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Abstract

Comple re ectance phenomenasud as specularre ec-
tions confoundmany vision problemssince they produce
image “features' that do not correspondirectlyto intrinsic
surfacepropertiessud as shapeand spectal re ectance
A commonapproad to mitigatetheseeffectsis to explore
functionsof an image that are invariantto thesephotomet-
ric events.In this paperwe describetwo sud invariants—
oneinvariant to specularre ections, and the other invari-
ant to both specularre ections and diffuse shading—that
resultfromexploiting color informationin imagesof dichro-
matic surfaces. Theseinvariants are derived from sub-
spaceof RGBcolor spaceandthey enabletheapplication
of Lambertian-basedision techniquesto a broad classof
speculay non-Lambertianscenes. Using implementations
of recentalgorithmstaken from the literature, we demon-
stratethe practical utility of theseinvariantsfor a wideva-
riety of applications,including steeo, shapefromshading
material-basedementationand motionestimation.

1. Intr oduction

An imageis the productof the shapere ectanceandillu-
minationin asceneFor mary visualtasks,we requireonly
a subsetof this information, and we wish to extractit in
a mannerthatis insensitve to variationsin the remaining
“confounding'sceneproperties.For 3D reconstructionfor
example,we seekaccurateestimatef shapeandwe de-
signsystemshatareinsensitve to variationsin re ectance
andillumination.

Onepracticalapproacho theseproblemsds to computea
functionof theinputimageghatis invariantto confounding
scenepropertiesut is discriminatve with respecto desired
sceneinformation. Suchfunctionsyield so-calledinvari-
ants anda numberof examplesaredescribedn the litera-
ture. Perhapghe simplestexamplefor a Lambertianscene
is a normalized-RGBimage. The normalizedRGB color
vector at each pixel dependson the spectralre ectance
of the correspondingurfacepatchbut not its orientation,
which makesit usefulfor material-basedeggmentation.

Like normalized-RGBmary existing invariantsseekto
isolateinformationaboutthe materialpropertiesn a scene
and are thereforedesignedo be invariantto local illumi-
nationand viewing geometry In contrast,we considera
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Figurel. Left: Two framesof anRGB videoof asceneawith mixed

illumination. A bluelight ontheright andayellow light ontheleft

inducecomplex speculareffects. Right: Projectingtheseimages
ontothe one-dimensionaubspacerthogonalo the sourcecolor

vectorsin RGB spaceyields aninvariantto speculame ections
thatpreseresdiffuseshadingandspectrate ectanceinformation.
(The completevideois includedassupplementataterial.)

classof invariantsthat deliberatelypresere geometryin-
formationin away thatis invariantto specularre ections.
Theseinvariantsgive direct accesgo surfaceshapein the
form of diffuse shadingeffects, and since diffuse shad-
ing is often well approximatedby the Lambertianmodel,
they satisfy the “constant-brightnesassumption'underly-
ing mostapproacheto stereoreconstructiorandstructure-
from-motion.In addition,thesdnvariantsprovide accesso
surfacenormalinformation,which canbe recoveredusing
Lambertian-baseghotometriaeconstructioimethods.
This work is motivatedin part by the work of Mallick
etal. [9], who proposea transformatiorof color spacefor
usein photometricstereo. Their work shaws that when
surfacesarewell-describedy the dichromaticmodel[14],
a speculaifree image can be computedby projectingthe
RGB color vector at each image point onto the two-
dimensionabubspacerthogonato theilluminant color.
Inspiredby theseresults,we:

1. Derive a generalclassof speculainvariantsbasedon
color subspaces.Theseinvariantscan be appliedto
dichromaticsurfacesunder mixed illumination ervi-



ronmentqseeFig. 1.)

2. Derive a secondclassof functionsthat, in addition
to specularre ections, are invariantto diffuse shad-
ing. They dependonly on the spectralre ectanceof a
dichromaticsurface.

3. Demonstrateghat theseinvariantscan enhancemary
existing Lambertian-basedision techniques,vastly
expandingtheir domainof applicability.

2. Related Work

A numberof photometridnvariantshave beenproposedor
Lambertiansceneswithout specularity Normalized-RGB,
r-g chromaticity and hue/saturationmagesare all exam-
plesof representatiornthatareindependensdf “diffuseshad-
ing' (the geometricrelationbetweena surfacenormaland
theillumination direction)anddependonly on the spectral
re ectanceof the surfaceandthe spectralpower distribu-
tion (SPD) of the illuminant. Additional invariantsto ei-
therlocal geometryor spectrare ectancecanbecomputed
whenmultiple imagesof a sceneareavailable (e.g., [18]),
or whenthere ectanceof the surfaceis spatiallycoherent
(e.g. [11]); andaninvariantto bothlocal geometryandil-
luminantSPDcanbe computedrom a singleimageunder
appropriatémagingconditions[4].

Invariantsfor scenesvith moregenerare ectancefunc-
tions are developedby Narasimharet al. [10]. They de-
scribea generalmodelof re ectanceconsistingof a prod-
uctof a“material” term(Lambertiaralbedo Fresnekoef-
cient,etc.)anda“geometry”termthatencodesherelation-
shipbetweerthe surfacenormal,light-source andviewing
direction.Invariantgto bothof thesetermscanbecomputed
from either multiple obsenationsof a single point under
variableview or illumination, or from oneobsenationof a
spatially-coherenscene.The geometryinvariantis of par
ticular interest,sinceit canbe useddirectly for material-
basedsegmentatior10].

2.1 Invariants for Dichromatic Surfaces

A substantialbody of work is devoted to exploiting the
dichromaticmodel of re ection [14] in orderto separate
diffuse and speculare ection componentswhich arein-
dependenof speculaianddiffusere ection effects,respec-
tively. Accordingto thedichromaticmodel,the obsenation

of asurfacepointis written
Ik = aDk+ sSk; 1)

where 4 and s aregeometricscalefactorsthatdepencbn
surfaceshapeandmaterialpropertiesand
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Here,E( ) is the SPD of the incidentillumination, R( )

is the spectralre ectanceof the surface,andCy( ) is the
spectralsensitvity of a linearsensor A typical RGB cam-
erayieldsthreesuchobsenations,andin this casewe write

lrge = f Ikgk: R:G:B anddeneD = f Dkgk: R:G:B and
S = fSkgk=rap 10 be the diffusecolor and specular
color, respectiely. Theseare corventionallyassumedo

bevectorsof unit length.

Thereis practical utility in separatingthe diffuse and
specularcomponentsn an image. Since diffuse re ec-
tions are typically well-representecby the Lambertian
model, this separatiorallows the applicationof powerful
Lambertian-basedsionalgorithmsto abroadclassof non-
LambertianscenesUnfortunately computingsucha sepa-
rationis ill-posed. It traditionally requiresadditionalcon-
straintssuchastexture-lesssurfaces[6], knowledgeabout
(e.g., sgmentationof) diffuse colors, constraintson the
neighborhooaf a pixel [8, 15] or speci ¢ parametrianod-
elsfor speculare ectance[13].

When the sourcecolor is known and constantover a
scene,one can computeinvariantsto specularre ections
thatare basedon transformation®f RGB color spaceand
do notrequireexplicit specular/difuseseparationTanand
Ikeuchi[15] obtainsucha specularinvariantusing a non-
linear combinationof the RGB valuesl rgg at a pixel and
the RGB color vectorof the sourceS. The transformation
is computedindependentlyat eachpoint, and it yields a
positive grayscalemagethat dependsonly on diffuse re-

ections ( ¢ andD) andis independenbf specularffects
( s)- Park[12] de nesanalternatve, lineartransformation
providing two color channelsthat, while not pure invari-

ants,are highly insensitve to specularre ections. In this

transformationpneof the coordinateaxis of color spacds

alignedwith the sourcecolor S, leaving the remainingtwo

channelgo be predominantiydiffuse.

A third transformatioris proposedy Mallick etal. [9],
who de ne the SUV color spaceusinglsyv = Rl ges ,
whereR is ary rotationof R® satisfyingRS = (1; 0; 0).
Like Park's transformationthis rotation aligns one of the
color axes (the S-axis) with the sourcecolor S, but unlike
Park's transformationthe componentslongtheremaining
two axesareindeedinvariantto speculare ections. This
is easily seenby applyingthe transformatiorto Eq. 1 and
verifying thattheU andV componentsregivenby [9]

ly= aryD; Iv = ar3D; 4)
wherer; andr; denotethe 2" and3™ rows of the ro-
tation matrix R. Sincethey areindependenbf the specu-
lar geometricscalefactor ¢, thesecomponentsonstitute
a speculaiinvariant. An importantfeatureof this transfor
mationis thatit preseresandisolatesthe diffuseshading
information( 4).



3. Color Subspaces

The SUV color transformationcan be viewed as a projec-
tion of RGB color vectorsonto the two-dimensionakub-
spaceorthogonalo the sourcecolor S. (Seeleft of Fig. 2.)

Thisinterpretatiorprovidesthemainmotivationfor this pa-

per, andin this sectionwe show thatit: 1) canbe general-
izedto mixedilluminantsandhyperspectraimagesand?2)

leadsnaturallyto a notionof generalizedhue.

The SUV color transformatioris basedon Eq. 1, which
in turn is premisedon the assumptiorthat the illuminant
SPDis constantover the incidenthemispheref a surface
point (i.e., thatthe illuminant “color' is the samein all di-
rections.) Notationally if L(! j; ) representsheincident
radianceatasurfacepoint,where! ; = (;; ) 2 param-
eterizeghehemispheref incidentdirectionsthemodelre-
quiresthatthis input radianceeld canbe factored(with a
slightakuseof notation)asL (! )E( ). To relatethisto the
termsin Eq. 1, weletf ( ; Ywith = (i; i; o} o) )
denotethe BRDF of the surface,and we write the image
formationequatioras

I = f(C: )L )C«k( )cos;d id:

Accordingto the dichromaticmodel,the BRDF of the sur
facecanbe decomposedccordingto

fC3)=Fa()SC )+ ksfs(); ©®)

whereks is aconstantandthis yieldsthe expressions
z

d fa( )L('i)cos ;i d!;

Z
s = ks fs()L(Mi)cos;d
Z
Dy = S()E()Ck()d
Z
S« = E( )Ck()d:

To generalizeéhe model,we considera mixedillumina-
tion ernvironmentwhosespectralcontentcan be written in
termsof a nite linearbasis:

X

Lyt DE;(): (6)
j=1
An examplewith N = 2isanof ce ervironmentwherethe
illumination can be describedas a solid angle of daylight
in the directionof thewindow anda distinctsolid angleof
uorescentlight in the directionof the ceiling. Whenthe
inputradianceeld canbedecomposeih this manneythe
BRDF decompositiorof Eq.5 yields

=" D+ 08 (7)
j=1

with

_ z
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Equation7 suggestghe existenceof a specularinvari-
antthatis analogougo the two-dimensionakubspaceised
by Mallick et al. [9]. In their formulation, the illuminant
coloris assumedaonstanbvertheinputhemispheréwhich
corresponddo N = 1 in Eq. 7) andthe specularinvari-
antsubspaceomputedrom athree-channdRGBimageis
two-dimensionalln generalgivenanM -channelpossibly
hyperspectralijmageandanN -dimensionakpectrabasis
fEj( )gj=1.-n for theincidentillumination, there exists
a subspacef dimension(M  N) thatis independenof

all ) andthereforeinvariantto speculare ections. Let-
tingfrigi=1..(m w) represenanorthonormabasisfor this
specularinvariantsubspacethe I componeni(or “chan-

nel’) of the speculainvariantimageis givenby

X _
Ji = Jrr D) (8)
j=1

A speculainvariantimagewith (M N) channelgie ned
by this equationcanbetreatedasanimagewith (M N)
“colors', but these'colors' canassumenegative values. In
somecasest is morecorvenientto useagrayscalepecular
invariantgivenby

wn
T 9)
1=1

Jinvm Ny =

where the subscriptJi,y) is usedto indicate that the
grayscaldnvariantis derived from a u-dimensionainvari-
antsubspace.

Sincethe vastmajority of cameragecordthree(RGB)
channelsthe mostinterestingcaseto consideris N = 2.
An exampleis shown in Fig. 1, wherelight comesfrom
two sourceswith differentSPDs. TheseSPDsinducetwo
sourcecolor vectorsS® and S@ in RGB space,and by
projectingthe RGB color vectorsof the input imageonto
the one-dimensionasubspacerthogonalto thesevectors,
we createanimagethatis void of speculare ection effects.

An essentiafeatureof the speculainvariantsof Egs.8
and9 is thatthey preservdiffusere ection effectsencoded

in the geometricscalefactors ((,”. For mary surfaces,
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Figure 2. Left: ProjectingRGB color vectorlres ontothe 2D

subspacerthogonalto the sourcecolor S resultsin a specular
invariant that preseres diffuse shading. The ratio betweenthe

channelsdn this subspaceepresentgenerlized hue( ), which

providesasecondnvariantdependingnly onspectrale ectance.
Right: For two sourcecolors, the specularinvariant subspaces

one-dimensionalBy projectingRGB color vectorsontothis line,

aspeculainvariantcanstill be computedseeFig. 1.)

the diffuse components well approximatedy the Lam-
bertianmodel, meaningthatthetermf4( ) in Eq. 7 is a

constanfunctionof andthe geometricscalefactors ((,')
do not changewith viewpoint. This impliesthatthe specu-
lar invariantimagesde ned by Egs.8 and9 often: 1) sat-
isfy the “constant-brightnesassumption'underlyingmost
stereoand structure-from-motiorsystems;and 2) provide
accesgo surfacenormalinformationthroughLambertian-
basedphotometricreconstructiormethodssuchas shape-
from-shading As aresult,by computingtheseinvariantsas
a pre-processingtep,we canexpandthe domainof appli-
cability of mary Lambertian-basedlgorithmsto includea
muchbroaderclassof specularnon-Lambertiarsurfaces.

Applicationsareexploredin Sect.4. Next, we de ne a
secondclassof invariantsthat can be computedfrom the
color subspacede ned above.

3.1 GeneralizedHue

Returningto the caseof uniform sourcecolor (N = 1in
Eq. 6), we derive a secondnvariantby taking the ratio be-
tweenspeculainvariantchannelsn Eq. 8. Theresult,

J1=J = ri Dzl’z D;

is independenbf both the diffuse and speculargeometric
scalefactors 4 and 4. Asshavnin Fig. 2, it is instructive
to interpretthisratioasanangleandde ne

=tan '(J1=3)=tan ! r;D=r;D : (10)

Wereferto asthegenerlizedhug sinceit reducego the
standardle nition of huewhenthesourcecolor S is white.

Examplesf generalizedhueimagesareshovnin Fig. 3
for a specularglobe undertwo differentsourcecolors. In
eachcasetheknown sourcecoloris usedto computeatwo-
channelsubspacémageaccordingto Eq. 8, andthe ratio
betweenthe two channelds usedto compute . Sinceit

Figure3. Generalizedhueimagegbottom),eachcomputedrom a
singleRGBimage(top) of aglobe.Generalizedhueis invariantto
both specularitiesanddiffuse shading,andis discriminatve only
with respecto the spectrake ectanceof the surface.
depend®nly onD, eachcountryontheglobeappears at'
andis free of bothspeculare ections anddiffuseshading.
It is interestingto note that this isolation of spectral
re ectancecan be generalizedo mixed illumination and
hyperspectraimagesalbeitat the expenseof requiringei-
thermultipleimagesspatialcoherencegr both. As anillus-
tration, consideranillumination ernvironmentwith two dif-
ferentsourcecolors(N = 2in Eq.6), andsupposeve ac-
quiretwo RGB imageswith alteredillumination directions.
(The SPDsof the sourcesremainthe same.) In this case,
the speculaiinvariantsubspacés one-dimensionakndthe
speculainvariantimages] andJ of a surfacepoint under
thetwo lighting con gurationsaregivenby (seeEq. 8)

J = él)r>D(1) + éz)r>D(2)
J = Prp®s @ppa;

Here ,we have suppressethesubscriptorrespondingp the
invariantchanneindex, sincethereis only asinglechannel.

Now, supposewe have identi ed two additional im-
age points (p2 and p3) that correspondto surface points
having the samegeometriccon gurations (e.g., the same
surfacenormal underdistantlighting) but distinct spectral
re ectance. This yields a total of six specularinvariant
obsenations—threepoints under two illuminations—that
canbeassemblethtoa3 2 obsenationmatrix. As shovn
by Narasimharet%l. [10], sucha matrix ganbefactoreohs
2 3 "

1 2
Jp. Ipy r Déll) re Dfnzl) 0 o’
4 ‘]Pz ‘]Pz 5= 2 r> Déz) r Déz) g ?2) ?2) ,

from which it follows that the ratio of determinant®f its
two2 2 sub-matricesatis es

1 2 2 1
‘]Pl‘]Pz ‘]pl‘]pz Dé1)>D§)2) Dé1)>D§32)

= ;o (1)
‘]Pz‘]p3 Jszps Dé12)> Dé23) Dé23)> Délz)




which dependsnly on the spectralre ectanceof the sur
facepointsandis invariantto the geometricscalefactors.

While this examplerelies on the identi cation of three
surfacepoints(ps; p2; ps), a similar invariantcanbe com-
puted using a single surface point and multiple specular
invariant channelscollectedfrom a hyperspectralimage.
Determinant-basethvariantsof this form have beenwell
studiedby Narasimharetal. [10], who applythemdirectly
to RGB imagesandobtaininvariantsfor relatively general
re ectancefunctionsundermonochromatiervironments.
The analysispresentederecanbe viewed simultaneously
asanextensionof their approactto mixed-illuminationen-
vironmentsas well as a specializationto the dichromatic
model. Thelatteris animportantdifference becausét en-
ablesthe distinctionbetweerspecularanddiffuse material
propertiesn theresultinginvariants.

3.2 Practical Limitations

The utility of the proposedinvariantsrelies on the angu-
lar separatiorbetweerthe diffuseandsourcecolors (D ()
and S0)) in color space. When this separatioris small,
the signal-to-noiseatio (SNR) in the subspacémagecan
be prohibitively low. This is evident, for example,in the
generalizechueimageof the globein the bottom-rightof
Fig. 3, wherethe huevariationwithin the Peoples Repub-
lic of Chinais seento be large. In practice,this canbe
improved usinghigh dynamicrangeimages. Additionally,
surfacepointswith low SNRcanbedetectedy monitoring
theanglebetweerthesourcecolorsSU) andtheinput color
vectord reg , andthisinformationcanbeincorporatednto
ary robustvision algorithm(seee.g., [17]).

It is alsoimportantto notethatin orderto computethe
invariantsdescribedin the previous sections,we require
knowledgeof thesourcecolorsSt) . In acontrolledsetting,
thesecolorscanbe measuredy imaginga “white' surface
underthegivenilluminants;andestimate®f theilluminant
colorsin anuncontrolledsettingscanbe obtainedusingex-
istingmethodqe.g., [1,16]). Froma practicalstandpointit
is dif cult to provide a meaningfulquantitatve evaluation
of the sensitvity of theseinvariantsto errorsin the source
colors sinceit dependson the spectralre ectanceandil-
luminantSPD of a particularscene.We leave a statistical
evaluationfor future work, andinstead,in the next section
we assesghe practicalutility of thesenvariantsby evaluat-
ing their performanceén avery broadrangeof applications.

4. Applications and Evaluation

This sectiondemonstratethe utility of the proposednvari-
antsusingRGB imagesfor a numberof vision algorithms
and compareghe resultsto thoseobtainedusing standard
grayscalémagesly = (R+ G + B)=3. For RGBimages,
whentheilluminationis amixture of two known colors,the

Figure4. Stereaeconstructiomndemixedillumination. Topleft:
Oneimageof aninput stereopair with blue andyellow illumina-
tion. Top center:Single-colorinvariantimageJi, 2y from Eqgs.8
and9 with S in the directionof the blue source.Top right: Two-
color invariantJi, 1y obtainedby projectingto the 1D subspace
orthogonalto both sources Bottomrow: depthmapobtainedus-
ing the sterecalgorithmof Boykov etal. [3] in eachcase.

two-colorspeculatinvariantJ; from Eq. 8 is grayscaleand
is equalto Jinyy from Eq.9. Ontheotherhand,a single-
color speculainvariantcomputedirom an RGB imagein-
cludestwo diffuse channels J1; J»g, which canbe com-
binedinto agrayscalénvariantJ;yy) usingEq.9. (Thisis
equivalentto the representatiof Mallick et al. [9].) The
resultsin this sectionshaw thatJ, () is effectivein situa-
tionswherethesourcecoloris uniform,andthatit performs
muchbetterthan| 4. In situationswherethe sceneillumi-
nationis a mixture of two colors, however, Jiy) is not
invariantto all speculare ections, andsigni cantly better
resultscanbe obtainedusingtheinvariantJi, (1) , whichis
derived from the one-dimensionasubspacerthogonalto
bothsourcecolors.

This sectionalsoincludesan applicationof generalized
hueto the problemof material-basedegmentation.

4.1 Stereo

Thevastmajority of sterecalgorithmsarebasedeitherex-
plicitly or implicitly) on the assumptiorthat surfacesare
Lambertian.Sincespecularre ectionsviolatethis assump-
tion, stereoreconstruction®f specularsurfacesare often
inaccurate.In casesf signi cant speculare ections and
compleillumination conditionswe canimprove theaccu-
ragy of existing stereoalgorithmsby computingthe spec-
ular invariant as a pre-process. This is demonstratedn
Fig. 4, whichcompare®inocularstereaesultsobtainedus-
ing corventionalgrayscalémages ¢, the single-illuminant
(2D subspacenvariantJi, ) , andthetwo-color (1D sub-
space)invariantJi,y) - In this gure, the grayscaleand
invariantimagesarecomputedrom arecti ed RGB stereo
pair (top of Fig. 4) andare usedasinput to the binocular



stereoalgorithm of Boykov et al. [3]. The original RGB
imageincludestwo speculahighlightscausedy blueand
yellow illuminants. Thebluehighlightis largely eliminated
in the single-colorinvariantJi, () , while imageJi 1) is

invariantto speculare ectionsof bothcolors.As expected,
theresultsfrom the grayscaleandsingle-colorinvariantim-

agesare poor in specularegions, and the depthmap ob-

tainedusingJiny(y) is signi cantly improved.

4.2 Optical Flow

Motion estimationthroughthe computatiorof optical o w

is anotherexampleof an applicationthatcanbene t from

specularinvariance. Recwrering denseoptical o w relies
on the “constant-brightnessssumption' which is violated
whenanobsener movesrelative to a static,speculascene.
As demonstratedly theresultsin Fig. 5, optical o w in the

presencef specularre ections in a comple illumination

ervironmentcanbe improved by computinga speculaiin-

variantasapre-processingtep.

In Fig. 5, anRGB imagesequencés capturedoy acam-
eratranslatinghorizontally relative to a static scene. The
sequenceés usedto computea conventionalgrayscalese-
quencel 4(t), a single-colorinvariantsequencelj, ) (t),
anda two-colorinvariantsequencedi, ) (t). Thesethree
videosareusedasinputto Black andAnandans algorithm
for robustoptical o w [2]. Theleft of Fig. 5 shovsasingle
imagefrom eachsequenceandthe right shavs the recor-
ered o ws in theindicatedwindow. Sincethe cameraun-
demoespuretranslationthe “ground-truth' o w lies along
parallelhorizontallines. The o w recoveredusingthecon-
ventionalgrayscaleandsingle-colorinvariantsequenceare
shavn in greenand blue, respectiely; and as expected,
these o ws are severely corruptedby specularhighlights.
In contrastthe o w computedfrom the mixed-illuminant
invariant(showvn in red)is closeto the groundtruth andis
largely unafectedby thesenon-Lambertiareffects.

4.3 Shapefrom Shading

The previous two sectionsdemonstratehe utility of the
speculainvariantfor stereanatchingandoptical o w, both
of which bene t from the fact that the specularinvariant
doesnot changewith viewpoint. Herewe shaw that since
it alsopreseresdiffuse(ideally Lambertianshadingnfor-
mation, thesespecularinvariantscan also be usedto en-
hancephotometriaeconstructionmethods.

As an example,we considerthe specialcaseof a single
point light-sourcein directionf, sothe specularinvariant
imageof Eq.9 reducego

1
Jinwg = fa (r1D)?+ (r1D)* *n T
It is theimageformationequationfor a Lambertiansurface
with aneffective albedogivenby the rst two terms,andit
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Figure5. Optical o w comparisonAn RGB imagesequencétop

left) is capturedby a cameraranslatingleft relative to a specular
appleunderyellow and blue illumination. Derived conventional
grayscald 4(t), yellow-invariantJi, .z (t) (left middle),andtwo-

color invariant Jin 1y (t) (left bottom) sequencesire computed
andusedasinputto BlackandAnandans robustoptical o w algo-

rithm [2]. Right: o wsobtainedn thethreecasesGreenandblue

o ws arefrom grayscaleandyellow-invariantsequencegespec-
tively, and both are corruptedby specularre ections. Red ow

is computedfrom the two-color invariantand is much closerto

groundtruth, whichis horizontalandto theright.

suggestshatthe speculainvariantcanbe useddirectly as
inputto Lambertian-baseshapdrom shadingalgorithms.

The bene t of this approachis demonstratedn Fig. 6,
wherewe assesthe performancef ZhengandChellappas
shapefrom shadingalgorithm [20] for both a corven-
tional grayscalemagel 4 andasingle-colorinvariantimage
Jinviz) - Thetop of the gure shavs grayscaleandspecular
invariantimagescomputedfrom an RGB imageof a pear
and the middle row shows the surfacesthat are recovered
by applyingthe samealgorithmin thetwo casesThesolid
bluepro le in thebottomgraphshaws thatspeculare ec-
tionscausesevereartifactswhenthealgorithmis appliedto
the grayscale@mage. In contrast,asshavn by the dashed
redpro le, onecanobtainvastlyimprovedresultsusingthe
samealgorithm by computingthe specularinvariantas a
pre-processingtep.

4 4. Photometric/GeometricReconstruction

More generally the specularinvariantcan be usedto im-
provetheperformancef abroadclassof Lambertian-based
reconstructionsystemsin the presenceof specular non-
Lambertiansurfaces. This includes,for example,methods
that combineboth geometricand photometricconstraints
to obtainaccuratesurfaceshapel[5, 7,19]. To provide an
example,we usethe passve photometricstereoalgorithm
describedby Lim et al. [7]. This methodbegins with an
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Figure 6. Shapefrom shadingcomparison.An RGB imageof a
pearis usedto computecorventionalgrayscalgtop-left) andspec-
ularinvariant(top-right)imagesandtheseareinputto Zhengand
Chellappas shaperom shadingalgorithm[20]. Middle row: sur
facesrecoveredin both cases.Bottomrow: cross-sectionsf the
recoseredsurfacesalongtheindicatedhorizontallines.

approximatepiece-wiseplanarreconstructiorobtainedby
trackingasmallnumberof featuresacrossavideosequence
under(possiblyvarying) directionalillumination. Then,an
iterative methodbasedon uncalibrated_ambertianphoto-
metric stereosimultaneouslye nes the reconstructiorand
estimateshe unknown illumination directions.

Figure7 comparesheresultsobtainedrom animagese-
guencehatconsistof amoderatelyspeculacylinder mov-
ing under x edilluminationandviewpoint. Theshapsés es-
timatedby applyingthe samealgorithmto boththecorven-
tional grayscalesequencél 4(t)) andthe speculainvariant
sequencéliyyz) ) computedrom thesameRGB data.The
right-mostsurfacein Fig. 7 shows that the reconstruction
obtainedusingthe specularinvariantis nearly cylindrical,
while that computedfrom the corventional grayscalese-
guencsds severelycorruptedby specularre ections.

4.5, Material-based Segmentation

Sectionst.1-4.4demonstrate¢he utility of the rst classof
speculainvariantsfor a variety of visualtasks.In this sec-
tion, we demonstrat@n applicationsof the secondclassof
invariantswhichis independenof boththespeculare ec-
tionsanddiffuseshadingn animage.Potentialpplications
of thisinvariantincludetrackingandrecognition.Here,we

Figure 7. Comparisorof shapefrom combinedphotometricand
geometricconstraintsLeft: threeRGB framesof aspeculacylin-
dermoving under x edview andillumination. Rightframe:result
of simultaneougracking and photometricreconstruction(as de-
scribedby Lim et al. [7]) using both the conventionalgrayscale
(left) andspeculainvariant(right) sequences.

considerthe applicationof generalizechueto the problem
of material-basedggmentation.

Figure 8 shavs an RGB imageof a dichromaticscene
underuniform sourcecolor (N = 1) aswell asanumberof
pseudo-colorecepresentationelatedto theinvariantspre-
sentedn Sect.3. Thetoprow shavscorventionalgrayscale
andspeculainvariantimagesandin thelatter, thespecular
effects(mostnotablyon thegreenapplesthe pumpkin,and
theredpepper)arelargely eliminated. The bottom-rightof
Fig. 8 shows the generalizechue imagegiven by Eq. 10,
which is invariantto diffuse shadingin additionto specu-
lar re ections, andthereforedependonly on the spectral
re ectance. The fact that the generalizechue within each
region is relatively constansuggestshatit is a usefulrep-
resentatiorfor sggmentation. The sameis not true for the
corventionalhueimage(shavn onthebottom-left)because
theilluminantis not white.

5. Conclusion

This paperpresentswo classesof photometricinvariants
thatarederived from color subspacesThey areef ciently
computedrom a singleimageof a dichromaticsceneand
arevalid in casesf mixed (i.e., spectrally-arying)illumi-
nation ervironments. The invariantsare computedpoint-
wise andthereforeplaceno restrictionon sceneexture.

Computationof theseinvariantsrequiresthatthe source
color(s) be known a priori, but in the future, we planto
investigatenethodghatexploit theserepresentationto re-
coverthisinformationfrom thedata.For scenesuchasthat
in Fig. 8, for example,it is possiblethatthe entropy of the
generalizediueimageprovidesanindicatorof theaccuray
of the estimatedsourcecolor.

The practicalutility of theseinvariantsis demonstrated
by theirability toimprovetheperformancef awide variety
of vision algorithms,includingthosefor sterecandmotion
estimation.As aresult,they provide ameandor extending
theapplicabilityof existing Lambertian-basealgorithmsto



Input RGB Conventional Grayscale Specular Invariant

Conventional Hue Generalized Hue

Figure8. Generalizechuefor material-basedegmentation.Each
panel shavs a pseudo-coloredepresentatiorthat is computed
from the RGB imageon the top-left. The generalizechueimage
on the bottom-rightis usefulfor sggmentatiorbecausét depends
only on the spectralre ectanceof the surfaces. The sameis not
truefor a corventionalhueimage(bottom-left)unlesstheillumi-
nantis white.

amoregeneraklassof non-Lambertiarscenes.
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