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Abstract

We presengainalgorithmthatusesmultiple cuesto recover shadingandre ectanceintrinsic

imagesfrom a singleimage. Using both color informationanda classi er trainedto rec-
ognizegray-scalegatternsgachimagederiative is classi ed asbeingcausedy shading
or a changein the surfaces re ectance. Generalizedelief Propagtion is thenusedto

propa@teinformationfrom areasvherethe correctclassi cationis clearto areasvhereit

is ambiguousWe alsoshaw resultson realimages.

1 Intr oduction

Every imageis the productof the characteristicef a scene. Two of the mostimportant
characteristic®f the sceneareits shadingandre ectance. The shadingof a scenes the
interactionof the surfacesin the sceneandtheillumination. There ectanceof the scene
describeshow eachpoint re ects light. The ability to nd the re ectanceof eachpoint
in the sceneandhow it is shadeds importantbecauseénterpretinganimagerequiresthe
ability to decidehow thesetwo factorsaffect the image. For example,the geometryof
an objectin the scenecannotbe recoreredwithout being able to isolatethe shadingof
every point. Likewise, sggmentatiorwould be simplergiventhere ectanceof eachpoint
in the scene.In this work, we presenta systemwhich nds the shadingandre ectance
of eachpointin a sceneby decomposingninput imageinto two images,onecontaining
the shadingof eachpoint in the sceneand anotherimage containingthe re ectance of
eachpoint. Thesetwo imagesaretypesof a representatioknown asintrinsic images[1]
becaus@achimagecontainsoneintrinsic characteristiof thescene.

Most prior algorithmsfor nding shadingandre ectanceimagescan be broadly classi-
ed asgeneratie or discriminatve approachesThe generatre approachesreatepossible
surfacesandre ectancepatternsthat explain the image,thenusea modelto choosethe
mostlikely surface. Previous generatre approacheinclude modelingworlds of painted
polyhedra[11] or constructingsurfacesfrom patchegaken out of a training set[3]. In
contrast discriminative approachesattemptto differentiatebetweenchangesn theimage
causedby shadingandthosecausedby a re ectancechange. Early algorithms,suchas
Retin [8], werebasedon simpleassumptionssuchasthe assumptiorthatthe gradients
alongre ectancechange$iave muchlargermagnitudeshanthosecausedy shading.That
assumptiordoesnot hold for mary realimagessorecentalgorithmshave usedmorecom-
plex statisticsto separatshadingandre ectance.Bell andFreemarj2] traineda classi er
to uselocal imageinformationto classify steerablepyramid coefcients asbeingdueto
shadingor re ectance.Usingsteerablgyramid coefcients allowedthealgorithmto clas-



sify edgesat multiple orientationsandscales However, the steerablgyramid decomposi-
tion hasalow-frequeng residualcomponenthatcannotbeclassi ed. Without classifying
the low-frequeng residual,only band-passitered copiesof the shadingandre ectance
imagescanbe recovered. In addition,low-frequenyg coefcients may not have a natural
classi cation.

In a differentdirection, Weiss[13] proposediusingmultiple imageswherethe re ectance
is constantput theillumination changes.This approachwasableto createfull frequeny
imageshut requiredmultiple inputimagesof a x edscene.

In thiswork, we present systemwhich usesmultiple cuesto recover full-frequeng shad-
ing andre ectanceintrinsic imagesfrom a singleimage. Our approackis discriminative,

usingbothaclassi er basedn colorinformationin theimageandaclassi ertrainedto rec-
ognizelocal imagepatterngo distinguishderivativescausecdy re ectancechangesrom

derivativescausedyy shading.We alsoaddresghe problemof ambiguoudocal evidence
by usinga Markov RandomField to propa@tethe classi cationsof thoseareasvherethe
evidenceis clearinto ambiguousareasof theimage.

2 SeparatingShadingand Re ectance

Our algorithmdecomposean imageinto shadingandre ectanceimagesby classifying
eachimagederiative asbeingcausedy shadingor are ectancechange We assumehat
theinputimage,l (X; y), canbeexpressedstheproductof theshadingmage,S(x; y), and
there ectanceimage,R(X; y). Consideringheimagesin thelog domain,the derivatives
of theinputimagearethe sumof thederiativesof theshadingandre ectanceimages.lt is
unlikely thatsigni cant shadingboundariegndre ectanceedgesoccuratthe samepoint,
thuswe male the simplifying assumptiorthat every imagederwative is eithercausedoy
shadingor re ectance.Thisreduceghe problemof specifyingthe shadingandre ectance
deriativesto thatof binaryclassi cationof theimages x andy derivatives.

Labellingeachx andy derivative producesestimate®f the derivativesof the shadingand
re ectanceimages. Eachderiative represents set of linear constraintson the image
andusingboth derivative imagesresultsin an over-constrainedsystem. We recover each
intrinsicimagefrom its derivativesby usingthe methodintroducedby Weissin [13] to nd
the pseudo-imerseof theover-constrainedystemof derivatives. If f, andf arethe Iters
usedto computethe x andy dervativesandF, andFy arethe estimatedderivatives of
shadingmage,thentheshadingmage,S(x; y) is:

S(Xy)=g?[(fx( X y)?Fx)+ (fy( X y) ?Fy)] 1)

where? is corvolution,f ( X; y) isareversedcopy of f (x;y), andg is thesolutionof

g?[(fx( x5 y)?2fx(y) + (Fy( x5 y) ?Tx (X y)] = 2

There ectanceimageis foundin the samefashion.Onenice propertyof this techniques
thatthe computatiorcanbe doneusingthe FFT, makingit morecomputationallyef cient.

3 Classifying Derivatives

With anarchitecturdor recoveringintrinsicimagesthenext stepis to createtheclassi ers
to separatehe underlyingprocesse# the image. Our systemusestwo classi ers, one
which usescolor informationto separateshadingandre ectancederivativesanda second
classi erthatusedocal imagepatterngo classifyeachderivative.



Original Image Shapd mge Re ectancelmage

Figure1l: Examplecomputedusingonly color informationto classifyderiatives. To fa-
cilitate printing, the intrinsic imageshave beencomputedrom a gray-scaleversionof the
image. The color informationis usedsolely for classifyingderiativesin the gray-scale
copy of theimage.

3.1 UsingColor Information

Our systemtakesadwantageof the propertythatchangesn color betweerpixelsindicate
are ectancechangd10]. Whensurfacesarediffuse,ary changesn a colorimagedueto
shadingshouldaffect all threecolor channelgproportionally Assumetwo adjacenipixels
in the image have valuesc; andc,, wherec; andc, are RGB triplets. If the change
betweerthe two pixelsis causedy shadingthenonly the intensity of the color changes
andc, = ¢, for somescalar . If c; 6 ¢4, thechromaticityof the colorshaschanged
and the color changemust have beencausedby a re ectancechange. A chromaticity
changen theimageindicateshatthere ectancemusthave changedatthatpoint.

To nd chromaticitychangeswe treateachRGB triplet asa vectorand normalizethem
to createt; and¢,. We thenusetheanglebetweert; and¢, to nd re ectancechanges.
Whenthechanges causedy shading (€, €,) equalsl. If (€, €,) is belav athreshold,
thenthe derivative associateavith the two colorsis classi ed asare ectancederiative.
Usingonly the color information,this approachs similar to thatusedin [6]. The primary
differences thatour systenclassi estheverticalandhorizontalderivativesindependently

Figurel shovs anexampleof theresultsproducedy thealgorithm. Theclassi er marked
all of there ectanceareascorrectlyandthetext is cleanlyremoved from the bottle. This
examplealsodemonstratethe high quality reconstructionshatcanbe obtainedoby classi-
fying derivatives.

3.2 Using Gray-Scalelnformation

While color informationis useful, it is not sufcient to properly decomposeémages. A
changein colorintensitycould be causedy eithershadingor are ectancechange Using
only local color information, color intensitychangesannotbe classi ed properly Fortu-
nately shadingpatternshave a uniqueappearancahich canbe discriminatedfrom most
commonre ectancepatterns.This allows usto usethelocal gray-scalémagepatternsur
roundingaderivative to classifyit.

Thebasicfeatureof thegray-scaleclassi eris theabsolutevalueof theresponsef alinear
Iter . We referto afeaturecomputedn this mannerasanon-linear Iter . Theoutputof a
non-lineay F, givenaninputpatchl ; is

F o= jlp?wj (3)

where? is convolution andw is alinear lter. The Iter, w is the samesizeastheimage
patch,|, andwe only considerthe responseat the centerof 1 ,. This makesthe feature
a function from a patchof imagedatato a scalarresponse.This featurecould also be
viewedastheabsolutevalueof thedot productof | , andw. We usetheresponsesf linear



Figure2: Exampleimagesfrom thetrainingset. The rst two areexamplesof re ectance
changesndthelastthreeareexamplesof shading

(a) Original Image (b) Shadingmage (c) Re ectancelmage

Figure3: Resultsobtainedusingthegray-scaleclassi er.

Iters asthe basisfor our feature,in part, becausehey have beenusedsuccessfullyfor
characterizing9] andsynthesizind7] imagesof texturedsurfaces.

Thenon-linear Iters areusedto classifyderivativeswith a classi er similar to thatused
by Tieu and Viola in [12]. This classi er usesthe AdaBoost[4] algorithmto combinea
setof weakclassi ersinto a single strongclassi er. Eachweakclassi er is a threshold
teston the outputof onenon-linear Iter . At eachiterationof the AdaBoostalgorithm,a
new weakclassi er is chosenby choosinga non-linear Iter anda threshold. The lter
andthresholdare chosengreedilyby nding the combinationthat performsbeston the
re-weightedraining set. Thelinear Iter in eachnon-linear Iter is chosenfrom a setof
oriented rst andsecondlerivative of Gaussianlters.

The training set consistsof a mix of imagesof renderedfractal surfacesand imagesof
shadectllipsesplacedrandomlyin theimage. Examplesof re ectancechangesverecre-
atedusingimagesof randomlines andimagesof randomellipse paintedonto the image.
Sampledrom thetrainingsetareshavnin 2. In thetrainingset,theilluminationis always
comingfrom theright side of theimage. Whenevaluatingtestimages the classi er will

assumehatthetestimageis alsolit from theright.

Figure 3 shows the resultsof our systemusingonly the gray-scaleclassi er. The results
canbe evaluatedby thinking of the shadingimageas how the sceneshouldappearif it

weremadeentirely of grayplastic. There ectanceimageshouldappeawery at, with the
thethree-dimensionalepthcuesplacedin the shadingimage. Our systemperformswell

ontheimageshavn in Figure3. The shadingimagehasa very uniform appearancayith

almostall of the effectsof there ectancechangeplacedin there ectanceimage.

The examplesshovn are computedwithout taking the log of the inputimagebeforepro-
cessingt. Theinputimagesareuncalibratecandordinaryphotographidonescalés very
similar to a log transformation.Errorsfrom not taking log of the inputimage rst would



(a) (b) (©) (d)
Figure4: An examplewherepropagtion is needed. The smile from the pillow image
in (a) hasbeenenlagedin (b). Figures(c) and(d) containan exampleof shadinganda
re ectancechangerespectiely. Locally, the centerof the mouthin (b) is assimilarto the
shadingexamplein (c) asit is to theexamplere ectancechangen (d).

(a) Original Image (b) Shadingimage (c) Re ectancelmage

Figure5: The pillow from Figure4. This is found by combiningthe local evidencefrom
thecolorandgray-scalelassi ers,thenusingGeneralizedelief Propagtionto propagte
local evidence.

causeoneintrinsicimageto modulatethe local brightnesf the other However, this does
notoccurin theresults.

4 PropagatingEvidence

While the classi er works well, thereare still areasin the imagewherethe local infor-
mationis ambiguous.An exampleof this is shovn in Figure4. Whencomparedo the
exampleshadingandre ectancechangen Figure4(c) and4(d), the centerof themouthin
Figure4(b) is equallywell classi edwith eitherlabel. However, the cornersof the mouth
canbe classi ed asbeingcausedoy a re ectancechangewith little ambiguity Sincethe
derivativesin the cornerof themouthandthecenterall lie onthesamemagecontour they
shouldhave thesameclassi cation. A mechanisnis neededo propagteinformationfrom
the cornersof the mouth, wherethe classi cationis clear into areaswherethe local evi-
denceis ambiguousThiswill allow areasvheretheclassi cationis clearto disambiguate
thoseareaswhereit is not.

In orderto propagte evidence,we treateachderiative asa nodein a Markov Random
Field with two possiblestates,indicatingwhetherthe derivative is causedby shadingor
causedy are ectancechange Settingthecompatibilityfunctionsbetweemodescorrectly
will forcenodesalongthe samecontourto have the sameclassi cation.



4.1 Model for the Potential Functions

Eachnodein the MRF correspondso the classi cationof a derivative. We constrainthe
compatibility functionsfor two neighboringnodesx; andx; , to beof theform

(xixj) = 4 ! 4

with 0 1.

Theterm controlshow muchthetwo nodesshouldin uence eachother Sincederiatives
alonganimagecontourshouldhave the sameclassi cation, shouldbe closeto 1 when
two neighboringderivatives are along a contourand shouldbe 0.5 when no contouris
present.

Since dependson the imageat eachpoint, we expressit as (Il x,), wherel ,, is the
imageinformation at somepoint. To ensure (I x,) between0 and1, it is modelledas

(I'wy) = 9(z(1 vy )), whereg( ) is thelogistic functionandz(l x, ) hasa large response
alongimagecontours.

4.2 Learning the Potential Functions

Thefunctionz(l 4y ) is basedon two localimagefeaturesthe magnitudeof theimageand
the differencein orientationbetweenthe gradientandthe orientationof the graphedge.
Thesefeaturege ect our heuristicthatderivativesalonganimagecontourshouldhave the
sameclassi cation.

The differencein orientationbetweena horizontalgraphedgeandimagecontour ”, is
foundfrom the orientationof theimagegradient, . Assumingthat =2 =2, the

anglebetweena horizontaledgeandtheimagegradient., is * = j j. For verticaledges,
N P
=] =2.
To nd the valuesof z( ) we maximizethe probability of a setof the training examples
over the parameter®f z( ). The examplesaretaken from the samesetusedto train the
gray-scaleclassi ers. Theprobability of trainingsampless
1Y
P=z (Xis X)) ©)
(i)

whereall (i; j ) aretheindicesof neighboringnodesin the MRF andZ is a normalization
constantNotethateach () isafunctionof z(l ).

Thefunctionrelatingtheimagefeaturedo (), z( ), is choserto bealinearfunctionand
is found by maximizingequation5 over a setof trainingimagessimilar to thoseusedto
train thelocal classi er. In orderto simplify thetraining processwe approximatehetrue
probabilityin Equation5 by assuminghatZ is constant.Doing soleadsto thefollowing
valueof z( ):

z(Min )= 12 "+ 162 i j+ 23 (6)

wherejrl j is the magnitudeof theimagegradientandboth ™ andjrl j have beennor-
malizedto be between0 and 1. Thesemeasuredreakdown in areaswith a weakgra-
dient, sowe set (I, ) to 0.5 for regions of the imagewith a gradientmagnitudeless
than0.05. Combinedwith thevalueslearnedfor z( ), this effectively limits  to therange
0:5 1

Larger valuesof z() correspondo a belief that the derivatives connectedby the edge
shouldhave the samevalue,while negative valuessignify thatthe derivativesshouldhave



(a) Original Image (b) Shadingimage (c) Re ectancelmage

Figure6: Examplegeneratedy combiningcolor andgray-scald@nformation,alongwith
usingpropagtion.

a differentvalue. The valuesin equation6 correspondwith our expectedresults;two
derivatives are constrainedo have the samevalue whenthey are along an edgein the
imagethathasa similar orientationto theedgein the MRF connectinghetwo nodes.

4.3 Inferring the CorrectLabelling

Oncethe compatibility functionshave beenlearned,the label of eachderivative canbe
inferred. The local evidencefor eachnodein the MRF is obtainedfrom the resultsof the
color classi er andfrom the gray-scaleclassi er by assuminghatthetwo arestatistically
independentlt is necessaryo usethe color informationbecauseropagtion cannothelp
in areaswherethe gray-scaleclassi er missesan edgealtogether In Figure5, the cheek
patcheson the pillow, which are pink in the color image, are missedby the gray-scale
classi er, but caughtby the color classi er. For the resultsshavn, we usedthe resultsof
theAdaBoostclassi erto classifythegray-scalémagesandusedthemethodsuggestethy
Friedmaretal. to obtainthe probability of the labels[5].

We usedthe GeneralizedBelief Propagtion algorithm[14] to infer the bestlabel of each
nodein the MRF becaus@rdinaryBelief Propagtionperformedpoorly in areaswith both
weaklocal evidenceandstrongcompatibility constraints Theresultsof usingcolor, gray-
scaleinformation,andpropagtion canbe seenin Figure5. Therippleson the pillow are
correctlyidenti ed asbeing causedby shading,while the faceis correctlyidenti ed as
having beenpaintedon. In a secondexample,shavn in Figure6, the algorithmcorrectly
identi es thechangen re ectancebetweernthesweatshirandthejersey andcorrectlyiden-
ti es thefoldsin the clothingasbeingcauseddy shading. Thereare somesmall shading
artifactsin there ectanceimage,especiallyaroundthe sleevesof the sweatshirtpresum-
ably causedby particularshapeshot presentn thetraining set. All of the exampleswere
computedusingtennon-linear lters asinputfor the AdaBoostgray-scaleclassi er.

5 Discussion

We have presented systemthatis ableto usemultiple cuesto produceshadingandre-
ectanceintrinsic imagesfrom a singleimage. This methodis alsoableto producesat-
isfying resultsfor realimages.The mostcomputationallyintensestepsfor recoveringthe
shadingandre ectanceimagesare computingthe local evidence,which takes aboutsix
minutesona700MHzPentiumfor a256 256image,andrunningthe Generalizedelief
Propaationalgorithm.Belief propagitionwasusedon boththex andy derivativeimages



andtookaroundé minutesto run 200iterationson eachimage. The pseudo-imerseprocess
took under5 seconds.

The primary limitation of this methodlies in the classi ers. For eachtype of surface,the
classi ersmustincorporateknowvledgeaboutthestructureof thesurfaceandhow it appears
whenilluminated. Thepresentlassi ersoperatetasinglespatialscale howevertheMRF
framework allows theintegrationof informationfrom multiple scales.
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