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Abstract

We presenta photometricsteieo methodfor non-difuse
materialsthatdoesnotrequire anexplicit re ectancemodel
or refelenceobject. By computinga data-dependentota-
tion of RGBcolor space we showthat the specularre ec-
tion effectscanbe sepaatedfromthe mud simpler diffuse
(approximatelyLambertian)re ection effectsfor surfaces
that can be modeledwith dichromaticre ectance Images
in this transformedcolor spaceare usedto obtain photo-
metricreconstructionshat are independenof the specular
re ectance In contrastto other methodgor highlight re-
moval basedon dichromatic color sepaation (e.g., color
histagram analysisand/or polarization),we do not explic-
itly recover the specularand diffusecomponent®f an im-
age. Insteadwesimply nd atransformatiorof color space
that yields more direct accessto shapeinformation. The
methodis purely local andis able to handlesurfaceswith
arbitrary texture.

1. Intr oduction

Sceneaanalysisis complicatedy the presencef highlights
dueto speculare ection, sincethesehighlightsarea com-
plex function of viewpoint, illumination and surface mi-
crostructureTypically, in orderto obtainmeaningfulinfor-
mationaboutascendrom itsimagescomple re ection ef-
fectssuchashighlightsareeitherroughly approximatedr
completelyignoredby vision systems.For example,most
sterecandstructure-from-motioriechniquesgnore specu-
lar highlightsaltogetherinsteadmnodelingsurfacesasLam-
bertian; and even state-of-the-artecognitionsystemsare
basedon relatively simple (e.qg., spatially-irvariant, para-
metric)modelsof re ectance.(See Ref.[3], for example.)
Evenwhentheillumination of ascenecanbecontrolled,
the coupling of re ectanceand shapemakes the recorery
of 3D shapea dif cult task. Thisis the casefor photomet-
ric stereamethodsfor example whereimagesareacquired
from a x edviewpoint undermultiple, known illumination
conditions. Many photometricstereotechniquesassume
that surfacesare Lambertian[29], and othersassumethe
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Figure 1. Fgegnoval of specular re ectance effects. A
rotation of RGB color space (a) provides an image that
is void of specular re ection effects (b) and provides a
more direct measurement of scene shape.

(b)

re ectanceis givena priori by areferenceobject[23], alin-
earbasisof referenceobjects[9], or by ananalyticBRDF
model[10,18,24]. Whenthesere ectanceassumptionare
not satis ed, the accurag of the recorered shapecan be
compromised.

Recentlyasmallnumberof surfacereconstructioriech-
nigueshave overcometheselimitations by effectively de-
coupling shapeand re ectance in images. Thesetech-
niguesrely on the careful acquisition of imagesto ex-
ploit physical propertiessuchasre ectanceisotropy [14],
reciprocity [15, 30] and the constang of radiancein free
spacg[12,15]. By reducingor eliminatingthe restrictions
onsurfacere ectance theseaechniquegrovide accuratee-
constructiondor a muchbroaderclassof surfaces.

In this paper we presenta nev methodthat is simi-
lar to thesetechniquesn thatit recovers estimateof sur
face shapethat are independentof specularre ectance;
but insteadof requiringa complex acquisitionsystem the
methodis quiteeasyto implement.It is basecn photomet-
ric stereo,andlike existing photometricsterecotechniques,
it can recover shapefrom as few as three imagescap-
tured underthree (possibly unknavn) illumination direc-
tions. We achieve independencéom speculare ectance
usinga data-dependenbtation of RGB color space.This
color spacetransformationallows us to distill the image,
removing the speculareffects, and leaving only the much



simpler—ideally Lambertian—difuseeffects. (SeeFig. 1.)

The techniquecan be appliedto ary dichromatic surface
(i.e., surface whosere ectance can be representedising
Shafers dichromaticmodel[22]) for which the body spec-
tral re ectancevariessigni cantly overthevisible spectrum
(i.e.,not 'white'.)

This paperbeginswith a brief review of the dichromatic
re ectancemodelandpreviouswork relatedto highlightre-
moval and photometricstereo. Then, it introducesa trans-
formation of color spaceas a meansof removing specu-
lar re ection effects,and appliesthis color transformation
to the problem of photometricstereo. We shav that by
eliminatingspeculaeffects,thistransformatiorenableghe
applicationof well-known, Lambertianphotometricstereo
techniquego non-Lambertiarsurfaces.

2. Background and Related Work

At anappropriatescalere ectanceata surfacepointis de-

scribedby the bi-directionalre ectancedistribution func-

tion, or BRDF. Here,we considelit tobea ve-dimensional
functionof wavelengthandimaginggeometryandwe write

itasf(; ),where = (; i; r; r)encodeghedirec-

tions of theincidentandre ected radiancein the local co-

ordinatesystem.

2.1. The Dichromatic Model

The dichromaticmodelof re ectanceis a commonspecial
caseof theBRDF model,andit wasoriginally developedby

Shafer[22] to modeldielectrics.It assumeshatthe BRDF

of thesurfacecanbedecomposeihto two additive compo-
nents:theinterface(specularye ectanceandthebody (dif-

fuse)re ectance.Furthermoreit assumethateachof these
two componentganbe factoredinto a univariatefunction
of wavelengthanda multivariatefunction that dependson

theimaginggeometry Thatis,

fC )= g )fa( )+ gs( )fs():

Finally, the modelassumeshat the index of refractionon
the surfaceis constantover the visible spectrum—avalid
assumptionfor mary materials—sothat gs( ) is a con-
stantfunction. This leadsto the commonexpressionfor
the BRDF of adichromaticsurface,

FCG )= aa( )fa( )+ fs(); 1)

wherefgs( ) = gsfs( ). Thefunctiongy( ) is oftenre-
ferredto asthespectal re ectanceandis anintrinsic prop-
erty of thematerial.

Even thoughit was originally usedto describethe re-
ectanceof dielectricg22], thedichromatiomodelhasbeen
usedsuccessfullyas an approximationof the re ectance
of mary different materials. For example, althoughthe
re ectance of human skin is more accuratelydescribed

by a higherdimensionafunction (the 8-dimensionaBSS-
RDF [27]), the BRDF approximation—andnore speci -

cally, thedichromaticBRDF model—hagrovenusefulfor

a numberof applications,jncluding facerecognition[3, 6]

andpigment-basedmageanalysisandsynthesig26]. The
validity of this approximationfor skin re ectanceis also
supportedhespectrophotometrgneasurementsft Marsza-
lecetal. [16].

In orderto derive anexpressiorfor theimageof adichro-
matic surface,consideran obsered surfacepoint x illumi-
natedfrom directionf, andlet = (i; i; r; r)represent
this directionandtheviewing directionin the local coordi-
natesystem. We assumehat the sensoiis a linear device
with sensitvity functionCy( ), andthatthe spectrapower
distribution (SPD)of thelight sourceis givenby L ( ). Un-
dertheseconditions,assuminghatthe BRDF at x is given
by Eq. 1, thesensoresponsés

Ik = (Dfa( )+ Skfs( A T @)
with
Z
Dk =  Ci( )L( )ga( )d
Z
S = Ck()L()d:

An RGBcolorvectorl = [Ir;lg;lg]” fromatypicalcam-
eraconsistof threesuchmeasurementgachwith a differ-
entsensoresponsavith supportin thevisible spectrum.

Notethat Sk representshe effective sourcestrengthas
measuredy the k™ sensorandis independenof the sur
facebeing obsened. For notationalsimplicity, we de ne
S = [Sr;Sc;Se]” (with a correspondingle nition for
D), andsincescalecanbe absorbedy f 4 andf s, we as-
sumekDk = kSk = 1.

2.2. Highlight Removal

As madeclearby Eqg. 2, in RGB color spacea collection
of colorvectorsfrom adichromaticmaterialundermultiple
view andillumination con gurations(i.e,., differentvalues
of ) lie in the dichromatic plane—the planespanneday
the effective sourceandbody colors,S andD [22]. In ad-
dition, it hasbeenobsenred that thesecolor vectorsoften
clusterin theshapeof a “skawed-T" in this plane wherethe
two limbs of the skewed-T correspondo diffuseandspec-
ular re ection [7,11]. Whentheselimbs are sufciently
distinct,the diffuseandsourcecolorscanberecovered,the
two componentganbeseparatedandthehighlightscanbe
removed[11].

While this methodworkswell for homogeneouslichro-
matic surfacesin the noiselesgase therearethreesigni -
cantlimitationsthatmaleit dif cult to usein practice.First,
mary surfacesaretexturedandviolatethehomogeneouas-
sumption.Evenwhenanimagedoescontainhomogeneous



surfaces,a non-trivial segmentationprocesss requiredto
identify them. Second,in orderfor the specularand dif-

fuselimbs of the skewed-T to be distinct, the speculatobe
must be sufciently narrow (i.e., its angularsupportmust
be small relative to the curvatureof the surface.) Finally,

whenthe diffuseandspecularcolorsarethe same thereis
no way to distinguishbetweerthetwo componentsandno
color separatioris possible.

Someof theserestrictionscanbe overcomeby usingad-
ditional cuessuchaspolarization[28]. Nayaretal.[17] use
multiple exposuresvith varyingpolarizationto estimatehe
sourcecolor independenthat eachpoint, andthey exploit
local spatialcoherenceo separatehe diffuseandspecular
components.This methodoffers signi cant improvement
over the useof only one of color or polarizationinforma-
tion, but it is still requiresthat the specularobe is suf-
ciently narraw, andthatthediffusecoloris locally constant.

2.3. Photometric Stereo

Photometricstereois the processof recovering 3D shape
from a seriesof imagescapturedfrom x ed viewpoint un-

dermultiple illuminations. Sincethey rely on theinversion
of theimageformationprocessasdescribedn Sect.1, pho-
tometricstereamethodgypically requiresigni cant knowl-

edgeaboutthere ectanceof surfacesn thescene.

Colemanand Jain[4] were perhapghe rst to present
aphotometridechniqueor reconstructinghon-Lambertian
surfaceswithout an explicit re ectance model. In their
method theBRDF is assumedo bealinearcombinatiorof
aLambertiandiffusecomponenaindanunde nedspecular
componentvith limited angularsupport.Whenfour point-
sourceilluminations are available, speculameasurements
canbetreatedasoutliersanddiscardedprovidedthattheil-
luminationdirectionsarefarfrom oneanotherelativeto the
angularextent of the speculadobe. (This ensureghatthe
speculare ectancecomponents zerofor threeof the four
obsenationsof eachsurfacepoint.) Barsky andPetrou[2]
re ne thistechniqueby usingcolorinformationto improve
the detectionof speculameasurementsLike the original
work, however, speculammeasurementare treatedas out-
liers, andthe specularcomponenis assumedo have lim-
ited angularsupport.

Another approach to photometric stereo for non-
Lambertiansurfacess to assumelichromaticsurfacesand
to remove highlightsasa pre-processingtepasdiscussed
in Sect.2.2. This is the approachtaken by Schiins and
Wittig [21], who assumehomogeneouslichromatic sur
facesandseparat¢hediffuseandspeculacomponentsis-
ing color histogramanalysistechniquessimilar to Klinker
etal. [11]. Satoandlkeuchi[20] take a similar approach,
but avoid the restrictionto homogeneousurfacesby us-
ing a large numberof light sourcedirectionsto computea
distinctcolor histogramat eachpoint. Becausghesemeth-
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Figure 2. Linear and non-linear transformations of
RGB color space. Three observations of the same
material yield color vectors | ; : : : | 3 in the dichromatic
plane spanned by the source and diffuse colors S and
D. Left: The proposed SUV color space is a rotation
of the RGB space. One axis is aligned with the source
color, and two of three transformed channels (UV) are
independent of specular re ectance . Diffuse shading
information is preserved and can be used to recover
shape. Right: Central projection used to compute r-g
chromaticity values and HSV-type color spaces does
not preserve shading information.

odsexplicitly recoverthe diffuseandspeculacomponents,
they have the additionalbene t of providing an estimateof
the diffusecolor D at eachpointin additionto recovering
the surface shape. Sincethey are basedon cornventional
dichromaticcolor separationhowever, they are subjectto
therestrictionsdiscussedn the previous section.Mostim-
portantly they assumehatthe speculadobeis narraw rel-
ative to the surfacecunature,anassumptiorsimilar to that
underlyingthefour-sourcemethodof ColemarandJain[4].

3. A Data-dependentColor Space

As describedin the previous section, mary photometric
stereomethodsassumehe BRDF is Lambertianor known
in someform. The methodgthatdo not make this assump-
tion require dichromatic surfaceswithout texture [21] or
Lambertian-plus-speculaurfaceswith a narrov specular
lobe[2,4]. In this sectionwe introducea transformatiorof
colorspacdhatseekgo overcomebothof thesdimitations.
Supposewe linearly transformRGB color spaceby ro-
tatingthecoordinateaxes,andasshavn in theleft of Fig. 2,
supposehis rotationis suchthatoneof the axes(red, say)
becomeslignedwith the directionof the effective source
color S. This transformationde nes a new color space,
which we refer to asthe SUV color space. It canbe de-
ned accordingto | syy = [R]l usingary [R] 2 SO(3)
that satis es[R]S = [1; 0; O] . Here,we chooseR] =
[Re( s)[Rs( s)] where[Rk( )] is aright-handedota-
tion aboutthek-axisby angle ,and( s; s) aretheeleva-
tion andazimuthalanglesof thesourcevectorS in theRGB
coordinatesystem.FromEq. 2 it follows that

lsuv = Dfg( )+ Sfs( ) n T 3



whereD = [R]D andS = [R]S = [1; O; O .

This SUV spacéds adata-dependertdolor spacebecause
it depend®n the effective sourcecolorin theimage.It has
two importantproperties.First, it separatethe diffuseand
specularre ection effects. The rst channel(the S chan-
nel) encodesheentirespeculacomponenandanunknovn
fraction of the diffusecomponentwhile the remainingtwo
channelqU andV) areindependentf f ;( ) andarefunc-
tionsof only thediffusere ectance.

Thesecondmportantpropertyis that,sincethetransfor
mationis linear, shadinginformationis presered. This is
clearfrom Eq. 3; if r7 denoteghei™ row of [R], thetwo
diffusechannelsare

r>Dfq( ) T and
r3Dfg( )n T

lu
Iv

4

AssumingLambertiandiffusere ectance,f 4( ) is a con-
stantfunctionof . In this casethetwo-channetolorvec-
tor

J=1ly; I )

providesdirectinformationaboutthe normalvectoron the
surface, with the coefcients y = r;Dfg and v =
r3 Df 4 behaing asLambertiaralbedos.

Figure 2 comparesthis linear, data-dependentolor
spacawith corventionalnon-linearcolorspacesNon-linear
color spacessuchasr-g chromaticityand hue-saturation-
value(HSV) arecomputeddy centralprojection.EachRGB
pixel correspondgo a vectorin the RGB cube,andthese
areintersectedvith the planeR + G + B = c for some
c. For example,hue andsaturationcorrespondo the dis-
tanceandpolarangleof theseintersectiorpointsrelative to
thecubediagonal andchromaticitycoordinatesrederived
from the intersectionof thesecolor vectorswith the plane
R + G+ B = 1. Non-linearcolor spacesuchasthese
areusefulfor recognition,for example,sincethey remove
Lambertianshadingandshadaev information. (All positive
scalarmultiplesof | mapto the samechromaticitycoordi-
natesandthe samehue.) Sincethey do not presere photo-
metricinformation,however, they aregenerallyunsuitable
for recareringshape.

In contrastthe SUV color spacedoespresere shading
information,andby providing two channelghatareinde-
pendenbf thecomple, speculacomponentf re ectance,
it canbeausefultool for sceneanalysis.Oneimportantap-
plicationis photometricstereo,and Sect.4 providessome
examplesn whichtheseimagesareusedfor thatpurpose.

It is worth notingthatPark [19] usesa transformatiorof
color spacethatis similar to SUV spacefor the purposes
of sggmentation His transformatioris differentfrom ours,
however, sinceit is not a pure rotation and thus doesnot
exactly isolatediffusere ectanceeffects.

3.1. Practical Considerations

For shaperecovery we are generallyinterestedin the
two-channeldiffuse signalJ in Eqg. 5. The quality of this
signaldepend®on the spectralcharacteristicef the surface
in additionto sensomoise.

Spectral Re ectance
When the surfaceis “white', the spectralre ectanceis a
constanfunction of wavelength.In this casegq( ) = dq,
andsince

z

Dk=0a C«()L()d = gaSk;

it follows thatthe color vectorl andthe sourcecolor S are
collinearin color space.For thesesurfaces,the UV chan-
nelsare zero; andasa result,they provide no information
aboutthe surface,regardlessof the illuminant and sensors
that we choose. (This is the samerestrictionexperienced
by Klinker et al. [11]; whenthe diffuse and sourcecolors
arethesamethereis nowayto distinguishbetweerthetwo
re ection components.)in orderto recover surfaceshape
for thesematerialswithoutrestrictingthe BRDF, alternatve
(and more compl) reconstructiormethodscan be used.
See for example,Refs.[12,30].

SensorNoise

Assumingindependentadditive Gaussiamoisewith zero
meanandvariance 2 in eachof thethreechannelf color
vectorl, andassumingklk 1, the signal-to-noiseratio
(denotedSNR(I)) is 10log,,(1= ) dB. The magnitudeof
the diffuse color vectorJ is relatedto that of the original
colorvectorby kJk = klksin , andsincethe noiseis the
samein bothcasesit follows that

SNR(@J) = SNR(l) + 10log;g(sin ): (6)

This relationshipis shavn in Fig. 3, andit suggestshat
whenthe anglebetweenthe imageandthe sourcecolor is
lessthan10 , thetwo-channeUdiffusesignalsuffers severe
degradation. The effects of this degradationcan be miti-
gatedby usingmultiple exposuredo collect high dynamic
range (HDR) images. When exposuresare chosenjudi-
ciously[8], we canincreasehe SNR of the original image
andthereforethatof thetwo-channetiffuseimageaswell.

3.2. Computing Diffuse Images

In orderto computehetwo-channetliffuseimage,it is nec-
essaryto know the effective sourcecolor, S. Undercon-
trolled conditions the sourcecolor canbecalibratedandin
anuncontrolledsettingit canbe estimatedusinga number
of establishedechniques.

TomingaandWandell[25] demonstrata methodfor es-
timatingthesourcecolorbasednthefactthatcolorvectors
from a homogeneousurface spanthe dichromaticplane.
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Figure 3. The signal-to-noise ratio (SNR) of the two-

channel diffuse image (J) relative to that of the original

image (l) as a function of , the angle between | and

the source color S in RGB color space. (See Fig. 2.)

They determinethe sourcecolor by intersectingmultiple
dichromaticplanes(from differentdichromaticsurfaces)n
color space. Similarly, Lee [13] nds the sourcecolor by
intersectindinesin 2D chromaticityspace.More recently
Finlaysonand Schaefef5] usethefactthatthe chromatic-
ity of the majority of illuminantslie alonga known curve
in chromaticityspaceandrecover the sourcecolor from an
imageof asinglehomogeneoudichromaticsurface.

Figurel shawvs a diffuseimagethatwascomputedising
the sourcecolor determinedby intersectinglines in chro-
maticity space[13]. (Three homogeneousurfaceswere
manually segmentedfor this purpose.) The monochrome
diffuseimagewascreatedby transformingtheinputimage
to the SUV color spaceand computingkJk at eachpixel.
Comparingthis to the originalimage,we seethatthe spec-
ular effectshave beenremored asexpected. Note that the
dichromaticmodelis violatedwhensaturatioroccursin the
input images,and this causeserrorsat points of extreme
specularity Additional examplescomputedwith calibrated
sourcesareshovnin Sect.4.1.

4. Application to Photometric Stereo

The two-channeldiffuse image of the previous sectionis
derived without makingarny assumptionsaboutthe nature
of speculare ectance,andyetit is independenof specu-
lar re ection effectsfor dichromaticsurfaces.By assuming
thatthe diffusecomponentf there ectanceis Lambertian,
we canusetheseimagesalongwith establishedechniques
for photometricstereao obtainestimate®f surfaceshape.

Assumingthelight sourcecoloris known, the colorvec-
tor | ateachpixel canbetransformedo SUV spaceusing
Eq. 3. Thetwo diffuse UV channelgpresere shadingin-
formation,andthe two-channeimageJ is independenbf
the specularcomponent.Assumingthat the diffusere ec-
tion components Lambertian standargohotometricstereo
techniquesanbeusedfor surfacereconstructionHere,we
discussamodi ed versiort of the color photometricstereo
methodof Barsky andPetrou[1].

LetJ?, J2 andJ® bethree2-channekolor vectorspro-
ducedby observingasinglepointunderthreedifferentlight

1Themethodwasoriginally designedor colorimageswith threechan-
nels.Herewe usethe samemethodfor a two-channelmages.

Figure 4. Photometric stereo using SUV color space.
Three or more RGB images are acquired under known
illumination conditions, and these are transformed to
SUV space using the known source color. The UV
channels represent diffuse images of the object, and
these are used with standard photometric stereo tech-
nigues to estimate the surface normal at each pixel.
The normals are integrated to recover the surface.

sourcedirectionsi?, {2 andf3. Asin Eq. 4, it follows that

Je= 1kik T = (a ) @)
where is a 2-channelUV albedo. A shadingvectoris
de ned accordingto F = f1;f2;f3 7 = [f1 2 3P p,
andthe shadinginformationfrom all threeobsenationsis
combinedn anintensitymatrix thatsatis es

2 3 2 3
NFN fly fiy

PD1=43% J25=41f2, 2, 5=F >: (8
33 93 f2y 3y

Theleastsquare®stimateof the shadingvectorF caneas-
ily becomputedrom theintensitymatrix; it is theprincipal
eigervectorof [J][J]” . Oncethe shadingvectoris known,
the surfacenormalis found by solving the matrix equation
F= [ 12 3P n.

This reconstructiorprocedures outlinedin Fig. 4, and
it canbe appliedwithout changeto any numberof images
largerthanthree.

4.1. Experimental Results

To validatethe methodquantitatvely, we usedobjectsof
known shapewith varying materialproperties.The objects
are shavn in Fig. 7, andthey consistof a setof spheres
with increasingspecularity (Theincident-planeBRDFsare
shavnin Fig.5.)

For eachsphereasetof four highdynamicrange(HDR)
imageswere capturedfrom a x ed viewpoint and four
known illumination directions. The sourcecolor was cal-
ibrated by imaging a Macbethcolor checler, and it was
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Figure 5. Comparison of photometric stereo using two

different color spaces. Top: Relative BRDFs (in deci-
bels) of the v e red spheres of Fig. 7 as a function of
half-angle. Bottom: Mean-square angular error in the
recovered surface normals as a function of increas-
ing specularity using both the SUV color space and
existing RGB methods.

usedto computethe SUV imagesas describedn Sect.3.
The secondcolumn of Fig. 7 con rms thatthe UV chan-
nels of theseimagesdependslargely on the diffuse re-
ectance. (Thesemonochromediffuse imagesshav the
magnitudeof the two diffuse channels,computedusing
kJk = (13 + 12)7 ateachpixel.)

Using the diffuse UV images,the surface normals of
eachspherewere estimatedusing the photometricstereo
methoddescribedn Sect.4. As ameanf comparisonwe
implementedtwo different RGB-basedphotometrictech-
nigues. The rst methodusesall four RGB imagesand
assumed.ambertianre ectance[1]. The secondmethod
assumed.ambertian+speculae ectanceandreconstructs
thesurfaceby choosinghethree’leastspecularRGB mea-
surementsit eachpixel [2,4].

The resultsare shawvn in Figs. 5 and 7. The recov-
eredsurfaces,ncluding cross-sectionsverlaid on the true
shapearedisplayedn Fig. 7. More quantitatve resultsare
shavn in Fig. 5, with the bottom of that gure displaying
the angulardifferencebetweenthe true and estimatedsur
facenormalsasa function of increasingspecularity (This
plot shavs the mean-squar@rror computedover a win-
dow encompassinthe visible specularitiesn the four im-
ages.)Theseresultsdemonstrat¢hatthe SUV-basedecon-
structionis largely independenof the speculare ectance,
whereadoththefour-imageandthree-imageRGBmethods
areaffectedby it. The four-imagemethodassumed.am-
bertianre ectanceandits performancalegradesmonoton-
ically asglossincreasesandwhile the three-imageRGB
methodperformswell for the high-gloss(narrav specular

lobe) spheresit performslesswell whenthe angularsup-
portof thespeculatobeis largerelative to the separatiorof
thelight sourcedirections.

Figure 6 shaws the resultsof applying our SUV-based
photometricstereomethodto two naturalobjects(a pear
anda pumpkin.) For eachobject,four HDR imageswere
capturedandtransformedo SUV color spaceandthetwo-
channeldiffuse imageswere usedto estimatethe surface
normals. For eachobject, we shov an input image and
thesurfacesrecoveredby integratingthesesurfacenormals.
Sincethe transformatiorto SUV spaceis purelylocal, the
methodrequiresno spatialcoherencen the image,andit
performswell for surfaceswith arbitrarytexture asshavn
by the pearexample. This is not true for alternatve photo-
metric sterectechniqueghat usecolor-basedhighlight re-
moval [11,21], sincethesemethodgyenerallyrequirespatial
coherence.

5. Conclusion

This paperpresentsa data-dependenbtation of RGB
color spacehatseparatethediffusere ection effectsfrom
the more comple, speculare ection effectsin imagesof
dichromaticsurfaces.Sinceit is linear, this transformation
preseres diffuse shadinginformation, and imagesin this
transformedspacecanbe usedto obtainphotometriacecon-
structionsthat areindependenof the specularre ectance.
The resultis a photometricstereomethodfor non-difuse
materialsthat doesnot requirean explicit BRDF modelor
referenceobject. Themethods evaluatedbothqualitatively
andquantitatvely, andit is showvn to performwell for both
paintedsurfaceswith varying speculare ectanceandnat-
ural surfaceswith andwithouttexture.

We currently assumethat the color of the illuminant is
constantover the surface, althoughone can imagine en-
hancingthis methodwith polarization,for example,to es-
timate the sourcecolor locally. Additionally, althoughit
is not exploredin this paper it is straight-forvardto adapt
the methodto the “uncalibrated'casein which thelighting
directionsareunknavn. Finally, while this paperexplores
the applicationof this color transformatiorto photometric
stereojt canbeusefulfor ary visualtask(e.g.,shape-from-
shadingstereostructure-from-motionphatis simpli ed by
the absencef speculare ectance. Exploringtheseappli-
cationsis aninterestingdirectionfor futurework.
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Figure 6. SUV-based photometric stereo applied to natural surfaces. Left: Input RGB images show signi cant specular
re ectance and texture. By transforming the images to SUV space, the specular effects are removed, enabling accurate
recovery of shape. Middle, Right: The surfaces recovered by integrating the estimated surface normals.
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