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Abstract

Feature spaceanalysisis the main modulein manycom-
puter vision tasks. The mostpopular technique, k-means
clustering, however, hastwo inherent limitations: theclus-
ters are constrainedto be sphericallysymmetricand their
numberhasto be knowna priori. In nonparametricclus-
tering methods,like the one basedon meanshift, these
limitations are eliminatedbut the amountof computation
becomesprohibitively large as the dimensionof the space
increases. We exploit a recentlyproposedapproximation
technique, locality-sensitivehashing(LSH), to reducethe
computationalcomplexity of adaptivemeanshift. In our
implementationof LSHtheoptimalparameters of thedata
structurearedeterminedbya pilot learningprocedure, and
the partitions are data driven. As an application,the per-
formanceof modeandk-meansbasedtextonsarecompared
in a texture classificationstudy.

1. Intr oduction
Representationof visual informationthroughfeaturespace
analysisreceived renewed interest in recentyears,moti-
vatedby contentbasedimageretrieval applications. The
increasein theavailablecomputationalpower allows today
thehandlingof featurespaceswhich arehigh dimensional
andcontainmillions of datapoints.

The structureof high dimensionalspaces,however, de-
fiesour threedimensionalgeometricintuition. Suchspaces
areextremelysparsewith thedatapointsfarawayfromeach
other[17, Sec.4.5.1].Thus,to infer aboutthe local struc-
ture of the spaceonly a small numberof datapointsmay
be available,which canyield erroneousresults. The phe-
nomenonis known in thestatisticalliteratureasthecurseof
dimensionality, and its effect increasesexponentiallywith
thedimension.Thecurseof dimensionalitycanbeavoided
only by imposingafully parametricmodelover thedata[6,
p.203],anapproachwhich is not feasiblefor a high dimen-
sionalfeaturespacewith a complex structure.

The goal of featurespaceanalysisis to reducethe data
to a few significantfeaturesthroughaprocedureknown un-

der many differentnames,clustering,unsupervisedlearn-
ing, or vector quantization. Most often different variants
of k-meansclusteringareemployed, in which the feature
spaceis representedasamixtureof normaldistributions[6,
Sec.10.4.3].Thenumberof mixturecomponents is usu-
ally setby theuser.

The popularity of the k-meansalgorithm is due to its
low computationalcomplexity of ������������ , where� is the
numberof datapoints, � thedimensionof thespace,and �
thenumberof iterationswhich is alwayssmallrelativeto � .
However, sinceit imposesa rigid delineationover the fea-
ture spaceandrequiresa reasonableguessfor the number
of clusterspresent,thek-meansclusteringcanreturnerro-
neousresultswhentheembeddedassumptionsarenotsatis-
fied. Moreover, thek-meansalgorithmis not robust,points
which do not belongto any of the  clusterscanmove the
estimatedmeansaway from thedensestregions.

A robust clusteringtechniquewhich doesnot require
prior knowledgeof the numberof clusters,and doesnot
constrainthe shapeof the clusters,is the meanshift based
clustering.This is alsoaniterativetechnique,but insteadof
themeans,it estimatesthemodesof themultivariatedistri-
butionunderlyingthefeaturespace.Thenumberof clusters
is obtainedautomaticallyby findingthecentersof thedens-
estregionsin thespace(themodes).See[1] for details.Un-
derits original implementationthemeanshift basedcluster-
ing cannotbeusedin highdimensionalspaces.Alreadyfor����� , in avideosequencesegmentationapplication,afine-
to-coarsehierarchicalapproachhadto beintroduced[5].

Themostexpensive operationof themeanshift method
is finding theclosestneighborsof a point in thespace.The
problemis known in computationalgeometryas multidi-
mensionalrange searching [4, Chap.5]. The goal of the
rangesearchingalgorithms is to representthe data in a
structurein which proximity relationscan be determined
in less than ������� time. One of the most popularstruc-
tures,the kD-tree,is built in �������� "!#��� operations,where
the proportionalityconstantincreaseswith the dimension
of thespace.A queryselectsthepointswithin a rectangu-
lar region delimitedby aninterval on eachcoordinateaxis,
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andthequerytimefor kD-treeshascomplexity boundedby�%$&�('*)�+'-,/.10 , where . is the numberof points found.

Thus,for highdimensionsthecomplexity of aqueryis prac-
tically linear, yielding the computationalcurse of dimen-
sionality. Recently, several probabilisticalgorithmshave
beenproposedfor approximatenearestneighborsearch.
The algorithmsyield sublinearcomplexity with a speedup
whichdependson thedesiredaccuracy [7, 10, 11].

In this paperwe have adaptedthe algorithm in [7] for
meanshift basedclustering in high dimensions. Work-
ing with datain high dimensionsalsorequiredthatwe ex-
tend the adaptive meanshift procedureintroducedin [2].
All computervision applicationsof meanshift until now,
suchasimagesegmentation,objectrecognitionandtrack-
ing, werein relatively low-dimensionalspaces.Our imple-
mentationopensthe door to usemeanshift in tasksbased
onhigh-dimensionalfeatures.

In Section2 we presenta short review of the adaptive
mean-shifttechnique.Locality-sensitive hashing,thetech-
niquefor approximatenearestneighborsearchis described
in Section3, wherewe havealsointroducedrefinementsto
handledatawith complex structure. In Section4 the per-
formanceof adaptivemeanshift (AMS) in highdimensions
is investigated,and in Section5 AMS is usedfor texture
classificationbasedon textons.

2. AdaptiveMean Shift
Herewe only review someof the resultsdescribedin [2]
whichshouldbeconsultedfor thedetails.

Assumethat eachdatapoint 243�57698 , :;�=<">@?&?@?�>�� is
associatedwith a bandwidthvalue AB3DCFE . The sample
pointestimatorGHJI ��2K�L� <� MN 3POKQ <A 83 SRUTTTT 21VW2 3A 3 TTTT&X�Y (1)

basedon a sphericallysymmetrickernel Z with bounded
supportsatisfyingZ7��2��L�\[@]_^ 8 `��a�2ba X �UCcE a�2ba�d\< (2)

is anadaptive nonparametricestimatorof thedensityat lo-
cation2 in thefeaturespace.Thefunction `��ef� , Egd7eSd�< ,
is calledtheprofileof thekernel,andthenormalizationcon-
stant[@]_^ 8 assuresthat Zh��2�� integratesto one.Thefunctioni ��ej�k�lV(�m���ef� canalwaysbedefinedwhenthederivative
of thekernelprofile `��ej� exists. Using i ��ej� astheprofile,
thekernel no��2K� is definedas no��2K�#�p[	q ^ 8 i �ra	2ba X � .By takingthegradientof (1) thefollowing propertycan
beproven sut ��2K�L�wv Gx H I ��2K�GH t ��2y� (3)

wherev is a positiveconstantands/t ��2K�L�{z M3�OKQ Q| '~}��� 2 3 i9� TTT 2L�B2 �A�3 TTT X&�z M3�OKQ Q| '~}��� i � TTT 2��B2 �A 3 TTT X � V�2 (4)

is calledthe meanshift vector. The expression(3) shows
thatat location 2 theweightedmeanof thedatapointsse-
lectedwith kernel n is proportionalto thenormalizedden-
sity gradientestimateobtainedwith kernel Z . The mean
shift vector thus points toward the directionof maximum
increasein the density. The implication of the meanshift
propertyis thattheiterativeprocedure�f��� Q ��z M3�OKQ 2 �| '~}��� i � TTT �K� �B2 �AB3 TTT X �z M3�OKQ Q| '~}��� i � TTT � � �B2 �A 3 TTT X � � ��<">*��>&?@?@? (5)

is a hill climbing techniqueto the neareststationarypoint
of the density, i.e., a point in which the densitygradient
vanishes.Theinitial positionof thekernel,thestartingpoint
of theprocedure� Q canbechosenasoneof thedatapoints2 3 . Most often the pointsof convergenceof the iterative
procedurearethemodes(local maxima)of thedensity.

Thereare numerousmethodsdescribedin the statisti-
cal literatureto define AB3 , the bandwidthvaluesassociated
with the datapoints,mostof which usea pilot densityes-
timate[17, Sec.5.3.1].Thesimplestway to obtainthepilot
densityestimateis by nearestneighbors[6, Sec.4.5]. Let2 3 ^ ] be the  -nearestneighborof the point 2 3 . Then, we
take A 3 ��a	2 3 VW2 3 ^ ]�a Q (6)

where � Q norm is usedsinceit is themostsuitablefor the
datastructureto be introducedin the next section. The
choiceof thenormdoesnot havea majoreffect on theper-
formance. The numberof neighbors shouldbe chosen
large enoughto assurethat thereis an increasein density
within the supportof mostkernelshaving bandwidthsAB3 .
While thevalueof  shouldincreasewith � thedimension
of the featurespace,the dependenceis not critical for the
performanceof the meanshift procedure,aswill be seen
in Section4. Whenall A 3 ��A , i.e., a singleglobalband-
width value is used,the adaptive meanshift (AMS) pro-
cedurebecomesthe fixed bandwidthmeanshift (MS) dis-
cussedin [1].

A robustnonparametricclusteringof thedatais achieved
by applying the meanshift procedureto a representative
subsetof the datapoints. After convergence,the detected
modesaretheclustercenters,andtheshapeof theclusters
is determinedby thebasinsof attraction.See[1] for details.
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3. Locality-SensitiveHashing
Thebottleneckof meanshift in highdimensionsis theneed
for a fastalgorithmto performneighborhoodquerieswhen
computing(5). Theproblemhasbeenaddressedbeforein
thevision communityby sortingthedataaccordingto each
of the � coordinates[13], but a significant speedupwas
achievedonly whenthe datais closeto a low-dimensional
manifold.

Recentlynew algorithmsusingtools from probabilistic
approximationtheory were suggestedfor performingap-
proximatenearestneighborsearchin high dimensionsfor
generaldatasets[10, 11] andfor clusteringdata[9, 14]. We
usethe approximatenearestneighboralgorithm basedon
locality-sensitivehashing(LSH) [7] andadaptedit to han-
dle the complex datamet in computervision applications.
In a taskof estimatingthe poseof articulatedobjects,de-
scribedin theseproceedings[16], the LSH techniquewas
extendedto accommodatedistancesin theparameterspace.

3.1. High DimensionalNeighborhoodQueries
Given � points in 698 the meanshift iterations(5) require
a neighborhoodqueryaroundthecurrentlocation � � . The
naive methodis to scanthewholedatasetandtestwhether
the kernelof the point 2K3 covers �4� . Thus,for eachmean
computationthe complexity is �����4��� . Assumingthat for
every point in the datasetthis operationis performed �
times(a valuewhich dependson the A 3 ’s andthe distribu-
tion of thedata),thecomplexity of themeanshift algorithm
is ����� X ����� .To improve the efficiency of the neighborhoodqueries
thefollowing datastructureis constructed.Thedatais tes-
sellated� timeswith randompartitions,eachdefinedby Z
inequalities(Figure1). In eachpartition Z pairsof random
numbers,��] and �"] areused.First ��] , anintegerbetween1
and � is chosen,followedby �"] , avaluewithin therangeof
thedataalongthe ��] -th coordinate.

Thepair ����]�>��"]�� partitionsthedataaccordingto thein-
equality e 3 ^ 8	� d��"] :��%<">&?@?&?�>�� (7)

where e 3 ^ 8	� is the selectedcoordinatefor the data point2 3 . Thus, for eachpoint 2 3 eachpartition yields a Z -
dimensionalbooleanvector (inequality true/false). Points
whichhavethesamevectorlie in thesamecell of theparti-
tion. Usinga hashfunction,all thepointsbelongingto the
samecell areplacedin thesamebucket of a hashtable.As
we have � suchpartitions,eachpoint belongssimultane-
ouslyto � cells(hashtablebuckets).

To find the neighborhoodof radius A arounda query
point � , � booleanvectorsarecomputedusing(7). These
vectorsindex � cells v#� , �;��<">&?@?&?�>�� in the hashtable.

Thepointsin theirunion vU�1� �¡�POKQ v � aretheonesreturned

by thequery(Figure1). Notethatany � in theintersectionv£¢\� �¤�¥OyQ v#� will returnthe sameresult. Thus v£¢ deter-

minesthe resolutionof the datastructure,whereasvU� de-
terminesthesetof thepointsreturnedby thequery. Thede-
scribedtechniqueis calledlocality-sensitivehashing(LSH)
andwasintroducedin [10].

Pointsclosein 698 haveahigherprobabilityfor collision
in the hashtable. Since v ¢ lies closeto the centerof v£� ,
thequerywill returnmostof thenearestneighborsof � . The
examplein Figure1 illustratestheapproximatenatureof the
query. Partsof an �£Q neighborhoodcenteredon � arenot
coveredby v � whichhasadifferentshape.Theapproxima-
tion errorscanbereducedby building datastructureswith
larger vU� ’s,however, this will increasetherunningtime of
aquery.

¦
Figure1: Thelocality-sensitive hashingdatastructure.For
thequerypoint � theoverlapof � cellsyieldstheregion v �
whichapproximatesthedesiredneighborhood.

3.2. Optimal Selectionof § and ¨
Thevaluesfor Z and � determinetheexpectedvolumesofv£¢ and v � . The averagenumberof inequalitiesusedfor
eachcoordinateis Z1©J� , partitioningthedatainto Z1©J� , <
regions.Theaveragenumberof points �«ªf¬ in acell v � and�«ª` in their union v£� is�«ªf¬�®¯����Z°©J� , <±� � 8 �«ª`o®p�²��ªj¬�? (8)

Note that in estimating � ª  we disregard that the points
belongto several vb� ’s.

Qualitatively, the larger the valuefor Z , the numberof
cuts in a partition, the smallerthe averagevolume of the
cells v#� . Similarly, asthenumberof partitions � increases,
the volume of v ¢ decreasesand of vU� increases.For a
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given Z , only valuesof � below a certainboundare of
interest. Indeed,once � exceedsthis boundall the neigh-
borhoodof radius A around� hasbeenalreadycoveredbyv � . Thus,larger valuesof � will only increasethe query
timewith no improvementin thequalityof theresults.

Theoptimalvaluesof Z and � canbederivedfrom the
data. A subsetof datapoints 2 � > � �³<�>@´@´&´f> .¶µ � , is
selectedby randomsampling.For eachof thesedatapoints,
the � Q distanceA � (6) to its k-nearestneighboris deter-
minedaccuratelyby thetraditionallinearalgorithm.

In theapproximatenearestneighboralgorithmbasedon
LSH, for any pair of Z and � , we definefor eachof the. points A4· I ^ ��¸� , thedistanceto thek-nearestneighborre-
turnedby the query. When the querydoesnot return the
correctk-nearestneighborsA · I ^ ��¸� CpA � . Thetotal running
time of the . queriesis ¹���ZD>��#� . The optimal ��ZD>��U� is
thenchosensuchthat��Z�>r�#���\º�»r!L¼�½P¾I ^ � ¹���Z�>��U� (9)

subjectto:
<. ¿N� OyQ A · I ^ ��¸� A � d��~< ,hÀ �

whereÀ is theLSH approximationthresholdsetby theuser.
Theoptimizationisperformedasanumericalsearchpro-

cedure.For a given Z we compute,asa functionof � , the
approximationerrorof the . queries.This is shown in Fig-
ure 2a for a thirteen-dimensionalreal dataset. By thresh-
olding thefamily of graphsat À ��E�? E�Á , thefunction �(��Z��
is obtained(Figure2b). The runningtime cannow be ex-
pressedas ¹�Â Z�>��k��ZW�ÄÃ , i.e., a one-dimensionalfunction inZ , thenumberof employedcuts(Figure2c). Its minimum
is Z ¿ 3 M which togetherwith �k��Z ¿ 3 M � aretheoptimalpa-
rametersof theLSH datastructure.
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Figure2: Determiningthe optimal Z and � . (a) Depen-
denceof theapproximationerroron � for ZÅ�Æ<&E�>*��E�>�Ç"E .
The curvesare thresholdedat À �=E�? E�Á , dashedline. (b)
Dependenceof � on Z for À �%E�? E�Á . (c) Therunningtime¹�Â ZD>��(��Z����ÄÃ . Theminimumis marked‘ È ’.

The family of error curvescanbe efficiently generated.
The numberof partitions � is boundedby the available
computermemory. Let � ¿ÊÉ	Ë be that bound. Similarly,
we can set a maximum on the number of cuts, Z ¿ÊÉ	Ë .Next, the LSH datastructureis built with ��Z ¿ÊÉ	Ë >�� ¿ÊÉ	Ë � .

Then, the approximationerror is computedincrementally
for ���Ì<�>@´@´&´`>�� ¿£É�Ë by addingone partition at a time.
This yields �k��Z ¿ÊÉ	Ë � which is subsequentlyusedas � ¿ÊÉ	Ëfor Z ¿ÊÉ	Ë V�< , etc.

3.3. Data Dri venPartitions
Thestrategyof generatingthe � randomtessellationshasan
importantinfluenceontheperformanceof locality-sensitive
hashing.In [7] thecoordinates��] have equalchanceto be
selectedand the values �"] are uniformly distributed over
therangeof thecorrespondingcoordinate.Thispartitioning
strategy workswell only whenthedensityof thedatais ap-
proximatelyuniform in the entirespace.However, feature
spacesassociatedwith vision applicationsareoften multi-
modal.In [10, 11] theproblemof nonuniformlydistributed
datawasdealtwith by building severaldatastructureswith
differentvaluesof Z and � to accommodatethe different
local densities.The queryis performedfirst underthe as-
sumptionof a high density, andwhenit fails it is repeated
for lower densities.Theprocessterminateswhenthenear-
estneighborsarefound.

Ourapproachis to sampleaccordingto themarginaldis-
tributionsalongeachcoordinate.We usea few points 2 3
chosenat randomfrom thedataset. For eachpoint oneof
its coordinatesis selectedat randomto definea cut. Using
morethanonecoordinatefrom a point would imply sam-
pling from partial joint densities,but doesnot seemto be
moreadvantageous.Our adaptive, datadrivenstrategy as-
suresthatin denserregionsmorecutswill bemadeyielding
smallercells,while in sparserregionstherewill belesscuts.
Onaverageall cellswill containasimilarnumberof points.

Thetwo-dimensionaldatain Figure3band3bcomprised
of four clustersand uniformly distributed background,is
usedto demonstratethe two samplingstrategies. In both
casesthesamenumberof cutswereusedbut thedatadriven
methodplacesmostof thecutsovertheclusters(Figure3b).
For a quantitative performanceassessmenta data set of
tennormaldistributionswith arbitraryshapes(5000points
each)weredefinedin 50dimensions.Whenthedatadriven
strategy is used,the distribution of the numberof points
in a cell is muchmorecompactandtheir averagevalueis
muchlower (Figure3c). As a consequence,thedatadriven
strategy yieldsmoreefficientk-nearestneighborqueriesfor
complex datasets.

4. Mean Shift in High Dimensions
Given �`� , the current location in the iterations,an LSH
basedquery retrieves the approximateset of neighbors
neededto computethe next location (5). The resolution
of the dataanalysisis controlledby the user. In the fixed
bandwidthMS methodtheuserprovidesthebandwidthpa-
rameterA . In the AMS method,the usersetsthe number
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Figure3: Uniform vs. datadriven partitions. Typical re-
sult for two-dimensionaldataobtainedwith (a)uniform;(b)
datadrivenstrategy. (c) Distributionof points-per-cell for a
50-dimensionaldataset.

of neighbors usedin thepilot densityprocedure.Thepa-
rametersZ and � of theLSHdatastructureareselectedem-
ploying the techniquediscussedin Section3.2. Theband-
widths A�3 associatedwith the datapointsareobtainedby
performing � neighborhoodqueries.Oncethebandwidths
areset, the adaptive meanshift procedurerunsat approx-
imately the samecost as the fixed bandwidthmeanshift.
Thus,thedifferencebetweenMS andAMS is only onead-
ditionalqueryperpoint.

An ad-hocprocedureprovides further speedup.Since
the resolutionof the datastructureis v ¢ , with high prob-
ability one can assumethat all the points within v ¢ will
convergeto the samemode. Thus,onceany point from avU¢ is associatedwith amode,thesubsequentqueriesto vU¢
automaticallyreturnthismodeandthemeanshift iterations
stop. Themodesarestoredin a separatehashtablewhose
keysarethe � booleanvectorsassociatedwith vU¢ .

4.1. Adaptivevs. Fixed Bandwidth Mean Shift
To illustrate the advantageof adaptive meanshift, a data
setcontaining125,000pointsin a50-dimensionalcubewas
generated.From these <_E1Íu� , Á�E�E pointsbelongedto ten
sphericalnormaldistributions(clusters)whosemeanswere
positionedon a line throughtheorigin. Thestandarddevi-
ationincreasesasthemeanbecomesmoredistantfrom the
origin. For anadjacentpair of clusters,theratio of thesum
of standarddeviations to the distancebetweenthe means
waskeptconstant.Theremaining100,000pointswereuni-
formly distributedin the50-dimensionalcube.Plottingthe

distancesof the datapointsfrom the origin yields a graph
very similar to the one in Figure4a. Note that the points
fartherfrom theorigin havea largerspread.

The performanceof the fixed bandwidth(MS) and the
adaptivemeanshift (AMS) proceduresis comparedfor var-
ious parametervaluesin Figure4. The experimentswere
performedfor 500pointschosenat randomfrom eachclus-
ter, atotalof 5000points.Thelocationassociatedwith each
selectedpoint after the meanshift procedure,is the em-
ployed performancemeasure.Ideally this locationshould
benearthecenterof theclusterto which thepointbelongs.

In theMS strategy, whenthebandwidthA is small,due
to the sparsenessof the high-dimensionalspacevery few
points have neighborswithin distanceA . The meanshift
proceduredoesnotstartandtheallocationof thepointsis to
themselves(Figure4a).Ontheotherhandas A increasesthe
windows becometoo largefor someof the local structures
andpointsmayconvergeincorrectlyto thecenter(mode)of
anadjacentcluster(Figures4b to 4d).

The pilot densityestimationin the AMS strategy auto-
matically adaptsthe bandwidthto the local structure.The
parameter , thenumberof neighborsusedfor thepilot es-
timationdoesnot have a stronginfluence.Thedatais pro-
cessedcorrectlyfor o�%<_E"E to 500,exceptfor a few points
(Figures4eto 4g), andevenfor S�Î�JE�E only someof the
pointsin theclusterwith thelargestspreadconvergeto the
adjacentmode(Figure4h). Thesuperiorityof theadaptive
meanshift in high dimensionsis clearlyvisible. Dueto the
sparsenessof the50-dimensionalspace,the100,000points
in thebackgrounddid not interferewith themeanshift pro-
cessesundereitherstrategy, proving its robustness.

Theuseof theLSH datastructurein themeanshift pro-
cedureassuresa significantspeedup.We have derivedfour
differentfeaturesspacesfrom atextureimagewith thefilter
banksdiscussedin thenext section.Thespaceshaddimen-
sion �9��ÏB>�Ð�>@<&Ç and48, andcontained�Ñ��Ò�Á"Á"Ç"Ò points.
An AMS procedurewasrun both with linear andapproxi-
matequeriesfor 1638points. Thenumberof neighborsin
thepilot densityestimationwas S�Æ<_E"E . Theapproxima-
tion errorof theLSH was À �ÓE�? E�Á . Therunningtimes(in
seconds)in Table1 show theachievedspeedups.

Table1: RunningTimesof AMSImplementations� Traditional LSH Speedup

4 1,507 80 18.8
8 1,888 206 9.2
13 2,546 110 23.1
48 5,877 276 21.3

Thespeedupwill increasewith thenumberof datapoints� , andwill decreasewith thenumberof neighbors . There-
fore in themeanshift procedurethespeedupis not ashigh
asin applicationsin which only a small numberof neigh-
borsarerequired.
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Figure4: Distancefrom theorigin of 5000pointsfrom ten50-dimensionalclustersafter fixedbandwidthmeanshift (MS):
(a) to (d); andadaptivemeanshift (AMS) : (e) to (h). Theparameters:MS – bandwidthA ; AMS – numberof neighbors .
5. TextureClassification
Efficientmethodsexist for textureclassificationundervary-
ing illumination andviewing direction[3],[12], [15], [18].
In thestate-of-the-artapproachesa texture is characterized
throughtextons, whichareclustercentersin a featurespace
derivedfrom theinput. Following [12] this featurespaceis
built from theoutputof a filter bankappliedat every pixel.
However, aswasshown recently[19], neighborhoodinfor-
mationin thespatialdomainmayalsosuffice.

Theapproachesdiffer in theemployedfilter bank.
– LM : A combinationof 48anisotropicandisotropicfil-

terswereusedby LeungandMalik [12] andCulaand
Dana[3]. The filters are Gaussianmasks,their first
derivative andLaplacian,definedat threescales.Be-
causeof theorientedfilters, the representationis sen-
sitive to texture rotations.The featurespaceis 48 di-
mensional.

– S: A setof 13 circular symmetricfilters wasusedby
Schmid[15] to obtaina rotationally invariant feature
set.Thefeaturespaceis 13dimensional.

– M4, M8: Both representationswere proposedby
Varmaand Zissermann[18]. The first one (M4) is
basedon 2 rotationallysymmetricand12 orientedfil-
ters. Thesecondsetis anextensionof thefirst oneat
3 differentscales.The featurevectoris computedby
retainingonly themaximumresponsefor theoriented
filters(2 outof 12for M4 and6 outof 36for M8), thus
reducingthedependenceon theglobaltextureorienta-
tion. Thefeaturespaceis 4 respectively8 dimensional.

To find the textons,usually the standardk-meansclus-
tering algorithm is used,which as was discussedin Sec-

tion 1 hasseveral limitations. The shapeof the clustersis
restrictedto besphericalandtheirnumberhasto besetprior
to theprocessing.

Themostsignificanttextonsareaggregatedinto the tex-
ton library. This serves as a dictionary of representative
localstructuralfeaturesandmustbegeneralenoughto char-
acterizea largevarietyof textureclasses.A texture is then
modeledthrough its texton histogram. The histogramis
computedby defining at every pixel a featurevector, re-
placing it with the closesttexton from the library (vector
quantization)andaccumulatingthe resultsover the entire
image.

Let two textures : and
�

be characterizedby the his-
togramsÔ�3 and Ô � built from Õ textons. As in [12] theÖ X distancebetweenthesetwo textondistributionsÖ X ��Ô�3�>rÔ � �L�Ø×NÙ OKQ Â Ô 3 ��¹��ÚVÑÔ � ��¹��ÄÃ XÔ 3 ��¹�� , Ô � ��¹�� (10)

is usedto measuresimilarity, althoughnotetheabsenceof
thefactor <J©�� to takeinto accountthatthecomparisonis be-
tweentwo histogramsderivedfrom data. In a textureclas-
sificationtaskthetrainingimagewith thesmallestdistance
from thetestimagedeterminestheclassof thelatter.

In our experimentswe substitutedthe k-meansbased
clustering module with the adaptive mean shift (AMS)
basedrobust nonparametricclustering. Thus, the textons
insteadof beingmeanbasedarenow modebased, andthe
numberof thesignificantonesis determinedautomatically.

The completeBrodatzdatabasecontaining112 textures
with varyingdegreesof complexity wasusedin theexperi-
ments.Classificationof theBrodatzdatabaseis challenging
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becauseit containsmany nonhomogeneoustextures. TheÁ�<_��ÍÛÁ�<_� imagesweredividedinto four ��Á�ÒÜÍÛ��Á�Ò subim-
ageswith half of thesubimagesbeingusedfor training(224
models)and the other half for testing(224 queries). The
normalizationsrecommendedin [18] (bothin theimageand
filter domains)werealsoperformed.

Thenumberof significanttextonsdetectedwith theAMS
proceduredependsonthetexture.Wehavelimited thenum-
ber of modetextonsextractedfrom a texture classto five.
Thesamenumberwasusedfor themeantextons.Thus,by
addingthe textonsto the library, a texton histogramhasat
most Õ¯�¯Á�Ò�E bins.

Table2: ClassificationResultsfor theBrodatzDatabase
Filter M4 M8 S LM

RND 84.82% 88.39% 89.73% 92.41%
k-means 85.71% 94.64% 93.30% 97.32%
AMS 85.27% 93.75% 93.30% 98.66%

Theclassificationresultsusingthedifferentfilter banks
arepresentedin Table2. Thebestresultwasobtainedwith
theLM modetextons,anadditionalthreecorrectclassifica-
tionsout of thesix errorswith themeantextons.However,
thereis no clearadvantagein usingthemodetextonswith
theotherfilter banks.

The classificationperformanceis close to its upper
bounddefinedby the texture inhomogeneity, dueto which
thetestandtrainingimagesof a classcanbeverydifferent.
This observationis supportedby theperformancedegrada-
tion obtainedwhenthe databaseimagesweredivided into
sixteen<_�"Ð�ÍÝ<±��Ð subimagesandthesamehalf/halfpartition
yielded896modelsand896 queries.The recognitionrate
decreasedfor all the filter banks. The bestresultof 94%,
wasagainobtainedwith the LM filters for both the mean
andmodetextons. In [8], with thesamesetupbut employ-
ing a different texture representation,andusing only 109
texturesfrom theBrodatzdatabasetherecognitionratewasÐ"E�? Ï�Þ .

A textureclassis characterizedby the histogramof the
textons,anapproximationof thefeaturespacedistribution.
Thehistogramis constructedfrom a VoronoidiagramwithÕ cells. The verticesof the diagramare the textons,and
eachhistogrambin containsthenumberof featurepointsin
a cell. Thus,variationsin textonstranslatein approximat-
ing the distribution by a different diagram,but it appears
to have a weakinfluenceon theclassificationperformance.
Whenby uniform samplingfive randomvectorswerecho-
senas textons, the classificationperformance(RND) de-
creasedonly between1%to 6%.

Thek-meansclusteringimposesrigidly a givennumber
of identicalsphericalclustersover thefeaturespace.Thus,
it is expectedthat whenthis structureis not adequate,the
modebasedtextonswill provideamoremeaningfuldecom-
positionof thetexture image.This is provenin thefollow-
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Figure5: Mode ( È ) vs. mean( ß ) basedtextons. The lo-
cal structureis bettercapturedby the modetextons. D001
texture,LM filter bank.

ing two examples.

In Figure5 the LM filter bankwasappliedto a regular
texture.TheAMS procedureextracted21textons,thenum-
ber also usedin the k-meansclustering. However, when
orderedby size, the first few modetextonsareassociated
with morepixelsin theimagethanthemeantextons,which
alwaysaccountfor a similar numberof pixels. Thediffer-
encebetweenthe modeandmeantextonscanbe seenby
markingthe pixelsassociatedwith textonsof the samelo-
calstructure(Figure5, bottom).Theadvantageof themode
basedrepresentationis moreevidentfor thenonregulartex-
ture in Figure 6, wherethe cumulative distribution of the
modetextonsclassifiedpixelsis hasa sharperincrease.

Sincetextonscapturelocalspatialconfigurations,webe-
lieve thatcombiningthemodetextonswith therepresenta-
tion proposedin [19] canoffer more insight into why the
textonapproachis superiorto previoustechniques.
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cal structureis bettercapturedby themodetextons. D040
texture,S filter bank.

6. Conclusion
Wehaveintroducedacomputationallyefficientmethodthat
makespossiblein high dimensionalspacesthedetectionof
the modesof distributions. By employing a datastructure
basedonlocality-sensitivehashing,asignificantdecreasein
therunningtime wasobtainedwhile maintainingthequal-
ity of theresults.Thenew implementationof themeanshift
procedureopensthedoorto thedevelopmentof visionalgo-
rithmsexploiting featurespaceanalysis– includinglearning
techniques– in high dimensions.TheC++ sourcecodeof
this implememtationof meanshift canbedownloadedfrom

http://www.caip.rutgers.edu/riul
.
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