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Abstract

Color is a usefulfeatute for madinevisiontasks.How-
ever, its effectivenesss often limited by the fact that the
measued pixel valuesin a sceneare in uenced by both
objectsurfacere ectancepropertiesandincidentillumina-
tion. Color constancyalgorithmsattemptto computecolor
featureswhich are invariant of theincidentillumination by
estimatingthe parametes of the global sceneillumination
and factoring out its effect. A numberof recentlydevel-
opedalgorithmsutilize statistical methodsto estimatethe
maximunlikelihoodvaluesof theillumination parametes.
This paperdetailsthe useof KL-divemgenceas a meansof
selectingestimatedllumination parametervalues.We pro-
vide experimentalresultsdemonstating the usefulnesof
the KL-divergencetedchniquefor accuiately estimatingthe
globalillumination parametes of real world images.

1 Intr oduction

In machinevision andimagedatabaseapplicationscolor
canbe usedasa simple meansof segmentingor identify-
ing a speci ¢ object as describedin [14] or as a means
of quickly identifying likely candidateregions for object
recognitionasin [18]. However, problemsarisewhenim-
agesarecapturedundervaryingillumination conditionsand
with cameraswith differing sensorcharacteristics.Color
constang methodstry to overcometheseproblemsby es-
timating the surfacere ectancepropertiesof objectsin a
sceneregardlesf scenellumination and cameracharac-
teristics. In general,if we assumediffuse surfacere ec-
tions,themeasuregixelsvaluesfor camerasensorchannel
k atimagelocationi, denotedas (i), arethe productof
theincidentilluminationE ( ), thesurfacere ectanceprop-
ertiesS(i; ) andcamerassensochannekpectrakensitvity
Ck( ) asafunction of the wavelengthof theincidentlight

, integratedover thepisible spectrum! :

k(@)= EC)S(; )C«( )d

Thegoalof colorconstang is to recovertheoriginal sur
facere ectanceproperties,S(i; ), regardlessof the inci-
dentillumination E( ). However, sincethreecamerasen-
sorchannelareoftenemployed,it is only typically possible
to determinghe sensotresponse i (i) undersomecanoni-
cal cameramodel,unlessspeci ¢ constraintsaareplacedon
theilluminantsandthe surfacecharacteristic§l7].

2 Model of Image Formation
2.1 lllumination Model

In thiswork we assume camerawith threesensorchan-
nelsandutilize asimpli ed modelof how globalscendllu-
minationaffectsthe measuregbixel responses:

R()= S.(i);G(i) = Sy(i);B(i) = Spli)

In this formulationR(i), G(i), andB (i) arethe mea-
suredcamerasensorresponsest eacheachpixel, S, (i),
Sy(i), and Sp(i) arethe response®f the camerasensors
under somecanonicalilluminant, which we will call the
“true” or canonicalsurfacecolor. In this diagonalillumi-
nationmodel,theparameters, ,and captureheeffects
of the global sceneillumination andare constantfor all of
the pixelsin theimage. In the domainof our diagonalil-
luminationmodelthe accurateestimationof theseparame-
terspermitsthe computatiorof a color featurevaluewhich
is invariant of incidentglobal sceneillumination. We can
further reducethe numberof parameter®f interestby fo-
cusingon recoveringonly the “color” of the pixelsandthe
illuminant and not their absoluteintensity This allows us
to restrictourselesto casesvhere = 1. Henceonly the
valuesof and needto beestimated.

We adopta color spacein which the intensity of a pixel
is inherentlyfactoredout. We chosethefollowing log space
transformatiorof the original measuregbixel values:

Ci(i) = log g} =log 35
. i Sq (i
C(i) = log B} = log iy



To simplify our notation,we de ne the following two
guantities:
Se (i) Sq(i)

Sl(l) = lOg Sp(1) aSZ(l) = IOg Sp(i)

We choseto work in alog spacebecausegiven our di-
agonalsceneillumination model, an illumination change
amountgo a simpleshift:

Ca(i) = log( ) + Su(i); Ca(i) = log( ) + Sx(i)

Figurelais a graphicrepresentatioof this color space,
C; is onthe vertical axisandC, is on the horizontalaxis,
theminimumvaluefor bothaxesis in theupperleft corner

2.2 SensorNoiseModel

The color spacewe have chosenfactorsout individual
pixel intensities,however we do not want to completely
discardthis information. In termsof accuratelymeasur
ing colorcomponentalues notall pixelsarecreatedequal.
Sensomoiseaffectsour ability to accuratelydeterminethe
color of apixel. In generalthe measuredolor component
valuesof darker pixels have higheruncertaintythanlighter
pixels. We introducea sensormodel which captureshis
effect. We modelsensomeasurementas Gaussiangen-
teredon thetrue valuewith constantariancenoiseparam-
eters 7, %, 7, asper[3]. Usingour originalillumination
modelthe measuregbixel valuesaremodeledasfollows:

R(i) N S.(i); 7:G(@0) N Syi); §;
B() N Syi); 2

If we assumeéhat the threecolor measurementarein-

dependenthejoint probabilitydensityfunctionfor asingle

measuremerdt locationi becomesf (r;g; b) = #
(r Sr)2+g sg 2+b sp 2
e B
r g

Sincewewill beusingatransformedrersionof theorig-
inal color spacewe areinterestedn how the noiseaffects
measurements that transformedspace. The color space
transformationwe introducedin the previous sectionis as
follows:

Ci(i) = logR(i) logB (i)
Ca(i) = logG(i) logB (i)
Cs(i) = logB (i)

Cs(i) is introducedin orderto facilitatethe transforma-
tion of the probability densityfunctionfor a measurement
in the original color spaceto this new color space.This is
achieved by a standardransformatiorof randomvariables
involving the Jacobiarof thetransformationasper[5]. Af-
terthis procedurave obtainthefollowing expressiorfor the
joint probability densityfunctionfor a singlemeasurement

in thetransformedteolor spaceg(cy; Cz; C3) = #
2 g sg 2 b sy 2
b= (—)+ +
p%(h)b exp G 3 b
r g

The effect is thatfor a givenvalueof , , and , the
relative probability of a pixel measuremendt its meanis

relatedto the productof r, g; andb. In thiswork, insteadof
modelingthefull noisedistribution,wetakeasimpli ed ap-
proachandscalethe contribution of eachpixel to our model
probabilitiesby the productof its r, g; andbvalues.

3 Parameter Estimation

In this work we evaluatetwo statisticalmethodsof esti-
matingthe global scendllumination parametersthe max-
imum likelihood method, similar to color by correlation
describedin [10], and a nev method which usesKL-
divergence.

3.1 Statistical Model

For both methodsof parameterestimationthat will be
evaluatedt isimportantto beableto calculatethe probabil-
ity of observinga particularcolor measuremergivena set
of illumination parameters:

P(Ci(i);C2(i)j 5 )

The practicaldif culty of performingsucha computa-
tion is thatit would seemto benecessaryo have adifferent
probability distribution for eachvalueof and . How-
ever, this canbe avoided if we make the assumptiorthat
the parameter®f the global sceneillumination are inde-
pendenbf thecanonical“true”) colorsof theimagepixels.
This independencassumptionrseemsreasonabléecause
onewould not generallyexpectthe “true” color of an ob-
ject in the sceneto be affectedby the color of the scene
illumination. Given this assumptionjt is possibleto uti-
lize a singledistribution over canonicalcolorsto compute
the probability valueswe need.Thesingledistribution over
canonicakolorswhichwe utilize for our computatiortakes
thefollowing form:

P(S1(i); Sa(1))

Notethatsincethisdistributionis strictly overthecanon-
ical colors,it is notafunctionof theillumination parameters

and . Foragiven, x edsetof valuesfor theillumination
parametersfor example = e and = €, andbecause
of ourindependencassumptionye cansubstituténto our
illumination modelandobtain:
P(S1(i); S2(i)) = P(Cy(i) log(e); Ca(i)
= P(Cu(i);Ca(i)] =¢ =€

This meanghatwe only needto to maintaina singledis-
tribution over canonicalcolors and can “shift” that distri-
bution to computethe probability of observinga particular
pixel measurementTo facilitate the discussiorin the fol-
lowing sectionswe adoptthe following simpli ed notation
to representhetransformedcanonicalolor distribution:

P (Cu(i);Ca(i)) P(Ca(i) log(e);Ca(i) log(®))

log(®))



3.2 Parameter Estimation Using
Maximum Lik elihood

Whenusingthe maximumlik elihoodtechniqueto esti-
matethevaluesof and wewouldliketo nd thevalues
of the parametersvhich aremostlikely giventhe obsened
data,whichin our casearethe obsenedpixel values.To do
thisit is necessaryo assume generatie modelof image
formation. In this work we will assumehatthe pixel val-
uesareindependenthandidenticallydistributedasin [10].
Thisresultsin thefollowing expressiorfor thejoint proba-
bility densityfunction,wherethen pixelsin theimageare
indexedfrom1:::n
P(; jfCy(i);Co(i)gfori=1:::n)=

' RCil)C2(Dis IPG )
ST P(Ci(i)iCa(i)

As is standardproceduran a maximumlik elihoodfor-
mulation, if we assumea uniform prior over the illumina-
tion parameter@and becauseve are only interestedn the
maximum likelihood values of theseparametersand not
their actual posteriorprobabilities, this expressioncan be
simpli ed asfollows:

P(; jfCy(i);Co(i)gfori= 1:::n)/
1 P(Cu)iCa(i)j 5 )
It is customaryto reformulatethis likelihood function

in termsof the log likelihood which is monotonicin the
likelihood:

L(; jfCq(i);Co(i)gfori=1:::n)=
-1 10gP(C1(i); C2(1) i 5 )
We cannow substituteour transformedcanonicalcolor
distribution:
L(; jfCai(i);Co(i)gfori=1:::n)=
L1 logP;  (Ca(i); C2(i)
To simplify the practical computationof this quantity
andfacilitatethe comparisorto the KL-divergencemethod
in thefollowing section we discretizeour two dimensional
color spaceintoj = 1:::my; andk = 1:::m; binsand
de ne p. (j; k) asthe probabilitythatobsenedcolor j; k
would appeaiin animagefrom thatclassgivena setof il-
luminationparameters and , andp(j; k) astheempirical
probability that obsened color j; k actuallyappearsn the
speci ¢ imagewe are working with. Given thesede ni-
tions,thelog Iikelihogdtakesthefollowing form:
LG i®=n [ 7 G k)logp; (i k)
Notethatthis new expressioris now parameterizedver
thecolorsin the color spacdnsteadof the pixelsin theim-
age. The discretizationhasallowed us to collect up and
countall of the pixelswhich have the samecolor andcap-
turethosecountsin the empiricaldistribution, p(j; k).

3.3 Parameter Estimation Using
KL-Di vergence

In this work we explore the useof the Kullback-Leibler
(KL) divergenceameasuraf theclosenessf two distribu-
tions,asa meansof selectinga setof illumination parame-
ters. Typically KL-divergences usedto measuregheclose-
nessbetweena true distribution, P and someapproximate
distribution, B. The KL-divergencefor a discretedistribu-
tionis de ned asfollows,asper[2], wherem is thenumber
of classesn the dlscreted|sE;|tut|on

KL(PkR) = re1 P(x) log &)

The closerthe two distributionsareto one another the
smallerthe KL-divergence. In this work we calculatethe
KL-divergencebetweenthe expecteddistribution of ob-
senedcolorsoverasetof imagesdravn from someclassof
imagesassuminga speci ¢ setof illumination parameters,
andthe actualdistribution of obsered colorsfor the spe-
ci ¢ imagewe areworkingwith. Usingour discretizedwo
dimensionakolor spaceintroducedin the previous section
the KL-divergencetakesthelgollowing form:

KL(P, k8= 1" 7% p; (i k) log Py

In orderto more easily comparethis to the maximum
likelihoodformulation,we note that the summationof the
termsrelatedto the imageclassmodelis approximatelya
constanbecausét is relatedto theentropy of thecanonical
color distribution which doesnot changesigni cantly asit
shifted. (It is not identically a constantdueto minor clip-
ping effectsat the edgesof the color space.)This resultsin
thefollowing expression:

KL(P. Iﬁﬁ)
Jm_ll w2 P (; k) logp(; k) + constant

We can put the maximum ik elihood formulationin a
similarformto famlty:\tethgcompanson

LG iB)/ 34 k& e K logp: (5 k)

In this form, both equa‘uonsappearto be quite similar.
Oneway to understandhe differencebetweenthe two is
to evaluatethemastwo differentfunctionsfor scoringpos-
sible matchesetweenthe canonicalcolor distribution and
the obsened,empiricalcolor distribution of animage.The
likelihoodformulationis moresensitveto largepeaksn the
obsened color distribution and greatly penalizessolutions
wherethe peak obsered image colors are far from what
would be expected,given a particular set of illumination
parametersnd the canonicalcolor distribution. The KL-
divergenceformulation, becauset containsa term which
is a function of the log of the obsered color distribution,
is lesssensitve to large peaksin the obsenedimagecolor
distribution andtendsto be lessaffectedby imageswhich
containlargeamountf asinglecolor. Anotherway to ex-
aminethesetwo formulationsis to identify the conditions
underwhich eachwould considera particularmatchto be
the“best” match.In the caseof thelikelihoodformulation,



the bestmatchoccurswhenas mary of the obsened col-
ors as possibleare alignedwith high likelihood colorsin
thecanonicaHdistribution. In the caseof the KL-divergence
formulation,the bestmatchoccurswhentheobsenedcolor
distributionis, in effect, mostsimilar to the canonicalcolor
distribution.

3.4 Estimating the Canonical Color Distrib ution

In orderto implementtheseparameteestimationalgo-
rithmsit is necessaro estimatethe probabilitydistribution
of thecanonicakolorsfor aspeci c imageclass:

P (S1(i); Sa(i))

We decidedto take a simpleapproachandapproximate
this distribution as a histogram,as a table of counts. To
estimatethesecountsa setof imagesfrom the desiredim-
ageclassis neededvith groundtruth informationregarding
the associatedlumination parametersr, alternatelya set
of imagescapturedundera singlecanonicallluminantand
camera.

Unfortunatelyit is quite dif cult to collectalarge num-
ber of imagesundercontrolled conditions. To avoid this
issuewe usebootstapping asdescribedn [15], to approx-
imate the groundtruth. What we meanby bootstapping
in this caseis thatwe utilize the estimategrom someother
color constang algorithmasa proxy for the groundtruth
for a setof images. This would seemto be problematicin
thatit might limit ary algorithmbasedon theseestimates
to performonly aswell asthe original algorithm usedto
generatahe estimatesHowever, if the errorsmadeby the
“base”algorithmarerelatively unbiasedthenthe estimates
of the parameter®f the resultingapproximatedistribution
will convergeto theirtrue meanvalues but mayor maynot
be usefuldependingpn their variance.

We choseasourimageclassnaturalimagesasmight ac-
compary a news article. As a datasetfor bootstrapping
we usedapproximately2300randomlyselectedPEGim-
agesfrom news siteson theweh Theseimagesconsisted
mostly of outdoor scenes,ndoor nens conferencesand
sportingeventscenes(Examplef theseémagesareavail-
ableat: http://www.cs.cmu.edu/ chuck/iccWl/.) We used
the white patchalgorithm (the illuminant is estimatedby
taking the peakvaluein eachcolor channel)asour “base”
algorithm. We utilized thelog basedcolor spacedescribed
in a previous sectionand discretizedthe color spaceinto
128 128histogrambins, Figurelais agraphicrepresen-
tation of that color space. We initialized eachhistogram
bin with a small numberof initial countsto implementa
smoothingpriorandcompensatéor thefactthatcertaincol-
orsmightnotappeain ourtrainingdata.Figurelbis aplot
of the probability distribution collected,wherelighter re-
gionsrepresenhigherprobabilityvalues white in the color
spaceis at the centerof the diagram. Note that no prior

distribution over illumination parametersvascollectedbe-
causeve assumea@ uniform prior distribution overtheillu-
minationparameters.

4 Results

4.1 Evaluation Specics

Thedatasetusedfor theevaluationwascollectedby the
ComputationalVision Lab at Simon FraserUniversity as
detailedin [14]. Two imageseachof 11 differenthouse-
hold objectsunder ve differentilluminantson blackback-
groundswerecollected:two differentcoloredballs,abook,
acoffeecup,acerealbox, o wers,abottle of bleachabox
of macaronicoloredrope,ashampodottleandadetegent
box. The ve illuminantsthat were usedwere: Halogen,
Cool White FluorescentUltralume Fluorescentthe Mac-
bethJudgell 5000 Fluorescentandthe MacbethJudgell
5000 Fluorescentwith a Roscolux3202blue lter. They
describethe camerausedto capturethe imagesasa Sory
DXC-9303-CCD color video camerabalancedor 3200K
lighting with gammacorrectionturnedoff. Eachimagealso
included gray patcheswhich were usedto determinethe
best t illumination parametersinderthe diagonalmodel.
Thesegray patcheswere croppedbeforethe imageswere
presentedo the algorithmsunderevaluation. Imageinten-
sity valueswere scaledby a factor of 2.5 andvaluesover
255 were clippedto more closely matchthe exposureset-
tings underwhich imagesmight typically be captured,as
suggestedh [14].

The errorin the estimatedlluminant valuesfor eachal-
gorithmis reportedasthe Euclideandistancebetweenthe
chromaticityof the“best t” illuminantto theestimatepro-
ducedby the algorithmbeingevaluated.(The “best t” il-
luminantwas estimatedasdescribedn the previous para-
graph.)Thedistancesrror(wherelargerdistancesepresent
larger errors)wasmeasuredn the following intensitynor-
malizedcolor space:

D1 = grevsi D2 = recre

This color spacewhichis differentthanthe oneusedfor
theparameteestimationprocessyasusedbecausét is the
samecolor spaceusedby [13] andthereforeallows for a
moredirectcomparisorof results.

4.2 Algorithm Specics

In our evaluationwe comparedhe global illumination
estimationperformanceof our KL-divergencebasedalgo-
rithm to the following algorithms:the likelihoodbasedal-
gorithm describedpreviously (similar to color by correla-
tion asdescribedn [10]), grayworld, white patchandwhite
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Figure 1. Plot (a) is a graphic representation of the log color space, log § is on the vertical axis and
log g is on the horizontal axis, the minim um value for both axes is in the upper left corner, this image
is available in color at: http://www .cs.cmu.edu/ chuck/iccv0l/. Plot (b) is a graphic representation

of probability distrib ution of canonical color s, brighter regions are regions of higher probability , the
overall brightness has been boosted to show structure . Plot (c) is the obser ved color distrib ution
for the book image under the MB-5000 illuminant shown in Figure 2. Plot (d) is the likelihood based

illuminant posterior and (e) is the equiv alent plot for KL-diver gence.

patch1%. The gray world algorithmestimatedhe illumi-

nantusingthe meanvaluesof imagecolor channels.The
white patch algorithm estimatedthe illuminant using the
color channelmaximums. White patch1% estimatedthe
illuminantusingtheaverageof thebrightestl% of thepixel
valuesof eachof the color channelsto reducenoisesensi-
tivity. To nd the bestestimatefor the KL-divergenceand
likelihood basedalgorithms,eachof the illumination pa-
rameters, and wereeachdiscretizednto 128levelsand
an exhaustve searchwas performedover all 16384 possi-
bilities.

4.3 Experimental Results

The mostbasicevaluationof thesealgorithmsis the er
ror of the chromaticity of the estimatedilluminant. Ta-
ble 1 details the average distanceresults for the algo-
rithms evaluated.The columnlabeled“SE of Error” is the
standarderror, a commonmeasureof con dence for the
meanerror measure.As this table demonstrateshe KL-
divergencebasedalgorithmempiricallyachiezedthelowest
error, 0.0591.

Another way to evaluatethesealgorithmsis to calcu-
latethe errorbasedon compensatedlumination estimates,
asper[15]. The compensatiorprocessattemptsto factor
out arny systematicerror that an algorithmmight have, for
examplethe gray world algorithm explicitly assumeghat
white shouldbe mappedto R = G = B, butin a spe-
ci ¢ canonicalcolor spacewhite might mapto someother
RGB triplet. We computeda compensatioffior eachalgo-
rithm by splitting the testimagesinto two equalsizedsets
and computingthe meandifferencein the color estimates
betweertheimagesin thecompensatiosetandtheground
truth for thoseimages.Theresultof the compensatiopro-

cessis a single constantvalue, for eachalgorithm, which
is addedto its estimateon the testset. Both the likelihood
algorithmandthe KL-divergencebasedalgorithmobtained
a signi cant reductionin error throughthe compensation
processThelikelihoodalgorithmhada compensatethean
error of 0.0692(standarderror of this estimateis 0.0078)
and the KL-divergencehad a meancompensateerror of
0.0543(standarderror of this estimateis 0.0051). Even
thoughboth algorithmsbene ted from compensationthe
KL-divergencebasedalgorithmstill achiezedthelowestav-
erageerror.

| Algorithm | MeanDistanceError | SEof Error |
White Patch 0.0999 0.0059
White Patch1% 0.0837 0.0042
GrayWorld 0.0833 0.0054
Likelihood 0.0810 0.0064
KL-Divergence 0.0591 0.0044

Table 1. This table contains the error values
for uncompensated illumination estimates
evaluated on a test set. The column labeled
“SE of Error” is the standar d error, acommon
measure of condence of the mean distance
error.

It is also informative to look at examples of spe-
cic images. Figure 2 containsimagesof the “book”
object, a predominantlyyellow object, where the KL
algorithm works particularly well when compared to
the other algorithms evaluated here. (Note that all
of the imagesin this gure are color imagesavailable



at: http://www.cs.cmu.edu/ chuck/iccv@/ andwere post-
processedafter being color correctedso that they would
have the sameaverageintensityto facilitate a direct com-
parison.) The KL algorithm performs better becauseit

giveshigherweightto the non-yellow colorsin theimage,
whereaghe likelihoodalgorithmtries to shift the predom-
inant color towardsgray. This effect canbe obsened in

theplotsof the posteriorilluminantdistributionin Figurel,

sub gures(d) and(e). A similarresultwasobsenedoverall

the“book” imagesin thedataset,notjust the singleexam-
pleincludedin gure 2. Themeanuncompensateerrorfor

the “book” objectover all illuminants was 0.0390for the
KL algorithm versus0.2421for the likelihood algorithm.
Therewas also a singleimageof a speci ¢ objectin our
testsetin whichtheKL algorithmdid muchworsethanthe
likelihood algorithm, it achieved an uncompensatedrror
of 0.2144versus0.1033for thelik elihoodbasedalgorithm.
In this imageof the “ball1l” object,oneof the colorshada
verylow measuredéhtensityunderhalogerilluminationand
the KL algorithmalignedneutralgray with oneof the pri-

marycolorsin theimage.It shouldbenotedthattheoverall
meanuncompensateerrorover all illuminantsfor this ob-
jectwas0.1431versus0.1394 bothalgorithmsperforming
similarly. (Color imagesof this exampleare available at:
http://www.cs.cmu.edu/ chuck/icc1/.)
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Figure 3. This is a plot of the maximum ap-
proximation error versus entropy threshold
for the KL-diver gence algorithm. (See the text
for more details.)

Anotherimportantaspeciof color constang which has
oftenbeenoverlooked,but wasrecentlyexploredin [9] with
anothertechnique,is the ability of an algorithmto gener
atesomemeasureéndicative of the quality of its prediction.
Although we have not completedan in depthevaluation,
we have empirically examinedthis issue. The measureve
computedvasanentropy-like measurewe treatedthe neg-
ative of theKL-divergenceof eachilluminant estimateasif
it werealog probabilityvalueandcalculatedhe entroyy of

thatdistribution. This measurdrasthe propertythatif there
tendsto bea singledominantpeak,the entropy will below.
And if thereis no clearlysuperiorsolution,the entrogy will
be high. Figure3 plots maximumerroron the vertical axis
andthe entropy thresholdvalue on the horizontalaxis for
theimagesin ourtestset. The entropy thresholdvaluecan
beinterpretecasfollows: all of theimagesvhoseestimates
had an entrofy value lessthanthe thresholdvalue arein-
cludedin thatdatapoint on the graph. So at the left hand
side of the graphonly the imageswith the lowestentrogy
estimatesareincludedandon the right handsideall of the
imagesin the testsetareincluded. As this graphdemon-
strates,thereis a strong correlationbetweenthis entrogy
measureand the maximumobsened error. This suggests
that this might provide a useful meansof estimatingthe
worst-caseerror of a particularestimategeneratedy the
algorithm.

5 RelatedWork

Many color constang methodshave beendescribedn
the literature: [17], [16], [11], [7], [12], [13], [4], [8],
[1], [19], [15], [10]. Oneclassof algorithmsdescribecdby
Forsyth[11] andFinlayson[7] utilizesconstraintaboutthe
distribution of the extremecolorsin animageanda search
procedurdo determinghetransformatiorwhich bestsatis-
es the givenconstraints.Funt[13] usesa neuralnetwork
which takesasinput theimagecolor histogramto estimate
chromaticities. Recentwork by Funt [15] hasmadeuse
of bootstrappingechniquesaswasusedhere,asa source
of training data. Freemanand Brainard, in [12] and[4],
also describea probabilistic model and attemptto solve
the more ambitiousproblemof recovering full surfacere-
ectancespectra.

The work presentechereis mostclosely relatedto the
work describedy Finlayson8], [10] andSapiro[19]. Both
of the algorithmsdescribedn thesepapersarethe basisof
the maximumlik elihoodapproachhat we useasa bench-
mark for evaluatingour algorithm. Both, in effect, assume
a generatie model of the dataand nd a setof parame-
terswhich have the maximumlik elihood given the model
andthe obseneddata. Our techniqueis differentin thatit
utilizes a distancemeasurebetweendistributions, the KL
divergenceto selecta setof estimatedharameters.

6 Conclusionsand Futur e Work

We have demonstrategmpirically that KL-divergence
appeargo be a robust meansof estimatinga good set of
globalillumination parametersyutperforminganalgorithm
we evaluatedwhich usedmaximumlik elihoodasits basis.
One possibleexplanationfor this is that the probabilistic
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Figure 2. An example of an image where the KL algorithm works particularl y well is the “book” image,

captured here under the MB-5000 illuminant.

The “Uncorrected”

image is the raw uncorrected image.

The other images are renderings of how the image would look if corrected given the illumination

parameter s estimated by the specic algorithm. The “Best Fit” image is the best possib le rendition,

given the ground truth and a diagonal illumination model. Here the likelihood algorithm achieved an
uncompensated error of 0.2756 and the KL algorithm achieved an error of 0.0312. (Note that these
are color images and are available at: http://www .cs.cmu.edu/ chuck/iccv01/.)

modelstypically usedin thesemaximumlik elihoodsettings
donotaccuratelymodelthegeneratie proces®f imagefor-
mation. It is possiblethat with a bettergeneratie model
(possiblyonewhich explicitly modelsthedependencielse-
tweenmeasuregbixel colors),the maximumlik elihoodap-
proachwould farebetter However, building sucha model
is nosimpletask.Our experimentsalsoempiricallydemon-
stratedthatan entropy-like measurecanbe usedto predict
aboundon the maximumerrorof theilluminant estimate.

Therearea numberof directionsfor future work. The
rst is to improve the speedof our algorithm. Currently
we exhaustvely searchfor the bestestimate. We believe
thata gradientdescentik e approachor a multi-resolution
approachn color spacewould be fasterandyield similar
quality results.We would alsolik e to betterunderstandhe
role of the canonicakolor distributionandhow tightly cou-
pled it is to obtaininggood resultsfor a speci ¢ classof
images. We would alsolike to explore the useof a para-
metric model of the canonicalcolor distribution to seeif
it would work aswell asthe histogrambasedapproachwe
have taken. A parametriomodelhasthe advantageof hav-
ing lessfree parameterandrequiringlessdatato train.
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