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Abstract

We presenta methodor unsupervisedontentbasedclassi cationofimages. The
ideais to r st sgmentthe imagesusing centoid modelscommonto all the im-
agesin thesetandthen,throughdrawingan analaogy betweemodels/imgesand
words/documentgo apply algorithmsfromthe eld of unsupervisedlocument
classi cationto clustertheimages.The r ststepmayberegardedasunsupervised
feature selectionwhile the secondnayberegardedasunsupervisedlassi cation
of imagesbasedon the selectedeatures.

We regard our image setas a mixture of textures. The centoid modelsof the
mixture representingthe textures are basedon histagramsof marinal distribu-
tions of waveletcoefcients calculatedon image subwindows. The modelsare
usedin our algorithm (which is analagousto the work of Hofmann,Puzicha and
BuhmannHPB98)) to jointly segmentall theimagesin theinput set. Sud joint
sgmentatiorenableausto link betweemmultipleappeaancesof the sametexture
in differentimages. We nally usethe sequentiallnformation Bottlene& algo-
rithm of Slonim,Friedmanand Tishby[SFTO0Z to clustertheimagesbasedonthe
resultof the sggmentationln geneal, dueto themodularityof theapproad eact
of thethreecomponentsf the presentednethod(local image modeling sgmen-
tation and classi cation) can be substitutedoy alternativealgorithmssatisfying
mild conditions.

Themethods appliedto nature views classi cation and painting categoriza-
tion by painter's drawing style The methodis shownto be superiorto image

1



classi cation algorithmsthat regard ead image as a single model. We seeour
currentwork asopeninga new perspectiveon high level unsupervisediataanal-
ysis.

1. Intr oduction

Clusteringa setof imagesnto meaningfukclasseiasmary applicationsn theor-
ganizationof imagedatabasesandthe designof their humaninterface.[RHC99,
MKO01, WWFW97,SMM, GGGO0J areonly afew reviews andsomeof therecent
worksin the eld. Imageclusteringcanalsobe usedin orderto segmenta movie,
for example[GFT98], andto facilitateimagedatamining, for examplesearching
for interestingpartitionsof medicalimageqTHI 00]. [BDF02] do unsupervised
clusteringusingextrainformation.

In this paperwe treatthe problemof unsupervisealusteringof animageset
into clustersof similarimageswherewe areonly giventheimages.We treatthe
imagesas(soft) mixturesof textures.Sincethesameexturemaybepresentn dif-
ferentimageswe build a commonmixture modelfor the whole set. This is done
by joint segmentationof the images. The componentof the mixture (centoid
model$ arethenregardedasa “dictionary” of image segments(seggmentswith
similar texturesare associatedvith the samecomponent).Co-occurencesf the
centroidmodelsandimagesare nally usedin orderto clustertheimagesanalo-
gouslyto usingword anddocumento-occurences documentglustering).See
Fig. 1 for aschematidgllustrationof our algorithm.

As a commonapproachfor texture modelingwe chooseour centroidmodel
to be a weightedsetof histogramsof waveletsubbandcoefcients of imagesub-
windows. We have alsotried usingcolor histogramsf the imagesub-windavs,
but texture approactbasedn waveletstatisticsappearto be morepowerful.

We usethe deterministicannealing(DA) framavork (see[R0s9§) to geta
top-dowvn hierarchyof sggmentationsat increasindevels of resolution. We also
presentamodi cation of the DA framework we call forcedhierarchyto decrease
thecomputatiortime.

In the laststepwe treatcentroidsaswordsandimagesasdocumentanduse
the sequentialnformationBottleneckalgorithm[SFT02]to obtainthe classi ca-
tion.

It shouldbe notedthat while the idea of drawing a parallel betweenword
countsin adocumentandmodel(feature)probability integral over the imageal-
readyappearedn supervisedclassi cation literature[Ker], we seeour current
work asa new point of view on unsupervisediataclassi cation. Namelywe do
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Figure1l: General schemeof our algorithm. The algorithmis built up of two

steps. The rst oneis joint segmentationof the input images. As a result of

the sggmentationwe geta “classmap” representatiofor eachinputimage- the

“Segmentedmages’ontheillustration. In thisrepresentatioeachmagesegment
is labeledwith a correspondindabel, while thelabelingsetis commonto all the

images.On the illustration we expressthis ideaby markingthe imagesegments
belongingto oneclusterwith thesamecolorand lling texture.(Thesegmentation
is soft - hardpartitionis shavn for illustrative purposesnly.) Thenthe second
stepis to classifythe imagesusingco-occurrencatatisticsof theimagesandthe

s@gmentclassexomposinghem.

anunsupervisefeature selectionandthenperformunsupervisedlassi cationof
imageshasednthefeaturedound.

Two papersshouldbe mentionedin the contect of our work. [HPB98] give
avery similarimagesegmentatioralgorithm. The major differencewhichis im-
portantto usis thatwe segmentall the imagesjointly while [HPB9g dealwith
segmentatiorof a singleimage.

[GGGO02]suggesto clustertheimagesby rst segmentingeachimagesepa-
rately into Gaussiarmixture of pixel color andlocationvaluesanduseagglom-
eratve Information Bottleneckto clusterthe mixtures. Comparingour andtheir
approachesour joint sggmentationprovides a much more generalview on the
data.Also, waveletbasednodelsusedfor sgmentatioraremuchmorepowerful
andlocationindependentomparedo Gaussiammixtures.

The approachsuggestedy usis very generaland may be appliednot only



to imageclassi cation,but alsoin unsupervise@nalysisof audiosignals protein
sequencesspike trains and mary other typesof data, while using appropriate
algorithmsanddatastructuredor their segmentation.

The paperis organizedasfollows: in Sec.2 we describehow to build para-
metric modelsfor imagesub-windavs usingthe waveletcoefcients statisticsor
color featuresandhow to build the centroidmodels. In Sec.3 we sggmentthe
imagesusingthosemodelsandobtaina (soft) segmentationof the imagesinto a
small numberof centroidmodels,commonto all theimagesin the set. Finally,
in Sec.4 we usethe obtainedsegmentationfor imageclassi cationanalogously
to classi cationof documentdasedon the statisticsof their wordsappearances.
Experimentatesultsin Sec.5.3anddiscussiorin Sec.6 summarizeour work.

2. Texture Basedimage Modeling

We startwith a descriptionof our parametrigorobabilisticmodelfor imagesites.
Being the basicbuilding-block of the algorithm,the correctchoiceof the model
is of crucialimportancefor the nal succes®f thewhole process.in the current
work we chooseour imagesitesassquaresubimages windows- of a prede ned
size,andwe usea texture approad to parametricallymodelthem - we model
eachwindow asif it wasa homogeneousexture sampledi.i.d. from a single
distributionandanimageasa collectionof thosetextures.

To modela single window, we usea commonapproachthat texture can be
identi ed by the enegy distribution in its frequeng domain, by modelingthe
maginal densitief its waveletsubbandoefcients. Suchanapproaclhwassuc-
cessfullyusedby [DV0O0] in imageretrieval applications. In our algorithm,we
characterizatextureasa setof mamginal histogramf its waveletsubbancdoef-
cients. Thenumberof binsin ahistogramwaschoserto bethesquareootof the
total numberof coefcients atthe correspondingubbandasanoptimalcompro-
mise betweendistribution resolutionand statisticalsigni cance of the empirical
counts.In orderto assignapproximatelythe samenumberof sampledo eachbin
of the histogram we malke a coarseestimationof the distribution of coefcients
in this subbandas a Gaussiarfunction, by tting the parameter®n the whole
dataset,andusetheinverseGaussiamistributionto constructhehistogrambins.
Althoughthedistributionis morelik ely to be a Generalizedsaussiardensity(as
wasshaowvn by [DV00]), this coarseestimationby simple Gaussians sufcient.
Thecorventionalpyramidwaveletdecompositioris thenperformedwith  levels
(usually ) with oneof the known wavelet Iters (we usedDaubechieste-
versebiorthogonabndsymmetricwavelets),andonehistogramfor eachsubband
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is computed We normalizethe histogramgo obtainprobability distributionsand
take theresultingsetof the distributionsto be our parametrianodelfor the win-
dow. By moving to the spaceof wavelet histogramsthe numberof parameters
characterizinghe texture imageis reducedo aboutthe squareroot of theimage
areaandwe alsopro t from the statisticalnatureof suchmodel.

As asimilarity measurdetweerdistributions and weuseKullback-Leibler
divergence which is a naturalmeasureof distancebetweenprobability distribu-
tionsandis de ned as

(see[CT91]). To computethe distancefrom a window model to a centroid
model  we computepairwise for eachsubband andtake a
weightedsum as the total distance. Sincethe numberof coefcients decreases
by afactorof 4 from level to level anddueto thefactthatthereis morevariability
at higherresolutionswe give an accordinglydecreasingveightto the distances
atlowerresolutions.

To build a centroidfor aweightedsetof window models,we build anaverage
modelasaweightedsum:

where is a histogramof subband of window model and istheweight
of the window. The averagemodelcomputedthis way minimizesthe weighted
sum of distancesof the windows to the centroid: (see
[HPB98]). The centroidmodelhasexactly the sameparametricstructureasthe
window models.

In the samemannerwe can use other features,such as image color, or a
weightedcombinatiorof two or moretypesof wavelet Iters andcolorhistograms.

In our experimentswhenwe usedcolor model, we took a histogramof the
huecomponentf imagecolor space.

3. Joint Image SegmentationAlgorithm

Our primarygoalis to represeneachimagein theinput setasa soft mixture of a
smallnumberof texturescommorto all theimagesin theset Sucharepresenta-
tionwill helpuslaterto link betweerappearencesf thesameexturesin different
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Figure2: Forcedhierarchy framework illustration. We startfrom the all-data-
averagemodel . We thenrecursvely choosehe modelhaving maximalscore
from  andreplaceit with the two modelsobtainedat its tentatve split. The
modelsobtainedat the tentatve split arealsousedto calculatethe scoreof their
parentmodel.

images.Seymentatiorof imageds donein atop-dovn hierarchicamannerwhile
we work with all the input imagessimultaneously The algorithmintegratesthe
ideasdevelopedin [SBT01] for sequencesegmentationwith texture segmenta-
tion algorithmof [HPB98§. We alsopresenta novel approachio computationsn
deterministicannealing DA) framavork (see[Ros98])we call forcedhierarchy.
Our sggmentationworks on a shiftedgrid. An imageis divided by overlaping
grid windows into smallpatcheshich determinetheresolutionof our segmenta-

tion. The dependencéetweenthe overlappinggrid windows is introduced
throughthe de nition of a distancemeasurebetweenawindov  anda model
, Which is de ned to be a weightedaverageof the distancesover all the

windows overlappingwith . Theweightis takento be proportionalto the area
of theoverlap.

Thegoalof thesegmentatiomprocesssto nd  segmentmodels

, Sothatthe averagein-segmentdistortion



ForcedHierar chy Segmentation( .

Initialize:

Find-Score( , )
While the desiredresolutionof the segmentationis notreached:

1. Choose having maximalscoreout of

2. For - usedfor the calculationof the scoreof
Find-Score( ), Find-Score( ).

3. Replace in  with and

Find-Score( , )

1. Split : - : -
2. Soft-Clustering( , : o )
3. if - then
= , returnto 1.
else
, , Score , exit function.

Figure3: ForcedHierar chy image segmentationalgorithm pseudocode. See
text for explanation.

will be minimal ( is the total numberof windows in all the images). We ap-
proachthis problemin the DA framewvork (see[Ros98]) which essentiallyuses
EM to estimatethe segmentationat increasingevels of resolution. This frame-
work allows usto avoid mary local minimaaswell asto geta hierarchyof sey-
mentatiorsolutions.We applytheforcedhierarchymodi cation of theframework
to achieve bettercomputationaperformance.

Thealgorithmstartsfrom  consistingof asingleaveragemodel  (



— , Where staysfor the setof histogramsf waveletcoefcients of
awindow ). Wethenrepeatedlychoosehelargestandthe mostheterogeneous
model out of and divide the correspondingsegment(which is spreadover
the inputimages)into two. We continueto re ne our partition until a maximal
prede nednumberof modelsis reached.

To estimatethe heterogeneityf a clustercorrespondingo a centroidmodel

we performa tentativesplit. We createtwo copiesof the clustercentroid

and and add small antisymmetricperturbationgo eachcopy. We then
run a Soft-Clusteringprocedureto softly divide the dataof the clusterinto two
new seggmentsin a“good” way. Thedivergencebetweerthe centroidsof thetwo
segmentswe getafterthedivision is usedfor the estimationof the heterogeneity
of the parentcluster(segment).

The Soft-Clusteringproceduras muchlike the EM algorithmwith the only
differencebeingthatresolutionof the partitionis introducedhroughtheLagrange
multiplier . This multiplier emegesfrom the solutionof an optimizationprob-
lem whenwe aretrying to nd the assignmenprobabilities andthe
models thatwill minimize the mutualinformation

with — , While allowing for alimited permittedevel of dis-
tortion (see[CT91]). Notethatthe assignmenprobabilities
determinea soft partition of the dataamong and . Thereasonfor min-
imizing the mutualinformation is that undergiven constraintqdistor
tion in our case)the assignmenminimizing it is the most probableone (see
[CT91,R0s99).

An iterative solutionto thedescribedptimizationproblem:

1)

is givenin the Soft-ClusteringprocedurgseeFig. 4). The procedurestartsfrom

a pair of models , a prior distribution over them, currentresolu-
tion anda (normalization)vector that storesfor eachwindow the
probabilityit belongedo the parentmodel  (thuswe segmentonly the parent
sggmentandmaskouttherestof the data). Soft-Clusteringheniteratesbetween
datapartition (stepsl and2) andmodelreestimatior(step3) until corvergenceto

alocal minimum.



Soft-Clustering( , : L )

Repeauntil convergence:

1.

Figure4: Soft-Clustering procedure

The Soft-Clusteringprocedurehasthe following importantproperty When
working atlow levelsof resolution (this correspond$o high levelsof permitted
distortion ) only one model sufces to describethe data. In this case,after
the corvergenceof Soft-Clusteringthe two models  and eitherbecome
almostidenticalor oneof themvanisheg is closeto zero). Usingthis fact
we startfrom low resolutionparameter andreturnon Soft-Clusteringmultiple
times,eachtimeincreasing by a multiplicative constanuntil we reachacritical
value . At this point two distinct non-trivial modelsare requiredto describe
the dataat the correspondingesolution.(Whenreturningon Soft-Clusteringve
discardtheresultof the previousrun andperformanew randomsplit of  .)

Theimportantpointin thisapproachs thatthelowertheresolutionis, theless
local optimaour optimizationfunctional (1) has. Thusby working at gradually
increasingevels of resolutionwe getto the point whereour segmentation(Soft-
Clustering)procedurehasthe greatespotentialto succeedminimal chancedo
fall into alocal minima).

To determinavhethemwe gotatrivial or aninterestingpartitionof the datawe
calculatethe Jensen-Shannativergencebetween  and after the conver
genceof Soft-Clustering:

Thismeasuref distancebetween and  answerdhequestionof how prob-
ableit is that samplescorrespondingo andthosecorrespondingo are
actually coming from the samestatisticalsource(see[Slo02, Sec. 1.2.5]for a
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relevant discussion).We compare to-. If - we
considertheresultof the partition asinteresting.We furtherde ne
. Notethat equalsthe decreasén the distortion

we will obtainif wereplace with and inthepartition.

To summarizehealgorithm: We startfrom  consistingof a singleaverage
model . Wethenrepeatedly}choosehe modelhaving the maximalscorefrom

andreplaceit with thetwo child modelsusedto calculateits score.This way
we alwaysadwancein the directionof maximaldecreasén thedistortion . To
calculatethe scoreof amodel  we divide the correspondingegmentinto two
andusethe obtainedmodelsto estimatethe heterogeneityf the parentsegment.
While segmentingthe segmentcorrespondingo , we graduallyincreasethe
resolutionparameter in orderto solve the problemat the optimal resolution,
wherewe have minimal chancedo gettrappedin a local minimum. For each
model  we remembetthe resolutionparameter atwhich it wascreatedand
whenits turn comesto be further segmentedwe startthe searchfor the optimal
resolutionfor this sggmentfrom that value. Initial resolutionvalue,aswell as
the multiplicative stepfor its increaseare manuallychosenwhile “the rules of
thumb” are: (1) at theinitial resolutionthe datashouldbe bestrepresenteavith
asinglemodeland(2) no morethana singleincrementin the numberof models
in  mustoccurbetweenwo subsequenncrementsn . SeeFig. 2 for forced
hierarchyframavork schematidllustrationandFig. 3 for the pseudacode.

Comparedo the “classical’ DA framework (as,e.g. in [R0os98,Sel01]),in
which the modelsproducedby split “see” andcompeteon all the data,our new
framavork, which we call forcedhierarchy DA is morelimited. Thisis because
eachtime child models“see” only the fraction of the datathat was capturedby
their parent.But dueto this limitation our algorithmis muchfaster sinceatevery
momentwe work with only two models. Thus we get the samesegmentation
resolutionin amuchshortertime. Thefactthatwe split eachmodelatits optimal
resolutionhelpsusto avoid mary local minima. Thereforethe algorithmalmost
doesnot suffer from the hierarchicalimitation onthe partitions.

Choosing“the correct” number of segments.

While multiple segmentationsolutionsmay emege at differentlevels of resolu-
tion, someof themaremorestablewhile othersareless.This maybebestdemon-
stratedby an example- seeFig. 5. To searchfor suchstablesolutionswe look
at the distortion-ratefunction (which is the inverseof the function
de nedby (1)). Eachtimeamodeloutof s split we obtainanew pointonthis
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o Data points

Stable partition at low resolution
Stable partition at high resolution
-------- Unstable partition

Figure5: Stableclustersillustration example. Thisillustrationexamplecomes
to shav the differencebetweenstableand unstableclusters. Supposehat your

inputis four “clouds” of pointsasshovn here. Thenthe sggmentationinto two

clustersshavn by the solid line is stableat low resolutionandthe sggmentation
into four clustersshowvn by dashedine is stableat high resolution. At the same
time, the segmentationinto three clustersshavn by the dottedline is unstable
sincesmall variationsin the input may easily causethe algorithm rst to split

theright pair of cloudsandnot the left. See[Ros98]for a deeperdiscussioron

clustersstability.

cune. Therateof thedecreasé thedistortion  with theincreasen themutual
information changewhile the numberof clustersincreasesAs argued
in [Slo02, Sec. 6.2.2], pointswherethis rate slows down (the points of minima
in the seconddervative of ) correspondo stablesegmentsin the partition.
Thuswe usedthe secondleriative of to chooseheappropriatenumberof
sgmentdfor the subsequentlassi cationstep.
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4. ImagesClassi cation According to Segmentation
Map

Now we cometo the nal andmajoralgorithmicpoint of our paper We usethe
segmentatiorresultwe gotin the previous sectionfor unsupervisedlassi cation
of the input setof images. The ideais to regardeachimage asa document
andeachmodel  asaword, de ning — anal-
ogousto the normalizedcountof the numberof appearancesf in  (
is the numberof windowsin ). With this analogywe usethe sequentialnfor-
mation Bottleneck(sIB) clusteringalgorithm [SFTOZ to clusterby imagesthe
co-occurrencenatrix :

ThesIB clusteringalgorithmis basednthelnformationBottleneck(IB) clus-
teringframework proposedn [TPB99]. Its goalis to represeninputimages

with asmallnumberof clusters sothatthedistribution of models(features)
insideeachcluster — will beascloseaspossi-
ble to the original distributions of imagesconstitutingthe clusters.In

[TPB99]it is arguedthatthe correctmeasurdor quality of the representatiois
themutualinformationfraction
In [SFTOZ it wasshawn thatthe sIB algorithmhasa superiorperformance
over a rangeof other clusteringmethods(agglomeratie, K-meansand more),
typically by asigni cant magin, andevencomparablavith standardNaive Bayes
(supervisedtlassi er onproblemsof documentlassi cation. Theideaof thesIB
algorithmis to startfrom a randompartition of the datainto  clustersandse-
guentiallytake arandomsample fromits clusterandreassignt to anew cluster
, Sothatthe mutualinformation (andthusthe quality of therepresen-
tation ) will be maximized.Dueto the monotonicgrowth of the
proceduras guaranteedo corvergeto alocal optimum.

5. Results

5.1 Texture SegmentationExample

As abasictestfor the segmentatiorstepof our algorithm,we took syntheticcom-
positionsof gray-scaledexturesfrom [HPB98]. Eachof the compositionscon-
sistsof ve differenttextures. We appliedour segmentatioralgorithmwith win-
dows of 32x32 pixels size,grid shift of 8 pixels, wavelet decomposition
levelswith - and wavelet Iters. Both lters provideduswith similar
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Figure6: Texture SegmentationExample. Top left - the originalimageconsist-
ing of 5 regions,eachof differenttexture. Therest ve imagesarethe obtained
segmentatiorof the originalimageinto 5 segments.

results.Seeanexampleof suchsggmentatiorin Fig. 6. Theimageis dividedinto
5 modelscorrespondingo eachof the5 textures.

5.2 Classi cation of Natural Views

In this sectionwe demonstratéhe classi cationability of our algorithmon two
examplesof naturalviews imagesets.

SeaViews

Asa rst example wetook 29 color pictures(640x480pixels)of naturalseaviews
andranthealgorithmwith window sizeof 64x64,grid shift of 32, wavelet
decompositiorievels, with and  wavelet Iters. Both lters provided
uswith similar results. The partitioninto 5 clustersis shavn in Fig. 7. The rst

obtainedclusterconsistsof panoramicviews of a sandyshore.In the secondhe
shoreis morerocky. Thethird clustercontainsclose-upphotosof waterplants,
the fourth consistsf the seawith a beachof plowedsand,andthe fth areclose
up photosof the seawaves.

The results of sections 5.2 and 5.3 may be also viewed in a better quality at
http://wwwcs.huji.ac.il/ seldin/SCTV2003
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The Hebrew University of JerusalemCampusViews

Thesecondsetconsistf 55 color pictures(640x480pixels)takenontheHebreav
University campus. We divided the imagesinto 2,3,4,5and 6 clusters(seethe
partitionsinto 4 and6 clustersn Fig. 8 andFig. 9 respectely). It is encouraging
to seealmosthierarchicakplitting of the clustersastheir numberincreases.

Thedivisioninto 4 clusterss asfollowing: The rst clustercontaingperspec-
tiveviewsincludingmixturesof trees trails, sky etc.,thesecondtonsistof indoor
scenegwhich canbe easilyidenti ed by their smoothtextures), thethird aretree
branchesn the sky backgrounddetailedtexture on a smoothbackground)and
thelastis closeup views of o wersandbusheqvery detailedtextures).

In furtherdivisions,the rst clustersplitsinto two, separatingut o werswith
a large portion of asphaltbackgroundand cluster5 selectsimages,containing
very few detailson a smoothbackground.

In Fig. 10 we shav someexamplesof the sggmentatiorof theimagesinto 3
segments which wasusedfor the classi cation. Onerepresentatie imagefrom
eachclusteris taken.

As we may see,the algorithmwas successfuin classifyinginput imagesof
natureviews by their content.The obtainedresultswerestable(aswasexplained
in Fig. 5). Thatis, we corvergedto 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)dravn by 5 differentpaintersirying to identify the painters
by theirdrawing style. In theexperimentsve have carriedout, eachof thepainters
wasclassi ed correctly andthe obtainedclusterswerestable.We usedwindows
of 128x128and 64x64, overlappingand not overlapping,with differentwavelet
Iters, andalwaysconvergedto the sameresult,shovn in Fig. 11.

Theobtainedclusterdifferentiatebetweernimpressionisnstyle of VanGogh,
characterizethy alargeamountof bold brush-stroks,classicstyle of Rembrandt,
with its soft linesandsmoothtextures,landscapeeproduction®f Shishkin,rich
of small scrupulousdetails,cubismof Picasscand marinelandscape®f Aiva-
zovsky.

It shouldbe notedthatin this examplethe correctclassi cationwasobtained
only whenwe took sufciently ne segmentatiorof the inputimages(into about
20-25sggments).In orderto choosea segmentatiorwith anappropriatenumberof
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seggmentsfor the subsequentlassi cationstep,we looked at theinverseratedis-
tortion function , asdescribedn Sec.3. Seea graphof thisfunctionandits
two derivativesonthepaintersclassi cationexamplein Fig. 12. Thepointswhere
thedecreasef thedistortionslows down relative to theincreasen the mutualin-
formationcorrespondo stableseggmentatiorsolutions. The vertical grid linesin
thegraphcorrespondo theincrementof the numberof sggmentsn the partition
by one. By looking at the minima of the secondderiative of the function, we
identify stabilizationpointsin the segmentatiorsolution. In the exampleshown,
oneof theevident(actuallymostevident)local minimacorrespond$o sggmenta-
tion into 24 sggmentswhich is actuallythe point wherethe classi cationresults
becomecorrectandstabilize. Whentaking segmentationsvith a greatemumber
of sggmentswe always corvergedto the samecorrectclassi cation of the input
images.At the sametime, whenclassifyingimagesusingsegmentationnto less
than24 seggmentsa smallnumberof misclassi cationsverepresent.

Whenusinglarge (256x256andmore)windows, at all the segmentatiorres-
olutionsin subsequentlassi cationsomeof the picturesweremisclassi ed(for
example,someof the Picass@aintingsweremixedup with thoseof Aivazossky).
As well, we got poorresultswhenusedonebig window of thewholeimagesize,
whichis equialentto classifyingtheimageswvithoutsegmentinghem rst. These
resultsjustify the advantageof image segmentationas a preprocessingtepfor
classi cation.

6. Discussionand Futur e Work

Thepresenteavork combinesseveralideasfrom differentareaof machindearn-
ing andimageprocessingnto one coherentprocedurgor unsuperviseaontent
basedmageclassi cation. The major contribution of our work is the ideaof us-
ing joint segmentatiorof a setof imagedor its clusteringusingimage/document,
seggment/wordanalogy Ourframevork maybeviewedastwo-levelsunsupervised
approacho dataanalysis onthe rst level we dounsupervisedieatureextraction
from thedataandon the secondwve performanunsupervisedlassi cationof the
databasedn the extractedfeatures.

In our experimentghe suggestednethodis successfullyappliedto two types
of visual data: naturalsceneslassi cationandclassi cation of paintersby their
drawving styles. As we shaw there,the classi cationbasedon segmentedmages
givesbetterresultscomparedo classifyingunsgmentedmages. This con rms
thesuperiorityof our algorithm.

The suggestedpproachof two-levels unsupervisedlataanalysisis general
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andmaybeappliedto essentiallyary typeof data,includingbut notlimited to bio-

molecularsequencesaudio signals,spike trains and handwritingdataanalysis.
Of coursejn eachof those elds appropriatenodelsfor local datamodelingand
algorithmsfor segmentatiommustbe used.

Variousdirectionsfor further researchmay be suggestedWe may naturally
cateyorizetheminto four categories.Oneis applyingour approacho othertypes
of data.For example,it would beinterestingo combineit with our previouswork
[BSMTO1] on featureextractionin proteins(therewe called them signatures).
Anotheris improving the resultswe gotin this paperby usingbetteralgorithms
for image modelingand sggmentation. Here we thoughtaboutusing beamlets
[DHO1] insteadof waveletsfor local imagemodeling. This may provide results
which arecloserto humanperceptiorof visualdata.A third directionfocuseson
the classi cationstepof our algorithm. Here, by usingmore sophisticatedlgo-
rithmsfor classi cationwe may achieve suchinterestingthingsasclassi cation
of the input setby multiple parametergasin the work of [CT02], wherethey
clustertheinput setof humanfacesonceby the personon theimageandonceby
theillumination of the person personslluminatedfrom theleft, from theright,
homogeneous|etc.). Finally, the mostattractve directionseemgo nd away of
“getting feedback’from theclassi cationstepduringthe segmentatiorto develop
anew algorithmfor unsupervisediscriminativefeatureselection.

Acknowledgments

We thankGal Chechikfor providing us his implementatiorof the sequentialn-

formationBottleneckalgorithmandE m Belmanfor helpful discussions.
Yevgery Seldinwas partially supportedby the Leibniz Centerscholarship.

SoniaStarikwaspartially supportedy the ISF grantnumber591/00.

References

[BDFO2] K. Barnard,P. Duygulu, and D. Forsyth. Modeling the statistics
of imagefeaturesandassociatedext. In SPIEElectronic Imaging
2002,DocumenRecanition andRetrieval X, 2002.

[BSMTO1] Gill Bejerano,Yevgery Seldin,HanahMargalit, andNaftali Tishby.
Markovian domain ngerprinting: statisticalsegmentationof pro-
tein sequencesBioinformatics 17(10):927-9342001.

16



[CT91]

[CTO02]

[DHO1]

[DVOO]

[GFT98]

[GGGO02]

[HPBOS]

[Ker]

[MKO1]

[RHC99]

ThomasM. Cover andJoy A. Thomas. Elementsof Information
Theory Wiley Seriesin TelecommunicationslohnWiley & Sons,
New York, NY, 1991.

Gal ChechikandNaftali Tishby. Extractingrelevantstructureswith
side information. In Advancesn Neuml Information Processing
Systema\IPS-15, Vancouer. Canada.2002.

David DonohoandXiaomingHuo. Beamletsandmultiscaleimage
analysis Lecture Notesn ComputationaScienceandEngineering:
Multiscaleand MultiresolutionMethods Springer., 2001.

Minh N. Do and Martin Vetterli. Texture similarity measurement
usingkullback-leiblerdistanceon waveletsubbandsln In proceed-
ingsof IEEE InternationalConfeenceon Image ProcessingICIP-
200Q SeptembeR000.

B. Gunsel A. FermanandA. Tekalp. Temporalvideosggmentation
usingunsupervisedlusteringandsemanti®objecttracking.Journal
of Electronic Imaging, 7(3):592—-604July 1998. SPIEIS&T.

JacobGoldbeger, Hayit Greenspanand Shiri Gordon. Unsuper
visedimageclusteringusingtheinformationbottleneckmethod.In
DAGM-Symposiunpagesl 58—-1652002.

ThomasHofmann,JanPuzichaandJoachimM. Buhmann.Unsu-
pervisedtexture segmentationin a deterministicannealingframe-
work. |IEEE Transactionon Pattern Analysisand Machine Intelli-
gence 20(8):803—-8181998.

DanielKeren.Recognizingmagestyleandactwitiesin videousing
local featuresandnawe bayes.

Swarup Medasaniand RaghuKrishnapuram. Categorization of
image databasedor efcient retrieval using robust mixture de-
composition. ComputerVision and Image Understanding: CVIU,
83(3):216-2352001.

Y. Rui, T. Huang,andS.Chang.Imageretrieval: currenttechniques,
promisingdirectionsandopenissues.Journal of Visual Communi-
cationandImage Repesentation10(4):39—62April 1999.

17



[R0s98]

[SBTO1]

[Sel01]

[SFT02]

[SI002]

[SMM]

[THI 00]

[TPB99]

KennethRose.Deterministicannealingor clusteringcompression,
classi cation, regressiorandrelatedoptimizationproblems. IEEE
Trans.Info. Theory 80:2210-2239Novemberl1998.

Yevgery Seldin, Gill Bejerano,andNaftali Tishby Unsupervised
sequencaseggmentatiorby a mixture of switchingvariablememory
Markov sources. In Proceedingsof the Eighteenthinternational
Confeenceon Machine Learning (ICML 2001) pages513-520,
2001.

Yevgery Seldin. On unsupervisedearningof mixturesof Marko-
vian sourcesMastersthesis,TheHebrev Universityof Jerusalem,
2001.

Noam Slonim, Nir Friedman,and Naftali Tishby Unsupervised
documentlassi cationusingsequentiainformationmaximization.
In Proceedingf the Annuallnternational ACM SIGIRCon-

ferenceon Reseath and Developmentn InformationRetrieval (SI-

GIR), 2002.

Noam Slonim. ThelInformationBottlene&: Theoryand Applica-
tions. PhDthesis,TheHebrav Universityof Jerusalem2002.

S.Krishnamacharand M.Abdel-Mottaleb Hierarchicalclustering
algorithmfor fastimageretrieval. In IS&T/SPIE Confeenceon
Storage and Retrieval for Image and Videodatabase¥!Il.

L. Tang,R. Hanka,H.. Ip, K. CheungandR. Lam. Semantiquery
processingandannotatiorgeneratiorfor content-basedetrieval of

histologicalimages.In SPIEEMedicallmagingg 2000,Document
Recagnition and Retrieval 1X, 2000.

Naftali Tishby, Fernandd”ereiraandWilliam Bialek. Theinforma-
tion bottleneckmethod.In Allerton Confeenceon Communication,
Control and Computationvolume37, pages368—379.1999.

[WWFW97] JamesZe Wang, Gio Wiederhold,OscarFirschein,and Sha Xin

Wei. Content-basedimage indexing and searching using
daubechiesWwavelets. Int. J. on Digital Libraries 1(4):311-328,
1997.

18



(c) Cluster3 of 5: Waterplants. (d) Cluster4 of 5: Plowedsandand
sea.

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

Figure7: Seaviewsclassi cation.
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(a) Clusterl of 4: Perspectie views. (b) Cluster2 of 4: Indoorscenes.

(c) Cluster3 of 4: Treebrancheon the sky back- (d) Cluster4 of 4: Bushesand o wers,closeview.
ground.

Figure8: The Hebrew University Campusviews classi cation into four clus-
ters.
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(@) Cluster 1 of 6: Perspectie (b) Cluster2 of 6: Indoorscenes.
views.

(c) Cluster3 of 6: Treebranchesn (d) Cluster 4 of 6: Bushesand
thesky background. 0 wers,closeview.

(e) Cluster5 of 6: Flowers with (f) Cluster6 of 6: Smoothback-
asphalt. groundwith few details.

Figure9: The Hebrew University Campusviewsclassi cation into 6 clusters.
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(@) Original (b) Sgmentl (c) Sgment2 (d) Sggment3
Image

Figure 10: The Hebrew University Campus views segmentationinto 3 seg-
ments. The above are examplesof imagesegmentationsnto 3 segmentsbefore
their classi cation. Eachrow containsan image from a different cluster (see
Fig. 9): The original image- column(a), andits segmentationinto the 3 seg-
ments- columns(b)-(d). Segmentl correspondso smoothtextureslik e sky and
wallsin all theinputimages.Segment3 correspond$o very detailedtextureslike
bushesandtreebranchesSegment2 corresponds$o textureswith middlelevel of
detaillik e asphalroadsandtrails.
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(a) VanGogh,impressionism. (b) Aivazorsky, marinelandscapes.

(c) Rembrandtclassicstyle. (d) Picassogubism.

(e)Shishkin Jandscapeeproductions.

Figurell: Classi cation of drawings by painting style.
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(a) function (b) The rst derivative of (c) The secondderivative
of

Figurel2: InverseRate Distortion Function Graph for Painters Classi cation
Example. Thenumbersbelow the  ( ) axisandvertical grid lines
correspondo the numberof segmentsin the segmentatiorat which the point on
the graphwas measured.We seea clear minimum in the secondderiative of
the function at the solution with 24 segments. This solutionis a stable
segmentation(Thenumberdelow theaxisarenot clearlyseen. Pleasereferour
websitefor higherresolutiongraphs.)
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