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Abstract

In this papertextureanalysistechniquesareusedto segmentroughsur-
facesinto regionsof homogeneoustexture. Theperformanceof threerough
surfaceclassifierswasassessedandcompared.Theclassifiersdiffer in their
discriminationaswell astheir inputandcomputationalrequirements.Experi-
mentswereusedto identify thefailuremodesof theclassifiersandto identify
which classifieris bestsuitedto a particulartask. A seriesof guidelinesfor
thechoiceof classifierarepresentedandjustified.

1 Intr oduction

Thevisual textureof a surfaceis causedby the interactionof light with eithervariations
in the surface’s reflectioncharacteristics,or with the surfacetopography. This paperis
limited to thesecondsourceof texture,anddealswith theclassificationof roughsurfaces
on thebasisof their imagetexture. Althoughmany texturetechniqueshave beenapplied
implicitly to this form—themajorityof Brodatztextures[1] containat leasta component
dueto surfacetopography—littlework hasbeencarriedoutonthephenomenaassociated
with this group.Onecharacteristicof roughsurfacetexturesis thattheappearanceof the
surfaceis a functionof the illuminant directionaswell asof the surfacetopography[2]
[3] [4] [5]. For instance,rotationof a directionalsurfaceis not equivalentto rotationof
its image,[6], Figure2. A surfacerotation invariantclassifiermust take this effect into
account.

Theeffect of directionalillumination on classificationcanbereducedby decreasing
the (slant)anglebetweenthe light sourceand the vertical—thoughof coursethis sup-
pressesthevisible texture. An alternative approachis to classifyon thepropertiesof the
surfaceratherthanthoseof theimage.Photometricstereoallowstheestimationof surface
derivativesusingseveral imagesof thesamescenecapturedunderdifferentillumination
conditions.Critically, it doesnotneedthesmoothnessconstraintrequiredby mostsingle-
imageshapefrom shadingalgorithms. Figure 3 shows a seriesof scatterplots of the
estimatedsurfacederivatives,p andq correspondingto the imageseries(Figure2). The
joint distribution of p andq is invariant,apartfrom a rotation. This makesthe surface
derivativesanattractive featurefor classification.
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Classifier Point IRIS SiRIS
UserTime(s) 8 151 158

Table1: CPUtimesof featureextraction(includessurfaceestimation.)

In [2] aclassifier(Point)wasproposedthatextractedrotationinvariantfeatureswhich
encapsulatedsurfaceroughnessanddirectionalityfrom thepoint statisticsof thesurface
derivativefield. This correspondsto measuringthelocal distribution of p andq andesti-
matingits majorandminor axes.We haveconcludedthatthenormof thesurfacederiva-
tives,althougha lesspowerful feature,is morerobust to errorsin surfaceestimation.In
[6] aSurfaceRotationInSensitive(SiRIS)classifierwasproposedthatusedisotropicGa-
bor filters andwas insensitiveto surfacedirectionalityandthereforeto surfacerotation.
Thealgorithmfirst decomposesthesurfacederivative fields into a seriesof bandlimited
fields,beforecalculatingthe norm of eachfield. The third techniqueinvestigatedis the
ImageRotationInSensitive(IRIS) classifier. This is basedontheschemeproposedin [7],
thoughin this paperit is usedto classifyon a pixel by pixel basisratherthanto classify
regions.SiRISis almostidenticalto IRIS exceptthat IRIS operateson imagedatarather
thaninferredsurfacecharacteristics.Theclassifiersaresummarisedin Figure1.
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Figure1: Thethreetestclassifiers.

Theclassifiersdiffer in theirrequirementsfor dataandcomputation.TheIRIS scheme
requiresonly oneimage;the Point andSiRIS classifiersrequirethree,andin this work
we have usedfour. The Point classifierrequiresleastcomputation,SiRIS requiresonly
marginally morethantheIRIS classifierdueto theefficientuseof theFastFourierTrans-
form, (Table1), see[6]. Giventherelativecostsof theclassifiersit is desirableto identify
whentheextraexpenditureis necessaryor useful.

This papercomparestheability of theclassifiersto distinguishandsegmenttextured
surfacesin an inspectiontask. We do not try to mimic the humanvisual system. In
many inspectiontaskstheclassifierdealswith surfacesthathave beenformedby similar
physicalprocesses—thatis they differ in thedegree,ratherthanthe type,of processing.
Theexperimentalapproachof thispaperis to testtheability of theclassifierstodistinguish
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Figure2: Directionalsurfacerotatedclockwisein 30Ï increments.

similar surfaces.The texturesusedin this paperaregroupedin montagesaccordingto
their underlyingphysicalcause.We have tried to usesetsof surfacesthataresimilar, but
which show a gradationin appearance.The testsurfacesareusedto assessthe relative
performanceof theclassifiersaswell astheir robustnessto surfacerotation.

Figure3: Distributionof facetslopefor therotateddirectionalsurface.

In this paperwe have found that the Point classifieris the leastableto discriminate
betweensurfaces. The SiRIS classifierperformsbetterthan the IRIS classifier. Most
significantlywe have confirmedthat the SiRIS andPoint classifiersaresurfacerotation
invariant;andthatIRIS is not.

AlthoughthePointclassifieris theworstclassifiertestedwedonotruleit outfor appli-
cations:it’s simplicity wouldmake it attractivewherefastdetection,or a fast,coarseseg-
mentation,is required.For isotropicsurfacesSIRISimproveson IRIS with little increase
in computation—thoughwhetherthe improvementjustifies the morecomplex imaging
processdependson theapplication.For directionalsurfacesthatarealwayspresentedat
the sameorientationandwhenthe lighting canbe optimised,we recommendthe IRIS
classifier. If the orientationof a directionalsurfacecannotbe predicted—weconclude
thatIRIS is insufficientanda photometricapproachsuchasSiRISis necessary.

2 Method

The classifiers’discriminationandtheir robustnessto surfacerotationwereassessedon
naturalsurfaces.

The testsurfacesaregroupedinto oneof four montages,dependingon the physical
processthat formedthem.Fracture surfaces(Figure4) wereformedby impactfractures
of solid blocksof plaster. They vary from therelatively smooth,ceramic-like fractureof
Fracture1 to themuchrougher, morefractal,Fracture4 surface.Depositsurfaces(Figure



566

5) wereformedby thedepositionof plasterpowderonaplasterflat. Thesesurfacesdiffer
in the amountof powder depositedon the surface. Ground surfaces(Figure 6) were
formedby grinding plasterflats. Ground1 waspreparedby grinding in two orthogonal
directions; the other surfacesin this group are unidirectionaland vary becauseof the
different lengthof grinding stroke usedin their preparation.Ripplesurfaces(Figure7)
wereformedby wave actionanddiffer in thedirectionalityandfrequency.

To allow comparison,all the classifiersusethesametrainingdataandthesamelow
passfilter (a Gaborfilter with centrefrequency of 0 anda standarddeviation of 4 cycles
perimage).TheIRIS andSiRISclassifiersalsosharethesamesamplingof thefrequency
spectrum:Gaborfilters with centrefrequenciesof 0, 64, 128, 192 and256 cyclesper
image(c/i) andstandarddeviationof 32 c/i.

All of the classifiersconsideredignorephaseanddiscriminateon a samplingof the
power spectrumof eitherthe imageor thesurfacederivatives.A stationaryrandompro-
cessmay be completelycharacterisedby its power spectrumif the processis Gaussian.
TheassumptionthatthesurfaceheightdistributionsareGaussianis commonin therough
surfaceliterature.Experimentalresultssuggestthat,althoughnot universal,theGaussian
assumptionis valid for many naturalsurfaces[10]. Sincedifferentiationis a linear op-
eration,theassumptionalsoholdsfor surfacederivatives;furthermore,sinceLambertian
reflectionmaybemodelledasa linearoperatorfor surfacescomposedof facetsof mod-
erateslope[11], this assumptioncanbeextendedto thedistribution of imageintensities.
In this paper, surfacesareassumedto becharacterisedsolelyby their powerspectrum.

Thesurfaceswereilluminatedfrom a slantof 50Ï , andtilt anglesof 45Ï , 135Ï , 225Ï
and315Ï . The surfacesare madeof plasterandare near-Lambertian. This simplifies
photometricestimation,however, photometricstereohasbeenappliedto a muchwider
rangeof surfacereflectancefunctionsbothwith, andwithout,prior calibration,[13] [14].
In theexperimentseachclassifierwastrainedon onesixteenthof the image.In thecase
of rotation experimentsthe classifierswere trainedprior to rotation. The experiments
hadtwo aims: to assessthe classifiers’discriminationandto test the robustnessof the
classifiersto surfacerotation.

Thesurfacesareusedin four experiments.Thefirst experimentassessestheability of
the classifiersto segmentmontagesof similar surfaces,Table2. The remainingexperi-
mentstesttherobustnessof theclassifiersto surfacerotation.TheFracture1 sampleis too
small to maintainthenecessaryimagesizethroughoutrotation.We combineFractures2
and4 andDeposits1 and4 to form the Iso montage.Theclassifiersaretrainedat 0Ï of
rotationandtestedon surfacesrotatedin 30Ï increments.At eachrotationa photometric
imagesetwascapturedunderthesameconditionsastheearlierexperiments.

3 Resultsand Discussion

In experiment1 theability of theclassifiersto discriminatebetweencloselyrelatedsur-
faceswastested.The percentageof pixels misclassifiedis shown in Table2. The seg-
mentedDepositmontageis shown in Figures8-10. For all montagestheSiRISclassifier
was the mosteffective andthe Point classifierwasthe worst. However, except for the
Ripplemontage,the Point classifieris performinga degreeof discrimination;and this
maybeadequatefor someapplications.Boththesimulationsandtheexperimentalresults
indicatethatSiRISis a morerobustclassifierthanIRIS.
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Figure4: Fracturesurfaces.

Figure5: Depositsurfaces.

Figure6: Groundsurfaces.

Figure7: Ripplesurfaces.
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Figure8: Segmentationof Depositmontageby Pointclassifier.

Figure9: Segmentationof Depositmontageby IRIS classifier.

Figure10: Segmentationof Depositmontageby SiRISclassifier.
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Montage Point IRIS SiRIS
Fracture 31.72 24.57 18.31
Deposit 30.87 18.96 12.15
Ground 40.42 21.23 14.20
Ripple 68.83 14.44 12.95

Table2: Experiment1: Classifiererrorrate(%).

Experiment2 teststheclassifiers’robustnessto therotationof isotropicsurfaces.Un-
surprisingly, all theclassifiersareunaffectedby rotation(Figure11). Therelativeaccura-
ciesaresimilar to thosefoundfor the isotropicmontagesin experiment1, that is all the
classifiersareableto discrimateto somedegree.

Figure11: Experiment2: Classificationaccuracy with rotatedmontageof isotropic(frac-
tureanddeposit)surfaces.

Experiments3 and4 (Figures12 and13) test the classifiers’robustnessto rotation
of directionalsurfaces. In both experimentsthe IRIS classifierfails catastrophicallyas
the surfaceis rotated. As in experiment1 the Point classifieris completelyunableto
discriminateany of the Ripple textures. It is able to discriminatebetweenthe Ground
surfaces—thoughit doesshow a degreeof sensitivity to rotation: classificationis most
accuratewhenthesurfacedirectionalityis alignedwith a pair of illuminants. TheSiRIS
classifiergivesthelowestmisclassificationandmaintainsalow level in bothexperiments.
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Figure12: Experiment3: Classificationaccuracy with RotatedGroundmontage.

4 Conclusions

In this paperthreetechniquesthatclassifyroughsurfacesby their appearancewerecom-
pared.ExperimentsonnaturalsurfacesindicatethattheSiRISclassifieris themosteffec-
tive. In mostcasestheIRIS classifieris slightly poorer;however, if the testsurfacesare
directional,andtheir orientationis unpredictable,theIRIS classifiercanfail catastrophi-
cally. ThePointtechniquehastheleastability to distinguishsurfaces.It is able,however,
to discriminateto somedegreeall thesurfacesexceptthosein theRipplemontage.

Thechoiceof classifieris specificto the application.Wherea rapid, roughclassifi-
cationis required,thecomputationalsimplicity of thePointclassifiermakesit anattrac-
tive option. If greateraccuracy is requiredthenoneof thespectralclassifiersshouldbe
used. If the classifierdealswith directionalsurfacesthat arepresentedat arbitraryori-
entationsthentheIRIS classifieris inadequateandSiRISshouldbeused.If thesurfaces
areisotropicor aredirectionalbut of known orientation,thechoiceis lessclear. In these
casesSiRISdoesgive moreaccurateclassificationthanIRIS with no significantincrease
in computation,however, it doesrequirea photometricimageset.Whethertheimprove-
mentin accuracy outweighstheextra imagingrequirementsdependson theapplication
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Figure13: Experiment4: Classificationaccuracy with rotatedRipplemontage.
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