Mean Shift BasedClustering in High Dimensions:
A Texture ClassificationExample
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Abstract

Feature spaceanalysisis the main modulein manycom-
puter vision tasks. The mostpopular technique k-means
clustering howerer, hastwo inherentlimitations: the clus-
ters are constainedto be sphericallysymmetricand their
numberhasto be knowna priori. In nonpamametricclus-
tering methods,like the one basedon mean shift, these
limitations are eliminatedbut the amountof computation
becomegprohibitively large as the dimensionof the space
increases. We exploit a recentlyproposedapproximation
technique locality-sensitivehashing(LSH), to reducethe
computationalcompleity of adaptivemeanshift. In our
implementatiorof LSH the optimal parametes of the data
structue are determinedy a pilot learningprocedue, and
the partitions are data driven. As an application, the per-
formanceof modeandk-meandasedextonsare compaed
in a texture classificationstudy

1. Intr oduction

Representationf visualinformationthroughfeaturespace
analysisreceied renaved interestin recentyears, moti-

vatedby contentbasedimageretrieval applications. The

increasen the availablecomputationapower allows today
the handlingof featurespacesvhich arehigh dimensional
andcontainmillions of datapoints.

The structureof high dimensionakpaceshowever, de-
fiesour threedimensionageometridntuition. Suchspaces
areextremelysparsavith thedatapointsfarawayfromeach
other[17, Sec.4.5.1].Thus,to infer aboutthe local struc-
ture of the spaceonly a small numberof datapoints may
be available, which canyield erroneougesults. The phe-
nomenoris known in thestatisticalliteratureasthe curseof
dimensionality andits effect increasesxponentiallywith
thedimension.The curseof dimensionalitycanbe avoided
only by imposingafully parametrianodeloverthedatal6,
p.203],anapproactwhichis notfeasiblefor a high dimen-
sionalfeaturespacewith a complex structure.

The goal of featurespaceanalysisis to reducethe data
to afew significantfeatureghrougha procedureknown un-
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der mary differentnames,clustering,unsupervisedearn-
ing, or vector quantization. Most often different variants
of k-meansclusteringare employed, in which the feature
spacds representedsa mixture of normaldistributions[6,

Sec.10.4.3].The numberof mixture components is usu-
ally setby theuser

The popularity of the k-meansalgorithm is dueto its
low computationatomplexity of O(nkNd), wheren is the
numberof datapoints,d thedimensionof thespaceand N
thenumberof iterationswhichis alwayssmallrelative to n.
However, sinceit imposesa rigid delineationover the fea-
ture spaceandrequiresa reasonablguessfor the number
of clusterspresentthe k-meansclusteringcanreturnerro-
neougesultswhentheembeddedssumptionarenotsatis-
fied. Moreover, the k-meansalgorithmis not robust, points
which do not belongto ary of the & clusterscanmove the
estimatedneansaway from the densestegions.

A rohbust clusteringtechniquewhich doesnot require
prior knowledge of the numberof clusters,and doesnot
constrainthe shapeof the clusters,is the meanshift based
clustering.Thisis alsoaniterative techniqueput insteadof
themeansijt estimategthe modesof the multivariatedistri-
butionunderlyingthefeaturespace Thenumberof clusters
is obtainedautomaticallyby finding the centersof thedens-
estregionsin thespacdgthemodes).Seg1] for details.Un-
derits originalimplementatiorthe meanshift basedtluster
ing cannotbe usedin high dimensionakpacesAlreadyfor
d = 7,in avideosequencsggmentatiorapplication afine-
to-coarséhierarchicalpproachadto beintroduced5].

The mostexpensve operationof the meanshift method
is finding the closestneighborsof a pointin the space.The
problemis known in computationalgeometryas multidi-
mensionalrange seaching [4, Chap.5]. The goal of the
range searchingalgorithmsis to representhe datain a
structurein which proximity relationscan be determined
in lessthan O(n) time. One of the most popular struc-
tures,the kD-tree, is built in O(nlogn) operationswhere
the proportionality constantincreaseswith the dimension
of the space.A queryselectsthe pointswithin a rectangu-
lar region delimitedby aninterval on eachcoordinateaxis,



andthequerytime for kD-treeshascomplexity boundedy
(0] (n% + m), wherem is the numberof points found.

Thus,for highdimensionghecomplexity of aqueryis prac-

tically linear, yielding the computationalcurse of dimen-
sionality. Recently several probabilistic algorithmshave

been proposedfor approximatenearestneighborsearch.
The algorithmsyield sublinearcomplexity with a speedup
whichdepend®nthedesiredaccuray [7, 10, 11].

In this paperwe have adaptedthe algorithmin [7] for
mean shift basedclusteringin high dimensions. Work-
ing with datain high dimensionsalsorequiredthat we ex-
tend the adaptve meanshift procedureintroducedin [2].
All computervision applicationsof meanshift until now,
suchasimagesegmentation objectrecognitionandtrack-
ing, werein relatively low-dimensionakpacesOurimple-
mentationopensthe door to usemeanshift in tasksbased
on high-dimensionafeatures.

In Section2 we presenta shortreview of the adaptve
mean-shiftechnique.Locality-sensitve hashing the tech-
niguefor approximatenearesneighborsearchs described
in Section3, wherewe have alsointroducedrefinementgo
handledatawith complex structure. In Section4 the per
formanceof adaptve meanshift (AMS) in high dimensions
is investigatedandin Section5 AMS is usedfor texture
classificatiorbasedn textons.

2. Adaptive Mean Shift

Herewe only review someof the resultsdescribedn [2]

which shouldbe consultedor the details.
Assumethateachdatapointx; € R%, i = 1,...,nis

associatedvith a bandwidthvalue h; > 0. The sample
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is anadaptie nonparametri@stimatorof the densityat lo-
cationx in thefeaturespace Thefunctionk(z),0 < z <1,
is calledtheprofile of thekernel,andthenormalizationcon-
stantey, 4 assureshat K (x) integratesto one. Thefunction
g(z) = —k'(z) canalwaysbe definedwhenthe derivative
of thekernelprofile k() exists. Using g(z) asthe profile,
thekernelG(x) is definedasG(x) = ¢,,q4 g(|1x/|?).
By takingthe gradientof (1) the following propertycan
beproven
mg(x) = <) ©)
fa(x)

where( is apositive constantand
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is calledthe meanshift vector The expression(3) shavs
thatat locationx the weightedmeanof the datapointsse-
lectedwith kernelG is proportionalto thenormalizedden-
sity gradientestimateobtainedwith kernel K. The mean
shift vector thus points toward the direction of maximum

increasen the density The implication of the meanshift
propertyis thattheiterative procedure
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is a hill climbing techniqueto the nearesttationarypoint
of the density i.e., a point in which the density gradient
vanishesTheinitial positionof thekernel,thestartingpoint
of theprocedurey, canbechosermasoneof thedatapoints
x;. Most often the points of corvergenceof the iterative
procedurarethe modes(local maxima)of the density

There are numerousmethodsdescribedin the statisti-
cal literatureto defineh;, the bandwidthvaluesassociated
with the datapoints, mostof which usea pilot densityes-
timate[17, Sec.5.3.1].The simplestway to obtainthe pilot
densityestimateis by nearesineighbors[6, Sec.4.5]. Let
x; 1 bethe k-nearesmneighborof the point x;. Then,we
take

mg(x) =

(4)

Yjr1 =

—_

hi = [|x; = xi k|1 (6)

whereL; normis usedsinceit is the mostsuitablefor the
datastructureto be introducedin the next section. The
choiceof the normdoesnot have a majoreffect onthe per

formance. The numberof neighborsk shouldbe chosen
large enoughto assurethat thereis anincreasen density
within the supportof mostkernelshaving bandwidthsh;.

While the valueof &k shouldincreasewith d the dimension
of the featurespace the dependencés not critical for the
performanceof the meanshift procedureaswill be seen
in Section4. Whenall h; = h, i.e., a singleglobal band-
width valueis used,the adaptive meanshift (AMS) pro-

cedurebecomeshe fixed bandwidthmeanshift (MS) dis-

cussedn [1].

A robustnonparametriclusteringof thedatais achieved
by applying the meanshift procedureto a representatie
subsetof the datapoints. After corvergence the detected
modesarethe clustercentersandthe shapeof the clusters
is determinedy thebasinsof attraction.See[1] for details.



3. Locality-Sensitive Hashing

Thebottleneckof meanshiftin highdimensionss theneed
for afastalgorithmto performneighborhoodjuerieswvhen
computing(5). The problemhasbeenaddressedeforein

thevision communityby sortingthe dataaccordingto each
of the d coordinateq13], but a significant speedupwas
achieved only whenthe datais closeto a low-dimensional
manifold.

Recentlynew algorithmsusingtools from probabilistic
approximationtheory were suggestedor performing ap-
proximatenearesineighborsearchin high dimensiongfor
generadataset$10, 11] andfor clusteringdatal9, 14]. We
usethe approximatenearestneighboralgorithm basedon
locality-sensitivehashing(LSH) [7] andadaptedt to han-
dle the complex datametin computervision applications.
In a taskof estimatingthe poseof articulatedobjects,de-
scribedin theseproceedingg16], the LSH techniquewas
extendedo accommodatdistancesn the parametespace.

3.1 High DimensionalNeighborhoodQueries

Givenn pointsin R? the meanshift iterations(5) require
aneighborhoodjueryaroundthe currentlocationy ;. The
naive methodis to scanthe whole datasetandtestwhether
the kernelof the pointx; coversy ;. Thus,for eachmean
computationthe compleity is O(nd). Assumingthat for
every point in the datasetthis operationis performed N
times(a valuewhich dependsn the h;'s andthe distribu-
tion of thedata) the compleity of themeanshift algorithm
is O(n2dN).

To improve the efficiency of the neighborhoodjueries
thefollowing datastructureis constructed The datais tes-
sellatedL timeswith randompartitions,eachdefinedby K
inequalitiegFigurel). In eachpartition K pairsof random
numbersdy, andv, areused.Firstdy,, anintegerbetweenl
andd is chosenfollowedby vy, a valuewithin therangeof
thedataalongthed,-th coordinate.

The pair (dx, vg) partitionsthe dataaccordingto thein-
equality

:ci,dkgvk i=1,...,n (7)

where z; 4, is the selectedcoordinatefor the data point
x;. Thus, for eachpoint x; each partition yields a K-
dimensionalbooleanvector (inequality true/false). Points
which have the samevectorlie in the samecell of the parti-
tion. Using a hashfunction, all the pointsbelongingto the
samecell areplacedin the samebucket of a hashtable. As
we have L suchpartitions, eachpoint belongssimultane-
ouslyto L cells (hashtablebuckets).

To find the neighborhoodof radius b arounda query
point g, L booleanvectorsarecomputedusing (7). These
vectorsindex L cellsC;, | = 1,...,L in the hashtable.

L
Thepointsin theirunionCy = |J C; aretheonesreturned
=1

by the query(Figurel). Notethatary ¢ in theintersection
L
Cn = ) C; will returnthe sameresult. ThusCr, deter

minestlhe1 resolutionof the datastructure whereasC, de-
termineghesetof the pointsreturnedoy thequery Thede-
scribedtechniquéds calledlocality-sensitivehashing(LSH)
andwasintroducedn [10].

Pointsclosein R? have ahigherprobabilityfor collision
in the hashtable. SinceCH lies closeto the centerof Cy,
thequerywill returnmostof thenearesheighborof gq. The
examplein Figurelillustratestheapproximatenatureof the
query Partsof an L; neighborhooctenteredn g arenot
coveredby C, whichhasadifferentshape Theapproxima-
tion errorscanbe reducedby building datastructureswith
larger Cy’s, however, thiswill increasehe runningtime of
aquery

Figurel: Thelocality-sensitve hashingdatastructure.For
thequerypointq theoverlapof L cellsyieldstheregion C
which approximateshe desirednheighborhood.

3.2 Optimal Selectionof K and L

Thevaluesfor K and L determinethe expectedvolumesof
Cn andCy. The averagenumberof inequalitiesusedfor
eachcoordinatds K /d, partitioningthe datainto K /d + 1
regions. Theaveragenumberof pointsN¢, in acell C; and
N¢,, in theirunionCl is
Ng, ~n(K/d+1)™* Ng,~LNg, .  (8)

Note thatin estimatingN¢, we disregard that the points
belongto severalC;'s.

Qualitatively, the largerthe valuefor K, the numberof
cutsin a partition, the smallerthe averagevolume of the
cellsC;. Similarly, asthe numberof partitionsL increases,
the volume of C decreasesind of C, increases.For a



given K, only valuesof L belov a certainboundare of
interest. Indeed,once L exceedsthis boundall the neigh-
borhoodof radiush aroundq hasbeenalreadycoveredby
Cy. Thus,largervaluesof L will only increasethe query
time with noimprovementin the quality of theresults.

Theoptimalvaluesof K and L canbederivedfrom the
data. A subsetof datapointsx;,j = 1,---,m < n, is
selectedy randomsampling.For eachof thesedatapoints,
the L, distanceh; (6) to its k-nearesteighboris deter
minedaccuratelyby thetraditionallinearalgorithm.

In the approximatenearesneighboralgorithmbasedon
LSH, for ary pair of K and L, we definefor eachof the
m pointsh(.K’L), the distanceto the k-nearesneighborre-
turnedby the query Whenthe query doesnot returnthe
correctk—nearesneighbor§1§-K’L) > h;. Thetotal running
time of the m queriesis ¢(K, L). Theoptimal (K, L) is
thenchosersuchthat

(K,L) = arg 111{1,121 t(K,L) 9)

m ('K7L)
jectto: — J
subjectto mz

=1

<
h; <(1+¢

wheree is theLSH approximatiorthresholdsetby the user

Theoptimizationis performedasanumericalsearctpro-
cedure.For agiven K we compute asa functionof L, the
approximatiorerrorof them queries.Thisis shovnin Fig-
ure 2afor a thirteen-dimensionaleal dataset. By thresh-
olding the family of graphsate = 0.05, thefunction L(K)
is obtained(Figure 2b). The runningtime cannow be ex-
pressedast[K, L(K)], i.e., a one-dimensionafunction in
K, thenumberof employed cuts(Figure2c). Its minimum
is Knin Whichtogethewith L(K,,;,) arethe optimal pa-
rameterof the LSH datastructure.
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Figure2: Determiningthe optimal KX and L. (a) Depen-
denceof the approximatiorerroron L for K = 10, 20, 30.
The curvesarethresholdedat e = 0.05, dashedine. (b)
Dependencef L on K for e = 0.05. (c) Therunningtime
t[K, L(K))]. Theminimumis marked‘ x’.

The family of error curvescanbe efficiently generated.
The numberof partitions L is boundedby the available
computermemory Let L,,,, be that bound. Similarly,
we can set a maximum on the numberof cuts, K,,..
Next, the LSH datastructureis built with (K42, Lmaz)-

Then, the approximationerror is computedincrementally
for L = 1,---, L., by addingone partition at a time.

Thisyields L(K,,,,) whichis subsequentlysedas L, .

for Kinae — 1, €tc.

3.3 Data Driven Partitions

Thestrategyy of generatinghe L randomtessellationfiasan
importantinfluenceontheperformancef locality-sensitve
hashing.In [7] the coordinatesi; have equalchanceto be
selectedand the valueswv;, are uniformly distributed over
therangeof thecorrespondingoordinate This partitioning
stratgly workswell only whenthedensityof the datais ap-
proximatelyuniformin the entire space.However, feature
spacesassociateavith vision applicationsare often multi-
modal.In [10, 11] the problemof nonuniformlydistributed
datawasdealtwith by building several datastructureswith
differentvaluesof K and L to accommodatehe different
local densities. The queryis performedfirst underthe as-
sumptionof a high density andwhenit fails it is repeated
for lower densities.The procesgerminatesvhenthe near
estneighborsarefound.

Ourapproachs to sampleaccordingo the mamginal dis-
tributions along eachcoordinate. We usea few points x;
chosenat randomfrom the dataset. For eachpoint oneof
its coordinatess selectedat randomto definea cut. Using
more than one coordinatefrom a point would imply sam-
pling from partial joint densities but doesnot seemto be
more advantageousOur adaptve, datadriven stratgy as-
sureghatin denseregionsmorecutswill bemadeyielding
smallercells,while in sparseregionstherewill belesscuts.
Onaverageall cellswill containasimilarnumberof points.

Thetwo-dimensionatlatain Figure3band3bcomprised
of four clustersand uniformly distributed background,is
usedto demonstratehe two samplingstratgies. In both
caseshesamenumberof cutswereusedbut thedatadriven
methodplacesmostof thecutsovertheclusterqFigure3b).
For a quantitatve performanceassessmena data set of
ten normaldistributionswith arbitrary shapeg5000points
each)weredefinedin 50 dimensionsWhenthe datadriven
stratgy is used,the distribution of the numberof points
in a cell is muchmore compactandtheir averagevalueis
muchlower (Figure3c). As a consequencehe datadriven
stratgy yieldsmoreefficientk-nearesheighborqueriesor
comple datasets.

4. Mean Shift in High Dimensions

Giveny;, the currentlocationin 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 methodthe userprovidesthe bandwidthpa-
rameterh. In the AMS method,the usersetsthe number
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Figure 3: Uniform vs. datadriven partitions. Typical re-
sultfor two-dimensionatiataobtainedwith (a) uniform; (b)
datadrivenstratey. (c) Distribution of points-percell for a
50-dimensionatiataset.

of neighborsk usedin the pilot densityprocedureThe pa-

rameterdl andL of theLSH datastructureareselecteegem-

ploying the techniquediscussedn Section3.2. The band-
widths h; associatedvith the datapoints are obtainedby

performingn neighborhoodjueries.Oncethe bandwidths
are set, the adaptie meanshift procedureruns at approx-
imately the samecost as the fixed bandwidthmeanshift.

Thus,the differencebetweerMS andAMS is only onead-

ditional queryperpoint.

An ad-hocprocedureprovides further speedup. Since
the resolutionof the datastructureis Cr, with high prob-
ability one canassumethat all the points within C will
cornvergeto the samemode. Thus,onceary point from a
Ch is associatedvith amode thesubsequerueriesto Cn
automaticallyreturnthis modeandthe meanshift iterations
stop. The modesarestoredin a separatéashtablewhose
keysarethe L booleanvectorsassociateavith C,.

4.1 Adaptivevs. Fixed Bandwidth Mean Shift

To illustrate the advantageof adaptve meanshift, a data
setcontainingl25,000pointsin a50-dimensionatubewas
generated.From thesel0 x 2,500 points belongedto ten
sphericahormaldistributions(clusterswhosemeansvere
positionedon a line throughthe origin. The standarddevi-

ationincreasessthe meanbecomesnoredistantfrom the
origin. For anadjacenpair of clusterstheratio of thesum
of standarddeviationsto the distancebetweenthe means
waskeptconstant.Theremaining100,000pointswereuni-

formly distributedin the 50-dimensionatube. Plotting the

distanceof the datapointsfrom the origin yields a graph
very similar to the onein Figure4a. Note that the points
fartherfrom theorigin have alargerspread.

The performanceof the fixed bandwidth(MS) andthe
adaptve meanshift (AMS) proceduress comparedor var-
ious parametewaluesin Figure4. The experimentswere
performedor 500 pointschoseratrandomfrom eachclus-
ter, atotal of 5000points. Thelocationassociategvith each
selectedpoint after the meanshift procedure,is the em-
ployed performancameasure.ldeally this locationshould
be nearthe centerof the clusterto which the pointbelongs.

In the MS stratayy, whenthe bandwidthh is small, due
to the sparsenessf the high-dimensionakpacevery few
points have neighborswithin distanceh. The meanshift
proceduraloesnot startandtheallocationof the pointsis to
themseles(Figure4a). Ontheotherhandash increaseshe
windows becometoo large for someof the local structures
andpointsmaycorvergeincorrectlyto thecenterfmode)of
anadjacentluster(Figures4bto 4d).

The pilot densityestimationin the AMS stratgy auto-
matically adaptsthe bandwidthto the local structure. The
parametek, the numberof neighborsusedfor the pilot es-
timation doesnot have a stronginfluence. The datais pro-
cessedtorrectlyfor £ = 100 to 500, exceptfor afew points
(Figuresdeto 49), andevenfor k = 700 only someof the
pointsin the clusterwith the largestspreadcorvergeto the
adjacenimode(Figure4h). The superiorityof the adaptve
meanshiftin high dimensionss clearlyvisible. Dueto the
sparsenessf the 50-dimensionaspacethe 100,000points
in thebackgroundlid notinterferewith the meanshift pro-
cessesindereitherstratgy, proving its robustness.

The useof the LSH datastructurein the meanshift pro-
cedureassures significantspeedupWe have derived four
differentfeaturesspacedrom atextureimagewith thefilter
banksdiscussedn thenext section.The spacehiaddimen-
siond = 4, 8,13 and48, andcontainedn = 65536 points.
An AMS procedurevasrun both with linear andapproxi-
matequeriesfor 1638 points. The numberof neighborsn
the pilot densityestimationwask = 100. The approxima-
tion error of theLSH wase = 0.05. Therunningtimes(in
seconds)n Tablel show theachievedspeedups.

Table1: RunningTimesof AMSImplementations
| d | 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

Thespeeduwill increasavith thenumberof datapoints
n, andwill decreaswvith thenumberof neighborss. There-
fore in the meanshift procedurehe speedups not ashigh
asin applicationsn which only a small numberof neigh-
borsarerequired.
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Figure4: Distancefrom the origin of 5000 pointsfrom ten 50-dimensionatlustersafter fixed bandwidthmeanshift (MS):
(a)to (d); andadaptize meanshift (AMS) : (e) to (h). The parametersMS — bandwidthh; AMS — numberof neighborsk.

5. Texture Classification

Efficientmethodsexist for textureclassificatiorundervary-
ing illumination andviewing direction[3],[12], [15], [18].
In the state-of-the-arapproachea textureis characterized
throughtextons which areclustercentersn afeaturespace
derivedfrom theinput. Following [12] this featurespaceds
built from the outputof afilter bankappliedat every pixel.
However, aswasshown recently[19], neighborhoodnfor-
mationin the spatialdomainmayalsosufice.

Theapproachediffer in theemployedfilter bank.

— LM : A combinatiorof 48 anisotropicandisotropicfil-
terswereusedby LeungandMalik [12] andCulaand
Danal[3]. The filters are Gaussiarmasks,their first
derivative and Laplacian,definedat threescales.Be-
causeof the orientedfilters, the representatiolis sen-
sitive to texture rotations. The featurespaces 48 di-
mensional.

— S A setof 13 circular symmetricfilters was usedby
Schmid[15] to obtaina rotationally invariantfeature
set. Thefeaturespacds 13 dimensional.

— M4, M8: Both representationsvere proposedby
Varmaand Zissermann18]. The first one (M4) is
basedon 2 rotationallysymmetricand 12 orientedfil-
ters. The secondsetis an extensionof the first oneat
3 differentscales. The featurevectoris computedby
retainingonly the maximumresponsédor the oriented
filters (2 outof 12 for M4 and6 out of 36 for M8), thus
reducingthedependencentheglobaltextureorienta-
tion. Thefeaturespacas 4 respectrely 8 dimensional.

To find the textons, usually the standardk-meansclus-

tering algorithmis used,which aswas discussedn Sec-

tion 1 hasseveral limitations. The shapeof the clustersis
restrictedo besphericahndtheirnumberhasto besetprior
to theprocessing.

The mostsignificanttextonsareaggreyatedinto the tex-
ton library. This senesas a dictionary of representatie
localstructurafeaturesandmustbegeneraknougho char
acterizea large variety of texture classesA textureis then
modeledthroughits texton histagram The histogramis
computedby defining at every pixel a featurevector, re-
placing it with the closesttexton from the library (vector
guantization)and accumulatingthe resultsover the entire
image.

Let two texturesi and j be characterizedy the his-
togramsH; and H; built from T textons. As in [12] the
x? distancebetweerthesetwo texton distributions

Z [H H;(®)?

Hj(t)
is usedto measuresimilarity, althoughnotethe absencef
thefactorl /2 to takeinto accounthatthecomparisons be-
tweentwo histogramgderived from data. In atexture clas-
sificationtaskthe trainingimagewith the smallestdistance
from the testimagedetermineshe classof thelatter.

In our experimentswe substitutedthe k-meansbased
clustering module with the adaptve mean shift (AMS)
basedrobust nonparametriclustering. Thus, the textons
insteadof beingmeanbasedare now modebased andthe
numberof the significantonesis determinedautomatically

The completeBrodatzdatabase&ontainingl12 textures

with varyingdegreesof complexity wasusedin the experi-
ments.Classificatiorof the Brodatzdatabasés challenging

x2(H;, Hy) (10)



becauseat containsmary nonhomogeneoutextures. The
512 x 512 imagesweredividedinto four 256 x 256 subim-
ageawith half of thesubimage$eingusedfor training(224
models)and the other half for testing(224 queries). The
normalizationgecommendeih [18] (bothin theimageand
filter domains)werealsoperformed.

Thenumberof significanttextonsdetectedvith theAMS
proceduralepend®nthetexture. We havelimited thenum-
ber of modetextons extractedfrom a texture classto five.
The samenumberwasusedfor the meantextons. Thus, by
addingthe textonsto the library, a texton histogramhasat
mostT = 560 bins.

Table 2: ClassificationResultfor the BrodatzDatabase

[Fiter | 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%

The classificatiorresultsusingthe differentfilter banks
arepresentedn Table2. The bestresultwasobtainedwith
theLM modetextons,anadditionalthreecorrectclassifica-
tionsout of the six errorswith the meantextons. However,
thereis no clearadwantagein usingthe modetextonswith
theotherfilter banks.

The classification performanceis close to its upper
bounddefinedby the textureinhomogeneitydueto which
thetestandtrainingimagesof a classcanbevery different.
This obsenationis supportedy the performancelegrada-
tion obtainedwhenthe databasémagesweredivided into
sixteenl 28 x 128 subimagesndthesamehalf/halfpartition
yielded 896 modelsand 896 queries. The recognitionrate
decreasedor all the filter banks. The bestresultof 94%,
was againobtainedwith the LM filters for both the mean
andmodetextons. In [8], with the samesetupbut employ-
ing a differenttexture representationand using only 109
texturesfrom the Brodatzdatabas¢herecognitionratewas
80.4%.

A texture classis characterizedby the histogramof the
textons,an approximatiornof the featurespacedistribution.
The histogramis constructedrom a Voronoidiagramwith
T cells. The verticesof the diagramare the textons, and
eachhistogrambin containghe numberof featurepointsin
acell. Thus,variationsin textonstranslatein approximat-
ing the distribution by a differentdiagram,but it appears
to have aweakinfluenceon the classificatiorperformance.
Whenby uniform samplingfive randomvectorswere cho-
senas textons, the classificationperformance(RND) de-
creaseanly betweernl%to 6%.

The k-meansclusteringimposesigidly a givennumber
of identicalsphericalclustersover the featurespace.Thus,
it is expectedthat whenthis structureis not adequatethe
modebasedextonswill provideamoremeaningfuldecom-
positionof thetextureimage. This is provenin thefollow-
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Figure5: Mode () vs. mean(o) 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. The AMS procedurextracted?1 textons,thenum-
ber also usedin the k-meansclustering. However, when
orderedby size, the first few modetextons are associated
with morepixelsin theimagethanthe meantextons,which
alwaysaccountfor a similar numberof pixels. The differ-
encebetweenthe modeand meantextons can be seenby
markingthe pixels associateavith textons of the samelo-
cal structurg(Figure5, bottom). The advantageof themode
basedepresentatiors moreevidentfor thenonregulartex-
ture in Figure 6, wherethe cumulative distribution of the
modetextonsclassifiedpixelsis hasa sharpeincrease.

Sincetextonscapturdocal spatialconfigurationsye be-
lieve that combiningthe modetextonswith the representa-
tion proposedn [19] canoffer moreinsightinto why the
texton approachs superiorto previoustechniques.
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Figure 6: Mode (x) vs. mean(o) basedtextons. The lo-
cal structureis bettercapturecby the modetextons. D040
texture, Sfilter bank.

6. Conclusion

We haveintroduceda computationallyefficient methodthat
malkespossiblein high dimensionakpaceshe detectionof
the modesof distributions. By employing a datastructure
basednlocality-sensitve hashingasignificantdecreasé
the runningtime wasobtainedwhile maintainingthe qual-
ity of theresults.Thenew implementatiorof themeanshift
procedurepenshedoorto thedevelopmenbf visionalgo-
rithmsexploiting featurespaceanalysis-includinglearning
techniques- in high dimensions.The C++ sourcecodeof
thisimplememtatiorof meanshift canbe downloadedrom
http://ww. cai p. rutgers. edu/ ri ul
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