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Abstract

This paper presentsa techniquefor improving color matching resultsin an LED-basedlighting reproduction
systemfor complex light sourcespectra. In our technique, weusemeasurementsof thespectral responsecurveof
thecamera systemaswell asoneor morespectral re�ectancemeasurementsof theilluminatedobjectto optimize
thecolor matching. We demonstrateour techniqueusingtwo LED-basedlight sources:anoff-the-shelf3-channel
RGBLED light source and a custom-built 9-channelmulti-spectral LED light source. We useour techniqueto
reproducecomplex lighting spectra includingboth �uor escentand tungstenillumination usinga Macbethcolor
checker chart anda humanfaceastestsubjects.Weshowthatbyusingknowledgeof thecamera spectral response
and/orthespectral re�ectanceof thesubjectsthatwecansigni�cantly improvetheaccuracyof thecolor matching
usingeitherthe3-channelor the9-channellight, achievingacceptablematchesfor the3-channelsourceandvery
closematchesfor themulti-spectral 9-channelsource.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.3 [ComputerGraphics]:I.3.7 [ComputerGraph-
ics]: Color, shading,shadowing andtexture

1. Intr oduction

The processof lighting reproductiondescribedin Debevec
et al 6 involves using computer-controlledlight sourcesto
illuminate a real-world subjectas it would appearwithin a
particularreal-world environment.Thelight sources,aimed
towardthesubjectfrom many directions,aredrivento vari-
ousintensitiesandcolorsto bestapproximatethe illumina-
tion within the environment.Oneapplicationfor this tech-
niqueis to realisticallycompositethe subjectinto a scene,
for exampleto compositeanactorin a studiointo a faraway
locationsuchasa cathedral.Whenthe actor is illuminated
by a closeapproximationof the lighting originally present
in thecathedral,thensuchacompositebelievablyshows the
actorstandingwithin thecathedral.

A notedchallengein lighting reproductionis that real-
world illuminationandsubjectshavecomplex spectralprop-
erties- lighting andre�ectancearefunctionsof wavelength
acrossthevisible spectrum,oftenwith signi�cant variation.
In contrast,the light sourcesin lighting reproductionsys-
temshave so far usedonly threechannelsof illumination
color – red, green,and blue – producedby appropriately

coloredLEDs. Although RGB colors are commonlyused
throughoutcomputergraphics,computingthecolor of light
re�ecting from a surfacecanonly be performedaccurately
if thespectrumof theilluminantandthespectralre�ectance
of thesurfaceareknown,evenwhentheendresultis consid-
eredwith respectto its RGB color. In lighting reproduction,
the resultis that it is not possibleto accuratelyreproducea
subject'sappearanceundercomplex real-world illumination
spectrasuchastungstenand�uorescentlighting usingjust
RGB lights.

In this paper, we introducethreetechniquesfor produc-
ing bettercolormatchesfor complex illuminationspectrain
a lighting reproductionsystem.First, we build anddemon-
stratean LED-basedlight sourceusing9 spectralchannels
ratherthan three.We show that by driving the 9 channels
to optimally matchthespectrumof theoriginal illuminants
(SpectralIlluminantMatchingor SIM), we canproduceim-
provedcolormatches.

Our secondtechnique,MetamericIlluminant Matching
(MIM), leveragesthefactthattheusualgoalof a lighting re-
productionsystemis to reproducethe subject's appearance
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underthe illumination as seenby a particularRGB imag-
ing system.Weshow thatby measuringthecamerasystem's
spectralresponsecurves,we canadjustthe intensitiesof an
RGB light's color channelsto morefaithfully reproducethe
effects of illumination from complex spectra.Speci�cally,
we drive thecolor channelsof eachlight sourceto produce
a metamericmatchwith thetarget illuminant asseenby the
camerasystem.We show thatsettingthelight colorsin this
way producesbettercolor matchesfor both the 3- and 9-
channellights than are obtainedby matchingthe lights to
theilluminantspectradirectly.

Our third and �nal technique,Metameric Re�ectance
Matching(MRM), leveragesthefactthatsomesubjectswill
exhibit a limited set of different spectralre�ectances.For
example,thespectralre�ectancesacrossa person's faceare
largely similar. Knowing thedominantspectralre�ectances
of thesubjectin additionto thespectralresponseof thecam-
era,wecandrivethecolorchannelsof thelight sourcesothat
thesubject's re�ection of the light is metamericto thesub-
ject's re�ection of theoriginal illuminant.Weshow thatthis
techniqueproducesthemostaccuratelighting reproduction
results,and that for suitablesubjectsthis techniqueallows
the3-channelRGBlight to produceresultswhicharenearly
asaccurateasthe9-channellight.

2. Background and RelatedWork

As mentionedin the introduction,the lighting reproduction
approachdescribedin Debevec et al 6 useda sphereof in-
wardpointingRGBLED light sourcesto reproducecaptured
lighting environments.Oneof theproblemsidenti�ed in this
work wasthedif�culty in achieving anaccuratecolormatch
for complex inputspectra.

Consideringfull spectralillumination beyond RGB has
beenaddressedseveraltimesin computergraphics;Fairchild
et al 1 give an overview of spectralcolor imaging versus
metamericcolor imaging.Borges4 andlaterHall 8 showed
thatfor naturalsceneswith spectrallysmoothilluminantsthe
trichromaticapproximationworkswell for the�rst re�ection
of light but degradeswith multiple re�ections.Peercy 15 ef-
�ciently performedfull spectralrenderingusinga spectral
basisfor the scenebasedon principal componentanalysis
of the illuminantsandre�ectancesin the scene.Ward et al
16 usedspectralpre�ltering to ef�ciently approximatefull
spectralrenderingusing the SharpRGB space.Drew and
Finlayson17 showedhow to performspectralsharpeningon
thespectralresponsecurvesof thecamerasensorwith posi-
tivity constraints.Thebene�t of suchatransformationliesin
improvedperformancesof many computervision andcolor
imageprocessingalgorithms.Drew and Finlaysonfurther
developthis ideain 18 to performmulti-spectralcalculations
using principal componentvectorsthat were “sharpened”.
Thesharpeningallows for asimplemultiplicationof theba-
sis coef�cients insteadof a full linear transformto model
illuminantchanges.

Bernset al 3 proposea multi-spectralcolor reproduction
paradigmusingmulti-spectralimagecaptureanda spectral-
basedprintingsystem.Theauthorsstatethattheonly wayto
assurea color matchfor all observersandacrosschangesin
illumination is to achieveaspectralmatch.Thisobservation
alsoappliesto lighting reproduction.

Basedontheobservationsmadein thispreviouswork,we
investigate the color matchingcapabilitiesfor lighting re-
productionof anRGB light andof a custom-built 9-channel
multi-spectrallight, madefrom LEDswith differentspectral
outputs.

Matchingcolors for a given camerarequiresthe knowl-
edgeof the camera's intensityresponseandspectralsensi-
tivity. Therecoveryof thecamera's intensityresponsecurve
isbasedonDebevecandMalik 7. To recoverthespectralsen-
sitivitiesHardeberg etal 9 useasetof �lters andImai 11 uses
a monochromatoror a setof interference�lters to capturea
seriesof photographsfrom which they reconstructthespec-
tral responsecurve of the camera.Similarly, we employ a
seriesof colorglasslongpass�lters to determinethecamera
responsecurve.As in 9 wealsousetheprincipaleigenvector
methodto invert thespectralsystem.

3. The Spectral Illumination and CameraModel

In order to generatea color matchfor a speci�c observer
with reproducedlight we needto de�ne a model describ-
ing how the observer senseslight andhow the light is re-
produced.The spectralcameramodel we useis a general
spectralmodelfor imageacquisitionsystems,similar to the
model usedby Hardeberg et al 9. The componentsof the
spectralcameraandlight modelareshown in Figure1.

Theparametersof thespectralcameramodelincludethe
spectralpower distribution of the light sourcedenotedby
l (l ), thespectralre�ectanceof theobservedobjectr(l ), the
spectralpropertiesof theopticso(l ), thespectraltransmit-
tanceof the kth �lter f k(l ) and the spectralsensitivity of
theimagingsensors(l ). Furthermorewe modelthenonlin-
earresponseof the imagingsensorof the kth channelwith
Gc

k. Linear pixel valuesck canbe obtainedby applyingthe
inversefunctionof Gc

k to thenonlinearpixel values�ck. Ob-
served pixel valuesare then determinedby the following
equation:

�ck = Gc
k

�
tintg �

Z l max

l min

l (l ) � r(l ) � o(l ) � f k(l ) � s(l )dl + ek

�

ck = Gc
k
� 1( �ck)

Theabovespectralmodelfurthermodelscameranoiseek
of thekth channelasadditive noise.Smallerpixel valuesck
arerelatively muchmoreaffectedby noisethanlargerpixel
values.For anin-depthdiscussiononnoisein multi-spectral
color image acquisitionwe refer the interestedreaderto
Burns10. Theintegrationtime (i.e. shutterspeed)tintg is the
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Figure 1: Spectral Camera Model. The spectral camera
modeldescribeshowlight is recordedby theimageacquisi-
tion system.Themainparameters in themodelare thespec-
tral power distribution of a light source l (l ), the spectral
re�ectanceof an observedmaterial r(l ), thespectral prop-
ertiesof theopticso(l ), thespectral transmittanceof the�l-
ters f k(l ) andthespectral sensitivityof thesensors(l ). The
camera systemis describedby wk(l ) = o(l ) � f k(l ) � s(l )
which includestheoptics,the�lter sandthesensor.

only additionto Hardeberg's 9 spectralcameramodel.The
shutterspeedbecomesrelevant in Section5 to compensate
for brightnessdisparities.

Thespectralmodelfor thereproductionlight sourcecon-
sistsof a small numberof positive valuedfunctionsb j (l ).
Thesearethe spectralpower distributionsof the individual
channelsof our physical lights, shown in Figures6 and8.

The�nal light outputis a weightedsumå j Gl
j
� 1

(p j ) � b j of
thethosefunctions,wheretheweightscanonly takeonnon-
negative values(p j � 0). The nonnegativity constrainton
the weightsrepresentsthe inability of the lights to produce
negative light. The function Gl

j modelsthe nonlinearityin
the light outputof the jth channelof the reproductionlight
sources.Figures7 and9 show thenonlinearbehavior of the
RGBand9-channellight sourcesrespectively.

If we know the observer's spectralresponsecurve, we
only needto generatelight thatproducesa metamerfor the
observer; thereis no needto actually reproducethe spec-
trum of eitherthe incidentor re�ected light. In Section5.3,
we show how we canusethe dominantre�ectancesof the
subjectto derive theintensityfor the individual channelsof
thelight sourceto producesuchametamericcolormatch.

4. Equipment and Calibration

In ourwork weusetwo mainpiecesof equipment,thecam-
erasystemandthelight sources.In this sectionwe describe
thisequipmentandtheproceduresweemployedfor calibrat-
ing theequipment's illuminationandsensingcharacteristics.

4.1. CameraSystem

Thecamerasystemusedin ourexperimentsis aCanonEOS
D60digital SLR camerawith an85mmCanonEF lens.The
imagesareshotin RAW formatin manualmodeat ISO100,
with an apertureof f/4. Shutterspeedis varied to produce
properlyexposedimages.The12 bit perchannelRAW �les
are converted to �oating point imagesusing a raw image
convertermodi�ed from 12. Theconversionprocesstakesthe
exposuretimetintg, thenonlinearityof thesensorGc

k
� 1, and

thethermalnoiseek into accountto produceradiometricim-
agesfrom thecameradata.

Our lighting reproductionsystemrequiresthe camerato
beradiometricallycalibratedfor its intensityresponsefunc-
tion Gc

k and aggregate spectralresponsefunction wk as in
Figure1. The next two sectionsdescribethe intensityand
spectralresponsecurve recovery.

4.1.1. Intensity ResponseCurve

The intensity responsecurve of the kth channelGc
k shows

how the camerarespondsto different light intensity levels.
We recover Gc

k
� 1 usinga seriesof differentlyexposedpho-

tographsat 1
3 stop incrementsof a constanttarget. Graph-

ing theresultingpixel valuesagainstexposuretimeproduced
Gc

k
� 1 whichspeci�eshow to mappixel valuesto linearlight

levels. Figure 2 shows the recovered inverseintensity re-
sponsecurves for the red, greenand blue channelsof the
CanonEOSD60.Thecurvesarecloseto linearup to about
80%of themaximumpixel value,at which point nonlinear-
itiesdueto sensorsaturationbecomeevident.
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Figure 2: Inverse intensity responsecurves Gc
k
� 1 of a

CanonEOSD60. Theinverseintensityresponsecurvesfor
thered,greenandbluechannelsarecloseto linear until the
upper20percentof thepixel valuerange.
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4.1.2. SpectralResponseCurve

Thespectralresponsecurveswk(l ) = o(l ) � f k(l ) � s(l ) de-
scribethesensitivity of thecamerachannelsto light of dif-
ferentwavelengths.We assumewk(l ) is constantacrossthe
imagesensor. Werecoverthespectralresponsecurveby tak-
ing a seriesof photographswith 20 differentglass�lters in
front of the lens.Figure3 shows thespectraltransmissivity
of thedifferent�lters. To recoverthespectralresponsecurve

380 400 420 440 460 480 500 520 540 560 580 600 620 640 660 680 700 720 740 760 780
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
Spectral transmittance of color glass filters

[nm]

tr
an

sm
is

si
on

Figure 3: Color glass�lter spectra.Thespectra of the 19
Schott color glass longpass�lter s and the IR cutoff �lter
fromEdmundOpticsusedin thespectral responsecurvere-
construction.

we invert thefollowing system:

�ci;k = Gc
k

�
tintg �

Z l max

l min

l (l ) � r(l ) � fi(l ) � wk(l )dl + ek

�

For discretelysampledspectrathis canbewritten in matrix
notation:

Gc
k
� 1( �ck) � ek = A� wk

TheMatrix A holdsin its rows the transmittancespectraof
the�lters f i modulatedby thelight sourcespectruml andthe
re�ectancespectrumr. Dueto the lineardependencein the
�lter transmittancespectraandthe presenceof noisein the
acquiredphotographsthe inversionof the above systemis
nontrivial. As Hardeberg 9, we usetheprincipaleigenvector
methodto invertthesystem.Thespectralresponsecurveswk
recoveredfor theCanonEOSD60in Figure4 wereobtained
by using6 principleeigenvectors.

4.2. Light Sources

The two light sourceswe usein our lighting reproduction
experimentsarebasedon computercontrollableLEDs.The
�rst light sourcewe useis an off the shelf 3-channelRGB
LED light source,whereasthesecondlight is acustom-built
9-channellight source.

4.2.1. 3- channelRGB Light

The3-channelRGB light sourceis a Color KineticsColor-
Blast 6 (seeFigure5 on the left) driven by a Color Kinet-
ics PDS-150epower/datasupply. As for thecamerasystem,
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Figure4: Estimatedspectralresponsecurvesof theCanon
EOSD60camera.Thespectral responsecurveswererecov-
ered with a principal eigenvectormethodusing6 principle
eigenvectors.

we calibratedthe spectralpower distribution andlight out-
put curve of the light source.We measuredthespectrumof
eachof theLEDs with a PhotoResearchPR-650spectrora-
diometer. The spectralpower distribution of the individual
channelsis shown in Figure6. Note thewide gapbetween

Figure 5: Reproductionlight sources.On the left is the3-
channelRGBlight source. Thespectral powerdistributions
of the individual channelsof the RGBlight can be seenin
Figure 6. On the right is the 9-channel light source. The
spectral powerdistributionof its individualchannelscanbe
seenin Figure8.

theredandthegreenchannel–thelight sourcegeneratesvery
little light in theyellow partof thespectrumbetween560nm
and600nm.Thegapbetweenthegreenandbluechannelsis
far lesspronounced.

We recoveredthe light outputcurve Gl
j of the light's jth

channelby sendingincreasingvaluesto thelight sourcecon-
troller and measuringthe light's intensity output with the
PR-650.Figure 7 shows the measuredlight output curves
for eachof thechannels,which allow us to compensatefor
thelight'snonlinearintensityoutputbehavior.

4.2.2. 9-ChannelMulti-Spectral Light

The 9-channelmulti-spectrallight (Figure 5 on the right)
is a custombuilt sourcebasedon threeColorBlast6 light
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Figure 6: Spectral power distribution of the 3-channel
RGB light source.Thered,greenand blue spectral power
distributionsleavea signi�cant gapbetweengreenandred,
where there is no light output.
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Figure 7: Light output curves of the 3-channel light
source.All thelight outputcurvesexhibit a verysimilar non-
linear behavior.

sources.We replacedthe original ColorBlast6 LEDs with
a wider rangeof LED colors to obtain �ner control over
the spectraloutputof the light. We usedwhite, royal blue,
blue,cyan,green,amber, red-orangeandredLuxeonStar/O
emittersfrom Lumileds.ThethreeColorBlast6 light sources
provide 9 channelsfor the 8 differently coloredLEDs. As
thereareonly eight differently coloredLEDs availablewe
put whiteLEDs in two of thechannelsandplacedgel �lters
in front of the LED's optics.Onewhite channelis covered
with Lee �lter #101andthe otherchannelis coveredwith
Lee �lter #104.The two slightly distinctyellow �lters help
�ll thegapnear560nmfor which no superbright LEDs are
readily available.Figure8 shows the spectralpower distri-
butionsof the9 colorchannels.

As for the 3-channellight source,we alsomeasuredthe
light outputcurvesGl

j for the9-channellight, theresultsof
which areshown in Figure9. Again all the 9 channelsex-
hibit a nonlinearbehavior. The onecurve that deviatessig-
ni�cantly from theothercurvesbelongsto theambercolor
channel;we are not clear why this channelis so different
from theothers.

5. Color Matching Methods

With ourequipmentcalibrated,wewereableto designtech-
niquesfor optimally driving the LED light sourcesso they
most closely achieve the desiredlighting reproductionef-
fects. In the next threesectionswe presentthreedifferent
methodsfor determininglight channelintensitiesto match
theeffect that thetarget illuminantswould have on thesub-
ject.

Eachof our threecolormatchingmethodsdeterminelight
sourcechannelintensitieswhich optimally meet particu-
lar criteria, such as that the spectrumof the reproduced
light optimally matchesthe spectrumof the target illumi-
nant in a leastsquaressense.Becausewe cannotdrive the
light sourceswith negative values,we cannotdeterminethe
light sourcechannelintensitiesusing linear systemtech-
niques.Consequently, weuseaconjugategradientoptimiza-
tion method14 thatwasmodi�ed to enforcepositivity in the
light sourcecolor channelsto determinewhich channelin-
tensitiesoptimizethe color matchingcriteria.Furthermore,
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Figure 8: Spectral power distribution of the 9-channel
multi-spectral light source.All the spectral power distri-
butions are relatively narrow exceptfor the two yellowish
channelsthatarebasedon�lter edwhiteLEDswhich havea
broaderpeak.
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Figure 9: Light output curves for the channels of the 9-
channel multi-spectral light source. All of the channels
exhibit a similar nonlinear behaviorexceptfor the amber
channel(dashedline).
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whenthetarget illuminant (suchasa halogenbulb) is much
brighterthanwhat the LED light sourcescangenerate,the
techniquesmatchthespectralshapeof thecurveupto ascale
factorinsteadof in anabsolutesense.In thispaper, wecom-
pensatefor this scalefactorwhenneededby exposingthe
imageusinga proportionallylongershutterspeedtintg. The
outputvaluesof thefollowing threecolormatchingmethods
arelinearlight channelintensities,which we mapto theap-
propriatelight controlvaluesusingthemeasuredlight output
curvesGl

k.

5.1. Spectral Illuminant Matching (SIM)

Our �rst approachis basedon the fact that if we canspec-
trally matchthetargetilluminantweareguaranteedthatany
possiblere�ectancewill look correctfor any observer. This
approachis attractivesinceit is notdependentonthespectral
responsecharacteristicsof thecamerasystemor thesubject.
The only informationwe needis the spectralpower distri-
bution of the target illuminant andthe propertiesof the re-
productionlight source.Theproblemof �nding theoptimal
reproductionparametersp givena speci�c target illuminant
spectruml canbesetupasaminimizationof thesumof the
squareresidualsof the reproductionlight spectrab j to the
targetilluminantspectruml:

minå
i

�
å

j
p jb j ;i � l i

� 2
�
�
�
� p j � 0 8 j

Where j is the index over the color channelsof the repro-
duction light and i is the index over the spectralsamples.
Determiningoptimalparametersp for theabovesystemwith
theconstrainedoptimizationsolveryieldsresultssuchasthe
dottedcurvesin Figure12 for matchingtungstenand�uo-
rescentilluminantspectra.

As the curves show, with a limited numberof channels
we cannotgeneratea very closespectralmatchto the tar-
getlighting. Thismismatchcanleadto errorsin thelighting
reproductionprocess,andmotivatesoursecondtechnique.

5.2. Metameric Illuminant Matching (MIM)

Our secondmethodleveragesknowledgeof thespectralre-
sponsecurvesof thecamerasystemto improve lighting re-
productiongiven that it is not possibleto closelymatchthe
spectrumof the target illuminant. The ideais to matchthe
output of the reproductionlight å j p jb j metamericallyto
the target illuminant l with respectto the camera's spectral
responsecurveswk. With theaboveconsiderationstheprob-
lemcanbesetupasaminimizationof thesumof thesquare
residualsof the reproductionlight color channelsobserved
by the camerasystemå i wk;i å j p jb j ;i to the target illumi-
nantobservedby thecamerasystemå wk;i l i :

minå
k

�
å
i

wk;i å
j

p jb j ;i � å
i

l iwk;i

� 2
�
�
�
� p j � 0 8 j

Wherei and j are indicesover the samedomainasbefore
andk denotestheindex over thecolor channelsof thecam-
erasystem.Thedashedcurvesin Figure12show resultsem-
ploying thismethodto achieveacolormatchfor thetungsten
and�uorescentlight sourceswith respectto theCanonEOS
D60's responsecurves.While thespectrado not matchany
moreclosely, theappearanceof theoriginal andreproduced
illuminantsto thecamerasystemarematchedascloselyas
possible.

5.3. Metameric Re�ectanceMatching (MRM)

Our �nal method improves on the lighting reproduction
quality of the previous methodby additionally taking into
accountthespectralre�ectancesof thesubject.By measur-
ing key spectralre�ectancesr n andusingthoseasa partof
the optimizationwe can speci�cally aim to matchthe ap-
pearanceof thesubjectunderthereproducedillumination to
its appearanceunderthe target illumination, again with re-
spectto the spectralresponsesof the given camerasystem
wk. Theminimizationis setup asthesumof squarerelative
differencesbetweenthekey spectrar n illuminatedwith the
target light spectruml observed by the camerasystemde-
scribedby wk, andthe key spectrarn illuminatedwith the
reproductionlight spectraå j p jb j observedby wk:

minå
n

å
k

�
å i rn;iwk;i å j p jb j ;i � å i rn;i l iwk;i

å i rn;i l iwk;i

� 2 �
�
�
� p j � 0 8 j

Where i, j and k are indicesover the samedomainas in
theabove methodsandn denotestheindex over thenumber
of measuredkey re�ectances.Thesolid curvesin Figure12
aretheresultof optimizingtheilluminatedappearanceof all
thecolor swatcheson theMacbethColor Checker chartfor
tungstenand�uorescentillumination.

6. Resultsand Discussion

We demonstratethecolor matchingcapabilitiesof thethree
color matching methodswith a Macbeth Color Checker
chartandthereproductionof a mixed lighting environment
illuminatinga person's face.For thesetests,we usetwo dif-
ferentlight sources:a�uorescentandatungstenlight. Figure
10shows thespectralpowerdistributionsfor thesetwo light
sources.

6.1. The Macbeth Color Checker Chart

With the MacbethColor Checker chart we evaluatedthe
color matchingcapabilitiesof both light sourcesusing all
threecolor matchingmethods.Figure 11 shows the spec-
tral re�ectanceof the color swatcheson a MacbethColor
Checker chart. The experiment is set up in a dark room
with thecamerasystemperpendicularto theMacbethColor
Checker chartat a distancesuchthattheMacbethchart�lls
the cameraframe.The light sourceis positionednear the
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Figure 10: Target illuminant spectra.Spectra of the tung-
sten(smooth)and �uor escent(spiky) light sourcesusedas
our target illuminants.

Figure 11: MacbethColor Checker chart. MacbethColor
Checker chart with the spectral re�ectanceof each color
swatch.

camera.First the Macbethchart is lit by eachof the two
target illuminants.Thenwe switchto thereproductionlight
sourceswhichwedrivewith thecalculatedlight controlval-
ues.In total we take 14 photographs,onewith eachof the
target illuminants,six with the3-channellight andsix with
the9-channellight. Thesix photographsfor the two repro-
ductionlightsconsistof threeimageswith thedifferentcolor
matchingmethodseachreproducingthetungstenor �uores-
centtargetilluminant.

Figure 12 shows the spectralpower distributions calcu-
latedwith thethreecolor matchingmethodsfor eachof the
targetilluminants.

For eachexperimentalconditon,we analyzethe corre-
spondingphotographto extract representative pixel values
for eachpatchof theMacbethchart.In addition,we canuse
ourestimatesof theilluminant,re�ectance,andcamerachar-
acteristicsto computetheoreticalpredictionsfor thesepixel
values.

Figure 14 shows the theoretical(computed)and actual
(photographed)colors for the Macbeth chart under each

sourceilluminant andfor eachof thecolor matchingmeth-
odswith boththeRGBand9-channellight sources.For each
testcondition,the left sideof the color swatchis the com-
putedor photographedcolor with the target illuminant, and
theright sideof theswatchis thecomputedor photographed
color with thespeci�ed reproductionlight sourceandcolor
matchingmethod.

The theoreticalresultscanbe usedto judgethe error in-
herentin usinga particularreproductionlight sourceanda
particularcolormatchingmethod,while theexperimentalre-
sultsincludetheseerrorsaswell asadditionalexperimental
errors.We discusssomeof the potentialsourcesof experi-
mentalerror in Section6.3.Our theoreticalandexperimen-
tal resultsarelargely similar, with the theoreticalerror typ-
ically representingabouthalf the total experimentalerror.
Thequalitative conclusionsdrawn from bothsetsof results
aresimilar.

A �rst observation is that in generalthe 9-channellight
performsbetterthantheRGB light, which is expectedsince
it provides more degreesof freedomto achieve the color
matching.The secondobservation is that the SIM method
yieldsthepoorestresults,particularlyfor theRGBlight. An
explanationfor this resultcanbefoundin Figure12.Look-
ing at thespectralpower distribution producedby thespec-
tral matchmethodwith respectto thespectralpower distri-
bution of the target illuminant, we canseea signi�cant dif-
ferencein light outputparticularly in the red region of the
spectrumfor the RGB light which leadsto a blueish-green
tint. We �nd that theMIM andMRM methodsprovide im-
provedmatchesfor bothreproductionlights.

To numericallyevaluatethecolor matchingperformance
of the different methodsand reproductionlight sources,
we calculatedthe relative error ei;k for eachof the color
swatchesi in color channelk of the photographlit by the
target illuminant l and lit by the reproductionlight r. The
erroris calculatedasfollows:

ei;k = (a � cr
i;k � cl

i;k)=cl
i;k

Wherecr
i;k is thepixel valueof thekth color channelin the

ith colorswatchfor thephotographtakenwith thereproduc-
tion light r and cl

i;k with the target illuminant l . The nor-
malizationfactora is determinedfor eachtestconditionby
averagingthepixel valuesover all color swatcheswith both
the target illuminant and the reproductionlight. The scale
factora is thensimply theratio betweentheaveragecalcu-
latedfrom thetarget illuminant photographandtheaverage
calculatedfrom thereproductionlight photograph.It should
benotedthatasinglea is computedcombininginformation
from all threecolor channels,so this is strictly a brightness
scalingand not a color correction.Table 1 holds the root
meansquareerror (RMS) for eachtarget illuminant repro-
ducedby eachreproductionlight with eachcolor matching
methodover all thecolor swatchesandover the threecolor
channels.
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Figure 12: Resultsfrom the threedifferentoptimizationmethods.Theblack heavycurveis thespectral powerdistributionof
the target illuminant. Thedottedcurveis theapproximationusingthespectral illuminant matching method,thedashedcurve
showsthe resultof the metamericilluminant matching method,and the solid curveis the resultof the metamericre�ectance
matchingmethod.

Thedatain Table1 con�rm thathaving morecontrolover
the spectraloutputof the reproductionlight (aswith the 9-
channellight) producesclosercolormatches.In thetheoret-
ical case,theerrorsfor the9-channellight arein theneigh-
borhoodof 1-2%,makingthemalmostimperceptible.

Furthermore,thedatashows thatusingadditionalknowl-
edgeof the cameraspectralresponseimproves the color
matching,particularlyfor the3-channellight. Theerror for
the3-channellight dropsfrom 7.5%and9.5%for tungsten
and�uorescentwith theSIM methodto about5% with the
MIM andMRM methods.

For theRGB light sourcetheMRM methodperformsno
betterthanthe MIM method.For the Macbethchartthis is
expected,sincethethreechannelsdonotprovideenoughde-
greesof freedomto matchto thewide varietyof re�ectance
samplesof thechart.For the9-channellight themetameric
re�ectancematchingoutperformsthe metamericillumina-
tion matchingin thetheoreticalresults,but thisadvantageis
notapparentin theexperimentalresults.This is unsurprising
given that the apparentexperimentalerror is considerably
largerthanthepredictedreductionin error.

6.2. Mixed Lighting Envir onment for a Face

Our secondexperimentmatchesto a person's facelit from
the left with tungstenlight andfrom the right with �uores-

centlight asin Figure15(d).Thisexperimenttestshow well
we cancolor matchskin for two very differentlight sources
in a singlephotograph.As we only hada singleRGB and
9-channellight sourceavailable,we acquiredtwo separate
imageswith thelight sourcein eachpositionandaddedthem
togetherto producetheeffectof having two light sourceson
at once5 (this requiredthe testsubjectto sit still while we
movedthe light). For themetamericre�ectancemethodwe
measured4 differentspotsonourtestsubject's facefrom the
forehead,cheek,lips andchin. Thesefour spectralskin re-
�ectancesareshown in Figure13. It is noteworthy that the
four facialspectralre�ectancesareverysimilar.

Figure15(d)showsthetestsubjectlit by theoriginallight-
ing setupwith tungstenlight to theleft and�uorescentlight
to the right. In the top row (a)-(c) the illumination is gen-
eratedby the 3-channelRGB light and in the bottom row
(e)-(g)thelight is generatedby the9-channellight.

The 9-channellight clearly performsbetter than the 3-
channellight over all the color matchingmethods.For the
two SIM methods(a)and(e)wecanseea largediscrepancy
in performance.Thisobservationdoesnotcomeasasurprise
becausethe9-channellight providesmuchmorevariability
for spectrallymatchingilluminants.

Thecolormatchingresultsimprovefor the3-channellight
as more information is taken into account.Thereis a sig-
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Tungstenilluminant approximation with 3-channellight
red green blue sum

method theory experiment theory experiment theory experiment theory experiment

SIM 0.0689 0.1178 0.0262 0.0356 0.0400 0.0426 0.0484 0.0752
MIM 0.0334 0.0691 0.0236 0.0351 0.0291 0.0400 0.0290 0.0503
MRM 0.0326 0.0760 0.0233 0.0348 0.0292 0.0402 0.0286 0.0535

Tungstenilluminant approximation with 9-channellight
red green blue sum

method theory experiment theory experiment theory experiment theory experiment

SIM 0.0068 0.0366 0.0158 0.0384 0.0244 0.0428 0.0173 0.0394
MIM 0.0056 0.0359 0.0065 0.0351 0.0176 0.0402 0.0113 0.0371
MRM 0.0024 0.0367 0.0023 0.0352 0.0044 0.0370 0.0032 0.0363

Fluorescentilluminant approximation with 3-channellight
red green blue sum

method theory experiment theory experiment theory experiment theory experiment

SIM 0.1171 0.1526 0.0291 0.0320 0.0527 0.0544 0.0760 0.0953
MIM 0.0407 0.0628 0.0272 0.0285 0.0413 0.0504 0.0370 0.0493
MRM 0.0425 0.0790 0.0283 0.0282 0.0433 0.0503 0.0387 0.0565

Fluorescentilluminant approximation with 9-channellight
red green blue sum

method theory experiment theory experiment theory experiment theory experiment

SIM 0.0215 0.0376 0.0144 0.0320 0.0143 0.0371 0.0171 0.0357
MIM 0.0204 0.0451 0.0150 0.0366 0.0349 0.0520 0.0249 0.0450
MRM 0.0133 0.0364 0.0142 0.0328 0.0058 0.0323 0.0117 0.0339

Table 1: Theoreticaland experimentalRMS errors for the MacbethColor Checker chart experiment.Thefour tableshold
thetheoreticalandexperimentalperformancesfor each of thecolor matchingmethods.

ni�cant improvementfrom thevery poorly performingSIM
method(a)to theMIM method(b) andanoticeableimprove-
ment form the MIM methodto the MRM method(c). For
the 9-channellight it is harderto make out a clear order
of theperformances.TheSIM method(e) seemsto perform
slightly worsethantheMIM andMRM method(f) and(g);
theimagehasanoticeablegreenishtint. TheMIM andMRM
method(f) and(g) performverysimilarly.

It is at �rst surprisingthatthe3-channellight performsal-
mostaswell for the faceasthe9-channellight in theMIM
andparticularlyin theMRM method.Thiscanbeexplained
by thefactthatthefour measuredspectraof thetestsubject
areverysimilarandweessentiallyaremetamericallymatch-
ing a singlespectrum.As thecamera's threechannelsspec-
trally correspondwell to the 3-channelRGB light's three
channels(seeFigures7 and4) thethreeRGB light channels
provide thenecessarydegreesof freedomto metamerically

matchthe re�ectanceof the skin of the testsubject.How-
ever, the 9-channellight better matchesother re�ectance
spectrapresentin theimages–forexample,thesubject'sblue
shirt andjadenecklacearemorecloselymatchedby the9-
channellight thanby the 3-channellight regardlessof the
colormatchingmethod.

6.3. Potential Sourcesof Experimental Err or

Asourmethodsof colormatchingarepredictivemethodsthe
accuracy of thecolormatchis highly dependentonthequal-
ity of the recoveredcharacteristicsof the equipmentused.
We have seenin Figure14 andTable1 thatour experimen-
tal resultsdo not agreeperfectly with the theoreticalpre-
dictions.The experimentalresultsre�ect roughly an addi-
tional 2-3% error over the theoreticalpredictions.This er-
ror is likely dueto the accumulationof small errorsin the
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Figure 13: Skin re�ectance spectra consideredfor the
metamericre�ectance method.Thefour spectra are spec-
tral re�ectancemeasurementsof skin at the forehead,the
cheek,thelips andthechin of thetestsubject.

estimationof the cameraandLED intensity responsesand
spectralresponses.

Usingour approachof intensityresponsecurve recovery
we rely on the shutterspeedinformationstoredin the raw
photograph.We do not know how accuratelythis informa-
tion re�ects the actualshutterspeedof the camerawhich
could lead to a miscalibrationof the intensity responseof
the camerasystem.Incorrectlycalibratingthe intensity re-
sponsealsowould impactthespectralresponserecovery, as
thepixel valuesfor thisprocessareassumedto belinear.

The recovery methodfor the cameraspectralresponse
uses19 longpass�lters and an IR cutoff �lter . The actual
informationfor the recovery processlies in the differences
betweenthephotographstakenwith thedifferent�lters and
the differencesin the spectraltransmittancesof the �lters.
Thiscanleadto verysmallpixel valuedifferenceswhichare
signi�cantly affectedby cameranoisemakingthe recovery
of thespectralresponsedif�cult.

Someof theerrorin theexperimentalresultsis likely due
to the experimentalsetupitself, andin particularto the as-
sumptionthat the LED light sourcesproducea completely
even�eld of illuminationover thesubject.

7. Futur eWork

The experimentsperformedin this papershow that tak-
ing spectralinformationinto accountfor color matchingin
lighting reproductionis a promisingsteptowardsproducing
well-matchedcolorcompositesusingeitherthree-channelor
morecomplex light sources.Basedon theresultspresented
in this paper, thereareseveral improvementsthat could be
madeto our lighting reproductionsystem.

Becauseof thedependenceof our calculationson theac-
curacy of our measuredintensity responseandspectralre-
sponsecurves, it would be desirableto either �nd an ex-
tremely accuratemethodfor measuringthesecurves or to

devise a methodof performingan overall systemcalibra-
tion thatdoesnotdependoneverycomponentof thesystem
being perfectly calibrated.The metamericcolor matching
methodsin particularwould bene�t from a more accurate
spectralresponsecurve for thecamera.

Wesuspectthatspatialvariationin theintensityof thevar-
ious LED's for the reproductionlights may be responsible
for muchof the differencebetweenour theoreticalandex-
perimentalresults.Characterizingthisvariationor removing
it by addingadditionaldiffusersto theLED'smight improve
ourexperimentalresults.

Avenuesfor the future include incorporatingthe color
matching methodsand multi-spectral light sourceinto a
lighting reproductionsystemssuchas the Light Stagede-
viceproposedin 6. Thiswill requiretheacquisitionof multi-
spectrallighting environmentsto drive the individual light
sources.Designinga multi-spectrallight probeacquisition
devicewouldbepartof thisprocess.

Another interesting future task involves investigating
post-processingof the imagecolor channelsto improve the
color match.This would reducethedependency on thecal-
ibrationaccuracy of theequipment,which couldpotentially
yield moreaccuratecolormatches.

It wouldfurtherbeinterestingto try differentlight sources
in thereproductionprocess,suchasusing�ltered incandes-
centsinsteadof LEDs, usinga designatedlight sourcesuch
asanHMI light to modelvery bright sourceslike sunlight,
or usingvideo projectorsto reproducespatiallyvarying il-
lumination.Any of thesewould involve applyingour color
matchingmethodsto new target illuminantsandnew repro-
ductionlights.We notethat theadditionallight outputfrom
a designatedsun reproductionlight would be very helpful
for a largerscaleLight Stagedevice asit would greatlyre-
ducethe dynamicrangethe LED or �ltered incandescent
light sourceshave to reproduce.

8. Conclusion

In thispaperwehavepresentedthreetechniquesfor improv-
ing the color matchingof spectrallycomplex illuminants
incidentuponspectrallycomplex surfacesusingLED light
sourceswith limited numbersof color channels.Our results
haveshown thatby takingboththecameraspectralresponse
and the subject's spectralre�ectanceinto account,we are
able to achieve color matchesthat are reasonablyaccurate
even for three-channelRGB light sources.Our resultsalso
clearlyshow thathaving morecontrolover thereproduction
light spectrumusingthe9-channellight yieldsmuchbetter
resultsregardlessof the employed color matchingmethod.
Theresultsof this work bodewell for applyinglighting re-
productionsystemsin domainswhereprecisecolor match-
ing is animportantdesigncomponent.
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Figure14: Theoreticalandexperimentalreproductioncomparisonfor theMacbethColor Checker chart.

Figure 15: Mixedlighting environmentreproductioncomparisonfor a person's face.A person's faceilluminatedwith tung-
stenlight fromtheleft and�uor escentlight fromtheright. Thecenterphotographis thereferencephotographwith theoriginal
lighting. Thetop row of photographsis shotwith illumination reproducedwith theRGBlight source. Thebottomrow of pho-
tographsis shotwith illumination fromthe9-channellight source.
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