ThirteenthEurographic&Vorkshopon Rendering2002)
P. DebevecandS. Gibson(Editors)

Picture Perfect RGB Rendering Using Spectral Pre Itering

and Sharp Color Primaries

Greg Ward

ElenaEydelbeg-Vileshin

Abstract
Accurate color renderingrequires the consideation of manysamplesover the visible spectrumand advanced

renderingtools developedby the reseach communityoffer multispectal samplingtowards this goal. However,
for practicalreasonsncludingef ciency, whitebalance and datademandsiostcommecial renderingpadkages
still employa naive RGB modelin their lighting calculations.This resultsin colors that are oftenqualitatively
different from the correct ones.In this paper we demonstate two independenaind complementaryechniques
for improving RGB renderingaccuracy withoutimpactingcalculationtime: spectal pre Itering andcolor space
selection.Spectal pre Itering is an obviousbut overlooled methodof preparinginput colors for a conventional
RGB renderingcalculation, which achieves exact resultsfor the direct componentand very accuiate results
for the interre ected componentvhencompaed with full-spectal rendering In an empirical error analysisof
our method we showhow the choice of renderingcolor spacealso affects nal image accuracy independenof
pre ltering. Speci cally, we demonstate the merits of a particular transformthat has emeged from the color
reseach communityas the bestperformerin computingwhite point adaptationunderchangingilluminants: the
SharpRGB space

Catgyoriesand SubjectDescriptorgaccordingto ACM CCS) 1.3.7 [ComputerGraphics]:Color, shadingshadev-

ing, andtexture

1. Intr oduction

It is well-known that the humaneye perceves color in a

three-dimensionakpace,owing to the presenceof three
types of color receptors.Early psychophysicalresearch
demonstratedonclusvely thatthreecomponentwaluesare
sufcient to represenary perceved color, andthesevalues
may be quanti ed usingthe CIE XYZ tristimulus spacé®.

However, becausehe spectrumof light is continuousthe
interactionbetweernillumination andmaterialscannotbeac-
curatelysimulatedwith only threesamplesin fact,no nite

numberof x ed spectralsampleds guaranteedo be suf-

cient— onecaneasily nd pathologicakasesfor example,
a pure spectralsourcemixed with a narrav bandabsorber
that requireeithercomponentanalysisor a ludicrousnum-
berof x ed samplego resole. If the renderedspectrums
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inaccuratereducingit to atristimulusvaluewill usuallynot
hidetheproblem.

Besideghe openquestionof how mary spectralsamples
to use thereareotherpracticalbarriersto applyingfull spec-
tral renderingn commerciakoftware.First, thereis thegen-
eral dearthof spectralre ectancedataon which to basea
spectralsimulation. This is consistentith the lack of ary
kind of re ectancedatafor rendering.We are grateful to
the researchersvho are hard at work making spectraldata
available® 19, but theultimatesolutionmaybeto putthenec-
essarymeasuremerntpolsin the handsof peoplewho care
aboutaccuratecolor rendering Hand-heldspectrophotome-
tersexist andmay be purchasedor the costof a goodlaser
printer, but few peopleapply themin a renderingcontext,
andto our knowledge,no commerciakenderingapplication
takesspectrophotometatataasinput.

Thesecondpracticalbarrierto spectrakrenderings white
balanceThis is actuallya minor issueonceyou know how
to addresst, but the rst time you renderwith the correct
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sourceand re ectancespectrayou arelikely to be disap-
pointedby the strongcolor castin your output. This is due
to the changein illuminant from the simulatedsceneto the
viewing condition,andthereis awell-knovn methodto cor
rectfor this, whichwe will coverin Section2.

Thethird practicalbarrierto thewidespreagcceptancef
spectratenderings whatwe call the“datamixing problen’
Whatif the usergoesto the troubleof acquiringspectrakre-

ectancesfor a setof surfacesput they alsowantto include

materialsthat are characterizedn termsof RGB color, or
light sourcesthat are speci ed to a differentspectralreso-
lution? Onemayinterpolateandextrapolateto someextent,
but in the end, it may be necessaryo either synthesizea
spectrumfrom RGBtriplesala Smits' method4, or reduce
all the spectraldatato RGB valuesand fall back on three
componentenderingagain.

The fourth practicalbarrierto full spectralrenderingis
cost.In mary renderingsshadingcalculationgdominatethe
computationgvenin RGR If all of thesecalculationsmust
be carriedout at the maximumspectrakesolutionof thein-
put, theaddedcostmaynot beworth theaddedbene t.

Marny researchers computergraphicsandcolor science
have addressetheproblemof ef cient spectrasampling 7.
Meyer suggested point-samplingmethodbasedon Gaus-
sianquadratureanda preferredcolor spacewhich requires
only 4 spectralsamplesand is thus very efcientl. Like
otherpoint samplingtechniqueshowever, Meyer's method
is proneto problemswhenthe sourcespectrumhassigni -
cantspikesin it, asin the caseof common uorescentlight-
ing. A moresophisticate@pproactemplo/ing orthonormal
basisfunctionswaspresentety Peerg, whousescharacter
istic vectoranalysison combinationf light sourceandre-
ectancespectrao nd anoptimal,orthonormabasissets.
Peerg's methodhasthe adwantageof handlingspiked and
smoothspectrawith equalef ciency, and he demonstrated
accurateesultswith asfew asthreeorthonormabasesThe
additionalcostis comparablgo spectralsampling,replac-
ing N multipliesin anN-samplespectraimodelwithM M
multipliesin an M-basisvectormodel.Examplesn his pa-
pershavedthemethodsigni cantly out-performinguniform
spectralsamplingfor the samenumberof operationsThe
costfor a 3-basissimulation,the minimum for acceptable
accurag in Peerg's techniquejs roughly threetimesthat
of astandardRGBshadingcalculation.

In this paper we presenta methodthathasthe sameover-
all accurag asPeerg's technique put without the compu-
tationaloverheadIn fact,no modi cation atall is required
to a cornventional RGB renderingengine,which multiplies
and sumsits threecolor componentseparatelythroughout
the calculation.Our methodis not subjectto pointsampling
problemsn spiked sourceor absorptiorspectraandthe use
of an RGBrenderingspaceall but eliminatesthe datamix-
ing problemmentionedearlier White adaptatioris alsoac-
countedfor by our technique sincewe askthe userto iden-

tify adominantsourcespectrunfor their sceneThis avoids
thedreadedtolor castin the nal image.

We startwith afew simpleobsenations:

1. Thedirectlightingcomponents the rst orderin ary ren-
deringcalculation,andits accurag determineshe accu-
ragy of whatfollows.

2. Most scenesontaina singledominantilluminant; there
may be mary light sourcesput they tendto all have the
samespectrabower distribution, andspectrallydifferen-
tiatedsourcesnake anegligible contributionto illumina-
tion.

3. Exceptional scenes,where spectrally distinct sources
male roughly equalcontritutions,cannotbe “white bal-
anced, andwill look wrongno matterhow accuratelythe
colorsaresimulated We canbe satis ed if our color ac-
curag is no worseon averagethanstandardnethodsin
themixedilluminant case.

The spectralpre ltering methodwe proposds quite sim-
ple. We apply a standardCIE formulato computethe re-
ected XYZ color of eachsurfaceunderthe dominantillu-
minant, thentransformthis to a white-balancedRGB color
spacefor renderingand display The dominantsourcesare
thenreplacedby white sourcef equalintensity andother
sourcecolorsaremodi ed to accountfor this adaptationBy
constructiontherenderegetstheexactanswerfor thedom-
inantdirectcomponentanda reasonablycloseapproxima-

tion for othersourcesandhigherordercomponents.

The accuray of indirectcontritutionsandspectrallydis-
tinctillumination will dependbnthe sourcesmaterialsand
geometryin the sceneaswell asthe color spacechoserfor
rendering We shawv by empiricalexamplehow a sharpened
RGBcolor spaceseemso performparticularlywell in sim-
ulation, and offer somespeculatiorasto why this might be
thecase.

Section2 detailsthe equationsaandstepsneededor spec-
tral Itering and white point adjustmentSection3 shavs
anexamplescenewith threecombinationf two spectrally
distinctlight sourcesandwe comparethe color accurag of
naive RGBrenderingo our pre ltering approacheachmea-
suredagainstafull spectrareferencesolution.We alsolook
atthreedifferentcolor spacedor rendering CIE XYZ linear
sRGB andthe SharpRGBspaceFinally, we concludewith
asummarnydiscussiorandsuggestiongor futurework.

2. Method

Thespectralpre Itering methodwe proposés a straightfor

ward transformatiorfrom measuredourceandre ectance
spectrao threeseparateolor channeldor renderingThese
input colorsarethenusedin a corventionalrenderingpro-

cessfollowedby a nal transformatiorinto thedisplayRGB
spaceChromaticadaptatior{i.e., white balancingmaytake

placeeitherbeforeor after renderingasa matterof corve-

nienceandef ciency.
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2.1. Color Transformation

Given a sourcel | anda materialrm | with arbitrary
spectraldistributions,the CIE describes standardmethod
for deriving a tristimulus value that quanti es the average
persons color responseThe XYZ tristimulus color spaces
computedrom the CIE “standardobserer” responsdunc-

tions, A, A, and &, which are integratedwith an arbitrary

sourcelluminantspectrumandsurfacere ectancespectrum
asshavn in Eq. (1), below:

Xm Il rm!l Al dl
Yim Il rml Al dl ®
Zm [ rm| /&' dl

For mostapplicationsthe19712 standardbbsenrer curves
areused,andthesemaybefoundin Wyszeckiand Stile<0.

Eq. (1) is very useful for determiningmetamericcolor
matchesput it doesnot give us an absolutescalefor color
appearanceFor example, there is a strong tendeng for
viewersto discounttheilluminantin their obserations,and
the color one seesdependsstrongly on the ambientlight-
ing andthe surround For example,Eq. (1) might computea
yellow-orangecolor for a white patchunderatungsteniliu-
minant,while ahumanobsenrer would still call it “white” if
they werein aroomlit by thesameungstersourceln fact,a
standarghotograptof thepatchwould shaw its trueyellow-
orangecolor, andmostnovice photographerbave the expe-
rienceof beingstartledwhenthe colorsthey getbackfrom
theirindoorsnapshotarenotasthey rememberedhem.

To provide for theviewer's chromaticadaptatiorandthus
avoid a color castin our imageafterall our hardwork, we
applyavonKries stylelineartransformto ourvaluesprior to
display'’. This transformtakesan XYZ materialcolor com-
putedunderour scenelluminant, andshiftsit to the equiv-
alent,apparentolor XYZ undera differentilluminant that
correspondso our displayviewing condition. All we need
arethe XYZ colorsfor white underthe two illuminants as
computedby Eq. (1) with rm | 1,anda3 3 transfor
mationmatrix, Mc, thattakesusfrom XYZto anappropriate
color spacefor chromaticadaptation(We will discussthe
choiceof M¢ shortly) The combinedadaptatioranddisplay
transformis givenin Eq. (2), below:

Ry
Rm LR o 0 X
Gm MpM:™ 0 % 0 Mc Ym (2
B B, Zm
m 0o 0 g
where

Rw Xw

Gw Mc Yw

Bw Zw
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for the scendlluminant, andsimilarly for the displaywhite
point, Xy Yw Zw -

The display matrix, Mp, that we addedto the standard
von Kries transform takesusfrom CIE XYZ coordinatego
ourdisplaycolor spaceFor ansRGBimageor monitorwith
D65 white point®, onewould usethefollowing matrix, fol-
lowedby agammacorrectionof 1 2 2:

32410 15374 04986
MsraE 09692 18760 00416
00556 02040 10570

If we are renderinga high dynamic-rangescene we may
needto applyatone-mappingperatorsuchasLarsonet al®
to compressour valuesinto a displayablerange.The tone
operatorof Pattanaiket al evenincorporatesa partial chro-
maticadaptatioomodel2.

The choiceof which matrix to usefor chromaticadap-
tation, Mc, is aninterestingone. Much debatehasgoneon
in the color sciencecommunityover the pastfew yearsas
to which spaceis mostappropriateand several contenders
seemto performequallywell in side-by-sideexperiments.
However, it seemsclear that RGB primary setsthat are
“sharper” (more saturatedYendto be more plausiblethan
primariesthat areinward of the spectrallocug'. In this pa-
per, we have selectedhe Sharpadaptatiormatrix for Mc,
which was proposedasedon spectralsharpeningf color-
matchingdatd”:

12694 00988 01706
Msharp 08364 18006 00357
00297 00315 10018

SRGB vs. Sharp Color Space

CIE (u',v') coordinates

vis. gamut

Vv axis

Figure 1: A plot showingthe relative gamutsof the SRGB
andSharpcolor spaces.
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Figurel shavsa CIE u v plot with the locationsof
the sRGBand Sharpcolor primariesrelative to the visible
gamut.Clearly, one could not manugcturea color monitor
with Sharpprimaries,asthey lie justoutsidethe spectralo-
cus.However, this posesio problemfor acolortransformor
arenderingcalculation sincewe canalwaystransformback
to adisplayablecolor space.

In fact,theSharpprimariesmaybepreferredor rendering
andRGBimagerepresentatiosimply becausehey include
alargergamutthanthe standardsRGBprimaries.Thisis not
anissueif onecanrepresentolor valueslessthanzeroand
greatetthanone but mostimageformatsandsomerendering
frameworks do not permitthis. As we will seein Section3,
the choiceof color spaceplaysa signi cant rolein the nal
imageaccurag, evenwhengamutis notanissue.

2.2. Application to Rendering

We begin with the assumptiorthat the direct-difuse com-
ponentis mostimportantto color and overall renderingac-
curag. Insidethe shaderof a conventionalRGB rendering
system the direct-difuse components computedby mul-
tiplying the light sourcecolor by the diffusematerialcolor,
where color multiplication happensseparatelyfor eachof
thethreeRGBVvalues.If this calculationis accuratejt must
givethesameresultonewould getusingEq. (1) followedby
corversionto therenderingcolor spaceln generalthis will
notbethe casepecaus¢he diffuseRGBfor the surfacewill
bebasedn someotherilluminantwhosespectrundoesnot
matchthe onein the model.

For example, the CIE xy chromaticities and Y-
re ectancespublishedon the back of the Macbeth Col-
orChecler charf aremeasuredinderstandardlluminantC,
whichis a simulatedovercastsky. If a userwantsto usethe
Macbethcolor Purplein his RGB renderingof an interior
spacewith anincandescentungsten)ight source hemight
corvert the published Y x y re ectancesdirectly to RGB
valuesusing the inverse of Mgrgg given earlier Unfortu-
nately he makes at leastthreemistalesin doing so. First,
heis forgettingto performa white point transform,sothere
is a slight red shift ashe corvertsfrom Y xy underthe
bluishilluminant C to the more neutralD65 white point of
sRGB Secondthetungstersourcein his modelhasaslight
orangehuehe forgetsto accountfor, andthereshouldbe a
generabarkeningof thesurfaceunderthisilluminant,which
hefails to simulate Finally, theweakoutputat the blueend
of atungsterspectrummalkespurplevery dif cult to distin-
guishfrom blue,andhehasfailedto simulatethis metameric
effectin hisrenderingln theend,therenderingshavs some-
thing morelik e violet thanthe dark blue onewould actually
witnessfor this colorin suchascene.

If the spectraof all the light sourcesare equivalent, we
canprecomputéhecorrectresultfor thedirect-difusecom-
ponentand replacethe light sourceswith neutral (white)

emitters,insertingour spectrallypre ltered RGB valuesas
thediffusere ectancesn eachmaterial.We neednotworry
abouthow mary spectralsampleswve canafford, sincewe
only have to performthe calculationoncefor eachmaterial
in a preprocesslf we intendto renderin our display color
space,we may even perform the white balancetransform
aheadof time, saving oursehesthe nal 3 3 matrix trans-
form ateachpixel.

In Section3, we analyzethe error associatedvith three
differentcolor spacesisingour spectrapre ltering method,
andcomparet statisticallyto theerrorfrom nave rendering.
The rst color spacewe applyis CIE XYZspaceasrecom-
mendecdby Borged. Thesecondcolor spaceve useis linear
sRGB which hasthe CCIR-709RGB color primariesthat
correspondo nominal CRT display phosphor¥. The third
colorspaces thesameoneweapplyin ourwhite pointtrans-
formation,the SharpRGBspaceWe look at casef direct
lighting underasingleilluminant, wherewe expectourtech-
niqueto performwell, and mixed illuminantswith indirect
diffuseandspeculare ections,wherewe expectpre Itering
to work lesseffectively.

Whenwe renderin CIE XYZ space,it makes the most
sensdo go directly from the pre Itered resultof Eq. (1) to
XYZcolorsdivided by white underthe sameilluminant:

Xm Ym Zm

PR L

We may thenrenderwith light sourcesusingtheir absolute
XYZ emissionsand the resulting XYZ direct diffuse com-
ponentwill be correctin absoluteterms,sincethey will be
remultipliedby the sourcecolors.The nal white point ad-
justmentmaythenbecombinedwith thedisplaycolortrans-
form exactly asshawvn in Eq. (2).

Xm

When we renderin sRGBspace,it is more corvenient
to perform white balancingaheadof time, applying both
Eq. (1) andEq. (2) prior to rendering All light sourceghat
matchthe spectrunof thedominantiluminantwill bemod-
eledasneutral,andspectrallydistinct light sourceswill be
modeledas having their sSRGBcolor divided by that of the
dominantilluminant.

Whenwe renderin the SharpRGB spacewe canelimi-
natethetransformatiorinto anothercolor spaceby applying
justtheright half of Eq. (2) to the surfacecolorscalculated
by Eq.(1):

1

Rm R, 0 0 Xm
Gm 0 éw 0 MSharp Ym
Bm 0 0 ﬁ Zm

Dominantilluminantswill againbe modeledasneutral,and
spectrallydistinctilluminantswill use:

Rs Gs Bs
Re & Gw  * B
The nal transformatiorto the displayspacewill applythe

Rs
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remainingpartof Eq. (2):

Ra L Rw 0 O Rnp

Gy Mp MSharp 0 Gy O Gm

By 0 0 Bw Bnm
3. Results

Ourtestscenawasconstructedisingpublishedspectradata
andsimplegeometrylt consistof a squareroom with two
light sourcesand two spheres.One sphereis made of a
smoothplasticwith a 5% speculacomponentandthe other
spherds madeof pure,polishedgold (24 carat). Thediffuse
color of the plasticball is MacbethGreen. Thecolor of el-
ementalgold is computedrom its comple index of refrac-
tion asa function of wavelength.The ceiling, oor, andfar
wall are madeof the MacbethNeutral.8material. The left
wall is MacbethRed, and the right wall is MachethBlue.
The nearwall, seenin the re ection of the spheresijs the
MacbethBlueFlaver color. Theleft light sourcas a2856 K
tungstersource(i.e., StandardlluminantA). Theright light
sourcels acoolwhite uorescent.

All spectradatafor our sceneweretakenfrom the mate-
rial tablesin AppendixG of Glassnes Principlesof Digital
Image Synthesf andthesearealsoavailablein the Mate-
rials and GeometryFormat (MGF)!8. For corvenience the
modelusedin this paperhasbeenpreparedasa setof MGF

les andincludedwith our imagecomparisonsn the sup-
plementaimaterials.

Figure 2 shavs a Monte Carlo pathtracing of this ervi-
ronmentwith uorescentlighting using 69 evenly spaced
spectralsamplesrom 380to 720 nm, which is the resolu-
tion of ourinputdata.Usingour spectrapre Itering method
with the cool white illuminant, we recomputedhe image
using only three SRGBcomponentstaking careto retrace
exactly the sameray paths.The resultshavn in Figure3 is
nearly indistinguishablefrom the original, with the possi-
ble exceptionof the re ection of the blue wall in the gold
sphereThis canbeseengraphicallyin Figure5, which plots
the CIE 1994 Lab DE color differencé® in falsecolor. A
DE valueof oneis justnoticeabldf thecolorsareadjacent,
andwe have found valuesabose ve or soto bevisible in
side-by-sidémagecomparisons.

Using a naive assumptiorof an equal-enagy illuminant,
we recomputedthe sRGB material colors from their re-
ectance spectraand renderedthe sceneagain, arriving at
Figure4. Therenderingookthesametimeto nish, abouta
third aslongasthefull-spectralrenderingandtheresultsare
quite different.Both the redwall andthe greenspherehave
changedightnessandsaturationfrom the referencamage,
the blue wall is re ected aspurplein the gold sphereand
the DE errorsshavn in Figure 6 are over 20 in large re-
gions.Clearly, thislevel of accurag is unacceptabléor crit-
ical colorevaluations suchasselectingacolor to repaintthe

living room.
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XYZ sRGB Sharp
lllum - Method 5596 50% 98% 50% 98%
tung naive 104 459 4.8 154 08 5.1
prelt 23 57 06 15 05 09
uor nawve 6.1 320 58 392 11 6.0
prelt 20 66 04 12 04 0.8
both naive 56 316 45 215 06 28

prelttung 4.9 151 05 20 0.7 22
prelt uor 4.8 551 0.6 65 0.7 8.6
Average 57 274 28 125 0.7 3.8

Table 1: CIE 1994 Lab DE perentilesfor our example
scene

We repeatedhe samecomparisongn CIE XYZandSharp
RGB color spacesthen changedhe lighting con guration
and ran them again. Besidesthe uorescent-onlylighting
condition,we looked at tungsten-onlyand both sourceso-
gether Sincethe lumen outputof the two sourceds equal,
it was not clearwhich oneto chooseasthe dominantillu-
minant,sowe appliedour pre Itering techniquerst to one
sourcethento the other Altogether we compared21 com-
binationsof light sourcescolor spacesandrenderingmeth-
odsto our multispectralreferencesolution. The falsecolor
imagesshaving the DE  for eachcomparisorareincluded
in thesupplementainaterials andwe summarizeheresults
statisticallyin Tablel andFigure?.

Table 1 givesthe 50th percentile(median)and 98th per
centileDE statisticsfor eachcombinationof method Jight-
ing, and color space Thesecolumnsare averagedto shaw
therelative performanceof the threerenderingcolor spaces
at the bottom. Figure 7 plots the errorsin Table 1 asa bar
chart. The 50th percentileerrorsare coupledwith the 98th
percentileerrorsin eachbar In all but one simulation,the
SharpRGB color spacekeepsthe medianerror belov the
detectablehreshold,andthe majority of the Sharprender
ingshave 98%of their pixelsbelov aDE of verelatveto
the referencesolution, a level at which it is dif cult to tell
theimagesapartin side-by-sidecomparisonsThe smallest
errorsareassociateavith the Sharpcolor spaceandspectral
pre Itering with asingleilluminant,where98%of thepixels
have errorsbelow thedetectablehresholdIn themixedillu-
minantcondition,spectralpre Itering usingtungstenasthe
dominantlluminantperformsslightly betterthananaive as-
sumption,andpre Itering usingcool white asthe dominant
illuminant performsslightly worse.The worst performance
by faris seerwhenwe useCIE XYZastherenderingspace,
which producesnoticeabledifferencesabore ve for over
2% of thepixelsin every simulation,andamedianDE over

vein eachnaive simulation.
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Figure 2: Our refeence multi-spectal solution for the
uor escent-onlyscene

Figure 4: Our naivesRGBsolutionfor the uorescent-only
scene

Figure6: TheDE error for thenaivesRGBsolution.

4. Conclusions

In our experimentswe found spectralpre ltering to mini-
mize color errorsin sceneswith a single dominantillumi-
nantspectrumyegardlessof the renderingcolor space The
medianCIE 1994Lab DE valueswerereducedby afactor
of six on averageto levels that were belov the detectable
thresholdwhenusingthe sRGBand Sharpcolor spacesOf
the threecolor spacesve usedfor renderingthe CIE XYZ
performedthe worst, generatingmedian errors that were
above the detectablethresholdeven with pre Itering, and
vetimesthethresholdwithoutpre Itering, meaninghedif-
ferencewasclearly visible over mostof theimagein side-
by-side comparisongo the referencesolution. In contrast,
the SharpRGB color space,favored by the color science

Figure 3: Our pre ltered sRGBsolutionfor the uorescent-
onlyscene

Figure5: TheDE error for thepre ltered SRGBsolution.

Figure 7: Error statisticsfor all solutionsandcolor spaces.

communityfor chromaticadaptatiortransformsperformed
exceptionallywell in arenderingcontet, producingmedian
error levels that were at or belov the detectablehreshold
bothwith andwithout pre Itering.

We believe the SharpRGB spaceworks especiallywell
for renderingoy minimizing therepresentatioerrorfor tris-
timulus valueswith axesthatarealignedalongthe densest
regions of XYZ space perceptually This propertyis held
in commonwith the AC,C, color spacerecommendedby
Meyer for renderingfor this reaso#!. In fact, the AC;:C,
spacehasalsobeenfavoredfor chromaticadaptationjndi-
catingthe strongconnectiorbetweerrenderingcalculations
andvon Kries styletransformsThis is evidentin the diago-
nal matrix of Eq. (2), wherewhite point primariesare mul-

¢ TheEurographic#ssociation2002.
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tiplied in separatehannelsanalogougo the color calcula-
tionsinsideathree-componerghaderJustasa white point
shiftsin a von Kries calculation,so do colors shift asthey
arere ected by a material.

The combinationof spectralpre ltering and the Sharp
RGB spaceis particularly effective. With pre ltering under
a singleilluminant, 98% of the pixels were belov the de-
tectableerrorthresholdusingthe SharpRGBspaceandonly
a singlehighlightin the gold spherewasdistinguishablen
our side-by-sidecomparisonsWe includeda polishedgold
spherebecausave knew its strongspectralselectvity and
specularityviolated one of our key assumptionswhich is
that the direct-difuse componentdominateghe rendering.
We saw in our resultsthat the errorsusing pre ltering for
the gold sphereare no worsethanwithout, andit probably
doesnot matterwhetherwe apply our pre Itering method
to specularcolors or not, since specularmaterialstend to
re ect othersurfacesmorethanlight sourcesn the nal im-
age,aryway. However, renderingn a sharpenedRGBspace
alwaysseemdo help.

We alsotestedthe performanceof pre Itering whenwe
violatedoursecondassumptiorof asingle,dominantliumi-
nantspectrumWhenbothsourcesverepresenandequally
bright, the medianerrorwasstill belov thevisible threshold
using pre Itering in eitherthe sRGBor Sharpcolor space.
Withoutpre Itering, themedianjumpedsigni cantly for the
sRGBspace but was still belov thresholdfor SharpRGB
renderingThus,pre ltering performecdhoworseon average
thanthe naive approachfor mixed illuminants, which was
our goalasstatedn theintroduction.

In conclusionwe have presenteénapproachio RGBren-
dering that works within ary standardframework, adding
virtually nothing to the computationtime while reducing
color differenceerrorsto belov the detectablehresholdin
typical ervironments Thespectrapre ltering techniqueac-
commodatesharppeaksand valleys in the sourceandre-
ectance spectra,and userselectionof a dominantillumi-
nantavoidsmostwhite balanceproblemsn theoutput.Ren-
deringin asharpene®GBspacealsogreatlyimprovescolor
accuray, independenof pre Itering. Work still needso be
donein the areasof mixedilluminantsandcoloredspecular
re ections,andwewouldlike to testourmethodonagreater
variety of examplescenes.
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