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Abstract

A fundamentaproblemin psychophysicaéxperimentss
that significantconclusionsare hard to draw dueto the
comple experimentalervironmentnecessaryo examine
color constang. An alternatve approachto reveal the
mechanismsnvolved in color constang is by modeling
the physicalprocessof spectralimageformation. In this
paperweaimataphysicalbasisfor colorconstang rather
thana psychophysicabne.

By consideringspatialandspectralderivativesof the
Lambertianimage formation model, object reflectance
propertiesare derivedindependenbf the spectralenegy
distribution of the illuminant. Gaussiarspectralandspa-
tial probesare usedto estimatethe proposedlifferential
invariant. Knowledgeaboutthe spectralpower distribu-
tion of the illuminant is not requiredfor the proposedn-
variant.

The physicalapproacho color constanyg offeredin
the paperconfirmsrelationalcolor constang asafirst step
in color constantvision systemsHence,low-level mech-
anismsascolor constanedgedetectiorreportecheremay
play animportantrole in front-endvision. The research
presentedaisesthe questiorwhethertheilluminantis es-
timatedatall in pre-attentie vision.

Intr oduction

A well known propertyof humanvision, known ascolor
constany, is the ability to correctfor color deviations
causedy adifferencen illumination. Althoughtheeffect
is a long standingresearctopic [12, 14, 18], themecha-
nisminvolvedis only partly resolhed.

A commonapproacthto investigatecolor constanbe-
havior is by psychophysicatxperimentd1, 12, 13]. De-
spitetheexactnatureof suchexperimentsthereareintrin-
sic difficultiesto explain the experimentakesults.For rel-
atively simpleexperimentstheresultsmay not explainin
enoughdetail the mechanismunderlyingcolor constanyg.
For example,in [13] the samestimuluspatch,eitherillu-
minatedby thetestilluminant, or by the referencallumi-
nant,waspresentedo theleft andright eye. The subject
wasasledto matchthe appearancef the color underthe
referenceélluminant to the color underthetestilluminant.

As discussedby the authors the experimentis synthetical
in thatthevisualscendacksathird dimensionsAlthough
theresultscorrespondo their predictionsthey areunable
to prove their theoryon naturalscenesthe scenesvhere
shadav playsan importantrole. On the other hand,for
complex experiments,with inherentlya large amountof
variablesnvolved,theresultsdoesnotdescribecolor con-
stang isolatedfrom otherperceptuamechanismsin [1],
a morenaturalsceneis used,in that objectswere placed
in the experimentatiomoom. The obsenerjudgedthe ap-
pearanceof a testpatchmountedon the far wall of the
room. The obsenerwasaskedto vary the chromaticityof
the testpatchso that it appearedaichromatic. The color
constang reporteds excellent,but the experimentscould
not be interpretedn enoughdetail to explain the results.
Hence,a fundamentaproblemin experimentalcolorime-
try is that the complex experimentalernvironmentneces-
sary to examine color constang makesit hardto draw
conclusions.

An alternatve approacho revealthe mechanismn-
volved in color constang is by consideringthe spectral
imageformation. Modelingthe physicalprocessof spec-
tralimageformationprovidesinsightinto theeffect of dif-
ferentparameter®sn objectreflectancd3, 4, 5, 8, 17, 2].
In this paper we aim at a physicalbasisfor color con-
stang ratherthana psychophysicabne.

When consideringthe estimationof materialproper
tieson the basisof local measurementglifferentialequa-
tions constitutea naturalframewnork to describethe phys-
ical procesof imageformation. A well known technique
from scale-spacéheory[11] is the convolution of a sig-
nal with a derivative of the Gaussiarkernelto obtainthe
derivative of thesignal. The Gaussiariunctionregularizes
theunderlyingdistribution, resultingin robustnessgainst
noise. The standarddeviation o of the Gaussiandeter
minesthe obsenation scale. Introductionof wavelength
in the scale-spacearadigm,assuggestedby Koenderink
[10Q], leadsto a spatio-spectrafamily of Gaussiamaper
turefunctions.Thesecolorreceptiefieldsarein [7] asthe
Gaussiarrolormodel. TheGaussiarolor modelprovides
aphysicalbasiswhichis compatiblewith colorimetry, for
themeasuremertf color constanbbjectproperties.

Thecolorconstang problemis oftenposedasretriev-
ing theunknown illuminantfrom agivensceng3, 13, 17,



2]. Differentfrom their approachfeaturesinvariantto a
changen illuminantcanbedeveloped4, 5, 8]. In thispa-
per, we focuson differentialexpressionsvhich arerobust
to achangen illumination color. Additionally, robustness
againsthangesn theimagingconditions,suchascamera
viewpoint, illumination direction,and objectgeometryis
achieved.

The organizationof the paperis as follows. Sec-
tion 2 derivesillumination invariant differential expres-
sions. Measuremenbf spatio-spectratiifferential quo-
tientsis describedn Section3. Finally, a confrontation
betweenphysicsbasedand perceptionbasedcolor con-
stang is givenin Section4.

lllumination Invariant Propertiesof Object
Reflectance

Any methodfor finding invariantcolor propertiegelieson
a photometricmodelandon assumptiongboutthe phys-
ical variablesinvolved. For example,hueis known to be
insensitve to surface orientation,illumination direction,
intensity and highlights, undera white illumination [8].
Normalizedrgb is an objectpropertyfor matte,dull sur
facesilluminated by white light. Whenthe illumination
color variesor is not white, otherobjectpropertieswvhich
arerelatedto constanphysicalparametershouldbe mea-
sured. In this section,expressiondor determiningmate-
rial changesn imageswill bederived,robustto a change
in illumination color overtime.

Consider the Lambertian photometric reflection
modelandanillumination with locally constantolor,

E(\ ) =e(N)i(@)m(A\,Z) (1)

wheree(A) representsheillumination spectrumj () the
effect of shadev andshadingandm(\, &) thereflectance
functionof the object. Theassumptiorof locally constant
color allows for the extraction of expressiongdescribing
materialchangesndependentf theillumination. Without
lossof generality we restrictoursehesto the onedimen-
sionalcase;two dimensionalexpressionsnay be derived
accordingto [6]. Differentiationof Eq. (1) with respecto
A resultsin
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Dividing Eq. (2) by Eqg. (1) givestherelative differential,
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Theresultconsistof two terms,theformerdependingn
theillumination colorandthelatterdependingpn material
properties. Sincethe illumination color is constantwith

respecto z, differentiationto x yieldsa materialproperty

only,
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Assumingmatte,dull surfaces,and assuminga sin-
gle light source, N,, determineschangesin object re-
flectance,
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which determinesmaterial changesindependeniof the
viewpoint, surfaceorientation,jlluminationdirection,illu-
minationintensityandillumination color. The expression
resultsfrom differentiationof Eq. (4).

The expressiongiven by Eg. (5) is the fundamental
lowest order illumination invariant. Any spatio-spectral
derivative of Eq. (5) inherentlydependson the body re-
flectanceonly. Accordingto [16], a completeandirre-
duciblesetof differentialinvariantsis obtainedby taking
all higherorderderivativesof thefundamentalnvariant,
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form >0,n > 0.

Applicationof thechainrule for differentiationyields
thehigherorderexpressionsn termsof thespatio-spectral
enegy distribution. For instancethe spectraderivative of
N, is givenby
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where E()\, z) is written as E for simplicity andindices

denotedifferentiation. Note that theseexpressionsare

valid everywhere E(\,z) > 0. Theseinvariantsmay

be interpretedasthe spatialderivative of the normalized
spectralslope N, and curvature Ny, of the reflectance
function R,. Expressionsor higherorderderivativesare

straightforvard.

Summarizingwe have derivedacompletesetof color
constantexpressiongleterminingobjectreflectance.The
expressiongreinvariantfor achangeof illumination over
time. The major assumptiorunderlyingthe proposedn-
variantsis a single colored illumination, effectuatinga
spatially constantillumination spectrum. For an illumi-
nationcolor varyingslowly overthe scenewith respecto
thespatialvariationof theobjectreflectancesimultaneous
color constanyg is achievedby the proposednvariant.

We have proven that spatial differentiationis nec-
essaryto achieve color constang when pre-knavledge
aboutthe illuminant is not available. Hence,arny color
constantsystemshould perform both spectralas well as
spatialcomparisonin orderto beinvariantagainstllumi-
nation changeswhich confirmsthe theory of relational
color constang asproposedn [4]. In thenext sectionwe
will presenthow to make suchspatialand spectralcom-
parisonson awell-definedphysicalbasis.



Measurementof Spatio-spectralEnergy

Up to this pointwe did establistinvariantexpressiongle-
scribingmaterialchangegobustto a changein illumina-
tion color. Theseareformal expressionsexploring thein-
finite dimensionaHilbert spaceof spectraat aninfinitesi-
mal spatialneighborhoodThe spatio-spectratnegy dis-
tribution is only measurablat a certainspatialresolution
andspectrabandwidthyieldingalimited amountof mea-
surements.Hence,physicalrealizablemeasurementi-
herentlyimply integrationoverthe spectralandspatialdi-
mensions. Generalaperturefunctions,or Gaussianand
its derivatives, may be usedto probethe spatio-spectral
enepy distribution. In thissectionweintroducetheGaus-
siancolor modelasa generaimodelfor the measurement
of spatio-spectratifferential quotients. We emphasize
thatno essentiallynew color modelis proposechere,but
ratheratheoryof color measurement.

We follow [7] for introducing the Gaussiancolor
model.Let E()\) betheenegy distribution of theincident
light, where A denoteswavelength. The spectralenegy
distribution may be approximatedy a Taylor expansion
at \g,

E(\) = E™ + \E}° + %,\2E§§ +... . ®)

Measuremenbf the spectralenegy distribution with a
Gaussiarapertureyields a weightedintegration over the
spectrumlLet G(\o; o)) bethe Gaussiarat spectrakcale
o positionedat \g. The obsened enegy in the Gaus-
siancolor model,atinfinitely small spatialresolution,ap-
proachesn secondrderto [7, 10]

A N A 1 A
B () = BA £ MBS + SN ERT 4. (9)

where

Eroox = / E(NG(X; Ao, 0x)dA (10)
denoteshe spectraintensity

By = / E(A)GA(X; Ag, 02)dA (11)
measureshefirst orderspectraderivative,and

B = / E(N)Gax(X; Ao, 02)dA (12)

measureghe secondorder spectralderivative. Further
G, and Gy, denotederivativesof the Gaussiarwith re-
spectto A. Note that, throughoutthe paper we as-
sumescalenormalizedGaussiarderivativesto probethe
spectralenegy distribution. Hence,the Gaussiancolor
modelmeasurethescale-normalizedoeficients EA:7»

E}7 and £}y of the Taylor expansionof the Gaus-
sianweightedspectrakenegy distribution at Ag.

Introduction of spatialextent in the Gaussiancolor
modelyields a local Taylor expansionat wavelength\g
andpositionzy. Eachmeasurementf a spatio-spectral
enepy distribution hasa spatialaswell as spectralres-
olution. The measuremeris obtainedby probinganen-
ergy densityvolumein athree-dimensionalpatio-spectral
spacewherethesizeof the probeis determinedy theob-
senationscales) ando,,
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Here, Gzi )i (A, T; 05, 0,) arethe spatio-spectraprobes,
or color receptve fields. The coeficients of the Taylor
expansionof E()\, Z) representhe local imagestructure
completely Truncationof the Taylor expansionresultsin
an approximaterepresentationwhich is bestpossiblein
theleastsquaresense.

For humanvision, the Taylor expansionis spectrally
truncatedat secondorder[9]. Hence higherorderderiva-
tivesdo not affect color asobsened by the humanvisual
system.The Gaussiarcolor modelapproximateshe Her-
ing basisfor humancolor vision whentaking the param-
etersAg ~ 520nmandoy ~ 55nm[7]. For thisAcaAse,
the measurediifferentialquotientsaredenotedby E, E)
andF, .y, taking the spectralscales, andposition), for
granted. The spectralmeasurementmay be interpreted
asmeasuringntensity (E), yellow-bluish (E,), andred-
greenish(Ex,).

It may be concludedfrom [7] that measuremenof
spatio-spectratnegy impliesprobingtheenepy distribu-
tion with Gaussiaraperturesat a givenobsenationscale.
Probingthe spectralenegy densitywith Gaussiarderiva-
tive aperturesesultin the decompositiorof the spectrum
in its Taylor expansion. The humanvisual systemmea-
suresthe intensity slopeandcurvatureof the spectralen-
ergy distribution, at fixed Ag andfixed o). Hence,the
spectraintensityandits first andsecondorderderivatives
only, combinedin the spatialderivativesup to a givenor-
der, describehelocal structureof a colorimage.

Discussion

This paperpresentsa physics-basetlackgroundor color
constanyg, valid for Lambertianlight reflectanceBy con-
sideringspatialand spectralderivativesof the imagefor-
mationmodel,objectreflectanceropertiesarederivedin-

dependentf thespectraknegy distribution of theillumi-

nant. Knowledgeaboutthe spectralpower distribution of
theilluminantis notrequiredfor theproposednvariant,as
opposedo the well known von Kries transformfor color
constang [18].



The robustnesf our invariantEq. (5) is assuredy
using the Gaussiarcolor model, introducedin [7]. The
Gaussiartolor modelis consideredan adequatepproxi-
mationof the humantri-stimulussensitvities. The Gaus-
siancolor modelmeasuresheintensity first, andsecond
order derivative of the spectralenegy distribution, com-
binedin awell-establishedpatialobsenationtheory Ap-
plication of the Gaussiarcolor modelin color constang
ensurescompatibility with colorimetry while inherently
physicallysoundandrobustmeasurementrederived.

From a different perspectie, color constang was
consideredhn [13, 1]. Thebackgrounds experimentakol-
orimetry, wheresubjectsareasledto matchthereference
and testillumination condition. As a consequencéheir
experimentsdo not includeshadev andshading.There-
sult of their approactshavs approximatecolor constang
undernaturalilluminants. However, their approachis un-
able to copewith color constang of three dimensional
sceneswhereshadeov playsanimportantrole. The ad-
vantageof our physicalapproacloveranempiricalcolori-
metric approachjs that invariantpropertiesare deduced
from theimageformationmodel. Our proposecEq. (5) is
designedo be insensitve to intensitychangegueto the
scenggeometry

Therearemary circumstancesvhereexplicit knowl-
edgeof illuminantis missing,especiallyin imageretrieval
from largedatabase®r whencalibrationis notpractically
feasibleasis frequentlythe casein light microscopy. The
proposedmethodrequiresonly generalknowledgeabout
thematerialonly, henceis applicableunderalargersetof
imagingcircumstances.

As pointed out in [13], mechanismgespondingto
cone-specificontrastoffer a bettercorrespondencwith
humanvision than by a systemthat estimateslluminant
andreflectancespectraTheresearclpresentedhereraises
the questionwhetherthe illuminant is estimatedat all in
pre-attentie vision. The physical model presentedde-
mandsspatialcomparisonin orderto achieve color con-
stang, therebyconfirmingrelationalcolor constang asa
first stepin colorconstanvision[4, 15]. Hence low-level
mechanismascolorconstanedgedetectiorreportechere
may play arole in front-endvision.
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