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ABSTRACT

This paperintroducesa new classi cation schemecalled
“open-endedexture classi cation? Thestandardapproach
for texture classi cationis to usea closedn-classclassi-
er basedon the Bayesianparadigm. Theseperform su-

pervisedclassi cation,wherebyall thetexture classehave

to be prede ned. We proposea new texture classi cation
schemepnethatdoesnot requirea completesetof prede-
ned classes.Insteadour texture classi cation schemeis

basedon a signi cancetest. A textureis classi ed on the

basisof whetheror notits statisticalpropertiesaredeemed
to be from the samepopulationof statisticsas thosethat
de ne a speci ¢ texture class. This new “open-endedex-

ture classi cation” is consideredotentiallyvaluablein the

practicalapplicationof terrainmappingof SyntheticAper-

tureRadar(SAR)images.

1. INTRODUCTION

Texture classi cation hasgenerallybeenaccomplishedria
a supervisednethodbasedon the Bayesianparadigm[1].
Thisentailsde ning asetof predeterminedlassesnto which
atexturecanbeclassi ed[2]. Undersuchanarrangement,
eachunknown texture to be classi ed mustfall within one
of thesepredeterminealasses.The problemcomeswhen
thereis no guaranteghat all the requiredtexture classes
have beenprede ned. Considerfor example, imagesof
Earth'sterrain. Textureclassi cationof Earth'sterrainfrom
SyntheticAperture Radarimageshas mary logistical ad-
vantage$3]. Howeverfrom aimplementatiorpointof view,
it is hard to prede ne the types of textured terrainsthat
a SyntheticAperture Radarimagesis liable to visualise.
Thereforethe standardexture classi cationalgorithmpre-
dominantlyfails at thistask.

We presenta new approachto this extrememulti-class
problem. The proposedclassi cation schemes basedon
the assumptiorthat their exists a texture modelwhich can
capturethe uniquestatisticalcharacteristic®f the desired
texture class. Given sucha model, a classi cation canbe

madeon the basisof whetheror not an unknawvn texture

exhibits signi cantly similar uniquestatisticalcharacteris-
tics ascomparedo the desiredtexture class.Eithertheun-

known texture belongsto this classor it doesnot. In this

way, whena texture is beingclassi ed, not all the texture

classemeedto be prede ned. In factthe classi cational-

gorithm is opento texturesthatdo not t ary prede ned

class. Thesetexturesarejust left as“unknown”. Thisis a

muchbetterscenariathanlabelling an unknown texture as

aprede nedclasswhenit is not.

In [4], we presenteda nonparametrianultiscaleMRF
texture model. Fromthis modelwe wereableto synthesise
multiple naturaltextureswith high delity . Examplesof the
reproductiomgualitiesaregivenin Fig. 1. Fromthis experi-
ment,andmary more,we ascertainedhatthe nonparamet-
ric multiscaleMRF model capturedthe unique character
istics of the textures. Thereforewe have a modelthat can
be usedfor our new type of classi cation methodwe have
termed‘open-endedextureclassi cation’

2. NONPARAMETRIC MULTISCALE MRF MODEL

The nonparametrienultiscaleMRF modelis basedon es-
timating the local conditional probability densityfunction
(LCPDF) from a multi-dimensionahistogramof a neigh-
bourhoodover a homogeneousexturedimage[4]. When

thesampledatais sparselydisperseaverthemulti-dimensional

histogramdomain(asin our case) honparametriestimates
of the LCPDFtendto be morereliablethantheir paramet-
ric counterpartsf the underlyingtrue distribution is un-
known [5].

3. MULTISCALE TEXTURE SYNTHESIS

To synthesisa texture we usedour multiscale relaxation
(MR) algorithmasformalisedin [4]. Thebasisof thealgo-
rithm is to performstochastiaelaxation(SR) at the coars-
estresolutionandthensuccessiely ateach ner resolution
to perform constrainedSR with respectto the resultfrom
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Fig. 1. VisTex textures: (a) Bark.0003;(b) Fabric.0008;(c) Food.0011;(d) Flowers.00061e) Food.0010;(f) Leaves.0016;

(.1) Texturesweresynthesisedrom a nonparametrienultiscaleMRF modelwith a

the previousresolution[6]. In ourimplementationyve per
formedconstrainedRvia our own novel pixel temperature
function [4], which canbe regardedas animplementation
of local annealingin therelaxationprocess.

From training textured imagesof size pix-
els we estimatedhe LCPDF andthensynthesisedmages
of size . A subjectve comparisorof the train-
ing andresultingsynthetictextures, Fig. 1, shavs thatthe
nonparametrienultiscaleMRF modelis a highly represen-
tative modelfor naturaltextures.Thelargersynthesisedn-
agescon rm thatthe uniquecharacteristicef the training
textureshave indeedbeencapturedby our model.

4. OPEN-ENDED TEXTURE CLASSIFICATION

To performopen-endedexture classi cationwe rst built
anLCPDFfrom thetrainingtexture. This LCPDFwasthen
usedto collectprobabilitiesfrom anunknown textureanda
trainingtexture. Theclassi cationwasmadeby performing
a signi cance teston whetherthe two setsof probabilities
werefrom the samepopulation.We usedthenonparametric
Kruskal-Wallis test[7] to testthis null hypothesisA signif-
icancetestfor the classi cationprocessvasdeemedhossi-
blewhentheLCPDFinvolvedin collectingtheprobabilities
wasableto reproducesimilar synthetictexturesto thetrain-
ing texture. This ensuredhatthe statistics,or featuresjn-
volvedin theclassi cationwereuniqueto thetextureclass.
A texture with signi cantly similar uniquestatisticalchar
acteristicswould thenbe deemedo be of the sameclass.

neighbourhood.

In Table 1, we shav the percentageerror for open-ended
texture classi cationof 100VisTex texturemosaicq8].
Althoughit is possibleto make a yes/noclassi cation
directly from the Kruskal-Wallis hypothesistest[7], it is
also possibleto attain a goodness-of- tmeasure. As the
Kruskal-Wallis hypothesigestreturnsa value that is chi-
squared-distribtedwith onedegreeof freedomthegoodness-
of-t is given by the probability of recordinga larger chi-
squared-distribtedvalue[9]. Fig. 2 shavs variousproba-
bility mapsfor atexture mosaicandatrainingtexture.

5. PRACTICAL APPLICATION

The practicalapplicationof terrainmappinga SAR image
of Cultana,Fig. 3, shows the two resultsif: 1) the train-
ing classwasa patchof treesfrom the bottomleft corner
Fig. 3(b); or 2) thetraining classwasa patchof grassfrom
thebottomright corner Fig. 3(c). In bothcasesheresulting
probabilitymapshave beensuperimposednto theoriginal
SARimage.This givesa clearindicationof how the open-
endedextureclassi cationhasperformed.

6. SUMMARY AND CONCLUSION

We wereableto useour nonparametridRF modelto syn-
thesisaealisticrealisation®f atrainingtexture. It waswith
thisevidencethatwe concludedhatthenonparametrienul-
tiscale MRF model capturedall the uniquecharacteristics
speci c to aparticulartexture. With suchamodelit became
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Fig. 2. Probabilitymapsof Brodatztexture mosaicqa) and(b) with respecto: (a.1)D3 - Reptileskin; (a.2) D15 - Straw;
(a.3)D57 - Handmadepaper;(b.1) D17 - Herringboneweave; (b.2) D84 - Rafa; and(b.3) D29 - Beachsand.
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Fig. 3. Airborne SAR imageof Cultana]11] with the probabilitymapsof thetreesandgrasssuperimposed.

feasibleto recogniseother similar texturesfrom animage to determinethe probability that an unknown texture was
containingmultiple unknown textures.Themodelwasused similarto atrainingtexturewith respecto its uniquestatis-



Table 1. Percentagerror for open-endedexture classi cation of 100 VisTex texture mosaics= percentagareaof false
negatives+ percentagareaof falsepositives. VisTex Texture mosaicscourtesyof ComputerVision Groupat the University
Bonn([8], andVision Texture Archive of the MIT MedialLab[10]

[ Neighbourhoodbize | CliqueSize | Multigrid Height | Percentaye Error | Rank |

2 0 15.67 6
2 1 12.94 1
2 2 13.85 3
2 3 18.33 8
3 0 23.70 18
3 1 18.58 10
3 2 17.62 7
3 3 21.80 17
- 0 24.04 20

1 19.45 12

2 18.40 9
- 3 21.79 16
2 0 14.69 4
2 1 13.48 2
2 2 15.22 5
2 3 21.55 15
3 0 21.45 14
3 1 18.74 11
3 2 19.46 13
3 3 25.48 22
- 0 25.54 23

1 24.38 21

2 23.98 19

3 30.33 24

tical characteristicgherebyperformingopen-endetexture
classi cation. Thistechniquds consideregbotentiallyvalu-
ablein the practicalapplicationof terrainmappingof SAR
images.
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