1biBK i BQM HBMO B 2 /2 H TQb2 i B/BK2Ml
pBb :2 2i /2 b2b +iBQMb 7 +B H2b
CQbd HQMbQ u# M2x w2T2/

hQ +Bi2 i?Bb p2 " bBQM,

CQbl HQMbQ u# M2x w2T2/ X 1biBK iBQM HBMGO B 2 /2 H TQb2 i'B/B
+iBQMb 7 +B H2bX /QK BMnQi?2 X h0HO+QK S "Bbh2+?- kyy3X 1M:HB

> G A/, T bhi2ZH@yYyyyy9R9R
2iiTbh,ffT bi2HX “+?Bp2b@Qmp2 i2bX7 fT bi2H@'y
am#KBii2/ QM Ry T kyyN

> G Bb KmHiB@/Bb+BTHBM v GOT24WB p2 Dmbp2 "i2 THm B/BbBIBTHBN
"+?Bp2 7Q i?72 /2TQbBi M/ /Bbb2KIBEBMBR MNQ@T™+B2® " H /BzmbBQM /2 /
2MiB}+ "2b2 "+?2 /Q+mK2Mib- r?2i?@+B2MMiB}2mM2b#/@ MBp2 m "2+?22 +?22- T
HBb?2/ Q° MQiX h?2 /IQ+mK2Mib MK VW+RK2Z2EF IQKHBbb2K2Mib /62Mb2B;M
i2 +?BM; M/ "2b2 "+? BMbiBimiBQWER BM?8 7M#M2I @b Qm (i~ M;2 b- /2b H
#Q /-Q 7 QK Tm#HB+ Q T ' Bp i2T2HRAB+B @2MT2BIpXib X



These

Présentée pour obtenir le grade de docteur
de I'Ecole Nationale Supérieure des
Telecommunications

Spécialité : Signal et Images

José Alonso YBANEZ ZEPEDA

Sujet :

ESTIMATION LIN EAIRE DE LA POSE
TRIDIMENSIONNELLE D '"UN VISAGE ET DE SES ACTIONS
FACIALES.

A LINEAR ESTIMATION OF THE FACE 'S
TRIDIMENSIONAL POSE AND FACIAL EXPRESSIONS .

Mme. Alice C APLIER Rapporteurs
M. Maurice M ILGRAM

M. Francis SCHMITT Examinateurs
M. Djamel M ERAD
M. Franck D AVOINE Directeurs de these

M. Maurice C HARBIT






To my family and friends for their support during my studies.






Acknowledgements

First of all, | want to thank Franck DAVOINE from "Laboratoir e Heudiasyc” at
"Université de Technologie de Compiegne”. He was one of my advisors and
without his help this work would not have been possible. | wan tto thank him for
his advice, his encouragement and especially for his friend ship. | would also like
to thank Maurice CHARBIT, my advisor too, for the fruitful di  scussions we had
and also for the fun discussions we had.

| would like to thank the “Consejo Nacional de Cienciay Tecno loga (CONA-
CYT)” for its nancial support to perform my doctoral studie s in France. | would
also like to thank the “Secretar’a de Educacion Publica (SEP)” for their nancial
aid at the end of the thesis. Finally, | would like to thank the “Fundacion Alberto
y Dolores Andrade”, for its support and advice during allmy s tudies.

I'm particularly grateful to my mother and my sisters that be lieve in me and
give me all their support and love.

Thanks also to Peter WEYER-BROWN for helping me with the Engl ish lan-
guage.

| want to thank all the people that helped me during my four yea rs as a PhD
student in the TSI laboratory of the ENST in France.

| would like to thanks all my friends, who encouraged me allth e time, for the
time we spent together and for their friendship.

Finally, I would like to thank Gisele, for the support and he Ip given at home,
especially at the end of my PhD.




A CKNOWLEDGEMENTS




Abstract

The aim of the thesis is the face and facial animation trackin g in video sequences.
After introducing the topic, we propose a method to track the 3D pose and facial
animations from a face detected at the beginning of a video sequence. We will
then present a method to initialize the face tracking, estim ating pose and form of
an unknown face, based on a data base containing several facs. To achieve these
two objectives (initialization and tracking), different a pproaches are described,
using a geometric model of the face and matching two sets of variables: the per-
turbations of the geometric model in terms of the 3D pose para meters and the
deformation and corresponding residues (errors between th e current observation
and appearance model of the face to be tracked). The relationship between the
two sets of variables is described through a canonical correlation. We will show
how to improve detection of the 3D pose and the shape of the fac e, using an incre-
mental supervised learning. The effectiveness of these methods will be evaluated
from a large number of video sequences, and tracking results will be compared
to ground truths.

Francais :

L'objectif de la these est le suivi de visages et d'animatio ns faciales dans des
séquences vidéo. Apres avoir introduit le sujet, nous pr oposerons une premiere
méthode permettant de suivre la pose 3D et les animations faciales du visage
détecté au début d'une séquence vidéo. Nous présentaons ensuite une méthode
permettant d'initialiser le suivi du visage, en estimantla pose etla forme d'un vis-
age inconnu, a partir d'une base de visages vus de face. Pour atteindre ces deux
objectifs (initialisation et suivi), differentes approc hes seront décrites, utilisant un
modele géométrique de visage et une mise en correspondance de deux ensembles
de variables: les perturbations du modele géométrique e n terme de pose 3D et de
déformations, et les résidus correspondant (erreurs entre l'observation courante
et le modele d'apparence du visage a suivre). La relation d e dépendance entre
les deux ensembles de variables est décrite a I'aide d'une analyse canonique des
corrélations ou d'une analyse canonique régularisee noyaux. Nous montrerons
en n comment améliorer la détection de la pose et de la form e du visage, a l'aide
d'un apprentissage supervisé incremental. L'ef cacit” e des méthodes sera évaluée
a partir d'un grand nombre de séquences vidéo, et les résultats de suivi seront
comparés a des veérités terrain.
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Chapter 1

Resumeé.

Ce travail s'inscrit dans le cadre de la détection et du suiv i 3D des visages.

Le visage est un objet tridimensionnel tres complexe qui no us apporte beau-
coup d'informations, comme l'identité de la personne, le g enre, l'age, la position
relative par rapporta la caméra, les mouvements, etc.

Avec le développement d'applications telles que la reconn aissance des expres-
sions d'un visage ou la reconnaissance d'un individu a part ir de son visage, et
puis des ordinateurs de plus en plus puissants, de nombreux c hercheurs se sont
intéressés au probleme de la détection et du suivi de vis ages ainsi que l'estimation
de leur pose 3D.

Parmi les travaux les plus importants on va seulement citer ¢ eux qui utilisent
un modele pour faire le suivi des visages.

Tout d'abord citons [@, ou les auteurs proposent un algor ithme qui se sert
d'un modele 2D pour suivre de difféerents objets. Dans ce ca s les auteurs font le
suivi de bateaux, de livres, et de visages, a I'aide d'un mod ele 2D. Pour faire le
suivi, les auteurs se servent d'une approche de type "Relevant Vector Machine”
(RVM) pour obtenir les parametres 2D du modele.

Ensuite nous pouvons mentionner le travail [, pour leque |les auteurs utilisent
des modeles géométriques 3D. lls proposent de faire le suivi du visage avec un
cylindre. Pour l'algorithme de suivi les auteurs utilisent une approche de moin-
dres carrés.

Egalement dans ], dans ce cas les auteurs utilisent un mogkle rigide 3D du
visage. lls emploient une méthode de détection des points caractéristiques. Puis
ils font une classi cation de ces points pour assigner leur a ppartenance a une
région du visage et ensuite ils s'en servent pour estimer la pose 3D du visage.

Un autre travail qui continue dans cette progression est [ﬁh, dans lequel les
auteurs se servent d'un modele géométriqgue 3D du visage p our suivre la pose
et les mouvements faciaux. Pour ces expérimentations, lesauteurs utilisent une
méthode de descente du gradient.

En n nous devons citer les approches d'tes d'analyse par sy nthese. Parmi ces
approches les deux plus connues et utilisées sont les "Active Appearance Mod-
els” (AAM) et les "3D Morphable Models” (3DMM).

Les AAM's ont été proposés dans [ﬁ] etontouvert unlarge champ de recherches
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gui ont donné lieu a de nombreuses publications. L'idée p rincipale est de noter
plusieurs images qui contiennent l'objet a suivre. Cette n otation consiste a in-
diquer la localisation des points caractéristiques de I'o bjet, dans ce cas, des vis-
ages. Une fois que les visages de la base d'apprentissage sdnenregistrés, on
utilise l'analyse en composantes principales pour obtenir deux sous-modeles :
un modele de forme et un modele d'apparence.Pour aboutir a u suivi hous ten-
tons de reconstruire I'image originale avec une image synth étique créé a partir de
ces modeles.

Dans le cas des 3DMM's décrites dans @] la facon de procé&ler est similaire,
excepté que nous utilisons des scanners 3D pour effectuer lapprentissage des
visages.

Dans notre cas, nous présentons une méthode dite d'apprentissage super-
visé, dont l'objectif global est de proposer une méthode p our estimer et suivre
les parametres de pose 3D ainsi que les parametres des gests faciaux. Pour cela,
nous utilisons deux outils. Tout d'abord nous utilisons le m odele géométrique 3D
du visage Candide ﬂﬂ] avec lequel nous créons des images du visage synthétgues,
et ensuite nous prenons le formalisme CCA (Canonical Correl ation Analysis)
pour résoudre le probleme de I'estimation et du suivi 3D de visages ainsi que
l'analyse des mouvements faciaux (déformations de la zone des yeux et de la
zone de la bouche). Nous allons aussi montrer plusieurs util isations de ce for-
malisme pour faire du suivi : des parametres d'animation fa ciale, de 'estimation
de pose 3D et de forme de visages inconnus.

Ainsi ce résumé se structure de la fagcon suivante : dans un premier temps,
nous exposerons notre représentation du visage. Pour cela nous allons par-
ler du modele Candide et comment s'en servir pour aboutir a un visage nor-
malisé. Ensuite nous formulerons notre probleme pour fai re I'estimation de la
pose et des actions faciales. Dans cette partie nous allons pésenter trois algo-
rithmes : un premier pour faire uniquement le suivi de la pose , un second pour
faire le suivi de la pose et des parametres d'animation, et u n troisieme pour
faire l'initialisation automatique. Finalement nous pré senterons un algorithme
d'apprentissage incrémental.

1.1 Représentation du visage.

Pour représenter le visage, nous utilisons le modele Candide décrit en [Eﬂ.
Il est constitué de n sommets tridimensionnels. Ce modele peut &tre écrit
comme un vecteur de dimension 3n de la fagon suivante :

g( as s):g"'ss"'A a-

Ici le premier terme @ représente la forme standard du modele Candideet on peut
le voir dans la gure 1.1. Le deuxieme terme S s représente les caractéristiques
statiques (morphologie) du visage, telles que la position v erticale des sourcils, du
nez, des yeux et de la bouche, distance entre les yeux, etc, etjui sont représentées
dans la gure
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Figure 1.1: Forme standard du modele Candide

Figure 1.2: Caractéristiques statiques (morphologie) du visage

Finalement, le troisieme terme A , représente les caractéristiques dynamiques,
telles que l'ouverture et fermeture des yeux, de la bouche, etc, et qui sont repre-
sentées dans la gure(1.3. C'est avec ces deux termes que nos pouvons modi er
la forme standard du modele Candide

Figure 1.3: Caractéristiques dynamiques

Comme nous nous intéressons a faire le suivi du visage dans un espace 3D,
nous considerons des parametres de rotation et de translation pour pouvoir mod-
i er la pose 3D du modele. On peut alors dé nir notre vecteu r d'état comme :
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b= i yi sttty 1

Ici les parametres de notre vecteur d'état correspondent aux parametres de r o-
tation, les parametres t de notre vecteur d'état correspondent aux parametres
de translation et | correspondent aux parametres d'animations faciales. Les
parametres d'animations faciales choisies correspondent aux principaux mouve-
ments des yeux, ainsi qu'aux mouvements de la bouche.

C'est avec ce modele que nous créons notre vecteur d'obsewration. Pour cela,
nous placons le modele sur le visage de la personne, modele que nous adaptons
aux caractéristiques de ce visage. Puis nous utilisons la exture de l'image et
I'appliqguons au modele 3D. Ensuite, nous faisons la projec tion du modele vu de
face, avec tous les parametres de rotation ainsi que les paiametres d'expression 4
Xxésa zero, autrement dit avec une expression neutre. Fin alement, nous ajoutons
deux vues de pro |, qui vont nous permettre de suivre le visag e dans une plage
de rotations plus importante. Un exemple du vecteur d'obser vation X, de taille
6912 est montré dans la gure 1.4.

Figure 1.4: Visage sans forme ni expression.

Maintenant que nous avons exposé notre fagcon de représerter le visage, nous
pouvons poursuivre sur les problématiques de I'estimatio n de la pose 3D.

1.2 Formulation du probleme.

Il consiste a trouver la relation qui existe entre une varia tion du vecteur d'état

b, qui correspond au placement du modele Candide sur une image contenant
un visage, et le résidu qui existe entre le visage sans expression obtenu avec ce
vecteur d'état perturbé comparé avec une référence x;. Nous proposons qu'il
existe cette relation linéaire entre les deux vecteurs :

bt:G Xt

(ref) et bt = bt bt 1.

avec Xi = X Xi
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Cette relation est alors obtenue avec une méthode d'apprentissage superviseé.
Dans une méthode d'apprentissage supervisé on a deux ensanbles d'exemples
qui vont étre utilisés pour apprendre la relation qui exis te entre ces deux ensem-
bles :

Ar=[ Xi; Xz;iit Xm]

A,=[ by by bp]

Dans notre cas, nous avons choisi I'analyse canonique des corélations (CCA).
Pour cela on va créer la matrice A, qui contient les variations de notre vecteur
d'état et la matrice A, qui contient les visages sans expression comparés avec la
référence. C'est ainsi que nous obtenons la matriceG qui fait le lien entres ces
deux vecteurs.

1.3 Analyse canonique des corrélations.

L'analyse canonique des corrélations est un formalisme mathématique qui est
utilisé pour trouver la relation qui existe entre deux ense mbles de données. Dans
notre cas, ces deux ensembles sont :

Ar=[ X1i X2iiii Xm]

qui contient des résidus obtenus de la difference entre le visage sans expression
créé synthétiguement avec un vecteur d'état perturbé et une référence qui cor-
respond au visage sans expression par conséquent au vecteud'état sans pertur-

bation, et

A,=[ by by:ir bp]
qui contient les perturbations du vecteur d'état utilisé  pour la création des visages
synthétiques. Ces vecteurs sont de dimensions differentes :

Aj2RY™ et A2 RPN

L'idée principale derriere ce formalisme consiste a tro uver des couples de di-
rection w; et w, dans lesquels on va projeter nos données originales de la fagon
suivante :

Z1= Aw, et Zo = ALw,
La corrélation entre ces projections s'écrit alors :
ztzy
ztz, zizy

Avec les contraintes :
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kz:k=1et kz,k=1

On obtient au maximun k = min(d;p) couples de directions. On résout le
probleme avec trois SVD de la fagon suivante:

A;=U;D,V] , A,=U,D,V] et ViV,=UDV T

De fagon que lesk couples de direction qui maximisent la corrélation sont
donnés par I'expression :

Wi,=UD,;'U et W,=U,D,V

Sion revienta la formulation du probleme on peut montrer g ue la matrice qui
fait le lien entre nos deux matrices peut s'écrire :

G =U,D,vU 'D,'U]
Ce formalisme existe aussi dans une version a noyau, qui est utile dans le cas
ou nos données présentent un comportement non linéaire .
1.4 Analyse canonique des corrélations a noyau.
L'idée principale derriere les méthodes a noyau consis te a faire la projection des

données originales dans un espace de dimension plus grande, tel que dans ce
nouvel espace on peut trouver plus facilement une relation | inéaire entre les données.

:RP 71 R®%;s>p:

De la méme fagcon que pour la CCA nous pouvons écrire :

W 1 = 1(A1)Tf 1

et

— T
W 2 2(A 2) f 2
Dans notre cas, nous utilisons le noyau Gaussian :
kXi Xj k2
2 2

Avec cette méthode, si on utilise la méme formulation que d ans le cas de la
CCA nous pouvons exprimer la mise a jour du vecteur d'état a insi :

K (Xi;Xj) = exp pi=1l:met j=1:::m:

bt = th G:

Ici le vecteur K est estimé a chaque instant comme cela:
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kx; xik?
K(X¢;X;) = exp % ci=1::tm

L'inconvénient de cette méthode est que nous devons garder tous les vecteurs
utilisés pendant I'entra’nement et comparer a chaque in stant le vecteur observé
avec tous ces vecteurs.

1.5 Suivi des parametres de pose.

Une fois que nous avons montré la CCA et comment s'en servir p our lier les
variations des parametres du modele Candide avec le résidu entre le vecteur
d'observation et la référence, nous allons présenter I'algorithme de suivi.

Il se décompose en trois parties :

? Initialisation.
? Entra’nement.

? Suivi.

1.5.1 Initialisation (manuelle).

L'initialisation consiste a placer manuellementle mode le Candide sur le visage de

la personne, et de I'adapter aux caractéristiques morphol ogiques de la personne
" P f

al'image. De cette fagon nous obtenons alors le vecteur dereferencex§re ),

Figure 1.5: Initialisation du modele Candide.
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1.5.2 Entra’nement.

Pendant I'entra’nement nous allons créer des images de synthese a partir de

I'image de référence. Pour cela, nous ajoutons des perturbations au vecteur d'état,
qui sont stockées dans une matrice. A chaque perturbation correspond une image
sans expression comme celle montrée en haut a gauche de I'mage/1.6. On fait la
soustraction de I'image de référence et on stocke les résiltats dans une deuxieme
matrice. Les perturbations ont été choisies dans une grille symétrique non uni-

forme, qui est plus dense pres de l'origine et moins dense qu and on s'éloigne
de l'origine. Une fois les images exploitables, on utilise | a CCA pour obtenir la

relation linéaire entre ces données.

1.5.3 Algorithme de suivi des parametres de pose.

L'algorithme résultant est donné par la relation suivant e :

f
6t = 6t 1t GPose(Xt Xge )

Nous avons constaté que si nous gardions la référence corstante pendant tout
le suivi, au bout d'un moment le suivi devenait moins précis , tel que nous pou-
vons le voir dans la gure 1.7.

Nous avons constaté que le fait de faire une mise a jour de la référence perme-
ttait d'améliorer la netteté du suivi, ce qui rend notre al gorithme :

f
6t = 6t 1t GPose(Xt Xgre ))

On fait la mise a jour de la référence avec =0:99:

(g = xR

1.5.4 Reésultats.

La veéri cation du suivi a été faite sur les 45 séquences vidéo de La Cascia' HES].
Ces séquences représentent 5 personnes differentes. Ror chaque personne exis-
tent 9 séquences de 200 trames a 30 fps, de taill820 240pixels. Ces séquences
sont fournies avec des données correspondantes aux rotatbns et translations,
et ont été obtenues avec un capteur posé sur la téte de chgue individu. En
conséquence, il y a une difference entre I'origine du systeme de coordonnées car
le modele Candide a son origine au nez, tandis que la vérite de terrain fourni e
a son systeme sur la téte. Autrement dit, ce qui correspond dans un systeme a
une rotation, équivaut dans l'autre systeme a une rotati on ajoutée a une transla-
tion. On peut regarder les résultats dans la gure 1.8,/ou 0 n observe les valeurs
estimées comparées a la vérité terrain fournie. Dans ces séquences, les visages ne
sont pas expressifs (pas d'animations faciales).

Ihttp : ==www:cs:bu:edu=groups=ivc=HeadT racking=
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Figure 1.6: Exemples de perturbations dans les parametres de rotation utilisés
pour I'entra’nement. En haut a gauche on peut voir les vect eurs d'observation
obtenus avec ces perturbations.

Les résultats obtenus avec cet algorithme pour 'estimati on de la pose nous
ont mené a étendre cet algorithme pour estimer aussi les parametres d'animation
faciale.
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Figure 1.7: Facteur d'oubli utilisé pour la mise a jour de | a référence.

1.6 Suivi des parametres de pose et d'animation fa-
ciale.

Nous avons fait I'extension de notre algorithme pour estime r conjointement des
parametres de pose 3D et des parametres d'animation faciale. Cela a donné lieu
a notre algorithme de suivi avec un seul modele.

1.6.1 Suivi avec un modele.

L'algorithme de suivi ressemble ainsi a celui utilisé pou r I'estimation seule de la
pose 3D. Sauf que, dans ce cas, la matric&s est calculée pour estimer conjointe-
ment des parametres de pose 3D et des parametres d'animation faciale.

— ref
6t - 6t 1t GGeneral (Xt Xg ))
On fait la mise a jour de la référence avec I'équation :

xiq )= x{ @ R

Néanmoins, nous avons constaté que le fait de réaliser canjointement les parametres
de pose 3D et les parametres d'animation faciale rendait mo ins précise I'estimation
de lapose 3D. C'est la raison pour laquelle nous avons décidé de séparer I'estimation
de la pose 3D des parametres d'animation faciale. C'esta dire nous faisons, dans
un premier temps, I'estimation de la pose 3D du visage et, da ns un second temps,
nous estimons les parametres d'animation faciale.

1.6.2 Suivi avec deux modeles.

Pour cela, nous avons donc utilisé deux modeles : I'un qui ¢ ontenait exclusive-
ment les perturbations aux parametres de pose, et I'autre avec les perturbations
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Figure 1.8: Comparaison de la vérité de terrain contre les parametres de pose
estimés.

aux parametres d'animation. L'algorithme de suivi est dev enu alors :

f
6t = 6t 1+ Gpose(Xt Xgre ))

et

f
6t = 6t 1+ G animation (Xt Xﬁre ))

On fait la mise a jour de la référence, qui demeure la méme pour les deux
modeles:
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xta)= xR

Dans ce cas, les résultats obtenus étaient beaucoup plus ets, et on a décidé de
découper encore une fois les parametres d'animation en deux "sous-modeles”.

1.6.3 Suivi avec trois modeles.

Dans ce cas nous avons décidé de découper les parametresd'animation cor-
respondant a la région de la bouche, des parametres correspondant a la région
des yeux. Nous en avons proté pour augmenter la résolutio n des vecteurs
d'observation pour ces régions, ce qui a donné une nette amélioration surtout
au niveau de la bouche, comme cela sera montré dans la partie des résultats.
L'algorithme de suivi devient alors :

Bt = 6t 1+ Gpose(Xt Xgref)
f
6t = 6t 1+ GBouche(Xt Xgre ))
f
6t = 6t 1t GYeux(Xt XEre ))

On fait la mise a jour de chaque référence :

xiq )= x{ @ R

Dans la gure 1.6.3 nous pouvons voir ces trois modeles qui ¢ orrespondent au
parametres pour |'estimation de la pose 3D, pour I'estimat ion des parametres de
la bouche, et nalement pour I'estimation des parametres d es yeux.

a)96 72, b)8s 42, c)86 28

1.6.4 Suivi avec des points d'interét.

L'utilisation des points d'intérét, aussi appelé méth ode locale, présente plusieurs
avantages, tels que mentionnés dans ESQh] et[54]. Parmi lesavantages par rapport
a une méthode globale comme celle présentée précédenment, nous pouvons citer
les suivantes :

? Robustesse par rapport aux variations d'échelle,
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? robustesse par rapport aux variations de point d'observati on,
? robustesse par rapport aux variations d'illumination,

? robustesse par rapport aux bruits du fond,

? robustesse par rapport aux occultations partielles,

? robustesse face aux variations de pose de I'objet par rapport aux images de
I'ensemble d'apprentissage.

Dans notre cas, nous avons utilisé des points du modele Candide qui cor-
respondent aux points les plus importants du visage. Ces poi nts peuvent étre
visualisés dans la gure 1.9, ou on peut comparer I'image p our l'approche locale
comparée a l'image utilisée pour lI'approche globale. Da ns le cas de I'image pour
cette approche locale nous avons decidé de ne pas ajouter ls deux images de
pro |.

On peut alors dire que la difféerence entre cette approche et I'approche décrite
précédemment est la facon dont on construit le vecteur x; = W (g(b;);y:). Dans ce
cas, nous utilisons le modele 3D Candide pour créer une image du visage vu de
face sans expression, c'est-a-dire, avec tous les paramies de rotation xésa zéro
et les parametres d'expression , également misa zéro. Ensuite nous utilisons des
fenétres de taille 6 6 pixels autour de 96 points choisis du modele. Cette taille
a été obtenue de facon expérimentale. De plus, on normalise chaque fenétre de
facon indépendante. Finalement nous effectuons la concaénation de ces fenétres
dans un seul vecteur x; de taille 3456

(a) (b)

Figure 1.9: (a) Image du visage stabilisée pour une approche locale (b) Image du
visage stabilisée pour une approche globale.

Pour le suivi, I'algorithme reste le méme que celui décrit précédemment.

1.6.4.1 Reésultats.

Le premier test que nous avons fait a été de véri er I'esti mation correcte des
parametres 3D de la pose. Le résultat peut étre apprécié dans la gure 1.10. Ici

sont montrés les résultats quand sont estimés les paranetres 3D de pose dans les
séquences de LaCascia, également quand sont estimés leparametres de pose et
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d'animation faciale. On peut voir que les résultats obtenu s avec les deux algo-
rithmes sont similaires, ce qui montre que le fait d'estimer tous les parametres
affecte peu I'estimation de la pose.

20 T
Ground Truth
= = =Pose

Pose and facial animation| 7

151

101

o Mg

Scale normalized
Rz in degrees

251

Ground Truth
[ | == =Pose
Pose and facial animation

-3.5

! L L R L L L
0 50 100 150 200 0 50 100 150 200
Frame Frame

Figure 1.10: Comparaison de l'algorithme sans et avec paranmetres d'animation
faciale.

En revanche ces séquences vidéo ne contiennent pas d'anination faciale. Pour
véri er le comportement de cet algorithme face aux animati ons faciales, nous
avons utilisé la séquence vidéo "Talking Face” du Réseau européen FGnet’. Cette
séquence est celle d'une personne engagée dans une conveation. Il 'y a 5000
trames de taille 720 x 576 pixels. Il est fourni avec une vérité terrain qui contient
des coordonnées 2D de 68 points du visage. Nous avons choisi52 points qui
étaient les plus proches des points du modele Candide. Dans la gure 1.11 on
voit I'erreur moyenne pour chaque point. On montre la compar aison quand on
utilise un, deux et trois modeles pour faire le suivi des par ametres de pose et
d'animation. Dans ce cas, on peut voir une nette améliorati on quand on passe
d'un a deux modeles, et le fait de passer a trois modeles a méliore le suivi de la
bouche. On montre aussi dans cette gure les 52 points du modele Candide le
plus proche des points fournis comme vérité de terrain.

Dans l'image nous pouvons apprécier I'évolution de I'err eur moyenne dans
une partie de la séquence talking face. On voit I'apparitio n de sommets dans la
courbe qui correspond aux images ou des fortes rotations ont lieu. Si on regarde
en détail le visage qui correspond a ces images, on voit que le suivi est assez net.

L'évolution temporelle de I'écart type aux sommets dans | a gure 1.12/cor-
respond aux parametres de rotation :

? Autemps 476 : Ry

36,Ry, =112 ,R, =28

? Autemps 993 : Ry 37,R, =366 ,R, 1:4

? Autemps 1107 :Ry, = 1442 ,Ry,=18:8 ,R, = 1083

http : ==www prima:inrialpes:fr=F Gnet=data= 01 T alkingF ace=talking face:html




1.6. SUIVI DES PARAM ETRES DE POSE ET DANIMATION FACIALE . 15

0.05 \ \ \
——+ One model
- - Two models
~-m Three modelg
0.041 1
c *
9 *
8
E 0.03} T
o L
c
T0.02¢
8
%)
0.01 | M
0 .(:3.‘3:’?:0:‘:15.'?}’?.‘).’9".".5. Eves .’.\‘.9?? ...... '\.".QL.‘F'?. Ll
0 10

Pomts number

Figure 1.11: Ecart type de 52 points sur la séquence vidéo "talking face”.

0.04 :
993—>

0.035}
<1107

0.03¢

0.025¢

0.02¢ W

47

Standard deviation

0.015¢

0.01 ; ‘ ‘
0 500 1000 1500

Frame

Figure 1.12: Ecart type pour la séquence "talking face”. On montre a dro ite les
visages correspondants aux sommets dans la courbe a I'image 476, 993, et 1107.

On peut voir que malgré le fait d'avoir des sommets qui corre spondent a de
tres fortes variations de pose et d'animation, le suividu v isage est assez précis. En
revanche, sion essaie d'aller plus loin au niveau des rotati ons, comme 'apprentisage
a été fait pour une vue de face, l'algorithme ne fonctionne ra pas.

Finalement nous avons observé la robustesse de I'estimaton des parametres
d'animation quand on introduit a I'estimation de la pose un  bruit Gaussian. Pour
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faire cela, nous avons bruité les parametres de pose avec wn écart type de 1 pour
les rotations et de 1%de la largeur du visage pour les translations. Ensuite nous
avons estimé avec les parametres de pose bruités les paranetres d'animation fa-

ciale. On peut voir les résultats dans I'image 1.13| En haut nous remarquons
le parametre de translation correspondant au parametre t, avant et apres le fait
d'avoir ajouté le bruit, et en bas, le parametre qui contr”ole les mouvements des
sourcils quand il est estimé avec les parametres de pose buités. On voit que
malgré le bruit ajouté aux parametres de pose, les résultats obtenus sont tres
ressemblant a ceux obtenus quand on n'ajoute pas de bruit.

Dans l'image Nnous pouvons voir des images qui correspondenta plusieurs
séquences vidéos differentes, parmi celles de LaCasciala "talking face”, et nos
séquences vidéos propres.

Pour faire la validation de I'algorithme local, nous avons u tilisé la séquence
vidéo "talking face”. nous pouvons apprécier dans la gur e[1.15 que I'écart type
moyen est tres similaire entre les deux approches, néanmoins, il y a des sommets
qui correspondent aux mouvements importants du visage oua des expressions
faciales. On peut bien voir que le sommet dans l'image 992correspond a une rota-
tion en y de 36:62 . Pour le sommet correspondanta lI'image 1102 les rotations en
X,y etz correspondentdans l'ordrea 133,189 et 105 . On peut voir dans la
gure que les deux approches présentent un comportement si milaire, mais dans
le cas de I'approche locale, il y a plus d'oscillations. Cela est dU au fait que cette
approche locale est plus sensible aux fortes rotations et aux expressions faciales.

La gure 1.15 présente aussi I'écart type pour chaque poin t. Nous pouvons
apprécier que les points qui présentent un écart type plu s important correspon-
dent aux points du contour du visage. On peut voir que le compo rtement de
I'approche locale est inférieur au comportement de I'appr oche globale. Cela est
db au fait que dans l'approche globale nous utilisons plus d ‘information que
dans le cas local, surtout si on considere que deux vues de pro | sont ajoutées
pour le cas global. Ces vues de pro | améliore la robustesse face aux rotations,
ce qui est montré dans la gure 1.16! Au niveau du temps de cal cul, I'approche
locale est plus rapide avec un temps moyen de calcul par image de 26 ms tan-
dis que l'approche globale a un temps moyen de 46 ms. Aussi au niveau de
I'apprentissage on voit une amélioration car les temps sont de 291 et 332 secon-
des pour I'approche locale et globale.

Finalement pour voir la robustesse face aux variations d'il lumination, nous
avons utilisé la séquence vidéo de I'Université Polyte chnique de Madrid qui con-
tient 967 images [11F. Quelques images sont présentées dans la gure/1.16. Avec
ces images nous constatons encore une fois que lI'approche gbbale est plus ro-
buste que I'approche locale.

Shttp://www.dia. .upm.es/ pcr/downloads.html
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Figure 1.13: En haut : parametre t, avec et sans bruit. En bas : parametre
d'animation faciale qui contréle les sourcils.

1.7 Initialisation automatique.

Dans cet algorithme on s'est proposé d'estimer de fagon automatique la pose 3D
des visages dans les séquences vidéos. Pour cela, nous aves utilisé une base
de données publique qui contient 37 visages vus de face avec un éclairage ho-
mogene. La gure 1.17 nous présente quelques exemples. Cdte base de données
contient les visages de 7 femmes et de 30 hommes vus de face, agc une expres-
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Figure 1.14: Résultats obtenus avec quelques séquencesidéos differentes.

sion neutre. Chaque image est de dimension 640 480

Pour faire cet apprentissage, nous devons appliquer une normalisation, qui
doit adapter les visages de telle fagon que toutes les parties des visages se trou-
vent toujours a la méme place, c'est a dire, nous allons pl acer le nez, la bouche
et les yeux dans la méme position pour tous les visages, tel que nous pouvons le
voir dans la gure Dans cette image on voit bien la modi cation du visage
due a cette normalisation.

L'entra’nement a été réalisé de la méme fagcon que dars le cas de suivi expliqué
précédemment, sauf que nous utilisons une grille autour d e l'origine, comme |l
a été expliqgué préecédemment, mais on a ajouté du bruit blanc Gaussian pour
chaque parametre, de facon a ne pas avoir les mémes points pour toutes les per-
sonnes. Dans ce cas, on a estimé un visage moyen a partir de vutes les images
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Figure 1.15: En haut: Evolution temporelle de I'écart type moyen. En bas: Ecart
type pour chaque point.

utilisés pour I'entrainement. Ce visage ne contient que la vue de face, car nous
proposons un algorithme qui estime la pose pour des visages vus de face. En
plus on utilise la version de l'algorithme Adaabost distrib ué dans OpenCV pour
les visages vus de face. Les visages moyens obtenus pour chage modele, a par-
tir des 37visages utilisés pour I'apprentisage sont montrés dans la gure 1.19. Le
vecteur moyen obtenu pour chaque région est de dimension 58 72 88 42et
86 28respectivement.
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Figure 1.16: En haut: Images obtenues avec l'approche locaé. Milieu: Images
obtenues avec I'approche globale, En bas: Images obtenues @ la séquence talking
face avec l'approche locale et globale en alternance.

Figure 1.17: Exemples des visages utilisés pour I'apprentissage.

Figure 1.18: Visage sans forme ni expression.

La procédure utilisee pour faire l'initialisation autom atique est illustrée dans

la gure 1.20.

Elle se compose en plusieurs étapes. La premiere consistea détecter la posi-
tion d'un visage dans une image. Pour cela, nous faisons appel a I'algorithme
Adaboost de Viola et Jones [86], qui est distribué avec la bibliotheque OpenCV.
Avec cet algorithme on obtient une fenétre. Avec cette fenetre on fait ensuite une
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Figure 1.19: Visage moyen obtenu pour chague modele.
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Figure 1.20: Procédure pour l'initialisation automatiqu e.

régression linéaire pour obtenir les parametres de tran slation du modele Can-
dide, tel que nous pouvons l'apprécier dans I'équation suivan te :

[te;ty;t]" = A [X1; Y1, X2, Yol

Avec ces parametres on place le modele Candide dans la fénetre ou se trouve
le visage détecté avec l'algorithme Adaboost.

Une fois que nous avons placé notre modele, nous utilisons notre algorithme
pour faire I'estimation des parametres de pose tel que nous le voyons dans I'équation
suivante :
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Bi = bi 1+ Gpose (Xi

Une fois que nous appliguons notre algorithme pour estimer | es parametres
des poses du modele Candide nous estimons les parametres de formes appris
pendant I'apprentissage dans un modele indépendant des p arametres de pose.
Dans ce cas, nous avons découpé en deux regions : une regiorpour la bouche et
une autre pour les yeux :

X)

6i = bi 1+ Grome (Xi 7)

1.7.1 Reésultats

Pour l'estimation de visages inconnus, on montre des résultats des séquences
vidéo de LaCascia. On a vu que l'estimation de la pose dans chaque image était
proche de la vérité de terrain fournie, mais dans le cas ou on s'éloigne d'une
vue frontale, I'algorithme ne parvient pas a suivre ces dé placements, comme on
peut le voir dans I'image 1.7.1! On observe, quand la rotatio n est supérieure a 5
degrées, que l'algorithme ne parvient plus a estimer la po se de la personne. Cela
est dd au fait qu'on utilise une plage plus réduite de point s pour I'entrainement
de cet algorithme qui va de -5 a +5 degrés. Ceci correspond a une vue de face,
pour laquelle nous avons construit cet algorithme.
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Ensuite nous avons utilisé la séquence talking face. Dansce cas on voit qu'il
existe un offset par rapport a la version de suivi, ou I'ada ptation du modele est
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effectué a la main et le plus soigneusement possible pour approcher les points du
modele Candide aux points donnés avec la séquence. On voit que la forme cor
respond aussi avec les sommets obtenus dans le cas de suivi. @ qui nous montre
gue l'algorithme obtenu pour des visages inconnus est assez robuste, comme |l
peut I'étre apprécié dans la gure 1.21.]
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Figure 1.21: V1 : visage inconnu. V2 : suivi basé sur une seuk image.

1.8 Un algorithme incréemental

L'idée principale sur laquelle se base notre algorithme in crémental est sur le fait
gue sia un instant t on a des nouvelles données qui arrivent, et que I'on veut
ajouter ces données a une matrice déja existante, on peu faire une mise a jour de
la SVD de cette matrice tout en conservant la SVD déja estiméa l'instant t 1.

A (total) — A (oId)A (new) = U (total ) D (total )V (total )T
Pour appliquer cette idée nous avons utilisé I'algorithm e de la SVD incrémentale

décrit dans [72], de fagon qu'on effectue la mise a jour de la SVD en terme de la
SVD estimée précédemment :

U(total) — fl(U(old); U(new))
D(total) — fz(D(OId); D(new))

\Vj (total) — f 3(\/ (old) : \Vj (new))
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Alors, comme la méthode pour résoudre la CCA est basée sur la SVD des
deux matrices de données, nous allons utiliser la SVD incrementale pour calculer
les coef cients de la CCA de facon incrémentale, pour fair e la mise a jour des
coef cients.

On applique alors la SVD incréementale aux matrices A ; et A, et on fait la mise
a jour des coef cients de la CCA de la fagon suivante:

W L= U (ltotal ) D . 1(total ) U (total )

et

W , = U (2total ) D X 1(total )V (total )

1.8.1 Reésultats

Pour l'algorithme incrémental, on a utilisé les séquenc es vidéo de Lacascia, néanmoins,
du fait qu'elles n'ont que 200 images, aucun résultat impor tant n'a pu étre obtenu

de ces images. En revanche, dans le cas de la talking face, on @it une légere
amélioration de I'erreur moyenne obtenue autour de I'imag e 1400. Cependant,
visuellement, les résultats entre I'un et l'autre algorit hmes sont identiques.
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En utilisant I'algorithme incrémental
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1.9 Conclusion et perspectives

Ce travail de recherche nous a amené a développer un algorithme de suivi parti-
culierement robuste aux mouvements de rotation comme aux m ouvements de
translation du fait qu'on a ajouté deux vues de prol synth” etisées au vecteur
d'observation. De plus, nous estimons le modele de suivi pe ndant la phase
d'apprentissage contenu dans une matrice G. Cette matrice G, qui fait le lien
entre les vecteurs d'observation et les parametres de suivi des poses, est con-
servée sans aucun changement pendant tout le suivi. De ce fat, I'algorithme est
tres rapide.

Dans toutes les implémentations, les résultats simplement visuels sur les sé-
guences vidéos semblent identiques. Néanmoins si on compare avec une Veérité
terrain nous avons véri é l'intérét de décomposer le v isage en plusieurs "sous-
modeles”, dans notre cas : trois.

Sans ajout de mécanisme ou modele spéci que pour prendre en compte les
changements de variations de lumiere ou d'éclairage, not re algorithme est rel-
ativement robuste. Egalement, les mouvements de caméras re semble pas per-
turber le processus. L'algorithme qui fait le positionneme nt du modele Candide
automatiquement sur les visages inconnus est relativement robuste et améliore
donc considérablement la détection de la pose et de la forme du visage. En con-
tinuité de ce projet, il serait possible d'accoupler l'alg orithme d'initialisation au-
tomatique avec le suivi, ainsi il serait possible d'obtenir la pose automatique du
modele sur le visage a l'initialisation du processus sans l'intervention d'un utili-
sateur. Alors il serait possible d'utliser cet algorithme e n cas d'occultation, géne
ou masquage partiel du visage et n'importe quel autre facteu r qui pourrait en-
tra’ner la perte du suivi.

La version incréementale de notre algorithme possede de no mbreux avantages.
Notamment, en exploitation, il s'enrichit sans cesse dans |'apprentissage et lI'acqui-
sition de données nouvelles relevées au fur et a mesure du traitement de nou-
veaux visages caractéristiques. Autrement dit quand I'al gorithme découvre un
visage pour lequel I'apprentissage a été incorrect alor s, apres correction, il peut
étre ajouté a la base de données.




26

1. RESUME.




27

Chapter 2

Introduction

Object tracking is an important part of modern complex syste ms. It permits to
enhance the performance of a person in doing some speci c labor (augmented
reality or people identi cation), to make tedious labors au tomatically (counting
vehicles passing in a crossway), to locate persons in the crond, vehicles in the
traf ¢ jam or stolen vehicles, following merchandise, etc. To do this, there exists
a panoply of features that can be tracked from the interest object, as following
sounds, in the case of people following the voice, or electri ¢ signals from devices
xed to, or making part of the object, and more recently from v ideo sequences.
The latest have developed in the last decades with the growin g computer power
and with the reduction in cost and size of digital video camer as, especially be-
cause the video vision offers a non-intrusive solution. In ¢ onsequence, many ap-
plications based on video object tracking have seen the day, as face-based biomet-
ric person authentication, human computer interaction, te leconferencing, surveil-
lance, augmented reality, behavior understanding, vehicl e tracking, etc.

The problem of object tracking in a video sequence can be de n ed as knowing
the object's location relative to the camera, its shape and trajectory from frame
to frame. To do this there are three processes involved in object tracking: track
initialization, track update, and track termination [1@

? Track initialization consists in saying whether or not ther e is an instance of
the object we want to detect, and if it is the case, to determin e its location.

? Track update consists of two components: Object detection and nding
the correspondences between the detected objects across &mes, sometimes
called ltering step. These two tasks can be performed separ ated or jointly.
For the rst case, possible object regions in each frame are ddtained by
means of an object detection algorithm, which can be the same algorithm
used for initialization, and then the tracker looks for corr espondences of
the objects across frames. In the second case, the object regn and the cor-
respondences can be estimated jointly by iteratively updat ing the object lo-
cation obtained from previous frames [100]. The objective of the Itering
component is to add temporal continuity constraints across frames and to
deal with dynamics of the tracked object, as in [ﬂ; 42; 59; H;E’S;@]. The
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principal advantage of using this component is that in case o f complete oc-
clusions, we can estimate the object position as a function of the dynamic
model, or limit the wrong estimations to go far away from the r eal position
of the tracked object.

? Track termination consists in detecting when a tracked obje ct gets out off
the camera visual region.

To deal with the tracking problem, vision research groups ha ve used in the last
years several approaches. These approaches can be classi@in terms of the ob-
ject's description, in terms of the object's feature used for the tracking, or in terms
of the method used for tracking. Some examples of the object's description are
points, primitive geometric shapes, textures, colors, etc. For the features used to
perform the tracking we can nd edges, gray level intensitie s, color histograms,
interest points, etc. Finally for the tracking methods we ca n nd deterministic
ones, like gradient descent based methods, Kalman lIters, and stochastic ones,
like the particle lter also known as Sequential Monte Carlo (SMC) algorithm,
and learning-based approaches. In chapter/3 we will talk abo ut these character-
istics of a tracker.

The nature of the tracked object is of great in uence in the ch oice of the tracker.
If we want a general tracker, we will choose to track for examp le a speci c color
present on the desired object. However, if we want a specic t racker, we can
introduce a geometric or a parametric model that will perfor m better for tracking
this kind of objects but that will be useless if there is an obj ect that can not be
described with our model. This model can be a 2D or a 3D model an d depending
on that we can track our object not only as a 2D projection over an image but also
in real world coordinates. In our case the object of interest is the human face.

The face is a very complex three dimensional surface, that is exible, usually
contains creases, and it has color variations, and it conveys many pieces of infor-
mation such as identity of a person, the gender, his age, the relative position with
respect to the camera. It is because of this that faces have avused the interest of
computer vision community, besides they are very familiart o us, i.e., we have a
well developed sense of what expressions and motions are natural for a face. So,
human face image processing is currently an active researcharea in the computer
vision community. There exist several classes of image processing, being some of
the most important nowadays[ﬁ ,

? Face Detection: It consists in determining the presence of faces in images,
and the localization of it. For the case of localization, several parameters
can be obtained depending on the representation of the face, going from a
simple window containing the face, to 3D pose parameters as w ell as ex-
pression parameters, as for the case when a 3D geometric modé is used.
A face detection algorithm is vital for most face image proce ssing applica-
tions. Face detection has been the subject of research by nurerous groups
as it lies at the core of many applications.
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? Facial Feature Extraction: The principal features that can be obtained from
faces are speci ¢ points and contours. These features can beused to deter-
mine the shape, motion and expression of the face. To obtain these features,
it is necessary to know the location of the face.

? Face Tracking: Tracking of a face is the process of following a detected face
or extracted facial features through an image sequence. Thealgorithm used
in this process can be identical to face detection or facial feature extraction
(by applying those techniques on each image in the sequence) However,
as previously explained we can perform jointly the detectio n and tracking
by taking into account the knowledge acquired from the earli er image(s) in
the sequence. There is a panoply of applications behind face tracking, like
biometrics, human-computer interactions, behavior analy sis, driver moni-
toring systems, marketing and advertising, interactive in formation system,
computer games, etc.

? Face Synthesis: Face synthesis is the task of rendering (moing) images of
faces from a set of parameters. Recently face synthesis has &en used for
face tracking and face detection, as the Active Appearance Models and 3D
Morphable Model. The applications are several, going from v ideo coding to
multimedia modeling and cinema special effects. In order to do that a para-
metric model should be available and it will x the quality of  the results.

? Face Recognition: Given the location of a face in an image, the face recogni-
tion task consists in identifying a person or verifying the p erson's identity
(face authentication).

2.1 Contributions and publications.

In this thesis, we will present a method for tracking faces. T his method uses
a parametric 3D model to estimate the 3D pose and the facial gesture parame-
ters. It uses the Canonical Correlation Analysis (CCA) as a supervised learning
method that nds the regression parameters between the mode | parameters and
the residual between an input vector and a reference image. We extend also this
method to estimate the 3D pose and the facial shape parameters for initializing,
to perform automatically the 3D model's initialization. Fi nally, we will present
an incremental method to estimate the CCA coef cients as the data arrives.

We can compare our work with the work realized in [Zﬂﬁjl—]l where the
Candide 3D head model is also used to track people's 3D head pose and fecial
expressions, but in their case, the tracking method used is based on a gradient de-
scent to determine the perturbations. Our approach can also be compared with
the Active Appearance Model described in [ZF% 22; 23; EZ]. Fa the AAM's, they
use a linear regression to estimate the relation between the parameters of a model
learned from a training set, and the difference between a syn thesized image and
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the input image. To obtain the model, they use a set of multipl e manually la-
beled images. Then they train this model to estimate 2D param eters, represented
by horizontal and vertical translation, scale and rotation . In [@] they improve
this algorithm by using the Canonical Correlation Analysis instead of the linear
regression to learn the relationship between the parameters of a model and the
difference between a synthesized image and the input image. Finally, we can
compare our work with the 3D morphable models explained in [6 ES]. In this case
3D scans are used to obtain a general model to describe variaions of illumination,
pose, and facial gesture. This method performs also the analysis by syntheses,
where the input image is compared with the synthesized one un til there is not
improvement of the error.

The principal difference is that in our work we do not estimat e a shape model
from the training images, but we used the Candide 3D geometric model that we
adapt for the person we want to track. We use the 3D model to cre ate a synthetic
training database containing perturbations based on the r stimage of the video
sequence. We use the Canonical Correlation analysis to obtan a linear relation-
ship between the 3D pose perturbation and facial gesture parameters, and the
difference between a reference normalized patch and the patch obtained from the
current image at the last known position. We will show that ou r proposition per-
forms well in estimating the 3D pose and up to eleven facial ge sture parameters
using for training the rst video frame that is manually init  ialized. It is impor-
tant to remark that our work uses the input image to create the normalized patch
contrary to analysis by syntheses schema used by the AAM's and the morphable
models.

Another important contribution of our work is the developme nt of an incre-
mental algorithm for the Canonical Correlation Analysis, b ased on the incremen-
tal Singular Value Decomposition (SVD) proposed in []La; 57 @]. Although this
algorithm is slower than the CCA, because we update the CCA co ef cients ev-
ery m frames, it has the advantage of adding new information as the tracking
evolves.

Finally, we have extended this work to 3D face and shape detection. To do
this, we use the Adaboost algorithm to detect the 2D window co ntaining a face,
and then we use an algorithm similar as the one used for tracki ng, but training
over a database of several people, to estimate the 3D pose paameters and the
shape parameters of the face.

We restrict this work to the use a single xed webcam, because multi-camera
approaches require calibration of all the cameras and stereo cameras are more
expensive than traditional webcams, and moving cameras are not only more ex-
pensive but they require an additional alignment as explain ed in [@]. We have
tested our tracking algorithm with moving cameras and the re sults are encourag-
ing.

The structure of this thesis is the following: in chapter 3 we will present the
object's representation used for tracking, the most import ant features that are
used for this, and nally the most important methods used for tracking objects,
and particularly faces. In chapter 4 jwe will present our algo rithm published in
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[@3], where we compare the use of a linear method based on the Canonical Cor-
relation Analysis and a non-linear method based on the Kerne | Canonical Corre-

lation Analysis. In this case we limit the tracking to the pos e parameters only. In
chapter /5, we extend the algorithm to track not only the pose, but also the facial
gesture, as explained in @]. Then we propose a local based g@proach that uses
small patches around some facial regions of interest to track the 3D pose and fa-
cial gesture, as described in ]. Finally we compare both methods and study

the robustness of the algorithm with respect to noise in the p ose estimation, as
described in [ﬁ]. In chapter |6, we propose an algorithm that estimates the 3D
pose and the shape of faces in images. This algorithm is a comgement to the

tracking algorithm, as it can be used for automatic initiali zation and recovery.

The principal advantage of this algorithm is that the model i s general enough to
work with persons that are not present in the training databa se. Finally, in chap-
ter7/we present an iterative algorithm to update the CCA coef cients as new data

arrives. Our motivation is to improve the ef ciency of our tr  acking algorithm.
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Chapter 3

Tools and Methods for Object
Tracking.

Object tracking through the frames of a video sequence is required in many ap-
plications of computer vision, such as augmented reality, s urveillance devices,
biometrics, visual servoing of robot arms, computer-human interfaces, smart en-
vironments, meteorological and medical imaging, etc. More over, with the always
increasing computing power and the cost and size reduction o f high quality cam-
eras, computer vision offers solutions that are cheap, practical and non intrusive
to the tracking problem. This has developed the use of video a nalysis not only to
track objects, but also to use the object tracks to recognizetheir behavior.

Tracking an object in a video sequence can be de ned as knowin g the object's
location relative to the camera. To do this, there are two pro cesses involved in
object tracking. Object detection and nding the correspon dences between the
detected objects across frames. These two tasks can be perfoned separately or
jointly. For the rst case, possible object regions at each frame are obtained by
means of an object detection algorithm and then the tracker | ooks for correspon-
dences of the objects across frames. In the second case, thebgect region and
the correspondences can be estimated jointly by iteratively updating the object
location obtained from previous frames [100].

The approach that will be used to track a speci c object mustt ake into account
the characteristics and degrees of freedom of the object andthe camera, and the
features that we want to track of the object for a speci c appl ication. This means
that the combination of tools used to accomplish a given trac king task will de-
pend on whether we want to track a kind of objects, like cars, p eople, faces, etc
groups of these objects, like black cars, walking people, persons, or unknown ob-
jects with a particular characteristic, like moving object s in a security area. The
problem of tracking can be further simpli ed if we have more p riors about the
object, like a velocity model, an acceleration model, etc.

For any case, it will be necessary to compare the input video frame with a
given representation that describes the object of interest. This representation can
be based on image points, on contours, on geometric models, on appearance,
on skeletal models, on articulated shape models, on geometric models, etc. All
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these approaches can refer us to a 2D tracking or to a 3D tracking. 2D tracking

consists in following the projection of the 3D movements of a n object by means of
a transformation. This kind of tracking requires a model tha t can handle with the

appearance changes due to perspective effects, self occlusns and deformations.

However this kind of tracking can not recover the true positi on in the space. In
the other hand, 3D tracking aims at recovering the six degrees of freedom that
de ne the position of an object with respect to the camera [@], as well as the
degrees of freedom that describe a non-rigid tracked object.

Different approaches exist for tracking moving objects, tw o of them being
feature-based and model-based. Feature-based approachesely on tracking lo-
cal regions of interest, like key points, curves, optical o w, or skin color [ﬁ?aﬁ
Model-based approaches use a 2D or 3D object model that is prgected onto the
image and matched to the object to be tracked El;]. These aproaches estab-
lish a relationship between the current frame and the inform ation that they are
looking for. Some popular methods to nd this relation use a g radient descent
technique like the active appearance models (AAMs) [E} M], others a statisti-
cal based technique using support or relevant vector machin es (SVM and RVM)
[B;;@], or a regression technique based on the CanonicalCorrelation Analysis
(CCA) (linear or kernel based).

In this chapter we will present relevant tools and methods fo r tracking. To do
that, we will start showing some of the possible ways to repre sent the object that
we want to track. An important characteristic for tracking i s to determine if we
are working with a rigid or non-rigid object. This will be det erminant to choose
the object representation. Moreover, sometimes we can approximate deformable
objects with rigid models, as it is the case of faces. After these object represen-
tations, we will talk about the more common features that the computer vision
community has used to track these objects. Finally we will pr esent some of the
principal methods used to perform the tracking task.

3.1 Representation of an object.

The representation of an object is of great importance for th e choice of the tracking
approach that we will use, because some representations tha are robust for a
kind of object can be useless when we use them to track another kind of object.
This is why the rst important thing to do when implementing a  tracker is to
choose how to represent the tracked object. Before introducing the most common
object's representation, we will talk about rigid and non ri gid objects, because
this property of the objects will determine the choice of the way to represent it.
After that, we will present some of the most common represent ations of an object
by means of points, of primitive geometric shapes, of silhou ette and contours, of
models, and of appearance.
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3.1.1 Rigid and deformable objects.

Tracking rigid and non-rigid objects are two very different tasks, especially from
a complexity point of view. Rigid objects present the advant age of having only
six degrees of freedom when working in a 3D space. Some examples of rigid
objects are cars, detached pieces in a production line, trans, etc. In the other
hand, non rigid objects have more degrees of freedom depending on the object
and the degrees of freedom inherent to it. In addition, the de formation that can be
present for a non rigid object, can be confused as a 3D movemert if it is not taken
into account. Some examples of non rigid objects are living b eings, especially
persons. Itis because of this difference in complexity that the rst thing that we
should know about an object is to classify it in either of thes e categories.

In [%ﬂ a method for determining if an object is rigid or non ri gid in a video
sequence is proposed. The central idea to distinguish between this kind of objects
is that over short time intervals, the appearance of rigid ob jects, under viewing
conditions similar to orthographic projection, changes mo re much slowly than
this of most non-rigid objects. In their case, they have comp ared humans and
vehicles. The results reported show that the variations in n on-rigid objects, walk-
ing humans in this case, present a periodic motion with sharp peaks, while the
rigid objects vary in a more stable curve. However, as they co mpare pixels to
pixels within a motion window, movements toward or away from  the camera are
reported to present an unpredictable behavior.

Some examples of works tracking movements of non-rigid obje cts can be found
in [@; ﬁ;ﬂ]. In ﬁ] they propose an algorithm to track def ormable objects of
any kind, based on feature points and classi cation trees. G iven an input image,
they look for correspondences between the features learned of a given object.
They use 2D meshes that are deformed in order to follow highly textured sur-
faces, and can cope with a high number of outliers. In [E], po ints are matched
between brain MRI images to nd geometric correspondences o f these points,
and in synthesized 2D objects. They propose an approach that takes soft deci-
sions. This means, instead of discarding a relation between two points, it assigns
a score that will be improved in further iterations. Finally we can talk about the
work presented in [74], where the author proposes the active blobs. He uses a
texture-mapped triangular mesh model for tracking deformi ng shapes in color
images. It uses a gradient approach to estimate the variations.

3.1.2 Points.

We can represent an object by a point or by a set of points. In the case of a single
point, it can represent the centroid of the object, and this k ind of representation is
generally used when the object to be tracked is small with res pect to the image.
This kind of representation usually models translations. W e can use this repre-
sentation for both, rigid an no-rigid objects as the object r epresents a small area
of the image. Examples of this are presented in ﬂ@] for a rigi d turning object with
points drawn over its surface and tracked independently, an din [%] for points of
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faces, and in this case also each point is tracked independernly of the others. For
the case of multiple points, they can be interest point distr ibuted over the object
to be tracked. In this case the points have a geometric relation between them. One
example for rigid objects can be found in [54] where interest points are detected
and compared with a geometric model to determine the 3D pose. In [&] we can
nd the extension to deformable objects of a similar tracker . The use of a relation
between several points permits the estimation of translati ons and rotations in 2D

and 3D spaces, as well as the estimation of non rigid movements. One advantage
of using a set of points is that we are not suppose to detect all points, but the

maximum number of them that gave a valid con guration, makin g this kind of

approaches robust with respect to outliers.

3.1.3 Shapes.

In this case the object is represented by primitive geometri ¢ shapes, like rectan-
gles, ellipses, etc. This kind of representation can be usedto estimate rotations,
translations, af ne, or projective transformations, buti na 2D space. More com-
plex representations can be achieved if several of these geonetric shapes are used
together to represent a speci ¢ kind of object. In [10—2]\, the authors use ellipses to
represent the human body. In [E] moving objects are tracked with rectangles
across multiple non overlapping cameras. Also a rectangle i s used in [@] to track
hockey players. In [@] a polygon is used to represent the persons in a particle
lter context.

3.1.4 Silhouette and contouir.

The boundary of an object is the contour. The region inside th e contour is the
silhouette. Contour or silhouettes are suitable for tracki ng complex non rigid
shapes. To track these non-rigid objects active contour models, also known as
snakes, are used. Nevertheless the presence of partial ocalsions can diminish
the tracker performance.

In [@] the authors perform a segmentation and look for regio ns that are clas-
si ed as foreground. Then they use these regions to match pre viously detected
objects. In this case the motion blobs are used as silhouettes to represent moving
cars. In ﬁ%] a machine learning approach is used to detect texture transition and
then the contour is obtained to track rigid and non-rigid obj ects. In El] the authors
use a relevance vector machine to estimate the pose of a humanbody represented
in terms of silhouettes.

3.1.5 Geometric models.

Another common method used for representing objects is by me ans of a model.
This model approximates the geometry of the object, as for in stance, boxes for
cars, ellipsoids for heads, or a geometrical model that can take into account the
possible deformations of non-rigid objects. For the partic ular case of non-rigid
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objects there exists also the use of articulated models and keletal models, where
every part of the object is represented by simple geometric shapes that are held
together with joints. For example, the human body can be repr esented by ellipses,
or cylinders, for the torso, head, and limbs. These models can be used for 2D or
3D movements depending on the application.

For the case of rigid objects we can cite @f], where planar objects as the sail
of a ship and the face of a book are represented by a 2D model, or a box and
a human face are represented by means of a 3D model. We can alsocite @],
where the 3D model of a teddy tiger is obtained from several im ages, all of them
used for the training of a classi er. Another example of rigi d object tracking
is the work of [, where three car models are used to determi ne the vehicles
that pass through a certain road by means of a Monte Carlo appr oach. As an
example of non-rigid objects we can cite the 2D model presented in [%], where
a shape model is used to track the contour of a hand by means of a Monte Carlo
approach. In the shape model used they implemented twelve de grees of freedom
for the ngers and possible hand movements. In [ the auth ors use features of
the image to determine the shape of a deformable object, in this case a t-shirt with
alogo. In [ﬁl] the authors use a skeletal model to represent the locomotion of
walking people, in order to decide whether or not a person is w alking, running
or standing in a video sequence.

The principal advantage of using models to represent objects is that we can
be very discriminative, and add some robustness to the track er when facing oc-
clusions, outliers, changes of illumination, etc. However , this kind of approach
limit the tracker to a very speci ¢ kind of object, and had to b e initialized and
well adapted to the application that it is intended to do. The y are also expensive
in computational cost, because of the transformations that the model can be sub-
ject to, as scaling, rotations, translations, and deformation in the case of non rigid
objects.

Human face models will be explained more precisely in the cha pter 4, where
we will present the parametric model used in our approach.

3.1.6 Appearance models.

It is possible to represent the appearance of objects in seveal ways. One of the
most popular methods consists in using the active appearance models, where
shape and appearance are combined to track faces. To do thisa training database
containing manually placed landmarks is used. The shape and the appearance
are associated by means of the principal Component Analysis 20; 21; 22; 23; 32].
Another way to represent the appearance is by means of templates, which are
simple geometric shapes containing spatial and appearance information. How-
ever, this kind of approaches is generated for a simple view, limiting it to objects
whose appearance does not change during the course of tracking. In [72], the
authors propose an algorithm that makes an update of the temp late, allowing the
tracking of complex object under varying conditions.
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3.1.7 Others.

It is important to say that a combination of these representa tions can be used as
in [%], where an articulated body model of 10 joints and 14 segments is used
to represent the torso, the limbs and the head, having 32 degrees of freedom.
To estimate and adapt a human body model, the silhouette is us ed, and a head
shoulder contour is used as a template to locate the head from the silhouette
obtained. This information is combined by means of a particl e lter.

As we have seen, there exist several ways to represent an objet, and depend-
ing on the application and the characteristics of the object and on the tracking
information needed, we have to choose between these multipl e representations.

3.2 Features used for tracking.

The feature selection, as well as the object representation plays a critical role in
the implementation of a tracker. Both are closely related, b ecause the choice of a
way of representing an object will limit the features that we can use to track the
object. However, many of the recent tracking approaches use a combination of
features in order to have more robust results. In this sectio n we will present the
most important features used for tracking objects as well as some of the advan-
tages and disadvantages of using them.

3.2.1 Color.

Color is a feature that is frequently used to track objects. T here are several ad-
vantages of describing an object by a color. It lets us track any kind of object
independently of its geometry, if it is rigid or not. Itis rob ust with respect to self
occlusions when strong pose variations are present. Color based processing is
often faster than processing other features. Finally, under certain lighting condi-
tions, color is orientation invariant, which means that the motion model required
will consider only translation parameters and scale. Howev er, the principal dis-
advantage of this kind of tracking arises when a same color ob ject moves close
to the object we are tracking, or even worse, when the background has a similar
color.

To describe a color, the more usual approach is to estimate a reference color
histogram of a xed-shape window, as those depicted in gure [3.1. Then, we will
look for scaled windows of the same shape that contain a color histogram close to
the reference. Typically the Bhattacharyya distance is used in order to determine
whether or not a color histogram is close to another one. In [@], the authors use
a Monte Carlo approach that uses color as the principal cue to track objects in 2D.
They apply a kind of geometry model that divides the xed-sha pe window in
rectangles where each rectangle has a particular referencecolor histogram. They
use then the color histogram distances of the sample windows to obtain the color
likelihood for the particle Iter they use. The principal ad vantage of using this
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kind of approaches, as explained in 3.3.3, is that the tracker is more robust to dis-
tractions and to occlusions, even if they are partial or tota |. Color histograms have
the property of being stable object representations unaffe cted by occlusions and
changes in view, and they had been used to differentiate amon g a large number
of objects.

We can also use the a priori knowledge of the tracked object, to look for par-
ticular colors, like skin's color, as in [@ %} or more spe ci cally lips' color as in
[@] by means of transformations of the color input image.

In [@] we can nd an extensive report presenting a statistic al skin-color model
and its adaptations to different lighting conditions. An im portant remark of this
report is that tracking a speci ¢ color, such as skin color pr esents several prob-
lems. For example, the color representation of the skin obtained by a camera is
in uenced by many factors as ambient light, movement, etc. M oreover, different
cameras produce different color values even under the same external conditions.
Finally skin colors are different from one person to another . Nevertheless, the
authors use their approach to track faces and report a good performance in real
time, with 30 frames per second with 305 229input sequences.

In [@] the authors propose a color transformation for lips s egmentation. The
motivation of this work is that skin and lip colors are more ch aracterized by
chromatic than by brightness components. That means that under varying il-
luminations, chromatic skin features are relatively const ant. Thus, the proposed
transformation separates the lips from the skin. One applic ation of this kind of
algorithms is for lip reading in noisy environments.

Itis known that the RGB representation has the disadvantage of not being uni-
form from a perceptually point of view [3@and also there is a high correlation
between the different components of this space, which makes the images stored
in this format to have a big size. This is why other color space s have been pro-
posed, as the Lab, HSV, YCrCb. Lab is a space created to be peeptually uniform,
with dimension L for luminance and a and b for the color-oppon ent dimensions,
while HSV (hue, saturation, value) is another space created to be perceptually
uniform. These two spaces are reported to be more sensitive to noise. YCrCb is
a transformation of the RGB space where the Y component stands for the luma,
and it contains the most of the image information, that corre sponds to a grayscale
image. The Cr and Cb stand for the red and blue chroma components. This space
was designed to compress digital images. Frequently, we transform the color im-
age to a grayscale image, by means of this transformation, and we keep only the
Y component. Depending on the object to be tracked, the choice of one or other
space, or even other particular transformation will be used .

An important algorithm used for color segmentation and colo r tracking is the
mean shift algorithm. It was rst proposed by Fukunaga in [33]] and then re-
sumed by Cheng in [E]. It is a non parametric approach for the estimation of
gradient of density function and it was developed to nd mode s in a set of data
samples. Although the method has been applied for clusterin g, segmentation,
background subtraction, more recently it has been applied t o track objects based
in the color histograms and the Bhattacharyya distance. In [@] the authors use
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Figure 3.1: Top images: Two rectangles containing a color reference. Bottom im-
ages: Corresponding color Histograms.

the mean-shift algorithm to track faces, hands, football pl ayers, people in the sub-
way, and a mug. They probe the robustness of this approach and it convergence
properties. In [1176], the authors use the mean shift algorith m as a key part of
an autonomous vehicle navigation to detect the road. They us e the mean shift
algorithm to segment the incoming image, and then, they appl y a threshold to
discriminate between the road and the other objects present in the image.

3.2.2 Motion.

Motion tracking can be described in a simpli ed form as detec ting changes be-
tween images. These changes can be produced due to illumination changes, from
moving objects, or from camera movements. This means that motion-based track-
ers tend to be simple and fast, but they do not guarantee that t he tracked regions
have any meaning.

One widely technique used for change detection, due to its si mplicity, is frame
differencing, which consists in subtracting two images and obtaining a binarised
difference map. These two images can be the incoming frame with a background
image or two or three consecutive frames of a video sequence. The resulting
frame difference will classify then those pixels presentin g a signi cant variation
into foreground for the rst case or as motion blobs for the se cond, as can be
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seen in gure 3.2. The difference map is generally binarised by thresholding it

at some predetermined value to obtain a change/no-change cl assi cation. Thus,

the value assigned to thresholding is of great importance, b ecause giving a very
low threshold will include spurious changes while a high val ue will suppress
changes El].

Background subtraction is a core component in applications where stationary
cameras are used, and where the background scene is a static sucture. In this
case one has to obtain a representation of the background, or reference image,
update this representation over time and compare it with the input image. The
reference image is a frame of the sequence where no foregrourd objects appear in
the scene. This kind of approach is not always practical, because for some appli-
cations a reference image without foreground objects is not available. Moreover,
if the background corresponds to an outdoor sequence, the principal problems
are due to illumination changes and oscillating objects lik e trees. To cope with
that, recent works have modeled the background as a dynamic i mage. In @]
and in [%] the authors model the background as a mixture of ad aptive Gaus-
sians, in order to cope with global and local illumination ch anges, positions of
the light sources and moving objects in the background of an o utdoor scene. The
principal advantage of this approach is that it uses several Gaussians in order
to describe multiple backgrounds, and it allows long standi ng objects to become
part of the background without forgetting the last backgrou nd, and then, when
the objects moves, recover the original background. In [ﬁ] the authors propose
a method for modeling the background dynamically by means of the principal
component analysis and an autoregressive model. They use aniterative PCA to
describe all the possible background's movements by predic ting the following
frame.

In [, to update the background, the authors propose an ite rative process
that assigns a probability to 5 5 pixels' window to belong or not to the back-
ground by means of an error map that takes into account change s with respect to
previously computed background and with respect to the prev ious frame.

In [@h the pixels of some regions are considered as clustersand used to pre-
dict the object motion, where adjacent clusters following t he same trajectory are
considered as an object hypothesis. However, they consider only parallel move-
ment, which restricts this particular tracker to rigid obje cts that do not present
rotating movements about the optical axis. This algorithm w as used for cameras
on moving vehicles to detect other vehicles and to detect pedestrians. In this
case, they did not consider a preprocessing for the case of a noving camera, but
sometimes the blob detection may be accomplished using background alignment
techniques and change detection algorithms as in [@], where athree image differ-
encing method is used to detect motion blobs when the camera m oves. However,
using consecutive images can pose several problems when thethe object is not
suf ciently textured.

In general one important problem of this kind of tracking is w hen there are
multiple objects, because there are four important tasks that should deal with:
appearance, disappearance, splitting and merging. To deal with them, in [ﬂ the
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authors add a kinematic model as well as color model for each t arget, in order to
discriminate them after a merging process or a splitting.

(@) (b) (€)

(d) (e) 0

Figure 3.2: (a)Background image, (b-c) two consecutive frames of a video se-
guence, (d) resulting motion Map of the difference between t he background im-
age and a frame,(e) resulting difference map between two consecutive images,
and (f) resulting difference map between two consecutive im ages taking into ac-
count the gradient of the image.

In [@] the authors present a general study for tracking moti on of multiple
objects without the assumption of motion constancy, this me ans, they consider
noisy images due to camera vibrations and noise added due to the quality of
the camera. The motion estimation they propose takes into account the fact that
between two frames, the difference will not give the moving o bjects but the con-
tours of these moving objects, and will consider that pixels lying inside the object
are static.

In [@h the authors propose a 2D appearance-based approach,that fuses mo-
tion and the obtained model, and that uses Kalman lters to ro bustly predict the
position, motion and shape of the desired object.

3.2.3 Contours.

The contour of an object is another characteristic that is often used for tracking.
Object boundaries usually generate strong changes in image intensity. An impor-
tant property of edges or contours is that they are less sensitive to illumination
changes compared to color features or motion. For this feature, the objective is
to track outlines, from foreground objects, that are modele d as curves, while they
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are moving through clutter. This clutter makes the problem m ore challenging,
because elements of the background clutter may look like parts of the tracked
object. What can be worst, the background could be a collection of objects like
the one being tracked, like for example, a person being tracked when passing a
crowded place.

In [@], the CONDENSATION algorithm is used to track object’ s contours. To
have a more robust tracker, the authors use models of shape and motion, in order
to obtain a more robust tracker, but they do it taking particu lar care of not losing
generality of application for this model. They train the tra cker with sequences
where there is not clutter and once they have estimated the coef cients of their
models, they use them in sequences where clutter is present.

The principal problem when working with contours is that the y must be ap-
plied in cases where there is a good contrast between the object to be tracked and
the background. They are also sensitive to highly textured s urfaces and clutter.
To deal with these problems, in [JE], the authors propose a mo del-based method
to track contours of rigid and deformable objects by means of a machine learning
approach. With this method they estimate the conditional pr obability of a texture
discontinuity, which let them to enforce a connectivity of ¢ ontours in a quanti-
tatively way. When tracking a rigid object, they use the geom etry of the object
to nd the optimal pose, while in the case of the deformable mo dels, they use a
Hidden Markov Model to calculate the joint law of the conditi onal probabilities
of contour points. They train weak classi ers in order to obt ain a nal weight to
determine if there is a cut in the middle of a image band or not. Depending on
the complexity of the video sequence, they report to have used between 4 and 10
classi ers.

3.2.4 Interest points.

Interest points are often employed for 3D reconstruction an d absolute localiza-
tion 3D environment, as well as initial pose estimation for t racking purposes.
The principal characteristics of these points are that they must be invariant to
illumination, to 3D projective transforms, and common obje ct variations. They
should be also suf ciently distinctive to identify objects among multiple alterna-
tives. This is why they allow an object to be tracked independ ently of background
clutter and partial occlusions. To handle partial occlusio ns, we can consider that
having a subset of the interest points is enough to estimate its location. This can
be done with the aid of a 3D model of the object, or by geometric constrains.

To do that, we should match interest points extracted from gr ay level or color
images. A work very used to detect interest points is [4&], wh ere corners are
estimated in gray level images. In order to do that, it uses a m oving window
to estimate the gradient of each pixel in 8 directions and the n, by means of a
threshold, it determines if it corresponds to a corner or not . This work has been
widely used in the computer vision community, because the fe atures obtained
with this algorithm were not only corners, but points with la  rge gradients in all
directions at a predetermined scale. The principal disadva ntage of this approach
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is that it is sensitive to scale variations.

In [@] the authors extend the work of [4a] to color images, an d improve the
algorithm to make it more robust. They use a bilateral Iteri n a smoothing step
in order to reduce noise present in the image taking into acco unt not only the
distance between pixels, but also the chromatic informatio n between them. They
also proposed an iterative version of their Iter. The advan tage of this kind of |-
ter is that it reduces the localization error generally pres ented when a smoothing
Iter is applied to an image.

Other work that uses interest points and that is also based on [@] is [@,],
where the authors use a classi cation approach, based on K-means and nearest
neighbor, to determine if a point detected is member of a clas s learned during a
training. They use a geometric model to perform the training , and a RANSAC-
based method to estimate the 3D pose of the objects. They alsgropose in [@] an
ameliorated version of their algorithm but using classica tion trees to perform
more ef ciently the classi cation of the features obtained with their own algo-
rithm to obtain interest points, based in pixels inside a cir cle, and comparing the
characteristics of all the neighbor pixels. Finally [ﬁ] pr oposes a method similar
to the last one, but oriented to deformable objects. They use not only the Harris-
corner estimator, but also the one proposed in [, where th e author proposes a
method for generating image features invariant to translat ion, rotation, scaling,
and partially invariant to illumination changes and af ne o r 3D projections. With
these features, he makes an index of objects that allows different objects in images
to be identi ed. The principal advantage of this kind of meth od is that it is more
robust to scale changes, because the corners detected at diérent scales with the
Harris detector, as we said before, are not necessarily the ame.

3.2.5 Other features.

Some preprocessing of the image can give interesting information about the ob-
ject that we want to track. Some of these methods include the use of many ex-
amples of the object in order to obtain good descriptors of it , like the Principal
component Analysis. Another example can be found in the Adab oost, where a
preprocessing step creates features that are then used to déermine whether or
not a face is present in an image window.

As we have seen, there is a panoply of features that can be extracted from an
image. All of them imply a preprocessing of the image in order to highlight the
desired characteristic. However, for most of the cases, a smple feature can not
guarantee the robustness of a tracker for all the possible cases. This is why hybrid
trackers are used to fuse information of multiple features.

3.3 Tracking methods.

Once we have de ned the principal representations of an obje ct, as well as the
most common features used to characterize it, we will presen t the methods used
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to perform the tracking of the object. There exist several methods for tracking,

but we are going to present the most popular for face tracking . We will start pre-

senting the gradient descent method, which is widely used be cause it is simple
and easy to implement. Then we will talk about the supervised learning meth-
ods, which need a training step to learn the desired object ch aracteristics. For this
supervised learning part we will talk about the classi cati on and the regression
methods. For the regression methods we will talk about the CC A, the Active Ap-

pearance Models, and the morphable models. Finally we will p resent the particle
Iter, which is used to model non linear and non Gaussian proc esses.

3.3.1 Gradient based approaches.

Using the gradient is a very common and easy technique to be im plemented.
In the case of a known model of the problem treated, we can obtain a closed
form of the gradient, indicating us the direction where the m aximum variation is
located. Gradient descent is an optimization algorithm. To nd a local minimum
(or maximum the algorithm is then called gradient ascent) of a function using
gradient descent, one takes steps proportional to the negative (when looking for
the minimum) of the gradient, or the approximate gradient, o f the function at the
current point. Gradient descent works in spaces of any numbe r of dimensions,
even in in nite-dimensional ones.

In [; ] the authors propose a method based on the gradient descent algo-
rithm to track the motion and facial gesture of faces. To accomplish this, the au-
thors use a geometric face model coupled with a gradient appr oach to handle the
transition model of the face tracker. They compare the fact of using a xed gradi-
ent matrix with a gradient matrix that evolves over time. The y use the geometric
model to estimate the gradient matrix, by adding some pertur bations to the pose
and animation parameters of the geometric model. They showe d that their ap-
proach when the gradient was estimated only at the rsttimei s not robust to out
of plane rotations nor to facial animation, while their appr oach that estimates the
gradient matrix every n frames is more robust to these variations. This method
can be compared with ours, but in our case we use the geometric model and the
perturbations in a supervised learning context, that will b e explained further.

Another example that uses a gradient descent technique is the active blob al-
gorithm proposed in [7?]. In this example the object to be tra cked is modeled by
a triangular mesh and a color texture, and it can handle non-r igid objects. The
optimization criterion uses a gradient approach to estimat e some partial deriva-
tives with respect to the model parameters, and the result of this gradient is then
used in addition to a Hessian matrix to converge to the desire d solution.

However there are some known drawbacks to the gradient desce nt approach.
Some of them are that it can need many iterations to converge toward a local
minimum, if the curvature in different directions is very di  fferent, and nding
the optimal step at each iteration can be time-consuming. Conversely, using a
xed step can yield poor result if it is too big, or to a very slo w convergence if the
step is too small.
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3.3.2 Supervised learning.

Supervised learning is a method that has three components. A set of learning
images containing different views of the selected object features to be learned, a
set of labels that are manually assigned to every image in the set of images, and
a mechanism to learn the relation between these object featues and the labels
assigned. Basically it consists in creating a function that maps inputs to desired

outputs [@]. This mapping can be of two forms. If we have an o utput in the

form of a class label, then we will talk about a classi cation . In the other hand, if

the output parameters can take continuous values we will tal k about a regression.
These two approaches are next explained.

3.3.2.1 Classi cation.

Classi cation consists in determining whether or not an obj ect is an element of
a class. This object can be a point, a patch, or a whole image. Tis kind of ap-
proaches presents the advantage of being very fast to determine the belonging of
an object to a class, but to have this classi er, it is require d to perform a training.
During the training we can use two sets, one containing examp les of the target
object or objects, and one with other kind of objects, such that we can have at
least two classes. Selection of these classes represents ahd task, and the train-
ing of the classi er also, because we need to have a lot of information, images
in our case, that contain the object or feature class, and al® lot of information of
non-objects. Additionally, this input information must be aligned, which is often
done manually.

A widely used classi cation method is the Adaboost algorith m [@]. Adap-
tive Boosting is an iterative method of nding a very accurat e classi er by com-
bining many weak classi ers. For each weak classi er, a weig ht is associated and
it depends on the misclassi ed data. The classi ers are putt ogether in a cascade,
so that the classi ers that are highly discriminant are used at the rst stages. The
following stages are chosen to be more discriminant for the m isclassi ed data
that can be obtained from previous stages. In this way an imag e that does not
correspond to a given object has a very high probability of be ing rejected in the
rst stages of the test and thus, further computation is not p erformed. Viola and
Jones proposed in @] the most known version of the Adaboost algorithm. It
uses Haar-like features as weak classi ers. This classi er has been used to detect
frontal view faces, pro le faces and some other objects and f eatures. The result-
ing detection is commonly used for tracking purposes, as an i nitialization step or
for recovery, as we will present in chapter 6.

Another widely used classi er approach is the support vecto r machine (SVM).
It consists in nding the maximum marginal hyperplane thats eparates one class
from the other. A certain measure is obtained from the distan ce between the hy-
perplane and the data points. The data points that are closer to the hyper plane
are called the support vectors. This method can be extended to a non linear by
means of the kernel trick and a kernel function, that will pro ject the data to a
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high dimensional space where an hyperplane could be estimat ed when the linear
version can not estimate this hyperplane. In [@, the author proposes the support
vector tracking (SVT) that uses the classi cation scores of the support vector ma-
chine (SVM) in order to track optical ow. To accomplish this , the author fuses
the tracking and the classi cation in such a way that the cost function optimizes
the score of the classi cation rather than the brightness di fference between two
consecutive images. The SVT algorithm uses a kind of iterative gradient descent
optimized over the SVM's scores. This algorithm is used to tr ack vehicles from a
camera mounted inside a car and it estimates the horizontal and vertical displace-
ment of the target. The principal advantage that is reported of doing this, is that
fusing the classi er and the tracker information gives bett er results than doing
it sequentially, tracking rst and then obtaining classi ¢ ation scores, because the
tracker can lead to regions where the classi cation scores are trapped in a local
minimum.

However, the task of tracking can also be done using a regression scheme in-
stead of a classi cation and in [, the authors improve the work of [@. First,
they perform a training of the SVM by moving a known object of s ome pixels in a
four dimensional space, corresponding to 2D vertical and ho rizontal translation,
scale and rotation. Then, with the SVM scores obtained, the authors perform a
linear regression in order to link the SVM scores to location 's variation. They im-
prove also this algorithm and propose to use the relevance ve ctor machine (RVM)
in [. The principal advantage of RVM is that it is well tte d for regression task
and introduces automatically a probabilistic measure of th e results. They com-
plement this tracker with a SVM for initialization and recov ery. This approach is
used to track faces and car plates.

In [@] the authors use a feature point detector based on [@], and use a classi -
cation to determine whether or not each feature point detect ed corresponds to one
of the class selected during training. The selection of the classes during training is
done by choosing those feature points more representative and present over the
whole set of training images. Then, only those that do not lea d to a misclassi ca-
tion over a certain limit are kept. In order to reduce the dime nsion of the patches,
a principal component analysis is performed and then a k-mea n estimation is
used to compact the representation of the view-set. This algorithm was reported
to be very fast and accurate. In order to ameliorate their app roach, a classi cation
tree method is proposed in [5& @]. This kind of approach is m ore complicated
to implement, but it is more robust and adapted to classi cat ion problems. They
also proposed in this approach their own feature detector, t hat quickly deter-
mines if a pixel is a feature point or not. This point detector is reported to be
fast and stable, with a reduced complexity with respect to th e traditional meth-
ods. To do this, the authors scan a circle around a point, and if they nd that the
neighbors have a similar intensity, then it is not an interes t point. This method
attributes also an orientation to each point, in order to int roduce robustness to 2D
rotations. The results reported show the robustness of the method for 2D af ne
movements in real-time applications.

As we have shown, classi cation is used to locate objects in v ideo sequences,
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and as previously explained, a Itering step isneededto nd the correspondences
between the detected objects across the frames. However, inthe approaches pro-
posed by EZ;ECHE&, they do not use this componentto nd the correspondences,
but assume that only one instance of the object is present in the image, so they
approach the tracking process by the detection of the object in each image inde-
pendently of the previous results.

3.3.2.2 Regression.

The regression is a statistical tool widely used to describe the relation existing
between two variables. The mathematical model of their rela tionship is the re-
gression equation. This equation contains estimates of oneor more hypothesized
regression parameters. To obtain these parameters, we haveto use samples of
both variables.

Uses of regression include curve tting, prediction (inclu ding forecasting of
time-series data), modeling of causal relationships, etc.

CCA. Due to the high dimensionality that arises when working with  images,
the use of a linear mapping to extract some linear features is common in the com-
puter vision domain. One of the most prominent methods for di mensionality
reduction is Principal Component Analysi§PCA) which deals with one data space
and identi es directions of high variance. However, faces r epresented by prin-
cipal components are sensitive to illumination, scale, tra nslation and rotation.
Moreover, using rst a PCA for dimensionality reduction and  then trying to nd
the linear relation between the reduced data set and the corresponding paramet-
ric data set can lead to a loss of information, from a regression point of view, as
PCA-features might not be well suited for regression tasks, as is demonstrated in
[@]. In our case we propose to use aCanonical Correlation Analysi€CCA) to nd
linear relations between two sets of random variables, because the dimensional-
ity reduction is performed jointly with the two data sets. [6 D;@;@].

Canonical correlation analysis (CCA) is a very powerful and statistical tool
that is especially well suited for relating two sets of measu rements, that has been
little known in the eld of signal processing and patternrec ognition until recently.
CCA can be seen as the problem of nding the direction vectors for two sets
of variables such that the correlations between the projections of the variables
onto these direction vectors are mutually maximized. The nu mber of direction
vectors is equal to or less than the smallest dimensionality of the two variables.
These direction vectors are calculated by using jointly the two data sets in order
to obtain the relationship that exists between them.

CCA has recently been used for appearance based 3D pose estimtion [@],
appearance-based localization ﬁi] and to improve the AAM s earch EQ]. These
works highlight the advantages of the CCA to obtain regressi on parameters that
outperform standard methods in speed, memory requirements and accuracy (when
the parameter space is not too small).
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An important property of canonical correlations is that the y are invariant with
respect to af ne transformations of the variables. This is t he most important dif-
ference between CCA and ordinary correlation analysis whic h highly depends
on the basis in which the variables are described [8]. We will present more in
detail the de nition of the CCA, and then we will present the f ormulation of the
problem and the procedure to obtain the solution, in the chap ter/4, where we will
present our approach. A detailed optimization formulated b y [@], Is presented
in appendix A which due to the nature of our data, was the formu lation used for
our implementation.

Kernel Canonical Correlation Analysis (KCCA). The principal idea behind
kernel methods is better understood if we consider a simple b inary classi ca-
tion problem in RP with non-overlapping classes, i.e. we have two classes that
can be perfectly delimited by a hyper plane of dimension p 1. Inthis case, a lin-
ear method will perform correctly the classi cation task. H owever, if the training
data x; 2 RP is not linearly separable, we can still perform a linear clas si cation
but rst we need to map this training data into a higher dimens ional feature space

[37; 38; 39; 43; 60]:

:RP 71 R®; s> p: (3.1)

Thus, using kernel-functions we can formulate our problem a s a non-linear
version of the original one with the advantage that the compl exity of the trans-
formed problem is not linked to the feature space dimension, but to the training
data set dimension, which means that we can use kernel transformations to fea-
ture spaces of high dimensionality.

We can apply the kernel-trickif we can express the classi er in such a way that
it only uses dot products of the transformed input data. This is useful because we
can express the dot product in the feature space in terms of kernel functions in
input space, i.e., (x)T (y)= k(x;y). A suf cient condition for a kernel-function
to correspond to a dot product in a feature space is given by Mercers Theoremin
[@], it is shown that CCA can be completely expressed in term s of dot products.

KCCA is used in[@ to measure the independence between two d ata sets, in
ﬂ?T? to learn a semantic representation of web images and their associated text,
in [38] to infer brain activity by learning a semantic repres entation of functional
magnetic resonance imaging of brain scans and their associded activity signal,
in [60] it is used to create appearance models in order to estimate the pose of
different objects and in [@] it is used to estimate the facial expression.

Like for the CCA, we will describe more explicitly the KCCAin  chapter/4.

3.3.3 Particle Filter.

Particle Filter is a Monte Carlo methodology for sequential signal processing that
has become of great interest in the last decades with the fastadvances in com-
puters. The principal advantage of this kind of approach ist hat it can cope with




50 3. TooLsS AND METHODS FOR OBJECT TRACKING .

dif cult nonlinear and/or non-Gaussian models, or when an a nalytical solution
can not be easily obtained, or can not be obtained at all. The underlying principle
of this methodology consists in approximating relevant dis tributions with ran-
dom measures composed of particles (samples from the space d the unknowns)
and their associated weights. A tracking example is depicte d in gure 3.3./A very
complete tutorial explaining particle Iters can be foundi n [@].

In [@], the authors propose an algorithm that can cope with m ultiple targets,
by using the number of targets as a component of the state vector that is esti-
mated at each iteration as well as an occlusion variable. To do this, the algorithm
decouples the sampling process in two parts, one local used to track the motion
of individual objects, and one global, used to track additio n or deletion of ob-
jects. This algorithm uses 300 particles and is capable of pocessing one frame
per second on video frames of size 320x240.

In [%], the authors propose also an algorithm capable of tra cking multiple
people, and in this case the number of moving objects is also unknown. The
difference is that in this algorithm there is an observation model which accu-
rately re ects the likelihood of differing numbers of objec ts being present. Once
this model is present, the particle Iter obtains the poster ior distribution over the
number and con guration of the objects.

In [E], the authors use a geometric model and a particle Ite r to track the 3D
pose of human faces in a 3D environment. They obtain good results for the six
parameters of the 3D pose tracking, but to extend the work to t rack facial gesture
they were constrained to use another approach. The principal inconvenient of
this kind of approaches is that they are not well adapted to co nditions where
the state vector to be tracked is of high dimensionality, bec ause the number of
particles required to do that increases exponentially.

Figure 3.3: Results from a particle lter that uses color to t rack a person. From
left to right, reference image and two tracking frames where the blue rectangle
represent the particles and the red rectangle represents the tracking estimation.

3.3.4 Some examples.

In recent years there have been multiple propositions used f or tracking faces. Two
of the most popular are the Active Appearance Models (AAM) an d the 3D Mor-
phable Model. These approaches model the shape and the appeaance of faces.
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The principal difference between these two approaches is that for the AAM, 2D
images are used to create the shape model, while in the case ofthe 3D morphable
model, 3D laser scans are used [91].

3.3.4.1 Active Shape Models and Active Appearance Models.

The description of Active Shape Models (ASM) can be found in [@], where the
characteristics of objects are learned during a training ph ase by building a com-
pact statistical model representing shape variation of the object. During the train-
ing phase, local features are annotated by hand in several images, intended to
contain all the possible variations that can perturb the sha pe of the object. The
chosen features are in this case corners and some of the bounéry points lying
between these corners, which can be found in all the image samples. These points
are put together in a vector, for each image, and all the vectors are used to create
a training dataset. Then, the principal component analysis (PCA) is performed
to reduce the dimensionality and to obtain a reduced set of pa rameters that de-
scribes the perturbations of the model from a reduced number of eigenvectors.
The goal of ASM is to nd the model parameters that best match t he shape of the
object in a new image. To do this, the rst step is to use a featu re detector, and
then try to nd the model con guration that best ts the featu  re points obtained.
This is done iteratively until the t measure is not improved

Active Appearance Models (AAM) can be seen as an extension of ASM [E].
This method obtains not only a statistical model of the shape , but also one of the
appearance (grayscale texture), and these models are fusedo create one that de-
scribes the variation in shape and texture that an object in an image can be subject
to. In this case the training step consists in using the notated face images as ex-
plained before, to obtain a statistical shape model, and also the texture that lies
under this model. From this texture another model is obtaine d. As these two
models are highly correlated, they are put together and by me ans of a PCA a new
set of parameters is obtained. With this model the relation b etween displacement
of a synthesized face and the original image is learned by means of a linear re-
gression. In this way the algorithm performs an analysis by s ynthesis, creating
a frame that tries to be as similar as the original frame by means of the learned
AAM, estimating the perturbation of the parameters that cor responds to the dif-
ference between the frame and the synthesized image. In @9], they use the CCA
to obtain the linear model between the perturbations parame ters and the error
between the synthesized image and the current frame.

Constrained Local Model described in [@ is a very similar m ethod, but the
principal difference is that only particular features of th e face are used, and the
model is learned only for patches around these local feature s.

There are some similarities between AAM and our approach, es pecially be-
cause both methods nd the regression between a residual and pose parameters,
and in our case this regression is performed by means of the CCA. However, our
approach uses a geometric model to model the shape, and that extends the track-
ing capabilities to 3D pose parameters. Another key differe nce is that we do not
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perform an analysis by synthesis, but we compare the face in the current image
with a reference face to correct the pose parameters.

3.3.4.2 3D Morphable Model.

The idea behind the 3D Morphable Model (3DMM) is to synthesiz e an image of
a face that resembles as much as possible as the face of the ingt image [68], by
means of a parameterized model. It consists then of two parts, a model and a
tting algorithm. The model should handle the conditions th at modify the ap-
pearance face image.

In order to construct the 3D morphable model, itis requiredt o have a setof 3D
faces obtained from several persons. In his work, Romdhani [@] uses 3D laser
scans. Then, he nds correspondences between the scans of oe chosen as the
reference model and the other, and then the principal compon ent analysis is per-
formed to estimate the statistics of the 3D shape and the texture of the faces. This
model intends to describe the parameters in such a way that th ey are indepen-
dent. These parameters should describe the principal sources of these variations,
which are, as described in @]:

? Pose changes produce changes of faces images. They producelso occlu-
sions of inner features.

? Illumination changes alter also the face image. Even with a xed pose,
changes of illumination produce important changes in a face image.

? Facial expression can also produce signi cant changes on the face appear-
ance.

? Aging in the longterm is also a source of image changes.

To take into account model changes due to illumination and po se, morphable
models impose the physical laws of nature based on the 3D geometry of faces and
the interaction of their surfaces with light. The other para meters are obtained by
exploiting the statistics of faces.

Once we had this model, we use it to synthesize faces. This is amethod of
analysis by synthesis. This means, given an image containing a face, we synthe-
size an image until we obtain an image that is close to the orig inal one. This will
give us a set of parameters of the morphable model that could b e used for multi-
ple purposes next. This approach is used in [@], to estimate the pose, the texture
and the variations in illumination.

In [@] we can nd a method that compares the AAM and the 3DMM, a nd that
creates a method that is a mix of both approaches, extending the AAM approach
for 3D models.

The principal differences between the 3DMM and our approach are that we do
not use 3D scans, but 2D images to construct a representationof the face by means
of a 3D geometric model and we do not use an analysis by synthesis approach.
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3.4 Conclusions.

We have presented the principal criteria that need to be considered before build-
ing a tracker, which are the choice of the object representation, the choice of the
features to be used for tracking purposes, and some of the most used tracking
methods. The choice between these criteria choice will depend on the kind of
analysis that we want to perform from the obtained data. The s election of the
method will then depend on the characteristics and the possi bility to model the
tracked object and the possible movements that it is expected to do. Another
characteristic that should be considered for the implement ation of the tracker is
to decide if the tracker will be speci c, or general, i.e., if we want to track a par-
ticular kind of objects, as persons for instance, or a more general tracker able to
track every moving object in the visual area of the camera. Finally, but not less
important, we have to know the external factors that will fac e our algorithm. We
need to know if the tracker will be used in outdoor or indoor en  vironments, or if
it will be applied to the video obtained from a xed or a moving  camera, because
these factors will also determine the choice of the approach.

In our case we have selected an appearance representation fo the face that is
obtained by means of a 3D geometric model. With this represen tation and the
parametric model we create synthesized face images by adding some perturba-
tions to the model parameters. The use of a model makes the tracking of a speci c
object more robust and discriminant. In our case, we also use the model to create
synthetic views of the face using a single face image Then, we use a supervised
learning approach that uses the CCA to nd the linear relatio nship that exists be-
tween the constructed face images and the model parameters perturbations. The
CCA is a statistical tool with very interesting characteris tics that has not been
used in signal processing until last years, that nds the lin ear relations between
two data sets. We will present our approach in more detail int he following chap-
ters as well as the principal advantages of it.

It is important to say that although there are algorithms wit h very good per-
formances, there is a lot of work to do, and the fact that the te chnology evolves
every day, will led us to develop algorithms more and more com plex that will be
applied in real time applications. These applications are a Iso growing as the algo-
rithm become more and more complex, letting us not only to est imate simple 3D
parameters, but also detect emotions or strange behaviors, and they will change
the way human interact with computers.
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Chapter 4

3D Pose Tracking of Rigid Faces.

Nowadays video face processing is a popular component in vid eo applications,
especially because a facial image conveys many pieces of inbrmation such as
identity of a person, the gender, his age, the relative position with respect to the
camera, the deformation of an individual face due to changes in expression and
speaking, variations in the lighting, etc. This is why faces has aroused the interest
of computer vision community, besides they are very familia rto us, i.e., we have
a well developed sense of what expressions and motions are natural for a face,
and also because human faces are very complex three dimensimal surfaces, that
are exible, usually contain creases, and they have color variations, and thus,
they represent a real challenge. So, human face perception s currently an active
research area in the face image processing community.

There are several related topics of analysis, synthesis andprocessing of images
containing human faces [E], but in our study we are more inter ested in locating
and tracking faces in video sequences. The interest of locaing and tracking hu-
man faces is that it is a prerequisite for face recognition and or facial expression
analysis, even if it is assumed in most of the cases that a normalized face image
is available. There is a panoply of applications behind face tracking, like face-
based biometric person authentication, human-computer in teractions, behavior
analysis, driver monitoring systems, marketing and advert ising, interactive in-
formation system, computer games, teleconferencing, surveillance or behavior
understanding, etc.

So, in order to deal with face tracking, vision research grou ps have proposed
in the last years several approaches that can be classi ed in two main groups:
model-based and learning-based approaches. In the rst category, tracking al-
gorithms rely on a parametric model of the object to be tracke d. In the second
category, algorithms presuppose the availability of a trai ning set of object exam-
ples, and use pattern recognition/classi cation techniqu es. We can also make a
classi cation by the data derived from the video frame, as ed ges, interest points,
gray level intensities or color histograms, etc, that were b rie y presented in chap-
ter 3.

Nearly all parametric facial feature tracking techniques ( ASMs, AAMs, etc.),
also introduced in chapter 3, operate the central idea of nd ing a relationship
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between shape and appearance. Some people do this explicitly through gradient
techniques or others have done this through learning techni ques like regression
(linear or kernel based).

Due to the high dimensionality that arises when working with  images, the
use of a linear mapping to extract some linear features is common in the com-
puter vision domain. One of the most prominent methods for di mensionality
reduction is Principal Component Analysi@PCA) which deals with one data seand
identi es directions of high variance. In our case, we are in terested in identifying
and quantifying the linear relationship between two data set the change of the
pose parameters of the Candide model and the residuals of the face appearance
normalized to a neutral pose. If we use rst a PCA to reduce the dimensional-
ity of the data sets and then we try to nd the linear relation b etween them, a
loss of information containing the relationship between th ese two data sets may
be produced, as PCA-features might not be well suited for reg ression tasks. In
our case we propose to use aCanonical Correlation Analysi@€CCA) to nd linear
relations between two sets of random variables and make the d imensionality re-
duction of both data sets jointly [§; ﬁ CCA nds pairs of di rections for two
sets of vectors, such that the projections of the variables onto these directions are
maximally correlated. CCA is a statistical method which rel ates two sets of obser-
vations, and that is well suited for regression tasks. CCA ha s recently been used
for appearance based 3D pose estimation [EO], appearance-hsed localization ﬂﬂ]
and to improve the AAM search [29—]L These works highlight the advantages of
the CCA to obtain regression parameters that outperform sta ndard methods in
speed, memory requirements and accuracy (when the parameter space is not too
small).

When tracking a rigid object in a 3D space, the pose of an objed may be ex-
plained by a state vector B; at frame t of dimension six, three translation param-
eters and three rotation parameters. This chapter addresses the problem of track-
ing in a video the global motion of a face as a rigid object. In o ur case, we propose
a deterministic approach based on Canonical Correlation An alysis (CCA), on raw
brightness images, and in a similar way as in [@, we use a 3D face model to track
people's 3D head pose.

Although model-based methods and CCA are traditionally use d in the com-
puter vision domain, these two methods together were not alr eady used in the
tracking context until very recently [2@@. We will show e xperimentally on dif-
ferent public and own video sequences that, indeed, our CCA a pproach is well
suited to obtain a simple and effective facial pose estimati on.

A tracker, as explained in chapter 3, usually consists of two components: a
detecting component, and a Itering component to add tempor al continuity con-
straints across frames and to deal with dynamics of the track ed object. As we said
before, these components can be done jointly or separately w]. In our case we
do it jointly by taking into account the last known position i n order to estimate
the variation of this position with respect to a reference ve ctor, which is updated
from frame to frame.

This chapter is structured as follows. In the rst section we will talk about
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the geometric models, and particularly about the Candide model that is a crucial
piece of our work, then we will introduce the Canonical Corre lation Analysis
and Kernel CCA used in our work. After that, we will presentho w we link these
concepts to track a face in a video sequence to nally present experiments on long
video sequences.

4.1 Parameterized geometric models.

Geometric facial models for computerized facial animation were proposed by
Parke @;@] for computer graphics purposes in the 70's. To obtain these kinds
of models, the author drew on a person polygons and took front al and pro le
photos of the drawn face to obtain a 3D model. In this early wor k the author al-
ready suggested that facial models might be used for data com pression, previews
of the effects of corrective surgical or dental procedures, interactive applications,
tracking, etc. This makes people to get interested in representing facial move-
ments in a parametric way, in order to code all the possible de formations of a
face with a very reduce number of parameters. This interest g ave origin to pa-
rameterized models which became powerful tools for facial i mage synthesis and
analysis. Geometric face models have been used in the compuer vision commu-
nity for several purposes, from 3D synthesis, compression of video sequences, to
human behavior analysis.

As the use of these geometric models grew, also did the necessty of a stan-
dard for facial movements, and this gave origin to the Facial Action Coding Sys-
tem (FACS) @] as a method for measuring and describing facial behaviors. Paul
Ekman and W.V. Friesen developed the original FACS in the 1970s by determin-
ing how the contraction of each facial muscle (singly and in ¢ ombination with
other muscles) changes the appearance of the face. They examed videotapes
of facial behavior to identify the speci c changes that occu rred with muscular
contractions and how best to differentiate one from another . They associated the
appearance changes with the action of muscles that produced them by studying
anatomy, reproducing the appearances, and palpating their faces. Their goal was
to create a reliable mean to determine the category or categaies in which to t
each facial behavior. It is the most popular standard curren tly used to system-
atically categorize the physical expression of emotions, and it has proved useful
both to psychologists and to animators.

FACS measurement units are Action Units (AUs), not muscles, for two rea-
sons. First, for a few appearances, more than one muscle was ombined into a
single AU because the changes in appearance they produced caild not be distin-
guished. Second, the appearance changes produced by one musle were some-
times separated into two or more AUs to represent relatively independent actions
of different parts of the muscle.

FACS de nes 32 AUs, which are a contraction or relaxation of o ne or more
muscles. It also de nes a number of Action Descriptors, whic h differ from AUs
in that the authors of FACS have not speci ed the muscular bas is for the action
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and have not distinguished speci ¢ behaviors as precisely a s they have for the
AUs.

Using FACS, human coders can manually code nearly any anatomically pos-
sible facial expression, decomposing it into the speci c AU s and their temporal
segments that produced the expression. As AUs are independent of any interpre-
tation, they can be used for any higher order decision making process including
recognition of basic emotions, or pre-programmed commands for an ambient in-
telligent environment.

With the success of the MPEG-4 standard for face animation which provides
a standardized way for storing and transmitting animation p arameters, model-
based coding and face animation have been increasingly popular research topics.
The basic idea of model-based coding is that the appearance and motion of a hu-
man face are analyzed, in order to extract compact parameters. These parameters
can be transmitted at very low bit rates, potentially allowi ng video face-to-face
communication over narrow channels.

Thus, at the beginning, the purpose of the face models was to represent the
face with the minimum amount of complexity, using the least g uantity of points
and polygons, to reduce the computing time of deforming it. O ne example of
these models can be seen in the model developed by Rydfalk @] known as
the original Candide model. Candideis a parameterized model consisting of
some vertices, that are connected by means of polygons. Its bw number of
polygons, approximately 100, allows fast reconstruction w ith small computing
power. Based on this version, Strdemberg M] created the dandard Candide
model, which is a slightly modi ed model with 79 vertices, 10 8 surfaces and 11
Action Units AUs. In our work, we used the wireframe model Candide 3, pro-
posed by Jorgen Ahlberg. This model consists of a small number of vertices,
114, and a small number of triangles, 178 after some personalmodi cations, and
it represents a face statically and dynamically by means of shape animation units
with an acceptable realism. Candide model is still widely used, since its simplic-
ity makes it a good tool for image analysis tasks and low compl exity animation.
It was used in the head and facial tracking context in [éﬂ, in [@] to restore human
faces in noisy video sequences, in [Hl] it was modi ed automat ically from a pro le
and a frontal view in order to capture the physical character istics of a person, in
HE] to estimate the 3D pose from planar images. In the follow ing section we will
describe in detail the Modied Candide model used in our work and how we
used it to obtain a facial texture.

4.1.1 Candide model.

In gure 4.1 we can see the extended Candide model. The principal difference

between our version and that proposed by Jorgen Ahlberg [2] is that we added
some points to better describe the eyebrows, and the nose, aswell as some shape
units, to better adapt it to face characteristics. The resulting model consists of
1203D vertices, that are used to form 198triangles. They can be modi ed by 69
animation units and 16shape units.
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Figure 4.1: Extended Candide model.

The Candide model consists of a group of 3D vertices interconnected to de-
scribe a face by means of the triangles formed between these \ertices. We can
write these 3D vertices asP;;i = 1;:::; n being n the number of vertices. Thus, we
have a 3n-vector g which is the concatenation of all the vertices P;. This vector
can be written in terms of the modi cations that can be applie d as:

d(s a)=0+S s+A o (4.1)

where g is the standard shape of the Candide model, ¢ and , are shape and
animation control vectors, and the columns of S and A are the Shape and Ani-
mation Units respectively [ﬁ], [f]. Thus S ¢ accounts for the shape variability
and A, accounts for the facial animation, both of them assumed to be inde-
pendent. The model (4.1) can be seen as one static part and onedynamic part
acting independently. The model's static part corresponds to characteristics such
as nose size, eye separation distance, eyebrows vertical psition, etc, and can be
written as:

gs(s)=T9+S (4.2)

and it is inherent to a given person. An example of these param eters is shown in
gure 4.2, where some shape units corresponding to eyebrows and eyes vertical
position are illustrated.

To acquire the static part, it is necessary to obtain . In this part of our stud
s Is obtained manually. This can also be done automatically as proposed in [4],
and as we will present in chapter 6.

To perform the manual initialization, we place the Candide model over the
rst video frame y,. Then we modify the control vectors ¢ and 4, by tting the
Candide shape over the face in the rst video frame.

Once the mask is modi ed to the person's characteristics, we can simplify our
model equation (4.1) as:
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Figure 4.2: Example of shape units. From left to right, stand ard shape of the Can-
dide model, eyebrows' vertical position set to maximum, eyes' an d eyebrows'
vertical position set to maximum.

d(s a)=0s+A , (4.3)

It is important to say that there is also a difference between the proportions
of the face for every people, so it is necessary to adapt also te vertical, hori-
zontal and deep proportions by a scalar factor in each direction. Although this
is adapted at the initialization step with the shape paramet ers, this scaling also
affects the animation parameters. We can then write equation (4.3) as:

(s a)=P(@s+A ) (4.4)

being P = P(py; py; P;) a scale matrix that modi es each 3D point of the Candide
model.

Since we also want to perform global motion, we need a few more parameters
for rotation and translation. Thus we replace (4.4) by:

g(ttyitss x5 yi 2 st a)= RP(gs+ A o)+t (4.5)

where R = R( x; y; ) is obtained from a rotation matrix and t = t(t;ty;t,) is
obtained from a translation vector.

As gs, S and P remain constant after the initialization step, we can state that
given the Candide model, our 3D tracking problem consists in estimating the 3D
head pose and the control vector ,, what makes the state vector to be written as:

b=« yi atatyitss al (4.6)

For simplicity when referring to the Candide model we will use the notation
g(by), where the t stands for the time index.

When positioning the Candide model over the current frame vy, we can obtain
the texture that lies under it, in order to warp it to the 3D Candide model. To
do this, we used a well known technique called texture mappin g. It consists
in mapping a source 2D image onto a 3D surface, which is then mapped to the
destination 2D image by means of a perspective projection. This means that we
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have three coordinate spaces. The 2D texture space labeled a(u; v), the 3D object
space labeled as(xo.; Yo; Zo) and the 2D screen space that is labeled(x;y) ]. In
other words, taking the Candide's 3D vertices we estimate for each vertex the
corresponding screen coordinates(x;y). Then from these screen coordinates(x;y)
we estimate also for each vertex the texture coordinates of the current frame (u; v).
Finally, we warp the texture contained in each triangle of th e texture image to
each triangle of the 3D Candide model.

To verify that the texture obtained is correct, we draw the ob tained 3D model
with the texture warped on it in a frontal view, as can be seen i n top of gure
4.3(b) and in a three rotated views, as can be seen in the bottan of gure 4.3 (b).
The three synthesized rotated views are useful to adjust the z-component and the
parameters of s and ,. The vector , is supposed to be constant for the pose
estimation: the face is seen as a rigid object during the pose estimation process,
with a xed expression.

(@) (b)

Figure 4.3: (a): Candide model placed over the target face in the rstvideo frame.
(b): frontal texture views of the target face in the top and prol e synthesized
texture views of the target face in the bottom, used to help th e initialization step.

4.2 Normalized face's texture.

Although normalization process is often treated as a separate preprocessing step,
it is an inherent part of face recognition. The ability of a sy stem to produce nor-
malized face sequences implies that it recognizes faces as ainique class of ob-
jects in a manner which exhibits invariance under many possi ble factors, such as
changes in illumination, orientation, position in a 3D spac e, etc.

In our case we performed a geometrical normalization as described in [§] and
later in [fS—lﬂ. In our case, we use the geometric model to produ ce a normalized
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face. To proceed like this we use a transformation of the texture obtained at each
frame. It consists in several steps:

? First we take the 2D texture lying underneath the 3D Candide model, and
warp it to the 3D model.

? Then, we draw the 3D Candide model with the texture warped, with all
the rotations and translations xed to a prede ned value, in  this case, zero,
except for the scale parameter, for the frontal view. Then, w e add two syn-
thesized pro le views at each side with a rotation of ~ 60with respect to the
vertical axis. All the expression parameters , are set to zero.

? Next, we load a xed size window containing this draw and tran  sform it to
a greyscale image, obtaining nally an expression-free pat ch of size58 72
pixels as the one depicted in gure 4.4.

? This patch is then normalized by the norm of all the pixel valu es and re-
shaped, giving the vector x; = W(g(by); Y) of size d = 4176 by taking each
column and putting it under the previous one ( W can be seen as the texture
mapping operator).

The reason of doing this geometrical normalization is to obt ain the face fea-
tures, for instance the eyebrows and the lips, always at the same place.

Figure 4.4: Expression-free patch.

In our case we have used the OpenGL library to implement the te xture map-
ping between the frame image and the Candide model to create the expression-
free patch.

This vector x; = W(g(by); Y ) is called stabilized face images (SFl), and it will
be considered as our observation. The vector obtained from the initialization step

will be called reference vector and it is denoted as xgef) = W(g(bo); Y o), where
b, corresponds to the vector state manually initialized, g(bg) corresponds to the
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geometric model placed at position by and yq corresponds to the rst video frame
where initialization takes place.

To make this observation model robust to most of the environm ent variations
during the tracking process, due to lightning changes, grim aces, occlusions, and
even the pose, it was then necessary to introduce an adaptation to the reference.
In order to do that, we perform an update of the reference at ea ch time using the
following expression:

xi = xR 4.7)

where R denotes the vector resulting from the estimation of the stat e vector B,
and denotes a forgetting factor. This forgetting factor has been determined
from experiments and xed to 0:99for all the tests, proving to be robust in all the
video sequences tested.

The advantage of this kind of normalization is that the resul ting vector presents
always the same characteristics, giving us a facial textures that encodes the char-
acteristics of one person, but with all the facial features, such as nose and eyes
position, always in the same place. This will show to be usefu | when working
with multiple people in order to obtain a general model.

4.3 Canonical Correlation Analysis

In a video sequence depicting a moving face, the tracking consists in estimating

the state vector B; at frame t that best matches the measurements in the current
image Y. To perform this, we consider two approaches, to learn a relation be-
tween a set of perturbed state parameters and the associatedimage patches. One
is based on Canonical Correlation Analysis, and the other on e on kernel CCA. In

this section we will brie y introduce CCA and KCCA, as wellas  the way we use
them for face tracking.

4.3.1 Canonical Correlation Analysis

Canonical correlation analysis is a way of identifying and q uantifying the linear
relationship between two data sets of random variables. CCA can be seen as the
problem of nding pairs of directions for two sets of variabl es, one for A, rep-
resenting m examples of the d-dimensional vector x ; and the other for A, rep-
resenting m examples of the p-dimensional vector b ;, such that the correlation
between the projections of the variables onto these direction vectors are mutually
maximized. Let us notice that for this training, i denotes the index of the database
examples, with i =1 :::m. In our case the x ; vectors will represent the residual
between the face vectors with respect to a reference x ; = x; x(") and b ;
the corresponding perturbation of the state vector parameters b ; = b; b,
i 6 j. The canonical correlation coef cients can be calculated directly from the
two data sets. An important property of canonical correlati ons is that they are
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