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Abstract

The objective of this paper is classi cation of materials
froma singleimage obtainedunderunknownviewpointand
illumination conditions. Texture classi cation under sud
geneal conditionsis an extremelychallengingtask. Our
methodsre basedonthestatisticaldistribution of rotation-
ally invariant lter responses alow dimensionakpace

Thee are two points of novelty: r st, two representa-
tions of Iter outputs,textonsand binnedhistograms, are
shownto be equivalent;secondjwo classi cation method-
ologies,neaestneighbourmatding and Bayesiarclassi -
cation,are compaed.

In essencegiventhe equivalenceof textonand bin rep-
resentationghepapercarriesoutan exactcomparisorbe-
tweenthe texton baseddistribution comparisorclassi ers
of Leungand Malik [IJCV 2001], Cula and Dana [CVPR
2001], and Varma and ZissermanECCV 2002], and the
Bayesiarclassi cationschemeof KonishiandYuille [CVPR
2000].

The comparisonsare assessedy classifyingimages of
all 61 materialspresentin the Columbia-Utedt database
Classi cation ratesof over 97% are achievedfor both the
methodswhile classifyingmore than2800imagesin all.

1 Intr oduction

In this paper we investicatethe problemof classifyingma-
terialsfrom theirimagedappearancayithoutimposingary
constrainton, or requiringary a priori knowvledgeof, the
viewing or illumination conditionsunderwhich theseim-
ageswereobtained.Classifyingtexturesfrom a singleim-
ageundersuchgenerakonditionsis avery demandindask.

A textureimageis primarily a function of the following
variables:the texture surface,its albedo,the illumination,
the cameraandits viewing position. Even if we wereto
keepthe rst two parametersx ed,i.e. photograprexactly
the samepatchof texture every time, minor changesn the
otherparameterganleadto dramaticchangesn theresul-
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tantimage(see gure 1). This causes large variability in

theimagedappearancef a texture anddealingwith it suc-
cessfullyis oneof the maintasksof ary classi cationalgo-
rithm. Anotherfactorwhichcomesnto playis thefactthat,
quite often, two materialswhen photographedindervery
differentimagingconditionscanappeato be quite similar,

asis illustratedby gure 2. It isacombinatiorof boththese
factorswhich malkesthe texture classi cation problemso
hard.

Weak classi cation algorithmsbasedon the statistical
distribution of Iter responsebave shavn muchpromiseof
late. The two typesof algorithmin this category thathave
been particular successfulare (a) the Bayesianclassi er
basednthejoint probabilitydistribution function(PDF) of
Iter responsesepresentethy a binnedhistogram[5], and
(b) the nearesneighbour 2 distribution comparisorclas-
si ers basedon atexton frequeng representatiof2, 6, 9].
In this paper we drav an equivalencebetweenthesetwo
representationsWe are then able to comparethe perfor
manceof Bayesianand distribution comparisorclassi ers
usingeitherrepresentation.

The succesof Bayesianclassi cation appliedto Iter
responsesvas corvincingly demonstratedy Konishiand
Yuille [5]. Working onthe SonverbyandSanFranciscaout-
door datasetstheir aim wasto classifyimageregionsinto

Figurel: Thechangen imagedappearancef thesametex-
ture (# 30, PlasterB) with variationin imagingconditions.
Top row: constantviewing angleandvaryingillumination.
Bottomrow: constanillumination andvaryingviewing an-
gle. Thereis a considerablaifferencein the appearance
acrossmages.



Figure2: Smallinter classvariationsbetweenexturescan
make the problemharderstill. In thetop row, the rst and
the fourth image are the sametexture while all the other
images,even thoughthey look similar, belongto differ-
ent classes. Similarly, in the bottom row, the imagesap-
pearsimilar andyet therearethreedifferenttexture classes
present.

oneof six textureclassesThejoint PDF of the classcondi-
tionallikelihoodof six Iter responsefor eachtexturewas
learntfrom training images. It was representeds a his-
togramby quantisingthe Iter responseto bins. Novel
imagepixels werethenclassi ed by computingtheir Iter
responsesndusingBayes'decisionrule. Finally, to clas-
sify an entireimageor imageregion, pixel independence
wasassumeandpixel posteriomprobabilitiesmultiplied to-
gether

In contrast, distribution comparisonclassi ers such
as|[2, 6, 9] learndistributions of texton frequenciefrom
trainingimagesandthenclassifynovel imagesby compar
ing their texton distribution to the learntmodels. Different
comparisonrmethodsnaybeused suchasthe Bhattacharya
metric, EarthMover's distanceKL divergencegtc.,but the

2 signi cancetest,in conjunctiorwith anearesheighbour
rule, is oftenpreferred.

LeungandMalik [6] wereamongsthe 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
enabledextonsto be generatecaiutomaticallyfrom anim-
age,but alsoopenedup the possibility of a universal setof
textonsfor all images.To compensatéor 3D effects,they
proposedD textonswhich wereclustercentref lter re-
sponse®ver 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-Utrech{ CUReT)[4] database.Later, Cula
andDana[2] andVarmaandZissermarj9] shavedthat2D
textonscouldbe usedto classifysingleimageswithout ary
lossof performance.

Classi cation performances evaluatedhere on image
setstaken from the CUReT texture database.All 61 ma-
terialspresentin the databaseareincluded,and92 images
of eachmaterialareusedwith only the mostextremeview-

points beingexcluded(see[9] for details). The variety of
texturesin this databasés illustratedin gure 3. The 92
imagespresentfor eachtexture classare partitionedinto
two, disjoint sets.Imagesin the rst (training)setareused
for modellearning,andclassi cationaccurag is assessed
on the 46 imagesfor eachtexture classin the secondtest)
set.

The materialsin the CUReT databasere examplesof
3D texturesand exhibit a marked variationin appearance
with changesn viewing andillumination conditions[1, 2,
3, 6, 10. Thedif culty of singleimage classi cation is
highlightedby gure 4 whichillustrateshow drasticallythe
appearancef a texture can changewith varyingimaging
conditions. Modelling suchtexturesby a single probabil-
ity distribution of Iter response$5, 8] mayfail in sucha
situation. Thesolutionadoptechereis to represengachtex-
ture classhy probability distributions(models)conditioned
implicitly on viewpoint andillumination. Hence,multiple
modelsare generatedrom the varioustraining imagesfor
eachtexture classand thesemodelscharacterisehe dif-
ferentappearancesf the texture with variationin imaging
conditions. Thus, eachtrainingimagecanpotentiallygen-
eratea model,andthe choiceof which modelsare usedis
basedon a greedyalgorithm which maximisesclassi ca-
tion performanceover thetrainingset[9]. Onaverage,’-8
modelsrepreseneachtextureclass.

The layout of the paperis asfollows: in section2, we
outlinealow dimensionafrepresentationf rotationallyin-
variant lter responsesvhich was rst introducedin [9].
We also describethe two commonrepresentationgexton
andbinnedhistogram,of the joint PDF of lter responses
andcommenton their equivalence.Then,in section3, we
presenia comparisorbetweenrthe texton andbin represen-

Figure 3: Texturesfrom the Columbia-Utrechtdatabase.
All imagesare corvertedto monochromen this work, so
colouris notusedin discriminatingdifferenttextures.



Figure 4: Imagesof ribbed papertaken under different
viewing andlighting conditions. The materialhassigni -
cantsurfacenormalvariationandthereforechangests ap-
pearancalrasticallywith imagingconditionstherebymak-
ing singleimageclassi cationanextremelydif cult job.

tationsusinga distribution comparisorclassi er. Next, we
implementa Bayesianclassi er usinga texton representa-
tionin sectiond andcontrasits performanceo thedistribu-
tion comparisortlassi er. We concludeby discussingsome
of theadvantagesandlimitationsof the CUReTdatabase.

2 Filter Responsesand their Repre-
sentation

In this sectionwe rst describethe Iters bankthatis used
here,and then discusstwo popularrepresentationsf the
Iter responsegextonsandbinning,whichwewill shaw to
beequialent.

Filter bank: Traditionally the Iter banksemployed
for texture analysishave includeda large numberof lters
in keepingwith the philosoply that mary diversefeatures
at multiple orientationsandscalesneedto be extractedac-
curatelyto successfullyclassify textures. However, con-
structingandstoringPDFsof lter response# a high di-
mensionallter responsespaceis computationallyinfeasi-
ble andthereforeit is necessaryo limit the dimensionality
of the Iter response&ector Boththeserequirementsanbe
achieved if multiple oriented lters are usedbut their out-
putscombinedto form a low dimensional rotationallyin-
variantresponseector A novel Iter bankwhich doesthis
is the Maximum Respons€MR8) Iter bankwhich com-
prises38 Iters but only 8 lter responsegsee gure 5).
The lters includea GaussiamndaLaplacianof aGaussian
(LOG) lter, anedge( rst derivative) lter at6 orientations
and3 scalesandabar(secondlerivative) Iter alsoat6 ori-
entationsand3 scales.Theresponsef theisotropic Iters
(GaussiarandLOG) areuseddirectly, but theresponsesf
the oriented Iters (barandedge)are, at eachscale,“col-
lapsed”by usingonly the maximum Iter responsegcross
all orientations therebygiving 8 rotationallyinvariant Iter
responseg total.

Rotationinvariances desirabldan thatit leadsto thecor
rectclassi cation of rotatedversionsof texturespresentn
thetrainingset. Anothermotivationfor usingthe MR8 lter
bankis thatangularinformationcanstill berecorded.Fur

thermore we expectthat moressigni cant textonsaregen-
eratedwhen clusteringin a low dimensional rotationally
invariantspace Furtherdetailsof the Iter bank,aswell as
preandpostimageprocessingtepsaregivenin [9].

Both the Bayesiarandthe distribution comparisorclas-
si ers discussedn this paperaredivided into two stages
learningand classi cation. In the learningstage,training
imagesarecornvolved with the Iter bankto generatelter
responses.The representatiorf these lter responsess
describedhext. This representatiofis the learntstatistical
modelfor a given texture underparticularimaging condi-
tions.

Textonrepresentationof Iter responses:Eachtrain-
ing imageis convolvedwith the Iter bankto generatea set
of Ilter responses.These Iter responsesrethenaggre-
gatedover variousimagesfrom the texture classandclus-
tered. The resultantcluster centresform a dictionary of
exemplar Iter responsesind 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 Iter response
space.The (normalised)requeng histogramof pixel tex-
tonlabellingsthende nesthemodelfor thetrainingimage.

In the implementationhere, the Iter response®f 13
randomlyselectedmagespertexture class(takenfrom the
training set)areaggreatedandclusteredvia the K-Means
algorithm. K = 40 textonsare learntfrom every texture
classresultingin atotalof 61 40= 2440textons.Hence,
amodelis a 2440vectorwhereeachcomponents the pro-
portion of pixels which arelabelledasa particulartexton.
Implementatiordetailsaregivenin [9].

Histogram representationby binning: In this repre-
sentationthe modelcorrespondingo a givenimageis the
probability distribution of theimages lter responsesob-
tainedby quantisingthe responseto bins andnormalis-
ing sothatthe sumover all binsis unity. It shouldbe noted
thatwhile binninghastheadwantageousffectof preventing

Figure5: The MR8 Iter bankconsistof 2 oriented lters
(anedgeandabar Iter, at6 orientationsand3 scales)and
2 rotationallysymmetricones(a Gaussiaranda Laplacian
of Gaussian). However, by taking the maximal response
of the oriented lters acrossorientationsandat eachscale,
only 8 Iter responsearerecorded.



over tting of thedatait alsochangeshe underlyingdistri-
bution. Thereforethe numberof binsandtheir spacingcan
beimportantparameters.

As animplementatiordetail, the histogramis storedasa
sparsamatrix andthe spacet occupiess givenby: number
of non-emptybins  (spacerequiredto storeabin value+
spacerequiredto storeabin index). Thisis boundedabove
by O (numberof datapoint§ andcomparegavourablyto a
naiveimplementationwhichstoreghefull matrixin O(total
numberof bins) space,but where most of the bins are
empty For example,usingthis implementationfor MR8
with 20 bins perdimensionwe wereableto storethe PDF
of all thetrainingimagesin lessthana hundredmegabytes
whereaghe nave implementationwould have taken over

ve hundredgigabytes.Also, it is ef cient to storethe his-
togramasa sparsematrix asthe 2 distancecanbe evalu-
atedin O(numberof non-emptybing) ops.

Equivalenceof the representations: The two repre-
sentationsof Iter responsesan be madeidentical by a
suitablechoiceof binsor textons. For example,for equally
spacedins, a bin representatiorcan be corvertedinto an
identical texton representatiorby placing a texton at the
centreof every bin (see gure 6). In the algorithmimple-
mentedhere, the textons are generatedy clusteringand
do not coincidewith the bin centres.Hence,the two rep-
resentationgre not identicalin this case. In essencethe
comparisorcarriedout in section3 canbe thoughtof asa
comparisorbetweerntwo differenttexton dictionaries.

It is possibleto go the other way round aswell. Ev-
ery texton representatiortan be corvertedinto an identi-
cal bin representation.In this case,the bins will be ir-
regularly shapedand placedin accordancevith the hyper
planeboundarieglemarcatedby the varioustextonsin |-
terresponsapacgasdeterminedy the Voronoidiagram).
Thus,clusteringto gettextonscanbethoughtof asanadap-
tive binning methodanda histogramof texton frequencies
canbe equatedo a bin countof Iter responsesyhich fa-
cilitatesthe comparisonsnadein sectiord.

3 Classi cation by Distrib ution Com-
parison

Classi cation: Givenasetof modelscharacterisinghe61
materialclassesthetaskis to classifya novel (test)image
asoneof thesetextures. This proceedsasfollows: the |-
terresponsadlistributionis computedor thetestimage,and
both typesof representatiorftexton and bin) arethende-
termined.In eithercase the closestmodelimage,in terms
of the ? metric,is found andthe novel imagedeclaredo
belongto thetexture classof the closesimodel.

In this sectionthe effect of therepresentatioon classi -
cationperformancaes investigated.

@ * )

Figure6: Texton andbin equivalence:(a) A bin representa-
tion canbe convertedinto anidenticaltexton representation
by placingatextonatthecentreof eachbin. (b) Corversely
atextonrepresentationanbecorvertedinto abin represen-
tationwherethebinsarethe Voronoipolygons.

Experimental setupand results: Classi cationis car
ried out on all 61 texture classedor both the representa-
tions. We rst considerthe casewhereevery imagein the
training set, for eachtexture class,is usedto generatea
model. Thus,thereare 46 modelsper texture, for eachof
the 61 texture classesThen,the numberof modelsusedis
reducedby the Greedyalgorithmwhile maintainingclassi-
cation accurag.

Using 46 modelspertexture for the texton basedrepre-
sentationtheclassi erachiezesanaccuray rateof 97:43%
while classifyingthe 2806 testimages. Upon runningthe
greedyalgorithm,the numberof modelsis substantiallyre-
ducedto, on average,/.14pertexture.

For the bin representationthe numberand location of
thebinsare,in generaljmportantparametersHowever, it
turnsoutthatin this casesxcellentresultsareobtainedising
equallyspacedins. Figure7 plotsthe classi cationaccu-
ragy for the testsetversusthe numberof bins usedin the
guantizationprocess. The classi er achiezes a maximum
accurag of 96.54%whenthe Iter responsearequantised
into 5 bins per dimension. Increasingthe numberof bins
decreasethe performancejndicating that the distribution
is beingover tted andthat noiseis beinglearntaswell.
Theclassi cationaccurag alsodecreasewith decreasén
thenumberof binsasthebinningis now crude.Thegreedy
algorithmreducedhe numberof modelsusedto, on aver-
age,7.91modelspertexture.

Both the representationgive very similar classi cation
results though the texton representatiorslightly outper
forms the bin representationThe situationremainsmuch
the sameeven after the greedyalgorithmis usedto reduce
the numberof models. Of course this is not surprisingin
thelight of thefactthatthetwo representationsanbemade
identical(thoughthey arenot here).
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Figure7: The variationin classi cation performancewith
the numberof bins usedduring quantization:In eachcase,
thereare46 61 = 2806 modelsand 2806 testimages.
The bestclassi cation resultsare obtainedwhenthe Iter
responsearequantizednto 5 binsperdimension.

4 BayesianClassi cation

Giventhattexton frequenciegndhistogrambinningarean
equialentway of representinghe PDFof Iter responses,
it is now possibleto calculatethe classconditionallik eli-
hood of obtaininga particular Iter responseusing a tex-
ton representation.This settingof a texton representation
in a Bayesiarparadigmeffectively lets us comparejn this
section,the classi cationschemeof KonishiandYuille [5]
(and to someextent that of Schmid[8]) with the texton
basedlistribution comparisorclassi ersof VarmaandZis-
sermar{9], CulaandDana[2] andLeungandMalik [6].

The Bayesianclassi ers of [5, 8] arealsodivided into
a learningstageanda classi cation stage. In the learning
stageclasspriorsand lter responsdikelihoodsarelearnt
from the training data. Onceagain, we emphasisehat to
take into accountthe variationdueto changingviewpoint
andillumination it is necessaryo conditionthelikelihood
ontheimagingconditionsratherthanlearningasinglelik e-
lihood pertextureclassasis doneby [5, 8], i.e.anumberof
likelihoodmodelswill beusedfor eachtextureclass.

In the classi cationstage Bayes'theoremis invokedto
calculatethe posteriorprobability of a given Iter response
from anovel imagebelongingto a particularclass.A nave
Bayesiarclassi er which assumeshe classconditionalin-
dependencef Iter responsess thenemplo/ed to deter
minetheposteriomprobabilityof thenovel imageasawhole
belongingto a particularclass.

A Bayesianclassi er usingthe texton representation:
Sincewe have alreadycomputedthe histogramof texton
frequenciedor the variousimagesin the training set, we

alreadyhave all theclassconditionallikelihoodsof Iter re-
sponsesndit is straightforwardto implementheBayesian
classi er. First, classpriorsarelearntby countingthe num-
ber of pixels presentin eachtexture classandnormalising
this distribution (whichturnsoutto beuniformin our case).
Next, eachtexton frequeng histogranmodelde nesatex-
ture subclasqthe texture classis the setof all modelsfor
thatclass)andyieldsthelikelihoodof a particular lter re-
sponsebelongingto that subclass.Finally, giventhe Iter
responsesf anovelimage,Bayes'theorems usedo deter
minethe posteriorprobability of a particular Iter response
belongingto a speci ¢ subclassIf the Iter responseare
assumedhdependentheposteriomprobabilityof all the |-
ter response$rom the novel imagebelongingto the same
subclassanbe obtainedby taking the productof the pos-
terior probabilitiesof the individual Iter responses.The
novel imageis classi ed asbelongingto the subclasgand
thereforetexture class)with the maximumposteriorproba-
bility.

Experiments: Theexperimentaketupwaskeptexactly
the sameasin the previous section. Using the sametrain-
ing, testandtextonssets,the classi cationaccurag of the
Bayesianclassi er whenusing46 modelsper texture was
an astonishinglylow 1.06%. Almost all the testimages
were classi ed incorrectly The reasonfor this was that
most novel imagescontaineda certainpercentagef pix-
els( Iter responsesyhichdid notoccurin thecorrectclass
modelsin thetrainingset. This couldbe asaresultof inad-
equateamountof training dataascomparedo the number
of textonsin therepresentatiomputliersor noise.As a con-
sequencehe posteriorprobability of thesepixelswaszero
andhencewhenall the pixel probabilitieswere multiplied
togetherthe imageposteriorprobability alsoturnedout to
bezero.

This is a standardpitfall in non-parametricensity es-
timation and three solutionsare generally proposed: (a)
smoothingthe histogram,(b) assigningsmall nonzeroval-
uesto eachof the emptybins, and(c) discardinga certain
percentag®f the leastoccurring lter responsef the be-
lief thatthey areprimarily noiseandoutliers.

A combinationof (b) and(c) improvedtheclassi cation
performancedramatically Insteadof startingthe bin oc-
cupang countfrom 0, it is startedfrom 1 to ensurethat
no bin was every empty The 1% of the leastfrequently
occurringbins are also discarded.Under theseconditions
theBayesiarclassi er achieredanaccuray rateof 97.36%
while using 46 modelsper texture. The greedyalgorithm
reducedhe numberof modelsto, on average,7 pertexture.

Comparisons: Thereis very little to choosebetween
the Bayesianand distribution comparisorclassi 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 dravback of the Bayesian
paradigmis the assumptiorthatthe Iter responsesrein-
dependentHowever, this canbetackledby randomlysam-
pling lter responsefrom disjoint regionsof the novel im-
agein a bid to decreaseheir dependence Another prob-
lem, albeit one that was successfullyaddressedhere,is of
thenon-parametricepresentationf emptybins.

The 2 classi er appeardo be a lot moreforgiving to-
wardsthis problemandno modi cation hadto be madeto
copewith zerotexton frequenciesHowever, 2 hasits own
theoreticalimitations[7] andthe variouscriteriafor using
the 2 probability function mustbe ful lled. Also, 2 is
not sensitve to shufing thebin order somethingwhichis
importantwhentextonsareinterrelated Of course a differ-
entcomparisormethodcouldbe usedbut its conditionstoo
would needto beful lled.

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

5 Conclusions

In conclusionwe have shavn thatthetextonrepresentation
of the PDF of lter responsess equialentto the bin rep-
resentatiorandthatevery texton representationanbe con-
vertedinto anidenticalbin representationThis lets ususe
non-parametri¢exton densitiesfor texture classi cationin
the Bayesiarframework.

The Columbia-Utrechtlatabas@isedherehasmary ad-
vantagesover Brodatztexturesbut also somelimitations.
As comparedo Brodatz |t is by farthesuperiordatabaseas
it hasmary realworld texturesphotographedndervarying
imageconditions.Onecanactuallyseetheeffectsof specu-
larities,shadaving andothersurfacenormalvariations,un-
like in Brodatzwherethereis only a singleviewpoint and
illumination availablefor eachimage.

Thelimitationsof thedatabasaremainly in theway the
imageshave beenphotographe@ndthe choiceof textures.
For theformer, thereis no signi cant scalechangeor most
of thetexturesandlimited in planerotation. Also, because
thephotographsveretakenundercontrolledconditionsthe
illumination is somavhat contrived as thereis very little
changen illuminantintensityor numberof illuminants.As
regardschoiceof texture,the mostseriousdravbackis that
multiple instance®f the sametexturearepresenfor only a
very few of the materials sointra-classvariationcannotbe
investigated. Hence,it is dif cult to make generalisations.
Finally, almostall thetexturescanbeclassi edonthebasis
of their rst orderstatistics.Therearealmostno instances
of textureshaving the samerst orderstatisticbut different
higherorderstatistics.
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