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Abstract

In this paperwe presenta probabilistic and continuous
framevork for supervisedmage category modelling and
matding aswell asunsupervisedlusteringofimage space
into image categories. A genenlized GMM-KL frameavork
is describedn which eact image or image-set(category)is
representedis a Gaussiarmmixture distribution andimages
(categories) are compaed and matded via a probabilis-
tic measue of similarity betweerdistributions. Image-to-
catggory matding is investigatedand unsuperviseclus-
tering of a randomimage setinto visually coheentimage
catgyoriesis demonstated.

1. Intr oduction

Imagecateyorizationis a meansfor high-level descrip-
tion of imagecontent.In classi cationalgorithms thegoal
isto af liate aninputimageto oneof aprede nedsetof cat-
egories. In content-basedearchthe goalis to retrieve the
“most-similar” imagesto a queryimageintroducedto the
system. The imagesbelongingto the query-image‘cate-
gory” arethe imageswe wish to retrieve rst. Often, cat-
egoriesare de ned a-priori by the user (supervised)and
rules are learnedto characterizeeachcateyory's unifying
characteristicsA secondapproactto categyorizationof im-
ageinformationis to view it asa clusteringtask (unsuper
vised or supervised)jn which the goalis to nd relation-
shipsamongthe imagesand the bestway to characterize
the contentwithin agivenimagearchive [2, 1].

In thiswork we approachhe categorizationtaskon both
fronts. We start by learning modelsfor cateyories (su-
pervised)and shonv image-catgory matchingalong with
catgyory-catgory matching.In thesecondbartof thepaper
we treatthe cateyorizationas an unsupervisedlustering,
or groupingtask. We groupimageinformationbottom-up,
to generateclusters,or “image sets”. The generatedmage
setsprovide a concisesummarizatiorand visualizationof
theimagecontent.
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2. The GMM-KL framework

In recentwork [4] we presentedhe GMM-KL frame-
work, asa continuousand probabilisticframewvork for im-
agerepresentatioandmatching.Eachimageis rst repre-
sentedasa Gaussiammixture distribution (GMM) andim-
agesarecomparedandmatchedvia a probabilisticmeasure
of similarity betweendistributions. In the representation
phasegachhomogeneougegion in theimageplaneis rep-
resentedby a Gaussiardistribution, andthe setof regions
in the imageis representedy a Gaussiammixture model
(GMM). Pixels are groupedinto homogeneousegionsin
the image plane, by grouping featurevectorsin the ve-
dimensionafeaturespaceof colorandspace(L; a; b;X; y).
Theunderlyingassumptioris thattheimagecolorsandtheir
spatialdistribution in the image planeare generatedby a
mixture of Gaussians.

The distribution of a randomvariableX 2 RY is a mix-
tureof k Gaussian§ its densityfunctionis:
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positive de nite matrix.
Given a setof featurevectorsxq; :::; X, the maximum
likelihoodestimationof is:

mL = argmaxf (Xq;:5 Xnj ): (2)

Sincea closedform solutionfor this maximizationproblem
is not possible,we utilize the Expectation-Maximization
(EM) algorithmasaniterative methodto obtain | [4].
Theiteratve EM algorithmis initializedviatheK-means
algorithm([3], andis repeatedintil the log-likelihoodmea-
sureis increasedy lessthana prede nedthreshold(1%)
from oneiterationto the next. Oncewe associate Gaus-
sianmixturemodelto animage theimagecanbeviewedas



a setof independentlydentically distributed(11D) samples
from the Gaussiammixturedistribution.

In the GMM-KL framework, the distancemeasurebe-
tweentwo imagesis taken asa distancemeasurebetween
the two Gaussiarmmixture distributions obtainedfrom the
images.Thematchingbetweerimagess treatedasa distri-
bution matchingtask, using the information-theoretiano-
tivated Kullback-Leibler (KL) distance[5]. Denotethe
Gaussiarmixture modelscomputedfrom the two images
by f1 andf,. Giventwo distributionsf; andf, the (non-
symmetricversion)of theKL distances :

f1(x)
f2(x)

whereE is the expectedvalue function. The KL distance
betweentwo Gaussiammixture distributionscannot be an-
alytically computed An approximatioris possiblethrough
Monte-Carloprocedures.

D (fajif2) = Et, log ®)

3. Modelling image categories

In this paperwe presenta generalizatiorof the GMM-
KL framework to image-setspr cateyories. In this sec-
tion we focus on catggory modelling and matching. We
assumehatthe imagesetshave beenselecteda-priori (Su-

C. Alternatively, the image set may be representecy
a set of the correspondingGMMs of eachinput image:

Given the setof image GMMs we de ne next the un-
derlyingmodelfor all theimagesin the set. Theimage-set
modelcanbe learnedasfollows: Extractrandomsamples
from eachimageof theimageset. Samplesanbeextracted
from the pixel spaceor from the GMM modelrepresenting
theimage. The extractedfeaturesetcanbe viewed asa set
of independentlydenticallydistributed(I1ID) sampledrom
the Gaussiamixture distribution representinghe class.A
GMM modelis next generatedor the combinedcollected
sampleset,usingtheiterative EM algorithmasin thesingle
imagecase.

Figure2 shavs examplesof imagesets(left) andthecor-
respondingmagecatagory GMMs (right). EachGaussian
in the modelis displayedas a localized coloredellipsoid.
Someof the Gaussiansverlap spatially and thus are not
explicitly shavn in theimage.The classmodelallows for a
certainamountof variability in the colorsper spatialloca-
tion, aswell asa certainamountof variability in the spatial
locationof the coloredblobs.

We next de ne distancemeasurebetweeranimageand
aclass,aswell asbetweerntwo separatémageclassegim-
agecategories). Denotethe Gaussiamrmixture modelcom-
putedfor the image class C, by fc. Givenan inputim-

agedistributionsf, andtheclassdistributionf ¢, the (non-
symmetricversion)of theKL distances:

fi(x)
fc(x)

In the image-to-clasgasethe distancesmay be direc-
tional, from the imageto the class. A symmetricversion
maybethemoreappropriataneasurdor betweercateyory
distances.For example,if categyoriesC; andC, areto be
compared:

D(fijjifc) = Eg, log (4)

d(Cy; C2) %(D(fcljjfcz) + D(fc.ifc,)) (5)
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wheref ¢, andfc, arethe centroidsof categgoriesC; and
Cy, Xi1:::Xin, Is the featuresetextractedfrom category
Ci, (i = 1;2), andn; is thesizeof this set.

3.1.Experimentsin categorymodelling and match-
ing

It is of interesto investigatethefollowing questionsare
the categyory modelsrepresentate of theunderlyingimage
set? Canimage-to-catgory matchingenableimageclassi-

cation? An initial investigation was conductedon a pre-
selectedsetof 6 cateyories:monkey, snav, sunset,o wers,
pyramid, and coral, taken from the COREL databas€10
imagesper class). The databasaisedcanbe seenin Fig-
uresl and2. Cateyory-to-catgory distancesrecomputed
following equation(5) andarelisted in Table1l. Similar
ity betweencateyoriesmay be learnedautomaticallyusing
the catggory model distances.For example,the distances
betweenthe threecatagyoriesof sunsets,o wersandcoral,
arequitesmall,correspondingo thevisualsimilarity of the
imagesets.The cateyory-to-catgory distancesanbe used
for classi cationerrorprediction.Table2 listsdistancebe-
tweenimage modelg(rows)andcategory modelg(columns).
Eachtable entry is calculatedas an averageof 10 “leave-
one-out”experimentsjn eachsuchexperimenta singleim-
ageis usedasquery the other9 areusedto learna GMM.
Image-to-catgory distances computedasin equation(4).
NotethatTablel is symmetricwhile Table2 is not.

A tight correlation exists between the cateory-to-
catgory modelsandthe image-to-catgory distancessug-
gestingthatimagemodelsare very similar in behaior to
catgory models.Cateyory modelsdoin factrepresentheir
image building blocks. Extractinginformation from pre-
learnedcategory modelsmay provide a reasonabl@redic-
tion of imageclassi cationperformance.



Class OERCOERCORROREORNC)
(1)monley 0 |20.0|210| 85 |16.1|11.9
(2)snav 202 O |216|16.8|21.5]| 13.3
(3)sunset || 21.4|209| O | 134 183| 6.3
(4)owers || 87 | 16.7|129| 0 | 18.8| 5.3
(5)pyramid || 16.3 | 20.5| 18.7| 17.8| O 18.5
(6)coral 13.2|128| 65 | 51 | 17.3| O

Table 1. Category Model to category Model
analysis

Image 1 1@ G| @66
(Dmonley || 6.5 | 32.5| 34.8| 16.4| 26.2 | 20.7
(2)snav 29.6| 10.4 | 42.1| 30.4 | 29.9| 21.2
(3)sunset || 30.2 | 36.3 | 14.2| 27.7| 28.6 | 14.6
(@ owers || 14.4| 28.7| 29.1| 85 | 27.6| 12.1
(5)pyramid || 23.1 | 29.8 | 34.8| 28.0| 11.7 | 23.8
(6)coral 20.8| 24.7| 201| 15.1| 26.3| 7.7

Table 2. Image Model to categor y Model anal-
ysis

4. Unsuperwised Clustering of Image GMMs
into Image Categories

In this sectionwe focuson groupingimagecontentin an
automaticunsupervisedcheme.The groupingframenork
is hierarchical: The rst phaseof the groupingprocesss
the basicimagemodellingphaseasdiscussedn section2.
Image pixels are groupedinto coherentregions (“blobs”)
in featurespace;theseare modelledvia Gaussiarmixture
models(GMMs). Herewe focuson the highekrlevel group-
ing processfrom imageGMMSs to image categyories Image
matching,usingtheKL distancejs a necessargomponent
in eachstageof thegroupingprocess.

We usean iterative clusteringalgorithm, following the
well-knovn K-meansalgorithm[3]. Eachiterationincludes
two major steps: (1) estimatingclustercentroids,and (2)
assigningeachsampleto the closestcentroid.In the classi-
cal K-meansalgorithm,a setof real-valuedvectorsis given
andthe Euclideardistanceas used.Centroidsarecomputed
asthe afliated samplemean. The Euclideandistance(or
variationsthereof)is usedto measuralistancebetweerthe
samplesandtheclustercentersHere,we shift from a setof
vectorsto a setof images;we thusneedto de ne the cen-
troid of animage setandthedistancedbetweerimagesand
betweeranimageandthe centroid.

WeusetheGMM-KL framework: Giventhesetof image
GMMs, the clusterC centroidis de ned asthe underlying
model,GM M ¢, for all theimagedn theset. Thisis similar
to learninga modelrepresentate of the class(seesection

3). Correspondinglythe distancemeasurebetweeranim-

age sampleand the centroidis equialentto the distance
betweernanimagemodelanda classmodel. Suchdistance
measurediave beende ned within the GMM-KL frame-
work, asin equatiord.

The iterative clusteringalgorithmwe proposecombines
the two main stepsdiscussedabove: Initialization: Start
with K=1 (singleclustercase),computecentroidof all im-
agesin theimagearchive. Perturbcentroidto generatéwo
clustermeangK=2). The perturbatiorof the clustermodel
involves shifting the meanof eachblob of the centroid-
GMM by asmallgquantityin two oppositedirections.

ForK = 2;:::do:

Iterateuntil thereis no changean image-clusteaflia-
tions:

— Givenclustercentersf ¢, ,i = 1::K, assigneach
image,indexed by 1, to the clusterj, for which
imageto centerdistanceas thesmallesusingKL-
dist:

j = argmin D(fjifc,) (6)

— Updateclustercentroidusingthe imagesetthat
is associatedvith eachcluster Clustercentroid
is the GMM model for all imagesin the set,
GM Mc.

Split one of the clustersinto two. The splitting cri-
terion involves selectingthe clusterC, in which the
intra-clasglistancesreof the largestspread.Varying
othercriteriamaybeused suchasthesizeof theclus-
tersandmore. The centroidof the selectedtlusterC

is perturbedinto two clustermeans(seeinitialization
step).

Thenumberof cluster<K is increasedintil a stopingcri-
terionis met. In the currentimplementatiorK is increased
until thereis no signi cant changdn intra-classlistances.

4.1.Experimentsin Image Clustering

We have experimentedwith several naturalsceneryim-
agedatabaseffom the COREL databaseln the following
we shav experimentalresultsof unsupervisealusteringa
givenimageset.! The databas@sedconsistof 10images
from 6 of the COREL databaseatajories(samedatabase
usedin section3.1). We startthe unsupervisealustering
processawith the entireimageset(K = 1). The K-means
algorithmisrunfrom K = 2, increasingk until a stopping
criterionis met. Eachiterationof the algorithm (differing
K) canbeviewedasalevel of adescriptve hierarcly of the
imagecontentwithin thearchive.

1A color versionmaybefoundin http:/imwweng.tau.ac.il/ hayit
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Figure 1. Results: Two cluster case (K=2).

Figure 1 and Figure 2 shawv the clustersthat are ex-
tractedunsupervisedfor K = 2 andK = 6, respectiely
(clusterscan be viewed for ary K). In Figure1 thein-
put setis grouped,unsupervisednto two imagesets. The
morebluishcolorsseento beseparatedrom therestof the
images. After several additionaliterations,the algorithm
reacheghe six clustercase(K = 6), theresultsof which
areshavn in Figure2. Accordingto the stoppingcriterion
chosenthisis anoptimalgrouping.Notethatthenumberof
catgories(6) is found unsupervisedT his numbematches
with thenumberof COREL cateyoriesincludedin theorig-
inal databaseThe clusteringof theimagesto the different
imagesetsis visually pleasingandalsomatchegheground-
truth of the pre-labeledset(exceptfor the o werimagethat
is af liated with the“monkey” imageset). It is importantto
remembethatthe clusteringis basedon thelimited repre-
sentatiorof colorsandtheir spatiallayouts(no higherlevel
informationis present).The GMM clusterrepresentatiors
shavn on the right of eachimageset. A cleardistinction
betweerthegroupsis evidentin the Gaussiammixture char
acteristicsjn blob color featuresandtheir spatiallayouts.

5. Discussion

In this work we presentresultsof using the proposed
GMM-KL framevork in cateyory modelling, generation
(unsupervisedpnd matching. The GMM-KL framework
providesa continuousand probabilisticframenork for im-
ageand catgyory representatiomnd matching. Matching
betweencatgoriesand betweenimagesand catayoriesis
de ned. A high degreeof correlationbetweerthe two sce-
nariossuggestshatimagemodelsareverysimilarin beha-
ior to category models.It maybe concludedherefore that
learningcategyory modelsandmatchingbetweerthemodels

canprovide a predictionof the performanceof ary future
image classi cation task within the given image archie.
Catayory generationis presentedsan hierarchicalgroup-
ing processn which we useunsupervisedlusteringof im-
agecontento shift from imageGMMs to imagecateyories.
The generatedmagesetsprovide a concisesummarization
andvisualizationof theimagecontentwithin agivenimage
archve.
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Figure 2. Results: Six cluster case (K=6).
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