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Abstract— The synthesisof many texturescan be simpli�ed if they are
�rst decomposedinto simpler subtextures. Such bootstrap procedure al-
lows to �rst considera `label texture', that capturesthe layout of the sub-
textures,after which the subtexturescan be �lled in. A companionpaper
focuseson this latter aspect. This paper describesan approach to arri ve
at the label texture. Pairwise pixel similarities are computed by match-
ing simple color and texture featureshistograms in pixel neighbourhoods,
using ef�cient mean-shift search. A graph-based,unsupervised algorithm
segmentsthe imageinto subtextures,basedon the similarities.

Keywords—segmentation,compositetextures,texture synthesis

I . INTRODUCTION

Many texturesaresocomplex thatfor their analysisandsyn-
thesisthey can betterbe considereda compositionof simpler
subtextures.A goodcasein point arelandscapetextures.Open
pasturescanbemixedwith patchesof forestandrock. Thedi-
rect synthesisof the overall texture would defy existing meth-
ods. Thewholeonly appearsto beonetextureat a very coarse
scale.In termsof intensity, colors,andsimple�lter outputssuch
scenecannot beconsidered̀homogeneous'.Thehomogeneity
ratherexistsin termsof theregularity(in astructuralor stochas-
tic sense)in thelayoutof simplersubtextures.

Texturecanbethoughtof asaregularlayoutof simplerstruc-
tures,which themselvescanbe consideredin suchway. This
processof decompositioncan end at the point where the re-
mainingsubtexturesarehomogeneousin termsof very simple
features,like color or simple�lter outputs.This recursive de�-
nition suggestsahierarchicaltexturemodelingscheme.Thispa-
perdiscussesanapproachto analyzeonelayerof thishierarchy,
directlyabovethelevel wherethesubtexturescanbediscovered
on thebasisof simplefeatures.An unsupervisedsegmentation
schemeis proposed,thatdecomposesatextureinto suchsubtex-
tures.

SectionII discussesthe simpletexture featuresthat we use,
and how they are comparedto group pixels into the different
subtextures.SectionIII describesthecliquepartitioningmethod
thatlies at theheartof this groupingprocess.SectionIV shows
somesegmentationresults.SectionV concludesthepaper.

I I . PIXEL SIMILARITY SCORES

For the descriptionof the subtextures,both color andstruc-
tural information is taken into account. Local statisticsof the
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color coordinatesand the wavelet detail coef�cients
���������
���

(horizontal,verticalanddiagonal)arederived.Weused
a Haar-wavelet,but anotherwavelet family or �lterbank could
beusedto optimizethesystem.

Theinitial
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-colorand
���������
���

-structuralfeaturevec-
tor of an imagepixel � are both referredto as ��� . The local
statisticsof thevectors��� nearthepixel � arecapturedby a lo-
cal histogram��� .
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Fig. 1. (top left) patcheswith identicaltexture anddifferent illumination. (bot-
tom left) traditional intensityhistogramsof the paches. (right) weightedhis-
togramsof thepatches.

A. WeightedFeaturehistograms.

To avoid problemswith sparsehigh-dimensionalhistograms,
we�rst quantizethefeaturespace,in thesameveinasthetexton
analysisin [7]. The bin centersareobtainedby hierarchically
clusteringthevectors� � until a �x ednumberof binsis reached
(wechose8) or anerroris exceeded.

Insteadof assigninga pixel to a singlebin, eachpixel is as-
signedavectorof weightsthatexpressits af�nity to thedifferent
bins(textons).Theweightsarebasedontheeuclideandistances
to thebin centers.If

�

�"!$#&%�����')(�*+% is thedistancebetweena
featurevalue � � andthe , -th bin center, we computethecorre-
spondingweightas
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Theresultinglocal weightedhistogram ��� of pixel � is obtained
by averagingtheweightsovera region <=� :
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In our experiments,<F� waschosena circular region,with a ra-
diusof G pixels.

Theresultingweightedhistogramcanbeconsideredasmooth
versionof thetraditionalhistogram.Theweightingcausessmall
changesin the featurevectors(e.g. dueto non-uniformillumi-
nation) to result in small changesin the histogram. In tradi-
tional histogramsthis is often not the caseaspixels may sud-
denlyjumpto anotherbin. Figure1 illustratesthisby computing
histogramsof two rectangularpatchesfromasingleBrodatztex-
ture. The patcheshave similar texture,only the illumination is
different.Clearlytheweightedhistograms(right) arelesssensi-
tiveto thisdifference.Thisis re�ectedin ahigherBhattacharyya
score(3).

Color andstructuralhistogramsarecomputedseparately. In
a �nal stage,thecolor andstructurehistogramsaresimplycon-
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Fig. 2. (left) normal comparisonbetweentwo pixels, the dashedlines indi-
catethesupports��� and �	� of thehistograms.(right) comparisonwith shifts,
avoidingproblemsneartexture borders.
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In orderto comparethefeaturehistograms,we haveusedthe

Bhattacharyyacoef�cient � . Its de�nition for two frequency his-
tograms� #
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This coef�cient is proven to be morerobust [8] in the caseof
zerocountbinsandnon-uniformvariancethanthechi-squared
statistic. In fact, after a few manipulationsonecan show the
following relation:
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Anotheradvantageof theBhattacharyyacoef�cient overthe
�

8

-
measureis thatit is symmetric,whichis morenaturalwhensim-
ilarity hasto beexpressed.

B. ShiftedMatching.

In order to evaluatethe similarity betweentwo pixels, their
featurehistogramsarenot simply compared.Rather, the com-
parisonof thehistogramfor the�rst pixel is madewith thoseof
all pixels in a neighbourhoodof thesecond.The bestpossible
scoreis takenasthesimilarity ���

�
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betweenthe two pixels.
This allows the systemto assesssimilarity without having to
collecthistogramsfrom largeregions <F� . Theadvantageis that
boundariesbetweensubtexturesarebetterlocated,asis shown
in �gure 2.

Thesearchfor thelocationwith thebestmatchinghistogram
closeto thesecondpixel is basedon themeanshift gradientto
maximizethe Bhattacharyyameasure[6]. This avoids having
to performan exhaustive search.Comparisonsarein fact also
carriedout over a numberof differentscales.This is to cater
for perspectiveeffectsandthelike thatmayexist within asingle
subtexture. A �nal re�nementis by de�ning a symmetricsimi-
larity measure� : �
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Asshiftedmatchescauseneighbouringpixelsto haveanexact

match,thesimilarity scoresareonly computedfor a subsample
(a regular grid) of the imagepixels, which alsoyields a com-
putationaladvantage.Yet, after segmentationof this sample,a
high-resolutionsegmentationmapis obtainedasfollows. The
histogramof eachpixel is �rst comparedto eachentry in the
list of neighbouringsamplehistograms(at truescaleonly). The
pixel is thenassignedto thebestmatchingclassin thelist.

Our particularsegmentationalgorithm requiresa calibrated
similarity matrix � with entries ')( indicatingthat pixels are
likely to belongtogetherandentries *+( indicatingthe oppo-
site.Theabsolutevalueof theentryis ameasureof con�dence.
Sofar, all thesimilarities � have positive values.We subtracta
constantvalue,which in all our experimentswaskeptthesame.
With this �x edvalueimageswith differentnumbersof subtex-
turescould be segmentedsuccessfully. Hence,the numberof
subtextureswasnot given to the system,aswould e.g. be re-
quiredin , -meansclustering.Having this thresholdin thesys-
tem canbe an advantage,asit allows the userto expresswhat
heor sheconsidersto beperceptuallysimilar.

I I I . PIXEL GROUPING

A. Cliquepartitioning

In orderto achieve the intended,unsupervisedsegmentation
of the compositetexturesinto simplersubtextures,pixelsneed
to begroupedinto disjointclasses,basedontheirpairwisesimi-
larity scores.Takenontheirown, thesesimilaritiesaretoonoisy
to yield robust results.Pixelsbelongingto thesamesubtexture
may e.g. have a negative score(falsenegative) and pixels of
differentsubtexturesmayhave positive scores(falsepositives).
Nevertheless,takenaltogether, thesimilarity scorescarryquite
reliableinformationaboutthecorrectgrouping.Thetransitivity
of subtexture membershipis crucial: if pixels �+�

�
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C arein the
sameclassand�

C

�

��! too, then ���
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�

C and ��! mustbelongto the
sameclass.Evenif oneof thepairsgetsafalselynegativescore,
thetwo otherscanoverridea decisionto split. Next, we formu-
latethetexturesegmentationproblemsoasto exploit transitiv-
ity to detectandavoid falsescores.Wepresentatime-optimised
adaptationof thegroupingalgorithmwe �rst introducedin [9].
Weconstructacompletegraph, whereeachvertex representsa
pixel andwhereedgesareweightedwith thepairwisesimilarity
scores.We partition , into completelyconnecteddisjoint sub-
setsof vertices(cliques)soasto maximizethetotalscoreonthe
remainingedges(Clique Partitioning, or CP). The transitivity
propertyis ensuredby thecliqueconstraint:every two vertices
in a clique are connected,and no two verticesfrom different
cliquesareconnected.TheCP formulationof texturesegmen-
tation is madepossibleby the presenceof positive and nega-
tive weights: they naturally leadto the de�nition of a bestso-
lution without theneedof knowing thenumberof cliques(sub-
textures)or the introductionof arti�cial stoppingcriteria asin
othergraph-basedapproachesbasedonstrictly positiveweights
[3], [1]. Ontheotherhand,ourapproachneedstheparameter-/.
thatdeterminesthesplittingpointbetweenpositiveandnegative
scores.But,asourexperimentshaveshown, thesameparameter
valueyieldsgoodresultsfor awiderangeof images.Moreover,
thesamevalueyieldsgoodresultsfor exampleswith a variable
numberof subtextures.This is muchbetterthanhaving to spec-
ify this number, aswould e.g. benecessaryin a , -meansclus-
teringapproach.

CP canbe solved by Linear Programming[2] (LP). Let -
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be the weight of the edgeconnecting
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indicatewhethertheedgeexists in thesolution. Thefollowing
LP canbeestablished:
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(5)
The inequalitiesexpressthe transitivity constraints,while the
objective function to be maximizedcorrespondsto the sumof
theintra-cliqueedges.

B. A fastapproximation

UnfortunatelyCP is an NP-hardproblem [2]: LP (5) has
worst caseexponentialcomplexity in thenumber 
 of vertices
(pixels),makingit impracticalfor large 
 . The challengeis to
�nd a practicalway out of this complexity trap. The correct
partitioningof theexamplein �gure 3 is $ $
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. A
simplegreedystrategy merging two vertices
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failsbecauseit merges
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asits �rst move.Suchanapproach
suffers from two problems:the generatedsolutiondependson
the order by which verticesareprocessedandit looks only at
local information.

We proposethe following iterative heuristic. The algorithm
startswith thepartition
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representing,respectively, thescoreof thebestmerging choice
for clique # andtheassociatedcliqueto mergewith. We merge
cliques #��
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C if andonly if the threefollowing conditionsare
metsimultaneously
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In other words, two cliquesare mergedonly if eachone rep-
resentsthe bestmerging option for the other and if merging
themincreasesthe total score. At eachiterationthe functions

$

��� ���

+

��� �

arecomputed,andall pairsof cliquesful�lling the
criteriaaremerged.Thealgorithmiteratesuntil no two cliques
canbe merged. At eachiteration, the function � canbe pro-
gressively computedfrom its valuesin the previous iteration.
Thebasicobservationis thatfor any pairof mergedcliques# !=#
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. Thisstronglyreducestheamountof opera-
tionsneededto compute� andmakesthealgorithmmuchfaster
thanin [9].

Fig. 3 shows an interestingcase.In the �rst iteration $
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Fig. 3. An examplegraph and two iterationsof our heuristic. Not displayed
edgeshavezero weight.

In the seconditeration $��
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iterationshows thepower of CP. Vertex � is connectedto unre-
liable edges( -
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only, it is notpossibleto derivethecorrectpar-
titioning $ $
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; but,asweaddvertices$
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, theglobal
informationincreasesandCParrivesat thecorrectpartitioning.

The proposedheuristic is order independent, takes a more
global view thana direct greedystrategy, andresolvesseveral
ambiguoussituationswhile maintainingpolynomial complex-
ity. Analysis revealsthat the exact amountof operationsde-
pendson the structureof the data,but it is at most

�
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in the
averagecase.Moreover, the operationsaresimple: only com-
parisonsandsumsof real values(no multiplication or division
is involved).

In the �rst iterations, being biased toward very positive
weights,the algorithmrisks to take wrong merging decisions.
Neverthelessour merging criterion ensuresthis risk to quickly
diminish with the size of the cliques in the correct solution
(numberof pixels forming eachsubtexture) andat eachitera-
tion, as the cliquesgrow and increasetheir resistanceagainst
spuriousweights.

C. Performanceof theapproximation

Thepracticalshortcutfor theimplementationof CPmayraise
somequestionsasto its performance.In particular, how much
noiseon the edgeweights (i.e. uncertaintyon the similarity
scores)canit withstand?And, how well doestheheuristicap-
proximationapproachthe true solutionof CP?We testedboth

Vert. Cliques Diff % Err % LP Err % Approx
15 3 0.53 6.8 6.93
12 2 0.5 2.92 3.08
21 3 0.05 2.19 2.14
24 3 0.2 1.13 1.33

TABLE I

Comparisonof LP andour approximation.Thenoiselevel is 25%.Diff % is

theaverage percentualdifferencebetweenthepartitioningsproducedby the

twoalgorithms.Thetwo Err columnsreporttheaverage percentage

misclassi�edverticesfor each algorithm.

LP andthe heuristicon randominstancesof the CP problem.
Graphswith a priori known, correctpartitioning were gener-
ated. Their sizesdiffered in that both the numberof cliques
andthe total numberof vertices(all cliqueshadthesamesize)



Vertices Cliques Noiselevel Err % Approx
40 4 25 0.33
60 4 25 0.1
60 4 33 2.1
120 5 36 1.6
1000 10 40 0.7

TABLE II

Performanceof theCP approximationalgorithmonvariousproblemsizes.

werevaried. Intra-cliqueweightswereuniformly distributedin
�
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with
	

realnumber, while inter-cliqueweightswereuni-
formly distributed in

�

'

� �
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, yielding an ill-signed edgeper-
centageof �

���
	

. Thisnoiselevel couldbecontrolledby varying
theparameter

	

. Let thedifferencebetweentwopartitioningsbe
theminimumamountof verticesthatshouldchangetheirclique
membershipin one partitioning to get the other. The quality
of the producedpartitioningsis evaluatedin termsof average
percentage of misclassi�edvertices: thedifferencebetweenthe
producedpartitioningandthecorrectone,averagedover100in-
stancesanddivided by the total numberof verticesin a single
instance.

Table II reportsthe performanceof our approximationfor
larger problemsizes. Given 25% noiselevel, the averageer-
ror alreadybecomesnegligible with clique sizesbetween10
and 20 (less than 0.5%). In problemsof this size, or larger,
the algorithmcanwithstandevenhighernoiselevels,still pro-
ducinghigh quality solutions.In thecaseof 1000verticesand
10 cliques,even with 40% noiselevel (

	

#�� ), the algorithm
producessolutionswhich arecloserthan1% to thecorrectone.
This caseis of particularinterestasits sizeis similar to thetyp-
ical texture segmentationproblems.TableI shows a compari-
sonbetweenour approximationto CPandtheoptimalsolution
computedby LP on variousproblemsizes,with constantnoise
level setto 25%(

	

#

�

). In all casesthepartitioningsproduced
by the two algorithmsarevirtually identical: the averageper-
centualdifferenceis verysmallasshown in thethird columnof
the table. Due to thevery high computationalsdemandsposed
by LP, the largestproblemreportedherehasonly 24 vertices.
Beyondthatpoint,computationtimesrun into thehours,which
weconsiderastooimpractical.Notethattheaveragepercentage
of misclassi�cationsquickly dropwith thesizeof thecliques.

Theproposedheuristicis fast:it completedtheseproblemsin
lessthan0.1 seconds,exceptfor the 1000verticesone,which
took about4 secondson the average.The ability to dealwith
thousandsof verticesisparticularlyimportantin ourapplication,
aseverypixel to beclusteredwill correspondto a vertex.

Fig.4 showstheaverageerrorfor aproblemwith 100vertices
and5 cliquesasa function of the noiselevel (

	

variesfrom 3
to 5.5). Although the error grows fasterthanlinearly, andthe
problemhasrelatively small size,the algorithmproduceshigh
quality solutionsin situationswith asmuchas36%of noise.

Theseencouragingresultsshow CP's robustnessto noiseand
support our heuristic as a good approximation. Cliques in
theseexperimentswere only given the samesize to simplify
thediscussion.Thealgorithmitself dealswith differentlysized
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Fig. 4. Relationshipbetweennoiselevel anderror, for a 100vertices,5 cliques
problem. Theaverage percentage of misclassi�edvertices(X-axis) is still low
with asmuch as36%noiselevel.

cliques.

IV. EXPERIMENTAL RESULTS

Performanceof the algorithm was testedon both compos-
ite textures and textured landscapes.Figure 5 shows a tex-
ture collage. The image was processedin three ways. In
(a) we appliedhistogrammatchingwithout allowing “shifted”
matches(i.e. a similarity match for pair

�

�

�����

is simply
�

�

���

�

�

C

�

). (c) shows the segmentationusing mean shift to
achieve an optimal match,which clearly solves the problems
at boundariesbetweensubtextures.Segmentation(d) wascom-
puted with the normalized cuts algorithm [3], available at

http://www.cs.berkeley.edu alongwith astandard
setof parameters.Figures6 and8 show resultsof ouralgorithm
on sometexturesandlandscapes.Finally �gure 7 shows a full
synthesisobtainedfrom its segmentationmap.For moredetails,
we refer to the paper“Parallel CompositeTexture Synthesis”,
elsewherein theproceedings.

V. CONCLUSIONS

The paperdescribedthe segmentationpart of a methodthat
synthesizestexturesby �rst segmentingtheminto simplersub-
textures. An effective method,basedon a very time-ef�cient
approximationof cliquepartitioning,wasproposed.Thisbuilds
on robust color andstructurerelatedsimilarity scores.Future
work will includetexturehierarchiesof morethantwo levels.
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(a) (b)

(c) (d)

Fig.5. (a) original image (texturecollage) andsegmentationsobtained(b) with
CP and no shiftedmatching. (c) using CP and shiftedmatching (meanshift
optimization)and(d) usingNormalizedCuts.

Fig. 6. Segmentationof compositetexturesusingour algorithm(CPandshifted
matching).

Fig. 7. Original imageandsynthesis.Thesynthesiswasobtainedbyseparately
synthesizingthesubtexturesfromthelabelmapin �gur e6 (bottomleft).

Fig. 8. Landscapesegmentations(CP andshiftedmatching)


