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Abstract

The objectiveof this paper is classi�cation of materials
froma singleimageobtainedunderunknownviewpointand
illumination conditions. Texture classi�cation undersuch
general conditionsis an extremelychallengingtask. Our
methodsarebasedonthestatisticaldistributionof rotation-
ally invariant �lter responsesin a low dimensionalspace.

There are two points of novelty: �r st, two representa-
tions of �lter outputs,textonsand binnedhistograms,are
shownto beequivalent;second,two classi�cationmethod-
ologies,nearestneighbourmatching andBayesianclassi�-
cation,arecompared.

In essence, giventheequivalenceof textonandbin rep-
resentations,thepapercarriesoutanexactcomparisonbe-
tweenthe texton baseddistribution comparisonclassi�ers
of Leungand Malik [IJCV 2001], Cula and Dana [CVPR
2001], and Varma and Zisserman[ECCV 2002], and the
Bayesianclassi�cationschemeofKonishiandYuille [CVPR
2000].

Thecomparisonsare assessedby classifyingimagesof
all 61 materialspresentin theColumbia-Utrecht database.
Classi�cation ratesof over 97% are achievedfor both the
methodswhileclassifyingmore than2800imagesin all.

1 Intr oduction

In this paper, we investigatetheproblemof classifyingma-
terialsfrom their imagedappearance,without imposingany
constraintson, or requiringany a priori knowledgeof, the
viewing or illumination conditionsunderwhich theseim-
ageswereobtained.Classifyingtexturesfrom a singleim-
ageundersuchgeneralconditionsis averydemandingtask.

A texture imageis primarily a functionof thefollowing
variables:the texture surface,its albedo,the illumination,
the cameraand its viewing position. Even if we were to
keepthe �rst two parameters�x ed, i.e. photographexactly
thesamepatchof textureevery time, minor changesin the
otherparameterscanleadto dramaticchangesin theresul-

tant image(see�gure 1). This causesa largevariability in
theimagedappearanceof a textureanddealingwith it suc-
cessfullyis oneof themaintasksof any classi�cationalgo-
rithm. Anotherfactorwhichcomesinto play is thefactthat,
quite often, two materialswhenphotographedundervery
differentimagingconditionscanappearto bequitesimilar,
asis illustratedby �gure 2. It is acombinationof boththese
factorswhich makes the texture classi�cation problemso
hard.

Weak classi�cation algorithmsbasedon the statistical
distributionof �lter responseshaveshown muchpromiseof
late. The two typesof algorithmin this category thathave
beenparticular successfulare (a) the Bayesianclassi�er
basedonthejoint probabilitydistributionfunction(PDF)of
�lter responsesrepresentedby a binnedhistogram[5], and
(b) the nearestneighbour� 2 distribution comparisonclas-
si�ers basedon a texton frequency representation[2, 6, 9].
In this paper, we draw an equivalencebetweenthesetwo
representations.We are then able to comparethe perfor-
manceof Bayesiananddistribution comparisonclassi�ers
usingeitherrepresentation.

The successof Bayesianclassi�cation appliedto �lter
responseswasconvincingly demonstratedby Konishi and
Yuille [5]. Workingon theSowerbyandSanFranciscoout-
door datasets,their aim wasto classifyimageregionsinto

Figure1: Thechangein imagedappearanceof thesametex-
ture(# 30, PlasterB) with variationin imagingconditions.
Top row: constantviewing angleandvarying illumination.
Bottomrow: constantilluminationandvaryingviewing an-
gle. Thereis a considerabledifferencein the appearance
acrossimages.



Figure2: Small inter classvariationsbetweentexturescan
make theproblemharderstill. In the top row, the �rst and
the fourth imageare the sametexture while all the other
images,even though they look similar, belong to differ-
ent classes.Similarly, in the bottom row, the imagesap-
pearsimilar andyet therearethreedifferenttextureclasses
present.

oneof six textureclasses.Thejoint PDFof theclasscondi-
tional likelihoodof six �lter responsesfor eachtexturewas
learnt from training images. It was representedas a his-
togramby quantisingthe �lter responsesinto bins. Novel
imagepixels werethenclassi�ed by computingtheir �lter
responsesandusingBayes'decisionrule. Finally, to clas-
sify an entire imageor imageregion, pixel independence
wasassumedandpixel posteriorprobabilitiesmultipliedto-
gether.

In contrast, distribution comparisonclassi�ers such
as [2, 6, 9] learn distributions of texton frequenciesfrom
trainingimagesandthenclassifynovel imagesby compar-
ing their texton distribution to the learntmodels.Different
comparisonmethodsmaybeused,suchastheBhattacharya
metric,EarthMover'sdistance,KL divergence,etc.,but the
� 2 signi�cancetest,in conjunctionwith anearestneighbour
rule, is oftenpreferred.

LeungandMalik [6] wereamongstthe�rst to seriously
tackle the problemof classifying3D texturesand, in do-
ing so, madean importantinnovation by giving an opera-
tional de�nition of a texton. They de�ned a 2D texton to
be a clustercentrein �lter responsespace.This not only
enabledtextonsto begeneratedautomaticallyfrom an im-
age,but alsoopenedup thepossibilityof a universal setof
textonsfor all images.To compensatefor 3D effects,they
proposed3D textonswhichwereclustercentresof �lter re-
sponsesover a stackof 20 trainingimageswith representa-
tive viewpointsandlighting. They developedanalgorithm
capableof classifyinga stackof 20 registered,novel im-
agesusing 3D textons and appliedit very successfullyto
the Columbia-Utrecht(CUReT) [4] database.Later, Cula
andDana[2] andVarmaandZisserman[9] showedthat2D
textonscouldbeusedto classifysingleimageswithout any
lossof performance.

Classi�cation performanceis evaluatedhereon image
setstaken from the CUReTtexture database.All 61 ma-
terialspresentin thedatabaseareincluded,and92 images
of eachmaterialareusedwith only themostextremeview-

pointsbeingexcluded(see[9] for details). The variety of
texturesin this databaseis illustratedin �gure 3. The 92
imagespresentfor eachtexture classare partitionedinto
two, disjoint sets.Imagesin the�rst (training)setareused
for model learning,andclassi�cationaccuracy is assessed
on the46 imagesfor eachtextureclassin thesecond(test)
set.

The materialsin the CUReT databaseare examplesof
3D texturesandexhibit a marked variation in appearance
with changesin viewing andillumination conditions[1, 2,
3, 6, 10]. The dif�culty of single imageclassi�cation is
highlightedby �gure 4 which illustrateshow drasticallythe
appearanceof a texture canchangewith varying imaging
conditions. Modelling suchtexturesby a singleprobabil-
ity distribution of �lter responses[5, 8] may fail in sucha
situation.Thesolutionadoptedhereis to representeachtex-
tureclassby probabilitydistributions(models)conditioned
implicitly on viewpoint andillumination. Hence,multiple
modelsaregeneratedfrom the varioustraining imagesfor
eachtexture classand thesemodelscharacterisethe dif-
ferentappearancesof the texturewith variationin imaging
conditions.Thus,eachtraining imagecanpotentiallygen-
eratea model,andthe choiceof which modelsareusedis
basedon a greedyalgorithm which maximisesclassi�ca-
tion performanceover thetrainingset[9]. On average,7-8
modelsrepresenteachtextureclass.

The layout of the paperis asfollows: in section2, we
outlinea low dimensionalrepresentationof rotationallyin-
variant �lter responseswhich was �rst introducedin [9].
We alsodescribethe two commonrepresentations,texton
andbinnedhistogram,of the joint PDF of �lter responses
andcommenton their equivalence.Then,in section3, we
presenta comparisonbetweenthetexton andbin represen-

Figure 3: Textures from the Columbia-Utrechtdatabase.
All imagesareconvertedto monochromein this work, so
colouris notusedin discriminatingdifferenttextures.



Figure 4: Imagesof ribbed paper taken under different
viewing andlighting conditions. The materialhassigni�-
cantsurfacenormalvariationandthereforechangesits ap-
pearancedrasticallywith imagingconditionstherebymak-
ing singleimageclassi�cationanextremelydif�cult job.

tationsusinga distribution comparisonclassi�er. Next, we
implementa Bayesianclassi�er usinga texton representa-
tion in section4 andcontrastits performanceto thedistribu-
tion comparisonclassi�er. Weconcludeby discussingsome
of theadvantagesandlimitationsof theCUReTdatabase.

2 Filter Responsesand their Repre-
sentation

In this section,we �rst describethe�lters bankthatis used
here,and then discusstwo popularrepresentationsof the
�lter responses,textonsandbinning,whichwewill show to
beequivalent.

Filter bank: Traditionally, the �lter banksemployed
for textureanalysishave includeda largenumberof �lters
in keepingwith the philosophy that many diversefeatures
at multiple orientationsandscalesneedto beextractedac-
curately to successfullyclassify textures. However, con-
structingandstoringPDFsof �lter responsesin a high di-
mensional�lter responsespaceis computationallyinfeasi-
ble andthereforeit is necessaryto limit thedimensionality
of the�lter responsevector. Boththeserequirementscanbe
achieved if multiple oriented�lters areusedbut their out-
putscombinedto form a low dimensional,rotationally in-
variantresponsevector. A novel �lter bankwhichdoesthis
is the Maximum Response(MR8) �lter bankwhich com-
prises38 �lters but only 8 �lter responses(see�gure 5).
The�lters includeaGaussianandaLaplacianof aGaussian
(LOG) �lter , anedge(�rst derivative) �lter at6 orientations
and3 scalesandabar(secondderivative) �lter alsoat6 ori-
entationsand3 scales.Theresponseof the isotropic�lters
(GaussianandLOG) areuseddirectly, but theresponsesof
the oriented�lters (bar andedge)are,at eachscale,“col-
lapsed”by usingonly themaximum�lter responsesacross
all orientations- therebygiving 8 rotationallyinvariant�lter
responsesin total.

Rotationinvarianceis desirablein thatit leadsto thecor-
rectclassi�cationof rotatedversionsof texturespresentin
thetrainingset.Anothermotivationfor usingtheMR8 �lter
bankis thatangularinformationcanstill berecorded.Fur-

thermore,we expectthat moresigni�cant textonsaregen-
eratedwhen clusteringin a low dimensional,rotationally
invariantspace.Furtherdetailsof the�lter bank,aswell as
preandpostimageprocessingsteps,aregivenin [9].

Both theBayesianandthedistribution comparisonclas-
si�ers discussedin this paperaredivided into two stages-
learningandclassi�cation. In the learningstage,training
imagesareconvolvedwith the �lter bankto generate�lter
responses.The representationof these�lter responsesis
describednext. This representationis the learntstatistical
model for a given texture underparticularimagingcondi-
tions.

Texton representationof �lter responses:Eachtrain-
ing imageis convolvedwith the�lter bankto generateaset
of �lter responses.These�lter responsesare thenaggre-
gatedover variousimagesfrom the texture classandclus-
tered. The resultantclustercentresform a dictionary of
exemplar�lter responsesand are called textons. Given a
texton dictionary, the �rst stepin learninga modelfrom a
particulartrainingimageis labellingeachof theimagepix-
els with the texton that lies closestto it in �lter response
space.The(normalised)frequency histogramof pixel tex-
ton labellingsthende�nesthemodelfor thetrainingimage.

In the implementationhere, the �lter responsesof 13
randomlyselectedimagespertextureclass(takenfrom the
trainingset)areaggregatedandclusteredvia theK-Means
algorithm. K = 40 textonsare learnt from every texture
classresultingin a totalof 61� 40 = 2440textons.Hence,
a modelis a 2440-vectorwhereeachcomponentis thepro-
portion of pixels which arelabelledasa particulartexton.
Implementationdetailsaregivenin [9].

Histogram representationby binning: In this repre-
sentation,themodelcorrespondingto a given imageis the
probabilitydistribution of theimage's �lter responses- ob-
tainedby quantisingthe responsesinto bins andnormalis-
ing sothatthesumover all binsis unity. It shouldbenoted
thatwhile binninghastheadvantageouseffectof preventing

Figure5: TheMR8 �lter bankconsistsof 2 oriented�lters
(anedgeandabar�lter , at6 orientationsand3 scales),and
2 rotationallysymmetricones(a Gaussiananda Laplacian
of Gaussian).However, by taking the maximal response
of theoriented�lters acrossorientationsandat eachscale,
only 8 �lter responsesarerecorded.



over-�tting of thedatait alsochangestheunderlyingdistri-
bution. Therefore,thenumberof binsandtheirspacingcan
beimportantparameters.

As animplementationdetail,thehistogramis storedasa
sparsematrixandthespaceit occupiesis givenby: number
of non-emptybins � (spacerequiredto storea bin value+
spacerequiredto storea bin index). This is boundedabove
by O(numberof datapoints) andcomparesfavourablyto a
naiveimplementationwhichstoresthefull matrixin O(total
numberof bins) space,but where most of the bins are
empty. For example,using this implementationfor MR8
with 20 binsperdimension,we wereableto storethePDF
of all thetrainingimagesin lessthana hundredmegabytes
whereasthe naive implementationwould have taken over
� ve hundredgigabytes.Also, it is ef�cient to storethehis-
togramasa sparsematrix asthe � 2 distancecanbeevalu-
atedin O(numberof non-emptybins) �ops.

Equivalenceof the representations: The two repre-
sentationsof �lter responsescan be madeidentical by a
suitablechoiceof binsor textons.For example,for equally
spacedbins, a bin representationcanbe convertedinto an
identical texton representationby placing a texton at the
centreof every bin (see�gure 6). In the algorithmimple-
mentedhere, the textons are generatedby clusteringand
do not coincidewith the bin centres.Hence,the two rep-
resentationsarenot identical in this case. In essence,the
comparisoncarriedout in section3 canbe thoughtof asa
comparisonbetweentwo differenttextondictionaries.

It is possibleto go the other way round as well. Ev-
ery texton representationcan be convertedinto an identi-
cal bin representation.In this case,the bins will be ir-
regularly shapedandplacedin accordancewith the hyper
planeboundariesdemarcatedby the varioustextonsin �l-
ter responsespace(asdeterminedby theVoronoidiagram).
Thus,clusteringto gettextonscanbethoughtof asanadap-
tive binningmethodanda histogramof texton frequencies
canbeequatedto a bin countof �lter responses,which fa-
cilitatesthecomparisonsmadein section4.

3 Classi�cation by Distrib ution Com-
parison

Classi�cation: Givenasetof modelscharacterisingthe61
materialclasses,the taskis to classifya novel (test)image
asoneof thesetextures. This proceedsasfollows: the �l-
ter responsedistribution is computedfor thetestimage,and
both typesof representation(texton andbin) are thende-
termined.In eithercase,theclosestmodelimage,in terms
of the � 2 metric, is foundandthenovel imagedeclaredto
belongto thetextureclassof theclosestmodel.

In thissectiontheeffectof therepresentationonclassi�-
cationperformanceis investigated.

(a) (b)

Figure6: Textonandbin equivalence:(a)A bin representa-
tion canbeconvertedinto anidenticaltextonrepresentation
by placingatextonatthecentreof eachbin. (b) Conversely,
atextonrepresentationcanbeconvertedinto abin represen-
tationwherethebinsaretheVoronoipolygons.

Experimental setupand results: Classi�cationis car-
ried out on all 61 texture classesfor both the representa-
tions. We �rst considerthecasewhereevery imagein the
training set, for eachtexture class,is usedto generatea
model. Thus,thereare46 modelsper texture, for eachof
the61 textureclasses.Then,thenumberof modelsusedis
reducedby theGreedyalgorithmwhile maintainingclassi-
�cation accuracy.

Using46 modelsper texture for the texton basedrepre-
sentation,theclassi�erachievesanaccuracy rateof 97:43%
while classifyingthe 2806test images. Upon runningthe
greedyalgorithm,thenumberof modelsis substantiallyre-
ducedto, onaverage,7.14pertexture.

For the bin representation,the numberand locationof
thebinsare,in general,importantparameters.However, it
turnsoutthatin thiscaseexcellentresultsareobtainedusing
equallyspacedbins. Figure7 plots theclassi�cationaccu-
racy for the testsetversusthe numberof bins usedin the
quantizationprocess.The classi�er achieves a maximum
accuracy of 96.54%whenthe�lter responsesarequantised
into 5 bins per dimension. Increasingthe numberof bins
decreasesthe performance,indicatingthat the distribution
is beingover �tted and that noiseis being learntas well.
Theclassi�cationaccuracy alsodecreaseswith decreasein
thenumberof binsasthebinningis now crude.Thegreedy
algorithmreducedthe numberof modelsusedto, on aver-
age,7.91modelspertexture.

Both the representationsgive very similar classi�cation
results though the texton representationslightly outper-
forms the bin representation.The situationremainsmuch
thesameevenafter thegreedyalgorithmis usedto reduce
the numberof models. Of course,this is not surprisingin
thelight of thefactthatthetwo representationscanbemade
identical(thoughthey arenothere).
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Figure7: The variationin classi�cationperformancewith
thenumberof binsusedduringquantization:In eachcase,
thereare46 � 61 = 2806modelsand2806 test images.
The bestclassi�cation resultsareobtainedwhenthe �lter
responsesarequantizedinto 5 binsperdimension.

4 BayesianClassi�cation

Giventhattexton frequenciesandhistogrambinningarean
equivalentway of representingthePDFof �lter responses,
it is now possibleto calculatethe classconditionallikeli-
hoodof obtaininga particular�lter responseusing a tex-
ton representation.This settingof a texton representation
in a Bayesianparadigmeffectively letsuscompare,in this
section,theclassi�cationschemeof KonishiandYuille [5]
(and to someextent that of Schmid [8]) with the texton
baseddistributioncomparisonclassi�ersof VarmaandZis-
serman[9], CulaandDana[2] andLeungandMalik [6].

The Bayesianclassi�ers of [5, 8] arealsodivided into
a learningstageanda classi�cationstage. In the learning
stage,classpriorsand�lter responselikelihoodsarelearnt
from the training data. Onceagain, we emphasisethat to
take into accountthe variationdueto changingviewpoint
andillumination it is necessaryto conditionthe likelihood
ontheimagingconditionsratherthanlearningasinglelike-
lihoodpertextureclassasis doneby [5, 8], i.e.anumberof
likelihoodmodelswill beusedfor eachtextureclass.

In theclassi�cationstage,Bayes'theoremis invokedto
calculatetheposteriorprobabilityof a given�lter response
from a novel imagebelongingto a particularclass.A naive
Bayesianclassi�er which assumestheclassconditionalin-
dependenceof �lter responsesis then employed to deter-
minetheposteriorprobabilityof thenovel imageasawhole
belongingto aparticularclass.

A Bayesianclassi�er using the texton representation:
Sincewe have alreadycomputedthe histogramof texton
frequenciesfor the variousimagesin the training set, we

alreadyhaveall theclassconditionallikelihoodsof �lter re-
sponsesandit is straightforwardto implementtheBayesian
classi�er. First,classpriorsarelearntby countingthenum-
ber of pixels presentin eachtexture classandnormalising
thisdistribution(whichturnsout to beuniformin ourcase).
Next, eachtexton frequency histogrammodelde�nesa tex-
ture subclass(the texture classis the setof all modelsfor
thatclass)andyieldsthelikelihoodof a particular�lter re-
sponsebelongingto that subclass.Finally, given the �lter
responsesof anovel image,Bayes'theoremis usedto deter-
minetheposteriorprobabilityof a particular�lter response
belongingto a speci�c subclass.If the �lter responsesare
assumedindependent,theposteriorprobabilityof all the�l-
ter responsesfrom the novel imagebelongingto the same
subclasscanbeobtainedby taking theproductof thepos-
terior probabilitiesof the individual �lter responses.The
novel imageis classi�ed asbelongingto thesubclass(and
thereforetextureclass)with themaximumposteriorproba-
bility.

Experiments: Theexperimentalsetupwaskeptexactly
the sameasin the previous section.Using the sametrain-
ing, testandtextonssets,theclassi�cationaccuracy of the
Bayesianclassi�er whenusing46 modelsper texture was
an astonishinglylow 1.06%. Almost all the test images
were classi�ed incorrectly. The reasonfor this was that
most novel imagescontaineda certainpercentageof pix-
els(�lter responses)whichdid notoccurin thecorrectclass
modelsin thetrainingset.Thiscouldbeasa resultof inad-
equateamountof trainingdataascomparedto thenumber
of textonsin therepresentation,outliersor noise.As acon-
sequence,theposteriorprobabilityof thesepixelswaszero
andhencewhenall the pixel probabilitiesweremultiplied
togetherthe imageposteriorprobability alsoturnedout to
bezero.

This is a standardpitfall in non-parametricdensityes-
timation and three solutionsare generallyproposed: (a)
smoothingthehistogram,(b) assigningsmall nonzeroval-
uesto eachof the emptybins,and(c) discardinga certain
percentageof the leastoccurring�lter responsesin thebe-
lief thatthey areprimarily noiseandoutliers.

A combinationof (b) and(c) improvedtheclassi�cation
performancedramatically. Insteadof startingthe bin oc-
cupancy count from 0, it is startedfrom 1 to ensurethat
no bin was every empty. The 1% of the leastfrequently
occurringbins arealsodiscarded.Under theseconditions
theBayesianclassi�er achievedanaccuracy rateof 97.36%
while using46 modelsper texture. The greedyalgorithm
reducedthenumberof modelsto, onaverage,7 pertexture.

Comparisons: Thereis very little to choosebetween
the Bayesiananddistribution comparisonclassi�ersusing
the texton representation.Both attain classi�cation rates
over 97% while usingroughly 7 modelsper texture. And
yet, therearedifferenttheoreticalprosandconsassociated



with thetwo approaches.
The biggest theoretical drawback of the Bayesian

paradigmis theassumptionthat the �lter responsesarein-
dependent.However, this canbetackledby randomlysam-
pling �lter responsesfrom disjoint regionsof thenovel im-
agein a bid to decreasetheir dependence.Anotherprob-
lem, albeit onethat wassuccessfullyaddressedhere,is of
thenon-parametricrepresentationof emptybins.

The � 2 classi�er appearsto be a lot moreforgiving to-
wardsthis problemandno modi�cation hadto bemadeto
copewith zerotextonfrequencies.However, � 2 hasits own
theoreticallimitations [7] andthevariouscriteria for using
the � 2 probability function mustbe ful�lled. Also, � 2 is
not sensitive to shuf�ing thebin order, somethingwhich is
importantwhentextonsareinterrelated.Of course,adiffer-
entcomparisonmethodcouldbeusedbut its conditionstoo
wouldneedto beful�lled.

However, despitetheir theoreticallimitations,bothclas-
si�ers appearto work extremelywell in practiseasis evi-
dencedby theclassi�cationresults.

5 Conclusions

In conclusion,wehaveshown thatthetextonrepresentation
of the PDF of �lter responsesis equivalentto the bin rep-
resentationandthatevery texton representationcanbecon-
vertedinto an identicalbin representation.This letsususe
non-parametrictexton densitiesfor textureclassi�cationin
theBayesianframework.

TheColumbia-Utrechtdatabaseusedherehasmany ad-
vantagesover Brodatztexturesbut also somelimitations.
AscomparedtoBrodatz,it isby farthesuperiordatabase,as
it hasmany realworld texturesphotographedundervarying
imageconditions.Onecanactuallyseetheeffectsof specu-
larities,shadowing andothersurfacenormalvariations,un-
like in Brodatzwherethereis only a singleviewpoint and
illuminationavailablefor eachimage.

Thelimitationsof thedatabasearemainly in thewaythe
imageshave beenphotographedandthechoiceof textures.
For theformer, thereis nosigni�cant scalechangefor most
of thetexturesandlimited in planerotation.Also, because
thephotographsweretakenundercontrolledconditions,the
illumination is somewhat contrived as there is very little
changein illuminant intensityor numberof illuminants.As
regardschoiceof texture,themostseriousdrawbackis that
multiple instancesof thesametexturearepresentfor only a
very few of thematerials,sointra-classvariationcannotbe
investigated. Hence,it is dif�cult to make generalisations.
Finally, almostall thetexturescanbeclassi�edon thebasis
of their �rst orderstatistics.Therearealmostno instances
of textureshaving thesame�rst orderstatisticbut different
higherorderstatistics.
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