
D Project Description.

Usingcolor-de�ciency incidencetablesfrom Hurvich [16] andthe2000U.S.censusdata,onecanquickly
determinethat more than ten million peoplein the United Stateshave color-de�cient vision. Although
color-de�cient vision is far from the most severeof humandisabilities,its impact is felt by a large seg-
mentof the population,and its importanceis growing, asour societyincreasinglydependsuponthe dis-
play of color imagesandcolor imagesequencesfor informationandeducation.Theprincipalgoalof this
proposalis the designand implementationof a speci�c assistive technology(AT), a softwaresystemfor
real-timecolor-correctionthat will provide markedly enhancedimageinformationdisplayto viewerswith
protanopic,deuteranopic,andtritanopicde�ciencies,aswell asthosewith monochromatism.SuchanAT
would have broadimpact, in that it would allow asmany asten million Americansto fully participatein
thenew modesof informationexchangeandeducation.In thefollowing sections,weoutlinethedesignthat
we believe will ultimatelyyield this AT. (Noteto reviewers: Thisproposaldiscussesissuesin color vision
and color image display, and an sRGBcolor modelis assumed.Viewing this documentin printed form,
whethercolor or grayscale, necessarilyinvokesa gamutshift or gamutreductionthat could substantially
alter the contentof the examples. The project descriptionis available for viewing in electronic form at
www.cs.clemson.edu/� rmg/rde.html)

D.1 Background.

Details on color vision de�cienciesmay be found below, in sectionD.3. Re-coloringimagesto reveal
informationto color-de�cient viewersultimatelyinvolvesareductionin gamutdimension,eitherfrom 3 to 2
(protanopia,deuteranopia,tritanopia)or 3 to 1 (monochromatism).Althoughmonochromatismis relatively
rare,ourapproachto theoverallproblemis mosteasilydescribedin termsof the3 to 1 reduction.Extension
to all threetypesof 3 to 2 reductionswill thenbestraightforward.

Theproblemof �nding a3 to 1 reductionappropriatefor monochromaticobserversis equivalentto thewell-
known problemof printing color documentson grayscaleprinters.Thestandardsolutionto this conversion
problemis simpleandrobust: linearlymappixel luminancevaluesto theavailablegrayscale.Althoughthis
procedureproducessatisfactoryresultsin many cases,in othersit doesnot. Authorsdo not alwayshave
completecontrolover imagedesign(e.g.photographs),andsoasigni�cant portionof theimageinformation
contentmayappearin thechrominancevariations.In Figure1 weshow someexamplesof imagesfor which
this occurs. When the color images(left column) are mappedto grayscalebasedon luminance(middle
column),signi�cant informationis lost. An alternative mappingto grayscale(right column)canpreserve
someof the information. We contendthat thereare two componentsto informationpreservation during
gamutreduction:

� Preserving contrasts: Colorsthatarereadilydistinguishablein theoriginal imageshouldbe repre-
sentedby reducedvaluesthat arealsoreadily distinguishable.In termsof a perceptualcolor space
(e.g.CIELAB), wewould like thedistancebetweenany pairof imagecolorsto beproportionalto the
distancebetweentheir valuesin thereducedcolorspace.

� Maintaining luminance consistency: Shadows, highlights,andcolor gradientsprovide depthcues
throughluminancevariations.Reduced-colorimagesin which thesecuesexhibit luminancereversals,
e.g.lightenedshadowsor darkenedhighlights,canbedisorienting.Theseeffectscanbeamelioratedif
luminancegradientswithin narrowly de�ned chrominancebandsaremaintainedduringthereduction.
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(a) (b) (c)

Figure1: Color to Grayscale:(a)Original image,(b) luminanceto grayscale,(c) alternativemapping.

In a paperthat will appearin May, 2005[26], we describean automaticmethodfor both monochromatic
anddichromaticimageconversion. The latter casehasthreevariationsthat provide re-coloringof images
for protanopic,deuteranopic,andtritanopicobservers. We usea subsetof the imagecolorsto �nd a linear
transformationthatminimizesa speci�c objective function,which is designedto enforceproportionalcolor
differencesacrosstheremapping.For thegrayscalecase,the transformationinvolvesprojectingthecolors
ontoa singlevector. For thedichromaticcase,it involvesa lineartransformationin homogeneousCIELAB
coordinates.Becausethismethodis basedonlineartransformations,it is relatively simpleto implement,but
it alsocarriesattendantlimitations. In particular, it hasdif�culties with imagesthatexhibit smoothvariation
alongmultiplecolordimensions,andit doesnotoffer any constraintsonluminanceconsistency. Examplesof
eachareshown in Figure2. Further, in thedichromaticcase,thismethoddoesnotconstrainthetransformed
colorsto a speci�c availablegamut,andthusreducedcolorsthat differ markedly from the original image
colorscanbegenerated.Finally, thespeedof this method,thoughnot excessive (non-trivial examplesfrom
[26] rangedfrom 3 to 24seconds),is far from real-time.

We describebelow a new approachto the problemthat we believe will amelioratethesedif�culties and
ultimatelyyield thedesiredAT.

D.2 RelatedWork

Thereareseveral relatedproblemsthathave beenaddressedextensively in the literature.Thegoalof color
quantization[13] is to preserve imagedetailwhile reducingthenumberof colorsin theimagefrom n to m,
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(a) (b) (c) (d)

Figure2: LuminanceConsistencyandLinearProjectionMapping(a) to (b) violatesluminanceconsistency;
shadows andhighlightsappearreversed.Mapping(c) to (d) is basedon a linearprojection;widely differing
colorsaremappedto similargrayvalues.

whereusuallyn >> m. Colorquantizationalgorithmshave two components,paletteselectionandmapping.
Clever paletteselectionis the major componentandcritical to the successof thesealgorithms. Mapping
imagecolorsto theselectedpaletteis usuallya simple,three-dimensionalerrordiffusion[8]. In our initial
problem,thepaletteis �x ed(grayscale),andsotheprincipalbene�t of any color quantizationalgorithmis
lost. Simplediffusionmappingsto grayscalearealmostalwaysinadequate.

Gamutmappingattemptsto preservetheappearanceof animagewhenit is displayedontwo or moredevices
that have differentavailablecolor gamuts. Stoneet al. [33] describeseveral principlesto be followed to
createpleasinggamutmaps.Two aredirectly applicableto producinggrayscaleimages.First, thegrayaxis
of thesourcegamutshouldbetransformedsothatit is alignedwith thatof thedestinationgamut.For acolor-
to-grayscaletransformation,this implies thatwe shouldmapthe grayaxis of thecolor image(luminance)
to grayscale.This is preciselythe standardmapping,uponwhich we aretrying to improve. The second
principalis thatluminancecontrastshouldbemaximized.For grayscaleimages,this impliesthatweshould
normalizetheresultsover thetargetgrayrange.Thisnormalizationwill beanintegralpartof ourmethod.

An importantinstanceof gamutmappingis the tonemappingproblemof displayinghigh dynamicrange
imageson low dynamicrangedisplays[36]. Theobjective is to preserve anabundanceof visual informa-
tion within the constraintsof a limited gamut,andour approachto grayscaleconversionsharesthis goal.
Nevertheless,tonemappingis generallyconcernedwith compressionof the gamutrange,whereaswe are
interestedin compressionof gamutdimensionality.

Stollnitzetal. [32] examinetheproblemof printingacolor imagewith anarbitrarynumberof inks. For the
caseof asingleink, their solutionis alsoto useluminance,i.e., thestandardmapping.

Several methodshave beenproposedfor solving the generalproblemof reducingan n-dimensionalsetof
datato mdimensionswherem< n. PrincipalComponentAnalysis[19] (PCA)is onesuchmethod.A setof n
orthogonalvectorsis constructed,whereeachpointsin thedirectionof thehighestremainingvariationin the
originaldataset.Them vectorsthatcapturethemostvariationform a basisof thelower dimensionalspace.
Choosingthe axis of maximumvariation in the color imagedatadoesprovidesa high contrastgrayscale
image.Nevertheless,signi�cant smallerdetailusuallyappearsin thesecondprincipalcomponent,andsuch
is lost to this technique.Further, it is dif�cult to incorporateconstraintson luminanceconsistency.

Multi-dimensionalScaling[4], or MDS, is analternative to factoranalysisfor detectingmeaningfulunder-
lying dimensionsin a setof multi-dimensionaldatapoints. It mostoften takesthe form of minimizing a
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quadraticfunctionof thesetof all distancesbetweenpairsof pointsin themulti-dimensionaldata.Because
the input involvesall observed distances,the techniquedoesnot often scalewell to large datasets. For
thespecialcaseof reductionto a singledimension(uni-dimensionalscaling),Hubertet al. [14] provide an
overview of several approaches.In general,thesedo not scalewell to large datasets,andthe additionof
externalconstraintscanbe problematic.Nevertheless,asshown in SectionD.4, our own approachcanbe
characterizedasaspecialcaseof MDS.

Locally linear embedding[28] (LLE) takesa slightly differentapproachto dimensionreductionit that it
assumeseachdatapoint canbeconstructedasa linearcombinationof its neighbors.Thechoiceof neigh-
borhoodis crucialfor satisfactoryresults.As is thecasefor PCA,it is unclearhow to incorporateconstraints
into LLE.

ISOMAP[35] is apopulartechniquethatis similar to LLE in thatit requiresaneighborhoodabouteachhigh
dimensionalpoint. Heretheneighborhoodis usedto createaweightedgraphthatapproximatesthestructure
of thedata.TraditionalMDS techniquesarethenusedto createa lower dimensionalcon�gurationfrom the
weightedgraph.

In thedomainsof medicalimagingor remotesensing,multiplehigh-dimensionalimagesfrom asinglesource
areoftenobtained,e.g.,aCT scanandanMRI scanof thesameregionof apatient.Thegoalof imagefusion
is to createa singleimagethatcapturesthesalientfeaturesof theentireoriginal datasetandtherebyallows
visualizationof datacorrelations.Therehavebeenseveralmethodsproposedfor imagefusion.They include
PCA [29], linear combinationsof the datathat maximizecontrastobjective functions[12], analysisusing
wavelets[24], andneuralnetwork schemeswith self-organizingmaps[22]. Luminanceconsistency is not
typically agoalof imagefusionmethods,andsothesemethodsarenoteasilyconstrained.

Socolinsky [30] andSocolinsky andWolff [31] constructgrayscaleimagesto matchlocal contrastin color
images.They regardcontrastasa gradientandthenrecover grayscaleby solvinga Poissonequation.They
speci�cally avoid introducingglobal contrastto avoid artifactswhencomputingsub-imagesor sequences
of images.As a result, their methodhasdif�culty with certainclassesof images,suchasthe threecolor
examplein Figure3. Herethecontrastbetweenadjacentredandgrayblocksmatchesthecontrastbetween

Figure3: Whyglobalcontrastis necessary:originalcolor(left), transformationusinglocalcontrast(center),
andtransformationusingglobalcontrast(right)

adjacentgray andgreenblocks. A grayscaletransformationbasedsolely on local contrastsendsred and
greento identicalgrayvalues.Useof globalcontrastinformationwill separatethethreevalues.

Photographersoftenencounterdif�culties whentrying to recordcolor imageson monochromatic�lm. The
traditionalsolution to this problemis to usea “contrast�lter” over the lens [1]. These�lters comein a
varietyof hues,eachof which attenuatesthecomplementaryhueof the �lter . For example,to increasethe
contrastbetweencloudsandsky, a yellow �lter is oftenused.This attenuatesthebluesky, andsoproduces
light cloudsonadarkbackground.In general,thechoiceof �lter is left to theeyeof theartist.
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D.3 Color Vision De�ciencies

De�cienciesin color vision arisefrom differencesin pigmentationof opticalphotoreceptors[38]. Normal
visionis characterizedby threedistinctpigmentationsof thephotoreceptors(cones),whichcollectively allow
receptionof long, medium,andshortwavelengthsof thevisible spectrum.Anomaloustrichromatopiais a
conditionin which thepigmentin oneconeis not suf�ciently distinct from theothers.Theviewer still has
threedistinctspectralsensitivities,but theseparationis reduced.Dichromatopiais a conditionin which the
viewer hasonly two distinctpigmentsin thecones.For bothdichromatopiaandanomaloustrichromatopia,
therearethreesubclassi�cationsbasedonwhichconehastheabnormalpigmentation.De�cienciesin cones
sensitive to long,medium,andshortwavelengthsarereferredto asprotanopic,deuteranopic,andtritanopic,
respectively. Protanopicanddeuteranopicde�ciencies,themostcommonformsof color-de�cient vision,are
characterizedby dif�culty distinguishingbetweenredandgreentones.Tritanopicde�cienciesareassociated
with confusionbetweenblueandyellow tones.Monochromatismis anotherform of de�cient color vision,
but it is quiterare.

Signi�cant work hasbeendonein simulatingcolor de�cient vision [3, 20, 23]. From studiesof subjects
who have normalvision in oneeye andcolor-de�cient vision in theother, it hasbeendeterminedthat there
arespeci�c wavelengthsthat areperceived identically by thosewith normalvision andthosewith vision
de�ciencies.For protanopesanddeuteranopes,theseare575nm(yellow) and475nm(blue). For tritanopes,
theseare660nm(red-orange)and485nm(cyan).Fromknowledgeof theseinvariants,color-de�cient vision
canbesimulated.Colorsin RGBspacearetransformedinto anLMS (long,medium,short)color spacethat
is basedon coneresponse.Conede�cienciesarethensimulatedby modifying theresponseof thede�cient
cone.MeyerandGreenberg [23] �nd linesof “confusedcolors”by intersectinglinesof chrominance.Kondo
[20] usesa seriesof linear transformsgovernedby a parameterspecifyingthedegreeof de�ciency in each
particularcomponent.Brettelet al. [3] projectcolorsin theconeresponsespaceontoa a pair of planesthat
intersectalonganeutralcolor line andrepresentthegamutof thede�cient viewer.

Giventheability to simulatecolor-de�cient views, it maybepossibleto re-colorimagesin sucha way that
confuseddetailis restoredfor color-de�cient observers.Reinhardetal. [27] describeastrategy for matching
color statisticsbetweentwo imagesandthentransferringthecolor distribution from oneimageto another.
Although this can be useful for compressinga full color imageinto a color-de�cient gamut, it doesnot
attemptto preserve theperceiveddistancesbetweencontrastingcolorsin theoriginal image.

Walraven and Alferdinck [37] describea color paletteeditor that is coupledwith simulationof a color
de�cient viewer. Thesimulatoris usedto determinewhich pairsof colorsin thecurrentpalettewould have
perceived distancesbelow a critical thresholdin a color-de�cient gamut. Suchcolorsaremarked for re-
considerationin the palettedesign. The editor canalsoselecta default palettefor which all colorsmeet
thresholdspeci�cations.

Daltonization[6] is a procedurefor re-coloringan imagefor viewing by a color-de�cient viewer. Here,
a userspeci�es parametersfor stretchingcontrastbetweenred andgreenhues,aswell asparametersfor
modulatingblue andyellow contrastandmodulatingluminance. Simulationof a deuteranopicviewer is
provided for evaluatingthe output image. Parameterselectionis not automated,althoughthree“default”
parametersettingsareoffered.Theresultsarehighly dependentuponthechoicesfor theparameters.

Ichikawa et al. [17, 18] proposean automatedmethodfor re-coloringimagesthat is basedon a genetic
algorithmsearch.A small subsetof the colorsin the imageis selectedandusedto constructan objective
functionthatbothmaintainscolor distancesandconstrainstheextentof color remapping.Theresultis then
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interpolatedacrosstheentireimage. In this process,thereis no considerationof constraintson luminance
consistency or constraintsto keepcolorswithin a targetgamut. Themethodalsohasnumerousparameters
to adjustin orderto controlthequalityof theoutputimage.

D.4 ConstrainedMultidimensional Scaling

Weseekamappingof three-dimensionalcolorspaceto grayscale(or to atwo-dimensionalspaceappropriate
for a speci�c de�ciency) thatpreservescontrastsandmaintainsluminanceconsistency. The two goalscan
be expressedin the form of a constrained,multi-dimensionalscalingproblem. We �rst de�ne a quadratic
objective functionthatincorporatescontrastpreservation.

D.4.1 Majorization

We would like our mappingto preserve global contrast.We expressthis in termsof an objective function
by requiringthatdifferencesbetweenmappedvaluesshouldremainproportionalto differencesbetweenthe
original color values.Speci�cally, in termsof a reductionto grayscale,weseekaminimumof

s(g0;g1; :::;gn� 1) =
n� 2

å
i= 0

n� 1

å
j= i+ 1

� �
�gi � g j

�
� =di j � K

� 2 (1)

wheregi is the mappedgray valuecorrespondingto color ci , K is the target proportionalityconstant,and
di j = jci � c j j, thedistancebetweenci andc j in CIELAB space.

Equation1 is referredto in theMDS literatureasSTRESS[4]. AlthoughSTRESSis nonlinear, it is generally
solvedby aniterativelinearmethodknown as“majorization”. Thekey observationis that(1) canbebounded
above by a sequenceof simplequadraticfunctionswhoseminimacanbe foundby solving linearsystems.
Thesequenceof minimawill convergeto theminimumof (1).

To establishthebounds,we �rst expandthesummandsas

(jgi � g j j=di j )2 � 2Kjgi � g j j=di j + K2 (2)

andobserve thatthesumof thequadratictermscanbewrittensuccinctly

n� 2

å
i= 0

n� 1

å
j= i+ 1

(jgi � g j j=di j )2 = gTQg (3)

where

Qi j =
�

� d� 2
i j i 6= j

å k6= i d
� 2
ik i = j

(4)

To boundthelinearterms,weobserve thatfor any vectory of lengthn,

jgi � g j j jyi � y j j � (gi � g j )(yi � y j ) (5)

andsoif yi 6= y j ,
n� 2

å
i= 0

n� 1

å
j= i+ 1

(jgi � g j j=di j ) �
n� 2

å
i= 0

n� 1

å
j= i+ 1

(gi � g j )
di j

(yi � y j )
jyi � y j j

(6)
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Weconcludethat
n� 2

å
i= 0

n� 1

å
j= i+ 1

(jgi � g j j=di j ) � gTLy (7)

where

Li j =

8
<

:

� 1=(di j jyi � y j j) i 6= j; yi 6= y j

0 i 6= j; yi = y j

� å k6= i Lik i = j
(8)

Wenow haveanupperboundfor (1):

s(g0;g1; :::;gn� 1) � gTQg� 2KgTLy+ ((n� 1)n=2)K2 (9)

which is minimizedby thesolutionof thelinearsystem

Qg= KLy (10)

whereQ is symmetricandpositive semide�nite. Thus,to minimize (1), we canchoosean initial random
valuefor y, anditerate:solve (10) for g, sety = g, andrepeatuntil convergence.Notethatasolutionof (10)
with y = g is aminimumof theoriginal function(1).

D.4.2 ConstrainedMajorization

Maintainingluminanceconsistency within narrow chrominancebandswill requirethat we addconstraints
of theform gi � g j to our optimizationof (1). In termsof majorization,this impliesthat(10) will no longer
(necessarily)haveasolution,andwemustapproximate.Wedothisby introducingn additionalvariables,vi ,
usedto representper-componenterrorin (10). We thenexpressourgoalin termsof thelinearprogramming
problem

minimize å i vi (11)

subjectto g j � gk � 0; ( j;k) 2 D

g j � gk � � 100; all j ;k

vi + Qig � KLiy;

vi � Qig � � KLiy

(12)

whereQi andLi aretheith rowsof Q andL, andD is thesetof indicesof thosecolorswith order-constrained
luminancevalues. Note that the secondconstraintarisesfrom the maximumdistance,100, betweengray
valuesin CIELAB spaceandthataconstraint,vi � 0, is implicit in the�nal pair of constraints.

The obvious choicefor the target proportionalityconstant,K, is K = 100=cmax, wherecmax denotesthe
maximumCIELAB distancebetweenany pair of colors in the original image,and,asnotedearlier, 100
is the maximumdistancebetweengray valuesin CIELAB space. Nevertheless,otherchoicesmay offer
improvedresults,andexperimentswill benecessary. In anidealsolution,thesetof ratios,jgi � g j j=jci � c j j,
wouldhavemeanK andvariance0. Notethatasmallvariancealoneis notanindicatorof success,sincewe
couldarti�cially achievezerovarianceby mappingall colorsto thesamevalue.
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To preserve luminanceconsistency, we mustchooseconstraintssothatcolorswith similar chrominanceare
mappedto a grayscaleorder that matchestheir luminanceorder. For this, we needa threshold,e, on the
difference

Di j =

r �
a�

i � a�
j

� 2
+

�
b�

i � b�
j

� 2
(13)

in CIELAB color space.If Di j � e, thepair of colorsaredeemedsimilar anda constraintis added.If the
luminanceof ci is lessthanthatof c j , theconstraint,gi � g j , is added.Thethreshold,e, shouldbethelowest
valuethatstill avoidsintroductionof theluminance-reversalartifactssuchaslightenedshadowsor darkened
highlights.Again,appropriatevaluesof ewill needto bedetermined.

We canalsouseEquation1 to createa falsecolor imagethatwill preserve imageinformationthatmight be
lost if theoriginal color imagewereviewedby acolor-de�cient observer. Theobjectivehereis not to create
a imagethatcontainsthesamelevel of detail for all viewers,that is, for observerswith normalvision and
thosewith variouscolor de�ciencies.Rather, it is to createmultiple versionsof the image,eachtailoredto
thevisualcharacteristicsof theviewer.

Thuswe needto mapthree-dimensionalimagecolorsto thetwo-dimensionalsurfaceof colorsdistinguish-
ableby eachclassof color-de�cient observer. In CIELAB colorspace,thesurfaceof distinguishablecolors,
assimulatedby Brettelet al. [3], is not �at. This suggestsa needto parameterizethesurfaceandmapthe
computedcon�guration with this parameterization.Nevertheless,this surfacehaslow curvature,andwe
canapproximateusinga planecontainingtheluminanceaxis.We have foundnormalsof theapproximating
planesto be(0:00;0:99;0:14) for theprotananddeuterancasesand(0:0; � 0:58;0:81) for thetritancase.

Wesimultaneouslyeliminatetheneedfor constraintsonluminanceandreducetheproblemto one-dimension
by settingoutput luminanceto input luminance. Nevertheless,we will needto constrainthe gis to the
available gamut, and the chromaticityrangeis a function of luminance. We computethe boundsof the
gamut,alongthe approximatingplane,at the luminancevalueof eachinput color. Theseboundariesthen
form theupperandlowerboundconstraints,gu

i andgl
i , This resultsin thelinearprogram

minimize å i vi (14)

subjectto vi + Qig � KLiy;

vi � Qig � � KLiy

gl
i � gi � gu

i

wherenow theproportionalityconstant,K = 1:0.

D.4.3 ExecutionTime.

Imagesof interestoftenhavehundredsof thousandsof colors.Theexecution-timeperformanceof MDS does
notscalewell to suchlargedatasets.To attemptto work aroundthisde�ciency, severalproposalsfor “sparse
MDS” have beenput forth. Onemethodis to choosea subsetof the total pointsto be “landmarkpoints”,
which carry increasedweight in determiningthe mapping. In oneapproachto the useof suchlandmark
points,thesystemis solvedby consideringonly thosepairsof pointsfor which at leastonememberof the
pair is a landmarkpoint. This approachis usedby Gansneret al. [9] for drawing largegraphs.In another,
two-passapproach,a denseMDS is carriedout only on thelandmarkpoints,andthentheremainingpoints
aremappedbasedon theresultsof thedenseMDS. This techniqueis usedby KruskalandHart [21] andde
SilvaandTenenbaum[5].
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Wehaveattemptedatwo-passapproach.Weusestandardcolorquantizationto select256colorsaslandmark
points,mapthelandmarkpoints,andthenmaptheremainingpointsto minimize

t(g0;g1; :::;gn� 1) =
n� 1

å
i= 0

255

å
j= 0

(jgi � g̃ j j=di j � K)2 (15)

wheregi is agrayvalueto bedetermined,̃g j is thegrayvaluealreadydeterminedfor the j th landmarkcolor,
anddi j is theCIELAB distancefrom ci to the j th landmarkcolor. This minimizationhasa form similar to
(1), exceptthattheg̃ j valuesareknown.

Theimagesin column(c) of Figure1 wereproducedusingthismethodwith 3 to 1 reduction,andtheimages
of Figures4 and5 wereproducedusingthe3 to 2 reductionappropriatefor eachde�ciency.

(a) (b) (c)

Figure4: Re-coloringtwo imagesfromFigure 1: (a) Simulatedprotanope(�rst row) anddeuteranope(sec-
ondrow) views,(b) our re-coloring,and(c) simulatedprotanopeanddeuteranopeviewsof (b).

Althoughwe arepleasedwith thequality of theseresults,theexecutiontime hasnow reachedseveralmin-
utes,which is unacceptable.To achieve thetargetedreal-timere-coloring,wewill have to revisit techniques
for optimizationof Equation1. Therearetwo aspectsof this problemthatarein our favor. First, we have
yet to explore the extent to which further, andperhapsdrastic,approximationsmay still produceentirely
acceptableresults.Approximationsavailablewithin thestressmajorizationframework includelimiting the
numberof LP iterationsandrestrictingthe output to a small numberof colors,maintainedin a dynamic
cache.Wehave foundthat,if theoriginal imagecontainsrelatively few colors(e.g.40), full optimizationof
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Figure5: Tritanopicde�ciencies:(left to right) originalcolor image,imageasseenby asimulatedtritanopic
viewer, imagerecoloredfor a tritanopicviewer, andthe recoloredimageasseenby a simulatedtritanopic
viewer.

Equation1 usingstressmajorizationon a conventionalPentiumIV processorcanbecompletedwithin the
33mstargetedtimeframe.Second,any techniquefor optimizationof Equation1 is likely to beamenableto
highly parallelprocessing.Althoughit is not yet widely recognizedoutsidethecomputergraphicscommu-
nity, tremendous,generalpurpose,parallelprocessingpower is now availablethroughuser-level accessto
theGraphicsProcessingUnit (GPU)typically foundin thedesktopPC.

Designedoriginally to speedthe renderingof imagesto PC displays,GPUsarenow fully programmable
and, largely dueto their highly-parallel,SIMD designs,signi�cantly outperformeven high-endCPUson
commontasks. For example,on peakperformancemeasures,a 3 GHz Intel PentiumIV CPU is rated
at 12 GFLOPSand 6 GB/secmemorybandwidthwhile the 400 MHz NVidia 6800 GPU is ratedat 45
GFLOPSand36 GB/secmemorybandwidth[11]. The cost is modest. As of this writing, the high-end
versionof the 6800,the Ultra, is availablefor $377. Nvidia now providesboth a high-level programming
language,Cg, andthesoftwaretoolsnecessaryto integrateCg programsinto ordinaryC programsthatuse
a standardgraphicsAPI suchasOpenGLor DirectX[7]. It is worth noting that numerous,non-graphics
applicationshave have alreadybeenimplementedon GPUs,andthusa body of technique,uponwhich to
draw, is beginningto emerge.TheseapplicationsincludethefastFouriertransform(FFT) [25], sparselinear
equationsolvers[2], andmulti-grid solversfor boundaryvalueproblems[10]. We have recentlycompleted
a systemfor parallelsimulationof Petrinets(www.cs.clemson.edu/� rmg/cgpetri.html)on theNvidia GPU
and found dramaticperformanceimprovementsover commercial-gradePetri net simulators. Within the
stress-majorizationframework, developmentof a highly parallel,generalpurposeLP solver, basedon the
classicalsimplex algorithm[34], appearswithin reach.

Althoughourinitial approachtoachieving thetargetedtimingconstraintswill focusonthestress-majorization
framework, we recognizethatalternative techniquesmayberequired.Fortunately, a largebodyof literature
onconstrainedquadraticoptimizationis available.

Oneparticularly interestingandpotentiallyuseful strategy in the context of our problemis to utilize the
SIMD architectureof a high-endgraphicsprocessorto achieve non-traditionalsolutionsto theconstrained
optimizationproblem.Speci�cally, two biologically-inspiredarchitecturesareproposed:theHop�eld net-
work andtheuseof BidirectionalAssociative Memory(BAM). In bothof thesearchitectures,a constrained
optimizationproblemis mappedinto a recurrentnetwork. Theenergy minimizationcapabilitiesof the re-
currentnetwork quickly leadto solutions.

In addition,both architectureshave straightforward SIMD implementations.Oneshortcoming,observed
by Hop�eld and Tank, is the propensityto quickly �nd (globally) suboptimal,but reasonablesolutions.
Althoughoftentoutedasaweaknessof theseapproaches,thissituationis acceptablein ourproblemcontext,
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wherewe proposeto considera tradeoff betweenthenecessarycomputationalspeedandoptimality of the
resultingmapping.

D.5 Resultsof Prior NSFSupport.

D.5.1 PI Geist

PI GeisthasservedasPI or co-PIonsevenfundedNSFproposalsin thepast� veyears.They are:

� t écnh: A New Approach to the B.A. Degree in ComputerScience, NSF (CISE/EIA), PI T. Davis,
$330,000,July, 2003- July, 2006.

� DesignandImplementationof a GraphicsSupercomputerfromCommodityComponents, NSF(CISE/
ACI/ ITR), PI R. Geist,$284,834,August,2001- July, 2005.

� Centerfor AdvancedEngineeringFibersandFilms, NSF(ENG/EEC/ERC),PI D. Edie,$16,571,478,
August,1998- July, 2004.

� Validated Modeling of NetworkComponentPerformance, NSF (CISE/ (I/U) CRC), PI J. Westall,
$50,000,July, 2001- June,2004.

� SCINET: High SpeedConnection, NSF (CISE/ANIR), PI L. Druffel, $386,470,October, 1998 -
September, 2001.

� Virtual Servoingof SerpentineRobotsfor EnhancedManipulationNSF(EHR/EPSCoR),PI I. Walker,
$400,000,January, 1999- July, 2000.

� Modeling, Simulation,andVirtualizationof PhysicalPhenomena, NSF(CISE/EIA/MRI), PI R. Geist,
$500,000,August,1997- July, 2001.

NSFAward0113139,Designand Implementationof a GraphicsSupercomputerfromCommodityCompo-
nentshasadirectbearingon thisproposal.

SelectedPublicationsResulting fr om Award 0113139.

� Rasche,K., Geist,R.,andWestall,J.,“Detail PreservingReproductionof ColorImagesfor Monochro-
matsandDichromats,” IEEE ComputerGraphics& Applications, SpecialIssueon SmartDepiction
for VisualCommunication25:3 (2005),pp. 2 - 10.

� Geist,R.,Martin, J.,andWestall,J.,“Small Aggregationsof ON/OFFTraf�c Sources,” Proc. IASTED
Int. Conf. on CommunicationandComputerNetworks, Boston,Massachusetts,November, 2004,pp.
312-318.

� Van Pernis,A., Geist,R., andRashe,K., “Global DiffuseIllumination for ImageSequences,” Proc.
IASTEDInt. Conf. onComputerGraphicsandImaging (CGIM 2004), Kauai,Hawaii, August,2004.

� Geist,R.,Rasche,K., Westall,J.,andSchalkoff, R., “Lattice-BoltzmannLighting,” Proc. Eurograph-
icsSymposiumonRendering2004(15th EurographicsWorkshoponRendering), Norrköping,Sweden,
June,2004.
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� Geist,R., Rasche,K., Srivatsavai, R., andWestall,J., “A DistributedRenderingSystemfor Scienti�c
Visualization,” Proc. of the41st AnnualACM SoutheastConf., Savannah,Georgia, March,2003,pp.
359- 364.

� Rasche,K., Geist, R., and Westall, J. “Out of Order Renderingon VisualizationClusters,” Proc.
IASTEDInt. Conf. onModelingandSimulation(MS2003), PalmSprings,California,February, 2003,
pp. 461- 467.

� Geist,R.,Rasche,K., andWestall,J.,“An HSV Representationof Non-Newtonian,Lattice-Boltzmann
Flows,” Proc. SPIEConf. on Visualizationand Data Analysis(VADA 2002), SanJose,California,
January, 2002,pp. 246- 258.

Summary of Important Applications fr om Award 0113139. Thegoalof this projectis thedesignand
implementationof a graphicssupercomputer, i.e.,a computingsystemcapableof providing real-time,pho-
torealismon a scalelarge enoughto be labeled“immersive,” from off-the-shelf,commoditycomponents.
Hardwarefor theprojectwasprovided througha $1.3million grantfrom theW.M. KeckFoundation.The
NSF award hasprovided supportedtime for graduatestudents,REU students,andfaculty to completethe
designandimplementationof thecon�gurationandsystemlevel (Linux) software.

The systemcomprises265 rack-mountednodes(PCs) connectedby 100Mb Ethernetand Gb Ethernet
throughadedicatedGbswitch.Thedistributedrenderingpipelinecomprisesfour stages:control,geometry,
render, anddisplay. A singlecontrolnodeactivates24 geometrynodes,eachof which generatesgeometry
for 9 renderingnodes. The 216 (24� 9) renderingnodescancollectively receive geometryat 21.6Gbps
throughthesystemswitch.Eachof the24displaynodesreceivespixel datafrom 9 renderingnodesthrough
its gigabit NIC for displayon anattachedDLP projector. The24 projectorsdisplayat 1024x768pixelsand
arearrangedin a6x4con�guration.Thisyieldsadisplayof 6144x3072pixels.

The systemsoftware is basedon Linux, OpenGL,and Chromium. Linux kernel 2.4 runs on all nodes.
OpenGL[39] is theprincipalopensourcegraphicsAPI in usetoday. Chromium[15] is a freely distributed,
genericsoftwareframework for distributing andprocessingstreamsof OpenGLcommands.Therendering
applicationcontext is described,in Pythonscript, asa directedgraphof streamprocessingunits (SPUs).
Callsby theapplicationto OpenGLareinterceptedby ChromiumandroutedthroughtheSPUgraph.

Substantialmodi�cationsto thebasesoftwarehavebeenrequiredto achieve interactive framerates.Modi�-
cationsto Chromium(thereadbackSPU,therenderSPU,thecrserver, andtheTCP/IPpipeline),thegraphics
carddriverson the displaynodes,andthe NIC driverson the rendernodeshave broughtthe framerateto
approximately30fpsonapplicationsthataresuf�ciently taxingthattheirsinglenoderateis approximately5
fps. Thuswe achieve a 24-fold increasein resolutionwith a 6-fold increasein speed.Displaymodi�cations
includesoftwarealignmentof projectedimagesandcolorcalibrationby hardware-assistedtexturemapping.

D.5.2 Co-PI Westall

Co-PIWestallhasservedasPI or co-PIon four fundedNSFproposalsin thepast� veyears.They are:

� t écnh: A New Approach to the B.A. Degree in ComputerScience, NSF (CISE/EIA), PI T. Davis,
$330,000,July, 2003- July, 2006.
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� DesignandImplementationof a GraphicsSupercomputerfromCommodityComponents, NSF(CISE/
ACI/ ITR), PI R. Geist,$284,834,August,2001- July, 2005.

� Validated Modeling of NetworkComponentPerformance, NSF (CISE/ (I/U) CRC), PI J. Westall,
$50,000,July, 2001- June,2004.

� SCINET: High SpeedConnection, NSF (CISE/ANIR), PI L. Druffel, $386,470,October, 1998 -
September, 2001.

In addition,from 2002-2004hewasaparticipantin theNSF-fundedERC(CAEFF)atClemsonUniversity.

NSFAward0305318,t écnh: A New Approach to theB.A.Degreein ComputerScience, hasadirectbearing
on thisproposal.

SelectedPublicationsResulting fr om Award 0305318.

� Davis, T., Geist,R., Matzko, S., andWestall,J., “CourseDevelopmentundert écnh,” Proc. Euro-
graphics2004EducationProgram, Grenoble,France,August,2004,pp. 23-27.

� Davis, T., Geist,R., Matzko, S.,andWestall,J., `VisualLearningthroughthe t écnh Project,” Euro-
graphics/ACM SIGGRAPHWorkshoponComputerGraphicsEducation(CGE'04), Hangzhou,China,
June,2004.

� Wang,S., Davis, T., Geist,R., Westall,J. andKundert-Gibbs,J., “Digital ProductionArts: Coming
Soonto a CollegeNearYou!” Proc. of the42nd AnnualACM SEConf., Huntsville,Alabama,April,
2004,pp. 416- 421.

� Davis, T., Geist,R., Matzko, S., andWestall,J., “ t écnh: A First Step,” Proc. of the ACM SIGCSE
TechnicalSymp.onComputerScienceEducation(SIGCSE2004), Norfolk, Virginia,March,2004,pp
125- 129.

Summary of Important Applications fr om Award 0305318. Thegoalof this projectis a zero-basedre-
designof theB.A. degreeprogramin computerscience.Theoverridingdirective of thenew designis the
directincorporationof DPA (Digital ProductionArts)andcomputergraphicsresearchresultsintoall required
computingcoursesin the curriculum. Instructionin thesenew coursesis strictly orientedtoward large-
scaleproblem-solving,wherethe large-scaleproblemsarethosethat have arisennaturally in the research
investigationsof theco-PIs,eachof whomhaspublishedin graphicsor specialeffects.

Any zero-baseddesignmustbegin with an identi�cation of goals,in this case,fundamentalconceptsand
abilitiesto beimpartedto anddevelopedin theundergraduatestudentof computerscience.In thisendeavor,
we mustrecognizethe rapidly changingnatureof the disciplineandfocuson the challengesthe students
will most likely face in the yearsafter graduation. Ability and enthusiasmfor computationalproblem-
solving, ratherthanexperiencewith popularsoftwareor hardwareplatforms,shouldthenbeof paramount
importance.To this end,we have beenenumeratingandcategorizing topics in computersciencethat we
deemabsolutelyessentialin understandingthe �eld. Our initial focushasbeenon de�ning the �rst four
coursesin thenew curriculum.
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A trial course,CPSC215,ToolsandTechniquesfor SoftwareDevelopment,in this new programhasnow
beencompleted,with key conceptsoftwaredesign.The intent is instructionin programmingmethodology
usingC andC++. To meetthis end,thecourseis taughtthroughthe large-scaleproblemof constructinga
ray-tracingsystemfor renderingsyntheticimages.

From a pedagogicalperspective, the developmentof a ray-tracingsystemprovides an ideal mechanism
for exposingthe studentto the object-orientedparadigmin a way that decouplesthe paradigmfrom its
implementationin a particularprogramminglanguage.The systemimplementationcanbe initiated in an
imperative style,but it quickly becomesapparentthatthemostreasonableway to representtheinteractions
of photonsor rayswith differenttypesof geometricobjectsis to associatefunctionsfor calculatingray-object
intersectionpointsandsurfacenormalvectorswith eachtype of object. The overall designis drawn, in a
verynaturalway, into theobject-orientedparadigm.Thebene�tsof inheritanceandpolymorphismareclear
from the onsetof their introduction. Becausethe systemsnaturallygrow large andcomplex very quickly,
techniquesfor partitioning,testing,andlarge-scaledevelopmentarewell-received.

Throughoutall phasesof the ray-tracingproject,but especiallyin the �nal phase,studentsareencouraged
to be creative in scenedesign.As evidencedby anonymoussemester-endevaluations,studentsresponded
positively to learningC/C++ throughgraphics.Many studentsfelt that thesemester-long projectwasedu-
cationalandinterestingto implement.They especiallyseemedto appreciatethevisual feedbackfrom their
projects,bothfor aestheticandproblemdeterminationpurposes.Corroboratingevidenceis suppliedby the
nearabsenceof studentdecisionsto drop the course,which is unusualfor theseclasses.Many students
broughttheir laptops(Clemsonrequirement)to classto discuss(or show off) thepreviousnight's rendering
successesandfailures.

While increasedmotivationwasanexpectedresultfrom thenew course,a surprisingaspectwastheextent
of extrawork thestudentsactuallyperformed,in many casesmorethanourgraduatestudentswhoalsowrite
a ray-tracingprogramfor anadvancedgraphicscourse.Severalof theundergraduatesinvestigatedadvanced
techniques,suchasnew objectgeometries,texturing,and3D stereograms,ontheirown. Thesefeatureswere
farbeyondtherequirementsfor theassignedprojects.

We have alsowitnesseda major increasein thenumberof studentsinterestedin graphics,asevidencedby
enrollmentnumbersin our graphicscourses.While this resultwasnot theprimarygoalof theoriginal task,
it wasexpectedto somedegree.

Overall, the resultsfrom our experimentalcoursehave beenencouraging.Basedon the work performed
andstudentevaluations,we feel the projectsaremoreeffectively engagingthe studentsin learning. The
ComputerScienceDepartmentat Clemsonhasacknowledgedthesuccessesof this preliminaryexperiment.
As a result, the �rst new versionof Introductionto ComputerScience,CPSC101, with an emphasison
imageprocessing,will beofferedin theFall semesterof 2005.

D.5.3 Co-PI Schalkoff

Co-PISchalkoff hasservedasco-PIononefundedNSFproposalin thepast� veyears:

Virtual Servoingof SerpentineRobotsfor EnhancedManipulation, NSF/EPSCoR,EPS-9630167, Co-PI,
1/99-12/01,$400,000.
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In addition,from 2002-2004hewasaparticipantin theNSF-fundedCAEFFCenteratClemsonUniversity1

SelectedPublicationsResulting fr om Award EPS-9630167.

� Carver, A., andSchalkoff, R.J., ”DeformationDetectionon CompositeRe�ectanceSurfacesUsing
Two-ImagePhotometricStereo”,OpticalEngineering, Vol. 40,No. 2, February2001,p. 295-302.

� Schalkoff, R.J.,Carver, A.E., andGurbuz,S., ”ImageSegmentationUsingTrainableFuzzySetClas-
si�ers”, SPIEProc. Visual InformationProcessingVIII , Vol. 3716,Orlando,Fl., April 1999,p. 9-17.

Summary of Important Applications fr om Award EPS-9630167. Theavailability of theequipmentpro-
videdby AwardEPS-9630167enabledstudents(bothgraduateandundergraduate)to testmotionestimation,
geometricmodelling,visualcontrolandplanningalgorithmsbaseduponserpentinemanipulationof thesen-
sors.This laboratoryexperiencecomplementedthemajorthrustof theresearch,whichwasthedevelopment
andcontrolof low-cost,high-dexterity serpentinemanipulators.

1”Modeling”, (Thrust1, Topic 1), TheCenterfor AdvancedEngineeringFibersandFilms (CAEFF),NationalScienceFounda-
tion EngineeringResearchCenter, 2002-2004.
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