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Abstract. We presenta uni�ed framework for separatingspecularanddiffuse
re�ection componentsin imagesandvideosof texturedscenes.This canbeused
for specularityremoval andfor independentlyprocessing,�ltering, andrecom-
bining the two components.Beginningwith a partial separationprovidedby an
illumination-dependentcolor space,the challengeis to completethe separation
usingspatio-temporalinformation.Thisis accomplishedby evolving apartialdif-
ferentialequation(PDE) that iteratively erodesthe specularcomponentat each
pixel. A family of PDEsappropriatefor differing imagesources(still imagesvs.
videos),differing prior information(e.g.,highly vs. lightly texturedscenes),or
differingprior computations(e.g.,optical�o w) is introduced.In contrastto many
othermethods,explicit segmentationand/ormanualinterventionarenotrequired.
We presentresultson high-qualityimagesandvideo acquiredin the laboratory
in additionto imagestaken from the Internet.Resultson the latter demonstrate
robustnessto low dynamicrange,JPEGartifacts,and lack of knowledgeof il-
luminantcolor. Empiricalcomparisonto physical removal of specularitiesusing
polarizationis provided.Finally, anapplicationtermeddichromaticeditingis pre-
sentedin which thediffuseandthespecularcomponentsareprocessedindepen-
dentlyto produceavarietyof visualeffects.

1 Intr oduction

The re�ectanceof a wide variety of materials(including plastics,plant leaves,cloth,
wood andhumanskin) canbe describedasa linear combinationof specularanddif-
fusecomponents.Whenthis descriptionis accurate,therearebene�ts to decomposing
animagein this way. Thediffusere�ectancecomponentis oftenwell-describedby the
Lambertianmodel,andby isolatingthis component,powerful Lambertian-basedtools
for tracking,reconstructionandrecognitioncanbe appliedmoresuccessfullyto real-
world, non-Lambertianscenes.Thereis alsoevidencethat specularre�ectanceplays
a role in humanperception,andthereis a setof computervision algorithmsthat rely
solelyon this component(e.g.,[2,5,11]). Finally, in additionto image-analysisappli-
cations,specular/diffuseseparationis importantin image-based3-D modeling,where
(specular-free)diffusetexturemapsareoftendesired,andin photo-editing,wherethe
two componentscanbeindependentlyprocessedandrecombined.

This paperaddressestheseparationof re�ection componentsin imagesof general,
possiblytextured,scenes.Werestrictourattentionto surfacesthatarewell-represented



by Shafer'sdichromaticre�ectancemodel[15], in whichthespectraldistributionof the
specularcomponentis similar to thatof theilluminantwhile thatof thediffusecompo-
nentdependsheavily on thematerialpropertiesof thesurface.Thedichromaticmodel
suggeststhepossibilityof decomposinganimageinto its specularanddiffusecompo-
nentsbasedon color information.Beginningwith a singlethree-channelRGB image,
theobjectiveis to recoveranRGB“dif fuseimage”andamonochromaticspecularlayer.
This is anill-posedproblem,evenwhentheilluminant color is known, andmostexist-
ing methodsoperateby aggregatingcolor informationspatiallyacrosstheimageplane.
Wecandifferentiatebetweenmethodsthatareglobalandlocal in nature4.

Klinker et al. [6] show thatwhenthediffusecolor is thesameat eachpoint on an
object's surface,the color histogramof its imageforms a T-shapeddistribution, with
thediffuseandspecularpixelsforming linearclusters.They usethis informationto es-
timatea single“global” diffusecolor, andin principle, this approachcanbeextended
to casesin which an imageis segmentedinto several regions of homogeneousdif-
fusecolor. Resultscanbe improved by exploiting knowledgeof the illuminant color
throughtransformationsof color space[1, 18], but thesemethodsalsorequirean ex-
plicit segmentationof the sceneinto large regionsof constantdiffusecolor. In recent
work, R. Tan andIkeuchi [16] avoid explicit segmentationby representingall of the
diffusecolorsin asceneby aglobal,low-dimensional,linearbasis.

In additionto theglobalapproachesmentionedabove, therehasbeenconsiderable
interestin separatingre�ection componentsthroughpurely local interactions.Thead-
vantageof this approachis that it admitshighly textured scenesthat do not contain
piecewise constantdiffuse colors. In most local methods,the illuminant color is as-
sumedto be known a priori , which is not a severe restrictionsinceit can often be
estimatedusingestablished(global) methods(e.g.,[7]). R. Tan andIkeuchi[17] iter-
atively reducethe specularcomponentof a pixel by consideringoneof its neighbors
thatputatively hasarelateddiffusecomponent.P. Tanetal. [14] allow auserto specify
a closedcurve surroundinga specularregion andthenminimizeanobjective function
basedon local variationsin diffusechromaticityandspecularintensity. Oneof theear-
liest local methodsis thatof Nayaret al. [10], which usespolarizationasanadditional
cueto enabletherecoveryaspatially-varyingsourcecolor.

Thegoalof this paperis to formalizethenotionof “local interactions”for specu-
lar/diffuseseparation,andtherebydevelopa generalframework for achieving separa-
tion throughlocal interactionsin bothimagesandvideos.Unlikepreviousapproaches5,
themethodis developedin thecontinuousdomain,with local interactionsgovernedby
partialdifferentialequations(PDEs).This processselectively sharescolor information
betweennearbyimagepointsthroughmulti-scaleerosion[3] with structuringsetsthat
varyover theimageplane.Wederiveafamily of PDEsthatareappropriatefor differing
conditions,including imagesof both texturedanduntexturedsurfaces.We alsoshow

4 In additionto thecolor-basedmethodsdiscussedhere,thereareanumberof othermethodsthat
rely onmultiple imagesand/oradditionalcues,suchasvariablelighting, variablepolarization,
andparametricre�ectance.Readersarereferredto [17] for adescriptionof thesemethods.

5 A notableexceptionis thework of P. Tanet al. [14], who usea variational PDEto separate
manually-segmentedhighlight regions.Our work differs in that it usesmorphological PDEs
enablingseparationwithout theneedfor manualsegmentation.



how this framework extendsnaturallyto videos,wheremotioninformationis available
asanadditionalcue.

Onthepracticalfront, thispaperpresentsresultsonhigh-qualityimagesacquiredin
thelaboratory(Fig. 3a,3b),andshows thatthey comparefavorablyto ground-truthde-
terminedusingcrosspolarization(Fig.4).Resultson8-bit imagesdownloadedfrom the
Internet(Fig.3d,3e)suggestrobustnessto artifactscausedby low dynamicrange,JPEG
compression,andlack of knowledgeof the illuminant color. The paperalsoprovides
resultson videos(Fig. 5) for which explicit optical �o w is not necessarilyavailable.
Finally, anapplication– dichromaticediting– is presented(Fig. 6).

2 Background and Notation

The dichromaticmodel of re�ectanceis a commonspecialcaseof the bidirectional
re�ectancedistribution function (BRDF) model, and it was originally developedby
Shafer[15] for dielectrics.Accordingto thismodel,theBRDFcanbedecomposedinto
two additivecomponents:theinterface(specular)re�ectanceandthebody(diffuse)re-
�ectance.The modelassumesthat eachcomponentcanbe factoredinto a univariate
functionof wavelengthanda multivariatefunction of imaginggeometry, andthat the
index of refractionof thesurfaceis constantover thevisible spectrum.Theseassump-
tionsleadto thefollowing expressionfor theBRDFof adichromaticsurface:

f (�; � ) = gd(� )f d + f s(� ); (1)

where� is the wavelengthof light and� = (� i ; � i ; � r ; � r ) parameterizesthe direc-
tions of incomingirradianceandoutgoingradiance.The function gd is referredto as
the spectral re�ectanceandis an intrinsic propertyof the material.The functionsf d

(constantfor Lambertiansurfaces)andf s arethediffuseandspecularBRDFs,respec-
tively. Takinginto accountthespectralpower distribution of a light sourceL(� ) anda
camerasensitivity functionCk (� ), theimageformationequationfor a surfaceelement
with surfacenormaln̂, illuminatedby a light sourcewith directionl̂ is written

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

where D k =
Z

Ck (� )L (� )gd(� )d� and Sk =
Z

Ck (� )L (� )d�:

An RGB color vector I = [I 1; I 2; I 3]> from a typical cameraconsistsof threesuch
measurements,eachwith a different sensitivity function with supportin the visible
spectrum.NotethatSk representstheeffective sourcestrengthasmeasuredby thek th

sensorchannelandis independentof thesurfacebeingobserved.Similarly, D k is theef-
fectivealbedoin thek th channel.For notationalsimplicity, wede�ne S = [S1; S2; S3]>

(with a correspondingde�nition for D ), andsincescalecanbeabsorbedby f d andf s,
weassumekD k = kSk = 1.



3 Illuminant-Dependent Color Spaces

In the last few yearstherehasbeena burstof activity in de�ning color spacetransfor-
mationsthat exploit knowledgeof the illuminant color to provide moredirect access
to thediffuseinformationin an image.While motivatedby differentapplications,the
transformationsdiscussedhereall sharethesameideaof linearly combiningthethree
color channelsof anRGB imageto obtainoneor two “dif fusechannels”.

R. TanandIkeuchi[17] obtainaone-channeldiffuseimagethroughthetransforma-
tion

I d =
3maxk (I k =Sk ) �

P
k (I k =Sk )

3~� � 1
; (3)

wherek 2 f 1; 2; 3g, and the boundedquantity1=3 < ~� � 1 is chosenarbitrarily.
This transformationyieldsa positive monochromaticdiffuseimage,which canbeseen
by expandingEq. 3 using Eq. 2 and assuming(for argument's sake) that I 1=S1 >
I 2=S2; I 3=S3. In thiscase,

I d =
2I 1=S1 � I 2=S2 � I 3=S3

3~� � 1
=

(2D1=S1 � D2=S2 � D3=S3) f dn̂ � l̂

3~� � 1
: (4)

Sincethis expressionis independentof f s andis directly relatedto n̂ � l̂ , the positive
imageI d is specular-freeanddependsdirectlyondiffuseshadinginformation.

An alternative transformationis proposedby Park [12], who isolatestwo predomi-
nantlydiffusechannelswhile retainingasimilarity to HSI colorspace.Thetransforma-
tion is composedof a lineartransformationL p androtationR p, andis written

I p = R pL pI ; with R pL pS = [ 0 0 2 ]> : (5)

The matricesR p andL p arechosensuchthat the third color axis is alignedwith the
illumination color. As a result,thatchannelcontainsthemajority of thespecularcom-
ponent,leaving theothertwo channelsto bepredominantlydiffuse.

A third transformation,proposedby Mallick etal. [8], de�nesacolorspacereferred
to asSUVcolor space. Thetransformationis written

I SU V = RI ; with RS = [ 1 0 0 ]> : (6)

Similar to Park's transformation,oneof thetransformedaxesin SUV spaceis aligned
with theilluminant color. Unlike Park's transformation,however, this channelincludes
thecompletespecularcomponent,leaving theremainingtwo channelsto bepurely dif-
fuse. To seethis,weexpandtheexpressionfor I SU V usingEqs.2 and6 to obtain

I SU V =
� �D f d + �Sf s(� )

�
n̂ � l̂ ; (7)

where �D = RD and �S = RS = [1; 0; 0]> . Letting r >
i denotethe i th row of R , the

diffuseUV channelsare

I U = r >
2 D f dn̂ � l̂ ; I V = r >

3 D f dn̂ � l̂ ; (8)
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Fig.1. (a)A colorin theSUVcolorspaceisparameterizedby (�; � ; � ). � and� areindependentof
specularity, and� generalizesthenotionof “hue” for arbitrarilycoloredilluminants.Theproblem
of removing specularityis reducedto �nding � d , thediffusepartof � . (b) A renderedRGBimage
of a texturedsphere.(c) The valueof � at eachpixel of the image.Notice that � is constantin
regionsof constantdiffusecolorandis independentof specularityaswell asshading.(d) Blown-
upview of theiso-contoursof � in therectangularregion indicatedin (b) and(c). White indicates
regionsof constant� . In texturedimages,erosionof the specularcomponentoccursalongiso-
contoursof � , whichensuresthatdiffusetextureis preservedwhile thespecularityis removed.

whichdependonly ondiffuse-shadingandarespecular-free.TheS-channelis givenby

I S = r >
1 D f dn̂ � l̂ + f s(� )n̂ � l̂ : (9)

It containsall of thespecularcomponentin additionto anunknown diffusecomponent.
Eachof thethreetransformationsdescribedin thissectionexploitsknowledgeof the

illuminantto provideapartialdichromaticseparation,whichis animportantsteptoward
our statedgoal.Of the three,the SUV color spacede�ned in Eq. 6 is the best-suited
for our purpose.Unlike Eq. 3, it is a linear transformationthat yields two “dif fuse”
channels,and unlike Eq. 5, thesetwo “dif fuse” channelsare in fact completelyfree
of specularity. As describedin the next section,thesepropertiesleadto a generalized
notionof huethatcanbeusedasaguidefor localinteractions,enablingthecomputation
of acompletespecular/diffuseseparationevenin casesof signi�cant diffusetexture.

4 Specularity Removal and Differ ential Mor phology

This sectionderives a family of non-linearPDEs for completingthe partial specu-
lar/diffuse separationprovided by a transformationto SUV color space.Intuitively,
thesePDEsde�ne a seriesof local interactionsin which color information is shared
alongcurves(or surfaces)of constant“hue.”

Webegin by re-parameterizingSUV colorspaceusingacombinationof cylindrical
andsphericalcoordinates.As depictedin Fig. 1, suppressingthespatialdependencefor
notationalsimplicity, wede�ne

� =
q

I 2
U + I 2

V ; � = tan � 1
�

I U

I V

�
; � = tan � 1

�
I S

�

�
: (10)

Thisparameterizationhasthefollowing properties:



1. Sincethey dependonly on thediffuseUV channels,both� and� areindependent
of thespecularre�ectancecomponent.

2. Sincetheilluminantcolor is alignedwith theS-axis,theangle� parameterizesthe
pencilof dichromaticplanesin animage.Wereferto � asgeneralizedhue, sinceit
reducesto thestandardde�nition of huein thespecialcaseof a white illuminant.
It dependson thedirectionof thediffusecolor vectorbut not themagnitudeof the
diffusecomponent.

3. � representsdiffuseshading,sinceit is directly relatedto n̂ � l̂ , andtherefore,the
magnitudeof thediffusecomponent.

4. � is a linear combinationof specularanddiffusecomponents,andwe canwrite
� = � s + � d, where� s and� d arethespecularanddiffusecontributionsto � .

Accordingto theseproperties,theproblemof computinga specular/diffuseseparation
is reducedto oneof estimating� d(x; y), the diffusecontribution to � at eachimage
point.Oncethescalarfunction� d(x; y) is known, theRGB diffusecomponentfollow
directly from invertingthetransformationsin Eqs.10and6, with � replacedby � d.

4.1 Multi-scale Erosion

Our goal is to computea specular/diffuseseparationthroughestimationof the scalar
function� d(x; y) throughpurelylocal interactions.Thissectiondescribeshow thiscan
beaccomplishedby evolving a PDEthat iteratively “erodes”thespecularcontribution
to � andconvergesto an estimateof � d at eachpoint. The erosionprocessis guided
locally by thediffusecolor informationprovidedby � and� , andis formulatedin the
continuousdomainusingoneof a family of non-linearPDEsthat de�ne multi-scale
erosion[3]. Thetheorypresentedin this sectionis relatedto theformulationof multi-
scaleerosionpresentedby Brockett andMaragos[3].

Themulti-scaleerosion"(x; t) of a bivariatefunctionf : R2! R by structuringset
B � R2 atscalet is de�ned as

"(x; t) = (f 	 tB )(x)
4
= inf f f (x + � x) : � x 2 tB g ;

wherethe set B is compact,and tB , f tb : b 2 B g. Intuitively, " (x ; t) evaluated
at a particularvalue of t correspondsto an erosionof the function f (x), wherethe
functionvalueat x = (x; y) is replacedby theminimumof all functionvaluesin the
“neighborhood”tB , whichis ascaledreplicaof structuringsetB . A multi-scaleerosion
is computedby consideringthePDE

@"
@t

(x; t) = lim
�t ! 0

" (x ; t + �t ) � " (x ; t)
�t

: (11)

When the structuringset is both compactand convex, the multi-scaleerosionhasa
semigroupstructure,allowing oneto write [3]

@"
@t

(x; t) = lim
�t ! 0

inf fr "> � x : � x 2 �tB g
�t

; (12)
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Fig.2. Summaryof � ve casesfrom left to right: (1) imagewith uniform diffuse color, (2-3)
texturedimage,(4) video,and(5) video with known optical �o w. Rows depict: the structuring
setused,thedirection/surfaceof erosion,andthematrix M in themulti-scaleerosionequation
(Eq.14.) I n � n is theidentitymatrix,andr �̂ , A andF areasde�ned in Sec.4.

wherer " is thetwo-dimensionalspatialgradientof " evaluatedat t. Finally, asshown
in [3], in thespecialcasewhereB is disk-shaped,Eq.12becomes

" t = �kr "k: (13)

Eq. 13 is an exampleof a PDE that can be usedfor specular/diffuse separation,
albeitin thespecialcasewhenthesceneconsistsof a texture-lesssurfacewith uniform
diffuse color. To seethis, supposewe are given an input imagewith corresponding
functions� (x); � (x) and� (x), andsupposewe de�ne "(x; 0) = � (x). Thesolutionto
Eq.13evaluatedat scalet correspondsto theerosionof � by adisk-shapedstructuring
set,meaningthatthevalueof � at eachimagepoint is replacedby theminimumvalue
within a disk-shapedneighborhoodof radiust. Since� d(x) � � (x), it follows that
when the imagecontainsat leastone imagepoint that is purely diffuse (that is, for
which� s = 0) then"(x; t) evaluatedatt will convergeto � d(x) ast is madesuf�ciently
large.In thenext threesub-sections,we developmoresophisticatedPDEsfor casesof
multiple regionsof uniform diffusecolor, complex diffusetexture,andvideo.In all of
these,the basicideais the same:the valueof � d at eachimagepoint is estimatedby
erodingthe initial function � . By changingthe structuringset,however, the process
canbe controlledso that region boundariesanddiffuse texture arepreserved during
theprocess.In particular, we show thatthePDEgoverningtheevolution of � for three
differentcases– texture-lessimages,texturedimages,andvideo– canall bewrittenas

" t = � g(�; r � )
�
r "> M r "

� 1=2
; (14)

whereM is a differentmatrix for eachcase.g(�; r � ) is calledthe stoppingfunction
andis de�ned in thefollowing section.Fig. 2 summarizesthecasesweconsider.

4.2 Texture-lessSurfaces:Isotropic Erosion

Eq.13describesaprocessin whichthespecularcomponentof � is erodedequallyin all
directions.This is desirablein casesof homogeneousdiffusecolor, but if regionsof dis-
tinct color exist, thereis a possibility that“color bleeding”mayoccur. To preventthis,
we introducea“stoppingfunction” analogousto thatusedin anisotropicdiffusion[13].
A stoppingfunctionis usefulfor attenuatingtheerosionprocessin two differentcases



1. If aregionof thesurfaceis “white” (i.e.,it re�ectsall wavelengthsequally)or if the
surfaceis thesamecolorasthelight source,thediffusecomponentof colorcannot
beisolated.Since� = 0 in this case,no diffusecolor informationis available,and
erosionshouldbearrested.

2. Informationabout� shouldnot be sharedacrossboundariesbetweenregionsof
distinct color. Sincetheseboundariesoften coincidewith large valuesof kr � k,
erosionshouldbeattenuatedwhenkr � k is large.

Onepossiblestoppingfunctionthatmeetstheseguidelinesis

g(�; r � ) =
�

1 � e� �

1 + e� �

�
e� (kr � k� � )

1 + e� (kr � k� � )
; (15)

where� is a thresholdonkr � k, abovewhicherosionis heavily attenuated.Incorporat-
ing this into Eq.13yields

" t = � g(�; r � )kr "k = � g(�; r � )
�
r "> I 2� 2r "

� 1=2
: (16)

Theerosionprocessde�ned by this equationcanbeusedfor thespecular/diffusesepa-
rationof imagescontaininglargeregionsof uniformdiffusecolor.

4.3 TexturedSurfaces:Anisotropic Erosion

An exampleof a scenethatdoesnot containregionsof uniform diffusecolor is shown
in Fig. 1 (b). In this case,erodingthe function � isotropicallywould blur the diffuse
texture.Instead,we needto erode� anisotropically, only sharinginformationbetween
neighboringimagepoints for which � d is likely to be equal.Of course,we have no
information aboutthe diffuse color a priori , so it is impossibleto know the correct
neighborhood(if it even exists) with certainty. As depictedin Fig. 1 (c, d), since� is
independentof bothspecularityandshadinginformation,thedirectionstangentto the
iso-contoursof � (x) provide a goodchoice.In theabsenceof any additionalinforma-
tion, they provideagoodlocalpredictorfor thedirectionin which � d is constant.

Wede�ne

r �̂ =

(
r � =kr � k kr � k > 0
0 kr � k = 0;

(17)

wherer (�) refersto thespatialgradient,andwedenotethedirectionorthogonalto r �
by V .6 Themulti-scaleerosionof � with thespatially-varying, linearstructuringsets
V (x) is derivedanalogousto theisotropic(disk-shaped)casediscussedpreviously.

" t = lim
�t ! 0

inf fr "> � x : � x 2 �t V g
�t

= lim
�t ! 0

� �t jr "> V j
�t

= �jr "> V j : (18)

6 Since� is periodic,a de�nition of distanceis necessaryfor its gradientto becorrectlycom-
puted.Wede�ne thedistancebetweentwo angles� 1 and� 2 asmin(j� 1 � � 2 j; 2� � j� 1 � � 2 j).



Using the fact that V = [ �̂ y � �̂ x ]> (or [�̂ y � �̂ x ]> ), andincluding the stopping
function,weobtain

" t = � g(�; r � )
h
r ">

�
I 2� 2 � r �̂ r �̂ >

�
r "

i 1=2
: (19)

Usingsimilar argumentsto that in theisotropiccase,it canbeshown that" (x ; t) eval-
uatedat suf�ciently large t will be equal to � d(x) (and will yield a correctspecu-
lar/diffuseseparation)if theiso-contourof � passingthrougheachpoint x: 1) contains
only pointsfor which� d is constant;and2) containsat leastonepointatwhichapurely
diffuseobservation(� s = 0) is available.Notethatin regionswherethediffusecolor is
constant(i.e.,r �̂ = [ 0 0 ]> ), thisequationreducesto Eq.16,andtheerosionbecomes
isotropicasdesired.

In practice,the transitionfrom linear to disk-shapedstructuringsetsin Eq. 19 is
controlledby a thresholdon kr � k. This discontinuoustransitioncanbe avoidedby
employing anelliptical structuringsetwith a minor axis alignedwith thedirectionof
r � andwith aneccentricitythatvariessmoothlywith kr � k. To derive a PDEfor the
correspondingmulti-scaleerosion,we let E denotean elliptical structuringset,and
we describethis setby the lengthsof its major andminor axes (� 1; � 2) and the an-
gle betweenits major axis andthe x-axis ( ). Pointsx on the boundaryof E satisfy
x> Qx = 1 whereQ = R (�  )� � 2R ( ) , � = diag(� 1; � 2) andR ( ) is a clock-
wiserotationof theplane.As before,themulti-scaleerosionde�nedby thissetsatis�es

" t = lim
�t ! 0

inf fr "> � x : � x 2 �tE g
�t

: (20)

To simplify theright-handsideof thisequation,wede�ne thetransformationx = Ax 0,
with A = R (�  )� R ( )0. Thespatialgradientof " with respectto x 0 is thengiven
by the chain rule: r " 0 = A > r " . The transformationA mapsthe setE to the unit
disk (sincex> Qx = x> A > QAx = x0>x0 = 1), and as a result, we can write
inf fr "> � x : � x 2 �tE g = inf fr " 0> � x0 : � x0 2 �tB g. Substitutingthis into

Eq.20andcomparingwith Eq.13,weobtain" t = �kr "0k = �
�

r "> AA > r "
� 1=2

:
Finally, theadditionof thestoppingfunctionyields

" t = � g(�; r � )
�

r "> AA > r "
� 1=2

: (21)

4.4 Videos:Anisotropic Erosionin Thr eeDimensions

Thusfar, we have dealtexclusively with still images,but the framework extendsnat-
urally to video, which canbe treatedasa 3D volumeI (x; y; z) in which time is the
third dimension(z). As in thecaseof texturedimages,thedirectionof r � is assumed
to be a goodlocal predictorfor the direction(in 3D space-time)of maximumdiffuse
colorchange.Wewould like to preserve thecomponentof r � alongthisdirectiondur-
ing the erosionprocess,which is accomplishedby restrictingthe erosionof � to the
iso-surfacesof � . In theabsenceof additionalinformation,thereis no preferreddirec-
tion within an iso-surfaceof � , soa naturalchoiceof structuringsetis a circulardisk
containedwithin its tangentplane.



To computethe multi-scaleerosionequation,we note that the structuringsetde-
scribedabove consistsof adisk (denotedC) whosesurfacenormalis alignedwith r � .
Thus,themaximumprojectionof r � ontotheplanethatcontainsthis disk is givenby
�

kr � k2 � kr �̂ > r � k2
� 1=2

, andtheevolutionequationcanbesimplywrittenas

" t = lim
�t ! 0

inf fr "> � x : � x 2 �tC g
�t

= lim
�t ! 0

� �t
�

kr "k2 � kr �̂ > r "k2
� 1=2

�t

= �
�

kr "k2 � kr �̂ > r "k2
� 1=2

; wherer " = [ " x " y " z ]> :

After somealgebraicmanipulations,andincorporatingthestoppingfunction,weobtain

" t = � g(�; r � )
h
r "> (I 3� 3 � r �̂ r �̂ > )r "

i 1=2
: (22)

Notethattheerosionequationfor texturedandtexture-lesssurfacesarespecialcasesof
theerosionequationfor videos.

As mentionedearlier, if somea priori informationis known, betterstructuringsets
canbe designed.An interestingexampleis whenoptical �o w estimatesareavailable
at eachlocation in a video. We let [ u(x; y; z) v(x; y; z) ]> representthe estimated
optical �o w at location (x; y; z) in the video, so that space-timepoints (x; y; z) and
(x + u; y + v; z + 1) correspondto projectionsof thesamesurfaceelement.It follows
that � d canbe estimatedby eroding� along the directionF = [u v 1]> . Using the
expressionfor erosionby a linearsetderivedin Eq.19weobtain
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�
�
�
�

F>

kFk
r "

�
�
�
� = � g(�; r � )

 

r "> FF >

kFk2 r "

! 1=2

: (23)

5 Results

The methodswere evaluatedusing imagesand videosacquiredin the laboratoryas
well asthosedownloadedfrom theInternet.Usinga known (or approximatelyknown)
illuminantcolor, eachimageis transformedinto SUV space,andthefunctions� , � and
� arecomputed.Specular/diffuseseparationis achieved by numericallyevolving the
appropriatemulti-scaleerosionPDEwith initial condition"(x; 0) = � (x). Theprocess
iscompletewhenthemaximumchangein " isbelow aselectedthreshold,andthisyields
anestimateof � d(x), whichcompletelyde�nesthespecularanddiffusecomponents.

It is importantto note that the non-linearPDEsgoverningerosionarede�ned at
pointswherethepartialderivativesexist.Evenif thisis satis�edby theinitial data,how-
ever, at �nite scalesa multi-scaleerosiongenerallydevelopsdiscontinuitiesreferredto
asshocks. Shockscanbedealtwith (aswedohere)by replacingstandardderivativesby
morphologicalderivatives[3]. They canalsobehandledusingviscositysolutions[4].

Fig. 3 (a,b) shows two 12-bit images7 acquiredin acontrolledsetting(with known
illuminant color) alongwith the recoveredspecularanddiffusecomponents.Both re-

7 All imagesin this sectionshouldbe viewed on a monitor or high-quality color print. The
imagescanbeviewedatahigherresolutionby zoominginto thePDFdocument.



sultswereobtainedusingthe anisotropicerosionde�ned in Eq. 19. The methodcor-
rectly handlesboth regionsof uniform color (e.g., the orangepepperFig. 3 (a)) and
regionswith signi�cant texture(e.g.,thepearin Fig. 3 (b)). Lookingcloselyat thepear,
we noticethatdiffusetexturethat is barelyvisible in theinput imageis revealedwhen
thespecularityis removed.Figure3 (c) showsa12-bit imageof ahumanfacein which
theilluminantcolorwasunknown andwasassumedto bewhite.Again,diffusetexture
is preserved,while thespecularcomponentis reduced.Pixelson theforeheadbetween
theeyebrows aresaturated,andthereforeviolatethedichromaticmodel.Thestopping
function (Eq. 15) ensuresthat thesepixelsareimplicitly identi�ed andtreatedasout-
liersduringtheerosionprocess.While left herefor illustrativepurposes,theseartifacts
canbereducedby inpaintingthediffuseand/orspecularcomponentsin apost-process.
(This is done,for example,by P. Tanetal. [14].)

Figure4 comparestheresultof our algorithmwith thegroundtruth obtainedusing
polarization�lters on the light sourceandcamera.The polarizerin front of the light
sourceis �x ed while the polarizerin front of the camerais rotatedto an orientation
thatproducesan imagewith minimumspecularity. Theresultof our algorithmis very
closeto thegroundtruth on boththetexturedsurfaces(i.e., thevaseandpear)andthe
untexturedsurfaces(i.e., thesphere).

Additional still-imageresultsareshown in Fig. 3 (d, e).Theseimagesweredown-
loadedfrom theInternet,sothey exhibit low dynamicrange(8-bit) andarecorruptedby
JPEGcompression.Sinceilluminantcolorwasnotknown, it wasassumedto bewhite,
andthegammawasassumedto be2.2.Despitethesesourcesof noise,themulti-scale
erosionde�ned in Eq. 19 still succeedsin separatingthediffuseandspecularcompo-
nents.An animationof theerosionprocessaccompaniesthispaper.

In additionto still images,we alsoevaluatedthemethodon videosequences,some
framesof which areshown in Fig. 5. In both cases,erosionis performedalong iso-
surfacesof � usingEq.22,andin bothcases,textureis preservedwhile thespecularity
is removed.Completevideosaccompany thispaper.

5.1 Dichromatic Editing

To further demonstratethe ef�cacy of our approach,we useit asa meansfor dichro-
maticediting– thesimulationof visualeffectsby theindependentprocessingof re�ec-
tion components.Someexamplesareshown in Fig.6,where:1) thespecularanddiffuse
componentsarerecoveredusingEq. 19, 2) eachcomponentis processedindividually,
and3) they arerecombined.Sincethediffuseandspecularcomponentsoftenform two
distinctcomponentsof visualperception,dichromaticeditingcanachieve a varietyof
visualeffects,includingtheeffectsof make-up,surfaceroughening,andwetness.

6 Conclusion

This paperpresentsa framework for specular/diffuseseparationin imagesandvideo
that is basedon local spatial(andspatio-temporal)interactions.Separationis framed
in termsof differentialmorphology, which leadsto a family of non-linearPDEs.By
evolving thesePDEs,weeffectively erodethespecularcomponentateachimagepoint.



Thiserosionis guidedby local colorandshadinginformation,sothatdiffusetextureis
preservedwithout requiringanexplicit segmentationof the image.By developingthe
problemin termsof morphologicalPDEs,wecanbene�t fromexistingrobustnumerical
algorithmsto solve them [9], which is an importantadvantageover purely discrete
formulations.In addition,videosarenaturallyconsideredin this formulation,with the
erosionequationfor videosincludingthestill-imageequationsasaspecialcase.

Theapproachdescribedin thispaperreliespurelyonlocalcolor information,andis
thereforelimited to dichromaticsurfacesfor which thediffuseandspecularcolorsare
distinct. It requiresthe illuminant color to beknown (at leastapproximately)a priori .
In thefuture,weplanto overcometheselimitationsby exploiting additionalcues,such
aslocal shape,in additionto color.
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(a) (b) (c) (d) (e)

Fig.3. Separationresultsfor images.Top row: Input images.Middle row: DiffuseComponent.
Bottomrow: Specularcomponent.Equation19is usedin all cases,sinceit naturallyhandlesboth
texturedanduntexturedsurfaces.The12-bit input imagesin (a,b) wereacquiredin thelaboratory
underknown illuminantcolor. In (c), theilluminantcolorwasnotknown andwasassumedto be
white.8-bit JPEGimages(d, e) weredownloadedfrom theInternet,theilluminant wasassumed
to bewhite, andthegammawasassumedto be2.2.Despitethesesourcesof noise,diffuseand
specularcomponentsaresuccessfullyrecovered.



Fig. 4. Comparisonto ground truth.
Left: input image.Center:groundtruth
diffusecomponentobtainedusinglin-
ear polarizers.Right: diffuse compo-
nentrecoveredusinganisotropicmulti-
scaleerosion.

Fig.5. Separationresultsfor (12-bit)video.Toprow: Framesfrom inputsequences.Bottomrow:
DiffusecomponentrecoveredusingEq.22.(Completevideosaccompany thispaper.)

'

a. b. c. d.

e. f. g. h.

Fig.6. Dichromaticediting examples.In eachcasea visual effect is simulatedby independent
processingof therecoveredspecularanddiffusecomponents.(a) Input image.(b) Wetnesseffect
by sharpeningthe specularcomponent.(c) Skin color changeby varying the intensity of the
diffusecomponent.(d) Effect of make-upby smoothingthe diffusecomponentand removing
the specularcomponent.(e) Input image.(f) Sharpenedspecularlobe, as would occur if the
surfacewas more smooth.This is achieved by erodingthe specularcomponentusing a disk-
shapedstructuringelementandamplifying it. (g) Effectof anadditionallight sourceobtainedby
exploiting theobjectsymmetryandre�ecting thespecularcomponentabouttheverticalaxis.(h)
Avocado-likeappearanceby modulatingthespecularcomponent.


