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Abstract

Color is a usefulfeature for machinevisiontasks.How-
ever, its effectivenessis often limited by the fact that the
measured pixel valuesin a sceneare in�uenced by both
objectsurfacere�ectancepropertiesandincidentillumina-
tion. Color constancyalgorithmsattemptto computecolor
featureswhich are invariant of theincidentillumination by
estimatingtheparameters of theglobal sceneillumination
and factoring out its effect. A numberof recentlydevel-
opedalgorithmsutilize statisticalmethodsto estimatethe
maximumlikelihoodvaluesof theillumination parameters.
Thispaperdetailstheuseof KL-divergenceasa meansof
selectingestimatedilluminationparametervalues.We pro-
vide experimentalresultsdemonstrating the usefulnessof
the KL-divergencetechniquefor accurately estimatingthe
global illuminationparametersof real world images.

1 Intr oduction

In machinevisionandimagedatabaseapplicationscolor
canbe usedasa simplemeansof segmentingor identify-
ing a speci�c object as describedin [14] or as a means
of quickly identifying likely candidateregions for object
recognitionasin [18]. However, problemsarisewhenim-
agesarecapturedundervaryingilluminationconditionsand
with cameraswith differing sensorcharacteristics.Color
constancy methodstry to overcometheseproblemsby es-
timating the surfacere�ectancepropertiesof objectsin a
sceneregardlessof sceneillumination andcameracharac-
teristics. In general,if we assumediffuse surfacere�ec-
tions,themeasuredpixelsvaluesfor camerasensorchannel
k at imagelocationi , denotedas� k (i ), arethe productof
theincidentilluminationE(� ), thesurfacere�ectanceprop-
ertiesS(i; � ) andcamerasensorchannelspectralsensitivity
Ck (� ) asa functionof thewavelengthof theincidentlight
� , integratedover thevisiblespectrum,! :

� k (i ) =
R

! E(� )S(i; � )Ck (� )d�

Thegoalof colorconstancy is to recovertheoriginalsur-
facere�ectanceproperties,S(i; � ), regardlessof the inci-
dentillumination E(� ). However, sincethreecamerasen-
sorchannelsareoftenemployed,it isonly typicallypossible
to determinethesensorresponse� k (i ) undersomecanoni-
cal cameramodel,unlessspeci�c constraintsareplacedon
theilluminantsandthesurfacecharacteristics[17].

2 Model of ImageFormation

2.1 Illumination Model

In thiswork weassumeacamerawith threesensorchan-
nelsandutilize asimpli�ed modelof how globalsceneillu-
minationaffectsthemeasuredpixel responses:

R(i ) = �S r (i ); G(i ) = � Sg(i ); B (i ) = 
 Sb(i )
In this formulation R(i ), G(i ), and B (i ) are the mea-

suredcamerasensorresponsesat eacheachpixel, Sr (i ),
Sg(i ), and Sb(i ) are the responsesof the camerasensors
undersomecanonicalilluminant, which we will call the
“true” or canonicalsurfacecolor. In this diagonalillumi-
nationmodel,theparameters� , � , and
 capturetheeffects
of theglobal sceneillumination andareconstantfor all of
the pixels in the image. In the domainof our diagonalil-
luminationmodeltheaccurateestimationof theseparame-
terspermitsthecomputationof a color featurevaluewhich
is invariant of incidentglobal sceneillumination. We can
further reducethe numberof parametersof interestby fo-
cusingon recoveringonly the“color” of thepixelsandthe
illuminant andnot their absoluteintensity. This allows us
to restrictourselvesto caseswhere
 = 1. Hence,only the
valuesof � and� needto beestimated.

We adopta color spacein which the intensityof a pixel
is inherentlyfactoredout. Wechosethefollowing log space
transformationof theoriginalmeasuredpixel values:

C1(i ) = log
�

R( i )
B ( i )

�
= log

�
�S r ( i )
Sb ( i )

�

C2(i ) = log
�

G(i )
B ( i )

�
= log

�
� Sg ( i )
Sb ( i )

�



To simplify our notation,we de�ne the following two
quantities:

S1(i ) = log
�

Sr ( i )
Sb ( i )

�
; S2(i ) = log

�
Sg ( i )
Sb ( i )

�

We choseto work in a log spacebecause,givenour di-
agonalsceneillumination model, an illumination change
amountsto a simpleshift:

C1(i ) = log(� ) + S1(i ); C2(i ) = log(� ) + S2(i )
Figure1ais a graphicrepresentationof this color space,

C1 is on theverticalaxisandC2 is on thehorizontalaxis,
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 colorcomponentvalues,notall pixelsarecreatedequal.
Sensornoiseaffectsour ability to accuratelydeterminethe
color of a pixel. In general,themeasuredcolor component
valuesof darker pixelshave higheruncertaintythanlighter
pixels. We introducea sensormodel which capturesthis
effect. We modelsensormeasurementsasGaussianscen-
teredon thetruevaluewith constantvariancenoiseparam-
eters� 2

r , � 2
g , � 2

b , asper[3]. Usingour original illumination
modelthemeasuredpixel valuesaremodeledasfollows:

R(i ) � N
�
�S r (i ); � 2

r

�
; G(i ) � N

�
� Sg(i ); � 2

g

�
;

B (i ) � N
�

 Sb(i ); � 2

b

�

If we assumethat the threecolor measurementsarein-
dependent,thejoint probabilitydensityfunctionfor asingle
measurementat locationi becomes,f (r; g; b) =

1p
2�

3
� r � g � b

exp

"

�
( r � �s r

� r )2
+

�
g � � s g

� g

� 2
+

�
b� 
 s b

� b

� 2

2

#

Sincewewill beusingatransformedversionof theorig-
inal color spacewe areinterestedin how the noiseaffects
measurementsin that transformedspace.The color space
transformationwe introducedin the previous sectionis as
follows:

C1(i ) = logR(i ) � logB (i )
C2(i ) = logG(i ) � logB (i )

C3(i ) = logB (i )
C3(i ) is introducedin orderto facilitatethetransforma-

tion of the probability densityfunction for a measurement
in theoriginal color spaceto this new color space.This is
achievedby a standardtransformationof randomvariables
involving theJacobianof thetransformation,asper[5]. Af-
terthisprocedureweobtainthefollowingexpressionfor the
joint probabilitydensityfunctionfor a singlemeasurement
in thetransformedcolorspace,g(c1; c2; c3) =

r gb=( �� 
 )
p

2�
3

� r � g � b
exp

"

�
( r � �s r
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The effect is that for a given valueof � , � , and
 , the
relative probability of a pixel measurementat its meanis

relatedto theproductof r , g; andb. In thiswork, insteadof
modelingthefull noisedistribution,wetakeasimpli�ed ap-
proachandscalethecontributionof eachpixel to ourmodel
probabilitiesby theproductof its r , g; andbvalues.

3 Parameter Estimation

In this work we evaluatetwo statisticalmethodsof esti-
matingtheglobalsceneillumination parameters:themax-
imum likelihood method,similar to color by correlation
describedin [10], and a new method which usesKL-
divergence.

3.1 Statistical Model

For both methodsof parameterestimationthat will be
evaluatedit is importantto beableto calculatetheprobabil-
ity of observinga particularcolor measurementgivena set
of illuminationparameters:

P(C1(i ); C2(i ) j �; � )
The practicaldif�culty of performingsucha computa-

tion is thatit wouldseemto benecessaryto haveadifferent
probability distribution for eachvalueof � and � . How-
ever, this can be avoided if we make the assumptionthat
the parametersof the global sceneillumination are inde-
pendentof thecanonical(“true”) colorsof theimagepixels.
This independenceassumptionseemsreasonablebecause
onewould not generallyexpectthe “true” color of an ob-
ject in the sceneto be affectedby the color of the scene
illumination. Given this assumption,it is possibleto uti-
lize a singledistribution over canonicalcolorsto compute
theprobabilityvaluesweneed.Thesingledistributionover
canonicalcolorswhichweutilize for ourcomputationtakes
thefollowing form:

P(S1(i ); S2(i ))
Notethatsincethisdistributionis strictly overthecanon-

ical colors,it is notafunctionof theilluminationparameters
� and� . For agiven,�x edsetof valuesfor theillumination
parameters,for example� = e� and� = e� , andbecause
of our independenceassumption,wecansubstituteinto our
illuminationmodelandobtain:

P(S1(i ); S2(i )) = P(C1(i ) � log(e� ); C2(i ) � log(e� ))

= P(C1(i ); C2(i ) j � = e� ; � = e� )
Thismeansthatweonly needto to maintainasingledis-

tribution over canonicalcolorsandcan “shift” that distri-
bution to computetheprobabilityof observinga particular
pixel measurement.To facilitatethe discussionin the fol-
lowing sections,weadoptthefollowing simpli�ed notation
to representthetransformedcanonicalcolor distribution:

P�;� (C1(i ); C2(i )) � P(C1(i ) � log(e� ); C2(i ) � log(e� ))



3.2 Parameter Estimation Using
Maximum Lik elihood

Whenusingthe maximumlikelihoodtechniqueto esti-
matethevaluesof � and� we would like to �nd thevalues
of theparameterswhich aremostlikely giventheobserved
data,which in ourcasearetheobservedpixel values.To do
this it is necessaryto assumea generative modelof image
formation. In this work we will assumethat the pixel val-
uesareindependentlyandidenticallydistributedasin [10].
This resultsin thefollowing expressionfor thejoint proba-
bility densityfunction,wherethen pixels in the imageare
indexedfrom 1: : : n:

P(�; � j f C1(i ); C2(i )g f or i = 1 : : : n) =
Q n

i =1
P (C1 ( i ) ;C 2 ( i ) j �;� ) P ( �;� )Q n

i =1
P (C1 ( i ) ;C 2 ( i ))

As is standardprocedurein a maximumlikelihoodfor-
mulation,if we assumea uniform prior over the illumina-
tion parametersandbecausewe areonly interestedin the
maximum likelihood valuesof theseparametersand not
their actualposteriorprobabilities,this expressioncan be
simpli�ed asfollows:

P(�; � j f C1(i ); C2(i )g f or i = 1 : : : n) /
Q n

i =1 P(C1(i ); C2(i ) j �; � )

It is customaryto reformulatethis likelihood function
in termsof the log likelihood which is monotonicin the
likelihood:

L (�; � j f C1(i ); C2(i )g f or i = 1 : : : n) =
P n

i =1 logP(C1(i ); C2(i ) j �; � )

We cannow substituteour transformedcanonicalcolor
distribution:

L (�; � j f C1(i ); C2(i )g f or i = 1 : : : n) =
P n

i =1 logP�;� (C1(i ); C2(i ))

To simplify the practical computationof this quantity
andfacilitatethecomparisonto theKL-divergencemethod
in thefollowing section,we discretizeour two dimensional
color spaceinto j = 1: : : m1 andk = 1: : : m2 bins and
de�ne p�;� (j; k) astheprobability thatobservedcolor j; k
would appearin an imagefrom thatclassgivena setof il-
luminationparameters� and� , andep(j; k) astheempirical
probability that observedcolor j; k actuallyappearsin the
speci�c imagewe are working with. Given thesede�ni-
tions,thelog likelihoodtakesthefollowing form:

L (�; � j eP) = n
P m 1

j =1

P m 2
k=1 ep(j; k) logp�;� (j; k)

Notethatthisnew expressionis now parameterizedover
thecolorsin thecolor spaceinsteadof thepixelsin theim-
age. The discretizationhasallowed us to collect up and
countall of thepixelswhich have thesamecolor andcap-
turethosecountsin theempiricaldistribution, ep(j; k).

3.3 Parameter Estimation Using
KL­Di vergence

In this work we exploretheuseof theKullback-Leibler
(KL) divergence,ameasureof theclosenessof two distribu-
tions,asa meansof selectinga setof illumination parame-
ters.Typically KL-divergenceis usedto measuretheclose-
nessbetweena true distribution, P andsomeapproximate
distribution, eP. TheKL-divergencefor a discretedistribu-
tion is de�nedasfollows,asper[2], wherem is thenumber
of classesin thediscretedistribution:

K L(Pk eP) = �
P m

x =1 p(x) log ep(x )
p(x )

The closerthe two distributionsareto oneanother, the
smallerthe KL-divergence. In this work we calculatethe
KL-divergencebetweenthe expecteddistribution of ob-
servedcolorsoverasetof imagesdrawn from someclassof
images,assuminga speci�c setof illumination parameters,
and the actualdistribution of observed colors for the spe-
ci�c imageweareworkingwith. Usingourdiscretizedtwo
dimensionalcolor spaceintroducedin theprevioussection
theKL-divergencetakesthefollowing form:

K L(P�;� k eP) = �
P m 1

j =1

P m 2
k=1 p�;� (j; k) log ep( j;k )

p�;� ( j;k )
In order to more easily comparethis to the maximum

likelihoodformulation,we notethat the summationof the
termsrelatedto the imageclassmodel is approximatelya
constantbecauseit is relatedto theentropy of thecanonical
color distribution which doesnot changesigni�cantly asit
shifted. (It is not identically a constantdueto minor clip-
ping effectsat theedgesof thecolor space.)This resultsin
thefollowing expression:
� K L (P�;� k eP) �P m 1

j =1

P m 2
k=1 p�;� (j; k) log ep(j; k) + constant

We can put the maximumlikelihood formulation in a
similar form to facilitatethecomparison:

L (�; � j eP) /
P m 1

j =1

P m 2
k=1 ep(j; k) logp�;� (j; k)

In this form, both equationsappearto be quite similar.
Oneway to understandthe differencebetweenthe two is
to evaluatethemastwo differentfunctionsfor scoringpos-
siblematchesbetweenthecanonicalcolor distribution and
theobserved,empiricalcolor distribution of animage.The
likelihoodformulationismoresensitiveto largepeaksin the
observedcolor distribution andgreatlypenalizessolutions
wherethe peakobserved imagecolors are far from what
would be expected,given a particularset of illumination
parametersand the canonicalcolor distribution. The KL-
divergenceformulation, becauseit containsa term which
is a function of the log of the observed color distribution,
is lesssensitive to largepeaksin theobservedimagecolor
distribution andtendsto be lessaffectedby imageswhich
containlargeamountsof asinglecolor. Anotherway to ex-
aminethesetwo formulationsis to identify the conditions
underwhich eachwould considera particularmatchto be
the“best” match.In thecaseof thelikelihoodformulation,



the bestmatchoccurswhenasmany of the observed col-
ors as possibleare alignedwith high likelihood colors in
thecanonicaldistribution. In thecaseof theKL-divergence
formulation,thebestmatchoccurswhentheobservedcolor
distribution is, in effect,mostsimilar to thecanonicalcolor
distribution.

3.4 Estimating the CanonicalColor Distrib ution

In orderto implementtheseparameterestimationalgo-
rithmsit is necessaryto estimatetheprobabilitydistribution
of thecanonicalcolorsfor aspeci�c imageclass:

P(S1(i ); S2(i ))
We decidedto take a simpleapproachandapproximate

this distribution as a histogram,as a table of counts. To
estimatethesecountsa setof imagesfrom thedesiredim-
ageclassis neededwith groundtruth informationregarding
theassociatedillumination parametersor, alternately, a set
of imagescapturedundera singlecanonicalilluminant and
camera.

Unfortunatelyit is quitedif�cult to collecta largenum-
ber of imagesundercontrolledconditions. To avoid this
issueweusebootstrapping, asdescribedin [15], to approx-
imate the groundtruth. What we meanby bootstrapping
in this caseis thatwe utilize theestimatesfrom someother
color constancy algorithmasa proxy for the groundtruth
for a setof images.This would seemto beproblematicin
that it might limit any algorithmbasedon theseestimates
to perform only as well as the original algorithm usedto
generatetheestimates.However, if theerrorsmadeby the
“base”algorithmarerelatively unbiased,thentheestimates
of theparametersof the resultingapproximatedistribution
will convergeto their truemeanvalues,but mayor maynot
beusefuldependingon their variance.

We choseasour imageclassnaturalimagesasmightac-
company a news article. As a dataset for bootstrapping
we usedapproximately2300randomlyselectedJPEGim-
agesfrom news siteson the web. Theseimagesconsisted
mostly of outdoorscenes,indoor news conferences,and
sportingeventscenes.(Examplesof theseimagesareavail-
ableat: http://www.cs.cmu.edu/� chuck/iccv01/.) We used
the white patchalgorithm (the illuminant is estimatedby
taking thepeakvaluein eachcolor channel)asour “base”
algorithm. We utilized the log basedcolor spacedescribed
in a previous sectionand discretizedthe color spaceinto
128� 128histogrambins,Figure1ais a graphicrepresen-
tation of that color space. We initialized eachhistogram
bin with a small numberof initial countsto implementa
smoothingpriorandcompensatefor thefactthatcertaincol-
orsmightnotappearin our trainingdata.Figure1b is aplot
of the probability distribution collected,wherelighter re-
gionsrepresenthigherprobabilityvalues,white in thecolor
spaceis at the centerof the diagram. Note that no prior

distribution over illumination parameterswascollectedbe-
causeweassumedauniformprior distributionovertheillu-
minationparameters.

4 Results

4.1 Evaluation Speci�cs

Thedatasetusedfor theevaluationwascollectedby the
ComputationalVision Lab at Simon FraserUniversity as
detailedin [14]. Two imageseachof 11 differenthouse-
hold objectsunder� vedifferentilluminantsonblackback-
groundswerecollected:two differentcoloredballs,abook,
acoffeecup,acerealbox, �o wers,a bottleof bleach,a box
of macaroni,coloredrope,ashampoobottleandadetergent
box. The � ve illuminants that wereusedwere: Halogen,
Cool White Fluorescent,UltralumeFluorescent,the Mac-
bethJudgeII 5000Fluorescent,andthe MacbethJudgeII
5000Fluorescentwith a Roscolux3202blue �lter . They
describethe camerausedto capturethe imagesasa Sony
DXC-930 3-CCD color video camerabalancedfor 3200K
lighting with gammacorrectionturnedoff. Eachimagealso
includedgray patcheswhich were usedto determinethe
best�t illumination parametersunderthe diagonalmodel.
Thesegray patcheswerecroppedbeforethe imageswere
presentedto thealgorithmsunderevaluation.Imageinten-
sity valueswerescaledby a factorof 2.5 andvaluesover
255 wereclippedto morecloselymatchthe exposureset-
tings underwhich imagesmight typically be captured,as
suggestedin [14].

Theerror in theestimatedilluminant valuesfor eachal-
gorithm is reportedasthe Euclideandistancebetweenthe
chromaticityof the“best�t” illuminant to theestimatepro-
ducedby thealgorithmbeingevaluated.(The“best �t” il-
luminantwasestimatedasdescribedin the previous para-
graph.)Thedistanceerror(wherelargerdistancesrepresent
largererrors)wasmeasuredin the following intensitynor-
malizedcolor space:

D1 = R
R+ G+ B ; D2 = G

R+ G+ B
Thiscolorspace,which is differentthantheoneusedfor

theparameterestimationprocess,wasusedbecauseit is the
samecolor spaceusedby [13] and thereforeallows for a
moredirectcomparisonof results.

4.2 Algorithm Speci�cs

In our evaluationwe comparedthe global illumination
estimationperformanceof our KL-divergencebasedalgo-
rithm to the following algorithms:the likelihoodbasedal-
gorithm describedpreviously (similar to color by correla-
tion asdescribedin [10]), grayworld,whitepatchandwhite
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Figure 1. Plot (a) is a graphic representation of the log color space , log
�

R
B

�
is on the ver tical axis and

log
�

G
B

�
is on the horizontal axis, the minim um value for both axes is in the upper left corner , this image

is availab le in color at: http://www .cs.cm u.edu/ � chuc k/iccv01/. 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 sho w structure . Plot (c) is the obser ved color distrib ution
for the book image under the MB­5000 illuminant sho wn in Figure 2. Plot (d) is the likelihood based
illuminant posterior and (e) is the equiv alent plot for KL­diver gence .

patch1%. Thegray world algorithmestimatedthe illumi-
nantusingthe meanvaluesof imagecolor channels.The
white patchalgorithm estimatedthe illuminant using the
color channelmaximums. White patch1% estimatedthe
illuminantusingtheaverageof thebrightest1%of thepixel
valuesof eachof thecolor channels,to reducenoisesensi-
tivity. To �nd thebestestimatefor theKL-divergenceand
likelihood basedalgorithms,eachof the illumination pa-
rameters,� and� wereeachdiscretizedinto 128levelsand
an exhaustive searchwasperformedover all 16384possi-
bilities.

4.3 Experimental Results

Themostbasicevaluationof thesealgorithmsis theer-
ror of the chromaticity of the estimatedilluminant. Ta-
ble 1 details the averagedistanceresults for the algo-
rithmsevaluated.Thecolumnlabeled“SE of Error” is the
standarderror, a commonmeasureof con�dence for the
meanerror measure.As this tabledemonstrates,the KL-
divergencebasedalgorithmempiricallyachievedthelowest
error, 0.0591.

Another way to evaluatethesealgorithmsis to calcu-
latetheerrorbasedoncompensatedilluminationestimates,
asper [15]. The compensationprocessattemptsto factor
out any systematicerror that an algorithmmight have, for
examplethe gray world algorithmexplicitly assumesthat
white shouldbe mappedto R = G = B , but in a spe-
ci�c canonicalcolor spacewhite might mapto someother
RGB triplet. We computeda compensationfor eachalgo-
rithm by splitting the testimagesinto two equalsizedsets
andcomputingthe meandifferencein the color estimates
betweentheimagesin thecompensationsetandtheground
truth for thoseimages.Theresultof thecompensationpro-

cessis a singleconstantvalue, for eachalgorithm,which
is addedto its estimateon the testset. Both the likelihood
algorithmandtheKL-divergencebasedalgorithmobtained
a signi�cant reductionin error throughthe compensation
process.Thelikelihoodalgorithmhadacompensatedmean
error of 0.0692(standarderror of this estimateis 0.0078)
and the KL-divergencehad a meancompensatederror of
0.0543(standarderror of this estimateis 0.0051). Even
thoughboth algorithmsbene�ted from compensation,the
KL-divergencebasedalgorithmstill achievedthelowestav-
erageerror.

Algorithm MeanDistanceError SEof Error

WhitePatch 0.0999 0.0059
White Patch1% 0.0837 0.0042

GrayWorld 0.0833 0.0054
Likelihood 0.0810 0.0064

KL-Di vergence 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, a common
measure of con�dence of the mean distance
error.

It is also informative to look at examples of spe-
ci�c images. Figure 2 contains imagesof the “book”
object, a predominantly yellow object, where the KL
algorithm works particularly well when compared to
the other algorithms evaluated here. (Note that all
of the images in this �gure are color imagesavailable



at: http://www.cs.cmu.edu/� chuck/iccv01/ andwerepost-
processedafter being color correctedso that they would
have the sameaverageintensity to facilitatea direct com-
parison.) The KL algorithm performsbetter becauseit
giveshigherweight to thenon-yellow colorsin the image,
whereasthe likelihoodalgorithmtries to shift thepredom-
inant color towardsgray. This effect can be observed in
theplotsof theposteriorilluminantdistributionin Figure1,
sub�gures(d)and(e). A similarresultwasobservedoverall
the“book” imagesin thedataset,not just thesingleexam-
ple includedin �gure 2. Themeanuncompensatederrorfor
the “book” objectover all illuminantswas0.0390for the
KL algorithm versus0.2421for the likelihood algorithm.
Therewas also a single imageof a speci�c object in our
testsetin which theKL algorithmdid muchworsethanthe
likelihood algorithm, it achieved an uncompensatederror
of 0.2144versus0.1033for thelikelihoodbasedalgorithm.
In this imageof the “ball1” object,oneof thecolorshada
verylow measuredintensityunderhalogenilluminationand
theKL algorithmalignedneutralgraywith oneof thepri-
marycolorsin theimage.It shouldbenotedthattheoverall
meanuncompensatederrorover all illuminantsfor this ob-
ject was0.1431versus0.1394,bothalgorithmsperforming
similarly. (Color imagesof this exampleareavailableat:
http://www.cs.cmu.edu/� chuck/iccv01/.)
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Figure 3. This is a plot of the maxim um ap­
proximation error versus entr opy threshold
for the KL­diver gence algorithm. (See the text
for more details.)

Anotherimportantaspectof color constancy which has
oftenbeenoverlooked,but wasrecentlyexploredin [9] with
anothertechnique,is the ability of an algorithmto gener-
atesomemeasureindicativeof thequality of its prediction.
Although we have not completedan in depthevaluation,
we have empiricallyexaminedthis issue.Themeasurewe
computedwasanentropy-likemeasure:wetreatedtheneg-
ativeof theKL-divergenceof eachilluminantestimateasif
it werea log probabilityvalueandcalculatedtheentropy of

thatdistribution. Thismeasurehasthepropertythatif there
tendsto bea singledominantpeak,theentropy will below.
And if thereis noclearlysuperiorsolution,theentropy will
behigh. Figure3 plotsmaximumerroron theverticalaxis
andthe entropy thresholdvalueon the horizontalaxis for
the imagesin our testset. Theentropy thresholdvaluecan
beinterpretedasfollows: all of theimageswhoseestimates
hadan entropy value lessthan the thresholdvalueare in-
cludedin that datapoint on the graph. So at the left hand
sideof the graphonly the imageswith the lowestentropy
estimatesareincludedandon theright handsideall of the
imagesin the testsetare included. As this graphdemon-
strates,thereis a strongcorrelationbetweenthis entropy
measureand the maximumobserved error. This suggests
that this might provide a useful meansof estimatingthe
worst-caseerror of a particularestimategeneratedby the
algorithm.

5 RelatedWork

Many color constancy methodshave beendescribedin
the literature: [17], [16], [11], [7], [12], [13], [4], [8],
[1], [19], [15], [10]. Oneclassof algorithmsdescribedby
Forsyth[11] andFinlayson[7] utilizesconstraintsaboutthe
distribution of theextremecolorsin an imageanda search
procedureto determinethetransformationwhichbestsatis-
�es thegivenconstraints.Funt [13] usesa neuralnetwork
which takesasinput theimagecolor histogramto estimate
chromaticities. Recentwork by Funt [15] hasmadeuse
of bootstrappingtechniques,aswasusedhere,asa source
of training data. Freemanand Brainard, in [12] and [4],
also describea probabilistic model and attemptto solve
the moreambitiousproblemof recovering full surfacere-
�ectancespectra.

The work presentedhereis mostclosely relatedto the
workdescribedbyFinlayson[8], [10] andSapiro[19]. Both
of thealgorithmsdescribedin thesepapersarethebasisof
themaximumlikelihoodapproachthatwe useasa bench-
mark for evaluatingour algorithm. Both, in effect, assume
a generative model of the dataand �nd a set of parame-
terswhich have the maximumlikelihoodgiven the model
andtheobserveddata. Our techniqueis differentin that it
utilizes a distancemeasurebetweendistributions, the KL
divergence,to selecta setof estimatedparameters.

6 Conclusionsand Future Work

We have demonstratedempirically that KL-divergence
appearsto be a robust meansof estimatinga goodset of
globalilluminationparameters,outperforminganalgorithm
we evaluatedwhich usedmaximumlikelihoodasits basis.
One possibleexplanationfor this is that the probabilistic



Uncorrected BestFit Likelihood KL-Di vergence

Figure 2. An example of an image where the KL algorithm works par ticularl y well is the “book” image,
captured here under the MB­5000 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 speci�c 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 availab le at: http://www .cs.cm u.edu/ � chuc k/iccv01/.)

modelstypically usedin thesemaximumlikelihoodsettings
donotaccuratelymodelthegenerativeprocessof imagefor-
mation. It is possiblethat with a bettergenerative model
(possiblyonewhichexplicitly modelsthedependenciesbe-
tweenmeasuredpixel colors),themaximumlikelihoodap-
proachwould farebetter. However, building sucha model
is nosimpletask.Ourexperimentsalsoempiricallydemon-
stratedthatanentropy-like measurecanbe usedto predict
aboundon themaximumerrorof theilluminantestimate.

Therearea numberof directionsfor future work. The
�rst is to improve the speedof our algorithm. Currently
we exhaustively searchfor the bestestimate. We believe
that a gradientdescentlike approachor a multi-resolution
approachin color spacewould be fasterandyield similar
quality results.We would alsolike to betterunderstandthe
roleof thecanonicalcolordistributionandhow tightly cou-
pled it is to obtaininggood resultsfor a speci�c classof
images. We would also like to explore the useof a para-
metric model of the canonicalcolor distribution to seeif
it would work aswell asthehistogrambasedapproachwe
have taken. A parametricmodelhastheadvantageof hav-
ing lessfreeparametersandrequiringlessdatato train.
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