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Abstract

Wepresenta methodfor unsupervisedcontentbasedclassi�cationof images.The
idea is to �r st segmentthe imagesusingcentroid modelscommonto all the im-
agesin thesetandthen,throughdrawingananalogybetweenmodels/imagesand
words/documents,to apply algorithmsfrom the �eld of unsuperviseddocument
classi�cationtoclustertheimages.The�r ststepmayberegardedasunsupervised
featureselectionwhile thesecondmayberegardedasunsupervisedclassi�cation
of imagesbasedon theselectedfeatures.

We regard our image setasa mixture of textures. Thecentroid modelsof the
mixture representingthe texturesare basedon histogramsof marginal distribu-
tions of waveletcoef�cients calculatedon image subwindows.Themodelsare
usedin our algorithm(which is analogousto thework of Hofmann,Puzicha and
Buhmann[HPB98]) to jointly segmentall theimagesin theinput set.Such joint
segmentationenablesusto link betweenmultipleappearancesof thesametexture
in different images. We �nally usethe sequentialInformationBottleneck algo-
rithm of Slonim,FriedmanandTishby[SFT02] to clustertheimagesbasedonthe
resultof thesegmentation.In general, dueto themodularityof theapproach each
of thethreecomponentsof thepresentedmethod(local imagemodeling, segmen-
tation and classi�cation) can be substitutedby alternativealgorithmssatisfying
mild conditions.

Themethodis appliedto nature viewsclassi�cationandpaintingcategoriza-
tion by painter's drawing style. The methodis shownto be superior to image
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classi�cation algorithmsthat regard each image as a singlemodel. We seeour
currentworkasopeninga new perspectiveonhigh levelunsuperviseddataanal-
ysis.

1. Intr oduction
Clusteringasetof imagesinto meaningfulclasseshasmany applicationsin theor-
ganizationof imagedatabasesandthedesignof their humaninterface.[RHC99,
MK01, WWFW97,SMM, GGG02] areonly afew reviewsandsomeof therecent
worksin the�eld. Imageclusteringcanalsobeusedin orderto segmentamovie,
for example[GFT98],andto facilitateimagedatamining, for examplesearching
for interestingpartitionsof medicalimages[THI + 00]. [BDF02] do unsupervised
clusteringusingextra information.

In this paperwe treattheproblemof unsupervisedclusteringof an imageset
into clustersof similar images,wherewe areonly giventheimages.We treatthe
imagesas(soft)mixturesof textures.Sincethesametexturemaybepresentin dif-
ferentimageswe build a commonmixturemodelfor thewholeset. This is done
by joint segmentationof the images. The componentsof the mixture (centroid
models) are thenregardedasa “dictionary” of imagesegments(segmentswith
similar texturesareassociatedwith thesamecomponent).Co-occurencesof the
centroidmodelsandimagesare�nally usedin orderto clustertheimages(analo-
gouslyto usingwordanddocumentco-occurencesin documentsclustering).See
Fig. 1 for aschematicillustrationof ouralgorithm.

As a commonapproachfor texture modelingwe chooseour centroidmodel
to bea weightedsetof histogramsof waveletsubbandcoef�cients of imagesub-
windows. We have alsotried usingcolor histogramsof the imagesub-windows,
but textureapproachbasedonwaveletstatisticsappearto bemorepowerful.

We usethe deterministicannealing(DA) framework (see[Ros98]) to get a
top-down hierarchyof segmentationsat increasinglevelsof resolution.We also
presenta modi�cation of theDA framework we call forcedhierarchy to decrease
thecomputationtime.

In thelaststepwe treatcentroidsaswordsandimagesasdocumentsanduse
thesequentialInformationBottleneckalgorithm[SFT02]to obtaintheclassi�ca-
tion.

It shouldbe notedthat while the idea of drawing a parallel betweenword
countsin a documentandmodel(feature)probability integral over the imageal-
readyappearedin supervisedclassi�cation literature[Ker], we seeour current
work asa new point of view on unsuperviseddataclassi�cation. Namelywe do
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Figure1: General schemeof our algorithm. The algorithmis built up of two
steps. The �rst one is joint segmentationof the input images. As a result of
thesegmentationwe geta “classmap” representationfor eachinput image- the
“Segmentedimages”ontheillustration.In thisrepresentationeachimagesegment
is labeledwith a correspondinglabel,while thelabelingsetis commonto all the
images.On the illustrationwe expressthis ideaby markingthe imagesegments
belongingtooneclusterwith thesamecolorand�lling texture.(Thesegmentation
is soft - hardpartition is shown for illustrative purposesonly.) Thenthe second
stepis to classifytheimagesusingco-occurrencestatisticsof theimagesandthe
segmentclassescomposingthem.

anunsupervisedfeatureselectionandthenperformunsupervisedclassi�cationof
imagesbasedon thefeaturesfound.

Two papersshouldbe mentionedin the context of our work. [HPB98] give
a very similar imagesegmentationalgorithm. Themajordifferencewhich is im-
portantto us is that we segmentall the imagesjointly while [HPB98] dealwith
segmentationof a singleimage.

[GGG02]suggestto clusterthe imagesby �rst segmentingeachimagesepa-
rately into Gaussianmixture of pixel color andlocationvaluesanduseagglom-
erative InformationBottleneckto clusterthemixtures. Comparingour andtheir
approaches,our joint segmentationprovidesa much moregeneralview on the
data.Also, waveletbasedmodelsusedfor segmentationaremuchmorepowerful
andlocationindependentcomparedto Gaussianmixtures.

The approachsuggestedby us is very generalandmay be appliednot only
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to imageclassi�cation,but alsoin unsupervisedanalysisof audiosignals,protein
sequences,spike trains and many other typesof data,while using appropriate
algorithmsanddatastructuresfor their segmentation.

The paperis organizedasfollows: in Sec.2 we describehow to build para-
metricmodelsfor imagesub-windows usingthewaveletcoef�cients statisticsor
color features,andhow to build the centroidmodels. In Sec.3 we segmentthe
imagesusingthosemodelsandobtaina (soft) segmentationof the imagesinto a
small numberof centroidmodels,commonto all the imagesin the set. Finally,
in Sec.4 we usetheobtainedsegmentationfor imageclassi�cationanalogously
to classi�cationof documentsbasedon thestatisticsof their wordsappearances.
Experimentalresultsin Sec.5.3anddiscussionin Sec.6 summarizeourwork.

2. TextureBasedImageModeling
We startwith a descriptionof our parametricprobabilisticmodelfor imagesites.
Being thebasicbuilding-blockof thealgorithm,thecorrectchoiceof themodel
is of crucial importancefor the �nal successof thewholeprocess.In thecurrent
work we chooseour imagesitesassquaresubimages- windows- of a prede�ned
size, andwe usea texture approach to parametricallymodel them - we model
eachwindow as if it was a homogeneoustexture sampledi.i.d. from a single
distributionandanimageasacollectionof thosetextures.

To modela singlewindow, we usea commonapproachthat texture canbe
identi�ed by the energy distribution in its frequency domain,by modelingthe
marginaldensitiesof its waveletsubbandcoef�cients. Suchanapproachwassuc-
cessfullyusedby [DV00] in imageretrieval applications.In our algorithm,we
characterizea textureasasetof marginalhistogramsof its waveletsubbandcoef-
�cients. Thenumberof binsin ahistogramwaschosento bethesquarerootof the
total numberof coef�cients at thecorrespondingsubband,asanoptimalcompro-
misebetweendistribution resolutionandstatisticalsigni�canceof the empirical
counts.In orderto assignapproximatelythesamenumberof samplesto eachbin
of thehistogram,we make a coarseestimationof thedistribution of coef�cients
in this subbandasa Gaussianfunction, by �tting the parameterson the whole
dataset,andusetheinverseGaussiandistributionto constructthehistogrambins.
Althoughthedistribution is morelikely to bea GeneralizedGaussiandensity(as
wasshown by [DV00]), this coarseestimationby simpleGaussianis suf�cient.
Theconventionalpyramidwaveletdecompositionis thenperformedwith L levels
(usuallyL = 3) with oneof theknown wavelet �lters (we usedDaubechies,re-
versebiorthogonalandsymmetricwavelets),andonehistogramfor eachsubband
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is computed.We normalizethehistogramsto obtainprobabilitydistributionsand
take theresultingsetof thedistributionsto beour parametricmodelfor thewin-
dow. By moving to the spaceof wavelet histograms,the numberof parameters
characterizingthetextureimageis reducedto aboutthesquareroot of theimage
area,andwealsopro�t from thestatisticalnatureof suchmodel.

As asimilarity measurebetweendistributionspandqweuseKullback-Leibler
divergence,which is a naturalmeasureof distancebetweenprobabilitydistribu-
tionsandis de�ned as

DK L (pjjq) =
X

x
p(x) log

p(x)
q(x)

(see[CT91]). To computethe distancefrom a window modelH to a centroid
model M we computepairwise DK L (H l jjM l ) for eachsubbandl and take a
weightedsumas the total distance.Sincethe numberof coef�cients decreases
by afactorof 4 from level to level anddueto thefactthatthereis morevariability
at higherresolutions,we give an accordinglydecreasingweight to thedistances
at lower resolutions.

To build acentroidfor aweightedsetof window models,webuild anaverage
modelasaweightedsum:

M average
l =

1
P

k wk

X

k

wk � Hk;l

whereHk;l is a histogramof subbandl of window modelk andwk is theweight
of the window. The averagemodelcomputedthis way minimizesthe weighted
sum of distancesof the windows to the centroid: minM

P
k DK L (Hk jjM ) (see

[HPB98]). The centroidmodelhasexactly the sameparametricstructureasthe
window models.

In the samemannerwe can useother features,suchas imagecolor, or a
weightedcombinationof twoormoretypesof wavelet�lters andcolorhistograms.

In our experiments,whenwe usedcolor model,we took a histogramof the
huecomponentof imagecolor space.

3. Joint ImageSegmentationAlgorithm
Ourprimarygoal is to representeachimagein theinput setasa softmixtureof a
smallnumberof texturescommonto all theimagesin theset. Sucha representa-
tion will helpuslaterto link betweenappearencesof thesametexturesin different
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Figure2: Forcedhierarchy framework illustration. We startfrom theall-data-
averagemodelM 0. We thenrecursively choosethemodelhaving maximalscore
from M andreplaceit with the two modelsobtainedat its tentative split. The
modelsobtainedat the tentative split arealsousedto calculatethescoreof their
parentmodel.

images.Segmentationof imagesis donein atop-down hierarchicalmanner, while
we work with all the input imagessimultaneously. The algorithmintegratesthe
ideasdevelopedin [SBT01] for sequencesegmentationwith texture segmenta-
tion algorithmof [HPB98]. We alsopresenta novel approachto computationsin
deterministicannealing(DA) framework (see[Ros98])wecall forcedhierarchy.

Our segmentationworkson a shiftedgrid. An imageis dividedby overlaping
grid windows into smallpatcheswhichdeterminetheresolutionof oursegmenta-
tion. Thedependencebetweentheoverlappinggrid windows f ztg is introduced
throughthe de�nition of a distancemeasurebetweena window zt anda model
M j , which is de�ned to bea weightedaverageof theDK L distancesover all the
windows overlappingwith zt . Theweight is takento beproportionalto thearea
of theoverlap.

Thegoalof thesegmentationprocessis to �nd K segmentmodelsf M j gK
j =1 =

M , sothattheaveragein-segmentdistortion

hdi =
1
N

X

i

X

j

P(M j jzi )� d(M j ; zi )
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ForcedHierar chy Segmentation(f H (zi )gi , � 0, � step)

Initialize:

M0 = 1
N

P
i H (zi ), M = f M 0g, � M 0 = � 0, P(M 0) = 1, P(M 0jzi ) = 1

Find-Score(M 0, � M 0 )

While thedesiredresolutionof thesegmentationis not reached:

1. ChooseM having maximalscoreoutof M

2. For f M 1; M2g - usedfor thecalculationof thescoreof M :
Find-Score(M 1, � M 1 ), Find-Score(M 2, � M 2 ).

3. ReplaceM in M with M 1 andM 2.

Find-Score(M , � )

1. f M 1; M2g = Split(M ), P(M 1) = 1
2P(M ), P(M 2) = 1

2P(M )

2. Soft-Clustering(M 1, M 2, P(M 1), P(M 2), � , P(M jzi ))

3. if JS(M 1; M2) < 1
� then

� = � � � step, returnto 1.
else

� M 1 = � , � M 2 = � , Score(M ) = P(M ) � JS(M 1; M2), exit function.

Figure3: ForcedHierar chy imagesegmentationalgorithm pseudocode. See
text for explanation.

will be minimal (N is the total numberof windows in all the images). We ap-
proachthis problemin the DA framework (see[Ros98])which essentiallyuses
EM to estimatethe segmentationat increasinglevelsof resolution.This frame-
work allows us to avoid many local minimaaswell asto geta hierarchyof seg-
mentationsolutions.Weapplytheforcedhierarchymodi�cation of theframework
to achievebettercomputationalperformance.

Thealgorithmstartsfrom M consistingof asingleaveragemodelM 0 (M0 =
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1
N

P
H (zi ), whereH (zi ) staysfor thesetof histogramsof waveletcoef�cients of

a window zi ). We thenrepeatedlychoosethelargestandthemostheterogeneous
model out of M and divide the correspondingsegment(which is spreadover
the input images)into two. We continueto re�ne our partition until a maximal
prede�nednumberof modelsis reached.

To estimatetheheterogeneityof a clustercorrespondingto a centroidmodel
M we performa tentativesplit. We createtwo copiesof theclustercentroidM ,
M1 andM 2 andaddsmall antisymmetricperturbationsto eachcopy. We then
run a Soft-Clusteringprocedureto softly divide the dataof the clusterinto two
new segmentsin a “good” way. Thedivergencebetweenthecentroidsof thetwo
segmentswe getafter thedivision is usedfor theestimationof theheterogeneity
of theparentcluster(segment).

The Soft-Clusteringprocedureis muchlike the EM algorithmwith the only
differencebeingthatresolutionof thepartitionis introducedthroughtheLagrange
multiplier � . This multiplier emergesfrom thesolutionof anoptimizationprob-
lem when we are trying to �nd the assignmentprobabilitiesP(M j jzi ) and the
modelsf M j g thatwill minimizethemutualinformation

I (Z; M ) =
1
N

X

i

X

j

P(M j jzi )� log
P(M j jzi )
P(M j )

with P(M j ) = 1
N

P
i P(M j jzi ), whileallowing for alimitedpermittedlevelof dis-

tortion hdi � D (see[CT91]). Note that the assignmentprobabilitiesP(M j jzi )
determinea soft partition of the dataamongM 1 andM 2. The reasonfor min-
imizing the mutual informationI (Z; M ) is that undergiven constraints(distor-
tion in our case)the assignmentminimizing it is the most probableone (see
[CT91,Ros98]).

An iterativesolutionto thedescribedoptimizationproblem:

R(D) = min
f P (M j jzi )gi;j ;f M j gj :hdi� D ;

P
j

P (M j jzi )=1
I (Z; M ) (1)

is givenin theSoft-Clusteringprocedure(seeFig. 4). Theprocedurestartsfrom
a pair of modelsM 1; M2, a prior distribution P(M � ) over them,currentresolu-
tion � anda (normalization)vector �P(M jzi ) that storesfor eachwindow zi the
probability it belongedto theparentmodelM (thuswe segmentonly theparent
segmentandmaskout therestof thedata).Soft-Clusteringtheniteratesbetween
datapartition(steps1 and2) andmodelreestimation(step3) until convergenceto
a local minimum.
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Soft-Clustering(M 1, M 2, P(M 1), P(M 2), � , �P(M jzi ))

Repeatuntil convergence:

1. P(M j jzi ) = P (M j )e� � d( z i ;M j )

P K
k =1

P (M k )e� � d( z i ;M k ) � P(M jzi )

2. P(M j ) = 1
n

P n
i=1 P(M j jzi )

3. M j =
P

t H (zt ) � P(M j jzt )

Figure4: Soft-Clustering procedure

The Soft-Clusteringprocedurehasthe following importantproperty. When
workingat low levelsof resolution� (thiscorrespondsto high levelsof permitted
distortion D) only one model suf�ces to describethe data. In this case,after
the convergenceof Soft-Clustering,the two modelsM 1 andM 2 eitherbecome
almostidenticalor oneof themvanishes(P(M j ) is closeto zero).Usingthis fact
we startfrom low resolutionparameter� andreturnon Soft-Clusteringmultiple
times,eachtime increasing� by amultiplicativeconstantuntil wereachacritical
value � c. At this point two distinct non-trivial modelsare requiredto describe
thedataat thecorrespondingresolution.(Whenreturningon Soft-Clusteringwe
discardtheresultof thepreviousrunandperformanew randomsplit of M .)

Theimportantpoint in thisapproachis thatthelowertheresolutionis, theless
local optimaour optimizationfunctional(1) has. Thusby working at gradually
increasinglevelsof resolutionwe get to thepoint whereour segmentation(Soft-
Clustering)procedurehasthe greatestpotentialto succeed(minimal chancesto
fall into a localminima).

To determinewhetherwegota trivial or aninterestingpartitionof thedatawe
calculatethe Jensen-ShannondivergencebetweenM 1 andM 2 after the conver-
genceof Soft-Clustering:

JS(M 1; M2) =
P(M 1)
P(M )

DK L (M1jjM ) +
P(M 2)
P(M )

DK L (M2jjM )

Thismeasureof distancebetweenM 1 andM 2 answersthequestionof how prob-
able it is that samplescorrespondingto M 1 andthosecorrespondingto M 2 are
actuallycoming from the samestatisticalsource(see[Slo02, Sec. 1.2.5] for a
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relevant discussion).We compareJS(M 1; M2) to 1
� . If JS(M 1; M2) > 1

� we
considertheresultof thepartitionasinteresting.We furtherde�ne Score(M ) =
P(M ) � JS(M 1; M2). Note thatScore(M ) equalsthedecreasein thedistortion
hdi wewill obtainif we replaceM with M 1 andM 2 in thepartition.

To summarizethealgorithm:We startfrom M consistingof a singleaverage
modelM 0. We thenrepeatedlychoosethemodelhaving themaximalscorefrom
M andreplaceit with thetwo child modelsusedto calculateits score.This way
we alwaysadvancein thedirectionof maximaldecreasein thedistortionhdi . To
calculatethescoreof a modelM we divide thecorrespondingsegmentinto two
andusetheobtainedmodelsto estimatetheheterogeneityof theparentsegment.
While segmentingthe segmentcorrespondingto M , we graduallyincreasethe
resolutionparameter� in order to solve the problemat the optimal resolution,
wherewe have minimal chancesto get trappedin a local minimum. For each
modelM we rememberthe resolutionparameter� at which it wascreatedand
whenits turn comesto befurthersegmented,we startthesearchfor theoptimal
resolutionfor this segmentfrom that value. Initial resolutionvalue,aswell as
the multiplicative stepfor its increasearemanuallychosen,while “the rulesof
thumb” are: (1) at the initial resolutionthedatashouldbebestrepresentedwith
a singlemodeland(2) no morethana singleincrementin thenumberof models
in M mustoccurbetweentwo subsequentincrementsin � . SeeFig. 2 for forced
hierarchyframework schematicillustrationandFig. 3 for thepseudocode.

Comparedto the “classical” DA framework (as,e.g. in [Ros98,Sel01]), in
which the modelsproducedby split “see” andcompeteon all the data,our new
framework, which we call forcedhierarchy DA is morelimited. This is because
eachtime child models“see” only the fraction of the datathat wascapturedby
theirparent.But dueto this limitation ouralgorithmis muchfaster, sinceatevery
momentwe work with only two models. Thus we get the samesegmentation
resolutionin amuchshortertime. Thefactthatwesplit eachmodelat its optimal
resolutionhelpsus to avoid many local minima. Thereforethealgorithmalmost
doesnot suffer from thehierarchicallimitation on thepartitions.

Choosing“the correct” number of segments.

While multiple segmentationsolutionsmayemerge at differentlevelsof resolu-
tion, someof themaremorestablewhile othersareless.Thismaybebestdemon-
stratedby an example- seeFig. 5. To searchfor suchstablesolutionswe look
at the distortion-ratefunction D(R) (which is the inverseof the R(D) function
de�nedby (1)). Eachtimeamodeloutof M is split weobtainanew pointonthis
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Data points
Stable partition at low resolution
Stable partition at high resolution
Unstable partition

Figure5: Stableclusters illustration example.This illustrationexamplecomes
to show the differencebetweenstableandunstableclusters.Supposethat your
input is four “clouds” of pointsasshown here. Thenthe segmentationinto two
clustersshown by thesolid line is stableat low resolutionandthe segmentation
into four clustersshown by dashedline is stableat high resolution.At thesame
time, the segmentationinto threeclustersshown by the dottedline is unstable
sincesmall variationsin the input may easily causethe algorithm �rst to split
the right pair of cloudsandnot the left. See[Ros98]for a deeperdiscussionon
clustersstability.

curve. Therateof thedecreasein thedistortionhdi with theincreasein themutual
informationI (Z; M ) changeswhile thenumberof clustersincreases.As argued
in [Slo02,Sec. 6.2.2],pointswherethis rateslows down (the pointsof minima
in thesecondderivative of D(R)) correspondto stablesegmentsin thepartition.
Thusweusedthesecondderivativeof D(R) to choosetheappropriatenumberof
segmentsfor thesubsequentclassi�cationstep.
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4. ImagesClassi�cation According to Segmentation
Map

Now we cometo the �nal andmajoralgorithmicpoint of our paper. We usethe
segmentationresultwe got in theprevioussectionfor unsupervisedclassi�cation
of the input set of images. The idea is to regardeachimageI i asa document
andeachmodelM j asa word, de�ning P(M j jI i ) = 1

N (I i )

P
zt 2 I P(M j jzt ) anal-

ogousto the normalizedcountof the numberof appearancesof M j in I (N (I i )
is thenumberof windows in I i ). With this analogywe usethesequentialInfor-
mationBottleneck(sIB) clusteringalgorithm[SFT02] to clusterby imagesthe
co-occurrencematrixP(I i ; M j ).

ThesIB clusteringalgorithmis basedontheInformationBottleneck(IB) clus-
teringframework proposedin [TPB99]. Its goal is to representinput imagesf I i g
with asmallnumberof clustersf Ckg sothatthedistributionof models(features)
insideeachclusterP(M j jCk) = 1

jCk j

P
I i 2 Ck

P(M j jI i ) will beascloseaspossi-
ble to the original distributionsP(M j jI i ) of imagesconstitutingtheclusters.In
[TPB99] it is arguedthat thecorrectmeasurefor quality of the representationis
themutualinformationfraction I (C;M )

I (I ;M ) .
In [SFT02] it wasshown that the sIB algorithmhasa superiorperformance

over a rangeof other clusteringmethods(agglomerative, K-meansand more),
typically by asigni�cant margin,andevencomparablewith standardNaiveBayes
(supervised)classi�eronproblemsof documentclassi�cation.Theideaof thesIB
algorithmis to startfrom a randompartition of the datainto K clustersandse-
quentiallytakearandomsampleI i from its clusterandreassignit to anew cluster
C� , sothatthemutualinformationI (C; M ) (andthusthequalityof therepresen-
tation I (C;M )

I (I ;M ) ) will bemaximized.Due to themonotonicgrowth of I (C; M ) the
procedureis guaranteedto convergeto a local optimum.

5. Results

5.1 TextureSegmentationExample

As abasictestfor thesegmentationstepof ouralgorithm,wetooksyntheticcom-
positionsof gray-scaledtexturesfrom [HPB98]. Eachof the compositionscon-
sistsof � ve differenttextures.We appliedour segmentationalgorithmwith win-
dows of 32x32pixels size,grid shift of 8 pixels,L = 3 wavelet decomposition
levelswith rbio 3:3 anddb4 wavelet �lters. Both �lters provideduswith similar
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Figure6: Texture SegmentationExample. Top left - theoriginal imageconsist-
ing of 5 regions,eachof differenttexture. The rest� ve imagesaretheobtained
segmentationof theoriginal imageinto 5 segments.

results.Seeanexampleof suchsegmentationin Fig. 6. Theimageis dividedinto
5 models,correspondingto eachof the5 textures.

5.2 Classi�cation of Natural Views

In this sectionwe demonstratethe classi�cationability of our algorithmon two
examplesof naturalviews imagesets1.

SeaViews

As a�rst example,wetook29colorpictures(640x480pixels)of naturalseaviews
andranthealgorithmwith window sizeof 64x64,grid shift of 32,L = 3 wavelet
decompositionlevels,with rbio3:3 anddb4 wavelet �lters. Both �lters provided
uswith similar results.Thepartition into 5 clustersis shown in Fig. 7. The �rst
obtainedclusterconsistsof panoramicviews of a sandyshore.In thesecondthe
shoreis morerocky. The third clustercontainsclose-upphotosof water-plants,
thefourth consistsof theseawith a beachof plowedsand,andthe�fth areclose
upphotosof theseawaves.

1The results of sections 5.2 and 5.3 may be also viewed in a better quality at
http://www.cs.huji.ac.il/� seldin/SCTV2003
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The HebrewUniversity of JerusalemCampusViews

Thesecondsetconsistsof 55colorpictures(640x480pixels)takenontheHebrew
University campus. We divided the imagesinto 2,3,4,5and6 clusters(seethe
partitionsinto 4 and6 clustersin Fig. 8 andFig. 9 respectively). It is encouraging
to seealmosthierarchicalsplitting of theclustersastheir numberincreases.

Thedivision into 4 clustersis asfollowing: The�rst clustercontainsperspec-
tiveviewsincludingmixturesof trees,trails,sky etc.,thesecondconsistsof indoor
scenes(whichcanbeeasilyidenti�ed by their smoothtextures),thethird aretree
brancheson thesky background(detailedtextureon a smoothbackground),and
thelastis closeupviewsof �o wersandbushes(verydetailedtextures).

In furtherdivisions,the�rst clustersplitsinto two, separatingout �o werswith
a large portion of asphaltbackground,andcluster5 selectsimages,containing
very few detailson asmoothbackground.

In Fig. 10 we show someexamplesof thesegmentationof the imagesinto 3
segments,which wasusedfor theclassi�cation. Onerepresentative imagefrom
eachclusteris taken.

As we may see,the algorithmwassuccessfulin classifyinginput imagesof
natureviewsby their content.Theobtainedresultswerestable(aswasexplained
in Fig. 5). That is, we converged to the sameclassi�cation resultsin different
algorithmrunsandwith differentwavelet�lters.

5.3 Classi�cation of Painting styles

To try our algorithmon anotherpossibleapplication,we took 35 pictures(about
600x800pixelssize)drawn by 5 differentpainters,trying to identify thepainters
by theirdrawing style. In theexperimentswehavecarriedout,eachof thepainters
wasclassi�edcorrectly, andtheobtainedclusterswerestable.We usedwindows
of 128x128and64x64,overlappingandnot overlapping,with differentwavelet
�lters, andalwaysconvergedto thesameresult,shown in Fig. 11.

Theobtainedclustersdifferentiatebetweenimpressionismstyleof VanGogh,
characterizedby alargeamountof boldbrush-strokes,classicstyleof Rembrandt,
with its soft linesandsmoothtextures,landscapereproductionsof Shishkin,rich
of small scrupulousdetails,cubismof Picassoandmarinelandscapesof Aiva-
zovsky.

It shouldbenotedthat in this examplethecorrectclassi�cationwasobtained
only whenwe took suf�ciently �ne segmentationof theinput images(into about
20-25segments).In ordertochooseasegmentationwith anappropriatenumberof
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segmentsfor thesubsequentclassi�cationstep,we lookedat theinverseratedis-
tortion functionD(R), asdescribedin Sec.3. Seeagraphof this functionandits
two derivativesonthepaintersclassi�cationexamplein Fig.12. Thepointswhere
thedecreaseof thedistortionslowsdown relativeto theincreasein themutualin-
formationcorrespondto stablesegmentationsolutions.Theverticalgrid lines in
thegraphcorrespondto theincrementsof thenumberof segmentsin thepartition
by one. By looking at the minima of the secondderivative of the function, we
identify stabilizationpointsin thesegmentationsolution. In theexampleshown,
oneof theevident(actuallymostevident)localminimacorrespondsto segmenta-
tion into 24 segments,which is actuallythepoint wheretheclassi�cationresults
becomecorrectandstabilize.Whentakingsegmentationswith a greaternumber
of segmentswe alwaysconvergedto the samecorrectclassi�cationof the input
images.At thesametime, whenclassifyingimagesusingsegmentationinto less
than24 segments,asmallnumberof misclassi�cationswerepresent.

Whenusinglarge (256x256andmore)windows, at all thesegmentationres-
olutionsin subsequentclassi�cationsomeof thepicturesweremisclassi�ed(for
example,someof thePicassopaintingsweremixedupwith thoseof Aivazovsky).
As well, we got poorresultswhenusedonebig window of thewholeimagesize,
whichis equivalenttoclassifyingtheimageswithoutsegmentingthem�rst. These
resultsjustify the advantageof imagesegmentationasa preprocessingstepfor
classi�cation.

6. Discussionand Futur eWork
Thepresentedwork combinesseveralideasfrom differentareasof machinelearn-
ing andimageprocessinginto onecoherentprocedurefor unsupervisedcontent
basedimageclassi�cation. Themajorcontribution of our work is the ideaof us-
ing joint segmentationof asetof imagesfor its clusteringusingimage/document,
segment/wordanalogy. Ourframeworkmaybeviewedastwo-levelsunsupervised
approachto dataanalysis- onthe�rst level wedounsupervisedfeatureextraction
from thedataandon thesecondwe performanunsupervisedclassi�cationof the
databasedon theextractedfeatures.

In our experimentsthesuggestedmethodis successfullyappliedto two types
of visualdata:naturalscenesclassi�cationandclassi�cationof paintersby their
drawing styles.As we show there,theclassi�cationbasedon segmentedimages
givesbetterresultscomparedto classifyingunsegmentedimages.This con�rms
thesuperiorityof ouralgorithm.

The suggestedapproachof two-levels unsuperviseddataanalysisis general
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andmaybeappliedto essentiallyany typeof data,includingbutnotlimited tobio-
molecularsequences,audiosignals,spike trainsandhandwritingdataanalysis.
Of course,in eachof those�elds appropriatemodelsfor local datamodelingand
algorithmsfor segmentationmustbeused.

Variousdirectionsfor further researchmay be suggested.We may naturally
categorizetheminto four categories.Oneis applyingourapproachto othertypes
of data.For example,it wouldbeinterestingto combineit with ourpreviouswork
[BSMT01] on featureextraction in proteins(therewe called them signatures).
Anotheris improving the resultswe got in this paperby usingbetteralgorithms
for imagemodelingand segmentation. Here we thoughtaboutusingbeamlets
[DH01] insteadof waveletsfor local imagemodeling. This mayprovide results
which arecloserto humanperceptionof visualdata.A third directionfocuseson
theclassi�cationstepof our algorithm. Here,by usingmoresophisticatedalgo-
rithms for classi�cationwe mayachieve suchinterestingthingsasclassi�cation
of the input set by multiple parameters(as in the work of [CT02], wherethey
clustertheinput setof humanfacesonceby thepersonon theimageandonceby
the illumination of theperson- personsilluminatedfrom theleft, from theright,
homogeneously, etc.).Finally, themostattractivedirectionseemsto �nd awayof
“gettingfeedback”from theclassi�cationstepduringthesegmentationto develop
anew algorithmfor unsuperviseddiscriminativefeatureselection.
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(a)Cluster1 of 5: Sandyshore. (b) Cluster2 of 5: Rocky shore.

(c) Cluster3 of 5: Water-plants. (d) Cluster4 of 5: Plowed sandand
sea.

(e) Cluster5 of 5: Closeview of sea
waves.

Figure7: Seaviewsclassi�cation.
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(a)Cluster1 of 4: Perspectiveviews. (b) Cluster2 of 4: Indoorscenes.

(c) Cluster3 of 4: Treebrancheson the sky back-
ground.

(d) Cluster4 of 4: Bushesand�o wers,closeview.

Figure8: The Hebrew University Campusviewsclassi�cation into four clus-
ters.
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(a)Cluster1 of 6: Perspectiveviews. (b) Cluster2 of 6: Indoorscenes.

(c) Cluster3 of 6: Treebrancheson thesky
background.

(d) Cluster4 of 6: Bushesand�o wers,close
view.

(e)Cluster5 of 6: Flowerswith asphalt. (f) Cluster6 of 6: Smoothbackgroundwith
few details.

Figure9: The Hebrew University Campus views classi�cation into six clus-
ters.

21



(a)OriginalImage (b) Segment1 (c) Segment2 (d) Segment3

Figure 10: The Hebrew University Campus views segmentationinto three
segments.Theabove areexamplesof imagesegmentationsinto 3 segmentsbe-
fore their classi�cation.Eachrow containsanimagefrom a differentcluster(see
Fig. 9): Theoriginal image- column(a),andits segmentationinto the3 segments
- columns(b)-(d). Segment1 correspondsto smoothtextureslikesky andwalls in
all theinput images.Segment3 correspondsto very detailedtextureslikebushes
andtreebranches.Finally, Segment2 correspondsto textureswith middle level
of detailslikeasphaltroadsandtrails.
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(a)VanGogh,impressionism. (b) Aivazovsky, marinelandscapes.

(c) Rembrandt,classicstyle. (d) Picasso,cubism.

(e)Shishkin,landscapereproductions.

Figure11: Classi�cation of drawings by painting style.
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Figure12: InverseRateDistortion Function Graph for Painters Classi�cation
Example. Thenumbersbelow theR (R = I (Z; M )) axisandverticalgrid lines
correspondto thenumberof segmentsin thesegmentationat which thepoint on
the graphwasmeasured.We seea clearminimum in the secondderivative of
the D(R) function at the solution with 24 segments. This solution is a stable
segmentation.(Thenumbersbelow theaxisarenotclearlyseen.Please,referour
websitefor higherresolutiongraphs.)
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