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Abstract

In this thesis w e address the problem of image and video segmen tation with

a cognitiv e vision approac h. More precisely , w e study t w o ma jor issues of the

segmen tation task in vision systems: the selection of an algorithm and the tuning

of its free parameters according to the image con ten ts and the application needs.

W e prop ose a learning-based metho dology to easily set up and con tin uously adapt

the segmen tation task.

Our �rst con tribution is a generic optimization pro cedure to automatically

extract optimal algorithm parameters. The ev aluation of the segmen tation qualit y

is done with regards to reference segmen tations. In this w a y , the user task is

reduced to pro vide reference data of training images, as man ual segmen tations.

A second con tribution is a t w ofold strategy for the algorithm selection issue.

This strategy relies on a training image set represen tativ e of the problem. The

�rst part uses the results of the optimization stage to p erform a global ranking

of algorithm p erformance v alues. The second part consists in iden tifying di�eren t

situations from the training image set and then to asso ciate a tuned segmen tation

algorithm with eac h situation.

A third con tribution is a seman tic approac h to image segmen tation. In this ap-

proac h, w e com bine the result from the previously (b ottom-up) optimized segmen-

tations to a region lab elling pro cess. Regions lab els are giv en b y region classi�ers

whic h are trained from annotated samples.

A fourth con tribution is the implemen tation of the approac h and the dev elop-

men t of a graphical to ol curren tly able to carry out the learning of segmen tation

kno wledge (automatic parameter optimization, region annotations, region clas-

si�er training, and algorithm selection) and to use this kno wledge to p erform

adaptiv e segmen tation.

W e ha v e tested our approac h on t w o real-w orld applications: a biological appli-

cation (detection and coun ting of p ests on rose lea v es) for the static segmen tation

part, and video surv eillance applications for the video �gure-ground segmen ta-

tion part. Results, quan titativ e ev aluations, and comparisons with non-adaptiv e

segmen tations are presen ted to sho w the p oten tial of our approac h.

F or the segmen tation task in the biological application, the prop osed adaptiv e

segmen tation approac h o v er p erforms a non-adaptiv e segmen tation in terms of

segmen tation qualit y and th us allo ws the vision system to coun t the p ests with a

b etter precision.
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F or the �gure-ground video segmen tation task, the main con tribution of m y

approac h tak es place at the con text mo delling lev el. By ac hieving dynamic bac k-

ground mo del selection based on con text analysis, m y approac h allo ws to enlarge

the scop e of surv eillance applications to high v ariable en vironmen ts.

The main limitation of m y approac h is its lac k of adaptation to unforeseen

situations. An impro v emen t could b e to use con tin uous learning tec hnique to

adapt the segmen tation to new situations.

k eyw ords: Image segmen tation, video segmen tation, cognitiv e vision, mac hine

learning, segmen tation p erformance ev aluation, optimization tec hniques.



Résumé

Dans cette thèse, nous ab ordons le problème de la segmen tation d'image dans

le cadre de la vision cognitiv e. Plus précisemen t, nous étudions deux problèmes

ma jeurs dans les systèmes de vision : la sélection d'un algorithme de segmen-

tation et le réglage de ses paramètres selon le con ten u de l'image et les b esoins

de l'application. Nous prop osons une métho dologie rep osan t sur des tec hniques

d'appren tissage p our faciliter la con�guration des algorithmes et adapter en con-

tin u la tâc he de segmen tation.

Notre première con tribution est une pro cédure d'optimization générique

p our l'extraction automatiquemen t des paramètres optimaux des algorithmes.

L'év aluation de la qualité de la segmen tation est faite suiv an t une segmen tation

de référence. De cette manière, la tâc he de l'utilisateur est réduite à fournir des

données de référence p our des images d'appren tissage, comme des segmen tations

man uelles.

Une seconde con tribution est une stratégie p our le problème de sélection

d'algorithme. Cette stratégie rep ose sur un jeu d'images d'appren tissage représen-

tatif du problème. La première partie utilise le résultat de l'étap e d'optimisation

p our classer les algorithmes selon leurs v aleurs de p erformance p our c haque im-

age. La seconde partie consiste à iden ti�er di�éren tes situations à partir du jeu

d'images d'appren tissage (mo délisation du con texte) et à asso cier un algorithme

paramétré a v ec c haque situation iden ti�ée.

Une troisième con tribution est une appro c he séman tique p our la segmen ta-

tion d'image. Dans cette appro c he, nous com binons le résultat des segmen-

tations optimisées a v ec un pro cessus d'étiquetage des régions. Les lab els des

régions son t données par des classi�cateurs de régions eux-même en trainés à

partir d'exemples annotés par l'utilisateur. Une quatrième con tribution est

l'implémen tation de l'appro c he et le dév elopp emen t d'un outil graphique dédié

à l'extraction, l'appren tissage, et l'utilisation de la connaissance p our la segmen-

tation (mo délisation et appren tissage du con texte p our la sélection dynamique

d'algorithme de segmen tation, optimization automatique des paramètres, anno-

tations des régions et appren tissage des classi�eurs).

Nous a v ons testé notre appro c he sur deux applications réelles : une applica-

tion biologique (comptage d'insectes sur des feuilles de rosier) et une application

de video surv eillance. P our la première application, la segmen tation des insectes

obten ue par notre appro c he est de meilleure qualité qu'une segmen tation non-
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adaptativ e et p ermet donc au système de vision de compter les insectes a v ec une

meilleure précision. P our l'application de video surv eillance, la principal con tri-

bution de l'appro c he prop osée se situe au niv eau de la mo délisation du con texte,

p ermettan t d'adapter le c hoix d'un mo dèle de fond suiv an t les caractéristiques

spatio-temp orelles de l'image. Notre appro c he p ermet ainsi aux applications de

video surv eillance d'élargir leur c hamp d'application aux en vironnemen t fortemen t

v ariables comme les très longues séquences (plusieurs heures) en extérieur.

A�n de mon trer le p oten tiel et les limites de notre appro c he, nous présen tons les

résultats, une év aluation quan titativ e et une comparaison a v ec des segmen tations

non-adaptatvie.

mot-clés : Segmen tation d'image, segmen tation de vidéos, vision cogni-

tiv e, tec hniques d'appren tissage, év aluation de la segmen tation, tec hniques

d'optimization.
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Chapter 1

In tro duction

1.1 Motiv ations

This thesis deals with image segmen tation in vision systems. Image segmen tation

consists in grouping pixels sharing some common c haracteristics. In vision sys-

tems, the segmen tation la y er t ypically precedes the seman tic analysis of an image.

Th us, to b e useful for higher-lev el tasks, segmen tation m ust b e adapted to the

goal, i.e. able to e�ectiv ely segmen t ob jects of in terest. The v ery �rst problem is

that a unique general metho d still do es not exist: dep ending on the application,

algorithm p erformances v ary . This is illustrated in Figure B.1 where t w o di�eren t

algorithms are applied on the same image. The �rst one seems to b e visually

more e�cien t to separate the ladybird from the leaf. The second one pro duces

to o man y regions not v ery meaningful.

Figure 1.1: An example of the segmen tation of an image with t w o di�eren t algorithms. The �rst

algorithm forms regions according to a m ulti-scale color criteria while the second uses a lo cal

color homogeneit y criteria.

Basically , t w o p opular approac hes exist to set up the image segmen tation task

in a vision system. A �rst approac h is to dev elop a new segmen tation algorithm

dedicated to the application task. A second approac h is to empirically c ho ose an

existing algorithm, for instance b y a trial-and-error pro cedure. The �rst approac h

leads to dev elop an ad ho c algorithm, from scratc h, and for eac h new application.

The second approac h do es not guaran tee adapted results and robustness. So, a

need exists for dev elopping a new approac h to the algorithm selection issue.

When facing di�eren t algorithms, this approac h should b e able to automatically
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c ho ose the one b est suited with a segmen tation goal.

When designing a segmen tation algorithm, in ternal parameters (e.g., thresh-

olds or minimal sizes of regions) are set with default v alues b y the algorithm

authors. In practice, it is often up to an image pro cessing exp ert to sup ervise the

tuning of these free parameters to get meaningful results. As seen in Figure B.2, it

is not clear ho w to c ho ose the b est parameter set regarding the segmen ted images:

the �rst one is quite go o d but sev eral parts of the insect are missing; the second

one is also go o d, since the insect is w ell outlined, but to o man y meaningless re-

gions are also presen t. Ho w ev er, complex in teractions b et w een free parameters

mak e the b eha vior of the algorithm fairly imp ossible to predict. Moreo v er, this

a wkw ard task is tedious and time-consumming. Th us, the algorithm parame-

ter tuning is a real c hallenge. T o solv e this issue, optimization metho ds should

b e in v estigated in order to automatically extract optimal parameters.

Figure 1.2: Illustration of the problem of algorithm parameter tuning. An image is segmen ted

with the same algorithm (based on color homogeneit y) tuned with t w o di�eren t parameter sets.

In real w orld applications, when the con text c hanges, so do es the app earance

of the images. This is particularly true for video applications where ligh tning

conditions are con tin uously v arying. It can b e due to lo cal c hanges (e.g., shado ws,

re�ections) and/or global illumination c hanges (due to meteorological conditions),

as illustrated in Figure B.3 where images are extracted from the same scene at

di�eren t hours of the da y . The consequences on segmen tation results can b e

dramatic. This con text adaptation issue emphasizes the need of automatic

adaptation capabilities.

Figure 1.3: illustration of the problem of con text v ariations on a video surv eillance application.
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1.2 Ob jectiv es

My ob jectiv e is to prop ose a cognitiv e vision approac h to the image segmen tation

problem. More precisely , w e aim at in tro ducing learning and adaptabilit y capac-

ities in to the segmen tation task. T raditionally , explicit kno wledge is used to set

up this task in vision systems. This kno wledge is mainly comp osed of image pro-

cessing programs (e.g., sp ecialized segmen tation algorithms and p ost-pro cessings)

and of program usage kno wledge to con trol segmen tation (e.g., algorithm selec-

tion and algorithm parameter settings). T o this end, three main issues of image

segmen tation task in vision systems should b e solv ed:

� The �rst issue is to extract optimal parameters of segmen tation algorithms

in order to obtain a segmen tation adapted to the segmen tation task, i.e.

a goal-orien ted segmen tation. The tuning of segmen tation algorithm pa-

rameters is kno wn to b e a tric ky task and often requires image pro cessing

skills. So, our ob jectiv e is threefold: �rst, w e w an t to automate this task in

order to alleviate users' e�ort and prev en t sub jectiv e results. Second, the

�tness function used to assess segmen tation qualit y should b e generic (i.e.

not application dep enden t). Third, no a priori kno wledge of segmen tation

algorithm b eha viors is required, only ground truth data should b e pro vided

b y users.

� Once all the algorithms ha v e b een optimized, a second issue is to select the

b est one. The selection strategy should b e based on a quan titativ e ev alu-

ation of eac h algorithm p erformance. Ho w ev er, when images of the appli-

cation domain are highly v ariable, it remains quite imp ossible to ac hiev e a

go o d segmen tation with only one tuned algorithm. In this case, a selection

strategy dep ending on the image con ten t analysis should b e preferred.

� In man y computer vision systems at the detection la y er, the goal is to sep-

arate the ob ject(s) of in terest from the image bac kground. When ob jects

of in terest and/or image bac kground are complex (e.g. comp osed of sev eral

sub-parts), a lo w-lev el algorithm cannot ac hiev e a seman tic segmen tation,

ev en if optimized. F or this reason, a third issue is to re�ne the (optimized)

segmen tation to pro vide a seman tically meaningful segmen tation to higher

vision mo dules.

Our �nal ob jectiv e is to sho w the p oten tial of our approac h through t w o dif-

feren t segmen tation tasks in real-w orld applications.

� The �rst segmen tation task w e fo cus on is image segmen tation in a biologi-

cal application related to early p est detection and coun ting. This implies to

robustly segmen t the ob jects of in terest (mature white �ies) from the com-

plex bac kground (rose lea v es). Our goal is to demonstrate that the cognitiv e

vision platform coupled with our adaptiv e segmen tation approac h ac hiev es a

b etter detection rate of white �ies than tuned with an ad ho c segmen tation.
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� The second segmen tation task w e fo cus on is �gure-ground segmen tation

in a video surv eillance application. The goal is to detect mo ving ob jects

(e.g., w alking p eople) in the �eld of view of a �xed video camera. Detection

is usually carried out b y using bac kground subtraction metho ds. Ho w ev er,

illumination c hanges mak e the bac kground mo deling problem di�cult. Our

ob jectiv e is to sho w that a dynamic selection of bac kground mo del allo ws to

enlarge the scop e of surv eillance applications to high v ariable en vironmen ts.

1.3 Con text of the Study

This w ork tak es place in the Orion pro ject-team at INRIA Sophia An tip olis

Méditerranée, F rance. Orion is a leading team in scene understanding at the

fron tier of computer vision, kno wledge-based systems, and soft w are engineering.

Orion has a cognitiv e vision approac h. It aims to ac hiev e robust, resilien t, adapt-

able computer vision functionalities b y endo wing them with a cognitiv e facult y .

This means the abilit y to learn, to adapt, and to w eigh t alternativ e solutions,

and dev elop new strategies for detection, recognition, and in terpretation. Re-

cen tly , Hudelot [Hudelot, 2005 ] prop osed a cognitiv e vision platform for seman-

tic image in terpretation. This platform is based on the co op eration of three

kno wledge-based systems of whic h one is dedicated to the in telligen t managemen t

of image pro cessing programs. Maillot [Maillot, 2005] has endo w ed this platform

with learning facilities and on tology-based seman tic kno wledge represen tation and

managemen t for ob ject recognition. Curren tly , the detection la y er of the platform

rely on ad ho c segmen tation. This means that all the segmen tation op erators ha v e

b een tuned deep in co de once and for all. In this con text, m y w ork aims to enric h

this cognitiv e vision platform at the image segmen tation lev el to enable adaptiv e

segmen tation.

1.4 Con tributions

My main con tribution is to prop ose a cognitiv e vision approac h to image segmen-

tation b y solving the issues listed ab o v e:

� I prop ose a generic optimization pro cedure to automatically extract opti-

mal algorithm parameters. This pro cedure is based on three indep enden t

comp onen ts: a segmen tation algorithm with one or sev eral free parameters

to tune, a p erformance ev aluation metric, and an optimization algorithm.

The ev aluation of the segmen tation qualit y is done with regards to a refer-

ence segmen tation (e.g. man ual segmen tation). The p erformance ev aluation

metric is generic, has a lo w-computational cost, and can b e used for a broad

range of segmen tation purp oses. In this w a y , the user task is reduced to

pro vide reference data: man ual segmen tations of training images.

� I prop ose t w o strategies for the algorithm selection issue. These strategies

use the results of the optimization stage applied on a training image set
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represen tativ e of the problem. The �rst one is based on a global ranking of

algorithm p erformance v alues. The second strategy is to iden tify di�eren t

situations, called con texts, from the training image set and to asso ciate a

tuned segmen tation algorithm with eac h con text.

� I also prop ose an approac h to seman tic image segmen tation. In this ap-

proac h, w e consider the segmen tation re�nemen t problem as a region la-

b elling problem. It is hence designed for region-based segmen tation algo-

rithms only . The goal is to assess the mem b ership of eac h region to a

pre-de�ned set of regions sharing the same lab el. The assessmen t relies on

a preliminary sup ervised learning stage where region-classi�ers are trained

with training samples. The role of the user is to lab el the regions of the

ground truth segmen tations. The originalit y of this approac h is t w ofold.

First, w e use the optimized segmen tations as input of the region-classi�ers.

Second, the sub-tasks of the learning pro cess, namely region feature ex-

traction, region feature selection, and classi�er training, are automatically

optimized in a wrapp er sc heme to get the b est classi�cation p erformances.

In the scop e of the t w o previously describ ed segmen tation tasks, m y con tribu-

tions are the follo wing:

� F or the segmen tation task in the biological application, the prop osed adap-

tiv e segmen tation approac h o v erp erforms the ad ho c segmen tation in terms

of segmen tation qualit y and th us allo ws the system to coun t the p ests with

a b etter precision.

� F or the �gure-ground segmen tation task, m y main con tribution tak es place

at the con text mo deling lev el. By ac hieving dynamic bac kground mo del

selection based on con text analysis, m y approac h allo ws to enlarge the scop e

of surv eillance applications to highly v ariable en vironmen ts.

Eac h step of the prop osed approac h is tested and ev aluated on sev eral image

data sets. This helps us to sho w the strengths and the limitations of the approac h

in terms of p erformance, computational cost, and sensitivit y to k ey parameters.

1.5 Outline

This man uscript is structured as follo ws. Chapter 2 in tro duces the reader to image

segmen tation in the con text of computer vision systems. W e prop ose an o v erview

on four topics closely related to our problem: image segmen tation in computer

vision systems, segmen tation approac hes, p erformance ev aluation, and segmen-

tation optimization. Chapter 3 in tro duces the prop osed approac h, and giv es our

ob jectiv es and assumptions for the di�eren t segmen tation issues. Chapter 4 de-

tails eac h step of our approac h: algorithm parameter optimization, algorithm

selection, and seman tic region lab elling. Chapter 5 is dedicated to the v alidation

of the approac h for a real w orld application. In particular, w e are in terested in
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the segmen tation step of a cognitiv e vision system dedicated to the recognition

of biological organisms. In c hapter 6, w e presen t ho w our approac h can b e used

for the adaptiv e �gure-ground segmen tation in video surv eillance applications.

Concluding remarks and suggestions for future w ork are discussed in c hapter 7.



Chapter 2

State of the Art

2.1 The place of the Image Segmen tation T ask in Vi-

sion Systems

In the b eginning of the eigh ties, Marr [Marr, 1982 ] prop osed a theory of the h uman

p erceptual vision. This theory is the �rst complete metho dology for the design of

information systems. He suggested three lev els of abstraction for the analysis of

suc h complex systems:

The computational lev el: it describ es what is the goal of the system. It has a

more abstract nature than the next t w o lev els and sp eci�es all informational

constrain ts necessary to map the input data in to the desired output.

The algorithmic lev el: it states ho w the computational theory can b e carried

out in terms of metho ds. It is related to the sp eci�cation of algorithms with

their input and output represen tations.

The implemen tational lev el: it describ es ho w an algorithm is em b o died as a

�ph ysical� pro cess. It has the lo w est description lev el, e.g. the hardw are

implemen tation and the soft w are co de.

An imp ortan t c haracteristic of this reconstructiv e approac h of vision is the in-

creasing n um b er of solutions while decreasing the abstraction lev el. F or example,

there are sev eral algorithms to solv e the computational task �edge detection�, and

there are man y p ossible w a ys to implemen t eac h of them.

Inspired from the Marr's theoretical framew ork, most existing arti�cial visual

recognition systems, called vision systems, follo w the paradigm depicted in Fig-

ure 2.1. An image is �rst pre-pro cessed in order to highligh t information whic h is

imp ortan t for the next stages. Classically , it often refers to the segmen tation task.

Then, the descriptor mapping mo dule enco des the remaining lo w-lev el data in to

a sym b olic form more appropriate for the recognition and analysis stage, whic h

�nally iden ti�es the image con ten t.

This arc hitecture has y et one dra wbac k: errors in the �rst stages, e.g., in the

segmen tation, will b e further propagated in to later stages, degrading the qualit y
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Figure 2.1: The three stages of visual pro cessings usually found in vision systems.

of the whole system. Th us, great atten tion has b een directed to the problem of

segmen tation. Hundreds of publications in this �eld app ear ev ery y ear, eac h trying

to �nd an optimal solution for one sp eci�c application or for general purp oses.

Ho w ev er, a uni�ed, generally accepted de�nition of image segmen tation do es not

y et exist. Most authors agree on the follo wing facts ab out segmen tation:

� its task is to partition the image in to sev eral segmen ts or regions (this p oin t

will b e dev elop ed in section 2.2.1);

� it is an early pro cessing stage in computer vision systems. Within the

computational mo del for computer vision (Figure 2.1), it b elongs to the

prepro cessing mo dule;

� it is one of the most critical tasks in automatic image analysis.

2.1.1 Kno wledge-Based Approac hes

Early approac hes in vision systems use explicit kno wledge to de�ne the seg-

men tation task. In [Nazif and Levine, 1984 ], an exp ert system for lo w-lev el im-

age segmen tation is prop osed. The system is based on h undreds of pro duction

rules that manipulate com binations of regions and lines obtained from t w o basic

segmen tation algorithms. Another example can b e found in the SIGMA sys-

tem [Matsuy ama and Hw ang, 1990 ] whic h uses a lo w-lev el vision exp ert mo dule

dedicated to handle segmen tation and feature extraction tasks for aerial image

understanding. One w eakness of these systems is their application dep endency .

The kno wledge acquisition necessary to build the rules is also a big problem.

Then, researc hers ha v e tried to conceiv e more v ersatile systems b y incorp o-

rating v eri�cation and kno wledge acquisition comp onen ts. In [Ossola, 1996 ], an

approac h based on the co op eration of t w o kno wledge-based systems (KBS) is pre-

sen ted. Program sup ervision tec hniques [Moisan and Thonnat, 1995 ] are used to

pro cess images in an in telligen t w a y , e.g. to dynamically set up the segmen tation

task with resp ect to v ariable conditions. A general program sup ervision arc hitec-

ture con tains three main parts: a library of programs, a kno wledge base, and a

reasoning engine. The reasoning engine is in c harge of selecting and sc heduling the

programs of the library whic h are b est satisfying a user query . The engine iterates

the follo wing lo op comp osed of four steps, un til a satisfactory solution is reac hed:

planning (e.g., selection of programs), execution (e.g., initial parameter setting),

ev aluation (e.g., assessmen t of output results), and repair (e.g., adjustmen t of
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some parameters). The kno wledge base con tains a declarativ e represen tation (i.e.

frame and pro duction rules) of the programs called op erators. These op erators

are hierarc hically organized in sev eral lev els of abstraction and can b e primitiv es

or comp osites (i.e. com bination of sev eral primitiv es) ones. W e can cite the

OCAPI en vironmen t in [Clémen t and Thonnat, 1993] as a general to ol for the

dev elopmen t of KBS dedicated to the sup ervision of programs. The strength of

the program sup ervision arc hitecture is the abilit y to reuse programs for v arious

applications as demonstrated in [Crub ézy , 1999 ] for the sup ervision of medical

imagery programs or in [Thonnat, 2002 ] for the recognition of complex ob jects.

A related approac h for the automatic generation of image pro cessing appli-

cations called BOR G can b e found in [Clouard et al., 1999 ]. By opp osition to

the program sup ervision approac h, the system uses hierarc hical and opp ortunis-

tic b eha vior in order to construct a solution plan. A plan is represen ted b y an

action graph of �v e �xed lev els: requests, tasks, functionalities, pro cedure, and

op erators. Eac h lev el corresp onds to a more or less coarse v ersion of the solution.

The system dynamically constructs a parametrized plan from an initial user's

query . A dra wbac k of this approac h is that the action graph is constrained to a

�xed n um b er of lev els supp osed to co v er all the solution space and th us limits the

�exibilit y for mo deling a problem.

One adv an tage of kno wledge-based approac hes is the seman tic ric hness whic h

enables user-friendly in teraction with the end-users. Nev ertheless, one dra wbac k

is that they are application dep enden t and th us requires a strong exp ertise in the

domain to build the kno wledge bases: they are th us limited to a close w orld.

2.1.2 Learning Approac hes

This section deals with the use of decision theory as a basis for in telligen t image

pro cessing. The main idea is to reduce as m uc h as p ossible the role of the h uman

exp ertise in the building of vision systems b y mac hine learning tec hniques. This

principle w as in tro duced b y Drap er [Drap er et al., 1996 ] who argues that KBS are

to o ad ho c and to o dep enden t on h uman exp ertise during their design. Indeed,

the use of explicit kno wledge is not really suited for mo deling the v ariabilit y , the

c hanges, and the complexit y of the w orld.

Case-Based Reasoning (CBR) is a problem solving approac h whic h solv es

new problems b y adapting previously successful solutions to similar problems.

In particular, the case based approac h has b een used for algorithm parameter

learning. Some in teresting w orks can b e found in [Ficet-Cauc hard et al., 1999 ]

and [F rucci et al., 2007 ]. A case con tains an image, con textual information (as

image acquisition information) and algorithm parameters. Finding the b est seg-

men tation for the curren t image is done b y retrieving similar cases in the case

base. Similarit y is computed using non-image and image information. The ev al-

uation is done b y a measure of dissimilarit y b et w een the original image and the

segmen ted image. If the ev aluation is bad, the learning mo dule is activ ated to

build a new case. The main adv an tage of case based reasoning systems lies in

the easiness of their reasoning strategies. Nev ertheless, the c hoice of an adequate
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represen tation of cases is an application dep enden t problem.

In [P eng and Bahn u, 1998], an adaptiv e in tegrated image segmen tation and

ob ject recognition system is prop osed and applied to recognize cars in outdo or

imagery . The authors stress the imp ortance of the adaptabilit y to real w orld

c hanges of the segmen tation problem, in order to impro v e the in terpretation pro-

cess. They prop ose to use the mo del matc hing con�dence degree as feedbac k

to in�uence the segmen tation pro cess. A team of sto c hastic learning automata is

used to represen t b oth global and lo cal image segmen tation. Reinforcemen t learn-

ing is applied to close the lo op b et w een mo del matc hing and image segmen tation.

The main adv an tage of reinforcemen t learning is that it only requires kno wledge

of the go o dness of the system p erformance rather than details on the algorithm.

As a consequence, their metho d is indep enden t of an y segmen tation algorithm

but dep enden t of the recognition algorithm.

2.1.3 T o w ards Cognitiv e Vision

F rom the previous describ ed approac hes, t w o op en problems still remain: �rst,

kno wledge acquisition b ottlenec k when a large amoun t of kno wledge is needed

and, second, lac k of robustness when faced with v arying conditions. Th us, classi-

cal vision systems are often brittle. T o o v ercome this brittleness, a new discipline

called cognitiv e vision has recen tly emerged; a researc h road-map can b e found

in [ECVISION, 2005 ]. A cognitiv e vision system is de�ned b y its abilit y to rea-

son from a priori kno wledge, to learn from p erceptual information, and to adapt

its strategy to di�eren t problems. This new discipline th us in v olv es sev eral ex-

isting related ones (computer vision, pattern recognition, arti�cial in telligence,

cognitiv e science, etc.). Some systems ha v e started to implemen t cognitiv e vision

ideas, mainly for h uman b eha vior recognition relying on di�eren t tec hnologies.

F or example, in [Vincze et al., 2006] a cognitiv e system com bining lo w-lev el im-

age comp onen ts and high-lev el activit y reasoning pro cesses has b een dev elop ed

to recognize h uman activities. This system in tegrates v arious tec hniques suc h as

connectionism, Ba y esian net w orks, comp onen t framew ork, and rob otics. A cog-

nitiv e vision platform has b een prop osed in [Hudelot and Thonnat, 2003 ] for the

recognition of complex natural ob jects in images with reusable comp onen ts. The

authors prop ose an original distributed arc hitecture based on three KBS for the

in terpretation, the anc horing, and the image pro cessing lev els. Concerning the

image pro cessing KBS, they prop ose an image pro cessing on tology whic h is appli-

cation indep enden t but dep enden t on the data structures of a library of programs.

Program sup ervision tec hniques are used to manage the kno wledge of programs.

Finally , in their conclusion, they stress the need of in tegrating mac hine learning

tec hniques for image segmen tation to reduce the necessary program sup ervision

kno wledge and to impro v e the robustness of the seman tic image in terpretation.
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2.1.4 Discussion

W e ha v e presen ted the segmen tation task through computer vision approac hes.

W e ha v e seen that segmen tation is a crucial task and demands strong e�orts

to vision system designers in building complex and exhaustiv e kno wledge bases.

Ho w ev er, KBS are not appro v ed unanimously b y the computer vision researc h

comm unit y . As Drap er said [Drap er et al., 1996 ], w e m ust a v oid to build ad

ho c systems, based on close w orld assumptions. Ev en if program sup ervision

tec hniques gain to b e used for enabling con trol and reuse of vision algorithms, they

still fail to adapt themselv es to unkno wn situations. The cognitiv e vision approac h

has b een recen tly in tro duced to ac hiev e more robust, reusable, and adaptable

computer vision systems. This approac h aims at endo wing vision systems mostly

with learning and adaptabilit y facilities. In this con text, the segmen tation task

has sev eral c hallenges to b e tac kled: starting from a generic solution (e.g., from

a default parametrization), algorithms can b e dynamically tuned b y means of

learning tec hniques to reac h the sp eci�c goal de�ned b y the user.

T o fully understand the segmen tation problem, a �rst and essen tial task is to

dra w a state-of-the-art on existing approac hes. This is the role of the next section.

2.2 Segmen tation Approac hes

Man y segmen tation metho ds are based on t w o basic prop erties of the pixels in

relation to their lo cal neigh b orho o d: discon tin uit y and similarit y . Metho ds based

on some discon tin uit y prop ert y of the pixels are called b oundary-based meth-

o ds, whereas metho ds based on some similarit y prop ert y are called region-based

metho ds. Before it can b e prop erly stated, some fundamen tal concepts ha v e to

b e sp eci�ed.

2.2.1 De�nition of Image Segmen tation

Image segmen tation can b e formalized through its region-based de�nition as fol-

lo ws:

De�nition 1 (Image region) A n image r e gion R is a non-empty subset of the

image I , such that R � I; R 6= ;

A region do es not need to b e top ologically connected. The existence of an un bro-

k en path from one region elemen t (i.e. a pixel) to another one inside the region

is su�cien t.

De�nition 2 (Image partition) A p artition of I is a set of n r e gions R i ; i =
1; : : : ; n such that

S n
i =1 R i = I and R i \ R j = ; ; 8i 6= j

This de�nition states that the partition has to co v er the whole image and t w o

regions cannot o v erlap.
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De�nition 3 (Image segmen tation) F or a c ertain de�ne d homo geneity pr e di-

c ate H , a se gmentation S of I is a p artition of I which satis�es: H(R i ) = 1 ; 8i
and H(R i \ R j ) = ; for R i and R j adjac ent, i 6= j .

The �rst condition states that eac h region has to b e homogeneous with resp ect

to the predicate H . The second condition states that t w o adjacen t regions cannot

b e merged in to a single region that satis�es the predicate H .

The nature of the predicate H is the k ey-elemen t of the de�nition of segmen ta-

tion. It can b e based only on pixel v alues, or it can judge the high-lev el relev ance

of the partition. Since the solution is not unique, this mak es the segmen tation

an ill-p osed problem in the sense of Hadamard. Then, to solv e the problem, a

solution consists in de�ning the segmen tation, i.e. de�ning a predicate H , for

eac h lev el of abstraction. Figure 2.2 depicts p ossible segmen tation results at eac h

lev el of Marr's computational mo del. A t the image-based lev el, pixels are group ed

according to their feature v alues (e.g., their gra y v alue). The surface-based lev el

detects surfaces, but not ob jects; for example the bac kground k eeps its patc hes.

The ob ject-based lev el detects a region p er ob ject.

Figure 2.2: Ideal segmen tation results at di�eren t lev els of Marr's vision computational mo del.

F rom left to righ t: original image, image-based lev el, surface-based lev el, and ob ject-based lev el.

2.2.2 Static Image Segmen tation

Sev eral surv eys of segmen tation tec hniques ha v e b een published. Three of

them [P al and P al, 1993 , Sk arb ek and K osc han, 1994 , Lucc hese and Mitra, 2001 ]

review ab out 300 publications giving a fair o v erview of the state-of-the-art in seg-

men tation at the image-based pro cessing lev el. P al and P al [P al and P al, 1993 ]

mainly ev aluate algorithms for gra y-v alued images and in tro duce three of the �rst

attempts to exploit color information.

Sk arb ek and K osc han [Sk arb ek and K osc han, 1994 ] concen trate their surv ey

on color image segmen tation. They classify the algorithms according to the un-

derlying concepts of the homogeneit y predicate H and iden tify four categories:

pixel-based, area-based, edge-based and ph ysics-based approac hes. Pixel-based

approac hes consider a region as homogeneous, if the features of its elemen ts b e-

long to the same cluster in the feature-space. Area-based tec hniques de�ne a

region as a set of connected pixels obtained for instance b y gro wing from seeds,

b y joining smaller pixel blo c ks or b y splitting non-uniform regions. The third,
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edge-based group, de�nes regions as those sets of pixels delimited b y inhomo-

geneities or discon tin uities. This is the complemen tary concept to area-based seg-

men tation. Ph ysics-based metho ds include kno wledge ab out ph ysical prop erties

of the image formation pro cess to impro v e the detection of regions corresp onding

to ob ject surfaces. Ph ysics-based metho ds are categorized in the curren t w ork as

surface-based tec hniques. They do not b elong to the image-based stage, since all

additional kno wledge ab out ph ysical prop erties of ob ject surfaces cannot b e re-

garded as part of a lo w-lev el homogeneit y predicate, but rather as external higher

lev el information ab out the analyzed scene.

Lucc hese and Mitra [Lucc hese and Mitra, 2001] also review exclusiv ely color

segmen tation approac hes and use a similar categorization: feature space based,

image domain based and ph ysics based tec hniques. The com bination of area and

edge-based metho ds in to one image domain class mak es more sense no w ada ys,

since man y mo dern approac hes try to satisfy b oth concepts sim ultaneously .

2.2.2.1 F eature-Space Based Approac hes

F eature-space approac hes generally neglect spatial relationships b et w een image

pixels and analyze exclusiv ely the con�guration of their feature v alues. Algorithms

in this category delimit sections in the feature space and assign the same region

lab el to all image pixels falling in to the same section. T w o principles are common.

The �rst one �nds sections detecting p eaks in unidimensional or m ultidimensional

feature histograms. The second one uses traditional clustering algorithms.

Histogram thresholding

Historically , histogram thresholding is one of the �rst used tec hnique for segmen t-

ing images. Gra y-lev el images histograms can b e commonly decomp osed in to

p eaks and v alleys whic h c haracterize ob jects and bac kgrounds. A go o d surv ey

on these tec hniques can b e found in [Saho o et al., 1988 ]. Early metho ds for color

segmen tation w ork with sev eral one-dimensional histograms, whic h implies that

the correlation b et w een di�eren t dimensions is ignored. More recen t algorithms

w ork in t w o or three dimensional color spaces and are c haracterized b y di�eren t

tec hniques to robustly detect p eaks and their corresp onding b oundaries in the

feature space. The c hoice of the color represen tation often pla ys a ma jor part.

An additional problem of this approac h is the usually required smo othing of the

feature space in order to k eep the size of data structures tractable. Man y al-

gorithms searc h for p eaks b y appro ximating the histograms with a mixture of

Gaussian, and fail if this assumption do es not hold (a fact that, in real images, is

almost alw a ys the case).

Clustering tec hniques

Clustering approac hes can b e in terpreted as unsup ervised classi�cation metho ds.

Sev eral concepts are based on the k -means and fuzzy c-means clustering algo-

rithms applied on di�eren t color and texture spaces. One of the ma jor dra wbac ks
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of the original clustering metho ds is that the n um b er of clusters ( k ) m ust b e kno wn

a priori . Sev eral heuristics ha v e b een suggested to compute k automatically based

on some image statistics. A w ell-kno wn clustering-based segmen tation algorithm

is the meanshift [Comaniciu and Meer, 2002 ] approac h whic h in tro duces a metho d

to automatically detect di�eren t bandwidths from the data for eac h section of the

feature space. The ma jor dra wbac k of this concept is its computational cost com-

pared to simple k -means approac hes. The generalization of the k -means algorithm

for color images including spatial constrain ts is in tro duced in [Chang et al., 1994].

This algorithm considers the segmen tation as a maxim um a p osteriori probabilit y

estimation problem. The algorithm starts with global estimates and progressiv ely

adapts the cluster cen ters to the lo cal c haracteristics of eac h region.

2.2.2.2 Image-Domain Based Approac hes

Another w a y to cop e with the image-based segmen tation problem is to compare

the feature v alues of eac h pixel in the image-domain, i.e. pixels are compared

within prede�ned spatial neigh b orho o ds. T w o ma jor groups of algorithms can

b e iden ti�ed: the �rst one de�nes regions through the feature similarit y b et w een

their elemen ts (area-based approac hes). The second one iden ti�es feature discon-

tin uities as b oundaries b et w een homogeneous regions (edge-based approac hes).

Man y mo dern segmen tation strategies try to satisfy b oth concepts sim ultane-

ously [Munoz et al., 2003 ].

Region Gro wing tec hniques

T raditional area-based tec hniques utilize one of t w o principles: region gro wing

or split-and-merge. Region gro wing metho ds assume the existence of some seed-

p oin ts, to whic h adjacen t pixels will b e added if they ful�ll a homogeneit y crite-

rion. An extensiv e review is detailed in [F an et al., 2005 ]. The main adv an tage of

these metho ds is the creation of spatially connected and compact regions, whic h

con trast with the usually noisy image partition obtained with pure feature-based

segmen tation approac hes. They are frequen tly applied to separate one single ho-

mogeneous ob ject (e.g., bac kground) from the rest of the image, but using sev eral

seeds p ositioned at di�eren t ob jects it is also p ossible to p erform more sophisti-

cated segmen tations. The required seed selection is a subtask of this approac h,

whic h can b e solv ed b y taking adv an tage of clustering metho ds or morphological

op erations, among others.

Split-and-Merge tec hniques

Split-and-merge algorithms pro ceed to successiv ely divide an image in to smaller

non-o v erlapping regions while some similarit y criterion is not met. A

common data structure used to implemen t this pro cedure is the quadtree

represen tation whic h is a m ulti-resolution sc heme. Delauney triangula-

tion [Gev ers and Smeulders, 1997 ] or V oronoi diagrams [Itoh and Matsuda, 1996 ]
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are also emplo y ed as an alternativ e tec hnique to the rigid rectilinear nature of the

quadtree structure. The end result of the splitting is an o v er-segmen ted image. A

merging pro cedure is then applied to join neigh b oring regions under the same ho-

mogeneit y predicate that w as used for splitting. The comparison b et w een adjacen t

regions can use simple statistics or can b e based on more elab orated mathematical

mo dels, lik e Mark o v Random Fields (MRF), whic h also p ermit merging regions

of similar texture [P anjw ani and Healey , 1995].

Edge based tec hniques

Edges are discon tin uities in the feature c haracteristics (e.g., in tensit y) of adjacen t

pixels. The magnitude of the gradien t of a gra y-v alued image has b een t ypically

emplo y ed, since it is a relativ ely robust edgeness represen tation form. Its ap-

pro ximation for discrete digital images has b een analyzed in detail in the past.

Most metho ds in v olv e the use of w ell-kno wn con v olution k ernels, lik e the Rob erts,

Robinson, Prewitt, Kirsc h, or Sob el op erators. The detection of edge pixels is just

the �rst stage of an y edge-based segmen tation approac h. F urther pro cessing is

necessary in order to pro vide a v alid segmen tation as stated b y De�nition 3. Since

standard detectors lik e Cann y's [Cann y , 1986 ] or SUSAN [Smith and Brady , 1997 ]

usually lea v e some gaps b et w een ob ject b oundaries, some mec hanisms are required

to �ll them appropriately . Recen tly , a new generation of edge detectors based on

the Earth Mo v er's Distance ha v e b een prop osed [Ruzon and T omasi, 2001 ]. They

sho w a b etter p erformance due to their capabilit y to detect junctions and cor-

ners. Ho w ev er, their computational cost is v ery high compared to traditional

tec hniques. A classi�ed and comparativ e study of edge detection algorithms can

b e found in [Shari� et al., 2002 ].

Morphological w atershed segmen tations [Vincen t and Soille, 1991 ] can also b e

categorized as an edge-based approac h. They w ork on a top ographical edgeness

map, where the probabilit y of a pixel to b e an edge is mo deled b y its altitude. A

��o o ding� step b egins whic h �lls the v alleys with w ater. The w atershed lines are

detected when the w ater of t w o di�eren t v alleys encoun ters. The principal adv an-

tage of the w atershed segmen tation sc heme o v er other edge based tec hniques is

that it generates closed b oundaries. The regions de�ned b y the closed b oundaries

represen t an o v er-segmen tation of the image, since the algorithm is sensitiv e to

noise. If the gradien ts are computed at successiv ely higher scales, the n um b er of

lo cal minima (i.e. �o o d basins) in the gradien t magnitude image will decrease.

The a v ailable tec hniques w ork on gra y-v alued images obtained usually as the gra-

dien t of the in tensit y .

A ctiv e con tour mo dels, also kno wn as �snak es�, is another family of edge-based

algorithms [Kass et al., 1988 , Ronfard, 1994 ]. An in teresting and p o w erful prop-

ert y of an activ e con tour mo del is its abilit y to �nd sub jectiv e con tours and in ter-

p olate across gaps in edge c hains. An activ e con tour mo del represen ts an ob ject

b oundary or some other salien t one dimensional image feature as a parametric

curv e that is allo w ed to deform from some arbitrary initial p ositions to w ards the

desired �nal con tour. The problem of �nding this initial con tour is cast as an
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energy minimization problem with the in ten tion that it yields a lo cal minim um

of the asso ciated energy functional. The original mo del incorp orates t w o in ter-

nal energy terms related to con tour smo othness and regularit y . A ctiv e con tour

mo dels are w ell-adapted for segmen ting ob jects in noisy images but they require

a priori kno wledge of the ob ject shap es. Go o d illustrations of suc h algorithms

are frequen tly found in medical applications suc h as in [Jehan-Besson et al., 2004 ]

and in optical �o w segmen tation as in [Herbulot et al., 2006 ].

Hybrid Approac hes

All previous metho ds ha v e in trinsic dra wbac ks that can b e partially comp ensated

b y com bining di�eren t tec hniques. F or instance, clustering metho ds detect ho-

mogeneous regions in the feature space. Ho w ev er, since spatial relationships are

ignored, the region b oundaries in the image-domain are highly irregular. In re-

cen t y ears, n umerous tec hniques for in tegrating region and b oundary information

ha v e b een prop osed. A detailed review of tec hniques to com bine area-based and

edge-based approac hes can b e found in [Munoz et al., 2003 ]. One of the main

features of the h ybrid approac hes is the timing of the in tegration: em b edded in

the region detection, or after b oth pro cesses are completed. The most common

w a y to p erform in tegration in the em b edded strategy consists of incorp orating

edge. Region gro wing and split-and-merge are the t ypical region-based segmen ta-

tion algorithms [Zuga j and Lattuati, 1998 ]. P ost-pro cessing in tegration is based

on fusing results from single segmen tation metho ds, attempting to com bine the

map of regions (generally with thic k and inaccurate b oundaries) and the map of

edge outputs (generally with �ne and sharp lines, but dislo cated) with the aim

of pro viding an accurate and meaningful segmen tation. Another example of h y-

brid approac h can b e found in [Chen and W ang, 2004 ] whic h com bines color and

texture-based segmen tations using b order re�nemen t.

2.2.2.3 Ob ject Based Approac hes

While the image-based approac h has b een dealt with a relativ e success, the c hal-

lenge of aggregating pixels in to segmen ts represen ting meaningful parts of ob jects

is m uc h di�cult. In fact, segmen tation is also closely related to the problem

of extracting ob ject from images. One of the oldest approac hes to ob ject-based

segmen tation is template matc hing. The idea of template matc hing is to create

a mo del of an ob ject of in terest (the template, or k ernel) and then to searc h

o v er the image of in terest for ob jects that matc h the template. The simplest

metho ds, based on correlation or comparable matc hing op erators, can only de-

termine the p osition of the template. The main di�cult y in this tec hnique stems

from the large v ariabilit y in the shap e and app earance of ob jects within a giv en

class. Consequen tly , the segmen tation ma y not accurately delineate the ob ject's

b oundary .

A recen t dev elopmen t in this area is presen ted

in [Borenstein and Ullman, 2004] then up dated in [Borenstein and Malik, 2006].
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The prop osed approac h relies on learn t patc hes from training image samples

and a b ottom-up pro cess used to deriv e a segmen tation graph. P artial templates

are used to detect ob ject parts of a giv en class (horses in the exp erimen t) b y

matc hing to the segmen tation graph, ev en though the global app earance of

the ob jects in the test images sligh tly di�ers from the learn t material. The

metho ds b ecome more complex and time consuming if further parameters lik e

orien tation or scale need to b e estimated. Since the n um b er of ob jects and their

orien tation in an image are unkno wn in the curren t application, the searc h space

for matc hing approac hes b ecomes in tractable.

In [Sc hnitman et al., 2006 ], an approac h inducing seman tic segmen tation from

examples is describ ed. They argue that determining whether an en tit y b elongs

to a particular seman tic part is easier done at the fragmen t lev el than on a pixel-

b y-pixel basis. Starting from an example, patc h sets represen ting a collection

of homogeneous fragmen ts are built. Then, a test image is �rst o v er-segmen ted

and the lab elling of eac h fragmen t is induced from the minimization of a global

lab elling cost. They apply the graph-cuts m ulti-lab el optimization tec hnique for

�nding the globally optimal lab elling. Since this example-based approac h allo ws

to use a non-parametric mo del of the ob ject's parts, they assume that the learn t

fragmen t-lab el pairs are represen tativ e of the p ossible image v ariations, i.e. illu-

mination, resolution, and scale c haracteristics. Finally , they concede that their

approac h is only appropriate for images depicting closely similar scenes. A simi-

lar approac h is describ ed in [He et al., 2006] where a probabilistic mo del assigns

lab els to eac h region of an o v er-segmen ted image based on lo cal, global, and pair-

wise features. As depicted b y the author, their mo del accuracy is limited b y the

reliance and the amoun t on training data.

2.2.2.4 Summary

In this section, w e ha v e presen ted a didactic surv ey on image segmen tation tec h-

niques. The goal of this review w as to familiarize the reader with classical tec h-

niques rather than to giv e an extended review of all existing algorithms. T o giv e

an o v erall view, a summary is dra wn up in T able 2.1, inspired b y the one presen ted

in [Alv arado Mo y a, 2004a ].

Finally , w e can conclude this study b y making some imp ortan t remarks, closely

akin to the conclusions of [Sk arb ek and K osc han, 1994 ] in their surv ey:

1. General purp ose algorithms are not robust and usually not algorithmically

e�cien t.

2. All tec hniques are dep enden t on parameters, constan ts and thresholds whic h

are usually �xed on the basis of few exp erimen ts. T uning and adapting

parameters is rarely p erformed.

3. As a rule, authors ignore comparing their no v el ideas with existing ones.

4. As a rule, authors do not estimate the algorithmic complexit y of their meth-

o ds.
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F

ea
tu
re

Sp
ac
e

+ Detection of homogeneit y in a global context.

� Spatial relationship b et w een pixels is igno red.

Hi
sto
gr
am

+ Multiple 1D histogram metho ds a re computationally inexp ensive

� Noise sensitive.

� 1D app roaches igno re co rrelation b et w een di�erent feature space

dimensions.

� Mo dels used to �t histograms (e.g., multi-gaussians) usually do not

co rrectly match the real distributions.

� Limited to bina ry segmentation p roblems.

Cl
us
te
rin
g

+ Simultaneous consideration of all dimensions of the feature space.

+ Suitable fo r colo r and texture segmentation.

+ Relatively e�cient algo rithms exist.

� Size o r numb er of clusters must b e kno wn a priori .

Im
ag
e

Do
ma
in

+ Pro duce smo other and mo re accurate region b ounda ries than feature

space-based app roaches.

� Edge detecto rs falls into the edge linking p roblem.

Ar
ea
-b
as
ed

+ Creation of connected compact regions.

+ F ast algo rithms available.

� Key-pa rameters tuning can b e a tricky task.

Region gro wing

+ Suitable fo r segmentation of complex objects having

homogeneous background.

� Prio r info rmation on optimal numb er and p osition of seeds

ma y b e needed.

� Result dep ends on o rder in which pixels a re examined

Split & Merge

+ F ast and �exible implementation.

� T raditional tessellation mechanisms p ro duce to o coa rse

spatial quantization a rtifacts.

Ed
ge
-b
as
ed

Edge detecto rs

+ A ccurate lo cal discontinuit y detection

� Sensitive to noise and pa rameter changes.

W atershed

+ Detection of closed contours.

� Image is often over-segmented.

Snak es

+ Robust to noise.

� Di�cult automatic initialization of the contour.

Hy
b

rid

+ Combination of several metho ds can b e app rop riately adapted to the needs of

each application.

� High computational cost.

Ob
jec
t-b
as
ed

+ Combine top-down and b ottom-up app roaches to achieve semantically

meaningful segmentation.

� Robustness relies on the lea rning capacities from examples o r patches.

� Applicabilit y is restricted b y app ea rance constraints on objects such shap e and

scale.

T able 2.1: Comparison b et w een di�eren t image segmen tation tec hniques.
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5. It seems that separating pro cesses for region segmen tation and for ob ject

recognition is the reason of failure of general purp ose segmen tation algo-

rithms.

6. Sev eral di�eren t color spaces are emplo y ed for image segmen tation. Nev er-

theless, no general adv an tage of one of the color spaces with regard to the

other color spaces has b een found y et.

2.2.3 Image Sequence Segmen tation

Iden tifying mo ving ob jects from a video sequence is a fundamen tal and critical

task in video applications suc h as video surv eillance, tra�c monitoring and analy-

sis, h uman detection, trac king, and gesture recognition. W e ha v e seen in previous

sections that segmen ting seman tically meaningful comp onen ts of a static image

is fairly imp ossible with con v en tional approac hes based on primitiv e grouping.

In image sequences, it is more practical to segmen t mo ving ob jects from dy-

namic scene with the aid of motion information con tained in it. The goal of this

section is to giv e an o v erview of existing tec hniques dev oted to the segmen ta-

tion of mo ving ob jects in image sequences. W e limit our review on tec hniques

dev oted to segmen t video frames captured from a single static camera. A more

detailed review of segmen tation of mo ving ob jects in image sequence can b e found

in [Zhang and Lu, 2001 ] and [Cheung and Kamath, 2004 ].

Optical Flo w

The displacemen t or optical �o w of a pixel is a v ector represen ting the mo-

tion b et w een a pixel in one frame and its corresp onden t pixel in the follo wing

frame [Barron et al., 1994 ]. T raditionally , the motion calculation is pixel-based,

exploiting the gradien t cues [Horn and Sc h unc k, 1992 , Nagel and Gehrk e, 1998 ,

Stiller and K onrad, 1999 ]. An adv an tage of this tec hnique is that it can b e used

ev en in presence of camera motion. A dra wbac k of this tec hnique is that the com-

putation of deriv ativ es for eac h pixel is often required, th us making the metho d

computationally exp ensiv e. First-order motion sensors also su�er from the ap er-

ture problem, whic h means that they can detect motion only p erp endicular to the

orien tation of the con tour that is mo ving. While segmen tation based on �nding

�o w discon tin uities is straigh tforw ard, it is unlik ely to ac hiev e exp ected results

without com bination with a spatial segmen tation tec hnique. Ho w ev er, alterna-

tiv es to this pixel-based approac h exist. F or instance, in [Coim bra et al., 2003 ]

the authors prop ose to use MPEG-2 motion v ectors as a basis for obtaining the

motion �eld. Then, they apply sp eci�c rules and �lters to obtain a smo oth motion

�eld. In consequence, this alternativ e is able to w ork in real-time conditions and

to ac hiev e region-based segmen tation.
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Bac kground Mo deling

A common approac h for iden tifying the mo ving ob jects is bac kground subtraction,

where eac h video frame is compared against a reference or a bac kground mo del.

Pixels in the curren t frame that deviate signi�can tly from the bac kground are

considered to b e mo ving ob jects. These �foreground� pixels are further pro cessed

for ob ject lo calization and trac king. In order to distinguish b et w een relev an t

c hanges due to motion of ob jects or brigh tness c hanges, and irrelev an t temp oral

c hanges due to noise, the frame di�erence has to b e compared to a threshold

T . The reliable decision, that a spatial p osition (x; y) b elongs to a c hanged

region, is only p ossible if the frame di�erence exceeds this threshold. Basically ,

the bac kground mo del at eac h pixel lo cation is based on the pixel's recen t history .

In man y w ork, suc h history is just the previous n frames, or a w eigh ted a v erage

where recen t frames ha v e higher w eigh t. The bac kground mo del is computed as

a c hronological a v erage from the pixels history .

Basic metho ds consider bac kground as the a v erage or the me-

dian [Prati et al., 2003 ] of the previous n frames. If this metho d is rather

fast, the memory requiremen t is n � size(f rame ) . Without no more memory

requiremen ts, bac kground is often mo deled as the running a v erage:

B t+1 (x; y) = � � Ft (x; y) + (1 � � ) � B t (x; y) (2.1)

where � is the learning rate t ypically equals to 0.005, B t (x; y) is the bac kground

mo del v alue at the p osition (x; y) and at the time t , and Ft (x; y) is the curren t

pixel v alue at the same p osition. In order to prev en t the bac kground mo del to

b e p olluted b y foreground pixels, the running a v erage can b e ac hiev ed with a

selectivit y criteria:

B t+1 (x; y) =
�

� � Ft (x; y) + (1 � � )B t (x; y) if Ft (x; y)background
B t (x; y) otherwise

(2.2)

Based on a single v alue, the previous tec hniques fail to mo del m ultiple mo dal

bac kground distributions. T o cop e with this issue, probabilit y densit y functions

(p df ) of the bac kground mo del can b e estimated b y �tting one Gaussian distribu-

tion G(�; � ) o v er the histogram [W ren et al., 1997 ]. In that w a y , the bac kground

p df is up dated b y the running a v erage on � and � . This tec hnique has b een

extended to deal with m ultimo dal bac kground histograms b y using generalized

Mixture of Gaussians (MoG) [Stau�er and Grimson, 1999] where the n um b er of

mo des is arbitrarily pre-de�ned (usually from three to �v e). An incremen tal

exp e ctation-minimization (EM) algorithm is used to learn and up date the param-

eters (� i;t ; � i;t ; ! i;t ) of the mo del, where ! i;t is the p ortion of the data accoun ted

for b y the i -th comp onen t. If MoG are widely used, the tuning of initial pa-

rameters remains a di�cult task. Moreo v er, dep ending on the learning rate and

the n um b er of gaussians, MoG faces problems to �nd the b est trade-o� b et w een

adaptabilit y to fast v ariations v ersus robustness.

T o o v ercome the w eaknesses of MoG-based approac hes, a non-

parametric approac h based on k ernel densit y estimators (KDE) is prop osed
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in [Elgammal et al., 2000 ] and up dated in [Mittal and P aragios, 2004 ]. The

bac kground p df is giv en b y the histogram of the n most recen t pixel v alues, eac h

smo othed with a Gaussian k ernel. This tec hnique is able to adapt v ery quic kly

to c hanges in the bac kground mo del and to detect targets with high sensitivit y .

Ho w ev er, this non-parametric approac h cannot b e used when long-time p eri-

o ds are needed to su�cien tly sample the bac kground due mostly to memory

constrain ts.

Among the widely-used tec hniques, w e can also cite those based on Kalman

�ltering [W ren et al., 1997] and Meanshift estimation [Han et al., 2004]. Another

in teresting bac kground subtraction approac h is prop osed in [Kim et al., 2005 ]. In

this pap er, inspired b y K ohonen [K ohonen, 1989 ] Self-Organizing Map (SOM),

sample bac kground v alues at eac h pixel are quan tized in to co deb o oks whic h rep-

resen t a compressed form of bac kground mo del for a long image sequence. The

quan ti�cation criteria is based on a color distortion metric together with brigh t-

ness b ounds. The clusters represen ted b y quan tized v alues (called co dew ords) do

not necessarily corresp ond to a single Gaussian or other parametric distributions.

The co deb o ok represen tation has the adv an tage to b e e�cien t in memory and

sp eed compared with the previously describ ed approac hes. The ma jor problem of

these tec hniques is that no explicit metho d is pro vided to c ho ose the foreground

threshold or to tune the initial parameters. Moreo v er, no spatial correlation is

used b et w een di�eren t (neigh b oring) pixel lo cations.

Spatio-temp oral Approac hes

T o address this issue, an in tegrated region and pixel-based information approac h

to bac kground mo deling is discussed in [Cristani et al., 2002 ]. The goal is to com-

bine a region-based static segmen tation to a pixel-based motion segmen tation in

an adaptiv e manner in order to b etter manage sudden c hanges in bac kground.

In [Seki et al., 2003 ], the authors exploit the strong correlation of image v aria-

tions at neigh b oring image blo c ks to narro wly construct their bac kground mo del.

In [T o y ama et al., 1999 ] a three lev el bac kground main tenance system is prop osed.

The pixel lev el comp onen t p erforms Wiener �ltering to mak e probabilistic pre-

dictions of the exp ected bac kground; the region-lev el comp onen t �lls in homo-

geneous regions of foreground ob jects; and the frame-lev el comp onen t detects

sudden, global c hanges in the image and sw aps in b etter appro ximations of the

bac kground. If spatio-temp oral approac hes o v erp erform motion-based approac hes

in di�cult situations, they are m uc h slo w er due to the computation time needed

b y their spatial segmen tation comp onen ts and are sensitiv e to k ey-parameters

tuning.

2.2.4 Discussion

W e ha v e review ed the di�eren t families of image sequence segmen tation algo-

rithms. A summary with p erformance comparison is giv en in T able 2.2. It can

b e seen from this table that all robust segmen tation algorithms are ac hiev ed at
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the cost of high computation complexities. The co deb o ok approac h seems to b e

w ell-adapted to cop e with b oth mixture of gaussians and k ernel densit y estima-

tors issues but require a tedious parameter tuning stage to obtain optimal results.

Com bining spatial and temp oral features is the k ey-elemen t for impro ving image

sequence segmen tation. Ho w ev er, more researc h is needed to impro v e robustness

against en vironmen t noise with an acceptable computational cost.

Approac hes

Strength W eakness

Computation

Complexit y

Optical Flo w

motion detection

accuracy

ap erture p roblem,

assumption on

lo cal smo othness

high

Ba
c

kg
ro
un
d

Mo

de
lin
g

Running A v erage

simple to

implement, fast

ap erture p roblem lo w

MoG

able to mo del

complex

backgrounds

pa rameters tuning,

fail to mo del fast

va riations

medium

KDE

high sensitivit y ,

quick adaption,

non-pa rametric

limited b y memo ry

constraints

high

Co deb o oks

non-pa rametric,

fast, robust

pa rameters tuning lo w

Spatio-temp oral

meaningful

segmented regions

slo w high

T able 2.2: Comparison b et w een di�eren t image sequence segmen tation tec hniques.

2.3 Segmen tation P erformance Ev aluation

Considering the increasing n um b er of segmen tation algorithms, the problem of

p erformance segmen tation ev aluation b ecomes a primordial task. T w o reasons

motiv ate this statemen t: researc hers m ust b e able to compare their algorithm

to another ones, and end-users m ust b e able to c ho ose an algorithm dep ending

on the problem to solv e. Usually , segmen tation results are visually assessed b y

the algorithm's designer, whic h only allo ws sub jectiv e and qualitativ e conclusions

on the algorithm p erformance. A generic metho d for the segmen tation ev aluation

task do es not exist, but man y approac hes ha v e b een prop osed and can b e classi�ed

in to t w o principal classes: unsup ervised metho ds and sup ervised metho ds (see

Figure 2.3). The �rst class gathers the metho ds whic h do not require an y a

priori kno wledge of segmen tation results to ev aluate. Their principle consists in

estimating empirical criteria based on image statistics. The second class groups

together ev aluation metho ds based on a priori kno wledge as a reference segmen ted

image, usually named a ground truth (GT). A go o d surv ey of all these metho ds

can b e found in [Zhang, 1996 ] and in [Rosen b erger et al., 2005].
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Figure 2.3: Segmen tation ev aluation diagram starting from an input image and returning a

segmen tation assessmen t v alue.

The �rst goal of this section is to giv e a non-exhaustiv e o v erview of classical and

p opular metho ds in order to dra w their adv an tages and dra wbac ks. The ultimate

goal is to sho w that among the v ast n um b er of prop osed approac hes, some of them

could b e applied to reac h b oth a go o d lev el of genericit y for algorithm p erformance

comparison and a go o d lev el of �exibilit y to �t the user's requiremen ts.

2.3.1 Unsup ervised Metho ds

2.3.1.1 Empirical Metho ds

Empirical metho ds rely on quan titativ e criteria from segmen ted images. Most of

these criteria are established in accordance with the de�nition of (a go o d) region-

based segmen tation whic h is based on the in ter-region v ariabilit y and the in tra-

region homogeneit y . Among the most used and cited metho ds in the literature,

w e presen t hereafter some of them.

In [W eszk a and Rosenfeld, 1978 ], the authors prop osed an in tra-region uni-

formit y criterion that quan tify the e�ect of noise to ev aluate thresholded images.

Based on the same idea, Levine and Nazif also de�ned in [Levine and Nazif, 1985 ]

a criterion that calculates the uniformit y of a region c haracteristic (e.g., gra y-lev el,

color, etc.) based on the v ariance of this c haracteristic. Another criterion to mea-

sure the in tra-region uniformit y w as dev elop ed b y P al and P al [P al and P al, 1989].

It is based on a thresholding that maximizes the lo cal second-order en trop y of re-

gions in the segmen tation result. In the case of sligh tly textured images, these
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criteria of in tra-region uniformit y pro v e to b e e�ectiv e and v ery simple to use.

Ho w ev er, the presence of textures in an image often generates improp er results due

to the o v erin�uence of small regions. Complemen tary to the in tra-region unifor-

mit y , Levine and Nazif [Levine and Nazif, 1985 ] de�ned a disparit y measuremen t

b et w een t w o regions to ev aluate the dissimilarit y of regions in a segmen tation

result. Borsotti et al. [Borsotti et al., 1998] iden ti�ed this limitation of Liu and

Y ang's ev aluation criterion [Liu and Y ang, 1994 ] and mo di�ed it, so as to more

strictly p enalize the segmen tation results presen ting man y small regions as w ell

as heterogeneous ones. These mo di�cations p ermit to mak e the criterion more

sensitiv e to small v ariations of the segmen tation result. Zeb oudj [Zeb oudj, 1988 ]

prop osed a measure based on the com bined principles of maxim um in ter-regions

disparit y and minimal in tra-region disparit y measured on a pixel neigh b orho o d.

This criterion has the dra wbac k of not correctly taking in to accoun t strongly

textured regions. Considering the t yp es of regions (textured or uniform) in the

segmen tation result, Rosen b erger presen ted in [Rosen b erger, 1999 ] a criterion that

enables to estimate the in tra-region homogeneit y and the in ter-regions disparit y .

Recen tly , [Zhang et al., 2004] prop osed an ob jectiv e ev aluation metric based on

information theory . The metho d uses the en trop y as the basis for measuring the

uniformit y of pixel c haracteristics (the luminance in the pap er) within a segmen-

tation region. Ho w ev er, since en trop y is a global measure, it do es not consider

lo cal information or incorp orate an y measure ab out the shap es of the regions

themselv es.

2.3.1.2 Summary

The ma jor adv an tage of unsup ervised metho ds is that they do not require the

in terv en tion of an exp ert, just the de�nition of a metric of qualit y measure b y

the user is needed. Th us, these metho ds are totally automatic. Ho w ev er, de�ning

a metric that could matc h all the segmen tation ob jectiv es de�ned b y the user

is not a tric ky task. Hence, qualit y measures are at b est heuristic, since no

sp eci�c kno wledge of ob ject(s) to segmen t is a v ailable. In general, the authors

note that suc h metho ds are not w ell-adapted for textured images b ecause the

texture prop erties and the application are closely link ed. Authors also p oin t out

that a bias exists when using these metho ds for the assessmen t of algorithms based

on the same tec hnique: for instance, the ev aluation of a segmen tation algorithm

relying on a criterion of in tra-region uniformit y with an ev aluation metric based

on the same criterion will inevitably pro duces biased measures. This tends to

consider unsup ervised p erformance ev aluation metho d not v ery p ertinen t.

2.3.2 Sup ervised Metho ds

Reference segmen tations are ac hiev ed generally b y hand or b y generating syn thetic

images. In the last case, the ground truth data are ob jectiv e and precise, in the

con trary of sub jectiv e and imprecise hand-made exp ert dra wing. These metho ds

try to determine ho w far the actually segmen ted image is from the reference image
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in a quan titativ e manner.

2.3.2.1 Region-based Metho ds

Y asno� et al. prop osed in [Y asno� et al., 1977] an in tuitiv e set of classi�cation

error measures computed from the pixel-wise class confusion matrix and based on

comparison of b oth pixel class prop ortions and spatial distributions. The Vinet's

distance [Vinet, 1991 ] is also a w ell-kno wn measure. This distance computes a

dissimilarit y measure b et w een t w o segmen tations based on the maximal co v ering

of regions. Ho w ev er, it do es not tak e in to accoun t all the information (among oth-

ers the spatial disp ersion of pixels). It assumes that t w o regions can b e matc hed

if they ha v e a maximal n um b er of common pixels. This h yp othesis is restrictiv e

and fa v ors big regions.

2.3.2.2 Edge-based Metho ds

F or edge-based metho ds, there are three discrepancy measures (under-detection,

o v er-detection, and lo calization error) b et w een edge pixels of the segmen ted im-

age and edge pixels of the ground truth. One of the most used metho d is

the empirical measure prop osed b y Pratt [Pratt et al., 1978 ] based on the dis-

tance b et w een an edge pixel in the segmen ted image and the closest one in

the ground truth. This measure is not sensible to under-detection errors and

to erroneous shap e but is sensible to o v er-detection and lo calization errors.

Odet [Odet and Benoit-Cattin, 2002] prop oses an in teresting scalable div ergence

measure for a m ulti-scale error ev aluation of binary segmen tation b y using a spa-

tial notion.

2.3.2.3 Multi-ob jectiv e Metho ds

[Correia and P ereira, 2000 ] prop osed a metho d whic h relies on the ev aluation of

eac h region b y v erifying sev eral similarit y conditions relating to shap e, geometric,

edge pixel, and region con ten t statistics. All theses measures are w eigh ted in order

to matc h with h uman ev aluation results. In the same w a y , [Mezaris et al., 2003 ]

prop osed an ob jectiv e ev aluation metric whic h tak es in to accoun t not only the

accuracy of the b oundary lo calization but also the under and o v er-segmen tation

e�ects. In [Martin et al., 2004 ], the authors de�ne an in teresting metric based on

global and lo cal consistency b et w een segmen tation of di�eren t gran ularit y (i.e.

re�nemen t). The corresp ondence pro cedure is toleran t to small lo calization er-

rors and ac hiev e go o d results in the collection of the Berk eley image database.

In the same w a y , Cardoso [Cardoso and Corte-Real, 2005 ] in tro duces, in a strong

theoretical study , t w o metrics based on symmetric and asymmetric distances. Ev-

eringham [Ev eringham et al., 2002 ], more than de�ning a new measure, attempts

to aggregate �tness functions using the P areto fron t. A solution is said to b e

P areto optimal if it is not dominated b y an y other solution in the searc h space.

In complex searc h spaces wherein an exhaustiv e searc h is infeasible, it is v ery di�-

cult to guaran tee P areto's optimalit y . Therefore, instead of the true set of optimal
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solutions (P areto Set), one usually aims to deriv e a set of non-dominated solutions

as p ossible (P areto F ron t) of the P areto Set. More recen tly , [Zhang et al., 2006 ]

prop osed a meta-ev aluation framew ork in whic h an y set of base ev aluation meth-

o ds are com bined b y a mac hine learning algorithm that coalesces their ev aluations

based on learn t w eigh ted decision trees. The learning comp onen t tailors its p erfor-

mance to a particular set of images through the training data, whic h is comp osed

of a set of examples, eac h of whic h includes a ra w image, t w o segmen tations, and

a lab el, pro vided b y a h uman, indicating whic h of the segmen tations is the b est

one. After the lab elling of eac h training image, a decision tree is computed for

eac h base ev aluator. Eac h in ternal no de in a decision tree is set b y considering

di�eren t partitions of global image features (e.g., based on the LUV color space,

w a v elet co e�cien t) and segmen tation attributes (e.g., n um b er of regions, texture

features, etc.). This metho d impro v es the ev aluation accuracy compared to the

stand-alone ev aluators but it also requires heuristic kno wledge of global image

features to extract (whic h color space, whic h texture features, etc.?) and thresh-

olds for the tree partitioning. Finally , ob jectiv e ev aluation of video segmen tation

qualit y has also b een studied. The main di�erence with static image segmen tation

ev aluation is the use of temp oral accuracy and stabilit y measures. A go o d review

can b e found in [Correia and P ereira, 2003 ].

2.3.2.4 Summary

The use of a ground truth is double-edged: it mak es this class of metho ds p o-

ten tially the most general and the less biased but this also supp oses that ground

truth are easily a v ailable. F rom this study , it also clearly app ears that m ulti-

ob jectiv e metho ds yield b etter results than stand-alone metho ds (edge-based or

region-based). Ho w ev er, the manner to com bine measures remains an issue.

2.3.3 Discussion

If w e tak e a lo ok at the n um b er of publications around the segmen tation ev al-

uation problem, w e can see that at presen t, this n um b er is ab out one thousand

concerning the segmen tation algorithms, one h undred concerning the ev aluation

metho ds, and do es not raise ten concerning the comparison of ev aluation meth-

o ds. If more e�orts ha v e b een recen tly put on segmen tation ev aluation, it is still

di�cult to de�ne wide-ranging p erformance metrics and statistics. Sev eral ex-

planations justify this limitation: (1) no common mathematical mo del or general

strategy for ev aluation is a v ailable esp ecially for analytic metho ds, (2) no sin-

gle ev aluation can co v er all asp ects of segmen tation algorithms, (3) appropriate

ground truths are hard to determine ob jectiv ely . Then, to o v ercome suc h lim-

itations, p oten tial researc h directions ma y explore metho ds com bining m ultiple

metrics in an e�ectiv e manner (e.g., using learning) and metho ds considering the

�nal goal of the segmen tation.

Researc h is curren tly underw a y in terms of using these metrics as a mean

to optimize parameters within a segmen tation algorithm or to select the b est
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adapted algorithm. This in v olv es to use an optimization pro cedure whic h is also

a c hallenge in the con text of image segmen tation. The next section discusses this

issue.

2.4 Segmen tation Optimization

In this section, w e address the problem of segmen tation optimization b y means

of algorithm parameter tuning and algorithm selection. W e �rst dra w up a bac k-

ground on optimization tec hniques, then relate some optimization approac hes

used to optimize the segmen tation b y parameter tuning and algorithm selection.

2.4.1 Bac kground on Optimization T ec hniques

The basic goal of an optimization pro cess is to systematically �nd the v alues of

real or in teger v ariables that minimize or maximize an ob jectiv e function (see an

example on Figure 2.4). This result is called an optimal solution. There are man y

optimization algorithms a v ailable (more than four thousands). Ho w ev er, some

metho ds are only appropriate for certain t yp es of problems. It is imp ortan t to b e

able to recognize the c haracteristics of a problem and iden tify an appropriate so-

lution tec hnique. Within eac h class of problems, there are di�eren t minimization

metho ds, whic h v ary in computational requiremen ts, con v ergence prop erties, and

so on. Optimization problems are classi�ed according to the mathematical c har-

acteristics of the ob jectiv e function, the constrain ts, and the decision v ariables.

In teresting surv eys on optimization tec hniques can b e found in [Fletc her, 1987 ]

and more recen tly in [C. A. and P . M., 1996] and [Bliek et al., 2001 ]. In this sub-

section, w e do not in tend to dra w up a complete review on optimization tec hniques

but rather to summarize metho ds with sp ecial emphasis on the ones compatible

with our segmen tation optimization purp ose.

Figure 2.4: Simple unconstrained optimization

The main elemen ts of an y optimization problem are:

V ariable(s): The v ariables usually represen t tunable free parameters of the prob-

lem. They are not kno wn when the problem starts.
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Ob jectiv e function: This is the mathematical expression that com bines the

v ariables to express the goal. The ob jectiv e function will b e either maxi-

mized or minimized in order to �nd the b est solution of the problem (see

Figure 2.4).

Constrain t(s): In the case of a constrained problem, the constrain ts are math-

ematical expressions that com bine the v ariables to express limits on the

p ossible solutions. F or example, they ma y express that the v alue of the

v ariable x1 should alw a ys b e smaller than the v ariable x2 .

F ormally , an optimization problem can b e describ ed b y:

min =max
x2 X

f (x); f : Rn ! R; X � Rn

where X = x1; : : : ; xn is a n -dimensional v ariable and f is the ob jectiv e smo oth

function to minimize/maximize.

The searc h of function extrema is equiv alen t to solv e a system of n equations

with n v ariables, linear or not:

@f
@xi

(x1; : : : ; xn ) = 0 (2.3)

A linear function sub ject to linear constrain ts de�nes a line ar pr o gr amming

1

(LP)

optimization problem stated in the form:

min
x2 X

f cT x : Ax = b; x � 0g (2.4)

where c 2 Rn
is the cost v ector and A 2 Rn� m

is the constrain t matrix. The

feasible region describ ed b y the constrain ts is a p olytop e, or Simplex, and at

least one mem b er of the solution set lies at a v ertex of this p olytop e. If the

ob jectiv e function is not linear, it is a nonline ar pr o gr amming (NLP) optimization

problem. F rom the large literature on this sub ject, w e can cite t w o recen t surv eys

on LP [Ignizio and Ca v alier, 1994 ] and NLP [V asaru and Hong, 1996 ].

Bey ond these mathematical considerations, optimization metho ds are also clas-

si�ed within some computing restrictions. When users are faced with problems for

whic h function ev aluations are v ery exp ensiv e (i.e. results of complex computer

sim ulations), and/or it is not appropriate to determine deriv ativ es directly (e.g.,

results from ph ysical measuremen ts), and/or data are noisy (e.g., the calculated

v alue of f dep ends on discretization or sampling on a grid) the follo wing strategies

can b e considered.

Direct Searc h Metho ds

The �rst, and ma yb e simplest, is to apply dir e ct se ar ch optimization metho ds.

This term app ears in the pap er [Ho ok e and Jeev es, 1961 ] but since then, has

1

The w ord �Programming� is used here in the sense of �planning�: the necessary relationship

to computer programming w as inciden tal to the c hoice of name.
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b ecome a catc h-all phrase that is often applied to an y optimization metho d that

do es not require an explicit represen tation of the gradien t. Direct searc h metho ds

are c haracterized b y the absence of the construction of a mo del of the ob jectiv e. In

one hand, when the function to b e optimized is smo oth and its calculated v alues

ha v e full precision, a standard option is to use �nite-di�erences (with a small

in terv al) to obtain deriv ativ e estimates that are accurate enough to b e treated as

exact gradien ts in a quasi-Newton metho d [Gill et al., 1981]. In the other hand,

this brings us to the problems of noise and nonsmo othness. The term non-smo oth

optimization is t ypically used in connection with functions that are discon tin uous,

for example, in sim ulating a system that undergo es a discrete c hange of state. The

basic logic of the metho d is depicted in Figure 2.5.

Figure 2.5: The basic Direct-searc h logic

The most kno wn and widely used deriv ativ e free optimization metho d is the

Simplex re�ection algorithm of Nedler and Mead [Nelder and Mead, 1965 ] or its

mo dern v arian ts [Lewis et al., 2000]. The algorithm starts with an initial b asic

fe asible solution (bfs) and tests its optimalit y . If some optimalit y condition is

v eri�ed, then the algorithm terminates. Otherwise, the algorithm iden ti�es an

adjacen t bfs, with a b etter ob jectiv e v alue. The optimalit y of this new solution

is tested again, and the en tire sc heme is rep eated, un til an optimal bfs is found.

Since ev ery time a new bfs is iden ti�ed the ob jectiv e v alue is impro v ed and the

set of bfs's is �nite, it follo ws that the algorithm will terminate in a �nite n um b er

of steps (iterations).

In the N -dimensional space, a Simplex is a p olyhedron with N + 1 v ertices.

Starting with an initial Simplex, the metho d iterativ ely up dates the w orst p oin t

b y four op erations: re�ection, expansion, con traction, and shrink age. Figure 2.6

illustrates these op erations in a three-dimensional v ariable space. Re�ection in-

v olv es mo ving the w orst p oin t (v ertice) of the Simplex (where the v alue of the

ob jectiv e function is the highest) to a p oin t re�ected through the remaining N
p oin ts. If this p oin t is b etter than the b est p oin t, then the metho d attempts to

expand the Simplex along this line. This op eration is called expansion. On the

con trary , if the new p oin t is not m uc h b etter than the previous p oin t, then the

Simplex is con tracted along one dimension from the highest p oin t. This pro ce-
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Figure 2.6: F our basic op erations in the Simplex metho d

dure is called con traction. Moreo v er, if the new p oin t is w orse than the previous

p oin ts, the Simplex is con tracted along all dimensions to w ard the b est p oin t and

steps do wn the v alley . This pro cedure is called shrink age. By rep eating this series

of op erations, the metho d �nds the optimal solution.

W e giv e the notation used to describ e formally the algorithm: Let qo b e a

starting p oin t in segmen tation algorithm parameter space, and let � i ; i = l; : : : ; n
b e a set of scales. Let ei ; i = 1 ; : : : ; n b e n orthogonal unit v ectors in n -dimensional

v ariable space, let pO; : : : ; pn b e (n + 1) ordered p oin ts in n -dimensional v ariable

space suc h that their corresp onding function v alues satisfy f o 6 f 1 6 : : : 6 f n ,

let �p =
P n� 1

i =0
pi
n b e the cen troid of the n b est (smallest) p oin ts, let [pi pj ] b e

the n -dimensional Euclidean distance from pi to pj , let � = [pr �p]
[pn �p] ; � = [pc �p]

[pn �p] <

1; 
 = [pe �p]
[pn �p] > 1; � 2 [0; 1] b e the re�ection, con traction, expansion and shrink age

co e�cien t, resp ectiv ely , and let T b e the threshold for the stopping criterion. F or

a problem with n con trol v ariables, the Nelder-Mead algorithm w orks as indicated

in Figure 2.7.

Direct searc h metho ds and particularly the Simplex algorithm remain p opular

b ecause of their simplicit y , �exibilit y , and reliabilit y . That is wh y they ha v e b een

widely applied in con temp orary tec hno-so cio-economic applications. The main

w eakness of the Simplex algorithm is the requiremen t of initial parameter v alues
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Figure 2.7: The Simplex algorithm, with its four op erations of re�ection, con traction, expansion,

and shrink age.

for searc h exploration.

Ev olutionary Algorithms

Ev olutionary algorithms (EAs) are adaptiv e heuristic searc h metho ds that tak e

their inspiration from natural selection and surviv al of the �ttest in the biological

w orld. A go o d in tro duction to this area is giv en in [Asc hlo c k, 2006 ]. EAs di�er

from more traditional optimization tec hniques in that they in v olv e a searc h from

a p opulation (called c hromosomes or the genot yp e or the genome) of solutions

(called individuals or phenot yp es), not from a single p oin t. Eac h iteration of an

EA in v olv es a comp etitiv e selection that w eeds out p o or solutions. The solutions

with high �tness are sto c hastically r e c ombine d with other solutions b y sw apping

parts of a solution with another. Solutions are also mutate d b y making a small

c hange to a single elemen t of the solution. Recom bination and m utation are used

to generate new solutions that are biased to w ards regions of the space for whic h

go o d solutions ha v e already b een seen. Pseudo-co de for a genetic algorithm (GA),

whic h is the most p opular t yp e of EA is presen ted in algorithm 1.

An e�ectiv e GA represen tation and meaningful �tness ev aluation are the k eys

of the success in GA applications. A standard represen tation of the solution is an



32 State of the Art

Algorithm 1 : Genetic Algorithm pseudo-co de

1: Initialize the p opulation

2: Ev aluate the �tness of the initial p opulation mem b ers

3: rep eat

4: Select pairs from the p opulation to b e paren ts, with a �tness bias

5: Cop y the paren ts to mak e c hildren

6: P erform cross-o v er on the c hildren (optional)

7: Mutate the resulting c hildren (probabilistic)

8: Place the c hildren in the p opulation

9: Apply genetic op erators to generate new solutions

10: Ev aluate the �tness of the c hildren

11: un til some con v ergence criteria are satis�ed

arra y of bits as string of 0s and 1s. The main prop ert y that mak es these genetic

represen tations con v enien t is that they facilitates simple crosso v er op eration. T ra-

ditionally , the initial p opulation is generated randomly , co v ering the en tire range

of p ossible solutions (the searc h space). The next op erations as selection and

repro duction can b e more sp eci�c, dep ending on the nature of the application.

F or instance, certain selection metho ds rate the �tness of eac h solution and pref-

eren tially select the b est solutions. Other metho ds rate only a random sample

of the p opulation, as this pro cess ma y b e v ery time-consuming. P opular and

w ell-studied selection metho ds include roulette wheel selection and tournamen t

selection. The pro cesses of selection and repro duction ultimately result in the

next generation p opulation of c hromosomes that is di�eren t from the initial one.

Generally the a v erage �tness will ha v e increased b y this pro cedure, since only the

b est organisms from the �rst generation are selected for breeding, along with a

small prop ortion of less �t solutions to k eep the div ersit y of the p opulation large,

prev en ting premature con v ergence on p o or solutions. This generational pro cess

is rep eated un til a termination condition has b een reac hed. It can b e based on

a �xed n um b er of generations, the highest ranking solution's �tness v alue or a

com bination of the ab o v e.

In man y problems, GAs ma y ha v e a tendency to con v erge to w ards lo cal optima

or ev en arbitrary p oin ts rather than the global optim um of the problem. This

means that it do es not "kno w ho w" to sacri�ce short-term �tness to gain longer-

term �tness. Ob viously , it dep ends on the shap e of the �tness landscap e: certain

problems ma y pro vide an easy ascen t to w ards a global optim um, others ma y mak e

it easier for the function to �nd the lo cal optima. T o alleviate this problem, a

solution is to use di�eren t �tness functions, increasing the rate of m utation, or to

apply selection tec hniques that main tain a div erse p opulation of solutions. T o this

end, it can b e also quite e�ectiv e to com bine GA with other optimization metho ds.

F or instance, simple hill clim bing tec hniques are quite e�cien t at �nding absolute

optim um in a limited region. Th us, alternating GA and hill clim bing can impro v e

the e�ciency of GA while o v ercoming the lac k of robustness of hill clim bing.
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Sim ulated Annealing

Sim ulated annealing (SA) is a generalization of a Mon te Carlo approac h for min-

imizing m ultiv ariate functions. Mon te Carlo approac hes are based on random

w alks in reference to the Mon te Carlo casinos. Sim ulated annealing is a sto c has-

tic searc h metho d mo deled according to the ph ysical annealing pro cess whic h

is found in the �eld of thermo dynamics. Annealing refers to the pro cess of a

thermal system initially melting at high temp erature and then co oling slo wly b y

lo w ering the temp erature un til it reac hes a stable state (ground state), in whic h

the system has its lo w est energy . The sequence of temp eratures and the n um b er

of iterations applied to thermalize the system at eac h temp erature comprise an

annealing sc hedule. [Kirkpatric k et al., 1983 ] initially prop osed an e�ectiv e con-

nection b et w een sim ulated annealing and com binatorial optimization, based on

original w ork b y [Metrop olis et al., 1953].

T o apply sim ulated annealing, the system is initialized with a particular con�g-

uration. A new con�guration is constructed b y imp osing a random displacemen t.

If the energy of this new state is lo w er than that of the previous one, the c hange is

accepted unconditionally and the system is up dated. If the energy is greater, the

new con�guration is accepted probabilistically . This is the Metrop olis step, the

fundamen tal pro cedure of sim ulated annealing. This pro cedure allo ws the system

to mo v e consisten tly to w ards lo w er energy states, y et still `jump' out of lo cal min-

ima due to the probabilistic acceptance of some up w ard mo v es. If the temp erature

is decreased logarithmically , sim ulated annealing guaran tees an optimal solution.

A pseudo-co de is giv en in Algorithm 2.

SA's ma jor adv an tage o v er other metho ds is an abilit y to a v oid b ecoming

trapp ed at lo cal minima. The algorithm uses a random searc h whic h not only

accepts c hanges that decrease ob jectiv e function f , but also some c hanges that

increase it. The do wnside to SA is the need to set m ultiple parameters b efore

execution: initial temp erature, co oling sc hedule, and halting criteria. Cho osing

go o d parameters is a searc h task in itself. The initial temp erature m ust b e large

enough to allo w some freedom to mak e bac kw ard mo v es, but not to o large as to

b ecome totally random exploration of the searc h space. An exp onen tial co oling

sc hedule is standard, but b y no means necessary . The halting criteria is just as

arbitrary as the initial temp erature. Most of these settings require domain-sp eci�c

kno wledge ab out the problem to c ho ose appropriate v alues.

Reinforcemen t Learning

Reinforcemen t learning (RL) is the problem faced b y an agen t that m ust

learn b eha vior through trial-and-error in teractions with a dynamic en viron-

men t [Kaelbling et al., 1996 ]. There are t w o main strategies for solving

reinforcemen t-learning problems. The �rst is to searc h in the space of b eha v-

iors in order to �nd one that p erforms w ell in the en vironmen t. The second is to

use statistical tec hniques and dynamic pr o gr amming (DP) metho ds to estimate

the utilit y of taking actions in states of the w orld. In the standard reinforce-
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Algorithm 2 : Sim ulated Annealing pseudo-co de

1: Select an initial state i 2 S { S is the searc h space}

2: Select an initial temp erature T > 0
3: Set the b est state i �  i
4: Set temp erature c hange coun ter t  0
5: rep eat

6: Set Rep etition coun ter n  0
7: rep eat

8: Generate state j = random(S)
9: Calculate �f  f (j ) � f (i ) { f is the energy function}

10: if �f < 0 then

11: i  j
12: if (f (i ) < f (i � ) then

13: i �  i
14: end if

15: else if random(0; 1) < exp
�

� �f
T

�
then

16: i  j
17: end if

18: n  n + 1
19: un til n = S(t) { S is the co oling sc hedule function}

20: t  t + 1
21: T  T(t) { T is the temp erature decrease function}

22: un til stopping criteria true

23: return b est found solution i �

men t learning mo del (i.e. when RL can b e form ulated as class of Mark o v decision

problems), an agen t is connected to its en vironmen t via p erception and action.

This mo del is sc hematized in Figure 2.8, on eac h step of in teraction the agen t re-

ceiv es as input some indication of the curren t state, s, of the en vironmen t T ; the

agen t then c ho oses an action, a, to generate as output. The action c hanges the

state of the en vironmen t, and the v alue of this state transition is comm unicated

to the agen t through a scalar reinforcemen t signal, r . The agen t's b eha vior, B ,

should c ho ose actions that tend to maximize the long-run sum of v alues of the

reinforcemen t signal. It can learn to do this o v er time b y systematic trial and

error, guided b y a wide v ariet y of algorithms. The most classical mo del-free al-

gorithms are temp or al-di�er enc e learning ( T D ) and Q -le arning . TD learning is a

com bination of Mon te Carlo ideas and dynamic programming ideas. Lik e Mon te

Carlo metho ds, TD metho ds can learn directly from ra w exp erience without a

mo del of the en vironmen t's dynamics. Lik e DP , TD metho ds up date estimates

based in part on other learn t estimates, without w aiting for a �nal outcome (they

b o otstrap). The relationship b et w een TD, DP , and Mon te Carlo metho ds is a

recurring theme in the theory of reinforcemen t learning. A go o d study of these

approac hes can b e found in [Sutton and Barto, 1998 ] and [Kaelbling et al., 1996].

Reinforcemen t learning di�ers from the more widely studied problem of

sup ervised learning in sev eral w a ys. The most imp ortan t di�erence is that there

is no presen tation of input/output pairs. Instead, after c ho osing an action the
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Figure 2.8: The standard reinforcemen t learning mo del.

agen t is told the immediate rew ard and the subsequen t state, but is not told

whic h action w ould has b een in its b est long-term in terests. It is necessary for

the agen t to gather useful exp erience ab out the p ossible system states, actions,

transitions and rew ards activ ely to act optimally . Another di�erence from

sup ervised learning is that on-line p erformance is imp ortan t: the ev aluation of

the system is often concurren t with learning.

This section has review ed sev eral famous optimization metho ds. Although

this study is non-exhaustiv e, it will serv e to appreciate the follo wing sub-sections

where a state-of-the-art on segmen tation optimization is dra wn up.

2.4.2 Algorithm P arameter Optimization

In this sub-section, w e relate some w ork dealing with segmen tation algorithm

parameter optimization. All the follo wing approac hes rely on three indep enden t

comp onen ts: a segmen tation algorithm with its free-parameters to tune, a seg-

men tation qualit y assessmen t function and a global optimization algorithm as

seen in Figure 2.9.

Figure 2.9: The segmen tation parameter optimization framew ork.

In [Bahn u et al., 1995], an adaptiv e image segmen tation system using genetic
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and h ybrid searc h (GA plus hill clim bing) metho ds for optimal parameter ex-

traction and learning is presen ted. The system incorp orates a feedbac k lo op

consisting of a mac hine learning subsystem, a segmen tation algorithm with t w o

free-parameters, and an ev aluation comp onen t whic h is a w eigh ted com bination

of di�eren t global and lo cal criteria. Exp erimen tal results on outdo or TV imagery

are presen ted. The main adv an tage of the approac h is that image features and ex-

ternal image v ariables are represen ted and manipulated using b oth n umerical and

sym b olic forms within the generic kno wledge structure. F or example, this allo ws

to construct a m ultiob jectiv e ev aluation function based on image color features

(i.e. n umerical v alues) and en vironmen tal factors suc h as the presence of rain or

fog (sym b olic v alues). Although this in teresting approac h is describ ed as b eing

v ery fundamen tal in nature, it deserv es deep er exp eriences, i.e. to b e tested on

other algorithms and image databases, to fully demonstrate its p oten tial.

Another attempt to con trol parameter of segmen tation algorithms w as con-

ducted in [P eng and Bahn u, 1998 ]. The presen ted system applies dela y ed re-

inforcemen t learning to induce a mapping from input images to corresp onding

segmen tation parameters. This is accomplished b y using the con�dence lev el of

mo del matc hing as a reinforcemen t signal for a set of learning agen ts to searc h

the optimal parameters during training. The mo del is a p olygonal represen ta-

tion of the ob ject of in terest and the ev aluation pro cess is not ac hiev ed at the

segmen tation lev el but at the ob ject recognition lev el.

In [Mao and Kan ungo, 2000 ], the authors p oses the automatic training of a

page segmen tation algorithm as an optimization problem. A textline-based p er-

formance metric is de�ned to construct a m ultiv ariate non-smo oth function to b e

minimized with the Simplex algorithm. Starting from randomized initial parame-

ters, the metho d founds optimal v alues in accordance with the ob jectiv e function.

The optimization is p erformed for the four parameters sim ultaneously with a n um-

b er of function ev aluations of 100 in mean. This mak es the metho d suitable for

other applications. A ctually , this framew ork has b een successfully applied for the

parameter optimization of a video segmen tation algorithm in [Gelasca et al., 2003 ]

with a di�eren t ev aluation metric based on ob jectiv e spatial accuracy of regions.

In [Pignalb eri et al., 2003 ], a genetic algorithm is used to optimize the

parametrization of t w o range image segmen tation. The ob jectiv e �tness function

is sup ervised and tak es in to accoun t t w o lev els of errors (pixel lev el and surface

lev el). The tested algorithms ha v e up to ten parameters to tune. Results ob-

tained with the metho d o v er-p erforms the segmen tation qualit y for one algorithm

against default parameters, and reac hes similar qualit y for the other one but with-

out ha ving an y kno wledge ab out the nature of the parameters. They ha v e also

prop osed an in teresting extension of the approac h in [Cinque et al., 2002 ] where

the searc h strategy com bines t w o tec hniques in cascade: a genetic algorithm to

obtain a rough seed p oin t set and a sim ulated annealing to ha v e a more precise

re�nemen t of suitable solutions. They ac hiev e quite similar results but ab o v e all

shorten the required n um b er of iterations. Ho w ev er, this implies to �nely tune

the SA's parameters whic h is a tric ky task.



2.4 Segmen tation Optimization 37

In [Ab dul-Karim et al., 2005], an automated metho d is presen ted for selecting

optimal parameter settings for v essel/neurite segmen tation algorithms using the

minim um description length principle and a recursiv e random searc h (RRS) al-

gorithm. It trades o� a probabilistic measure of image-con ten t co v erage against

its conciseness. The metho d is applied to 223 images of h uman retinas and cul-

tured neurons, using a single algorithm with eigh t free parameters. Most of the

impro v emen t in segmen tation qualit y o ccurs in the �rst h undred iterations of the

RRS. Ho w ev er, the metho d is not fully automated since the user ha v e to set a

parameter whic h con trols the trade-o� b et w een co v erage and conciseness.

2.4.3 Algorithm Selection

In this section, w e fo cus on the algorithm selection problem. Here, the goal is not

to �nd the b est parameter setting but rather to �nd the most suitable algorithm

among sev eral ones for a giv en segmen tation task. Due to the still increasing

n um b er of algorithms, this problem has tak en a big in terest during the last decade.

Basically , researc hers tac kle the problem with t w o di�eren t philosophies: mo del

represen tation approac h v ersus exp ert system approac h.

In [Xia et al., 2005], Xia et al. mak e the assumption that the c hoice of a

segmen tation algorithm can b e predicted from a global feature v ector. In other

w ords, this means that a relationship b et w een algorithm b eha viors and global

image c haracteristic v ariations can b e easily established. More precisely , they at-

tempt to directly �nd the b est adapted algorithm from image features b y means

of learning tec hniques. Giv en a training image set and a set of algorithms, seg-

men tation results are ev aluated b y users within four classes (from w orst to b est)

used to rank the algorithms. Then a predictor (a supp ort v ector mac hine, SVM)

is trained using as input a feature v ector (a gra y-lev el histogram) for eac h train-

ing image and as output the b est rank ed segmen tation algorithm iden ti�er. In

use mo de, the feature v ector is computed on the test image then the SVM re-

turns the assessmen t v alue for eac h tested algorithm. This approac h is tested

on a syn thetic image base (1000 images with v arious noise lev els) and with four

classical unsup ervised thresholding algorithms. Results demonstrates the accu-

racy of the prop osed algorithm selection mo del with 85% of correct classi�cations.

The principal adv an tage is that this approac h do es not require (in using mo de)

an y segmen tation ev aluation pro cess as in trial-and-errors metho ds and th us, is

computationally m uc h more e�cien t. The principal dra wbac k is that the training

pro cess is imitated b y the user assessmen t reliabilit y . The task of visual algorithm

ranking is time-consumming and then hardly conceiv able in the case of large image

and algorithm sets. As depicted b y the authors, ob jectiv e p erformance ev alua-

tion criteria (i.e. automatic) should b e in v estigated to free users from the tedious

training stage.

In [Zhang and Luo, 2000], the authors prop ose a framew ork for automatic al-

gorithm selection based on kno wledge driv en h yp othesis-and-test optimization

mo del. An exp ert system is designed to use ev aluation kno wledge, heuristic

kno wledge, and high-lev el kno wledge to segmen t an image with the b est adapted
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segmen tation algorithm. The kno wledge base is constructed b y extracting basic

segmen tation assessmen t criteria from comparison b et w een segmen tation results

and syn thetic image mo dels. Another t yp e of kno wledge, called high-lev el kno wl-

edge is also incorp orated in to the base. It refers to a priori restrictions ab out

domain dep enden t ob ject features (e.g., ob ject's size, shap e, etc.). Based on suc h

kno wledge, three generic frame t yp es are used in a blac kb oard represen tation: re-

quest frame for input and output data estimation and measuremen ts, target frame

for con trol op erator c hoice and ev aluation, and op erator frame for the parameter

initialization and op erator adjustmen t. T ests are conducted on v arious simple

biological images with classical thresholding algorithms. Ho w ev er, few details

are giv en concerning the ev aluation metric and the degree of domain dep enden t

kno wledge used for the exp erimen tation. Moreo v er, the di�cult y to mo del seg-

men tation kno wledge in to pro duction rules, mak es this approac h unsuitable for

sophisticated algorithms.

Globally , the t w o approac hes rely on strong h yp othesis concerning their �eld

of applications: v ariations b et w een images m ust b e easy to mo del, algorithm b e-

ha viors within the images m ust b e w ell-established, and high-lev el kno wledge of

ob jects to segmen t m ust b e pro vided as a k ey-elemen t of the p erformance ev alua-

tion. A ctually , the lac k of theory on segmen tation rules out these approac hes to b e

univ ersally applicable. Indeed, application domains with image v ariations di�cult

to mo del disable the mo del represen tation approac h, and the exp ensiv e kno wledge

acquisition task needed to build exp ert systems limits their applicabilit y .

2.4.4 Discussion

Researc hers ha v e exp erienced man y segmen tation optimization approac hes during

the last decade. Almost all of the free deriv ativ e optimization tec hniques ha v e

b een tested. In the w orst case, results of optimized segmen tations are equiv alen t

to the ones obtained with default parameters. In most of the cases, segmen ta-

tion qualit y is impro v ed and time sp en t to tune algorithms is drastically reduced.

The authors presen t their framew orks as generic b y nature and then widely ap-

plicable. This a�rmation is w ell-founded in an analytical p oin t of view since the

three main comp onen ts are considered separately . Nonetheless, eac h describ ed

framew ork has b een set up for a particular segmen tation task where the �tness

function has b een sp eci�cally elab orated for the application using implicit do-

main kno wledge. Thereb y , it has not b e pro v ed ho w the �tness function can

a�ect the p erformance of the optimization. Moreo v er, if authors ha v e often as-

sessed their optimization metho ds against default segmen tations, they did not

mak e an y quan titativ e ev aluation regarding to other optimization tec hniques. A

comparativ e study of optimization algorithms has to b e done. Concerning the

algorithm selection problem, the mo del represen tation approac h app ears to b e

more realistic in a computing p oin t of view as compared to exp ert systems. Ho w-

ev er, the learning framew ork based on image statistics seems to o brittle for the

ma jorit y of applications where v ariations b et w een images are di�cult to mo del.
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2.5 Conclusion

In this c hapter, w e ha v e review ed the segmen tation task in the �eld of computer

vision systems. If researc hers agree that segmen tation is one of the fundamen tal

problem in computer vision, the e�orts dev oted to cop e with this issue since the

last four decades ha v e still not led to a uni�ed solution. Most of the vision sys-

tems are application dep enden t and their segmen tation step is based on heuristic

rules for, as example, the tuning of algorithm parameters. It is, ho w ev er, w ell-

established that suc h a priori kno wledge is determined b y domain exp erts from

the con text in whic h the segmen tation tak es place. Hence, the generalization to

other domain of application is strongly limited. Nonetheless, it app ears that the

recen t cognitiv e vision approac h [ECVISION, 2005 ] has iden ti�ed some a v en ues

of researc hes to cop e with these limitations, as in tegration of mac hine learning

tec hniques in to the kno wledge acquisition task.

The non-uniqueness solution of the segmen tation problem has also b een ex-

p osed through the review of principal existing segmen tation tec hniques (for b oth

static and sequence of images) dra wn in section 2.2. F rom pure lo w-lev el ap-

proac hes to elab orated m ulti-cues ob ject-based framew orks, none of them is able

to pro vide a complete solution to general segmen tation purp oses without making

some assumptions. P articularly , w e can highligh t t w o recurren t issues: �rst, the

qualit y of the �nal results relies on the tuning of k ey-parameters, almost all algo-

rithms; and second, the lac k of direct algorithm comparison p ossibilities, lik e the

a v ailabilit y of source co de or generalized standard testb eds mak es the problem

ev en w orse.

In section 2.3, a study on the segmen tation p erformance ev aluation problem,

as a primordial task for algorithm comparison, is presen ted. The lac k of general

theory on segmen tation has also induced a plethora of tec hniques for assessing

the p erformance of segmen tation algorithms. In one hand, sup ervised approac hes

su�er from the sub jectivit y of man ual segmen tations. In the other hand, unsu-

p ervised approac hes are either designed for a sp eci�c application, or to o generic

to consider the �nal goal of the segmen tation. The most promising approac hes

are propably the co-ev aluation framew orks [Zhang et al., 2006 ] whic h attempt to

coalesce di�eren t basic ev aluation metho ds in order to build a goal-adapted �tness

function.

The section 2.4 has explored the segmen tation tuning paradigm. T o opti-

mize the segmen tation parametrization, researc hers ha v e dev elop ed sev eral op-

timization framew orks mainly based around three indep enden t comp onen ts: a

segmen tation algorithm, a p erformance ev aluation function, and an optimization

algorithm. All the authors argue that their framew orks are generic and could

b e applied to wide range of applications and algorithms. T o rule on the generic

nature of the optimization framew ork, a deep er analysis of the impact of b oth

the c hosen p erformance ev aluation metric and the optimization algorithm on the

results is y et needed.
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Chapter 3

Approac h Ov erview

3.1 In tro duction

In this c hapter, w e presen t an o v erview of our cognitiv e vision approac h to image

and video segmen tation. W e ha v e de�ned in c hapter 1 the exp ectations of the

segmen tation task in computer vision systems (algorithm selection and tuning,

con text adaptation). W e ha v e seen in c hapter 2 that these c hallenging issues ha v e

b een tac kled b y man y di�eren t approac hes. Our goal is to prop ose a metho dology

that tak es the b est of eac h approac h.

In the con text of cognitiv e vision, w e prop ose a framew ork with a reusabilit y

prop ert y to ease the set up of the segmen tation task in vision systems. More pre-

cisely , our framew ork do es not require image segmen tation skills: the complexit y

of this tric ky task is hidden b y means of automatic algorithm parameter tun-

ing and segmen tation assessmen t. Moreo v er, the acquisition of the segmen tation

kno wledge is made con v enien t b y user-friendly in teractivit y .

The second prop ert y of cognitiv e vision w e are aiming at is the prop ert y of

genericit y . In our framew ork, the di�eren t comp onen ts are not application-

dep enden t. Consequen tly , this framew ork can b e used with di�eren t segmen tation

algorithms and for di�eren t real-w orld applications. In this c hapter, w e describ e

the framew ork for adaptiv e image segmen tation and adaptiv e video segmen tation.

Another prop ert y of our framew ork is its adaptation facult y to image con ten t

and to application needs. T o this end, w e use learning tec hniques for dynamic

algorithm selection and parameter tuning.

The follo wing sections fo cus on the prop osed metho dology . The detailed de-

scription and analysis of our solutions will b e the topics of the three next c hapters.

3.2 The Prop osed Approac h

Our approac h is comp osed of t w o mo dules: a sup ervised learning mo dule where

kno wledge of the segmen tation problem is extracted and f from training data, and

a second mo dule where this kno wledge is dynamically used to p erform an adaptiv e
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segmen tation of new images. This approac h can b e applied to image segmen tation

tasks (section 3.2.2) and to video segmen tation tasks (section 3.2.3).

3.2.1 Hyp otheses

Our approac h mak es some h yp otheses concerning the segmen tation algorithms

and the training data:

� Segmen tation algorithms: w e supp ose that the free parameters of the seg-

men tation algorithms are kno wn as w ell as their range v alues.

� T raining image set: w e supp ose that training images are a v ailable and rep-

resen tativ e of the exp ected situations.

� Ground truth data: the sup ervised learning stage uses t w o kinds of ground

truth data: man ual segmen tations and seman tic region lab els. A man ual

segmen tation represen ts the exp ected �nal result. W e supp ose that the

user is able to pro vide suc h man ual segmen tations for all of the training

images. Region lab els help to re�ne a segmen ted image in to a seman tically

meaningful result. The user's task is th us to annotate some training samples

(i.e. regions of the man ual segmen tations) in accordance with its needs.

3.2.2 A F ramew ork for A daptiv e Image Segmen tation

Our prop osed approac h relies on t w o segmen tation framew orks: a parameter op-

timization framew ork and a region-based classi�cation one. The �rst framew ork

aims to optimize b ottom-up image segmen tation b y con trolling of the algorithm

selection and parametrization. The second framew ork relies on high-lev el seg-

men tation kno wledge (i.e. seman tic region lab els) to re�ne the segmen tation in

a top-do wn pro cess. The goal is to train region classi�ers w.r.t. the annotated

man ual segmen tations of the training images. The learning mo dule of the frame-

w ork is sk etc hed in Figure 3.1. It consists in building a segmen tation kno wledge

base.

Figure 3.1: The learning mo dule sc hema of the prop osed framew ork for adaptiv e image segmen-

tation.
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The originalit y of our approac h is to com bine these t w o framew orks in a comple-

men tary manner: in a �rst step, segmen tation is optimized b y dynamic algorithm

selection and parameter tuning. Then, the b ottom-up segmen tation is re�ned

thanks to region lab elling to ac hiev e the exp ected seman tic segmen tation. W e de-

scrib e b elo w the di�eren t steps of the learning mo dule: segmen tation parameter

tuning, algorithm selection, and seman tic image segmen tation.

3.2.2.1 Learning for Segmen tation P arameter T uning

Our framew ork is able to optimize sev eral free parameters of a segmen tation

algorithm w.r.t. the parameter space b ounds. The optimization pro cedure is not

em b edded in to the segmen tation algorithm so as to b e indep enden t of its in ternal

mec hanisms. Segmen tation p erformance is ev aluated using a global measure of

the segmen tation qualit y . T o this end, man ual segmen tation of training images is

used to assess segmen tation errors. The de�nition of the p erformance ev aluation

metric is th us a k ey-elemen t of the pro cedure. W e use a b oundary pixel-based

metric whic h rates the missed and false detected region b oundary pixels against

man ual segmen tation results. Then, a global optimization algorithm explores

the parameter space of the segmen tation algorithm driv en b y the segmen tation

assessmen t, as sk etc hed in Figure 3.2. A t the end of the pro cess, for eac h training

image and for eac h segmen tation algorithm, an optimal parameter set and the

corresp onding �nal assessmen t v alue are returned. The main adv an tage of this

pro cedure is that the searc h pro cess is indep enden t of b oth the segmen tation

algorithm and the application domain. Therefore, it can b e systematically applied

to automatically extract optimal segmen tation algorithm parameters. T o enforce

Figure 3.2: Prop osed segmen tation parameter optimization framew ork. Input and output are

in b old fon t.

the relev ance of our approac h, w e ha v e tested it on sev eral con�gurations including

di�eren t optimization algorithms.



44 Approac h Ov erview

3.2.2.2 Learning to Select a Segmen tation Algorithm

In our approac h, the selection of a segmen tation algorithm is free of a priori kno wl-

edge of algorithm prop erties. The di�eren t algorithms are compared according

to the segmen tation qualit y . Ob viously , getting a fair comparison in v olv es that

eac h algorithm has b een optimized b eforehand. This step th us follo ws the param-

eter tuning step. Segmen tation is v ery sensitiv e to image v ariations. Hence, the

selection (and tuning) of an algorithm m ust b e dynamically �tted to di�eren t sit-

uations (e.g., di�eren t ligh ting conditions), that w e called con texts. This selection

emphasizes the need of con text mo delling. W e tac kle this problem b y p erforming

an unsup ervised clustering of the training images based on an analysis of global

image c haracteristics lik e color v ariations. A t the end of the clustering pro cess,

eac h cluster gathers training images sharing similar global features, i.e. images of

the same con text. This pro cess is sho wn in Figure 3.3.

Figure 3.3: T raining image set clustering based on image-con ten t analysis. Input and output

are in b old fon t.

Then, b y ranking the �nal p erformance scores of the di�eren t candidate seg-

men tation algorithms, w e can select the one whic h p erforms the b est segmen tation

for eac h cluster. Finally , for eac h cluster w e asso ciate a con text iden ti�er with

a segmen tation con�guration, i.e. the b est rank ed algorithm tuned with a mean

parameter set computed from optimal v alues (see Figure 3.4).

Figure 3.4: Learning sc hema for algorithm selection. Input and output are in b old fon t.

In the adaptiv e segmen tation stage, the selection of an algorithm is only based

on the image-con ten t analysis. So, the main adv an tage of this approac h is that

the algorithm selection do es not need to p erform an y segmen tation, it is an a

priori decision.
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3.2.2.3 Learning for Seman tic Image Segmen tation

The last step of our framew ork consists in learning the mapping b et w een high

lev el kno wledge of the segmen tation task (i.e. exp ected region lab els) and region

c haracteristics (i.e. region features) as sk etc hed in Figure 3.5. The main ob jec-

tiv e of this approac h is to reac h a seman tically meaningful segmen tation from an

initial optimized pixel-based segmen tation. The user �rst de�nes a set of classes

according to the segmen tation goal (e.g. b ackgr ound, for e gr ound, obje ct of inter est

#1, obje ct of inter est #2 , etc.). This set is used to annotate regions of the man ual

segmen tations. Then, for eac h training image, the regions of the previously op-

timized segmen tations are automatically annotated according to the annotations

of the man ual segmen tation. The goal is to train region classi�ers in order to

impro v e the qualit y of the segmen tation b y pro viding a seman tic segmen tation.

Based on region features (e.g., color distribution, texture features), a region clas-

si�er returns a predicate on the region lab el with probabilit y estimates. The class

with the b est estimated probabilit y is returned.

Figure 3.5: Prop osed region classi�er training sc hema. Input and output are in b old fon t.
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3.2.2.4 A daptiv e Image Segmen tation

Segmen tating a new image (i.e. not b elonging to the training set) is ac hiev ed b y

the adaptiv e segmen tation mo dule in four steps (see Figure 3.6) using the seg-

men tation kno wledge base (learn t clusters of training images, learn t parameters,

and trained region classi�ers):

1. Con text Iden ti�cation: a global feature v ector is extracted from the im-

age. The feature v ector is classi�ed among the previously iden ti�ed clusters.

The classi�cation is based b y assessing the distance of the feature v ector to

the cluster cen ters.

2. Algorithm selection: from the iden ti�ed con text, the corresp onding seg-

men tation algorithm with learn t parameters is selected.

3. Segmen tation: the image is segmen ted using the selected algorithm. This

algorithm is tuned with the learn t parameters sp eci�c to the iden ti�ed con-

text.

4. Region lab elling: for eac h region of the segmen ted image, features are

extracted and giv en as input to the region classi�ers. The most probable

lab el is assigned to the region. The �nal lab elled partition represen ting the

seman tic segmen tation of the image is returned to the user.

3.2.3 A daptiv e Video Segmen tation

In this task, the goal is to detect mo ving ob jects (e.g. a p erson) in the �eld of view

of a �xed video camera. Detection is usually carried out b y bac kground mo delling

metho ds. In this situation, annotations of the di�eren t classes of foreground

ob jects are useless. Only bac kground is mo deled. Consequen tly , the seman tic

image segmen tation step of our framew ork describ ed in section 3.2.2.3 is not used.

Video segmen tation algorithms can b e decomp osed in to t w o classes: algorithms

whic h rely on a training stage for bac kground mo delling (e.g., mixture of Gaus-

sians or co deb o ok mo dels) and others (e.g., optical �o w, running a v erage). In the

�rst case, the qualit y of segmen tation mostly dep ends on the qualit y of the bac k-

ground mo del training. In the second case, it mostly dep ends on the parametriza-

tion of some k ey paremeters, suc h as the detection threshold. The learning step

of our framew ork for parameter tuning could b e used to learn the parametrization

of suc h algorithms. Ho w ev er, this implies to man ually segmen t a lot of training

samples with foreground ob jects. W e prefer to spare the user this tedious task and

w e fo cus more on the learning-based video segmen tation algorithms. In this case,

strong e�orts ha v e b een done to cop e with quic k-illumination c hanges or long

term c hanges, but coping with b oth problems altogether remains an op en issue.

F or this task, w e prop ose an approac h for dynamic bac kground mo del selection

based on con text analysis.
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Figure 3.6: A daptiv e segmen tation of an input image based on algorithm selection, parameter

tuning, and region lab elling.
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Our approac h is based on a preliminary w eakly sup ervised learning mo dule (see

Figure 3.7) during whic h the kno wledge ab out con text v ariations is acquired. The

role of the user is limited to establish a training image set comp osed of bac kground

samples that p oin t out con text v ariations. The clustering pro cess of the training

image set is the same as the one describ ed in Figure 3.3.

Figure 3.7: The learning mo dule in video segmen tation task.

Here, the goal of clustering is to mak e the bac kground mo delling task more re-

liable b y restricting the mo del parameter space. This approac h is particularly

in teresting for motion segmen tation algorithms relying on a training stage of

mo dels as mixture of Gaussians [Stau�er and Grimson, 1999 ] or co deb o ok mo d-

els [Kim et al., 2005 ].

F or a new input image, global features are �rst extracted; then, a bac kground

mo del is selected and �gure-ground segmen tation is p erformed. A temp oral con-

text �ltering step is applied b efore segmen tation to prev en t from incoming erro-

neous con text iden ti�cation as sk etc hed in Figure 3.8.

Figure 3.8: A daptiv e �gure-ground segmen tation sc hema based on con text iden ti�cation and

bac kground mo del selection.

3.3 Conclusion

This c hapter has giv en an o v erview of our cognitiv e vision approac h to image and

video segmen tation. W e ha v e presen ted a metho dology whic h aims at endo wing
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the segmen tation task of vision systems with reusabilit y , con v enience , gener-

icit y , and adaptation faculties. The prop osed framew ork can b e applied for b oth

image and video segmen tation tasks. Our approac h mainly relies on sup ervised

learning tec hniques for segmen tation algorithm selection and parameter tuning

according to users' needs and image con ten ts. T raining data, comp osed of repre-

sen tativ e image samples with their man ual segmen tation and region annotations

are requested from the users. The main con tribution of our approac h to adaptiv e

image segmen tation is to com bine, in a general sc heme, a b ottom-up approac h for

parameter tuning and algorithm ranking with a top-do wn approac h for seman tic

image segmen tation. Our framew ork can also b e used for video segmen tation.

Ho w ev er, w e prop ose an alternativ e learning mo dule based on w eak sup ervision,

more appropriate to video segmen tation tasks. Our main con tribution is at the

lev el of bac kground mo del selection. Our approac h enables to con trol the selection

of di�eren t bac kground mo dels b y image con ten t analysis.
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Chapter 4

A F ramew ork for A daptiv e Image

Segmen tation

4.1 In tro duction

In this c hapter, w e detail our framew ork for adaptiv e image segmen tation in tro-

duced in Chapter 3. The framew ork is comp osed of t w o mo dules: a learning

mo dule dedicated to extract and learn segmen tation kno wledge for algorithm se-

lection, parameter tuning, and seman tic segmen tation; a mo dule for adaptiv e

image segmen tation relying on the learn t segmen tation kno wledge.

The �rst section of the c hapter fo cuses on the learning for segmen tation param-

eter tuning. W e describ e our p erformance ev aluation metric for the segmen tation

qualit y assessmen t and our optimization pro cedure. W e also discuss the c hoice

of the optimization algorithm. The second section deals with our strategy for

learning to select a segmen tation algorithm based on image-con ten t analysis and

algorithm ranking. The third section is dev oted to the description of our learning

approac h for seman tic image segmen tation. The goal is to train region classi�ers

to impro v e the segmen tation qualit y and pro vide a seman tic segmen tation. The

last section describ e the adaptiv e segmen tation of new images based on the learn t

segmen tation kno wledge.

4.2 Learning for Segmen tation P arameter T uning

In this section, w e detail our parameter optimization pro cedure. The goal is

to optimize the parametrization of segmen tation algorithms according to ground

truth segmen tations of training images. F or this task, the user m ust pro vide:

1. Man ual segmen tations of the training images with closed outlined regions.

2. Segmen tation algorithms with their free parameters, i.e. the sensitiv e pa-

rameters to b e tuned, as w ell as their range v alues. This kind of kno wledge

is often giv en b y the algorithm's author.
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4.2.1 F ormalization of the Optimization Problem

Let I b e an image of the training image set I , GI b e its ground truth (e.g. man ual

segmen tation), A b e a segmen tation algorithm and p

A
a v ector of parameters for

the algorithm A . The segmen tation of I with algorithm A is de�ned as A(I; p

A ) .

W e de�ne the segmen tation qualit y E A
I with the assessmen t function � as follo ws:

E A
I = �

�
A(I; p

A ); GI
�

(4.1)

The v alue E A
I is an assessmen t v alue of the matc hing b et w een the segmen tation

when using algorithm A and the ground truth. This can b e a go o dness measure

or a discrepancy measure.

The purp ose of our optimization pro cedure is to determine a set of parameter

v alues
^

p

A
I whic h minimizes/maximizes � :

^
p

A
I = arg min =max

p

A

�
�
A(I; p

A ); GI
�

(4.2)

The �nal assessmen t v alue Ê A
I and the optimal parameter set

^
p

A
I mak e a pair sam-

ple noted

�
^

p

A
I ; Ê A

I

�
. This pair forms the segmen tation kno wledge for the image I

and the algorithm A . The set of all collected pairs constitutes the segmen tation

kno wledge set S suc h that:

S =
[

I 2I

�
p̂ A

I ; Ê A
I

�
(4.3)

One k ey-p oin t of this optimization pro cedure is the de�nition of the assessmen t

function � . The qualit y of the �nal result v aries according to this �tness function.

So the c hoice of a segmen tation p erformance ev aluation metric is fundamen tal. It

is discussed in the next section.

4.2.2 De�nition of the Segmen tation P erformance Ev aluation

Metric

As stated in section 2.3, it is not ob vious to select a p erformance ev aluation metric

b ecause no single metric can co v er all asp ects of segmen tation algorithms. W e

prop ose to use a b oundary-based metric and ev aluates the segmen tation in terms

of b oth lo calization accuracy and the shap e accuracy of the extracted regions.

The biggest adv an tage of b oundary-based metrics against region-based metrics is

their lo w er computational cost. It is alw a ys faster to coun t and compare some

b oundary pixels than a lot of region pixels.

The region b oundary set for the ground truth and for the segmen tation result

are noted B G
I and B A

I resp ectiv ely . T w o t yp es of errors are considered: missing

b oundary rate eB
m and false b oundary rate eB

f . The former, eB
m , sp eci�es the

p ercen tage of the p oin ts on B G
I that are mistak enly classi�ed as non-b oundary
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p oin ts; while the latter, eB
f , indicates the p ercen tage of the p oin ts in B A

I that are

actually false alarms. Therefore,

eB
m =

jT1j
jB G

I j
and eB

f =
jT2j
jB A

I j
(4.4)

where

T1 = f x j (x 2 B G
I ) ^ (x =2 B A

I )g

and T2 = f x j (x 2 B A
I ) ^ (x =2 B G

I )g
(4.5)

and j:j is the cardinal op erator. W e de�ne the segmen tation qualit y E A
I with the

assessmen t function � as follo ws:

E A
I = �

�
B A

I ; B G
I

�
=

1
2

�
eB

m + eB
f

�
(4.6)

with E A
I 2 [0; 1]. The v alue E A

I = 0 indicates p erfect b oundary pixel matc hing

b et w een the segmen tation result and the ground truth when using algorithm A .

The v alue E A
I = 1 indicates that all pixels are misclassi�ed. Ho w ev er, it is easy to

sho w that this metric comes up against unadapted resp onse to under-segmen ted

results, as illustrated in Figure 4.1. Segmen tation in panel (a) sho ws t w o regions

with a quite go o d ground truth o v erlap, only three pixels are misclassi�ed. In the

panel (b), the segmen tation sho ws only one region and the qualit y score is logically

less than in (a). In the last panel (c), t w o regions are presen t but the cen ter region

badly o v erlaps the corresp onding ground truth cen ter region. In opp osition with

visual assessmen t, the segmen tation qualit y is w orst than in Figure 4.1(c).

The metric is impro v ed b y in tro ducing t w o w eigh ting terms wB
f and wB

m whic h

quan tify the a v erage distance b et w een misclassi�ed p oin ts to the ground truth

b oundary suc h that:

wB
m =

1
jT1j

X

x2 T1

dist
�
x; �xA

I

�
(4.7)

with �xA
I the closest pixel to x b elonging to B A

I , and

wB
f =

1
jT2j

X

x2 T2

dist
�
x; �xG

I

�
(4.8)

with �xG
I the closest pixel to x b elonging to B G

I . dist (x1; x2) is the euclidean

distance b et w een t w o pixels x1(u; v) and x2(u; v) in a 4-neigh b orho o d suc h that:

dist (x1; x2) =
q �

x1(u) � x2(u)
� 2 +

�
x1(v) � x2(v)

� 2
(4.9)

Since wB
f and wB

m ha v e no �xed upp er b ounds, the normalization factor is

useless and the segmen tation qualit y measure b ecomes:

E A
I = wB

m � eB
m + wB

f � eB
f

= 1
jB G

I j

P

x2 T1

dist
�
x; �xA

I

�
+ 1

jB A
I j

P

x2 T2

dist
�
x; �xG

I

� (4.10)
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(a) (b) (c)

eB
m = 3

48 , eB
f = 3

47 eB
m = 12

48 , eB
f = 0

36 eB
m = 12

48 , eB
f = 20

56

E A
I = 0 :063 E A

I = 0 :125 E A
I = 0 :304

Figure 4.1: Limitation of the segmen tation ev aluation metric when w eigh ting terms ( wB
m and

wB
f ) are not used.

The searc h of �xA
I (resp. �xG

I ) is made easier b y the use of a distance

map [Maurer et al., 2003 ] computed from B A
I (resp. B G

I ). This op eration is

exempli�ed in Figure 4.2.

(a) region-based segmen ta-

tion comp osed of 2 regions

(b) region b oundary repre-

sen tation of the segmen ta-

tion in (a)

(c) distance map of (b), the

gra y-lev el v alue of a pixel repre-

sen ts the euclidean distance to

the nearest b oundary pixel

Figure 4.2: An example of a distance map from a binary con tour segmen tation.

By taking bac k the example in Figure 4.1 with the new de�nition of the ev al-

uation metric, the v alues of E A
i for the cases (a), (b), and (c) are resp ectiv ely

0:168, 0:75, and 0:679, yielding a go o d correlation with a visual assessmen t.

Once our p erformance ev aluation metric is de�ned, the goal is no w to minimize

the segmen tation error E A
I in order to learn optimal segmen tation parameters.
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This is the role of our closed-lo op global optimization pro cedure.

4.2.3 Choice of the Optimization Algorithm

Of primary imp ortance in this optimization pro cedure is �nding an optimal seg-

men tation parameter setting
^

p

A
I for eac h I 2 I . W e also aims at pro viding a

go o d ev aluation study of the tested optimization tec hniques in terms of p erfor-

mance v ersus computational cost and parameter setting. In the family of free

deriv ativ e tec hniques, w e prop ose the follo wing criteria to assess the optimization

algorithms:

1. Since the segmen tation of an image is the most exp ensiv e pro cess in the

optimization lo op, the n um b er of maxim um segmen tation algorithm calls

migh t b e set as a parameter. Indeed, ev en if the ultimate goal of an op-

timization pro cedureis to �nd a global optim um, the computational cost

should remain realistic.

2. The optimization algorithm m ust b e able to con v erge whatev er the ev alu-

ation pro�le, i.e. robust enough to �nd (quasi-)global optim um of v arious

non-smo oth functions.

3. The �nal qualit y of the optimization pro cedure should no b e to o dep en-

den t of the tuning of the optimization algorithm parameters, whatev er the

segmen tationalgorithm.

W e ha v e seen in our surv ey (see section 2.4.2) that sev eral optimization tec hniques

ha v e b een applied to tac kle the segmen tation optimization problem. Although all

of them are suitable with our problem, no comparativ e study exists to help us in

our c hoice. Th us, w e ha v e decided to fo cus on t w o tec hniques whic h are w orth

b eing compared. The �rst one is the Simplex algorithm [Nelder and Mead, 1965 ]

and the second is a standard genetic algorithm [Goldb erg, 1989 ] using non-

o v erlapping p opulations and optional elitism. In one hand, simplex is easy to use,

fast to con v erge, but requires to de�ne a initializing strategy (starting p oin t(s) and

starting step) and do not guaran tee to �nd a global optim um. In an other hand,

genetic algorithms are robust but are slo w er to con v erge and their parameters

m ust b e set carefully . T able 4.1 summarizes the set up of these t w o algorithms.

4.2.4 Discussion

In this section, w e ha v e presen ted our approac h for learning the parametrization

of segmen tation algorithms. Our optimization pro cedure relies on three indep en-

den t comp onen ts: a segmen tation algorithm, a p erformance ev aluation metric,

and an optimization algorithm. The goal is to �nd a parameter set to ac hiev e a

segmen tation as closed as p ossible to the ground truth segmen tation. W e ha v e de-

�ned a sup ervised quan titativ e ev aluation metric assessing the matc hing b et w een

the segmen tation result and the man ual segmen tation. This metric is broadly

usable since it mainly relies on generic concepts (false and missed b oundary pixel
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Most signi�cant pa rameters to tune

Simplex (see Figure ?? ) Genetic Algo rithm

� sta rting values: p

A (t0) � initial p opulation size

� sta rting step values: p

A (t0 + 1) � initial numb er of generations

� ending criteria = f ( max nb of calls ; T ) � numb er of generations to convergence

� simplex co e�cients (� , � , 
 , � ) � cross-over p robabilit y rate

� maximum numb er of calls � mutation p robabilit y rate

T able 4.1: Optimization algorithm parameters.

rates). The simplex algorithm and a genetic algorithm are preferred to solv e the

optimization problem for their abilit y to optimize a large sp ectrum of non-smo oth

functions. The main di�cult y lies in �nding the righ t parametrization of these al-

gorithms to prev en t from excessiv e computation time or w eak p erformance. This

p oin t will b e a part of our ev aluation study in the next c hapter.

After all pair samples

�
^

p

A
I ; Ê A

I

�
ha v e b een extracted for all segmen tation algo-

rithms to test, the next step is to select and tune the one(s) whic h will b e learn t.

The follo wing section discusses our selection strategy .

4.3 Learning to Select a Segmen tation Algorithm

The previous parameter optimization step allo ws us to ob jectiv ely compare the

segmen tation algorithms with regards to their b est p erformance scores Ê A
I . A

straigh tforw ard strategy for the selection of an algorithm is th us to tak e the

�rst b est. Nev ertheless, the problem b ecomes more di�cult when the training

images are heterogeneous, due for instance to global or lo cal v ariations in the

bac kground. In this case, one segmen tation algorithm could b e the b est adapted

for the segmen tation of a training image subset and another one for another subset.

W e prop ose to tac kle this problem b y asso ciating one algorithm p er subset. More

precisely , w e �rst iden tify the di�eren t subsets from the whole training image

set and then rank the segmen tation algorithms for eac h iden ti�ed subset. The

next t w o sections details this t w ofold strategy based on algorithm ranking and

image-con ten t analysis.

4.3.1 A Selection Strategy Based on Algorithm Ranking

A �rst strategy to the algorithm selection problem is to p erform a global ranking of

the algorithms and to select the b est one. Let us illustrate it with a to y example as

in Figure 4.3. The graph on the left represen ts the p erformance of three optimized

segmen tation algorithms applied on �v e di�eren t images. The b est segmen tation

qualit y corresp onds to E A
I = 0 . In this example, the b est algorithm is the one

p erforming the b est a v erage p erformance on the image set, i.e. the algorithm 3
with a mean score of 2:6.
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Ê A
I

Algo 1 Algo 2 Algo 3

I 1 5:5 2:0 3:0

I 2 7:0 2:5 3:0

I 3 7:5 5:0 0:5

I 4 4:5 4:5 4:5

I 5 5:0 1:5 2:0

mean 5:9 3:1 2:6

Figure 4.3: Algorithm selection in a to y problem with �v e images and three segmen tation

algorithms. The v alues of the table corresp ond to the segmen tation qualit y Ê A
I .

F or eac h algorithm, a mean parameter set
�

p

A
is computed as follo ws:

�
p

A =
1

jI A j

X

I 2I A

^
p

A
I (4.11)

where I A is the set of training images for whic h the algorithm A has obtained

the b est ev aluation results among the other algorithms. Then, for eac h training

image and eac h algorithm A tuned with
�

p

A
, the segmen tation qualit y is computed

again. The algorithm ha ving the b est a v erage p erformance on the training image

set is �nally selected.

This selection strategy comes to select the robustest algorithm based on ob-

jectiv e comparisons, i.e. the algorithm whic h can deliv er the b est results for the

training image set with a globally relev an t parameter set. Ho w ev er, this straigh t-

forw ard ranking approac h has t w o ma jor dra wbac ks. First, b y selecting only

one algorithm and a v eraging its parameters, it reduces the previously extracted

segmen tation kno wledge amoun t to one mean case. Second, ev en if the selected

algorithm o v erp erforms the others in most of the cases, the parameter a v eraging

can ha v e disastrous e�ects on the algorithm p erformance. Suc h a situation is

illustrated in Figure 4.4. Let us consider t w o images comp osing I A , i.e. I 3 and

I 4 . On the t w o graphs, w e sho w their ev aluation pro�les (i.e. the dra wing of the

ev aluation �tness functions) with t w o di�eren t p ossible shap es for I 3 . F or simplic-

it y , w e supp ose that pA
is reduced to one parameter (i.e. 1D pro�le). It is easy

to understand that a v eraging optimized parameters in the left graph will w eak en

the algorithm p erformance for b oth images I 3 and I 4 . In the graph on the righ t,

the a v eraging is less problematic since the pro�le shap es are more correlated.

Finally , ranking algorithms and computing a mean parameter set is reliable

under the follo wing assumptions:

� The selected algorithm is robust enough to pro vide go o d results o v er the

whole image set.
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(a) non-correlated ev aluation pro�les: a v-

eraging parameters is unsuitable.

(b) roughly correlated ev aluation pro�les:

a v eraging parameters is suitable.

Figure 4.4: Consequence of parameter a v eraging in di�eren t ev aluation pro�le cases.

� The ev aluation pro�les of the images m ust b e quite go o d correlated to mak e

the parameter a v eraging plausible.

Dep ending on the application and the segmen tation algorithms, these assumptions

are more or less reasonable. That is wh y w e also prop ose to select the algorithm

dep ending on the image con ten ts.

4.3.2 An Algorithm Selection Approac h Based on Image-

Con ten t Analysis

The second part of our strategy for algorithm selection is to tac kle the problem

a priori of the segmen tation. In this case, the goal is not to directly select the

algorithm dep ending on its relativ e p erformance ev aluation but dep ending on the

image to segmen t. Usually , v ariations b et w een images lead to a v ariabilit y in

the segmen tation. As a consequence, similar images should b e segmen ted with

the same algorithm and di�eren t images should b e segmen ted with di�eren t algo-

rithms or di�eren t parameter setting. These v ariations can b e induced b y c hanges

in bac kground app earance, c hanges in illumination source, c hanges in imagery de-

vice con�guration and so on. The goal is to iden tify the di�eren t situations leading

to di�eren t segmen tation con�gurations. T o this end, w e de�ne the con text of an

image as the quan titativ e represen tation of its lo cal and global c haracteristics.

Practically , the con text is describ ed b y a d-dimensional feature v ector v(I ) ex-

tracted from the whole image (e.g., a color histograms). The algorithm selection

problem can b e formalized as follo ws:

f : Rd �! S

v(I ) 7�! (A; p̂A )
(4.12)
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Ho w ev er, it is imp ossible to con tin uously predict the algorithm b eha vior according

to image v ariations and therefore the function f cannot b e seen as a regression

mo del. Our approac h is to tac kle this mo delling problem b y applying an unsu-

p ervised clustering of the training images to iden tify the di�eren t con texts, i.e.

clusters of images ha ving similar feature v ectors.

In our exp erimen ts, w e ha v e used a Densit y-Based Spatial clustering algorithm

called DBScan prop osed b y Ester et al. [Ester et al., 1996 ]. This algorithm is w ell-

adapted for clustering noisy data of arbitrary shap e in high-dimensional space as

histograms. Starting from one p oin t, the algorithm searc hes for similar p oin ts in

its neigh b orho o d based on a densit y criteria to manage noisy data. Non clustered

p oin ts are considered as `noise' p oin ts. The run time of the algorithm is of the

order O(n logn) with n the dimension of the input space. DBSCAN requires only

one critical input parameter, the Eps-neigh b orho o d, and supp orts the user in

determining an appropriate v alue for it. A lo w v alue will raises to man y small

clusters and ma y also classify a lot of p oin ts as noisy p oin ts, a high v alue prev en ts

from noisy p oin t detection but pro duces few clusters. A go o d v alue w ould b e the

densit y of the least dense cluster. But it is v ery hard to get this information on

adv ance. Normally one do es not kno w the distribution of the p oin ts in the space.

If no cluster is found, all p oin ts are mark ed as noise. In our approac h, w e set

this parameter so as to ha v e at the most 15% of the training images classi�ed as

`noise' data.

W e denote � a cluster of training images b elonging to the same con text � . The

set of the n clusters is noted K = f � 1; : : : ; � n g and the corresp onding con text set

� = f � 1; : : : ; � ng. Once the clustering is done, clusters are learn t. Then, for eac h

cluster (i.e. images of the same con text), segmen tation algorithms are rank ed and

the b est one is learn t b y follo wing the same strategy as describ ed in section 4.3.1.

W e obtain a discrete function f taking a con text iden ti�er � as input and returning

an algorithm A with a mean parameter setting �p A
suc h as:

f : � �! S

� 7�! (A; �p A )
(4.13)

The principal purp ose of this strategy is to o v ercome the dra wbac ks of the pure

global ranking strategy b y dividing the solution space S and b y restricting the

ranking pro cess on to eac h subspace. The main adv an tage on ranking algorithms

inside a subspace is that ev aluation pro�les are lik ely more correlated.

4.3.3 Summary

In this section, w e ha v e sho wn that the algorithm selection problem cannot b e

separated from the parameter tuning problem. This statemen t means that a so-

lution to the algorithm selection issue is comp osed of b oth an algorithm and a

parameter setting. W e ha v e describ ed our t w ofold strategy for learning the algo-

rithm selection based on algorithm ranking and image-con ten t analysis. Starting

from a training image set and segmen tation algorithms, our approac h �rst iden-

ti�es di�eren t situations based on image-con ten t analysis, then select the b est
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algorithm with a mean parameter set for eac h iden ti�ed con text based on opti-

mized parameter v alues. A t the end of the learning pro cess, con texts are learn t

with their asso ciated pairs (A; �p A ) .

The next step is dev oted to seman tic image segmen tation.

4.4 Learning for Seman tic Image Segmen tation

In this section, w e prop ose an approac h for seman tic image segmen tation based

on high-lev el kno wledge acquisition and learning. Ev en if the segmen tation is

optimized, lo w-lev el segmen tation algorithms cannot reac h a seman tic partition-

ing of the image. Th us, compared to the ground truth, some regions remain

o v er-segmen ted, as illustrated in Figure 4.5. If w e can assign the righ t lab el to

eac h region, neigh b oring regions with similar lab els are merged and, as a con-

sequence, the residual o v er-segmen tation b ecomes in visible. This means to b e

able to map region features on to a sym b olic concept, i.e. a class lab el. W e

use the example-based mo delling approac h as an implicit represen tation of the

lo w-lev el kno wledge. This approac h has b een applied successfully in man y ap-

plications suc h as detection and segmen tation of ob jects from sp eci�c classes

(e.g., [Sc hnitman et al., 2006 , Borenstein and Malik, 2006 ]). Starting from repre-

sen tativ e patc h-based samples of ob jects (e.g., fragmen ts), mo delling tec hniques

(e.g., mixture of Gaussian, neural net w orks, naiv e Ba y es classi�ers) are imple-

men ted to obtain co deb o oks or class-sp eci�c detectors for the segmen tation of

images. Our strategy follo ws this implicit kno wledge represen tation and asso-

ciates it with mac hine learning tec hniques to train r e gion classi�ers . The follo wing

sub-sections describ e this stage in details.

4.4.1 Class Kno wledge A cquisition b y Region Annotations

In our case, region annotations represen t the high-lev el information. This ap-

proac h assumes that the user is able to gather, in a �rst step, a represen tativ e set

of man ually segmen ted training images, i.e. a set that illustrates the v ariabilit y of

ob ject c haracteristics whic h ma y b e found. Then, the user m ust de�ne a domain

class dictionary comp osed of k classes as Y = f y1; : : : ; ykg. This dictionary m ust

b e designed according to the problem ob jectiv es. F or instance, y1 = bac kground

class, y2 = ob ject class #1, etc. Once Y is de�ned, the user is in vited, in a sup er-

vised stage, to lab el the regions of the man ually segmen ted images with resp ect

to Y . F rom a practical p oin t of view, an annotation is done with the help of a

graphical user in terface w e ha v e dev elop ed. This to ol allo ws to in teract with a

region-based segmen tation of an image b y clic king in to a region r and b y selecting

the desired class lab el y (see Figure 4.6).

A t the end of the annotation task, w e obtain a list of lab eled ground truth

regions whic h b elong to classes de�ned b y the user. Since the segmen tation result

is not exactly the same than the man ual segmen tation, the next step is to map,

for eac h training image, the lab els of ground truth regions on to the regions of the
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(a) original image (b) ground truth

(c) segmen tation with default param-

eters

(d) segmen tation with optimized pa-

rameters

Figure 4.5: An example of a parameter optimization lo op. The �nal result (d) is not p erfect

since some regions are o v er-segmen ted with resp ect to the ground truth (b).
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Figure 4.6: Region annotations with the dev elop ed graphical to ol.

region map RA
I resulting from the segmen tation of the image I with the selected

algorithm A tuned with the parameter set
�pA

, as describ ed in section 4.3. The

mapping is done b y ma jorit y o v erlap suc h as for eac h region r 2 RA
I ,

y(r ) =

(
yi

�
� i = arg max h r ; if max h(r )

jr j > T
y0; else

(4.14)

with jr j the n um b er of pixels of the region r , T a threshold, and h(r ) =
f h1(r ); : : : ; hi (r ); : : : ; hk (r )g the lab el histogram of the region r suc h that for

a pixel u and a lab el yi , hi (r ) = card f u 2 r j y(u) = yi g; i 2 1; : : : ; k .

If the ratio of the most represen ted class in r do es not reac h the threshold T
(here �xed at 0.8), the region lab el is set to y0 =2 Y . This prev en ts from lab eling

badly segmen ted region as sk etc hed in Figure 4.7.

W e also denote the set of all region annotations RA I suc h as:

RA I =
[

I 2I

[

r 2 RA
I

f y(r ) j y(r ) 6= y0g (4.15)

and the set of all annotated regions R I suc h as:

R I =
[

I 2I

[

r 2 RA
I

f r j y(r ) 6= y0g (4.16)

F or eac h region, a feature v ector x(r ) is extracted and mak es with the lab el a pair

sample noted (x(r ); y(r )) . The set of all collected pair samples from I constitute
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Figure 4.7: Example of the mapping b et w een a lab elled ground truth regions and segmen ted

regions.

the training data set TI (see Algorithm 3) suc h as:

TI =
[

I 2I

[

r 2 RA
I

f (x(r ); y(r )) j y(r ) 6= y0g (4.17)

TI represen ts the kno wledge of the segmen tation task and is comp osed, at this

time, of ra w information. In the follo wing section, w e address the problem of

kno wledge mo delling b y statistical analysis.

4.4.2 Segmen tation Kno wledge Mo delling

The �rst step to w ards learning statistical mo dels from an image partition is to

extract a feature v ector from eac h region. But whic h lo w-lev el features the most

represen tativ e for a sp eci�c region lab eling problem? In more general terms, whic h

features are useful to build a go o d mo del predictor? This fundamen tal question,

referring to the feature selection problem, is a k ey issue for most of the class-based

segmen tation approac hes.

F eature Extraction

When de�ning a set of features for classi�cation problems, t w o approac hes can

b e considered: a �rst approac h aims at building relev an t feature sets, while a
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second approac h more fo cus on the usefulness of eac h feature. In the �rst case,

the c hoice of relev an t features mostly relies on kno wledge of the domain. In

the second case, the goal is clearly to select features useful for building a go o d

predictor, ev en if some relev an t features ma y b e excluded. W e prop ose a trade-o�

approac h: starting from heuristically selected features w e aim at training robust

region classi�ers. T o this end, w e com bine generic features, suc h as color and

texture and apply a feature selection algorithm.

In our approac h, color histograms represen t the color information of eac h seg-

men ted region. T w o parameters m ust b e set: the color space ( cs) as R GB, HSV,

or XYZ, on whic h the histograming is applied, and the quan tization parameter q
whic h de�nes the n um b er of bins. Eac h color space has its sp eci�cit y according

to the color mo del it is based on. Ho w ev er, it is not ob vious to select the b est

appropriate color space for a sp eci�c problem, and most of the time, sev eral ex-

p erimen ts ha v e to b e conducted. In our approac h, w e do not state a priori the

relev ance of one color space against others. W e rather consider a color space as

a parameter of the feature selection problem. The same statemen t of fact can b e

done for the setting of the quan tization parameter: if it is easy to discriminate

data (e.g., t w o classes represen ted b y resp ectiv ely red and green ob jects), q could

b e set to a lo w v alue (i.e. few bins). On the con trary , if the color distributions of

di�eren t ob ject classes are mixed, a higher quan tization v alue migh t b e used.

T exture feature extraction tec hniques ha v e receiv ed considerable atten tion

during the past decades and n umerous approac hes and comparativ e stud-

ies ha v e b een presen ted [Reed and du Buf, 1993 ]. The most commonly used

are the gra y-lev el co o curence matrices in tro duced b y Haralic k [Haralic k, 1979],

the La w's texture energy [La ws, 1980 ], and the Gab or m ulti-c hannel �lter-

ing [Jain and F arrokhnia, 1991 ]. T w o surv eys on texture feature extraction tec h-

niques can b e found in [Reed and du Buf, 1993 ] and [Randen and Huso y , 1999].

F or the c haracterization of texture, w e use orien ted Gaussian deriv ativ es (OGD)

to generate rotation in v arian t feature v ectors. OGD are equiv alen t to the Gab or

features but are computationally simpler. The basic idea is to compute the �en-

ergy� of a region as a steerable function. This energy is computed for di�eren t

�p o w er� c hannel, whic h are the result of con v olving the region pixels with OGD

�lters of a sp eci�c order. In some w a y , the �rst order OGD computes some edge

energy while the second order OGD compute some line energy and then pro duce

a strong correlation with the h uman vision theory . As color histograms, texture

feature v ectors dep end on the q parameter.

The �nal feature v ector represen ting a region is a concatenation of the feature

v ectors extracted from eac h cue. The feature extraction pro cess is applied on eac h

region of the annotated regions set R I so as to build the training data set TI , as

depicted in algorithm 3.

F ollo wing our cognitiv e approac h of the segmen tation problem, w e need to

a v oid man ually selected and tuned algorithms. A t the feature selection lev el,

this means to b e able to automatically select and tune the feature extraction

algorithms.
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Algorithm 3 : Algorithm pseudo-co de for the training data set building

inputs : I , R I , RA I , q, cs
outputs : TI

X I  fg ;1

TI  fg ;2

foreac h I 2 I do3

foreac h r 2 R̂A
I � R I do4

x(r )  regionFeatureExtractor( I; r; q; cs ) ;5

X I  X I [ x(r ) ;6

TI  f X I ; RA I g ;7

return TI8

F eature Selection

The feature selection is used to reduce the n um b er of features, remo v e

irrelev an t, redundan t, or noisy data, and it brings the immediate ef-

fects of sp eeding up and impro ving the prediction p erformance of learn-

ing mo dels. Since feature selection is a fertile �eld of researc h, w e re-

fer the reader to surv eys [Guy on and Elissee�, 2003 , K oha vi and John, 1997 ,

Blum and Langley , 1997 ] as go o d starting literatures. The optimalit y of a fea-

ture subset is measured b y an ev aluation criterion. F eature selection algorithms

designed with di�eren t ev aluation criteria broadly fall in to t w o categories: the

�lters and the wr app ers .

Filters select subsets of features as a pre-pro cessing step, indep enden tly of the

c hosen predictor. W ell-kno wn metho ds dedicated to this purp ose are basic linear

transforms of the input features lik e Principal Comp onen t Analysis (PCA) and

Fisher Linear Discriminan t Analysis (LD A). PCA is an unsup ervised tec hnique

useful for data set dimensionalit y reduction. F or sup ervised feature selection,

i.e. when feature samples are lab elled, LD A is more appropriated. This tec h-

nique selects features that maximize the ratio of the b etwe en-class sc atter to the

within-class scatter. T ec hniques based on iterativ e searc h are also widespread as

sequen tial forw ard/bac kw ard algorithms (e.g. SFFS, SBS, ReliefF).

W rapp ers utilize the learning mac hine of in terest (e.g., SVM, neural net-

w orks) as a blac k b o x to score subsets of features according to their predictiv e

p o w er. Consequen tly , wrapp ers are remark ably univ ersal and simple. An in-

teresting comparativ e study of suc h feature selection algorithms can b e found

in [Molina et al., 2002 ].

The feature selection approac h w e prop ose is deriv ed from wrapp ers. Our goal

is to �nd the b est feature extractor con�guration whic h minimizes the join t clas-

si�cation errors of the class predictors applied on the training data set TI . Unlik e

classical approac hes, w e act on the feature extractor parameters to generate dif-

feren t feature v ectors, instead of reducing the feature v ector itself. This approac h
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is sk etc hed in Figure 4.8.

Figure 4.8: F eature selection sc hema based on tuning of the feature extractor parameters.

The t w o free parameters of our selected feature extractors are the color space

enco der for color feature extractor, and the quan tization lev el for b oth color and

texture feature extractors. The goal is to �nd the b est com bination able to induce

the minim um region classi�cation errors. The qualit y estimation is conducted via

a cross-v alidation pro cedure whic h giv es, for eac h region classi�er ci , the classi�-

cation Mean Square Error (MSE), noted � (ci ) 2 [0; 1]. A global MSE, noted � in

Algorithm 4, is then computed b y a v eraging all the � (cy) .

W e use an iterativ e searc h strategy to co v er the v alue spaces of the t w o param-

eters q and cs. This tec hnique guaran tees to �nd a global optimal solution but is

computationally exp ensiv e: �rst, it requires to run M � N � O region classi�er

training pro cedures, with M the n um b er of quan tization lev els (t ypically equals

to 256), N the n um b er of color spaces, and O the n um b er of classi�ers to train;

second, when the v alue of q increases, so do es the size of the feature v ector v . So,

to a v oid an unreasonable computational time, the c hoice of the training algorithm

m ust tak e in to accoun t this computational constrain t.
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Algorithm 4 : Algorithm pseudo-co de for the color feature selection

inputs : R I , RA I

outputs : q (quan tization lev el), cs (color space)

�̂  1 ;1

for q  qmin to qmax do2

foreac h cs 2 CS do3

TI  trainingDataSetBuilding( R I , RL I ; q; cs) ;4

foreac h y 2 Y do5

cy  regionClassifierTraining( y; TI ) ;6

� (cy)  crossValidator( cy ; TI ) ;7

if � < �̂ then8

�̂  � ;9

q̂  q ;10

ĉs  cs ;11

return (q̂;ĉs)12

T raining Algorithm for Class mo delling

After extracting a feature v ector for eac h region of the training data set, the next

step is to mo del the kno wledge in order to pro duce region classi�ers (one classi�er

p er class). F or a feature v ector x(r ) and a class yi ,

ci (r ) = p
�

y(r ) = yi j x (r )
�

(4.18)

with ci (r ) 2 [0; 1], is the estimated probabilit y asso ciated with the h yp othesis:

�feature v ector x(r ) extracted from region r is a represen tativ e sample of the class

yi �. The set of these trained region classi�ers is noted C = f c1; : : : ; ckg.

A v ariet y of tec hniques ha v e b een successfully emplo y ed to tac kle the prob-

lem of kno wledge mo delling suc h as naiv es Ba y es net w orks, decision trees or

supp ort v ector mac hine (SVM). W e prop ose to use SVM [Burges, 1998 ] as

a template-based approac h. SVM are kno wn to b e e�cien t discriminativ e

strategies for large-scale classi�cation problems suc h as in image categoriza-

tion [Chen and W ang, 2004 ] or ob ject categorization [Huang and LeCun, 2006].

SVM yields also state-of-the-art p erformance at v ery lo w computational cost.

SVM training consists of �nding an h yp er-surface in the space of p ossible inputs

(i.e. feature v ectors lab eled b y +1 or -1). This h yp er-surface will attempt to

split the p ositiv e samples from the negativ e samples. This split will b e c hosen to

ha v e the largest distance from the h yp er-surface to the nearest of the p ositiv e and

negativ e samples.

Giv en training v ectors x i 2 Rn ; i = 1 ; : : : ; n and a v ector y i 2 � 1; +1 , a C -

supp ort v ector classi�cation [V apnik, 1995 ] ( C -SV C) solv es the follo wing primal
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problem:

min
w ;b;�

1
2

w T w + C
lX

i =1

� i

subject to yi (w T � (x i ) + b) � 1 � � i ;

� i � 0; i = 1 ; : : : ; l

(4.19)

Its dual is:

min
�

1
2

� T Q� � eT �

subject to yT � = 0 ;

0 � � i � C; i = 1 ; : : : ; l

(4.20)

where e is the v ector of unit y , C > 0 is the p enalt y parameter of the error term,

Q is an l b y l p ositiv e semide�nite matrix, Qij � yi yj K (x i ; x j ) , and K (x i ; x j ) �
� (x i )T � (x j ) is the k ernel. Here training v ectors x i are mapp ed in to a higher

(ma yb e in�nite) dimensional space b y the function � .

F or an y testing instance x , the decision function f (predictor) is:

f (x) = sgn

 
lX

i =1

yi � i K (x i ; x) + b

!

(4.21)

The most commonly used k ernels are the follo wing:

� linear: K (x i ; x j ) = xT
i x j

� p olynomial: K (x i ; x j ) = 
 (xT
i x j + r )d; 
 > 0

� radial basis function (RBF): K (x i ; x j ) = exp
�

� 
 kx i � x j k2 �
; 
 > 0

� sigmoid: K (x i ; x j ) = tanh( 
 xT
i x j + r )

Here, 
 , r , and d are k ernel parameters to b e a priori de�ned.

W e adopt a one-vs-r est m ulticlass sc heme with probabilit y informa-

tion [W u et al., 2004 ] to train one region ev aluator c p er class y . W e use SVM with

radial basis function as region classi�ers. There are t w o parameters while using

RBF k ernels: C (p enalt y parameter of the error term) and 
 (k ernel parameter).

It is not kno wn b eforehand whic h C and 
 are the b est for one problem; conse-

quen tly some kind of mo del selection (parameter searc h) m ust b e done. T o �t the

C and 
 parameters, w e adopt a grid-searc h metho d using 5-fold cross-v alidation

on training data. Basically , pairs of (C , 
 ) are tried and the one with the b est

cross-v alidation accuracy is pic k ed (see algorithm 5). This straigh tforw ard mo del

selection e�cien tly prev en ts o v er�tting problems. As seen in Figure 4.9, the

mo del selection is wrapp ed in the feature selection sc hema with whom it shares

the cross-v alidation step.

The training stage ends up when all com binations of f (q; cs); (C; 
 )g ha v e b een

tested. The one giving the lo w est global classi�cation error is pic k ed and the

region classi�ers are trained a last time with this con�guration.
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Figure 4.9: Mo del selection sc hema based on tuning of the predictor parameters.
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Algorithm 5 : Mo del selection algorithm pseudo-co de

inputs : yi 2 Y , TI

outputs : cy , �̂

T 0
I  T I ;1

foreac h (x(r ); y(r )) 2 T 0
I do2

if y(r ) = yi then3

y(r )  +1 ;4

else5

y(r )  � 16

�̂  1 ;7

for C  Cmin to Cmax do8

for 
  
 min to 
 max do9

cy  predictorTraining( T 0
I ; C; 
 ) ;10

� (cy)  crossValidation( cy ; T 0
I ) ;11

if � (cy) < �̂ then12

Ĉ  C ;13


̂  
 ;14

�̂  � ;15

cy  predictorTraining( TI
0

, Ĉ , 
̂ ) ;16

return cy , �̂17

4.5 A daptiv e Image Segmen tation

F or a new incoming image I not b elonging to the training set, a feature v ector

is �rst extracted then classi�ed in to a cluster. The classi�cation is based on the

minimization of the distance b et w een the feature v ector and the cluster set f � i g
as follo ws:

I 2 � i , v (I ) 2 � i j i = arg min
i 2 [1;n]

dist (v (I ); � i ) (4.22)

The pair (A; �p A ) asso ciated with the detected con text � i , is returned.

Once the algorithm is selected and tuned, the image is segmen ted. F or eac h

region, a feature v ector is extracted using the (q̂;ĉs) parameter set and giv en as

input to eac h trained region classi�ers ci . Classes are scored according to the

classi�er resp onses f ci (r )g and �nally , the returned lab el y(r ) is suc h as:

y(r ) = arg max
i

ci (r ) (4.23)

When all regions are lab elled, neigh b oring regions with the same lab el are merged

to form a seman tic partitioning of the image. This �nal segmen tation is returned

to the user, as describ ed in Algorithm 6.
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Algorithm 6 : Algorithm pseudo-co de for adaptiv e image segmen tation

inputs : I =2 I , C, ĉs, q̂

v (I )  GlobalFeatureExtractor( I ) ;1

� I  ContextClassification( v(I ) ) ;2

(A; �
p

A )  � I ;3

RA
I  A(I; �

p

A ) ;4

foreac h r 2 RA
I do5

x(r )  regionFeatureExtractor( r , ĉs, q̂) ;6

y(r )  RegionClassification( x(r ) , C) ;7

forall (r i ; r j ) 2 RA
I ; i 6= j do8

if (r i IsNextT o r j ) ^ (y(r i ) = y(r j )) then9

RegionMerger( r i , r j ) ;10

return semantic se gmentation of I11

4.6 F ramew ork Conclusion

In this c hapter, w e ha v e presen ted our framew ork for adaptiv e image segmen ta-

tion. W e ha v e detailed eac h step of the learning mo dule for algorithm parameter

tuning, algorithm selection, and seman tic image segmen tation. The algorithm

parametrization issue is tac kled with a generic optimization pro cedure based on

three indep enden t comp onen ts. W e ha v e designed our p erformance ev aluation

metric to b e broadly applicable and with a lo w computational cost. It allo ws

to assess a large v ariet y of segmen tation algorithms and only relies on man ual

segmen tations. Ho w ev er, further exp erimen ts need to b e done to assess the p er-

formances and the accuracy of the t w o optimization algorithms (the Simplex

algorithm and a Genetic Algorithm). Our strategy for algorithm selection can b e

summarized as follo ws:

� The user is assumed to pro vide a training image set represen tativ e of the

di�eren t situations.

� The training image set is clustered in order to divide the algorithm selection

problem in to sub-problems more tractable, eac h sub-problem represen ting

an image con text. T o this end, an unsup ervised clustering algorithm is

used to cluster feature v ectors extracted from the training image set. This

strategy assumes, in a w a y , the existence of a link b et w een a quan titativ e

image represen tation and a tuned segmen tation algorithm.

� F or eac h iden ti�ed cluster, one algorithm is selected based on p erformance

ranking. A mean parameter set is computed. This ranking strategy reduces

the n um b er of acceptable solutions to one mean solution.

The �nal step of the learning mo dule is to train region classi�ers to re�ne the

segmen tation according to seman tic region lab elling. In this task, the user m ust
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annotate the regions of the man ually segmen ted images with class lab els. Our

approac h is based on the discriminativ e p o w er of the SVM Classi�ers to ground

lo w-lev el region features in to sym b olic classes. W e ha v e also prop osed an unsu-

p ervised metho d for the learning of SVM and region feature extractor parameters.

The goal is to optimize the p erformance of the classi�ers without the help of the

user.

The mo dule for adaptiv e image segmen tation mak es use of the learn t segmen ta-

tion kno wledge. F or a new image, the algorithm selection and tuning is fast since

it only relies on the computation of a global feature v ector. Then, eac h region is

lab elled according to the region classi�ers resp onses and the �nal seman tic image

is returned to the user.

The next t w o c hapters are dedicated to the v alidation of this framew ork on

real-w orld applications.



Chapter 5

Exp erimen t and Ev aluation for

Image Segmen tation

This c hapter is dedicated to the v alidation of the framew ork presen ted in the pre-

vious c hapter for image segmen tation in real w orld applications. In particular, w e

are in terested in the segmen tation step of a cognitiv e vision system dedicated to

the recognition of biological organisms. W e �rst presen t the biological problem

and the exp erimen tal proto col. Then w e giv e a brief description of the cognitiv e

vision system used to solv e the biological problem. The last section is dedicated

to the detailed assessmen t of the vision system with a particular fo cus on the seg-

men tation lev el. W e also giv e some ev aluation results on a public image database

at the end of the c hapter.

5.1 A Ma jor Biological Challenge: the Early Detection

of Plan t Diseases

5.1.1 A Ma jor Challenge for In tegrated P est Managemen t

In tegrated P est Managemen t (IPM) is a kno wledge-based approac h to crop pro-

tection. It is an imp ortan t to ol for the managemen t of insects, pathogens, w eeds,

and cultural problems in greenhouse. The goal of IPM is to in tegrate cultural,

ph ysical, biological, and c hemical practices to gro w crops with minimal use of p es-

ticides. This approac h is particularly promising in the con text of ornamen tal crops

in greenhouses b ecause of the high lev el of con trol needed in suc h agrosystem. In-

deed, early detection of plan t diseases mak es it p ossible to op erate e�cien tly at

the b eginning of an infection to limit the plan t damage. Thereb y , it can reduce

the amoun t of p esticide applications and th us reduce the con trol cost. Ho w ev er,

no automatic metho ds are a v ailable to precisely and p erio dically ev aluate the bi-

otic status of plan ts. In fact, the detection of biological ob jects as small as suc h

insects (dimensions are ab out 2 mm) is a real c hallenge, esp ecially when consider-

ing greenhouses dimensions (10 to 100 meters long). T raditionally in pro duction

conditions, visual observ ations are made eac h w eek b y h uman exp erts (greenhouse
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sta� ), often on colored stic ky traps. Since this tec hnique do es not allo w to pre-

cisely study the epidemic spatial mo del, observ ations on natural supp ort (i.e. on

lea v es) are preferred. But it is di�cult or ev en not p ossible to p erform a con tin u-

ous (t ypically daily) h uman con trol and to examine ev ery leaf in the greenhouse.

Moreo v er the accuracy of the observ ations dep ends on the h uman ey e resolution,

ev en if magni�cation to ols are used.

5.1.2 Con text of the Exp erimen t

This part of the w ork consists in a researc h co op eration b et w een the Orion team

of INRIA Sophia An tip olis and the In tegrated Researc h in Horticulture Unit

( URIH ) of INRA Sophia An tip olis (National Institute for Agricultural Researc h).

The con text of this w ork is also the region P A CA (Pro v ence Alp es Côte d'Azur)

whic h is the leading horticultural region of F rance

1

.

5.1.3 Cho osing a crop and a bioagressor as a mo del study

F or this study , w e �rst c hose a mo del �crop � bioagressor�. On the one hand,

rose, an ornamen tal crop, w as c hosen b ecause it attracts v arious bioagressors and

it requires high lev el standard qualit y for �o w ers as w ell as lea v es. On the other

hand, white �y T rialeur o des V ap or ariorum w as c hosen b ecause this bioagressor

requires early detection and treatmen t to prev en t durable infestation. Eggs and

larv ae iden ti�cation and coun ting b y vision tec hniques are di�cult b ecause of

critical dimension (eggs) and w eak con trast b et w een ob ject and image bac kground

(larv ae). F or these reasons w e decided to fo cus �rst on adults. Eggs, larv ae and

adults are presen t on bac k faces of lea v es.

5.2 Exp erimen tal Proto col

5.2.1 Greenhouse exp erimen t

The agrosystem w as a 256 m

2
plastic t win-tunnel greenhouse plan ted with roses.

The managemen t of climate, fertilization and irrigation w as carried out b y a con-

trol/command computer system designed at INRA . T w o rose cultiv ars (Suella

TM

,

a y ello w one, and Miss P aris

TM

, a red one) w ere plan ted. They are kno wn for

their di�eren t resistance to p o wdery mildew and attractiv e p o w ers to insects. The

total cultiv ation corresp onds to 1200 plan ts. A map of the greenhouse is sho wn

on Figure 5.1.

5.2.2 Sampling strategy

W e c hose our sampling strategy based on the follo wing requiremen ts:

1

Roses are widely pro duced in P A CA and early disease detection is classi�ed as a ma jor

c hallenge.
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Figure 5.1: Greenhouse map sho wing t w o c hap els of 128 m

2
eac h.

� Spatially , data should b e uniformly distributed, th us samples w ere random-

ized (according to a grid) o v er the whole greenhouse.

� T emp oral sampling should b e realistic, i.e. pro vide a go o d ratio data rele-

v ance v ersus sampling duration.

The spatial sampling strategy consists in a randomized sampling in the hori-

zon tal plane and optimized sampling along the v ertical axis. Since it is con v enien t

to consider 12 plan ts or 2 m ro c k w o ol slab as a standard visual observ ation unit,

it w as decided to tak e a leaf sample (5 or 7 lea�ets) ev ery second meter along

plan tation lines. W e ha v e done a pre-study on sample cuts at v arious heigh ts of

plan t canop y to decide the optimal lo calization of samples: for early detection of

mature white �ies, gro wing stems ha v e b een preferred. Hence, 100 samples w ere

tak en corresp onding to 1200 plan ts. Samples are rose lea v es, eac h leaf b eing made

up of 5 or 7 lea�ets, cut in the cen tral part of the canop y where gro wing stems

are the most n umerous. Both sides of lea v es w ere scanned individually and 200

images w ere recorded (see Figure 5.2 for an example). If w e assume a LAI (Leaf

Area Index) of 3 for rose crop [Ra viv and Blom, 2001 ], and with an e�ectiv e crop

surface of 100 m

2
, it means that around 0.36% of LAI (for one face) is analyzed

at eac h surv ey b y using the ab o v e sampling strategy

2

.

Concerning the temp oral sampling strategy , the time required to p erform an

automatic surv ey is of the same order of magnitude as the time necessary to mak e

a c hemical treatmen t on an equiv alen t surface. Th us, this quic k deliv ery of results,

i.e. within half a da y , is compatible with rapid decision.

2

the surv ey ratio ( SR ) is computed as follo ws: SR = ( Nscan � Sscan )=(LAI � Scrop ) , with Nscan

the n um b er of total scanned lea v es (200), Sscan the e�ectiv e scanned surface p er acquisition

(0.0054 m

2
) and Scrop the e�ectiv e crop surface (100 m

2
)
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Figure 5.2: Example of a scanned rose leaf infested b y white �ies.

F or this study , samples w ere man ually cut and scanned directly in the green-

house b y using a consumer electronics �atb ed A4 scanner. This allo w ed a high

image qualit y and a short scanning/transfer time. A resolution of 600 dpi w as

c hosen. This corresp onds to theoretical square pixel dimensions of 42 � m � 42

� m. Suc h a resolution is a go o d compromise: it is precise enough to digitize ob-

jects as little as mature white �ies (500 pixels of area) and compatible with data

acquisition/storage constrain ts.

Once the data acquisition conditions �xed, the next step is to pro vide a system

that automatically iden ti�es and coun ts white �ies on the scanned images. This

system is presen ted in the next section.

5.3 The Cognitiv e Vision System for P est Detection

and Coun ting

F ollo wing a cognitiv e vision approac h, w e prop ose to use an automatic image

in terpretation system that com bines image pro cessing, learning and kno wledge-

based tec hniques for the detection and the coun ting of mature white �ies.

Our approac h follo ws previous w ork presen ted in [Hudelot and Thonnat, 2003 ]

and [Boissard et al., 2003 ] and enric hes it with learning and con trol abilities at

the segmen tation lev el.

5.3.1 System Ov erview

As h uman biologists do, a cognitiv e vision system has to analyze ra w images and

to lab el in teresting regions that corresp ond to ob jects of in terest (e.g., insects). T o

recognize a region as an insect, a h uman exp ert relies on (biological and con tex-

tual) domain kno wledge ab out insects (e.g., sp ecies features, life cycle, host plan t)

as w ell as visual data that can b e extracted from images (color, texture, shap e,

and size). A soft w are system m ust tak e in to accoun t b oth kinds of kno wledge. T o

separate the di�eren t t yp es of kno wledge and the di�eren t reasoning strategies,

the cognitiv e vision platform prop oses an arc hitecture based on sp ecialized mo d-
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ules, as sho wn in Figure 5.3. It consists of t w o kno wledge-based systems (KBS),

a set of image pro cessing (IP) algorithms, and a learning mo dule.

Figure 5.3: Cognitiv e vision system. The top part corresp onds to the initial learning mo dule

and the b ottom part to the automatic system for routine execution.

Before routine execution, a le arning stage (Figure 5.3 top) is p erformed once

on a training image sub-set. This preliminary stage is used to complemen t the

kno wledge necessary to run the t w o follo wing KBSs.

The classi�c ation KBS (Figure 5.3 b ottom) aims at selecting in teresting regions

in images. T o this end it triggers image pro cessing requests and in terprets the

n umerical results in to higher lev el concepts, i.e. (parts of ) ob jects of in terest. It

only retains the regions corresp onding to target insects and returns their n um b er

to the user.

The sup ervision KBS (Figure 5.3 b ottom) is used to monitor the execution of
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the image pro cessing requests. It selects and plans the b est programs with the

b est parameter v alues for eac h image. F rom ra w images pro vided b y the end-user,

the goal is to extract n umerical v alues needed b y the classi�cation KBS.

5.3.2 Learning Stage

Learning tec hniques are used for t w o purp oses: to learn ho w to map lo w-lev el

features to high-lev el domain concepts and ho w to tune parameters of image

pro cessing programs.

5.3.2.1 Learning Visual Concepts

The goal is to map ob ject descriptions in the kno wledge base of the classi�cation

system to n umerical v alues. Most of real ob jects can b e describ ed in terms of

concepts, suc h as their shap e, color or texture. W e call them visual c onc epts .

Visual concepts are an in termediate lev el that helps mapping lo w-lev el n umerical

v alue to a domain class description. F or instance, a length in millimeters and/or

a color in R GB v alues ma y b e mapp ed to an insect b o dy . Th us, eac h biological

class description app earing in the classi�cation kno wledge base m ust b e precisely

sp eci�ed in terms of visual concepts.

W e refer to a general on tology prop osed b y N. Maillot et al.

in [Maillot et al., 2004 ] and in [Maillot, 2005 ], whic h is a hierarc h y divided in to

three parts: spatio-temp oral, color and texture concepts. F or instance, spatio-

temp oral concepts include shap e, size, and spatio-temp oral relations. The main

adv an tage in using this on tology is to pro vide domain exp erts with a v o cabulary

for describing domain classes in visual terms (as sho wn in Figure 5.4) b y means

of numeric al descriptors . The role of these descriptors is to bridge the seman tic

gap b et w een lo w-lev el n umerical v alues and visual concepts. A descriptor has an

attac hed n umerical v alue that can b e computed b y vision programs; for instance,

a program can compute an area length in millimeters. It also corresp onds to a vi-

sual feature meaningful for a h uman exp ert to describ e an ob ject; for instance, an

exp ert ma y select the length descriptor of the size concept as relev an t to describ e

an insect b o dy .

W e refer also to [Maillot, 2005] for the learning of visual concept. Based on a

training set of images and for eac h visual concept used b y the exp ert, the learning

mo dule learns semi-automatically the range of p ossible v alues for all the n umerical

descriptors necessary to recognize the concept.

5.3.2.2 Learning Image Pro cessing P arameters

Our goal is to pro vide a meaningful segmen tation of white �ies for further in-

terpretation purp oses. Since no dedicated segmen tation algorithm exists for this

sp eci�c task, w e started with a set of state-of-the-art region-based algorithms and

then, follo wing our approac h describ ed in c hapter 4, w e optimized their free pa-

rameters on a training image sub-set. A t the end of the optimization pro cess,
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eac h algorithm w as tuned with its optimal parameter setting. Then, a clustering

decomp osition w as p erformed on the training image sub-set to iden tify the di�er-

en t situations. The algorithm ac hieving the b est segmen tation results (according

to ground truth) for eac h iden ti�ed cluster is retained. T w o region-classi�ers w ere

trained to reac h a goal-orien ted segmen tation: one for the mature white �y class

and one for the rose leaf class. This part of the w ork is more detailed in section 5.4.

5.3.2.3 Learning Issues

A t the end of the learning stage, w e get image pro cessing algorithm with �ne

tuned parameters and descriptor ranges for all relev an t n umerical descriptors of

the application.

Note that this learning stage is done only once, for one (set of ) insect(s) to

detect and one set of programs to run. Pro vided that the acquisition conditions do

not c hange drastically , routine execution only in v olv es running the t w o follo wing

kno wledge-based systems, i.e. the classi�cation system and the image pro cessing

sup ervision system.

5.3.3 Classi�cation System

The role of the classi�cation system is to recognize and to coun t white �ies on

an image. T o this end its relies on kno wledge ab out insect descriptions and on

n umerical descriptor v alues pro vided b y image pro cessing programs.

The kno wledge in this KBS consists of descriptions of domain classes and class

hierarc hies, pro vided b y biologists. W e prop ose a dedicated exp ert language to

describ e these hierarc hies. In the case of white �y detection, the kno wledge base

mainly con tains kno wledge of these insects (see Figure 5.4). The WhiteFly domain

class describ es ho w suc h an insect ma y b e recognized thanks to di�eren t visual

concepts selected b y the exp ert, namely its shap e, size and color. These concepts

refer to general ones (suc h as ColorConc ept ) de�ned in the general on tology .

Eac h visual concept is in turn describ ed b y a relev an t set of n umerical de-

scriptors and their asso ciated fuzzy ranges of p ossible v alues, as learn t on the

training set with the help of a domain exp ert during the initial learning stage (see

section 5.3.2.1). F or example, some v alues of the HSV color of image areas are

link ed with the white �y color. Exp erts use the v o cabulary de�ned b y the general

visual concept on tology suc h as the term �circularit y� to c haracterize the shap e

of a white �y .

It should b e noted that w e do not need to manage a complete biological hier-

arc h y of insects (i.e. with all sub-sp ecies), but only the parts that are useful for

the recognition task. Indeed, it is useless (and often imp ossible with the curren tly

a v ailable vision tec hniques) to precisely recognize the sub-sp ecies of an insect,

b ecause w e kno w that not all sub-sp ecies will infest a t yp e of plan t.

T o summarize, the classi�cation KBS pro vides class hierarc hies and a descrip-

tion of eac h class in terms of n umerical descriptors. T o get the real v alues of
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Domain Class WhiteFly SuperClass : Bio agr essor

SHAPE: Shap eConcept

Descriptors:

circularity [ 0.05 0.2 0.5 0.6 ]
excentricity [ 0.1 0.2 0.4 0.5 ]
rectangularity [ 0.5 0.6 0.8 0.85 ]
elongation [ 0.3 0.35 0.7 0.8 ]
convexity [ 0.7 0.75 1.0 1.1 ]
compacity [ 0.1 0.25 0.9 1.0 ]

COLOR: ColorConcept

Descriptors:

saturation [ 0.0 0.0 0.2 0.3 ]
lightness [ 120 130 240 260 ]
hue [ 80 90 170 180 ]

SIZE: SizeConcept

Descriptors:

area [ 0.5 0.6 1.2 1.3 ]
length [ 0.6 0.8 2.5 3.5 ]
width [ 0.2 0.3 1.0 1.3 ]

Figure 5.4: High-lev el description of a domain class (white �y). Visual concepts are in Small

Caps . learn t fuzzy ranges are sho wn on the righ t. They are comp osed of four n um b ers, cor-

resp onding resp ectiv ely to the minim um admissible v alue, the minim um and maxim um most

probable v alues, and the maxim um admissible v alue.
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n umerical descriptors, the correct image pro cessing algorithms m ust b e launc hed

and con trolled: this is the role of the image pro cessing sup ervision KBS.

5.3.4 Image Pro cessing Sup ervision System

The image pro cessing task itself is ac hiev ed b y a program sup ervi-

sion [Thonnat et al., 1998 ] kno wledge-based system. Program sup ervision tec h-

niques mak e it p ossible to automate the use of complex programs, i.e. to plan and

con trol pro cessing activities. In cognitiv e vision systems, the sup ervision system

con trols the use of the image pro cessing sub-tasks, suc h as image segmen tation

and features extraction. It is based on kno wledge ab out the programs, their in-

put/output data, their applicabilit y conditions, their p ossible com binations, and

the necessary information to run them in v arious situations. This kno wledge is

giv en b y image pro cessing exp erts in the form of op er ators and decision rules to

guide the sup ervision engine reasoning (e.g., to select programs, initialize their

parameters, or assess their results). Suitable parameter initialization v alues ha v e

b een learn t during the previous learning step, but more tuning is p ossible dynam-

ically dep ending on the input image sp eci�cit y . Op erators and rules are formally

describ ed in the kno wledge base using an exp ert language (see an example Fig-

ure 5.5).

Comp osite Op erator { name Segmentation

commen t �image segmentation operator�

Input Data

Image input_image

Output Data

Image output_image

...

Bo dy

RegionBased j EdgeBased

Choice Rule { name RegionChoice

If concept == ShapeConcept

Then useOperator RegionBased }

}

Figure 5.5: An example from the program sup ervision kno wledge base. A comp osite op erator

describ es an alternativ e decomp osition (denoted b y a |) in to t w o sub-op erators: region or edge-

based segmen tation, and a rule selects the �rst one if the concept to recognize (as indicated b y

the classi�cation KBS) is Shap e.

Once the ob jects ha v e b een extracted, the second step of the image pro cessing

task, feature extraction, computes the attributes corresp onding to eac h region,

according to the domain feature concepts (e.g., color, shap e and size descriptors).

Finally , the sup ervision KBS returns a set of candidate areas to the classi�cation

KBS. Eac h area has an attac hed set of computed n umerical descriptor v alues. The

classi�cation KBS can use these descriptors in conjunction with its o wn kno wledge

to select areas corresp onding to white �ies and to return the n um b er of recognized
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�ies to the user.

5.4 Approac h Assessmen t

This section is dedicated to the p erformance ev aluation of the segmen tation step

and of the cognitiv e vision system.

5.4.1 Segmen tation Algorithms

In this section, w e brie�y describ e the segmen tation algorithms w e used for our

exp erimen t. Our set is comp osed of algorithms re�ecting di�eren t segmen tation

strategies as dev elop ed in section 2.2.2 namely region gro wing, split-and-merge,

w atershed, or thresholding tec hniques.

CSC: The Color Structure Co de [Priese and Sturm, 2002 ] is a metho d com bining

the adv an tages of lo cal (simplicit y and fastness) and global (robustness and

accuracy) tec hniques. It is a hierarc hical region gro wing metho d that is

inheren tly parallel and therefore indep enden t of the c hoice of the starting

p oin t and the order of pro cessing. The generation of the CSC op erates

essen tially in three phases. In an initialization phase the image is partitioned

in to small, atomic color regions. These small color regions are gro wing in the

linking phase in a hierarc hical manner to complete color segmen ts. Within

the linking phase it is p ossible to detect that color regions connected b y

a c hain of smo othly c hanging colors ha v e to b e split again. This is done

in the splitting phase. The most imp ortan t parameter to set is the linking

threshold based on the quadratic color distance b et w een t w o pixels.

SRM: The SRM algorithm, for Statistical Region Merg-

ing [No c k and Nielsen, 2004 ] is a region-based segmen tation algorithm

follo wing a particular order in the c hoice of regions. The merging criteria is

based on an adaptiv e statistical threshold merging predicate on color c han-

nels that do es not require to main tain dynamically the region adjacency

graph. The algorithm is able to cop e with hard noise corruption, handle

o cclusion, authorize the con trol of the segmen tation scale through a free

parameter Q .

EGBIS: The E�cien t Graph-Based Image Segmen tation algo-

rithm [F elzenszw alb and Huttenlo c her, 2004 ] is based on the de�nition of a

predicate for measuring the evidence for a b oundary b et w een t w o regions

using a graph-based represen tation of the image. The pairwise region com-

parison predicate considers the minim um w eigh t edge b et w een t w o regions

in measuring the di�erence b et w een them. An imp ortan t c haracteristic of

the metho d is its abilit y to preserv e detail in lo w-v ariabilit y image regions

while ignoring detail in high-v ariabilit y regions. A function parameter k
con trols the degree of di�erence b et w een t w o regions with resp ect to their
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in ternal di�erences. The parameter � con trol the (optional) smo othing of

the input image.

Hysteresis thresholding: This straigh tforw ard algorithm considers an y pixel

ab o v e the upp er threshold Thigh and under the lo w er threshold Tlow as a

bac kground pixel. It do es not tak e in to accoun t an y spatial coherency .

CW A GM: CW A GM means Color W atershed - A djacency Graph Merge. The

algorithm [Alv arado Mo y a, 2004b ] computes an o v er-segmen tation with the

w atershed transformation and merge the regions to minimize the mean

square error of a piece-wise constan t image appro ximation. T o compute

whic h threshold should b e used in the w atershed segmen tation, the accum u-

lativ e histogram of gradien t v alues will b e used as a probabilit y distribution.

It will b e assumed that the probabilit y for a gradien t v alue to b e relev an t

m ust b e greater than the giv en v alue p. The merge threshold m indicates

a square distance b et w een mean v alues in the color space w eigh ted b y the

area of the regions.

The T able 5.1 summarizes these algorithms and giv es imp ortan t information

concerning their free parameter with their ranges and default v alues pro vided b y

the algorithm's authors.

Algo rithm F ree P a rameter Range Default V alue

CSC t : region merging threshold 5.0- 255.0 20.0

SRM Q : coa rse-to-�ne scale control 1.0- 255.0 32.0

EGBIS � : smo oth control on input im-

age

0.0- 1.0 0.50

k : colo r space threshold 0.0- 2000.0 500.0

Hysteresis thresholding Tlow : lo w threshold 0.0- 1.0 -

Thigh : high threshold 0.0- 1.0 -

CW A GM m : region merging threshold 0.0- 200.0 100.0

n : min. region numb er 1.0- 100.0 10.0

p: min. p robabilit y fo r w ater-

shed threshold

0.0- 1.0 0.45

T able 5.1: Comp onents of the segmentation algo rithm bank, their names, pa rameters to tune with

range and autho r's default values.

5.4.2 P arameter optimization Assessmen t

Before assessing the optimization pro cedure, w e illustrate the optimization prob-

lem with some examples of ev aluation pro�les. W e presen t 1D and 2D pro�les for

the di�eren t segmen tation algorithms (except the EGBIS whic h has a parameter

space in R3
) for the four training images of the Figure 5.6. The b est segmen tation

qualit y corresp ond to assessmen t v alue E A
I = 0 .
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Concerning the CSC algorithm (see Figure 5.7), the shap es of the curv es are

similar for the four images and presen t a global minim um whic h falls in the same

part of the parameter space. The global optima for the SRM algorithm (see

Figure 5.8) are found in a v ery narro w band of the parameter space. Man y

lo cal optima c haracterizes the curv es of the EGBIS algorithm (see Figure 5.9).

The thresholding algorithm b eha vior is more straigh tforw ard regarding to the

obtained curv es (see Figure 5.10). Globally , t w o p erformance lev els are rev ealed

where �go o d p erformances� are ac hiev ed for a large range of the parameter v alues.

Ho w ev er, the global optima is more di�cult to see since the di�erence b et w een

the �go o d� p erformance lev el (in blue) and its lev el is v ery thin. F rom these

observ ations, w e can conclude that the ev aluation pro�les are not alw a ys con v ex

h ulls and their gran ularit y can dep end on the image.

The set up of the Simplex algorithm and the Genetic algorithm used to �nd

global minim um are describ ed in T able 5.2.

Simplex Algo rithm Genetic Algo rithm

� sta rting step value = 0.5 � initial p opulation size = 40

� ending criteria = 0.001 � initial numb er of generations = 20

� simplex co e�cients ( � =0.5, � =1.0, � nb of generations to convergence = 5


 =0.5, � =2.0) � cross-over p robabilit y rate = 0.7

� maximum numb er of calls = 80 � mutation p robabilit y rate = 0.05

T able 5.2: Set up of the optimization algorithms.

Since the Simplex algorithm do es not guaran tee to obtain a global optim um,

w e divide eac h parameter space in to three sub-spaces and run an optimization on

eac h sub-space. This means that 3N
optimization lo ops are run for a segmen tation

algorithm with N free-parameters.

T able 5.3, and 5.4 presen t the optimization results of the �v e segmen tation al-

gorithms in terms of segmen tation p erformance. Globally , all the algorithms reac h

a go o d lev el except the EGBIS algorithm, as sho wn in Figure 5.11. This result

is due to the fact that this algorithm is sensitiv e to small gradien t v ariations. As

exp ected, the EGBIS has a big standard deviation (due to the presence of man y

lo cal optima) whereas the thresholding one is lo w (due to its straigh tforw ard b e-

ha vior). W e ha v e also compared the p erformances of the optimization algorithms

(the Simplex and the GA) with a systematic searc h metho d (see T able 5.5. By

systematic, w e means an iterativ e searc h throughout the whole parameter space

with a �xed sampling rate. The sampling rate dep ends on the dimensionalit y of

the parameter space. The global p erformance of the three metho ds are similar

with a v ery little adv an tage to the Simplex.

T o decide b et w een the three di�eren t metho ds, w e ha v e compared them b y

considering their computational cost as describ ed in T able 5.6. The systematic

searc h is ob viously the most costly metho d. The Simplex is the fastest metho d to

con v erge apart from the CW A GM algorithm. A ccording to the previous p erfor-
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(a) img001 (b) gt001

(c) img009 (d) gt009

(e) img026 (f ) gt026

(g) img077 (h) gt077

Figure 5.6: F our represen tativ e training images and asso ciated ground truth segmen tations used

in �gure 5.7 to �gure 5.10.
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Figure 5.7: Ev aluation pro�les of the CSC algorithm applied on the four training images presen ted in Figure 5.6. E A
I = 0 corresp onds to the optim um.
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Figure 5.8: Ev aluation pro�les of the SRM algorithm applied on the four training images presen ted in Figure 5.6. E A
I = 0 corresp onds to the optim um.
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Figure 5.9: Di�eren t ev aluation pro�les of the EGBIS algorithm applied on the four training

images presen ted in Figure 5.6. E A
I = 0 corresp onds to the optim um. t and � are the t w o free

parameters.

Algo rithm E A
I using the simplex algo rithm

min max mean std

CSC 0.000 0.497 0.139 0.110

SRM 0.000 0.522 0.126 0.114

THRESH 0.000 0.351 0.113 0.092

EGBIS 0.0620 0.734 0.366 0.142

CW A GM 0.000 0.436 0.119 0.089

T able 5.3: Statistics on the optimization p erfo rmances fo r the training image set using the Simplex

algo rithm.
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Figure 5.10: Di�eren t ev aluation pro�les of the h ysteresis thresholding algorithm applied on the

four training images presen ted in Figure 5.6. E A
I = 0 corresp onds to the optim um. Tlow and

Thigh are the t w o free parameters.

Algo rithm E A
I using the genestic algo rithm

min max mean std

CSC 0.000 0.462 0.134 0.099

SRM 0.000 0.485 0.123 0.100

THRESH 0.000 0.348 0.114 0.091

EGBIS 0.118 0.708 0.371 0.140

CW A GM 0.000 0.436 0.118 0.090

T able 5.4: Statistics on the optimization p erfo rmances fo r the training image set using the genetic

algo rithm.
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(a) ground truth (b) CSC

(c) SRM (d) THRESH

(e) EGBIS (f ) CW A GM

Figure 5.11: Example of optimization results for the img026 compared to the ground truth with

their p erformance scores (0 = no di�erence).
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Algo rithm E A
I using the systematic sea rch

min max mean std

CSC 0.000 0.462 0.129 0.097

SRM 0.000 0.479 0.116 0.099

THRESH 0.000 0.350 0.113 0.092

EGBIS 0.126 0.708 0.392 0.140

CW A GM 0.000 0.456 0.193 0.077

T able 5.5: Statistics on the optimization p erfo rmances fo r the training image set using the systematic

sea rch.

mance score tables, the simplex is de�nitiv ely the b est algorithm to optimize lo w

dimensional parameter spaces in a few n um b er of iterations. F or segmen tation

algorithms with more than t w o free-parameters, the Genetic Algorithm should

b e preferred, requiring less iterations for the same lev el of p erformance. Note

that w e ha v e limited the n um b er of iterations � mainly for computational cost

reasons � for the systematic searc h metho d to 2550 for the EGBIS algorithm

and to 1250 for the CW A GM algorithm, resp ectiv ely . These t w o algorithms are

relativ ely slo w comparing to the others and the parameter space to explore is

really h uge, particularly for the CW A GM.

Algo rithm mean numb er of iterations

Systematic sea rch GA Simplex

CSC 1000 733 83

SRM 1000 734 82

THRESH 10000 840 404

EGBIS 2550 840 497

CW A GM 1250 840 1821

T able 5.6: Computational cost of each optimization metho d.

The n um b er of iterations is also dep enden t of the parametrization of the op-

timization algorithm. F or the Simplex algorithm, it mainly dep ends on the

maxCalls parameters whic h sp eci�es the maxim um allo w ed n um b er of calls of

the �tness function in an optimization lo op. A to o lo w v alue will cause the al-

gorithm to break b efore optimization is complete. A to o high v alue will lead to

needless calls of the �tness function. Figure 5.12 sho ws the in�uence of this param-

eter on the con v ergence accuracy . W e start the test on the img001 with maxCall
set to 3 (minim um allo w ed b y the algorithm) and increase it up to 80. F or a

one-dimensional parameter space, this means that the total n um b er of iterations

will b e b et w een 9 ( 3� 3) and 240 ( 3 � 80), for a t w o dimensional space b et w een

27 ( 32 � 3) and 720 ( 32 � 80), and so on. The study of the graph brings us to

sev eral conclusions. First, for the CSC and SRM algorithms (one free-parameter),

setting maxCalls to 8 (i.e. a total n um b er of iterations equals to 24) su�ces to
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reac h the b est p erformance at the con v ergence p oin t. F or the EGBIS and thresh-

olding algorithms, the con v ergence p oin ts are reac hed after 45 and 117 iterations,

corresp onding to maxCalls = 5 and maxCalls = 13 , resp ectiv ely . 783 iterations

are needed for the CW A GM algorithm ( maxCalls = 29 ). As a consequence, the

dimensionalit y of the parameter space to explore has to b e tak en in to accoun t for

the setting of maxCalls but excessiv e v alues are useless. This study also rev eals

that the parameter space is not explored in the same w a y , dep ending on the seg-

men tation algorithm. Indeed, some algorithms, ha v e parameter sub-spaces whic h

induce �at ev aluation pro�les, as for instance the thresholding algorithm. In these

sub-spaces, the Simplex con v erges in a few n um b er of iterations. The same study

is done for the GA and the results are graphically rep orted in Figure 5.13. W e

decide to assess the GA sensitivit y to the initial p opulation size. The n um b er of

initial p oin ts is here indep enden t of the segmen tation algorithm and v aries b e-

t w een 20 and 840. The same conclusions can b e dra wn. W e just can add that

the EGBIS algorithm brings some problem to the GA whic h falls in man y lo cal

optima (p eaks of the EGBIS curv e in Figure 5.13).

Figure 5.12: Con v ergence accuracy of the Simplex algorithm b y v arying the maxCalls param-

eter.

5.4.3 Algorithm Selection

W e applied the DBSCAN [Ester et al., 1996 ] algorithm to cluster the 20 training

images as describ ed in section 4.3.2. W e obtain t w o clusters of 10 images (see

Figure 5.14 for examples). Visually , the �rst cluster corresp onds to the bac k side
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Figure 5.13: Con v ergence accuracy of the GA b y v arying the initial p opulation size.

images of the scanned rose lea v es and the second cluster to the fron t side im-

ages. F or eac h cluster, mean parameter sets of the �v e segmen tation algorithms

Figure 5.14: Examples of images for the t w o iden ti�ed clusters. Left = cluster 1 (fron t side of

the lea v es), righ t = cluster 2 (bac k side of the lea v es).

are computed w.r.t. their p erformance scores. The segmen tation p erformances

of the tuned algorithms are ev aluated on eac h training image sub-set. The tuned

algorithm whic h gets the b est mean p erformance score for eac h cluster is elected.

Before the last ranking step, the b est algorithm for the �rst cluster w as the h ys-

teresis thresholding algorithm and the b est for the second cluster w as the CSC

algorithm. After the last ranking step, the CSC algorithm w as found as the b est
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one for the t w o clusters but with di�eren t parameter set. This means that ev en

if the thresholding algorithm p erforms b etter in individual cases, the CSC algo-

rithm is more robust than the thresholding algorithm when tuned with a mean

parameter set.

5.4.4 Region-Classi�er P erformance Assessmen t

F or eac h iden ti�ed image cluster, region lab els of annotated man ual segmen tations

are mapp ed in to regions of the segmen ted image follo wing the metho d describ ed in

Chapter 4.4.1. Then, for eac h region class, a region classi�er is trained with region

features as input. W e used our wrapp er sc heme detailed in Chapter 4.4.2 to op-

timize the classi�er p erformances. Three color space are used in this exp erimen t:

R GB, HSV, and XYZ. The p erformances of the classi�ers trained resp ectiv ely on

the whole training set, the cluster 1, and the cluster 2 are plotted in Figure 5.15,

Figure 5.16, and Figure 5.17. The study of these three graphs leads to some

conclusions. First, HSV is the more discriminativ e color space in this problem

except for the cluster 2 where b etter results are ac hiev ed with the XYZ color

space. The CIE XYZ color space w as delib erately designed so that the Y param-

eter w as a measure of the brigh tness or luminance of a color. F or the con text 2,

the brigh tnesses of the classes are v ery di�eren t. That's wh y the XYZ color space

is here w ell-adapted. Second, the optimization of the SVM parameters increases

the classi�er p erformances of 5-10%. The b est cross-v alidation rates are reac hed

with q (quan tization lev el) v alues sup erior to 50.

W e ha v e also tested texture features but their p erformances are 10% inferior

in mean than with the color features as sho wn in Figure 5.18.

Finally , the classi�ers are trained a last time with the con�gurations giving the

b est cross-v alidation rates. The �nal set up of the di�eren t algorithms is then as

follo ws (T able 5.7):

Context Seg. Alg. Class F eature extracto r pa ram. SVM pa ram.

(pa ram) Colo r space q C 


context 1 CSC rose leaf HSV 112 4 1

(light green leaves) (41.9) white �y HSV 112 1 4

context 2 CSC rose leaf XYZ 21 64 4

(da rk green leaves) (48.74) white �y XYZ 21 256 0.25

T able 5.7: Set up of the segmentation, the feature extracto rs, and the classi�ers.

5.4.5 Final Segmen tation Qualit y Assessmen t

In this section, w e presen t the segmen tation results on the test set. W e compare

six di�eren t metho ds, comprising (parts of ) our approac h and a pure top-do wn

segmen tation.
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Figure 5.15: P erformances of the region classi�ers trained on the whole training set and di�eren t

color features.
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Figure 5.16: P erformances of the region classi�ers trained with the ten images of the cluster 1

(ligh t green rose lea v es) and di�eren t color features.
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Figure 5.17: P erformances of the region classi�ers trained with the ten images of the cluster 2

(dark green rose lea v es) and di�eren t color features.
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Figure 5.18: P erformances of the region classi�ers trained with the whole training set and texture

features.

� metho d 1: ad ho c segmen tation, with the Hysteresis thresholding algorithm

tuned with Tlow = 0 :45 and Thigh = 1 :0.

� metho d 2: algorithm selection and tuning based on the learn t parameters

from the whole training set (CSC is the b est algorithm),

� metho d 3: metho d 2 + seman tic segmen tation (region lab elling),

� metho d 4: algorithm selection and tuning based on image con ten t analysis

(one algorithm with learn t parameters p er con text),

� metho d 5: metho d 4 + seman tic segmen tation,

� metho d 6: o v er-segmen tation + seman tic segmen tation

The o v er-segmen tation used in metho d 6 is p erformed with the CW A GM algo-

rithm man ually tuned with a v ery lo w region merging threshold (see Figure 5.19).

P erformance scores of the test set are summarized in T able 5.8 and some ex-

amples of results for four test images are presen ted in Figure 5.20, Figure 5.21,

Figure 5.23, and Figure ?? . Metho ds 3 and 5 giv es the b est result. This result is

predictable since the segmen tation algorithm used for the metho d 5 is the same

(CSC) and the parameter settings for the con text 1 is close to the one for the

con text 2. The small di�erence b et w een the p erformance scores of metho ds 3 and

5 is at the metho d 3 adv an tage. The white �y region classi�er for the con text 2

has b een trained on few samples since there are not man y white �ies on the fron t

side of rose lea v es. Consequen tly , the classi�cation errors for the white �y class

are higher for the metho d 5 con text 2 than for the metho d 3. In a biological p oin t
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Figure 5.19: Example of an initial o v er-segmen ted image used in metho d 6.

of view, insects prefer to liv e hided on the bac k side of the lea v es, where they are

b etter camou�aged (lo w con trast, not visible, etc.). Metho d 6 do es not p erform

b etter results ev en if its initial o v er-segmen tation is more precise (i.e. less missed

b oundary pixels) than with the CSC algorithm in metho ds 2 to 5.

metho d P erfo rmance sco res of the segmentation

min max mean std

1 0.000 0.351 0.095 0.080

2 0.000 0.779 0.213 0.164

3 0.000 0.654 0.122 0.139

4 0.000 0.832 0.234 0.170

5 0.058 0.617 0.123 0.140

6 0.000 0.668 0.153 0.144

T able 5.8: Statistics on the segmentation p erfo rmances fo r the test set using di�erent segmentation

strategies.

5.4.6 Ov erall System Assessmen t

T o assess the qualit y of the cognitiv e system, the results ha v e b een compared

with ground truth. Three h uman op erators (one exp ert in agronom y , one exp ert in

image pro cessing and one non-exp ert neither in agronom y nor in image pro cessing)

ha v e man ually coun ted the white �ies on 180 images. Eac h op erator has a di�eren t

p oin t of view when coun ting. The exp ert in image pro cessing fo cuses on pure

visual c haracteristics while the exp ert in agronom y fo cuses more on the seman tic

meaning of images. This can lead to di�eren t coun ting results as illustrated in

Figure 5.24: the exp ert in agronom y coun ts three white �ies, the exp ert in image

pro cessing only one (b ecause only one ob ject matc hes the visual criteria), and the

non-exp ert t w o. This explains the size of some error bars on ground truths in

Figure 5.25 (e.g., samples 142 and 148).
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Original image ground truth metho d 1 metho d 2

metho d 3 metho d 4 metho d 5 metho d 6

Figure 5.20: Examples of results on a test image for di�eren t segmen tation con�gurations (1).
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Original image ground truth metho d 1 metho d 2

metho d 3 metho d 4 metho d 5 metho d 6

Figure 5.21: Examples of results on a test image for di�eren t segmen tation con�gurations (2).
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Original image ground truth metho d 1 metho d 2
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Figure 5.22: Examples of results on a test image for di�eren t segmen tation con�gurations (3).
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Original image ground truth metho d 1 metho d 2

metho d 3 metho d 4 metho d 5 metho d 6

Figure 5.23: Examples of results on a test image for di�eren t segmen tation con�gurations (4).
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Figure 5.24: Example of an am biguous image sample for ground truth estimation. The t w o

white �ies on the top ha v e mo v ed during the scanning. This leads to color �ic k ering whic h do

not corresp ond to the normal white �y color.

W e detail hereafter the result ev aluation for early detection of mature white

�ies. F rom the 180 images comp osing the test set, 162 con tain b et w een zero and

�v e white �ies. Figure 5.25 presen ts the detailed results for the whole test set.

F or eac h image the a v erage ground truth v alue (blue circle) is rep orted with its

asso ciated error bar. Red crosses represen t the v alues found b y the system. T o

pro v e the reliabilit y of our learning approac h, w e ha v e tested it against an ad

ho c segmen tation (i.e. a man ually tuned algorithm): a h ysteresis thresholding

segmen tation on gra y-scaled normalized image (i.e. pixel v alues in [0; 1]) with

lo w threshold ( Tlow ) �xed to 0.45 and high threshold ( Thigh ) �xed to 1.0. The

t w o graphs presen t the results of mature white �y coun ting. The top graph

corresp onds to the system con�gured with ad ho c segmen tation and the b ottom

graph corresp onds to the system con�gured with our learning approac h.

Globally , the detection rate is satisfactory . T o fully mak e use of the results,

w e can separate the test samples in to t w o classes depicting the most relev an t

situations. The �rst class ( C1 ) represen ts images without an y mature white �y

(i.e. images for whic h the ground truth error bar maxim um is strictly inferior

to 1.0) and the second class ( C2 ) represen ts images with at least one white �y

detected (i.e. images for whic h the ground truth error bar maxim um is equal or

sup erior to 1.0). W e de�ne the F alse P ositiv e Rate (FPR) as the rate of o v er-

detection (i.e. images for whic h the n um b er of detected white �ies is greater than

the ground truth error bar) and the F alse Negativ e Rate (FNR) as the rate of

under-detection (i.e. images for whic h the n um b er of detected white �ies is less

than the ground truth error bar). T able 5.9 summarizes the detection results.

The �gures represen t the mean v alues of FNR and FPR for class C1 , C2 , and for

the whole image test set.

The FNRs are roughly similar for the t w o con�gurations. In fact, this rev eals

confusing situations as the one presen ted in Figure ?? : t w o o v erlapping white

�ies ha v e b een segmen ted in to one region whic h has ob viously not the shap e of

a single white �y . Hence, the system coun ts one white �y instead of three. This

highligh ts the scale issue of our problem for whic h highly v ariable small ob jects

are exp ected to b e detected in a complex natural en vironmen t. Concerning the

FPRs, they are up to four times smaller with the learn t segmen tation than with
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Figure 5.25: Ev aluation of mature white �y coun ting results in early detection cases (i.e. b et w een

0 and 5 �ies p er leaf ). The upp er graph presen ts the results for the system con�gured with

trained segmen tation parameters, the lo w er one presen ts the results for the system con�gured

with an ad ho c segmen tation.
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Results fo r ea rly detection of mature white �ies

With ad ho c segmentation With lea rnt segmentation

Samples FNR (%) FPR (%) FNR (%) FPR (%)

C1 (102) - 9.6 - 3.1

C2 (60) 24.7 9.0 29.6 2.0

Whole set (162) 9.1 9.4 11.0 2.7

T able 5.9: F alse Negativ e Rate (FNR) and F alse P ositiv e Rate (FPR) for test images with no

white �ies (class C1 ), at least one white �y (class C2 ) and for the whole test set.

the ad ho c one. This is due to our adaptiv e segmen tation approac h that allo ws to

e�cien tly tune algorithm parameters with resp ect to v ariations in leaf color and

con trast.

Figure 5.26: Example of an am biguous situation leading to a wrong in terpretation result.

5.5 Ev aluation on a Public Image Database

In this section, w e presen t ev aluation results of the parameter optimization step

on a public image database.

The goal of the Berk eley Segmen tation Dataset and Benc hmark (BSDB) image

database [F o wlk es and Martin, 2007 ] is to pro vide an empirical basis for researc h

on image segmen tation and b oundary detection. T o this end, the authors ha v e

collected 6000 hand-lab eled segmen tations of 500 Corel dataset color images from

30 h uman sub jects. The images depictes natural scenes with at least one fore-

ground ob jet (e.g., an animal, a plan t, a p erson, etc.). The public b enc hmark

based on this data consists of all of the segmen tations for 300 images. The images

are divided in to a training set of 200 images, and a test set of 100 images. The

ground truth are not lab elled and the p ossible seman tic classes are to o n umerous.

Consequen tly , w e do not assess the seman tic segmen tation part of our framew ork

on this image database.

The ev aluation metric prop osed in this image database for the b enc hmarking

cannot b e used with region-based segmen tation algorithms since it relies on soft
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b oundary maps of edge-based segmen tation results (e.g. maps of gradien t mag-

nitude). W e th us prefer our segmen tation p erformance metric. F or eac h image,

sev eral h uman segmen tation exists (from three to eigh t) with di�eren t lev els of

re�nemen ts. W e ha v e decided to tak e in to accoun t the �nest ones. Then, for eac h

segmen tation algorithm of our algorithm bank and for eac h image, algorithm pa-

rameters are optimized thanks to the man ual segmen tation. As previously done

in section 5.4.2, w e ha v e compared the optimized segmen tation ac hiev ed with the

three optimization algorithm based on: the Simplex algorithm (T able 5.10), the

Genetic Algorithm (T able 5.11), and a systematic searc h (T able 5.12). Globally

the three optimization algorithms p erforms in mean comparable results. This

con�rm the reliabilit y of our parameter tuning approac h for this image database.

Algo rithm E A
I using the Simplex algo rithm

min max mean std

CSC 0.285 0.768 0.639 0.079

SRM 0.246 0.702 0.529 0.079

THRESH 0.193 0.680 0.510 0.081

EGBIS 0.207 0.632 0.495 0.077

CW A GM 0.224 0.691 0.530 0.081

T able 5.10: Statistics on the optimization p erfo rmances using the Simplex algo rithm.

Algo rithm E A
I using the genetic algo rithm

min max mean std

CSC 0.373 0.756 0.633 0.086

SRM 0.232 0.665 0.532 0.088

THRESH 0.192 0.682 0.514 0.092

EGBIS 0.202 0.618 0.499 0.081

CW A GM 0.224 0.675 0.530 0.090

T able 5.11: Statistics on the optimization p erfo rmances using the genetic algo rithm.

Algo rithm E A
I using the systematic sea rch

min max mean std

CSC 0.252 0.762 0.594 0.087

SRM 0.234 0.696 0.528 0.079

THRESH 0.376 0.648 0.521 0.064

EGBIS 0.337 0.600 0.509 0.066

CW A GM 0.496 0.0677 0.589 0.091

T able 5.12: Statistics on the optimization p erfo rmances using the systematic sea rch.
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5.6 Conclusion

In this c hapter, w e ha v e presen ted the v alidation of our framew ork for adaptiv e

image segmen tation on a biological application. W e ha v e paid a sp ecial atten tion

to the assessmen t of eac h step of our learning mo dule. W e ha v e seen that our

optimization pro cedure is able to extract optimal parameters of di�eren t segmen-

tation algorithms. The optimization is reasonable in terms of computational cost

and deliv ers compatible results with the application needs. Then, region classi-

�ers ha v e b een trained on a relativ e small set of training images (50) for whic h the

user has pro vided man ual segmen tations and, regions annotations for t w o ob ject

classes. The qualitativ e and quan titativ e ev aluations of the results demonstrate

the p oten tial of our metho d for this application. On the test image set, our adap-

tiv e segmen tation outp erforms an ad ho c segmen tation with in mean 50% less

segmen tation errors according to our p erformance ev aluation metric.

W e ha v e also sho wn ho w our framew ork can b e used in to a cognitiv e vision

system dedicated to the detection and coun ting of insects on rose lea v es to enric h

the segmen tation task with learning and adaptabilit y faculties. Global p erfor-

mance of the system has b een impro v ed thanks to our adaptiv e segmen tation and

decrease the false rate detection in a factor three.

W e ha v e ho w ev er limited our exp erimen t to a �gure-ground segmen tation prob-

lem. F urther exp erimen ts with more training data (i.e. more seman tic classes)

are necessary to fully v alidate our framew ork.



Chapter 6

A daptiv e Figure-Ground

Segmen tation in Video

Surv eillance Applications

6.1 In tro duction

Figure-ground segmen tation of videos consists in separating the foreground pixels

of the bac kground pixels. In video applications, the v ariabilit y of the t w o classes

mak es the detection of foreground pixels fairly imp ossible to predict without mo-

tion information. A widely used metho d to tac kle this problem is to mo del the

bac kground in order to detect only mo ving pixels. If some tec hniques (e.g., median

�ltering [Prati et al., 2003 ], mixture of Gaussian [Stau�er and Grimson, 1999],

k ernel densit y estimator [Elgammal et al., 2000 ], co deb o oks [Kim et al., 2005])

ha v e pro v ed to b e e�cien t in sp eci�c situations, the main tenance of bac kground

mo dels in long-term videos of c hanging en vironmen t is still a real c hallenge. More

precisely , these tec hniques are still not able to cop e with b oth gradual c hanges

(e.g., due to the c hange of the lo cation of the sun) and sudden c hanges (e.g., due to

the passage of clouds in fron t of the sun). In video surv eillance applications, suc h

situations are common, for instance in outdo or site or building en trance surv eil-

lance. Therefore, a need exists in impro ving the segmen tation step to ac hiev e a

robust detection of mo ving ob jects of in terest in ev ery exp ected situations.

In this c hapter, our ob jectiv e is to remo v e the restrictions on the use of video

segmen tation algorithms. More precisely , our aim is to sho w ho w our algorithm

selection metho d based on image con text analysis can b e used for the dynamic

selection of bac kground mo del. The goal is to divide the bac kground mo delling

problem in to more tractable sub-problems, eac h of them b eing asso ciated with a

sp eci�c con text.
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6.2 Meta-Learning for video segmen tation algorithms

6.2.1 T argeted Applications

W e consider the problem of the �gure-ground segmen tation task in video surv eil-

lance applications where b oth quic k-illumination c hanges and long term c hanges

are presen t. In this con text, the ma jor di�cult y at the segmen tation lev el is to

deliv er robust results whatev er ligh ting c hanges o ccur in the scene. These ligh ting

e�ects can b e induced b y w eather conditions c hanges in outdo or scenes, b y the

switc hing of an arti�cial ligh ting source in indo or scenes, or b y a com bination

of c hanges of di�eren t natures. The consequences at the pixel lev el are v aria-

tions of in tensit y , color saturation, or in ter-pixel con trast. A t the image lev el,

these c hanges can a�ect just a lo cal area or the whole image. Another source

of problems arises from the presence of non-static ob jects in the bac kground as

sw a ying trees or mobile ob jects as c hairs. All these bac kground v ariations mak e

the foreground detection problem v ery di�cult.

6.2.2 T argeted Algorithms

T o estimate the motion, a basic approac h is to compute the di�erence b et w een

a bac kground image, called the reference image, and the curren t frame. The

result is then thresholded to get a binary image of mo ving pixels. The result

is ob viously v ery sensitiv e to the threshold. Most of the time, the user m ust

tune this threshold in a trial-and-error pro cess. One di�cult y arises when the

bac kground pixels are v arying along the time. In this case, more elab orated

approac hes build a bac kground mo del for eac h pixel based on the pixel's recen t

history b y using, for instance a c hronological a v erage or median of the n previous

frames. More recen tly , Mixture of Gaussian (MoG), Kernel Densit y Estimator

(KDE), and co deb o ok mo dels ha v e b een prop osed to cop e with m ultiple mo dal

bac kground distributions. These algorithms are based on a training stage to

estimate the Gaussian parameters (for MoG), to compute the probabilit y densit y

functions (for KDE), or to construct the co deb o oks. Eac h of these tec hniques

can pro vide acceptable accuracy in sp eci�c applications: MoG are adapted to

m ulti-mo dal bac kground distributions but fail to pro vide sensitiv e detection when

bac kground has fast v ariations. KDE o v ercomes this problem but are limited to

short-term videos due mostly to memory constrain ts. Co deb o oks alleviate this

computation limitation b y constructing a highly compressed bac kground mo del

but pro duce to o wide bac kground mo dels when the en vironmen t is highly v ariable

as in long-term videos.

Our approac h fo cuses on algorithms assuming a training stage of the

bac kground mo del represen tation on bac kground samples, i.e. a set of

frames without an y mo ving ob jects of in terest. In particular, w e fo cus on

t w o algorithms of this family: the generalized Mixture of Gaussian (MoG)

mo del [Stau�er and Grimson, 1999 ] and the co deb o ok mo del [Kim et al., 2005].

The training stage of the Mog mo del consists in estimating k Gaussian parameters
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set (!; �; �) for eac h pixel using an exp ectation-minimization algorithm, where k
is the n um b er of gaussians in the mixture. F or the co deb o ok mo del, the learning

stage consists in constructing the set of co dew ords (i.e. a co deb o ok) for eac h pixel.

A co dew ork is comp osed of a v ector of mean R GB v alues and of a �v e-tuple v ector

con taining in tensit y (brigh tness) minim um and maxim um v alues, the frequency

with whic h the co dew ord has o ccurred with its �rst and last access time. W e

ha v e c hosen these t w o algorithms for the di�erences they exhibit in their mo del

represen tation and their training pro cess, and for their comparable p erformances

in the targeted applications.

6.2.3 Hyp othesis

Our assumptions are the follo wing:

1. W e supp ose that the user is able to collect a set of bac kground samples for

the training of the bac kground mo dels. In a practical p oin t of view, the

collection can b e ac hiev ed b y a man ual selection of frame sequences where

no ob ject of in terestis presen t.

2. W e supp ose that this set is large enough to illustrate the di�eren t v ariations

of the scene (the con texts), e.g. the di�eren t illuminations c hanges that

could b e encoun tered in real-time use.

These t w o assumptions �t quite go o d with the targeted applications where videos

can b e acquired con tin uously , t ypically 24 hours p er da y and sev en da ys p er w eek.

The quic k a v ailabilit y of data allo ws to build hence h uge training image set.

6.2.4 Exp erimen t

The exp erimen tal conditions are the follo wings: the video data are tak en during

a p erio d of 24 hours, at eigh t frames p er second, from a video surv eillance camera

�xed ab o v e an outdo or cash desk of a car park. The video camera parameters

are set in automatic mo de. The size of the images is 352� 288 pixels and are

stored in JPEG format. F or the exp erimen t, w e ha v e tak en one frame on �v e

whic h corresp ond to 138000 frames in total. Six samples pic k ed from the image

set are sho wn in Figure 6.1. They ha v e b een c hosen to illustrate the bac kground

mo delling problem. In the learning stage, w e ha v e man ually de�ned a training

image set I comp osed of 5962 bac kground frames (i.e. without foreground ob jects)

along the sequence. This corresp onds to pic k one frame ev ery 15 seconds in mean

and represen ts 4:3% of the whole image set.

6.3 Con text Analysis b y Image Sequence Clustering

This step sligh tly di�ers from the one presen ted for static image segmen tation for

t w o reasons. First, the training image set is exclusiv ely comp osed of bac kground

images and second, the features used to c haracterize the images v ariations are not
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(a) (b)

(c) (d)

(e) (f )

Figure 6.1: Six frames represen tativ e of the bac kground mo delling problem.



6.4 Real-Time A daptiv e Figure-ground Segmen tation 113

the same (color histograms in static segmen tation). Here, the �eld of view of the

video camera is �xed. This con�guration allo ws a more lo cal analysis of the image

v ariations. T o this end, a straigh tforw ard approac h, based on a global histogram-

ing of pixel in tensit y as in [Georis, 2006 ] is not fully adapted. A ctually , suc h

histograms lac k spatial information, and images with di�eren t app earances can

ha v e similar histograms. T o o v ercome this limitation, w e use an histogram-based

metho d that incorp orates spatial information [P ass et al., 1997]. This approac h

consists in building a coheren t color histogram based on pixel mem b ership to large

similarly-colored regions. F or instance, an image presen ting red pixels forming a

single coheren t region will ha v e a color coherence histogram with a p eak at the

lev el of red color. An image with the same quan tit y of red pixels but widely scat-

tered, will not ha v e this p eak. This is particularly signi�can t for outdo or scene

with c hanging ligh ting conditions due to the sun rotation, as in Figure 6.1(a,b).

Figure 6.2 giv es a quic k o v erview of the feature distribution along the sequence.

In this �gure, eac h X-Z slice is an histogram whic h represen ts the p ercen tage of

the n um b er of pixels (Z axis) b elonging to a giv en color coheren t feature (X

axis). The coheren t color feature scale has b een divided in to 3 in terv als for the

three HSV c hannels. Histograms are ordered along the Y axis whic h represen ts

the time in the course of a da y . Sev eral clusters of histograms can b e easily

visually discriminated as noti�ed for cluster n um b er 1, 14 and 2. Others clusters

not represen ted here are in termediate ones and mainly corresp ond to transitions

states b et w een the three main clusters. Sixteen clusters are found (see Figure 6.3

for con text class distribution). Three ma jor clusters can b e iden ti�ed (n um b er

1, 2 and 14). The order of class represen tation do es not necessary corresp ond to

consecutiv e time instan ts. Cluster 1 corresp onds to no on (sunn y con text), cluster

2 corresp ond to the morning (lo w er con trast) and cluster 14 to the nigh t.

Then, for eac h iden ti�ed cluster, the corresp onding training frames are put

together and used to train a bac kground mo del (i.e. co deb o oks). The next step

is the real-time adaptiv e segmen tation of the video using a dynamic selection of

trained bac kground mo dels.

6.4 Real-Time A daptiv e Figure-ground Segmen tation

This task b egins similarly to the one presen ted for the static segmen tation task.

F or a new image I , a global feature v ector v(I ) , here a coheren t color histogram

in the HSV color space, is extracted and classi�ed as a con text. W e also use a

temp oral �ltering step to reduce instabilit y of the clustering algorithm. Indeed, in

cluttered scenes, foreground ob jects can strongly in teract with the en vironmen t

(e.g. ligh t re�ections, pro jection of shado ws) and then add a bias to the con text

analysis. So, it is imp ortan t to smo oth the analysis b y p onderating the curren t

result with resp ect to previous ones. Our temp oral �ltering criterion is de�ned as

follo ws

Let us de�ne � the con text cluster iden ti�er (the bu�ered con text), � I the

cluster iden ti�er for the incoming image I , and � � the square mean of cluster
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Figure 6.2: 3-D histogram of the image sequence used during the exp erimen t (see Figure 6.1 for

samples).

Figure 6.3: Pie c hart of the con text class distribution for the image sequence used for the

exp erimen ts.
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probabilit y computed on a temp oral windo w. � is a p onderating co e�cien t related

to the width w of the temp oral �ltering windo w. T o decide if � I is the adequate

cluster for an incoming image I , w e compare it with � � as in Algorithm 7. In this

algorithm, t w o cases are in v estigated. If � I is equal to � , � � is up dated based on

the con text probabilit y p(� I ) and � . Else if � I is di�eren t to � , the curren t p(� I )
is tested against � � . The square v alue of p(� I ) is used to raise the sensibilit y of

the temp oral �ltering to large v ariations of p(� I ) .

Algorithm 7 : Con text T emp oral Filtering Algorithm

inputs : I
outputs : � (the bu�ered con text iden ti�er)

/* initializations for the first frame only */

�  0 ; /* set current context identifier to `noise'*/1

� �  0 ; /* set square mean of � probability to 0*/2

�  0 ; /* set weight parameter to 0*/3

[� I ; p(� I )]  contextAnalysis( I ) ; /* � I = context ident. of I */4

if � = � I or � = 0 then5

�  � I ;6

� �  � � � � + p2(� I )
� +1 ; /* update the value of � � */

7

if � < w then8

�  � + 1 ;9

else if p2(� I ) � � � then10

�  � I ;11

� �  p2(� I ) ; /* update the value of � � */12

�  1 ; /* reinitialize the weight � */13

return �14

When the con text is iden ti�ed, the corresp onding bac kground mo dels are se-

lected and the �gure-ground segmen tation of I is p erformed.

6.5 Exp erimen tal Results

In this section, w e presen t exp erimen tal results of real-time �gure-ground segmen-

tation. Since no ground truth are a v ailable for the car park video, w e are only

able to presen t qualitativ e results. W e compare the results obtained with di�eren t

segmen tation settings (with or without the con text adaption, etc.) at di�eren t

momen ts of the da y and in sev eral di�cult situations.

Boundaries of the detected regions (in green) ha v e b een dilated for a b etter

visualization. W e remem b er that w e to ok one frame ev ery �v e seconds in our

exp erimen t. context ID is the iden ti�er of the detected con text and prob is the

estimate probabilit y of the iden ti�ed con text.
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6.5.1 Mo del Selection E�ect

In this section, w e sho w some examples Figure 6.4 where the selection of the

bac kground mo del helps to impro v e the segmen tation. In this �gure, the left

column corresp onds to the co deb o ok segmen tation when trained on the whole

training image set. The righ t column corresp onds to the co deb o ok segmen tation

results thank to our con text adaptation metho d, i.e. with a dynamic selection of

a bac kground mo del. W e can see that our approac h ac hiev es a b etter detection

rate without adding false detection.

6.5.2 T emp oral Filtering E�ects

In this section, w e presen t some situations where the temp oral �ltering algo-

rithm can help to correct classi�cation mistak es. The columns of Figure 6.5 and

Figure 6.6 corresp onds to the segmen tation result with the co deb o ok algorithm

based on resp ectiv ely one bac kground mo del (left column), dynamic selection of

the bac kground mo del (middle column), and dynamic selection of the bac kground

plus temp oral �ltering (righ t column).

When a foreground ob ject crosses the scene

The presence of a p erson mo dify the pixel distribution of the scene and then

p erturbs the con text classi�cation. Consequen tely , a `noise' con text ( ID:0 ) is

often detected as sho wn in Figure 6.5. The temp oral �ltering algorithm smo oths

the con text analysis b y in tegrating the results of the previous frames, and then

helps in k eeping a correct con text classi�cation in suc h cases. W e can also see on

the second ro w that the man's shado w is not detected. In fact, con text n um b er 1

gathers frames from sunn y and shaded illumination conditions of this scene part.

The corresp onding bac kground mo del has th us in tegrated these v alues during the

training.

When an unadapted con text is detected

When the ligh ting condition suddenly c hanges due to incoming re�ections on shin y

surfaces for instance, the con text classi�cation is biased and returns an unadapted

con text iden ti�er. Once more, the used of the temp oral �ltering is w ell-adapted

for these -not so rare- situations as seen in Figure 6.6.

6.5.3 Borderline and Bad Results

In this section, w e giv e some examples where the results are not the exp ected

ones. In particular, w e try to exhibit the limits of our approac h at b oth mo del

selection lev el and con text �ltering lev el.



6.5 Exp erimen tal Results 117

Figure 6.4: Illustration of the segmen tation impro v emen t when a dynamic selection of a bac k-

ground mo del is applied (righ t column).
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Figure 6.5: Illustration of the temp oral �ltering e�ect on the con text analysis (1). Columns are,

from left to righ t: without con text adaptation, with con text adaptation, with �ltered con text

adaptation. Ro ws are frame at time t and t + 1 ; 87s.

Figure 6.6: Illustration of the temp oral �ltering e�ect on the con text analysis (2). Columns are,

from left to righ t: without con text adaptation, with con text adaptation, with �ltered con text

adaptation.
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Shado w remo v al

Unlik e Figure 6.5, Figure 6.7 sho ws a case where shado ws are not correctly in-

tegrated in to the bac kground mo del. The con text n um b er 10 corresp onds to

the nigh t and the only p ossible shado ws are coming from p eople coming out the

p edestrian en trance of the car park. This situation has not b een learn t during the

training stage of the co deb o ok mo dels.

Figure 6.7: Illustration of the shado w remo v al problem when the bac kground mo del is not

trained to suc h situations.

Noise sensitivit y of p o orly trained bac kground mo dels

The problem with in termediate con texts (i.e. represen ting a short p erio d) is their

brittleness to noise. Their asso ciated bac kground mo del has not b een trained

enough and the detection result has a greater false p ositiv e rate then wider clus-

ters. This is the case of the con text n um b er 4 as in Figure 6.8.

Figure 6.8: Illustration of the noise sensitivit y of a p o orly trained bac kground mo del.

Limitation in the quic k adaptation to complex c hanges

A t the end of the nigh t, the street ligh ting is switc hed o�. If the app earance of

the scene is instan tly mo di�ed, the video camera needs sev eral couple of seconds

to completely adapt its gain to the new illumination conditions. The mo delling

of this ev en t is v ery di�cult b ecause it is a succession of small c hanges: shado ws
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v anish, color c hanges, and the con trast decreases. A t the scale of 24 hours, this

step is sho wn as a noise con text, since it �nally in v olv es a short p erio d (ab out

half a min ute). Figure 6.9 sho ws what is happ ening at the segmen tation lev el

with or without con text adaptation and temp oral �ltering. When the street ligh t

switc hes o� (second ro w), man y false p ositiv e pixels are detected and the con text

analysis returns a noise con text. The con text analysis b ecomes correct again only

three seconds later (third ro w). Concerning the temp oral �ltering of the con text,

the necessary time to �nd bac k a correct con text adaptation is greater ( 7; 5s).

This is due to the time lag added b y the temp oral windo w of the �ltering.

6.5.4 Comparison with Mixture of Gaussian

In this section, w e compare our approac h with the MoG approac h. W e use an

implemen tation of the algorithm prop osed in [Stau�er and Grimson, 1999 ]. W e

use the default parameter setting. A MoG bac kground mo del is trained for eac h

iden ti�ed cluster then dynamically selected during the real-time segmen tation.

Figure 6.10 sho ws that MoG are more sensitiv e to shado ws than co deb o oks.

Figure 6.11 sho ws the high sensitivit y of Mog to global c hanges (�rst ro w) and

the e�ects of a to o large learning rate: foreground pixels from the �rst ro w still

remains on second ro w. W e also see that the same false detection problem o ccurs

with Mog when mo dels are not enough trained (third ro w). The last ro w sho ws

the di�cult y of the mo del to in tegrate noisy pixel v alue induces b y the high gain

lev el of the video camera.

Figure 6.12 sho ws the same frames than the ones in Figure 6.9. W e can see

that the MoG mo del encoun ters the same problem than the co deb o ok and fails

to quic kly adapt to the bac kground v ariations.

6.6 Conclusion

In this c hapter, w e ha v e presen ted the v alidation of our adaptiv e segmen tation

approac h for video surv eillance applications. W e ha v e fo cused on a di�cult long-

term video surv eillance application (outdo or car park en trance surv eillance) where

b oth gradual and sudden c hanges o ccur. In this application, a h uge amoun t of

data are easily a v ailable since images can b e acquired con tin uously . In a w eakly

sup ervised learning stage, the user's task is to collect bac kground samples il-

lustrating the di�eren t situations. The unsup ervised clustering algorithm has

successfully iden ti�ed meaningful clusters of training images lik e sunn y con text,

nigh t con text, or da wn con text. F or eac h iden ti�ed image cluster, a bac kground

mo del has b een trained using the co deb o ok mo del [Kim et al., 2005 ]. This ap-

proac h, consisting in generating sub-goals and training learning-based algorithms

on eac h sub-goal is similar to a meta-learning approac h. In real-time �gure-

ground segmen tation, the di�eren t con texts are successfully retriev ed thanks to

the temp oral �ltering algorithm. Ho w ev er, some problems remain in the con text

adaptation esp ecially when unforeseen c hanges o ccur.
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Figure 6.9: Illustration of the limitation to quic k adaptation of the con text adaptation and

temp oral �ltering. Columns are, from left to righ t: without con text adaptation, with con text

adaptation, with �ltered con text adaptation. Ro ws are frame at time t , t + 0 :62s, t + 3 :12s, and

t + 7 :5s.
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Figure 6.10: Comparison b et w een the prop osed approac h (left column) with the co deb o ok

mo del [Kim et al., 2005 ] and the MoG mo del [Stau�er and Grimson, 1999 ] (righ t column) (1).
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Figure 6.11: Comparison b et w een the prop osed approac h (left column) with the co deb o ok

mo del [Kim et al., 2005 ] and the MoG mo del [Stau�er and Grimson, 1999 ] (righ t column) (2).
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Figure 6.12: Comparison b et w een the prop osed approac h (left column) with the co deb o ok

mo del [Kim et al., 2005 ] and the MoG mo del [Stau�er and Grimson, 1999 ] (righ t column) on

the sequence of Figure 6.9.
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In this problem, our con text analysis uses pixel v alues in the HSV color space.

The transformation of the pixel v alues in to this color space is costly and then

degrades the frame-rate in real-time segmen tation. Nev ertheless, the motiv ation

in using this color space to discriminate image con text is based on the fact that

illumination c hanges are more visible in the HSV space than in the R GB space.

Indeed, the saturation c hannel is v ery sensitiv e to c hanges induced b y shado ws or

sun illumination.

If the temp oral �ltering of the con text has the exp ected smo othing e�ects when

spurious con texts are detected, the algorithm mainly relies on the � parameter

setting. A to o large v alue will add a time lag in the con text adaptation whereas a

to o small v alue will mak e the algorithm to o sensitiv e to spurious con text detection.

So, dep ending on the application needs and the frame rate, a trade-o� v alue migh t

b e set.

The co deb o ok mo del has sho wn to b e w ell-adapted to deal with this exp eri-

men t. Comparisons with the MoG mo del rev eal its robustness in di�eren t situa-

tions as quic k illuminations c hanges v ariations or shado ws remo v al. Nev ertheless,

a quan titativ e ev aluation study remains to b e done to ob jectiv ely assess our ap-

proac h against other algorithms.
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Chapter 7

Conclusion and P ersp ectiv es

In this thesis, I address the problem of image and video segmen tation with a

cognitiv e vision approac h. More precisely , I study t w o ma jor issues of the seg-

men tation task in vision systems: selection of an algorithm and tuning of its free

parameters, according to the image con ten t and to the application needs. Most

of the time, this tedious and time-consumming task is ac hiev ed b y an exp ert in

image pro cessing using a man ual trial-and-error pro cess. Recen tly , some attempts

at automating the extraction of optimal parameters of segmen tation ha v e b een

made but they are still to o application-dep enden t. The re-usabilit y of suc h meth-

o ds is still an op en problem. W e ha v e c hosen to handle this issue with a cognitiv e

vision approac h. Cognitiv e vision is a recen t researc h �eld whic h prop oses to

enric h computer vision systems with c o gnitive capabilities, e.g., to reason from a

priori kno wledge, to learn from p erceptual information, or to adapt its strategy

to di�eren t problems.

In this thesis, I prop ose a sup ervised learning-based metho dology for o�-line

con�guration and on-line adaptation of the segmen tation task in vision systems.

The o�-line con�guration stage requires minimal kno wledge to learn the optimal

selection and tuning of segmen tation algorithms. In an on-line stage, the learned

segmen tation kno wledge is used to p erform an adaptiv e segmen tation of images

or videos. This cognitiv e vision approac h to segmen tation is th us a con tribution

for the researc h in cognitiv e vision. Indeed, it enables robustness, adaptation, and

re-usabilit y faculties to b e full�led.

The prop osed approac h has b een implemen ted and v alidated on t w o t yp es

of real-w orld applications: adaptiv e static image segmen tation in a biological

application and �gure-ground segmen tation in a video surv eillance application.

The �rst part of this c hapter reviews m y approac h and discusses its con tribu-

tions and its limitations. The second part presen ts p ersp ectiv es to impro v e the

metho d, in particular concerning the learning topic.
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7.1 Review of the Prop osed Approac h and Con tribu-

tions

7.1.1 A Generic Optimization Pro cedure

Our optimization pro cedure automatically extracts the optimal parameters of

segmen tation algorithms based on a quan titativ e ev aluation of the segmen ted

image qualit y w.r.t. man ual segmen tations. The metho d is indep enden t of the

application and of the segmen tation algorithms. Only the free parameters to tune

with their range v alues are required. This kind of kno wledge is usually pro vided

b y the algorithms' authors. The criterion used to ev aluate the segmen tation

qualit y mak es no assumptions on the application nor on the algorithm b eha viors.

It has b een applied to assess segmen tation tasks in t w o applications (a biological

application and a video surv eillance one). It has also b een applied to the Berk eley

public segmen tation database [F o wlk es and Martin, 2007 ]. T w o free-deriv ativ e

optimization algorithms (a direct searc h metho d and a genetic algorithm) ha v e

b een successfully used to minimize the criteria. In this �eld, m y con tribution is

a comparativ e study of the t w o optimization algorithm p erformances. Thanks to

this study , w e ha v e iden ti�ed t w o situations: when the n um b er of parameters is

up to t w o, the Simplex pro vides go o d results in a minimal n um b er of iterations.

When the n um b er of parameters is greater than t w o, the genetic algorithm should

b e preferred.

The main di�cult y of this sup ervised learning approac h is the man ual segmen-

tation of images. This task is tedious, sub jectiv e, and time-consumming. User-

friendly annotation to ols should b e used to alleviate users' e�orts. The strength of

this approac h is also dep enden t on the in trinsic p erformance of the segmen tation

algorithms. As a consequence, this approac h supp oses that at least one algorithm

is able to p erform go o d results for the target segmen tation purp ose.

7.1.2 A Strategy for the Algorithm Selection

After that sev eral segmen tation algorithms ha v e b een optimized on a training

image set b y using the prop osed generic optimization pro cedure, the next issue

is algorithm selection. The goal of this step is to answ er to the user's question:

�whic h algorithm is the b est adapted to segmen t m y image?�. The �rst part of m y

strategy consists in iden tifying di�eren t situations in the training image set. A

situation, also called a c ontext , is represen ted b y a sub-set of images sharing the

same global c haracteristics, suc h as color distributions. First, an unsup ervised

clustering algorithm is used to iden tify these con texts. The second part uses

the results of the previous optimization stage to p erform a lo cal ranking of the

optimized algorithms for eac h con text according to their p erformance v alues.

This strategy allo ws a dynamic con trol of the segmen tation task (i.e. algorithm

selection plus optimal parameter setting) without the need of explicit a priori

kno wledge of the application domain or the segmen tation algorithms themselv es.

It should b e noted that this strategy mak es sev eral assumptions. First, it sup-
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p oses that all p ossible con texts are illustrated in the training image set. Second,

this strategy argues that for eac h iden ti�ed con text, a mean parameter set of the

b est rank ed algorithm exists to deliv er go o d segmen tation results.

7.1.3 A Seman tic Approac h to Image Segmen tation

Most of the time, segmen tation results pro vided b y b ottom-up algorithms are

seman tically meaningless. I prop ose a seman tic approac h to image segmen tation

where high lev el region lab els help to v alidate region segmen tation results. The

region lab elling algorithm relies on three steps and mak es use of the results of

the previous stages (parameter optimization and algorithm selection). In a �rst

step, for eac h training image, the user is in vited to a�ect seman tic lab els to

regions of man ual segmen tations according to the application needs. Then, an

automatic region lab el matc hing is ac hiev ed b et w een the regions of the man ual

segmen tation and the regions of the optimized segmen tation. Finally , a set of

classi�ers (SVMs) are trained for eac h lab el based on n umerical features of regions.

The originalit y of the approac h is that eac h step of the learning pro cess, i.e.

feature extraction and SVM training, is optimized in a wrapp er sc heme so as to

maximize the classi�cation p erformance of the algorithm.

Curren tly , region features are limited to color and texture information. The

metho d could b e impro v ed b y also taking in to accoun t spatial information, suc h

as the relationships b et w een the di�eren t seman tic classes of regions.

7.1.4 A Soft w are Implemen tation of the Metho dology

A soft w are implemen ting this metho dology for o�-line con�guration and on-line

adaptation of the segmen tation is prop osed. Starting from a training image set

with the corresp onding man ual segmen tations, the system, via a graphical user

in terface, is able to:

� extract optimal parameters for six segmen tation algorithms (four for static

image segmen tation and t w o for video segmen tation),

� p erform the image cluster decomp osition,

� select the b est p erforming algorithm for eac h iden ti�ed con text,

� annotate the regions with resp ect to prede�ned class lab els,

� train region classi�ers,

� con trol the segmen tation of new images with resp ect to the learned segmen-

tation kno wledge,

� visualize segmen tation results.

More dev elopmen t on the implemen tation in C++ co de is giv en in app endix ?? .

Finally , b y addressing the problem of adaptiv e image segmen tation, w e ha v e

also addressed underlying problems, suc h as feature extraction and selection, and

segmen tation ev aluation and mapping b et w een lo w-lev el and high-lev el kno wledge.

Eac h of these w ell-kno wn c hallenging problems is not easily tractable and still

demands to b e in tensiv ely considered. W e ha v e designed our approac h (and our
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soft w are) to b e mo dular and upgradable so as to tak e adv an tage of new progresses

in these topics.

7.1.5 Con tributions for the Cognitiv e Vision Platform

My approac h has enric hed the platform b y enabling learning faculties at the seg-

men tation lev el. Previously , segmen tation algorithms w ere man ually tuned b y an

exp ert in image pro cessing and the dynamic selection relied on a kno wledge base

written b y hand. The same algorithms are no w automatically tuned and th us

allo w an adaptiv e segmen tation of di�eren t images, thanks to a training stage.

The gain obtained at the segmen tation lev el b ene�ts to the higher lev el mo dules

of the platform.

7.1.6 Con tributions for the Biological Application

Despite the app earance, robust segmen tation of mature white �ies on rose lea v es

is not a trivial task. The v ariabilit y of lea v es color and texture com bined with

the semi-transparen t nature of the white �y wings and the presence of n um b er of

other ob jects (e.g., white �y eggs, larv ae, c hemical treatmen ts traces, w ater drop,

etc.) mak es the segmen tation not so easy . Compared to an ad ho c segmen tation

tuned b y hand, our adaptiv e segmen tation ac hiev es b etter results and th us leads

to a b etter coun ting precision. Moreo v er, the seman tic segmen tation drastically

reduces the n um b er of regions b y merging the subparts of ob jects. This tec h-

nique decreases the computational cost of the system since less regions ha v e to b e

pro cessed at the in terpretation lev el.

A t presen t, the platform is able to manage the detection and the coun ting of

only one biological ob ject. Other bioagressors (e.g., green�y , aphids, etc.) or

other stages of dev elopmen t of white �ies (e.g., larv ae, eggs) should b e treated in

order to assess b oth our adaptiv e segmen tation approac h and the platform to a

m ulti-class problem (more than t w o). T o this end, w e need to acquire new data

(i.e. images with man ual segmen tations and region annotations) as w ell as high

lev el kno wledge (i.e. descriptions of the ob jects in terms of visual concepts) for

the correct descriptions of the new ob jects.

Finally , the platform is curren tly also limited b y its acquisition system (a

�atb ed scanner). W e plan to o v ercome suc h a limitation b y using video cameras.

Another adv an tage of video cameras is that they pro vide temp oral information

whic h is of great in terest to disam biguate o cclusion situations, for instance.

7.1.7 Con tributions for Video Surv eillance Applications

In this application, m y main con tribution is the dynamic bac kground mo del selec-

tion based on con text analysis. This approac h �ts particularly w ell to applications

where b oth short-term and long-term illumination c hanges ma y o ccur. The unsu-

p ervised clustering algorithm uses image global c haracteristics in tegrating spatial
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information so as to tak e in to accoun t not only global c hanges but also lo cal ones.

W e ha v e also prop osed an algorithm for temp oral con text �ltering.

The �rst exp erimen ts ha v e pro v ed that the dynamic selection of bac kground

mo dels is a go o d approac h to deal with adaptation facilities. Nev ertheless, it is

clear that our approac h is still unable to manage unforeseen situations, i.e. new

con texts. An extension of this approac h to enable con tin uous learning facilit y is

th us activ ely needed.

Finally , in this application, w e do not completely follo w up our strategy for

algorithm selection. It should b e in teresting to see ho w di�eren t �gure-ground

segmen tation approac hes could co op erate together.

7.2 F uture W ork

7.2.1 Short-T erm P ersp ectiv es

Incremen tal learning for unforeseen situations

The brittleness of our approac h to unkno wn situations is curren tly its ma jor

dra wbac k. This concerns the con text analysis lev el as w ell as the segmen tation

lev el. The concerned algorithms are the DBSCAN algorithm for image-con ten t

clustering and the SVMs for the seman tic segmen tation. Curren tly , neither the

clustering algorithm nor the SVMS are able to adapt dynamically to new training

data: the learning pro cess m ust b e run again on the whole training data set.

The use of incremen tal mac hine learning tec hniques should b e useful to ful�ll

the prop ert y of con tin uous learning. The main idea of incremen tal learning for

unforeseen situations is to dynamically adapt the clustering/classi�cation metho d

w.r.t. to the classi�cation error of new input data. In our problem, unexp ected

situations can b e iden ti�ed thanks to the estimates of the con text probabilit y

and the estimates of the SVM classi�cation probabilities. F or instance, in video

surv eillance, when the `noise con text' is detected during sev eral frames, an alarm

could raise and the concerned frames could b e considered as new training images.

In a sup ervised pro cess, a user could b e ask ed to v alidate the new training images

b y c hec king whether eac h frame is a bac kground frame or not. In an unsup ervised

pro cess, the v alidation of the new training images could b e based on a spatial

analysis of the detected mo ving pixels. Usually , when a `noise con text' is detected,

man y meaningless mo ving pixels are detected all o v er the image. The use of an

adaptiv e classi�cation algorithm using robust incremen tal clustering as prop osed

in [Prehn and Sommer, 2006 ] will then allo w to dynamically up date the cluster

and create new ones if necessary .

Meta-Ev aluation of Image Segmen tation

The assessmen t function for the ev aluation of segmen tation results w e ha v e pro-

p osed in c hapter 4 is based on t w o fundamen tal criteria (coun ting of miss- and

o v er-detected b oundary pixels). It mak es the metric re-usable for a large set of
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segmen tation tasks. Nev ertheless, the w a y of w eigh ting eac h criteria is a k ey-p oin t

elemen t of the metric. F or instance, in some applications, it should b e b etter to

giv e more w eigh t to the miss-detection rate than to the o v er-detection rate. It

should b e also more adequate to use or to com bine n di�eren t base ev aluators � ,

e.g., b oundary-based and region-based ev aluators, dep ending on the application

needs suc h as: E A
I = � 1� 1 + � 2� 2 + : : : + � n � n . W e b eliev e that in general it

is di�cult to sp ecify and exact form of the �tness function since this requires

de�ning exact trade-o�s to b e done b et w een the di�eren t measures. T o this end,

metaheuristic for the w eigh ting of functions as the P areto fron t could b e in v esti-

gated as in [Ev eringham et al., 2002 ]. F or eac h segmen tation algorithm and for

all training images, the parameter space is explored and giv es a �tness function

graph for eac h base ev aluator and for eac h training image. The goal is then to

estimate the com bination of the di�eren t base ev aluators whic h giv es globally the

b est p erformance scores (i.e. the P areto fron t). T o this end, a global optimization

algorithm, as a genetic algorithm is used to �nd the optimal con�guration. An-

other p ossibilit y is to use mac hine learning meta-algorithms as in [ ? ]. The idea is

to train a learning algorithm (e.g. a decision tree) that determines ho w to coalesce

the results from the di�eren t base ev aluators applied on the training image set.

The main adv an tage is to obtain a tuned ev aluation metric for the t yp e of images

up on whic h it is trained.

Lo cal T uning of the P arameters of Video Segmen tation Algorithms

The goal of video Segmen tation Algorithms as mixture of Gaussian, k ernel densit y

estimators, and co deb o oks is to learn the p ossible range v alues of bac kground

mo dels for eac h pixel. During the learning pro cess, some thresholds are set to

de�ne the b ounds of the mo dels. Usually , the v alues of these sensitiv e parameters

are the same for all the pixels. In the case of video surv eillance applications

with a �xed video camera, the parameters should b e optimized for eac h pixel.

F or instance, the detection thresholds for pixels in a zone where a mo ving ob ject

nev er passes through should b e set to pro duce a lo w false detection rate. In the

con trary , the detection thresholds for the pixels of zone(s) of in terest should b e

set to pro duce sensitiv e mo dels. This is exampli�ed in Figure 7.1 where z1 is

the zone where ob jects of in terest (p eople) nev er comes and z2 where they are

exp ected to b e visible. The detection thresholds for eac h pixel in z1 should b e set

to a lo w er v alue to the ones for z2 .

Spatio-T emp oral Video Segmen tation

The ma jor problem of pixel-based approac hes for video segmen tation is that no

spatial coherency is tak en in to accoun t. T o o v ercome this limitation, a solution

is to compute in parallel a region-based image segmen tation. The ob jectiv e is to

re�ne the segmen tation obtained with a pixel-based motion segmen tation. This

tec hnique is illustrated in Figure 7.2. An input image (a) is segmen ted using a

region-based segmen tation algorithm. The result is presen ted in (b). In paral-
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Figure 7.1: Example of a lo cal tuning based on a priori kno wledge of the scene. The tuning of

the detection thresholds for pixels in z1 should b e less sensitiv e to v ariations than for z2 .

lel, a �gure-ground segmen tation (c) is computed using the co deb o ok mo del for

instance. The �nal result (d) is a com bination of the t w o segmen tations with

resp ect to a ma jorit y o v erlap criteria. In this example, the region-based segmen-

Figure 7.2: Illustration of a spatio-temp oral segmen tation (d) com bining the results of a bac k-

ground subtraction algorithm (c) with a region-based algorithm (b).

tation algorithm has b een man ually tuned to pro duce an o v er-segmen tation.
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7.2.2 Long-T erm P ersp ectiv es

Use of a Visual Concept On tology for Seman tic Segmen tation

Curren tly , the seman tic segmen tation is based on n umerical features describing

indep enden tly eac h region. Complex ob jects lik e a p erson ha v e sev eral meaning-

ful subparts (e.g., head, legs) whic h cannot b e describ ed with the same lo w-lev el

features as color or texture. Moreo v er, some of these subparts can ha v e an in�nite

space of color v ariations, dep ending on the clothes for instance. These subparts,

b elonging to the same seman tic ob ject, can y et b e link ed together b y spatial re-

lations and hierarc hical decomp ositions. Hence, sev eral di�eren t visual concepts

should b e used to ac hiev e a seman tic segmen tation ev en if the ob ject is di�cult to

mo del. T o this end, w e could tak e adv an tage of the visual concept on tology pro-

p osed b y Maillot et al. in [Maillot and Thonnat, 2008 ] b y mixing, in a structured

w a y , a priori kno wledge of di�eren t concepts (e.g., color, texture, geometric, and

spatial relation features). The goal should b e to assess the mem b ership of eac h

segmen ted region according to trained visual concepts.

Use of Shared Visual F eature

F or v ery di�cult cases where in tra-class information (i.e. ob ject app earance) is

v ery heterogeneous and/or in ter-class information is p o orly discriminativ e, the

selection of represen tativ e features is tric ky and leads to p o or p erformances. In

this case, approac hes based on shared visual features [T orralba and Murph y , 2007 ]

across the classes as b o osted decision stumps should b e more appropriated and

e�ectiv e. Bo osted decision stumps reduce the computational and the sample

complexit y b y �nding common features that can b e shared across the classes.

The detectors for eac h class are trained join tly , rather than indep enden tly . This

approac h is then particularly e�cien t for m ulti-class problems with few training

examples.

Video Segmen tation Benc hmarking

Databases of videos for vision systems b enc hmarking exist but rarely refers to

the detection lev el. Most of the ground truth data consists in b ounding b o x

surrounding the mo ving ob ject(s). The building of b ounding b o x relies on

merging blobs and th us requires some a priori kno wledge of the ob ject to de-

tect. Moro ev er, common metrics for segmen tation p erformance ev aluation are

based on true and false detection rates and/or b oundary pixel accuracy . Hence,

b ounding b o x are de�nitiv ely not suited to ev aluate detection lev el results suc h

as region-based segmen tations. The b est solution consists in dra wing, for ex-

ample, the silhouette of a p erson in eac h frame of a video sequence. Ob vi-

ously , this task requires a h uge e�ort and cannot b e ac hiev ed b y only one user

since videos are usually comp osed of sev eral thousand of frames. This problem

has y et b een tac kled for static image databases as the Berk eley Segmen tation
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Dataset and Benc hmark [F o wlk es and Martin, 2007] (6000 hand-lab eled segmen-

tations of 500 Corel dataset images from 30 h uman sub jects) and the MIT La-

b elMe database [Russell et al., 2005 ] (more than 41300 annotated images). The

strengths of these databases are their op en access to the scien ti�c comm unit y and

the to ols they pro vide to facilitate the man ual segmen tations and annotations

of images. W e b eliev e that suc h a strategy should b e extended to annotate the

con ten t of video sequences.
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App endix B

F renc h In tro duction

B.1 Motiv ations

Cette thèse traite de la segmen tation d'images dans les systèmes de vision. La

segmen tation d'image consiste à group er des pixels partagean t des caractéris-

tiques comm unes. Dans les systèmes de vision, la couc he de segmen tation précède

habituellemen t l'analyse séman tique d'une image. Ainsi, a�n d'être utile p our les

tâc hes de haut-niv eau, la segmen tation doit être adaptée au but, c'est-à-dire être

capable de segmen ter e�cacemen t les ob jets d'in térêt. Le tout premier problème

est qu'une métho de générale et unique n'existe pas : en fonction de l'application,

les p erformances de l'algorithme v arien t. Ceci est illustré dans la Figure B.1 où

deux algorithmes di�éren ts son t appliqués sur la même image. Le premier sem ble

être visuellemen t plus e�cace p our séparer la co ccinelle de la feuille. Le second

pro duit trop de régions faiblemen t signi�cativ es.

Figure B.1: Un exemple de la segmen tation d'une image a v ec deux algorithmes di�éren ts. Le

premier algorithme construit les régions en fonction d'un critère couleur m ulti-éc helle alors que

le second utilise un critère lo cal d'homogénéité couleur.

De manière générale, il existe deux appro c hes p opulaires p our con�gurer la

tâc he de segmen tation dans un système de vision. La première appro c he est

de dév elopp er un nouv el algorithme de segmen tation dédié à l'application. Une

seconde appro c he est de c hoisir de manière empirique un algorithme existan t,

par exemple dans un pro cessus d'essai-erreur. La première appro c he conduit à

dév elopp er an algorithme ad ho c à partir de rien et p our c haque nouv elle applica-

tion. La deuxième appro c he ne garan tie pas des résultats adaptés et la robustesse.
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Ainsi, un b esoin existe p our le dév elopp emen t d'une nouv elle appro c he du prob-

lème de la sélection d'algorithme . F ace à di�éren ts algorithmes, cette appro c he

doit être capable de c hoisir automatiquemen t le plus adapté à un but donné de

segmen tation.

Lors de l'élab oration d'un algorithme de segmen tation, des paramètres in ternes

(par exemple des seuils de tolérance couleur ou des tailles minimales de région)

son t réglés a v ec des v aleurs par défaut fournies par les auteurs de l'algorithme.

En pratique, il revien t souv en t à l'exp ert en traitemen t d'images de sup erviser le

réglage de ces paramètres libres a�n d'obtenir des résultats cohéren ts. Comme il

est mon tré en Figure B.2, il n'est pas éviden t de c hoisir le b on jeu de paramètres

au regard des images segmen tées : la première est assez bien segmen tée mais

de nom breuses parties de l'insecte son t manquan tes; la seconde est aussi assez

a v ec une b onne délimitation de l'insecte bien que trop de régions insigni�an tes

soien t présen tes. Cep endan t, les in teractions complexes en tre les paramètres li-

bres renden t le comp ortemen t de l'algorithme presque imp ossible à prédire. De

plus, cette tâc he délicate est fastidieuse et longue p our l'utilisateur. De ce fait, le

réglage des paramètres des algorithmes est un réel dé�. P our résoudre ce prob-

lème, des métho des d'optimisation doiv en t être examinées dans le but d'extraire

automatiquemen t les v aleurs de paramètres optimales.

Figure B.2: Illustration du problème de réglage des paramètres. Une image est segmen tée

a v ec un même algorithme (basé sur un critère d'homogénéité couleur) réglé a v ec deux jeux de

paramètres di�éren ts.

Dans les applications du monde réel, l'apparence des images c hange lorsque le

con texte c hange. Ceci est particulièremen t vrai p our les applications vidéo où les

conditions d'éclairage son t con tin uellemen t en train de v arier. Cela p eut être dû

à des c hangemen ts lo caux (pro jections d'om bres, ré�ections) et/ou des c hange-

men ts globaux de l'illumination due aux conditions météorologiques, comme illus-

tré dans la Figure B.3 où les images son t extraites de la même scène à di�éren ts

momen ts de la journée. Les conséquences au niv eau de la segmen tation p euv en t

être dramatiques. Ce problème de l' adaptation au con texte souligne le b esoin

d'automatismes p our l'adaptation.

B.2 Ob jectifs

Mon ob jectif est de prop oser une appro c he de la segmen tation d'image dans le

cadre de la vision cognitiv e. Plus précisémen t, nous visons à in tro duire la capac-
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Figure B.3: Illustration du problème de v ariations du con texte p our une application de vidéo-

surv eillance

ité d'appren tissage et d'adaptation dans la tâc he de segmen tation. T raditionnelle-

men t, la connaissance explicite est utilisée p our con�gurer cette tâc he dans les sys-

tèmes de vision. Cette connaissance est principalemen t comp osée de programmes

en traitemen t d'images (par exemple des algorithmes de segmen tation sp écialisés

et des p ost-traitemen ts) et de programmes sur l'utilisation des algorithmes a�n

de con trôler la segmen tation (sélection et réglage d'algorithmes). P our ce faire,

trois problèmes ma jeurs de la tâc he de segmen tation dans les systèmes de vision

doiv en t être résolus :

� Le premier p oin t est d'extraire les paramètres optimaux des algorithmes de

segmen tation dans le but d'obtenir une segmen tation adaptée à la tâc he de

segmen tation; c'est-à-dire une segmen tation orien tée par le but. Le réglage

des paramètres est conn u p our être une tâc he délicate qui requiert souv en t

des comp étences en traitemen t d'images. Ainsi, notre ob jectif est triple :

premièremen t nous v oulons automatiser cette tâc he dans le but de dimin-

uer l'e�ort demandé à l'utilisateur et d'éviter des résultats trop sub jectifs.

Deuxièmemen t, la fonction de coût utilisée p our év aluer la qualité de la seg-

men tation doit être générique; c'est-à-dire non dép endan te de l'application.

T roisièmemen t, aucune connaissance a priori sur le comp ortemen t des algo-

rithmes n'est requise, uniquemen t des v érités terrain doiv en t être fournies

par l'utilisateur.

� Une fois que les algorithmes on t été optimisés, un second p oin t est de sélec-

tionner le meilleur. La stratégie de sélection doit être basée sur une év al-

uation quan titativ e de la p erformance de c haque algorithme. Cep endan t,

quand les images de l'application son t fortemen t v ariables, il est pratique-

men t imp ossible d'obtenir de b ons résultats de segmen tation a v ec un seul

et unique algorithme. Dans ce cas, une stratégie de sélection dép endan te

du con ten u de l'image doit être préférée.

� Dans de nom breux systèmes de vision, à l'étap e de détection, le but est de

séparer les ob jets d'in térêt du fond de l'image. Quand les ob jets d'in térêt

et/ou le fond de l'image son t complexes (par exemple comp osés de plusieurs

sous-parties), un algorithme de bas niv eau ne p eut pas pro duire une segmen-

tation séman tique, même si il est optimisé. P our cette raison, un troisième
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p oin t est de ra�ner la segmen tation (optimisée) p our fournir une segmen-

tation séman tiquemen t signi�cativ e aux mo dules de vision de plus haut

niv eau.

Notre ob jectif �nal est de mon trer le p oten tiel de notre appro c he au tra v ers de

deux tâc hes de segmen tation di�éren tes dans des applications du monde réel.

� La première tâc he de segmen tation à laquelle nous nous in téressons est la

segmen tation d'images statiques dans une application biologique p our la

détection préco ce et le comptage d'insectes n uisibles. Cela implique de

séparer de manière robuste les ob jets d'in térêt (mouc hes blanc hes adultes)

du fond de l'image (feuilles de rose). Notre but est de démon trer que la

plate-forme de vision cognitiv e dév elopp ée dans l'équip e couplée a v ec notre

appro c he de segmen tation adaptativ e p ermet d'obtenir un meilleur taux de

détection des mouc hes blanc hes que lorsque la plate-forme est con�gurée

a v ec une segmen tation ad ho c .

� La deuxième tâc he de segmen tation à laquelle nous nous in téressons est

la segmen tation d'ob jets en mouv emen t dans une application de vidéo-

surv eillance. Le but est de détecter des ob jets tels que des p ersonnes

marc han t dans la rue dans le c hamp de vue d'une caméra �xe. La détection

est habituellemen t e�ectuée en utilisan t des métho des de soustraction de

fond. Notre ob jectif est de mon trer qu'une sélection dynamique du mo dèle

de fond p ermet d'élargir la p ortée des applications de vidéo-surv eillance aux

en vironnemen ts fortemen t v ariables.

B.3 Con texte de l'étude

Ce tra v ail prend place au sein de l'équip e-pro jet INRIA ORION à Sophia An-

tip olis. Orion est une équip e phare dans le domaine de l'analyse de scènes, à la

fron tière en tre la vision par ordinateur, les systèmes à base de connaissance et

l'ingénierie des connaissances. Orion a une appro c he cognitiv e de la vision. Cette

appro c he vise à concev oir des systèmes de vision robuste et adaptable en les

dotan t d'une faculté cognitiv e. Cela signi�e la capacité d'apprendre, d'adapter

et de p ondérer des solutions alternativ es, et égalemen t de dév elopp er de nou-

v elles stratégies p our la détection, la reconnaissance et l'in terprétation. Récem-

men t, Hudelot [Hudelot, 2005] a prop osé une plate-forme de vision cognitiv e p our

l'in terprétation séman tique d'images statiques. Cette plate-forme est basée sur la

co op ération de trois systèmes à base de connaissance don t un est dédié à la ges-

tion in telligen te des programmes de traitemen t d'images. Maillot [Maillot, 2005 ]

a enric hi cette plate-forme a v ec des facultés d'appren tissage et une représen tation

séman tique de la connaissance basée sur une on tologie. A ctuellemen t, la couc he de

détection de la plate-forme rep ose sur une segmen tation ad ho c . Cela signi�e que

tous les op érateurs de segmen tation on été con�gurés dans le co de une fois p our

toute. Dans ce con texte, mon tra v ail vise à enric hir cette plate-forme de vision
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cognitiv e au niv eau de la segmen tation d'image p our p ermettre une segmen tation

plus adaptativ e.

B.4 Con tributions

Ma principale con tribution est de prop oser une appro c he cognitiv e du problème

de la segmen tation en résolv an t les problèmes cités ci-dessous :

� Je prop ose une pro cédure d'optimisation générique a�n d'extraire automa-

tiquemen t les paramètres optimaux des algorithmes de segmen tation. Cette

pro cédure est basée sur trois comp osan tes indép endan tes : un algorithme de

segmen tation a v ec un ou plusieurs paramètres libres à régler, une métrique

d'év aluation de la p erformance et un algorithme d'optimisation globale.

L'év aluation de la qualité de la segmen tation est faite selon une segmen-

tation de référence (par exemple une segmen tation man uelle). La métrique

d'év aluation est générique, a un faible coût de calcul et p eut être utilisée

p our de nom breux problèmes de segmen tation. De cette façon, la tâc he

de l'utilisateur est réduite à fournir des données de référence comme des

segmen tation man uelles d'images d'appren tissage.

� Je prop ose deux stratégies p our le problème de sélection de l'algorithme

de segmen tation. Ces stratégies utilisen t les résultats de la phase

d'optimisation appliquée sur un ensem ble d'images d'appren tissage

représen tatif du problème. La première est basée sur le classemen t

des v aleurs de p erformance des algorithmes. La deuxième stratégie est

d'iden ti�er les di�éren ts situations, app elées con textes, à partir du jeu

d'appren tissage, et d'asso cier un algorithme de segmen tation con�guré p our

c haque con texte.

� Je prop ose égalemen t une appro c he séman tique p our la segmen tation

d'images. Dans cette appro c he, nous le problème du ra�nemen t de la seg-

men tation comme un problème d'étiquetage de régions. Cette appro c he

est par conséquen t élab orée p our les algorithmes de segmen tation basés

sur les régions uniquemen t. Le but est d'év aluer l'appartenance de c haque

région à un ensem ble prédé�ni de régions partagean t la même étiquette.

L'év aluation rep ose sur une étap e préliminaire d'appren tissage sup ervisé du-

ran t laquelle des classi�eurs de régions son t en traînés sur des éc han tillons. Le

rôle de l'utilisateur est d'étiqueter les régions des segmen tations man uelles.

L'originalité de cette appro c he est double. Premièremen t, nous utilisons

les segmen tations optimisés comme données d'en trée des classi�eurs de ré-

gions. Deuxièmemen t, les tâc hes sous-jacen tes du pro cessus d'appren tissage,

à sa v oir l'extraction de caractéristiques des régions, la sélection de ces car-

actéristiques et l'appren tissage des classi�eurs son t automatiquemen t opti-

misées dans un sc héma de t yp e wr app er a�n d'obtenir les meilleures p erfor-

mances de classi�cation.
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Dans le p ortée des deux tâc hes de segmen tation précédemmen t décrites, mes

con tributions son t les suiv an tes :

� P our la tâc he de segmen tation dans l'application biologique, l'appro c he pro-

p osée dépasse la segmen tation ad ho c en termes de qualité de la segmen ta-

tion and p ermet ainsi au système de compter les insectes a v ec une meilleure

précision.

� P our la tâc he de segmen tation vidéo, ma principale con tribution se situe

au niv eau de la mo délisation du con texte. En accomplissan t une sélection

dynamique du mo dèle de fond basée sur l'analyse du con texte, mon appro c he

p ermet d'élargir de c hamp d'application des systèmes de vidéo-surv eillance

aux en vironnemen ts fortemen t v ariables.

Chaque étap e de l'appro c he prop osée a été testée et év aluée sur plusieurs jeu

de données. Ceci nous aide à mon tre les forces et les limitations de notre appro c he

en terme de p erformance, de coût de calcul et de sensibilité aux paramètres clés.

B.5 Plan

Ce man uscrit est structuré comme suit. Le Chapitre 2 présen te au lecteur la seg-

men tation d'images dans le cadre des systèmes de vision par ordinateur. Nous

prop osons une vue d'ensem ble autour de quatre thèmes reliés à notre problème

: la segmen tation d'image dans les systèmes de vision, les di�éren tes appro c hes

de segmen tation d'images et de vidéos, les tec hniques d'év aluation de la p erfor-

mance de la segmen tation et les tec hniques d'optimisation. Le c hapitre 3 in-

tro duit l'appro c he prop osée et donne nos ob jectifs et nos h yp othèses p our les

di�éren ts problèmes de la segmen tation. Le c hapitre 4 détaille c haque étap e de

notre appro c he : l'optimisation des paramètres des algorithmes, la sélection de

l'algorithme et l'étiquetage séman tique des régions. Le c hapitre 5 est dédié à

la v alidation de l'appro c he p our une application du monde réel. En particulier,

nous nous sommes in téressés à l'étap e de segmen tation d'un système de vision

cognitiv e dédié à la reconnaissance d'organismes biologiques. Dans le c hapitre 6,

nous présen tons commen t notre appro c he p eut être utilisée p our la segmen tation

adaptativ e dans des applications de vidéo-surv eillance. Une conclusion ainsi que

des discussions sur les tra v aux futures son t exp osés dans le c hapitre 7.
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