
Recovering Intrinsic Imagesfr om a SingleImage

Marshall F Tappen William T Freeman Edward H Adelson
MIT Arti�cial IntelligenceLaboratory

Cambridge,MA 02139
mtappen@ai.mit.edu,wtf@ai.mit.edu,adelson@ai.mit.edu

Abstract

Wepresentanalgorithmthatusesmultiplecuesto recovershadingandre�ectanceintrinsic
imagesfrom a singleimage. Usingbothcolor informationanda classi�er trainedto rec-
ognizegray-scalepatterns,eachimagederivative is classi�ed asbeingcausedby shading
or a changein the surface's re�ectance. GeneralizedBelief Propagation is thenusedto
propagateinformationfrom areaswherethecorrectclassi�cationis clearto areaswhereit
is ambiguous.Wealsoshow resultson realimages.

1 Intr oduction

Every imageis the productof the characteristicsof a scene.Two of the most important
characteristicsof thesceneareits shadingandre�ectance. Theshadingof a sceneis the
interactionof thesurfacesin thesceneandthe illumination. There�ectanceof thescene
describeshow eachpoint re�ects light. The ability to �nd the re�ectanceof eachpoint
in thesceneandhow it is shadedis importantbecauseinterpretingan imagerequiresthe
ability to decidehow thesetwo factorsaffect the image. For example,the geometryof
an object in the scenecannotbe recoveredwithout being able to isolatethe shadingof
every point. Likewise,segmentationwould besimplergiventhere�ectanceof eachpoint
in the scene.In this work, we presenta systemwhich �nds the shadingandre�ectance
of eachpoint in a sceneby decomposingan input imageinto two images,onecontaining
the shadingof eachpoint in the sceneand anotherimagecontainingthe re�ectanceof
eachpoint. Thesetwo imagesaretypesof a representationknown asintrinsic images[1]
becauseeachimagecontainsoneintrinsiccharacteristicof thescene.

Most prior algorithmsfor �nding shadingandre�ectanceimagescanbe broadlyclassi-
�ed asgenerative or discriminative approaches.Thegenerative approachescreatepossible
surfacesandre�ectancepatternsthat explain the image,thenusea model to choosethe
most likely surface. Previous generative approachesincludemodelingworlds of painted
polyhedra[11] or constructingsurfacesfrom patchestaken out of a training set [3]. In
contrast,discriminative approachesattemptto differentiatebetweenchangesin the image
causedby shadingandthosecausedby a re�ectancechange.Early algorithms,suchas
Retinex [8], werebasedon simpleassumptions,suchastheassumptionthat thegradients
alongre�ectancechangeshavemuchlargermagnitudesthanthosecausedby shading.That
assumptiondoesnothold for many realimages,sorecentalgorithmshaveusedmorecom-
plex statisticsto separateshadingandre�ectance.Bell andFreeman[2] trainedaclassi�er
to uselocal imageinformationto classifysteerablepyramid coef�cients asbeingdueto
shadingor re�ectance.Usingsteerablepyramidcoef�cients allowedthealgorithmto clas-



sify edgesat multiple orientationsandscales.However, thesteerablepyramiddecomposi-
tion hasa low-frequency residualcomponentthatcannotbeclassi�ed.Withoutclassifying
the low-frequency residual,only band-pass�ltered copiesof the shadingandre�ectance
imagescanbe recovered. In addition,low-frequency coef�cients may not have a natural
classi�cation.

In a differentdirection,Weiss[13] proposedusingmultiple imageswherethe re�ectance
is constant,but the illumination changes.This approachwasableto createfull frequency
images,but requiredmultiple input imagesof a �x edscene.

In thiswork, wepresentasystemwhichusesmultiplecuesto recover full-frequency shad-
ing andre�ectanceintrinsic imagesfrom a singleimage.Our approachis discriminative,
usingbothaclassi�erbasedoncolorinformationin theimageandaclassi�er trainedto rec-
ognizelocal imagepatternsto distinguishderivativescausedby re�ectancechangesfrom
derivativescausedby shading.We alsoaddresstheproblemof ambiguouslocal evidence
by usinga Markov RandomField to propagatetheclassi�cationsof thoseareaswherethe
evidenceis clearinto ambiguousareasof theimage.

2 SeparatingShadingand Re�ectance

Our algorithmdecomposesan imageinto shadingandre�ectanceimagesby classifying
eachimagederivative asbeingcausedby shadingor a re�ectancechange.We assumethat
theinputimage,I (x; y), canbeexpressedastheproductof theshadingimage,S(x; y), and
there�ectanceimage,R(x; y). Consideringtheimagesin thelog domain,thederivatives
of theinput imagearethesumof thederivativesof theshadingandre�ectanceimages.It is
unlikely thatsigni�cant shadingboundariesandre�ectanceedgesoccurat thesamepoint,
thuswe make the simplifying assumptionthat every imagederivative is eithercausedby
shadingor re�ectance.This reducestheproblemof specifyingtheshadingandre�ectance
derivativesto thatof binaryclassi�cationof theimage's x andy derivatives.

Labellingeachx andy derivative producesestimatesof thederivativesof theshadingand
re�ectanceimages. Eachderivative representsa set of linear constraintson the image
andusingbothderivative imagesresultsin anover-constrainedsystem.We recover each
intrinsic imagefrom its derivativesby usingthemethodintroducedby Weissin [13] to �nd
thepseudo-inverseof theover-constrainedsystemof derivatives.If f x andf y arethe�lters
usedto computethe x andy derivativesandF x andF y arethe estimatedderivativesof
shadingimage,thentheshadingimage,S(x; y) is:

S(x; y) = g ? [(f x (� x; � y) ? F x ) + (f y (� x; � y) ? F y )] (1)

where? is convolution, f (� x; � y) is a reversedcopy of f (x; y), andg is thesolutionof

g ? [(f x (� x; � y) ? f x (x; y)) + (f y (� x; � y) ? f x (x; y))] = � (2)

There�ectanceimageis foundin thesamefashion.Onenicepropertyof this techniqueis
thatthecomputationcanbedoneusingtheFFT, makingit morecomputationallyef�cient.

3 ClassifyingDerivatives

With anarchitecturefor recoveringintrinsic images,thenext stepis to createtheclassi�ers
to separatethe underlyingprocessesin the image. Our systemusestwo classi�ers, one
which usescolor informationto separateshadingandre�ectancederivativesanda second
classi�er thatuseslocal imagepatternsto classifyeachderivative.
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Figure1: Examplecomputedusingonly color informationto classifyderivatives. To fa-
cilitate printing, theintrinsic imageshave beencomputedfrom a gray-scaleversionof the
image. The color information is usedsolely for classifyingderivatives in the gray-scale
copy of theimage.

3.1 UsingColor Inf ormation

Our systemtakesadvantageof thepropertythatchangesin color betweenpixels indicate
a re�ectancechange[10]. Whensurfacesarediffuse,any changesin a color imagedueto
shadingshouldaffect all threecolor channelsproportionally. Assumetwo adjacentpixels
in the imagehave valuesc1 and c2, wherec1 and c2 are RGB triplets. If the change
betweenthe two pixels is causedby shading,thenonly the intensityof thecolor changes
andc2 = � c1 for somescalar� . If c2 6= � c1, thechromaticityof thecolorshaschanged
and the color changemust have beencausedby a re�ectancechange. A chromaticity
changein theimageindicatesthatthere�ectancemusthave changedat thatpoint.

To �nd chromaticitychanges,we treateachRGB triplet asa vectorandnormalizethem
to creatêc1 andĉ2. We thenusetheanglebetween̂c1 andĉ2 to �nd re�ectancechanges.
Whenthechangeis causedby shading,(ĉ1 � ĉ2) equals1. If (ĉ1 � ĉ2) is below a threshold,
thenthe derivative associatedwith the two colorsis classi�ed asa re�ectancederivative.
Usingonly thecolor information,this approachis similar to thatusedin [6]. Theprimary
differenceis thatoursystemclassi�estheverticalandhorizontalderivativesindependently.

Figure1 showsanexampleof theresultsproducedby thealgorithm.Theclassi�er marked
all of there�ectanceareascorrectlyandthe text is cleanlyremovedfrom thebottle. This
examplealsodemonstratesthehigh quality reconstructionsthatcanbeobtainedby classi-
fying derivatives.

3.2 UsingGray-ScaleInf ormation

While color information is useful, it is not suf�cient to properlydecomposeimages. A
changein color intensitycouldbecausedby eithershadingor a re�ectancechange.Using
only local color information,color intensitychangescannotbeclassi�ed properly. Fortu-
nately, shadingpatternshave a uniqueappearancewhich canbediscriminatedfrom most
commonre�ectancepatterns.This allows usto usethelocal gray-scaleimagepatternsur-
roundingaderivative to classifyit.

Thebasicfeatureof thegray-scaleclassi�er is theabsolutevalueof theresponseof a linear
�lter . We referto a featurecomputedin this mannerasa non-linear�lter . Theoutputof a
non-linear, F , givenaninputpatchI p is

F = jI p ? wj (3)

where? is convolution andw is a linear �lter . The �lter , w is thesamesizeasthe image
patch,I , andwe only considerthe responseat the centerof I p. This makesthe feature
a function from a patchof imagedatato a scalarresponse.This featurecould also be
viewedastheabsolutevalueof thedotproductof I p andw. Weusetheresponsesof linear



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

(a)Original Image (b) ShadingImage (c) Re�ectanceImage

Figure3: Resultsobtainedusingthegray-scaleclassi�er.

�lters as the basisfor our feature,in part, becausethey have beenusedsuccessfullyfor
characterizing[9] andsynthesizing[7] imagesof texturedsurfaces.

The non-linear�lters areusedto classifyderivativeswith a classi�er similar to that used
by Tieu andViola in [12]. This classi�er usesthe AdaBoost[4] algorithmto combinea
setof weakclassi�ers into a singlestrongclassi�er. Eachweakclassi�er is a threshold
teston theoutputof onenon-linear�lter . At eachiterationof theAdaBoostalgorithm,a
new weakclassi�er is chosenby choosinga non-linear�lter anda threshold. The �lter
and thresholdarechosengreedilyby �nding the combinationthat performsbeston the
re-weightedtrainingset. The linear �lter in eachnon-linear�lter is chosenfrom a setof
oriented�rst andsecondderivative of Gaussian�lters.

The training set consistsof a mix of imagesof renderedfractal surfacesand imagesof
shadedellipsesplacedrandomlyin theimage.Examplesof re�ectancechangeswerecre-
atedusingimagesof randomlinesandimagesof randomellipsepaintedonto the image.
Samplesfrom thetrainingsetareshown in 2. In thetrainingset,theillumination is always
comingfrom the right sideof the image. Whenevaluatingtestimages,theclassi�er will
assumethatthetestimageis alsolit from theright.

Figure3 shows the resultsof our systemusingonly the gray-scaleclassi�er. The results
canbe evaluatedby thinking of the shadingimageashow the sceneshouldappearif it
weremadeentirelyof grayplastic.There�ectanceimageshouldappearvery �at, with the
the three-dimensionaldepthcuesplacedin theshadingimage.Our systemperformswell
on the imageshown in Figure3. Theshadingimagehasa very uniform appearance,with
almostall of theeffectsof there�ectancechangesplacedin there�ectanceimage.

Theexamplesshown arecomputedwithout taking the log of the input imagebeforepro-
cessingit. Theinput imagesareuncalibratedandordinaryphotographictonescaleis very
similar to a log transformation.Errorsfrom not taking log of the input image�rst would



(a) (b) (c) (d)
Figure 4: An examplewherepropagation is needed. The smile from the pillow image
in (a) hasbeenenlargedin (b). Figures(c) and(d) containan exampleof shadinganda
re�ectancechange,respectively. Locally, thecenterof themouthin (b) is assimilar to the
shadingexamplein (c) asit is to theexamplere�ectancechangein (d).

(a)Original Image (b) ShadingImage (c) Re�ectanceImage

Figure5: Thepillow from Figure4. This is foundby combiningthe local evidencefrom
thecolorandgray-scaleclassi�ers,thenusingGeneralizedBelief Propagationto propagate
localevidence.

causeoneintrinsic imageto modulatethelocalbrightnessof theother. However, this does
notoccurin theresults.

4 PropagatingEvidence

While the classi�er works well, therearestill areasin the imagewherethe local infor-
mationis ambiguous.An exampleof this is shown in Figure4. Whencomparedto the
exampleshadingandre�ectancechangein Figure4(c)and4(d), thecenterof themouthin
Figure4(b) is equallywell classi�edwith eitherlabel. However, thecornersof themouth
canbeclassi�ed asbeingcausedby a re�ectancechangewith little ambiguity. Sincethe
derivativesin thecornerof themouthandthecenterall lie onthesameimagecontour, they
shouldhavethesameclassi�cation.A mechanismis neededto propagateinformationfrom
thecornersof themouth,wheretheclassi�cationis clear, into areaswherethe local evi-
denceis ambiguous.Thiswill allow areaswheretheclassi�cationis clearto disambiguate
thoseareaswhereit is not.

In order to propagateevidence,we treateachderivative asa nodein a Markov Random
Field with two possiblestates,indicatingwhetherthe derivative is causedby shadingor
causedbyare�ectancechange.Settingthecompatibilityfunctionsbetweennodescorrectly
will forcenodesalongthesamecontourto have thesameclassi�cation.



4.1 Model for the Potential Functions

Eachnodein theMRF correspondsto theclassi�cationof a derivative. We constrainthe
compatibilityfunctionsfor two neighboringnodes,x i andx j , to beof theform

 (x i ; x j ) =
�

� 1 � �
1 � � �

�
(4)

with 0 � � � 1.

Theterm� controlshow muchthetwo nodesshouldin�uenceeachother. Sincederivatives
alongan imagecontourshouldhave thesameclassi�cation,� shouldbecloseto 1 when
two neighboringderivatives are along a contourand shouldbe 0.5 when no contour is
present.

Since� dependson the imageat eachpoint, we expressit as � (I xy ), whereI xy is the
imageinformationat somepoint. To ensure� (I xy ) between0 and1, it is modelledas
� (I xy ) = g(z(I xy )) , whereg(�) is the logistic functionandz(I xy ) hasa large response
alongimagecontours.

4.2 Learning the Potential Functions

Thefunctionz(I xy ) is basedon two local imagefeatures,themagnitudeof theimageand
the differencein orientationbetweenthe gradientandthe orientationof the graphedge.
Thesefeaturesre�ect ourheuristicthatderivativesalonganimagecontourshouldhave the
sameclassi�cation.

The differencein orientationbetweena horizontalgraphedgeand imagecontour, �̂ , is
foundfrom theorientationof theimagegradient,� . Assumingthat� � =2 � � � � =2, the
anglebetweena horizontaledgeandtheimagegradient,̂� , is �̂ = j� j. For verticaledges,
�̂ = j� j � � =2.

To �nd the valuesof z(�) we maximizethe probability of a setof the training examples
over the parametersof z(�). The examplesaretaken from the samesetusedto train the
gray-scaleclassi�ers.Theprobabilityof trainingsamplesis

P =
1
Z

Y

( i;j )

 (x i ; x j ) (5)

whereall (i; j ) aretheindicesof neighboringnodesin theMRF andZ is a normalization
constant.Notethateach (�) is a functionof z(I xy ).

Thefunctionrelatingtheimagefeaturesto  (�), z(�), is chosento bea linearfunctionand
is found by maximizingequation5 over a setof training imagessimilar to thoseusedto
train thelocal classi�er. In orderto simplify thetrainingprocess,we approximatethetrue
probability in Equation5 by assumingthatZ is constant.Doing soleadsto thefollowing
valueof z(�):

z(�̂ ; jrI j) = � 1:2 � �̂ + 1:62� jrI j + 2:3 (6)

wherejrI j is the magnitudeof the imagegradientandboth �̂ andjrI j have beennor-
malizedto be between0 and1. Thesemeasuresbreakdown in areaswith a weakgra-
dient, so we set � (I xy ) 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(�) correspondto a belief that the derivatives connectedby the edge
shouldhave thesamevalue,while negative valuessignify that thederivativesshouldhave
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Figure6: Examplegeneratedby combiningcolor andgray-scaleinformation,alongwith
usingpropagation.

a different value. The valuesin equation6 correspondwith our expectedresults; two
derivatives are constrainedto have the samevalue when they are along an edgein the
imagethathasasimilarorientationto theedgein theMRF connectingthetwo nodes.

4.3 Inferring the Corr ectLabelling

Oncethe compatibility functionshave beenlearned,the label of eachderivative canbe
inferred. The local evidencefor eachnodein theMRF is obtainedfrom theresultsof the
color classi�er andfrom thegray-scaleclassi�er by assumingthatthetwo arestatistically
independent.It is necessaryto usethecolor informationbecausepropagationcannothelp
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 thecolor classi�er. For the resultsshown, we usedthe resultsof
theAdaBoostclassi�er to classifythegray-scaleimagesandusedthemethodsuggestedby
Friedmanetal. to obtaintheprobabilityof thelabels[5].

We usedtheGeneralizedBelief Propagationalgorithm[14] to infer thebestlabelof each
nodein theMRF becauseordinaryBelief Propagationperformedpoorly in areaswith both
weaklocal evidenceandstrongcompatibilityconstraints.Theresultsof usingcolor, gray-
scaleinformation,andpropagationcanbeseenin Figure5. Therippleson thepillow are
correctly identi�ed asbeingcausedby shading,while the faceis correctly identi�ed as
having beenpaintedon. In a secondexample,shown in Figure6, thealgorithmcorrectly
identi�es thechangein re�ectancebetweenthesweatshirtandthejersey andcorrectlyiden-
ti�es the folds in theclothingasbeingcausedby shading.Therearesomesmall shading
artifactsin there�ectanceimage,especiallyaroundthesleevesof thesweatshirt,presum-
ably causedby particularshapesnot presentin the trainingset. All of theexampleswere
computedusingtennon-linear�lters asinput for theAdaBoostgray-scaleclassi�er.

5 Discussion

We have presenteda systemthat is ableto usemultiple cuesto produceshadingandre-
�ectance intrinsic imagesfrom a single image. This methodis alsoableto producesat-
isfying resultsfor real images.Themostcomputationallyintensestepsfor recoveringthe
shadingandre�ectanceimagesarecomputingthe local evidence,which takesaboutsix
minutesona700MHzPentiumfor a256� 256image,andrunningtheGeneralizedBelief
Propagationalgorithm.Belief propagationwasusedonboththex andy derivative images



andtookaround6 minutesto run200iterationsoneachimage.Thepseudo-inverseprocess
tookunder5 seconds.

Theprimary limitation of this methodlies in theclassi�ers. For eachtypeof surface,the
classi�ersmustincorporateknowledgeaboutthestructureof thesurfaceandhow it appears
whenilluminated.Thepresentclassi�ersoperateatasinglespatialscale,howevertheMRF
framework allows theintegrationof informationfrom multiplescales.
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