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Abstract

Intrinsic imagesare a usefulmidlevel descriptionof scenes
proposedby Barrow and Tenenbaunfl]. Animage is de-
composednto two images: a reflectancémage and an il-
luminationimage. Finding suc a decompositiorremains
a difficult problemin computervision. Here we focus
on a slightly easierproblem: givena sequenceof T im-
ageswhete thereflectancds constantandtheillumination
changes,canwerecover T' illumination imagesand a sin-
glereflectancémage? e showthatthis problemis still ill-
posedandsuggestapproadiingit asa maximume-likelihood
estimationproblem.Following recentwork on the statistics
of natural images, we usea prior that assumeghat illu-
minationimageswill give rise to spaisefilter outputs. We
showthat this leadsto a simple novel algorithm for re-
covering reflectancamages. We illustrate the algorithm’s
performanceon real and synthetidmage sequences.

1 Introduction

Barrav andTenenbaun{1978)introducedtheterm*“intrin-
sicimages"to referto amidlevel decompositiorof the sort
depictedin figure 1. The obsenedimageis a productof
two images:anilluminationimageandareflectancemage.
We call this a midlevel descriptionbecausét falls shortof
afull, 3D descriptionof the scene:théntrinsic imagesare
viewpointdependenandthe physicalcausef changesn
illumination at differentpoints are not madeexplicit (e.g.
thecastshadaev versushe attachedshadevs in figure 1c).
Barrav and Tenenbaunarguedthatsucha midlevel de-
scription,depsitenotmakingexplicit all thephysicalcauses
of imagefeaturescanbe extremelyusefulfor supportinga
rangeof visualinferencesFor example thetaskof sgmen-
tation may be poorly definedon the inputimageandmary
segmentatioralgorithmsmalke useof arbitrarythresholdsn
orderto avoid beingfooledby illuminationchangesOnthe
intrinsic, reflectancémage,on the otherhand,even prim-
itive sggmentationalgorithmswould correctlysggmentthe
cylinder asa single segmentin figure 1b. Similarly, view-

basedemplatematchingandshape-from-shadingould be
significantlylesshbrittle if they could work on the intrinsic
imagerepresentatioratherthanontheinputimage.

Recweringtwo intrinsicimagesfrom a singleinputim-
age remainsa difficult problemfor computervision sys-
tems. This is a classicill-posed problem: the numberof
unknownsis twice the numberof equations.Denotingby
I(z,y) theinputimageandby R(z,y) thereflectancem-
ageand L(z, y) the illumination image, the threeimages
arerelatedby:

I(z,y) = L(z,y)R(z,y) 1)

Obviously, one can always set L(z,y) = 1 and satisfy
the equationsby setting R(z,y) = I(z,y). Despitethis
difficulty, some progresshas beenmadetowards achies-
ing this decompositionLand andMcCanns Retine algo-
rithm [7] couldsuccessfullydecomposscenesn whichthe
reflectancamagewas piecavise constant. This algorithm
hasbeencontinuouslyextendedover the years(e.g. [4]).
More recently FreemarandViola [3] have useda wavelet
prior to classify imagesinto one of two classes:all re-
flectanceor all illumination.

In this paperwe focuson a slightly easierversionof the
problem. Givena sequencef T images{I(z,y,t)}L, in
whichthereflectancés constanbvertime andonly theillu-
minationchangesganwe thensolve for asinglereflectance
imageR(z,y) andT illuminationimages{ L(z,y,t)}_, ?
Ourwork wasmotivatedby theubiquity ofimagesequences
of this form on the world wide web: “webcam” pictures
from outdoorscenessin figure2. Thecamerads stationary
andthe scends mostly stationary:the predominanthange
in thesequencarechangesn illumination.

While this problemseemseasier it is still completely
ill-posed: at every pixel thereare T equationsandT + 1
unknowns. Again, one cansimply set L(z,y) = 1 and
R(z,y,t) = I(z,y,t) andfully satisfythe equations.Ob-
viously, someadditionalconstraintareneeded.

Oneversionof this problemthat hasreceved muchat-
tentionis the casewhen L(z, y, t) areattachedshadevs of
asingle,corvex, lambertiansurface: L(z, y, t) = N(z,y) -



Input =

reflectance X

illumination

a b

Figurel: Theintrinsicimagedecompositiorfl].

Figure 2: Imagesfrom a “webcam” at www.berkeley.edu/webcams/sproul.html. Most of the changesare changesn
illumination. Canwe usesuchimagesequencet derive intrinsicimages?

S(t), with N(z,y) the surfacenormalat z,y and S a vec-
tor in the direction of the light source. This is the photo-
metric stereoproblemwith unknaown light-source,andcan
be solved using SVD techniqueaup to a GeneralizedBas
Reliefambiguity[12, 6].

Farid and Adelsonaddressed specialcaseof this prob-
lem [2]. They assumedhat L(z,y,t) = a(t)L(z,y), i.e.
that all illumination imagesare relatedby a scalar They
usedindependentomponeninalysisto solve for L(z,y)
andR(z,y).

A similar problem has recently been addressedby
Szeliski,Avidan and Anandan[11]. They dealtwith addi-
tive transpareng sequencesothatI(z,y,t) = R(z,y) +
L(z — tvy,y — tvy,t). Of course,if we exponentiate
both sideswe get equationl with an additionalconstraint
that the illumination imagesare warpedimagesof a sin-
gle illumination image. They shavedthatsince L(z, y, t)
is boundedbelow (i.e. that L(z,y,t) is positive), setting
R(z,y) = min, I(z,y,t) cangive a goodestimatefor the
reflectance They usedthe min filter asaninitialization for
asecondestimationprocedurdhatestimatedhe motion of

L(z,y) andimprovedthe estimate.

In this paperwe take a differentapproachWe formulate
the problemasa maximum-likelihood estimationproblem
basedon the assumptiorthat derivative-like filter outputs

appliedto L will tendto be sparse. We derive the ML

estimatorunderthis assumptionand show that it givesa
simple, novel algorithmfor recovering reflectance.We il-

lustratethe algorithm’s performanceon real and synthetic
imagesequences.

2 ML estimator assuming spar seness

For corvenience,we work herein the log domain. De-
note by i(z,y),r(z,y),l(z,y) the logarithmsof the in-
put, reflectanceand illumination images. We are given:
i(z,y,t) = r(z,y) + I(z,y,t) andwish to recoverr(z,y)
andl(z,y, t).

To make theproblemsolvable,we wantto assume dis-
tribution over I(z, y,t). Our first thoughtwas to malke a
similar assumptiorto thatmadein the Retinex work: that
illumination imagesarelower contrastthanrelfectancem-
ages. We found, however, that while this may hold true
in the Mondrianworld studiedby Land andMcCann,it is
rarely true for the outdoorsceneof the type shown in fig-
ure 2. Edgesdueto illumination often have ashigh a con-
trastasthosedueto reflectancehanges.

We useawealer, moregenericprior thatis motivatedby
recentwork on the statisticsof naturalimages.A remark-
ably robust property of naturalimagesthat hasreceved
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Figure3: We usea prior motivatedby recentwork onthestatisticsof naturalscenesDerivativefilter outputstendto besparse
for awide rangeof images.a-b images: c-d histogramsf horizontalderivative filter outputs.e A Laplciandistribution.

Notethe similar shapeo the obsenedhistograms.

muchattentionlately is the factthatwhenderivative filters
areappliedto naturalimages,the filter outputstendto be
sparsd8, 10]. Figure 3 illustratesthis fact: the imageof
thefaceandthe outdoorscenehave similar histogramghat
arepealedat zeroandfall off muchfasterthana Gaussian.
This propertyis robust enoughthat it continuesto hold if
we apply a pixelwise log function to eachimage(the his-
togramsshavn areactuallyfor thelog images).Thesepro-
totypicalhistogramsanbewell fit by a Laplaciandistribu-
tion P(z) = Le~°lzl (althoughbetterfits areobtainedwith
richermodels).Figure3eshaws a Laplaciandistribution.

We will thereforeassumehatwhendervativefilters are
appliedto I(z,y,t) the resultingfilter outputsare sparse:
more exactly, we will assumethe filter outputsare inde-
pendenbver spaceandtime andhave a Laplaciandensity
Assumewe have N filters { f,,} we denotethefilter outputs
by on(z,y,t) = i x fn. We user,, to denotethereflectance
imagefilteredby thenth filter r,, = r x f,,.

Claim 1: Assumefilter outputsappliedto I(z,y,t) are
Laplaciandistributedandindpendenbver spaceandtime.
Thenthe ML estimateof the filtered reflectancémager,,
aregivenby:

ﬁn(xay) = medianton(m,y,t) (2)

Proof: AssumingLaplaciandensitiesandindependence

yieldsthelikelihood:
1
— _ I I _ﬁlon(zay,t)_rn(way)l
P(Onl/"n) Z o , € (3)

%e—ﬁzm,y,t|on<w,y,t)—rn<w,y>\ ()

Maximizing the likelihoodis equivalentto minimizing the
sum of absolutedeviations from o, (z,y,t). The sum of
absolutevalues(or I; norm)is minimized by the median.
O.

Claim 1 gives us the ML estimatefor the filtered re-
flectancemages’,,. Torecoverr, theestimatedeflectance
function, we solve the overconstrainedsystemsof linear
equations:

It canbeshowvn thatthepsuedo-inersesolutionis givenby:

ﬁzg*(Zfﬁ*?%) (6)

n

with f7 thereversedfilter of f,,: fn(z,y) = fi(—z,—y)
andg a solutionto:

g*(Zfﬁ*h) = 7
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Figure4: An illustrationof the ML estimationalgorithm

Notethatg is indpendenbf theimagesequencéeingcon-
sideredandcanbe computedn advance.

Figure4 illustratesthe algorithmfor calculatingthe ML
reflectancdunction. Thethreeframesin the leftmostcol-
umnshawv a circle illuminated with a squarecastshadaev.
The shadav is moving over time. The middle and right
columnsshaw the horizontalandvertical filter outputsap-
pliedto this sequenceTakinga pixelwisemedianovertime
givestheestimatedilteredreflectancémagesn thebottom
row. Finally, applyingequation6 givesthe ML estimated
reflectancdunction. Oncewe have an estimatefor r(z, y)
we canestimatd(z, y,t) = i(z,y,t) — r(z,y).

The ML estimatehassomesimilaritiesto the temporal
medianfilter that is often usedin accumulatingmosaics
from imagesequencege.g.[9]) but hasvery differentper
formancecharacteristics.In figure 4 taking the temporal
medianof the threeframesin the left columnwould not
give the right reflectancefunction. A pixel whoseinten-
sity is bright in all frames(e.g. pixel P in figure 4a) and
a pixel whoseintensityis darkin all frames(e.g. pixel Q
in figure 4a) must have different medians. Thus, a pixel
whoseintensityis alwaysdark mustbe estimatedashaving
adifferentreflectancehata pixel whoseintensityis always
light.

In the ML estimate,on the other hand, this is not the

case.Notethatpixels P and@ areestimatedashaving the
samereflectanceeven thoughone was always lighter than
theother Thisis becaus¢he ML estimateperformsatem-
poralmedianonthefilteredimagesnottheoriginalimages.
In termsof probabilisticmodeling,atemporalmedianfilter
onimagesis the ML estimatef we assumedhati(z,y,t)
is sparsej.e. thatmostpixelsin I(z, y, t) arecloseto zero.
This is rarely true for naturalimages.In contrastherewe
areassuminghatthe filter outputsappliedto I(z, y,t) are
sparseanassumptiorthatoften holdsfor naturalimages.

Whatif f, xI(x,y,t) doesnothave exactly aLaplacian
distribution? Thefollowing claim shavsthattheexactform
of the distribution is notimportantaslong asthefilter out-
putsaresparse.

Claim2: Letp. = P(|f; xl(z,y,t)| < €). Thenthees-
timatedfiltered reflectancesrewithin e of thetruefiltered
reflectancesvith probabilityatleast:

T/2

> ( :,: ) (1= pe)"~Fpf
k=1

Proof: If morethan50% of thesample®f f, xI(z,y,t)
are within e¢ of somevalue, then by the definition of the
median,the medianmust be within e of that value. The
claim follows from the binomial formulafor the sumof T'
independenévents.O



Claim 2 doesnot requirethat the illumination images
have a Laplaciandistribution in their filter outputs,rather
themoresparsehefilter outputsarethequickerthemedian
estimatewill corvergeto the truefiltered reflectanceunc-
tion. For example,thelighting imagein figure 1c, doesnot
have a Laplaciandistribution but is very sparse85% of the
filter outputshave magnituddessthane = 1% of the max-
imal magnitude Claim 2 guaranteethe |, — | < € with
probability at least0.93 given only threeframesand with
probabilityatleast0.97 givenfive frames.

3 Results - synthetic sequences

All theresultsshavn in this paperusedjusttwo filters: hor-
izontalandverticalderivative filters.

Figure5 shaw thefirst andlastframesfrom a sequence
in which a squarecastshadaev is moving over a circle and
ellipse.Notethatthecircleis alwaysin shadev andthatthe
ellipseis alwayshalf in shadev. Despitethis, the ML re-
flectanceestimatecorrectlygetsrid of theshadaevs on both.
For comparisonfigure 5 alsoshavs the temporalmin filter
andtemporalmeanfilter. Both of theseapproachesufer
from the factthatif a pixel is alwaysin shadaev, the esti-
matedreflectances alsodarker.

Figure6 shavs thefirst andlastframesfrom a synthetic
additive transpareng sequence.The image of Reaganis
constanfor all framesandwe addedanimageof Einstein
thatis moving diagonally(speed4 pixels perframe). Fig-
ure6 alsoshavstherecoreredReagarandEinsteinimages.
They are indistinguishablefrom the original image. For
comparisonfigures6 also shavs the min and medianfil-
ters. Again, the min filter assumeghatall pixels at some
time seea black pixel from the Einsteinimage. Sincethat
assumptiordoesnot hold, the estimatds quite bad.

4 Results- real sequences

Figure7 shavs two framesfrom a sequencéhatis part of
the Yalefacedatabas@® [5]. A strobelight at 64 different
locationsilluminatedapersonsface,giving 64 imageswith
changingllumination. Theimagesweretakenwith a cam-
erawith linear responsdunction. Figure 7 alsoshaws the
estimatedreflectanceand illumination images. Note that
nearly all the specularhighlights are gone althoughthere
arestill somehighlightsatthetip of thenose.Althoughit is
hardto measurgerformancén thistask,obserersdescribe
theilluminationimagesas“looking like marblestatues”as
would be expectedfrom anillumination imageof aface.
Figure 8 shawvs two framesfrom a sequenceaken from
the “WebCam”at UC Berkeley. We used35 imagestaken
at differenttimes. Figure 8 also shows the estimatedre-
flectanceandillumination images.Note thatthe castshad-

ows by the treesandbuildings are mostly gone. Note also
thatwe did not have to do anything specialto getrid of the
peoplein the images:sincewe usea genericprior for the
lighting imageswe caneasilyaccomodatehangeghatare
notpurelydueto lighting. Theresultsarenotasgoodasthe
Yalesequenceandwe believethisis partially dueto theau-
tomaticgaincontrolonthewebcamerasothattheresponse
functionis farfrom linear.

Even theseresultscanbe good enoughfor someappli-
cations. Figure 9a shaws a color sceneof Sproulplazain
Berkeley. Suppose& maliciusStanfordhaclerwantedto in-
sertthe Stanfordlogo on the plaza. Figure 9b showvs what
happenswvhen o blendingis usedto compositethe logo
andthe image. The resultis noticeablyfake. Figure 9c
shaws theresultwhena blendingis usedon the estimated
reflectancemage,andtheimageis rerenderedvith the es-
timatedillumination image. Thelogo appeargo be partof
thescene.

5 Discussion

Deriving intrinsicimagesrom asingleimageremainsadif-
ficult problemfor computervision systems.Herewe have
focusedon a slightly easierproblem: recovering intrinsic
imagesfrom animagesequencen which the illumination
varieshbut the reflectancds constant. We shaved that the
problemis still ill-posed and suggestedadding a statisti-
cal assumptiorbasedon recentwork in statisticsof natural
scenesthatderivative filter outputson theilluminationim-
agewill tendto be sparse We shavedthatthis assumption
leadsto a novel, simplealgorithmfor reflectanceecovery
andshowved encouragingesultson a numberof imagese-
guences.

Both the cameramodel and the statisticalassumptions
we have usedcan be extended. We assumed linear re-
sponseén thecameranodelandonecanderivethe ML esti-
matorwhenthecamerds nonlinear We have alsoassumed
thatfilter outputsareindependenacrossspaceandtime. It
would be interestingto derive ML estimatorsvhenthe de-
pendeng is takeninto account. We hopethat progressn
statisticalmodelingof illumination imageswill enableus
to tacklethe original problemposedby Barronv and Tenen-
baum:recoveringintrinsicimagesfrom a singleimage.
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Figure5: A syntheticsequencen which a squarecastshadov translatesdiagonally Note that the pixels surroundingthe
diamondarealwaysin shadav, yet their estimatedeflectancas the sameasthatof pixelsthatwerealwaysin light. In the
min andmeanfilters, thisis notthe caseandthe estimatedeflectancesrequitewrong.
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Figure6: Resultson a syntheticadditive transpareng sequenceThe Einsteinimageis translateddiagonallywith speec4
pixelsperframeandaddedo theReagarimage.The ML estimatesrenearlyexactwhile themin andmediarfilters arenot.
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Figure7: Resultson onefacefrom the Yale FaceDatabasé [5]. Therewere64 imagestakenwith variablelighting. Note
thattherecoveredreflectancémageis almostfree of specularitiesandis free of castshadavs. The ML illuminationimages
areshavn with alogarithmicnonlinearityto increasedynamicrange.
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Figure 8: Resultson a webcamsequencdrom: www.berkeley.edu/webcams/sproul.html. Therewere 35 imagesthat
variedmostly in illumination. Note thatthe ML reflectancémageis free of castshadavs. The illumination imagesare
shavn with alogarithmicnonlinearityto increasedynamicrange.

Figure9: Intrinsic imagesare usefulfor imagemanipulation.a. The original imageof Sproulplazain Berkeley. b. The
Stanfordlogois a blendedwith theimage:theresultis noticeablefake. c. The Stanfordliogois a blendedn thereflectance
imageandthenrenderedvith thederivedilluminationimage.
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