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Abstract

Estimatingthecolor of a sceneilluminant oftenplaysa
central role in computationalcolor constancy. While this
problemhasreceivedsigni�cant attention,themethodsthat
exist do not maximally leverage spatial dependenciesbe-
tweenpixels.Indeed,mostmethodstreattheobservedcolor
(or its spatial derivative) at each pixel independentlyof
its neighbors. We proposean alternativeapproach to illu-
minantestimation—onethat employsan explicit statistical
modelto capture the spatial dependenciesbetweenpixels
inducedby the surfacesthey observe. The parameters of
this modelare estimatedfrom a training setof natural im-
agescapturedundercanonicalillumination, andfor a new
image, anappropriatetransformis foundsuch that thecor-
rectedimagebest�ts our model.

1. Intr oduction

Color is usefulfor characterizingobjectsonly if wehave
a representationthat is unaffectedby changesin sceneillu-
mination.As thespectralcontentof anilluminant changes,
sodoesthespectralradianceemittedby surfacesin ascene,
and so do the spectralobservations collected by a tri-
chromaticsensor. For color to be of practicalvalue, we
requiretheability to computecolor descriptorsthatarein-
variantto thesechanges.

As a �rst step, we often considerthe casein which
thespectrumof the illumination is uniform acrossa scene.
Here,thetaskis to computea mappingfrom aninput color
imagey(n ) to anilluminant-invariantrepresentationx (n ).
What makes the task dif�cult is that we do not know the
input illuminanta priori .

The task of computinginvariant color representations
hasreceived signi�cant attentionundera variety of titles,
includingcolorconstancy, illuminantestimation,chromatic
adaptation,and white balance. Many methodsexist, and
almostall of themleveragethe assumedindependenceof
eachpixel. Accordingto this paradigm,spatialinformation
is discarded,andeachpixel in anaturalimageis modeledas
anindependentdraw. Thewell-known grey world hypoth-
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Figure 1. Color distributions underchangingillumination. Im-
ages(a,b)weregeneratedsyntheticallyfrom a hyper-spectralre-
�ectanceimage[12], standardcolor�lters andtwo differentillumi-
nantspectra.Abovearescatterplotsfor theredandgreenvaluesof
(c,d)individualpixels;and(e,f)8� 8 imagepatchesprojectedonto
a particularspatialbasisvector. Black linesin (c-f) correspondto
theilluminantdirection.Thedistributionof individualpixelsdoes
not disambiguatebetweendominantcolors in the imageandthe
colorof theilluminant.

esisis a goodexample; it simply statesthat the expected
re�ectancein an imageis achromatic[14]. A wide vari-
ety of moresophisticatedtechniquestake this approachas
well. Methodsbasedon thedichromaticmodel[10], gamut
mapping[8, 11], color by correlation[9], Bayesianinfer-
ence[1], neuralnetworks [3], andthe grey edgehypothe-



sis[16] aredistinctin termsof thecomputationaltechniques
they employ, but they all discardspatialinformationandef-
fectively treatimagesas“bagsof pixels.”

Bag-of-pixelsmethodsdependonthestatisticaldistribu-
tionsof individual pixels andignoretheir spatialcontexts.
Suchdistributionsconvey only meagerilluminant informa-
tion, however, becausethe expectedbehavior of the mod-
els is counterbalancedby thestrongdependenciesbetween
nearbypixels. This is demonstratedin Figure 1(c,d), for
example,whereit is clearlydif�cult to infer the illuminant
directionwith highprecision.

In this paper, we breakfrom thebag-of-pixelsparadigm
bybuilding anexplicit statisticalmodelof thespatialdepen-
denciesbetweennearbyimagepoints.Theseimagedepen-
denciesechothoseof thespatially-varyingre�ectanceof an
observedscene,andwe show that they canbeexploitedto
distinguishtheilluminant from thenaturalvariability of the
scene(Figure1(e,f)).

We describean ef�cient methodfor inferring sceneil-
luminationby examiningthestatisticsof naturalcolor im-
agesin thespatio-spectralsense.Thesestatisticsarelearned
from imagescollectedundera known (canonical)illumi-
nant.Then,givenaninputimagecapturedunderaunknown
illuminant, we canmap it to its invariant (canonical)rep-
resentationby �tting it to the learnedmodel. Our results
suggestthat exploiting spatialinformationin this way can
signi�cantly improveourability to achievechromaticadap-
tation.

The restof this paperis organizedas follows. We be-
gin with a brief review of a standardcolor imageformation
modelin Section2. A statisticalmodelfor asinglecolorim-
agepatchis introducedin Section3,andtheoptimalcorrec-
tive transformfor the illuminant is foundvia model-�tting
in Section4. The proposedmodel is empirically veri�ed
usingavailabletrainingdatain Section5.

2. Background: ImageFormation

We assumea Lambertianmodelwherex : R � Z2 !
[0; 1] is the diffuse re�ectivity of a surfacecorresponding
to the imagepixel location n 2 Z2 as a function of the
electromagneticwavelength� 2 R in thevisiblerange.The
tri-stimulusvaluerecordedby acolor imagingdevice is

y (n ) =
Z

f (� )`(� )x(�; n ) d� , (1)

where y (n ) = [yf 1g(n ); yf 2g(n ); yf 3g(n )]T is the tri-
stimulus (e.g. RGB) value at pixel location n cor-
responding to the color matching functions f (� ) =
[f f 1g(� ); f f 2g(� ); f f 3g(� )]T , f f 1g; f f 2g; f f 3g : R !
[0; 1], and` : R ! R is thespectrumof theilluminant.

Our task is to mapa color imagey(n ) taken underan
unknown illuminant to an illuminant-invariantrepresenta-

tion x (n )1. In general,this computationalchromaticadap-
tationproblemis ill-posed. To make it tractable,we make
the standardassumptionthat the mappingfrom y to x is
algebraic/linear;andfurthermore,thatit is adiagonaltrans-
form (in RGBor someotherlinearcolorspace[7]). Thisas-
sumptioneffectively imposesjoint restrictionson thecolor
matchingfunctions,thescenere�ectivities, andthe illumi-
nantspectra[5, 17]. Underthis assumptionof (generalized)
diagonaltransforms,we canwrite:

y (n ) = Lx (n ), (2)

where L = diag(` ), ` 2 R3, x (n ) =
[x f 1g(n ) x f 2g(n ) x f 3g(n )]T 2 [0; 1]3, and f is im-
plicit in thealgebraicconstraintsimposed.

3. Spatio-SpectralAnalysis

Studies in photometryhave establishedthat the dif-
fuse re�ectivity for real-world materialsas a function of
� are typically smooth and can be taken to live in a
low-dimensionallinear subspace[15]. That is, x(�; n ) =
P T � 1

t =0 � t (� )ct (n ), where� t : R ! R is the basisand
ct (n ) 2 R arethecorrespondingcoef�cients thatdescribes
the re�ectivity at location n . Empirically, we observe
that the basebandre�ectance� 0 is constantacrossall �
(� 0(� ) = � 0) and the spatialvariancealong this dimen-
sion(i.e., thevariancein c0(n )) is disproportionatelylarger
thanthatalongtherest.

Thecolorimagey canbewrittenasasumof thebaseline
andresidualimages:

y (n ) = y lum(n ) + ychr(n )

y lum(n ) =
Z

f (� )`(� )� 0c0(n ) d� = ` � 0c0(n )

ychr(n ) =
T � 1X

t =1

Z
f (� )`(� )� t ct (n ) d� . (3)

Here,thebaseline“luminance”imagecontainsthemajority
of energy in y and is proportionalto the illuminant color
` 2 R3; we seefrom Figure2 that y lum marksthe inter-
object boundariesand intra-objecttextures. The residual
“chrominance”image describesthe “deviation” from the
baselineintensityimage,capturingthe“color” variationsin
re�ectance.Also, unlike the luminanceimage,it is largely
void of high spatialfrequency content.

Existing literature in signal processingprovides addi-
tional evidencethatychr is generallya low-passsignal.For
instance,Gunturket al. [13] have shown that the Pearson
product-momentcorrelationcoef�cient is typically above

1For convenience,we refer to x (n ) as the re�ectanceimage and to
` asthe illuminant color. In practicethesemay be, respectively, the im-
ageundera canonicalilluminant andtheentriesof a diagonal“relighting
transform”.Theseinterpretationsaremathematicallyequivalent.



Figure 2. Decompositionof (left column) a color imagey into
(middlecolumn)luminancey lum and(right column)chrominance
y chr components. Log-magnitudeof the Fourier coef�cients in
(bottomrow) correspondto the imagesin (top row), respectively.
Owing to the edgeand texture information that compriselumi-
nanceimage,luminancedominateschrominancein thehigh-pass
componentsof y .

0.9 for high-passcomponentsof yf 1g, yf 2g, and yf 3g—
suggestingthaty lum dominateshigh-passcomponentsof y .
Figure2 also illustratesFourier supportof a typical color
imagetakenundera canonicalilluminant, clearlycon�rm-
ing the band-limitednessof ychr. Theseobservationsare
consistentwith the contrastsensitivity function of human
vision[14] aswell as the notion that the scenere�ectivity
x(�; n ) is spatiallycoherent,with a high concentrationof
energy at low spatialfrequencies.

All of this suggeststhat decomposingimagesby spa-
tial frequency canaid in illuminant estimation.High-pass
coef�cients of an imagey will be dominatedby contribu-
tions from the luminanceimagey lum, andthecontribution
of ychr (andthusthescenechrominancex lum) will be lim-
ited. Sincetheluminanceimagey lum providesdirect infor-
mationabouttheilluminantcolor (equation(3)), sotoowill
the high-passimagecoef�cients. This is demonstratedin
Figure1(e,f),whichshowsthecolorof 8� 8 imagepatches
projectedontoahigh-passspatialbasisfunction.

In subsequentsections,we developa methodto exploit
the `extra information' available in (high-passcoef�cients
of) spatialimagepatches.

3.1. Statistical Model

We seekto developa statisticalmodelfor a
p

K �
p

K
patch whereX f 1g; X f 2g and X f 3g 2 RK are cropped
from x f 1g(n ); x f 2g(n ) and x f 3g(n ) respectively. Rather
thanusingageneralmodelfor patchesof size

p
K �

p
K �

3, we employ a spatial decorrelatingbasisand represent
suchpatchesusinga mutuallyindependentcollectionof K
three-vectorsin termsof this basis.We usethediscreteco-
sine transform(DCT)here,but the discretewavelet trans-
form(DWT), steerablepyramids, curvelets,etc. are other
commontransformdomainsthat could alsobe used. This
gives us a set of basisvectorsf D k gk=0 ::: (K � 1) 2 RK

wherewithout lossof generality, D 0 canbe taken to cor-
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Figure3. Eigen-vectorsof thecovariancematrices� k . Thepat-
tern in eachpatchcorrespondsto a basisvectorusedfor spatial
decorrelation(in this casea DCT �lter) andthe colorsrepresent
the eigen-vectorsof the corresponding� k . The right-mostcol-
umncontainsthemostsigni�cant eigen-vectorsthatarefoundto
beachromatic.

respondto thelowestfrequency componentor DC.
By using this decorrelatingbasis,modeling the distri-

bution of color imagepatchesX reducesto modelingthe
distribution of three-vectorsD T

k X 2 R3, 8k, whereD k

computestheresponseof eachof X f 1g; X f 2g andX f 3g to
D k suchthat

D T
k X =

2
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The DC componentfor natural imagesis known to have
nearuniform distributions[4]. The remainingcomponents
aremodeledasGaussian.Formally,

D T
0 X i.i.d.� U(� min � � max)

D T
k X i.i.d.� N (0; � k ); k > 0, (5)

where� k = E[D T
k X X T D k ], and[� min; � max] is therange

of the DC coef�cients. The probability of the entire re-
�ectanceimagepatchis thengivenby

P(X ) /
Y

k> 0

1
det(� k )1=2

exp
�

�
1
2

(D T
k X )T � � 1

k D T
k X

�
:

(6)
We can gain further insight from looking at the sam-

ple covariancematricesf � k g computedfrom a setof nat-
ural imagestaken under a single (canonical)illuminant.
Theeigenvectorsof � k representdirectionsin tri-stimulus
space,and Figure 3 visualizesthesedirectionsfor three
choicesof k. For all K > 0 we �nd that the mostsignif-
icanteigenvectoris achromatic,andthat thecorresponding
eigenvalueis signi�cantly larger than the other two. This
is consistentwith the scatterplots in Figure1, wherethe



distributionshave a highly eccentricelliptical shapethat is
alignedwith theilluminantdirection.

4. Estimation Algorithm

In the previous section,a statisticalmodel for a single
color patchwas proposed. The parametersof this model
canbe learned,for example,from a trainingsetof natural
imageswith a canonicalillumination. In this section,we
developa methodfor color constancy thatbreaksanimage
into a“bagof patches”andthenattemptsto �t thesepatches
to sucha learnedmodel.

Let diag(w); w = [1=`f 1g 1=`f 2g 1=`f 3g] representthe
diagonaltransformthat mapsthe observed image to the
re�ectance image (or image under a canonicalillumina-
tion). Dividing theobservedimageinto asetof overlapping
patchesf Yj g, we wish to �nd thesetof patchesf X̂ j (w )g
thatbest�t thelearnedmodelfrom theprevioussection(in
termsof log-likelihood)suchthat8j , X̂ j is relatedto Yj as

X̂ j (w ) =
�
wf 1gY f 1g

j

T
wf 2gY f 2g

j

T
wf 3gY f 3g

j

T
� T

: (7)

We chooseto estimatew by model-�tting asfollows:

w = argmax
w 0

X

j

logP
�

X̂ j (w 0)
�

: (8)

It is clearthat (8) alwaysadmitsthe solutionw = 0. We
thereforeaddthe constraintthat w T w = 3 (so that w =
[1 1 1]T whenY is takenundercanonicalillumination).

This constrainedoptimizationproblemadmitsa closed
form solution. To see this, let the eigen-vectors
and eigen-values for � k be given by f V kh =
[Vf 1g

kh Vf 2g
kh Vf 3g

kh ]gh= f 1;2;3g and f � 2
kh gh= f 1;2;3g respec-

tively. Thenequation(8) simpli�es as

w = argmin
w 0

X

j;k > 0;h

1
2� 2

kh

�
w0f 1gVf 1g

kh D T
k Y f 1g

j

+ w0f 2gVf 2g
kh D T

k Y f 2g
j + w0f 3gVf 3g

kh D T
k Y f 3g

j

� 2

= argmin
w 0

X

j;k > 0;h

1
2� 2

kh
w 0T a j kh aT

j kh w 0

= argmin
w 0

w 0T Aw 0; (9)

subjectto w T w = 3, where

a j kh =
h
Vf 1g

kh D T
k Y f 1g

j Vf 2g
kh D T

k Y f 2g
j Vf 3g

kh D T
k Y f 3g

j

i T

A =
X

j;k > 0;h

a j kh aT
j kh

2� 2
kh

: (10)

Thesolutioncannow befoundby aneigen-decomposition
of A . Note that the equivalue contoursof w 0T Aw 0 are

��

p
3e

w T w = 3

e

Figure4. Theconcentricellipsescorrespondto theequivaluecon-
toursof w 0T Aw 0. The optimal point on the spherew T w = 3
thereforelies on themajoraxisof theseellipses.

ellipsoidsof increasingsize whoseaxes are given by the
eigen-vectorsof A . Therefore,thepointwherethesmallest
ellipsoid touchesthew T w = 3 sphereis alongthe major
axis, i.e. the eigen-vectore of A that correspondsto the
minimumeigen-value.Thesolutionto (8) is thengivenbyp

3e. This is illustratedin Figure4.

5. Experimental Results

In this section,we evaluatetheperformanceof thepro-
posedmethodon a databasecollectedspeci�cally for color
constancy research[6]. While this databasesuffers from
a variety of non-idealities—JPEGartifacts,demosaicking,
non-lineareffectssuchasgammacorrection,etc.— it is fre-
quentlyusedin the literatureto measurethe performance
and thereforeprovides a useful benchmark[6, 16]. The
databasecontainsa largenumberof imagescapturedin dif-
ferent lighting conditions. Every imagehasa small grey
spherein thebottomright cornerthatprovidesthe“ground
truth”. Sincethe sphereis known to be perfectlygrey, its
meancolor (or rather, the meancolor of the 5% brightest
pixels to accountfor thespherebeingpartially in shadow)
is takento bethecolor of theilluminant.

Trainingwasdoneon all overlappingpatchesin a setof
100imagesthatarecolorcorrectedbasedonthesphere,i.e.
for eachimagetheilluminantwasestimatedfrom thesphere
andthenevery pixel wasdiagonallytransformedby thein-
verseof the illuminant. The patchsizewaschosento be
8 � 8 andtheDCT wasusedfor spatialdecorrelation.For
“relighting” images,wechoseto applydiagonaltransforms
directly in RGB color space,andit is importantto keepin
mind thattheresultswould likely improve(for all methods
weconsider)by �rst “sharpening”thecolormatchingfunc-
tions(e.g. [5, 7]).

Theperformanceof theestimationalgorithmwasevalu-
atedon 20 imagesfrom the samedatabase.Theseimages
werechosena-priori suchthatthey did not representany of
thescenesusedin training,andalsosuchthatthespherewas
approximatelyin thesamelight astherestof thescene.The



(a)
10:4� 3:3� 0:98�

(b)
3:1� 8:1� 1:5�

(c)
4:1� 5:5� 1:2�

(d)
0:55� 0:48� 1:7�

Un-processedImage Grey World Grey Edge ProposedMethod
Figure5. A selectionof imagesfrom the testsetandthe color correctedversionsfrom the differentalgorithmswith the corresponding
angularerrorsshown.

# Grey-World[2] Grey-Edge[16] Proposed
Method

1 7:4� 5:9� 2:5 �

2 4:1� 5:5� 1:2 �

3 10:4� 3:3� 0:98 �

4 3:1� 8:1� 1:5 �

5 11:3� 1:8� 0:31 �

6 4:3� 1:8� 0:90 �

7 2:2� 4:2� 1:4 �

8 4:4� 1:9� 1:2 �

9 3:3� 1:7� 1:1 �

10 2:6� 0:91� 0:42 �

11 4:4� 1:9� 1:7 �

12 2:5 � 3:6� 2:6�

13 2:4� 2:1 � 2:6�

14 4:6� 0:80 � 1:4�

15 14:7� 6:8 � 7:7�

16 7:2� 2:2 � 3:1�

17 13:7� 0:96 � 1:9�

18 6:9� 3:1 � 4:3�

19 0:55� 0:48 � 1:7�

20 3:9� 0:08 � 2:2�

Mean 5:7� 2:9� 2:0 �

Table1. Angularerrorsfor differentcolor constancy algorithms.

proposedalgorithmwascomparedwith theGrey-World[2]
andGrey-Edge[16] methods.An implementationprovided

by the authorsof [16] was usedfor both thesemethods,
and for Grey-Edge the parametersthat were describedin
[16] to performbestwerechosen(i.e. second-orderedges,
a Minkowski norm of 7 anda smoothingstandarddevia-
tion of 5). For all algorithms,theright portionof theimage
wasmaskedoutsothatthespherewouldnotbeincludedin
theestimationprocess.Theangulardeviationof thesphere
color in the correctedimagefrom [1 1 1]T waschosenas
theerrormetric.

Table 1 shows the angularerrorsfor eachof the three
algorithmsfor all images. Theproposedmethoddoesbet-
ter thanGrey-World in 17 andbetterthanGrey-Edge in 12
of the 20 images. Someof the actualcolor correctedim-
agesareshown in Figure5. In Figure5(a-c),theproposed
methodoutperformsboth Grey-World and Grey-Edge. In
the�rst case,weseethatsincetheimagehasgreenasavery
dominantcolor, Grey-World performspoorly andinfersthe
illuminant to be green. For images(b) and (c), thereare
many edges(e.g. theroof in (c)) with thesamecolor distri-
bution acrossthem,andthis causestheGrey-Edge method
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Figure6. This box-plotsummarizesthe performanceof threein-
dividual spatialcomponents(D k ), showing themedianandquan-
tilesof angularerrorsacrossthetestset.Thesearealsocompared
to the Grey World(GW) andGrey Edge(GE) algorithms,andthe
proposedmethodthatcombinescuesfrom all spatialcomponents.
The proposedmethodperformsbest—having the lowestaverage
erroraswell asthesmallestvariance.

to performpoorly. In bothcases,theproposedmethodben-
e�ts from spatialcorrelationsandcuesfrom complex image
features.In Figure5(d),bothGrey-World andGrey-Edgedo
betterthanthe proposedmethod. This is becausemostof
theobjectsin thescenearetruly achromatic(i.e. their true
color is grey/white/black)and thereforethe imageclosely
satis�estheunderlyinghypothesisfor thosealgorithms.

Finally, theperformanceof eachindividual spatialsub-
bandcomponentwasevaluated.That is, we observedhow
well the proposedmethodperformedwhen estimatingw
usingthestatisticsof eachD k Y j alone,for everyk. Figure
6 shows a box-plot summarizingthe angularerrorsacross
thetestsetfor threerepresentativevaluesof k andcompares
themwith theGrey-World andGrey-Edgealgorithmaswell
as the proposedmethodwhich combinesall components.
EachsinglecomponentoutperformsGrey-World andsome
arecomparableto Grey-Edge. Theproposedmethod,which
usesastatisticalmodelto weightandcombinecuesfrom all
components,performsbest.

6. Conclusionand Future Work

In this paper, we presenteda novel solutionto thecom-
putationalchromaticadaptationtaskthroughanexplicit sta-
tistical modelingof the spatialdependenciesbetweenpix-
els. Local imagefeaturesare modeledusing a combina-
tion of spatially decorrelatingtransformsand an evalua-
tion of the spectralcorrelationin this transformdomain.
Theexperimentalveri�cationssuggestthatthis joint spatio-
spectralmodelingstrategy is effective.

Theideasexploredin thispaperunderscoresthebene�ts
to exploiting spatio-spectralstatisticsfor color constancy.
We expect further improvementsfrom a likelihoodmodel
basedon heavy-tailedprobabilitydistribution functionsfor

the transformcoef�cients. Also, many bag-of-pixel ap-
proachesto color constancy can be adaptedto use bags
of patchesinstead,especiallyBayesianmethods[1] that �t
naturallyinto our statisticalframework. Finally, examining
spatially-varyingilluminationis alsowithin thescopeof our
futurework.
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