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Abstract

During the last two decades, computer science what are filiy &b give to provide to machines in

order to give them the ability to understand human beha@ae of them which is an important key to
understand human behaviors, is the visual focus of atteifti&OA) of a person, which can be inferred
from the gaze direction. The VFOA of a person gives insiglduabnformation such as who or what
is the interest of a person, who is the target of the persgregech, who the person is listening to.
Our interest in this thesis is to study people’s VFOA usingpater vision techniques. To estimate
the VFOA of attention from a computer vision point of viewjstrequired to track the person’s gaze.
Because, tracking the eye gaze is impossible on low or mimutsn images, head orientation can be
used as a surrogate for the gaze direction. Thus, in thissthes investigate in a first step the tracking
of people’s head orientation, in a second step the recogniti their VFOA from their head orientation.

For the head tracking, we consider probabilistic methodethaon sequential Monte Carlo (SMC)

techniques. The head pose space is discretized into a #@ité poses, and Multi-dimensional Gaussian
appearance models are learned for each discrete pose. ddretdihead models are embedded into a
mixed state particle filter (MSPF) framework to jointly eséte the head location and pose. The evalua-
tion shows that this approach works better than the trawditiparadigm in which the head is first tracked
then the head pose is estimated.
An important contribution of this thesis is the head posekiray evaluation. As people usually evaluate
their head pose tracking methods either qualitatively ah\private data, we built a head pose video
database using a magnetic field 3D location and orientatexkeér. The database was used to evalu-
ate our tracking methods, and was made publicly availablgltev other researchers to evaluate and
compare their algorithms.

Once the head pose is available, the recognition of the VF@Ae done. Two environments are
considered to study the VFOA: a meeting room environmentanelitdoor environment. In the meeting
room environment, people are static. People’s VFOAs werdiest depending on their locations in the
meeting room. The set of VFOASs for a person is discretizedl énfinite set of targets: the other people
attending the meeting, the table, the slide screen, andh@n®OA target called un-focused denoting
that the person is focusing none of the previous defined VE®@As head poses are used as observations
and potential VFOA targets as hidden states in a Gaussialumaimodel (GMM) or a hidden Markov
model (HMM) framework. The parameters of the emission phdlia distributions were learned by two
ways. A first way using head pose training data, and a secogmemwaoiting the geometry of the room
and the head and eye-in-head rotations. Maximum a postadaptation (MAP) of the VFOA models
was to the input test data to take into account people pdrs@ys of gazing at VFOA targets.

In the outdoor environment, people are moving and there isghesVFOA target. The problem in this
study is to track multiple people passing and estimate veneihnot they were focusing the advertise-



ment. The VFOA is modeled as a GMM having as observationslesdpead location and pose.

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



Resune

Durant ces deux dernieres décennies, les chercheursamaille sur des méthodes pour donner aux
machines la capacité d'interagir avec les hommes. Un agpportant pour la compréhension du com-

portement humain par les machines est le centre de l'astenisuelle d’'une personne. Le centre de

I'attention visuelle peut étre estimée a partir de ladiion du regard. Le centre de I'attention visuelle

d'une personne donne des informations quant a I'intéeéka personne, quelle est la cible de son dis-
cours, qui est la personne qu’elle écoute. Dans cette thmedre but est I'eétude du centre d’attention

visuelle d'une personne a l'aide de méthodes baséea sisibn par ordinateur. Pour estimer le centre
d’'attention visuelle d’une personne, en vision par ordingtil est nécessaire de pouvoir suivre la direc-
tion du regard de la personne. Mais, quand sur des imagessdesba moyennes résolutions, estimer la
direction du regard d’'une personne est impossible, I'tibarde la téte peut &tre utilisée comme palliatif

a la direction du regard. Dés lors, nous nous devons desstivientation de la téte d’'une personne, et,

a partir de cette orientation, estimer le centre de sontaitevisuelle.

Dans cette these, nous étudions le suivi de l'orientiofadéte d’'une personne a 'aide de modeles
probabilistes basés sur des méthodes de Monté Canleséelles. L'espace définissant I'oriention de
la téte d’une personne est discrétisé en un ensemblelfes. modeles d’apparences Gaussiennes sont
appris pour chaque éliment de I'espace discret. Les med#hpparences sont utilisés, a travers une
méthodologie de filtre particulaire & espace d'état ejigbur une estimation jointe de la position et de
I'orientation de la téte.

Un aspect important de cette these est I'évaluation dethades de suivis d’orientation de la téte.
Parce que, en général, les chercheurs évaluent letnonfes soit qualitativement, soit sur des bases de
données d’évaluation privées, nous avons construitbase de données publique a I'aide d’'un capteur
électronique capable de suivre et de déterminer la locati I'oriention d’'une téte. Nous utilisons alors
cette base de donnée publique pour I'évaluation des mdsadés de suivis.

Des lors qu’est disponible I'orientation de la téte d'yre@sonne, son centre d’attention visuelle peut
etre modélisé. L'orientation de la téte de la persorstealors utilisee comme observation, et les centres
d’attention visuelles potentiels comme états cachés gesimodeles de mélanges de Gaussiennes ou des
modeles a états cachés. Deux environnements serositléoes pour I'étude du centre d'intérét visuel,
une salle de réunion et une rue passante. Dans la salleidieméles personnes sont supposées assises
a des places fixes. Pour une personne donnée, L'ensentbleedére d'attention visuelles possibles
est défini comme étant: les autres personnes particgdatréunion, la table de la salle de réunion,
I'écran de projection et un autre centre d'intérét "noteéressé” signifiant que la personne ne s’intéresse
a aucun des centre d'attentions visuelles pre-cités: lpaituation de la rue passante, les personnes sont
potentiellement mobiles. Il existe alors un centre d'dttenvisuelle unique, une affiche sur une baie
vitrée. Le but de notre étude est d’estimer si les pasgamtent ou non un intérét visuel a I'affiche.



iv

Mots Clés: algorithmes de suivi d'objets, méthodes de Monté Caglqushtielles, filtres particulaires,
Rao-Blackwellisation, chaines de Markov, estimation €otie d’attention visuelle.
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Chapter 1

Introduction

1.1 Objectives and motivations

Nowadays, electronic devices are more and more presentimmdife. But, despite their ubiquitous
presence in human life, electronic devices still need to &esqn-driven because they are scarcely
equipped with human understanding capabilities. In theylaars, vast investigations have been con-
ducted by research fields such as artificial intelligenceesp processing or computer vision about the
ways through which humans can interact with machines. Bewtassical ways human machine inter-
action based on device buttons or keyboards, other meanteahctions have been investigated such as
vocal interactions based on speech recognition and systhesnost cases, the interactions between hu-
mans and machines assumed people giving commands to a dea@®mputer. In other situations, the
sensing devices have a passive role such as a microphomdingca speaker or a lecturer in a classroom,
or a camera recording people and cars passing in a strebede situations, people are not directly inter-
acting with the sensing devices. Rather, from peoplesbastor interactions, the computer has to build
an understanding of the occurring events. Thus, using aopticme, the goal can be to localize and rec-
ognize the speaker, to recognize the speech, to catch iampdetywords, to diarize the discourse. From
video data, the goal can be to identify the people, track ttleough the physical space and recognize
their actions. For instance, in a video surveillance taskipas to recognize can correspond to people
abandoning luggage in public spaces such as airports ordtaiions.

In human actions understanding , human-human interactays @n important role. Psychologists
have been widely studying interactions in groups such adiéor work teams. With the increasing
availability of microphones and cameras, computer scieesearchers and psychologists are more and
more investigating the analysis of human interaction irugso Studying interactions between humans
using a computer is by far more complex than studying humeemdntions with computers. In human-
computer interaction, people behave in ways to be undetsbgothe computer. For example, in a
speech recognition situation, people will control theiiceotone, and use specific keywords to make
the computer understand the beginning and end of commanudistetactions between humans, people
behavior is completely natural, and thus is less restribehuse the recipient of the communication is
another human.

Human interactions happen through verbal or non verbal cde®ne hand, the use of verbal cues is
better understood because it is tightly connected to trghtaexplicit rules of language (grammar, dialog

1



2 CHAPTER 1. INTRODUCTION

acts). On the other hand, the usage of non verbal cues idysuale implicit, which does not prevent
it from following rules and exhibiting specific patterns ipnversations. For instance, in a meeting
context, a person rising a hand often means that he is reégebe floor, and a listener’s head nod
or shake can be interpreted as agreement or disagreemesitleBéand and head gestures, the VFOA
is another important non verbal communication cue with fiems such as establishing relationship
(through mutual gaze), regulating the course of interactexpressing intimacy, and exercising social
control. A speaker’s gaze often correlates with his adeée=ss.e. the intended recipients of the speech,
especially at a sentence end where the gaze can be interpieterequest of back-channel. Also, for a
listener, mutual gaze with the speaker are used to find apptepime windows for speaker turn requests.
Furthermore, studies have shown that a person’s VFOA isanfled by the VFOA of other people [1].
Thus, recognizing the VFOA patterns of a group of people emeal important knowledge about the
participants’ role and status, such as their influence, aedacial nature of the occurring interactions.
Gaze is not interesting only from an "application” point aéw, but also from a scientific point of
view. Analyzing people’s gaze requires the developmenbbiist eye tracking systems as well as the
modeling of the gaze itself. In computer vision, assumirg dkailability of high resolution images,
tracking the eye gaze is feasible. However, the use of highlugon imagery is constraining when one
needs to record people in large spaces. This constraindepeither to remain close to the camera or
to be static if they are far from the camera since in this casg heed to be recorded with small camera
field of views. In addition, from a psychologic point of viegaze is strongly tied to the head orientation
[1]. Human beings use three keys to estimate the gaze of@nptison: first the eye direction, secondly
the head orientation, and thirdly the shoulder orientatibhe eyes are used in priority, but the overall
gaze direction is estimated based on the relationship leettee three keys. Thus, when the eye gaze is
not directly measurable information about the gaze carbgtibbtained from the head pose. This is what
is done for gaze estimation when dealing with low resolutroages in which the eyes are not visible
enough.

1.2 Main contributions of the thesis

In this thesis, we investigated the recognition of the VF@#f head pose. To this end, we built a head
pose database for head pose tracking evaluation, proposedhilistic head pose tracking methods, and
investigated VFOA recognition from head pose for staticgbedn meeting situations, and for moving
people in outdoor situations.

1.2.1 Head pose video database

Head pose tracking algorithms need to be evaluated. Althoamputer vision researchers have working
on head pose tracking since at least a decade, there is aflacblic head pose evaluation database.
Most head pose tracking systems are either evaluated afdly, or, in few cases numerically, using
private databases. Thus, comparing head pose trackingthfgs is impossible. As a first contribution
of this thesis, to fill this lack, we built a head pose trackifajabase using a magnetic field 3D location
and orientation sensor tracker. The recordings were doaenaeting room environment and in an office
environment. Figurd_1l1 shows images from the database.dHtabase has been made public to allow
the researchers to evaluate the performances of their oathgese 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 databaseedgis, head the magnetic field location
and orientation tracker used to annotate head poses ibattac

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

can be used to rank head pose tracking systems accordingitgérformances. In addition, the head
pose ground truth from the database can be used to have ghtinkthe 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 headitrg@nd pose estimation framework. We
adopted a tracker that estimates jointly the head locatimhp®se, contrarily to other researchers who
preferred to track the head with a generic tracker then astints pose. In our methodology, the head
pose space is first discretized and for each discrete poge gal appearance model is built using tex-
ture observations, skin color observations and binaryrebtens from background subtraction. The the
appearance models are then embedded into a mixed stat@ephiltier allowing to represent jointly into

a single state space model the head 2D image spatial cortfggu(bpcation and size) and the 3D pose
represented by a discrete variable labeling one of the eieofi¢he discretized space of head poses. Tem-
poral head state estimation is done by recursive estimafitime posterior probability distribution (pdf)
of the state given the observations through sequential 8@atrlo (SMC) techniques. The first SMC
technique is an importance sampling patrticle filter (ISHIRe second technique is a Rao-Blackwellized
version of the ISPF method. Rao-Blackwelization can beia@pb a ISPF when the pdf of some com-
ponents of the state variable can be computed exactly gieenther variables. This is our case for the
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Figure 1.3: Recognizing people’s VFOA. Figlire 1.B(a) digplthe potential VFOA targets for the right
person, Figurg1.3(p) displays the geometric configuradfche room.

head pose variable because their set is discrete and firgite BRickwellization leads to better estimation
performance than the standard ISPF method. Figuie 1.2 skamvples images of head pose tracking
results using the Rao-Blackwellized methodology. ThaltlMC method we investigated is based on
Markov chain Monte Carlo (MCMC) sampling. The main conttibas of our head pose tracking in-
vestigations are the following. First, we proposed a prdissic framework for joint head tracking and
pose estimation. Secondly, we showed using our head pokeatwa database, that tracking the head
location and pose jointly is more efficient than first tragkthe location of the head, and then estimates
its pose. Lastly, by comparing the performance of three SM€et techniques for joint head location
and pose tracking, we showed that the Rao-Blackwellizedhoagprovides more stable results overall.

1.2.3 VFOA recognition in meetings

Our tracking systems output head poses that are used for MR@deling. Using the meeting room
recordings of our head pose database, we investigated tdelimg of the VFOA of people involved
in a 4-persons meeting situations. For each person, thef geiseible VFOAs was discretized into 5
targets: the 3 other participants, the table, the projec@een and a target denoted unfocused when the
person was not focusing on any of the previous VFOA targeigure[1B shows the geometric set up
of the meeting room where our study took place, and Figur&) shows the VFOA targets for one of
the person in our set up. Our set up is more complex than prewimrks on VFOA recognition where
the number of VFOA targets were 3 and the specific VFOA couliibetified from the head pan angles
only. In our set up, for each person there is 6 potential VF&gdts. As VFOA model, we investigated
the use of both a GMM and an HMM model where the hidden stateghar VFOA targets we want to
recognize and the observations are the head poses obtaimmdihe magnetic field sensor or a vision
based tracking system. Using the head pose ground truthtfrermagnetic field sensor allowed us to
compare the optimal VFOA modeling situation where head gosend truth are available in comparison
to the situation where only head pose tracking estimateawaiéable.

To learn the parameters of the emissions probability moffesussian) for the observations, two
methods were investigated. A first method is based on matdaneing where, part of the head pose data
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Figure 1.4: Moving people’s VFOA recognition. People pagddy a glass windows are tracked, their
head poses estimated. A model using as observation hedibftscand poses is used to estimate whether
or not they are focusing an advertisement posted on the wiasl®ws.

are used to train the VFOA models, and the remaining partad tstest the models. A second method
relies on the geometry of the meeting room, as well as on ttteéHat gazing at a target is accomplished
by both a head rotation and a eye-in-head rotation. Alscaume people have personal ways to focus at
targets, unsupervised maximum a posteriori adaptationRM# the generic VFOA models is applied
to the input test data. Thorough experimentation is comdutd evaluate our models. In summary,
the contributions of our investigations about static pedgFOA recognition are the following. First,
we study VFOA recognition for in a realistic and complex niggtsituations where each person has
potentially 6 possible VFOA targets. Secondly, we propasedodel to derive the VFOA of a person
from his head pose. The proposed model exploits knowledgatahe meeting room geometry and
people/target locations. Thirdly, we proposed the use afirssupervised MAP adaptation framework
to adapt the VFOA model parameters to individual peoplealinwe proposed an event-based VFOA
performance measure, used together with the classicabfmaeed measure, and used the performance
measures in a thorough experimental study of VFOA recagniti

1.2.4 VFOA recognition for moving people

In this thesis, we also investigate the recognition of theO¥Fof moving people. The task considered
in this work is, given an advertisement posted on a glass avintb recognize whether or not people
passing by were focusing or not on the advertisement. F§drdlustrates our scenario. We proposed
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a probabilistic multi-person tracking model based on reée jump Markov Chain Monte Carlo (RJ-
MCMC). The state to estimate is a multi-person models emgpufiformation about the person’s body,
location, head location and pose. RJ-MCMC allows to esentla¢ pdf of a state with varying dimen-
sionality. RJ-MCMC is well suited because the number of f@apthe scene is varying and MCMC
is more efficient in high dimension space than standard SMRnigues such as the ISPF method. The
multi-person tracking models outputs the head locationparse together with the person’s identity. The
head locations and poses are used as observations in a GMidvixark to model people focusing the
advertisement. The contributions of our investigationwiloe VFOA recognition for moving people are
the three-fold. First, we define a new problem, namely, th©XEestimation of moving people, which
generalizes previous studies about the VFOA estimatiorstitic persons. Secondly, we generalized
previous work about multi-object tracking using RJ-MCMQwa state space defined on people’s body
location, head location, and pose. Thirdly, we proposed @A/model for moving people. Lastly, we
demonstrated the applicability of our model by applyingiaih outdoor advertisement problem.

1.2.5 Conclusion

Because of its importance in the understanding of humanvimaisaby computers, the present disser-
tation reports on the developementand evaluation of adg¢aneethods toward the automatic inference
of people’s VFOA from their head poses. Ghapter 2, we review background works about the main
topics of this thesis, namely head modeling, tracking an@XFecognition.Chapter @ describes the
public head pose video database we built for head trackidgoase evaluation using a 3D location and
orientation trackerChapter [ describes head pose tracking methodologiesChapter B, we present
our studies about VFOA modeling of static persons in meetingtions.Chapter [@ describes one ap-
proach to recognize the VFOA for moving peopl€hapter [1 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 uggd the eye gaze. In absence of gaze
information due to low resolution imagery, the head posegse@l indicator of the VFOA. Studying the
head pose requires heﬂdnodeling and tracking. This section reviews existing redeaelated to the
central topics of this thesis, namely head modeling, olifacking and VFOA studies. SectiénP.1 is
devoted to head modeling, Sectionl2.2 to single object imgckSectio 213 is devoted to the analysis
of the role of the VFOA from a social interaction point of vie®tudies related to the computer vision
aspect the VFOA will be discussed in Sectidn 5.

2.1 Head modeling

Head modeling in computer vision is a widely investigatepgidco Modeling head is necessary for face
detection, face verification, face recognition, head tragkfacial expression recognition and human
avatar building. Head modeling is a difficult task becausererl life, head appearance is subject to
variation depending on various conditions:

e Scale variation: when a person is moving closer or farther to the camera hig Isesubject to
size changes.

e Head orientation: obviously, a head does not look the same from in all it's sid&w instance,
in one side is the face, on another is the back of the head. \WIpemnson changes his orientation
with respect to the camera, his head appearance changesldepen the visible part of the head.

¢ lllumination conditions: depending on the illumination sources locations, head appee is
subject to variation because the different parts of the lsemfhce do not reflect the light in the
same way, and reflection depends on the unknown geometiyt Bigurces, camera, objects).
Thus, illumination vary locally or globally. Each illumitian conditions induces specific head
appearance variations as can be se¢nin 2.1(a).

1In the text we will not make difference between models usamefand hair and models using the face only. All of them
will be called head models
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(c) Head occlusions (image from AR Database).

Figure 2.1: Head appearance variations.
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e Intra-person variability: for the same person, head appearance is subject to vasiatR@ople
do not have every time the same hair cut. Sometimes peopéefaeial hairs (beard, moustaches)
some other time not. People also use make-ups to modifyfdesgrappearance.

e Extra-person variability: different person, in general, have different head appeasa(see Fig-
ure[Z.1(0)). Head anthropometric characteristics areopedependent. People have different eyes,
nose, mouth sizes. Some people have facial hairs, long arIshios, other people not.

e Occlusions: head appearance changes when it is occluded by anothet abjean be seen in
[Z.I(c]). People frequently have their head partially ocetuly their hands, hats or glasses.

e Feature space dimensionality:in the case of a head patch image3af x 32 pixels, which is
a small size, the head patch belongs ttha4-dimension space. Modeling in such dimension is
difficult because, in general, distributions are peaky aanttirmodal.

Efficient head modeling should take into account most of fficdlties 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. Bla¢ig to build models
that can be used to detect heads in images. This situatioiresgqnodels that are able to discriminate
a head from what is not a head, called non-head. Detecti@s gige to the group of methods called
discriminative models. Discriminative models are effitienlocalizing the heads but they will fail in
identifying precise qualitative aspect of the head. Fonga, discriminative methods will be able to
localize the head without being able to give precise infaiomeabout the person’s identity. An important
aspect of head detection is the head search. Because, iralg¢here is no prior information about the
head locations, efficient search strategies have to de define

Head tracking: In head tracking, the task is, given the head location avangiime, to infer the head
location at the next time. In this situation it is only recpdrto the models to be find the head by a local
search. In a tracking situation, the head search is lesti@atproblem than in head detection. The head
search is done in a local area around the previous headdocafilthough discriminative models can
also be used, another set of models called the generativel mal also be used. The generative models
are not in general able to differentiate head from non-hleaickthan can successfully track the head using
the previous head location as prior knowledge.

Face verificatiort In face verification, the head location is available. Trsktia to identify a qualitative
aspect the head such as a person identity. In a face vepficsituation, it is not required that the head
model is able to differentiate a head from a non-head butichgtate between heads of different persons.
In this situation, generative head models are used. Sindedsrtase few training data, per identity, are
available and model adaptation is well defined in a generatiodel framework.

In the following, we will first describe the features used todal heads, and will then present a set of

head modeling approaches: the template models, the egEmbased models, the discriminative based
representation, and the generative models.
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Figure 2.2: Example image and it corresponding skin coloredges features.

2.1.1 Head modeling features

Head modeling is done using image features. The featurestas@odel head are mainly skin color,
edges and textures.

Skin color features

Skin color has proven to be an effective cue to model humam dkican be used to localized human
head from the face skin color as shown in Figure Z]2(b). Algiothe skin color range is wide, from
black to white people, several studies have shown that tiferelices between the skin pixels values
lie largely between the intensities and not the color. Mamlprcspaces have been used to model skin
pixels: Red-Green-Blue (RGB), normalized RGB, Hue-Saiomavalue (HSV), YCrCb, CIE LUV. Two
popular methods to model skin color exist. Non parametridef®such as histogram of skin pixel values
[2] and parametric models such as Gaussian mixture modeMfitted to skin pixel values(]3].[14]
presents a thorough comparison of various skin color segatien techniques.

Computational fastness is the main advantage of modeliagshasing skin color. There are two
main drawbacks of skin color modeling. First, skin coloeli&bject are very common in real life. In
Figure[Z:2(H), it can be seen that the hand of the person wikh Iserious ambiguity when trying to
localize the head using skin color. Secondly, skin color el®dre sensitive to illumination conditions.
Some color space such as HSV or normalized RGB are desigrimdradbust to illumination variations.
Another solution to be robust to illumination changes isge model adaptation such as proposedlin [5].
When skin color is modeled in a GMM framework, maximum a paste(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 dstinpixels. Human heads are
characterized by typical edges distributions. Thus, edgesbe used as features to model heads. A
simple method to detect edges in an image is to thresholddira of the gradient of the image (see
Figureg[2.2(d)). Discontinuity pixels are pixels where tloem of the gradient is high. More sophisticated
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methods to detect edges in images, such as the Canny edgwdetethe Sobel edge detector, exist in
the literature(lB].

The major drawbacks of edge features are, first, edge dmtesguire threshold that are in general
image dependent. lllumination conditions can change edgéitions. A solution to make edge extrac-
tion and binarization more stable is to normalize the imaik mespect to illumination using techniques
such as histogram equalization. A second limitation of ef@ggéures is their sensitiveness to textured
background clutter. In a textured background the presehteny edges increase the possibility of false
alarm. A solution to this issue is to use edge features with cior features.

Texture features

Broadly speaking, head images are characterized by speoifice maps. Thus, texture can be the basis
of head models. The simplest texture map is the raw graydewehge template. Although sensitive
to illumination conditions, raw gray level intensities leaveen successfully used for head modeling.
More sophisticated texture maps can be defined as muleé-stitiérential image information obtained
by filtering image with gradient operators such as multlesckerivative of Gaussian (DoG), Laplacian
of Gaussian (LoG). Wavelets also have been used to obtatiuréemaps|l7]. The main advantage of
wavelets is their ability to capture edge related inforovatt specified scales and orientations. Recently,
the local binary pattern (LBP), a new representation ofulexmaps has been proposed [8]. For each
pixel, the LBP encodes if its neighboring pixels have higbetower intensity values. LBP is robust
to illumination changes because it encodes only relatiiiomship between pixels that are still valid
for a large range of illumination conditions. Another textuepresentation, the scale invariant feature
transform (SIFT), is a representation used to capture t&tetexture information around a point [9].
One of the advantages of the SIFT representation, is thpedifies the best scale at which the texture
features should be represented.

Texture are subject to similar drawbacks than edge featus@silar solutions such as combining
texture with skin color to be more robust to background elutr normalizing the image with respect to
illumination conditions can be used to handle these drak#ac

In the present thesis we will show that the joint use of skilbicedge and texture information can
yield robust head models. In the following we thus descriéous 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 bgxqueft”. An example of head template
model is a patch image of a person’s head extracted from ageintdead search in images can be done
by finding the configurations maximizing a similarity crigewith the template. In addition, head can
be represented by a set of more specific patterns. For irest§ii{#] proposed for tracking to represent
a head by a template composed by five elements: 2 image-pdtuhne eyes, 2 image-patches for the
eye brows and one for the nose. Besides the requirement tapeeteselected, templates have some
drawbacks. Templates badly generalize to other head appess because they are built from a single
example. Templates also badly generalize to other expataheonditions such as other illumination
conditions. A more sophisticated template modeling is théirdimensional morphable model proposed
in [L1]]. In the multi-dimensional morphable model framelyax face image, up to a warping in scale, is
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(b) Head reconstruction from eigenfaces. First row inpog$a second rows reconstructed faces using
the eigenfaces in Figufe Z-3(a).

Figure 2.3: Eigenfaces and reconstruction examples.

taken to be a linear combination of a set of face templatesneatl combination of multiple templates
has the advantage to be more robust to appearance and #ltiomrchanges.

Templates have also been used to for head orientation riticogfiL2]. In [12] a set of head tem-
plates from various persons at various orientations, dzgdrin a tree-structure, was used for head pose
recognition. The pose of a new head image is recognized binfjrid the tree the most similar template
to the input head image.

The previous described template models are based on thergixesities. Another set of template
models are based on edges. A simple edge based templateeisrésant a head by it's surrounding
contour, which at the simplest case, can be assumed to bépme eBince the use of an ellipse template
for head tracking in[[13], head shape models have been vewyl@oin the head tracking community
[14,15]. More sophisticated shape template models, defiyeskt of landmarks around the face and
the facial features (nostrils, eye, nose mouth), can berwatan an active contours framewofk [16], or
using the elastic bunch graph matching framewbrk [17], @riractive shape models (ASM) framework
[a8].

The ASMs, presented in_[1L8], are based on principal compoaealysis (PCA). The principle of
ASMs is the following. We assumed available a set of traifiegd images with annotated landmarks
defining the head shapes, such as showed in Figure 2.4. USiAg&Pstatistical moded,,, of the head
shapes is learned as

$ = Sy, + es With s,,, = 5+ P,b, (2.1)

wheres denotes the mean shap@, is a matrix representing a set of orthogonal modgss a set of
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Figure 2.4: Face with annotated landmarks for ASMs and AAfd®ing.

shape parameters, amd is the residual error for the shape approximation. The mdjawback of
ASMs models, and at the same time of the other shape moddétstithey only model geometric head
shape variations based on the edges present in images.shiapg, models are very sensitive to textured
background. However, ASMs are interesting because thepeased for head pose modeling. The only
requirement is to include in the training data, head posatans similar to the one that needed to be
modeled. Although, the pose variations have to be restrict@ear frontal head poses because, close to
near profile poses, the edges defining the head boundariestarisible anymore.

2.1.3 Eigenspace models

Closely related to template modeling is the eigenface sgmtation[[1R]. An eigenface is the representa-
tion of a head using PCA. An eigenface is obtained by decoing@sset of training head images using
PCA and keeping only the eigenvectors with highest eigeeg(see Figufe Z.3[a)). A new test image is
then classified as a head or non-head depending on it’s regotisn errors. The eigenface representa-
tion, by discarding the eigenvectors with the lowest eigmes, keeps only the common characteristics
of the training images and removes the other characterigtitch are considered to be noise. In Figure
[2-3(B} the removal of the characteristics considered asen@isults in reconstructed images that more
blurred than the input images.

More generally than in([19], where only frontal faces weredeled, the eigenface representation
can be used to model a head seen from various orientations.wlls done in[|20] where the space of
head pose was discretized, and for each discrete head pesdagies are built. The pose of a new head
image is then estimated as the pose of the eigenface models allows for the best reconstruction of
the input image. Another method to represent an object seemrhany orientations using eigenvectors
was proposed iri[21]. The method represents an object byngsagsing example images of the object
seen at various orientations using the eigenspace repaéisen Similar representation was used by [22]
to represent faces. FigureR.5 shows example of eigenfadbssiframework. FigurE—2l6 shows recon-
structed heads using the framework proposed_ih [22]. Thebeurof eigenfaces required to obtained a
good reconstruction, approximately 200, is a lot higher nvtiee head is seen at multiple orientations
than when the head is seen from a single orientation, wheegg2dvectors are sufficient. The disadvan-
tage of retaining a high number of eigenfaces is that, sinc@ut head image has to be projected on
the all eigenfaces, the computational cost of the projaedbiiecomes important. It has to be noticed that
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Figure 2.5: Eigenfaces: 20 first eigenfaces, using a trgisigt of head images with different head
orientations.
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the main difference between the representation_ih [22]yappIPCA to appearances at various orienta-
tions and the representation In[20] applying PCA at a singlkentation lies in the training data. In both
works, a similar PCA framework is applied but to differentadaet.

More generally, head seen at various orientation are cteized by different edges maps. The
eigenfaces can be seen as a basis oriented edge detectiatoopE2]. FiguréZ]5 shows examples of
such eigenfaces. To generalize the eigenface representaltiich consists in a linear decomposition of
the input feature space, other researchers proposed tonaseliaear decomposition of the input feature
space on a Gabor wavelet network (GWN). GWN are a set basisrsezapable of capturing edges at
various scales and orientationsi[23]. Eigenspace repagancan also be seen a dimensionality reduc-
tion technique based on a linear decomposition of the irgatufre space. The eigenspace dimension is,
in general, lower than the input feature space. Other asifraposed to apply non-linear dimensionality
reduction techniques such as locally linear embedding jl.bEISOMAPS to the head pose modeling
problem [24[ 25, 26].

2.1.4 Discriminative models

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

In the early work on face detection some authors proposedaged3d neural network model [27].
The first layer receives the input gray level image resizeal danension oR0 x 20. The second layer
comprised 3 types of hidden units: 4 units lookinglétx 10 pixel subregions, 16 units looking at
5 x 5 pixels subregions, and 6 looking 2@ x 5 horizontal stripes. Each of the units was chosen to
represent localized features (eye, nose, mouth) impoftarfiice detection. The output layer gives the
confidence in the presence of absence of a frontal face imghe patch image. Other neural network
structures have been proposed for head modeling such asaa dnto-associative memories (LAAM)
to classify face by gendel [28]. Linear auto-associativanores are particular cases of single layer
linear neural network where input patterns are associatéddeach other. Another way to model head
in a discriminative fashion is to use the SVM framework. Canily to neural networks which minimize
training errors, making generalization to new appearant@® problematic, SVMs minimize an upper
bound of the generalization error through the use of the magncept. The applicability of SVM for
head modeling in a frontal face detection problem have beafirmed in [29]. The authors in_[30]
proposed to use AdaBoost [31] to combine a set of simpleifilrssto form a stronger classifier for
frontal face detection. One of the main contribution of thisrk was the combination of classifiers in a
cascade allowing to quickly discard in the search for faceinformative image regions and focus on
face like objects.

Discriminative models can also be used to model heads seanvarious orientations. Most of
the discriminative head pose models are generalizatiomsofithinative near frontal head models. The
frontal face detection method proposed[inl[30] based on AdaBwas generalized to detect faces at
various orientationd [32, 33]. I [34], a 3 layers neuralWwwek was proposed to model head at various
orientation. The first layer receive the intensities of thaygevel image. The third layer output con-
fidence of the input head image being at a given orientatiothheieural network structures, such as
LAAMs or multi-layer peceptrons, have also been used fodhmzse modeling. IH]35], the head pose
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(a) Gaussian means. (b) Gaussian standard deviations.

Figure 2.7: Head orientation modeling using Gaussianibdigions.

space was discretized into finite values and, for each desprese value, a LAAM was used to model
head appearances. A multi layer perceptron has been usBd]imo] model head poses using Gabor
features as input instead of gray level pixel intensitidse Gabor features had the advantage to be more
robust to illumination changes and to contain informatibowt contrast, spatial information, scale and
orientation. SVMs also have been used to model head pos¢87]int was proposed to use 2 SVMs,
having as input face image PCA features, to estimate a faae @milar SVM modeling for head ori-
entation tracking was proposed [n]38]. Finally, anothéeriesting discriminative head pose modeling
approach includes the works in[39], which is based on a noanpetric approach. In this work, local
head appearances were discretized into a given numbertefimat An estimate of the probability of a
face presence, given the discrete patterns, was compuidsed 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 tsigleate two terminologies. First, in a sta-
tistical framework, it refers to approaches that rely orbpimlity distributions to represent head classes.
Secondly, it also refers to approaches that aim at synihgdiead appearances. Among generative ap-
proaches to model heads we can cite, distribution basedls@dtive appearance models (AAMs), and
3D-based head models.

Distribution based models

Distribution based approaches for head modeling can badpose probabilistic framework. A feature
vectorz computed from an image patch is viewed as a random variabis.r@andom variable is related
to the presence or absence of a head by the class conditistréutionsp(z|head andp(z|non heagl.
Given the class conditional distributions, Bayesian di@sgion can be used to classify an image as
head or non-head. In a head detection problem, both of thebdisons p(z|head andp(z|non headl
are used. But, in a tracking situation, onplfz|head is required.
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Demonstration of the usability of distribution based medel face detection was made In[40]. This
work proposed a distribution based method for frontal fadetection which showed how the distribu-
tion of the patterns from one clag$z|head can be learned from positive examples. The distribution
p(z|non headl was learned from negative examples (non head patternshgdsi feature vector the
pixel intensities of gray level face images resized to aresfee size, the technique models the distri-
bution of the observation for human face& |face) by six clusters. Each cluster is represented by a
multi-dimensional Gaussian distribution with mean andacance matrix obtained by clustering the
face training features into six clusters using k-meansritga. 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 highensional space using PCA was
proposed in[j411]. PCA is used to define the subspace thatdy@stsents a set of patterns by decomposing
the feature vector space into mutually exclusive and comeidary subspaces. A multi-variate Gaussian
mixture model is used to learn the statistics of the localufes of a frontal face. In the framework
presented in[I41], only face pattern distributions wereried. Because modeling non face patterns
distribution improves head detection, others proposedndasi approach that includes the modeling of
the distribution of the non-face patterinsi42].

Distribution based-models can be a framework for head pasieting. For instancé [43] presented
a method to detect frontal, left and right profile faces for sime and location. The head parts (eye, nose,
mouth) features class conditional probabilitigs,,.,|face) andp(z,q.+| non face are modeled as look
up tables instead of continuous distributions. Represgritie distributions as non-parametric tables
avoid to arbitrarily define their nature. In_[43], featuresrey obtained by applying wavelet transform to
grey level images allowing to capture edge structures cheniaing heads.

Other distribution based head pose modeling include [44) ptoposed for head pose tracking, to
model a head in the 3-dimension (3D) space as an ellipsoid aviéet of point on its surface. Each
point, indexed byi, is represented by its coordinates and a Gaussian prdiatigitribution function
pi(z|0) representing the belief that given a particular head pdsepointi will project observatior.
Several texture based observations were comparédlin feljding Gabor wavelets features, a Gaussian
at coarse and rotation invariant Gabor wavelets, a Gauasidi.aplacian features. The best head pose
representation were obtained with a Gaussian at coarseotattbn invariant Gabor wavelets. Showing
that even more sensitive to illumination conditions, infi@ation from the gray level pixels intensities are
not negligible for head orientation estimation.

Using the best features found In]44] as observation, o#szarchers proposed for head orientation
modeling to discretize the head pose space into a discretk f45]. The class conditional probability
distributions of the observations given a head orientationé;,) were represented in 2D as Gaussian
distribution, such as illustrated [D2.7. Although this negentation decreases orientation estimation
accuracy with respect to the 3D representation present@@d@jnbecause of the discretization, it has the
advantage that discretized head pose databases exislydloedraining the models [46, 477, 148].

Active appearance models (AAM)

The AAMs introduced in[[49] are a generalization of the ASMJ[1An AAM allows to represent head
appearance variations due to identity, orientation andif@&xpressions variability. Thus, AAMs can
be used to synthesize heads. The learning of AAMs requires af $abeled head images with a set of
control points defining the head shape as shown in Flgule®2statistical models,,,, of the head shape,
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Figure 2.8: CANDIDE-3: a 3D face model (frorm]i55]).

s, can be learned using the ASM framework as
$ = Sm + es With s, = 5 + Psbs, (2.2)

wheres denotes the mean shap, is a matrix representing a set of orthogonal modess a set of
shape parameters, anglis the residual error for the shape approximation. To buidiagistical model
of the grey level appearance, each example image is warp#dthsds control point match the mean
shapes. Then, the pixels intensities inside the mean shape of tlipegiaexample image are sampled.
By applying PCA to the normalized data, a linear face appearanodel is obtained as

a=as+ e, Withas, = a + P,b,, (2.3)

wherea is the mean normalized gray leve?, is a set of orthogonal mode variation, aldis a set of
grey level parameters allowing to synthesize the appear@an@he appearance approximation error is
denotede,. The ability of an AAM to model a head at various orientatiolepends on the data used to
learn the models. If in the training data there are varitddiwith respect to the head orientation, the
AAM will be able to model those variations. AAMs have beenassfully used in many researches
involving head modeling such as face recognition [50], facd facial features tracking [51,152].

Recently, the AAM theory have been revisited(inl[53] whicbgwsed new schemes for a more effi-
cient fitting of AAMSs to input test images._[54] proposed thengralization of AAMs to more complex
illumination conditions using image-based rendering égpiies which can represent complex lighting
conditions, structures, and surfaces. The major drawb&ekAd/s is that, because they require the
visibility of the face shape boundaries, modeling extremacdhorientations such as head profiles is not
well defined. Also, because AAMs modeling rely on the facgttires, it is required, for a good fitting,
that head images are of high resolution so that the facitlifes are visible enough.
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3D model based approach

A head can be modeled in 3D using a parameterized mask. TheD@MNmodel proposed in |56] is a
parameterized face developed for model based coding of mdiaca. It is composed of vertices (100)
and triangles (75) defining the face surface. Face motiamsa@mtrolled by action units (AUs). Recent
version of the CANDIDE model contains more vertices andhtgias for a better facial action modeling
[65,57]. The CANDIDE model can be seen a38/d dimensional vector, whereN is the number of
vertices, containing the 3D coordinates of the vertices Miodel is reshaped according to

v(s,¥) = v+ Sc+ Ad (2.4)

where the vector contains the new vertex coordinates, ah@nd A are shape and animation units.
Thus¢ andd are shape and animation parameters defining the AUs. Thedztee for each triangle

is extracted by fitting the model to an initial face image obkm orientation (frontal in general). To
synthesize a global motions, few parameters controllitgtian, scaling and translation are added to the
model

v(s,0) = Rs(v + Ss + AV) +t (2.5)

whereR is a rotation matrixs is a scale factor, antis a translation vector. Thus, 3D head models are
head pose models, because they include in their definitinatican with respect to head rotations.

Other works, [[5B[_59], use face models similar to the CANDIDEdel. Other CANDIDE-like-
models include in the modeling people’s hair and integrateleh adaptation framework [50]. Also
closely related to the CANDIDE model is the 3D ellipsoidatfane head model proposed hy[61].

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

2.2 Object tracking

Heuristically speaking, tracking an object through a segaeof images consists of estimating a para-
metric representation of the object. At each time, the previtime parametric representation of the
object is usually supposed to be known and used as prior leggel Otherwise it is an object detection

problem. In a simple case, the parametric representatitimeadbjectX, called the object state, can be

a bounding box, parameterized by a center point, a width aameight, locating the object in the image

plane (see Figule3.9).

Many approaches have been adopted to tackle the trackifdepro Among them we can cite, the
bottom-up and top-down approaches. Bottom up approachdddeconstruct object state by analyzing
the content of images. Segmentation based methods suchiea fipw based tracking are bottom-up
approaches. On the contrary, top-down approaches tenthévajes state hypotheses from previous time
based on a parametric modeling of the object. Tracking i®dpnverifying the predictions on image
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Figure 2.9: Object tracking illustration: a person repnése by a bounding box, parameterized by a
center point and a width and height, tracked through a segueiimages.

measurements. Another important characteristic of trackipproaches is whether or not they are based
on a Bayesian framework. This is the topic of the followingt&m.

2.2.1 Non-Bayesian tracking

Non-Bayesian tracking methods do not use a Bayesian famab solve the tracking problem. Among
the non-Bayesian tracking methods we briefly discuss bdiewptical 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 segmegntigions with similar motion fields when
tracking rigid objectsl[62, 63, 64]. The principle of thistigal flow is to estimate dense motion fields
from spatio-temporal patterns based on the assumptior/ that), the image brightness at a pixel lo-
cationx for a given time instant, is constant. Therefore, the derivative of the image bnige$ with
respect to time is null, ie.:

d
(1) = 0. (2.6)

The optical flow estimation problem is thus to estimate théiondield v = % such that:

oI
Viv+ — =0. 2.7
v+ ot (2.7)
However, this single equation is not sufficient to recover flow field. Various solutions have been
proposed to solve this problem by adding other constrdéiif [
There are some drawbacks related to the optical flow estimatioblem making tracking using
optical flow sometimes uncertain. First, it relies on theuagstion that the image brightness at pixel
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locations are constant which is not always the case. Imatgstiess are subject to changes that are not
only due to motion. For example, brightness change can beaddiliemination conditions. Secondly,
optical flow estimation becomes intractable when trackingsfbly 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 debgtz,,; a model of the object in
the observation spacey the observations extracted from the candidate state caafign X, andp

a distance in the observation space. Tracking can be posad @gtimization problem. For instance,
tracking can be posed as finding an optimal state configurafig; verifying

Xopt = argn}}np(zobjyz)()' (28)

In the cases the distangeand the observation functiola(X) = zx admit good differentiability and
convexity properties, the optimal state configuration caolttained using gradient descent. In a tracking
formulation, the initial state of the optimization procéssaken 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], igradient descent based tracking tech-
nique. In the mean shift framework, the target of interese@esented by a kernel density distribution
Zop;- At @ candidate object configuration, the object is alsoesgnted by a kernel density distribution
zx, and the distance in the observation space is the Battaxhi&tance, proposed in67], defined as:

p(Zobj, 2x) = \/1 — / \/ Zobj (w) 2x (u)du (2.9)

Gradient descent based techniques have the advantagegexytfast techniques because the frame-
work provides an optimal search direction. Algorithms sashthe steepest descent method are guar-
anteed to converge after few iterations. Fastness of cgemee is important for people designing real
time systems. A major drawback of gradient-descent bastuhigues is that they converge to the local
minima closest to the initialization point. They are easligtracted by ambiguities. Thus, gradient-
descent based techniques do not cope very well with muldahdistributions because they track only a
single mode. Also, because in tracking an analytical espwas of the observation functidr{ X) is not
always available, the requirement of a differentiable cibje function is not always full-filled. When
good objective function properties are not full-filled, gins such as template matching can be adopted
with ad-hoc search strategies. But, depending on the siatendionality the search space can be very
wide making the search matching computationally very egpen
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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 formulationdefme the Bayesian tracking problem, we
consider that the evolution of the state sequefi¥g ¢ € N} of an object is given by:

X = ft(Xt—lynt—l) (2.10)

where f; : R™X x R™ — R"™X is possibly a nonlinear function of the stag ;, and of»n; where
{m t € N} is an independent identically distributed (i.i.d.) preemise sequencezx andn, are
respectively the dimensions of the state and the proces® meictor. The objective of tracking is to
recursively estimate the staté from the measurements:

ze = hy( Xy, 1) (2.11)

whereh, : R"x x R"™ — R"= is a function, possibly nonlinear, of the stafgand ofvy, {1, t € N} isan
i.i.d. measurement noise sequenag.andn, are respectively the dimensions of the measurements and
noise vectors . In particular we seek for estimateXpbased on the set of all available measurements
214 = {2z, l = 1,...,t} up to timet.

Bayesian tracking thus requires the definition of three rtsode

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

2. A dynamic model, represented in Equafion .10 by the fongt;, which parameterizes the tem-
poral evolution of the state.

3. An observation model, represented in Equafion]2.11 byuhetion /;, which measures the evi-
dence that can be observed in images about the state.

From a Bayesian perspective, tracking consists in realysestimating some degree of belief in the state
X, of the target given the sequence of observatigns Solving the Bayesian tracking problem requires
to construct the conditional probability density functi(pdf) of the states given the data(X;|z1.¢).
The distributionp(X;|z1.1) is also known as the filtering distribution. If we assume that initial pdf
p(Xp) is known, the pdf may be obtained in two stages: predictiahwgpdate. Suppose that the pdf at
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timet — 1, p(X;_1|z14-1), is available. The prediction stage involves the use of yis¢éesn model in
Equatior 21D to obtain the predicted pdf of the state at timia the Chapman-Kolmogorov equation:

p(Xi|2101) = / DXt X 210 (X | 211 )d X1 (2.12)
Xt—1

The dynamical model in[ZZ12y(X;| X¢—1, 21..—1), models the probability to be in a stal§ given
the state at the previous tim&;_ 1, and the sequence of observationig; 1. In general the stat&’ is
assumed Markovian. In that case, the dynamical model carridenv

P(Xe| Xi—1, 21:0-1) = p(X¢| Xe—1) (2.13)

leading to the graphical model in Figure 2.10. In case théugen state function in Equatidn Z10 is a
linear function defined as

Xt = fi(Xe—1,m-1) = Fi Xy + i1, (2.14)
in the Markovian case, the state dynamical model can beenritt
p(Xe|Xi1) = N (X, Fi Xy 1,%5¢1). (2.15)

where; is the covariance matrix of the state noise proagssMore precisely, the state dynamical
model is a Gaussian distribution with meBnX;_,, and with covariance matriX;_.

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

(2| Xty 21:0—1)p(Xe| 21:6—1)
p(Zt\let—l)

p(Xilz14) = (2.16)
The termp(z¢| Xy, z14—1) in (Z18), called the object likelihood, measures how wel hew observation

is in adequacy with the hypothesized state given the pastreditsons. p(X;|z1..—1) is the prediction
distribution given in Equatiobn212p(z|z1+—1) is @ normalization constant independent of the state.
Because the task is to estimate the state, knowing exaetlgyghmalization constant is not necessary to
solve the tracking problem.

The recurrence relations i (Z2]112) ahd (2.16) form the bakithe Bayesian tracking formalism.
Depending on the hypotheses on the state modélinl(2.10)pmrkde observation model ii{Zl11), or
more generally depending on the modeling of the distrilmstie( X ;| X¢, z1.:) andp(z¢| X¢, z1.4-1) two
main groups of solutions can be found: the Kalman filteringhoés and the sampling methods.

Optimal solutions: Kalman filters

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

1. The state and observation noise procesgesnd v; are zero-mean Gaussian distribution with
known covariance matrixes; and A;.
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2. The state evolution functiofy (X;—_1,7;—1) is a known linear function oX;_; andn;_;:

Xt = FtXt—l + MNe—1- (217)

3. The observation functioh; (X, v;) is a known linear function ok; andv;:

Zt = HtXt + 4. (218)

When these hypotheses hold, the Kalman filter is the exgmjmitmal solution of the tracking problem
[68]. Given the three previous assumptions and assumingitied Gaussian distribution fas(Xy), the
pdf of the state at any given time, given measurements umittis a Gaussian distribution

p(Xtlz1:0) = N( Xy, mu e, Pyy) (2.19)

wherem,; and P,; denote the mean and covariance of the this optimal disioibutThe update and
prediction steps in Equatiohs 2112 4nd2.16 can be rewiditen

P(Xi|z1:0-1) = N (X, meg—1, Prg—1)

p(Xt|Z1:t) = N(Xt, Mmtt, Pt,t) (2.20)
where
mei—1 = Fymy_14-1 .
szttt_lz_mit—_f igg;it};tigt,t—l) (2.21)
Py =P+ KHPyq
with K; andS; defined as
Ky = Py HF S (2.22)

St — HtPt7t—le + At

K, is the Kalman, gain and; is the covariance matrix of the innovation tegg— Hymy ;1.

In other cases, where the three assumptions to obtain analolution are not valid, approximate
solutions have to be found. When the dynamic functfprand the observation functiok, are well
represented by their first order linear approximations, iittte filtering pdf can be approximated by a
Gaussian distribution, a sub-optimal solution is given iy €éxtended Kalman filter (EKF)_[59]. The
drawback of the EKF is related to the linearization of thections f; and h;. In general, the state
evolution function, f;, admits good linear approximation. The problems occur, anegal, with the
observation functioni,, which usually very complex. If the first order linearizatido not approximate
well the non-linearities in the observation function, thiKFEwill introduce large errors in the mean
and covariance matrices estimates, and sometimes willtee#te filter divergence. If the functiohy
is known and well represented by its third order Taylor segrpansion, the unscented Kalman filter
(UKF) proposed inl]7(,71] is a good sub-optimal solutionhe tracking problem. The UKF is based on
the unscented transformation which is a method to calcthatstatistics of random variables undergoing
non-linear transformations using a minimal set of cargfalosen sample points_[[72].
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However in real life tracking, the analytic form of the fuimet 4, is in general unknown, and when it
is known, does not admit good linear representation. Alsotdwcclusions and ambiguities, pdf are not
Gaussian. They are multi-modal or heavily skewed, hencedhditions to obtain optimal or suboptimal
solution do not hold in general. Thus, other solutions sucktha sequential Monte carlo methods are
needed.

Approximate solutions: sequential Monte Carlo (SMC) methals

SMC methods, also known as patrticle filters (PF), are methm@pproximate the pdf when the con-
ditions to obtain optimal or sub-optimal conditions do notch[69,[73,[ 74/ 75]. They are techniques
to implement a recursive Bayesian filter by Monte Carlo satiah. The key idea is to represent the
target pdfp(X;|21.t) by a set of random samples called particles with associatghis, as illustrated
by Figure[Z.TIL. Lel{X,f"),wgn)}ffil denote a set of weighted samples drawn from theppdf; |2;.;),
with the weightSwgn) normalized to sum to 1. An approximation of the true pdf ieegiby:

p(Xilz1e) ~ Zwt < (X) (2.23)

where/ is defined as

1if x™ = x,

2.24
0 otherwise ( )

0 im (Xe) = {

When the number of samples becomes very large, the PF soapioroximates the true pdf [[74]. The
goal of the PF algorithm is the recursive propagation of gma@es and estimation of the associated
weights, as each measurement is received sequentiallfisTertd, a recursive equation of the posterior
is used:

Pzt Xy z10-1) [y, | P(Xe| Xim1, 21:6-1)p(Xem1|21:0-1)d X1

Xilz14) =
p(Xi|21:4) p(2t]21:0-1)

(2.25)

Assuming that the pdb(X;_1|z1..—1) can be approximated with samples according to Equafiod, 2.23
the current pdf can be approximated as:

p(ze| Xt 21:01) 3wl p(X | X 21 2

p(Xt\let) (zt|z1 . 1)

(2.26)

Let us denote by(X;|X;_1, z1.1) a distribution, called importance or proposal densitygrfrwhich new
hypotheses can be easily sampled. The pdf in EquBfioh 2rebecapproximated, up to the proportion-
ality constan{p(z¢|z1.4—1), as:

(n)
ny P(2t| Xt 21:4-1)p(Xe| X1, 21:6-1) n
p(Xilzra) ~ Y wi™y o a(Xe| X1, 210) (2.27)
n Q(Xt|Xt—17z1:t)




CHAPTER 2. BACKGROUND AND RELATED WORK

26

XI—I

X,z )

resampling

F 3

prediction

update

Figure 2.11: SMC steps: approximation of a continuous fdiba density function with discrete

weighted samples. Propagation of the samples and weigttgeip



Thus, using factor sampling, a discrete representatioheoptlf can be obtained in two steps:

1. First, predict new hypotheses using the proposal digtab:
X" ~ g(G1X("), 214) (2.28)
2. Then, update the sample weights according to:

(n) Pz X 21 (XX 210m1)

(n)
w X W,
Lo g(XM X", 210)

(2.29)

Depending on the assumptions on the above distributiomgugalgorithms can be obtained. The sim-
plest one is the sequential importance resampling (SIRY fillso known as the conditional density
propagation (CONDENSATION) algorithm_[IL3] in the computgsion literature.

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

1. First, the state dynamic is a first order Markov model:
p(Xe|z1:-1, Xi—1) = p(Xi| Xi—1) (2.30)
2. Secondly, given the sequence of states, the observatierisdependent. Hence we have
p(zt]21:6-1, X1:4) = p(2e| X). (2.31)

3. Thirdly, the state dynamig(X;|X;_1), is used as importance function.

The two first hypotheses corresponds to the standard tigagkaphical model displayed in Figure2.10.
Ultimately, from the three previous hypotheses, a simplatgequation for the weights is obtained as
wt(n) x wt(ﬁ)lp(zt\Xt(n)). (2.32)

This algorithm is called sequential importance samplin@)&lgorithm [69]. A common problem with
the SIS algorithm is the degeneracy phenomenon. After atBrations, most of the particles have very
low weights. It has been shown that the variance of the weigah only increase over time [74]. Thus,
it is impossible to avoid the degeneracy phenomenon. A leogeputational effort is devoted to update
particles whose contribution to the approximation of thé @ very negligible. A method to reduce
the effect of the degeneracy is to resample with replacethemnarticles with a probability proportional
to their importance weights, in order to keep only those wifh weights [[76]. The SIS algorithm
including a resampling step is called sequential impogamsampling (SIR) algorithm. This algorithm
is also known as bootstrap filtér [73], (CONDENSATION alglom [13]. Figurd Z IR summarizes the
main steps of the SIR algorithm.

A limitation of the SIR algorithm is related to the choice bétstate dynamic as proposal distribution.
This choice implies that new hypotheses are generated wtita&ing into account the new observation
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1. Initialization Step:
forn=1,...,N,: Xé”) ~ p(Xo), wé”) = Nis, t=1.

2. Importance Sampling Step:

. Xf p(XAX™)), 3™ o p(ze|X™), n = 1,..., N,

o 5=3 o™, o™ = ;"

,n=1,..,Ng

3. Resampling Step:
Resample with replacement the particles according to their

weights { X", &{™} — {x™, w(™ = }

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

Figure 2.12: Sequential Importance Resampling (SIR) Allgor.

z which is available. Several approaches have been propossttitess this issue. For instance, when
available, auxiliary information generated from colbr],7inotion [15,[77], or audio in the case of
speaker tracking 78], can be used to draw samples from. Tdmopal distribution is then expressed
as a mixture between the dynamic and state detectors bassmaspmotion, or audio observations. In
our work, we follow this approach of sampling from the dynarand a detector. An advantage of this
approach is that it allows for automatic re-initializatiafter tracking failures. But it has as drawback that,
the additional samples, proposed by the detector, are ladédeanymore to the samples at the previous
time. Thus, this approach requires, for each new samplex@ansive computation of a transition prior
involving all the previous samples_[I77,178] 79]. Another iary particle filter proposed in_[80] avoid
the problem related to sampling from the dynamic. Their ideto use the likelihood of a first set of
particles at time — 1 to resample the seed samples at tirreend apply standard prediction and evaluation
steps on these seed samples. The feedback from the new tiabg awreasing or decreasing the number
of descendant of a sample depending on its predictive hi@ell.

Finally, lets mention that other SMC methods such as RaolBlallized PF and Markov chains
Monte Carlo (MCMC) methods will be described in more detamilSectior[ 4.

2.3 Visual focus of attention (VFOA)

The VFOA of a person can be defined as the person or the objecsarpis focusing his visual attention
on. Thus, the VFOA of a person can be inferred from the dioadth which his eyes are pointing, which
is called the eye gaze. For human being, vision is the marepéual sense. Thus studying the gaze and
VFOA of people is important to understand human behavioherd are two domains where the role of
gaze has been widely and thoroughly studied: the first oneeivisual search. Domain in which the
goal is to understand how people analyze their visual enmient. The second domain, more related to
our research is the gaze in social interaction, where theigta study the pattern and the role of gaze
in human communication.



2.3. VISUAL FOCUS OF ATTENTION (VFOA) 29

Sclera

Cornea - Visual axis Cornea
o

Lens

Nerve

ight

(a) Eye structure. (b) Purkinge images.

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

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

In the following we will first review some sensor based gazedking methods and then discuss
related work about gaze in visual search and gaze in sot&hictions.

2.3.1 Sensor based gaze tracking systems

Sensor based techniques can be grouped into three famd#igsniques based on reflected light, tech-
niques based on electric skin potential measurementsgahdijues based on contact lenses.

The reflected light eye gaze estimation techniques rely erathount and direction of the infrared
light reflected by specific parts of the eye such as the limbosr{dary between the white sclera and
the black iris) displayed in in Figufe 2.13(a), the pupik ttorneal. The reflections from the different
components of the eyes create the Purkinje images, showgunefZ.13(H), that can be used to estimate
the eye gaze [83, 84, B2] .

The electric skin potential technique is based on the faatttiere exist an electrostatic field which
is rotating with the eye ball. By recording the differencetia 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 subjectdo special contact lenses [86]. There
are two kinds of contact lenses. The first type of lenses haomiike surface reflecting an infrared
light beam shined on the eye direction and allowing the eye gatimation. The second type of lenses
are inducted with matter sensitive to magnetic field. Whenhtad of the subject is placed inside an
electric field, the distortion of the magnetic field due to lnes position in the eye allows to estimate the
gaze direction. Estimating gaze with electro-magnetisgers sensitive in situations where there exist
objects modifying the electro-magnetic field such as coergitell-phones or even iron tables.

The main advantage of sensor based techniques is theisioreoi the gaze direction estimation. The
gaze direction can be estimated at precisions sometimeshas 1 degree [81]. The major drawbacks
of the sensor based gaze tracking systems is their inva&sigermhe subject has either to wear sensors
such as electrodes, lenses or helmet mounted with mirrdso, £hey can be quite restrictive because
they need to be calibrated with respect to the head locaitthough in general sensor based techniques
require the head to be steady, systems such as the light wgaghk tracking systems, in Figure 4.14,
allows more head motion.

2.3.2 Gaze in visual search

Gaze scan paths during visual search have been studiethfptdanderstand the visual perception and
recognition of human<_187]. Many studies have shown thatyan-oriented task situations, that eye
fixation locations are, in general, points of high local cast [88]. However, in task-oriented situations,
the eyes fixations were shown not to always correspond toislialy most salient points, but to follow
specific spatio-temporal requirements in order to fulltfik task. Investigations in this sense have been
made in visio-motor tasks such as drivingl[89]. [Inl[89], tharspaths of experienced and novice drivers
were studied in order to identify differences that can beeiased with skill acquisition and sensitivity to
road type. Similar study conducted in daily life activit®sch has making tea or sandwichl[90] showed
that the fixation points are tightly linked in time to the tceetbvolution of the task. Scan paths are
important because they give indirect information aboutragecognitive process. Other works, such as
[91]], showed that eye movements are so tightly connectdtetodgnitive processes that, in well defined
tasks, the eyes movements can be used to observe under anddions the mental processes that
underlie spoken language comprehension.

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

One of the main problem of studying gaze in natural conditinthat the current gaze tracking
systems, although portable such as the light weight gazkeran Figurd 214, are still constraining.
It is difficult to imagine in natural meetings or in an outdauarketing study people wearing sensor
based gaze tracking systems. Also, gaze paths are not entgghlt of eye movements but also of head
movements. In[[94], the authors have shown that in readitgt8dins, the head was contributing to
40.3% of the gaze horizontal gaze amplitude &84 % 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 humaarastion. Interacting with other people
is an essential component of social activity. The way in Whitese interactions occur in groups is the
topic of intense study in social psycholo@y[95]. The gazmigmportant cues used in human interaction.

Gaze fulfill functions such as establishing relationshipqtigh mutual gaze), regulating the course of
interaction, expressing intimady [96], and exercisingalamntrol [1]. Humans tend to look at thing that
are of immediate interest for them. Information from gazagand body posture are used to determine
where the other people are directing their attention. Tlazedyelps to predict the other person mental
states, and people use their gaze to give to the other insightt what they are thinking. For instance,
in [97], it was shown that in 4 people conversations, wheneakgr gaze another person in the eye,
at 80% this person, he is gazing, is the target of his speech. Fumtire, when a listener is gazing
at a person in the eye in a meeting,7af%, this person was the speaker. Thus people use the other’s
gaze to determine when they were addressed or expecteddk. spespeaker’'s gaze often correlates
with his addressees gaze, especially at a sentence end thlhegaze can be interpreted as a request of
back-channel]28]. Studies have shown that people take tnane when they experienced more gaze
[99]. For a listener, monitoring his own gaze in concordawi the speaker’s gaze is a way to find
appropriate time windows for speaker turn requests|[100].10

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

2.4 Conclusions

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

Head pose video database

As already discussed in the introductory chapter, trackiedhead of people and estimating their pose is
important in many computer vision applications. This hasegated a large amount of investigations in

the related research fields especially since good autoaraiysis of head behaviors rely on precise head
tracking and pose estimation. The performance of the tngckiethods have to be rigorously evaluated

and this requires the availability of significant public Hgsse databases.

In the vision community, still head pose image databases such as the FERET database [46], the
PIE database [47] and the Prima-Pointing dataliade [48]h&8&4d pose image databases are very useful
to build head pose models and evaluate head pose detectr@eagnition algorithms. However, the
evaluation of head pose tracking algorithms requiresséaideo sequences with people having their
head poses continuously annotated. As head pose annatawheo sequences is a non-trivial task,
most of the time, head pose tracking algorithms are evalugdelitatively on video sequences without
head pose annotations. Some researchers used head paselataeases to evaluate their algorithms
[44],[102], but their database is not publicly available. &tely, for the CLEAR Evaluation workshop
a database for head pose tracking was built and made publeljable [108]. The limitation of the
CLEAR data is that the head poses in the database were nabwouns: 8 ranges of head directions
(North, North-East, East,..., where the cardinal direxticorrespond to the wall of a room) were defined
and annotated by hand. Thus, in short, comparing head udertg performances on continuous video
sequences is difficult, because of a lack of evaluation dasaresearchers have been working on head
pose tracking since a long time, a publicly available datalta evaluate head pose tracking methods and
compare performances is required.

This chapter describes our work to build and provide sucldaosdatabase, featuring people in real
situations with their head pose continuously annotateoutyin time. To build a head pose database, a
protocol for head pose annotations has to be defined. In @4, teead poses were annotated using a
magnetic 3D location and orientation tracker called thekflotbird [104]. The environments of our
recordings were a meeting room and an office with their lighirees. These environments summarize
well indoor environments for head pose tracking. The reiogrih the meeting room involved 16 per-
sons, 2 persons per meeting, and each meeting lasted apptiwaly 10 minutes. The office recording
involved also 15 persons, with 1 person per recording, acardéng lasted approximatively 8 minutes.

The remaining of this Chapter is organized as follows. $acfB.] describes possible head pose
representation. Sectidn_B.2 describes our database ireg@et up. Sectiol 3.3 describes the database
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(@) Reference head configuratioRo: (b) Head attached basis
frontal head pose Bhead.-

Figure 3.1: References for head pose representation. effjlia) displays the frontal pose, and Fig-
ure[3.I{D) gives the head attached basis.

content. Finally, Sectiol_3.4 gives conclusions.

3.1 Head pose representation

A head pose representation is a parametrization of the leedidjaration with respect to a given reference
B, and a reference head configuratiBg. Figure[3.1(d) shows our reference head configuration which
is taken to be the head in a frontal pose. In the following weagb assume that a ba#ig.. is rigidly
attached to the head, as can be seen in Figure B.1(b). A Basisis also attached to the camera.
By definition, the head configuration can be represented &3 th 3 rotation matrixRy that allows to
transform the axis of the basis attached to the head assdaiath B, into the axis rigidly attached to
the head at the current configuration.

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

As an alternative to the matrix representation of headiontait is well known that rotation matrices
in 3D can be represented as a succession of 3 rotations atfeeiBdixis of a reference badis a rotation
around they-axis R, a rotation around the-axis R and a rotation around theaxis R,. The 3 angles
of such a decompositiofl,= («, 3, ), are called Euler anglels [105]. Among the multiple possthiéer
angle parameterizations, two are commonly used. The fiestuses as reference basis for the rotation
axis, the basis attached to the heBg,.q. This representation was used to build the FERET database
[46] and the Prima-Pointing databasel[48]. A second panméragbn uses the camera attached basis,
B.am, as reference frame for the rotation axis. This representatas used to build the PIE database
[47]. In the following, we describe these two head pose mpr@tions and give ways to pass from one
representation to another.
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Figure 3.2: Poses in the Pointing representation (from &ifainting databasg [48]).

3.1.1 The pointing representation

This representation has been used to build the Prima-Rgidttabase. The Prima-Pointing database
will be described in more detail in Sectibh 4. Figlirel 3.2 sh@ample head poses of a person in this
database. In the pointing representation, a head pose ieddfly three Euler angles = («, 3,7)
representing three consecutive rotations to transfornélael from the reference configurati®y to a
current configuration. The rotations are done with respethéa axes of the basls,..q rigidly attached

to the head. The pan rotatienis a left-right rotation, the tilt rotatio is an up-down rotation, and the
roll rotation~y is a head-on-shoulder roll. This representation can begtitoas if the camera was fixed
and the head rotating. The pointing representation iséstgrg because it is very intuitive and gives
interpretable values. The poses obtained from this reptatsen 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 followin§19 cameras were positioned at a roughly
head height in an arc from approximately a full left profileatéull right profile. Each neighboring pairs
of these 9 cameras were therefore approximately 22.5 degqesrt. Of the remaining 4 cameras, 2
were placed above and below the central (frontal) camerh2amere placed in the corners of the room.
Images of the views of the 13 camera are displayed in Figite I18.the PIE representation, the pose
of a person is also defined relatively to a reference headgromation’Ry. A head pose is defined by
three Euler angle8 = (o, 3,7). These angles define three consecutive rotations that, epelied

to the head, transform the reference head configurationti@aurrent configuration. But, in the PIE
representation, the rotations are with respect to thecstia@s of the camera referenBg,,,,, pointing
towards the head direction.

Perceptually, the PIE representation can be seen as if tiek Was static and the camera rotating
around it. The PIE representation has a computational aayanIn this representation, head roll vari-
ations for given pan and tilt angles correspond to an imagsaine rotation. More precisely, given the
image appearance of the head pése («, 3,0), the image appearance of any pése- («, 3,7) is
obtained by applying an in-plane rotation of angléo the image appearance of the pése («a, 3,0).
This property, which does not hold for the pointing représgon, is very useful when building head
pose appearance models. The variation in head roll do ndttodge modeled in the PIE representation.
The drawback of the PIE representation is that the signifieari the Euler angles are not anymore in-
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Figure 3.3: Poses in the PIE representation (from CMUPIRldege[[417]).

terpretable. For instance, the tilt at a frontal pose ardlairthan in the pointing representation but, the
tilt at a profile pose in the pointing representation coroesis to a roll in the PIE representation.

3.1.3 From one representation to another

Each one of the two representations have advantages anthatriesv Depending on the problem, we
may be interested in using one of the representations. Haiisg able to convert the head pose in a
given representation into the other representation isutisef

If we denote byY a head pose in the PIE representation with its correspondiagion matrixRy.
Also, let denote by* the same pose in the pointing representation, with its spmeding rotation
matrix, Ry«. Since the two head poses representatiband 0* represent the same head rotation, they
are represented by the same rotation matrix. Thus, to pagsdne representation to the other, one has
to find 6* (resp.f) such thatRy« = Ry.

3.2 Database building

3.2.1 Camera calibration

The database was recorded in two environments, a meetimy anadl an office. Figurds—3.6 ahd13.4
show the recording setup, camera and people location. [ebresavironment, one camera was used for
the recordings. The camera in the office was mounted in thedrdal plane at head height and was
recording at 12.5 image frames per second. The meeting raomera is located at around 60cm upper
the head height, pointing down with an optical axis makingragimately a 15 degree angle with respect
to the horizontal plane, and was recording at 25 image frgpeesecond. The cameras were fixed, and
head poses were defined with respect to the reference hefiguration as shown in Figufe_3.1}a).
The cameras were calibrated using the methodology dedciibL0€]. The principle of the camera
calibration procedure was to show the camera a checkerbv@ased 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 peatdos in the meeting room recordings.

Figure 3.5: Camera calibration: part of the checkerboasivsiused to calibrate the camera in the
meeting room.

The structures of the checkerboard, number and size ofegjuasere used to find the correspondence
between projected images and the 3D geometry of the roomoiitpits of the camera calibration are
the extrinsic and the intrinsic parameters of the cameraerGa pointP* in an external 3D reference
B.., the external camera parametétd’, R°*) are a translation and a rotation matrix defining the change
basis to pass from the external referefiggto the camera reference. The relation between a pBiiit},
in the camera reference and its representatitsti,in the external reference is given by:

Pcam — te:v + R@.’EP@IE (31)

The intrinsic camera parameters define how the p&ifit"™ in the camera basis projects in the image
plane. The intrinsic camera parameters are defined by fearasits, the focal lengthc = (fct, fc?)T,
the principal pointc = (cc!, cc?)7, the skewness distortiar, and the radial distortiohc = (kct, kc?)7.
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(a) Office setup (b) Example image from an office
recording.

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

In the general image projection framewokk; is a four dimensional vector defined by the radial distor-
tions and the tangential distortior{s [106]. The tangertisdortions are null in our case, thus they are
removed from the Equations. The poiRt*™ projects on the image plane according to the intrinsic
parameters aB"™, with the corresponding coordinates:

Pim,l — fcl(Pdist,l 4 acPdist,2) + CCl

Pim,2 — fCQPdist,2 4 CC2 (32)
If we denote the coordinates of the point in the camera reéeras
peam (Pcam,l Pcam,2 Pcam,S)T (33)
P%st is then defined as:
dist 9 4 Pcam,l Pcam,2 T
P (- (1 + kC(l)?" + kC(?)T ) <W’ W) (34)

with 72 = (522222)2 + (giiﬁﬁf The intrinsic camera parameter values are given in Table Bhe
most important parameter for reconstruction quality aeedilstortion parameteic. Its components have
to be small with respect to 1 for a good reconstruction. Femtieeting room camera the components of
the distortion parameter are small. However, for the offam@era it is worth noticing that the distortions
are not negligible when a point is far from the focal poirtt i 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 pogeovi
database. For the head pose annotation we used a deviag ftadle of bird (FOB) [104]. The FOB

is a 3D location and orientation magnetic field tracker witlo tmain components. A reference basis
unit, rigidly attached to the desk, and a bird rigidly at@eaho the head of the person whose head pose
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| camera| meeting room| office \
fc | (425462) | (416,453)
cc | (174,130) | (220,127)
ac 0 0

ke | (-0.27,-0.07) | (-0.36,0.49)

Table 3.1: Intrinsic camera parameter values.

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

FOB-camera calibration: Calibrating the camera to the FOB correspond to finding astation vector
and a rotation matrixt/°®, R7°*) such that any point in the Camera basis and it representatitie
FOB are related by the formula:

peam _ thb + RfObeOb' (35)

The rotation matrix and the translation vectef®, R/°?) can be approximated numerically by solving
an optimization problem. Given a set of poift® ™, i = 1,..., N} in the camera basis with their
known corresponding representations in the FOB bbeé)b, i =1,..., N}, the problem is to estimate
(t7°0 RfY) such that:

ffob pfoby _ cam __ (4fob fob p.fob
(#°0, RI°Y) = argtfgglg}obZHP (7 + RIP/)||2 (3.6)

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

Temporal alignments: In our setup, the camera and the FOB recordings were stadedatily. There
was a time delay between the recording starting time of tled®vices. The FOB outputs and the video
frames have to be aligned. The alignment can be done by firadirepsy-to-identify event in the video
sequence and in the FOB data. We defined the alignment ewebé&sduick head shake. This gesture
corresponds to an oscillation of the head pan while the hitaahd roll are steady in the FOB data. The
video frames corresponding to the peaks of this oscillai@nalso easy to find in the video sequences.

3.3 Database content

The database is constituted by recordings in two envirotsnenmeeting room and an office. In the
following we describe the recording contents in these twarenments.

3.3.1 Meeting room recordings

In the meeting room, 8 meetings were recorded. In each rieprd persons were having a meeting and
among them, two had their head pose continuously annotateddurations of the meetings are given in
Table[32. These meetings were recorded according to aesisephario. The people had to look at the
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Meeting| 1 | 2 | 3 | 4 | 5 6 7 8
duration| 76| 75| 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 referencguaiion, perform the alignment gesture,
write their name on a sheet of paper on the table and discassrstnts displayed on the projection
screen. The scenario gives full freedom to the participabtaut their head motion, pose and gestures.
People were acting naturally as in real meeting situatidie meeting lengthes vary between 7.6 to 14
minutes, thus studying the visual focus of attention inétresording will be interesting. The recordings
are long enough to exhibit a wide range of gazing behavioms.image of each of the 8 meetings is
provided in Figuré=317.

Figure[38 gives the distribution of head pan, tilt, and esibles over the meeting data set. The
pan values are ranging within -90 and 50 with several modé® tilt values are ranging from -50 to
20, and the roll values from -20 to 40 degrees. Figure 3.9alisghe head pan versus head tilt scatter
plots for the two persons in the first meeting recording. it ba seen in these Figules]3.8 3.9, that
the two persons, mostly the person sitting to the right, heghtive pan values. Negative pan values
corresponds mainly to looking at the projection screen Wwhias an important visual focus of attention
for the persons according to our scenario. It has also to tieenothat the way the camera was mounted,
60 cm upper head location and 15 degrees with respect toomaiz was inducing a shift in the tilt
values. When a person is looking straight in front of him ie tiorizontal plane, his head tilt is -15
degrees while it would be 0 degree if the camera would have berinted at head height and pointing
horizontally.

3.3.2 Office recordings

The office recordings involved 15 persons. The length of eacbrding is given in TableZ3.3. In each
recording, a person was sitting in front of a computer anthgdh the framework of a simple scenario.
First look at the camera in a frontal head pose and performigmnaent gesture. Then, look at fixed
points of the room and finally, interact with the experimeniéne office recording set up was close to a
human computer interaction (HCI) set up. The head image sieee quite high, varying approximately
betweenl00 x 100 and180 x 180 pixels.

For each recording, the flock recordings, after alignmedtteansformations using the FOB-camera
calibration procedure, give the head pose annotationsiré{§.10(g) shows the distribution of the head
pan, tilt, and roll values for the whole office recordingsn®alue are ranging from -50 to 150 degrees
in a quite flat distribution. The tilt values are ranging freé® to 20 degrees but most of the values are
within -15 and 15. Roll values are ranging from -20 to 20 degreith the values mostly concentrated
between -5 and 10 degrees. Fighire 3.70(b) displays thees@ddit of the head pan versus head tilt of
the subject in the first office recording. In this plot, we catice that the pan are mostly positive. The
reason is that the experimenter (person in the backgrouRjure[3:6(0) ) 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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—e—pan —e—pan
tilt tilt
025 —o—roll ——rol

pan pan

(a) Distribution for person left. (b) Distribution for person right.

Figure 3.8: Distribution of head pan, tilt, and roll in the etiag recordings, expressed in the pointing
representation.

(a) Plots for person leftin the first meet- (b) Plots for person right in the first
ing recording. meeting recording.

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

3.4 Conclusion

In this chapter, we have described our head pose video d&tabhis database was built to achieve three
goals. First, build for ourselves a head pose video datalvdkepeople having their head orientation
continuously annotated to evaluate our own head pose m@@hgorithms. Second, distribute it to the
scientific community to be used as evaluation database.rniafiion about the database, and the pro-
cedure to acquire the database are availablgtpt//www.idiap.ch/HeadPoseDatabaséhis could be
very useful for the head pose tracking community in whichgémeral, people evaluate their head pose
tracking algorithms either qualitatively or on private @ataking performance comparison impossible.
In the following chapter, we will present our head pose tiglalgorithms and use the meeting room
recordings to evaluate our algorithms. For the evaluatiereswill follow a precise protocol to allow
comparisons with other approaches.
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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 ctampision research community. Initially,
most of the proposed methods, refer to as model based metlieds based on facial features tracking
and 3D head pose geometric reconstruction from the locafitite tracked facial features. But, tracking
facial features usually requires high resolution imagessoAbecause of ambiguities and occlusions,
tracking facial features is likely to fail in long term trang. Thus, other methods called appearance
based methods were proposed. These methods are based ahhglall appearance models learned
from training data using machine learning techniques azidsed in Sectiofi 2.1. The head pose track-
ing methods can also be classified into two categories aicgptd wether the tracking and the pose
estimation are done jointly or not. In the first category, hiead is tracked and its location found. Then,
the image around the head location is processed to estitmateetd pose. This methodology, by ne-
glecting the relationship between the head spatial cordtgur (location, size) and the pose, leads to
a reduction of the computational cost of the algorithms uoing the dimensionality of the search
space. This aspect of the problem is important when tryirdegign real time systems. However, head
pose estimation has been shown to be very sensitive to toisiore of the head localization. Bad head
localization can lead to large variation of head pose esiimaespecially in the head tilt direction.
Thus jointly tracking the head and estimating its pose cad te significative head pose estimation im-
provements. Some researchers proposed to jointly trackehd and estimates the pose. The tracking
methodology we proposed in this thesis will be designed eénaimt head tracking and pose estimation
framework.

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

e The first method is based on the standard importance samiiBhgdescribed in Sectiofi"2.2.2,
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and which allows for the tracking of multiple modes in theefilbhg distribution resulting in a better
handling of ambiguities than Kalman filters.

e The second SMC method is a Rao-Blackwellized version of $edrticle filter which should
results in a reduction of the required number of samples fgmaal tracking.

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

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

This chapter is organized as follows. Sectibn] 4.1 presemtshead appearance modeling. Sec-
tion [42 describes our joint head location and pose trackieghod with a mixed state particle filter
(MSPF) based on IS. Sectidn_ 1.3 describes the Rao-Bladketidin of the MSPF. Section_4.4 presents
a joint head tracking and pose estimation in a MCMC framew@kction [4b presents an algorithm
that first track the head using a PF relying on the color histmgand head silhouette models, and then
estimate the head pose from the resulting head locations dlgprithm will be used for comparison
with our joint head tracking and pose estimation method<ti@e [£.® presents the evaluation set-up
and gives the experiments we conducted to study the perfarsaof our tracking methods. Sectibnl4.7
concludes the Chapter.

4.1 Head pose modeling

Head pose modeling is the preliminary step for head poskitrg.cThe goal of head pose modeling is to

build a representation of the image appearance of headgjtako account the variation of appearance
due to orientation changes. In Section] 2.1 various headmoslels have been presented. In this Section
we present our head pose modeling.

4.1.1 Head pose modeling

We use the Pointing databasel[48] to build our head pose medate the discrete set of pan and tilt
values available covers a larger range of poses than theoone in other databases (e.g. FERET, PIE
[46,147]). Although we use the Pointing database to buildtead pose models, in tracking situation
we will use the PIE head pose representation presented tioSd8.1. We use the PIE representation
because it has the computational advantage that, givenpiheaeance of a head pose, 3,0), the
appearance corresponding to the change in the hea@uall v) can be obtained by applying an image
in plane rotation of angle to the image appearance of the pgses, 0). In the PIE representation, head
roll appearance variations do not need to be modeled.

Texture and color based head pose models are built fromebdmple images available for each
of the 79 discrete head posésc © = {6x,k = 1,...,79}. The pointing database is composed of
93 head poses, but when passing in the PIE representatioithef@rofile posed = 90) only one
pose value needs to be retaingd=€ 0). The other profile pose are in-plane rotation variationthsf
one. Figure[Z]1 shows a person in the Pointing databasd,thegloses that will be used to build the
appearance models. In the Pointing database, there areopkegeer pose. Ground truth image patches
are obtained by locating a tight bounding box around the hBadause of the small number of people
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(@) Head image  (b) A coarse scale Gaussian filter and two Gabor (¢) Face skin
filters output mask

Figure 4.2: Frontal image example and its correspondingifea

in the database which will make model training quite difficube introduced more variability in the
training set by generating virtual training images from beated head images. More precisely, new
training patches were generated by applying small randatanbations 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 fillgrd = 1, ..., 3: a Gaussian at coarse scale
and two Gabor filters at two different scales, as illustrateBigure [4.2(0). Training image patches are
obtained by locating a tight bounding box around the heaa ifrtage patches are resized to the same
resolution64 x 64 and preprocessed by histogram equalization to reducefx ef lighting conditions.
Patches are then filtered by each of the above filters at sythsdrixel locations and the output of the
filter are concatenated into a single feature vector. Thé téxéure feature is a column vector, denoted
by zter = (gteml | ter.Neea)T whereT denotes the transpose operator, belongs g2 = 552
dimension space.

The meanEic* = (E;*"", ..., E;*™)T of the training feature vectors associated with each head
posed,. € O is taken to be the texture exemplar of the pose. In addittmdiagonal covariance matrix
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tex,1 tex,Ntex

oler = diag(o)™", ..., 0 ) of the training texture features vectors of each p@sare used to
define the head pose likelihood models.

Texture likelihood:
The texture likelihood of an input image characterized byeittracted featureg®® given a head pose
0, is then defined by:

1
pte:c(ztez“f) — W exp _)\Zezpk(zte:c’ Eltge:c) (41)
k

wherepy, is the normalized truncated Mahalanobis distance defined as

Ntez 2
1 U; — Uy 2
Pr(u,v) = Nyoo Z max (W) » Thex (4.2)

whereT;., = 3 is a threshold set to make the distance more robust to oati@ponents.

The normalization constar}** and the parameteXi*” are learned from the training data using
a procedure proposed in_[107]. The procedure is the follgwiRor each head posk, the distance
between the exemplar and a training featufés, p, (Ei”, z{*), is modeled as a Chi-square distribution
s',ffﬂxflzm whered!** denotes the dimension of the fitted chi-square distributind si** denotes its

standard deviation. Figufe%.3 gives, for all the exempthaesfitted Chi-square dimensiod$® and their
corresponding standard deviatios}§*. While the standard deviations of fitted Chi-square distitin

to the distance between the texture exemplars and thenirtgadata are quite similar, there is a high
variability between the dimensions. Recall that a Chi-sgudistribution with dimensionalityl is a

sum ofd independent Gaussian variables. Hence, the variationgriargionality of the Chi-square
distributions implies that the exemplars with the higheneinsionality will be favored if no normalization

is applied. Thus, the distance of all the exemplars will hedito a Chi-square distribution with the same
dimension to normalize their values. We chose this dimenside the average of the dimensions of the
fitted Chi-square distributions. Thus,df® denotes the mean of the chi-square dimensions, the texture
likelihood parameters are given by

Jtex

= andZzie® = (shem)® . (4.3)

ter __
AL =

When building the texture head pose models, we could haviiedpgrincipal component analysis
(PCA) to the input features to reduce the dimensionalityhef feature space. But, as already said in
Section (211, applying PCA to the input features would havgiired to keep a large number of PCA
eigenvectors to precisely model the large range of headspoBbus projecting the input features on
the PCA eigenvectors would be computationally very expengdiVe thus decided to use the Chi-square
normalization. This normalization can be interpreted asygiicit dimensionality reduction technique
because the distance in the input feature space is normaliizh respect to the dimensionality of its
variation using Chi-square modeling. In the texture feattase, the dimensionality of the input features
is Ny, = 552 while the average of the Chi-square dimensiong,is = 40.
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Figure 4.3: Parameters of the fitted chi-square distributimdeling the distance between each texture
head pose exemplars and its training texture featuresngecto

Head pose color model

To make our head models more robust to background clutteleavaed for each head posk, a face
skin color model, denoted bg;*", using the training images belonging to the head pose. ifigain
images are resized &l x 64, then the pixels are classified as skin or non skin to produseraay mask
having as value O for non-skin pixels and 1 for skin pixelsslaswn in Figure[ 4.2{¢). The skin model
Eskin is taken to be the average of the training binary masks. Ameleof head pose skin color model

is shown in Figureg_4.5(b).

To detect skin pixels at run time, we model the distributidrslan pixel values with a single Gaus-
sian distribution in the normalized (r,g) color space. Asvghin [S], such a model holds well for people
of any skin color tone. Thus, the parameters of a generalcshor model (mean and variance), denoted
by (mgkin, $3skin), are learned using the whole set of training images in thetirgi database. The
parameter$m3"‘i", Eg’””) are then adapted through time using a Maximum A PosterioARMadap-
tation technique, leading to the parameterg®™, ¥5%) at timet. The MAP adaptation technique is
described in Sectioh—3.5. The skin color data used at tifoeadaptation are computed from the image
pixels extracted using the estimated mean state of the lseadSectioi 412 ), taking into account both
the 2D spatial head localization parameters and the estthadse, which, through the skin mask, tells
which pixels of the head corresponds to the face part and earséd to collect the adaptation data.

Skin color likelihood:

The color likelihood of an input patch image with respecti® $kin color model of a pogk is obtained

in the following way. Skin pixels are first detected on €dex 64 grid by thresholding the skin likelihood
obtained using the skin color distribution model with paedens (m;*", $3%). The resulting skin
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Figure 4.4: Parameters of the fitted chi-square distribputimdeling the distance between the head pose
skin color model exemplars and their training features.

mask,z**™", is then compared to the modg[*™, using the likelihood defined as:

pskm(zskin|k) — exp _)\Zk‘zn| ‘Zsk‘in _ E]zkzn‘ |1 (44)

skin
Zk

where||.||; is the normalized.! distance defined as

1 Nskin
u—oll; = U — V; (4.5)
o =oll = 5 3 o

with N, being the dimensionality of the skin feature vector. Thewelization constant§,§’“m and
the parametera;*" are learned using the same principle as with the texturéHised parameters. For
each head pose, the distance between the skin color modalteaiding feature*", || Egkin — yskin||,

is modeled as a Chi-square distributig@’f”"zxflmn. Figure [ZL% gives for all the skin color models the
k

dimension of the fitted Chi-square distributiofig*™ and their corresponding standard deviatieffé™.
As in the texture modeling case, high variability can becettibetween the dimensionality of the fitted
Chi-square for different poses. Normalizing the fitted €firare is also required, so that models with
distance lying in low dimensions are not favoredd¥f"* denotes the mean of the chi-square dimensions,
the skin likelihood parameters are given by

Jskin

, 1 ,
M = ———— and ZgM" = s (4.6)
Q(Szkzn)2
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(a) Head and silhouette bounding box.  (b) Head skin model for (c) Head silhouette model.
the frontal pose.

Figure 4.5: Head modeling. Figure 4.3(a) shows the sillteumix defined as 1.5 times larger than the
head box. Figure4.5(b) shows the frontal pose head skin mbigire[4.5{d) shows the head silhouette
model. In Figur¢ 4.5{(b) and Figufe 4.3(c), a bright pixelates a pixel likely to be a face or silhouette

pixel and a dark pixel indicates a pixel unlikely to belonghe face or the silhouette of a person.

Head silhouette model

In addition to the pose dependent head models, we proposiita head silhouette model to aid in the
head localization, by taking advantage of foreground segatien information. Figurd_4.5(c) displays

our head silhouette model. We built a head silhouette mdd#l, by averaging head silhouette patches
extracted from binary foreground segmentation images maiaihg set. Note that a single silhouette
model is used, unlike the pose-dependent models for teanleskin color. The main reason is that at
low and medium resolution, the foreground data does notigeaeliable information about the pose.

Background subtraction:

The foreground objects are obtained using a backgroundastiioin process. For each image pikely),

the Hue-Saturation (HS) color is modeled as a Gaussiaridistn, with parameteremgg (z,y), 289 (z,9))
obtained from training background images. The backgrouodetis adapted using standard MAP adap-
tation to obtain new parametefmfg (z,y), ng (z,y)) at each time frame. At each time frame, the
foreground segmentatiaf; is obtained by thresholding the likelihood of the input iradgwith respect

to the background model. Therefore, the foreground is apimeask defined as

_ [ VEN L, y)im? (@,y), 57 (2,y)) < Tig
Flz,y) = { 0 otherwise (4.7)

where T}, is a threshold used to define the outliers to the backgroundemoThe resulting of the
background segmentation is a binary m#slkhaving 0 as value at background pixels and 1 at foreground
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Figure 4.6: Foreground segmentation and silhouette f&eli.

pixels. Figure[4:6() shows a foreground image obtainem foackground subtraction. We can notice
that due to the textured background, the result is not neikife being informative.

Silhouette likelihood:

The silhouette likelihood works by comparing the modéti, to a binary image patch;*!, extracted
from the foreground segmentation given the hypothesized laxation. Given the spatial configuration
of the head (tight bounding box around the head) the spaiidiguration of the silhouette is centered
at the same point but is 1.5 times bigger with the same ineptatation, as illustrated in Figufe 4.5(a).
A poor match betweer*? and 2" indicates the presence of foreground and background patels
unexpected locations, probably due to a poor head locatipathesis. The head silhouette likelihood is
defined as an exponential distribution:

poin(z™) o Agirexp = (Agall="" = E|J1) (4.8)

where||.||; is the normalized L1 distance defined in Equatlon] 4.5, &pdis the likelihood parameter
that we set to the valug,; = 5. Figure [4.6(0) shows the variation of the silhouette liketd with
respect to the distance between an input silhouette feanddahe silhouette model. The likelihood is
chosen to be not very peaky, because the background segimemn be noisy sometimes.

4.1.2 Head pose modeling evaluation

We conducted two series of experiments to evaluate our heselipodeling. The first series follows the
CLEAR Evaluation Workshop protocol on the Pointing datab€$3]. The second series is a variation
of this protocol, where we avoid to have the images of the gaensons in the training and test sets.

As said previously, the Pointing database is composed ofebplp, recorded at 93 poses in two
sessions. In the CLEAR evaluation protocol, the data of st $iession are used as training set, and
data of the second session are used as test set. For heazbliimal two experimental conditions were
considered. In the first case, the heads were localized by, hahe second case, the head localization
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T
(@) Example image from CLEAR eval- (b) Detected skin area. (c) Head
uation data set. localized

from skin
area.

Figure 4.7: Head localization with skin segmentation in GlEEdata.

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

From the training data we built the head pose models destphlaviously in Sectiori”4l1. Then, for
each image in the test set, we computed the likelihood ofisemvation, extracted using the localization
procedure, with respect to each pose models. Given a tegeirttze texture and skin color observations
Z'** and z**" are extracted. Then three models are compared: the textulelmecognition, the skin
color model recognition and the texture and color fusiorogadtion. For the texture only model, the
texture observation of the test image is compared to theiexnodels of the head poses using the
texture likelihood defined in Equatidn #.1. The recognizedcposey;, is the pose with the highest
texture likelihood:

k = argmax, pres (21 |k). (4.9)

For the skin color model, a test skin color observation is parad to the skin color models and the
recognized posé; is the pose with the highest skin color likelihood defined quétion[4.}-

k= argmay, pagin (2" k). (4.10)

In the fusion case, both the texture and the color modal#iesused. The recognized head pdse s
the pose maximizing the likelihood:

k = argmax, pres (2" |k )pspin (2™ k). (4.11)
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localization| by automatic skin segmentatign by hand

error pan tilt pan | tilt
texture 13.2 14.1 111 111
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 evaluatitupse

method | Baetal | Voit etal[[L08] | Tuetal[LO9] | Gourieret al [L10]
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 facdhpose estimation using the CLEAR eval-
uation protocol: the second column gives our results (texaind skin color used jointly), the 3 last
columns give results presented at the CLEAR evaluation #ag.

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

Table[4.1 shows the pan and tilt estimation error resultswising the texture model only, the skin
color model only, and both models jointly. From the results @an conclude that the use of texture
features lead to better estimate than the skin featuresdéxaising texture and color together signif-
icantly improves the head pose recognition. This showsedten if skin color models give inaccurate
results, fusing texture with skin color improves the headeprecognition. Tablg“4.1 also shows that
when the head are localized by hand, especially with the gilior case, the pose error is lower giving
an insight into the head pose estimation sensitivenessamb loealization. TablE"4.2 shows that our head
pose recognition method based on the fusion of texture aimdcslor is competitive with respect to
state-of-the-art head pose recognition methods that wesepted at the CLEAR evaluation workshop
2006 [108[109, 110, T11].

The CLEAR Evaluation set up, by using images of the same psiisdooth the training and test sets,
does not give reliable information about the generalizatibility of head pose models to recognize the
poses of unseen persons. Thus, we defined a second evalimati@work with the Pointing database.
More specifically, we mixed the images of the two recordingsgms, and in turn left aside as test data
all images of one of the person, while using images of the m@ng persons as training data. Table
M3 reports the performances of our models using this sepaootdcol. Overall, we can see that the
performance are similar to the results obtained with the SREvaluation protocol. However, we can
notice that while the pan errors are very close in both payche tilt errors tend to be higher in the
unseen setup. This indicates that the tilt estimation isensensitive to the individual person appearance
than the pan estimation.

In this section, we built a discrete representation of hemgpimage appearang = (Eice, EiFin, psil)
using texture, skin color and foreground features. Thisasgntation will be used in a probabilistic
framework for head pose tracking, as will be described inrémeaining of this Chapter.



localization| by automatic skin segmentatign by hand

error pan tilt pan | tilt
texture 11.7 14.4 12.1| 145
color 290.1 28 12.9| 14.3
fusion 10.3 135 951|124

Table 4.3: Static head pose estimation: unseen person setup

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

Particle filtering (PF) implements a recursive Bayesiaeifilty Monte-Carlo simulations. LeX; repre-
sents the state at tinteandz1.; the sequence of observations up to timEurthermore, Ie{Xt(f)l ; wgf)l}ffgl

denotes a set of weighted samples characterizing the(pdf 1 |z0.t—1), where{Xt(f)l, n=1,...,Ns}

is a set of support points with associated weighié)l. The goal of PF is to approximate(X;|z1.¢),

the current pdf of the state given the sequence of obsen&tim sampling with a set of samples and
associated weights. At each time, the samples and weightbeahosen according to the importance
sampling principle (I1S) described in Sectidn_212.2. We mihieefollowing assumptions: the state fol-
lows a first order Markov process; and the observations depiendent given the states. We also assume
that we have a proposal functigiiX;| X;_1, z;) that makes use of the current observation. Then, the
current pdf can be approximated as:

P2 Xe)p(Xe| Xi—1)

< 4.12)
Q(Xt |Xt_]_7 Zt)

p(Xi|212) o Zw (X)) (X XM, z) with W™ (X;) o
Figure [48 summarizes the steps of the pdf approximation isicrete particles and Weiglﬁ}s
In order to implement the filter for tracking, four elemengvé to be defined:
1. a state modeX; describing the object;
2. a dynamical model(X;|X;_1) modeling the temporal evolution of the state;

3. a proposal functio(X;|X;_1, 2;) which role is to sample new state candidates in informative
regions of the state space;

4. an observation model(z;|X;) which measures the adequacy between the observations end th
state. This is an essential term where the data fusion acGimes head pose models presented in
Section[Z1L will be used to build the observation model.

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

When the PF comprises a resampling step as shown in FIQUE; thelmultiplicative termu(") in EquatioZP can be
discarded because after resampling, the particles areromif distributed.
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1. initialization step:
forn=1,...,Ny: Xé") ~ p(Xo), wé”) = Ni, t=1

2. IS step:

p(ze| X)p(X M 1 x M)

o XY~ g(XXT ), Y o PR L e

,n=1,.., N

o W= angn)a u~)§n) = mt_*a n= 1a~'~aNs

3. filter output step:
compute the state expectation from the particles using fiomsi.3B anfZ4.34,

4. selection step:
resample with replacement particles according to the wsigh

(XM oM — (X el = L)

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 reprga@tly, in the same state variable, discrete
variables and continuous variables. In our specific cagestfiteX = (S, r, k) is the conjunction of
the continuous variabl and the discrete variablesandk. For the variableS = (z,vy,sY,¢), (z,y)T
defines the head location? is a head height scale, with respect to a reference héightdlefining the
head height.c is an eccentricity variable defined by the ratio of the headitlwover the head height.
Given the reference head widfi¥ and head height?, the head width scale” can be computed as:
sYLY
T _ 4.13
st =t (4.13)
The continuous variabl® and the discrete variable together, parameterize the 2D spatial transform
75, defined as

st 0 cosr —sinr T
Tsnyu = ( 0 ¥ > < sinr  cosr >u+ ( y ) (4.14)

which characterizes the object’s configuration in the implgee. The vector = (u,,u,)? is a point
in a reference frame. The vecttr,y)? specifies the translation, i.e. the position of the objedhi
image plane(s®, s¥) denote the width and height scales of the object accordimgréderence size, and
r specifies the in-plane rotation angle of the object. Thematarr was discretized for convenience,
though this not a necessity of the approach.

The discrete variablé labels an element of the set of head pose modgls Together with the
variabler, which defines the head roll in the PIE representatiotefines the head pose. As presented in
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Figure 4.9: Mixed state graphical model. Continuous véemlare represented by circles and discrete
variables by squares. Hidden variables are bright and wdisen variables are shaded.
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(@) Simulation of head motion with the (b) Simulation of head motion with the
classical motion modek§=1). Langevin motion modelf=0.5).

Figure 4.10: Simulated head trajectories. Fidure 4.10¢ayvs a simulation of the classical motion
model withco=1. Figure4.I0()) shows a simulation of the Langevin mo&el: 1000 iterations, with
exactly the same noise models, the trajectory obtainedauithngevin model seems more realistic.

Section[B, in the PIE representation, an in-plane rotatfadheohead in the image plane represents a head
roll angle. Thus, the exemplars variatdlanodels the head pan-tilt angle variations, and the variable
models the head roll angle variations.

4.2.2 Dynamical models

The process density on the state sequence is modeled asral swder process. We assume that the
process density can be factorized as :

p(Xt ‘Xt—la Xt—2) = p(St |St—1, St—2)p(kt |kt—17 St)p(Tt ‘Tt—la kt—l) (4-15)

Figure [Z.9 gives the graphical model of the dynamic proces®sponding to this factorization. Let us
now describe the three terms involved in Equalion}4.15.
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(a) Head pan difference distribu- (b) Head tilt difference distribu-  (c) Voronoi segmentation in the PIE
tion. tion. head pose space given the discrete
pose.

Figure 4.11: Head pose dynamic parameters. Green: histogfrpan differences in Figufe 4.11}(a), and
tilt differences in Figur¢ 4.I1(p). Red: fitted GMM to tempbpan and tilt differences. Figufe 4.T3(c)
shows areas associated with each discrete pose obtaime fvoronoi segmentation.

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

xp = x4 + w(T—1 — Tp—2) + NfF
Yt = Yr—1 + @Y1 — Yr—2) + 77%’
e = e—1 +1nf

y _ Y sY
S = Sp_1 T

(4.16)

wheren?, n/, n¢ andn;” are centered Gaussian noise models. The dynamic of the bestibh variable
(z¢,y:)T is modeled as Langevin dynamlc [112]. In Equafion ¥ 46< 1 is the Langevin parameter
damping the velocity of the object. The Langevin dynamic &lwuited to model moving head because
it models object’s motion subject to friction. In classitead motion modeling, defined by dynamic
with a parametets = 1, the object has the tendency to gain speed very quickly. &dmeodeling
with a Langevin dynamic, the motion of the object is slowehu3, when modeling head motion, the
exploration of the space is more efficient with a Langevinaiyit, as illustrated in FigufeZ110.

Head pose dynamic:
The dynamic of the discrete pose variabklds defined by the transition proces&:;|k:—1, S;) defined
as

p(kt|kt—17 St) 08 pO(ekt)p(kt|k't—1)p(kt|5t) (4.17)

wherepy (0, ) is a prior on the head posg(k:|k;—1) models transition between head poses, aitd S; )
models a prior on the head pose given the head spatial coatfigur

The prior on the head pogg (6, ) defined as:

pO(ekt) = (akt 5 ﬁk’t? Wkt)) = N(akta 07 Ua)-/\/’(ﬁktv 07 Jﬁ) (418)
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is a coarse Gaussian distribution centered at the frontsg @@ 5) = (0,0) with standard deviation

(0a,08) = (45,30). This prior is used to slightly favor near frontal poses wigspect to near profile

poses. It compensates for the fact that we observed thatatsier to fit (i.e. obtain higher likelihood) a
profile than a frontal head poses.

The transition term between poses$k,|k;—1), is learned from continuous head pose ground truth.
First, we assume that for each pdase= (o, 3,+) the pan component and the tilt componeng are
independent leading to

p(0i01-1) = p(as]ar—1)p(Be|Br-1)- (4.19)

The continuous transition between the head pose pan ardeithodeled using the absolute difference
between head pose componepts;|a;—1) = p(ay — ay—1) andp(5y, Bi—1) = p(Br — Bt—1). The tem-
poral differences are used to model the dynamics becaukevwsao estimate the transition distribution
in all part of the pose space even when we do not have data.

The temporal pan and tilt differences — o1 and3; — 3;_1 are modeled as two Gaussian mixture
models (GMM)p,, andpg in the continuous space. The mixtures comprises two Gaussiatered on 0.
Intuitively, one mixture component is expected to modalatibns when the head remains static, while
the other one will account for head pose variations when #regm changes his head pose. Figures

A TI(a) and4.T1(b) displays the fitted mixtures.

The pose variablé; is discrete. The GMM learned to modeled the transition argicoous distri-
butions and need to be adequately discretize. The disatietizis important because in the PIE repre-
sentation, the discrete poses do not represent a uniforrplisgnof the pose space, as can be seen in
Figure[4.11(d). Each discrete pose represents an area gfiélee of poses. Because the discretization is
not uniform, the areas do not have the same surface. Thusatisition between the discrete poses have
to take into account the areas they represent. Thereforagee to define transitions betweens regions
of the pose space. The continuous GMM are used to computeatigtion between two regions of the
head pose spacé), and0;, as:

pojo) = KOSl 29
_ Jou Jo, PO510)po(0:)d0;d0:. (4.21)

f@i Ppo (ez)dez

In our case, the integrals ii{4]20) are computed by disingtithe head pose space. The transition
process between the discretized poses and k; is defined from the transition between regions as
p(kt|ki—1) = p(Ok,|Ok,_, ), whereQOy, is the region represented by the discrete head gpsecording

to a Voronoi segmentation of the head pose space given theetimtion. Figurg 4.11(c) gives the
segmentation of the PIE head pose space into the Vorond.area

Finally, the priors on the head pose given the head spatiigroationp(k;|S;) is defined as:

plke]Sy) = <Lt (4.22)

>k Py (et)

wherepy, is a Gaussian prior on the head eccentricity learned frontrétieing data. This term is used
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in the dynamic model to take into account information cargdiinto the head spatial configuration for
the pose evolution.

Head roll dynamic:

Finally, p(r¢|r—1, k:+—1), the dynamic of the in plane rotation variable, is also ledmasing the sequences
in the training data set, and comprises a Gaussian prior@hehd rollpg (). More specifically, the
PIE pan and tilt space is divided into nine regidgds ¢ = 1,...,9: obtained by equally dividing the
pan and tilt range (from -90 to 90 degrees) with a 60 degrexs 3hside each regio®;, a Gaussian
distribution™* = p(r; — 7;_1) is fitted to the roll temporal differences — r;,_; of the training data
which head pose falls the regions@n. Thus, inside each regidd; the transition between roll values is
modeled as:

pr7i(rt|rt—l) ZN(Tt;Tt—17UT7i) (4.23)

wheres™? is the standard deviation of the distributigh?. The transition between roll values for pan
and tilt belonging to the regio®; can also be written

Tt =T¢_1 —+ ,’77",2’ (424)

A prior distribution on the roll valuepe, (1) is also learned by fitting a Gaussian distribution to the roll
values of head pose with pan-tilt valuesan. If we define

0 i (4.25)

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

p(relre-—1, ki—1) o pncb(k:t_l)(Tt\Tt—l)pe(P(kt_l) (re). (4.26)

Hence, the variablg, _; acts on the roll dynamic like a switching variable, and tié® &olds for the prior
on the roll value. Finally, the transition between the diseroll values is obtained by just discretizing
the continuous transition distributions. This is possti®eause the roll discretization is uniform.

4.2.3 Proposal function

The proposal functiog(X¢| X:—1, z¢) is used to sample new stal§ using the previous stat¥;_; and
knowledge contained in the current observatipnMore clearly, the proposal function is defined as:

Ny

q(X¢| Xe—1,2) = (1 = e)p(Xy| X1, Xy—2) + Nid Zp(Xt|Xj(Zt)) (4.27)
j=1

wherep(X;|X;—1, X;—2) is the object dynamical model defined in Section—4.2.8,a mixture weight
defining the proportion of state to be sampled from detectiof(z;) are head states obtained by de-
tecting heads location from the background subtracted énuagg the head silhouette model aNgdis
the number of detected heads. This form of proposal allowsdover from tracking failure as it em-
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(a) Foreground segmentation from background (b) Spatial configuration candidates (green
subtraction. boxes) obtained by scanning the foreground im-
age with the head silhouette model.

Figure 4.12: Candidates spatial configuration obtainechfn@ad detection using the foreground image
and the head silhouette model.

beds a re-initializing componeﬁ% Z;V:dl p(X;|X;(2:)) sampling new states around detected Héatis
detected head

X (z) = (Sj(z0), 7 (21), 72, (K)) (4.28)

is defined by a spatial configuratiof; = (&, 3i;, &, 5%) defining the location and size of the detected
head (see Figurg_4.T2]b)), a head foll= 0, and a distribution on the head pasg(k) defined as

Ty () o Prea (227 (S, 7) | k)Pskin (2577 (S5, 75) | k) (4.29)

according to which a new head pose variabjean be sampled. The distributigX;| X, (z;)) assumes
that the variables are independent and is modeled as:

Ty =T; +n"

ye =9y +n?

et = & +n° (4.30)
Sij = 55’ + nsy

re = fj + ’I’}T’(I)(kj)

The detected head locatio§(z;) are obtained by comparing binary foreground feattfgS;, r) ex-
tracted from spatial configuratiofb;, = 0) defined by uniformly subsampled image locations and a
range of head sizes. The detected head locations are thgumaitbnsS; having their silhouette likeli-
hood higher thafl’;;, a detection threshold:

{8;(2), j = 1,...;, Na} = {S1/ psir (z54(Sy, 7)) > Tuir}- (4.31)

2In case no head is detecteld; = 0, only the dynamig(X;|X;_) is used for samplings(= 0).
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4.2.4 Observation models

The observation likelihoog(z| X) is defined as follows :
p(Z|X = (57 Ty k)) = pteac(ztex(57 T)|k)pskin('zsmn(sv T) |k)psil(z8il(sv T)) (4.32)

where the observations = (z'*, z5kn 25T are composed of texture, skin color, and binary fore-
ground observations. Also, we assumed that the obsergaim conditionally independent given the
state. The texture likelihoog,.., the skin observation likelihoogy;, and the silhouette likelihood,;;
are defined in Sectidn'4.1 in Equatidnsl4£.1] 4.4,[and 4.8eotisply.

The computation of the observations is done as follows. t Firs image patch associated with
the image spatial configuration of the stat8, r), is cropped from the image accordingdes, r) =
{7 (s,ryu, u € C}, whereC corresponds to the set of 64x64 locations defined in a referlame. Then,
the texture, the skin color and the binary observations aneptited using the procedure described in
Section[411.

4.2.5 Filter output

We need to define what we use as output of our filter. The setrtitles defines a pdf over the state
space. Thus, we can use as output the expectation values gfdfiiobtained by standard averaging over
the particle set. Note that usually, with mixed-state Pistaging over discrete variable is not possible
(e.g. if a discrete index represents a person identity). é¥aw in our case, there is no problem since
our discrete indices correspond to real Euler angles, ifPtRerepresentation, which can be combined.
Given the set of particle@Xt(") = (St("),rt("), k:t")),wt("), n = 1,..., Ny} the spatial configuration and
the in plane rotation output of the filte§; and7;, are defined as:

N,
Sy = Z wtn)st(n)
n=1
N,
T = Z wt(n) t(n)
n=1
(4.33)
The head pose output of the filté, = (&, 3;, 1), is defined as:
N,
n=1
A~ NS
B = > wﬁn)ﬂkgm
n=1
N,
o= Do w m + ") (4.34)
n=1

(4.35)
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where the pose represented by the pose varilaﬁtﬁbl)eis denoted), ) = (o, ), B,m,7,(m). Ithasto
t t t t

be noticed that, to estimate the head rgll the particles’ in-plane rotation valueén) are taken into
account.

4.3 Head pose tracking with a Rao-Blackwellize MSPF

Rao-Blackwellization can be applied when the filtering pidf@me state model variables can exactly be
computed given the samples of the remaining variables. &stkemplar labet; is discrete and belongs
to a finite set, it fulfils the conditions for an exact pdf cortgiion.

Given the graphical model of our filter in Figure ¥.9, the RBf®Rsists in applying the standard IS
algorithm over the tracking variables andr; while applying an exact filtering step over the exemplar
variablek;, given the samples of the tracking variabl&®r this purpose, the pdf can be written:

p(Sl:t7 T1:t, kl:t|zlst) = p(k1:t|51:t; T1:¢, Zl:t)p(slsta Tl:t‘zl:t) (436)

In practice, only the sufficient statistipsk,;|S1.¢, r1.¢, z1:¢) needs to be computed. The pdfS;.¢, 71.¢|21:¢)
is approximated via IS. Thus, in the RBPF modeling, the pddguatiof4.3b is represented by a set of
particles

(Sl ™ () ™y (4.37)
where
i (ke) = plke| S0 210 (4.38)

is the pdf of the exemplars given a particle and a sequenceeasurements, and

wi™ o p(S42, 1214 (4.39)

is the weight of the tracking state particle. In the follogjrwe detail the methodology to derive the
exact steps to computé”)(kt) and the SIS steps to compute the particles weigJﬁ?%.

4.3.1 Deriving the exact step

The goal here is do derive(k;|S1.¢, 711, 21:¢). AS k; is discrete, this can be done using prediction and
update steps similar to those involved in Hidden Markov M¢H&M) [113].

Prediction step for variable k;:
Given the new samples ¢f andr at timet, p(k:|S1.¢, 1.4, 21.4—1) the prediction distribution ok; can
be evaluated as:

Zp(k‘t, ke—1|St:e, 7104, 21:4—1) (4.40)
ki—1

= Y plkilke1, So)p(ki-1]S14, 71t 21:0-1)
ki1

p(ke|S1:t, T1:t, 21:4—1)
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The first term,p(k;|k:—1, S¢), is the head pose dynamic defined in Section_#.2.2 by Equéibih
However, unlike in the standard RBPF, the second tefbp_1[S1.¢, 1.4, 21.t—1), due to the extra depen-
dency betweem, andk;_1, is not equal t@(k;—1|S1.t—1,71:t—1, 21.4—1). HOwever, this term can still be
computed. Exploiting the dependency assumptions of thehggal model, we have:

P(re|re—1, ke—1)p(Se|Se—1, St—2)p(ke—1]S1:6—1, T1:0—15 21:4—1)
Z1(St,re)

p(ke—1|S1t, 1ty 21:0-1) = (4.41)
wherep(S;|S;—1, S;—2) is the spatial configuration dynamics defined in Secfion2%g.Equatiori 4116
andp(r¢|rs_1, k;—1) in the in-plane rotation dynamics defined in Section_4.2.Ehyation’Z26. The
normalization constant of the denominatéy (S, ;) = p(S¢, r¢|S1:4—1,71:4—1, 214—1) Can easily be
computed by summing the numerator wkgt. ;:

Z0(St,e) = p(SilSi-1, Si-2) > p(relrev, ke1)p(ke1|S1a-1, 7101, 21:0-1) (4.42)
ki1

Update step for variable k.
When new observations are available, the prediction can be updated to obtain theted pdf:

D(2¢| Sty e, ke )p(ke |1ty 71005 21:0—1) (4.43)

p(ke|S1:t, 18, 21:4) = Z

where the normalization constatfy = p(z¢|S1.¢, 1.4, 21.t—1), can be obtained by summing the numer-
ator with respect té; :

Zy =Y p(zlSe, e, k) p(ke|S1et, 71ty 21:01). (4.44)
k¢

4.3.2 Deriving the SIS PF steps

The pdfp(Si.¢, r1:¢|21.¢) IS approximated using particles whose weight is recungigemputed using the
standard SIS principle. The target pdfS.;, 71.¢|21.¢) which can be written:

(2| S1:t, P12t 21:6—1)P(S1et, 7106 21:0-1)

p
4y T1t|21:) = 4.45
P(S1:t, 11:¢|21:4) pCaloa) (4.45)
_ P(2¢|S1:4, 71205 21:0—1)P(St, 7o Stit—1, 712615 210 1)P(S1it -1, T8 1| 21:6-1) (4.46)
p(2e|21:6-1) ' '
Using the discrete approximation of the pdf at titne 1, with the set of particles and weights
Ns

P(S1t—1, 14— [214-1) ~ Zwt@ﬁsm) (S1:4-1)8 ) (r1:-1) (4.47)

1:t—1 1:t—1

n=1
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the target pdfp(Si., 71.¢|21.¢), can be approximated, up to the proportionality conspést|z;..—1), as

S s s Sy, ST () 4.48

p( l:tarl:t‘zlt Zwt 1D Zt‘ lt 15 tar]_t 15Tty 21:t— 1) ( tart| 1;t_177'1;t_17zl:t—1)- ( . )
Which, using a proposal density.S;, rt|5§f?_1, rg’ft)_l, z1:t), can be written as:

N,
(St rrelzie) o Y wi W™ (St )a(Se, el Sy 111 21) (4.49)

n=1

where the termiv"(S,, r,) is defined as:

p(zt|5£2)_17 St7 T%ﬁ)_ly Tt, Zl:t—l)p(St> Tt|S§Z§)_17 7"%)_17 zl:t—l)

W (Sy,ry) = =L (4.50)
q(St, Tt|S£:t)—17 TJ(L:t)—h 21:1)

The terth(")(St, r¢) is defined by three components: a likelihood component

(S, Sy 21a1), (4.51)
a dynamic component

(n) (n) 2

p(Start|Sl;t_17T1;t_17Zl:t—1)7 (4.52)
and a proposal density component

q(Si, | ST 2. (4.53)

The likelihood component, ifi{Z.b1), is exactly the normatiion constanf, in (@.44). It can be readily
computed when new samples are available. The dynamic canpan [£52), can be rewritten, using
the dynamic on the spatial configuratip(S;|S;_1, S;—2), the dynamic on the head in-plane rotation
p(re|re—1, ki—1) and the exact distribution of the head pose variable at teeiqus time steprt(f)l, as
follows:

p(Start|S§z)_17T§q;?_17Zl:t—l) = p(St|St—17St—2)p(rt|st7S§Z)_17T§Z)_17Z1:t—l)
= p(SSt-1, St—2) Z (e, k1St S 114 1 z1em1)
ki—1
= p(S¢|Si-1,S5-2) Z Wt(ﬁ)ﬂkt—l)p(rtvt—lv k1) (4.54)
ki—1

The proposal density term i ((4153) is used to sample nevicfest and is defined as

Ny
( g

q(Se. iS5 )y 2a) = (1—e)p (5t77"t|5$)_177"1?_17Z1:t—1)+ﬁd > p(Si, | Xj(2)) (4.55)
=1
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where the first term is the dynamic component. The second term

Ny
Nid ;pwt,m)?j(zm (4.56)

is the detection proposal defined ih{4.27). This term is usq@toposed particles around head config-
urations obtained from head detection using backgrountiation and the silhouette modé¥y; is the
number of detected head and ed€f{z;) is a detected head state defined by a head location, an ie-plan
rotation, and a distribution on the head pose variable.i@ef.Z.3 give details about the head detection
process.

New samples(St(”) ) rt(”)), are drawn from the proposal density and there we@htxe computed as:

w™ ocw W (s, ). (4.57)

Figure [ZIB summarizes the steps of the RBPF algorithm Wwithatiditional resampling step to avoid
sampling degeneracy.

4.3.3 RBPF output

At each time step, the filter outputs the mean head pose coatfign. For instance, it can be obtained
by first computing the head pose mean of each particle, whkigiven by the average of the exemplars
head pose:; with respect to the distributiont(”)(kt). Then the particle head poses are averaged with

respect to the distribution of the Weighlé") to give the head pose output of the RBPF. The formulae
giving the RBPF spatial configuration and in-plane rotatatputs,S; and;, are the following:

N
g, = Z wtn)SlSn)
n=1

N,
=3 wr. (4.58)
n=1

3 When a resampling step of the particles, according to theights, is involved in the RBPF algorithm, the tewfﬁ)l, in

EquatiorZ5l7, disappears in the weight computation becaftisr resampling the remaining particles are uniformggriiuted

(W™ = ).



1. initialization step:

v i, sample(S$™ (™) from p(So, o), and setr{™ (.) to uniform andt = 1
2. prediction of new head location configurations:

sampleS™ and#™ from the mixture

(S5, 7MY ~ q(Se, e STy 7)1, 21:0-1) (cf EquationZ56)

3. head poses distribution of the particles:
computer™ (k) = p(k:| S\, 7\, z1.,) using EquationE430 arid 4143 for
all ¢ andk,

4. particles weights:
for all i compute the weights™ (see EquatiofiZ57)

5. selection step:
resample N, particle {5 (™ 7™ (), 0™ = ~} from the set
(S 7™ 7MW (™Y, sett =t + 1 go back to step 2

Figure 4.13: RBPF Algorithm.

The head pose output of the filtér= (¢, 3;, ;) is obtained as:

Ns

&y = Zwtn) <Z th)(k)ak:>
n=1 k
Ns

b= > w <Z m(%)ﬁk)

n=1 k
N

o= Zwt")<<Zm")<k>vk>+r£")>. (4.59)
n=1 k

As a reminder, the head pose represented by the discreteqisiele is denoted), = (a, Bk, Vk)-

4.4 Head pose tracking with an MCMC method

The MSPF or RBPF are based on the IS formalism. Choosing tigopal function for IS is sensitive.
In IS, the proposal distribution has, in one throw, to pr@paset of particles representing well the target
distribution. Thus, in IS, the proposal function has to bmilgir to the target distribution. MCMC sam-
pling methods, such as Metropolis-Hastings or Gibbs samgptio not have this requirement. MCMC
sampling methods approximate a target distribution by @nobiastates. The elements of the chain are
built one by one, based on a random walk process. The prinoipMCMC sampling is the following:
given a target distributiop(X') that can be evaluated up to a proportionality constant anepopal
densityQ(X), build a chain of state (™) which is discrete approximation of the target distribution
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p(X). Given the current element of the chaii™), a candidate element for the chaift, is generated
from the proposal density. The decision to accept the nete sdaken based on the quantityefined
as:

_ p(X)Q(XM)

Q= —————T"—"—_.
p(XM)Q(X*)

The quantitya is called acceptance ratio. The proposed state is accefitec wrobabilitya. If u, ~

Ujp,1) Is a random variable sampled from a uniform distributionfomintervall0, 1], the acceptance rule
for a candidate state is the following:

(4.60)

(4.61)

Xl = X*ifa>10ru, <a
X+l = X () otherwise.

In a tracking situation, the MCMC principle is applied toiesitep(X,|z1.;), the filtering distribution
of the stateX; given the sequence of observationg. Given the Markov chain of samples representing

the pdf at the previous time{,Xt(f)l, n =1,..., Ny}, a discrete approximation of the current pdf is given
by:

(2| Xe)p(Xe|21:4-1)
p(Zt|21:t—1)
NS . .
o p(zlXe) > p(Xe|X]_y, X ,). (4.62)
=1

p(Xt\let)

Using the discrete representation of the pdf, in Equi4he ratio to accept a candidate configuration,
X*, can be written as :

p(alX) (S0 (XX XE ) ) Q(X(™)

, , . (4.63)
p(al XM (20 P X1, X)) QUX)

a =

It is important to notice that, at each time stepa procedure to initialize the chain that defings,
has to be defined. A possibility is to sample uniformly onehef €lements of the chain at the previous
time. Other possibilities are to initialize from the meantlee mode of the chain at the previous time.
Figure [4I}# summarizes the different steps an MCMC algurith

As in the basic IS, the choice of a good proposal density isrdiss for the success of the algorithm.
In the following we discuss possible choices of proposalkder)(X;) and their implications on the
acceptance ratio.

4.4.1 Proposing new states from the previous time step sangd

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

N,
Q(X¢) = Zp Xe| X711, XT ). (4.64)

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

Pl X7) (S0 (X171, X)) (S p(X™ X1 X))
p(al XM (00 PO 170, X)) (S0 p(xeIXT X))
resulting in a gain of computational cost. The only remairierm in the acceptance ratio is the likeli-
hoods ratio

p(z| X™)

a=-—""_L. (4.66)
plz|X™)

(4.65)

a =

As a consequence, the behavior of the MCMC algorithm in thisiae of proposal function will be
very similar to the IS particle filter with a resampling stéhe major drawback for sampling from the
dynamic is that it uses no knowledge from the current obsierva

Sampling using knowledge from the observations:
To sample using knowledge of the current observation wedcexgploit of the proposal density defined
in Equatiof4.2l7 and set the MCMC proposal to be:

N,
1 S
X, —ﬁz_j q(X:| X |, 20). (4.67)

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

Pl X*) (Lo p(X* X0, X)) (e 0™ X1 2)
p(al XM (05 P 1XE 1, X)) (S0 a(X71X 20))

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

a =

(4.68)

4.4.2 Sampling from the current state

In MCMC sampling, there is no particular need to sample frbenglements of the chain at the previous
time. New hypothesesX*, can be proposed based on the current element of the éq(ﬁ’ﬁ] When



proposing sample based on the current element of the chaigoal is to generate random pathes which
search the mode of the filtering distribution. This can beedtmtally by defining the proposal as a
random walk

QX)) = p(x|X™). (4.69)

where, reminding that in the case of head pose tracking #te wriable isX; = (S, r¢, kt), p(Xt|Xt("))
is defined as:

P(Xe|X(™) = p(S S p(relri™y k" Dp (ke k(") Se). (4.70)
The dynamic of the head location and size variahjl§t|8t(f)1) is a taken to be:

Ty = xp—1 +Nf

_ Y
Yo = Ye1 + 71 (4.71)
et =e4—1+n;

y _ Y sY
S = Sp_1 T

where, as a remindef; = (¢, yt, e, s7), andn¥, o, n¢ andn;’ are centered Gaussian noise models.
The dynamic of the head in-plane rotatigrfr;|r\"™), k™)), and the head pose variabjeji; |k}, S;),
are kept similar than in Sectian 4.P.2.

To allow jumps to highly likely regions of the state space,caa exploit the head detector in Equa-
tion[£ZT and define the proposal to be:

Na
QXX 20) = (1 — )p(X X ™) + — 3 p(X1X;(20)). (4.72)

N,
d 55

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

p(alX7) (0% PO IXE) ) QXX 2)
a= (4.73)

pCal X)) (e XX ) QXX 20)

which still requires the computation of the costly predietierm involving the sum of the previous par-
ticles. In Section[4]6, presenting the experiments we octeduto evaluate the head pose tracking ap-
proaches we proposed, only this method using the propofiaedean Equatioi 4,43 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 usepag the expectation value of this pdf,
obtained by standard averaging over the elements of the.ciidie averaging is done in the way used
to obtain the MSPF tracker output in Sectibn—4.2.5. The oiffgrénce is that, for the MCMC method,
the particles are equally weighted.
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1. initialization step:
forn=1,..,N: X{™ ~ p(X,) sett =1

2. chain initialization:
setXt(l)
3. chain building:
forn=2,..., N,
e sample hypothesi&™* ~ Q(X;)
e compute acceptance ratig(see Equation 463 )
o sample uniformlyu, ~ Ujo 1) if u, < a, Xt(”) = X* otherwiseXt(”) =
X(”)
t—1
4. time step increment:
sett = ¢ + 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 jihiat head tracking and pose estimatislamework to
the head tracking then pose estimati|mmework. In this section, we describe a methodology tckira
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 heatisdganfiguration (location and size) given
the sequence of observatiop$S;|z;.¢). This can be done representing the pdf with weights and ssmpl
and propagating the samples through time using IS (seecBBEEE.2). To apply the IS framework to the
head location tracking problem without taking into accoilnet head orientation, the following elements
have to be defined:

e a state model,

e an orientation-independent head model,
e a dynamical model,

e an observation model,

e and a proposal density.

As in Section [Z£.Z]1 the state spa8gmodeling the spatial configuration is defined by a localarati
component, a scale and an eccentricity. The dynamical mddglS;_, S;—») and the proposal function
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q(S¢|St—1, z) are the one defined il.(4]16) arid (4.30) respectiﬂelm the following, we describe the
head model and the observation model.

Pose-independent head model:
We define a pose-independent head model with two compon@&hts first component is the head sil-
houette model described in Sectign_411.1. The second coempar the model is a color histogram,
E<° in the HSV color space. It models the color distributiontaf head given a good localization. The
color histogramE<°, is built from a training image and is later on used as the heaxplate model. To
obtain the histogram, for each channel, the values areib@thinto 8 uniform bins. A color histogram
is used because it can be considered as being pose indepelmdaddition, the HSV color histograms
are robust to illumination variations.

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

pcol(ZCOl|S) = )\col exp _Acolp%att(ECOl - ZCOI(S)) (474)

wherep,:: is the Battacharya distance defined in Equdifioh 2.9. Thenstea) ., controls the skewness
of the likelihood, and is set t&.,; = 10. This parameter value is penalizing enough for state hygseth
with observations that are different from the histogram eiod

Observation model:

The observation = (2%, 2¢°)T has two components: a silhouette componefit, and an HSV color
histogram component®. Assuming the two observation components to be indepemyileati the state,
the observation likelihood is defined as:

p(2lS) = psit(z"8)peor (2|5 (4.75)

where the silhouette part of the likelihood is defined by Hgudd.8 and the color likelihood is defined
by Equatior’Z714.

The outputS; of the head tracking at each time is taken to be average ofithettdistribution. It
gives the location of the head at each time.

4.5.2 Pose estimation from head location

Given the head locatiof;, the pose can be estimated using the texture and skin cadrpese models
defined in Sectiof4l1. The estimated head pose from thedadattaken to be the average of the head
poses with respect to the likelihood of the texture and skilercobservation, respectively defined in
Equatio 421l and 414, extracted from head location withaesm their exemplars. If we denote by

Wy, = po(O1)p(21 (S, )| k)p(25F (S, 1) | k) (4.76)

“Only the part of the dynamical model and proposal densityeictisn [Z2 concerning the spatial configuration varishle
are taken into account.
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the likelihood of the texture and color observation withped to the estimated head location, and the
summation of all the likelihood terms as

W= Wy, (4.77)
k,r
the estimated head po8e= (6;, 3, %) is given by:
1
ay = E Zwk,rak
k,r

b= 23w

t — W - k,rPk

R 1
o= ; Wy (VK + 1)
(4.78)

The estimated taken as an average in Equdfion 4.78 posefésrpceover the maximum likelihood
estimate because, in practice, the average gives smodatireates than the mode.

4.6 Head pose tracking evaluation

The previous Sections of this chapter describe the head tpasldng methods we proposed. In this
section, we present our evaluation framework, then givepdreormances 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, tliateaour tracking methods. The record-
ings consisted of 8 meetings where, in each of the meetingpeeple had their head pose annotated
with a magnetic field sensor tracker. Overall, we have fotuatoon 16 different people, in a meeting
situation. Details about the head pose database can be ifo@ttion[B.

The texture and skin appearence models were learned usnBdimting database. Figure—4.15
presents the 15 people appearing in this database. Whiédprg some amount of appearence vari-
ability, it is far from being a complete representation dfegpearence types that can be encountered.
For instance, this database does not contain bald peoplexanple of which can be found on our
database. The fact that there is a mismatch between therappeaf the people in the IHPD database
(see Figur€3]7 and the training data makes our task moreuiffi

The tracking evaluation protocol is the following. In eadhtlte recording of the 16 persons, we
selected 1 representative minute of recording, i.e. 1508o/frames, as evaluation data. For our evalu-
ation protocol, we used a leave one out approach. The dataeobfothe person was left out to be used
as test set to evaluate the algorithms. The data of the o#fnsops were used to train the few parameters
of our pose dynamic model. For each test sequence, we wituaalgorithm with a varying number of
particles (V, = 100, 200, 300, 400) to study the dependency of the algorithm to the number ofpézsn
and by the same time analyze how many particles are requirefiltér convergence. Figur¢s 4.16(a)
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"

Figure 4.15: The 15 different people present in the Poindiaigabase



4.6. HEAD POSE TRACKING EVALUATION 75
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(a) Head pose distribution. (b) Head pan versus head tilt scatter plot. (¢) Head pointing
vector.

Figure 4.16: Head pose tracking evaluation. Figlires )J6({d4.16(0) shows the head pose evaluation
data distribution (in the pointing representation). FefdrI6(d) displays the head pointing vector.

and[4.I6(H) show the distribution of the pan, tilt and rolues on the evaluation data. Because of the
scenario used to record data, people have more frequerdbtine pan values, mostly corresponding
to the persons looking at the projection screen locatedeatigiint of them. The majority of pan values
ranges from -60 to 60 degree. Tilt values range from -60 toddreks and roll value from -30 to 30
degrees.

A head pose defines a vector in the 3D space, the vector imtjcabhere the head is pointing at as
can be seen in Figure_4.Ig(c). It is worth noticing that inRleéting representation, this vector depends
only on the head pan and tilt angles. The angle between theoBiling vector defined by the head pose
ground truth (GT) and the head pose estimated by the trackebe used as the first pose estimation
error measure. If, for each individugl= 1, ..., 16 in the evaluation dat@vft’], t =1,...,1500} is the
sequence of ground truth pointing vectors obtained usiegntagnetic field tracker, an{:bf“’], t =
1,...,1500} is the sequence of estimated pointing vector obtained wsingad pose tracking method,
the pointing vector average error for an individgas computed as:

| 1500
t,j est,j
€] = 500 tz_; arccos(vy vy ) (4.79)
where, a each time, v/"/v*"/ is the scalar product of the ground truth and the estimateutipg
vectors. The average pointing vector error over the whotduenion data is taken to be the average of
the individual pointing vector errors:

1

vo_ v

¢’ =1 Zej. (4.80)
7j=1

This measure of error is suited for studies on the focus efititin, where the main concern is to know

where the head/person is looking at. However, it gives normétion about the roll estimation error.

In order to have more details about the origins of the erraasmil also measure the individual errors
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made separately on the pan, tilt and roll angles measurduiRdinting representation. We use as error
measure the average of the absolute head pan, tilt, ancstwfiation errors. If, for each individugl=

., 16 in the evaluation dat@afm, t =1,...,1500} is the sequence of ground truth head pan angles
obtained using the magnetic field tracker, gnd*"’, t = 1, ..., 1500} is the sequence of estimated head
pan angles obtained using a head pose tracking method, @dephe average error for an individyais
computed as:

1500
t, t.j

est

where, a each time, |a?"’ — of*"/| denotes the absolute value of the difference between thendro
truth and the estimated head pan angles. The average headrpaover the whole evaluation data is
taken to be the average of the individual head pan errors:

et = TG > el (4.82)

The head tilt and head roll average error are computed sigileor each one of the four error measures,
we will also compute the standard deviation, and medianevaftthe absolute value of the errors. We
used the median value because it is less sensitive to extkao@s than the mean. Thus, the median
value will be less biased by short time period with large pestamation errors due to a very bad head
localization. Before describing the experimental resuéis 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 meth®ds method described in Sectibnl4.5,
denoted M1, performs head location tracking, then estisnidie pose. The three other methods perform
jointly head tracking and pose estimation. The MSPF methestibed in Sectiof’4.2 is denoted M2,
the RBPF method described in Sectio 4.3 is denoted M3, ant@®MC based method sampling new
states taking into account information from the observetidescribed in Sectidn’4.#%.2 is denoted M4.
We give their performance according to our evaluation fraork.

Head tracking then pose estimation results

Table[4.% shows the results obtained with the method M1 wbase estimation is performed after head
localization. This Table shows that, in average, the albsgainting vector estimation error is about 21
degrees. The average pan estimation error is about 14 detineeaverage tilt error is about 14 degrees,
and the average roll errors is about 12 degrees. For all the measures, pointing vector, pan, tilt and
roll, the average estimation error is higher than the medsimation. This is due to short time failure
inducing large tracking errors in the head pose estimatasa Rumber of particles varying from 100 to
400, the performance for the pointing vector estimationadneys similar. As this hold for all angles,
this means that adding more than 100 particles to the lotatiaker does not change its output.
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Figure 4.18: Cumulative distribution of the head pointirgtor, the head pan, the head tilt, and the head
roll estimation errors for the 4 tracking methods.

Figure [Z1¥ shows the average errors for each individudiérevaluation data, which shows vari-
ability of the pose estimation performances depending erintiividuals. The person dependant perfor-
mance variability can be explained by the fact that some lpeame better represented by the appearance
model than others. Figure—_4119 displays head pose trackiage results for one of the person. It illus-
trates well the drawback of the tracking then head pose frameestimation. Despite the overall good
tracking quality, in the two last images of the second rowigtiFe [£.I®, we can notice some not good
head localizations, which in general potentially implygerrors in the head pose estimation. This kind
of situations motivates us to investigate jointly trackimepd location and pose.

MSPF head pose tracking with the results

Tabld4b shows the head pose tracking errors when usingdtfechM2, which tracks the head location
and pose jointly with a MSPF based on importance samplingtti® method, on average, the pointing
vector estimation error is about 19 degrees, the pan es&imatror is about 12 degrees, the tilt estimation
error is about 13 degrees, and the roll estimation error agita® degrees. Comparing with the results
of M1, we see that M2 is performing better than M1 accordingltéhe performance measures, with 2
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pointing vector pan tilt roll
nparticles | mean | stddev.| med | mean| stddev.| med | mean| stddev.| med | mean| stddev.| med
100 211 11.4 18.4 | 14.8 11.2 11.8 | 14.1 8.2 12.7 | 11.9 8.2 10.6
200 21.3 115 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 11.2 119 | 14.2 8.1 12.8 12 8.1 10.8
400 21.3 11.4 18.5| 14.9 11.2 119 | 14.2 8.2 12.9 12 8.1 10.7

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

Figure 4.19: Head pose tracking using method M1 with 200 $asnhe green box represents the head
localization and the red arrow represents the estimated paating vector.

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

Figure [£18 shows the cumulative distributions of the pp@qvector, the pan, the tilt and the roll
estimation errors for all the tracking methods. For all asgthe cumulative errors distribution for M2

is above the cumulative distribution for the method M1. T8fisws that M2 outperforms M1 in term of
head pose estimation.

Figure [4I¥ shows the average of the pan, the tilt and thestilination errors, for each individual
in the evaluation data taken separately, using the meth@).(Mnalyzing the pose estimation errors
for method M2, one can notice that, among the 16 persons, ¥d da@an average error lower that 10
degrees, while for the method M1, only 3 persons have theaie pstimation error lower than 10 degrees.

Even for the individual taken separately, the method perfiog joint head location and tracking achieves
better performances.

Contrarily to the M1, a slight improvement of the pose estiamaperformance can be noticed when
increasing the number of particles with M2. The pointingtee@stimation error is passing from 19
degrees when using 100 particles, to 18.5 degrees when d6hgarticles. Thus, augmenting the
number of particles can lead to better estimates.
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pointing vector pan tilt roll
nparticles | mean | stddev.| med | mean| stddev.| med | mean| stddev.| 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 | 114 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 rurabparticles

Figure 4.20: Head pose tracking using method M2 with 200 $asnhe green box represents the head
localization and the red arrow represents the estimated @ating vector.

RBPF head pose tracking results

Table[46 shows the performance achieved by method (M3)hwiecforms joint head location and pose
estimation with the RBPF sampling approach. On average Mg&waes a pointing vector error of 15
degrees, which is significantly better than M1 ( 6 degreesipwWhen comparing the performances
of the methods M2 and M3, M3 the Rao-Blackwellized versioh&, is as expected, achieving better
performances. By analyzing and comparing the pan and tithaon performance, we see that M3 is
achieving better pointing vector estimation over M2 beeaitss tilt estimation error is lower. For the
pan estimation, M2 and M3 are performing similarly as furtdleown by the cumulative distributions
of M2 and M3 in Figure[Z4.18. The cumulative distribution oéttilt errors of method M3 is above the
cumulative distribution for method M2. However, the methd@ performs better than M3 in term of
head roll estimation as can be seen by comparing the cuweildistribution of the head roll estimation
of these two methods. Thus, the improvements due to the RaakBellization appear more on the
Rao-Blackwellized variablé; which represents the head pan an tilt.

The results in Tabl€~4.6 also show that increasing the nurabearticles does not improve the
performances of M3. For a number of particles ranging fron®@ tb 400 particles, the filter is per-
forming similarly. This is due to the fact that the searchcgps smaller for M3 than M2 due to the
Rao-Blackwellization of the pose variabig
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pointing vector pan tilt roll
nparticles | mean| stddev.| med | mean| stddev.| med | mean | std dev.| med | mean| stddev.| med
100 15 9.8 126 | 11.2 9.9 8.6 9.1 6 8.1 111 7 9.8
200 15.9 8.9 13 11.3 8.9 9.3 10.2 59 9.5 10.8 6.4 7.6
300 15.5 8.8 125 | 114 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 forangnumber of particles.

Figure 4.21: Head pose tracking using method M3 with 200 $asnj@he green box represents the head
localization and the red arrow represents the estimated @ating vector.

Figure [£1¥ shows that the individual person errors estiman are general lower when using
method (M3) than when using the other methods M1 or M2.

Figure [£2Zl shows sample image of tracking results usingnibthod M3. As can be seen in this
Figure, method M3 is localizing better the head than therothethods (see the 2 last images of the

second row). M3 is not only outperforming the other methodstimating the head pose, also it allows
better head localization than the other methods.

MCMC head pose tracking results

Table[4Y shows the head pose tracking error statistics méthod (M4) which performs jointly head
tracking and pose estimation based on an MCMC sampling rdethoterm of pose estimation per-
formances, methods (M4) and (M2) are performing similaAithough (M2) is based on IS and (M4)
is based on MCMC. The cumulative distribution of the posekiray errors are very similar (see Fig-

ure [418).
Comparison with state of the art methods

In the literature about head pose tracking we could find tvamhpose tracking methods that were evalu-
ated with head pose ground truth data, in a similar fashian tur evaluatiorl [I02,44]. We did not have
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pointing vector pan tilt roll
nparticles | mean | stddev.| med | mean| stddev.| med | mean| stddev.| med | mean | std dev.| med
100 18.9 9.8 179 | 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 9.5 179 | 11.2 9.2 8.6 13.6 7.6 13.1 8.5 5.8 7.5
400 18.4 9.7 175 | 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 forrging number of particles.

access to their data, thus, performance comparisons hdedone 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 hmdead in the 3D space as an
ellipsoid with a set of points on its surface. Each pointeixetl byi, is represented by its coordinates and
a Gaussian probability distribution functign(z|6) representing the probability that given a particular
head pose, the pointwill generate an observation The head models are used in a particle filter
framework for head pose tracking. For their head pose tngoivaluation, 16 sequences of 11 different
people were used. Head pose ground truth was determine@widthemus tracker. Several experiments
were conducted to evaluate their algorithm. Here we consfdeevaluation set up similar to our’s. In
this setup, in turn, they left aside the data of one indivicisatest data, and train the appearance models
with the data of the other individuals. As performance measilne mean of the pose tracking errors (
pan and tilt) are computed depending on whether the absedliie of the pan component of the head
pose ground truth is lower or higher than 45 degrees. In airdia, 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 categoresliaplayed in Tablg4l.8. For comparison
purposes this table displays also the results reporteddn(J#u etal). From the results of our tracker
(M3), we can conclude that pan estimation is much more relialinen the pan value is in the interval
[—45, 45]. This shows that without common data, comparison betwetarelit algorithms must be taken
with cautious. Nevertheless, according to the resultgrgite large difference in the performances, we
can probably say that our method M3 is performing better #anetal for pan and tilt estimation in
both ranges of head pose.

abs(pan of GTX 45 | 45 < abs(pan of GTX 90
pan | tilt roll pan | tilt roll
(M3) 69| 99| 87 | 16.9| 10.9 131
Wu etal | 19.2| 12.0| x 33.6| 16.3 X

Table 4.8: mean of pan, tilt and roll errors for abs(pan of &H5 and45 < abs(pan of GTX 90
(Pointing representation)

In [202], neural networks were trained to estimate the hezsk pn pan and tilt directions. Each
network was a multilayer perceptron with one output unit (fan or tilt), and with 20 to 60 hidden units.
Output values for pan and tilt were normalized to vary betw@eand 1. Head detection and tracking
was done by localizing the face using a skin color model irmadized RG color space. For the user
independent evaluation set up, the head pose data of 12dndis, among 14, were used as a training
set consisting of 6080 images for training and 760 for cradiglation. The data of the 2 remaining
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Stiefelhagen etal | M3 | M3 for abs(pan of GTX 45
pan error 9.9 11.3 6.9
tilt error 9.8 10.2 9.9
roll error X 10.8 8.8

Table 4.9: Comparison with the head pose tracking methoolgsexd by Stiefelhagen etl [102].

pointing vector pan tilt roll
nparticles | mean | stddev.| med | mean | stddev.| med | mean | stddev.| med | mean | stddev. | med
100 18.6 11.4 15.3 | 131 11.9 95 | 10.8 6.9 9.9 | 10.1 7 9.2

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

individuals were used as test set. The recordings wer dotieami omnidirectional camera leading to
poor resolution imagery. The average pan and tilt estimagioors were taken as performance measures.
Table[£® shows the performance for head pan and tilt estimatin comparison to our results, the
performance presented in[102] are slightly better tharptréormances of our method (M3). However,
these results have to be analyzed by keeping in mind thaethudts of our method (M3) is obtained from
the head pose tracking of 16 different persons totalizingniftutes of data, while the results in_[102]
are only evaluated on 2 different persons correspondingpooximately 2 minutes of data. Also, our
head pose models are learned on an external set up, whichtlsenmase in[[102]. Indeed, the recording
set up (camera location, the illumination conditions) fog head pose modeling set up is not the same
than our tracking recording set up. A further analysis of éxperimental set up and the head pose
distribution in [102] people’s head pose lies mostly in thage abs(pan¥t 45 degrees. Considering
only the performance in this range of pose given in Tablk@u®method M3 performs better.

4.7 Conclusions

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

The experiments we conducted, using the head pose videladataescribed in Chapfér 3, showed
thatjointly tacking the head location and posemore efficient thartracking the head then estimating its
pose Among the methods performing joint head tracking and pstienation, the one based on RBPF
sampling were outperforming the other methods, though ynat fignificant amount. Table"4]10 shows
the results of the RBPF method over the whole database, hptlen 16 minutes used for evaluation,
but the whole 80 minutes of data of the meeting room recoslififpe performance of the RBPF tracker
are still consistent on the whole database although a sliggnadation of the head pan estimation can be
noticed. The RBPF based method will be used in the followimgpter to generate head pose tracking
estimates that will be used to study visual focus of attentiw static people.



Chapter 5

Visual focus of attention recognition in
meetings

In this chapter, we investigate the recognition of the Visoeus of attention of meeting participants from
their head pose. In this context, the goal of this chapteo mnalyze the correspondence between the
head pose of people and their gaze in more natural and reafiseting scenarios than those considered
before [102/114], and propose methods to recognize the VBfO#eople from their head pose (see
Figure[5.1(d), and Figure 8.7 for some results). In smartepauch as meeting rooms, it has been
claimed that head orientation can be reasonably utilizegnaapproximation of the gaze [102]. Gaze
estimation requires high resolution close-up views, whacd generally not available in practice. In
this chapter, we evaluate the validity of this claim by gatfieing to more complex situations similar
works that have already been conductedlby [102] and [114{hérfirst place, unlike previous works,
the scenario we consider involves people looking at slidewrding on sheet of paper on the table.
As a consequence people have more potential VFOA targetsriset-up (6 instead of 3 in the cited
works), leading to more ambiguities between VFOA. In theosémlace, due to the physical placement
of the VFOA targets, the identification of the VFOA can only di@ne using the complete head pose
representation (pan and tilt), instead of just the head patoae previously. Thus our work addresses
more natural and realistic -and hence more challengingtingemom situations in which people do not
just focus their attention on other people but also on othenrtargets.

To recognize the VFOA of people from their head pose, we tiyated two generative models. One
that applies to single pose observation, and one, namelgdediMarkov Model (HMM), that segments
pose observation sequences into VFOA temporal segmertisttrcases, the head pose observations are
represented using VFOA conditional Gaussian distribstidgxlternatives approaches were considered to
learn the model parameters. In one approach, a machineriggraint of view with training data was
exploited. However, as collecting training data can bected@us, we exploited the results of studies
on saccadic eye motion modelirig [115, 116] and proposed mege@ approach that models the head
pose of a person given his upper body pose and his effectzetgeget. In this way, no training data is
required to learn parameters, but knowledge of the 3D roaymgtry and camera calibration parameters
is necessary. Finally, to account for the fact that in pcacive observed that people have their own
head pose preferences for looking at the same given targefidapted an unsupervised Maximum A
Posteriori (MAP) scheme to adapt the parameters obtaimad éither the learning or geometric model

83
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Figure 5.1: Recognizing the VFOA of people._5.1(a) the nmeetbom [5.1(H) a sample image of the
dataset[ 5.1(F) the potential VFOA targets for the left perf5.1(d) the geometric configuration of the
room.

to individual people and meetings.

To evaluate the different aspects of the VFOA modeling (rhqokrameters, adaptation), we have
conducted comparative and thorough experiments on a théngeeom data of our head pose video
database recorded in a meeting room. The database, desicribbaptef13, is comprised of 8 meetings
for which both the head pose ground-truth and VFOA label gdawuth are known. Due to this feature,
in our experiments, we will be able to differentiate betw#ntwo main error sources in VFOA recog-
nition: the use of head pose as proxy for gaze, and errorgiergtimation of the head pose, e.g. in our
case using the Rao-Blackwellized particle filter head paseker described in the previous Chapter.

The remainder of this chapter is organized as follows. 8ef§i1 discusses the related works. Sec-
tion describes the task and the database that is used@ltet/the models we propose. Section
reminds our probabilistic method for joint head tragkémd pose estimation, and discussed its per-
formance by comparison with the pose ground truth. Se€fidrdBscribes the considered models for
recognizing the VFOA from head pose. Section 5.5 gives trsupervised MAP framework used to
adapt our VFOA models to unseen data. Sedfioh 5.6 presenévaluation setup. We give experimental
results in SectioR Bl 7 and conclusions in Sedfion 7.
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5.1 Related work

In this work, we investigate the VFOA recognition from head@ in the meeting contexts. Thus, we had
to analyze the related works along the following lines: texbgies that can be used in general for VFOA
estimation, the estimation of head pose from vision senaosthe actual recognition of the VFOA from
head pose. In ChaptEl 2, the first two points had already bdmsssed. In this Section we review only
works based on computer vision techniques.] [81] gives a gwedview about computer vision based
gaze tracking systems. Computer vision techniques aréreeum situations where the invasiveness of
sensor based gaze estimation methodologies becomesveersdr instance, in automatic drivers (loss
of) attention detection applications_[117], and more gaitein the human computer interface (HCI)
domain [118], eye-appearance based gaze tracking systmsecused. These systems generally rely
on the availability of high resolution images to locate tlye &alls and reconstruct the gaze from the
estimated iris location within the eye-white area. [In_[1,Iviption and skin color distributions are used
to track facial features and eye ball characteristics ionasé a driver’s gaze direction. In[118], a similar
approach is used to estimate the gaze direction of a workeg $n front of his computer in an office
environment. Although less invasive than wearable sensproaches, such computer vision technics
are still relatively constraining and usually restrict tinebility of the subject, since the need for high
resolution close-up face images requires cameras witlowdreld-of-views.

An alternative to the previously described approachesisédthe head pose as a surrogate for gaze.
Using the head pose as a surrogate for gaze is possible egemim extreme cases such as showed in
[119]. In [119], the gaze was estimated on tentatively very tesolution images. The head height lays
betweer20 and40 pixels. In the meeting contexts$, [102] used an HMM to modeldaquence of head
pose observations. The GMM model were learned on the teatadtgr initialization from the output
of a K-means clustering of the pose values. This approachpessible due to the employed meeting
physical set-up (four participants evenly spaced arourmbad table) and the limitation of the VFOA
targets of a person to the other participants, which allotedssimilate the head pose with the head
pan value only, and drastically restrained the possibdityambiguities. More recently/ [114] used a
dynamic Bayesian network to jointly recognize the VFOA obple as well as different conversational
models in a 4 persons conversation, based on head pan arahoélestatus observations. However, the
pan information was obtained using a magnetic field headtatien sensor, and the utterance status
was annotated manually. In another interesting workl[12@,head pose extracted from an overhead
camera tracking retro-reflective markers mounted on hésdézs exploited to look for shared mutual
visual attention situation. This information is then exyad to derive the social geometry of co-workers
within an office, and infer their availability status for comnication.

5.2 Database and task

In this section, we describe the task and the data that istosexhluate 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 thEQA state of a person using head
pose in real meeting situations. There are two importamessThe first issue is that by definition, the
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VFOA is given by the eye gaze. In practice, however, psydBoal studies have shown that people
use other cues -e.g. head and body posture, speaking d@attesognize the VFOA state of another
person|[l]. Thus, one general objective is to see how wellaamestill recognize the VFOA of people
from these other cues, in the absence of direct gazing nmerasuts, a situation likely to occur in many
applications of interest. The second issue is what shoulthdelefinition of a person’s VFOA state ?
At first thoughts, one can consider that any gaze directiduegecould correspond to a potential VFOA.
However, studies about the VFOA in natural conditidns [1124ye shown that humans tend to look at
targets in their environment that are either relevant tadis& they are solving or of immediate interest
to them. Additionally, one interprets another person’segaat as continuous spatial locations of the
3D space, but as gaze towards objects that has been ideasfigotential targets. This process is often
called the shared-attentional mechanism [122, 1], andesigdhat in general VFOA states correspond
to a finite set of targets of interests.

Taking into account the above elements, we define our task precisely our task as the following:
given the head orientation of a person, how to infer his VF@#es In the context of our meeting
set-up and database (see below), the set of potential VF@gttaof interest, denote#, has been
defined as: the other participants to the meeting, the slideen, the table, and an additional label
(unfocused) when none of the previous could apply. As a tefulthe 'person left’ in Figur¢ 5.1(F),
we have:F = {PR,02,01,5S,TB,U} wherePR stands for person right)1 andO2 for organizer
1 and 2,5S for slide screenI'B for table andU for unfocus. For the person right, we hage =
{PL,02,01,5S,TB,U}, wherePL stands for person left.

5.2.2 The database

Our experiments rely on the meeting room recordings of thé&IFDHead Pose Database (IHPD) de-
scribed in Sectiohl3. In the database, head pose groundaithbtained using a magnetic field location
and orientation tracker. Besides, for the same data, peapierete VFOA was hand annotated on the
basis of their gaze direction. This allows us to evaluatertipact 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, dedoin a smart meeting room (cf Fig-
ure[5.1(d)). The meeting durations ranged from 7 to 14 minuthich was long enough to realistically
represent general meeting scenario. With short recordiegs than 2-3 minutes), participants tend to
overact with the effect of using their head to a larger exteribcus on other people/objects. In longer
situations like here, the attention of participants somes drops and people may listen without focusing
to the speaker. Note however that the small group size emsa@igh engagement of participants in the
meeting, in contrast to meeting with larger groups. Witlpees to the scenario, it consisted in writing
down one’s name on a sheet of paper, and then discussingstatedisplayed on the projection screen.
There were restrictions neither on head motions, nor on peses.

VFOA annotation:

using the predefined VFOA discrete set of targétghe VFOA of each person (PL and PR) was man-

ually annotated by a single annotator using a multimedierfiate. The annotator had access to all data
streams, including the central camera view (Fiqure 5. Hay) the audio. Specific guidance for annota-

tion were defined by [123]. Quality of annotation was evaddandirectly, 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 annotatiowstiggood 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 magessor readings (cf Chapidr 3).
This virtually noise-free version is called the ground brdGT). Secondly, by applying a head pose
tracker on the video stream. In this Section, we summargedmputer vision probabilistic tracker that
we employed and which is similar to the tracking system dieedrin more detail in Sectiod 4. The
differences are going to be pointed out in the following. Mhie pose estimation results provided by
this tracker are compared with the ground truth and analyzetétail, 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 (R¥gs described in details in Sectibh 4. Five
elements are important in defining a PF: i) head pose appssmrandels ii) a state model defining the
object we are interested in; iii) a dynamical mogélX;| X;_,) governing the temporal evolution of
the state; iv) a likelihood model measuring the adequacyatd given the proposed configuration of
the tracked object; and v) a sampling mechanism which haygdpose new configurations in high
likelihood regions of the state space. These elements alathgour model are described in the next
paragraphs.

Head pose appearance models:

Itis important to note that the pose dependent appearandelswere not learned using the same people
or head images gathered in the same meeting room environéntised the Pointing databasel[48].
Contrarily to Sectiofi 411 where when learning appearanceefsave used whole head patches, in this
work , we trained the appearance models on face patcheadstéead patches, as illustrated by Figure
B3

State space:
The state spac& = (.5,~, k) is defined as in Sectidn 4.2.1.
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Figure 5.3: Figure shows5.3]a) head pose Euler rotatiofeanfjlote that the axis indicates the head
pointing direction. Figures 5.3(b) ahd 5.3(c) display the ptilt and roll tracking errors with b) average
errors for each person and c) distribution of tracking erarer the whole dataset.

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

P(Xe| X1:e—1) = (el vi—1, ke)p(ke|ke—1, St)p(Se|Si—1, Se—2)- (5.1)

Contrarily to the dynamical model defined in Section4.2h2, dynamical model does not comprise a
the prior on the head posgy (6, ), centered on the frontal head pose.

Observation model:

This modelp(Y'| X') measures the likelihood of the observation for a given stalige. The observations
Y = (Yter yskin) are composed by the texture and skin color observationsideddn Sectiofit¥. The
observation model does not comprise the binary features background subtraction. Assuming that,
given the state the observation are independent, the @treriikelihood is modeled as:

p(Y1X = (8,7, k)) = Drea (Y (S, 7) [F)Pskin (Y *F (S, 7)|F) (5.2)
using only the texture and skin color likelihood defined ict8m[4.].

Sampling method:
In this work, we use Rao-Blackwellization sampling methedaibed in Section4.3.

5.3.2 Head pose tracking evaluation

Protocol:

We used a two-fold evaluation protocol, where for each fald,used the data of 1 person in our IHPD
database (see SEC.5]2.2) as training set to learn the ppasmitymodel 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
(lal<45°) | (jal>45°) | (8 <30°) (18] > 30°)
stat mean| med | mean| med || mean]| med | mean| med | mean| med | mean| med
pan 114 | 89 | 149 | 11.3 | 116 9.5 16.9 14.7 12.7 10 18.6 15.9
tilt 19.8 | 194 | 186 | 17.1 | 19.7 18.9 175 175 19 18.8 | 22.1 21.4
roll 14 13.2| 103 | 87 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 diffet@onditions (person left/right) and configuration
of the true head pose.

Performance measures:

the three error measures, described in Se€fidn 4.6, are Tkeg are the average errors in pan, tilt and
roll angles, i.e. the average over time and meeting of thelatesdifference between the pan, tilt and
roll of the ground truth (GT) and the tracker estimation. Wsaeport the error median value, which
should be less affected by very large errors due to erroneacising.

head pose tracking results:

The statistics of the errors are shown in Tdblé 5.1. Ovagaien the small head size, and the fact that the
appearance training set is composed of faces recorded ixtamal set up (different people, different
viewing and illumination conditions), the results are guijood, with a majority of head pan errors
smaller than 12 degrees (see Fiduré 5.3). In addition, Eafllshows that the tracking performances are
better for the person sitting to the right.

Table[5.1 further details the errors depending on whetheitrte pose is near frontal or not. We can
observe that, in near frontal positiofe{ < 45° or |3| < 30°), the head pose tracking estimates are
more accurate, in particular for the pan and roll value. This be understood since near profile poses, a
pan variation introduces much less appearance changethhgame pan variation near a frontal view.
Similarly, for high tilt values, the face-image distortioriroduced 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 receghiz VFOA from the head pose measure-
ments, then the two alternatives we adopted to learn the Inpademeters.

5.4.1 Modeling VFOA with a Gaussian mixture model (GMM)

Let X; € F andz respectively denote the VFOA state and the head pointirgctiiim of a person
at a given time instant. The head pointing direction is defined by the head pan anhdrdles, i.e.

z = (a4, (), since the head roll has in principle no effect on the heaection (see Figurg 5.3{a)).
Estimating the VFOA can be posed in a probabilistic framévas finding the VFOA state maximizing
the a posteriori probability:

p(z| Xe)p(Xt)

) o< p(2t| Xt )p(Xt) (5.3)

X =arg )Eﬂgxfp(Xﬂzt) with p(Xi|z) =
t
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For each possible VFO4; € F which is notunfocus p(z:|X; = f;), which expresses the likelihood
of the pose observations for the VFOA stdieis modeled as a Gaussian distributibfiz;; 11;, 3;) with
meany,; and full covariance matrix;. Besidesp(z:| X = unfocus) = u is modeled as a uniform
distribution withu = 180X180 as the head pan and tilt angle can vary fromt0®0°. In Equatior[ 5.3,
p(X¢ = f;) = m; denotes the prior information we have on the VFOA targefThus, in this modeling,
the pose distribution is represented as a Gaussian MixtudeMplus one uniform mixture), with the
mixture index denoting the focus target:

K-
p(zlAa) =Yz, Xilda) = p(z|Xe, Aa)p(XiAa) = Z (225 i, 2i) + 7 (5.4)
Xt Xt =1

wheredg = {p = (ti)i=1:x-1, 2 = (Z4)i=1:5-1, 7 = (m;)i=1.5¢ } represents the parameter set of the
GMM model. Figurd 5.1 illustrates how the pan-tilt spacspt into different VFOA regions when
applying the decision rule of Equatinb.3 with the GMM maxaig!

5.4.2 Modeling VFOA with a hidden Markov model (HMM)

The GMM approach does not account for the temporal depereebetween the VFOA events. To
introduce such dependencies, we consider the Hidden Mavianel. Denoting byX,.; the VFOA
sequence, and by.7 the observation sequence, the joint posterior probalikitysity function of states
and observations can be written:

T

p(Xor, z1:7) = p(Xo) | [ p(2e| X)p(Xel Xi-1) (5.5)
t=1

In this equation, the emission probabilities:| X; = f;) are modeled as in the previous case (i.e. Gaus-
sian distributions for regular VFOA, uniform distributidor theunfocusvVFOA). However, in the HMM
modeling, the static prior distribution on the VFOA targetgeplaced by a discrete transition matrix
A = (a;;), defined bya; ; = p(X¢ = fj|X¢—1 = f;), which models the probability of passing from a
focusf; to a focusf;. Thus, the set of parameters of the HMM modelis = {1, X, A = (a; j)i j=1:K }-
With this model, given the observations sequence, the VF&Agnition is done by estimating the opti-
mal sequence of VFOA which maximizg&Xy.r|z1.7). 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 tiate gthd seated at the same physical posi-
tions, setting the model parameters can be done by usingiidreal machine learning approach. Thus,
given training data with VFOA annotation and head pose nreasents, we can readily estimate all the
parameters of the GMM or HMM models. Parameters learnt vhighttaining approach will be denoted
with al superscript. Note that! andX:! are learnt by first computing the VFOA means and covariances
per meeting and then averaging the results on the meetihgsgieg to the training set.
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Figure 5.4: Model of gazing and head orientation.

Prior distribution and transition matrix:

While the estimation of the Gaussian parameters usinginigpidata seems appropriate, learning the
VFOA prior distributions or transition matrix4 using annotated data can be problematic. If the training
data exhibit specific meeting structure, as it is the casalirdatabase where the main and secondary
organizers always occupy the same seats, the learned pllibave a beneficial effect on the recognition
performances for similar unseen meetings. However, atahreedime, this learned prior can consider-
ably limit the generalization to other data sets, since hypsy having participants with different roles
exchanging their seating positions, we can obtain meetsgisns with very different prior distribu-
tions. Thus, we investigated alternatives that avoid fagpany meeting structures. In the GMM case,
this was done by considering a uniform distribution (dedot&) over the priorr. In the HMM case,
the transition matrix was designed to exhibit a uniformistetry distribution. Self-transitions defining
the probability of keeping the same focus were favored amukttions to other focus were distributed
uniformly according toa;; = € < 1, anda; ; = ﬁ for i # j. We will denote byA" the transition
matrix built in this way.

5.4.4 Parameter learning using a geometric model

The training approach to parameter learning is straigivtiod to apply when annotated data is available.
However, annotating the VFOA of people in video recordintgious and time consuming, as training
data needs to be gathered and annotated for each (locafi@dA Varget) couple, the number of which
can grow quickly, especially if some moving people are imgdl Thus, to avoid the need for annota-
tion, one can seek for an alternative approach that exploitggeometric nature of the problem. The
parameters set with the geometric approach described heilbwe denoted with a superscrigt(e.g.
(7).

Assuming a calibrated camera w.r.t. to the room, given a he@ation and a VFOA target location,
it is possible to derive the Euler angles (w.r.t. the camé&rajvhich the head would be fully oriented
toward the VFOA target. However, as gazing at a target isllysaecomplished by rotating both the eyes
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(‘eye-in-head’ rotation) and the head in the same direciioneality, the head is only partially oriented
towards the gaze. In neurophysiology and cognitive scighmesearchers working on the modeling
of the dynamics of the head/eye motions involved in saccgdie shifts have found that the relative
contribution of the head and eyes towards a given gaze shifins simple rules 115, 121]. While the
experimental framework employed in these papers do not =telp match the meeting room scenario,
we have exploited these findings to propose a model for gdiedia person’s head pose given her gaze
target.

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

OF = ko 0@ if lag| < &a, 0 otherwise (5.6)

whereag anday denotes respectively the pan angle to look at the gaze tangethe actual pan angle
of the head pose, both w.r.t. the reference direction N. Tdrarpeters of this modek, and&,, are
constants independent of the VFOA gaze target, but usuefiernd on individuals [115]. While there is
a consensus among researchers about the linearity aspgbetrefation between the gaze direction and
the head pose direction described by Hqul. 5.6, some reseameported observing head movements for
all VFOA gaze shift amplitude (i.e§,=0), while others do not. In this paper, we will assuge= 0.
Besides, EqU.HI6 is only valid if the contribution of the ®ye the gaze shift (given hyy = ag — ap)

do not exceed a threshold, usually takemaB5°. Finally, in [115], it is shown that the tilt anglg
follows a similar linearity rule. However, in this case, thentribution of the head to the gaze shift is
usually lower than for the pan case. Typical values ranga 0 to 0.5 forxg, and 0.5 to 0.8 for,,.

In the experiments, we will test the use of this geometric ehad predict the mean anglesin
the VFOA modeling. As for the rest reference direction N (&1d), we will assume that for the people
seated at the two tested positions, it corresponds to Igakiright in front of them. Thus, for person left
(resp. right), N consists of looking at organizer 1 (resp.a®)shown in Figurg 5.1{(d). The covariances
Y of the Gaussian distributions were set according to thecobjee and the VFOA location (near or not
frontal poses, cf Tablgd.1). Finally, the parameter sgttihthe 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 HNvecognize the VFOA of people
from their head pose, along with two approaches to learm YHeDA target dependent parameters/ In all
cases, the resulting models are generic and can be apptigiiantly to any new person seated at the
location related to a learned model.

In practice, however, we observed that people have perseng of looking to targets. For example,
some people use more their eye-in-head rotation capebibltnd turn less their head towards the focused
target than others (e.g. right person in Figire 5]5(a)). dditeon, our head pose tracking system is
sensitive to the appearance of people, and can introducgtensatic bias in the estimated head pose for
a given person, especially in the estimated head tilt. Asrseguence, the parameters of the generic
models might not be the best for a given person. As a remedyragope to exploit the Maximum A
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Figure 5.5: Several people behaviors. Imdges §.5(a) arfd)5id both images, the person on the right
looks at theO1 target. IN[5.5(), however, the head is used more impoytah#in in[5.5(d). - Image
B.5(c): person right turns himself and his shoulder tow#bdsnstead of towards the opposite side of
the table (i.e. toward®2). The reference directiov (cf Fig.[5.4) should be changed accordingly.

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

5.5.1 VFOA maximum a posteriori (MAP) adaptation

The MAP adaptation principle is the following. Let= z;..., zp denotes a set of samples (i.i.d or
drawn from a Markov chain), andl € A the parameter vector to be estimated from these sample data.
The MAP estimate\ of the parameters is then defined as:

\ = = 7
A = argmaxp(Alz) = argmaxp(z[A)p(A) (5.7)

wherep(z|)\) is the data likelihood angd(\) is the prior on the parameters. The choice of the prior dis-
tribution is crucial for the MAP estimation. I0[1R4] it is elvn that for the GMM and HMM models, by
selecting the prior pdf on as the product of appropriate conjugate distributions efdata Iikelihooﬁ,
then the MAP estimation can also be solved using the Expectbtaximization (EM) algorithm, as
detailed in the next two Subsections.

5.5.2 GMM MAP adaptation

In the GMM VFOA model case, the data likelihoodsi:|\c:) = []1_, p(z:|Ac), wherep(z;|Ag) is the
mixture model given in Eq._3.4, angd; are the parameters to learn (the multinomial prior distidsu
on the VFOA indicesr and the Gaussian parametgrand). Note that having a uniform distribution
as one mixture does not modify the GMM MAP adaptation franmé&wo

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

1 A prior distributiong(\) is the conjugate distribution of a likelihood functigitz|\) if the posteriorf(z|\)g(\) belongs
to the same distribution family than
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possible to express the prior probability as a product aviddal conjugate priord[124]. Accordingly,
the conjugate prior of the multinomial mixture weights ig tirichlet distributionD(vwy, ..., vwg)
whose pdf is given by:

K
D Y
Pows,...vwg (71'1, s )ﬂK) X H Wi'jwl (58)
k=1

Additionally, the conjugate prior for the Gaussian meane@mgriance matrix inverse of a given mixture
is the Normal-Wishart distributionV (7, m;,d, V;) (i = 1, ..., K — 1), with pdf

_ _1,9=p T _
P (i 271 o< (571" exp (= = ma) =7 (s = ma) ) (5.9)
1
exp(—EtT(ViZi_l)), d>p

where(u; —m;)" denotes the transpose (@f; — m;), andp denotes the samples’ dimension (in our case,
p = 2). Thus the prior distribution on the set of all the paransetsdefined as

K-1
p()‘G) = pfw17...7qu(7r1> s 77TK) H pg/\/(#i’ 27,_1) (510)
=1

EM MAP estimate: The MAP estimate\; of the distributionp(z|A¢)p(A¢) can be computed using
the EM algorithm by recursively applying the following coutgtions (see Fi§.3.6) [124]:

Fip(ztlfis, 30)

Cit = 5 - =
> Tip(zel iy, )
T
c; = Zcit (5-11)
t=1
L I
zZ; = _Zcz’tzt
G
1 I
S = ;Zcit(zt_zi)(zt_zi)/ (5.12)
vi=1

where g = (#,(f1,¥)) denotes the current parameter fit. Given these coeffici¢mésM step re-
estimation formulas are given by:

vw; —1+¢

v—-K+T’
LTy +¢iZ;
i = T+ ¢
G _ VeSO =2 =) 519

d—p+c
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e Initialization of At #; = w;, fi; = my, 3 = Vi/(d —p)
e EM: repeat until convergence:

1. Expectation: compute;, z; andS; (Eq.[511 and’5.]12) using the current parameter| set
PYe!

2. Maximization: update parameter sat; using the re-estimations formulas (Equa-
tions[&.IB)

Figure 5.6: GMM adaptation algorithm iterations

For the uniform component & K), the appropriate uniform distribution is used:jp(i.e p(z¢| 1k, EK)

is indeed a uniform density), and, accordingly, only thepweightrx needs to be updated. The setting
of the hyper-parameters of the prior distributiof\¢) in Eq.[5ID, which is discussed at the end of this
Section, is important as the adaptation is unsupervisetdiftars 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 eetwdata using the MAP frame-
work [124]. The parameters to adapt in this case are theiti@nsnatrix and the emission probabilities
parameters\y = {A, (u, Z)}E.

The adaptation of the HMM parameters leads to a procedurdasito the GMM adaptation case. In-
deed, the prior on the Gaussian parameters follows the sammaa¥Wishart density (E§.3.9), and the
Dirichlet prior on the static VFOA prior is replaced by a Dirichlet prior on each rg{| X = f;) = a;..

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

K K-1
p()\H) X lelj)bi’l,...,llbi’;( (ai717 s 7ai7K) H pl/v(ﬂu 22—1) (514)
i=1 =1

Then the EM algorithm to compute the MAP estimate can be otteduas follows. For a sequence of
observationsz = (z1, ..., zr), the hidden states are now composed of a correspondingsstatence
X1, .., X7, which allows to compute the joint state-observation dgn@f Eq.[55). Thus, in the E
step, one need to compulg;; = p(Xi—1 = fi, Xy = fj|z,)\}{) andc;; = p(X; = filz, Az ), which
respectively denote the joint probability of being in thatstf; and f; at timet — 1 andt, and the
probability of being in statg; at timet, given the current modey; and the observed sequencerhese
values can be obtained using the Baum-Welch forward-batckatgorithm [113]. Given these values,
the re-estimation formulas are the same than in[(EqQl 5.1%hfontean and covariance matrices and as

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

b —1 T—le
iy = —u ;Zt‘%_f”’t : (5.15)
v— K+ Zj:l >oi—1 it

The discussion about how to select the hyper-parameteoniducted in the following.

5.5.4 Choice of prior distribution parameters

In this Section we discuss the impact of the hyper-paransetting on the MAP estimates, through the
analysis of the re-estimation formula (Eq.3.13). Beforinganto details, recall thaf’ denotes the size
of the data set available for adaptation, dds the number of VFOA targets.

Parameter values for the Dirichlet distribution:

The Dirichlet distribution is defined by two kinds of paraerst a scale factar and the prior values on
the mixture weightsv; (with >, w; = 1). The scale factor controls the balance between the mixture
prior distributionw and the data. If is small (resp. large) with respectTo— K, the adaptation is dom-
inated by the data (resp. by the prior, i.e. almost no adaptatcurs). When = T — K, data and prior
contribute equally to the adaptation process. In the expais, the hyper-parametemwill be selected
through cross-validation among the value€th= {1y, =T — K, v, =2(T — K) ,v3 = 3(T — K)}.
The priors weightsu;, on the other hand, are defined according to the prior knayelede have on the
VFOA targets distribution. More likely VFOA targets suchths person who speak the most or the slide
screen should be given a higher weight. When we want to emftwknowledge about the VFOA targets
distribution, thew,; can be set uniformly equal tﬁ.

Parameter values for the Normal-Wishart distribution:

This distribution defines the prior on the meanand covarianc&:; of one Gaussian. The adaptation of
the mean is essentially controlled by two parameters (se®H®g): the prior value for the meam;,
which will be set to the value computed using either the lieartn; = p!) or the geometric approach
(m; = pJ) and a scalar, which linearly controls the contribution of the priot; to the estimated mean.
As the average value faz, is % in the experiments, we will seleetthough cross-validation among
the values IC™ = {r; = 5, 7 = &, 73 = 25, 74 = 2L}, Thus, with the first value;, the mean
adaptation is on average dominated by data. Wjthhe adaptation is balanced between data and prior,
and with the two last values, adaptation is dominated by tleegon the means.

The prior on the covariance is more difficult to set. It is defirby the Wishart distribution parameters,
namely the prior covariance matri% and the number of degree of freedainFrom Eq[5.1B, we see
that the data covariance and the deviation of the data meantfre mean prior also influence the MAP
covariance estimate. As prior Wishart covariance, we aketl; = (d — p)f/i, whereV; is respectively
either>! or ©¢, the covariance of targgh estimated using either labeled training data (SubseCil@)p
or the geometrical VFOA considerations (Subseciion b.4T4e weighting(d — p) is important, as it
allowsV; to be of the same order of magnitude than the data varigis;eas far as; and(d — p) are of
similar order of magnitude as well. In the experiments, wikwged = % which put emphasis on the
prior, and allow adaptation that do not deviate too much ftbencovariance priors.
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5.6 Evaluation set up

The evaluation of the VFOA models was conducted using theDlid®abase (Sectidnb.2). Below, we
describe our performance measures and give details almakgerimental protocol.

5.6.1 Performance Measures

We propose two kinds of error measures for performance atratu

The frame based recognitionrate (FRR):

The frame based recognition rate corresponds to the pageof frames, or equivalently, the proportion
of time, during which the VFOA has been correctly recognizétlis rate, however, can be dominated
by long duration VFOA events (a VFOA event is defined as a teaigegment with the same VFOA

label). Since we are also interested in the temporal patfeflowed by the VFOA events, which contain

information related to interaction, we also need a measflecting 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 sequ&ratgained from human annotation,
and the recognized sequenBeobtained through the VFOA estimation process. The GT sempuen
defined asz = (G; = (li, I; = [bi, €i]));—1... v, WhereNg is the number of events in the ground truth
G, l; € Fistheith VFOA event labelp; ande; the beginning and end time instants of the evéntThe
recognized sequende is defined similarly. To compute the performance measuhestwo sequences
are first aligned using a string alignment procedure thagdalto account the temporal extent of the
events. More precisely, the matching distance between venteG; andR; is defined as:

oy 1—Fy ifli:ljandlm:IiﬂIj;é(b
dGi By) = { 2 otherwise (i.e. events do not match) (5.16)
: 2p17m1 | |
with Fr = ) = , M= — 5.17
Torwm P mr T &0

where|.| denotes the cardinality operator, ahid measures the degree of overlap between two events.
Then, given the alignment we can compute for each persometiadl oz, the precisionrg, and the
F-measurd’y measuring the events recognition performances and deffied a

N, N, 20T
PE = matched . g = matched and FE _ PETE

5.18
Ng Ng PE+TE (5.18)

whereN,,.iched Fepresents the number of events in the recognized sequsatcaatch the same event in
the GT after alignment. According to the definition in EqQ.8.&vents are said to match whenever their
common intersection is not empty (and labels match). Thioe,roay think that the counted matches
could be generated by spurious accidental matches dueytsnell intersection. In practice, however,
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acronyms | description
gt the head pose measurements are the ground truth data dbtdthehe magnetic sensor
tr the head pose measurements are those obtained with therheldadg algorithm
gmm the VFOA model is a GMM
hmm the VFOA model is an HMM

ML maximum likelihood approach: the meeting used for testngsied to train the model parameters
p VFOA priors (r for GMM, A for HMM) learnt from data

ge parameters of the Gaussian were set using the geometri@agpeeach

ad VFOA model parameters were adapted

Table 5.2: Model acronyms: combinations of acronyms diesasihich experimental conditions are used.
For example, gt-gmm-ge-ad specifies an adapted VFOA GMM tag#ied to ground truth pose data
where the Gaussian parameters before adaptation werelgiée geometric gaze model.

Model parameters
pi,X; | Gaussian parameters - learngd, (1) or given by geometric modeling.f , £7), cf Subsectiol 2413 alldB.1.4.
m, A GMM and HMM model priors - learnt or set by hand to 'uniform’lwes=*, A%, cf Subsectiol 5.413.

ka, kg | gaze factors - set by hand.

Adaptation hyper-parameters

v scale factor of Dirichlet distribution - set through crosdidation.
wi, b;,; | Dirichlet prior values ofr; anda;,; - set torr}* anda;‘j.
T scale factor of Normal prior distribution on mean - set tlyloeross-validation.
m; VFOA mean prior value of Normal prior distribution - set taheir .l or p9.
d scale factor of Wishart prior distribution on covariancetrixa set by hand (cf SeE.5.3.4).
Vi VFOA covariance matrices prior values in Wishart distribat- set to eithe(d — 2)S¢ or (d — 2)27.

Table 5.3: VFOA Modeling parameters: description and sgtti

we observe that it is not the case: the vast majority of maktelwents have a significant degree of overlap,
as illustrated in Fig519, with 90% of the matches exhilgitan overlap higher than 50%, even with the

noisier tracking data.

In Eq.[5IB, the recall measures the percentage of groutiddwvents that are correctly recognized while
the precision measure the percentage of estimated evexttaréh correct. Both precision and recall

need to be high to characterize a good VFOA recognition pedace. The F-measure, defined as the
harmonic mean of recall and precision, reflects this requarg. Finally, the performance measures
reported over the whole database (for each seating pOsérerthe average of the precision, recall and
F-measurd’g of the 8 individuals.

5.6.2 Experimental protocol

To study the different modeling aspects, several expetiah@onditions have been defined. They are
summarized in TableE™3.2 along with the acronyms that idgritiem in the result tables. Besides, a
summary of all parameters involved in the modeling is digpthin Tabld513.

First, there are two alternatives regarding the head possunements: the ground trughcase, where
the data are those obtained using the FOB magnetic field isears thetr case which relies on the
estimates obtained with the tracking system describeddtic®é5.3. Secondly, there are the two VFOA
models,gmmandhmm as described in SubsectidnsS5l4.1 and b.4.2.

Regarding learning, the default protocol is the leave-oumeapproach: 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-measurd'y 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 unddfedent 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-measurd'’r 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 undéiedent experimental conditions (see Ta-
ble[5:2).

left aside for testing, while the data of the 7 other recaydiare used for parameter learning, including
hyper-parameter selection in the adaptation case (dermedThe maximum likelihood casBIL is

an exception, in which the training data for a given meetegprding is composed of the same single
recording. Also, by default, the prior model parametergr A are set to their 'uniform’ values" or
A", as discussed in Subsectlon54.3. If these parameterstardiyalearned from the training data, this
will be specified with g in the result tables. Note that in the adaptation case, tperhyarameters of
the prior distribution on these parameters are always setrding to the 'uniform’ values. As for thge
acronym, it denotes the case where the VFOA Gaussian medmeeariances were set according to the
geometric model described in Subsecfion 3.4.4 insteadingbearned from training data. Finally, the
adaptation hyper-parameter péir, 7) was selected (in the cartesian &t x C™) by cross-validation
over the training data, using as performance measure to maximize.

5.7 Experimental results

This section provides results under the different expemiadeconditions. We first analyze the results
obtained using ground truth (GT) data, discussing the &ffatess of the modeling w.r.t. different issues
(relevance of head pose to model VFOA gaze targets, préidittaof VFOA head pose parameters,
influence of priors). Secondly, we compare the results nbthwith the tracking estimates with those
obtained with the GT data. Then, we comment the results oatlamtation scheme, and finally, we
examine the results obtained using the geometric modelingll cases, results are given separately for
the left and right persons (see Hig.15.1). Some result iitisns are provided in FIg:3.7.

5.7.1 Results exploiting the GT head pose data

In this section. the head pose measurements are given byptkedi-birds magnetic sensors.
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Figure 5.7: Example of results and focus ambiguity. In grémcking result and head pointing direction.
In yellow, recognized focus (hmm-ad condition). Images d ndespite the high visual similarity of
the head pose, the true focus differ (in g: PL; in h: SS). R@sglsuch cases can only be done by using
context (speaking status, other’s people gaze, slideityotic).

VFOA and head pose correlation:

Table[5% and5l5 display the VFOA recognition results faspe left and right respectively. The first
column of these two tables gives the results of the ML estonaisee Tal5]12) with a GMM model-
ing. These results show, in an optimistic case, the perfooes our model can achieve, and illustrate
somehow the correlation between a person’s head posesaN@F@IA. As can be seen, this correlation
is quite high for person left (almost 80% FRR), showing thedjooncordance between head pose and
VFOA. This correlation, however, drops to near 69% for pergght. This can be explained by the
fact that for person right, there is a strong ambiguity betwkoking at PL or SS, as illustrated by the
empirical distributions of the pan angle in Fig.15.8. Indet@ range of pan values within which the
three other meeting participants and the slide screen Vi@yets lies is almost half the pan range of the
person left. The average angular distance between themtdas around 2@or person right, a distance
which can easily be covered using only eye movements rdihaertiead pose rotation. The values of the
confusion matrices, displayed in Figuire3.10, corrobothite analysis. The analysis of Tables]5.4 and
shows that this discrepancy holds for all experimergatgions and algorithms, with a performance
decrease from person left to person right of approximatéht 3% and 6% for FRR and event F-measure
respectively.

VFOA prediction:
In the ML condition, very good results are achieved but theylsased because the same data are used
for training and testing. On the contrary, the GMM and HMMulés in Table[5¥ anfl55, for which
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Figure 5.8: Empirical distribution of the GT head pan angleputed over the database for person left
:8(a)) and person right (5.8]b)). For person left, thepteeand slide screen VFOA targets can still be
identified through the pan modes. For person right, the @egfreverlap is quite significant.
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(a) GT, Left (b) GT, Right (©) TR, Left (d) TR, Right

Figure 5.9: Distribution of overlap measurgs between true and estimated matched events. The esti-
mated events were obtained using the HMM approach. GT ande$pectively denote the use of GT
head pose data and tracking estimates data. Left and Rigbtalperson left and right respectively.

the VFOA parameters are learned from other persons’ datay she generalization property of the
modeling. We can notice that the GMM and HMM modeling with athout a prior term produce
results close to the ML case. For both person left and rigkt@GMM approach is achieving better frame
recognition and event recall performance while the HMM i8rgj better event precision ard; results.
This can be explained since the HMM approach is somehow sieigoihe event sequence. As a result
some events are missed (lower recall) but the precisioe@sas due to the elimination of short spurious
detections.

VFOA confusions:

Figure[5.10(3@) anf 5.10(b) display as images the confusiainices for person left and right obtained
with the VFOA FRR performance measure and an HMM modelingyTdiearly exhibit confusion be-
tween near VFOA targets. For instance, for person @#js sometimes confused witAR or O1. For
person right, the main source of confusion is betwBdnandS'S, as already mentioned. In addition, the
tableT B can be confused witth1 andO2, as can be expected since these targets share more or less the
same pan values with B. Thus, most of the confusion can be explained by the geonoétitye room




102 CHAPTER 5. VFOA RECOGNITION IN MEETINGS

02| PR 02|

o1 02 o1

Ss| o1 88|

PL| 88| PL|

T T T

88888383388

°

u u u

02 o1 ss PL T u PR 02 o1 88 T u 02 o1 ss T u

PR 02 O1 sS T u

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

Figure 5.10: Frame-based recognition confusion matriésirmed with the HMM modeling (gt-hmm
and tr-hmm conditions). VFOA targets 1 to 4 have been rankedrding to their pan proximity: PR:
person right - PL: person left - O1 and O2: organizer 1 and 2 sk& screen - TB: table - U: unfocused.
Columns represent the recognized VFOA.
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Figure 5.11: Pan-tilt space VFOA decision maps for persghtuilt from all meetings, in the GMM
case (cf Eq[RI3), using GT or tracking head pose data, arfdwithout VFOA priors. Black®L,
yellow=SS, blue=01, green®)2, red=I'B, magenta &.

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

Influence of priors:

Table[5.3 an@515 also present the recognition rates whemiggthe prior on the eventspg extension).
While the improvement w.r.t. no prior is moderate using thel@ad pose data or the HMM modeling,
it is quite beneficial in the GMM case applied to tracking pestmates. The effect of the prior is illus-
trated in Fig[E. L. While the VFOA targéxr2 has its decision area reducedl] sees its decision surface
extended because people look more ofte@atin our database. In practice, the prior allows to clearly
favor most likely VFOA target while making the recognitiohless likely target more difficult. Although
results show that the use of priors can improve performaheg,usage could clearly be a problem when
using the VFOA recognition system on other unrelated mgstfar if O1 andO2 would have exchanged
seats across meetings). Thus, in the remaining, we will s@tsuch prior in the experiments.



5.7. EXPERIMENTAL RESULTS 103

Comparison with other algorithms:

We can compare our performance to the recent worki [114].i¢npidper, an interesting study on VFOA
interaction modeling has been conducted, where one of ke &mong others, consisted in estimating
the VFOA of four people engaged in a conversation, using leé&ogpeaking status (annotated manually)
and head pose measured with magnetic field sensors. For eednpthe VFOA targets were the three
other participants. The authors 6f [114] report an avera@R Bf 67.9 %. Despite the lower number
of VFOA targets and the use of multiple cues (speech and hes&) ptheir results are similar to ours.
We obtained 57% for person right and 72.3% for person lefiguie HMM recognizer (resp. 62% and
72.7% with adaptation, as shown later).

5.7.2 Results with head pose estimates

Table[5% and 515 provide the results obtained using the pead tracking estimates, under the same
experimental conditions than when using the GT head pose Aatcan be seen, substantial performance
degradation can be noticed. In the ML case, the decrease ifhdfld F-measure ranges from 22% to
26% for both person left and right. These degradations aialyndue to small pose estimation errors
and also, sometimes, large errors due to short periods wigetnaicker locks on a subpart of the face.
Fig.[511 illustrates the effect of pose estimation errarshe VFOA distributions. The shape changes
in the VFOA decision maps when moving from GT pose data to psienates conveys the increase of
pose variance measured for each VFOA target. The increasedserate for the pan angle, but quite
important for the tilt angle.

A more detailed analysis of Tallle®.4 dndl5.5 shows that tHenpeance decrease (from GT to tracking
data) in the GMM condition follows the ML case, while the deigation in the HMM case is smaller,

in particular for Fg. This demonstrates that, in contrast with what was obsewidd the clean GT
pose data, in presence of noisy data, the HMM smoothing teSequite beneficial. Also, the HMM
performance decrease is smaller for person right (19% adfbbrespectively FRR and’z) than for
person left (25% and 20%). This can be due to the better tiggerformance -in particular regarding the
pan angle- achieved on people seated at the person righibpgsif Tabld5). FigurE512 presents the
plot of the VFOA FRR versus the pan angle tracking error f@heaeeting participant, when using GT
head pose data (i.e. with no tracking error) or pose estsnéitshows that for person left, there is a strong
correlation between tracking error and VFOA performanchictv can be due to the fact that higher
tracking errors directly generate larger overlap betwe&®X class-conditional pose distributions (cf
Fig.[5:8, left). For person right, this correlation is weakes the same good tracking performance result
in very different VFOA recognition results. In this caseg thigher level of inherent ambiguities between
several VFOA targets (e.@S and PL) may play a larger role.

Finally, the 2 right images of Figufe 5.10(c) gnd 5.Ip(dpkig the confusion matrices when using the
HMM model and the head pose estimates. The same confusiomusingg the GT data are exhibited, but
more pronounced because of the tracking errors (see abogditeestimation uncertainties.

5.7.3 Results with model adaptation

Tabled5.b and 5.7 display the recognition performancemddavith the adaptation framework described
in Sectior(5.. For person left, one can observe no improvement when usinddta and a large im-

% In the tables, we recall the values without adaptation feees comparison.
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Figure 5.12: VFOA frame based recognition rate vs head paskihg errors (for the pan angle), plotted
per meeting. The VFOA recognizer is the HMM modeling afteatdtion.

[ 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-measurd’p 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, befanel after adaptation.

provement when using the tracking estimates (e.g. aroufeldil 8% for resp. FRR anfl; with the
GMM model). In this situation, the adaptation is able to copi the tracking errors and the variability
in looking at a given target. For person right, we notice iay@ment with both the GT and tracking head
pose data. For instance, with the HMM model and tracking,dh&improvement is 3.8% and 5% for
FRR andFz. Again, in this situation adaptation can cope for peoplesspnal way of looking to the
targets, such as correcting the bias in head tilt estimagisiillustrated in Figurg’5.13.

When exploring the optimal adaptation parameters estondw®ugh cross-validation, one obtain the
histograms of FigureEZ5.14. As can be seen, regardless ofitdeok input pose data (GT or estimates),
they correspond to configurations giving approximatelyaktpalance to the data and prior regarding the
adaptation of the HMM transition matrices; (andw»), and configurations for which the data are driving
the adaptation process of the mean pose valteand).

Comparison with other algorithms:

Our results, 42% FRR for person right and 53% for person #&#, quite far from the 73% reported
in the interesting papel [1D2]. Several factors may explendifference. First, in([102], a 4 people
meeting situation was considered and no other VFOA targat #opm the other meeting participants was
considered. In addition, these participants were sittirggaally spaced positions around a round table,
optimizing the discrimination between VFOA targets. Besidpeople were recorded from a camera
placed in front of them. Hence, due to the table geometry,vérg large majority of head pan lay
between[—45, 45] degrees, where the tracking errors are smaller (see [@hl&)8imately, our results
are more in accordance with the 52% FRR reported by the satheral12%] 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-measurd’'g 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, befand after adaptation.

-80 -60 -40 -20 o 20 -80 -60 -40  -20 o 20 40
pan pan

(a) Before adaptation (b) After adaptation

Figure 5.13: VFOA decision map example before adaptatiah adter adaptation. After adaptation,
the VFOA of O1 andO2 correspond to lower tilt values. blackL, yellow=S.S, blue=01, green©)2,
red=I'B, magenta &. The blue stars represent the tracking head pose estinmsgddar adaptation.

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

5.7.4 Results with the geometric VFOA modeling

Here we report the results obtained when setting the modehpzaters by exploiting the meeting room
geometry, as described in Subsecfion3.4.4. This posgiloli setting parameters is interesting because
it removes the need for data annotation each time a new VF@ttés considered, e.g. when people
are moving around in the room.

Figure[5.Ib shows the geometric VFOA Gaussian parametezar(rand covariance) generated by the
model when usingk., kg) = (0.5,0.5). The parameterss,, x3) were defined in Sectidn 5.4.4. As can
be seen, the VFOA pose values predicted by the model arestemiswith the average pose values com-
puted for individuals using the GT pose data, especiallyp&son left. For person right, we can observe
that the geometric model is wrongly predicting the gazeeaflO2 (not moved) and)1 (attraction in
the wrong direction). Indeed, for person right, our assionpthat the reference head orientation N in
Fig.[5.2 consists of looking at the other side of the tablevisappropriate: as all the VFOA targets are
located on their right side, people tend to already orieeir tshoulder towards their right as well (see
Figure[5.5(d)), and thus N should be set accordingly. Assgnmiore logically that the reference looking
direction corresponds to looking étl, we obtain a better match. This is demonstrated by Table 5.8,
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Figure 5.14: Histogram of the optimal scale adaptatiorofact the HMM prior, and HMM VFOA mean
(b and d), selected though cross-validation on the traisgtgand when working with GT head pose data
or with tracking head pose estimates.

Method learned VFOA || geometric VFOA
Error Epan | Bt || Epan | Frin
person left 6.37 5.08 5.54 6.35
person right (reference direction: looking straight @) 5.85 | 6.07 12.5 7.65
person right (reference direction: looking@i) 5.85 | 6.07 5.62 7.65

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

which provides the prediction errors in p&h,,, defined as:

8
Po = =T 2 3 Jan(h) —ah(£) (5.19)

m=1 f,eF/{U}

wherea,,, (f;) is the average pan value of the person in meetingnd for the VFOAY;, andal, (f;) is
the predicted value according to the chosen model (i.e. dhecpmponent oﬁi or ”3& in the geometric

or learning approaches respectiﬂa]yThe tilt prediction errot=y;;; is obtained by replacing pan angles
by tilt angles in Equatiof’5.19.

The recognition performance are presented in Tdblés 5.8.d10d For person right, the model based
on O1 as reference looking direction N is used. These tables shatywhen using GT head pose data,
the results are slightly worse than with the learning apgnpavhich is somehow in accordance with
the similarity in the prediction errors. However, when gsthe pose estimates, the results are better.
For instance, for person left, with adaptation, the FRR mapment is of more than 6%. Given that
the modeling does not request any training data (exceptfoieca calibration, and the currently manual
setting of the reference direction N), this is an intergstind encouraging result. Also, we can notice that
the adaptation always improve the recognition, sometinuée gignificantly (see the GT data condition
for person right, or the tracking data for person left).

“The reported error in the geometric case follows the samenselthan in the learning case: for each meeting the employed
ko has been learned on the other meetings.
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Figure 5.15: Geometric VFOA Gaussian distributions foisparleft and person right: the figure displays
the gaze target directio}), the corresponding head pose contribution accordinggtgéometric model
with values(kq, k1) = (0.5,0.5) (A symbols), and the average head pose (from GT pose data) of in-
dividual people {). Ellipses display the standard deviations used in the gé&iermodeling. black® L

or PR, cyans5S, blue=01, green®2, red=I'B.

[ Measure | gt | gtge| gt-ad | gt-ge-ad|| tr [ tr-ge | tr-ad | tr-ge-ad ||
FRR 723 | 693 | 723 70.8 47.4 | 55.2 | 53.1 59.5
recall 721 | 614 | 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-measurd’y 61.2 | 65.2 | 66.6 65.3 452 | 48.2 | 479 50.1

Table 5.9: VFOA recognition results for person left using thMM model with geometric VFOA pa-
rameter setting(éq, <#¢) = (0.5, 0.5)), with/without adaptation.

5.8 Conclusion

In this chapter we presented a methodology to recognize B@A/of meeting participants from their
head pose, the latter being defined by its pan and tilt an@esh head pose measurements were ob-
tained either through magnetic field sensors or using a pilidtec based head pose tracking algorithm.
The experiments showed that, depending on people’s positithe meeting room and on the angular
distribution of the VFOA targets, the eye gaze may or may ediighly correlated with the head pose.

In absence of such correlation, and if eye gaze trackingasegssible due to low resolution images,
the way to improve VFOA recognition can only come from thepknowledge embedded in the cogni-
tive and interactive aspects of human-to-human commuaitaAmbiguous situations, such as the one
illustrated in Fig.[5.7(d) and 5.7(h), where the same hea# pan correspond to two different VFOA
targets, could be resolved by the joint modeling of the simgp&nd VFOA characteristics of all meeting
participants. Such characteristics have been shown tbiespiecific patterns/statistics in the behavioral
and cognitive literature, as already exploited [by ]114].

Besides, as shown by the experiments, there indeed exiats cmrrelation between head pose track-
ing errors and VFOA recognition results. Improving the kiag algorithms, e.g. using multiple cameras,
higher resolution images or adaptive appearance modeadizigniques, would thus improve the VFOA
results. Finally, in the case of meetings in which peopleraoging to the slide screen or white board
for presentations, the development of a more general apipithat models the VFOA of these moving
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| measure || gt [ gtge] 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 | 419 | 436 43.8

precision 63.5| 69 64.5 71.5 55.1 | 61.1 | 56.1 61.1
F-measurd''g 59.5 53 62.7 59.2 43.8 | 49.1 | 48.8 50.1

Table 5.10: VFOA recognition results for person right usihg HMM model with geometric VFOA
parameter setting £, ~i1:) = (0.5,0.5)), with/without adaptation.

people will be necessary. Investigations about modeliegROA 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 pelisomeeting contexts. In this chapter,
in collaboration with Smithet al [126] we address the more general case of recognizing theAVFO
of moving persons ( but with static VFOA targets w.r.t. thenesa). This is an interesting task with
many applications. For instance, let us consider a sitmatibere an advertising firm has been asked
to produce an outdoor display ad campaign for use in shoppialls and train stations. Internally,
the firm has developed several competing designs, one ofwhitst be chosen to present to the client.
Analysis of the VFOA of people exposed to the advertisemante used to judge the best placement and
content of these outdoor advertisements, such does foidiele the Nielsen’s ratings which measures
media effectiveness by estimating the size of the net cuivelaudience of a program through surveys
and Nielsen Boxed [127]. If one were to design an automatedsiin-like system for outdoor display
advertisements, it might automatically determine the nemds people who have actually viewed the
advertisement as a percentage of the total number of pexpised to it. This is an example of what we
have termed the wandering visual focus of attention (WVF@wpblem, in which the tasks are:

1. to automatically detect and track an unknown, varying lnemnof 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 VFQAZ2] @roblem in the sense that in WV-
FOA, mobility is unconstrained. As a result, the subjedigyét of attention may be mobile, or as the
subject moves about the scene, his appearance may changeaterhpts to keep his attention on a
specific target. Unconstrained motion also limits the nesmh of the subject (sde6.1), as a wide field
of view is necessary to capture multiple subjects over aa afénterest. In the example of the outdoor
advertisement application, the goal is to identify eaclspeexposed to the advertisement and determine
if they looked at it. Additionally, we can collect other usks$tatistics such as the amount of time they
spent looking at the advertisement.

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

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

appearance of people in the scene (and the orientation iofbads) is modeled. Our method consists
of two parts: a dynamic Bayesian network (DBN), which siran#ously tracks people in the scene and
estimates their head pose, and a WVFOA model, which infeubgst’'s VFOA from their location and
head pose.

Besides defining the WVFOA problem itself, first, we propog®iacipled probabilistic framework
for solving the WVFOA problem by designing a mixed-state DBidt jointly represents the people in
the scene and their various parameters. The state-spacamsléted in a true multi-person fashion,
consisting of size and location parameters for the head adyg, las well as head pose parameters for
each person in the scene. This type of framework facilitdé#ging interactions between people.

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

Then, we demonstrate the real-world applicability of ourdeldoy applying it to the outdoor ad-
vertisement problem described earlier. We show that we laleeta gather useful statistics such as the
number of viewers and the total number of people exposecetadliertisement.

Finally, we thoroughly evaluate our model in the contextlef butdoor advertisement application
using realistic data and a detailed set of objective perémoe measures.

The remainder of the Chapter is organized as follows. In the Section we discuss related works.
In Section[6.P, we describe our joint multi-person and heesk tracking model. In Sectién 5.3, we
present a method for modeling a person’s VFOA. In Sedfighw@ 4lescribe our procedure for learning
and parameter selection. In Sectiod 6.5 we test our modedptuied video sequences of people passing
by an outdoor advertisement and evaluate its performarnaelly; Sectiorf &6 contains some concluding
remarks.

6.1 Related work

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

Multi-person tracking is the process of locating a variablenber of moving persons or objects over
time. Multi-person tracking is a well studied topic, and altitude of approaches have been proposed.
Here, we will restrict our discussion to probabilistic ke methods which use a patrticle filter (PF)
formulation [128] 129, 130, 131, 132]. Some computatignelexpensive methods use a single-object
state-space model [131], but suffer from the inability tealge the identities of different objects or
model interactions between objects. As a result, much waskbbeen focused on adopting a rigorous
Bayesian joint state-space formulation to the problem revbbject interactions can be explicitly defined
[128,[129[130; 133, 134, 1832, 126]. However, sampling frojoirat state-space can quickly become
inefficient as the dimension of the space increases when pem@e or objects are added [128]. Recent
work has concentrated on using MCMC sampling to track mlel{ggople more efficiently. In1133] ants
were tracked using MCMC sampling and a simple observatiodetdn [134], multiple humans were
tracked from overhead as they crossed a college campush 8tait, in [12€], extended this model to
handle varying number of people using a reversible-jump MIZ8ampling technique. In this thesis we
extend the model of [126] by handling a much more complexaljeodels and a larger state-space. This
has necessitated the non-trivial design of new jump typdgasposal distributions, as well as inter- and
intra-personal interactions (see Secfion 6.2.4).

6.2 Joint multi-person and head-pose tracking

In this section, we first recall the basis of Bayesian tragkiormulation with the MCMC approach
and then describe the different and specific models that we imsthe context of the WVFOA study.
In a Bayesian approach to multi-person tracking, the gotil sstimate the conditional probability for
joint multi-person configurations of peopl&;, taking into account a sequence of observations =
(21,...,2¢). In our model, a joint multi-person configuration, or joinéate, is the union of the set of
individual states describing each person in the scene. h&ereations consist of information extracted
from an image sequence. The posterior distributiOR;|z;.;) is expressed recursively by

p(Xt\let) = C’_lp(zt|Xt) X / p(Xt\Xt—l)p(Xt—l|21:t—1)dXt—17 (6.1)
X1

where the motion modep(X;|X;_1), governs the temporal evolution of the joint stXe given the

previous stat&;_;, and the observation likelihoog(z;|X;), expresses how well the observed features

2z fit the predicted statX;. HereC' is a nhormalization constant.

In practice computing the filtering distribution usirig{6i4 often intractable. As already said in
Section§P andl 4, it can be approximated by applying the MBaté method, in which the target distri-
bution (Eq[&.1) is represented by a sef\bfsamples{Xﬁ") ,n=1.,N} whereX,E”) denotes thex-th
sample. For efficiency, in this work we use the Markov ChaimkdCarlo (MCMC) method because in
high dimensional space, MCMC is more efficient than otherm@gg methods such as importance sam-
pling. In MCMC, the set of samples have equal weights and f@sn-called Markov chain. According
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N

Nt

Figure 6.2: State model for varying numbers of people. Tha joulti-person stateX; consists of an
arbitrary number of peopld; ;, each of which contain a bod?{(ﬁ?,t and headxﬁft component. The body
is modeled as a bounding box with parameters for the locdiitn,®), height scales®, and eccentricity
eb. The head locatiol.” has similar parameters for location’( v"), heights”, and eccentricite”, as
well as in-plane rotation”. The head also has an associated exentfilavhich models the out-of-plane
head rotation.

to Sectiorf 41, given the samples at the previous step, amxpation of EqLE is written

p(Xelz1e) = O p(2efXe) Y p(Xe|X(™)). (6.2)

Our goal is now to build a chain a Markov chain of sample whiepresents the filtering distribution.
Following this approach, the remainder of Secfiod 6.2 isote) to describing the details of our joint
multi-person and head-pose tracking model. In the nextSmdiion, we will discuss exactly how we
model an individual person and the set of multiple peopld@dcene. In Sectidn 6.2.2 we explain how
to model motion and interactions between people. We desotib observation likelihood model, which
estimates how well a proposed configuration fits the obsedeta, in Sectioh 6.2.3. In Sectibn 612.4,
we discuss how to form the Markov Chain representing theibligion of Eq.[6.2 using the Metropolis-
Hastings (MH) algorithm, and in Secti@n 6.2.5 we show hownferi a point estimate solution from the
posterior distribution.

6.2.1 State model for a varying number of people

The state at time describes the joint multi-object configuration of peoplethie scene. Because the
amount of people in the scene may vary, we explicitly use & steodel designed to accommodate
changes in dimension_[1R26], instead of a model with a fixededision, as in[[133]. The joint state
vectorX, is defined byX; = {X,|i € Z;}, whereX;, is the state vector for persarat timet, andZ;

is the set of all person indexes. The total number of peomeequt in the scene is; = |Z;|, where| - |
indicates set cardinality. A special case exists when therao people present in the scene, denoted by
X; = 0.
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In our model, each person is represented by two componettsdyaX? nanda head(f{t as seen
in Figure[6.2. Note that we drop theand¢ subscripts for the remainder of this section for simplicity
The body component is represented by a bounding box, whate stctor contains four parameters,
X = (2P, 4, 5%, €®). The point ¢, 3°) is the continuous 2D location of the center of the boundiog b
in the images° is the height scale factor of the bounding box relative taferemce height, anef is the
eccentricity defined by the ratio of the width of the boundomx over its height.

The head component of the person model is represented by radibgubox which may rotate
in the image plane, along with an associated discrete ex@nugked to represent the head-pose (see
Section[6.213 for more details). The state vector for thedhisadefined byX" = (L", k) where
LM = (2", y", s", e, ") denotes the continuous 2D configuration of the head, inetuthie continuous
2D location ", h), the height scale factar”, the eccentricitye”, and the in-plane rotation. A dis-
crete variablek” represents the head-pose exemplar which models the qui&é- head rotation. See
Chaptef¥ for more details about the head state.

6.2.2 Dynamics and interaction

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

de
P(XelXi1) “ py (Xl X1 )po(X0), (6:3)
wherepy is the predictive distribution responsible for updating itate variables based on the previous
time step, angh, is a prior distribution modeling interactions.
To model the multi-person predictive distribution, we éol the approach of [126] whergy, is
defined as

v(XeXe1) = [ [ p(XeeXion) (6.4)
1€Lt

when people are present in the previous time sdp ( # ), and constant otherwise. However, in
this work, the motion for a single personp(X;:|X;_1), is dependent only on its own previous state

p(Xi¢|X; 1) if that person existed in the previous frame. If notX;.|X;—) is formed from a 2D
initialization distribution,p;,;+(X; +), formed by smoothing the foreground segmented image ofrte p
vious frame as seen in FlngB.S.

The motion model for a single person is given by
(Xt Xii-1) = p(X; t|th )P (L?t|th )P (92t|9i}ft—1)a (6.5)

where the dynamics of the body sta& and the head spatial state compongfitare modeled ag"?
order auto-regressive (AR) processes. The dynamic of thé-pese exemplars dynandigis a transition
table learned from training data (see Chapter 4).
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Initialization Distribution

50 200
X

Figure 6.3: The initialization distribution in (center)tdamines where to place a new person in the scene
by applying a Gaussian smoothing filter to the foregroundrgegation of the original image (left).

The interaction modepy(X;) handles two types of interactions, inter-persopgl and intra-
personalpg,: po(X:) = po,(X¢)po,(X). For modeling inter-personal interactions, we follow the
method proposed in_[183]. In this method, the inter-persomaraction modepy, (X;) serves the pur-
pose of restraining trackers from fitting the same persondmalizing overlap between trackers. This
is achieved by exploiting a pairwise Markov Random Field (WRvhose graph nodes are defined at
each time step by the people, and the links by theCseft pairs of proximate people. By defining an
appropriate potential function

A(Xi e, X)) o< exp(—g(Xie, Xj1)), (6.6)

the interaction model

Do (Xt) — HijEC Qb(Xi,t, Xj,t) (67)

enforces a constraint in the multi-person dynamic modedetaon locations of a person’s neighbors.
This constraint is defined by a non-negative penalty funcgowhich is based on the spatial overlap of
pairs of peopled is null for no overlap, and increases as the area of overlapases).

We also introduce intra-personal interactions to the diveration model. The intra-personal inter-
action model is meant to constrain the head model w.r.t. ity Imodel, so that they are configured in
a physically plausible way (i.e. the head is not detacheuah fitee body, or located near the waist). The
intra-personal interaction modgy, (X;) is defined as

po, (X¢) = H p(LQ,tIXZ,t), (6.8)
keZs

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

With these terms defined, the Monte Carlo approximation @btrerall tracking filtering distribution
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in Eq.[E2 can now be expressed

p(Xilzre) ~ Clp(alXopo(Xe) Y pr(XeX{™))

Cp(zlXe) [T 0K Xi) [T pERIXED) S pv (el X)) 6.9)
ijeC keZ; n

%

6.2.3 Observation model

The observation model estimates the likelihood of a propesmfiguration, or how well the proposed
configuration is supported by evidence from the observetifes. Our observation model consists of a
body model and a head model, formed from a set of five totalifeat The body model consists of binary
and color features, which are global in that they are defitvesl-rise over the entire image. The binary
features £7'") make use of a foreground segmented image, while colorresff°’) exploit histograms

in hue-saturation (HS) space. The head model is local irtthégatures £”) are gathered independently
for each person. They are responsible for the localizatidhehead and estimation of the head-pose,
and include texture(®®, skin colorz;*", and silhouette:;" features. For the remainder of this Section,
the time index {) has been omitted to simplify notation. Assuming condioimdependence of body
and head observations, the overall likelihood is given by

p(2]X) £ p(z7 20" X)p(2P"|X)p("]X), (6.10)

where the first two terms constitute the body model and thd term represents the head model. The
body model, the head model, and each of the five componenirésatre detailed in the following
subsections.

Body model

The body observation model is responsible for detectingi@utting people, adding or removing people
from the scene, and maintaining consistent identitiess tamprised of a binary feature and a color
feature.

Body binary feature:

The binary feature is responsible for tracking bodies, atdiry and removing people from the scene.
The binary feature relies on an adaptive foreground segtienttechnique described in[135]. At each
time step, the image is segmented into sets of foregrourelspix and background pixel® from the
images { = F U B), which form the foreground and background observatia#8:{¢ andz"5)

For a given multi-person configuration and foreground sedai®n, the binary feature computes the
distance between the observed overlap (between the arka oiti-person configuratiof* obtained
by projectingX onto the image plane and the segmented image) and a learhed V@ualitatively,
we are following the intuition of a statement such as: “Weéhalsserved that two well-placed trackers
(tracking two people) should contain approximately 65%¢pound and 35% background.” The overlap

is measured foF” and B in terms of precision and recallp : 17 = 58F, pF = S50F B — 508,

X . . . .
andp®? = %. An incorrect location or person count will resultinand p values that do not match
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the learned values well, resulting in a lower likelihood andouraging the model to choose better multi-
person configurations.

The binary likelihood is computed for the foreground andkgacund case
in A N in
p(z""X) = p(z"™7 [ X)p(2""FX) (6.11)

where the definition of the binary foreground tem(;*™7 |X), for all non-zero person countsuy(# 0)

is a single Gaussian distribution in precision-recall sp@¢ ,p”). The binary background term, on the
other hand, is defined as a set of Gaussian mixture models (3&&vhed for each possible person count
(m € M). For example, if the multi-person state hypothesizestthatpeople are present in the scene,
the binary background likelihood term is the GMM density loé bbserved” andp” values from the
GMM learned form = 2. For details on the learning procedure, see Sefidn 6.4.

Body Color Feature:

The color feature is responsible for maintaining the idegtiof people over time, as well as assisting
the binary feature in localization of the body. The colortfea uses HS color observations from the
segmented foreground and background regiefé{ andz°-%) . Assuming conditional independence
between foreground and background, the color likelihoogrigen

p(ZCOl|Zbin, X) — p(zcol,]-'|zbm,]-" X)p(ZCOZ’B|Zbin’B, X) (612)

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

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

p(2°bF | 6T XY oc HFd% (6.13)

wheredr is the Bhattacharya distance (see Equdifioh 2.9) betwedrah®ed model and observed his-
togram and\~ is a parameter. The adaptive model is chosen from a smalff setaptive foreground
color models (multiple models allow slightly different colmodels to compete). The model histograms
are defined over a person indéxspatial segment (roughly corresponding to the head, tars® legs),
hue (H), and saturation (S) color spaces (quantized into§ bEvery frame, a vote is cast for the model
that best matches the extracted data, and a 'winning’ asaptodel is chosen from the set based on the
number of 'votes’ it has collected (the 'winner’ is used ie tbove likelihood expression).

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

p(z P2 Xy) o el (6.14)

where) andd?, are defined as in the foreground case.
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Head model

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

L
m

p(z"1X) = | [ [ prex (2" 1Xi)patin (255 X paia (25 [Xa). | (6.15)
i€1

The individual head likelihood terms are geometricallyraged by% to balance the overall likelihood
as the number of people,, varies. This non-standard likelihood normalization isdaed to make the
likelihood for different number of person comparable. Tleadh model is obtained from three features:
texturez!¢®, skin colorz*", and silhouette7*. The feature extraction procedure and likelihood func-
tions are the same as the one described in ChBpter 4.

6.2.4 Trans-dimensional MCMC

In this sub-section, we describe how Reversible-Jump Matieain Monte Carlo (RIMCMC) can be
used to efficiently generate a Markov Chain which represtetslistribution of Equatiofd.9. In Section
623, we will show how to infer a solution to the tracking Iplem from the Markov Chain, and in
Sectior 6.2 we give an overview of the algorithm.

The multi-person state-space can quickly become very lalgm we allow for an arbitrary number
of people. The state vector for a single person is ten-dilneak Traditional sequential importance
resampling (SIR) particle filters are inefficient in suchhigjmensional spaces [136]. Markov chain
Monte Carlo (MCMC) particle filters are more efficient, but olat allow for the dimensionality of the
state-space to vary (fixing the number of people). To soligeioblem, we have adopted the RIMCMC
sampling scheme, originally proposed lin_ [134] which regdime efficiency of MCMC sampling but al-
lows for "reversible jumps” which can vary the dimensiohabf the state-space.

Constructing a Markov chain with Metropolis-Hastings:

As previously mentioned, the stationary distribution af tarkov Chain must be defined over the
configuration spacX;, it must be able to vary in dimension, and it must approxintlaefiltering distri-
bution defined in Eq_GI9 (please note that for the remaintléhi® section, we omit the time subscript
t for simplicity). For the task of constructing the Markov @have use the Metropolis-Hastings (MH)
algorithm [136].

Starting from an arbitrary initial configuratiErK, the MH algorithm samples a new configuration
X* from a proposal distributiod)(X*|X), and adds the proposed sample to the Markov Chain with
probability

(L pXQXXY)
o=min (1580 ) (610

otherwise, the current configuratiofis 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 tintéby sampling uniformly an initial state from the Markov chaitt — 1.
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Here, in practice, in contrary to what was done with the MCM#adh tracker, a new configuration
X* is chosen by first selectingmove typev* from a set of reversible movés (defined in the next sub-
section) with prior probabilityp,-. Moves must be defined in such a way that every move type which
changes the dimensionality of the state has a correspomeirggse move type [137]. The acceptance
ratioa can be re-expressed throudimension-matchinfL37] as

P(X*)puQu(X)
P(X)py= Qm(X*)> ’ (6.17)

where(Q),, is a move-specific distribution, defined for all move typesdept swap) as

a = min (1,

Qu(X}) = Z Qu(1)Qu(X}14), (6.18)

over all people, in such a way that the move is applied to a target indewhile 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, hgidlate, head update, and pose
update. In previous works using RIMCMC 126, 138], a singldaie move was defined in which all
the parameters of a randomly selected person were updatedtameously. This was sufficient for less
complex object models, but a problem arises when multi@aufes are used to evaluate different aspects
of the state. For example, let us imagine an update moverdssitp apply motion to the body, apply
motion to the head, and adjust the head-pose simultaneotssn if applying such a move results in
a better overall likelihood, there is no guarantee that tiésidual body, head, and pose configurations
have improved. Some may have remained the same, or evennedrsBecause the ranges of the terms
of the overall likelihood vary, some will dominate. The riésnight be a model which tracks bodies well,
but poorly estimates the head-pose (which we observed tiipex We refer to this as the likelihood
balancing problem.

To overcome this problem, we propose to decouple the update into three separate moves: body
update, head update, and pose update. In this way, we dhédisk of finding a good configuration
for an entire person into three smaller problems: finding @gmonfiguration for the body, for the head
location, and for the head-pose.

We now define the six move types. For each move type, we expt@into choose a target index,
and define the move-specific proposal distributions andpdanee ratios.

(1) Birth. A new personi* is added to the new configuratiad* which was not present in the old
configurationX: (Z; = Z; U {i*}). This implies a dimension change framy to m; + 1.

To add a new person, a birth locatior},, is sampled from the birth proposal distribution described
in Figure[&.B using a stratified sampling strategy. Next, & person index, or target index, must be
chosen, which may be a previously 'dead’ person, or an 'ummegrson. The target indeX is sampled
from the birth target proposal mode);,+x (i), which is defined in such a way that the probability of
choosing a 'dead’ person depends on their temporal distandespatial distance to the sampled birth
location (recently killed, nearby people are most likelyo reborn). The probability of choosing an
‘'unborn’ person is unity minus the sum of 'dead’ probaleti
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Having chosen a target index, the birth move is applied*tahile the rest of the multi-person
configuration is fixed; in Eq_6.18 this is done by definipg(X;|:) as

Quirtn (X} i) = Z (X5 TT K X{)0(XG, = Xo). (6.19)
€Ty
Initial body parameters of a new object (born or reborn) ameded from learned Gaussian distributions.

Initial head and pose parameters are chosen to maximizestieblikelihood.

Now that the identity and parameters of the new perSdmave been determined, it can be shown
that the acceptance ratio for the new multi-person conftgur&; is given by

p(ze|X}) HjeCi* ¢(Xz 2t X ) Pdeath Qdeatn (")
(2| X4) Poirth Quirtn (1) ]

Qpirth, = Min (1, (6.20)

where(C;« and ¢ are pairs of proximate objects and the interaction potedgéined in Sectiofi 6.2.2,
andqqeq:n (1) is the reverse-move death target proposal model. Notehibanhteraction model helps
discourage births that overlap existing people and conitglexreduced as many terms jriz; | X; ) and
p(z¢|X¢) cancel.

(2) Death. An existing persori* is removed from the new configuratid&™ which was present in the old
configurationX (Z; = Z,\ {i*}) where)\ is the difference between sets. This implies a dimensiongda
from m; tom; — 1. The target index* is chosen with probability .. (i) by uniformly sampling from
the set of ’live’ people (i.eqgeatn (i) = T}Lt). Person* is removed keeping the rest of the multi-person
configuration fixed, with mixture components defined as

Qaeatn (X7 i) Z [T p(Xuel X)X, — Xu), (6.21)
n 1€l l#i

and the acceptance probability can shown to simplify to

(6.22)

p(2|X5) DPoirth Qbirtn(1”) )

Qdeath — min 1, .
ot < p(2e|Xe) [ Tjec,. ¢(Xis 1, Xjit) Pdeath Queatn (i*)

(3) Swap. The configurations of a pair of objects, and j* are swapped. The proposal is a mixture
model over pairs of object®,(X}) = >, ; ¢swap(i; J)Qswap(X{|i, j). Candidates are chosen with
probability gs..q, (2, 7), which is defined such that the probability a pair of peopéeciosen is a function
of their proximity (nearby pairs are more likely to be sedefit When the move is applied, the mixture
componentQ)s,qp (X i, j) swaps the configurations of objects and j*. It can be shown that the
acceptance ratio for the swap move is reduced to

. p(z]X7)
Aswap = Min (1, 7P(Zt|xt) . (6.23)

(4) Body update. The body parameteX? ¢+ including its location £°, y®), heights®, and eccentricity
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e” are updated. The body update move proposal is defin€tlas(X*) = >°; 7-Quoay(X*|i) with

XM)oXhr, X0 ) [ p(XeeXM)6(XG, — X1)
leT\i*

X{") (6.24)

- b,* b,*
Qbody(X ‘Z) = _Z X*t|Xt 1 (Xz'*,t

o b,*,(n b,*
- _E :wz*t Xz*t

whereXﬁ?*7t denotes all state parameters exdi@tm andXi-’;ft denotes the proposed body configuration
for target:*. In practice, this implies first selecting a person randenitlyand sampling a new body
configuration for this person from(Xl”* .1 ), using a particle.*, sampled according to the weights

wb’*’( n) , from the previous time and keeping all the other parametecbanged. With this proposal, the
acceptance probability,,q, can then be shown to reduce to:

bi~b,* h,* b,* *
( |X )p( |X )Hjeci* qb(Xz* th )) ' (6.25)

Apody = Min | 1
o < (Zt |X7,* t)p( * t|Xz* t) Hjeci* qb(XZ*,t’ X]vt)

(5) Head update. This move implies sampling the new head spatial configunatibpersoni* in a
similar fashion according tp(L". t|L?_*1) . The acceptance ratig,..q simplifies to

hor (xcht y o7 o xcb
p(zi*: Xz’*:k)p( *|X g ))

p(zz'}i t‘Xz* t)p(L?* t|Xz* t)

(6.26)

Ahead = min <1,

(6) Pose update. The last move consists of simply sampling the new head-pase the proposal
functionp(0;’17t|9f_*l) and accepting with probability,,,.:

p(ait X2 .
X)) (6.27)
1*t i* .t

(pose = Min (1,

6.2.5 Inferring a solution

In RIMCMC, the firstV, samples added to the Markov Chain (using the MH algorithre)part of the
burn-in cycle, which allows the Markov Chain to reach th@éardensity. The filtering distribution is
approximated by theV,, samples taken after the burn-in point. The Markov Chain, dvar does not
provide a single answer to the tracking problem.

For this reason, we compute a point estimate, which is aesimgilti-person configuration calculated
from the stationary distribution that serves as the tragkintput. To determine the (discrete) configura-
tion of people in the scene, we search for the most commongroafion of people, taking into account
swapped identities, births, and deaths. Using these sampidetermine the (continuous) bom?,t
and head spatial configuratioﬂét for the various people in the scene (including headygl) by taking
the Marginal Mean of each parameter. For the out-of-plarssl lietations represented by the discrete
exemplan;, we take the Marginal Mean of the corresponding Euler anfgiegan and tilt.
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6.2.6 Pseudo-code

The detailed steps of our joint multi-person body-headkiracand WVFOA estimation model is sum-
marized in Figuré&®gl4.

6.3 WVFOA modeling

The WVFOA task is to automatically detect and track a varyinghber of people able to move about
freely, and to estimate their VFOA. The WVFOA problem is dfigantly more complex than the tra-
ditional VFOA problem because it allows for a variable numbemoving people instead of a single
stationary person. The advertising application we have@&h@s an introduction to WVFOA represents
a relatively simple instance of the problem because we dyeatiempting to measure the focus of atten-
tion on a single target: the advertisement. More complex \WXcenarios could have several targets,
moving targets, or both.
For the advertising application, a person’'s WVFOA is defiaedbeing in one of two states:

¢ focused - looking at the advertisement, or
e unfocused - not looking at the advertisement.

Note that this is just one of many ways in which the WVFOA carrdggresented, but it is sufficient to
solve the task targeted in this work. A persons state of foeyends both on their location and on their
head-pose as seen in Figlirel 6.5. For head location and lesadsgormation, we rely on the output of
the RIMCMC tracker described in Sect[onl6.2.

To model the WVFOA, we chose to check for only the focusedestabugh this method could be
easily extended to model both focused and unfocused stétedetermine if a person is in a focused
state, we extract the pointing vectet from the pose estimate output by the RIMCMC tracker, which
is characterized by the pan and tilt angles, as well as thiedrdal head position:” (see Figuré6l5).
Because the target advertisement is stationary, the rafgéscorresponding to the focused state are
directly dependent on the location of the head in the imagetHis reason, we chose to split the image
into K = 5 horizontal regiondy, k = {1, ..., 5}, and modeled the likelihood of a focused state as

K K
p(z") =) p@a" € I, 2") =) pa" € Lp("|a" € I) (6.28)
k=1 k=1

where the first termp(z" € I;,) models the likelihood a person’s head location belongsgirel;,, and

the second term(z"|z" € I;) models the likelihood of focused head-pose given the retfierhead
belongs to. The inclusion of the head location in modelirgWi\/FOA allowed us to solve an issue not
previously addressed [114, 117, 102]: resolving the WVF®A person whose focused state depends
on their location.

The terms of the WVFOA model in Equati@n_6128 are defined dsvisl The image horizontal
axis, z, is divided intoK regionsi; whose centers and width are denotechpy andoy, , respectively.
The probability of a head location” belonging to regionl;, is modeled by a Gaussian distribution
p(z" € Iy) = N(2";x;,,01,). For each region, the distribution of pointing vectors esenting a
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Algorithm 1: Multi-Person Body/Head Tracking and WVFOA EstimationmiRIMCMC

At each time step, the posterior distribution of Eq_8.9 is represented by akda Chain consisting of a
set of N = N, + N, sampleqxgn), n = Ny, ..., N}. Body, head, and pose parameters are inferred from
the Markov Chain after it reaches the burn-in point. Usiresthvalues, the WVFOA model determines if

the persons attention is focused on the advertisement acuséd.

1. Initializethe MH sampler by choosing a sample from the 1 Markov Chain with the MPM
number of peoplereYM). Apply the motion model and accept it as sample 1.

2. Metropolis-Hastings Sanpling. DrawN = N, + N, samples according to the following
schedule (wheré/, is the burn-in point):

. . . n) (n—1)

e Begi n with the state of the previous sampﬁ% =X, .

e Choose Move Type by sampling from the set of move¥ = ({ birth, death, swap
body update, head update, pose uppatih prior probabilityp,,«.

e Sel ect a Target * (or set of targets*, j* for swap) according to the target proposal
¢ (7) for the selected move type.

e Sanpl e New Confi gurati on X*; from the move-specific proposal distributicp,-.
For the various move types, this implies:

Birth - add a new persoit m{™* = m{™ + 1 according to Eq_5.19.
Death - remove an existing persﬁhmﬁn)* = m§”> — 1 according to Eq.6.21.
Swap - swap the parameters of two existing pedplg ng;) — ng?*, ng? - XET;)*.

Body Update - update the body paramet&’f’§(")* of an existing persoit (Eq.[62%).

Head Update - update the head parame.’té’ggl)* of an existing persoir.

Pose Update - update the pose paramé@? of an existing persoif.

e Conput e Acceptance Rati o « according to Equatiofs 6.0, 6122, 8.23 #.251.26, and
B21.

e Add n!* Sanpl e tothe Markov Chain: Ifx > 1, then add the proposed configuratio&).
Otherwise, add the propos&d with probability«. If the proposed configuration is rejecte
add the previouX (i.e. X\" 7).

a2

3. Conpute a Point Estimate Sol ution fromthe Markov Chain (as in SectiGn 6.R.5):
e determine the most common multi-person configurafigraccounting for births, deaths, and
swaps. Collect the samples of this configuration into d8et

o determine the body? and head.” spatial configurations, and the out-of-plane head rotatjon
for the various people in the scene by computing the Mardifedn of the parameters over
the setiV (using Euler decompositions for pa# and tilt 5).

4. Det ermi ne t he W/FQOA for each person in the scene (as in Sedfioh 6.3):

e determine the likelihood each person is in a focused stata their horizontal head location
#7 and pointing vectot! according to Equation 6.28.

o if the likelihood is greater than a threshagi:") > Twwfoa, that personis focused, otherwise
he/she is unfocused.

Figure 6.4: Algorithm for joint multi-person body and heaaicking and WVFOA estimation with RIM-

CM

C.
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Figure 6.5: WVFOA Modeling. (Left) WVFOA is determined bydaepose and horizontal position in
the image. The horizontal axis is split into 5 regiong (.., I5), and a WVFOA model is defined for each
of these regions. Yellow, green, cyan, black, and blue daitstprepresent focused head locations used
for training and red arrows represent 2D projections ofdgbsamples of focused pointing vectafs
Note that the advertisement is affixed to a window and appestrabove the image frame. (Right) Over
9400 training points representing a person in a focused &do seen in the left pane) were splitinto 5
regions along the horizontal axis and used to train a Gaussael for each region.

focused state was modeled using a Gaussian distributiopicalypointing vectors for each region are
seen in Figur€®Gl5.

The parameters of the WVFOA model (Gaussian mean and coearimatrix) were learned from
the training data described in the next section. Though oWF®A model does not make use of the
vertical head location, it is straightforward to genemlike models by allowing other partitiog$ } of
the image plane. Finally, a person is determined téobasedvhen the corresponding likelihogd ")
in Eq.[628 is greater than a threshdldl,, foq-

As an alternative, one might attempt to bypass the trackingehand find the location and head-
pose using a face detector. However, a face detector alayte moit be sufficient to solve the WVFOA
problem for several reasons: (1) the WVFOA problem allowsafoange of head-poses beyond that of
typical face detectors (including situations where pamame of the face is visible - partially visible in
our case) (2) unless they include an additional trackingestaxisting state-of-the-art face detectors such
as that described in_[32] have no mechanism to maintain itgdo¢tween time steps or recover from
occlusions. Properties of face detection and tracking ecessary to solve the WVFOA problem, and
indeed elements of our head model share commonalities agthdetectors.

6.4 Training and parameter selection

In this section we will describe our training procedure and lwe 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 trfg out a window. The view
from the camera can be seen in the insert. (Right) Outsigeadiertisement in the window is noticeable to people waglkin
along the footpath. The fake advertisement poster can beisdiee insert.

6.4.1 Experimental setup

To simulate the advertising application, an experiment s&sp as seen in Figureb.6. A fake adver-
tisement was placed in an exposed window with a camera s@tcehhe camera view can be seen in

the left-hand insert, with the bottom edge of the poster appeg at the top of the image above the heads
of the subjects.

In our experiments, actors were used due to privacy conderrectual passers-by. The actors were
instructed to pass in front of the window with the freedomadokl at the advertisement (or not) as they
would naturally. A recording of 10-minute duratioB6(Q x 288 resolution, 25 frames per sec.) was
made in which up to three people appear in the scene simaliahe The recorded data includes several
difficult tracking events such as people passing and oaujuelach other. Though simulated, every effort
was made to ensure that the data was as fair a representhtioral-life scenario as possible.

6.4.2 Training

The recorded video data was organized into a training andét®f equal size and disjoint from each
other. The training set, consisting of nine sequences fotah of 1929 frames, was manually annotated
for body location, head location, and focused/unfocusete st

The parameters for the foreground segmentation were tupdthid by observing results on the
training set. The binary body feature model was trained thigrannotated body locations and foreground
segmented binary images of the training set. Using thigtinédion, GMMs were trained for precision
and recall for the foreground and the background. Head ations were used to learn the parameters
of the Gaussian skin-color distribution in the head-pose &ature. The silhouette mask was also
trained using the head annotations (1929 frames), by angrdiie binary patches corresponding to head
annotations. Parameters for the WVFOA model, includihgs,,, were optimized on the training data
(bootstrapped to 9400 training points, see Fidure 6.5) hieae the highest WVFOA event recognition
performance (see Sectibnl6.5 for details on event recognfierformance). The training set was also
used to learn prior sizes (scale and eccentricity) for theqgremodels. The head texture and skin color
models were learned from the Prima-Pointing Database hadtnosists of 30 sets of images of 15 people,
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Table 6.1: Symbols, values, and descriptions for key paransi@f our model.

|Parametdr Value | Set by|Description \

Qlgeale 0.01 learnedmotion modebody and head scale variance (AR2 process)
Qposition 2.4 learnedmotion modebody and head position variance (AR2 process)
be 1 learnedobservation moddbody binary model number of Gaussians (foreground)
Kbb 3 learnedobservation moddbody binary model number of Gaussians (background)
AR 20 learnedobservation modebody color foreground hyper-parameter
Asil 200 learnedobservation modeiead silhouette hyper-parameter
Atex 0.5 learnedobservation moddiead texture hyper-parameter
Tiex exp( _79 ) learnedobservation moddiead texture threshold
Ask 0.5 learnedobservation moddiead skin color hyper-parameter
Dhirth 0.05 hand |RIMCMCprior probability of choosing &irth move
Ddeath 0.05 hand |RIMCMCprior probability of choosing deathmove
Pswap 0.05 hand |RIMCMCprior probability of choosing awapmove
Dbody 0.283 hand |RIMCMCprior probability of choosing aody updatenove
Phead 0.283 hand |RIMCMCprior probability of choosing aead updatenove
Dpose 0.283 hand |RIMCMCprior probability of choosing aose updatenove
N, 300,600,800 earnedrimcMCnumber of samples in chain for 1,2,3 simultaneous peops,|re
Ny 0.25*N,, hand |RIMCMCnumber ofburn-in samples
Kyvfoa 5 hand |wvFoA modehumber of Gaussians
Twwfoa 0.00095 |learnedwvFoaA modelikelihood threshold

each containing 79 frontal images of the same person in erdiff pose ranging from -90 degrees to 90
degrees.

6.4.3 Parameter selection

In addition to the trained models, the rest of the parameteosir algorithm were chosen by hand. Some
were selected using the training set without exhaustivegurOthers (e.g. single-person dynamic model
parameters) were assigned standard values. Unless #yieited, all parameters remain fixed for the
evaluation described in the next section. In Tablé 6.1, argdn 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 pdilgetical Nielsen-like outdoor adver-
tisement application. The task was to determine the numhbaeaple who actually looked at an adver-
tisement as a percentage of the total number of people expose

To evaluate the performance of our application, a grounit timr the test set was hand annotated
in a similar manner to the training set. The test set coneistsne sequences, throughi. Sequences
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Table 6.2: Test set data summary.

sequencdength # people # looks| description
(s) total| simultaneous at ad
a 15 3 1 2 person from right (no look), person from left (looks), par$mm right (looks’
b 13 3 1 3 person from left (looks), person from right (looks), peréem right (looks)
C 10 3 1 3 person from right (looks), person from left (looks), peréam 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{ 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 righ/*® looks at ad
h 4 2 2 2 1 person from right (looks at ad), another from left (no look)
7 11 3 3 4 3 people appear from right, all look at ati( looks twice)

a, b, andc contain three people (appearing sequentially) passingoimt bf the window. Sequencebs
throughh contain two people appearing simultaneously. Sequermmntains three people appearing
simultaneously. The details of the test set are summarizdable[62. Our evaluation compared our
results with the ground truth over 180 experiments on thesOsiequences (as our method is a stochastic
process, we ran 20 runs per sequence). The length of the M@&tkain was chosen such that there was
a sufficient number of samples for good quality tracking adicg to the number of people in the scene
(see Tablé®ll). Experimental results are illustrated gufed 6.7 anB6.11.

In the remainder of this section, we will discuss the perfamoe of the multi-person body and head
tracking (Sectiorf 6.511), the advertisement applicati8acfion[6.5), and the effect of varying the
length of the Markov chain (Sectign 6.b.3).

6.5.1 Multi-person body and head tracking performance

To evaluate the multi-person body and head tracking pediona we adopt a set of measures proposed in
[13C]. These measures evaluate three tracking featurestbility to estimate the number and placement
of people in the scenelétection), the ability to persistently track a particular personrdirae (tracking),

and how tightly the estimated bounding boxes fit the grouutth tispatial fitting.

To evaluate detection, we rely on the rated-afse Positiveand False Negativeerrors (normalized
per person, per frame) denoted BY? and FN. The Counting Distance” D measures how close the
estimated number of people is to the actual number (norathlier person per frame). &D value of
zero indicates a perfect match. To evaluate tracking, wertepe Tracker Purity7 P andObject Purity
OP, which estimate the degree of consistency with which thenasés and ground truths were properly
identified " P andOP near 1 indicate well maintained identity, near 0 indicatergmerformance). For
spatial fitting, theF-measuremeasures the overlap between the estimate and the grouhddrithe
body and head from recalland precision, (F = 3%’;). A perfect fitis indicated by = 1, no overlap
by FF = 0.

Per-sequence results appear in Fig] 6.8 with illustratfonsequencef in Fig. [61 and for se-
guence9, e, h, and: in Fig. [611. For detection (Fid_8.8a), t& and F'N rates are reasonably low,
averaging a total of 2.0’ N errors and 4.Z'P errors per sequence. These errors usually correspond to
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Figure 6.7:Experimental ResultdUpper Row: Frames from Sequengtén which two people cross the
scene from left to right, looking at the advertisement ormehe Tracking results appear as green and
blue boxes around the body and head (with an associatedrmqpimgctor). A yellow pointing vector/head
border indicates &ocusedstate, a white pointing vector/head border indicatesiaiocusedstate. The
ground truth appears as shaded boxes for the head and thd€thedyead area is shaded yellow when
labeled afocusedand grey when labeled amfocusell Bottom Row, Left: The top plot contains a
history of person detection errors over the course of theessze, the middle plot contains a summation
over all the errors, the bottom plot shows CD (see text focuiesons of these measures). Center:
WVFOA results for both people over the duration of the segaehe ground truth appears as yellow
bars (raised indicatesfacusedstate, lowered wheanfocusegdand non-existent when the object does
not appear in the scene). The tracking results appear asabtlgreen lines. RightF' measures how
tightly the bounding boxes fit the ground truth for each perso

problems detecting exactly when a person enters or leagesctine. The overall D, which indicates
the average error in the estimation of the number of peopledrscene, was 0.018 (where zero is ideal).

For tracking (Fig. [(&18b)7T P and OP are both of high quality. Combining P andOP using the
F-measure as for spatial fittin@%ﬂ—%), we find that overall our model produced a high value (0.93).
The main source of error in tracking was due to extraneocgéra appearing when people enter or leave
the scene. A second source of error occurred when a perde ¢éxe scene followed by another person
entering from the same place in a short period of time: thersperson was often misinterpreted as
the first. Sequence, in which people crossed paths and occluded one anothera sdght drop in
performance compared to the other sequences, but we wigrgbii to maintain 81.3% purity (other
sequences ranged from 80.5% to 98.3%). These numberstmthed our model was mostly successful
in maintaining personal identity through occlusion, assed=ig.[6.11

Finally, for spatial fitting, the bounding boxes generaltyttie ground truths tightly, as evidenced by
Figured617[618c arld 6.8d. Both the body and head had a mexHrOf87 (1 being optimal). As seen
in Figure[6Y, the fit often suffered from partially visibledies and heads that occurred when people
entered and exited the scene.
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Figure 6.8: Multi-Person Head and Body Tracking Result$he detection performancelot in (a)
measures the ability of the model to estimate the correctyeurand placement of people in the scene.
Measures shown include the normalizedse positive(F P) andfalse negative(F'N) error rates (per
person, per frame), and tleunting distanc€C D) (near-zero values are good, see text). Traeking
performanceplot in (b) measures the ability of the model to persistently track fgeoper time.Tracker
purity (7 P) andobject purity(O P) measure the consistency with which the ground truths aiti@es
were properly identified. TP and OP values near 1 indicatel gaosformance. Plot&) and (d) show
thespatial fittingresults (how well the tracker bounding boxes fit the grounthjrfor the body and the
head over the nine sequences. Overlap between the estimthgr@und truth are measured using the
F-measure. A value of 1 indicates a perfect fit, a value of aedwates no overlap. In each plot, the
standard deviation is represented by error bars (case®wbegrror bar is visible indicategd = 0).

6.5.2 Advertisement application performance

To evaluate the performance of the advertisement apmitate results from our model were compared
with a ground truth where the WVFOA was labeled for each peesoeitherfocusedor unfocused In
our evaluation, we considered the following criteria: (19 humber of people exposed to the advertise-
ment, (2) the number of people who looked focused at the advertisement, (3) the number of events
where someonfocusedn the advertisement (look-events), and (4) the frameebasd (5) event-based
recognition rates of the WVFOA. Results for the ad applaratvaluation appear in Figureb.9.
Regarding criterion 1, over the entire test set, 22 peopisezhthe advertisement, while our model
estimated a value of 22.15 (average for all runs, standard=del7), in Figure[6.9a we can see that the
number of people was correctly estimated for all sequerncespea, ¢, andh.
With respect to criterion 2, from a total of 22 people, 20 alijufocusedon the advertisement.
Our model estimated a value of 20.75 (standard dev09). Figure[6.9b shows perfect results for all
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sequences except d, andh.

For criterion 3, we defined a look-event afbausedstate for a continuous period of time of 3 frames
or more. The total number of look-events in the test data ast22, 21 of which our system recognized
on average (standard dev. .89). This result was determined through a standard symbol himagc
technique (see below). However, our model estimated 37 lai&-events on average (standard dev.
= 1.1). This disparity can be partially attributed to problem$@ad-pose estimation for heads partially
outside the image as people enter or leave. The look-evéntat®n results would improve if we did
not consider WVFOA in these cases. Also, the look event auratf 3 frames is quite strict, and some
erroneous looks were generated by noise.

Finally, to evaluate the overall quality of WVFOA estimatjowe compute recognition rates for
event-based WVFOA and frame-based WVFOA using the aforéomsd F-measure To compute the
event-based”, the ground truth and estimated WVFOA are segmented oveeritiee sequence into
focused and unfocused events, symbol matching is perfoanedunting for temporal alignment, and
F is computed on matched segments. Results are shown in f@dide The overall event-basdd is
0.76 (standard dev. #3). The frame-based’ is computed by matching the estimated WVFOA for each
frame to the ground truth. The overall frame-based F-medsuW.76 (standard dew .06). Poor frame-
based results in sequeng®ccurred because the subjémtusedor a very short time as he entered the
field of view (0.3s), during which time his head was only palyi visible. However, our model still
managed to detect at tlewentlevel with F' = .75.

6.5.3 Varying the number of particles

To study the model's dependency on the number of samplespnducted experiments on sequerice
(the most complex in terms of number of simultaneous pepplaying the number of sampleg =

{50, 100, 200, 600, 800, 1000}. The results are shown in Fig._6]10. For &l|] the model correctly esti-
mated the number of people who passed and the number of pebpl®oked. With less samples, the
spatial fitting and detection (as measured byC D) suffered. The head tracking and head-pose estima-
tion was noticeably shakier with less samples, and the WVIESnation suffered as a consequence.
This is shown by the increased error in the number of estignateks for low sample counts. The model
stabilized around approximately = 600.

6.6 Conclusion

In this chapter, we have introduced the WVFOA problem andgmted a principled probabilistic ap-
proach to solving it. Our work thus contributes in terms aftyoroblem definition and statistical vision
modeling. Our approach expands on state-of-the-art RIM@&tRing models, with novel contributions
to object modeling, likelihood modeling, and the sampliogesne. We applied our model to a real-world
application and provided a rigorous objective evaluatibitsgperformance. From these results we have
shown that our proposed model is able to track a varying numib@oving people and determine their
WVFOA with good quality. Our model is general and can easéyatlapted to other similar applications.

For future work, investigating the usefulness of using diajya dependent face/pose detector as an
additional feature is one possible avenue. Other work nimgiiide modeling multiple human-to-human
interaction using WVFOA.
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Figure 6.9: Ad Application ResultsThe first three plots shoya) the number of people exposed to the
advertisement(b) the number of people who looked at the advertisement,(@nithe number of “look
events” for the nine sequences. The dark green bars reptbgeground truth, while the yellow bars
represent our model’s estimates. (), the light green bars represent the number of actual looktsve
detected by our system. In each plot, the standard deviaicgpresented by error bars (cases where
no error bar is visible indicatestd = 0). Plot(d) shows the overall recognition rate fafcusedand
unfocusedstates (calculated based on events and based on frame)counts
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Figure 6.10: Varying the Number of Samples in the Markov Ch#&s more samples used, various per-
formance gauges increase, as seen here for sequeBgeess (false alarm) look events (pink) detected
by the system drop as more samples are added, the WVFOA iidgoagmproves (both for event and
frame based), spatial fitting for the body and head improagd,detectionperformance increases (as
measured by — CD). Note that the measures have been normalized to appeae sarte axis.
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Figure 6.11: Tracking and WVFOA ResultResults for four sequenceds,e, h, andi:. A summary plot

of the WVFOA performance is provided in the last pane of eawsh rFor details on interpreting the
plots and symbols, refer to Hig®.7. Here, we can see the WVp&#formance was nearly perfect for
sequencé and exhibited slight errors in sequenicd@he2™? person (green) in sequenesuffered from
prematurely estimating Bopcusedstate. Sequenck suffered some ambiguities due to the loss of head
tracking as people crossed paths. The last frame of sequeshosvs aF' P error generated as a tracker
was placed where no ground truth was present (though thedubjhalf 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 Augmentedifdatty Interaction (AMI) project which
targets computer enhanced multi-modal interaction in dmtexts of meetings. This thesis was also con-
ducted through the Interactive Multi-modal Information hdgement (IM2) Swiss NCCRwithin the
Multiple Camera Tracking and Activity Recognition (MUCAR Project. The MUCATAR Project was
aimed at designing probabilistic based models and algostfor the simultaneous tracking of people
and recognition of their activities. More precisely, thebof this thesis was to study the recognition of
people’s visual focus of attention (VFOA) from video redogk, assuming low to medium resolution
imagery. No electronic sensors were to be used to solve e t&lso, the image resolution did not
allows for the use of 3D models, or other models such as aapypearance models (AAM) requiring
high resolution imagery. Thus, we adopted an approachngelyn the tracking of the head location and
pose, and then on the VFOA estimation from the head pose (@sitign if necessary). The contributions
of this thesis are the following.

Head pose video database:

We built a publicly available head pose video database wsimggnetic field head location and orienta-
tion tracker. This database is an important contributiothsf thesis. It was built due to the absence in
the tracking community of an evaluation database. Althotg researchers who used head pose video
data with pose ground truth for evaluation, their databaseewrivate, thus did not allow algorithms
evaluation and comparison. Furthermore, most of the tilmese databases were constituted by very
short recordings.

Head pose tracking:

We proposed a probabilistic framewaork for joint head tragkand pose estimation. It relies on a dis-
cretization of the head pose space and the learning of sgopeumodels from various cues (texture,
skin color, background subtraction). Different trackingthods were formulated within a Bayesian
formalism solved through sampling techniques. From a dgsrevaluation of the head pose tracking
methodologies, we showed that jointly tracking the headtioa and pose is more efficient than track-
ing the head location, and then estimating the pose. Segomdlshowed that the Rao-Blackwellized
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version of the mixed state particle filter was more efficidwant the raw MSPF or the MCMC that we
studied. Finally, we also showed that the use of a data dreenponent allowed for more reliable
tracking performances.

VFOA recognition in meetings:

We generalized to more complex situations previous workuabwdeling the VFOA of static persons
from their head pose. In our work, due to the physical setpwthole range of head pose variation was
required (pan and tilt). Furthermore, the set of potentiaDA targets to be recognized was larger. In our
setup, there were six potential VFOA targets while in presiwork, there were only 3 potential VFOA.
We modeled the VFOA using classical Gaussian mixture mg@#éM), and hidden Markov models
(HMM). The hidden state of these models were the potentiadDX¥Fargets. The head poses, obtained
either from the RBPF head pose tracker or the head pose ghathdGT) from the evaluation database,
were used as observations. Two methods were used to leaabslkeevation models. The first method
was based on using a training approach from annotated tatsetond method was based on a geometric
approach using the 3D geometry of the meeting room. Alsaumzpeople have personal ways to look
at targets, unsupervised maximum a posteriori adaptatii@P| of the generic VFOA models is applied
to the input test data. From a thorough evaluation of our risodes showed that there can be a significant
degradation when passing from clean GT data to head posanigatata that can be sometimes noisy due
to short time tracking failure. Secondly, we showed thaupesvised MAP adaptation can significantly
improve the VFOA recognition. Thirdly, while the geometapproach achieves similar results than the
training-based approach, when using the head pose GT tafanerates slightly better results when
using the tracking head pose estimates. One of the reasbatjgtte geometric model parameters are
noise free in the sense that they do not depend on noisy hesdt@aning data estimates. Keeping in
mind that VFOA annotation is a very tedious task, the geametiodel is very promising for future
research. It will allow us to study the VFOA of moving peopleexe 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 pegpie proposed to solve the following
task: given an advertisement posted on a glass windows tinecpeople passing by the window and
recognize wether or not they are focusing their attentiorthenadvertisement. We termed this task
wandering VFOA (WVFOA) recognition. Solving this task rées the tracking of the body location,
head location and pose of multiple people, and building a Xm@bdel allowing to handle moving
people. We used reversible jump Markov Chain Monte CarleNKEMC) to achieve the multi-person
configuration tracking. In a second step, head location asé putput of the tracker are used in a GMM
framework to recognize whether or not people are focusintheradvertisement. The evaluation of the
method we proposed showed that, though the dimension of tii&person state space was very high,
10 dimension for each person present in the scene, thentaok@thod was very reliable. The WVFOA
model was also very efficient to recognize people’s VFOA. TA&-0A, including the geometric VFOA
modeling, is a good starting point to study the VFOA of moviempple 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 probatlulisead pose tracking and VFOA modeling,
further investigations can be conducted. In the followirgamalyze some of the limitations of our work
and propose future research directions, first about heagltpasking, then about VFOA modeling.

7.2.1 Head pose tracking

Appearance model adaptation:

Our head pose tracking algorithms are based on appearamelsnbuilt from texture observations,
skin color observation, and binary feature from backgrosumbtraction. In this work, only the feature
extraction process has been made adaptive. The skin caloibdtion and the background model were
temporally adapted to the new data. However, the appeamaodels were not adapted to the individuals.
From our experience, better tracking performance weresgeliwith people who were more similar to
the appearance models. Thus, developing methods able tapted to individual people would be quite
beneficial. Investigations can be made towards using gl@baiead models, where adaptation is more
natural than with our discretized setting. However, thil kgiguire 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 agincamera view of people. In the
context of the meeting room, it is worth noticing that there eultiple camera views. A person is
always recorded from at least two camera views. Our trackimgework could be generalized to a
multi-view probabilistic tracking framework. We have rugd that the estimation of near frontal pose
are more reliable than near profile pose estimation. If cameecording from orthogonal views are
available, complementary information are provided by tameras. Prior on the reliability of each of
the camera views depending on the pose estimated by a camedabe used in a fusion process. Also,
investigations can be made to integrate in our tracking fnggsech signals from microphone arrays to
allow tracking initialization or re-initialization afteracking failures due to occlusions. Speech can also
be used to improve the proposal function when generatindidate head locations.

7.2.2 VFOA recognition

Multiple moving people VFOA recognition:

In this thesis, we have studied thoroughly the VFOA recagnibf static persons in a meeting context
and the VFOA of moving person potentially looking at oneistafFOA target. Interesting future in-
vestigations would be to study the VFOA of moving persondiwitssibly moving VFOA targets. This
task is very challenging as in this case, the class conditidistributions for the VFOA targets need
to be dynamic. The geometric VFOA model that we proposedimtttesis is a good starting point to
study the VFOA of moving people. It can be a more straightfathapproach to build class conditional
distributions for any kind of possible person-VFOA targehfigurations, while in a static off line ap-
proach using training data, generating training data fothal possible configurations becomes quickly
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infeasible.

Multi-sensor VFOA recognition:

VFOA recognition, as head pose tracking, can make use of thigphe cameras and microphones avail-
able in meeting rooms. In conversations, VFOA is tightly mected to speech structure, as people
usually gaze at the speaker. Thus speech features can lnimgieamentary information to the visual
gaze information. Because of the relation between VFOA amyearsations structures, investigations
should be conducted about using VFOA as a features to esSnecanversation 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 compiary information to the focus of
another person. The reason is that, in groups, people’'ssgaeehighly correlated. People mutually
gaze at each other or gaze to the same target. Thus, intgsgigaint modeling of the VFOA of all the
persons instead of considering people’s VFOA as indepérnisi@atural.
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