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Abstract

In this paperwepresenta probabilisticandcontinuous
framework for supervisedimage category modelling and
matchingaswell asunsupervisedclusteringof imagespace
into image categories. A generalizedGMM-KL framework
is describedin which each imageor image-set(category) is
representedasa Gaussianmixture distribution andimages
(categories) are compared and matched via a probabilis-
tic measure of similarity betweendistributions. Image-to-
category matching is investigatedand unsupervisedclus-
tering of a randomimage setinto visually coherent image
categoriesis demonstrated.

1. Intr oduction

Imagecategorizationis a meansfor high-level descrip-
tion of imagecontent.In classi�cationalgorithms,thegoal
is to af�liate aninputimageto oneof aprede�nedsetof cat-
egories. In content-basedsearch,thegoal is to retrieve the
“most-similar” imagesto a query imageintroducedto the
system. The imagesbelongingto the query-image“cate-
gory” arethe imageswe wish to retrieve �rst. Often, cat-
egories are de�ned a-priori by the user (supervised)and
rules are learnedto characterizeeachcategory's unifying
characteristics.A secondapproachto categorizationof im-
ageinformationis to view it asa clusteringtask(unsuper-
visedor supervised)in which the goal is to �nd relation-
shipsamongthe imagesand the bestway to characterize
thecontentwithin agivenimagearchive [2, 1].

In thiswork weapproachthecategorizationtaskonboth
fronts. We start by learning models for categories (su-
pervised)and show image-category matchingalong with
category-categorymatching.In thesecondpartof thepaper
we treat the categorizationas an unsupervisedclustering,
or groupingtask. We groupimageinformationbottom-up,
to generateclusters,or “imagesets”. Thegeneratedimage
setsprovide a concisesummarizationandvisualizationof
theimagecontent.

2. The GMM-KL framework

In recentwork [4] we presentedthe GMM-KL frame-
work, asa continuousandprobabilisticframework for im-
agerepresentationandmatching.Eachimageis �rst repre-
sentedasa Gaussianmixture distribution (GMM) andim-
agesarecomparedandmatchedvia aprobabilisticmeasure
of similarity betweendistributions. In the representation
phase,eachhomogeneousregion in theimageplaneis rep-
resentedby a Gaussiandistribution, andthe setof regions
in the imageis representedby a Gaussianmixture model
(GMM). Pixels aregroupedinto homogeneousregions in
the imageplane,by groupingfeaturevectorsin the � ve-
dimensionalfeaturespaceof color andspace(L; a;b;x; y).
Theunderlyingassumptionis thattheimagecolorsandtheir
spatialdistribution in the imageplaneare generatedby a
mixtureof Gaussians.

Thedistribution of a randomvariableX 2 Rd is a mix-
tureof k Gaussiansif its densityfunctionis:

f (xj� ) =
kX

j =1

� j
1

p
(2� )d j� j j

expf�
1
2

(x� � j )T � � 1
j (x� � j )g

(1)
suchthat the parameterset � = f � j ; � j ; � j gk

j =1 consists

of: � j > 0;
P k

j =1 � j = 1; � j 2 Rd and � j is a d� d
positivede�nite matrix.

Given a setof featurevectorsx1; :::; xn , the maximum
likelihoodestimationof � is :

� M L = argmax
�

f (x1; :::; xn j� ): (2)

Sinceaclosedform solutionfor thismaximizationproblem
is not possible,we utilize the Expectation-Maximization
(EM) algorithmasaniterativemethodto obtain� M L [4].

TheiterativeEM algorithmis initializedvia theK-means
algorithm[3], andis repeateduntil thelog-likelihoodmea-
sureis increasedby lessthana prede�nedthreshold(1%)
from oneiterationto the next. Oncewe associatea Gaus-
sianmixturemodelto animage,theimagecanbeviewedas



a setof independentlyidenticallydistributed(IID) samples
from theGaussianmixturedistribution.

In the GMM-KL framework, the distancemeasurebe-
tweentwo imagesis taken asa distancemeasurebetween
the two Gaussianmixture distributions obtainedfrom the
images.Thematchingbetweenimagesis treatedasadistri-
bution matchingtask,usingthe information-theoreticmo-
tivated Kullback-Leibler (KL) distance[5]. Denote the
Gaussianmixture modelscomputedfrom the two images
by f 1 andf 2. Given two distributionsf 1 andf 2 the (non-
symmetricversion)of theKL distanceis :

D (f 1jj f 2) = E f 1 log
f 1(x)
f 2(x)

(3)

whereE is the expectedvaluefunction. The KL distance
betweentwo Gaussianmixturedistributionscannot bean-
alytically computed.An approximationis possiblethrough
Monte-Carloprocedures.

3. Modelling imagecategories

In this paperwe presenta generalizationof the GMM-
KL framework to image-sets,or categories. In this sec-
tion we focus on category modelling and matching. We
assumethat the imagesetshave beenselecteda-priori (su-
pervised). Let I 1; : : : ; I N denotean image set for class
C. Alternatively, the image set may be representedby
a set of the correspondingGMMs of eachinput image:
GM M 1; : : : ; GM M N .

Given the set of imageGMMs we de�ne next the un-
derlyingmodelfor all theimagesin theset.Theimage-set
modelcanbe learnedasfollows: Extractrandomsamples
from eachimageof theimageset.Samplescanbeextracted
from thepixel spaceor from theGMM modelrepresenting
theimage.Theextractedfeaturesetcanbeviewedasa set
of independentlyidenticallydistributed(IID) samplesfrom
theGaussianmixturedistribution representingtheclass.A
GMM modelis next generatedfor the combinedcollected
sampleset,usingtheiterativeEM algorithmasin thesingle
imagecase.

Figure2 showsexamplesof imagesets(left) andthecor-
respondingimagecategory GMMs (right). EachGaussian
in the model is displayedasa localizedcoloredellipsoid.
Someof the Gaussiansoverlap spatially and thus are not
explicitly shown in theimage.Theclassmodelallows for a
certainamountof variability in thecolorsperspatialloca-
tion, aswell asa certainamountof variability in thespatial
locationof thecoloredblobs.

Wenext de�ne distancemeasuresbetweenanimageand
a class,aswell asbetweentwo separateimageclasses(im-
agecategories). DenotetheGaussianmixturemodelcom-
putedfor the image class, C, by f C . Given an input im-

agedistributionsf I andtheclassdistribution f C , the(non-
symmetricversion)of theKL distanceis :

D (f I jj f C ) = E f I log
f I (x)
f C (x)

(4)

In the image-to-classcasethe distancesmay be direc-
tional, from the imageto the class. A symmetricversion
maybethemoreappropriatemeasurefor betweencategory
distances.For example,if categoriesC1 andC2 areto be
compared:

d(C1; C2) =
1
2
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wheref C1 andf C2 arethe centroidsof categoriesC1 and
C2, x i 1 : : : x in i is the featureset extractedfrom category
Ci , (i = 1; 2), andn i is thesizeof thisset.

3.1.Experimentsin categorymodelling and match­
ing

It is of interestto investigatethefollowing questions:are
thecategory modelsrepresentative of theunderlyingimage
set?Canimage-to-category matchingenableimageclassi-
�cation? An initial investigation wasconductedon a pre-
selectedsetof 6 categories:monkey, snow, sunset,�o wers,
pyramid, and coral, taken from the COREL database(10
imagesper class). The databaseusedcanbe seenin Fig-
ures1 and2. Category-to-category distancesarecomputed
following equation(5) andare listed in Table1. Similar-
ity betweencategoriesmaybe learnedautomaticallyusing
the category modeldistances.For example,the distances
betweenthe threecategoriesof sunsets,�o wersandcoral,
arequitesmall,correspondingto thevisualsimilarity of the
imagesets.Thecategory-to-category distancescanbeused
for classi�cationerrorprediction.Table2 listsdistancesbe-
tweenimagemodels(rows)andcategorymodels(columns).
Eachtableentry is calculatedasan averageof 10 “leave-
one-out”experiments,in eachsuchexperimentasingleim-
ageis usedasquery, theother9 areusedto learna GMM.
Image-to-category distanceis computedasin equation(4).
NotethatTable1 is symmetricwhile Table2 is not.

A tight correlation exists between the category-to-
category modelsandthe image-to-category distances,sug-
gestingthat imagemodelsarevery similar in behavior to
categorymodels.Categorymodelsdoin factrepresenttheir
imagebuilding blocks. Extractinginformation from pre-
learnedcategory modelsmayprovide a reasonablepredic-
tion of imageclassi�cationperformance.



Class (1) (2) (3) (4) (5) (6)
(1)monkey 0 20.0 21.0 8.5 16.1 11.9
(2)snow 20.2 0 21.6 16.8 21.5 13.3
(3)sunset 21.4 20.9 0 13.4 18.3 6.3
(4)�o wers 8.7 16.7 12.9 0 18.8 5.3
(5)pyramid 16.3 20.5 18.7 17.8 0 18.5
(6)coral 13.2 12.8 6.5 5.1 17.3 0

Table 1. Categor y Model to categor y Model
analysis

Image (1) (2) (3) (4) (5) (6)
(1)monkey 6.5 32.5 34.8 16.4 26.2 20.7
(2)snow 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
(4)�o wers 14.4 28.7 29.1 8.5 27.6 12.1
(5)pyramid 23.1 29.8 34.8 28.0 11.7 23.8
(6)coral 20.8 24.7 20.1 15.1 26.3 7.7

Table 2. Image Model to categor y Model anal­
ysis

4. Unsupervised Clustering of Image GMMs
into ImageCategories

In thissectionwefocusongroupingimagecontentin an
automaticunsupervisedscheme.The groupingframework
is hierarchical:The �rst phaseof the groupingprocessis
thebasicimagemodellingphase,asdiscussedin section2.
Imagepixels are groupedinto coherentregions (“blobs”)
in featurespace;thesearemodelledvia Gaussianmixture
models(GMMs). Herewe focuson thehigher-level group-
ing process,from imageGMMs to imagecategories. Image
matching,usingtheKL distance,is a necessarycomponent
in eachstageof thegroupingprocess.

We usean iterative clusteringalgorithm, following the
well-known K-meansalgorithm[3]. Eachiterationincludes
two major steps: (1) estimatingclustercentroids,and (2)
assigningeachsampleto theclosestcentroid.In theclassi-
calK-meansalgorithm,asetof real-valuedvectorsis given
andtheEuclideandistanceis used.Centroidsarecomputed
asthe af�liated samplemean. The Euclideandistance(or
variationsthereof)is usedto measuredistancesbetweenthe
samplesandtheclustercenters.Here,weshift from asetof
vectorsto a setof images;we thusneedto de�ne thecen-
troid of animage setandthedistancesbetweenimagesand
betweenanimageandthecentroid.

WeusetheGMM-KL framework: Giventhesetof image
GMMs, theclusterC centroidis de�ned astheunderlying
model,GM M C , for all theimagesin theset.Thisis similar
to learninga modelrepresentative of theclass(seesection

3). Correspondingly, thedistancemeasuresbetweenanim-
agesampleand the centroid is equivalent to the distance
betweenanimagemodelanda classmodel. Suchdistance
measureshave beende�ned within the GMM-KL frame-
work, asin equation4.

The iterative clusteringalgorithmwe proposecombines
the two main stepsdiscussedabove: Initialization: Start
with K=1 (singleclustercase);computecentroidof all im-
agesin theimagearchive. Perturbcentroidto generatetwo
clustermeans(K=2). Theperturbationof theclustermodel
involves shifting the meanof eachblob of the centroid-
GMM by asmallquantityin two oppositedirections.
For K = 2; : : : do :

� Iterateuntil thereis nochangein image-clusteraf�lia-
tions:

– Givenclustercenters,f C i , i = 1::K , assigneach
image,indexed by I, to the clusterj , for which
imageto centerdistanceis thesmallestusingKL-
dist:

j = argmin
i

D(f I jj f C i ) (6)

– Updateclustercentroidusingthe imagesetthat
is associatedwith eachcluster. Clustercentroid
is the GMM model for all imagesin the set,
GM M C .

� Split one of the clustersinto two. The splitting cri-
terion involvesselectingthe clusterCL in which the
intra-classdistancesareof thelargestspread.Varying
othercriteriamaybeused,suchasthesizeof theclus-
tersandmore.Thecentroidof theselectedclusterCL

is perturbedinto two clustermeans(seeinitialization
step).

Thenumberof clustersK is increaseduntil astopingcri-
terion is met. In thecurrentimplementationK is increased
until thereis nosigni�cant changein intra-classdistances.

4.1.Experiments in ImageClustering

We have experimentedwith several naturalsceneryim-
agedatabasesfrom theCORELdatabase.In the following
we show experimentalresultsof unsupervisedclusteringa
givenimageset.1 Thedatabaseusedconsistsof 10 images
from 6 of the COREL databasecategories(samedatabase
usedin section3.1). We start the unsupervisedclustering
processwith the entireimageset(K = 1). The K-means
algorithmis run from K = 2, increasingK until a stopping
criterion is met. Eachiterationof the algorithm(differing
K) canbeviewedasa level of adescriptivehierarchy of the
imagecontentwithin thearchive.

1A colorversionmaybefoundin http://www.eng.tau.ac.il/� hayit
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Figure 1. Results: Two cluster case (K=2).

Figure 1 and Figure 2 show the clustersthat are ex-
tractedunsupervised,for K = 2 andK = 6, respectively
(clusterscan be viewed for any K ). In Figure 1 the in-
put setis grouped,unsupervised,into two imagesets.The
morebluishcolorsseemto beseparatedfrom therestof the
images. After several additional iterations,the algorithm
reachesthe six clustercase(K = 6), the resultsof which
areshown in Figure2. Accordingto thestoppingcriterion
chosen,thisis anoptimalgrouping.Notethatthenumberof
categories(6) is foundunsupervised.This numbermatches
with thenumberof CORELcategoriesincludedin theorig-
inal database.Theclusteringof the imagesto thedifferent
imagesetsis visuallypleasingandalsomatchestheground-
truthof thepre-labeledset(exceptfor the�o wer imagethat
is af�liated with the“monkey” imageset).It is importantto
rememberthat theclusteringis basedon the limited repre-
sentationof colorsandtheir spatiallayouts(nohigher-level
informationis present).TheGMM clusterrepresentationis
shown on the right of eachimageset. A cleardistinction
betweenthegroupsis evidentin theGaussianmixturechar-
acteristics,in blobcolor featuresandtheir spatiallayouts.

5. Discussion

In this work we presentresultsof using the proposed
GMM-KL framework in category modelling, generation
(unsupervised)and matching. The GMM-KL framework
providesa continuousandprobabilisticframework for im-
ageand category representationand matching. Matching
betweencategoriesand betweenimagesand categoriesis
de�ned. A high degreeof correlationbetweenthetwo sce-
nariossuggeststhatimagemodelsareverysimilarin behav-
ior to category models.It maybeconcludedtherefore,that
learningcategorymodelsandmatchingbetweenthemodels

canprovide a predictionof the performanceof any future
imageclassi�cation task within the given imagearchive.
Category generationis presentedasan hierarchicalgroup-
ing processin whichweuseunsupervisedclusteringof im-
agecontentto shift from imageGMMs to imagecategories.
Thegeneratedimagesetsprovide a concisesummarization
andvisualizationof theimagecontentwithin agivenimage
archive.
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Figure 2. Results: Six cluster case (K=6).
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