequence. These errors usually correspond to
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Figure 6.7:Experimental Results. Upper Row: Frames from Sequencef in which two people cross the
scene from left to right, looking at the advertisement once each. Tracking results appear as green and
blue boxes around the body and head (with an associated pointing vector). A yellow pointing vector/head
border indicates afocusedstate, a white pointing vector/head border indicates anunfocusedstate. The
ground truth appears as shaded boxes for the head and the body(the head area is shaded yellow when
labeled asfocusedand grey when labeled asunfocused). Bottom Row, Left: The top plot contains a
history of person detection errors over the course of the sequence, the middle plot contains a summation
over all the errors, the bottom plot shows CD (see text for descriptions of these measures). Center:
WVFOA results for both people over the duration of the sequence. The ground truth appears as yellow
bars (raised indicates afocusedstate, lowered whenunfocused, and non-existent when the object does
not appear in the scene). The tracking results appear as blueand green lines. Right:F measures how
tightly the bounding boxes fit the ground truth for each person.

problems detecting exactly when a person enters or leaves the scene. The overallCD, which indicates
the average error in the estimation of the number of people inthe scene, was 0.018 (where zero is ideal).

For tracking (Fig. 6.8b),TP andOP are both of high quality. CombiningTP andOP using the
F-measure as for spatial fitting (2TP OP

TP+OP
), we find that overall our model produced a high value (0.93).

The main source of error in tracking was due to extraneous trackers appearing when people enter or leave
the scene. A second source of error occurred when a person exited the scene followed by another person
entering from the same place in a short period of time: the second person was often misinterpreted as
the first. Sequenceh, in which people crossed paths and occluded one another, sawa slight drop in
performance compared to the other sequences, but we were still able to maintain 81.3% purity (other
sequences ranged from 80.5% to 98.3%). These numbers indicate that our model was mostly successful
in maintaining personal identity through occlusion, as seen in Fig. 6.11

Finally, for spatial fitting, the bounding boxes generally fit the ground truths tightly, as evidenced by
Figures 6.7, 6.8c and 6.8d. Both the body and head had a mean fitof 0.87 (1 being optimal). As seen
in Figure 6.7, the fit often suffered from partially visible bodies and heads that occurred when people
entered and exited the scene.
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Figure 6.8: Multi-Person Head and Body Tracking Results. The detection performanceplot in (a)
measures the ability of the model to estimate the correct number and placement of people in the scene.
Measures shown include the normalizedfalse positive(FP ) and false negative(FN ) error rates (per
person, per frame), and thecounting distance(CD) (near-zero values are good, see text). Thetracking
performanceplot in (b) measures the ability of the model to persistently track people over time.Tracker
purity (TP ) andobject purity(OP ) measure the consistency with which the ground truths and estimates
were properly identified. TP and OP values near 1 indicate good performance. Plots(c) and(d) show
thespatial fittingresults (how well the tracker bounding boxes fit the ground truth) for the body and the
head over the nine sequences. Overlap between the estimate and ground truth are measured using the
F-measure. A value of 1 indicates a perfect fit, a value of zeroindicates no overlap. In each plot, the
standard deviation is represented by error bars (cases where no error bar is visible indicatesstd = 0).

6.5.2 Advertisement application performance

To evaluate the performance of the advertisement application, the results from our model were compared
with a ground truth where the WVFOA was labeled for each person as eitherfocusedor unfocused. In
our evaluation, we considered the following criteria: (1) the number of people exposed to the advertise-
ment, (2) the number of people who looked, orfocused, at the advertisement, (3) the number of events
where someonefocusedon the advertisement (look-events), and (4) the frame-based and (5) event-based
recognition rates of the WVFOA. Results for the ad application evaluation appear in Figure 6.9.

Regarding criterion 1, over the entire test set, 22 people passed the advertisement, while our model
estimated a value of 22.15 (average for all runs, standard dev. = .17), in Figure 6.9a we can see that the
number of people was correctly estimated for all sequences excepta, c, andh.

With respect to criterion 2, from a total of 22 people, 20 actually focusedon the advertisement.
Our model estimated a value of 20.75 (standard dev.= .09). Figure 6.9b shows perfect results for all
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sequences excepta, d, andh.
For criterion 3, we defined a look-event as afocusedstate for a continuous period of time of 3 frames

or more. The total number of look-events in the test data set was 22, 21 of which our system recognized
on average (standard dev. =.89). This result was determined through a standard symbol matching
technique (see below). However, our model estimated 37 total look-events on average (standard dev.
= 1.1). This disparity can be partially attributed to problems inhead-pose estimation for heads partially
outside the image as people enter or leave. The look-event estimation results would improve if we did
not consider WVFOA in these cases. Also, the look event duration of 3 frames is quite strict, and some
erroneous looks were generated by noise.

Finally, to evaluate the overall quality of WVFOA estimation, we compute recognition rates for
event-based WVFOA and frame-based WVFOA using the aforementionedF-measure. To compute the
event-basedF , the ground truth and estimated WVFOA are segmented over theentire sequence into
focused and unfocused events, symbol matching is performedaccounting for temporal alignment, and
F is computed on matched segments. Results are shown in Figure6.9d. The overall event-basedF is
0.76 (standard dev. =.13). The frame-basedF is computed by matching the estimated WVFOA for each
frame to the ground truth. The overall frame-based F-measure is 0.76 (standard dev.= .06). Poor frame-
based results in sequenceg occurred because the subjectfocusedfor a very short time as he entered the
field of view (0.3s), during which time his head was only partially visible. However, our model still
managed to detect at theeventlevel withF = .75.

6.5.3 Varying the number of particles

To study the model’s dependency on the number of samples, we conducted experiments on sequencei
(the most complex in terms of number of simultaneous people), varying the number of samplesN =
{50, 100, 200, 600, 800, 1000}. The results are shown in Fig. 6.10. For allN , the model correctly esti-
mated the number of people who passed and the number of peoplewho looked. With less samples, the
spatial fitting and detection (as measured by1−CD) suffered. The head tracking and head-pose estima-
tion was noticeably shakier with less samples, and the WVFOAestimation suffered as a consequence.
This is shown by the increased error in the number of estimated looks for low sample counts. The model
stabilized around approximatelyN = 600.

6.6 Conclusion

In this chapter, we have introduced the WVFOA problem and presented a principled probabilistic ap-
proach to solving it. Our work thus contributes in terms of both problem definition and statistical vision
modeling. Our approach expands on state-of-the-art RJMCMCtracking models, with novel contributions
to object modeling, likelihood modeling, and the sampling scheme. We applied our model to a real-world
application and provided a rigorous objective evaluation of its performance. From these results we have
shown that our proposed model is able to track a varying number of moving people and determine their
WVFOA with good quality. Our model is general and can easily be adapted to other similar applications.

For future work, investigating the usefulness of using a spatially dependent face/pose detector as an
additional feature is one possible avenue. Other work mightinclude modeling multiple human-to-human
interaction using WVFOA.
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Figure 6.9: Ad Application Results. The first three plots show(a) the number of people exposed to the
advertisement,(b) the number of people who looked at the advertisement, and(c) the number of “look
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detected by our system. In each plot, the standard deviationis represented by error bars (cases where
no error bar is visible indicatesstd = 0). Plot (d) shows the overall recognition rate offocusedand
unfocusedstates (calculated based on events and based on frame counts).
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Figure 6.11: Tracking and WVFOA Results.Results for four sequences,b, e, h, andi. A summary plot
of the WVFOA performance is provided in the last pane of each row. For details on interpreting the
plots and symbols, refer to Fig 6.7. Here, we can see the WVFOAperformance was nearly perfect for
sequenceb and exhibited slight errors in sequencei. The2nd person (green) in sequencee suffered from
prematurely estimating afocusedstate. Sequenceh suffered some ambiguities due to the loss of head
tracking as people crossed paths. The last frame of sequencei shows aFP error generated as a tracker
was placed where no ground truth was present (though the subject is half visible as he exits the scene).
Such situations can cause ambiguity problems.
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Chapter 7

Conclusions and future works

7.1 Conclusions

This thesis was conducted in the context of the Augmented Multi-party Interaction (AMI) project which
targets computer enhanced multi-modal interaction in the contexts of meetings. This thesis was also con-
ducted through the Interactive Multi-modal Information Management (IM2) Swiss NCCR1 within the
Multiple Camera Tracking and Activity Recognition (MUCATAR) Project. The MUCATAR Project was
aimed at designing probabilistic based models and algorithms for the simultaneous tracking of people
and recognition of their activities. More precisely, the goal of this thesis was to study the recognition of
people’s visual focus of attention (VFOA) from video recordings, assuming low to medium resolution
imagery. No electronic sensors were to be used to solve the task. Also, the image resolution did not
allows for the use of 3D models, or other models such as activeappearance models (AAM) requiring
high resolution imagery. Thus, we adopted an approach relying on the tracking of the head location and
pose, and then on the VFOA estimation from the head pose (and position if necessary). The contributions
of this thesis are the following.

Head pose video database:
We built a publicly available head pose video database usinga magnetic field head location and orienta-
tion tracker. This database is an important contribution ofthis thesis. It was built due to the absence in
the tracking community of an evaluation database. Although, few researchers who used head pose video
data with pose ground truth for evaluation, their database were private, thus did not allow algorithms
evaluation and comparison. Furthermore, most of the time, these databases were constituted by very
short recordings.

Head pose tracking:
We proposed a probabilistic framework for joint head tracking and pose estimation. It relies on a dis-
cretization of the head pose space and the learning of appearance models from various cues (texture,
skin color, background subtraction). Different tracking methods were formulated within a Bayesian
formalism solved through sampling techniques. From a rigorous evaluation of the head pose tracking
methodologies, we showed that jointly tracking the head location and pose is more efficient than track-
ing the head location, and then estimating the pose. Secondly, we showed that the Rao-Blackwellized

1National Center for Competence in Research
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version of the mixed state particle filter was more efficient than the raw MSPF or the MCMC that we
studied. Finally, we also showed that the use of a data drivencomponent allowed for more reliable
tracking performances.

VFOA recognition in meetings:
We generalized to more complex situations previous work about modeling the VFOA of static persons
from their head pose. In our work, due to the physical setup, the whole range of head pose variation was
required (pan and tilt). Furthermore, the set of potential VFOA targets to be recognized was larger. In our
setup, there were six potential VFOA targets while in previous work, there were only 3 potential VFOA.
We modeled the VFOA using classical Gaussian mixture models(GMM), and hidden Markov models
(HMM). The hidden state of these models were the potential VFOA targets. The head poses, obtained
either from the RBPF head pose tracker or the head pose groundtruth (GT) from the evaluation database,
were used as observations. Two methods were used to learn theobservation models. The first method
was based on using a training approach from annotated data, the second method was based on a geometric
approach using the 3D geometry of the meeting room. Also, because people have personal ways to look
at targets, unsupervised maximum a posteriori adaptation (MAP) of the generic VFOA models is applied
to the input test data. From a thorough evaluation of our models, we showed that there can be a significant
degradation when passing from clean GT data to head pose tracking data that can be sometimes noisy due
to short time tracking failure. Secondly, we showed that unsupervised MAP adaptation can significantly
improve the VFOA recognition. Thirdly, while the geometricapproach achieves similar results than the
training-based approach, when using the head pose GT data, it generates slightly better results when
using the tracking head pose estimates. One of the reason is that, the geometric model parameters are
noise free in the sense that they do not depend on noisy head pose training data estimates. Keeping in
mind that VFOA annotation is a very tedious task, the geometric model is very promising for future
research. It will allow us to study the VFOA of moving people where generating training data to apply
the training based approach is infeasible.

Moving people VFOA recognition:
As a preliminary work about the study of VFOA of moving people, we proposed to solve the following
task: given an advertisement posted on a glass windows, track the people passing by the window and
recognize wether or not they are focusing their attention onthe advertisement. We termed this task
wandering VFOA (WVFOA) recognition. Solving this task requires the tracking of the body location,
head location and pose of multiple people, and building a VFOA model allowing to handle moving
people. We used reversible jump Markov Chain Monte Carlo (RJ-MCMC) to achieve the multi-person
configuration tracking. In a second step, head location and pose output of the tracker are used in a GMM
framework to recognize whether or not people are focusing onthe advertisement. The evaluation of the
method we proposed showed that, though the dimension of the multi-person state space was very high,
10 dimension for each person present in the scene, the tracking method was very reliable. The WVFOA
model was also very efficient to recognize people’s VFOA. TheWVFOA, including the geometric VFOA
modeling, is a good starting point to study the VFOA of movingpeople when there are multiple possibly
moving VFOA targets.
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7.2 Limitations and future work

In this thesis, although we deeply investigated probabilistic head pose tracking and VFOA modeling,
further investigations can be conducted. In the following we analyze some of the limitations of our work
and propose future research directions, first about head pose tracking, then about VFOA modeling.

7.2.1 Head pose tracking

Appearance model adaptation:
Our head pose tracking algorithms are based on appearance models, built from texture observations,
skin color observation, and binary feature from backgroundsubtraction. In this work, only the feature
extraction process has been made adaptive. The skin color distribution and the background model were
temporally adapted to the new data. However, the appearancemodels were not adapted to the individuals.
From our experience, better tracking performance were achieved with people who were more similar to
the appearance models. Thus, developing methods able to be adapted to individual people would be quite
beneficial. Investigations can be made towards using global3D head models, where adaptation is more
natural than with our discretized setting. However, this will require more robust model fitting techniques
that can be applied to low or medium head image resolution.

Multi-sensor tracking:
In this work, we studied the VFOA recognition using only a single camera view of people. In the
context of the meeting room, it is worth noticing that there are multiple camera views. A person is
always recorded from at least two camera views. Our trackingframework could be generalized to a
multi-view probabilistic tracking framework. We have noticed that the estimation of near frontal pose
are more reliable than near profile pose estimation. If cameras recording from orthogonal views are
available, complementary information are provided by the cameras. Prior on the reliability of each of
the camera views depending on the pose estimated by a camera could be used in a fusion process. Also,
investigations can be made to integrate in our tracking model speech signals from microphone arrays to
allow tracking initialization or re-initialization aftertracking failures due to occlusions. Speech can also
be used to improve the proposal function when generating candidate head locations.

7.2.2 VFOA recognition

Multiple moving people VFOA recognition:
In this thesis, we have studied thoroughly the VFOA recognition of static persons in a meeting context
and the VFOA of moving person potentially looking at one static VFOA target. Interesting future in-
vestigations would be to study the VFOA of moving persons with possibly moving VFOA targets. This
task is very challenging as in this case, the class conditional distributions for the VFOA targets need
to be dynamic. The geometric VFOA model that we proposed in this thesis is a good starting point to
study the VFOA of moving people. It can be a more straightforward approach to build class conditional
distributions for any kind of possible person-VFOA target configurations, while in a static off line ap-
proach using training data, generating training data for all the possible configurations becomes quickly
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infeasible.

Multi-sensor VFOA recognition:
VFOA recognition, as head pose tracking, can make use of the multiple cameras and microphones avail-
able in meeting rooms. In conversations, VFOA is tightly connected to speech structure, as people
usually gaze at the speaker. Thus speech features can bring complementary information to the visual
gaze information. Because of the relation between VFOA and conversations structures, investigations
should be conducted about using VFOA as a features to estimates conversation patterns such as finding
a person addressees, or dominant people in a meeting.

We can also considerer the focus of a person as being a complementary information to the focus of
another person. The reason is that, in groups, people’s gazes are highly correlated. People mutually
gaze at each other or gaze to the same target. Thus, investigating joint modeling of the VFOA of all the
persons instead of considering people’s VFOA as independent is natural.
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