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A PhysicalBasisfor Color Constancy

Jan-Mark Geusebroek, Rein van den Boomgaard, Arnold W.M. Smeulders,
Theo Gevers

Intelligent Sensory Information Systems, University of Amsterdam
Kruislaan 403, 1098 SJ Amsterdam, The Netherlands

Abstract

A fundamentalproblemin psychophysicalexperimentsis
that significantconclusionsare hard to draw due to the
complex experimentalenvironmentnecessaryto examine
color constancy. An alternative approachto reveal the
mechanismsinvolved in color constancy is by modeling
the physicalprocessof spectralimageformation. In this
paper, weaimataphysicalbasisfor colorconstancy rather
thana psychophysicalone.

By consideringspatialandspectralderivativesof the
Lambertian image formation model, object reflectance
propertiesarederived independentof the spectralenergy
distribution of the illuminant. Gaussianspectralandspa-
tial probesareusedto estimatethe proposeddifferential
invariant. Knowledgeaboutthe spectralpower distribu-
tion of the illuminant is not requiredfor theproposedin-
variant.

The physicalapproachto color constancy offeredin
thepaperconfirmsrelationalcolorconstancy asafirst step
in color constantvision systems.Hence,low-level mech-
anismsascolorconstantedgedetectionreportedheremay
play an importantrole in front-endvision. The research
presentedraisesthequestionwhethertheilluminant is es-
timatedat all in pre-attentivevision.

Intr oduction

A well known propertyof humanvision, known ascolor
constancy, is the ability to correct for color deviations
causedby adifferencein illumination. Althoughtheeffect
is a long standingresearchtopic [12, 14, 18], themecha-
nisminvolvedis only partly resolved.

A commonapproachto investigatecolorconstantbe-
havior is by psychophysicalexperiments[1, 12, 13]. De-
spitetheexactnatureof suchexperiments,thereareintrin-
sic difficultiesto explain theexperimentalresults.For rel-
atively simpleexperiments,theresultsmaynot explain in
enoughdetail themechanismunderlyingcolor constancy.
For example,in [13] thesamestimuluspatch,eitherillu-
minatedby thetestilluminant, or by thereferenceillumi-
nant,waspresentedto the left andright eye. Thesubject
wasaskedto matchtheappearanceof thecolor underthe
referenceilluminant to thecolorunderthetestilluminant.

As discussedby theauthors,theexperimentis synthetical
in thatthevisualscenelacksathird dimensions.Although
theresultscorrespondto theirpredictions,they areunable
to prove their theoryon naturalscenes,the sceneswhere
shadow playsan importantrole. On the otherhand,for
complex experiments,with inherentlya large amountof
variablesinvolved,theresultsdoesnotdescribecolorcon-
stancy isolatedfrom otherperceptualmechanisms.In [1],
a morenaturalsceneis used,in that objectswereplaced
in theexperimentationroom.Theobserver judgedtheap-
pearanceof a test patchmountedon the far wall of the
room.Theobserverwasaskedto vary thechromaticityof
the testpatchso that it appearedachromatic. The color
constancy reportedis excellent,but theexperimentscould
not be interpretedin enoughdetail to explain the results.
Hence,a fundamentalproblemin experimentalcolorime-
try is that the complex experimentalenvironmentneces-
sary to examinecolor constancy makes it hard to draw
conclusions.

An alternativeapproachto revealthemechanismsin-
volved in color constancy is by consideringthe spectral
imageformation. Modelingthephysicalprocessof spec-
tral imageformationprovidesinsightinto theeffectof dif-
ferentparameterson objectreflectance[3, 4, 5, 8, 17, 2].
In this paper, we aim at a physicalbasisfor color con-
stancy ratherthanapsychophysicalone.

Whenconsideringthe estimationof materialproper-
tieson thebasisof local measurements,differentialequa-
tionsconstitutea naturalframework to describethephys-
ical processof imageformation.A well known technique
from scale-spacetheory[11] is the convolution of a sig-
nal with a derivative of the Gaussiankernelto obtainthe
derivativeof thesignal.TheGaussianfunctionregularizes
theunderlyingdistribution,resultingin robustnessagainst
noise. The standarddeviation � of the Gaussiandeter-
minesthe observation scale. Introductionof wavelength
in thescale-spaceparadigm,assuggestedby Koenderink
[10], leadsto a spatio-spectralfamily of Gaussianaper-
turefunctions.Thesecolorreceptivefieldsarein [7] asthe
Gaussiancolormodel.TheGaussiancolormodelprovides
aphysicalbasis,whichis compatiblewith colorimetry, for
themeasurementof color constantobjectproperties.

Thecolorconstancy problemis oftenposedasretriev-
ing theunknown illuminant from agivenscene[3, 13, 17,



2]. Differentfrom their approach,featuresinvariantto a
changein illuminantcanbedeveloped[4, 5, 8]. In thispa-
per, we focuson differentialexpressionswhich arerobust
to achangein illuminationcolor. Additionally, robustness
againstchangesin theimagingconditions,suchascamera
viewpoint, illumination direction,andobjectgeometryis
achieved.

The organizationof the paper is as follows. Sec-
tion 2 derives illumination invariant differential expres-
sions. Measurementof spatio-spectraldifferential quo-
tients is describedin Section3. Finally, a confrontation
betweenphysicsbasedand perceptionbasedcolor con-
stancy is givenin Section4.

Illumination Invariant Propertiesof Object
Reflectance

Any methodfor findinginvariantcolorpropertiesrelieson
a photometricmodelandon assumptionsaboutthephys-
ical variablesinvolved. For example,hueis known to be
insensitive to surfaceorientation,illumination direction,
intensity and highlights, undera white illumination [8].
Normalized����� is an objectpropertyfor matte,dull sur-
facesilluminatedby white light. Whenthe illumination
color variesor is not white, otherobjectpropertieswhich
arerelatedto constantphysicalparametersshouldbemea-
sured. In this section,expressionsfor determiningmate-
rial changesin imageswill bederived,robustto a change
in illumination colorover time.

Consider the Lambertian photometric reflection
modelandanilluminationwith locally constantcolor,���
	���������� �
	 ��� ������� �
	������ (1)

where ������� representstheillumination spectrum, !��"# � the
effectof shadow andshading,and $%�&�(')"# � thereflectance
functionof theobject.Theassumptionof locally constant
color allows for the extractionof expressionsdescribing
materialchangesindependentof theillumination. Without
lossof generality, we restrictourselvesto theonedimen-
sionalcase;two dimensionalexpressionsmaybederived
accordingto [6]. Dif ferentiationof Eq. (1) with respectto� resultsin* �* 	 �%� � ����� �
	�� ��� * �* 	,+ � � ���-� �
	 � * �* 	/. (2)

Dividing Eq.(2) by Eq.(1) givestherelativedifferential,0���
	�� ��� * �* 	 � 0� �
	 � * �* 	 + 0� �
	�� ��� * �* 	 . (3)

Theresultconsistsof two terms,theformerdependingon
theilluminationcolorandthelatterdependingonmaterial
properties. Sincethe illumination color is constantwith
respectto # , differentiationto # yieldsamaterialproperty
only, ** � 1 0�2�
	�� ��� * �* 	43 � ** � 1 0� �
	�� ��� * �* 	53/. (4)

Assumingmatte,dull surfaces,andassuminga sin-
gle light source, 687:9 determineschangesin object re-
flectance,; <�= � 0���
	�� ��� *?> �* 	 * �A@ 0���
	�� ��� > * �* 	 * �* � (5)

which determinesmaterial changesindependentof the
viewpoint,surfaceorientation,illuminationdirection,illu-
minationintensityandillumination color. Theexpression
resultsfrom differentiationof Eq. (4).

The expressiongiven by Eq. (5) is the fundamental
lowest order illumination invariant. Any spatio-spectral
derivative of Eq. (5) inherentlydependson the body re-
flectanceonly. According to [16], a completeand irre-
duciblesetof differentialinvariantsis obtainedby taking
all higherorderderivativesof thefundamentalinvariant,; <�=�<CBD=FE � *�GDH�I* 	 G * � I 1 0���
	�� ��� *?> �* 	 * �J@ 0���
	�� ��� > * �* 	 * �* � 3

(6)
for $LKNM , OPKNM .

Applicationof thechainrule for differentiationyields
thehigherorderexpressionsin termsof thespatio-spectral
energydistribution. For instance,thespectralderivativeof647�9 is givenby; <C<C= � � <:<�= � > @ � <C< � = � @JQ � <C= � < � + Q � >< � =�SR (7)

where T,�&�(' # � is written as T for simplicity andindices
denotedifferentiation. Note that theseexpressionsare
valid everywhere T,�&�(' # �VUWM . Theseinvariantsmay
be interpretedas the spatialderivative of the normalized
spectralslope 6 7 and curvature 6 7X7 of the reflectance
function Y[Z . Expressionsfor higherorderderivativesare
straightforward.

Summarizing,wehavederivedacompletesetof color
constantexpressionsdeterminingobjectreflectance.The
expressionsareinvariantfor achangeof illuminationover
time. Themajor assumptionunderlyingthe proposedin-
variantsis a single colored illumination, effectuatinga
spatially constantillumination spectrum. For an illumi-
nationcolor varyingslowly over thescenewith respectto
thespatialvariationof theobjectreflectance,simultaneous
colorconstancy is achievedby theproposedinvariant.

We have proven that spatial differentiation is nec-
essaryto achieve color constancy when pre-knowledge
about the illuminant is not available. Hence,any color
constantsystemshouldperformboth spectralaswell as
spatialcomparisonin orderto beinvariantagainstillumi-
nation changes,which confirmsthe theory of relational
color constancy asproposedin [4]. In thenext sectionwe
will presenthow to make suchspatialandspectralcom-
parisonson a well-definedphysicalbasis.



Measurementof Spatio-spectralEnergy

Up to this pointwe did establishinvariantexpressionsde-
scribingmaterialchangesrobust to a changein illumina-
tion color. Theseareformalexpressions,exploring thein-
finite dimensionalHilbert spaceof spectraataninfinitesi-
mal spatialneighborhood.Thespatio-spectralenergy dis-
tribution is only measurableat a certainspatialresolution
andspectralbandwidth,yieldingalimited amountof mea-
surements.Hence,physicalrealizablemeasurementsin-
herentlyimply integrationover thespectralandspatialdi-
mensions.Generalaperturefunctions,or Gaussiansand
its derivatives,may be usedto probethe spatio-spectral
energydistribution. In thissection,weintroducetheGaus-
siancolor modelasa generalmodelfor themeasurement
of spatio-spectraldifferential quotients. We emphasize
thatno essentiallynew color modelis proposedhere,but
rathera theoryof color measurement.

We follow [7] for introducing the Gaussiancolor
model.Let T,����� betheenergy distributionof theincident
light, where � denoteswavelength. The spectralenergy
distribution may be approximatedby a Taylor expansion
at ��\ , ���
	 �]� � <�^ + 	�� <C^< + 0Q 	 > � <C^<C< +%.F._.5. (8)

Measurementof the spectralenergy distribution with a
Gaussianapertureyields a weightedintegrationover the
spectrum.Let `a�&�?\)b � 7�� betheGaussianat spectralscale� 7 positionedat �?\ . The observed energy in the Gaus-
siancolor model,at infinitely smallspatialresolution,ap-
proachesin secondorderto [7, 10]cT2dXe��&�f�hg cT 7 ^Ci dXekjl� cT 7 ^Ci d�e7 jnmo �?p cT 7 ^�i dXe7X7 jrqCq:q (9)

wherecT 7 ^ i dXe4gtsuT,�&�f�v`a����b!� \ ' � 7 �vw�� (10)

denotesthespectralintensity,cT 7 ^Ci dXe7 g s T,�&�f�v`27x����b!��\)' � 7��vw�� (11)

measuresthefirst orderspectralderivative,andcT 7 ^Ci dXe7�7 g s T,�&�f�v`27X7x����b!��\�' � 7y�zw)� (12)

measuresthe secondorder spectralderivative. Further,`27 and `27X7 denotederivativesof the Gaussianwith re-
spect to � . Note that, throughout the paper, we as-
sumescalenormalizedGaussianderivativesto probethe
spectralenergy distribution. Hence,the Gaussiancolor
modelmeasuresthescale-normalizedcoefficients

cT 7 ^Ci dXe ,

cT 7 ^�i dXe7 and
cT 7 ^�i dXe7X7 of the Taylor expansionof the Gaus-

sianweightedspectralenergy distributionat �?\ .
Introductionof spatialextent in the Gaussiancolor

model yields a local Taylor expansionat wavelength ��\
andposition "# \ . Eachmeasurementof a spatio-spectral
energy distribution hasa spatialas well as spectralres-
olution. The measurementis obtainedby probingan en-
ergydensityvolumein athree-dimensionalspatio-spectral
space,wherethesizeof theprobeis determinedby theob-
servationscale� 7 and � 9 ,{���
	������(� {� +}| �	)~���� {�[�={� <:� + 0Q | � 	)~���� {�[�= �= {�[�=�<{� < �= {� <:<:� | � 	)~ +2.!._.

(13)
where{� �=F��<F� �
	������(� ���
	���������� �=F�
<�� �
	�������� < � � = � . (14)

Here, `}�9 � 7 � ����'�"# b � 7 ' � 9 � are the spatio-spectralprobes,
or color receptive fields. The coefficients of the Taylor
expansionof

cT,�&�(')"# � representthe local imagestructure
completely. Truncationof theTaylor expansionresultsin
an approximaterepresentation,which is bestpossiblein
theleastsquaressense.

For humanvision, the Taylor expansionis spectrally
truncatedat secondorder[9]. Hence,higherorderderiva-
tivesdo not affect color asobservedby thehumanvisual
system.TheGaussiancolor modelapproximatestheHer-
ing basisfor humancolor vision whentaking the param-
eters � \%��� o M nm and � 7l����� nm [7]. For this case,
themeasureddifferentialquotientsaredenotedby

cT ,
cT 7

and
cT 7X7 , taking thespectralscale� 7 andposition � \ for

granted. The spectralmeasurementsmay be interpreted
asmeasuringintensity(

cT ), yellow-bluish (
cT 7 ), andred-

greenish(
cT 7X7 ).

It may be concludedfrom [7] that measurementof
spatio-spectralenergy impliesprobingtheenergydistribu-
tion with Gaussianaperturesat a givenobservationscale.
Probingthespectralenergy densitywith Gaussianderiva-
tive aperturesresultin thedecompositionof thespectrum
in its Taylor expansion. The humanvisual systemmea-
surestheintensity, slopeandcurvatureof thespectralen-
ergy distribution, at fixed � \ and fixed � 7 . Hence,the
spectralintensityandits first andsecondorderderivatives
only, combinedin thespatialderivativesup to a givenor-
der, describethelocal structureof a color image.

Discussion

This paperpresentsa physics-basedbackgroundfor color
constancy, valid for Lambertianlight reflectance.By con-
sideringspatialandspectralderivativesof the imagefor-
mationmodel,objectreflectancepropertiesarederivedin-
dependentof thespectralenergy distributionof theillumi-
nant. Knowledgeaboutthespectralpower distribution of
theilluminantis notrequiredfor theproposedinvariant,as
opposedto thewell known von Kries transformfor color
constancy [18].



Therobustnessof our invariantEq. (5) is assuredby
using the Gaussiancolor model, introducedin [7]. The
Gaussiancolor modelis consideredanadequateapproxi-
mationof thehumantri-stimulussensitivities. TheGaus-
siancolor modelmeasuresthe intensity, first, andsecond
orderderivative of the spectralenergy distribution, com-
binedin awell-establishedspatialobservationtheory. Ap-
plication of the Gaussiancolor modelin color constancy
ensurescompatibility with colorimetry, while inherently
physicallysoundandrobustmeasurementsarederived.

From a different perspective, color constancy was
consideredin [13, 1]. Thebackgroundisexperimentalcol-
orimetry, wheresubjectsareaskedto matchthereference
and test illumination condition. As a consequencetheir
experimentsdo not includeshadow andshading.The re-
sult of their approachshowsapproximatecolor constancy
undernaturalilluminants.However, their approachis un-
able to copewith color constancy of threedimensional
scenes,whereshadow playsan importantrole. The ad-
vantageof ourphysicalapproachoveranempiricalcolori-
metric approach,is that invariantpropertiesarededuced
from theimageformationmodel.Our proposedEq.(5) is
designedto be insensitive to intensitychangesdueto the
scenegeometry.

Therearemany circumstanceswhereexplicit knowl-
edgeof illuminant is missing,especiallyin imageretrieval
from largedatabases,or whencalibrationis notpractically
feasibleasis frequentlythecasein light microscopy. The
proposedmethodrequiresonly generalknowledgeabout
thematerialonly, henceis applicableundera largersetof
imagingcircumstances.

As pointed out in [13], mechanismsrespondingto
cone-specificcontrastoffer a bettercorrespondencewith
humanvision thanby a systemthat estimatesilluminant
andreflectancespectra.Theresearchpresentedhereraises
the questionwhetherthe illuminant is estimatedat all in
pre-attentive vision. The physicalmodel presentedde-
mandsspatialcomparisonin order to achieve color con-
stancy, therebyconfirmingrelationalcolor constancy asa
first stepin colorconstantvision [4, 15]. Hence,low-level
mechanismsascolorconstantedgedetectionreportedhere
mayplay a role in front-endvision.
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