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A bstra ct

Abstra ct

This work deals with cognitive vision and in particular semantic image interpretation.
One of the main challengesof cognitive vision is to develop a °exible, adaptable system,
capable of performing complex image analysis tasks and of extracting information from
various scenesand images. The objective of this thesis is to cope with this challenging
problem by the designof a reusableand genericcognitive vision platform for the complex
problem of semantic image interpretation. We are interested in both the cognitive issues
and the software engineeringonesinvolved in the designof such a platform. The proposed
cognitive vision platform is a uni¯ed environment which proposesgeneric and reusable
tools for the designof complete semantic image interpretation systems.

The semantic image interpretation problem is complex and can be divided into three
more-tractable sub-problems: (1) the semantic interpretation, (2) the problem of the map-
ping betweenhigh level representations of physical objects and the sensordata extracted
from images, (3) the image processingproblem. To manage and separate the di®erent
sourcesof knowledge and reasoning,we proposea distributed architecture basedon the
cooperation of three KnowledgeBasedSystems(KBS). Each KBS is highly specializedfor
the corresponding sub-problem of semantic image interpretation. For each sub-problem,
we de¯ne a dedicated engineand a uni¯ed knowledgerepresentation model.

The implementation of the cognitive vision platform has been made with the LAMA
platform, a software platform for the development of knowledgebasedsystems,designed
in the ORION team.

To validate our cognitive vision platform, we have chosen a real world application:
the early diagnosisof plant diseases.In particular, we have studied the rose leaf diseases
in greenhouses.This work has been made in cooperation with INRA (French National
Institute for Research in Agronomy).

Keyw ords

Semantic Image Interpretation, Cognitive Vision, Arti¯cial Intelligence, Software Engi-
neering, KnowledgeBasedSystems,Early Plant DiseaseDiagnosis, Integrated Pest Man-
agement

R¶esum¶e

Ces travaux de thµeseont pour but de faire des avanc¶eesdans le domaine de la vision
cognitiveenproposant uneplate forme fonctionnelleet logiciellepour le problµemecomplexe
de l'in terpr¶etation s¶emantique d'images. Nous nous sommesfocalis¶es sur la proposition
de solutions g¶en¶eriqueset ind¶ependantes de toute application. Plus qu'une solution µa un



problµemesp¶eci¯que, la plate forme propos¶eeest une architecture minimale qui fournit des
outils r¶eutilisables pour la conception de systµemesd'in terpr¶etation s¶emantique d'images.

Le problµeme de l'in terpr¶etation s¶emantique d'images est un problµeme complexe qui
peut ses¶epareren 3 sousproblµemesplus facilesµa r¶esoudreen tant que problµemesind¶epen-
dants: (1) l'in terpr¶etation s¶emantique, (2) la gestion des donn¶eesvisuelles pour la mise
en correspondancedesrepr¶esentations abstraites haut niveau de la scµeneavec les donn¶ees
image issuesdescapteurs et (3) le traitement d'images. Nous proposonsune architecture
distribu ¶eequi sebasesur la coop¶eration de trois systµemesµa basede connaissances(SBCs).
ChaqueSBC est sp¶ecialis¶e pour un dessousproblµemesde l'in terpr¶etation d'images. Pour
chaque SBC nous avons propos¶e un modµele g¶en¶erique en formalisant la connaissanceet
desstrat¶egiesde raisonnement d¶edi¶ees.De plus, nousproposonsd'utiliser deux ontologies
pour faciliter l'acquisition de la connaissanceet permettre l'in terop¶erabilit ¶e entre les trois
di®¶erents SBCs.

Un travail d'impl ¶ementation de la plate forme de vision cognitive a ¶et¶e fait µa l'aide de
la plate forme de d¶eveloppement de systµemesµa basede connaissancesLAMA con»cue par
l'¶equipe ORION.

Les solutions propos¶eesont ¶et¶e valid¶eessur une application concrµete et di±cile: le
diagnostic pr¶ecoce des pathologies v¶eg¶etales et en particulier des pathologies du rosier
de serre. Ce travail a ¶et¶e e®ectu¶e en coop¶eration avec l'INRA (Institut National de la
Recherche Agronomique).

Mots-clefs

In terpr ¶etation s¶eman tique d'images, Vision cognitiv e, In telligence arti¯cielle,
G¶enie logiciel, Syst µemes µa base de connaissances, On tologie, Diagnostic pr ¶ecoce
des pathologies v¶eg¶etales, Protection in tegr ¶ee des cultures.
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Cha pter 1

I ntro ducti on

This thesis deals with the problem of semantic image interpretation. Semantic image
interpretation is a problem of visual perception, i.e. the perception of the real world by
visual sensors(human visual system, digital camera,...). We tackle this problem from the
point of view of the building of automatic image in terpretation systems .

1.1 Problem Overview

Figure 1.1: Two examplesof imagesto interpret

The problem of semantic imageinterpretation can be simply illustrated with the exam-
plesof the ¯gure 1.1. What doesit meanto perform semantic imageinterpretation? When
we look at the imagesof the ¯gure 1.1, we have to answer to the following question: what
are the semantic contents of theseimages?According to the knowledgeof the interpreter,
di®erent answers and di®erent interpretations are possible. For the image at left, possible
interpretations could be:

1. 2 white thin line networks on a textured complex background,

2. an abnormality on a vegetableleaf,

3. a microscopicfungi on a vegetableleaf,

4. two very early infections of powdery mildew on a young rose leaf.



1.1. PROBLEM OVERVIEW CHAPTER 1. INTR ODUCTION

The imageon the right is quite similar to the left imageand could have approximately the
sameinterpretations than the previous one. Nevertheless,to illustrate a step further the
multiplicit y of possibleinterpretations, other possibleinterpretations for the right image
could be:

1. a thick red line network on a greenbackground;

2. a network of roads in an aerial image;

3. a network of roads in a forest area.

Without any other information, we could consider that all these interpretations are
correct. The analysis of these images shows that a unique solution does not exist for
the problem of semantic image interpretation. Nevertheless,the di®erent interpretations
enableto identify fundamental issues.The identi¯ed issuesand their repercussionson the
designof automatic image interpretation systemsare:

² Imp ortance of the a priori kno wledge.
The answer to the interpretation problem highly dependson the a priori knowledge
level of the interpreter. Image semantics is not inside the image. Indeed, without
any knowledgeof plant diseasesymptoms, it is impossibleto interpret thin white line
networks (¯gure 1.1) as an early infection of powdery mildew. Therefore, semantic
image interpretation is an in tensiv e kno wledge based pro cess. From the point
of view of the design of semantic image interpretation systems, it implies to make
available to the system such kind of more or lesssophisticated knowledge.

² Imp ortance of the contextual information.
Without knowing that images of ¯gure 1.1 are microscopic biological images, the
aerial interpretations are completely valid. By contextual information, we refer to
all the non visual, additional information, that may in°uence the way a sceneis
perceived. This contextual information can be of various types. For instance, the
term biological refers to the application domain context and the term microscopic
refers to the image acquisition context. Thus, the role of the context is signi¯cant
for visual interpretation. For semantic image interpretation systems, representing
and using context information in an appropriate way, can improve systeme±ciency
and system performance.

² Imp ortance of the high lev el goal of the in terpretation.
Semantic image interpretation is a goal-oriented task. Interpretation results depend
on the observer goal. Taking into account this goal enablesto focusthe analysisonly
on what is relevant for the goal. For instance, in the previous images (¯g 1.1), if
the biological goal is to con¯rm or invalidate the presenceof fungi on rose leaves, it
is not necessaryto search for other rosediseaseson images. The detection and the
recognition of all objects of the scenearenot necessarilyuseful to build interpretation
results. The interpretation strategy of a semantic image interpretation system has
to be goal-oriented.

² Imp ortance of the notion of scene.
By the notion of scene,we meanexistenceof multiple objects and of spatial relations
between objects. The relations between objects and their environment are impor-
tant. We extensively use spatial relations between objects and their environment
to detect and recognizethem. As a consequence,semantic image interpretation is
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\above the level of single object recognition" [Neumann and Weiss,2003]. Therefore,
knowledgeof the sceneand spatial reasoningmechanismsare necessaryparts of an
image interpretation system.

² Imp ortance of an in telligen t extraction of ob jects from images.
The two imagesof the ¯gure 1.1show us that for a sameclassof objects (the powdery
mildew), there are various appearancesand various image backgrounds. The useof
a specialized image processingprogram is not su±cient. The extraction of objects
from images (i.e. the image pro cessing problem ) has to be managed in an
intelligent way. The imageprocessingprocesshas to be °exible and is has to be able
to adapt itself to changing conditions of the environment.

Building image interpretation systemsconsists in endowing computers with a visual
systemenabling them to understand their environment. During the last ¯v e decades,there
has beenintensive and maturing research concerningautomatic image interpretation sys-
tems. This intensive research hasgivenbirth to several philosophiesfor the designof image
interpretation systems.Many imageinterpretation systemswith di®erent motivations and
di®erent models was built. Nevertheless,a current statement is that most of them are
brittle technologies. They are often restricted to the needsof a particular application.
After three decades,there is still no generic automatic image interpretation system able
to deal with di®erent tasks and images,like the human vision apparatus.

The research ¯eld of cognitiv e vision emergesfrom this statement. Cognitive vi-
sion criticizes the lack of robustness,the lack of adaptabilit y and the application depen-
denceof traditional image interpretation systems. According to the ECVision1 road map
[Vernon, 2004],cognitiv e vision refersto the attempt to achieve more robust, resilient and
adaptable computer vision systems by endowing them with cognitiv e faculties: the ability to
learn, adapt, weight alternativ e solutions, and even the ability to develop new strategies for
analysisand interpretation. Therefore, oneof the main challengesin semantic imageinter-
pretation is to develop a °exible, adaptable system,capableof performing complex image
analysis tasks, of extracting information from varying scenesor imagesand of performing
high level semantic interpretation.

1.2 Our Ob jectiv e

Our objective is to makeadvancesin the emerging¯eld of cognitivevision by the designof a
reusable and generic cognitiv e vision platform for the complex problem of semantic
image interpretation. Our aim is not to design yet another application dependent image
interpretation system but to propose generic and reusable tools for the design of such
systems.

The proposedcognitive vision platform is a uni¯ed environment for the designof com-
plete image interpretation systems. Cognitive vision refers to the fact that the resulting
image interpretation systemsmust exhibit an intelligent and robust behavior for the res-
olution of the global semantic image interpretation problem. We are interested in both
cognitiv e issues and soft ware engineering ones involved in the design of the plat-
form. In particular, we have focusedour attention on the property of re-usabilit y and
convenience .

The cognitive vision platform is de¯ned as :

1The European research Network for Cognitiv e Computer Vision Systems, www.ecvision.org
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² A minimal functional architecture for semantic image interpretation systems. This
architecture de¯nes what are the task oriented functional modules which are neces-
sary parts of a semantic image interpretation system, what are their role and their
interactions.

² The formalization and the explicitation of the di®erent types of knowledge and of
the di®erent types of reasoning involved in the global problem of semantic image
interpretation.

² A genericand convenient environment of development for the designof image inter-
pretation systemsfor various applications.

The objective of this work is twofold:

² First, the de¯nition and the designof a cognitive vision platform for semantic image
interpretation.

² Second, the validation of the proposed platform by a real world application: the
recognition of biological organismsin their natural environment.

1.3 Con text of the Study

This work takes place in the Orion team at INRIA Sophia Antip olis. Orion is a multi-
disciplinary team at the frontier of computer vision, knowledgebasedsystems,and software
engineering. Therefore, our work bene¯ts from a great experiencein the domain of image
understanding and complex object recognition and in the domain of software engineering
for the reuseof intelligent systems.

In particular, several works of the Orion team have proved the e±ciency of the use
of explicit expertise to solve complex image analysis problems. The tackled problems
were the automation of the use of an image processinglibrary by program supervision
[Moisan and Thonnat, 1995], [Moisan and Thonnat, 2000]and the automation of the ob-
ject recognition task [Thonnat, 2002]. In [Ossola,1996], a knowledgebasedapproach for
the designof automatic object recognition systemswas proposed. This approach is based
on the knowledgeexplicitation and on the reasoningformalization.

Moreover, the reuse of intelligent systems is another active research domain of the
Orion team. Problem solving methods have beenused to design engines,independent of
any speci¯c applications, but dedicated to a particular task. To implement the proposed
cognitive vision platform, the LAMA software platform was used [Moisan, 1998]. The
LAMA platform provides a uni¯ed environment to design not only knowledge basesbut
also inferenceengines.

1.4 The Prop osed Approa ch

The complex problem of semantic image interpretation can be divided into three more
tractable sub-problems:

² T he image pro cessing problem , for the extraction and the numerical description
of objects of interest from images.

² T he problem of the mapping betweenthe qualitativ e high level representations
of the sceneand the numerical information extracted from images.
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² T he semantic in terpretation problem , i.e. the understanding of the sceneusing
domain concepts,using the domain terminology.

Each sub-problem is a problem as such, involving its proper expertise. To manage
and to separate the di®erent sourcesof knowledge and the di®erent reasoning strate-
gies,we proposea minimal distributed architecture basedon the cooperation of three
kno wledge based systems . Each KBS (KnowledgeBasedSystem) is highly specialized
for the corresponding sub-problem of semantic image interpretation. The architecture is
composedof an image pro cessing program sup ervision KBS , a visual data man-
agemen t KBS specialized in symbol grounding and spatial reasoningand a semantic
in terpretation KBS . This architecture is problem-orien ted : the global semantic im-
age interpretation problem is broken down into sub-problems, and each sub-problem is
assignedto a particular part of the system.

We are interested in providing a uni¯ed environment for the designof semantic image
interpretation systems, i.e. a set of reusable tools. We study the three di®erent sub-
problems under the software and knowledge engineering points of view. For each sub-
problem, we propose a model for the speci¯c problem-solving mechanism and a set of
generic concepts to model the knowledge involved in the sub-problem. Then, we build
a cognitive vision platform by the integration of the di®erent sub-problem models and
by providing meansfor their interaction and their interoperabilit y. Finally, we choosea
complex semantic image interpretation problem, i.e. the early diagnosisof rose leaves, to
test and validate the cognitive vision platform with a real world application.

1.5 Disserta tion Structure

This dissertation contains the following parts.
The chapter 2 is a state of the art on image interpretation systems. Due to the great

number of works dealing with image interpretation systems, this state of the art is not
exhaustive. We focus on the works that we have consideredas relevant for our work. We
¯rst present some philosophical issuesfor the building of image interpretation systems.
Then, we detail several automatic image interpretation systemswith the analysis of their
advantages and drawbacks. We also introduce the emerging ¯eld of cognitive vision in
which our work takespart.

In the chapter 3, wepresent our global approach for the semantic imageinterpretation
problem: a genericand reusablecognitive vision platform for the designof semantic image
interpretation systems. In this chapter, we de¯ne what we want, what the requirements of
the cognitive vision platform are and what are they for. Then, we give a global overview
of the proposedcognitive vision platform.

In the chapter 4, we brie°y present the ontological engineeringand its contributions
for the proposedcognitive vision platform. In particular, we focus on two ontologies built
for the interoperabilit y of the di®erent modulesof the platform: a visual concept ontol-
ogy and an image pro cessing ontology . The detailed description of these ontologies
is given.

Then, the chapter 5 is dedicated to the detailed description of the cognitive vision
platform. For each sub-problem component, we proposea model for the dedicatedknowl-
edgebaseand a dedicated problem solving mechanism.

In the chapter 6, a real world application, i.e. the early diagnosisof rose diseases,
is used to test and validate our platform. We ¯rst present and describe the biological
problem and its objectives. Then, we show how to solve it using the proposedcognitive
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vision platform. The resulting image interpretation systemdedicated to rosediseasesand
called ROSESIM is presented.

Finally, the chapter 7 is a feedback on our contributions, i.e. the analysis of the
expected requirements for the cognitive vision platform and how the proposedcognitive
vision platform answers to theserequirements. Future works and perspectivesto improve
the cognitive vision platform are presented.
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Cha pter 2

State of the A rt on I mage
I nterpreta ti on

I ntro duction

Image interpretation and in particular semantic imageinterpretation consistsin extracting
the semantics of sensordata. It meansthe understanding and the semantic interpretation
of imagecontents just likehumansdo. Semantic imageinterpretation is a problem of visual
perception, i.e. the perception of our environment by visual sensors.Visual perception is
the act of sensinga scene(its visible objects, structures and events), of recognizingit and
of describing it with symbols. While humans perform visual perception e®ortlesslyand
robustly, visual perception is still a major challengefor arti¯cial vision systems.According
to [Trivedi and Rosenfeld,1989], the research in visual perception is classi¯ed in:

² neuroph ysiology which studies the biological mechanismsof the human or animal
vision,

² perceptual psychology which tries to understand the psychological aspectsof the
perception task,

² arti¯cial vision which studies the computational and algorithmic aspects involved
by the problems of image acquisition, processingand interpretation.

Other scienti¯c domainsascognitiv e sciences or linguistics alsodeal with the research
in visual perception.

We deal with the visual perception problem under the arti¯cial vision point of view,
i.e. the building of automatic image in terpretation systems . The goal is to endow
computers with a visual system enabling them to understand their environment from
sensordata. Sensordata can be static images or sequencesof images. The results of
semantic interpretation can be object categorization but also event, situation or scenario
recognition. Semantic image interpretation results can be used for di®erent purposeslike
making decision (diagnosis problem), like monitoring issues(visual surveillance, health
care monitoring), and so on. In the framework of our work, we are only interested in the
semantic interpretation of 2D static images. Despite about thirt y years of research, the
building of automatic image interpretation systemsis a di±cult problem which was and
which is still the basis of many research activities in both computer vision and arti¯cial
intelligence. The di®erent scienti¯c communities previously mentioned have a mutual
in°uence on their research. Nevertheless,the aim of arti¯cial vision is not to reproduce
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the mechanisms of human vision but rather to use its proper mechanisms to be closeto
the results and the performanceof human vision.

In [Marr, 1982], David Marr proposesthe ¯rst complete methodology for the design
and the building of arti¯cial vision systems. The works of David Marr are fundamental
and the basis of many important works in image interpretation. David Marr did not
believe in the usefulnessof a priori knowledgein the interpretation process.His approach
is a reconstructive approach. As a consequence,opposite philosophical approaches were
proposedfor the building of vision systems. The ¯rst section of this chapter is dedicated
to a brief review on the main di®erent approachesfor the designof interpretation systems.

There is a great diversity of imageinterpretation systemswith many motivations, mod-
els and building approaches. Nevertheless,a general statement on \old" or recent image
interpretation systemsis they are brittle technologies: they lack of robustness,of °exibil-
it y and of adaptation to various contexts and conditions of use. The emerging research
¯eld of cognitiv e vision encapsulatesthis attempt to achieve more robust, resilient and
adaptable vision systems. It proposesto endow vision systemswith cognitive faculties.
Cognitiv e vision is a combination of computer vision and cognitive sciences. As an
emergingdiscipline, cognitiv e vision is not yet well de¯ned. Nevertheless,we try to give
a brief survey on this emergingdiscipline in the secondpart of this chapter.

Then, we present someimage interpretation systemsthat we have judged as the most
signi¯cant in the state of the art.

2.1 \Philosophica l" Approa ches for the Building of I mage
I nterpreta tion Systems

The aim of this section is to illustrate the di®erencesbetweenthe di®erent approachesof
arti¯cial vision: from the traditional approach of David Marr to the purposive vision. The
main di®erenceslie in the de¯nition of the vision problem and in the manner to solve the
problem.

2.1.1 The Marr Paradigm or the Reconstructiv e Approac h of Vision

In the beginning of the eighties, David Marr proposes,in [Marr, 1982], a computational
theory of human vision. This theory is the ¯rst complete methodology for the design of
information systems. Marr's paradigm had and still has a great in°uence on the research
in arti¯cial vision. It is restricted to the 3D interpretation of singleand static scenes.Marr
introducesthree levels to understand the running of and to build an information system:

² the computational theory : it describeswhat the systemis supposedto do, what
types of information it provides from other input information and what types of
computations are needed.

² the represen tations and the algorithms : they represent the software point of
view, i.e. how the computational theory can be carried out? What are the structures
to represent information (input and output data) and what are the algorithms which
manipulate them ?

² the implemen tation : it represents the hardware point of view, i.e. what about
the physical realization of the algorithms. It also includes the programs and the
hardware implementation.
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According to Marr's paradigm, a vision system is a successionof bottom up (data-
driven) processeswhich enable to transform information from an abstraction level to an
higher abstraction level. Classically, the successionof processesis : segmentation , re-
construction and recognition . Thesethree stepsturn the image signal into a symbolic
description of the scene. Marr identi¯es three representation levels associated with this
successionof processes:

² the primal sketch: it aims at capturing the signi¯cant intensity changesin an image
(regions, edges,intensity variations),

² the 2.5 D sketch: it is a midway between2D and 3D representations. It reconstructs
the relative distance from the viewer of the surfacesdetected in the scene(depth
map),

² the 3D representation: it represents the completedescription of the scenein a viewer
independent manner. A transition to an object centered coordinate systemis made.

The main point of the methodology proposed by David Marr is the hierarc hical
structure of the processesand the representations. It advocatesa set of relatively inde-
pendent modules. The paradigm of Marr provides a nice theoretical framework for the
understanding and the building of vision systems.However, important criticisms have also
beenmade on this theory:

² the impossibility to reconstruct an exact representation of the interpreted scene,

² the sequential ordering of the approach,

² the lack of a priori knowledge, i.e. the approach of David Marr does not take into
account knowledgeabout the sceneand as a consequence,a semantic interpretation
is not possible,

² the lack of the goal point of view in the processof vision : Marr's approach doesnot
take into account the action of perception , i.e. the purposeunder the task of visual
perception

2.1.2 Activ e Vision

The main idea of the active vision paradigm introduced by Aloimonos in
[Aloimonos et al., 1987] is that the visual perception activit y is an exploratory activit y.
It underscoresthe fact that the observer is active and in interaction with its environ-
ment. Consequently , the active viewer is an additional sourceof information in the visual
perception and interpretation process. The observer is able to acquire images from dif-
ferent points of views by the control of its visual sensormotions. The advocates of the
active vision criticize the passive point of view of the traditional David Marr's approach
and state that many fundamental problems of vision1 are ill-p osed2 with this theory. In
[Aloimonos et al., 1987], the author is interested in the motions of the sensors. To take
into account thesemotions enablesto introduceadditional constraints to solve the ill-p osed
problems.

This approach is obviously inspired from the faculty of adaptation of the human vision
with the motions of the head, the eyesand the pupils. The contribution of this approach

1shape from shading, shape from texture, shape from motion
2A problem is ill-p osed when it does not satisfy one of the following criteria : to have a solution, to

guarantee an unique solution, to depend contin uously on initial data
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is incontestable. However, current criticisms claim that it is more dynamic than active
(the observer is moving but is not active). Indeed, it neglectsthe control of the sensors.
Moreover, these works stayed too much theoretical and experimental validations were
rarely made.

2.1.3 Activ e Perception

The notion of active perception was introduced by Bajcsy in [Bajcsy, 1988]. The visual
perception and interpretation is de¯ned asa problem of control. The aim is to plan control
strategiesto improve the knowledgeof the systemon its environment and for an intelligent
acquisition of data. Activ e perception is de¯ned as the study of the modeling of control
strategiesof visual perception. The modeling a®ectsboth the sensorsand the processing
modules. The modeling is divided into:

² local models: they represent the parameters of the di®erent processingmodules
(sensorparameters,parametersof image processingalgorithms). Theseparameters
enablethe prediction of the behavior and/or the results of the processingmodules.

² global models: they are the parameterswhich represent the interaction betweenthe
di®erent modules, i.e. how the di®erent modulesare merged(supervisor). The main
idea is the introduction of a retroactive loop in the system. This retroactive loop
enables to the system the acquisition of data only when they are neededby the
system.

The active perception approach is interesting becauseit takes into account, in an explicit
manner, not only the representations but also the processeswhich work on these rep-
resentations. The perception strategy consists in searching for the successionof actions
to obtain a maximum of information with a minimal cost. Works on active perception
emphasizethe three following important points:

² the explicit representation of both knowledgeand reasoningusing knowledgerepre-
sentations,

² the notion of reasoningprocess,the notion of control,

² the importance of a retroactive loop: i.e. the processingof data only when they are
needed.

2.1.4 Animate Vision

Animate vision wasproposedby Ballard in [Ballard, 1992]. This approach is basedon the
study of the purposive motions of the human eye during a visual task. Ballard considers
the visual perception and interpretation in the context of an action. A 3D representation
of the real world is not needed.Similarly to active vision, this approach considersvision as
an ill-p osedproblem. The aim of animate vision is to add constraints by the information
provided by the controlled motion of the sensors.The aim of this approach is to control the
motion of the sensorto achieve focusof attention and gazecontrol tasks. This method aims
at reducingthe complexity of visual perceptionand interpretation tasks. An animate vision
systemcan shift the sensors,changethe focusand the angleof vision. Animate vision uses
an exocentric coordinate system centered on the object. Concerning the implementation
of the system, Ballard usesan active binocular head.
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The main important idea of animate vision is the notion of strategy of visual search by
the setting up of mechanisms of gazecontrol and focus of attention in the image. These
mechanismsenableto analyzeonly the relevant parts of images.

2.1.5 The Purp osive Vision

The purposivevision wasintroducedby Alomoinos in [Aloimonos, 1990]. It emphasizesthe
task oriented point of view of the visual perceptionand interpretation processes.It stresses
the dependencybetweenaction (the goalof the visual perceptiontask) and perception. The
abilit y of complete reconstruction is not necessary. The aim is to derive only task relevant
representations of imagesand to derive the processingmodules and the implementation
that correctly ¯t theserepresentations.

In this approach, the basic idea is to break the initial problem into sub-problems. The
work consistsof the de¯nition of the processingmodules dedicated to each sub-problem
and of the de¯nition of a supervisor which managesthe di®erent modules. As explained
in [Tsotsos,1994], the break of a global problem into sub-problemsand their grouping in
a generalmodule enableto improve visual perception and interpretation tasks.

Purposive vision is a very important approach. It gave birth to a wide range of works
and applications. Somefundamental notions have inspired the research in cognitive vision.
In particular, the key points are :

² the task oriented point of view of the visual perception and interpretation,

² the notion of minimalist systems: to achieve only the relevant tasks to reach the
desiredgoal,

² the breaking up of complex tasks into more tractable sub-tasks.

The main criticism of purposive vision is its application dependence. Most of the vision
systemsbuilt with the paradigm of purposive vision are highly application dependent.

2.1.6 The Direct Approac h or Ecological Vision

The theory of ecologicalvision is basedon the works of J.J. Gibson [Gibson, 1979]. This
approach is opposite to the reconstructive approach. This approach underlinesthe relation
betweenthe systemand its environment. It stressesthe importance of the environment, of
the nature of the light and of the goalof invariants in vision. Ecologicalvision assumesthat
luminous rays directly contain all the information neededfor the recognition of the real
world. This approach refutesthe useof a priori knowledgeand minimizes the importanceof
information processingand internal representations. Recent trends on appearancebased
vision are based on this theory. According to the ecological vision, the motion of the
observer by involving a changeof the optical °ow enablesto perceive the world. Moreover
object function hasa great importance on the visual perception. This point of view de¯ne
the theory of the a®ordance. According to this theory, the semantics associated with object
is relative to their functions.

2.1.7 Discussion on the Di®eren t Approac hes

The di®erent methodologiesfor the designof arti¯cial vision systemshave beenthe origin
of various debatesin the arti¯cial vision research communit y. A set of thesedebatescan
be found in [cvg, 1994]. The di®erencesof methodologiesare partially explained by the
in°uence of human vision theories in the proposedmethodologies.
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From a generalmanner, we make the distinction betweentwo main points of views: the
passive or traditional approach and the active approach which gathers the active vision,
the active perception and the purposive vision.

The active approach is totally the opposite of the passive approach concerning the
interaction of the system with its environment. The passive approach doesnot take care
about the di®erent characteristics of the environment whereasthe active approach con-
siders that a strong interaction between the system and its environment is needed. An
interesting synthesis of thesedi®erent methodologiescan be found in [Sandakly, 1995].

2.2 Towards Cognitiv e Vision

Cognitive vision is not a new methodology for the building of vision systems. Cognitive
vision is an emergingresearch ¯eld which encapsulatesa generalattempt to achieve more
robust, °exible, resilient and adaptable vision systemsby endowing them with cognitive
faculties. Cognitive vision arisesfrom the statement that existing statistical or knowledge
basedvision systemsare brittle. Problemssuch asthe re-usability in a wide rangeof ¯elds,
the environmental in°uence and noiseare still major challengesfor vision systems.

The emerging research ¯eld of cognitive vision does not advocate a unique approach
for the building of vision systemsbut stressesa set of requirements that must be ful¯lled
by a cognitive vision system. In particular, a cognitive vision system should be able:

² to learn from experiences,

² to adapt itself to various and sometimesunforeseeableconditions,

² to choosebetweenalternativ e solutions,

² to develop new strategiesfor analysis and interpretation.

The ultimate goal of cognitive vision research is a general-purposesystemwith the robust-
nessand the resilienceof the human visual system.

The discipline of cognitive vision gathers several various scienti¯c ¯elds like computer
vision, pattern recognition, arti¯cial intelligence, machine learning, cognitive sciencesand
knowledgeengineering(among others). Cognitive vision is expectedto be oneof the major
research areas in vision. The aim of this section is to give an overview of the emerging
¯eld of cognitive vision: i.e. its de¯nition and its major challenges.

2.2.1 De¯nition and Ma jor Challenges

Cognitive vision is an emerging discipline in a pre-paradigmatic state [Vernon, 2004]. As
a consequence,a de¯nition of cognitive vision which entirely satis¯es all the scienti¯c
¯elds involved does not yet exist. Recently , researches and interesting thoughts on cog-
nitiv e vision in the active research network ECVision3 give birth to a research road map
[Vernon, 2004]. This road map is a twenty year research plan on cognitive vision. It pro-
vides a good introduction on what is cognitive vision in a neutral manner and in what is
the scienti¯c foundations of cognitive vision. It enumerates a list of major scienti¯c and
methodological challenges.

3The European research Network for Cognitiv e Computer Vision Systems, www.ecvsion.org
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2.2.1.1 A De¯nition of Cognitiv e Vision

The ECVision road map [Vernon, 2004] states about the following working de¯nition of
cognitive vision: A cognitiv e vision system can achieve, in an intelligent way, the four
levels of generic computer functionalitie s of detection, localization, recognition and under-
standing. The functionalit y of understanding refers to the ability to comprehend the role,
the context and the purpose of a recognized entity and its categorization on some basis
other than visual appearance alone.

As in the purposive vision paradigm, cognitive vision also stressesthe dependency
between action and perception. A cognitiv e vision system has a purposive goal-directed
behavior , i.e. contrary to traditional vision systemsconcernedwith obtaining a description
or a reconstruction of the physical world, a cognitive vision systemhasto take into account
the purposeand the intent associated to the observed entit y with respect with its goal.

A cognitivevision systemmust be in interaction with its environment and it can engage
in adapting itself to unforeseen changes of the visual environment. It can also anticipate
the occurrence of objects or events.

To achieve these capabilities, a cognitive system is endowed with cognitive faculties:
i.e. abilit y of knowing, abilit y of understanding, abilit y of reasoningand abilit y of learning
things.

² \Kno wing" refers to the memory: i.e. to store knowledgewhich is either provided
a priori, learned from experiencesor derived from existing knowledge. It concerns
knowledge about the environment, about itself and about its relationship with the
environment. This issueis strongly linked to the problem of kno wledge represen-
tation .

² \Understand" refersto the recognition and the categorization of objects, situations
or events acrossvisual appearance.

² \Reasoning" refers to the processof using knowledgeand cognitive processto ex-
plain things and solveproblems. It canconsistof making inferencesof what is already
known to explain an observation or to make predictions. A cognitive vision system
makesdeliberations about objects and events in the environment.

² \Learning" refersto the importance of the experienceto cover real world problems.
A system whosegoal is to perform complex tasks under real world conditions must
be able to learn from experienceand adapt itself to unexpectedchanges.As empha-
sizedin criticisms on the approach of Marr, a vision systemcan not be basedon the
hypothesisof a \closed world": it is unlikely that all the relevant knowledgeinvolved
in vision tasks can be acquired and provided a priori to the system. The auto-
matic generation of new representations and models are needed.Moreover, learning
capability is a mean for a continuous adaptation to the changing environment.

2.2.1.2 Ma jor Challenges of Cognitiv e Vision

The ECVision road map proposesto carried out the research in cognitive vision in the
context of seven major scienti¯c and methodological challenges. The scienti¯c challenges
are:

1. The advancement of method for continuous learning.
Cognitivevision systemsareshapedby their experiencesand learning is an important
component of cognitivevision. As real world environments arenot stationary, it must
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be an open-endedprocess: i.e. the system must be able to continuously learn from
observations and adapt itself to its environment. Continuous learning methods are
required.

2. The establishment of minimal architectures.
It refers to the identi¯cation of the minimal set of visual information processing
modules that are neededto perform the complete semantic interpretation process.
In particular, a minimal architecture must provide solutions to achieve the four func-
tionalities of cognitivevision : detection, localization, recognition and understanding.

3. Goal achievement.
Visual perception and interpretation are goal directed processes[Aloimonos, 1990]
and a cognitive vision system is engagedin a goal directed behavior.

4. Generalization.
It refers to the transferabilit y of competencesor skills from one context to another
one.

The methodological challengesare concernedwith :

1. The utilization and advancement of system engineering methodologies.
Software engineeringproperties of cognitive vision systemsare as much important
ascognitive ones. Indeed, due to their requirements, cognitive systemswill exhibit a
high degreeof system complexity. System complexity, system maintenance,system
re-usability are important software engineeringproperties to take into account in the
designof a cognitive vision system.

2. The development of complete systems with well dē ned competences.
This challenge focuseson the construction of complete visually-enabled cognitive
systems.

3. The creation of research tools

Our objective of a reusablecognitive vision platform for the designof semantic image
interpretation systemstakesparts in the challengeof the establishment of minimal archi-
tectures for cognitive vision systems. Moreover, as we are interested in re-usability and
convenience,software engineeringis a big part of our work.

2.3 I mage I nterpreta tion Systems

During the past 3 decades,a wide rangeof imageinterpretation systemshavebeendesigned
with di®erent philosophies,models and motivations. They can be classi¯ed according to
several criteria:

² Their application dependence:i.e. if they have beendesignedfor a particular appli-
cation or with a re-usability purpose.

² Their level of knowledgemodeling and representation.

² Their control strategy.

² Their functional architecture.

² The philosophical approach of their design: i.e passive, active or purposive vision.
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² The methodological approach of their design.

The methodological approach to build image interpretation systemsis inherently linked
to the philosophical ones. Moreover, it has in°uence on the four ¯rst criteria, i.e. the
genericity, the information representation, the control and the architecture. It also rep-
resents some trends in image interpretation. In particular, we have distinguished four
methodological approaches:

² Kno wledge based vision which is basedon the explicit representation of a priori
knowledge. It was the current trend in the eighties.

² Decision theory based vision which modelsthe imageinterpretation asa problem
of control.

² Case based vision which usescasebasedreasoningto solve image interpretation.

² App earance based vision basedon the learning of appearancebasedmodels of
objects on 2D images. Appearance based vision techniques are widely used for
categorization problems : i.e. the recognition of object class and not of object
instance.

Our aim is not to make an exhaustive and detailed survey on image interpretation sys-
tems. We only present interpretation systemswhich are the most relevant in the literature
and the most related to our work.

2.3.1 Kno wledge Based Vision

A good survey on knowledge based interpretation systems can be found in
[Crevier and Lepage,1997]. Their principle is to interpret the scenein terms of a pri-
ori models representing knowledgeof the world. Knowledgeand knowledgerepresentation
is an important component of knowledge basedvision systems. The knowledge involved
in an interpretation processis divided into:

² declarativ e kno wledge : it refers to the numerical and symbolic representations
which describe the di®erent entities known to the system. It represents knowing
\that" .

² pro cedural kno wledge : it represents knowing \how" ' , i.e. the knowledge which
describeshow to extract and how to manageentities.

Moreover, the knowledgeused in image interpretation can be classi¯ed into the following
three types:

² Scene domain kno wledge .
This knowledgeincludes the description of intrinsic properties and mutual relations
among objects in the scene. It is described in terms of the terminology used in the
real world.

² Image domain kno wledge .
This knowledge is used to extract image primitiv es and features. It is described in
terms of the terminology de¯ned in the image domain.

² Kno wledge about the mapping between the scene and the image.
This type of knowledge is used to transform image features into scenefeatures and
vice versa.
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We present somerelevant knowledgebasedinterpretation systemsunder the point of
view of their architecture, their knowledgerepresentation and their control strategy.

2.3.1.1 T he VISIONS System

System Description
The VISIONS (Visual Integration by Semantic Interpretation of Natural Scenes)sys-

tem [Hansonand Riseman,78] , which wasextendedin SCHEMA [Draper B., 1996]is the
result of a long term work at the University of Massachusetts. The aim was the building
of a generalintegrated knowledgebasedinterpretation systemindependent of any applica-
tion. The goal of the VISIONS system is the construction of a symbolic representation of
the three dimensional world depicted in an image. This symbolic representation includes
the labeling of objects and the determination of their location in the space. A commer-
cial product called KBVision was developed. In practice, the VISIONS systemwas only
applied on imagesof outdoor static scenes.

1. System architecture.
According to Marr's paradigm [Marr, 1982], the authors proposean image interpre-
tation systembasedon a representation in three levels and basedon the interaction
betweentheselevels.

The functional architecture of the VISIONS system is composedof:

² The low level which is dedicatedto the extraction of imageprimitiv es. Low level
processesmanipulate pixel data. They produce intermediate symbolic events
called tokens such as regions and lines with their attributes. It usesa speci¯c
library of image processingprograms.

² The intermediate level provides tools to organizethe tokensinto more abstract
structures that can be associated with object instances. This intermediate level
called ISR [Brolio et al., 1989](In termediate Symbolic Representation) is oneof
the main characteristics of the VISIONS system. It is a representation system
and a management systemfor the useof the intermediate (symbolic) represen-
tation. ISR is based on database management methodology. It is an active
interface betweenhigh level inferenceprocessesand image data. ISR provides
tools for classi¯cation based on features, perceptual grouping, spatial access
(e.g. the detection and the veri¯cation of neighborhood relations between ob-
jects) and constraint basedgraph matching betweengraphsof data and graphs
of models.

² The high level contains a semantic network of schemas. A schema is an expert
systemrepresenting an object of the sceneand dedicatedto its recognition. The
knowledgein a schema is not limited to the descriptions of objects; it includes
information about how each object can be recognized.Schemasalsocontrol the
invocation and execution of the low-level and intermediate-level routines with
the goal of forming hypothesesabout objects in the scene.

2. Kno wledge represen tation
ISR provides a frame basedformalism for the representation of tokens.
In the high level, we have mentioned that knowledgeis organizedinto object descrip-
tions called schemas. Schemas are themselves organized into relational networks.
Each schema, which represents a particular object in the scene,has an associated
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procedural component which represents the knowledgeof how to recognizethe par-
ticular object. Each schemahasits own blackboard to store the local data concerning
the particular object and schemascommunicate asynchronously with each other by
the mean of a global blackboard.

3. In terpretation strategy
The interpretation strategy of VISIONS is the detection of the di®erent objects
present in the sceneby the activation of the di®erent corresponding schemas. The
semantic network is used to order the activation of the di®erent schemas. Each
schema follows a strategy based on an hypothesize and test cycle called Object
HypothesisMaintenance.

Discussion
The VISIONS systemseparatesthe di®erent typesof knowledgeand proposesa knowledge
model for the three typesof knowledge. The main characteristic of the VISIONS system
lies in the knowledgerepresentation with schemas. A model of knowledgeis proposedfor
the three levels. Nevertheless,the knowledgerepresentation by schemas is also one of the
weaknessof the system. Indeed, it doesnot enablethe separationbetweenknowledgeand
reasoning. This kind of representation doesnot enablethe reuseof the knowledgeand the
reasoningwhich is generic for object recognition. From a knowledgeacquisition point of
view, the creation of schemasis a hard work. Moreover, from the maintenanceand evolu-
tion point of view, the introduction of a new object implies the creation of a new schema.
Machine learning techniques were proposed by Draper in [Draper and Hanson,1991] to
reducethis knowledgeacquisition bottleneck. The SCHEMA systemwasupgradedwith a
learning module: the Schema Learning Systemdescribed in [Draper et al., 1989].

Another important characteristic of this interpretation system is the management of
the intermediate data. ISR is another main characteristic of the VISIONS system. It
highlights the importance of the management of symbolic intermediate data in a global
interpretation processand it proposesan application independent module to solve this
problem.

2.3.1.2 T he SIGMA system

Description of the system
The system SIGMA was developed by Matsumaya at the University of Kyoto
[Matsuyama and Hwang, 1990].

1. System architecture
From the software and functional architectural points of view, the systemSIGMA is
composedof a hierarchy of three reasoningsystems:

² The Low Level Vision Expert(LL VE ).
The LLVE contains the knowledgeand the reasoningneededto perform image
segmentation and feature extraction. It reasonsabout which method is the
most e®ective basedon knowledgeof image processingtechniques.

² The Model SelectionExpert(MSE ).
The MSE contains the knowledgeof the mapping of the image data into high
level objects of the scene.

² The Geometric ReasoningExpert (GRE ).
The GRE is the central reasoningmodule of the system. Its knowledgesourceis
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a symbolical world model representing structures and spatial relations among
objects. Its reasoning called evidence accumulation integrates top-down and
bottom-up processes.

The di®erent expert systemscommunicate betweeneach other by requests.

2. Kno wledge represen tation
The main knowledgeconcept is an object class(inspired from the frame basedand
object oriented knowledge representation scheme). An object class represents an
abstraction of an object of the application domain. It not only describesproperties
and structures of object but alsostoresinferential knowledge,implemented by rules,
on how to recognizeit (rules for spatial reasoning).

The LLVE usestwo typesof knowledgeto conduct automatic image segmentation:

² knowledgeof fundamental conceptsin imagesegmentation (e.g. typesof image
features and types of image processingoperators) represented by a network
representing the type structure in image segmentation,

² knowledgeabout image processingtechniques (e.g. how to combine the opera-
tors e®ectively) represented by a set of production rules.

3. In terpretation strategy
The interpretation strategy loopson a two phasecycle: a model drivenphasefollowed
by a data driven phase. This loop is precededby an initial segmentation of images
which consistsin a model driven extraction of image primitiv esby the LLVE.

The interpretation cycle consistsin :

² Generation of hypothesesby rule activation (spatial reasoningabout objects);

² Evidence accumulation to test the di®erent hypotheses,to check their consis-
tency and to group them;

² Solving the situation of con°icts.

Discussion
SIGMA proposesa clear and well formalized and modular architecture for image interpre-
tation systems. The key points are:

² The architecture of the SIGMA system enablesthe separation of the three types
of knowledge involved in image understanding : the scenedomain knowledge, the
image domain knowledgeand the knowledgeabout the mapping between the scene
and the image.

² The knowledgebasedsegmentation expert and a top down goaldirected segmentation
deal with the imperfection of segmentation.

² An active reasoningprocessbasedon the use of evidenceaccumulation for spatial
reasoningand object oriented knowledgerepresentation.

Some criticisms can be made on the weaknessof the spatial reasoning encapsulatedin
rules linked to semantic objects. The recent and growing body of research about spatial
reasoningcan help to solve this weakness.The knowledgeacquisition is alsoa big problem
in SIGMA.
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2.3.1.3 MESSIE I and MESSIE I I : Multi Exp ert System for Scene In terpre-
tation and Evaluation

System Description
MESSIE-I and MESSIE-II ([Sandakly and Giraudon, 1994],[Sandakly, 1995]) were de-
signed in the framework of works on sceneinterpretation in the PASTIS team at IN-
RIA. They proposea de¯nition, an implementation and the validation of a genericscene
interpretation architecture.

1. System architecture
The functional architecture of MESSIE I I is composedof three hierarchical abstrac-
tion levels:

² The scenelevel: it contains a scenerepresentation with the semantic modeling
of the sceneobjects. It also contains a genericsceneinterpretation specialist.

² the semantic object level : it contains specialists for each semantic object (their
detection strategy) and perceptual grouping specialists.

² The image level which contains image primitiv e extraction specialists to adapt
and tune image processingalgorithms.

The architecture of MESSIE I I is a hierarchical blackboard with a control basedon
requestsand events. These two mechanisms enable an opportunistic control of the
interpretation process: the requestmechanism is usedwhen reasoningis goal driven
and event mechanism when reasoningis data driven.

2. Kno wledge represen tation
In MESSIE I I, the representation of semantic objects is generic. A semantic ob-
ject is modeled from four view points: geometric, radiometric, spatial context and
functionalit y. Theseview points are application and sensorindependent. Moreover,
the authors have identi¯ed and modeled a set of contextual objects neededfor the
interpretation : sensor,¯eld of view and scene.

Each semantic object is associated with an object specialist in the semantic object
level. Each semantic object specialist has its own detection strategy. This detection
strategy enablesan e±cient and easy management of low level feature extraction.
The management of uncertainty and imprecision of extracted data and models are
managedusing the fuzzy set formalism and the possibility theory.

3. In terpretation strategy
MESSIE I I proposesa generic interpretation strategy implemented in two steps: a
detection step where semantic object hypothesesare made by object specialists and
a validation step to con¯rm or reject these hypotheses. The principle used for the
detection step is that salient objects are ¯rst looked for and then used to support
the detection of smaller objects.

The MESSIE I I systemhasbeenvalidated with two applications: satellite image interpre-
tation using multi-sensor fusion and 3D indoor sceneinterpretation.

Discussion
This work proposesa neat software and functional architecture for sceneanalysis. The
key points are:

² The separation of the descriptive knowledge (the semantic object model) and the
procedural knowledge(semantic object specialist).
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² The representation of semantic object from four view points is genericand interesting.

² An opportunistic reasoningby the two mechanismsto trigger a specialist : requests
and events.

² The validation of the architecture by two real applications.

Nevertheless,we criticize the notion of semantic object specialist. Indeed whatever is
the abstraction level of a specialist, its representation is structured in the sameway. Dif-
ferent reasoningsfor di®erent levelsare not possible. Moreover, MESSIE I I is an intensive
knowledgebasedsystemand the knowledgeacquisition is a hard work. As a consequence,
the useof the MESSIE system for various applications requiresa long time designby the
modeling of each semantic object and by the construction of semantic object specialists.

2.3.1.4 T he Use of Semantic Net works: the AID A System

System Description
AID A is a knowledgebasedsystem for sceneinterpretation [Liedtke et al., 1997] .

1. System architecture
The AID A architecture is a network with di®erent abstraction levels. Each abstrac-
tion level contains a set of conceptswhich are linked to conceptsof the samelevel
or of other levels.

2. Kno wledge represen tation
The representation of semantic, structural, topological and temporal knowledge
about objects expected in the sceneis made with semantic nets. The knowledge
representation formalism is closeto the knowledgeformalism of the ERNEST system
[Niemann et al., 1990]. The nodesof the semantic net model the objects of the scene
and their appearancein images. The di®erent abstraction levels are represented as
di®erent layers in the semantic net. Two classesof nodesare distinguished: concepts
are genericmodelsof objects and instancesare realizations of the corresponding con-
cept in the observed scene. They are used to distinguish the symbolic meaning of
the objects and their visual appearancein the image. The relations betweenobjects
are described by edgesor links forming the semantic net. It exists ¯v e typesof links:
specialization, composition, instantiation, concretisation and modeling.

3. In terpretation strategy
The aim of the system is to use the prior knowledge represented in the semantic
net to generatea symbolic description of the sceneobserved in a single image or a
sequenceof multi-sensor and/or multi-temp oral images. The symbolic scenedescrip-
tion consistsin instances. The interpretation strategy is application independent and
separatedfrom the knowledge. It is explicitly represented by a set of generic rules
which de¯ne the action to perform during the use of the semantic net. They are
divided into rules for hypothesisgeneration, rules for instantiation, rule for special-
ization and rule for multiple bindings.
It consists in an iterativ e combination of top-down and bottom-up processes.The
system¯rst generateshypothesesabout sceneobjects and their properties which are
consecutively veri¯ed in the image data. The end user initiates the interpretation
processby the selectionof a concept (a node in the semantic network). It represents
the goal to achieve. Then, the systemtries to instantiate this concept in imagedata
with a top-down, bottom-up cycle. The top down analysis consistsin the search of
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all the related conceptsusing the links of the semantic network. Then in a bottom
up analysis,all the selectedconceptsare instantiated. Each possibleinterpretation is
documented by a search node N which contains all conceptsand instanceswith their
current interpretation state. Competing interpretations are represented in a search
tree and selectedwith a A*-algorithm. An inferenceengine controls the execution
of the rules.

Discussion
The main advantage of the AID A system is the generic interpretation strategy and the
representation by semantic nets. Moreover, in the AID A system, the integration of the
temporal dimension is proposed. Nevertheless,the semantic network doesnot enable the
separationof the di®erent typesof expertise and the knowledgeacquisition is an intensive
work.

2.3.1.5 Co operation of Kno wledge Based Systems for Natural Complex Ob-
ject Recognition

Description
The Orion team has much expertise in the use of explicit knowledge to solve complex
image analysis problems. Knowledge based approaches were proposed to automate the
useof an image processinglibrary (program supervision techniques) and to automate the
problem of single object recognition [Thonnat, 2002]. In [Ossolaand Thonnat, 1995b],
[Ossolaand Thonnat, 1995a], a cooperative architecture based on two knowledge based
systemsis presented.

1. System architecture
The architecture of the systemis a distributed architecture composedof two knowl-
edgebasedsystems.

² The ¯rst system dedicated to image processingenables to processan image
and to describe the object it contains. To processimagesin an intelligent way,
i.e. to dynamically construct the processwith respect to variable conditions,
program supervision techniquesare used.

² The secondsystem interprets the data describing an object in order to classify
it.

Two KBS shells OCAPI [Clement and Thonnat, 1993a] and CLASSIC
[Granger, 1985]are used to build the two knowledgebasedsystems. The global ar-
chitecture of the systemis depicted in ¯gure 2.1 (from [Ossolaand Thonnat, 1995b]).

2. Kno wledge represen tation
This architecture providesdedicatedprede¯ned structures to represent the knowledge
of each module.

² The data-interpreter imposesprede¯ned structures for knowledge.
Protot yp es describe the di®erent object classes.They are framesorganizedin
a protot yp e tree re°ecting the specialization relations between the di®erent
object classes.Inference rules enabledata abstraction, essentially the conver-
sion of numerical features to symbolic descriptions. They are organizedin rule
basesattached to protot ypes and fuzzy predicates in rules enable to manage
impreciseand uncertain knowledge.

33



2.3. IMA GE INTERPRET ATION SYSTEMS CHAPTER 2. STATE OF THE ART

Figure 2.1: The global architecture of the object recognition system

² The main component of the knowledge structures of the image-processorare
frames for descriptive knowledge(goals and operators) and rules for inferential
knowledge. The image processingknowledgeis principally structured in goals
which are imageprocessingfunctionalities, operators which contain the speci¯c
knowledge to solve a goal, and rules to represent the knowledge of how to
initialize, choose,evaluate and adjust operators.

3. In terpretation strategy
Each module hasits proper reasoningstrategy. The reasoningof the data-interpreter
is basedon the depth ¯rst tree traversalof the protot yp e tree through a three phase
cycle: data abstraction (using inference rules), matc hing with a protot ype and
re¯nemen t of the classi¯cation . The reasoningof the image-processorfollows a
cycle in four phases:planning , execution of programs, evaluation of the results,
and repair .

The communication layer enablesto each module to send messagesto the other.
These messagesenable top-down and bottom-up strategies. The global processis
not sequential. The data-interpreter can get new data from the image-processor
during its classi¯cation process.

Discussion
The distributed architecture presented here has several advantages:

² The exploitation of the di®erent expertise directly. The use of KBS shells enables
easyconstruction of knowledge basesby experts: image processingexperts for the
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image-processorand application domain experts for the data-interpreter. It enables
the capitalization of their expertise.

² The separation of not only the di®erent typesof knowledgebut also of the di®erent
types of reasoning involved in the object recognition problem (planning for image
processingand classi¯cation for object categorization).

² From the software engineeringpoint of view, knowledge basedsystemsare easy to
maintain by modifying the knowledgebaseand they are extensibleby adding pieces
of knowledge.

² Using program supervision techniquesenablesan intelligent and adaptable manage-
ment of the image processingproblem.

Nevertheless,the proposedarchitecture has also someweaknesses.

² The domain knowledgemodeling doesnot enablethe representation of spatial rela-
tions. The proposedarchitecture is dedicated to singleobject recognition so that we
could think that spatial relations are not useful. Nevertheless,if we want to manage
complex composite objects with interrelated sub-parts, they are essential.

² The problem of the mapping betweensensordata and symbolic data is not treated
asa problem assuch. It is encapsulatedin inferencerules of the data-interpreter. As
a consequence,they are application dependent. Moreover, from a domain knowledge
acquisition point of view, theserules are di±cult to build by domain experts.

² Another problem lies in the evaluation of image processingresults. The interpreta-
tion must rely on the results provided by the image-processor.

2.3.1.6 In terpretation of Spatial Structures

In this section, we present someworks which considerablyusespatial relations to manage
the interpretation process.Indeed, even if it is commonly admitted that spatial relations
play an important role in the recognition of structures, they are often restricted to be
properties of semantic objects in semantic imageinterpretation systems.Nevertheless,the
management of, and reasoningon spatial relations is essential when a sceneobject can not
be discriminated with its proper characteristics.

In [Le Ber and Napoli, 2002], an interesting object-based representation of spatial
structures and relations is presented. The authors present a system for representing and
classifying spatial structures and relations. The aim is to recognizelandscape patterns
from satellite data. In the system, a priori knowledge is represented as (1) classeswhich
denote patterns of landscape and as (2) spatial relations which denote qualitativ e topo-
logical spatial relations. Spatial relation instancesare linking classestogether. They are
organizedinto a specialization hierarchy, organizedin Galois lattices. The lattice represen-
tation facilitates the veri¯cation of relations on the imagesand the inferenceof relations.
Theselattices are usedin order to recognizespatial structures on maps basedon satellite
images.

In [Matsakis et al., 2001], a system which generateslinguistic descriptions of natural
scenesis described. The authors proposea new family of fuzzy directional relations that
rely on the computation of histograms of forces. Theserelations are the inputs of a fuzzy
rule basethat produceslinguistic descriptions.

In [Colliot et al., 2004],the role of spatial relationships for the model-basedrecognition
of structures is emphasized.They proposeto model spatial relationships in the fuzzy set
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framework [Bloch and Ralescu,2003]. The application is the recognition of brain internal
structures in MR images. A priori knowledge of the structures is modeled using a data
structure called synthetic hierarchical graph, i.e. an attributed hierarchical graph. Nodes
are brain structures and edges,relations between brain structures. Spatial relations are
represented in a fuzzy set framework to handle imprecision. The fuzzy sets represent the
degreeof satisfaction of the relation with respect to a referenceobject as described in
[Bloch et al., 2003]

2.3.1.7 Use of Conceptual Spaces for a Cognitiv e Vision Arc hitecture

In [Chella et al., 1997], a cognitive architecture for arti¯cial vision is presented. The au-
thors aim at an autonomousintelligent system. The originalit y of their approach lies in the
existenceof a conceptual level basedon the notion of conceptualspace[GÄardenfors,2000].
A conceptual spaceis a metric spacein which entities are characterized by a number of
quality dimensions(color, spatial coordinates, size,..). The dimensionsof conceptualspace
represent qualities of the environment independently of any linguistic formalism or descrip-
tion. This representation enablesthe modeling of natural concepts(real physical objects)
as convex regions in the conceptual spaceand it enablesreasoningas concept formation,
induction and categorization [GÄardenfors,2000].

1. System architecture and represen tation
The systemarchitecture is basedon the three cognitive level representation proposed
by GÄardenfors [GÄardenfors,2000]:

² The sub-symbolic level in which information is strictly related to sensorydata.

² The conceptual level in which the information is characterized by a multiple
dimension metric space. In the proposed architecture, the dimensions of the
conceptualspaceare the parametersof the 3D geometricprimitiv eswhich com-
posethe scene.The representation of a great variety of familiar shapes(princi-
pally human artifacts) is made according to the schemasof Constructive Solid
Geometry (CSG). A knoxel represents a genericpoint in the conceptual space,
i.e a vector k = (ax ; ay ; az; "1; "2; px ; py ; pz; '; #; Ã). ax ; ay ; az are the lengths of
the super-quadric axes, "1; "2 are form factors (longitude, latitude), px ; py ; pz

the three center coordinates and '; #; Ã are the three orientation parameters.

² The linguistic level in which information is expressedby a symbolic language.
The role of the linguistic system is to provide a concisedescription of the per-
ceived scenein terms of a high level languagesuitable for symbolic knowledge
based reasoning. Description logics are used as representation scheme. The
terminological comp onent contains the descriptions of the concepts rele-
vant for the represented domains. The assertional comp onent stores the
assertionsdescribingthe perceived scene.This representation is useful to main-
tain a distinction between the generic conceptual knowledge, independent of
the perceived sceneand the assertionsconcerningthe current perceived scene.

2. In terpretation strategy
The interpretation strategy is driven by focus of attention mechanisms: the explo-
ration processof the perceived sceneis driven by linguistic and associative expecta-
tions.

Discussion
The originalit y of this work is to link together research in computer vision with research in
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symbolic models of knowledgerepresentation and reasoning. The designof the proposed
architecture is basedon two cognitivehypotheses:the existenceof a conceptualrepresenta-
tion level and the active role of focusof attention mechanismsin the interpretation process.
Moreover, conceptual spacesprovide a geometric treatment of knowledge which bridges
the gap between the symbolic and sub-symbolic approaches. As such, they can be used
for the study of the problem of creating and maintaining in time the connection between
symbols and sensordata that refer to the samephysical objects: the anchoring problem
[Coradeschi, 1999]. A computational framework for anchoring basedon conceptualspaces
is presented in [Chella et al., 2002].

2.3.1.8 Conclusion

In this section,we have presented a set of interesting knowledgebasedimageinterpretation
systems. The study is not exhaustive. Our choice is essentially motivated by the presen-
tation of complete interpretation systems,i.e. which deal with the three sub-problemsof
image interpretation (image processing,Signal/symbol matching and interpretation) or to
systemsdirectly related to our work. The analysis of the di®erent interpretation systems
enablesus to draw some conclusionson the building of knowledge based interpretation
systems:

² A ¯rst characteristic is the existence,for all thesesystems,of at least three di®erent
semantic levels: the low level, the intermediate level and the high level level. These
levels refer to the abstraction level of the handled data and knowledge. They re°ects
the di®erent data transformations useful for an interpretation system.

² This existenceof semantic levelsdoesnot automatically imply the building of systems
into three di®erent modules [Ossolaet al., 1996]. An important question concerns
the mapping between the sceneand the image. This problem is rarely considered
as a problem as such. It is always encapsulatedin the high level problem through
di®erent forms. Interesting works in the intermediate level are the ISR approach of
the VISIONS systemand the useof conceptual spaces.Other very interested works
on this intermediate level are found in the Robotics communit y. They refer to the
Anchoring problem [Coradeschi, 1999].

² Modularit y is an important characteristic for image interpretation systems. Modu-
larit y makes easiertheir design and their building but also their running and their
maintenance.

² Blackboard architectures are commonly used as software architecture. In a black-
board architecture, specialists communicate through a sharedfact base. Blackboard
architectures favor a high modularit y and data sharing. Nevertheless,a drawback
of blackboard systemsis they do not enable the representation of di®erent typesof
reasoning. Whatever is the level of reasoning,it usually consistsin the activation of
the rules linked to knowledgesourcesaccording to requestsor events.

² The choice of the knowledge representation language is important: semantic net-
works, production rules, frame based systems, object based systems, description
logics, hybrid systems...

² The representation of spatial relations and spatial reasoningis essential but rarely
studied as a speci¯c problem for image interpretation.
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² Owing to the representation of a high level knowledge, knowledge basedvision en-
ablesto perform semantic interpretation

Several majors criticism have beenmade concerningknowledgebasedvision systems.
In [Draper B., 1996],Draper statesthat knowledgebasedsystemsare ad-hoc. He identi¯es
a set of open problemsin knowledgebasedvision : (1) the knowledgeengineeringproblem,
i.e. the knowledgeacquisition bottleneck when large amount of knowledge is needed,(2)
the problem of the management of vision procedures(i.e. imageprocessingprograms) and
the (3) systemintegration problem. He proposesto cope with theseproblemsby modeling
the image interpretation problem as a problem of control : i.e. to ¯nd the best sequences
of vision proceduresto satisfy a goal. Related works are presented in the following section.
The generalassessment of knowledgebasedvision systemsis their lack of robustnessand
their lack of °exibilit y for varying conditions of the environment. They are not able to
adapt themselvesto unforeseeableconditions. Approachesbasedon a priori knowledgeare
su±cient with a closeworld assumption.

2.3.2 I mage I nterpretation Systems Based on Decision Theory

This section dealswith the useof decisiontheory as a basisfor intelligent image interpre-
tation. We describe a set of works which aims at building image interpretation systems
which have properties of robustness,application independenceand easymaintenance. The
main idea is to reduceas much as possiblethe role of the human expertise in the building
of interpretation systemsby machine learning techniques. The notion of secondgeneration
interpretation systemsrefers to theseworks. This notion was introduced in the beginning
of the nineties basedon a negative assessment of knowledgebasedvision systemsdressed
by Draper in [Draper B., 1996]. In this paper, it was argued that knowledgebasedvision
is too ad-hoc and too dependent on human expertise during their design. The principle
of secondgeneration interpretation systemsis to model image interpretation as a prob-
lem of control over a spaceof vision operators [Draper, 2003]. These systemsexplicitly
model the control processitself, typically either asa Bayesnet or asa Markov model, and
they usedomain independent learning mechanismsfor the automatic acquisition of control
strategies.

2.3.2.1 Bayes Net Approac h

In [Rimey and Brown, 1994], the TEA-1 selective vision system is described. It gathers
evidenceto answer a question about a visual scene. The evidenceis used by Bayesian
networks to update a belief about the answer to the question and determine whether more
evidenceis needed,what kind of evidenceto collect and where to seekit.

Four Bayesiannetworks are used to represent the domain and the task knowledge. A
PART-OF network encodes the structure of the scene,the expected area net models the
geometric relationships betweenthe di®erent objects, the IS-A network is usedto classify
the objects into classesand the task net encodesthe task speci¯c knowledge.

The resultsof visual processingare fed asevidenceinto the PART-OF network expected
area and IS-A networks and the beliefs associated with the di®erent nodes are updated.
The relevant probabilities are then combined into a package that is used as evidenceby
the task net. Inference is then performed on the task net, which yields an answer to the
question underlying the task in the form of a probabilit y distribution. The system then
decideswhether it needsto acquire more data or whether it is satis¯ed with the current
solution. Bayesiannetworks are also usedin recent works [Buxton and Gong, 1995].
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2.3.2.2 Mark ov Mo del Approac h

ADORE and MR ADORE
ADORE (ADaptiv e Object REcognition) described in [Draper et al., 2000]is an object

recognition system with a Markov basedcontrol system. Its goal is to avoid knowledge
engineeringby approaching object recognition as a supervised learning task. In ADORE,
the object recognition is formulated as a Markov Decision Problem (MDP), where the
optimal vision operator is selectedbasedon the current state of the system. Typically,
a Markov decision problem is de¯ned by a set of states, a set of actions and a control
policy that map states onto actions. In ADORE, states are data tokens produced by
vision procedures(region, intensity image, active contours, set of line segments). Actions
are vision procedureswhich changethe state of the systemby producing new data tokens
from the current data tokens. Control policiesmap data tokensonto vision proceduresand
therefore, they select the next action in the recognition process. The ADORE system is
divided into two components: an o®line learning systemand a run time executionmonitor.
The control policies are learned by a supervisedapproach with an o®line learning system
basedon the training of Q-functions. In the run-time execution, the system implements
the learnedcontrol policiesby iterativ ely applying vision proceduresto data. ADORE was
applied for the recognition of di®erent typesof housesin aerial images.

MR ADORE (Multi Resolution ADaptiv e Object REcognition) [Levner et al., 2003]
goes a step further than ADORE in the avoiding of human knowledge engineering. The
aim is the automatic building of image interpretation systems. MR ADORE investigates
methods and techniquesthat minimize the needfor human intervention while maximizing
the performanceand portabilit y of interpretation systems.

In [Peng and Bhanu, 1998], an adaptive integrated image segmentation and object
recognition system is proposed. The authors stress the importance of the adaptabilit y
to real world changesof the segmentation problem, in order to improve the interpretation
process. The authors criticize the general open loop approach for image interpretation.
They proposeto use the model matching con¯dence degreeas feedback to in°uence the
image segmentation process.A team of stochastic learning automata is usedto represent
both global and local image segmentation. Reinforcement learning is used. It closesthe
loop betweenmodel matching and image segmentation. The main advantage of reinforce-
ment learning is that it requiresonly knowledgeof the goodnessof the systemperformance
rather than details on the algorithm. As a consequence,the proposedmethod is indepen-
dent of any speci¯c image segmentation algorithm.

2.3.2.3 Computational re°ection and Con trol System theory

In [Robertson, 2000], Paul Robertson proposesan architecture for self-adaptive image
interpretation basedon the computational re°ection and control system theory. The pro-
posedarchitecture namedGRAVA wasapplied for multiple applications : facerecognition
in [Robertson and Laddaga, 2002] and aerial image understanding in [Robertson, 2000].
Theseworks take part in the DARPA program named\A utomatic Software Composition"
dealing with self adaptiv e soft wares: i.e. softwareswhich auto-evaluate their behavior
and which change it according to the evaluation. Thereby, self adaptive softwares have
abilities to:

² monitor the state of the computation,

² diagnose problems,
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² mak e changes to correct deviations from the desiredbehavior.

Robertson states that one of the reasonsfor the brittleness of image interpretation
systemsis their inabilit y to predict their environment. He proposesa self adaptive image
interpretation system that is capable of automatically monitoring its own performance
and adjusting to varying situations. The computational re°ection enablesthe operators
to change their own semantics in order to adapt to varying situations. This approach
provides adaptabilit y and easeof maintenance. Knowledgeis associated with operators to
enhancethem with the capability to monitor and evaluate their own performance.

The interpretation strategy is modeledas a feedback control system. It usesoperators
and parameter settings (models) in order to infer an interpretation for the environment.
This information is usedas feedback in order to improve performanceby choosing better
operators and models.

2.3.2.4 Conclusion

The modeling of imageinterpretation asa problem of control is a good way to achievemore
robust, more °exible and more adaptable imageinterpretation systems.Nevertheless,they
are too \image-based" from our point of view. To perform semantic image interpretation,
i.e. to give a high level meaning of the content of images,knowledge about what is the
semantics is needed.

2.3.3 Case Based Reasoning for I mage I nterpretation

CaseBasedReasoning(CBR) is a problem solving approach which solvesnew problemsby
adapting previously successfulsolutions to similar problems. CBR traces its roots to the
cognitive studies of Roger Schank and his students at Yale University in the early 1980s.
Case based reasoning is a °ourishing paradigm for reasoning and learning in arti¯cial
intelligence [Aamodt and Plaza, 1994]. Casebasedreasoning is a cyclical processwhich
consistsin:

² Retrieving the most similar case;

² Reusing the caseto attempt to solve the problem;

² Evaluating and revising the proposedsolution if necessary;

² Retaining the new solution as a part of a new case.

Case based reasoning is not well established in the image interpretation communit y or
cognitive vision communit y even if it is an interesting approach for the representation of
memory and the useof existing experience. We review someinteresting image interpreta-
tion systemsbasedon CBR.

In [Grimnes and Aamodt, 1996]a two layer casebasedreasoningarchitecture for med-
ical image understanding is proposed. The architecture is basedon acquisition of radio-
logical knowledge. A low level casebasedreasonerworks on a segment casebasewhich
contains individual image segments. Thesecaseswith labels are indexesfor another case
basedreasonerwhich works on an organ interpretation casebase.

In [Perner, 2001], Petra Perner stressesthe attractiv enessof casebasedreasoningfor
image interpretation. Sheproposesa generichierarchical architecture basedon three case
based reasoning modules. The three levels correspond to the three traditional abstrac-
tion levels. A dedicated casebased reasoning module is used at all the levels of image
interpretation.
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² Case based reasoning for image segmentation
The casebasedapproach is usedfor algorithm parameter learning. A casecontains
an image, contextual information (as image acquisition information) and algorithm
parameters. Finding the best segmentation for the current image is done by re-
trieving similar casesin the casebase. Similarit y is computed using non-imageand
image information. The evaluation is done by a measureof dissimilarit y between
the original image and the segmented image. If the evaluation is bad, the learning
module is activated to build a new case. Someinteresting works can also be found
in [Ficet-Cauchard et al., 1999].

² Case based reasoning for Signal to Sym bol Mapping
The author states the fact that a combination of low level features (image data)
is often necessaryto expressa symbolic feature. In her architecture, the signal to
symbol mapping is modeled as a mapping of several low level features to a symbolic
feature by a phase of selection and the creation of a mapping function using an
induced decision tree. The casebasedmechanism for this level is not described in
the paper.

² Case based for In terpretation
The high level interpretation is done by the comparisonwith casesof the fact base.
At the interpretation level, a casecontains a symbolic structural description of the
image( attribute valuepair, feature basedrepresentation, attributed graph, semantic
network, ...) and the solution of the interpretation. The interpretation consistsin the
retrieval of the most similar caseby casecomparison. This comparisonis dependent
on the symbolic structural representation. In the caseof a graph, it consists in a
sub-graph isomorphism. To managelarge scalecasebase,the casebaseis indexing
using decisiontree induction and incremental conceptual clustering.

Moreover, a caseacquisition tool and tools for maintenancewereaddedto the architecture.
This architecture wasapplied to di®erent medical applications : the recognition of air bone
fungi in [Perner et al., 2003a]and the recognition of cells [Perner, 2001].

2.3.3.1 Conclusion

Casebasedreasoning is a convenient method to add robustnessand °exibilit y in image
interpretation systems. Nevertheless,the choice of an adequate representation is an ap-
plication dependent problem. The main advantagesof casebasedreasoningsystemslie in
the easinessof their reasoningstrategies.

2.3.4 App earance Based Vision

As our work is not basedon appearancebasedvision, we brie°y de¯ne what appearance
basedvision is. The appearancebasedvision paradigm emergedin the beginning of the
nineties. The principle of appearancebasedvision is to recognizeobjects directly from
imageswithout a priori knowledge. Object representations, which only use information
from images,are called appearancebasedmodels. Appearancebasedvision systemsare
generally composedof a learning module and of an execution module. The state of the
art on appearancebasedvision concernsa lot of works including:

² The representation by appearancebasedmodels basedon global descriptors, local
descriptors, geometric invariants,...
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² The di®erent learning techniques to build the appearancebasedmodels.

² The mapping techniquesbetweenmodels and images.

A very good introduction to appearancebasedvision is found in [Forsyth and Ponce,2002].

2.3.5 Some Works on Cognitiv e Vision

In this section,we present someworks on Cognitive Vision. They are a representativ e but
not an exhaustive view of the current state and trends of the research in cognitive vision.
Particularly , there are a lot of European projects. Due to the wide range of scienti¯c
disciplines involved in research in cognitive vision, someof theseprojects are far from the
scope of our objective. Somelinks on these projects can be found on the ECVision web
site4. We only present someresults on the CogVis project that is the most related with
the scope of our work.

CogVis: Cognitiv e Vision

The CogVis project is a EuropeanUnion funded collaborative project to study the design
of cognitive vision systems. The objective of the CogVis project is to provide methods
and techniquesthat enableconstruction of cognitive vision systemsthat can perform task
oriented categorizationand recognition of objects and events in the context of an embodied
agent. The functionalit y will enableconstruction of mobile agents that can interpret the
action of humans and interact with the environment for tasks such as fetch and delivery
of objects in a realistic domestic setting. A cognitive vision system is de¯ned as a system
that usesvisual information to achieve:

² Recognition and categorization of objects, structures and events.

² Interpretation and reasoningabout sceneand events.

² Learning and adaptation.

² Control and attention.

The four points are the four work packagesof the CogVis project.
Concerning the ¯rst problem, i.e. the recognition and categorization of objects, struc-

tures and events, most of the results are related to appearancebasedmodeling of objects
and sceneand their learning with supervisedor unsupervisedmachine learning techniques
[Stocaj, 2003], [Leibe and Schiele, 2003], [Schiele, 1997].

Our work is more related to some interesting CogVis results on the interpreta-
tion and reasoning about scene and events. The aim of this work package is to
develop conceptual structures for high level knowledge and reasoning processes. In
[Neumann and Weiss,2003], Neumann is interested in multi object sceneinterpretation.
He highlights the di®erencebetweenthe multi object sceneinterpretation problem and the
object recognition and categorization problem:

² The structures to represent and to interpret consist in several spatially and tem-
porally related components (object, object con¯gurations, situations, occurrences,
episodes).

4The European research Network for Cognitiv e Computer Vision Systems, www.ecvision.org
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² The sceneinterpretation exploits the high level knowledgeand the contextual infor-
mation.

² The interpretation results are described in qualitativ e terms, omitting geometric
details.

A framework for multi object sceneinterpretation basedon logic basedconceptualmodels
is proposed. The main conceptual entit y is aggregate: e.g. a set of parts which compose
a concept and the constraints they satisfy. The high level knowledge is described by
taxonomic and compositional aggregatehierarchies. The interpretation processis modeled
as a partial description in terms of instancesof concepts in the knowledge base. It is a
stepwise process. The di®erent interpretation steps are aggregateinstantiation, instance
specialization, instanceexpansionand instancemerging. Di®erent cognitive situations can
be treated with these interpretations steps. The representation schemeis the description
logic ALCF(D).

Some interesting works deal with the incorporation of Qualitativ e Spatial Reason-
ing (QSR) into practical machine vision systems. In [Cohn A.G, 2002], an approach for
building cognitive vision systemsusing qualitativ e spatial temporal representations auto-
matically inferred from image data is presented. The interpretation problem is modeled
as an abduction problem: the system searches for explanations, phrased in terms of the
learned spatio-temporal event descriptors, to account for the video data.

2.4 Conclusion

In this chapter, we have presented di®erent approaches for the building of interpretation
systemsand someinteresting imageinterpretation systems.Our aim is not to state that an
approach is better than another one. Indeed,although the building of imageinterpretation
systemshasrepresented a major point of interest during the last decades,a generalpurpose
system with the robustnessand the resilienceof the human visual system still does not
exist. We think that the building of such a system could not be achieved by only one
of the approaches presented above but by an intelligent cooperation between all these
approaches. It is the main idea of cognitive vision.

In the previous chapter, we have identi¯ed a set of important issuesfor semantic image
interpretation among which is the importance of a priori knowledge. We are interested in
semantic image interpretation and not just in object recognition and categorization. We
think that a priori knowledgeabout the content of the imageis needed.As a consequence,
our approach is knowledge based. The scope of our work concernsapplication domains
with much well formalized expertise.

Interesting works on spatial relation representations and on spatial reasoningand works
on the intermediate level ([Brolio et al., 1989] and [Coradeschi, 1999]) are good ways to
improve knowledgebasedvision systems.Moreover, to cope with the identi¯ed drawbacks
of knowledgebasedvision systems,we are also interested not only in the cognitive issues
involved in the building of systemsbut also in the software engineeringones.
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Cha pter 3

Prop osed A pproa ch : A Cogni ti ve
V ision Platf orm for Semanti c
I mage I nterpreta ti on

3.1 Towards A Cognitiv e Vision Pla tform for Semantic I m-
age I nterpreta tion

3.1.1 Our Ob jectiv es

We aim at making advancesin the ¯eld of automatic semantic image interpretation by
the design of a generic and reusablecognitive vision platform dedicated to the building
of semantic image interpretation systems. This work takes place in the emerging ¯eld
of cognitive vision [Vernon, 2004]. Rather than yet another image interpretation system
dedicated to a speci¯c application, the cognitive vision platform is a structured set of
application independent and reusable tools for the design of complete semantic image
interpretation systems.

By complete semantic image interpretation systemswe mean systemscapableof in-
telligent and robust behavior in the resolution of all the sub-problemsinvolved in semantic
image interpretation. As explained in [Vernon, 2004], such systemsachieve functionalities
of detection, description, recognition and understanding. We think that considering the
system in full is important. It is not enough to focus on the development of complex
intelligent techniques for just one of the previous functionalities. We aim at de¯ning a
minimal architecture for semantic image interpretation. This minimal architecture de¯nes
the necessaryparts of a semantic interpretation system,what role they play and how they
interact betweenthem.

We are interested in both the cognitive issuesand the software engineeringones in-
volved in the designof semantic imageinterpretation systems.We proposea systemdesign
approach basedon the reuseof existing and experiencedcomponents. The cognitive vi-
sion platform is a generator for semantic image interpretation systems: i.e. a generic
environment composedof generic tools that can be reusedfor di®erent applications.

Our goal is :

² To identify and proposea model for the di®erent sub-problemsinvolved in the global
semantic image interpretation problem.

² To build a cognitive vision platform by the integration of the identi¯ed sub-problem
models and by the de¯nition of their interaction.
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² To validate the proposedplatform by the building of a semantic imageinterpretation
system for a real world application.

Our work takespart in the identi¯cation of minimal architectures for cognitive vision
systemsde¯ned by the ECVISION road map [Vernon, 2004]as one of the priorit y topics
and challengesfor research in cognitive vision.

In the framework of this thesis, we restrict our work with somestrong hypotheses:

² We are interesting in the interpretation of 2D scenes representing natural objects
in their natural environment.

² There is a unique image acquisition system.

² The application domain has a well de¯ned exp ertise and application domain
experts exist.

3.1.2 Some Requiremen ts for a Cognitiv e Vision Platform

According to the emergingde¯nition of cognitive vision [Vernon, 2004]and with the mo-
tivation of designing a generic and reusableplatform, we identify a set of properties or
generalrequirements that the platform must satisfy. Actually , someof theserequirements
must be satis¯ed by the cognitive vision platform itself and others are requirements for
the semantic image interpretation systemsdesignedwith the platform. The set of these
requirements is:

1. Re-usabilit y
The property of re-usability is required for both the cognitive vision platform and
semantic image interpretation systemsbuilt with the platform.

From the point of view of the cognitive vision platform, the property of re-usability
refers to the abilit y to designthe di®erent platform components in a manner so that
they can be reusedfor a wide rangeof applications without signi¯cant modi¯cations.
The basic idea is that rather than building semantic image interpretation systems
from scratch for each application, they can be built from reusableready madeparts.
Thesereusableready madeparts are the components of the platform. This property
enablesto considerably reduce the development cost of systems. We are interested
not only from the software engineeringpoint of view but also from the point of view
of knowledgeand experiencesharing for a speci¯c problem.

From the point of view of semantic image interpretation system, the property of
re-usability refers to the abilit y of the system to be used in di®erent contexts in a
convenient way.

This property of re-usability can be carried out by :

(a) Application indep endence
The cognitive vision platform must be independent of any application domains.
It must provide generictools. Indeed,most of the work that can be found in the
literature about imageinterpretation systemsis generallymotivated by applica-
tion domain needs[Hansonand Riseman,78], [Matsuyama and Hwang, 1990].
Theseworks have beensuccessfulbut noneof them are totally application inde-
pendent. Only few works havebeeninterestedin a completegenericarchitecture
for image interpretation [Sandakly and Giraudon, 1995]. A complete applica-
tion and sensorindependent architecture meansthe independenceon both:
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² the scenemodeling (knowledgerepresentation),
² the reasoningstrategies.

As a consequence,this requirement meansthe identi¯cation of what knowledge
and what reasoningis generic for all the sub-tasksof semantic image interpre-
tation. Another consequenceis the separationbetweenthe reasoningstrategies
and the a priori knowledgeusedby them. To achieve this requirement we have
to make good use of research on system and knowledge reuse: in particular
ontological engineeringand problem solving methods.

(b) Flexibilit y, adaptabilit y and robustness
Semantic imageinterpretation systemsoperate in a dynamic environment where
conditions canchangein an unforeseeablemanner. Traditional automatic image
interpretation systemshave tended to be very brittle and to have poor perfor-
mancesin unconstrained environments whereasthe human vision system has
a high robustnessin performanceeven in natural environments. Dealing with
environment changesis a major problem of cognitive vision.
The property of °exibilit y is useful to accommodate such varying operating
conditions. To cope with such varying operating conditions, the cognitive vision
platform must have the property of °exibilit y . The property of °exibilit y
meansthat di®erent alternativ es, i.e. di®erent algorithms and tuning parame-
ters, must be provided for each sub-task involved in the global semantic image
interpretation process.
As a consequenceof °exibilit y , semantic image interpretation systemsmust
have the quality of self adaptation . Systemsmust beable to adapt themselves
according to the current context (context awareness),to the varying operating
conditions. They must exhibit a high level of autonomy by the automatic
selectionof the di®erent algorithms and tuning parametersto chooseaccording
to the current context.
At last, systemsmust maintain a level of sensitivity to parameter variations
and must ensurea desired quality of performance. It represents a property of
robustness . The property of robustness refers to the invariance of system
performanceto changing conditions.

2. Main tenance
The property of maintenance is an important software engineering quality which
measuresthe extent to which a system can be modi¯ed at the lowest possiblecost.
This property of maintenanceis linked to the property of evolution of the platform.
This property of maintenancecan be carried out by :

(a) Mo dularit y
Modularit y is a classicalsoftware engineeringproperty which measuresthe ex-
tent to which a systemis divided into components, called modules, which have
a high internal cohesionand a low level coupling between each other. It con-
tributes to system maintenance.
As mentioned before, the image semantic interpretation problem can be di-
vided into di®erent sub-problems which involve di®erent types of knowledge
and reasoning. For example, the knowledgeand the strategiesused to classify
an object are di®erent than thosewhich are usedwhen we choosethe best algo-
rithm to detect it. The discipline of software engineeringsuggeststhat systems
whosecomponents are designedaccording to function or speci¯c task to solve
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are easier to design, build, and maintain. This functional or problem speci¯c
decomposition leadsto a needof modularit y.

The modularit y of the platform enablesto combine and specify the di®erent
modules in a way corresponding to the particular requirements of an applica-
tion. Nevertheless, modularit y implies the problem of information exchange
and sharing betweenthe di®erent modules.

3. Con venience
The property of convenience refers to the easinessof use. For the cognitive vision
platform, this property means the easinessof use of the platform by the di®erent
experts involved in semantic imageinterpretation ( application domain expert, image
processingexpert and visual data management expert). From the point of view of
a system, this property represents the easinessof use of the system by a end user.
This property of conveniencecan be achieved by:

(a) In teractivit y at the righ t lev el
From the point of view of the cognitive vision platform, this property refers
to the separation of the di®eren t exp ertise . Indeed, experts of a speci¯c
domain are the bestpersonsto dealwith their domains. For example,a biologist
expert is not aware to the image processingalgorithms to extract information
of image. Nevertheless,they are the best personsto describe biological objects
and their discriminativ e properties. Therefore, in addition to the modularit y of
the platform, the cognitive vision platform must provide tools to enablespeci¯c
problem experts to contribute to their domain. The cognitive vision platform
is a tool for the cooperation of di®erent expertise.

From the point of view of the semantic image interpretation system, this prop-
erty meansthat domain experts are the best personsto perform the assessment
of the system.

(b) System autonom y
This property refers to the abilit y of the system to provide to the end user
su±cient basic elements to achieve his high level goal. This property is linked
to the property of °exibilit y, adaptabilit y and robustnesspreviously de¯ned.

4. Goal directed behavior
This property re°ects the di®erencebetweenseeing(the sense)and looking (using the
sensefor a speci¯c purpose). It emphasizesthe dependencybetweenaction and per-
ception. According to the purposive paradigm of computer vision [Aloimonos, 1990],
vision must be consideredwithin the high level task to accomplish. The complete
imageinterpretation systemshould be aware of what it processes:visual information
relevant for the high level goal.
From the control point of view, it meansthe combination of top-down (model-driven)
and bottom-up (data-driv en) processes.
From the knowledgepoint of view, it meansto focus the knowledgemodeling on the
relevant needsof the task to accomplish.

As we can see,most of theseproperties are highly dependent. This list of requirements
appearsas a catalogue. They were the main lines for the designof the proposedcognitive
vision platform. The following section will give an overview of the di®erent steps of the
designand of the resulting platform. We will insist on how the proposedplatform answers
to the previous requirements.
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3.2 Overview of the Prop osed Cognitiv e Vision Pla tform

In this section, we present a brief overview of our approach. We have de¯ned in the
previous section the expected requirements for the cognitive vision platform (What we
want? For what? ). The following section focuseson the global methodology used to
answer to these requirements. The detailed description of our solution will be the topics
of the two next chapters.

3.2.1 A Distributed and Problem Orien ted Arc hitecture

Semantic image interpretation refers to the task of understanding and assigning a high
level meaning of the contents of an image. As mentioned before, the complex problem of
semantic image interpretation can be divided into three more tractable sub-problems(¯g.
3.1). For each sub-problem, the abstraction level of data is di®erent. An illustration of the
data abstraction level of the three sub-problemscan be found on ¯gure 3.2. These three
sub-problemsare:

1. the image pro cessing problem for the extraction and the numerical description
of objects of interest from images.

2. the problem of the mapping betweenthe qualitativ e high level representations of
physical objects in the scene(a white °y , ¯g 3.2) and the numerical information
extracted from images(a region with its numerical descriptors , ¯g 3.2). This prob-
lem refersto the symbol grounding problem: the lack of coincidencebetweenwhat is
perceived by the system (image data) and the interpretation that a user associates
with it. This mapping often needsan intermediate representation( a symmetrical
white surface with an elongated heart like shape, ¯g 3.2). As we deal with real vi-
sual sceneswhich imply the management of multiple objects and of their spatial
con¯guration, this complex problem can not be restricted to an algorithm or part
of a recognition algorithm. It involves complex reasoningsuch as spatial reason-
ing , uncertainty reasoningto deal with the imprecision of extracted data and with
the imprecision of qualitativ e high level representations and genericdata reasonings
(grouping, splitting). By the following, we will refer to this complex problem as the
visual data managemen t problem .

3. T he semantic in terpretation problem , i.e. the understanding of the sceneusing
the application domain terminology. For the exampleof the ¯gure 3.2, it consistsin
assigningto the image its biological meaning : a white °y on the underside of a rose
leaf.

Each sub-problem is a problem as such, involving its proper expertise. To manage
and separate the di®erent sourcesof knowledge and reasoning, we deepen an approach
developed in our team and described in [Ossolaet al., 1996]. This approach proposeda
distributed architecture based on the cooperation of two knowledge based systems: an
image processingprogram sup ervision mo dule and a classi¯cation mo dule . The
useof program sup ervision techniquesfor imageprocessingproblemsenablesto process
imagesin an intelligent way, i.e. the image processingis able to adapt itself to di®erent
image contexts. Image processingprogram supervision techniquesare good techniques to
insure adaptabilit y , °exibilit y of image processingsystemsand to insure re-usabilit y
of image processingprograms and techniques.
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Figure 3.1: The global problem of semantic image interpretation can be divided into three
more tractable sub-problems

Figure 3.2: Illustration of the three abstraction levels of data corresponding to the sub-
problems of semantic image interpretation. The image is a microscopicbiological image

Nevertheless, contrary to this previous architecture which encapsulatesthe symbol
grounding problem in the classi¯cation module through domain dependent data abstrac-
tion criteria, we think it is a problem as such. It requires its proper module. Moreover,
this previous architecture misseda spatial reasoningcomponent. So,we deepen the previ-
ous approach by de¯ning a distributed architecture basedon the cooperation of three
kno wledge based systems . Each KBS (KnowledgeBasedSystem) is highly specialized
for the corresponding sub-problem of semantic image interpretation. The architecture is
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composedof an image pro cessing program sup ervision KBS , a visual data man-
agemen t KBS specialized in symbol grounding and spatial reasoningand a semantic
data in terpretation KBS . This architecture is problem-orien ted : the global semantic
image interpretation problem is broken down into sub-problems,and each sub-problem is
assignedto a particular part of the global system.

The distribution of the architecture into three modules reducesthe complexity of
the global semantic image interpretation problem. This distributed approach enablesto
separatethe di®erent sourcesof knowledgeand types of reasoninginvolved in the global
semantic image interpretation problem.
Likemany other interpretation systemarchitectures, this architecture re°ects the three well
known Marr's abstraction levelsof computer vision [Marr, 1982]and the commonadmitted
knowledge structuring in a hierarchy of three levels: the low lev el (image processing
level), the in termediate level (knowledgeabout the mapping between image processing
and domain knowledge) and the high lev el (domain knowledge). Thesethree levels refer
to the levelsillustrated in the ¯gure 3.2. Nevertheless,whereasMarr's paradigm madeonly
the distinction betweenthe di®erent level data types ( pixel, imagesprimitiv es,symbolic
data), our architecture aims at separating and formalizing the speci¯c knowledgeand the
speci¯c reasoningfor each problem.

Moreover, this distributed architecture enablesmo dularit y which is an important
software engineeringproperty and one of the main requirements previously identi¯ed. In-
deed,each module is autonomousand can be designedindependently of the other modules.
With such an architecture, di®erent modules can be modi¯ed, added or deleted without
altering the behavior of the rest of the system and their cooperation can be designed
corresponding to the requirements of a speci¯c application.

Blackboard systemsare well known and well usedto achieve a centralized communica-
tion and control betweendi®erent modules. Moreover, the useof blackboard systemswas
successfulfor image interpretation systems[Sandakly and Giraudon, 1995]. Nevertheless,
a weaknessof blackboard systemsis to not make explicit the reasoninginvolved and used
to solve speci¯c problems. A blackboard architecture doesnot enablethe explicit modeling
of di®erent typesof reasoning. Contrary to them, our distributed architecture enablesnot
only to make indep enden t and to separatethe di®erent typesof internal data and knowl-
edgerepresentation but also to specify adapted reasoningstrategiesfor each sub-problem
of semantic image interpretation.

A modular architecture implies a problem of communication and information sharing
between modules. To solve this problem, we have made good use of recent progressin
knowledge and information sharing and reuseby the use of ontologies. In particular, we
de¯ne two ontologies:

² a visual concept ontology which results from a parallel work led by our team. It
was introduced in [Maillot et al., 2003a]. It is a terminological ontology which can
be de¯ned asa set of conceptsthat are commonly usedby humans to describe static
objects and scenes.It is sharedby the semantic in terpretation mo dule and the
visual data managemen t mo dule .

² an image pro cessing ontology which is also a terminological ontology. It is de-
¯ned as a set of concepts used by image processingexperts to describe common
imageprocessingproblemsand to describe results or input data of an imageprocess-
ing process. It is shared by the image pro cessing mo dule and the visual data
managemen t mo dule .
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The ontological engineering, the complete description of these two ontologies and their
goals for the cognitive vision platform are the subjects of the chapter 4.

As a consequence,our proposition for a generic architecture for semantic image in-
terpretation systemsresults in the cooperation through speci¯c ontologies of three highly
specializedknowledgebasedsystems. A global overview of this architecture can be found
in ¯g. 3.3.
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Figure 3.3: The proposedgeneric architecture for semantic image interpretation. A se-
mantic image interpretation system takes as input an end user request and outputs an
interpretation

3.2.2 Wh y the cooperation of three Kno wledge Based Systems?

As already mentioned, the semantic interpretation of a visual sceneis highly dependent
on prior knowledgeand experienceof the viewer. Vision is an intensive knowledgebased
process. Nevertheless,knowledge based vision systems are consideredby a part of the
communit y in vision as insu±cient and obsolete[Draper B., 1996]. Recent works aim at
totally removing the role of the human expertise in the conceptionof image interpretation
systems[Levner et al., 2003](seechapter 2, section 2.3.2).

Contrary to their point of view and according to [Thonnat et al., 1998a],we are con-
vinced that explicit expertise can help to solve complex problems of semantic image in-
terpretation, in particular the use of an image processinglibrary and the automation of
object recognition. So that, our approach is basedon knowledgebasedsystems. Knowl-
edgebasedsystemsare the successorsof old expert systemsbasedon inferenceenginesand
production rules for the representation of knowledge. They are arti¯cial intelligence tools
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which enableto simulate the problem solving behavior of human experts. They consist of
an engine,a knowledgebaseand a fact base. They possesssomeadvantagesincluding:

² The separation of knowledgeand of the way this knowledgeis used(the reasoning).
This separationbetweenthe control knowledgeand the domain knowledgeenhances
the re-usabilit y .

² Somecapitalization of expertise.

² Emulation of the strategy of experts of the corresponding task.

² Making explicit knowledge,in a manner closeto the domain expertise, to make easier
the in teraction with the end user and with the exp ert .

² Easinessof evolution and main tenance .

However, the knowledge acquisition processand the design of knowledge basesare
often time consuming. Contrary to somecriticisms which have beenmade towards knowl-
edgebasedvision [Draper B., 1996],we are convinced that knowledgebasedvision is not
obsolete. Our point of view is that there wasfor many yearsa lack of cooperation between
software engineeringresearch and computer vision research.

To design the cognitive vision platform, we have focused our approach on recent
progress in the ¯eld of reuse for knowledge and software engineering. We propose to
go further in our contribution than the description of a genericsemantic image interpre-
tation system. We aim at designinga genericplatform for the building of semantic image
interpretation systems. The cognitive platform is a uni¯ed environment, i.e. a set of
reusabletools for the building of image interpretation systems.

3.2.3 A Cognitiv e Vision Platform : a Uni¯ed Environmen t to Design
Semantic I mage I nterpretation Systems

3.2.3.1 Re-usabilit y through Problem Solving Metho ds and On tologies

We have already mentioned that we are interested in the software engineeringissuesin-
volved in the designof image interpretation systems,in particular re-usabilit y , main te-
nance and evolution . In particular, ontologiesand problem solving methods have proved
to be successfulmethods for knowledgeand software engineering[Benjamins et al., 1999].

² Problem solving metho ds and kno wledge based system shells
KBS generatorsare e±cient solutions for re-usabilit y . The notion of KBS shell (or
KBS generators) emergedin the late 80's. They refer to generic Problem Solving
Methods (PSMs). PSMs describe the reasoningprocessof a knowledgebasedsystem
in an implementation and domain independent manner. It consists in abstract de-
scriptions of the stepsthat must be taken to perform a particular task. In particular,
knowledgebasedsystem shellshave proved to make easierthe development process
of knowledgebasedsystems. KBS shells allow on one hand to focus the knowledge
modelsusedby the tools on the particular needsof the task, and on the other hand to
provide uniform formalisms, common to all knowledgebasesbelonging to the same
task. Knowledgebasedsystemshellsallow the designof enginesand knowledgebase
models, independent of speci¯c applications but dedicatedto a speci¯c problem. The
principle of knowledgebasedsystem shells is shown in ¯g. 3.4.

In our case,the particular problems are:
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Figure 3.4: Principle of the design of an application particular knowledge basedsystem
with a speci¯c KBS shell. Illustration with the building of an application domain knowl-
edgebasedsystem. The role of the di®erent personsis illustrated

{ Semantic interpretation;

{ Visual data management, i.e symbol grounding and spatial reasoning;

{ Intelligent image processingthrough program supervision.

The design of such KBS shells implies to rely on models of both knowledge and
reasoning mechanisms (problem solving methods) involved in the three particular
sub-problemsof semantic image interpretation.

² On tological engineering
During the last decade, ontologies have been identi¯ed as suitable components
to enable knowledge and information reuse and sharing. As problem solving
methods, they are another classof reusable components which were investigated
within the knowledge based system communit y for intelligent system architecture
[Studer et al., 1996]. A complete de¯nition and the bene¯ts of ontologies can be
found in the next chapter.
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In our case,we have shown the bene¯ts of the useof ontologiesto managethe in ter-
operabilit y of the di®erent platform modules. As the modularit y of the proposed
platform enablesto reduce the complexity of the global problem and makes easier
the evolution and the management of the system, it also producesa need of infor-
mation (knowledgeand data) sharing betweenthe di®erent architecture components.
Ontologiescan be seenascommoncorpus,commoninterchangeformats to allow the
communication betweenthe di®erent modules.

Moreover, ontologieshavebeenproved to bee±cient tools to reducethe bottleneck of
the knowledgeacquisition process.An ontology baseddomain knowledgeacquisition
processhas been de¯ned in our team [Maillot et al., 2003a]. Based on the domain
independent visual concept ontology previously described, this acquisition process
has two main advantages:

{ The knowledgeacquisition can be done by experts of the domain and not by a
knowledgeengineer. Indeed, the knowledgeacquisition wastraditionally carried
out by a knowledgeengineer,most of the time totally ignorant of the domain
problem.

{ As a prede¯ned corpus used to guide the domain knowledge acquisition, it
reducesthe semantic gap betweendomain conceptsand lower level concepts(in
particular image concepts)

Thus, we proposea genericcognitive vision platform basedon three KBS shells(gener-
ators) and on two speci¯c ontologies : a visual concept ontology and an image processing
ontology. A global overview of the platform canbe found in ¯gure 3.5. The cognitivevision
platform can be used in a cooperative way by three experts, i.e. an application domain
expert, a visual data management expert and an imageprocessingexpert, to build a com-
plete semantic image interpretation systemfor the domain application. The methodology
and the role of the di®erent experts is depicted in ¯gure 3.6.

3.2.4 Towards a Minimal System for Semantic I mage I nterpretation

One of the requirements of the cognitive vision platform is its convenience. We have
shown that the modularit y of the proposedplatform enablesto separatethe di®erent sub-
problems. It enablesto the di®erent experts of the three tractable sub-problemsto only
be aware to the part of the platform which concernstheir expertise. Moreover, we want to
minimize the development cost from an application to another one. We proposeto build
a minimal semantic image interpretation (¯g 3.7) with:

² A basicvisual data management knowledgebase. It wasbuilt accordingto the visual
data management knowledge basemodel and it contains generic visual data man-
agement knowledge, independent of any applications. The skeleton of this minimal
visual data management knowledge base is provided by the visual concept ontol-
ogy and the image processingontology. To cope with a particular application, this
knowledgebasecan be incrementally augmented.

² A knowledge base of the utilization of very generic image processing programs
(generic image processingfunctionalities as image segmentation, feature extraction,
...) and a library of image processingprograms. This knowledgebasecan be incre-
mentally augmented and specialized for a particular application with more precise
image processingprograms.
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Figure 3.5: Cognitive Vision Platform global overview

3.2.5 Metho dology of Use of the Minimal System for the Design of Par-
ticular Systems

The principle of use of the minimal system is described in ¯g.3.8. We can seethat the
knowledgeacquisition is reducedto the particular application speci¯c knowledge: speci¯c
domain application knowledgeand, if needed,speci¯c application visual data management
knowledge(addition of speci¯c or alternativ e functionalities) and speci¯c application image
processingknowledgebase(addition of speci¯c image processingfunctionalities).
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Figure 3.6: Design of semantic interpretation system for a speci¯c application using the
cognitive vision platform

3.3 Conclusion

This section has given a brief overview of what we mean by cognitive vision platform.
More than yet another image interpretation system, the cognitive vision platform can be
de¯ned asa uni¯ed framework for the designof imageinterpretation systems.This uni¯ed
framework consistsof a genericengineand of a genericconceptual knowledgebasemodel
for the three sub-problems of semantic image interpretation. This framework enables
application indep endence and re-usabilit y .

The distributed and mo dular architecture of the proposedplatform is another good
point for the application independenceof the platform.

We argue that the choice of knowledge basedtechniques are a convenient way to be
closeto and to emulate the human expertise. Moreover they are convenien t to useand
easyto main tain .

Moreover, another important point is the use of ontologies for knowledge and infor-
mation sharing among the di®erent platform modules and to reduce the bottleneck of
knowledge acquisition. These ontologies and their bene¯ts and role in the platform are
described in the next chapter (chapter 4).
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Figure 3.7: A minimal system for semantic image interpretation
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Figure 3.8: Principle of useof the minimal system
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Cha pter 4

Towards Ontol ogies for Semanti c
I mage I nterpreta ti on

The concept of Ontology emergedin the beginning of the 1990's in the arti¯cial intel-
ligence and the knowledge engineering communities. The term Ontology was borrowed
from philosophy where it meansa theory about the nature of being, the study of the kinds
of things that exist. Ontological engineeringbecamean active research topic in arti¯cial
intelligence and covers a wide range of applications [Devedzi¶c, 2002]. In this chapter, we
¯rst brie°y de¯ne the notion of ontology and explain the main bene¯ts of ontological engi-
neering. Then, a short overview of the useof ontologies for semantic image interpretation
is given. A last, we describe two ontologies, i.e. a visual concept ontology and an
image pro cessing ontology and their roles for the cognitive vision platform.

4.1 A Brief De¯nition of Ontology

The most referenced de¯nition of the notion of ontology is given by Tom Gruber in
[Gruber, 1993] as an \explicit speci¯c ation of a conceptualization". This de¯nition is well
admitted but often consideredas too broad. It was re¯ned in [Borst, 1997] as: \Ontolo-
gies are dē ned as a formal speci¯c ation of a shared conceptualization". According to
[Studer et al., 1998]:

² conceptualization refers to an abstract model of somephenomenonin the world by
identifying the relevant conceptsof that phenomenon,

² explicit meansthat the identi¯ed conceptsand the constraints on their use are ex-
plicitly de¯ned,

² formal refers to the fact that the ontology should be machine readable,

² shared re°ects the notion that an ontology capturesconsensualknowledgenot private
to someindividuals but acceptedby a group.

An ontology entails somesort of the world view with respect to a given domain. As a
world view is often conceived asa set of concepts,their de¯nitions and their relationships,
an ontology is composedof a set of terms (conceptsof the domain) and somespeci¯cations
about their meanings(their de¯nitions: properties, relationships).

A domain ontology is reusable in a given domain. It provides vocabulary about the
conceptswithin the domain and their relationships, about the activities that take place in
that domain, and about the theories and elementary principles governing that domain.
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Building an Ontology

Methodologiesfor building ontologiesare various. The designof an ontology is an iterativ e
process.According to [Bachimont, 2000],the ontology development processhasto be done
in four distinct phases:

1. A phaseof speci¯cation to state why the ontology is built and who are the end users.
The speci¯cation givesthe scope and the granularit y of the ontology.

2. A phaseof conceptualization that leadsto a structured domain knowledge.

3. A phaseof formalization that transforms the conceptualmodel into a formal model.

4. A phaseof implementation that transforms the formal model into a computational
model.

4.2 Motiv ations for Using Ontologies

Fundamentally , ontological engineeringis a responseto the needof communication between
people, between people and systemsand between systems. Ontologies promise a shared
and common knowledge and understanding of somedomains that can be communicated
acrosspeopleand computers. As well explained in [Gandon, 2002],the lack of this shared
understanding leadsto poor communication, to di±culties in identifying requirements (for
system speci¯cations), to limited interoperabilit y and to limited potential of re-usability
and sharing. According to [Gandon, 2002], an ontology \pr ovides a coherent base to build
on, and a shared reference to align with, in the form of a consensual conceptual vocabulary
on which one can build descriptions and communication acts \ .

In [Uschold and GrÄuninger, 1996],purposesand bene¯ts of usingontologiesaredivided
into three categories:

1. Assistance for comm unication.
Ontological engineeringdealswith the needof a uni¯ed framework for the communi-
cation betweenpeople,or betweensystems,with di®erent needs,with di®erent view
points and with di®erent background contexts. Any communication task is simpli-
¯ed by a sharedlexicon. Ontologies enableto reduceconceptual and terminological
confusions and misunderstandings due to di®erent jargons and points of view by
providing a sharedunderstanding and unambiguous de¯nition of a domain.

2. Ac hiev ement of in terop erabilit y among computer system mo dules.
Interoperabilit y re°ects the needto exchangedata when di®erent usersand di®erent
software tools are involved. The aim is to build an integrated environment for di®er-
ent software tools. In achieving interoperabilit y, ontologies are used as interchange
formats. They are used to support translations between di®erent modeling meth-
ods, paradigms, languagesand software tools. In this case,ontological engineering
aims at providing a common accessto information for di®erent systems. Indeed,
information can be required by several modulesbut as thesemodules reasonin their
proper domain, this information is expressedin an inaccessibleformat. The ontology
helps in rendering this information intelligible by providing a sharedunderstanding
of the terms. Bene¯ts of this approach include interoperabilit y and more e®ective
useand reuseof knowledgesources.

3. Impro vements in soft ware engineering: speci¯cation, reliabilit y and re-
usabilit y.
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² Speci¯cation : ontologiescanassistthe processof identifying requirements and
de¯ning a speci¯cation for information systems(e.g. knowledgebasedsystems).
Indeed, a shared understanding of the problem and the task can assist the
speci¯cation of software systems.

² Reliabilit y : a formal representation makespossiblethe automation of consis-
tency checking, resulting in more reliable softwares.

² Re-usabilit y : ontological engineeringclari¯es the structure of the knowledge
of a domain. The domain ontology forms the heart of knowledgerepresentation
system for that domain. Ontology formally encodes the domain important
concepts, their properties and their inter-relationships. Therefore, it could be
usedasa reusableor sharedcomponent in a software system. Related to the re-
usability, the notion of genericit y represents the extent to which an ontology
is intended to be reusedin a range of di®erent applications.

² Kno wledge acquisition : ontologies reducethe knowledgeacquisition bottle-
neck. Indeed, an existing ontology can be used as the starting point and the
basisfor guiding knowledgeacquisition for the building of knowledgebasedsys-
tems. As well explained in [Gandon, 2002], ontology is a powerful conceptual
tool for knowledgemodeling, it facilitates the construction of domain models.

4.3 Ontologica l Engineering and Semantic I mage I nterpre-
ta tion

This section reviews someinteresting works that use ontological engineeringin di®erent
ways for semantic image interpretation.

4.3.1 Ontology-Based Con ten t I mage Retriev al

Ontologies are widely used in the research ¯eld of content based image retrieval. We
distinguish two di®erent approaches:

² The useof a domain ontology at the high level. Theseworks refer to ontology based
content annotation of images,query-basedimageretrieval [Town and Sinclair, 2004],
[Von-Wun et al., 2002].

² The useof a visual or object ontology at the intermediate level : between low level
featuresand domain concepts.
A parallel Ph.D work in the Orion team is based on this approach. In
[Maillot et al., 2003b],a visual concept ontology independent of the application do-
main is proposed. It guides the domain knowledgeacquisition processby providing
a set of genericvisual terms closeto natural languageand closerto imagesfeatures.
The bene¯ts of this visual ontology are twofold: (1) the reduction of the domain
knowledgeacquisition bottleneck and (2) the reduction of the semantic gap between
domain conceptsand low level features. In [Maillot et al., 2004b], a learning based
processbasedon this visual concept ontology is proposedfor the automatic recog-
nition of isolated objects. This method is used with image indexing and retrieval
purpose.

A similar approach is proposed in [Mezaris et al., 2004]. The authors propose an
Ob ject On tology which is a set of qualitativ e intermediate-level descriptors. This
object ontology is usedto enablethe qualitativ e description of the semantic concepts
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the user queriesfor. Low level arithmetic descriptors extracted from imagesare au-
tomatically associated with these intermediate qualitativ e descriptors. The content
image retrieval processis based on the comparison of the intermediate descriptor
values associated with both the semantic concept and the image regions. Irrele-
vant regionsare rejected and the remaining regionsare ranked accordinga relevance
feedback mechanism basedon support vector machines.

In [Mao and Bell, 1998], a visual ontology independent of the application domain
is proposed. Their aim is to propose a shared knowledge representation of image
contents at a higher level than low level image features and not dependent of a
application domain. Contrary to [Maillot et al., 2003b], their approach is bottom
up: the visual ontology is not used to describe domain concepts but objects of
interest and regionson images.

4.3.2 Towards Ontologies for the Di®eren t Abstraction Lev els of I mage
I nterpretation

An interesting approach is described in [Camara et al., 2001] from a Geographic Infor-
mation Systems (GISs) perspective. In this paper, it was argued that images have an
ontological description of their own, distinct and independent from the domain ontology
a domain scientist usesto extract information from them. In particular, they proposean
ontology divided into three interrelated components:

1. A physical ontology which describesthe physical processof imagecreation includ-
ing conceptslike spectral response, Lambertain target, ...

2. A structural ontology which describes the geometric, functional and descriptive
structures that can be extracted or measuredin images. (line, region, optical °ow,
...)

3. A metho d ontology consistingof a set of algorithms and data structures describing
image processingtechniques to transform the image from the physical level to the
structural level.

The interpretation processconsistsin linking a domain ontology with this imageontology.

4.4 Ontologies for the Prop osed Cognitiv e Vision Pla tform

As explained before, the cognitive vision platform has a highly modular structure. The
distribution of the platform in three highly specializedmodules,corresponding to the three
main sub-problemsof semantic image interpretation, enablesmodules to reasonin their
speci¯c domain:

² for the semantic interpretation module, it corresponds to physical objects and to
physical situations that canbeobservedby the sensor.For instance,for the biological
domain, someconceptsare leaf, disease, insect, body, infection, healthy, ...

² The visual data management module reasonsin term of generic visual and spatial
concepts: color (e.g. blue, red), shape (e.g. line, rectangular, ...), spatial relations
(e.g. near of, in, left of), size, ...
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² The image processingmodule reasonsin terms of image primitiv esand descriptors,
e.g. edges, regions, histogram and in term of image processingfunctionalities, e.g.
image segmentation, feature extraction, ...

An example of these di®erencesbetween the di®erent domains is depicted in ¯gure 3.2.
Nevertheless,despite thesedi®erences,we have to manageinformation exchangesbetween
the three modules. By information, we mean two di®erent notions: (1) the information
produced during the analysis and (2) the descriptive information a priori provided to the
system. The cooperation betweenthe di®erent modules involvesnot only data sharing but
also knowledgesharing.

² The ¯rst information results from an action in one of the modules: i.e. the facts or
the data. As the data created by one of the modules can be set as input of another
module, a shared understanding of these data by the two di®erent modules seems
essential. In our platform, the results of the program supervision module are takenas
input and processedby the visual data management module. The resulting symbolic
description is the data to interpret by the semantic interpretation module.

² The a priori knowledgeof each module is usedto guide the lower level module. This
guiding consistsin building a request for a speci¯c action on the lower level module.
It implies knowledge sharing. For instance, the visual data management module
hasknowledgeof several imageprocessingfunctionalities and usesthis knowledgeto
build a request for the program supervision module.

To achieve the interoperabilit y betweenthe three modules of the cognitive vision plat-
form, we proposetwo ontologies:

² a visual concept ontology for the interoperabilit y betweenthe semantic interpre-
tation module and the visual data management module;

² an image pro cessing ontology for the interoperabilit y between the visual data
management module and the program supervision module.

4.5 A Visua l Concept Ontology

The proposedvisual concept ontology is basedon the works of the Orion team previously
mentioned [Maillot et al., 2003b], [Maillot et al., 2004a].

4.5.1 De¯nition

Experts of di®erent semantic interpretation application domains often use and share a
genericvisual vocabulary to describe conceptsand objects of their domain. This vocabu-
lary is genericin the senseit is not dependent of the application domain. Domain experts
usually describe the appearanceof objects of their domain by information about their
shape, their size,their color and their textural descriptions. In the caseof a scene,objects
or spatial structures can be described using spatial relationships.

As in [Maillot et al., 2003b] and [Mao and Bell, 1998], the aim of the visual concept
ontology is to encode generic and intuitiv e visual concepts used by humans to visually
describe real world objects and abstract real world conceptson images. In this section,we
introduce a visual concept ontology usedas a guideline to describe the speci¯c knowledge
of an application domain. The proposedvisual concept ontology is a hierarchical set of
visual conceptswhich can be used to visually describe real world concepts. These visual
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conceptsenableto represent qualitativ e properties of real world objects. According to the
de¯nition of Gruber [Gruber, 1993], the visual concept ontology is a conceptualization of
the visual description of objects and scenesby humans. It encodes common sensevisual
description terms and therefore is closeto the natural languageusedby an expert.

Our contribution concerning the visual concept ontology does not lie in the complete
building of this ontology. We proposeto adapt a previous work, which was made in our
team by NicolasMaillot, and presented in [Maillot et al., 2004a].Firstly , webrie°y present
the taxonomy of visual conceptsproposed in [Maillot et al., 2004a]and we focus on the
changesand additions with respect to the initial ontology. Then we describe the role of
the visual concept ontology in the cognitive vision platform

4.5.2 Visual Concept Ontology Overview

The visual concept ontology designed in our team is divided in three parts
[Maillot et al., 2004a] [Maillot et al., 2003b]:

² Spatio-temp oral concepts
They provide conceptsfor describing objects from a spatio-temporal point of view.
Theseconceptsinclude geometric concepts,sizeconceptsand spatio-temporal rela-
tions.

As we are only interested in the semantic interpretation of static images,the part of
the ontology concerningtemporal conceptsare not in our concerns.In the following,
we will not refer to this part of the ontology.

Moreover, spatial relations are included in the spatio-temporal conceptsand they are
limited to topological relations. Contrary to [Maillot et al., 2003b],we want to make
a distinction betweenspatial conceptsusedto describe by qualitativ e properties (lik e
the shape, the size) the appearanceof real worlds objects and spatial relations used
to describe their relationships, i.e. visual scenes.We proposeto distinguish spatial
relations from spatial conceptsby a dedicated spatial relation ontology which is
presented in the section 4.5.6.

² Color concepts
This part of the ontology is basedon experiments performedby the cognitive science
communit y on the visual perception of color by humans.

² Texture concepts
This part of the ontology is also basedon experiments performed by the cognitive
sciencecommunit y.

4.5.3 Spatial Concepts

This part of the ontology provides concepts to visually describe objects from a spatial
point of view. It provides concepts to describe notions as the shape, the size and the
location of real world objects.

In the real world, the majorit y of objects can be described in terms of their shape.
Shape is an important property and carries with it a great deal of information which is
essential when we want to recognizeobjects, distinguish between objects, describing ob-
jects and manipulate them. The shape of an object can be de¯ned as the description of
the properties of its boundary (boundary-basedapproaches)or of its interior (region based
approaches). There is an intensivework about the quantitativ edescription and representa-
tion of shapesby low level features. A good review can be found in [Zhang and Lu, 2004].
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In [Meathrel, 2001], the authors discussthe importance of the shape in general and for
arti¯cial intelligence tasks in particular. They emphasizethe complexity involved in the
general representation of shape and propose a theory for the qualitativ e representation
of two-dimensional shapes. In the best case,a shape can be described by its geometry
and by simple nouns as illustrated in the left image of ¯gure 4.2. The current version of
the ontology proposedby [Maillot et al., 2003b]provides a set of geometrical conceptsto
describe object shape. The hierarchy of geometricconceptsis depicted in 4.1. This part of
the ontology was inspired by a work in the ¯eld of projective geometry [Furst et al., 2003].
Nevertheless,objects can be complex without a prede¯ned geometric model as the center
image and the right image of ¯gure 4.2.
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Figure 4.1: The taxonomy of geometric conceptsfrom [Maillot et al., 2004a]

A human perception theory proposedby Biederman in [Biederman, 1987]states that
objects and scenesare represented as an arrangement of simple, viewpoint-invariant volu-
metric primitiv es,such as bricks, cylinders, wedges,and cones,termed geons.This theory
proposesthe principle of recognition by comp onents and part decomposition for recog-
nition: a complex shape can be described by the composition of basic geometric shapes.
We agreewith this theory in the sensethat the decomposition of objects in sub-parts is
useful. For example, in the caseof the two left images of the ¯gure 4.2, it is easier to
describe the body of the white °y and to consider the antenna or the legs as sub-parts.
Moreover, the description of the shape of the object in the right image of the ¯gure 4.2 is
described as the structured composition of simple geometric shapes (e.g. lines). A com-
mon way to describe this kind of objects is : a star-like network of Hyphae. To enablethe
description of such objects, we add spatial structure concepts in the visual concept
ontology.

Nevertheless,a more natural way to describe complex shapes is to useapproximation
or non geometricqualitativ e terms as for examplethe term elongated heart like shape used
to describe the shape of the object in the center imageof ¯gure 4.2 instead of a geometrical
decomposition of the shape.

We proposeto extend the previous spatial conceptontology by a set of qualitativ e and
more approximativ e concepts. To complete this spatial concept ontology, we have studied
a set of experiments conducted on humans in [Socher, 1997]. They were asked to visually
describe a set of objects using linguistic terms. A set of terms commonly usedto describe
object shapes is : round, rounded, angular, hexagonal, rectangular, symmetric , curved,
star-like, smooth, irr egular, convex,... . Long, big, small, short, large, wide, high, thick,
narrow are commonly usedto describe object size. We can extract di®erent visual notions
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Figure 4.2: Examples of object shapes

from this set of terms. Concerning the shape, we add to the visual concept ontology:

² conceptsof elongation

² conceptsof convexity

² conceptsof compactness

² conceptsof curvature

² concepts of symmetry. Indeed, symmetry is one of the basic properties of object
shapes. It is widely usedto describe and discriminate objects.

² conceptsof smoothness

The resulting hierarchy of shape conceptsis described in ¯gure 4.3
Concerning the size, di®erent notions have been extracted. They are the length, the

width and the height. They are common notions to describe object size. Size concepts
are relative concepts. Indeed, to characterize the size of an object it is interesting to
give information about its proper rangeof dimensionsaccording to its self referential axis.
The description of the relative sizeof an object is important to discriminate it from other
objects. It has also an in°uence on the interpretation strategy of a scene: i.e. the size
of objects was usedin [Sandakly and Giraudon, 1995]to drive the interpretation strategy
(the biggest object ¯rst ).

Positional conceptsare added to the visual conceptontology to describe position of an
object in the space.

4.5.4 Color Concepts

Color is oneof the main visual cuesto describe the real world: objects appear to have color
properties. Therefore, the representation of color information is primordial for semantic
object description. Color is a perceptualphenomenonrelated to the spectral characteristics
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Figure 4.3: Part of the taxonomy of shape conceptsin the visual concept ontology

of electromagnetic radiation that strikes the retina. A lot of experiments was performed
by the cognitive sciencecommunit y about the color perception by humans, in particular
concerning the color naming and categorization . Color naming is the processof
attaching linguistic namesto color patches. A good introduction to color naming can be
found in [Lammens,1994]. The Inter-Society Color Council (ISCC) and the United State
Department of Commerce'sNational Bureau of Standards (NBS) have created a method,
called the ISCC-NBS method for designatingcolors, as a °exible, yet comprehensive color
naming system. The NBS/ISCC system is a standardized set of color terms. It de¯nes
a set of 267 color centroids. Color centroids are based on the Munsell system of color
[Munsell, 1923]. The ISCC-NBS lexicon usesEnglish terms to describe colors along the
dimensionsof hue (28 terms constructed form a basicset shown in table 4.4), ligh tness (5
terms which are very dark, dark, medium, light, very light), saturation (4 terms: grayish,
moderate, strong, vivid ) and ligh tness/saturation (3 terms: bril liant, pale, deep). The
part of the visual conceptontology [Maillot et al., 2003b]concerningcolorsis basedon this
lexicon. It enablesthe description of objects from the points of view of lightness,of hueand
of saturation. The association of lightness and saturation conceptsinto signi¯cant light-
ness/saturation concepts(for examplethe conceptBril liant which is the association of the
conceptsLight and Strong) is expressedby axioms in the ontology [Maillot et al., 2003a].
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Red Purple
Reddish Orange Reddish Purple
Orange Purplish Red
Orange Yellow Purplish Pink
Yellow Pink
GreenishYellow Yellowish Pink
Yellow Green Brownish Pink
Yellowish Green Brownish Orange
Green Reddish Brown
Bluish Green Brown
GreenishBlue Yellowish Brown
Blue Olive Brown
Purplish Blue Olive
Violet Olive Green

Figure 4.4: Hue conceptsin the ISCC-NBS color system

In [Mojsilovic et al., 2002], a perceptually based and computational naming method
for the description of color composition in imagesis presented. As we do, the author is
interested in assigningsemantics to images. She criticizes the ISCC-NBS lexicon for its
lack of systematic syntax and the Munsell system for its lack of exact transform from
other color spaces. A color naming vocabulary and syntax is proposed. As we are also
involved in the creation of the link between image data (lik e the HSV values of a pixel)
and high level concepts(lik e the name of colors), we were inspired by this work to modify
the color concept ontology. The color visual concept ontology with the proposedchanges
is described in ¯gure 4.5. The changesenableto describe objects without consideringthe
chromatic information (for examplewhen only gray level imagesare available).

4.5.5 Texture Concepts

This part of the visual conceptontology is inspired from results from two experiments led
by the cognitivesciencecommunit y [Bhushan et al., 1997]. The ¯rst experiment dealswith
the categorization of texture words. The secondone measuresthe strength of association
betweenwords and texture images. The resulting concept taxonomy is described in ¯gure
4.6. We have not usedthis part of the ontology in our application of validation.

4.5.6 Spatial Relation Ontology

Spaceis an important feature of our environment and spatial perceptionand spatial knowl-
edgeis involved in a lot of human problem solving. In particular, peopleconsiderablyuse
spatial relations between objects and their environment to design, detect and recognize
them. There aredi®erent methods to describe the relationshipsbetweenobjects. In partic-
ular, wecandescribe them accordingto their topology, their orientation and their distance.
Spatial relations are widely studied in di®erent ¯elds. In particular, interesting theoriesof
spatial relations can be found in:

² Linguistics and cognitive science [Freksa et al., 2004], [Knau® et al., 1997],
[Asher and Vieu, 1995]...
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Figure 4.5: The ontology of color concepts. The additional conceptsare in gray.
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Figure 4.6: The taxonomy of texture concepts(from [Maillot et al., 2004a])

² Arti¯cial intelligence with the works of the Leed Qualitativ e Spatial Rea-
soning group1 [Cohn and Hazarika, 2001], [Cohn et al., 1994], with the
works of Eliseo Clementini and its colleagues [Clementini et al., 1997],
[E. Clementini and Hernandez,1997], [Clementini and Felice, 1998] and with
the works of Nebel [Renz and Nebel, 1999]...

1http://www.comp.leeds.ac.uk/qsr/
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Figure 4.7: The eight baserelations of the RCC-8 theory

² Geographic information science with the works of Egenhofer and his colleagues
[Egenhofer,1993], [Papadiasand Egenhofer,1997], [Shari®et al., 1998]...

² Computer vision and image interpretation [Bloch and Ralescu,2003],
[Le Ber and Napoli, 2002], [Matsakis et al., 2001]...

Due to the importance of the space, it seemsnecessaryto de¯ne a spatial relation
ontology. The works mentioned above were inspirations for the de¯nition of this ontology.
The spatial relation ontology is de¯ned as the set of conceptsused to describe relations
between spatial entities. As proposedin [Kuip ers, 1996], the spatial relation ontology is
divided into topological relations, distance relations and orientation relations. We have
restricted it to 2D binary relations.

1. Topological relations .
They enclosethe notion of mereotopology, i.e. the notion of connectednessand inclu-
sion. Mereology is the theory of part-hood relations: relations of part to whole and
relation to part to part within a whole [J. T. J. Srzednicki and Czelakowski, 1984].
Topology refers to the notion of connectednessof objects. Mereotopology is an ex-
tension of Mereology basedon the notion of connection [Clarke, 1981].
Topological relations are the most studied in the scienti¯c ¯elds de¯ned above. In-
deed, cognitive empirical studies have shown that humans considerably use topo-
logical relations [Knau® et al., 1997], [Renz et al., 2000]. Topological relations are
binary relations and there exist good formalizations of them in logical frameworks.
In particular, the RCC-8 (R egion Connection Calculus) theory, basedon the con-
nection relation (i.e. two objects are connected if they share at least a point ) de¯nes
eight basic topological relations [Cohn A.G, 2002]. It is the most used theory for
topological relations. The name, the semantic meaning and the iconic representa-
tion of the eight basic topological relations are depicted on ¯gure 4.7.

To take into account specialization links betweentopological relations, we also take
into account spatial relations of the RCC-5 theory [Clarke, 1981]. In particular, the
following topological relations are part of the ontology:

² DR(x; y) meansx is discrete from y. This relation can be specialized in Dis-
connected and Externally Connected .
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² PP(x; y) means x is a proper part of y. This relation can be specialized in
Tangen tial Prop er Part and Non Tangen tial Prop er Part .

² PP ¡ 1(x; y) means x contains as part y. This relation can be specialized in
Tangen tially Con tains and Non Tangen tially Con tains

The hierarchy of topological relations is shown in ¯gure 4.9.

2. Orien tation relations .
Orien tation relations or directional relative relations describe where an object is
located relatively to another one. They enable to represent an order in the space.
Orientation relations are fully metric spatial relations . Orientation relations are
not binary relations. They are established in terms of three basic concepts : the
primary ob ject , the reference ob ject and the frame of reference . The frame
of reference is the mean to represent relative locations of entities in the space.
Indeed, to specify the relation of a primary ob ject with respect to a reference
ob ject , we need to have a frame of reference . It exists three kinds of frames of
reference: allo centric , egocentric or in trinsic .

² Allo centric or extrinsic frame of referencerefersto a ¯xed coordinate system
imposedby external factors. This representation is independent of the position
of the perceiver.

² Ego centric or deictic frame of referencespeci¯es the location and the direc-
tion of objects according to the location and the perspective of the perceiver.
The orientation is given by the point of view from which the referenceobject is
seen.

² In trinsic frame of referencelies on inherent properties of an object. These
properties are used to give the orientation and to determinate the coordinate
system.

The di®erencebetweenthesedi®erent representations are shown in ¯gure 4.8. These
di®erent notions are very interesting in the ¯eld of autonomousrobotics or in cogni-
tiv e science.In our case,the aim is to describe orientation relations on images. We
make the assumptionsthat for orientation relations between an object of reference
and its (physical) sub-parts, the frame of referenceis an intrinsic one. It is de¯ned
with the axis of orientation of the object of reference. For all the other relations
betweenan object of referencewith primary objects, the frame of referenceis based
on the image coordinate system. We illustrate thesetwo notions in the ¯gure 4.8.

Orientation relations canbedescribed through cardinal direction (North of, Southof,
...) in the context of geographicspacewherea referencepoint such asthe North Pole
exists. As for topological relations, there are good formalizations of them in a logi-
cal framework [Clementini et al., 1997]. Directional relations asLeft of, Right of are
more commonly used. Interesting works for the linguistic description of relative posi-
tion on imagesusing this directional relations can be found in [Matsakis et al., 2001],
[Bloch and Ralescu,2003]. We choosethesedirectional relations for our spatial rela-
tion ontology. It is composedof the four primitiv e directional relations proposedby
Freeman in [Freeman,1975]. These four primitiv e relations are : 1.Left Of, 2.Right
of, 3.Above and 4.Below. The directional relation In front of and Behind are also
commonly used. In the caseof descriptions on images, we make the assumption
that they are not necessaryand can be supplied by the description in terms of
topological relations. Intermediate orientation relations can be described by the
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Figure 4.8: The two kinds of framesof referenceto describe orientation relations on images

composition of basic orientation relations as proposedin [Bloch and Ralescu,2003]
or in [Matsakis et al., 2001].

3. Distance relations
Distance relations involve distance concepts between objects. Analogously to
orientation, three basic elements are neededto establish a distance relation: the
primary ob ject , the reference ob ject and the frame of reference . Distance
relations are highly dependent on scale factors. Indeed the relation A Is near B
dependsnot only on the absolutepositions of A and B but alsoof their relative size,
of their shapes and of the referenceframe. Identically to orientation relations, the
frame of referencefor distance relations can be:

² In trinsic : the distance is determined by an inherent characteristic of the ref-
erenceobject. In most of the time, the sizeof the referenceobject is used.

² Extrinsic : the distance is determined by external factors like for example the
spatial arrangements of spatial objects.

² Deictic : the distance is determined by the point of view of the observer.

To describe the distancebetweenobjects, two distancerelations are commonly used,
i.e. Close and Far. Further level of granularit y can be introducedto specify distance
relations. We adopt four level granularit y for the proposedspatial relation ontology:
Very Close, Close, Far, Very Far.

The semantic hierarchy of spatial relations is depicted in ¯gure 4.9. We considerthat this
spatial relation ontology represents a basic set of spatial relations. We think this set is
su±cient and ensuresthe full covering of all possiblespatial object arrangements. All these
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relations are binary relations. There is also a set of n-ary spatial relations as for instance
the relation A between B and C. The current spatial relation ontology is not complete in
the sensethat these n-ary relations are not taken into account. For simple relation as A
between B and C, we argue that this relation can be represented by the combination of
the two spatial relation assertions: B is left of A and C is right of A.

Figure 4.9: The taxonomy of binary 2D spatial relation concepts

4.5.7 Con tributions of the Visual Concept Ontology for the Cognitiv e
Vision Platform

In this section,we describe the role and the bene¯ts of the visual conceptontology for the
proposedcognitive vision platform. The main contributions of the visual conceptontology
are:

1. To mak e easier the application domain kno wledge acquisition.
In the introduction, we have underlined the fact that semantics is not inside the
image: domain knowledgeacquisition is useful to perform the global task of semantic
image interpretation. For example, in the caseof the semantic interpretation of the
imageof the ¯gure 4.11,knowledgeof rosepestsis useful. The knowledgeacquisition
processis a hard and highly time-consuming process. This issueis often called the
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knowledgeacquisition bottleneck in the knowledgeengineeringcommunit y. It refers
to the di±cult y of capturing knowledge in use in the system. For semantic image
interpretation, the domain knowledgeconsistsin the description of domain concepts.
The visual conceptontology reducesthe knowledgeacquisition bottleneck by guiding
the acquisition process. It provides to domain experts a set of prede¯ned terms to
describe their domain. The visual concept ontology ( including the spatial relation
ontology) provides potential terms to describe application domain knowledge. The
ontology driven acquisition processis depicting in ¯gure 4.10. This ontology driven
method enables interaction with domain experts: they can build themselves the
domain knowledge base. In a ¯rst step, the domain expert de¯nes an organized
and structured set of domain concepts(often a taxonomy of domain concepts). A
domain concept can be composedof several domain conceptsrepresenting its sub-
parts. Then the domain expert uses the visual concept ontology to describe the
visual appearanceof domain concepts, including their sub-parts and their spatial
relationships with other domain concepts. The result of the acquisition processis
a semantic knowledge base of the domain. A user friendly tool with a graphical
interface was built in our team [Maillot et al., 2003a].

Figure 4.10: Domain knowledgeacquisition with the visual conceptontology and with the
spatial relation ontology

2. To mak e easier the visual data managemen t kno wledge acquisition.
The visual concept ontology and the spatial relation ontology are skeletonsto build
the symbolic part of the visual data management knowledge. Indeed, they represent
the typesof symbolic data and the typesof spatial relationships that will beprocessed
by the visual data management system.

3. To reduce the semantic gap between semantic concepts and low lev el
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features.
The useof the visual conceptontology o®ersthe advantagesof reducing the semantic
gapbetweenhigh level conceptsand low level concepts. Indeed,conceptsof the visual
ontology are closeto our natural languageand can be well understood by end users.
The visual concept ontology encodes the verbal descriptors we commonly use to
describe scenesand objects. Moreover, visual concepts are also close to low level
concepts. Indeed, it is more obvious to link the concept of blue with its HSV value
than to link the sky with low level descriptors.

4. To enable in terop erabilit y between the semantic in terpretation system
and the visual data managemen t system.
In our modular cognitive vision platform, each system is highly specialized for one
of the sub-problemsof the global semantic image interpretation problem. This mod-
ular architecture enablesto separatethe di®erent typesof knowledgeand reasoning.
Each module has its own knowledgedomain and reasonsin its speci¯c domain. For
example, if we take the image of the ¯gure 4.11 :

² The semantic interpretation module reasonsin terms of semantic domain con-
cepts: There is a white °y on a rose leaf ;

² The visual data management module reasonsin terms of genericvisual and spa-
tial concepts: There is a visual object composed of: (1) a symmetric elongated
heart-lik e shaped surface; (2) two thin white lines symmetrically connected to
the head of the heart-lik e shaped surface; (3) two thin white lines symmetrically
connected to the sides of the geometric surface. The neighborhood of the object
is a green textured surface.

A communication level is neededto enablethe cooperation betweenthesetwo mod-
ules. The two moduleshave to exchangeand shareinformation to achieve the global
problem of semantic image interpretation. We propose a communication process
basedon the visual concept ontology and on the spatial relation ontology. Indeed,
they represent a corpus of common terms that are comprehensibleto both modules
and that provide a common accessto information. The visual concept ontology
provides all the necessaryterms to describe domain concepts used by the seman-
tic interpretation module and represents the symbols that will be processedby the
visual data management module. Visual conceptsare the symbols to ground with
sensordata. The communication processconsistsin :

² The building of a visual data management request from the semantic interpre-
tation module to the visual data management module using the visual concept
ontology. The visual data management request consistsin a visual hypothesis
represented by a structured set of hypothetical visual concepts. More details
will be given in the next chapter.

² Visual object instancescreated by the visual data management system are ex-
pressedaccording to the shared visual concept ontology. They are facts to
interpret. They are processedby the semantic interpretation knowledge base
system.

This ontology basedcommunication has two main advantages. First, it enablesthe
interoperabilit y of two systemshaving their own knowledgedomain. Moreover, this
ontology basedcommunication is generic. It is independent of any applications and
can be reusedfor di®erent applications.
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Figure 4.11: Example of image to interpret. It represents a white °y on a rose leaf

4.6 An I mage Pro cessing Ontology

4.6.1 De¯nition

Image processingis the processof manipulating and analyzing imageswith a computer
according to a given objective. As can be seen from the existence of reusable image
processinglibraries, image processingexperts use and share a common vocabulary to
describe their domain: i.e. the image processingterminology. First, it exists a set of
genericterms to describe imagesor imageprocessingresults from the point of view of image
processingexperts. For instance, we refer to terms as region, edge, ridge, compactness,
area, hue, luminosity, red value, ... They are terms currently usedin the domain of image
processing. Moreover, there is a set of basic image processingfunctionalities: e.g. image
segmentation, object extraction, image feature measurements are examplesof such image
processingobjectives. The aim of this imageprocessingontology is to formally encode the
important conceptsof image processing,their properties and their relationships.

A distinction has to be made betweenthe program supervision knowledgemodel and
the image processingontology. The program supervision knowledgemodel represents the
knowledgeon how to solve a given imageprocessingproblem using a given set of programs.
The image processingontology can be seenas a set of common prede¯ned terms used to
describe an image processingproblem and its results. Nevertheless,they are interrelated.

Contrary to the visual concept ontology, the image processingontology takes part in
our contributions.

4.6.2 Design of an I mage Pro cessing Ontology

4.6.2.1 Phase of Speci¯cation

Independently of the role of the imageprocessingontology for the cognitivevision platform,
the aim of this image processingontology is to formally encode the important conceptsof
imageprocessing,their propertiesand their relationships. Indeed, there area wide rangeof
imageprocessingapplications (medical imaging, imageretrieval) and a wide rangeof image
processingprogram libraries. Theselibraries can be application dependent or application
independent. The terminological analysisof theseapplications and of theselibraries shows
that a set of commonconceptsexists to communicate about imageprocessingand to build
image processingapplications. To build the image processingontology, the study of some
works about imageprocessingapplication designusingexisting tools [Clouard et al., 1999],
[Nouvel and Dalle, 2001] were interesting. Particularly , in [Nouvel and Dalle, 2001], an
interactive approach basedon an image ontology is proposed to build image processing
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applications. The aim of the image processingontology is to structure genericknowledge
of image processing.

The impact of the imageprocessingontology is not limited to the cognitive vision plat-
form but it could have a strong importance in several related domains as for example the
designof an image processinglibrary or the explicitation of an image processingproblem.
The image processingontology structures the image processingknowledge.

4.6.2.2 Phase of Conceptualization

The terminological study of the image processingdomain enablesus to collect a set of
image processingcommon terms representing the linguistic expressionof the image pro-
cessingknowledge. This set of terms is de¯ned as an image processinglexicon. The
conceptualization phaseconsistsin organizing and structuring the di®erent notions of the
lexicon. This conceptualization phaseresults in a taxonomy of concepts. We di®erentiate
two families of concepts:

² Data conceptswhich refer to the di®erent typesof data managedin imageprocessing;

² Image functionalit y conceptswhich refer to the purposeof an image processingap-
plication.

The phasesof formalization and implemen tation are not described here. They take
part in the implementation of the cognitive vision platform.

4.6.3 I mage pro cessing Ontology Overview

The image processingontology contains conceptsorganized in a taxonomy. An overview
of the taxonomy can be seenin ¯gure 4.12. The imageprocessingontology is divided into:

1. Image Data Concepts
They are conceptsfor describingthe imageprocessingdomain from the point of view
of data. They are composedof:

² A set of Image En tit y concepts representing the di®erent kinds of data
structures that can be extracted from images. From a physical point of
view, an image entit y concept represents a set of image pixels. As in
[Nouvel and Dalle, 2001], image entit y conceptscan be divided into three fam-
ilies:

{ pixel for image entities composed only by one pixel as for example the
conceptsof image point , junction point and corner point ,

{ f pixelsg for image entities composedby a set of pixels,
{ ff pixelsgg for image entities composedby a set of set of pixels. They are

structured set of pixels as for example region graph.

Someimage entit y conceptsare described in the ¯gure 4.13.

² A set of image descriptor concepts representing the di®erent kinds of fea-
tures that can be measuredon images. Image descriptors are used to charac-
terize image entities. The ¯gure 4.14 describes somesize descriptors and the
¯gure 4.15 describessomeshape descriptors

² The relationships between image entities and image descriptors . These
relations are useful becausesomeimagedescriptorshave no sensefor particular
image entities.
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Figure 4.12: Overview of the image processingontology

2. Image Pro cessing Functionalit y Concepts
The considerableamount of works about the semantic integration of imageprocessing
programs [Clement and Thonnat, 1993a]has proved the goal oriented nature of the
imageprocessingproblem. Actually , the useof programs,whatever is the domain, is
a goaloriented problem. Wearguethat whatever are the motivations under the useof
imageprocessingprograms,there area setof genericimageprocessingfunctionalities.
These functionalities are generic in sensethat they are totally independent of any
applications. In [Clouard et al., 1999], three kinds of image processingtasks have
beenidenti¯ed: intentional tasks (what to do ?), functional tasks (how to do?) and
operational tasks (by means of what?). To formulate an image processingproblem,
end usershave to expresstheir requestin conformity with a prede¯ned grammar and
a prede¯ned set of terms. The aim of the image processingfunctionalit y concepts
is to encode the generichigh level functionalities of image processing(intentional or
functional tasks in [Clouard et al., 1999]). The conceptsof the ontology expressthe
intention which is under the useof imageprocessingprograms. Thesefunctionalities
refer to generic image processingfunctionalities as image enhancement or image
segmentation. By high level functionalit y, we means that these functionalities are
conformed to the end user point of view who is aware but not a specialist on image
processing. For example, the image processingfunctionalit y compute the Convex
Hull of the main region is too speci¯c. For an end user non-specialist in the ¯eld
of image processing,the high level functionalit y should have been: compute shape
descriptors . The functionalit y compute the convex hull of a region can be seenas a
specialization of the latter functionalit y.

This part of the ontology was de¯ned by studying and by gathering the set of image
processingfunctionalities hidden under standard image processingprograms. Cur-
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Pixel
Image En tit y De¯nition
Valley Point pixel for which the intensity assumesa local minimum of

curvature
Ridge Point pixel for which the intensity assumesa local maximum of

curvature
f Pixel g

Image En tit y De¯nition
Classof Pixels Set of pixels which have common properties
Region Set of connectedpixels which have common properties
Edge Set of connectedpoints representing a transition on image
Curvilinear Structure Set of connectedpoints which assumea local extremum in

the main principal curvature.
Ridge Line Set of connectedridge points (maximum in the main prin-

cipal curvature
Valley Line Set of connectedridge points (minimum in the main princi-

pal curvature
f Pixel g

Image En tit y De¯nition
Region Graph Set of regionsand their relations
Relative Neighborhood Graph Set of regionsand their relations
... ...

Figure 4.13: De¯nition of someimage entit y conceptsof the image processingontology

Image size Descriptor De¯nition
Area Number of pixels
Perimeter Number of boundary pixels
Length (Feret dimension) Longeststraight line distancebetweentwo points within the

entit y
Equivalent Diameter Sizeof a circle having the samearea as the entit y
... ...

Figure 4.14: De¯nition of somesizedescriptors
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Image Shap e Descriptor De¯nition
Global Shap e Descriptor
Eccentricit y Ratio of the length of the maximum chord A to the maxi-

mum chord B
Compactness How closea circle the shape is
Elongation Ratio of the length and width of the region bounding rect-

angle of minimal area
... ...
Structural Shap e Descriptor
Convex Hull Minimal convex region that entirely encompassesan image

region
Medial Axis Locusof the center of all the maximal inscribed circle of the

object
... ...

Figure 4.15: De¯nition of someshape descriptors

rently , this part of the imageprocessingontology contains 5 genericimageprocessing
functionalities that can be specialized.

4.6.4 Con tributions of the I mage Pro cessing Ontology for a Cognitiv e
Vision Platform

In this section, we describe the role and the bene¯ts of the image processingontology for
the proposedcognitive vision platform. The main contributions of the image processing
ontology are:

1. To mak e easier the program sup ervision kno wledge acquisition.
The image processingprogram supervision knowledgeconsistsin the description of
the use of image processingprograms. A program supervision knowledge baseen-
capsulatesknowledge about the best use of programs, which may be complex for
unexperiencedusers. The program supervision knowledge acquisition bottleneck is
already reducedby an knowledgeconceptual model de¯ned in [Moisan et al., 2001]
and summarizedin the section5.3.2. The processof the program supervision knowl-
edgeacquisition using this knowledge conceptual model is described in ¯gure 4.16.
The image processingontology goes further to reduce the knowledge acquisition
bottleneck by proposing a set of basic concepts to represent the input and output
data (corresponding to operator arguments) and a set of generic image processing
functionalities that can be useda a skeleton to build a program supervision knowl-
edgebase. The image processingontology is usedto guide the program supervision
knowledgeacquisition processas illustrated in ¯gure 4.17.

2. To mak e easier the visual data managemen t kno wledge acquisition.
The imageprocessingontology is a skeleton to build the perceived part of the visual
data management knowledge. Indeed, the image entit y conceptsrepresent the types
of imagedata that will be processedby the visual data management systemwith the
aim to build their symbolic descriptions. Moreover, the imagefunctionalit y concepts
of the ontology represent the basicsetsof conceptsthat the visual data management
should know with the plan to build program supervision requests.
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Figure 4.16: Program supervision knowledgeacquisition process

Figure 4.17: Program supervision knowledge acquisition processguided by the image
processingontology

3. To enable in terop erabilit y between the visual data managemen t system
and the program sup ervision system.
A communication level is neededbetween the visual data management system and
the program supervision system. Indeed, on one hand the visual data management
system has to ask for and has to guide the numerical data extraction by the pro-
gram supervision system. On the other hand the data extracted by the program
supervision system has to be easily understood by the visual data management to
build their symbolic description. Due to the goal oriented nature of the program
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supervision system, the visual management systemhas to build a requestaccording
to the prede¯ned set of image processingfunctionalities provided by the image pro-
cessingontology. It needsto know the nameof the functionalit y and its description.
The image processingontology enablesthis communication. Moreover the program
supervision system has to produce data that will be processedby the visual data
management module. Therefore, a common corpus of low level data (image entit y
ontology) has to be available betweenthe two systems. To conclude,the image pro-
cessingontology enablesthe interoperabilit y between the visual data management
and the program supervision module in the following way:

² The building of an image processingrequest from the visual data management
module to the program supervision module using the imageprocessingontology.

² The data resulting from the program supervision systemareexpressedaccording
to the sharedimage ontology.
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Cha pter 5

Deta i led Descri pti on of the
Prop osed Cogni ti ve V ision
Platf orm

The cognitive vision platform is composedof three independent modules. Each module
deals with one of the sub-problemsof the global semantic image interpretation problem.
Each module has its proper modeling. As described in the chapter 3, each module of the
cognitive vision platform is composedof:

² A conceptual knowledgebasemodel;

² A dedicated engine.

In this section, we ¯rst present the detailed description of each module of the cognitive
vision platform. For each sub-problem,after the analysisof the sub-problem,we proposea
dedicatedconceptualknowledgemodel and we give the algorithm of the dedicatedengine.
Finally, we brie°y give some information on the implementation of the cognitive vision
platform.

5.1 The Semantic I nterpreta tion Framework

5.1.1 Analysis of the Semantic I nterpretation Problem

The role of the semantic interpretation system is to assign a meaning to the perceived
description of the scene, i.e. the data extracted from images. This meaning refers to
application domain expertise and terminology. For example, for a biologist, the semantic
interpretation of the image in ¯gure 5.1 is \Imp ortant infection of white °ie s in phaseof
insemination".

The semantic image interpretation problem is often limited to a classi¯cation problem:
i.e. to ¯nd the classof the structured data extracted from imagesusing prede¯ned models.
This point of view suggeststhat the interpretation processis a purely bottom up process.
Nevertheless,although a big part of the interpretation processrefers to a classi¯cation
process,the semantic interpretation problem could also involve hypothesis management
and a kind of planning (the strategy of interpretation dependson the high level goal).

Typically, we can illustrate the semantic interpretation problem with an example of
semantic interpretation: the interpretation processof the image in ¯gure 5.1. Let us
supposethat you know that you have to interpret a biological image. According to :
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Figure 5.1: A rose leaf microscopic image

² the current context of the image: i.e. a microscopic image of a greenhouserose leaf
acquired during a favorable period for pest infection,

² your knowledgeabout rose leaf diseases,

² your high level goal: i.e. to make a diagnosisof the health state of the leaf,

you will ¯rst make hypotheses(your expectations) about the content of the image before
to analyzeit. Then you will validate or reject your hypothesesby matching what you have
perceived of the scene(what you see)with your expectations (what you know). At last,
you re¯ne your interpretation by a repetition of the hypothesisand test cycle to reach your
high level goal. A semantic interpretation of the image in the ¯gure 5.1 could be: \the leaf
is non healthy. There is an important infection of white °ie s in phaseof insemination".

We retain the following key points which are of main importance to tackle the semantic
interpretation problem:

1. An in tensiv e kno wledge based pro cess
The semantic interpretation problem is highly basedon conceptual knowledge and
experienceabout the speci¯c world to interpret. Indeed, as long as we do not know
anything about what we expect to be in images,the interpretation could be done in
many ways. As a consequence,it is necessaryto build models about the expected
contents of images in order to be able to understand them. The use of explicit
domain expertise and knowledgebasedtechniquesseemsto be well adapted for this
problem.

2. Imp ortance of the context
We have already mentioned that in the real world, there is an important relation
betweenobjects and their environment. Somestudies in the perception psychology
research ¯eld [Biederman, 1987] have shown that the human visual system consid-
erably usesspatial relations between objects and their environment to detect and
recognizethem. Thesestudies suggestthat the recognition of the context should be
done beforeobject identi¯cation and recognition. They emphasize:

² The importanceof the contextual information for the interpretation processand
the necessity of making explicit the context.

² The importance of the representation of spatial relations betweenobjects.

² The recognition of objects by their subparts and their spatial con¯guration.
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3. A problem beyond single ob ject recognition or categorization

Contrary to previous work in our team on image understanding [Thonnat, 2002],
we make no assumptionsabout the content of the scene.The scenecan contain an
isolated object in a constrained and simple environment but also multiple objects
in natural and complex environment. In [Neumann and Weiss,2003], the high level
interpretation problem is de¯ned as the problem of understanding a visual scene
beyond single object recognition or categorization. We agreewith this statement.

Indeed, the high level interpretation goesfurther than the task of ¯nding the classof
objects belonging to the scenebasedon a priori models. In particular, it can involve
the management of multiple objects and of spatial structures of the scene. Spatial
relations betweenobjects are useful.

High level conceptsto recognizecan be:

² real physical objects of the domain (as a white °y for example),

² sub-parts of physical objects (white °y antenna),

² more abstract notions as for example insemination phaseof white °y . These
abstract notions are called domain situations . We de¯ne domain situations
as known and ¯xed spatial con¯gurations of domain physical objects or sub-
parts of objects. They represent a set of domain physical objects constrainedby
spatial relations. Thesedomain situations are related to a high level meaning.
For example, in the caseof our biological application, the domain situation
described by the presenceof circlesof white °y eggsnear white °y adults means
\White °ie s in phaseof insemination".

We could also mention events but they usually refer to the analysis of dynamic
scenesand they usually include the temporal dimension. We have restricted our
work to the caseof 2D static visual scenes.

4. Managemen t of the uncertain t y
The semantic interpretation problem has to managetwo kinds of uncertainty:

² On onehand, the perceived description of the sceneextracted from imagesmay
be partial or missing and introducesuncertainty and imprecision.

² On the other hand, the knowledgebaseabout the expectedcontent of the scene
contains abstract descriptions which are generally qualitativ e and vague. It is
another sourceof uncertainty and imprecision.

5. A taxonom y based approac h
From our point of view, application domain experts are the best personsto recognize
objects of their domain. We proposeto mimic the strategy of application domain
experts by knowledgebasedsystemtechniques. The aim of the semantic interpreta-
tion module is to provide tools to perform the interpretation in the sameway experts
do, using their usual terminology and knowledge organization system. The use of
domain expertise terminology has someadvantages:

² The semantic interpretation results are expressedin terms closeto natural lan-
guageor to the application domain speci¯c vocabulary, mainly qualitativ e.

² The semantic interpretation results can interface with other decisionprocesses
and can be easily understood by end users.
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We make the assumptionthat targeted applications are applications with an existing
and well de¯ned knowledge.The scope of our framework covers applications where
domain experts are able to produce,possiblyhelped by dedicatedtools, an organized
conceptual knowledgebaseof their domains. Therefore, the domain knowledgeac-
quisition is made by domain experts. To cope with a wide range of application
domains, we choosea taxonomy basedapproach as knowledgeorganization system.
Indeed, taxonomy is de¯ned as the science of classi¯cation according to a pre-
determined system, with the resulting catalog used to provide a conceptual frame-
work for discussion, analysis, or information retrieval. It refers to a hierarchical
classi¯cation of things. We choose this knowledge organization structure because
almost anything (animate objects, inanimate objects, events, scenes)can be classi-
¯ed according to sometaxonomic scheme. It appears that human mind naturally
organizes its knowledge of the world into taxonomic systems. As a consequence,
taxonomy basedapproach seemsto be the most natural and a genericway to mimic
the strategiesof domain experts.

5.1.2 Overview of the Prop osed Semantic I nterpretation Framew ork

With our framework, a knowledge based system performing semantic interpretation is
composedof :

1. A semantic in terpretation kno wledge base (SI kno wledge base)

2. A semantic in terpretation engine (SI engine)

3. A semantic in terpretation fact base (SI fact base)

5.1.2.1 T he Semantic In terpretation Kno wledge Base (SI kno wledge base)

The SI knowledge basecontains the domain conceptual knowledge. It is written by ex-
perts of the application domain (rose pathologists for the exampleof the ¯gure 5.1). The
domain knowledge acquisition processis guided by the visual concept ontology and
the spatial relation ontology according to the domain knowledge acquisition process
described in the chapter 4. The content of the SI knowledgebaseis application dependent
but the way to represent and organizethis knowledgeis generic.
The main genericknowledgeconceptsto model the SI knowledgebasearedomain classes,
prop erties , domain taxonom y, domain context , acquisition context , context cri-
teria and domain requests .

² Domain classes represent the explicit description of the di®erent objects or situa-
tions of the application domain. They are de¯ned by a list of descriptiveprop erties .
Domain classes are implemented by frames[Minsky, 1974]and prop erties are at-
tributes of domain classeswith prede¯ned slots. The values of the prop erties are
instancesof either visual conceptsof the visual concept ontology , domain classes
or spatial relations.

² Domain classesare organizedin a domain taxonom y. It enablesto better organize
the knowledgeand it re°ects the specialization hierarchy of domain classes.

² Domain context represents the explicit description of the application domain con-
text and acquisition context represents the explicit description of the image ac-
quisition context. They are also implemented by frames.
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² Moreover, context criteria are usedto describe decisionsduring the problem solv-
ing. They represent the expertise on how to take decisionsto make easierthe seman-
tic interpretation processaccording to the domain context, the acquisition context
and the end user goal. Con text criteria are implemented by rules.

² Domain requests expressqueriesof the end user, i.e. the high level goal to achieve,
the particular image to interpret, the particular domain context and the particular
acquisition context.

The detailed description of this general semantic interpretation knowledge model is
given in the section 5.1.3. A semantic knowledge description language called SIKL++
enablesthe domain knowledge description as close as the natural language as possible.
This language is inspired by previous work of the Orion team [Thonnat, 2002] and its
syntax is given in the annex A. It is important to note that during the reasoningprocess,
the knowledgebaseis not modi¯ed.

5.1.2.2 T he Semantic In terpretation Engine (SI engine)

The SI engine is application independent. It uses the domain taxonomy to build the
semantic interpretation of the perceived data in the semantic interpretation fact base.
The aim is to interpret the perceived data in terms of domain classes. To emulate the
strategy of an expert on semantic interpretation, the semantic interpretation reasoningis
modeled as an hypothesisand test cycle basedon :

² The domain knowledge: i.e. the hierarchical description of possibledomain classes
(domain taxonom y).

² The current partial visual evidencewhich consistsof the description of the perceived
scene.This description is done by the lower level modules by the extraction of the
information from imagesand by its symbolic description. In the following, the term
perceived will refer to the visual information actually present in the imagesand which
results from a processingin the lower level modules.

² The current domain and acquisition context.

² The high level goal of the end user.

During the hypothesisphaseof the cycle, the enginehasto build and propagateseman-
tic hypothesesof what is visually expected according to the four previous points. These
hypothesesprovide top down guidancefor the lower level problem achievements.

During the test phase of the cycle, the engine has to verify the hypothesesby the
matching of the current description of the perceived scene(resulting from the lower level
modules) with the domain classes.The algorithm of the SI engineis given in section5.1.5.

5.1.2.3 T he Semantic In terpretation Fact Base (SI fact base)

Oncethe semantic imageinterpretation systemhasbeengeneratedfrom the expert knowl-
edgeand from the generalengineaccording to a methodology described in ¯gure 3.4, the
end-user (for example an horticulturist who wants to control the sanitary status of his
plants) has to provide to the semantic interpretation system information about the ab-
stract high lev el goal to achieve.

The SI fact basealsocontains the facts: i.e. the data to interpret. Thesefacts represent
the perceiveddescriptive information on the data to interpret. The SI fact basecontains the
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perceived data resulting from the visual data management process.Theseperceived data
areorganizedin two data structures : visual ob jects and perceiv ed scene description .
To be easily understood and to be handled by the semantic interpretation system, these
perceived data are described according to the visual concept ontology and to the spatial
relation ontology. The description of the perceived data is given in section 5.1.4.

5.1.2.4 Problem Formalization

We can formally de¯ne the semantic interpretation processas follows :
Given as input :

² r = hgo;dco;aco;im i the domain request built by the end user

{ go is the high lev el goal of the end user,

{ dco is the current domain context explicitly represented,

{ aco is the current acquisition context explicitly represented,

{ im is the current image to be interpreted;

² ¿ the domain taxonom y and C the set of context criteria ;

² PSD the current perceiv ed scene description in the SI fact base;

it produces some visual hypothesesrepresented by a visual data management request
(VDM request) and an interpretation I by the repetition of an hypothesize and test
cycle:

² Hyp othesize : it consists in building or completing visual ob ject descriptions
according to the current analyzeddomain class

² Test : this step of veri¯cation consistsin a matc hing procedurebetweenthe per-
ceiv ed visual description PVD and the current domain class.

The ¯gure 5.2 presents an overview of the semantic interpretation framework.

5.1.3 Prop osed Kno wledge Mo del For Semantic I nterpretation

The summary of the main knowledgeconceptsof a semantic interpretation knowledgebase
and their interrelations is depicted in ¯gure 5.3. This section sketches the proposedse-
mantic interpretation knowledgemodel. It details and givesa formalization of the generic
conceptspreviously identi¯ed: i.e. domain class, prop ert y , domain taxonom y, do-
main context , acquisition context , context criteria and domain request .

5.1.3.1 Domain Class

Domain Class is the main knowledge entit y of the semantic interpretation knowledge
base. Domain classesare explicit descriptions of physical domain objects or domain situ-
ations. A Domain Class is de¯ned by a list of prop erties sharedby all the instancesof
the domain class. The representation of a domain classincludes:

² A name : it corresponds to an application domain term.

² A specialization link : it represents the hierarchy of domain classes. An empty
specialization link corresponds to a root domain class.

90



CHAPTER 5. DETAILED DESCRIPTION 5.1. SEMANTIC INTERPRET ATION

�

�

�

�

�

�

�

�

�

�

�

�

Ct + 

Interpretation

Engine
Knowledge Base

to lower level processing From lower level processing

 (Visual Evidence)

Semantic Interpretation System

Domain Request r

Domain taxonomy

 Perceived Scene Description
Semantic Interpretation Factbase

+ set of context criteria

Semantic Interpretation

PSDHHypotheses

Visual Management Requests

Figure 5.2: Semantic interpretation knowledgebasedsystem overview

² A sub-part description : it is the optional set of properties which represents the
sub-parts or components of the domain class. It is represented by a list of sub-part
prop erties .

² A visual description : it is the set of optional properties which enablesto visually
describe the domain classfrom a spatial, color and texture point of view. According
to the di®erent points of view, the visual description is divided into spatial de-
scription , color description and texture description . It is represented by a list
of visual prop erties . This visual description is made using the visual concept
ontology .

² A spatial relation description : it describes the set of optional spatial relations
with other domain classes. It is represented by a list of relational prop erties .
This description is made using the spatial relation ontology .

² An imp ortance order : it represents the importance of the domain class in the
taxonomy. The importanceorder is represented asa number between0 (unimportant
domain class)and 1 (highest importance domain class)in parenthesisafter the name
of the domain class. This importance order is used to sort out the list of domain
classto process.The default value is 1.

The generalsyntax of a domain class is represented in the ¯gure 5.4.

5.1.3.2 Prop erties

Prop erties represent descriptive attributes of Domain Class. They are represented by
slots in the frame basedformalism. The representation of a prop ert y includes:
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Figure 5.3: Relations betweengenericknowledgeconceptsof the semantic knowledgebase

² A t yp e: the value type of the property.

² A name : the name of the property.

² A range : the complete set of valuesthat the property can assume.

² A commen t : an informal comment on the property.

² Facets: a set of constraints. We introduce two kinds of facets: at-least and at-
most . They are useful to represent uncertain notion as a mycelium is composed of
at least an hyphaeor spatial structures.

² A weigh t : the importance of the property represented as a number between0 and
1. The default value of the weight is set to 1.

There are three kinds of properties:

² sub-part prop erties : they represent sub-parts of the domain class. They are
instancesof domain classes.

² visual prop erties : they represent the visual description of a domain class. Ac-
cording to the ontology guided domain knowledgeacquisition, they are instancesof
visual concepts provided by the visual concept ontology .
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DomainClass f
name a term of the application domain (1)
commen t \I note here with my own words what is important for this domain class"
Sup erClass the name of the parent domain class
SubP art Description

An optional list of sub-part pr operties
Visual Description

Spatial Description
An optional list of visual pr operties

Color Description
An optional list of visual pr operties

Texture Description
An optional list of visual pr operties

Spatial Relation Description
An optional list of relation al pr operties g

Figure 5.4: The general syntax of a domain class. The syntax imposedby the model is
represented in bold face.

² spatial relationship prop erties : they represent the property of having a spatial
relation with another domain class. Their representations are a particular case. As
explained in [Le Ber and Napoli, 2002], the spatial relation properties are instances
of spatial relations and their range are domain classes.An example is given in the
¯gure 5.5 with the property hyphaeproperpart relation.

Properties are always de¯ned in a domain class. Their generalsyntax is :

T yp e name property name
commen t \an informal comment on the property"
range [a set of values ]

The ¯gure 5.5represents an exampleof a domain class in the rosepathological domain
and its associated properties.

5.1.3.3 Con text Criteria

Various context criteria , implemented by rules, play a role in the semantic interpretation
solving problem. They represent inferential knowledge.

1. Initialization in terpretation criteria contain information on how to initialize the
semantic interpretation solving problem. According to the domain context and the
acquisition context, initialization interpretation criteria enableeither the initializa-
tion of somecharacteristics of domain classes(e.g. ¯gure 5.6) or, in particular cases,
the initialization of data in the semantic fact base(e.g. ¯gure 5.7). They are mainly
usedto set up the value of the importance order of domain classes.
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DomainClass f
name hyphae
commen t \A thread-like, tubular ¯lamentous fungal structure"
Sup erClass FungiSymptom
Visual Description

Spatial Description
Geometry name hyphae geometry

range [Curve Line Segment]
Thickness name hyphae thickness

range [Very Thin Thin ]
Straightnessname hyphae straightness

range [Almost Straight]
Color Description

Neutral Color name hyphae color
range [White Gray]

Lightness name hyphae lightness
range [Very Light Light ]

Spatial Relation Description
ProperPartOf name hyphae properpart relation

range [Leaf ]
g

Figure 5.5: Representation of the domain classhyphae

Initialization In terpretation Criteria
Rule f

name the name of the rule
commen t \I note here with my own words the meaning of the criteria"
Link edDomainClass the name of the domain class linked to the criteria
Let context a Domain con text (or A cquisition con text )
If context attribute a has value v
T hen set domain class importance order to value v1

g

Figure 5.6: The generalsyntax of an initialization interpretation criteria that makesdeci-
sionsabout the importance order of domain classes.

2. Post in terpretation criteria contain information to re¯ne results of the inter-
pretation according to the domain context. They are applied after the semantic
interpretation process.They generatean interpretation report (e.g. ¯gure 5.8) .
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Initialization In terpretation Criteria
Rule f

name the name of the rule
commen t \I note here with my own words the meaning of the criteria"
Link edDomainClass the name of the domain class linked to the criteria
Let context a Domain con text (or A cquisition con text ) and object a visual object
If context attribute a has value v
T hen set object attribute a1 to value v1

g

Figure 5.7: The generalsyntax of an initialization interpretation criteria

All the context criteria are linked to domain classes. The external form of all kinds of
context criteria is :

Let declarations
If premise

T hen action

² declarations declaretyped free variablesusedin premiseor in the action. They refer
to objects in the fact base. Their types are either domain context or acquisition
context or a visual object in the fact base.

² premise represents a condition to be ful¯lled for given actions to take place. It checks
someproperties of free variables or global variables in declarations. It corresponds
to a typical situation with respect to the domain expertise.

² actions are decisionsguiding the interpretation processin response to the stated
premises.

5.1.3.4 Domain Taxonom y

Domain taxonom y represents the tree re°ecting the specialization hierarchy of the set
of domain classes. The representation of the domain taxonomy includes :

² A name;

² The root of the taxonomy;

² The list of domain classesthat composesthe taxonomy;

² The list of context criteria linked to the domain classesof the taxonomy.

The generalsyntax of a domain taxonomy is given in ¯gure 5.9
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Post In terpretation Criteria
Rule f

name the name of the rule
commen t \I note here with my own words the meaning of the criteria"
Link edDomainClass the name of the domain class linked to the criteria
Let context a Domain con text (or A cquisition con text )
If true and context attribute a has value v
T hen send\interpr etation report"

g

Figure 5.8: The generalsyntax of a post interpretation criteria

DomainT axonom y f
name a string
Ro ot a domain class
Domain Class List a list of domain class
Con text Criteria List a list of con text criteria
g

Figure 5.9: The generalsyntax of a domain taxonomy

5.1.3.5 Domain Con text

Domain context corresponds to the explicit description of the context of the applica-
tion domain. The domain context represents all the additional, non visual, declarative
knowledgewhich in°uences the semantic interpretation problem solving. Domain context
is implemented by frames. The domain context description in the semantic knowledge
baseis made by domain experts with respect to the syntax given in ¯gure 5.10. Instances
of domain context are written by the end user and stored in the semantic fact base. The
syntax of domain context instancesis also given in ¯gure 5.10.

5.1.3.6 Acquisition Con text

Acquisition context corresponds to the explicit description of the knowledge of the
image acquisition. This knowledgecan in°uence the semantic interpretation process.The
importance of the explicit representation of this kind of knowledge was emphasizedin
[Sandakly and Giraudon, 1995]. The acquisition context contains:

² information on the sensor: its type, its usemode, its magni¯cation, its passband.

² information on the image acquired with the sensor: the image resolution.
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DomainCon tex f
name DomainContext name
A ttributes

A list of attributes
g

DomainCon textInstance f
DomainContext name name the name of the instance
A ttributes

A list of attributes with their assigned values
g

Figure 5.10: The generalsyntax of a domain context

In the sameway than domain context, instancesof acquisition context are written by the
end user and stored in the fact base. Information on the syntax is depicted in ¯gure 5.11.

5.1.3.7 Domain Request

Domain Requests are queriesof semantic interpretation on particular data. Their rep-
resentation is composedof:

² An input image;

² A domain context;

² An acquisition context;

² A targeted domain class: the end user can focus the semantic interpretation
processto a speci¯c part of the domain taxonomy by giving the nameof the Domain
class to start the interpretation;

² A high lev el goal.
The high level goal refers to the objective of the end user. We identify three kinds
of high level goals :

{ The detection of the presenceof a preciseobject in the sceneand its identi¯ca-
tion (Single Detection );

{ The detection of all the occurrencesof a preciseobject in the sceneand their
identi¯cation (Multiple Detection );

{ The detection and identi¯cation of all the objects which are present in the scene
(Scene Analysis )

Domain requests are the meanfor the enduserto describethe initial problem of semantic
image interpretation. The aim of the global semantic interpretation system is to respond
to this request. The typical representation of a domain requestand of one of its instances
are represented on ¯gure 5.12.
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AcquisitionCon tex f
name GeneralAcquisitionContext
A ttributes

Sym bol name Sensortype
default
range [a list of sensors]

Float name Sensormagni¯cation
default
range [a list of magni¯cation values]

Sym bol name Sensoruse mode
default passive
range [passive active]

Float name Sensorpassband
default
range [the interval of light ray]

Float name Image resolution
range [a list of resolution values]

g

AcquisitionCon textInstance f
GeneralAcquisitionContext name context1
A ttributes

Sensortype:= ...
Sensormagni¯cation:= ...
Sensoruse mode:= ...
Sensorpassband:= ...
Image resolution:= ...

g

Figure 5.11: The generalsyntax of an acquisition context

5.1.3.8 Visual Data Managemen t Request

Visual data managemen t requests are hypothesesof visual objects. They are built
by the semantic interpretation systemand sent to the visual data management system. A
visual data management request contains:

² The description of the hypothesized visual object to process. It is built by the
semantic interpretation system using a domain classdescription;

² The mode of the process. It refers to the high level goal. This mode is represented
by the number of visual objects to ¯nd. It is either a ¯xed number or unknown.

Impreciseand uncertain knowledgeis represented using results from possibility theory
and fuzzy set theory. All visual concepts are imprecise by nature. Their imprecision
is managedby the visual data management module. An imprecise fact is characterized
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Domain Request f
name the name of the request
commen t \an informal comment on the domain request"
A ttributes

Image name input image
DomainCon text name domain context
AcquisitionCon text name acquisition context
Sym bol name high level goal

range [SingleDetectionMultipleDetection CompleteSceneUnderstanding]
DomainClass name targeted domain class

g

Domain Request f
name Powdery Mildew Request
commen t \Is there an infection of powdery mildew and in what stageof development?"
A ttributes

input image:= image1
domain context:= dcontext1
acquisition context:= acontext1
high level goal:= SingleDetection
targeted domain class:= Fungi

g

Figure 5.12: The generalsyntax of domain request

by a possibility distribution. A uncertain fact is characterized by a con¯dence factor (a
possibility measure)and a doubt factor.

5.1.3.9 Formal de¯nitions

According to the knowledge concepts,we give the following de¯nitions. They are useful
to describe the algorithm of the semantic interpretation engine.

² De¯nition 1 Let µ = f Ci =i 2 1::ng a set of visual concepts .
¹ µ is a partial order betweenvisual concepts. 8(Ci ; Cj ) 2 µ2; Ci ¹ µCj meansthat Ci

is a sub-conceptof Cj

hµ; ¹ µi represents the Visual Concept On tology as a hierarchical structured set
of terms to describe real world conceptson images. More precisely, it represents the
visual concept taxonom y.

² De¯nition 2 Let Rel = f Rj =j 2 1::pg a set of spatial relations .
¹ R is a partial order between spatial relations. hR; ¹ R i represents the Spatial
Relation On tology asa hierarchical structured set of spatial relations to describe
the spatial con¯gurations of physical objects in the scene.
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² De¯nition 3 Let Á = f ®k=k 2 1::mg a set of domain classes.
¹ Á is a partial order betweendomain classes
¿ = hÁ;¹ Ái the Domain Class Taxonom y.
A 2 µ is the set of instancesof visual conceptsusedto describe visual properties.
S 2 Á is the set of instancesof domain classusedto describe sub-part properties.
R 2 Rel is the set of instancesof spatial relation usedto describe relational proper-
ties.
For a Domain Class ® 2 Á;® = (A ®; S®; R ®) we call :

{ A ® µ A the visual description of ®

{ S® µ Á the sub-part description of ®

{ R ® µ R the spatial relational description of ®

² De¯nition 4 Let a 2 A ®, s 2 S® and r 2 R ® be respectively a visual property, a
sub-part property and a relational property of ® 2 Á.
We de¯ne Dom : A ® ! µ so that Dom(a) is the range of a, i.e. the set of possible
valuesof a.
We de¯ne Dom : S® ! Á so that Dom(s) is the range of s, i.e. the set of possible
valuesof s.
We de¯ne Dom : R ® ! Á so that Dom(r ) is the range of r , i.e. the set of possible
valuesof r .

² De¯nition 5 C = f crkg is a set of context criteria.

5.1.4 The Semantic I nterpretation Fact Base

The semantic interpretation fact basecontains interpretation facts. These interpretation
facts are either the initial semantic interpretation problem description or the data to
interpret. The initial semantic interpretation problem is described by a particular domain
request with the corresponding instancesof input image, domain context and acquisition
context. Moreover, the semantic interpretation fact basecontains the data to interpret.
Thesedata are structured in visual ob jects and perceiv ed scene description .

5.1.4.1 Visual Ob jects

According to the state of the interpretation, visual ob jects are either hypothesesof
a domain class (which have to be processedby the visual data management system) or
symbolic description of perceived data on images(which have beenprocessedby the visual
data management system). As visual objects are processedby the visual data management
system,they aresharedwith the data management system. THere are three kinds of visual
objects: (1) primitiv e visual ob ject , (2) comp osite visual ob ject and (3) visual
scene ob ject .

1. Primitiv e visual ob ject
A primitiv e visual object is composedof:

² A state: it de¯nes the state of the object in the global semantic interpretation
process.The state can be:

{ hypothesized (hyp): the visual object is a visual hypothesis of a semantic
domain class. It has not yet been processedby the lower level modules.
The link with corresponding data on imagesdoesnot exist.
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{ missing (miss): the hypothesizedvisual object has been processedby the
lower level modules but no data in images correspond to the hypothesis
made by the semantic interpretation module.

{ perceived (peir): the hypothesizedvisual object has beenprocessedby the
lower level modules. It is associated with data on images. In robotics, we
will say that is is anchored with image data. Perceived visual objects are
inputs of the semantic interpretation module.

{ partial ly recognized (partial): the perceivedvisual object hasbeenprocessed
by the semantic interpretation module. A partial interpretation of this
object has been made. It is partial in the sensethat it is not perfectly
recognized.Someattributes can be missingdue to occlusionsor bad object
extraction for example.

{ recognized (rec): a semantic interpretation is associated with the visual
object. The visual object has been recognizedas a possible instance of a
domain class.

² A set of visual attributes which corresponds to the symbolic description of the
visual object. A visual attribute has a state which is either hypothesized or
perceived. A visual attribute is de¯ned by :

{ A name;
{ A type (Visual Concept);
{ A state;
{ Optional perceived values(completed by the visual data management pro-

cess);
{ An expected range of values (completed by the semantic interpretation

hypothesisphase);

² A link with the associated (or anchored) image data in image;

² A list of associated domain classeswhich are possiblesemantic interpretations
for the visual object and their compatibilit y and incompatibilit y values.

Visual objects are automatically built by the semantic image interpretation system
and processedand completed by the visual data management system. They are not
piecesof knowledge written by experts but facts. Nevertheless,they could also be
hand coded (to test the semantic interpretation engine for example) according to a
syntax described in ¯gure 5.13. This ¯gure enablesto summarize and clarify the
notion of visual object.

2. Comp osite Visual Ob ject
A composite visual object is the type of visual object generatedby spatial structures.
A composite visual object is a visual object composedof a structured and spatially
constrained set of identical primitiv e visual objects. It corresponds to the spatial
repartition of a primitiv e visual object and a spatial relation. Examplesof composite
visual objects are network of connected lines (mycelium), circle of neighborhood
circular surfaces(white °y eggs),rows of neighborhood rectangular surfaces(rows of
building,...).

A Comp osite Visual Ob ject (¯gure 5.14) is represented by:

² A state;

² The description of the structural primitiv e visual object;
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Primitiv eVisualOb ject f
name a string
state [hyp miss peirc partial rec]
Visual A ttributes

VisualConcept name attribute1
exp ectedv alues List of VisualConcept Instances
perceiv edvalues empty or namesof the recognized visual concepts with con¯dence degree

...
ImageData empty or instance of image data
Asso ciatedDomainClasses empty or weighted list of domain classnames
g

Figure 5.13: General description of a primitiv e visual object

² The spatial relation which links the set of primitiv e visual objects;

² The visual description of the complete spatial structure (e.g. list of attributes
which describe the complete structure);

² A link to the corresponding perceived image data;

² The list of associated domain classeswhich are possiblesemantic interpretation
for the visual object and their compatibilit y and incompatibilit y values.

Comp ositeVisualOb ject f
name a string
state [hyp miss peirc partial rec]
structuralob jectdescription A primitive visual object
spatialrelation A spatial relation
Visual A ttributes

VisualConcept name attribute1
exp ectedv alues List of Visual Concept instances
perceiv edvalues empty or namesof the recognized visual concepts with con¯dence degree

...
ImageData empty or instance of image data
Asso ciatedDomainClasses empty or weighted list of domain classnames
g

Figure 5.14: General description of a composite visual object

3. Visual Scene Ob ject
A visual sceneobject represents a set of visual objects which are linked by spatial
relationships.
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A visual scene ob ject (¯gure 5.15) is composedof:

² A state;

² The description of the main primitiv e or composite visual object;

² The set of related visual objects;

² The set of spatial relations between the main object and the related visual
objects;

² A link to the corresponding perceived image data;

² The list of associated domain classeswhich arepossiblesemantic interpretations
for the visual object and their compatibilit y and incompatibilit y values.

VisualSceneOb ject f
name a string
state [hyp miss peirc partial rec]
main visualob ject A primitive visual object
relatedob jects A list of related objects
spatialrelations A set of spatial relations
ImageData empty or instance of image data
Asso ciatedDomainClasses empty or weighted list of domain classnames
g

Figure 5.15: General description of a visual sceneobject

5.1.4.2 Perceiv ed Scene Description

T he perceiv ed scene description is a list of visual objects. It contains all the visual
objects created and analyzed during a sessionof global semantic image interpretation
process. It is the memory of the semantic interpretation system and of the visual data
management system. Someof the objects contained in the perceived scenedescription can
be \ac tive" and the others. \p assive". Activ e objects correspond to objects in processing
or waiting for processing.Passive objects correspond to objects that have beenprocessed
but that can be usedduring the processingof other objects (t ypically for the management
of spatial relations).

5.1.4.3 Formal De¯nitions

² De¯nition 6 A Primitiv e Visual Ob ject O = (sO ; M O ; I O ; DO) is de¯ned by a
state sO , a set of attributes with state M O = f mi =i 2 1::qg, a link with the associ-
ated data in image I O (if they exist) and a semantic interpretation D O (if it exists).
The state sO could be hypothesized, missing, perceived, partial ly recognized and rec-
ognized. It de¯nes the current state of the visual object in the global semantic
interpretation process.An attribute m i is a 4-tuple hm i ; t i ; hi ; ei i where:

{ mi is the name of the attribute
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{ t i is the type of the attribute, t i 2 µ

{ ei is the set of perceived values of the attribute, resulting from measurements
on imagesand completed by the lower level modules

{ hi is the expected range of values the attribute, resulting from hypotheses
of domain classes. mq;i is the notation of the q-th value of the range of the
attribute m i

² De¯nition 7 A Comp osite Visual Ob ject O = (sO ; M O ; I O ; DO ; Str uctO ; RelO)
is also represented by the description of its structural visual object Str uctO and the
spatial relation that links the structural objects RelO .

² De¯nition 8 Let PSD = fO p [ Oh [ Og the Perceiv ed Visual Description . It
is an input of the interpretation module.
Op = f Opi =i 2 1::pg is a set of perceived Visual Ob jects
Oh = f Ohi =i 2 1::r g is a set of hypothesizedVisual Ob jects
O the other visual objects.

5.1.5 Semantic I nterpretation Reasoning

All the introducedknowledgeand fact conceptsare managedby a semantic interpretation
problem solving mechanism. This mechanism is implemented in a semantic interpretation
engine. The aim is to interpret the perceived scenedescription from a semantic point of
view, using the application domain terminology. The semantic interpretation engine is
basedon a depth-¯rst traversal of the tree of domain classes(domain taxonom y). For
each domain class, the semantic interpretation engine performs an hypothesis and test
cycle:

² During an hypothesis phase,the semantic engine asks for low level information. It
builds a visual data management request by the generation of hypotheseson the
visual and relational attributes of expected visual objects. It usesthe description of
domain classes.

² During the test phase,the perceived visual object to interpret is compared to each
node of the domain classtree from the current domain classto the leaf classesof the
domain taxonomy. The aim is to ¯nd the classthe perceived visual object belongs
to. If low level information is needed,a recursive call to the hypothesis phase is
made.

The complete semantic interpretation algorithm corresponds to the algorithm 1. The
semantic interpretation processstarts with an end user domain request. At the beginning
of the global process,the perceived scenedescription is empty. The generalmodel of the
semantic interpretation problem solving can roughly be decomposedin several phases,as
shown in the ¯gure 5.16:

1. Initialization phase(seealgo 2)

2. Hypothesisbuilding (seealgo 3)

3. Semantic Matching (seealgo 4)

4. Interpretation Re¯nement (seealgo 1 from lines 13 to 23 )
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Figure 5.16: Relations betweengenericknowledgeconceptsand reasoningphases.Dotted
arrows show which typesof knowledgebaseconceptsare usedfor which reasoningphase

5. Post Interpretation phase(seealgo 1 line 26)

For each domain class,two alternativ esare possible:

1. The perceivedscenedescription is completewith respect to the domain class: i.e. the
necessaryinformation has been extracted from imagesand managedby the visual
data management. Thus, the semantic interpretation engine has to ¯nd the class
the current visual object (or visual spatial con¯guration of objects) belongs to by
matching the current visual object description with the current domain class

2. The perceived scenedescription is incomplete with respect to the domain class: i.e
low level processesare necessaryto perform the semantic interpretation. The aim
of the semantic interpretation engine is to guide these low level processesby the
building of hypotheses.The building of hypothesesis described in algorithm 3.

5.1.5.1 Initialization Phase

The phaseof initialization has two main objectives. First, the initialization phaseconsists
in the building of a visual object corresponding to the root of the domain taxonomy.
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Algorithm 1 Semantic In terpretation Engine (Domain Request r, Perceived Scene
Description PSD)

Given a Semantic Interpretation Knowledge Base IKB and its domain taxonomy taxo
1: Initialization (r,PSD,taxo)
2: while The list of domain classes(DCList ) is not empty do
3: Curren t Domain Class ®:= ¯rst in the DCList
4: Curren t Visual Ob ject CVO := FindVisualOb ject (PSD,®)
5: Hyp othesis Building (CVO, ®)
6: VisualDataManagemen tRequestBuilding (CVO,Nb ob jects )
7: Waiting for visual data management results
8: Updating of PSD
9: while The list of active visual objects in PSD is not empty (multiple detection) do

10: CVO:= ¯rst in the list
11: Semantic Matc hing (CVO, ®)
12: Test global compatibilit y and incompatibilit y coe±cients using compatibilit y and

incompatibilit y thresholds
13: if ® is acceptedthen
14: ® is a possibleinterpretation of CV O: add ® in CVO.AssociatedDomainClasses
15: CVO.state:= recognized or CVO.state:= partial ly recognized
16: if ® is a leaf of the Domain Taxonomy taxo then
17: Go to 9
18: else
19: Sort out and add sub-classesof ® in DCList (using domain taxonom y

taxo and importance order of sub-classesof ® )
20: end if
21: else
22: Drop Current Domain Classand its sub-classes
23: end if
24: end while
25: end while
26: Return the interpretation results : list of domain classesof the recognizedvisual objects

and diagnosis(using postclassi¯cation criteria )
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This visual object is added in the perceived scenedescription. This visual object is not
inevitably processedby the visual data management process. It is used as background
information. In most of the cases,the visual concept corresponds to the complete image
(as the root domain classcorresponds to the abstraction of the completescene).To set up
the valuesof the visual attributes of this visual object, initialization interpretation criteria
areactivated. They alsoinitialize the domain knowledgebaseby setting up the importance
degreeof the domain classesof the domain taxonomy. Then, this phaseconsists in the
selectionof the ¯rst domain classto processaccording to the domain request.

Algorithm 2 Initialization (Domain Request r, Perceived SceneDescription PSD, Do-
main Taxonomy taxo)

1: if r.high lev el goal == Single Detection then
2: Add r.DomainClass in the list of domain classto process(DCList )
3: Nb ob jects := 1
4: Hyp othesis Building (new Visual Object VO back , taxo.root)
5: else if r.high lev el goal == Multiple Detection then
6: Add r.DomainClass in the list of domain classto process(DCList )
7: Nb ob jects := Unknown
8: Hyp othesis Building (new Visual Object VO back , taxo.root)
9: else if r.high lev el goal == Scene Analysis then

10: Add taxo.root in the list of domain classto process(DCList )
11: Nb ob jects := 1
12: end if
13: Activ ation of Initialization In terpretation Criteria

5.1.5.2 Hyp othesis Building Phase

The role of the hypothesisbuilding phaseis to propagate domain knowledgeto guide the
lower level processes.The hypothesisbuilding is madeusing the description of the domain
classes.

5.1.5.3 Semantic Matc hing Phase

The semantic matching phaseconsists in the comparison of the current perceived visual
object with a domain class.
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Algorithm 3 Hyp othesis Building (Visual Object VO, Domain Class to process®)
1: for Each attribute a of ® (8a 2 (A ®; S®; R ®)) do
2: if a is a sub-part attribute (8a 2 S®) then
3: Recursive Call to 1 on sub-part taxonomy
4: else if a is a relational attribute (8a 2 R ® a represents R(®; ®r el)) then
5: VO is a Visual Scene Object
6: Create a hypothetical relation in VO
7: Search for a partially recognizedor recognizedvisual object VOr el corresponding

to the domain classin relation in the fact base
8: if VOr el exists then
9: Add VOr el in the list of visual objects in relation with VO

10: else
11: Hyp othesis Building (New Visual Object N VOr el, ®r el)
12: Add N VOr el in the list of visual objects in relation with VO
13: end if
14: else if a is a visual attribute (8a 2 A ®) then
15: if a corresponds to a spatial structure: spatialstructure(R,®i ) then
16: VO is a Composite Visual Object
17: Hyp othesis Building (Component of VO,®i )
18: The relation betweenthe component of VO is R
19: else
20: Create an hypothetical attribute m corresponding to a in VO
21: end if
22: end if
23: end for

Algorithm 4 Semantic Matc hing (Visual Object CV O, Domain Class®)
1: for Each attribute a of ® (8a 2 (A ®; S®; R ®)) do
2: if a is a sub-part attribute (8a 2 S®) then
3: Recursive Call on sub-part taxonomy
4: else if a is a relational attribute (8a 2 R ®) then
5: Search in the perceived scenedescription PSD for the corresponding visual object

: RV O
6: Recursive call on the domain class in relation ®r el Semantic Matc hing (RVO,

®r el)
7: else if a is a visual attribute (8a 2 A ®) then
8: Compute coe±cients of compatibilit y and incompatibilit y of the values of the

corresponding attribute of a in CV O with the range of possiblevaluesof ®
9: end if

10: end for
11: Compute global coe±cients of compatibilit y and incompatibilit y for ® and CV O
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5.2 The Visua l Da ta Ma nagement Framework

5.2.1 Analysis of the Visual Data Managemen t Problem

5.2.1.1 In tro duction

A visual application is an application that inherently manipulates visual data, involving
its management. Thesevisual data should correspond:

² either to symbolic data: i.e. the abstract representation of the scene,its symbolic
description essentially qualitativ e by nature. In our case, the symbols are visual
conceptsprede¯ned in the visual concept ontology.

² or to a low level information describing the image in terms of image data primitiv es
or numerical descriptors. This information is essentially a quantitativ e one.

The visual data management problem consists in making the link between these two
di®erent kinds of data. Indeed, these data represent the same physical scenebut from
di®erent points of view in di®erent representation spaces:the perceived one and the sym-
bolic one. It has a role of interface between a perception system (in our case,an image
processingsystem) and a high level symbolic system (semantic interpretation system).

It emphasizesoneof the major sub-problemsof the imagesemantic interpretation: the
correspondencebetweensymbols and sensordata that refer to the samephysical objects.
We refer to this problem by the term semantic gap in the image retrieval communit y
and by the term sym bol grounding in arti¯cial intelligence. It represents the lack of
coincidence between meaningful descriptions expected by end users and low level fea-
tures that systems actually compute. In the domain of semantic image interpretation
this problem was rarely consideredas a problem as such. This problem was often in-
cluded and limited to a comparison processbetween the domain dependent classesand
the observations. This comparison is often basedon complex algorithms or on solutions
which are highly dependent on the application domain (e.g. the data abstraction rules in
[Ossolaet al., 1996]). Our aim is to make this problem explicit. For this, we have made
good useof works done in the Robotics communit y. They refer to this problem as the An-
choring problem [Coradeschi, 1999] de¯ned as the problem of establishing and maintaining
the correspondence between the abstract representation and the perceptual data that refer
to the samephysical objects. Good introduction on the Anchoring problem can be found in
[Coradeschi et al., 2001], [Coradeschi, 1999]. In [Bloch and Sa±otti, 2004],an interesting
parallel has beenmade betweenanchoring and pattern recognition.

Moreover, the visual information is by nature a spatial information and it appearsasan
evidencethat the management of visual data implies the introduction of spatial reasoning
processes.Spatial reasoningconsists in the study of the representation, the use and the
reasoningabout the various spatial relations between objects in the space. There is an
intensive and productive research on spatial reasoningin arti¯cial intelligenceand we have
ever mentioned that spatial structures and spatial reasoningare essential to perception
and recognition. However, concerning the spatial reasoningfor image interpretation, the
statement is about the samethat the symbol grounding one : there are only few image
interpretation systems[Cohn A.G, 2002]which have integrated a genericspatial reasoning
service.

5.2.1.2 Ov erview of the Visual Data Managemen t Problem

The main goal of the visual data management problem is to automatically make the link
betweenthe semantic interpretation module and the program supervision module. It plays
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a role of interface between high level (symbolic or even semantic) and low level (image)
vision.

1. An usual sym bol grounding problem
The main sub-problem of the visual data management problem is to ground sym-
bols of the description of the expected scene(the hypothesismade by the high level
interpretation system) with the image data structures resulting from the image pro-
cessing.Indeed, given :

² A set of image data with associated features extracted from the current image
(in our case this set of data is described according to the image processing
ontology ),

² a high level symbolic description of the expected scene(in our casea set of
visual objects described by a set of visual conceptsand spatial relations),

the role of the visual data management system is to make the correspondencein a
fully automatic manner betweenthe two previous sets. An overview of this process
is described in ¯gure 5.17. The aim is to ¯ll the gap between visual conceptsand
image concepts. This processrefers to the Find functionalit y of the Anchoring
problem [Coradeschi, 1999] and can be achieved by a selection and by a structural
matching processbetweenthe two di®erent representations.

The main di±cult y of symbol grounding lies in the di®erent natures of the two set
of data. Indeed, the representation spaceof the two kinds of data are di®erent and
correspondencelinks betweenboth typesof representations have to bebuilt explicitly
or learned [Maillot et al., 2003a].

Moreover, this processseemsto be highly application speci¯c. Indeed, the ground-
ing of the size visual concept Important Size with the numerical value of the area
image region descriptor highly depends on the application. As a consequence,the
extraction and the explicitation of a genericknowledgefor the symbol grounding task
seemsdi±cult. Nevertheless,there is a commonsenseknowledgeon symbol ground-
ing which is application independent. For example,whatever the application is, the
correspondencelink (or grounding relation ) between the image region descrip-
tors eccentricit y, circularit y, rectangularity and the shape visual concept Geometric
Surface is obvious.

We proposeto model and to make explicit this kind of knowledge in a Visual Data
Management KnowledgeBase.

Wepresent our approach with oneof the typical exampleof ¯gure 5.17. This example
is deliberately chosensimple becausethe aim is both to illustrate knowledgeconcepts
and the speci¯c visual data management enginebehavior.

Given the simpli¯ed description of an hypothetical Visual Object V O1 :

² Hypothesis : White Fly

² Description in terms of Visual Concepts (in italic)

{ Heart-Lik e Surface

{ White OR Gray

{ Medium Size
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Figure 5.17: Graphical illustration of our symbol grounding problem

It exists a commonsenselink betweensomevisual conceptsand well known features
that can be extracted from images. For example, it seemsobvious to lie the visual
Concept White with the following set of image color descriptors:f H, S,Vg. In the
samemanner the following set of imageshape descriptors f Eccentric ity, Circularity,
Rectangularity, Convexity, Compactness, ...g is quite obviously linked to the visual
concept Geometric Surface and to all its sub-concepts.

As the link betweenvisual conceptsand image data, each descriptor is modeled as
a fuzzy linguistic variable with a set of linguistic values and their associated fuzzy
sets. Fuzzy set theory enablesthe representation of the imprecision. It is closeto
the way humans would approach this problem of correspondence. Indeed a lot of
visual notions usedby humans to describe objects are fuzzy variables. For example,
due to the approximation we use when we describe shapes, a circular shape does
not only correspond to region in image which circularit y(form factor) is 1. A visual
description is by nature imprecise.

The link between visual concepts and image data descriptors constitutes the
sym bol grounding link G betweenVisual Concept and Image Data descrip-
tors . As in the Anchoring framework presented in [Coradeschi, 1999], the symbol
grounding link encodes the correspondencebetweenvisual conceptsand admissible
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numerical valuesof image descriptors.

In the previous example, the symbol grounding link could be:

² G(Heart-Lik e Surface) = f ellipticit y == medium & compactness== high &
convexity==lo w g

² G(White)= f hue(H) in [104..180]& value(V) in [127..255]g

² G(Gray)= f hue(H) in [104..180]& value(V) in [127..255]g

² G(MediumSize) = f length in [0.8 ..1.2 ] unit :milimeterg

Building the grounding link consistsin de¯ning the set of linguistic valueswith their
corresponding fuzzy sets for the image data descriptors associated with instancesof
visual concepts. Concerning the acquisition processof this knowledge, it is actually
hand coded. The approach is similar in [Mezaris et al., 2004]. Neverthelesssome
interestedworks in our team [Maillot et al., 2003a]proposean automatic acquisition
of this knowledgeby learning techniques.

Concerning the behavior of the visual data management engine, it usesthe symbol
grounding link G on one hand to constrain the image processingproblem and in the
other hand to build a symbolic description in terms of visual conceptsof the image
data. As a consequence,the symbol grounding task can be modeled by a fuzzy
matc hing pro cess between visual objects (structured set of visual concepts) and
betweena structured set of image data entities and associated descriptors.

2. A pro cess in volving grouping
It seemsvery limited to reduce the processof symbol grounding to a matching
process.Indeed, the extraction of imagedata by imageprocessingprograms is often
imprecise. It could be missing, incomplete, erroneousand uncertain. Although the
fuzzy matching processenablesus to manage this imprecision, it is not su±cient:
i.e. the matching processrelies too much on the quality of image processingresults.
It is not possible to establish the correspondencewith high level representation of
physical objects by a direct matching process. Indeed, most of the time, due to
imperfect imageprocessingresults, it is necessaryto add a step of grouping of image
data (to cope with problem of under-segmentation or over-segmentation).

Moreover, visual grouping is a natural processfor the human natural perception. It
was the subject of an intensive research in the Gestalt school of psychology. Gestalt
theory arguesthat human vision performs domain independent perceptual grouping
to group together parts of image that most likely represent a single object in the
scene. This perceptual grouping is done according to several pointed out factors:
proximit y, similarit y, closure,continuit y and symmetry. As a consequence,it seems
essential to add a grouping processin the visual data management task.

Grouping is de¯ned as the process that organizes image data entities into
higher level structures. Interesting thoughts about grouping can be found in
[Engbers and Smeulders,2003]. In most cases,the designof visual grouping process
is application speci¯c. Nevertheless,it exists someworks on genericvisual grouping.
A generalstatement about theseworks is that they are all data-driven, i.e. they do
not usehigh level knowledgeabout expectedobject spatial con¯gurations to manage
the visual grouping process. In [Zlato®, 2004], it is argued that to make a system
aware of what it treats (though not fully dependent), the visual grouping has to be
controlled by high level knowledge. We agreewith this statement. Visual grouping is

112



CHAPTER 5. DETAILED DESCRIPTION 5.2. VISUAL DATA MANA GEMENT

a data-driven (perceptual grouping) and model-driven (knowledge basedgrouping)
process.Spatial relations play an important role in the visual grouping processand it
emphasizesanother time the role of spatial reasoningin the visual data management
problem.

According to [Engbers and Smeulders,2003], for any generic grouping framework,
the following conceptsare de¯ned:

² The data to be grouped: it de¯nes the smallest entities into which a high level
structure can be decomposed.

² The targeted structure: it describes the high level properties of the high level
structure.

² A grouping measure.

² A processof grouping.

The study of a lot of works concerningthe grouping in vision enablesus to draw up
the following points:

² A lot of grouping processesbeginwith a graph building of low level structures.
The way this graph is built highly dependson the typeof the data to begrouped
and on the expected high level structure. Nevertheless,in most of the cases,
basedon the Gestalt law of proximity , recognizedas the most important one
in a grouping process,the graph is a proximit y graph (e.g. adjacency graph,
relative neighboring graph ...)

² Then, the grouping processconsists in computing a grouping measure be-
tween all the linked edgesof the graph. This grouping measureis also highly
dependent on the type of the data to be grouped and on the expectedhigh level
structure.

² The grouping processis an iterativ e processconsisting in grouping all the edges
of the graph whom grouping measureis under a prede¯ned threshold.

² The grouping processis stoppedwhen the expectedstructure is reachedor when
the grouping measurebetweenall the edgesis above a given threshold.

In our approach we have decidedto delegatethe computational part of the grouping
processto the imageprocessingmodule. Indeed,the grouping processcanbemodeled
as a genericfunctionalit y of image processingand it exists a lot of image processing
programs that can be used by the grouping process. It gives birth to the notion of
grouping operator which can be decomposedinto:

² a graph building operator ;

² a grouping measurement operator ;

² a grouping decision process basedon the results of the grouping measurement
operator.

Nevertheless,the grouping processcontrol is a task of the visual data management
system. Indeed, in particular, it :

² takesdecisionsto activate the grouping processaccordingto the imageprocess-
ing results and the visual object hypothesis. Thesedecisionsare represented by
evaluation criteria .
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² propagates the necessaryconstraints to manage the grouping process. The
description of the expected visual object: e.g. appearance,expected number of
objects, spatial relationships, are useful to conduct the grouping process.

3. Top down guiding of lower lev el pro cesses The reliabilit y of image processing
results is a point of strong importance. Unreliable image processingresults can lead
to wrong interpretations. Nevertheless,we have already mentioned that a perfect
image segmentation does not exist and we have seenthat uncertain data manage-
ment processingand visual grouping can help to deal with the imprecision of image
processingresults. Another way to make the imageprocessingresults more reliable is
to provide a top down guidance. Although this fact hasbeenknown for a long time,
this problem were rarely studied in a genericway. This fact revealsanother problem
to deal with: given the expectedvisual scenedescription, how to guide the extraction
processof image data in a genericway? In our case,this guidance implies to make
the interaction with the program supervision module. A program supervision system
receivesas input an image processingrequest: the image processingfunctionalit y to
achieve, the data on the particular caseto work on and particular constraints. To
guide the imageprocessingprocess,the visual data management systemhasto build
image processingrequestsby:

² The choice of the appropriate image processingfunctionalit y among a set of
prede¯ned basic functionalities provided by the image processingontology and
according to the current state of the visual data management process.

² The building of appropriate constraints on the image content.

For example, the useof known spatial relations betweenvisual objects can enableto
de¯ne the area of interest on images. The knowledgeof the discrimination between
two adjacent regions is another example of constraints. This latter constraint can
be used by the program supervision system to choosea simple color segmentation
algorithm to select the object of interest.

We can sum up that by de¯ning a sub-task of the generalvisual data management
task which consistsin inferring imageprocessingconstraints using the expectedscene
description by visual conceptsand by spatial relations. Our approach is basedon
inferencecriteria. For each generic image processingfunctionalit y provided by the
image processingontology, a visual content context is de¯ned. For instance, the
simpli¯ed visual content context associated with the object extraction functionalit y
of image processingcontains, as proposed in [Clouard et al., 1999], the following
attributes:

² knowledgeabout the appearanceof the object to extract:

{ image data type (chosenaccording to the prede¯ned image processingon-
tology);

{ discriminativ e object color;
{ discriminativ e object texture;
{ discriminativ e object luminosity;
{ relative object size;
{ area of interest.

² knowledgeabout the background:

{ cluttered background.
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² knowledgeabout the scene:

{ number of objects,
{ object repartition in images.

The visual data management system gives values to the previous attributes by the
activation of generic criteria contained in the visual data management knowledge
base. By the following we refer to these criteria by visual ob ject extraction
criteria . They represent this kind of common senseknowledge:

² If the expected visual object is described as a thin line then the probability for it
to be represented by ridges on images is high

² If the expected visual object is described as a compact surface, its representation
on images is region

Thesecriteria model an experiencedknowledgeabout visual conceptsand their link
to image concepts. It is di®erent from the hypothesis coming from the high level
domain knowledge. The points of view are di®erent as illustrated in ¯gure 5.18.

Figure 5.18: Illustration of the di®erent points of views concerningthe top-down guiding
of lower level processesby high level knowledgeand the guiding of the program supervision
processby visual object extraction criteria
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4. A highly spatial reasoning pro cess
We have seenthat the useof spatial relations is widely usedin all the sub-problems
of visual data management. In several cases,the visual appearanceof visual objects
is not su±cient to make high or low level decision and an information about their
spatial con¯guration is useful. Spatial reasoning is a big part of the visual data
management reasoning. Indeed, spatial relations can be usedto:

² infer spatial relation from another ones,

² verify the consistencyof the detected spatial con¯guration,

² guide the lower level processesby the propagation of spatial constraints,

² guide the object recognition process,

² perform visual grouping of image data into higher level structures.

The main di±cult y lies in the management of spatial relations of di®erent natures
simultaneously. The involved spatial relations can be topological relations, distance
relations or orientation relations. The visual data management knowledgebasecon-
tains knowledge of spatial relations and knowledge of how to use them to achieve
the sub-tasksof the visual data management.

5. Evaluation of the image pro cessing results
We have already mentioned the great importance of the image processingphase.
In particular, the phaseof object extraction, currently called object segmentation
is of great importance for the next steps of the semantic image interpretation. A
good segmentation refersto the fact that the corresponding segmented imagere°ects
the expected visual object correctly. According to this de¯nition we argue that
the step of evaluation of such image processingresults is beyond the scope of the
image processingsystem but takes part in the visual data management system.
The evaluation of segmentation results currently leadsto three di®erent assessment
results:

² correct segmentation,

² over-segmentation,

² under-segmentation.

5.2.2 Overview of the Visual Data Managemen t Framew ork

We proposeto emulate the di®erent strategiesof visual data management by a visual data
management knowledgebasedsystem. It is typically composedof:

1. A visual data managemen t kno wledge base (VDM kno wledge base)

2. A visual data managemen t engine (VDM engine)

3. A visual data managemen t fact base (VDM fact base)

5.2.2.1 T he Visual Data Managemen t Kno wledge Base

The visual data management knowledgebaseis written by a visual data expert. It depends
on the visual concept ontology and on the spatial relation ontology used to describe the
application domain and on the image processingontology usedto describe the image (see
chapter 4). The achievement of visual data management requires the clear description of
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the di®erent types (symbolic or perceived) of handled data. Knowledgeof the grounding
link between symbolic and sensordata is also neededto solve the visual data manage-
ment problem. The visual data management encapsulatesthis expertise in a declarative
manner. Moreover, the knowledge base also contains expertise on how to perform au-
tomatically visual data management action, such as spatial reasoning, visual constraint
building or visual grouping. This expertise is an inferential knowledge. For the cognitive
vision platform, we proposea general model of knowledge for visual data management:
i.e. the set of application independent conceptsusedto build and structure a visual data
management knowledgebase. This model is composedof:

² Visual data are explicit descriptions of the di®erent types of handled data. They
are implemented by frames. It exists two kinds of visual data in our framework:

{ Symbolic visual data are symbols. They correspond to the description of the
data coming from or intended to a symbolic reasoningmodule. In our frame-
work, the symbolic reasoningmodule is the semantic interpretation module and
sym bolic visual data are visual concepts . They are provided by the visual
concept ontology.

{ Perceived visual data are sensordata. They are explicit descriptions of data
coming from or intended to a perception module. In our framework, the percep-
tion module is the program supervision module and perceiv ed visual data
are image data . They refer to the entit y concepts of the image processing
ontology.

² Fuzzy Descriptors are associated with visual concepts and with image data .
They play an important role becausethey enable to make the link between visual
conceptsand image data. Fuzzy descriptors refer to the descriptor conceptsof the
image processingontology.

² Descriptor Sets are associated to imageData. They are structured setsof descrip-
tors which characterize imagedata. They also refer to the descriptor conceptsof the
image processingontology.

² Spatial relations are explicit descriptions of the di®erent kinds of spatial relations
usedto describe spatial organisations.

² The inferential knowledgeis represented by various visual data managemen t cri-
teria , implemented by rules. They are used to describe decisionsduring the visual
data management problem solving. Thesecriteria are:

{ Ob ject extraction criteria either linked to visual concepts or to spatial
relations . They are usedto constrain program supervision request.

{ Spatial deduction criteria are linked to spatial relations . They are used
to infer spatial relations from another onesduring the visual data management
process.

{ Visual evaluation criteria are used to diagnosethe results of the program
supervision module from a visual data management point of view.

² Image pro cessing functionalities and their associated visual conten t context .

² Visual data managemen t requests expressqueriesof the semantic interpretation
module. We have already described them in the section 5.1.3.
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² Program sup ervision requests expressimageprocessingqueriesfor the program
supervision module.

A detailed description of thesevisual data management knowledgeconceptsis presented
in section 5.2.3.

5.2.2.2 T he visual data managemen t engine

The visual data management engine is application independent. Its role is to use the
knowledge stored in the visual data management knowledge baseto create the \anc hor"
between instancesof image data and visual objects (a structure set of instancesof visual
concepts and spatial relations) in the fact base. To achieve this, the visual data man-
agement engine performs top-down and bottom-up strategies. They include constraint
propagation, fuzzy matching, visual object instantiation and spatial reasoning.

5.2.2.3 T he visual data managemen t fact base

The visual data management fact basedepends on the visual data management request
sent by the semantic interpretation module. This requestdescribesthe current visual data
management problem to solve. The fact basecontains the instancesof symbolic data which
describes the current problem. Identically to the semantic interpretation fact base, the
visual data management fact baseis structured in visual ob jects and perceiv ed scene
description . Moreover, the visual data management fact basealsocontains the instances
of image data resulting from the program supervision module. During the visual data
management reasoning,somedata in the fact basecan be modi¯ed, added or deleted.

5.2.3 Prop osed Kno wledge Mo del for Visual Data Managemen t

This section details the important conceptsinvolved in the visual data management pro-
cess.Theseconceptshave beenmodeled from the point of view of software reuseas well
as from the point of view of the cognitiv e processof visual data management.

5.2.3.1 Visual Concepts

Visual concepts are descriptions from a data management point of view of the concepts
of the visual concept ontology . They are qualitativ e terms usedto visually describe the
real world scene.They are the symbolic data of our framework. According to the visual
conceptontology, they are organizedin a visual concept taxonom y. The representation
of a visual concept is composedof:

² A name;

² A specialization link to situate it in the visual concept taxonomy;

² A grounding link which is the list of fuzzy descriptorsassociated to the visual concept
and their description;

² Object extraction criteria (optional).

The generalsyntax usedto represent visual conceptsis described in ¯gure 5.19.
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VisualConcept f
name a term of the visual concept ontology
Sup erConcept name of the parent in the taxonomy
Grounding Link

list of fuzzy descriptors
Ob ject Extraction Criteria

list of object extraction criteria g

Figure 5.19: General syntax of visual conceptsin the visual data management knowledge
base

5.2.3.2 Fuzzy Descriptors

Fuzzy descriptors are associated to visual concepts to de¯ne the grounding link with
image data features. A fuzzy descriptor models an image data feature provided by
the image processing ontology as a linguistic variable with a fuzzy formalism as in
[Coradeschi et al., 2001]. Its representation is composedof:

² A type (e.g. °oat, integer, symbol,...);

² A name (it corresponds to a term of the image processingontology);

² A comment (e.g. an informal comment on the descriptor);

² A set of linguistic values (e.g. the set of values that can be taken by the linguistic
variable);

² A domain (e.g. the range of numerical valuesof the descriptor);

² A set of fuzzy sets. A fuzzy set is associated with each linguistic value. A fuzzy set
is de¯ned by its membership function on the domain. In our framework, fuzzy sets
are represented by trapezoidal membership function.

² A unit (optional) if the feature represents a real physical measurableproperty (as
the length for example).

In somecases,if an imagedata feature represents a real physical measurableproperty, the
representation of the fuzzy descriptor has not associated linguistic valuesand fuzzy sets.

Fuzzy descriptors are represented as visual concept grounding link attributes. Their
generalsyntax, inside a visual concept is :

Grounding Link
Type name descriptor name

commen t \an informal comment on the descriptor"
linguistic values [a set of descriptor linguistic values]
domain [numerical rangeof the descriptor]
fuzzy sets
list of fuzzy sets
unit [list of common units for the descriptor]
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To illustrate the conceptsof visual concept and fuzzy descriptors , the represen-
tation of the visual concept El liptical Surface is described in ¯gure 5.20. According to
the processof inheritance between visual concepts, a sub visual concept inherits of the
grounding relation of its parents. The specialization correspondseither to additional fuzzy
descriptors in the grounding link or to the restriction of existing fuzzy descriptors.

VisualConcept f
name Elliptical Surface
Sup erConcept Geometric Surface
Grounding Link

Symb ol name eccentricit y
commen t ratio of the length of the longestchord to the longestchord perpendicular to it
linguistic-v alues: [very low low medium high very high]
FuzzySet
Fver y l ow = f 0:0; 0:0; 0:19; 0:21g
Fl ow = f 0:19; 0:21; 0:38; 0:42g
Fmedium = f 0:38; 0:42; 0:575; 0:625g
Fhig h = f 0:575; 0:625; 0:76; 0:84g
Fver yhig h = f 0:76; 0:84; 1; 1g
Domain : [0 1]
unit : none

Sym bol name compactness
commen t Measure of how the shape is closely-packed
...

Sym bol name ellipticit y
commen t Euclidian ellipticity : distance between ¯tting ellipse and region boundary
...

g

Figure 5.20: The representation of the visual concept El liptical Surface in the visual data
management knowledgebase

5.2.3.3 Image Data

Image data are explicit descriptions of the type of image data used to describe program
supervision results. They are the di®erent typesof data structures that can be extracted
from images. They are provided by the image processingontology. In concreteterms, im-
agedata are pixels or set of pixels asdescribed in chapter 4. Their commonrepresentation
is composedof:

² A name;

² A specialization link to situate it in the image processingtaxonomy;

² An information on the in terior and on the boundary of the image entit y;
In terior and boundary are instancesof Image Data ;
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² A list of descriptor sets. They are the numerical descriptors which characterize
image data.

In terior , boundary and descriptor sets are represented as attributes of image data .
Their valuesare computed and completed by the program supervision system.

Imagedata are usedto described program supervision results or to instantiate program
supervision requests. In consequence,they represent either data or operator argumen ts
in the program supervision knowledgemodel (seesection 5.3.2). Their syntax is identical
to the syntax used to describe data in the program supervision knowledge model. The
generalsyntax of image data is represented in ¯gure 5.21.

ImageData f
name image data name (entity concept in the IP ontology)
commen t \A n informal comment on the data"
Subt yp e Of the name of the parent class in the image data taxonomy

A ttributes
ImageData name interior
ImageData name boundary
List of descriptor sets g

Figure 5.21: General syntax of imagedata in the visual data management knowledgebase

5.2.3.4 Descriptor Set

Descriptor Sets are structured setsof descriptors. This knowledgestructure enablesto
organizeand to gather descriptorsof the samefamily (sizedescriptor, shape descriptor,...).
Moreover, with this representation, the association of a set of descriptors to an imagedata
is more °exible. Their generalsyntax is given in ¯gure 5.22.

Descrip orSet f
name a name
commen t \A n informal comment on the descriptor"
Subt yp e Of the name of the parent descriptor set

A ttributes
List of descriptors (i.e. descriptor concepts in the IP ontology g

Figure 5.22: General syntax of descriptor sets in the visual data management knowledge
base
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5.2.3.5 Spatial Relation

Spatial Relation is the main knowledge concept used to represent knowledge of space:
i.e. the spatial relationships betweenobjects. Spatial relation is the explicit representation
of a spatial relation provided by the spatial relation ontology, i.e. the explicit description
of spatial relation properties. This explicit representation of spatial relationships enables
to processthem independently and to perform a spatial reasoningonly basedon spatial
relations. According to the set theory of the space,spatial relations can have a prede¯ned
set of properties. Be O a set of objects. Properties of spatial relations are:

² Symmetry : a spatial relation R is symmetric if:
8(Oi ; Oj ) 2 O2 : Oi R Oj , Oj R Oi

² Inverse Relation : the inverse spatial relation R ¡ 1 of a spatial relation R is the
spatial relation such that:
8(Oi ; Oj ) 2 O2 : Oi R Oj , Oj R ¡ 1 Oi

² Transitivity : a spatial relation R is transitiv e if:
8(Oi ; Oj ; Ok ) 2 O3 : Oi R Oj ; Oj R Ok , Oi R Ok

² Composition : given two spatial relations R 1 and R 2 and 3 objects, O1; O2; O3 2 O
such that O1 R 1 O2 and O2 R 2 O3, the composition of the two spatial relations R 1

and R 2 is the spatial relation R = R 1 ±R 2 such that O1 R O3

The property of composition is a powerful property becauseit enablesthe inference
of relations.

² Complement : the complement of a spatial relation R is the spatial relation R c such
that:

{ R and R c aredisjoint , i.e. 8(Oi ; Oj ) 2 O2 : Oi R Oj , (not) Oi R c Oj

{ 8(Oi ; Oj ) 2 O2 : Oi R Oj or Oi R c Oj holds

In referenceto the spatial relation ontology, it exists two kinds of spatial relations:

1. Topological Spatial Relations represent topological relations

2. Metric Spatial Relations represent fully metric spatial relations, i.e. distanceand
orientation relations.
Metric Spatial Relations can be established in terms of three basic concepts
[Cohn A.G, 2002]: the primary object (PO), the referenceobject (RO) and the frame
of reference.To be able to deal with Metric Spatial Relation as binary relations,
the frame of reference is explicitly represented. If the primary object is a part
(dep enden t part ) of the referenceobject, the referenceframe is the referenceobject
coordinate system. If the primary object is an independent object of the scenethe
referenceframe is the image coordinate system.

At last, another important aspect of spatial relations is their meaning. For example,the
spatial relation O1 Is Near Of O2 meansthat the distance betweenO1 and O2 is greater
than a prede¯ned threshold. This meaning is explicitly represented by a condition . Each
spatial relation has an associated condition . The veri¯cation of the condition implies
the veri¯cation of the spatial relation . This condition is used to make the ground-
ing of spatial relations in imagesand spatial relations in the real world as it is done in
[Egenhoferand Sharma, 1993]. The computation of relations on imagesis the samethat
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Name of the relation Conditions
EQ(x; y) f x± ¡ y± = ; ; y± ¡ x± = ; ; x± \ y± 6= ; ; @x \ @y 6= ;g
N TTP(x; y) f x± ¡ y± = ; ; y± ¡ x± 6= ; ; x± \ y± 6= ; ; @x \ @y = ;g
TTP(x; y) f x± ¡ y± = ; ; y± ¡ x± 6= ; ; x± \ y± 6= ; ; @x \ @y 6= ;g
N TTP ¡ 1(x; y) f x± ¡ y± 6= ; ; y± ¡ x± = ; ; x± \ y± 6= ; ; @x \ @y = ;g
TTP ¡ 1(x; y) f x± ¡ y± = ; ; y± ¡ x± = ; ; x± \ y± 6= ; ; @x \ @y 6= ;g
PO(x; y) f x± ¡ y± 6= ; ; y± ¡ x± 6= ; ; x± \ y± 6= ; ; @x \ @y 6= ;g
EC(x; y) f x± ¡ y± 6= ; ; y± ¡ x± 6= ; ; x± \ y± = ; ; @x \ @y 6= ;g
DC(x; y) f x± ¡ y± 6= ; ; y± ¡ x± 6= ; ; x± \ y± = ; ; @x \ @y = ;g
DR(x; y) f x± \ y± = ;g
PP(x; y) f x± ¡ y± = ; ; y± ¡ x± 6= ; ; x± \ y± 6= ;g
PP ¡ 1(x; y) f x± ¡ y± 6= ; ; y± ¡ x± = ; ; x± \ y± 6= ;g

Figure 5.23: The conditions for the set of topological relations

verifying a set of conditions on image data.
For the topological relations, the conditions are based on operations on sets
[Egenhofer,1993] which are based on the intersection and the di®erence of the no-
tions of interior and boundary of the objects in relation. In [Le Ber and Napoli, 2002],
[Mangelinck, 1998], the authors, interested in satellite image understanding, lay stresson
the problem of the boundary de¯nition on images. They proposefour set operations to
de¯ne the conditions associated to the topological relations basedon the intersection and
the di®erenceof the boundary and interior of two objects. If x and y are the two objects in
relations de¯ned by their interiors (x±; y±) and their boundaries (@x; @y), the four opera-
tions are: the intersection of the interior x± \ y±, the intersection of the boundaries@x \ @y,
and the di®erencesof the interiors x± ¡ y± and y± ¡ x±. The conditions for topological
relations given by the spatial relation ontology are described on ¯gure 5.23.

To summarize, the common representation of spatial relations is composedof:

² A name;

² A comment;

² A specialization link (to represent the hierarchy of spatial relations);

² The complement of the spatial relation (if it does not exist, the complement is set
to None );

² The inverseof the spatial relation (if it doesnot exist, the inverseis set to None );

² Information on the property of symmetry of the spatial relation, i.e. if it is symmetric
or not;

² The set of conditions to verify the relation;

² Information on objects in relations (e.g. their name, their types). In our framework,
objects in relation are instancesof visual objects.

The generalsyntax of spatial relations is given in ¯gure 5.24. In addition to this common
information, a metric spatial relation has information on the referenceframe. In our
framework, the referenceframe is either the image coordinate system either the related
object coordinate system.
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SpatialRelation f
name the name (according to the spatial relation ontology)
Sup erRelation name of the parent spatial relation
In verse a spatial relation
Complemen t a spatial relation
Symmetry [True False]
Conditions

set of conditions that verify the spatial relation
Ob jects In Relation

VisualObject name object1
VisualObject name object2 g

Figure 5.24: General syntax of a spatial relation

Spatial relation represen tation
Name Externally Connected

(EC)
Left Of Near Of

Paren t Discrete Orientation Relation Distance Relation
In verse Externally Connected Right Of Near Of
Complemen t None None Far From
Symmetry True False True
Condition EC(x; y) = f x± ¡ y± 6=

; ; y±¡ x± 6= ; ; x±\ y± =
; ; @x \ @y 6= ;g

Angle(x; y) 2 [¡ ¼
4 ; ¼

4 ] Distance(x; y) 2 [10; 20]

Figure 5.25: Abstract view of the representation of di®erent spatial relations in our frame-
work

An abstract view of three spatial relations is shown in ¯gure 5.25. This representation
enables to manage the veri¯cation processof spatial relations according to pre-exiting
onesand to verify the consistencyof detected spatial con¯gurations using the properties
of specialization, complement and inverseof spatial relations. For example,if the systemis
asked to compute a speci¯c spatial relation R betweentwo objects and if the complement
spatial relation R c is already present betweenthis two objects, then the relation R is false.

5.2.3.6 Visual Data Managemen t Criteria

The visual data management knowledgebaseis composedof di®erent criteria. They rep-
resent dynamic knowledge about decisions(e.g. how to constrain a program supervision
request,how to infer spatial relations from existing ones,how to evaluate program super-
vision results). In our framework, criteria are implemented by rules which are attached
either to visual conceptsor to spatial relations. This locality of criteria enableseach piece
of knowledgeto carry its own inferential knowledge. The external form of each visual data
management criteria is the samethan context criteria in the interpretation knowledge
model :
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Let declarations
If premise

T hen action

1. Ob ject extraction criteria are used to decide how to constrain the building of
a program supervision request according to instancesof visual conceptsand spatial
relations. In particular, a spatial constrain t criteria is attached to each spatial
relation. These criteria de¯nes the acceptancearea for the object in relation with
respect to the referenceobject. For example,if we want to extract an object B which
is an the right of a perceived object A, we will focus our research in the image area
de¯ned by the center G of the object A and two lines going through G and of angles
¼
4 and ¡ ¼

4 in the referencecoordinate system.

2. Spatial deduction criteria are usedto deducespatial relations from another ones.
They are only associated to spatial relations. Thesecriteria enableto represent the
known properties of transitivit y and composition of spatial relations.

² Transitivit y criteria represent the property of transitivit y of spatial relations.
They are de¯ned for the spatial relations Left Of, Right Of, Above, Behind,
Equals, N TTP ,N TTP ¡ 1.

² Comp osition criteria are de¯ned to represent the property of composition
between the di®erent spatial relations. We have begun our work with existing
composition table for topological relations [Le Ber and Napoli, 2002] and we
have completed it with orientation and distance relation. Most of the time,
the topological, distanceand orientation relations are processedindependently .
Only fewworks wereinterestedin the composition of spatial relations of di®erent
types[Sistla and Yu, 2000]. Wemakethe hypothesisthat the metric relations
are in the samereferencesystem.

3. Visual evaluation criteria
Evaluation criteria state information on how to evaluate results of the program
supervision module according to prede¯ned constraints de¯ned by the visual data
management module. We will see that the program supervision knowledge base
also includes someevaluation criteria . The latter states information to accessthe
quality of the operator results after its execution. We proposeto add evaluation
criteria at the visual data management level to make a distinction between two
kinds of evaluation:

² The evaluation intrinsic to each low level operator. The scope of theseevalua-
tion criteria is restricted to the program supervision process.

² The evaluation of the image processingresults according to the constraints
given by an higher module. Their consequencesare actions at the level of the
visual data management module. These evaluation criteria are based on the
constraints given by the expected visual object description.

5.2.3.7 Image Pro cessing Functionalit y

The visual data management knowledgebasecontains a set of image pro cessing func-
tionalities (provided by the image processingontology) used to build requests for the
program supervision system. As they are a mean to communicate with the program su-
pervision system, their representation in the visual data management framework is really

125



5.2. VISUAL DATA MANA GEMENT CHAPTER 5. DETAILED DESCRIPTION

closethan their representation in the program supervision framework (seesection5.3.1.3).
The generalsyntax of image processingfunctionalities is given in ¯gure 5.26.

IPFunctionalit y f
name the name of a goal concept of the image processingontology
commen t \an informal comment on the functionality"
Input Data

list of input data with their types and names
Output Data

list of output data with their types and names g

Figure 5.26: General syntax of an image processingfunctionalit y

To each image processingfunctionalit y corresponds a visual conten t context . Vi-
sual conten t contexts , implemented by frames, represent the set of information that
enablesto constrain a particular image processingproblem (e.g. a particular image pro-
cessingfunctionalit y). They corresponds to domain ob jects in the program supervision
knowledgemodel. Their generalsyntax is describe in ¯gure 5.27

VisualCon ten tCon tex f
name contextname
IPF unctionalit y name of the concerned functionality
A ttributes

A list of attributes g

Figure 5.27: The generalsyntax of a visual content context

5.2.3.8 Program Sup ervision Requests

Program sup ervision requests expressimage processingqueries from the visual data
management system to the program supervision system. These program supervision re-
quests have to be comprehensibleby the program supervision module. As the program
supervision knowledgebasemodel is well experienced,the representation is adapted from
the representation of request as described in [Moisan et al., 2001]. Program supervision
requestsare queriesfor an abstract image processingfunctionalit y (provided by the func-
tionalit y conceptsof the image processingontology) on particular data, under particular
constraints. They describe the initial program supervision program. The general syn-
tax of a program supervision request is depicted in ¯gure 5.28. They are instances of
IPfunctionalities.

Examples of image pro cessing functionalities and their associated visual content
context are shown in table 5.29.
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Program Sup ervision Request f
IPFunctionalit y name a name
commen t \an informal comment on the IP request"
A ttributes

list of attributes ( functionality input data assignment)
g

Figure 5.28: The generalsyntax of a program supervision request

Image Pro cessing Request
Image Pro cessing
Functionalit y to
achiev e

Object Extraction Grouping

Information on In-
put Data

Input Image Set of Image Entities

Information on Vi-
sual Con ten t Con-
text

Image Entit y type,
Discriminativ e Color,
Discriminativ e Texture,
Discriminativ e Intensity,
Area of Interest, Num-
ber of Objects, Object
repartition, Background

Image Entit y Type, Spa-
tial Relation, Size,Color

Figure 5.29: Abstract view of the representation of image processingrequests

5.2.4 Visual Data Managemen t Fact Base

Identically to the semantic interpretation fact base, the visual data management fact
baseis structured in visual ob jects and perceiv ed scene description . Moreover, the
visual data management fact basealsocontains instancesof imagedata resulting from the
program supervision module. During the visual data management reasoning,somedata
in the fact basecan be modi¯ed, added or deleted.

5.2.5 Formalizations

² De¯nition 1 µ = f Ci =i 2 1::ng is the set of visual concepts de¯ned in the
previous section

² De¯nition 2 Let Pe = f pei =i 2 1::ng a set of perceived data
Pe is the current set of instances of CPe = f Cpei =i 2 1::mg de¯ning and describing
the possibletype of perceived data (Image Data )
¹ CP e is a partial order betweenImage Data .
CPe = (E; D) where E is the sub-setof CPe corresponding to perceived entities and
D is the sub-setof perceived descriptors or low level descriptors
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For a perceived entit y e 2 E, we de¯ne desc : E ! D so that desc(e) is the set of
possibledescriptors of e.

hCPe;¹ CP e; Rei composesthe data conceptpart of a Image Pro cessing On tology :
a hierarchical structured set of terms to describe image processingresults or image
processingrequests.
Re represents the set of possibleattributed relations betweenE and D

² De¯nition 3 For each Ci 2 µ, we de¯ne LD : µ ! Dn so that LD (Ci is the set of
low lev el descriptors related to the visual conceptsCi

² De¯nition 4 A low level descriptor d 2 D is modeled as a linguistic variable. It
meansthat each low level descriptor is de¯ned as : hd;L d; Dom(d); F uzd; unit i

{ d is the name of the linguistic variable

{ L d = f L 1
d; L 2

d; :::g is the set of linguistic valuesthat can be taken by the descrip-
tor

{ Dom(d) de¯nes the domain of the low level descriptor, i.e. its rangeof possible
numerical values

{ F uzd = f F 1
d ; F 2

d ; :::g is the set of fuzzy set associated to each linguistic value.
A fuzzy set is de¯ned by its membership function

{ unit represent the possibleunit of the descriptor which may represent a mea-
surement (may be empty)

² De¯nition 4 We de¯ne the grounding relation (G) : µ ! Dn between the visual
concept Ci and its related low lev el descriptors LD (Ci ). This grounding relation
associate to each low level descriptor d 2 LD (Ci ) a numerical range or a linguistic
variable.

² De¯nition 5 We de¯ne CVC = f Cr vckg a set of visual data management criteria on
visual concepts

² De¯nition 6 Let R = f Rj =j 2 1::pg the setof spatial relations previously de¯ned.

² De¯nition 7 A Primitiv e Visual Ob ject O = (sO ; M O ; I O ; DO) is de¯ned by a
state sO , a set of attributes with state M O = f mi =i 2 1::qg, a link with the associ-
ated data in image I O (if they exist) and a semantic interpretation D O (if it exists).
The state sO could be hypothesized, missing, perceived, partial ly recognized and rec-
ognized. It de¯nes the current state of the visual object in the global semantic
interpretation process.An attribute m i is a 4-tuple hm i ; t i ; hi ; ei i where:

{ mi is the name of the attribute

{ t i is the type of the attribute, t i 2 µ

{ ei is the set of perceived values of the attribute, resulting from measurements
on imagesand completed by the lower level modules

{ hi is the expected range of values the attribute, resulting from hypotheses
of domain classes. mq;i is the notation of the q-th value of the range of the
attribute m i
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² De¯nition 8 A Comp osite Visual Ob ject C(VOp; R) represents a composite
visual object, i.e. a constrainedcon¯guration of identical (from the semantical point
of view) primitiv e visual objects VOp. It is composedof :

{ n the number of primitiv e visual objects (which may be unknown)

{ VOp the primitiv e visual object description

{ Cg a set of constraints on the spatial con¯guration of the primitiv evisual objects

¤ R is the spatial relation which lies the primitiv e visual objects
¤ M C( V Op ;R) = f mci =i 2 1::qg the set of attributes: i.e. the description in

terms of spatial visual conceptsof the complete visual object

5.2.6 Visual Data Managemen t Reasoning

The visual data management engineperforms several tasks depending on the state of the
interpretation process.It has to:

² Build an image processingrequest with the speci¯ed constraints according to the
description of the hypothesizedvisual objects in terms of visual concepts.

² Selectand manageimage data to make the correspondencebetweennumerical data
coming from the program supervision KBS and the current visual object in analysis
(data-driv en reasoning).

² Perform spatial reasoning in the caseof multiple objects. This reasoning is useful
to put in evidencespeci¯c geometric arrangements as network, row, circle and to
constrain the extraction of data from images.

² Build a symbolic scenedescription and sendit to the semantic interpretation KBS.

The algorithm of the visual data management engine is described in the algorithm 5
described just below. The reasoningof the visual data management enginedependson the
type of the request sent by the semantic interpretation system. We make the distinctions
betweenthree kinds of requests:

² Primitiv e Visual Object Request: seealgo 5.

² Composite Visual Object Request: seealgo 6.

² Visual SceneRequest: seealgo 7.
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Algorithm 5 VisualDataManagemen tEngine Primitiv e(VDM Request r, Image
Data List IDList, Perceived SceneDescription PSD)

Given a Visual Data Management Knowledge Base VDMKB
1: CurrentVisual Object CVO:=r.VisualOb ject
2: if CVO.state == hypothetical then
3: IPRequest:=Program Sup ervision Request Building ( CVO,Object extrac-

tion )(using Visual Ob ject Extraction Criteria )
4: Sendingof IP Requestto the Program Supervision KBS
5: Updating of the VDM Fact Base: IDList:= results of the Program Supervision KBS
6: Evaluation of the results (using Visual Evaluation Criteria )
7: if Evaluation is correct then
8: IPRequest:=Program Sup ervision Request Building) (CVO, Feature extrac-

tion ) (using visual concepts )
9: current Image Data := ImageDataSelection (CVO, IDList)

10: Sym bolic Description Generation (CVO,current Image Data) by fuzzy
matc hing (using visual concepts and their grounding relations to image
descriptors)

11: CVO.state:= perceived
12: Sendingof the symbolic description to the Semantic Interpretation KBS
13: else
14: if Evaluation is noisy then
15: IPRequest:=Program Sup ervision Request Building (CVO, Image En-

hancement )
16: Go to 4
17: else if Evaluation is over-segmentation then
18: IPRequest:=Program Sup ervision Request Building (CVO, Visual

Grouping)
19: Go to 4
20: else if Evaluation is under-segmentation then
21: IPRequest:=Program Sup ervision Request Building (CVO, Visual Split-

ting )
22: Go to 4
23: else
24: CVO.state:=missing
25: Sendingof the symbolic description to the Semantic Interpretation KBS
26: end if
27: end if
28: else if CVO.state == perceived (CVO has an associated Image Data) then
29: IPRequest:=Program Sup ervision Request Building ( CVO, Feature extrac-

tion )
30: Go to 10
31: else
32: Nothing to done
33: end if
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Algorithm 6 VisualDataManagemen tEngine Comp osite (VDM Request r, Image
Data List IDList, Perceived SceneDescription PSD)

Given a Visual Data Management Knowledge Base VDMKB
1: CurrentVisual Object CVO:=r.VisualOb ject
2: IPRequest:=Program Sup ervision Request Building (

CVO.structuralob jectdescription,Object extraction )(using Visual Ob ject Ex-
traction Criteria )

3: Sendingof IP Requestto the Program Supervision KBS
4: Updating of the VDA Fact Base: IDList:= results of the Program Supervision KBS
5: Evaluation of the results (using Visual Evaluation Criteria )
6: if Evaluation is correct then
7: IPRequest:=Program Sup ervision Request Building)

(CVO.structuralob jectdescription, Feature extraction ) (using visual concepts )
8: current Image Data := ImageDataSelection (CVO, IDList)
9: IPRequest:=Program Sup ervision Request Building (CVO, Visual Grouping)

(using spatial relations and spatial structure concepts )
10: Updating of the VDM Fact Base: IDList:= results of the Program Supervision KBS
11: IPRequest:=Program Sup ervision Request Building) (CVO, Feature extrac-

tion ) (using visual concepts )
12: Sym bolic Description Generation (CVO,current ImageData) by fuzzy matc h-

ing (using visual concepts and their grounding relations to image descriptors)
13: CVO.state:= perceived
14: Sendingof the symbolic description to the Semantic Interpretation KBS
15: else
16: if Evaluation is noisy then
17: IPRequest:=Program Sup ervision Request Building (CVO, Image Enhance-

ment )
18: Go to 4
19: else if Evaluation is over-segmentation then
20: IPRequest:=Program Sup ervision Request Building (CVO, Visual Group-

ing)
21: Go to 4
22: else if Evaluation is under-segmentation then
23: IPRequest:=Program Sup ervision Request Building (CVO, Visual Splitting )
24: Go to 4
25: else
26: CVO.state:=missing
27: Sendingof the symbolic description to the Semantic Interpretation KBS
28: end if
29: end if
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Algorithm 7 VisualDataManagemen tEngine Scene(VDM Request r, Image Data
List IDList, Perceived SceneDescription PSD)

CurrentVisual Object CVO:=r.VisualOb ject.mainvisualobject
1: if CVO.state == hypothetical then
2: IPRequest:=Program Sup ervision Request Building ( CVO,Object extrac-

tion )(using Visual Ob ject Extraction Criteria )
3: Sendingof IP Requestto the Program Supervision KBS
4: Updating of the VDM Fact Base: IDList:= results of the Program Supervision KBS
5: Evaluation of the results (using Visual Evaluation Criteria )
6: if Evaluation is correct then
7: IPRequest:=Program Sup ervision Request Building (CVO, Feature extrac-

tion ) (using visual concepts )
8: IDList := ImageDataSelection (CVO, IDList)
9: Sym bolic Description Generation (CVO,current Image Data) by fuzzy

matc hing (using visual concepts and their grounding relations to image
descriptors)

10: for Each Spatial Relation of CVO : R(CVO, OR ) do
11: if OR .state == Perceived then
12: Spatial Relation Veri¯cation ( R, CVO ,OR ) (using Spatial Relations

and Spatial deduction criteria )
13: else
14: Visual Data Management of OR (recursive call)
15: Spatial Relation Veri¯cation ( R, CVO ,OR ) (using Spatial Relations

and Spatial deduction criteria )
16: end if
17: end for
18: Sendingof the symbolic description to the Semantic Interpretation KBS
19: else
20: if Evaluation is noisy then
21: IPRequest:=Program Sup ervision Request Building (CVO, Image En-

hancement )
22: Go to 4
23: else if Evaluation is over-segmentation then
24: IPRequest:=Program Sup ervision Request Building (CVO, Visual

Grouping)
25: Go to 4
26: else if Evaluation is under-segmentation then
27: IPRequest:=Program Sup ervision Request Building (CVO, Visual Split-

ting )
28: Go to 4
29: else
30: CVO.state:=missing
31: Sendingof the symbolic description to the Semantic Interpretation KBS
32: end if
33: end if
34: else if CVO.state == perceived (CVO has an associated Image Data) then
35: IPRequest:=Program Sup ervision Request Building ( CVO, Feature extrac-

tion )
36: Go to 10
37: else
38: Nothing to done
39: end if 132
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5.2.6.1 Program Sup ervision Request Building

The phaseof Program Sup ervision Request Building consists in the completion of
prede¯ned Program Sup ervision Requests . Their are instancesof the IPF unction-
alities . The choice of the image processingfunctionalit y depends on the state of the
processing.Ob ject Extraction Criteria and the description of the hypothesizedvisual
ob ject are used to constrain the program supervision request. The result of this phase
phaseis an instance of a program supervision requestwith completed valuesfor:

² Functionalit y (chosenamong the set of prede¯ned image processingfunctionalities);

² Input Data;

² The Visual Content Context.

5.2.6.2 Evaluation of the Image Pro cessing Results

The evaluation phase refers to the fact that images should correspond to real objects.
There is no absolute de¯nition of a segmentation being correct. A correct segmentation
meansthat the resulting image re°ects the real object correctly. This is beyond the scope
of image processingknowledgeand requires accessto a high level assessment. Evaluation
criteria represents knowledgeon how to evaluate the program supervision results according
to the visual object hypothesis. The phaseof evaluation consistsin the activation of these
criteria.

5.2.6.3 Phase of Sym bolic Description Generation

The phaseof Sym bolic Description Generation consistsin associating perceived sym-
bolic values to the attributes of a visual object using image data extracted from images
and selectedfor being interpreted.

This phaseconsistsin a fuzzy matching processbetweenImage Data and the Visual
Ob ject hyp othesis .

The global fuzzy matching processis shown below in algo 8.

Algorithm 8 Global Fuzzy Matc hing (Visual Object O, Image Data I )
for Each attribute m i of O (8mi 2 M O) do

if The state of m i is hypothetical then
for Each range value mq;i of the attribute m i (8mq;i 2 hm i ; mq;i 2 µ) do

Lo cal Fuzzy Matc hing (mq;i ,I )
The possibility possmq;i

of mq;i is the con¯dence degreeconf(I ,mq;i )
Complete O : a perceived value of m i is mq;i with the possibility possmq;i

Changethe state of m i in perceived
end for

end if
end for

The overall con¯dence degree for a visual concept in the algorithm 9 is computed
with a fuzzy logic approach: i.e. the minimum of the con¯dence degreesfor all the image
descriptorsof the grounding link is taken. As a consequence,the overall con¯dencedegreeis
very sensitive to a descriptor with a low con¯dencedegree.We make the assumptionsthat
the grounding link associated to a visual concept represents the necessaryconditions for
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Algorithm 9 Lo cal Fuzzy Matc hing (Visual Concept VC, Image Data I )
for Each image descriptor dj grounding to the visual concept VC (8dj 2 G(VC)) do

if The Image Data I has a value v for the descriptor dj then
Compute con¯dence degree conf of v with respect to expected value of dj : L dj

(linguistic value) or Rdj (numerical range of values)
conf(I ,dj ) = ¹ L dj

(v) or ¹ Rdj
(v)

else
conf(I ,dj ) = 1

end if
conf(I ,VC) = Minim um ( con¯dence degree(I ,dj ), 8dj 2 G(VC))

end for

the existenceof the visual concept: i.e. all the descriptorshave to exhibit a high con¯dence
degree.

5.2.6.4 Spatial Relation Veri¯cation

The task of spatial relation veri¯cation is a primordial task in the caseof a visual scene
request. Indeed, the aim of this task is to useall the knowledgeabout spatial relations and
to use all the pre-existing spatial relations between visual objects to verify hypothesized
relations betweentwo visual objects. The principle of this task is presented in the algorithm
10.

5.3 The I mage Pro cessing Progra m Supervision Framework

The de¯nition of the program supervision module is not a contribution of this thesis.
Indeed, the ORION team has a great experience in knowledge basedsystemsfor image
processingprogram supervision [Thonnat et al., 1998b]. The image processingprogram
supervision module is composedof a conceptual knowledge basemodel for program su-
pervision, of an existing program supervision enginenamed PEGASE+ and of the YAKL
language,a descriptive knowledgelanguagewhich provides image processingexperts with
a user-friendly syntax. All thesecomponents are detailed in [Moisan and Thonnat, 2000].
We brie°y describe them in the following sections to give a global view of the cognitive
vision platform. However, the integration of the program supervision module in the plat-
form and its interoperabilit y with the visual data management module takes part in the
contributions of this thesis.

5.3.1 Analysis of the I mage Pro cessing Problem

The aim of this module, as component of the cognitive vision platform, is to provide tools
for the extraction and the numerical description of image primitiv eswhich correspond to
the di®erent objects of interest on images. To perform imageprocessing,the most natural
choicewould be to useda specializedimageprocessingprogram for each object. However,
it is well known that image segmentation is an hard task which is not always reliable.
Using a specializedprogram is not su±cient to cover a wide range of applications and to
allow robustness,°exibilit y, and adaptabilit y. Indeed, the imageprocessingtask has to be
processedin an intelligent way, i.e. to be able to adapt itself to di®erent image contexts.
Moreover, the end user should not be aware of the technical details of image processing.
Therefore, the image processingmodule must provide somelevel of autonomy. Basedon
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Algorithm 10 Spatial Relation Veri¯cation (Spatial Relation R, Visual Object O1,
Visual Object O2)

1: Search in the fact base (Perceived Visual Description PVD) for a spatial relation
R

0
(O1; O2) of the sametype of R

2: if R
0
(O1; O2) exists then

3: if R
0
(O1; O2) is a sub-relation of R(O1; O2) Spatial Relation Specialization

Link then
4: R(O1; O2) is true
5: Add a relational attribute in the description of the visual object
6: else if R

0
(O1; O2) is incompatible with R then

7: Add a relational attribute in the description of the visual object with con¯dence
degree0

8: end if
9: else

10: Search in the fact basefor all the spatial relations of O1

11: Search in the fact basefor all the spatial relations of O2

12: Inferenceof spatial relations betweenO1 and O2 (using spatial deduction crite-
ria : transitivit y and comp osition criteria )

13: Complete the fact basePVD with the inferred spatial relations
14: Run from 1 to 8
15: Search for the set of conditions to verify R(O1; O2)
16: Test conditions of R(O1; O2) on image by the Building of a Program Sup ervi-

sion Request
17: if The test of conditions is true then
18: Instantiation of R(O1; O2) and storing in the fact basePVD
19: Add a relational attribute in the description of the visual object with con¯dence

degree
20: else
21: Instantiation of the inverserelation of R, R¡ 1(O1; O2) and storing in the fact base

PVD
22: Add a relational attribute in the description of the visual object with con¯dence

degree0
23: end if
24: end if
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good experience in our team [Thonnat et al., 1998b], we use program supervision tech-
niques. As describe in [Moisan et al., 2001], they are good techniques for the semantical
integration of image processingprograms independently of any domains or library of im-
ageprocessingprograms. Indeed, program supervision techniques favor the capitalization
of knowledge of the use of complex programs and the operationalization of this utiliza-
tion for usersnot specialist in the domain. It o®ersthem help concerningthe choice, the
parameterization and the sequencingof image processingprograms.

Program supervision aims at automating (partly or completely) the con¯guration of
data processingprograms, independently of any particular application domain. In our
case, it makes the knowledge of how to apply, compose and to repair image processing
programs explicit, and thereby help the non-expert on the ¯eld of image processingto
do e±cient image processing. The goal of program supervision is not to optimize the
programs themselvesbut their uses.

5.3.1.1 Ov erview of the Image Pro cessing Program Sup ervision System

A knowledge based image processingprogram supervision system emulates the strategy
of an image processingexpert in the use of image processingprograms. As described in
¯gure 5.30, it is composedof:

² a set of existing image processingprograms (image processingprogram library),

² a knowledgebasedescribing how to usethe set of image processingprograms,

² a program supervision engine,

² a fact base.

5.3.1.2 T he Program Sup ervision Engine

The program supervision engine(PS engine) is application dependent. The role of the PS
engineis to exploit knowledgeabout programs stored in the knowledgebaseto produce a
plan of programs (that achievesthe initial goal), to executethe programs of the plan and
to control its execution. It emulates the strategy of an expert in the useof programs.

5.3.1.3 T he Program Sup ervision Kno wledge Base

The knowledgebaseis written by an expert. It dependson the application domain and on
the set of programs that is modeled. The main conceptsof a knowledgebasein program
supervision are:

² Sup ervision operator that performs actions and manipulates data: primitiv e
operator corresponds to program and comp osite operator corresponds to known
combination of operators that solve abstract processingsteps.

² Argumen ts are attributes of supervision operators.

² Variousprogram sup ervision criteria , attachedto supervision operators, areused
to describe decisionsduring problem solving.

² data and domain ob jects contain all necessaryinformation on the problem of the
end user
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Figure 5.30: A knowledgebasedprogram supervision system helps a user to use a set of
programs for solving a PS request on input data I to obtain output data O, as the result
of the execution plan ¼. It is composedof a program supervision engineand a knowledge
base. The knowledge basecontains the r pi and r cj representations of programs pi and
combinations of programs cj , as well as the representations of various decisioncriteria crk

² Abstract functionalit y expressesan objective to achieve.

² A program sup ervision request expressesa query, i.e. a functionalit y to achieve
and the data of the particular caseto work on.

5.3.1.4 T he Program Sup ervision Fact Base

The program supervision fact base contains the data instances describing the current
problem and all the necessaryenvironmental information. It alsocontains the data created
as result of the execution of operators.

5.3.2 Program Supervision Kno wledge Base Mo del

This section details the main conceptsof a knowledgebasein program supervision. This
approach provides experts with guidancefor the program supervision knowledgerepresen-
tation.

5.3.2.1 Sup ervision Op erators

They are two typesof supervision operators: primitiv e operators and comp osite op-
erators . They are used to de¯ne elements which perform actions and manipulate data.

137



5.3. PROGRAM SUPERVISION CHAPTER 5. DETAILED DESCRIPTION

They are implemented by frames.

1. Primitiv e operators represent particular programs. Their commonrepresentation
includes:

² An optional referenceto an abstract functionalit y (e.g. information on what is
the operator for).

² Information on arguments, including their names, types, ranges or means to
compute their value.

² Semantical information: characteristics (known by the expert), constraints, pre
and post conditions.

² Information needed for the e®ective execution of the program (e.g. calling
syntax, simulation method).

² Various criteria to specify the reasoning which is made on operators: result
evaluation criteria , argument initialization criteria and adjustmen t cri-
teria .

The generalsyntax of a primitiv e operator is given in ¯gure 5.31

Primitiv e Op erator f name a name
Functionalit y name of a functionality
Input Data

list of input arguments
Input Parameters

list of parameters arguments
Output Data

list of output arguments
I-O relations

Preconditions
list of conditions that must be veri¯ed by input data

Postconditions
list of conditions that must be veri¯ed by output data

Initialization Criteria
list of optional initialization criteria

Assessmen t Criteria
list of optional assessmentcriteria

Adjustmen t Criteria
list of optional adjustment criteria

Call
language shell
syntax ... endsyn tax g

Figure 5.31: General syntax of primitiv e operator in the program supervision knowledge
base
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2. Comp osite operators represent particular combinations of programs. They are
skeletons of plans provided by the expert. They describe the network of known
possibleconnectionsbetweenoperators (choice, sequence,entailment, repetition,...)
in order to achieve a given goal. In addition to the commoninformation of primitiv e
operators, a composite operator is composedof:

² Control information about the type of decomposition into sub-operators;

² Referencesto the sub-operators by their names;

² Data °ow information betweenfather and sonsand betweensonsin a sequential
decomposition;

² Additional criteria: choice criteria and repair criteria .

The generalsyntax of a composite operator is given in ¯gure 5.32

Comp osite Op erator f name a name
Functionalit y name of a functionality
Input Data

list of input arguments
Input Parameters

list of parameters arguments
Output Data

list of output arguments
I-O relations

Preconditions
list of conditions that must be veri¯ed by input data

Postconditions
list of conditions that must be veri¯ed by output data

Bo dy
decomposition in sub-operators

Choice Criteria
list of choice criteria

Initialization Criteria
list of optional initialization criteria

Assessmen t Criteria
list of optional assessmentcriteria

Adjustmen t Criteria
list of optional adjustment criteria

Distribution
information on data °ows between father and sons

Flo w
information on data °ows between sons g

Figure 5.32: Generalsyntax of composite operators in the program supervision knowledge
base
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5.3.2.2 Argumen ts

Argumen ts are associated with supervision operators and with functionalities. From the
program supervision point of view, they play an important role becausemany decisions
are based on the information that arguments provide. From the point of view of the
interoperabilit y with the visual data management module, they also play an important
role. Indeed many of the arguments correspond to image data and descriptor set
conceptsof the visual data management module. The sharedconceptscorrespond to data
conceptsof the image processingontology.

5.3.2.3 Program Sup ervision Criteria

Various program supervision criteria, implemented by rules, play an important role during
the reasoning. They are attached to operators.

² Choice criteria , attached to composite operators, enableto choosebetweendi®er-
ent alternativ e operators having the samefunctionalit y.

² Initialization criteria contain information on how to initialize values of input
arguments, beforeexecuting the current operator.

² Evaluation/Assessmen t criteria state information on how to assessthe quality of
the selectedoperator's actual results after its execution. Evaluation criteria enableto
detect and diagnosea problem. It concernsthe evaluation from the imageprocessing
point of view. In our framework, the evaluation of the image processingresults
accordingto the high level goal is performed by the visual data management system.

² Adjustmen t criteria propose a way to tune a parameter value to improve the
quality of the results of an operator.

² Repair criteria de¯ne a repair strategy after a failure decidedby evaluation rules.

5.3.2.4 Data and Domain Ob jects

Data correspond to descriptions of the data used by the programs. Domain ob jects
correspond to speci¯c application domain conceptsthat may in°uence the program super-
vision context. Data and domain objects are stored in the fact base. During the reasoning,
they may be modi¯ed or added (results of the execution of operators).

Data and domain objects are two important concepts for the interoperabilit y with
the visual data management module. Data are the data that will be used to instantiate
the corresponding image data of the visual data management module. Domain objects
corresponds to conceptsof the visual data management module. For example, the visual
conten t context conceptof the visual data management module correspondsto a domain
object in the program supervision module.

5.3.2.5 Program Sup ervision Requests and Functionalities

A functionalit y enablesto group together all the supervision operators achieving the same
abstract functionalit y. To enable the interoperabilit y with the visual data management
module, several functionalities are provided by the imageprocessingontology. They corre-
spond to the image pro cessing functionalities of the visual data management module.
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Program sup ervision requests are queriesfor an abstract functionalit y on partic-
ular data under particular constraints. They are built by the visual data management
module as described in section 5.2.3.8.

5.3.3 Program Supervision Reasoning

We have reusedthe PEGASE+ engine,dedicatedto program supervision knowledgebased
systems. It can automate the choice and execution of programs from a library to accom-
plish a processingobjective.

The di®erent phasesof the program supervision engine are described on ¯gure 5.33.
The initial planning phasedetermines the best strategy to reach the end user goal (step
1). Then the execution phaselaunches the individual programs in the plan (step 2). An
evaluation phaseassessesthe quality and contents of the resulting data (step 3). If the
results are correct, planning can continue (step 4). If the results are incorrect (step 5),
a repair phase can modify the plan (step 6) or re-execute the procedure with di®erent
parameters(step 7).

Figure 5.33: The di®erent phasesof a program supervision system

The PEGASE+ engine provides a HTN (Hierarchical Task Network) planner, an
execution mode, some evaluation facilities and a repair mechanism using repair and
adjustment criteria. The PEGASE+ engine has been tested on di®erent applications
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-1- global matching

While not all PS requestshave been processed

-2- selection of the PS request to be processed

-3- classi¯cation of the operators (using choic e criteria)

while the PS request is not satis¯ed

-4- selection of the best operator

-5- execution of the operator (using initialization or adjustment criteria)

-6- assessmentof the results (using evaluation criteria )

While assessmentis no satis¯ed

-7- reparation of the operator (using adjustment and repair criteria )

Figure 5.34: The Program Supervision Engine algorithm

[Thonnat et al., 1998b]: for medical imaging [Crub¶ezy et al., 1997]or for satellites images
[Mathieu-Marni et al., 1995]. The program supervision algorithm is described in ¯gure
5.34.

5.4 I mplemen ta tion of the Cognitiv e Vision Pla tform

We have implemented the proposedcognitive vision platform with the LAMA environment
[Moisan, 1998]. The LAMA environment is a software platform devoted to the generation
of knowledge based systems, i.e. knowledge base and inference engine design. It o®ers
toolkits to build and to adapt all the software elements that composea knowledgebased
system (inference engines,interfaces,knowledgebaseddescription languages,veri¯cation
tools, ...). The platform both allows to designprogram supervision and automatic object
recognition knowledgebasedsystemsand it facilitates the coupling betweenthe two types
of systems.

Figure 5.35: LAMA architecture and tools for enginedesign,knowledgebasedescription,
veri¯cation, and visualization
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The global architecture of the LAMA platform is described in ¯gure 5.35. The core
of the platform is a framework of reusablecomponents, called BLOCKS. It provides de-
signerswith a software framework: i.e. reusableand adaptable components that imple-
ment generic data structures and methods for the support of a particular problem. It
also supplies the knowledge conceptsof a particular task (e.g. program supervision) to
build knowledgebases.Dedicateddescription languagesthat operationalize the conceptual
models of knowledgecan be developed. The LAMA platform provides a toolkit to design
knowledgebaseeditors and parsers,a knowledgebaseveri¯cation toolkit (adapted to the
engine in use), a toolkit to develop graphical interfaces(both to visualize the contents of
a knowledgebaseand to run the solving of a problem).

The LAMA platform is generic and customizable. To implement the cognitive vision
platform:

² We have reusedthe PEGASE+ engineand the knowledgeconceptsof the program
supervision task. It composesthe program supervision module of the proposedcog-
nitiv e vision platform.

² We have adapted an existing engine named TACLE dedicated to the object recog-
nition problem to our semantic interpretation problem. The TACLE engine was
basedon a classi¯cation process: the classi¯cation of an unknown object using the
taxonomy of classes. The new engine called TACLE++ takes as input a domain
request, can managemultiple objects and can build hypothesesthrough visual data
management requests.

The knowledgeconceptsassociated to TACLE were modi¯ed. The concept of Class
wasmodi¯ed into Domain Class to cope with the description by visual conceptsand
by spatial relations. Context criteria werederived from existing conceptsto represent
rules. We have introduced someadditional concepts: e.g. domain requests,domain
context and domain acquisition.

² We have completely built by using BLOCKS an engine called VISDATMAN dedi-
cated to visual data management and the conceptualknowledgemodel associated to
it.

In the next chapter, we show how we have used the cognitive vision platform to build a
semantic image interpretation system dedicated to rosediseasediagnosis.
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Cha pter 6

A ppl icati on: A Semanti c I mage
I nterpreta ti on System for the
Recogni ti on of B iological
Organi sms

This chapter is dedicatedto the validation of the cognitive vision platform by the building
of a semantic interpretation system for the recognition of biological organisms. In partic-
ular, we are interested in the recognition of greenhouseroseleaf diseases.This application
is a real world problem. We ¯rst present the biological problem and show how semantic
image interpretation can solve it. Then we give a brief overview of the state of the art
on the automatic recognition of biological organisms using image analysis and arti¯cial
intelligencetechniques. The last section is dedicatedto the detailed description of the rose
diseaseinterpretation system built with the cognitive vision platform.

6.1 A Ma jor Biologica l Problem: the Early Detection of
Pla nt Pathologies

6.1.1 A Ma jor Challenge for I ntegrated Pest Managemen t

Integrated PestManagement (IPM) is a knowledgebasedapproach to crop protection. It is
an important tool for the management of insects,pathogens,weedsand cultural problems
in greenhousein an economicallyand ecologicallysoundway. IPM involvesthe integration
of cultural, physical, biological and chemical practices to grow crops with minimal useof
pesticides.

In particular, early detection of plant diseasesand plant health monitoring are keysfor
pest and diseasemanagement. Indeed, they canprovide moreaccurateforecastsof diseases
and make it possibleto operatee±ciently at the beginningof an infection to limit the plant
damage. Thereby, they can reduce the amount of pesticide applications and thus reduce
the control cost. Moreover, the early detection of plant diseaseenablesthe useof natural
enemieswhen the threat of the damageis not imminent. Plant health monitoring is still
carried out by humans. Therefore, there is a great interest in automating the monitoring
with the goalsof :

1. a more accurate (not subjective, not dependent on the human experience) and
earlier (not limited to the human naked eye) diagnosis,
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2. the capitalization of pathological knowledge.

6.1.2 A Semantic I mage I nterpretation Problem

Plant diseasediagnosisis a visual action which aims at inferring the presenceof plant
diseasesby the visual detection and analysis of diseasesigns and symptoms . Symp-
toms are observable changeswhich result from deviation from the normal physiological or
morphological development of the plant. Signs are observable structures of the pathogen.

Due to the visual nature of the plant diagnosis,computer vision techniques seemsto
be well adapted for the automation of the perception task. Moreover, plant diagnosis
involved reasoningstrategies to infer the presenceof the diseaseby the interpretation of
signsand symptoms. To mimic the pathologist, the explicitation of pathological knowledge
is neededand the systemhasto be able to see(extraction of the relevant information) and
to reason(using the pathological knowledge) as illustrated in ¯gure 6.1. Semantic image
interpretation techniquesseemto be a good way to automatically achieve the task of early
plant diagnosis.

Figure 6.1: Illustration of an action of plant diagnosis. The image is a microscopic image
of a rose leaf with an infection of powdery mildew. The mycelium (thin white lines) is
about 10 micronmeters large.

Whatever is the targeted crop, plant diseasediagnosisinvolvesthe recognition of var-
ious pathogenswhich can take various appearancesaccording to their stage of evolution
and to their vegetablesupport. Moreover, in greenhouse,various contexts have to be man-
aged according to several external factors (season,climatic conditions, ...). The context
can also change quickly in a unforeseeablemanner (illumination changing,...). At last,
several symptoms can occur in the sametime on the sameorgans and the management
of multiple object and spatial reasoningis needed.Therefore, plant diseasediagnosisis a
complex problem of semantic image interpretation and is a perfect real world application
to validate our cognitive vision platform. The ¯gure 6.2 illustrates the main issuesof the
rosediseaseapplication.

146



CHAPTER 6. APPLICA TION 6.1. BIOLOGICAL PROBLEM

Figure 6.2: A complex problem of semantic image interpretation: illustration of the dif-
ferent issues.White °ies are about 2 mm long. Powdery mildew is about 10 micronmeter
large

6.1.3 State of the Art on Semantic I nterpretation for Biological Pur-
poses

In this section,we present somerelated works. Theseworks are involved in the recognition
of biological organisms. We review someworks using image interpretation methodologies
(in fact merely image analysis methodologies for the majorit y of these works) in crop
production applications.

6.1.3.1 Image In terpretation Techniques to Manage Crop Pro duction

In [Ehret et al., 2001],machine vision is presented as oneof the current trends to monitor
the crop status directly and to automate the plant health monitoring. Applications are
numerous and various: fruit quality inspection system, plant growth monitoring, plant
stressmonitoring and automatic diagnosisof plant diseases.

1. Crop sorting and crop qualit y grading
Machine vision techniques are widely used for crop sorting and crop qual-
it y grading [Jahns et al., 2001], [Urena et al., 2001], [Guyer et al., 1996],
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[Shahin and Symons,2001], [Steinmetz et al., 1994], [Unay and Gosselin,2004].
Machine vision techniques are bene¯cial to crop quality grading because they
enable: (1)to increasethe speedof sorting, (2) to eliminate the human error and (3)
to perform the grading without contact with the crop. Most of the techniques are
basedon the external visual appearanceof the crops. The properties of quality are
computed using image featureslike the size,the color and the shape of the crop. All
the works on crop quality grading show good performances.Nevertheless,a general
statement is their dependenceon the application and on the concernedcrop.

2. W eed detection and characterization
As explained in [S. Christensenand Walter, 1996], information on weedspatial dis-
tribution and weedcharacterization is necessaryto implement variable herbicide ap-
plication and reducetheir application. This task of weeddetection and characteriza-
tion is a labor-intensive task for a human operator. Therefore,many research studies
havefocusedon weeddetection and characterization usingmachine vision techniques.
General approaches are either basedon the geometric di®erencesbetween the crop
and the weeds(as the leaf shape) [Tian et al., 2000] or on their spectral re°ectance
di®erences(color indexes) [El-Faki et al., 2000]. Someother approachesusedcolor,
shapeand/or texture features[Perezet al., 1997],[Zhang and chaisattapagon, 1995].
The location of the crop comparedto the weedis usedin [JunWei et al., 2000].

In recent works [Mezzoet al., 2003]and [Manh et al., 2001], the authors emphasize
remaining di±culties in the weeddetection processdue to the complexity of outdoor
scenesand due to the variabilit y of appearanceof plants. They propose to intro-
duce a priori knowledgeabout the shape of the weed leaf to enhancethe weed leaf
segmentation process. In particular, the method presented in [Mezzoet al., 2003]
enablesto managethe caseof occluded leaves.

All these works are interesting and give correct results even in outdoor conditions
with variations of illuminations. Neverthelessa general comment is that most of
these methods are application speci¯c (for example detection of onion weeds in
[JunWei et al., 2000]). Only few works are interestedin the genericity of the method.
Exceptions are [Mezzoet al., 2003], [Manh et al., 2001] but the validation of their
method was performed only on few sequences.

3. Recognition of biological organisms

² Recognition of spores
In [Bernier and Landry, 2000], a method for the recognition of pathogenic fun-
gal spore is proposed. This research takespart in a large-scaleresearch program
ultimately aimed at reducing fungicide application. The authors addressthe
problem of early diseasedetection by the automatic detection and counting of
fungal spores. The main issue is that spores appear as irregular objects, in
multiple physical orientation and they may be obscuredand occluded by other
objects. They proposea robust algorithm basedon knowledgeabout the visual
appearanceof spores. It enablesthe detection of sporeseven in occlusion cases
but not the identi¯cation of spore species.

Some similar works about the recognition of airborne fungi spores with the
motivation of the monitoring of biological working substanceswhich have
an in°uence to human health can be found in [Perner et al., 2003b] and
[Benyon et al., 1999].
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² Recognition of ¯lamen tous biological organisms
There are several works dealing with the image analysis of ¯la-
mentous organisms [Pons and Vivier, 1999], [Paul and Thomas, 1998],
[T. Dorge and Frisvad, 2001]. Their aim is the biomass quanti¯cation of
microorganisms with various biotechnological purposes: nutritional or phar-
maceutical substance production, wastewater treatment. All these works
are based on the morphology of ¯lamentous fungi [Kossen,1989]. Various
forms of ¯lamentous fungi and their shape descriptors have been identi¯ed :
almost spherical ungerminated spores, germinating spores with one or more
germs tubes of di®erent lengths, ¯laments with various degree of branching
called °o cks and entanglement of one or more ¯laments called pel let s. These
di®erent forms of ¯lamentous fungi correspond to di®erent growing stagesof
the fungi. They are represented on ¯gure 6.3.

Figure 6.3: The di®erent growing stagesof a fungi

4. Automatic diagnosis of plan t diseases

Knowledgebasedsystem techniques were identi¯ed as e±cient tools to managethe
automation of plant diseasediagnosis. They enable to combine the experimen-
tal and experiential knowledge with the intuitiv e reasoning skills of a multitude
of pathologists. There are many knowledge based systems for plant pathologies
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[El-Azhary et al., 2000],[Mahaman et al., 2003],[Nunez et al., 1996]. All thesecon-
ventional knowledgebasedsystemsare basedon textual input. They depend on the
end user to understand abnormal symptoms on the plant. To reducethis weakness,
in [El-Helly et al., 2004],a genericapproach basedon a knowledgebasedvision sys-
tem is presented. They proposea genericdiagnostic model integrated with an image
analyzer. The aim of the image analyzer is to extract the abnormal symptoms and
to classify these symptoms to a hypothesized diseasethrough four generic steps :
(1) image enhancement to make easierthe segmentation, (2) the segmentation step,
(3) the feature extraction step (4) a classi¯cation step. Then a di®erentiation phase
consists in the con¯rmation or the rejection of the hypothesis using additional ob-
servations and a causal model. The proposedmethod was applied on a real world
example: the diagnosisof cucumber diseasesusing leaf images. In this system, only
the diagnosismodel is generic.

6.2 A Semantic I mage I nterpreta tion System for the Recog-
nition of Rose Diseases : ROSESIM

6.2.1 Con text

This part of the work consistsin a research cooperation betweenthe Orion team of INRIA
Sophia Antip olis (French National Institute for the Research in Computer Scienceand
Control) and the Integrated Research in Horticulture Unit (URIH) of INRA Sophia An-
tip olis (National Institute for Agricultural Research). Our work takesplacein a large-scale
and multidisciplinary research program ultimately aimedat reducingpesticideapplication:
\A ction Transversale INRA : Protection Integr¶ee des Cultures 2000-2003. Production In-
t¶egr¶ee sousserre lourde. Application sur Tomate et Rosier" .

Moreover, the context of this work is also the region Provence Alp es Côte d'Azur
(PACA). The region PACA is the leadind horticultural region of France. It represents a
quarter of the national horticulture turnover. Rosesare widely produced in PACA. Early
diseasedetection was classi¯ed as a major challenge. Our work has received funding from
the region PACA.

6.2.2 Main Targeted Rose Diseases

There is a considerableamount of rosediseases.The diseasemanagement is complicated
by the presenceof multiple typesof pathogens: fungi, virus, bacteria, pestsand nematodes.

Wearenot interestedin building an exhaustiveknowledgebasedsystemof rosediseases.
The building of ROSESIM is motivated by both the biological goal of the application: i.e.
the early detection problem and the context of the application: i.e. greenhouseroses.

In particular, the context of the application is greenhouserose production in the
Mediterranean Basin. Therefore, the study is limited to rosediseaseswhich can appear in
such conditions. Moreover, we have limited our system to foliar greenhousediseases.

Moreover, the major motivation of the end usersis the early detection and recognition
of the major and most damaging rose diseases: powdery mildew and pests. As we are
interested in the early detection of disease,we are ¯rst interested in the signs of the
diseaseand in early symptoms. The symptoms visible to the naked eye are not taken into
account. We are not interested in severe damageon leaves. In particular we will focus on
the following diseases:
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1. Powdery Mildew
Powdery Mildew is a fungal disease.The pathogen responsible for powdery mildew
is Sphaerotheca pannosa. It is one of the most widespreadand destructive diseases
of rosesin the world. Powdery mildew fungi belongsto the group of plant pathogens
called obligate parasites. It meansthat it can only grow and reproduce on a living
host plant. It can infect any greentissueof roses. It ¯rst appearson new foliage but
it can also be found on greenstemsand °ower parts.

² Life cycle
Powdery mildew is always present in greenhouses.It survivesduring the winter
months as mycelium in protected leaves of buds or in inner bud scales. The
¯rst infection on new growth arises from the previous year infection. Spores,
called Conidia , produced by the surviving mycelium are spread to healthy
leaves,drifting by the wind or carried by greenhousehuman agents. When the
right conditions (high day and low night temperatures with high humidit y) to
germinate are present, the conidia germinates by pushing out a germ tub e
across the leaf surface. As many fungi, it grows as tubular ¯laments called
hyphae . The mass of branched ¯laments is the mycelium . Conidiophores
are produced vertically from the mycelium and they bear chains of conidia.
Theseconidia are carried by the wind or other meansto healthy rosetissues. A
new diseasecycle is initiated. The life cycle of powdery mildew is depicted in
¯gure 6.4. These powdery mildew early signs (conidia , mycelium , hyphae ,
conidiophore ) are not visible to the naked eye. To observe them, microscopic
device is needed.
Powdery mildew can spreadquickly sincethe diseasecycle can be completed in
as little as 72 hours. It commonly takes7 to 10 days from the time of infection
to the development of symptoms and secondaryspore production.

² Main symptoms
First symptoms of the powdery mildew are irregular, light green to reddish
areason the upper surfaceof young leaves. Then, powdery grayish-white spots
appearson the upper surfaceof the leaf. Thesespots represent the denseand
concentrated growth of the fungi into mycelium, conidiophores and conidia.
The powdery aspect results from the chains of conidia. Infected young leaves
becomecurled or irregularly twisted. When the infection is severe the young
leavesturn to yellow and may drop prematurely. Older leavesare not distorted
but they develop round to irregular white areas.

2. Pests

(a) Greenhouse White Fly
Greenhousewhite °ies or Trialeurodes vaporarium are common pestsof green-
houseplants. This insecthasa host rangeof more than 250ornamental and veg-
etable plants: rose, poinsettia, begonia,nicotiana, aster, calendula, cucumber,
lantana, tomato, grape, ageratum, bean and hibiscus are commonly infested.
It exists on the upper and lower surfaceson leaves under di®erent stagesof
development (e.g.. ¯gure 6.5).

² Stages of developmen t
{ Adults (A on ¯gure 6.5) are small, winged, white insects about 1.5-2

mm long. They have four wings and a yellowish body. The wings have
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Figure 6.4: The leaf cycle of a powdery mildew infection (in french)

Figure 6.5: The di®erent stages of development of the greenhousewhite °y. From
http://www.en tomology.umn.edu/cues/inter/inmine/White®. html

the appearanceof having beendusted with a very ¯ne white material.
As the wings covered the body and are more or lessparallel to the leaf
surface,an adult white °y appearsas rounded and triangular in shape.
Newly emergedadults may be pale green or yellow, but soon become
the more familiar white. An adult white °y has four or possibly ¯v e
leg segments and two to three antenna segments. Nevertheless,most
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specimensappear to have only three leg segments and two antenna
segments.

{ Eggs (B on ¯gure 6.5) are elliptical oblong shaped and white to yellow
when they are young. They turn to gray after two days. They are laid
in a circle or a crescent in the lower leaf surface. Each eggis about 0.2
mm long.

{ Nymphs (C on ¯gure 6.5) or crawler are usually pale greenand scale-
like in appearance. They possessantennas and have hair-lik e projec-
tions along the periphery of their bodies.

{ Pupae (D on ¯gure 6.5) are elliptical shaped, pale green (normal) or
black (parasitized) and about 0.75 mm long insect. The periphery of
the insect is surroundedby a fringe of white waxy hair-lik e ¯laments or
appendages.Several pairs of ¯laments may project up from the upper
surface of the pupa. After the adult has emerged, a white, almost
transparent pupal skin is left behind.

² Life cycle
The life cycle and number of eggslaid by the greenhousewhite °y vary
with the temperature and the speciesof the host plant. Greenhousewhite
°ies reproduce relatively slowly (one generation every 30 to 45 days), but
each female lays about 250 eggsand lives as long as two months. Adults
usually are found on the lower surfaceof new leaves. They lay their eggs
which hatch 5 to 7 days later. New nymphs move about the plant for a
day or two, often from leaf to leaf, before inserting their mouth-parts to
feed. Once this occurs, they probably do not move again until mature.
The crawlers molt into later nymphal stagesand then into pupae. Finally,
a new generation of whitish-yellow adults emerges.They are covered with
a white waxy bloom.

² Main symptoms
The presenceof white °ies in greenhousemay causesevere damages.The
main sign to detect the presenceon white °y is the detection of the di®erent
stagesof development of the insect. The main symptoms result from the
white °y feeding. Spotting and chlorosis appear on the foliage. Plants
infested with white °ies lack vigor, wilt, turn yellow, and may die. In
addition, heavily infested plants are coated with a sticky material called
honeydew which reduces the attractiv enessand scalability of the plant.
Heavy concentrations of honeydewwill promote the growth of a black sooty
mold which interfereswith photo-synthesis. Sooty mold may also interfere
with production or harvest operations. Most important, some speciesof
white°ies are known to vector plant viruses.

(b) Aphid
Several di®erent speciesof aphids attack roses. We are interested in the main
speciescalled Macrosiphum rosae. They are usually more numerous in late
spring/early summer, although populations might also resurged in autumn.
Aphids or plant lice are small, soft-bodied, sluggish insects that cluster in
colonieson the leaves and stems of the host plants. They are sucking insects
that insert their beaksinto a leaf or stem to extract plant sap. They are usu-
ally found on and under the youngest leaves,and, in general,prefer to feed on
tender, young growth.
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² Stages of developmen t

{ Adults (¯gure 6.6) are generally 1-5mm long with a soft body, long
legsand antennae, and they usually have a prominent pair of tube-like
structures at the end of the abdomen. These tube-like structures are
called cornicles. Adults are rarely isolated but are found in colonies.

Figure 6.6: Picture of an aphid

{ Nymphs look like wing-less adults. They are smaller than adults.
Both greenand pink forms occur in the nymphal stages

² Life Cycle
Many speciesof aphid have more than onehost plant, and will over-winter
on di®erent plant speciesfrom the onesthey live on in the summer. Life
cyclesare generallycomplexand many generationsare producedeach year.
They usually survive the winter at the eggstage,although in mild weather
the adults cansurviveand remain active. In spring, populations rise rapidly
as femaleaphids are able to give birth to live young as well as laying eggs,
resulting in a rapid rate of reproduction as the temperature increases.

² Main Symptoms
The ¯rst sign is the detection of the presenceof aphids. As a group, aphids
attack a plant by sucking its °uids from tender new growth. They are
attracted to the concentrated nitrogen in these new growth areas. The
results are deformed leavesand new bloom stems.
In addition, they also exudate a substancecalled "honeydew" - a sweet,
syrup-like material which appearson leavesand stems. It is a food source
for many insects, both pest and bene¯cial. Sooty mold is a fungus which
grows in the honeydew. It makesthe leaves look dirt y and black.

(c) Spider mite
Spider mites are small arachnids related to spiders. They are commonpestson
greenhouseroses. The most common spider mite on rosesis the two-spotted
spider mite called Tetranychus urticae. Tetranychus urticae is a seriouspest
of a variety of agricultural crops and ornamental plants, about 180 di®erent
plant species.They are members of the Order Acarina, which includes spiders,
ticks and mites. Whereasinsectshave three pairs of legsand three body regions
(head, thorax, abdomen), spider mites have 4 pairs of legsand onebody region.

² Stages of developmen t

{ Adults are elliptical in shape and may be brown or orange-red. The
female is about 0.5 mm long. The male is smaller and slender, about
0.3 mm long. They have two typical dark spots on the back and they
have four pair of legs.
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{ Eggs are spherical in shape and lessthan 0.1 mm in diameter. They
are translucent. They are usually near the leaf veins

{ Larv a are more or less identical to adults but of reduced size. They
have only three pair of legs.

² Life Cycle
The typical life cycle of spider mite is composedof the egg, the larva, two
nymphal stagesand the adult. Under optimum conditions, the development
takes ¯v e to twenty days. The adult female lives two to four weeksand is
capable of laying several hundred eggsduring its life. Its development is
optimal between23 and 30 degreeCelsiusand at a relative humidit y of less
than 50% .

² Main Symptoms
Direct damageis due to feedingpunctures. Early symptoms appear on the
upper surfaceof leavesaspale-coloredspots. If attacks are heavy, the plant
may die.

6.2.3 Data Acquisition

A ¯rst step in the designof ROSESIM was the de¯nition of an image acquisition system.
Two aspects should be discussed:the type of sensorand the device for image acquisition
(in-situ non destructive or in situ destructive). The main requirements to de¯ne the ac-
quisition systemwere: (1) the abilit y to detect early symptoms (not visible by the human
nakedeye), (2) a good imagequality to beable to processand to interpret it, (3) the abilit y
to shift the plant organ. Several sensorswere tested and di®erent experiments in green-
houses, in laboratory were conducted to de¯ne the acquisition process[Hudelot, 2002].
We de¯ne an acquisition system including: (1) a binocular microscope (Olympus SZH)
equipped with a DP PLAN 1X lens(magnifying rangefrom 7.5x to 64x), (2) a mono CCD
color camera (Olympus DP 10, 1280*1024pix, 8*3 bits), (3) and a manual microscopic
positioning device to shift the plant organ.

The data we are working on are 2D microscopic imagesof rose leaves. These leaves
were collected on three rosecultivars produced in a plastic twin-tunnel greenhouse(with
climate and fertirrigated automatic control). The processof collection of the leaveswere
de¯ned according to current sampling proceduresin greenhousefor diagnosispurpose. To
respect the life cycleof the disease,the data acquisition wasperformedregularly (two times
a week) during long periods. Each acquired imagewas annotated with domain contextual
and acquisition contextual information. This domain contextual information includes the
climatic conditions of the greenhouse,the location of the plant in the greenhouse,the
location of the organ on the plant, the date and the seasonof the sampling, the name of
the rosecultivars. The acquisition contextual information includes the type of the sensor
used to acquire data ( in our case,we used only one sensor), the magni¯cation rate, the
resolution of the sensor.

The greenhousesimulates real conditions for the integrated production of roses. As
a consequence,the presenceof pathogenson the collected image was dependent on some
external factors. In particular, it was dependent on the treatments in the greenhouse.We
were not able to collect a signi¯cant amount of images for all the stagesof the pest or
pathogenspreviously presented. In agreement with the pathologists, we have focusedon
the early stagesof powdery mildew and on the recognition of pests.
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6.2.4 The ROSESI M I nterpretation Kno wledge Base

The ROSESIM interpretation knowledgebasecontains knowledgeof early signsand symp-
toms of the targeted diseasesdescribed previously. We are interested in the association
between organs and symptoms. This association is called a syndrome. The knowledge
basecontains a hierarchy of specialization of leaf syndromesof roses.We considerasearly
all the signs and symptoms which are not visible to the naked eye. Symptoms which
correspond to severe damagesare not included in the knowledgebase.

6.2.4.1 Pathological Kno wledge Acquisition

The domain knowledge acquisition was performed according to the ontology guided ac-
quisition processdescribed in the chapter 4. The pathological knowledgeacquisition was
performed in di®erent stages. First, several interviews of experts in rose pathology were
performed. In particular, Marc Bardin and Philipp eNicot, fungi experts, researchersin the
INRA Avignon (France)and RogerBoll, expert in pestsin the INRA SophiaAntip olis were
interviewed. Two dedicatedacquisition tools designedin the Orion team wereusedduring
this step : Annotate (c.f. ¯gure 6.7) and Ontovis (c.f. ¯gure 6.8 [Maillot et al., 2003a]).
This step was necessarydue to the lack of structured and formalized expertise concern-
ing the early symptoms of rose diseases.This work enabledus to identify the important
biological conceptsfor the recognition of early symptoms. A taxonomy of rose leaf early
symptoms was built.

Then, the domain knowledge base was built by using the visual concept ontol-
ogy and the previous taxonomy. Each domain class was described by visual concepts
with respect to conceptual knowledgebasemodel of the semantic interpretation module.
Pathologist experts can usedthe high level languageSIKL++ to describe conceptsof their
domain in a natural way.

To tackle the problem of the early diagnosis of greenhouserose diseases,a domain
knowledgebasewhich consistsin 45 domain classesand 10 context criteria was built.

6.2.4.2 Hierarc hy of Domain Classes

The main part of the hierarchy of domain classesis depicted on ¯gure 6.10. This ¯gure
shows the taxonomy of domain classes.Sub-part domain classesand corresponding sub-
part taxonomiesare represented in colored bounding boxes.
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Figure 6.7: The tool Annotate to help the acquisition process

The typical representation of a domain class (in this example, the domain classhy-
phae) according to the representation formalism described in chapter 5 is :

6.2.4.3 Domain Con text and Acquisition Con text

At the interpretation level, the contextual information refers to the domain application
context and the acquisition context. In the caseof the rose diseasediagnosis applica-
tion, the domain contextual information represents all the non visual additional biological
information which helps for the diagnosis decision process. This biological information
represents the di®erent risk factors. They are:

² The relative humidit y rate;

² The mean temperature of the greenhouse;

² The seasonof the sampling;

² The location of the roseplant in the greenhouse;

² The location of the organ on the plant;
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Figure 6.8: The Acquisition knowledgetool Ontovis. The knowledgeacquisition is guided
by a visual concept ontology

² The variety of the rose;

² The ageof the organ.

The ROSESIM domain context is depicted in ¯gure 6.11
The acquisition context represents the information about image acquisition context.

The ROSESIM acquisition context is depicted in ¯gure 6.12

6.2.4.4 Con text Criteria

The ROSESIM interpretation knowledgebasecontains ten context criteria .
Initialization in terpretation criteria enable to initialize the semantic interpreta-

tion knowledge baseaccording to the current contextual information. For example, the
following criteria infers the importance of the fungal infection sub-classesaccording to the
climatic contextual information.

² Criteria name Climatic fungi
type : Initialization Interpretation Criteria
Domain Class : Fungal Infection
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DomainClass f
name hyphae
commen t \A thread-like, tubular ¯lamentous fungal structure"
Sup erClass FungiSymptom
Visual Description

Spatial Description
Geometry name hyphae geometry

range [Curve Line Segment]
Thickness name hyphae thickness

range [Very Thin Thin ]
Straightnessname hyphae straightness

range [Almost Straight]
Color Description

Neutral Color name hyphae color
range [White Gray]

Lightness name hyphae lightness
range [Very Light Light ]

Spatial Relation Description
ProperPartOf name hyphae properpart relation

range [Leaf ]
g

Figure 6.9: Representation of the domain classhyphae

Let c a ROSESIM Domain Context
If : c.Relative humidit y > = 80 and c.Greenhousetemperature 2 [25; 30]
Then :Conidia Germina tion .setImportance(0.9),Mycelium inst alla tion .setImportance(1),
Spreading powder y mildew .setImportance(1),
V er y Earl y powder y mildew .setImportance(1)

Post in terpretation criteria enableto con¯rm or to re¯ne the interpretation results
according to the contextual information. They enableto take into account the risk factors
of the diseaseto make an accurate diagnosis. For example, the presenceof early powdery
mildew with climatic conditions contrary to the powdery mildew development onesis of
lessimportance than the presenceof early powdery mildew in favorable conditions for its
growing.

To pursue with the exampleof Powdery Mildew, a post interpretation criteria is:

² Criteria name Powdery mildew criteria1
type : Post Interpretation Criteria
Domain Class : V er y Earl y Powder y Mildew
Let c a ROSESIM Domain Context
If : true and c.Relative humidit y > = 80 and c.Greenhousetemperature 2 [25; 30]
and c.Season2 [Spring ; Automn ]
Then :print ALERT : very Early Powdery Mildew in favorable conditions. A treat-
ment is needed

159



6.2. ROSESIM SYSTEM CHAPTER 6. APPLICA TION

Figure 6.10: Overview of a part of the hierarchy of domain classes

6.2.5 The ROSESI M Semantic I nterpretation System

The ROSESIM interpretation knowledgebaseis gatheredwith the application independent
SI enginepresented in section5.1.5. The resulting association is a semantic interpretation
system dedicated to rosediseases.

6.2.6 The Visual Data Managemen t Kno wledge Base

The building of the ROSESIM visual data management knowledge base is on one hand
guided by the visual conceptontology and spatial relation ontology and on the other hand
guided by the image processingontology. The knowledgeacquisition consistsin:

1. Building the description, from a visual data management point of view, of all the
visual conceptsand spatial relations usedto describe the set of domain classesin the
ROSESIM semantic interpretation system. The building of the descriptions consists
in the building of the grounding link with image descriptors. The choice of image
descriptors is constrainedby the imageprocessingontology. For each visual concept
used in the semantic interpretation knowledgebase(or for each visual concept pro-
vided by the visual concept ontology), we ¯rst build its generaldescription (Visual

160



CHAPTER 6. APPLICA TION 6.2. ROSESIM SYSTEM

DomainCon text f
name ROSESIM Domain Context
commen t The Domain context of the rosediseasediagnosisapplication
A ttributes

Float name Relative humidit y
default no
range [0 100]

Float name Greenhousetemperature
default no

Sym bol name Season
range [Winter Spring Summer Autumn]

Sym bol name Plant Location
range [Entrance Middle back ]

Sym bol name Organ Location
range [Bottom Middle Top]

Sym bol name Rose Variety
range [LeonidasTexasFirstRed]

Sym bol name Leaf Age
range [Very Young Young Mature Old]

g

Figure 6.11: The domain context for the application of rosediseaserecognition

AcquisitionCon text f
name ROSESIM Acquisition Context
commen t The Acquisition context of the rosediseasediagnosisapplication
A ttributes

Sym bol name Sensortype
default Binocular microscope
range [Binocular microscope Video microscope microscope]

Float name Sensormagni¯cation
default 64
range [7.5 200]

Float name Sensorresolution
range [0.25 0.35 0.5 1.0 4.0] 10 E-4

g

Figure 6.12: The acquisition context for the application of rosediseaserecognition

Concept Taxonom y) then we build the instancescorresponding to this visual con-
cept and present as attributes of domain classes(visual concept instances ). The
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knowledgeof spatial relations is built according to the spatial relation ontology.

2. Then, a set of visual data management criteria is built and linked to the correspond-
ing visual concept or spatial relation.

3. The set of generic image processingfunctionalities is described and the set of image
entities interesting for our application is described.

A big part of the visual data management knowledge baseis not speci¯c to the rose
diseaseapplication. This part composesthe generic visual data management knowledge
base. The visual data management also contains knowledgedependent on the ROSESIM
application : i.e. the instancesof visual conceptsand of spatial relations related to the
domain classesof the semantic interpretation knowledge base. In the next sections, we
summarizethe content of the visual data management knowledgebase.

6.2.6.1 Visual Concept Taxonom y

The visual concept taxonomy contains an organized set of visual concepts. It is the de-
scription from the visual data management point of view of the visual concepts of the
visual concept ontology : i.e. with their grounding link as described in ¯gure 6.13, 6.14
and 6.15. In our case,the visual concept taxonomy corresponds to a restriction of the set
of conceptsprovided by the visual concept ontology. Only the visual conceptsand their
sub-conceptswhich are useful to describe the application domain are included in the visual
data management knowledgebase. In the caseof the ROSESIM application, texture visual
conceptswerenot usedand asa consequencenot including in the visual data management
knowledgebase. The current ROSESIM visual data management knowledgebasecontains
the genericdescription of 107visual concepts. Someof them are described in appendix B.

VisualConcept f
name Thickness
Sup erConcept Size
Grounding Link

Float name width
Numerical range : [0..image height*resolution]
unit : [km, m, cm, mm ,um, nm]

g

Figure 6.13: The representation of the visual concept Thickness in the visual data man-
agement knowledgebase

The taxonomy of visual concepts in the visual data management knowledge base is
the sameas the visual concept ontology. The processof inheritance between the visual
concept El liptical Surface and Circular Surface is shown in ¯gure 6.14 and 6.15.

6.2.6.2 Image Data and Descriptor Set

The visual data management knowledge basealso contains knowledge about image data
types. This knowledgeis the description of image entities and image descriptors provided
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VisualConcept f
name Elliptical Surface
Sup erConcept Geometric Surface
Grounding Link

Symb ol name eccentricit y
commen t ratio of the length of the longestchord to the longestchord perpendicular to it
Linguistic range : [very low low medium high very high]
FuzzySet
Fver y l ow = f 0:0; 0:0; 0:19; 0:21g
Fl ow = f 0:19; 0:21; 0:38; 0:42g
Fmedium = f 0:38; 0:42; 0:575; 0:625g
Fhig h = f 0:575; 0:625; 0:76; 0:84g
Fver yhig h = f 0:76; 0:84; 1; 1g
Domain : [0 1]
unit : none

Sym bol name compactness
commen t Measure of how the shape is closely-packed
...

Sym bol name ellipticit y
commen t Euclidian ellipticity : distance between ¯tting ellipse and region boundary
...

g

Figure 6.14: The representation of the visual concept El liptical Surface in the visual data
management knowledgebase

by the image processingontology. In the current ROSESIM visual data management
knowledge base,we have only described image data and descriptor sets relevant for our
application and with regard to the image processingontology. A typical example of an
image data is described in ¯gure 6.16.

6.2.6.3 Spatial Relations

The visual data management knowledgebasecontains knowledgeof spatial relations. This
knowledgecorresponds to the description of the spatial relations provided by the spatial
relation ontology according to the formalism described in chapter 5. The visual data
management knowledgebasecontains 22 spatial relations. Example of the representation
of the topological spatial relation Proper Part Of is given in 6.17.

6.2.6.4 Visual Data Managemen t Criteria

² Ob ject Extraction Criteria
Object extraction criteria are linked to visual concepts or to spatial relations .
They are used to guide information extraction on images. Currently , the minimal
visual data management knowledge basecontains 18 extraction criteria. They are
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VisualConcept f
name Circular Surface
Sup erConcept El liptical Surface
Grounding Link

Symb ol name eccentricit y
commen t ratio of the length of the longestchord to the longestchord perpendicular to it
Linguistic range : [ high very high]
FuzzySet
Fhig h = f 0:575; 0:625; 0:76; 0:84g
Fver yhig h = f 0:76; 0:84; 1; 1g
Domain : [0 1]
unit : none

Sym bol name compactness
commen t Measure of how the shape is closely-packed
Linguistic range : [ high very high]
...

Sym bol name circularit y
commen t Shape factor
...

g

Figure 6.15: The representation of the visual concept Circular Surface in the visual data
management knowledgebase

usedto ¯ll the valuesof the current visual conten t context .

A simple exampleof object extraction criteria is the following:

{ Criteria name SurfacicShape extraction 1
type : Object Extraction Criteria
Visual Concept : Geometric Surface
Let V O a Visual Object and context a visual Content Context
If : V O.geometry has for expected valuesSurface or Surface.Subconcepts
Then : context.Image En tit y t yp e:= Region

In this case, the object extraction criteria is linked to the visual concept Sur-
facic Shape but someobject extraction criteria are also linked to spatial relations.

For example, the following criteria states about the discriminacy of color between
two objects lies with the ProperPart relation. They are basedon the complementary
of hue concepts.

{ Criteria name ProperPartColor extraction red
type : Object Extraction Criteria
Spatial Relation : Proper Part Of
Let VO1 and VO2 be the two visual objects in relation (VO1 is Prop er Part
of VO2) and context a visual Content Context
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ImageData f
name Image Region
commen t Set of connected pixels which havecommon properties
Subt yp e Of Image Data

A ttributes
Image Region name region interior
Image Edge name region boundary
RegionShap eDescriptorSet name region shape description
RegionColorDescriptorSet name region color description
File name dataFile

Metho ds
Load()
Save()
g

Figure 6.16: The representation of the Image Data Image Region in the visual data man-
agement knowledgebase

SpatialRelation f
name Proper Part Of
Sup erRelation TopologicalRelation
In verse Has For Proper Part
Complemen t Discrete
Symmetry False
Ob jects In Relation

VisualObject name object1
VisualObject name object2

Conditions
Di®erence(Interior(ob ject1), Interior(ob ject2)):= empty
Di®erence(Interior(ob ject2), Interior(ob ject1)) != not empty
Intersection(Interior(ob ject1), Interior(ob ject2)) != not empty

g

Figure 6.17: The representation of the spatial relation Proper Part Of in the visual data
management knowledgebase

If : V O1.GenericHuehas expected value Red
and V O2.GenericHuehas expected value Green
Then : context.Discriminativ e Ob ject Color := High

The following criteria usesthe relation NTTP to de¯ne an area of interest on the
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image:

{ Criteria name NNTP constraint
type : Object Extraction Criteria
Spatial Relation : TPP
Let VO1, VO2 be two visual objects and context a Visual Content Context
If : TTP(V O1, VO2) is true
Then : context.areaofInterest:= Interior(V O2)

² Spatial Deduction Criteria
They are linkedto spatial relations. The minimal visual data management knowledge
basedcontains:

{ The 7 transitivit y criteria corresponding to the spatial relations: Left Of, Right
Of, In Front Of, Behind, Equals , NTTP and NTTP-1 .
The transitivit y criteria for the Right Of orientation relation is:
Criteria name RightOf transitivit y
type : Spatial Relation Criteria
Spatial Relation : Right Of
Let VO1, VO2, VO3 be three visual objects
If : Right Of (VO1, VO2) and Right Of (VO2, VO3)
Then : Right Of (VO1, VO3) is true

{ The composition criteria corresponding to the composition table.
All these composition criteria have not been implemented for the ROSESIM
application. We have implemented only the criteria related to spatial relations
e®ectively usedto describe domain classes.For example,the composition of the
spatial relation NTPP and Left Of is represented by the following criteria :
Criteria name NNTP LeftOf
type : Spatial Relation Criteria
Spatial Relation : NTPP
Let VO1, VO2, VO3 be three visual objects
If : NTPP (VO1, VO2) and Left Of (VO2, VO3)
Then : Left Of (VO1, VO3) is true

² Evaluation Criteria
Evaluation Criteria are represented independently in the visual data management
knowledgebaseto evaluate the result of the program supervision module according
to what wasexpectedat the visual data management level. Currently , this evaluation
is done interactively with the end userusing an evaluation criteria which asksto the
end userif the results of the imageprocessingare : (1)correct, (2)incorrect, (3)under-
segmented and (4)over-segmented.

6.2.6.5 Visual Concept Instances

This part of the visual data management knowledgebaseis dependent on the application
domain. It correspondsto a set of instancesof visual conceptsrelated to domain classesof
the semantic interpretation knowledge base. These instancesde¯ne what we have called
the grounding relation . Indeed, the grounding relation between visual concepts and
image data descriptors is dependent of the domain classdescribed by the visual concept.
For example,in a road detection application, the visual conceptThickness usedto describe
a road has not the samegrounding relation that the samevisual concept usedto describe
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the domain classhyphae . For each domain classand its associated visual concepts,the
grounding relation is represented by instances of visual concepts. Thesesinstances are
stored in the visual data management knowledgebaseas described in the ¯gure 6.18.

VisualConcept Instance f
Thickness name hyphae thickness
Grounding Link
Float name width

Numerical range : [1-10]
unit : um

g

VisualConcept Instance f
El liptical Surface name WFpupae elliptical surface
Grounding Link
Sym bol name ellipticit y

Linguistic range : [high very high]
g

Figure 6.18: Instancesof visual conceptsin the visual data management knowledgebase

6.2.7 The ROSESI M Program Supervision Kno wledge Base

For the imageprocessingpart of our application, wehaveuseda library of imageprocessing
programs called PANDORE 1. PANDORE is a library of image processingoperators. It
is composedof a set of executable operators and of an environment of programming in
C++.

The program supervision knowledge acquisition was guided by the image processing
ontology. The generic functionalities of the image processingontology are functionalities
represented in the knowledgebase. For each functionalit y, we have de¯ned primitiv e and
composite operators able to achieve these functionalities. Moreover, for interoperabilit y,
the arguments of supervision operators correspond to image data in the visual data man-
agement knowledge. The ¯gure 6.19 represents arguments corresponding to the Image
Data Image Region represented before.

The minimal program supervision knowledgebasecontains:

1. The description of image data that can be processedby image processingprograms.
They are the data conceptsof the imageprocessingontology ( e.g. chapter 4). They
are described within data t yp es in a clear and structured way. This part of the
knowledgebaseis important becausethe management of imageprocessingprograms
is essentially data driven.

1http://www.greyc.ensicaen.fr/~regis/P andore/
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Argumen t T yp e f
name Image Region
commen t Set of connected pixels which havecommon properties
Subt yp e Of Image Data

A ttributes
Image Region name region interior
Image Edge name region boundary
RegionShap eDescriptorSet name region shape description
RegionColorDescriptorSet name region color description
RegionT extureDescriptorSet name region shape description

Metho ds
Load(File ¯le)
Save(File ¯le)
g

Figure 6.19: The representation of an argument typeof the program supervision knowledge
base.The corresponding ImageData is described in the visual data management knowledge
base.

2. The description of the genericimageprocessingfunctionalities of the imageprocess-
ing ontology. They correspond to the set of functionalities usedto build program su-
pervision requestsby the program supervision module and to the associated program
supervision operator representation. Thesegeneric image processingfunctionalities
are :

² Object Extraction
Its representation in the YAKL languageis described in ¯gure 6.20. The hier-
archy of supervision operators associated to this functionalit y is represented in
¯gure 6.21. The representation of associated supervision operators is given in
the annex B.

² Feature Extraction
For each imagedescriptor of the imageprocessingontology a primitiv e or com-
posite supervision operator which describes at least a method to measurethe
descriptor on imagesis included in the program supervision knowledgebase.

² Visual grouping

² Visual splitting

² Image Enhancement

For complex applications requiring speci¯c image processingprograms, an applica-
tion speci¯c knowledge base can be built incrementally from the generic minimal
knowledgebase.
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Functionalit y f
name Object Extraction
commen t Extraction of a visual object from image
Ac hiev ed by ObjectExtraction operator

InputData
Image name inputImage
VisualCon ten tCon text name context

OutputData
List of Image Data name outputData
IPRep ort name reports
g

Figure 6.20: Representation of the functionalit y Object extraction

The program supervision knowledge base was built by using the visual image pro-
cessingontology as a skeleton. This part of the program supervision knowledge base
is a minimal program supervision knowledge base. Additional knowledge (additional su-
pervision operators) were added to cope with our biological application. In the current
implementation, the program supervision ROSESIM knowledge base contains 29 super-
vision operators which solve the 5 basic image processingfunctionalities and 35 criteria,
mainly initialization and choice criteria.

6.2.8 Example of session

In this section, we illustrate the behavior of ROSESIM with a typical end-user request.
The request called Powdery mildew request is a single detection request but has the
particularit y of involving composite objects and spatial relations.

6.2.8.1 A Single Det ect ion Request

This section describes the behavior of the ROSESIM system in responseto a Single De-
tection Request.

The global processbeginswith the speci¯cation of a domain request by the end user:

Domain Request f
name Powdery Mildew Request
commen t Is there an infection of powdery mildew on the rose leaf and at what stage?
InputImageData : = Leonidas0602
DomainCon text : = Leonidas0602DContext
AcquisitionCon text : = Leonidas0602AContext
HighLev elGoal := Single Detection
TargetedDomainClass := FungalInfection

g

The description of the end user request, i.e. the image to interpret and its associated
context is described in ¯gure 6.22.
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Figure 6.21: Hierarchy of supervision operators associated to the functionalit y Object
Extraction in the ROSESIM Program Supervision Knowledge Base. Operators with a
grey background are Primitiv e Op erators . Operators with a white background are
Comp osite Op erators .

This domain requestmeansthat the end user is only interested in fungal infection. In
particular, he wants to know if powdery mildew is present and in what stageof develop-
ment.

This domain request represents a real biological problem. Indeed, powdery mildew
causessevere damageson roseleavesand the detection of powdery mildew in early stages
is a real major challengefor pathologists.

Moreover, from the point of view of the semantic image interpretation system, this
requestenablesus to illustrate the management of complex composite objects.

At the beginning of the interpretation: DomainClassList is empty and
Perceived SceneDescription is empty.

1. Semantic Interpretation Initialization Phase
The semantic interpretation engine takesas input the domain request and perform
Initialization . The Initialization consistsin loading the ¯les corresponding to the
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Figure 6.22: Description of the input data of the end user Powdery Mildew Request

Domain and Acquisition Context. Only the part of the domain taxonom y from
the targeted domain class of the domain request is taken into account. In our
case,only the domain classes which specialize or compose Fungal Infection
are taken into consideration. The domain class Fungal Infection is added in
DomainClassList. A visual object (VO background) corresponding to the root of the
domain taxonomy: i.e. Leaf , is built and added in the perceived scenedescription.
Then, someInitialization In terpretation Criteria are activated.

² Criteria Con textAge 1
type: Initialization Interpretation Criteria
Let : C a Domain context and V a Visual Object
If : C.Leaf Age == Very Young and C.RoseVariety == Leonidas
Then : V.Hue := Dark Red

Current Domain Class:= Fungal Infection (First classin the DomainClassList).

The semantic interpretation engine loads the description of the domain classFun-
gal Infection in the knowledgebase. This description is :

DomainClass f
name fungal infection
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commen t An infection by a fungal pathogen characterized by the presence of a funny symptom
Sup erClass name Non heal thy leaf
SubP art Description

fungi symptom name fungal infection symptom
range [Mycelium Conidia Conidiophores ]
facet at least 1 g

2. Analysis of the subpart of the current domain class
According to the description of the domain classfungal infection , the semantic
interpretation deals with the sub-part domain classes. The facet at least means
that the presenceof only one fungi symptom is su±cient to validate the domain
class fungal infection . The ¯rst sub-part domain class studying is the ¯rst
domain classof the rangeof the attribute fungal infection symptom, i.e. the domain
classMycelium .

CurrentDomainClass := mycelium
The Description of mycelium is:

DomainClass f
name Mycelium
commen t A group or massof discrete hyphae,the vegetative structure of many fungi
Sup erClass name fungi symptom
Visual Description

Spatial Description
NetworkOf name mycelium network

range [(hyphae ,Connected)]
atleast 1

Network Density name mycelium density
range [ Partial ly Spaced Spaced ]

NetworkShape name mycelium shape
range [Star Like]

ProperPart name mycelium proper part of
range [Leaf ] g

3. Visual data management request building

The semantic image interpretation builds a visual data managemen t request
for the visual data management module according to the semantic knowledgeof the
domain classMycelium and the high level goal of the request.

The resulting request is described just below using the semantic knowledge about
the domain classMycelium and the high level goal of the domain request.

VisualDataManagemen tRequest f
name mycelium
A ttributes

CurrentVisualOb ject := Visual Object mycelium1
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ObjectNumber := 1
g

According to the description of the domain classMycelium , the visual object Vi-
sual Object 1 is a composite visual object.

Its description is:

Comp osite Visual Ob ject:
name := Visual Object mycelium1
state := hypothesized
Asso ciatedDomainClasses := Unknown
Asso ciatedImageData := Unknown
VisualA ttributes

Network Shape name network shape
exp ectedV alues := [Star Like Network]
Perceiv edV alues := Unknown (0)

Spatial Relation := Connected
Primitiv eVisualOb ject := Visual Object hyphae1
Ob jectNum bermin:= 1
Ob jectNum bermax:= Unknown

According to the description of the domain classhyphae which composesthe domain
classmycelium , Visual Object hyphae1 is a visual object described by:

Primitiv e Visual Ob ject:
name Visual Object hyphae1
state := hypothesized
Asso ciatedDomainClasses := Unknown
Asso ciatedImageData := Unknown
VisualA ttributes

Shape name shape
exp ectedV alues := [Line Segment]
Perceiv edV alues := Unknown (0)

Thickness name thickness
exp ectedV alues := [Thin Very Thin ]
Perceiv edV alues := Unknown (0)

Straightnessname straightness
exp ectedV alues := [Almost Straight]
Perceiv edV alues := Unknown(0)

NeutralColor name neutralcolor
exp ectedV alues := [White Gray]
Perceiv edV alues := Unknown(0)

Lightness name lightness
exp ectedV alues := [Very Light Light ]
Perceiv edV alues := Unknown(0)
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The spatial relational attribute IsProperPart namedhyphae properpart relation and
which has for value Leaf is processed.Leaf is a special domain classwhich repre-
sents all the visual sceneand, as a consequence,all the image. It is always true. A
corresponding visual object named VO background has beenadded in the perceived
scenedescription at the beginning of the process.An instanceof the spatial relation
Proper Part of between Visual Object hyphae1 and VO background is created and
added to the Perceived SceneDescription. Due to the special domain classLeaf ,
this relation is true.

4. Visual data management request processing
As the visual data management request is a composite visual object request,
the visual data management engine ¯rst processesthe primitiv e visual object Vi-
sual Object hyphae1.

Current Visual Object:= Visual Object hyphae1

As Visual Object hyphae1.AssociatedImageData == Unknown, the visual data
management engine asks for object extraction in the images. It builds an Image
ProcessingRequest.

5. Image Processing Request Building (Object Extraction)
It consists in the activation of ob ject extraction criteria . The aim is to com-
plete the ¯elds of the visual content context corresponding to the image processing
functionalit y. As object extraction criteria are linked to visual conceptsor spatial re-
lations, only the criteria linked to visual conceptswhich describe the visual object are
activated. An object extraction criteria linked to a visual concept is automatically
linked to its sub-concepts.

² Criteria Op en Curv e extraction 1
type : Object Extraction Criteria
Visual Concept : Open Curved
Let V O a Visual Object and context a visual Content Context
If: V O.thickness.expectedValues 3 Thin or V O.thickness.expectedValues 3
Very Thin
Then: context.Image En tit y t yp e:= Curvilinear Structure

² Criteria T hic kness 1
type : Object Extraction Criteria
Visual Concept : Thickness
Let V O a Visual Object, context a visual Content Context, acquisitioncon-
text an Acquisition Context
If: V O.thickness.expectedValues 3 Thin or V O.thickness.expectedValues 3
Very Thin
Then: context.relativ e ob ject width := Thick-
ness.getInstance().GroundingLink.width * acquisitioncontext.sensorResolution

² Criteria T hic kness 2
type : Object Extraction Criteria
Visual Concept : Thickness
Let V O a Visual Object, context a visual Content Context
If: V O.thickness.expectedValues 3 Thin or V O.thickness.expectedValues 3
Very Thin
Then: context.relativ e ob ject length > = 10* context.relativ e object width
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² Criteria Prop erP artColor extraction 2
type : Object Extraction Criteria
Spatial Relation : Proper Part Of
Let VO1 and VO2 be the two visual objects in Proper Part relation (VO1 is
Prop er Part of VO2) and context a visual Content Context
If: V O1.lightness.expectedValues3 Light or V O1.lightness.expectedValues3
Very Light
and V O2.lightness.expectedValues3 Dark or V O2.lightness.expectedValues3
Very Dark
Then: context.Discriminativ e Ob ject In tensit y := High

The visual data management system sendsto the Program supervision system an
image processingrequest corresponding to :

Request f
Object Extraction name object extraction1
A ttributes

input image := Leonidas0602
visual content context := context g

The Visual Content Context context is :

VisualCon ten tCon textInstance f
VisualContentContext name object extraction context1
A ttributes

image data type := Curvilinear Structure
discriminativ e object intensity := high
discriminativ e object color := true
discriminativ e object texture := no
relative object width := [5 10]
relative object length > = 50
relative object size:= unknown
object number > = 1 g

6. Image processing request solving by the Program supervision module

The processingof the program supervision request object extraction1 is shown in
¯gure 6.23.

All the resulting image data are set in the ImageDataList

7. Interactive Evaluation of Image Processing Results
The aim of this evaluation phaseis to make decisionson the necessity of a feedback
to the program supervision system or if the image processingresults are su±cient
to pursue the interpretation process. It consists in the activation of the evaluation
criteria of the visual data management knowledge base. In the present case, the
evaluation is made interactively with the end user.
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Figure 6.23: The processingof the requestobject extraction1 by the program supervision
module. The criteria usedduring the processof the requestare in oblong bounding boxes.
The imagesin the ¯gure are input or output of imageprocessingprograms. The complete
output is a list of labeledridge lines called ImageData List1 with basicdescriptors like the
position, basic sizedescriptors, its interior and its boundary

² Criteria evalseg 1
type : Object Extraction Evaluation Criteria
If : true Then : assessdata by user [correct undersegmentation oversegmenta-
tion noisy]

In our case,the results are assessedcorrectly.

8. Program Supervision Request Building (Feature Extraction)
The visual data management system asksfor feature extraction.

Request f
Feature Extraction name feature extraction1
A ttributes

input data := ImageData List
visual content context := context2

g

176



CHAPTER 6. APPLICA TION 6.2. ROSESIM SYSTEM

The visual content context is createdby using the grounding link of the visual concept
instancescontained in the current visual object.

VisualCon ten tCon textInstance f
VisualContentContext name feature extraction context1
A ttributes

image data type := Curvilinear Structure
shapeFeatures:= f elongation, compactness,circularit y, eccentricit y, orientation, line strenghnessg
sizeFeatures:= width, length, area
colorFeatures:= greylevelvalue, R, G, B
textureFeatures:= none

g

9. Image processing request solving by the Program supervision module
The results are image data and their associated image data descriptors.

10. Image Data Selection The aim of this step is to remove from the ImageDataList all
the imagedata that are uselessfor the following step of the process.The constraints
of the Visual Content Context object extraction context1 are usedto performed this
selection. In our case,all the image data which have width and length valuesout of
the rangeof the relativ e ob ject width and relativ e ob ject length are removed.

11. Symbolic description generation Each imagedata in ImageDataList is matched with
the description of the primitiv evisual object visual object hyphae1 previously de¯ned.
If the matching is correct, the visual object hyphae1 is duplicated and completed
according to the matching process.An example is:

Primitiv e Visual Ob ject:
name Visual Object hyphae1
state := perceived
Asso ciatedDomainClasses := Unknown
Asso ciatedImageData := ImageDataList(i)
VisualA ttributes

Shape name shape
exp ectedV alues := [Line Segment]
Perceiv edV alues := Line(0.7)

Thickness name thickness
exp ectedV alues := [Thin Very Thin ]
Perceiv edV alues := Thin (0.8) Very Thin (0.2)

Straightnessname straightness
exp ectedV alues := [Almost Straight]
Perceiv edV alues := AlmostStraight (0.7)

NeutralColor name neutralcolor
exp ectedV alues := [White Gray]
Perceiv edV alues := White (0.7) Gray (0.5)

Lightness name lightness
exp ectedV alues := [Very Light Light ]
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Perceiv edV alues := Light(0.8) VeryLight(0.4)

12. Program Supervision Request Building (Top Down Visual Grouping)
The following request is sent to the program supervision system:

Request f
Top Down Visual Grouping name visualgrouping1
A ttributes

input data := ImageData List
relation := Connected
targetedstructure := network

g

The image processingresult of the grouping processis shown in ¯gure 6.24.

Figure 6.24: The image resulting from the grouping process

The result is set to ImageData Graph

13. Program Supervision Request Building (Feature Extraction)
The visual data management system asksfor feature extraction.

Request f
Feature Extraction name feature extraction1
A ttributes

input data := ImageData Graph
visual content context := context3

g

The visual content context is created by using the grounding link of the visual con-
cepts contained in the visual object.

VisualCon ten tCon textInstance f
VisualContentContext name feature extraction context2
A ttributes

image data type := graph
shapeFeatures:= f graph convexarea,graph compactness,graph circularit y, graph density g
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sizeFeatures:= total length, total area, graph density
colorFeatures:= none
textureFeatures:= none

g

14. Symbolic description generation
The imageData Graph and its descriptors are matched with the description of the
Composite Visual Object :

Comp osite Visual Ob ject:
name Visual Object mycelium1
state := perceived
Asso ciatedDomainClasses := Unknown
Asso ciatedImageData := imageData Graph
VisualA ttributes

Network Shape name network shape
exp ectedV alues := [Star Like]
Perceiv edV alues := Star Like (0.7)

Network Density name network density
exp ectedV alues := [Very DenseDensePartial ly Spaced Spaced]
Perceiv edV alues := Partially Spaced(0.5) Spaced(0.8)

Spatial Relation := Connected
Primitiv eVisualOb ject := Visual Object hyphae1
Ob jectNum bermin:= 1
Ob jectNum ber:= 20

15. Semantic Matching (Visual Object mycelium1, CurrentDomainClass)
The domain class mycelium is recognized. The state of the Vi-
sual Object mycelium1 is changed to recognized and the name of the domain class
mycelium is set as a value in the slot AssociatedDomainClasses.

Current Domain Class := Fungal Infection ( its subpart Mycelium has been
recognized).

As the domain classFungal Infection has not other attributes than its sub part
attribute FungiSymptom , it is validated. The nameof the domain classmycelium
is set as a possiblesemantic value of the current visual object (using the slot Asso-
ciatedDomainClasses).

16. Rē nement of the semantic interpretation

The sub-classesof the domain classFungal Infection are sorted out according to
their priorit y order and add in the list of domain classes.

Current Domain Class := Mycelium Inst alla tion

DomainClass f
name mycelium inst alla tion
commen t Presence of mycelial clump
Sup erClass name fungal infection
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visual Description
Network Density name mycelium density

range [ Partial ly Spaced Spaced ]
g

The domain classmycelium inst alla tion is validated. The name of the domain
classmycelium inst alla tion is setasa value in the slot AssociatedDomainClasses.

Current Domain Class := Spreading Powder y Mildew

DomainClass f
name spreading powder y mildew
commen t Presence of mycelial clump of powdery mildew
Sup erClass name Spreading Powder y Mildew
Visual Description

Mycelium.Hyphae.Thicknessname hyphae thickness
range [ Thin ]

g

The domain classSpreading Powder y Mildew is validated. The name of the
domain classmycelium inst alla tion is set as a value in the slot AssociatedDo-
mainClasses.

It is a leaf of the tree of domain classes,the interpretation processis stopped.

17. Post Interpretation phaseActiv ation of Post Interpretation criteria. ALERT : very
Early Powdery Mildew in favorable conditions. A treatment is needed

6.3 Conclusion

In this section, we have presented the validation of the cognitive vision platform for a
real world application. The cognitive vision platform was used to build the ROSESIM
system dedicated to the recognition of several rose diseases. Using the cognitive vision
platform, the building of the ROSESIM systemonly consistsin the building of three ded-
icated knowledgebases.They contain 218 frames and 73 rules. They are provided in the
appendix B. The semantic interpretation knowledge base and the visual data manage-
ment knowledgebaseare the most developed. They both illustrate the re-usability of the
visual concept ontology and of the spatial relation ontology. The sessionexample with
the Powdery mildew request has illustrated the di®erent conceptsand reasoningstrategies
presented in the chapter 5. The ROSESIM system was tested on about 50 images. The
imagesrepresent either fungi diseasesor insects. In most of the case,the ROSESIM system
leadsto a correct interpretation.

The ROSESIM system validates the using of the cognitive vision platform for the
building of application speci¯c interpretation system:

² The descriptive knowledgefor the three sub-problemsof semantic image interpreta-
tion can be represented in a natural way.

² The di®erent knowledgebasescan be easilymodi¯ed and augmented by the di®erent
experts.
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² The di®erent engineshave beentested.

The aim of the ROSESIM system was the validation of the cognitive vision platform.
As a consequence,the biological validation of the ROSESIM system has still to be done.
Nevertheless,according to the interpretation results of the tested images,we can conclude
that the system is successfulin recognizing the di®erent types of diseasesdescribed in
the knowledge base. Bad interpretations are often due to very noisy images for fungal
infection. This weaknessis due to a hard image processingproblem: the extraction of
thin ¯lamentous objects in clustered background. The domain knowledge base can be
increasedand modi¯ed by application domain experts to cope with a wider range of rose
diseases.A possibleextension of the ROSESIM system could be the management of not
only pest infection but also the management of the presenceof their natural enemiesand
their relations.
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Cha pter 7

Concl usions and Perspecti ves

Despite an active and mature research in computer vision and arti¯cial intelligence, the
problem of semantic image interpretation is still a signi¯cant challenging problem. In this
thesis, we addressthis problem under the point of view of the building of semantic image
interpretation systems.This problem is important for a wide rangeof applications: visual
surveillance, diagnosis,medical imaging, remote sensing,industrial inspection,... Current
drawbacks of existing semantic image interpretation systemsare their application domain
dependence,their lack of robustness,°exibilit y and autonomy and their long design-cycle
time.

Recently , the emerging discipline of cognitive vision tries to answer to these draw-
backs. It gathers several scienti¯c ¯elds (computer vision, pattern recognition, arti¯cial
intelligence, cognitive science,machine learning, knowledge engineering) with the com-
mon attempt to achieve more robust, resilient and adaptable computer vision systems by
endowing them with cognitiv e faculties [Vernon, 2004]. In particular, one of the scienti¯c
challengesof cognitive vision is the establishment of minimal architecture for cognitive
vision systems. From the methodological point of view, some challengesare concerned
with the utilization and the advancement of systemsengineeringmethodologies.

Our cognitive vision platform is a contribution for the research in cognitive vision.
Indeed, as a reusable and convenient environment of development for the design of se-
mantic image interpretation systems, the cognitive vision platform considerably reduces
the design-cycletime of systems. Moreover, it is a minimal functional architecture which
de¯nes the minimal set of processingmodules and their inter-relationships necessaryfor
semantic image interpretation systems. Our approach, based on knowledge based sys-
tems enablesa natural interaction with the di®erent experts involved in the building of a
semantic image interpretation system.

The ¯rst part of this chapter is a review of our cognitive vision platform. In particular,
we focus on how the proposedcognitive vision platform answers or not the requirements
de¯ned in chapter 3. In the secondpart, we present perspectivesto improve the platform,
in particular with machine learning techniques.

7.1 Review of the Cognitiv e Vision Pla tform and Con tribu-
tions

7.1.1 A Reusable Cognitiv e Vision Platform

Our cognitive vision platform is a set of reusabletools for the design of semantic image
interpretation systems.
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1. Re-usabilit y using problem solving metho ds
Our approach basedon knowledgebasedsystemsand problem solving methods en-
ables the separation between the reasoningand the a priori knowledge used by it.
This separationenablesthe re-usability of the reasoningstrategiesfor di®erent appli-
cation domains. For each sub-problemof semantic imageinterpretation, the cognitive
vision platform proposes(e.g. chapter 5):

² a dedicated application independent engine

² a genericconceptual knowledgemodel

The modularit y of the proposedcognitive vision platform enablesthe separation of
the di®erent typesof expertise. The model proposedfor each sub-problem provides
for experts of the corresponding sub-problemsa framework and a clear description of
the structure of the knowledgeinvolved in their sub-problem. By using the cognitive
vision platform, the designof a semantic imageinterpretation systemfor a particular
application is a cooperative knowledgeacquisition work betweenapplication domain
experts, cognitive vision experts and image processingexperts. The engines are
reusedand the di®erent experts have just to build their speci¯c knowledgebase.

2. Re-usabilit y using ontological engineering
As problem solving methods play an important role in the reuseof reasoningstrate-
gies,ontologiesplay an important role in knowledgesharing and reuse. The cognitive
vision platform proposestwo speci¯c ontologies (i.e.. chapter 4):

² A visual concept ontology which is application independent and which can
be reusedacrossapplication domains. We useda visual concept ontology pro-
posed by [Maillot et al., 2003a] to reduce the domain knowledge acquisition
bottleneck. Indeed, it provides a set of generic terms to describe conceptsof
a domain. In the cognitive vision platform, the visual concept ontology
is also used as a common corpus for the inter-operabilit y between the seman-
tic interpretation module and the visual data management module. Moreover,
additional visual conceptswere added:

{ color conceptsto managegrey level images
{ shape concepts, less geometric, to cope with the description of natural

complex objects
{ spatial relation concepts(forming an independent ontology called spatial

relation ontology ) for the genericdescription of the spatial relations be-
tweenobjects

{ spatial structure conceptsto describe spatial object con¯gurations with a
¯xed structure

² An image pro cessing ontology which is application independent but depen-
dent on the data structures of a library of programs. Similarly to the visual
conceptontology, the imageprocessingontology enablesthe interoperabilit y be-
tweenthe visual data management module and the program supervisionmodule.
This imageprocessingontology alsoreducesthe program supervision knowledge
acquisition bottleneck by providing a set of generic image processingfunction-
alities to structure the program supervision knowledgebaseand a set of generic
image data usedto describe arguments of supervision operators.
Our image pro cessing ontology is not complete and additional terms could
be added to improve it.
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7.1.1.1 Semantic In terpretation

Concerning the semantic interpretation module of the platform, we were inspired by a
similar approach designedin our team for single object recognition [Thonnat, 2002]. Our
contribution consistedin upgrading and advancing this approach to situation recognition.
Situations are ¯xed spatial con¯gurations of multiple objects representing abstract notions.

The genericconceptual knowledgemodel proposedin [Thonnat, 2002]was modi¯ed:

² to cope with situations by a formalism to represent spatial con¯gurations of objects,

² to integrate the use of the visual concept ontology in the knowledgerepresentation
formalism.

The semantic interpretation enginewas inspired by the classi¯cation engineproposed
in [Thonnat, 2002] but upgraded to be goal oriented. It is a request including the end
user goal and the current context which conditions the semantic interpretation process.
Moreover, the proposedsemantic interpretation engineis basedon an hypothesisand test
cycle.

7.1.1.2 Visual Data Managemen t

The visual data management module is the main contribution of this thesis. The main
idea is to considerthe problem of the visual data management asa problem assuch, which
has its proper expertise and its proper reasoningstrategies. The visual data management
problem includes symbol grounding (connection between the symbols used at the inter-
pretation level and the perceptual data provided by the sensors)and spatial reasoning.
We have outlined the main conceptsand the main functionalities involved in a visual data
management process.Our knowledgebasedapproach proposes:

² An application independent visual data management enginebasedon top down and
bottom up reasoningstrategies.

² A visual data management knowledgebasedmodel

Our approach enablesthe capitalization of the knowledgeabout visual data manage-
ment which is an important result.

7.1.1.3 Program Sup ervision

Concerning the program supervision module, our contribution was smaller. Our main
contribution was to use and to integrate program supervision techniques to managethe
image processingsub-problem of semantic image interpretation. We have used existing
techniques to build this module. Indeed, program supervision by a knowledge basedap-
proach is a great expertise of the ORION team [Thonnat and Moisan, 1995]. In particu-
lar, we have usedthe particular program supervision enginenamedPegase+. Someminor
changesweremadeto support the imageprocessingontology and the interoperabilit y with
the data management module.

7.1.2 A convenient cognitiv e vision platform

The principle of the use of the cognitive vision platform states that experts of a speci¯c
domain arethe bestpersonsto dealwith their domain and to makeexplicit their knowledge.
The modularit y of the cognitive vision platform enablesexperts to contribute only at their
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level of expertise. Nevertheless,even for experts, the building of knowledgebasesfor the
di®erent sub-problems is still an e®ort. The cognitive vision platform makes easier the
knowledgeacquisition processby providing speci¯c knowledgedescription languages.The
explicitation of knowledgeis made is a natural manner with natural languages.

² The YAKL language developed in the ORION team for the program supervision
knowledgeacquisition

² The SIKL++ languagederived from the SIKL languagefor the application domain
and the visual data management knowledge.

7.1.3 The ROSESI M system

Using the cognitive vision platform, we have built a semantic interpretation system dedi-
cated to rose diseasediagnosis. We have used the three application independent engines
described in the chapter 5 and we have built three knowledgebases:a knowledgebaseon
rosediseaseearly symptoms, a visual data management knowledgebaseand a program su-
pervision knowledgebase. We have alsodeveloped imageprocessingprogramsto complete
the PANDORE image processinglibrary to add missing functionalities. In particular, we
have developed robust image processingalgorithms able to extract ridges on images.

7.1.4 A minimal semantic image in terpretation system

By providing a minimal semantic image interpretation system,we go a step further in re-
usability. Indeed, the minimal semantic image interpretation system provides a minimal
visual data management knowledge baseand a minimal program supervision knowledge
base. The design of a particular application image interpretation system is restricted to
the building of the interpretation knowledgebaseand to the application dependent part of
the visual data management knowledgebase.This data management knowledgerepresents
the symbol grounding relation between the instancesof visual conceptsused to describe
domain classesand numerical image descriptors. It is one of the drawback of the current
version of the cognitive vision platform: the domain knowledgeexpert is not always able
to provide this visual data management knowledge. We proposein the following section a
method to cover this drawback using machine learning techniques.

If the particular application required complex image processingprograms or complex
spatial reasoning,a particular visual data management knowledge baseand a particular
program supervision knowledgebasecan be built incrementally from the minimal ones. As
a consequence,the useof a minimal systemenablesto considerablyrestrict the design-cycle
time of a particular semantic image interpretation system.

From the point of view of the end user, a particular semantic interpretation system
built with the cognitive vision platform has the properties of :

² °exibilit y and self adaptation
At the level of semantic interpretation and visual data management, theseproperties
result from the context awarenessof the system. The explicit representation of
the domain context and the acquisition context enables to take into account the
conditions of the environment during the processing.

Program supervision techniqueswith its mechanismsof initialization, choice,assess-
ment and repair enablethe self-adaptationand the autonomy of the imageprocessing.
This self-adaptation is made according to the image processingrequestbuilt by the
visual data management system.
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² convenience
The end user of a particular semantic image interpretation system has only to pro-
vide a domain request with input data and the current context of the particular
application. The particular image interpretation systemis more or lessautonomous.
The end user is not burdened by providing expertise he doesnot own or with tech-
nical details. Nevertheless,the end user may have to interactively assessthe results
of the image processingmodule (evaluation criteria of the visual data management
knowledgebase).

7.2 Short Term Perspectiv es

7.2.1 I mpro vement of the knowledge acquisition pro cess

7.2.1.1 An in teractiv e domain kno wledge acquisition

To make more convenient the domain knowledge acquisition processthan the writing of
a knowledge baseusing the description languageSIKL++, we have planned to make it
interactive. We proposeto integrate the tools Ontovis [Maillot et al., 2003a]to the cogni-
tiv e vision platform. Currently , Ontovis outputs knowledgebasesin XML and annotated
images. The aim is to make an interface between the outputs of Ontovis in XML and
the SIKL++ language. This interactive domain knowledge acquisition should be more
attractiv e and easierfor experts not trained in writing knowledgebases.

7.2.1.2 Learning of the sym bol grounding relation between sym bolic and im-
age data

Currently , one of the big drawback of the current cognitive vision platform is that the
symbol grounding relations between(1) the instancesof the visual conceptsassociated to
a domain class and (2) the numerical image descriptors, are hand coded. This symbol
grounding knowledgeis hand coded by the application domain expert during the domain
knowledgeacquisition. If visual conceptsare really closeto real physically and quantita-
tiv ely measurableproperties, the application domain expert can provide this knowledge.
Most of the time, the creation of the symbol grounding relation is not in the skills of ap-
plication domain experts. As shown in [Maillot et al., 2003a], machine learning techniques
are good methods to answer to this big drawback and to reducethe semantic gap between
symbolic data and numerical data. This work is the subject of the Ph.D. thesis of Nicolas
Maillot in the Orion Team. This work proposesto learn, from representativ e samples,
visual concept detectors. The visual concept learning is composedof three steps: training
set building, feature selectionand training.

We propose to add the visual concept learning module in the cognitive vision plat-
form and to use it for the domain dependent knowledgepart acquisition. The knowledge
acquisition processis then composedof two steps:

² The domain knowledge acquisition guided by the visual concept ontology to build
the domain knowledgebaseand to build a set of annotated and manually segmented
images.
This part of the knowledge acquisition is performed by domain experts and is de-
picted in ¯gure 7.1.

² The automatic building of the symbol grounding relations between the visual con-
ceptsdescribingdomain classesand imagedescriptor values. This part of the knowl-
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Figure 7.1: The domain knowledgeacquisition process

edgeacquisition is described in ¯gure 7.2. In [Maillot et al., 2003a], the result of this
learning phase is represented as an augmen ted domain kno wledge base. We
state that this knowledgedoesnot belong to the domain knowledgebasebut to the
visual data management knowledgebase.

Figure 7.2: A visual conceptontology basedlearning method to automatically built symbol
grounding relations
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7.2.2 Mac hine Learning Techniques for I mage Segmentation

In his master thesis [Martin, 2004]in the Orion team, Vincent Martin proposessupervised
machine learning techniquesfor the imagesegmentation process.In particular, heproposes
to use machine learning for the automatic tuning of segmentation algorithms. Another
perspective to improve the robustnessand the autonomy of semantic image interpretation
systemsis to integrate theseworks in the cognitive vision platform. With such a method,
the program supervision knowledge is reduced. Initialization criteria are not necessary
anymore.

7.2.3 Automatic Evaluation of I mage pro cessing results

Another drawback of the proposedminimal system concernsthe evaluation of the image
processingresults by the visual data management system. Indeed, we have stressedthe
importance of the evaluation of the image processingresults at this level of the interpre-
tation level but the proposedsolution is basedon an interaction with the end user. Our
minimal systemcontains only oneevaluation criteria. To achieve an automatic evaluation,
additional evaluation criteria could be added in the visual data management knowledge
base. Works on the evaluation of image processingresults according to a high level goal
have to be studied to build theseevaluation criteria.

7.3 Long Term Perspectiv es

7.3.1 I ntro duction of the Temp oral Dimension

A long term objective for the evolution of the cognitive vision platform is to take into
account the temporal dimension. Currently , the cognitive vision platform is a tool for the
building of semantic interpretation system of purely static images. It doesnot enablethe
recognition of events or scenarios.As the Orion team has a great experiencein semantic
video interpretation, we aim at extending our cognitive vision platform in a generic and
reusableframework for the semantic interpretation of static imagesaswell asfor sequences
of images.

7.3.2 An opp ortunistic behavior

Someimprovements can also be made by the integration of opportunistic reasoning. Cur-
rently , all the components of the cognitive vision platform are guided by requestscoming
from higher level module. To make the platform more °exible, the modules could also be
directed by events as in [Sandakly, 1995]. Moreover, the global processcould be initialized
by the low levels.

7.3.3 Dynamic knowledge bases

In the framework of the proposed cognitive vision platform, we have no answer to the
problem of the close world assumption. Indeed, the knowledge basesare static and they
can not be modi¯ed during the reasoning to take into account new contexts. To make
the cognitive vision platform more adaptable, evolving knowledge bases,able to adapt
themselves by the creation of new conceptsor by the modi¯cation of existing concepts,
could be a great improvement for the cognitive vision platform.
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Cha pter 8

French Ex tended A bstra ct

This chapter presents a translation in french of the introduction and of the conclusionand
givesa description of the cognitive vision platform.

8.1 I ntro duction

Dans cette thµese, nous nous int¶eressonsau problµeme de l'in terpr¶etation s¶emantique
d'images. Il s'agit d'un problµeme de perception visuelle, c'est µa dire la perception du
monder¶eelpar descapteursvisuels(systµemevisuel humain, cam¶era, ...). Dansnostravaux,
nousabordonsceproblµemesousl'angle de la construction de syst µemes automatiques
d'in terpr ¶etation d'images .

8.1.1 Probl ¶ematique

Figure 8.1: Deux exemplesd'images µa interpr¶eter

Le problµemede l'in terpr¶etation s¶emantique d'imagespeut être illustr ¶e tr µessimplement
µa l'aide des deux images de la ¯gure 8.1. Si on regarde ces deux images, il s'agit de
r¶epondre µa la question: quel est le contenu s¶emantique de cesdeux imagesou de maniµere
plus simple, que repr¶esentent t'elles? Les r¶eponsespeuvent être multiples. Par exemple
pour l'image gauche de la ¯gure 8.1, des interpr¶etations possiblessont:

² deux r¶eseauxde ¯nes lignes blanchessur un fond vert textur ¶e,
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² desanomaliessur un objet v¶eg¶etal,

² deux apparitions d'un champignon microscopiquesur une feuille v¶eg¶etale,

² deux apparitions tr µespr¶ecocesd'oÄ³dium sur une jeune feuille de rosier.

Cet exemplemontre quel'in terpr¶etation s¶emantique d'une imaged¶ependdela connaissance
µa priori de l'in terpr¶eteur. L'image droite de la ¯gure 8.1 est tr µessimilaire µa cellede gauche
et peut être interpr¶et¶ee de la même maniµere. Cependant, des interpr¶etations possibles
peuvent aussi être:

² un r¶eseaud'¶epaisseslignes rougessur un fond vert,

² un r¶eseaude routes dans une image a¶erienne,

² un r¶eseaude routes dans une zoneforestiµere.

Sansaucuneautre information que l'image en elle même,on peut consid¶erer que cesinter-
pr¶etations sont correctes. Il n'existe pasde r¶eponseunique au problµemede l'in terpr¶etation
s¶emantique d'images.

² Imp ortance de la connaissance a priori
Nous avons montr ¶e, avec les images de la ¯gure 8.1, que la r¶eponse µa un prob-
lµeme d'in terpr¶etation s¶emantique d¶epend tr µes fortement du niveau de connaissance
a priori de l'in terpr¶eteur. La s¶emantique n'est pas dans l'image elle même. En
e®et, sans aucune connaissancesur les pathologies v¶eg¶etales et en particulier les
pathologiesdes rosiers, il est impossibled'in terpr¶eter les r¶eseauxde lignes blanches
(¯gure 8.1) commeune apparition pr¶ecoce de l'oÄ³dium du rosier. Par cons¶equent, si
l'in terpr¶etation s¶emantique d'une image d¶epend tr µes fortemen t de la connais-
sance a priori de l'in terpr ¶eteur , il estdoncn¶ecessairequ'un systµemeautomatique
d'in terpr¶etation d'images disposed'une connaissanceplus ou moins sophistiqu¶ee.

² Imp ortance de l'information contextuelle
Par information textuelle, nous faisonsr¶ef¶erenceµa toute l'information additionnelle,
non visuelle, qui peut in°uencer la maniµere dont la scµeneest per»cue. Par exemple,
sanssavoir quelesimagesde la ¯gure 8.1 sont desimagesbiologiquesmicroscopiques,
les interpr¶etations faisant r¶ef¶erenceµa des routes dans des imagesa¶eriennespeuvent
être prises en consid¶eration. Le terme biologique fait r¶ef¶erenceau contexte du do-
maine d'application tandis que le terme microscopique fait r¶ef¶erenceµa l'acquisition
des images. L'information contextuelle est donc primordiale pour le problµeme de
l'in terpr¶etation s¶emantique d'imageset la repr¶esentation et l'utilisation du contexte
dans un systµeme d'in terpr¶etation d'images peut am¶eliorer de maniµere importante
l'e±cacit ¶e et la performanced'un systµeme.

² Imp ortance du but de l'in terpr ¶etation
L'in terpr¶etation s¶emantique d'une scµeneest un problµemedirig¶e par le but. En e®et,
reprenonsl'exemple de l'image de gauche de la ¯gure 8.1. Si le but de l'in terpr¶etation
est de d¶etecter la pr¶esenceou non de champignons sur une feuille de rose alors il
su±ra d'extraire les ¯nes lignes blanches dans l'image. Par contre, si le but de
l'in terpr¶etation est de faire un bilan sanitaire complet de la feuille alors il faudra
extraire et interpr¶eter tous les objets pr¶esents dans l'image (les ¯nes lignes blanches
et les petites r¶egionsblanches). La prise en compte du but de l'in terpr¶etation est
importante car elle permet de se focaliser sur ce qui est pertinent pour ce but. La
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strat¶egied'in terpr¶etation du systµemedoit donc être guid¶eepar sonbut : il s'agira de
trouver les objets ou les informations visuellesqui aident au mieux µa la r¶ealisation
du but.

² Imp ortance de l'information sur la scµene
Dans le monde r¶eel, un objet est rarement isol¶e. Il existe dans le contexte de son
environnement. Il existe une relation tr µesforte entre un objet et son environnement
et cette relation est tr µes importante pour l'in terpr¶etation. La connaissancesur la
scµene,c'est µa dire sur lesdi®¶erents objets pouvant coexister dansune scµeneet sur les
relations spatialesentre cesdi®¶erents objets est donc primordiale. Nous utilisons de
maniµere consid¶erable les relations spatialespour d¶ecrire les objets, pour les d¶etecter
et les reconnâ³tre. Dans [Neumann and Weiss,2003], l' interpr¶etation s¶emantique
est d¶e¯nie comme un problµeme\au delµa de la reconnaissanced'objets isol¶es". Elle
implique la reconnaissancede situations, d'¶evµenements ou sc¶enariospour desscµenes
dynamiques.

² Imp ortance d'un traitemen t in telligen t des images
Les deux images de la ¯gure 8.1 montrent que plusieurs apparenceset plusieurs
contextes (les di®¶erents supports v¶eg¶etaux) peuvent exister pour la même classe
s¶emantique d'objets (l'oÄ³dium). Un programme sp¶ecialis¶e, même sophistiqu¶e, n'est
pas su±sant. Les traitements bas niveau doivent être °exibles et doivent pouvoir
s'adapter µa di®¶erents contextes.

La construction d'un systµeme d'in terpr¶etation automatique d'images consisteµa doter
les ordinateurs d'un systµeme visuel leur permettant de percevoir et de comprendre leur
environnement. Pendant les cinquante derniµeres ann¶ees,plusieurs approches di®¶erentes
ont ¶et¶e propos¶eespour r¶esoudrece problµeme. Elles ont donn¶e lieu µa un grand nombre
de systµemesd'in terpr¶etation, avec autant de mod¶elisations et de motivations di®¶erentes.
Cependant le constat g¶en¶eral commun sur cessystµemesest que, quelle que soit leur ap-
proche de construction, ils manquent souvent de robustesse,d'adaptabilit ¶e et ils sont
souvent tr µesd¶ependants du domaine d'application. Aprµes cinquante ann¶eesde recherche
dynamique, il n'existe toujours pasde systµemeg¶en¶eriqued'in terpr¶etation d'imagescapable
de traiter dest âcheset des imagesdiversescommele systµemevisuel humain.

La vision cognitiv e est n¶eede ce constat. C'est une nouvelle discipline de recherche
qui rassemble des domaines de recherche vari¶es, entre autres, la vision par ordinateur,
la reconnaissancede forme, l'in telligence arti¯cielle, la robotique, l'apprentissage et les
sciencescognitives. Un plan de recherche sur 20 ans a ¶et¶e propos¶e par le r¶eseaude
recherche europ¶eenECVision1 dans[Vernon, 2004]. L'id ¶eeprincipale de la vision cognitive
est de rendre les systµemesde vision plus robustes, plus r¶esistants et plus adaptables en
les dotant de facult¶escognitives: \savoir", \comprendre", \raisonner" et \ apprendre". Un
systµemede vision cognitive est un systµeme capable d'apprentissage, d'adaptation, de faire
un choix entre plusieurs alternativ es et de d¶evelopper des nouvelles strat¶egies d'analyse et
d'interpr¶etation. Un systµemede vision cognitive doit s'adapter µa la r¶ealisation d'un grand
nombre de t âches et il doit être capable de s'adapter µa son environnement courant. Un
grande motivation de la vision cognitive est de concevoir des systµemespouvant ¶evoluer
dans et en forte interaction avec le monde r¶eel.

1The European research Network for Cognitiv e Computer Vision Systems, www.ecvsion.org

193



8.1. INTR ODUCTION CHAPTER 8. FRENCH EXTENDED ABSTRA CT

8.1.1.1 Notre ob jectif

L'ob jectif de cette thµeseest de faire desavanc¶eesdansle domainede la vision cognitive par
la conception d'une plate forme g¶en¶erique et r¶eutilisable pour la r¶esolution de problµemes
d'in terpr¶etation s¶emantique d'images. Il ne s'agit pas de construire un systµeme complet
sp¶eci¯que µa une application mais plut ôt de fournir des outils g¶en¶eriques et r¶eutilisables
pour la conception de tels systµemes.

La plate forme de vision cognitive propos¶eeest un environnement uni¯ ¶e pour la con-
struction de systµemescomplets d'in terpr¶etation d'images. Nous nous int¶eressonsµa la fois
aux problµemesde g¶enie logiciel et aux problµemescognitifs impliqu¶es dans la conception
d'une telle plate forme. En particulier, nous nous sommesfocalis¶es sur les propri¶et¶es de
r¶eutilisabilit ¶e et de commodit ¶e pour l'utilisateur.

La plate forme propos¶eeconsisteen :

² Une architecture fonctionnelle minimale pour les systµemesd'in terpr¶etation s¶eman-
tique d'images. Cette architecture d¶e¯nit quelssont lesmodulesn¶ecessairespour un
systµemed'in terpr¶etation, quel est leur rôle et quellessont leurs interactions.

² Une formalisation et une explicitation des di®¶erents types de connaissanceset de
raisonnements impliqu¶es dans le problµeme global de l'in terpr¶etation s¶emantique
d'images.

² Un environnement de d¶eveloppement pour la conception de systµemes
d'in terpr¶etation.

L'ob jectif de cette thµeseest double:

² Premiµerement, il s'agit de d¶e¯nir et de concevoir cette plate forme de vision cognitive
pour faciliter la construction de systµemesd'in terpr¶etation s¶emantique d'images.

² Un secondtravail consistera µa valider et µa tester la plate forme avec une applica-
tion concrµete: la reconnaissanced'organismesbiologiquesdans leur environnement
naturel.

8.1.1.2 Con texte de l' ¶etude

Cestravaux de thµeseprennent placedanslesth¶ematiquesde recherche de l'¶equipe ORION
de l'INRIA Sophia Antip olis. Orion est une ¶equipe pluridisciplinaire µa la fronti µere des
domainesde la vision par ordinateur, des systµemesµa basede connaissanceset du g¶enie
logiciel. Ces travaux ont donc b¶en¶e¯ci¶e d'une grande expertise dans les domaines de
l'in terpr¶etation d'images et la reconnaissanced'objets complexeset dans les domainesdu
g¶enie logiciel pour la r¶eutilisation de systµemesintelligents.

En particulier, plusieurs travaux de l'¶equipe ORION ont prouv¶e l'e±cacit ¶e de
l'explicitation des connaissancesa priori pour la r¶esolution de problµemes complexes
d'analyse d'images. Les problµemes abord¶es ont ¶et¶e l'automatisation de l'utilisation
d'une biblioth µeque de programmes de traitement d'images [Moisan and Thonnat, 1995],
[Moisan and Thonnat, 2000] et la reconnaissanceautomatique d'objets [Thonnat, 2002].
Dans [Ossola,1996], une approche pour la conception de systµemesde reconnaissanceau-
tomatique d'objets isol¶es complexesest propos¶ee. Elle se basesur la coop¶eration de sys-
tµemesµa base de connaissances. Nos travaux de thµeses'inscrivent dans la suite de ces
travaux.
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De plus, la conception de systµemes intelligents r¶eutilisables est un autre thµeme de
recherche actif de l'¶equipe ORION. Desm¶ethodesde r¶esolution de problµemesont ¶et¶e util-
is¶eespour concevoir des moteurs ind¶ependants d'une expertise particuli µere, mais cepen-
dant d¶edi¶esµa une classede problµemes. Ils facilitent la construction de systµemesµa basede
connaissances.En particulier, la plate-forme logicielle LAMA [Moisan, 1998] fournit un
environnement uni¯ ¶e pour construire non seulement desbasesde connaissancesexpertes,
mais aussi des variantes de moteurs et des outils annexes. Elle regroupe des bô³tes µa
outils pour construire et adapter tous les ¶el¶ements logiciels n¶ecessairesµa la r¶ealisation de
systµemesµa basede connaissances.Nous avons utilis ¶e LAMA pour l'impl ¶ementation de la
plate forme de vision cognitive.

8.1.1.3 Appro che prop os¶ee

Le problµeme complexe de l'in terpr¶etation s¶emantique d'images peut être divis¶e en trois
sousproblµemesplus facilesµa r¶esoudreen tant que problµemeind¶ependant:

² Le traitemen t d'images , pour l'extraction et la description num¶erique desobjets
d'in t¶er̂ets dans l'image.

² La mise en corresp ondance entre les repr¶esentations de haut niveau qualitativ es
de la scµeneet l'information num¶erique extraite des images.

² L'in terpr ¶etation s¶eman tique , c'est µa dire la compr¶ehensionde la scµene µa l'aide
de la terminologie du domaine d'application. La scµeneest d¶ecrite avec desconcepts
propres au domaine d'application.

Chacun de ces sous problµemesest un problµeme en lui même poss¶edant une exper-
tise propre. Pour g¶erer et pour s¶eparer les di®¶erentes sourcesde connaissanceset les
di®¶erents types de raisonnements impliqu¶es, nous proposonsune architecture minimale
distribu ¶eequi sebasesur la coop¶eration de trois syst µemes µa base de connaissances .
Chaque SBC (Systµeme µa Base de Connaissances)est d¶edi¶e µa l'un des sousproblµemesde
l'in terpr¶etation s¶emantique d'images. L'architecture est donc compos¶eed'un SBC d¶edi¶e
au pilotage de programmes de traitemen t d'images , d'un SBC de gestion de
donn ¶ees visuelles d¶edi¶e µa l'ancrage de symboleset au raisonnement spatial et en¯n d'un
SBC d'in terpr ¶etation .

Nous nous int¶eressonsµa dessolutions g¶en¶eriqueset r¶eutilisables. Les trois sousprob-
lµemesont donc ¶et¶e ¶etudi¶essousles anglesdu g¶enie logiciel et de l'ing¶enierie des connais-
sances. Pour chaque sous problµeme, nous proposonsun modµele compos¶e d'un moteur
sp¶eci¯que et d'un cadre conceptuel pour mod¶eliser la connaissancepropre au sousprob-
lµeme. La plate forme de vision cognitive se compose de ces trois modµeles et de deux
ontologies pour faciliter leur interop¶erabilit ¶e.

Pour valider la plate forme de vision cognitive, nous avons choisi un problµeme
d'in terpr¶etation s¶emantique complexe: le diagnosticpr¶ecocedesmaladiesfoliaires du rosier
de serre. Ce travail a ¶et¶e e®ectu¶e avec l'URIH (Unit ¶e de Recherches Int¶egr¶eesen Horti-
culture) de l'INRA (Institut National de Recherche en Agronomie) de Sophia Antip olis.

8.1.1.4 Plan du m¶emoire

Ce document est organis¶e de la maniµere suivante:

² Le chapitre 2 dresseun ¶etat de l'art non exhaustif sur lessystµemesd'in terpr¶etation
d'images. Nous nous focaliseronssur les travaux jug¶eslesplus importants et lesplus
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pertinents pour nos travaux. Di®¶erents courants de pens¶ee pour la conception de
systµemesd'in terpr¶etation sont pr¶esent¶es. Nous analysonsensuitedi®¶erents systµemes
d'in terpr¶etation d'images et nous introduisons la discipline de la vision cognitive.

² Le chapitre 3 d¶ecrit de maniµere pr¶ecisenos motivations et proposeune description
globale de la plate forme de vision cognitive: l'approche choisie, sa composition et
son principe d'utilisation.

² Dans le chapitre 4, nous pr¶esentons succinctement le g¶enie ontologique et son uti-
lisation pour la plate forme de vision cognitive. En particulier, nous pr¶esentons
les deux ontologies utilis ¶eespour l'in terop¶erabilit ¶e entre les di®¶erents composants
de la plate forme: une ontologie de conceptsvisuels et une ontologie de traitement
d'images.

² Le chapitre 5 est d¶edi¶e µa la description d¶etaill¶ee des di®¶erents composants de la
plate forme. Pour chaquecomposant de la plate forme et doncpour chaquesousprob-
lµemede l'in terpr¶etation s¶emantique d'images nous proposonsune baseconceptuelle
pour la repr¶esentation des connaissancespropres au sous problµeme et un moteur
g¶en¶erique pour la r¶esolution du sousproblµeme.

² Le chapitre 6 d¶ecrit l'application concrµete utilis ¶ee pour valider la plate forme de
vision cognitive propos¶ee. Nous pr¶esentons d'abord la probl¶ematique et les objectifs
biologiques. Aprµesun bref ¶etat de l'art sur le problµemebiologique nous illustrons sa
r¶esolutionµa l'aide de la plate forme devision cognitive. En particulier, nousmontrons
comment nousconstruisonsun systµemed¶edi¶e µa l'in terpr¶etation s¶emantique d'images
microscopiquesde feuilles de rosiersµa l'aide de la plate forme de vision cognitive.

8.2 Description globa le de la pla te forme de vision cognitiv e

Cette section pr¶esente, de maniµere globale, la plate forme de vision cognitive. Dans une
premiµere partie nous rappelons nos objectifs et nous d¶e¯nissons une liste de propri¶et¶es
devant être satisfaitespar la plate forme de vision cognitive. Nous pr¶esentons et justi¯ons,
dans la section suivante, les solutions choisies.

8.2.1 Motiv ations

Notre objectif est de faire des avanc¶eesdans le domaine de la vision cognitive en conce-
vant une plate forme g¶en¶erique et r¶eutilisable pour faciliter la construction de systµemes
d'in terpr¶etation s¶emantique d'images. La plate forme propos¶eeestun environnement uni¯ ¶e
pour la conception de tels systµemes. Elle peut être d¶e¯nie µa la fois comme une architec-
ture fonctionnelle minimale qui d¶e¯nit quelssont les modulesn¶ecessairespour un systµeme
d'in terpr¶etation s¶emantique d'images et µa la fois commeun environnement de d¶eveloppe-
ment d¶edi¶e µa la construction de systµemesd'in terpr¶etation d'images. Nous nous int¶eressons
donc non seulement aux problµemescognitifs mais aussi aux problµemesde g¶enie logiciel
impliqu¶esdans la conception d'une telle plate forme.

Par cognitifs , nousentendonsquela plate forme doit proposerdessolutions intelligentes
pour chacunedesfonctionnalit ¶esd'un systµemed'in terpr¶etation d'images,c'est µa dire pour
l'in terpr¶etation, la reconnaissanceet la d¶etection desobjets d'in t¶er̂ets de l'image.

En tant qu'environnement uni¯ ¶e pour la construction de systµemesd'in terpr¶etation s¶e-
mantique d'images,la plate forme propos¶eedoit satisfaireun certain nombre de propri¶et¶es.
Cespropri¶et¶essont:
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1. La r¶eutilisabilit ¶e
La r¶eutilisabilit ¶e est une propri¶et¶e fondamentale du g¶enie logiciel. Elle repr¶esente
la propri¶et¶e d'un logiciel d'être tout ou partiellement r¶eutilis¶ee pour de nouvelles
applications. La conception de solutions ind¶ependantes du domaine d'application
est un moyen de favoriser cette r¶eutilisabilit ¶e. Il s'agit donc de d¶eterminer quelssont
les connaissancesg¶en¶eriquesd'un systµemed'in terpr¶etation.

2. La mo dularit ¶e
La propri¶et¶e de modularit ¶e fait r¶ef¶erenceau principe du \ Diviser pour r¶egner ", c'est
µa dire la d¶ecomposition d'un problµemecomplexeen sousproblµemes(modules) plus
simpleset pouvant être trait ¶esen tant que problµemesind¶ependants. Cette propri¶et¶e
permet un d¶eveloppement plus facile, elle facilite la maintenanceet l'¶evolution et elle
permet aussid'avoir desmodules r¶eutilisables.

3. La facilit ¶e d'utilisation
Cette propri¶et¶e est un requis µa la fois pour l'utilisation de la plate forme de vision
cognitive et µa la fois pour l'utilisation dessystµemesd'in terpr¶etation s¶emantique con-
struits µa l'aide de la plate forme. Cette propri¶et¶e implique de fournir desoutils pour
que les di®¶erents experts interviennent µa leur niveau et seulement µa leur niveau de
comp¶etences. En particulier, ils doivent pouvoir exprimer leur connaissanced'une
maniµere naturelle. De plus, du point de vue des systµemesconstruits avec la plate
forme, cesderniers doivent avoir un degr¶e d'autonomie su±sant pour pouvoir être
utilis ¶espar un utilisateur ¯nal pas n¶ecessairement exp¶eriment¶e.

Commenous l'avonsmentionn¶e pr¶ec¶edemment, notre objectif est de faire desavanc¶ees
dansle domainede la vision cognitive. Notre objectif n'est pasde proposerune plate forme
de vision cognitive complµete et g¶en¶erique pour l'ensemble des problµemesd'in terpr¶etation
s¶emantique d'images. Cet objectif est l'ob jectif ultime µa long terme de la vision cognitive
et il serait pr¶esomptueuxde pensery r¶epondre dans le cadred'une thµese.Nous proposons
une plate forme de vision cognitive qui a bien ŝur une port¶ee limit ¶ee. Nous avons donc
pos¶e un ensemble d'hypothµesesfortes pour faciliter la conception de cette plate forme.

² Nous nous int¶eressonsµa des scµenesstatiques pour lesquellesl'information 3D n'est
pas primordiale.

² Les scµenes¶etudi¶eessont per»cuespar un unique dispositif d'acquisition d'images.

² Les domainesd'application concern¶es sont des domainespour lesquelsil existe une
connaissancepropre et desexperts.

² Bien qu'une des fonctionnalit ¶esprimordiales d'un systµemede vision cognitive, nous
ne nous sommespas int¶eress¶es aux techniques d'apprentissagedans le cadre de ce
travail. Nous d¶ecrirons n¶eanmoins comment certaines techniques d'apprentissage
d¶evelopp¶eesdans l'¶equipe Orion [Maillot et al., 2004a] pourront être int¶egr¶eesdans
la plate forme.

8.2.2 Appro che prop os¶ee: description globale de la plate forme

Nos travaux s'inscrivent dansla suite destravaux de notre laboratoire d'accueil dansle do-
maine de l'in terpr¶etation d'images. Ils ont b¶en¶e¯ci¶e de l'exp¶eriencede l'¶equipe Orion dans
ce domaine. En particulier, dans [Ossola,1996],une architecture distribu ¶eesebasant sur
la coop¶eration de deux systµemesµa basede connaissancesest propos¶eepour la reconnais-
sanced'objets isol¶escomplexes.Cette exp¶eriencenous a permis d'identi¯er les di±cult ¶es
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du problµeme d'in terpr¶etation s¶emantique d'images et les limites de cette premiµere archi-
tecture. En particulier, nous lui reprochons la non prise en compte de la connaissance
sur la scµene, l'absencede raisonnement spatial et l'encapsulation du problµemede mise en
correspondanceentre les donn¶eesimageset les symbolesdans des rµeglesd'abstraction de
donn¶eesd¶ependantes du domaine d'application.

Du point de vue architectural, nous proposonsune architecture distribu ¶eequi sebase
sur la coop¶eration de trois systµemesµa basede connaissances:

² Un syst µeme d¶edi¶e µa l'in terpr ¶etation s¶eman tique , c'est µa dire d¶edi¶e µa
l'in terpr¶etation s¶emantique de la scµene µa l'aide de la terminologie du domaine
d'application.

² Un syst µeme d¶edi¶e µa la mise en corresp ondance entre les donn¶eesissuesdes
capteurs et les symboles servant µa d¶ecrire de maniµere abstraite et qualitativ e les
objets et les situations du monde r¶eel.

² Un syst µeme de pilotage de programmes de traitemen t d'images .

Un systµeme µa basede connaissancesest un logiciel qui permet de traiter des problµemes
complexesen seservant de connaissancesd¶ecrites de maniµere d¶eclarative. Les caract¶eris-
tiques majeures dessystµemesµa basede connaissancesont:

² La s¶eparation de la connaissanceet du raisonnement,

² La repr¶esentation d'une connaissanceexperte et la reproduction du raisonnement
desexperts du domaine,

² Leur facilit ¶e de maintenanceet d'¶evolution,

² La gestion de l'incertitude.

La plate forme de vision cognitive est donc compos¶eede trois modules. Dans l'optique
de la r¶eutilisabilit ¶e, chaque module est un g¶en¶erateur de systµemes µa base de connais-
sancespour chacun de sessousproblµemes,c'est µa dire un moteur g¶en¶erique et un mod-
µele conceptuel de repr¶esentation des connaissances.La gestion de la communication et
l'in terop¶erabilit ¶e entre les di®¶erents modules de la plate forme sont assur¶eespar deux on-
tologies. L'architecture globale de la plate forme de vision cognitive est repr¶esent¶eedans
la ¯gure 8.2.

8.2.3 App ort du g¶enie ontologique pour la plate forme de vision cogni-
tiv e

La modularit ¶e de l'architecture propos¶eeimplique une gestion de la communication et du
partage de l'information (connaissanceset donn¶ees). Pour faciliter la communication et
le partage d'informations entre les di®¶erents modules de la plate forme mais aussi pour
faciliter l'acquisition de la connaissance,nous proposonsd'utiliser de r¶ecents progrµes en
ing¶enierie des connaissances:le g¶enie ontologique. Une tr µes bonne introduction sur le
g¶enieontologique peut être trouv¶eedans [Gandon, 2002]. En particulier, la plate forme de
vision cognitive secomposede deux ontologies:

² une ontologie de conceptsvisuels

² une ontologie de conceptsde traitement d'images
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Figure 8.2: Architecture globale de la plate forme de vision cognitive

8.2.3.1 Une ontologie de concepts visuels

Pour faciliter la communication entre le module d'in terpr¶etation et le module de gestionde
donn¶eesvisuelles,nous proposonsd'utiliser une ontologie de conceptsvisuels. L'ontologie
de concepts visuels utilis ¶ee repose sur une ontologie existante construite dans l'¶equipe
Orion par Nicolas Maillot [Maillot et al., 2003a]. Elle est n¶ee du constat que les experts
de di®¶erents domainesutilisent et partagent un vocabulaire visuel g¶en¶erique pour d¶ecrire
les concepts de leur domaine. L'ontologie propos¶ee est une hi¶erarchie de concepts qui
s'organiseen:

² conceptsspatio-temporels (conceptsg¶eom¶etriques) (circulaire, rectangulaire,...)

² conceptsde couleur (teinte, bleu, clair,...)

² conceptsde texture (texture r¶eguliµere, texture maill¶ee,...)

Nousavonsadapt¶ecette ontologie au contexte de la plate forme devision cognitive. En par-
ticulier, nousneprenonspasencompte lesconceptstemporelsou lesconceptsg¶eom¶etriques
3D de cette ontologie. Desconceptsspatiaux permettant de d¶ecrire les formesde maniµere
qualitativ e et pas seulement g¶eom¶etrique ont ¶et¶e ajout¶esµa l'ontologie de conceptsvisuels.
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De plus, desconceptspermettant de d¶ecrire desrelations spatialesbinaires et descon¯g-
urations spatialesont aussi¶et¶e ajout¶esµa l'ontologie existante. Cette ontologie:

² facilite l'acquisition de la connaissances¶emantique. En e®et,elle permet de guider
la description des di®¶erents conceptsdu domaine d'application en fournissant aux
experts un vocabulaire de description visuelle pr¶ed¶e¯ni.

² En tant que corpuscommun entre le module d'in terpr¶etation et le module de gestion
de donn¶eesvisuelles,elle facilite la communication entre cesdeux modules.

² Elle permet de r¶eduire le foss¶e s¶emantique entre les conceptsdu monde r¶eel et les
donn¶eesimages.

8.2.3.2 Une ontologie de concepts de traitemen t d'images

De maniµere similaire une ontologie de conceptsde traitement d'imagespermet de faciliter
la communication entre le module de gestionde donn¶eesvisuelleset le module de pilotage
de programmesde traitement d'images. Elle est d¶e¯nie comme l'ensemble des concepts
g¶en¶eriquesqui permettent ded¶ecrire lesproblµemesde traitement d'imageset leur r¶esultats.
Cette ontologie est une hi¶erarchie de conceptsstructur ¶eeen:

² conceptsd'entit ¶es image: ils repr¶esentent les di®¶erentes structures de donn¶ees(ou
primitiv es) qui peuvent être extraites des images(r¶egion, contour,...)

² concepts de descripteurs d'images: ils repr¶esentent les di®¶erentes caract¶eristiques
pouvant être mesur¶eesdans l'image (R, G, B, compacit¶e, aire, excentricit ¶e,...)

² concepts de fonctionnalit ¶es de traitement d'images: il repr¶esentent des buts
g¶en¶eriquesde traitement d'images(segmentation, extraction de caract¶eristiques, ...)

Les principaux apports de l'ontologie de concepts de traitement d'images pour la plate
forme de vision cognitive sont:

² l'in terop¶erabilit ¶e entre le module de gestion des donn¶eesvisuelles et le module de
pilotage de programme de traitement d'images. Elle est en e®etun corpus commun
entre cesdeux modules.

² l'acquisition desconnaissancesde pilotage de programmesde traitement d'imagesest
guid¶eepar l'ensemble destermes de l'ontologie de conceptsde traitement d'images.

8.2.4 Description d¶etaill ¶ee de la plate forme de vision cognitiv e

Nous avons vu pr¶ec¶edemment que la plate forme de vision cognitive est compos¶eede trois
modules ind¶ependants. Chaque module est d¶edi¶e µa l'un des sousproblµemesdu problµeme
complexede l'in terpr¶etation s¶emantique d'images. Nous avons choisi de nous basersur le
d¶eveloppement d'outils d¶edi¶es µa une classede problµemesmais ind¶ependants des applica-
tions de ce problµeme.

8.2.4.1 In terpr ¶etation s¶eman tique

Le rôle du module d'in terpr¶etation s¶emantique est de donner un senss¶emantique µa la de-
scription symbolique per»cue de la scµene. Cette s¶emantique fait r¶ef¶erenceµa l'expertise et
µa la terminologie du domaine d'application. Nous pensonsque les experts du domaine
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d'application sont les personnesles mieux plac¶eespour reconnâ³tre les objets de leur do-
maine. Le but du module d'in terpr¶etation est donc d'imiter les experts du domaine en
utilisant leur propre taxonomie et en reproduisant leur raisonnement.

Le module d'in terpr¶etation s¶emantique contient toute la connaissancepropre au do-
maine d'application stock¶eedans une basede connaissanced'in terpr¶etation s¶emantique.

1. Mo dµele de repr ¶esentation de la connaissance pour l'in terpr ¶etation s¶eman-
tique
La base de connaissancesd'in terpr¶etation s¶emantique contient toute la connais-
sancepropre au domaine d'application. Elle est ¶ecrite par les experts du domaine
d'application. L'acquisition desconnaissancesest guid¶eepar l'ontologie de concepts
visuelset l'ontologie de relations spatiales. Le contenu de la basede la connaissance
est donc propre au domaine d'application mais les concepts de repr¶esentation de
la connaissancesont g¶en¶eriques. Cette connaissanceest de deux types: une con-
naissanced¶eclarative et une connaissanceinf¶erentielle. On pr¶esente ici les di®¶erents
¶el¶ements qui permettent d'exprimer la connaissanced'in terpr¶etation s¶emantique.

(a) Connaissanced¶eclarative

² Les classes du domaine sont utilis ¶eespour d¶ecrire de maniµere explicite
lesdi®¶erents objets physiquesdu domaine, lessousparties de cesobjets ou
des situations du domaine d'application. Nous d¶e¯nissons par situations
descon¯gurations spatialesde plusieurs objets du domaine ou sousparties
d'objets du domaine qui ont une signi¯cation s¶emantique. Les classesdu
domaine sont d¶e¯nies par une liste de propri ¶et¶es qui sont partag¶eespar
toutes les instances de la classe. Ces propri¶et¶es peuvent repr¶esenter des
propri¶et¶es de composition (les sous parties), des propri¶et¶es d'apparence
visuelleen terme de conceptsvisuelsou despropri¶et¶esde relations spatiales
avec d'autres concepts.

² Cesclasses du domaine sont organis¶eesde maniµerehi¶erarchique en tax-
onomie du domaine . Cette structure permet d'organiser la connaissance
et elle re°µete la hi¶erarchie de sp¶ecialisation du domaine d'application.

² Le contexte propre au domaine ( c'est µa dire les informations non visuelles
qui peuvent in°uencer l'in terpr¶etation) est repr¶esent¶e de maniµere explicite
par une structure de connaissanceappel¶eecontexte du domaine

² De la même maniµere le contexte d'acquisition d'images est repr¶esent¶e de
maniµere explicite par la structure contexte d'acquisition .

² Les requ êtes du domaine expriment des reqûetes de l'utilisateur. Elles
expriment le problµemeinitial d'in terpr¶etation.

(b) Connaissanceinf¶erentielle
Des crit µeres de contexte sont utilis ¶es pour d¶ecrire des prises de d¶ecisions
pendant la r¶esolution du problµeme. Ils repr¶esentent l'expertise sur comment
prendre des d¶ecisionspour faciliter l'in terpr¶etation µa partir du contexte. En
particulier, les crit µeres d'initialisation de l'in terpr ¶etation repr¶esentent
la connaissancesur comment initialiser l'in terpr¶etation µa partir du contexte
courant. Lescrit µeres de post-in terpr ¶etation permettent de ra±ner le r¶esul-
tat de l'in terpr¶etation µa l'aide du contexte courant.

2. Le moteur d'in terpr ¶etation s¶eman tique
L'id ¶eeprincipale est de r¶ealiser l'in terpr¶etation s¶emantique de la mêmemaniµere que
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les experts du domaine, c'est µa dire en utilisant leur propre terminologie et tax-
onomie. Le but principal est de donner un senss¶emantique aux objets per»cus dans
la scµenec'est µa dire trouver les classesqui leur correspondent le mieux dans l'arbre
repr¶esentant la taxonomie du domaine. Le raisonnement sebasesur un parcours en
profondeur d'abord de l'arbre desclassesdu domaine. Pour chaquenoeud de l'arbre
de classe,le moteur suit un cycle hypothµese/test:

² Le moteur d'in terpr¶etation construit des hypothµesesd'objets visuels µa l'aide
de la description de la classedu domainecorrespondant au noeud analys¶e. Ces
hypothµesesvont permettre deguider lestraitements desniveauxinf¶erieurs. Elles
sont envoy¶esau module de gestion de donn¶eessousla forme d'une requ ête de
gestion de donn ¶ees.

² Les instances des objets per»cus cr¶ees par le module de gestion des donn¶ees
visuellessont misesen correspondanceavec la classedu domainecorrespondant
au noeud courant. Le r¶esultat de cette miseen correspondanceest la validation
ou non de la classecommeinterpr¶etation possibledesinstancesd'objets visuels.

² Une phasede ra±nement a pour rôle de classerplus pr¶ecisemment les instances
d'objets visuels. Cette phasede ra±nement consisteµa analyser les classes̄ lles
de la classecourante si cette derniµere est valid¶eesinon µa un retour arriµere vers
une classepr¶ec¶edemment s¶electionn¶ee.

8.2.4.2 Gestion des donn ¶ees visuelles

Le rôle principal du module de gestion des donn¶ees visuelles est de faire la mise en
correspondance entre les symboles servant µa d¶ecrire de maniµere abstraite et qualitativ e
les objets du monde r¶eel et les donn¶ees perceptuelles issues des capteurs. Le prob-
lµeme de gestion des donn¶ees visuelles fait r¶ef¶erenceau problµeme d'ancrage de sym-
boles de l'in telligence arti¯cielle fortement ¶etudi¶e dans la domaine de la robotique
[Coradeschi, 1999], [Coradeschi and Sa±otti, 2003], [Bredeche, 2002]. C'est un problµeme
consid¶er¶e commeprimordial pour la cr¶eation du sensdansun systµemeintelligent arti¯ciel.
Ce problµemea rarement ¶et¶e consid¶er¶e commeun problµemeen tant que tel en interpr¶eta-
tion s¶emantique d'images. Ainsi, les solutions propos¶eespour r¶esoudrece problµeme sont
souvent fortement d¶ependantes du domaine d'application [Ossola,1996]. Nous proposons
donc de consid¶erer ce problµeme comme un problµeme ind¶ependant, poss¶edant sa propre
expertise et sespropres strat¶egiesde raisonnement.

En particulier, dans le cadre de l'analyse de scµenesou de la reconnaissanced'objets
compos¶es complexes, la repr¶esentation des relations spatiales et la mise en oeuvre de
raisonnements spatiaux est un sousproblµemeimportant de la gestionde donn¶eesvisuelles.

1. Mo dµele de repr ¶esentation de la connaissance pour la gestion de donn ¶ees
visuelles
La basede connaissancesd'un systµeme de gestion de donn¶eesvisuelles contient la
description desdi®¶erentes donn¶eesµa g¶erer, symboliqueset perceptuelles,la repr¶esen-
tation des liens d'ancrage entre cesdonn¶ees,la description des di®¶erentes relations
spatialesainsi qu'un ensemble de crit µeresd¶ecisionnelspour guider le raisonnement.
Dans la suite, nous d¶ecrivons les principaux conceptsd'une basede connaissances
de gestion de donn¶eesvisuelles : les concepts visuels , les donn ¶ees images , les
relations spatiales et les crit µeres de gestion de donn ¶ees visuelles .

² Les concepts visuels repr¶esentent les donn¶ees symboliques visuelles. Ce
sont les di®¶erents symboles µa ancrer. Leur description contient un lien
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d'ancrage avec des descripteurs num¶eriques de bas niveau. Comme dans
[Coradeschi et al., 2001], ce lien d'ancrage est repr¶esent¶e par une liste de de-
scripteurs num¶eriquesmod¶elis¶es comme des variables linguistiques µa l'aide du
formalisme de la logique °oue.

² Les donn ¶ees images repr¶esentent les donn¶eesperceptuelles(issuesdes cap-
teurs). Leur description contient une liste de descripteurs num¶eriquesqui ser-
vent µa les caract¶eriser.

² Un ensemble de fonctionnalit ¶es de traitemen t d'images .

² Les relations spatiales sont utilis ¶eespour repr¶esenter de maniµereexplicite les
di®¶erentes relations spatialesµa prendre en compte et leur propri¶et¶es.

² Les crit µeres de gestion de donn ¶ees sont repr¶esent¶espar desrµeglesde pro-
duction. Ils jouent un rôle important pendant le raisonnement

{ Les rµegles d'extraction d'ob jets sont utilis ¶eespour construire et pour
contraindre unereqûetedetraitement d'imagesenfonction de la description
symbolique de l'ob jet visuel recherch¶e.

{ Lesrµegles de d¶eduction spatiales , associ¶eesaux relations spatiales,sont
utilis ¶eespour l'inf ¶erencede relations spatiales µa partir d'autres relations
spatiales.

{ Les rµegles d' ¶evaluation sont utilis ¶eespour diagnostiquer les r¶esultats du
traitement d'images du point de vue de l'ob jet visuel recherch¶e.

2. Le moteur de gestion de donn ¶ees visuelles
Le moteur de gestion de donn¶eesvisuellesa pour rôle:

² La construction d'instances de reqûetes de traitement d'images en utilisant la
description desobjets visuels. Le moteur utilise lescrit µeresd'extraction d'objets
pour contraindre cesreqûetes.

² La gestion desdonn¶eesvisuelleset la description symbolique desobjets per»cus
dans l'image. Cette gestion se fait en plusieurs phases. Une premiµere
phaseest l'¶evaluation des r¶esultats du traitement d'images (µa l'aide des rµegles
d'¶evaluation).

{ Si le r¶esultat de l'¶evaluation est correct, le moteur s¶electionneet d¶ecrit de
maniµere symbolique les donn¶eesper»cuesdans l'image. Pour cela, il utilise
le lien d'ancragedesconceptsvisuels et une mise en correspondance°oue.
Les instancesd'objets visuels ainsi cr¶eessont ensuite envoy¶eesau module
d'in terpr¶etation pour leur interpr¶etation s¶emantique.

{ Si le r¶esultat de l'¶evaluation est incorrect, une nouvelle reqûete de traite-
ment d'images est cr¶ee.

² L'activ ation de raisonnements spatiaux dans le cas de la gestion de plusieurs
objets visuels (activation desrµeglesde d¶eduction spatiale).

8.2.4.3 Le mo dule de pilotage de programmes de traitemen t d'images

Le rôle du module de traitement d'images est l'extraction des objets d'in t¶er̂ets de
l'image et de leur description num¶erique. Pour un traitement intelligent des images,
nous nous appuyons sur des techniques de pilotage de programmes existantes dans
l'¶equipe Orion [Clement and Thonnat, 1993b] et qui ont ¶et¶e valid¶ees sur plusieurs ap-
plications [Thonnat et al., 1998b], en particulier pour le traitement d'images m¶edicales
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[Crub¶ezy et al., 1997] et le traitement d'images a¶eriennes [Mathieu-Marni et al., 1995].
De plus, le pilotage de programmes est une technique qui favorise la r¶eutilisabilit ¶e
[Moisan and Thonnat, 2000]. La conception de ce module ne fait pas partie des con-
tributions de cestravaux de thµese. Nous avons r¶eutilis¶e le moteur PEGASE et le modµele
de repr¶esentation de connaissancesassoci¶e. Notre travail a consist¶e µa int¶egrercessolutions
existantes dans la plate forme de vision cognitive. Une pr¶esentation claire des solutions
propos¶eespeut être trouv¶eedans [Thonnat, 2002].

8.2.5 Princip e d'utilisation de la plate forme de vision cognitiv e

Le principe d'utilisation de la plate forme est repr¶esent¶e sur la ¯gure 8.3. Il s'agit
d'un travail de coop¶eration entre di®¶erents experts qui n'agissent qu'µa leur propre niveau
d'expertise.

² L'expert du domaine utilise l'ontologie de concepts visuels pour d¶ecrire les con-
cepts de son domaine (classes du domaine ), d¶ecrit quelles sont les informa-
tions contextuelles µa prendre en compte (contexte du domaine et contexte
d'acquisition ) et ¶ecrit des rµegles de d¶ecision portant sur ces informations con-
textuelles (crit µeresde contexte).

² L'expert en gestionde donn¶eesvisuellesconstruit la basede connaissancedu module
µa l'aide de l'ontologie de conceptsvisuelset de l'ontologie de conceptsde traitement
d'images. Les conceptsvisuels sont d¶ecrits de maniµere g¶en¶erique en construisant le
lien d'ancrage non contrain t avec desdescripteurs imageset des rµeglesd'extraction
d'objets associ¶es,de mêmeque lesrelations spatialeset lescrit µeresde d¶eduction spa-
tiale. Les conceptsd'entit ¶esimage fournis par l'ontologie de conceptsde traitement
d'imagessont d¶ecrit par une liste de descripteursimagequi servent µa lescaract¶eriser.
Cet ensemble de connaissancespeut être r¶eutilis¶e et compl¶et¶e de maniµere incr¶emen-
tale pour un ensemble d'applications respectant leshypothµesesfortes d¶ecritesdansla
section8.2.1. La partie de la basede connaissancesde gestionvisuelle qui est propre
µa l'application particuli µere est la construction des instancesde conceptsvisuels (et
descontrain tes sur leur lien d'ancrage)et desrelations spatialesutilis ¶eespour d¶ecrire
les conceptsdu domaine.

² L'expert en traitement d'images choisit une biblioth µequeg¶en¶erique de programmes
de traitement d'images et ¶ecrit une basede connaissancessur comment utiliser ces
programmesen sebasant sur l'ontologie de conceptsde traitement d'images.

8.3 Applica tion µa la reconna issance des pathologies v¶eg¶etale

Cette partie des travaux de thµeseest l'ob jet d'une collaboration entre l'¶equipe Orion de
l'INRIA et l'INRA (Institut national de Recherche en Agronomie) de Sophia Antip olis.
L'ob jectif de la collaboration entre cesdeux organismes,support¶ee par la r¶egion PACA
(ProvenceAlp esCôte d'Azur) et le SCRADH (Syndicat du Centre R¶egionald'Application
et de D¶emonstration Horticole), ¶etait de faire desavanc¶eesdansle domainede la d¶etection
pr¶ecoce de pathologiesdescultures sousserreen utilisant les m¶ethodesde la vision et de
l'in terpr¶etation automatique d'images.

Un travail de recherche bibliographique a permis de montrer que la vision par ordina-
teur est une technique en voguepour l'automatisation du contr ôle de l'¶etat sanitaire et de
la production de plantes marâ³chµeresou ornementales. Les applications sont nombreuses

204



CHAPTER 8. FRENCH EXTENDED ABSTRA CT 8.3. APPLICA TION

Figure 8.3: Princip e d'utilisation de la plate forme de vision cognitive pour une application
particuli µere

et vari¶ees: inspection de la qualit¶e des fruits, contr ôle de la croissancede la plante, con-
tr ôle du stressde la plante, diagnostic automatique de pathologies. Cependant, tous les
systµemespropos¶essont sp¶eci¯ques et d¶ependant d'une application en particulier.

La plate forme de vision cognitive a ¶et¶e utilis ¶ee pour construire un systµeme
d'in terpr¶etation d'images microscopiquesde feuilles de rosier pour le diagnostic des mal-
adiesdu rosier de serre. A l'aide de la plate forme de vision cognitive, il s'agissait de:

² La construction d'une basede connaissancesd¶edi¶ee au domaine d'application: les
pathologiesfoliaires du rosier de serre.

² La construction d'une basede connaissancesde gestiondesdonn¶eesvisuelles,c'est µa
dire la construction du lien d'ancrageentre lesconceptsvisuelsutilis ¶espour d¶ecrire le
domaineet desdescripteursimagede l'ontologie de conceptsde traitement d'images
et la d¶e¯nition de crit µeresde gestion de donn¶eesvisuelles.

² La construction d'une basede connaissancesde pilotage de programmesde traite-
ment d'images. Nous avons utilis ¶e la biblioth µeque de traitements d'images PAN-
DORE2 µa laquelle nous avons rajout¶e quelquesfonctionnalit ¶es en particulier la d¶e-
tection de structures curvilignes dans l'image [Steger,1998].

Le travail d'acquisition de la connaissancedu domaine d'application a ¶et¶e e®ectu¶e par
interviews et µa l'aide d'outils sp¶eci¯ques, Annotate et Ontovis, avec desexperts patholo-
gistesde l'INRA d'Avignon. Une basede connaissancesd¶ecrivant lessigneset symptômes

2http://www.greyc.ensicaen.fr/ regis/Pandore/
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pr¶ecocesdespathologiesdu rosier de serreµa l'aide de l' ontologie de conceptsvisuelsa ¶et¶e
d¶evelopp¶ee. Pour le diagnostic, c'est l'association symptômes/organesqui est int¶eressante
et la basede connaissanceest donc propre µa chaqueorgane.

Le systµemeROSESIM a ¶et¶e test¶e sur une cinquantaines d'imagesrepr¶esentant soit des
maladiesfongiquesau stadepr¶ecocesoit desravageurs. Ce travail de test ne constitue ab-
solument pas une validation du systµemeROSESIM qui reste µa faire mais elle a permis de
tester le fonctionnement desdi®¶erents moteurs de la plate forme et de tester leur coop¶era-
tion. L'INRA souhaiteutiliser cette plate forme pour compl¶eter lesbasesde connaissances
d¶evelopp¶eeset les valider.

8.4 Conclusions et perspectiv es

Malgr¶e une recherche fructueuse et dynamique en vision par ordinateur et en intelligence
arti¯cielle, l'in terpr¶etation s¶emantique d'images est toujours un problµeme majeur. Dans
cette thµese,nous abordons ce problµeme sous l'angle de la construction de systµemesau-
tomatiques d'in terpr¶etation s¶emantique d'images. Ce problµeme couvre un vaste champ
d'applications: vid¶eo-surveillance, diagnostic, imagerie m¶edicale, imagerie a¶erienne, in-
spection industrielle,...En particulier, il est souvent reproch¶e aux systµemesd'in terpr¶etation
d'images existants leur d¶ependancevis µa vis de l'application, leur manque de robustesse
et de °exibilit ¶e. Leur conception est souvent longue et côuteuse.

Depuis quelquesann¶ees,une nouvelle discipline de recherche, la vision cognitive, tente
de r¶epondre µa cette probl¶ematique.

8.4.1 Con tributions de la plate forme de vision cognitiv e

8.4.1.1 Une plate forme r¶eutilisable

La plate forme de vision cognitive propos¶eeest un ensemble d'outils r¶eutilisables pour la
conception de systµemesd'in terpr¶etation d'images.

1. R¶eutilisabilit ¶e µa l'aide de techniques de r¶esolution de probl µemes
L'utilisation des techniques de systµemesµa basede connaissanceset de g¶en¶erateurs
de systµemesµa basede connaissancespermet la construction de moteurs g¶en¶eriques
d¶edi¶esµa une classede problµemesmais ind¶ependants d'une expertise particuli µere. Ces
techniquespermettent la s¶eparation entre la connaissanceparticuli µere, le modµele de
repr¶esentation de cette connaissanceet les strat¶egiesde raisonnement utilisant cette
connaissance.Cette s¶eparation permet non seulement la r¶eutilisation desstrat¶egies
de raisonnement mais aussidu modµele de repr¶esentation de la connaissance.

2. R¶eutilisabilit ¶e µa l'aide du g¶enie ontologique
Le g¶enie ontologique est un moyen pour le partage et pour la r¶eutilisation descon-
naissances.La plate forme de vision cognitive est compos¶eede deux ontologies:

² Une ontologie de concepts visuels ind¶ependante de tout domaine
d'application. Cette ontologie permet de faciliter l'acquisition de la connais-
sances¶emantique en fournissant aux experts desdomainesd'application un en-
semble de termes visuels g¶en¶eriquespour d¶ecrire les conceptsde leur domaine.
En tant que corpus commun entre le module de gestion de donn¶eesvisuelles
et le module d'in terpr¶etation s¶emantique, cette ontologie permet de r¶eduire le
foss¶e s¶emantique entre lesconceptsde haut niveauet lesdonn¶eesimageset elle
permet la communication entre cesdeux modules.
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² Une ontologie de concepts de traitemen t d'images permettant la commu-
nication entre le module de pilotage de programmeset le module de gestiondes
donn¶eesvisuelles. Cette ontologie contient un ensemble de conceptsstructur ¶es
en entit ¶es, descripteurs et fonctionnalit ¶es permettant de d¶ecrire les problµemes
de traitement d'images et leurs r¶esultats. Cette ontologie permet de guider
et donc de faciliter la construction de la basede connaissancesde pilotage de
programmeset celle de gestion de donn¶eesvisuelles.

Concernant la plate forme de vision cognitive, lescontributions n'ont pas¶et¶e lesmême
pour tous les modules de la plate forme.

1. Mo dule d'in terpr ¶etation s¶eman tique
Pour construire le module d'in terpr¶etation s¶emantique nous nous sommesinspir¶es
de travaux d¶evelopp¶esauparavant dans l'¶equipe Orion concernant la reconnaissance
d'objets isol¶es. Nous avons modi¯ ¶es les solutions existantes pour permettre en
compte la reconnaissancede situations (prise en compte des relations spatiales en-
tre les objets et de leur con¯guration spatiale). Nos travaux ont aussi contribu ¶e µa
l'in t¶egration de l'ontologie de conceptsvisuels dans le nouveau modµele de repr¶esen-
tation des connaissancespropos¶e. Dans [Thonnat, 2002], le moteur propos¶e est un
moteur de classi¯cation. Nous avons modi¯ ¶e ce moteur pour prendre en compte des
reqûetesde l'utilisateur et pour la construction de reqûetespour le module de gestion
de donn¶eesvisuellesquand ellessont n¶ecessaires.

2. Mo dule de gestion de donn ¶ees
Ce module constitue le coeur de nos contributions. Ce module permet de traiter les
problµemesd'ancrage de symboles et de raisonnement spatial comme des problµemes
µa part enti µereavec leur propre expertise et leur propres strat¶egiesde raisonnements.
Nous avons d¶e¯ni dans le cadre de cette thµeseun ensemble de conceptsg¶en¶eriques
pour mod¶eliser la connaissanceli¶ee µa la gestion des donn¶eesvisuelleset un moteur
g¶en¶erique permettant de mettre en oeuvre desstrat¶egiesdirig¶eespar les modµeleset
dirig¶eespart les donn¶eesde gestion de donn¶eesvisuelles.

3. Mo dule de pilotage de programme de traitemen t d'images
Pour ce module, notre contribution s'est limit ¶ee µa l'in t¶egration de solutions exis-
tantes, con»cues dans l'¶equipe Orion [Clement and Thonnat, 1993b] et valid¶eessur
desapplications diverses[Thonnat et al., 1998b].

8.4.1.2 Facilit ¶e d'utilisation de la plate forme de vision cognitiv e

La plate forme de vision cognitive permet de limiter la construction d'un systµeme
d'in terpr¶etation d'imagespour une application particuli µereµa la construction de trois bases
de connaissancesparticuli µeres. La construction de ces basesde connaissancesest un
travail de coop¶eration entre di®¶erents experts qui dµes lors n'in terviennent qu'au niveau
d'abstraction correspondant µa leur expertise. Des langagesde description d¶edi¶es (YAKL
pour le pilotage de programme et SIKL++ pour l'in terpr¶etation s¶emantique) permettent
la construction de cesbasesde connaissancesd'une maniµere naturelle.

8.4.2 Le systµeme ROSESI M

La plate forme de vision cognitive a ¶et¶e utilis ¶e pour construire un systµemed'in terpr¶etation
s¶emantique pour uneapplication concrµete: le diagnosticpr¶ecocedespathologiesfoliaires du
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rosier de serre. La cr¶eation de cesystµemea permis de valider lesmodµelesde connaissances
propos¶es, le fonctionnement des moteurs ainsi que leur coop¶eration. Du point de vue
applicatif, des d¶eveloppements µa court terme sont n¶ecessairespour am¶eliorer le systµeme
ROSESIM. Cependant, l'INRA souhaite utiliser ce systµeme et la plate forme de vision
cognitive pour compl¶eter les basesde connaissancesd¶evelopp¶eeset pour les valider.

8.4.3 Vers un systµeme minimal d'in terpr ¶etation s¶emantique

Nous proposonsd'ajouter une dimension suppl¶ementaire de r¶eutilisabilit ¶e aux solutions
propos¶ees. Il s'agit de fournir en plus de la plate forme de vision cognitive, une basede
connaissancesminimale de gestion de donn¶eesvisuelleset une basede connaissancesmin-
imale de pilotage de programmesde traitement d'images. La construction d'un systµeme
d'in terpr¶etation s¶emantique pour uneapplication particuli µereser¶esumealorsµa la construc-
tion de la basede connaissancesd'in terpr¶etation s¶emantique propre µa l'application et µa la
construction desinstancesde conceptsvisuelset de relations spatialesutilis ¶espour d¶ecrire
lesconceptsde l'application pour compl¶eter la basedeconnaissancesdegestiondedonn¶ees.
Dans le casou celaest n¶ecessaireles basesde connaissancesminimales de pilotage de pro-
grammesde traitement d'imageset degestiondedonn¶eesvisuellespeuvent être compl¶et¶ees
de maniµere incr¶ementale pour r¶epondre aux besoinssp¶eci¯ques de l'application (ajout de
nouveauxconceptsvisuels,de nouveaux typesde relations spatiales,de nouvellesfonction-
nalit ¶esde traitement d'images). Les applications cibles doivent bien ŝur appartenir µa une
mêmeclassede problµeme(scµenesstatiques 2D dans notre cas).

8.4.4 Perspectiv es µa court terme

8.4.4.1 Appren tissage de la relation d'ancrage entre les concepts visuels et
les descripteurs images

Une des faiblessesmajeures de la plate forme de vision cognitive propos¶ee est la con-
struction manuelle du lien d'ancrage entre les concepts visuels utilis ¶eespour d¶ecrire le
domaine et des descripteurs image de l'ontologie de concepts de traitement d'images.
Nous proposonsd'utiliser les travaux de Nicolas Maillot d¶evelopp¶esdans l'¶equipe ORION
sur l'apprentissage µa l'aide d'exemples repr¶esentatifs de d¶etecteurs de concepts visuels
[Maillot et al., 2004a]. Nous proposonsd'in t¶egrer le module d'apprentissagepropos¶e dans
la plate forme pour faciliter la construction de la base de connaissancesde gestion des
donn¶eesvisuelles. Le processusd'acquisition de la connaissanceserait donc compos¶e de
deux ¶etapes:

² L'acquisition de la connaissancedu domaine d'application µa l'aide de l'ontologie de
conceptsvisuels consistant en la description des di®¶erentes classesdu domaine par
desconceptsvisuels mais aussien l'annotation et en la segmentation manuelle d'un
ensemble d'images d'exemples.

² La cr¶eation automatique des liens d'ancrageentre les instancesdesconceptsvisuels
utilis ¶eespour d¶ecrire lesclassesdu domaineet lesdescripteursimageselonle proc¶ed¶e
d¶ecrit dans l'image 8.4

8.4.4.2 Appren tissage pour la segmentation d'images

Dans [Martin, 2004],un apprentissagesupervis¶e pour am¶eliorer la segmentation d'images
estpropos¶e. En particulier, lestechniquesd'apprentissagepropos¶eespermettent le param¶e-
trage automatique des algorithmes de segmentation. A¯n d'am¶eliorer la robustesseet
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Figure 8.4: Apprentissage bas¶e sur l'ontologie de concepts visuels pour la construction
automatique des liens d'ancrage

l'autonomie de la plate forme de vision cognitive, nous envisageonsd'in t¶egrer ces tech-
niques dans la plate forme. Elle permettrait de r¶eduire le côut de construction de la base
de connaissancesd¶edi¶eeau pilotage de programmesde traitement d'images.

8.4.5 Perspectiv es µa long terme

8.4.5.1 Des bases de connaissances dynamiques

Actuellement, les solutions propos¶eespar la plate forme se heurtent encoreau problµeme
du monde ferm¶e, c'est µa dire qu'elles selimiten t µa la connaissancea priori mod¶elis¶eedans
les basesde connaissances.Une solution pour r¶esoudrece problµemepourrait être la con-
struction de basesde connaissancesdynamiquescapablesde s'actualiser automatiquement
et d'être augment¶eesde maniµere incr¶ementale.

8.4.5.2 In t ¶egration de la dimension temp orelle

Une ¶evolution µa long terme possible de la plate forme de vision cognitive propos¶ee est
l'in troduction de la dimension temporelle. Le but serait d'¶etendre les solutions propos¶ees
µa l'in terpr¶etation s¶emantique de s¶equencesd'imagesc'est µa dire en terme d'¶ev¶enements ou
de sc¶enarios.

8.4.5.3 Un raisonnemen t opp ortuniste

La plate forme de vision cognitive pourrait être modi¯er par l'a jout de strat¶egies de
recherchesopportunistes, c'est µa dire pas seulement par des reqûetesmais en prenant en
compte dessituations ou des¶ev¶enements commedans [Sandakly, 1995]. Cela permettrait
de rendre la plate forme plus °exible.
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App endix A

The SIK L++ Gra mma r

The SIKL++ languagehas been developped from the SIKL languageto enable domain
experts to describe all the di®erent typesof knowledgeinvolved in semantic interpretation,
independently of any application domains. Moreover, the current SIKL++ language is
also usedto built the visual data management knowledgebase. As SIKL and YAKL, the
language o®erstwo types of declarative descriptions: structured frame-basedand rule-
oriented. This appendix describes in detail the BNF(Bacchus Naur Form) grammar rule
of SIKL++.

A.1 Semantic I nterpreta tion Kno wledge Base

A.1.1 Domain Kno wledge Base

A semantic interpretation knowledgebasein SIKL++ is composedof :

² either a description of the knowledgebaseaswhole (domainkb desc) in a separate
¯le (with .kb extension),

² or a .sikl++ ¯le composedof:

{ a set of imported ¯le names (imp ort list ) (in particular the ¯le describing
visual concepts),

{ de¯nitions of domain classes(domainclass def ),

{ de¯nitions of domain and acquisition context typesand instances(context def
and context instance def ),

{ de¯nitions of context criteria (context criteria def ),

{ de¯nitions of domain requests and domain request instances
(domainrequest def ,domainrequest instance def ),

{ de¯nition of domain taxonomy (domain taxo def ).

domainkb: domainkb-desc
j import list domainclassdef context def context instance def
context criteria def domainrequest def domaintaxo def

domainkb desc: DomainKB f name IDENT
Complete Name strings
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path
Version FLOAT
Domain Taxonom y ident list
List of Files ident list g

path:
jKB Path strings

A.1.2 I mp orted ¯les

They represent other KB ¯les, neededfor the description of the current ¯les contents. In
particular, the de¯nition of visual conceptsis neededfor the description of domain classes.

import list:
j import list import line

import line: Imp ort ident list

A.1.3 De¯nition of Domain Classes

domainclassdef:
j domainclasslist

domainclasslist: domainclass
j domainclasslist domainclass

domainclass: DomainClass f name IDENT (FLOAT) comments superclass
subpart description visualdescription spatial relation description g
j DomainClass f name IDENT (FLOAT) comments
subpart description visualdescription spatial relation description g

comments
j commen t STRING

superclass:Sup erClass IDENT
subpart description:

j SubP art Description property-list
visualdescription:

j Visual Description spatialdescription colordescription texturedescription
spatialdescription:

j Spatial Description property-list
colordescription:

j Color Description property-list
texturedescription:

j Texture Description property-list
spatial relation description:

j Spatial Relation Description property-list

Prop ert y Declaration

property-list: property
j property-list property

property: type name IDENT (FLOAT) comments property-info
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type: IDENT
property-info: default range facets
default:

jdefault value
value: IDENT

jFLOAT
jINTEGER
jSTRING
j jvalue-setj
nil
jf CODEg

range:
j range [interval]
j range [value-set]
j range [(IDENT, IDENT) ] (dans le cas partic ulier des structures spatiales)

interval: FLOAT,FLO AT
j INTEGER,INTEGER

value-set: ident-list
j °oat-list
j int-list
j string-list

ident-list: IDENT
j ident-list IDENT

°oat-list: FLOAT
j °oat-list FLOAT

int-list: INTEGER
j int-list INTEGER

string-list: STRING
jstring-list STRING

facets:
j facet-list

facet-list: facet
jfacet-list facet

facet: A t least INTEGER
j A t most INTEGER
j calculation CODE
j calculation IDENT

A.1.4 De¯nition of Con text

Experts can de¯ne two typesof contexts: domain context and acquisition context.

context def:
j context list

context list : context
j context list context

context: domaincontext
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j acquisitioncontext

domaincontext: DomainCon text f name IDENT attributes g
acquisitioncontext: AcquisitionCon text f name IDENT attributes g
attributes:

jA ttributes attribute-list
atribute-list: attribute

j attribute-list attribute
attribute: IDENT name IDENT comments attribute-info
attribute-info: default range if-needed
if-needed:

jcalculation CODE
jcalculation IDENT
jcalculation item-¯le

Once the types of context de¯ned, experts or end-userscan de¯ne instancesof these
contexts. Theseinstancesare usedin domain requestattribute assignment.

context instance def:
jcontext instance list

context instance list: context instance
j context instance list context instance

context instance: domaincontext-instance
j acquisitioncontext-instance

domaincontext-instance: DomainCon textInstance f IDENT name
IDENT comments
attribute-assignments g

acquisitioncontext-instance:AcquisitionCon textI nst ancef IDENT name
IDENT comments
attribute-assignments g

attribute-assignments:
j A ttributes attribute-assign-list

attribute-assign-list: attribute-assig
jattribute-assig-list attribute-assig

attribute-assig :IDENT := value
jIDENT := f attribute-assig-list g

A.1.5 De¯nition of Domain Requests

Domain requestsare de¯ned by domain experts and their instancescomefrom end users.

domainrequest def:
jdomainrequest list

domainrequest list: domainrequest
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jdomainrequest list domainrequest
domainrequest: DomainRequest f

name : IDENT comments
A ttributes attribute-list g

domainrequest instance def:
jdomainrequest instance list

domainrequest instance list: domainrequest instance
jdomainrequest instance list domainrequest instance

domainrequest instance: DomainRequest f
name : IDENT comments
A ttributes attribute assignements g

A.1.6 De¯nition of Con text Criteria

contextcriteria def:
jcontextcriteria list

contextcriteria list: contextcriteria
j contextcriteria list contextcriteria

contextcriteria: domainrule

domainrule:Rule f rulebody g
rulebody:name IDENT comments owner

Let declslist
If preclist T hen actlist

j name IDENT comments owner
If preclist T hen actlist

owner:
j Link edDomainClass IDENT

declslist: decl
jdeclslist, decl

decl: IDENT a IDENT
j IDENT an IDENT
j IDENT in IDENT
j IDENT COMPOSEIDENT

Premise

precslist:true
jprec
jprecslist, prec

prec: (prec)
jnot prec
jf CODE g
jrule-exp <> nil
jrule-exp == nil
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jrule-exp compar rule-exp
jvalid IDENT

rule-exp:(rule-exp)
jvalue
jmax (rule-exp.rule-exp)
jmin (rule-exp.rule-exp)
jrule-exp + rule-exp
jrule-exp - rule-exp
jrule-exp * rule-exp
jrule-exp / rule-exp
jrule-exp quotien t rule-exp
jCOMPOSIDENT

Actions

actlist: act
jactlist, act

act: common actions
jpostinterpretation actions
jinitialization actions

common actions: CODE
j IDENT:=exp
j COMPOSIDENT
j COMPOSIDENT:=exp

postinterpretation actions: ALER T STRING
initialization actions: setImp ortance IDENT FLOAT

A.1.7 Domain Taxonom y

domaintaxonomy:DomainT axonom y f name IDENT
Ro ot IDENT
Con text Criteria List rule-list

A.1.8 Visual Concept

visualconcept : VisualConcept f name IDENT comments superconcept
grounding extraction g
j VisualConcept f name IDENT comments
grounding extraction g

superconcept: Sup erConcept IDENT
grounding:

jGrounding Link fuzzy-descriptor-list
extraction:

jOb ject Extraction Criteria rule-list

fuzzy-descriptor-list: fuzzy-descriptor
jfuzzy-descriptor-list fuzzy-descriptor

fuzzy-descriptor: type name IDENT comments fuzzydescriptor-info
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type: IDENT
fuzzydescriptor-info: linguistic-valuesdomain fuzzy-setsunit
linguistic-values:

jLinguisticV alues [lvalue-set]
lvalue-set: string-list
fuzzy-sets:

jFuzzySet fuzzyset-list
fuzzyset-list: fuzzyset

j fuzzyset-list fuzzyset
fuzzyset:f INTEGER, INTEGER, INTEGER, INTEGER g

jf FLOAT, FLOAT, FLOAT, FLOATg
domain:Domain [interval]
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App endix B

The ROSESIM System

B.1 The ROSESIM I nterpreta tion Kno wledge Base

B.1.1 Domain KB de¯nition

A ¯le name domainkb-rosesym.kbcontains the domain knowledgebasedescription alone.

B.1.2 Domain Classes

A domainclasses.siklpp̄ le gathers the descriptions of the ROSESIM application domain
classes.It imports the visualconcepts.syklpp¯le, becausevisual conceptsare necessaryto
describe domain classes. Visual concept instancescan be de¯ned by the domain expert
knowledge to constrained image descriptors values. An example is given for the domain
class hyphae . Some domain classesare empty. Some of them represents intermediate
domain classes. Others are empty but included in the domain knowledge base because
they have a bological meaning but we have not study them.

Imp ort visualconcepts

DomainClass f
name Leaf
commen t \A rose leaf scene"
SubP art Description

Veget al Suppor t name leaf vegetal support
range [Ver y Young VS Young VS Ma ture VS]

DomainClass f
name Veget al Suppor t
commen t \The description of the vegetal structure of the rose leaf"
SubP art Description

Veget al Tissue name leaf vegetal tissue
Veins name leaf veins

Visual Description
Spatial Description

Scene Spatial Occupation name VS occupation
range [Partial Complete] g

DomainClass f
name Veget al Tissue
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commen t \The description of the apparenceof the vegetal tissue of a rose leaf"
Visual Description

Spatial Description
Geometry name vtgeometry
range [Point Set]

Color Description
Generic Hue name vthue
range [Red Green]
Lightness name vtligh tness
range [Very Dark Dark ]

g

DomainClass f
name Ver y Young Veget al Suppor t
commen t \The leaf is a very young leaf"
Sup erClass Veget al Suppor t
Visual Description

leaf vegetal tissue.vthue
range [Red]
leaf veins.hue
range [Red] g

DomainClass f
name Young Veget al Suppor t
commen t \The leaf is young"
Sup erClass Veget al Suppor t
Visual Description

leaf vegetal tissue.vthue
range [Green]
leaf veins.hue
range [Red] g

DomainClass f
name Ma ture Veget al Suppor t
commen t \The leaf is mature"
Sup erClass Veget al Suppor t
Visual Description

leaf vegetal tissue.vthue
range [Green]
leaf veins.veins hue
range [Green] g

DomainClass f
name Veins
commen t \Net work of leaf veins"
Visual Description

Spatial Description
Network Of name veins network
range [(Vein,Connected )]

Color Description
Generic Hue name veins hue
range [Red Green]

g

DomainClass f
name Vein
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commen t \A leaf vein"
Visual Description

Spatial Description
Geometry name vein geometry
range [Line Segment]
Thickness name vein thickness
range [Thick ]

Color Description
Generic Hue name vein hue
range [Red Green]

g

DomainClass f
name Heal thy Leaf
commen t \A rose leaf without disease"
Sup erClass Leaf
Visual Description

Spatial Description
Leaf .Veget al Suppor t .VS occupation
range [Complete] g

DomainClass f
name Non Heal thy Leaf
commen t \A rose leaf with somediseases"
Sup erClass Leaf

Spatial Description
Leaf .Veget al Suppor t .VS occupation
range [Partial] g

DomainClass f
name Fungal Infection
commen t \An infection by a fungal pathogen : presenceof fungi symptoms"
Sup erClass Non Heal thy Leaf
SubP art Description

Fungi Symptom name fungal infection symptom
range [Mycelium Conidia Conidiophores ]
at least 1

g

DomainClass f
name Fungi Symptom
commen t \A sign or a symptom of the presenceof fungi"g

DomainClass f
name Mycelium
commen t \A group or massof discrete hyphae : vegetative structure of fungi"
Sup erClass Fungi Symptom
Visual Description

SpatialDescription
Network Of name mycelium network
range [(Hyphae , Connected)]
at least 1
Density name mycelium density
range [Partial ly Spaced Spaced]

Relational Description
ProperPart name mycelium proper part of
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range [leaf ] g

DomainClass f
name Freel y Dispersed Mycelium
commen t \Mycelium with low degreeof branching"
Sup erClass Mycelium
Visual Description

SpatialDescription
Mycelium.mycelium density
range [Spaced] g

DomainClass f
name Mycelial Clump
commen t \Mycelium with high degreeof branching"
Sup erClass Mycelium
Visual Description

Spatial Description
Mycelium.mycelium density
range [Partial ly Spaced]

Relational Description
Connected name mycelium connectedto
range [Conidiophores ]
al least 1 g

DomainClass f
name Hyphae
commen t \A threadlike, tubular ¯lamentous fungal structure"
Sup erClass Fungi Symptom
Visual Description

Spatial Description
Geometry name hyphae geometry
range [Line Segment]
Thickness name hyphae thickness
range [Thin Very Thin ]
Length name hyphae length
Straightnessname hyphae straightness
range [Almost Straight]

Color Description
Neutral Color name hyphae color
range [White Gray]
Lightess name hyphae lightness
range [Very Light Light ] g

//////////////////////////////////////////////////////// // // //

VisualConceptInstance f
Thickness name hyphae thickness
Grounding Link

Float name width
domain [1 10]
unit [um] g

VisualConceptInstance f
Length name hyphae length
Grounding Link

Float name lenght
domain [10 in¯nit y]
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unit [um] g
//////////////////////////////////////////////////////// /// // /

DomainClass f
name Conidia
commen t \"
Sup erClass Fungi Symptom
Visual Description

Spatial Description
Geometry name conidia geometry
range [El liptical Surface] g

DomainClass f
name Conidiophores
commen t \"
Sup erClass Fungi Symptom g

DomainClass f
name Germina ted Conidia
commen t \Germinating Conidia : the symptom appearsas a germ tube"
Sup erClass Conidia
Relational Description

Connected to name conidia connectedto
range [Hyphae ] g

DomainClass f
name Conidia Cluster
commen t \Cluster of Conidia "
Sup erClass Conidia
Relational Description

Connected to name conidia connectedto
range [Hyphae ] g

DomainClass f
name Ungermina ted Conidia Presence
commen t \Presenceof a fungi conidia "
Sup erClass Fungal Infection
SubP art Description
Fungal Infection .fungal infection symptom
range [Conidia Conidia Cluster ] g

DomainClass f
name Harmless Powder y Mildew
commen t \" g

DomainClass f
name Spreading Powder y Mildew
commen t \P owdery Mildew"
Sup erClass Mycelium Inst alla tion g

DomainClass f
name Pest Infection
commen t \Presenceof pests"
Sup erClass Non Heal thy Leaf
SubP art Description

Pest Symptom name pestinfection symptom
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at least 1 g

DomainClass f
name Pest Symptom
commen t \Symptom of the presenceof pest"g

DomainClass f
name Insect Bod y
commen t \Presenceof an insect,Description of its global body"
Sup erClass Pest Symptom
Visual Description

Spatial Description
Geometry name body geometry
range [Geometric surface Non Geometric Surface]
Size name body size
range [Small Medium Important ]
Elongation name body elongation
range [Moderately Elongated Moderately Squat ]
Topology name body topology
range [Without holes ]
Symmetry name WFabdomen symmetry
range [PrincipalAxisR symmetrical]

Color Description
Color Homogeneity name body color homegeneity
range [Homogeneous Moderately Homegeneous] g

DomainClass f
name WhiteFl y Bod y
commen t \Presenceof an insect,Description of its global body"
Sup erClass Insect Bod y
Visual Description

InsectBod y.body size
range [Medium Important ]
InsectBod y.body elongation
range [Moderately Elongated ]
Periphery name white°y periphery
range [Smooth Rough Hairy Highly Hairy ]

Color Description
Hue name white°y body hue
range [White Gray Yellow] g

DomainClass f
name Aphid Bod y
commen t \Presenceof an insect,Description of its global body"
Sup erClass Insect Bod y
Visual Description

InsectBod y.body size
range [Medium Important ]
InsectBod y.body elongation
range [Moderately Elongated Moderately Squat ]
Periphery name aphid periphery
range [Smooth]

Color Description
Hue name aphid body hue
range [Green]
Lightness name aphid body lightness
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range [Vey Light ] g

DomainClass f
name SpiderMite Bod y
commen t \Presenceof an insect,Description of its global body"
Sup erClass Insect Bod y

Visual Description
Spatial Description

InsectBod y.body size
range [Small ]
InsectBod y.body elongation
range [Moderately Elongated Moderately Squat ]
Periphery name aphid periphery
range [Hairy ]
Color Description

Insect Bod y.body color homegeneity
range [Moderately Homegeneous]
Hue name spidermite body hue
range [Brown Brownish OrangeReddish OrangeGreen Greenish Yellow]
Lightness name aphid body lightness
range [Vey Light ] g

DomainClass f
name Insect Egg
commen t \Presenceof egginsect, Description of eggappearance"
Sup erClass Pest Symptom
Visual Description

Spatial Description
Geometry name egg geometry
range [El liptic surface]
Size name egg size
range [Very Small ]

g

DomainClass f
name WhiteFl y Egg
Sup erClass Insect Egg
Visual Description

Spatial Description
Insect Egg .egg geometry
range [El liptical Oblong surface]
Lenght name WFegg size
Color Description

Hue name WFegg hue
range [White Yellow Gray] g

DomainClass f
name SpiderMite Egg
Sup erClass Insect Egg
Visual Description

Spatial Description
Insect Egg .egg geometry
range [Circular surface]
Lenght name WFegg size
Color Description

Translucidity name SPegg translucidit y
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range [Translucent] g

DomainClass f
name White Fl y Infection
commen t \Presenceof White Fly on the leaf"
Sup erClass Pest Infection
SubP art Description
Pest Infection .pestinfection symptom
range [WhiteFl y Bod y ] g

DomainClass f
name White Fl y Adul t
commen t `Presenceof at least 1 white °y adult on the rose leaf"
Sup erClass White Fl y Infection
SubP art Description

White Fl y Abdomen name abdomen
White Fl y Antenna name antenna1
White Fl y Antenna name antenna2 g

DomainClass f
name White Fl y Pupae
commen t `Presenceof at least 1 white °y adult on the rose leaf"
Sup erClass White Fl y Infection
Visual Description

Spatial Description
Geometry name WFpupae shape
range [El liptical Surface]
Lenght name WFpupae lenght
Periphery name WFpupae periphery
range [Highly Hairy ]
Color Description
Hue name pupae hue
range [Green]
Lightness name pupae lightness
range [Very Light ] g

DomainClass f
name White Fl y Repr oduction
commen t \Presenceof White Fly eggon the leaf"
Sup erClass Pest Infection
SubP art Description
Pest Infection .pestinfection symptom
range [WhiteFl y Egg ] g

DomainClass f
name White Fl y Egg String
commen t \Presenceof White Fly eggstring on the leaf"
Sup erClass White Fl y Repr oduction
Visual Description

Spatial Description
Circle Of name egg circle
range [(WhiteFl y Egg,Near Of )] g

DomainClass f
name White Fl y Abdomen
commen t \General description of a white °y abdomen"
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Sup erClass DomainClass
Visual Description

Spatial Description
Geometry name WFabdomen shape
range [Heart Like Shape]
Convexity name WFabdomen convexity
range [Convex]
Elongation name WFabdomen elongation
range [Strongly Elongated Moderately Elongated]
Length name WFabdomen lenght
range [Long]
Color Description
Neutral Color name abdomen color
range [White Gray]
Lightness name abdomen lightness
range [Light Very Light ]

Relational Description
PP name abdomen proper part of
range [White Fl y Bod y ] g

DomainClass f
name White Fl y Antenna
commen t \General description of a white °y antenna"
Sup erClass DomainClass
Visual Description

Spatial Description
Geometry name WFantenna shape
range [Line Segment]
Length name WFantenna lenght
range [Important ]

Relational Description
PP name antenna proper part of
range [White Fl y Bod y ]
InFrontOf name antenna infront of
range [White Fl y Abdomen ] g

DomainClass f
name White Fl y Adul t In Insemina tion
commen t `Adult in phaseof insemination"
Sup erClass WWhite Fl y Adul t
Relational Description

Near Of name WF near of
range [White Fl y Egg White Fl y Egg String ] g

DomainClass f
name Spider Mite Infection
commen t \Presenceof Aphid on the leaf"
Sup erClass Pest Infection
SubP art Description
Pest Infection .pestinfection symptom
range [Spider Mite Bod y ] g

DomainClass f
name Spider Mite Repr oduction
commen t \Presenceof Aphid on the leaf"
Sup erClass Pest Infection
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SubP art Description
Pest Infection .pestinfection symptom
range [Spider Mite Egg ] g

DomainClass f
name Spider Mite
commen t \Description of a Spider Mite"
Sup erClass Pest Infection

Spider Mite Abdomen name abdomen
Spider Mite Dark Spot name darkspot1
Spider Mite Dark Spot name darkspot2 g

DomainClass f
name Spider Mite Dark Spot
commen t \The dark spot on the back of a spider mite"
Visual Description

Spatial Description
Geometric Surface name spot shape
range [El liptical Oblong]
Size name spot size
range [Large]
Color Description
Neutral Color name spot color
range [Black]
Lightness name spot lightness
range [Dark ]
Relational Description
TPP name spot tangencial proper part of
range [White Fl y Abdomen ] g

DomainClass f
name Spider Mite Abdomen
commen t \General description of a white °y abdomen"
Sup erClass DomainClass
Visual Description

Spatial Description
Geometry name SMabdomen shape
range [El liptical Surface]
Symmetry name SMabdomen symmetry
range [PrincipalAxisR symmetrical OrthogonalAxisR symmetrical]
Color Description
Hue name SMabdomen color
range [Brown Brownish OrangeReddish OrangeGreen Greenish Yellow] g

DomainClass f
name Aphid Infection
commen t \Presenceof Aphid on the leaf"
Sup erClass Pest Infection
SubP art Description
Pest Infection .pestinfection symptom
range [Aphid Bod y ] g

DomainClass f
name Aphid Colony
Sup erClass Aphid Infection g
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B.1.3 Domain Con text and Acquisition Con text De¯nition

DomainCon text f
name ROSESIM Domain Context
commen t The Domain context of the rosediseasediagnosisapplication
A ttributes

Float name Relative humidit y
default no
range [0 100]

Sym bol name Greenhousetemperature
default no

Sym bol name Season
range [Winter Spring Summer Autumn]

Sym bol name Plant Location
range [Entrance Middle back ]

Sym bol name Organ Location
range [Bottom Middle Top]

Sym bol name Rose Variety
range [LeonidasTexasFirstRed]

Sym bol name Leaf Age
range [Very Young Young Mature Old] g

AcquisitionCon text f
name ROSESIM Acquisition Context
commen t The Acquisition context of the rosediseasediagnosisapplication
A ttributes

Sym bol name Sensortype
default Binocular microscope
range [Binocular microscope Video microscope microscope]

Float name Sensormagni¯cation
default 64
range [7.5 200]

Float name Sensorresolution
range [0.25 0.35 0.5 1.0 4.0] 10 E-4 g

B.1.4 Con text Criteria

B.1.4.1 Initialization Criteria

Rule f
name Context Age 1
commen t \"
Link edDomainClass Leaf
Let c a Domain cont ext and O a Visual object
If C.Leaf Age =V ery Young
T hen O.hue:=R ed g

Rule f
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name Context Age 2
commen t \"
Link edDomainClass Leaf
Let c a Domain cont ext and O a Visual object
If C.Leaf Age =Y oung
T hen O.hue:=Gr een g

Rule f
name Context Age 3
commen t \"
Link edDomainClass Leaf
Let c a Domain cont ext and O a Visual object
If C.Leaf Age =Matur e
T hen O.hue:=Gr een g

Rule f
name Context Variety 1
commen t \"
Link edDomainClass Fungal Infection
Let c a Domain cont ext and O a Visual object
If c.Greenhousetemperature< 25 and c.Relative humidity > 80 and c.Rose Variety= Leonidas
T hen setImp ort ance Fungal Infection 1 g

Rule f
name Context humidity 1
commen t \"
Link edDomainClass Spider Mite Infection
Let c a Domain cont ext and O a Visual object
If c.Greenhousetemperature > 23 and < 30 and c.Relative humidity < 50
T hen setImp ort ance Spider Mite Infection 1 g

Rule f
name Context season 1
commen t \"
Link edDomainClass A phid Infection
Let c a Domain cont ext and O a Visual object
If c.Season = Summer
T hen setImp ort ance Aphid Infection 1 g

B.1.4.2 Post In terpretation Criteria

Rule f
name Powdery Mildew Diagnosis1
commen t \"
Link edDomainClass Spreading Powder y Mildew
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Let c a Domain cont ext
If c.Greenhousetemperature< 25 and c.Relative humidit y > 80
T hen ALER T \A Powdery Mildew treatment is needed\ g

Rule f
name Powdery Mildew Diagnosis2
commen t \"
Link edDomainClass Harmless Powder y Mildew
Let c a Domain cont ext
If c.Greenhousetemperature< 25 and c.Relative humidit y > 80
T hen ALER T \A Powdery Mildew monitoring is needed\ g

Rule f
name Powdery Mildew Diagnosis3
commen t \"
Link edDomainClass Spreading Powder y Mildew
Let c a Domain cont ext
If c.Greenhousetemperature > 25 and c.Relative humidit y < 80
T hen ALER T \P ossiblePowdery Mildew Infection \ g

B.2 The ROSESIM Visua l Da ta Ma nagement Kno wledge
Base

The ROSESIm visual data management knowledgebasecontains:

² The description of 107 visual concepts( shape visual conceptsor color visual con-
cepts) with their associated grounding link and their potential linked object extrac-
tion criteria. We don't give here the complete description of all the visual concepts.

² The description of the 22 spatial relations de¯ned in the spatial relation ontology

² The de¯nition of basic image data and descriptor set

² The de¯nition of visual data management criteria

B.2.1 Shape Visual Concepts

VisualConcept f
name ShapeConcept g

B.2.1.1 Geometric Concepts

VisualConcept f
name Geometry
Sup erConcept ShapeConcept g

VisualConcept f
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name Point
Sup erConcept Geometry g

VisualConcept f
name Point Set
Sup erConcept Geometry
Ob jectExtractionCriteria
Rule f
name PointSet extraction
commen t \"
Let c a visual conten t context and O a visual Object
If O.geometry in [Point Set ]
T hen c.Image Entit y Type:= Class Of Pixels g g

VisualConcept f
name Curve
Sup erConcept Point Set g

VisualConcept f
name Open Curve
Sup erConcept Curve
Ob jectExtractionCriteria
Rule f
name OpenCurve extraction
Let c a visual conten t context and O a visual ob ject
If O.geometry in [Open Curve] and O.thicknessin [Thin Very Thin ]
T hen c.Image Entit y Type:= Curvilinear Structure g g

VisualConcept f
name Close Curve
Sup erConcept Curve
Ob jectExtractionCriteria
Rule f
name CloseCurve extraction
Let c a visual conten t context and O a visual Object
If O.geometry in [Close Curve] and O.thicknessin [Thin Very Thin ]
T hen c.Image Entit y Type:= Edge g g

VisualConcept f
name Line
Sup erConcept Open Curve
Grounding Link

Symbol name Elongatdness
Linguistic range [Important Medium]
Symbol name Width
Linguistic range [Small Medium] g

VisualConcept f
name Segment
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Sup erConcept Open Curve
Grounding Link

... g

VisualConcept f
name Geometric Surface
Sup erConcept Point Set
Ob jectExtractionCriteria
Rule f
name Geometric Surface extraction
Let c a visual conten t context and O a visual Object
If O.geometry in [Geometric Surface]]
T hen c.Image Entit y Type:= Region g g

VisualConcept f
name Non Geometric Surface
Sup erConcept Point Set
Ob jectExtractionCriteria
Rule f
name Non Geometric Surface extraction
commen t \"
Let c a visual conten t context and O a visual Object
If O.geometry in [Nom Geometric Surface]]
T hen c.Image Entit y Type:= Region g g

VisualConcept f
name Elliptical Surface
Sup erConcept Geometric Surface
Grounding Link

Symb ol name eccentricit y
commen t ratio of the lenght of the longestchord to the longestchord perpendicular to it
Linguistic range : [very low low medium high very high]
FuzzySet
Fver y l ow = f 0:0; 0:0; 0:19; 0:21g
Fl ow = f 0:19; 0:21; 0:38; 0:42g
Fmedium = f 0:38; 0:42; 0:575; 0:625g
Fhig h = f 0:575; 0:625; 0:76; 0:84g
Fver yhig h = f 0:76; 0:84; 1; 1g
Domain : [0 1]
unit : none

Sym bol name compactness
commen t Measure of how the shape is closely-packed
...

Sym bol name ellipticit y
commen t Euclidian ellipticity : distance between ¯tting ellipse and region boundary
... g
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VisualConcept f
name Circular Surface
Sup erConcept El liptical Surface
Grounding Link

Symb ol name eccentricit y
commen t ratio of the lenght of the longestchord to the longestchord perpendicular to it
Linguistic range : [ high very high]
FuzzySet
Fhig h = f 0:575; 0:625; 0:76; 0:84g
Fver yhig h = f 0:76; 0:84; 1; 1g
Domain : [0 1]
unit : none

Sym bol name compactness
commen t Measure of how the shape is closely-packed
Linguistic range : [ high very high]
...

Sym bol name circularit y
commen t Shape factor
... g

B.2.1.2 Elongation Concept

The elongation of an object is a global metric property useful to describe the shape of an
object. In [Clementini and Felice, 1997], a qualitativ e system about the elongation of an
object is proposed. The qualitativ e systemis organizedalong various levelsof granularit y:
two levels (compact or elongated) or a level with four distinctions (styrongly compact,
nearly compact, moderately elongatedand strongly elongated). This property is de¯ned
by the ratio of the length to the width of the minimum bounding rectangle and with the
operators: = ; » = ; » <; <; and ¿ as in [Clementini and Felice, 1997]. We instanciate these
conceptsas:

VisualConcept f
name Elongation
Sup erConcept ShapeConcept
Grounding Link

Symbol name Elongatedness
commen t \Ratio of the length to the width of the minimum bounding rectangle"
Linguistic range [very small, small, high, very high]
FuzzySet ...
Domain [0 1] g
Symbol name Axial Elongatedness
commen t \Ratio of the length to the width of the principal axis"
Linguistic range [very small, small, high, very high]
FuzzySet ...
Domain [0 1] g

VisualConcept f
name Strongly Elongated
Sup erConcept Elongation
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Grounding Link
Elongation.Elongatedness
Linguistic range [very small] g

VisualConcept f
name Moderately Elongated
Sup erConcept Elongation
Grounding Link

Elongation.Elongatedness
Linguistic range [small] g

VisualConcept f
name Moderately Squat
Sup erConcept Elongation
Grounding Link

Elongation.Elongatedness
Linguistic range [high] g

VisualConcept f
name Strongly Squat
Sup erConcept Elongation
Grounding Link

Elongation.Elongatedness
Linguistic range [very high] g

B.2.1.3 Compactness concepts

Compactnessexpresseshow tighly a shape is packed

VisualConcept f
name Compactness
Sup erConcept ShapeConcept
Grounding Link

Symbol name Compactness
Linguistic range [very small, small, high, very high]
FuzzySet ...
Domain [1 in¯nit y] g

VisualConcept f
name Highly Compact
Sup erConcept Compactness

...

VisualConcept f
name Non Compact
Sup erConcept Compactness

... g
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B.2.1.4 Symmetry concepts

Symmetry is an important feature in the human visual system. Most of natural objects
are strongly constrained by symmetry. It is a key feature to characterize natural objects.
Someforms haveno symmetry axis while other forms haveone,two or evenmoresymmetry
axes.

VisualConcept f
name Symmetry
Sup erConcept ShapeConcept
Grounding Link

Symbol name Asymetry principal axisre°ectional factor
commen t \Using distance list see[Fischer et al., 2000]"
...
Symbol name Asymetry orthogonal axisre°ectional factor
commen t \Using distance list see[Fischer et al., 2000]"
...
Symbol name Asymetry rotational factor
commen t \Using distance list see[Fischer et al., 2000]"
... g

VisualConcept f
name Asymmetrical
Sup erConcept Symmetry

... g

VisualConcept f
name Re°ectional ly symmetrical
Sup erConcept Symmetry

... g

VisualConcept f
name Princ ipalAxisR symmetrical
Sup erConcept Re°ectional ly symmetrical

... g

VisualConcept f
name OrthogonalAxisR symmetrical
Sup erConcept Re°ectional ly symmetrical

... g

VisualConcept f
name Rotationnaly symmetrical
Sup erConcept Symmetry

... g
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B.2.1.5 Size concepts

They refer to the quality of an object that determineshow much spaceit occupies: its
dimensionsor magnitudes.

VisualConcept f
name Size Concept
Grounding Link
Symbol name area
Linguistic range [very small, small, medium, important, very important]
Symbol name perimeter
Linguistic range [very small, small, medium, important, very important] g

VisualConcept f
name Length
Sup erConcept Size Concept
Grounding Link
Symbol name Feretmaxdiameter
Linguistic range [very small, small, medium, important, very important]
Symbol name principal axis lenght
Linguistic range [very small, small, medium, important, very important]
Symbol name equivalent diameter
Linguistic range [very small, small, medium, important, very important] g

VisualConcept f
name Width
Sup erConcept Size Concept
Grounding Link
Symbol name Feretmindiameter
Linguistic range [very small, small, medium, important, very important]
Symbol name orthognal axis lenght
Linguistic range [very small, small, medium, important, very important] g

B.2.1.6 Periphery concepts

VisualConcept f
name Periphery
Sup erConcept Shape Concept
Grounding Link
Symbol name axialboundarydistancecurveappearance
Symbol name roundnessg

VisualConcept f
name Smooth
Sup erConcept Periphery
Grounding Link

... g
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VisualConcept f
name Rough
Sup erConcept Periphery
Grounding Link

... g

VisualConcept f
name Hairy
Sup erConcept Periphery
Grounding Link

... g

VisualConcept f
name highly Hairy
Sup erConcept Periphery
Grounding Link

... g

B.2.1.7 Topology

VisualConcept f
name Topology
Sup erConcept Shape Concept
Grounding Link
Integer name euler number g

VisualConcept f
name Holed
Sup erConcept Topology

... g

VisualConcept f
name Unholed
Sup erConcept Topology

... g

B.2.1.8 Spatial Structures

VisualConcept f
name Spatial Structure
Sup erConcept ShapeConcept g

VisualConcept f
name Network of
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Sup erConcept Spatial Structure g

VisualConcept f
name Rows of
Sup erConcept Spatial Structure g

VisualConcept f
name Circle of
Sup erConcept Spatial Structure g

B.2.2 Color Visual Concepts

VisualConcept f
name Color Concept

VisualConcept f
name Hue
Sup erConcept Color Concept
Grounding Link

Integer name R value
Domain [0 255] g
Integer name G value
Domain [0 255] g
Integer name B value
Domain [0 255] g
Float name H value
Domain [0 1] g
Float name S value
Domain [0 1] g
Float name L value
Domain [0 1] g

VisualConcept f
name Generic Hue
Sup erConcept Hue g

VisualConcept f
name Red
Sup erConcept Generic Hue
Hue.H value
Domain [0.9 1.0] g

VisualConcept f
name Orange
Sup erConcept Generic Hue
Hue.H value
Domain [0.0 0.1]
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Hue.L value
Domain [0.5 1.0] g

VisualConcept f
name Yellow
Sup erConcept Generic Hue
Hue.H value
Domain [0.1 0.2] g

VisualConcept f
name Green
Sup erConcept Generic Hue
Hue.H value
Domain [0.2 0.3] g

VisualConcept f
name Blue
Sup erConcept Generic Hue
Hue.H value
Domain [0.5 0.6] g

VisualConcept f
name Violet
Sup erConcept Generic Hue
Hue.H value
Domain [0.6 0.7] g

VisualConcept f
name Purple
Sup erConcept Generic Hue
Hue.H value
Domain [0.7 0.8] g

VisualConcept f
name Pink
Sup erConcept Generic Hue g

VisualConcept f
name Brown
Sup erConcept Generic Hue
Hue.H value
Domain [0.0 0.1]
Hue.L value
Domain [0.0 0.5] g

VisualConcept f
name Composite Hue
Sup erConcept Hue
Grounding Link
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... g

VisualConcept f
name Reddish Orange
Sup erConcept Generic Hue

... g

VisualConcept f
name Reddish Purple
Sup erConcept Generic Hue

... g

VisualConcept f
name Orange Yellow
Sup erConcept Generic Hue

... g

VisualConcept f
name Greenish Yellow
Sup erConcept Generic Hue

... g

VisualConcept f
name Yellowish Green
Sup erConcept Generic Hue

... g

VisualConcept f
name Greenish Yellow
Sup erConcept Generic Hue g

VisualConcept f
name White
Sup erConcept Neutral Color
Neutral Color.L value
Domain [0.9 1.0] g

VisualConcept f
name Black
Sup erConcept Neutral Color
Neutral Color.L value
Domain [0.0 0.1] g

VisualConcept f
name Grey
Sup erConcept Neutral Color
Neutral Color.L value
Domain [0.1 0.9] g
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VisualConcept f
name Color Homogeneity
Sup erConcept Color Concept
Grounding Link

Symbol name intensity variance g

VisualConcept f
name Translucidity
Sup erConcept Color Concept
Grounding Link

Symbol name intensity variance g

VisualConcept f
name Luminosity
Sup erConcept Color Concept
Grounding Link

Integer name R value
Domain [0 255] g
Integer name G value
Domain [0 255] g
Integer name B value
Domain [0 255] g
Float name L value
Domain [0 1] g

VisualConcept f
name Bright
Sup erConcept Luminosity
Luminosity.L value
Domain [0.8 0.9] g

VisualConcept f
name Dark
Sup erConcept Luminosity
Luminosity.L value
Domain [0.1 0.3] g

B.2.3 Spatial Relations

SpatialRelation f
name Topological Relation g

SpatialRelation f
name Proper Part Of
Sup erRelation TopologicalRelation
In verse Has For Proper Part
Complemen t Discrete
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Symmetry False
Ob jtects In Relation

VisualObject name object1
VisualObject name object2

Conditions
Di®erence(object1.imagedata.Interior,ob ject2.imagedata.Interior ):= empty
Di®erence(object2.imagedata.Interior,ob ject1.imagedata.Interior) != not empty
Intersection(object1.imagedata.Interior,ob ject2.imagedata.Interior ) != not empty g

SpatialRelation f
name Has Proper Part Of
Sup erRelation TopologicalRelation
In verse Proper Part Of
Complemen t Discrete
Symmetry False
Ob jtects In Relation

VisualObject name object1
VisualObject name object2

Conditions
Di®erence(object1.imagedata.Interior,ob ject2.imagedata.Interior ):= empty
Di®erence(object2.imagedata.Interior,ob ject1.imagedata.Interior) != not empty
Intersection(object1.imagedata.Interior,ob ject2.imagedata.Interior ) != not empty g

SpatialRelation f
name Discrete
Sup erRelation TopologicalRelation
In verse Discrete
Complemen t Has For Proper Part
Symmetry True
Ob jtects In Relation

VisualObject name object1
VisualObject name object2

Conditions
Di®erence(object1.imagedata.Interior,ob ject2.imagedata.Interior ):= empty
Di®erence(object2.imagedata.Interior,ob ject1.imagedata.Interior) != not empty
Intersection(object1.imagedata.Interior,ob ject2.imagedata.Interior ) != not empty g

SpatialRelation f
name Equals
Sup erRelation TopologicalRelation
In verse Equals
Complemen t Discrete
Symmetry True
Ob jtects In Relation

VisualObject name object1
VisualObject name object2

Conditions
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Di®erence(object1.imagedata.Interior,ob ject2.imagedata.Interior ):= empty
Di®erence(object2.imagedata.Interior,ob ject1.imagedata.Interior) != not empty
Intersection(object1.imagedata.Interior,ob ject2.imagedata.Interior ) != not emptyg

SpatialRelation f
name Partial Overlaps
Sup erRelation TopologicalRelation
In verse Partial Overlaps
Complemen t None
Symmetry False
Ob jtects In Relation

VisualObject name object1
VisualObject name object2

Conditions
Di®erence(object1.imagedata.Interior,ob ject2.imagedata.Interior ):= empty
Di®erence(object2.imagedata.Interior,ob ject1.imagedata.Interior) != not empty
Intersection(object1.imagedata.Interior,ob ject2.imagedata.Interior ) != not emptyg

SpatialRelation f
name Distance Relation g

SpatialRelation f
name Near Of
Sup erRelation DistanceRelation
In verse Near Of
Complemen t Far From
Symmetry True
Ob jtects In Relation

VisualObject name object1
VisualObject name object2

Conditions
Distance(object1.imagedata.centerofgravit y,object2.imagedata.centerofgravit y ) < = 2 * object2.imagedata.sizeg

SpatialRelation f
name Orientation Relation g

SpatialRelation f
name Left Of
Sup erRelation Orientation Relation
In verse Right Of
Complemen t None
Symmetry False
Ob jtects In Relation

VisualObject name object1
VisualObject name object2
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Conditions
Angle(object1.imagedata.centerofgrac=vit y,object2.imagedata.principalaxis ) > -PI/2 and < PI/2 g

B.2.3.1 Ob ject Extraction Criteria related to Spatial Relation

Rule f
name Proper Part Extraction1
Spatial Relation Proper Part
Let c a visual conten t context and O1 a visual object and O2 a visual object
If ProperPart(O1, O2)= true and O1.hue in [Red] and O2.hue in [Green]
T hen c.Discriminativ e Object Color:= High g g

Rule f
name Proper Part Constraint1
Spatial Relation Proper Part
Let c a visual conten t context and O1 a visual object and O2 a visual object
If ProperPart(O1, O2)= true and O1.hue in [Red] and O2.hue in [Green]
T hen c.area of interest:= O2.ImageData.Interior g g

B.2.3.2 Spatial Deduction Criteria

Rule f
name RightOf transitivity
Spatial Relation Right Of
Let O1 a visual object, O2 a visual object and O3 a visual object
If Right of(O1, O2)= true Right of(O2, O3)= true
T hen Right of(O1, O3):=true g g

Rule f
name NTPPRightOf composition
Spatial Relation NTTP
Let O1 a visual object, O2 a visual object and O3 a visual object
If NTTP(O1, O2)= true Right of(O2, O3)= true
T hen Right of(O1, O3):=true g g

B.2.3.3 Evaluation Criteria

Rule f
name imageprocessingevaluation
If true
T hen assessdata by user [correct incorrect under segmentation over segmentation]
g g
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Import types

Argument Type{
name VisualContentContext
Attributes 
File name contextFile
Image name areaOfInterest
String name primitiveType

range ["Line" "Region" "Edge"]
default "Region"
String name discriminativeColor

range ["yes" "no"]
default "no"

String name discriminativeTexture
range ["yes" "no"]
default "no"

String name discriminativeIntensity
range ["yes" "no"]
default "no"

String name objectLuminosity
range ["bright" "medium" "dark"]

Integer name minobjectSize
default 1

Integer name maxobjectSize
Integer name numberOfObjects

default 1
String name BackgroundAppearance

range ["Homogeneous" "Textured"]
String name objectPosition
range ["Top" "Centered" "Bottom" "Left" "Right"]

default "Centered"
String name objectRepartition
range ["Dispersed" "Grouped"]

Methods void loadContext()

}

#========================================================
# Functionality : ObjectExtraction
#========================================================

Functionality{
name ObjectExtraction
comment "Top down extraction of an object from an image "
Achieved by ObjectExtraction_operator
Input Data

Image name inputImage
Image name maskImage
VisualContentContext name inputContext

Output Data
Image name segmentedImage

}

#========================================================

Apr 08, 05 10:00 Page 1/24t-segmentation.yakl
# Composite Operator : ObjectExtraction_operator
#========================================================

Composite Operator {
 name  ObjectExtraction_operator

Functionality  
 ObjectExtraction

Input Data
 Image name  inputImage
 comment  "Image d'entree"

Image name  maskImage
 comment  "Image representant la zone d'interet si elle existe"

 VisualContentContext name inputContext

Output Data
Image name segmentedImage

Preconditions
valid inputImage

Postconditions
valid segmentedImage

Initialization criteria
Rule {

name  init_context
comment  "Initialization of the context with the file"

If true
Then
inputContext.loadContext()

}

Body
 Edge_segmentation_operator | Region_segmentation_operator | BackgroundSubtracti
on_operator | CurvilinearDetection_operator | Treshold_operator

Choice criteria
Rule{

name ChoiceExtraction1
If inputContext.primitiveType == "Line"
Then
use_operator CurvilinearDetection_operator

}

Rule{
name ChoiceExtraction2
If inoutContext.primitiveType == "Edge",
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Then
use_operator Edge_segmentation_operator

}

Rule{
name ChoiceExtraction3
If inputContext.primitiveType == "Region", inoutContext.BackgroundAppear

ance == "Homogeneous", inputContext.objectPosition == "Centered"
Then
use_operator BackgroundSubtraction_operator

}

Rule{
name ChoiceExtraction4
If inputContext.primitiveType == "Region", inputContext.discriminativeCo

lor == "yes"
Then
use_operator Region_segmentation_operator

}

Rule{
name ChoiceExtraction5
If inputContext.primitiveType == "Region"
Then
use_operator Region_segmentation_operator

}

Rule{
name ChoiceExtraction5
If inputContext.primitiveType == "Region", inputContext.discriminativeIn

tensity == "yes"
Then
use_operator Threshold_operator

}

Rule{
name ChoiceExtraction6
If inputContext.primitiveType == "Edge", inputContext.discriminativeInte

nsity == "yes"
Then
use_operator Threshold_operator

}

Distribution
ObjectExtraction_operator.inputImage/ Edge_segmentation_operator.inputIm

age
ObjectExtraction_operator.maskImage/ Edge_segmentation_operator.maskImag

e
  ObjectExtraction_operator.segmentedImage/ Edge_segmentation_operator.seg

Apr 08, 05 10:00 Page 3/24t�segmentation.yakl
mentedImage

ObjectExtraction_operator.inputImage/ Region_segmentation_operator.input
Image

ObjectExtraction_operator.maskImage/ Region_segmentation_operator.maskIm
age

ObjectExtraction_operator.inputImage/ BackgroundSubtraction_operator.inp
utImage

ObjectExtraction_operator.maskImage/ BackgroundSubtraction_operator.mask
Image
  ObjectExtraction_operator.segmentedImage/ BackgroundSubtraction_operator
.segmentedImage

ObjectExtraction_operator.inputImage/ CurvilinearDetection_operator.inpu
tImage

ObjectExtraction_operator.maskImage/ CurvilinearDetection_operator.maskI
mage
  ObjectExtraction_operator.segmentedImage/ CurvilinearDetection_operator.
segmentedImage
  

ObjectExtraction_operator.inputImage/ Threshold_operator.inputImage
ObjectExtraction_operator.maskImage/ Threshold_operator.maskImage

  ObjectExtraction_operator.segmentedImage/ Threshold_operator.segmentedIm
age
  
}

#========================================================
# Composite Operator :CurvilinearDetection_operator
#========================================================

Composite Operator {
 name  CurvilinearDetection_operator
 comment  "Detection of curvilinear structures in images"

Input Data
Image name  inputImage
Image name maskImage
VisualContentContext name inputContext

Input Parameters
Integer name sigma  
comment  "Standard deviation of the gaussian filter, representative of t

he width of the ridge"
default 1
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Symbol name curvilinear_type
comment "Ridge or Valley"
range ["Ridge" "Valley" "Both"]
default "Both"

Output Data
Image name  segmentedImage
Image name  ridge_image_properties

Preconditions
valid inputImage

Postconditions
valid segmentedImage

Initialisation criteria
Rule {

name  init_sigma
comment  "sigma should be set approximately at expected object size / sq

rt(3)"
If true
Then
sigma:= (inputContext.minobjectSize)/1.732 

}

Rule {
name  init_curvilinearType1
comment  "What curvilinear feature"

If imputContext.objectLuminosity == "bright"
Then
curvilinear_type:= "Ridge"

}

Rule {
name  init_curvilinearType2
comment  "What curvilinear feature"

If imputContext.objectLuminosity == "dark"
Then
curvilinear_type:= "Valley"

}

Body
 Recursive_Gaussian_Derivative_operator � Steger_Ridge_Point_Detector � Ridge_Fi
ltering_Operator

Distribution
  CurvilinearDetection_operator.inputImage/ Recursive_Gaussian_Derivative_operat
or.inputImage
  CurvilinearDetection_operator.sigma/ Recursive_Gaussian_Derivative_operator.si
gma
  CurvilinearDetection_operator.curvilinear_type/ Steger_Ridge_Point_Detector.cu
rvilinear_type
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  CurvilinearDetectionoperator.maskImage / Ridge_Filtering_Operator.maskImage
  CurvilinearDetectionoperator.segmentedImage / Ridge_Filtering_Operator.segment
edImage
  CurvilinearDetectionoperator.ridge_image_properties / Steger_Ridge_Point_Detec
tor.ridge_image_properties

Flow
  Recursive_Gaussian_Derivative_operator.mfxx / Steger_Ridge_Point_Detector.mfxx
  Recursive_Gaussian_Derivative_operator.mfyy / Steger_Ridge_Point_Detector.mfyy
  Recursive_Gaussian_Derivative_operator.mfxy / Steger_Ridge_Point_Detector.mfxy
  Recursive_Gaussian_Derivative_operator.mfdx / Steger_Ridge_Point_Detector.mfdx
  Recursive_Gaussian_Derivative_operator.mfdy / Steger_Ridge_Point_Detector.mfdy
  Steger_Ridge_Point_Detector.ridgeImage /  Ridge_Filtering_Operator.ridgeImage
}

#===============================================================
# Primitive Operator : RecursiveGaussianDerivativeComputing
#==============================================================

Primitive Operator{
name   Recursive_Gaussian_Derivative_operator
comment  "Computing for a given sigma of a set of recursive gaussian der

ivatives "

Input Data
Image name inputImage

Input Parameters
Integer name sigma  
comment  "Standard deviation of the gaussian filter, representative of t

he width of the ridge"
default 1

Output Data
Image name  mfxx

 comment  "second gaussian derivative in the direction X"

I�O relations  
     mfxx.path := inputImage.path,

 mfxx.basename := inputImage.basename + "mfxx",
 mfxx.extension := ".pan"

Image name  mfyy
comment  "second gaussian derivative in the direction Y"
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I�O relations
 mfyy.path := inputImage.path,
 mfyy.basename := inputImage.basename + "mfyy",
 mfyy.extension := ".pan"

Image name  mfxy
comment  "second gaussian derivative in the direction XY"
I�O relations
 mfxy.path := inputImage.path,
 mfxy.basename := inputImage.basename + "mfxy",
 mfxy.extension := ".pan"

Image name  mfdx
comment "first gaussian derivative in the direction X"
I�O relations  
 mfdx.path := inputImage.path,
 mfdx.basename := inputImage.basename + "mfdx",
 mfdx.extension := ".pan"

Image name  mfdy
comment  "first gaussian derivative in the direction Y"
I�O relations  

     mfdy.path := inputImage.path,
 mfdy.basename := inputImage.basename + "mfdy",
 mfdy.extension := ".pan"

Preconditions
valid inputImage

Postconditions
valid mfxx,
valid mfyy,
valid mfxy,
valid mfdx,
valid mfdy

Call

language  shell
syntax /user/chudelot/home/pandore/pandore4/application/script/GaussianD

erivatives sigma inputImage.get_filename() mfxx.get_filename() mfyy.get_filename
() mfxy.get_filename() mfdx.get_filename() mfdy.get_filename()

endsyntax
program name GaussianDerivatives
type  real

}
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#===========================================
# Primitive Operator : Steger_Ridge_Point_Detector
#===========================================

Primitive Operator{
name  Steger_Ridge_Point_Detector
comment  " Differential geometry approach to detect ridge :Sub�pixel rid

ge extraction : Carsten Steger approach "
 

Input Data
Image name  mfxx

 comment  "second gaussian derivative in the direction X"

Image name  mfyy
comment  "second gaussian derivative in the direction Y"

Image name  mfxy
comment  "second gaussian derivative in the direction XY"

Image name  mfdx
comment "first gaussian derivative in the direction X"

Image name  mfdy
comment  "first gaussian derivative in the direction Y"

Input Parameters

Symbol name curvilinear_type
comment "Ridge or Valley"
range ["Ridge" "Valley" "Both"]
default "Both"

Float name  thres_first_der
comment  "First derivative threshold above which a point is a possible r

idge point"
default  0.1
range  [0.0 ,1.0] 

Float name  thresh_second_der
comment  "abs(2nde derivative) threshold above which a point is a possib

le ridge point"
default  0.5
range  [0.0, 1.0]

Float name  thresh_first_second
comment  "maximum allowed distance between vanishing first derivative an

d maximum second derivative"
default  0.55
range  [0.0 , 1.0]

Output Data
MyImage name  ridgeImage
comment  " image of ridge point "
I�O Relations
ridgeImage.path := mfxx.path,
ridgeImage.basename := "ridge",
ridgeImage.extension := ".pan"
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MyImage name  ridge_image_properties
comment  " image of ridge point "
I�O Relations
ridge_image_properties.path := mfxx.path,
ridge_image_properties.basename := "ridge_properties",
ridge_image_properties.extension := ".pan"

Preconditions
valid mfxx,
valid mfyy,
valid mfxy,
valid mfdx,
valid mfdy

Postconditions
valid ridgeImage,
valid ridge_image_properties

Call

language  shell
syntax  /user/chudelot/home/pandore/pandore4/bin/LineStegerDetection2  t

hres_first_der  thresh_second_der  thresh_first_second mfxx.get_filename() mfyy.
get_filename() mfxy.get_filename() mfdx.get_filename() mfdy.get_filename() ridge
Image.get_filename() ridge_image_properties.get_filename() �type curvilinear_typ
e

endsyntax
program name  LineStegerDetection2
type  real

}

#===========================================
# Primitive Operator : Ridge_Filtering_Operator
#===========================================

Primitive Operator{
name  Ridge_Filtering_Operator
comment  " Operations to filter steger ridges "

 

Input Data
Image name  ridgeImage
Image name  maskImage

Output Data
Image name  segmentedImage
comment  " image of line "
I�O Relations
segmentedImage.path := ridgeImage.path,
segmentedImage.basename := "Lines",
segmentedImage.extension := ".tif"

Apr 08, 05 10:00 Page 9/24t�segmentation.yakl
Preconditions

valid ridgeImage

Postconditions
valid segmentedImage

Assessment criteria
Rule{

name eval1
If true
Then
segmentedImage.displayImage(),
assess_data_by_user segmentedImage "Segmentation is correct?" ["incorrec

t" "correct"]

}

Rule{
name eval2
If assess_data? segmentedImage incorrect
Then
assess_operator bad repair

}
Rule{

name eval3
If assess_data? segmentedImage correct
Then
assess_operator ok continue

}

Call

language  shell
syntax  /user/chudelot/home/pandore/pandore4/application/script/LineFilt

ering ridgeImage.get_filename() segmentedImage.get_filename() �m maskImage
endsyntax
program name  LineFiltering
type  real

}

#========================================================
# Primitive Operator : BackgroundSubtraction_operator
#========================================================

Primitive Operator{
name BackgroundSubtraction_operator
comment  "Detect the pixel belonging to the homogeneous background in im

age border"
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Input Data
Image name  inputImage
Image name  maskImage
VisualContentContext name inputContext

Input Parameters

Symbol name borderParts
comment  "Which parts of the border is considered"
range ["TopLess" "BottomLess" "LeftLess" " RightLess" "All"]
default "All"

Symbol name filterType
comment  "Smoothing filter used"
range ["Nothing" "Median" "KNearest"]
default "Median"

Symbol name objectLabeling
range ["yes" "no"]
default "yes"

Output Data
MyImage name  segmentedImage

I�O Relations
segmentedImage.path := inputImage.path,
segmentedImage.basename := "regions",
segmentedImage.extension := ".pan"

Preconditions
valid inputImage

Postconditions
valid segmentedImage

Initialisation criteria
Rule {

name  init_border1
comment  "if object is non center"

If inputContext.objectPosition== "Top"
Then
borderPart:="TopLess"

}

Rule {
name  init_border2
comment  "if object is non center"

If inputContext.objectPosition== "Bottom"
Then
borderPart:="BottomLess"

}

Rule {
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name  init_border3
comment  "if object is non center"

If inputContext.objectPosition== "Left"
Then
borderPart:="LeftLess"

}

Rule {
name  init_border4
comment  "if object is non center"

If inputContext.objectPosition== "Right"
Then
borderPart:="RightLess"

}

Call

language  shell
syntax  /user/chudelot/home/pandore/pandore4/application/script/Backgrou

ndSegmentation  inputImage.get_filename() segmentedImage.get_filename() �f filte
rType �b borderParts �l objectLabeling �m maskImage

endsyntax
program name csPresegmentation
type  real

}

#========================================================
# Composite Operator : Region_segmentation_operator
#========================================================

Composite Operator {
 name  Region_segmentation_operator
 comment  "Region based segmentation in images"

Input Data
Image name  inputImage
Image name maskImage
VisualContentContext name inputContext
Symbol name segmentationType
range ["Robust" "Approximative"]
default "Robust"

Output Data
Image name  segmentedImage

Preconditions
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valid inputImage

Postconditions
valid segmentedImage

Body
 ImageColorSegmentation_operator � SegmentationEnhancement_operator � RegionSele
ction_Operator � BoundaryExtraction_Operator

Distribution
Region_segmentation_operator.inputImage/ ImageColorSegmentation_operator

.inputImage

Flow
  ImageColorSegmentation_operator.segmentedImage / SegmentationEnhancement_opera
tor.segmentedImage
  SegmentationEnhancement_operator.enhancedImage /RegionSelection_Operator.enhan
cedImage
  RegionSelection_Operator.selectedImage/BoundaryExtraction_Operator.selectedIma
ge
 
}

#========================================================
# Composite Operator : ImageColorSegmentation_operator
#========================================================

Composite Operator {
 name  ImageColorSegmentation_operator

Input Data
Image name  inputImage
Image name maskImage
VisualContentContext name inputContext
Symbol name segmentationType
range ["Robust" "Approximative"]
default "Robust"

Output Data
Image name  segmentedImage

Preconditions
valid inputImage

Postconditions
valid segmentedImage

Body
 KMeans_operator | MeanShift_operator | RegionGrowing_Operator
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Choice criteria
Rule{

name ChoiceMethod1
If segmentationType=="Robust"
Then
use_operator MeanShift_operator

}

Rule{
name ChoiceMethod2
If segmentationType=="Approximative"
Then
use_operator KMeans_operator

}

Rule{
name ChoiceMethod3
Let c a Context
If c.backgroundAppearance == "Homogeneous"
Then
use_operator RegionGrowing_Operator

}

Distribution
ImageColorSegmentation_operator.inputImage/ KMeans_operator.inputImage
ImageColorSegmentation_operator.maskImage/ KMeans_operator.maskImage
ImageColorSegmentation_operator.segmentedImage/ KMeans_operator.segmente

dImage
ImageColorSegmentation_operator.inputImage/ MeanShift_operator.inputImag

e
ImageColorSegmentation_operator.maskImage/MeanShift_operator.maskImage
ImageColorSegmentation_operator.segmentedImage/MeanShift_operator.segmen

tedImage
 ImageColorSegmentation_operator.inputImage/ RegionGrowing_operator.input
Image

ImageColorSegmentation_operator.maskImage/ RegionGrowing_operator.maskIm
age

ImageColorSegmentation_operator.segmentedImage/ RegionGrowing_operator.s
egmentedImage
}

#========================================================
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# Primitive Operator : MeanShift_operator
#========================================================

Primitive Operator{
name MeanShift_operator

Input Data
Image name  inputImage
Image name  maskImage
VisualContentContext name inputContext

Input Parameters

Float name maxNeighbourColorDistance
comment  "Color difference to joined pixels"
default 3

Symbol name option
range ["Quantization" "OverSegmentation" "UnderSegmentation"]
default "UnderSegmentation"

Integer name minRegionSize 
default 15

Output Data
Image name  segmentedImage

I�O Relations
segmentedImage.path := inputImage.path,
segmentedImage.basename := "regions",
segmentedImage.extension := ".pan"

Preconditions
valid inputImage

Postconditions
valid segmentedImage

Call

language  shell
syntax  /user/chudelot/home/pandore/pandore4/application/script/MeanShif

tSegmentation  inputImage.get_filename() segmentedImage.get_filename() �o option
 �color
 maxNeighbourColorDistance �s minRegionSize   �m maskImage

endsyntax
program name MeanShiftSegmentation
type  real

}
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#========================================================
# Primitive Operator : KMeans_operator
#========================================================

Primitive Operator{
name MeanShift_operator

Input Data
Image name  inputImage
Image name  maskImage
VisualContentContext name inputContext

Input Parameters

Symbol name filterType
range ["Nothing" "Median" "KNearest"]
default "KNearest"

Output Data
Image name  segmentedImage

I�O Relations
segmentedImage.path := inputImage.path,
segmentedImage.basename := "regions",
segmentedImage.extension := ".pan"

Preconditions
valid inputImage

Postconditions
valid segmentedImage

Call

language  shell
syntax  /user/chudelot/home/pandore/pandore4/application/script/KMeansSe

gmentation filterType inputImage.get_filename() segmentedImage.get_filename() � 
m maskImage

endsyntax
program name KMeansSegmentation
type  real

}

#========================================================
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# Primitive Operator : RegionGrowing_Operator
#========================================================

Primitive Operator{
name RegionGrowing_Operator

Input Data
Image name  inputImage
Image name  maskImage
VisualContentContext name inputContext

Output Data
Image name  segmentedImage

I�O Relations
segmentedImage.path := inputImage.path,
segmentedImage.basename := "regions",
segmentedImage.extension := ".pan"

Preconditions
valid inputImage

Postconditions
valid segmentedImage

Call

language  shell
syntax  /user/chudelot/home/pandore/pandore4/application/script/RegionGr

owingSegmentation inputImage.get_filename() segmentedImage.get_filename() � m ma
skImage

endsyntax
program name RegionGrowingSegmentation
type  real

}

#========================================================
# Primitive Operator :SegmentationEnhancement_operator
#========================================================

Primitive Operator{
name SegmentationEnhancement_operator

Apr 08, 05 10:00 Page 17/24t�segmentation.yakl
Input Data

Image name  segmentedImage

Output Data
Image name  enhancedImage

I�O Relations
enhancedImage.path := segmentedImage.path,
segmentedImage.basename := "regionsenhanced",
segmentedImage.extension := ".pan"

Preconditions
valid segmentedImage

Postconditions
valid enhancedImage

Call

language  shell
syntax  /user/chudelot/home/pandore/pandore4/application/script/Enhancem

ent segmentedImage.get_filename() enhancedImage.get_filename()
endsyntax
program name RegionSegmentationEnhancement
type  real

}

#========================================================
# Primitive Operator :RegionSelection_operator
#========================================================

Primitive Operator{
name RegionSelection_operator

Input Data
Image name  enhancedImage

Input Parameters

Symbol name selection_type
range[ "size" "color"]
default "size"

Float name selection_value

Output Data
Image name  selectedImage
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I�O Relations
enhancedImage.path := segmentedImage.path,
segmentedImage.basename := "regionsenhanced",
segmentedImage.extension := ".pan"

Preconditions
valid enhancedImage

Postconditions
valid selectedImage

Initialisation Criteria
Rule {

name  init_selectionvalue
Let c a Visual Content Context
comment  "What curvilinear feature"

If selection_type == "size"
Then
selection_value:=  inputContext.minobjectSize

}

Call

language  shell
syntax  /user/chudelot/home/pandore/pandore4/application/script/RegionSe

lection selection_type selection_value enhancedImage.get_filename() selectedImag
e.get_filename()

endsyntax
program name RegionSelection
type  real

}

#========================================================
# Primitive Operator :BoundaryExtraction_operator
#========================================================

Primitive Operator{
name BoundaryExtraction_operator

Input Data
Image name  selectedImage

Output Data
Image name  outputImage

Preconditions

Apr 08, 05 10:00 Page 19/24t�segmentation.yakl
valid selectedImage

Postconditions
valid outputImage

Call

language  shell
syntax  /user/chudelot/home/pandore/pandore4/application/script/Frontier

e 8 selectedImage.get_filename() outputImage.get_filename()
endsyntax
program name Frontiere
type  real

}

#========================================================
# Composite Operator : Threshold_operator
#========================================================

Composite Operator {
 name  Threshold_operator
 comment  "Detection of objects in images by thresholding"

Input Data
Image name  inputImage
Image name maskImage
VisualContentContext name inputContext

Output Data
MyImage name  segmentedImage

Preconditions
valid inputImage

Postconditions
valid segmentedImage

Body
 BITonalThresholding_operator | AutomaticThresholding_operator

Distribution
  Threshold_operator.inputImage/ BITonalThresholding_operator.inputImage

Threshold_operator.maskImage/ BITonalThresholding_operator.maskImage
Threshold_operator.segmentedImage/ BITonalThresholding_operator.segmente

dImage
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  Threshold_operator.inputImage/ AutomaticThresholding_operator.inputImage
Threshold_operator.maskImage/ AutomaticThresholding_operator.maskImage
Threshold_operator.segmentedImage/ AutomaticThresholding_operator.segmen

tedImage

}

#========================================================
# Primitive Operator : BiTonalThresholding_operator
#========================================================

Primitive Operator{
name BiTonalThresholding_operator
comment  "Seuillage d'une image entre deux valeurs d'intensite "

Input Data
Image name  inputImage
VisualContentContext name inputContext
Image name maskImage

Input Parameters

Integer name  seuilA
comment  "Threshold 1"
default  0

Integer name  seuilB
comment  "Threshold 1"
default  0

Output Data
MyImage name  segmentedImage

I�O Relations
segmentedImage.path := inputImage.path,
segmentedImage.basename := "regions",
segmentedImage.extension := ".pan"

Preconditions
valid inputImage

Postconditions
valid segmentedImage
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Initialisation criteria
Rule {

name  init_seuilA_bright
Let c a Context
If c.objectLuminosity=="bright"
Then
seuilA:=125, seuilsB:=255

}

Rule {
name  init_seuilA_dark

Let c a Context
If c.objectLuminosity=="dark"
Then
seuilA:=0, seuilsB:=125

}

Rule {
name  init_seuilA_medium

Let c a Context
If c.objectLuminosity=="dark"
Then
seuilA:=75, seuilsB:=200

}

Call

language  shell
syntax  /user/chudelot/home/pandore/pandore4/application/script/Threshol

d seuilA seuilB  inputImage.get_filename() segmentedImage.get_filename() �m mask
Image

endsyntax
program name Threshold
type  real

}

#========================================================
# Primitive Operator : BiTonalThresholding_operator
#========================================================

Primitive Operator{
name AutomaticThresholding_operator
comment  "Seuillage automatique d'une image entre deux valeurs d'intensi

te "

Input Data
Image name  inputImage
VisualContentContext name inputContext
Image name maskImage

Output Data
MyImage name  segmentedImage
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I�O Relations
segmentedImage.path := inputImage.path,
segmentedImage.basename := "regions",
segmentedImage.extension := ".pan"

Preconditions
valid inputImage

Postconditions
valid segmentedImage

Call

language  shell
syntax  /user/chudelot/home/pandore/pandore4/application/script/Automati

cThreshold inputImage.get_filename() segmentedImage.get_filename() �m maskImage
endsyntax
program name AutomaticThresholding
type  real

}

#========================================================
# Primitive Operator : Edge_segmentation_operator
#========================================================

Primitive Operator {
 name  Edge_segmentation_operator
 comment  "Detection of objects in images by edge detection : to complet

e in composite operator"

Input Data
Image name  inputImage
Image name maskImage
VisualContentContext name inputContext

Output Data
MyImage name  segmentedImage

Preconditions
valid inputImage

Postconditions
valid segmentedImage

Call

language  shell
syntax  /user/chudelot/home/pandore/pandore4/application/script/EdgeDete

ction sobel inputImage.get_filename() segmentedImage.get_filename() �m maskImage
endsyntax
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program name EdgeDetection
type  real

}
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#================================================================
# Celine Hudelot�2003�2004
#================================================================
#================================================================
#Base de Connaissances "Generic Image Processing"
#Sous partie FeatureExtraction
#Pilotage de programmes de Traitement d'Images
#Operateurs de Feature Extraction
#================================================================
#================================================================
# Terminal Operators 
#================================================================

Argument Type{
name ContextFeature
Attributes 
File name contextFile
String name primitiveType

range ["Line" "Region" "Edge"]
String name featureType

range ["Size" "Position" "Shape"]

Methods void loadContextFeature()

}

Argument Instance {
  Image name my_image

Attributes
path := "/user/chudelot/home/NOSAVE/ImageExecution/"
basename := "carteregion"
extension := ".pan"

}

Argument Instance{
File name context_file
Attributes
path := "/user/chudelot/home/NOSAVE/WorkDirectory/ContextFeatureFile/"
basename := "ContextFeatureFile"
extension := ".dat"

}

Argument Instance{
ContextFeature name context

Attributes
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contextFile:= context_file

}

#========================================================
# Functionality : FeatureExtraction
#========================================================

Functionality{
name FeatureExtraction
comment "Extraction of image data features "
Achieved by Feature_Extraction_operator
Input Data

Image name inputImage

ContextFeature name inputContext

Output Data
File name featureFile

}

#===========================================
# Primitive Operator : LineShapeFeatureExraction
#===========================================

Primitive Operator{
name  Line_Shape_Feature_Extraction

 

Input Data
Image name inputImage

Output Data
File  name  featureFile

I�O relations  
     featureFile.path := "/user/chudelot/home/NOSAVE/fichiers/", 

 featureFile.basename := inputImage.basename + "LineShape",
 featureFile.extension := ".pan"

Preconditions
valid inputImage

Postconditions
valid featureFile

Call

language  shell
syntax  /user/chudelot/home/pandore/pandore4/bin/calcul_lineShapeDescrip

tors Shape inputImage.get_filename() /user/chudelot/home/NOSAVE/WorkDirectory/In
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putImage/ridge.pan featureFile.get_filename()
endsyntax
program name  calcul_lineShapeDescriptors
type  real

}

#===========================================
# Primitive Operator : LinePositionFeatureExraction
#===========================================

Primitive Operator{
name  Line_Position_Feature_Extraction

 

Input Data
Image name inputImage

Output Data
File  name  featureFile

I�O relations  
     featureFile.path := "/user/chudelot/home/NOSAVE/fichiers/", 

 featureFile.basename := inputImage.basename + "LinePosition",
 featureFile.extension := ".pan"

Preconditions
valid inputImage

Postconditions
valid featureFile

Call

language  shell
syntax  /user/chudelot/home/pandore/pandore4/bin/calcul_linePositionDesc

riptors Position inputImage.get_filename() featureFile.get_filename()
endsyntax
program name  calcul_linePositionDescriptors
type  real

}
#===========================================
# Primitive Operator : LineSizeFeatureExraction
#===========================================

Primitive Operator{
name  Line_Size_Feature_Extraction

 

Input Data
Image name inputImage

Output Data
File  name  featureFile

I�O relations  
     featureFile.path := "/user/chudelot/home/NOSAVE/fichiers/", 

 featureFile.basename := inputImage.basename + "LineSize",
 featureFile.extension := ".pan"
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Preconditions
valid inputImage

Postconditions
valid featureFile

Call

language  shell
syntax  /user/chudelot/home/pandore/pandore4/bin/calcul_lineSizeDescript

ors Size inputImage.get_filename() featureFile.get_filename()
endsyntax
program name  calcul_lineSizeDescriptors
type  real

}

#===========================================
# Primitive Operator : EdgeShapeFeatureExraction
#===========================================

Primitive Operator{
name  Edge_Shape_Feature_Extraction

 

Input Data
Image name inputImage

Output Data
File  name  featureFile

I�O relations  
     featureFile.path := "/user/chudelot/home/NOSAVE/fichiers/", 

 featureFile.basename := inputImage.basename + "EdgeShape",
 featureFile.extension := ".pan"

Preconditions
valid inputImage

Postconditions
valid featureFile

Call

language  shell
syntax  /user/chudelot/home/pandore/pandore4/bin/calcul_lineShapeDescrip

tors Shape inputImage.get_filename()  featureFile.get_filename()
endsyntax
program name  calcul_lineShapeDescriptors
type  real
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}

#===========================================
# Primitive Operator : EdgePositionFeatureExraction
#===========================================

Primitive Operator{
name  Edge_Position_Feature_Extraction

 

Input Data
Image name inputImage

Output Data
File  name  featureFile

I�O relations  
     featureFile.path := "/user/chudelot/home/NOSAVE/fichiers/", 

 featureFile.basename := inputImage.basename + "EdgePosition",
 featureFile.extension := ".pan"

Preconditions
valid inputImage

Postconditions
valid featureFile

Call

language  shell
syntax  /user/chudelot/home/pandore/pandore4/bin/calcul_linePositionDesc

riptors Position inputImage.get_filename() featureFile.get_filename()
endsyntax
program name  calcul_linePositionDescriptors
type  real

}
#===========================================
# Primitive Operator : EdgeSizeFeatureExraction
#===========================================

Primitive Operator{
name  Edge_Size_Feature_Extraction

 

Input Data
Image name inputImage

Output Data
File  name  featureFile

I�O relations  
     featureFile.path := "/user/chudelot/home/NOSAVE/fichiers/", 

 featureFile.basename := inputImage.basename + "EdgeSize",
 featureFile.extension := ".pan"

Preconditions
valid inputImage

Postconditions
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valid featureFile

Call

language  shell
syntax  /user/chudelot/home/pandore/pandore4/bin/calcul_lineSizeDescript

ors Size inputImage.get_filename() featureFile.get_filename()
endsyntax
program name  calcul_lineSizeDescriptors
type  real

}

#===========================================
# Primitive Operator : RegionShapeFeatureExraction
#===========================================

Primitive Operator{
name  Region_Shape_Feature_Extraction

 

Input Data
Image name inputImage

Output Data
File  name  featureFile

I�O relations  
     featureFile.path := "/user/chudelot/home/NOSAVE/fichiers/",

 featureFile.basename := inputImage.basename + "RegionShape",
 featureFile.extension := ".pan"

Preconditions
valid inputImage

Postconditions
valid featureFile

Call

language  shell
syntax  /user/chudelot/home/pandore/pandore4/bin/calcul_RegionShapeDescr

iptors Shape inputImage.get_filename() featureFile.get_filename()
endsyntax
program name  calcul_lineShapeDescriptors
type  real

}

#===========================================
# Primitive Operator : RegionPositionFeatureExraction
#===========================================

Primitive Operator{
name  Region_Position_Feature_Extraction
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Input Data
Image name inputImage

Output Data
File  name  featureFile

I�O relations  
     featureFile.path := "/user/chudelot/home/NOSAVE/fichiers/", 

 featureFile.basename := inputImage.basename + "RegionPosition",
 featureFile.extension := ".pan"

Preconditions
valid inputImage

Postconditions
valid featureFile

Call

language  shell
syntax  /user/chudelot/home/pandore/pandore4/bin/calcul_RegionPositionDe

scriptors Position inputImage.get_filename() featureFile.get_filename()
endsyntax
program name  calcul_linePositionDescriptors
type  real

}
#===========================================
# Primitive Operator : RegionSizeFeatureExraction
#===========================================

Primitive Operator{
name  Region_Size_Feature_Extraction

 

Input Data
Image name inputImage

Output Data
File  name  featureFile

I�O relations  
     featureFile.path := "/user/chudelot/home/NOSAVE/fichiers/", 

 featureFile.basename := inputImage.basename + "RegionSize",
 featureFile.extension := ".pan"

Preconditions
valid inputImage

Postconditions
valid featureFile

Call

language  shell
syntax  /user/chudelot/home/pandore/pandore4/bin/calcul_RegionSizeDescri

ptors Size inputImage.get_filename() featureFile.get_filename()
endsyntax
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program name  calcul_lineSizeDescriptors
type  real

}

Composite Operator {
 name  Line_Feature_Extraction_operator

Input Data
 Image name  inputImage
 ContextFeature name inputContext

Output Data
File name featureFile

Preconditions
valid inputImage

Postconditions
valid featureFile

Body
Line_Size_Feature_Extraction | Line_Position_Feature_Extraction | Line_Shape_Fea
ture_Extraction
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Choice criteria
Rule{

name ChoiceLineFeature1
If inputContext.featureType == "Size"
Then
use_operator Line_Size_Feature_Extraction

}

Rule{
name ChoiceLineFeature2
If inputContext.featureType == "Shape"
Then
use_operator Line_Shape_Feature_Extraction

}

Rule{
name ChoiceLineFeature3
If inputContext.featureType == "Position"
Then
use_operator Line_Position_Feature_Extraction

}

Distribution
Line_Feature_Extraction_operator.inputImage / Line_Size_Feature_Extraction.input
Image
Line_Feature_Extraction_operator.inputImage / Line_Shape_Feature_Extraction.inpu
tImage
Line_Feature_Extraction_operator.inputImage / Line_Position_Feature_Extraction.i
nputImage

}

Composite Operator {
 name  Edge_Feature_Extraction_operator

Input Data
 Image name  inputImage
 ContextFeature name inputContext

Output Data
File name featureFile

Preconditions
valid inputImage

Postconditions
valid featureFile
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Body
Edge_Size_Feature_Extraction | Edge_Position_Feature_Extraction | Edge_Shape_Fea
ture_Extraction

Choice criteria
Rule{

name ChoiceEdgeFeature1
If inputContext.featureType == "Size"
Then
use_operator Edge_Size_Feature_Extraction

}

Rule{
name ChoiceEdgeFeature2
If inputContext.featureType == "Shape"
Then
use_operator Edge_Shape_Feature_Extraction

}

Rule{
name ChoiceEdgeFeature3
If inputContext.featureType == "Position"
Then
use_operator Edge_Position_Feature_Extraction

}

Distribution
Edge_Feature_Extraction_operator.inputImage / Edge_Size_Feature_Extraction.input
Image
Edge_Feature_Extraction_operator.inputImage / Edge_Shape_Feature_Extraction.inpu
tImage
Edge_Feature_Extraction_operator.inputImage / Edge_Position_Feature_Extraction.i
nputImage

}

Composite Operator {
 name  Region_Feature_Extraction_operator

Input Data
 Image name  inputImage
 ContextFeature name inputContext

Output Data
File name featureFile

Preconditions
valid inputImage

Postconditions
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valid featureFile

Body
Region_Size_Feature_Extraction | Region_Position_Feature_Extraction | Region_Sha
pe_Feature_Extraction

Choice criteria
Rule{

name ChoiceRegionFeature1
If inputContext.featureType == "Size"
Then
use_operator Region_Size_Feature_Extraction

}

Rule{
name ChoiceRegionFeature2
If inputContext.featureType == "Shape"
Then
use_operator Region_Shape_Feature_Extraction

}

Rule{
name ChoiceRegionFeature3
If inputContext.featureType == "Position"
Then
use_operator Region_Position_Feature_Extraction

}

Distribution
Region_Feature_Extraction_operator.inputImage / Region_Size_Feature_Extraction.i
nputImage
Region_Feature_Extraction_operator.inputImage / Region_Shape_Feature_Extraction.
inputImage
Region_Feature_Extraction_operator.inputImage / Region_Position_Feature_Extracti
on.inputImage

 
}

Composite Operator {
 name  Feature_Extraction_operator

Functionality  
 FeatureExtraction

Input Data
 Image name  inputImage
 ContextFeature name inputContext
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Output Data
File name featureFile

Preconditions
valid inputImage

Postconditions
valid featureFile

Initialization criteria
Rule {

name  init_context1
comment  "Initialization of the context with the file"

If true
Then
inputContext.loadContextFeature()

}

Body
Region_Feature_Extraction_operator | Line_Feature_Extraction_operator | Edge_Fea
ture_Extraction_operator

Choice criteria
Rule{

name ChoiceFeature1
If inputContext.primitiveType == "Line"
Then
use_operator Line_Feature_Extraction_operator

}

Rule{
name ChoiceSegmentation2
if inputContext.primitiveType == "Region"
Then
use_operator Region_Feature_Extraction_operator

}
Rule{

name ChoiceSegmentation3
if inputContext.primitiveType == "Edge"
Then
use_operator Edge_Feature_Extraction_operator

}

Distribution
  Feature_Extraction_operator.inputImage/ Line_Feature_Extraction_operator.input
Image
  Feature_Extraction_operator.inputContext/ Line_Feature_Extraction_operator.inp
utContext
  Feature_Extraction_operator.inputImage/ Region_Feature_Extraction_operator.inp
utImage
  Feature_Extraction_operator.inputContext/ Region_Feature_Extraction_operator.i
nputContext
  Feature_Extraction_operator.inputImage/ Edge_Feature_Extraction_operator.input
Image
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