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Abstract

Estimatingthe color of a scendlluminant oftenplaysa
cential role in computationalcolor constancy While this
problemhasreceivedsigni cant attention themethodghat
exist do not maximally leverage spatial dependenciebe-
tweenpixels.Indeedmostmethoddreattheobservedolor
(or its spatial derivative) at eath pixel independentlyof
its neighbos. We proposean alternativeapproad to illu-
minantestimation—on¢hat employsan explicit statistical
modelto captue the spatial dependenciebetweenpixels
inducedby the surfacesthey observe The parametes of
this modelare estimatedrom a training setof natural im-
agescaptued undercanonicalillumination, andfor a new
image, an appropriatetransformis foundsud thatthe cor-
rectedimage best ts our model.

1. Intr oduction

Coloris usefulfor characterizingbjectsonly if we have
arepresentatiothatis unafectedby changesn scendllu-
mination. As the spectrakcontentof anilluminant changes,
sodoesthe spectraradianceemittedby surfacesn ascene,
and so do the spectral obsenations collected by a tri-
chromaticsensar For color to be of practicalvalue, we
requirethe ability to computecolor descriptorghatarein-
variantto thesechanges.

As a rst step, we often considerthe casein which
the spectrumof theillumination is uniform acrossa scene.
Here,thetaskis to computea mappingfrom aninput color
imagey (n) to anilluminant-invariantrepresentatior (n).
What makes the task dif cult is that we do not know the
inputilluminanta priori.

The task of computinginvariant color representations
hasreceved signi cant attentionundera variety of titles,
includingcolor constang, illuminant estimationchromatic
adaptation,and white balance. Many methodsexist, and
almostall of themleveragethe assumedndependencef
eachpixel. Accordingto this paradigm spatialinformation
is discardedandeachpixelin anaturalimageis modeledas
anindependentraw. Thewell-known grey world hypoth-
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Figure 1. Color distributions under changingillumination. Im-

ages(a,b) were generatedsyntheticallyfrom a hyperspectralre-
ectanceimage[12, standaratolor Iters andtwo differentillumi-

nantspectraAbove arescattemplotsfor theredandgreernvaluesof
(c,d)individualpixels;and(e,f)8 8imagepatchegprojectedbnto
aparticularspatialbasisvector Blacklinesin (c-f) correspondo
theilluminantdirection. Thedistribution of individual pixelsdoes
not disambiguatéetweendominantcolorsin the imageandthe
color of theilluminant.
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esisis a good example; it simply statesthat the expected
re ectancein animageis achromatic[14]. A wide vari-
ety of more sophisticatedechniquegdake this approachas
well. Methodsbasedn thedichromaticmodel[10], gamut
mapping[8, 11], color by correlation[9], Bayesianinfer-
ence[1], neuralnetworks [3], andthe grey edgehypothe-



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

Bag-of-pixelsmethodddependnthestatisticaldistribu-
tions of individual pixels andignoretheir spatialcontexts.
Suchdistributionscorvey only meageiilluminantinforma-
tion, however, becausdahe expectedbehaior of the mod-
elsis counterbalancelly the strongdependenciebetween
nearbypixels. This is demonstratedn Figure 1(c,d), for
example,whereit is clearly dif cult to infer theilluminant
directionwith high precision.

In this paper we breakfrom the bag-of-pixelsparadigm
by building anexplicit statisticaimodelof thespatialdepen-
denciesbetweemearbyimagepoints. Theseimagedepen-
dencieschothoseof thespatially-\aryingre ectanceof an
obsenedsceneandwe shav thatthey canbe exploitedto
distinguishtheilluminantfrom the naturalvariability of the
scengFigurel(e,f)).

We describean ef cient methodfor inferring sceneil-
luminationby examiningthe statisticsof naturalcolor im-
agedn thespatio-spectradenseThesestatisticsarelearned
from imagescollectedundera known (canonical)illumi-
nant.Then,givenaninputimagecapturedunderaunknown
illuminant, we canmapit to its invariant(canonical)rep-
resentatiorby tting it to the learnedmodel. Our results
suggesthat exploiting spatialinformationin this way can
signi cantly improve our ability to achieve chromaticadap-
tation.

The restof this paperis organizedasfollows. We be-
gin with a brief review of a standardcolorimageformation
modelin Section?. A statisticaimodelfor asinglecolorim-
agepatchisintroducedn Section3, andtheoptimalcorrec-
tive transformfor theilluminant is found via model- tting
in Section4. The proposedmodelis empirically veri ed
usingavailabletrainingdatain Section5.

2. Background: Image Formation

We assumea Lambertianmodelwherex : R Z2 |
[0; 1] is the diffusere ectivity of a surfacecorresponding
to the imagepixel locationn 2 Z? asa function of the
electromagnetiwvavelength 2 R inthevisiblerange.The
tri-stimulusvaluerecordedoy a colorimagingdevice is

Z
y(n)y=£(C)()x(;n)d, (1)
wherey(n) = [y"19(n);y"29(n);y"39(n)]" is the tri-
stimulus (e.g. RGB) value at pixel location n cor
respondingto the color matching functions f ( ) =
[fflg( );ff29( );ff3g( )]T’ fflg;ffZg;ff3g R I
[0;1],and” : R! R isthespectrunof theilluminant.

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

tion x (n)?. In generalthis computationathromaticadap-
tation problemis ill-posed. To make it tractable we make
the standardassumptiorthat the mappingfrom y to x is
algebraic/linearandfurthermorethatit is adiagonatltrans-
form (in RGB or someotherlinearcolorspace[]). Thisas-
sumptioneffectively imposegoint restrictionson the color
matchingfunctions,the scenere ectivities, andthe illumi-
nantspectra[517]. Underthis assumptiorof (generalized)
diagonaltransformsywe canwrite:

y(n) = Lx (n), @)

where L = diag’), ° 2 R% x(n) =
[xf19(n) x"29(n) x39(n)]T 2 [0;1, andf is im-
plicit in thealgebraicconstraintsmposed.

3. Spatio-SpectralAnalysis

Studiesin photometry have establishedthat the dif-
fuse re ectivity for real-world materialsas a function of
are typically smooth and can be taken to live in a
w-dimensionallinear subspace[15 Thatis, x(; n) =

th01 t( )e(n), where ¢ : R ! R is the basisand
c(n) 2 R arethecorrespondingoefcients thatdescribes
the re ectivity at location n. Empirically, we obsene
that the basebande ectance ¢ is constantacrossall
( o( ) = o) andthe spatialvariancealong this dimen-
sion(.e., thevariancein co(n)) is disproportionatelyarger
thanthatalongtherest.

Thecolorimagey canbewrittenasasumof thebaseline

andresidualimages:
y(n) :)Qum(n) + Yen(N)

FC)() oCo(n)d ="
X 14
f()() wa(m)d. @)

Yium(n) = 0Co(N)

Yen(N) =
t=1

Here thebaselinéluminance”imagecontainghemajority
of enegy in y andis proportionalto the illuminant color
* 2 R3; we seefrom Figure 2 thaty,m marksthe inter-
object boundariesand intra-objecttextures. The residual
“chrominance”image describesthe “deviation” from the
baselinantensityimage,capturingthe“color” variationsin
re ectance.Also, unlike the luminanceimage,it is largely
void of high spatialfrequeng content.

Existing literaturein signal processingprovides addi-
tional evidencethaty ¢, is generallya low-passsignal. For
instance,Gunturket al. [13] have shavn thatthe Pearson
product-momentorrelationcoefcient is typically above

1For corvenience,we referto x (n) asthe re ectanceimage andto
* astheilluminant color. In practicethesemay be, respectiely, theim-
ageundera canonicalilluminant andthe entriesof a diagonal‘relighting
transform”. Theseinterpretationaremathematicallyequivalent.



Figure 2. Decompositionof (left column) a color imagey into
(middle column)luminancey um and(right column)chrominance
Ychr cOMponents. Log-magnitudeof the Fourier coefcients in
(bottomrow) correspondo theimagesin (top row), respectiely.
Owing to the edgeand texture information that compriselumi-
nanceimage,luminancedominateshrominancen the high-pass
componentsfy.

0.9 for high-passcomponentsof yf19, yf29, andyf39—
suggestinghaty,m dominatesigh-passomponentsfy.

Figure 2 alsoillustratesFourier supportof a typical color
imagetaken undera canonicalilluminant, clearly con rm-

ing the band-limitednes®f y.,. Theseobsenrationsare
consistentwith the contrastsensitvity function of human
vision[14] aswell asthe notion that the scenere ectivity

x(; n) is spatiallycoherentwith a high concentratiorof
enegy atlow spatialfrequencies.

All of this suggestghat decomposingmagesby spa-
tial frequeng canaid in illuminant estimation. High-pass
coefcients of animagey will be dominatedby contritu-
tions from the luminanceimagey um, andthe contrikution
of ycnr (@ndthusthe scenechrominancex ym) will belim-
ited. Sincetheluminanceimagey ym providesdirectinfor-
mationabouttheilluminant color (equation(3)), sotoo will
the high-passmagecoefcients. This is demonstratedh
Figurel(e,f),whichshovsthecolorof 8 8imagepatches
projectedontoa high-passspatialbasisfunction.

In subsequensectionswe develop a methodto exploit
the “extra information' availablein (high-passcoefcients
of) spatialimagepatches.

3.1 Statistical Model
p_

We seekto developa statisticalmodelfor a P K K
patchwhere X f19;X 29 and X 39 2 RKX are cropped
from x"19(n); xf 2‘91(n) andx’39(n) respecjely. Bather
thanusingageneramodelfor patcheof size' K
3, we employ a spatial decorrelatingbasisand represent
suchpatchesusinga mutuallyindependentollectionof K
three-ectorsin termsof this basis.We usethe discreteco-
sine transform(DCT)here, but the discretewavelet trans-
form(DWT), steerablepyramids, curvelets, etc are other
commontransformdomainsthat could also be used. This
gives us a set of basisvectorsfD y Q=0 ..(k 1) 2 RK
wherewithout loss of generality D o canbe takento cor-

k=1
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Figure 3. Eigen-\ectorsof the covariancematrices . The pat-
ternin eachpatchcorrespondso a basisvector usedfor spatial
decorrelation(in this casea DCT Iter) andthe colorsrepresent
the eigen-ectorsof the corresponding «. The right-mostcol-
umn containsthe mostsigni cant eigen-ectorsthatarefoundto
beachromatic.

respondo thelowestfrequeny componenbr DC.

By using this decorrelatingbasis, modeling the distri-
bution of color imagepatchesX reducego modelingthe
distribution of three-vectorsD I X 2 R3, 8k, whereD
computegheresponsef eachof X 719; X 729 andX 39 to
D ¢ suchthat

2DII 32Xf193 2D[Xf193
DIXZA' D/ 54Xf295:4DEXf295: (4)
Dy X% DX 30

The DC componentfor naturalimagesis known to have
nearuniform distributions[4. The remainingcomponents
aremodeledasGaussianFormally,
Ty iid.
D,y X

Dy X

U( min max)

HaN ©; «);

k>0, (5)
where | = E[D} X X TD],and[ min; mad istherange
of the DC coefcients. The probability of the entire re-
ectanceimagepatchis thengivenby

P(X)/ Y 1 e :—L(DTX YT DX
Jde 2 TP 2k k Pk
(6)
We can gain further insight from looking at the sam-
ple covariancematricesf g computedrom a setof nat-
ural imagestaken under a single (canonical)illuminant.
Theeigervectorsof ¢ representlirectionsin tri-stimulus
space,and Figure 3 visualizesthesedirectionsfor three
choicesof k. For all K > 0we nd thatthe mostsignif-
icanteigervectoris achromaticandthatthe corresponding
eigervalueis signi cantly larger thanthe othertwo. This
is consistenwith the scatterplotsin Figure 1, wherethe



distributionshave a highly eccentricelliptical shapethatis
alignedwith theilluminantdirection.

4. Estimation Algorithm

In the previous section,a statisticalmodelfor a single
color patchwas proposed. The parametersf this model
canbe learned,for example,from a training setof natural
imageswith a canonicalillumination. In this section,we
developa methodfor color constang thatbreaksanimage
into a“bag of patches’andthenattemptdo t thesepatches
to suchalearnedmodel.

Let diagw);w = [1="T19 1="729 1="139] representhe
diagonaltransformthat mapsthe obsened imageto the
re ectanceimage (or image under a canonicalillumina-
tion). Dividing theobsenedimageinto a setof overlapping
patched Y; g, we wishto nd thesetof patched )@j (w)g
thatbestt thelearnedmodelfrom the previoussection(in
termsof log-likelihood)suchthat8j , X\j isrelatedto Y; as

;
T T T
X (w) = Wfng]-flg szngfzg Wfngjfgg 2 (7)

We chooseo estimaten by model- tting asfollows:

w=argmax logP X; (w9 : (8)
w .

i

It is clearthat (8) alwaysadmitsthe solutionw = 0. We

thereforeaddthe constraintthatw™w = 3 (sothatw =

[111]" whenY is takenundercanonicalllumination).
This constrainecbptimizationproblemadmitsa closed

form solution. To see this, let the eigen-\ectors

and eigen-walues for ¢ be given by fVy, =

Vin® Vied Veallon=t1:2:3 and f 2,Gh=r1,2:39 respec-

tively. Thenequation(8) simpli es as

X 1
. 1
w = argmin ——— woylop Ty fio
jk>0;nh T kh

2
d 29y ,f29~ T\, f29 o 39y ,f3g T/ f30
+W TV DkYJ— + WV, DkYJ—
X
1 w9 aignal,wo
2 jkhdjkh
jk>0;n T kh

argmin
wo

. 18
argminw?® Aw °, (9)
w
subjectowT™w = 3, where
f1 f1g 12 f2g \,f3 f3g'T
- 9y T F10 /20y T/ 20 \,f 30 Ty 30
ajkh = Vyp Dij Vin Dij Vieh Dij

X airpan
A= STk (10)

22
jik > 0;h kh

The solutioncannow befound by an eigen-decomposition
of A. Note that the equivalue contoursof w9 Aw® are

Figure4. Theconcentricellipsescorrespondo the equivaluecon-
toursof w Aw ® The optimal point on the spherew™w = 3
therefordies onthemajoraxis of theseellipses.

ellipsoidsof increasingsize whoseaxes are given by the

eigen-ectorsof A . Thereforethe pointwherethe smallest

ellipsoidtouchesthew "w = 3 sphereis alongthe major

axis, i.e. the eigen-ectore of A that correspondgo the

Bﬂ_nimum eigen-alue. The solutionto (8) is thengivenby
3e. Thisisillustratedin Figure4.

5. Experimental Results

In this section,we evaluatethe performanceof the pro-
posedmethodon a databaseollectedspeci cally for color
constang research[p While this databasesuffers from
a variety of non-idealities—JPEGurtifacts,demosaicking,
non-lineareffectssuchasgammecorrection etc— it is fre-
guently usedin the literatureto measurethe performance
and thereforeprovides a useful benchmark[6 16]. The
databaseontainsalargenumberof imagescapturedn dif-
ferentlighting conditions. Every imagehasa small grey
spherein the bottomright cornerthat providesthe “ground
truth”. Sincethe sphereis known to be perfectlygrey, its
meancolor (or rather the meancolor of the 5% brightest
pixelsto accountfor the spherebeingpartially in shadav)
is takento bethecolor of theilluminant.

Trainingwasdoneon all overlappingpatchesn a setof
100imageghatarecolor correctechasednthesphereij.e.
for eachimagetheilluminantwasestimatedrom thesphere
andthenevery pixel wasdiagonallytransformedy thein-
verseof theilluminant. The patchsize was chosento be
8 8 andthe DCT wasusedfor spatialdecorrelation.For
“relighting” imageswe choseto applydiagonaltransforms
directly in RGB color spaceandit is importantto keepin
mind thatthe resultswould likely improve (for all methods
we considerby rst “sharpeningthecolor matchingfunc-
tions(e.g. [5, 7]).

The performancef the estimationalgorithmwasevalu-
atedon 20 imagesfrom the samedatabase Theseimages
werechoserma-priori suchthatthey did notrepresenary of
thescenesisedn training,andalsosuchthatthespheravas
approximatelyn thesamdight astherestof thesceneThe
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Figure5. A selectionof imagesfrom the testsetandthe color correctedversionsfrom the differentalgorithmswith the corresponding

angularerrorsshavn.

# Grey-World[2] Grey-Edege[16] Proposed
‘ ‘ ‘ Method ‘
1 74 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 77
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

Tablel. Angularerrorsfor differentcolor constang algorithms.

proposedalgorithmwascomparedwith the Grey-World[2]
andGrey-Edge[16] methods.An implementatiorprovided

by the authorsof [16] was usedfor both thesemethods,
and for Grey-Edge the parameterghat were describedin
[16] to performbestwere chosen(i.e. second-ordeedges,
a Minkowski norm of 7 and a smoothingstandarddevia-
tion of 5). For all algorithms theright portionof theimage
wasmasledoutsothatthe spherevould notbeincludedin
the estimationprocess.The angulardeviation of the sphere
color in the correctedmagefrom [1 1 1]7 waschosenas
theerrormetric.

Table 1 shaws the angularerrorsfor eachof the three
algorithmsfor all images. The proposednethoddoesbet-
ter thanGrey-World in 17 andbetterthanGrey-Edgein 12
of the 20 images. Someof the actualcolor correctedim-
agesareshawn in Figure5. In Figure5(a-c),the proposed
methodoutperformsboth Grey-World and Grey-Edge. In
the rst casewe seethatsincetheimagehasgreenasavery
dominantcolor, Grey-World performspoorly andinfersthe
illuminant to be green. For images(b) and (c), thereare
mary edgeqe.g. theroof in (c)) with the samecolor distri-
bution acrosshem, andthis causeghe Grey-Edge method
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Figure 6. This box-plotsummarizeghe performanceof threein-
dividual spatialcomponentgD ), shaving the medianandquan-
tiles of angularerrorsacrosghetestset. Thesearealsocompared
to the Grey World(GW) and Grey Edge(GE) algorithms,andthe
proposednethodthatcombinescuesfrom all spatialcomponents.
The proposednethodperformsbest—haing the lowestaverage

erroraswell asthesmallestvariance.

to performpoorly. In bothcasesthe proposednethodben-
e ts from spatialcorrelationsandcuesfrom compleximage
featureslin Figure5(d),bothGrey-World andGrey-Edgedo
betterthanthe proposedmethod. This is becausamost of
the objectsin the scenearetruly achromatiq(i.e. theirtrue
color is grey/white/black)and thereforethe imageclosely
satis estheunderlyinghypothesidor thosealgorithms.

Finally, the performanceof eachindividual spatialsub-
bandcomponentvasevaluated.Thatis, we obsened how
well the proposedmethodperformedwhen estimatingw
usingthestatisticsof eachD (Y I alone for everyk. Figure
6 shaws a box-plot summarizingthe angularerrorsacross
thetestsetfor threerepresentatie valuesof k andcompares
themwith the Grey-World andGrey-Edge algorithmaswell
asthe proposedmethodwhich combinesall components.
Eachsingle componenbutperformsGrey-World andsome
arecomparableéo Grey-Edge. Theproposednethodwhich
usesastatisticaimodelto weightandcombinecuesfrom all
componentsperformsbest.

6. Conclusionand Futur e Work

In this paper we presented novel solutionto the com-
putationalkchromaticadaptatiortaskthroughanexplicit sta-
tistical modelingof the spatialdependenciebetweenpix-
els. Local imagefeaturesare modeledusing a combina-
tion of spatially decorrelatingtransformsand an evalua-
tion of the spectralcorrelationin this transformdomain.
Theexperimentaleri cations suggesthatthisjoint spatio-
spectramodelingstratayy is effective.

Theideasexploredin this paperunderscorethebene ts
to exploiting spatio-spectrastatisticsfor color constang.
We expectfurther improvementsfrom a likelihood model
basedon heary-tailed probability distribution functionsfor

the transformcoefcients. Also, mary bag-of-piel ap-
proachesto color constang can be adaptedto use bags
of patchesnstead especiallyBayesianmethodq1] that t
naturallyinto our statisticalframawvork. Finally, examining
spatially-varyingilluminationis alsowithin thescopeof our
futurework.
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