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Abstract

In this paper we present noncausal, nonparametric,
multiscale,Markov RandomField (MRF) model for syn-
thesisingandrecognisingtexture. Themodelhastheability
to capture thecharacteristicsof a widevarietyof textures,
varying from the structured to the stochastic. For texture
synthesis,weuseour ownnovelmultiscaleapproach, incor-
porating local annealing,allowing us to uselarge neigh-
bourhoodsystemsto model somecomplex textures. We
showhow we are able to manipulatethe statisticalorder
of our high dimensionalmodelwithoutovercompromising
theintegrity of therepresentation.Alsoby varyingthestat-
istical order of our modelweare ableto optimiseit for the
unsupervisedrecognitionof textureswith respectto textures
thathavenotbeenmodelled.

1. Intr oduction

MRF modelshave mainly beenusedfor the supervised
classi�cationof texture,for whichalibrary of pre-modelled
texturesmustexist in orderfor discriminantanalysisto be
used[1]. However, this approachis cumbersomefor SAR
imagesof the Earth's terrain as they containa myriad of
differenttexture types,too many to be ablebuild a library
of pre-modelledtextures.

Wepresenta new approachto this problemby usingour
multiscalenonparametricMRF model to model just one
sourcetexture from which we producea probability map
of the sourcetexture over a test image. We show that our
MRF model,assessedby humanvision, is ableto synthes-
ise highly representative textures [8]. On this basis,we
determinethat the model capturesenoughuniquetextural
characteristicsto beableto de�ne aprobabilityto animage
segmentwithout the useof discriminantanalysis.This al-
lows segmentationandtexture recognitionof imageswith

unde�nedtexturetypes,i.e., it permitsunsupervisedtexture
recognition[7].

Althoughthesynthesistestmayindicateif a modelhas
capturedthespeci�c characteristicsof a texture,it doesnot
determinewhetherthe model is suitablefor segmentation
andclassi�cation. Using the philosophyfrom [10], a tex-
turemodelshouldmaximiseits entropywhile retainingthe
uniquecharacteristicsof the texture. In termsof the non-
parametricMRF this is equivalentto reducingthestatistical
orderof themodelwhile retainingtheintegrity of thesyn-
thesisedtextures.

In this paper, we alsopresenta methodfor reducingthe
statisticalorderof thenonparametricMRF modelto asetof
lowerorderstatisticalpropertiesbasedonthecliquesof the
MRF [6]. Wehaveshown in [5] thatthisreducedmodelstill
containstheuniquecharacteristicsrequiredfor synthesising
representativetexture,but dueto thelowerorderstatisticsis
ableto performbettersegmentationandclassi�cation [7].
By adjustingthe extent of statisticalreduction,the model
can be optimisedto capturethe most uniquecharacterist-
ics while retainingtheintegrity of thesynthesisedtextures,
therebyproducingamodelsuitablefor unsupervisedtexture
recognition.

2. Nonparametric MRF model

The nonparametricMRF model is basedon estimating
thelocal conditionalprobabilitydensityfunction(LCPDF)
from a multi-dimensionalhistogramof a neighbourhood
over a homogeneoustexturedimage[8]. Whenthesample
datais sparselydispersedover the multi-dimensionalhis-
togramdomain(as in our case),nonparametricestimates
of theLCPDFtendto be morereliablethantheir paramet-
ric counterpartsif the underlying true distribution is un-
known [9].

In [7] we showed that we may estimatethe LCPDF
as a function of its marginal distributions by assum-



ing that there is conditional independencebetweennon-
neighbouringsitesfor any subsetof theimagelattice. This
is a much strongerassumptionthan made for a normal
MRF whichde�nesa siteasbeingconditionallyindepend-
entuponits non-neighbouring sitesgivenall of the neigh-
bouringsites. This strongMRF modelis equivalentto the
Analysis-of-variance(ANOVA) construction[2, 7], which
allows us to usethe theoremsfrom the ANOVA construc-
tion to estimatetheLCPDFfor thestrongMRF model.

3. Multiscale texturesynthesis

To synthesisa texture we usedour multiscalerelaxa-
tion (MR) algorithm as formalisedin [8]. The basisof
the algorithm is to perform stochasticrelaxation(SR) at
thecoarsestresolution,andthensuccessively at each�ner
resolutionperformconstrainedSR with respectto the res-
ult from the previous resolution[3]. We implementcon-
strainedSRthroughtheuseof our own novel pixel temper-
aturefunction[8] whichmayberegardedasanimplement-
ationof local annealingin therelaxationprocess.

We usedsourceimagesof size ������������� pixels to es-
timate the LCPDF from which imagesof size ����	
������	

were synthesised.A subjective comparisonof the source
andresultingsynthetictextures,Fig. 1, show that thenon-
parametricmultiscaleMarkov random�eld texture model
is a highly representative model of naturaltextures. This
con�rms that the characteristicsof thesourcetexturehave
indeedbeencapturedby themodel.

4. Multiscale unsupervisedtexturerecognition

To performunsupervisedtexture recognitionfor a seg-
ment of our test image, we usedthe set of probabilities
de�ned by the LCPDF over the segment, and compared
themdirectly to thesetof probabilitiesfrom thesourcetex-
ture[7]. We usedthenonparametricKruskal-Wallis test[4]
to testthenull hypothesisthat the two setsof probabilities
comefrom thesamepopulation.We thenusedthe con�d-
enceassociatedwith acceptingthenull hypothesisto form
a probabilitymapover thetestimage.

To prove theperformanceof our recognitionalgorithm,
we testedit on imagescontaininga mosaicof sub-images
with similar grey levels (seeFig. 2(a) (b)). A conventional
applicationof a (�rst order) histogramtechniquewould
not able to segment these. Also a mix of structuredand
stochasticsub imageswere chosento illustrate how our
nonparametrictechniqueis able to recogniseall typesof
textures. The resultsareprobability mapswith respectto
onesourcetexture. The modelusedwasthe strongMRF
modelwith a �
��� neighbourhoodandpairwisecliques,as
this was identi�ed asour optimal model for unsupervised
texturerecognition[7].

5. Summary and conclusion

With the multiscaletexture synthesisincorporatingour
novel pixel temperaturefunction, we wereableto usethe
nonparametricMRF model to synthesiserealistic realisa-
tions of a sourcetexture with minimal phasediscontinuit-
ies. It was with this evidencethat we concludedthat the
nonparametricMRF modelcapturesall the uniquecharac-
teristicsspeci�c to aparticulartexture.With suchamodelit
becamefeasibleto recogniseothersimilar texture from an
imagecontainingmultiple unknown textures. The model
was usedto determinethe probability that an imageseg-
mentwassimilar to a sourcetexturewith respectto its tex-
tural characteristics,therebyperformingunsupervisedtex-
turerecognitionthatdid not requireprior knowledgeof the
texturestypespresentin theimage.This techniquewascon-
sideredvaluableto thepracticalapplicationof terrainmap-
pingof SAR images.
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Figure 1. VisTex textures: (a) Bark.0003; (b) Bark.0009; (c) Fabric.0010; (d) Flowers.0003; (e)
Food.0010; (f) Leaves.0016; (g) Bric k.0000; (h) Fabric.0002; (i) Flowers.0000; (?.1) Textures were
synthesised from a nonparametric MRF model with a � ��� neighbourhood.

(a) (a.1) (a.2) (a.3)

(b) (b.1) (b.2) (b.3)

Probabilityscale 0 1

Figure 2. Probability maps of Brodatz texture mosaics (a) and (b) with respect to: (a.1) D3 ­ Reptile
skin; (a.2) D15 ­ Straw; (a.3) D57 ­ Handmade paper; (b.1) D17 ­ Herringbone weave; (b.2) D84 ­ Raf�a;
(b.3) D29 ­ Beach sand.
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