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Abstract

The objectve of this paperis to examinestatisticalapproacheto the classi cationof tex-
turedmaterialsfrom a singleimageobtainedunderunknavn viewpoint andillumination.
The approachesvestigated hereare basedon the joint probability distribution of Iter
responses.

We review previous work basedon this formulationand make two obsenations.First,
we shav thatthereis a correspondencketweerthe two commonrepresentationsf Iter
outputs- textonsandbinnedhistogramsSecondwe shav thattwo classi cationmethod-
ologies,nearesheighboumatchingandBayesiarclassi cation,areequialentfor partic-
ular choicesof the distancemeasureWe describethe prosand consof thesealternatve
representationanddistancemeasuresandillustrate the discussiorby classifyingall the
materialsn the Columbia-Utrech{ CUReT)texture database.

Theseequivalencesllow usto performdirectcomparisondetweerthetextonfrequeny
matchingframework, bestexempli ed by the classi ersof LeungandMalik [IJCV 2001],
CulaandDana[CVPR 2001],andVarmaandZissermafECCV 2002],andthe Bayesian
framevork mostcloselyrepresentely thework of KonishiandYuille [CVPR 2000].
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1 Intr oduction

In this paperwe examinetwo of themostsuccessfuirameavorksin whichtheprob-

lem of textureclassi cationhasbeenattempted- thetexton frequeny comparison
framework, asexempli ed by the classi ersof [3,8,14],andthe Bayesianframe-

work, most closely representedby [7]. While the frameavorks appearseemingly
unrelatedyve draw outthesimilaritiesbetweerthem,andshaw thatthetwo canbe

madeequvalentundercertainchoicesof representatioanddistancemeasure.
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The classi cationproblembeingtackledis the following: givena singleimageof
a texturedmaterialobtainedunderunknovn viewing andillumination conditions,
classifyit into oneof a setof pre-learntclassesClassifyingtexturesfrom asingle
imageundersuchgenerakonditionsandwithoutary a priori informationis avery
demandingask.

Fig. 1. Thechangdn imagedappearancef the sametexture (PlasterB, texture# 30in the
Columbia-Utrechidatabasg5]) with variationin imaging conditions.Top row: constant
viewing angleand varying illumination. Bottom row: constantillumination and varying
viewing angle.Thereis aconsiderablalifferencein theappearancacrossmages.

Whatmakesthe problemsohardis thatunlike otherformsof classi cation,where
the objectsbeing categorisedhave a de nite structurewhich canbe capturedand
representednosttextureshave large stochastiozariationswhich make themdif -
cult to model.Furthermoretexturedmaterialsoften undego a seachangen their
imagedappearancwith variationsin illumination andcamergpose(see gure 1).
Dealingwith this successfullyis one of the maintasksof ary classi cationalgo-
rithm. Anotherfactorwhichcomesdnto playis that,quiteoften,two materialsvhen
photographedindervery differentimagingconditionscanappeaito be quite simi-
lar, asis illustratedby gure 2. It is acombinationof all thesefactorswhich makes
thetextureclassi cationproblemsochallenging.

Neverthelessyweakclassi cationalgorithmswhich exploit the statisticalnatureof
texturesby characterisinghemasdistributionsof Iter responsebave shovn much
promiseof late. The two typesof algorithmin this cateyory thathave beenpartic-
ular successfuare (a) the Bayesianclassi er basedon the joint probability distri-
bution of Iter responsesepresentethy a binnedhistogram[7], and(b) the near
estneighbour 2 distribution comparisonclassi er basedon a texton frequeng
representatiofi3,8,14]. In this paper we drav an equialencebetweenthesetwo
schemesvhichthenallows adirectcomparisorof the performancef thetwo clas-
si cation methodologies.

Thesucces®f Bayesiarclassi cationappliedto lter responsegascorvincingly
demonstratedy Konishiand Yuille [7]. Working on the Sowverby and SanFran-
ciscooutdoordatasetgheiraimwasto classifyimagepixelsinto oneof six texture
classesThe joint PDF of the empirical classconditionalprobability of six Iter

responsefor eachtexture waslearntfrom trainingimageslIt wasrepresentedsa
histogramby quantisinghe Iter responsesto bins.Novelimagepixelswerethen



Fig. 2. Small inter class variations betweentextures presentin the Columbia-Utrecht
databaseln the top row, the rst andthe fourth imageare of the sametexture while all
the otherimages.eventhoughthey look similar, belongto differentclassesSimilarly, in
the bottomrow, theimagesappearsimilar andyet therearethreedifferenttexture classes
present.

classi edby computingtheir Iter responseandusingBayes'decisionrule. How-
ever, for imageregions,KonishiandYuille only reportecthe Chernof information
(which is a measureof the asymptoticclassi cationerrorrate) but didn't perform
ary actualclassi cation.In this paper we take the nal stepanduseBayes'deci-
sionrule to classifyentireimageshy makingthe sameassumptiorasSchmid[11],
i.e.thataregionis acollectionof statisticallyindependenpixels,andwhoseprob-
ability is thereforethe productof theindividual pixel probabilities.

In contrastfrequeny comparisorclassi erssuchas[3,8,14]learndistributionsof
texton frequenciedrom training imagesand then classify novel imagesby com-
paringtheir texton distribution to the learntmodels.Differentcomparisonrmethods
maybeused suchastheBhattacharyanetric[12], EarthMover'sdistancg10], KL
divergenceandotherentrofy basedneasure§l6], but the 2 signi cancetest[9],
in conjunctionwith a nearesheighbourrule, hasbecomehedefaultchoice.

Leung and Malik [8] were amongstthe rst to seriouslytackle the problem of

classifying3D texturesand,in doing so, madean importantinnovation by giving

anoperationatle nition of atexton. They de ned a 2D textonto beaclustercentre
in lter responsspaceThisnotonly enabledextonsto begeneratedutomatically
from animage but alsoopenedipthepossibilityof auniversal setof textonsfor all

images.To compensatéor 3D effects,they propose®D textonswhichwerecluster
centresof Iter response®ver a stackof 20 training imageswith representatie

viewpointandlighting. They developedanalgorithmcapableof classifyinga stack
of 20 registered novel imagesusing3D textonsandappliedit very successfullyto

the Columbia-Utrech{CUReT)[5] databasel.ater, CulaandDana[3] andVarma
andZissermarjl4] shavedthat2D textonscouldbeusedto classifysingleimages
withoutary lossof performance.

Classi cation performanceis evaluatedhere also on image setstaken from the
CUReT texture databaseAll 61 materialspresentin the databasere included,
and 92 imagesof eachmaterialare usedwith only the mostextremeviewpoints



beingexcluded(see[14] for details).The variety of texturesin this databases il-
lustratedin gure 3. The 92 imagespresentfor eachtexture classare partitioned
into two, disjointsets.Imagesn the rst (training)setareusedfor modellearning,
andclassi cationaccurayg is assessedn the 46 imagesfor eachtexture classin
thesecondtest)set.

The materialsin the CUReT databaseare examplesof 3D texturesandexhibit a

marked variationin appearancaith changesn viewing andillumination condi-

tions[2—4,8,14,17].Thedif culty of singleimageclassi cationis highlightedby

gure 4 which illustrateshow drasticallythe appearancef a texture canchange
with varyingimagingconditions.

Modelling suchtexturesby a singleprobabilitydistribution of Iter responsemay
fail in thesesituations.The solutionadoptedn this paperis to represeneachtex-
ture classby multiple modelswhich characterisehe differentappearancesf the
texture with variationin imagingconditions.Thesemodelsaregeneratedrom the
varioustrainingimagesfor eachtexture class,andessentiallythis meanghateach
texture classis representedby a setof probability distributionsimplicitly condi-
tioned on viewpoint andillumination. In our experiments eachtraining imageis
usedto generatea modelandthusthereare46 modelspertexture class.However,
thenumberof modelscanbe substantiallyreducedo, on average,7-8 perclassby

Fig. 3. Textures from the Columbia-UtrechtdatabaseAll images are corverted to
monochromen this work, socolouris notusedin discriminatingdifferenttextures.



Fig. 4. Imagesof ribbedpapertaken underdifferentviewing andlighting conditions.The
materialhassigni cant surfacenormalvariationandconsequentlghangests appearance
drasticallywith imagingconditions.Characterisingucha texture by only onemodel,i.e.

a single probability distribution of Iter responseswill leadto poorclassi cationresults.
Instead,it is betterto represent texture by multiple modelsgeneratedunder different
viewing andillumination conditions.

theuseof K-MedoidandGreedyalgorithmsasdescribedn [14].

The layout of the restof the paperis asfollows: in section2, we outline a low
dimensionatepresentationf rotationallyinvariant lter responsewhichwas rst
introducedn [14]. We alsodescribehetwo commonsemi-parametricepresenta-
tions, texton andbinnedhistogram,of the joint PDF of Iter responsesndshav
how it is possibleto corvertoneto theother Then,in section3, we presentacom-
parisonbetweerthetexton andbin representationgsinga distribution comparison
classi er. Finally, we implementa Bayesiarclassi er usingatexton representation
in sectiond andcontrasiits performanceo the distribution comparisorclassi er.

2 Filter Responsesnd their Representation

In thissectionwe rst describehe Iter bankthatwill beusedto generatdeatures,
andthendiscusgwo popularrepresentationsf Iter responseggxtonsandbinned
histogramsbetweenwhichwe will drav a correspondence.

2.1 Filter bank

Traditionally, the Iter banksemployed for texture analysishave includeda large
numberof Iters in keepingwith the philosoply thatmary diversefeaturesat mul-
tiple orientationsandscalemeedto be extractedaccuratelyto successfullyclassify
textures.However, constructingandstoringPDFsof Iter response a high di-
mensional lter responsespaceis computationallyinfeasibleand thereforeit is
necessaryo limit the dimensionalityof the Iter responsevector Both thesere-
guirementscan be achieved if multiple oriented Iters are usedbut their outputs
combinedto form a low dimensionalyotationallyinvariantresponserector A |-

ter bankwhich doesthis is the Maximum ResponséMR8) lter bankwhich com-



prises38 lters but only 8 Iter responsegsee gure 5). The lters consistsof a
Gaussiaranda Laplacianof GaussiarffLOG) bothwith = 10pixels(theselters
have rotationalsymmetry),anedge Iter at3 scales «, ,)=f(1,3),(2,6),(4,12g
pixelsanda bar Iter atthe same3 scales.Thelattertwo Iters areorientedand
occurat6 orientationsaateachscale Theresponsesf theisotropic lters (Gaussian
andLOG) areuseddirectly, but theresponsesf the oriented Iters (barandedge)
are,at eachscale,“collapsed”by usingonly the maximum lter responsescross
all orientations-therebygiving 8 rotationallyinvariant Iter responses all.

Fig. 5. TherotationallyinvariantMR8 lter bankconsistsf (in order from top to bottom)

anorientededge lter at 6 orientationsand3 scalesa bar lter atthe samesetof orien-

tationsandscalesanisotropicGaussianlter anda Laplacianof Gaussianlter . There-

sponsesf theisotropic lters arerecordedlirectly. However, takingthe maximalresponse
of the anisotropiclters acrossall orientationgresultsin 2 Iter responsebeingrecorded
per scale,giving 8 lter responsedn total. Essentiallythis is the maximumresponseof

eachrow of the Iter bankabove.

Rotationinvarianceis desirablein thatit leadsto the correctclassi cation of ro-
tatedversionsof texturespresentn the training set. Anothermotivationfor using
the MR8 lter bankis thatdespitebeingrotationallyinvariant,its oriented lters
shouldaccuratelypick up anisotropicfeaturesvhoserelative angularinformation
(asdetermineduy the angleof maximumresponseganstill be recorded Further
more,we expectthat more signi cant textonsare generatedvhen clusteringin a
low dimensionalyotationallyinvariantspace.



Both the Bayesianand the texton frequeng comparisonclassi ers discussedn
this paperaredividedinto two stages- learningandclassi cation.In thelearning
stagefeaturesareextractedfrom thetrainingimagesby corvolutionwith the MR8
Iter bank.The choiceof representatiorf the resultant lter responsdeatures
determineghelearntstatisticalmodelfor a giventexture underparticularimaging
conditionsandis describechext.

2.2 Textonrepresentatiorof Iter responses

Eachtrainingimageis corvolvedwith theMR8 lter bankto generatasetof Iter
responseslTheselter responsesarethenaggrgatedover varioustrainingimages
from thesametexture class(asdescribedn thefollowing paragraphaindclustered.
Theresultantclustercentredorm a dictionaryof exemplar Iter responseandare
calledtextons.Given a texton dictionary the rst stepin learninga modelfrom a
particulartrainingimageis labelling eachof the imagepixels with the texton that
lies closestto it in Iter responsespace.The (normalisedfrequeng histogramof
pixel texton labellingsthende nesthe modelfor thetrainingimage.

In the implementationin this paper the Iter response®f 13 randomlyselected
imagespertexture class(takenfrom the training set)areaggrgyatedandclustered
via the K-Meansalgorithm.Thetextons(clustercentres)earntfrom eachclassare
thencombinednto asingledictionaryof sizeS. Variousvaluesof K aretried(K =
10 20;:::; 50) andresultsarereportedfor eachcase.Thus,in eachexperiment K
textonsare learntfrom every texture classresultingin a dictionary comprisinga
totalof S = 61 K textons.Hence,a modelof a training imageis a S-vector
whereeachcomponents the proportionof pixelswhich arelabelledasa particular
texton.

2.3 Histogramrepresentatiorby binning

In this representatiorthe modelcorrespondingo a givenimageis the joint prob-
ability distribution of theimages Iter responses obtainedby quantisingthe re-
sponseito binsandnormalisingsothatthe sumover all binsis unity. It shouldbe
notedthatthe numberof binsandtheir placementanbe importantparametergas
they determinehow crudely or how well, theunderlyingprobability distributionis
approximatecandwhetherthe datais over- tted or not.

As an implementationdetail, the histogramis storedas a sparsematrix and the
spaceit occupiesis given by: numberof non-emptybins  numberof bytesre-
quiredto storea bin value andits correspondingndex. This is boundedabove
by the numberof datapointsandcomparedavourablyto a nave implementation
whichstoreghefull matrixin O(totalnumberof bins) bytes but wheremostof the



binsareempty For example,usingthis implementatiorfor MR8 with 20 bins per
dimensionwe wereableto storethe PDF of all the trainingimagesin lessthana
hundredmegabyteswhereaghe nave implementatiorwould have takenover ve
hundredgigabytes Also, it is ef cient to storethe histogramasa sparsematrix as
the 2 statisticcanbeevaluatedn O(numberof non-emptybing) ops.

2.4 Moving betweerrepresentations

The two representationsf Iter responsesan be madeidentical by a suitable
choiceof bins or textons. For example,an equally spacedbin representatiocan
be corvertedinto anidenticaltexton representatioby placingatexton at the cen-
tre of every bin (see gure 6). In the algorithmimplementechere,the textonsare
generatedy clusteringand do not coincidewith the bin centresHence,the two
representationarenotidenticalin this case.

It is possibleto go the otherway roundaswell. Every texton representatiocanbe
corvertedinto anidenticalbin representationin this case the binswill beirregu-
larly shapedandwill correspondo theVoronoipolytopesobtainedoy formingthe
Voronoidiagramof thetexton sites.Thus,clusteringto gettextonscanbethought
of asan adaptve binning methodand a histogramof texton frequenciescan be
equatedo abin countof Iter responsedn essencethecomparisonsnadein sec-
tion 3 canbethoughtof asa comparisorbetweertwo differenttexton dictionaries.

However, it shouldbe notedthatin general,not every bin representatioran be
convertedto an equialent texton representationn which thereis a oneto one
mappingbetweentextonsandbins. Thoughit might be possibleto nd a similar

(a) ‘ (b)

Fig. 6. Texton andbin equivalencein two dimensions(a) Every texton representatioan
becorvertedinto anequialentbin representatiowherethebinsaretheVoronoipolygons.
(b) Corversely an equally spacedbin representatiortan be corvertedinto an identical
texton representatiofvy placinga texton at the centreof eachbin (thoughnot every bin
representatiohasanequialentbijective texton representation)A similar equivalenceap-
pliesin <N



representatioii therearemoretextonsthanbinswith certaintextonsbeinggrouped
togetherto form a particularbin.

3 Classi cation by Distrib ution Comparison

In this sectionthe effect of the representatioln classi cation performancas in-
vesticated.Givena setof modelscharacterisinghe 61 materialclassesthetaskis
to classifya novel (test)imageasoneof thesetextures.This proceedsasfollows:
the Iter responselistributionis computedor thetestimage,andbothtypesof rep-
resentatior(texton andbin) arethendeterminedIn eithercase the closestmodel
image,in termsof the ? statistic,is foundandthe novel imagedeclaredo belong
to model'stextureclass.

3.1 Experimentaketupandresults

Classi cationis carriedout on all 61 texture classedor both the representations.
We considerthe casewhereevery imagein thetraining set,for eachtexture class,
is usedto generatea model. Thus,thereare46 modelspertexture,for eachof the
61textureclassesTheclassi cationperformances measuredby the proportionof
testimageswhich arecorrectlyclassi ed astheright texture.

For thetextonbasedepresentationgure 7 plotstheclassi cationaccurag versus
the numberof textonsin thedictionarywhenclassifyingall 2806testimages.The
bestresultsareobtainedvhenK = 40textonsarelearntpertexture (resultingin a
dictionaryof sizeS = 2440textons)andanaccurag rateof 97:43%is achieved.
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Fig. 7. Thevariationin classi cationperformancevith the numberof of textons.The best
classi cationresultobtaineds 97:43%usingadictionaryof sizeS = 2440textons.
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Fig. 8. The variationin classi cation performancewith the numberof bins usedduring
quantizationThebestclassi cationresultsareobtainedvhenthe lter responsearequan-
tizedinto 5 binsperdimension.

For the bin representationthe numberand location of the bins are,in general,
importantparametersHowever, it turnsout thatin this caseexcellentresultsare
obtainedusing equally spacedbins. Figure 8 plots the classi cationaccurag for
thetestsetversughenumberof binsusedn thequantizatiorprocessTheclassi er
achieyesa maximumaccurayg of 96.54%whenthe lter responseare quantised
into 5 binsperdimensionincreasinghenumberof binsdecreasetheperformance,
indicatingthatthe distribution is beingover- tted andthatnoiseis beinglearntas
well. Theclassi cationaccurayg alsodecreasewith decreasen thenumberof bins
asthebinningis now crude.

Both the representationgive very similar classi cationresults.Of course this is

not surprisingin the light of the fact that the two canbe madeidentical.In this
particularinstance however, thetexton representatioslightly outperformshebin

representatioasthebinsarealwaysequallysizedwhile thetextonsarelearntadap-
tively from thegivendata.

4 BayesianClassi cation

Giventhattexton frequenciegandhistogrambinning areequivalentwaysof repre-
sentingthe PDF of lter responsest is now possibleto calculatethe classcondi-
tional probabilityof obtaininga particular Iter responseisingatextonrepresenta-
tion. This settingof atexton representatiom a Bayesiarparadigmeffectively lets
uscomparejn this sectiontheclassi cationschemeof KonishiandYuille [7] with
the texton baseddistribution comparisorclassi ersof CulaandDana[3], Leung
andMalik [8] andVarmaandZissermarj14].

The Bayesianclassi er of [7] is alsodivided into a learningstageand a classi -
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cationstage.In the learningstage classpriorsandempirical Iter responsegrob-
abilities arelearntfrom the training data.Onceagain, we emphasisehat to take
into accountthevariationdueto changingviewpoint andillumination a numberof
modelswill beusedfor eachtexture class ratherthanjustlearninga singlemodel
pertextureclassasis doneby [7,11]. In theclassi cationstage Bayes'theoremis
invokedto calculatethe posteriomprobabilityof agiven Iter responsérom anovel
imagebelongingto a particularclass.

4.1 A Bayesiarclassi er usingthetextonrepresentation

Theclassconditionaljoint PDFof Iter responsess obtaineddirectly from thehis-
togramof textonfrequenciegor thevariousimagesn thetrainingset(of section2).
It is straightforward to implementthe Bayesianclassi er given this information.
For a particularmodelwe wantto estimatehe posterior

P(Mj 1) = P(Mj jf F(x)g) (1)

wheref F(x)gis thecollectionof Iter responsegeneratedrom thenovel imagel
to beclassi ed,M;; is aparticularmodelcorrespondingo trainingimagenumberti
takenfrom textureclassnumbel , andtheequalitysignarisedrom theassumption
thatall the availableinformationin the imagehasbeenextractedby the Itering
process.The imagel is classi ed asthe texturej for which P(Mj; jf F(x)g) is
maximisedover all models(i.e. all ij ). UsingBayes'rule,

P(Mj jfF(x)g) /' P(fFF(X)giM; )P (M; ) (2)

whereP (f F(x)gjM; ) is thelikelihoodof themodelM;; , andP (M;; ) theprior on
modelM; . Sinceall modelsareequallylikely in ourcasethe MAP classselection
reducedo aMaximumLikelihoodestimatej.e.

M = argmaxP (f F(x)gjM; ) (3)
=

1

If the Iter responseareassumedpatiallyindependenthenthe probability of all
the Iter response$rom the novel imagebelongingto the modelM ; is obtained
by takingthe productof the probabilitiesof theindividual lter responses,e.

PIF(GM;) = | PF(OIM;) @)

X

At this point, we take logsandfocusonthelog-likelihoodto clarify thesubsequent
discussion,

11



Y X
M = argmax P(F(x)jMj) = argmax logP (F(x)jMj ) (5)

M X M X
P
= argmax Ny logP(TxjM;;) (6)
Mij k=1

whereNy is thenumberof timesthe k! texton occursin the novel imagelabelling
andP (TjMj; ) is theprobability of occurrencef the kth textonin themodelM i -
This equality follows becauseéhe log likelihood essentiallyamountsto counting
thenumberof timeseach Iter responséallsin aparticularbin — but thisis exactly
whatis recordedn thetexton frequeng histogram.

4.2 Equivalencewith MinimumCrossEntropyandKL Divergence

It will now beshavn thatBayesiarclassi cationin thisform canbeviewedasnear

est neighbourdistribution comparisonclassi cation wherethe distancebetween
two distributionsis measuredisingCrosseEntropy or theKL divergence CrossEn-

tropy is aninformationtheoreticmeasureof the averagenumberof bits required
to encodesymbolsfrom a given alphabetusing anotheralphabetlt is minimised
if the samealphabetis usedthroughout.Basedon this obsenation, we canuse
CrossEntropy to determinehow similar a given distribution is to anotherdistri-

bution. The CgossEntrop/ betweenwo discretedistributions,p andq, is givenby

H(p;q) = p« log g« andthesmallerthis valuethebetterthe matchbetweerthe
two distributions. TheKL divergences a rela[_.,edmeasurenf thesimilarity between
two distributionsandis de nedasD (pkg) = pk log (p«=G%)-

Nearesheighboumatchingusing CrossEntropy or KL divergencecanbe shavn
to beequvalentto the Bayesiarformulation[1,15,16]by notingthatfrom (6),

=
I

X
argmax Ny logP (T«jM;; )
M k=1

3
argmax PNWK logP (T«jM;; ) (7)
Mi k=1 k

xS
= argmin ~ P(T,jM,) logP (T,jM;) (8)
Mij k=1
= argminH (p;q)
M

ij
wherepy = P(T«jM,) = Nk:P Ny is the probability of occurrenceof the kth

texton in the novel imagelabellingM, andgc = P(T«jMj ), i.e. the normalised
texton frequeng of the novel imageandmodelimagerespectiely.

12



Therefore,a Bayesianclassi er which assumesiniform priors andthe spatialin-
dependencef Iter responsesvill give equivalentresultsto a nearesneighbour
classi er basedon the CrossEntropy betweerthetexton distributionsof the novel
andmodelimages.

Thergsultcanbe straightforwardly extendedio KL divergenceby addingthe con-
stant _, px logpy to (8) andtakingit insidethe argmin operationasit doesnot
dependonMj . Thus,

8 »
M = argmin’"  plogp P log o 9
Mij k=1 k=1
_ e P«
= argmin  py log— (20)
Mij k=1
= argminD (pkq)
M..

[

4.3 Relationshipwith 2

The equivalencecanbetaken further by notingthatKL divergenceandits exten-
sionsareboundedabove by the ? statisticandthatthe boundis attainedwhenthe
two probability distributionsbeingcomparedarevery similar [6,13,15].

In moredetail sincethe KL divergenceis nota metric, it is oftenextended13] to
whatis calleda capacitorydiscriminantgivenby

C(p;q) = D pkj(p+ o) +D ak3(p+ q) (11)

q
where C(p;q) is now ametric[6]. FurthermoreTopsog13] hasshavnthatC is
boundedquitetightly accordingto therelation

3 %P9 C(ea In2 *p (12)
where

6 2
(g =" P 95 (13

k=1 Pc + G

Also, by takingthe Taylor seriesexpansiornof C, it is straightforwardto shav that

im C(pia) = 5 2(pia (14

13



upto seconcbrderin p andg.

Most of theseresultsareby now standardThe signi cancefor usis thatby com-
bining theseequialenceresultswith the texton-bin correspondencghavn in sec-
tion 2, it becomesmmediatelyclearthatthe Bayesiamrmethodof [7] is equialent
to thetexton distribution comparisorscheme®f [3,8,14].

4.4 BayesiarClassi cation Experiments

The equvalenceresultsfrom the previous subsectionsllow usto casta Bayesian
classi er asanearesheighbourclassi er with KL divergenceasthedistancemea-
sure.Thus,the experimentalketupremainsexactly the sameasin section3 except
now the distancemeasureeingusedis KL divergenceratherthanthe 2 statistic.
Figure9 plotstheclassi cationaccurag versughesizeof thetextondictionaryfor

theBayesiarclassi er. The bestresultsarefor adictionaryof sizeS=1830textons
(i.,e. K = 30textonslearntfrom eachtexture class).A classi cationaccurag of

97:46%is achieved.
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Fig. 9. Thevariationin classi cationperformancevith the sizeof of thetexton dictionary
usinga Bayesiarclassi er: In eachcasethereare2806modelsand2806testimages.The
bestclassi cationresultobtaineds 97:46% usinga dictionaryof 1830textons.Theresults
of thetextonbased 2 classi er (i.e. gure 7) arealsoplottedfor the sake of comparison.

A technicalpointaboutimplementingprobability productds thatif themodelhis-
togramsare determineddirectly from the textons frequenciesf the training im-
agesthenthe classi cationaccurag of the Bayesianclassi er is an astonishingly
low 1.06%.,i.e. almostall thetestimagesareclassi edincorrectly Thisis because
mostnovel imagescontaina certainpercentagef pixels( Iter responsesyhichdo
not occurin the correctclassmodelsin thetraining set. This maybe a resultof an
inadequateamountof training data,or dueto outliersor noise.As a consequence,
the posteriomprobability of thesepixelsis zeroandhencewhenall the pixel proba-
bilities aremultiplied togethertheimageposteriorprobability alsoturnsout to be

14



Zero.

Thisis a standarditfall in histogrambasediensityestimationandthreesolutions
aregenerallyproposed{a) smoothingthe histogram,(b) assigningsmall nonzero
valuesto eachof theemptybins,and(c) discardinga certainpercentagef theleast
occurring Iter response# the belief that they are primarily noiseand outliers.
A combinationof (b) and(c) is usedhere:insteadof startingthe bin occupang
countfrom O, it is startedfrom 1 to ensurethatno bin is ever empty Someof the
leastfrequentlyoccurringbins arealsodiscardedThesemodi cations leadto the
classi cationperformancelottedin gure 9.

4.5 Comparisons

On the basisof experimentalresults,thereis very little to choosebetweenthe
Bayesianand distribution comparisonclassi ers using the texton representation.
This is to be expectedas,in essencethe testbeingperformedis a comparisorof

2 andKL divergenceasdistancemeasuresNeverthelesswhile bothclassi ersat-
tain ratesof over 97%,therearedifferenttheoreticapprosandconsassociatedvith
thetwo approaches.

There can be no doubt that theoretically when the underlying distributions are
known perfectly the Bayesianclassi er minimisesthe classi cation error. How-

ever, whenwe don't have enoughdatato accuratelydeterminehetruedistribution

or only have noisy approximationsvhich suffer from theinherentquantisatioref-

fectsof eitherclusteringor histogrambinningthenthe superiorityof the Bayesian
classi er is muchlessclear This is evident from the capabilityof 2 to practi-
cally copewith emptybins (eventhoughit is theoreticallyincapableof doing so)

andnoisy measurementshile the Bayesiarclassi er completelycollapsesinless
the probability distribution is modi ed. Furthermoreascanbe seerfrom gure 9,

the Bayesianclassi er is often maiginally surpassedy the nearesneighbour 2

classier.

Thereis alsothe questionaboutthe Naive Bayesianassumptiorthatthe obsered
datais independent-However, in our casethis cannotbeconsidered majordraw-
backof the Bayesianclassi er ascomparedo 2 becausda) 2 alsomakesthe
very sameassumptiorin its derivation, (b) the experimentalresultsindicatethat
extremelygoodclassi cationresultsareobtainedevenwhenthe assumptions vi-
olated(Schmid[11] notesthatthis holdstrue even for othertexture datasetsand
(c) if violatingtheassumptionwasleadingto large errorsthenthis couldbetackled
by randomlysampling Iter responsefrom disjoint regionsof the novel imagein
abid to decreas¢heirdependence.

Yet, despitetheir theoreticalimitations, both classi ersappearto work extremely
well in practiseasis evidencedby theclassi cationresults.
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5 Conclusions

In conclusion,we have shavn that the texton representatioof the PDF of Iter
responsess equivalentto anadaptve bin representatioand,cornversely thatevery
regularly partitionedbin representatiosanbe corvertedinto an equialenttexton
representationlhis hasenabledusto usetexton densitiedor textureclassi cation
in theBayesiarframavork whichitself, undercertaincircumstanceganbeviewed
asanothemeasuref distancen adistribution comparisorclassi cationscheme.
In doingso, we have broughttogethertwo seeminglyunrelatedschoolsof thought
in texture classi cation— one basedon the Bayesianparadigmand the otheron
textonsandtheir rst orderstatistics.
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