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Abstract

This paper looks at the nonpalametric, multiscale
Markov RandomField (MRF) modelandits applicationin
classifyingthe Meas®x TestSuite TheMeasEx TestSuite
is a standad by which varioustexture classi cation algo-
rithms can be compaed. Typically, todaystexture classi -
cation algorithmshavebeenbasedon supervisectlassi -
cation,wheebyall theclassi cationclassehavebeenpre-
de ned.Welook at a new texture classi cationsdhemegone
that doesnot require a completesetof prede nedclasses.
Insteadour texture classi cation schemeis basedon a sig-
ni cancetest.Atextureis classi ed onthebasisof whether
or not its statistical propertiescan be deemedo be from
the samepopulationof statisticsas that de ne a training
settexture. If not, texture is deemeduinknown.Theadvan-
tagesand disadvantgesof suc a schemeare discussedn
this paper

1. Intr oduction

Texture classi cation hasgenerallybeenaccomplished
via a supervisedmethod. This entails de ning a set of
predeterminealassesnto which a texture may be classi-

ed [1]. Undersuchanarrangemengachunknownn texture
to beclassi ed mustfall within oneof thesepredetermined
classesTheproblemcomesvhenthereis noguarante¢hat
all therequiredtexture classedave beenprede ned. Con-
siderfor example,imagesof Earth's terrain. Texture clas-
si cation of Earth's terrainfrom SyntheticApertureRadar
imageshasmary logistical advantageg2]. However from
a implementatiorpoint of view, it is hardto prede nethe
typesof texturedterrainsthat a SyntheticAperture Radar
imagess liable to visualise.Thereforethe standardexture
classi cationalgorithmpredominantlyfail at this task.

We presenta new approachto this extreme multi-
classproblem. Using our nonparametrianultiscaleMRF
model [7], we were able to synthesisemultiple natural

textureswith high delity. Examplesof the reproduction
qualitiesare given in Fig. 1. From this experiment,and
mary more, we ascertainedhat the nonparametrianulti-
scaleMRF model captureda large portion of the unique
characteristicef a texture. The proposedtlassi cational-
gorithm usesthis identity to classifya texture on the basis
thatit hasthesameuniquecharacteristicasatrainingclass
texture. Two texturesaredeemedo befrom thesameclass,
if they canbe shawvn to have similar uniquecharacteristics
asde ned by thenonparametrienultiscaleMRF model.
This new type of classi cationmethodwe have termed
“open-endectlassi cation? The classi cationinferenceis
madeon thebasisthatsimilar uniquestatisticalcharacteris-
ticsde neswhetheranunknawn textureis of thesameclass
asaprede nedtexture. Eithertheunknawn texturebelongs
to this classor it doesnot. In this way, whena texture is
beingclassi ed,notall thetextureclasseseedto beprede-
ned. In facttheclassi cationalgorithmis opento textures
thatdonot t ary prede nedclass. Thesetexturesarejust
left as“unknown”. This is a muchbetterscenariacthanla-
belling anunknown textureasbeingof acertainclasswhen
it is not. To determinethe effectivenessof this new ap-
proachwe employedtheuseof theMeasEx TestSuite[9].

2. Nonparametric MRF model

The nonparametridiRF modelis basedon estimating
thelocal conditionalprobability densityfunction (LCPDF)
from a multi-dimensionalhistogramof a neighbourhood
over a homogeneousxturedimage[7]. Whenthe sample
datais sparselydispersedover the multi-dimensionalhis-
togramdomain (asin our case),nonparametricestimates
of the LCPDFtendto be morereliablethantheir paramet-
ric counterpartsf the underlyingtrue distribution is un-
known [8].

In [6] we shaved that we can estimatethe LCPDF
as a function of its maminal distributions by assum-
ing that thereis conditional independencéetweennon-
neighbouringsitesfor ary subsebf theimagelattice. This



is a much strongerassumptionthan made for a normal
MRF which de nes a site asbeing conditionally indepen-
dentuponits non-neighbouringitesgivenall of the neigh-
bouringsites. This strongMRF modelis equivalentto the
Analysis-of-\ariance(ANOVA) constructior{3], which al-
lows usto usethetheoremdrom the ANOVA construction
to estimatehe LCPDFfor the strongMRF model.
Theability to usea strongMRF modelallowedusto not
only to vary the neighbourhoodize,but alsothe statistical
orderof the model. In the classi cationanalysis,we were
ableto testthewhatorderof statisticsgave the bestclassi-
cation. Sincewe useda nonparametrienodel,this made
thetestindependenof functionalform.

3. Multiscale texture synthesis

To synthesisatexturewe usedour multiscalerelaxation
(MR) algorithmasformalisedin [7]. Thebasisof thealgo-
rithm wasto performstochasticelaxation(SR)atthecoars-
estresolutionandthensuccessiely ateach ner resolution
performconstrainedSR with respecto the resultfrom the
previous resolution[4]. We implementedconstrainedSR
throughthe useof our own novel pixel temperaturdunc-
tion [7] which canberegardedasanimplementatiorof lo-
cal annealingin therelaxationprocess.

We usedtrainingtexturedimagesof size
to estimatehe LCPDFfrom whichimageof size
weresynthesisedA subjective comparisorof the training
andresultingsynthetictextures,Fig. 1, shavs thatthe non-
parametrianultiscaleMRF modelis ahighly representatie
modelfor naturaltextures. This con rms that the unique
characteristicef thetrainingtextureshaveindeedbeencap-
turedby our model.

pixels

4. Open-endedtexture classi cation

To performopen-endedexture classi cation for a tex-
ture from the Meas®x Test Suite [9], we rst built an
LCPDF from the training texture. This LCPDF wasthen
usedto collectprobabilitiesfrom the unknown texture and
the training texture. The classi cation was madeby us-
ing a signi canceteston whetherthe two setsof probabili-
tieswerefrom the samepopulation.We usedthe nonpara-

metric Kruskal-Wallis test[5] to testthis null hypothesis.

This classi cation processvas deemedoossiblewhenthe
LCPDFinvolvedin collectingthe probabilitieswasableto
reproducesynthetictexturessimilar to the training texture.
This ensuredhat the statistics,or featuresjnvolvedin the
classi cationwereuniqueto the texture class.Any texture
with similar unique statisticalcharacteristicavould be of
thesameclass.

Although we were ableto make a yes/noclassi cation
directly from the Kruskal-Wallis hypothesidest,the Meas-

Tex Test Suite [9] requireda probability associatedvith
theclassi cation. As the Kruskal-Wallis hypothesigestre-
turnedavaluethatwaschi-squared-distribtedwith onede-
greeof freedom the probabilitywe returnedwasthe proba-
bility of recordingalargerchi-squared-distribntedvalue[6].

4.1 Comparative assessmendf performance

In Table 1, a list of summaryscoresfor a suite of non-
parametridRF modelsarepresentedThekey to the MRF
modelnamess: nlrefersto anearesheighboumeighbour
hood,n3refersto a neighbourhoodh5refersto a
neighbourhoodThenumberaftertheletter ¢’ refersto the
maximumestatisticalorderusedin the strongMRF model.
The heightof the multigrid usedby the modelis indicated
by the numberaftertheletter 't'. From rst perusalof Ta-
ble 1, it is evident(by looking at therelative ranks)thatthe
nonparametri®RF model,basedna neighbourhood
usingjust 3rd orderstatisticsanda four tier multigrid, gives
thebestperformancevith about75%accurag.

Theresultsin Table1 for the nonparametrid RF mod-
els can be directly comparedo the resultsin Table 2 for
thefractal, Gabor GLCM, andGaussiatMRF models.The
structureof thesemodelsaregivenin [9]. Eventhe worst
performingstandardnodel(the Fractalmodel)doesbetter
thanthe bestnonparametridRF model (andis computa-
tionally moreef cient). Whatthis shavsis thatour method
of open-endedexture classi cationis outperformedy the
standardsupervisedclassi cation techniquesvhenthe all
therequiredtexture classesareknown.

If we look at the relative rankingsof the differentmod-
elspresentedn Table 1, we cangetan overall impression
of the effect of varyingary oneof the nonparametridRF
model's speci cations. Table 3 demonstrateshe general
effect of increasingthe neighbourhoodsize. As the aver
agerank increasesvith neighbourhoodsize, we can sur
misethata smallneighbourhoods betterfor classi cation.
In Table4 it is the statisticalorderthatis varied. Fromthis
table we can seethat althoughit is advisableto keepthe
statisticalorder small, if the the statisticalorder getstoo
smallthe modelwill startto beundertrainedLastly, in Ta-
ble 5 we seethatincreasingthe multigrid heightimproves
the classi cationaccurag. Justfrom thesethreetableswe
can concludethat the optimal nonparametridRF model
would be MRF-n3c3t3. Now sincethe expectedoptimal
nonparametridMRF modelis the sameoneasidenti ed in
Table 1, we canalso concludethat thereis not too much
interplaybetweerthesethreemodelconstructiorvariables.
Thesevariablescanbe usedalmostindependentiyto opti-
misethe nonparametriddRF model. In factsincewe have
not imposeda functional framework to this analysis,ary
similar texture modelcouldbe similarly optimised.
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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; (.1) Textures were synthesised from a nonparametric MRF model with a
neighbourhood.

Table 1. MeasTex test suite summar y scores

TestSuites
Model Grass | Material | OhanDube| VisTex | Al Rank

MRF-n1t0 .732157| .767600| .680725 | .680725| .723510 11
MRF-n1tl .743578| .785322| .674175 | .731708| .733695 8
MRF-n1t2 .764700| .784077| .677600 | .747062| .743359 3
MRF-n1t3 .766828| .788995| .653425 | .748470| .739429 4

MRF-n3c2t0| .638350| .687390| .604525 | .650675| .645235 21
MRF-n3c2tl| .629728| .680813| .600075 | .674262| .646219 19
MRF-n3c2t2| .621550| .678654| .589850 | .692154| .645552 20
MRF-n3c2t3| .598307| .673072| .589975 | .696625| .639494 22
MRF-n3c3t0| .720214| .776863| .691475 | .709325| .724469 10
MRF-n3c3tl| .729285| .781795| .694400 | .730533| .734003 7
MRF-n3c3t2| .747414| .789036| .690425 | .749175| .744012 2
MRF-n3c3t3| .754221| .792018 | .697400 | .748270| .747977 1
MRF-n3t0 .733535| .761781| .668525 | .705537| .717344 12
MRF-n3t1 .746742| 782454 | .665350 | .722929| .729368 9
MRF-n3t2 766721 .788022| .650625 | .742450| .736954 5
MRF-n3t3 .763900| .795795| .640075 | .745591| .736340 6

MRF-n5c2t0| .659707| .681550| .601325 | .668487| .652767 17
MRF-n5c2tl| .653392| .678340| .597475 | .687891| .654274 16
MRF-n5c2t2 | .643614| .677272| .586175 | .689083| .649036 18
MRF-n5t0 .686642| .726740| .670875 | .677470| .690431 14
MRF-n5t1 .678828| .737050| .649075 | .699741| .691173 13
MRF-n5t2 .689757| .748400| .621250 | .700987| .690098 15




Table 2. MeasTex test suite summar y scores

TestSuites
Model Grass | Material | OhanDube| VisTex [ All Rank
Fractal .906778| .908636| .904875 | .813645| .883483| 8
Gaborl .889978| .967772 978875 | .906591| .935804 3
Gabor2 .880185| .955313| .985975 | .898791| .930066| 5
GLCM1 .891328| .944863 .883100 | .820283| .884893 7
GLCM2 .916157| .964986| .866675 | .852266| .900021| 6
GMRF-std1s| .917492| .966918 .972000 | .885616| .935506 4
GMRF-std2s| .917971| .977545 991125 | .932058| .954674 2
GMRF-std4s| .948892| .969340 | .988175 | .932437| .959711 1

Table 3. Average rank for various neighbour -
hoods from Table 1

| Neighbourhoodize | Exceptcliquemodels| All models|

Table 5. Average rank for various multigrid
heights from Table 1

| Multigrid Height | Exceptcliquemodels| All models]

nearest 6.50 6.50
8.00 11.17
14.00 15.50

Table 4. Average rank for various clique sizes
from Table 1

| CliqueSize| N3models| All models|

2 20.50 19.00
3 5.00 5.00
- 8.00 9.09

5. Summary and conclusion

We were ableto useour nonparametridRF modelto
synthesiseealisticrealisationf a trainingtexture. It was
with thisevidencethatwe concludedhatthenonparametric
MRF modelcapturedall the uniquecharacteristicspeci ¢
to aparticulartexture. With suchamodelit becamdeasible
torecognisethersimilartexturesfrom animagecontaining
multiple unknown textures. The modelwasusedto deter
minetheprobabilitythatanunknowvn texturewassimilar to
atraining texture with respecto its uniquestatisticalchar
acteristicstherebyperformingopen-endedexture classi -
cation. This techniquewvasconsidereotentiallyvaluable
in the practicalapplicationof terrainmappingof SAR im-
ages.

1 12.33 14.17

2 10.00 12.00

3 7.67 10.50

4 5.00 8.25
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