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Abstract

The segmentationof roughsurfacesusingtheir reflectancepropertiesis
considered.We presenta techniqueto estimatethe orientationof surface
facetswhosereflectancefunctionsareunknown. Thereflectancecharacter-
istics of eachfacetareestimatedindividually allowing this techniqueto be
appliedto non-homogeneoussurfaces.Non-Lambertiancomponentsareat-
tenuatedallowing shapeestimationwith classicalphotometricstereo.Sim-
ulationswith roughsurfacesrenderedwith Phong’s modelindicatethat this
approachextendstherangeof reflectancefunctionsto whichclassicalphoto-
metricstereocanbeapplied.Therecoveredsurfacederivatives,togetherwith
the original intensity imagesareusedto constructreflectancemaps. These
areusedasfeaturesfor segmentation.A reflectancebasedclassifieris found
to bemoreaccuratethananintensityclassifier.

1 Intr oduction

Textureis animportantcuefor imagesegmentation.Theappearanceof atexturedsurface
is a functionof its reflectancepropertiesandoftenthe(visible) roughnessof thesurface.
Webelieveit is bothusefulandscientificallydesirableto resolvethesephenomenawhere
possible.In earlierwork we have usedsurfacetopographyasa cuefor imagesegmenta-
tion. In this paperwe considerthe problemof estimatingthe reflectancecharacteristics
of rough surfacesandusing theseas a featurefor imagesegmentation. This will, for
instance,allow mattandglossysurfacesto bedistinguished.

Thereflectioncharacteristicsof amaterialcanbedescribedusingits reflectancemap.
For a fixedviewing andlighting geometrytheintensityof a surfacefacetis a functionof
its surfacederivatives(p andq). To constructthereflectancemapwe mustfirst measure
the surfacederivatives. Photometricstereois a classicaltechniqueto estimatesurface
derivativesusingmultiple imagesof the samescenelit from differentdirections. It is
suitablefor rough surfacesbecauseit is local anddoesnot requirea smoothnesscon-
straint. Most photometricschemesassumethe reflectancefunction is known, e.g. [1].
Recentlytechniqueshave beendevelopedto estimateboth thesurface’s topographyand
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its reflectancefunction [2] [3]. We will considertheestimationof shapeandreflectance
characteristicsfor imagesegmentation.

In this paperwe will answertwo questions:can we recover the shapeof a rough
surfacewhosereflectancecharacteristicsare unknown?and is reflectancea usefulfea-
ture for segmentation?We proposea novel methodfor surfaceestimationandconsider
someof theissuesrelevantto segmentation.Themethodis evaluatedusingsimulation;a
roughsurfaceis renderedwith realisationsof Phong’smodelandtheaccuracy of recovery
estimated.We testwhetherthe reflectancemapis usefulfor segmentation:a surfaceis
renderedwith two realisationsof Phong’s modelandthe accuracy of a classifierusing
reflectanceis comparedwith oneusingintensity.

We found the proposedalgorithmwaseffective at recovering roughsurfaceswith a
wide rangeof reflectancecharacteristicsif the Lambertianandspecularcomponentsof
thereflectancefunctionaredistinctive. Reflectancewasfoundto beamorepowerful fea-
turethanintensityfor imagesegmentation.Weconcludethatthis is apromisingapproach
for classifyingrough surfaces. We believe this papermakes threeimportantcontribu-
tions. First, a novel techniqueto attenuatenon-Lambertianreflectionis proposed;this
extendsthe rangeof classicalphotometricstereo.Secondly, the numberof photometric
imagesrequiredareexpressedin termsof samplingthe reflectancefunction ratherthan
parameterisinga model. Thirdly this paperdescribesthe useof the reflectancemapfor
segmentation.

2 General Approach

2.1 Assumptions

We areinterestedin the recovery of surfacederivativesandreflectancefunctionsfor the
classificationandsegmentationof testsamples.We assumethe following experimental
set-up,Figure1. Thesampleis a roughsurfaceconsistingof two or morematerialswith
distinctreflectancecharacteristics.Theroughsurfaceis madeup of surfacefacetswhich
correspondto theimagepixels.Theslopeof a facetis theaverageslopeof thesurfacein
theareacorrespondingto thatpixel. In eachimagethesampleis illuminatedby a single
light sourcewith azimuth

�
. Thereflectancefunctionsof thefacets,althoughunknown,do

containasignificantLambertiancomponent.Theroughsurfaceis imagedby anoverhead
camera:an orthographicprojectionis assumed.The camerais linear andhassufficient
dynamicrangeto accuratelymeasuretherangeof intensities.

Theexperimentsreportedin thispaperall usesimulation.Despiteits drawbacks,sim-
ulation is useful in this context for two reasons:first, the correctvaluesof the surface
derivativesare known; andsecondlyit allows a degreeof control over the surfacere-
flectancefunctionthatwould beotherwiseimpossible.We usePhong’smodel(Equation
1, [4]) asa benchmarkfor severalreasons:it is simpleandis widely used;it hasfew pa-
rameters;theparametershave a clearanddirecteffect on reflectance.Most importantly,
unlike morephysicalmodelsit doesnot containa Gaussianterm. Sinceour empirical
modelcontainsa Gaussianterm this would underminethe validity of our experimental
argument. Essentially, we have chosenthe reflectancemodel that we would expect to
leastresembleour parametricmodel.
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Figure1: Experimentalset-up.

where,

i is theintensityof thefacet.�
is theanglebetweenthesurfacenormalandtheilluminant.�
is theanglebetweenthemirror andtheviewerdirections.

���
is thelevel of ambientradiation(zeroin all experiments).���
is thecoefficientof diffusereflection.� �
is thecoefficientof specularreflection.

n is theexponentof specularreflection.

2.2 SurfaceRecovery

To measurethereflectancecharacteristicsof thematerialswe mustfirst estimatethesur-
facederivatives.Photometrictechniquesthatdealwith surfaceswith unknownreflectance
functionscanbegroupedinto two categories:empiricalandanalytical.Theempiricalal-
gorithmsassumereflectanceis predominantlydiffuseanddetectandreducetheeffectsof
specularreflection. ColemanandJain[5] usea simplethresholdto detectspecularities
andusea fourth imagefor theaffectedfacets.HanssonandJohanssonusepolarisedlight
to detectandattenuatethespecularcomponentof theimage[6]. Otherinvestigatorshave
usedcolour informationto detectandsuppressspecularhighlights,e.g. [7]. Analytical
schemesestimateboth reflectanceandshape:they fit a generalparametricmodelof the
reflectancemapto a dataset, then invert the estimatedmappingto recover the surface
derivatives.Estimatingtheparametersrequiresa largedataset:schemeseitherusemany
lights[3] or assumethesurfaceis homogeneousandestimateasinglereflectancefunction
for theentiresurface[2].

Ourapproachis closestto theempiricalgroup—thoughaftersurfacerecoveryweuse
reflectanceinformationfor segmentation.Insteadof usinga two dimensionalreflectance
mapfor surfacerecovery, we treatthe reflectanceof eachsurfacefacetasa onedimen-
sional function of illuminant azimuth. Azimuth functionsfor particular facetscan be
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Figure 2: Plot of the azimuthfunction for surfacefacetswith p=0 and q=0, 0.25, 0.5
and0.75,renderedwith Phong’smodel,Dif fusecoefficient=50,SpecularCoefficient=50,
Specularexponent=20.

plotted,Figure2. We modelthis functionasa combinationof a Lambertiancomponent
anda residuewhich is dueto specularreflection. In this paperour approachis to mea-
suretheazimuthfunction,identify andsuppresstheresidualterm,andusetheremaining
Lambertiantermfor classicalphotometricstereo.

2.3 Segmentation

Oncewe have estimatedthe orientationof the facetsit is possibleto constructa series
of reflectancemapsandsegmentthe image. Otherauthorshave usedreflectanceas a
cuefor segmentationandobject recognition. NayarandBolle presenta techniquethat
usesa single imageto calculatethe reflectanceratiosof regionsandtheir backgrounds
[8]. Their approachis valid for curved surfacesif the region andits backgroundshare
scaledversionsof the samereflectancefunction. Our technique,which is designedfor
moreconstrainedenvironments,usesmultiple imagestakenundercontrolledlighting and
is ableto distinguishbetweensurfacesthatdiffer in the typeof reflectancecharacteristic
aswell asin albedo.Thispaperdescribesexploratorywork carriedoutwith simulationto
assesswhethersurfaceestimationis practicalandwhetherthe reflectancemapis useful
for segmentation.

3 Estimating The Azimuth Function

We assumethat the residueis normallydistributedwith azimuth;we justify this on two
grounds.First, the surfacemicrotopographyof a facetwill perturbthe directionof the
reflectedrays. Specularradiationwill be distributedacrossazimuthwith a peakat the
facet’s azimuth(assumingthe facethasa non-zerogradient). Secondly, the measured
azimuthfunction is the convolution of the actualfunction with the angulardistribution
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Slope(q) Fundamental First Second Third

0 0.01 0.01 0.01 0.01
0.25 22.69 8.95 5.81 3.37
0.50 28.70 7.56 6.24 4.94
0.75 27.53 0.29 0.13 0.17

Table1: Strengthof theharmonicsfor facetsof variousslopes

of the light source. Even if it is not itself Gaussian,a light sourceof finite extent will
causethemeasuredfunctionto tendtowardsnormality, by thecentrallimit theorem.The
Lambertiancomponentof theazimuthfunctionconsistsof acosinetermandameanterm:
theGaussiancomponentcanbedecomposedinto aFourierseries.Thecombinedfunction
is shown in Equation2.

�-p �rq ��s�
`�r�:p �utwv�q ��xy��zfp|{��~}���
�������

�:� 
��r�:p$� �ut � v�q�q
(2)

where,

i(
�
) is theazimuthfunction.�

is theilluminantazimuth.v
is theazimuthof thefacet.

a,b,candx areconstants.
h is thenumberof harmonic.

Beforefitting a model to the azimuthfunction we must samplethe function—that
is we must illuminate the surfacefrom a set of directions. Sincewe treat eachfacet
individually we mustsampleat enoughpointsnot only to estimatethe parameters,but
alsoto avoid aliasingeffects.By Nyquist,theLambertiancomponentrequiresmorethan
two samplepointsfor completereconstruction.TheGaussiancomponentis aconverging
series:thenumberof samplesneededwill dependon thequality required,theparameters
of theGaussianandtheangulardistribution of the light source.In Table1 we show the
strengthof the harmonicsof eachof the curvesshown in Figure2. As is evident from
thefigure,thefacetswith q=0.25or 0.5 have significantharmonicscorrespondingto the
specularcomponent.

In orderto demonstratetheeffect of aliasingwe conductthefollowing simulation:a
sphereis renderedwith Phong’s model. The azimuthfunction of eachfacetis sampled
at k points, i.e. eachfacetis illuminated in turn from k directions. The Fourier series
of eachazimuthfunction is calculated,andthevalueof theazimuthfunctionat

�
= 0� is

reconstructedfrom the Fourier coefficients,(top row of Figure3). Whenk is large, the
functionis well sampledandtheimagecanbeaccuratelyreconstructed.As k is decreased
aliasingeffectsoccurandthereconstructiongetsprogressively worse.

Becausethe intensityof the light sourcehasanangulardistribution, the light source
actsasan anti-aliasingfilter. The experimentis repeatedin the bottomrow of Figure3
with a light sourcethathasa Gaussiandistribution with standarddeviation20� . Aliasing
effectsnow occuratmuchlowersamplingratesthanpreviously.
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Figure3: Effect of varying the samplingfrequency with point source(top row) andex-
tendedsouce(bottomrow).
Diffusecoefficient = 40, SpecularCoefficient=50,Specularexponentn=50, Illuminant
zenith= 45� ,
Numberof samples:40,10,8, 2

4 SurfaceRecovery

To useclassicalphotometricstereowe must reducethe non-Lambertiancomponentof
intensity. Unfortunatelythe LambertianandGaussianfunction componentsarenot or-
thogonal:a simplefiltering will remove the harmonicsdueto the Gaussianbut will not
resolve theLambertianandresiduecontributionsto thefundamentalandmean.We esti-
matetheparametersof theGaussian:x canbefoundfrom theratioof thefirst andsecond
harmonics,thisallowsc to bedeterminedandtheGaussianreconstructed.TheGaussian’s
contribution to thefundamentalandmeancanthenbeidentifiedandremoved.

This approachis successfulif the specularcomponentis narrow anddistinct from
the Lambertiancomponent.If the higherharmonicsaresmall, i.e. the specularlobe is
eitherwide or weak,thenthealgorithmapproximatestheLambertiancomponentwith a
wide Gaussian.This leadsto spuriousresultswhenthealgorithmremovesthis estimate
from the fundamentalandmeancomponents.To avoid theseartefactswe introduceda
threshold: if the first harmonicwaslessthana fraction d of the fundamental,thenthe
measuredfundamentalandmeancomponentswereassumedto bedueto theLambertian
componentandwereunalteredbeforeimagereconstruction.

We conductedtwo setsof experimentsusing simulation. In both experimentswe
fit our empiricalmodel to the azimuthfunction of eachfacetrenderedwith a standard
reflectancemodel,thenestimatetheorientationof thefacet.An isotropic,randomfractal
256 � 256 surface,with power roll-off � =3.0 and rms slope0.1 was renderedwith
Phong’s model from 360 directions. This level of samplingis excessive andcould be
reducedfor realapplications.Thealgorithmwasusedto suppresstheresidualcomponent
andphotometricstereowasusedto estimatethefacetslopes.Theaccuracy of theestimate
iscomparedwith thatof asurfacerecoveredusingthesamephotometrictechniqueapplied
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Figure4: Effectof varyingthespecularcoefficient.
Dif fusecoefficient= 50,Specularexponent,n=20,illuminantzenith= 45� ,
Specularcoefficient=0,50,75,100

to theoriginaldataset.In thefirst experimentthestrengthof thespeculartermin Phong’s
model is varied (Figure4); in the secondthe exponentis varied, (Figure5). We state
accuracy in termsof thesignalto noiseratio: theratio of thevarianceof thep derivative
field to thevarianceof noise—thedifferencebetweenthecorrectandestimatedfield. In
bothcasesthealgorithmhasgenerallyimprovedtheaccuracy of surfacerecovery, (Figure
6). However, it fails completelywhenthe exponentof the specularterm lies between5
and20. Below 20 thereis insufficient energy in the harmonics;however, below 5, the
thresholdpreventsthis typeof artefactfrom beingintroduced.

Figure5: Effectof varyingthespecularexponent.
Diffusecoefficient= 50,Specularcoefficient=20,illuminantzenith= 45� ,
Specularexponent,n=0,20,30,50

Westressthattheseresultsareexploratory:wehaveonly usedsimulationallowing us
to make somesimplifications.First, we assumesuperposition:i.e. our camerais linear
andhassufficientdynamicrangeto maintainalevel of accuracy for photometricrecovery.
Camerasthat fulfil theserequirementshave recentlybecomewidely available.Secondly,
in ourmodelwehaveneglectedshadowing; in thesimulationsweaccountfor self,but not
cast,shadows. This assumptionlimits the roughnessof the testsurfaces,andthe zenith
anglefrom which they canbe lit. However, we believe that theseresultsaresufficiently
promisingto justify furtherinvestigation.

5 Segmentation

For a fixed viewing and illumination geometrythe intensity, i, of a surfacefacet is a
functionof thesurfacederivatives,p andq andis describedby thereflectancemap. The
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Figure6: Performanceof recoveryon originalandcorrecteddata.
Diffusecoefficient= 50,d=0.1,illuminantzenith= 45� ,
In (a.) Specularexponent,n=20
In (b.) Specularcoefficient=20

reflectancemapis characteristicof the material: the vectorR=[p,q,i] is a usefulfeature
setfor materialclassification.Figure7 showscontourplotsof two reflectancemapsfrom
differentrealisationsof Phong’smodel.

By estimatingthesurfaceshapewegetthevectorR at eachfacet.Both themeasured
quantityi andtheestimatedquantitiesp andq aresubjectto errorsandit is moreappropri-
ateto describetherelationasa threedimensionalprobabilitydistribution,P(p,q,i). Since
we aredealingwith roughsurfaces,p andq arerandomvariablesandfollow a statistical
distribution. For example,anisotropic,globally flat surfacewill have a joint distribution
of p andq that is circularandcentredon theorigin. The featuredistribution is the joint
distributionof reflectanceandslope,F(p,q,i).

Many naturalsurfaceshaveaGaussiandistributionof surfacederivatives.In thesim-
plestcasethe reflectancefunction is linear within the samplingregion; the distribution
of intensitieswill alsobeGaussiananda simplequadraticdiscriminantwill beoptimal.
Morecomplex reflectancefunctionswill requiremorecomplex discriminantsfor optimal-
ity.

The usefulnessof reflectanceasa featurewastested.Two roughsurfaceswith dif-
ferentreflectancefunctions,but similar topography, mustbedistinguished.Theobvious
approachis to low passfilter the imageandclassifyon the averagedintensity. In our
simulationsa randomfractal(power roll-off � =3.0,rmsslope=0.1)is renderedwith two
realisationsof Phong’s model. An intensitybasedclassifieranda reflectanceclassifier
areusedto discriminatebetweenthesurfaces.We useda linear, Bayesian,discriminant
trainedon thetestimage.

Wevarythewidth of thelow passfilter appliedto boththeintensityandthederivative
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Figure7: Reflectancemapsof two realisationsof Phong’smodel.

Figure8: Performanceof intensityandreflectancebasedclassifiers.
Texture1: DiffuseCoefficient50,SpecularCoefficient= 0,
Texture2: DiffuseCoefficient50,SpecularCoefficient= 50,Specularexponent,20

fields. Both theintensityandreflectanceclassifiersshow anincreasein misclassification
asthe sizeof the filter is reduced.However, throughoutthe experimentthe reflectance
classifieris significantlymoreaccuratethantheintensityclassifier, (Figure8). A segmen-
tationby eachof theclassifiers,with a low passfilter with cut-off 32 cyclesperimage,is
shown in Figure9.

6 CONCLUSIONS

This paperis concernedwith theuseof reflectanceto segmentroughsurfaces.We pro-
posedamethodto recovertheorientationof facetswhosereflectancefunctionisunknown.
We alsohighlightedthe issueof aliasingin the estimationprocess.This techniquewas
found to extendthe applicationof photometricstereoto reflectancefunctionswith non-
Lambertiancomponents.Recovery of the surfacederivativesallows the constructionof
a reflectancemap. We describedthe useof the reflectancemapasa featuresetfor seg-
mentingrough surfaces. Our simulationsindicatethat reflectanceis a more powerful
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featurethanintensityfor distinguishingbetweenroughsurfaceswith differentreflectance
properties.
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