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ABSTRACT

This paperintroducesa new classi�cation schemecalled
“open-endedtextureclassi�cation.” Thestandardapproach
for texture classi�cation is to usea closedn-classclassi-
�er basedon the Bayesianparadigm. Theseperform su-
pervisedclassi�cation,wherebyall thetextureclasseshave
to be prede�ned. We proposea new texture classi�cation
scheme,onethatdoesnot requirea completesetof prede-
�ned classes.Insteadour texture classi�cation schemeis
basedon a signi�cance test. A texture is classi�ed on the
basisof whetheror not its statisticalpropertiesaredeemed
to be from the samepopulationof statisticsas thosethat
de�ne a speci�c texture class. This new “open-endedtex-
tureclassi�cation” is consideredpotentiallyvaluablein the
practicalapplicationof terrainmappingof SyntheticAper-
tureRadar(SAR) images.

1. INTRODUCTION

Textureclassi�cationhasgenerallybeenaccomplishedvia
a supervisedmethodbasedon the Bayesianparadigm[1].
Thisentailsde�ning asetof predeterminedclassesintowhich
a texturecanbeclassi�ed [2]. Undersuchanarrangement,
eachunknown texture to beclassi�ed mustfall within one
of thesepredeterminedclasses.The problemcomeswhen
there is no guaranteethat all the requiredtexture classes
have beenprede�ned. Considerfor example, imagesof
Earth'sterrain.Textureclassi�cationof Earth'sterrainfrom
SyntheticApertureRadarimageshasmany logistical ad-
vantages[3]. Howeverfrom aimplementationpointof view,
it is hard to prede�ne the types of textured terrainsthat
a SyntheticApertureRadarimagesis liable to visualise.
Thereforethestandardtextureclassi�cationalgorithmpre-
dominantlyfailsat this task.

We presenta new approachto this extrememulti-class
problem. The proposedclassi�cation schemeis basedon
the assumptionthat their exists a texturemodelwhich can
capturethe uniquestatisticalcharacteristicsof the desired
texture class. Given sucha model,a classi�cation canbe

madeon the basisof whetheror not an unknown texture
exhibits signi�cantly similar uniquestatisticalcharacteris-
tics ascomparedto thedesiredtextureclass.Eithertheun-
known texture belongsto this classor it doesnot. In this
way, whena texture is beingclassi�ed, not all the texture
classesneedto be prede�ned. In fact the classi�cational-
gorithm is opento texturesthat do not �t any prede�ned
class.Thesetexturesarejust left as“unknown”. This is a
muchbetterscenariothanlabellingan unknown textureas
a prede�nedclasswhenit is not.

In [4], we presenteda nonparametricmultiscaleMRF
texturemodel.Fromthis modelwe wereableto synthesise
multiplenaturaltextureswith high �delity . Examplesof the
reproductionqualitiesaregivenin Fig. 1. Fromthis experi-
ment,andmany more,we ascertainedthatthenonparamet-
ric multiscaleMRF model capturedthe uniquecharacter-
istics of the textures. Thereforewe have a modelthat can
be usedfor our new typeof classi�cationmethodwe have
termed“open-endedtextureclassi�cation.”

2. NONPARAMETRIC MULTISCALE MRF MODEL

The nonparametricmultiscaleMRF model is basedon es-
timating the local conditionalprobability densityfunction
(LCPDF) from a multi-dimensionalhistogramof a neigh-
bourhoodover a homogeneoustextured image[4]. When
thesampledataissparselydispersedoverthemulti-dimensional
histogramdomain(asin ourcase),nonparametricestimates
of theLCPDFtendto bemorereliablethantheir paramet-
ric counterpartsif the underlying true distribution is un-
known [5].

3. MULTISCALE TEXTURE SYNTHESIS

To synthesisa texture we usedour multiscalerelaxation
(MR) algorithmasformalisedin [4]. Thebasisof thealgo-
rithm is to performstochasticrelaxation(SR)at thecoars-
estresolution,andthensuccessively ateach�ner resolution
to performconstrainedSR with respectto the result from
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Fig. 1. VisTex textures: (a) Bark.0003;(b) Fabric.0008;(c) Food.0011;(d) Flowers.0006;(e) Food.0010;(f) Leaves.0016;
(.1) Texturesweresynthesisedfrom a nonparametricmultiscaleMRF modelwith a ����� neighbourhood.

thepreviousresolution[6]. In our implementation,we per-
formedconstrainedSRvia ourown novel pixel temperature
function [4], which canbe regardedasan implementation
of local annealingin therelaxationprocess.

From training textured imagesof size �����	�
����� pix-
els we estimatedthe LCPDF andthensynthesisedimages
of size ��
��	����
�� . A subjective comparisonof the train-
ing andresultingsynthetictextures,Fig. 1, shows that the
nonparametricmultiscaleMRF modelis a highly represen-
tativemodelfor naturaltextures.Thelargersynthesisedim-
agescon�rm that the uniquecharacteristicsof the training
textureshave indeedbeencapturedby ourmodel.

4. OPEN-ENDED TEXTURE CLASSIFICATION

To performopen-endedtexture classi�cationwe �rst built
anLCPDFfrom thetrainingtexture.ThisLCPDFwasthen
usedto collectprobabilitiesfrom anunknown textureanda
trainingtexture.Theclassi�cationwasmadeby performing
a signi�cance teston whetherthe two setsof probabilities
werefrom thesamepopulation.Weusedthenonparametric
Kruskal-Wallis test[7] to testthisnull hypothesis.A signif-
icancetestfor theclassi�cationprocesswasdeemedpossi-
blewhentheLCPDFinvolvedin collectingtheprobabilities
wasableto reproducesimilarsynthetictexturesto thetrain-
ing texture. This ensuredthat thestatistics,or features,in-
volvedin theclassi�cationwereuniqueto thetextureclass.
A texture with signi�cantly similar uniquestatisticalchar-
acteristicswould thenbe deemedto be of the sameclass.

In Table 1, we show the percentageerror for open-ended
textureclassi�cationof 100VisTex texturemosaics[8].

Although it 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 hypothesistest returnsa value that is chi-
squared-distributedwith onedegreeof freedom,thegoodness-
of-�t is given by the probability of recordinga larger chi-
squared-distributedvalue[9]. Fig. 2 shows variousproba-
bility mapsfor a texturemosaicanda trainingtexture.

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) thetrainingclasswasa patchof grassfrom
thebottomright corner, Fig.3(c). In bothcasestheresulting
probabilitymapshavebeensuperimposedonto theoriginal
SAR image.This givesa clearindicationof how theopen-
endedtextureclassi�cationhasperformed.

6. SUMMARY AND CONCLUSION

We wereableto useour nonparametricMRF modelto syn-
thesiserealisticrealisationsof atrainingtexture.It waswith
thisevidencethatweconcludedthatthenonparametricmul-
tiscaleMRF modelcapturedall the uniquecharacteristics
speci�c to aparticulartexture.With suchamodelit became
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Fig. 2. Probabilitymapsof Brodatztexturemosaics(a) and(b) with respectto: (a.1)D3 - Reptileskin; (a.2)D15 - Straw;
(a.3)D57 - Handmadepaper;(b.1) D17 - Herringboneweave; (b.2) D84 - Raf�a; and(b.3) D29 - Beachsand.

(a) (b) (c)

Fig. 3. AirborneSAR imageof Cultana[11] with theprobabilitymapsof thetreesandgrasssuperimposed.

feasibleto recogniseothersimilar texturesfrom an image
containingmultipleunknown textures.Themodelwasused

to determinethe probability that an unknown texture was
similar to a trainingtexturewith respectto its uniquestatis-



Table 1. Percentageerror for open-endedtexture classi�cation of 100 VisTex texture mosaics= percentageareaof false
negatives+ percentageareaof falsepositives.VisTex Texturemosaicscourtesyof ComputerVision Groupat theUniversity
Bonn[8], andVisionTextureArchiveof theMIT MediaLab [10]
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�����

3 3 21.80 17
�����

- 0 24.04 20
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3 3 25.48 22
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�����
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tical characteristics,therebyperformingopen-endedtexture
classi�cation.Thistechniqueis consideredpotentiallyvalu-
ablein thepracticalapplicationof terrainmappingof SAR
images.
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