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Abstract

People often look at objects and people with which they & l\lito interact. The first
step for computer systems to adapt to the user and to impnb@ection and with people is to
locate where they are, and especially the location of tlaeies on the image. The next step is
to track their focus of attention. For this reason, we arergdted in techniques for estimating
and tracking gaze of people, and in particular the head pose.

This thesis proposes a fully automatic approach for head psmation independant of the
person identity using low resolution images acquired inanstrained imaging conditions. The
developed method is demonstrated and evaluated using by danspled face image database.
We propose a new coarse-to-fine approach that uses botH glablcal appearance to estimate
head orientation. This method is fast, easy to implemeibtsbto partial occlusion, uses no
heuristiques and can be adapted to other deformable obfexts region images are normalized
in size and slant by a robust face tracker. The resulting abred imagettes are projected onto
a linear auto-associative memory learned using the Widro#f-rule. Linear auto-associative
memories require very few parameters and offer the advantiaat no cells in hidden layers
have to be defined and class prototypes can be saved andnestéweall kinds of applications.
A coarse estimation of the head orientation on known and owknsubjects is obtained by
searching the best prototype which matches the currentamag

We search for salient facial features relevant for each Ipesé. Feature points are locally
described by Gaussian receptive fields normalized at sitrincale. These descriptors have
interesting properties and are less expensive than Gaba@leta. Salient facial regions found
by Gaussian receptive fields motivate the construction ofodehgraph for each pose. Each
node of the graph can be displaced localy according to itersal in the image. Linear auto-
associative memories deliver a coarse estimation of the.Mie search among the coarse pose
neighbors the model graph which obtains the best match. ©ee pssociated with its salient
grid graph is selected as the head pose of the person on tige.imhis method does not use
any heuristics, manual annotation or prior knowledge orfdbe and can be adapted to estimate
the pose of configuration of other deformable objects.

Keywords: Head pose estimation, focus of attention, real-time faaeking, linear auto-
associative memory, Gaussian derivative receptive fiéddsure saliency, grid graphs.
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Réesumeé

Les personnes dirigent souvent leur attention vers led®hbjeec lesquels ils interagissent.
Une premiére étape que doivent franchir les systémes irdgones pour s’adapter aux utilisa-
teurs et améliorer leurs interactions avec eux est de kerdieur emplacement, et en particulier
la position de leur téte dans I'image. L'étape suivante estudvre leur foyer d’attention. C'est
pourquoi nous nous intéressons aux techniques permetetinder et de suivre le regard des
utilisateurs, et en particulier I'orientation de leur téte

Cette thése présente une approche complétement automatiqudépendante de I'identité
de la personne pour estimer la pose d’'un visage a partir gésdasse résolution sous condi-
tions non contraintes. La méthode developpée ici est éeadtigalidée avec une base de don-
nées d’'images échantillonnée. Nous proposons une noagileche a 2 niveaux qui utilise les
apparences globales et locales pour estimer l'orientatela téte. Cette méthode est simple,
facile a implémenter et robuste a I'occlusion partielles limages de visage sont normalisées
en taille dans des images de faible résolution a I'aide digordghme de suivi de visage. Ces
imagettes sont ensuite projetées dans des mémoires adizdis®s et entrainées par la re-
gle d’apprentissage de Widrow-Hoff. Les mémoires autoziatives ne nécessitent que peu de
parameétres et évitent 'usage de couches cachées, ce quéfpler sauvegarde et le charge-
ment de prototypes de poses du visage humain. Nous obtemengremiére estimation de
I'orientation de la téte sur des sujets connus et inconnus.

Nous cherchons ensuite dans I'image les traits faciaulasssl du visage pertinents pour
chaque pose. Ces traits sont décrits par des champs réoggti§siens normalisés a I'échelle
intrinséque. Ces descripteurs ont des propriétés int#néss et sont moins colteux que les
ondelettes de Gabor. Les traits saillants du visage détgeteles champs réceptifs gaussiens
motivent la construction d’'un modéle de graphe pour chagse pgChaque noeud du graphe peut
étre déplaceé localement en fonction de la saillance du fexidl qu’il représente. Nous recher-
chons parmi les poses voisines de celle trouvée par les mésranitoassociatives le graphe qui
correspond le mieux a I'image de test. La pose correspoadasttsélectionnée comme la pose
du visage de la personne sur I'image. Cette méthode neifiless d’heuristique, d’annotation
manuelle ou de connaissances préalables sur le visagetditpeadaptée pour estimer la pose
d’autres objets déformables.

Mots clés : estimation de I'orientation de la téte, foyer d’attentisuoivi du visage en temps
réel, mémoires linéaires autoassociatives, champs Ii&celgt dérivées gaussiennes, régions
saillantes, graphes.
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Chapitre 1

Introduction

La plupart des ordinateurs modernes sont autistes. Peuwelhes technologies existent
pour recenser les interactions sociales entre des perseheatre une personne et une machine.
En conséquence, les systemes artificiels distraient soleentilisateurs avec des actions in-
appropriées et n'ont pas ou peu de capacités a utiliser fesattions humaines pour corriger
leur comportement.

Un aspect important des interactions sociales est la d@pobserver I'attention humaine.
Généralement, les personnes localisent le foyer d’atterdes personnes en observant leurs
visages et leurs regards. En majeure partie, I'intérétagtdhtion d’'une personne peuvent étre
estimés a partir de I'orientation de sa téte.

Dans cette thése, nous nous intéressons au probleme dmdigsh de I'orientation, ou
pose, de la téte sur des images non contraintes. La pose @teladt déterminée par trois
angles : I'inclinaison par rapport au corps (slant), I'inelison horizontale (pan) et I'inclinaison
verticale (tilt). L'angle slant varie autour de I'axe longglinal. L'angle tilt varie autour de I'axe
latéral, quand une personne regarde de bas en haut. Cetemtdte plus difficile a estimer.
L'angle pan varie autour de I'axe vertical, quand une pemgdourne sa téte de gauche a droite.
Notre objectif est d’estimer ces trois angles, ce qui sardi& premiere base a I'estimation de
I'attention.

Beaucoup de techniques d’estimation de regard et de pose ttel présentes dans la
littérature utilisent des équipements spécifiques, comithenlination infrarouge, I'électro-
oculographie, les casques portables ou des lentilles dmaospécifiques [59, 167, 33]. Des
systemes utilisant des caméras actives ou la vision stéréadssponibles dans le commerce
[162, 96, 120]. Bien que de telles techniques soient tresg®s, elles sont généralement chéres
et trop intrusives pour beaucoup d’'applications. Les sgegbasés sur la vision par ordinateur
présentent un choix plus accessible et moins intrusif.

Notre but est de proposer une méthode non intrusive et quéoessite pas d’équipement
spécifique pour estimer I'orientation de la téte. En paligunous nous intéressons aux tech-
nologies robustes au changement d’identité sous des cmmgld’'images non contraintes. Les
humains peuvent estimer grossiérement la pose d’un objetté& ¢'une image. En outre, I'es-

15



16 CHAPITRE 1. INTRODUCTION

timation de l'orientation de la téte a partir d'une image lasbase pour une estimation plus
précise a partir de plusieurs images.

Les approches pour estimer I'orientation de la téte a pditine simple image peuvent
étre regroupées en 4 familles : les approches géométrigDese approches géométriques
3D, les approches par transformation faciale et les appogplar classifieurs. Les approches
géométriques 2D utilisent certains traits du visage paunter des correspondances et estimer
ainsi I'orientation. Ces méthodes sont précises mais sé&easune bonne résolution de I'image
du visage et voient leurs performances se dégrader sur desements de téte amples. Les
approches géométriques 3D appliguent un modele 3D de lsstétéimage pour retrouver
la pose. Ces techniques sont encore plus précises, maignaguplus de temps de calcul,
une bonne résolution ainsi qu’une forte connaissance aiséabu visage. Les approches par
transformation faciale utilisent certaines propriétésdtes pour obtenir une estimation de la
pose de la téte. De telles méthodes sont simples a mettreae,aais sont parfois instables
et non robustes a l'identité. Les approches par classifiésdvent le probleme en cherchant
la meilleure correspondance avec I'image courante et unélegaréalablement appris. Ces
meéthodes sont trés rapides, mais ne peuvent délivrer ge'stimaation grossiere et 'utilisateur
n'a pas de retour d’'information si le systéme échoue. Nowsldppons une approche hybride
globale et locale a 2 niveaux pour estimer I'orientation @eéte dont les performances sont
comparables aux performances humaines.

1.1 Estimation de la pose de la téte par apparences globale et
locale

Dans cette thése, nous proposons une approche complétaatentatique d’estimation
de pose de la téte indépendante de lidentité sur des imagges glans des conditions non
contraintes. Cette approche combine les avantages descapgrglobales qui utilisent I'appa-
rence entiere de I'image du visage pour la classificatioe&fbproches locales qui utilisent
les informations contenues dans les voisinages de pixéésiet relations dans I'image, sans
utiliser d’heuristique ni de connaissance préalable swidage. Nous présentons un systeme
d’estimation de l'orientation de la téte & 2 niveaux basélesimémoires autoassociatives li-
néaires et les graphes de champs réceptifs gaussiens méttrede marche sur des images non
alignées comme dans les conditions réelles et sa perfoaeticomparable aux performances
humaines.

Pour mesurer efficacement la performance d’un algorithrastaothation de pose de la téte,
il est nécessaire de le tester sur une base de données repti#se Dans la littérature, les
méthodes différentes sont souvent testées sur des basesarmteed différentes, ce qui rend les
comparaisons difficiles. Une base de données représenthtit’contenir un nombre suffisant
d’orientations pour observer le comportement de I'algonié sur chaque pose. Cette méme
base de données doit étre symétrique et suffisamment détramdie. Si une méthode marche
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bien sur la plupart des angles, elle peut étre adaptée aldeupose de la téte en temps réel et
en conditions réelles, dans lesquelles I'orientation détlan’est pas discréte mais continue.

Dans nos expériences, nous utilisons la Pointing 2004 Head IPhage Database [39], une
base de données échantillonnée de 15 en 15 degrés couveadenm-sphére d’orientations,
soit des angles pan et tilt variant de -90 a +90 degrés. Caste tontient 15 sujets. Pour chaque
sujet, il y a 2 séries de 93 images de pose. L'apprentissageaedt peuvent étre faits soit sur
les sujets connus en effectuant une validation croiséeesisdries, soit sur les sujets inconnus
en effectuant un algorithme Jack-Knife sur les sujets.

Les capacités humaines pour estimer I'orientation de éagént largement inconnues. Nous
ne savons pas si les humains ont une aptitude naturellendeesti pose de la téte a partir d’'une
simple image ou s’ils doivent étre entrainés a cette tacteta g'images d’exemple. De plus,
nous ne connaissons pas l'exactitude avec laguelle unerperpeut estimer les angles pan et
tilt. Dans ses études, Kersten [65] montre que les poseefgmefil sont utilisées comme des
poses clés par le cerveau humain. Comme référence, nous évalué les performances d’'un
groupe de personnes a I'estimation de I'orientation detia $ér une partie de la Pointing’'04
Head Pose Image Database. Ces expériences montrent geialgotithme obtient des résultats
similaires a ceux obtenus par le groupe de personnes.

Dans notre méthode, une premiére estimation de la pose &stugben cherchant la meil-
leure mémoire autoassociative linéaire correspondanitreadje du visage. Nous combinons
cette estimation avec une autre méthode basée sur les s&gdlantes du visage pertinentes
poour chaque pose. Les régions saillantes sont décritetefoent par des champs réceptifs
gaussiens normalisés a leurs échelles intrinséques, demaé le premier maximum local du
laplacien normalisé. Ces descripteurs ont des propriétégeissantes et sont moins codteux a
calculer que les ondelettes de Gabor. Les régions saiflalétectées de cette facon permettent
la construction d’'un modéle de graphe pour chague pose.u@hacpud du graphe peut étre
déplacé localement en fonction de sa saillance et est apaoténe densité de probabilité de
vecteurs de champs réceptifs gaussiens normalisés etridést hiérarchiguement, pour repré-
senter les différents aspects que peuvent avoir un ménieltraisage selon différentes iden-
tités. Les mémoires autoassociatives linéaires donnenpremiere estimation de la pose. Ce
résultat est raffiné en cherchant parmi les poses voisine®ikeur modéle de graphe corres-
pondant. La pose associée au modele de graphe est séléeticomme la pose du visage de la
personne.

1.2 Contributions principales de cette these

Nos expériences montrent que les humains réussissent admennaitre les poses face
et profil, mais moins les poses intermédiaires. Le groupeettsomnes a effectué une erreur
moyenne dd 1.85° en pan et 1.04° en tilt. Lerreur minimale se trouve pour la pose 0 degré,
ce qui correspond a la vue de face. L'angle pan semble pluselat estimer. Ces résultats
suggerent que le systeme visuel humain utilise face et profiilme des poses clés, comme
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stipulé dans [65].

Dans notre méthode, la région de I'image correspondant sagei est normalisée dans
une image de petite résolution en utilisant un systéme de delivisage. Les mémoires auto-
associatives linéaires sont utilisées pour apprendre éstppes d’orientations de la téte. Ces
mémoires sont simples a construire, ne requiérent que ppardenétres et sont adaptées pour
I'estimation de la pose du visage sur des sujets connus@tmus. Les prototypes peuvent étre
appris en utilisant un ou deux axes. Avec une erreur moyeamaains del(0° en pan et en tilt
pour des sujets connus, notre méthode est plus performaatkes réseaux de neurones [152],
I’Analyse par Composantes Principales et les modéles detes [145]. Nous obtenons une
erreur moyenne dé0° en pan etl6° en tilt sur des sujets inconnus. Apprendre les angles pan
et tilt ensemble n’améliore pas significativement les r@sulNous apprenons donc ces angles
séparément, ce qui réduit le nombre de prototypes a utiles résultats sont obtenus sur des
images non alignées. Les prototypes de poses du visageretive sauvegardés et chargés
ultérieurement pour d’autres applications. Notre aldonié de premiere estimation de la pose
fonctionne a 15 images par seconde, ce qui est suffisant psuagplications vidéo telles que
les interactions homme-machine, la vidéosurveillancegehvironnements intelligents.

Cette premiére estimation est raffinée en décrivant les ésaly visage par des champs
réceptifs gaussiens normalisés a leurs échelles intniresed.es dérivées gaussiennes décrivent
'apparence de voisinages de pixels et présentent un mdfieace pour détecter les traits du
visage indépendamment de leur taille et de leur illumimatide plus, elles ont des propriétés
d’invariance intéressantes. Les images de visage sortd#nstes par des vecteurs de faible
dimension. Les régions saillantes du visage sont décassert analysant les régions qui par-
tagent une apparence similaire sur un rayon limité. Nousvisos que les principaux traits
saillants du visage sont : les yeux, le nez, la bouche et Iaodu visage. Ces résultats res-
semblent aux traits faciaux regardés par les humains setoétlides de Yarbus [165].

Les graphes de champs réceptifs gaussiens améliorenin&iin de la pose obtenue en
premiére estimation. La structure de graphe décrit a la'parence des voisinages de pixels
et leurs relations géométriques dans I'image. Les résutait meilleurs en effectuant un clus-
tering hiérarchique en chaque nceud du graphe. Les graptmsvrant la totalité de I'image
du visage sont plus performants que ceux ne recouvrant gupartie du visage. Plus grande
est la portion d'image recouverte, plus importantes somtrédations géométriques. De plus,
paramétrer le déplacement local maximal d’un nceud en fomcte sa saillance résulte en une
meilleure estimation que fixer un méme déplacement local ploaque nceud. Un nceud placé
sur un trait saillant du visage représente un point pertipear la pose considérée et ne doit pas
trop se déplacer de son emplacement initial. Au contramenagud placé dans une région peu
saillante ne représente pas de point pertinent pour la ggesiebouger. En utilisant cette mé-
thode, nous obtenons un systéme d’estimation de la posetéie lavec une exactitude de®
en pan efl 2° en tilt sur des sujets inconnus. Cet algorithme ne requastpheuristique, d’an-
notation manuelle ou de connaissance préalable sur leevestageut étre adapté pour estimer
I'orientation ou la configuration d’autres objets déforreab

L'estimation de pose du visage est testée sur des séquadéesde la IST CHIL Pointing
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Database. Le contexte temporel offre un gain en temps delcabnsidérable. La pose du
visage sur I'image suivante se trouve dans le voisinage deda courante. Nous avons obtenu
une erreur moyenne d®.5° en pan. Les sujets sont différents de ceux de la base de donnée
Pointing’04. L'estimation de I'orientation de la téte petgalement servir d’entrée pour des
systémes attentionnels [85].
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CHAPITRE 1. INTRODUCTION



Chapitre 2

Contenu de la these

L'attention visuelle contribue plus que I'attention auinktdans I'attention humaine [129].
De plus, plusieurs études rapportent que le regard fougastidformations importantes sur le
foyer d’attention [130, 75]. La direction du regard est dét@ée par I'orientation de la téte et
la position de la pupille sur I'ceil. Durant un regard rapiti@;y a presque pas de rotation de la
téte. Les yeux peuvent mouvoir leur orbite a une vitessegilesqu’'a 500 degrés par seconde.
Cependant, pour un regard soutenu, les muscles des yeurswihkd'effort pour se maintenir
désaxés. La rotation de la téte soulage alors cet efforst@eurquoi la plupart des études
montrent que I'orientation contribue généralement plus lguposition de la pupille sur I'ceil
a I'attention visuelle. Dans ses études, Stiefelhagen,[138] a trouvé que les gens tournent
la téte plus souvent que les yeux dans 69 % des cas et la direltila téte est la méme que
celle des yeux dans 89 % en situation de meeting. En outregtééties pupilles sur une image
requiert une haute résolution de I'image du visage, et lex peuvent cligner, ce qui les rend
plus difficiles a détecter. C’est pourquoi nous nous intwas a I'estimation de I'orientation de
la téte.

2.1 Approches pour estimer I'orientation de la téte

Le but de cette étude est de déterminer 'orientation, owepde la téte sur des images
non contraintes. La pose de la téte est déterminée par tngies: I'inclinaison par rapport
au corps (slant), I'inclinaison horizontale (pan) et linaison verticale (tilt). Ces trois angles
sont illustrés sur la figure 2.1. L'angle slant varie autoet’exe longitudinal. L'angle tilt varie
autour de I'axe latéral, quand une personne regarde de baserCet angle est le plus difficile
a estimer. L'angle pan varie autour de I'axe vertical, quane personne tourne sa téte de gauche
a droite. Ces trois angles recouvrent completement les sroants de la téte.

Beaucoup de techniques d’estimation de regard et de pose ttel présentes dans la
littérature utilisent des équipements spécifiques, comithenlination infrarouge, I'électro-
oculographie, les casques portables ou des lentilles daaospécifiques [59, 167, 33]. Des

21
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Pan Tilt Roll

. i

FIG. 2.1 — Les trois angles de rotation de la téte [25].

systemes utilisant des caméras actives ou la vision stéréadssponibles dans le commerce
[162, 96, 120]. Bien que de telles techniques soient tresg®s, elles sont généralement chéres
et trop intrusives pour beaucoup d’applications. Les systebasés sur la Vision par Prdinateur
présentent un choix plus accessible et moins intrusif. luesdins peuvent fournir une estima-
tion de la pose a partir d’'une simple image. De plus, une bestimation de la pose du visage
peut ameéliorer I'estimation de la pose a partir de plusigueges.

L'estimation de 'orientation de la téte posséde beaucdapgications dans des domaines
variés, mais est un probléme difficile et se heurte a cerdbetacles. Contrairement a la plupart
des problémes en Vision par Ordinateur, il n’y a pas de cadrgavail unifié pour cette tache.
Presque tous les auteurs traitant du sujet utilisent lepjprprcadre de travail et leurs propres
métriques. Le premier aspect important pour un systémeidii@ason de la pose du visage est
la résolution minimale a laquelle il peut fonctionner. @ars algorithmes ne peuvent marcher
gu’a haute résolution (500x500 pixels), tandis que d’aypeuvent fonctionner avec des images
de tres petite résolution (32x32 pixels). Ceci nous meéneaute aspect du probleme, les me-
sures de performance. Il n’y a pas de métriques communedatiuhe d’estimation de la pose.
De plus, la fagon dont la précision ou I'erreur moyenne saitudées n’est pas toujours expli-
cite dans la littérature. De méme, la séparation entre lag@n utilisées pour I'apprentissage et
le test n’est pas toujours claire. L'estimation de 'oriiin de la téte différe de I'estimation de
I'orientation d’un objet en ce que la téte est déformablénange avec l'identité de la personne.
Les variations de couleur de peau, des cheveux, des joues autres caractéristiques faciales
rendent I'estimation de la pose du visage difficilement stbwux changements d’identité. Ce
probléme est simplifié quand le systéme est congu pour usaiglr particulier. Cette remarque
nous meéne au dernier aspect important du probléeme : le cledix base de données. Une base
de données fiable pour I'estimation de la pose devrait courrcertain nombre d’angles et étre
bien échantillonnée pour permettre de voir le comporterdemt algorithme sur les différentes
poses. Si un systeme fonctionne correctement pour la gldpaiangles, il peut étre adapté pour
suivre le mouvement de la téte sur des séquences vidéo. Baéind une base de données est
employée, nous devons savoir quelles parties sont usiligéer I'apprentissage et pour le test.

Les approches pour estimer l'orientation de la téte a pditine simple image peuvent
étre regroupées en 4 familles : les approches géométrigDese8 approches géométriques
3D, les approches par transformation faciale et les appoglar classifieurs. Les approches
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géométriques 2D utilisent certains points du visage pauvier des correspondances et estimer
ainsi l'orientation. Les points du visage de référence sountvent les yeux [133, 163, 134, 8,
16, 36, 37]. Si ces derniers peuvent fournir une estimatewahgle horizontal pan, ils ne
sont pas suffisants pour estimer I'angle vertical tilt. Cjgsurquoi les auteurs utilisent souvent
d’autres points comme la bouche [169, 58, 126, 26, 47, 185]sburcils [103], le nez [48, 17]
ou méme les trous du nez [142, 143, 4]. Un modele plus comfiletamt 6 points faciaux a
été proposé par Gee & Cipolla [31, 32]. Utiliser plus de pejpeérmet d’obtenir une estimation
de la pose plus fiable, mais la position de ces points sur &geipeut changer d’une personne
a une autre et certains peuvent ne pas étre détectés sousgles de téte trop grands. Ces
méthodes sont précises mais nécessitent une bonne résalet'image du visage, dépendent
de l'algorithme de détection de caractéristiques faciel@sient leurs performances se dégrader
sur des mouvements de téte amples.

Les approches géométriques 3D appliqguent un modéle 3D addastr 'image pour re-
trouver la pose. La premiére technique de correspondantéepaaposée par Huttenlocher [55],
et améliorée ensuite par Azarbayejani et al. [2] pour suiemmouvement des objets. Sa per-
formance a augmenté avec l'utilisation de I'algorithme Ed@moindres carrés [15], le flux
optique [88] ou l'utilisation de texture [111]. Cependaetmodéle 3D de visage est souvent
rigide, alors que le visage humain est déformable et vamné. tdéthode permettant d’apprendre
un modéle de visage en ligne a été proposée par Vachetti.[LdZ]approches géométriques
3D sont tres précises, mais requiérent beaucoup de tempasaéd, eine bonne résolution de
'image ainsi qu’une forte connaissance préalable du @gamr fonctionner correctement.

Les approches par transformation faciale utilisent ceesipropriétés faciales pour obtenir
une estimation de la pose de la téte. Ces approches sonigyéset nécessitent peu de calculs.
Certains auteurs utilisent la position des cheveux parad@u visage [14, 154, 121], la dissi-
militude entre les deux yeux [18, 22] ou encore I'assymddrire les parties gauche et droite
du visage [50, 95, 25] pour estimer I'orientation de la t&ien que simples a mettre en ceuvre,
de telles méthodes sont parfois instables et non robustesh@mngements d’identité.

Les approches par classifieurs résolvent le probleme ercluduetr la meilleure correspon-
dance avec I'image courante et un modele préalablementsappre méthode populaire de
classification est I'’Analyse par Composantes Principad&3P) proposée par Turk & Pent-
land [146]. Elle a été utilisée pour I'estimation de la posetéte par McKenna & Gong
[106, 34, 92, 91, 35, 122]. Néanmoins, les images d’entragme utilisées sont souvent alignées
manuellement et ’ACP a tendance a étre sensible a I'aligméet aux changements d’identité.
D’autres méthodes utilisent des espaces propres d’omeletit Gabor [157, 98, 97], des Kernel
ACP [77], des modeles de tenseurs, des LEA [145], des KDA i8] SVM [52, 102, 156], des
LGBP [84] ou des réseaux de neurones [116, 136, 132, 130,15625,131]. Ces méthodes ne
nécessitent pas de connaissances préalables sur le visgg@nt parfois un nombre important
de paramétres a régler, et le nombre de dimensions a utilisee cellules dans les couches ca-
chées est déterminé manuellement. Ces méthodes sontsapiais ne peuvent délivrer qu'une
estimation grossiere et I'utilisateur n’a pas de retounfdimation si le systeme échoue.

Nous voyons que les approches pour estimer I'orientatiola déte peuvent généralement
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Pose Approches Locales Approches Globales
Faible résolution - +
Performance + -
Grands angles - +
Connaissance du visage - +
[llumination + -
Retour d’information + -
Occlusion partielle - +

Localisation de points faciau

X
+
1

TAB. 2.1 —Comparaison entre approches locales et globales.

se diviser en deux catégories : les approches locales djgenti I'information contenue dans
les voisinages de pixels et les approches globales qusertili'image entiére du visage. Les
avantages et les inconvénients de ces deux types d’appsociheesumés dans le tableau 2.1.
Augmenter la résolution de I'image du visage a traiter peutrettre une combinaison de mé-
thodes globales et locales. A notre connaissance, peu\agrikanélant les deux types d’ap-
proche ont été effectués. Wu & Trivedi [160] ont récemmermippsé un systéme permettant
d’obtenir une estimation de la pose avec des KDA, puis deflmea en utilisant des graphes
élastiques. Cependant, l'utilisation de ces graphes siteasd’annoter les points faciaux sur
toutes les images. De plus, nous ne savons pas si le choixagdgi€lpoint est pertinent pour
I'estimation de la pose. Nous proposons une méthode d’astimde I'orientation de la téte uti-
lisant une approche hybride globale et locale ne nécesgigade connaissances préalables sur
le visage ni d’annotation manuelle. Nous décrivons cetfgaghe dans les sections suivantes,
mais d'abord nous devons établir quelles sont les capduitdsines pour estimer la pose du
visage.

2.2 Capacités humaines a estimer I'orientation de la téte

Le but de cette section est de déterminer I'exactitude qui pre attendue d’un systeme
d’orientation de la téte fiable pour des applications darssettwironnements intelligents. Les
humains estiment généralement le focus visuel d’atterstinrdes images a partir de I'orienta-
tion de la téte. Cependant, leurs capacités demeurent euragjartie inconnues. Nous avons
demandé a un groupe de personnes d’estimer la pose du visagessimages. Nous avons
ensuite mesuré leurs performances avec différentes mégtidJn résultat important de cette
expérience est que les humains sont plus aptes a estimentation horizontale que I'orienta-
tion verticale.
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2.2.1 Travaux apparentés

La base psychophysique des aptitudes humaines a estimentation de la téte demeure en
majeure partie inconnue. Nous ne savons pas si les humaina@gapacité naturelle a estimer
les angles de la téte ou s'ils acquiérent cette capacitélmwg@rience. A notre connaissance,
il y a peu de données disponibles permettant de mesurer tegé&ences humaines pour cette
tache. Selon Kersten [65], les poses face et profil sonsé@&s comme poses clés par le cerveau
humain et sont les mieux reconnues. L'image 2.2 présentexem@e de compétition phéno-
ménale de poses; les poses face et profil sont activées sieomaent par notre cerveau, mais
pas les autres. Nous ne connaissons pas la performancerfeusoiailes poses intermédiaires et
verticales.

FIG. 2.2 — Projection cylindrique aplatie d'un visage humaib][@outes les poses horizontales
sont présentes sur cette image, mais notre cerveau a tendaecdistinguer que les poses face
et profil.

2.2.2 Protocole expérimental

Notre objectif est d’évaluer les performances des humaimd’astimation de I'orienta-
tion de la téte aux angles pan et tilt, pour les comparer enswec celles obtenues par notre
systeme. Pour rendre possible cette comparaison, les agforrpances doivent étre évaluées
sur la méme base de données. Nous avons choisi d'utilisemutieges de la base de don-
nées Pointing 2004 Head Pose Image Database [39]. Cettedbad@nnées est échantillon-
née tous les 15 degrés en pan, tous les 15/30 degrés en touetecune demi-sphere de
poses allant de -90 a +90 degrés sur les 2 axes. L'angle pandpea prendre les valeurs
(0, £15,+30, £45, £60, 75, £90), ou les valeurs négatives correspondent aux poses droites
et les valeurs positives correspondent aux poses gaucheglé tilt peut prendre les valeurs
(=90, —60, —30, —15, 0, +15, +30, +60, +90), ou les valeurs négatives correspondent aux po-
ses basses et les valeurs positives correspondent auxipnges. De plus amples détails sur
cette base de données se trouvent dans I'annexe A.
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Un autre but de notre expérience est de découvrir si un axgl@spertinent qu’'un autre
pour les humains. Pour ce faire, nous devons étre en mesulieeds I'estimation de I'angle
pan ou de I'angle tilt est naturelle ou non. Si un angle seleé®e plus naturel a estimer, cela
signifie que I'axe sur lequel il évolue est plus pertinentrdes humains dans leur vie de tous
les jours.

Nous avons mesuré la performance d’un groupe de 72 sujdtestimation de I'orientation
de la téte. Dans notre expérience, les sujets étaient igparB6 hommes et 36 femmes, agés
de 15 a 80 ans. On demande au sujet d’examiner une image de @sd’entourer la réponse
correspondant a son estimation de la pose. L'expérienaivesée en 2 parties effectuées dans
un ordre aléatoire : une pour I'estimation de I'angle parg paur I'estimation de I'angle tilt. 65
images pour I'angle pan et 45 images pour I'angle tilt issleela Pointing’04 Head Pose Image
Database sont présentées au sujet pendant une durée dendesedans un ordre aléatoire,
différent pour chaque sujet. Présenter les images selomue aléatoire différent a chaque fois
nous permet de mesurer les performances des sujets simbBéisin de la pose du visage de
fagcon non biaisée sur des images indépendantes, et nonesseqguence d’'images prédéfinie.
La durée de présentation de 7 secondes est suffisammenel@ogm permettre au sujet de
chercher sa réponse et suffisamment courte pour obteniépomse immédiate de sa part. Il y
a 5 images pour chaque angle. Durant I'expérience d’estmale I'angle pan, des symboles
"+" et "-" sont indiqués a c6té de I'image, comme le montrestimages de la figure 2.3, pour
gue le sujet ne confonde pas les poses gauches et droites.

FIG. 2.3 — Exemples d'images de test présentées au sujet pdiepeétrience.

Un autre objectifimportant de cette expérience est d’dbtesmeilleures performances hu-
maines sur I'estimation de la pose de la téte, pour les caanpasuite avec les résultats obtenus
par notre systeme. Cependant, nous ne savons pas si catteematurelle pour les humains.
C’est pourquoi les sujets furent divisés aléatoirement saus-groupes : les sujets "Calibrés"
et les sujets "Non Calibrés". Les sujets calibrés ont puaotgy des images d’exemple étique-
tées en orientation aussi longtemps qu'ils le souhaitaiesmt de commencer I'expérience. Des
exemples d'images d’entrainement sont presentés sur e fgdi. Les sujets non calibrés n’ont
vu aucune image d’entrainement avant de commencer. Avér @gs deux sous-groupes aléa-
toirement permet de voir si un entrainement préalable antgres performances des sujets sur
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I'estimation de I'orientation de la téte.
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FIG. 2.4 — Exemples d’'images d’entrainement montrées auxssi@etibrés" pour 'angle pan.

A lafin de notre expérience, nous présentons au sujet unesiissige des travaux de Kersten
[65]. Cette image est montrée sur la figure 2.2 et représamm]ection cylindrique aplatie d’'un
visage humain sur I'axe pan. Tous les angles pan sont véssblecette image. Nous demandons
au sujet d’entourer les angles qu'’il voit sur 'image. Le detcette question est de confirmer
I'utilisation des poses face et profil comme poses clés pegieeau humain

2.2.3 Résultats et discussion

Pour mesurer les performances humaines, nous devons digfgmétriques. La métrique
principale est I'erreur moyenne en pan et en tilt. Cette meesst définie par la moyenne des
différences absolues entre la pose théorigue et la pose* (k) estimée par le sujet (2.1) pour
image k. N est le nombre total d’images sur chaque axe. Nous calculgaisment I'erreur
maximale sur chaque axe pour chaque sujet (2.2). Une ausermmtéressante est le taux de
classification correcte, défini par le nombre de bonnes Egmsur le nombre total de réponses
(2.3). Comme I'échantillon d'images de la base de donnékséat contient le méme nombre
d’'images pour chaque pose, nous pouvons calculer une aatreue : I'erreur moyenne par
pose (2.4). Cette métrique permet de voir les poses qui semtréconnues par les sujets.

N

Erreur Moyenne = % : ; lp(k) — p*(k)|| (2.1)
ErreurMax = maxy|p(k) — p* (k)| (2.2)

Classi ficationCorrecte = Card{éZZiissizzzgfiees} (2.3)
Erreur Moyenne(P) = ! Z lp(k) — p*(k)|| (2.4)

Card{Images € P} =

Nous avons calculé ces métriques pour tous les sujets eletmasus-groupes. Les résultats
sur les axes pan et tilt sont presentés dans les tableaux 2.3.e’erreur moyenne est de
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11.9 degrés en pan et 11 degrés en tilt. L'erreur maximalie entre 30 et 60 degrés, ce qui
est supérieur au pas d’échantillonnage de 15 degrés. Cauveque la base de données est
suffisamment échantillonnée pour les sujets.

Pour mettre en relief des différences significatives degoerénces entre les groupes, nous
avons effectué un test d’hypothése en utilisant un test deest-Fisher avec un seuil de con-
fiance de 95 %. Les détails de cette opération se trouvent aex®B. Les sujets calibrés ne
sont pas significativement meilleurs que les sujets nobréipour I'estimation de I'angle pan.
Par contre, la différence est significative pour I'anglé tiles sujets calibrés sont significati-
vement meilleurs que les sujets non calibrés pour I'estonate cet angle. Ce résultat montre
gue I'estimation de I'angle pan semble étre naturelle, rear@ment a celle de I'angle tilt. Ceci
peut étre dd au fait que les gens tournent plus souvent lal&tgauche a droite que de haut
en bas pendant les interactions sociales [135, 64, 128]hussins font plus attention aux
changements d’orientation de téte sur I'axe horizontal.

Mesures Erreur Moyenne Erreur Maximale| Classification Correcte
Tous les sujets 11.85° 44.79° 41.58 %
Sujets Calibrés 11.79° 42.5° 40.73 %
Sujets Non Calibrés 11.91° 47.08° 42.44 %

TAB. 2.2 —Résultat de I'évaluation sur I'axe pan

Mesures Erreur Moyenng Erreur Maximale| Classification Correcte
Tous les sujets 11.04° 45.1° 53.55%
Sujets Calibrés 9.43 39.58° 59.14 %
Sujets Non Calibrés 12.63 50.63° 47.96 %

TAB. 2.3 —Résultat de I'évaluation sur I'axe tilt

L'erreur moyenne par pose en pan et en tilt est montrée sugliaefi2.5. Les sujets recon-
naissent bien les poses face et profil, mais moins bien lespotermeédiaires. La pose la mieux
reconnue est la pose frontale. Ce fait est confirmé par laptéson de I'image cylindrique de
visage de Kersten a la fin de I'expérience. 81% des sujets paswvu de poses autres que face
et profil sur cette image. Ces résultats montrent que lessfase et profil sont utilisées par le
systéme visuel humain comme des poses clés, comme suggérfs8a
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FIG. 2.5 — Erreur moyenne par pose en pan et en tilt de différantggs.

2.3 Suivirobuste de visage

Cette section décrit le systeme de suivi de visage tempautiisé dans la these. Cet al-
gorithme, présenté en détail dans [37], est utilisé pouétaation des visages dans la base de
données Pointing 2004, bien que toute autre détection ter@mme Ada-Boost [151], puisse
étre utilisée pour cette étape. Nous recherchons d’absmétgons de I'image correspondant au
visage a 'aide d’'un histogramme de chrominance de peaualceilcde la chrominancé-, g)
d'un pixel (z, y) est effectué en normalisant les composantes rouge et uekteaeur de cou-
leur (R, G, B) par son intensité lumineuge+ G + B. La densité de probabilité conditionnelle
des vecteurs de chrominan@eg) d’appartenir a une region de peau peut étre estimée en utili-
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sant un histogramme. La régle de Bayes nous donne une rethtexte entre un pixek:, y) et

sa probabilité((x, y) € Peaul|r, g) d'étre placé dans une région de peau. En effectuant le quo-
tient des histogrammes de I'image entiére et de peau, ndesais une meilleure répartition
de cette probabilité en fonction des autres objets préseinidmage. Nous obtenons ainsi une
carte de probabilité sur toute I'image :

p(r, g|(z,y) € Peau)p((z,y) € Peau)

p(r,9)
Histogrammepeq (T, g)

p((z,y) € Peaulr,g) =

Histogramme;mage (T, 9)

Pour suivre le visage dans une image, celui-ci doit se regoisolé. Sa position, sa taille
et son orientation sont estimées et suivies a l'aide d’'urefie Kalman d’ordre 0 [61]. Le
processus de tracking prédit une région d’intérét (RDI)sdaquelle doit se trouver le visage et
qui sera multipliée par une fenétre gaussienne. Cette tipégzermet de focaliser la recherche
uniquement sur le visage suivi et d'accélérer le temps deutaDans la RDI seront calculés
les premier et second moments de la carte de probabilitéatenue. Ces moments délimitent
une ellipse sur I'image correpondant a la région du visagsteQrégion est appelée visage
estimé. Un exemple de suivi de visage est illustré sur ladigué. La différence entre le visage
estimé a I'image courante et le visage estimé a I'image pl&u@ permet de calculer le visage
prédit & I'image suivante et la nouvelle RDI. Cette étapeapgtelée prédiction-vérification.
A l'initialisation, le visage prédit peut étre égal soit aeusélection manuelle de I'utilisateur,
soit a 'image entiére. Pour détecter le visage sur les imagecontenant qu’un seul visage, le
systeme est lancé sans intervention de I'utilisateur smalye entiére jusqu’a ce que le visage
estimé se soit stabilisé, ce qui est généralement le cas aprigérations. Le systéme de suivi
de visage fonctionne en temps-réel sur des images de 384%288 sur Pentium 800 MHz.

FIG. 2.6 — De gauche a droite : RDI d’'un visage dans I'image, Caleua carte de probabilité
avec fenétre gaussienne dans la RDI, Ellipse délimitanskge dans I'image.

A partir des premier et second moments du visage estimé,pmusns normaliser I'image
du visage en taille et en inclinaison dans une imagette de mdtite résolution en niveaux
de gris. La normalisation offre plusieurs avantages. Tdéaibatrd, elle permet aux opérations
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suivantes d’étre indépendantes de la taille et de l'in@imade I'image d’origine. Les temps de
calcul ne dépendent alors plus que de la taille de I'imagBieplus, cette opération permet de
ne conserver que les changements d’intensité lumineusdebhier avantage important est de
rendre tous les visages droits, et ainsi de pouvoir localésemémes points faciaux a peu prés
dans les mémes régions pour chaque pose. Dans nos expsgriesdmagettes ont une taille de
23x30 pixels. Un exemple de normalisation d’'une image daggsest montré sur la figure 2.7.
Toutes les opérations ultérieures ont lieu dans cette itteadea normalisation de la région du
visage est une étape utile a notre systéme d’estimationskegmla téte.

/

FIG. 2.7 — Détection et normalisation de la région de I'imageespondant au visage.

2.4 Estimation de la pose de la téte par apparence globale

Dans cette section, nous utilisons les imagettes nornealidé visage obtenues par le sys-
teme de suivi robuste pour apprendre des prototypes dtatiens de la téte. Les imagettes
représentant la méme pose sont injectées dans une mémuessaciative, entrainée par la
regle d’apprentissage de Widrow-Hoff. La classificatios deses se fait en comparant I'image
du visage d’origine et les images reconstruites par leoprpées. La pose dont I'image recons-
truite est la plus similaire a I'image source est sélect&@@oomme pose courante.

2.4.1 Mémoires autoassociatives linéaires

Les mémoires autoassociatives linéaires sont un cas yéticle réseaux de neurones a
une couche ou les entrées sont associées a elles-mémesierEias ont été utilisées pour la
premiéere fois par Kohonen pour sauvegarder et charger dages[70]. Ces objets associent
des images a leur classe respective, méme si les imageségraddes ou une partie en est

!

cachée. Une image en niveaux de gris est décrite par son vecteur normalisé ﬁ Un
ensemble del/ images composées d€ pixels d’'une méme classe est sauvegardé dans la
matrice X = (1,9, ...,x)) de taille N x M. La mémoire autoassociative de la clagsest
représentée par la matrice de connexibp, de taille N x N. Le nombre de cellules dans la
matrice est égal au nombre de pixels de I'image au carré. 8lonla donc une complexité de
O(N?). Laréponse d'une cellule est égale a la somme de ses entuétgdiges par les poids de

la matrice. L'image reconstruitg, est donc obtenue en calculant le produit de I'image source

par la matrice de connexiom, :
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Yy =Wy - (2.5)

La similarité de I'image source et d’une classe d'imagest estimée comme le cosinus de
leurs vecteurs: ety :

y/T.x/
1y Il

Comme les vecteurs ety sont normalisés en énergie, leur cosinus est compris errd Qou
un score de 1 représente une correspondance parfaite.
La matrice de connexiol, est initialisée avec la régle d’apprentissage de Hebb :

(2.6)

cos(z,y) =y' .z =

M
We=Xi- X{ =) aiy -, (2.7)

=1

Les images reconstruites avec cette regle sont égales arndgre eigenface de la classe
d’'images. Pour augmenter la performance de classifications entrainons les mémoires au-
toassociatives linéaires avec la regle de Widrow-Hoff.

2.4.2 Reégle d’apprentissage de Widrow-Hoff

La regle d’apprentissage de Widrow-Hoff est une regle deection locale améliorant la
performance des associateurs [148]. A chaque présentftioe image, chaque cellule de la
matrice de connexion modifie ses poids en corrigeant lardifige entre la réponse obtenue et
la réponse désirée. Les imagEsd’'une méme classe sont présentées itérativement avec un pas
d’adaptation jusqu’a ce qu’elles soient correctementsifiées. La matrice de connexioi’
devient ainsi sphéricalement normalisée [1]. La régle deection de Widrow-Hoff est décrite
par I'équation :

Wt = Wbz - W' z)a” (2.8)

ou n est le pas d’adaptation et’itération courante. Pour rendre les mémoires adaptstete
pour les faire tenir compte des variations intraclassess milisons un nombre d’itérations
Lafigure 2.8 montre des exemples d’'images reconstruiteslaseegles de Hebb et Widrow-
Hoff. La mémoire entrainée par la regle de Hebb délivre la méEponse pour les images re-
construites. En conséquence, le cosinus entre 'imagesair’image reconstruite n’est pas
assez discriminant pour la classification. La mémoire émd@avec la regle de Widrow-Hoff
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Images sources

Images reconstruites
avec la régle de Hebb

Images reconstruites
avec la régle de

Widrow-Hoff

FiG. 2.8 — Reconstruction d'images avec des mémoires autdatiges lin€aires entrainées
par les régles de Hebb et de Widrow-Hoff. La classe d'imagexannaitre est une classe de
visages de femmes caucasiennes. (a) est une image de lad@wentissage. (b) est une image
de la classe mais non apprise. (c) n'appartient pas a laeclédsest une image randomisée et
n'appartient pas non plus a la classe [148].

reconstruit les images en les dégradant peu si elles appaett a la classe apprise, mais en
les dégradant beaucoup si elles n'appartiennent pas askseclae cosinus entre I'image source
et I'image obtenue est ainsi plus discriminant. Avec un blooix du pas d’adaptation et du
nombre d’itérations, une image peut étre bien reconstruite, méme en cas d’ecclpartielle.

La regle d’'apprentissage de Widrow-Hoff a montré de bonsltédis dans des problémes
classiques de vision tels que la reconnaissance du visagexeé et de I'ethnicité. Le nombre
de composants principaux ou de dimensions a utiliser n’ast@soin d’étre définis, pas plus
gue le choix d’'une structure ou du nombre de cellules dansconehe cachée. Seuls deux
parametres doivent étre réglés. Nous construisons destypes d’orientations de la téte en
entrainant des mémoires autoassociatives linéaires pagllad’apprentissage de Widrow-Hoff.

2.4.3 Application a I'estimation de la pose de la téte

Nous considérons chaque pose du visage comme une classgdinune mémoire autoas-
sociativell/, est entrainée pour chaque paésélous utilisons la base de données Pointing 2004,
ou se trouvent un méme nombre d'images par pose. Nous cafclde cosinus entre I'image
source et les images reconstruites par les mémoires. Ladoosée cosinus est le plus élevé est
sélectionnée comme pose courante.

Les poses peuvent étre apprises de deux fagons : séparémentgroupe. Dans I'entrai-
nement des poses séparées, nous apprenons une mémoirhaque @ngle sur un axe en
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faisant varier I'angle sur l'autre axe. Chaque mémoire wagpt'information d’'un seul angle

sur un seul axe. Tous les angles pan sont appris en faisaet kegr angles tilt, et inversement.
Nous obtenons ainsi 13 prototypes pour I'angle pan et 9 prp&s pour I'angle tilt. Le pas

d’adaptation; utlisé est de 0.008 en pan et 0.006 en tilt.

Dans I'entrainement des poses groupées, les angles phlisenhtiappris ensemble. Chaque
mémoire est apprise par un ensemble d’images de visage déntee pose et contient I'infor-
mation d’'un couple d’angles pan et tilt. Nous obtenons &Bgrototypes. Le pas d’adaptation
7 utilisé est de 0.007.

La base de données Pointing 2004 permet de mesurer la parfoene notre systéme sur
des sujets connus et inconnus. Cette base de données t@nsiets de 15 personnes. Pour
tester sur des sujets connus, nous effectuons une validetoisée sur les sets : le premier
set est pris comme base d’'apprentissage, tandis que ledsesbpris comme base de test, et
inversement. Ainsi, toutes les personnes sont appriseslddmase d’apprentissage. Pour tester
sur des sujets inconnus, nous utilisons la méthode dite cktKaife : pour chaque personne,
toutes les images sont utilisées comme base d’'apprergissad celles de ladite personne, qui
seront utilisées pour le test. La personne a tester changgogue itération. Ainsi, aucune image
de la base d’apprentissage ne contient des images de lanperadester.

Nous utilisons les mémes métriques que dans la section 22edr moyenne, le taux de
classification correcte et I'erreur moyenne par pose. Nafgidsons une autre métrique, le
taux de classification correcte en pan a 15 degrés pres. Uageiest classifiée correctement a
15 degrés pres si la différengie(k) — p*(k)|| n’excéde pas 15 degrés :

d{I lassifiees15°
Classi ficationCorrecteld = Card{ImagesClassifiees15} (2.9)
Card{Images}

Au-dela de 70 itérations, I'erreur moyenne en pan et enttlgise. Nous utilisons donc un
nombre d’itérations = 70 dans nos expeériences.

2.4.4 Résultats et discussion

Nous comparons les performances de notre méthode aves oblienues par d’autres mé-
thodes de I'état de 'art. Pour le test sur les sujets conmoigs comparons nos résultats avec
ceux des modeles de tenseurs, des ACP, des LEA [145] et dsmuréde neurones [152]. Pour
le test sur les sujets inconnus, nous comparons nos résaltat ceux de I'algorigthme du plus
proche voisin. Cet algorithme recherche I'image la pluscpheodans la base d’apprentissage.
Les différentes performances sont montrées dans les tabkd et 2.5.

Les prototypes d’orientations de la téte sous forme de m@&®aiutoassociatives linéaires
obtiennent de bonnes performances sur les sujets connasagtnus. La comparaison avec
I'algorithme de recherche du plus proche voisin montrelltétde regrouper les images repré-
sentant la méme pose, résultant en un gain en performaneesearnps de calcul. Ces résultats
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Métrique Tenseur| ACP LEA RN | Sép. MAAL | Grp. MAAL
Erreur Moyenne Pan| 12.9° 14.1° 15.9°¢ 12.3° 7.6 8.4
Erreur Moyenne Tilt | 17.9° 14.9 | 17.4° | 12.8° 11.2 8.9
Classification Pan® | 49.3% | 55.2% | 45.2%| 41,8 %| 61.2% 59.4 %
Classification Tilt0° | 54.9% | 57.9% | 50.6 %| 52.1%| 54.2% 62.4 %
Classification Pan5° | 84.2 % | 84.3%| 81.5% - 92.4% 90.8 %

TAB. 2.4 —Evaluation de performance sur les sujets connus. RN faéteate aux Réseaux de
neurones et MAAL aux Mémoires AutoAssociatives Linéafi@s]45, 152].

Métrique Sép. PPV| Grp. PPV| Sép. MAAL | Grp. MAAL
Erreur Moyenne Pan| 14.1° 13.9¢ 10.r 10.r
Erreur Moyenne Tilt 15.9° 21.1° 15.9 16.3
Classification Pan® 40.9% | 40.9% 50.3% 50.4 %
Classification Tilt0° 419% | 415% 43.9 % 45.5 %
Classification Pan5° 80 % 80.1 % 88.8 % 88.1 %

TAB. 2.5 —Evaluation de performance sur les sujets inconnus. PPVé#itence a I'algorithme
du Plus Proche Voisin et MAAL aux Mémoires AutoAssociatirgsires

montrent aussi que I'entrainement de poses groupées n@amphs significativement les per-
formances. De plus, le systeme fonctionne plus rapideme&simages par seconde avec les 22
prototypes appris séparément qu’'a 1 image par secondees/88 prototypes appris en groupe.
Par la suite, nous n’utiliserons plus que les prototypes snangles pan et tilt ont été appris
séparément.

L'erreur moyenne par pose est montrée sur la figure 2.9 et aokepaux performances hu-
maines de la section 1.2.2. Les performances de notre sgs@nt plus stables sur I'angle pan
que les performances humaines. Les erreurs minimalesiseettbaussi aux poses face et pro-
fil. Notre méthode est significativement plus performante lgs humains pour I'estimation de
'angle pan, et similaire pour I'estimation de I'angle slir des sujets connus. Cependant, les hu-
mains demeurent meilleurs pour I'estimation de I'anglestilr des sujets inconnus. Augmenter
la taille de I'imagette normalisée n’améliore pas signtfiament les résulats. Les prototypes
de poses délivrent de bons résultats sur les poses hautes s00 les poses basses. Ceci est
dd au fait que les cheveux deviennent plus visibles sur leg@s de poses basses, I'apparence
globale peut alors beaucoup changer d’'une personne a ume bes résultats de I'estimation
sur des sujets inconnus peuvent étre améliorés en augnéntaille de I'imagette du visage.
Cependant, les mémoires autoassociatives linéaires erdamplexité quadratique en fonction
de la taille de I'imagette. Nous utilisons une autre méthoasée sur les apparences locales de
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FIG. 2.9 — Erreur moyenne sur les axes pan et tilt.

'image du visage pour augmenter les performances derhasidn.

2.5 Deétection des regions saillantes du visage

Dans cette section, nous décrivons les imagettes de vis#igalé de champs réceptifs
gaussiens. Ces champs réceptifs permettent de décriygalapce locale d’'un voisinage de
pixels a une échelle donnée. Normalisés a leurs échellessatjues, les vecteurs de réponse
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aux champs réceptifs gaussiens apparaissent comme detedé&tdiables de traits du visage
robustes a lillumination, la pose et 'identité. Ces tsaitu visage peuvent étre plus ou moins
saillants pour la pose considérée.

2.5.1 Champs receptifs gaussiens

Le terme "champ réceptif" désigne un récepteur capable derelédes motifs locaux de
changements d’intensité dans les images. De tels desaspent utilisés en Vision par Ordi-
nateur sous des noms différents : mesure locale‘dordre [69], vecteurs de caractéristiques
iconiques [113], points d’intérét naturels [118] et SIFRJ8ans la suite, les champs réceptifs
gaussiens désigneront des fonctions linéaires localézbasir les dérivées gaussiennes d’ordre
croissant.

La réponseL; , d'une image/ en niveaux de gris a un champ réceptif gaussign,
d’échelles et de directiork: est égale a la convolutiab, , = I ® G}, ,. Lensemble des valeurs
Ly, forme le vecteur de caractéristiques :

LO’ - (L1,07 L2,07 sy Ln,cr)

L'ordre et la direction, représentés parfait référence au type de derivée du champ réceptif
et a la formex’y’. La figure 2.10 montre une description d’un voisinage dedg®a par un
champ réceptif gaussien. Pour chaque pixel), la dérivée gaussienne d’échefies’exprime
par la formule :

o o
Gziyjﬁ. (‘T7 y) = axl a—ijO' ([E, y) (210)

En 2 dimensions, le noyau gaussien est défini par :

1 712+y2
e 202

Ga(x,y) =

L'espace de vecteurs obtenu par les champs réceptifs estéaggpace d’apparence locale
ou espace de caractéristiques. Deux voisinages d’appal@rale similaire sont représentés par
deux vecteurs proches dans I'espace des caractéristigaasmesurer la similarité en appa-
rence locale de deux voisinages, nous calculons leur distde Mahalanobis dans cet espace.
Les noyaux gaussiens possedent des propriétés d'invariatéressantes pour la description
d'image comme la séparabilité, la similarité sur les éawedt la différentiabilité. Le calcul
d’'un champ réceptif sur un voisinage de pixels est linéaire.

Les dérivées de premier ordre décrivent I'orientation leates lignes dans I'image, tandis
gue la courbure locale des lignes est percue par les déritesscond ordre. Nous ne prenons
pas en compte les dérivées d’ordre 0 pour rester robusteraingements d’intensité lumineuse.
Les dérivées d’ordre strictement supérieur a 2 n’appoderdtinformation que si une structure

2mo?
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FiG. 2.10 — Exemple de description d’'un voisinage dans I'imageaip champ réceptif gaussien.

importante est détectée dans les termes du second ordr&[@8]cette raison, nous ne prenons
en compte que les termes du premier et du second ordre. No@isools alors un vecteur de
caractéristiques a 5 dimensions,; = (L,.», Ly o, Luz.os Lay.os Lyy.o)-

Pour analyser les voisinages de pixels a une échelle ap@eomious utilisons la méthode
proposée par Lindeberg [78]. Les échelles calculées sqeléps échelles intrinsequesn
profil d’échellec(x, y) est construit & chaque pixet, y) en collectant les réponses a I'énergie

normalisée du laplacien, définie ci-dessous par :

V3G, = 0*(Gonw + Goyy) (2.11)

Les profils d’échelle admettent chacun au moins un maximuwalld.a valeur minimale
oopt(2,y) des maxima locaux d’un profit,,.(z,y) est choisie comme échelle intrinséque du
pixel (z,y). Quand deux images sont zoomées, le quotient des échdlies@gues du méme
pixel des deux images est égal au rapport de zoom. C’est poufénergie normalisée du
laplacien est invariante aux changements d’échelle. Saqushimage de visage, nous calculons
I'échelle intrinséque des pixels et obtenons ainsi unerg#&m de ceux-ci par un ensemble de
vecteurs a 5 dimensions, .1 = (Ly sopts Ly .oopts Laxoopts Lay.copts Lyy.copt)-

2.5.2 Détection des régions saillantes d’'un visage

Notre objectif est de concevoir des descripteurs locauxistas aux changements d'illu-
mination, de pose et d’identité pour détecter les régioilastes du visage pour pouvoir en-

lou échelles caractéristiques
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suite estimer sa pose. Pour détecter de tels points, de easds méthodes ont été propo-
sées comme les textons [89], les caractéristiques géméri®3, 118, 79], les caractéristiques
propres [149], les blobs [50] ou points de selle et les maxd@dintensité lumineuse [107].
Cependant, ces descripteurs sont sensibles a l'illunonagi peuvent fournir un nombre trop
abondant de points. Les points d'intérét naturels définisLpadeberg [78] ne décrivent que
des structures circulaires et ne sont pas appropriés aetsodigformables, dont les structures
changent de forme d’'une pose a l'autre.

En recherchant la notion de saillance dans la littératwasmvons trouvé deux définitions.
Une définition intuitive d’un objet saillant est un objet cpttire I'attention. Une définition
mathématique de la saillance a été donnée par Walker daBk:[ab objet saillant est un objet
dont les caractéristiques sont isolées dans un espace demséquel elles évoluent. L'espace
a 5 dimensions formé par les vecteurs de réponses aux ch&ogsifs gaussiens est dense.
Cependant, les vecteurs obtenus sur les images de visaggsosment groupés en un bloc, ce
qui rend difficile I'isolation d’'un groupe de vecteurs patier. De plus, un groupe de vecteurs
isolé dans I'espace de caractéristiques n’est pas foragsmé@ sur 'image. Une région saillante
dans I'image ne doit couvrir qu’une petite portion de cellesinon elle n’est plus saillante.

Nous proposons la définition suivante pour les régionsssdéls d’'une image : une région est
saillante si ses pixels voisins ont une apparence localdegiendans un rayon limité. Quand le
rayon est trop grand, la région est trop grande et donc ndarsi®. Quand le rayon est trop petit,
la région est considérée comme outlier. Cette définitionpmmte deux parameétres : la taille
des régions saillanteset le seuil de similaritéls. Deux voisinages de pixels sont considérés
d’apparence locale différente si leur distance de Mahdimsndépasse ce seuil. Pour chaque
pixel (z,y), nous calculons sa distance de Mahalanobis avec les gixels., 0z, y + ¢,0y)
délimitant la région. Les variablés,, .,) peuvent prendre les valeufs-1, 0, 1} et représentent
les 8 directions cardinales. Siles 8 distances dépasssetillede similaritéls, alors le pixel est
considéré comme faisant partie d’'une région saillantee@iesnent une ou deux distances sont
inférieures au seuil, alors le pixel fait sans doute partieé créte ou d’une ligne d’intérét. Sila
plupart des distances sont inférieures au seuil, alorsd fait partie d’'une région non saillante
ou d’'un outlier. Des exemples de profil d’'apparence localeedens faciales sont montrés sur
la figure 2.11. La condition de saillance d’un pixel est reéami-dessous :

V(e ty) € {—1,0,1}* = (0,0) dy(F(z,y), F(z+ W,y + dy)) > ds (2.12)

Nous utilisons un seuil de similarité dg = 1 et un rayon dé = 10 pixels pour la détection
des régions saillantes des images de visage. La perforntBnoetre méthode est comparée
a celles obtenues par d’autres détecteurs sur la figure Rek2champs réceptifs gaussiens
donnent de bons résultats et la détection des régionsrdaslapparait robuste a la pose et a
l'identité. Les régions saillantes obtenues couvrentgipi@ement les régions du visage corres-
pondant aux yeux, au nez, a la bouche et au contour du visageég€ultats ressemblent a ceux
obtenus par Yarbus sur les régions du visage les plus examper les humains. La position
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FIG. 2.11 — Apparences locales de traits du visage : (1) YewEr@t, (3) Sourcil, (4) Nez, (5)
Contour du visage, (6) Joue, (7) Cheveux. Les régions (¥)etfparaissent comme des blobs
et sont considérées comme saillantes, les régions (3) apf@raissent comme des crétes, les
autres régions ne présentent pas de structures similainessent donc pas considérées comme
saillantes.

des régions saillantes par rapport au visage peut app@sentbrmations supplémentaires pour
I'estimation de I'orientation de la téte. Dans la sectioivante, nous construisons une structure
basée sur ces régions ainsi que sur leurs descripteurs.

2.6 Estimation raffinée de la pose de la téte par apparence
locale

Cette section explique I'utilisation de graphes saillantsase de vecteurs de réponses aux
champs réceptifs gaussiens normalisés a leurs échellessadues. La structure de graphe a
des propriétés intéressantes car elle décrit a la fois liesnmations de texture et leur rela-
tions géometriques dans I'image. Les nceuds du graphe sgmétets par des vecteurs de faible
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FIG. 2.12 — Exemples de cartes de saillance du visage. De gauttoité : Image originale
1/4 PAL, Points d’intérét naturels de Lindeberg a une éelaidl 5 pixels, Points de Harris [45],
Régions saillantes du visage obtenues par champs récggtissiens.

dimension clusterisés hiérarchiguement et peuvent sacdépselon la saillance des points fa-
ciaux qu’ils représentent. La premiere estimation de leeghsvisage obtenue dans la section
2.4 est raffinée en recherchant le graphe le plus similafimmade de visage courante.

2.6.1 Structure de graphes saillants

La position relative des régions saillantes du visage papod a la téte peut fournir des
informations importantes sur son orientation. Cependastjmation directe de la pose a partir
de celles-ci est rendue difficile par :

— les changements d’emplacement des régions dus aux chantgedidentité ;

— les changements d’apparence des régions dus aux chartgetidentité ;

— les changements d’emplacement des régions dus a l'algmamparfait des imagettes.
Pour faire face a ces problemes, nous adaptons les graps®ées introduits par Von der
Malsburg [158] pour en faire des graphes a base de champstifégaussiens.

Un grapheG se compose d’'un ensemble denceudsn; etiquetes par leurs descripteurs
X;. Dans la littérature, les ondelettes de Gabor jouent ledéleescripteurs. L'utilisation de
champs réceptifs gaussiens fournit une description simik/ec un codt inférieur en temps
de calcul. L'estimation de I'orientation de la téte a préa@dent été implémentée avec des
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graphes élastiques [24, 90, 71, 160]. Néanmoins, ces m&theduiérent une bonne résolution
de I'image du visage. De plus, les graphes de visage sontradgagle facon empirique. Nous
ne savons si le choix de la position des nceuds et des aréfertsent pour I'estimation de la
pose. Entrainer une nouvelle personne ou une nouvelle gosssite d’etiqueter manuellement
les nceuds et les arétes du graphe. Comme nous ne voulonsipastdtion manuelle dans notre
systeme, nous utilisons des graphes dont les nceuds sortts@pgulierement sur I'imagette
du visage.

Nous étendons les graphes utilisés dans [42]. La structeirgraphe décrit a la fois les
informations de texture et leur relations géométriquessdamage. Nous utilisons les vec-
teurs Lqopi(2,y) (2, y) de réponses a 5 dimensions aux champs réceptifs gaussienalisés a
leurs échelles intrinseques obtenus dans la section matE®domme descripteurs des nceuds
n; du graphe. Nous contruisons un modele de graphe pour champeedwu visage’ose; en
rassemblant toutes les réponses des nceuds. Chaquernest@étiqueté par un ensemble/de
vecteurs{ X}, ou M est le nombre d'images dans la base d’apprentissage. Ganblesde
vecteurs decrit les apparences possibles du point faciavéra I'emplacement du noeud La
transformation d’'un graphe en modele de graphe est monirda gure 2.13.

Neeud nj
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|

Graphes Modéle de Graphe

FiG. 2.13 — Transposition de graphes sur les images de visagetde mpose en modele de
graphe.

Le méme point facial peut avoir différents aspects selopésonnes. Pour une meilleure
représentation des apparences possibles d’'un méme paursteffectuons un clustering hiérar-
chique [60] sur les nuages de points obtenus dans I'espacardetéristiques a chaque nceud,
qui contiennent alors chacui clustersA; de centreu; et de matrice de covariancg. Dans
nos experiences, nous utilisons un facteur maximal derdistacalculées de = 2.5. L'opé-
ration de clustering hiérarchique sur les vecteurs de reg®aux nceuds du modéle de graphe
permet de mieux tenir compte des changements d’apparensesid changements d’identité.
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Pour prendre en compte les variations de positions des tactaux dues au non-ali-
gnement des imagettes et aux changements d’identité, ldélesode graphe peuvent étre dé-
formés localement en cherchant durant la phase de corrdapoe d’un nceud le point facial le
plus similaire dans une petite fenétre, comme proposé d&19§.[La taille de la fenétre ne doit
pas excéder la distanéé,, .. entre les noeuds, pour préserver leur ordre.

Les modéles de graphe de champs réceptifs gaussiens saanhfmn intuitive des régions
saillantes du visage obtenues dans la section précédemtaedion de I'image est considérée
comme saillante si ses pixels voisins partagent une apgagmilaire dans un rayon limité
Le déplacement local des nceuds correspond a ce kaydous proposons de définir le dépla-
cement local maximal d’'un noeud en fonction de la saillancedunt facial gu’il représente.
Les régions saillantes sont détectées sur chaque imageafgeviEn additionnant les régions
obtenues puis en les divisant par le nombre d’'images, naesobs une carte de saillance pour
chaque pose, comme illustré sur la figure 2.14.

FIG. 2.14 — Exemple de régions saillantes détectées sur degsaegmnéme pose et leur com-
binaison pour obtenir une carte de saillance. Les pixeldssesreprésentent des régions non
saillantes tandis que les pixels clairs représentent dgsne saillantes.

La carte de saillance donne une relation directe entre usl pixy) et sa saillancé(z, y)
comprise entre 0 et 1. Plus un pixel est saillant, plus sorarament est pertinent pour la pose
considérée. Larigidité d’un nceud du graphe est proporét@a sa saillance. Un nceud placé a
un point saillant est important et ne doit pas trop bougeoaessnplacement initial. A I'opposé,
un nceud placé a un point non saillant ne représente pas tedmaiisage pertinent pour la pose
et peut se mouvoir avec un déplacement local maximal égallidtance entre 2 noeuds,,,...
Nous appelons les modéles de graphe ainsi construits Ipeegasaillants. En notaqt;, y;)
'emplacement du noeud;, le déplacement local maximél(n;) s’écrit :

ld(nj) = (1 - S('Tbyj)) : ldmax (213)

2.6.2 Application a I'estimation de la pose de la téte

Les mémoires autoassociatives linéaires décrites daestias 2.4 permettent d’obtenir une
premiere estimation de I'orientation de la téte. Nous rafig cette estimation en recherchant
parmi les poses voisines de celle obtenue en premiére égtimia graphe saillant le plus si-
milaire a 'image de visage courante. Dans nos expériemmass avons utilisé des graphes de



44 CHAPITRE 2. CONTENU DE LA THESE

12x15 nceuds. La complexité en temps de calcul est propraitEnau nombre de nceuds, qui
ne peut dépasser le nombre de pixels de I'imagette. Ellecest lthéaire par rapport au nombre
de pixels. Nous comparons la performance des graphesgailal’autres types de graphe :
- MAAL
Mémoires AutoAssociatives Linéaires entrainées séparéme
— Graphes Saillants
Graphes décrits dans cette section.
— Graphes 1-Cluster
Graphes ou les apparences des nceuds ne sont pas clusteigséeshiquement mais
représentées par un seul cluster.
— Graphes Orientés
Graphes localisés sur la région de I'image du visage sugpmsgenir des traits saillants.
Des exemples peuvent étre vus sur la figure 2.15.
— Graphes Fixes
Graphes dont les nceuds sont fixes, ce qui revient a considi@gue point de I'image
comme saillant.
— Graphes Naifs
Graphes dont les nceuds peuvent se mouvoir avec le déplaceraemal, ce qui revient
a considérer chaque point de 'image comme non saillant.

FiG. 2.15 — Exemples de graphes orientés. Les centres des grapfiecalculés en fonction de
la pose du visage.

2.6.3 Résultats et discussion

La performance des différentes méthodes est montrée sableal 2.6. L'utilisation de
graphes saillants combinés avec les mémoires autoasgesikhéaires donnent les meilleurs
résultats. L'estimation de I'angle tilt est la plus amédier La combinaison des deux approches
fonctionne mieux que l'utilisation d’'une seule approche.

Les graphes saillants sont meilleurs que les graphes 1eCl@e résultat démontre I'uti-
lité de représenter les changements d’aspect dus a I'tdgudi un clustering hiérarchique de
vecteurs de caractéristiques.
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Méthode Erreur Moyenne Pan Erreur Moyenne Tilt
Graphes Saillants 16.2° 16.2°
MAAL 10.1° 15.9°
MAAL + Graphes 1-Cluster 11.5° 13.5°
MAAL + Graphes Orientés 10.8° 13.5°
MAAL + Graphes Fixes 12.7° 14.9°
MAAL + Graphes Naifs 12.2° 13.5°
MAAL + Graphes Saillants 10.r 12.6

TAB. 2.6 —Performance des différentes méthodes. MAAL fait référangeMémoires AutoAs-
sociatives Linéaires. La résolution des images est de Tbp&Is.

Les graphes saillants sont meilleurs que les graphes ése@t résultat montre que plus le
graphe couvre d’informations géomeétriques sur 'imageéttevisage, plus il sera performant.

Les graphes saillants sont meilleurs que les graphes fixesésiltat témoigne de l'utilité
d’autoriser les nceuds du graphe a se déplacer pour tenirtectkes déplacements de points
faciaux dus aux changements d’identité et au non-alignedenimagettes.

Les graphes saillants sont meilleurs que les graphes @afi€sultat montre qu’en limitant
le déplacement des nceuds en fonction de leur saillancetrisspondance et la discrimination
des poses s’en trouvent améliorées. Les régions saillanteéplus discriminantes pour I'esti-
mation de I'orientation de la téte que les régions non gaiis.

Avec une erreur moyenne de 10.1 degrés en pan et 12.6 degtifissen les sujets incon-
nus, notre systéme offre une performance comparable aateteue par les humains. L'erreur
moyenne par pose est illustrée sur la figure 2.16. Les erohiesues par notre algorithme sont
plus homogenes que celles obtenues par les humains. Netérsy est meilleur pour recon-
naitre les poses intermédiaires, mais les humains resteitieors pour reconnaitre les poses
face et profil. Cela confirme que le systeme visuel humaiseités poses face et profil comme
poses clés.

Les graphes saillants améliorent les résultats obtenueganémoires autoassociatives li-
néaires. La complexité linéaire des graphes saillantspeamet de prendre le relais sur les
mémoires autoassociatives linéaires, qui ont une contplegiadratique, quand la résolution
de l'image augmente. Notre systeme d’estimation de la pasashge utilise les apparences
globale et locale des images, est complétement automaticuidise ni d’heuristique, ni de
connaissances préalables sur le visage, ne nécessitedtigsetage manuel et peut étre adapté
a I'estimation de I'orientation d’autres objets déformesbl
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FIG. 2.16 — Erreur moyenne par pose sur les axes pan et tilt.



Chapitre 3

Conclusions et perspectives

En se basant sur les approches globales et locales de Viaro@rdinateur, nous avons
approfondi un systéme d’estimation d’orientation de la téflisant les mémoires linéaires au-
toassociatives et les graphes saillants de champs récgptissiens. Apprendre des prototypes
de poses a partir d'images de visage non contraintes est yemsimple, rapide et efficace
pour obtenir une premiére estimation de I'orientation. &eette approche, les angles pan et
tilt peuvent étre appris séparément. Cette estimationmeéliarée en utilisant des graphes dont
les noeuds contiennent des vecteurs de champs réceptifsegaid.es nceuds peuvent étre dé-
placés localement de maniére a maximiser la ressemblanteroconservant leurs relations
spatiales. L'estimation de la pose est raffinée en rechetdbanodéle de graphe le plus simi-
laire parmi les poses voisines de celle trouvée en premgthaation. La performance globale
est comparable a la performance humaine.

3.1 Résultats principaux

Dans nos expériences, le groupe de personnes a effectuéreneraoyenne dé1.85° en
pan etl 1.04° en tilt. Nous avons découvert un résultat intéressantangle pan. Les personnes
ont une bonne aptitude a reconnaitre les poses face et praid les performances se dégradent
sur les poses intermédiaires. L'angle pan semble plus eéladuestimer. L'erreur minimale se
trouve pour la pose®, ce qui correspond a la vue de face. Ces résultats suggeretd gysteme
visuel humain utilise face et pofil comme des poses clés, amstipulé dans [65]. L'age des
sujets ne semble pas influencer le résultat.

Dans notre méthode, la région de I'image correspondantsagei est normalisée en posi-
tion, taille et inclinaison dans une image de petite régmuén utilisant un systéme de suivi
de visage. Les mémoires autoassociatives linéaires stsées pour apprendre des prototypes
d’orientations de la téte. Ces mémoires sont simples aoretne requiérent que peu de para-
metres et sont adaptées pour I'estimation de la pose due/sagles sujets connus et inconnus.
Les prototypes peuvent étre appris en utilisant un ou dees.akvec une erreur moyenne de
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moins del(0° en pan et en tilt pour des sujets connus, notre méthode espphlformante que
les réseaux de neurones [152], '’Analyse par Composantasipales et les modéles de ten-
seurs [145]. Nous obtenons une erreur moyenné(deen pan etl6® en tilt sur des sujets
inconnus. Apprendre les angles pan et tilt séparémenttridnombre de prototypes a utiliser
tout en ne dégradant pas la performance. Ces résultats btamus sur des images non ali-
gnées. Les prototypes de poses du visage peuvent étre aadée@t chargés ultérieurement
pour d’autres applications. Notre algorithme de premiétev@ation de la pose fonctionne a 15
images par seconde, ce qui est suffisant pour des applisatidéo telles que les interactions
homme-machine, la vidéosurveillance et les environnesietelligents.

Cette premiére estimation est raffinée en décrivant les ésaly visage par des champs
réceptifs gaussiens normalisés a leurs échelles intriresed.es dérivées gaussiennes décrivent
'apparence de voisinages de pixels et présentent un mdfieace pour détecter les traits du
visage indépendamment de leur taille et de leur illumimati®e plus, elles ont des propriétés
d’invariance intéressantes. Les images de visage sontd#nstes par des vecteurs de faible
dimension. Les régions saillantes du visage sont décassert analysant les régions qui par-
tagent une apparence similaire sur un rayon limité. Nousvisos que les principaux traits
saillants du visage sont : les yeux, le nez, la bouche et l®oodu visage. Ces résultats res-
semblent aux traits faciaux regardés par les humains setoétlides de Yarbus [165].

Les graphes de champs réceptifs gaussiens améliorenti&iin de la pose obtenue en
premiere estimation. La structure de graphe décrit et Bappce des voisinages de pixels, et
leurs relations géomeétriques dans I'image. Les résultats meilleurs en effectuant un clus-
tering hiérarchique en chaque nceud du graphe. Les graptmsvrant la totalité de I'image
du visage sont plus performants que ceux ne recouvrant gupartie du visage. Plus grande
est la portion d’'image recouverte, plus importantes sostrédations géométriques. De plus,
paramétrer le déplacement local maximal d’un nceud en fomcté sa saillance résulte en une
meilleure estimation que fixer un méme déplacement local ploaque nceud. Un nceud placé
sur un trait saillant du visage représente un point pertipear la pose considérée et ne doit pas
trop se déplacer de son emplacement initial. Au contramenagud placé dans une région peu
saillante ne représente pas de point pertinent pour la ggssuébouger. Les graphes saillants
améliorent surtout la performance en tilt, peu en pan. Cexitre que I'information de l'incli-
naison horizontale de la téte est fournie en majeure paati€gssymétrie du visage, contenue
dans I'apparence globale. En utilisant cette méthode, abteons un systeme d’estimation de
la pose de la téte avec une exactitudel@feen pan etl2° en tilt sur des sujets inconnus. Cet
algorithme ne requiert pas d’heuristique, d’annotatiomusdle ou de connaissances préalables
sur le visage et peut étre adapté pour estimer |'orientatiota configuration d’autres objets
déformables.

L'estimation de pose du visage est testée sur des séqudadéesde la IST CHIL Pointing
Database. Le contexte temporel offre un gain en temps delcaaosidérable. La pose du vi-
sage sur I'image suivante se trouve dans le voisinage deska paurante. Nous avons obtenu
une erreur moyenne d2.5° en pan. L'orientation de la téte est souvent utilisée panlesains
pour estimer le focus visuel d’attention sur des images #@tates séquences vidéo. En parti-
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culier, nos expériences ont montré que son inclinaisioizbotale était plus pertinente que son
inclinaison verticale pour les humains. Nous avons congsysteme permettant de délivrer une
performance similaire a celle des humains sur les mémesagsnhes résultats que nous avons
obtenus montrent que notre approche est adaptée a I'estimti I'orientation de la téte dans
des environnements intelligents, pour prédire les inteyas entre personnes et objets. Notre
algorithme peut aussi servir d’entrée pour des systemestathnels [85].

3.2 Extensions

Notre systeme d’estimation de la pose de la téte a démontrérdees performances sur des
images fixes et des séquences vidéo. La premiére étape déhledaeést de normaliser la région
de I'image correspondant au visage en taille et en inclamggour travailler sur des imagettes de
visage. En conséquence, le temps de calcul devient indapedd la taille de I'image source.
Néanmoins, le suivi de visage peut également introduireabl@me. La hauteur du cou differe
d’'une personne a une autre. Ceci produit des variationsesumtagettes de visage et peut
biaiser I'estimation de I'angle d’inclinaison verticaié.tDe plus, comme le systéme de suivi
est basé sur la chrominance, il peut parfois suivre une négjiférente d’un visage mais dont
la chrominance est similaire a celle de la peau humaine uti @galement capturer les régions
adjacentes au visage de méme chrominance, comme par exenglgersonne mettant ses
mains pres du visage. L'algorithme Raster-Scan developpépters [109] peut localiser la
région du visage en déplacant le graphe sans déplacer ses tmealement. Cependant, pour
délimiter correctement la région, la taille du visage daefeé&onnue. En mettant le systéme
de suivi et le Raster-Scan dans une boucle, la normalisatidlalignement pourraient étre
améliores.

En suivant la méme idée, les graphes saillants pourraiéngiuen point du visage est caché
ou non. En supprimant la contribution du nceud corresporalartpoint, I'estimation pourrait
étre améliorée. Si jamais il y a trop de points cachés, on rlgase que sur le résultat des
mémoires autoassociatives linéaires, robustes a I'oceiysartielle.

De la méme facon que nous détectons les régions saillantesatdye comme des blobs d’ap-
parence a I'échelle intrinseque, nous devrions décrirkeémant les crétes du visage comme des
crétes d’apparence. Une nouvelle méthode de descriptioréties basée sur I'énergie du lapla-
cien a été récemment démontrée [144]. Ces crétes pourseerit d'arétes dans les graphes.
Combiner nceuds et arétes pourrait augmenter la perforntinbestimation.

Les mémoires autoassociatives linéaires sont perturtsdegpchangements d’illumination
globaux, mais pas locaux. Au contraire, les champs résegétissiens sont perturbés par les
changements d’illumination locaux, mais pas globaux. Eégrant ces deux approches dans
une boucle, chacune pourrait donner un indice de confians®em®stimation. En prenant en
compte ces indices, nous pourrions choisir quelles méthotiieser.

Augmenter la résolution des imagettes de visage augmemteétasion et peut permettre
I'estimation continue de la pose. Dans notre étude, se@epdses discrétes ont été entrainées
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et sélectionnées par choix du meilleur score. Les posesnc@st pourraient étre obtenues par
interpolation des meilleurs scores. Ceux obtenus par Issgpavoisinantes de la pose gagnante
constituent un bon choix pour I'interpolation.

Une base de données vidéo pour I'estimation de I'orientatmla téte a partir de 4 caméras
est apparue récemment [152]. La pose du visage du conféaiesst annotée manuellement
dans les 8 directions cardinales. Les estimations de lappatir de 4 points de vues différents
pourraient étre combinées pour obtenir une estimationfidbte.

En conclusion, nous ne devons pas oublier que I'orientat®la téte ne représente qu’une
partie de I'attention humaine. La position de la pupille Bagil contribue a la direction du
regard, mais ne peut étre détectée que sur des images dedsulttion. Cependant, I'attention
humaine est difficile & définir parce qu’elle comprend augsi be foyer d’attention visuel que
le foyer d’attention auditive, I'intention, la nature eintiplication du sujet dans sa tache. Les
systémes pour estimer I'attention commencent a apparaitfestimation de la pose de la téte
peut servir d’entrée a de tels systemes [85]. Ces approaegept fournir des informations
importantes pour I'Interaction Homme-Machine et I'obsgion d’activités humaines.
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Chapter 1

Introduction

Informatic technologies are autistic. Few technologiesanily exist to endow artificial systems
with a reliable ability to sense social interactions, wieetimteractions occur between humans
or between human and machine. As a consequence of the inabiévaluate user attention or
interest, artificial systems often distract people withpippriate actions and have little or no
ability to use human interaction to correct their behaviour

An important aspect of social interaction is the ability tiserve human interest and atten-
tion. Humans locate the focus of attention of people to ael&xtent by observing their faces
and their gazes. To a large part, interest and attention @&rsop can be estimated from the
orientation of the head.

In this thesis, we adress the problem of head pose, or otienfaestimation on uncon-
strained single images. Head orientation is determinechi®etangles: roll, tilt and pan. The
roll angle represents the person’s head inclination wigjard to the body and varies around the
longitudinal axis. The tilt angle stands for the verticatlination of the face and varies around
the lateral axis, when a person looks up and down. This asgleimost difficult of the three to
estimate. The pan angle corresponds to the horizontahetotin of the face and varies around
the vertical axis, when the person turns his head left art@t.rigur goal is to propose methods
to estimate these angles, as a first step towards estimasingl ¥ocus of attention.

Many of the techniques proposed in the literature for ediimgagaze and head pose ori-
entation employ special equipment, such as infrared ilhaton, electro-oculography, head
mounted devices or specific contact lenses [59, 167, 33].rmMueneial systems are available
using active cameras and stereo vision [162, 96, 120]. Alghosuch techniques deliver high
precision, they tend to be expensive and too intrusive famyregplications. Computer vision-
based systems present a less intrusive approach. We aifzaly interested in estimating the
head orientation in order to estimate human visual attentiontelligent environments.

Our goal is to propose a non intrusive method for head posaatsdn that does not require
specific equipement. In particular, we are interested iwm@atic technologies that are robust
to identity and operating under unconstrained imaging ¢mr$. Humans can deliver a rough
estimate of the pose of an object from a single image. Furtbex, head pose estimation from
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single images is the first step for accurate head pose egimfadm several images.

Approaches to head pose estimation from single images cativizked in 4 main fami-
lies : 2D geometrical approaches, 3D geometrical appraadheial transformation based ap-
proaches and template based approaches. 2D geometricabapps use detected facial land-
marks to find correspondences and compute pan and tilt afigiese methods are accurate but
requires high resolution of the face and cannot accomodiake iead movements. 3D geomet-
rical approaches apply a 3D model of the head to recover itso8&lion. Such techniques are
more accurate than 2D methods, but require more computdtione as well as a strong prior
knowledge of the geometrical structure of the face. Facalsformation-based approaches use
facial properties to obtain an estimation of the head oaigonn. Such methods are easy to com-
pute, but tend to be unstable and identity-dependant. Taeyplased approaches consider the
problem as a classification problem solved by matching tlmeentiimage with the most sim-
ilar template. Such methods are very fast, but can only delivcoarse estimation of the pose
and the user has no feedback about what happened if the sfatenin this thesis, we de-
velop a hybrid coarse-to-fine approach for head orientaggtirmation whose performance are
comparable to human performance.

1.1 Coarse-to-fine head pose estimation

In this thesis, we propose a fully automatic approach fodhm@se estimation on images taken
under unconstrained imaging conditions independant ofidaatity of the person. This ap-
proach combines the advantages of global approaches whetha appearance of the whole
image for classification and local approaches which usanmtion contained in neighbour-
hood of pixels and their relations in the image without usang heuristics or prior knowledge
about the face. We present a coarse-to-fine head pose estimgstem based on linear auto-
associative memories and Gaussian receptive fields grabostrto changes in identity. Our
method works on non-aligned face images as in real conditionl its performance is compa-
rable to human performance.

To properly measure the performance of a head orientatigori#thm, we need to evalu-
ate the method on a representative database. Differentooietire often tested with different
databases, which makes fair comparison difficult. Sucha@x@ate should contain adequate data
and a full range of poses. This allows us to evaluate the betiawf the method on each pan
and tilt angle. Such a database should also be symmetraatlysufficiently sampled. If the
method works well with many angles, it can be adapted totread-head pose tracking in real
conditions, in which the head angle is not discrete, butinaous.

Our experiments use the Pointing 2004 Head Pose Image Bat§®@|, a densly sampled
database covering a half-sphere of poses from -90 to +9@degn pan and tilt angles. The
head pose database consists in 15 sets of images. Each tsets@series of 93 images of the
same person at different orientations. Training and tgstan be done either on known users by
applying a cross-validation on both sets or unknown usergdpyying a Jack-Knife algorithm
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on persons.

Humans are known to estimate visual focus of attention tjindbe head pose, but their abil-
ities for estimating human head orientation are largelynavkn. It is unclear whether humans
have a natural ability to estimate the head pose of peoplmgiesimages, or whether people
must be trained for such a task using sample annotated imBgekermore, we do not know
the accuracy with which a person can deliver estimates forgpal tilt angles of an observed
head. Kersten [65] reports that front and profile poses azd as key poses by the human brain.
As a benchmark, or reference, we evaluated the ability obagof people on head orientation
estimation from a sample of the Pointing’'04 Head Pose Imaggliase. These experiments
show that our proposed method yields results similar to huatmlities.

With our method, a coarse estimation of the head orientasi@btained by searching the
best prototypes which match the current image. We combiseniith a method based on defin-
ing salient facial regions relevant for each head poseeBaiegions are locally described by
Gaussian receptive fields normalized at intrinsic scaleergby the local maximum of the nor-
malized Laplacian. These descriptors have interestinggt@s and are less expensive to com-
pute than Gabor wavelets. Salient facial regions found bysSian receptive fields enable the
construction of a model graph for each pose. Each node ofrdpEhgcan be locally displaced
according to its saliency within the image and is labellecalyyrobability density function of
normalized Gaussian receptive field vectors hierarchicdllstered to represent various aspects
of the same feature under identity changes. Linear autocggs/e memories deliver a coarse
estimation of the pose. This result is refined by searchingregthe coarse pose neighbors the
salient grid graph thus providing the best match. The posecdted with its model graph is
selected as the head pose of the person in the image.

1.2 Contributions of the dissertation

Experiments show that humans perform well at recognizingthl and profile views of faces,
but not for intermediate views. In our experiments, the haragerage error per pose i$.85°
in pan andl1.04° in tilt. Minimum human error in pan is found at O degrees, vilgorresponds
to a straight or frontal view. Pan angle appears to be moreralato estimate. These results
suggest that the human visual system uses front and profNes\as key poses, as proposed in
[65].

In our method, face region images are normalized to prodneedsolution imagettes using
a robust face tracker. Linear auto-associative memorgssad for learning prototypes of head
pose images. Because such memories are relatively simpte&iruct and require few param-
eters, they appear to be well suited for head orientatiamasibn for both known and unknown
subjects. Prototypes are trained either on one or two axik &4 average error of less thaé’
in pan and tilt angles on known subjects, our method perf@rater than neural networks [152],
PCA and tensor models [145]. We achieve an errot(@fin pan and16° in tilt for unknown
subjects. Learning pan and tilt angles together does n#ase much the performance, we thus
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learn pan and tilt separately, which reduces the numberaibfypes used. Results show that
our system can handle alignment problems. Head pose ppatotian be saved and restored for
other applications. Our coarse head pose estimation #igoruns at 15 frames per second, is
reliable enough with video sequences for applications sisaiman-machine interactions, video
surveillance and intelligent environments.

Head orientation estimation can be improved by describagg images using Gaussian
receptive fields normalized to intrinsic scale. Gaussiaivdtves describe the appearance of
neighbourhoods of pixels and are an efficient means to coagwale and illumination robust lo-
cal features. Furthermore, they have interesting invaegmoperties. Face images are described
using low dimensional feature vectors. Salient facial @agiof the face robust to identity and
pose can be recovered by analyzing regions which share e aj@perance on a limited radius.
We found that the salient facial features detected by nome@@dlGaussian receptive fields were
eyes, nose, mouth and face contour. These results resdrobkdbtained by humans according
in studies described by Yarbus [165].

Gaussian receptive field grid graphs refine the pose obt&indte coarse estimate system.
The graph structure describes both neighbourhoods of pp@tarance and their geometric re-
lations in the image. Describing the appearance of each watdierarchical clustering gives
better results. We also found that graphs covering the wiaale image provide better perfor-
mance than graphs applied only on parts of the image. Therldng region covered by the
graph, the more geometric relation information it captufagthermore, setting the local max-
imum displacement for nodes according to their saliencyipes better results than having a
fixed value. A node placed at a salient fixation representefiang relevant for the pose and
does not need to move too much from its original location. Rndther hand, a node placed
at a non-salient location represents an irrelevant featndecan be moved with a maximal dis-
placement equal to the distance between 2 nodes, in ordexeip ¢reometric relation. Using
this method, we obtain a coarse-to-fine head pose estimattbri0° in pan andl12° in tilt for
unknown users. This algorithm does not use any heuristiapual annotation or prior knowl-
edge on the face and can be adapted to estimate the pose gfucatifin of other deformable
objects.

Head pose estimation on video sequences has been testgdthusiiST CHIL Pointing
Database. The temporal context provides a crucial gainddpeance as well as a significant
computational time reduction. The head pose at the nexigtiaraxpected to be found in neigh-
bouring poses of the previous pose. We found an average @r2i.5° in pan. Subjects are
different from the Pointing’04 database. Head pose esiimaian also serve as an entry for
attentional systems [85].

1.3 Overview of the dissertation

Chapter 2 gives an overview of existing vision methods for estimatiegd orientation. Stud-
ies has shown that visual focus of attention has more infliédmen auditive focus of attention
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[129]. The direction of people’s gaze in images can be esédhBiom the head orientation and
the position of the pupils with regard to the eyes. During@daaze, head rotation is limited
because rotating the eyes is faster and requires less etiegyrotating the head. However,
the human ocular muscles require more effort when the gadeested off center. Thus the
head tends to turn to center the eyes in order to relievetedfdhe eye muscles during longer
fixations. Head orientation is a reliable indicator of sustd attention.

This chapter details principal aspects of the head posmattin task. Many head pose es-
timation algorithms work with multiplesensors, includimgrared illumination, stereo images
or active cameras. These approaches deliver an accuratagsin their estimation, but require
specific equipment or are excessively intrusive. Our go#b isropose a head pose estimation
algorithm without specific equipement that is as non-inieias possible. We target head pose
estimation with single images. Estimating the head orienadf a person in general is a prob-
lem with many facets. Unlike many computer vision problethsye is no unified framework
for this task. Almost every author proposes his own framévesrd metric.

Chapter 3 adresses the problem of human abilities to head pose egiimBEople can give a
rough estimate of head orientation from single images. Hewehe psycho-physical basis for
this task remains unknown. We do not know whether humans daatural ability to estimate
the head pose of people in single images, or whether peopdt Ipeutrained for such a task
using sample annotated images. Furthermore, we do not Kmewrecision at which a person
can deliver values for pan and tilt angles of the head eithersten [65] reports that front and
profile poses are particularly well recognized by human&sEposes are used as key poses by
the human brain. We measure human performance for this tasg a densly sampled database
of discrete head poses, the Pointing '04 Database [39]. ©akdj this chapter is to determine
which kind of precision can be expected from an head oriemtagstimation system in Man-
Machine Interaction applications.

We have evaluated the performance of a group of people on dtvéaatation estimation.
This experiment investigated which angle is the most reief@ people. We measure the per-
formance of a group of 72 human subjects on head pose esimdti our experiment, we
tested 36 men and 36 women, ranging from age 15 to 80. Thegaophsked to examine the
image, and to circle an answer on a sheet of paper corresppitalitheir best estimate of the
observed pose. Images from the Pointing 2004 Head Pose IDaigbase were presented in
random order to the subject for 7 seconds, with a differedéofor each subject.

In our experiments, human displayed an average errai &5° in pan andl1.04¢ in tilt.
Estimation of head pan angle appears to be natural for hymdreseas tilt angle estimation
is not. In situations where people talk to each other, padeapigpvides good cues on visual
focus of attention [128]. This fact is even more relevant wpeople are sitting, because theirs
heads are roughly at the same height. We also found that rsipgaform well at recognizing
front and profile views, but not for intermediate views. Tiverage error per pose in pan can
be roughly modelled by a Gaussian centered at 45 degreese Tésults tend to show that the
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human brain uses front and profile views as key poses, as stegge [65].

Chapter 4 serves to introduce the robust face tracker and detecttemmyssed in our experi-
ments. Rather than cropping and aligning manually face @magions, we detect them by using
this system. This algorithm is an initial step to detectiod aormalization of a face region in
video sequences and single images. Our tracker uses puwetldetection of skin colored re-
gions using a Bayesian estimation of the probability thaixalgorresponds to skin based on
its chrominance. A prediction-verification step is donengsa zeroth order Kalman filter [61].
The process runs at video-rate.

Face detection and normalization is a crucial preprocgssiep for head pose estimation.
Once the face region is tracked, first and second momentssagkta normalize facial images
in size and slant orientation ans project them onto low tégmt imagettes. A result of this nor-
malization is that all images in the training data have thmesaize, which makes computation
time of further operations independant from the originahge size. In addition, such normal-
ization allows us to have facial regions to the same locatioine imagette for a given head
pose.

Chapter 5 explains the coarse head pose estimation procedure. Naaddace imagettes of
the same head pose are used to train an auto-associativerynisicacts as a head pose proto-
type. Linear auto-associative memories are a particulse odone-layer linear neural networks
where input patterns are associated with each other. Asgoegative memories associate im-
ages with their respective class, even when the image hasdeggaded or partially occluded.
Such networks were first introduced by Kohonen [70] to savkranall images.

To enhance the accuracy of estimation, we use the Widrovdafection rule to train head
pose prototypes. The Widrow-Hoff correction rule is a losapervised learning rule aiming at
increasing the performance of associators [148]. Only favameters are required. Head poses
are trained either separately or together. Classificatfdread poses is obtained by comparing
normalized face imagettes with those reconstructed by thotype. The head pose whose
prototype obtains the highest score is selected.

Training and testing can be done on known or unknown userabiéen results comparable
to human performance in both pan and tilt angles. Learnirggp@nd pan and tilt angles sep-
arately provides a significant gain of computational timéhaut loss of performance. Results
obtained on unknown users show that our system generaligkksonprevious unseen subjects
and is robust to identity.

Chapter 6 describes perception of face images with Gaussian reeefiilds formed from

Gaussian derivatives. A receptive field is a local lineaction that reponds to intensity changes
of a certain form and orientation at different scales in iemd-eatures of intermediate complex-
ity that are robust to scale, illumination and position dsare used by primates for vision and
object recognition. Our objective is to design such localaptors. Gaussian derivatives are an
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efficient means of describing appearance of neighbourhatgtiscale and illumination robust
local features. Furthermore, they have interesting iavere properties, such as separability,
scalability and differentiability.

Lindeberg [78] proposes a method to select appropriatd Buedes to describe image fea-
tures. For a given image region, these relevant scales Heel @airinsic scales. Local maximas
in the scale profile computed at every neighborhood of pipetsides one or more intrinsic
scales. The scale profile of a feature point is obtained bleciihg its responses to the nor-
malized Laplacian energy at varying scales. Scale invarnaceptive fields are obtained by
projection of image neighbourhoods on a vector of Gaussggivatives normalized with their
intrinsic scales. Every pixel of the face image is therefmmalyzed at an appropriate scale.

Face images and their salient regions are described usnditoensional feature vectors.
We propose the following definition for salient regions: Aien is salient on an image when its
neighbouring pixels share a similar appearance only ovienigeld radius. Gaussian normalized
receptive fields appear to be a good detector for salienalfaegions robust to illumination,
pose and identity.

Chapter 7 explains the adaptation of elastic bunch graphs introdbgeébn der Malsburg et
al. [158] to Gaussian receptive field graphs. Elastic bunrelplgs were initially developed for
face recognition. This structure has interesting propsrtor image matching under changing
conditions. A graph is described by a set of nodes labelletthéy descriptors and their edges.
In the literature, Gabor Wavelets which describe both gaooat and textural information on
the image are often used as descriptors. However, we havel fthat Gaussian derivatives
provide similar information at a much lower computationa$t

Head pose estimation has been demonstrated on varying nwhipeses using elastic
bunch graphs [24, 160]. Nevertheless, such systems reljgineresolution image of the face.
Furthermore, such graphs are constructed empirically &mhepose. Training a new person
requires to manually label graph nodes and edges on all faagdas. As we do not want to
use manual annotation in our system, we apply grid graphedover head pose from facial
features.

The same facial point can have different appearances wgtrddo the person. The result is
an assembly of clouds of points in the feature space on easty af the graph. To model such
different aspects of the same feature, we apply a hieraathiastering to the receptive fields
vector responses for the same node. Each node of the grapgiedacally displaced accord-
ing to its saliency in the image. One salient grid graph isstacted per pose. The head pose
estimation system based on linear auto-associative memaelivers a coarse estimate for the
pose. We refine this estimate by searching for the best s@rehgraph from its neighboring
poses. The pose whose probability gives the best scoredstedlas the head pose. We ob-
tained a coarse-to-fine head pose estimation Within pan andi2° in tilt for unknown users,
achieving a precision comparable to human performance.
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Chapter 8 presents extensions of our system. The first part of the ehdpscribes the use of
linear auto-associative memories on people detectiondaossurveillance sequences. This is
the first step to person and face tracking. Our method worl®aatesolution and requires very
few parameters. This approach inherits strong points oéagmce based vision: simplicity and
independance to the detection technique. We compare tifi@pance of our system to three
other statistical algorithms using the IST CAVIAR database

Head pose estimation on video sequences is developed irtbad part of this section.
Head pose prototypes are created using linear auto-aigeai@emories trained separately in
pan and tilt. The use of video sequences introduces a neweatetm the task: the temporal
context. Temporal context provides an important gain irfqrerance as well as a significant
reduction in computational time. The head pose at the naxtdris expected to be found in
neighbouring poses of the previous pose. With the use of pes€ prototypes, we can restrict
the research of the current head pose to neighbour poses) vgtliess time consuming. We use
the IST CHIL database to test our system.

The third part of the chapter extends the use of head orientastimation to focus of
attention detection and privacy violation. Head pose egiion can provide input to attentional
systems. The attentional model developed by Maisonnaggec be used to detect when
someone pays attention to a device and transgresses prifeey?RIMA Robust Tracker [12]
is used to track people and objects. The system detectgesnititthe environment and projects
their positions to environmental coordinates using an hgnayohy. Head pose estimation could
be a good indicator of people’s attention and privacy violat

Chapter 9 concludes this thesis by summarizing the main results arsppetives.



Chapter 2

Estimating visual focus of attention

Visual focus of attention contributes more to human attenthan auditive focus of attention
[129]. In addition, many studies suggest that human gazéges useful cues about focus of
attention [130, 75]. For this reason, we are interested ¢hrijues for estimating and track-
ing head orientation. The first part of this chapter presédmsyaze and head pose estimation
problems and its applications. The second part concerngriaat aspects of the problem: face
image resolution, accuracy of estimation, robustnesseéatity and choice of a database for
performance evaluation. A literature review on head posienasion is presented in the third
part. The final section motivates the coarse-to-fine apprdageloped in this thesis.

2.1 Estimating gaze of people in images

The direction of people’s gaze as captured in images cantimeatdsed from the head orientation
and the position of the pupils with regard to the eyes. Duamgick glance, there is little or no
head rotation. Eye rotations may be as fast as 500 degreesquard and require relatively little
energy. Thus rapid glances tend to depend only on eye mdkius.is the case, for example,
when a person is scanning a web page or reading a book.

Despite this fact, it is not surprising that most studiesvsiizat the head orientation con-
tributes generally more than eye movement to gaze direc8tafelhagen [138, 130] reports
that in meeting situations, people turn their heads rathen their eyes in 69% of time and the
head orientation direction is equal to the gaze in 89% of tifings fact is easily understandable
if we consider that while eye motion is very fast, the eye nesoequires energy to remain off
center during a prolonged time, and head motion compentattss effort. Thus humans tend
to rotate their head to recenter the eyes during longer gadmescteristic of sustained attention.

Kingstone [66] asked subjects to gaze at a target after geginmage of someone look-
ing elsewhere. Most subjects had an unvoluntarily reflexhange their gazes to the scene
position where the person on the image was looking. Langtdh $howed people images of
subjects having their head orientation identical or opjedsitheir gaze. He concluded that peo-
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ple take more time estimating the gaze of subjects when taé beentation is different from
the eye gaze direction. Head pose perception strongly imfkeethe human perception of gaze.
Moreover, eye blinking can disrupt eye trackers and press@opil detection. In his studies,
Stiefelhagen [138] reports that eye blinking happens 20%nté in meeting situations. In any
case, detecting pupils on images requires a relatively t@gblution image of the face and often
requires cameras directly in front of the eyes to have anrateimage of the pupil. Using head
pose as an indicator of attention allows us to avoid suchisnie equipment.

2.1.1 Definition of the problem

The goal of this study is to estimate a person’s head posesaut brientation, with low resolu-
tion unconstrained single images. Head pose is determipn&dingles: roll (also called slant),
tilt (also called pitch) and pan (also called yaw). Thesedemare illustrated in figure 2.1. The
roll angle represents the person’s head inclination wigfard to the body and varies around the
longitudinal (or forward) axis. The tilt angle stands foetvertical inclination of the face, when
a person looks up and down, and varies around the lateraid@ways). This angle is the most
difficult to estimate. The pan angle represents the horgantlination of the face, when the
person turns his head left and right, and varies around the&akaxis. These 3 angles cover
the complete 3D movement of the human head.

Pan Tilt Roll

& &

Figure 2.1: The 3 rotation angles of the human head [25].

2.1.2  Why monocular vision ?

A variety of tehniques may be used to estimate gaze and hesal gp@entation. Infrared il-
lumination presents the advantage of accurately locagitive pupils of people in an image
[59, 167]. However, such methods are intrusive as they requadiation of the eye with in-
frared illumination. Unvolontary eye movements duringanéd illumination may expose the
retina, resulting in small eye lesions and may pose a healthrd [124]. There are other com-
mercially avalaible systems to track eye-gaze. Electidagraphy measures the potential of
the electro-static field rotating around the eyeball to detfee position of the pupil [33]. How-
ever, some studies [11] report problems with these teclesiquighting adaptations of the eye



2.1. ESTIMATING GAZE OF PEOPLE IN IMAGES 63

change the value of the potential, which causes this meth&lltin case of illumination vari-
ations. One method is to use specially constructed corngasek. Although such techniques
deliver high precision, they are too intrusive for many aggtions. Computer Vision can avoid
such intrusive approaches.

Figure 2.2: Example of commercial eye gaze tracking de\t23]

Many computer vision techniques are inspired from theafdgiman vision and work with
stereo images [162, 96, 63] orimages taken from active caj2d, 87]. As we have seen, these
approaches can provide an accurate estimate of gaze divgbtit require specific equipment.
Some complex systems, such as FaceLAB [120] report lessaihamlegree accuracy, but use
several sensors, high quality cameras and are very exge/@iv goal is to propose a head pose
estimation algorithm without specific equipement and asintmisive as possible.

Humans can deliver a rough estimate of the pose from a sintdge. Furthermore, head
pose estimation from single images are the first step foligéat multi-camera systems. Ac-
curate pose estimation from a single image can improve Eisaaion from multiple cameras.

2.1.3 Applications

The task of estimating and tracking focus of attention cawesas an important component for
systems for man-machine interaction, video conferendeajure recording, driver monitoring,
video surveillance and meeting analysis. Human head p@sscciated with actions and inter-
preted differently with regard to the context. It can alsabeful for other computer vision tasks
where the effect of the head pose needs to be compensatédaSks include person identifica-
tion and facial expression analysis. Using local or glolpgraaches for these problems cannot
prevent similarity measures between 2 different views efsame person from decreasing as
the difference in head pose increases. Therefore the hesdhye@ds to be estimated prior to the
recognition or facial analysis process.

The head pose of a person can provide important cues forastignvisual focus of attention
in meetings, for example if the speaker is facing the audienrchis slides. It can also serves
as hand free cursor [142] control for man machine interfdoeshandicapped people. Head
pose estimation is also used for driver monitoring [53, 8)]12Vhen a driver becomes tired,
his ability to maintain visual attention degrades. The etystletects such signs and tells him
to stop and have a rest. Another area of application is toystutere people look to analyze



64 CHAPTER 2. ESTIMATING VISUAL FOCUS OF ATTENTION

Figure 2.3: Example of applications of head pose estimatystems

their attention during human to machine or human to humaaraetions. The main advantage
of computer vision based approaches is that, as the sulgestrtbt need to wear any specific
device, his head and eyes movements are natural. Thesediexiseriments are useful to know
which part of a web page or of a shop window is the most relevastudy has been made on
air-traffic controllers [9] to see which screens were the nobserved. Head pose can be used to
represent a perspective cursor for handicapped peoplentootonulti displays interfaces [99].

We are particularly interested in estimating the head ¢gitéon in order to estimate human
visual attention in smart environments. The direction @ tread pose can serve as a good
indicator to determine at which objects people are payitgnéibn or which interactions can
they have with objects and other people. Head orientatibmason has many applications in
various domains, but is a very difficult problem.

2.2 Issues when estimating head pose from single images

Pose recognition for any class of objects must overcome robstacles. The task is even more
difficult in the case of deformable objects, and especidlé/liuman head. Estimating the head
orientation of a person in general is a problem with many t&addnlike many computer vi-
sion problems, there is no unified framework for this taskndsét every author presents a new
framework and new metrics. In this section, we review imaottaspects of the head pose es-
timation problem. They appear both in estimation from casgirmgle images and estimation
from video sequences. These difficulties must be resolvedrfp system that seeks to estimate
or track the 3D movements of the human face.

2.2.1 Image resolution

Any head pose estimation system requires a minimal faceemagplution to work. This min-

imal resolution varies greatly from one technique to anoémal is not always made explicit in
the literature. Some systems require high resolution ireagehe face region (500x500 pix-
els), while others can accomodate low resolutions (32x88lg). However, no known system
has been demonstrated to estimate head pose with imagesntogtless than 10x10 pixels.
Even the human eye is unable to tell where the subject ishgoki such a low resolution. This
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suggest that the required face image resolution is relataddther issue: what accuracy in the
head orientation estimation can be expected ?

2.2.2 Accuracy of estimation

The accuracy of estimation is generally the first result of lamad pose tracking system. Every
serious work in the literature dealing with head orientatilivers a value for accuracy, gener-
ally in degrees. With this value, the reader has an idea aftiadity of the system. So we should
think it would be sufficient enough to compare the given aacyiin each paper to obtain the
best head pose estimation system. However, even when theaagds specified, the method
used to determine accuracy is not always explicitly stated.

There is no general or predefined metric for the head posmatstin task. Furthermore,
the range of poses is sometimes not specified. Having a laettaracy over a smaller range of
angles is easier than for larger ranges of angles. For exgra@ystem delivering an accuracy
of 5 degrees and working for pan angles from -20 to +20 degeeast really more capable
than a system delivering a accuracy of 10 degrees and wofirgan angles from -90 to +90
degrees. The acurracy of estimation leads us to the traamdgest data issue.

2.2.3 Robustness to identity

Head pose estimation differs from object pose recogniticamumber of ways. As mentionned
earlier, the human face is a deformable object and can haug exgressions. One of the most
challenging properties of human faces is that their appearaan vary significantly from one
person to another. Thus, intrinsic facial characteristiest be separated from head pose. The
variety of appearance of skin colour, the chin and cheeksemaltustness to identity for head
pose estimation very difficult to obtain. Hair is the mosia&hle part of the face and can occlude
important facial features. For the same head pose, two persay not have the same features
visible. In addition, not only local aspects, but also thebgll aspect of the human face may
vary over individuals. For example, the proportion of thekweiith regard to the head and the
dimensions of the face vary under face orientation and itjent

Many of these difficulties are greatly simplified when a sgsie intended for a particular
user. This remark is not specific to head pose estimation sugénerally valid for any man-
machine interface algorithms. The robustness to idensitgl$o linked to another point: the
choice of a representative database.

2.2.4 Database Selection

Different methods are often tested with different databaBerthermore, there exist very few
databases annotated with head orientation. A good headdpteiease should contain the same
amount of data for each pose. This allows us to see the balrafithe method on each pan and
tilt angle. This database should cover a wide range of pas@sany works in the literature, the
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capacity of the method to handle wide angles is sometimesxgicitly stated. Finally, such
a database should be symmetrically and sufficiently sampiede method works well with
many angles, it can be adapted to real-time head pose toackieal conditions, in which the
head angle is not discrete, but continuous.

Some commercial head mounted devices such as the FASTRAKNs)56] developed
by Polhemus Inc. provide measurements of the 3D rotatiormefhtead with a precision of
less than 3 degrees. Example images of people wearing thisedare shown on figure 2.4.
However, the device is visible in all face images, which iefloaes head pose estimation on real
conditions, because users do not usually wear such deVibeslata used for training or testing
is a crucial information which is sometimes not mentionnethe literature. When the database
is presented, we must know which parts were used for themigaend for the testing.

Figure 2.4: Sample images of people wearing the FASTRAKa#eMi29]

2.3 EXxisting methods

Approaches to head pose estimation from single images cdivided into 4 main families : 2D
geometrical approaches, 3D geometrical approaches) taaresformation based approaches
and template based approaches. 2D geometrical approasbetetected facial landmarks to
find correspondences and compute pan and tilt angles. 3Dejdoat approaches apply a 3D
model of the head to recover its 3D rotation. Facial tramsfttion based approaches use facial
properties to obtain an estimation of the head orientafiemplate based approaches consider
the problem as a classification problem by matching the otirreage with the most similar
template. We explain our coarse-to-fine approach in thesksion.

2.3.1 2D Geometrical approaches

2D Geometrical approaches represent the most intuitivetevastimate the head orientation.
The main idea of these techniques is to detect a set of sédielad features and to use their
respective location in the face region to compute pan ahdrgles. Some of these approaches
use only the relative position of the eyes with regard to #oefto estimate the head orientation.
Eyes are either detected by iterative thresholding [133, 184, 8, 16] or receptive fields [36,
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37]. The pan angle;, can be theoretically computed from the positigns, yox) of the two
detected eyes, as shown in figure 2.5. By considering thedaagepresented by its centre of
gravity (., it,) and its top view as represented by a circle of radjuse definel, < [ as the
face width at the height of the eygs . The value ofl, can be calculated from the height of
the eyes and the face ellipse. The distance retig-== standing for the location of the eye
with regard to the face is included between -1 and 1. By camsid the top view of the face,
the pan angle is computed with a simple trigonometric tramsf(2.4) :
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Figure 2.5: Direct pan angle computation from eyes positvgh regard to the face

Tor — e = lo-sin(apy) (2.1)
Tog — e = lo-sin(ape) (2.2)

The pan angle is defined as:

Qp1 + Qo

(2.3)

ap =
and becomes:
sz’n*l(—‘”%;“ﬂﬂ) + sinil(ixog“m)
2

However, both eyes need to be visible in the image to competpdn angle. As the location
of the eyes varies a lot from one person to another, the adistbatween them is not constant.

(2.4)

ap =
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When only one eye is detected, the location of the other damm@redicted, and the method
becomes useless.

Both eyes are visible from frontal to near-profile poses,chtgorresponds to a pan angle
between -45 and +45 degrees. This technique can not handéepan angles. Furthermore, as
the vertical position of the eyes also varies from one petes@nother, the tilt angle cannot be
computed just by using their location with regard to the fegecifying a height,, at which
everybody looks straightforward, which correspondsijo= 0, is a difficult task. Eye position
in the face varies substantially with identity and head paseshown by figure 2.6. A solution
would be to calibrate people during system initializatibat this method is too intrusive. Head
pose estimation from eye location also suffers from idgmibblem and is not valid over wide
angles. Furthermore, the location of eyes is insufficiemstiimate the tilt angle. Just as the pan
angle requires at least 2 independant pieces of horizanfmimation, the tilt angle requires at
least 2 independant pieces of vertical information to bewdated.

Figure 2.6: Eye position variation with regard to head pasesfdifferent people

To compute the tilt angle, many authors suggest using o#fugalflandmarks with addition
to the eyes. Such facial landmarks are generally the mow@#, [28, 126, 26, 47, 155], the
nosebridge [62], the eyebrows [103], the nose [48, 17] onewestrils [142, 143, 4]. A more
complete feature based face model using six facial featmassproposed by Gee & Cipolla in
[31, 32]. Although using a larger number of features alloles¢omputation of a more efficient
estimate of pan and tilt angle, the location of these featah®ws considerable variations over
the identity of the person and the head orientation, as weseann figure 2.7. People must be
calibrated at the initialization of the process. Furtherepohe problem of feature occlusion in
wide angles is also present.

Because a precise calibration is hard to obtain, some appations such as weak or affine
perpective can be useful. The weak perspective hypotresaisimple way to compute the 3D
rotation of the head. It assumes that all feature pointsidersd are coplanar. This assumption
has been applied in addition to manual [164, 105] or autaja6, 29, 80, 17] facial feature
detection to head pose estimation. The set of feature pcamtalso be labelled more accurately
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by a grid [24, 23, 90, 71] or detected by using mathematicaperties, such as saddle points
and blobs [107], Gabor jets [168] or maximas in likelihoodp®#7]. Heinzmann & Zelinsky
used the affine perspective to estimate gaze orientatign#svever, as the weak perspective
considers the face as a flat rigid object, such estimatiootialways reliable, especially for wide
head movements. In particular, the edge of the nose is néarcapwith other facial landmarks
such as eyes and mouth. Furthermore, the weak perspectuepton is an approximation
that breaks down when the subject is not far enough from theeca The affine perpective
assumption also requires the subject to be sufficientlyedoshe camera. In any case, feature-
based methods have difficulties to accomodate wide anghesdapend on the process for
finding the facial landmarks finding process and require & hggolution image of the face to
work, ie. at least 300x300 pixels. Partial occlusion of éees is also problematic. Furthermore,
we do not know if the choice of features is relevant for heasepestimation.

Eyes

- Nose

hAAAAEAK
it "‘"‘ﬂ'_’_{@_’ﬂl’l"ﬁ

Figure 2.8: Gee & Cipolla’s facial model and its applicattorhead orientation estimation. The
facial normal is computed from a set of facial features [30]
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2.3.2 3D Geometrical approaches

3D Geometrical approaches require a 3D model of the face tavhkible a priori or com-
puted online. Examples of head models can be seen on figurél@@l pose is estimated by
finding correspondences between feature points on the isragjen the model. By computing
explicitly the reprojection of these points to a plan, we oétain the 3 rotation angles repre-
senting the head orientation. Such methods allow wider heagements than 2D Geometrical
approaches. A 3D matching technique was first proposed attspy Huttenlocher [55], and
then by Azarbayejani et al. [2] to estimate the 3D motion obhject. The higher the number
of feature points, the higher the precision of the recomsiton. Saddle points and blobs were
first used as facial feature points [3]. Such matching tegpies can be improved by using al-
gorithms such as EM with least-square fitting [15], opticail[88] or texture matching with
Downhill Simplex [111]. However, illumination variatiortd the face can greatly influence the
results of the algorithms.

The illumination problem can be compensated by taking ictmant the albedo [9] or by
using a geodesic lambertian model with iterative error@cion[57]. All these approaches are
known to work very well with all types of non-deformable otijg, where prior models remain
unchanged in the 3D space representation and all transfiomsaare rigid. However, the face
is a highly deformable object. When a person turns his hefictel right, the neck and the
chin modify their appearance on the image. This deformasa@ven more apparent when the
person moves his head up and down. Prior models of the facaatailake such deformations
into account. Head pose variations are non-rigid. Bes@easgle generic head model can not
be adapted to all individuals, as the shape differences eamportant. With such techniques,
changes in identity lead to changes in pose estimationtsesul
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Figure 2.9: Example of 3D wire head models

To improve pose estimation, especially for human faces,esauthors use some specific
facial features such as eyes, nose and mouth [58, 17, 46,r8ace edges and curvatures
[123]. These approaches present the advantage of beingganegic to identity, but have the
drawback of requiring a sufficiently high resolution imadetize face to allow facial feature
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detection. Moreover, the features have to be visible onrttege for correspondence matching,
otherwise the pose estimation is disrupted. Another ingmanpoint is that the human face can
express many emotions. Changes of facial expression iratieedan affect the accuracy of the
localization of feature points on the image and then infleghe reprojection and the accuracy
of the estimation.

Rather than using a rigid head model, an online head modabeaomputed. Large vari-
ations in pose and occlusions can be handled by matching alermgrid on the whole face
[147]. An example of such a grid can be seen on figure 2.10. kdead tracking is consid-
ered as a problem of local boundary adjustement. Howevergbhnique, as well as other 3D
model-based approaches, works only with very high resmiuthages and is computationally
very expensive and still require a 3D model, which is not glsvavailable.
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Figure 2.10: Vacchetti et al.’s grid based face tracker. ystem requires a very high resolution
face image to work [147]

2.3.3 Facial Transformation based approaches

Rather than constructing a model of the face and trying towecthe 3D rotation of the head
by using correspondences of facial points, facial trams&dion based approaches aim at ex-
hibiting an explicit function to compute the head orierdatusing some facial properties. The
main advantages of such approaches are that they are m@mband use less detection pre-
processing than geometrical approaches. Some authorsausedation [14, 154, 121] with
regard to the face to estimate pan and tilt angles. Althobgkd methods work well on a single
image and require no calibration, the pose estimation cafidoepted if the subject’s hair is not
symmetric. Other methods use the similarity between theagmce of the two eyes [18, 22] or
between the iris and the eye [108] to estimate the pose. $ebinigues work well if both eyes
are visible on screen, but fail otherwise. To avoid the peabbf eye detection, some authors
propose to measure the whole assymetry of the face [50, 950 Zompute the head orienta-
tion, as in figure 2.11. However, hair is the most variabld pathe face and can disrupt the
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estimation. Furthermore, only the assymetry between theaital the right parts of the face is
measured. We have seen that at least 2 pieces of verticainatmn are required to measue the
tilt angle. So such approaches can not deliver a precismastin of the tilt angle.

Figure 2.11: Miyauchi et al.'s facial features tracker. Tdssymmetry of the face is used to
compute the head pose [95]

To recover the whole 3D rotation of the head, Yao et al. [164jjgest analysing head move-
ments by considering the transformation of the ellipsendiging the head of the subject. Al-
though their technique is very simple and efficient, it s@¢uires calibrating during initial-
ization and a good resolution of the image of the face. Krgjeal. [72] map a set of Gabor
wavelets on the face to obtain the head orientation. Contmaprevious approches, the map-
ping is done without facial feature extraction. Gabor wat&ldescribe both geometrical and
textural information on the image. However, their methotiyamorks over a limited range of
poses. Facial transformation based approaches are vepjesiocmcompute, do not require spe-
cific model construction and are very fast. The main disathgmis that, as they only consider
one or two facial properties, they can be very unstable asdltemay vary from a person to
another. Facial expression and illumination changes msyla problematic for such methods
because facial properties may change while the head dti@mt@mains the same.

2.3.4 Template based approaches

Template based methods are popular approaches which eomsdd pose estimation as an
image classification problem. Unlike previous methodshsgiobal techniques often use the
entire image of the face to deduce the head orientation. @recéacial region is detected, it
serves as an input and is injected to a nearest-neighbatse@h face templates already con-
structed. The head pose associated with the template whieling the best match is selected.
The denser the training set of templates is, the more aecthatestimate will be. Main advan-
tages of template-based methods are that they can work aesmution and no model need to
be manually constructed, the face only has to be detected.

A popular global approach for image classification is thelakebwn Principal Component
Analysis (PCA). This technique, made popular by Turk & Pamd for face identification [146],
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was extended to head pose estimation by McKenna & Gong [H0®23 91, 35, 122] and later
refined in other works such as [127, 53, 20]. An example of gesglates across the view-
sphere is shown on figure 2.12. A common result of such studi¢isat the first Principal
Component (PC) often captures the illumination directiod &he information about left/right
of the pan angle and the second PC captures the informatat/grofile. However, training
imagettes are generally cropped and aligned manually add&gi to be sensitive to alignment
and identity of the subject.

Other approaches use some local features such as the loo&gges in eigenfaces images
to estimate the pan angle [51] or gabor wavelets eigensgab&s 98, 97]. Other subspaces
such as Kernel PCA [77], tensor models, LEA [145], KDA [13Hdrocal Gabor Binary Pat-
terns [84] have also been used for head pose estimation, laasv@ulti-resolution template
matching. This technique was first used in [6] to recognize&n head movements such as no
and yes. Nevertheless, these methods only work on a limétiegler of poses and the number of
dimensions to use is still manually determined.

Figure 2.12: Face images of a person from discrete viewsadhe view-sphere [106]

To take into account identity variations, Support Vectorddiaes (SVM) have been used
to estimate head orientation [52, 102, 156]. As with PCA,gemmust be aligned and SVM
are computationaly expensive to train. Niyogi & Freemard10se a structured tree search
algorithm to separate identity and pose, but their methotksvin a limited range of poses.
Verma et al. [150] use probabilist detectors for frontal gidfile poses to obtain a coarse
estimate of the head pose. Wu & Toyama [161] use Gabor Wavptebability to obtain on
the head orientation. However, neuronal methods have leesmfto deliver better results than
probabilist methods [10]. Neural networks have the adwgathat they can take intra-class
variations into account. In their first application to head@estimation, they were used to detect
frontal faces on images [140]. Multi-layer perceptrongwvétror back propagation were applied
later for discrete [116] and continuous [136, 132, 130, 11¥, 131] head pose estimation.
Rather than using the entire image of the face, other tedesigse imagettes of facial features
and put them as entries in a neural network [149, 112]. Howésmplate based methods only
deliver a coarse estimation of head orientation. The nurobeells in hidden layers is still
chosen arbitrarily and the functioning of neural nets cam®oseen by the developer, and thus
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Pose Local Approaches Global approache
Low Resolution - +
High Accuracy + -
Wide Angles -
No Model Construction -
Global Illumination + -
Error Feedback +
Partial Occlusion - +
Feature Localization + -

|92}

+| +

Table 2.1:Comparison between local and global approaches

it is difficult to inspect exactly what such systems measure.

2.3.5 Coarse-to-Fine approach

We have seen that all the previous approaches can be rougidiedi into 2 main groups :
local and global approaches. The repartition of head posmason approaches can be seen
in figure 2.13. Local approaches use information contaimethé neighboorhood of pixels,
whereas global approaches use the entire image of the faegtitoate the head orientation.
Local approaches present the advantages of deliveringsprealues for pan and tilt angles and
are robust to illumination. Moreover, most of these methodiide the localization of principal
facial features as preprocessing. This allows us to uratledsivhy the pose estimation fails in
certain cases. However, the main drawbacks of local appesaare that they often require a
high resolution image for the facial features to be detedtade problems with wide variations
of head movements and are not robust to identity. Moreowagdurate detection and partial
occlusion of facial features disrupt the pose estimatiat@ss.

Global approaches better accomodate intra-class vargmatigecause they work on the entire
face region, no specific model needs to be constructed aydane detection preprocessing is
required. This means that these methods do not need actamdi@ark detection and can be
robust to partial occlusion. In addition, global approachee able to work at lower resolutions
and to handle a wider range of head angles. Neverthelessaordarse estimate of the head
orientation can be obtained and the user does not have artyokcohwhat happens if the
system fails. In most cases, these techniques are sersitiltenination. Table 2.1 sums up the
advantages and disadvantages of local and global appache

The complementary nature of global and local approachegestg their use in a two stage
process. To our knowledge, very little work using both glodyad local approaches has been
done on head pose estimation. We have seen that increagingdé image resolution can
increase the estimation accuracy. Computing the pose frimw aesolution image to a bigger
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LOCAL APPROACHES | GLOBAL APPROACHES

2D Geometrical

3D Geometrical

Facial Transformation

Figure 2.13: Repartition of head pose estimation appraabbeveen local and global

resolution image is a coarse-to-fine process. Wu and Tr[i&@i] have recently proposed a two-

level head pose estimation system in which a first coarsmastn of the pose is done using

Kernel Discriminant Analysis (KDA). The estimation is thesfined using Gabor wavelets and

Elastic Bunch Graph matching [158] by constructing a graptetich head pose. This methods
provides good results, but training and test data are rahdeeparated. In addition, Gabor

wavelets are computationally expensive. Furthermorgytggare manually constructed for each
person and pose. We do not know if the choice of graphs’ nastzded at some facial points

and of graphs’ egdes is relevant for head pose estimati@inifig a new person requires to

label manually graph nodes and edges on all his face images.

Figure 2.14: Examples of elastic bunch graph matching o [fB59]

We propose a new coarse-to-fine approach to estimate heattairon on unconstrained
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images without using any heuristics or prior knowledge anfdce. This method is easy, fast,
robust to partial occlusion and can be adapted to defornuddpéets other than the human head.
Coarse head pose prototypes are put into linear auto-assecmemories [148], which are a
particular case of one-layer neural network. These prpedyare learned using the Widrow-
Hoff rule [1], which is a local correction rule minimizing ¢herror between the reconstructed
image and the desired response. Linear auto-associativeres require very few parameters
and offer the advantage that no cells in hidden layers habe tdefined and class prototypes
can be saved and recovered for all kinds of applications. udeeof hidden layers in neural
networks prevents the system from recovering prototypesoWtain a coarse estimation of the
head orientation by searching the best prototype which imthie current image.

We also search for salient facial regions relevant for eaaudlpose. Such salient regions are
locally described by Gaussian receptive fields normalizedtansic scale. These descriptors
have interesting properties and are less expensive thaor@atvelets. Salient facial features
found by Gaussian receptive fields allow the constructioa wfodel graph for each pose.

In ou method, linear auto-associative memories deliveraaissoestimation of the pose. We
then search among the coarse estimates for a neighboripg ¢fiat obtains the best match.
The pose associated with this model graph is selected asete pose of the person on the
image. We describe this approach in the following chaptersiirst we need to establish human
abilities to estimate head pose.



Chapter 3

Human Abilities for Head Pose Estimation

The goal of this chapter is to determine the accuracy thabeaxpected from a head orientation
estimation system in intelligent environments. Humanska@vn to estimate visual focus of
attention through the head pose, but their abilities rerntampely unknown. As a baseline, we
have measured human performance for this task using the samgled database of discrete
head poses with which our automatic methods have been tddtedirst part of the chapter
presents studies related to this topic. We describe thesgdabur experiment in the second
part. The experimental protocol is detailed in the thirdtiee; followed by a discussion of
performance evaluation. The result of our experiments sth@avhumans demonstrate a much
greater ability to estimate side to side orientation thaaugh down orientation.

3.1 Related work

This section reviews previous work related to visual petiogpof images by humans. We are
particularly interested in understanding how people exanaind interpret images representing
persons visually attending to a target.

3.1.1 Human Vision Process

Human gaze is characterized by periods of fixation followgddpid shifts in direction. This
phenomenon, known as saccadic eye movement and is a battistiement. Once initiated,
the target location cannot be modified and movement occurgelea 30 and 120 ms after
initiation. Inter-saccadic fixations have a duration of 20800 ms and visual processing of the
retina takes place during this period.

Saccades can be conscious or unconscious and are the onéymaovof the human body
whose duration is constant [110]. Occulography allows ushti@in the scan paths realised by
gaze onimages. Yarbus [165] has study saccadic eye movéiraitn and the eye scan pattern
followed by gaze. An important result from the study of Yashsithat the path realised by gaze

77
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Figure 3.1: The unexpected visitor. The diagrams show t=cof eye movements of the same
subject with different tasks. The subject has 3 minutes tdrekly examine the image, 2. es-
timate the material circumstances of the family, 3. givedbges of people, 4. guess what the
family has been doing before the arrival of the unexpectstior] 5. remember the clothes worn
by people, 6. remember the location of people and objectsdrstene, 7. estimate how long
the unexpected visitor has been away from his family [165].

differs with regard to the task asked from the subject. FegBul shows different records of
eye movements made by Yarbus. The human gaze tries to selvask by analyzing relevant
parts of the scene. We can see that the nature of the taskygrdatences the nature of eye
movements. For example, saccadic gaze paths located oohrtain locations of the image
are the result of specific local tasks, such as estimating@gfeeor remembering the clothes
of people. Global tasks such as free examination or remanthbéne whole scene generate
a homogeneous gaze path in the image. An interesting ressltfeund when subjects were
asked the question: how long has the unexpected visitor &eay from his family ? In this

case, fixations were directed to the faces of the personseinntge, as if directed by face
orientation of the persons depicted in the painting. Theadorientation is directed towards
each other. This observation leads us to wonder if humans abwities to estimate the head
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pose of people in images.

3.1.2 Human Head Pose Estimation

The psycho-physical basis for human abilities for estioratf head orientation remains un-
known. We do not know for example whether humans have a riabitity to estimate the
head pose of people in single images, or whether peopleracsuch an ability through expe-
rience. Furthermore, we do not know the accuracy with whige@son can deliver values for
pan and tilt angles of the head.

To our knowledge, there is no data avalaible to test humarpetences for head pose es-
timation. Kersten [65] reports that front and profile poses @articularly well recognized by
humans. These poses are used as key poses by the human hrsiob3ervation is true not
only for heads, but also for objects in general. Figure 3.2nsexample of phenomenal com-
petition of head poses. Front and profile poses are oftennaetmusly activated by our brain,
for example in social interactions. This is especially tfoiefront poses. In his study, Steinzor
[128] reports that two people facing each other are mordyliteinteract. A more precise ex-
periment to determine at which accuracy head orientatiorbesestimated was made by Galev
and Monk [28]. They asked subjects to look at a sampled grbofts. However, the range of
poses used in their experiment was very limited.

Figure 3.2: Flattened cylindrical projection of a humand@b]. All views are visible in this
image, but our brain tends to cut it in patches of front andilerposes.

3.2 Experimental goals

We propose to evaluate the performance of a group of peophead orientation estimation by
using a densly sampled database covering a half-spheresespdhe goal of our experiment
has been to assess the performance of people for head piosatiest in pan and tilt angles, for
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comparison with the results obtained by our computer visiased approach. We want to know
which sufficient accuracy can be expected from a head otientastimation system. To make
the comparison between human and machine performancebfdsoth experiments must be
achieved on the same database. Images of the Pointing 2@@4Rdse Image database [39] are
used to evaluate the abilities of humans for head oriemta&stimation. The Pointing 2004 Head
Pose Image database is a densly sampled database covedligphere of poses from -90 to
+90 degrees in pan and tilt angles. Further details on trebdae can be found in Appendix A.
An additional goal of this experiment was to determine wiagls is the most significant

for people. To do this, we must be able to tell whether pan dndrtgle estimation tasks are
natural for humans or not. If one angle turns out to be moraraato estimate than the other,
it will signify that this angle is more relevant than the atf@ human people in their everyday
lives.

3.3 Experimental protocol

We measured the performance for a group of 72 human subjactefd pose estimation. In
our experiment, we tested 36 men and 36 women, ranging frarLl&do 80. The test is done
using a pen and sheets of paper. Subjects were are askednminexthe image, and to circle
an answer indicating pose estimation. This answer is sglexs the response of the subject to
pan or tilt angle estimation. A photo illustrative of the ditrons of the experiment is shown on
Figure 3.3.

The head orientation task consists in two parts: one for pgheaestimation, and the other
for tilt angle estimation. Images from the Pointing 2004 #i®ase Image Database were pre-
sented in random order to the subject for 7 seconds, withfardift order for each subject. If
the images were shown in the same linear order, we would haasuned the performance of
subjects on the same sequence of images, and our experiroeltt mave been biased. Present-
ing the images in a random different order allows us to mesathe performance of the subject
on the head pose estimation on a set of independent images.

The data set used in this experiment is a subset of the Pgigi04 Head Pose Image
Database. A sample of this subset is shown on Figure 3.4. &&glk varies from -90 to +90 de-
grees, with a step of 15 degrees for pan and 15 and 30 degrddits Tdhe two parts of the exper-
iment are done in random order to avoid bias in our experinfegut angle ranges over the val-
ues (-90,-75,-60,-45,-30,-15,0,+15,+30,+45,+60,+96);#where negative values correspond to
right poses and positive values correspond to left posesn®the pan angle estimation test,
symbols "-" and "+" are present on each side of the image teepitehe subject from mistaking
left and right poses. Tilt angle can take the values (-90;380-15,0,+15,+30,+60,+90). Nega-
tive values correspond to bottom poses and positive valuesspond to top poses. Both angles
vary during pan and tilt estimation task. The data set cts8165 images for pan axis and 45
images for tilt axis, which allows the participants to haviefages for each pose.

We want an immediate response from the subject to the pisambf images. The duration
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Figure 3.3: Experimental conditions

of 7 seconds is convenient because it is both long enoughlde #he subject to seek the
current image and to select his response and short enouglrédline subject give an immediate
response.

Another important goal of this experiment is to obtain thetbgiman performance for head
pose estimation, in order to compare it with the resultsiobthby our system. However, we
do not know whether people have or develop a natural abiitythis task, or whether people
must be trained for head pose estimation using example at@tbimages. To avoid this bias,
the subjects were divided into 2 groups of 36 persons. Paoplee first group may inspect
labelled training images as long as they wish before begmeiach part of the experiment.
Examples of such images are shown on figure 3.5. People ietiomd group were not provided
any opportunity to see training images before the experiniére first and second groups are
respectively referred to as "Calibrated" and "Non-Caliedd subjects. Thus, four groups are
constructed: 18 "Calibrated" women, 18 "Calibrated" meéh;Non-Calibrated" women and 18
"Non-Calibrated" men. Randomly creating these two grodjmsva us to determine if training
significantly increases human performance on head posea&in on each axis. If this is not
the case for a certain axis, it will mean that people have arabability to evaluate head pose
on this axis, and that this angle is relevant for them.

Some vision tasks are known to become more difficult with gngwage. Another goal of
our experiment was to determine if this is the case for heae pstimation from single images.
We investigated whether the age of the subject influencestilisies for head pose estimation.
People are asked to write their age down before the begirofitige task. To perform this type
of estimation, the subject must know elementary notionspatial geometry. The youngest
person who took part to the experiment was 15 years old.

At the end of the experiment, we presented another image taém the works of Kersten
[65] representing a flattened image of a cylindrical progica human head in pan axis. This
image is shown on figure 3.6. All views of the head are ava#labice on this single image. The
subject is asked to indicate which pan angles he sees freanmtlige. The goal of this question
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Figure 3.4: Examples of test images presented to the sulhjeicly the experiment

was to confirm the use of key poses by the human brain. As we teawoid responses from
people familiar with the field, we asked the subject if he hindaaly seen this kind of image
after the experiment. As a conclusion, people indicatedeir test paper if they think that they
have learned to estimate the head pose on each axis duriegghement.

3.4 Results and discussion

In this section, we describe human performance on head @bseation. Specific evaluation
measures were designed for this task. These results giveéeanof the accuracy required for
this task in a Man-Machine Interaction context. We also caregerformance of groups of
populations using statistical tests. In particular, we tnandetermine if examining training
images before the experiment provides better results atitere is an angle which is more
natural to estimate for humans.

3.4.1 Evaluation Measures

To determine human performance, we must define evaluatiterions. The main evaluation
metric is the mean absolute error for pan and tilt andgleShis error defined by averaging
absolute differences between theoretical val(le) and the valuer* (k) given by the subject
(3.1) for the imagek. N is the total number of images for each axis. As the samplingpts
uniform for tilt angle, the difference is obtained by coreidg median values for each range
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Figure 3.5: Examples of training images shown to "Calilasibjects for pan angle

Figure 3.6: The flattened cylindrical projection of a humaadh [65] presented to the subject at
the end of our experiment

of poses. The computation of the absolute difference foatigle is summed-up in Table 3.1.
We also compute the maximum absolute error on each axis fdr sabject (3.2). Another
interesting measure is the correct classification rates Thdefined as the ratio of the number
of correct answers to the total number of answers (3.3).

The subset taken from the Pointing 2004 Head Pose Image &stalontains the same
amount of data for each pose. This allows the computatiomotheer interesting evaluation
measure, the mean absolute error per pose (3.4). This iseddiy averaging absolute differ-
ences between expected value and the value given by thecstdyjeach posé. This metric
shows the repatrtition of errors among head poses and calighigbpecific poses particularly
well recognized by humans.

N

1
MeanA E = —- —p" A
eanAbsolute Error N ,}1 lp(k) — p*(k)|| (3.1)

MazxAbsoluteError = maxy||p(k) — p*(k)|| (3.2)
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Card{ImagesCorrectlyClassified}

CorrectClassi ficationRate = Card{Images} (3.3)
1

MeanAbsolute £ P) = : k) —p*(k 3.4

canAbsolute Error(P) = Gt S~ (] 34)

Tiltangle| —90° | —60° | —30° | —15° | 0° | +15° | +30° | +60° | +90°
—90° 0 30 | 56.25| 75 | 90| 115 | 123.75| 150 | 180
—60° 30 0 26.25| 45 | 60| 75 | 93.75| 120 | 150
—30° 60 30 0 15 | 30| 45 | 63.75| 90 | 120
—15° 75 45 | 18.75 O |15 30 | 48.75| 75 | 105

0° 90 60 | 33.75| 15 | 0| 15 | 33.75| 60 90
+15° 105 | 75 | 48.75| 30 |15| O 18.75 | 45 75
+30° 120 | 90 | 63.75| 45 | 30| 15 0 30 60
+60° 150 | 120 | 98.75| 75 | 60| 45 | 26.25| O 30
+90° 180 | 150 | 123.75] 115 | 90| 75 | 56.25| 30 0

Table 3.1:Absolute error computation for tilt angle. The top row is th&ue given by the
subject. The left column is the expected tilt angle

3.4.2 Human Performance

We computed the evaluation measures for all subjects amd@aé for each category of people.
Results for pan and tilt angles are presented in Tables 33 ah Global human mean error is
11.9 degrees for pan and 11 degrees for tilt. The averagsifatasion rate is 53.6% in tilt and
41.6% in pan, which is below the 50% performance rate. Marmeuror varies from 30 to 60
degrees on both axis, which is superior to the gap of 15 dedretveen two poses. This proves
that the database is sufficiently sampled for subjects.

We want to know if there are significant differences in perfance for groups of peo-
ple. We constructed hypothesis tests with a confidencehblé®f 95% by applying a test of
Student-Fisher. Details of this statistical operationsirewn in Appendix B. Results of com-
parison of human perfomances between populations on patileagis can be seen in Table
3.4. Calibrated people do not perform significantly betteestimating pan angle. However,
the difference is significant for estimating tilt angle. $mesult shows that head pose estima-
tion appears to be natural in pan, but not for tilt. This maydhe to the fact that people twist
their heads left and right more often than up and down durawges interactions. In situations
when people talk to each other, pan angle provides infoonatbout visual focus of attention
[135, 64, 128]. Head pose changes in tilt become meaningléss fact is even more relevant
when people are sitting, because theirs heads are rougtilg aame height. Humans are more
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used to considering head pose changes in pan. Furtherrheréest human performance is
obtained by "Calibrated" subjects.

Men obtain better results in pan angle, but similar resultdt angle as women. We do not
know if "Calibrated" and "Non-Calibrated" subjects redéigrn to estimate the head pose during
the experiment. As shown in Table A, only two out of three pedpel they have improved
their estimation during the task. Furthermore, those pedplnot have better performance than
others in pan and tilt angles.

Pan Evaluation MeasuresMean Absolute Errorr Avg. Max Error | Correct Classification
All Subjects 11.85° 44.79° 41.58 %
Calibrated Subjects 11.79° 42.5° 40.73 %
Non-Calibrated Subjects 11.91° 47.08° 42.44 %
Men 11.09° 42.5° 44.15 %
Women 12.61° 47.08° 39.02 %
Subjects who learn 11.71° 45.6° 42.25 %
Subjects who do not learn 12.17° 42.95° 40.07 %
Best Performance 7.62° 30° 52,31 %
Worst Performance 18.46° 60° 26.15%

Table 3.2:Pan evaluation measures results

Tilt Evaluation Measure§ Mean Absolute Error Avg. Max Error | Correct Classification
All Subjects 11.04° 45.1° 53.55%
Calibrated Subjects 9.43 39.58° 59.14 %
Non-Calibrated Subjects 12.63 50.63° 47.96 %
Men 10.53° 43.96° 55.43 %
Women 11.54° 46.25° 51.67 %
Subjects who learn 11.29° 47° 52.84 %
Subjects who do not learn 10.62° 41.94° 54.73 %
Best Performance 4.83° 30° 75,56 %
Worst Performance 21.08° 60° 56.25 %

Table 3.3 Tilt evaluation measures results

The average error per pose in pan is shown on figure 3.7. Welfannnteresting result for
this axis. Humans perform well at recognizing front and peofiews, but not for intermediate
views. The average error per pose in pan can be roughly nemtlblf a Gaussian centered at
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Figure 3.7: Pan and Tilt Error per pose of different populas

45 degrees. Minimum error in pan is found at O degrees, whickesponds to the front pose.
Furthermore, during our experiment, we observe that magplgedid not use intermediate pan
poses such as 30,45 and 60 degrees. This fact is confirmeed pyabentation of Kersten’s head
cylindrical image (Figure 3.6) at the end of our experiméitsubjects were asked to indicate
which views they were able to see on this image. Results asepted in Table 3.5. As we can
see, everybody saw front poses, most people saw profile pogsekess than one out of five
subjects saw intermediate poses. These results show &éhatithan brain uses front and profile
views as key poses, as suggested in [65].

Figure 3.7 also shows the average error per pose on tilt Hxisians perform better for top
angles than for bottom angles. The minimum error can be faineb0 degrees, whereas the
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Is there a significant difference... in Pan axis 7 in Tilt axis ?
Calibrated Subjects > Non-Calibrated Subjects NO YES
Men > Women YES NO
Subjects who learn > Subjects who do not learn NO NO

Table 3.4:Performance comparison between groups of people

maximal error is found at -90 degrees. This may be due to tttatiat, when a face is nodding
downward, hair dominates a large surface of the appareet faoviding more information
about side to side angle, and less for tilt angle.

The last goal of this study is to determine if the age of théigaant has an influence on his
performance at head pose estimation. Figure 3.8 shows plagtiteon of pan and tilt average
error for each subject with regard to their age. We want takiiohe variables age and average
error in pan and tilt axis are correlated. To perform this,s@enpute the unbiased correlation
coefficient for each angle. Details of this operation candaendl in Appendix B. We found a
coefficient of 0.25 in pan and 0.11 in tilt. The age of the sabjles not seem to influence their
results on head pose estimation task.

Poses Detection Rate

Front 100 %

Profile 73 %
Intermediate] 19 %

Table 3.5:Detection rate of different poses on Kersten'’s cylindricedd image. We only take
people who have not seen such image before the experimemiccdunt.

Subjects who learn to estimate pan angk9 %
Subjects who learn to estimate tilt ang|eés3 %

Table 3.6:Percentage of people who think they learn to estimate partidirashgle during the
experiment

We measured the performance of 72 human subjects on heacegisation from single
images of a densly sampled database. The subjects weredlivitb 2 groups to see whether
this task was natural for them or not. With adapted evelmatieeasures, we explicited the
accuracy of estimations on each pan and tilt angle. Our @xpet tends to show that tilt angle
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Figure 3.8: Repatrtition of the error in pan and tilt anglehwi¢gard to the age of subjects

estimation is not natural for humans whereas pan angle astimis. Front and profile views are

particurly well recognized, but abilities degrade for imbediate views. The age of the subject
does not seem to influence human abilities for head pose astim \WWe now have a baseline
for comparison with results obtained by computer visiosdzhapproaches. Our system will be
tested on the same database.



Chapter 4

A Robust Face Tracker

This chapter describes the robust video rate face trackemdatector used in this thesis. We
do not want to manually crop face regions in the images, asqiires human intervention.
Moreover, cropping results may vary from one person to agroffo avoid human intervention
and to simulate head pose tracking in real conditions, fa@ges of the database are detected
using this system. This algorithm provides an initial deatand normalization of a face region
in video sequences and single images. Our tracker useslpualdetection of skin colored
regions using a Bayesian estimation of the probability #haixel corresponds to skin based on
its chrominance. A prediction-verification step is perfeghusing a zeroth order Kalman filter.
The face tracker is used to normalize facial images into kmalgettes.

4.1 Pixel Level Detection

In our experiments we use a robust video rate face trackerdiasfprocessing on face regions,
although any reliable face detection process, such as AdestH151] could be used for this
step. To detect a face, we first detect skin regions withirirttege using a probabilistic detec-
tion of skin chrominance. The human face is a highly defolmabrface and can be illuminated
under several conditions. If we assume a nearly lamberéi@ation fuunction for skin, the in-
tensity component is defined by the changes with surfacatatien, whereas the body reflec-
tion component models the characteristic color of the dbjdte exact chrominance of the skin
of an individual is determined by the product of the spectafrskin pigments and spectrum
of illumination. While face regions may have strong vaoas in intensity, their chrominance
will remain constant. As a result, the chrominance of an dlffeerefore provides an invariant
signature for its identity, whereas intensity represemnitsrmation about the surface orientation
and changes.

We compute the chrominance by normalizing the red and greexyponents of théR, G, B)
color vector by the intensity? + G + B. Normalizing intensity removes the variations due
to angle between the local surface normal and the illumamasource. We use an intensity

89
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Figure 4.1: Dichromatic reflection model. Pigments neardhct surface modify the body
reflection [67]

normalized chrominance space g). The chrominance values are computed as follows, as
proposed by Schiele [114]:

B R
"TRyG+B
B G
I RYG+B
g g
~ -
r’ P

Figure 4.2: Examples of density histograms. The left hisiogrepresents a skin probability
density. The right histogram represents a total image tensi

The conditional probability densities for ttie, g) vector to belong to skin regions and for
all the image can easily be estimated using histograms.Bayle shows that the ratio of these
histograms provides a lookup table that maps the normatheominance to the conditional
probability of skinp((z,y) € Skin|r, g) that a pixel(x, y) of chrominancgr, g) belongs to a
skin region. This lookup table gives us a direct relatiomsestn intensity normalized color and
probability:

p(r, gl(w,y) € Skin)p((x,y) € Skin)
p(r, 9)

p((x,y) € Skin|r,g) =
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This probability will be denoted,;,(x, y). The skin probability map is obtained by com-
puting the skin probability for each pixel in a determinediom. An example of probability
map is shown on figure 4.3. By defining the following terms:

e N - Number of pixels on the image
e Ng.n - Number of pixels on the image part of a skin region
o Histogramua(r, g): Cell (r, g) of the histogram of the whole image

o Histogramg,(r, g): Cell (r, g) of the histogram of skin regions

We obtain:
. Nskin
p((z,y) € Skin) =
(( ) ) Ntotal
1 )
p(?", g) - N HZStOgramtotal (Ta g)
total
1
p(r,gl(z,y) € Skin) = N H istogramgin(r, 9)
skin

The skin probablityP,;, (z,y) can be expressed as the ratio of the skin histogram and the
total histogram:

Niin - Histogramyin(r, g) Niotal

Ps in\+, - . )
kin (T, ) Nyotal Nirin Histogramiota (7, g)

Histogramgn(r, g)

HiStOgT@mtotal (T, g)

This ratio allows us to have a direct relation and a betteantgpon of the skin probability
with regard to the background. This relation is theorelycahly valid for the image in which
the histograms are calculated. However, this approximatidl works for later images when
illumination conditions remain stable.

4.2 Tracking using Skin Chrominance

To be able to track the face region, it must be isolated intinegie. Face position and surface
extent are estimated using moments and tracked using éhzenader Kalman Filter [61], also

called prediction-verification process. The tracking @sx predicts a region of interest (ROI)
that permits processing to be focused on the face regiotsdtraduces computational cost and
improves resistance to distraction by background clutteeach image, the skin probability
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Figure 4.3: Skin probability map of a image

image is calculated within the predicted ROI by the tablekigmas described above. This
probability map has a centre of gravifiy = (zp,yp) and a 2x2 covariance matrix. Pixels
(x,y) within the ROI are then multiplied by the Gaussi@sz, v, ji, C') predicted by tracking.
Both the tracking process and face normalization are basech@ments. The first moment
i1, or centre of gravity, provides a robust estimate of facatwos while the second moment
provides a measure of the width, height and slant of the fHuis.operation serves to determine
the estimated facé'acepsiimated, represented by its momentsg, vy, sxg, syg, styg). The
predicted face ace pcgiceq 1S determined byzp, yp, szp, syp). First and second moments of
the estimated face are computed with the following formulas

1 -
Tgp = g Z Pskin(xu y) * - G(ZE, Y, W, O)a
1 ~
Y = § Z Pskin(xa y) Y- G(-Ta Y, 1, C),
1 _
STp = g Z Pskin(xa y)(l‘ - xP)QG($7 Y, K, C),
1 o
SYe = g Z Pskin(xa y)(y - yP)QG(x> Y, 0)7
1 _
STYg = § Z Pskin(xu y)(y - yP)(‘I - [EP)G(I', Y, K, C)
whereS = > Pyin(z,y) - G(z,y, i, C).
We estimate the current position and the size of the faceirwitiis ROI. The difference
between the estimated face at the current fraraed the estimated face at the previous frame
t — dt represents the variation of the face and serves to predd®@i in the next frame+ Jt.

The centre of the ROI is equal to the centre of the predicted.fihe dimensions of the ROI
are noted sxg, syr). For each frame, we have:

o Facepgyimated(t): EStimated face at the current frame
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o Facepsumatea(t — 0t): EStimated face at the previous frame

o Facepregictea(t + 0t): Predicted face at the next frame

We define a minimal skin probability,,;, to eliminate spurious regions. A pixék, y)
whose skin probability is inferior to this value is set to Ondther advantage of the minimal
probability is that it gives a maximal size for the ROI. By @éng P.,., (z,y) the skin proba-
bility of the pixel (x, y) multiplied by the Gaussian based on the predicted face, we: ha

Ps/k:zn(x7 y) = PSk’in(x7 y)G([L’, Y, ﬁa C)

All pixels whose skin probability are inferior tB,,;,, are not considered. Such pixels satisfy
the condition:

Pypin(z,9)G(x,y, @, C) < Poin
_ <.r—m2p)2+<y—y2p>2)
Psk’in(x7 y)e P P < szn
7((1*119)2 <y—yp>2)
€ P Sy% < szn
. 2 . 2
(‘I fp) + (y :ZP) < —ln(Pmm)
STp SYp

As Pyin(z,y) < 1. By projecting on the horizontal dimension, the conditi@cbmes:

o — el _

_l Pmin
p— 1 Prnin)

We want to determine the coefficiarnt which links the dimension of the predicted face-
to the dimension of the ROl r:

STR = CR " SITp

By expressing the distande — = p|| as the dimensiorzz, we obtain:

cr =/ —In(Puin)

ldem foryz. We experimentally chosg,,;, = 3% in our experiments. We also define an
acceleration coefficient, to update the dimensions of the predicted face. This coefffics set
to 0.5. The complete prediction-verification step can beulesd by the formulas:
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xp(t+t) = xp(t)+ (xp(t) —xp(t —ot))
yp(t+6t) = yr(t)+ (ye(t) —ys(t —o0t))
srp(t+0t) = srp(t)+ca-||vp(t) —2p(t — o)
syp(t+0t) = syp(t)+ca - |lye(t) —ys(t — ot
IR(t+(5t) = XIp
yr(t +6t) = yp

SYr = CRr"SYp

The zeroth order Kalman filter process is illustrated on figlid. This step, inspired by ro-
bust statistical techniques, improves robustness to lvaakg clutter [116]. An example of skin
probability map combined with Kalman filtering is presentediigure 4.5. At initialization, the
predicted face is either equal to the manual selection ongkeonscreen or equal to the whole
image. To detect the face on single images, we iterate tha&afilter until stabilization of the
moments is reached. A number of 10 iterations is usuallysgafft. Examples of face tracking
are presented on figure 4.6.

Skin Gaussian
ROI Probability Window
Estimated
Faceatt
Predicted |
Face at t+1
Estimated
Face at t-1

Figure 4.4: Prediction-Verification process. An arrow egent the action "serves to compute”.

The discrimination between face and non-face regions ifiatqul in the next section. A
first discrimination of face images is made by considerirgrttio between the height and the
width of the estimated face region. If this ratio is too higjie region is too thin and cannot
correspond to a face. The tracker is then restarted on théewnage.
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Figure 4.5: From left to right: ROI of a face in the image, Cartgtion of the probability map
multiplied by the Gaussian Window, Ellipse delimiting tlzeé region in the image.

Figure 4.6: Example of face tracking. First and second mdsprovides an ellipse which
delimits the face on the image

4.3 Performance of the Face Tracker

To initialize our face tracker, we employ either the manugéstion of the user on the frame,
or a generic ratio histogram. The choice of the number ofolgistm cells used to form the
lookup table for skin detection is an important parametesidfjrams with too few cells will
not properly discriminate skin from similar colored sudacsuch as wood. On the other hand,
using too many cells renders the process overly sensitiveit@r variations in illumination
spectrum as well as skin blemishes. We have empiricallyrebdehat(r, ¢) histograms on the
order of ranges 32x32 cells provides a good compromise f fetection. A more thorough
analysis is provided by Storing in [139].

The face tracker has been carefully optimized to run attiead; and can process 384x288
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Sequence Number of images Eye Detection rate
A 500 99,9 %
B 700 99,8 %
C 580 94,2 %
D 300 93,1 %

Table 4.1:Eye detection rate. The different video sequences corttairiailowing events: A.
Slow Head translation, B. Fast Head translation, C. Headm@md inclination in the plane, D.
Head pitch and yaw

Pose Front | Half-profile | Profile
X Center| 0,31 % 1,13% 3,23 %
Y Center| 0,64 % 1,05% 1,58 %

Width | 0,55%| 1,08% |1,38%
Height | 0,64%/| 1,14% | 1,38%

Table 4.2:Standard deviations of position and dimensions of the tkdface ellipse during 20
seconds in different configurations of the face

pixel images at video-rate on a 800 MHz Pentium process@rdeyection rate on representative
video sequences can be seen in table 4.1. In this case, anectos when the computed ellipse
does not contain an eye visible in the image.

An important property for a face tracker is jitter. Jitter aseires the stability of the tracker. It
is computed as the square of the difference in position aedfithe detected pixels of the face
when the subject is not moving. We have calculated the vegiahthe moments of the position
and size of the detected face region on sequences of 20 setakath when the subject’s head
has a certain pose and is not moving. Results are shown ire BaBl We observe that most
errors occur when the subject is in profile. In this case, #teation of the neck can modify the
detected region.

4.4 Face image normalization

The face tracker delivers the first and second moments oateeregion. These values are used
to determine an ellipse delimiting the face on the imagenttbis ellipse, we create a gray
scale intensity imagette of dimensiofts, ¢,) of the face normalized in position, size and slant
angle. The intensity, computed as the sum of the color compsi®® + G + B, can provide
stable salient features based on facial structures andtodss to chrominance changes [119].
An example is shown on figure 4.7. The normalized face imagettreated as follow: for each
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pixel (z’,y') of the imagette, we search its corresponding pixel/) on the original image and
take its intensity. The face ellipse is determined by itstieefx., v. ), its radius(w, h) and its
orientationd, which represents the slant angle of the face on the imagetrahsformation of
the imagette is a combination of a scaling functiband a rotation matrixzy, expressed by:

g
S—(o%)

moe (0 )

The centre of the face region corresponds to the ce{ﬁgtcég) of the normalized imagette.
Thus, the relation between a pixet, y) from the original image to its corresponding pixel
(«’,y") on the normalized imagette is given by:

[ — % ) ( Tr—T )
f = Ry-S- ¢ (4.1)
(V—5 Y — Ye
We deduce the inverse relation:
_ I te
(o) = s (y24)

¢ 2

( Y= Ye ) B ( 0 % ) ( sin(6 cos () ) ( y’_% (4.2)

Which gives us:

-
8

~— —

w , U . ty
r = E(COS(Q)(.’E — 5) — sin(0)(y" — 5)) + z,
v = im0 = F) + cosO) = 3) + v @3)

=il

Figure 4.7: Face detection and normalization process
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This normalization step offers several advantages. Catiog all pixels this way allows us
to restrict processing to a set of positions and scales rddigcing computation time. This truly
provides a fixed number of operations for each face, regssdié its original size onscreen
[37]. Furthermore, there is no sampling density problentaose every pixel of the imagette
has its match on the source image. Another advantage isltii@tes become straight after the
normalization step. More precisely, for all faces in a gierad pose, the same facials features
are expected to be roughly located at the same location omidgette, as illustrated in figure
4.8. We will use a size of 23x30 pixels for the normalized iwtdgy All further operations take
place within this imagette. This step will be useful for hgamde estimation process.

Face images

L]
imagettes

Figure 4.8: The face region normalization make facial fe=guoughly located at the same
position

Normalized face



Chapter 5

Head Pose Estimation using linear
auto-associative memories

This chapter explains our coarse head pose estimationggotke face tracker described in the
previous section isolates a face region within an image.n\&® project this region of the image
into a small fixed-size imagette using a transformationtloatnalizes size and slant orientation.
Normalized face imagettes of the same head pose are usedht@rrauto-associative memory
which acts as a head pose prototype. To enhance the accuréloy estimation, we use the
Widrow-Hoff correction rule to train prototypes. Class#ton of head poses is obtained by
comparing normalized face imagettes with those recon&day the auto-associative memory.
The head pose whose prototype obtains the highest scorecsexe

The first part of this chapter describes the use of linear-agtmciative memories. The
Widrow-Hoff correction rule is described in the second settWe develop their application to
head pose estimation on known and unknown subjects in the ghit of the chapter. Perfor-
mance and comparison with human abilities are discussdetitast section.

5.1 Linear auto-associative memories

Linear auto-associative memories are a particular caseneflayer linear neural networks
where input patterns are associated with each other. Theg first introduced by Kohonen
[70] to save and recall images. Auto-associative memosse@ate images with their respec-
tive class, even when the image has been degraded or padéaiuded. With this approach,
each cell corresponds to an input pattern. Linear autoeasise memories allow the creation
of prototypes of image classes.

We describe a grey-level input imagé by its normalized vector = ||§:||- A set of
M images composed oV pixels of the same class are stored intévax M matrix X =
(21,22, ..., 7). The linear auto-associative memory of a class represented by itd x N

connection matriX¥,.. The number of cells in the memory is equal to the square nuwibe

99
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pixels of imagesc;. The cost of computing its linear auto-associative memsry(iN?). The
output of a given cell is the sum of its inputs weighted by tbarection cells. Thus, the re-
constructed imagg,. is obtained by computing the product between the sourceemaaqd the
connection weighted matriX/;.:

The similarity between the source image and a ckasbimages is estimated as the cosine
between the vectorsandy,:

y’T.a:’
D

As the vectors: andy are normalized in energy, their cosine delivers a score &etvd and 1,
where a similarity of 1 corresponds to a perfect match.

An auto-associative memory must be trained to recognizg@®af a target class. The steps
of the creation of an auto-associative memory are desciibdigure 5.1. The first learning
method forl} was proposed by Hebb. This rule consists in increasing thue\a a connection
cell if its input and its output cells are activated simuéaunsly. In the case of auto-associative
memories, each image, of a classk is both its the input and its ouput. The connection matrix
W, of a classk is then initialized by addition of autoassociations of etade vectorz, with
itself:

(5.2)

cos(x,y) =y’ .x

Wt = When.ox-a2” (5.3)

wheren is an adaptation step. This give gives us:

M
i=1

Reconstructed images with the Hebbian learning are equa¢tiirst eigenface of the image
class. Furthermore, the terms of the correction mdtrixcan have an infinite growth with the
number of iterations. To improve recognition abilities betmemory, we leari” with the
Widrow-Hoff correction rule.

5.2 The Widrow-Hoff correction rule

The Widrow-Hoff correction rule is a local supervised laagnrule aiming at increasing the
performance of associators [148]. At each presentatiom ahage, each cell of the connection
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Figure 5.1: Creation of an auto-associative memory fromcgafamage: 1. Detection of the
image, 2. Decomposition into image pixels, 3. Each elementes as an input of the auto-
associative memory, 4. Training of the auto-associativenorg [148]

matrix modifies its weights from the others by correctingdifeerence between the response of
the system and the desired response. Images the same class are presented iteratively with
an adaptation step so that the weight$linchanges until all images are correctly classified. As
a result, the connection matri¥ becomes spherically normalized [1]. At each iteration, the
weight matrix is updated by injecting the difference inte themory. Adjustments are repeated
for all images of the same class until images are perfectgnstructed.

For linear auto-associative memories, the Widrow-Hoffhéag rule is described by:

Wt = W'z - W' )2 (5.5)

wheren is the adaptation step artdndicates the current iteration. At each presentation of a
class imager, the connection matri¥V’ is corrected with regard to the adaptation stgphe
difference between the desired responséd the current respongg’ -z and the contribution of
the input imager. Rather than expecting the presentation of the whole trgidata, the matrix

is corrected locally for each input data. We consider a adésd imagesX = (z1, xa, ..., Zp).

As a positive semi-definite matrix}” can be rewritten by the sum of its eigenvectors:

M R
WO=X-X"=) mal =) Nuu! =UAU" (5.6)
i=1 r=1

whereA stands for the diagonal matrix of eigenvalu€ss the orthogonal matrix of eigenvec-
tors, R is the rank of the matri%/’ and! is the identity matrix. We hav&” - U = I. Eigenvec-
torsu are ordered according their corresponding eigenvalukhis transformation allows us to
rewrite the Widrow-Hoff learning rule as a combination of@nvectors and eigenvalues. The
connection matrix}* can be expressed as follows:

wt=Uo,U" (5.7)
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with

Oy =1 — (I —nA)t! (5.8)

We recursively obtain the following relation:

i1 I—(I- 77A)t+2
= I — (I —nA) (I —nA)™"!
= I—(I—=nA)+ (I —nA) + (I —nA) (I —nA)™
= A+ (I =nA)(I = (I —nA)"™)
D1 = A+ (I —nA)P, (5.9)
By applying the Widrow-Hoff correction rule, we verify thelation:
Wi = Whan(X —WwiX)XT (5.10)

= UDU" +nXXT —qUOUTUANUT
= USUT + nUAUT — U AUT
= U(®,U" +nA — nAd,)UT
= UnA+ (I —nN)®,)U"
Wi = U® UT

This reformulation exhibits the fact that the correctioteranly affects the eigenvalues of the
connection matri¥t’. This process is called eigenvalues equalization or spization of the
matrix. With a well chosen adaptation weightthe term( — nA)"*" tends to 0 at infinite, and
the matrix!¥ converges td/U”. The reconstructed imagg is then represented by a weigted
sum of its eigenvectors:

R
r=1

Eigenvectors act as global features of the whole image. iShahy linear auto-associative
memories are considered as a global approach. The erroixniats defined as the difference
between the source imagé and its reconstructed imad#, X

E=X-WX (5.12)
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We compute the error function as the quadratic squared suhealements of/:

Err(W) = % Z e?k,
gk

Err(W) = % Z Z(%k — Zwijxik:)Q
ik i

Err(W) = % Z Z(%k — Z wz’jxik)Q (5.13)
ik i

The Widrow-Hoff correction rule minimizes the quadraticardue to classification in a
least squares sense. The optimal correction ténm, of the connection matrix is given by
calculating the variation of the error function:

0Err
! (5wij
= UZ(JTjk—Zwijxik)xik
k i
Awy = ) (z— Y (WX)i)za (5.14)
k i

which corresponds to the Widrow-Hoff correction rule.

The error function increases with the number of images inrdiaing data. Calculating the
error allows us to determine a judicious value for the adaptastepr. A good value for must
converge as fast as possible to 0, whereas a bad value wdhtebigher and higher at each
iteration. The error matrixs can be expressed as:

E = X-UdU'X (5.15)
= XU~ (—-nN"™HUTX
= X-UU'X+U(I —nA)"'U"X
= X - X+4+UI -\ UTUAU
= U(nA+ (I —npN)TUT
E = U(I —nA)TAUT (5.16)

The error matrix converges to 0 if and only if:

lim (I —nA)"™ =0 (5.17)

t——4o00
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Which is equivalent to:

vr <R lim (1 —n\)" =0 (5.18)
t——+o0

We can see that the elements of the error matrix are influelngéue termg1—n\,)"!. As
a consequence, and as the current iteratisra natural number, the error function is influenced
by the termss; = ((1 — n)\,)?)""1. We wanté; to converge as fast possible to 0. However, this
is not possible for real data to obtain for each eigenvalue 0. At each iteration, the ter@ is
multiplied by (1 — ),)?, so this value must be as close to 0 as possible. The adapsation
must be regulated so thad,. is close to 1. A value of O fon leads to a stagnation of the error.
If  is too small, the error decreases slowlyy lis too high, the ternil — n\,) becomes greater
than 1 and converges to infinite. Thus, there is an optimalevédr the adaptation step To
obtain the convergence of the error function, we must havedaoh eigenvalug,

2
Vr < R 0<7]<)\— (5.19)

By considering the higher eigenvalng,.. , this condition can be reformulated as:

0<n< (5.20)

Amam

Beyond this value, some of the terifis— 1\, )**! increase and, as a consequence, the error
function raises quickly. The case in which the error is egoad corresponds to an infinite
number of iterations and leads to overlearning. Only imagesed with the auto-associative
memory would be perfectly reconstructed. The system woatdearn the image class, but each
image part of the class. However, the algorithm must be adleatrn intra-class variations. As
we want our system to be adaptive and to correctly classifdown images belonging to the
class, it is better to have a fixed number of iterations

Figure 5.2 shows examples of reconstructed images usingigieand Widrow-Hoff learn-
ing rule. The memory trained with Hebbian rule gives the sa@sponse for every image. As a
consequence, the cosine between original and reconstrictges is not discriminant enough
to classify images while the memory trained with the Widrb\tf correction rule provides
more discrimination. In-class images are minimally defediy multiplying with the connec-
tion matrix, while extra-class images are more stronglydeed. The reconstruction improves
with learning. With a good choice of the adaptation sigmd the number of iteration an im-
age of the class can be well reconstructed from the memoey, gvcases of partial occlusion.
Another advantage of using the Widrow-Hoff learning rulghat outliers are not taken into
account during the training phase. By training images ohasmade up of a majority of a cer-
tain type of images and a minority of outliers, the weighteakated by the correction rule can



5.2. THE WIDROW-HOFF CORRECTION RULE 105

be optimized to recognize the majoritary type of images, aoidoutliers. The Widrow-Hoff
learning rule has shown good results on classic face asgysblems in the case of images
from a single camera, such as face recognition, sex classtiicand facial type classification.

Source images

Images reconstructed
with Hebbian rule

Images reconstructed
with Widrow-Hoff rule

(b)

Figure 5.2: Reconstruction of images with an auto-asseeiatemory trained either by a stan-
dard hebbian learning rule or a Widrow-Hoff correction ruldhe memory has been trained
with female caucasian facial images. The memory delivezssdime reconstructed image for
every source image using the Hebbian learning rule. It chdiscriminate caucasian facial im-
ages, nor even distinguish a face from a random pattern. Wecoosider images reconstructed
with the Widrow-Hoff learning rule. As belonging to the tnamg data, image (a) is perfectly
reconstructed by the memory. A perfect match is obtaineégen(b) does not appear in the
training data, but represents a caucasian face. It is @ di#gyraded during reconstruction, but a
good match is obtained. As a Japanese face image, imageg&hdbbelong to the class and is
strongly degraded, resulting in a poor match. Image (d)asgmts a random pattern, its match
with the reconstructed image is close to 0 [148].

Linear auto-associative memories trained with the Wididaff correction rule increases
the performance of PCA [1]. The number of principal compdaeioes not need to be defined,
because all dimensions are used. Contrarly to neural nksydris not necessary to specify
the choice of the structure or the number of cells in hiddgeds is not required. Only two
parameters, the adaptation ste@nd the number of iterationsare required. Furthermore,
reconstruction is robust to partial occlusions. Using tioear memories or neural networks
with hidden layers prevents creation and storage of prpexyof image classes. Linear auto-
associative memories allows us to create prototypgsof image classes that can be saved,
recovered and directly reused for other experiments. Wéyaps approach to the head pose
estimation problem.
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5.3 Application to head pose estimation

We consider each head pose as a class of images. A lineaassciative memoryV,, is
trained for each head pose clas#s for our experiments in Chapter 3, we use the Pointing’04
Head Pose Image Database to measure the performance @dssatwative memories on head
pose estimation. There are 13 poses for pan and 9 posestforaiestimate head pose on

a given face imagette, a simple winner-takes-all processnployed [40]. For a test image
X, the posek whose memoryV, obtains the best match is selected. We compute the cosine
between the source image and the reconstructed ima@es as indicated in equation 5.21.
The computional complexity of the estimation is linear wiéigard the number of classés,.

Two experiments are performed using this approach: heagelpare trained either separately or
together.

Pose = argmaxy(cos(X, Wy, - X)) (5.21)

Concerning the normalization of the face region, we canlsagthis is a crucial preprocess-
ing step for the use of linear auto-associative memorieg&ullpose estimation. For one thing,
all images in the training data must have the same size tdettadcreation of the head pose
prototype. In addition, normalization allows us to havadateatures found at the same loca-
tion in all of the imagettes for a given head pose, which igapgpate for linear auto-associative
memories where all pixels are compared locally.

5.3.1 Learning separate head poses

To train separate head poses, we learn each angle on an alevarying the angle of the other
axis. A pose is represented either by a pan angle, or a tileaigch linear auto-associative
memory corresponding to a pan angle is trained with varyiihgngle. Similarly, each mem-
ory corresponding to a tilt angle is trained with a varyingqi@agle. The learning process is
explicited in figure 5.3. FoP pan angles and' tilt angles, this approach delivefé, = P + T’
head poses protoypes. We obtain 13 classifiers for pan andl® elassifiers for tilt angle:

WPan:79O> WPan:775a WPan:760> WPan:745a WPan:730> WPanzflfn WPan:0>

WPan:+15> WPan:+30a WPan:+45> WPan:+60a WPan:+75> WPan:+90

Writt=—90, Writt=—60, Writt=—30, Writt=—15, Wrin=o,
Writi—+15, Writi=+30, Writt=+60, Writt=+90

Figure 5.4 shows the variation of the error computed on fpamt and tilt poses with regard
to the adaptation step. We use an adaptationsst0.008 for pan axis and 0.006 for tilt axis
for our experiment.
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WTilt= +90

— Wirile= +15

— Worin= 30

.

W
WPan= +60 WPan= 0 Pan= _30

Figure 5.3: Training of linear auto-associative memorieseparate head poses

50 T 50

20
______________ "'\\I*\#
T E L B Ko

Adaptation Step Adaptation Step

Figure 5.4: Error computation for front separate pan angtkes with varying the adaptation
step and the number of iterations

5.3.2 Learning grouped head poses

In the grouped head pose experiment, pan and tilt angle @ireett together. A pose is repre-
sented by a couple of pan and tilt angles. Each linear aigoe&sgtive memory is trained from
facial images with the same head pose. The learning prosesslicited in figure 5.5. This

approach delivers/, ~ P x T head poses protoypes. We obtain 93 classifiers:

WPan,Tilt:O,fQO

Wpan,Titt=+90,—60, WPan, Titt=+75,-60, ---» WpPan,Titt=—75,-60s Wpan,Titt=—90,—60
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WPan,Tilt:JrQO,fSOa WPan,Tilt:Jr?E),fSOa sy WPan,T'ilt:775,730> WPan,T'ilt:790,730

WPan,Tilt:+90,+307 WPan,Tilt:+75,+307 sy WPan,T'ilt:775,+30> WPan,T'ilt:790,+30
WPan,Tilt:+90,+607 WPan,Tilt:+75,+607 sy WPan,T'ilt:775,+60> WPan,T'ilt:790,+60

WPan,Tilt:O,-i-QO

@ * Whan,Tilt =0,490
daassEEEagEms
| |
GIISEEEEEERER o
GUUIISEEESEEE

JINSSSSEEREEF
JINENEEEREREE o
b pp B [ 1444444

=

WPan,Tilt =+45,0 WPan,Tilt =0,-90

Figure 5.5: Training of linear auto-associative memoriegmuped head poses

Figure 5.6 shows the variation of the error computed on fpmse with regard to the adap-
tation step. We use an adaptation sgegf 0.07 for this experiment.

5.3.3 Testing on known users

To measure the performance of our system on known usenmsingaand testing using a 2-fold
cross-validation on the two sets of the Poitning 2004 da@abiauring the first pass, the first set
is used as training data, and the second one as test datagDiiei second pass, the roles are
reversed. This is an exhaustive test method. The numbeaiafrig images for each pos¢ is
equal to 15. The 2-fold cross-validation algorithm proaeds described below:
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10

#iterations = 25 “
#iterations = 50 --->¢ -+
#iterations = 100 --- -
° / X

Error
IS =)
_

Adaptation Step

Figure 5.6: Error computation for front pose with variatsoof the adaptation step and the
number of iterations

Train the 1st set
Test the 2nd set
Train the 2nd set
Test the 1st set

5.3.4 Testing on unknown users

To measure the performance of our system on unknown usarsnig and testing are performed
using the Jack-Knife method, also known as the leave-oheigarithm. Testing is done only
on unknown users, which allows us to see whether linar asso@ative memories really cap-
ture the head pose information. This is also an exhauststeriethod. The number of training
images for each pos¥ is equal to 28. The Jack-Knife algorithm procedure is déscrbelow:

For all subjects i
Train all subjects except i
Test subject i

5.4 Results and discussion

In this section, we compare results of the two experimentthenmages of the Pointing’'04
Head Pose image database. Training and testing can be dio@eazi known users or unknown
users. To have an idea of the efficiency of our system in machima interaction applications,
we compare performance of our system with human performabtaned in Chapter 3.
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5.4.1 Evaluation Measures

We use the evaluation measures previously defined in se®#oh: the mean absolute error, the
correct classification rate and average error per pose. \Weedanother measure, the correct
pan classification rate with 15 degrees error. Its calantais explicited by the equation 5.22.
An image is correctly classified with 15 degrees if the abotlifferenced|p(k) — p*(k)|| does
not exceed 15 degrees. This measure is useful to determgnpréiportion of images whose
head poses can be refined in a later experiment.

Card{I C tlyClassified15°
CorrectClassificationld = ard{ImagesCorrectlyClassific ! (5.22)
Card{Images}

The influence of the number of iterationswith separate and grouped training is shown
respectively on figures 5.7 and 5.8. We can see that beyontei@@ions, the mean average
error on pan and tilt axis becomes stagnant. Thus we will usenaber of iterations = 70 in
our experiments.

20

T T T
Pan Mean Error —}—

Tilt Mean Error ===>¢===

18

16

Mean Absolute Error

14

12

~

Sk

! —
0 10 20 30 40 50 60 70 80 90 100 110
# Iterations

10

Figure 5.7: Mean average error in pan and tilt with regardriumber of iterationswith the
separate training

5.4.2 Performance

We compare performance of our system with those obtainedohyesother methods of the
state of the art. For testing on known users, we compare suttgeto those obtained by tensor
models, PCA, Locally Embedded Analysis [145] and neuraloédts [152]. The evaluation
measures are calculated with the same data. For testing lorown users, we compare our
results to neural networks developed by Stiefelhagen [&37%}ell as to closest picture search.
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Figure 5.8: Mean average error in pan and tilt with regard&ortumber of iterationswith the
grouped training

Closest picture algorithm consists in finding the image m tifaining data which obtains the
best match with the image to test. The head pose of the sélentge is chosen as the head
pose of the testimage. The match is done using direct cosmeuatation. This algorithm can be
performed either by estimating pan and tilt angles sepigrateby estimating pan and tilt angles
together. However, it cannot create head pose prototypastiiaining images. Furthermore, the
closest picture search algorithm has a comoputationnaptexity of O(M N,) whereM is the
number of images for each pose in the training data. Closesirp search is computationally
more expensive than the linear auto-associative memaeviesse complexity i®)(1V,), because
MN, > N, and all images of the training data have to be browsed for t=sthmage.

Evaluation results are shown in tables 5.1 and 5.2 . Withépaste training for pan and tilt,
we can see that pan angle is well recognized with an averageoéi7.6 degrees for known users
and 10.1 degrees for unknown users. As a comparison, neeirgbrks obtain 12.4 degrees of
error for unknown users. Average error is 8.4 degrees fomknasers and 10.1 degrees for
unknown users using the grouped learning. The averagerbitis 11.2 degrees for known users
and 15.9 degrees for unknown users using the separatengaltising the grouped learning, the
error is 8.9 degrees on known users and 16.3 degrees on unkrssss.

Head pose prototypes learned with linear auto-associpavi@rm well for known and un-
known users. The comparison to closest image algorithntBedrows the utility of gathering
images of the same class into a connection matrix.

Average error per pose is shown on figure 5.9. Concerning éimegmgle, the average ab-
solute error in pose is relatively stable with both methddse minimal error can be found at
front and profile poses. Separate and grouped learning ancalate well with intermediate tilt
angles. Linear auto-associative memories provide betwilts than searching for the closest
image in the training database.
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Evaluation measure | Tensor| PCA LEA NN | Sep. LAAM | Grp. LAAM
Pan Average Error 12.9°¢ 14.1° 15.9°¢ 12.3° 7.6 8.4
Tilt Average Error 17.9° | 14.9° | 174° | 12.8° 11.2 8.9
Pan Classification® | 49.3%/| 55.2% | 45.2%| 41,8%| 61.2% 59.4 %
Tilt Classification0® | 54.9 %| 57.9 %| 50.6 %| 52.1 %| 54.2% 62.4 %
Pan Classification5° | 84.2 % | 84.3 % | 81.5 % - 92.4% 90.8 %

Table 5.1:Performance evaluation on known users. NN refers to Neuegalvbrks and LAAM

refers to Linear Auto-Associative Memories [40, 145, 152].

Evaluation measure | Separate CP Grouped CP Separate LAAM | Grouped LAAM
Pan Average Error 14.1° 13.9°¢ 10.1° 10.1°

Tilt Average Error 15.9¢ 21.1° 15.9 16.3

Pan Classification® 40.9 % 40.9 % 50.3% 50.4 %

Tilt Classification0° 41.9 % 41.5% 43.9 % 45.5 %
Pan Classification5° 80 % 80.1 % 88.8 % 88.1 %

Table 5.2:Performance evaluation on unknown users. CP refers to Std3ieture and LAAM
refers to Linear Auto-Associative Memories

We achieve a precise classification rate of 61.2% for paneaagt 54.2% for tilt angle
on known users and 50.4% for pan angle and 44% for tilt anglerdmown users with the
separate pan and tilt pose training. Using the grouped pasetg technique provides a 59.4%
classification rate for pan angle and 62.4% for tilt angledoknown users. Pan angle can be
correctly estimated with a precision of 15 degrees in moaa 88% of cases with both methods
on all subjects. Neural networks used by Stiefelhagen olat@ian classification rate of 38.8 %
with O degree precision and 69.1 % with 15 degrees precision.

These results demonstrate that linear auto-associativeomes are suitable to head pose
estimation with known and unknown subjects. We can see thiaguhe grouped learning
technique does not significantly improve results. Furtrenthe system runs faster at 15
images/secs with prototypes trained separately than atape/secs with prototypes trained
together. This is due to the fact thBt+ T < P x T. During the selection of the best match,
there are only 22 separate prototypes tested versus 93epquptotypes. Learning poses and
pan and tilt axis separately provide a significant gain of potational time without loss of
performance.

Faces are not aligned in the Pointing’04 database. Noringliace images provides small
variations in alignment. Experiments demonstrate thatsgstem can handle alignment prob-
lems. Computing a score for each memory allows us to disoateiface and non-face images.
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Figure 5.9: Average error per pose on known and unknown stg@ pan and tilt axis

Head detection and pose estimation are done in a singleggoEke results obtained with Jack-
Knife show that our system generalizes well to previous enselbjects and is robust to identity.
As humans estimated angles separately in our experimenise¢he separate prototypes for

comparison with human performance.
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5.4.3 Comparison with human performance

As we use the same evaluation measures, we can comparenpanie of our system on un-

known users with humans. In our experiment, humans weraldslkestimate pan and tilt angles
separately, so we will compare their performance to linedo-associative memories trained
separately. Results are shown in table 5.3. As in chaptee3)se the test of Student-Fisher to
determine if the difference of performance betwen two papanhs is significant.

Evaluation Measure| C Subjects| NC Subjects S LAAM KU | S LAAM UU
Pan Average Error 11.8° 11.9° 7.6° 10.1°
Tilt Average Error 9.4° 12.6° 11.2° 15.9°
Pan Classification® | 40.7 % 42.4 % 61.2 % 50.3%
Tilt Classification0° 59 % 48 % 54.2 % 43.9 %

Table 5.3:Performance comparison between humans and our system. Sl@mdfer respec-
tively to Calibrated and Non-Calibrated subjects, S LAANEre to Separate Linear Auto-
Associative Memories, and KU and UU refer respectively towim

With an average error of respectively 7.6 and 10.1 degredsaaorrect classification rate
higher than 50% on known and unknown users, our method pesfeignificantly better than
humans at estimating pan angle, with an average error ofdeg@&es. The standard deviation of
the average error per pose is low for the system and high forams. Average error per pose is
illustrated on figure 5.10. The system achieves roughly éimeesprecision for front and profile,
and higher precision for intermediate poses. As for humamnsimal error can be found at front
and profile poses. This means that our algorithm can handidenange of head movements.

With an average error of 11.2 degrees in tilt angle angle sgatem achieves a comparable
performance to humans for known users. However, humansmpeignificantly better in tilt
angle than our system for unknown users. Our method perfaretidor top poses. This is due
to the fact that hair becomes more visible on the image anthtteeappearance between people
changes more when looking down. On the other hand, such ekaarg less visible for upward
poses. Face region normalization also introduces a praldlamheight of the neck differs from
one person to another. This provides high variations onifaegettes and can disrupt tilt angle
estimation.

This chapter proposes a new method to estimate head poseneiinstrained images. Face
image are normalized in scale and slant and projected orgtaadard size imagette by a robust
face detector. Face imagettes containing the same headmokarned with the Widrow-Hoff
correction rule to obtain a linear auto-associative memboyestimate head pose, we compare
source and reconstructed images using their cosine. A simipher-takes-all process is applied
to select the head pose whose memory gives the best match.

We achieved an accuracy comparable to human performanceawmkusers. Our method
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Figure 5.10: Average error per pose on pan and tilt axis

requires very few parameters and can provide good result®gnlow resolution face images
and can handle wide movements, which is particularly adegtto wide-angle or panoramic
camera setups. Furthermore, the system is particularlyoppte for known users, but also
generalizes well to unknown users. Our method is robustgaent and runs at 15 frames/secs.
Another advantage of using linear auto-associative mesnosithe creation of head pose pro-
totypes, which can be saved and restored for other apmitatiThese operations are more
difficult with subspaces or neural networks with hidden tay®ur head pose estimation algo-



116CHAPTER 5. HEAD POSE ESTIMATION USING LINEAR AUTO-ASSOCIAVE MEMORIES

Figure 5.11: Sample video of face and head pose tracking aroark user. Face regions are
normalized into 23x30 pixels imagettes. The inner circlgesents the estimated head pose.

rithm is reliable and convenient enough for video sequeimeapplications in man-machine
interactions, video surveillance and intelligent enviremts.

Linear auto-associative memories performs very well foown users, as they were origi-
nally designed for exact recognition of images from thenirag data. Even if a partial occlusion
or a partial change occurs, memories can recover imagedé&amed classes and estimate head
pose. An example of head pose tracking in real conditionssubgect of the Database is shown
on Figure 5.11. Increasing the size of the normalized imagki not significantly increase the
accuracy of the estimation. Results for unknown users campeoved by increasing the size
of training images. However, the algorithm has a quadraimomexity with regard to the size
of the imagette. We use another face description methodl@sécal information in case of
higher resolution images to increase the performance fenonwn users.
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Below is a summary of our coarse pose estimation algorithm:

Training:

For each group of posés
Initialize a connection matrix;,
For each image&;. € k:

Train W}, using the Widrow-Hoff correction rule:

W =W+ (X, — W X)) XT

Testing:

Given a test imag#&’,
For each group of posés

Compute the reconstructed image= Wj, - Y
Compute the cosinevs(Y,Y;) = V1Y

Select the clask which obtains the highest cosine:
kcoarse = argmazy(cos(Y,Yy))

The estimated coarse pose of the Im&ges £ ... se
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Chapter 6

Face Description using Gaussian Receptive
Fields

This chapter describes perception of face images with te@efields or local linear functions.
Gaussian kernels are used to compute the response vecatthrede descriptors. When normal-
ized to local intrinsic scale, Gaussian receptive fieldseappo be a good detector for salient
facial features robust to illumination, pose and idenfitye first part of this chapter explains the
principles of receptive fields and their properties when patad with Gaussian derivatives. In
the second part, the process of automatic scale selectitetaged. The third part of the chapter
concerns salient facial feature detection.

6.1 Gaussian receptive fields

Features of intermediate complexity robust to scale, ilhation and position changes are used
by primates for vision and object recognition [141]. Ourextijve is to design such local de-
scriptors. Gabor wavelets can be used to detect scaleramvdeature points, as presented in
[161] and [73]. However, they have parameters that are dlffto adjust and tend to be com-
putionally expensive. Similar information can be obtairfiexn a vector of Gaussian deriva-
tives, with the advantage that very fast techniques existdmputing scale normalized Gausian
derivatives [19]. Gaussian derivatives describe the ajoea of neighbourhoods of pixels and
are an efficient means of computing scale and illuminatidiuso local features. Furthermore,
they have interesting invariance properties.

We describe face images with Gaussian receptive fields. dine teceptive field" desig-
nates a receptor that describes the local patterns of repdosintensity changes in images.
This term comes from sudies of mammalian vision and refeis pattern of photo-sensitive
receptors in the primary visual cortex [54]. Such a struetaicts as a weighted region on the
retina. Receptive fields in computer vision are used by masgarchers under different names.
For example, they are used by Koenderink et al. as local measnt of then'” order image
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structure [69], by Roa and Ballard as iconic feature vectd3], by Schmid to detect natural
interest points [118], by Mikolajczyk and Schmid [94] to pide affine invariant invariant de-
scriptions of local appearance and by David Lowe to form tte&lnvariant Feature Transform
(SIFT) [82]. We prefer the term receptive field as used by 8let{iL14], coming from biological
vision. In the following, the expression receptive fieldemsfto local linear fonctions based on
Gaussian derivatives of inceasing order.

6.1.1 Mathematical Definition

The responsé,;, , of a grey level imagd to a Gaussian receptive field; , of scales and of
directionk is equal to their convolutiod;, , = I ® G, where® denotes the inner product
computed at a sequence of positions. The set of valygedorms the feature vectat,:

LO’ — (L1,07 L2,07 ceey Ln,a)

The order and the directiok refers to the type of the derivative of the receptive field and
has the formz?y7. Figure 6.1 shows a description of an image neighbourhoodyuBaussian
receptive fields. For each pixét, y), the Gaussian derivative of scatés expressed as:

oo
3xi @Ga(xa y)

chiyjﬁ(.r, y) = (61)

Neighborhood Point (x,y) n G
. | =4

il M
u GX,O' a2
Gy,cr a3
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G
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Image Scale o

Receptive Field

Receptive Field Vector Response Vector

Figure 6.1: Example of neighbourhood description with Gaarsreceptive fields

The Gaussian kernel of scatas defined in 1D as:
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1 o2
G,(x) = e 202
(@) \V2mo
In 2D, the Gaussian kernel is expressed as follows:
1 _r2+y2
Ga(xuy): 27'('0'26 202

A Gaussian receptive field provides a numerical descriptotdcal appearance at a par-
ticular scale, and position. This descriptor can easilydetl to local orientation using the
steerability property of Gaussian derivatives [27], ashaslto affine transformations of local
appearance [94]. The space constructed by receptive feltddled the local appearance space
or the feature space. Gaussian receptive fields measuresntiiarity of neighbourhoods of
pixels. Two neighborhoods similar in appearance presemitasilocal geometries and are close
in the feature space. The similarity of two neighbourhoddsixels can be measured by com-
puting the distance of Gaussian receptive fields respone ifeature space. Furthermore, the
Gaussian kernel presents many interesting propertiesfage description.

6.1.2 Separability

The Gaussian kernel is the unique function that isboth ség@mand circularly symmetric in
Cartesian coordinates:

1 z2+y2
GU P - - o2
(@9) 2o ’
1 2 1 a2
- € 202 202
\/%a \/ﬁa
Go(r,y) = Go(2) - Go(y) (6.2)
1 .2
- 27TO'26 o
1 (o0t (rsing)?
- € 202
2o
Golz,y) = Go(r,0) (6.3)

Where(r, ) represent the polar coordinates(af y). The separability of the Gaussian kernel
is an important property in computer vision as it makes itsilae to reduce the complexity of
computing a multi-dimensional receptive field responses Galculation of the convolution of
an image neighbourhood ofx n pixels with a two dimensonial function requir€gn?) opera-
tions. With the separability of the Gaussian functions,dbemputationial complexity decreases
to O(2n). This property can be extendedrtalimensions.
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6.1.3 Scalability

Gaussian kernels are self similar over scale and can beyeaddulated. They satisfy the fol-
lowing equation:

Gio(tx) = 27Tt0'e_2t202
1 1 _ a2
= — e 202
t\ 2o
1
Gtg(tl') = EGU(."L') (64)

From this property it is possible to compute an image respéos Gaussian function that
does not depend on the scale parametehs stated by Slepian and Pollack [125], the Gaus-
sian is the function which has optimal compactness in fraquend space. Furthermore, the
gaussian function is the unique solution to the diffusionatmpn and is therefore suitable for
description of physical images phenomena.

Figure 6.2: Example of receptive fields response to the fagsgian derivativé/, , at different
scaless. The left image is the original image. The middle image isrdponse to the derivative
with o = 2 pixels. The right image is the reponse to the derivativia wi= 10 pixels. Positive
values are represented in yellow, negative values aresepted in green and zero is represented
in black. Original image is 1/4 PAL

6.1.4 Differentiability

The Gaussian function is infinitely differentiable. Any tkative of an imagd ® G, blurred by
a Gaussian is equal to the convolution of the original imag&h the derivative of the Gaussian
kernel. Therefore, the image signal can be expressed asrisries of Gaussian derivatives:

88;; [I(x) ® G,(x)] = % ® Go(x) = 1(x) ® Gy o(2) (6.5)
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The first order derivatives describe the local line origntain images, whereas line local
curvatures are perceived by second order derivatives. Weotltake into account zeroth order
Gaussian derivatives in order to remain robust to chang@simination intensity. Derivatives
of order strictly superior to 2 have been found to contridnfermation about appearance only
if an important structure is detected in second order te®8$. [For this reason, we take into
account derivative terms up to the third order.

We obtain a five dimensional feature vector computed at ea@h Ipy calculating the con-
volution with the first derivative of a Gaussian inandy direction (&, G,) and the second
derivatives (+,,, G, andG,,). Our Gaussian receptive field feature vector the imageles+
fore 5 dimensionsL, = (L, », Ly s, L1z Liy.os Ly 0 ). The feature vectoE, (x, y) describes
the local appearance of the neighbourhood of the fixej) of scaleo.

As shown on Figure 6.2, large scales describe coarse \arsatif the image, whereas small
scales describe its fine variations. In the following settie explain how to obtain a reliable
value for the best scale parameter

6.2 Automatic scale selection

The notion of scale is one of the most important aspects opcen vision. Observing objects at
different scales provides different interpretations. Ehene image region can be interpreted as
an interest feature at a certain scale, and as a spuriousraga different scale. That is why the
scale of observation must be specified in image understgri@#]. Many researchers usually
describe images at multi-scale [113] or at multi-resoluti82]. Image features are analysed
through a set of scales, which provides changing number ppelaaiance of interest features at
each scale.

In [78], Lindeberg proposes a method to select appropra@tal Iscales to describe image
features. For a given pixel of an image, these relevant seakecalled intrinsic scales. A scale
profile computed at each pixel provides intrinsic scal@e scale profile of a feature point is
obtained by collecting its responses to the normalizedd@ph energy over a range of scales.
Local maximas of the scale profile gives maximum respons#eethaplacian and are selected
as intrinsic scales. Figure 6.3 shows an example of a feptirg and its scale profile. The in-
trinsic scale is obtained at the zero crossing of the nozedlLaplacian energy. The normalized
Laplacian operato¥2G is is invariant to rotation and is defined as:

VQGU - 02(Ga,xx + Go’,yy) (66)

The Laplacian is normalized in amplitude by the terfrin order to detect local maxima in
the scale profile. When two images are zoomed, the ratio ohgit scales of the same feature

lalso called characteristic scales
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Figure 6.3: Scale profile of an image feature. The intrinsadeis selected at the local maximum
response to the normalized Laplacian energy [41].

in the two images is equal to the zoom ratio. Therefore thdda@n operator is scale invariant.
We have:

2 — g2
G$$,a(xay) - ?GU(I,y) (67)
tQIQ . t20.2
Gunto(tr, ty) = TGw(tﬂC,ty)
1
Gxx,ta(tx>ty) - tEGxx,a(xay) (68)

We deduct:

V2Gi (t, ty) = t°0°(Giowe(tr, 1Y) + Gioyy(tz, ty))
1
V3G (tz, ty) = EVQGU(x,y) (6.9)

Each pixel(z, y) allows at least one value fot(x, y) for which the response to the Laplacian
IS maximum. However, some pixels can be part of a surimposatlife and can allow two or
three local maxima to the normalized Laplacian. We seleetstiallest of these maxima as
a characteristic scale,,:(x,y) for description of the appearance of a face at the pixel),
because such features to describe appearance based ostfaciare rather than illumination
artifacts. In other domains it can be appropriate to usefah®maxima.

The scale profile can only be computed at a finite range of scélee denser the sampling
of scales, the higher the probability to find a precise vabrdte intrinsic scale, but the more
computationaly expensive it also is. The sampling scalesease geometrically according to
o411 = (1 4 €)o,. We choosee = 0.1, in order to make two consecutive scales grow by
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10%. The initial valuer, is equal to 0.5 pixels in order to cover a neighbourhood ofxelpi
in diameter. An alternative is cubic interpolation used wsamids in [19]. Tested scales have
therefore the following form:

o, =0o(1+¢€) (6.10)

6.3 Face image description

Scale invariant receptive fields are obtained by projecitingge neighbourhoods of pixels on
Gaussian receptive fields vectors normalized with theminsic scales. Regions centred on
every pixel of the face image are therefore analyzed at arogppte scale. We describe face
images and their salient regions using low dimensionidligavectors.

6.3.1 Projection into feature space

For each directiork, we compute the corresponding Gaussian receptive fiel®rvattevery
scaleor(z,y). The normalization of face image into an imagette allowsougtluce the range
in which the intrinsic scale is searched [38]. The scale mgpof the face image is obtained
by computing the intrinsic scale for every pixel of the imagee scale map of a face image
is illustrated on image 6.4. For each directibmand pixel(z, y), we obtain a set of responses

(Lk,UO(‘r? y)7 Lk,al(x7 y)7 ceey Lk,o‘n(xa y))

r

Figure 6.4: Scale map of the face image. Small scales aregsepted by dark pixels and large
scales are represented by light pixels.

By selecting the intrinsic scale in the scale map, we obtieéch pixel the feature vector
Ly 00 (z) (2, y) invariant to scale changes. The set of intrinsic featurgorecof the whole
image in all directions is denot€dd,,,. An example of face image response to Gaussian receptive
fields normalized at intrinsic scales is shown on Figure 6.5.

The Gaussian receptive field reponse vector can be projeatedhe feature space. The
feature space formed by 5 dimensional response vectors uedizen receptive fields is dense
[41]. Example of cloud points of facial images are shown onrg6.6. Two neighbourhoods
with the same appearance are close in the feature space.aBurae¢he similarity in appearance



126 CHAPTER 6. FACE DESCRIPTION USING GAUSSIAN RECEPTIVE FIEED

Figure 6.5: From left top to right bottom: the original imade. ,opt, Ly copts Law,copts Laycopts
L

yy,oopt

between neighbourhoods of pixels, we compute the covaiawemalized distance of their
feature vectors, also known as the Mahalonabis distaneeen@ivo vectorsX andY in a
feature space, the Mahalonobis distance betwéamdY is given by the following formula:

dy(X,Y) =/ (X =Y)IC-YX —-Y) (6.11)

where(C' is the covariance matrix of the cloud points formed by théufesavectors of the image.
The Mahalonobis distance takes correlations betweenblasaf different dimensions into ac-
count and is more stable than the euclidian distance to itbessimilarities in multidimensional
spaces. The covariance matrix represents axes of the spectors distribution in the fea-
ture space and reflects existing correlations. We will ugedtstance to determine interesting
features on facial images.

6.3.2 Salient facial feature regions

Our objective is to design local descriptors that are robugsthanges in to scale, illumination
and position to detect salient features in facial imagegdeioto estimate their poses. Deter-
mining such local feature points can be performed by partitig the face image into several
regions, using textons as in [89] or finding generic feat{®8s 118, 79]. Facial features detec-
tion can also be performed using eigenfeatures [149], Hebjsor saddle points and maxima
of the luminance distribution [107]. However, such dedonip are sensitive to illumination and
provide too many points, which can lead to accumulationrerfdatural interest points defined
by Lindeberg [78] are not robust to pose, and are not app@atepior deformable objects such
as the human face, as they describe circular structurearghtipe of a structure changes from
a pose to another.
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Feature Vectors ~ +

Figure 6.6: Original image and projection of its featuretees into the feature space.

By considering the notion of saliency in the literature, vayé found two definitions. An
intuitive definition of salient features are features thatrattention. A mathematical definition
is given by Walker et al. in [153] as features isolated in asgefeature space. We saw in the
previous section that the feature space formed by Gaussceptive fields response vectors
was dense. However, isolated features may be difficult terdehe. Results may depend on
clustering algorithms and their parameter used to segnespbinse vectors in the feature space.
Most feature points are not an assembly of cloud points, lut@mposed of one block, which
makes them difficult to partition with clustering algoritsnfurthermore, features can be iso-
lated in a feature space without being isolated in the im&aéent features must only cover
small regions on the image, otherwise they are not salisakated points may just be outliers.

We propose the following definition for salient regions: Ajien is salient on an image when
its neighbouring pixels share a similar appearance only avenited radius. When the radius
of the neighbourhood is too large, the region is too large ianmtbt salient. When the radius
is too small, the region is considered as spurious. Therénaygarameters in this definition:
the size of salient regionsand the similarity thresholds. Two neighbourhoods of pixels are
considered different in appearance when their Mahalardibiance exceeds this threshold.

By considering a pixelz, y), we compute the 5-dimension normalized receptive fieldorect
responsel’(z,y) = Lo,y (2,y) as well as for its neighours. The pixét,y) is chosen
as the reference vector. We compute the Mahalanobis destantF (x,y), F(x + w0z, y +
L,0y)) between the pixel and its neighbours in the eight cardin@cations, as presented on
Figure 6.8. Variable$:,, .,) can have the values-1.0, 1}. If the eight distances are superior
to the similarity thresholdls, the pixel(z, y) is considered as part of a salient region. If most
distances are inferior to the threshold, the pixel can eitleepart of a large region sharing the
same appearance, or be a spurious region. When only one atistamces do not exceed the
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threshold, the pixel can be part of a ridge or a interest liméhe image. Appearance similarities
of differented facial regions are shown on Figure 6.7. Rdedviahalanobis distances profiles
in one direction are presented on Figure 6.9. The effets yivg the parameters are shown on
figure 6.11. The condition of saliency of a pixel is summed aloW:

V(tgyty) € {=1,0,1}> = (0,0)  dy(F(z,y), F(x + 16z, y + 16y)) > dg (6.12)

Figure 6.7: Appearance similarities of different facialgidourhoods: (1) Eye, (2) Forehead,
(3) Eyebrow, (4) Nose, (5) Face contour, (6) Cheek, (7) Haagions (1) and (4) appear as
blobs and are considered as salient, regions (3) and (5aapgeridges on the image, other
regions do not exhibit such structures and are not considesesalient.

We use a similarity threshold afs = 1 and a size ob = 10 pixels for salient region
detection on face images. The performance of our detecttaaimages is compared to other
detectors on Figure 6.10. Normalized Gaussian recpetildsfgive good results and feature
detection appear to be robust to pose and identity.

We found that the salient facial features detected by nome@dlGaussian receptive fields
correspond to regions covering the eyes, nose, mouth aectctatour. These results ressemble
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Figure 6.8: Distance profiles of sizeare calculated in the cardinal eight directions from the
reference point.

Figure 6.9: Different Mahalanobis distance profiles: (a)e®a region, (b) Region too large in
appearance to be salient, (c) Spurious region, (d) Sakegndn near the maximum size.

those obtained by the studies of psychophysician Yarbush&svn on Figure 6.12, humans
tend to analyse these regions when recognizing people.

Salient facial feature detection and description is efficiesing Gaussian receptive fields
normalized in scale. Furthermore, the position of the salieatures with regard to the position
of the face could be a good cue for head pose estimation. W d&sitructure based on these
salient features to refine the coarse estimation obtain#geeiprevious chapter.
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Figure 6.10: Examples of saliency maps obtained. Fromdefight: Original 1/4 PAL image,
Lindeberg natural interest points with a scale of 5 pixelarri$ points [45], Salient feature
detection using normalized Gaussian receptive fields.

Figure 6.11: Salient facial feature detection by varying #ize) of salient regions and the
similarity thresholdis.
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Figure 6.12: The left image is a photography presented tdgesu The right image describes
the path followed by the eye gaze of the subject. Eyes, nosathmand face contour are the
most examinated facial parts [165].
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Chapter 7

Salient Gaussian Receptive Field Graphs

This chapter explains the use of salient Gaussian recefptidegrid graphs for head pose esti-
mation. This structure has interesting properties for ienagtching under changing conditions,
as its describes both geometrical and textural informati@sent in the image. The first part of
this chapter describes node displacement algorithm acwptd its saliency and its represen-
tation by hierarchical clustering of low dimensionalitycters. Head pose computation from
salient grid graphs is developped in the second part. Weerdfim estimate obtained in Chapter
5 by searching for the most similar salient grid graph fromneighbourhing poses. The last
two parts of the chapter are dedicated to final results, cosgrawith human performance and
discussion.

7.1 Grid graph structure

The relative position of robust salient facial featuresfdin the previous section with regard to
the head may provide useful information about its orientatHowever, direct pose estimation
from these feature is rendered difficult because of:

e Feature location variation due to changes in identity
e Feature appearance changes due to changes in identity

e Feature location variation due to imperfect alignment chgettes

To handle these problems, we adapt the "elastic bunch grapéihod proposed by Von der
Malsburg et al. [158] to form Gaussian receptive field grafgimss method provides interesting
properties for image matching under changing viewing coiais.

Elastic bunch graphs were initially developed for face ggaton. A graphG is described
as a set ofV nodesn; labelled by their descriptorX;. In the literature, Gabor Wavelets play
the role of such descriptors. They describe both geométaicd textural information in the

133
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image. Description with Gaussian derivatives providesnmiation similar to Gabor wavelets at
a much lower computational cost.

Head pose estimation has been performed on a varying nurhpeses using elastic bunch
graphs [24, 90, 71, 160]. Nevertheless, such systems eehjigih resolution of the face image.
Furthermore, graphs are constructed empirically for eaxdepWe do not know if the choice of
the facial points and of theirs egdes is relevant for heaghtation estimation. Training a new
person or a new pose requires manually labeling graph natesdges on all his face images.
As we do not want to use manual annotation in our system, weytagghs whose nodes and
egdes are regularly distributed to recover head pose fromalfeatures. Such graphs are called
grid graphs.

The graph structure describes both local appearance argkthraetric relation of regions
in the image. We use the 5 dimmensionnal response vectorgased of first and second order
Gaussian receptive fields normalized at intrinsic scalerileed in the previous chapter as
node descriptors. We extend the grid graph structures us@d?j by describing each node
n; by its relative location(z, y) in the face image and a 5 dimensional vedigg,. (. ,)(, y).
The model graph structure takes appearance changes afefediue to identity into account by
gathering Gaussian receptive fields response vectors dnreste. However, although elastic
graphs can handle small changes in head movement, they fffamdties with large changes in
head orientations [76]. We compute a model graph for eact pose;. Each node:; is labelled
by a set ofM vectors{X,;}, whereM is the number of images with the head pd3ese; in
the training data. This set of vectors describes possilpeaances of the facial feature found
at the location(z, y) of the noden;. The transformation from grid graphs to model graph is
shown on Figure 7.1. The model graph structure describesildesrariations in location and
appearance of facial features for a particular head posextémd model graphs to salient grid
graphs by allowing local nodes displacements.

Node n;
O—0O0—0——0O

Feature Space

J

]

[T
L L]
L)

Grid Graphs Model Graph

Figure 7.1: Transposition of grid graphs applied to facegesof the same head pose to pose
model graph.
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7.1.1 Node displacement

To handle varations of positions of facial features on thagemdue to identity changes and
imperfect alignment, the model graph can be distorted lp@hiring matching by searching
for the most similar label of each node within a small windew,proposed in [109]. The size
of the window must not exceed the distariég,, between the nodes, to preserve the order of
nodes and to maintain their neighbourhing relations. AmgJa of local displacement on a
grid graph is presented in Figure 7.2. The distance betwsenades should be small enough
S0 as to cover relevant facial features and discriminateecutive head poses.

Figure 7.2: Example of local displacement of a node.

Gaussian receptive fields grid graphs are the intuitiverestten of salient facial regions
developed in the previous section. A region of an image iesaivhen its neighbouring pixels
share a similar appearance only over a limited radiughe local displacement of each node of
the graph corresponds to the radiug he feature located at a certain pixel must be similar only
to features located at neighbourhing pixels. We proposetoe the maximal displacement of
a graph node with regard to its saliency. Salient facialaregican be detected on single images.
By computing the sum of salient facial regions of images efd¢ame head pose normalized by
the number of images, we obtain a saliency map for each pssxpdicited on Figure 7.3.

Figure 7.3: Example of salient facial regions detected nglsiimages and their combination to
a saliency map of a near frontal head pose. Dark pixel vak@&sent non salient facial regions
and light pixel values represent salient facial regions

The pose saliency map gives a direct relation between a pixg) and its salency (z, y)
comprised between 0 and 1. The more a pixel is salient, the metgvant its location is for the
considered pose. By denotifg,,., the distance between 2 nodes dndl, ;) the location of
the noden;, we define the maximal local displacemédtr;) of the noder; as follows:
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ld(n;) = (1 = S(x;,y;)) - ldmaa (7.1)

The rigidity of a node becomes proportional to its salie#cyode placed at a salient fixa-
tion represents something relevant for the considered aodeloes not need to move too much
from its original location. On the other hand, a node pladea maon-salient location does not
represent a relevant feature and can be moved with a maxispdéddement equal to the distance
between 2 nodes, in order to preserve geometric relatiorexample of the local displacement
of a node based on saliency is shown on Figure 7.4. We refeudb graphs as salient grid
graphs. In the next part of this chapter, we explain how to ehddferent features located in
the same region.

Figure 7.4: Nodes’ local displacement according to thdiesay. Nodes with little saliency can
move with a maximal displacement whereas nodes with higlersal have limited displace-
ment.

7.1.2 Node representation by Hierarchical Clustering

The same facial point can have different aspects with reggeacperson. For example, although
they can be expected to be roughly found at the same locatidheoface, eyebrows can have
different appearance. They generally tend to be wide for,raed discrete for women. The
result is an assembly of clouds of points in the feature sp@oeach node:; of the graph. To
model such different aspects of the same feature, we applgrarbhical clustering technique
to the receptive fields vectors of the same node.

The hierarchical clustering algorithm [60] presents arernesting alternative to other clus-
tering algorithms such as K-Means and EM. The main advansaet the number of clusters,
K, does not need to be arbitrarly choosen, and there are noomsto initialize. Instead, a
series of cluster fusions takes place, which run froiusters, each containing a single point,
to a single cluster containing all of the points. At each sikthe algorithm, the method joins
the two closest clusters in the feature space together. iBtende between two clustessand
B is calculated with the average group linkage method. Thiefsned by computing the mean
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distance between all points of the merged cluster B, as shown on Figure 7.5. The average
group distance is computed as follow:

1
Card(A) 4+ Card(B

d(A,B) = )  du(Xi,X;), X,€AUB (7.2)
i#]

Figure 7.5: Two clusters and their group distances.

The two clustersd and B are merged in such a way that the average pairwise Mahaknobi
distance within the newly formed cluster is minimum. Therage group linkage method min-
imizes the information loss associated with each groudnging each iteration, the union of
every possible cluster pair is considered and the two dlsistbose fusion results in minimum
increase in information loss are merged. The informati@s lof a partition” of an assembly
of points{X;} is defined in terms of a sum of squared criterion distance:

K ard(A
Loss(P) :Z Z s Xi)% Xy €A (7.3)
=1 7j=1

Where K represents the number of clusters in the partitidnX;; points of the cluster
A; and p; the mean of the clusted;. The lower the information loss is, the better the data
is represented by the partition. Each clusteris represented by its mean vector and its
covariance matrix’;.

The convergence criterion of the algorithm can depend orpavameters: the minimum in-
formation lossrr and the computed distances factoHierarchical clustering can stop when
the information loss goes below the valwe. However, depending on the data, this minimal
value can sometimes simply not be reached, and the resuiedadlgorithm is a single cluster
gathering all points. The factor can be used to limit the number of iteration steps in the al-
gorithm. The total number of computed distances betwepnints |s" . Instead of using
all distances, the method considers only thdower distances. The fact@jrmust therefore be

”;1. The hierarchical clustering procedure is summarizedwelo
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Hi erarchical Custering

Comput e kn di stances between the n points and sort them
Merge the two clusters whose distance is mninal

Updat e cl uster distances

Repeat steps 1 and 2 until convergence criterion is reached

W e o

Feature Space

Number of
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| nn-1)
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B T e - En

Figure 7.6: Example of hierarchical clustering in a featspace and its dendogram represen-
tation. The height of the dendogram stands for the numbeerdtion steps and the number of
computed distances. The higher a newly cluster is formegintbre relevant it is. By limiting
the number of computed distancessto, we obtain a good representation of the data.

A hierarchy of clusters can be represented by a dendograrsh@sn on Figure 7.6. In
our experiments, we use a minimum information losgof = 0.5 and a computed distance
factor of k = 2.5. The result of the clustering is a set B&fmean vectors and covariance matrix
{ui, C;} modelling the changing aspects of features found on the $aciad point on different
persons. We now have a reliable representation of the appeachanges of faces at every node
of the graph.

7.2 Coarse-to-Fine head pose estimation

A salient grid graph is represented by a set\ohhodes{n;} that allow a local displacement
around their origin. Each node is labelled by a sefgfclusters{ 4;,} represented by their
mean vectors and covariance maffjx;;, C;x } and can therefore be considered as a probability



7.2. COARSE-TO-FINE HEAD POSE ESTIMATION 139

density function. During the graph matching, we evaluaggaifobabilityp( Pose;) that the pose
of the tested face image Bose;. Given the law of total probabilities, we have:

p(Pose;) = Z (Posei|ni)p(n;)

J

N
1
p(Pose;) = Nz p(Pose;|n;) (7.4)

As the probabilityp(n;) for a node to occur is;. Using Bayes’ rule, we obtain for each
node:

p(n;j|Pose;)p(Pose;)
p(n;)

N
p(Pose;|n;) = N—Pp(nj\Posei) (7.5)

p(Pose;|n;)

By defining the number of possible poses\gs Again, the law of total probabilities applied
on theK; clusters{ A} of a noden; gives:

K
p(n;|Pose;) = Zp(nﬂposei,Ajk)p(Ajk) (7.6)
k=1

This probability will provide the best location for the nodeon the tested image. We de-
note asX;(x,y) the optimal normalized Gaussian receptive field vectoraesp computed at
this node The priop(A,;) corresponds to the frequency of clustey, and is therefore equal
to W The probability ofX;(x,y) to belong to cluster4,; is modeled by a 5 dimen-
sional Gaussian function of mean and covariafige, C;). An example of probability density
function at a graph node is shown on Figure 7.7. We deduce:

1
Z Oard ¥ (Vardet(C)5

p(nj|P086 7%(){] (gc7y)7u]k)TC]7kl(X](x y IJ’ij (7 7)

The location(x, y) which obtains the highest probablity is selected as thevgtiocation
for the noden,;. The correponding response vector will be denatgdWe obtain the complete
probability that the face image has a head pBsee;:



140 CHAPTER 7. SALIENT GAUSSIAN RECEPTIVE FIELD GRAPHS

Node nj

O O O

y Feature Space
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N K;
1 1 1 1 TA—1
Pose;) = _E 'E —2(Xg—rik)" O (Xi—wik) (7.8
p(Posei) £~ Card(Azr) (v/2rdet(Crp) ) (7.8)

The pose whose probability gives the best score is selected as thebese. The number
of nodesN\ is inferior to the sizeS of the image. The complexity of Gaussian receptive graphs
is therefore linear.

7.3 Performance

The head pose estimation system based on linear auto-atse@onemories described in Chap-
ter 5 delivers a coarse estimate for the pose. We use segdraieing of pose prototypes to
enhance computation time. The obtained result can be rebiyestarching the most similar
graph from among neighbourhing poses, as illustrated oar€i@.8. For this experiment, we
used graphs composed of 12x15 nodes. Performance evaleatiobe seen in Table 7.1. We
tested different types of graphs to evaluate our method:

e LAAM
Linear Auto-Associative Memories learned separately déisee in Chapter 5.

e Salient Grid Graphs
Grid Graphs defined in this chapter.

e 1-Clustered Grid Graphs
Grid Graphs where nodes’ appearance is not clustered biecaty, but represented only
by 1 cluster.
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e Oriented Grid Graphs

Grid Graphs located only on the region of the face supposeontain salient features.
Examples of Oriented Grid Graphs can be seen on Figure 7.9.

e Fixed Grid Graphs

Grid Graphs where nodes cannot move. This corresponds teitiltion where every
point on the image is salient.

e Naive Grid Graphs
Grid Graphs where nodes can move with maximal displaceriiéig.corresponds to the
situation where no point on the image is salient.

Neighbour
Poses

| ¥
ll -‘l!!

Poses not
X evaluated

Figure 7.8: Example of neighbour head poses. Other posewaconsidered.

Figure 7.9: Example of oriented grid graphs. Graph centersalculated with regard to head
pose
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Method Pan Error| Tilt Error | Pan Class| Tilt Class. | Pan Classl5°
Salient GG 16.2° 16.2° 40.6 % 46.2 % 70.8 %
LAAM 10.1° 15.9° 50.3% 43.9 % 88.8 %
LAAM + 1-Clustered GG| 11.5° 13.5° 44.7 % 45.9 % 80.1 %
LAAM + Oriented GG 10.8° 13.5° 46.8 % 44.8 % 82.1%
LAAM + Fixed GG 12.7° 14.9° 47.1 % 47 % 86.6 %
LAAM + Naive GG 12.2° 13.5° 50.4 % 50.4 % 86.9 %
LAAM + Salient GG 10.7° 12.¢ 50.4 % 47.3% 88.8 %

Table 7.1:Performance evaluation on unknown users with differergsyqf graphs. LAAM and
GG refers respectively to Linear Auto-Associative Mensodaad Grid Graphs. Resolution of
images is 75x100 pixels.

The use of salient grid graphs combined with linear aut@@asive memories provides the
best results and improves the coarse estimation of head Pittsgngle estimation is the most
improved. Coarse-to-Fine head pose estimation resultdeaseen in Table 7.2. Pan and tilt
error per pose can be seen on Figure 7.10. This result shawvs$hé combination of the two
methods works better than using only any one method indaliglWwhen combined, LAAM
and Salient Grid Graphs work as a coarse-to-fine procesg isdghse that a coarse pose estimate
is used to initialise a local search for more precise pose.

Evaluation Measure | LAAM | LAAM + SGG
Pan Average Error 10.08° 10.07°

Tilt Average Error 15.9° 12.6°
Pan Classification® | 50.3 % 50.4 %
Tilt Classification0® | 43.9 % 47.3 %
Pan Classification5° | 88.8 % 88.8 %

Table 7.2:Coarse-to-Fine Head Pose Estimation performance. LAAM $G6 refer respec-
tively to Linear Auto-Associative Memories and SalientdGraphs

Salient grid graphs perform better when using linear agspaiative memories as a prior
classification step. On the one hand, memories are apptejoiadelivering a coarse estimation
of the head pose by recognizing global appearance of thedacan imagette. This coarse
estimation then allows the salient grid graph matching tedstricted to neighbouring poses,
which reduces computational time. Instead of browsing %@msiagrid graphs, no more than 9
salient grid graphs are tested to produce a precise estimptese.
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Figure 7.10: Average error per pose on pan and tilt axis

Salient grid graphs perform better than 1-clustered graghgs. This demonstrates the utility
of modeling changing aspects of facial features locatedeasame place. Hierarchical cluster-
ing is an efficient and simple method to obtain a reliablegspntation of appearance variations
of facial features due to identity.

Salient grid graphs perform better than oriented grid gsaphis result shows that the larger
the region covered by the graph, the better the discrinonabetween neighbour poses. By
placing the grid graph on only a certain region, the locgbldisement of nodes can degrade pose
classification by replacing the nodes at a neighbor poseshwdhegrades the final classification
result. Covering the whole face image region makes it péssomaintain geometric relations
between a certain face region and adjacent regions, whdices misclassification between
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neighboring poses.

Salient grid graphs perform better than fixed grid graphss @lemonstrates the importance
of local displacement of graph nodes. This displacemensé&ul to handle feature location
variation in the face image due to identity changes and ifepealignment.

Salient grid graphs perform better than naive grid graplss fesult shows that by limiting
the local displacement of graph nodes with regard to thdiersay, the matching and discrimi-
nation of head poses is enhanced. Furthermore, as the ispddcement of nodes are limited,
salient grid graph matching is faster than naive grid grajgiticmng. Non-salient facial region
location variations are larger than salient facial regitations, which make salient region
more relevant for head pose determination.

7.4 Comparison with human performance

We have compared the performance of our coarse-to-fineraysitesar auto-associative mem-
ories combined with salient grid graphs, with human perfamge on unknown faces, as de-
scribed in section 6.4.3. From these tables we can see thatethod achieves accuracy sim-
ilar to human abilities. Results are shown in Table 7.3. Agererror per pose is illustrated on
Figure 7.11.

Evaluation Measure| Calibrated Subjects Non-Calibrated SubjectsC-t-F HPS U
Pan Average Error 11.8° 11.9° 10.1°

Tilt Average Error 9.4° 12.6° 12.6°
Pan Classification® 40.7 % 42.4 % 50.3 %
Tilt Classification0® 59 % 48 % 47.2 %

Table 7.3:Performance comparison between humans and our systenk. BRS U refers to
Coarse to Fine head pose estimation system on Unknown @&aiisrated and Non-Calibrated
are defined in Chapter 3.

With an average error of 10.1 degrees and a correct clagsificate of 50.4%, our method
performs significantly better than humans at estimatinggragle, with an average error of 11.9
degrees. The standard deviation of the average error peripdew for the system and high
for humans. The system achieves roughly the same precisidnoht and profile, and higher
precision for intermediate poses. As for humans, minimareran be found at front and profile
poses.

With an average error of 12.6 degrees in tilt, our methodexa¥s a performance comparable
with humans’. The worst tilt angle estimations were obtdiaé extreme poses: +90 and -90
degrees. The reason is that not every subject in the datal@ssable to raise his head up and
down exactly at -90 and +90 degrees. This is due to the vaokeshapes of the face and the
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Figure 7.11: Average error per pose on pan and tilt axis.

neck. Face region normalization also introduces a probléra.height of the neck differs from
one person to another. This provides large variations amifaagettes and can disrupt tilt angle
estimation.

Average error per pose obtained by our system is more honeagesthan the one obtained
by humans. The coarse-to-fine approach performs bettegnéoan on intermediate poses, but
humans perform better at recognizing front and profile podésle our algorithm may be con-
fused with two neighbour front or profile poses, humans seehave an ability to discriminate
between extreme, neutral and other poses. This confirmadthéhfat front and profile poses are
used as key poses by our brain.

This chapter has proposed a new coarse-to-fine method toasthead pose on uncon-
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strained images. Face images are normalized in scale anttglarovide an imagette by a
robust face detector. Face imagettes containing the saateguse are learned through a lin-
ear auto-associative memory and a salient grid graph. Eadbk of the graph can be locally
displaced according to its saliency on the image and is ledbdly a probability density func-
tion of normalized Gaussian receptive field vectors clestdrierarchically. The coarse head
pose estimation process uses the cosine angle of the sodge@nstructed images. A sim-
ple winner-takes-all process is applied to select the hema pvhose memory gives the best
match. The refined estimation process consists in searthengest salient grid graph among
the neighbour head poses found by the coarse estimatioaggoc

Salient grid graphs improve the performance obtained lBalirauto-associative memories
on unknown users. The best improvement occurs for the tidt #8an angle estimation is little
improved, which is due to the fact that the pan informatiocastained in the horizontal asym-
metry of the global appearance of the face image. As gridiggdgave a linear complexity, and
linear auto-associative memories have a quadratic contplexid graphs can take over from
memories on higher resolution images. Example images awrslon Figure 7.12. Further-
more, Gaussian receptive fields are robust to illuminatdrich can provide a solution in cases
where memories fail. We achieve a fully automatic algorifiemhead pose estimation that uses
both global and local appearances of low resolution uncaimgtd single images whose perfor-
mance is comparable to human performance on known and umkasers. This method does
not use any heuristics, manual annotation or prior knowdealy the face and can therefore be
adapted to estimate the pose of configuration of other defblenobjects or to recognize facial
emotions.

Figure 7.12: Example test imagettes of unknown subjectseiteft and their pose representa-
tion on the right. A target located at the center of the cinotiicates the frontal pose.

Head orientation is often used by humans to estimate viswaisf of attention from single
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images. The pan angle is more relevant for their estimatiam the tilt angle. In particular,
front and profile poses are particularly well recognizediliibs degrade for intermediate an-
gles. We develop a new computer vision based system who @i&argeerformance comparable
to human performance on the same data. Furthermore, ouitalgacan provide a better dis-
crimination of intermediate angles. Then, the results iobth by our coarse-to-fine approach
are sufficiently good and well adpated for head orientatgimetion in smart environments, in
order to predict human interactions with objects and people
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Below is a summary of our refined pose estimation algorithm:

Training:
For each group of posés
Initialize a Salient Grid Graph

For each image&;. € k:

Compute its Gaussian Receptive Field response vefiQps( X;) = X @ Goopt
Compute its Saliency Maf(X})
Collect its Gaussian Receptive Field response vectorscatgaph node;
Compute the average Saliency Mapiaf S, = Ca%d(k) >ox, S(Xk)
For each graph node;:

Gather all responses, . (X}) in the feature space
Do a hierarchical clustering on points formed by the respeig,,: (Xy)

Testing:

Given a test imag#’,
Estimate its coarse po$e,.s.

For each group of posésneighbours td.,q;.s.:

For each node; of the Salient Grid Graph of:

~—+

Displace locally the node; at the locatior(z;, y;) with a maximal displacemer
oppositely proportional to its salienclyi(n;) = (1 — Sk(z;,y;)) - ldmax
Select the location with the highest probability:;| k) given L., (Y)

Compute the score of the Salient Grid Grapli:od _; p(n;|k)

Select the clask whose graph obtains the highest scate;,.q = argmaxk(zj p(n;|k))
The refined pose of the imageis &, fined




Chapter 8

Extensions

This chapter presents some extensions of our system. Thpdntgletails the use of linear auto-
associative memories for people detection in video suargk systems. Head pose estimation
on video sequences is developed in the second part. Thephitedf the chapter extends the
use of head orientation estimation to attentional systems.

8.1 Person Modelisation and Classification

This section presents an application of linear auto-aatiwei memories to person and non-
person classification. We propose a simple method workitgnatesolution that requires very
few parameters. Furthermore, this approach inherits gtpmints of appearance based vision:
simplicity and independence from the detection techniyyecompare the performance of our
system with three other statistical algorithms: a struadtudge-based method, using a set of
main human components [144], normalized gradient histogril 18] and a modified version
of the SIFT descriptor [81]. To assess the performance afigods, we use the IST CAVIAR
database.

8.1.1 Related Work

A classic public video-surveillance system requires thiétglto determine if an image region
contains people. Object classification is more difficultdaese it must accomodate changes in
imaging conditions. People detection is much harder dudediigh variation of human ap-
pearance as well as the small size of human region which pte¥ace or hand recognition.
Numerous efficient appearance-based approaches exidbjEmnt@ecognition [117, 41]. How-
ever, such techniques tend to be computationaly expensive.

Video-surveillance systems must run at video-rate andrbgsire a trade-off between pre-
cision and computational time. To speed up the classificasionpler methods have been pro-

Ihttp://homepages.inf.ed.ac.uk/rbf/CAVIAR/caviar.htm

149
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posed. In [44], the authors use only compactness measurputedion region of interest to

classify car, animal or person. This measure is simple mgisee to scale and affine transfor-
mations. Moreover, this method is highly dependant on segatien, which remains a funda-

mental problem. In [5] and [166], the contour is used to mati#brmable shapes of a person.
However, the person must be represented by a closed coAlbtliese methods strongly de-

pend on contour detection or segmentation techniques.

Whereas local approaches such as ridge extraction usestitey properties of neighboor-
hoods of pixels, global approaches use the entire appeaddnie region of interest. Principal
advantages of such approaches are that no landmarks, of mebk be computed, only the
objects must be detected. Global approaches can also haegléow resolution. A popular
method for template matching is PCA, but this approach téméi& sensitive to alignment and
the number of dimensions has to be specified. Neural netsdlagebeen used. However, the
number of cells in hidden layers is chosen arbitrarily. lanauto-associative memories appear
to be well suited for person and non-person classification.

8.1.2 The IST CAVIAR Data

The CAVIAR video surveillance database consists in 24 vislguences composed of approx-
imately 20000 images of people with hand labeled bounding@®ad=ach bounding box is rep-
resented by(x,y, w, h, 8), where(z,y) is the center(w, h) are the width and and the height
andd is the main orientation. Figure 8.1 shows a representati@noain orientation ridge de-
tected in a CAVIAR video sequence. To train non-person megjiove created two sequences of
background from where are taken random imagettes. For, t@stase 14 sequences including
12 other sequences in CAVIAR database and 2 background seggiel he sequences contain
9452 people regions and 4990 non-people regions.

8.1.3 Person classification using linear auto-associativeemories

We adapted linear auto-associative memories to persosifatasion by using the Widrow-Hoff
learning rule [101]. A Bayesian tracker detects the cenftgravity and the main orientation for
each object in the scene. We use this information to cre&g\gilue imagettes normalized in
size and orientation as in section 4.4. As shown on FigurgtBi£normalization step provides
robustness to size, chrominance, alignment and orientatio

The problem is to determine the number of persons in a givagetie. We define this prob-
lem as a classification problem where the classes are deficeding to the number of people.
Imagettes of the same class are used for training an aut@iaige memory using the Widrow-
Hoff correction rule. A connexion matrik/;, is computed for the number of persons k in the
imagette, as shown on figure 8.3. The connexion matrix iaédusing the Widrow-Hoff cor-
rection rule. We obtain two prototypes: one for the 0 perdassand one for the > 1 persons
class. To estimate the number of persons on a given face tteagesimple winner-takes-all
process is employed. We compute the cosine between theesonager and reconstructed
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Figure 8.1: Image of a tracking sequence. The bounding b@pesent the regions of interest
of tracked persons. The line represents the most signifitdge. The position and the orien-
tation of the region interest is computed using the first aambad moments of the difference
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Figure 8.2: The walker image normalization makes featwested roughly at the same position

imagesz,.. The class whose linear auto-associative memory obtaebebt match is selected
(8.1).

ImageClass = argmazx(cos(x, x})) (8.1)

We performed 3 experiments to assess our approach on theABRAdatabase. In the first
one, we trained an auto-associative memory on the class person. A threshold value is
used to determine whether the imagette contains a persontofmthe second experiment,
we add the 0 persons class for training. In the third experimee train 2 auto-associative
memories on classes for 0 persons andifor 1 persons. We compute recall and precision for
each class by varying the size of the imagette.

The recall is defined as the ratio of the number of regionsectiy classified and the total
number of regions:
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Figure 8.3: Training and test process for classes 0 and bipers

Card{ImagesCorrectlyClassified}
Card{Images}

The precision is defined as the ratio of the number of regiameectly classified and the
sum of number of correct detections and the number of falséipes:

Recall =

Card{ImagesCorrectlyClassified}
Card{ImagesCorrectlyClassified} + Card{FalsePositives}

Precision =

8.1.4 Results and discussion

Results of the first experiment in Figure 8.4 show that tragnonly the class 1 person is not
sufficient for reliable classification, even under varias®f the threshold value. This is due

to the fact that imagettes which do not contain people ptesamuniform variations in appear-
ance. Training the 0 person class improves discriminateiween the two classes, as shown in
Figures 8.5 and 8.6: 99% correct classification for the 1@erdass and 68% for the 0 person
class with respectively 95% and 93% precision. By considethen > 1 persons class, we
obtain comparable results: 99% correct classificationtient > 1 person class and 70% for
the 0 person class with respectively 96% and 90% precision.

The lowest score obtained by the 0 person class can be uooéiss follows. The 0 persons
class is created from randomly chosen imagettes from thiegpacnd. Some of these imagettes
contains some elements whose appearances are similaistngeExamples of such elements
are shown on Figure 8.7: information kiosk, a reception daskl a pillar. Imagettes containing
these elements can easily be misclassified as 1 person tesgEherefore the recall for the
0 person class is lower than for the 1 person class. Resslisshlow that varying the size of
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Figure 8.4: Correct classification in the first experience

the normalized imagette does not have much influence on shdtseThus we have elected to
maintain a size of 25x25 pixels. Normalization and clasaiian are done at video-rate. We
believe that this approach is also well-suited to idengtyagnition in video sequences as well
as to the split and merge problem.

8.1.5 Comparison with three statistical methods

Within the CAVIAR project, the PRIMA research group deveddpthree other classification
algorithms for the detection of imagettes containing peophese are the works of A. Negre and
H. Tran [100]. The following subsections briefly presentitmeethods along with application
to person and non-person classification. We then compargettiermance of our system and
systems based on other approaches using the same data set.

Ridge extraction

A ridge appears on an image whenever there is a connectedrsagaf pixels having intensity
values which are higher or lower in the sequence than thaghlneuring the sequence. With
this definition, a ridge can be considered as an approximatiahaxis of an oblong object
such as a road in a satellite image or a blood vein in a medraye. Given a two-dimensional
signal f(z,y), a ridge point is a point at which the signglz, y) presents a local extrema in
one direction. In case of a maximum, it is a positive ridgenpdin case of a minimum, it is
a negative ridge point. These two types of points are redeiweasridge pointsbecause they
have the same nature. Geometry shows that at every pointieéa surface, there are two main
directions corresponding to the largest and smallest tureaf the surface at this point. We
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take the direction corresponding to the largest curvatuaetermine ridge points.

The definition of ridge is general for any signal. An image &iged by a 2-dimensional
function I(z, y). Detecting ridge points in this image consists in detectidge points in the
surface defined by = I(x,y). However, the use of the original image signal is limited to
detecting only points representing structure of one pixedize. In addition, the original signal
is often noisy. To eliminate noise as well as to have feattgpsesenting structures of larger
than one pixel in size, we need to smooth the image by a GaudRidges are detected from
surfaces defined from the smoothed imédde, y; o) = G(x,y; o)« I(x,y) at multi-scale [144].
To perform this, the two main directions of the surface apalhts (x,y) are calculated with the
first and second order derivatives of the smoothed image atle s. The main directions
coincide with the two eigenvectors of the Hessian maiX L.. The Hessian matrix is defined
as:

L., L
VVL — Trr Yy )
( ngy Lyy

We then verify if the normalized Laplacian in the directidrilee eigenvector corresponding
to the largest curvature admits a local extrema. If so, thatps a ridge point. Once all ridge
points are detected, we link neighbour ridge points of teesdirection of eigenvector to build
ridge lines. In the following, ridge lines will be used to repent human parts.

Ridge structures represent a person on an image in a moastwstilway, near human per-
ception. Person detection is perfomed by learning diffecenfigurations of the human silhou-
ette. Each region containing one or more person will be ssreed by a descriptor. At a well
chosen scale, ridges serve to describe a persons’ main exesponding to torso and legs.
An example can be seen on figure 8.8. We see that ridges wedlseqt oblongated structures
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Figure 8.7: Misclassified imagettes

and the topology of a person. As the camera is static in thel@Rwideo sequences, we can
compute the orientation of a person, which helps us to guidktermine torso and legs parts.

A person model is described by 3 main ridges correspondimgetdial axis of his torso and
his legs. There are sometimes no ridges to represent tiedomly one ridge for the leg part.
This happens for example when the observed person weardat Bistrousers of the same
color as the background.

To test the performance of the method, we use the same sexguéorctraining (12 se-
guences) and testing (12 sequences). For each region, d imbdét and then compared with
the 34 person models obtained by K-Means clustering in th@bdse. Each match is carac-
terised by model identification and the dissimilarity meas small value for this measure
indicates that the region is similar in appearance to a perSgure 8.9 shows the result of
person recognition varying according to the probabilitynoh-person occurence

Classification of person and non-person are optimal for aevafa of 0.9. The correspond-
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Znamed

Figure 8.8: Different configurations of a person represerg ridges (blue lines) and blobs
(cyan circles) at scale = 4+/2. A blob is a local extrema of the Laplacian in 4 directions
[101].
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Figure 8.9: Recognition rate and precision for classes &4qreand O persons. The alpha value
is chosen at the maximum of the average recognition rate.

ing recall is equal to 80%. The use of ridges allows us to ddteth the presence of a person
and the configuration of this person in an image region.
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Ridge normalized gradient histograms

Ridge normalized gradient histograms represent a pers@ngdmycipal ridge detected in scale
space and describe this ridge by histogram of Gradient nadmiand orientation. This ap-
proach is similar to those based on Gaussian receptive fieddsgrams [115] and SIFT de-
scriptors [82]. Person model construction is composed ¢é@ss

In the first step, ridge points are detected in scale spacedir to obtain video-rate perfor-
mance, a pyramid algorithm is used to compute the Laplaceages [43] needed to compute
ridges. Ridges are extracted at each scale level as dedanitfee previous section. Ridge lines
are constructed by performing connected component asalyshe(z, y, o) space. Two ridge
points are assimilated to the same ridge line if there ark loatal minima or maxima and their
angle is inferior to a threshold. Each ridge line is cargestiby its centre of gravity weighted
by the absolute value of the normalized Laplacian, its demae matrixC;; and its intrinsic
scaleo,,.

In the second step, we select the most significant ridge ulzing the mean energy of
Laplacian computed at each ridge point. Gradient magnitaute orientation are calculated
at each point belonging to the most significant ridge. The mitade is normalized by the
anisotropic Gaussia@(oy, 7,), whereo; = 24/, A is the highest eigenvalue of the covari-
ance matrixC;; ando, = 0, is the mean intrinsic scale of the ridge line. As a conseqelghcs
normalization gathers information around the central pofrihe main ridge. Gradient orienta-
tion is computed with regard to the main orientatibaf the bounding box. At the construction
of the histogram, a four-point-linear interpolation is dge distribute the value of the gradi-
ent in adjacent cells. This method is needed to avoid boyneféects. To handle intra-class
variations and computational time, person models are aledtusing the K-Means algorithm.
Comparison between two histograms is performed usingythdivergence distance. Person
detection by ridge normalized gradient histograms is eatald the same way as for ridge ex-
traction. Figure 8.1.5 shows the recall and precision byingrthe probability of non-person
occurencey.

Classification of an imagette with person and non-persosseks are optimal for a value
of a of 0.09. The recall is equal to 82%, which is slightly bettean the recall obtained by
ridges in the previous section. This performance is due ¢éonbrmalization of the gradient
using the second derivatives which are especially well tathfp images of persons walking
because of the strong ridge lines. Ridge normalized gratlistograms also have non-person
misclassification problems. Non-persons imagettes simik@ppearance to people are classified
as persons. This method also tends to be sensitive to |dealifation changes and partial
occlusion.

Performance comparison

Table 8.1 shows the performance of 4 human classificatidmtgquaes: the three techniques
presented in the previous sections and one technique usifigdgscriptor computed at the
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Figure 8.10: Recognition rate and precision for classesrdgpeand O person. The alpha value
is chosen at the maximum of the average recognition rate.

most significant interest points detected in the imagetites method uses the same technique
for learning and testing as the second method. We obsertitéar auto-associative memories
performs the best when a O person class is trained.

The statistical descriptor computed over ridge regionsgbetter results than the structural
descriptor. This is explained by the fact that the first mdtbonsiders also one ridge as human
model. Consequently, all regions containing one ridgesckassified as people regions. This
method is not good at recognizing non-person regions. TR& Based method performs worst.
The main reason is that interest points are less stable tdgas for representing elongated
structures that are typical of images of humans.

Person Non-Person

Method Recall | Precision| Recall| Precision
Modified SIFT 77 % 90 % 75 % 51 %
Ridge based Structual Model 80 % 90 % 80 % 70 %
Ridge based Normalized Histogram90 % 93 % 80 % 73 %
Linear Auto-associatives Memorigs 99 % 96 % 70 % 90 %

Table 8.1: Comparison of recognition methods

Linear auto-associative memories appear to be well sudegdrson detection. The rela-
tively poor performance obtained for the O person class s tduthe fact that this class can
contain some elements of the background whose appearaecsisnaar to persons. Recogni-
tion rate and precision are very high for the 1 person clabs method provides invariance to
scale, alignment and orientation. As a global approacbkaliauto-associative memories do not
need to compute a model for persons and runs at video-ratéale to learn a 0 person class
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to be efficient. Ridge-based approaches can be disruptedigiiborhoods of pixels, whereas
linear auto-associative memories are robust to partiaigbs. in the imagette.

We believe that linear auto-associative memories can Bndrd to other vision problems.
Ridge configuration models can be useful for movement esitimabut require specific adap-
tation to other objects. Ridge normalized gradient hisaawg are well-suited for discrimination
of other objects, provided that these objects exhibit agipel ridge. Linear auto-associative
memories only require the detection of a region of interesvork. Furthermore, they contain
very few parameters to tune and may provide good resultefaygnition problems, especially
for people in video sequences.

8.2 Head Pose estimation on video sequences

In this section, we describe results by evaluating the perdmce of head pose prototypes
on video sequences. Head pose prototypes are created uingagduto-associative memories
trained separately in pan and tilt. The use of video sequeimteduces a new data to the task:
the temporal context.

The temporal context can provide a crucial gain of perforoeaas well as a significant
computational time reduction. At a given frameave consider that a face has a head pB&s.
The head pos@(t + 1) at the next frame is expected to be found in neighbouring pofe
P(t). With the use of head pose prototypes, we can restrict relsexdrthe current head pose
to neighbouring poses, as shown in figure 8.11. Especiallypdn angle, instead of computing
the match score for 13 prototypes, we compute only the matotef 5 prototypes, which is
less time consuming.

8.2.1 The IST CHIL Data

The IST CHIL database consists of 10 video sequences of @eopiting with their heads and
their hands. Each sequence contains 1000 frames. All dslgéfer from those of the Pointing
2004 database. Head orientation is tracked continoushygusie head mounted FASTRAK
device from Polhemus Inc [56]. Samples of the database axgrsbn Figure 8.12.

8.2.2 Results and discussion

We trained head pose prototypes separately on the wholeéiipR004 Database using linear
auto-associative memories. We obtained an average er22.6fdegrees in pan. Our system
works at video-rate. Examples of pan angle estimation on$heDatabase can be seen in
Figure 8.13.

Head orientations are labelled continously in the ISL Dasal which increases the mean
error as we have trained discrete head poses. Furtherrherpan angle is sometimes superior
to 90 degrees in both directions. In addition, the face camdokided by arms in the sequences,
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Figure 8.11: Example of expected head poses at next frarher Pbses are not considered.

Figure 8.12: Example images of the ISL Pointing Database

and the subject wears a head mounted device, which disrag#diacking and head pose esti-
mation. Examples of such problematic images are shown amré&ig14.

In case of wrong head pose estimation, the head pose traekeoestuck and may continue
to deliver wrong poses in next frames. The score obtaineddigimmg the prototypes with the
current pimage can be considered as a confidence factor eftimeation. If the best score is
lower than a certain threshold, we consider that the head wasker is lost and we reinitialize

it at the frontal pose.
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Figure 8.13: Pan angle estimation on example images

Figure 8.14: Example of problematic images of the ISL Pambatabase

8.3 Attentional Systems

Head pose is only a part of human attention. The concept ehtath is generally difficult to
define because it comprises visual focus of attention, meditcus of attention as well as cues
about the intention, nature and the implication of the stibjehis task. Such cues can be the use
of the mouse, the frequency of keyboard strokes and othstiegiinteraction devices. Human
attention is also hardly possible to measure preciselyusscthere are no metrics adapted to it,
nor does an unified framework exist.

Informatic systems describing the human attention haventicbeen proposed. These sys-
tems are called attentional systems and aim at evaluatioglgie attention to model social
interactions, detecting privacy violation and evaluatiing disponibilty of the user. The system
proposed by Horvitz [49] models people’s attention withadogies and a set of fixed rules.
More recently, Maisonnasse [85] has proposed an attertsyséem based on a gravitational
model that includes interesting concepts which recovanétin properties. Any sensor can
provide observations for this model, without defining prkmwowledge or specific rules. Head
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pose estimation can serve as an input for this model.

Focus of attention is computed to delimit context boundafte each user and to detect
whether people share the same resources, on the basis opts#ion and the salience of
contextual elements. The focus of a person is defined by tkettin of attention which is the
combination of its external and internal factors. We canaseexample of external and internal
factors on figure 8.15.

N —_—
v Attention(1)

O

Object 2

a(l

Object 1

Figure 8.15: The attention vector objecmtenﬁon(l) is a combination of the external factor

— —

a(1) and the internal factos(1)

The external factor of a person is determined by the atoaatoming from other people,
objects or artefacts which inhabit the environment. It isdzhon a gravitational model simulat-
ing persons’ attraction towards other persons or objectiseisce can be defined on perceptive,
social or situation features.

The internal factor, or intentionality of a person, is detared by the person’s current goal
or current activity, regardless of environment. This faatan be assimilated to the concept
of intentionality. Cues of intentionality of a person areg #xample its current speed, gaze
direction, and especially head pose. The internal factalsis represented by a vector that can
be perceived as an important directed concentration to gcbbduring a task. Only objects
present in the direction of a person’s intentionality aresidered relevant for the person. We
believe head pose estimation could be a good contributiortéationality representation.

The attentional system can be used to detect when someosattagtion to a device and
transgresses privacy. People and objects are trackedivatRRIMA Robust Tracker [12]. The
system detects every entity in the environment and contiegts positions from image to envi-
ronment using an homography. An example of real situationstieir representations through
the attentional model can be seen on figure 8.16. By evatypBople’s focus of attention, the
system can act on window environment and adapt the senadés situation where the user is
[86]. The face tracker described in Chapter 4 could be laedahside the detected body region
to delimit the face region. Head pose estimation can proaidandicator of people’s attention
and privacy violation.
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People Tracking in
an office
environment

People and Objects
Representation in
the Attentional
Model

Figure 8.16: Example of privacy violation on the upper righ&ige. Person 3 is gazing at Person
2's screen [86]
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Chapter 9

Conclusions

Inspired by global and local computer vision approaches haxe investigated a two-stage

coarse-to-fine head orientation estimation based on |eg@arassociative memories and salient
Gaussian receptive field graphs. Training head pose pstirom unconstrained normalized

low resolution face images provides a simple, fast and efficmeans for recovering coarse
head orientation. With this approach, pan and tilt anglelmaitearned separately. Results can
be improved by using grid graphs where each node is repregdayt Gaussian receptive field

vectors. Nodes are displaced locally in a manner that maeassimilarity of appearance while

conserving the spatial order relation encoded in the grejglad pose estimation is refined by
searching for the most visually similar model graph witte heighbouring coarse poses. The
overall performance is comparable to human performance.

9.1 Principal Results

In our experiments with human abilities for head pose estonawe observed an average error
of 11.85% in pan and11.04° in tilt. We discovered an interesting result for estimatthg pan
axis. Humans perform well at recognizing front and profilews, but abilities degrade for
intermediate views. Pan angle appears to be more naturatitnage. Minimum error in pan is
found at O degrees, which corresponds to the frontal posesd hesults tend to show that the
human visual system uses front and profile views as key pasesiggested in [65]. The age of
the subject does not seem to influence human abilities fat pese estimation.

For automatic estimation of head pose, face region imagesamalized in position, scale
and orientation and saved as low resolution imagettes.arinato-associative memories are
used to learn prototypes of head pose images. Such memoeie®ry simple to construct,
require few parameters, and are thus well suited for heahtaiion estimation for both known
and unknown subjects. Prototypes are trained either sighaca together. With an average error
of less thanl0° in pan and tilt angles on known faces, the method has bettfarpence than
neural networks [152], PCA and tensor model [145]. We achaav error ofl0° in pan andl6°

165
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in tilt for unknown subjects. Our method performs well fomgrd poses. Learning to recognize
poses for pan and tilt axis separately provides a signifigaimt of computational time without

loss of performance. Head pose prototypes can be savedstocaefor other applications. Our
coarse head pose estimation algorithm runs at 15 frame®pend, is reliable enough to video
sequences for situations such as man-machine interactime® surveillance and intelligent

environments.

Head orientation estimation can be improved by describaicg images using Gaussian re-
ceptive field responses normalized to intrinsic scale. Ganglerivatives describe the appear-
ance of neighbourhoods of pixels and are an efficient meaosnpute scale and illumination
robust local features. Furthermore, they have interestivariance properties. Face images are
described using low dimensional feature vectors. Detaaticsalient facial regions of the face
is robust to identity and pose can be recovered by analyzgigns that share the same apper-
ance over a limited region. We have found that the saliemféeatures detected by normalized
Gaussian receptive fields were eyes, nose, mouth and fatmucofhese results resemble those
obtained by humans according to the studies of Yarbus [165].

Gaussian receptive field grid graphs refine the pose obtdinedthe coarse estimate sys-
tem. The graph structure describes both neighbourhoodg@lfgppearance and their geometric
relation within the image. Describing each node at intdrssiale and using hierarchical cluster-
ing gives better results. We also found that graphs coveheagvhole face image provide better
performance than graphs applied to only parts of the imabe.ld@rger the region covered by
the graph, the more geometric relation information it cagguFurthermore, setting nodes’ local
maximum displacement according to their saliency provioetser results than having a fixed
value. A node placed at a salient fixation represents songetbievant for the considered pose
and does not need to move significantly from its original tmoa On the other hand, a node
placed at a non-salient location does not represent anyarg@iéeature and can be moved with
a maximal displacement equal to the distance between 2 niodesler to preserve geometric
relation. We obtained a coarse-to-fine head pose estimaiibnl0° in pan andi2° in tilt for
unknown users. Pan angle estimation appear to be contairteé horizontal asymmetry pro-
vided by the global appearance of the face image, whereaasgle estimation requires local
refinement. Our method does not use any heuristics, manoatation or prior knowledge on
the face, provides results comparable to human abilitidsan be adapted to estimate the pose
of configuration of other deformable objects or to recogri@zal emotions.

Head pose estimation on video sequences has been testgdthusitST CHIL Pointing
database. The temporal context provides an important ggweiiformance as well as a signif-
icant computational time reduction. The head pose at thé freaxe is expected to be found
in neighbouring poses of the previous pose. We found an geesaror of22.5° in pan. Our
method can be used on both single images and video sequences.
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9.2 Perspectives

Our two-stage coarse-to-fine head pose estimation systershmavn good performance with
images and video sequences. The first step of the method @nwafize face images in order
to work on imagettes normalized in size and slant angle. Assalt, the computational time is
independant of the size of the source image, but dependé¢héaize of the imagette. However,
the face tracker can also introduce a problem for face noraiadn. The height of the neck
differs from one person to another. This provides high \ames on face imagettes and can
disrupt tilt angle estimation. Besides, as the face trackbased on chrominance detection, it
can sometimes track an image region whose chrominance ilsustmskin chrominance, but is
not the head. It can also include non face skin color regialjecant to the face, for example
when a person has his hands near his face. The raster-scaithatgdeveloped by Peters [109]
can locate the face image region by displacing the wholegmagh without displacing its node
locally. Yet, in order to correctly delimit the face regidhge size of the face in the image must
be known. By enclosing the face tracker and the raster-dgamittams in a closed loop, image
normalization and alignment should be improved. A bettgm@ment can also be obtained by
using a Hough transform on the face ellipse. This approafghhothe advantage of delimiting
the face contour, which could avoid the detection of the raetkof other skin regions.

Following the same idea, salient grid graphs could be useatttermine whether a facial
feature is occluded or not. By removing the contribution ofles representing the occluded
feature, head pose tracking could be enhanced. Anothei@oln this case is to keep only the
result found by linear auto-associative memories, as theyabust to partial occlusions.

Just as we detect salient facial regions as appearancedilotisnsic scales, we could also
describe facial ridges as appearance ridges. A new ridggiggsn method based on Laplacian
energy has recently been demonstrated [144]. Ridges caa aeredges in salient grid graphs.
Combining nodes and edges description may potentiallyowvgface matching and head pose
recovery.

We did not perform an exhaustive evaluation of our systemage fllumination changes.
Linear auto-associative memories are disrupted by gldloahination changes but are robust to
partial illumination changes. On the other hand, Gaussaaptive fields are robust to global
illumination changes but are disrupted by partial illumioa changes. By intergrating these
two methods in a loop, each one can give feedback to the obiwart ats confidence of the
pose estimation. By taking into account this confidence, heeilsl be able to choose the most
apppropriate method to use at a certain situation to estithathead orientation.

Increasing resolution of the normalized face imagette roés precision and can allow
continuous head pose estimation. In our study, only disdnetad orientations were trained
and tested using a winner-takes-all process. We could ctemgauntinuous head pose by inter-
polating discrete poses. Scores obtained on neighbousagd poses provide a good cue for
interpolation.

Recently, a new video sequence benchmark on head pose tstirhas appeared [152].
These sequences are taken from seminar recordings of 4 aanidre speaker’s head orienta-
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tion has been aonnotated manually with eight cardinal toes: north, north-east, east, south-
east, south, south-west, west and north-west. Pose estnadtom 4 different point of views
could be combined to obtain a more precise estimate of the trantation.

As a conclusion, we should not forget that head orientasaniy part of human attention.
The eye fixation direction with regard to the eye contributegaze direction, but this can only
be detected on images of sufficient resolution. However, duattention is also difficult to
define because it comprises visual focus of attention, mediicus of attention as well as cues
about the intention, nature and the implication of the stthjehis task. Systems for estimating
attention are beginning to appear, and head pose estimediorserve as an entry for such
systems [85]. These systems can provide important infoomd@br man machine interaction
and context aware observation of human activity.



Appendix A

Pointing 2004 Head Pose Image Database

To our knowlegde, there are very few public databases proyithages annotated with head
orientation. We wanted to build a reliable database to adseth machine and human perfor-
mance at head pose estimation. Such a database has to contain

e a neutral background
e a wide range of head poses
e a dense sampling of head poses

e images of different people

The Pointing 2004 Database consists in a dense sampling alf aiew sphere of head
poses from different subjects. It can be downloaded for cammercial use from the following
address:

http://wwwwprinma.inrial pes.fr/perso/ Gourier/ Faces/ HPDat abase. ht m

We used a white board as the background in order not to disheptace tracker system
nor human subjects during the head pose estimation taskadsstfacking is an independant
problem which is not the focus of our study, the choice of atevbiackground is legitimate.
On the one hand, this allows all faces to be treated equallyhe other hand, a well suited
segmentation operation can separate the head region f@battkground. Training and testing
are done using this neutral background, but our system captdd an ordinary background
using a good face tracker.

To take images of the same subject in a half view sphere ofspegecould think of pho-
tographing him using a geodesic dome. However, this appreacild consider the human head
as a rigid 3D object, which is not consistent with the heacepstimation problem. Indeed, the
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image of a face taken from a certain view angle is differemtfithe image of the same face ori-
ented with the same angle. An example is shown on figure A.d hliman head is a deformable
object. We thus must take images which really capture @iffehead poses from people. There
exist head mounted devices, such as FASTRAK [56] from Poliseimc., which give the head
orientation of a subject with a precision inferior to 3 dezgeThe main drawback of such sys-
tems is that such devices act like artefacts as they areymgible on the image and thus can
disrupt the pose estimation process.

Figure A.1: On the left image, the person looks straight wsitiead orientation of 45 degrees.
On the right image, he looks straightforward and the imagaken under a view angle of 45
degrees. Images are different, especially in the neck mnegio

Images have been taken in the FAME Platform of the PRIMA TealNRIA Rhone-Alpes
using a Sony CCD Camera. To obtain different poses, we puteram the whole room. Each
marker corresponds to a pose (h,v). Post-its are used asreaikhe whole set of post-its
covers a half-sphere in front of the person, as indicatedguaré A.4. Experimental setup is
shown on figure A.3. To ensure the face is centered on the intlag@erson is asked to adjust
the chair to see the device in front of him. After this initzation phase, we ask the person
to stare successively at the markers, without moving his.eybis second phase only takes a
few minutes. When a subject gazes at a post-it marked (hthpwi moving his eyes, his head
orientation corresponds to the pose (h,v). All images of database are obtained using this
method.

The head pose database consists in 15 sets of images. Eadntehs of 2 series of 93
images of the same person at different orientations. Imagesn PPM format and have a
resolution of 384x288 pixels. The pose varies from -90 degte +90 degrees in pan and tilt
axis. A sample of a serie is shown on figure A.2. There are 18arng pan axis and 9 angles
in tilt axis. In the case when the tilt angle is -90 or +90, tleeson is looking at the bottom or
the top, and then the pan angle is 0. Each serie thereforaiosrit x 13 + 2 x 1 = 93 images.
Here is the sampling of pan and tilt angles used in the P@r004 database:

e Pan:—90°,-75°,—60%,—45°,—30%,—15°,0°,4+15%,4+-30°,+45°,4+60°,4+-75°,+90°
e Tilt: —90°,—60°,—30°,—15°,0°,415°,430°,+60°,4-90°
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Figure A.2: Example of a serie of the Head Pose Image Database

Subjects are male or female of different ages, wear glassestoand have varied skin
colors. The Pointing 2004 Head Pose Image database pravigéiable framework to perform
head pose estimation.
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Figure A.3: Side and top view of image acquisition

Figure A.4: Images from the FAME Platform of the PRIMA TeanmNRIA Rhone-Alpes with
the camera and the markers used for image acquisition
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Statistical Operations

This section details the statistical operations applietthi;ithesis. Primary notions such as ran-
dom variables, expected value, variance and standardieasaare mentionned in the first part.

The concept of unbiased estimator is explicited in the seé@@ttion. The third part explains

the Test of Student-Fisher. This is a well-known test usembtopare performance of groups of
population. The use of the correlation coefficient is illagtd in the last section to determine a
possible connection between two random variables.

Random Variables

A random variableX is a function that associates an unique value with everyooogcof an ex-
periment. The value of a random variable varies from tridlie as the experiment is repeated.
There are two types of random variables: discrete and cootis. A discrete random variable
has an associated probability distribution, whereas aimootis random variable has a proba-
bility density function. A realisation ok is denotedr;. Let N be the number of realisations of
the variableX. We have:

X = (1’1,.1'2, ...,.CL'Nfl,.CL'N)

The expected value of the random variable denotedF (X) or ., is a linear operator
which indicates its average or central value. Stating theeeted value gives a general impres-
sion of the behaviour of some random variable without givinly details of its probability
distribution. The expected value of a discrete random & is defined by:

L
E(X) = p, = NZ@
i=1

There are other useful descriptive measures which affecstiape of the distribution, such
as the variance. The variance of a random variabledenotedV ar(X) or o2, is a positive

173



174 APPENDIX B. STATISTICAL OPERATIONS

number which gives an idea of how widely spread the valuebk@féandom variable are likely
to be. The larger the variance is, the more scattered thenadigms around the average are.
Stating the variance gives an impression of how closely eotrated around the expected value
the distribution is. The square roet. of the variance is called the standard deviation. The
variance of a discrete random variableis given by:

N

2 2 1 2
Var(X) =o0; = E(X — pz)”) = N ;(wz [h)

The covariance measures the extent to which two randomblesavith the same number
of realisations vary together. The covarianceXofandY is denotedCouv(X,Y) or o,,. Its
calculation begins with pairs of; andy;, takes their differences from their mean values and
multiplies these differences together. For instance afgtoduct is positive, these pairs of data
points the values af; andy; will vary together in the same direction from their meanghk
product is negative, they will vary in opposite directiotishe covariance is zero, then the cases
in which the product was positive were offset by those in Whiavas negative, and there is no
linear relationship between the two random variables. &nger the magnitude of the product,
the stronger the connection of the relationship. The cavae is defined as the mean value of

this product:

CovX, ) = 0y = BUX = )Y = ) = 3 (s = ) s — )

Unbiased Estimators

We are interested in an unknown parametef the model. A statistia that is used to estimate
the parameter is called an estimatowofl he error of the statistié is defined as the difference
a — a between the estimator and the parameter. The expectedaofahis error is known as the
bias of the estimator:

Bias(a) = E(a—a)
= E(a) - E(a)
= Ea)—a
The estimator is said to be unbiased if the bias is equal tesCcarresponds to the case in
which the expected value of the estimator is the parameteglastimated:

E(a) =a
A natural estimator for the expected valug of the random variableX is the arithmetic
average of its realisations: /i, = % Zf;l x;. The estimator verifies the condition:
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We compute the expected value of this quantity. By definjtiba variance does not depend
on the mean,, of the data. Thus the expected value of every quantfiig equal to the variance
o2. The termsz; - z; take the shape of covariances. However, the experimentsoasdered
independant, so these covariance terms become null. Wmbbta

@) = S Y B

This estimator is biased. The unbiased estimator for thewees? of the random variable
X is thus:
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The unbiased estimator for the covarianagg of the random variableX” andY” is obtained
using the same method:

. N 1
Ony = N 1w =N _1 Z(%‘ — 1) (Yi — f1y)

Test of Student-Fisher

To determine an interval in which a realisation of a randomalde can be found, we use
hypothesis tests. With a large numb€érof realisations, a random variahké follows a normal
distribution centered on,. We want to know which is the probability that the expected value
of X is in the intervaRe. This problem can be reformulated as follows:

P(llz = pll <€) = a

The interval2e is called the trust interval. It is determined by the conficeethresholdy.
The value 95% forxy is generally used for most statistic problems. In the cds®llows a
normal distribution, the corresponding value tas 1.960,. There are 95% of chances to find
the expected value ok in the interval[y — 1.960,, 1 + 1.960,]. In our experiements, we
consider that we a have a sufficiently large number of ret@disa to apply normal distributions.

Let X andY be two random variables measurable with the same metric. §vié to know
if the a group(zy, x2, ..., zny_1, xy) Of N realisations ofX is significantly better than a group
(y1,Y2, .-, ym—1, yur) Of M realisations of”. The random variable of Student associated to the
differenceX — Y can be estimated by:

T — /lz B /ly
52 | &2
~ tar

The group(zy, zs, ...,xy_1, zn) performs better than the grouw., vo, ..., yar—1, yar) if
T > 1.96. It signifies that for there are at least 95% of chances fovargrealisation ofX
of being better than a given realisation¥of We use the Test of Student-Fisher to compare the
performance of groups of humans and our system.

Correlation Coefficient

The correlation coefficient(X,Y") is frequently used in statistics to determine a possible lin
between two random variables, Y. The covarianceov(X,Y’) measures the correlation that
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may exist betweeX andY . However, to be able to compare a set of data with anotherged n
to normalize the covariance by the product of standard dieviso, - o,. The two random vari-
ables must have the same number of realisations. The dioretzoefficient is then comprised
between -1 and 1. A score of 0 means thatand Y are completely uncorrelated, whereas
a score oft1 means thatX andY are completely correlated. The correlation coefficient is
defined by:

p(X,Y) = cov(X.Y) _ S (s — ) (yi — 1)

VIO \/vazl(xi — pa)? i (i — )?

For our experiments, we use the unbiased estim@t&r Y') of the correlation coefficient,
obtained with the unbiased estimators of the variangesndo, and the covariance,,,:

) Oy
pX,Y) = =

\/ Oz " Oy
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