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Abstract

Photometricvariation in multi-projector displays is ar-
guablythemostvexing problemthatneedsto beaddressed
to achieve seamlesstiled multi-projectordisplays. In this
paper, wepresentascalablereal-timesolutionto correctthe
spatialphotometricvariationin multi-projectordisplays.

A digital camerais usedto capturetheintensityvariation
acrossthedisplayin ascalablefashion.This informationis
thenusedto generateaper-pixel attenuationandoffsetmap
for eachprojector. The former achieves intensity scaling
while thelatercompensatesfor differingblacklevelsatdif-
ferentregionsof the display. Thesemapsarethenusedto
modifytheinput to theprojectorsto correctthephotometric
variation.

The contributions of our photometriccaptureand the
correctionmethodarethe follwing. First, despitethe lim-
itedresolutionof thedigital camera,thismethodis scalable
to very high resolutiondisplays. Second,unlike previous
methods,this doesnot requireanexplicit knowledgeof the
locationof the boundariesof the projectorsfor generating
theattenuationandoffsetmaps.Third, thiscompensatesfor
thevaryingblacklevel of thedisplay. Finally, thecorrection
is implementedin realtime for OpenGLapplicationsusing
thedistributedrenderingframework of Chromium.

1 Intr oduction

Large multi-projectordisplaysare being usedextensively
for defense,entertainment,collaborationandscienti�c vi-
sualizationpurposes.Thoughtheissuesof geometricseam-
lessness[21, 20, 24, 8, 19, 6, 5] andscalabledriving archi-
tecture[12, 9, 2, 10, 11] for suchdisplayshave beenad-
dressedsuccessfully, we areyet to �nd a scalablereal-time
solutionfor thephotometricvariationproblem.

Methodsthatuseacommonlampfor differentprojectors
[18] or manipulateprojector controlsare labor-intensive,
time-consumingandunscalable.Methodsthattry to match
the color gamutsor luminanceresponsesacrossdifferent
projectorsby lineartransformationsof colorspacesor lumi-

nanceresponses[15, 22, 23, 3] addressonly thecolorvaria-
tion acrossdifferentprojectorsignoringthevariationwithin
a single projectoror in the overlap regions. Blending or
featheringtechniquesusingsoftwareor hardware[21, 14, 4]
addressonly the overlap regions aiming to smoothcolor
transitionsacrossthem.However, anadhocblendingfunc-
tion is usedinsteadof deriving it from an accuratelymea-
suredresponseof the particulardisplay. Thus, all these
methodscannotremove thephotometricseamscompletely.
Methodsthat try to achieve the correctionusing a digital
camera[16] capturesthewholedisplaywithin asingle�eld
of view of the cameraand can lead to samplingartifacts
whenusedfor extremelyhigh resolutiondisplays.Further,
the variationin black offset acrossthe displayis not com-
pensated.

In thispaper, wepresentascalablereal-timesolutionfor
correctingthe spatialphotometricvariation problem. We
usea digital camerato capturethis variationin a scalable
fashion. The cameraseesonly partsof the display at a
time andthe capturedresponsefrom thesedifferentviews
arestitchedtogetherto generatethe photometricresponse
for the whole display. From this response,we generate
a per-pixel attenuationand offset map for eachprojector.
The correctionfor the generalphotometricvariation and
the black offset areencodedin thesemaps. Finally, these
mapsareusedto modify thecolor inputsto theprojectorsto
achievethecorrection.Wehaveimplementedthismodi�ca-
tion in real time usingthedistributedrenderingframework
of Chromium.

In Section2, we describeour scalablealgorithmto ad-
dressthephotometricvariationin multi-projectordisplays.
Theresultsarepresentedin Section3. In Section4 we dis-
cusssomeimplementationdetailsandthe real time imple-
mentationon Chromium.Finally, we concludewith future
work in Section5.

2 Algorithm

Let us assumethat a multi-projector display D is made
of j projectorseachdenotedby Pj , 1 � j � n. Let
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the display coordinatesbe denoted by (x; y) and the
projectorcoordinatesbe denotedby (x j ; yj ). Note that at
the overlap region, (x j ; yj ) from more thanoneprojector
can correspondto a single display coordinate(x; y). Let
the sensorused for the measurementsbe a cameraC
whosecoordinatesaredenotedby (xc; yc). To measurethe
photometricvariation acrossthe display, we needto �nd
thegeometricrelationshipbetweenthedisplaycoordinates
(x; y), projectorcoordinates(x j ; yj ) of eachprojectorPj

and the cameracoordinates(xc; yc). Theserelationships
aregivenby ageometriccalibrationmethod.

Geometric Calibration: Let the geometricwarp TP j ! C

de�ne therelationshipbetween(x j ; yj ) andthecameraco-
ordinates(xc; yc) andthe warp TC ! D de�ne the relation-
ship between(xc; yc) and the display coordinates(x; y).
Theconcatenationof thesetwo warpsde�nes the relation-
ship betweenthe coordinatesof the individual projectors
andthedisplay, TP j ! D . Thesewarpsmaybenon-linear[8]
or linear [20, 24] for differentgeometriccalibrationmeth-
ods.

2.1 Capturing the Photometric Variation

It hasbeenshown [17] thatfor capturingtheintensity(pho-
tometric)variationof a multi-projectordisplay, we needto
�nd thefollowing.

1. Projector ChannelIntensityTransferFunction : We
needto measurethe normalizedintensityvariationof
a channelwith increasinginput, which is called the
channelintensitytransferfunction (ITF). It hasbeen
shown thatthechannelITF for projectorsmaybenon-
monotonic,but doesnot vary spatially[17]. Thus,the
ITF for eachchannelneedsto bemeasuredatoneloca-
tion for eachprojector(insteadof eachpixel). Hence,
wecall themprojectorchannelITF.

2. DisplayChannelWhiteSurface:We needto measure
themaximumintensitythatis projectedby achannelat
everypixel of thedisplay. Thisperpixel channelmax-
imum intensity de�nes an intensity surface for each
channelwhich we call the displaychannelwhite sur-
faceanddenoteby Wc, wherec denotesthechannel.

3. Display Black Surface:We alsoneedto measurethe
minimumintensitythat is presentat every pixel of the
displaywhenall the differentchannelsareprojecting
their minimum intensities. This per pixel minimum
intensityde�nesanintensitysurfacewhichwecall the
blacksurface,anddenoteby B . Basically, thisde�nes
theblackoffsetateverypixel of thedisplay.

Capturing the Projector ITFs: Previously, we andothers
have useda point light sensingdevice (like a spectrora-
diometeror a photometer)to measurethe channelITF for

eachprojector[16, 17, 15, 24]. However, recentwork at
University of North Carolinaat ChapelHill useshigh dy-
namicrange(HDR) imagingtechniquesto measuretheITF
usingonly a cameraandgetsresultsthatareasaccurateas
thoseachieved usinga spectroradiometer. This makesthe
methodof capturingthephotometricvariationindependent
of any expensive sensorslike a spectroradiometeror a
photometer.

Figure1: To computethemaximumdisplayluminancesur-
facefor greenchannel,we needonly four pictures. Top:
Picturestakenfor a displaymadeof a 2 � 2 arrayof 4 pro-
jectors.Bottom: Thepicturestakenfor a displaymadeof a
3 � 5 arrayof 15projectors.

Capturing Display Channel White Surface: We usea
digital camerato measurethedisplaychannelwhitesurface,
Wc. Therearetwo known methodsto captureWc.

1. In the�rst [16, 17], thecamerais positionedsothat it
cancapturethewholedisplayin its �eld of view. The
camerathencapturesthe imageof themaximumpro-
jectedintensityfor eachchannelof eachprojector, one
at a time, whentheadjacentoverlappingprojectorsare
turnedoff. Thecorrespondinginput thatproducesthis
intensityis foundfrom themeasuredITF for eachpro-
jector. A setof suchimagesfor the greenchannelof
two differentdisplaysareillustratedin Figure1. The
channelwhite surfacefor each projector is then ex-
tractedfrom thecameraimageusingthewarpTP j ! C .
ThesearethenaddedtogetherusingthewarpTP j ! D .
In thismethod,sincetheprojectedimagefor eachpro-
jectordoesnot vary greatlyin intensityrange,a single
exposurecameraimageis suf�cient for eachof them.
If the imagesfrom differentprojectorsneeddifferent
exposures(dependingon therelativebrightnessof dif-
ferentprojectors),they arematchedin scaleusingan
appropriatescalefactor[7].

2. In recentwork going on at University of North Car-
olina at ChapelHill, HDR imagesareusedto �nd the
displaychannelwhite surface. Herealso,the camera
capturesthewholedisplayin its �eld of view. But in-
steadof capturingimagesfor eachprojectorat a time,
the maximumchannelintensity for all projectorsare
projectedsimultaneously. Thena rangeof imagesof
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Figure2: Thedisplaychannelwhite surfacefor thegreenchannel.Left: For a 2 � 4 arrayof eightprojectors.Right: For a
3 � 5 arrayof �fteen projectors.

thedisplayis capturedby thecameraatdifferentexpo-
sures.TheHDR imagegeneratedfrom thesesurfaces
[7] is usedto �nd thedisplaychannelwhitesurface.
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Figure3: Thecameraandprojectorsetup for our scalable
algorithm.

However, notethatboth thesemethodsuffer from a se-
rious limitation. Sincethe cameracapturesthe whole dis-
play within a single �eld of view using a limited resolu-
tion, this mayleadto samplingartifactsfor very high reso-
lution displays,like theonesatSandiaNationalLaboratory
(48 projectors)andNationalCenterfor Supercomputingat
Universityof Illinois atUrbanaChampaign(40projectors).
To remove this limitation, we presenta scalableversionof
theformermethod.Thoughwe choosetheformermethod,
othermethodscanalsobescaledin asimilar fashion.

We reconstructeach projector's channelwhite surface
usingdifferent�eld of views for differentpartsof the dis-
play andthenstitch themtogetherto generatethe display

channelwhite surface,Wc. Figure3 illustratesthe proce-
durefor adisplaywall madeupof four projectors.First,we
placethecameraat positionA whencamera's �eld of view
seesthewholedisplay(four projectors)andrunageometric
calibrationalgorithm.Thesetof geometricwarpsfrom this
positionis denotedby GA .

Next we move thecamerato B and/orchangethezoom
to get higherresolutionviews of partsof the display. We
rotatethe camerato seedifferentpartsof the display. For
example,in Figure3, thecameraseesprojectorsP1 andP2

from B1 andprojectorsP3 andP4 from B2. We perform
our geometriccalibrationfrom theseorientations,B1 and
B2 to getthecorrespondinggeometricwarpsGB 1 andGB 2

respectively.

Wealsotakethepicturesfor capturingthechannelwhite
surfacefor eachprojector(similar to Figure1) from B1 and
B2. We reconstructchannelwhite surfacefor P1 andP2

from thepicturestakenfrom B1 usingGB 1 , andfor P3 and
P4 from thepicturestaken from B2 usingGB 2 . We stitch
theseprojector channelwhite surfacesusing the common
geometricwarpfrom A, GA , to generatethedisplaychan-
nelwhitesurface, Wc.

TheWg for thegreenchannelthusgeneratedfor a2 � 4
arrayof eightprojectorsanda3 � 5 arrayof �fteen projec-
torsareshown in Figure2. For theformer, thedisplaywas
capturedin two parts: the left four projectorsandtheright
four projectors.For the latter, the displaywascapturedin
four parts:top left 2 � 3 array, bottomleft 1 � 3 array, top
right 2 � 2 arrayandbottomright 1 � 2 array.

Capturing DisplayBlack Surface: Previousmethodshave
not investigatedcapturingtheblackoffsetthatvariesatdif-
ferent regionsof the display, especiallyfrom non-overlap
to overlap region. To capturethis we again usea digital
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Figure 4: The display black surfacefor a 3 � 5 array of
�fteen projectors.

cameraandascalablemethodexactlysimilar to thatof cap-
turing thedisplaywhite surfacefor eachchannel.Theonly
differenceis, in this caseeachprojectorprojectsthe mini-
mumintensityfrom all channels.Thecorrespondingchan-
nel inputsarederivedfrom theITFs. However, notethatthe
exposureusedis different.Weagainuseaappropriatescale
factor[7] to bring the white andblacksurfaceat the same
intensityscale.Thedisplayblacksurface,B , thusgenerated
for a 3 � 5 arrayof �fteen projectorsis shown in Figure4.
Comparethescaleof thiswith thewhitesurfaceWg in Fig-
ure2. Wefoundthatblacksurfaceis about0:4%,1:25%and
2:5%of theintensityrangeof green,redandbluechannel's
whitesurfacesrespectively.

2.2 Corr ecting the Photometric Variation

Now that we have capturedthe displaychannelwhite sur-
faceandthe displayblack surface,to achieve photometric
uniformity, weneedto achieveauniform(�at) responsefor
both of these. Since, the correctedresponseneedsto be
within thecapabilities(whiteandblacksurfaces)of thedis-
play, we canachieve the desired �at responsesby the fol-
lowing.

1. Thedesiredchanneldisplaywhitesurfaceshouldhave
theintensitywhich is theminimumof theintensitiesat
all pixelsof thechanneldisplaywhitesurface.Let this
desireddisplaywhitesurfacebedenotedby W 0

c. Thus,

W 0
c = min

8x;y
Wc (1)

2. Thedesireddisplayblack surfaceshouldhave the in-
tensitywhich is the maximumof the intensitiesat all

pixelsof thedisplayblacksurface.Let thedesireddis-
playblacksurfacebedenotedby B 0.

B 0 = max
8x;y

B (2)

In previouswork [16], only theformerof theabove two
wasdone. However, blackoffsetvariationis considerable,
especiallyfor DLP projectorsandneedsto becorrected.

It canbeshown thatW 0
c andB 0 canbeachievedby mul-

tiplying the input to the display by an attenuationfactor
Sc(x; y), andthenaddinganoffsetof Oc(x; y) to it, where
Sc(x; y) andOc(x; y) aregivenby

Sc(x; y) =
W 0

c(x; y) � B 0(x; y)
Wc(x; y) � B (x; y)

(3)

Oc(x; y) =
B 0(x; y) � B (x; y)

3(Wc(x; y) � B (x; y))
(4)

TheSc andOc arecalledthedisplayattenuationandoff-
setmapsrespectively. Thesearethenbroken up usingthe
geometricwarp TP j ! D to generatethe projector attenua-
tion andoffsetmaps.

Thecorrectionof modifying the input by anattenuation
andoffsetfactorassumesa linearprojectorresponse.Since
this is not true,we needto �nd the appropriateinputsthat
would generatethe desiredchannelwhite and black sur-
faceswhen the projector responseis non-linear. This is
wherewe usethe ITFs for eachprojector. After modify-
ing theinputusingtheattenuationandtheoffsetfactors,we
usethe inverseITF on the modi�ed inputsto linearizethe
projectorresponse.We call the inverseITF asthe projec-
tor channellinearizationfunction. This linerizationfunc-
tion canberepresentedasa1D color look-up-tablefor each
channelandis illustratedin Figure5.

3 Results

Figure6 shows theresultsof ourmethod.Notethatit is not
possibleto compensatefor theblackoffsetperfectlyusing
only softwaremethods.Black offset is thelight that is pro-
jectedby projectorsatall timeswhenthey areon,evenif the
input is zero. Usually the leakagelight from theprojectors
is the main contributor to the black offset. Thus,no soft-
wareattenuationcancompensatefor it well, sincethelight
cannotbe reducedany further by it. The only way to cor-
rect it in softwareis to increasetheblackoffset in thenon-
overlappingregion to matchtheoverlappingregions. This
degradesthecontrast.However, therearemethodsthatuse
hardware/opticalblending[14, 4] to attenuatelight physi-
cally andthuscanreducetheblackoffset.Suchmethodsin
combinationwith oursmayproducebetterresults.
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Figure5: Left: Projectorchannelintensitytransferfunction;Middle: Projectorchannellinearizationfunction;Right: Com-
positionof thechannelintensitytransferfunctionandthechannellinearizationfunctiongivesa linearresponse.

Figure6: Digital photographsof actualdisplays. The left columnshows imagesbeforecorrectionand the right column
shows theimagesaftercorrection.Top: A displaywith 2 � 4 arrayof eightprojector. Our scalablemethodwasusedwhere
theleft four projectorsandtheright four projectorswerecapturedseparately. Middle: A displaywith 3 � 5 arrayof �fteen
projectors.Herethedisplaywascapturedin four partsasmentionedin Section2. Bottom:Thesame�fteen projectordisplay
with thecorrectionshown on a blackimageof thenight sky to illustratetheblackcorrection.Theseimagesweretakenat a
muchhigherexposurethantheotherones.
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Another important thing to note is that our correction
achievesphotometricuniformityby achieving identicallin-
ear responseat all displaypixels. This makesthe display
identicalto theworstpossiblepixel (in termsof brightness
andcontrast)thusignoringthe`good' pixelswhicharevery
muchin majority. This leadsto severecompressionin dy-
namicrangethat canbe aslow as50% of the original dy-
namicrangeof thedisplay.

4 Implementation

In thissectionwediscussa few implementationdetailsthat
arecritical for thesuccessof thealgorithmpresentedin Sec-
tion 2. Then,wepresenttherealtimeimplementationof the
algorithmonChromium.

4.1 Details

Extracting intensity surfacesfr om cameraRGB image:
A few issuesneedto beaddressedto generateaccuratemea-
surementsusingacamera.To accountfor thecamera'snon-
linearity, its ITF is reconstructedusing the high dynamic
rangeimagesmethodpresentedin [7]. Everycameraimage
usedfor capturingthedisplayresponseis �rst linearizedus-
ing theinverseof theITF andthentheintensityis extracted
using standardRGB to YUV linear transformations[16].
Second,to assurethatthecameradoesnot introducea spa-
tial variationin additionto thatwhich is alreadypresentin
thedisplay, its apertureis keptbelow F8. Our experiments
andotherworks[7] show thatthespatialintensityvariation
of thecamerais negligible in suchsetting.
Removing Noise:Thedisplaywhiteandblacksurfacesof-
tenhavenoiseandoutliersdueto hotspotsin theprojectors
and/orthecameraandthenatureof thescreenmaterial.The
noiseand the outliersare removed by a Weiner �lter and
a median�lter respectively. The userprovideskernelsfor
these�lters by studyingthe frequency of the outliersand
thenatureof thenoise.

Figure7: Resultwith no edgeattenuationfor a 2 � 2 array
of four projectors.

EdgeAttenuation: Usually, thedifferencein intensitybe-
tweenthe non-overlap and the overlap region of the dis-
play is very high, thus making the spatial transitionvery
sharp. Theoretically, this sharptransitioncanonly be re-
constructedby a camerawith resolutionat leasttwice the
display resolution. This posesa severe restrictionon the
processof capturingthephotometricresponsefor veryhigh
resolutiondisplays.Geometricmisregistrationof thisedge,
evenby onepixel, createsanedgeartifactasshown in Fig-
ure 7. To avoid this, we smooththis sharptransitionby
attenuatinga few pixels (40 - 50 pixels) at the edgeof the
channelwhite surfaceandblack surfaceof each projector
beforeaddingthemupthecreatecorrespondingsurfacesfor
thewholedisplay. This increasestheerror toleranceto in-
accuracieswhile capturingthe regionsof sharptransition.
This attenuationis donein software.Theattenuationfunc-
tion andwidth canbecontrolledby theuser. Note thatwe
donotneedinformationabouttheexactlocationof theover-
lap regionsfor this purpose.Further, this approachallows
us to processthe intensitysurfacesof eachprojectorinde-
pendently, without explicitly consideringgeometriccorre-
spondencesacrossthe projectors.Figure2 and4 includes
this edgeattenuation.To complementthis step,we have to
putthesameedgeattenuationbackin theprojectedimagery.
This is achievedby introducingit in thetheattenuationand
offsetmapsgeneratedfor eachprojector. Empirically, when
weuseedgeblending,evenacameraof resolutionaslow as
25%of thedisplayresolutioncanproduceseamlessresults
with noartifacts.

4.2 Real Time Implementation Using
Chromium

The algorithm presentedin Section2 generatesfor each
channelof eachprojectoranattenuationmap,anoffsetmap
and a linearizationfunction. The attenuationand offset
mapsareperpixel mapsof thesameresolutionasthepro-
jector. The linearizationfunction is a 1D color look-up-
tablefor eachchannel.To correctfor thespatialphotomet-
ric variation,wewouldneedto modify anyimageprojected
by a projectorin the following manner. First, the imageis
multiplied by theattenuationmap. Next, theoffsetmapis
addedto the resultingattenuatedimage. Finally, the color
of eachpixel of the imageis mappedto a different color
usingthelinearizationfunctionfor eachchannel.

We have developeda small library of functionsto ap-
ply thecorrectionsto applicationrenderingsin real-time.It
is implementedto work only with OpenGLand NVIDIA
extensions[13], but couldeasilybeextendedto work with
otherextensionsandDirectX. The library canbe useddi-
rectly by applicationprogrammers. We have also con-
structeda Chromium[11] SPUenablingOpenGLapplica-
tionsto bene�t from thereal-timecorrectionstransparently.
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Appl. O RT RTP RTG RTPG

SolarSystem 89.3 55.5 48 54.5 45
Atlantis 78.5 63.2 56.0 61.5 54
Teapot 153 91 72 89 70

Table 1: PerformanceAnalysis (in frames per second)
of PhotometricCorrectionUsing Chromiumon NVIDIA
Geforce3GraphicsCards

Currentgenerationcommoditygraphicscardswith the
latestOpenGLextensionsareableto provide real-timeper-
formance.Our implementationtakesadvantageof fastren-
derto texturetransfersandcustomcodeto drive thetexture
shadersandregistercombinersto implementthecorrection
algorithmasfollows.

1. Thescenerenderedasit normallywouldbe,including
theapplicationspeci�c useof vertex programs,texture
shaders,andregistercombiners.

2. The framebuffer is then copied using glCopyTex-
SubImage2Dto texture memoryfor the photometric
correctionstep.

3. The photometriccorrectionis thenappliedusingtex-
ture shadersandregistercombiners.The attenuation
andoffsetmapsareappliedusingmulti-texturing. The
channellinearizationfunctionis thenappliedby using
dependent2D texturelook-ups.

4. Theresultingimageis thentexturemappedto asurface
wherethe geometrycorrectionis appliedby manipu-
lation of a meshof texturecoordinates,allowing for a
generalwarpingof theimage.[24, 8].

5. The �nal imageappearson individual tile of the tiled
displaywith photometryandgeometrycorrectionsac-
countedfor.

Thisapproachhasbeenappliedto anumberof testcases
with the result of the variousstagesof the processhigh-
lighted as well as the overall impact on the system. Ta-
ble 4.2 shows the results(in framesper second)for three
differentapplications,showing the original framerate(O),
renderto texture (RT), renderto texture with photometry
correction(RTP), renderto texture with geometrycorrec-
tion (RTG),andcompletesystemwith renderto texturewith
boththecorrectionsturnedon (RTPG).

Table4.2shows that it is possibleto correctbothgeom-
etry andphotometryerrorsin a tiled displayenvironment
without severe impact on the application's performance.
Imagewarpingcostsabouta millisecond,while photomet-
ric correctionscosta few to several milliseconds. Imple-
mentingthesecorrectionsasaChromiumSPUallowsusers

of this toolkit to bene�t from thecorrectionswithouthaving
to modify existingapplications.

5 Conclusion

In this paper, we have presenteda scalablemethod to
captureand correct for the spatial photometricvariation
in multi-projector displays. We have also implemented
the correctionin real time using the distributed rendering
framework of Chromium.This methodis beingadoptedby
differenteducationalandresearchorganizations.

However, there are many directions in which a large
amountof work needsto bedone.

� Ourcurrentmethodproducesseamlessdisplaysbut re-
sultsin compressionof thedynamicrangeof thedis-
play. Severalperceptualstudiescanbeinvestigatedto
seeif we canachieve a perceptualuniformity that is
lessrestrictive thanstrict photometricuniformity, and
thushelpsus to utilize the systemcapabilitiesbetter.
Further, since the linear responsefor eachprojector
doesnot caterto thenon-linearresponseof thehuman
eye, the displaylooks washedout, which needsto be
addressed.

� It hasbeenshown [17] thatprojectorsof samemodel
differ signi�cantly photometrically, but aresimilar in
their chrominanceor color properties.Hence,for cur-
rent displayswhich areusuallymadeof samemodel
projectors,achieving photometricuniformity is often
suf�cient to give us the desiredseamlessness.But,
even such displaysshow visible chrominancevaria-
tionsat certainplacesthatcannotbecorrectedby any
methodaddressingonly photometricvariation.On the
other hand, methodsthat addressboth chrominance
andthe intensity [22, 23, 1] do not considerthe spa-
tial variation. So,new methodsneedto addressall of
thesetogetherto supportmoregeneraldisplaycon�g-
uration. In termsof therealtime implementation,it is
importantto testthesystemwith graphicsadaptorsthat
havesimilarcapabilitiesto thoseof theNVIDIA adap-
torsaswell asextendit in thelower library to support
DirectX.

� Many solutionsareemerging thataddressthegeneral
color variation problem. But thereis no mathemati-
cal framework within which differentmethodscanbe
evaluatedandcompared.Sucha framework that iden-
ti�es thekey contributingparametersof thecolorvari-
ationproblemcanalsoreducethestoragerequirements
andthecomplexity of thecorrectionmethods.

� Currently we evaluate the results from different al-
gorithmsvisually, which is subjective. For moreob-
jective evaluation,we needa sophisticatedperceptual
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metric. Sucha metricwould alsohelpus identify the
most importantperceptualissueswhich can then be
usedasa feedbackto improve ouralgorithms.
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