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Chapitre 1

Introduction

1.1 Parcours Personnel

[’élaboration d’un mémoire d’Habilitation est un événement suffi-
samment rare dans la vie d’un chercheur pour qu’on s’arréte un instant
sur les questions qu’il souléve : le sens qu’on cherche & donner & notre
travail, nos idéaux de la Recherche, nos motivations profondes. Si les
réponses qu’on en retire demeurent en grande partie sur un plan intime,
ce n’est pourtant pas la moindre vertu de cet exercice, ni sa moindre
difficulté.

Je crois que c’est d’abord le gotit de la Modélisation et de la Théorie
qui m’a amené a m’intéresser & 1’Analyse d’Images, aprés une forma-
tion initiale en Maths discrétes et Informatique théorique, percevant
un domaine qui, étant au carrefour de plusieurs disciplines, se préterait
a une grande variété de représentations et modéles. Par la suite, une
expérience de prof de Sciences polyvalent a I’étranger a confirmé mon
gotit marqué pour la multiculturalité et ’éclectisme scientifique.

Avant ma Thése, mon expérience pratique de I'Informatique était
trés faible, et je fus confronté & la programmation SIMD cellulaire des
rétines, au langage C et aux scripts Tcl avec a peu prés la méme ingé-
nuité ; je ne saurai jamais si ce fut un frein ou un avantage. Toujours
est-il que je développai un goiit certain pour les architectures paralléles
et les systémes non standards, qui obligent & revisiter en profondeur
les modéles existants et générent souvent une conception tout-a-fait
nouvelle du probléme abordé.

Aprés ma Thése, je décidai d’intégrer I’équipe de Thierry Bernard
a 'ENSTA, ce qui me permit de continuer & travailler sur les rétines
et d’aller plus loin sur un projet initié au cours de ma Thése. Assez
vite néanmoins ma Recherche s’est progressivement éloignée des ré-
tines, d’une part pour se concentrer plus sur l'algorithmique pure, et
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6 CHAPITRE 1. INTRODUCTION

d’autre part en diversifiant les architectures cibles. Aujourd’hui je me
considére beaucoup plus spécialiste en traitement d’images et algorith-
mique de vision qu’expert en calcul haute performance. Néanmoins je
suis plus que jamais convaincu qu’un systéme de vision doit étre congu
de maniére globale, et que la question du «Comment calculer» ne doit
pas venir apreés celle du «Quoi calculer», mais bien en méme temps.

1.2 Contexte de la Recherche

Par rapport & ce qu’on en espérait il y a 50 ans, la vision des ro-
bots d’aujourd’hui est sans doute décevante car il n’existe toujours pas
de systéme visuel artificiel dont les performances soient comparables a
notre vision biologique quant a sa diversité, ses capacités de généralisa-
tion et d’adaptation. Et pourtant les progrés réalisés dans ce domaine
depuis plusieurs décennies sont considérables, et I'interprétation auto-
matique des images et vidéos a connu de nombreux succés dans des
applications diverses et souvent inattendues du point de vue un peu
anthropomorphique des débuts.

Le contexte actuel est celui d’'un domaine fortement concurrentiel a
la fois sur les plans académique et industriel, et qui a sérieusement péné-
tré le monde de I'Ingénierie. La puissance de calcul disponible sur n’im-
porte quel processeur récent, et la multiplication des bibliothéques et
boites a outils logicielles libres ou commerciales de traitement d’images
permettent méme aux amateurs de construire leur application a un ni-
veau fonctionnel. Au dela du prototypage, cette logique modulaire a du
sens d’un point de vue «évolutionnairey, la sélection d’une brique algo-
rithmique par un utilisateur plus ou moins expérimenté et I’évaluation
de 'application résultante formant le moteur de I’évolution.

Mais cette logique a ses limites, d’abord pour les applications em-
barquées qui exigent une optimisation des performances aussi globale
que possible, mais aussi parce qu’il est indispensable de revisiter les
briques existantes et d’en imaginer de nouvelles de facon permanente,
en particulier dans un contexte ou 1’évolution des architectures sur éta-
gére ne se résume plus & une augmentation de la fréquence d’horloge
et des tailles mémoire, mais affecte le nombre de cceurs, les hiérarchies
mémoire, la topologie, la nature du parallélisme, etc.

1.3 Objectifs et structure du mémoire

Ma recherche vise a améliorer les performances d’'un Systéme de Vi-
sion en le considérant dans son ensemble, depuis le modéle de représen-
tation de 'information visuelle, les algorithmes et les structures de don-
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nées, jusqu’a I'implantation paralléle sur un systéme embarqué. Mon
objectif est d’améliorer ’autonomie des Systémes de Vision, aussi bien
du point de vue énergétique (efficacité), que fonctionnel (robustesse).
Mes contributions ont touché essentiellement au Traitement d’Images
et a la Vision précoce, et se répartissent dans les trois thématiques
suivantes :

Représentation et Traitement des Images : je m’intéresse aux mo-
déles de représentation de 'information visuelle : géométriques,
statistiques, discrets... ainsi qu’aux structures de données et aux
algorithmes de traitement associés.

Mots-clefs : Topologie et distances discrétes, Espaces d’é-
chelles, Espaces de caractéristiques, Filtrage, Segmenta-
tion...

Analyse du Mouvement : je recherche les algorithmes les plus effi-
caces pour extraire d’'une vidéo les informations de mouvement
les plus pertinentes du point de vue de la surveillance ou de la
navigation.

Mots-clefs : Détection de mouvement, Flot optique, Pour-
suite d’objets, détection d’obstacles, caractérisation de
mouvements...

Systémes de Vision Embarqués : je cherche a exploiter de fagcon op-
timale une architecture paralléle en adaptant les algorithmes de
vision a la puissance de calcul et au flux de données disponibles.
Mots-clefs : Rétines Programmables, Multi-coeurs, Pa-
rallélisme vectoriel, GPU.,...

La structure du mémoire est fondée sur cette organisation théma-
tique. Il faut toutefois mentionner que les travaux présentés sont sou-
vent & l'intersection de ces trois poles. La figure 1.1 résume les relations
de dépendance, fonctionnelle ou méthodologique, existant dans les tra-
vaux présentés. J'ai fait apparaitre sur la figure : (1) les mots-clefs
ou contributions principales, (2) une sélection des étudiants encadrés,
(3) mes projets de recherche co-financés passés et actuels. Dans la suite
du rapport, les 3 chapitres suivants forment la synthése des travaux réa-
lisés selon chacun des axes thématiques, le Chapitre 5 développe mon
projet de recherche pour les années a venir.
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FIGURE 1.1 — Structuration du travail de recherche. Les trois poles théma-
tiques correspondent aux trois chapitres de bilan du mémoire. En bleu, les
étudiants encadrés, PhD pour Doctorant, PD pour Post-Doc, Ing pour Ingé-
nieur de Recherche et M pour Master ou Stage de Recherche (dans ce dernier
cas on a fait figurer seulement les étudiants dont le travail a été publié). En
jaune, les projets co-financés.



Chapitre 2

Représentations et Traitements

Ce chapitre est consacré a la partie la plus fondamentale de notre
travail, la représentation de I'information visuelle et les algorithmes de
traitement associés. Mais les modéles et algorithmes proposés ici sont
fortement orientés par les préoccupations plus pratiques des chapitres
suivants. C’est la conception d’un systéme de vision qui sous-tend la
réflexion : on recherche 'efficacité, par 1’économie des calculs et de la
mémoire, et la généricité par la mise en facteur de primitives a vocation
universelle.

L’information visuelle est associée ici & une fonction a support dis-
cret 2d ou nd, et a valeur binaire ou multivaluée. Elle peut concerner
un objet physique, auquel cas les propriétés topologiques et géomé-
triques du support sont souvent plus importantes que les valeurs de
la fonction, ou bien une texture, ot au contraire le support n’a géné-
ralement plus d’importance. Mais un objet peut étre texturé, et une
texture composée d’objets. Dans nos applications de Vidéosurveillance
et de Robotique, on doit également caractériser visuellement des choses
plus diffuses dans le temps et 'espace : surface, piéce, lieu, contexte ;
il est donc nécessaire qu’'un systéme de vision puisse appréhender a
la fois des aspects géométriques locaux et statistiques globaux. Il est
aussi légitime de chercher a construire un continuum entre ces aspects,
continuum dans lequel les mécanismes multiéchelles auront un roéle pri-
mordial pour explorer et sélectionner les niveaux de détail adaptés.

La section 2.1 est dédiée aux squelettes, représentations connexes
d’'un objet binaire fondés sur des critéres topologiques ou métriques.
La section 2.2 est consacrée aux représentations multiéchelles, qui font
le lien dans nos travaux entre les squelettes et les espaces de repré-
sentation. Enfin la section 2.3 présente les espaces de caractéristiques
dédiées a la représentation visuelle générale et les traitements qui en
découlent.
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2.1 Représentations connexes

Dans cette section nous nous intéressons aux fonctions binaires,
ou ensembles discrets. Un squelette représente une forme binaire quel-
conque par une variété de dimension inférieure, qui préserve les pro-
priétés de la forme originale en termes de topologie, géométrie et loca-
lisation. Dans la continuité de nos travaux de thése, nous nous sommes
intéressés aux squelettes multidimensionnels par amincissement effi-
caces, puis nous nous sommes concentrés sur les propriétés métriques
de ces squelettes définis sur des contraintes topologiques. Enfin, nous
avons pris le contre-pied de 'approche précédente en étudiant les sque-
lettes définis de facon purement métrique a partir de transformées en
distance, d’abord d’un point de vue algorithmique pour accélérer leur
calcul, puis d’un point de vue topologique en établissant les conditions
selon lesquels ils préservent la topologie.

2.1.1 Squelettes multidimensionnels

Les squelettes par amincissement sont définis par un algorithme qui
consiste a retirer des points d’un ensemble discret sous des conditions
diverses liées d’abord a la préservation de la topologie, et ensuite a
la forme et au bon centrage du squelette, conditions calculables locale-
ment en chaque point, et aussi indépendantes que possible d’'un point a
I’autre de facon a retirer le maximum de points en paralléle pour accélé-
rer le traitement. Etant donné la multiplicité de contraintes imparfaite-
ment compatibles, beaucoup d’algorithmes différents ont été proposés,
depuis les travaux précurseurs de la fin des années 60 [118, 57, 126]
jusqu’au début des années 2000. La thése de Christophe Lohou [73]
constitue sans doute un des guides les plus complets de ce monde peu
étendu mais extrémement peuplé.

Congu au départ sur un objectif de performance (cf Chap. 4), nous
avons proposé un algorithme de squelettisation par amincissements en-
tiérement paralléles, c’est a dire retirant des points de la frontiére de
I’ensemble de facon simultanée dans toutes les directions cardinales
de l'espace, & partir de la minimisation de ’expression logique des
contraintes liées & : (1) la préservation de la topologie, (2) la conserva-
tion des points terminaux, et (3) la symétrie. Outre ses performances,
et son adéquation particuliére au parallélisme cellulaire, ce squelette
dit MB présente la remarquable propriété de pouvoir étre exprimé en
maille cubique de n’importe quelle dimension : voir Figure 2.1. La pro-
priété de préservation paralléle de la topologie a été prouvée par nos
soins [89] sur les critéres de Ronse en 2d [114], et de Ma en 3d [77].
Elle a aussi été prouvée par Lohou et Bertrand en utilisant le critére
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de P-simplicité de Bertrand [15]. Ces différents critéres expriment des
conditions suffisantes pour qu’un algorithme de suppression paralléle
de points préserve la topologie.

Dimension function Alpha function Beta
1 * —
Ce00
o %
Bo

3d

FIGURE 2.1 — Squelette par amincissement MB nd (dimensions 1 & 3). La
fonction Alpha correspond aux configurations de suppression, et la fonction
Beta aux configurations & préserver. En dessous, exemples de squelettes ob-
tenus en 2d et en 3d.

2.1.2 Meétriques des squelettes par amincissement

Contrastant avec la profusion des travaux sur les aspects topolo-
giques, les propriétés métriques des algorithmes d’amincissement n’ont
pas fait 'objet de beaucoup d’attention. Ces propriétés sont pour-
tant essentielles & la représentation, puisqu’en tant que descripteur de
formes, le squelette se doit de posséder certaine invariance aux trans-
formations euclidiennes, ce qui implique que le résultat final de ’amin-
cissement doit se rapprocher le plus possible de I’axe médian euclidien,
défini par les centres des boules euclidiennes maximales incluses dans
la forme.
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Or, en dépit d’expressions logiques distinctes, et malgré des diffé-
rences d’aspect, principalement sur la régularité, du squelette obtenu,
la géométrie d’un squelette par amincissement n’est globalement due
qu’a un seul facteur : le mode de parallélisme. Ainsi dans la maille
2d carré, les squelettes par amincissement complétement paralléle sont
fondés sur la distance de la 4-connexité car le retrait simultané de points
dans les 4 directions cardinales s’assimile & une érosion conditionnelle
par la boule élémentaire 4-connexe, tandis que les squelettes par amin-
cissement semi-paralléle directionnel sont fondés sur la distance de la
8-connexité car le retrait simultané de points dans une seule direction
cardinale s’assimile & une érosion conditionnelle par un élément structu-
rant de deux points dans une direction cardinale, qui une fois composée
avec l'érosion dans les 3 autres directions, équivaut a une érosion par
la boule élémentaire 8-connexe [88].

N FY P R IR S 2

ALGORITHM Removi diti v g ‘?én HEREHEE Support £

: N ' " ;E %é § E‘; -EE' and size & E.

condition K = E = £|8§ £
MBdirl-8 é .. ’ DIR | 8 ~o | YES| 281 8 (8) | wes
MBdir2-8 é % & -.F -.J DIR | 8  ~ |YES| 76r EE 8(8) | s
MBdirl—4 é r L DIR | 4 | » |YES| 238: T(8) | wes
MBdir2-4 é % § r L DIR 4 ~o | YES| 601 E T(8) | vEs

MBfpI-8

[Eckhardt et al. 93] + .. FP | 8 YES| s
MBjfp2-8 + * f FP 8 | YES| ~o YES
MBfpl-4 @ ) B
[Latecki et al. 95] + .! FP | 4 N e VES

MBfp2—4 1 * ag Fp 4 No No NO

FIGURE 2.2 — La famille d’amincissement MB en 2d avec leurs propriétés
topologiques, métriques, et combinatoires.

Dans le méme esprit de généricité que pour la dimension, nous avons
décliné différentes versions de I'algorithme MB dans les différents modes
de parallélisme [87|, créant une famille d’algorithmes d’amincissement
avec différentes propriétés topologiques et métriques (voir Figure 2.2).
Outre la flexibilité, I’avantage principal est de pouvoir appliquer des
versions hybrides alternant itérations directionnelles et itérations com-
plétement paralléles de facon a se rapprocher d’un axe médian euclidien
en conservant les performances liées au parallélisme massif de ’amin-
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cissement (voir Figure 2.3) .

MBdir2-8

MBhybride2-8

FIGURE 2.3 — La géométrie du squelette complétement paralléle (a droite)
est fondée sur la distance de la 4-connexité, celle du squelette semi-paralléle
(au milieu) sur la distance de la 8-connexité. Le squelette hybride (& droite)
est plus invariant par rotation.

2.1.3 Squelettes multiéchelles par fonction de chocs

Au final les qualités métriques des squelettes par amincissement
pure demeurent médiocres car le squelette MB hybride ne fait qu’ap-
proximer la distance euclidienne a I’aide de boules octogonales [88] qui
gardent un biais pour certaines directions du plan. Un moyen simple
de résoudre ce probléme consiste a calculer une transformée en dis-
tance, fonction qui associe a chaque point de l'objet sa distance au
complémentaire, et & contraindre ’algorithme d’amincissement a reti-
rer les points dans I'ordre induit par la transformée en distance. Cette
contrainte est préjudiciable au parallélisme mais peut s’implanter effi-
cacement en séquentiel, par exemple avec des files d’attente [137].

Cependant il apparait que le calcul de la transformée en distance
induit une forte redondance avec l'algorithme d’amincissement. Nous
avons donc étudié le calcul rapide d’un squelette connexe fondé sur le
calcul de la transformée en distance euclidienne. Nous sommes partis du
principe du squelette euclidien multiéchelles par fonction de chocs défini
par Costa [32]. Le principe de base est simple et élégant : il consiste a
définir en chaque point z du plan une fonction de choc définie comme le
maximum de la distance géodésique le long du contour entre 2 points du
contours a égale distance (euclidienne) de z. Toutefois, la mise en ceuvre
discréte initiale, fondée sur le concept de dilatation exacte, était lourde,
et de plus il n’existait pas de preuve de préservation de la topologie.
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Recherchant une implantation rapide de la transformée euclidienne
exacte, nous avons réalisé une premiére version des squelettes euclidiens
fondée sur 'algorithme de Shih et Wu [124]. Cette version, rapide mais
incorrecte, a permis une double constatation : (1) l'algorithme de Shih
et Wu est faux, et (2) le squelette de Costa ne préserve pas toujours la
topologie. L’explication, connue en fait depuis Danielsson [34], repose
sur le fait que les zones d’influence d’un point (i.e. fournie par le dia-
gramme de Voronoi) associées a la distance euclidienne peuvent ne pas
étre connexes dans la maille carrée (voir Fig. 2.4(1)). Le squelette par
fonction de chocs en vraie distance euclidienne n’est donc pas toujours
connexe, en revanche il I'est forcément lorsque les zones d’influence
d’un point sont connexes (voir Fig. 2.4(2)), ce qui est vrai pour toute
distance discréte associée & un algorithme de transformée par balayage
récursif dans un voisinage 3 x 3.

(1)

FIGURE 2.4 — (1) Le squelette par fonction de chocs fondée sur la vraie
distance euclidienne ne préserve pas toujours la topologie car les zones d’in-
fluence (comme ici celle du point B) ne sont pas toujours connexes. (2) Si
les zones d’influences sont connexes, la fonction de choc est croissante des
extrémités au centre, et donc le squelette multiéchelle préserve la topologie.

Nous avons réalisé une version rapide du squelette multiéchelles
connexe fondée sur 'algorithme de Leymarie et Levine [70]. Cette ver-
sion qui n’est finalement qu'une implantation rapide des squelettes hié-
rarchiques de Voronoi [102], n’a pas été publiée, mais est détaillée dans
un cours sur les applications des transformées en distance, et le code
est disponible avec le logiciel de démonstration qui sert aussi de tutoriel
sur les squelettes multiéchelles :

Logiciel : http://www.ensta-paristech.fr/“manzaner/Softwares/
multiscale_skeleton.tgz

Cours : http://www.ensta-paristech.fr/ “manzaner/Cours/IAD/
AM_Distance.pdf
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2.2 Représentations multiéchelles

Cette section traite des représentations multiéchelles, qui consti-
tuent 'un des principaux fils conducteurs de notre travail, dés nos pre-
miers pas dans la recherche sous la direction de Jean-Michel Jolion [91].
Si nos préoccupations initiales étaient plutot d’ordre combinatoire et
architecturale, nous avons progressivement intégré I'espace d’échelles a
la fois comme élément essentiel d’une représentation visuelle, et comme
mécanisme «naturel» de passage du local au régional.

Beaucoup de variétés d’espaces d’échelles ont été abordées dans
notre travail. Nous mettons ici ’accent sur quelques approches, les plus
originales ou les plus importantes. Nous évoquons d’abord la représen-
tation de forme binaire induite par les squelettes multiéchelles, puis
nous mettons 'accent sur les dérivées multiéchelles, et une utilisation
de ces dérivées dans une catégorie particuliére de transformée de Hough
pour la reconnaissance de formes paramétrées.

2.2.1 Représentations de formes multiéchelles

Les squelettes multiéchelles évoqués dans la section précédente in-
duisent naturellement une représentation multiéchelles connexe d’une
forme binaire, avec la reconstruction de la forme a partir de son sque-
lette & une échelle donnée. Si on note Skx la fonction de choc associée
a la forme X, le squelette d’échelle o est simplement le seuil de niveau
o de la fonction de choc : Sk% = {z;Skx(z) > o}. La reconstruction
de X a ’échelle o est définie par R = U B(z, Fx(z)), avec B(z, p)

z€SkS
la boule de centre z et rayon p et Fy(z) = d(z, X¢) la valeur de la
transformée en distance au point z.
On peut construire explicitement cette représentation multiéchelles

en calculant la carte de reconstruction : Rx(z) = max Skx(z'),
z'€Skl /zeB(z' ,Fx (2'))

de telle sorte que la reconstruction de X a l’échelle ¢ se déduise par
seuillage : R = {z; Rx(z) > o} : voir Figure 2.5.

2.2.2 Dérivées multiéchelles

Les représentations multiéchelles issues de la modélisation ensem-
bliste sont puissantes et variées, mais ne se prétent pas bien a certains
niveaux d’analyse qui sont fondamentaux pour la vision, comme le ni-
veau différentiel (et dans une moindre mesure le niveau fréquentiel).
Dans le modéle différentiel, I'image est considérée comme une fonc-
tion différentiable, et ’analyse est fondée sur une mesure des dérivées
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FIGURE 2.5 — Représentation multiéchelle associé au squelette connexe par
fonction de choc en distance pseudo euclidienne.

partielles locales. C’est le cas pour beaucoup d’algorithmes de vision
précoce tels que détection de contours, segmentation, réhaussement de
contrastes, mais aussi filtrage, superrésolution ou désoccultation, car si
la mesure des dérivées permet bien sir d’estimer le contraste et de sé-
parer des régions ou créer des frontiéres, elle permet aussi de régulariser
et de regrouper, par la prédiction que fournit la formule de Taylor.

Le cadre formel des espaces d’échelles linéaires [72| est le mieux
adapté dans la mesure ol dans une image numérique, une dérivée n’a
de sens qu’a une hypothése de régularité prés, qui correspond a 1’échelle
d’estimation, rendue explicite par la convolution avec la dérivée de
gaussienne correspondante [71] : 17, = 1% %Z;]ai;’ ou G, est la fonction
gaussienne 2d d’écart-type o.

Outre leur intérét immeédiat pour les traitements de bas niveau,
I'estimation des dérivées multiéchelles permet aussi une analyse direc-
tement liée a la géométrie différentielle : directions principales, cour-
bures, etc, que nous avons appliquée dans des problémes divers tels que
la détection de mines (|47], Master D. Florins) ou I'imagerie vasculaire
(Nouveau projet CMCU, Thése A. Kerkeni). La catégorisation locale
par géométrie différentielle est d’ailleurs utilisée pour la représentation
d’objets texturés [29]. D’autre part, des arguments neuroscientifiques
montrent 'importance pour la vision humaine de I'estimation des déri-
vées a plusieurs échelles jusqu’a 'ordre 2 [65]. Cela justifie notre utili-
sation intensive de ces dérivées dans plusieurs travaux récents qui sont
présentés dans la suite du chapitre.
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2.2.3 Transformées de Hough Denses

La transformée de Hough est I'une des techniques les plus anciennes
en Vision par ordinateur [60], et un outil classique pour la détection
de formes paramétrées [39, 8|. Classiquement elle est appliquée sur un
ensemble de points formant I'espace image, selon 'une des approches
duales : (i) la projection many-to-one, qui considére des n-uplets de
I’espace image et sélectionne 'unique point correspondant dans I’es-
pace n-dimensionnel de paramétres, et (ii) Pextrusion one-to-many, qui
pour chaque point de I'espace image trace la surface de dimension n-1
correspondante dans l'espace des paramétres. Il est remarquable que
Iintérét pour ces techniques ne s’est jamais démenti et que de nom-
breuses variations sont encore proposées aujourd’hui |69, 43].

Mais généralement ces algorithmes conservent la forme originale au
sens ot la projection/extrusion (le vote) est appliquée de fagon éparse
sur des contours ou des points d’intérét, en utilisant ’approche one-to-
many (le plus souvent) ou many-to-one (généralement décimée). Il y a
pourtant un intérét fondamental & appliquer le vote de fagon dense (i.e.
tous les pixels votent), et ceci peut étre réalisé en utilisant les dérivées
multiéchelles. Bien que tous les pixels votent, cette méthode est plus
rapide, d’une part parce qu’il n’y a pas de traitement préalable pour
réduire le support du vote (si ce n’est le calcul des dérivées, mais celui-ci
est généralement a la base du calcul des contours ou points d’intérét), et
d’autre part (et surtout) parce que - dans le cas des formes analytiques
- on peut alors calculer une projection one-to-one de ’espace image a
I’espace paramétres.

L’idée d’utiliser les dérivées locales pour accelérer la transformée de
Hough n’est pas nouvelle [103, 122|, mais ces techniques ont été em-
ployées sur des courbes, nécessitant donc une segmentation préalable.
Plus récemment Valenti et Gevers [132] ont proposé un algorithme de
localisation de la pupille fondé sur un mécanisme de vote & partir de
I’estimation de la courbure, mais il réduisent aussi I’ensemble des pixels
votant par segmentation préalable. Nous avons montré dans des travaux
récents [86] qu’il est tout-a-fait pertinent d’appliquer la transformée de
Hough directement dans I'image en niveaux de gris en utilisant les dé-
rivées multiéchelles. Le vote est pondéré en fonction de 'intensité de
la dérivée (norme du gradient & l'ordre 1, norme de Frobenius de la
hessienne a 'ordre 2), elle-méme normalisée selon 'ordre et Iéchelle :
voir Figure 2.6. Nous avons ainsi proposé une transformée de Hough
dense one-to-one fondée sur les dérivées multiéchelles d’ordre 1 pour
les droites, et d’ordre 2 pour les cercles. Nous avons également proposé
une transformée de Hough généralisée dense indexée sur des dérivées
quantifiées multiples.
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=/

(1) (3)

FIGURE 2.6 — Principe de la transformée one-to-one de Hough dense.
(1) Poids des votes a l’ordre 1 (module du gradient), (2) Vote pour la nor-
male (direction du gradient) dans la détection des droites. (3) Poids des votes
a ordre 2 (norme de Frobenius de la matrice hessienne), (4) Vote pour la
position du centre dans la détection de cercles (point dans la direction du
gradient, dans le sens opposé au signe de la courbure et a une distance égale
a l'inverse de la courbure). Pour une meilleure lisibilité, seul un vote sur 16
figure, et si son poids est supérieur & un certain seuil.

2.3 Espaces de Caractéristiques

Nos travaux sur les espaces de caractéristiques trouvent encore une
fois leurs origines dans une volonté de rationalisation fonctionnelle d'un
systéme de vision : quelles doivent étre ses primitives fondamentales et
le coeur de son architecture logicielle ? Notre approche consiste essen-
tiellement a combiner des concepts existant au sein d’'un modéle com-
putationnel cohérent, qu’on cherche a rendre le plus universel possible
a la fois sur un plan horizontal (le systéme doit supporter autant de
traitements différents que possible) que sur un plan vertical (différents
niveaux sémantiques doivent étre abordés sans rupture du modéle).

Nous exploitons donc différentes idées issues de travaux sur la modé-
lisation, la segmentation et la reconnaissance d’objets. Ainsi la décom-
position par bancs de filtres est utilisée depuis longtemps pour extraire
I'information visuelle pertinente en termes de direction, échelle, fré-
quence [49]. Nous I’avons utilisée dans divers travaux et études tels que
la classification de surfaces navigables par modéles d’apparence (|74,
Post-Doc Toby Low), I'imagerie biologique (|40|, Thése Gloria Diaz)
ou la détection d’objets ([85], Projet ITEA2 SPY). Dans d’autres tra-
vaux plus fondamentaux, nous avons étudié 'adaptation automatique
au contexte et/ou a la tache, a partir de mesure ou de sélection de pri-
mitives, ou les bancs de filtres jouaient un role important. C’est le cas
de la Thése de Renaud Barate 9], dont objectif était Papprentissage
automatique de fonction visuelle, modélisée a base d’un vocabulaire
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de primitives mélant traitements d’images, fonctions arithmétiques et
logiques et mesures intégrales locales [11], et d’'une grammaire pour
combiner ces traitements, ainsi qu’une méthode d’optimisation fondée
sur la programmation génétique [10]. Dans le cadre des travaux de Phi-
lippe Guermeur, nous nous sommes intéressés a la description visuelle
de scéne par analyse statistique d’un espace de descripteur local [55].
On peut aussi citer la Thése de Christine Dubreu [36], qui bien que
plus appliquée, a abordé certains concepts nouveaux, tels que les dis-
tances entre distributions sur des espaces de descripteurs locaux pour
la poursuite de cibles [38].

La synthése que nous présentons dans cette section est proche du
modéle théorique de variété de Gabriel Peyré [106] : Uinformation image
est projetée dans un espace de caractéristiques de plus grande dimen-
sion, et forme une variété. Beaucoup de problémes inverses en vision
précoce peuvent s’exprimer par une régularisation de cette variété suivi
d’une rétro-projection de la variété transformée dans l'espace image.
Les différents traitements présentés dans cette section (et dans le cha-
pitre suivants) peuvent étre considérés comme des instances de ce mo-
déle, mais a l'inverse, notre systéme peut également étre vu comme une
extension du modéle de Peyré, dans la mesure ot 'on cherche aussi a
extraire des représentations de plus haut niveau a partir de la structure
géométrique et topologique de la variété.

Notre travail repose aussi sur d’autres techniques telles que la quan-
tification vectorielle des caractéristiques, qui est classique dans des mo-
délisations de textures [117] ou d’objets [31, 44], et la structuration mé-
triques des espaces multidimensionnels, avec les kd-trees [5]. L’espace
de caractéristiques que nous avons utilisé est celui des dérivées multié-
chelles (local jet), qui présente 'avantage de former un espace ou la mé-
trique euclidienne est directement liée & la similarité visuelle [65], et de
fournir par combinaison une large variété d’invariants trés utiles [121].

Notre systéme est donc composé des éléments suivants [83, 84|, voir
le schéma de la figure 2.7 :

— Projection dans I'espace du local jet, espace paramétrable quant &
I'ordre, le nombre d’échelles, le repére cartésien ou local, et muni
de différentes distances ou pseudo-distances.

— Quantification vectorielle pour réduire la taille de ’ensemble de
représentation dans ’espace de caractéristiques et structuration
du dictionnaire résultant en arbre de recherche. Ces deux éléments
sont facultatifs.

— Rétro-projection d’un ensemble de vecteurs de local jet dans I’es-
pace image.

— Analyse métrique et topologique de ’ensemble des caractéris-
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tiques pour une représentation de haut niveau de l'information
visuelle.

S, I
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FIGURE 2.7 — Vue générale du modéle de représentation et de traitement
fondé sur les espaces de caractéristiques.

Nous avons appliqué ce modéle dans trois traitements de bas niveau
fondamentaux : (1) le débruitage par moyennes non locales, (2) l'es-
timation dense de flux optique, et (3) la détection d’objets mobiles
par modélisation de fond statique. Les applications (2) et (3) seront
présentées dans le chapitre suivant ; on résume ici la premiére : 'appli-
cation d’un filtre linéaire de lissage dans l’espace des caractéristiques
correspond a une implantation du filtre de débruitage non local dit NL-
means, proposé par Buades et al [20] et considéré comme 1'état de 1’art
en débruitage d’images. Il s’agit de remplacer la valeur de chaque pixel
par une moyenne pondérée des autres pixels, ot les poids ne dépendent
pas de la distance au pixel considéré comme dans une convolution clas-
sique, mais de la ressemblance visuelle entre les pixels (d’ou le caractére
non local, des pixels ressemblants pouvant étre éloignés dans I'espace
image). Dans notre modéle le filtre NL-means s’exprime simplement en
calculant les poids a partir de la distance dans ’espace du local jet.

Si u et v sont deux vecteurs de local jet w(u,v) le poids relatif (sy-
2

métrique) de u par rapport a v vaut e*dﬂh# ou dr est une distance
dans ’espace du local jet, et h est un paramétre qui dépend du niveau
de bruit. Deux variantes du Local-Jet-NL-Means peuvent étre appli-
quées : (1) portée limitée : la moyenne est calculée dans un voisinage
de chaque pixel I'espace image, et (2) portée infinie : la moyenne est

calculée, pour chaque pixel, dans un voisinage limité du vecteur pro-
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jeté dans l'espace des caractéristiques (voir Figure 2.8). En changeant
la précision de représentation du local jet (et aussi la complexité) se-
lon 'ordre et le nombre d’échelles, le Local-Jet-NL-Means établit une
gradation progressive entre le filtrage tonal, ou bilatéral [129] et le NL-
Means original.

B wEe == B |

NLMeans CatsAvignon Lj1 LR W17.avi 1.00x | 00:06/00:14

(3)

F1GURE 2.8 — Filtrage NL-Means avec calcul des poids en fonction de la
distance dans 'espace du local jet. En haut, le support du calcul : (1) portée
limitée : voisinage dans ’espace image. (2) portée infinie : rétroprojection
dans l'espace image du voisinage dans l'espace du local jet. (3) Application
de la version portée limitée en voisinage spatiotemporel, local jet couleur.

Dans la philosophie du modéle, 'espace de caractéristiques ne doit
pas uniquement servir comme support de traitement de bas niveau,
mais doit aussi fournir des représentations de plus haut niveau de par
la structure méme de ’ensemble. On peut d’abord remarquer que le
dictionnaire lui-méme fourni par la quantification du local jet est une
base de description semblable aux textons ou aux sacs de mots visuels,
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néanmoins dans notre modéle ce type de descripteur est intrinséque-
ment dense, ce qui facilite les statistiques d’ordre supérieur (cooccu-
rence). De facon plus originale, analyse métrique et topologique de
I’ensemble formé par 'information image fournit des descripteurs fon-
dés sur une saillance statistique sans aucun a prior: géométrique, et par
opposition aux techniques connues de points d’intérét [98, 75|, ce prin-
cipe fusionne la détection des structures saillantes et leur description.
Nous proposons deux types de structures saillantes complémentaires
purement fondés sur la géométrie de I'ensemble des caractéristiques :
(1) les structures rares, qui sont la rétroprojection des points isolés
dans Despace des caractéristiques (points dont la distance moyenne
aux k plus proches voisins est la plus grande), et (2) les structures do-
minantes, rétroprojection des modes de 'espace des caractéristiques,
calculés par reconstruction géodésique des clusters (points dont la dis-
tance moyenne aux k plus proches voisins est la plus petite), selon une
méthode inspirée par Burman et Polonik |21]. La figure 2.9 montre un
exemple de ces différentes représentations.

(1)

FIGURE 2.9 — Représentations de niveau supérieur extraites de la structure
métrique ou topologique de I’ensemble des caractéristiques. (1) Etiquettes
issues de la quantification du local jet. (2) Saillance statistique : rétroprojec-
tion des points de local jet isolés. (3) Structures dominantes : rétroprojection
des modes du local jet. La deuxiéme ligne représente un détail agrandi issu
de la premiére.



Chapitre 3

Analyse du Mouvement

Le mouvement a toujours occupé une place majeure dans nos activi-
tés de recherche. On pourrait le justifier de facon purement pragmatiste
par les projets co-financés qui nous ont permis de faire vivre notre re-
cherche jusqu’ici : depuis le cadre applicatif de notre thése CIFRE défini
par Aérospatiale-Missiles, jusqu’au projet ITEA2 SPY actuel (CASSI-
DIAN), en passant par les PEA PATRICIA (MBDA), CALADIOM
(Bertin Technologies), et la convention CIFRE avec CEDIP Infrared
Systems pour la thése de Christine Dubreu, tous ces projets ont en
commun 'analyse d’objets et de scénes mobiles. Il y a cependant une
explication plus profonde qui justifie également la place centrale dé-
diée au mouvement entre les chapitres «Représentations» et «Vision
embarquéey :

— De facon assez évidente, un systéme embarqué est aussi un sys-
téme mobile, capable de traiter 'information rapidement, c¢’est
donc naturellement qu’on aborde le traitement d'un flux video
dynamique, par opposition a une suite de traitements d’images
statiques.

— De facon plus fondamentale, nous croyons que la continuité tem-
porelle permet d’accéder a de nouvelles représentations de I'infor-
mation visuelle, qui peuvent étre plus riches, et qui sont souvent
plus efficaces : une information spatiale fruste intégrée temporel-
lement le long d’une trajectoire peut remplacer avantageusement
un descripteur invariant complexe calculé de fagon éparse.

La perception du mouvement joue un réle majeur dans la vision bio-
logique, y compris dans les systémes visuels les plus sophistiqués, ot
des zones cérébrales se spécialisent dans la perception de certains mou-
vements. Pour la vision artificielle, on distingue habituellement trois
taches de bas niveau fondamentales liées a ’analyse du mouvement :

23
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1. Détection : Il s’agit de déterminer dans chaque image, quels
pixels appartiennent aux objets mobiles par rapport a la scéne,
laquelle est généralement fixe par rapport a la caméra. Le résultat
est donc une image binaire par trame.

2. Poursuite : Il s’agit de localiser dans chaque image la position
d’objets de taille plus ou moins étendue. Le résultat est pour
chaque trame une localisation des objets plus ou moins précise :
coordonnées du centre, rectangles englobants, silhouettes...

3. Estimation : Il s’agit d’estimer la vitesse apparente, i.e. la pro-
jection du vecteur vitesse de chaque point visible sur le plan
image. Le résultat est, pour chaque trame, un champ de vecteur
appelé flux optique, qui peut étre dense ou épars.

Les trois premiéres sections présentent un bilan de nos contribu-
tions pour ces trois opérations de bas niveau; la section 4 traite de la
caractérisation de mouvement : il s’agit de modéliser un mouvement
complexe, et d’extraire dans une vidéo des caractéristiques permettant
de reconnaitre une action ou une activité dont le support s’étend dans
le temps et dans I'espace.

3.1 Deétection

Si 'on peut considérer la détection de mouvement comme un pro-
bléme relativement bien maitrisé aujourd’hui, on ne saurait le qualifier
de résolu, et les limitations des systémes actuels laissent encore un large
champ a la recherche :

— Variations globales de la scéne : la détection ne doit pas étre
sensible & des changements - progressifs ou brutaux - qui affectent
la scéne fixe (conditions météo, changements d’illumination,...).

— Perturbations locales de la scéne : la détection doit ignorer cer-
tains changements locaux naturels ou anodins (par ex. dus aux
effets de la houle, du courant ou du vent sur une surface d’eau,
un arbre, un drapeau...)

— Mouvements radiaux : la détection doit localiser avec précision
un objet mobile quelque soit son mouvement, méme lorsqu’il se
déplace dans la direction de ’axe optique, ce qui occasionne peu
de changement.

Cette section suit une logique chronologique : les premiers travaux
sont fortement influencés par le parallélisme cellulaire des rétines, puis
vient I’estimation »-A, fruit du projet CALADIOM, dont la conception
vient aussi des rétines, mais qui a été implanté avec succés dans une
large gamme d’architectures embarquées (voir Chap. 4). Enfin la der-
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niére partie présente une autre application du systéme a base d’espaces
de caractéristiques, présenté dans le chapitre précédent.

3.1.1 Les débuts

Les premiers travaux aprés la thése sont fortement influencés par
des contraintes de mémoire trés fortes, qui limitent la représentation
a quelques bits par pixel. Les algorithmes proposés, fondés sur une
modélisation markovienne [18, 22|, privilégient le calcul sur la mémoire.
Dans [92] on peut trouver une forme extréme de ce déséquilibre : seule
le changement temporel instantané est calculé (mais pas stocké) en
chaque pixel, mais la puissance de calcul est telle qu’on peut appliquer
a peu de frais un recuit simulé sur un champ de Markov avec des cliques
spatiotemporelles et des étiquettes binaires.

Dans la génération suivante de rétines programmables, la contrainte
de pénurie mémoire se relaxe sensiblement, et on peut envisager de
conserver en chaque pixel des grandeurs issues de statistiques tem-
porelles. C’est le début du PEA CALADIOM, dont 'objectif est le
développement de balises de renseignement a trés longue autonomie
utilisant une rétine programmable comme capteur d’alerte. C’est aussi
la période de la thése de Julien Richefeu [110], consacrée a 'analyse de
mouvement sur systémes a base de rétines programmables.

Lorsque le capteur est fixe, ce qui est le cas pour la plupart des
systémes de détection, il apparait essentiel, pour pouvoir aborder les
difficultés évoquées plus haut, d’estimer la distribution statistique des
valeurs observées localement (en un pixel, ou un bloc de pixels) au
cours du temps, de facon a pouvoir déterminer si la valeur observée a
chaque instant est significative de cette distribution, ou si elle est plus
probablement due a un objet mobile. Ce probléme d’estimation de fond
statique (Background estimation) a fait I'objet d'une abondante littéra-
ture dans les deux derniéres décennies [68, 24, 107|. Certaines méthodes
effectuent une analyse statistique & partir d’un historique de K valeurs
passées du pixel et réalisent la classification de la valeur courante en
Fond/Objet mobile sur des critéres divers : prédiction linéaire [131], es-
timation de densité de probabilité [41, 99|, ou analyse en composantes
principales [104]|. Toutefois le nombre K de valeurs d’historique doit
en général étre grand, rendant ces techniques difficilement applicables
méme sur les nouvelles rétines.

On s’est donc intéressé plus fortement aux techniques récursives,
qui ne conservent en mémoire qu'un nombre réduit d’estimations sta-
tistiques mises & jour a chaque pas de temps. Les estimateurs les plus
couramment utilisés sont la moyenne et la variance d’une distribu-
tion supposée gaussienne [141]. Il est possible d’ajouter des états dy-
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namiques pour améliorer la prédiction dans le cas d’'un fond variant
rapidement [62|. Tl est aussi possible d’étendre I’estimation a des distri-
butions multimodales [125, 109], indispensables pour traiter les chan-
gements liés aux perturbations locales.

Nous avons étudié et comparé 3 opérateurs fondamentaux pour la
détection de mouvement dans les systémes a base de rétines [113], fon-
dés sur des estimateurs M, calculés récursivement a partir des valeurs [;
des pixels : (1) la moyenne récursive, (2) la morphologie oublicuse [112],
et (3) l'estimation 3-A [94]. Le premier est extrémement classique,
c’est le filtre linéaire couramment utilisé dans I'estimation des para-
meétres d’une gaussienne, et qui correspond a 'implantation récursive
d’un filtre exponentiel : M, = M, 1 + (I, — M,_;), avec o €]0,1]
dimensionné a une fréquence (Fig. 3.1(1)).

Recuihe b Siama0Rta e

o @ o 3)

FI1GURE 3.1 — Comparaison des 3 estimateurs récursifs sur une série tempo-
relle (courbe rouge) correspondant & un pixel de fond avec passage d’objet.
(1) Moyenne récursive (en bleu), (2) Morphologie oublieuse (érodé en bleu,
dilaté en rose), (3) Moyenne X-A (en bleu). Le signal de différence est en
vert.

Le deuxiéme opérateur est complétement nouveau, et correspond
a I'estimation récursive des valeurs extrémes lissées exponentiellement
dans le temps : m; = aly + (1 — @) min(ly, my_1), et My = al; + (1 —
a) max (I, M;_1). Ces opérateurs dits respectivement d’érosion et dila-
tation temporelles oublieuses, permettent par différence d’estimer les
amplitudes de variation sur une période de temps déterminée par 1/«
(Fig. 3.1(2)), ce qui est particuliérement adapté aux détections en des-
sous du seuil de discrétisation spatiotemporelle, i.e. objets petits ou
mouvements lents [112|. La morphologie oublieuse peut aussi étre ap-
pliquée dans le domaine spatial, créant ainsi des opérateurs hybrides de
complexité indépendante du rayon de I’élément structurant (déterminé
par 1/a). Ce concept a été utilisé dans l'opérateur de reconstruction
hybride [93], qui constitue une version «softy» de la reconstruction géo-
désique.

Le troisiéme opérateur n’est pas vraiment nouveau, car il est fondé
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sur la vénérable modulation X-A, une technique classique de conver-
sion analogique numérique, a la base de nombreux algorithmes de dis-
crétisation graphique [19], ou tonale [13]. Il semblerait qu’elle n’ait été
employée qu'une fois avant nos travaux comme estimateur de fond sta-
tique, et justifiée comme une approximation du médian temporel [95].
L’estimateur est le suivant : My = M; 4+ H([; — M;_1), ou H(z) = —1
siz < 0et Hz) = +1sixz > 0 (Fig. 3.1(3)). Outre son excellente
adaptation au jeu d’instructions booléen de la rétine [81], nous avons
montré que les performances de I'estimation ¥-A était généralement
meilleure que celles de ses homologues dans le cas unimodal [80, 82].

3.1.2 Estimation X-A

Apres I'implantation sur le capteur CALADIOM, nous nous sommes
intéressés, d’une part a une justification statistique de ’approche, et
d’autre part a une généralisation au cas multimodal. Nous nous sommes
appuyés sur l'estimation récursive d’'une moyenne & partir d’une sé-
rie temporelle fondée sur un modéle multimodal de la distribution,
telle que proposée par Stauffer et Grimson [125] et affinée par Po-
wer et Schoonees [109]. On peut généraliser les estimateurs récursifs
d’ordre 1 évoqués plus haut en utilisant une fonction d’incrément M; =
M;_1 + 0:(1;). Selon Stauffer et Grimson, I'incrément J; ne devrait pas
seulement dépendre de la différence entre la valeur courante I; et I'es-
timateur précédent M;_q, mais aussi de la probabilité d’occurence de
la valeur I, selon la densité estimée f; de la distribution a l'instant ¢,
soit 0¢(1;) o< fi(1) x (It — M;_1). Selon ce modéle, 'estimation X-A est
associée a une distribution unimodale de Zipf-Mandelbrot [145] : voir
Figure 3.2.

Il est peu probable que la loi de Zipf corresponde a quelque réalité
physique pour notre probléme, mais le fait d’établir ce cadre a permis
une meilleure compréhension des liens entre les modéles de distributions
et les estimateurs récursifs. Il a aussi permis la conception d’un algo-
rithme plus fin et plus complet, étant établi que dans le modéle zipfien,
la valeur de l'incrément/décrément dépend de la variance du modéle.
En pratique cependant, il est souhaitable que cette valeur soit toujours
égal au bit de poids faible de la représentation. Nous avons donc pro-
posé, par analogie a l’estimation gaussienne de Power et Schoonees,
un algorithme d’estimation «zipfienne» [82] ou la fréquence de mise
a jour de la moyenne X-A est proportionnelle a la variance, calculée
par estimation >-A des différences & la moyenne. Par la méme analo-
gie, on peut étendre 'estimation a une distribution multimodale, selon
le méme principe que [109]. Nous avons également montré [93] I'inté-
rét d’une estimation multiple au sens de la profondeur temporelle, en
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FIGURE 3.2 - Profils de la fonction d’incrément d;(1;) selon plusieurs modéles
et hypothéses. En abscisse : la valeur de niveau de gris observé, en ordonnée :
la valeur de I'incrément correspondant. (1) Distribution uniforme : fonction
d’incrément affine (moyenne récursive). On voit 2 exemples ou les valeurs
de M; et de « sont différentes. (2) Distribution constante par morceaux :
fonction d’incrément affine discontinue (moyenne récursive avec boucle de
pertinence). (3) Distribution gaussienne : fonction d’incrément dérivée de
gaussienne (estimation gaussienne). On voit 2 exemples ou les valeurs des
moyenne et variance sont différentes. (4) Distribution zipfienne : fonction
d’incrément de forme Heaviside (estimation 3-A). On voit 2 exemples oul les
valeurs des moyenne et variance sont différentes.

calculant pour chaque mode, la moyenne et la variance a différentes
fréquences temporelles (par ex. & court, moyen et long termes).

3.1.3 Consensus dans I’espace des caractéristiques

Lorsque la distribution temporelle du fond devient trés complexe,
le modéle multimodal devient inefficace, et il est souvent plus rentable
d’approcher la distribution par un moyen plus direct. C’est le prin-
cipe des méthodes d’estimation de fond par échantillonnage et consen-
sus [139, 12|, qui consiste & conserver en mémoire un certain nombre
de valeurs prises par chaque pixel, et & comparer la valeur courante a
cet échantillon, pour décider si le pixel appartient au fond ou non.

Dans [84], une des applications du modéle de traitement dans ’es-
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Ficure 3.3 — Modélisation de fond statique par échantillonnage et consensus
dans un dictionnaire de caractéristiques quantifiées.

pace des caractéristiques que nous proposons est une synthése des mé-
thodes d’échantillonnage et consensus, avec les méthodes d’estimation
de fond par quantification vectorielle [64]. C’est en fait une simple adap-
tation de I'algorithme ViBe [12] aux espaces de caractéristiques. Pour
cette application, I'espace des caractéristiques est quantifié, et chaque
pixel est donc associé a un mot du dictionnaire, qu’on suppose déja
construit dans une phase d’initialisation, mais qui peut évoluer dans le
temps. Le principe est le suivant (c¢f Figure 3.3) : Pour chaque pixel,
on modélise I'activité temporelle par un ensemble de M prototypes qui
sont des mots du dictionnaire correspondant a des valeurs passées prises
par le pixel dans I'espace des caractéristiques (phase d’échantillonnage).
La classification du pixel en Fond / Objet mobile est ensuite faite en
choisissant un rayon p > 0 et en comptant le nombre de prototypes qui
sont a une distance inférieure a p de la valeur actuelle du pixel, dans
I'espace des caractéristiques (phase de consensus). Le mot correspon-
dant a la valeur actuelle du pixel remplace ensuite I'un des prototypes
existant (phase de mise a jour).
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[’avantage d’utiliser un espace de caractéristiques est de représenter
en chaque pixel une structure spatiale plus riche que la seule couleur,
ce qui doit rendre la modélisation de fond par échantillonnage plus
robuste. Dans le méme temps, la quantification par un dictionnaire
réduit fortement le colit en mémoire, puisque seul 'index du mot est
codé pour chaque prototype, pas le vecteur caractéristique complet. Ce
qu’on observe dans un fond statique typique est que la majorité des
pixels ne sont représentés que par un ou deux mots différents parmi
leurs M prototypes, tandis que quelques zones de fond complexe (per-
turbations locales), peuvent étre représentées avec beaucoup plus de
mots.

3.2 Poursuite

La poursuite d’objets (cibles) dans une vidéo est encore une problé-
matique ancienne, sur laquelle les acteurs de la défense et de la sécurité
- entre autres - travaillent depuis longtemps, sans étre parvenus a une
solution complétement satisfaisante du point de vue de la robustesse
et de la variété des scénarios. Les principales difficultés de la poursuite
sont les suivantes :

— Variations d’aspect de la cible, dues a : sa déformabilité, son chan-
gement d’échelle, de pose 3d, son ombrage, son occultation par-
tielle ou totale, le bruit, le flou de bougé, etc.

— Complexité potentielle liée a la taille de ’espace de recherche dans
lequel la cible doit étre localisée.

Ces difficultés expliquent la place importante que prend souvent
le filtrage prédictif dans un systéme de poursuite : 'appariement de
descripteurs image par image suffit rarement, on doit estimer de fa-
con temporellement cohérente un ensemble de parameétres décrivant
I’état de la cible (en particulier cinématique), de fagon a, d’une part,
détecter les localisations absurdes dues aux erreurs d’appariement et,
d’autre part, réduire la complexité de la recherche en fournissant une
prédiction correcte de la position attendue. Et comme, contrairement
a la détection, la caméra est généralement mobile, cette estimation /
prédiction s’applique d’abord au mouvement du porteur de la caméra,
ot elle est généralement combinée avec une information odométrique.

Nous avons contribué au PEA PATRICIA, un systéme de pointage
de cible assisté par traitement d’images pour les missiles antichars. Les
difficultés principales étaient liées aux grands mouvements du porteur
lors du délestage, et & 'occultation de la cible par les fumées ou par
le missile lui-méme. Nous avons développé un algorithme fondé sur la
détection robuste de changement aprés recalage rigide du fond [78].
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Un autre investissement significatif dans le domaine de la poursuite
a été fait & 'occasion de la thése de Christine Dubreu [36], en contrat
CIFRE avec CEDIP Infrared Systems (aujourd’hui FLIR ATS), sur les
systémes de télésurveillance infrarouge héliportés. La premiére contri-
bution est algorithmique : elle concerne 'extension des méthodes dites
par centroide aux espaces de caractéristiques. La poursuite par cen-
troide [4] est une méthode fruste mais trés attrayante d’un point de vue
calculatoire car elle supprime le parcours d’un espace de recherche, le
remplagant par un calcul de centre de gravité sur une carte de vraisem-
blance. Cette carte se calcule & partir de 2 histogrammes, 1'un calculé
a l'intérieur de la cible (foreground), 'autre a l'extérieur (background).
La vraisemblance, obtenue pour chaque pixel, dépend du rapport entre
les probabilités empiriques de sa valeur dans la cible d’'une part, et
a l'extérieur de la cible d’autre part. Si 'on calcule ces probabilités
empiriques & partir du seul niveau de gris, la poursuite peut fonction-
ner dans des scénarios relativement simples : vidéos infrarouges avec
cibles chaudes et fond peu texturé. En revanche elle crée trop de fausses
alarmes dans les cas plus complexes, et fonctionne mal en visible. Une
idée simple est de calculer les probabilités a partir des valeurs de plu-
sieurs composantes de I'espaces des caractéristiques, afin de rendre la
poursuite plus robuste, 'information en chaque point intégrant plu-
sieurs échelles et plusieurs ordres de dérivation. Une amélioration des
performances a pu étre mise en évidence sur quelques tests prélimi-
naires [36], mais I'idée reste a développer et a évaluer de fagon plus
poussée.

L’évaluation est justement le théme de la partie la plus académique
du travail de Christine Dubreu, dont ’objectif était de répondre & une
difficulté majeure liée a la conception des systémes de poursuite : com-
ment valider un systéme au regard de critéres opérationnels divers,
compte tenu de la diversité potentielle des scénarios 7 L’évaluation est
un probléme cofiteux et difficile, principalement & cause de I'acquisition
d’une base de données de test, obtenue généralement soit par des cam-
pagnes d’acquisition réelle suivies d’une saisie plus ou moins manuelle
de la vérité terrain, soit en utilisant des vidéos de synthése produites
par une simulation physique sophistiquée.

Or dans le cas de la poursuite (contrairement & la reconnaissance
par exemple), la plupart des critéres opérationnels (par ex. accéléra-
tion du porteur, vitesse et taille de la cible, contraste cible / fond,
etc) définissant le domaine de validité d’un algorithme peuvent étre
simulés trés simplement en utilisant une synthése non photoréaliste.
Nous avons done proposé [37] un nouveau protocole d’évaluation fondé
sur la dérivation d’un ensemble minimal de paramétres formels (par
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opposition aux paramétres physiques de la simulation classique), sta-
tiques ou dynamiques, a partir desquels on peut générer un ensemble de
séquences non photoréalistes (voir Fig. 3.4), permettant d’évaluer un
algorithme de poursuite donné en échantillonnant aussi finement que
voulu l'espace des paramétres opérationnels. On a pu montrer [38] que
ce protocole produisait des résultats d’évaluation proches de ceux obte-
nus sur des séquences réelles, et il a été utilisé pour la définition précise
des domaines de validité de 2 algorithmes avant leur implantation dans
le systéme en vol.

FIGURE 3.4 — Extraits de séquences non photoréalistes (en bas) obtenues
par analyse et synthése de textures [140] sur images réelles (en haut), plus
d’autres parameétres formels, pour I’évaluation exhaustive des algorithmes de
poursuite.

Outre l'intérét en termes de simplification et de réduction du cotit
de la validation, cette évaluation potentiellement exhaustive permet
d’envisager la conception de systémes adaptatifs modulaires : au lieu de
concevoir des algorithmes plus complexes et plus robustes, ces systémes
utiliseraient un ensemble de briques plus simples avec des domaines de
validité différents, mais circonscrits de facon trés précise. Si le systéme
est capable d’estimer dans quelle configuration il se trouve dans I’espace
des critéres opérationnels, I’évaluation correspondante des briques, qui
peut méme étre réalisée a la demande, fournit un mécanisme simple de
sélection.

3.3 Estimation

L’estimation de flux optique est un probléme idéal pour un cher-
cheur car 'un des plus mal posés de la vision précoce : on ne peut
localement estimer la vitesse apparente qu’en présence de frontiéres
(probléme de l'ouverture), mais si ces frontiéres séparent deux objets,
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le flux n’est en général pas correctement défini (probléme des disconti-
nuités). Ces difficultés expliquent la diversité des algorithmes de calcul
de flux optique, qu’on peut néanmoins regrouper en 4 catégories :

— Appariement local : Chaque pixel est apparié au pixel le plus
ressemblant de I'image suivante, obtenu par recherche dans un
domaine spatial restreint. Le champ de vitesse produit est par
nature épars, 'appariement étant ambigu presque partout.

— Différentiel local [76] : La fonctionnelle quadratique d’apparie-
ment est approximée au premier ordre et le vecteur solution est
calculé en résolvant en chaque point un systéme linéaire d’équa-
tions. Le champ de vitesse est également épars, le systéme d’équa-
tions n’étant bien conditionné que pour les points anguleux.

— Différentiel global [59] : L’'image est approximée au premier
ordre, et I’hypothése de constance du niveau de gris dans le temps
implique 1’égalité entre le gradient temporel et le produit scalaire
du gradient spatial avec le vecteur vitesse (équation de contrainte
du flux optique). Le systéme est résolu de maniére globale en
ajoutant une condition de régularité spatiale du flux optique, et
en minimisant une fonction quadratique combinant le terme lié
a ’équation du flux optique, et un terme lié au gradient spatial
du champ de vecteurs vitesse. Le champ produit est dense car
la résolution itérative est telle que chaque pas de l'itération est
appliqué partout avant de passer a l'itération suivante.

— Fréquentiel : On applique a 'image un ensemble de filtres spa-
tiaux de fréquences et d’orientations diverses, et on mesure les
différence de phase obtenues localement d’une image a l'autre
[46], ou bien on convolue les reponses obtenues par une série de
filtre temporels dérivateurs [2], et on déduit la vitesse apparente
des composantes spatiotemporelles fournissant la réponse la plus
élevée. Le champ produit est par nature dense, 'information cor-
rélée en chaque point intégrant des données image sur une portée
spatiale potentiellement grande.

Différentes méthodes de flux optique ont été utilisées comme briques
dans le systéme d’évolution artificielle de la fonction d’évitement d’obs-
tacles développé par Renaud Barate dans sa thése |9, 11|. Ces briques
pouvaient étre associées & d’autres opérateurs locaux (par ex. mesure
du temps avant collision) ou globaux (par ex. somme des normes ou
des orientations dans une région rectangulaire), de telle sorte que cer-
tains algorithmes évolués dans des environnements suffisamment tex-
turés pouvaient étre fondés sur 'estimation de la profondeur relative
par le mouvement, soit de fagon locale pour détecter la présence d'un
obstacle au sol, soit de facon globale pour se centrer dans un couloir
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par équilibrage latéral de flux, a I'instar des abeilles [120].

Plus tard nous nous sommes intéressés a la conception méme des al-
gorithmes de flux optique, en cherchant, d’'une part a obtenir un champ
dense de la facon la plus directe possible en limitant au maximum la
régularisation spatiale du champ de vecteurs, et d’autre part a obtenir
une bonne stabilité temporelle du suivi, en sacrifiant le moins possible
la densité du flux.

3.3.1 Un probléme de plus proche voisin

Du point de vue conceptuel, 'estimation du flux optique est 'une
des applications les plus immédiates du modéle de représentation et
traitement par espaces de caractéristiques présenté au chapitre précé-
dent [84]. Voir Figure 3.5 : chaque point de I'espace image est projeté
dans I'espace des caractéristiques, et on recherche le plus proche voi-
sin de ce vecteur dans ’ensemble des vecteurs caractéristiques associé
a I'image précédente. La rétro-projection du plus proche voisin dans
I’espace image fournit ’appariement.

(1) Projection in

o . the feature space
o fo (2) Nearest neighbour
o % ol search
[ —
a - a
o oo o
a oo @ o
o @ @ Oc: e
a
o a
R o g0
5 ©
o =]
By E

FIGURE 3.5 — Estimation dense de flux optique par calcul du plus proche
voisin dans I’espace des caractéristiques.

A une seule échelle le résultat est rarement exploitable, mais en
utilisant plusieurs échelles, cette méthode fournit une estimation dense
du flux optique, sans aucune régularisation spatiale explicite. Le champ
brut obtenu n’est pas trés précis en termes de localisation, et ignore
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les déplacements des structures trop petites, mais il est globalement
cohérent et fournit un champ lisse grace a la régularisation implicite
que représente le calcul des dérivées multiéchelles (Fig. 3.6), ce en quoi il
se rapproche plus des méthodes fréquentielles évoquées ci-dessus |2, 46]
que des autres catégories.
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Ficure 3.6 — Exemples de flux denses calculés par plus proche voisin.
(1) Scéne statique, objets mobiles rigides. (2) Scéne statique, objets mobiles
déformables. (3) Scéne mobile, mouvements abruptes.

Mais bien qu’élémentaire conceptuellement, cette technique est cot-
teuse & implanter : la recherche du plus proche voisin se fait dans des
kd-trees de grande dimension a la fois en termes de dimensionalité de
I’espace et de nombre de vecteurs, et le nombre de requétes est trés
élevé. Dans le cadre des travaux de Matthieu Garrigues, une version
temps réel de 'algorithme a été implantée sur processeur graphique
(voir Chapitre suivant), en effectuant le calcul du plus proche voisin
dans un voisinage spatiale limité.
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Ficgure 3.7 — Calcul sur GPU du flux optique dans l'espace des caracté-
ristiques avec limitation spatiale de la recherche du plus proche voisin. A
gauche, en rouge : points ayant un indice de confiance élevé (sélection a
posteriori).
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3.3.2 Poursuite semi-dense

La version temps réel du flux optique par plus proche voisin, bien
qu’exploitable dans toute application temps réel ot la densité du champ
est essentielle (voir Fig. 3.7), a révélé certaines limitations de I’ap-
proche, en particulier liées a la portée limitée de la recherche, qui se
traduit par un taux d’erreurs trop élevé dans les grandes zones homo-
génes. Il s’est avéré nécessaire de calculer un indice de confiance local
calculé a posteriori, lié a la distance au plus proche voisin dans I'espace
des caractéristiques. Or malgré le niveau de parallélisme élevé des pro-
cesseurs graphiques, il est finalement apparu qu’un certain niveau de
sélection a priori des points a apparier permettait un gain considérable,
en ignorant une quantité significative de points sur lesquels les résultats
de 'approche sans a priori n’étaient de toutes facons pas satisfaisants.

Nous nous sommes donc dirigés vers une approche différente, dans
le but de calculer un flux optique qui soit a la fois cohérent spatiale-
ment, c’est-a-dire aussi dense que possible, et temporellement, c¢’est-
a-dire assurant un suivi stable et continu dans le temps des points
qui sont appariés. Cet objectif est lié a une exigence de généricité du
projet ITEA2 SPY en cours, qui vise a développer des systémes de télé-
surveillance mobile urbaine utilisant des caméras embarquées dans des
véhicules de sécurité. Etant donné le nombre élevé de scénarios d’usage,
et les contraintes d’embarquement du systéme de vision, il est vital de
disposer de primitives de bas niveau qui soient les plus polyvalentes
possibles. En 'occurence, la poursuite semi-dense congue dans ce cadre
doit permettre a la fois d’obtenir un flux optique suffisamment dense
pour extraire de facon fiable les informations géométriques utiles a la
stabilisation, ’estimation de profondeur, ou 'odométrie visuelle. Elle
doit aussi permettre d’extraire les trajectoires de points de maniére a
pouvoir aborder la reconnaissance d’actions ou d’activités complexes.

La poursuite semi-dense de Matthieu Garrigues [51], est fondée sur
une sélection la moins discriminante possible. Le principe est de n’élimi-
ner que les points dont 'appariemment sera forcément ambigu. Partant
de 'hypothése que les points non appariables sont ceux au voisinage
desquels, pour toutes les échelles de recherche, il existe une direction
le long de laquelle le niveau de gris varie linéairement, la fonction de
saillance calcule le maximum sur toutes les échelles de la déviation
minimum par rapport a la linéarité dans toutes les directions. Ces me-
sures étant échantillonnées sur plusieurs cercles discrets concentriques,
la fonction s’apparente a celle du détecteur de coin FAST [116], qui
est d’ailleurs plus rapide mais qui fournit nettement moins de points.
Les maxima locaux de la fonction de saillance forment les nouvelles
particules candidates.
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FIGURE 3.8 — Poursuite semi dense pour 3 types de mouvement : (a) Ca-
méra statique, objets mobiles; (b) Travelling circulaire, objets statiques;
(¢) Zoom avant, objets mobiles. Ligne 1 : Fonction de saillance (sélection a
priori). Ligne 2 : Trame courante avec les particules les plus agées. Ligne 3 :
Trajectoires des particules les plus agées. Ligne 4 : Flux optique semi-dense
reconstruit.

Dans une autre phase indépendante, les particules existantes sont
localisées dans la trame courante. Chaque particule porte un certain
nombre d’états relatifs & son apparence visuelle, sa vitesse, son age.
La localisation se fait par une phase d’appariement multiéchelles, dont
la particularité est d’estimer 1'accélération dominante due aux mou-
vements brusques du porteur, de fagon a améliorer la prédiction sur
la position des particules et augmenter leur durée de vie. Les parti-
cules sont éliminées si leur score d’appariement est trop faible ou si
leur vitesse dévie trop par rapport a la vitesse des particules spatiale-
ment proches. Cet algorithme permet d’obtenir des trajectoires fiables
comme les techniques classiques de poursuite [128], tout en permettant
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une reconstruction semi-dense du flux optique grace & un nombre de
points significativement plus élevé : voir la figure 3.8. Ce travail est
tres proche dans ses objectifs du systéme Particle Video de Sand et
Teller [119], mais dans notre cas le calcul est beaucoup plus rapide,
principalement grace au fait qu’il n’y a pas de régularisation spatiale
explicite, laquelle nécessite dans [119], d’une part, une triangulation de
Delaunay pour définir la topologie spatiale des particules éparses et,
d’autre part, une optimisation globale itérative, qui limitent fortement
la parallélisation. Au contraire, notre approche est pour ’essentiel mas-
sivement paralléle, la seule régularisation spatiale explicite étant 1’éli-
mination des particules déviantes, dont le calcul reste purement local.

3.4 Caractérisation

Nos travaux sur la caractérisation de mouvements complexes sont
liés & une tache de niveau sémantique sensiblement plus élevé que ce
qui précéde, la reconnaissance d’actions ou d’activités complexes. Gé-
néralement une action se référe a un seul objet ou personne, et une
activité a plusieurs objets en interaction, mais dans tous les cas, 'in-
formation image a traiter posséde une certaine étendue a la fois dans
I’espace et dans le temps. La reconnaissance d’actions est une théma-
tique qui concentre beaucoup d’efforts de la recherche en vision depuis
une dizaine d’années [108, 3|, étant une tache fondamentale & la base
de nombreuses applications différentes : vidéosurveillance, indexation
de documents vidéo, réalité augmentée, jeux vidéo, interaction humain-
robot... Les principales difficultés sont :

— la grande variabilité liée & la taille, la pose, la direction, et I'ap-

parence visuelle des protagonistes.

— la localisation temporelle, i.e. I'identification de la phase d’une

action complexe de durée inconnue.
On peut distinguer les nombreuses méthodes proposées en trois caté-
gories selon la nature du descripteur de mouvement :

1. silhouette : Le mouvement est interprété en fonction des varia-
tions de forme de la silhouette binaire de I’objet mobile obtenu
par détection de mouvement [53].

2. descripteur spatiotemporel : Le mouvement est détecté et dé-
crit comme une structure saillante spatiotemporelle obtenue sou-
vent par généralisation d’un détecteur spatial aux volumes espace
X temps [63].

3. flux optique : Le mouvement est décrit & partir des champs
de vitesses apparents mesurés dans le volume espace X temps
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considéré [144].

Nous nous intéressons aux problémes de la modélisation d’action
complexe, de la classification d’actions sur vidéos courtes, et de la re-
connaissance d’actions dans un flux vidéo sans limite temporelle. Ces
travaux récents sont liés a deux cadres clairement distincts sans étre
complétement indépendants : (1) la thése de Fabio Martinez sur la ca-
ractérisation du mouvement biologique anormal, et (2) le projet SPY
de vidéosurveillance urbaine mobile, dont certains scénarios demandent
des capacités de reconnaissance d’actions complexes et d’activités, prin-
cipalement humaines. La variété des types de mouvements qu’on peut
rencontrer, a la fois dans les applications biologiques et en télésur-
veillance, nous ont conduits & rechercher des descripteurs qui soient le
plus indépendants possible de 'apparence visuelle, et qui puissent éga-

lement se généraliser a des contextes ot la caméra est mobile, typique
du projet SPY.

(a) To get into a car (b) To leave an object (c) To run (d) To walk

FIGURE 3.9 — Descripteurs d’actions par statistiques spatiotemporelles
d’orientation des vitesses instantanées calculés & partir d’'un flux optique
dense, pour 4 actions tirées de la base ViSOR [7]. L’utilisation de différents
supports temporels dans le descripteur permet par exemple de distinguer les
actions périodiques des actions apériodiques.

Nous avons ainsi proposé [23| un descripteur fondé sur le flux op-
tique : dans l'esprit du détecteur HOG [33], on construit pour chaque
trame un histogramme des orientations du flux optique, ou l'orienta-
tion est quantifiée sur 16 ou 32 valeurs, et les effectifs sont pondérés
par la norme de la vitesse. Cette partie «instantanée» du descripteur
est trés proche du détecteur HOOF [25], mais sans la symétrie ver-
ticale. Le descripteur d’action est ensuite construit en calculant pour
chaque orientation un certain nombre de statistiques temporelles : va-
leurs extrémes, moyenne, variance... Ces statistiques sont calculées de
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maniére concurrente a plusieurs échelles temporelles, permettant d’in-
tégrer les différentes phases d’une action complexe. Le descripteur a
été évalué dans une tache de classification sur séquences courtes sur les

bases publiques Weizmann [53] et ViSOR [7].



Chapitre 4

Vision Haute Performance

Jusqu’au début des années 2000, la programmation paralléle avait
un cOté un peu ingrat : les performances obtenues sur une architecture
exotique et cotiteuse grace a des innovations majeures et au prix de plu-
sieurs années de travail, ne seraient-elle pas bientot celles qu’un geek
inculte tirerait de son CPU acheté en solde a Montgallet 7 Mais depuis
10 ans, une tendance nouvelle a changé la donne [127] : la fréquence
d’horloge a décroché de la loi de Moore. Si la capacité d’intégration
des microprocesseurs va sans doute continuer de croitre de fagon ex-
ponentielle pendant quelques années encore, le nombre d’instructions
élémentaires réalisées par seconde sur les registres d’une unité de cal-
cul n’a guére augmenté depuis 2004. L’augmentation de la puissance
de calcul des processeurs courants ne vient donc plus du fait qu’ils cal-
culent la méme chose plus vite, mais du fait que (1) de plus en plus
d’unités travaillent en paralléle, et que (2) le flux de données entre uni-
tés de calcul et unités de stockage est amélioré par les hiérarchies de
mémoire cache de plus en plus sophistiquées. La premiére conséquence
est qu’on ne peut plus compter sur 'augmentation prochaine de la fré-
quence pour implanter un algorithme existant trop lourd. La seconde
est qu’il faut prendre en compte dés la conception de ’algorithme le
mode et le niveau de parallélisme, ainsi que les flux de données associés.

Les difficultés induites sont nombreuses, non seulement parce que
certains algorithmes ne se parallélisent pas facilement, mais parce que
chaque type de parallélisme, chaque niveau de découpage des taches,
chaque topologie de communication entre unités de calcul peut impli-
quer une remise en question profonde de l'algorithme. Quant a 'aug-
mentation du nombre de hiérarchies mémoire, elle induit d’importantes
non linéarités des performances vis-a-vis de nombreux parameétres, ce
qui complique encore 'optimisation. Le développement d’une applica-
tion tirant pleinement parti d’'une plateforme standard est donc aujour-

41
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d’hui plus difficile. A fortiori, 'implantation d’un algorithme sur une
plateforme de calcul haute performance (HPC) oblige a se contraindre
aux propriétés de chaque architecture.

Un parti pris fort de nos recherches est que ces contraintes ne
doivent pas étre considérées comme un carcan réducteur conduisant
a des simplifications et a un appauvrissement algorithmique, mais au
contraire comme une source d’inspiration pour repenser un algorithme
en profondeur et peut-étre aboutir a des idées nouvelles de portée plus
générale. En ceci 'immersion dans I'univers un peu aride des rétines
programmables a clairement été un bénéfice, non seulement par les al-
gorithmes nouveaux qui en sont sortis ', mais aussi a plus long terme,
sur la maniére d’aborder la Vision Haute Performance.

Ce chapitre comprend trois sections. La premiére est dédiée aux
rétines programmables et a la minimisation logique. La seconde est
centrée sur les aspects liées & la mémoire et a 'arithmétique sous
contraintes, qui concernent a la fois les derniéres générations de ré-
tines et le parallélisme vectoriel. La troisiéme enfin résume nos expé-
riences plus récentes avec diverses architectures sur étagéres (COTS,
pour Commercial off-the-shelf), et la confrontation de nos algorithmes
avec différents modes de calcul.

4.1 Symphonie pour porte NAND

Les rétines programmables sont le fruit d’une volonté de réduire
a l'extréme la consommation d’énergie d’un systéme de vision sans
sacrifier la généricité. Ce sont a la fois des caméras CMOS et des ma-
chines massivement paralléles, qui traitent le flux vidéo directement
dans le plan focal et ne transmettent pas d’images, mais des descrip-
teurs évolués qui seront analysés par un processeur externe chargé des
traitements de plus haut niveau. Outre le parallélisme massif, c’est la
parcimonie extréme de la mémoire numérique (quelques bits par pixel /
processeur) qui caractérise 1’algorithmique des rétines programmables.
C’est le concept des TCL [143] (Traitements Combinatoires Locaux)
qui domine les premiéres réalisations [14], i.e. la combinaison d’opéra-
teurs booléens locaux sur des images ot le niveau de gris peut étre codé
par modulation spatiale de valeurs binaires (codage demi-teinte). Dans
les générations suivantes [105], le concept NSIP (Near Sensor Image
Processing) [48] permet de traiter en chaque pixel des niveaux de gris
en modulant - dans le temps cette fois - les traitements booléens sur

1. Algorithmes dont l'intérét a été reconnu au deld des rétines : les squelettes MB
cumulent plus de 150 citations sur 5 articles depuis 1999, et 'estimation >-A plus de 100
citations sur 2 articles depuis 2004.
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des ensembles de niveau de 1'image pendant son acquisition.

L’architecture des systémes a base de rétine programmable sur les-
quels nous avons travaillé est représentée sur la Figure 4.1 : la rétine
elle-méme est une grille de processeurs a entrée optique interconnec-
tée par une maille 4-connexe réguliére. Les processeurs appliquent une
suite d’instructions SIMD qui leur est envoyée par le controleur. Le
processeur externe échange des données avec la rétine, détermine dy-
namiquement le programme envoyé¢ par le controleur a la rétine, et se
charge des calculs de plus haut niveau. Chaque processeur de la rétine
se compose de : (1) un photorécepteur, (2) un convertisseur analogique-
numérique, (3) de la mémoire numérique, et (4) une unité booléenne,
qui peut lire deux bits de sa mémoire numérique ou de celle de ses
voisins, réaliser une opération élémentaire (ex : NAND) et écrire le ré-
sultat sur un bit de sa mémoire. Il est important de comprendre que
les quelques bits de la mémoire numérique sont utilisés a la fois comme
mémoire de données (telle une RAM), comme mémoire de calcul (tels
les registres d’'une ALU), et comme mémoire de transit pour stocker
un résultat intermédiaire utilisé plusieurs fois (tel un cache).
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FiGURE 4.1 — La rétine programmable Puvlsar 34, et I’architecture d’un sys-
téme Rétine-Cortex.

Une composante importante de I'algorithmique des rétines numé-
riques est donc la minimisation logique : comment décomposer telle
fonction booléenne de fagon optimale étant donné le nombre de bits de
mémoire a disposition ? Puisqu’une fonction se calcule en chaque pixel
par une séquence d’opérations booléennes entre deux bits, 'objectif est
donc de réduire au maximum le nombre de ces opérations, qui forment
les neeuds de la représentation graphique d’un opérateur de rétine (voir



44 CHAPITRE 4. VISION HAUTE PERFORMANCE

Figure 4.2). Un mécanisme fondamental de réduction est la décompo-
sition spatiale : grace au parallélisme, on peut calculer des fonctions de
grand support par une composition de plusieurs fonctions de supports
plus petits, ce qui réduit significativement le nombre d’opérations. Tous
les algorithmes d’amincissement de la famille MB-2d [87] peuvent ainsi
se calculer avec quelques bits de mémoire pour un nombre d’opérations
élémentaires entre 16 et 60 par itération. Grace a la décomposition
spatiale qui correspond ici & la factorisation de quelques configurations
géométriques (voir Figure 4.2), le nombre total d’opérations élémen-
taires peut étre dans certains cas réduit jusqu’a devenir inférieur au
nombre d’opérandes de la fonction booléenne résultante.

VT MBfpi-8

V) MBfp2-8

FIGURE 4.2 — Opérateurs rétiniens de squelettisation MB complétement pa-
ralléles en 8-connexité : on a mis en évidence la décomposition spatiale par
factorisation de configurations géométriques.

Avec la possibilité de traiter les ensembles de niveau durant 'ac-
quisition, les rétines numériques ont accédé au traitement en niveau de
gris. Les applications les plus immédiates sont les opérations morpho-
logiques de base, puisque c’est exactement sur ce principe ensembliste
qu’est fondée la morphologie mathématique : opérations croissantes
bien str (érosion, dilatation, filtres morphologiques...) mais aussi opé-
rations résiduelles (gradients, laplaciens, top-hat...). On peut générali-
ser ce principe a des opérateurs plus sophistiqués, comme la fonction
de saillance morphologique pour le calcul des points d’intérét [111],
égale au produit de la norme du gradient par la courbure de I'isophote,
approximé en comptant le nombre de fois qu'un pixel appartient a
une extrémité de 'endosquelette 8-connexe (courbure négative) ou de
’exosquelette 4-connexe (coubure positive), pour tous les ensembles de
niveau (Thése de Julien Richefeu).
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Un élément important du traitement par ensembles de niveau est
qu’on peut travailler avec une précision tonale beaucoup plus impor-
tante que le nombre de bits dont on dispose, en séquentialisant les
traitements. Un exemple typique est le filtrage de dynamique que nous
avons proposé pour le calcul de la ligne de partage des eaux (LPE) sur
une rétine [79], qui consiste a fusionner les résultats de 2 LPE sur la
méme image vue selon 2 quantifications tonales (et donc 2 échantillon-
nages temporels des ensembles de niveau) en opposition de phase. Un
autre exemple significatif est la détection de contours large dynamique
réalisée en cumulant les contours de plusieurs images obtenues dans des
plages d’acquisition différentes [101], pour éviter les phénoménes de sa-
turation typiques des images a trés grande dynamique d’illumination
(Stage de Master de Paul Nadrag).

4.2 Et pour quelques bits de plus

Dans les derniéres générations de rétines, la pénurie mémoire se
relativise : on passe de 5 bits & 48 bits de mémoire par pixel. Le pro-
grammeur ému voit un nouveau monde s’ouvrir a lui : 'Arithmétique !
Meéme si le jeu d’instruction est toujours réduit peu ou prou a la porte
NAND, la possibilité de stocker des données conduit & développer des
routines arithmétiques bit-série (voir Figure 4.3) et une bibliothéque
de fonctions optimisées pour Parithmétique a virgule fixe [90]. C’est
dans ce contexte que se fait I'implantation sur le circuit Pulsar 34 des
différents algorithmes de détection de mouvement par estimation de
fond statique évoqués au chapitre précédent [113].

a,
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F1GURE 4.3 — Une routine bit-série typique : le full adder logiciel.

Parmi ces algorithmes, 'estimation >-A est celle qui réalise le meil-
leur compromis entre nombre d’instructions et parcimonie de la mé-
moire de données. En effet, elle ne comporte aucune approximation
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lite a la troncature, ses seules opérations sont I'incrément / décré-
ment élémentaire et la comparaison, qui s’appliquent en arithmétique
de n’importe quelle taille, sans augmenter le besoin en précision. Méme
la version «zipfienne», qui modifie la valeur de 'incrément en fonction
de la variance [82], garde exactement le méme jeu d’instructions et la
méme complexité, puisque la mise a jour de la moyenne est seulement
masquée en fonction des bits de la variance, de telle sorte que la valeur
moyenne de I'incrément soit effectivement proportionnelle & la variance
(voir Figure 4.4).

FIGQURE 4.4 — Version zipfienne de I'estimation 3-A : la complexité est trans-
férée au controle (conditions des mises & jour symbolisées par les losanges
rouges).

C’est, donc I'estimation X-A qui a été implantée sur le prototype de
CALADIOM construit par Bertin Technologies (voir Figure 4.5). La
soustraction de fond temporelle est associée a une régularisation spa-
tiale morphologique (filtre alterné séquentiel), et I'information extraite
de la rétine est I’ensemble des coordonnées de boites englobantes des
objets mobiles détectés. Ce calcul est fait par interaction entre la rétine
et son séquenceur ? : nous avons adapté un algorithme d’étiquetage de
composantes connexes séquentiel en une passe [115] en 'optimisant a
la lecture paralléle d’un bloc de pixels en sortie de rétine et au codage
par plages (Stage de Master de Yahya Ould Isselmou, avec des contri-
butions de Nicolas Burrus). Les coordonnées de boites englobantes sont
ensuite transmises au processeur hote®, qui se charge de 'association de
données et du pistage (Traitements réalisés par Bertin Technologies).

2. Processeur Nios, coeur IP synthétisable sur FPGA de la société Altera.
3. Processeur ARM, cceur hardware dans le circuit Ezcalibur d’ Altera.
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FiGURE 4.5 — Le capteur de réveil du CALADIOM nu et habillé, par Bertin
Technologies.

Au dela des rétines, 'arithmétique fixe permet aussi de tirer le
meilleur parti du parallélisme vectoriel dit SWAR (SIMD within a regis-
ter [45]). Ce parallélisme interne au processeur, qui existe sur les proces-
seurs grand public Intel, AMD ou PowerPC depuis le milieu des années
90, a été développé pour les besoins des applications multimédias. Il
consiste en 'application d’un jeu d’instructions vectorielles appliquées
sur des registres de grande taille segmentés, par exemple un registre de
128 bits peut représenter seize entiers de 8 bits, huit entiers de 16 bits,
etc, de telle sorte qu'une seule opération sur un grand registre traite
autant de données en paralléle (Voir un exemple sur la figure 4.6). Nous
avons ainsi réalisé une implantation SWAR d’un détecteur de visage
combinant morphologie et soustraction de fond statique [136] sur pro-
cesseur G5 avec le jeu d’instructions Altivec [35] (Projet de Recherche
d’Olivier Vermeulen). Nous avons également implanté la détection de
mouvement par estimation zipfienne [82] sur processeur Intel avec les
instructions vectorielles SSE2 [26].

It Bt-1
‘206‘217‘161‘18‘ ‘15‘207‘206‘214|

M = vec_max(It,Bt-1) m = vec_min(It,Bt-1) Sg = vec_cmpgt(ItBt-1)
‘206‘217‘206‘214‘ ‘15‘207‘161‘18‘ ‘255‘255‘0‘0‘

Dt = vec_sub(M,m)
aDt = vec_sr(Dt,2)
191| 10 | 45 | 196
o]z [n]e] &2
Dt=[It - B—1]
B+ = vec_add(Bt-1,aDt) B- = vec_sub(Bt-1,aDt)
‘62‘209‘217|7‘ ‘224‘205|195‘165|

Bt = vec_sel(B—B+Sg)

N L CO O KT I

FIGURE 4.6 — Estimation vectorielle de fond par moyenne récursive.
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4.3 Dans la jungle des COTS

Devoir prendre de la distance par rapport aux rétines pour s’inves-
tir plus dans d’autres architectures n’est pas sans douleur, comme un
passage abrupt de I'ascése a la débauche. Plus sérieusement, il n’est pas
simple lorsqu’on a compté les portes logiques sur ses doigts d’admettre
certaines incongruités dues a 1’épaisseur des couches qui séparent le
programmeur du silicium, comme le fait de passer des entiers en flot-
tants pour accélérer des calculs (soupirs). Cette prise de distance s’est
révélée nécessaire du fait de la multiplication des architectures adap-
tées a la vision haute performance, rivalisant favorablement avec les
rétines sur plusieurs aspects. Les arguments les plus en défaveur des
rétines actuelles sont (1) le manque de souplesse du parallélisme SIMD
synchrone, qui cantonne 'utilisation des rétines aux traitements de bas
niveau, et (2) la difficulté de programmation, due au jeu d’instruction
minimal et & la limitation de la mémoire.

Nous avons été aidés dans cette démarche par le succés des algo-
rithmes congus pour la rétine, qui a conduit a les confronter a de mul-
tiples architectures. C’est le cas pour I'estimation >-A, en particulier
grace a la collaboration avec Lionel Lacassagne de 'IEF (Université
Paris Sud). Outre le SWAR [82| déja mentionné, I'implantation réti-
nienne a été comparée [66] avec les implantations sur PowerPC G4 et
sur la Maille Associative d’Orsay [96]. Toujours a 'IEF, une implanta-
tion sur multi-cceurs avec OpenMP a été réalisée par Franck Bimbard,
et comparée avec une autre implantation SWAR sur SSE2 [16]. A I’Uni-
versité de Séville, Sergio Toral, Manuel Vargas et Federico Barrero ont
implanté une adaptation de 3-A sur une architecture RISC [130] (coeur
ARM sur circuit Freescale IMX), et aussi sur FPGA [58], pour des ap-
plications véhiculaires embarquées. Abutaleb et al [1] ont implanté une
version multimodale de ¥-A sur FPGA. Une version améliorée de -
A avec mécanismes d’adaptation globale, a été implantée par Verdant
et al [135] sur un systéme de vision basse puissance a base de caméra
CMOS pourvue d’unité de calcul analogique. Enfin, Ye et al [142] ont
étudié et comparé des implantations de »-A sur FPGA et sur ASIC,
réalisées par synthése de haut niveau (HLS).

En fin de compte la diversification des plateformes et leur caractére
de plus en plus hétérogéne est une chance pour un algorithmicien qui
peut expérimenter et inventer en multipliant les structures de données
et les modeéles algorithmiques. Nous nous sommes donc plus investis
dans l'algorithmique pure, ce qui nous a permis de pratiquer une large
gamme de modéles et outils : Files d’attente : [137| Squelettes, étique-
tage en composantes connexes, reconstructions géodésiques... Calculs
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récursifs : Calcul des dérivées multiéchelles [134], transformées en dis-
tance [70], opérateurs morphologiques [133], images intégrales [30], éti-
quetages en composantes connexes [115]... Calculs pyramidaux : [61]
Représentations, poursuite semi-dense... Méthodes cumulatives :
Transformées de Hough denses, poursuite semi-dense,... Codage par
plages : Etiquetage en composantes connexes [67]... Kd-trees : Trai-
tements locaux dans les espaces de caractéristiques, classification...
Listes dynamiques : Modéles implicites de Formes...

Block (0, 0) Block (1, 0)

o o

‘ Thread (0, 0)

Thread (1, 0)

‘M(n,o)

Thread (1, 0)

FIGURE 4.7 — L’architecture GPGPU CUDA, tiré de [27].

Une exploration des COTS pour la vision HPC ne peut ignorer les
possibilités offertes aujourd’hui par les processeurs graphiques (GPU).
S’il y a plus de 30 ans que les GPU déchargent les unités de calcul prin-
cipales (CPU) des opérations massives liées a 1'affichage, ce n’est qu’a
partir des années 90 que leurs fonctionnalités s’enrichissent progres-
sivement a mesure qu’ils prennent en charge des niveaux plus élevés
du pipe-line graphique : rendu, projection, éclairage, géométrie 3d...
Enfin, au début des années 2000, les GPU deviennent programmables.
Pour autant, I'utilisation de cet immense potentiel de calcul en dehors
des spécialistes du graphisme 3d devra attendre le développement d'un
cadre d’abstraction suffisamment puissant. C’est le role de CUDA [27],
qui permet aujourd’hui d’exploiter les GPU pour des taches diverses
(GPGPU). Le modéle de calcul générique d'un GPGPU CUDA (voir
Figure 4.7) est organisé de facon hiérarchique. Un ensemble de multi-
processeurs (MP) exécutent des blocs de threads. Un thread est une
tache de granularité minimum. Dans un méme MP, plusieurs threads
d’un bloc sont exécutés en SIMD, avec une mémoire locale & chaque
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thread (Local memory). Tous les threads d’un bloc sont exécutés dans
le méme MP, et partagent une mémoire locale au bloc (Shared me-
mory). Enfin une mémoire globale au GPU peut échanger des données
avec la RAM via le CPU. A ces différents niveaux de mémoire dont la
vitesse d’accés est trés variable s’ajoutent plusieurs niveaux de mémoire
cache.

Les implantations sur GPGPU ont occupé une place importante
dans les travaux de Matthieu Garrigues. Un premier résultat significatif
a été 'implantation temps réel du flux optique dense dans I'espace des
caractéristiques (cf Chapitre précédent), en optimisant le descripteur
(vecteur de local jet) pour limiter sa longueur a 128 bits dans le but de
restreindre la bande passante mémoire nécessaire aux traitements, et
en réalisant une recherche du plus proche voisin limitée & un voisinage
spatial. Les performances obtenues pour un flux dense sur une vidéo
de taille 240x180 étaient de 33 ms par trame sur la carte graphique
NVIDIA GeForce GTX 280.

Structure du graphe en mémoire

FIGURE 4.8 — Structure et principe de calcul des plus proches voisins (PPV)
approximés sur le GPU (les valeurs indiquées correspondent aux coordonnées
initiales des PPV temporaires).

Plus généralement, pour accélérer les traitements dans les espaces
de caractéristiques, Matthieu Garrigues a expérimenté une alternative
originale aux kd-trees pour calculer les plus proches voisins (approxi-
més) en paralléle. Cette technique consiste & travailler sur un volume
de données contenant pour chaque pixel les coordonnées de ses N plus
proches voisins provisoires. Le principe itératif consiste a examiner pour
chaque pixel les N? plus proches voisins des plus proches voisins, et de
ne retenir que les N plus proches. La figure 4.8 illustre le principe du
calcul. Cette technique, qui s’apparente & un algorithme de Dijkstra
dans ’espace des caractéristiques, se préte a une parallélisation mas-
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sive et permet de calculer des plus proches voisins a une distance dans
I’espace image qui augmente exponentiellement avec le nombre d’ité-
rations.

Pour le calcul temps réel du flux optique, tant que le nombre to-
tal de coeurs du GPU reste de plusieurs ordres inférieur au nombre de
pixels, la limitation du calcul aux points (particules) les plus fiables
représentera un gain en calcul considérable. C’est ce qui a motivé le
développement de la poursuite semi-dense de Matthieu Garrigues pré-
sentée dans le chapitre précédent. Outre un certain niveau de sélection
a priori des points par la fonction de saillance, d’autres optimisations
déterminantes ont été réalisées : calcul multiéchelle pyramidale de la
sélection des particules et des descripteurs associés, compression de la
structure de donnée creuse codant la liste des particules en conservant
la contiguité en mémoire des particules proches spatialement [51]. Ces
accélérations, qui ont permis d’atteindre une fréquence de calcul d’en-
viron 200 images par secondes sur GPU 336-core (NIDIA GeForce 460
GTX) pour poursuivre 10 000 particules dans une vidéo 640x480, ne
sont pas dans leur principe spécifiques au GPU : elles ont aussi permis
d’atteindre une fréquence de 30 images par secondes sur CPU quad-
core (Intel i5-2500k), et une implantation est actuellement en cours sur
une plateforme & base de processeur ARM multi coeurs.

En conclusion de ce chapitre, nous aimerions souligner qu'une am-
bition de nos recherches est aussi d’exercer une influence sur les ten-
dances architecturales des futures systémes de vision. C’est 'esprit de
I’étude comparative d’architectures trés différentes faite en collabora-
tion avec I'IEF [66], de 'architecture logicielle fondée sur les espaces de
caractéristiques [84], ou de I'algorithme de médian grain fin distribué
([50], travaux de Matthieu Garrigues). Dans le méme esprit, nous aime-
rions contribuer & la conception de rétines programmables de nouvelle
génération, ou les limitations au bas niveau des rétines actuelles se-
raient dépassées grace a 'existence de primitives de calcul asynchrone
[96]. Cette réflexion n’est pas nouvelle, et nous avions déja percu depuis
longtemps U'intérét fondamental [79] des connexions programmables as-
sociées a des mécanismes de propagation binaire. La thése de Valentin
(Gies a montré qu’un certain nombre de primitives du calcul asynchrone
pouvaient étre implanté a un cotit matériel trés limité [52]. L’installa-
tion d'un arbre recouvrant ou le calcul de la somme sur un ensemble
de pixels connexes sont deux exemples trés importants. Toutefois, un
vrai bilan algorithmique reste a faire qui contribuera a définir le jeu de
primitives adapté au niveau d’analyse qu’on souhaite atteindre pour
les prochains systémes de vision sur puce.
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Chapitre 5

Projet de Recherche

Le refus du choix entre polyvalence et efficacité est un parti pris
primordial dans nos recherches. Le cadre universel de traitement qu’on
cherche a obtenir est fondé sur des primitives fondamentales congues
et combinées dans un objectif de mutualisation et de minimisation des
ressources de calcul. Réciproquement, 'implantation d’un algorithme
sur une architecture embarquée n’est pas assimilée a une pure simpli-
fication, mais & une redéfinition des primitives visant & maximiser la
généricité et 'évolutivité du systéme. Cette conception reste un élément
fort de notre projet de recherche pour les années a venir. Le premier
axe, détaillé dans la section 5.1 concerne 1’élaboration d’un modéle uni-
fié de représentation et traitement des vidéos qui soit en phase avec les
architectures de calcul haute performance actuelles et & venir. La dé-
marche scientifique envisagée est fondée sur deux éléments majeurs :
(1) Texploration algorithmique des modéles logiciels et matériels, et
(2) lexploitation de la continuité temporelle.

Plus un systéme est polyvalent, plus il doit intégrer de niveaux
sémantiques différents dans l'information qu’il traite. Or le fossé sé-
mantique de la perception artificielle est aussi un fossé calculatoire :
les modéles, les algorithmes et les circuits qui les manipulent changent
souvent radicalement quand on passe du bas vers le haut niveau. Dans
notre volonté d’unification nous souhaitons remettre en question cette
dichotomie en apportant plus de continuité dans le processus d’émer-
gence de la signification. Le deuxiéme axe du projet de recherche, pré-
senté dans la section 5.2 est donc lié a la volonté d’aller vers une analyse
de plus haut niveau sémantique. Le mouvement et la géométrie 3d sont
les éléments clefs des méthodes que nous souhaitons développer dans
cette thématique.

23
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5.1 Modéles, Architectures, Algorithmes

L’objectif global du premier axe est la proposition d’un cadre géné-
rique et évolutif, congu comme un socle logiciel pour une large variété
d’applications en vidéo embarquée. Nous allons poursuivre 1’explora-
tion des modéles, des algorithmes, des structures de données et des
architectures existantes et émergentes, dans le but de dégager les primi-
tives essentielles, et avec I'ambition d’influencer la conception logicielle
et matérielle des systémes de vision a venir.

Un exemple typique de cette démarche est le bilan algorithmique
que nous envisageons dans le cadre de notre participation a la pro-
chaine Convention DGA 2012-2015 «Calcul régional asynchrone pour
vision embarquée faible consommation», dont 'objectif est de dégager
les principes architecturaux essentiels a la conception de systémes de vi-
sion sur puce aussi efficaces dans les traitements irréguliers (régionaux)
que dans les traitements réguliers (locaux). Ce bilan est fondé sur la
généralisation et ’abstraction de principes algorithmiques utilisés dans
différentes applications ot le niveau de traitement irrégulier régional
est important : la segmentation, la poursuite, la détection d’objets. La
démarche envisagée est d’extraire un jeu de primitives algorithmiques
fondamentales a partir de ’étude comparée de différentes familles d’al-
gorithmes couramment employés pour ces taches : les fonctionnelles de
Mumford-Shah [54], les graph cuts [123], les lignes de partage de eaux
[28], et les foréts recouvrantes [42].

Dans la suite de nos travaux sur les espaces de caractéristiques
[84], nous souhaitons développer de nouveaux types de descripteurs
fondés sur une analyse géométrique de I’ensemble formé dans l'espace
des caractéristiques (variété) par une catégorie visuelle : objet, piéce,
contexte... Nous considérons ce type d’analyse, dont une version em-
bryonaire a été présentée en fin du chapitre 2, comme un élément clef
de la continuité calculatoire que nous recherchons pour I'augmentation
du niveau sémantique.

Dans un registre trés proche, nous souhaitons également exploiter la
continuité temporelle pour construire de nouveaux descripteurs vidéos,
en intégrant des informations d’apparence et de contexte le long de
trajectoires obtenues par poursuite semi-dense [51]. Cette voie nous
semble aussi un élément important dans la démarche d’optimisation
globale des systémes mobiles.

A plus long terme, nous souhaiterions aller plus loin dans cet axe
en munissant le cadre générique que nous aurons construit de méca-
nismes d’adaptation automatique ou la sélection des primitives et ’ar-
chitecture méme du systéme évolueraient en fonction de la tache ou du
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contexte. Ces idées de systémes modulaires auto-adaptatifs ont déja été
partiellement élaborées dans nos travaux, en particulier dans les théses
de Renaud Barate [9] et de Christine Dubreu [36], et nous aimerions
naturellement les mettre en ceuvre dans un cadre plus universel.

Cette volonté d’unification, cette démarche d’exploration, et - avou-
ons le - ce golit marqué pour ’éclectisme, ont un prix a payer : c’est
le renoncement au statut de «spécialiste» pour toutes les notions du
domaine qu’on tente de couvrir; ¢’est un handicap certain dans la com-
pétition au meilleur algorithme pour une application donnée, qui est
une tendance forte (et tout a fait vertueuse a plusieurs égards) de 1'éva-
luation des systémes; c’est enfin une certaine dilution de la visibilité
scientifique. De ce point de vue, le succés des squelettes MB et de I'es-
timation X-A dans leurs communautés respectives (d’intersection vide
est-il besoin de le préciser) sont des exemples & méditer : il pourra étre
judicieux de faire parfois certains compromis en sacrifiant temporaire-
ment & la monomanie pour soigner nos indicateurs...

5.2 Mouvement, Géométrie, Sémantique

Le deuxiéme axe est, on ’aura compris, intimement lié au premier :
la volonté de généralisation des concepts et de rationalisation des primi-
tives s’applique aussi aux différents niveaux conceptuels des systémes,
et le principe de continuité sémantique est au coeur de la démarche
exposée dans la section précédente. Mais I'objectif d’aller vers un plus
haut niveau sémantique dans nos recherches est aussi lié aux évolutions
des enjeux et des contextes applicatifs de nos projets, vers le haut ni-
veau : la compréhension de scénes et d’activités complexes.

Il s’agit d’abord du projet ITEA2 SPY - déja en cours - sur les
systémes de vidéosurveillance mobile urbaine, ot I'un de nos objectifs
est la reconnaissance d’une activité suspicieuse ou dangereuse. Une
partie des travaux de la thése en cours de Fabio Martinez s’inscrit
déja dans ce cadre (voir Chapitre 3). Nous souhaitons aller plus loin
en explorant une démarche différente, fondée sur la construction de
descripteurs d’activités a partir des faisceaux de particules fournis par
la poursuite semi dense (Post-Doc de Phuong Tranh Nguyen).

Toujours dans le projet SPY, un autre objectif majeur est de cons-
truire a partir de la vidéo capturée par le véhicule mobile un compte-
rendu de la situation sous la forme d’un résumé a la fois géométrique
et sémantique de la scéne dynamique : (1) la géomeétrie 3d de la scéne
urbaine sera schématisée en plans principaux (maquette 3d) : routes,
facades, obstacles, etc, par des techniques de reconstruction 3d par
le mouvement (structure from motion, ou StM), simplifiées grace aux
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hypothéses réduites de modéles planaires [17], et (2) des informations
de niveaux sémantiques variables seront incrustées dans la maquette
3d : objets en mouvement, direction du focus, objets ou personnes
reconnus, etc (Travaux de Matthieu Garrigues, et Post-Doc de Taha
Ridene).

Cette combinaison des informations géométriques et sémantiques ot
le mouvement joue un role central sera aussi exploitée dans un autre
volet de la Convention DGA 2012-2015 auquel nous allons participer :
«Fusion de caméras couleur et profondeur pour I’analyse sémantique de
scénes 3d». Ce projet vise a concevoir de nouvelles méthodes d’analyse
sémantique de scénes combinant apparence visuelle et profondeur four-
nies par caméra RGB-D, adaptées a une implantation embarquée en
environnements intérieur et extérieur urbain. Outre les problématiques
lices a la fusion des représentations profondeur et apparence, et a la
combinaison des techniques d’acquisition de la profondeur par RGB-D
et par SfM, ce projet nous permettra d’expérimenter et de maitriser
la reconnaissance d’objets 3d [138, 6], qui pourrait, via leur interpré-
tation dans le cadre SfM pur, constituer une des clefs des nouveaux
descripteurs vidéos par intégration temporelle évoqués dans la section
précédente.

Un avantage de la maquette 3d est de fournir un support explicite a
la modélisation du contexte [100, 97]. La position du plan et son appa-
rence visuelle pourront étre exploitées en tant que fond (background)
contextuel, dans 'esprit du modéle Things and Stuff de Heitz et Kol-
ler [56], pour améliorer la reconnaissance des objets. Nous envisageons
d’introduire cette information sous la forme de paramétres contextuels
dans une transformée de Hough dense généralisée (projet Digiteo avec
les Mines (CAOR), déposé en 2012, classé en liste complémentaire).
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Vétérinaire, et concepteur d’exercices de ’épreuve orale (AgroParisTech, depuis
2007)

Concepteur de la partie Informatique du test écrit pour I'admission sur
titres aux écoles de ParisTech (depuis 2007)

Membre du Conseil d’Administration de 'ENSTA (2004-2007), Membre
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Abstract

This paper is dedicated to the study of metrical properties of a collection of 2D
thinning algorithms that we have proposed. Here, we characterize their underly-
ing metrics and use it to reduce the classical metrical biases that affect thinning
algorithms in the square grid. We show that some algorithms from the collection
lead to skeletons based on a particular geometry, corresponding to the (4,8)-median
axis, which is a new shape descriptor, featuring nice robustness and conditioning
properties.

Key words: digital geometry, parallel thinning algorithm, (4,8)-median axis

1 Introduction

We have recently proposed a family of 2-dimensional thinning algorithms to
compute the skeleton of binary discrete images. We systematically constructed
them from the discretization of the evolution equation of a monotonous prop-
agating front, under topology preservation constraints, in the different con-
nectivity models of the square grid, and for different parallelization schemes.
Logic minimization was an important issue in their genesis. The eight algo-
rithms, referred to as MB, are summarized on Figure 1, with a comparison of
their different properties. The name of every algorithm is given according to
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the three binary labels: (1) -fp or -dir for fully parallel or directional, (2) -1
or -2 depending on the number of directions of propagation (4 or 8 respec-
tively), and (3) -4 or -8 depending on the topology. The Boolean definition
of every algorithm is presented on Figure 1: the principle of the algorithms
is to delete iteratively all pixels matching the removing condition, provided
that they do not match the non removing condition. For the fully parallel
algorithms, all patterns are to be considered with their 7/2 rotated versions.
For the MBfpx-4 algorithms (x = 1 or 2), a special convention is used: the
white pixels with a red dot (resp. black pixels with a green square) are the
black pixels of the original image matching (resp. not matching) the removing
condition. The derivation, proof, and details of implementation of each one
of these algorithms can be found in [8]. Note that MBfpl-8 is equivalent to
the algorithm proposed in [3], and MBfp1-4 is equivalent to the algorithm pro-
posed in [6]. Figure 1 synthesizes some combinatorial (e.g. Boolean complexity
and support) and topological (e.g. P-simpleness [1]) properties that are not
addressed in this paper, but detailed in [§].

The aim of this paper is to study the metrical properties of these algorithms.
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Fig. 1. The MB family of parallel thinning algorithms.

In Section 2, we show that the geometry of the MB skeletons can be formally
characterized by the type of median axis that they each contain. In particular,
the (4,8)-median axis is defined as the mixed case of a generic median axis
including the classical morphological skeletons for the two canonical distances
of the square grid. We show that the (4,8)-median axis is the locus of the cen-



ters of the maximal elements from a collection of sets called (4,8)-fuzzy balls,
which are formally defined. In Section 3, we show how the different underlying
metrics of the algorithms lead to different behaviors with respect to rotation
invariance and noise immunity, and discuss the issue of approximating Fu-
clidean skeletons with thinning algorithms in the square grid.
Conclusions and perspective work are presented in Section 4.

2 (K-P)-median axis and metrical properties of MB

As shape descriptor, it is obvious that the metrical properties of a skeleton are
very important ; the initial shape must be recovered at least approximately
from its weighted skeleton, slight variations on the contour should not lead to
significant changes in the skeleton, and the skeleton must be fairly invariant to
arbitrary rotations or scalings. Nevertheless, these issues are rather poorly ad-
dressed by the thinning approaches. There are other skeletonization methods
designed in Euclidean frameworks, either continuous [9] or discrete [4], that
address explicitly the metrical issues, at the price of a representation change,
implying a higher computational cost and a loss of regularity.

We wish to give in this paper a formal description of the metrical behavior
of the proposed thinning algorithms, whose results can be seen on Figure 2.
The geometry of the skeletons are based on different median axis, depending
on the type of parallelism and the directions of deletion. We now recall the
formalism needed to introduce our generic median axis:

The discrete plane is mapped to the square grid Z?*, a (binary) image X is a
subset of Z2. A pizel x is an element of Z?. The two canonical discrete dis-
tances of the square grid are respectively the 4-distance dy, and the §-distance
dg. If z = (x1,79) and y = (y1,v2), then dy(z,y) = |21 — 11| + |22 — 92| and
ds(z,y) = max(|z1 — y1|, |z2 — yal).

The (K, P)-median axis of image X (K and P are equal to 4 or 8 and K < P)
is defined as:

SE(X)=U{r € X;(y € X and dp(x,y) = 1) = dg(z, X°) > dg(y, X)}

So the (K, P)-median axis is the set of the maxima of distance dg, in the
P-neighborhood. Depending on the values of K and P, this leads to three
different median axes, shown on row 1 of Figure 2. We are going to show that
these different median axes determine the metrical properties of the different
algorithms.

As every iteration (resp. four successive sub-iterations) of MBfp (resp. MBdir)
examines the 4-contour (resp. the 8-contour), the geometry of the resulting
skeleton is based on distance dy (resp. dg), as it can be seen on Figure 2. In the
case of the MBfp 8-connected algorithms, the isotropy allows even to prove
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Fig. 3. Deletion patterns of the MBfp- skeletons.

formally that, if the pixels are examined in the order induced by the distance
dy to the border, then:



(1) S}(X) € MBfp1-8(X) and (2) S(X) C MBfp2-8(X).

Indeed, if a pixel p matches pattern (ay) (resp. (a1) or (ag)) shown on Figure 3
(or one of their 7/2 rotated versions), then it is 4—adjacent (resp. 8—adjacent)
to a 4-interior point ¢, such that dy(g, X¢) = dy(p, X¢)+1, 50 p & S$(X) (resp.
p € S5(X)). These properties are verified for most images, because except in
pathological cases (some examples can be seen in [7]), the MBfp thinning re-
spect the order induced by distance d4. It follows that the geometry of the
each MB-skeleton is determined by the geometry of the corresponding (K, P)-
median azis. We are now going to characterize the geometry of the (4, 8)-
median azis, thanks to the notion of (4, 8)-fuzzy balls, that we define further:
For K = 4 or 8, the K-ball of center z and radius n is defined as By (z,n) =
{2 € Z?,dx(x,2) < n}. A ball Bg(z,n) is said to be mazimal in the image X
if V(y,n') € Z*> x N, Bg(z,n) C Bg(y,n') C X = (z,n) = (y,n’).

For K = P, it is well known that the (K, K)-median axis corresponds to the
union of the centers of maximal K-balls [5]. We are going to prove that the
(4, 8)-median axis corresponds to the union of the centers of maximal (4, 8)-
fuzzy balls (see Figure 4), which are recursively defined as follows:

(1) A (4,8)-fuzzy ball of radius 1 and center x By g)(x, 1) is any set verifying:
B4(Q?, 1) C B(4’8)(Q3, 1) C Bg(&?, 1)

(2) A (4,8)-fuzzy ball of radius n+1 and center z is a set such that there
exists F7, a (4, 8)-fuzzy ball of center x and radius n such that:
Bugy(z,n+1) = |J Bk, (y,1), where K, is 4 or 8, depending on y.

yeFy

Fig. 4. Some (4, 8)-fuzzy balls of radius 7. The extremal cases of (4, 8)-fuzzy balls
are respectively the 4-ball (on the left), and the 8-ball (on the right).

To prove the identity between the (4, 8)-median axis and the locus of the cen-
ters of maximal (4, 8)-fuzzy balls, we need to use the morphological erosion
and dilation:

Let b € Z?. The translated of X by b is the set X, = {z + b;x € X}.

Let B C Z%. The morphological dilation of X by B is defined as:

XoB=|JX,={z€ZB.NnX #0}

beB

The morphological erosion of X by B is defined as:



XeB=()X,={:€Z*B.C X}
beB

We also need to prove the following lemma:

Lemma 1 If Bug)(x,n) is a (4,8)-fuzzy ball of radius n and center x, and
if y € Bs(x,1), then [Bug)(x,n) U By(y,n +1)] is a (4,8)-fuzzy ball of radius
n+ 1 and center y.

Preliminary remark: it is clear, by the definition of fuzzy balls, that if F); is a
(4, 8)-fuzzy ball of center z and radius n, then any set S verifying:

F* & B,(0,1) C S C F* & Bs(0,1) (1)

is a (4, 8)-fuzzy ball of center  and radius n + 1. Now we prove the lemma
by induction on n. If n = 0, Bug)(x,0) = {z}. If y € Bs(x,1), Ba(y,1) C
{x} U Ba(y,1) C Bs(y,1), so [Bug)(x,0) U By(y,1)] is a (4,8)-fuzzy ball of
radius 1 and center y.

Now suppose the lemma true for radii less than or equal to (n — 1). Let
Bg)(x,n) be a (4,8)-fuzzy ball of radius n and center z. By definition, there
exists FI7_,, a (4, 8)-fuzzy ball of center z and radius (n — 1) such that:

n—1»
Bug)(z,n)= U Br.(y.1) (2)
z€FY_,
and
Fy 1 @® By(0,1) C Bug)(z,n) C F,_, ® Bg(0,1) (3)

Let y € Bg(z,1). By induction hypothesis, GY = F¥ | U By(y,n) is a (4, 8)-
fuzzy ball of radius n and center y.

GY @ By(0,1) = (F7_, @ B4(0,1)) U (By(y, n) @ B4(0,1)) (4)
(Fry @ Ba(0,1)) U Ba(y,n + 1) (5)

So, from (3), we get:

G% @ B4(O, ].) C [B(478) (l’, n) U B4<y, n + 1)] (6)

On the other hand, we have:

GY @ Bg(0,1) = (F7_, @ Bs(0,1)) U (B4(y,n) ® Bs(0,1)) (7)



and as

B4<y7n + 1) - <B4(y7n) D B8(07 1)) (8)

from (3), we get:
[Bas)(,n) UBy(y,n+1)] C G} & Bs(0,1) (9)
Finally, as GY is a (4, 8)-fuzzy ball of radius n and center y, we conclude thanks

to (6) and (9) that [Bg)(z,n) U By(y,n + 1)] is a (4, 8)-fuzzy ball of radius
(n 4 1) and center y.

O

Theorem 1 Sy (X) is the locus of the centers of maximal (4,8)-fuzzy balls
m X.

(1) Right inclusion. Let  be the center of a (4,8)-fuzzy balls B s)(z,n) that
is maximal in X. Now suppose that there exists y € (Bg(z,1) N X) such that
dy(y, X€) > dy(z, X¢). Then we must have By(y,n + 1) C X. And so:

[Bug)(z,n) U Bs(y,n+1)] C X (10)
But from lemma 1, [Bg)(z,n) U Ba(y,n + 1)] is a (4, 8)-fuzzy ball of radius

n + 1 (see Figure 5(1)), which is in contradiction with the maximality of
B(4’8) (x, n)

B4-8(x,n)
B4(y,m)
B4(y.p)

(1) (2)

Fig. 5. (1) The center of a maximal (4,8)-fuzzy ball is an element of Sy g)(X).
(2) An element of S, g)(X) is center of a maximal (4, 8)-fuzzy ball.



(2) Left inclusion. Let € S8 (X). Let Bygs)(z,n) be the biggest (4,8)-
fuzzy ball of center x contained in X. We are going to prove that Bg(z,n)
is maximal in X.

Suppose that there exists a (4, 8)-fuzzy ball FY of center y and radius m such
that (y,m) # (z,n) and Bg)(x,n) C FY C X. We have:

Bu(y,m) C I}, (11)
By(z,n) C Bug)(z,n) (12)

The erosion of the ball By(y, m) by B4(0,n) is a ball By(y, p) containing z.
But x ¢ By(y, p) © B4(0, 1), otherwise it would mean that By(x,n+1) C FY C
X, and then By g)(x,n) U By(x,n + 1) would be a (4, 8)-fuzzy ball of center =
and radius (n+1) (see lemma 1) contained in X, which is in contradiction with
the fact that Byg)(x,n) is the biggest (4,8)-fuzzy ball of center x contained
in X.

So there must exist z € By(z, 1) (see Figure 5(2)) such that z € By(y,p) ©
B4(0,1). Then By(z,n+ 1) C F¥ C X, and so dy(z, X¢) > dy(z, X¢). As z €
By(x,1), we get x € S1,)(X), which is in contradiction with our hypothesis.

O

We have now identified the relation between the mixed median axis S(45)(X)
and a particular class of sets, the (4,8)-fuzzy balls. These balls are a new
shape description tool, which interest lies in the robustness of morphological
or connected skeletons defined in the square grid, as we shall illustrate in the
following section.

3 Consequences on the geometrical behavior of MB

The fact that the MB-2 algorithms do not distinguish different (4, 8)-fuzzy
balls (Figure 6(1)), make them more robust with respect to noise (Figure 6(2)),
and rotation (Figure 6(3)). Obviously, the outcome is that only partial re-
constructibility is possible, unlike MBfp1-8, that allows exact re-constructibility
(Figure 6(4), re-constructibility is performed over the skeleton weighted with
the distance to the border, with d, balls for MBfp1-8, and octagonal balls as
a median choice of (4, 8)-fuzzy balls for MBfp2-8).

Nevertheless, the better behavior of the MB-2 algorithms with respect to ro-
tation is limited to the fact that fewer branches are generated (Figure 6(3)),
but if the number of branches is fairly stable for MB-2 on the different rotated
versions, their relative positions can vary significantly: see for example Fig-
ure 7, and the changes in the hierarchy of the branches. This bias is due to the
different errors of the underlying distances (d4 or dg for the fully parallel or
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directional algorithms, respectively) with respect to the Euclidean distance,
depending on the angles of the objects.
A first basic idea to get a “more Euclidean” geometry for the skeleton is to

MBfp2-8 MBdir2-8

D I ~

Fig. 7. Limitations of the rotation invariance shown on the image lizard at scale 2:
the radius of the biggest d4 (resp. dg) ball is p = 27 (resp. r = 19).

alternate fully parallel and directional iterations. For example the MB hybrid
algorithms are defined by >-A modulation of directional or fully parallel itera-
tions as follows: starting from Sy = 0, at iteration n > 0, if |S,,_1+v/2/2—n| <
1Sp_1 +v2 —n|, do S, = S,_1 +v/2/2 and perform one fully parallel iter-
ation, else do S, = S,_; + V2 and perform four directional iterations. By



construction, it turns out that the underlying metrics of the MB hybrid thin-
ning algorithms is generated by the octagonal discrete balls minimizing the
maximal error with respect to the Euclidean distance (see an example of such
“optimal” octagonal ball on Figure 8). MBhybl and MBhyb2 are shown on
the last row of Figure 2. This method leads to a significant improvement (com-
pare images of Figure 7 with image at scale 2 of Figure 8), but the bias with
respect to Euclidean distance keeps increasing with scale.

Another interesting property of the fuzzy metrics of the MB-2 algorithms

Optimal octogonal ball of radius 15

s

Fig. 8. The MB hybrid skeleton shown on image lizard at scales 1, 2 and 3: the
radius of the biggest optimal octagonal ball is respectively 41, 21 and 11.

is their ability to be conditioned by a Euclidean or pseudo-Euclidean pre-
processed distance. For example, in Figure 9, a chamfer distance transform of
support 5 [2] is computed, and then the thinning algorithms are applied by
imposing that the pixels deleted at the same iteration are at the same distance
to the border. The difference of behaviors between MB-1 and MB-2 shown on
Figure 9, and the good invariance to rotation that shows MB2 in that case is
explained by the fact that Euclidean discrete balls are (4, 8)-fuzzy balls. So in
the case of images where the maximal fuzzy balls are Euclidean, a quasi Eu-
clidean skeleton can be obtained by conditioning MB-2 by the corresponding
distance.

The limitation of conditioning lies in the fact that the set of all (4,8)-fuzzy

10



Fig. 9. Conditioning the MB thinning algorithms by a distance transform.

balls is not stable by arbitrary rotation, and this lead to important biases in
case of big non Euclidean (4, 8)-fuzzy balls (big 4-balls or 8-balls, typically),
so for shapes with large perpendicular straight contours.

4 Conclusion

We have shown in this paper the consistency in terms of metrical properties of
the family of thinning algorithms we have recently proposed. The geometrical
behavior, the advantages and limitations of every algorithm have been clearly
identified.

We have shown in [7] that the 8-connected MBfp algorithms could be naturally
expressed in the n-dimensional cubic grid, and we have proved the validity of
the corresponding algorithms for n = 3. The same extension can be done for
the other algorithms, but their validity remains to prove. This will be the
subject of future work, in order to get hopefully a unified and cleanly justified
thinning methodology for n-dimensional binary images.
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Abstract. The Hough transform for detecting parameterised shapes in
images is still today mostly applied on binary images of contours or
connected sets, which implies pre-processing of the images that may be
costly and fragile. However the simple estimation of the spatial deriva-
tives provides in every pixel the local geometry that can be used for
dense voting processes, directly applied on the gray scale image. For
lines and circles, the local information even allows to perform a direct
1-to-1 projection from the image to the parameter space, which greatly
accelerates the accumulation process. In this paper we advocate the use
of direct detection on gray scale images by combining Hough transform
and multi-scale derivatives. We present the algorithms and discuss their
results in the case of analytical shapes for order one (lines), and two
(circles), and then we present the generalised Hough transform based on
quantised derivatives for detecting arbitrary (non-analytical) shapes.

1 Introduction

Since its introduction in one of the first applications of computer vision [1], the
Hough transform has rapidly turned into a classical tool for detecting parame-
terised shapes in images [2, 3]. In its original form, it is applied on binary images
of contours, which implies pre-processing of the images. Then, the transform on
binary images is performed using either of the two classical dual approaches:
(i) the many-to-1 projection, which picks n-tuples of points from the binary
image and select the unique corresponding points in the n-dimensional parame-
ter space, and (ii) the 1-to-many back-projection, which, for every point of the
binary image, draws the corresponding (n-1)-manifold in the parameter space.
Remarkably, the interest for Hough transforms remained strong and many
variations have been proposed until recently [4, 5]. But it is also remarkable that
the proposed algorithms generally follow the original form in the sense that the
projection -or voting process- is performed sparsely on contour portions or salient
points, using 1-to-many projection (most often), or (generally decimated) many-
to-1 projection. We believe that there is a fundamental interest in performing a
dense projection, i.e. allowing every pixel to vote, and this can be done directly on
the gray level image by estimating the (multi-scale) spatial derivatives. Although
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more pixels are voting, these methods must be much faster, first because there
is no pre-processing (other than the computation of the derivatives), and second
because -in the case of parameterised shapes- one can perform a direct 1-to-1
projection from the image to the parameter space.

The idea of using the local derivatives to accelerate the Hough transform
is not new, it has been proposed for lines by O’Gorman and Clowes [6] and
for differentiable curves by Shapiro [7]. But those approaches were still used on
curves and, to our knowledge, have not been densely applied on gray level images,
probably because at the time they were proposed, the techniques for estimating
the derivatives on discrete 2d functions, based on finite differences, were not
considered precise enough. More recently, Valenti and Gevers [8] have proposed
an efficient eye centre location algorithm based on a voting scheme using the
scale space curvature estimation. However, they still reduced the voting pixels
to a thin contour previously calculated.

In this paper we advocate the use of dense Hough transform directly on
the gray level signal using multi-scale derivatives, and weighting the votes by
the strength of the derivative (gradient magnitude and Frobenius norm of the
Hessian matrix typically). We present the complete algorithms and discuss their
results in the case of analytical shapes for order one (lines), and two (circles),
and we present the generalised Hough transform based on quantised derivatives
for detecting arbitrary (non-analytical) shapes.

2 Analytical shapes

According to the scale space framework [9], the spatial derivatives are estimated
in a digital image I relatively to a certain scale o which represents the level of
regularity, explicitly enforced by Gaussian smoothing;:

oiti G,

g :I Ty 1
W rrr (1)

iyl
where x is the convolution, and G, the 2d Gaussian function of standard de-
viation o. When working at a given scale, we will omit the o superscript, and
denote {I, I, Iq, Izy, Iy} the first and second order derivatives.

2.1 First order: lines

If VI = (I,1,) is the estimated gradient vector, the value of the first deriva-
tive along any direction represented by unit vector v can also be estimated as
vT .VI. Thus the derivative along the direction orthogonal to the gradient is zero
(isophote direction t), and so if there is a line at this location, its orientation
must the same as t (See Figure 1(a)). Now, to evaluate the significance of the
location with respect to the presence of line, it is natural to use the strength

of the first derivative, i.e. the norm of the gradient [[VI|| = |/IZ+ 12 (See

Figure 2(a)), which must be normalised according to the scale o [10], if this
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Fig. 1. Direct detection from the spatial derivatives: Line from the gradient (a), and
circle from the isophote positive (b) or negative (c) curvature.

(a) ()

Fig. 2. Voting weight at order 1: the norm of the gradient (a). Estimating the gradient
direction (b), for pixels with weight over 10.0. Voting weight at order 2: the Frobenius
norm of the Hessian matrix (c). Estimating the position of centre of osculating circle
(d), for pixels with weight over 1.0. The scale estimation here is o = 2.0.

evaluation is done at different scales. The multi-scale voting weight at order 1
is then o||VI||. Following the classical (0, p) parameterisation, where p is the
distance between the line and the origin, and # is the angle made by the normal
to the line with the x axis, the complete algorithm is shown on table 1.

Figure 3 shows the output of the transform, compared to the Many-to-1
transform computed on a contour of the same image. The computation time of
the 1-to-1 transform is in fact smaller than the computation time of the contour
image (which involves non local maxima suppression and hysteresis threshold-
ing), while the complexity of the many-to-1 transform is one order of magnitude
larger for each voting points, because every vote draws a sine curve in the pa-
rameter space. The 1-to-1 transform is naturally sparser, because, even if the
number of voting pixels is significantly greater (all the pixels vote), only a few
of them have significant vote, and more importantly, every pixel vote into one
single point. The sparsity, which can be a difficulty in the detection of the local
maxima used to select the best lines, can be moderated by interpolating the vote
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Table 1. 1-to-1 line Hough transform based on multi-scale gradient.

Gamma = function Hough_Lines (Image I)
forall scale o€ {o1,...,0n
forall pixel (pz,py) € {0,wr} x {0,hr}
VI e (17(p), 1% ()}
if ||VI|| > 0:
d < pals +pyly
P v
if (I,I, <0) and (I,d > 0)
0= 7r+arctan(%)
else
0= arctan(%)
endif
Gammal(p, 0) < Gammal(p, 0) + o||VI||
endif
endfor

endfor
end

L J

over neighbouring cells according to the quantisation or by explicitly smoothing
the transform. But more interestingly, the concurrent use of multiple scales is a
benefit for the detection, as illustrated on Figure 4: the finer scales improve the
localisation of the main peaks while the coarser scales reduce the influence of
the spurious structures. For the results shown on Figure 3, a non-local-maxima
deletion was performed in the parameter space, and an exclusion distance of

(£2%, 4+8) was applied to find the best (6, p).

2.2 Second order: circles

If Hy = (ﬁf ﬁ’ji) is the estimated Hessian matrix, the value of the second

derivative along any couples of direction represented by unit vectors u and v

can be estimated as u” H;v. When u = v = t, with t in the isophote direction,

we get:

I, — Im[j — 21 I 1, + 1, I? @)
V1|2

This is the second derivative in the direction of the isophote, that is, the esti-
mation of the curvature, which represents the inverse radius of the osculating
circle to the isophote curve. Then, if there is a circle at location (pg, py) with
gradient VI and curvature I; # 0, the radius of this circle must be r = ﬁ and

its centre must be (pz, py) — % (See Figure 1 (b) and (c)). Again, we can
evaluate the significance of the location with respect to the presence of circle
by using the strength of the second derivative, i.e. the Frobenius norm of the

Hessian matrix ||H;|[r = /12, + 212, + I2, (See Figure 2 (c) and (d)), which

must be normalised by o2 if using different scales. See Table 2 for the complete
algorithm.
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Fig. 3. Top: Many-to-1 line Hough transform (b) computed on the contour image (a):
Canny algorithm with o = 1.5, hysteresis threshold with t; = 1.0 and t2 = 6.0. The
20 best lines are overlaid in blue. Bottom: 1-to-1 line Hough transform (d) computed
on the grey level image (c) using multi-scale gradient (o € {1.0,2.0,4.0}).The 20 best
lines are overlaid in yellow.

Figure 5 shows results of this algorithm, compared to the many-to-1 Hough
transform performed on the contour of the same image. The computation time
of the 1-to-1 transform is still smaller than the computation time of the contour
image, whereas the computation complexity of the many-to-one transform is 2
order of magnitude more per voting points because every point draws a surface
(cone) in the 3d parameter space. The sparsity of the 1-to-1 transform is still
more visible than for the lines, because of a larger parameter space. The detection
of maxima is then more challenging. For the results shown in Figure 5, we have
applied a 3d recursive exponential smoothing filter (v = 2.0) in the Hough
space, followed by a non-local-maxima deletion and an exclusion distance of
(£1,+3,£3) for the detection of the best (7, ¢z, cy).

3 Non-analytical shapes

The direct calculation of the Hough transform on the gray scale image using
multi-scale derivatives can also be used for the generalised Hough transform to
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Fig. 4. Influence of the multi-scale: Topographic close-up around a maximum of the
1-to-1 line Hough transform, using 1 single fine scale (a): o = 1.0, 1 single coarse scale
(b): 0 = 4.0 and 3 scales (c): o € {1.0,2.0,4.0}.

Table 2. 1-to-1 circle Hough transform based on multi-scale gradient and curvature.

Gamma = function Hough_Circles (Image I)
forall scale o€ {o1,...,0,
forall pixel (ps,py) € {0,wr} x {0,hr}
VI« (IZ(p), I (P))
I, () I, (P)
Hr = (zgy<p) 1§z<p>)
if HHIHF >0:
b Dol — 2pyIody + Iy 12

IS
L

vi||vI||?
(Camcy): (Pz#py)_ %

Gamma(r, ¢z, ¢y) + CGamma(r, ¢z, cy) + o2 ||Hr||p
endif
endfor
endfor
end

detect arbitrary objects. In the classical approach [3], the arbitrary shape is a
closed contour indexed by the local orientation. Since then, many variations on
implicit shape models have been proposed. For example Leibe et al [4] use a
collection of interest points instead of a contour, and index every point using
visual codebook obtained by clustering.

In voting based representation, it is clearly important to have a significant
number of voting points. In this sense, we believe that the use of the whole image
instead of a collection of contour or interest points is a benefit. Table 3 describes
the algorithm used to create the representation (the R-table) of a shape template
T which is simply a gray scale image. Every pixel of the template is indexed by
a contrast invariant derivative of order 1: the argument of the gradient, and of
order 2: the curvature. These derivatives are quantised to limit the size of the R~
table, and the curvature is bounded to [—1, 1] (the high curvatures are merged).
Every new entry in the R-table add a new element to the list corresponding to
the calculated index, which contains the relative coordinates of the voting point



Dense Hough transforms on gray level images 7

(d)

Fig. 5. Top: One plane (p = 19) from the many-to-1 circle Hough transform (b) com-
puted on the contour image (a): same parameters as Figure 3. The 7 best circles are
overlaid in blue. Bottom: The same plane from the 1-to-1 line Hough transform (d)
computed on the grey level image (c) using multi-scale curvature (o € {1.0,2.0,4.0}).
The 7 best circles are overlaid in magenta.

with respect to the centre of the template, and also, in conformity with the
previous section, the voting weight of the point, corresponding to the magnitude
of the gradient or to the Frobenius norm of the Hessian matrix according to the
order of the index. Likewise, several scales of estimation can be used, at the cost
of multiplying the number of R-tables. Obviously, the size of the R-tables can
be reduced by eliminating the entries whose weight is considered too small.
The off-line calculated R-Table is then used for online detection using the
generalised Hough transform shown in Table 4, which is basically the same as
the classical algorithm, except that every pixel vote according to its orientation
and curvature indexes, and its votes are weighted as indicated in the R-table.
One example of construction of the prototype is shown on Figure 6. In this
example, one single image template is used, and 4 R-Tables are constructed,
corresponding to 2 orders and 2 scales of estimation. The corresponding labels
(gradient orientation and curvature) are quantised to 30 values which form the
number of indexes of the R-tables. The calculation of the general Hough trans-
form is shown on Figure 7 on a composite image of side viewed cars (All images
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Table 3. R-Tables at order 2 calculated on a gray scale template T.

RT = function Create_.R—Table (Template T,scale o)
forall pixel (ps,pPy) € {0,wr} x {0,hr}
VI (IZ(p), I, (P))

g () IZ,(P)
Hr = (r;ym) I;y<p>)
if ||[VI]]>0

a = arctan%
Im11§—21¢y1m1y+1yy1g
£ [vI[3
if £€<—1 then &+ —1
else if £>1 then £+ 1
RT(1,0,a) « RT(1,0,a) U (YL — po, 2Z — py, [|VI]])
RT(2,0,8) « RI(2,0,8) U (“E — pay “F — Py, ||Hillr)
endif
endfor
end

are taken from the image database of UIUC for car detection [11]). For select-
ing the best detections, an exclusion distance corresponding to the quarter of
the template sizes was used. What can be seen from this experiments is that
the general Hough transform calculated from gray scale derivatives keeps the
good properties of the transform on contours: invariance to contrast changes,
robustness to occlusions, while being faster to compute and less sensitive to
poor contrast in the detection, because every pixel is voting according to the
significance of its counterpart in the template.

(0=10=10) (0=20=10) (0o=10=20) (0o=2;0=20)

— U T il e U, a0 e
A ; ﬁ 5
-—--——hg- — o —

Fig. 6. Object template (top). Labels used as indexes of the R-tables (middle line), at
order 1 and 2, for two scales, and their associated weights (bottom line).
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Table 4. Generalised Hough transform on gray scale image at order 2.

Gamma = function Hough_General (Image I ,R-Table RT)
forall scale o€ {o1,...,0,}
forall pixel (pz,py) € {0,wr} x {0,hs}
VI« (I7(p), I, (P))
_ I3z 1T, (P)
Hr = (zgy<p> I;’y<p>)
if ||V >0
« = arctan %
Tpal2—2TpyIaly+IyyI2
S e
if £<—1 then £+ —1
else if £€>1 then {+ 1
forall (é,,0,,w) € RT(1,0, )
Gamma(pz + 0z, Py + 0y) < Gamma(pz + 0z, Py + Jy) +w
endfor
forall (6,6,,w) € RT(2,0,8)
Gamma(py + 0z, Py + 0y) + Gamma(pg + 0., Py + 0y) +w
endfor
endif
endfor
endfor
end

4 Concluding remarks

Our purpose in this paper was to convince that the dense Hough transform on
gray level images using multi-scale derivatives is interesting both in terms of
robustness (thanks to a higher number of weighted votes), and computational
efficiency (thanks to lighter pre-processing and 1-to-1 vote). It seems hard to
design a systematic evaluation to decide more objectively when dense derivatives
should be preferred to sparse contours, because it hardly relies on the quality of
the contour. Naturally, it can be said that contours will work better for finding
curves made of discontinuous structures (e.g. finding alignments in plant fields).
In the general case, a more thorough validation is needed to evaluate the influence
of the chosen scales and weights. We are also planning to design a more general
framework to apply the dense Hough transform for object detection based on
multiple derivatives.

References

1. Hough, P.: Machine analysis of bubble chamber pictures. In: Int. Conf. High
Energy Accelerators and Instrumentation. (1959)

2. Duda, R.O., Hart, P.E.: Use of the Hough transformation to detect lines and curves
in pictures. Com. of the Association for Computing Machinery 15 (1972) 11-15

3. Ballard, D.H.: Generalizing the Hough transform to detect arbitrary shapes. Pat-
tern Recognition 13 (1981) 111-122

4. Leibe, B., Leonardis, A., Schiele, B.: Combined object categorization and segmen-
tation with an implicit shape model. In: ECCV Workshop on Statistical Learning
in Computer Vision. (2004)



10

Antoine Manzanera

Fig. 7. General Hough transform calculated on a composite image of side viewed cars,
using the R-tables obtained from the template of Figure 6. The 10 best detections are
shown as overlaid rectangles, numbered by order of detection.

5.

6.

7.

10.

11.

Ferrari, V., Jurie, F., Schmid, C.: From images to shape models for object detec-
tion. International Journal of Computer Vision 87 (2010)

O’Gorman, F., Clowes, B.: Finding picture edges through collinearity of feature
points. IEEE Trans. on Computers C-25 (1976) 449-456

Shapiro, S.: Feature space transforms for curve detection. Pattern Recognition 10
(1978) 129-143

. Valenti, R., Gevers, T.: Accurate eye center location and tracking using isophote

curvature. In: Int. Conf. on Computer Vision and Pattern Recognition (CVPR),
Anchorage, Alaska (2008)

Florack, L., Ter Haar Romeny, B., Viergever, M., Koenderink, J.: The Gaussian
scale-space paradigm and the multiscale local jet. Int. J. of Computer Vision 18
(1996) 61-75

Lindeberg, T.: Feature detection with automatic scale selection. Int. J. of Computer
Vision 30 (1998) 77-116

Agarwal, S., Awan, A., Roth, D.: Learning to detect objects in images via a
sparse, part-based representation. IEEE Trans. on Pattern Analysis and Machine
Intelligence 26 (2004) 1475-1490



2011 Seventh International Conference on Signal Image Technology & Internet-Based Systems

Local Jet Feature Space Framework for Image Processing and Representation

Antoine Manzanera
Laboratoire d’Electronique et Informatique
ENSTA-ParisTech, Paris, France
http://www.ensta-paristech.fr/~manzaner

Abstract—We present a unified framework for processing
and representing images using a feature space related to local
similarity. The visual data is represented by the versatile
multiscale local jet feature space, possibly reduced by vector
quantisation and/or represented by data structures enabling
efficient nearest neighbours search (e.g. kd-trees). We demon-
strate the interest of the local jet feature space processing
through three fundamental low level tasks: noise reduction,
motion estimation and background modelling/subtraction. We
also show the potential of the framework in terms of higher
level visual representation (e.g. recognition/retrieval).

Keywords-vision framework; multiscale local jets; similarity
space; nearest neighbours; optical flow; non local means;
background modelling;

I. INTRODUCTION

Many problems in image processing and vision relate to
visual similarity. Since the earliest processes of denoising
or perceptual grouping, to the higher level tasks of object
recognition, measuring the resemblance, or matching two
objects according to the visual appearance are fundamental
functions. In the traditional space X time representations
of video sequences, the canonical distance is not related
to visual similarity, which induces a major computational
drawback. Indeed, similar objects from the video data are
expected to interact in the processing, and then should be
contiguous in the representation. These general remarks do
not only apply to the current data, image or recent frames
history, but also to the global visual knowledge that the
vision system is constructing during its operating lifetime.

The purpose of this work is to design a global, generic
and computationally tractable framework for the represen-
tation and the processing of the visual data, based on:
(1) the projection of the space x time image data within
a transformed space whose metrics correspond to visual
similarity, (2) a set of functions operating in the transformed
and/or the image domain, for extracting relevant information
from the video, updating the transformed domain structure
accordingly, and/or modifying the video in the image domain
according to some specific task (filtering, detecting, pre-
dicting), and (3) dedicated data structures for making such
framework computationally feasible, in terms of memory
and processing time. In our philosophy, such unified frame-
work should be usable for the whole vision process, from the
lowest level of regularisation and enhancement to the levels

978-0-7695-4635-3/11 $26.00 © 2011 IEEE
DOI 10.1109/SITIS.2011.49
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of higher semantics related to recognition and understanding.
The framework should also be compliant with real-time
video processing, which implies both dynamical and efficient
construction of the visual representation.

The inspiring and related works are presented in Sec-
tion II. In our work the preferred similarity space is made
of the collection of spatial derivatives estimated at different
scales (the local jet). This feature space and its data structure
are presented in Section III. The following sections present
the applications of the framework for different low level
visual processing tasks: non-local means image denoising
(Sec. IV), optical flow estimation (Sec. V) and background
subtraction based motion detection (Sec. VI). Section VII
presents some visual models that can be extracted from the
feature space data structure, for higher level representations.

II. RELATED WORKS

Our work is related to Peyré’s manifold model [1]. In this
theoretical framework, the image data is projected within
a higher dimensional feature space, forming a manifold.
Many inverse problems in low level computer vision can
be expressed by regularising this manifold and then back-
projecting the transformed manifold within the image space.
In this sense, the different low level algorithms proposed in
this paper can be seen as instances of the manifold model.
Conversely, our work is also an extension of this model,
with the aim of extracting higher level representations from
the manifold structure.

Our framework exploits many ideas from previous works
on textured objects modelling, segmentation and recognition.
Filter banks have been used for a long time as a way to
extract meaningful local information on direction, scale, and
frequency [2]. Quantising such information is also a com-
monplace in textons [3] or bag of features [4] approaches.
Compared with those methods, one fundamental property
of our framework is that the feature is intrinsically dense
in the image space, making the corresponding information
available at any location. Another particularity of our work
is that reducing the information support is done by finding
the isolated or clustered points in the feature space, thus
avoiding the common separation between detection and
description of the salient structures [5], [6].

The importance of the local jet in image representation
has been identified a few decades ago. Koenderink and
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Van Doorn [7] pointed out the fundamental role of the first
three orders of derivatives in the human visual system. They
also noticed that some Euclidean distance on the local jet
vectors could be used to approximate the sum of squared
differences between image patches. To our knowledge this
has not been really used in the literature, maybe because the
approximation is crude for complicated patches. But, as we
will see later, distances based on the local jet are actually
significant to distinguish similar pixels.

Anyway, the local jet has been much used for the con-
struction of invariants, particularly in image retrieval [8]. It
has also been used more recently for the classification of
pixels according to their local geometry, see for example
[9]. As shown later, such classification can be exploited to
reduce the dimension of the local jet descriptor.

ITI. MULTISCALE LOCAL JET FEATURE SPACE

A. Similarity space

Using the partial derivatives to measure the local similar-
ity is a natural choice [10] since the local behaviour of any
differentiable function f can be predicted from its derivatives
(Taylor expansion at order r):

=33 (8 ettt 0+ ol

k=0 =0
ey
with x; and x, a basis of R2, in which the components
of the residual c are ¢; = ¢ -x; and ¢c3 = ¢ - xo. To
simplify we denote f;; = mﬁ]. The relevance of the

local jet as a description vector is confirmed by the first
singular (or eigen) vectors that arise in SVD or PCA based
decomposition of natural image patches, that resemble the
first derivatives of a 2d Gaussian function (see [11]). In
digital images, the derivative only makes sense up to a level
of regularity corresponding to the scale of estimation [12]:
13
= f * % ;
Ox' 0%,
where (G, is the 2d Gaussian function of standard de-
viation o. The multiscale local jet is then the collection
{ [hiitj<roes }, where 7 is the order of derivation,
S = {o1,...04} the selected scales. Figure 1 illustrates
the induced representation for a few points taken from a
natural image, at one scale o 1.0. The image is split
into 15 x 15 patches, and the reconstruction is performed by
Taylor expansion on patches of the same size, using only
the local jet computed at the patch centre.

Our representation does not use patches but a multiscale
local jet vector in every pixel, with normalised components
combining the scale normalisation from scale space theory
[12], and the number of (i + j)-order derivatives:
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Figure 1. Local jet based representation at one scale (¢ = 1.0): (1)
Original patches (2) Order 0 (1d feature) (3) Order 1 (3d), (4) Order 2 (6d)
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Figure 2. Local jet descriptor reduction by pixel categorisation: 4
categories at order 2 (7 categories if the polarity is considered).

If required, rotation invariant derivatives can be obtained
by expressing them within the local basis of coordinates of
the gradient and isophote components. The local jet also
provides contrast invariant measures, e.g. the direction of
the gradient/isophote at order 1, or the direction of main
curvatures (eigen vectors of the Hessian matrix) at order
2. Finally, following [9], the local behaviour of every pixel
can be categorised at every scale according to the dominant
order of derivation: flat zone for order 0, straight contours
for order 1, and elliptic or tubular curvatures for order 2
(according to the signs of A and ), the eigen values of the
Hessian matrix). Once categorised, the dimensions of the
local jet descriptor can be reduced to significant derivatives
(see Figure 2).

B. Metrics

To measure similarity, we typically consider three types of
distance in the applications. Let F' be the full local jet vector



F = (Ff)itj<roes, we denote X = F'(x) the feature vector

associated to pixel x. Let F'7 = (F7);4 <, be the local jet
at scale o, and ||.|| the Euclidean norm. First, the single
scale distance, checking whether x at scale ¢y is similar to

y at scale o9:

A7 (%, 9) = [[F7 (<) = P2l . @)

Second, the pan-scalic distance, checking whether x and
y are similar for all the scales o € S:

D (%,§) = maxdy” ™ (%,9) - 5)
oesS

However for representation purposes (next subsection) the

use of Euclidean distance ||X — ¥|| can be more convenient.

Third, the trans-scalic pseudo-distance, checking whether

there exists a couple of scales for which x and y are similar:

55(%,9) = AT (% gy
©6)

The interest of using local jet based distances is not
to approximate classical (e.g. sum of squared differences
between patches) similarity distances, but to provide more
flexible similarity space and measures (see Figure 3 showing
different rotation and scale invariance properties), while
reducing significantly the dimension of descriptors.

min a
(0n,0m)ES? (Ontp,Om4p)ES?

C. Data structures

The first step of the representation then consists in pro-
jecting the image data into the chosen similarity space. For
every pixel, a feature vector is computed, and the collection
of features is kept in adequate data structure for further
processing. If the feature space dimensionality is low, the
data structure may be a simple array, whose coordinates are
indexed by each component of the feature space, which must
then be quantised properly. The data structure is then a hash
table whose hash function is the quotient of the quantisation.
As the memory cost of such structure grows exponentially
with the dimension, other solutions must be used for higher
dimension, like the classical kd-tree [13], which is optimal
in terms of memory occupation.

The kd-tree is a useful tool for performing nearest neigh-
bours (NN) search in the feature space. It will be extensively
used in the following to perform efficiently operations based
on visual similarity, that are intrinsically non local in the
image space. However, there are many operations where NN
search will be needed very intensively (e.g. for every pixel
/ feature vector). In that case, the computational cost will
remain too important for real-time video. Two important op-
timisations are employed: (1) Approximate Nearest Neigh-
bour (ANN) search techniques [14] that reduces both worst
case and average search complexity, and (2) Quantisation of
the feature space, that reduces the size of the kd-tree. We
have used in our experiments the ANN library developed by
Arya and Mount [14], and a simple approximation of the K-
means clustering method for vector quantisation. Depending
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Figure 3. Similarity maps based on 2-order local jet metrics, for 3 different
pixels: (1), (2) and (3), and 6 different distances: Single (same) scale: (a)
canonical components (CC), (b) rotation invariant components (RIC), Pan-
scalic (4 scales): (c) CC, (d) RIC, and Trans-scalic (4 scales): (e) CC,
(f) RIC. For each pixel xq, the similarity map is defined as M,‘Z(’; (x) =

®(dp(X0,%)), with dp the local jet distance, and ®(z) = 1 — eiﬁ,
with C' = 10. (Painting by Lowell Herrero)

on the used metrics, one kd-tree per scale or one single kd-
tree has to be calculated. The figure 4 illustrates in dimension
2 the projection in the feature space and the construction of
the kd-tree, without and with quantisation.

D. Useful notations

Let x be a pixel from the image space. We denote Xy the
projection of x in the feature space of image f. Let 7 be
the set of features of image f. If u is a feature vector, let
ykf‘f (u) be its k-th nearest neighbour in the feature space of
f. We denote f;l(u) the set of pixels which are assigned
to the codeword u in the quantised feature space (codebook)

of f. If there is no quantisation, the notation remains valid
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Figure 4. (a) Image data (b) projected into the feature space, and (c)
collected into a kd-tree structure, without (top) and with (bottom) vector
quantisation.

as .F;l(u) = {x} such that X; = u.

IV. NON-LOCAL MEANS VIDEO FILTERING

The non-local (NL) means filter, originally proposed by
Buades et al [15] is a powerful image denoising technique, in
which every pixel value is replaced by a weighted average of
the other pixels, the weights depending on pixel similarity,
not on pixel distance in the image space (hence the “non
local” property). In our framework, the NL-means is simply
expressed by calculating the weights using a distance in the
feature space. Let u and v be two feature vectors. w(u,v)
the relative (symmetric) weight of u with respect to v, is
defined as follows:

_ dF(u,v)2

wu,v)=e "~ = |

(7

where h is a decay parameter, related to the amount of
noise to be removed. Now two variants of the NL means
can be considered:

1) Limited range (LR) method
ZyEN(x) f( ) ()A(f7$’f)

NL
= 8
LR (X) > yenon @ X113 7) 3
2) Unlimited range (UR) method
Y uewix,) fWw (X, w)
D () = oS - ©

ZueW(ﬁf) w(Xy, u)

where N (x) (resp. W(v)) is a neighbourhood of x (resp.
v), corresponding to the k nearest neighbours of x (resp. v)
in the image (resp. feature) space. See figure 5.

f(u) is defined as:

y 1
T

Z f(x

xeF; H(u)

10)

i.e. the average value of f on the pixels corresponding to
feature u (recursively calculated during the quantisation).
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Figure 5. Limited (a) vs Unlimited (b) range approaches in the computation
of the NL-means. N(x): nearest neighbours of x in the image space.
W(%): nearest neighbours of X in the feature space back-projected in the
image space.

In our experiments, the decay parameter A is automatically
adjusted, using a fast estimation of the noise variance (see
[16] for more details).

3

“

Figure 6. NL-means filtering in the local jet feature space. (1) LR (N (x):
17 x 17 neighbourhood of x in the image domain). (2) UR, exact search
(W(%y): 30 NN in the local jet domain), (3) UR, approximate search
(e = 10.0), (4) UR, approx. search, with quantised feature space (1938
words in the dictionary).

It can be said that the local jet based NL-means, by
changing the order of derivation and number of scales, form
a continuum between tone space (or bilateral) filtering and
patch based NL-means. However, even at one single scale,
the order 2 local jet based NL-means results are very close
of patch based ones. See figure 6 for some results on the
same noisy image (only the top half diagonal is processed).
It is somewhat surprising that the denoising quality looks
better for the LR (Fig. 6(1)) than for the UR (Fig. 6(2)).
But on the one hand, the edge and corner pixels are more
affected by the UR methods, the relative weights of their



neighbours being much higher in the feature than in the im-
age space. One the other hand, for large noisy homogeneous
regions, the UR method is able to find patterns that tends
to exaggerate the texturing of these regions. Using kd-trees,
the UR method is generally faster than the LR one since
the cardinality of WW(%Xy) is usually much smaller than for
N (x). Furthermore, using approximate search (Fig. 6(3)),
and quantising the local jet space (Fig. 6(4)) significantly
lowers the computation time, while partially compensating
the drawbacks of the UR method evoked above, but more
quantitative evaluation is needed.

V. OPTICAL FLOW ESTIMATION

The apparent motion, or optical flow estimation turns out
to be - from a conceptual point of view at least - one of
the most straightforward applications of the feature space
based similarity. At frame ¢, for image f;, and for every
pixel x, we compute u(fi—1, fi,x), the nearest neighbour
of the feature vector associated to x, in the feature space of

fe—1:

u(fi—1, fr,x) =arg min dp(Xs,v) = fo"l (xy,) -
veFr, 4
(1)
Then we can compute y(f;—1, f,x), the pixel from f;_;
which is the most similar to x from f;:
min

dg (Xv Z) )
Zefﬁil(u(ft—hfhx))

y(fi-1, ft,x) = arg (12)

with d; the distance in the image space. Without quan-
tisation, this is simply the pixel corresponding to feature
u in f;—1, otherwise it is the pixel from the set of pixels
associated to codeword u which is the closest from x in the
image space: see Figure 7.

(1) Projection in

o ) the feature space
o fo | (21 Nearest neighboar

o] search

A

K

Figure 7. Optical Flow estimation by Nearest Neighbour Search in the
Local Jet Feature Space.
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Figure 8. Optical flow fields estimated by NN search in the feature space.
(1) Stationary camera, (2) Horizontal travelling, (3) Forward zooming,
(4) Backward zooming and moving objects.

Finally, the velocity vector is computed as the difference:

C(ft—laftvx):X_y(ft—lmftax) . (13)

At one single scale the result is hardly usable, but using
several scales, the method provides a dense estimation
without explicit regularisation of the vector field, that allows
a fair estimation of the motion at a global level: See Figure 8
for examples taken from classical test sequences. Here the
number of NN is 1, the local jet is at order 2, and 5 different
scales, without quantisation.

VI. BACKGROUND SUBTRACTION

Background modelling and subtraction is a popular ap-
proach of motion detection. It consists in calculating locally
(say for every pixel or block), a set of temporal statistics
measures of the background, and comparing every new
value with those measures, to decide whether this value is
typical or not. This problem is challenging in many cases
where the background is not completely static. The precision
of modelling has strong influence on the computational
cost, in terms of memory and time. One good trade-off
is obtained by the sample and consensus methods [17],
[18], which consist in keeping in memory a limited set of
sampled values, and then comparing the current value to
those samples, to decide whether the pixel is background or
not. Vector quantisation has also been used for background
modelling [19] in colour/brightness space. The algorithm
we propose here is a combination of sample/consensus and
vector quantisation in the local jet feature space.

In this application, we use for the whole sequence one
single codebook F; of quantised features, but that may
evolve over time. The principle is the following: In every
pixel x, the temporal activity is modelled by a set of M
prototypes I1(x) = {m;(f,x)};e(1,m} C Fy. that represent



a sample of its past values in the feature space, and M is a
temporal depth parameter.

Let p be a positive number; 7 an integer such that
1 < 7 < M; let B4 (u,r) be the ball of centre u and
radius r for the distance dp. The foreground label e( f, ¢, x),
indicating whether x in f; belongs to a moving object or not
is calculated as follows:

e(f,t,x) Lif [TI(x) N B (x4, p)| <7, (14)
(15)

0 otherwise.

Then a pixel whose feature vector is at a distance smaller
than p for less than 7 of its M prototypes is considered
foreground, elsewhere it is classified as background. The
advantage of using a complex feature space instead of the
mere colour is that we are able to capture more sophisticated
image structure and then make the background modelling
more robust. On the other hand, the vector quantisation
dramatically reduces the memory cost, because only the
index of the word from the codebook is used instead of a
high dimensional vector. It is typically observed that a large
majority of pixels only have one or two different indexes
within their M background prototypes, whereas some more
complicated background pixels (e.g. waving trees) can have
much more indexes.

Our practical implementation for coding and updating
the prototypes is a simple adaptation of the state-of-the-art
ViBe algorithm [18]: The pixel prototypes are represented
by a list of codebook indexes and weights (frequencies)
such that the sum of weights is M. At time t the index
of X, replaces one of the prototypes randomly selected, by
decrementing the weight of one prototype, then incrementing
the weight of another one or creating a new prototype index
(See Figure 9).

For the creation of the codebook, we use, as in the NL-
mean case a basic incremental version of the K-means algo-
rithm for real-time video purposes. It is worth mentioning
that the codebook does not need to be updated for every
frame, nor everywhere, for example, it can be updated every
5 frames for the foreground pixels, and every 100 frames
for the whole image. See Figure 10 for an example of
foreground labelling in an outdoor colour sequence, using
a 2 order, 1 scale, and 3 colour local jet feature space (i.e.
18D vector features), with a codebook of 3,000 words, a
temporal depth M = 20, distance threshold p = 0.08dmax,
and consensus threshold 7 = M /2. Note that, unlike [18],
no spatial diffusion is performed, and the update is not
strictly conservative, i.e. the update is made every 4 frames
for background pixels, and every 16 frames for foreground
pixels.

VII. IMAGE AND OBJECT CHARACTERISTICS

In our framework, the feature space should be used not
only for image processing, but also for extracting relevant
visual representation, usable at a higher level. The first
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Figure 9.  Adaptation of the ViBe algorithm to the local jet feature
dictionary. Top, classification step: The pixel x is classified foreground
if the number of prototypes at distance less than p from X, is inferior to a
certain threshold. Bottom, update step: X ¢, replaces one of the prototypes,
randomly selected.

L

Figure 10. Background subtraction based on sample and consensus using
a codebook of colour local jet features.

descriptor we can consider is the quantised local jet itself
(parented to the classical texton approaches), whose statistics
provide information on the visual appearance of objects (like
in the classical bag of features methods). The histogram,
or weight vector of the codebook is computed recursively
during the quantisation, or the updating of the codebook.
Figure 11 shows an example of local jet quantisation back-
projected in the image space. The detail image (right)
illustrates one advantage of the dense representation, with
the possible use in terms of higher order statistics (i.e. co-
occurrence) of visual words from the codebook.

The nearest neighbour framework also provides an inter-
esting new conception of salient points. Whereas the classi-
cal characterisation of interest points is purely geometrical



Figure 11. Quantisation of the local jet space (506 vectors). The right
image is a detail of the white rectangle in the left image.

and relatively independent of the image content, the NN
feature based salience is entirely statistical and content-
dependent: The salient points correspond to the isolated
points in the feature space. This has been done before in
the space of patches by Kervrann and Boulanger [20]. More
formally, the rarest pixels are defined as:

m
r _ 1 F
ST e g g )09

The rarest pixels are those assigned to the word with max-
imal average distance to its m nearest neighbours. Without
quantisation, there is only one such pixel. The second rarest
pixels Rff are defined similarly by excluding the word
with maximal distance and so on. The only parameter m
merely acts as a filtering value and is of moderate practical
importance. Figure 12 shows examples of NN based salient
points in a single scale local jet feature space. The difference
with the geometric approach is clearly visible on the left
image.

Figure 12.  Salient points (isolated points in the feature space back-
projected in the image): 100 rarest pixels (m = 10, Local jet of order 2,
one single scale 0 = 1.5, no quantisation); a minimal exclusion distance
of 5 pixels is used to avoid clustering of the salient pixels.

Finally we propose another descriptor whose purpose is
to provide an intermediate representation between the global
codebook histogram and local salient point. It is based on
the statistical modes of the feature space. Mode selection
in multidimensional data is a difficult problem which has
received relatively few attention. We use an adaptation of the
method proposed by Burman and Polonik [21], implemented
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through the framework of geodesic reconstruction in the
feature space.

Suppose defined a topology in the feature space, and
let the centre of the main cluster /ﬁff be defined as the
feature vector with minimal average distance to its m NN.
The main cluster K 1}- T is then defined as the connected
component of F; that contains Iﬁff , or equivalently the
geodesic reconstruction of mff within F. The second main
cluster K is defined the same way on F P\ K 77 and so
on. Now we get a topology which dynamically adapts to the
data by using a distance threshold defined as the geometric
mean between u,ﬁf and T}Z—f , respectively the average and
minimal mean distance of a feature vector to its m NN.
Then two feature vector u and v are connected if and only

if: dp(u,v) < \/u,ﬁfrﬁf. Figure 13 shows the result for 2
images. The modes appear as a complementary information
of singularities (Figure 12). They represent homogeneous
zone, simple regular textures, or long straight contours.

Figure 13. 12 first modes of the local jet representation : clusters of the
feature space back-projected in the image space. (m = 20, local Jet of
order 2, with 2 scales {o1 = 1.0,02 = 2.0}, no quantisation).

VIII. CONCLUSION AND DISCUSSION

We have proposed a unified framework to address: (1) a
large variety of video processing applications with the same
formalism, by projection, distance based calculation in the
feature space, and back-projection in the image space, and
(2) a higher level visual characterization obtained by search-
ing significant structures in the feature space (singularities
and modes).

Regarding the choice of the feature space, the same
framework can probably be used with other features, like
wavelets, steerable or Gabor filters. However, the local jet
space is easier to justify because of the Taylor expansion. It
is also one of the most general because it implicitly contains
many other features.

We have shown the relevance of the approach for several
low level vision tasks. This representation also naturally
provides image reduction and description tools that can be
used at a higher processing level. We particularly think
to object modelling and recognition, which is part of our
ongoing work.



The presented work also contains more specific contribu-
tions, that we recall hereunder:

« The definition of distances in the local jet space, which,
although proposed earlier, had not been used in practice
to our knowledge.

o The local jet based NL-Mean filters, which can be seen
as a continuum between tone space filtering and patch
based NL-Means by increasing the order of derivation
of the local jet.

« The optical flow solution as a nearest neighbour search
in a similarity space.

« The singularities (isolated points) of the feature space,
as way to fuse the detection and the characterization of
interest points, classically addressed independently.

« The mode detection in the feature space, as a comple-
mentary information to salient (singular) features.

Because the aim of this work is to find a vision framework
as universal as possible, we do not expect every application
to compete with state-of-the-art dedicated algorithms. Ex-
perimental results were shown in this paper to convince that
the framework makes sense, but obviously further evaluation
is needed in every single case. The same applies for some
parameters which were chosen either according to similar
algorithm from the literature or empirically.

Some of the proposed algorithms, for example local
jet based NL-means and background subtraction based on
sample and consensus in the local jet space are particularly
efficient and can be easily adapted to real-time. However, the
computational cost remains an issue for different implemen-
tations: the optical flow by nearest neighbour search in the
local jet space and the computation of the mode of the local
jet distribution are two important examples. We are then
investigating new ways to compute the nearest neighbours
in the feature space using parallel implementations.
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Abstract

Motion detection using a stationary camera can be done by estimating the static scene (background). In that purpose, we propose a
new method based on a simple recursive non linear operator, the X4 filter. Used along with a spatiotemporal regularization algorithm,
it allows robust, computationally efficient and accurate motion detection. To deal with complex scenes containing a wide range of motion
models with very different time constants, we propose a generalization of the basic model to multiple -4 estimation.
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1. Introduction

The detection of moving objects in an image sequence is
a very important low-level task for many computer vision
applications, such as video surveillance, traffic monitoring
or sign language recognition. When the camera is station-
ary, a class of methods usually employed is background sub-
traction. The principle of these methods is to build a model
of the static scene (i.e., without moving objects) called
background, and then to compare every frame of the
sequence to this background in order to discriminate the
regions of unusual motion, called foreground (the moving
objects).

Many algorithms have been developed for background
subtraction: recent reviews and evaluations can be found
in (Lee and Hedley, 2002; Chalidabhongse et al., 2003;
Cheung and Kamath, 2004; Piccardi, 2004). In this paper,
we are more specifically interested in video surveillance sys-
tems with long autonomy. The difficulty in devising back-
ground subtraction algorithms in such context lies in the
respect of several constraints:

* Corresponding author. Fax: +33 1 45 52 83 27.
E-mail addresses: antoine.manzanera@ensta.fr (A. Manzanera),
julien.richefeu@ensta.fr (J.C. Richefeu).

0167-8655/$ - see front matter © 2006 Elsevier B.V. All rights reserved.
doi:10.1016/j.patrec.2006.04.007

e The system must keep working without human interac-
tion for a long time, and then take into account gradual
or sudden changes such as illumination variation or new
static objects settling in the scene. This means that the
background must be temporally adaptive.

e The system must be able to discard irrelevant motion
such as waving bushes or flowing water. It should also
be robust to slight oscillations of the camera. This
means that there must be a /ocal estimation for the
confidence in the background value.

e The system must be real-time, compact and low-power,
so the algorithms must not use much resource, in terms
of computing power and memory.

The two first conditions imply that statistical measures
on the temporal activity must be locally available in every
pixel, and constantly updated. This excludes any basic
approach like using a single model such as the previous
frame or a temporal average for the background, and
global thresholding for decision.

Some background estimation methods are based on the
analysis of the histogram of the values taken by each pixel
within a fixed number K of past frames. The mean, the
median or the mode of the histogram can be chosen to
set the background value, and the foreground can be
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discriminated by comparing the difference between the cur-
rent frame and the background with the histogram vari-
ance. More sophisticated techniques are also based on
the K past frames history: linear prediction (Toyoma
et al., 1999), kernel density estimation (Elgammal et al.,
2000; Mittal and Paragios, 2004), or principal component
analysis (Oliver et al., 2000). These methods require a great
amount of memory, since K needs to be large (usually more
than 50) for robustness purposes. So they are not compat-
ible with our third condition.

Much more attractive for our requirements are the
recursive methods, that do not keep in memory a histogram
for each pixel, but rather a fixed number of estimates com-
puted recursively. These estimates can be the mean and
variance of a Gaussian distribution (Wren et al., 1997), dif-
ferent states of the background (e.g., its values and tempo-
ral derivatives) estimated by predictive filter (Karmann and
von Brandt, 1990), or recursive estimation of the extremal
values (Richefeu and Manzanera, 2004). But it is difficult to
get robust estimates of the background with linear recur-
sive framework, unless a multi-modal distribution (e.g.,
multiple Gaussian (Stauffer and Grimson, 2000; Power
and Schoonees, 2002)) is explicitly used, which is done at
the price of an increasing complexity and memory require-
ment. Furthermore, these methods rely on parameters such
as the learning rates used in the recursive linear filters, set-
ting the relative weights of the background states and the
new observations, whose tuning can be tricky, which makes
difficult the fulfillment of the first condition stated above.

A recursive approximation of the temporal median was
proposed in (McFarlane and Schofield, 1995) to compute
the background. The interest of this method lies in the
robustness provided by the non linearity compared to the
linear recursive average, and in the very low computational
cost. In this article, we investigate some nice properties of
this operator, introducing the notion of X-A estimation,
and using it to obtain a locally adaptive motion detection.

In Section 2, we present the basic X-A estimation
method. The X4 filter is presented and used to compute
two orders of temporal statistics for each pixel of the
sequence providing a pixel-level decision framework. Then,
in Section 3, we exploit the spatial correlation in these data
using new hybrid linear/morphological operators, and use
higher level processing to enhance and regularize the detec-
tion solution. Some results are presented, illustrating the
robustness and accuracy of the method in the case of sim-
ple background (i.e., one single time-varying mode). For
more complex scenes, we propose in Section 4 a generaliza-
tion of the algorithm to multiple background estimation.
Finally, conclusions and future works are presented in
Section 5.

2. 2—A estimation
Our first background estimate, whose computation is

shown on Table 1(1), is the same as (McFarlane and Scho-
field, 1995), where I, is the input sequence, and M, the esti-

mated background value. The sign function sgn is defined
as sgn(a) = —11if a <0, sgn(a) =1 if ¢ > 0, and sgn(a) =0
if @a=0. So, at every frame, the estimate is simply incre-
mented by one if it is smaller than the sample, or decre-
mented by one if it is greater than the sample. If [, is a
discrete random signal, the ratio between the number of
indexes t < ¢ such that I, < M,, and the number of indexes
7 <t such that I, > M, converges in mean to 1. So M, is an
approximation of the median of /,. But this filter has other
interesting properties, relative to the change detection in
time-varying signals. Indeed, we interpret this background
estimation as the simulation of a digital conversion of a
time-varying analog signal using X-4 modulation (A/D
conversion using only comparison and elementary incre-
ment/decrement, hence the name XA filter).

As the precision of the 2—4 modulation is limited to sig-
nals with absolute time-derivative less than unity, the mod-
ulation error is proportional to the variation rate of the
signal, corresponding here to a motion likelihood measure
of the pixels. We then use the absolute difference between
I, and M, as our first differential estimate: the difference
A, (Table 1(2)).

Unlike (McFarlane and Schofield, 1995), we also use
this filter to compute the time-variance of the pixels, repre-
senting their motion activity measure, used to decide
whether the pixel is more likely “moving” or “‘stationary’.
Then, V, (Table 1(3)) used in our method has the dimen-
sion of a temporal standard deviation. It is computed as

Table 1
The X4 background estimation

(1)
Initialization
for each pixel x:
Mo(x) = Io(x)
For each frame t
for each pixel x:
M(x) = M, _1(x) + sgn(l(x) — M, _1(x))

(2
For each frame t
for each pixel x:
A(x) = M (x) — ()|
(3)
Initialization
for each pixel x:
Vo(x) = 4o(x)
For each frame t
for each pixel x such that 4,(x) # 0:
Vi(x) = Vi (x) + sgn(N x 4,(x) = Vi_y(x))
4
For each frame t
for each pixel x:
if A,(x) < Vi{x)
then D(x) =0
else D(x)=1

(1) Computation of the -4 mean. (2) Computation of the difference
between the image and the -4 mean (motion likelihood measure). (3)
Computation of the X4 variance defined as the 2—4 mean of N times the
non-zero differences. (4) Computation of the motion label by comparison
between the difference and the variance.
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a XA filter of the difference sequence 4,. This provides a
measure of temporal activity of the pixels. As we are inter-
ested in pixels whose variation rate is significantly over its
temporal activity, we apply the ~—4 filter to the sequence
of N times the non-zero differences.

Finally, the pixel-level detection is simply performed by
comparing 4, and V, (Table 1(4)).

Fig. 1 displays an example of the evolution over time of
the different values computed as above, for three particular
pixels extracted from a country scene for a 500 frames
sequence. The solid line represents the input image I,
The dashed line corresponds to the X-A mean M,. The
impulses represents the difference A,. Finally, the dotted
line is the X-A variance V, (using N =4). The detection
label D, is not represented explicitly, but corresponds to
the Boolean indicator of the condition “an impulse is over
the dotted line™.

The pixel used in Fig. 1(1) is a pixel in a still zone, with
flat temporal activity, such as a remote area of the static
background (in our example, a sky lightly covered with
slowly moving clouds). For such pixels, the high frequency
variation corresponds to temporal noise due to the acquisi-
tion and digitization processes. The low frequency varia-
tions are due to illumination changes or slow motion of
low contrast objects.

The pixel used in Fig. 1(2) is a pixel in a motion area,
such as tracks or corridors (in our example, a country road
with 2 vehicles passing away). In that case, the moving
objects give rise to sharp changes that are not taken into
account by the X-4 mean, and then the difference signal
shows a peak. Such peaks are discriminated thanks to the
comparison with the X-A variance.

The pixel used in Fig. 1(3) is a pixel in a clutter area, i.e.,
a zone of physical changes due to intrinsic nature of the
scene rather than moving objects. Examples of such areas
are: trees moving with the wind or river (in our example,
high grass in the foreground of the scene). In that case,
the difference signal shows a repetition of peaks, and if
these peaks are close enough from each other with respect
to the delay induced by X—4 modulation, then they will be
taken into account in the X—A variance, in such a way that
the difference will remain less that the variance.

The fundamental features of the 2—A estimation, i.e., its
non linearity and median convergence property come from
the fact that the statistics M, is always updated with a
constant increment +1, not depending upon the difference
between the current sample and the current mean
(I, — M, ). If the increment depended linearly on the
difference, we would get M,=M, | +oll,— M,_;)=
of, + (1 — a)M,_;, that is, the classical recursive exponen-
tial filter (or moving average) used, typically, in the recur-
sive Gaussian Fitting methods (Wren et al., 1997; Stauffer
and Grimson, 2000; Power and Schoonees, 2002). In its
simplest form, o is a real constant in the interval ]0,1[.
Fig. 2(1) and (2) displays comparison between the XA
mean and the moving average, on a temporal sequence cor-
responding to the passage of a moving object. Note the dif-
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Fig. 1. Temporal variation of a pixel value and the corresponding X—4
estimation, for pixels taken in three different areas (1) still area, (2) motion
area, (3) clutter area.

ference between the unity slope of the 2—4 mean (Fig. 2(1))
and the exponential decrease of the moving average
(Fig. 2(2)). In the more robust form of the Gaussian fitting
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Fig. 2. Comparison between (1) X-A estimation. (2) Moving average
(= 1/16). (3) Forgetting morphological operators (o = 1/8).

estimation, o is no more a constant but is calculated from
the probability of the current sample, i.e., a(t) = A7) (1,),
where 4™, (x) is the normal density function of mean u
and variance o®. The variance V, is estimated by the mov-

ing average of the squared differences (7, — M,)*>. Computa-
tion of the square and of the Gaussian probability of the
sample make these methods sensitive to the numerical
approximations, whereas the X-4 estimation only uses
exact integer computations. However, a nice feature of
the Gaussian fitting methods is their extension to the esti-
mation of multimodal Gaussian distributions (Stauffer
and Grimson, 2000; Power and Schoonees, 2002), that
allows to deal with very complex scenes. In the same
spirit, we shall present, in Section 4, an extension of the
2—A estimation adapted to complex backgrounds.

Fig. 2(3) also shows the behavior of another simple
recursive estimation method, based on the forgetting
morphological operators (Richefeu and Manzanera,
2004), because they will be used later in our algorithm,
under the form of their spatial counterparts (see Section
3). The forgetting temporal dilation (resp. erosion) is
defined by M,=oal,+ (1 — a)max(l,, M,_;) (resp. m,=
o, + (1 — a)ymin(Z,,m,_)).

Fig. 3(1)—(4) displays the result of the algorithm of Table
1 for one frame of an urban traffic sequence. The four
images represent respectively I,, M;, V; and D,. It can be

1 a¥ 3 [ // f‘
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Fig. 3. Result of the -4 detection on a traffic sequence. (1) ,, (2) M,, (3)
V, (displayed with reverse video and normalized histogram), (4) D,
(N =2), (5) V, with simulated oscillations of the camera (displayed in
reverse video and normalized histogram) and (6) D, for the oscillating
camera (N = 2).
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seen that the discrimination of “moving” pixels corre-
sponds to the detection of temporally salient pixels with
respect to the temporal activity. This allows to discard
irrelevant (clutter) motion, but also to be less sensitive to
sensor oscillations, as it is shown in Fig. 3(5) and (6): A
uniform random oscillation of +1 pixels has been simu-
lated on the same sequence. In this case, M, converges to
an approximation of the spatiotemporal median, and then
V, (Fig. 3(5)) emphasizes the regions of high contrast,
thus increasing the local threshold in these regions, and
avoiding the detection of the whole scene contour in D,
(Fig. 3(6)).

The only visible parameter of this method is N, the num-
ber used in the computation of the variance V,. The range
value of N is small (between 1 and 4), and usually a power
of 2 is chosen for optimization purposes. Furthermore, it
can be automatically adjusted with respect to a noise esti-
mation. Such estimation can be performed by counting
the isolated pixels in the detection result D,, under the (clas-
sical) hypothesis that such detected pixels are only due to
noise.

In fact, there is another parameter which is less obvious;
it is the frequency of update of the X—4 statistics. This fre-
quency has a dimension of number of gray levels per sec-
ond. It is then clear that it has to be adapted to (1) the
dynamics of the image (number of gray levels), (2) the
acquisition frequency (frame rate). We usually use the same
frequency as the frame rate for 25 Hz sequences of 8 bits
images, but it can be lowered to adjust to the size and
velocity of the observed objects in the application. In Sec-
tion 4, we will present a sophistication of the method based
on a multi-frequencies >—4 estimation, in order to better
discriminate the foreground in the case of a scene present-
ing a wide range of different motions.

As suggested by Lacassagne in (Denoulet et al., 2005),
the robustness of the X-A estimation can be further
improved by updating M, only when 4, < V,. In this article,
we make the choice to inhibit locally the update only after
the spatial processing (see Section 3).

The X-A background estimation provides a simple and
efficient method to detect the significantly changing pixels
in a static scene, with respect to a time constant depending
on the number of gray levels, and on the frame rate. Nev-
ertheless it is a pure temporal processing, which can only
provide pixel-level detection. In the following section, we
present some spatial processing, to enhance and regularize
the detection result.

3. Spatiotemporal processing

Recently, we have presented a Markovian modeling to
perform a spatiotemporal regularization of the pixel-level
2—A detection. It was an adaptation of the iterative algo-
rithm presented in (Caplier et al., 1996 and Lacassagne
et al., 1999), using the pixel-level detection D, as initiali-
zation, and the X-A difference 4, and variance V,, as a
couple of observation fields used in the design of the

energy. Details can be found in (Manzanera and Riche-
feu, 2004).

We present here another regularization strategy. The
spatiotemporal processing that we propose in this section
has a threefold purpose:

e climinate the non significant pixels from the detection
(noise, false detection), and enhance the segmentation
of the moving objects;

e reduce the ghost effect, that produces false detection at
the loci from where a moving object leaves after a long
stay;

o reduce the aperture effect, that causes a poor detection
for the objects whose projected motion is weak, e.g.,
radially moving objects.

3.1. Common edges hybrid reconstruction

The first part of the spatial processing is composed of
gray level operations. The inputs are: (1) the original image
I, and (2) the X-4 difference image 4,. The purpose of this
module is to eliminate the ghost objects in 4, by discrimi-
nating them within /,. The actual operation we perform is
the following one:

4, = HRecy (Min(|[V(1)[|, [V (4)]) (1)

Roughly speaking, this means the “reconstruction” (we
shall make this word explicit later) within 4,, of the image
of the minimum between the gradient module of 4, and the
gradient module of 7,. The semantics of this formula is: “4;
is made of the components of 4, that are also in 7,”. Let us
now detail the actual computation.

The gradient modules of 4, and I, are computed by esti-
mating the first derivative components with convolutions
with Sobel masks, and then computing the Euclidean norm
of the vector. We then compute the minimum image Min,
defined for every pixel x by Min(/y, )(x) = min(/(x),
I)(x)). This acts like a logical conjunction, retaining only
the edges that belong both to an object of 4,, and of ..

In order to recover the whole object in 4,, and not only
its edges, we perform a ‘“‘reconstruction” of the common
edges Min(||V(1))||,[|V(4,)||) within 4,.

The first idea should be to use the classical geodesic
reconstruction Rec’(X), defined by the relaxation of the
geodesic dilation ) (X) = Min(d5(X), Y) (J is the morpho-
logical dilation, B the elementary structuring element de-
fining the topology, Y the reference image, X the marker
image). In fact the geodesic reconstruction is not adapted,
because the sole connection criterion is not robust enough,
and in most cases, the object and its ghost are both
reconstructed.

We rather use the hybrid reconstruction operator, based
on the forgetting morphological operators that we intro-
duced in (Richefeu and Manzanera, 2004). First we define
the hybrid dilation as the spatial version of the forgetting
dilation, computed by the causal sequence:
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HDIL(1)" (x,y)
= al(x,y) + (1 — a) max(I(x,y), HDil,(1)” (x — 1,y))
(2)

followed by the anti-causal sequence:

HDIL(1)" (x,y)
= oHDil, ()" (x,y)
+ (1 — o) max(HDil, (1) (x,y), HDilL,()"" (x + 1,y))
(3)

then the causal sequence vertically:

HDil, (1) (x, )
= oHDil, ()" (x,y)
+ (1 — 2) max(HDil,(N" (x,y), HDil,(1)* (x,y — 1))
(4)
and finally:
HDIil,(I)(x,y)
= aHDil, (1) (x,y)
+ (1 — o) max(HDil,(1)? (x,y), HDil,(I)(x,y+ 1))
(5)

Here 1/o has the dimension of a spatial radius, and thus
the parameter « replaces the structuring element.

The hybrid reconstruction is based on the same scheme,
using the sequence:

HRec! (1) (x,y)
= min(J (x, ), ol (x, )
+ (1 — o) max(I(x, ), HRec)(1)"" (x — 1,))) (6)

and so on.

The behavior of the hybrid reconstruction can be seen in
Fig. 4, where the objects (cars, pedestrian) move after leav-
ing a halt 20 frames before. The advantage of the hybrid
reconstruction in this application is to “forget” gradually
(exponentially to be precise) the marker, which acts like a
confidence function, instead of being strictly based on the
connectivity.

It can be seen that the success of this common edges
marking step depends on the contrasts of the background
itself, (see Fig. 4(7)—(10)). But we have focused here on
extreme cases, the objects being completely still and
encrusted in the background at the beginning. Further-
more, as we will see at the end of this section, the relevance
feedback will also reduce significantly the ghost effect.

3.2. Binary spatiotemporal morphology
After computing the hybrid reconstruction, we perform

the adaptive thresholding on 4 (instead of 4, in the purely
temporal version):

If 4>V, then D,=1 else D,=0 (7)

We then climinate the small connected components on D,
using the opening by reconstruction:

L = Rec” (e, (Dy)) (8)

where ¢ is the morphological erosion, and B, the structur-
ing element, is a ball of radius 4.

Finally, we perform a temporal confirmation by comput-
ing another reconstruction:

L = Reth(O) (ng)l ) 9)

L, represents the final label, the result of the detection. Its
semantics is: the objects “bigger than’ A that appear on 2
consecutive frames. It is illustrated in Fig. 5, using 4 =1,
on a sequence showing two people walking.

3.3. Relevance feedback

As indicated in Section 2, the whole detection is made
more robust if the background is not modified for the pix-
els of moving objects. We adopt this strategy by updating
2—A mean M,(x) only where L,(x) = 0. This implies a reor-
dering of the algorithm shown in Table 1. The complete

9) (10)

Fig. 4. Ghost busting by hybrid reconstruction of the common edges
(o =1/8). First example (1 car): (1) 1, (2) 4,, (3) |[V(4)|l, (4) V()] (5)
Min(|[V(4,)|, [IV(I)]]), (6) 4,. Second example (5 cars, 1 pedestrian): (7) 4,,
(8) IV, (9) Min([|[V(4)], (VU] (10) 4;.
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(1) (2) (3)

Fig. 5. Binary spatiotemporal morphology. (1) D,, (2) L;O) and (3) L,.

algorithm is then displayed in Table 2, discarding the pixel
index x.

The relevance feedback effect can be seen in Fig. 6,
showing a detail of a scene with two cars driving after a
stop at a red light. This strategy improves the detection
result by delaying the contribution of the moving objects
to the background. This reduces significantly both the
ghost effect and the aperture effect (radial movements).

As indicated in (Denoulet et al., 2005), it is safer, at this
low level of processing, to apply the relevance feedback
only to the mean M, instead than the two estimates M,
and V,, to avoid false detection objects to settle in the back-

Table 2
The complete X4 detection algorithm with relevance feedback

Signed difference
S;=M,—1
Variance updating
if |S,] # 0:
Vi=Vi1+sgn(Nx|S|— Vi)
Common edges hybrid reconstruction
4, = HRecY (Min(|V (1)1, [V (S.))]))
Temporal detection
if 4, <V,
then D, =0
else D, =1
Spatiotemporal binary processing
LY = Rec? (g5, (D,))
L= Ree” (1)
Mean updating with relevance feedback
if L,=0:
M, =M, +sgn(S, — M, 1)

(1) (2) 3)

Fig. 6. Relevance feedback. (1) Original image, (2) 2-4 background and
(3) background with relevance feedback.

(2a) (2b) (2¢)
.3 b4 R
(3a) (3b) (3¢)

Fig. 7. Result of the -4 detection with spatial processing on an indoor
(Hall) sequence, shown at 3 frames: (a) # = 60, (b) # = 130, (c) ¢ = 200. (1)
Original 7;, (2) 2-4 mean M,. (3) Detection label L,.

ground. Relevance feedback can be used on both M, and V,
if a high level of confidence is reached in the detected
objects. This can be achieved by using further processing
(e.g., kinematic filtering), that is beyond the scope of this
article.

Fig. 7 shows the results of the full algorithm on an
indoor sequence (the “Hall” sequence). The results illus-
trate the effect of the spatial processing and relevance
feedback on the reduction of the aperture effect: the
two persons are well detected although they are moving
radially with respect to the camera.

4. Multiple background X-A estimation

The spatiotemporal processing and relevance feedback,
presented in the previous section, allows a visible enhance-
ment of the robustness, in the case of slowing down, stop-
ping or radially moving objects. Nevertheless, the X~-A
estimator is characterized by a time constant: its updating
period, which has a dimension of number of gray levels
per second. This induces a limitation of the basic approach
in the adaptation capability to certain complex scenes, typ-
ically in the case of scenes permanently crossed by lots of
objects of very different sizes and velocities. We propose
in this section a generalization framework of the 2-4 esti-
mation to multiple backgrounds.

The principle is to compute instead of one single back-
ground M,, a set of K backgrounds {m/} ;.. Each back-
ground m is characterized by its updating period «; and by
its phase ¢;. A set of K variances v} is also computed as the
-/ mean of the differences between I, and m!. The back-
ground/foreground decision is then made by comparing
the sample to every background, which is attached a confi-
dence value that is (1) proportional to o; and (2) inversely
proportional to v!.

Table 3 shows an example of computation of multi-fre-
quencies background using K different periods o < --- <
ag. The phases are discarded in this example. The X—4 means
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Table 3
The multi-periods background X—A estimation

Multiple mean updating
For each frame t,
for each i, i € [0, K],
if ¢ is a multiple of o;:
my = m_ +sgn(m; " —mj_,)
Multiple variance updating
For each frame ¢,
for each i, i € [0,K],
8 = |1, —m|
if 6, #0:
v = v, +sgn(N x5, —v]_,)
Mean computing
For each frame ¢,

Teoss
i€0.K] o]
D ik o
i€[0.K] of

M, =

m:  can be computed recursively: ml=ml |+
sgn(m:~! —mi_|), with the convention m? = /,. In this exam-

ple, we compute explicitly a ““best confidence” background

(4a) (4b)

Fig. 8. Multi-periods background X-4 estimation computed on a complex
scene (Luxembourg sequence), shown at two instants (a) ¢t = 1136, (b)
= 2896. (1) Original /,. (2) Short-term background m/ (o;; = 1). (3) Long-
term background m? (a3 = 16). (4) Best confidence background M,.

M,, as shown in the last line of Table 3. The principle of
the confidence coeflicients attached to every background m/
is to give more weight to long-term backgrounds, in order
to favor the most frequent value over long periods, and at
the same time, the weights are lowered accordingly to the
variance, in order to allow adaptation to a changing
background.

Fig. 8 shows an application of the multi-periods 24
estimation on a complex scene. This corresponds to a
sequence taken in a very frequented part of the Jardin du
Luxembourg. The scene is never empty, with lots of people
stopping and remaining more or less still for different
periods. For this sequence, we have taken K=3, o; =1,
o, =28, az=16. This framework clearly enhances the
robustness of the detection with respect to the range of
motion models, while preserving a good adaptation cap-
ability to changing conditions. See for example in Fig. 8:
at frame (a), best confidence is globally given to the long-
term mean. At frame (b), the camera has been shifted just
before, and so, in the upper part of the image, best confi-
dence is given to the short-term mean, while in the lower
part of the image, the confidence remains higher for the
long-term, which prevents the two stopped people to
appear in the final background.

5. Conclusions

We have presented a new algorithm allowing a robust
and accurate detection of moving objects for a small cost
in memory consumption and computational complexity.
We have emphasized the nice properties of the 2-4 filter
for the detection of salient features in time-varying signal,
showing that the interest of such filter goes well beyond
its temporal median convergence property.

We have proposed a new spatiotemporal regularization
strategy, using an original hybrid reconstruction method
and spatiotemporal binary morphology, to exploit the spa-
tial correlation and increase the confidence of the X-A
detection.

We have presented a generalization framework for mul-
tiple X—A estimation allowing to deal with complex scenes
by combining X-4 estimates with different frequencies or
phases.

Because it only relies on pixel-wise or spatially limited
interactions, the main part of this algorithm (everything
excepted the common edge hybrid reconstruction module,
which is a recursive scan algorithm) is suited to a massively
parallel implementation. We have realized an implementa-
tion of the algorithm (temporal processing plus spatiotem-
poral morphology) on a programmable artificial retina
(Komuro et al., 2003), which is a fine-grained parallel
machine with optical input. The algorithm is indeed well
adapted to the architecture, which consists in a mesh of
tiny processors with limited memory and computation
power. For a 200 x 200 retina array running at 25 MHz,
using 8 bits per pixels: the computation performance is
2.25ms per frame, of which only 0.75 ms for the sole
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computation, and the rest for the acquisition. (Denoulet
et al., 2005) have also made an implementation of the X—
A background estimation associated with Markovian relax-
ation on the Associative Mesh of Orsay (Mérigot, 1997)
which is a massively parallel asynchronous machine with
programmable topology.
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Abstract. The X-A background estimation is a simple non linear me-
thod of background subtraction based on comparison and elementary
increment /decrement. We propose here some elements of justification of
this method with respect to statistical estimation, compared to other re-
cursive methods: exponential smoothing, Gaussian estimation. We point
out the relation between the X-A estimation and a probabilistic model:
the Zipf law. A new algorithm is proposed for computing the back-
ground /foreground classification as the pixel-level part of a motion de-
tection algorithm. Comparative results and computational advantages of
the method are commented.

Keywords: Image processing, Motion detection, Background subtrac-
tion, X-A modulation, Vector data parallelism.

1 Introduction

Background subtraction is a very popular class of methods for detecting moving
objects in a scene observed by a stationary camera [1] [2] [3] [4] [5]. In every pixel
p of the image, the observed data is a time series I;(p), corresponding to the val-
ues taken by p in the video I, as a function of time . As only temporal processing
will be considered in this paper, the argument p will be discarded. The princi-
ple of background subtraction methods is to discriminate the pixels of moving
objects (the foreground) from those of the static scene (the background), by de-
tecting samples which are significantly deviating from the statistical behaviour
of the time series. To do this, one needs to estimate the graylevel distribution
with respect to time, i.e. fi(x) = P(I; = ). As the conditions of the static scene
are subject to changes (lighting conditions typically), f; is not stationary, and
must be constantly re-estimated. For the sake of computational efficiency, which
is particularly critical for video processing, it is desirable that f; should be rep-
resented by a small number of estimates which can be computed recursively. In
this paper, we focus on recursive estimation of mono-modal distributions, which
means that we assume that the time series corresponding to the different values
possibly taken by the background along time, presents one single mode. This
may not be a valid assumption for every pixel, but it does not affect the interest
of the principle since the technique presented can be extended to multi-modal
background estimation.
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The X-A background estimation [6] [7] [§] is a simple and powerful non linear
background subtraction technique, which consists in incrementing (resp. decre-
menting) the current estimate by an constant value if it is smaller (resp greater)
than the current sample. Our objective is to discuss the foundations of this
method, with regards to statistical estimation. We show the relation between
the X-A estimation and the probabilistic model of Zipf-Mandelbrot, and com-
pare it with two other recursive methods: exponential smoothing and Gaussian
estimation. Section [ presents the general framework of recursive estimation.
Section [3] presents the particular case of X-A estimation, and provides the full
numerical algorithm to compute it in the mono-modal case. Section [] shows
some results and discuss the computational advantages of X-A background sub-
traction, proposing in particular a complete vector data parallel implementa-
tion adapted to the SIMD-within-register framework. Section Bl concludes and
presents the possible extension of the primitive algorithm.

2 Recursive Estimation

If one should represent f; by one single scalar estimate, one of the most natural
would be the average M; of the time series I;. The naive recursive computation:
M, = 11} + tlet,l can be used as initialisation for the small values of t,
but is not numerically realisable for long series. So one common solution is
to use a constant weight (or learning rate) o €]0, 1] for the current sample:
My = aly + (1 — a)My_q. This is sometimes referred to as running average, and
corresponds to the recursive implementation of exponential smoothing.

One way of generalising this is to write the updating equation in an incre-
mental form: M; = M;_1 + 6;(I;), where &; is the increment function, depending
on the current sample I;. In the case of exponential smoothing, ¢; is the affine
function o(Iy — My—1) (Fig.[1)). This linear dependence is not satisfying, since,
in most cases, a sample which is far from the average is out of the background
model and should have little effect on the estimate updating. This problem can
still be addressed in the exponential smoothing framework, by using two distinct
constants a1 and a such that oy > s, and by defining &;(1;) = ay (I — My—q) if
I is in the background model, and 6;(I;) = ag(I;— M;—_1) if I, is foreground. This
results in a discontinuous increment function é;, as shown in Fig. [[(2), where
the decision background/foreground is done by simply thresholding the absolute
difference: The pixel is foreground if |I; — M;_1| > Th. It appears however, that
the discontinuity of §; makes the choice of Th critical.

To get a more continuous behaviour, we shall follow [9], who suggests that
the weight o attached to the current sample I; should depend on its probability
f+(I}). But, as noted by [10], the mere product é6:(;) = fe(L+) X a(ly — Mi—1)
suggested by [9] is not usable in practise because of increments too small in
general to be numerically operative. A proper way to achieve this, if a4, is the
maximal desired weight, and as M;_; is the mode of the current distribution f,

is to use:
6 _ amaxft(lt)
t

= ft<Mt71) X (It — Mt—l)- (1)
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If we use a Gaussian distribution as density model like in [9], we get the
following increment function:

—(Iy — My_1)*

2%71 ) X (It — Mt—1)~ (2)

6t = Qnax X eXp(

The model needs the temporal variance V4. In [9], it is computed as the Gaus-
sian estimation of the series (I; — M;)?. But this leads to a double auto-reference
in the definitions of M; and V4, which is prejudicial to the adaptation capabil-
ity of the algorithm. We recommend rather to compute V; as the exponential
smoothing of (I; — M;)?, using a fixed learning rate ay .

One of the interest of computing V; is that it provides a natural criterion of
decision background/foreground through the condition [I; — M;| > N x /V;,
with N typically between 2 and 4. Note that the increment function (Fig. [Ii(3))
is very different from the previous ones, and has a derivative-of-Gaussian shape.

This Gaussian estimation provides some attractive features compared to the
exponential smoothing: the update of the estimates depends on the probability
of the current sample, and the increment values are globally higher when the
background density is more dispersed. Nevertheless, it is less used than expo-
nential smoothing because of the computational load much higher. Now, what
does the increment function look like if we take the Zipf law as the probabilistic
model 7

3 Zipfian Background Estimation

Originally the Zipf law is an empirical principle [I1] at the crossroads of linguistic
and information theory, stating that, in any sense-making text, the probability of
occurrence of the n'® most frequent word is 1/n the probability of occurrence of
the (first) most frequent word. So the Zipf distribution is a hyperbolic decreasing
function. Recently, it has been used in several applications of image processing
[12], in particular as a model for the distribution of local spatial features. We
use it here as a model for (pixel-wise) temporal distribution.

Because of the divergence of the sum 1/n, the Zipf density function includes
a power factor: 1/n®, with s > 1. The general expression of the continuous
symmetric Zipf-Mandelbrot distribution can be written:

(s — 1)kt

(o — ] + k)*" ®)

Z(p,,k:,s)(x) = 2
In this expression, the parameter p represents the mode of the distribution,
and k determines its dispersion. The remarkable property of Z, taken as the
density model f; of the time series I; (and then, replacing eq. Blin eq. ), is the
shape of the increment function §; (Fig. [DI(3)), which is close to the Heaviside
shaped function: H(, () = —k if @ < p, +x if © > p, with £ = @nek®.
Thus it is naturally related to the X-A modulation, classically used in Analog
to Digital Conversion:
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Affine increment function Piecewise affine increment function

increment
increment

. 0=1/32 ol |
8 s o —a=116] ‘ m =100, Th=30, a,=1/16, mzzw/si
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(1) (2)

Gaussian increment function Zipfian increment function

N [ =

increment
increment

3) (4)

Fig. 1. The different increment functions é: associated to the different distribution
models: (X axis: graylevel I+, Y axis: increment value 6;(I¢)). (1) Exponential smoothing
(plain: @ = 1/32; dashed: o« = 1/16) (1) Bi-level exponential smoothing (m = 100,
Th = 30, ar = 1/16, a2 = 1/32) (3) Gaussian laws, amaee = 1/4 (plain: p = 100,
o = 30; dashed: p = 150, o = 50) (4) Zipf laws, @maz = 1/4 (plain: p = 100, k = 1,
s = 1.1; dashed: p =150, k =5, s = 1.1).

For every time step At:

If Mtht > It then Mt = Mtht — &

If Mtht < It then Mt = Mtht +e€ ;

Here, the average increment per time unit is x = £, . Digitally, the elementary
increment € is the least significant bit of the representation, i.e. 1 if the values are
integer-coded. Adaptation to the dispersion of the model can then be done by
tuning the updating period At: the greater the variance, the smaller At should
be. The following algorithm reproduces such behaviour. The principle is to attach
to every pixel, in addition to the mode estimator M;, a dispersion estimator V;.
Suppose that V; €]0,2™ — 1, which means that it is coded on m bits:

For every frame ¢: {
rank = ¢ % 2™ ; pow2 = 1 ;
do { pow2 = 2x pow?2 ; } while((rank % pow2 == 0) && (pow2 < 2™))
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I (Vir > 20,0 |
If My_1 > I; then My = M;_1 — 1 ;
If My_1 < I; then My = M;_1 + 1 ;
}

Dy = |It - Mt| ;

If (t % Ty ==0) {
It Vi1 > max(Vipin, N X Dy) then V; =V, — 1 ;
It Vio1 < min(Vige, N X Dy) then V; = V1 + 1 ;
}

}

Here %y is x modulo y. The purpose of the two first lines of the algorithm
(which are computed once for all the pixels at every frame) is to find the greatest
power of two (pow2) that divides the time index modulo 2™ (rank). Once this
has been determined, it is used to compute the minimal value of V;_; for which
the X-A estimate M; will be updated. Thus the (log-)period of update of M, is
inversely proportional to the (log-)dispersion: if V; > 2™~! M, will be updated
every frame, if 272 < V; < 2™~ M, will be updated every 2 frames, and
SO on.

The dispersion factor V; is computed here as the X-A estimation of the ab-
solute differences Dy, amplified by a parameter N. Like in Gaussian estimation,
we avoid double auto-reference by updating V; at a fixed period Ty . V; can be
used as a foreground criterion directly: the sample I; is considered foreground if
Dy > Vi Vipin and V4, are simply used to control the overflows ; 2 and 2™ — 1
are their typical values.

Note that the time constants, which represent the period response of the
background estimation algorithm, are related here to the dynamics (the number
of significant bits) of V;, and to its updating period Ty . For the other methods,
the time constants were associated to the inverse of the learning rates: 1/« for
the exponential smoothing and 1/qy,4. and 1/ay for Gaussian estimation.

4 Results

FigurePlshows the background estimation for all the time indexes, and one par-
ticular pixel. This is a difficult case for pixel-level motion detection: an outdoor
scene where the background signal (high grass meadow with wind) is corrupted
by the passage of two foreground objects. The Boolean condition ” Dy > V;” is
used as foreground classification.

Figure [ shows the result for all the pixels, at 4 different time indexes of the
classical Hall sequence, in which two people are moving in radial motion, i.e. in
the direction of the optical axis. This is a difficult case too, since the values in
the centre of the moving objects do not change much (aperture problem). For
reference, the last row of Figure [ displays the hand drawn ground truth for the
4 frames.
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Fig.2. Y-A background estimation running on a given pixel. (X axis: time index,
Y axis: graylevel). All values are 8-bit coded. Amplification factor N is 2. Variance
updating period Ty is 1. Plain line: I3, Dotted line: M;, Impulses: D;, Dashed line: V4.

This ground truth is used for the quantitative evaluation (detection and false
alarm rates are averaged on these 4 key frames) shown on Table[I] for different
values of the amplification constant N, and of the updating period Ty . Those
results are resumed on Figure Fl where the 9 Y-A algorithms are compared
with 6 different Gaussian algorithms. Note that these figures relate to pixel-
level methods, and should not be interpreted in absolute, since a simple spatial
regularisation appreciably improves the two measures, in all cases.

Table 1. (Detection, False alarm) rates for 9 X-A background subtraction algorithms.
Measures are averaged on the 4 key frames of the Hall sequence.

N=1 N=2 N=4
Ty =1 (0.74,0.25) (0.62,0.10) (0.53,0.02)
Ty =8 (0.91,0.38) (0.87,0.23) (0.85,0.12)
Ty = 32 (0.95,0.45) (0.94,0.38) (0.94,0.33)

The relevance and power of the X-A estimation, as a pixel-level temporal
filter, is comparable to that of the Gaussian estimation, whereas its computa-
tional cost is even inferior to that of exponential smoothing. Indeed, the algo-
rithm proposed in Section [ is straightforward to compute in any fixed-point
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Moot 4

Fig. 3. Background subtraction shown at different frames of the Hall image sequence.
Row 1: Original sequence, frames 38, 90, 170 and 250. Rows 2 and 3: X-A Background
and foreground, with N=2, and 7v = 8. Row 4: (Fore)ground truth.

arithmetic, using an instruction set limited to: absolute difference, comparison,
increment /decrement. Thus, it is well adapted to real-time implementation using
dedicated or programmable hardware.

Another important computational property of ¥-A background subtraction,
is that, once chosen the number of bits used to represent the estimates M; and
V4, every computation can be made at full precision without increasing the data
width. This allows in particular to make the most of the data parallelism pro-
vided by the SIMD-WAR (Single Instruction Multiple Data Within A Register)
paradigm, which consists in concatenating many short operands in one single
very long variable, and then applying scalar operations on the long variables.
This implementation is available on most personal computers, using for exam-
ple the SSE-2 (Streaming SIMD Extensions 2) instructions of the Intel®C++
compiler [I3]. We provide hereunder the vectorised pseudo-code of the X'- A back-
ground subtraction. Here, a 16-times acceleration is achieved by performing the
operations on a 128-bit register made of 16 8-bit data.

vmin = 2; vmax = 255; logN = 1; Tv = 4;// Scalar constants definition
// Vector constants definition: creates 128-bit constants

// by concatenating 16 8-bit constants

VMIN = vectorl6_define(vmin);

VMAX = vectorl6_define(vmax);

// Sigma-Delta initializations

for(i=0; i<height; i++) {
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Fig. 4. Detection / false alarm rates diagram, for 9 X-A and 6 Gaussian background
subtraction algorithms. Measures are averaged on the 4 key frames of the Hall sequence.

for(j=0; j<width/16; j++) {

= =
|

|
|
|
}

I =1I(0);// 1(0): first image
=1I; // M(0) = I(0)
VMIN; // V(0) =

vmin

or(t=1; t<=tstop; t+=1) {// Time Loopkkskkskksskkskkskkskkkskkskkkkkokkskkkokkkkk
// Computation of the update threshold according to the time index

rank = (t256); pow2 = 1; thres =
do { pow2 =

} while

256;
thres/2;
(((rank’pow2)==0)&& (thres>1)) ;

pow2%*2; thres =

for(i=0; i<height; i++) {// Space loop -

| for(j=0;

M =

MAX
MIN

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
| D =
|

|
|
|
|
|
}
f
|
|
|
|
| TH = vector16_define(thres);// vector variable
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

j<width/16; j++) {

| // (1) Update of Background M(t)

I = I(t);//loading I(t)

UPDATE = vectorl6_compare_greater(V,TH);// Comparison (>)

//if V(t-1)>th, update= FF (-1), else update = 0

Cl = vectorl16_compare_greater (I,M);

//if I(£)>M(t-1), cl= FF (-1), else cl = 0

C2 = vector16_compare_less(I,M);// Comparison (<)

//if M(t-1)>I(t), c2= FF (-1), else c2 = 0

Cl1 = vector128_and(C1,UPDATE);// Bit-wise logical AND: Update is
C2 = vector128_and(C2,UPDATE);// effective only if V(t-1) > th

M = vector16_sub(M,C1);//M(t) = M(t-1) - ci
vectorl6_add(M,C2);//M(t) = M(t-1) + c2
// (2) Computation of absolute difference D(t)

vectorl16_max(I,M); // max(I(t),M(t))
vector16_min(I,M); // min(I(t),M(t))

vector16_sub(MAX,MIN); // d = |I(t) - M(t)|
// (3) Update of variance V(t): one over Tv frames
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if (¢ % Tv == 0) {
| ND =D; // Difference amplification (Saturated addition)
|  for (k=1;k<=logN;k++) ND = vector16_add_sat(ND,ND);

| BDEC = vector16_max(ND,VMIN);// Variance is bounded

| BINC = vector16_min(ND,VMAX);// between Vmin and Vmax

| €1 = vectorl6_compare_greater (V,BDEC) ;

| //if V(t-1)>max(D(t),Vmin) cl= FF (-1), else cil
| €2 = vectorl16_compare_less(V,BINC);

| //if V(t-1)<min(D(t),Vmax) c2= FF (-1), else c2
|

|

}

0

]
o

V = vector16_add(V,C1);//V(t) = V(t-1) + c1
V = vector16_sub(V,C2);//V(t) = V(t-1) - c2

// (4) Computation of Foreground label L(t)
L = vector16_compare_greater(D,V);

|
|
|
|
|
|
|
|
|
|
|
|
|
|
| //if D(£)>V(t) L(t)= FF, else L(t) =0
}

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
}

// end of space loop
// end of time Loopssksksksskkkkkkkkkkkkkkkkok ok ok ok koo k ok k ok ok ok

5 Conclusion and Extensions

We have proposed a justification of using the Y-A estimation as a background
subtraction method, based on the use of the Zipf law as a density model. We
have proposed an algorithm implementing this method and allowing to adapt
the background updating to the temporal dispersion. We have shown the com-
putational advantages of the X-A estimation, illustrated by the vector SIMD
implementation.

The limitations of this algorithm - used ”as is” in a motion detection system -
are inherent to its mono-modal nature: first, one single mode in the density model
can be inefficient to discriminate moving objects over a complicated background,
and second, one single dispersion estimate, related to one time constant, may not
be sufficient for certain kind of motion such as remote objects with radial velocity
w.r.t. the optical centre. Nevertheless the basic model can be enriched, either
by using a multi-modal Zipfian distribution like it is done in [9] for Gaussian
estimation, or by using several time magnitudes, as shown in [g].
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Abstract The purpose of this work is to automatically
design vision algorithms for a mobile robot, adapted to its
current visual context. In this paper we address the par-
ticular task of obstacle avoidance using monocular vision.
Starting from a set of primitives composed of the different
techniques found in the literature, we propose a generic
structure to represent the algorithms, using standard reso-
lution video sequences as an input, and velocity commands
to control a wheel robot as an output. Grammar rules are
then used to construct correct instances of algorithms, that
are then evaluated using different protocols: evaluation of
trajectories performed in a goal reaching task, or imitation
of a hand-guided trajectory. A genetic program is applied
to evolve populations of algorithms in order to optimize the
performances of the controllers. The first results obtained
in a simulated environment show that the evolution pro-
duces algorithms that can be easily interpreted and which
are clearly adapted to the visual context. However, the
resulting trajectories are often erratic, and the generaliza-
tion capacities are poor. To improve the results, we propose
to use a two-phase evolution combining imitation and goal
reaching evaluations, and to add some constraints in the
grammar rules to enforce a more generic behavior. The
results obtained in simulation show that the evolved algo-
rithms are more efficient and more generic. Finally, we
apply the imitation based evolution on real sequences and
test the evolved algorithms on a real robot. Though sim-
plified by dropping the goal reaching constraint, the

R. Barate - A. Manzanera ()
ENSTA, 32 Bd Victor, 75739 Paris Cedex 15, France
e-mail: Antoine.Manzanera@ensta.fr

R. Barate
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resulting algorithms behave well in a corridor centering
task, and show certain generalization capacities.

Keywords Genetic programming - Computer vision -
Mobile robotics - Obstacle avoidance

1 Introduction

The autonomy of a mobile robot refers to its capacity of
interacting with a—possibly unknown—environment, with
the lowest level of human supervision. This capacity
obviously requires perception abilities. Amongst these,
vision is certainly one of the cheapest, most informative,
but most difficult to use.

Aside from perception, the other condition for acquiring
autonomy is cognition: the robot makes the most of
experiences gathered through learning or adaptation. An
abundance of work can be found in the literature combin-
ing machine learning and vision in mobile robotics.

But it is notable that, generally, the cognitive dimension
of vision itself is ignored: the visual processing is not the
fruit of learning but some benchmarked, validated, and
often sophisticated algorithm which produces features, and
only some descriptors attached to these features take part in
the learning process.

However, from a biological point of view, even the
earliest stages of visual perception are the result of an
adaptation process. For a mobile robot, using some simple
and ad hoc visual procedure results in a loss of genericity,
whereas using more sophisticated and robust visual feature
induces a high computational load, both solutions being at
the detriment of autonomy.

It is true that there are good combinatorial arguments for
not integrating image processing in the adaptation loop: the
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size and variability of data and algorithms lead to very high
computational costs. Nevertheless, the present develop-
ment level of High Performance Computing [15] allows us
to envisage massive concurrent computation of large
number of visual primitives on the same machine.

Our objective is to automatically design vision algo-
rithms that are well suited to a given environment, and to a
given task of a mobile robot. The task that we address in
this paper is the obstacle avoidance problem, as it is one of
the basics for the robot to acquire autonomy. Considering a
large family of visual primitives, we propose a generic
structure of visual obstacle avoidance algorithm, used to
construct any instance of valid algorithms from those
primitives. Evolutionary computation is then used, together
with an evaluation protocol to automatically select the
algorithms that are best suited in the current environment.
Experiments are shown in a simulated environment, then
on a real robot.

Section 2 recalls the related works, i.e. learning visual
obstacle avoidance techniques, or evolutionary computer
vision. Section 3 presents some state of the art visual
obstacle avoidance techniques (Sect. 3.1) used to define
the set of algorithmic primitives (vocabulary) chosen to
construct the algorithms (Sect. 3.2). The rules (grammar)
that construct valid obstacle avoidance algorithms are
presented in (Sect. 3.3). Section 4 presents the different
evaluation methods used to select the algorithms, first in
the context of reaching a given target (Sect. 4.1), and
then imitating an existing trajectory (Sect. 4.2). We then
present the evolution process, which is implemented
through genetic programming (Sect. 4.3). In Sect. 5, we
discuss the experimental results obtained in simulation.
The global evolution, and the behavior of the best
evolved algorithms are analyzed (Sect. 5.1). We then
perform a comparison of different strategies used to
improve the evolution (Sect. 5.2). Finally we evaluate the
generalization abilities of the evolved controllers (Sect.
5.3), i.e. their capacity to keep on avoiding obstacles
when their positions change (the environmental visual
appearance remaining the same). Section 6 presents the
results on a real Pioneer 3 DX Robot. We detail the
evolution principles in the real world and show the
evolved controllers, first in their evolution environment
(Sect. 6.1), and next in an unseen environment (Sect. 6.2).
Finally, Sect. 7 draws the conclusion and discusses the
perspective of this research.

2 Related works
Different machine learning methods have been proposed in

the literature for obstacle avoidance using vision. Michels
and Saxena [22, 29] used reinforcement learning to

@ Springer

associate depth to texture patches. Low and Wyeth [18]
used three-layer neural network to learn the robot heading
command from the apparent motion (optical flow) vector
field input. In these works, a depth map acquired by laser
range sensor is used as ground truth for supervision pur-
poses. In all cases, one visual primitive is used exclusively,
neglecting any other source of information. Le Cun et al.
[16] designed an obstacle avoidance learning system using
a neural network whose input is a pair of stereo images and
output is a steer angle. This system uses video and com-
mand sequences recorded by a hand guided robot as
supervised learning input.

On the other hand, evolutionary techniques have
already been used for robotic navigation and the design of
visual obstacle avoidance controllers [28, 34] but in
general vision is overly simplified. For instance, Marocco
[20] used only a 5 x 5 pixels retina as visual input. Aside
from obstacle avoidance, genetic programming has been
proved to achieve human-competitive results in image
processing systems, e.g. for the detection of interest
points, as shown by Olague and his co-workers [27, 31,
32]. Cooperative coevolution methods (e.g. Parisian evo-
lution) have also produced good results for obstacle
detection [26] and 3D reconstruction, the latter used either
for computing the 3D coordinates from a pair of images
[25], or for optimizing the placement of the different
cameras [5]. A recent tutorial on evolutionary computer
vision was given by Cagnoni [2].

Ebner and Zell have used genetic programming to
automatically design interest point detectors. From a set of
basic image operations, they first tried to retrieve an
existing operator (the Moravec detector), by minimizing
the sum of squared differences between the desired and
actual output images [6]. As a second approach, they used a
task dependent fitness based on the quality of matches
between two sets of interest points in a training sequence
[8]. Furthermore, they were also interested in the obstacle
avoidance problem and developed a monocular vision
system to center a robot in a hallway that performed quite
well [9]. However, this system did not use an automatically
evolved algorithm, instead it used the original Moravec
detector.

To our knowledge, only Martin [21] tried evolutionary
techniques with monocular images for obstacle avoidance.
The structure of his algorithm is based on the floor seg-
mentation technique and the evaluation is done with a
database of hand labeled real world images. The advantage
of such an approach is that the evolved algorithms are more
likely to work well with real images than those evolved
with computer rendered images. Nevertheless, it introduces
an important bias since the algorithms are only selected on
their ability to label images in the database correctly and
not on their ability to avoid obstacles.
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3 Generic structure of visual controllers
3.1 Visual obstacle avoidance algorithms

In the literature, the obstacle avoidance algorithms using
monocular vision can be clearly divided in two categories:
motion-based and appearance-based strategies.

The first category, sometimes referred to as “monocular
stereovision” uses the parallax principle, according to
which, when the robot moves in purely translational
motion, the apparent velocity of closer objects is greater.
This geometric property can be used through the estima-
tion—by image processing—of different types of measure:

e Jocal flow divergence, which is based on the local
apparent velocity, and which can provide the depth or
the time before impact of the projected point, depend-
ing on the available odometry information [3, 24].

e global flow balance, which is a measure of the
symmetry between the left and the right sides of the
apparent motion field. This technique is inspired by the
strategy of flying insects, which use it to center
themselves when flying in a narrow environment. The
insects naturally take advantage of their pair of lateral
sensors, however, the technique has been used with
success on an autonomous helicopter using a wide field
single camera [23].

Within this category, the necessary algorithmic primi-
tives are: computation of the apparent motion field (optical
flow), spatio-temporal smoothing filters, and regional
integral computations.

In the second category of visual obstacle avoidance
algorithms, a local visual feature is associated with con-
textual information, which can be related to depth, orien-
tation, or even to a segmentation of the projected scene in
principal surfaces (floor, walls typically) [14, 17, 33]. The
algorithmic primitives from this category are: multi-scale
and multi-orientation derivative measures, image threshold
and binarization functions, horizontal and vertical projec-
tion measures, and regional integral computations.

Our objective is now to construct a generic description
model of a visual obstacle avoidance controller which can
be used to automatically design a formally valid algorithm,
in such a way that any of the approaches presented above
could be derived as an instance of a valid algorithm.

3.2 Choice of the primitives

Generally speaking, a vision algorithm can be divided in
three main parts: first, the algorithm will process the input
image with a number of filters to highlight some features.
These features are then extracted, i.e. represented by a
small set of scalar values. Finally these values are used for

a domain dependent task, in our case to generate motor
commands to avoid obstacles. We designed the structure of
our algorithms according to this general scheme. First, the
filter chain consists of spatial and temporal filters, optical
flow calculation and projection that will produce an image
highlighting the desired features. We then compute the
mean of the pixel values on several windows of this
transformed image (feature extraction step). Finally those
means are used to compute a single scalar value by a linear
combination. We will use this scalar value to determine the
presence of an obstacle and to generate a motor command
to avoid it.

An algorithm is represented as a tree, the leaves being
input data (video image or scalar constant value), the root
being output command (generating linear and yaw speed),
and the internal nodes being primitives (transformation
steps). The program can use different types of data inter-
nally, i.e. scalar values, images, optical flow vector fields or
motor commands. For each primitive, the input and output
data types are fixed. Some primitives can internally store
information from previous states, thus allowing temporal
computations like the calculation of the optical flow.

Most of those primitives also use parameters along with
the input data (for example, the standard deviation value
for the Gaussian filter). The parameters are specific to each
algorithm; they are randomly generated when the corre-
sponding primitive is created by the genetic programming
system described in Sect. 4.3 For each parameter, we define
the distribution used to generate it (uniform or normal)
along with the range of valid values. We also define the
mean and standard deviation of the normal distribution
where applicable. The parameters with their distributions
are detailed in Table 1. Here is the list of all the primitives
that can be used in the programs and the data types they
manipulate:

— Spatial filters (input: image, output: image):

e Gaussian filter: This low-pass filter has one param-
eter: the standard deviation of the Gaussian function.

e Laplacian filter: This high-pass filter has no
parameter, it is defined by the following 3 x 3
convolution kernel:

0| 1|0
11411
0| 110

Convolution kernel defining the Laplacian filter used in our system.

e Threshold filter: The parameter defining this filter is
the threshold value.

e Gabor filter: This filter is used to detect patterns of
given orientation and frequency. The parameters
are: orientation, wavelength and bandwidth.
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e Difference of Gaussians: The parameters are the
standard deviations of each Gaussian function.

e Sobel filter: This filter is defined by its orientation.
The 3 x 3 convolution kernels used for each
orientation are:

-1 01 -1 -2 | -1
-2 10 0
-1 |01 1 2 1

Convolution kernels defining the vertical (left) and horizontal (right)
Sobel filters used in our system.

e Subsampling filter: This filter is defined by the size
coefficient.

— Temporal filters (input: image, output: image):

e Pixel-to-pixel min, max, sum and difference of the
last two frames. These filters have no parameters.

e Recursive mean operator. This filter is computed
with the following formula at each pixel: M;= o I, +
(1 — )M,_, where I, is the current pixel value and
M,_, is the filtered value at time t — 1. The
parameter for this filter is the coefficient o.

— Optical flow (input: image, output: vector field):

e Horn and Schunck global regularization method [13].

e Lucas and Kanade local least squares calculation
[19].

e Simple block matching method.

The rotation movement is first eliminated [9] by a
transformation of the two images in order to facilitate
further use of the optical flow.

— Projection (input: vector field, output: image):

Projection on the horizontal or vertical axis.
Euclidean norm computation.

Manhattan norm computation.

Time to contact calculation using the flow divergence.

— Windows integral computation (input: image, output:
scalar): The method used for this transformation is:

1. A global coefficient ay is defined for the primitive.
Several windows are defined on the left half of the
image with different positions and sizes. With each
window is paired a second window defined by
symmetry along the vertical axis. A coefficient o;
and an operator (4 or —) are defined for each pair.

3. The resulting scalar value R is a simple linear
combination calculated with the following formula:

n
R=o9+ Y o
i=1

Mi = Py + Ug; OF Wi = [1; — Upg;

(1)
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where n is the number of windows and p;,; and pg;
are the means of the pixel values over respectively
the left and right window of pair i. The number of
windows pairs, their positions, sizes, operator and
coefficient along with the global coefficient are
characteristic parts of the primitive and will be
customized by the evolutionary process.
— Scalar operators (input: scalar(s), output: scalar):

e Addition, subtraction, multiplication and division
operators.

e Temporal mean calculation. This is simply the
mean value computed on the N last time steps.

— Command generation (input: two scalars, output:
command): The motor command is represented by two
scalar values: the requested linear and angular speeds.

3.3 Construction grammars

We use context-free grammars to represent and build these
vision algorithms. We will describe here the sets of ter-
minal and non-terminal symbols in these grammars, and
the two different structures we use to design our obstacle
avoidance algorithms. The build process itself will be
detailed in Sect. 4.3.

The base set of non-terminal symbols is simply the list
of primitives that we have just described in Sect. 3.2. The
terminal symbols are the current video image and a scalar
constant (the constant value is a random generated
parameter, see Table 1). Depending on the kind of struc-
ture used to build the algorithm, these sets will be com-
pleted with a few other symbols.

The first controllers we have constructed can be repre-
sented with a single algorithmic tree. This tree is entirely
built by the evolutionary process without any a priori in the
structure of the algorithm. In this paper, we will call them
structure-free controllers. In this case, we shall add two
terminal symbols to the base set: the distance (in cm) and
the direction (in degrees) of the target point. We shall also
add one non-terminal symbol: an if-then-else test, which is
a scalar operator with four inputs and one output. If the first
input value is greater than the second, the output value is
equal to the third input value, otherwise it is equal to the
fourth input value. This allows the evolutionary process to
create more complex and non-linear combinations between
new scalar input variables and the scalars issued from the
vision part of the algorithm. Figure 1 shows a controller
that can be built with this structure. The algorithm is a
single tree and all the primitives between the input data and
the resulting motor command are created and parameter-
ized by the evolution.
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Table 1 Parameters of the primitives used in our system (units are shown in parenthesis where applicable)
Primitive and parameter Distribution Min Max Mean Std
Scalar constant

Value Normal - - 0.0 50.0
Temporal regularization

Number of values Normal 1 100 1 3
Windows integral computation

Global coefficient o Uniform —180.0 180.0 - -
Window

Position x; (rel. to image width) Uniform 0.0 0.5 - -

Position x, (rel. to image width) Uniform 0.0 0.5 - -

Position y; (rel. to image height) Uniform 0.0 1.0 - -

Position y, (rel. to image height) Uniform 0.0 1.0 - -

Coefficients o; Normal - - 0.0 3.0

Operator (4 or —) Uniform - - - -
Gaussian filter

Standard deviation (pixels) Normal 0.0001 20.0 3.0 2.0
Threshold filter

Threshold (gray level) Uniform 0 255 - -
Gabor filter

Orientation (degrees) Uniform 0.0 180.0 - -

Wavelength (pixels) Normal 2.1 20.0 5.0 2.0

Bandwidth Normal 0.5 2.0 1.0 0.3
Difference of Gaussians

Standard deviation 1 (pixels) Normal 0.0001 20.0 3.0 2.0

Standard deviation 2 (pixels) Normal 0.0001 20.0 3.0 2.0
Sobel filter

Orientation (H or V) Uniform - - - -
Subsampling filter

Size coefficient Uniform 0.01 1.0 - -
Recursive mean

Multiplying coefficient o Uniform 0.01 1.0 - -
Horn-Schunck optical flow

Weight coefficient o? Normal 0.0 100.0 2.0 1.0
Lucas-Kanade optical flow

Size of the window (pixels) Uniform 1 15 - -

The price to pay for the maximal genericity in these
structure-free controllers is that there is no guarantee that
the evolved controllers will use the input variables (target
heading and distance in particular). Thus, it is quite unli-
kely that such a controller evolved in a given environment
could develop a geometric abstraction of the target reach-
ing task.

This is why we also designed a second kind of con-
trollers with a more constrained structure, which facilitates
the trade-off between avoiding obstacles and reaching the
target point. We will call them structure-restricted con-
trollers in the rest of this paper. First, a vision algorithm is
used to detect nearby obstacles. If no obstacle is around,

the robot will just go straight to the target point. If an
obstacle is detected, another vision algorithm will be used
to generate a command to avoid this obstacle. The parts
that will be customized by the evolution are the two vision
algorithms along with a few parameters like the speed of
the robot when going straight to the goal. This global
structure is represented on Fig. 2.

The first vision algorithm (obstacle detection) is in fact
always a simple function chain, starting with the video
image and computing a Boolean as output. We obtain this
Boolean value by comparing the scalar produced by the
feature extraction step with a scalar threshold. This result
will indicate the presence or absence of a nearby obstacle.
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Video image

[ Spatial filter: subsampling |

_ _ onstant value
[ Spatial filter: subsampling ] (scalar)

[ Optical flow: block matching |

Optical flow vector field —

[ Projection: horizontal ]

[ Windows integral computation |

arget heading
(scalar)

Constant value
(scalar)

[Scalar operator: divide] [Scalar operator: temporal mean|

[ Scalar operator: addition |

onstant value
(scalar)

Yaw speed (scalar’

[ Command generation |

Fig. 1 Example of a structure-free controller for obstacle avoidance
based on optical flow. Rectangles represent primitives and ellipses
represent data

<7

| Obstacle detection algorithm |

Next image

A

A
|Command generation algorithm|

Motor command
avoiding obstacle

Fig. 2 Overview of the global fixed structure of the structure-
restricted controllers. The algorithms in light gray will be customized
by the evolution

going straight to
the target point

Formally, this means that the grammar used to generate
this algorithm will be slightly different. We add two non-
terminal symbols to the base set: the Boolean function not
and a threshold function with a scalar value as input, a
Boolean value as output, and a scalar parameter (the
threshold value). We also remove the terminal symbol
scalar constant, the binary scalar operators and the com-
mand generation primitive.

The second vision algorithm (command generation) can
use as an input either the original video image or the image
filtered by the obstacle detection algorithm. This allows the
reuse of interesting features between the two algorithms.
The grammar used to generate this algorithm contains the
base set of terminal and non-terminal symbols, completed
with this filtered image terminal symbol. Figure 3 illus-
trates this restricted structure with an example of the two
different algorithms.
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orward speed
(scalar)

[ Optical flow: block matching |

Optical flow vector field — Filtered image from
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[ Windows integral computation |
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i

lScalar operator: temporal mean]
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Fig. 3 Structure-restricted controller. Left an example of obstacle
detection algorithm. Right an example of command generation
algorithm. Rectangles represent primitives and ellipses represent data

4 Evaluation and evolution process

In this section we describe how the grammar presented
above is used to automatically construct efficient algo-
rithms. Starting from an initial population of randomly
produced algorithms, we evaluate them to select the ones
most adapted to the obstacle avoidance task, we then
combine the best individuals to produce a new population,
and reiterate the process to obtain a certain number of
generations. Let us first present the different evaluation
(fitness) functions we have used.

4.1 Evaluation 1: goal reaching versus contact

The principle of the first evaluation method is to measure
the ability of the controllers to reach a given target whilst
avoiding the obstacles. The protocol is as follows: a course
is defined by the location of a starting point and a goal
point in the environment. We place the robot at the starting
point and let it move in the environment during 30 or 60 s
(depending on the experiments) driven by the obstacle
avoidance algorithm. Two scores are attributed to the
algorithm depending on its performance: a goal-reaching
score G rewards algorithms reaching or approaching the
goal location, whereas contact score C rewards the indi-
viduals that did not hit obstacles on their way. Those scores
are calculated with the following formulas:

[ tgifthe goalisreached

 fax + dinin /V otherwise (2)
C=1tc
where 75 is the time needed to reach the goal in seconds,

tmax 1S the maximum time in seconds (30 or 60 s), dp;, 18
the minimum distance to the goal achieved in meters, V'is a
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constant of 0.1 m/s and 7 is the time spent near an obstacle
(i.e. less than 18 cm, which forces the robot to keep some
distance away from obstacles). The goal is hence to min-
imize those two scores G and C. For better generalization
performances, we designed several courses with different
starting points and goal locations (two or four courses
depending on the experiments). Final scores are the means
of the scores obtained on the different courses. The starting
and goal points are fixed because we want to evaluate all
algorithms on the same problem.

Due to the number of individuals to be evaluated and the
necessity of keeping the conditions the same for all of
them, this protocol cannot be implemented in a real envi-
ronment. As such, we use a simulation environment in
which the robot moves freely during each experiment. The
simulation is based on the open-source robot simulator
Gazebo (http://www.playerstage.sourceforge.net/index.php?
src=gazebo). The simulator uses ODE physics engine
(http://www.ode.org/) for the movement of the robot and
collisions detection and OpenGL (http://www.opengl.org/)
for the rendering of the camera images. The physics engine
update rate is 50 Hz, while the camera update rate is
10 Hz. In all the experiments presented in this paper, the
simulated camera produces 8-bits gray-value images of
size 320 x 160 representing a field of view of approxi-
mately 100° x 60°. This large field of view reduces the
dead angles and hence facilitates obstacle detection and
avoidance. The simulation environment is a closed room of
36 m? area (6 m x 6 m) containing three bookshelves
(Fig. 4). All the obstacles are immovable to prevent the
robot from just pushing them instead of avoiding them.

4.2 Evaluation 2: imitation

In the obstacle avoidance problem, it is very difficult to
manually design a mediocre controller but it is very easy to
manually guide the robot toward the target point while
avoiding obstacles. We can obtain a good example of an
efficient behavior by recording the video sequence and
command parameters while we guide the robot. With this
evaluation method, we try to evolve algorithms that imitate
this efficient example behavior.

Fig. 4 Snapshot of the simulation environment, containing three
bookshelves in a 6 m x 6 m closed room

For the evaluation of the algorithms, we replay the
recorded sequence, using it as input of the evaluated
algorithm, and compare the command issued by this
algorithm with the command recorded during the manual
control of the robot. The goal is to minimize the difference
between these two commands along the recorded sequence.
Formally, we try to minimize two variables F and Y defined
by the formulas:

F = W and Y = zj; (Vri _yAi)z (3)

where f; and yg; are the recorded forward and yaw speed
commands for frame i, f4; and y,; are the forward and yaw
speed commands from the tested algorithm for frame i and
n is the number of frames in the video sequence.

In this case, we also perform a set of several courses
using different recorded sequences, and compute the
average of the scores obtained on the different sequences.

Compared with the previous evaluation, this method is
somewhat less generic, as it forces the controller to follow
a guided trajectory, which restricts the type of solution that
an individual can provide. Nonetheless, the imitation
strategy may favor efficient solutions from an energetic
point of view, as the guided trajectories are deliberately the
smoothest, safest and as direct as possible.

Furthermore, unlike the last method, the imitation
strategy can be implemented in a real environment as
easily as in a virtual environment: the recorded video and
command sequence can be acquired using a real platform,
such as the Pioneer 3 DX robot (Fig. 5).

4.3 Evolution through genetic programming

We use genetic programming to evolve vision algorithms
with little a priori on their structure. As usual with evo-
lutionary algorithms, the population is initially filled with
randomly generated individuals. We use the grammar

Fig. 5 The Pioneer 3 DX robot with its Canon VC-C50i camera
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Table 2 Grammar used in the T 0T START = COMMAND

0.15] SPATIAL_FILTER — gaussian

genetic programming system for 10

COMMAND — directMove(REAL,REAL) 0.14] SPATIAL_FILTER — laplacian

the creation and transformation
of the command generation

restricted controllers. The
grammars used for the obstacle
detection algorithm and for the

0.15] REAL — scalarConstant
[0.075] REAL — add(REAL,REAL)
algorithm for structure- [0.075] REAL — subtract(REAL,REAL) 0.14] SPATIAL_FILTER — diffOfGaussians
[0.05] REAL — multiply (REAL,REAL) 0.14] SPATIAL_FILTER — sobel
[0.05] REAL — divide(REAL,REAL)
0.1] REAL — temporalRegularize(REAL)
0.5] REAL — windowsIntegralCompute(IMAGE)

0.14] SPATIAL_FILTER — threshold
0.14] SPATIAL_FILTER — gabor

SPATIAL_FILTER — subsampling

TEMPORAL_FILTER — temporalMin
TEMPORAL_FILTER — temporalMax

structure-free controllers are
very similar to this one

0.3] IMAGE — videolmage

0.3] IMAGE — previouslyFilteredIlmage
[0.25] IMAGE — SPATIAL_FILTER (IMAGE)
[0.1] IMAGE — PROJECTION(OPTICAL_FLOW)

TEMPORAL_FILTER — temporalSum
TEMPORAL_FILTER — temporalDiff

PROJECTION — horizontalProjection
PROJECTION — verticalProjection

0.33] OPTICAL_FLOW — hornSchunck(IMAGE)
0.33] OPTICAL_FLOW — lucasKanade(IMAGE)

[

[

[

[
0.05] IMAGE — TEMPORAL_FILTER (IMAGE) [0.

[

[
0.34] OPTICAL_FLOW — blockMatching(IMAGE) [

PROJECTION — euclideanNorm
PROJECTION — manhattanNorm
PROJECTION — timeToContact

0.15
0.2]
0.2]
0.2]
0.2]
0.2] TEMPORAL_FILTER — recursiveMean
0.2]
0.2]
0.2]
0.2]
0.2]

based genetic programming system introduced by Whig-
ham [35] to overcome the data typing problem. It also
allows us to bias the search toward more promising prim-
itives and to control the growth of the algorithmic tree.

In the same way that a grammar can be used to generate
syntactically correct random sentences, a genetic pro-
gramming grammar is used to generate valid algorithms.
The grammar defines the primitives and data (the bricks of
the algorithm) and the rules that describe how to combine
them. The generation process consists in successively
transforming each non-terminal node of the tree with one
of the rules. This grammar is used for the initial generation
of the algorithms and for the transformation operators. The
crossover consists in swapping two subtrees issued from
identical non-terminal nodes in two different individuals.
The mutation consists in replacing a subtree by a newly
generated one. Table 2 presents the grammar we used in
our experiments with the structure-restricted controllers.

The numbers in brackets are the probability of selection
for each rule. A major advantage of this system is that we
can bias the search toward the usage of more promising
primitives by setting a high probability for the rules that
generate them. We can also control the size of the tree by
setting small probabilities for the rules that are likely to
cause an exponential growth (rules like REAL —
add(ReaL,REAL) for example).

As described previously, we wish to minimize two cri-
teria (G and C for the first method, F and Y for the second
one). There are different ways to use evolutionary algo-
rithms to perform optimization on several and sometimes
conflicting criteria. For the experiments described in this
paper, we chose the widely used multi-objective evolu-
tionary algorithm called NSGA-II. This algorithm is based
on the Pareto dominance principle. Individuals are sorted
by non-dominance rank, so that non-dominated individuals
get a higher probability of being selected for breeding. This
algorithm is elitist and a “crowding distance” is used to
promote diversity among the individuals. More details can
be found in the paper by Deb [4].
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In order to prevent problems of premature convergence,
we separate the population of algorithms in four islands,
each containing 100 individuals. Those islands are con-
nected with a ring topology; every tenth generation, five
individuals selected with binary tournament will migrate to
the neighbor island while five other individuals are
received from the other neighbor island. The evolution lasts
100 generations, so each experiment represents 40,000
evaluations.

For the parameters of the evolution, we use a crossover
rate of 0.8 and a probability of mutation of 0.01 for each
non-terminal node. We use a classical binary tournament
selection in all our experiments. Due to the length of the
experiments, we did not conduct a thorough statistical
analysis of the influence of those parameters, which were
determined empirically.

5 Experiments in simulation

In this section we present and discuss the results obtained
in simulation using the proposed system. In Sect. 5.1, we
focus on the first results, obtained with the structure-free
grammar, i.e. with the least a priori, and using the goal-
reaching evaluation. In Sect. 5.2, we apply a two-phase
evolution using the imitation strategy to guide the evolu-
tion, and compare the results with other strategies classi-
cally used to improve or speed up the evolution. In Sect.
5.3, we discuss the generalization performance and show
the interest of using the restricted structure grammar.

5.1 Analysis of the evolved controllers

The objectives of our first experiments were to see what
kind of controllers could be automatically designed with the
minimal level of a priori, and without biasing the evolution
with any subjective decision. As such, the evolution process
in this section has been made with genetic programming
using structure free grammar, and an evaluation based on
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the objective performances of the algorithm, i.e. the goal-
reaching evaluation. Three experiments have been con-
ducted, using three different simulation environment: (1) A
simple environment made of non-textured blocks, (2) A
simple environment made of textured blocks and walls, and
(3) A more realistic environment, made of a room with three
bookshelves (analogous to Fig. 4).

The performance analysis of the successive generations
can be done by plotting the contact vs. goal accession
scores of the non dominated individuals of every genera-
tion, which correspond to the Pareto fronts. In the three
types of environment, it can be observed that the perfor-
mances increase rapidly during the first generations. The
progression is much slower during the second half of the
evolution, but is always globally significant, and the best
algorithms are always better than the reference controller,
that has been designed by hand for this specific environ-
ment. As an example, Fig. 6 shows the Pareto fronts for the
textured blocks environment. In this case, the reference
controller (represented here as the cross), is the algorithm
based on balancing the average optical flow horizontal
components on the left and right sides of the image. (The
constructed algorithm corresponds to the tree shown on
Fig. 1).

Another useful analysis to be made is to observe the
results of the best individuals of the evolution, to see what
type of behavior they have developed to avoid the obsta-
cles. To do this, we first plot the actual trajectory that has
been performed by the robot guided by the evolved algo-
rithm, and then display what we can call the genotype of
the individual, which corresponds to the constructed
algorithm. Figure 7 shows as an example those data for one
individual from the last Pareto front of the evolution real-
ized on the textured blocks environment. More specifically,
this individual corresponds to the point with the smallest
contact score, i.e. the most careful behavior. If we look at
the algorithmic tree, we can see that the forward speed
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Fig. 6 Pareto fronts during the evolution process with the textured
blocks environment

command is based on an optical flow computation, which
allows to detect close frontal obstacles, and to generate a
negative velocity command (the robot moves backward
when a frontal obstacle is detected). The yaw speed com-
mand is based on a Gabor filter whose purpose is to move
away from the lateral obstacles seen at a certain distance.
The resulting trajectories show many backward motions,
relatively poor results in goal reaching, but very few
collisions.

Figure 8 displays the same observations for an individ-
ual evolved in the bookshelves environment. In this case,
the forward speed relies on integral measures made after a
Gaussian filter followed by a threshold. This corresponds to
the detection of an obstacle, since the floor is globally
lighter than the bookshelves or the walls. When the area
covered by an obstacle is beyond a certain threshold, it
generates a negative forward speed, corresponding to a
backward motion. The yaw speed is simply provided by a
linear function of the target direction, which allows the
robot to maintain the global heading of the trajectory. As
seen in the resulting trajectories, this algorithm is very
efficient in the evolution environment: the target is always
reached, and the trajectories are relatively rapid with very
few contacts.

To summarise these first results, it can be said that our
initial evolutionary system with objective evaluation
measure has shown a certain level of efficiency since
relevant adaptation behaviors were observed in the dif-
ferent environments. Furthermore, the progression of the
Pareto curves proves that the best individuals of the last
generations can favorably compete with hand-designed
controllers in the evolution environment. Now, the main
problems we have to address at this point are that: (1) the
extreme variability of the best individuals from one
experience to the other limits the usability and the gen-
erality of the evolved controllers, and (2) the trajectories
obtained with the best individuals are often chaotic and
not very efficient.

5.2 Comparison of different strategies

It is obvious that the size of the optimization space, cor-
responding to all the constructible algorithms is huge, and
that only a tiny part of this space can be explored with the
40,000 evaluations. In order to limit the variability of the
experiments and to get smoother trajectories, we have
decided to use a 2-phase evolution using the imitation
based evaluation, with the objective to guide the optimi-
zation process toward more promising regions of the con-
troller space. Hence, in this section, the evolution is split
into 2 phases: the overall number of evaluations remains
the same, but, during the first 50 generations, the fitness
functions correspond to formula 3, every candidate
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Fig. 7 Example of an algorithm
evolved in the textured blocks
environment
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algorithm using as input the video sequence and the com-
mand sequence recorded by a hand guided robot. For the 50
last generations, we use the same goal accession vs contact
fitness functions as in Sect. 5.1 (i.e. using formula 2).

In Fig. 9, we show the resulting trajectories using this
method, compared with the one-phase evolution presented
in the previous section, and with two other classical
methods used to guide the evolution, that will be presented
in further detail. To get an idea of the variability of the
different systems, we have realized several experiments
(every experiment corresponding to a set of 40,000 eval-
uations) for each type of evolution. In Fig. 9, we display
for each system one individual from the worst experiment,
and one individual from the best experiment. The ranking
of two different experiments can generally be done in an
objective way, as long as the Pareto curves of their last
generation do not cross each other, which is often the case.
The choice of one individual in the Pareto curve is more
subjective, and was selected here by using the “visually
best” trajectory.
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The controllers obtained in one phase (Fig. 9a), have
been presented in the previous section. The chaotic char-
acter of the trajectory is particularly visible in the indi-
vidual issued from the worst experiment (bottom).

Figure 9b corresponds to incremental evolution, which
is a classical method used to improve the evolution. The
principle is to divide the evolution into several phases
corresponding to different environments with increasing
complexity [12]. In our case, we have divided the evolution
in 3 phases, using the realistic synthesis environment with
1, 2 then 3 bookshelves. What we observe in this case is
that the evolution immediately provides adapted individu-
als in the simplest environment, which is quite trivial. In
the intermediate environment, it manages to improve the
algorithms performance a little, but in the final environ-
ment it generally fails to improve the controller’s behavior.
The main problem is that in our case it is very difficult to
design an evolving environment with increasing complex-
ity. It seems that better results could be obtained by
increasing the difficulty in a more gradual way, but this
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Fig. 8 Example of an algorithm
evolved in the bookshelves
environment
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would require deeper modifications of the simulation
protocol.

Another classical method to guide the evolution is
seeding (Fig. 9¢). Its principle is to introduce in the evo-
Iution individuals with acceptable performances. In our
case, we simply added in the initial population the indi-
vidual corresponding to the hand-design algorithm for the
specific environment. What we observe in this case is that
the evolution manages to improve the performance with
respect to the seed, but that the structure (genotype) of the
evolved individuals is always very close to that of the seed,
which means that this approach seems to drastically limit
the innovation within the algorithms.

Finally, the two-phase evolution (Fig. 9d) seems the
most stable with respect to the different experiments (Note
the little difference between the best and worst experi-
ment). The evolved controllers are efficient and rapid in the
evolution environment, and the resulting trajectories are
much smoother than in other cases, which is clearly a
benefit from an energetic point of view. Another important
advantage of two-phase evolution with respect to the other
strategies is that it is much easier to implement: recording a
video sequence from a hand-guided robot is indeed
straightforward, compared to conceiving a gradual com-
plexity increase in the environment, or designing a visual
controller by hand.

®  Start point 1
O Target point 1

Trajectory 1

B Start point 2
O  Target point 2
~-+- Trajectory 2

A Contact points

5.3 Generalization performances

In this section, we discuss the ability of the evolved con-
trollers to generalize obstacle avoidance behavior, i.e. we
create an environment whose visual appearance is the same
as the evolution environment, but the geometry and loca-
tion of the obstacles have been changed. Figure 10 shows
the results for the different evolution strategies presented in
the previous section.

We can see that the generalization performances are
poor for all the strategies. The first explanation that can be
given for this problem is over-learning: the best evolved
individuals have not only learned to avoid obstacles from
their appearance or apparent motion, but they also have
learned the geometry and location of the different obstacles
in the evolution environment. The first idea to develop a
more position-independent controller was to increase the
number of courses that should be performed by each
individual in its evaluation process (Those courses are
referred to as “learning courses” from now on). Changing
the number of learning courses from two to four resulted in
better generalization performances (see Fig. 11), but con-
sequently the evolution time was multiplied by two.

In fact, a more fundamental problem in the structure of
the controllers can explain the difficulty in generalizing the
obstacle avoidance behavior. In the structure-free
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Fig. 9 Comparison of
trajectories produced by
controllers evolved with
different kinds of evolution
process. Top best experiment.
Bottom worst experiment.

a One-phase evolution,

b incremental evolution,

¢ seeded evolution, d two-phase
evolution
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(d) Two-phase evolution

grammar, i.e. without a priori in the structure of the con-
troller, it is very difficult for the algorithms to automati-
cally develop a trade-off between obstacle avoidance and
target reaching, as the target heading information is just an
input of the algorithm, and nothing guarantees a relevant
use of this input. This is why we also developed a more
restricted grammar, making a more explicit distinction in
the controller structure between goal reaching and obstacle
avoidance behaviors. The structure restricted grammar has
been presented in detail in Sect. 3.3

Figure 12 shows the performances of an individual
evolved with structure restricted grammar on four courses
different from the learning courses. The generalization

@ Springer

performance in this case is much better, due to explicit
separation between target reaching and obstacle avoidance
within the algorithms structure, thus making it easier for
the emergence of a real obstacle detection and avoidance
behavior. Another positive impact of the structure restric-
ted grammar is that it usually simplifies the structure of the
algorithms, thus lowering the evaluation time of an indi-
vidual on one course. This allows for a greater number of
courses to be evaluated, this further improving the gener-
alization capacity.

Regarding the quality of the results, it is noticeable that
the individuals such as the one shown Fig. 12, considered
to be the “most evolved” algorithms obtained from
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Fig. 10 Performance of the
different controllers (designed
with a free structure) in a test
environment where the
obstacles, and start and target
points, have been moved

(a) One-phase evolution

(b) Incremental evolution (¢) Seeded evolution

l;:‘A:I

- .A

Start point 1
©  Target point 1
"""""""" Trajectory 1

B>
[

B Start point 2
O  Target point 2
Trajectory 2

A Contact points

(d) Two-phase evolution

®  Start point 1
©  Target point 1
——+= Trajectory 1

B Start point 2
O  Target point 2
Trajectory 2

4 Contact points

Fig. 11 Generalization performance of a 2-phase evolved controller
using a free structure and four learning courses. The two figures show
four trajectories obtained on test courses that are all different from the
learning courses

simulation, may fail the goal reaching task or hit some
obstacles. However, it should be pointed out that: (1) We
do not consider in this work the goal reaching task as
fundamental; it is rather a way to enforce a certain heading
and keeping the robot from staying still or turning around.
(2) The most generic algorithms are those which globally
best perform on different environments, but they also make
more errors than the less generic individuals on a specific
environment.

An open problem regarding the generalization capacities
of the algorithm, is how to select the best individuals in
terms of generalization, and what is the best moment to stop
the evolution process to avoid over-learning and favor the
generalization abilities. Gagné [11] proposed an interesting
solution to address this problem. The idea is to evaluate all
the individuals from the Pareto front in a validation envi-
ronment, which is different from the evolution environment.
When the performances on the validation environment
decrease, it means that we enter the phase of over-learning
and the evolution is stopped. Naturally, this biases the

®  Start point 1
©  Target point 1
-~ Trajectory 1

B Start point 2
O  Target point 2
Trajectory 2

4 Contact points

Fig. 12 Generalization performance of a 2-phase evolved controller
using a restricted structure and four learning courses. The two figures
show four trajectories obtained on test courses that are all different
from the learning courses

evolution results with respect to the validation environment.
As such, a third distinct environment (test data) should be
used to test the generalization performance.

6 Experiments on the real robot

In this section, we show the results obtained on the real
robot platform Pioneer 3DX. Using an off-line evolution
method based on the imitation strategy, we present and
discuss some results obtained for a corridor centering task,
first around the evolution environment, and then in another
unseen environment.

6.1 Evolving controllers in real environment
When evolving controllers in a real environment, it is
clearly not feasible to perform the same evaluation protocol

as in simulation, because that would imply repeating a huge
number of experiences with exactly the same conditions.

@ Springer



98

Evol. Intel. (2009) 2:85-102

Fig. 13 Top examples of
trajectories used for the learning
base. Bottom examples of
recorded images and commands

However, the imitation strategy presented above (Sect. 4.2)
can be applied on synthesis or real sequences alike, there-
fore we have implemented an off-line evolutionary algo-
rithm based on the imitation only, using video sequences
recorded by the robot Pioneer 3DX guided by hand.

Our first experiments have shown that is was difficult to
obtain acceptable obstacle avoidance performances using
long sequences involving complex trajectories. On the
contrary, very promising results have been obtained rela-
tively quickly, using a large set (around 20) of very short
(approx. 2 or 3 s) video sequences. In those sequences, the
robot was placed in different positions along the corridor,
with its optical axis forming an angle of around 30° with the
wall. The robot was then guided manually in such a way that
it moves away from the closest wall and centers itself in the
corridor. The top of Fig. 13 shows three examples of
learned trajectories (red arrows) in a corridor of our labo-
ratory. At the bottom of the figure, three images extracted
from these sequences are shown, with the corresponding
angular speed command represented as the yellow arrow.
The forward speed was approximately constant (30 cm/s) in
all the sequences and is not represented in the figure.

The genetic algorithm is then run in one phase, using
100 generations and fitness functions equal to the mean
values of Y and F functions of formulas 3 over the 20
sequences. As there is no starting and target points here, the
expected behavior when plugging the evolved algorithm in
the robot is not a precise displacement, but rather a wan-
dering behavior, allowing to explore the environment with
no pre-defined objective.

The progression of the Pareto fronts in the successive
generations shows that learning the forward speed is
straightforward, which is logical since the forward speed
was almost constant in all the command sequences.
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Fig. 14 Example of an evolved algorithm

Constant value
(scalar)

Forward speed (scalar

Consequently, the system acts like mono-objective genetic
algorithm, as shown by a significant progression in the yaw
speed command error values Y.

Figure 14 shows an example of one of the best evolved
algorithms using this method. The filter chain used to gen-
erate the angular speed is not shown completely, as it con-
tains more than 29 operators. This complexity is partially
due to bloating, but it is also a solution found by the evolution
process to overcome a limitation of our system. This algo-
rithm is mostly based on the use of Sobel filters, to detect the
edge between the floor and the walls. As the command
generation operator needs to extract a scalar from an image,
and as the functions that produce scalars from images are
based on combination of integral measures on left and right
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Fig. 15 Left resulting command from the evolved algorithm on an
image from the learning base. Right the same image transformed by
the filter chain

region in the images, the long operator sequence of the filter
chain is mainly used to enlarge the edge in order to enhance
the detection of the floor border. This could have been done
more efficiently using a morphological dilatation filter (not
in the available primitives), but the fact that the evolution
found a way to compensate a limitation of the system is a
good indication of its adaptation capabilities.

Figure 15 illustrates the method used by this evolved
algorithm to compute the motor command. The filter chain
highlights and enlarges the boundary between the floor and
the wall, as well as the more contrasted zone at the end of
the corridor. In the resulting image, the wall appears
completely white and the boundary is darker. This

Fig. 16 Top trajectories
followed by the robot when
driven by an evolved algorithm.
Bottom example images and
commands issued by the

difference is used by the windows integral computation
operator to produce a command that drives the robot away
from the wall: the resulting command depends on the dif-
ference between the mean pixel value of each red window
(right image). On the left image, we display a red arrow
corresponding to the command issued by the algorithm,
and a yellow one which is the command that was recorded
when the robot was manually guided.

6.2 Generalization performances

In order to test the robustness and generalization perfor-
mance of these evolved controllers, we placed the robot at
different positions in the corridor and allowed it to be
driven by the evolved algorithm. The robot should move to
the end of the corridor without hitting the walls. We placed
the robot so that the direction it faces and the corridor make
an angle of approximately 30°. In this position, the problem
is possible to solve without being trivial. We made about
ten tests with different starting positions. Each time, the
robot managed to reach the end of the corridor except once
where it turned into one of the openings in the wall. In one
test, it even turned at the end of the corridor to go into the
smaller corridor on the right of the map. Figure 16 shows

algorithm in the generalization

algo /_/—\_/—\/—\/
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Fig. 17 Top trajectories

followed by the robot driven by

the evolved algorithm in another

corridor. Bottom images and
commands issued by the
evolved algorithm in this other

corridor

two trajectories, together with some sample images and the
corresponding angular speed command.

We also tested this evolved algorithm in another corridor,
visually different from the previous one. In one direction the
robot reaches the end of the corridor without problem. On
the return trip it failed against two obstacles as shown on
Fig. 17. Nevertheless this result is encouraging since this
corridor is very different from the one that was recorded in
the learning base. The second and third images of Fig. 17
show the 2 obstacles that the algorithm failed to avoid.

7 Conclusion

We have presented in this article a genetic programming
system to automatically design vision algorithms from a
collection of primitives and a set of construction rules. The
originality of our approach lies in the fact that the visual
task is considered as a whole, with the lowest levels of
processing also taking part of the learning process. From a
computational point of view, the collection of primitives
could be ideally identified with the instruction set(s) of the
processor(s) used to compute the algorithm. We have made
a more realistic choice from a combinatorial point of view,
which consists in constructing the primitive collection from
the earliest stages of visual perception (mostly, spatio-
temporal filtering). Nonetheless, the choice of the primi-
tives and their complexity level is an interesting open
problem that should be addressed in the future.

Although we have concentrated here on the obstacle
avoidance problem, we believe that the proposed system
can be adapted to automatically design other artificial
vision tasks. This can be easily done as long as an objective
evaluation can be determined. Typically, such automatic
design can be envisaged for: visual categorization, salient
features detection, room recognition, etc.
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The results we have obtained in simulation have shown
that our system was able to provide interpretable control-
lers adapted to the visual environment. The 2-phase evo-
lution has proven an efficient way to guide the evolution
towards more promising solutions. Regarding the general-
ization capabilities, the restricted structure controllers
behaved better than the free structured ones, but at the price
of an important a priori in the structure of the algorithms.
Finding a trade-off between goal accession and obstacle
avoidance remains a difficult problem. In that sense, it is
possible that the combination between two objectives with
very different cognitive levels (obstacle avoidance and goal
accession) constitutes a fundamental difficulty.

Unexpectedly, the final results obtained on the real robot
were better than those obtained in simulation, possibly due
to the removal of the goal accession constraint. The task to
achieve was simpler (wandering in a corridor while
avoiding the walls), but the results, particularly in gener-
alization were much better. As it turns out, this type of
imitation based learning is both easy to implement and
promising in real environment, thus we will continue to
investigate future solutions in a similar manner.

One limitation of our system is that it is subject to
bloating. Several solutions have been proposed to limit
bloating in genetic programming. One such example is the
inclusion of program size as an independent criterion in a
multi-objective evolutionary algorithm, which has been
shown to produce efficient and small-sized programs (see
[1] for instance). Such adaptation should be envisaged in
the future.

Finally the most important perspective of our work is the
adaptation to on-line learning. Presently, the proposed
system only performs off-line evolution. To reach the
global objective of our research, which is providing the
mobile robots with more autonomy, we must also integrate
a certain level of reactive adaptation. Ebner is currently
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working on parallel on-line evaluation of vision algorithms
using graphical processing units (GPUs) as a first step
toward on-line adaptation [7]. Our method can also be
adapted to on-line evolution in several ways. A first level
of adaptation can be experimented while keeping the
structure of the existing off-line evolution system: a col-
lection of evolved algorithms can be plugged into the robot
and a subsequent on-line learning is used to select and
parameterize the algorithm which is best adapted to the
current context. Another level would be to modify the
structure of the algorithms, which is essentially bottom-up,
in order to explicitly allow the implementation of top-down
mechanisms. Typically, the size and position of the inte-
gration windows for the extraction primitive could vary
according to the image content; the nature of the spatio-
temporal filters could also be made variable according to
the context. Such mechanisms are not excluded by our
current system, but could be more explicitly taken into
account in the structure of the controllers. In this purpose,
active vision and attention mechanisms [20, 10, 30] pro-
vide frameworks that could help to improve the automatic
design of the algorithms and hence will be investigated in
our future works.
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Abstract The goal of this article is to compare some
optimised implementations on current high performance
platforms in order to highlight architectural trends in the
field of embedded architectures and to get an estimation of
what should be the components of a next generation vision
system. We present some implementations of robust
motion detection algorithms on three architectures: a gen-
eral purpose RISC processor—the PowerPC G4—a parallel
artificial retina dedicated to low level image processing—
Pvisar34—and the Associative Mesh, a specialized archi-
tecture based on associative net. To handle the different
aspects and constraints of embedded systems, execution
time and power consumption of these architectures are
compared.
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1 Introduction

For more than 30 years, Moore’s law had ruled the perfor-
mance and the development of computers, speed and clock
frequency were the races to win. This trend slowly drifted as
the processing power of computers reached a seemingly
stable value. Other constraints (static current consumption,
leakage, less MIPS per gates and less MIPS per Watts) of
current technology—90 and 65 nm—gave researchers an
impulse to look for innovative directions to improve effi-
ciency and performance of their architectures. Current
challenge is to tackle power consumption to increase sys-
tems autonomy. Such technology, like IP core within
embedded systems, make the processor frequency adaptable
and lead to a finely optimised energy consumption. As image
processing and computer vision are very CPU demanding,
we focus on the impact of the architecture for a frequently
used class of algorithms: the motion detection algorithms.
Three architectural paradigms are compared:

SIMD within a register (SWAR) the impact of the SIMD
multimedia extension inside RISC processors, to
enhance performance;

Programmable artificial retina one elementary processor
per pixel for cellular massively parallel computation and
low power consumption;

Associative net impact of reconfigurable graph/net
between processors for local and global computations
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and also the impact of asynchronous processors on
power consumption.

We focus on the advantages and limitations of these
architectures through a set of benchmarks. We also show
how to modify the algorithms to take advantage of each
architecture’s specificities. We provide different perfor-
mance indexes like speed, energy required and a down-
clocking frequency to enforce real-time execution. Such
indexes provide insight on future trends in computer
architecture for embedded systems.

The paper is organized as follow. Section 2 introduces a
set of motion detection algorithms: frame difference,
Markovian relaxation, Sigma-Delta algorithm and post-
processing morphological operators. Section 3 presents the
three architectures: the PowerPC G4, Pvisar34 (a 200
x 200 Programmable Artificial Retina) and the Associative
Mesh (an asynchronous net with SIMD functional units).
This section also provides details about how algorithms are
optimised in regard to the targeted architectures. Section 4
deals with benchmarking: benchmark of the different
algorithms in term of speed and in term of power con-
sumption. To conclude, a synthesis of two extensive
benchmarks is provided.

2 Motion detection algorithms

As the number of places observed by cameras is constantly
increasing, a natural trend is to eliminate the human
interaction within the video monitoring systems and to
design fully automatic video surveillance devices.
Although the relative importance of the low level image
processing may vary from one system to the other, the
computational weight of the low level operators is gener-
ally high, because they involve a great amount of data.
Thus, the ability of video surveillance systems to detect a
relevant event (intrusion, riot, distress, etc.) is strongly
related to the performance of some crucial image pro-
cessing functions.

Such fundamental processing step is the motion
detection, whose purpose is to partition the pixels of
every frame of the image sequence into two classes: the
background, corresponding to pixels belonging to the
static scene (label 0) and the foreground, corresponding to
pixels belonging to a moving object (label 1). A motion
detection algorithm must discriminate the moving objects
from the background as accurately as possible, without
being too sensitive to the sizes and velocities of the
objects, or to the changing conditions of the static scene.
For long autonomy and discretion purposes, the system
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must not consume too much computational resources
(energy and circuit area). The motion detection is usually
the most computationally demanding function of a video
surveillance system. How the algorithm is actually com-
puted and on which architecture, then become crucial
questions.

Three algorithm/architecture pairs will be considered
here. In order to compare those very different architectures,
we will consider different versions of motion detection
algorithms with similar quality but relying on different
computational models, some of them being more adapted
to one architecture than the other.

The motion detection algorithm can be separated into
two parts: time-differentiation and spatiotemporal
regularization.

The purpose of the time-differentiation part is to pro-
vide, for every pixel x and every time index t: a measure of
the temporal variation (the observation) is denoted as O
and an initial value of the motion binary label is denoted as
E,. The “frame difference” option is classical and fairly
obvious: the temporal derivative is approximated by a
difference between consecutive frames, whose absolute
value is used as a single motion map (observation) O(x)
= II(x) — I_;(x)! and the initial value of the motion label E,
is obtained by thresholding O,. The “Sigma—Delta”
option—detailed in Sect. 2.1—is a recent algorithm [31],
based on nonlinear estimation of temporal statistics of
every pixel.

The spatiotemporal regularization part aims at exploit-
ing the correlations between neighboring pixels in the
motion measures in order to improve the localization of the
moving objects. Two main options are considered here (1)
morphological filtering, detailed in Sect. 2.2 and (2) Mar-
kovian relaxation, detailed in Sect. 2.3.

So, the “Sigma—Delta” can be seen as a pre-processing
step for the Markovian regularization or as the main
algorithm when followed by a morphological post-
processing.

2.1 Sigma-Delta estimation

The principle of the XA algorithm is to estimate two
parameters M, and V, of the temporal signal I, within every
pixel using XA modulations. It is composed of four steps:
(1) update the current background image M, with a A
filter, (2) compute the frame difference between M, and 1,
(3) update the time-variance image V; from the difference
O, using a ZA filter and (4) estimate the initial motion label
E, by comparing the current difference O, and time-vari-
ance V..
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for each pixel z:
if Mt(l‘) < It(il,‘)7 Mt(ac) = M;_ (CII’) +1
lfﬂff(ﬂi‘) > It(it),Mf("E) = ]\/ftfl(l’) -1
otherwise M (z) = M1 (z)

stepl: update M,

for each pixel z:
Ou(x) = [Mi(z) — Ii(2)|

step2: compute O

for each pixel « such that O¢(x) # 0:
if Vi(z) < N x Ou(z), Vi(z) = Vici(z) + 1
if Vi(z) > N x O¢(z), Vi(z) = Vii(z) — 1
otherwise V;(z) = Vi_1(x)

step3: update V;

for each pixel x:
if Ot(Ax) < Vi(x)

then £y = 0
else b, =1

step4: estimate Et

Apparently, the only parameter is the amplification
factor N of the difference (typical values of N are in 2-4).
The dimension of N is the number of standard deviation
used in the initialization of the motion label. In fact, the
updating frequency, which has the dimension of number of
gray level per second, can also be adapted. This is a way of
customizing the XA estimation to different kinds of motion
and image noise [32].

2.2 Morphological filtering
2.2.1 Alternate sequential filters (ASF)

The first option of morphological filtering is to perform a
sequence of dilatations and erosions using a set of struc-
turing elements of increasing size, such as a sequence of
discrete balls (B,),, B, = {z € Z*;d(z, 0) <n}, with O the
origin of the discrete plane Z> and d a discrete distance of
7?. Table 1 shows the definitions of such operators.

A and V, respectively, represent the logical AND and OR.
By convention, Ey and ®, both correspond to the identity
function. In this option, the spatiotemporal regularization is
performed by applying an alternated sequential filter of

Table 1 Morphological operators

es(1)(x) = Apes I(x — b)

VB = 53 O &p

0p(I)(x) = Ve I(x + b) ¢p = £podg
(@) (b)
éB = ¢pOYp En = éB,,oE'n—l
03 = YBO¥p @n = 031,08,171
(c) (@

a Erosion and dilatation, b opening and closing, c alternate filters and
d alternate sequential filters

certain size to the output of the temporal detection. Typi-
cally, E, = Z,(Ey).

2.2.2 Density operators

In a similar fashion, density operators are defined using a
structuring element B, except that the binary response is
based on counting-thresholding instead of AND—OR com-
binations :

Da(1)(x) = 1 = [{bil(x—b) = 1}| = 0

where IS| represents the cardinality of set S and 0 a
threshold representing a required density of 1s. In this case,
the final label is computed using a density operator with a
ball of radius n : E; = D, (E[) Typically n equals 1, 2 or 3
and usually 0 = [|B,|/2] (majority voting).

2.2.3 Geodesic reconstruction

Defined from a binary reference image R, the geodesic
reconstruction RecR(I) of image [ within reference R is the
relaxation of the geodesic dilatation of / within R: oK =
op(l) N R. Assuming that the structuring element B—
basically a discrete ball of radius 1—is defining the
topology, Rec®(I) corresponds to the connected compo-
nents of R having a non-empty intersection with 1.

In this option, the final label E, is computed as follows:
small connected components elimination using an opening
by reconstruction with a ball of radius n: E =
Rec™ (75 (Ey)), then temporal confirmation by computing
another reconstruction: E, = Rec® (E,_;).

The final motion label E; then corresponds to the objects
(connected components) bigger than B, that appear on two
consecutive frames.

2.3 Markovian relaxation

Markov random field based algorithms (MRF) have
asserted themselves in a lot of image processing areas for
regularizing ill-posed problems. Albeit robust, their well-
known drawback is their CPU consumption due to a large
amount of computations, which led researchers to look for
solution to speedup its execution time, using parallel
machines or dedicated architectures [1, 2, 9, 21, 30].

We follow the MRF model introduced for motion detec-
tion purposes proposed by the LIS-Grenoble laboratory [7]
and derived from the IRISA model [4, 28]. This model is
based on the estimation of a binary (background/foreground)
motion field e given an observation field o, by maximizing a
Bayesian maximum a posteriori criterion, i.e. given a reali-
zation of the observation field o = y, finding the realization x
of the motion label field e that maximizes the conditional
probability P(e = x/o = y). Assuming that e is an MRF linked
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to o with a probabilistic relation, this corresponds to finding
the motion field e that minimizes the global energy function
defined over the set of pixels S as follows:

U = Z[Um(e(s)) + Ua(e(s)ao(s>)]7
ses
with Up(e(s)) = > Ve(e(s),e(r)),
reV(s)
1
T 202

[o(s) — ¥ (e(s))].

U, (e(s)) is called model energy and is designed to provide
spatiotemporal regularity in the motion field. It is based on
the Markovian modeling of e as a Gibbs field, where V is
the set of neighbors of the pixel s and the potential
functions V,(e(s),e(r)):

_ By ifes=e
V(esaer) - {—i—ﬁsr lf e # e,

The f, are positive constants whose values depend on
the nature of the neighborhood. We use a uniform 10-
connected spatiotemporal topology (see Fig. 1), with 3
different values 8, = 20 for the 8 spatial neighbors, f, = 10
for the past neighbor and f; = 30 for the future neighbor.
Experimental tests demonstrate that these parameters do
not have to be tuned according to the image sequence.

U,(e(s), o(s)) is called fitness energy and is designed to
ensure a certain level of attachment to the input data, i.e.
the observation o. This term comes from the conditional
probability of the observation field o, with respect to the
motion field e, assuming that o(s) = W(e(s)) + n(0, 02),
with n(0, ¢®) a centered Gaussian noise of variance o2,
W(e(s)) = 0 if e(s) has the background value and W(e(s))
= o if e(s) has the foreground value. The « parameter can
be set to usual value 20, or updated on the fly, as the
average value of the moving observations; o2, the variance
of the moving observation, is computed for every frame.

The minimization of the global energy U is realized by
the deterministic relaxation called iterated conditional
mode (ICM): all the pixels are sequentially updated and
each pixel s is given the label e(s) corresponding to the
smallest local energy U,,(e(s)) + U,(e(s), o(s)). Usually,
instead of a true relaxation, a limited number of scans is
performed (typically 4). The advantage is that the

and U,(e(s),o(s))

Fig. 1 Spatiotemporal topology
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computation time becomes independent of the data, in
particular of the initial value of the motion field e.

But the drawback is that the quality of the final labeling
is very dependent on that initial value, which must be close
enough to the final solution. In our algorithm, we use the
output of the A temporal differentiation E,, which as
proved a good choice of initial guess [31]. The observation
field o corresponds to the difference map O,.

3 Architectures and their optimizations

In order to perform a fair comparison of these architec-
tures, the algorithm must be optimised for each one. This
section describes how the different algorithms are imple-
mented on the three architectures, the impact of the
architecture on the algorithm and how the algorithms’
structure and the architectures themselves should be mod-
ified to obtain optimised implementation.

3.1 PowerPC

The powerPC used is a PPC 7447 running at 1 GHz. It has
a 32 KB L1 cache, a 512 KB L2 cache and its power
consumption is 10 W. Its specifications are detailed in
Tables 5 and 6. From a functional point of view (Fig. 2), it
has one Load/Store Unit, one ALU, one FPU and a su-
perscalar SWAR unit: Altivec. Altivec is a multimedia
instruction set extension which has been designed to effi-
ciently accelerate image and signal processing [15]
applications. Altivec is composed of four 128-bit SWAR
units (following the Freescale vocabulary):

e Vector Permute Unit, which handles the instructions to
rearrange data within SWAR registers (permutation,
selection),

e Vector Simple Integer Unit, which handles all the fast
and simple integer instructions,

e Vector Complex Integer Unit, which handles the slower
and complex instruction like multiply, multiply-add,

e Vector Floating Point Unit, that handles all the SWAR
floating-point instructions.

Main advantages of Altivec are:

Each of the four vector units are pipelined,
Two instructions from the four units can be issued per
cycle without constraint on which unit is used.

To optimize a given code for a SWAR RISC processor,
we have to address the following points:

e bandwidth problem by optimizing loads and data reuse,
avoiding data reload and optimizing cache locality [36],
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Fig. 2 PowerPC G4 pipeline

| instruction fetch |

==

| decode / dispatch |
I 1

e

2L

= ~

Vector FP General
Issue Issue Issue
Queue Queue Queue j
Vector Unit - Altivec FPU ALU Load/Store
vciu | | vFPu FPU U2 LS
LSU
vciu | | vepu FPU U2 —
VPU vciu | | vePu FPU | U1 | U2 —
VPU |VSIU| veiu | | vrpu FPU
u FPU

e pipeline stalls due to un-predictable test instructions by
trying to remove tests from MRF energy computation,
e pipeline throughput with loop transformations.

In this section, we focus on SWAR optimization (also
known as SIMDization) and algorithm transformations.
Details about loop transformation techniques and above
optimizations are given in [14].

To speedup the computation of the model energy U,,, we
have to transform the equation of the potential function V,
that comes from the Ising model (the spin associated with a
particle). Usually spin-up and spin-down are coded with
+ 1 or —1. In our case, rather than labeling the state of a
site —1, 4+ 1 for background or motion pixel, we use the
binary code 0, 1. Let py, s; and f; the number of sites,
connected to e;, with a value 1, in the past, present and
future images (p; € {0, 1}, s; € {0,..., 8}, f1 € {0, 1}).
Then the energy model can be computed without any test
or comparison:

um = (8 = 2s1) B, + (1 = 2p1) B, + (1 = 2f1) By,
Uno = —Um1
where u,,; is the energy associated to a central site at 1. The

fitness energy can also be computed without taking into
account the state of the site:

=~

| complete |

==

| write-back |

1

1
2 2
Ua0 = F[O(S)] y  Ual ]

= los)

If u,; + u, < u,uo + ugo, the state is set to 1 otherwise it
is set to 0. The change is performed whatever the previous
state was. The same approach is used to remove tests from
the XA algorithm which is actually very hard to optimize
since only a few additions and comparisons are done
compared to the amount of memory accesses, as described
in [14]. Note that this test can be optimised by rewriting
2Mml < Ug0—Uq1:

Uy — Ug 06(20 — OC)
Ul <OUg, OUg = 5 iy

3.1.1 Density and opening

We have implemented three kernel size for these operators:
3 x 3, for regular use, 5 x 5 and 7 x 7 to estimate the
adequacy of the considered architectures to those well
known kernel operators. The cardinal computation of the
ball of diameter k, i.e. the summation of pixel value over
the k x k kernel (Fig. 3) requires k* LOAD, 1 STORE and
k*—1 mathematical operations (typically ADD but could be
AND or OR Boolean operator for erosion and dilatation).
Taking into account that k x k kernels overlap from one
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Fig. 3 Operators with neighborhood: overlapping for 3 x 3 and 5
x 5 kernels

iteration to another one, such summation can be optimised
by splitting this summation into k columns summation. The
cardinal is then the sum of these k columns. For the next
iteration, only one new column should be computed and
added to the previous one. The new complexity is
k LOAD, 1 STORE and only 2(k — 1) ADD (see Table 2).
For SWAR computation, the same optimizations can be
applied except that 16 pixels are computed in parallel
instead of only one SWAR results are given in Table 2 (for
16 pixels). SWAR implementation requires the construc-
tion of unaligned vector registers to compute the partial
sums. This is quickly done thanks to the dedicated Altivec
instruction vec_sld (Fig. 4). For example, given three

Table 2 Instructions per point, scalar and SWAR version

Instruction Without split With split
Scalar LOAD K k

Scalar STORE 1 1

Scalar mathematical Op K¥-1 2(k—1)
SWAR LOAD 3k k

SWAR STORE 1 1

SWAR mathematical Op -1 2(k—1)
vector index scalar index

vx(i,j—l)‘0‘1‘2‘3‘4‘5‘6‘7‘8‘9‘A‘B‘C‘D‘E‘F‘sx(i,j—lS)

VX (i,3) ‘10‘11‘12‘13‘14‘15‘16‘17‘18‘19‘1A‘1B‘1C‘1D‘1E‘1F‘ SX(i,3)

VK (i, +1) \20\21 ‘22‘23‘24‘25‘26‘27‘28‘ZQ‘ZA‘ZB‘ZC‘ZD‘ZE‘2F‘sX(i,j+16)

[D]E[F[10]11]12]13[14]15]16]17[18]19]1A[1B][1C] sx(1,3-3)

[E]F[10[11]12]13]14]15]16]17] 18] 19]1A[1B[1C]1D] sx(1,3-2)

\ F ‘10‘11‘12‘13‘14‘15‘16‘17‘18‘19‘1A‘1B‘1C‘1D‘1E‘sx(i,j—l)

3x35x57x7‘10‘11‘12‘13‘14‘15‘16‘17‘18‘19‘1A‘1B‘1C‘1D‘1E‘1F‘ SX(4,3)

‘11‘12‘13‘14‘15‘16‘17‘18‘19‘1A‘1B‘1C‘1D‘1E‘1F‘20‘sx(i,j+1)

‘12‘13‘14‘15‘16‘17‘18‘19‘1A‘1B‘1C‘1D‘1E‘1F‘20‘21‘sx(i,j+2)

[13]14]15][16]17] 18] 19[1A]1B[1C[1D[ 1E[ 1F[20[21]22] sx (1, 3+3)

Fig. 4 SWAR convolution reuse
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aligned vector registers (Fig.4) vX(i, j—1), vX(, j),
vX(i, j + 1), the kK = 7 unaligned vector registers sX are
constructed and used to compute the sum of line i, (same
computations are performed for lines i—3, i—2,..., i + 3).
The interesting fact is that, up to a value of n = 16, pixels
x(i, j—n) and x(i, j + n) are in the left and right vector
registers of x(i, j) (Fig. 4). So, for kernels size up to k x
k =33 x 33, only 3 x kK SWAR LOAD are required.

3.2 Programmable artificial retina

The purpose of the programmable artificial retina (PAR)
project is to develop versatile, real-time, compact and low-
power vision systems. In the vision machines today, most
of the resource consumption is due to the transfer of huge
amounts of data throughout the different parts of the sys-
tem. The data flow thus becomes the main source of cost in
time, circuit area and/or energy. In PAR-based vision
systems, the data transfers are limited to the minimum, by
processing the information where it is acquired, i.e. within
every pixel of the sensor and by performing an information
reduction in the focal plane in order to extract only a few
descriptors representing a very small data flow that can be
processed by a low-power external processor.

The PAR concept originates from the neighborhood
combinatorial processing (NCP) retinas [42] which were
SIMD Boolean machines. The near sensor image process-
ing (NSIP) concept [20] then allowed to process gray level
images. Now, the deep sub-micron level of CMOS tech-
nology allows to put more and more powerful processing
circuitry aside the photo receptors while preserving good
acquisition performance and resolution [26, 40]. The cir-
cuit used in our work was designed by Bernard at ENSTA
and fabricated using 0.35 pm technology: Pvisar34 is a
200 x 200 retina, with an elementary digital processor and
48 bits of memory within every pixel. The architecture of
Pvisar34 is presented in Sect. 3.2.1, and the retinal algo-
rithms in Sect. 3.2.2 Now, whereas this architecture has
proved well adapted to low and medium level image pro-
cessing [32, 35], the interest of asynchronism has been
identified to enhance the processing power of the PARs by
providing them with a higher (i.e. regional) level of com-
putation [18, 23, 24]. This is discussed in Sect. 3.2.3.

3.2.1 Retina and cortex architecture

The detection algorithm presented in this paper was actu-
ally implemented on the architecture presented in Fig. 5.
The PAR Pvisar34 is a CMOS sensor and a parallel
machine at the same time. It is a grid of 200 x 200 pixels/
processors connected by a regular 4-neighbors rectangular
mesh. The processors execute synchronously, on their local
data, a sequence of instructions sent by the controller,
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PAR: Programmable Artificial Retina
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Fig. 5 Architecture of the system composed of the PAR and cortex,
with focus on one elementary processor

which is the NIOS processor IP core of the Excalibur
FPGA chip. The host processor or cortex is the ARM
processor hardware core of the Excalibur. It can exchange
data with the PAR, modify the program sent by the NIOS
to the PAR and is in charge of the higher levels of com-
putation (i.e. non-image processing) of the vision task.
Every pixel/processor of the PAR is composed of:

one photo-receptor;

one analog to digital converter;

48 bits of digital memory;

one Boolean unit (BU), which can read some bits of the
digital memory, compute a Boolean operation and write
its output on one bit of the digital memory.

The actual instruction set of Pvisar34 is composed of
only five instructions. If reg, and reg, are two binary
registers of the digital memory:

one: The BU takes the logical value 1.

rd(reg;): The BU takes the logical value of register reg;.
ror(reg;, regy): The BU takes the logical value of the
binary OR between the two binary registers reg; and reg,.
wd(reg;): The BU writes down its logical value on
register reg;.

we(regy): The BU writes down the complementary of its
logical value on register reg.

Boolean algebra shows that this instruction set is suffi-
cient to compute any Boolean function. Now, for
readability purposes, we shall use in the presentation of the
primitives a generic Boolean instruction set, made of the
instructions of the form y = OP(xy, x;), where x1, x,, y are 3

bits (not necessarily distinct) of the digital memory and OP
is any binary Boolean function (e.g. AND, XOR, ADD NOT,
etc). Note that every instruction is computed in a massively
parallel SIMD mode, the operators are then performed
simultaneously on all pixels.

Every pixel of the PAR shares 1 bit of its memory with
each one of its four closest neighbors, allowing spatial
interactions and image translations. Regarding data extrac-
tion, there are two ways to output information from the PAR:

e Dby translating the image and reading the output on the
edge of the grid, to get the exact content of one or more
bit planes of the digital memory.

e by using the Analog Global Summer, which provides in
constant time an approximate measure of the number of
1s in any bit plane of the digital memory.

Although simple, this last feature is important as it
provides efficiently global measures that are very useful to
get spatial statistics or to detect the convergence of relax-
ation algorithms.

3.2.2 Cellular synchronous algorithms

From the architecture presented above, it turns out that the
retinal algorithmics at the present time is essentially a cel-
lular SIMD parallelism. A retinal program is a sequence of
binary Boolean instructions. All the pixels/processors per-
form the same instruction at the same time on their own data,
part of which can be taken from one of their closest neigh-
bors. The extreme level of granularity and the small amount
of digital memory are the main characteristics of the retinal
algorithmic. The algorithm designer is imposed a constant
effort of logic minimization, in order to find the Boolean
expression of its algorithm that minimizes the number of
elementary instructions (related to the computation time)
while fitting in the available memory (just like a hardware
designer will make a circuit trying to minimize the critical
paths and using the minimal amount of logical gates).

Naturally, the memory limitations also affect the data
representation that can be used by the algorithm. In the
case of motion processing which concerns this paper, this
means that the memory used to represent the past history of
every pixel must be rigorously controlled. Typically, we
shall not keep histograms nor a large set of past values
within every pixel, but rather a limited number of temporal
statistics, computed recursively.

Despite these constraints, the retinal computation model
offers some very attractive features. In particular, the
fusion of acquisition and processing functions allows a
close adaptation to the lighting conditions and to the scene
dynamics. More precisely, the analog to digital conversion
(ADC) performed at the output of the photo-receptor is
done by a multiple reading which provides N binary images
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(level sets). As the ADC itself is fully programmable, it is
possible to perform a constant feedback from the local and
global computations to the acquisition, thus providing
sophisticated adaptation to lighting conditions.

Once the gray levels of the image are coded within
every pixel of the PAR, the retinal program applies a
sequence of arithmetic and logic operations that are com-
pletely written in software, at the bit level. We now present
such program in the particular case of the motion detection.

The XA change detection algorithm relies on very
simple primitives: comparison, difference and elementary
increment and decrement. Furthermore, it is based on non-
linear computations which does not involve neither trun-
cation nor dynamics increasing. It is thus well adapted to
the minimal instruction set and the small memory of the
PAR elementary processors. The implementation on Pvi-
sar34 was performed using the four primitives presented in
Table 3. To avoid confusing notation, I, is noted here X,.

Table 3(3) represents the strict comparison primitive
between X, and M; e and f are the two bits of result,
indicating whether M, < X, and whether X; < M, respec-
tively. These indicators are used in the XA algorithm, to
update the statistics, by decrementing e (Table 3(4)) and
incrementing f (Table 3(5)). Table 3(1) shows the compu-
tation of the difference O coded on n bits {oy,..., 0,1},
between the current mean M, and the current sample X;. At
the end of the computation, O, is coded in classical two-
complement, with ¢ the sign bit. For the second-order

Table 3 The PAR algorithmic primitives used in the £A motion
detection

(4) Decrement
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c=1;
for i=0 to (n-1) {
a=m; ® T;; d=0;e=0; f=0;
0 =adc for i=(n-1) down to 0 {
a=allc a=m; \Ty;
c=m; \NTs; b=x; A y;
c=cVa; g=aAnd
} e=eVy;
(1) Signed difference =bAd;
f=fvg
b=cAoo; a=aVb
for i=1 to (n-1) { d=dVa;
0i = 0; Db; }
a = cN oy
b=>bVa: (3) Strict comparison
}
(2) Absolute value c=moA f;
——— mo =mo D f;
c=moe for i=1 to (n-1) {
mo = mo D e; m; =m; P c;
fori=1to (n-1) { cZ:c/\%' ’
mi; =m; O ¢ } v
c=cAmg;
} (5) Increment

statistics (XA variance V,), it is necessary to compute the
absolute value of the difference O, (Table 3(2)).

The above primitives allow to implement the whole
temporal (pixel-wise) part of the algorithm. On Pvisar34, it
was completed by using binary morphology as spatial
regularization. An alternate sequential filter was applied on
the temporal output E; = E,(E,) (see Sect. 2.2.1). So the
only algorithmic primitives that are needed are the logical
OR and the logical ADD between one pixel and its immediate
neighbor, in each of the four directions. The filtered output
E, represents the final detection label and it is used as a
binary mask to inhibit the update of the XA mean M,.

The implementation of other spatial operators have been
also optimised on the PAR taking care of its constraints
(four-connectivity). The 2D filters are split into 1D filters
(Fig. 6). There are, at least, two passes: one pass for the
vertical operator and one pass for the horizontal operator.
After each pass, results are stored into memory. If the
operator is not idempotent (like ADD used for the density
computation) (k x 1) and (1 x k) operators are not split
into smaller operators (Fig. 6, top). But if the operator is
idempotent (like AND and OR operators used for ASF), each
(k x 1) and (1 x k) operator is split into a set of (3 x 1)
and (1 x 3) operators (Fig. 6, bottom), with, at each time, a
memory access. This decomposition reduces memory
access to directly connected neighbors.

Thus, for k > 3, non-idempotent k X k operators are
expensive to implement. There are two reasons: the first
one is, the great amount of cycles dedicated to gather far
pixels to the current PE and the second one is the cost of
serial-bit ALU operations. For these reasons the density
filter is much more slower than the erosion/dilatation filter
(x4.5, x5.9 and x6.3 slower, respectively). As ASF are
based on erosions and dilatations, their implementation
remains efficient even if they have a great complexity,
making them faster than density operator.

non idempotent operator (ADD)

/ memory access

idempotent operator (ADD, OR)

memory accesses—\

ﬁ{@f@ﬁ S -

Fig. 6 2D Spatial filters optimization on retina
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3.2.3 Hybrid algorithms

Although Pvisar34 can simply and quickly compute
relaxation operators such as skeletons, or morphological
connected operators, its efficiency in terms of useful
computation is low for such irregular operators because of
the expense due to the synchronous sequencing of the
whole grid, that will only serve in some specific regions of
the image. For that reason, a reduced set of asynchronous
operators has recently been proposed by [24] to increase
the computing level of the PARs. Thus, programmable
connections, spanning tree constructions, OR and SUM
asynchronous associations will be integrated in the next
generations of PARs.

Such hybrid synchronous/asynchronous architecture will
allow us to perform operations over a selected region
(connected component) very efficient. This is the case of
the geodesic reconstruction, which is useful for the motion
detection algorithm (see Sect. 2.2). In the asynchronous
model, the corresponding operation is computed like in the
Associative Mesh (see Sect. 3.3): the reference set X is
used as a binary mask to open/close the connections of the
programmable mesh. Then an OR — association is com-
puted on the marker set Y; the output is the result of the
reconstruction Rec*(Y).

3.3 Associative Mesh

The Associative Mesh [19] intends to exploit a massive data-
parallelism, originating from a model based on network
reconfigurability: the Associative Nets Model [33]. To allow
efficient hardware optimizations for the large diversity of
algorithms in image processing [34], the architecture is built
from the observation of data-movements and data-structures
encountered in this field. The Associative Mesh relies on a
dynamic reconfigurability of its processors network and on
an asynchronous electronic used to perform global opera-
tions and communication tasks. Reconfigurability and
asynchronism offer solutions to adapt architectures to this
context [5]. Several studies have shown that most techniques
of image processing can be implemented using the Asso-
ciative Mesh [3, 8, 16, 17] or architecture using some of the
implementation techniques of the Mesh and the Associatives
Nets concepts [22, 23].

3.3.1 Associative Nets Model theory

The Associative Nets Model is characterized by the
application of associative operators on a locally reconfig-
urable, directed interconnection graph called mgraph
implemented locally in each processor to enable its
dynamic evolution in the course of an algorithm. Mgraphs
can represent objects (Fig.7) coded, processed or

()

Fig. 7 Different mgraphs configurations: a full graph; b region
graph; c oriented trees and d edges graph

manipulated in image processing such as connected areas,
edges, oriented trees, etc. It allows us to think not only in
terms of point-to-point communication between processors
but to apprehend information at a higher level.

Operations in the Associative Nets Model combine
communication and computation aspects and are called
“associations’. They consist in a global application of an
operator—such as logical operators, addition, minimum/
maximum or spanning tree generation—on data spread
over a connect set of the considered mgraph. As a basic
example, this primitive can be used to asynchronously
compute the area of a region by globally summing 1 per
pixel on the mgraph connected components. It happens that
most complex algorithms can be realized by iterating these
primitive operations. Local associations are also allowed
and are named Step Associations; the operator in this case
is used to combine the local value of a processor with its
nearest neighbors on the mgraph. Figure 8§ presents an
example of a global MAX — association.

3.3.2 Associative Mesh architecture

The Associative Mesh is a SIMD hardware transposition of
the Associative Nets Model, featuring an 8-connected 2D
mesh. Its originality comes from an asynchronous imple-
mentation of associations: the interconnection graph can be
seen as an asynchronous path where data freely circulate
from a processor to another, propagating local results to
neighbors  until  global  stability is  reached.
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Fig. 8 MAX-association

Reconfigurability directly stems from the concept of
mgraphs: each processor includes an 8-bit mgraph register,
where each bit emulates the absence or presence of an
incoming edge originating from a neighboring processor.
The mgraph register is connected to the input of an
AND-gate mask, which filters data emitted by the neighbors.

A Mesh processor is built around two distinct parts: an
Associative Element (AE) which performs asynchronous
associations and a Processing Element (PE) dedicated to
internal operations and memory tasks, featuring an all-pur-
pose memory bench, dedicated registers to save the local
mgraph value, an independent scan-register for image input/
output and an ALU to perform basic local operations (Fig. 9).

In order to save space, AEs have a 1-bit data-path. A n-
bit association will then be performed as an iteration of 1-
bit associations. Operators have been designed to ensure
that data cross a minimum of logical layers to optimize the
traversal time of each AE. As an example, in a simulation
based on a 90-nm technology and a Mesh running at
500 MHz, 40 AEs can be crossed in one clock cycle during
an OR — association. As a result, the basic global primitives
of the model, associations, are performed in a very inter-
esting computation time: simulations using the same
technological parameter indicate that for a 512 x 512
image, OR — association on 8-bit data is performed in 60 ns
and PLUS — associations in 200 ns [13]. Such a speed on
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Fig. 9 Processor architecture
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Table 4 List of SIMD instructions on the Associative Mesh

Affectation

Equal

Boolean instructions
OR, AND, XOR, NOT, Shift
Comparisons

=# >,2,<,<
Arithmetical operations

+,minus; , X, /,modulo

global operations emphasizes the impact of the asynchro-
nous network on the Mesh’s performance. Available
instructions are listed in Table 4.

3.3.3 Processor virtualization and SIMD

With current technologies, the architecture discussed above
is not optimised with a SoC approach, meaning a complete
image analysis machine inside one chip. We can improve
the Mesh integration by changing the PEs granularity: we
now assign a group of N pixels to each processing element
(now called SIMD PE) and consider that we have N virtual
PEs per physical SIMD PE (N is called degree of virtual-
ization) [12]. To retain the benefits of asynchronism (very
fast computation time, easy controllability), the AE struc-
ture is preserved in its original configuration. Thus, only
the synchronous parts of the design are affected by the
virtualization process. Figure 10 presents a virtualized PE
dealing with 2 pixels.

This reorganization allows us to envision the architecture
as the juxtaposition of an asynchronous communication
network and a set of virtualized synchronous units, each
managing N pixels. This new structure enables a significant
area gain: we have shown that the design area is reduced by
20% if N = 16, 25% if N = 1,024. With N = 1,024, the
hardware cost of a 256 x 256 Associative Mesh, including
64 SIMD PEs, each managing 32 x 32 pixels, is about 165
millions of transistors. However, virtualization induces an
increase of computation time due to the serialization of
local operations. Still, this increase can be limited by
implementing a SIMD unit in each SIMD PE, so we can
parallelize, up to a certain point, operations for pixels
managed by the same SIMD PE and reduce computation
times in significant proportions [13].

3.3.4 XA initialization

The XA initialization is entirely performed by the SIMD PEs.
Parallel conditional statements like WHERE or ELSEWHERE
implement the IF—THEN—ELSE instructions by performing a
sequence of operations in each PE, according to the result of
a local logic comparison.
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3.3.5 Markov

The update strategy used is image recursive for full-par-
allel updates. The energies computation are held by the
SIMD PEs while the AEs are used to compute p, the sum of
spatial 8-connected sites, using a local PLUS — association.
Conditional statements are used to collect sites label from
E._; and E.;,, compute V,, and V, and also to set the final
label to the site, depending on the total energy u. Note that
the graph mask is configured by the set of the eight masks
(the four principal directions: North, South, West, East and
the four secondary directions North-West, North-East,
South-West and South-East).

// Difference of Adequacy energy computation
AU, = (ax (2x0x a)/4xo?;

// Energy due to potential V),

WHERE(Ey—1 ==1) Up, = —0p;
ELSEWHERE U, = [3,; ENDWHERE;

// Energy due to potential V¢

WHERE(Ey11 == 1) Uy = —fy;
ELSEWHERE Uy = (f; ENDWHERE;

// Energy due to potential Vs

// Graph configuration: fully 8-connected graph
Graph = mNW+mW+mSW+mS+mSE+mE+mNE+mN;
s=PLUS-ASSOCIATION(Graph),Ey);

Us = (8 — 28) X fBs;

// Model energy computation

Uml = Us + Up + Uf;

// Pixel labeling

WHERE(Um1 < AU,)Ey = 1;

ELSEWHERE F; = 0; ENDWHERE;

Associative Mesh ICM version

3.3.6 Binary geodesic reconstruction

Reconstruction takes an efficient use of the Mesh’s AE
units: the geodesic mask is represented as a graph, where
each object is a unique connected component. Pixels of the
mask (set to 1) are linked together with the LINK — WITH —
ONES mgraph creation primitive. The markers are then
dilated up to the mask’s limits by performing a global OR —
association on the graph. The worst case is met when a
unique object—shaped as a spiral—with a marker on one
of its extremities fills the 200 x 200 image. Simulations
based on a 90-nm technology reveal that for this extremely
rare configuration, this operation on a Mesh running at
500 MHz will take 500 cycles. However, since data are 1-
bit wide, it will only take a handful of cycles in most cases
for the association to complete, thus providing a very
interesting computation time.

// Creation of a graph representing the geodesic mask

// from the ImageMask binary image

LINK-WITH-ONES (GraphMask, ImageMask) ;

// Markers dilatation

Result=0OR-ASSOCIATION (GraphMask, ImageMarker) ;

Binary geodesic reconstruction on Associative Mesh

3.3.7 Morphological opening

A dilatation on binary data, with a 3 x 3 structuring object,
is simply achieved by a local OR — association. Operating
with a 5 x 5 or 7 x 7 structuring object only requires an
iteration of local associations. Erosion is computed in a
similar way, this time with an AND — association. There-
fore, a morphological opening will be implemented on the
Mesh by computing 1, 2 or 3 local AND — association,
followed by 1, 2 or 3 OR — association, depending on the
size of the object.

3.3.8 Density operator

On a 3 x 3 window, each pixel’s eight neighbors are
summed in parallel by a local PLUS — association. The final
threshold is performed in the SIMD PEs. To operate on
larger windows, we must ensure that each pixel will be
counted once and once only. Addition is not idempotent, so
it is impossible to simply iterate local associations as we did
with the morphological opening. In consequence, we have
to divide a5 x 5 or 7 x 7 window into 3 x 3 or smaller
sub-windows (Fig. 11). A sub-total is then computed in
each sub-window, using a local PLUS — association.
Finally, each sub-total is sequentially propagated to the
central node to be added in the final sum. A last threshold is
then performed in the SIMD PEs. As Boolean associations
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Fig. 11 a Sub-window split for a 5 x 5 density operation; b sub-
totals propagation to the central node

like OR — association and AND — association are idempo-
tent, they require less graph configurations and associative
operations. For the opening, respectively, 2 and 3 for 5 x 5
and 7 x 7 associative operators and only 1 graph configu-
ration versus 5 and 17 associative operators and as many as
graphs configurations for non-idempotent operation like the
addition for the density operator.

// Graph config and sub-total for the upper left 3x3 window (1)
// (for example, the mW value activates the link between

// the processor and its west neighbor)
Graph=mNW+mW+mSW+mS+mSE+mE+mNE+mN;
Suml=0R-LOCAL-ASSOCIATION (Graph, Image) ;

// Graph config and sub-total for the upper right 2x2 window (2)
Graph=mE+mNE+mN;

Sum2=0R-LOCAL-ASSOCIATION (Graph, Image) ;

// Graph config and sub-total for the bottom left 2x2 window (3)
Graph=mW+mSW+mS;

Sum3=0R-LOCAL-ASSOCIATION (Graph, Image) ;

// Graph config & sub-total for the last sub-window (4)
Graph=nW+mSW+mS+mSE+mE+mNE+mnN;
Sum4=0R-LOCAL-ASSOCIATION (Graph, Image) ;

// Propagation to the central node

Graph=mNW; / for sub-window (1)
Final=OR-LOCAL-ASSOCIATION (Graph, Suml) ;
Graph=mNE; // for sub-window (2)
Final=Final+OR-LOCAL-ASSOCIATION (Graph, Sum2) ;
Graph=mSW; // for sub-window (3)
Final=Final+OR-LOCAL-ASSOCIATION (Graph, Sum3) ;
Graph=mSE; // for sub-window (4)
Final=Final+OR-LOCAL-ASSOCIATION (mSE, Sum4) ;

// Final Threshold
WHERE (Final>12) Pixel=1;
ELSEWHERE Pixel=0;

ENDWHERE;

5 x 5 density operation on Associative Mesh

3.4 Architectures specification summary
In order to compare the three architectures and to focus on

their advantage and drawback, their specifications are
summed up into two tables: the architectural specifications

@ Springer

Table 5 Architectures specifications

Architectures Frequency Internal RAM Transistors Watts

AM 500 MHz 2 MB 160 M 2 W
Retina 5 MHz 225 KB 4M 100 mW
G4 1 GHz 32KB +512KB 58 M 10 W

(RAM, amount of transistors and power consumption) and
bandwidth specifications (access to internal data and
external data).

Table 5 provides the size of the internal RAM (size of
the cache hierarchy on PowerPC G4 and size of the dis-
tributed memory on the Mesh and the retina) and an
estimation of the power consumption. For the PowerPC
G4, this is an average value, for the Mesh this is an esti-
mation and for the retina, this is the measured value.

One very important point for comparison is the band-
width of these architectures. As the Mesh and Retina are
parallel architecture, we use the concept of aggregate
bandwidth originating from high performance computing.
The aggregate bandwidth is the sum of the bandwidth of all
processors (Table 6). Then we consider the internal band-
width as the bandwidth between the processor and its closest
RAM (L1 cache for the PowerPC G4 and distributed internal
RAM for Mesh and Retina) and the external bandwidth as
the bandwidth of the external bus, connecting the processor,
to the external RAM or to another processor. For the Mesh,
this is the capability of the asynchronous network to transfer
data from one AE to another AE. For the Retina this is the
bandwidth to transfer data from one memory bank associ-
ated to one processor to one of its connected processors. The
reason is that, for the retina, the bandwidth cannot be com-
puted in the same way than for RISC processor or an
associative network, where internal and external buses can
be easily identified. Each elementary processor (PE) of the
retina has 48 bits of memory and 4 bits are shared with the
four neighbors. Internal bus bandwidth capacity is based on
the number of cycles for a READ, i.e. 6 cycles. External bus
capacity is the number of cycle to perform a copy from one
of the four bits (6 cycles for the READ) to one of the 44 private
bits (3 cycles for the WRITE). Internal bus bandwidth is to
access private memory, external bus to access shared

Table 6 Bandwidths, per cycle and per second

Architecture External bus Internal bus
AM 64 B/c 1,024 B/c
AM 30 GB/s 476 GB/s
Retina 555 Blc 833 B/c
Retina 2.8 GB/s 4.1 GB/s
G4 1 B/c 16 B/c

G4 1 GB/s 16 GB/s
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memory. Note that for the Mesh, the bandwidths are com-
puted for an architecture of 256 x 256 AEs with a
virtualization N of 1,024, i.e. 64 SIMD PEs.

We can notice and it is one of the main advantage of
specialized architectures, that both Retina and Mesh can
transfer much more data per cycle than a generalist RISC
processor (x64 for internal and external buses). When
considering bandwidth per second, the total aggregate
bandwidth of the Mesh is close to the latest Cray vector
processor performance [10] which has a peak bandwidth of
800 GB/s. Keeping in mind that most of the image pro-
cessing algorithms are faced with memory wall problem, it
is like if RISC still wait for data when the distributed buses
of specialized machine can transfer data in time to feed
processors.

4 Benchmarks

In order to compare the architectures, both from a quali-
tative and quantitative point of view, we used the frame
rate and the cycle per point (cpp):

txX F
2

cpp = "

where ¢ is the execution time, F the processor frequency
and n” the number of pixel to process, per processor. The
cpp is an architectural metric to estimate the adequacy of
an algorithm to an architecture [27]. For each architecture,
we provide the cpp and the speedup for every operator (XA,
ICM, morphological operator) and also for the whole
algorithm as described in the first section. The algorithms
have been implemented on a PowerPC G4 and PAR and
have been simulated on the Associative Mesh with
SystemC. For parallel architectures, the cpp expression is
modified, depending on the number of pixels to be
processed by a processor:

txXF

CPPpar = X F, W

CPPMesh =

The cpp values have been calculated for 128 x 128, 256
X 256,512 x 512 and 1,024 x 1,024 image size to analyze
the cache behavior. We only provide the results for 256
X 256 image size to reduce the amount of results. For
specialized parallel architecture like PAR or Mesh, the
scalability is quite ideal so extensive results will not provide
more information. For the PowerPC, more detailed results
are provided to focus on the problem of cache misses.

4.1 Benchmark procedure

For the PowerPC, we used the following approach. As
there is no clock cycle 64-bit counter, on powerPC under

MacOS, we have used a micro-second counter based on the
micro kernel MACH. As execution time is very short for
small images, the measure is done on i iterations of the
loop, to get a duration of x1,000 the resolution of the
timer. As this measure can be polluted by the OS, r runs are
performed, and the minimum is selected.

For the PAR, a logic analyzer Agilent 1670 has been
used. Acquisition, conversion and computation time are
readable on the analyzer. The figures only take into account
the computation time.

For the Mesh, algorithms have been implemented and
simulated using a Mesh simulator based on a SystemC
description of the architecture allowing a cycle-accurate
evaluation. In order to achieve this feature, we need to
evaluate the duration of an association. Besides techno-
logical or architectural issues, this duration depends on the
initial value of the data and of the graph type used for the
operation. For instance, an OR-based-association compu-
tation time is given by the longest distance between two
logical 1s, Therefore, estimation can be performed by
computing the number of processors walked through by
data during the operation. To implement this process on the
Mesh simulator, data circulating in the asynchronous net-
work provide two informations, each going through a
specific data path: on one hand, the local result of the
association as a 1-bit value uses the standard architecture
data path and, on the other hand, a counter representing the
number of processors walked through so far by this data,
which is incremented after going through a processor
(Fig. 12). When the association terminates, data in the
network with the highest counter value gives the duration
of the association.

4.2 PowerPC G4 results

Four algorithms have been benchmarked: ICM, XA, den-
sity filters for 3 x 3 and 7 x 7 kernels and also Frame
Difference (FD) algorithm. We added FD to get a reference
in term of complexity and then in term of cpp, since no
algorithm can be simpler than an absolute difference

\
STABILITY ~
DETECTOR |to controller

ASSOCIATIVE T K+1 bits

OPERATORS to neighbors
data from|
neighbor:
8 x K bits K bits
. MAX P +1
Distance counter Max value

N J

Fig. 12 Asynchronous data path on Associative Mesh simulator
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followed by a threshold to detect motion. For each algo-
rithm, two scalar versions and two “vector versions were
coded:

so  scalar with no optimization, straight-forward coding,

51 scalar with all possible optimizations,

vo SWAR vector version with no optimization,

v SWAR with optimization like Loop unrolling, Register
Rotation, strength reduction and computation
factorization.

We provide cpp for classical image size, to point out the
problem of cache behavior. For each algorithm, four ratios
are also calculated:

so/  the impact of scalar optimization,

S

vo/  the impact of SWAR optimization,

Vi

si/ the impact of SWAR switch for both optimised
V1 versions,

sol the total acceleration from a basic/naive code to an
Vi optimised SWAR code.

We can see that the global speedup (s0/v1) is huge: from
x 17 for A to x60 for 7 x 7 density filter. We can notice too
that the code vectorization is the optimization technique that
provides the highest speedup (line s;/v;: from x 6.8 for ICM
to x15.6 for density filter, while the scalar techniques all
together provide a speedup (s¢/s1) from x 1.2 for XA to x6.6
for ICM. Such value of speedups make the use of optimi-
zation and vectorization to assert themselves for real-time
computing on generalist purpose SWAR RISC processor.

Note that all the versions s;, vy, v require some
expertise from the developer. If these versions have been
compiled with all optimization options of the compiler,
without a little help, the compiler cannot achieve a level of
performance higher than the sy version.

If we look in detail at the Fig. 13 that represents the
cpp’s evolution of ICM and XA, for image sizes varying
from 128 x 128 to 1,024 x 1,024, we can focus on two
points. First there is a big gap in performance when image
size increases and data do not fit in the cache. This phe-
nomenon appears for different image size, depending on
the algorithm (about 250 x 250 for ZA and 350 x 350 for
ICM). Then if both cpp are similar in the left part of the
figure for small image sizes, the Acpp becomes 40%
bigger than ICM cpp. The cpp value is multiplied by x3.8
between left and right part of the figure. This result is in
contradiction with any complexity analysis: XA is more
simple than ICM, but because it requires more images to be
present at the same time in the cache and also because there
is very few instruction to optimize, there is no possibility to
optimize the code. The XA algorithm is a typical case of
memory bounded problem. The performance decrease is
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Fig. 13 ICM and XAcpp on PowerPC G4

more important than for ICM or other algorithms studied
here. That raises another problem: SIMDization is efficient
only when data fit in the cache, if the global speedup (so/v)
is x17.1 for 256 x 256 images size, it is only x5.2 for
1,024 x 1,024 images size.

Finally, if we compare the cpp of the best version (v;) of
ICM or XA algorithm with the naive scalar version (sg) of
FD or even the optimised scalar version (s;), we can see
that the SIMDization makes complex algorithms like
Markov Random Field relaxation, or XA filtering run faster
than FD. From a qualitative point of view, this enforces the
use of SWAR on general purpose RISC computer since
such SIMD multimedia instructions make robust algorithm
run faster than naive algorithm if this one is not optimised.

In the next subsection, we will focus on the imple-
mentation of these algorithms on the Retina and on the
Mesh to finally compare them from an embedded point of
view: frame rate and power consumption.

Table 8 shows, for PowerPC G4, that scalar optimiza-
tions are as important as SWAR optimizations: x7! As
usual, the most efficient optimization is the highest level
optimization: the algorithmic transform by LUT utilization
provides a speedup of x3.6. Caches have also an important
impact on performance whether the data fits in the cache
(256 x 256) or not (512 x 512 and more).

4.3 Retina benchmarks

The results presented in this section, related to computation
time and energy, have been measured on our experimental
device composed of the 200 x 200 PAR Pvisar34 con-
nected to an Excalibur board EPXA1, used to control the
PAR and to perform higher level computations. The mea-
sures have been made using an oscilloscope and a logic
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analyzer except for density operator where figures are
estimated, not measured.

Table 9 details the cost in time of the different func-
tions. The first column represents the number of Boolean
instructions, the second column the number of clock cycles
and the third column the time, in ms. The acquisition
corresponds to the time of photo-transduction, during
which no operation is performed. This time, measured here
in normal conditions of our laboratory, naturally varies
according to the lighting conditions. For the following
functions (digital conversion, XA estimation and spatial

Table 7 Implementation on PowerPC G4: cpp and gain

Algorithm  FD ZA ICM Density3 Density7
cpp of scalar and vector versions

So 28.7 50.5 112.2 27.2 114.0

S 17.5 40.5 16.9 12.3 30.1

Vo 34 4.5 34 1.9 5.7

vy 1.2 3.0 2.5 1.5 25
Gain between scalar and vector versions

So/sy x1.6 x1.2 x6.6 x2.2 x3.9
Vo/Vy x2.9 x1.5 x1.4 x1.2 x2.7
s1/vy x15.0 x13.7 x6.8 x8.2 x15.6
Solvy x24.6 x17.1 x44.9 x18.3 %x60.0
Table 8 PowerPC G4 optimizations impact for ICM

Version cpp Gain
Basic 147 -
LUT 41 %x3.6
Internal loop unrolling 32 x1.3
External loop unrolling 20 x1.6
SIMD vectorization 2.6 x7.7

Table 9 Computation costs of the different algorithmic functions of
ZA detection on Pvisar34

Function #i #c t (ms)
Acquisition 0 0 15
Digital conversion 64 2.5k 2
ZA Estimation 160 6.5k 1.3
Spatial binary morphology
3 x 3 ASF 25 1k 0.2
5 x 5 ASF 58 2.3k 0.5
7 x 7 ASF 108 4.3k 0.9
3 x 3 Density operator 36 2.2k 0.4
5 x 5 Density operator 95 6k 1.2
7 x 7 density operator 152 9.6k 2.0

Table 10 cpp and frame processing rate of Associative Mesh (for
200 x 200 images)

Algorithm cpp t (us) Frame rate
Frame Difference 0.5 1024 977 x 10°
TA 35 70 14.3 x 10°
ICM 70 140 7.14 x 10°
Geodesic reconstruction 0.46 0.94 1.07 x 10°
3 x 3 Morphological opening 0.19 0.39 2.58 x 10°
7 x 7 Morphological opening 0.44 0.91 111 x 10°
3 x 3 Density operator 0.32 0.65 1.55 x 10°
7 x 7 Density operator 10.21 20.9 47.8 x 10°

binary morphology) the computation time only depends on
frequency of the retina. For the spatial processing (binary
morphology), three different sizes are considered for the
largest radius of the structuring element set used both by
the alternated sequential filter and the density operator.

If we only consider the computation time, the overall
time consumed by the PAR is approximately 3.5 ms per
frame, among which 2 ms for the CNA and 1.5 ms for the
algorithm itself. These times are measured for a control
frequency of 5 MHz. This means that, if we discard the
acquisition time (which can make sense for a PAR
observing a strongly lighted scene, for which the 2 ms of
the CNA are sufficient as acquisition time), then a frame
rate of 285 images/s is attainable at 5 MHz. Conversely, if
the frame rate of 25 images/s is sufficient, then the control
frequency can be lowered to 440 kHz, thus reducing pro-
portionally the computing power.

At 5 MHz, the computing power of the whole device
(PAR 4+ EPXAI1 board) has been measured at less than 1
W, from which only 100 mW is consumed by the PAR
circuit and its cortex controller (external micro controller,
Fig. 5) and the rest by the EPXAT1 board. This means that
the computing power of the PAR-based vision system can
certainly be lowered significantly by developing specific
controlling ASIC instead of using off-the-shelf develop-
ment kit.

4.4 Associative Mesh results

The results provided in the following section were simu-
lated using a 90 nm technology parameter. On the
Associative Mesh, the ICM cpp is about 70 for one ICM
relaxation (varying from 70 to 80, depending on the
degrees of SIMD and virtualization) and 35 for ZA.

For the morphological operator, the Associative Mesh
cpp is higher than PowerPC G4 cpp because of 1-bit
implementation of PLUS — association. But with SIMD
distributed processing power, it has the higher frame pro-
cessing rate, even with virtualization.
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The Mesh achieves spectacular performance. The
bandwidth offered by its internal busses allow the Mesh to
achieve a frame processing rate of 24,800 images/s. This
number could, however, be impacted by the performances
and/or synchronization with the video sensor. Another
physical limitation is the number of incident photon
impact(s) on the associated sensor.

4.5 Synthesis benchmarks

We only take into account the computation time and dis-
card the acquisition time, the conversion time, the transfer
time, and the power consumption of these operations. We
are aware that results are a bit unfavorable to the PAR as
the acquisition and conversion is integrated into itself
contrary to the Mesh and the PowerPC. Right now, there is
no way to get better results so the synthesis benchmarks
will focus on the computation time to evaluate architecture
performance. Considering the power consumption of a
sensor—which is about 500 mW for both acquisition and
conversion—the simulation and execution times will
change but one order of magnitude between the PAR, the
Mesh and the PowerPC performances will still exist.

Two configurations of benchmarks have been done
(Table 11):

#1 XA + Markovian relaxation (four iterations of ICM),

#2 XA 4+ morphological post-processing (geodesic recon-
struction, 3 x 3 density or 3 x 3 ASF, depending on
the architecture).

In the configuration #1, ZA is considered as a pre-pro-
cessing algorithm used to provide a better initialization for
ICM than classical Frame Difference algorithm. In con-
figuration #2, A is a “stand alone” algorithm with a post
processing step to remove the remaining noise. The choice
of spatial regularization algorithm has been done to be
coherent with the architecture capabilities, i.e.:

e geodesic reconstruction on the Associative Mesh, since
it is the strongest algorithm, by far and its

Table 11 Benchmarks results for configurations #1 and #2

Image size PowerPC G4 Retina Mesh
Configuration #1: £ A + 4 ICM

Frame rate 1,178 - 24,800
Real-time Freq (MHz) 21 - 0.504
Energy () 8,500 - 201.6
Configuration #2: £ A + morpho

Frame rate 3,436 667 184,000
Real-time Freq (kHz) 7,300 188 68
Energy (pJ) 2,900 150 27.1

implementation is efficient on Associative Mesh (com-
pared to the implementation of the other architectures)

e 3 x 3 ASF on the PAR, since ASF is the most efficient
operator on the retina.

e 3 x 3 density on SWAR CPU, to get a complexity that
is comparable to PAR complexity, keeping in mind that
after optimizations, SWAR 5 x 5 and 7 x 7 operators
are quite as fast as the 3 x 3 operator.

To assess the performance of the retina, we only take
into account the processing time (1.3 + 0.2 = 1.5 ms) not
the total time (acquisition + conversion + processing). The
reason is that both acquisition and conversion times are
unknown for the PowerPC G4 and the Associative Mesh.
This leads to a frame rate of 667 images/s. The estimation
of energy consumption is based on this assumption.

Table 12 presents the energy consumption of the three
architectures for the configurations #1 and #2. We can
notice that specialized architectures are by far more effi-
cient than the general purpose processor—even with
SWAR computation: performance ratios are all greater
than x10. This also means that even a 50% error, about the
estimation of PowerPC G4 power consumption, is defini-
tively not a problem.

4.6 Benchmark analysis

Before concluding, we focus, for each architecture, on the
impact of the optimizations and the efficiency of the
implementation.

RISC PowerPC G4

e From a point of view of embedded system, Altivec is
well-adapted to complex algorithm like ICM relax-
ation: the ratio with Associative Mesh is x35.7 for
configuration #1 and x88.6 for configuration #2.
That could lead people to redesign SIMD Mesh PE
architecture with an Altivec-like SWAR Instruction
Set Architecture. For example a sub-set with only
integer and also with restriction within the cross-bar
capabilities could be integrated on a FPGA.

e For RISC, SWAR is very efficient, since a complex
and robust algorithm like those proposed in the

Table 12 Energy comparison for configurations #1 and #2

Image size 128 256 512 1,024

Configuration #1: £ A + 4 ICM

G4/AM %36 x42 x 139 x 155
Configuration #2: £ A + morpho

G4/PAR x14.4 x18.0 x61.3 x72.1
G4/AM x 89 x107 %329 %395
PAR/AM x5.5 x5.5 x5.5 x5.5
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configuration 1 and 2, are running faster, after
SIMDization, than naive Frame Difference.

e Another point for fair comparison, is the cache size
of a RISC. We can see that the G4 is efficient (cpp
low) for size up to 300 x 300. This means that for
smaller size, the G4 efficiency is underestimated,
from an embedded point of view, since it will work
fine with smaller cache. Not only we can apply a
down-clocking frequency for its embedded version,
but we can also reduce its cache (both will decrease
power consumption).

e Down-clocking for System on Chip: Altivec fre-
quency could be as low as 10 MHz for both
configurations and for 128 x 128 and 256 x 256
images.

Retina

e The cost of the serial-bit ALU is a problem for
arithmetic operators. A 8-bit ALU would have a
great impact on performance, but will also have a
negative impact of size and power consumption of
the retina. A material full adder may be a golden
mean to have good arithmetic performance.

e Asynchronous logic and graph manipulation is a
must have for specialized architecture, not only for
low level operations, but also and especially for
middle level operations with irregular processing like
the morphological reconstruction. Next generation of
artificial retina should integrate such kind of silicon
graph management.

Associative Mesh

e Computation results show that the Associative Mesh
is well suited for both configurations. Each sequence
of algorithms takes advantage of one of the Mesh’s
architectural characteristics. For configuration 1, the
massively parallel resources easily handle the amount
of computation required by the ICM relaxation. For
configuration 2, the dynamic reconfiguration of the
graph’s structure allows to efficiently represent the
objects, while the asynchronous implementation of
global operations guarantees a fast processing of the
geodesic reconstruction. In both cases, frame rates are
quite spectacular.

e A remarkable aspect of the algorithms implementa-
tion on the Associative Mesh, in contrast with
PowerPC G4 (and to a lesser extent, with retina) is
that computation time is quasi-independent of the
images’ size or the detected object’s shape.

e The major drawback is the hardware cost of the
Mesh to process big images when compared to the
other architectures. Still, vision SoC implementation
of a 256 x 256 Associative Mesh is compliant with

current technology and only requires 3 times more
transistors than a PowerPC G4 for a x20 faster
computation.

e With such performance, reducing the clock fre-
quency by a factor 10 could still allow to process
more than two thousand 256 x 256 images/s with a
power consumption under 1 W. The Associative
Mesh could then be used in association with a HD
camera on a SoC platform.

5 Conclusion: future architectures

We have presented the implementation of robust sets of
operator for Motion Detection, based on Markov Random
field, Sigma-Delta filtering and morphological operators
like opening, density and Alternate Sequential Filter. These
algorithms have been used to emphasize the intrinsic
qualities and drawbacks of these architectures (Sect. 5.1)
and then to envision the specification of future architec-
tures, first with SWAR paradigm (Sect. 5.2), second with
FPGA-based customization (Sect. 5.3) and finally with
many-core reconfigurable processor (Sect. 5.4).

5.1 Pros and cons of the three architectures

e SWAR is efficient for low level algorithm. Currently
used in RISC processor and also present and custom-
ized in some SoCs.

e Asynchronous Associative Networks. This model of
computation is extremely efficient for both power
consumption and intermediate levels algorithms. It is
efficient for power consumption because asynchronism
mechanism. It is also interesting for speed since, in our
case, up to 40 asynchronous associative operators can
be executed during 1 synchronous cycle. It is also
efficient for intermediate level of processing because
associative networks can be reconfigured and then, an
operator can be applied through a graph, to any
connected components. Any kind of irregular and
CPU intensive algorithms can be handled efficiently,
like geodesic reconstruction, watershed segmentation
and of course, connected component labeling.

e Retinas are very low power embedded architecture. For
tight integration and an optimised connection between
sensor and calculator, retinas outperform SoC and
Vision SoC systems like FPGA + sensor. But, right
now they are limited to regular processing. Integrating
an associative network inside a retina will allow to use
such a kind of machine for intermediate level algo-
rithm. So a quite complete image processing chain
could fit into a high parallel and versatile system.
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5.2 SWAR enhancement

Nowadays, the two main solutions to computer architecture
limitations are: increasing RISC performance or custom-
izing FPGA.

When RISCs have replaced CISCs using architectural
optimizations like pipeline, registers and cache, the RISC
motto was more instructions per cycle, because they were
using less complex instructions that can be fetched, deco-
ded and executed faster than CISCs can. As at this time, it
was commonly accepted that clock frequency can go
higher and higher. The easiest way, thanks to the tech-
nology, was to increase the clock frequency. At the same
time two evolutions of RISC were released: the superscalar
architecture (multi ALU/FPU per chip) and the VLIW
(Very Long Instruction Word) like the Intel Itanium or the
Texas Instrument C6x DSP family. But since a few years,
clocks frequency does not increase as much as before. The
new RISC motto could be “more instruction per second”.
The General Purpose solution is the multicore approach
(see Sect. 5.4) And the Domain Specific solution is SWAR
extension. As we can see in Table 7, the speedup provided
by Altivec—up to x60—released in 1998 is by far, greater
than the current number of cores inside a processor in 2008.
As SWAR implementation requires few transistors because
of the very simple control structure due to SIMD model,
one very efficient way to increase performance could be
“more SWAR into RISC”

e Jonger registers: 256 bits or even 512 bits, to process
more data per cycle,

e more smart instructions: Altivec has a very useful
vector permutation unit that provides powerful instruc-
tions like vec_sel that is an aesthetic way to perform a
SIMD if then else condition (replacing masks compu-
tations and combinations) or vec_perm that can
permute data with any kind of pattern (SSE can only
do regular patterns of interlacing). vec_perm is used
for computing unaligned vectors, matrix multiplications
and even for sorting data. Such a kind of unit should be
present in any SWAR architecture,

e more specialized or dedicated instructions like Altivec
vec_sum, vec_msum that performs reduction into a
register and the SSE2 _mm_sad_epu8(a,b) that per-
forms a sum of absolute difference (SAD) between two
registers. This instruction is used in every correlation
algorithm based on block-matching. Adding such an
instruction has been studied into [29].

5.3 FPGA-based customization

Processor customization, as defined for reconfigurable
architectures [39] and embedded systems, have to be
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explored. A customizable processor is a General Purpose
Processor (GPP) embedded into a FPGA which cores can
be enhanced. Most major FPGA manufacturers now pro-
vide solutions with softcore customizable FPGA (NIOS 2
for Altera, microblaze for Xilinx). Such technologies have
room for improvements like adding new instructions, new
customized format [37] for specific domain application
[38] but also new dedicated blocks. With a compiler like
C2H for Altera FPGA or DIME-C for Xilinx, a complete C
function can be compiled into a VHDL block and be
directly called inside a C code. GPP and its accelerators
can then be seen as a full system on a chip. With these two
levels of customization (instruction and hardware function)
one can envision to add a new specialized instruction at the
C level or new hardware function. A new instruction could
be b = sigmaDelta(a,b) that compares a and b and
increment/decrement b according to the result of the
comparison. Such a function will remove if then else
structure that stalls/flushes the pipeline. On the other hand
an hardware function could implement a morphological
operator. Such hardware implementation can be much
more faster than the sequential execution of the instructions
that compose it, as no more “register to register” stage is
required at each cycle like it is the case for pipeline exe-
cution. One of the best example of processor customization
(not softcore but ASIP) is the Tensilica Xtensa architecture
[37].

5.4 Many-core reconfigurable processor

If classic systems are able to race against Moore’s Law
(bigger caches, more complex branch predictors, more
hardware optimizations), they are slowly but steadily
losing the efficiency race. The amount of transistors
involved in those systems keep increasing, but most of
them are only used to stay on par with Moore’s Predic-
tion. They could be used more efficiently if GPP were no
so “General Purpose” but also target some specific
domains like computer vision or multimedia. The solution
to this problem is brought by recent technology advances
by combining both above solutions: designing reconfigu-
rable parallel processor.

This leads to the fact that different models of compu-
tation have to be implemented in order to fit a given
domain constraints. For example, the PAR can execute
various regular algorithms in a very fast and efficient way
even if the PAR itself is only composed of simple pro-
cessors with few bits of memory. Similarly, the Mesh,
thanks to its asynchronous network can handle irregular
algorithms. Another example of such a processor is the
PIMM [25]. PIMM is dedicated to morphological opera-
tions and use, an explicit hardware queue model to execute
algorithms—Ilike geodesic reconstruction or watershed
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segmentation—faster than a GPP, which are the most used
architecture for such tasks but are, in fact, less efficient.

Currently, multi-cores approach is the leading solution
for Thread Level Parallelism. But these processors are
designed for regular processing, irregular processing still
being out of their range. This also applies to CELL pro-
cessor and GPU: Cell is just a 9-core heterogeneous RISC
processor and GPU—from Nvidia or ATI—are still dedi-
cated to regular processing even if they are going to be
more flexible when used with a Stream Computing lan-
guage—CUDA [11] and Brook GPU [6].

Next generation will include specialized/dedicated logic
to tackle the problem of GPP inefficiency. Adding a custom
part of logic (100200 millions of transistors) is defini-
tively no more a problem, compared to the total size of a
CPU (800 millions of transistors for current Intel quad
core). One of the most promising architecture of this kind
is the Intel Polaris/Larrabee architecture from Terascale
project [41]. Polaris has a hierarchical bus to connect PEs
together, PEs include an 512-bit SWAR unit and can be
reconfigured, for 3D graphic processing or cryptography.

We believe that adding a custom part of logic into GPP
(100-200 millions of transistors is now just a part of)
dedicated to irregular processing would be a solution to the
problem of GPP inefficiency.
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