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Abstract

We presenta photometricstereomethodfor non-diffuse
materialsthatdoesnotrequireanexplicit re�ectancemodel
or referenceobject. By computinga data-dependentrota-
tion of RGBcolor space, weshowthat thespecularre�ec-
tion effectscanbeseparatedfromthemuch simpler, diffuse
(approximatelyLambertian)re�ection effectsfor surfaces
that can be modeledwith dichromaticre�ectance. Images
in this transformedcolor spaceare usedto obtain photo-
metricreconstructionsthat are independentof thespecular
re�ectance. In contrast to other methodsfor highlight re-
moval basedon dichromatic color separation (e.g., color
histogram analysisand/orpolarization),we do not explic-
itly recover thespecularanddiffusecomponentsof an im-
age. Instead,wesimply�nd a transformationof color space
that yields more direct accessto shapeinformation. The
methodis purely local and is able to handlesurfaceswith
arbitrary texture.

1. Intr oduction
Sceneanalysisis complicatedby thepresenceof highlights
dueto specularre�ection, sincethesehighlightsarea com-
plex function of viewpoint, illumination and surface mi-
crostructure.Typically, in orderto obtainmeaningfulinfor-
mationaboutascenefrom its images,complex re�ection ef-
fectssuchashighlightsareeitherroughlyapproximatedor
completelyignoredby vision systems.For example,most
stereoandstructure-from-motiontechniquesignorespecu-
lar highlightsaltogether, insteadmodelingsurfacesasLam-
bertian; and even state-of-the-artrecognitionsystemsare
basedon relatively simple (e.g., spatially-invariant, para-
metric)modelsof re�ectance.(See,Ref. [3], for example.)

Evenwhentheilluminationof ascenecanbecontrolled,
the couplingof re�ectanceandshapemakes the recovery
of 3D shapea dif�cult task. This is thecasefor photomet-
ric stereomethods,for example,whereimagesareacquired
from a �x edviewpoint undermultiple, known illumination
conditions. Many photometricstereotechniquesassume
that surfacesare Lambertian[29], and othersassumethe
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Figure 1. Removal 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.

re�ectanceis givena priori by areferenceobject[23], alin-
earbasisof referenceobjects[9], or by an analyticBRDF
model[10,18,24]. Whenthesere�ectanceassumptionsare
not satis�ed, the accuracy of the recoveredshapecan be
compromised.

Recently, asmallnumberof surfacereconstructiontech-
niqueshave overcometheselimitations by effectively de-
coupling shapeand re�ectance in images. Thesetech-
niques rely on the careful acquisition of imagesto ex-
ploit physical propertiessuchasre�ectanceisotropy [14],
reciprocity [15,30] and the constancy of radiancein free
space[12,15]. By reducingor eliminatingthe restrictions
onsurfacere�ectance,thesetechniquesprovideaccuratere-
constructionsfor amuchbroaderclassof surfaces.

In this paper, we presenta new methodthat is simi-
lar to thesetechniquesin that it recoversestimatesof sur-
face shapethat are independentof specularre�ectance;
but insteadof requiringa complex acquisitionsystem,the
methodis quiteeasyto implement.It is basedonphotomet-
ric stereo,andlike existing photometricstereotechniques,
it can recover shapefrom as few as three imagescap-
tured under three (possiblyunknown) illumination direc-
tions. We achieve independencefrom specularre�ectance
usinga data-dependentrotationof RGB color space.This
color spacetransformationallows us to distill the image,
removing the speculareffects,and leaving only the much



simpler—ideallyLambertian—diffuseeffects.(SeeFig. 1.)
The techniquecan be appliedto any dichromatic surface
(i.e., surface whosere�ectancecan be representedusing
Shafer's dichromaticmodel[22]) for which thebodyspec-
tral re�ectancevariessigni�cantly overthevisiblespectrum
(i.e.,not `white'.)

This paperbeginswith a brief review of thedichromatic
re�ectancemodelandpreviouswork relatedto highlightre-
moval andphotometricstereo.Then,it introducesa trans-
formation of color spaceas a meansof removing specu-
lar re�ection effects,andappliesthis color transformation
to the problemof photometricstereo. We show that by
eliminatingspeculareffects,this transformationenablesthe
applicationof well-known, Lambertianphotometricstereo
techniquesto non-Lambertiansurfaces.

2. Background and RelatedWork
At anappropriatescale,re�ectanceat a surfacepoint is de-
scribedby the bi-directionalre�ectancedistribution func-
tion,or BRDF. Here,weconsiderit to bea� ve-dimensional
functionof wavelengthandimaginggeometry, andwewrite
it asf (�; � ), where� = (� i ; � i ; � r ; � r ) encodesthedirec-
tionsof the incidentandre�ected radiancein the local co-
ordinatesystem.

2.1. The Dichromatic Model
Thedichromaticmodelof re�ectanceis a commonspecial
caseof theBRDFmodel,andit wasoriginally developedby
Shafer[22] to modeldielectrics.It assumesthattheBRDF
of thesurfacecanbedecomposedinto two additivecompo-
nents:theinterface(specular)re�ectanceandthebody(dif-
fuse)re�ectance.Furthermore,it assumesthateachof these
two componentscanbe factoredinto a univariatefunction
of wavelengthanda multivariatefunction that dependson
theimaginggeometry. Thatis,

f (�; � ) = gd(� )f d(� ) + gs(� ) ~f s(� ):

Finally, the modelassumesthat the index of refractionon
the surfaceis constantover the visible spectrum—avalid
assumptionfor many materials—sothat gs(� ) is a con-
stant function. This leadsto the commonexpressionfor
theBRDFof adichromaticsurface,

f (�; � ) = gd(� )f d(� ) + f s(� ); (1)

wheref s(� ) = gs
~f s(� ). The function gd(� ) is often re-

ferredto asthespectral re�ectanceandis anintrinsicprop-
ertyof thematerial.

Even thoughit was originally usedto describethe re-
�ectanceof dielectrics[22], thedichromaticmodelhasbeen
usedsuccessfullyas an approximationof the re�ectance
of many different materials. For example, althoughthe
re�ectance of human skin is more accuratelydescribed

by a higherdimensionalfunction (the8-dimensionalBSS-
RDF [27]), the BRDF approximation—andmore speci�-
cally, thedichromaticBRDF model—hasprovenusefulfor
a numberof applications,including facerecognition[3, 6]
andpigment-basedimageanalysisandsynthesis[26]. The
validity of this approximationfor skin re�ectanceis also
supportedthespectrophotometrymeasurementsof Marsza-
lecetal. [16].

In ordertoderiveanexpressionfor theimageof adichro-
maticsurface,consideranobservedsurfacepoint x illumi-
natedfrom directionl̂ , andlet � = (� i ; � i ; � r ; � r ) represent
this directionandtheviewing directionin thelocal coordi-
natesystem.We assumethat the sensoris a linear device
with sensitivity functionCk (� ), andthatthespectralpower
distribution(SPD)of thelight sourceis givenby L(� ). Un-
dertheseconditions,assumingthattheBRDF at x is given
by Eq.1, thesensorresponseis

I k = (D k f d(� ) + Sk f s(� )) n̂ � l̂ ; (2)

with

D k =
Z

Ck (� )L (� )gd(� )d�

Sk =
Z

Ck (� )L (� )d�:

An RGBcolorvectorI = [I R ; I G ; I B ]> fromatypicalcam-
eraconsistsof threesuchmeasurements,eachwith adiffer-
entsensorresponsewith supportin thevisiblespectrum.

Note that Sk representsthe effective sourcestrengthas
measuredby the k th sensorandis independentof the sur-
facebeingobserved. For notationalsimplicity, we de�ne
S = [SR ; SG ; SB ]> (with a correspondingde�nition for
D ), andsincescalecanbe absorbedby f d andf s, we as-
sumekD k = kSk = 1.

2.2. Highlight Removal
As madeclearby Eq. 2, in RGB color spacea collection
of colorvectorsfrom adichromaticmaterialundermultiple
view andillumination con�gurations(i.e,.,differentvalues
of � ) lie in the dichromatic plane—the planespannedby
theeffective sourceandbodycolors,S andD [22]. In ad-
dition, it hasbeenobserved that thesecolor vectorsoften
clusterin theshapeof a `skewed-T' in thisplane,wherethe
two limbs of theskewed-Tcorrespondto diffuseandspec-
ular re�ection [7, 11]. When theselimbs are suf�ciently
distinct,thediffuseandsourcecolorscanberecovered,the
two componentscanbeseparated,andthehighlightscanbe
removed[11].

While thismethodworkswell for homogeneous,dichro-
maticsurfacesin thenoiselesscase,therearethreesigni�-
cantlimitationsthatmakeit dif�cult tousein practice.First,
many surfacesaretexturedandviolatethehomogeneousas-
sumption.Evenwhenanimagedoescontainhomogeneous



surfaces,a non-trivial segmentationprocessis requiredto
identify them. Second,in order for the specularand dif-
fuselimbs of theskewed-Tto bedistinct,thespecularlobe
mustbe suf�ciently narrow (i.e., its angularsupportmust
be small relative to the curvatureof the surface.) Finally,
whenthediffuseandspecularcolorsarethesame,thereis
no way to distinguishbetweenthetwo components,andno
color separationis possible.

Someof theserestrictionscanbeovercomeby usingad-
ditionalcuessuchaspolarization[28]. Nayaretal. [17] use
multipleexposureswith varyingpolarizationto estimatethe
sourcecolor independentlyat eachpoint, andthey exploit
local spatialcoherenceto separatethediffuseandspecular
components.This methodoffers signi�cant improvement
over the useof only oneof color or polarizationinforma-
tion, but it is still requiresthat the specularlobe is suf�-
cientlynarrow, andthatthediffusecolor is locally constant.

2.3. Photometric Stereo

Photometricstereois the processof recovering 3D shape
from a seriesof imagescapturedfrom �x edviewpoint un-
dermultiple illuminations.Sincethey rely on theinversion
of theimageformationprocess,asdescribedin Sect.1,pho-
tometricstereomethodstypically requiresigni�cant knowl-
edgeaboutthere�ectanceof surfacesin thescene.

ColemanandJain [4] wereperhapsthe �rst to present
aphotometrictechniquefor reconstructingnon-Lambertian
surfaceswithout an explicit re�ectance model. In their
method,theBRDFis assumedto bealinearcombinationof
a Lambertiandiffusecomponentandanunde�nedspecular
componentwith limited angularsupport.Whenfour point-
sourceilluminationsareavailable,specularmeasurements
canbetreatedasoutliersanddiscarded,providedthattheil-
luminationdirectionsarefarfromoneanotherrelativeto the
angularextent of the specularlobe. (This ensuresthat the
specularre�ectancecomponentis zerofor threeof thefour
observationsof eachsurfacepoint.) Barsky andPetrou[2]
re�ne this techniqueby usingcolor informationto improve
the detectionof specularmeasurements.Like the original
work, however, specularmeasurementsaretreatedasout-
liers, andthe specularcomponentis assumedto have lim-
itedangularsupport.

Another approach to photometric stereo for non-
Lambertiansurfacesis to assumedichromaticsurfaces,and
to remove highlightsasa pre-processingstepasdiscussed
in Sect.2.2. This is the approachtaken by Schl̈uns and
Wittig [21], who assumehomogeneousdichromaticsur-
faces,andseparatethediffuseandspecularcomponentsus-
ing color histogramanalysistechniquessimilar to Klinker
et al. [11]. SatoandIkeuchi[20] take a similar approach,
but avoid the restrictionto homogeneoussurfacesby us-
ing a largenumberof light sourcedirectionsto computea
distinctcolor histogramat eachpoint. Becausethesemeth-
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Figure 2. Linear and non­linear transformations of
RGB color space. Three observations of the same
material yield color vectors I 1 : : : I 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 HSV­type color spaces does
not preserve shading information.

odsexplicitly recover thediffuseandspecularcomponents,
they have theadditionalbene�t of providing anestimateof
the diffusecolor D at eachpoint in additionto recovering
the surfaceshape. Sincethey are basedon conventional
dichromaticcolor separation,however, they aresubjectto
therestrictionsdiscussedin theprevioussection.Most im-
portantly, they assumethat thespecularlobe is narrow rel-
ative to thesurfacecurvature,anassumptionsimilar to that
underlyingthefour-sourcemethodof ColemanandJain[4].

3. A Data-dependentColor Space
As describedin the previous section,many photometric
stereomethodsassumetheBRDF is Lambertianor known
in someform. Themethodsthatdo not make this assump-
tion require dichromaticsurfaceswithout texture [21] or
Lambertian-plus-specularsurfaceswith a narrow specular
lobe[2,4]. In this sectionwe introducea transformationof
colorspacethatseeksto overcomebothof theselimitations.

Supposewe linearly transformRGB color spaceby ro-
tatingthecoordinateaxes,andasshown in theleft of Fig.2,
supposethis rotationis suchthatoneof theaxes(red,say)
becomesalignedwith the directionof the effective source
color S. This transformationde�nes a new color space,
which we refer to as the SUV color space. It canbe de-
�ned accordingto I SU V = [R]I usingany [R] 2 SO(3)
that satis�es [R]S = [1; 0; 0]> . Here,we choose[R] =
[RG (� � S)][RB (� S)] where[Rk (� )] is a right-handedrota-
tion aboutthek-axisby angle� , and(� S ; � S) aretheeleva-
tion andazimuthalanglesof thesourcevectorS in theRGB
coordinatesystem.FromEq.2 it follows that

I SU V =
� �D f d(� ) + �Sf s(� )

�
n̂ � l̂ ; (3)



where �D = [R]D and�S = [R]S = [1; 0; 0]> .
ThisSUV spaceis adata-dependentcolorspacebecause

it dependson theeffective sourcecolor in theimage.It has
two importantproperties.First, it separatesthediffuseand
specularre�ection effects. The �rst channel(the S chan-
nel)encodestheentirespecularcomponentandanunknown
fractionof thediffusecomponent,while theremainingtwo
channels(U andV) areindependentof f s(� ) andarefunc-
tionsof only thediffusere�ectance.

Thesecondimportantpropertyis that,sincethetransfor-
mationis linear, shadinginformationis preserved. This is
clearfrom Eq. 3; if r >

i denotesthe i th row of [R], the two
diffusechannelsare

I U = r >
2 D f d(� )n̂ � l̂ and

I V = r >
3 D f d(� )n̂ � l̂ :

(4)

AssumingLambertiandiffuse re�ectance,f d(� ) is a con-
stantfunctionof � . In this case,thetwo-channelcolor vec-
tor

J = [I U ; I V ]> (5)

providesdirect informationaboutthenormalvectoron the
surface, with the coef�cients � U = r >

2 D f d and � V =
r >

3 D f d behaving asLambertianalbedos.
Figure 2 comparesthis linear, data-dependentcolor

spacewith conventionalnon-linearcolorspaces.Non-linear
color spacessuchas r -g chromaticityandhue-saturation-
value(HSV)arecomputedbycentralprojection.EachRGB
pixel correspondsto a vector in the RGB cube,andthese
are intersectedwith the planeR + G + B = c for some
c. For example,hueandsaturationcorrespondto the dis-
tanceandpolarangleof theseintersectionpointsrelative to
thecubediagonal,andchromaticitycoordinatesarederived
from the intersectionof thesecolor vectorswith the plane
R + G + B = 1. Non-linearcolor spacessuchas these
areusefulfor recognition,for example,sincethey remove
Lambertianshadingandshadow information. (All positive
scalarmultiplesof I mapto thesamechromaticitycoordi-
natesandthesamehue.)Sincethey do not preserve photo-
metric information,however, they aregenerallyunsuitable
for recoveringshape.

In contrast,theSUV color spacedoespreserve shading
information,andby providing two channelsthat areinde-
pendentof thecomplex, specularcomponentof re�ectance,
it canbeausefultool for sceneanalysis.Oneimportantap-
plication is photometricstereo,andSect.4 providessome
examplesin which theseimagesareusedfor thatpurpose.

It is worthnotingthatPark [19] usesa transformationof
color spacethat is similar to SUV spacefor the purposes
of segmentation.His transformationis differentfrom ours,
however, sinceit is not a pure rotationand thusdoesnot
exactly isolatediffusere�ectanceeffects.

3.1. Practical Considerations
For shaperecovery we are generallyinterestedin the

two-channeldiffusesignalJ in Eq. 5. The quality of this
signaldependson thespectralcharacteristicsof thesurface
in additionto sensornoise.

SpectralRe�ectance
When the surface is `white', the spectralre�ectanceis a
constantfunctionof wavelength.In this case,gd(� ) = gd,
andsince

D k = gd

Z
Ck (� )L (� )d� = gdSk ;

it follows that thecolor vectorI andthesourcecolor S are
collinearin color space.For thesesurfaces,the UV chan-
nelsarezero;andasa result,they provide no information
aboutthe surface,regardlessof the illuminant andsensors
that we choose. (This is the samerestrictionexperienced
by Klinker et al. [11]; whenthe diffuseandsourcecolors
arethesame,thereis nowayto distinguishbetweenthetwo
re�ection components.)In order to recover surfaceshape
for thesematerialswithoutrestrictingtheBRDF, alternative
(and more complex) reconstructionmethodscan be used.
See,for example,Refs.[12,30].

SensorNoise
Assumingindependent,additive Gaussiannoisewith zero
meanandvariance� 2 in eachof thethreechannelsof color
vector I , andassumingkI k � 1, the signal-to-noiseratio
(denotedSNR(I )) is 10log10(1=� ) dB. The magnitudeof
the diffusecolor vectorJ is relatedto that of the original
color vectorby kJk = kI k sin � , andsincethenoiseis the
samein bothcases,it follows that

SNR(J) = SNR(I ) + 10log10(sin � ): (6)

This relationshipis shown in Fig. 3, andit suggeststhat
whenthe anglebetweenthe imageandthe sourcecolor is
lessthan10� , thetwo-channeldiffusesignalsufferssevere
degradation. The effects of this degradationcan be miti-
gatedby usingmultiple exposuresto collecthigh dynamic
range(HDR) images. When exposuresare chosenjudi-
ciously [8], we canincreasetheSNRof theoriginal image
andthereforethatof thetwo-channeldiffuseimageaswell.

3.2. Computing Diffuse Images
In orderto computethetwo-channeldiffuseimage,it is nec-
essaryto know the effective sourcecolor, S. Undercon-
trolledconditions,thesourcecolorcanbecalibrated,andin
anuncontrolledsettingit canbeestimatedusinga number
of establishedtechniques.

TomingaandWandell[25] demonstrateamethodfor es-
timatingthesourcecolorbasedonthefactthatcolorvectors
from a homogeneoussurfacespanthe dichromaticplane.
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Figure 3. The signal­to­noise ratio (SNR) of the two­
channel diffuse image (J ) relative to that of the original
image (I ) as a function of � , the angle between I and
the source color S in RGB color space. (See Fig. 2.)

They determinethe sourcecolor by intersectingmultiple
dichromaticplanes(from differentdichromaticsurfaces)in
color space.Similarly, Lee [13] �nds the sourcecolor by
intersectinglines in 2D chromaticityspace.More recently,
FinlaysonandSchaefer[5] usethefact that thechromatic-
ity of the majority of illuminants lie alonga known curve
in chromaticityspaceandrecover thesourcecolor from an
imageof asinglehomogeneousdichromaticsurface.

Figure1 showsadiffuseimagethatwascomputedusing
the sourcecolor determinedby intersectinglines in chro-
maticity space[13]. (Threehomogeneoussurfaceswere
manuallysegmentedfor this purpose.) The monochrome
diffuseimagewascreatedby transformingtheinput image
to the SUV color spaceandcomputingkJk at eachpixel.
Comparingthis to theoriginal image,we seethatthespec-
ular effectshave beenremoved asexpected.Note that the
dichromaticmodelis violatedwhensaturationoccursin the
input images,and this causeserrorsat points of extreme
specularity. Additional examplescomputedwith calibrated
sourcesareshown in Sect.4.1.

4. Application to Photometric Stereo
The two-channeldiffuse imageof the previous sectionis
derived without makingany assumptionsaboutthe nature
of specularre�ectance,andyet it is independentof specu-
lar re�ection effectsfor dichromaticsurfaces.By assuming
thatthediffusecomponentof there�ectanceis Lambertian,
we canusetheseimagesalongwith establishedtechniques
for photometricstereoto obtainestimatesof surfaceshape.

Assumingthelight sourcecolor is known, thecolorvec-
tor I at eachpixel canbe transformedto SUV spaceusing
Eq. 3. The two diffuseUV channelspreserve shadingin-
formation,andthe two-channelimageJ is independentof
the specularcomponent.Assumingthat the diffusere�ec-
tion componentis Lambertian,standardphotometricstereo
techniquescanbeusedfor surfacereconstruction.Here,we
discussa modi�ed version1 of thecolor photometricstereo
methodof Barsky andPetrou[1].

Let J1, J2 andJ3 bethree2-channelcolor vectorspro-
ducedby observingasinglepointunderthreedifferentlight

1Themethodwasoriginally designedfor color imageswith threechan-
nels.Hereweusethesamemethodfor a two-channelimages.

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
niques to estimate the surface normal at each pixel.
The normals are integrated to recover the surface.

sourcedirectionŝl1, l̂2 andl̂3. As in Eq.4, it follows that

Jk =
�
I k

U ; I k
V

� >
= (n̂ � l̂k )� ; (7)

where� is a 2-channelUV albedo. A shadingvector is
de�ned accordingto F =

�
f 1; f 2; f 3

� >
= [̂l1 l̂2 l̂3]> n̂,

andthe shadinginformationfrom all threeobservationsis
combinedin anintensitymatrix thatsatis�es

[J ] =

2

4
J 1

1 J 1
2

J 2
1 J 2

2
J 3

1 J 3
2

3

5 =

2

4
f 1� U f 1� V

f 2� U f 2� V

f 3� U f 3� V

3

5 = F� > : (8)

Theleastsquaresestimateof theshadingvectorF caneas-
ily becomputedfrom theintensitymatrix; it is theprincipal
eigenvectorof [J ][J ]> . Oncetheshadingvectoris known,
thesurfacenormalis foundby solvingthematrix equation
F = [̂l1 l̂2 l̂3]> n̂.

This reconstructionprocedureis outlinedin Fig. 4, and
it canbeappliedwithout changeto any numberof images
largerthanthree.

4.1. Experimental Results

To validatethe methodquantitatively, we usedobjectsof
known shapewith varyingmaterialproperties.Theobjects
are shown in Fig. 7, and they consistof a set of spheres
with increasingspecularity. (Theincident-planeBRDFsare
shown in Fig. 5.)

For eachsphere,asetof four highdynamicrange(HDR)
imageswere capturedfrom a �x ed viewpoint and four
known illumination directions. The sourcecolor wascal-
ibratedby imaging a Macbethcolor checker, and it was
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usedto computethe SUV imagesasdescribedin Sect.3.
The secondcolumnof Fig. 7 con�rms that the UV chan-
nels of theseimagesdependslargely on the diffuse re-
�ectance. (Thesemonochromediffuse imagesshow the
magnitudeof the two diffuse channels,computedusing
kJk = (I 2

U + I 2
V )

1
2 ateachpixel.)

Using the diffuse UV images,the surface normalsof
eachspherewere estimatedusing the photometricstereo
methoddescribedin Sect.4. As ameansof comparison,we
implementedtwo different RGB-basedphotometrictech-
niques. The �rst methodusesall four RGB imagesand
assumesLambertianre�ectance[1]. The secondmethod
assumesLambertian+specularre�ectanceandreconstructs
thesurfaceby choosingthethree`leastspecular'RGBmea-
surementsateachpixel [2,4].

The resultsare shown in Figs. 5 and 7. The recov-
eredsurfaces,includingcross-sectionsoverlaidon the true
shape,aredisplayedin Fig. 7. Morequantitative resultsare
shown in Fig. 5, with the bottomof that �gure displaying
the angulardifferencebetweenthe true andestimatedsur-
facenormalsasa functionof increasingspecularity. (This
plot shows the mean-squareerror computedover a win-
dow encompassingthevisible specularitiesin the four im-
ages.)TheseresultsdemonstratethattheSUV-basedrecon-
structionis largely independentof thespecularre�ectance,
whereasboththefour-imageandthree-imageRGBmethods
areaffectedby it. The four-imagemethodassumesLam-
bertianre�ectanceandits performancedegradesmonoton-
ically asglossincreases;andwhile the three-imageRGB
methodperformswell for the high-gloss(narrow specular

lobe) spheres,it performslesswell whenthe angularsup-
portof thespecularlobeis largerelativeto theseparationof
thelight sourcedirections.

Figure6 shows the resultsof applyingour SUV-based
photometricstereomethodto two naturalobjects(a pear
anda pumpkin.) For eachobject, four HDR imageswere
capturedandtransformedto SUV colorspace,andthetwo-
channeldiffuse imageswere usedto estimatethe surface
normals. For eachobject, we show an input imageand
thesurfacesrecoveredby integratingthesesurfacenormals.
Sincethe transformationto SUV spaceis purely local, the
methodrequiresno spatialcoherencein the image,and it
performswell for surfaceswith arbitrarytexture asshown
by thepearexample.This is not truefor alternative photo-
metric stereotechniquesthat usecolor-basedhighlight re-
moval [11,21],sincethesemethodsgenerallyrequirespatial
coherence.

5. Conclusion

This paperpresentsa data-dependentrotation of RGB
colorspacethatseparatesthediffusere�ection effectsfrom
the morecomplex, specularre�ection effectsin imagesof
dichromaticsurfaces.Sinceit is linear, this transformation
preserves diffuse shadinginformation, and imagesin this
transformedspacecanbeusedto obtainphotometricrecon-
structionsthat areindependentof the specularre�ectance.
The result is a photometricstereomethodfor non-diffuse
materialsthatdoesnot requireanexplicit BRDF modelor
referenceobject.Themethodis evaluatedbothqualitatively
andquantitatively, andit is shown to performwell for both
paintedsurfaceswith varyingspecularre�ectanceandnat-
ural surfaceswith andwithout texture.

We currentlyassumethat 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-forward to adapt
themethodto the`uncalibrated'casein which the lighting
directionsareunknown. Finally, while this paperexplores
the applicationof this color transformationto photometric
stereo,it canbeusefulfor any visualtask(e.g.,shape-from-
shading,stereo,structure-from-motion)thatis simpli�ed by
theabsenceof specularre�ectance.Exploring theseappli-
cationsis aninterestingdirectionfor futurework.
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Figure 6. SUV­based 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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