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Abstract

This paper preseris an object categorization method. Our approacd involvesthe
following aspects of cognitive vision : machine learning and knowledge represena-
tion. A major elemen of our approad is a visual concept ontology composed of
seweral typesof concepts(spatial conceptsand relations, color conceptsand texture
concepts).Visual conceptscontained in this ontology can be seenasan intermediate
layer betweendomain knowledge and image processingprocedures.

This paper details this approach which is composedof three phases:a knowledge
acquisition phase, a learning phase and a categorization phase. A major issueis
the symbol grounding problem (symbol grounding consistsin linking meaningfully
symbols to sensoryinformation). We propose a solution to this dixcult issue by
shawing how learning techniques can map numerical featuresto visual concepts.
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1 Intro duction

This paper preserts a cognitive vision approad designedfor complex ob-
ject categorization.Both knowledgerepresemtation and macine learning tech-
niquesare involved in the categorization process.The proposedapproad is
designedfor sematrtic interpretation of isolated objects of interest. Related
work on sceneanalysisissueqi.e. involving nonisolated objects) can be found
in (2).

A long experiencein complex object categorization (2) (3) has shown that
experts often usea well de ned vocabulary for describingthe object of their
domain. Basedon that statemert, results coming from the knowledge engi-
neeringcommunity can be applied to acquire expert knowledge. This expert
knowledgeis usedto guide object recognition.
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This approad raisesthe question of relations betweenlanguageand percep-
tion. In (4), Xu explainsthat languageis a way to dewelop object discrim-
ination capabilities. Our work is inspired by this claim : we aim at using a
conceptualizationof the visual perceptiondomain (a visual conceptontology)
to de ne object recognitionstrategies.Moreover, our approad canbe brought
closeto the procedural sematics (5) theory where visual conceptsand their
labels are asseiated in the sensethat they are alternative ways of gaining
accesgo sameunderlying procedures(segmemation, feature extraction and
learning modules).

Section 2 gives an overview of key issuesand existing approades in high-
level image interpretation. Section3 givesa global point of view on the pro-
posed approad. Section 4 details the structure of a priori knowledge (i.e.
domain knowledgeand visual conceptontology) involved the recognition pro-
cess.Section5 is dedicatedto image processingtechniquesusedfor adhieving
categorization. Section 6 explains how visual conceptsare learnt by learning
technigues.Section7 preserts an object learning algorithm and an object cat-
egorizationalgorithm. A discussionon our approad is givenin section8. We
“nally concludein section9.

2 Related Work

In (6), an introduction to high-level bayesianimage interpretation techniques
canbe found. The author explainsthat bayesiananalysistechniquesare more
widely applicableand reliable that ad hoc algorithms. Sud statistical models
are explicit and allow to evaluate con denceabout conclusions.The ditcult

task in the construction of bayesianmodelsis to de ne prior distribution. In
particular, cortext (e.g.point of view, scale,acquisition conditions) is hard to
manage.That is why careis requiredin using statistical knowledgee®ectiely
for a given speci ¢ problem.

A solution to invariance problemsare local invariant image feature detectors
(7) (8). The main drawbadk of thesetechniquesis that they are well adapted
to object (i.e. an instanceof a given class)recognition and not to classrecog-
nition. Preliminary work on the generalization of these techniquesto class
recognition is starting (9).

Knowledgebasedvision systemshave provento be e®ectie for complexobject
recognition(2) and for sceneunderstanding(10). They o®era great capacity of
reusability and extendability. Moreover, in knowledgebasedsystems,domain
knowledgeis clearly separatedfrom image processingknowledge.This implies
a better tractabilit y of the di®eren sub-problems(i.e. image processingand
interpretation) encouneredin imageunderstanding.The major negative point



of these systemsis that they rely on knowledge baseswhich are ditcult to
produce and manage.

To adchieve complexobject recognition, we proposean intermediate approad:
to use a priori knowledgeto structure prior distributions of relevant visual
features(i.e. texture, color, shape). A priori knowledgeis usedto perform a
focusedlearning of distinctiv e visual characteristics.

3 Prop osed Approac h

Our approad is composedof three main phases: (1) a knowledgeacquisition
phase,(2) a learning phase,(3) a categorizationphase.This sectiongivesan
overview on the whole approad.

3.1 Knowledge Acquisition Phase

First comesknowledge acquisition issueswhich have beendiscussedn (11).
A dedicatedknowledgeacquisition tool has beenimplemerted and allows to
perform the following tasks:

2 domain taxonomy acquisition (i.e. hierarchy of domain classes)

2 ontology driven visual description of domain object classeswvhich leadsto
a more completedomain knowledgebase

2 image sample managemen (i.e. annotation and manual segmeration of
samplesof object classesof interest)
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Fig. 1. Knowledge Acquisition PhaseOverview

As seenin g. 1, the knowledgeacquisition processleadsto a knowledgebase
in which a set of domain classesare descriked by visual concepts.Manually
segmeted and annotated image samplesof domain objects are also obtained.
Sampleannotation consistsin labeling a set of sampleimagesby a domain
object classname.



3.2 Learning Phase

Expert knowledgeis acquired during the knowledge acquisition process.A
remainingimportant issueis the symbol grounding problem (12). The learning
phase lls the gap between symbols used during knowledge acquisition and
manually segmeted and annotated sampleimages.As seenin g. 2, three
modulesare involved in the object learning process.

(1) The main module is the object learning module which cortrols the other
modules. The learning processis initiated by a learning requestwhich
cortains a list of classesof the domain taxonomy. For speci ¢ applica-
tions, someclassesrenot relevent. Therefore,it may be neededo restrict
learning processto a subpart of the whole domain knowledge.This mod-
ule rst retrieves domain classsamples(i.e. a set of regionsof interest
annotated by a domain classinstance).

(2) The feature extraction module acceptsfeature extraction requestssert
by the object learning module and computes features and segmeted
samples.

(3) The visual conceptlearning module trains a set of classi ers by using
featuresextracted by the feature extraction module. Theseclassi ersare
trained to the recognition of visual conceptsusedfor the description of
domain classesThe output of the object learning module is a knowledge
baseaugmerned with the trained classi ers.
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Fig. 2. Object learning phaseoverview
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Fig. 3. Object categorization phaseoverview

Fig. 4. Image of an isolated pollen grain

3.3 Categorization Phase

Fig. 3 gives an overview of the proposedobject categorization phase. This
phaseis basedon three modules:

(1) The object categorization module is the certral module of the catego-
rization architecture. It processesategorization requestsso as to pro-
duce categorizationresults. A categorizationrequestis composedof an
image cortaining an isolated object of interest (see g. 4). Information
concerningcortext (e.g.acquisition device,date) is alsointegratedin the
categorizationrequest.To perform object categorization,the object cate-
gorization module sendssequetially two di®eren typesof requeststo the
segmeiation module and to the feature extraction module. Recognition
of visual conceptsis doneby using classi erstrained during the learning
phaseand cortained in the augmened knowledge base. Categorization
result cortains one or se\eral domain object classeswvhich match recog-
nizedvisual conceptsassaiated with the current object to be recognized.



(2) The segmetation module receivessegmetation requests.The answer to
a segmetation requestis a set of pixels of interest inside a region of
interest. A segmetation requestis composed of the region of interest
where pixels of interest have to be extracted. A symbolic description
(in terms of visual concepts)of the expected segmeration result is also
integrated in the request.

(3) The feature extraction module acceptsfeature extration requestssert by
the object categorizationmodule. The feature extraction module trans-
forms segmeted pixels of interest into numerical features (e.g. Gabor
featuresfor texture analysis).

4 A Priori Kno wledge

4.1 A Visual Concept Ontology

As de ned in (13), an ontology is a formalization of a conceptualization. An
ontology de nes the semairtics of non-logical primitiv esusedin a knowledge
represemation language.An ontology is composedof :

2 asetof concepts(C) (e.g. geometricconcepts)
2 asetof relations(R) (e.g. spatial relations)
2 a setof axioms (e.qg. transitivit y, re°exivity, symmetry of relations)

Two partial orders® ¢ and! r de ne the concepthierarchy and the relation
hierarcdhy, respectively. An ontology is supposedto be the support of reasoning
medanisms.

In this section, we proposea visual conceptontology. This ontology can be
consideredas a guide which provides a vocabulary for the visual description
of domain classeslt is important to note that the proposedontology is not
application-dependent and should be consideredas an extendable basis. We
have structured this ontology in three main parts. The rst one cortains tex-
ture concepts,the secondonecortains color conceptsand the last oneis made
of spatial concepts.Each part of this ontology is detailed in the next subsec
tions.

4.1.1 Texture Concepts

This part of the ontology has been inspired by results from the cognitive
sciencecommunity.

The experimert conductedin (14) identi es three main dimensionsin the



texture perception cognitive process.Eadc perceptual dimension constitutes
an important elemen in texture perception. Each perceptual dimensionis
seenas an abstraction of a set of visual concepts(Fig. 5). From this study, we
have built an ontology of texture concepts.Note that quarti ers (e.g. Non,
Average, Strong) are alsointegrated in this ontology and can be usedto give
a ner visual description.

Texture Concept
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Fig. 5. Texture concept hierarchy

4.1.2 Color Concepts

This part of the ontology is derived from the ISCC-NBS (Inter-Saciety Color
Council-National Bureau of Standards) color dictionnary. An interesting re-
°exion on the validity of this dictionnary is givenin (5). Three kinds of notions
are included: hue, brightnessand saturation concepts.There are 28 hue con-
cepts (Table 1) which can be conbined with v e brightness concepts(Very
Dark, Dark, Medium, Light, Very Light) and four saturation concepts(Gray-
ish, Moderate, Strong, Vivid ). Certain conbinations of brightnessand satura-
tion conceptshave a perceptual meaning. For instance, the conceptBril lant
is an assaiation of the Light and Strong concepts.Axioms are cortained in
the ontology soasto expressthosekinds of assaiations.

4.1.3 Sptial Conaepts

This part of the ontology is usedfor describingdomain objects from a spatial
point of view. A part of the hierardhy is composedof geometricconceptsthat
canbe usedto descrike the shape of domain objects ( g. 6). Three other parts
of the ontology contains position,oriertation and sizeconcepts A formalization
of a similar approad basedon a combination of geometricshapescanbe found
in (15). The sizeof an object can alsobe described and quarti ed with a set
of quarti ers. Note that quarti cation can be done in an absolute way or
relatively to another concept. This meansthat the size of object A can be
descriked asbeingimportant relatively to object B. The notion of elongation
is also presert and can be quarti ed. We have also added a set of spatial
relations basedon the RCC-8 model (16) that can be usedto de ne relations
betweenobjects and their subparts.

Theserelations are erumeratedin Table 2 and graphically represered in g.



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
Table 1
Set of hue concepts
7.
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Fig. 6. Geometric concept hierarchy

4.1.4 Context Description

Experts often obsene the objects of their domain in preciseobsenation con-
ditions. For example,when using a microscoge, magni cation or lighting con-
ditions are cortroled. Providing contextual information is absolutely neces-
sary. Context information is the link betweendomain knowledge and image



RCC-8 relation | Meaning

DC(X,Y) X disconnectedfrom Y

EC(X,Y) X externally connectedto Y
EQ(X,Y) X equalsY

PO(X,Y) X partially overlapping Y
TPP(X,Y) X tangertial proper part of Y
TPP-1(X,Y) X hastangential proper part Y
NTPP(X,Y) X nontangertial proper part of Y
NTPP-1(X,Y) X has nontangertial proper part Y

Table 2
RCC-8 relations and their meaning

58 © ®

DC(X,Y) EC(X,Y) TPP(X)Y) TPP-1(X,Y)

8L @ @

PO(X,Y) EQ(X)Y) NTPP(X,Y) NTPP-1(X,Y)
Fig. 7. RCC-8 graphical represenation

samplesresulting from the acquisition process.Context conditions the result-
ing acquired images. This implies a relation betweenthe visual description
of image samplesand the cortext of acquisition. Context knowledge avoids
building incoheren sets of image samples.For instance, it would not make
senseto gather imagesof a similar object acquired with di®eren types of
sensorsContext dependson the application domain. That is why the corntext
hierarchy givenin "g. 8 canbe extendedand adaptedfor a particular domain.
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Left Right . .
view  Vview microscope microscope camera camera

Fig. 8. Context concept hierarchy



4.2 Domain Knowledge

This knowledgebelongsto the domain of interest and is sharedby the spe-
cialists of the domain (e.qg. biologists, astronomers).Domain knowledgeis in-
dependart of any vision layer and can be reusedfor other purposes.Domain
knowledgeis structured asa hierarchy of classeqi.e. a taxonony). As seenin
g. 9, composition links allow to de ne part-whole relations betweendomain

classes.
Biological
Organism Poaceae

——J> Specialization relation
—& Composition relation

Poaceae

Fig. 9. Domain knowledgestructure: on the left, a taxomony, on the right a parton-
omy

An example of a domain classformalized with the frame formalism can be
found in table 3. The SuperClass attribute allows to de ne specialization
relations. The SubP arts attribute de nes composition relations. There are
three categoriesof attributes related to visual description:

(1) spatial attributes : geometry;size;orientation; position
(2) color attributes : hue; brightness;saturation
(3) texture attributes : repartition; cortrast; pattern

Eacdh attribute hasa de ned type and a set of possiblevalues. For instance,
attribute hue is of type HueConept and has for value Pink. The relation
betweenpossiblevaluesand attribute typesis a specialization relation.

5 Image Pro cessing

5.1 Sementation

Segmetation needshave beenintroducedin section3. The goal of this paper
is not to give much details on this speci ¢ problem. Let us consider that
the segmetation module is able two perform di®eren typesof segmetation
tasks. The rst segmetation task is isolation of the object of interest from
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Class Poaceae

f

Sup erClass : PollenWithPori
SubP arts :
Pori poril [PoriWithAnulus ]

SpatialA ttributes
GeometricConc ept geometry [Cir cularSurfac e Elliptic alSurface]

SizeConcept size : [ImportantSize ]

ColorA ttributes
HueConcept hue: [Pink ]

BrightnessConc ept brigh tness : [Dark ]

TextureA ttributes
TexturePatternConc ept pattern : [GranulatedTexture]

TextureContr astConcept contrast : [Slight]

SpatialRelations
SpatialR elation rl: [NTTP (Poaceae,poril ) TTP (Poaceae,poril )]

g

Table 3

High level description of domain class poaceae.Visual concepts provided by the
ontology are in italic. Attribute namesare in bold face. Knowledge provided by
the expert is in small caps.

the badkground. The secondsegmelation task is the extraction of object
subparts.

A segmeration requestis composedof two elemens: a list of visual concepts
and the region of interest where segmetation is performed. Segmetation is
guided by visual conceptsincluded in the segmetation request. The reader
canreferto (2) and (17) to understand how program supervision techniques
are usedto cortrol and reuseimage processingalgorithms.

5.2 Feature Managementand Extraction

Section4 hasintroducedthe structure of the proposedvisual conceptontology.
During the classi cation of a given object, numerical featuresare computed.
To be interpreted asvisual concepts,a link must be establishedbetweencom-
puted numerical featuresand symbolic visual concepts.As explainedin sub-

11



Class Geometr icC oncept
f
Sup erclass : Spatial Concept
GeometrickF eaturesA ttributes:
Float length [0;+1]
Float width [0;+1]
Float lengthWidthRatio [0;+1]
Float area [0;+1]
Float formF actor [0;+1]
Float perimeter [0;+1]
Float roundness [0; +1]
Float compactness [0; +1]
g
Table 4

An Example of the Visual Concept GeometricConcept. Somegeometric featuresare
given. These features are used during the visual conceptlearning process.Restric-
tions on the domain of the features are also de ned.

section4.2, se\eral categoriesof visual conceptsare managed:geometry;size;
orientation; position; hue; brightness; saturation; repartition; cortrast; pat-
tern. We proposeto create a setsof numerical featuresassaiated with these
visual concepts.

Numerical featuresdepend on available feature extraction algorithms. It is up
to the imageprocessingexpert to make relevent assaiation betweenavailable
feature extraction algorithms and visual concepts.As seenin table 4, the con-
cept GeometricConeept canberepreseted in a frame formalism. Attributes of
a given visual conceptare inherited by its subconcepts(e.g CircularSurfae).

Visual conceptsfeature attributes are computed by the feature extraction
module. For instance, numerical features assaiated with the concept Tex-
tureConept are statistical momerts and Gabor Features.Color characteriza-
tion is donewith histogramsand color coherencevectors(18). Thesefeatures
are usedto learn and recognizedvisual concepts,this learning processis de-
scribed in the next section.
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6 Visual Concept Learning

6.1 Overview

Although visual concept semattics is provided by the visual concept ontol-
ogy, symbol grounding remainsan issue.The visual conceptlearning module
is usedto 1 the gap between ontological conceptsand image level. As ex-
plainedin g. 10, the visual conceptlearning module learnsa set of classi er
to the recognition of ead visual concept.This learningis donethanks to a set
of training vectors computed by the feature extraction module computed on
manually segmeted and annotated regionsof interest. Thesefeaturesvectors
are included in the visual conceptlearning request. The visual conceptontol-
ogy is usedin this module becausehe learning processs donein a hierarchical
way by usingthe ontological tree structure. Learning hasto be focusedon spe-
ci ¢ problems.Therefore,a visual conceptis alsoincluded in the requestsoas
to de ne the subpart of the ontology which hasto be learnt. For instance, if
the visual conceptGeometricConeept is inside the request,only this concept
and its children are involved in the learning process.

Trained
Classifiers

Visual :
Visual
Concept Concept
Learning Ontology
Module

Visual

Concept
Learning
Request

Fig. 10. From a set of labeled regionsto a set of trained classi ers

6.2 ProblemStatement

The proposedarchitecture is designedto learn a set of visual conceptsused
during knowledgeacquisition. A training setS; is assaiated with ead visual
conceptC; 2 C. A training setis a setof N labeledvectorsx; 2 R" computed
by the feature extraction module described in section 3. Vectors are labeled
byy 2 fi 1;1g.y; = 1 meansthat x; is arepresemative sampleof Ci.y; = j 1
meansthat x; is a negative sampleof C;. More precisely negative samplesof C;
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are positive samplesof brothers of C;. This meansthat we usethe hierarchical
structure of the ontology to obtain simplerand focusedclassi cation problems.

A classi er d; is assaiated to eat conceptC; (seetable 5). P(Cijx) is the
posterior probability of C;. P(: Cjjx) is the posterior probability of : C;. We
alsointroduce a reject distanceclassR; sothat P(Cj) + P(: C) + P(Rj) =
1. This distancereject classallows to take into account vectors obsened in
unexpected regions of R". The probability law of x is de ned as p(x) =
P(xjCi)P(Ci) + p(xj: Ci)P(: Ci) + p(xjRi)P (Ri).

We de ne two thresholds®,,, 2]0:5; 1[ and ®yist 2]0; 1[. ®,4mp is the ambiguity
reject threshold and de nesthe degreeof con denceneededto take the deci-
sion of recognizinga concept. ®y is the distancereject threshold. Distance
reject is inferred from p(x) and ®ys; and classi esx into R;. Distance reject
meansthat x is unlikely to belongto both C, and : C, and might belongto
a conceptthat has not beenlearnt yet. For more details about the distance
reject notion, see(19).

di(x) De nition

Ci recognized P(Cijx) , ®mp

Ci not recognized| P(: CijX) , ®mp

Ambiguity reject | maxfP(Cijx); P(: Cijx)g < ®amp

Distance reject p(X) < Ryist

Table5
Decisiontypes

The following subsectionsaim at presening a methodology designedto build
ead classi er d;. Each classi er is trained to classify the training vectorsx;
labeledby y; sud that y; = 1. This training is doneagainsttraining vectorsx;
labeledby y; = i 1. This approad is a one-\ersus-restclassi cation scheme.
This meansthat ead C; is learnt and classi ed againstall its brothers.

The learning module is made of three sub-madules : a training set building
module, a feature selectionmodule and a training module (Fig. 11). Each of
thesemodulesis detailed in the next subsectionsThe main algorithm is given
in algorithm 1. This algorithm is executedwhen a visual concept learning
requestis sert to visual conceptlearning module. It sequetially calls the
training set building module, the feature selectionmodule and the training
module. This algorithm takestwo parameters.The rst oneis a set of feature
vectorslabeledby visual concepts.The secondoneis a visual conceptC; (e.qg.
GeometricConeept, HueConept) which de nesa subpart of the ontology. The
result of algorithm 1 is a set of classi erstrained to the recognition of C; and
its children.

14
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Fig. 11. Learning module

Algorithm 1 Visual ConceptLeaming(X; C;)
Training SetBuil ding(X; C;; S)
F eatureSelection(C;; S; S9
Training (C;; S® D)
return D

6.3 Training SetBuilding Module

As explainedin previous subsectionsgad visual conceptusedduring knowl-
edgeacquisition has an attached classi er. The rst stepis to build training
setsto train classi ersass@iated with visual concepts.For ead visual con-
cept used during visual description, image processingalgorithms compute a
set of feature vectors. Regionsof interest are usedas an input of the feature
extraction module.

As shawvn in Fig. 11, the visual conceptlearning module is designedo process
a visual conceptlearning request. The set of training vectors cortained in a
visual conceptlearning request (X = fx;;C;g) is computed by the feature
extraction module (seeFig. 2). Vector labels are provided by the ontology
driven description of domain classes.Note that two similar vectors can be
labeled by seeral visual concepts:we are in a multi-lab el case.The labeled
vectorsare then processedy the training set building module. P; is the set of
represemativ e training vectorsof a visual conceptC;. N; is the set of training

vectors computed on negative samplesof a visual concept C;. The training

15



set assaiated with C; is noted S;. The training set building module aims at
computing S; (feature vectorslabeledby +1 or j 1) for ead C;. This implies
that the hierarchical structure of the ontology hasto be usedto computeead
Si.

8

% Pi = Sj f(xj;+1) J Gt ¢ Cig

E Ni = Sj f(XJ,| 1)] Cj 1 C (Ck 2 brOtherS(Ci)) A (Xj;+1) 2P|g
S =P [N

6.4 Feature Seletion Module

Featureselectionis hierarchically performedby Algorithm 2. FeatureSeletion-
Algorithm function appliesa feature selectionalgorithm to eat S; to obtain
eath Si®% We currently usea Sequetial Forward Floating Selection (SFFS)
Algorithm (20). This method iterativ ely adds or removesfeaturesuntil some
termination criterion is met. Bhattacharyya distance (21) betweenclassess
usedas a separability criterion. This implies that featuresusedto recognize
a visual concept may be di®eren from featuresused for the recognition of
another concept.

Algorithm 2 FeatureSelection(C;; S; S9

children A getChil dren(C;)
for all C; 2 childrendo
S°A FeatureSelectionAlgorithm (Sj)
S°A SO &
if hasChildren(C;) = true then
F eatureSelection(C;; S; S9
end if
end for

6.5 Training Module

As detailed in Algorithm 3, the learning processis guided by the hierarchical
structure of the ontology. Algorithm 3 is initially calledwith a visual concept
C; suc asGeometricConept and S°= fS. The setof classi ersD = fdgis
built recursiwely. Learning of ead descendahof C; is performedhierarchically.
The trainClassi er function rst loads S;, then createsand trains a binary
classi er d; to the recognition of C;. We currertly usemulti layer perceptrons
and k nearestneighbors as binary classi ers. Next sectionshows how fdig is
usedto learn and recognizedomain classes.

16



Algorithm 3 Training (C;; S% D)
children A getChil dren(C;)
for all C; 2 childrendo
d A TrainClassif ier(S))
DA DI q
if hasChildren(C;) = true then
Training (C;; S%D)
end if
end for

6.6 Results

This subsectionillustrates an application of the classi erstrained by the vi-
sual conceptlearning module. A cognitive experimert hasbeenperformedin
(14) : a subsetof 56 Brodatz texture imageshasbeengivento 20 personswho
wereasked to classifythem in di®eren clusters.A few samplesof the Brodatz
texture set are givenin g. 12. The clusters were formed by ewaluating the
following symbols (betweenl and 9): corirast, repetitvenessgranularity, ran-
domnessyoughnessgdensity, directionality, complexity, coarsenessegularity,
orientation.

To perform the learning processdescriked in this section, we have usedtex-
ture related visual conceptsassaiated with ead Brodatz image.Each image
is splitted in 16 piecesso as to obtain 128x128images. Available texture
image analysis algorithms (i.e. Gabor lters, auto-correlation matrices and
cooccurencematrices) have beenapplied to obtain a training set. This train-
ing set has beenprocessedoy the training set building module. The feature
selectionmodule hasreducedthe number of featuresfrom 127to 20. The total
number of training vectorsis 896 (56x16). Classi cation results presened in
table 6 have beenobtained by N-fold cross-validation (N=56). This ewalua-
tion approad consistsin dividing the training setin N subsets.Then, feature
selection, training, and classi cation are repeated N times. At ead step, a
subsetis selectedand usedfor obtaining classi cation results. The remaining
N-1 subsetsare usedby the learning module. Resultsare the averageof the N
classi cation results obtained by using multi layer perceptronsclassi erswith
ambiguity reject activated. Classi cation results at the intermediate level of
the texture ontology (i.e. Repartition, Contrast, Pattern) allow to seehow
main distinctiv e properties of image samplesare recognized.
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Fig. 12. Brodatz texture samples

Concept False Positive | False Negative | True Positive
Repartition 2.81% 0.2% 99.8%
Contrast 19.9% 27.3% 12.7%
Pattern 21.9% 24.2% 75.8%
Repetitiv e 25.3% 6% 94%
Random 17.8% 24.1% 75.9%
Regular 23.9% 13.1% 86.9%
Oriented 7.8% 2.2% 97.8%
Uniform 23.3% 1.2% 98.8%
Directional 19.9% 27.3% 72.7%
Granular 8.8% 0% 100%
Non Granular | 22.1% 29.1% 70.9%
Non Repetitive | 21.2% 36.9% 63.1%
Non Random 12.7% 26.5% 73.5%

Table 6
Mutli Layer Perceptron basedclassi cation results

7 Object Learning and Categorization Algorithms

7.1 Object Learning Algorithm

As seenin g. 13, learning processof domain classesis composed of three
main steps. This algorithm is located in the object learning module (section
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3) and learnsthe visual conceptsusedas valuesof domain classesattributes
(e.q. size,hue, pattern).

(1) The rst step consistsin getting positive and negative samplesof the
domain classwhich has to be learnt. To perform this task, manually
segmerted and annotated samplesare used.

(2) The secondstep consistsin extracting featuresasseiated with attribute
values (e.g. C; =CircularSurfa®). Feature extraction is performed by
the feature extraction module. For ead attribute value, a set of positive
feature vectorsis obtained. The setof negative training vectorsis labeled
by not(C;). A recursiwe call is neededin order to learn the description of
subparts of the current class.

(3) Third comesvisual conceptlearning which hasbeendescribedin the pre-
vioussection.Algorithm 1 is calledfor eat categoryof visual concept(i.e.
spatial attributes : geometry size,orientation, position; color attributes:
hue, brightness,saturation; texture attributes: repartition, corrast, pat-
tern).

7.2 Object Categorization Algorithm

Object categorizationalgorithm structure is given in g. 14. This algorithm
is divided in v e steps.lIt tries to match an unknown object to be categorized
with oneor se\eral classe®f the domain. Matching is rst performedat alocal
level. This local matching consistsin comparingexpectedvisual conceptsand
visual conceptscomputed on the unknown object to be classi ed. The global
matching consistsin combining the local matchings performed at the local
level.

(1) The categorizationprocessis initiated by a categorizationrequestwhich
cortains an image of the object to be classi ed.

(2) Object of interesthasto be segmeted from badkground. If the algorithm
tries to classify a subpart, the segmetation task consistsin extracting
the subpart from the main object. In both casesa segmetation request
hasto be sen to the segmeiation module.

(3) Then comeslocal matching between current classattribute values(e.g.
CircularSurfae for attribute geometry ) and visual conceptsrecognized
by the classi erstrained during the learning process.Featuresused for
visual conceptrecognitionare provided by the feature extraction module.
The result of local matching is a set of probabilities assaiated with eat
attribute value. If the attribute is a subpart, a recursive call hasto be
made so asto categorizeit.

(4) This step consistsin evaluating if current classmatchesthe object to be
recognized.This matching is done by conbining probabilities computed
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Fig. 13. Simpli ed version of object learning algorithm

during local matching.

(5) If object matched current class,the classi cation algorithm tries to go
deerer in the domain classhierarchy. If matching fails, current classis
dropped.

8 Discussion

The proposedapproad allows semartic and explicit object categorization.
The global architecture does not act as a black box and is able to explain
categorizationresults.

One strong point is the modularity of the approat. New algorithms can be
integrated in the segmertation module and in the feature extraction module.
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Fig. 14. Simpli ed Version of object categorization algorithm

The samegoes for the visual conceptlearning module which currertly uses
k-nn, multi layer perceptronsand support vector madines. Changesin the
low-level part of the architecture has no consequencen the high-level part.

Oneof the main advantagesof our approad is that the visual conceptontology
acts as a user-friendly intermediate betweenthe image processinglayer and
the expert. Another interesting aspect is that the ontology can be usedto
descrile objects of di®eren domain of expertise. It is up to the learning layer
to ground symbolic conceptsin a di®eren way.

At the segmetation level, a major remaining challengeis to de ne precisely
the feedba& to the segmeration level when object categorizationfails. We
are also planning to use program supervision techniques(see(17)) conbined
with learning techniquesto improve segmetation quality. We have explained
that visual conceptsare included in segmetation requests.Trained classi ers
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assaiated with thesevisual conceptsshouldbe usedto validate segmetation.

The proposedapproad leanson a knowledgeacquisition phasewhich hasto
be as complete as possiblein order to make the learning phaseand the cat-
egorization phaseezcient. This raisesthe question of the balancethat has
to be found betweenknowledgewhich hasto be provided by the expert and
knowlege deducedfrom imagessamples.In the current implemertation (see
(11)), the expert hasto provide an important amourt of knowledge.An in-
teresting future direction is the useof unsupervisedlearning techniqueswhich
could guide the expert by automatically Tling classattributes. Indeed, simi-
larity betweensamplescould be usedto infer similiar attribute valuesbetween
classes.

9 Conclusion

This paper presens an original approad to complex object recognition. We
mix the explicit aspect of knowledgebasedapproadheswith machine learning
techniqueswhich allow mapping betweensymbols and pixels. This approad is
structured in three main phasesA knowledgeacquisition phasewhich consists
in describinga set of domain classeswith visual conceptsprovided by a visual
concept ontology. This ontology is composed the following types of visual
concepts: spatial conceptsand relations, color conceptand texture concepts.
The result is a domain knowledgebase.

An object learning phasefollows the knowledge acquisition processin order
to obtain a knowledge baseaugmeried by a set of classi erstrained to the
recognition of the visual conceptsusedfor the description of ead classes.

The categorizationphasetries to match an unknown object with oneor seeral
domain classesThe matching is done betweenvisual conceptscomputed on
the unknown object and visual conceptsusedfor the description of domain
classes.

There are seeral remaining issues.A good object segmetation as well as
good subpart segmetations are neededin this approad. For somespeci ¢
applications, this hypothesisis reasonableln general,segmetation remainsa
major issue.We plan to usevisual concepts,program supervisionand learning
techniguesto dealwith this problem. The visual conceptontology providesan
excient guide for knowledgeacquisition but unsupervisedlearning techniques
could make this task easier.
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