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Abstract

The segmentationof rough surfacesusingtheir reflectancepropertiesis
considered. We presenta techniqueto estimatethe orientationof surface
facetswhosereflectancdunctionsareunknawvn. The reflectancecharacter
istics of eachfacetare estimatedndividually allowing this techniqueto be
appliedto non-homogeneousurfaces.Non-Lambertiarcomponentsre at-
tenuatedallowing shapeestimationwith classicalphotometricstereo. Sim-
ulationswith roughsurfacesrenderedvith Phongs modelindicatethatthis
approactextendstherangeof reflectancdunctionsto which classicaphoto-
metricstereccanbeapplied. Therecoveredsurfacederivatives, togethemwith
the original intensityimagesare usedto constructreflectancemaps. These
areusedasfeaturedor sggmentation A reflectancéasedtlassifieris found
to bemoreaccurateghananintensityclassifier

1 Intr oduction

Textureis animportantcuefor imagesegmentation Theappearancef atexturedsurface
is afunction of its reflectanceoropertiesandoftenthe (visible) roughnes®f the surface.
We believeit is bothusefulandscientificallydesirableo resohe thesephenomenavhere
possible.In earlierwork we have usedsurfacetopographyasa cuefor imagesegmenta-
tion. In this paperwe considerthe problemof estimatingthe reflectancecharacteristics
of rough surfacesand using theseas a featurefor image segmentation. This will, for
instanceallow mattandglossysurfaceso bedistinguished.
Thereflectioncharacteristicef amaterialcanbedescribedisingits reflectancenap.
For a fixedviewing andlighting geometrytheintensityof a surfacefacetis a function of
its surfacederivatives(p andq). To constructthe reflectancanapwe mustfirst measure
the surfacederivatives. Photometricstereois a classicaltechniqueto estimatesurface
derivatives using multiple imagesof the samescenelit from differentdirections. It is
suitablefor rough surfacesbecausat is local and doesnot requirea smoothnesgon-
straint. Most photometricschemesssumehe reflectancdunction is known, e.g. [1].
Recentlytechniqgueshave beendevelopedto estimateboth the surfaces topographyand
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its reflectancdunction[2] [3]. We will considerthe estimationof shapeandreflectance
characteristicor imagesggmentation.

In this paperwe will answertwo questions:can we recover the shapeof a rough
surfacewhosereflectancecharacteristicsare unknown?andis reflectancea usefulfea-
ture for sggmentation?We proposea novel methodfor surfaceestimationand consider
someof theissuegelevantto sggmentation.The methodis evaluatedusingsimulation;a
roughsurfaceis renderedvith realisation®f Phongs modelandtheaccuray of recovery
estimated.We testwhetherthe reflectancanapis usefulfor sgmentation:a surfaceis
renderedwith two realisationsof Phongs modelandthe accuray of a classifierusing
reflectances comparedvith oneusingintensity

We found the proposedalgorithmwas effective at recovering rough surfaceswith a
wide rangeof reflectancecharacteristic#f the Lambertianand specularcomponentof
thereflectancdunctionaredistinctive. Reflectancevasfoundto bea morepowerful fea-
turethanintensityfor imagesegmentation We concludethatthisis a promisingapproach
for classifyingrough surfaces. We believe this papermakesthreeimportantcontribu-
tions. First, a novel techniqueto attenuatenon-Lambertiarreflectionis proposed;this
extendsthe rangeof classicalphotometricstereo. Secondly the numberof photometric
imagesrequiredare expressedn termsof samplingthe reflectancdunction ratherthan
parameterisingt model. Thirdly this paperdescribeghe useof the reflectancanapfor
segmentation.

2 General Approach

2.1 Assumptions

We areinterestedn the recovery of surfacederivativesandreflectancdunctionsfor the
classificationand segmentationof testsamples.We assumehe following experimental
set-up,Figurel. Thesampleis aroughsurfaceconsistingof two or morematerialswith
distinctreflectancecharacteristicsThe roughsurfaceis madeup of surfacefacetswhich
correspondo theimagepixels. The slopeof a facetis the averageslopeof the surfacein
theareacorrespondingo thatpixel. In eachimagethe sampleis illuminatedby a single
light sourcewith azimuthd. Thereflectancdéunctionsof thefacetsalthoughunknawvn, do
containasignificantLambertiancomponentTheroughsurfaceis imagedby anoverhead
camera:an orthographicprojectionis assumed.The camerais linear andhassuficient
dynamicrangeto accuratelymeasureghe rangeof intensities.

Theexperimentgeportedn this paperall usesimulation.Despiteits dravbacks sim-
ulation is usefulin this context for two reasonsfirst, the correctvaluesof the surface
derivatives are known; and secondlyit allows a degreeof control over the surfacere-
flectancefunctionthatwould be otherwiseéimpossible We usePhongs model(Equation
1, [4]) asabenchmarKor severalreasonsit is simpleandis widely used;it hasfew pa-
rametersthe parameter$iave a clearanddirecteffect on reflectance Mostimportantly
unlike more physicalmodelsit doesnot containa Gaussiarterm. Since our empirical
modelcontainsa Gaussiarterm this would underminethe validity of our experimental
argument. Essentially we have chosenthe reflectancemodel that we would expectto
leastresembleour parametrianodel.

1=K, + Kgcosa+ Kgcos™y @
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Figurel: Experimentaket-up.

where,

i istheintensityof thefacet.
a istheanglebetweerthe surfacenormalandtheilluminant.
v istheanglebetweerthe mirror andtheviewer directions.

K, isthelevel of ambientradiation(zeroin all experiments).
K, isthecoeficientof diffusereflection.
K, isthecoeficientof speculareflection.

n istheexponentof speculareflection.

2.2 SurfaceRecovery

To measurahereflectanceharacteristicef the materialswe mustfirst estimatethe sur
facederivatives.Photometricechniqueshatdealwith surfaceswith unknavnreflectance
functionscanbe groupednto two cateyories:empiricalandanalytical. The empiricalal-
gorithmsassumeeflectances predominantlydiffuseanddetectandreducethe effectsof
speculareflection. Colemanand Jain[5] usea simplethresholdto detectspecularities
anduseafourthimagefor the affectedfacets.HanssorandJohanssonsepolarisedight
to detectandattenuatehe speculacomponenbdf theimage[6]. Otherinvestigatorsave
usedcolour informationto detectand suppresspeculatighlights,e.g. [7]. Analytical
scheme®stimateboth reflectanceandshape:they fit a generalparametriomodelof the
reflectancemapto a dataset,theninvert the estimatedmappingto recover the surface
derivatives.Estimatingthe parametersequiresa large dataset: scheme®itherusemary
lights[3] or assumehesurfaceis homogeneouandestimateasinglereflectancdunction
for theentiresurface[2].

Ourapproachs closesto theempiricalgroup—thoughaftersurfacerecorery we use
reflectancenformationfor segmentation.Insteadof usinga two dimensionareflectance
mapfor surfacerecovery, we treatthe reflectanceof eachsurfacefacetasa onedimen-
sional function of illuminant azimuth. Azimuth functionsfor particularfacetscanbe
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Figure 2: Plot of the azimuthfunction for surfacefacetswith p=0 and q=0, 0.25, 0.5
and0.75,renderedvith Phongs model,Diffusecoeficient=50,SpeculaiCoeficient=50,
Speculaexponent=20.

plotted, Figure2. We modelthis function asa combinationof a Lambertiancomponent
andaresiduewhich is dueto speculareflection. In this paperour approachs to mea-
surethe azimuthfunction,identify andsuppressheresidualterm,andusethe remaining
Lambertiartermfor classicalphotometricstereo.

2.3 Segmentation

Oncewe have estimatedhe orientationof the facetsit is possibleto constructa series
of reflectancemapsand segmentthe image. Otherauthorshave usedreflectanceas a
cuefor segmentationand objectrecognition. NayarandBolle presenta techniquethat
usesa singleimageto calculatethe reflectanceatios of regionsandtheir backgrounds
[8]. Their approachis valid for curved surfacesif the region andits backgroundshare
scaledversionsof the samereflectancdunction. Our techniquewhich is designedor
moreconstrainecrvironmentsusesnultiple imagegakenundercontrolledlighting and
is ableto distinguishbetweersurfacesthatdiffer in the typeof reflectancecharacteristic
aswell asin albedo.This paperdescribe®xploratorywork carriedoutwith simulationto
assessvhethersurfaceestimationis practicalandwhetherthe reflectancemapis useful
for segmentation.

3 Estimating The Azimuth Function

We assumehatthe residueis normally distributedwith azimuth;we justify this on two
grounds. First, the surfacemicrotopographyof a facetwill perturbthe directionof the
reflectedrays. Specularadiationwill be distributed acrossazimuthwith a peakat the
facets azimuth (assumingthe facethasa non-zerogradient). Secondly the measured
azimuthfunction is the corvolution of the actualfunction with the angulardistribution
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| Slope(q) || Fundamental First | Second| Third |

0 0.01 0.01| o0.01 0.01
0.25 22.69 8.95| 5381 3.37
0.50 28.70 756 | 6.24 | 494
0.75 27.53 0.29| 0.13 0.17

Tablel: Strengthof the harmonicdor facetsof variousslopes

of the light source. Evenif it is not itself Gaussiana light sourceof finite extent will
causehe measuredunctionto tendtowardsnormality, by the centrallimit theorem.The
Lambertiancomponenbf theazimuthfunctionconsistof acosinetermandameanterm;
theGaussiatomponentanbedecomposethto aFourierseries.Thecombinedunction
is shavn in Equation2.

i(0) =acos(f —p) +b+c(l+2 i "’ cos(h® — ho)) 2
h=1

where,

i(9) istheazimuthfunction.
6 istheilluminantazimuth.
¢ istheazimuthof thefacet.
a,b,candx areconstants.
h isthenumberof harmonic.

Beforefitting a modelto the azimuthfunction we must samplethe function—that
is we mustilluminate the surfacefrom a set of directions. Sincewe treateachfacet
individually we mustsampleat enoughpointsnot only to estimatethe parametersbut
alsoto avoid aliasingeffects. By Nyquist,the Lambertiancomponentequiresmorethan
two samplepointsfor completereconstructionThe Gaussiartomponents a corverging
seriesthenumberof samplesieededvill dependonthequality requiredtheparameters
of the Gaussiarandthe angulardistribution of the light source.In Table1 we show the
strengthof the harmonicsof eachof the curvesshown in Figure2. As is evidentfrom
the figure, thefacetswith g=0.250r 0.5 have significantharmonicscorrespondingdo the
speculacomponent.

In orderto demonstrat¢he effect of aliasingwe conductthe following simulation: a
sphereis renderedwvith Phongs model. The azimuthfunction of eachfacetis sampled
at k points,i.e. eachfacetis illuminatedin turn from k directions. The Fourier series
of eachazimuthfunctionis calculatedandthe valueof the azimuthfunctionat 8 = 0°is
reconstructedrom the Fourier coeficients, (top row of Figure3). Whenk is large, the
functionis well sampledandtheimagecanbeaccuratelyeconstructedAs k is decreased
aliasingeffectsoccurandthereconstructiorgetsprogressiely worse.

Becausehe intensityof the light sourcehasanangulardistribution, the light source
actsasan anti-aliasindfilter. The experimentis repeatedn the bottomrow of Figure3
with alight sourcethathasa Gaussiardistribution with standarddeviation 20°. Aliasing
effectsnow occuratmuchlower samplingratesthanpreviously.
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Figure 3: Effect of varyingthe samplingfrequeng with point source(top row) andex-
tendedsouce(bottomrow).
Diffuse coeficient = 40, SpecularCoeficient=50, Specularexponentn=50, llluminant

zenith=45°,
Numberof samples#0, 10,8, 2

4 SurfaceRecovery

To useclassicalphotometricstereowe mustreducethe non-Lambertiarcomponentof

intensity Unfortunatelythe Lambertianand Gaussiarfunction componentsre not or-

thogonal:a simplefiltering will remove the harmonicsdueto the Gaussiarbut will not
resole the Lambertianandresiduecontributionsto the fundamentahndmean.We esti-
matethe parametersf the Gaussianx canbefoundfrom theratio of thefirst andsecond
harmonicsthisallows c to bedeterminecindthe GaussiameconstructedThe Gaussiars

contritution to thefundamentahndmeancanthenbeidentifiedandremoved.

This approachis successfulf the specularcomponentis narrov and distinct from
the Lambertiancomponent.If the higherharmonicsaresmall,i.e. the speculariobeis
eitherwide or weak,thenthe algorithmapproximateshe Lambertiancomponentvith a
wide Gaussian.This leadsto spuriousresultswhenthe algorithmremovesthis estimate
from the fundamentalkknd meancomponents.To avoid theseartefactswe introduceda
threshold:if the first harmonicwaslessthana fraction d of the fundamentalthenthe
measuredundamentahndmeancomponentsvereassumedo be dueto the Lambertian
componenandwereunalterecbeforeimagereconstruction.

We conductedtwo setsof experimentsusing simulation. In both experimentswe
fit our empiricalmodelto the azimuthfunction of eachfacetrenderedwith a standard
reflectancenodel,thenestimatehe orientationof thefacet.An isotropic,randomfractal
256 x 256 surface,with power roll-off 8 =3.0 and rms slope 0.1 was renderedwith
Phongs modelfrom 360 directions. This level of samplingis excessve and could be
reducedor realapplications Thealgorithmwasusedto suppressheresidualcomponent
andphotometricstereavasusedto estimateahefacetslopes.Theaccuray of theestimate
is comparedvith thatof asurfacerecoveredusingthesamephotometridechniqueapplied
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Figured4: Effectof varyingthe specularcoeficient.
Diffusecoeficient= 50, Speculaexponentn=20,illuminant zenith= 45°,
Specularcoeficient=0,50, 75, 100

totheoriginal dataset. In thefirst experimentthe strengthof the speculatermin Phongs
modelis varied (Figure 4); in the secondthe exponentis varied, (Figure5). We state
accurag in termsof the signalto noiseratio: theratio of the varianceof the p derivative
field to the varianceof noise—thedifferencebetweerthe correctandestimatedield. In

bothcaseghealgorithmhasgenerallyimprovedtheaccurag of surfacerecovery, (Figure
6). However, it fails completelywhenthe exponentof the speculartermlies betweerb

and 20. Below 20 thereis insufficient enegy in the harmonics;however, below 5, the
thresholdpreventsthis type of artefactfrom beingintroduced.

Figure5: Effectof varyingthe speculaexponent.
Diffusecoeficient= 50, Speculaicoeficient=20,illuminant zenith= 45°,
Speculaexponentn=0,20, 30,50

We stresghattheseresultsareexploratory: we have only usedsimulationallowing us
to make somesimplifications. First, we assumesuperpositioni.e. our camerais linear
andhassufficientdynamicrangeto maintainalevel of accurag for photometriaecovery.
Cameraghatfulfil theserequirement$iave recentlybecomewidely available. Secondly
in our modelwe have neglectedshadaving; in thesimulationswe accountor self, but not
cast,shadevs. This assumptiorimits the roughnes®f the testsurfaces,andthe zenith
anglefrom which they canbelit. However, we believe thattheseresultsare sufficiently
promisingto justify furtherinvestigation.

5 Segmentation

For a fixed viewing and illumination geometrythe intensity i, of a surfacefacetis a
function of the surfacederivatives,p andq andis describedy the reflectancanap. The
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Figure6: Performancef recovery on original andcorrecteddata.
Diffusecoeficient= 50, d=0.1,illuminant zenith= 45°,

In (a.) Specularexponentn=20

In (b.) Specularcoeficient=20

reflectancamapis characteristiof the material: the vectorR=[p,q,i| is a usefulfeature
setfor materialclassification Figure7 shavs contourplots of two reflectancenapsfrom
differentrealisation®f Phongs model.

By estimatingthe surfaceshapewe getthevectorR at eachfacet.Both the measured
guantityi andtheestimatedjuantitiegp andq aresubjectto errorsandit is moreappropri-
ateto describetherelationasa threedimensionaprobability distribution, P(p,q,i). Since
we aredealingwith roughsurfaces p andq arerandomvariablesandfollow a statistical
distribution. For example,anisotropic,globally flat surfacewill have ajoint distribution
of p andq thatis circularandcentredon the origin. The featuredistribution is the joint
distribution of reflectanceandslope,F(p,q,i).

Many naturalsurfaceshave a Gaussiartdistribution of surfacederivatives.In the sim-
plestcasethe reflectanceunctionis linear within the samplingregion; the distribution
of intensitieswill alsobe Gaussiaranda simplequadraticdiscriminantwill be optimal.
More complex reflectancdunctionswill requiremorecomplex discriminantdor optimal-
ity.

The usefulnesof reflectanceas a featurewastested. Two rough surfaceswith dif-
ferentreflectancdunctions,but similar topographymustbe distinguished.The obvious
approachis to low passfilter the imageand classify on the averagedintensity In our
simulationsa randomfractal (power roll-off 3=3.0,rmsslope=0.1)is renderedvith two
realisationsof Phongs model. An intensity basedclassifierand a reflectanceclassifier
areusedto discriminatebetweerthe surfaces.We useda linear, Bayesiandiscriminant
trainedon thetestimage.

We varythewidth of thelow pasdfilter appliedto boththeintensityandthederivative
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Figure7: Reflectancenapsof two realisationof Phongs model.
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Figure8: Performancef intensityandreflectancdasedlassifiers.
Texture 1: DiffuseCoeficient50, SpeculariCoeficient=0,
Texture 2: DiffuseCoeficient 50, SpecularCoeficient= 50, Speculaiexponent,20

fields. Both theintensityandreflectanceclassifiersshav anincreasen misclassification
asthe size of thefilter is reduced.However, throughoutthe experimentthe reflectance
classifieris significantlymoreaccuratghantheintensityclassifier (Figure8). A segmen-
tationby eachof the classifierswith alow pasdfilter with cut-off 32 cyclesperimage,is
shavnin Figure9.

6 CONCLUSIONS

This paperis concernedvith the useof reflectancdo segmentroughsurfaces.We pro-
posecamethodto recovertheorientationof facetsvhosereflectancéunctionis unknown.
We alsohighlightedthe issueof aliasingin the estimationprocess.This techniquewas
foundto extendthe applicationof photometricstereoto reflectancdunctionswith non-
Lambertiancomponents Recorery of the surfacederivativesallows the constructionof
areflectancanap. We describedhe useof the reflectancanapasa featuresetfor sey-
mentingrough surfaces. Our simulationsindicate that reflectances a more powerful
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featurethanintensityfor distinguishingoetweerroughsurfaceswith differentreflectance
properties.
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