D Project Description.

Using color-de ciency incidencetablesfrom Hurvich [16] andthe 2000U.S. censugdata,one canquickly

determinethat more than ten million peoplein the United Stateshave color-de cient vision. Although

color-de cient vision is far from the most severe of humandisabilities, its impactis felt by a large sey-

mentof the population,andits importanceis growing, as our societyincreasinglydependsuponthe dis-

play of colorimagesandcolorimagesequencesor informationandeducation.The principal goal of this

proposalis the designandimplementationof a speci ¢ assiste technology(AT), a software systemfor

real-timecolor-correctionthatwill provide markedly enhancedmageinformationdisplayto viewerswith

protanopic,deuteranopicandtritanopicde ciencies,aswell asthosewith monochromatismSuchan AT

would have broadimpact,in thatit would allow asmary asten million Americansto fully participatein

thenew modesof informationexchangeandeducationlIn thefollowing sectionswe outlinethe designthat
we believe will ultimatelyyield this AT. (Noteto reviewers: This proposaldiscussesssuesn color vision

and color image display and an sRGBcolor modelis assumed.Mewing this documentn printed form,

whethercolor or grayscale necessariljinvokesa gamutshift or gamutreductionthat could substantially
alter the contentof the examples. The project descriptionis available for viewing in electonic form at

wwwcs.clemson.edufmg/rde html)

D.1 Background.

Details on color vision de ciencies may be found below, in sectionD.3. Re-coloringimagesto reveal

informationto color-de cient viewersultimatelyinvolvesareductionin gamutdimensiongitherfrom 3 to 2

(protanopiadeuteranopidritanopia)or 3 to 1 (monochromatism)Althoughmonochromatisnis relatvely

rare,our approactto the overall problemis mosteasilydescribedn termsof the 3 to 1 reduction.Extension
to all threetypesof 3 to 2 reductionswill thenbe straightforvard.

Theproblemof nding a3to 1 reductionappropriatdor monochromatiobsenrersis equivalentto thewell-
known problemof printing color document®n grayscalgrinters. The standardsolutionto this corversion
problemis simpleandrohust: linearly mappixel luminancevaluesto the availablegrayscale Althoughthis
procedureproducessatishctory resultsin mary casesjn othersit doesnot. Authorsdo not alwayshave
completecontroloverimagedesign(e.g. photographs)andsoasigni cant portionof theimageinformation
contentmayappeain thechrominancevariations.In Figurel we shov someexamplesof imagesfor which
this occurs. Whenthe color images(left column) are mappedto grayscalebasedon luminance(middle
column), signi cant informationis lost. An alternatie mappingto grayscalgright column)canpresere
someof the information. We contendthat thereare two componentgo information preseration during
gamutreduction:

Presewing contrasts: Colorsthatarereadily distinguishablén the originalimageshouldbe repre-
sentedby reducedvaluesthat are alsoreadily distinguishable.In termsof a perceptuakolor space
(e.g.CIELAB), we wouldlik e the distancebetweerary pair of imagecolorsto be proportionalto the
distancebetweertheir valuesin thereducedcolor space.

Maintaining luminance consistency: Shadaevs, highlights,andcolor gradientsprovide depthcues
throughluminancevariations.Reduced-colormagesn which thesecuesexhibit luminancereversals,
e.g.lightenedshadaevs or darkenedhighlights,canbedisorienting.Theseeffectscanbeamelioratedf

luminancegradientswithin narrovly de ned chrominancéandsaremaintainedduringthereduction.

D-1



(@) (b) (c)

Figurel: Colorto Grayscale:(a) Originalimage,(b) luminanceto grayscale(c) alternatve mapping.

In a paperthatwill appearn May, 2005[26], we describean automaticmethodfor both monochromatic
anddichromaticimagecorversion. The latter casehasthreevariationsthat provide re-coloringof images
for protanopicdeuteranopicandtritanopicobsenrers. We usea subsebf theimagecolorsto nd alinear
transformatiorthatminimizesa speci ¢ objective function,which is designedo enforceproportionalcolor
differencesacrosshe remapping.For the grayscalecase the transformatiorinvolves projectingthe colors
ontoasinglevector For thedichromaticcasejt involvesa lineartransformationin homogeneou€IELAB
coordinatesBecausehis methodis basedn lineartransformationsi is relatively simpleto implement but
it alsocarriesattendantimitations. In particular it hasdif culties with imagesthatexhibit smoothvariation
alongmultiple colordimensionsandit doesnotoffer ary constraint®nluminanceconsisteng. Examplef
eachareshavn in Figure2. Further in thedichromaticcase this methoddoesnot constrairthetransformed
colorsto a speci ¢ available gamut,andthusreducedcolorsthat differ markedly from the original image
colorscanbe generatedFinally, the speedof this method thoughnot excessie (non-trivial examplesfrom
[26] rangedrom 3 to 24 seconds)is far from real-time.

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

D.2 RelatedWork

Thereareseveralrelatedproblemsthathave beenaddresseéxtensvely in theliterature. The goal of color
guantizatior[13] is to presere imagedetail while reducingthe numberof colorsin theimagefrom n to m,
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Figure2: LuminanceConsistencyandLinear ProjectionMapping(a) to (b) violatesluminanceconsisteng;
shadavs andhighlightsappeareversed.Mapping(c) to (d) is basedn alinearprojection;widely differing
colorsaremappedo similar grayvalues.

whereusuallyn>> m. Color quantizatioralgorithmshave two componentspaletteselectiorandmapping.
Clever paletteselectionis the major componentand critical to the succes®f thesealgorithms. Mapping
imagecolorsto the selectedhaletteis usuallya simple,three-dimensionatrror diffusion[8]. In our initial

problem,the paletteis x ed (grayscale)andsothe principalbene t of ary color quantizatioralgorithmis
lost. Simplediffusionmappinggo grayscalearealmostalwaysinadequate.

Gamutmappingattemptdo presere theappearancef animagewhenit is displayedontwo or moredevices
that have differentavailable color gamuts. Stoneet al. [33] describeseveral principlesto be followed to
createpleasinggamutmaps.Two aredirectly applicableto producinggrayscalémages.First, the gray axis
of thesourcegamutshouldbetransformedothatit is alignedwith thatof thedestinatiorgamut. For acolor
to-grayscaldransformationthis implies thatwe shouldmapthe gray axis of the colorimage(luminance)
to grayscale.This is preciselythe standardnapping,uponwhich we aretrying to improve. The second
principalis thatluminancecontrasishouldbe maximized.For grayscalemagesthis impliesthatwe should
normalizetheresultsover thetargetgrayrange.This normalizatiorwill beanintegral partof our method.

An importantinstanceof gamutmappingis the tone mappingproblemof displayinghigh dynamicrange
imageson low dynamicrangedisplays[36]. The objectie is to presere analundanceof visualinforma-
tion within the constraintsof a limited gamut, and our approachto grayscalecorversionshareghis goal.
Neverthelesstone mappingis generallyconcernedvith compressiorof the gamutrange,whereasve are
interestedn compressiomf gamutdimensionality

Stollnitz etal. [32] examinethe problemof printing a colorimagewith anarbitrarynumberof inks. For the
caseof asingleink, their solutionis alsoto useluminancej.e., the standardnapping.

Several methodshave beenproposedor solving the generalproblemof reducingan n-dimensionalket of
datato mdimensionsvherem< n. PrincipalComponenfnalysis[19] (PCA)is onesuchmethod.A setof n
orthogonalectorsis constructedwhereeachpointsin thedirectionof thehighestremainingvariationin the
original dataset. The m vectorsthat capturethe mostvariationform a basisof thelower dimensionakpace.
Choosingthe axis of maximumvariationin the color imagedatadoesprovides a high contrastgrayscale
image.Neverthelesssigni cant smallerdetailusuallyappearsn the secondorincipalcomponentandsuch
is lostto thistechnique Further it is dif cult to incorporateconstraintn luminanceconsisteny.

Multi-dimensionalScaling[4], or MDS, is an alternatve to factoranalysisfor detectingmeaningfulunder
lying dimensionsn a setof multi-dimensionaldatapoints. It mostoften takesthe form of minimizing a
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guadraticfunctionof the setof all distancedetweernpairsof pointsin the multi-dimensionablata.Because
the input involves all obsened distancesthe techniquedoesnot often scalewell to large datasets. For
the specialcaseof reductionto a singledimension(uni-dimensionakcaling),Hubertetal. [14] provide an
overview of several approachesin generalthesedo not scalewell to large datasets,andthe addition of
externalconstraintcanbe problematic. Neverthelessasshavn in SectionD.4, our own approachcanbe
characterizeésa specialcaseof MDS.

Locally linear embedding28] (LLE) takesa slightly differentapproachto dimensionreductionit that it
assumegachdatapoint canbe constructedasa linear combinationof its neighbors.The choiceof neigh-
borhoodis crucialfor satishctoryresults.As is thecasefor PCA, it is unclearhow to incorporateconstraints
into LLE.

ISOMAP[35] is apopulartechniquéahatis similarto LLE in thatit requiresaneighborhoodbouteachhigh
dimensionapoint. Heretheneighborhoods usedto createaweightedgraphthatapproximateshestructure
of thedata. TraditionalMDS techniquesirethenusedto createa lower dimensionakton gurationfrom the
weightedgraph.

In thedomainsof medicalimagingor remotesensingmultiple high-dimensionaimagedrom asinglesource
areoftenobtainedg.g.,aCT scanandanMRI scanof the sameregion of apatient. Thegoalof imagefusion

is to createa singleimagethatcaptureghe salientfeaturesof the entireoriginal datasetandtherebyallows

visualizationof datacorrelations.Therehave beenseseralmethodgproposedor imagefusion. They include
PCA[29], linear combinationsof the datathat maximizecontrastobjective functions[12], analysisusing
wavelets[24], andneuralnetwork schemewwith self-oiganizingmaps[22]. Luminanceconsisteng is not

typically agoal of imagefusionmethodsandsothesemethodsarenot easilyconstrained.

Socolinsly [30] andSocolinsly andWolff [31] constructgrayscalémagesto matchlocal contrastin color
images.They regard contrastasa gradientandthenrecover grayscaleby solving a Poissorequation.They
speci cally avoid introducingglobal contrastto avoid artifactswhen computingsub-imagesr sequences
of images. As a result, their methodhasdif culty with certainclasseof images,suchasthe threecolor
examplein Figure3. Herethe contrastbetweeradjacentred andgray blocksmatchedhe contrastbetween

_ H Tl

Figure3: Whyglobal contrastis necessaryoriginal color (left), transformatiorusinglocal contrasicenter),
andtransformatiorusingglobal contrast(right)

adjacentgray and greenblocks. A grayscalgransformatiorbasedsolely on local contrastsendsred and
greento identicalgrayvalues.Useof globalcontrastinformationwill separateéhethreevalues.

Photographersften encountedif culties whentrying to recordcolorimageson monochromaticlm. The
traditional solutionto this problemis to usea “contrast Iter” over thelens[1]. These lters comein a
variety of hues,eachof which attenuateshe complementanhueof the Iter. For example,to increaseghe
contrastetweercloudsandsky, ayellow lter is oftenused.This attenuateshe blue sky, andso produces
light cloudson adarkbackgroundIn generalthechoiceof lIter is left to theeye of theartist.
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D.3 Color Vision De ciencies

De cienciesin color vision arisefrom differencesn pigmentationof optical photoreceptor§38]. Normal
visionis characterizedy threedistinctpigmentation®f thephotoreceptorécones)whichcollectively allow
receptionof long, medium,andshortwavelengthsof the visible spectrum.Anomaloustrichromatopiais a
conditionin which the pigmentin oneconeis not sufciently distinctfrom the others.The viewer still has
threedistinctspectralsensitvities, but the separations reduced Dichromatopias a conditionin which the
viewer hasonly two distinctpigmentsin the cones.For both dichromatopiaandanomalougrichromatopia,
therearethreesubclassi cationdbasednwhich conehasthe abnormabpigmentationDe cienciesin cones
sensitve to long, medium,andshortwavelengthsarereferredto asprotanopic deuteranopicandtritanopic,
respectiely. Protanopi@anddeuteranopide ciencies,themostcommonformsof color-de cient vision,are
characterizetyy dif culty distinguishingoetweemredandgreentones.Tritanopicde cienciesareassociated
with confusionbetweerblue andyellow tones.Monochromatisms anotherform of de cient color vision,
butit is quiterare.

Signi cant work hasbeendonein simulatingcolor de cient vision [3, 20, 23]. From studiesof subjects
who have normalvisionin oneeye andcolor-de cient vision in the other it hasbeendeterminedhatthere
are speci ¢ wavelengthsthat are perceved identically by thosewith normalvision and thosewith vision

de ciencies.For protanopesnddeuteranopesheseare575nm(yellow) and475nm(blue). For tritanopes,
theseare660nm(red-orangepand485nm(cyan). Fromknowledgeof theseinvariantscolor-de cient vision

canbesimulated.Colorsin RGB spacearetransformednto anLMS (long, medium,short)color spacehat

is basedon coneresponseConede cienciesarethensimulatedby modifying theresponsef the de cient

cone.MeyerandGreenbey[23] nd linesof “confusedcolors”by intersectindinesof chrominanceKondo
[20] usesa seriesof lineartransformsgovernedby a parametespecifyingthe degreeof de ciency in each
particularcomponentBretteletal. [3] projectcolorsin the coneresponsepaceontoa a pair of planesthat
intersectalonga neutralcolor line andrepresenthe gamutof the de cient viewer.

Giventheability to simulatecolor-de cient views, it may be possibleto re-colorimagesin suchaway that
confusedetailis restoredor color-de cient obserers.Reinhardetal. [27] describeastrateyy for matching
color statisticsbetweenwo imagesandthentransferringthe color distribution from oneimageto another
Although this can be useful for compressinga full color imageinto a color-de cient gamut, it doesnot
attemptto presere the perceveddistancedetweercontrastingcolorsin the originalimage.

Walraven and Alferdinck [37] describea color paletteeditor that is coupledwith simulationof a color
de cient viewer. The simulatoris usedto determinewhich pairsof colorsin the currentpalettewould have
perceved distancesbelav a critical thresholdin a color-de cient gamut. Suchcolors are marked for re-
consideratiorin the palettedesign. The editor canalso selecta default palettefor which all colors meet
thresholdspeci cations.

Daltonization[6] is a procedurefor re-coloringan imagefor viewing by a color-de cient viewer. Here,
a userspeci es parameterdor stretchingcontrastbetweenred and greenhues,aswell as parametergor
modulatingblue and yellow contrastand modulatingluminance. Simulationof a deuteranopiwiewer is
provided for evaluatingthe outputimage. Parameteiselectionis not automatedalthoughthree“default”
parametesettingsareoffered. Theresultsarehighly dependentiponthe choicesfor the parameters.

Ichikawa et al. [17, 18] proposean automatedmethodfor re-coloringimagesthatis basedon a genetic

algorithmsearch.A small subsetof the colorsin the imageis selectecandusedto constructan objective
functionthatbothmaintainscolor distancesndconstrainghe extentof color remapping.Theresultis then
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interpolatedacrossthe entireimage. In this processthereis no consideratiorof constraintson luminance
consisteng or constraintgo keepcolorswithin atagetgamut. The methodalsohasnumerougparameters
to adjustin orderto controlthe quality of the outputimage.

D.4 Constrained Multidimensional Scaling

We seekamappingof three-dimensionalolor spacdo grayscalgor to atwo-dimensionaspaceappropriate
for a speci ¢ de ciency) that preserescontrastsand maintainsluminanceconsisteng. The two goalscan
be expressedn the form of a constrainedmulti-dimensionakscalingproblem. We rst de ne a quadratic
objective functionthatincorporategontrasipreseration.

D.4.1 Majorization

We would like our mappingto presere global contrast. We expressthis in termsof an objective function
by requiringthatdifferencedetweemmappedvaluesshouldremainproportionalto differencedbetweerthe
original color values.Speci cally, in termsof areductionto grayscalewe seeka minimum of

n°2 no 1 5
S(go;g1; )= a a ¢ g =dj K (1)
i=0 j=i+1
whereg; is the mappedgray value correspondindo color ¢;, K is the target proportionalityconstantand
dij = jci cjj, thedistancebetweerc; andc; in CIELAB space.

Equationl is referredto in theMDS literatureasSTRESJ4]. AlthoughSTRESSs nonlinearit is generally
solvedby aniterative linearmethodknown as“majorization”. Thekey obsenationis that(1) canbebounded
above by a sequencef simple quadraticfunctionswhoseminima canbe found by solving linear systems.
Thesequencef minimawill convergeto theminimumof (1).

To establisitheboundswe rst expandthe summandss
(g gji=dij)® 2Kjgi gjj=j + K? (2)
andobsenre thatthe sumof the quadratidermscanbe written succinctly

n2nl

a a (g gj=d)?=9'Qg (3)
i=0j=i+1
where 5
d;; i6 ]
=, o 4
Qi ak@idik2 =] )
To boundthelinearterms,we obsenre thatfor ary vectory of lengthn,
g giiyi il @9y i) (5)
andsoif y; 6 yj,
n2nl n2nl ' . . .
& & (o gi=y) § & 9 WU ©)
i=0j=i+1 i=oj=i+1  Gij Y Vil
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We concludethat

n°2 nol _ '
a a (g gji=d) g'Ly (7)
i=0j=i+1
where 8 _ o
< IHdiyyi i) 16 8y,
Lj=. O i6 5 Yi=y; (8)
" Aksili =]
We now have anupperboundfor (1):
S(go;g1;0h 1) 9'Qg 2Kg'Ly+ ((n DYn=2)K? 9)
whichis minimizedby the solutionof thelinearsystem
Qg= KLy (10)

whereQ is symmetricand positive semide nite. Thus,to minimize (1), we canchoosean initial random
valuefor y, anditerate:solve (10) for g, sety = g, andrepeatuntil corvergence Notethata solutionof (10)
with y = g is aminimumof the original function(1).

D.4.2 Constrained Majorization

Maintainingluminanceconsisteng within narrov chrominancesandswill requirethatwe addconstraints
of theformg;  g; to our optimizationof (1). In termsof majorization this impliesthat (10) will nolonger
(necessarilyhave a solution,andwe mustapproximateWe do this by introducingn additionalvariablesy;,
usedto represenpercomponenerrorin (10). We thenexpressour goalin termsof the linear programming
problem

minimize aiVvi (11)
subjectto g o O (;K2D
gi o 100 allj;k
vi+ Qg KLy,
vi Qg KLy
(12)

whereQ; andL; aretheith rows of Q andL, andD is the setof indicesof thosecolorswith orderconstrained
luminancevalues. Note that the secondconstraintarisesfrom the maximumdistance, 100, betweengray
valuesin CIELAB spaceandthataconstrainty; 0, is implicit in the nal pair of constraints.

The obvious choicefor the target proportionality constant K, is K = 100=Cnax Where cmax denotesthe
maximumCIELAB distancebetweenary pair of colorsin the original image,and, as notedearlief 100
is the maximumdistancebetweengray valuesin CIELAB space. Neverthelesspther choicesmay offer
improvedresults,andexperimentswill benecessaryin anidealsolution,thesetof ratios,jgi  gjj5jci  cjj,
would have meanK andvarianced. Notethata smallvariancealoneis notanindicatorof successsincewe
couldarti cially achiare zerovarianceby mappingall colorsto the samevalue.
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To presere luminanceconsistenyg, we mustchooseconstraintsothatcolorswith similar chrominancere
mappedio a grayscaleorderthat matchegheir luminanceorder For this, we needa threshold,e, on the
difference r

2 2

Dj= & & + b b (13)

in CIELAB color space.If Dj; e, the pair of colorsaredeemedsimilar anda constraintis added. If the
luminanceof ¢; is lessthanthatof c;, theconstraintg;,  gj, is added.Thethresholdg, shouldbethelowest
valuethatstill avoidsintroductionof theluminance-reersalartifactssuchaslightenedshadaevs or darkened
highlights. Again, appropriatesaluesof e will needto be determined.

We canalsouseEquationl to createa falsecolorimagethatwill presere imageinformationthatmight be
lostif theoriginal colorimagewereviewedby a color-de cient obsener. The objective hereis notto create
aimagethat containsthe samelevel of detailfor all viewers,thatis, for obsenerswith normalvision and
thosewith variouscolor de ciencies. Rather it is to createmultiple versionsof theimage,eachtailoredto

thevisualcharacteristicsf theviewer.

Thuswe needto mapthree-dimensionamagecolorsto the two-dimensionakurfaceof colorsdistinguish-
ableby eachclassof color-de cient obserer. In CIELAB color spacethe surfaceof distinguishableolors,
assimulatedby Bretteletal. [3], is hot at. This suggest®& needto parameterizéhe surfaceandmapthe
computedcon guration with this parameterization Neverthelessthis surfacehaslow curvature,andwe
canapproximateaisinga planecontainingthe luminanceaxis. We have found normalsof theapproximating
planesto be (0:00; 0:99; 0:14) for the protananddeuterarcasesand(0:0; 0:58;0:81) for thetritan case.

We simultaneouslgliminatetheneedfor constraint®nluminanceandreducethe problemto one-dimension
by setting outputluminanceto input luminance. Neverthelesswe will needto constrainthe g;s to the
available gamut, and the chromaticityrangeis a function of luminance. We computethe boundsof the
gamut,alongthe approximatingplane,at the luminancevalue of eachinput color. Theseboundarieghen
form the upperandlower boundconstraintsg' andg} , Thisresultsin thelinearprogram

minimize avi (14)
subjectto vi+ Qig KLiy;
vi Qg KLiy
g o g

wherenow the proportionalityconstantK = 1:0.

D.4.3 ExecutionTime.

Imagesof interesioftenhave hundred®of thousandsf colors. Theexecution-timeperformancef MDS does
notscalewell to suchlargedatasets.To attemptto work aroundthis de ciency, severalproposaldor “sparse
MDS" have beenput forth. Onemethodis to choosea subsebf the total pointsto be “landmarkpoints”,
which carry increasedveightin determiningthe mapping. In one approachto the useof suchlandmark
points,the systemis solved by consideringonly thosepairsof pointsfor which at leastone memberof the
pair is alandmarkpoint. This approachis usedby Gansneetal. [9] for drawing large graphs.In anothey
two-passapproacha denseMDS is carriedout only on the landmarkpoints,andthenthe remainingpoints
aremappedbaseddn theresultsof thedenseVIDS. Thistechniques usedby KruskalandHart[21] andde
SilvaandTenenbaung5].
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We have attemptedhtwo-passapproachWe usestandaratolor quantizatiorto select256 colorsaslandmark
points,mapthelandmarkpoints,andthenmaptheremainingpointsto minimize

n 1255 _ X
t(go;g1;::50n 1) = @ a (19 §jj=dij K) (15)
i=0j=0
whereg; is agrayvalueto bedeterminedg; is thegrayvaluealreadydeterminedor the jt" landmarkcolor,

andd;; is the CIELAB distancefrom ¢; to the jt" landmarkcolor. This minimizationhasa form similar to
(1), exceptthatthe §; valuesareknown.

Theimagesn column(c) of Figurel wereproducediusingthis methodwith 3 to 1 reductionandtheimages
of Figures4 and5 wereproducedusingthe 3 to 2 reductionappropriatgor eachde ciency.

(@) (b) ()

Figure4: Re-coloringtwo imagesfrom Figure 1: (a) Simulatedprotanop€ rst row) anddeuteranopésec-
ondrow) views, (b) our re-coloring,and(c) simulatedorotanopeanddeuteranopeiews of (b).

Althoughwe arepleasedwith the quality of theseresults the executiontime hasnow reachedseveral min-
utes,whichis unacceptableTo achiese thetarmgetedreal-timere-coloring,we will have to revisit techniques
for optimizationof Equationl. Therearetwo aspect®f this problemthatarein our favor. First, we have
yet to explore the extent to which further, and perhapsdrastic,approximationsmay still produceentirely
acceptableesults. Approximationsavailablewithin the stressmajorizationframenork includelimiting the
numberof LP iterationsand restrictingthe outputto a small numberof colors, maintainedin a dynamic
cache We have foundthat,if the originalimagecontainsrelatively few colors(e.g.40), full optimizationof
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Figureb: Tritanopic de ciencies:(left to right) original colorimage,imageasseerby asimulatedritanopic
viewer, imagerecoloredfor a tritanopicviewer, andthe recoloredimageasseenby a simulatedtritanopic
viewer.

Equationl usingstressmajorizationon a corventionalPentiumlV processocanbe completedwithin the
33mstametedtimeframe.Secondary techniquefor optimizationof Equationl is likely to beamenabldo
highly parallelprocessingAlthoughit is not yet widely recognizedutsidethe computergraphicscommu-
nity, tremendousgeneralpurpose parallelprocessingpower is now availablethroughuserlevel accesgo
the GraphicsProcessingJnit (GPU)typically foundin the desktopPC.

Designedoriginally to speedthe renderingof imagesto PC displays,GPUsare now fully programmable
and, largely dueto their highly-parallel,SIMD designssigni cantly outperformeven high-endCPUson
commontasks. For example,on peakperformancemeasuresa 3 GHz Intel PentiumlV CPU is rated
at 12 GFLOPSand 6 GB/secmemorybandwidthwhile the 400 MHz NVidia 6800 GPU is ratedat 45
GFLOPSand 36 GB/secmemorybandwidth[11]. The costis modest. As of this writing, the high-end
versionof the 6800,the Ultra, is availablefor $377. Nvidia now providesboth a high-level programming
languageCg, andthe softwaretools necessaryo integrateCg programsnto ordinaryC programgshatuse
a standardgraphicsAPI suchas OpenGLor DirectX[7]. It is worth noting that numerousnon-graphics
applicationshave have alreadybeenimplementedon GPUs,andthusa body of technique uponwhich to
draw, is beginningto emepe. TheseapplicationdgncludethefastFouriertransform(FFT) [25], sparsdinear
equationsolvers[2], andmulti-grid solversfor boundaryalueproblemg10]. We have recentlycompleted
a systemfor parallelsimulationof Petrinets(www.cs.clemson.edu/frmg/cgpetri.htmlon the Nvidia GPU
and found dramatic performancamprovementsover commercial-gradéetri net simulators. Within the
stress-majorizatioframevork, developmentof a highly parallel, generalpurposelP solver, basedon the
classicakimplex algorithm([34], appearsvithin reach.

Althoughourinitial approacho achiezing thetargetedtiming constraintsvill focusonthestress-majorization
frameawork, we recognizethatalternatve techniquesnayberequired.Fortunately alarge body of literature
on constrainedjuadraticoptimizationis available.

One particularly interestingand potentially useful strateyy in the context of our problemis to utilize the
SIMD architectureof a high-endgraphicsprocessoto achiese non-traditionalsolutionsto the constrained
optimizationproblem. Speci cally, two biologically-inspiredarchitecturesre proposedithe Hop eld net-
work andthe useof BidirectionalAssociatve Memory (BAM). In bothof thesearchitecturesa constrained
optimizationproblemis mappednto arecurrentnetwork. The enegy minimizationcapabilitiesof the re-
currentnetwork quickly leadto solutions.

In addition, both architecturedave straightforvard SIMD implementations.One shortcoming,obsenred

by Hop eld and Tank, is the propensityto quickly nd (globally) suboptimal,but reasonablesolutions.
Althoughoftentoutedasaweaknes®f theseapproacheghis situationis acceptablén our problemcontext,
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wherewe proposeto considera tradeof betweerthe necessargomputationaspeedandoptimality of the
resultingmapping.
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for Visual Communicatior25:3 (2005),pp. 2 - 10.

Geist,R., Martin, J.,andWestall,J.,“Small Aggregationsof ON/OFFTrafc Sources,Proc. IASTED
Int. Conf on Communicatiorand ComputeNetworks Boston,Massachusett®yovember 2004,pp.
312-318.

VanPernis,A., Geist,R., andRasheK., “Global Diffuselllumination for ImageSequence’s,Proc.
IASTEDInt. Conf on ComputerGraphicsandImaging (CGIM 2004) Kauai,Hawaii, August,2004.

Geist,R., RascheK., Westall,J.,andSchalloff, R., “Lattice-BoltzmanrLighting,” Proc. Eurograph-
ics Symposiuron Rendering2004(15™" EurographicsWorkshopon Rendering)Norrképing, Sweden,
June,2004.
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Geist,R., RascheK., Srivatsaai, R., andWestall,J.,“A DistributedRenderingSystemfor Scienti ¢
Visualization’, Proc. of the 41% AnnualACM Southeas€Conf, Savannah Geogia, March, 2003, pp.
359- 364.

RascheK., Geist, R., and Westall, J. “Out of Order Renderingon VisualizationClusters, Proc.
IASTEDInt. Conf onModelingand Simulation(MS 2003) Palm Springs California,February2003,
pp.461- 467.

Geist,R.,RascheK., andWestall,J.,“An HSV Representatioaf Non-Nevtonian,Lattice-Boltzmann
Flows; Proc. SPIEConf on Visualizationand Data Analysis(VADA 2002) SanJose,California,
January2002,pp. 246- 258.

Summary of Important Applications from Award 0113139. The goal of this projectis the designand
implementatiorof a graphicssupecomputeri.e.,acomputingsystemcapableof providing real-time,pho-
torealismon a scalelarge enoughto be labeled“immersive; from off-the-shelf,commoditycomponents.
Hardwarefor the projectwasprovided througha $1.3million grantfrom the W.M. Keck Foundation.The
NSF award hasprovided supportedime for graduatestudentsREU studentsandfaculty to completethe
designandimplementatiorof the con gurationandsystemievel (Linux) software.

The systemcomprises265 rack-mountednodes(PCs) connectedby 100Mb Ethernetand Gb Ethernet
througha dedicatedsb switch. Thedistributedrenderingpipelinecomprisedour stagescontrol,geometry
render anddisplay A singlecontrolnodeactivates24 geometrynodes.eachof which generategeometry
for 9 renderingnodes. The 216 (24 9) renderingnodescan collectively receve geometryat 21.6Gbps
throughthe systemswitch. Eachof the 24 displaynodesreceirespixel datafrom 9 renderinghodeshrough
its gigabit NIC for displayon anattachedLP projector The 24 projectorsdisplayat 1024x768pixelsand
arearrangedn a 6x4 con guration. Thisyieldsadisplayof 6144x307 Jixels.

The systemsoftware is basedon Linux, OpenGL,and Chromium. Linux kernel 2.4 runson all nodes.
OpenGL[39] is the principalopensourcegraphicsAPI in usetoday Chromium[15] is afreely distributed,
genericsoftwareframeavork for distributing andprocessingtream=f OpenGLcommandsTherendering
applicationcontet is describedjn Pythonscript, asa directedgraphof streamprocessingunits (SPUs).
Callsby theapplicationto OpenGLareinterceptedy Chromiumandroutedthroughthe SPUgraph.

Substantiainodi cationsto the basesoftwarehave beenrequiredto achieve interactve framerates.Modi -
cationsto Chromium(thereadbaclSPU therenderSPU thecrsener, andthe TCP/IPpipeline),thegraphics
carddriverson the displaynodes,andthe NIC driverson the rendernodeshave broughtthe framerateto
approximately30fpsonapplicationghataresufciently taxingthattheirsinglenoderateis approximatelyd
fps. Thuswe achiese a 24-fold increasan resolutionwith a 6-fold increasen speed Display modi cations
includesoftwarealignmentof projectedmagesandcolor calibrationby hardware-assistetexture mapping.

D.5.2 Co-Pl Westall
Co-PlWestallhassenedasPI or co-Plon four fundedNSF proposalsn the past veyears.They are:

técnh: A New Appoac to the B.A. Degreein ComputerScience NSF (CISE/EIA), PI T. Davis,
$330,000,July, 2003- July, 2006.
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DesignandImplementatiorof a GraphicsSupecomputerfrom CommodityComponentdNSF (CISE/
ACI/ ITR), PIR. Geist,$284,834 August,2001- July, 2005.

Validated Modeling of Network ComponentPerformance NSF (CISE/ (I/lU) CRC), PI J. Westall,
$50,000July, 2001- June,2004.

SCINET High SpeedConnection NSF (CISE/ANIR), PI L. Druffel, $386,470,0ctober 1998 -
September2001.

In addition,from 2002-200sewasa participantin the NSF-fundedERC (CAEFF)at ClemsonUniversity

NSFAward0305318t ecnh: A New Approad to the B.A.Degreein ComputerSciencehasadirectbearing
onthis proposal.

SelectedPublications Resulting from Award 0305318.

Davis, T., Geist,R., Matzko, S., andWestall, J., “Course Developmentundert ecnh,” Proc. Euro-
graphics2004EducationProgram, Grenoble France August,2004,pp. 23-27.

Davis, T., Geist,R., Matzko, S.,andWestall,J., "Visual Learningthroughthet ecnh Project, Euro-
graphics/ACM SIGGRAPHAbrkshopon ComputeiGraphicsEducation(CGE'04), HangzhouChina,
June,2004.

Wang, S., Davis, T., Geist,R., Westall,J. and Kundert-Gibbs,)., “Digital ProductionArts: Coming
Soonto a College NearYou!” Proc. of the 42"@ AnnualACM SE Conf, Huntsville, Alabama,April,
2004,pp. 416- 421.

Davis, T., Geist,R., Matzko, S.,andWestall,J., “t ecnh: A First Step, Proc. of the ACM SIGCSE
Technical Symp.on ComputerScienceeducation(SIGCSE2004) Norfolk, Virginia, March,2004,pp
125-129.

Summary of Important Applications from Award 0305318. Thegoalof this projectis a zero-basede-
designof the B.A. degreeprogramin computerscience.The overriding directive of the new designis the
directincorporatiorof DPA (Digital ProductionArts) andcomputegraphicgesearchesultsnto all required
computingcoursesin the curriculum. Instructionin thesenew coursesis strictly orientedtoward large-
scaleproblem-solving wherethe large-scaleproblemsare thosethat have arisennaturallyin the research
investicationsof the co-Pls,eachof whomhaspublishedn graphicsor specialeffects.

Any zero-basediesignmustbegin with anidenti cation of goals,in this case ,fundamentatonceptsand
abilitiesto beimpartedto anddevelopedin theundegraduatestudeniof computerscienceln thisendeaor,
we mustrecognizethe rapidly changingnatureof the discipline and focus on the challengeghe students
will mostlikely facein the yearsafter graduation. Ability and enthusiasnfor computationalproblem-
solving, ratherthanexperiencewith popularsoftware or hardware platforms,shouldthenbe of paramount
importance. To this end, we have beenenumeratingand cateyorizing topicsin computersciencethat we
deemabsolutelyessentiain understandinghe eld. Our initial focushasbeenon de ning the rst four
coursesn thenew curriculum.
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A trial course,CPSC215, Tools and Techniguedor Software Development,in this new programhasnow

beencompletedwith key conceptsoftwaredesign. The intentis instructionin programmingmethodology
usingC andC++. To meetthis end,the courseis taughtthroughthe large-scalegproblemof constructinga

ray-tracingsystenifor renderingsyntheticimages.

From a pedagogicaberspectie, the developmentof a ray-tracingsystemprovides an ideal mechanism
for exposingthe studentto the object-orientecharadigmin a way that decoupleghe paradigmfrom its
implementationn a particularprogramminglanguage. The systemimplementatiorcan be initiated in an
imperative style, but it quickly becomespparenthatthe mostreasonablevay to representheinteractions
of photonsor rayswith differenttypesof geometricobjectsis to associatéunctionsfor calculatingray-object
intersectionpointsand surfacenormalvectorswith eachtype of object. The overall designis drawn, in a
very naturalway, into the object-orientegbaradigm.Thebene tsof inheritanceandpolymorphismareclear
from the onsetof their introduction. Becausehe systemsaturallygrow large and complex very quickly,
techniquedor partitioning,testing,andlarge-scalelevelopmentarewell-receved.

Throughoutall phasesf the ray-tracingproject, but especiallyin the nal phase studentsareencouraged
to be creatize in scenedesign. As evidencedby anorymoussemesteend evaluations studentgesponded
positively to learningC/C++throughgraphics.Many studentdelt thatthe semesteftong projectwasedu-
cationalandinterestingto implement. They especiallyseemedo appreciatdhe visualfeedbackirom their
projects,bothfor aesthetiandproblemdeterminatiorpurposesCorroboratingevidenceis suppliedby the
nearabsenceof studentdecisionsto drop the course,which is unusualfor theseclasses.Marny students
broughttheir laptops(Clemsonrequirement}o classto discusgor shav off) the previousnight's rendering
successeandfailures.

While increasednotivationwasan expectedresultfrom the new course a surprisingaspectvasthe extent
of extrawork the studentsactuallyperformedjn mary casesnorethanour graduatestudentsvho alsowrite

aray-tracingprogramfor anadwancedgraphicscourse.Severalof theundegraduatesnvestigatedadvanced
techniquessuchasnew objectgeometriestexturing,and3D stereogramsyntheirown. Thesefeaturesvere
far beyondtherequirementsor theassignedgrojects.

We have alsowitnesseda majorincreasdan the numberof studentdnterestedn graphicsasevidencedby
enrollmentnumbersn our graphicscoursesWhile this resultwasnot the primary goal of the original task,
it wasexpectedto somedegree.

Overall, the resultsfrom our experimentalcoursehave beenencouraging.Basedon the work performed
and studentevaluations,we feel the projectsare more effectively engagingthe studentsn learning. The
ComputerScienceDepartmenat Clemsonhasacknavledgedthe successesf this preliminaryexperiment.
As aresult,the rst new versionof Introductionto ComputerScience,CPSC101, with an emphasison
imageprocessingwill beofferedin the Fall semesteof 2005.

D.5.3 Co-PI Schalkoff

Co-PlISchalloff hassenedasco-PlononefundedNSFproposalin thepast veyears:

Virtual Servoingof SerpentineRobotsfor EnhancedvVianipulation NSF/EPSCoREPS-9630167 Co-PlI,
1/99-12/01$400,000.
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In addition,from 2002-200sewasa participantin the NSF-fundedCAEFF Centerat ClemsonUniversity*

SelectedPublications Resulting from Award EPS-9630167.

Caner, A., and Schalloff, R.J.,”"Deformation Detectionon CompositeRe ectanceSurfacesUsing
Two-ImagePhotometricStereo”,Optical Engineering Vol. 40, No. 2, February2001,p. 295-302.

Schalloff, R.J.,Caner, A.E., andGurhuz, S.,”Image SegmentationJsing TrainableFuzzySetClas-
si ers”, SPIEProc. Visual InformationProcessingVIll, Vol. 3716,0rlando,Fl., April 1999,p. 9-17.

Summary of Important Applications from Award EPS-9630167. Theavailability of theequipmenpro-
videdby AwardEPS-963016¢nabledstudentgbothgraduateandundegraduatejo testmotionestimation,
geometrianodelling,visualcontrolandplanningalgorithmsbaseduponserpentinenanipulatiorof thesen-
sors.This laboratoryexperiencecomplementethe majorthrustof theresearchwhichwasthedevelopment
andcontrol of low-cost,high-deterity serpentinananipulators.

I"Modeling”, (Thrust1, Topic 1), The Centerfor AdvancedEngineeringribersandFilms (CAEFF), National ScienceFounda-
tion EngineeringResearclCenter 2002-2004.
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