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Abstra
tIn this thesis we address the problem of image and video segmentation witha 
ognitive vision approa
h. More pre
isely, we study two major issues of thesegmentation task in vision systems: the sele
tion of an algorithm and the tuningof its free parameters a

ording to the image 
ontents and the appli
ation needs.We propose a learning-based methodology to easily set up and 
ontinuously adaptthe segmentation task.Our �rst 
ontribution is a generi
 optimization pro
edure to automati
allyextra
t optimal algorithm parameters. The evaluation of the segmentation qualityis done with regards to referen
e segmentations. In this way, the user task isredu
ed to provide referen
e data of training images, as manual segmentations.A se
ond 
ontribution is a twofold strategy for the algorithm sele
tion issue.This strategy relies on a training image set representative of the problem. The�rst part uses the results of the optimization stage to perform a global rankingof algorithm performan
e values. The se
ond part 
onsists in identifying di�erentsituations from the training image set and then to asso
iate a tuned segmentationalgorithm with ea
h situation.A third 
ontribution is a semanti
 approa
h to image segmentation. In this ap-proa
h, we 
ombine the result from the previously (bottom-up) optimized segmen-tations to a region labelling pro
ess. Regions labels are given by region 
lassi�erswhi
h are trained from annotated samples.A fourth 
ontribution is the implementation of the approa
h and the develop-ment of a graphi
al tool 
urrently able to 
arry out the learning of segmentationknowledge (automati
 parameter optimization, region annotations, region 
las-si�er training, and algorithm sele
tion) and to use this knowledge to performadaptive segmentation.We have tested our approa
h on two real-world appli
ations: a biologi
al appli-
ation (dete
tion and 
ounting of pests on rose leaves) for the stati
 segmentationpart, and video surveillan
e appli
ations for the video �gure-ground segmenta-tion part. Results, quantitative evaluations, and 
omparisons with non-adaptivesegmentations are presented to show the potential of our approa
h.For the segmentation task in the biologi
al appli
ation, the proposed adaptivesegmentation approa
h over performs a non-adaptive segmentation in terms ofsegmentation quality and thus allows the vision system to 
ount the pests with abetter pre
ision. iii



For the �gure-ground video segmentation task, the main 
ontribution of myapproa
h takes pla
e at the 
ontext modelling level. By a
hieving dynami
 ba
k-ground model sele
tion based on 
ontext analysis, my approa
h allows to enlargethe s
ope of surveillan
e appli
ations to high variable environments.The main limitation of my approa
h is its la
k of adaptation to unforeseensituations. An improvement 
ould be to use 
ontinuous learning te
hnique toadapt the segmentation to new situations.keywords: Image segmentation, video segmentation, 
ognitive vision, ma
hinelearning, segmentation performan
e evaluation, optimization te
hniques.



RésuméDans 
ette thèse, nous abordons le problème de la segmentation d'image dansle 
adre de la vision 
ognitive. Plus pré
isément, nous étudions deux problèmesmajeurs dans les systèmes de vision : la séle
tion d'un algorithme de segmen-tation et le réglage de ses paramètres selon le 
ontenu de l'image et les besoinsde l'appli
ation. Nous proposons une méthodologie reposant sur des te
hniquesd'apprentissage pour fa
iliter la 
on�guration des algorithmes et adapter en 
on-tinu la tâ
he de segmentation.Notre première 
ontribution est une pro
édure d'optimisation générique pourl'extra
tion automatique des paramètres optimaux des algorithmes. L'évaluationde la qualité de la segmentation est faite suivant une segmentation de référen
e.De 
ette manière, la tâ
he de l'utilisateur est réduite à fournir des données deréféren
e pour des images d'apprentissage, 
omme des segmentations manuelles.Une se
onde 
ontribution est une stratégie pour le problème de séle
tiond'algorithme. Cette stratégie repose sur un jeu d'images d'apprentissage représen-tatif du problème. La première partie utilise le résultat de l'étape d'optimisationpour 
lasser les algorithmes selon leurs valeurs de performan
e pour 
haque im-age. La se
onde partie 
onsiste à identi�er di�érentes situations à partir du jeud'images d'apprentissage (modélisation du 
ontexte) et à asso
ier un algorithmeparamétré ave
 
haque situation identi�ée.Une troisième 
ontribution est une appro
he sémantique pour la segmenta-tion d'image. Dans 
ette appro
he, nous 
ombinons le résultat des segmen-tations optimisées ave
 un pro
essus d'étiquetage des régions. Les étiquettesdes régions sont données par des 
lassi�eurs de régions, eux-mêmes entrainésà partir d'exemples annotés par l'utilisateur. Une quatrième 
ontribution estl'implémentation de l'appro
he et le développement d'un outil graphique dédiéà l'extra
tion, l'apprentissage, et l'utilisation de la 
onnaissan
e pour la segmen-tation (modélisation et apprentissage du 
ontexte pour la séle
tion dynamiqued'algorithme de segmentation, optimisation automatique des paramètres, anno-tations des régions et apprentissage des 
lassi�eurs).Nous avons testé notre appro
he sur deux appli
ations réelles : une appli
a-tion biologique (
omptage d'inse
tes sur des feuilles de rosier) et une appli
ationde vidéo surveillan
e. Pour la première appli
ation, la segmentation des inse
tesobtenue par notre appro
he est de meilleure qualité qu'une segmentation non-adaptative et permet don
 au système de vision de 
ompter les inse
tes ave
 unev



meilleure pré
ision. Pour l'appli
ation de vidéo surveillan
e, la prin
ipal 
ontri-bution de l'appro
he proposée se situe au niveau de la modélisation du 
ontexte,permettant d'adapter le 
hoix d'un modèle de fond suivant les 
ara
téristiquesspatio-temporelles de l'image. Notre appro
he permet ainsi aux appli
ations devidéo surveillan
e d'élargir leur 
hamp d'appli
ation aux environnement fortementvariables 
omme les très longues séquen
es (plusieurs heures) en extérieur.A�n de montrer le potentiel et les limites de notre appro
he, nous présentons lesrésultats, une évaluation quantitative et une 
omparaison ave
 des segmentationsnon-adaptatvie.mot-
lés : Segmentation d'image, segmentation de vidéos, vision 
ogni-tive, te
hniques d'apprentissage, évaluation de la segmentation, te
hniquesd'optimisation.
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Chapter 1Introdu
tion1.1 MotivationsThis thesis deals with image segmentation in vision systems. Image segmentation
onsists in grouping pixels sharing some 
ommon 
hara
teristi
s. In vision sys-tems, the segmentation layer typi
ally pre
edes the semanti
 analysis of an image.Thus, to be useful for higher-level tasks, segmentation must be adapted to thegoal, i.e. able to e�e
tively segment obje
ts of interest. The very �rst problem isthat a unique general method still does not exist: depending on the appli
ation,algorithm performan
es vary. This is illustrated in Figure C.1 where two di�erentalgorithms are applied on the same image. The �rst one seems to be visuallymore e�
ient to separate the ladybird from the leaf. The se
ond one produ
estoo many regions not very meaningful.
Figure 1.1: An example of the segmentation of an image with two di�erent algorithms. The �rstalgorithm forms regions a

ording to a multi-s
ale 
olor 
riteria while the se
ond uses a lo
al
olor homogeneity 
riteria.Basi
ally, two popular approa
hes exist to set up the image segmentation taskin a vision system. A �rst approa
h is to develop a new segmentation algorithmdedi
ated to the appli
ation task. A se
ond approa
h is to empiri
ally 
hoose anexisting algorithm, for instan
e by a trial-and-error pro
edure. The �rst approa
hleads to develop an ad ho
 algorithm, from s
rat
h, and for ea
h new appli
ation.The se
ond approa
h does not guarantee adapted results and robustness. So, aneed exists for developping a new approa
h to the algorithm sele
tion issue.When fa
ing di�erent algorithms, this approa
h should be able to automati
ally



2 Introdu
tion
hoose the one best suited with a segmentation goal.When designing a segmentation algorithm, internal parameters (e.g., thresh-olds or minimal sizes of regions) are set with default values by the algorithmauthors. In pra
ti
e, it is often up to an image pro
essing expert to supervise thetuning of these free parameters to get meaningful results. As seen in Figure C.2, itis not 
lear how to 
hoose the best parameter set regarding the segmented images:the �rst one is quite good but several parts of the inse
t are missing; the se
ondone is also good, sin
e the inse
t is well outlined, but too many meaningless re-gions are also present. However, 
omplex intera
tions between free parametersmake the behavior of the algorithm fairly impossible to predi
t. Moreover, thisawkward task is tedious and time-
onsumming. Thus, the algorithm parame-ter tuning is a real 
hallenge. To solve this issue, optimization methods shouldbe investigated in order to automati
ally extra
t optimal parameters.
Figure 1.2: Illustration of the problem of algorithm parameter tuning. An image is segmentedwith the same algorithm (based on 
olor homogeneity) tuned with two di�erent parameter sets.In real world appli
ations, when the 
ontext 
hanges, so does the appearan
eof the images. This is parti
ularly true for video appli
ations where lightning
onditions are 
ontinuously varying. It 
an be due to lo
al 
hanges (e.g., shadows,re�e
tions) and/or global illumination 
hanges (due to meteorologi
al 
onditions),as illustrated in Figure C.3 where images are extra
ted from the same s
ene atdi�erent hours of the day. The 
onsequen
es on segmentation results 
an bedramati
. This 
ontext adaptation issue emphasizes the need of automati
adaptation 
apabilities.
Figure 1.3: illustration of the problem of 
ontext variations on a video surveillan
e appli
ation.



1.2 Obje
tives 31.2 Obje
tivesMy obje
tive is to propose a 
ognitive vision approa
h to the image segmentationproblem. More pre
isely, we aim at introdu
ing learning and adaptability 
apa
-ities into the segmentation task. Traditionally, expli
it knowledge is used to setup this task in vision systems. This knowledge is mainly 
omposed of image pro-
essing programs (e.g., spe
ialized segmentation algorithms and post-pro
essings)and of program usage knowledge to 
ontrol segmentation (e.g., algorithm sele
-tion and algorithm parameter settings). To this end, three main issues of imagesegmentation task in vision systems should be solved:
• The �rst issue is to extra
t optimal parameters of segmentation algorithmsin order to obtain a segmentation adapted to the segmentation task, i.e.a goal-oriented segmentation. The tuning of segmentation algorithm pa-rameters is known to be a tri
ky task and often requires image pro
essingskills. So, our obje
tive is threefold: �rst, we want to automate this task inorder to alleviate users' e�ort and prevent subje
tive results. Se
ond, the�tness fun
tion used to assess segmentation quality should be generi
 (i.e.not appli
ation dependent). Third, no a priori knowledge of segmentationalgorithm behaviors is required, only ground truth data should be providedby users.
• On
e all the algorithms have been optimized, a se
ond issue is to sele
t thebest one. The sele
tion strategy should be based on a quantitative evalu-ation of ea
h algorithm performan
e. However, when images of the appli-
ation domain are highly variable, it remains quite impossible to a
hieve agood segmentation with only one tuned algorithm. In this 
ase, a sele
tionstrategy depending on the image 
ontent analysis should be preferred.
• In many 
omputer vision systems at the dete
tion layer, the goal is to sep-arate the obje
t(s) of interest from the image ba
kground. When obje
tsof interest and/or image ba
kground are 
omplex (e.g. 
omposed of severalsub-parts), a low-level algorithm 
annot a
hieve a semanti
 segmentation,even if optimized. For this reason, a third issue is to re�ne the (optimized)segmentation to provide a semanti
ally meaningful segmentation to highervision modules.Our �nal obje
tive is to show the potential of our approa
h through two dif-ferent segmentation tasks in real-world appli
ations.
• The �rst segmentation task we fo
us on is image segmentation in a biologi-
al appli
ation related to early pest dete
tion and 
ounting. This implies torobustly segment the obje
ts of interest (mature white �ies) from the 
om-plex ba
kground (rose leaves). Our goal is to demonstrate that the 
ognitivevision platform 
oupled with our adaptive segmentation approa
h a
hieves abetter dete
tion rate of white �ies than tuned with an ad ho
 segmentation.



4 Introdu
tion
• The se
ond segmentation task we fo
us on is �gure-ground segmentationin a video surveillan
e appli
ation. The goal is to dete
t moving obje
ts(e.g., walking people) in the �eld of view of a �xed video 
amera. Dete
tionis usually 
arried out by using ba
kground subtra
tion methods. However,illumination 
hanges make the ba
kground modeling problem di�
ult. Ourobje
tive is to show that a dynami
 sele
tion of ba
kground model allows toenlarge the s
ope of surveillan
e appli
ations to high variable environments.1.3 Context of the StudyThis work takes pla
e in the Orion proje
t-team at INRIA Sophia AntipolisMéditerranée, Fran
e. Orion is a leading team in s
ene understanding at thefrontier of 
omputer vision, knowledge-based systems, and software engineering.Orion has a 
ognitive vision approa
h. It aims to a
hieve robust, resilient, adapt-able 
omputer vision fun
tionalities by endowing them with a 
ognitive fa
ulty.This means the ability to learn, to adapt, and to weight alternative solutions,and develop new strategies for dete
tion, re
ognition, and interpretation. Re-
ently, Hudelot [Hudelot, 2005℄ proposed a 
ognitive vision platform for seman-ti
 image interpretation. This platform is based on the 
ooperation of threeknowledge-based systems of whi
h one is dedi
ated to the intelligent managementof image pro
essing programs. Maillot [Maillot, 2005℄ has endowed this platformwith learning fa
ilities and ontology-based semanti
 knowledge representation andmanagement for obje
t re
ognition. Currently, the dete
tion layer of the platformrely on ad ho
 segmentation. This means that all the segmentation operators havebeen tuned deep in 
ode on
e and for all. In this 
ontext, my work aims to enri
hthis 
ognitive vision platform at the image segmentation level to enable adaptivesegmentation.1.4 ContributionsMy main 
ontribution is to propose a 
ognitive vision approa
h to image segmen-tation by solving the issues listed above:
• I propose a generi
 optimization pro
edure to automati
ally extra
t opti-mal algorithm parameters. This pro
edure is based on three independent
omponents: a segmentation algorithm with one or several free parametersto tune, a performan
e evaluation metri
, and an optimization algorithm.The evaluation of the segmentation quality is done with regards to a refer-en
e segmentation (e.g. manual segmentation). The performan
e evaluationmetri
 is generi
, has a low-
omputational 
ost, and 
an be used for a broadrange of segmentation purposes. In this way, the user task is redu
ed toprovide referen
e data: manual segmentations of training images.
• I propose two strategies for the algorithm sele
tion issue. These strategiesuse the results of the optimization stage applied on a training image set



1.5 Outline 5representative of the problem. The �rst one is based on a global ranking ofalgorithm performan
e values. The se
ond strategy is to identify di�erentsituations, 
alled 
ontexts, from the training image set and to asso
iate atuned segmentation algorithm with ea
h 
ontext.
• I also propose an approa
h to semanti
 image segmentation. In this ap-proa
h, we 
onsider the segmentation re�nement problem as a region la-belling problem. It is hen
e designed for region-based segmentation algo-rithms only. The goal is to assess the membership of ea
h region to apre-de�ned set of regions sharing the same label. The assessment relies ona preliminary supervised learning stage where region-
lassi�ers are trainedwith training samples. The role of the user is to label the regions of theground truth segmentations. The originality of this approa
h is twofold.First, we use the optimized segmentations as input of the region-
lassi�ers.Se
ond, the sub-tasks of the learning pro
ess, namely region feature ex-tra
tion, region feature sele
tion, and 
lassi�er training, are automati
allyoptimized in a wrapper s
heme to get the best 
lassi�
ation performan
es.In the s
ope of the two previously des
ribed segmentation tasks, my 
ontribu-tions are the following:
• For the segmentation task in the biologi
al appli
ation, the proposed adap-tive segmentation approa
h overperforms the ad ho
 segmentation in termsof segmentation quality and thus allows the system to 
ount the pests witha better pre
ision.
• For the �gure-ground segmentation task, my main 
ontribution takes pla
eat the 
ontext modeling level. By a
hieving dynami
 ba
kground modelsele
tion based on 
ontext analysis, my approa
h allows to enlarge the s
opeof surveillan
e appli
ations to highly variable environments.Ea
h step of the proposed approa
h is tested and evaluated on several imagedata sets. This helps us to show the strengths and the limitations of the approa
hin terms of performan
e, 
omputational 
ost, and sensitivity to key parameters.1.5 OutlineThis manus
ript is stru
tured as follows. Chapter 2 introdu
es the reader to imagesegmentation in the 
ontext of 
omputer vision systems. We propose an overviewon four topi
s 
losely related to our problem: image segmentation in 
omputervision systems, segmentation approa
hes, performan
e evaluation, and segmen-tation optimization. Chapter 3 introdu
es the proposed approa
h, and gives ourobje
tives and assumptions for the di�erent segmentation issues. Chapter 4 de-tails ea
h step of our approa
h: algorithm parameter optimization, algorithmsele
tion, and semanti
 region labelling. Chapter 5 is dedi
ated to the validationof the approa
h for a real world appli
ation. In parti
ular, we are interested in



6 Introdu
tionthe segmentation step of a 
ognitive vision system dedi
ated to the re
ognitionof biologi
al organisms. In 
hapter 6, we present how our approa
h 
an be usedfor the adaptive �gure-ground segmentation in video surveillan
e appli
ations.Con
luding remarks and suggestions for future work are dis
ussed in 
hapter 7.



Chapter 2State of the Art2.1 The pla
e of the Image Segmentation Task in Vi-sion SystemsIn the beginning of the eighties, Marr [Marr, 1982℄ proposed a theory of the humanper
eptual vision. This theory is the �rst 
omplete methodology for the design ofinformation systems. He suggested three levels of abstra
tion for the analysis ofsu
h 
omplex systems:The 
omputational level: it des
ribes what is the goal of the system. It has amore abstra
t nature than the next two levels and spe
i�es all informational
onstraints ne
essary to map the input data into the desired output.The algorithmi
 level: it states how the 
omputational theory 
an be 
arriedout in terms of methods. It is related to the spe
i�
ation of algorithms withtheir input and output representations.The implementational level: it des
ribes how an algorithm is embodied as a�physi
al� pro
ess. It has the lowest des
ription level, e.g. the hardwareimplementation and the software 
ode.An important 
hara
teristi
 of this re
onstru
tive approa
h of vision is the in-
reasing number of solutions while de
reasing the abstra
tion level. For example,there are several algorithms to solve the 
omputational task �edge dete
tion�, andthere are many possible ways to implement ea
h of them.Inspired from the Marr's theoreti
al framework, most existing arti�
ial visualre
ognition systems, 
alled vision systems, follow the paradigm depi
ted in Fig-ure 2.1. An image is �rst pre-pro
essed in order to highlight information whi
h isimportant for the next stages. Classi
ally, it often refers to the segmentation task.Then, the des
riptor mapping module en
odes the remaining low-level data intoa symboli
 form more appropriate for the re
ognition and analysis stage, whi
h�nally identi�es the image 
ontent.This ar
hite
ture has yet one drawba
k: errors in the �rst stages, e.g., in thesegmentation, will be further propagated into later stages, degrading the quality
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Figure 2.1: The three stages of visual pro
essings usually found in vision systems.of the whole system. Thus, great attention has been dire
ted to the problem ofsegmentation. Hundreds of publi
ations in this �eld appear every year, ea
h tryingto �nd an optimal solution for one spe
i�
 appli
ation or for general purposes.However, a uni�ed, generally a

epted de�nition of image segmentation does notyet exist. Most authors agree on the following fa
ts about segmentation:
• its task is to partition the image into several segments or regions (this pointwill be developed in se
tion 2.2.1);
• it is an early pro
essing stage in 
omputer vision systems. Within the
omputational model for 
omputer vision (Figure 2.1), it belongs to theprepro
essing module;
• it is one of the most 
riti
al tasks in automati
 image analysis.2.1.1 Knowledge-Based Approa
hesEarly approa
hes in vision systems use expli
it knowledge to de�ne the seg-mentation task. In [Nazif and Levine, 1984℄, an expert system for low-level im-age segmentation is proposed. The system is based on hundreds of produ
tionrules that manipulate 
ombinations of regions and lines obtained from two basi
segmentation algorithms. Another example 
an be found in the SIGMA sys-tem [Matsuyama and Hwang, 1990℄ whi
h uses a low-level vision expert modulededi
ated to handle segmentation and feature extra
tion tasks for aerial imageunderstanding. One weakness of these systems is their appli
ation dependen
y.The knowledge a
quisition ne
essary to build the rules is also a big problem.Then, resear
hers have tried to 
on
eive more versatile systems by in
orpo-rating veri�
ation and knowledge a
quisition 
omponents. In [Ossola, 1996℄, anapproa
h based on the 
ooperation of two knowledge-based systems (KBS) is pre-sented. Program supervision te
hniques [Moisan and Thonnat, 1995℄ are used topro
ess images in an intelligent way, e.g. to dynami
ally set up the segmentationtask with respe
t to variable 
onditions. A general program supervision ar
hite
-ture 
ontains three main parts: a library of programs, a knowledge base, and areasoning engine. The reasoning engine is in 
harge of sele
ting and s
heduling theprograms of the library whi
h are best satisfying a user query. The engine iteratesthe following loop 
omposed of four steps, until a satisfa
tory solution is rea
hed:planning (e.g., sele
tion of programs), exe
ution (e.g., initial parameter setting),evaluation (e.g., assessment of output results), and repair (e.g., adjustment of
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e of the Image Segmentation Task in Vision Systems 9some parameters). The knowledge base 
ontains a de
larative representation (i.e.frame and produ
tion rules) of the programs 
alled operators. These operatorsare hierar
hi
ally organized in several levels of abstra
tion and 
an be primitivesor 
omposites (i.e. 
ombination of several primitives) ones. We 
an 
ite theOCAPI environment in [Clément and Thonnat, 1993℄ as a general tool for thedevelopment of KBS dedi
ated to the supervision of programs. The strength ofthe program supervision ar
hite
ture is the ability to reuse programs for variousappli
ations as demonstrated in [Crubézy, 1999℄ for the supervision of medi
alimagery programs or in [Thonnat, 2002℄ for the re
ognition of 
omplex obje
ts.A related approa
h for the automati
 generation of image pro
essing appli-
ations 
alled BORG 
an be found in [Clouard et al., 1999℄. By opposition tothe program supervision approa
h, the system uses hierar
hi
al and opportunis-ti
 behavior in order to 
onstru
t a solution plan. A plan is represented by ana
tion graph of �ve �xed levels: requests, tasks, fun
tionalities, pro
edure, andoperators. Ea
h level 
orresponds to a more or less 
oarse version of the solution.The system dynami
ally 
onstru
ts a parametrized plan from an initial user'squery. A drawba
k of this approa
h is that the a
tion graph is 
onstrained to a�xed number of levels supposed to 
over all the solution spa
e and thus limits the�exibility for modeling a problem.One advantage of knowledge-based approa
hes is the semanti
 ri
hness whi
henables user-friendly intera
tion with the end-users. Nevertheless, one drawba
kis that they are appli
ation dependent and thus requires a strong expertise in thedomain to build the knowledge bases: they are thus limited to a 
lose world.2.1.2 Learning Approa
hesThis se
tion deals with the use of de
ision theory as a basis for intelligent imagepro
essing. The main idea is to redu
e as mu
h as possible the role of the humanexpertise in the building of vision systems by ma
hine learning te
hniques. Thisprin
iple was introdu
ed by Draper [Draper et al., 1996℄ who argues that KBS aretoo ad ho
 and too dependent on human expertise during their design. Indeed,the use of expli
it knowledge is not really suited for modeling the variability, the
hanges, and the 
omplexity of the world.Case-Based Reasoning (CBR) is a problem solving approa
h whi
h solvesnew problems by adapting previously su

essful solutions to similar problems.In parti
ular, the 
ase based approa
h has been used for algorithm parameterlearning. Some interesting works 
an be found in [Fi
et-Cau
hard et al., 1999℄and [Fru

i et al., 2007℄. A 
ase 
ontains an image, 
ontextual information (asimage a
quisition information) and algorithm parameters. Finding the best seg-mentation for the 
urrent image is done by retrieving similar 
ases in the 
asebase. Similarity is 
omputed using non-image and image information. The eval-uation is done by a measure of dissimilarity between the original image and thesegmented image. If the evaluation is bad, the learning module is a
tivated tobuild a new 
ase. The main advantage of 
ase based reasoning systems lies inthe easiness of their reasoning strategies. Nevertheless, the 
hoi
e of an adequate
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ases is an appli
ation dependent problem.In [Peng and Bahnu, 1998℄, an adaptive integrated image segmentation andobje
t re
ognition system is proposed and applied to re
ognize 
ars in outdoorimagery. The authors stress the importan
e of the adaptability to real world
hanges of the segmentation problem, in order to improve the interpretation pro-
ess. They propose to use the model mat
hing 
on�den
e degree as feedba
kto in�uen
e the segmentation pro
ess. A team of sto
hasti
 learning automata isused to represent both global and lo
al image segmentation. Reinfor
ement learn-ing is applied to 
lose the loop between model mat
hing and image segmentation.The main advantage of reinfor
ement learning is that it only requires knowledgeof the goodness of the system performan
e rather than details on the algorithm.As a 
onsequen
e, their method is independent of any segmentation algorithmbut dependent of the re
ognition algorithm.
2.1.3 Towards Cognitive VisionFrom the previous des
ribed approa
hes, two open problems still remain: �rst,knowledge a
quisition bottlene
k when a large amount of knowledge is neededand, se
ond, la
k of robustness when fa
ed with varying 
onditions. Thus, 
lassi-
al vision systems are often brittle. To over
ome this brittleness, a new dis
ipline
alled 
ognitive vision has re
ently emerged; a resear
h road-map 
an be foundin [ECVISION, 2005℄. A 
ognitive vision system is de�ned by its ability to rea-son from a priori knowledge, to learn from per
eptual information, and to adaptits strategy to di�erent problems. This new dis
ipline thus involves several ex-isting related ones (
omputer vision, pattern re
ognition, arti�
ial intelligen
e,
ognitive s
ien
e, et
.). Some systems have started to implement 
ognitive visionideas, mainly for human behavior re
ognition relying on di�erent te
hnologies.For example, in [Vin
ze et al., 2006℄ a 
ognitive system 
ombining low-level im-age 
omponents and high-level a
tivity reasoning pro
esses has been developedto re
ognize human a
tivities. This system integrates various te
hniques su
h as
onne
tionism, Bayesian networks, 
omponent framework, and roboti
s. A 
og-nitive vision platform has been proposed in [Hudelot and Thonnat, 2003℄ for there
ognition of 
omplex natural obje
ts in images with reusable 
omponents. Theauthors propose an original distributed ar
hite
ture based on three KBS for theinterpretation, the an
horing, and the image pro
essing levels. Con
erning theimage pro
essing KBS, they propose an image pro
essing ontology whi
h is appli-
ation independent but dependent on the data stru
tures of a library of programs.Program supervision te
hniques are used to manage the knowledge of programs.Finally, in their 
on
lusion, they stress the need of integrating ma
hine learningte
hniques for image segmentation to redu
e the ne
essary program supervisionknowledge and to improve the robustness of the semanti
 image interpretation.



2.2 Segmentation Approa
hes 112.1.4 Dis
ussionWe have presented the segmentation task through 
omputer vision approa
hes.We have seen that segmentation is a 
ru
ial task and demands strong e�ortsto vision system designers in building 
omplex and exhaustive knowledge bases.However, KBS are not approved unanimously by the 
omputer vision resear
h
ommunity. As Draper said [Draper et al., 1996℄, we must avoid to build adho
 systems, based on 
lose world assumptions. Even if program supervisionte
hniques gain to be used for enabling 
ontrol and reuse of vision algorithms, theystill fail to adapt themselves to unknown situations. The 
ognitive vision approa
hhas been re
ently introdu
ed to a
hieve more robust, reusable, and adaptable
omputer vision systems. This approa
h aims at endowing vision systems mostlywith learning and adaptability fa
ilities. In this 
ontext, the segmentation taskhas several 
hallenges to be ta
kled: starting from a generi
 solution (e.g., froma default parametrization), algorithms 
an be dynami
ally tuned by means oflearning te
hniques to rea
h the spe
i�
 goal de�ned by the user.To fully understand the segmentation problem, a �rst and essential task is todraw a state-of-the-art on existing approa
hes. This is the role of the next se
tion.2.2 Segmentation Approa
hesMany segmentation methods are based on two basi
 properties of the pixels inrelation to their lo
al neighborhood: dis
ontinuity and similarity. Methods basedon some dis
ontinuity property of the pixels are 
alled boundary-based meth-ods, whereas methods based on some similarity property are 
alled region-basedmethods. Before it 
an be properly stated, some fundamental 
on
epts have tobe spe
i�ed.2.2.1 De�nition of Image SegmentationImage segmentation 
an be formalized through its region-based de�nition as fol-lows:De�nition 1 (Image region) An image region R is a non-empty subset of theimage I, su
h that R ⊆ I,R 6= ∅A region does not need to be topologi
ally 
onne
ted. The existen
e of an unbro-ken path from one region element (i.e. a pixel) to another one inside the regionis su�
ient.De�nition 2 (Image partition) A partition of I is a set of n regions Ri, i =
1, . . . , n su
h that ⋃n

i=1Ri = I and Ri ∩Rj = ∅, ∀i 6= jThis de�nition states that the partition has to 
over the whole image and tworegions 
annot overlap.



12 State of the ArtDe�nition 3 (Image segmentation) For a 
ertain de�ned homogeneity predi-
ate H, a segmentation S of I is a partition of I whi
h satis�es: H(Ri) = 1,∀iand H(Ri ∩R|) = ∅ for Ri and Rj adja
ent, i 6= j.The �rst 
ondition states that ea
h region has to be homogeneous with respe
tto the predi
ate H. The se
ond 
ondition states that two adja
ent regions 
annotbe merged into a single region that satis�es the predi
ate H.The nature of the predi
ate H is the key-element of the de�nition of segmenta-tion. It 
an be based only on pixel values, or it 
an judge the high-level relevan
eof the partition. Sin
e the solution is not unique, this makes the segmentationan ill-posed problem in the sense of Hadamard. Then, to solve the problem, asolution 
onsists in de�ning the segmentation, i.e. de�ning a predi
ate H, forea
h level of abstra
tion. Figure 2.2 depi
ts possible segmentation results at ea
hlevel of Marr's 
omputational model. At the image-based level, pixels are groupeda

ording to their feature values (e.g., their gray value). The surfa
e-based leveldete
ts surfa
es, but not obje
ts; for example the ba
kground keeps its pat
hes.The obje
t-based level dete
ts a region per obje
t.
Figure 2.2: Ideal segmentation results at di�erent levels of Marr's vision 
omputational model.From left to right: original image, image-based level, surfa
e-based level, and obje
t-based level.2.2.2 Stati
 Image SegmentationSeveral surveys of segmentation te
hniques have been published. Three ofthem [Pal and Pal, 1993, Skarbek and Kos
han, 1994, Lu

hese and Mitra, 2001℄review about 300 publi
ations giving a fair overview of the state-of-the-art in seg-mentation at the image-based pro
essing level. Pal and Pal [Pal and Pal, 1993℄mainly evaluate algorithms for gray-valued images and introdu
e three of the �rstattempts to exploit 
olor information.Skarbek and Kos
han [Skarbek and Kos
han, 1994℄ 
on
entrate their surveyon 
olor image segmentation. They 
lassify the algorithms a

ording to the un-derlying 
on
epts of the homogeneity predi
ate H and identify four 
ategories:pixel-based, area-based, edge-based and physi
s-based approa
hes. Pixel-basedapproa
hes 
onsider a region as homogeneous, if the features of its elements be-long to the same 
luster in the feature-spa
e. Area-based te
hniques de�ne aregion as a set of 
onne
ted pixels obtained for instan
e by growing from seeds,by joining smaller pixel blo
ks or by splitting non-uniform regions. The third,
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hes 13edge-based group, de�nes regions as those sets of pixels delimited by inhomo-geneities or dis
ontinuities. This is the 
omplementary 
on
ept to area-based seg-mentation. Physi
s-based methods in
lude knowledge about physi
al propertiesof the image formation pro
ess to improve the dete
tion of regions 
orrespondingto obje
t surfa
es. Physi
s-based methods are 
ategorized in the 
urrent work assurfa
e-based te
hniques. They do not belong to the image-based stage, sin
e alladditional knowledge about physi
al properties of obje
t surfa
es 
annot be re-garded as part of a low-level homogeneity predi
ate, but rather as external higherlevel information about the analyzed s
ene.Lu

hese and Mitra [Lu

hese and Mitra, 2001℄ also review ex
lusively 
olorsegmentation approa
hes and use a similar 
ategorization: feature spa
e based,image domain based and physi
s based te
hniques. The 
ombination of area andedge-based methods into one image domain 
lass makes more sense nowadays,sin
e many modern approa
hes try to satisfy both 
on
epts simultaneously.2.2.2.1 Feature-Spa
e Based Approa
hesFeature-spa
e approa
hes generally negle
t spatial relationships between imagepixels and analyze ex
lusively the 
on�guration of their feature values. Algorithmsin this 
ategory delimit se
tions in the feature spa
e and assign the same regionlabel to all image pixels falling into the same se
tion. Two prin
iples are 
ommon.The �rst one �nds se
tions dete
ting peaks in unidimensional or multidimensionalfeature histograms. The se
ond one uses traditional 
lustering algorithms.Histogram thresholdingHistori
ally, histogram thresholding is one of the �rst used te
hnique for segment-ing images. Gray-level images histograms 
an be 
ommonly de
omposed intopeaks and valleys whi
h 
hara
terize obje
ts and ba
kgrounds. A good surveyon these te
hniques 
an be found in [Sahoo et al., 1988℄. Early methods for 
olorsegmentation work with several one-dimensional histograms, whi
h implies thatthe 
orrelation between di�erent dimensions is ignored. More re
ent algorithmswork in two or three dimensional 
olor spa
es and are 
hara
terized by di�erentte
hniques to robustly dete
t peaks and their 
orresponding boundaries in thefeature spa
e. The 
hoi
e of the 
olor representation often plays a major part.An additional problem of this approa
h is the usually required smoothing of thefeature spa
e in order to keep the size of data stru
tures tra
table. Many al-gorithms sear
h for peaks by approximating the histograms with a mixture ofGaussian, and fail if this assumption does not hold (a fa
t that, in real images, isalmost always the 
ase).Clustering te
hniquesClustering approa
hes 
an be interpreted as unsupervised 
lassi�
ation methods.Several 
on
epts are based on the k-means and fuzzy c-means 
lustering algo-rithms applied on di�erent 
olor and texture spa
es. One of the major drawba
ks



14 State of the Artof the original 
lustering methods is that the number of 
lusters (k) must be knowna priori. Several heuristi
s have been suggested to 
ompute k automati
ally basedon some image statisti
s. A well-known 
lustering-based segmentation algorithmis the meanshift [Comani
iu and Meer, 2002℄ approa
h whi
h introdu
es a methodto automati
ally dete
t di�erent bandwidths from the data for ea
h se
tion of thefeature spa
e. The major drawba
k of this 
on
ept is its 
omputational 
ost 
om-pared to simple k-means approa
hes. The generalization of the k-means algorithmfor 
olor images in
luding spatial 
onstraints is introdu
ed in [Chang et al., 1994℄.This algorithm 
onsiders the segmentation as a maximum a posteriori probabilityestimation problem. The algorithm starts with global estimates and progressivelyadapts the 
luster 
enters to the lo
al 
hara
teristi
s of ea
h region.2.2.2.2 Image-Domain Based Approa
hesAnother way to 
ope with the image-based segmentation problem is to 
omparethe feature values of ea
h pixel in the image-domain, i.e. pixels are 
omparedwithin prede�ned spatial neighborhoods. Two major groups of algorithms 
anbe identi�ed: the �rst one de�nes regions through the feature similarity betweentheir elements (area-based approa
hes). The se
ond one identi�es feature dis
on-tinuities as boundaries between homogeneous regions (edge-based approa
hes).Many modern segmentation strategies try to satisfy both 
on
epts simultane-ously [Munoz et al., 2003℄.Region Growing te
hniquesTraditional area-based te
hniques utilize one of two prin
iples: region growingor split-and-merge. Region growing methods assume the existen
e of some seed-points, to whi
h adja
ent pixels will be added if they ful�ll a homogeneity 
rite-rion. An extensive review is detailed in [Fan et al., 2005℄. The main advantage ofthese methods is the 
reation of spatially 
onne
ted and 
ompa
t regions, whi
h
ontrast with the usually noisy image partition obtained with pure feature-basedsegmentation approa
hes. They are frequently applied to separate one single ho-mogeneous obje
t (e.g., ba
kground) from the rest of the image, but using severalseeds positioned at di�erent obje
ts it is also possible to perform more sophisti-
ated segmentations. The required seed sele
tion is a subtask of this approa
h,whi
h 
an be solved by taking advantage of 
lustering methods or morphologi
aloperations, among others.Split-and-Merge te
hniquesSplit-and-merge algorithms pro
eed to su

essively divide an image into smallernon-overlapping regions while some similarity 
riterion is not met. A
ommon data stru
ture used to implement this pro
edure is the quadtreerepresentation whi
h is a multi-resolution s
heme. Delauney triangula-tion [Gevers and Smeulders, 1997℄ or Voronoi diagrams [Itoh and Matsuda, 1996℄
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hes 15are also employed as an alternative te
hnique to the rigid re
tilinear nature of thequadtree stru
ture. The end result of the splitting is an over-segmented image. Amerging pro
edure is then applied to join neighboring regions under the same ho-mogeneity predi
ate that was used for splitting. The 
omparison between adja
entregions 
an use simple statisti
s or 
an be based on more elaborated mathemati
almodels, like Markov Random Fields (MRF), whi
h also permit merging regionsof similar texture [Panjwani and Healey, 1995℄.Edge based te
hniquesEdges are dis
ontinuities in the feature 
hara
teristi
s (e.g., intensity) of adja
entpixels. The magnitude of the gradient of a gray-valued image has been typi
allyemployed, sin
e it is a relatively robust edgeness representation form. Its ap-proximation for dis
rete digital images has been analyzed in detail in the past.Most methods involve the use of well-known 
onvolution kernels, like the Roberts,Robinson, Prewitt, Kirs
h, or Sobel operators. The dete
tion of edge pixels is justthe �rst stage of any edge-based segmentation approa
h. Further pro
essing isne
essary in order to provide a valid segmentation as stated by De�nition 3. Sin
estandard dete
tors like Canny's [Canny, 1986℄ or SUSAN [Smith and Brady, 1997℄usually leave some gaps between obje
t boundaries, some me
hanisms are requiredto �ll them appropriately. Re
ently, a new generation of edge dete
tors based onthe Earth Mover's Distan
e have been proposed [Ruzon and Tomasi, 2001℄. Theyshow a better performan
e due to their 
apability to dete
t jun
tions and 
or-ners. However, their 
omputational 
ost is very high 
ompared to traditionalte
hniques. A 
lassi�ed and 
omparative study of edge dete
tion algorithms 
anbe found in [Shari� et al., 2002℄.Morphologi
al watershed segmentations [Vin
ent and Soille, 1991℄ 
an also be
ategorized as an edge-based approa
h. They work on a topographi
al edgenessmap, where the probability of a pixel to be an edge is modeled by its altitude. A��ooding� step begins whi
h �lls the valleys with water. The watershed lines aredete
ted when the water of two di�erent valleys en
ounters. The prin
ipal advan-tage of the watershed segmentation s
heme over other edge based te
hniques isthat it generates 
losed boundaries. The regions de�ned by the 
losed boundariesrepresent an over-segmentation of the image, sin
e the algorithm is sensitive tonoise. If the gradients are 
omputed at su

essively higher s
ales, the number oflo
al minima (i.e. �ood basins) in the gradient magnitude image will de
rease.The available te
hniques work on gray-valued images obtained usually as the gra-dient of the intensity.A
tive 
ontour models, also known as �snakes�, is another family of edge-basedalgorithms [Kass et al., 1988, Ronfard, 1994℄. An interesting and powerful prop-erty of an a
tive 
ontour model is its ability to �nd subje
tive 
ontours and inter-polate a
ross gaps in edge 
hains. An a
tive 
ontour model represents an obje
tboundary or some other salient one dimensional image feature as a parametri

urve that is allowed to deform from some arbitrary initial positions towards thedesired �nal 
ontour. The problem of �nding this initial 
ontour is 
ast as an



16 State of the Artenergy minimization problem with the intention that it yields a lo
al minimumof the asso
iated energy fun
tional. The original model in
orporates two inter-nal energy terms related to 
ontour smoothness and regularity. A
tive 
ontourmodels are well-adapted for segmenting obje
ts in noisy images but they requirea priori knowledge of the obje
t shapes. Good illustrations of su
h algorithmsare frequently found in medi
al appli
ations su
h as in [Jehan-Besson et al., 2004℄and in opti
al �ow segmentation as in [Herbulot et al., 2006℄.Hybrid Approa
hesAll previous methods have intrinsi
 drawba
ks that 
an be partially 
ompensatedby 
ombining di�erent te
hniques. For instan
e, 
lustering methods dete
t ho-mogeneous regions in the feature spa
e. However, sin
e spatial relationships areignored, the region boundaries in the image-domain are highly irregular. In re-
ent years, numerous te
hniques for integrating region and boundary informationhave been proposed. A detailed review of te
hniques to 
ombine area-based andedge-based approa
hes 
an be found in [Munoz et al., 2003℄. One of the mainfeatures of the hybrid approa
hes is the timing of the integration: embedded inthe region dete
tion, or after both pro
esses are 
ompleted. The most 
ommonway to perform integration in the embedded strategy 
onsists of in
orporatingedge. Region growing and split-and-merge are the typi
al region-based segmenta-tion algorithms [Zugaj and Lattuati, 1998℄. Post-pro
essing integration is basedon fusing results from single segmentation methods, attempting to 
ombine themap of regions (generally with thi
k and ina

urate boundaries) and the map ofedge outputs (generally with �ne and sharp lines, but dislo
ated) with the aimof providing an a

urate and meaningful segmentation. Another example of hy-brid approa
h 
an be found in [Chen and Wang, 2004℄ whi
h 
ombines 
olor andtexture-based segmentations using border re�nement.2.2.2.3 Obje
t Based Approa
hesWhile the image-based approa
h has been dealt with a relative su

ess, the 
hal-lenge of aggregating pixels into segments representing meaningful parts of obje
tsis mu
h di�
ult. In fa
t, segmentation is also 
losely related to the problemof extra
ting obje
t from images. One of the oldest approa
hes to obje
t-basedsegmentation is template mat
hing. The idea of template mat
hing is to 
reatea model of an obje
t of interest (the template, or kernel) and then to sear
hover the image of interest for obje
ts that mat
h the template. The simplestmethods, based on 
orrelation or 
omparable mat
hing operators, 
an only de-termine the position of the template. The main di�
ulty in this te
hnique stemsfrom the large variability in the shape and appearan
e of obje
ts within a given
lass. Consequently, the segmentation may not a

urately delineate the obje
t'sboundary.A re
ent development in this area is presentedin [Borenstein and Ullman, 2004℄ then updated in [Borenstein and Malik, 2006℄.
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hes 17The proposed approa
h relies on learnt pat
hes from training image samplesand a bottom-up pro
ess used to derive a segmentation graph. Partial templatesare used to dete
t obje
t parts of a given 
lass (horses in the experiment) bymat
hing to the segmentation graph, even though the global appearan
e ofthe obje
ts in the test images slightly di�ers from the learnt material. Themethods be
ome more 
omplex and time 
onsuming if further parameters likeorientation or s
ale need to be estimated. Sin
e the number of obje
ts and theirorientation in an image are unknown in the 
urrent appli
ation, the sear
h spa
efor mat
hing approa
hes be
omes intra
table.In [S
hnitman et al., 2006℄, an approa
h indu
ing semanti
 segmentation fromexamples is des
ribed. They argue that determining whether an entity belongsto a parti
ular semanti
 part is easier done at the fragment level than on a pixel-by-pixel basis. Starting from an example, pat
h sets representing a 
olle
tionof homogeneous fragments are built. Then, a test image is �rst over-segmentedand the labelling of ea
h fragment is indu
ed from the minimization of a globallabelling 
ost. They apply the graph-
uts multi-label optimization te
hnique for�nding the globally optimal labelling. Sin
e this example-based approa
h allowsto use a non-parametri
 model of the obje
t's parts, they assume that the learntfragment-label pairs are representative of the possible image variations, i.e. illu-mination, resolution, and s
ale 
hara
teristi
s. Finally, they 
on
ede that theirapproa
h is only appropriate for images depi
ting 
losely similar s
enes. A simi-lar approa
h is des
ribed in [He et al., 2006℄ where a probabilisti
 model assignslabels to ea
h region of an over-segmented image based on lo
al, global, and pair-wise features. As depi
ted by the author, their model a

ura
y is limited by therelian
e and the amount on training data.2.2.2.4 SummaryIn this se
tion, we have presented a dida
ti
 survey on image segmentation te
h-niques. The goal of this review was to familiarize the reader with 
lassi
al te
h-niques rather than to give an extended review of all existing algorithms. To givean overall view, a summary is drawn up in Table 2.1, inspired by the one presentedin [Alvarado Moya, 2004a℄.Finally, we 
an 
on
lude this study by making some important remarks, 
loselyakin to the 
on
lusions of [Skarbek and Kos
han, 1994℄ in their survey:1. General purpose algorithms are not robust and usually not algorithmi
allye�
ient.2. All te
hniques are dependent on parameters, 
onstants and thresholds whi
hare usually �xed on the basis of few experiments. Tuning and adaptingparameters is rarely performed.3. As a rule, authors ignore 
omparing their novel ideas with existing ones.4. As a rule, authors do not estimate the algorithmi
 
omplexity of their meth-ods.
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FeatureSpa
e

+ Dete
tion of homogeneity in a global 
ontext.
− Spatial relationship between pixels is ignored.
Histogram + Multiple 1D histogram methods are 
omputationally inexpensive
− Noise sensitive.
− 1D approa
hes ignore 
orrelation between di�erent feature spa
edimensions.
− Models used to �t histograms (e.g., multi-gaussians) usually do not
orre
tly mat
h the real distributions.
− Limited to binary segmentation problems.Clustering + Simultaneous 
onsideration of all dimensions of the feature spa
e.
+ Suitable for 
olor and texture segmentation.
+ Relatively e�
ient algorithms exist.
− Size or number of 
lusters must be known a priori.

ImageDomain
+ Produ
e smoother and more a

urate region boundaries than featurespa
e-based approa
hes.
− Edge dete
tors falls into the edge linking problem.
Area-based

+ Creation of 
onne
ted 
ompa
t regions.
+ Fast algorithms available.
− Key-parameters tuning 
an be a tri
ky task.Region growing + Suitable for segmentation of 
omplex obje
ts havinghomogeneous ba
kground.

− Prior information on optimal number and position of seedsmay be needed.
− Result depends on order in whi
h pixels are examinedSplit & Merge + Fast and �exible implementation.
− Traditional tessellation me
hanisms produ
e too 
oarsespatial quantization artifa
ts.

Edge-based Edge dete
tors + A

urate lo
al dis
ontinuity dete
tion
− Sensitive to noise and parameter 
hanges.Watershed + Dete
tion of 
losed 
ontours.
− Image is often over-segmented.Snakes + Robust to noise.
− Di�
ult automati
 initialization of the 
ontour.Hybrid + Combination of several methods 
an be appropriately adapted to the needs ofea
h appli
ation.

− High 
omputational 
ost.
Obje
t-based + Combine top-down and bottom-up approa
hes to a
hieve semanti
allymeaningful segmentation.
− Robustness relies on the learning 
apa
ities from examples or pat
hes.
− Appli
ability is restri
ted by appearan
e 
onstraints on obje
ts su
h shape ands
ale.Table 2.1: Comparison between di�erent image segmentation te
hniques.



2.2 Segmentation Approa
hes 195. It seems that separating pro
esses for region segmentation and for obje
tre
ognition is the reason of failure of general purpose segmentation algo-rithms.6. Several di�erent 
olor spa
es are employed for image segmentation. Never-theless, no general advantage of one of the 
olor spa
es with regard to theother 
olor spa
es has been found yet.2.2.3 Image Sequen
e SegmentationIdentifying moving obje
ts from a video sequen
e is a fundamental and 
riti
altask in video appli
ations su
h as video surveillan
e, tra�
 monitoring and analy-sis, human dete
tion, tra
king, and gesture re
ognition. We have seen in previousse
tions that segmenting semanti
ally meaningful 
omponents of a stati
 imageis fairly impossible with 
onventional approa
hes based on primitive grouping.In image sequen
es, it is more pra
ti
al to segment moving obje
ts from dy-nami
 s
ene with the aid of motion information 
ontained in it. The goal of thisse
tion is to give an overview of existing te
hniques devoted to the segmenta-tion of moving obje
ts in image sequen
es. We limit our review on te
hniquesdevoted to segment video frames 
aptured from a single stati
 
amera. A moredetailed review of segmentation of moving obje
ts in image sequen
e 
an be foundin [Zhang and Lu, 2001℄ and [Cheung and Kamath, 2004℄.Opti
al FlowThe displa
ement or opti
al �ow of a pixel is a ve
tor representing the mo-tion between a pixel in one frame and its 
orrespondent pixel in the followingframe [Barron et al., 1994℄. Traditionally, the motion 
al
ulation is pixel-based,exploiting the gradient 
ues [Horn and S
hun
k, 1992, Nagel and Gehrke, 1998,Stiller and Konrad, 1999℄. An advantage of this te
hnique is that it 
an be usedeven in presen
e of 
amera motion. A drawba
k of this te
hnique is that the 
om-putation of derivatives for ea
h pixel is often required, thus making the method
omputationally expensive. First-order motion sensors also su�er from the aper-ture problem, whi
h means that they 
an dete
t motion only perpendi
ular to theorientation of the 
ontour that is moving. While segmentation based on �nding�ow dis
ontinuities is straightforward, it is unlikely to a
hieve expe
ted resultswithout 
ombination with a spatial segmentation te
hnique. However, alterna-tives to this pixel-based approa
h exist. For instan
e, in [Coimbra et al., 2003℄the authors propose to use MPEG-2 motion ve
tors as a basis for obtaining themotion �eld. Then, they apply spe
i�
 rules and �lters to obtain a smooth motion�eld. In 
onsequen
e, this alternative is able to work in real-time 
onditions andto a
hieve region-based segmentation.
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kground ModelingA 
ommon approa
h for identifying the moving obje
ts is ba
kground subtra
tion,where ea
h video frame is 
ompared against a referen
e or a ba
kground model.Pixels in the 
urrent frame that deviate signi�
antly from the ba
kground are
onsidered to be moving obje
ts. These �foreground� pixels are further pro
essedfor obje
t lo
alization and tra
king. In order to distinguish between relevant
hanges due to motion of obje
ts or brightness 
hanges, and irrelevant temporal
hanges due to noise, the frame di�eren
e has to be 
ompared to a threshold
T . The reliable de
ision, that a spatial position (x, y) belongs to a 
hangedregion, is only possible if the frame di�eren
e ex
eeds this threshold. Basi
ally,the ba
kground model at ea
h pixel lo
ation is based on the pixel's re
ent history.In many work, su
h history is just the previous n frames, or a weighted averagewhere re
ent frames have higher weight. The ba
kground model is 
omputed asa 
hronologi
al average from the pixels history.Basi
 methods 
onsider ba
kground as the average or the me-dian [Prati et al., 2003℄ of the previous n frames. If this method is ratherfast, the memory requirement is n × size(frame). Without no more memoryrequirements, ba
kground is often modeled as the running average:

Bt+1(x, y) = α ∗ Ft(x, y) + (1− α) ∗Bt(x, y) (2.1)where α is the learning rate typi
ally equals to 0.005, Bt(x, y) is the ba
kgroundmodel value at the position (x, y) and at the time t, and Ft(x, y) is the 
urrentpixel value at the same position. In order to prevent the ba
kground model tobe polluted by foreground pixels, the running average 
an be a
hieved with asele
tivity 
riteria:
Bt+1(x, y) =

{

α ∗ Ft(x, y) + (1− α)Bt(x, y) ifFt(x, y)background
Bt(x, y) otherwise

(2.2)Based on a single value, the previous te
hniques fail to model multiple modalba
kground distributions. To 
ope with this issue, probability density fun
tions(pdf) of the ba
kground model 
an be estimated by �tting one Gaussian distribu-tion G(µ, σ) over the histogram [Wren et al., 1997℄. In that way, the ba
kgroundpdf is updated by the running average on µ and σ. This te
hnique has beenextended to deal with multimodal ba
kground histograms by using generalizedMixture of Gaussians (MoG) [Stau�er and Grimson, 1999℄ where the number ofmodes is arbitrarily pre-de�ned (usually from three to �ve). An in
rementalexpe
tation-minimization (EM) algorithm is used to learn and update the param-eters (µi,t, σi,t, ωi,t) of the model, where ωi,t is the portion of the data a

ountedfor by the i-th 
omponent. If MoG are widely used, the tuning of initial pa-rameters remains a di�
ult task. Moreover, depending on the learning rate andthe number of gaussians, MoG fa
es problems to �nd the best trade-o� betweenadaptability to fast variations versus robustness.To over
ome the weaknesses of MoG-based approa
hes, a non-parametri
 approa
h based on kernel density estimators (KDE) is proposed



2.2 Segmentation Approa
hes 21in [Elgammal et al., 2000℄ and updated in [Mittal and Paragios, 2004℄. Theba
kground pdf is given by the histogram of the n most re
ent pixel values, ea
hsmoothed with a Gaussian kernel. This te
hnique is able to adapt very qui
klyto 
hanges in the ba
kground model and to dete
t targets with high sensitivity.However, this non-parametri
 approa
h 
annot be used when long-time peri-ods are needed to su�
iently sample the ba
kground due mostly to memory
onstraints.Among the widely-used te
hniques, we 
an also 
ite those based on Kalman�ltering [Wren et al., 1997℄ and Meanshift estimation [Han et al., 2004℄. Anotherinteresting ba
kground subtra
tion approa
h is proposed in [Kim et al., 2005℄. Inthis paper, inspired by Kohonen [Kohonen, 1989℄ Self-Organizing Map (SOM),sample ba
kground values at ea
h pixel are quantized into 
odebooks whi
h rep-resent a 
ompressed form of ba
kground model for a long image sequen
e. Thequanti�
ation 
riteria is based on a 
olor distortion metri
 together with bright-ness bounds. The 
lusters represented by quantized values (
alled 
odewords) donot ne
essarily 
orrespond to a single Gaussian or other parametri
 distributions.The 
odebook representation has the advantage to be e�
ient in memory andspeed 
ompared with the previously des
ribed approa
hes. The major problem ofthese te
hniques is that no expli
it method is provided to 
hoose the foregroundthreshold or to tune the initial parameters. Moreover, no spatial 
orrelation isused between di�erent (neighboring) pixel lo
ations.Spatio-temporal Approa
hesTo address this issue, an integrated region and pixel-based information approa
hto ba
kground modeling is dis
ussed in [Cristani et al., 2002℄. The goal is to 
om-bine a region-based stati
 segmentation to a pixel-based motion segmentation inan adaptive manner in order to better manage sudden 
hanges in ba
kground.In [Seki et al., 2003℄, the authors exploit the strong 
orrelation of image varia-tions at neighboring image blo
ks to narrowly 
onstru
t their ba
kground model.In [Toyama et al., 1999℄ a three level ba
kground maintenan
e system is proposed.The pixel level 
omponent performs Wiener �ltering to make probabilisti
 pre-di
tions of the expe
ted ba
kground; the region-level 
omponent �lls in homo-geneous regions of foreground obje
ts; and the frame-level 
omponent dete
tssudden, global 
hanges in the image and swaps in better approximations of theba
kground. If spatio-temporal approa
hes overperform motion-based approa
hesin di�
ult situations, they are mu
h slower due to the 
omputation time neededby their spatial segmentation 
omponents and are sensitive to key-parameterstuning.2.2.4 Dis
ussionWe have reviewed the di�erent families of image sequen
e segmentation algo-rithms. A summary with performan
e 
omparison is given in Table 2.2. It 
anbe seen from this table that all robust segmentation algorithms are a
hieved at
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ost of high 
omputation 
omplexities. The 
odebook approa
h seems to bewell-adapted to 
ope with both mixture of gaussians and kernel density estima-tors issues but require a tedious parameter tuning stage to obtain optimal results.Combining spatial and temporal features is the key-element for improving imagesequen
e segmentation. However, more resear
h is needed to improve robustnessagainst environment noise with an a

eptable 
omputational 
ost.Approa
hes Strength Weakness ComputationComplexityOpti
al Flow motion dete
tiona

ura
y aperture problem,assumption onlo
al smoothness high
Ba
kgroundM
odeling Running Average simple toimplement, fast aperture problem lowMoG able to model
omplexba
kgrounds parameters tuning,fail to model fastvariations mediumKDE high sensitivity,qui
k adaption,non-parametri
 limited by memory
onstraints highCodebooks non-parametri
,fast, robust parameters tuning lowSpatio-temporal meaningfulsegmented regions slow highTable 2.2: Comparison between di�erent image sequen
e segmentation te
hniques.2.3 Segmentation Performan
e EvaluationConsidering the in
reasing number of segmentation algorithms, the problem ofperforman
e segmentation evaluation be
omes a primordial task. Two reasonsmotivate this statement: resear
hers must be able to 
ompare their algorithmto another ones, and end-users must be able to 
hoose an algorithm dependingon the problem to solve. Usually, segmentation results are visually assessed bythe algorithm's designer, whi
h only allows subje
tive and qualitative 
on
lusionson the algorithm performan
e. A generi
 method for the segmentation evaluationtask does not exist, but many approa
hes have been proposed and 
an be 
lassi�edinto two prin
ipal 
lasses: unsupervised methods and supervised methods (seeFigure 2.3). The �rst 
lass gathers the methods whi
h do not require any apriori knowledge of segmentation results to evaluate. Their prin
iple 
onsists inestimating empiri
al 
riteria based on image statisti
s. The se
ond 
lass groupstogether evaluation methods based on a priori knowledge as a referen
e segmentedimage, usually named a ground truth (GT). A good survey of all these methods
an be found in [Zhang, 1996℄ and in [Rosenberger et al., 2005℄.
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Figure 2.3: Segmentation evaluation diagram starting from an input image and returning asegmentation assessment value.The �rst goal of this se
tion is to give a non-exhaustive overview of 
lassi
al andpopular methods in order to draw their advantages and drawba
ks. The ultimategoal is to show that among the vast number of proposed approa
hes, some of them
ould be applied to rea
h both a good level of generi
ity for algorithm performan
e
omparison and a good level of �exibility to �t the user's requirements.2.3.1 Unsupervised Methods2.3.1.1 Empiri
al MethodsEmpiri
al methods rely on quantitative 
riteria from segmented images. Most ofthese 
riteria are established in a

ordan
e with the de�nition of (a good) region-based segmentation whi
h is based on the inter-region variability and the intra-region homogeneity. Among the most used and 
ited methods in the literature,we present hereafter some of them.In [Weszka and Rosenfeld, 1978℄, the authors proposed an intra-region uni-formity 
riterion that quantify the e�e
t of noise to evaluate thresholded images.Based on the same idea, Levine and Nazif also de�ned in [Levine and Nazif, 1985℄a 
riterion that 
al
ulates the uniformity of a region 
hara
teristi
 (e.g., gray-level,
olor, et
.) based on the varian
e of this 
hara
teristi
. Another 
riterion to mea-sure the intra-region uniformity was developed by Pal and Pal [Pal and Pal, 1989℄.It is based on a thresholding that maximizes the lo
al se
ond-order entropy of re-gions in the segmentation result. In the 
ase of slightly textured images, these
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riteria of intra-region uniformity prove to be e�e
tive and very simple to use.However, the presen
e of textures in an image often generates improper results dueto the overin�uen
e of small regions. Complementary to the intra-region unifor-mity, Levine and Nazif [Levine and Nazif, 1985℄ de�ned a disparity measurementbetween two regions to evaluate the dissimilarity of regions in a segmentationresult. Borsotti et al. [Borsotti et al., 1998℄ identi�ed this limitation of Liu andYang's evaluation 
riterion [Liu and Yang, 1994℄ and modi�ed it, so as to morestri
tly penalize the segmentation results presenting many small regions as wellas heterogeneous ones. These modi�
ations permit to make the 
riterion moresensitive to small variations of the segmentation result. Zeboudj [Zeboudj, 1988℄proposed a measure based on the 
ombined prin
iples of maximum inter-regionsdisparity and minimal intra-region disparity measured on a pixel neighborhood.This 
riterion has the drawba
k of not 
orre
tly taking into a

ount stronglytextured regions. Considering the types of regions (textured or uniform) in thesegmentation result, Rosenberger presented in [Rosenberger, 1999℄ a 
riterion thatenables to estimate the intra-region homogeneity and the inter-regions disparity.Re
ently, [Zhang et al., 2004℄ proposed an obje
tive evaluation metri
 based oninformation theory. The method uses the entropy as the basis for measuring theuniformity of pixel 
hara
teristi
s (the luminan
e in the paper) within a segmen-tation region. However, sin
e entropy is a global measure, it does not 
onsiderlo
al information or in
orporate any measure about the shapes of the regionsthemselves.2.3.1.2 SummaryThe major advantage of unsupervised methods is that they do not require theintervention of an expert, just the de�nition of a metri
 of quality measure bythe user is needed. Thus, these methods are totally automati
. However, de�ninga metri
 that 
ould mat
h all the segmentation obje
tives de�ned by the useris not a tri
ky task. Hen
e, quality measures are at best heuristi
, sin
e nospe
i�
 knowledge of obje
t(s) to segment is available. In general, the authorsnote that su
h methods are not well-adapted for textured images be
ause thetexture properties and the appli
ation are 
losely linked. Authors also point outthat a bias exists when using these methods for the assessment of algorithms basedon the same te
hnique: for instan
e, the evaluation of a segmentation algorithmrelying on a 
riterion of intra-region uniformity with an evaluation metri
 basedon the same 
riterion will inevitably produ
es biased measures. This tends to
onsider unsupervised performan
e evaluation method not very pertinent.2.3.2 Supervised MethodsReferen
e segmentations are a
hieved generally by hand or by generating syntheti
images. In the last 
ase, the ground truth data are obje
tive and pre
ise, in the
ontrary of subje
tive and impre
ise hand-made expert drawing. These methodstry to determine how far the a
tually segmented image is from the referen
e image
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e Evaluation 25in a quantitative manner.2.3.2.1 Region-based MethodsYasno� et al. proposed in [Yasno� et al., 1977℄ an intuitive set of 
lassi�
ationerror measures 
omputed from the pixel-wise 
lass 
onfusion matrix and based on
omparison of both pixel 
lass proportions and spatial distributions. The Vinet'sdistan
e [Vinet, 1991℄ is also a well-known measure. This distan
e 
omputes adissimilarity measure between two segmentations based on the maximal 
overingof regions. However, it does not take into a

ount all the information (among oth-ers the spatial dispersion of pixels). It assumes that two regions 
an be mat
hedif they have a maximal number of 
ommon pixels. This hypothesis is restri
tiveand favors big regions.2.3.2.2 Edge-based MethodsFor edge-based methods, there are three dis
repan
y measures (under-dete
tion,over-dete
tion, and lo
alization error) between edge pixels of the segmented im-age and edge pixels of the ground truth. One of the most used method isthe empiri
al measure proposed by Pratt [Pratt et al., 1978℄ based on the dis-tan
e between an edge pixel in the segmented image and the 
losest one inthe ground truth. This measure is not sensible to under-dete
tion errors andto erroneous shape but is sensible to over-dete
tion and lo
alization errors.Odet [Odet and Benoit-Cattin, 2002℄ proposes an interesting s
alable divergen
emeasure for a multi-s
ale error evaluation of binary segmentation by using a spa-tial notion.2.3.2.3 Multi-obje
tive Methods[Correia and Pereira, 2000℄ proposed a method whi
h relies on the evaluation ofea
h region by verifying several similarity 
onditions relating to shape, geometri
,edge pixel, and region 
ontent statisti
s. All theses measures are weighted in orderto mat
h with human evaluation results. In the same way, [Mezaris et al., 2003℄proposed an obje
tive evaluation metri
 whi
h takes into a

ount not only thea

ura
y of the boundary lo
alization but also the under and over-segmentatione�e
ts. In [Martin et al., 2004℄, the authors de�ne an interesting metri
 based onglobal and lo
al 
onsisten
y between segmentation of di�erent granularity (i.e.re�nement). The 
orresponden
e pro
edure is tolerant to small lo
alization er-rors and a
hieve good results in the 
olle
tion of the Berkeley image database.In the same way, Cardoso [Cardoso and Corte-Real, 2005℄ introdu
es, in a strongtheoreti
al study, two metri
s based on symmetri
 and asymmetri
 distan
es. Ev-eringham [Everingham et al., 2002℄, more than de�ning a new measure, attemptsto aggregate �tness fun
tions using the Pareto front. A solution is said to bePareto optimal if it is not dominated by any other solution in the sear
h spa
e.In 
omplex sear
h spa
es wherein an exhaustive sear
h is infeasible, it is very di�-
ult to guarantee Pareto's optimality. Therefore, instead of the true set of optimal



26 State of the Artsolutions (Pareto Set), one usually aims to derive a set of non-dominated solutionsas possible (Pareto Front) of the Pareto Set. More re
ently, [Zhang et al., 2006℄proposed a meta-evaluation framework in whi
h any set of base evaluation meth-ods are 
ombined by a ma
hine learning algorithm that 
oales
es their evaluationsbased on learnt weighted de
ision trees. The learning 
omponent tailors its perfor-man
e to a parti
ular set of images through the training data, whi
h is 
omposedof a set of examples, ea
h of whi
h in
ludes a raw image, two segmentations, anda label, provided by a human, indi
ating whi
h of the segmentations is the bestone. After the labelling of ea
h training image, a de
ision tree is 
omputed forea
h base evaluator. Ea
h internal node in a de
ision tree is set by 
onsideringdi�erent partitions of global image features (e.g., based on the LUV 
olor spa
e,wavelet 
oe�
ient) and segmentation attributes (e.g., number of regions, texturefeatures, et
.). This method improves the evaluation a

ura
y 
ompared to thestand-alone evaluators but it also requires heuristi
 knowledge of global imagefeatures to extra
t (whi
h 
olor spa
e, whi
h texture features, et
.?) and thresh-olds for the tree partitioning. Finally, obje
tive evaluation of video segmentationquality has also been studied. The main di�eren
e with stati
 image segmentationevaluation is the use of temporal a

ura
y and stability measures. A good review
an be found in [Correia and Pereira, 2003℄.2.3.2.4 SummaryThe use of a ground truth is double-edged: it makes this 
lass of methods po-tentially the most general and the less biased but this also supposes that groundtruth are easily available. From this study, it also 
learly appears that multi-obje
tive methods yield better results than stand-alone methods (edge-based orregion-based). However, the manner to 
ombine measures remains an issue.2.3.3 Dis
ussionIf we take a look at the number of publi
ations around the segmentation eval-uation problem, we 
an see that at present, this number is about one thousand
on
erning the segmentation algorithms, one hundred 
on
erning the evaluationmethods, and does not raise ten 
on
erning the 
omparison of evaluation meth-ods. If more e�orts have been re
ently put on segmentation evaluation, it is stilldi�
ult to de�ne wide-ranging performan
e metri
s and statisti
s. Several ex-planations justify this limitation: (1) no 
ommon mathemati
al model or generalstrategy for evaluation is available espe
ially for analyti
 methods, (2) no sin-gle evaluation 
an 
over all aspe
ts of segmentation algorithms, (3) appropriateground truths are hard to determine obje
tively. Then, to over
ome su
h lim-itations, potential resear
h dire
tions may explore methods 
ombining multiplemetri
s in an e�e
tive manner (e.g., using learning) and methods 
onsidering the�nal goal of the segmentation.Resear
h is 
urrently underway in terms of using these metri
s as a meanto optimize parameters within a segmentation algorithm or to sele
t the best



2.4 Segmentation Optimization 27adapted algorithm. This involves to use an optimization pro
edure whi
h is alsoa 
hallenge in the 
ontext of image segmentation. The next se
tion dis
usses thisissue.2.4 Segmentation OptimizationIn this se
tion, we address the problem of segmentation optimization by meansof algorithm parameter tuning and algorithm sele
tion. We �rst draw up a ba
k-ground on optimization te
hniques, then relate some optimization approa
hesused to optimize the segmentation by parameter tuning and algorithm sele
tion.2.4.1 Ba
kground on Optimization Te
hniquesThe basi
 goal of an optimization pro
ess is to systemati
ally �nd the values ofreal or integer variables that minimize or maximize an obje
tive fun
tion (see anexample on Figure 2.4). This result is 
alled an optimal solution. There are manyoptimization algorithms available (more than four thousands). However, somemethods are only appropriate for 
ertain types of problems. It is important to beable to re
ognize the 
hara
teristi
s of a problem and identify an appropriate so-lution te
hnique. Within ea
h 
lass of problems, there are di�erent minimizationmethods, whi
h vary in 
omputational requirements, 
onvergen
e properties, andso on. Optimization problems are 
lassi�ed a

ording to the mathemati
al 
har-a
teristi
s of the obje
tive fun
tion, the 
onstraints, and the de
ision variables.Interesting surveys on optimization te
hniques 
an be found in [Flet
her, 1987℄and more re
ently in [C. A. and P. M., 1996℄ and [Bliek et al., 2001℄. In this sub-se
tion, we do not intend to draw up a 
omplete review on optimization te
hniquesbut rather to summarize methods with spe
ial emphasis on the ones 
ompatiblewith our segmentation optimization purpose.

Figure 2.4: Simple un
onstrained optimizationThe main elements of any optimization problem are:Variable(s): The variables usually represent tunable free parameters of the prob-lem. They are not known when the problem starts.
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tive fun
tion: This is the mathemati
al expression that 
ombines thevariables to express the goal. The obje
tive fun
tion will be either maxi-mized or minimized in order to �nd the best solution of the problem (seeFigure 2.4).Constraint(s): In the 
ase of a 
onstrained problem, the 
onstraints are math-emati
al expressions that 
ombine the variables to express limits on thepossible solutions. For example, they may express that the value of thevariable x1 should always be smaller than the variable x2.Formally, an optimization problem 
an be des
ribed by:
min /max

x∈X
f(x), f : R

n → R, X ⊆ R
nwhere X = x1, . . . , xn is a n-dimensional variable and f is the obje
tive smoothfun
tion to minimize/maximize.The sear
h of fun
tion extrema is equivalent to solve a system of n equationswith n variables, linear or not:

∂f

∂xi
(x1; . . . ;xn) = 0 (2.3)A linear fun
tion subje
t to linear 
onstraints de�nes a linear programming 1 (LP)optimization problem stated in the form:

min
x∈X
{cT x : Ax = b, x ≥ 0} (2.4)where c ∈ R

n is the 
ost ve
tor and A ∈ R
n×m is the 
onstraint matrix. Thefeasible region des
ribed by the 
onstraints is a polytope, or Simplex, and atleast one member of the solution set lies at a vertex of this polytope. If theobje
tive fun
tion is not linear, it is a nonlinear programming (NLP) optimizationproblem. From the large literature on this subje
t, we 
an 
ite two re
ent surveyson LP [Ignizio and Cavalier, 1994℄ and NLP [Vasaru and Hong, 1996℄.Beyond these mathemati
al 
onsiderations, optimization methods are also 
las-si�ed within some 
omputing restri
tions. When users are fa
ed with problems forwhi
h fun
tion evaluations are very expensive (i.e. results of 
omplex 
omputersimulations), and/or it is not appropriate to determine derivatives dire
tly (e.g.,results from physi
al measurements), and/or data are noisy (e.g., the 
al
ulatedvalue of f depends on dis
retization or sampling on a grid) the following strategies
an be 
onsidered.Dire
t Sear
h MethodsThe �rst, and maybe simplest, is to apply dire
t sear
h optimization methods.This term appears in the paper [Hooke and Jeeves, 1961℄ but sin
e then, has1The word �Programming� is used here in the sense of �planning�: the ne
essary relationshipto 
omputer programming was in
idental to the 
hoi
e of name.
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ome a 
at
h-all phrase that is often applied to any optimization method thatdoes not require an expli
it representation of the gradient. Dire
t sear
h methodsare 
hara
terized by the absen
e of the 
onstru
tion of a model of the obje
tive. Inone hand, when the fun
tion to be optimized is smooth and its 
al
ulated valueshave full pre
ision, a standard option is to use �nite-di�eren
es (with a smallinterval) to obtain derivative estimates that are a

urate enough to be treated asexa
t gradients in a quasi-Newton method [Gill et al., 1981℄. In the other hand,this brings us to the problems of noise and nonsmoothness. The term non-smoothoptimization is typi
ally used in 
onne
tion with fun
tions that are dis
ontinuous,for example, in simulating a system that undergoes a dis
rete 
hange of state. Thebasi
 logi
 of the method is depi
ted in Figure 2.5.

Figure 2.5: The basi
 Dire
t-sear
h logi
The most known and widely used derivative free optimization method is theSimplex re�e
tion algorithm of Nedler and Mead [Nelder and Mead, 1965℄ or itsmodern variants [Lewis et al., 2000℄. The algorithm starts with an initial basi
feasible solution (bfs) and tests its optimality. If some optimality 
ondition isveri�ed, then the algorithm terminates. Otherwise, the algorithm identi�es anadja
ent bfs, with a better obje
tive value. The optimality of this new solutionis tested again, and the entire s
heme is repeated, until an optimal bfs is found.Sin
e every time a new bfs is identi�ed the obje
tive value is improved and theset of bfs's is �nite, it follows that the algorithm will terminate in a �nite numberof steps (iterations).In the N -dimensional spa
e, a Simplex is a polyhedron with N + 1 verti
es.Starting with an initial Simplex, the method iteratively updates the worst pointby four operations: re�e
tion, expansion, 
ontra
tion, and shrinkage. Figure 2.6illustrates these operations in a three-dimensional variable spa
e. Re�e
tion in-volves moving the worst point (verti
e) of the Simplex (where the value of theobje
tive fun
tion is the highest) to a point re�e
ted through the remaining Npoints. If this point is better than the best point, then the method attempts toexpand the Simplex along this line. This operation is 
alled expansion. On the
ontrary, if the new point is not mu
h better than the previous point, then theSimplex is 
ontra
ted along one dimension from the highest point. This pro
e-
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Figure 2.6: Four basi
 operations in the Simplex methoddure is 
alled 
ontra
tion. Moreover, if the new point is worse than the previouspoints, the Simplex is 
ontra
ted along all dimensions toward the best point andsteps down the valley. This pro
edure is 
alled shrinkage. By repeating this seriesof operations, the method �nds the optimal solution.We give the notation used to des
ribe formally the algorithm: Let qo be astarting point in segmentation algorithm parameter spa
e, and let λi, i = l, . . . , nbe a set of s
ales. Let ei, i = 1, . . . , n be n orthogonal unit ve
tors in n-dimensionalvariable spa
e, let pO, . . . , pn be (n + 1) ordered points in n-dimensional variablespa
e su
h that their 
orresponding fun
tion values satisfy fo 6 f1 6 . . . 6 fn,let p̄ =
∑n−1

i=0
pi

n
be the 
entroid of the n best (smallest) points, let [pipj] bethe n-dimensional Eu
lidean distan
e from pi to pj, let α = [prp̄]

[pnp̄] , β = [pcp̄]
[pnp̄] <

1, γ = [pep̄]
[pnp̄] > 1, σ ∈ [0, 1] be the re�e
tion, 
ontra
tion, expansion and shrinkage
oe�
ient, respe
tively, and let T be the threshold for the stopping 
riterion. Fora problem with n 
ontrol variables, the Nelder-Mead algorithm works as indi
atedin Figure 2.7.Dire
t sear
h methods and parti
ularly the Simplex algorithm remain popularbe
ause of their simpli
ity, �exibility, and reliability. That is why they have beenwidely applied in 
ontemporary te
hno-so
io-e
onomi
 appli
ations. The mainweakness of the Simplex algorithm is the requirement of initial parameter values
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Figure 2.7: The Simplex algorithm, with its four operations of re�e
tion, 
ontra
tion, expansion,and shrinkage.for sear
h exploration.Evolutionary AlgorithmsEvolutionary algorithms (EAs) are adaptive heuristi
 sear
h methods that taketheir inspiration from natural sele
tion and survival of the �ttest in the biologi
alworld. A good introdu
tion to this area is given in [As
hlo
k, 2006℄. EAs di�erfrom more traditional optimization te
hniques in that they involve a sear
h froma population (
alled 
hromosomes or the genotype or the genome) of solutions(
alled individuals or phenotypes), not from a single point. Ea
h iteration of anEA involves a 
ompetitive sele
tion that weeds out poor solutions. The solutionswith high �tness are sto
hasti
ally re
ombined with other solutions by swappingparts of a solution with another. Solutions are also mutated by making a small
hange to a single element of the solution. Re
ombination and mutation are usedto generate new solutions that are biased towards regions of the spa
e for whi
hgood solutions have already been seen. Pseudo-
ode for a geneti
 algorithm (GA),whi
h is the most popular type of EA is presented in algorithm 1.An e�e
tive GA representation and meaningful �tness evaluation are the keysof the su

ess in GA appli
ations. A standard representation of the solution is an



32 State of the ArtAlgorithm 1: Geneti
 Algorithm pseudo-
ode1: Initialize the population2: Evaluate the �tness of the initial population members3: repeat4: Sele
t pairs from the population to be parents, with a �tness bias5: Copy the parents to make 
hildren6: Perform 
ross-over on the 
hildren (optional)7: Mutate the resulting 
hildren (probabilisti
)8: Pla
e the 
hildren in the population9: Apply geneti
 operators to generate new solutions10: Evaluate the �tness of the 
hildren11: until some 
onvergen
e 
riteria are satis�edarray of bits as string of 0s and 1s. The main property that makes these geneti
representations 
onvenient is that they fa
ilitates simple 
rossover operation. Tra-ditionally, the initial population is generated randomly, 
overing the entire rangeof possible solutions (the sear
h spa
e). The next operations as sele
tion andreprodu
tion 
an be more spe
i�
, depending on the nature of the appli
ation.For instan
e, 
ertain sele
tion methods rate the �tness of ea
h solution and pref-erentially sele
t the best solutions. Other methods rate only a random sampleof the population, as this pro
ess may be very time-
onsuming. Popular andwell-studied sele
tion methods in
lude roulette wheel sele
tion and tournamentsele
tion. The pro
esses of sele
tion and reprodu
tion ultimately result in thenext generation population of 
hromosomes that is di�erent from the initial one.Generally the average �tness will have in
reased by this pro
edure, sin
e only thebest organisms from the �rst generation are sele
ted for breeding, along with asmall proportion of less �t solutions to keep the diversity of the population large,preventing premature 
onvergen
e on poor solutions. This generational pro
essis repeated until a termination 
ondition has been rea
hed. It 
an be based ona �xed number of generations, the highest ranking solution's �tness value or a
ombination of the above.In many problems, GAs may have a tenden
y to 
onverge towards lo
al optimaor even arbitrary points rather than the global optimum of the problem. Thismeans that it does not "know how" to sa
ri�
e short-term �tness to gain longer-term �tness. Obviously, it depends on the shape of the �tness lands
ape: 
ertainproblems may provide an easy as
ent towards a global optimum, others may makeit easier for the fun
tion to �nd the lo
al optima. To alleviate this problem, asolution is to use di�erent �tness fun
tions, in
reasing the rate of mutation, or toapply sele
tion te
hniques that maintain a diverse population of solutions. To thisend, it 
an be also quite e�e
tive to 
ombine GA with other optimization methods.For instan
e, simple hill 
limbing te
hniques are quite e�
ient at �nding absoluteoptimum in a limited region. Thus, alternating GA and hill 
limbing 
an improvethe e�
ien
y of GA while over
oming the la
k of robustness of hill 
limbing.



2.4 Segmentation Optimization 33Simulated AnnealingSimulated annealing (SA) is a generalization of a Monte Carlo approa
h for min-imizing multivariate fun
tions. Monte Carlo approa
hes are based on randomwalks in referen
e to the Monte Carlo 
asinos. Simulated annealing is a sto
has-ti
 sear
h method modeled a

ording to the physi
al annealing pro
ess whi
his found in the �eld of thermodynami
s. Annealing refers to the pro
ess of athermal system initially melting at high temperature and then 
ooling slowly bylowering the temperature until it rea
hes a stable state (ground state), in whi
hthe system has its lowest energy. The sequen
e of temperatures and the numberof iterations applied to thermalize the system at ea
h temperature 
omprise anannealing s
hedule. [Kirkpatri
k et al., 1983℄ initially proposed an e�e
tive 
on-ne
tion between simulated annealing and 
ombinatorial optimization, based onoriginal work by [Metropolis et al., 1953℄.To apply simulated annealing, the system is initialized with a parti
ular 
on�g-uration. A new 
on�guration is 
onstru
ted by imposing a random displa
ement.If the energy of this new state is lower than that of the previous one, the 
hange isa

epted un
onditionally and the system is updated. If the energy is greater, thenew 
on�guration is a

epted probabilisti
ally. This is the Metropolis step, thefundamental pro
edure of simulated annealing. This pro
edure allows the systemto move 
onsistently towards lower energy states, yet still `jump' out of lo
al min-ima due to the probabilisti
 a

eptan
e of some upward moves. If the temperatureis de
reased logarithmi
ally, simulated annealing guarantees an optimal solution.A pseudo-
ode is given in Algorithm 2.SA's major advantage over other methods is an ability to avoid be
omingtrapped at lo
al minima. The algorithm uses a random sear
h whi
h not onlya

epts 
hanges that de
rease obje
tive fun
tion f , but also some 
hanges thatin
rease it. The downside to SA is the need to set multiple parameters beforeexe
ution: initial temperature, 
ooling s
hedule, and halting 
riteria. Choosinggood parameters is a sear
h task in itself. The initial temperature must be largeenough to allow some freedom to make ba
kward moves, but not too large as tobe
ome totally random exploration of the sear
h spa
e. An exponential 
oolings
hedule is standard, but by no means ne
essary. The halting 
riteria is just asarbitrary as the initial temperature. Most of these settings require domain-spe
i�
knowledge about the problem to 
hoose appropriate values.Reinfor
ement LearningReinfor
ement learning (RL) is the problem fa
ed by an agent that mustlearn behavior through trial-and-error intera
tions with a dynami
 environ-ment [Kaelbling et al., 1996℄. There are two main strategies for solvingreinfor
ement-learning problems. The �rst is to sear
h in the spa
e of behav-iors in order to �nd one that performs well in the environment. The se
ond is touse statisti
al te
hniques and dynami
 programming (DP) methods to estimatethe utility of taking a
tions in states of the world. In the standard reinfor
e-
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ode1: Sele
t an initial state i ∈ S {S is the sear
h spa
e}2: Sele
t an initial temperature T > 03: Set the best state i∗ ← i4: Set temperature 
hange 
ounter t← 05: repeat6: Set Repetition 
ounter n← 07: repeat8: Generate state j = random(S)9: Cal
ulate δf ← f(j)− f(i) {f is the energy fun
tion}10: if δf < 0 then11: i← j12: if (f(i) < f(i∗) then13: i∗ ← i14: end if15: else if random(0, 1) < exp
(

− δf
T

) then16: i← j17: end if18: n← n + 119: until n = S(t) {S is the 
ooling s
hedule fun
tion}20: t← t + 121: T ← T (t) {T is the temperature de
rease fun
tion}22: until stopping 
riteria true23: return best found solution i∗ment learning model (i.e. when RL 
an be formulated as 
lass of Markov de
isionproblems), an agent is 
onne
ted to its environment via per
eption and a
tion.This model is s
hematized in Figure 2.8, on ea
h step of intera
tion the agent re-
eives as input some indi
ation of the 
urrent state, s, of the environment T ; theagent then 
hooses an a
tion, a, to generate as output. The a
tion 
hanges thestate of the environment, and the value of this state transition is 
ommuni
atedto the agent through a s
alar reinfor
ement signal, r. The agent's behavior, B,should 
hoose a
tions that tend to maximize the long-run sum of values of thereinfor
ement signal. It 
an learn to do this over time by systemati
 trial anderror, guided by a wide variety of algorithms. The most 
lassi
al model-free al-gorithms are temporal-di�eren
e learning (TD) and Q-learning. TD learning is a
ombination of Monte Carlo ideas and dynami
 programming ideas. Like MonteCarlo methods, TD methods 
an learn dire
tly from raw experien
e without amodel of the environment's dynami
s. Like DP, TD methods update estimatesbased in part on other learnt estimates, without waiting for a �nal out
ome (theybootstrap). The relationship between TD, DP, and Monte Carlo methods is are
urring theme in the theory of reinfor
ement learning. A good study of theseapproa
hes 
an be found in [Sutton and Barto, 1998℄ and [Kaelbling et al., 1996℄.Reinfor
ement learning di�ers from the more widely studied problem ofsupervised learning in several ways. The most important di�eren
e is that thereis no presentation of input/output pairs. Instead, after 
hoosing an a
tion the
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Figure 2.8: The standard reinfor
ement learning model.agent is told the immediate reward and the subsequent state, but is not toldwhi
h a
tion would has been in its best long-term interests. It is ne
essary forthe agent to gather useful experien
e about the possible system states, a
tions,transitions and rewards a
tively to a
t optimally. Another di�eren
e fromsupervised learning is that on-line performan
e is important: the evaluation ofthe system is often 
on
urrent with learning.This se
tion has reviewed several famous optimization methods. Althoughthis study is non-exhaustive, it will serve to appre
iate the following sub-se
tionswhere a state-of-the-art on segmentation optimization is drawn up.2.4.2 Algorithm Parameter OptimizationIn this sub-se
tion, we relate some work dealing with segmentation algorithmparameter optimization. All the following approa
hes rely on three independent
omponents: a segmentation algorithm with its free-parameters to tune, a seg-mentation quality assessment fun
tion and a global optimization algorithm asseen in Figure 2.9.

Figure 2.9: The segmentation parameter optimization framework.In [Bahnu et al., 1995℄, an adaptive image segmentation system using geneti
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h (GA plus hill 
limbing) methods for optimal parameter ex-tra
tion and learning is presented. The system in
orporates a feedba
k loop
onsisting of a ma
hine learning subsystem, a segmentation algorithm with twofree-parameters, and an evaluation 
omponent whi
h is a weighted 
ombinationof di�erent global and lo
al 
riteria. Experimental results on outdoor TV imageryare presented. The main advantage of the approa
h is that image features and ex-ternal image variables are represented and manipulated using both numeri
al andsymboli
 forms within the generi
 knowledge stru
ture. For example, this allowsto 
onstru
t a multiobje
tive evaluation fun
tion based on image 
olor features(i.e. numeri
al values) and environmental fa
tors su
h as the presen
e of rain orfog (symboli
 values). Although this interesting approa
h is des
ribed as beingvery fundamental in nature, it deserves deeper experien
es, i.e. to be tested onother algorithms and image databases, to fully demonstrate its potential.Another attempt to 
ontrol parameter of segmentation algorithms was 
on-du
ted in [Peng and Bahnu, 1998℄. The presented system applies delayed re-infor
ement learning to indu
e a mapping from input images to 
orrespondingsegmentation parameters. This is a

omplished by using the 
on�den
e level ofmodel mat
hing as a reinfor
ement signal for a set of learning agents to sear
hthe optimal parameters during training. The model is a polygonal representa-tion of the obje
t of interest and the evaluation pro
ess is not a
hieved at thesegmentation level but at the obje
t re
ognition level.In [Mao and Kanungo, 2000℄, the authors poses the automati
 training of apage segmentation algorithm as an optimization problem. A textline-based per-forman
e metri
 is de�ned to 
onstru
t a multivariate non-smooth fun
tion to beminimized with the Simplex algorithm. Starting from randomized initial parame-ters, the method founds optimal values in a

ordan
e with the obje
tive fun
tion.The optimization is performed for the four parameters simultaneously with a num-ber of fun
tion evaluations of 100 in mean. This makes the method suitable forother appli
ations. A
tually, this framework has been su

essfully applied for theparameter optimization of a video segmentation algorithm in [Gelas
a et al., 2003℄with a di�erent evaluation metri
 based on obje
tive spatial a

ura
y of regions.In [Pignalberi et al., 2003℄, a geneti
 algorithm is used to optimize theparametrization of two range image segmentation. The obje
tive �tness fun
tionis supervised and takes into a

ount two levels of errors (pixel level and surfa
elevel). The tested algorithms have up to ten parameters to tune. Results ob-tained with the method over-performs the segmentation quality for one algorithmagainst default parameters, and rea
hes similar quality for the other one but with-out having any knowledge about the nature of the parameters. They have alsoproposed an interesting extension of the approa
h in [Cinque et al., 2002℄ wherethe sear
h strategy 
ombines two te
hniques in 
as
ade: a geneti
 algorithm toobtain a rough seed point set and a simulated annealing to have a more pre
isere�nement of suitable solutions. They a
hieve quite similar results but above allshorten the required number of iterations. However, this implies to �nely tunethe SA's parameters whi
h is a tri
ky task.



2.4 Segmentation Optimization 37In [Abdul-Karim et al., 2005℄, an automated method is presented for sele
tingoptimal parameter settings for vessel/neurite segmentation algorithms using theminimum des
ription length prin
iple and a re
ursive random sear
h (RRS) al-gorithm. It trades o� a probabilisti
 measure of image-
ontent 
overage againstits 
on
iseness. The method is applied to 223 images of human retinas and 
ul-tured neurons, using a single algorithm with eight free parameters. Most of theimprovement in segmentation quality o

urs in the �rst hundred iterations of theRRS. However, the method is not fully automated sin
e the user have to set aparameter whi
h 
ontrols the trade-o� between 
overage and 
on
iseness.2.4.3 Algorithm Sele
tionIn this se
tion, we fo
us on the algorithm sele
tion problem. Here, the goal is notto �nd the best parameter setting but rather to �nd the most suitable algorithmamong several ones for a given segmentation task. Due to the still in
reasingnumber of algorithms, this problem has taken a big interest during the last de
ade.Basi
ally, resear
hers ta
kle the problem with two di�erent philosophies: modelrepresentation approa
h versus expert system approa
h.In [Xia et al., 2005℄, Xia et al. make the assumption that the 
hoi
e of asegmentation algorithm 
an be predi
ted from a global feature ve
tor. In otherwords, this means that a relationship between algorithm behaviors and globalimage 
hara
teristi
 variations 
an be easily established. More pre
isely, they at-tempt to dire
tly �nd the best adapted algorithm from image features by meansof learning te
hniques. Given a training image set and a set of algorithms, seg-mentation results are evaluated by users within four 
lasses (from worst to best)used to rank the algorithms. Then a predi
tor (a support ve
tor ma
hine, SVM)is trained using as input a feature ve
tor (a gray-level histogram) for ea
h train-ing image and as output the best ranked segmentation algorithm identi�er. Inuse mode, the feature ve
tor is 
omputed on the test image then the SVM re-turns the assessment value for ea
h tested algorithm. This approa
h is testedon a syntheti
 image base (1000 images with various noise levels) and with four
lassi
al unsupervised thresholding algorithms. Results demonstrates the a

u-ra
y of the proposed algorithm sele
tion model with 85% of 
orre
t 
lassi�
ations.The prin
ipal advantage is that this approa
h does not require (in using mode)any segmentation evaluation pro
ess as in trial-and-errors methods and thus, is
omputationally mu
h more e�
ient. The prin
ipal drawba
k is that the trainingpro
ess is imitated by the user assessment reliability. The task of visual algorithmranking is time-
onsumming and then hardly 
on
eivable in the 
ase of large imageand algorithm sets. As depi
ted by the authors, obje
tive performan
e evalua-tion 
riteria (i.e. automati
) should be investigated to free users from the tedioustraining stage.In [Zhang and Luo, 2000℄, the authors propose a framework for automati
 al-gorithm sele
tion based on knowledge driven hypothesis-and-test optimizationmodel. An expert system is designed to use evaluation knowledge, heuristi
knowledge, and high-level knowledge to segment an image with the best adapted
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onstru
ted by extra
ting basi
segmentation assessment 
riteria from 
omparison between segmentation resultsand syntheti
 image models. Another type of knowledge, 
alled high-level knowl-edge is also in
orporated into the base. It refers to a priori restri
tions aboutdomain dependent obje
t features (e.g., obje
t's size, shape, et
.). Based on su
hknowledge, three generi
 frame types are used in a bla
kboard representation: re-quest frame for input and output data estimation and measurements, target framefor 
ontrol operator 
hoi
e and evaluation, and operator frame for the parameterinitialization and operator adjustment. Tests are 
ondu
ted on various simplebiologi
al images with 
lassi
al thresholding algorithms. However, few detailsare given 
on
erning the evaluation metri
 and the degree of domain dependentknowledge used for the experimentation. Moreover, the di�
ulty to model seg-mentation knowledge into produ
tion rules, makes this approa
h unsuitable forsophisti
ated algorithms.Globally, the two approa
hes rely on strong hypothesis 
on
erning their �eldof appli
ations: variations between images must be easy to model, algorithm be-haviors within the images must be well-established, and high-level knowledge ofobje
ts to segment must be provided as a key-element of the performan
e evalua-tion. A
tually, the la
k of theory on segmentation rules out these approa
hes to beuniversally appli
able. Indeed, appli
ation domains with image variations di�
ultto model disable the model representation approa
h, and the expensive knowledgea
quisition task needed to build expert systems limits their appli
ability.2.4.4 Dis
ussionResear
hers have experien
ed many segmentation optimization approa
hes duringthe last de
ade. Almost all of the free derivative optimization te
hniques havebeen tested. In the worst 
ase, results of optimized segmentations are equivalentto the ones obtained with default parameters. In most of the 
ases, segmenta-tion quality is improved and time spent to tune algorithms is drasti
ally redu
ed.The authors present their frameworks as generi
 by nature and then widely ap-pli
able. This a�rmation is well-founded in an analyti
al point of view sin
e thethree main 
omponents are 
onsidered separately. Nonetheless, ea
h des
ribedframework has been set up for a parti
ular segmentation task where the �tnessfun
tion has been spe
i�
ally elaborated for the appli
ation using impli
it do-main knowledge. Thereby, it has not be proved how the �tness fun
tion 
ana�e
t the performan
e of the optimization. Moreover, if authors have often as-sessed their optimization methods against default segmentations, they did notmake any quantitative evaluation regarding to other optimization te
hniques. A
omparative study of optimization algorithms has to be done. Con
erning thealgorithm sele
tion problem, the model representation approa
h appears to bemore realisti
 in a 
omputing point of view as 
ompared to expert systems. How-ever, the learning framework based on image statisti
s seems too brittle for themajority of appli
ations where variations between images are di�
ult to model.



2.5 Con
lusion 392.5 Con
lusionIn this 
hapter, we have reviewed the segmentation task in the �eld of 
omputervision systems. If resear
hers agree that segmentation is one of the fundamentalproblem in 
omputer vision, the e�orts devoted to 
ope with this issue sin
e thelast four de
ades have still not led to a uni�ed solution. Most of the vision sys-tems are appli
ation dependent and their segmentation step is based on heuristi
rules for, as example, the tuning of algorithm parameters. It is, however, well-established that su
h a priori knowledge is determined by domain experts fromthe 
ontext in whi
h the segmentation takes pla
e. Hen
e, the generalization toother domain of appli
ation is strongly limited. Nonetheless, it appears that there
ent 
ognitive vision approa
h [ECVISION, 2005℄ has identi�ed some avenuesof resear
hes to 
ope with these limitations, as integration of ma
hine learningte
hniques into the knowledge a
quisition task.The non-uniqueness solution of the segmentation problem has also been ex-posed through the review of prin
ipal existing segmentation te
hniques (for bothstati
 and sequen
e of images) drawn in se
tion 2.2. From pure low-level ap-proa
hes to elaborated multi-
ues obje
t-based frameworks, none of them is ableto provide a 
omplete solution to general segmentation purposes without makingsome assumptions. Parti
ularly, we 
an highlight two re
urrent issues: �rst, thequality of the �nal results relies on the tuning of key-parameters, almost all algo-rithms; and se
ond, the la
k of dire
t algorithm 
omparison possibilities, like theavailability of sour
e 
ode or generalized standard testbeds makes the problemeven worse.In se
tion 2.3, a study on the segmentation performan
e evaluation problem,as a primordial task for algorithm 
omparison, is presented. The la
k of generaltheory on segmentation has also indu
ed a plethora of te
hniques for assessingthe performan
e of segmentation algorithms. In one hand, supervised approa
hessu�er from the subje
tivity of manual segmentations. In the other hand, unsu-pervised approa
hes are either designed for a spe
i�
 appli
ation, or too generi
to 
onsider the �nal goal of the segmentation. The most promising approa
hesare propably the 
o-evaluation frameworks [Zhang et al., 2006℄ whi
h attempt to
oales
e di�erent basi
 evaluation methods in order to build a goal-adapted �tnessfun
tion.The se
tion 2.4 has explored the segmentation tuning paradigm. To opti-mize the segmentation parametrization, resear
hers have developed several op-timization frameworks mainly based around three independent 
omponents: asegmentation algorithm, a performan
e evaluation fun
tion, and an optimizationalgorithm. All the authors argue that their frameworks are generi
 and 
ouldbe applied to wide range of appli
ations and algorithms. To rule on the generi
nature of the optimization framework, a deeper analysis of the impa
t of boththe 
hosen performan
e evaluation metri
 and the optimization algorithm on theresults is yet needed.
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Chapter 3Approa
h Overview3.1 Introdu
tionIn this 
hapter, we present an overview of our 
ognitive vision approa
h to imageand video segmentation. We have de�ned in 
hapter 1 the expe
tations of thesegmentation task in 
omputer vision systems (algorithm sele
tion and tuning,
ontext adaptation). We have seen in 
hapter 2 that these 
hallenging issues havebeen ta
kled by many di�erent approa
hes. Our goal is to propose a methodologythat takes the best of ea
h approa
h.In the 
ontext of 
ognitive vision, we propose a framework with a reusabilityproperty to ease the set up of the segmentation task in vision systems. More pre-
isely, our framework does not require image segmentation skills: the 
omplexityof this tri
ky task is hidden by means of automati
 algorithm parameter tun-ing and segmentation assessment. Moreover, the a
quisition of the segmentationknowledge is made 
onvenient by user-friendly intera
tivity.The se
ond property of 
ognitive vision we are aiming at is the property ofgeneri
ity. In our framework, the di�erent 
omponents are not appli
ation-dependent. Consequently, this framework 
an be used with di�erent segmentationalgorithms and for di�erent real-world appli
ations. In this 
hapter, we des
ribethe framework for adaptive image segmentation and adaptive video segmentation.Another property of our framework is its adaptation fa
ulty to image 
ontentand to appli
ation needs. To this end, we use learning te
hniques for dynami
algorithm sele
tion and parameter tuning.The following se
tions fo
us on the proposed methodology. The detailed de-s
ription and analysis of our solutions will be the topi
s of the three next 
hapters.3.2 The Proposed Approa
hOur approa
h is 
omposed of two modules: a supervised learning module whereknowledge of the segmentation problem is extra
ted and f from training data, anda se
ond module where this knowledge is dynami
ally used to perform an adaptive



42 Approa
h Overviewsegmentation of new images. This approa
h 
an be applied to image segmentationtasks (se
tion 3.2.2) and to video segmentation tasks (se
tion 3.2.3).3.2.1 HypothesesOur approa
h makes some hypotheses 
on
erning the segmentation algorithmsand the training data:
• Segmentation algorithms: we suppose that the free parameters of the seg-mentation algorithms are known as well as their range values.
• Training image set: we suppose that training images are available and rep-resentative of the expe
ted situations.
• Ground truth data: the supervised learning stage uses two kinds of groundtruth data: manual segmentations and semanti
 region labels. A manualsegmentation represents the expe
ted �nal result. We suppose that theuser is able to provide su
h manual segmentations for all of the trainingimages. Region labels help to re�ne a segmented image into a semanti
allymeaningful result. The user's task is thus to annotate some training samples(i.e. regions of the manual segmentations) in a

ordan
e with its needs.3.2.2 A Framework for Adaptive Image SegmentationOur proposed approa
h relies on two segmentation frameworks: a parameter op-timization framework and a region-based 
lassi�
ation one. The �rst frameworkaims to optimize bottom-up image segmentation by 
ontrolling of the algorithmsele
tion and parametrization. The se
ond framework relies on high-level seg-mentation knowledge (i.e. semanti
 region labels) to re�ne the segmentation ina top-down pro
ess. The goal is to train region 
lassi�ers w.r.t. the annotatedmanual segmentations of the training images. The learning module of the frame-work is sket
hed in Figure 3.1. It 
onsists in building a segmentation knowledgebase.

Figure 3.1: The learning module s
hema of the proposed framework for adaptive image segmen-tation.



3.2 The Proposed Approa
h 43The originality of our approa
h is to 
ombine these two frameworks in a 
omple-mentary manner: in a �rst step, segmentation is optimized by dynami
 algorithmsele
tion and parameter tuning. Then, the bottom-up segmentation is re�nedthanks to region labelling to a
hieve the expe
ted semanti
 segmentation. We de-s
ribe below the di�erent steps of the learning module: segmentation parametertuning, algorithm sele
tion, and semanti
 image segmentation.3.2.2.1 Learning for Segmentation Parameter TuningOur framework is able to optimize several free parameters of a segmentationalgorithm w.r.t. the parameter spa
e bounds. The optimization pro
edure is notembedded into the segmentation algorithm so as to be independent of its internalme
hanisms. Segmentation performan
e is evaluated using a global measure ofthe segmentation quality. To this end, manual segmentation of training images isused to assess segmentation errors. The de�nition of the performan
e evaluationmetri
 is thus a key-element of the pro
edure. We use a boundary pixel-basedmetri
 whi
h rates the missed and false dete
ted region boundary pixels againstmanual segmentation results. Then, a global optimization algorithm exploresthe parameter spa
e of the segmentation algorithm driven by the segmentationassessment, as sket
hed in Figure 3.2. At the end of the pro
ess, for ea
h trainingimage and for ea
h segmentation algorithm, an optimal parameter set and the
orresponding �nal assessment value are returned. The main advantage of thispro
edure is that the sear
h pro
ess is independent of both the segmentationalgorithm and the appli
ation domain. Therefore, it 
an be systemati
ally appliedto automati
ally extra
t optimal segmentation algorithm parameters. To enfor
e

Figure 3.2: Proposed segmentation parameter optimization framework. Input and output arein bold font.the relevan
e of our approa
h, we have tested it on several 
on�gurations in
ludingdi�erent optimization algorithms.



44 Approa
h Overview3.2.2.2 Learning to Sele
t a Segmentation AlgorithmIn our approa
h, the sele
tion of a segmentation algorithm is free of a priori knowl-edge of algorithm properties. The di�erent algorithms are 
ompared a

ordingto the segmentation quality. Obviously, getting a fair 
omparison involves thatea
h algorithm has been optimized beforehand. This step thus follows the param-eter tuning step. Segmentation is very sensitive to image variations. Hen
e, thesele
tion (and tuning) of an algorithm must be dynami
ally �tted to di�erent sit-uations (e.g., di�erent lighting 
onditions), that we 
alled 
ontexts. This sele
tionemphasizes the need of 
ontext modelling. We ta
kle this problem by performingan unsupervised 
lustering of the training images based on an analysis of globalimage 
hara
teristi
s like 
olor variations. At the end of the 
lustering pro
ess,ea
h 
luster gathers training images sharing similar global features, i.e. images ofthe same 
ontext. This pro
ess is shown in Figure 3.3.
Figure 3.3: Training image set 
lustering based on image-
ontent analysis. Input and outputare in bold font.Then, by ranking the �nal performan
e s
ores of the di�erent 
andidate seg-mentation algorithms, we 
an sele
t the one whi
h performs the best segmentationfor ea
h 
luster. Finally, for ea
h 
luster we asso
iate a 
ontext identi�er witha segmentation 
on�guration, i.e. the best ranked algorithm tuned with a meanparameter set 
omputed from optimal values (see Figure 3.4).

Figure 3.4: Learning s
hema for algorithm sele
tion. Input and output are in bold font.In the adaptive segmentation stage, the sele
tion of an algorithm is only basedon the image-
ontent analysis. So, the main advantage of this approa
h is thatthe algorithm sele
tion does not need to perform any segmentation, it is an apriori de
ision.



3.2 The Proposed Approa
h 453.2.2.3 Learning for Semanti
 Image SegmentationThe last step of our framework 
onsists in learning the mapping between highlevel knowledge of the segmentation task (i.e. expe
ted region labels) and region
hara
teristi
s (i.e. region features) as sket
hed in Figure 3.5. The main obje
-tive of this approa
h is to rea
h a semanti
ally meaningful segmentation from aninitial optimized pixel-based segmentation. The user �rst de�nes a set of 
lassesa

ording to the segmentation goal (e.g. ba
kground, foreground, obje
t of interest#1, obje
t of interest #2, et
.). This set is used to annotate regions of the manualsegmentations. Then, for ea
h training image, the regions of the previously op-timized segmentations are automati
ally annotated a

ording to the annotationsof the manual segmentation. The goal is to train region 
lassi�ers in order toimprove the quality of the segmentation by providing a semanti
 segmentation.Based on region features (e.g., 
olor distribution, texture features), a region 
las-si�er returns a predi
ate on the region label with probability estimates. The 
lasswith the best estimated probability is returned.

Figure 3.5: Proposed region 
lassi�er training s
hema. Input and output are in bold font.



46 Approa
h Overview3.2.2.4 Adaptive Image SegmentationSegmentating a new image (i.e. not belonging to the training set) is a
hieved bythe adaptive segmentation module in four steps (see Figure 3.6) using the seg-mentation knowledge base (learnt 
lusters of training images, learnt parameters,and trained region 
lassi�ers):1. Context Identi�
ation: a global feature ve
tor is extra
ted from the im-age. The feature ve
tor is 
lassi�ed among the previously identi�ed 
lusters.The 
lassi�
ation is based by assessing the distan
e of the feature ve
tor tothe 
luster 
enters.2. Algorithm sele
tion: from the identi�ed 
ontext, the 
orresponding seg-mentation algorithm with learnt parameters is sele
ted.3. Segmentation: the image is segmented using the sele
ted algorithm. Thisalgorithm is tuned with the learnt parameters spe
i�
 to the identi�ed 
on-text.4. Region labelling: for ea
h region of the segmented image, features areextra
ted and given as input to the region 
lassi�ers. The most probablelabel is assigned to the region. The �nal labelled partition representing thesemanti
 segmentation of the image is returned to the user.

Figure 3.6: Adaptive segmentation of an input image based on algorithm sele
tion, parametertuning, and region labelling.3.2.3 Adaptive Video SegmentationIn this task, the goal is to dete
t moving obje
ts (e.g. a person) in the �eld of viewof a �xed video 
amera. Dete
tion is usually 
arried out by ba
kground modellingmethods. In this situation, annotations of the di�erent 
lasses of foreground
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h 47obje
ts are useless. Only ba
kground is modeled. Consequently, the semanti
image segmentation step of our framework des
ribed in se
tion 3.2.2.3 is not used.Video segmentation algorithms 
an be de
omposed into two 
lasses: algorithmswhi
h rely on a training stage for ba
kground modelling (e.g., mixture of Gaus-sians or 
odebook models) and others (e.g., opti
al �ow, running average). In the�rst 
ase, the quality of segmentation mostly depends on the quality of the ba
k-ground model training. In the se
ond 
ase, it mostly depends on the parametriza-tion of some key paremeters, su
h as the dete
tion threshold. The learning stepof our framework for parameter tuning 
ould be used to learn the parametrizationof su
h algorithms. However, this implies to manually segment a lot of trainingsamples with foreground obje
ts. We prefer to spare the user this tedious task andwe fo
us more on the learning-based video segmentation algorithms. In this 
ase,strong e�orts have been done to 
ope with qui
k-illumination 
hanges or longterm 
hanges, but 
oping with both problems altogether remains an open issue.For this task, we propose an approa
h for dynami
 ba
kground model sele
tionbased on 
ontext analysis.Our approa
h is based on a preliminary weakly supervised learning module (seeFigure 3.7) during whi
h the knowledge about 
ontext variations is a
quired. Therole of the user is limited to establish a training image set 
omposed of ba
kgroundsamples that point out 
ontext variations. The 
lustering pro
ess of the trainingimage set is the same as the one des
ribed in Figure 3.3.

Figure 3.7: The learning module in video segmentation task.Here, the goal of 
lustering is to make the ba
kground modelling task more re-liable by restri
ting the model parameter spa
e. This approa
h is parti
ularlyinteresting for motion segmentation algorithms relying on a training stage ofmodels as mixture of Gaussians [Stau�er and Grimson, 1999℄ or 
odebook mod-els [Kim et al., 2005℄.For a new input image, global features are �rst extra
ted; then, a ba
kgroundmodel is sele
ted and �gure-ground segmentation is performed. A temporal 
on-text �ltering step is applied before segmentation to prevent from in
oming erro-neous 
ontext identi�
ation as sket
hed in Figure 3.8.
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h Overview

Figure 3.8: Adaptive �gure-ground segmentation s
hema based on 
ontext identi�
ation andba
kground model sele
tion.3.3 Con
lusionThis 
hapter has given an overview of our 
ognitive vision approa
h to image andvideo segmentation. We have presented a methodology whi
h aims at endowingthe segmentation task of vision systems with reusability, 
onvenien
e, gener-i
ity, and adaptation fa
ulties. The proposed framework 
an be applied for bothimage and video segmentation tasks. Our approa
h mainly relies on supervisedlearning te
hniques for segmentation algorithm sele
tion and parameter tuninga

ording to users' needs and image 
ontents. Training data, 
omposed of repre-sentative image samples with their manual segmentation and region annotationsare requested from the users. The main 
ontribution of our approa
h to adaptiveimage segmentation is to 
ombine, in a general s
heme, a bottom-up approa
h forparameter tuning and algorithm ranking with a top-down approa
h for semanti
image segmentation. Our framework 
an also be used for video segmentation.However, we propose an alternative learning module based on weak supervision,more appropriate to video segmentation tasks. Our main 
ontribution is at thelevel of ba
kground model sele
tion. Our approa
h enables to 
ontrol the sele
tionof di�erent ba
kground models by image 
ontent analysis.



Chapter 4A Framework for Adaptive ImageSegmentation4.1 Introdu
tionIn this 
hapter, we detail our framework for adaptive image segmentation intro-du
ed in Chapter 3. The framework is 
omposed of two modules: a learningmodule dedi
ated to extra
t and learn segmentation knowledge for algorithm se-le
tion, parameter tuning, and semanti
 segmentation; a module for adaptiveimage segmentation relying on the learnt segmentation knowledge.The �rst se
tion of the 
hapter fo
uses on the learning for segmentation param-eter tuning. We des
ribe our performan
e evaluation metri
 for the segmentationquality assessment and our optimization pro
edure. We also dis
uss the 
hoi
eof the optimization algorithm. The se
ond se
tion deals with our strategy forlearning to sele
t a segmentation algorithm based on image-
ontent analysis andalgorithm ranking. The third se
tion is devoted to the des
ription of our learningapproa
h for semanti
 image segmentation. The goal is to train region 
lassi�ersto improve the segmentation quality and provide a semanti
 segmentation. Thelast se
tion des
ribe the adaptive segmentation of new images based on the learntsegmentation knowledge.4.2 Learning for Segmentation Parameter TuningIn this se
tion, we detail our parameter optimization pro
edure. The goal isto optimize the parametrization of segmentation algorithms a

ording to groundtruth segmentations of training images. For this task, the user must provide:1. Manual segmentations of the training images with 
losed outlined regions.2. Segmentation algorithms with their free parameters, i.e. the sensitive pa-rameters to be tuned, as well as their range values. This kind of knowledgeis often given by the algorithm's author.



50 A Framework for Adaptive Image Segmentation4.2.1 Formalization of the Optimization ProblemLet I be an image of the training image set I, GI be its ground truth (e.g. manualsegmentation), A be a segmentation algorithm and pA a ve
tor of parameters forthe algorithm A. The segmentation of I with algorithm A is de�ned as A(I,pA).We de�ne the segmentation quality EA
I with the assessment fun
tion ρ as follows:

EA
I = ρ

(

A(I,pA), GI

) (4.1)The value EA
I is an assessment value of the mat
hing between the segmentationwhen using algorithm A and the ground truth. This 
an be a goodness measureor a dis
repan
y measure.The purpose of our optimization pro
edure is to determine a set of parametervalues p̂A

I whi
h minimizes/maximizes ρ:p̂A
I = arg min /maxpA

ρ
(

A(I,pA), GI

) (4.2)The �nal assessment value ÊA
I and the optimal parameter set p̂A

I make a pair sam-ple noted (p̂A
I , ÊA

I

). This pair forms the segmentation knowledge for the image Iand the algorithm A. The set of all 
olle
ted pairs 
onstitutes the segmentationknowledge set S su
h that:
S =

⋃

I∈I

(

p̂A
I , ÊA

I

) (4.3)One key-point of this optimization pro
edure is the de�nition of the assessmentfun
tion ρ. The quality of the �nal result varies a

ording to this �tness fun
tion.So the 
hoi
e of a segmentation performan
e evaluation metri
 is fundamental. Itis dis
ussed in the next se
tion.4.2.2 De�nition of the Segmentation Performan
e EvaluationMetri
As stated in se
tion 2.3, it is not obvious to sele
t a performan
e evaluation metri
be
ause no single metri
 
an 
over all aspe
ts of segmentation algorithms. Wepropose to use a boundary-based metri
 and evaluates the segmentation in termsof both lo
alization a

ura
y and the shape a

ura
y of the extra
ted regions.The biggest advantage of boundary-based metri
s against region-based metri
s istheir lower 
omputational 
ost. It is always faster to 
ount and 
ompare someboundary pixels than a lot of region pixels.The region boundary set for the ground truth and for the segmentation resultare noted BG
I and BA

I respe
tively. Two types of errors are 
onsidered: missingboundary rate eB
m and false boundary rate eB

f . The former, eB
m, spe
i�es theper
entage of the points on BG

I that are mistakenly 
lassi�ed as non-boundary
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f , indi
ates the per
entage of the points in BA

I that area
tually false alarms. Therefore,
eB
m =

|T1|

|BG
I |

and eB
f =

|T2|

|BA
I |

(4.4)where
T1 = {x | (x ∈ BG

I ) ∧ (x /∈ BA
I )}and T2 = {x | (x ∈ BA

I ) ∧ (x /∈ BG
I )}

(4.5)and |.| is the 
ardinal operator. We de�ne the segmentation quality EA
I with theassessment fun
tion ρ as follows:

EA
I = ρ

(

BA
I , BG

I

)

=
1

2

(

eB
m + eB

f

) (4.6)with EA
I ∈ [0, 1]. The value EA

I = 0 indi
ates perfe
t boundary pixel mat
hingbetween the segmentation result and the ground truth when using algorithm A.The value EA
I = 1 indi
ates that all pixels are mis
lassi�ed. However, it is easy toshow that this metri
 
omes up against unadapted response to under-segmentedresults, as illustrated in Figure 4.1. Segmentation in panel (a) shows two regionswith a quite good ground truth overlap, only three pixels are mis
lassi�ed. In thepanel (b), the segmentation shows only one region and the quality s
ore is logi
allyless than in (a). In the last panel (
), two regions are present but the 
enter regionbadly overlaps the 
orresponding ground truth 
enter region. In opposition withvisual assessment, the segmentation quality is worst than in Figure 4.1(
).The metri
 is improved by introdu
ing two weighting terms wB

f and wB
m whi
hquantify the average distan
e between mis
lassi�ed points to the ground truthboundary su
h that:

wB
m =

1

|T1|

∑

x∈T1

dist
(

x, x̌A
I

) (4.7)with x̌A
I the 
losest pixel to x belonging to BA

I , and
wB

f =
1

|T2|

∑

x∈T2

dist
(

x, x̌G
I

) (4.8)with x̌G
I the 
losest pixel to x belonging to BG

I . dist(x1, x2) is the eu
lideandistan
e between two pixels x1(u, v) and x2(u, v) in a 4-neighborhood su
h that:
dist(x1, x2) =

√

(

x1(u)− x2(u)
)2

+
(

x1(v)− x2(v)
)2 (4.9)Sin
e wB

f and wB
m have no �xed upper bounds, the normalization fa
tor isuseless and the segmentation quality measure be
omes:

EA
I = wB

m × eB
m + wB

f × eB
f

= 1
|BG

I
|

∑

x∈T1

dist
(

x, x̌A
I

)

+ 1
|BA

I
|

∑

x∈T2

dist
(

x, x̌G
I

)

(4.10)
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EA
I = 0.063 EA

I = 0.125 EA
I = 0.304Figure 4.1: Limitation of the segmentation evaluation metri
 when weighting terms (wB

m and
wB

f ) are not used.The sear
h of x̌A
I (resp. x̌G

I ) is made easier by the use of a distan
emap [Maurer et al., 2003℄ 
omputed from BA
I (resp. BG

I ). This operation isexempli�ed in Figure 4.2.
(a) region-based segmenta-tion 
omposed of 2 regions (b) region boundary repre-sentation of the segmenta-tion in (a) (
) distan
e map of (b), thegray-level value of a pixel repre-sents the eu
lidean distan
e tothe nearest boundary pixelFigure 4.2: An example of a distan
e map from a binary 
ontour segmentation.By taking ba
k the example in Figure 4.1 with the new de�nition of the eval-uation metri
, the values of EA

i for the 
ases (a), (b), and (
) are respe
tively
0.168, 0.75, and 0.679, yielding a good 
orrelation with a visual assessment.On
e our performan
e evaluation metri
 is de�ned, the goal is now to minimizethe segmentation error EA

I in order to learn optimal segmentation parameters.



4.2 Learning for Segmentation Parameter Tuning 53This is the role of our 
losed-loop global optimization pro
edure.4.2.3 Choi
e of the Optimization AlgorithmOf primary importan
e in this optimization pro
edure is �nding an optimal seg-mentation parameter setting p̂A
I for ea
h I ∈ I. We also aims at providing agood evaluation study of the tested optimization te
hniques in terms of perfor-man
e versus 
omputational 
ost and parameter setting. In the family of freederivative te
hniques, we propose the following 
riteria to assess the optimizationalgorithms:1. Sin
e the segmentation of an image is the most expensive pro
ess in theoptimization loop, the number of maximum segmentation algorithm 
allsmight be set as a parameter. Indeed, even if the ultimate goal of an op-timization pro
edureis to �nd a global optimum, the 
omputational 
ostshould remain realisti
.2. The optimization algorithm must be able to 
onverge whatever the evalu-ation pro�le, i.e. robust enough to �nd (quasi-)global optimum of variousnon-smooth fun
tions.3. The �nal quality of the optimization pro
edure should no be too depen-dent of the tuning of the optimization algorithm parameters, whatever thesegmentationalgorithm.We have seen in our survey (see se
tion 2.4.2) that several optimization te
hniqueshave been applied to ta
kle the segmentation optimization problem. Although allof them are suitable with our problem, no 
omparative study exists to help us inour 
hoi
e. Thus, we have de
ided to fo
us on two te
hniques whi
h are worthbeing 
ompared. The �rst one is the Simplex algorithm [Nelder and Mead, 1965℄and the se
ond is a standard geneti
 algorithm [Goldberg, 1989℄ using non-overlapping populations and optional elitism. In one hand, simplex is easy to use,fast to 
onverge, but requires to de�ne a initializing strategy (starting point(s) andstarting step) and do not guarantee to �nd a global optimum. In an other hand,geneti
 algorithms are robust but are slower to 
onverge and their parametersmust be set 
arefully. Table 4.1 summarizes the set up of these two algorithms.4.2.4 Dis
ussionIn this se
tion, we have presented our approa
h for learning the parametrizationof segmentation algorithms. Our optimization pro
edure relies on three indepen-dent 
omponents: a segmentation algorithm, a performan
e evaluation metri
,and an optimization algorithm. The goal is to �nd a parameter set to a
hieve asegmentation as 
losed as possible to the ground truth segmentation. We have de-�ned a supervised quantitative evaluation metri
 assessing the mat
hing betweenthe segmentation result and the manual segmentation. This metri
 is broadlyusable sin
e it mainly relies on generi
 
on
epts (false and missed boundary pixel
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ant parameters to tuneSimplex (see Figure ??) Geneti
 Algorithm
• starting values: pA(t0) • initial population size
• starting step values: pA(t0 + 1) • initial number of generations
• ending 
riteria = f(max nb of 
alls, T ) • number of generations to 
onvergen
e
• simplex 
oe�
ients (α, β, γ, σ) • 
ross-over probability rate
• maximum number of 
alls • mutation probability rateTable 4.1: Optimization algorithm parameters.rates). The simplex algorithm and a geneti
 algorithm are preferred to solve theoptimization problem for their ability to optimize a large spe
trum of non-smoothfun
tions. The main di�
ulty lies in �nding the right parametrization of these al-gorithms to prevent from ex
essive 
omputation time or weak performan
e. Thispoint will be a part of our evaluation study in the next 
hapter.After all pair samples (p̂A

I , ÊA
I

) have been extra
ted for all segmentation algo-rithms to test, the next step is to sele
t and tune the one(s) whi
h will be learnt.The following se
tion dis
usses our sele
tion strategy.4.3 Learning to Sele
t a Segmentation AlgorithmThe previous parameter optimization step allows us to obje
tively 
ompare thesegmentation algorithms with regards to their best performan
e s
ores ÊA
I . Astraightforward strategy for the sele
tion of an algorithm is thus to take the�rst best. Nevertheless, the problem be
omes more di�
ult when the trainingimages are heterogeneous, due for instan
e to global or lo
al variations in theba
kground. In this 
ase, one segmentation algorithm 
ould be the best adaptedfor the segmentation of a training image subset and another one for another subset.We propose to ta
kle this problem by asso
iating one algorithm per subset. Morepre
isely, we �rst identify the di�erent subsets from the whole training imageset and then rank the segmentation algorithms for ea
h identi�ed subset. Thenext two se
tions details this twofold strategy based on algorithm ranking andimage-
ontent analysis.4.3.1 A Sele
tion Strategy Based on Algorithm RankingA �rst strategy to the algorithm sele
tion problem is to perform a global ranking ofthe algorithms and to sele
t the best one. Let us illustrate it with a toy example asin Figure 4.3. The graph on the left represents the performan
e of three optimizedsegmentation algorithms applied on �ve di�erent images. The best segmentationquality 
orresponds to EA

I = 0. In this example, the best algorithm is the oneperforming the best average performan
e on the image set, i.e. the algorithm 3with a mean s
ore of 2.6.
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ÊA

IAlgo 1 Algo 2 Algo 3
I1 5.5 2.0 3.0

I2 7.0 2.5 3.0

I3 7.5 5.0 0.5

I4 4.5 4.5 4.5

I5 5.0 1.5 2.0mean 5.9 3.1 2.6Figure 4.3: Algorithm sele
tion in a toy problem with �ve images and three segmentationalgorithms. The values of the table 
orrespond to the segmentation quality ÊA
I .For ea
h algorithm, a mean parameter set p̄A is 
omputed as follows:p̄A =

1

|IA|

∑

I∈IA

p̂A
I (4.11)where IA is the set of training images for whi
h the algorithm A has obtainedthe best evaluation results among the other algorithms. Then, for ea
h trainingimage and ea
h algorithm A tuned with p̄A, the segmentation quality is 
omputedagain. The algorithm having the best average performan
e on the training imageset is �nally sele
ted.This sele
tion strategy 
omes to sele
t the robustest algorithm based on ob-je
tive 
omparisons, i.e. the algorithm whi
h 
an deliver the best results for thetraining image set with a globally relevant parameter set. However, this straight-forward ranking approa
h has two major drawba
ks. First, by sele
ting onlyone algorithm and averaging its parameters, it redu
es the previously extra
tedsegmentation knowledge amount to one mean 
ase. Se
ond, even if the sele
tedalgorithm overperforms the others in most of the 
ases, the parameter averaging
an have disastrous e�e
ts on the algorithm performan
e. Su
h a situation isillustrated in Figure 4.4. Let us 
onsider two images 
omposing IA, i.e. I3 and

I4. On the two graphs, we show their evaluation pro�les (i.e. the drawing of theevaluation �tness fun
tions) with two di�erent possible shapes for I3. For simpli
-ity, we suppose that pA is redu
ed to one parameter (i.e. 1D pro�le). It is easyto understand that averaging optimized parameters in the left graph will weakenthe algorithm performan
e for both images I3 and I4. In the graph on the right,the averaging is less problemati
 sin
e the pro�le shapes are more 
orrelated.Finally, ranking algorithms and 
omputing a mean parameter set is reliableunder the following assumptions:
• The sele
ted algorithm is robust enough to provide good results over thewhole image set.
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(a) non-
orrelated evaluation pro�les: av-eraging parameters is unsuitable. (b) roughly 
orrelated evaluation pro�les:averaging parameters is suitable.Figure 4.4: Consequen
e of parameter averaging in di�erent evaluation pro�le 
ases.
• The evaluation pro�les of the images must be quite good 
orrelated to makethe parameter averaging plausible.Depending on the appli
ation and the segmentation algorithms, these assumptionsare more or less reasonable. That is why we also propose to sele
t the algorithmdepending on the image 
ontents.4.3.2 An Algorithm Sele
tion Approa
h Based on Image-Content AnalysisThe se
ond part of our strategy for algorithm sele
tion is to ta
kle the problema priori of the segmentation. In this 
ase, the goal is not to dire
tly sele
t thealgorithm depending on its relative performan
e evaluation but depending on theimage to segment. Usually, variations between images lead to a variability inthe segmentation. As a 
onsequen
e, similar images should be segmented withthe same algorithm and di�erent images should be segmented with di�erent algo-rithms or di�erent parameter setting. These variations 
an be indu
ed by 
hangesin ba
kground appearan
e, 
hanges in illumination sour
e, 
hanges in imagery de-vi
e 
on�guration and so on. The goal is to identify the di�erent situations leadingto di�erent segmentation 
on�gurations. To this end, we de�ne the 
ontext of animage as the quantitative representation of its lo
al and global 
hara
teristi
s.Pra
ti
ally, the 
ontext is des
ribed by a d-dimensional feature ve
tor v(I) ex-tra
ted from the whole image (e.g., a 
olor histograms). The algorithm sele
tionproblem 
an be formalized as follows:

f : R
d −→ S

v(I) 7−→ (A, p̂A)
(4.12)
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t a Segmentation Algorithm 57However, it is impossible to 
ontinuously predi
t the algorithm behavior a

ordingto image variations and therefore the fun
tion f 
annot be seen as a regressionmodel. Our approa
h is to ta
kle this modelling problem by applying an unsu-pervised 
lustering of the training images to identify the di�erent 
ontexts, i.e.
lusters of images having similar feature ve
tors.In our experiments, we have used a Density-Based Spatial 
lustering algorithm
alled DBS
an proposed by Ester et al. [Ester et al., 1996℄. This algorithm is well-adapted for 
lustering noisy data of arbitrary shape in high-dimensional spa
e ashistograms. Starting from one point, the algorithm sear
hes for similar points inits neighborhood based on a density 
riteria to manage noisy data. Non 
lusteredpoints are 
onsidered as `noise' points. The runtime of the algorithm is of theorder O(n log n) with n the dimension of the input spa
e. DBSCAN requires onlyone 
riti
al input parameter, the Eps-neighborhood, and supports the user indetermining an appropriate value for it. A low value will raises to many small
lusters and may also 
lassify a lot of points as noisy points, a high value preventsfrom noisy point dete
tion but produ
es few 
lusters. A good value would be thedensity of the least dense 
luster. But it is very hard to get this information onadvan
e. Normally one does not know the distribution of the points in the spa
e.If no 
luster is found, all points are marked as noise. In our approa
h, we setthis parameter so as to have at the most 15% of the training images 
lassi�ed as`noise' data.We denote κ a 
luster of training images belonging to the same 
ontext θ. Theset of the n 
lusters is noted K = {κ1, . . . , κn} and the 
orresponding 
ontext set
Θ = {θ1, . . . , θn}. On
e the 
lustering is done, 
lusters are learnt. Then, for ea
h
luster (i.e. images of the same 
ontext), segmentation algorithms are ranked andthe best one is learnt by following the same strategy as des
ribed in se
tion 4.3.1.We obtain a dis
rete fun
tion f taking a 
ontext identi�er θ as input and returningan algorithm A with a mean parameter setting p̄A su
h as:

f : Θ −→ S

θ 7−→ (A, p̄A)
(4.13)The prin
ipal purpose of this strategy is to over
ome the drawba
ks of the pureglobal ranking strategy by dividing the solution spa
e S and by restri
ting theranking pro
ess onto ea
h subspa
e. The main advantage on ranking algorithmsinside a subspa
e is that evaluation pro�les are likely more 
orrelated.4.3.3 SummaryIn this se
tion, we have shown that the algorithm sele
tion problem 
annot beseparated from the parameter tuning problem. This statement means that a so-lution to the algorithm sele
tion issue is 
omposed of both an algorithm and aparameter setting. We have des
ribed our twofold strategy for learning the algo-rithm sele
tion based on algorithm ranking and image-
ontent analysis. Startingfrom a training image set and segmentation algorithms, our approa
h �rst iden-ti�es di�erent situations based on image-
ontent analysis, then sele
t the best
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h identi�ed 
ontext based on opti-mized parameter values. At the end of the learning pro
ess, 
ontexts are learntwith their asso
iated pairs (A, p̄A).The next step is devoted to semanti
 image segmentation.4.4 Learning for Semanti
 Image SegmentationIn this se
tion, we propose an approa
h for semanti
 image segmentation basedon high-level knowledge a
quisition and learning. Even if the segmentation isoptimized, low-level segmentation algorithms 
annot rea
h a semanti
 partition-ing of the image. Thus, 
ompared to the ground truth, some regions remainover-segmented, as illustrated in Figure 4.5. If we 
an assign the right label toea
h region, neighboring regions with similar labels are merged and, as a 
on-sequen
e, the residual over-segmentation be
omes invisible. This means to beable to map region features onto a symboli
 
on
ept, i.e. a 
lass label. Weuse the example-based modelling approa
h as an impli
it representation of thelow-level knowledge. This approa
h has been applied su

essfully in many ap-pli
ations su
h as dete
tion and segmentation of obje
ts from spe
i�
 
lasses(e.g., [S
hnitman et al., 2006, Borenstein and Malik, 2006℄). Starting from repre-sentative pat
h-based samples of obje
ts (e.g., fragments), modelling te
hniques(e.g., mixture of Gaussian, neural networks, naive Bayes 
lassi�ers) are imple-mented to obtain 
odebooks or 
lass-spe
i�
 dete
tors for the segmentation ofimages. Our strategy follows this impli
it knowledge representation and asso-
iates it with ma
hine learning te
hniques to train region 
lassi�ers. The followingsub-se
tions des
ribe this stage in details.4.4.1 Class Knowledge A
quisition by Region AnnotationsIn our 
ase, region annotations represent the high-level information. This ap-proa
h assumes that the user is able to gather, in a �rst step, a representative setof manually segmented training images, i.e. a set that illustrates the variability ofobje
t 
hara
teristi
s whi
h may be found. Then, the user must de�ne a domain
lass di
tionary 
omposed of k 
lasses as Y = {y1, . . . , yk}. This di
tionary mustbe designed a

ording to the problem obje
tives. For instan
e, y1= ba
kground
lass, y2= obje
t 
lass #1, et
. On
e Y is de�ned, the user is invited, in a super-vised stage, to label the regions of the manually segmented images with respe
tto Y. From a pra
ti
al point of view, an annotation is done with the help of agraphi
al user interfa
e we have developed. This tool allows to intera
t with aregion-based segmentation of an image by 
li
king into a region r and by sele
tingthe desired 
lass label y (see Figure 4.6).At the end of the annotation task, we obtain a list of labeled ground truthregions whi
h belong to 
lasses de�ned by the user. Sin
e the segmentation resultis not exa
tly the same than the manual segmentation, the next step is to map,for ea
h training image, the labels of ground truth regions onto the regions of the
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(a) original image (b) ground truth

(
) segmentation with default param-eters (d) segmentation with optimized pa-rametersFigure 4.5: An example of a parameter optimization loop. The �nal result (d) is not perfe
tsin
e some regions are over-segmented with respe
t to the ground truth (b).
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Figure 4.6: Region annotations with the developed graphi
al tool.region map RA
I resulting from the segmentation of the image I with the sele
tedalgorithm A tuned with the parameter set p̄A, as des
ribed in se
tion 4.3. Themapping is done by majority overlap su
h as for ea
h region r ∈ RA

I ,
y(r) =

{

yi

∣

∣i = arg maxhr, if max h(r)
|r| > T

y0, else
(4.14)with |r| the number of pixels of the region r, T a threshold, and h(r) =

{h1(r), . . . , hi(r), . . . , hk(r)} the label histogram of the region r su
h that fora pixel u and a label yi, hi(r) = card {u ∈ r | y(u) = yi} , i ∈ 1, . . . , k.If the ratio of the most represented 
lass in r does not rea
h the threshold T(here �xed at 0.8), the region label is set to y0 /∈ Y. This prevents from labelingbadly segmented region as sket
hed in Figure 4.7.We also denote the set of all region annotations RAI su
h as:
RAI =

⋃

I∈I

⋃

r∈RA
I

{y(r) | y(r) 6= y0} (4.15)and the set of all annotated regions RI su
h as:
RI =

⋃

I∈I

⋃

r∈RA
I

{r | y(r) 6= y0} (4.16)For ea
h region, a feature ve
tor x(r) is extra
ted and makes with the label a pairsample noted (x(r), y(r)). The set of all 
olle
ted pair samples from I 
onstitute
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Figure 4.7: Example of the mapping between a labelled ground truth regions and segmentedregions.the training data set TI (see Algorithm 3) su
h as:
TI =

⋃

I∈I

⋃

r∈RA
I

{(x(r), y(r)) | y(r) 6= y0} (4.17)
TI represents the knowledge of the segmentation task and is 
omposed, at thistime, of raw information. In the following se
tion, we address the problem ofknowledge modelling by statisti
al analysis.4.4.2 Segmentation Knowledge ModellingThe �rst step towards learning statisti
al models from an image partition is toextra
t a feature ve
tor from ea
h region. But whi
h low-level features the mostrepresentative for a spe
i�
 region labeling problem? In more general terms, whi
hfeatures are useful to build a good model predi
tor? This fundamental question,referring to the feature sele
tion problem, is a key issue for most of the 
lass-basedsegmentation approa
hes.Feature Extra
tionWhen de�ning a set of features for 
lassi�
ation problems, two approa
hes 
anbe 
onsidered: a �rst approa
h aims at building relevant feature sets, while a
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ond approa
h more fo
us on the usefulness of ea
h feature. In the �rst 
ase,the 
hoi
e of relevant features mostly relies on knowledge of the domain. Inthe se
ond 
ase, the goal is 
learly to sele
t features useful for building a goodpredi
tor, even if some relevant features may be ex
luded. We propose a trade-o�approa
h: starting from heuristi
ally sele
ted features we aim at training robustregion 
lassi�ers. To this end, we 
ombine generi
 features, su
h as 
olor andtexture and apply a feature sele
tion algorithm.In our approa
h, 
olor histograms represent the 
olor information of ea
h seg-mented region. Two parameters must be set: the 
olor spa
e (cs) as RGB, HSV,or XYZ, on whi
h the histograming is applied, and the quantization parameter qwhi
h de�nes the number of bins. Ea
h 
olor spa
e has its spe
i�
ity a

ordingto the 
olor model it is based on. However, it is not obvious to sele
t the bestappropriate 
olor spa
e for a spe
i�
 problem, and most of the time, several ex-periments have to be 
ondu
ted. In our approa
h, we do not state a priori therelevan
e of one 
olor spa
e against others. We rather 
onsider a 
olor spa
e asa parameter of the feature sele
tion problem. The same statement of fa
t 
an bedone for the setting of the quantization parameter: if it is easy to dis
riminatedata (e.g., two 
lasses represented by respe
tively red and green obje
ts), q 
ouldbe set to a low value (i.e. few bins). On the 
ontrary, if the 
olor distributions ofdi�erent obje
t 
lasses are mixed, a higher quantization value might be used.Texture feature extra
tion te
hniques have re
eived 
onsiderable attentionduring the past de
ades and numerous approa
hes and 
omparative stud-ies have been presented [Reed and du Buf, 1993℄. The most 
ommonly usedare the gray-level 
oo
uren
e matri
es introdu
ed by Harali
k [Harali
k, 1979℄,the Law's texture energy [Laws, 1980℄, and the Gabor multi-
hannel �lter-ing [Jain and Farrokhnia, 1991℄. Two surveys on texture feature extra
tion te
h-niques 
an be found in [Reed and du Buf, 1993℄ and [Randen and Husoy, 1999℄.For the 
hara
terization of texture, we use oriented Gaussian derivatives (OGD)to generate rotation invariant feature ve
tors. OGD are equivalent to the Gaborfeatures but are 
omputationally simpler. The basi
 idea is to 
ompute the �en-ergy� of a region as a steerable fun
tion. This energy is 
omputed for di�erent�power� 
hannel, whi
h are the result of 
onvolving the region pixels with OGD�lters of a spe
i�
 order. In some way, the �rst order OGD 
omputes some edgeenergy while the se
ond order OGD 
ompute some line energy and then produ
ea strong 
orrelation with the human vision theory. As 
olor histograms, texturefeature ve
tors depend on the q parameter.The �nal feature ve
tor representing a region is a 
on
atenation of the featureve
tors extra
ted from ea
h 
ue. The feature extra
tion pro
ess is applied on ea
hregion of the annotated regions set RI so as to build the training data set TI , asdepi
ted in algorithm 3.Following our 
ognitive approa
h of the segmentation problem, we need toavoid manually sele
ted and tuned algorithms. At the feature sele
tion level,this means to be able to automati
ally sele
t and tune the feature extra
tionalgorithms.
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 Image Segmentation 63Algorithm 3: Algorithm pseudo-
ode for the training data set buildinginputs : I, RI , RAI , q, csoutputs: TI
XI ← {} ;1
TI ← {} ;2 forea
h I ∈ I do3 forea
h r ∈ R̂A

I ⊂ RI do4
x(r)← regionFeatureExtra
tor(I, r, q, cs) ;5
XI ← XI ∪ x(r) ;6

TI ← {XI ,RAI} ;7 return TI8Feature Sele
tionThe feature sele
tion is used to redu
e the number of features, removeirrelevant, redundant, or noisy data, and it brings the immediate ef-fe
ts of speeding up and improving the predi
tion performan
e of learn-ing models. Sin
e feature sele
tion is a fertile �eld of resear
h, we re-fer the reader to surveys [Guyon and Elissee�, 2003, Kohavi and John, 1997,Blum and Langley, 1997℄ as good starting literatures. The optimality of a fea-ture subset is measured by an evaluation 
riterion. Feature sele
tion algorithmsdesigned with di�erent evaluation 
riteria broadly fall into two 
ategories: the�lters and the wrappers.Filters sele
t subsets of features as a pre-pro
essing step, independently of the
hosen predi
tor. Well-known methods dedi
ated to this purpose are basi
 lineartransforms of the input features like Prin
ipal Component Analysis (PCA) andFisher Linear Dis
riminant Analysis (LDA). PCA is an unsupervised te
hniqueuseful for data set dimensionality redu
tion. For supervised feature sele
tion,i.e. when feature samples are labelled, LDA is more appropriated. This te
h-nique sele
ts features that maximize the ratio of the between-
lass s
atter to thewithin-
lass s
atter. Te
hniques based on iterative sear
h are also widespread assequential forward/ba
kward algorithms (e.g. SFFS, SBS, ReliefF).Wrappers utilize the learning ma
hine of interest (e.g., SVM, neural net-works) as a bla
k box to s
ore subsets of features a

ording to their predi
tivepower. Consequently, wrappers are remarkably universal and simple. An in-teresting 
omparative study of su
h feature sele
tion algorithms 
an be foundin [Molina et al., 2002℄.The feature sele
tion approa
h we propose is derived from wrappers. Our goalis to �nd the best feature extra
tor 
on�guration whi
h minimizes the joint 
las-si�
ation errors of the 
lass predi
tors applied on the training data set TI . Unlike
lassi
al approa
hes, we a
t on the feature extra
tor parameters to generate dif-ferent feature ve
tors, instead of redu
ing the feature ve
tor itself. This approa
h
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hed in Figure 4.8.

Figure 4.8: Feature sele
tion s
hema based on tuning of the feature extra
tor parameters.The two free parameters of our sele
ted feature extra
tors are the 
olor spa
een
oder for 
olor feature extra
tor, and the quantization level for both 
olor andtexture feature extra
tors. The goal is to �nd the best 
ombination able to indu
ethe minimum region 
lassi�
ation errors. The quality estimation is 
ondu
ted viaa 
ross-validation pro
edure whi
h gives, for ea
h region 
lassi�er ci, the 
lassi�-
ation Mean Square Error (MSE), noted ǫ(ci) ∈ [0, 1]. A global MSE, noted ǫ inAlgorithm 4, is then 
omputed by averaging all the ǫ(cy).We use an iterative sear
h strategy to 
over the value spa
es of the two param-eters q and cs. This te
hnique guarantees to �nd a global optimal solution but is
omputationally expensive: �rst, it requires to run M × N × O region 
lassi�ertraining pro
edures, with M the number of quantization levels (typi
ally equalsto 256), N the number of 
olor spa
es, and O the number of 
lassi�ers to train;se
ond, when the value of q in
reases, so does the size of the feature ve
tor v. So,to avoid an unreasonable 
omputational time, the 
hoi
e of the training algorithmmust take into a

ount this 
omputational 
onstraint.
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 Image Segmentation 65Algorithm 4: Algorithm pseudo-
ode for the 
olor feature sele
tioninputs : RI , RAIoutputs: q (quantization level), cs (
olor spa
e)
ǫ̂← 1 ;1 for q ← qmin to qmax do2 forea
h cs ∈ CS do3

TI ←trainingDataSetBuilding(RI,RLI , q, cs);4 forea
h y ∈ Y do5
cy ← regionClassifierTraining(y,TI) ;6
ǫ(cy)← 
rossValidator(cy,TI) ;7 if ǫ < ǫ̂ then8
ǫ̂← ǫ ;9
q̂ ← q ;10
ĉs← cs ;11 return (q̂, ĉs)12Training Algorithm for Class modellingAfter extra
ting a feature ve
tor for ea
h region of the training data set, the nextstep is to model the knowledge in order to produ
e region 
lassi�ers (one 
lassi�erper 
lass). For a feature ve
tor x(r) and a 
lass yi,

ci(r) = p
(

y(r) = yi | x(r)
) (4.18)with ci(r) ∈ [0, 1], is the estimated probability asso
iated with the hypothesis:�feature ve
tor x(r) extra
ted from region r is a representative sample of the 
lass

yi�. The set of these trained region 
lassi�ers is noted C = {c1, . . . , ck}.A variety of te
hniques have been su

essfully employed to ta
kle the prob-lem of knowledge modelling su
h as naives Bayes networks, de
ision trees orsupport ve
tor ma
hine (SVM). We propose to use SVM [Burges, 1998℄ asa template-based approa
h. SVM are known to be e�
ient dis
riminativestrategies for large-s
ale 
lassi�
ation problems su
h as in image 
ategoriza-tion [Chen and Wang, 2004℄ or obje
t 
ategorization [Huang and LeCun, 2006℄.SVM yields also state-of-the-art performan
e at very low 
omputational 
ost.SVM training 
onsists of �nding an hyper-surfa
e in the spa
e of possible inputs(i.e. feature ve
tors labeled by +1 or -1). This hyper-surfa
e will attempt tosplit the positive samples from the negative samples. This split will be 
hosen tohave the largest distan
e from the hyper-surfa
e to the nearest of the positive andnegative samples.Given training ve
tors xi ∈ R
n, i = 1, . . . , n and a ve
tor yi ∈ −1,+1, a C-support ve
tor 
lassi�
ation [Vapnik, 1995℄ (C-SVC) solves the following primal



66 A Framework for Adaptive Image Segmentationproblem:
min
w,b,ξ

1

2
wTw + C

l
∑

i=1

ξi

subject to yi(w
T φ(xi) + b) ≥ 1− ξi,

ξi ≥ 0, i = 1, . . . , l

(4.19)Its dual is:
min

α

1

2
αT Qα− eT α

subject to yT α = 0,

0 ≤ αi ≤ C, i = 1, . . . , l

(4.20)where e is the ve
tor of unity, C > 0 is the penalty parameter of the error term,
Q is an l by l positive semide�nite matrix, Qij ≡ yiyjK(xi,xj), and K(xi,xj) ≡
φ(xi)

T φ(xj) is the kernel. Here training ve
tors xi are mapped into a higher(maybe in�nite) dimensional spa
e by the fun
tion φ.For any testing instan
e x, the de
ision fun
tion f (predi
tor) is:
f(x) = sgn

(

l
∑

i=1

yiαiK(xi,x) + b

) (4.21)The most 
ommonly used kernels are the following:
• linear: K(xi,xj) = xT

i xj

• polynomial: K(xi,xj) = γ(xT
i xj + r)d, γ > 0

• radial basis fun
tion (RBF): K(xi,xj) = exp
(

− γ ‖xi − xj‖
2 ), γ > 0

• sigmoid: K(xi,xj) = tanh(γxT
i xj + r)Here, γ, r, and d are kernel parameters to be a priori de�ned.We adopt a one-vs-rest multi
lass s
heme with probability informa-tion [Wu et al., 2004℄ to train one region evaluator c per 
lass y. We use SVM withradial basis fun
tion as region 
lassi�ers. There are two parameters while usingRBF kernels: C (penalty parameter of the error term) and γ (kernel parameter).It is not known beforehand whi
h C and γ are the best for one problem; 
onse-quently some kind of model sele
tion (parameter sear
h) must be done. To �t the

C and γ parameters, we adopt a grid-sear
h method using 5-fold 
ross-validationon training data. Basi
ally, pairs of (C, γ) are tried and the one with the best
ross-validation a

ura
y is pi
ked (see algorithm 5). This straightforward modelsele
tion e�
iently prevents over�tting problems. As seen in Figure 4.9, themodel sele
tion is wrapped in the feature sele
tion s
hema with whom it sharesthe 
ross-validation step.The training stage ends up when all 
ombinations of {(q, cs), (C, γ)} have beentested. The one giving the lowest global 
lassi�
ation error is pi
ked and theregion 
lassi�ers are trained a last time with this 
on�guration.
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Figure 4.9: Model sele
tion s
hema based on tuning of the predi
tor parameters.
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tion algorithm pseudo-
odeinputs : yi ∈ Y, TIoutputs: cy,ǫ̂
T ′
I ← TI ;1 forea
h (x(r), y(r)) ∈ T ′

I do2 if y(r) = yi then3
y(r)← +1 ;4 else5
y(r)← −16

ǫ̂← 1 ;7 for C ← Cmin to Cmax do8 for γ ← γmin to γmax do9
cy ← predi
torTraining(T ′

I, C, γ) ;10
ǫ(cy)← 
rossValidation(cy,T

′
I) ;11 if ǫ(cy) < ǫ̂ then12

Ĉ ← C ;13
γ̂ ← γ ;14
ǫ̂← ǫ ;15

cy ← predi
torTraining(TI′,Ĉ,γ̂) ;16 return cy,ǫ̂174.5 Adaptive Image SegmentationFor a new in
oming image I not belonging to the training set, a feature ve
toris �rst extra
ted then 
lassi�ed into a 
luster. The 
lassi�
ation is based on theminimization of the distan
e between the feature ve
tor and the 
luster set {κi}as follows:
I ∈ θi ⇔ v(I) ∈ κi | i = arg min

i∈[1,n]
dist (v(I), κi) (4.22)The pair (A, p̄A) asso
iated with the dete
ted 
ontext θi, is returned.On
e the algorithm is sele
ted and tuned, the image is segmented. For ea
hregion, a feature ve
tor is extra
ted using the (q̂, ĉs) parameter set and given asinput to ea
h trained region 
lassi�ers ci. Classes are s
ored a

ording to the
lassi�er responses {ci(r)} and �nally, the returned label y(r) is su
h as:

y(r) = arg max
i

ci(r) (4.23)When all regions are labelled, neighboring regions with the same label are mergedto form a semanti
 partitioning of the image. This �nal segmentation is returnedto the user, as des
ribed in Algorithm 6.
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lusion 69Algorithm 6: Algorithm pseudo-
ode for adaptive image segmentationinputs: I /∈ I, C, ĉs, q̂

v(I)← GlobalFeatureExtra
tor(I) ;1
θI ← ContextClassifi
ation(v(I)) ;2
(A, p̄A)← θI ;3
RA

I ← A(I, p̄A) ;4 forea
h r ∈ RA
I do5

x(r)← regionFeatureExtra
tor(r,ĉs,q̂) ;6
y(r)← RegionClassifi
ation(x(r),C) ;7 forall (ri, rj) ∈ RA

I , i 6= j do8 if (ri IsNextTo rj) ∧ (y(ri) = y(rj)) then9 RegionMerger(ri,rj) ;10 return semanti
 segmentation of I114.6 Framework Con
lusionIn this 
hapter, we have presented our framework for adaptive image segmenta-tion. We have detailed ea
h step of the learning module for algorithm parametertuning, algorithm sele
tion, and semanti
 image segmentation. The algorithmparametrization issue is ta
kled with a generi
 optimization pro
edure based onthree independent 
omponents. We have designed our performan
e evaluationmetri
 to be broadly appli
able and with a low 
omputational 
ost. It allowsto assess a large variety of segmentation algorithms and only relies on manualsegmentations. However, further experiments need to be done to assess the per-forman
es and the a

ura
y of the two optimization algorithms (the Simplexalgorithm and a Geneti
 Algorithm). Our strategy for algorithm sele
tion 
an besummarized as follows:
• The user is assumed to provide a training image set representative of thedi�erent situations.
• The training image set is 
lustered in order to divide the algorithm sele
tionproblem into sub-problems more tra
table, ea
h sub-problem representingan image 
ontext. To this end, an unsupervised 
lustering algorithm isused to 
luster feature ve
tors extra
ted from the training image set. Thisstrategy assumes, in a way, the existen
e of a link between a quantitativeimage representation and a tuned segmentation algorithm.
• For ea
h identi�ed 
luster, one algorithm is sele
ted based on performan
eranking. A mean parameter set is 
omputed. This ranking strategy redu
esthe number of a

eptable solutions to one mean solution.The �nal step of the learning module is to train region 
lassi�ers to re�ne thesegmentation a

ording to semanti
 region labelling. In this task, the user must
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lass labels. Ourapproa
h is based on the dis
riminative power of the SVM Classi�ers to groundlow-level region features into symboli
 
lasses. We have also proposed an unsu-pervised method for the learning of SVM and region feature extra
tor parameters.The goal is to optimize the performan
e of the 
lassi�ers without the help of theuser.The module for adaptive image segmentation makes use of the learnt segmenta-tion knowledge. For a new image, the algorithm sele
tion and tuning is fast sin
eit only relies on the 
omputation of a global feature ve
tor. Then, ea
h region islabelled a

ording to the region 
lassi�ers responses and the �nal semanti
 imageis returned to the user.The next two 
hapters are dedi
ated to the validation of this framework onreal-world appli
ations.



Chapter 5Experiment and Evaluation forImage SegmentationThis 
hapter is dedi
ated to the validation of the framework presented in the pre-vious 
hapter for image segmentation in real world appli
ations. In parti
ular, weare interested in the segmentation step of a 
ognitive vision system dedi
ated tothe re
ognition of biologi
al organisms. We �rst present the biologi
al problemand the experimental proto
ol. Then we give a brief des
ription of the 
ognitivevision system used to solve the biologi
al problem. The last se
tion is dedi
atedto the detailed assessment of the vision system with a parti
ular fo
us on the seg-mentation level. We also give some evaluation results on a publi
 image databaseat the end of the 
hapter.5.1 A Major Biologi
al Challenge: the Early Dete
tionof Plant Diseases5.1.1 A Major Challenge for Integrated Pest ManagementIntegrated Pest Management (IPM) is a knowledge-based approa
h to 
rop pro-te
tion. It is an important tool for the management of inse
ts, pathogens, weeds,and 
ultural problems in greenhouse. The goal of IPM is to integrate 
ultural,physi
al, biologi
al, and 
hemi
al pra
ti
es to grow 
rops with minimal use of pes-ti
ides. This approa
h is parti
ularly promising in the 
ontext of ornamental 
ropsin greenhouses be
ause of the high level of 
ontrol needed in su
h agrosystem. In-deed, early dete
tion of plant diseases makes it possible to operate e�
iently atthe beginning of an infe
tion to limit the plant damage. Thereby, it 
an redu
ethe amount of pesti
ide appli
ations and thus redu
e the 
ontrol 
ost. However,no automati
 methods are available to pre
isely and periodi
ally evaluate the bi-oti
 status of plants. In fa
t, the dete
tion of biologi
al obje
ts as small as su
hinse
ts (dimensions are about 2 mm) is a real 
hallenge, espe
ially when 
onsider-ing greenhouses dimensions (10 to 100 meters long). Traditionally in produ
tion
onditions, visual observations are made ea
h week by human experts (greenhouse
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olored sti
ky traps. Sin
e this te
hnique does not allow to pre-
isely study the epidemi
 spatial model, observations on natural support (i.e. onleaves) are preferred. But it is di�
ult or even not possible to perform a 
ontinu-ous (typi
ally daily) human 
ontrol and to examine every leaf in the greenhouse.Moreover the a

ura
y of the observations depends on the human eye resolution,even if magni�
ation tools are used.5.1.2 Context of the ExperimentThis part of the work 
onsists in a resear
h 
ooperation between the Orion teamof INRIA Sophia Antipolis and the Integrated Resear
h in Horti
ulture Unit(URIH) of INRA Sophia Antipolis (National Institute for Agri
ultural Resear
h).The 
ontext of this work is also the region PACA (Proven
e Alpes C�te d'Azur)whi
h is the leading horti
ultural region of Fran
e1.5.1.3 Choosing a 
rop and a bioagressor as a model studyFor this study, we �rst 
hose a model �
rop × bioagressor�. On the one hand,rose, an ornamental 
rop, was 
hosen be
ause it attra
ts various bioagressors andit requires high level standard quality for �owers as well as leaves. On the otherhand, white �y Trialeurodes Vaporariorum was 
hosen be
ause this bioagressorrequires early dete
tion and treatment to prevent durable infestation. Eggs andlarvae identi�
ation and 
ounting by vision te
hniques are di�
ult be
ause of
riti
al dimension (eggs) and weak 
ontrast between obje
t and image ba
kground(larvae). For these reasons we de
ided to fo
us �rst on adults. Eggs, larvae andadults are present on ba
k fa
es of leaves.5.2 Experimental Proto
ol5.2.1 Greenhouse experimentThe agrosystem was a 256 m2 plasti
 twin-tunnel greenhouse planted with roses.The management of 
limate, fertilization and irrigation was 
arried out by a 
on-trol/
ommand 
omputer system designed at INRA. Two rose 
ultivars (SuellaTM,a yellow one, and Miss ParisTM, a red one) were planted. They are known fortheir di�erent resistan
e to powdery mildew and attra
tive powers to inse
ts. Thetotal 
ultivation 
orresponds to 1200 plants. A map of the greenhouse is shownon Figure 5.1.5.2.2 Sampling strategyWe 
hose our sampling strategy based on the following requirements:1Roses are widely produ
ed in PACA and early disease dete
tion is 
lassi�ed as a major
hallenge.
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Figure 5.1: Greenhouse map showing two 
hapels of 128 m2 ea
h.
• Spatially, data should be uniformly distributed, thus samples were random-ized (a

ording to a grid) over the whole greenhouse.
• Temporal sampling should be realisti
, i.e. provide a good ratio data rele-van
e versus sampling duration.The spatial sampling strategy 
onsists in a randomized sampling in the hori-zontal plane and optimized sampling along the verti
al axis. Sin
e it is 
onvenientto 
onsider 12 plants or 2 m ro
k wool slab as a standard visual observation unit,it was de
ided to take a leaf sample (5 or 7 lea�ets) every se
ond meter alongplantation lines. We have done a pre-study on sample 
uts at various heights ofplant 
anopy to de
ide the optimal lo
alization of samples: for early dete
tion ofmature white �ies, growing stems have been preferred. Hen
e, 100 samples weretaken 
orresponding to 1200 plants. Samples are rose leaves, ea
h leaf being madeup of 5 or 7 lea�ets, 
ut in the 
entral part of the 
anopy where growing stemsare the most numerous. Both sides of leaves were s
anned individually and 200images were re
orded (see Figure 5.2 for an example). If we assume a LAI (LeafArea Index) of 3 for rose 
rop [Raviv and Blom, 2001℄, and with an e�e
tive 
ropsurfa
e of 100 m2, it means that around 0.36% of LAI (for one fa
e) is analyzedat ea
h survey by using the above sampling strategy2.Con
erning the temporal sampling strategy, the time required to perform anautomati
 survey is of the same order of magnitude as the time ne
essary to makea 
hemi
al treatment on an equivalent surfa
e. Thus, this qui
k delivery of results,i.e. within half a day, is 
ompatible with rapid de
ision.2the survey ratio (SR) is 
omputed as follows: SR = (Nscan∗Sscan)/(LAI∗Scrop), with Nscanthe number of total s
anned leaves (200), Sscan the e�e
tive s
anned surfa
e per a
quisition(0.0054 m2) and Scrop the e�e
tive 
rop surfa
e (100 m2)
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Figure 5.2: Example of a s
anned rose leaf infested by white �ies.For this study, samples were manually 
ut and s
anned dire
tly in the green-house by using a 
onsumer ele
troni
s �atbed A4 s
anner. This allowed a highimage quality and a short s
anning/transfer time. A resolution of 600 dpi was
hosen. This 
orresponds to theoreti
al square pixel dimensions of 42 µm × 42
µm. Su
h a resolution is a good 
ompromise: it is pre
ise enough to digitize ob-je
ts as little as mature white �ies (500 pixels of area) and 
ompatible with dataa
quisition/storage 
onstraints.On
e the data a
quisition 
onditions �xed, the next step is to provide a systemthat automati
ally identi�es and 
ounts white �ies on the s
anned images. Thissystem is presented in the next se
tion.5.3 The Cognitive Vision System for Pest Dete
tionand CountingFollowing a 
ognitive vision approa
h, we propose to use an automati
 imageinterpretation system that 
ombines image pro
essing, learning and knowledge-based te
hniques for the dete
tion and the 
ounting of mature white �ies.Our approa
h follows previous work presented in [Hudelot and Thonnat, 2003℄and [Boissard et al., 2003℄ and enri
hes it with learning and 
ontrol abilities atthe segmentation level.5.3.1 System OverviewAs human biologists do, a 
ognitive vision system has to analyze raw images andto label interesting regions that 
orrespond to obje
ts of interest (e.g., inse
ts). Tore
ognize a region as an inse
t, a human expert relies on (biologi
al and 
ontex-tual) domain knowledge about inse
ts (e.g., spe
ies features, life 
y
le, host plant)as well as visual data that 
an be extra
ted from images (
olor, texture, shape,and size). A software system must take into a

ount both kinds of knowledge. Toseparate the di�erent types of knowledge and the di�erent reasoning strategies,the 
ognitive vision platform proposes an ar
hite
ture based on spe
ialized mod-
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tion and Counting 75ules, as shown in Figure 5.3. It 
onsists of two knowledge-based systems (KBS),a set of image pro
essing (IP) algorithms, and a learning module.

Figure 5.3: Cognitive vision system. The top part 
orresponds to the initial learning moduleand the bottom part to the automati
 system for routine exe
ution.Before routine exe
ution, a learning stage (Figure 5.3 top) is performed on
eon a training image sub-set. This preliminary stage is used to 
omplement theknowledge ne
essary to run the two following KBSs.The 
lassi�
ation KBS (Figure 5.3 bottom) aims at sele
ting interesting regionsin images. To this end it triggers image pro
essing requests and interprets thenumeri
al results into higher level 
on
epts, i.e. (parts of) obje
ts of interest. Itonly retains the regions 
orresponding to target inse
ts and returns their numberto the user.The supervision KBS (Figure 5.3 bottom) is used to monitor the exe
ution of
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essing requests. It sele
ts and plans the best programs with thebest parameter values for ea
h image. From raw images provided by the end-user,the goal is to extra
t numeri
al values needed by the 
lassi�
ation KBS.5.3.2 Learning StageLearning te
hniques are used for two purposes: to learn how to map low-levelfeatures to high-level domain 
on
epts and how to tune parameters of imagepro
essing programs.5.3.2.1 Learning Visual Con
eptsThe goal is to map obje
t des
riptions in the knowledge base of the 
lassi�
ationsystem to numeri
al values. Most of real obje
ts 
an be des
ribed in terms of
on
epts, su
h as their shape, 
olor or texture. We 
all them visual 
on
epts.Visual 
on
epts are an intermediate level that helps mapping low-level numeri
alvalue to a domain 
lass des
ription. For instan
e, a length in millimeters and/ora 
olor in RGB values may be mapped to an inse
t body. Thus, ea
h biologi
al
lass des
ription appearing in the 
lassi�
ation knowledge base must be pre
iselyspe
i�ed in terms of visual 
on
epts.We refer to a general ontology proposed by N. Maillot et al.in [Maillot et al., 2004℄ and in [Maillot, 2005℄, whi
h is a hierar
hy divided intothree parts: spatio-temporal, 
olor and texture 
on
epts. For instan
e, spatio-temporal 
on
epts in
lude shape, size, and spatio-temporal relations. The mainadvantage in using this ontology is to provide domain experts with a vo
abularyfor des
ribing domain 
lasses in visual terms (as shown in Figure 5.4) by meansof numeri
al des
riptors. The role of these des
riptors is to bridge the semanti
gap between low-level numeri
al values and visual 
on
epts. A des
riptor has anatta
hed numeri
al value that 
an be 
omputed by vision programs; for instan
e,a program 
an 
ompute an area length in millimeters. It also 
orresponds to a vi-sual feature meaningful for a human expert to des
ribe an obje
t; for instan
e, anexpert may sele
t the length des
riptor of the size 
on
ept as relevant to des
ribean inse
t body.We refer also to [Maillot, 2005℄ for the learning of visual 
on
ept. Based on atraining set of images and for ea
h visual 
on
ept used by the expert, the learningmodule learns semi-automati
ally the range of possible values for all the numeri
aldes
riptors ne
essary to re
ognize the 
on
ept.5.3.2.2 Learning Image Pro
essing ParametersOur goal is to provide a meaningful segmentation of white �ies for further in-terpretation purposes. Sin
e no dedi
ated segmentation algorithm exists for thisspe
i�
 task, we started with a set of state-of-the-art region-based algorithms andthen, following our approa
h des
ribed in 
hapter 4, we optimized their free pa-rameters on a training image sub-set. At the end of the optimization pro
ess,
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tion and Counting 77ea
h algorithm was tuned with its optimal parameter setting. Then, a 
lusteringde
omposition was performed on the training image sub-set to identify the di�er-ent situations. The algorithm a
hieving the best segmentation results (a

ordingto ground truth) for ea
h identi�ed 
luster is retained. Two region-
lassi�ers weretrained to rea
h a goal-oriented segmentation: one for the mature white �y 
lassand one for the rose leaf 
lass. This part of the work is more detailed in se
tion 5.4.5.3.2.3 Learning IssuesAt the end of the learning stage, we get image pro
essing algorithm with �netuned parameters and des
riptor ranges for all relevant numeri
al des
riptors ofthe appli
ation.Note that this learning stage is done only on
e, for one (set of) inse
t(s) todete
t and one set of programs to run. Provided that the a
quisition 
onditions donot 
hange drasti
ally, routine exe
ution only involves running the two followingknowledge-based systems, i.e. the 
lassi�
ation system and the image pro
essingsupervision system.5.3.3 Classi�
ation SystemThe role of the 
lassi�
ation system is to re
ognize and to 
ount white �ies onan image. To this end its relies on knowledge about inse
t des
riptions and onnumeri
al des
riptor values provided by image pro
essing programs.The knowledge in this KBS 
onsists of des
riptions of domain 
lasses and 
lasshierar
hies, provided by biologists. We propose a dedi
ated expert language todes
ribe these hierar
hies. In the 
ase of white �y dete
tion, the knowledge basemainly 
ontains knowledge of these inse
ts (see Figure 5.4). TheWhiteFly domain
lass des
ribes how su
h an inse
t may be re
ognized thanks to di�erent visual
on
epts sele
ted by the expert, namely its shape, size and 
olor. These 
on
eptsrefer to general ones (su
h as ColorCon
ept) de�ned in the general ontology.Ea
h visual 
on
ept is in turn des
ribed by a relevant set of numeri
al de-s
riptors and their asso
iated fuzzy ranges of possible values, as learnt on thetraining set with the help of a domain expert during the initial learning stage (seese
tion 5.3.2.1). For example, some values of the HSV 
olor of image areas arelinked with the white �y 
olor. Experts use the vo
abulary de�ned by the generalvisual 
on
ept ontology su
h as the term �
ir
ularity� to 
hara
terize the shapeof a white �y.It should be noted that we do not need to manage a 
omplete biologi
al hier-ar
hy of inse
ts (i.e. with all sub-spe
ies), but only the parts that are useful forthe re
ognition task. Indeed, it is useless (and often impossible with the 
urrentlyavailable vision te
hniques) to pre
isely re
ognize the sub-spe
ies of an inse
t,be
ause we know that not all sub-spe
ies will infest a type of plant.To summarize, the 
lassi�
ation KBS provides 
lass hierar
hies and a des
rip-tion of ea
h 
lass in terms of numeri
al des
riptors. To get the real values of
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Domain Class WhiteFly SuperClass: BioagressorSHAPE: ShapeCon
eptDes
riptors:
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: ColorCon
eptDes
riptors:
saturation [ 0.0 0.0 0.2 0.3 ]
lightness [ 120 130 240 260 ]
hue [ 80 90 170 180 ]SIZE: SizeCon
eptDes
riptors:
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-level des
ription of a domain 
lass (white �y). Visual 
on
epts are in SmallCaps. learnt fuzzy ranges are shown on the right. They are 
omposed of four numbers, 
or-responding respe
tively to the minimum admissible value, the minimum and maximum mostprobable values, and the maximum admissible value.
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al des
riptors, the 
orre
t image pro
essing algorithms must be laun
hedand 
ontrolled: this is the role of the image pro
essing supervision KBS.5.3.4 Image Pro
essing Supervision SystemThe image pro
essing task itself is a
hieved by a program supervi-sion [Thonnat et al., 1998℄ knowledge-based system. Program supervision te
h-niques make it possible to automate the use of 
omplex programs, i.e. to plan and
ontrol pro
essing a
tivities. In 
ognitive vision systems, the supervision system
ontrols the use of the image pro
essing sub-tasks, su
h as image segmentationand features extra
tion. It is based on knowledge about the programs, their in-put/output data, their appli
ability 
onditions, their possible 
ombinations, andthe ne
essary information to run them in various situations. This knowledge isgiven by image pro
essing experts in the form of operators and de
ision rules toguide the supervision engine reasoning (e.g., to sele
t programs, initialize theirparameters, or assess their results). Suitable parameter initialization values havebeen learnt during the previous learning step, but more tuning is possible dynam-i
ally depending on the input image spe
i�
ity. Operators and rules are formallydes
ribed in the knowledge base using an expert language (see an example Fig-ure 5.5).Composite Operator { name Segmentation
omment �image segmentation operator�Input DataImage input_imageOutput DataImage output_image...BodyRegionBased | EdgeBasedChoi
e Rule { name RegionChoi
eIf 
on
ept == ShapeCon
eptThen useOperator RegionBased }}Figure 5.5: An example from the program supervision knowledge base. A 
omposite operatordes
ribes an alternative de
omposition (denoted by a |) into two sub-operators: region or edge-based segmentation, and a rule sele
ts the �rst one if the 
on
ept to re
ognize (as indi
ated bythe 
lassi�
ation KBS) is Shape.On
e the obje
ts have been extra
ted, the se
ond step of the image pro
essingtask, feature extra
tion, 
omputes the attributes 
orresponding to ea
h region,a

ording to the domain feature 
on
epts (e.g., 
olor, shape and size des
riptors).Finally, the supervision KBS returns a set of 
andidate areas to the 
lassi�
ationKBS. Ea
h area has an atta
hed set of 
omputed numeri
al des
riptor values. The
lassi�
ation KBS 
an use these des
riptors in 
onjun
tion with its own knowledgeto sele
t areas 
orresponding to white �ies and to return the number of re
ognized
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h AssessmentThis se
tion is dedi
ated to the performan
e evaluation of the segmentation stepand of the 
ognitive vision system.5.4.1 Segmentation AlgorithmsIn this se
tion, we brie�y des
ribe the segmentation algorithms we used for ourexperiment. Our set is 
omposed of algorithms re�e
ting di�erent segmentationstrategies as developed in se
tion 2.2.2 namely region growing, split-and-merge,watershed, or thresholding te
hniques.CSC: The Color Stru
ture Code [Priese and Sturm, 2002℄ is a method 
ombiningthe advantages of lo
al (simpli
ity and fastness) and global (robustness anda

ura
y) te
hniques. It is a hierar
hi
al region growing method that isinherently parallel and therefore independent of the 
hoi
e of the startingpoint and the order of pro
essing. The generation of the CSC operatesessentially in three phases. In an initialization phase the image is partitionedinto small, atomi
 
olor regions. These small 
olor regions are growing in thelinking phase in a hierar
hi
al manner to 
omplete 
olor segments. Withinthe linking phase it is possible to dete
t that 
olor regions 
onne
ted bya 
hain of smoothly 
hanging 
olors have to be split again. This is donein the splitting phase. The most important parameter to set is the linkingthreshold based on the quadrati
 
olor distan
e between two pixels.SRM: The SRM algorithm, for Statisti
al Region Merg-ing [No
k and Nielsen, 2004℄ is a region-based segmentation algorithmfollowing a parti
ular order in the 
hoi
e of regions. The merging 
riteria isbased on an adaptive statisti
al threshold merging predi
ate on 
olor 
han-nels that does not require to maintain dynami
ally the region adja
en
ygraph. The algorithm is able to 
ope with hard noise 
orruption, handleo

lusion, authorize the 
ontrol of the segmentation s
ale through a freeparameter Q.EGBIS: The E�
ient Graph-Based Image Segmentation algo-rithm [Felzenszwalb and Huttenlo
her, 2004℄ is based on the de�nition of apredi
ate for measuring the eviden
e for a boundary between two regionsusing a graph-based representation of the image. The pairwise region 
om-parison predi
ate 
onsiders the minimum weight edge between two regionsin measuring the di�eren
e between them. An important 
hara
teristi
 ofthe method is its ability to preserve detail in low-variability image regionswhile ignoring detail in high-variability regions. A fun
tion parameter k
ontrols the degree of di�eren
e between two regions with respe
t to their
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h Assessment 81internal di�eren
es. The parameter σ 
ontrol the (optional) smoothing ofthe input image.Hysteresis thresholding: This straightforward algorithm 
onsiders any pixelabove the upper threshold Thigh and under the lower threshold Tlow as aba
kground pixel. It does not take into a

ount any spatial 
oheren
y.CWAGM: CWAGM means Color Watershed - Adja
en
y Graph Merge. Thealgorithm [Alvarado Moya, 2004b℄ 
omputes an over-segmentation with thewatershed transformation and merge the regions to minimize the meansquare error of a pie
e-wise 
onstant image approximation. To 
omputewhi
h threshold should be used in the watershed segmentation, the a

umu-lative histogram of gradient values will be used as a probability distribution.It will be assumed that the probability for a gradient value to be relevantmust be greater than the given value p. The merge threshold m indi
atesa square distan
e between mean values in the 
olor spa
e weighted by thearea of the regions.The Table 5.1 summarizes these algorithms and gives important information
on
erning their free parameter with their ranges and default values provided bythe algorithm's authors.Algorithm Free Parameter Range Default ValueCSC t: region merging threshold 5.0-255.0 20.0SRM Q: 
oarse-to-�ne s
ale 
ontrol 1.0-255.0 32.0EGBIS σ: smooth 
ontrol on input im-age 0.0-1.0 0.50
k: 
olor spa
e threshold 0.0-2000.0 500.0Hysteresis thresholding Tlow: low threshold 0.0-1.0 -
Thigh: high threshold 0.0-1.0 -CWAGM m: region merging threshold 0.0-200.0 100.0
n: min. region number 1.0-100.0 10.0
p: min. probability for water-shed threshold 0.0-1.0 0.45Table 5.1: Components of the segmentation algorithm bank, their names, parameters to tune withrange and author's default values.5.4.2 Parameter optimization AssessmentBefore assessing the optimization pro
edure, we illustrate the optimization prob-lem with some examples of evaluation pro�les. We present 1D and 2D pro�les forthe di�erent segmentation algorithms (ex
ept the EGBIS whi
h has a parameterspa
e in R

3) for the four training images of the Figure 5.6. The best segmentationquality 
orrespond to assessment value EA
I = 0.
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erning the CSC algorithm (see Figure 5.7), the shapes of the 
urves aresimilar for the four images and present a global minimum whi
h falls in the samepart of the parameter spa
e. The global optima for the SRM algorithm (seeFigure 5.8) are found in a very narrow band of the parameter spa
e. Manylo
al optima 
hara
terizes the 
urves of the EGBIS algorithm (see Figure 5.9).The thresholding algorithm behavior is more straightforward regarding to theobtained 
urves (see Figure 5.10). Globally, two performan
e levels are revealedwhere �good performan
es� are a
hieved for a large range of the parameter values.However, the global optima is more di�
ult to see sin
e the di�eren
e betweenthe �good� performan
e level (in blue) and its level is very thin. From theseobservations, we 
an 
on
lude that the evaluation pro�les are not always 
onvexhulls and their granularity 
an depend on the image.The set up of the Simplex algorithm and the Geneti
 algorithm used to �ndglobal minimum are des
ribed in Table 5.2.Simplex Algorithm Geneti
 Algorithm
• starting step value = 0.5 • initial population size = 40
• ending 
riteria = 0.001 • initial number of generations = 20
• simplex 
oe�
ients (α=0.5, β=1.0, • nb of generations to 
onvergen
e = 5
γ=0.5, σ=2.0) • 
ross-over probability rate = 0.7
• maximum number of 
alls = 80 • mutation probability rate = 0.05Table 5.2: Set up of the optimization algorithms.Sin
e the Simplex algorithm does not guarantee to obtain a global optimum,we divide ea
h parameter spa
e into three sub-spa
es and run an optimization onea
h sub-spa
e. This means that 3N optimization loops are run for a segmentationalgorithm with N free-parameters.Table 5.3, and 5.4 present the optimization results of the �ve segmentation al-gorithms in terms of segmentation performan
e. Globally, all the algorithms rea
ha good level ex
ept the EGBIS algorithm, as shown in Figure 5.11. This resultis due to the fa
t that this algorithm is sensitive to small gradient variations. Asexpe
ted, the EGBIS has a big standard deviation (due to the presen
e of manylo
al optima) whereas the thresholding one is low (due to its straightforward be-havior). We have also 
ompared the performan
es of the optimization algorithms(the Simplex and the GA) with a systemati
 sear
h method (see Table 5.5. Bysystemati
, we means an iterative sear
h throughout the whole parameter spa
ewith a �xed sampling rate. The sampling rate depends on the dimensionality ofthe parameter spa
e. The global performan
e of the three methods are similarwith a very little advantage to the Simplex.To de
ide between the three di�erent methods, we have 
ompared them by
onsidering their 
omputational 
ost as des
ribed in Table 5.6. The systemati
sear
h is obviously the most 
ostly method. The Simplex is the fastest method to
onverge apart from the CWAGM algorithm. A

ording to the previous perfor-
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(a) img001 (b) gt001

(
) img009 (d) gt009

(e) img026 (f) gt026

(g) img077 (h) gt077Figure 5.6: Four representative training images and asso
iated ground truth segmentations usedin �gure 5.7 to �gure 5.10.
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Figure 5.7: Evaluation pro�les of the CSC algorithm applied on the four training images presented in Figure 5.6. EA

I = 0 
orresponds to the optimum.
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I = 0 
orresponds to the optimum.
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Figure 5.9: Di�erent evaluation pro�les of the EGBIS algorithm applied on the four trainingimages presented in Figure 5.6. EA
I = 0 
orresponds to the optimum. t and σ are the two freeparameters.Algorithm EA

I using the simplex algorithmmin max mean stdCSC 0.000 0.497 0.139 0.110SRM 0.000 0.522 0.126 0.114THRESH 0.000 0.351 0.113 0.092EGBIS 0.0620 0.734 0.366 0.142CWAGM 0.000 0.436 0.119 0.089Table 5.3: Statisti
s on the optimization performan
es for the training image set using the Simplexalgorithm.
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Figure 5.10: Di�erent evaluation pro�les of the hysteresis thresholding algorithm applied on thefour training images presented in Figure 5.6. EA
I = 0 
orresponds to the optimum. Tlow and

Thigh are the two free parameters.Algorithm EA
I using the genesti
 algorithmmin max mean stdCSC 0.000 0.462 0.134 0.099SRM 0.000 0.485 0.123 0.100THRESH 0.000 0.348 0.114 0.091EGBIS 0.118 0.708 0.371 0.140CWAGM 0.000 0.436 0.118 0.090Table 5.4: Statisti
s on the optimization performan
es for the training image set using the geneti
algorithm.
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(a) ground truth (b) CSC

(
) SRM (d) THRESH

(e) EGBIS (f) CWAGMFigure 5.11: Example of optimization results for the img026 
ompared to the ground truth withtheir performan
e s
ores (0 = no di�eren
e).
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 sear
hmin max mean stdCSC 0.000 0.462 0.129 0.097SRM 0.000 0.479 0.116 0.099THRESH 0.000 0.350 0.113 0.092EGBIS 0.126 0.708 0.392 0.140CWAGM 0.000 0.456 0.193 0.077Table 5.5: Statisti
s on the optimization performan
es for the training image set using the systemati
sear
h.man
e s
ore tables, the simplex is de�nitively the best algorithm to optimize lowdimensional parameter spa
es in a few number of iterations. For segmentationalgorithms with more than two free-parameters, the Geneti
 Algorithm shouldbe preferred, requiring less iterations for the same level of performan
e. Notethat we have limited the number of iterations � mainly for 
omputational 
ostreasons � for the systemati
 sear
h method to 2550 for the EGBIS algorithmand to 1250 for the CWAGM algorithm, respe
tively. These two algorithms arerelatively slow 
omparing to the others and the parameter spa
e to explore isreally huge, parti
ularly for the CWAGM.Algorithm mean number of iterationsSystemati
 sear
h GA SimplexCSC 1000 733 83SRM 1000 734 82THRESH 10000 840 404EGBIS 2550 840 497CWAGM 1250 840 1821Table 5.6: Computational 
ost of ea
h optimization method.The number of iterations is also dependent of the parametrization of the op-timization algorithm. For the Simplex algorithm, it mainly depends on the

maxCalls parameters whi
h spe
i�es the maximum allowed number of 
alls ofthe �tness fun
tion in an optimization loop. A too low value will 
ause the al-gorithm to break before optimization is 
omplete. A too high value will lead toneedless 
alls of the �tness fun
tion. Figure 5.12 shows the in�uen
e of this param-eter on the 
onvergen
e a

ura
y. We start the test on the img001 with maxCallset to 3 (minimum allowed by the algorithm) and in
rease it up to 80. For aone-dimensional parameter spa
e, this means that the total number of iterationswill be between 9 (3× 3) and 240 (3× 80), for a two dimensional spa
e between27 (32 × 3) and 720 (32 × 80), and so on. The study of the graph brings us toseveral 
on
lusions. First, for the CSC and SRM algorithms (one free-parameter),setting maxCalls to 8 (i.e. a total number of iterations equals to 24) su�
es to
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h the best performan
e at the 
onvergen
e point. For the EGBIS and thresh-olding algorithms, the 
onvergen
e points are rea
hed after 45 and 117 iterations,
orresponding to maxCalls = 5 and maxCalls = 13, respe
tively. 783 iterationsare needed for the CWAGM algorithm (maxCalls = 29). As a 
onsequen
e, thedimensionality of the parameter spa
e to explore has to be taken into a

ount forthe setting of maxCalls but ex
essive values are useless. This study also revealsthat the parameter spa
e is not explored in the same way, depending on the seg-mentation algorithm. Indeed, some algorithms, have parameter sub-spa
es whi
hindu
e �at evaluation pro�les, as for instan
e the thresholding algorithm. In thesesub-spa
es, the Simplex 
onverges in a few number of iterations. The same studyis done for the GA and the results are graphi
ally reported in Figure 5.13. Wede
ide to assess the GA sensitivity to the initial population size. The number ofinitial points is here independent of the segmentation algorithm and varies be-tween 20 and 840. The same 
on
lusions 
an be drawn. We just 
an add thatthe EGBIS algorithm brings some problem to the GA whi
h falls in many lo
aloptima (peaks of the EGBIS 
urve in Figure 5.13).

Figure 5.12: Convergen
e a

ura
y of the Simplex algorithm by varying the maxCalls param-eter.5.4.3 Algorithm Sele
tionWe applied the DBSCAN [Ester et al., 1996℄ algorithm to 
luster the 20 trainingimages as des
ribed in se
tion 4.3.2. We obtain two 
lusters of 10 images (seeFigure 5.14 for examples). Visually, the �rst 
luster 
orresponds to the ba
k side
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Figure 5.13: Convergen
e a

ura
y of the GA by varying the initial population size.images of the s
anned rose leaves and the se
ond 
luster to the front side im-ages. For ea
h 
luster, mean parameter sets of the �ve segmentation algorithms

Figure 5.14: Examples of images for the two identi�ed 
lusters. Left = 
luster 1 (front side ofthe leaves), right = 
luster 2 (ba
k side of the leaves).are 
omputed w.r.t. their performan
e s
ores. The segmentation performan
esof the tuned algorithms are evaluated on ea
h training image sub-set. The tunedalgorithm whi
h gets the best mean performan
e s
ore for ea
h 
luster is ele
ted.Before the last ranking step, the best algorithm for the �rst 
luster was the hys-teresis thresholding algorithm and the best for the se
ond 
luster was the CSCalgorithm. After the last ranking step, the CSC algorithm was found as the best
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lusters but with di�erent parameter set. This means that evenif the thresholding algorithm performs better in individual 
ases, the CSC algo-rithm is more robust than the thresholding algorithm when tuned with a meanparameter set.5.4.4 Region-Classi�er Performan
e AssessmentFor ea
h identi�ed image 
luster, region labels of annotated manual segmentationsare mapped into regions of the segmented image following the method des
ribed inChapter 4.4.1. Then, for ea
h region 
lass, a region 
lassi�er is trained with regionfeatures as input. We used our wrapper s
heme detailed in Chapter 4.4.2 to op-timize the 
lassi�er performan
es. Three 
olor spa
e are used in this experiment:RGB, HSV, and XYZ. The performan
es of the 
lassi�ers trained respe
tively onthe whole training set, the 
luster 1, and the 
luster 2 are plotted in Figure 5.15,Figure 5.16, and Figure 5.17. The study of these three graphs leads to some
on
lusions. First, HSV is the more dis
riminative 
olor spa
e in this problemex
ept for the 
luster 2 where better results are a
hieved with the XYZ 
olorspa
e. The CIE XYZ 
olor spa
e was deliberately designed so that the Y param-eter was a measure of the brightness or luminan
e of a 
olor. For the 
ontext 2,the brightnesses of the 
lasses are very di�erent. That's why the XYZ 
olor spa
eis here well-adapted. Se
ond, the optimization of the SVM parameters in
reasesthe 
lassi�er performan
es of 5-10%. The best 
ross-validation rates are rea
hedwith q (quantization level) values superior to 50.We have also tested texture features but their performan
es are 10% inferiorin mean than with the 
olor features as shown in Figure 5.18.Finally, the 
lassi�ers are trained a last time with the 
on�gurations giving thebest 
ross-validation rates. The �nal set up of the di�erent algorithms is then asfollows (Table 5.7):Context Seg. Alg. Class Feature extra
tor param. SVM param.(param) Color spa
e q C γ
ontext 1 CSC rose leaf HSV 112 4 1(light green leaves) (41.9) white �y HSV 112 1 4
ontext 2 CSC rose leaf XYZ 21 64 4(dark green leaves) (48.74) white �y XYZ 21 256 0.25Table 5.7: Set up of the segmentation, the feature extra
tors, and the 
lassi�ers.5.4.5 Final Segmentation Quality AssessmentIn this se
tion, we present the segmentation results on the test set. We 
omparesix di�erent methods, 
omprising (parts of) our approa
h and a pure top-downsegmentation.
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Figure 5.15: Performan
es of the region 
lassi�ers trained on the whole training set and di�erent
olor features.
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Figure 5.16: Performan
es of the region 
lassi�ers trained with the ten images of the 
luster 1(light green rose leaves) and di�erent 
olor features.
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Figure 5.17: Performan
es of the region 
lassi�ers trained with the ten images of the 
luster 2(dark green rose leaves) and di�erent 
olor features.
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Figure 5.18: Performan
es of the region 
lassi�ers trained with the whole training set and texturefeatures.
• method 1: ad ho
 segmentation, with the Hysteresis thresholding algorithmtuned with Tlow = 0.45 and Thigh = 1.0.
• method 2: algorithm sele
tion and tuning based on the learnt parametersfrom the whole training set (CSC is the best algorithm),
• method 3: method 2 + semanti
 segmentation (region labelling),
• method 4: algorithm sele
tion and tuning based on image 
ontent analysis(one algorithm with learnt parameters per 
ontext),
• method 5: method 4 + semanti
 segmentation,
• method 6: over-segmentation + semanti
 segmentationThe over-segmentation used in method 6 is performed with the CWAGM algo-rithm manually tuned with a very low region merging threshold (see Figure 5.19).Performan
e s
ores of the test set are summarized in Table 5.8 and some ex-amples of results for four test images are presented in Figure 5.20, Figure 5.21,Figure 5.22, and Figure 5.23. Methods 3 and 5 gives the best result. This resultis predi
table sin
e the segmentation algorithm used for the method 5 is the same(CSC) and the parameter settings for the 
ontext 1 is 
lose to the one for the
ontext 2. The small di�eren
e between the performan
e s
ores of methods 3 and5 is at the method 3 advantage. The white �y region 
lassi�er for the 
ontext 2has been trained on few samples sin
e there are not many white �ies on the frontside of rose leaves. Consequently, the 
lassi�
ation errors for the white �y 
lassare higher for the method 5 
ontext 2 than for the method 3. In a biologi
al point
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Figure 5.19: Example of an initial over-segmented image used in method 6.of view, inse
ts prefer to live hided on the ba
k side of the leaves, where they arebetter 
amou�aged (low 
ontrast, not visible, et
.). Method 6 does not performbetter results even if its initial over-segmentation is more pre
ise (i.e. less missedboundary pixels) than with the CSC algorithm in methods 2 to 5.method Performan
e s
ores of the segmentationmin max mean std1 0.000 0.351 0.095 0.0802 0.000 0.779 0.213 0.1643 0.000 0.654 0.122 0.1394 0.000 0.832 0.234 0.1705 0.058 0.617 0.123 0.1406 0.000 0.668 0.153 0.144Table 5.8: Statisti
s on the segmentation performan
es for the test set using di�erent segmentationstrategies.5.4.6 Overall System AssessmentTo assess the quality of the 
ognitive system, the results have been 
omparedwith ground truth. Three human operators (one expert in agronomy, one expert inimage pro
essing and one non-expert neither in agronomy nor in image pro
essing)have manually 
ounted the white �ies on 180 images. Ea
h operator has a di�erentpoint of view when 
ounting. The expert in image pro
essing fo
uses on purevisual 
hara
teristi
s while the expert in agronomy fo
uses more on the semanti
meaning of images. This 
an lead to di�erent 
ounting results as illustrated inFigure 5.24: the expert in agronomy 
ounts three white �ies, the expert in imagepro
essing only one (be
ause only one obje
t mat
hes the visual 
riteria), and thenon-expert two. This explains the size of some error bars on ground truths inFigure 5.25 (e.g., samples 142 and 148).
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Figure 5.20: Examples of results on a test image for di�erent segmentation 
on�gurations (1).
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Original image ground truth method 1 method 2

method 3 method 4 method 5 method 6

Figure 5.21: Examples of results on a test image for di�erent segmentation 
on�gurations (2).
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egmentation Original image ground truth method 1 method 2

method 3 method 4 method 5 method 6

Figure 5.22: Examples of results on a test image for di�erent segmentation 
on�gurations (3).
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Original image ground truth method 1 method 2

method 3 method 4 method 5 method 6

Figure 5.23: Examples of results on a test image for di�erent segmentation 
on�gurations (4).
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Figure 5.24: Example of an ambiguous image sample for ground truth estimation. The twowhite �ies on the top have moved during the s
anning. This leads to 
olor �i
kering whi
h donot 
orrespond to the normal white �y 
olor.We detail hereafter the result evaluation for early dete
tion of mature white�ies. From the 180 images 
omposing the test set, 162 
ontain between zero and�ve white �ies. Figure 5.25 presents the detailed results for the whole test set.For ea
h image the average ground truth value (blue 
ir
le) is reported with itsasso
iated error bar. Red 
rosses represent the values found by the system. Toprove the reliability of our learning approa
h, we have tested it against an adho
 segmentation (i.e. a manually tuned algorithm): a hysteresis thresholdingsegmentation on gray-s
aled normalized image (i.e. pixel values in [0, 1]) withlow threshold (Tlow) �xed to 0.45 and high threshold (Thigh) �xed to 1.0. Thetwo graphs present the results of mature white �y 
ounting. The top graph
orresponds to the system 
on�gured with ad ho
 segmentation and the bottomgraph 
orresponds to the system 
on�gured with our learning approa
h.Globally, the dete
tion rate is satisfa
tory. To fully make use of the results,we 
an separate the test samples into two 
lasses depi
ting the most relevantsituations. The �rst 
lass (C1) represents images without any mature white �y(i.e. images for whi
h the ground truth error bar maximum is stri
tly inferiorto 1.0) and the se
ond 
lass (C2) represents images with at least one white �ydete
ted (i.e. images for whi
h the ground truth error bar maximum is equal orsuperior to 1.0). We de�ne the False Positive Rate (FPR) as the rate of over-dete
tion (i.e. images for whi
h the number of dete
ted white �ies is greater thanthe ground truth error bar) and the False Negative Rate (FNR) as the rate ofunder-dete
tion (i.e. images for whi
h the number of dete
ted white �ies is lessthan the ground truth error bar). Table 5.9 summarizes the dete
tion results.The �gures represent the mean values of FNR and FPR for 
lass C1, C2, and forthe whole image test set.The FNRs are roughly similar for the two 
on�gurations. In fa
t, this reveals
onfusing situations as the one presented in Figure 5.26: two overlapping white�ies have been segmented into one region whi
h has obviously not the shape ofa single white �y. Hen
e, the system 
ounts one white �y instead of three. Thishighlights the s
ale issue of our problem for whi
h highly variable small obje
tsare expe
ted to be dete
ted in a 
omplex natural environment. Con
erning theFPRs, they are up to four times smaller with the learnt segmentation than with
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Figure 5.25: Evaluation of mature white �y 
ounting results in early dete
tion 
ases (i.e. between0 and 5 �ies per leaf). The upper graph presents the results for the system 
on�gured withtrained segmentation parameters, the lower one presents the results for the system 
on�guredwith an ad ho
 segmentation.
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tion of mature white �iesWith ad ho
 segmentation With learnt segmentationSamples FNR (%) FPR (%) FNR (%) FPR (%)
C1 (102) - 9.6 - 3.1
C2 (60) 24.7 9.0 29.6 2.0Whole set (162) 9.1 9.4 11.0 2.7Table 5.9: False Negative Rate (FNR) and False Positive Rate (FPR) for test images with nowhite �ies (
lass C1), at least one white �y (
lass C2) and for the whole test set.the ad ho
 one. This is due to our adaptive segmentation approa
h that allows toe�
iently tune algorithm parameters with respe
t to variations in leaf 
olor and
ontrast.

Figure 5.26: Example of an ambiguous situation leading to a wrong interpretation result.5.5 Evaluation on a Publi
 Image DatabaseIn this se
tion, we present evaluation results of the parameter optimization stepon a publi
 image database.The goal of the Berkeley Segmentation Dataset and Ben
hmark (BSDB) imagedatabase [Fowlkes and Martin, 2007℄ is to provide an empiri
al basis for resear
hon image segmentation and boundary dete
tion. To this end, the authors have
olle
ted 6000 hand-labeled segmentations of 500 Corel dataset 
olor images from30 human subje
ts. The images depi
tes natural s
enes with at least one fore-ground objet (e.g., an animal, a plant, a person, et
.). The publi
 ben
hmarkbased on this data 
onsists of all of the segmentations for 300 images. The imagesare divided into a training set of 200 images, and a test set of 100 images. Theground truth are not labelled and the possible semanti
 
lasses are too numerous.Consequently, we do not assess the semanti
 segmentation part of our frameworkon this image database.The evaluation metri
 proposed in this image database for the ben
hmarking
annot be used with region-based segmentation algorithms sin
e it relies on soft
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 Image Database 105boundary maps of edge-based segmentation results (e.g. maps of gradient mag-nitude). We thus prefer our segmentation performan
e metri
. For ea
h image,several human segmentation exists (from three to eight) with di�erent levels ofre�nements. We have de
ided to take into a

ount the �nest ones. Then, for ea
hsegmentation algorithm of our algorithm bank and for ea
h image, algorithm pa-rameters are optimized thanks to the manual segmentation. As previously donein se
tion 5.4.2, we have 
ompared the optimized segmentation a
hieved with thethree optimization algorithm based on: the Simplex algorithm (Table 5.10), theGeneti
 Algorithm (Table 5.11), and a systemati
 sear
h (Table 5.12). Globallythe three optimization algorithms performs in mean 
omparable results. This
on�rm the reliability of our parameter tuning approa
h for this image database.Algorithm EA
I using the Simplex algorithmmin max mean stdCSC 0.285 0.768 0.639 0.079SRM 0.246 0.702 0.529 0.079THRESH 0.193 0.680 0.510 0.081EGBIS 0.207 0.632 0.495 0.077CWAGM 0.224 0.691 0.530 0.081Table 5.10: Statisti
s on the optimization performan
es using the Simplex algorithm.Algorithm EA
I using the geneti
 algorithmmin max mean stdCSC 0.373 0.756 0.633 0.086SRM 0.232 0.665 0.532 0.088THRESH 0.192 0.682 0.514 0.092EGBIS 0.202 0.618 0.499 0.081CWAGM 0.224 0.675 0.530 0.090Table 5.11: Statisti
s on the optimization performan
es using the geneti
 algorithm.Algorithm EA
I using the systemati
 sear
hmin max mean stdCSC 0.252 0.762 0.594 0.087SRM 0.234 0.696 0.528 0.079THRESH 0.376 0.648 0.521 0.064EGBIS 0.337 0.600 0.509 0.066CWAGM 0.496 0.0677 0.589 0.091Table 5.12: Statisti
s on the optimization performan
es using the systemati
 sear
h.
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lusionIn this 
hapter, we have presented the validation of our framework for adaptiveimage segmentation on a biologi
al appli
ation. We have paid a spe
ial attentionto the assessment of ea
h step of our learning module. We have seen that ouroptimization pro
edure is able to extra
t optimal parameters of di�erent segmen-tation algorithms. The optimization is reasonable in terms of 
omputational 
ostand delivers 
ompatible results with the appli
ation needs. Then, region 
lassi-�ers have been trained on a relative small set of training images (50) for whi
h theuser has provided manual segmentations and, regions annotations for two obje
t
lasses. The qualitative and quantitative evaluations of the results demonstratethe potential of our method for this appli
ation. On the test image set, our adap-tive segmentation outperforms an ad ho
 segmentation with in mean 50% lesssegmentation errors a

ording to our performan
e evaluation metri
.We have also shown how our framework 
an be used into a 
ognitive visionsystem dedi
ated to the dete
tion and 
ounting of inse
ts on rose leaves to enri
hthe segmentation task with learning and adaptability fa
ulties. Global perfor-man
e of the system has been improved thanks to our adaptive segmentation andde
rease the false rate dete
tion in a fa
tor three.We have however limited our experiment to a �gure-ground segmentation prob-lem. Further experiments with more training data (i.e. more semanti
 
lasses)are ne
essary to fully validate our framework.



Chapter 6Adaptive Figure-GroundSegmentation in VideoSurveillan
e Appli
ations
6.1 Introdu
tionFigure-ground segmentation of videos 
onsists in separating the foreground pixelsof the ba
kground pixels. In video appli
ations, the variability of the two 
lassesmakes the dete
tion of foreground pixels fairly impossible to predi
t without mo-tion information. A widely used method to ta
kle this problem is to model theba
kground in order to dete
t only moving pixels. If some te
hniques (e.g., median�ltering [Prati et al., 2003℄, mixture of Gaussian [Stau�er and Grimson, 1999℄,kernel density estimator [Elgammal et al., 2000℄, 
odebooks [Kim et al., 2005℄)have proved to be e�
ient in spe
i�
 situations, the maintenan
e of ba
kgroundmodels in long-term videos of 
hanging environment is still a real 
hallenge. Morepre
isely, these te
hniques are still not able to 
ope with both gradual 
hanges(e.g., due to the 
hange of the lo
ation of the sun) and sudden 
hanges (e.g., due tothe passage of 
louds in front of the sun). In video surveillan
e appli
ations, su
hsituations are 
ommon, for instan
e in outdoor site or building entran
e surveil-lan
e. Therefore, a need exists in improving the segmentation step to a
hieve arobust dete
tion of moving obje
ts of interest in every expe
ted situations.In this 
hapter, our obje
tive is to remove the restri
tions on the use of videosegmentation algorithms. More pre
isely, our aim is to show how our algorithmsele
tion method based on image 
ontext analysis 
an be used for the dynami
sele
tion of ba
kground model. The goal is to divide the ba
kground modellingproblem into more tra
table sub-problems, ea
h of them being asso
iated with aspe
i�
 
ontext.
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e Appli
ations6.2 Meta-Learning for video segmentation algorithms6.2.1 Targeted Appli
ationsWe 
onsider the problem of the �gure-ground segmentation task in video surveil-lan
e appli
ations where both qui
k-illumination 
hanges and long term 
hangesare present. In this 
ontext, the major di�
ulty at the segmentation level is todeliver robust results whatever lighting 
hanges o

ur in the s
ene. These lightinge�e
ts 
an be indu
ed by weather 
onditions 
hanges in outdoor s
enes, by theswit
hing of an arti�
ial lighting sour
e in indoor s
enes, or by a 
ombinationof 
hanges of di�erent natures. The 
onsequen
es at the pixel level are varia-tions of intensity, 
olor saturation, or inter-pixel 
ontrast. At the image level,these 
hanges 
an a�e
t just a lo
al area or the whole image. Another sour
eof problems arises from the presen
e of non-stati
 obje
ts in the ba
kground asswaying trees or mobile obje
ts as 
hairs. All these ba
kground variations makethe foreground dete
tion problem very di�
ult.6.2.2 Targeted AlgorithmsTo estimate the motion, a basi
 approa
h is to 
ompute the di�eren
e betweena ba
kground image, 
alled the referen
e image, and the 
urrent frame. Theresult is then thresholded to get a binary image of moving pixels. The resultis obviously very sensitive to the threshold. Most of the time, the user musttune this threshold in a trial-and-error pro
ess. One di�
ulty arises when theba
kground pixels are varying along the time. In this 
ase, more elaboratedapproa
hes build a ba
kground model for ea
h pixel based on the pixel's re
enthistory by using, for instan
e a 
hronologi
al average or median of the n previousframes. More re
ently, Mixture of Gaussian (MoG), Kernel Density Estimator(KDE), and 
odebook models have been proposed to 
ope with multiple modalba
kground distributions. These algorithms are based on a training stage toestimate the Gaussian parameters (for MoG), to 
ompute the probability densityfun
tions (for KDE), or to 
onstru
t the 
odebooks. Ea
h of these te
hniques
an provide a

eptable a

ura
y in spe
i�
 appli
ations: MoG are adapted tomulti-modal ba
kground distributions but fail to provide sensitive dete
tion whenba
kground has fast variations. KDE over
omes this problem but are limited toshort-term videos due mostly to memory 
onstraints. Codebooks alleviate this
omputation limitation by 
onstru
ting a highly 
ompressed ba
kground modelbut produ
e too wide ba
kground models when the environment is highly variableas in long-term videos.Our approa
h fo
uses on algorithms assuming a training stage of theba
kground model representation on ba
kground samples, i.e. a set offrames without any moving obje
ts of interest. In parti
ular, we fo
us ontwo algorithms of this family: the generalized Mixture of Gaussian (MoG)model [Stau�er and Grimson, 1999℄ and the 
odebook model [Kim et al., 2005℄.The training stage of the Mog model 
onsists in estimating k Gaussian parameters
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e Clustering 109set (ω, µ,Σ) for ea
h pixel using an expe
tation-minimization algorithm, where kis the number of gaussians in the mixture. For the 
odebook model, the learningstage 
onsists in 
onstru
ting the set of 
odewords (i.e. a 
odebook) for ea
h pixel.A 
odework is 
omposed of a ve
tor of mean RGB values and of a �ve-tuple ve
tor
ontaining intensity (brightness) minimum and maximum values, the frequen
ywith whi
h the 
odeword has o

urred with its �rst and last a

ess time. Wehave 
hosen these two algorithms for the di�eren
es they exhibit in their modelrepresentation and their training pro
ess, and for their 
omparable performan
esin the targeted appli
ations.6.2.3 HypothesisOur assumptions are the following:1. We suppose that the user is able to 
olle
t a set of ba
kground samples forthe training of the ba
kground models. In a pra
ti
al point of view, the
olle
tion 
an be a
hieved by a manual sele
tion of frame sequen
es whereno obje
t of interestis present.2. We suppose that this set is large enough to illustrate the di�erent variationsof the s
ene (the 
ontexts), e.g. the di�erent illuminations 
hanges that
ould be en
ountered in real-time use.These two assumptions �t quite good with the targeted appli
ations where videos
an be a
quired 
ontinuously, typi
ally 24 hours per day and seven days per week.The qui
k availability of data allows to build hen
e huge training image set.6.2.4 ExperimentThe experimental 
onditions are the followings: the video data are taken duringa period of 24 hours, at eight frames per se
ond, from a video surveillan
e 
amera�xed above an outdoor 
ash desk of a 
ar park. The video 
amera parametersare set in automati
 mode. The size of the images is 352 × 288 pixels and arestored in JPEG format. For the experiment, we have taken one frame on �vewhi
h 
orrespond to 138000 frames in total. Six samples pi
ked from the imageset are shown in Figure 6.1. They have been 
hosen to illustrate the ba
kgroundmodelling problem. In the learning stage, we have manually de�ned a trainingimage set I 
omposed of 5962 ba
kground frames (i.e. without foreground obje
ts)along the sequen
e. This 
orresponds to pi
k one frame every 15 se
onds in meanand represents 4.3% of the whole image set.6.3 Context Analysis by Image Sequen
e ClusteringThis step slightly di�ers from the one presented for stati
 image segmentation fortwo reasons. First, the training image set is ex
lusively 
omposed of ba
kgroundimages and se
ond, the features used to 
hara
terize the images variations are not
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(a) (b)

(
) (d)

(e) (f)Figure 6.1: Six frames representative of the ba
kground modelling problem.
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olor histograms in stati
 segmentation). Here, the �eld of view of thevideo 
amera is �xed. This 
on�guration allows a more lo
al analysis of the imagevariations. To this end, a straightforward approa
h, based on a global histogram-ing of pixel intensity as in [Georis, 2006℄ is not fully adapted. A
tually, su
hhistograms la
k spatial information, and images with di�erent appearan
es 
anhave similar histograms. To over
ome this limitation, we use an histogram-basedmethod that in
orporates spatial information [Pass et al., 1997℄. This approa
h
onsists in building a 
oherent 
olor histogram based on pixel membership to largesimilarly-
olored regions. For instan
e, an image presenting red pixels forming asingle 
oherent region will have a 
olor 
oheren
e histogram with a peak at thelevel of red 
olor. An image with the same quantity of red pixels but widely s
at-tered, will not have this peak. This is parti
ularly signi�
ant for outdoor s
enewith 
hanging lighting 
onditions due to the sun rotation, as in Figure 6.1(a,b).Figure 6.2 gives a qui
k overview of the feature distribution along the sequen
e.In this �gure, ea
h X-Z sli
e is an histogram whi
h represents the per
entage ofthe number of pixels (Z axis) belonging to a given 
olor 
oherent feature (Xaxis). The 
oherent 
olor feature s
ale has been divided into 3 intervals for thethree HSV 
hannels. Histograms are ordered along the Y axis whi
h representsthe time in the 
ourse of a day. Several 
lusters of histograms 
an be easilyvisually dis
riminated as noti�ed for 
luster number 1, 14 and 2. Others 
lustersnot represented here are intermediate ones and mainly 
orrespond to transitionsstates between the three main 
lusters. Sixteen 
lusters are found (see Figure 6.3for 
ontext 
lass distribution). Three major 
lusters 
an be identi�ed (number1, 2 and 14). The order of 
lass representation does not ne
essary 
orrespond to
onse
utive time instants. Cluster 1 
orresponds to noon (sunny 
ontext), 
luster2 
orrespond to the morning (lower 
ontrast) and 
luster 14 to the night.Then, for ea
h identi�ed 
luster, the 
orresponding training frames are puttogether and used to train a ba
kground model (i.e. 
odebooks). The next stepis the real-time adaptive segmentation of the video using a dynami
 sele
tion oftrained ba
kground models.6.4 Real-Time Adaptive Figure-ground SegmentationThis task begins similarly to the one presented for the stati
 segmentation task.For a new image I, a global feature ve
tor v(I), here a 
oherent 
olor histogramin the HSV 
olor spa
e, is extra
ted and 
lassi�ed as a 
ontext. We also use atemporal �ltering step to redu
e instability of the 
lustering algorithm. Indeed, in
luttered s
enes, foreground obje
ts 
an strongly intera
t with the environment(e.g. light re�e
tions, proje
tion of shadows) and then add a bias to the 
ontextanalysis. So, it is important to smooth the analysis by ponderating the 
urrentresult with respe
t to previous ones. Our temporal �ltering 
riterion is de�ned asfollowsLet us de�ne θ the 
ontext 
luster identi�er (the bu�ered 
ontext), θI the
luster identi�er for the in
oming image I, and µθ the square mean of 
luster
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Figure 6.2: 3-D histogram of the image sequen
e used during the experiment (see Figure 6.1 forsamples).

Figure 6.3: Pie 
hart of the 
ontext 
lass distribution for the image sequen
e used for theexperiments.
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omputed on a temporal window. α is a ponderating 
oe�
ient relatedto the width w of the temporal �ltering window. To de
ide if θI is the adequate
luster for an in
oming image I, we 
ompare it with µθ as in Algorithm 7. In thisalgorithm, two 
ases are investigated. If θI is equal to θ, µθ is updated based onthe 
ontext probability p(θI) and α. Else if θI is di�erent to θ, the 
urrent p(θI)is tested against µθ. The square value of p(θI) is used to raise the sensibility ofthe temporal �ltering to large variations of p(θI).Algorithm 7: Context Temporal Filtering Algorithminputs : Ioutputs: θ (the bu�ered 
ontext identi�er)/*initializations for the first frame only */
θ ← 0 ; /*set 
urrent 
ontext identifier to `noise'*/1
µθ ← 0 ; /*set square mean of θ probability to 0*/2
α← 0 ; /*set weight parameter to 0*/3
[θI , p(θI)]← 
ontextAnalysis(I) ; /*θI = 
ontext ident. of I*/4 if θ = θI or θ = 0 then5

θ ← θI ;6
µθ ←

α×µθ+p2(θI)
α+1 ; /*update the value of µθ*/7 if α < w then8

α← α + 1 ;9 else if p2(θI) ≥ µθ then10
θ ← θI ;11
µθ ← p2(θI) ; /*update the value of µθ*/12
α← 1 ; /*reinitialize the weight α*/13 return θ14When the 
ontext is identi�ed, the 
orresponding ba
kground models are se-le
ted and the �gure-ground segmentation of I is performed.6.5 Experimental ResultsIn this se
tion, we present experimental results of real-time �gure-ground segmen-tation. Sin
e no ground truth are available for the 
ar park video, we are onlyable to present qualitative results. We 
ompare the results obtained with di�erentsegmentation settings (with or without the 
ontext adaption, et
.) at di�erentmoments of the day and in several di�
ult situations.Boundaries of the dete
ted regions (in green) have been dilated for a bettervisualization. We remember that we took one frame every �ve se
onds in ourexperiment. 
ontext ID is the identi�er of the dete
ted 
ontext and prob is theestimate probability of the identi�ed 
ontext.



114 Adaptive Figure-Ground Segmentation in Video Surveillan
e Appli
ations6.5.1 Model Sele
tion E�e
tIn this se
tion, we show some examples Figure 6.4 where the sele
tion of theba
kground model helps to improve the segmentation. In this �gure, the left
olumn 
orresponds to the 
odebook segmentation when trained on the wholetraining image set. The right 
olumn 
orresponds to the 
odebook segmentationresults thank to our 
ontext adaptation method, i.e. with a dynami
 sele
tion ofa ba
kground model. We 
an see that our approa
h a
hieves a better dete
tionrate without adding false dete
tion.6.5.2 Temporal Filtering E�e
tsIn this se
tion, we present some situations where the temporal �ltering algo-rithm 
an help to 
orre
t 
lassi�
ation mistakes. The 
olumns of Figure 6.5 andFigure 6.6 
orresponds to the segmentation result with the 
odebook algorithmbased on respe
tively one ba
kground model (left 
olumn), dynami
 sele
tion ofthe ba
kground model (middle 
olumn), and dynami
 sele
tion of the ba
kgroundplus temporal �ltering (right 
olumn).When a foreground obje
t 
rosses the s
eneThe presen
e of a person modify the pixel distribution of the s
ene and thenperturbs the 
ontext 
lassi�
ation. Consequentely, a `noise' 
ontext (ID:0) isoften dete
ted as shown in Figure 6.5. The temporal �ltering algorithm smoothsthe 
ontext analysis by integrating the results of the previous frames, and thenhelps in keeping a 
orre
t 
ontext 
lassi�
ation in su
h 
ases. We 
an also see onthe se
ond row that the man's shadow is not dete
ted. In fa
t, 
ontext number 1gathers frames from sunny and shaded illumination 
onditions of this s
ene part.The 
orresponding ba
kground model has thus integrated these values during thetraining.When an unadapted 
ontext is dete
tedWhen the lighting 
ondition suddenly 
hanges due to in
oming re�e
tions on shinysurfa
es for instan
e, the 
ontext 
lassi�
ation is biased and returns an unadapted
ontext identi�er. On
e more, the used of the temporal �ltering is well-adaptedfor these -not so rare- situations as seen in Figure 6.6.6.5.3 Borderline and Bad ResultsIn this se
tion, we give some examples where the results are not the expe
tedones. In parti
ular, we try to exhibit the limits of our approa
h at both modelsele
tion level and 
ontext �ltering level.
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Figure 6.4: Illustration of the segmentation improvement when a dynami
 sele
tion of a ba
k-ground model is applied (right 
olumn).
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Figure 6.5: Illustration of the temporal �ltering e�e
t on the 
ontext analysis (1). Columns are,from left to right: without 
ontext adaptation, with 
ontext adaptation, with �ltered 
ontextadaptation. Rows are frame at time t and t + 1, 87s.

Figure 6.6: Illustration of the temporal �ltering e�e
t on the 
ontext analysis (2). Columns are,from left to right: without 
ontext adaptation, with 
ontext adaptation, with �ltered 
ontextadaptation.



6.5 Experimental Results 117Shadow removalUnlike Figure 6.5, Figure 6.7 shows a 
ase where shadows are not 
orre
tly in-tegrated into the ba
kground model. The 
ontext number 10 
orresponds tothe night and the only possible shadows are 
oming from people 
oming out thepedestrian entran
e of the 
ar park. This situation has not been learnt during thetraining stage of the 
odebook models.
Figure 6.7: Illustration of the shadow removal problem when the ba
kground model is nottrained to su
h situations.Noise sensitivity of poorly trained ba
kground modelsThe problem with intermediate 
ontexts (i.e. representing a short period) is theirbrittleness to noise. Their asso
iated ba
kground model has not been trainedenough and the dete
tion result has a greater false positive rate then wider 
lus-ters. This is the 
ase of the 
ontext number 4 as in Figure 6.8.

Figure 6.8: Illustration of the noise sensitivity of a poorly trained ba
kground model.Limitation in the qui
k adaptation to 
omplex 
hangesAt the end of the night, the street lighting is swit
hed o�. If the appearan
e ofthe s
ene is instantly modi�ed, the video 
amera needs several 
ouple of se
ondsto 
ompletely adapt its gain to the new illumination 
onditions. The modellingof this event is very di�
ult be
ause it is a su

ession of small 
hanges: shadows
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e Appli
ationsvanish, 
olor 
hanges, and the 
ontrast de
reases. At the s
ale of 24 hours, thisstep is shown as a noise 
ontext, sin
e it �nally involves a short period (abouthalf a minute). Figure 6.9 shows what is happening at the segmentation levelwith or without 
ontext adaptation and temporal �ltering. When the street lightswit
hes o� (se
ond row), many false positive pixels are dete
ted and the 
ontextanalysis returns a noise 
ontext. The 
ontext analysis be
omes 
orre
t again onlythree se
onds later (third row). Con
erning the temporal �ltering of the 
ontext,the ne
essary time to �nd ba
k a 
orre
t 
ontext adaptation is greater (7, 5s).This is due to the time lag added by the temporal window of the �ltering.6.5.4 Comparison with Mixture of GaussianIn this se
tion, we 
ompare our approa
h with the MoG approa
h. We use animplementation of the algorithm proposed in [Stau�er and Grimson, 1999℄. Weuse the default parameter setting. A MoG ba
kground model is trained for ea
hidenti�ed 
luster then dynami
ally sele
ted during the real-time segmentation.Figure 6.10 shows that MoG are more sensitive to shadows than 
odebooks.Figure 6.11 shows the high sensitivity of Mog to global 
hanges (�rst row) andthe e�e
ts of a too large learning rate: foreground pixels from the �rst row stillremains on se
ond row. We also see that the same false dete
tion problem o

urswith Mog when models are not enough trained (third row). The last row showsthe di�
ulty of the model to integrate noisy pixel value indu
es by the high gainlevel of the video 
amera.Figure 6.12 shows the same frames than the ones in Figure 6.9. We 
an seethat the MoG model en
ounters the same problem than the 
odebook and failsto qui
kly adapt to the ba
kground variations.6.6 Con
lusionIn this 
hapter, we have presented the validation of our adaptive segmentationapproa
h for video surveillan
e appli
ations. We have fo
used on a di�
ult long-term video surveillan
e appli
ation (outdoor 
ar park entran
e surveillan
e) whereboth gradual and sudden 
hanges o

ur. In this appli
ation, a huge amount ofdata are easily available sin
e images 
an be a
quired 
ontinuously. In a weaklysupervised learning stage, the user's task is to 
olle
t ba
kground samples il-lustrating the di�erent situations. The unsupervised 
lustering algorithm hassu

essfully identi�ed meaningful 
lusters of training images like sunny 
ontext,night 
ontext, or dawn 
ontext. For ea
h identi�ed image 
luster, a ba
kgroundmodel has been trained using the 
odebook model [Kim et al., 2005℄. This ap-proa
h, 
onsisting in generating sub-goals and training learning-based algorithmson ea
h sub-goal is similar to a meta-learning approa
h. In real-time �gure-ground segmentation, the di�erent 
ontexts are su

essfully retrieved thanks tothe temporal �ltering algorithm. However, some problems remain in the 
ontextadaptation espe
ially when unforeseen 
hanges o

ur.
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Figure 6.9: Illustration of the limitation to qui
k adaptation of the 
ontext adaptation andtemporal �ltering. Columns are, from left to right: without 
ontext adaptation, with 
ontextadaptation, with �ltered 
ontext adaptation. Rows are frame at time t, t+0.62s, t+ 3.12s, and
t + 7.5s.
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Figure 6.10: Comparison between the proposed approa
h (left 
olumn) with the 
odebookmodel [Kim et al., 2005℄ and the MoG model [Stau�er and Grimson, 1999℄ (right 
olumn) (1).
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Figure 6.11: Comparison between the proposed approa
h (left 
olumn) with the 
odebookmodel [Kim et al., 2005℄ and the MoG model [Stau�er and Grimson, 1999℄ (right 
olumn) (2).
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Figure 6.12: Comparison between the proposed approa
h (left 
olumn) with the 
odebookmodel [Kim et al., 2005℄ and the MoG model [Stau�er and Grimson, 1999℄ (right 
olumn) onthe sequen
e of Figure 6.9.



6.6 Con
lusion 123In this problem, our 
ontext analysis uses pixel values in the HSV 
olor spa
e.The transformation of the pixel values into this 
olor spa
e is 
ostly and thendegrades the frame-rate in real-time segmentation. Nevertheless, the motivationin using this 
olor spa
e to dis
riminate image 
ontext is based on the fa
t thatillumination 
hanges are more visible in the HSV spa
e than in the RGB spa
e.Indeed, the saturation 
hannel is very sensitive to 
hanges indu
ed by shadows orsun illumination.If the temporal �ltering of the 
ontext has the expe
ted smoothing e�e
ts whenspurious 
ontexts are dete
ted, the algorithm mainly relies on the α parametersetting. A too large value will add a time lag in the 
ontext adaptation whereas atoo small value will make the algorithm too sensitive to spurious 
ontext dete
tion.So, depending on the appli
ation needs and the frame rate, a trade-o� value mightbe set.The 
odebook model has shown to be well-adapted to deal with this experi-ment. Comparisons with the MoG model reveal its robustness in di�erent situa-tions as qui
k illuminations 
hanges variations or shadows removal. Nevertheless,a quantitative evaluation study remains to be done to obje
tively assess our ap-proa
h against other algorithms.
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Chapter 7
Con
lusion and Perspe
tives
In this thesis, I address the problem of image and video segmentation with a
ognitive vision approa
h. More pre
isely, I study two major issues of the seg-mentation task in vision systems: sele
tion of an algorithm and tuning of its freeparameters, a

ording to the image 
ontent and to the appli
ation needs. Mostof the time, this tedious and time-
onsumming task is a
hieved by an expert inimage pro
essing using a manual trial-and-error pro
ess. Re
ently, some attemptsat automating the extra
tion of optimal parameters of segmentation have beenmade but they are still too appli
ation-dependent. The re-usability of su
h meth-ods is still an open problem. We have 
hosen to handle this issue with a 
ognitivevision approa
h. Cognitive vision is a re
ent resear
h �eld whi
h proposes toenri
h 
omputer vision systems with 
ognitive 
apabilities, e.g., to reason from apriori knowledge, to learn from per
eptual information, or to adapt its strategyto di�erent problems.In this thesis, I propose a supervised learning-based methodology for o�-line
on�guration and on-line adaptation of the segmentation task in vision systems.The o�-line 
on�guration stage requires minimal knowledge to learn the optimalsele
tion and tuning of segmentation algorithms. In an on-line stage, the learnedsegmentation knowledge is used to perform an adaptive segmentation of imagesor videos. This 
ognitive vision approa
h to segmentation is thus a 
ontributionfor the resear
h in 
ognitive vision. Indeed, it enables robustness, adaptation, andre-usability fa
ulties to be full�led.The proposed approa
h has been implemented and validated on two typesof real-world appli
ations: adaptive stati
 image segmentation in a biologi
alappli
ation and �gure-ground segmentation in a video surveillan
e appli
ation.The �rst part of this 
hapter reviews my approa
h and dis
usses its 
ontribu-tions and its limitations. The se
ond part presents perspe
tives to improve themethod, in parti
ular 
on
erning the learning topi
.



126 Con
lusion and Perspe
tives7.1 Review of the Proposed Approa
h and Contribu-tions7.1.1 A Generi
 Optimization Pro
edureOur optimization pro
edure automati
ally extra
ts the optimal parameters ofsegmentation algorithms based on a quantitative evaluation of the segmentedimage quality w.r.t. manual segmentations. The method is independent of theappli
ation and of the segmentation algorithms. Only the free parameters to tunewith their range values are required. This kind of knowledge is usually providedby the algorithms' authors. The 
riterion used to evaluate the segmentationquality makes no assumptions on the appli
ation nor on the algorithm behaviors.It has been applied to assess segmentation tasks in two appli
ations (a biologi
alappli
ation and a video surveillan
e one). It has also been applied to the Berkeleypubli
 segmentation database [Fowlkes and Martin, 2007℄. Two free-derivativeoptimization algorithms (a dire
t sear
h method and a geneti
 algorithm) havebeen su

essfully used to minimize the 
riteria. In this �eld, my 
ontribution isa 
omparative study of the two optimization algorithm performan
es. Thanks tothis study, we have identi�ed two situations: when the number of parameters isup to two, the Simplex provides good results in a minimal number of iterations.When the number of parameters is greater than two, the geneti
 algorithm shouldbe preferred.The main di�
ulty of this supervised learning approa
h is the manual segmen-tation of images. This task is tedious, subje
tive, and time-
onsumming. User-friendly annotation tools should be used to alleviate users' e�orts. The strength ofthis approa
h is also dependent on the intrinsi
 performan
e of the segmentationalgorithms. As a 
onsequen
e, this approa
h supposes that at least one algorithmis able to perform good results for the target segmentation purpose.7.1.2 A Strategy for the Algorithm Sele
tionAfter that several segmentation algorithms have been optimized on a trainingimage set by using the proposed generi
 optimization pro
edure, the next issueis algorithm sele
tion. The goal of this step is to answer to the user's question:�whi
h algorithm is the best adapted to segment my image?�. The �rst part of mystrategy 
onsists in identifying di�erent situations in the training image set. Asituation, also 
alled a 
ontext, is represented by a sub-set of images sharing thesame global 
hara
teristi
s, su
h as 
olor distributions. First, an unsupervised
lustering algorithm is used to identify these 
ontexts. The se
ond part usesthe results of the previous optimization stage to perform a lo
al ranking of theoptimized algorithms for ea
h 
ontext a

ording to their performan
e values.This strategy allows a dynami
 
ontrol of the segmentation task (i.e. algorithmsele
tion plus optimal parameter setting) without the need of expli
it a prioriknowledge of the appli
ation domain or the segmentation algorithms themselves.It should be noted that this strategy makes several assumptions. First, it sup-



7.1 Review of the Proposed Approa
h and Contributions 127poses that all possible 
ontexts are illustrated in the training image set. Se
ond,this strategy argues that for ea
h identi�ed 
ontext, a mean parameter set of thebest ranked algorithm exists to deliver good segmentation results.7.1.3 A Semanti
 Approa
h to Image SegmentationMost of the time, segmentation results provided by bottom-up algorithms aresemanti
ally meaningless. I propose a semanti
 approa
h to image segmentationwhere high level region labels help to validate region segmentation results. Theregion labelling algorithm relies on three steps and makes use of the results ofthe previous stages (parameter optimization and algorithm sele
tion). In a �rststep, for ea
h training image, the user is invited to a�e
t semanti
 labels toregions of manual segmentations a

ording to the appli
ation needs. Then, anautomati
 region label mat
hing is a
hieved between the regions of the manualsegmentation and the regions of the optimized segmentation. Finally, a set of
lassi�ers (SVMs) are trained for ea
h label based on numeri
al features of regions.The originality of the approa
h is that ea
h step of the learning pro
ess, i.e.feature extra
tion and SVM training, is optimized in a wrapper s
heme so as tomaximize the 
lassi�
ation performan
e of the algorithm.Currently, region features are limited to 
olor and texture information. Themethod 
ould be improved by also taking into a

ount spatial information, su
has the relationships between the di�erent semanti
 
lasses of regions.7.1.4 A Software Implementation of the MethodologyA software implementing this methodology for o�-line 
on�guration and on-lineadaptation of the segmentation is proposed. Starting from a training image setwith the 
orresponding manual segmentations, the system, via a graphi
al userinterfa
e, is able to:
• extra
t optimal parameters for six segmentation algorithms (four for stati
image segmentation and two for video segmentation),
• perform the image 
luster de
omposition,
• sele
t the best performing algorithm for ea
h identi�ed 
ontext,
• annotate the regions with respe
t to prede�ned 
lass labels,
• train region 
lassi�ers,
• 
ontrol the segmentation of new images with respe
t to the learned segmen-tation knowledge,
• visualize segmentation results.More development on the implementation in C++ 
ode is given in appendix B.Finally, by addressing the problem of adaptive image segmentation, we havealso addressed underlying problems, su
h as feature extra
tion and sele
tion, andsegmentation evaluation and mapping between low-level and high-level knowledge.Ea
h of these well-known 
hallenging problems is not easily tra
table and still



128 Con
lusion and Perspe
tivesdemands to be intensively 
onsidered. We have designed our approa
h (and oursoftware) to be modular and upgradable so as to take advantage of new progressesin these topi
s.7.1.5 Contributions for the Cognitive Vision PlatformMy approa
h has enri
hed the platform by enabling learning fa
ulties at the seg-mentation level. Previously, segmentation algorithms were manually tuned by anexpert in image pro
essing and the dynami
 sele
tion relied on a knowledge basewritten by hand. The same algorithms are now automati
ally tuned and thusallow an adaptive segmentation of di�erent images, thanks to a training stage.The gain obtained at the segmentation level bene�ts to the higher level modulesof the platform.7.1.6 Contributions for the Biologi
al Appli
ationDespite the appearan
e, robust segmentation of mature white �ies on rose leavesis not a trivial task. The variability of leaves 
olor and texture 
ombined withthe semi-transparent nature of the white �y wings and the presen
e of number ofother obje
ts (e.g., white �y eggs, larvae, 
hemi
al treatments tra
es, water drop,et
.) makes the segmentation not so easy. Compared to an ad ho
 segmentationtuned by hand, our adaptive segmentation a
hieves better results and thus leadsto a better 
ounting pre
ision. Moreover, the semanti
 segmentation drasti
allyredu
es the number of regions by merging the subparts of obje
ts. This te
h-nique de
reases the 
omputational 
ost of the system sin
e less regions have to bepro
essed at the interpretation level.At present, the platform is able to manage the dete
tion and the 
ounting ofonly one biologi
al obje
t. Other bioagressors (e.g., green�y, aphids, et
.) orother stages of development of white �ies (e.g., larvae, eggs) should be treated inorder to assess both our adaptive segmentation approa
h and the platform to amulti-
lass problem (more than two). To this end, we need to a
quire new data(i.e. images with manual segmentations and region annotations) as well as highlevel knowledge (i.e. des
riptions of the obje
ts in terms of visual 
on
epts) forthe 
orre
t des
riptions of the new obje
ts.Finally, the platform is 
urrently also limited by its a
quisition system (a�atbed s
anner). We plan to over
ome su
h a limitation by using video 
ameras.Another advantage of video 
ameras is that they provide temporal informationwhi
h is of great interest to disambiguate o

lusion situations, for instan
e.7.1.7 Contributions for Video Surveillan
e Appli
ationsIn this appli
ation, my main 
ontribution is the dynami
 ba
kground model sele
-tion based on 
ontext analysis. This approa
h �ts parti
ularly well to appli
ationswhere both short-term and long-term illumination 
hanges may o

ur. The unsu-pervised 
lustering algorithm uses image global 
hara
teristi
s integrating spatial



7.2 Future Work 129information so as to take into a

ount not only global 
hanges but also lo
al ones.We have also proposed an algorithm for temporal 
ontext �ltering.The �rst experiments have proved that the dynami
 sele
tion of ba
kgroundmodels is a good approa
h to deal with adaptation fa
ilities. Nevertheless, it is
lear that our approa
h is still unable to manage unforeseen situations, i.e. new
ontexts. An extension of this approa
h to enable 
ontinuous learning fa
ility isthus a
tively needed.Finally, in this appli
ation, we do not 
ompletely follow up our strategy foralgorithm sele
tion. It should be interesting to see how di�erent �gure-groundsegmentation approa
hes 
ould 
ooperate together.7.2 Future Work7.2.1 Short-Term Perspe
tivesIn
remental learning for unforeseen situationsThe brittleness of our approa
h to unknown situations is 
urrently its majordrawba
k. This 
on
erns the 
ontext analysis level as well as the segmentationlevel. The 
on
erned algorithms are the DBSCAN algorithm for image-
ontent
lustering and the SVMs for the semanti
 segmentation. Currently, neither the
lustering algorithm nor the SVMS are able to adapt dynami
ally to new trainingdata: the learning pro
ess must be run again on the whole training data set.The use of in
remental ma
hine learning te
hniques should be useful to ful�llthe property of 
ontinuous learning. The main idea of in
remental learning forunforeseen situations is to dynami
ally adapt the 
lustering/
lassi�
ation methodw.r.t. to the 
lassi�
ation error of new input data. In our problem, unexpe
tedsituations 
an be identi�ed thanks to the estimates of the 
ontext probabilityand the estimates of the SVM 
lassi�
ation probabilities. For instan
e, in videosurveillan
e, when the `noise 
ontext' is dete
ted during several frames, an alarm
ould raise and the 
on
erned frames 
ould be 
onsidered as new training images.In a supervised pro
ess, a user 
ould be asked to validate the new training imagesby 
he
king whether ea
h frame is a ba
kground frame or not. In an unsupervisedpro
ess, the validation of the new training images 
ould be based on a spatialanalysis of the dete
ted moving pixels. Usually, when a `noise 
ontext' is dete
ted,many meaningless moving pixels are dete
ted all over the image. The use of anadaptive 
lassi�
ation algorithm using robust in
remental 
lustering as proposedin [Prehn and Sommer, 2006℄ will then allow to dynami
ally update the 
lusterand 
reate new ones if ne
essary.Meta-Evaluation of Image SegmentationThe assessment fun
tion for the evaluation of segmentation results we have pro-posed in 
hapter 4 is based on two fundamental 
riteria (
ounting of miss- andover-dete
ted boundary pixels). It makes the metri
 re-usable for a large set of
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lusion and Perspe
tivessegmentation tasks. Nevertheless, the way of weighting ea
h 
riteria is a key-pointelement of the metri
. For instan
e, in some appli
ations, it should be better togive more weight to the miss-dete
tion rate than to the over-dete
tion rate. Itshould be also more adequate to use or to 
ombine n di�erent base evaluators ρ,e.g., boundary-based and region-based evaluators, depending on the appli
ationneeds su
h as: EA
I = α1ρ1 +α2ρ2 + . . .+αnρn. We believe that in general it is dif-�
ult to spe
ify and exa
t form of the �tness fun
tion sin
e this requires de�ningexa
t trade-o�s to be done between the di�erent measures. To this end, meta-heuristi
 for the weighting of fun
tions as the Pareto front 
ould be investigated asin [Everingham et al., 2002℄. For ea
h segmentation algorithm and for all trainingimages, the parameter spa
e is explored and gives a �tness fun
tion graph for ea
hbase evaluator and for ea
h training image. The goal is then to estimate the 
om-bination of the di�erent base evaluators whi
h gives globally the best performan
es
ores (i.e. the Pareto front). To this end, a global optimization algorithm, as ageneti
 algorithm is used to �nd the optimal 
on�guration. Another possibility isto use ma
hine learning meta-algorithms as in [Zhang et al., 2006℄. The idea is totrain a learning algorithm (e.g. a de
ision tree) that determines how to 
oales
ethe results from the di�erent base evaluators applied on the training image set.The main advantage is to obtain a tuned evaluation metri
 for the type of imagesupon whi
h it is trained.Lo
al Tuning of the Parameters of Video Segmentation AlgorithmsThe goal of video segmentation algorithms as mixture of Gaussian, kernel densityestimators, and 
odebooks is to learn the possible range values of ba
kgroundmodels for ea
h pixel. During the learning pro
ess, some thresholds are set tode�ne the bounds of the models. Usually, the values of these sensitive parametersare the same for all the pixels. In the 
ase of video surveillan
e appli
ationswith a �xed video 
amera, the parameters should be optimized for ea
h pixel.For instan
e, the dete
tion thresholds for pixels in a zone where a moving obje
tnever passes through should be set to produ
e a low false dete
tion rate. In the
ontrary, the dete
tion thresholds for the pixels of zone(s) of interest should beset to produ
e sensitive models. This is exampli�ed in Figure B.1 where z1 isthe zone where obje
ts of interest (people) never 
omes and z2 where they areexpe
ted to be visible. The dete
tion thresholds for ea
h pixel in z1 should be setto a lower value to the ones for z2.Spatio-Temporal Video SegmentationThe major problem of pixel-based approa
hes for video segmentation is that nospatial 
oheren
y is taken into a

ount. To over
ome this limitation, a solutionis to 
ompute in parallel a region-based image segmentation. The obje
tive is tore�ne the segmentation obtained with a pixel-based motion segmentation. Thiste
hnique is illustrated in Figure 7.2. An input image (a) is segmented using aregion-based segmentation algorithm. The result is presented in (b). In paral-



7.2 Future Work 131

Figure 7.1: Example of a lo
al tuning based on a priori knowledge of the s
ene. The tuning ofthe dete
tion thresholds for pixels in z1 should be less sensitive to variations than for z2.lel, a �gure-ground segmentation (
) is 
omputed using the 
odebook model forinstan
e. The �nal result (d) is a 
ombination of the two segmentations withrespe
t to a majority overlap 
riteria. In this example, the region-based segmen-

Figure 7.2: Illustration of a spatio-temporal segmentation (d) 
ombining the results of a ba
k-ground subtra
tion algorithm (
) with a region-based algorithm (b).tation algorithm has been manually tuned to produ
e an over-segmentation.
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lusion and Perspe
tives7.2.2 Long-Term Perspe
tivesUse of a Visual Con
ept Ontology for Semanti
 SegmentationCurrently, the semanti
 segmentation is based on numeri
al features des
ribingindependently ea
h region. Complex obje
ts like a person have several meaning-ful subparts (e.g., head, legs) whi
h 
annot be des
ribed with the same low-levelfeatures as 
olor or texture. Moreover, some of these subparts 
an have an in�nitespa
e of 
olor variations, depending on the 
lothes for instan
e. These subparts,belonging to the same semanti
 obje
t, 
an yet be linked together by spatial re-lations and hierar
hi
al de
ompositions. Hen
e, several di�erent visual 
on
eptsshould be used to a
hieve a semanti
 segmentation even if the obje
t is di�
ultto model. To this end, we 
ould take advantage of the visual 
on
ept ontologyproposed by Maillot et al. in [Maillot and Thonnat, 2008℄ by mixing, in a stru
-tured way, a priori knowledge of di�erent 
on
epts (e.g., 
olor, texture, geometri
,and spatial relation features). The goal should be to assess the membership ofea
h segmented region to a semanti
 obje
t a

ording to trained visual 
on
eptdete
tors.Use of Shared Visual FeatureFor very di�
ult 
ases where intra-
lass information (i.e. obje
t appearan
e) isvery heterogeneous and/or inter-
lass information is poorly dis
riminative, thesele
tion of representative features is tri
ky and leads to poor performan
es. Inthis 
ase, approa
hes based on shared visual features [Torralba and Murphy, 2007℄a
ross the 
lasses as boosted de
ision stumps should be more appropriated ande�e
tive. Boosted de
ision stumps redu
e the 
omputational and the sample
omplexity by �nding 
ommon features that 
an be shared a
ross the 
lasses.The dete
tors for ea
h 
lass are trained jointly, rather than independently. Thisapproa
h is then parti
ularly e�
ient for multi-
lass problems with few trainingexamples.Video Segmentation Ben
hmarkingDatabases of videos for vision systems ben
hmarking exist but rarely refers tothe dete
tion level. Most of the ground truth data 
onsists in bounding boxsurrounding the moving obje
t(s). The building of bounding box relies onmerging blobs and thus requires some a priori knowledge of the obje
t to de-te
t. Moroever, 
ommon metri
s for segmentation performan
e evaluation arebased on true and false dete
tion rates and/or boundary pixel a

ura
y. Hen
e,bounding box are de�nitively not suited to evaluate dete
tion level results su
has region-based segmentations. The best solution 
onsists in drawing, for ex-ample, the silhouette of a person in ea
h frame of a video sequen
e. Obvi-ously, this task requires a huge e�ort and 
annot be a
hieved by only one usersin
e videos are usually 
omposed of several thousand of frames. This problemhas yet been ta
kled for stati
 image databases as the Berkeley Segmentation
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hmark [Fowlkes and Martin, 2007℄ (6000 hand-labeled segmen-tations of 500 Corel dataset images from 30 human subje
ts) and the MIT La-belMe database [Russell et al., 2005℄ (more than 41300 annotated images). Thestrengths of these databases are their open a

ess to the s
ienti�
 
ommunity andthe tools they provide to fa
ilitate the manual segmentations and annotationsof images. We believe that su
h a strategy should be extended to annotate the
ontent of video sequen
es.
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Appendix BImplementationB.1 A Library for Adaptive Image and Video Segmen-tationThe goal of this appendix is not to provide a fully do
umented 
lass des
riptionof our implementation but rather to des
ribe the main 
omponents and to givepointers to the di�erent libraries whi
h have been used.B.1.1 Main Class Des
riptionsThe ar
hite
ture of our library (see Figure B.1) relies on the LTI-Lib (http://ltilib.sour
eforge.net/do
/html/index.shtml) whi
h is an obje
t orientedlibrary written in C++ with algorithms and data stru
tures frequently used inimage pro
essing and 
omputer visionEnvironment Linux Fedora Core 5 (kernel v2.6.18)Compiler g++ v3.4.6Graphi
al library QT v3Hardware system Intel Xeon bi-pro
essor double 
ore at 2.33GHz with 4 Go of RAMTable B.1: Con�guration set up for the implementation and the tests.
B.1.1.1 Segmentation AlgorithmsThe implementations of EGBIS, SRM, CSC, JSEG, SMG, KDE and MoG areprovided from their authors. Some of the algorithms (hysteresis thresholding,CWAGM, region growing, meanshift, edge segmentation) are implemented in LTI-Lib. The Codebook Model algorithm has been re-implemented.
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Implementat

ion

Figure B.1: Simpli�ed UML diagram of the developped segmentation library.



B.2 A Graphi
al Tool for Adaptive Image and Video Segmentation 139B.1.1.2 Learning AlgorithmsWe have used LIBSVM (http://www.
sie.ntu.edu.tw/~
jlin/libsvm/), a LI-Brary for Support Ve
tor Ma
hines developed by Chih-Chung Chang and Chih-Jen Lin. We also used some 
lassi�ers implemented in LTI-Lib as the DBS
analgorithm for unsupervised 
lustering.B.1.1.3 Optimization AlgorithmsWe have used the C++ Dire
t Sear
hes library developped by Liz Dolan et al.(http://www.
s.wm.edu/~va/software/Dire
tSear
h/dire
t_
ode/).For the geneti
 algorithm, we have used GALib (http://lan
et.mit.edu/ga/), a C++ Library of Geneti
 Algorithm Components developped by MatthewWall.B.1.1.4 Data manipulationPixel data (e.g. segmentation results) are stored into DataStore obje
ts. Wemainly used the LTI-Lib matrix format to manipulate pixel data. Other data (e.g.segmentation knowledge) are stored into binary �les for faster I/O manipulations.B.2 A Graphi
al Tool for Adaptive Image and VideoSegmentationThe developped graphi
al tool has the following fun
tionnalities, based on ourlibrary for adaptive segmentation:
• display an image or a sequen
e of image, with ground truth if available
• label regions of ground truth with di�erent 
olors (one 
olor per 
lass),
• sele
t a segmentation algorithm and 
hange the parameter setting
• display the result of the segmentation in di�erent manners (e.g., regionboundaries, 
olored regions, and so on.)
• optimize the parameterization of a segmentation algorithm w.r.t. a manualsegmentation,
• automate some a
tions for image sequen
es as segmentation, parameter op-timization, feature extra
tion, region labelling,
• train 
lassi�ers as SVM and DBS
an,
• store and use segmentation knowledge whi
h has been extra
ted,
• I/O a
tions (e.g., loading, saving) on images and segmentation knowledge.



140 ImplementationThe tool relies on a parameter �le whi
h gather all the information 
on
erningdata paths and settings for the main algoritms (e.g., 
hoi
e of the optimizationalgorithm, features to extra
t, et
.).We invite the reader to 
onta
t us if interested in using this implementation.



Appendix CFren
h Introdu
tionC.1 MotivationsCette thèse traite de la segmentation d'images dans les systèmes de vision. Lasegmentation d'image 
onsiste à grouper des pixels partageant des 
ara
téris-tiques 
ommunes. Dans les systèmes de vision, la 
ou
he de segmentation pré
èdehabituellement l'analyse sémantique d'une image. Ainsi, a�n d'être utile pour lestâ
hes de haut-niveau, la segmentation doit être adaptée au but, 
'est-à-dire être
apable de segmenter e�
a
ement les objets d'intérêt. Le tout premier problèmeest qu'une méthode générale et unique n'existe pas : en fon
tion de l'appli
ation,les performan
es de l'algorithme de segmentation varient. Ce
i est illustré dansla Figure C.1 où deux algorithmes di�érents sont appliqués sur la même image.Le premier semble être visuellement plus e�
a
e pour séparer la 
o

inelle de lafeuille. Le se
ond produit trop de régions faiblement signi�
atives.
Figure C.1: Un exemple de la segmentation d'une image ave
 deux algorithmes di�érents. Lepremier algorithme 
onstruit les régions en fon
tion d'un 
ritère 
ouleur multi-é
helle alors quele se
ond utilise un 
ritère lo
al d'homogénéité 
ouleur.De manière générale, il existe deux appro
hes populaires pour 
on�gurer latâ
he de segmentation dans un système de vision. La première appro
he estde développer un nouvel algorithme de segmentation dédié à l'appli
ation. Unese
onde appro
he est de 
hoisir de manière empirique un algorithme existant,par exemple dans un pro
essus d'essai-erreur. La première appro
he 
onduit àdévelopper un algorithme ad ho
 à partir de rien et pour 
haque nouvelle appli
a-tion. La deuxième appro
he ne garantie pas des résultats adaptés et la robustesse.
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h Introdu
tionAinsi, un besoin existe pour le développement d'une nouvelle appro
he du prob-lème de la séle
tion d'algorithme. Fa
e à di�érents algorithmes, 
ette appro
hedoit être 
apable de 
hoisir automatiquement le plus adapté à un but donné desegmentation.Lors de l'élaboration d'un algorithme de segmentation, des paramètres internes(par exemple des seuils de toléran
e 
ouleur ou des tailles minimales de région)sont réglés ave
 des valeurs par défaut fournies par les auteurs de l'algorithme.En pratique, il revient souvent à l'expert en traitement d'images de superviser leréglage de 
es paramètres libres a�n d'obtenir des résultats 
ohérents. Comme ilest montré en Figure C.2, il n'est pas évident de 
hoisir le bon jeu de paramètresau regard des images segmentées : la première est assez bien segmentée maisde nombreuses parties de l'inse
te sont manquantes; la se
onde est �©galement
orre
te ave
 une bonne délimitation de l'inse
te bien que trop de régions insigni�-antes soient présentes. Cependant, les intera
tions 
omplexes entre les paramètreslibres rendent le 
omportement de l'algorithme presque impossible à prédire. Deplus, 
ette tâ
he déli
ate est fastidieuse et longue pour l'utilisateur. De 
e fait, leréglage des paramètres des algorithmes est un réel dé�. Pour résoudre 
e prob-lème, des méthodes d'optimisation doivent être examinées dans le but d'extraireautomatiquement les valeurs de paramètres optimales.
Figure C.2: Illustration du problème de réglage des paramètres. Une image est segmentéeave
 un même algorithme (basé sur un 
ritère d'homogénéité 
ouleur) réglé ave
 deux jeux deparamètres di�érents.Dans les appli
ations du monde réel, l'apparen
e des images 
hange lorsque le
ontexte 
hange. Ce
i est parti
ulièrement vrai pour les appli
ations vidéo où les
onditions d'é
lairage sont 
ontinuellement en train de varier. Cela peut être dûà des 
hangements lo
aux (proje
tions d'ombres, ré�e
tions) et/ou des 
hange-ments globaux de l'illumination due aux 
onditions météorologiques, 
omme illus-tré dans la Figure C.3 où les images sont extraites de la même s
ène à di�érentsmoments de la journée. Les 
onséquen
es au niveau de la segmentation peuventêtre dramatiques. Ce problème de l'adaptation au 
ontexte souligne le besoind'automatismes pour l'adaptation.C.2 Obje
tifsMon obje
tif est de proposer une appro
he de la segmentation d'image dans le
adre de la vision 
ognitive. Plus pré
isément, nous visons à introduire la 
apa
-
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Figure C.3: Illustration du problème de variations du 
ontexte pour une appli
ation de vidéo-surveillan
eité d'apprentissage et d'adaptation dans la tâ
he de segmentation. Traditionnelle-ment, la 
onnaissan
e expli
ite est utilisée pour 
on�gurer 
ette tâ
he dans les sys-tèmes de vision. Cette 
onnaissan
e est prin
ipalement 
omposée de programmesen traitement d'images (par exemple des algorithmes de segmentation spé
ialiséset des post-traitements) et de programmes sur l'utilisation des algorithmes a�nde 
ontr�ler la segmentation (séle
tion et réglage d'algorithmes). Pour 
e faire,trois problèmes majeurs de la tâ
he de segmentation dans les systèmes de visiondoivent être résolus :
• Le premier point est d'extraire les paramètres optimaux des algorithmes desegmentation dans le but d'obtenir une segmentation adaptée à la tâ
he desegmentation; 
'est-à-dire une segmentation orientée par le but. Le réglagedes paramètres est 
onnu pour être une tâ
he déli
ate qui requiert souventdes 
ompéten
es en traitement d'images. Ainsi, notre obje
tif est triple :premièrement nous voulons automatiser 
ette tâ
he dans le but de dimin-uer l'e�ort demandé à l'utilisateur et d'éviter des résultats trop subje
tifs.Deuxièmement, la fon
tion de 
oût utilisée pour évaluer la qualité de la seg-mentation doit être générique; 
'est-à-dire non dépendante de l'appli
ation.Troisièmement, au
une 
onnaissan
e a priori sur le 
omportement des algo-rithmes n'est requise, uniquement des vérités terrain doivent être fourniespar l'utilisateur.
• Une fois que les algorithmes ont été optimisés, un se
ond point est de séle
-tionner le meilleur. La stratégie de séle
tion doit être basée sur une éval-uation quantitative de la performan
e de 
haque algorithme. Cependant,quand les images de l'appli
ation sont fortement variables, il est pratique-ment impossible d'obtenir de bons résultats de segmentation ave
 un seulet unique algorithme. Dans 
e 
as, une stratégie de séle
tion dépendantedu 
ontenu de l'image doit être préférée.
• Dans de nombreux systèmes de vision, à l'étape de déte
tion, le but est deséparer les objets d'intérêt du fond de l'image. Quand les objets d'intérêtet/ou le fond de l'image sont 
omplexes (par exemple 
omposés de plusieurssous-parties), un algorithme de bas niveau ne peut pas produire une segmen-tation sémantique, même si il est optimisé. Pour 
ette raison, un troisième
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h Introdu
tionpoint est de ra�ner la segmentation (optimisée) pour fournir une segmen-tation sémantiquement signi�
ative aux modules de vision de plus hautniveau.Notre obje
tif �nal est de montrer le potentiel de notre appro
he au travers dedeux tâ
hes de segmentation di�érentes dans des appli
ations du monde réel.
• La première tâ
he de segmentation à laquelle nous nous intéressons est lasegmentation d'images statiques dans une appli
ation biologique pour ladéte
tion pré
o
e et le 
omptage d'inse
tes nuisibles. Cela implique deséparer de manière robuste les objets d'intérêt (mou
hes blan
hes adultes)du fond de l'image (feuilles de rose). Notre but est de démontrer que laplate-forme de vision 
ognitive développée dans l'équipe 
ouplée ave
 notreappro
he de segmentation adaptative permet d'obtenir un meilleur taux dedéte
tion des mou
hes blan
hes que lorsque la plate-forme est 
on�guréeave
 une segmentation ad ho
.
• La deuxième tâ
he de segmentation à laquelle nous nous intéressons est lasegmentation d'objets en mouvement dans une appli
ation de vidéosurveil-lan
e. Le but est de déte
ter des objets tels que des personnes mar
hantdans la rue dans le 
hamp de vue d'une 
améra �xe. La déte
tion esthabituellement e�e
tuée en utilisant des méthodes de soustra
tion de fond.Notre obje
tif est de montrer qu'une séle
tion dynamique du modèle defond permet d'élargir la portée des appli
ations de vidéosurveillan
e auxenvironnements fortement variables.C.3 Contexte de l'étudeCe travail prend pla
e au sein de l'équipe-projet INRIA ORION à Sophia An-tipolis. Orion est une équipe phare dans le domaine de l'analyse de s
ènes, à lafrontière entre la vision par ordinateur, les systèmes à base de 
onnaissan
e etl'ingénierie des 
onnaissan
es. Orion a une appro
he 
ognitive de la vision. Cetteappro
he vise à 
on
evoir des systèmes de vision robustes et adaptables en lesdotant d'une fa
ulté 
ognitive. Cela signi�e la 
apa
ité d'apprendre, d'adapteret de pondérer des solutions alternatives, et également de développer de nou-velles stratégies pour la déte
tion, la re
onnaissan
e et l'interprétation. Ré
em-ment, Hudelot [Hudelot, 2005℄ a proposé une plate-forme de vision 
ognitive pourl'interprétation sémantique d'images statiques. Cette plate-forme est basée sur la
oopération de trois systèmes à base de 
onnaissan
e dont un est dédié à la ges-tion intelligente des programmes de traitement d'images. Maillot [Maillot, 2005℄a enri
hi 
ette plate-forme ave
 des fa
ultés d'apprentissage et une représentationsémantique de la 
onnaissan
e basée sur une ontologie. A
tuellement, la 
ou
he dedéte
tion de la plate-forme repose sur une segmentation ad ho
. Cela signi�e quetous les opérateurs de segmentation on été 
on�gurés dans le 
ode une fois pourtoute. Dans 
e 
ontexte, mon travail vise à enri
hir 
ette plate-forme de vision
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ognitive au niveau de la segmentation d'image pour permettre une segmentationplus adaptative.C.4 ContributionsMa prin
ipale 
ontribution est de proposer une appro
he 
ognitive du problèmede la segmentation en résolvant les problèmes 
ités 
i-dessous :
• Je propose une pro
édure d'optimisation générique a�n d'extraire automa-tiquement les paramètres optimaux des algorithmes de segmentation. Cettepro
édure est basée sur trois 
omposantes indépendantes : un algorithme desegmentation ave
 un ou plusieurs paramètres libres à régler, une métriqued'évaluation de la performan
e et un algorithme d'optimisation globale.L'évaluation de la qualité de la segmentation est faite selon une segmen-tation de référen
e (par exemple une segmentation manuelle). La métriqued'évaluation est générique, a un faible 
oût de 
al
ul et peut être utiliséepour de nombreux problèmes de segmentation. De 
ette façon, la tâ
hede l'utilisateur est réduite à fournir des données de référen
e 
omme dessegmentations manuelles d'images d'apprentissage.
• Je propose deux stratégies pour le problème de séle
tion de l'algorithmede segmentation. Ces stratégies utilisent les résultats de la phased'optimisation appliquée sur un ensemble d'images d'apprentissagereprésentatif du problème. La première est basée sur le 
lassementdes valeurs de performan
e des algorithmes. La deuxième stratégie estd'identi�er les di�érentes situations, appelées 
ontextes, à partir du jeud'apprentissage, et d'asso
ier un algorithme de segmentation 
on�guré pour
haque 
ontexte.
• Je propose également une appro
he sémantique pour la segmentationd'images. Dans 
ette appro
he, nous abordons le problème du ra�nementde la segmentation 
omme un problème d'étiquetage de régions. Cette ap-pro
he est par 
onséquent élaborée pour les algorithmes de segmentationbasés sur les régions uniquement. Le but est d'évaluer l'appartenan
e de
haque région à un ensemble prédé�ni de régions partageant la même éti-quette. L'évaluation repose sur une étape préliminaire d'apprentissage su-pervisé durant laquelle des 
lassi�eurs de régions sont entraînés sur desé
hantillons. Le r�le de l'utilisateur est d'étiqueter les régions des segmen-tations manuelles. L'originalité de 
ette appro
he est double. Première-ment, nous utilisons les segmentations optimisées 
omme données d'entréedes 
lassi�eurs de régions. Deuxièmement, les tâ
hes sous-ja
entes du pro-
essus d'apprentissage, à savoir l'extra
tion de 
ara
téristiques des régions,la séle
tion de 
es 
ara
téristiques et l'apprentissage des 
lassi�eurs sont au-tomatiquement optimisées dans un s
héma de type wrapper a�n d'obtenirles meilleures performan
es de 
lassi�
ation.
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h Introdu
tionCon
ernant les deux tâ
hes de segmentation pré
édemment dé
rites, mes 
on-tributions sont les suivantes :
• Pour la tâ
he de segmentation dans l'appli
ation biologique, l'appro
he pro-posée dépasse la segmentation ad ho
 en termes de qualité de la segmenta-tion et permet ainsi au système de 
ompter les inse
tes ave
 une meilleurepré
ision.
• Pour la tâ
he de segmentation vidéo, ma prin
ipale 
ontribution se situeau niveau de la modélisation du 
ontexte. En a

omplissant une séle
tiondynamique du modèle de fond basée sur l'analyse du 
ontexte, mon appro
hepermet d'élargir le 
hamp d'appli
ation des systèmes de vidéosurveillan
eaux environnements fortement variables.Chaque étape de l'appro
he proposée a été testée et évaluée sur plusieurs jeuxde données. Ce
i nous aide à montre les for
es et les limitations de notre appro
heen terme de performan
e, de 
oût de 
al
ul et de sensibilité aux paramètres 
lés.C.5 PlanCe manus
rit est stru
turé 
omme suit. Le 
hapitre 2 présente au le
teur la seg-mentation d'images dans le 
adre des systèmes de vision par ordinateur. Nousproposons une vue d'ensemble autour de quatre thèmes reliés à notre problème :la segmentation d'image dans les systèmes de vision, les di�érentes appro
hesde segmentation d'images et de vidéos, les te
hniques d'évaluation de la perfor-man
e de la segmentation et les te
hniques d'optimisation. Le 
hapitre 3 in-troduit l'appro
he proposée et donne nos obje
tifs et nos hypothèses pour lesdi�érents problèmes de la segmentation. Le 
hapitre 4 détaille 
haque étape denotre appro
he : l'optimisation des paramètres des algorithmes, la séle
tion del'algorithme et l'étiquetage sémantique des régions. Le 
hapitre 5 est dédié àla validation de l'appro
he pour une appli
ation réelle. En parti
ulier, nous noussommes intéressés à l'étape de segmentation d'un système de vision 
ognitive dédiéà la re
onnaissan
e d'organismes biologiques. Dans le 
hapitre 6, nous présentons
omment notre appro
he peut être utilisée pour la segmentation adaptative dansdes appli
ations de vidéosurveillan
e. Une 
on
lusion ainsi que des dis
ussionssur les travaux futurs sont exposées dans le 
hapitre 7.



Appendix DFren
h Con
lusionDans 
ette thèse, j'aborde le problème de la segmentation d'image et de vidéo ave
une appro
he 
ognitive de la vision par ordinateur. Plus pré
isément, j'étudiedeux problèmes majeurs de la tâ
he de segmentation dans les systèmes de vision :la séle
tion d'un algorithme et le réglage de ses paramètres libres, suivant le
ontenu de l'image et les besoins de l'appli
ation. La plupart du temps, 
ettetâ
he longue et fastidieuse est réalisée par un expert en traitement d'image dans unpro
essus d'essais su

essifs. Ré
emment, quelques tentatives pour automatiserl'extra
tion des paramètres optimaux de segmentation ont été faites mais sonttoujours trop dépendantes de l'appli
ation. La réutilisabilité de telles méthodesreste un problème ouvert. Nous avons 
hoisi de gérer 
e problème dans le 
adrede la vision 
ognitive. La vision 
ognitive est un ré
ent 
hamp de re
her
he quipropose d'enri
hir les systèmes de vision ave
 des 
apa
ités 
ognitives, 
'est-à-direde raisonner à partir de 
onnaissan
es a priori, d'apprendre à partir d'informationper
eptuelles ou d'adapter leurs stratégies aux di�érents problèmes.Dans 
ette thèse, je propose une méthodologie d'apprentissage supervisé pourla 
on�guration hors ligne et l'adaptation en ligne de la tâ
he de segmentationdans les systèmes de vision. L'étape de 
on�guration hors ligne requiert une
onnaissan
e minimale pour apprendre la séle
tion et le réglage optimal des al-gorithmes de segmentation. Cette 
onnaissan
e est ensuite utilisée en temps-réelpour la segmentation adaptative d'images et de vidéos. Cette appro
he 
ognitivede la segmentation est don
 une 
ontribution pour la re
her
he en vision 
ogni-tive. En e�et, 
ette appro
he satisfait les 
ritères de robustesse, d'adaptation etde réutilisabilité qui dé�nissent un système de vision 
ognitif.L'appro
he proposée a été implémentée et validée sur deux types d'appli
ationsdu monde réel : la segmentation adaptative d'image statique dans une appli
ationbiologique et la segmentation vidéo dans une appli
ation de vidéo surveillan
e.La première partie de 
e 
hapitre dresse le bilan de mon appro
he et dis
ute deses 
ontributions et de ses limitations. La se
onde partie présente les perspe
tivespour améliorer la méthode, en parti
ulier au sujet de l'apprentissage.



148 Fren
h Con
lusionD.1 Bilan de l'appro
he proposée et de ses 
ontribu-tionsD.1.1 Une pro
édure d'optimisation génériqueNotre pro
édure d'optimisation extrait automatiquement les paramètres opti-maux des algorithmes de segmentation en se basant sur une évaluation quantita-tive de la qualité de l'image segmentée en fon
tion des segmentations manuelles.La méthode est indépendante de l'appli
ation et des algorithmes de segmenta-tion testés. Seuls les paramètres libres à régler ave
 leur four
hettes de variationssont requis. Ce type de 
onnaissan
e est habituellement fourni par les auteursdes algorithmes de segmentation. Le 
ritère utilisé pour évaluer la qualité dela segmentation ne fait au
une hypothèse sur l'appli
ation ni sur les 
omporte-ments des algorithmes. Il a été utilisé pour juger la tâ
he de segmentation dansdeux appli
ations. Il a aussi été appliqué pour l'évaluation de la segmentation dela banque d'images de Berkeley [Fowlkes and Martin, 2007℄. Deux algorithmesd'optimisation globale sans 
al
ul de dérivée (une méthode de re
her
he dire
teun algorithme génétique) ont été utilisé ave
 su

ès a�n de minimiser 
e 
ritère.Dans 
e domaine, ma 
ontribution est une étude 
omparative des performan
esdes deux algorithmes d'optimisation. Grâ
e à 
ette étude, nous avons identi�édeux situations : quand le nombre de paramètres libres à optimiser est inférieurou égale à deux, l'algorithme du Simplex donne de bons résultats ave
 un nom-bre minimal d'itérations. Quand le nombre de paramètres est supérieur à deux,l'algorithme génétique doit être préféré.La prin
ipale di�
ulté de 
ette appro
he d'apprentissage supervisé de la seg-mentation est la segmentation manuelle des images d'apprentissage. Cette tâ
heest longue, fastidieuse et subje
tive. Des outils d'aide à l'annotation doivent êtreutilisés a�n d'alléger la 
harge des utilisateurs. La for
e de 
ette appo
he est aussidépendante de la performan
e intrinsèque des algorithmes de segmentation. En
onséquent, 
ette appro
he suppose qu'au moins un algorithme soit 
apable defournir de bons résultats pour le problème de segmentation en question.D.1.2 Une stratégie pour la séle
tion d'algorithmeAprès l'optimisation de plusieurs algorithmes de segmentation sur un jeu d'imagesd'apprentissage, le problème qui se pose est la séle
tion d'un d'entre eux. Lebut de 
ette étape est de répondre à la question de l'utilisateur : "Quel algo-rithme est le plus adaptée pour segmenter mon image ?". La première partiede ma stratégie 
onsiste à identi�er di�érentes situations dans le jeu d'imagesd'apprentissage. Une situation, appelée 
ontexte, est représentée par un sous-ensemble d'images partageant les mêmes 
ara
téristiques globales, 
omme la dis-tributions des 
ouleurs. Premièrement, un algorithme de 
lassi�
ation non super-visé est utilisé pour identi�er 
es 
ontextes. La se
onde partie utilise les résultatsde la phase d'optimisation pour a

omplir un 
lassement lo
al (pour 
haque 
on-texte) des algorithmes optimisés en fon
tion de leurs performan
es moyennes.



D.1 Bilan de l'appro
he proposée et de ses 
ontributions 149Cette stratégie donne la possibilité de 
ontr�ler dynamiquement la segmenta-tion (séle
tion et paramétrage d'un algorithme) sans la né
essité d'une 
onnais-san
e a priori expli
ite du domaine d'appli
ation ou des algorithme de segmenta-tion eux-mêmes.Il faut noter que 
ette stratégie fait plusieurs hypothèses. Premièrement,
ela suppose que tous les 
ontextes possibles sont illustrés dans le jeu d'imagesd'apprentissage. Deuxièmement, 
ette stratégie soutient que pour 
haque 
on-texte identi�é un jeu de paramètres moyens de l'algorithme le mieux 
lassé existeet permet de fournir des bons résultats de segmentation.D.1.3 Une appro
he sémantique de la segmentation d'imageLa pluspart du temps, les résultats de segmentation issus d'algorithmes basniveau sont dénués de sens sémantique. Je propose une appro
he sémantiquede la segmentation d'image où l'étiquetage des régions aide à valider les résul-tats de segmentation d'un point de vue sémantique. L'algorithme d'étiquetagesémantique des régions repose sur trois étapes et utilise les résultats de segmen-tation pré
édemment optimisés. Dans un premier temps, pour 
haque imaged'apprentissage, l'utilisateur est invité à a�e
ter des étiquettes sémantiques auxrégions des segmentations manuelles en fon
tion des besoins de l'appli
ation. En-suite, une 
orrespondan
e entre les régions étiquetées des segmentations manuelleset les régions issues des segmentations optimisées est réalisée automatiquement.En�n, des 
lassi�eurs (SVM) sont entrainés pour 
haque étiquette en se basant surdes 
ara
téristiques numériques extraites des régions. L'originalité de 
ette ap-pro
he est que 
haque étape du pro
essus d'apprentissage, 
'est-à-dire extra
tionde 
ara
téristiques, et entrainement des SVM, est optimisée dans une s
héma dewrapper de manière à maximiser la performan
e de 
lassi�
ation de l'algorithme.A
tuellement, les 
ara
téristiques des régions sont limitées à de l'information
ouleur et texture. La méthode pourrait être améliorée en prenant aussi en 
omptel'information spatiale 
omme 
elle spé
i�que aux relations entre les di�érentes
lasses sémantiques de régions.D.1.4 Une implémentation logi
ielle de la méthodologieUne implémentation logi
ielle de la méthodologie pour la 
on�guration horsligne et la segmentation adaptative temps-réel est proposée. Disposant d'unjeu d'images d'apprentissage ave
 leurs segmentations manuelles, le système, autravers une interfa
e utilisateur graphique est 
apable de :
• extraire les paramètres optimaux pour six algorithmes de segmentation(quatre statique et deux vidéo),
• identi�er les di�érents 
ontextes du jeu d'apprentissage,
• séle
tionner l'algorithme le plus performant pour 
haque 
ontexte identi�é,
• entrainer les 
lassi�eurs de régions,
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• 
ontr�ler la segmentation de nouvelles images en fon
tion de la 
onnaissan
eapprise (identi�
ation du 
ontexte, 
hoix et paramétrage de l'algorithme),
• visualiser les résultats sous di�érentes formes.Plus de détails sur l'implémentation C++ de l'appro
he sont donnée enannexe B.Finalement, en adressant le problème de l'adaptation de la segmentation, nousavons aussi soulevé d'autres problèmes sous-ja
ents tels l'évaluation de la seg-mentation, la séle
tion et l'extra
tion de 
ara
téristiques et la mise en 
orrespon-dan
e entre 
onnaissan
e bas niveau (numérique) et 
onnaissan
e haut niveau(symbolique). Cha
un de 
es problèmes bien 
onnus n'est pas fa
ilement solubleet demande toujours à être 
onsidéré à part entière. Nous avons 
onçu notreappro
he (et notre logi
iel) de manière modulaire de manière à prendre avantagedes nouveaux progrès dans 
ha
un de 
es sujets de re
her
he.D.1.5 Contributions pour la plate-forme de vision 
ognitiveMon appro
he a enri
hi la plate-forme en lui ajoutant une 
ou
he d'apprentissagepour la segmentation. Pré
édemment, les algorithmes de segmentation étaientréglés manuellement par un expert en traitements d'image et la séle
tion dy-namique reposée sur une base de 
onnaissan
e é
rite à la main. Les mêmesalgorithmes sont, après une phase d'apprentissage, automatiquement réglés 
equi permet une segmentation adaptée de di�érentes images. Le gain obtenu auniveau de la segmentation est béné�que pour les modules de haut niveau de laplate-forme.D.1.6 Contributions pour l'appli
ation biologiqueMalgré les apparen
es, la segmentation robuste des mou
hes blan
hes adultes surdes feuilles de rosier n'est pas une tâ
he aisée. La variabilité de la 
ouleur et de latexture des feuilles 
ombinée ave
 la semi-transparen
e des ailes des mou
hes ainsique la présen
e d'un grand nombre d'autres objets (÷ufs de mou
hes blan
hes,larves, tra
es de traitement 
himiques, goutte d'eau, et
.) font que la segmenta-tion n'est pas si fa
ile. Comparée à une segmentation ad ho
 réglée à la main, notresegmentation adaptative obtient de meilleurs résultats et permet ainsi d'obtenirune meilleure pré
ision de 
omptage des mou
hes. De plus, la segmentation sé-mantique réduit drastiquement le nombre de région en fusionnant les sous-partiesdes 
lasses d'objets. Cette te
hnique diminue le 
oût de 
al
ul du système puisquemoins de régions doivent être traitées au niveau de la 
ou
he d'interprétation.A
tuellement, la plate-forme est 
apable de gérer la déte
tion et le 
omptagede seulement un objet biologique (les mou
hes blan
hes adultes). D'autres bio-agresseurs (par exemple les pu
erons, les aphids, et
.) ou d'autres stades dedéveloppement des mou
hes blan
hes (larves, ÷ufs), devraient être traités dansle but de pouvoir évaluer notre segmentation adaptative et la plate-forme sur un
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tives 151problème multi-
lasses (supérieur à deux). Pour 
ela, nous devons a
quérir denouvelles données (images et segmentations manuelles annotées) ainsi que de la
onnaissan
e haut niveau (des
ription des objets en termes de 
on
epts visuels).En �n de 
ompte, la plate-forme est a
tuellement aussi limitée par le systèmed'a
quisition (un s
anner à plat). Nous envisageons de maîtriser 
e problème enutilisant des 
améras vidéo. Un autre avantage des 
améras vidéo est qu'ellesfournissent une information temporelle de grand intérêt pour désambiguïser, parexemple, les situations d'o

ultations.D.1.7 Contributions pour l'appli
ation vidéoDans 
ette appli
ation, ma 
ontribution prin
ipale est la séle
tion du modèle defond dynamique basée sur l'analyse du 
ontexte. Cette appro
he est parti
ulière-ment bien adaptée aux appli
ations où des 
hangements 
ourt et long termes seproduisent. L'algorithme de partionnement non-supervisé utilise des 
ara
téris-tiques globales de l'image intégrant une information spatiale de manière à prendreen 
ompte non seulement les 
hangements globaux mais aussi les 
hangements lo-
aux. Nous avons proposé une algorithme de �ltrage temporel du 
ontexte.Les premières expérimentations ont prouvé que la séle
tion dynamique de mod-èle de fond est une bonne appro
he pour traiter les problèmes d'adaptation de lasegmentation. Néanmoins, il est 
lair que notre appro
he est toujours in
apablede gérer les situations in
onnues ou imprévues 
omme des nouveaux 
ontextes.Une extension de 
ette appro
he pour permettre d'apprendre en 
ontinu est don
né
essaire.En�n, dans 
ette appli
ation, nous n'avons pas 
omplètement suivi notrestratégie pour la séle
tion d'algorithme. Il pourrait être intéressant de voir 
om-ment di�érents algorithmes de segmentation vidéo pourraient 
oopérer entre eux.D.2 Perspe
tivesD.2.1 Perspe
tives à 
ourt termeApprentissage in
rémental pour les situations in
onnuesLa fragilité de notre appro
he fa
e à des situations in
onnues est a
tuellementson défaut majeur. Cela joue aussi bien sur l'analyse du 
ontexte que sur la seg-mentation elle-même. Les algorithmes 
on
ernés sont l'algorithme DBS
an pourl'analyse du 
ontexte et les SVMs pour la segmentation sémantique. A
tuellement,au
un de 
es deux algorithmes n'est 
apable de s'adapter dynamiquement à denouvelles données d'apprentissage : le pro
essus doit être lan
é de nouveau sur lejeu entier de données d'apprentissage. L'utilisation de te
hniques d'apprentissagein
rémental pourrait être utile pour satisfaire à la propriété d'apprentissage 
on-tinu. L'idée prin
ipale de l'apprentissage in
rémental pour les situations in
on-nues est d'adapter dynamiquement la méthode de partionnement/
lassi�
ation enfon
tion de l'erreur de 
lassi�
ation des nouvelles données d'entrée. Dans notre
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lusionproblème, les situations inattendues peuvent être identi�ées ave
 l'aide des es-timations de la probabilité du 
ontexte et de la probabilité de 
lassi�
ation desr�©gions. Par exemple, dans l'appli
ation de vidéosurveillan
e, quand le 
ontextede bruit est déte
té durant plusieurs images, une alarme pourrait être levée et lesimages 
on
ernées pourraient être 
onsidérées 
omme étant de nouvelles imagesd'apprentissage. Dans un pro
essus supervisé, l'utilisateur aurait alors à dé
idersi 
haque image est une image de fond (s
ène vide) ou non. Habituellement,losqu'un 
ontexte de bruit est déte
té, de nombreux pixels de mouvement sontdéte
tés partout dans l'image. Dans un pro
essus non-supervisé, la validation desnouvelles images d'apprentissage pourrait don
 aussi être basée sur une analysespatiale des pixels en mouvement. L'utilisation d'un algorithme de 
lassi�
a-tion adaptative utilisant un partionnement in
rémental robuste 
omme proposédans [Prehn and Sommer, 2006℄ permettrait ainsi de mettre à jour dynamique-ment les partitions et d'en 
réer de nouvelles si né
essaire.Méta évaluation de la segmentation d'imageLa fon
tion d'évaluation des résultats de segmentation que nous avons proposéedans le 
hapitre 4 est basé sur deux 
ritères fondamentaux (
omptage des pix-els de 
ontour sur- et sous-déte
tés). Cela permet de rendre la métrique ré-utilisable pour un large ensemble de problèmes de segmentation. Cependant,la manière de pondérer 
haque 
ritère est un élément 
lé de la métrique. Parexemple, pour 
ertaines appli
ations, il est préférable de donner plus de poidsau taux de sous-déte
tion qu'au taux de sur-déte
tion. Il serait aussi plusadéquat d'utiliser ou de 
ombiner n 
ritères ρ di�érents selon les besoins del'appli
ation, par exemple des 
ritères basés sur les régions et sur les 
ontourstel que : EA
I = α1ρ1 + α2ρ2 + . . . + αnρn. Nous pensons qu'en général il est di�-
ile de spé
i�er une forme exa
te de la fon
tion de 
oût 
ar 
ela requiert de dé�nirpré
isément la part de 
haque 
ritère. Pour 
ela, des méta heuristiques pour lapondération de fon
tions, 
omme le front de Pareto, pourraient être utilisées,
omme dans [Everingham et al., 2002℄. Pour 
haque algorithme de segmentationet pour toutes les images d'apprentissage, l'espa
e des paramètres est exploré etproduit un graphe de la fon
tion de 
oût pour 
haque 
ritère et pour 
haque imaged'apprentissage. Le but est alors d'estimer la 
ombinaison des di�érents 
ritèresd'évaluation qui donne globalement les meilleurs s
ores de performan
e (i.e. lefront de Pareto). Pour 
e faire, un algorithme d'optimisation globale, 
ommeun algorithme génétique est utilisé a�n de trouver la 
on�guration optimale.Une autre possibilité est d'utiliser des algorithmes de méta apprentissage 
ommedans [Zhang et al., 2006℄. L'idée est d'entraîner un algorithme d'apprentissage(par exemple un arbre de dé
ision) qui détermine 
omment unir les résultats desdi�érents 
ritères d'évaluation appliqués au jeu d'images d'apprentissage. Le prin-
ipal avantage est d'obtenir une métrique d'évaluation adaptée au type d'imagesà traiter.
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tives 153Paramétrage lo
al des algorithmes de segmentation vidéoLe but des algorithmes de segmentation vidéo 
omme 
eux basés sur les mix-tures de gaussiennes, des estimateurs de densité à noyau et les 
odebooks estd'apprendre les four
hettes de valeurs possibles des modèles de fond pour 
haquepixel. Durant le pro
essus d'apprentissage, quelques seuils sont dé�nis pour �xer
es four
hettes de valeurs. Généralement, les valeurs de 
es paramètres sensiblessont les même pour tous les pixels. Dans le 
as des appli
ations de vidéo surveil-lan
e ave
 une 
améra �xe, les paramètres devraient être optimisés pour 
haquepixel. Par exemple, les seuils de déte
tion pour les pixels des zones d'intérêt de-vraient être réglés de manière à produire des modèles de fond sensibles aux vari-ations. Ce
i est illustré à la Figure D.1 où z1 est la zone où les objets d'intérêt(personnes) ne passe jamais et z2 la zone où ils sont attendus. Les seuils de dé-te
tion pour 
haque pixel dans z1 devraient ainsi être plus faibles que 
eux de z2.

Figure D.1: Exemple de réglage lo
al des paramètres basé sur une 
onnaissan
e a priori de las
ène �lmée. La valeur du seuil de déte
tion pour les pixels dans z1 devrait être plus faible que
elle pour les pixels dans z2.Segmentation vidéo spatio-temporelleLe prin
ipale défaut des appro
hes basées sur le pixel en segmentation vidéo estqu'au
une 
ohéren
e spatiale de déte
tion de mouvement n'est prise en 
ompte.Pour s'a�ran
hir de 
e problème, une solution est de 
al
uler en parallèle une seg-mentation d'image basée région. L'obje
tif est de ra�ner la segmentation obtenueave
 l'algorithme de déte
tion du mouvement. Cette te
hnique est illustrée dansla Figure D.2. Une image d'entrée (a) est segmentée en utilisant un algorithmede segmentation basé région. Le résultat est présenté en (b). En parallèle, unesegmentation basé mouvement (
) est 
al
ulé en utilisant le modèle de 
odebookpar exemple. Le résultat �nal (d) est une 
ombinaison des deux segmentationsen respe
tant un 
ritère de re
ouvrement. Dans 
ette exemple, la segmentation
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lusionbasée région a été manuellement paramétrée pour produire une sur-segmentation.

Figure D.2: Illustration d'une segmentation spatio-temporelle (d) 
ombinant les résultats d'unalgorithme de soustra
tion de fond (
) et d'un algorithme basé région (b) pour l'image d'entrée(a).D.2.2 Perspe
tives à long termeUtilisation d'une ontologie de 
on
epts visuels pour la segmentationsémantiqueA
tuellement, la segmentation sémantique est basée sur des 
ara
téristiquesnumériques dé
rivant indépendamment 
haque région. Des objets 
omplexes,
omme une personne, sont 
omposés de plusieurs sous-parties (tête, jambes, et
.)qui ne peuvent pas être dé
rites ave
 les même 
ara
téristiques bas niveau 
ommela 
ouleur ou la texture. De plus, 
ertaines de 
es sous-parties peuvent avoirune in�nité de variations dans leur 
ouleur selon les habits de la personne parexemple. Ces sous-parties, se rapportant au même objet sémantique peuvent
ependant être liées entre elles par des relations spatiales et des dé
ompositionshiérar
hiques. Par 
onséquent, plusieurs 
on
epts visuels di�érents devraient êtreutilisés pour atteindre une segmentation sémantique même si l'objet est di�
ileà modéliser. Pour 
e faire, nous pourrions faire usage de l'ontologie de 
on-
epts visuels proposée par Maillot et al. [Maillot and Thonnat, 2008℄ en mixant,d'une manière stru
turée, la 
onnaissan
e a priori des di�érents 
on
epts (
ara
-téristiques de 
ouleur, de texture, géométriques et de relations spatiales). Le but
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tives 155serait d'évaluer l'appartenan
e de 
haque région segmentée à un objet sémantiqueselon les déte
teurs de 
on
epts visuels entrainés.Utilisation de 
ara
téristiques partagéePour les 
as vraiment di�
iles où l'information intra
lasses (i.e. l'apparen
e d'unobjet) est vraiment hétérogène et/ou l'information inter
lasses est faiblement dis-
riminative, la séle
tion de 
ara
téristiques représentatives est déli
ate et mène àde faibles performan
es de 
lassi�
ation. Dans 
e 
as, les appro
hes basées sur des
ara
téristiques visuelles partagées [Torralba and Murphy, 2007℄ entre les 
lasses
omme les boosted de
ision stumps seraient plus appropriées et e�
a
es. Lesbossted de
ision stumps réduisent la 
omplexité de 
al
ul et d'é
hantillonnage entrouvant des 
ara
téristiques qui peuvent être partagées parmi les 
lasses. Cetteappro
he est parti
ulièrement e�
a
e pour les problèmes de 
lassi�
ation multi-
lasses ave
 peu d'exemple d'apprentissage.Ben
hmarking de la segmentation vidéoDes bases de données vidéos pour l'évaluation des systèmes de vision existentmais sont rarement adaptées à l'évaluation de la 
ou
he de déte
tion. La plu-part des vérités terrain fournies ave
 les vidéos sont des boîtes englobantes autourdes objets d'intérêt mobiles. Le traçé des boîtes englobantes repose sur la fusionde blobs et requiert ainsi une 
ertaine 
onnaissan
e a priori sur les objets à dé-te
ter. De plus, les métriques usuelles pour l'évaluation de la performan
e de lasegmentation sont basées sur les taux de vraie et fausse déte
tion et/ou sur lapré
ision des pixels de 
ontours déte
tés. Par 
onséquent, les boîtes englobantesne sont vraiment pas adaptées pour l'évaluation des résultats au niveau de la dé-te
tion. La meilleure solution 
onsiste à tra
er, par exemple, la silhouette d'unepersonne pour 
haque image d'une séquen
e vidéo. Evidemment, 
ette tâ
he re-quiert un énorme e�ort et ne peut pas être a

omplie par une seul utilisateurpuisque les vidéos sont 
omposées de plusieurs milliers d'images. Ce problème adéjà été abordé pour les banques d'images statiques 
omme la banque de Berke-ley [Fowlkes and Martin, 2007℄ pour l'évaluation de la segmentation basée 
ontour(6000 segmentations manuelles de 500 images 
ouleur de la 
olle
tion Corel faitespar 30 sujets humains) et la base du MIT LabelMe [Russell et al., 2005℄ (plus de41300 images segmentées manuellement et annotées). La for
e de 
es banques dedonnées est leur libre a

ès à la 
ommunauté s
ienti�que et les outils fournis pourfa
iliter la segmentation manuelle et les annotations des images. Nous pensonsqu'une telle stratégie devrait être étendue pour l'annotation de 
ontenu vidéo.
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