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Abstract
Accurate color renderingrequires the consideration of manysamplesover the visible spectrum,and advanced
renderingtools developedby the research communityoffer multispectral samplingtowards this goal. However,
for practical reasonsincludingef�ciency, whitebalance, anddatademands,mostcommercial renderingpackages
still employa naiveRGB modelin their lighting calculations.This resultsin colors that are oftenqualitatively
different from the correct ones.In this paper, we demonstrate two independentand complementarytechniques
for improving RGB renderingaccuracywithout impactingcalculationtime: spectral pre�ltering andcolor space
selection.Spectral pre�ltering is an obviousbut overlookedmethodof preparinginput colors for a conventional
RGB renderingcalculation,which achievesexact resultsfor the direct component,and very accurate results
for the interre�ectedcomponentwhencompared with full-spectral rendering. In an empirical error analysisof
our method,weshowhowthechoiceof renderingcolor spacealsoaffects�nal image accuracy, independentof
pre�ltering. Speci�cally, we demonstrate the meritsof a particular transformthat hasemerged from the color
research communityas thebestperformerin computingwhitepoint adaptationunderchangingilluminants: the
SharpRGB space.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.7 [ComputerGraphics]:Color, shading,shadow-
ing, andtexture

1. Intr oduction

It is well-known that the humaneye perceives color in a
three-dimensionalspace,owing to the presenceof three
types of color receptors.Early psychophysicalresearch
demonstratedconclusively that threecomponentvaluesare
suf�cient to representany perceivedcolor, andthesevalues
may be quanti�ed using the CIE XYZ tristimulus space20.
However, becausethe spectrumof light is continuous,the
interactionbetweenilluminationandmaterialscannotbeac-
curatelysimulatedwith only threesamples.In fact,no �nite
numberof �x ed spectralsamplesis guaranteedto be suf�-
cient— onecaneasily�nd pathologicalcases,for example,
a purespectralsourcemixed with a narrow bandabsorber,
that requireeithercomponentanalysisor a ludicrousnum-
berof �x ed samplesto resolve. If the renderedspectrumis
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inaccurate,reducingit to a tristimulusvaluewill usuallynot
hidetheproblem.

Besidestheopenquestionof how many spectralsamples
to use,thereareotherpracticalbarriersto applyingfull spec-
tral renderingin commercialsoftware.First,thereis thegen-
eral dearthof spectralre�ectancedataon which to basea
spectralsimulation.This is consistentwith the lack of any
kind of re�ectancedata for rendering.We are grateful to
the researcherswho arehardat work makingspectraldata
available3� 19, but theultimatesolutionmaybeto put thenec-
essarymeasurementtools in the handsof peoplewho care
aboutaccuratecolor rendering.Hand-heldspectrophotome-
tersexist andmaybepurchasedfor thecostof a goodlaser
printer, but few peopleapply themin a renderingcontext,
andto our knowledge,no commercialrenderingapplication
takesspectrophotometerdataasinput.

Thesecondpracticalbarrierto spectralrenderingis white
balance.This is actuallya minor issueonceyou know how
to addressit, but the �rst time you renderwith the correct
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sourceand re�ectancespectra,you are likely to be disap-
pointedby thestrongcolor castin your output.This is due
to thechangein illuminant from thesimulatedsceneto the
viewing condition,andthereis awell-known methodto cor-
rectfor this,whichwe will cover in Section2.

Thethird practicalbarrierto thewidespreadacceptanceof
spectralrenderingiswhatwecall the“datamixingproblem.”
Whatif theusergoesto thetroubleof acquiringspectralre-
�ectancesfor a setof surfaces,but they alsowantto include
materialsthat are characterizedin termsof RGB color, or
light sourcesthat arespeci�ed to a differentspectralreso-
lution?Onemayinterpolateandextrapolateto someextent,
but in the end, it may be necessaryto either synthesizea
spectrumfrom RGBtriplesa la Smits' method14, or reduce
all the spectraldatato RGB valuesand fall back on three
componentrenderingagain.

The fourth practicalbarrier to full spectralrenderingis
cost.In many renderings,shadingcalculationsdominatethe
computation,even in RGB. If all of thesecalculationsmust
becarriedout at themaximumspectralresolutionof thein-
put, theaddedcostmaynot beworth theaddedbene�t.

Many researchersin computergraphicsandcolorscience
haveaddressedtheproblemof ef�cient spectralsampling8 � 7.
Meyer suggesteda point-samplingmethodbasedon Gaus-
sianquadratureanda preferredcolor space,which requires
only 4 spectralsamplesand is thus very ef�cient 11. Like
otherpoint samplingtechniques,however, Meyer's method
is proneto problemswhenthesourcespectrumhassigni�-
cantspikesin it, asin thecaseof common�uorescentlight-
ing. A moresophisticatedapproachemploying orthonormal
basisfunctionswaspresentedbyPeercy, whousescharacter-
istic vectoranalysison combinationsof light sourceandre-
�ectancespectrato �nd anoptimal,orthonormalbasisset13.
Peercy's methodhasthe advantageof handlingspiked and
smoothspectrawith equalef�ciency, andhe demonstrated
accurateresultswith asfew asthreeorthonormalbases.The
additionalcost is comparableto spectralsampling,replac-
ing N multipliesin anN-samplespectralmodelwith M � M
multiplies in anM-basisvectormodel.Examplesin his pa-
pershowedthemethodsigni�cantly out-performinguniform
spectralsamplingfor the samenumberof operations.The
cost for a 3-basissimulation,the minimum for acceptable
accuracy in Peercy's technique,is roughly threetimesthat
of a standardRGBshadingcalculation.

In thispaper, wepresentamethodthathasthesameover-
all accuracy asPeercy's technique,but without the compu-
tationaloverhead.In fact,no modi�cation at all is required
to a conventionalRGBrenderingengine,which multiplies
andsumsits threecolor componentsseparatelythroughout
thecalculation.Ourmethodis notsubjectto point sampling
problemsin spikedsourceor absorptionspectra,andtheuse
of an RGBrenderingspaceall but eliminatesthe datamix-
ing problemmentionedearlier. White adaptationis alsoac-
countedfor by our technique,sincewe asktheuserto iden-

tify a dominantsourcespectrumfor their scene.This avoids
thedreadedcolorcastin the�nal image.

Westartwith a few simpleobservations:

1. Thedirectlightingcomponentis the�rst orderin any ren-
deringcalculation,andits accuracy determinestheaccu-
racy of whatfollows.

2. Most scenescontaina singledominantilluminant; there
maybemany light sources,but they tendto all have the
samespectralpower distribution,andspectrallydifferen-
tiatedsourcesmakeanegligible contribution to illumina-
tion.

3. Exceptional scenes,where spectrally distinct sources
make roughlyequalcontributions,cannotbe“white bal-
anced,” andwill look wrongnomatterhow accuratelythe
colorsaresimulated.We canbesatis�ed if our color ac-
curacy is no worseon averagethanstandardmethodsin
themixedilluminant case.

Thespectralpre�ltering methodwe proposeis quitesim-
ple. We apply a standardCIE formula to computethe re-
�ected XYZ color of eachsurfaceunderthe dominantillu-
minant,thentransformthis to a white-balancedRGBcolor
spacefor renderinganddisplay. The dominantsourcesare
thenreplacedby white sourcesof equalintensity, andother
sourcecolorsaremodi�ed to accountfor thisadaptation.By
construction,therenderergetstheexactanswerfor thedom-
inantdirect component,anda reasonablycloseapproxima-
tion for othersourcesandhigherordercomponents.

Theaccuracy of indirectcontributionsandspectrallydis-
tinct illuminationwill dependon thesources,materials,and
geometryin thescene,aswell asthecolor spacechosenfor
rendering.We show by empiricalexamplehow a sharpened
RGBcolor spaceseemsto performparticularlywell in sim-
ulation,andoffer somespeculationasto why this might be
thecase.

Section2 detailstheequationsandstepsneededfor spec-
tral �ltering and white point adjustment.Section3 shows
anexamplescenewith threecombinationsof two spectrally
distinctlight sources,andwe comparethecoloraccuracy of
naiveRGBrenderingto ourpre�ltering approach,eachmea-
suredagainsta full spectralreferencesolution.Wealsolook
atthreedifferentcolorspacesfor rendering:CIE XYZ, linear
sRGB, andtheSharpRGBspace.Finally, we concludewith
asummarydiscussionandsuggestionsfor futurework.

2. Method

Thespectralpre�ltering methodweproposeis astraightfor-
ward transformationfrom measuredsourceandre�ectance
spectrato threeseparatecolorchannelsfor rendering.These
input colorsarethenusedin a conventionalrenderingpro-
cess,followedby a�nal transformationinto thedisplayRGB
space.Chromaticadaptation(i.e.,whitebalancing)maytake
placeeitherbeforeor after rendering,asa matterof conve-
nienceandef�ciency.
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2.1. Color Transformation

Given a sourceI
�

l � and a material r m
�

l � with arbitrary
spectraldistributions,the CIE describesa standardmethod
for deriving a tristimulus value that quanti�es the average
person's color response.TheXYZtristimuluscolor spaceis
computedfrom theCIE “standardobserver” responsefunc-
tions, Åx, Åy, and Åz, which are integratedwith an arbitrary
sourceilluminantspectrumandsurfacere�ectancespectrum
asshown in Eq.(1), below:

Xm �

�

I
�

l � r m
�

l � Åx
�

l � dl

Ym �

�

I
�

l � r m
�

l � Åy
�

l � dl (1)

Zm �

�

I
�

l � r m
�

l � Åz
�

l � dl

For mostapplications,the19712� standardobserver curves
areused,andthesemaybefoundin WyszeckiandStiles20.

Eq. (1) is very useful for determiningmetamericcolor
matches,but it doesnot give us an absolutescalefor color
appearance.For example, there is a strong tendency for
viewersto discounttheilluminant in their observations,and
the color one seesdependsstrongly on the ambientlight-
ing andthesurround.For example,Eq.(1) might computea
yellow-orangecolor for a white patchundera tungstenillu-
minant,while ahumanobserver would still call it “white” if
they werein aroomlit by thesametungstensource.In fact,a
standardphotographof thepatchwouldshow its trueyellow-
orangecolor, andmostnovice photographershave theexpe-
rienceof beingstartledwhenthecolorsthey getbackfrom
their indoorsnapshotsarenotasthey rememberedthem.

To provide for theviewer'schromaticadaptationandthus
avoid a color castin our imageafter all our hardwork, we
applyavonKriesstylelineartransformto ourvaluesprior to
display17. This transformtakesanXYZmaterialcolor com-
putedunderour sceneilluminant, andshifts it to theequiv-
alent,apparentcolor XYZ� undera differentilluminant that
correspondsto our displayviewing condition.All we need
are the XYZ colors for white underthe two illuminantsas
computedby Eq. (1) with r m

�

l �

�

1, anda 3 � 3 transfor-
mationmatrix,MC, thattakesusfrom XYZto anappropriate
color spacefor chromaticadaptation.(We will discussthe
choiceof MC shortly.) Thecombinedadaptationanddisplay
transformis givenin Eq. (2), below:
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where
��
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for thesceneilluminant, andsimilarly for thedisplaywhite
point,

�

X �w

�

Y �w

�

Z �w � .

The display matrix, MD, that we addedto the standard
von Kries transform,takesus from CIE XYZcoordinatesto
ourdisplaycolorspace.For ansRGBimageor monitorwith
D65 white point15, onewould usethefollowing matrix, fol-
lowedby a gammacorrectionof 1� 2 � 2:

MsRGB �

��

3 � 2410 � 1 � 5374 � 0 � 4986
� 0 � 9692 1 � 8760 0 � 0416

0 � 0556 � 0 � 2040 1 � 0570

�	

If we are renderinga high dynamic-rangescene,we may
needto applya tone-mappingoperatorsuchasLarsonet al6

to compressour valuesinto a displayablerange.The tone
operatorof Pattanaiket al even incorporatesa partial chro-
maticadaptationmodel12.

The choiceof which matrix to usefor chromaticadap-
tation,MC, is an interestingone.Much debatehasgoneon
in the color sciencecommunityover the pastfew yearsas
to which spaceis mostappropriate,andseveral contenders
seemto performequallywell in side-by-sideexperiments2.
However, it seemsclear that RGB primary sets that are
“sharper” (more saturated)tend to be more plausiblethan
primariesthat areinward of the spectrallocus4. In this pa-
per, we have selectedthe Sharpadaptationmatrix for MC,
which wasproposedbasedon spectralsharpeningof color-
matchingdata17:

MSharp �

��

1 � 2694 � 0 � 0988 � 0 � 1706
� 0 � 8364 1 � 8006 0 � 0357

0 � 0297 � 0 � 0315 1 � 0018

�	
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Figure 1: A plot showingthe relativegamutsof the sRGB
andSharpcolor spaces.
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Figure1 shows a CIE
�

u�

�

v� � plot with the locationsof
the sRGBandSharpcolor primariesrelative to the visible
gamut.Clearly, onecouldnot manufacturea color monitor
with Sharpprimaries,asthey lie just outsidethespectrallo-
cus.However, thisposesnoproblemfor acolor transformor
arenderingcalculation,sincewe canalwaystransformback
to a displayablecolorspace.

In fact,theSharpprimariesmaybepreferredfor rendering
andRGBimagerepresentationsimply becausethey include
a largergamutthanthestandardsRGBprimaries.This is not
anissueif onecanrepresentcolor valueslessthanzeroand
greaterthanone,but mostimageformatsandsomerendering
frameworksdo not permit this.As we will seein Section3,
thechoiceof color spaceplaysa signi�cant role in the�nal
imageaccuracy, evenwhengamutis notanissue.

2.2. Application to Rendering

We begin with the assumptionthat the direct-diffusecom-
ponentis mostimportantto color andoverall renderingac-
curacy. Insidethe shaderof a conventionalRGBrendering
system,the direct-diffusecomponentis computedby mul-
tiplying the light sourcecolor by thediffusematerialcolor,
wherecolor multiplication happensseparatelyfor eachof
thethreeRGBvalues.If this calculationis accurate,it must
givethesameresultonewouldgetusingEq.(1) followedby
conversionto therenderingcolor space.In general,this will
notbethecase,becausethediffuseRGBfor thesurfacewill
bebasedonsomeotherilluminantwhosespectrumdoesnot
matchtheonein themodel.

For example, the CIE
�

x

�

y� chromaticities and Y-
re�ectancespublishedon the back of the Macbeth Col-
orChecker chart9 aremeasuredunderstandardilluminantC,
which is a simulatedovercastsky. If a userwantsto usethe
Macbethcolor Purple in his RGB renderingof an interior
spacewith anincandescent(tungsten)light source,hemight
convert the published

�

Y

�

x

�

y� re�ectancesdirectly to RGB
valuesusing the inverseof MsRGB given earlier. Unfortu-
nately, he makes at leastthreemistakes in doing so. First,
heis forgettingto performa white point transform,sothere
is a slight red shift ashe converts from

�

Y

�

x

�

y� underthe
bluish illuminant C to themoreneutralD65 white point of
sRGB. Second,thetungstensourcein his modelhasa slight
orangehuehe forgetsto accountfor, andthereshouldbea
generaldarkeningof thesurfaceunderthisilluminant,which
hefails to simulate.Finally, theweakoutputat theblueend
of a tungstenspectrummakespurplevery dif�cult to distin-
guishfrom blue,andhehasfailedto simulatethismetameric
effectin hisrendering.In theend,therenderingshowssome-
thing morelike violet thanthedarkblueonewould actually
witnessfor thiscolor in sucha scene.

If the spectraof all the light sourcesareequivalent,we
canprecomputethecorrectresultfor thedirect-diffusecom-
ponentand replacethe light sourceswith neutral (white)

emitters,insertingour spectrallypre�ltered RGBvaluesas
thediffusere�ectancesin eachmaterial.We neednot worry
abouthow many spectralsampleswe canafford, sincewe
only have to performthecalculationoncefor eachmaterial
in a preprocess.If we intendto renderin our displaycolor
space,we may even perform the white balancetransform
aheadof time,saving ourselvesthe�nal 3 � 3 matrix trans-
form at eachpixel.

In Section3, we analyzethe error associatedwith three
differentcolorspacesusingourspectralpre�ltering method,
andcompareit statisticallyto theerrorfrom naiverendering.
The�rst color spacewe applyis CIE XYZspace,asrecom-
mendedby Borges1. Thesecondcolorspaceweuseis linear
sRGB, which hasthe CCIR-709RGB color primariesthat
correspondto nominalCRT displayphosphors15. The third
colorspaceis thesameoneweapplyin ourwhitepointtrans-
formation,theSharpRGBspace.We look at casesof direct
lighting underasingleilluminant,whereweexpectourtech-
niqueto performwell, andmixed illuminantswith indirect
diffuseandspecularre�ections,whereweexpectpre�ltering
to work lesseffectively.

When we renderin CIE XYZ space,it makes the most
senseto go directly from thepre�ltered resultof Eq. (1) to
XYZcolorsdividedby white underthesameilluminant:

Xm
�

�

Xm

Xw
Ym

�

�

Ym

Yw
Zm

�

�

Zm

Zw

We may thenrenderwith light sourcesusingtheir absolute
XYZ emissions,and the resultingXYZ direct diffuse com-
ponentwill be correctin absoluteterms,sincethey will be
remultipliedby thesourcecolors.The �nal white point ad-
justmentmaythenbecombinedwith thedisplaycolor trans-
form exactly asshown in Eq. (2).

When we renderin sRGBspace,it is more convenient
to perform white balancingaheadof time, applying both
Eq. (1) andEq. (2) prior to rendering.All light sourcesthat
matchthespectrumof thedominantilluminantwill bemod-
eledasneutral,andspectrallydistinct light sourceswill be
modeledashaving their sRGBcolor divided by that of the
dominantilluminant.

Whenwe renderin the SharpRGBspace,we canelimi-
natethetransformationinto anothercolorspaceby applying
just theright half of Eq. (2) to thesurfacecolorscalculated
by Eq.(1):

��

Rm
�

Gm
�

Bm
�

�	

�

��

�

1
Rw

0 0
0 1

Gw
0

0 0 1
Bw

� 

	

MSharp

��

Xm
Ym
Zm

�	

�

Dominantilluminantswill againbemodeledasneutral,and
spectrallydistinctilluminantswill use:

Rs
�

�

Rs

Rw
Gs

�

�

Gs

Gw
Bs

�

�

Bs

Bw

The�nal transformationto thedisplayspacewill apply the
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remainingpartof Eq. (2):
��

Rd
Gd
Bd

�	

�

MD M 


1
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3. Results

Our testscenewasconstructedusingpublishedspectraldata
andsimplegeometry. It consistsof a squareroomwith two
light sourcesand two spheres.One sphereis madeof a
smoothplasticwith a5%specularcomponent,andtheother
sphereis madeof pure,polishedgold(24carat).Thediffuse
color of theplasticball is MacbethGreen9. Thecolor of el-
ementalgold is computedfrom its complex index of refrac-
tion asa functionof wavelength.Theceiling, �oor , andfar
wall aremadeof the MacbethNeutral.8material.The left
wall is MacbethRed,and the right wall is MacbethBlue.
The nearwall, seenin the re�ection of the spheres,is the
MacbethBlueFlowercolor. Theleft light sourceis a2856� K
tungstensource(i.e.,StandardIlluminantA). Theright light
sourceis a coolwhite �uorescent.

All spectraldatafor our sceneweretakenfrom themate-
rial tablesin AppendixG of Glassner'sPrinciplesof Digital
Image Synthesis5, andthesearealsoavailable in the Mate-
rials andGeometryFormat(MGF)18. For convenience,the
modelusedin this paperhasbeenpreparedasa setof MGF
�les and includedwith our imagecomparisonsin the sup-
plementalmaterials.

Figure2 shows a Monte Carlo path tracingof this envi-
ronmentwith �uorescent lighting using 69 evenly spaced
spectralsamplesfrom 380 to 720 nm, which is the resolu-
tion of our inputdata.Usingourspectralpre�ltering method
with the cool white illuminant, we recomputedthe image
using only threesRGBcomponents,taking careto retrace
exactly thesameray paths.The resultshown in Figure3 is
nearly indistinguishablefrom the original, with the possi-
ble exceptionof the re�ection of the blue wall in the gold
sphere.Thiscanbeseengraphicallyin Figure5, whichplots
the CIE 1994Lab DE � color difference10 in falsecolor. A
DE � valueof oneis justnoticeableif thecolorsareadjacent,
andwe have found valuesabove � ve or so to be visible in
side-by-sideimagecomparisons.

Usinga naive assumptionof anequal-energy illuminant,
we recomputedthe sRGB material colors from their re-
�ectance spectraand renderedthe sceneagain,arriving at
Figure4. Therenderingtookthesametimeto �nish, abouta
third aslongasthefull-spectralrendering,andtheresultsare
quitedifferent.Both theredwall andthegreenspherehave
changedlightnessandsaturationfrom the referenceimage,
the blue wall is re�ected aspurple in the gold sphere,and
the DE � errorsshown in Figure6 areover 20 in large re-
gions.Clearly, this level of accuracy is unacceptablefor crit-
ical colorevaluations,suchasselectingacolor to repaintthe
living room.

XYZ sRGB SharpIllum Method
50% 98% 50% 98% 50% 98%

tung naive 10.4 45.9 4.8 15.4 0.8 5.1
pre�lt 2.3 5.7 0.6 1.5 0.5 0.9

�uor naive 6.1 32.0 5.8 39.2 1.1 6.0
pre�lt 2.0 6.6 0.4 1.2 0.4 0.8

both naive 5.6 31.6 4.5 21.5 0.6 2.8
pre�lt tung 4.9 15.1 0.5 2.0 0.7 2.2
pre�lt �uor 4.8 55.1 0.6 6.5 0.7 8.6
Average 5.7 27.4 2.8 12.5 0.7 3.8

Table 1: CIE 1994 Lab DE � percentilesfor our example
scene.

Werepeatedthesamecomparisonsin CIE XYZandSharp
RGBcolor spaces,thenchangedthe lighting con�guration
and ran them again.Besidesthe �uorescent-only lighting
condition,we looked at tungsten-onlyandboth sourcesto-
gether. Sincethe lumenoutputof the two sourcesis equal,
it wasnot clearwhich oneto chooseas the dominantillu-
minant,sowe appliedour pre�ltering technique�rst to one
sourcethento the other. Altogether, we compared21 com-
binationsof light sources,colorspaces,andrenderingmeth-
odsto our multispectralreferencesolution.The falsecolor
imagesshowing theDE � for eachcomparisonareincluded
in thesupplementalmaterials,andwesummarizetheresults
statisticallyin Table1 andFigure7.

Table1 givesthe 50th percentile(median)and98th per-
centileDE � statisticsfor eachcombinationof method,light-
ing, andcolor space.Thesecolumnsareaveragedto show
therelative performanceof thethreerenderingcolor spaces
at the bottom.Figure7 plots the errorsin Table1 asa bar
chart.The 50th percentileerrorsarecoupledwith the 98th
percentileerrorsin eachbar. In all but onesimulation,the
SharpRGB color spacekeepsthe medianerror below the
detectablethreshold,andthe majority of the Sharprender-
ingshave 98%of theirpixelsbelow a DE � of � ve relative to
the referencesolution,a level at which it is dif�cult to tell
the imagesapartin side-by-sidecomparisons.Thesmallest
errorsareassociatedwith theSharpcolorspaceandspectral
pre�ltering with asingleilluminant,where98%of thepixels
haveerrorsbelow thedetectablethreshold.In themixedillu-
minantcondition,spectralpre�ltering usingtungstenasthe
dominantilluminantperformsslightly betterthananaiveas-
sumption,andpre�ltering usingcool white asthedominant
illuminant performsslightly worse.Theworstperformance
by far is seenwhenwe useCIE XYZastherenderingspace,
which producesnoticeabledifferencesabove � ve for over
2%of thepixelsin everysimulation,andamedianDE � over
� ve in eachnaive simulation.
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Figure 2: Our reference multi-spectral solution for the
�uorescent-onlyscene.

Figure3: Our pre�lteredsRGBsolutionfor the�uorescent-
onlyscene.

Figure 4: Our naivesRGBsolutionfor the�uorescent-only
scene.

Figure5: TheDE � error for thepre�lteredsRGBsolution.

Figure6: TheDE � error for thenaivesRGBsolution. Figure7: Error statisticsfor all solutionsandcolor spaces.

4. Conclusions

In our experiments,we found spectralpre�ltering to mini-
mize color errorsin sceneswith a singledominantillumi-
nantspectrum,regardlessof therenderingcolor space.The
medianCIE 1994Lab DE � valueswerereducedby a factor
of six on average,to levels that werebelow the detectable
thresholdwhenusingthesRGBandSharpcolor spaces.Of
the threecolor spaceswe usedfor rendering,the CIE XYZ
performedthe worst, generatingmedianerrors that were
above the detectablethresholdeven with pre�ltering, and
� vetimesthethresholdwithoutpre�ltering, meaningthedif-
ferencewasclearly visible over mostof the imagein side-
by-sidecomparisonsto the referencesolution. In contrast,
the SharpRGB color space,favored by the color science

communityfor chromaticadaptationtransforms,performed
exceptionallywell in a renderingcontext, producingmedian
error levels that were at or below the detectablethreshold
bothwith andwithoutpre�ltering.

We believe the SharpRGB spaceworks especiallywell
for renderingby minimizingtherepresentationerrorfor tris-
timulus valueswith axesthat arealignedalongthe densest
regions of XYZ space,perceptually. This property is held
in commonwith the AC1C2 color spacerecommendedby
Meyer for renderingfor this reason11. In fact, the AC1C2
spacehasalsobeenfavoredfor chromaticadaptation,indi-
catingthestrongconnectionbetweenrenderingcalculations
andvonKries styletransforms.This is evidentin thediago-
nal matrix of Eq. (2), wherewhite point primariesaremul-
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tiplied in separatechannels,analogousto thecolor calcula-
tions insidea three-componentshader. Justasa white point
shifts in a von Kries calculation,so do colorsshift asthey
arere�ectedby a material.

The combinationof spectralpre�ltering and the Sharp
RGBspaceis particularlyeffective. With pre�ltering under
a single illuminant, 98% of the pixels were below the de-
tectableerrorthresholdusingtheSharpRGBspace,andonly
a singlehighlight in the gold spherewasdistinguishablein
our side-by-sidecomparisons.We includeda polishedgold
spherebecausewe knew its strongspectralselectivity and
specularityviolated one of our key assumptions,which is
that the direct-diffusecomponentdominatesthe rendering.
We saw in our resultsthat the errorsusingpre�ltering for
the gold sphereareno worsethanwithout, andit probably
doesnot matterwhetherwe apply our pre�ltering method
to specularcolors or not, sincespecularmaterialstend to
re�ect othersurfacesmorethanlight sourcesin the�nal im-
age,anyway. However, renderingin a sharpenedRGBspace
alwaysseemsto help.

We also testedthe performanceof pre�ltering whenwe
violatedoursecondassumptionof asingle,dominantillumi-
nantspectrum.Whenbothsourceswerepresentandequally
bright, themedianerrorwasstill below thevisible threshold
usingpre�ltering in either the sRGBor Sharpcolor space.
Withoutpre�ltering, themedianjumpedsigni�cantly for the
sRGBspace,but was still below thresholdfor SharpRGB
rendering.Thus,pre�ltering performednoworseonaverage
than the naive approachfor mixed illuminants,which was
ourgoalasstatedin theintroduction.

In conclusion,wehavepresentedanapproachto RGBren-
dering that works within any standardframework, adding
virtually nothing to the computationtime while reducing
color differenceerrorsto below the detectablethresholdin
typicalenvironments.Thespectralpre�ltering techniqueac-
commodatessharppeaksandvalleys in the sourceandre-
�ectance spectra,anduser-selectionof a dominantillumi-
nantavoidsmostwhitebalanceproblemsin theoutput.Ren-
deringin asharpenedRGBspacealsogreatlyimprovescolor
accuracy, independentof pre�ltering. Work still needsto be
donein theareasof mixedilluminantsandcoloredspecular
re�ections,andwewouldliketo testourmethodonagreater
varietyof examplescenes.
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