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Abstract

In this papertexture analysistechniquesare usedto segmentroughsur
facesinto regionsof homogeneoutexture. The performanceof threerough
surfaceclassifiersvasassessedndcompared.The classifierdiffer in their
discriminationaswell astheirinputandcomputationatequirementsExperi-
mentswereusedto identify thefailure modesof the classifiersandto identify
which classifieris bestsuitedto a particulartask. A seriesof guidelinesfor
thechoiceof classifierarepresentecandjustified.

1 Intr oduction

Thevisualtexture of a surfaceis causedy the interactionof light with eithervariations
in the surfaces reflectioncharacteristicsor with the surfacetopography This paperis
limited to the secondsourceof texture,anddealswith the classificatiorof roughsurfaces
onthebasisof theirimagetexture. Although mary texturetechniquesave beenapplied
implicitly to this form—themajority of Brodatztextures[1] containatleasta component
dueto surfacetopography—littlework hasbeencarriedout onthe phenomenassociated
with this group. Onecharacteristiof roughsurfacetexturesis thatthe appearancef the
surfaceis a function of theilluminant directionaswell asof the surfacetopography2]
[3] [4] [5]. Forinstanceyotationof a directionalsurfaceis not equivalentto rotationof
its image,[@, Figure2. A surfacerotationinvariantclassifiermusttake this effect into
account.

The effect of directionalillumination on classificationcanbe reducedby decreasing
the (slant) angle betweenthe light sourceand the vertical—thoughof coursethis sup-
presseshevisible texture. An alternatve approachs to classifyon the propertiesof the
surfaceratherthanthoseof theimage.Photometristerecallowsthe estimatiorof surface
derivativesusingseveralimagesof the samescenecapturedunderdifferentillumination
conditions.Critically, it doesnot needthe smoothnessonstrainrequiredby mostsingle-
image shapefrom shadingalgorithms. Figure 3 shavs a seriesof scatterplots of the
estimatedsurfacederivatives,p andq correspondingo theimageseries(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 |

Tablel: CPUtimesof featureextraction(includessurfaceestimation.)

In [2] aclassifier(Point)wasproposedhatextractedrotationinvariantfeaturesvhich
encapsulatedurfaceroughnesanddirectionalityfrom the point statisticsof the surface
deriative field. This correspondso measuringhelocal distribution of p andq andesti-
matingits majorandminor axes.We have concludedhatthe norm of the surfacederiva-
tives,althougha lesspowerful feature,is morerobustto errorsin surfaceestimation.In
[6] aSurfaceRotationInSensitve (SiRIS) classifiewasproposedhatusedisotropicGa-
bor filters andwasinsensitiveto surfacedirectionalityandthereforeto surfacerotation.
The algorithmfirst decomposethe surfacederivative fields into a seriesof bandlimited
fields, beforecalculatingthe norm of eachfield. The third techniqueinvestigateds the
ImageRotationinSensitve (IRIS) classifier Thisis basedntheschemeproposedn [7],
thoughin this paperit is usedto classifyon a pixel by pixel basisratherthanto classify
regions. SiRISis almostidenticalto IRIS exceptthatIRIS operateon imagedatarather
thaninferredsurfacecharacteristicsThe classifiersaresummarisedn Figurel.
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Figurel: Thethreetestclassifiers.

Theclassifierdiffer in theirrequirement$or dataandcomputation ThelRIS scheme
requiresonly oneimage;the Pointand SiRIS classifiersrequirethree,andin this work
we have usedfour. The Point classifierrequiresleastcomputation SiRIS requiresonly
mauginally morethanthe RIS classifierdueto the efficient useof the FastFourier Trans-
form, (Tablel), se€[6]. Giventherelative costsof theclassifierst is desirableo identify
whentheextra expenditureis necessargr useful.

This papercompareghe ability of the classifiergo distinguishandsegmenttextured
surfacesin an inspectiontask. We do not try to mimic the humanvisual system. In
mary inspectiontasksthe classifierdealswith surfacesthathave beenformedby similar
physicalprocesses—thas they differ in the degree,ratherthanthe type, of processing.
Theexperimentahpproactof this papetis to testtheability of theclassifiergo distinguish
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Figure2: Directionalsurfacerotatedclockwisein 30° increments.

similar surfaces. The texturesusedin this paperare groupedin montagesaccordingto
their underlyingphysicalcause We have tried to usesetsof surfaceshataresimilar, but
which show a gradationin appearanceThetestsurfacesare usedto assesshe relative
performancef theclassifiersaswell astheir robustnesgo surfacerotation.

Figure3: Distribution of facetslopefor therotateddirectionalsurface.

In this paperwe have found that the Point classifieris the leastableto discriminate
betweensurfaces. The SiRIS classifierperformsbetterthanthe IRIS classifier Most
significantlywe have confirmedthat the SiRIS and Point classifiersare surfacerotation
invariant;andthatIRIS is not.

AlthoughthePointclassifieris theworstclassifiettestedve donotruleit outfor appli-
cations:it’ s simplicity would make it attractve wherefastdetectionpr afast,coarsesey-
mentationjs required.For isotropicsurfacesSIRIS improveson IRIS with little increase
in computation—thoughvhetherthe improvementjustifiesthe more complex imaging
procesdepend®n the application.For directionalsurfacesthat arealwayspresentecdt
the sameorientationand whenthe lighting can be optimised,we recommendhe IRIS
classifier If the orientationof a directionalsurfacecannotbe predicted—weconclude
thatIRIS is insufficientanda photometricapproactsuchasSiRISis necessary

2 Method

The classifiers’discriminationandtheir robustnesdo surfacerotationwereassessedn
naturalsurfaces.

Thetestsurfacesaregroupedinto oneof four montagesdependingon the physical
procesghatformedthem. Fracture surfaces(Figure4) wereformedby impactfractures
of solid blocksof plaster They vary from therelatively smooth,ceramic-like fractureof
Fracture 1 to themuchroughermorefractal,Fracture 4 surface.DepositsurfaceqFigure
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5) wereformedby thedepositionof plasterpowderon aplasterflat. Thesesurfaceddiffer

in the amountof powder depositedon the surface. Ground surfaces(Figure 6) were
formedby grinding plasterflats. Ground 1 waspreparedoy grindingin two orthogonal
directions;the other surfacesin this group are unidirectionaland vary becauseof the
differentlengthof grinding stroke usedin their preparation.Ripple surfaces(Figure 7)

wereformedby wave actionanddiffer in thedirectionalityandfrequeng.

To allow comparisonall the classifiersusethe sametraining dataandthe samelow
passfilter (a Gaborfilter with centrefrequeng of 0 anda standarddeviation of 4 cycles
perimage).ThelRIS andSiRIS classifiersalsosharethe samesamplingof thefrequeny
spectrum: Gaborfilters with centrefrequenciesof 0, 64, 128, 192 and 256 cycles per
image(c/i) andstandarddeviation of 32 c/i.

All of the classifiersconsideredgnore phaseanddiscriminateon a samplingof the
power spectrunof eithertheimageor the surfacederivatives. A stationaryrandompro-
cessmay be completelycharacterisedby its power spectrumif the procesds Gaussian.
Theassumptiorthatthe surfaceheightdistributionsareGaussiars commonin therough
surfaceliterature.Experimentatesultssuggesthat,althoughnot universal the Gaussian
assumptioris valid for mary naturalsurfaces[10]. Sincedifferentiationis a linear op-
eration,theassumptioralsoholdsfor surfacederivatives;furthermore sinceLambertian
reflectionmay be modelledasa linear operatorfor surfacescomposedf facetsof mod-
erateslope[11], this assumptiorcanbe extendedto the distribution of imageintensities.
In this paper surfacesareassumedo be characterisedolely by their power spectrum.

Thesurfaceswereilluminatedfrom a slantof 50°, andtilt anglesof 45°, 135, 225°
and 315°. The surfacesare madeof plasterand are nearLambertian. This simplifies
photometricestimation,however, photometricstereohasbeenappliedto a muchwider
rangeof surfacereflectancdunctionsbothwith, andwithout, prior calibration,[13] [14].
In the experimentseachclassifierwastrainedon onesixteenthof theimage. In the case
of rotation experimentsthe classifierswere trainedprior to rotation. The experiments
hadtwo aims: to assesshe classifiers’discriminationandto testthe robustnesf the
classifierdo surfacerotation.

Thesurfacesareusedin four experiments Thefirst experimentassessethe ability of
the classifiersto sgmentmontagef similar surfaces,Table2. The remainingexperi-
mentstesttherobustnes®f theclassifierdo surfacerotation. TheFracturel samplés too
smallto maintainthe necessarymagesizethroughoutrotation. We combineFracture2
and4 andDepositsl and4 to form the Iso montage.The classifiersaretrainedat 0° of
rotationandtestedon surfacesrotatedin 30° incrementsAt eachrotationa photometric
imagesetwascapturedunderthe sameconditionsasthe earlierexperiments.

3 Resultsand Discussion

In experimentl the ability of the classifiersto discriminatebetweencloselyrelatedsur

faceswastested. The percentagef pixels misclassifieds shavn in Table2. The seg-

mentedDepositmontages shavn in Figures8-10. For all montageghe SiRIS classifier
was the mosteffective andthe Point classifierwasthe worst. However, exceptfor the
Ripple montage the Point classifieris performinga degreeof discrimination;and this
maybeadequatéor someapplicationsBoth thesimulationsandtheexperimentakesults
indicatethat SiRISis a morerobustclassifiethanIRIS.
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Figure4: Fracturesurfaces.

Figureb: Depositsurfaces.

Figure6: Groundsurfaces.

Figure7: Ripplesurfaces.
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Figure8: Segmentatiorof Depositmontageby Pointclassifier

Figure9: Segmentatiorof Depositmontageby IRIS classifier

Figure10: Segmentatiorof Depositmontageby SiRIS classifier
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Montege | 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: Experimentl: Classifiererrorrate(%).

Experimeni teststhe classifiersrobustnesgo therotationof isotropicsurfaces.Un-
surprisingly all theclassifiersareunafectedby rotation(Figure11). Therelative accura-
ciesaresimilar to thosefound for theisotropicmontagesn experimentl, thatis all the
classifiersareableto discrimateto somedegree.
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Figurell: Experimen®: Classificatioraccurag with rotatedmontageof isotropic(frac-
tureanddeposit)surfaces.

Experiments3 and 4 (Figures12 and 13) testthe classifiers’robustnesgo rotation
of directionalsurfaces. In both experimentsthe IRIS classifierfails catastrophicallyas
the surfaceis rotated. As in experimentl the Point classifieris completelyunableto
discriminateary of the Rippletextures. It is ableto discriminatebetweenthe Ground
surfaces—thouglit doesshowv a degreeof sensitvity to rotation: classificationis most
accuratevhenthe surfacedirectionalityis alignedwith a pair of illuminants. The SiRIS
classifiergivesthelowestmisclassificatiorandmaintainsalow level in bothexperiments.
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Figurel12: Experiment3: Classificatioraccurag with RotatedGroundmontage.

4 Conclusions

In this paperthreetechniqueshatclassifyroughsurfacesby their appearanceverecom-
pared.Experimenton naturalsurfacesndicatethatthe SiRIS classifieris themosteffec-
tive. In mostcaseghe IRIS classifieris slightly poorer;however, if thetestsurfacesare
directional,andtheir orientationis unpredictablethe IRIS classifiercanfail catastrophi-
cally. ThePointtechniquehastheleastability to distinguishsurfaces t is able,however,
to discriminateto somedegreeall the surfacesexceptthosein the Ripplemontage.

The choiceof classifieris specificto the application. Wherea rapid, rough classifi-
cationis required,the computationakimplicity of the Point classifiermalkesit anattrac-
tive option. If greateraccurag is requiredthenone of the spectralclassifiersshouldbe
used. If the classifierdealswith directionalsurfacesthat are presentedat arbitrary ori-
entationghenthe IRIS classifieris inadequatend SiRIS shouldbe used.If the surfaces
areisotropicor aredirectionalbut of known orientation the choiceis lessclear In these
casesSiRIS doesgive moreaccurateclassificatiorthanIRIS with no significantincrease
in computationhowever, it doesrequirea photometridmageset. Whethertheimprove-
mentin accuray outweighsthe extraimagingrequirementslepend®n theapplication

References

[1] P. Brodatz Textures: a phtagraphic album for artists and designes, Dover, New
York, 1966.

570



(2]

3]

[4]

[5]

[6]

[7]

(8]

9]

—— —
m / / "\\
/ A
] AY
? 60 // \
SN \
= 50 / . N
= / ~Point \
5 a0 / =IRIS \
G J < SiRTS \
E@ 30 P o
E e
g 20 - ©
< o o
o “
10
o] T T T T T
0 30 60 90 120 150 180

Angle of rotation (%)

Figure13: Experiment: Classificatioraccurag with rotatedRipple montage.

G. McGunnigle,M.J. Chantler Roughsurfaceclassificationusing point statistics
fromphotometricsteleo, PatternRecognitionLetters21 (2000)593-604.

K.J. Dana,B. vanGinnelen, S.K. Nayar, J.J.KoenderinkReflectancand texture of
real world surfaces ACM Transaction®n Graphics\Vol. 18,No.1,pp.1-34 January
1999

P-h. Suen,G. Healey TheAnalysisand Rec@nition of Real-Vérld Texturesin Three
Dimensions.|[EEE Transaction®n PatternAnalysisandMachinelntelligence May
2000,Vol.22No.5pp.491-503

K.J.Dana,S.K.NayarCorrelationModelfor 3D Textures, ICCV '99, pp.1061-1067,
Septembel999.

G. McGunnigle,M.J. Chantler Rotationinvariant classificationof rough surfaces.
IEE Proceeding¥ision, ImageandSignalProcessingyol. 146,Number6, pp. 345-
352,December999.

R. Porter N. CanagarajahRohustrotation invariant texture classification: wavelet,
Gabor and GMRF basedschemes|EE Proceeding¥/ision, Imageand Signal Pro-
cessing\ol. 144,Number3, pp.180-188,1997

R.S.Sayles,T.R. Thomas, Surfacetopographyas a nonstationaryrandomprocess
Nature,Vol.271,2 February1978,pp.431-434.

D.J.Mulvanng, D.E. Newland,K.F. Gill, ACompleteDescriptionof Surfacelexture
Profiles Wear132(1989)pp.173-182.

571



[10] J.A. Ogilvy, Theoryof Wave Scatteringfrom RandomRoughSurfaces Publisher
AdamHilger, 1991.

[11] P Kube,A.P. Pentland, On the Imaging of Fractal Surfaces IEEE Trans.Pattern
AnalysisandMachinelntelligence 10(5) pp.704-7071988.

[12] R.Woodham,Photometricnethodfor determiningsurfaceorientationfrom multi-
pleimages. Optical Engineering,Jan./Feb1980,Vol.19No.1, pp.139-144.

[13] K.V. RajaramG. ParthasarthM.A. Faruqui, A Neural NetworkApprmad to Pho-
tometricSteeoInversionof Real-Vrld Reflectanc&apsfor Extracting3-D Shapes
of Objects IEEE Trans.on SystemsManandCybernetics\ol.25,N0.9, Sept.1995,
pp.1289-1300.

[14] G.Kay, T. Caelli, Estimatingthe Parametes of an lllumination Model Using Pho-
tometricSteeo, GraphicalModelsandImageProcessingyol.57, No.5 Sept.1995,
pp.365-388.

572



