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Abstract

Chromatic adaptationrefers to the ability of the human visual
systento adjustto the color of theillumination, or otherprevailing
stimuli, such that perceived object colors vary far less with
changesin illumination than would be expectedfrom simple
radiometry or colorimetry Models of chromatic adaptation are
generallyformulatedas extensionf the von Kries hypothesisf
somesort of independengain control mechanismeperating on
thethreetypesof conesignals.This paperintroducesa newwayto
model the phenomenorwith no requirrmentfor the first stage
chromatic processing.This model is referred to as a spectral
adaptationmodelsinceit actsuponspectrarather than chromatic
signalssuchas tristimulus values.The spectraladaptationmodel
was compaed with other models of adaptation both
computationallyand through limited psychophysicadata. It is
shownto havereasonableand flexible, performanceand could be
of practical value in applications such as spectral image
reproduction. A limiting case of the spectral model,a model of
perfect color constancy is also describedand compaed with
traditional chiomatic adaptation models.

Introduction

Von Kries hypothesizedthat chromatic adaptation could “be

conceivedin the sensethat the individual componentgresentin

the organof vision are completelyindependenbf oneanotherand
each is fatigued or adaptedexclusively accordingto its own

function.”[1] He alsowenton to sayin referenceto his own ideas
that “people will perhapsrecall with pitying smilesthe efforts of

previousdecadesvhich undertookto seekan understanding.. by

such lengthy detours”. The intervening decadeshave witnessed
even more distorted routes of scientific investigationeventually
leadingbackto ideasvery similar to thoseproposedvera century
ago by von Kries. A current waypoint on this journey is

representedby the CAT02 chromatic adaptation transform
embeddedn the CIECAMO2 color appearancenodel.[2] CAT02

returnsto a simple,linear von Kries scaling("adaptedexclusively
according to its own function”), but does not use cone
responsivities("individual componentspresentin the organ of

vision”). Instead,CAT02 usesan optimizedlinear transformation
from CIE XYZ tristimulus values to RGB responsesthat
accuratelymodel the overall chromatic adaptationresponseof

human observers when combined with linear von Kries scaling.

Von Kries was exploring what remainsto this day as one of the
most important visual phenomenampacting the appearanceof
colors in various viewing environments,chromatic adaptation.
Chromatic adaptationrefers to the ability of the human visual
systemto automatically(as in sub-consciouslycompensatdor
changesin illumination color (and intensity through light/dark
adaptation}jo produceobjectcolor perceptionshataremorestable
thanthe simpletristimulusvalues(or coneresponsespredict. The
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relative stability of object color perceptionss so strongthat the
resulting perceptionis sometimesreferredto as color constancy
However careful observationof object color appearancecross
illumination changes and the phenomenon of illuminant
metamerismshow that color constancyis an overstatemenof

actual human performance.lf color constancyexisted perfectly

thentherewould be no needfor chromaticadaptatiormodelssince
basic colorimetry would be reducedto the integrationof spectral
reflectancesveightedby color matchingfunctionswith no needto

include an illuminant or source.This conceptwill be revisited
through one of the adaptation models explored in this paper

While there is certainly a rich history of psychophysical
experimentationon, and mathematicalmodeling of, chromatic
adaptation,[3] there are also many other types of adaptation
observedn the humanperceptuabystemsOneexamples pattern,
or spatialfrequency adaptationThe phenomenand modeling of

spatial frequencyadaptationare often describedusing chromatic
adaptationas an analogy For example,after exposureto a high-

spatial-frequencypattern (fine grating), a slightly-lowerspatial-
frequencypatternwill appearto have an even lower frequency

This is similar to how a yellow stimulus might appearslightly

greenish after adaptationto a red field. Spatial frequency
adaptationis typically modeledusing a small number (5-6) of

band-passpatialfrequencychannelganalogoudo the threecone
typessamplingthe light spectrum)that are subjectto gain control

(analogous to von Kries scaling of the cone responses).

Spatialfrequencyadaptatioralsoextendso morecomplexstimuli.
For example,Webster[4]has explored adaptationto image blur.
After viewing a blurry image, other imagesappearsharperand
vice versa. That work was recently extendedby Fairchild and
Johnson([5,6}o the examinationof adaptatiornto noisein images.
Both blur andnoisecanbe consideredarticularpatternsof spatial
frequenciesand it is reasonableo assumethat similar spatial-
frequency-adaptatiormodels would apply to each situation.
Interestingly Fairchild and Johnson[5,6]were able to model
patternadaptationto noisein imageswithout the needfor spatial
frequencychannelsinstead theytook the Fouriertransformof the
adaptationpatternandblurredit to simulatethe effect that spatial
frequencyadaptationoccursover bandsof spatial frequencyand
not completely independentlyfor each frequency This blurred
frequencyimagewasthenusedto scalethe perceivedmagnitudeof
each spatial frequencyin the imagesbeing viewed (von Kries
normalizationin spatial frequency space).The successof that
modelled the authorto ponderapplicationof a similar conceptto
the phenomenonof chromatic adaptation. Could chromatic
adaptatiorbe modeledas multiplicative normalizationto a blurred
adaptationspectrum,rather than independentgain control in a
limited numberof channels?s a channel-freehromaticadaptation
model feasible? These were the questionsthat motivated the



current research.Since such a model does not require that the
spectral data ever be expressedin colorimetric (or any
trichromatic) coordinates,it is not proper to refer to it as a
chromatic adaptation model. Instead, the new term, spectral
adaptationmodel, is used in this paper

Sincethe physiologyof color vision is understoodvell enoughto
know that three(in general)channelssamplethe visible spectrum
in the retina and all further visual processingarisesfrom these
initial signals,whatcould be the possibleadvantagesf a spectral
adaptatiormodel?Therearesituationsin which it could be helpful
to both expressdatain termsof spectra,ratherthan colorimetric
coordinates,and have accessto mathematicalmodels allowing
transformationsrepresentativeof appearancén various viewing
conditions.One such applicationis the growing field of spectral
imaging.[7] Spectralimaging systemsare often usedto express
spectralradianceor reflectancedatafor eachpixel in a sceneor
imaged object. Such data are useful for accurate color
reproductionminimizing metamerismin reproductionanalysisof
objectpropertiesandconservation/restoratiasf valuableartifacts.
A spectraladaptatiormodel might becomea functionaland useful
part of a spectral imaging chain, allowing appearance-like
transformationswithout ever reducingthe dimensionalityof the
imagedataor requiringestimationgo returnfrom color descriptors
to required spectral output information.

Model Formulation

Figure 1 is a flow chart of the spectraladaptationmodel. The

processbeginswith the spectralpower distribution of the light

source,!("), and the spectralreflectancefactor of the stimulus,
R("), expressedn the typical methodas functionsof wavelength
(nm). Thesespectraaretheninitially convertedo thewavenumber

scale. The conversion between wavelength, ", in nm, and
wavenumber#, in cmt is given by Eq. 1.
1
n m-0$7 (1)

Thestimulusspectrapowerdistribution,S(#),is thencomputecdby
multiplying the sourcespectralpower distribution by the spectral
reflectance factor as shown in Eq. 2.

S(1)=" (NR() )

Thenextstepis to definea spectrablurring functionwith which to
blur the light sourcespectralpowerdistributionprior to usingit as
a denominatotin a von Kries-like normalizationof spectraThisis
the stepin which the conversionfrom the wavelengthscaleto the
wavenumberscale comesinto play. As describedin the classic
work of Dartnall,[8] the spectralresponsivitief the humancone
photoreceptorsanbewell representetdy functionsof morenearly
constantshapeand width on the wavenumberscale. Since the
blurring of the sourcespectralpower distributionfor adaptationis
designedto simulatethe spectrallow-passfiltering of the cone
photoreceptorghis canbe accomplishedhroughconvolutionwith
a single, stationary symmetricfunction of wavenumberWhile a
non-symmetric function might more closely model human

photopigment absorption, for the purposes of this initial
formulationandtestingof a spectraladaptatiormodel,a Gaussian
functionwith a standarddeviationof 1500cnt?, asdefinedby Eq.
3, was used.This resultsin a distribution where plus-and-minus
two standarddeviationsis equivalentto approximately44% of the
visible spectrum.The precisedefinition of the width and shapeof
this blurring function is one place that the spectral adaptation
model could be fine-tuned given Safent visual data.
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The spectral power distribution of the light source is then
convertedto an adaptingstimulusthrougha blurring convolution
with the Gaussian blurring function as given in Eq. 4.

()= ()#BIC) “

The computationsin this paper were completed under the

assumptiorof full adaptatiorto the adaptingstimuluscomputedn

Eq. 4. However incompleteadaptatior(or incompletediscounting-
the-illuminant) as implemented in the CIECAMO02 color

appearancenodelcanalsobe implementedn a similar fashionin

a spectralmodel. At this stage,a degreeof adaptationfactor, D,

would haveto be selectedn therangebetweer0.0 (no adaptation)
and 1.0 (complete adaptation,used in this paper). Incomplete
adaptations implementedy adjustingthe adaptingspectrapower
distribution through a weighted (by D) averageof the blurred

sourcespectralpower distribution (Eq. 4) and the equal-enagy

illuminant, E(#) scaledto the sameabsoluteluminancelevel as
shown in Eq. 5.

! Ialdapt(”) = (D)I adapt(”) + (l# D)E(”) (5)

The spectraladaptatiortransformationis accomplishedhrougha
multiplicative gain control (von Kries-type normalization)of the
stimulusspectralpowerdistribution, S(#), by the adaptingspectral
distribution, "adapt(#), as described in Eq. 6.

)
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The adaptedstimulus function is essentiallya reflectancefactor
functionsincethelight source(or atleasta blurredversionthereof)
has been removed and the units are restoredto those of the
reflectance factor ratio. The adapted stimulus can then be
convertedto a normal reflectancefactor function by the simple
wavenumberto wavelength conversion (inverse of Eq. 1) as
defined in Eq. 7.

Radapted(" ) " adapted(#) (7



The adaptedreflectancefactor function can then be used to
computeappearanceorrelates(e.g., CIELAB lightness,chroma,
hue)throughnormaltristimulusintegrationusingthe equal-enayy
illuminant (or no illuminant at all). As described,the spectral
adaptationmodel functionsto computecorrespondingcolors for
the equal-enagy illuminant, or in the terms of the CIECAMO02
color appearancenodel,the equal-enagy illuminant representshe
reference viewing condition.
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Figure 1. Flow chart of the spectral adaptation model beginning with the object
reflectance and source spectral power distribution and ending with the
corresponding colorimetry under the equal-energy illuminant.

Thereis a specialcaseof the spectraladaptationtransformation
when the blurring function (Eq. 3) is definedas a delta function
and adaptationis complete (D=1.0). In this case,the spectral
adaptationmodel reducesto a simple removal of the sources
influence on the stimulus and the adaptedstimulus becomes
identicalwith its reflectancedactorfunction. Sucha transformation
is anotherdescriptionof perfect color constancy In a spectral
model it is possibleto computeperfectcolor constancyfor any
stimuluswhile that is not mathematicallyfeasiblefor the typical
trichromatic chromaticadaptationmodels.lt is worth noting that
while a color constancy model might be a computational

conveniencein some applications,it does not representcolor

appearancein general since it neglects the phenomenonof

metamerismHowever thereis a generalnterestin thecomparison
betweenthe appearanceredictionsof perfectcolor constancyand
thoseof moretraditional appearancenodelssuchas CIECAMO2.

Sincethis comparisonhas beenenabledby the derivationof the
spectraladaptationmodel and, more importantly the spectrally-
definedvisualadaptatiordatadescribedelow the color constancy
model is comparedwith the spectral adaptation, CAT02, and
CIELAB adaptation models in the analyses that follow

Experimental Model T esting
Sincechromaticadaptations generallyacceptedsa physiological
procesghat occursafter absorptionof light in the threeclasseof
cone photoreceptors,t is usually modeled as a trichromatic
phenomenorand psychophysicatlataare normally reportedonly
in trichromatic, rather than spectral,terms. Thereforea limited
psychophysicalexperimentwas undertakento provide a very
modestamountof data,quantifiedspectrally that could be usedto
comparethe spectraladaptationmodel formulatedin this paper
with othercommontechniquegor modelingchromaticadaptation.
This experimentwas not intendedto provide a significant set of
resultsfor modelfitting and generalizatiorand,assuch,only one
observewasused.The analyse®f thesedatashouldbetakenonly
in the sensethat they show the relative performanceof various
models and not as a meaningful metric of overall model
performance.

The experimentwas completedby one experiencedbserver(the
author) who performed magnitudescaling of color appearance
(lightness,chroma,and hue) of a seriesof stimuli undera variety
of light sourcesThereflectivesamplesonsistedf the 24 patches
of a vintage MacbethColorCheckerChart. The chartwas viewed
in its entirety under each of five light sourcesin a Macbeth
Spectralightlll viewing booth. Thesesourcesncludedsimulators
of CIE illuminants A and D75, a TL84 narrow-bandfluorescent
source,horizonlight (tungstenat a lower CCT thanlll. A), anda
cool-white fluorescentsource.The datain table | were measured
with a PhotoResearcRR-650spectroradiometegiimedat a PTFE
plaque placed on the bottom-centerof the viewing booth. This
instrumentrecordsabsolutespectralradiancefrom 380 nm to 780
nm in 4nm increments. Viewing distance was not strictly
controlled, but eachpatch of the chart subtendedapproximately
two-degrees of visual angle.

For eachlight source,the observerscaled perceivedlightness,
chroma,and hue for eachof the 24 patchesandthenthe process
was repeatedor the next source.Eachpatch-sourceeombination
wasscaledonly once.Generalrepeatabilityfor suchscalingtends
to be on the orderof 10% for lightness,20% for chroma,and 5%

for hue basedon previousexperiencelightnesswas scaledfrom

zero for a perfectblack to ten for a perfectwhite with a scaled
value of five representinga middle gray. Chromawas scaledsuch
thatachromaticcolorswere assignech value of zeroandthe scale
incrementswere the sameperceivedmagnitudeas the lightness
scale.Thusa scaledchromaof 5 shouldbe asdifferentfrom gray

as a perfectwhite is from a middle gray. Lastly, hue was scaled
similarly to huedesignationsn the SwedishNatural Color System



[9] with eachhuebeingexpressedsa percentageombinationof
no more than two unique hues.

Theraw scaleddatawerethenconvertedto approximateCIELAB
values such that they could be comparedwith equal-enagy
appearancepredictions of the various adaptationmodels. This
conversionwas accomplishedby multiplying the lightnessand
chroma by 100 to convert them into approximateL* and C*
values. Hue scales were converted using linear interpolation
betweerthe CIELAB hueanglesof the uniquehuesasspecifiedby
Fairchild.[3,10]CIELAB a* andb* coordinatesverethendirectly
computed from C* and h.

Eachof the four adaptatiormodelsunderconsideration(Spectral,
CATO02, CIELAB, Constancy)were usedto predict equal-enagy
correspondingolorsfor eachof the 24 testpatchesaandeachof the
five light sourcesThe spectraladaptatiormodelis that described
earlierin this paperwith completeadaptation CATO02 is the von
Kries adaptatiormodel on spectral-sharpenetbneresponseshat
is incorporatedin the CIECAMO2 color appearancenodel, also
with complete adaptation.[2] CIELAB[11] is the von Kries
adaptationtransformbuilt into the CIELAB color spacewhich is
normalizationof CIE XYZ tristimulus values rather than cone
responsesConstancyrefers to the special case of the spectral
model describedpreviously where the effects of the sourceare
perfectly removed. Essentially the constancymodel represents
direct computationof CIELAB coordinatesfor Ill. E using the
stimulusreflectancefactorsonly. Oncethe experimentally-scaled
valuesand all the predictedcorrespondingolors were expressed
as equal-enegy CIELAB coordinates,color differenceswere
computecbetweerthe predictedandobservedesults,summarized
in Fig. 2.

Median CIELAB Color Difference

CATO02
Adaptation Model

CIELAB

Spectral
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Figure 2. Median CIELAB color differences (E*) between visually scaled
appearance and model predictions for each model and light source. Error bars
represent 95% confidence intervals on the means across the 24 stimuli.

Figure 2 includesthe mediancolor differencesand differencesn
the various CIELAB coordinatesfor each model and viewing-
conditioncombination Error barsin Fig. 2 werecomputedas95%
confidenceintervals on the meansacrossthe 24 patchesof the
ColorCheckerChart. Noteworthyin the resultsis a generaltrend
for all of the models to significantly underpredict observed

chroma for all of the sourcesexceptthe narrow-bandTL84.
Overall, the differencesbetweenprediction and observationare
quite large, on the order of 20 CIELAB units. However this is
abouton parwith the expectedincertaintyin magnitudesstimation
for a singleobserverandtrial. Of moreimportances thatthereis
no significantdifferencein the performanceof the spectralmodel
in comparison with the other models for the prediction of
appearancéor a single observer(and observation) This suggests
that the spectralmodel, and indeedthe color constancymodel,
might be viable spectralprocessingechniquedor the preservation
of appearance information.

Since itis knownthatmeancolor appearancdataacrossnumerous
observerscan be predictedto the level of approximatelyfive

CIELAB units andthat the CAT02 model provideswhat is likely

the bestpredictionof thesemeanresults,it is alsoof interestto see
how the other models comparewith CAT02 in a more direct
computational comparison. Thus to avoid the uncertainty
associatedwith a new and very abbreviated,psychophysical
experimentthe computationakcomparisorwith CAT02 described
in the next section was undertaken.

Computational Model T esting

The stimuli from the visual experimentwere used,howeverthe
visual scaling results have no bearing on this computational
comparisonlnsteadof comparingwith the visually scaledresults,
the predictionsof CAT02 were deemedthe standard.Thus the
predictionsof eachof the otherthreemodelswerecomparedor all

of the experimentatonditionswith the predictionsof CAT02. The
results are expressedn the sameterms as those for the visual

scalingresults.The CATO02 differences(all zerossince CATO02 is

the standardareincludedin the tabulatedand plottedresultsasa

reminder of the computational paradigm.

The computationalcomparisonresults (median differences)are
plotted in Fig. 3. Of immediatenote is the significantly smaller
differencesfor all the models. The models do agreewith one
anothermuch betterthanthey agreewith the single observerand
the magnitude®f theseoverall differencedetweerthe modelsare
on the orderof the precisionof the bestavailablecolor appearance
data. The largest differencesfrom CAT02 are obtainedfor the
spectralmodeland the most significantof thesewere for the two
fluorescentlight sourcesPerhapst is not surprisingthat sources
with such non-smoothspectralpower distributions (the narrow-
band TL84 in particular) would produce the most significant
differencedetweera spectralanda chromaticadaptatiormodel.|t
is quite likely that the spectral model could be tuned for
significantly better performance by optimizing the blurring
function and degreeof adaptation.Particularly large differences
showup in the a* differencedor the two fluorescensourcesThis
canlikely be attributedto the large mercuryemissionat 546.1nm
not being blurred enough in the adaptation spectral power
distribution and thus causing a larger bias in the red-green
directions.

Also of noteis how closely the color constancymodel comesto
replicating the CATO02 predictions. There are some systematic
differencesput they do tendto be small suggestinghat the color



constancyapproachcould be a very viable spectral processing
techniquefor appearanc@reservationvhen metamerisms not a
significant concern.
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Figure 3. Median CIELAB color differences (E*) between CA T02 and other
model predictions for each model and light source. Error bars represent 95%
confidence intervals on the means across the 24 stimuli.

Lastly, ashasbeenobservedn avariety of color appearancenodel
tests,[3] CIELAB does perform reasonablywell in comparison
with CAT02. There are systematic differences in the
corresponding-colopredictionsthat are known to be meaningful
when large setsof color appearancelataare examinedand there
are known limitations (particularly constant-huecontours)in the
CIELAB appearancescales, but these analyses affirm that
CIELAB can be usedas a good, first-order approximationof a
color appearance model.

General Discussion

The spectraladaptationmodel and its limiting caseof a color
constancy model provide interesting fodder for colorimetric
computationsand theoretical (almost philosophical) analysesof
how physical color stimuli get convertedinto color appearance
perceptionshy the humanvisual systemaswell ashow to mimic
these procedures computationally and in imaging systems.
However given current physiological understanding of the
trichromatic nature of human color vision, should one really be
contemplatingsuchmodelsat all? And if so, is thereany utility
beyond natural scientific curiosity about what might happenif
color information were processed in afeliént way?

The answerto thesequestionsseemsto be a resounding“yes”.
Why? It turns out there is both the potential for physiological
plausibility of such models and there are certainly practical
applications in spectral imaging for spectral adaptation models.

Beginningwith physiologicalplausibility. Sincethe humanvisual
systemis known to be a trichromaticdetectorat the retinal level,
wherecouldthe spectrainformationcomefrom thatis requiredfor
aspectraladaptatiormodel?In the world of spectraimaging,Imai
etal.[12] havedevelopeda very accuratecapturesystembasedon
a trichromatic cameraand the addition of onefilter to allow the
captureof six spectralsampleghroughtwo exposuresSpectraare

then estimatedfor eachimagepixel aslinear combinationsof six

basisfunctions.If the visual systemwere ableto capturespectral
sampleswith threeconetypesexposedhroughtwo differenttypes
of filtration, then it is feasible for the human visual systemto

accomplishthe samespectralimagingaccuracy Thereare several
ways the humanvisual systemmight accomplishthis feat. The
mostsignificantof which is the differencein pre-retinalfiltration

betweenthe foveal and extra-fovealregionsof the retina. In the
fovea, the conesdetectlight that has first passedthrough the
yellow filter of the maculawhile in the peripherythereis no

macula. This spectral difference is remarkably similar to the
optimal filtration changederivedby Imai et al.[12] Sothe human
visual systemneedonly view the samescenelocation with the
fovea and extra-fovealretina in order to obtain the six spectral
samples necessaryto accomplish accurate spectral imaging,
spectraladaptation,and approximatecolor constancy There are
other possible mechanismincluding differencesin pre-retinal
absorptionin the two eyes and differencesin cone spectral
responsivitieglueto self-screeningndthe changesn coneshape
from thefovea(long andthin) to the periphery(shorterandwider).

Thusit is clearthat it is at leastfeasiblethat the humanvisual
systemhassomeaccesdo spectralinformationin a sceneand is

not a simple trichromaticdetector That full descriptionsof color
appearanceequirefive dimensions,[3hotjust three,alsosupports
the ideathat the visual systemis more thantrichromaticin some
senseWhile this discussiorestablisheplausibility, it by no means
providesany evidencethat the visual systemtakesadvantageof

this potential information.

Further supportcomesfrom the needfor more than one set of
averagecolor matchingfunctions. The CIE 1931 (2°) and 1964
(10°) standardcolorimetric observersprovide some measureof
meancolor matchingresponseslo the degreethattheseresponses
are presentin each observer and that they are not linear
transformationsof one another they provide another way to
quantify the differenceshetweerfoveal andextra-foveakchromatic
responseand provide the six samplesnecessaryor good spectral
reconstruction.Recentexperimentalresults from Liu et al.[13]
provide direct measurementf the accessibility of spectral
informationto observersandthe requirementdor spatiallyvarying
color matchingfunctions.In their experimentspbserversnatched
small centralstimuli (a display)with large peripheralstimuli (the
surrounding room illumination). Observerscould easily make
matcheswvhenthey fixated the display (or the surround) but those
matcheswould break down as soon as eye movementswere
allowed. Essentiallythesehighly metameric(LCD display LED
roomillumination) matchescannotbe preservedicrossevensmall
changesin the viewing configurations.Therefore,even when a
match is made for one viewing configuration, a few eye
movementsallow the observersto distinguishthe two types of
stimuli. This is a caseof trichromatic matchingnot being robust
across eye movementsand therefore illustrates the ability of
humanobserversto detectmetamerswhich is an indication that
they are in some way accessingspectralinformation (if only
subconciously).

Spectralimaging systems[7]are rapidly developingto the point
where they might soon see practical applicationin a variety of
areasln somecaseghesesystemsaredesignedstrictly to provide



physical metrics of spectral distributions, but in others the

objectiveis accuratecolor reproductionandit is not unreasonable
to think that end-to-end spectral imaging systems might be

implementedthat never require a reduced-dimensionalitye.g.,

trichromatic) image representation.In such casesa spectral

adaptation model might be very useful.

In caseswhere spectralreflectanceinformation for eachpixel is
available(e.g.,imagesof flat objects)andfor which metamerisnis
not a significantconcern the color constancymodelappeargo be
a very feasible method for approximateappearancerocessing.
Essentiallythis model suggestghat appearancés definedby the
spectralreflectancalistributionaloneandthe illuminant or source
is irrelevant.

In other cases,such as imagesof 3D sceneswhere nonuniform
illumination and interreflections make it difficult to obtain a
reflectancamage, spectralradianceinformation could be usefully
processedvith the spectraladaptatiormodeloutlinedin this paper
This will require some technique to estimate the effective
adaptatiorspectralpowerdistributionfor eachareain theimage,a
topic well beyondthe scopeof the presentwork. However this
doessuggesthelocusfor a fruitful combinationof recentwork on
image appearancenodelsand spatial adaptationmodels[14]and
the proposedspectraladaptationmodel. Regardlessthe spectral
adaptationmodel at least providesa hint on how to implement
cross-mediacolor appearanceeproductionwithin the domain of
end-to-end spectral imaging.

Conclusions

A new approachto the modeling of the visual phenomenorof

chromaticadaptationa spectraladaptatiormodel,wasderivedand
evaluatedn comparisorwith CAT02 andotheradaptatiormodels.
While such a model seemsphysiologically implausible at first

blush, it is not entirely impossiblethat higher levels of the visual
systemhavesomeaccesdo spectralinformation,or at leastband-
limited (blurred) spectralinformation. If this is the case,thena
spectraladaptatiormodel might end up being more accuratethan
trichromatic-basednodels. Substantiallymore visual data, with

full spectralinformationfor the testand adaptingstimuli, will be
requiredto allow the precisionnecessaryo differentiatebetween
spectral and chromatic adaptation models. Perhaps future
experimentswill provide such data. In the interim, the spectral
model and its limiting case,the color constancymodel, provide
frameworksby which spectralinformation can be processedvith

aneyetowardpreservatiorof color appearancaithoutthe needto

reducethedimensionalityof the spectrainformationandthenlater
attemptto reconstructit. Quickly developing spectralimaging
technologiesn avariety of applicationareasrom fine art printing,
to biomedicalimaging,to digital cinemamight benefitfrom sucha
processing framework.

The reviewersof this paperpointedout that Funt and Ciurea[15]
might have earlier suggesteda spectraladaptationmodel. While
they did addressthe potential advantageof using spectral
information, they used that information to optimize more
traditionaltrichromaticchromaticadaptatiormodels As this paper
was going to press,a paperby Mizokami et al.[16] appearedn

which appearancecaling (constanthue) was relatedto spectral,
rather than colorimetric, information. That work might represent
anotherinstanceof the potential use of spectralinformation for
color appearancelastly, a more detailedtreatemenbf this work
has been accepted for publication.[17]
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