D Project Description.

Using color-de ciency incidencetablesfrom Hurvich [13] andthe 2000U.S. censugdata,one canquickly
determinghatmorethantenmillion peoplein the United Stateshave color-de cient vision. Althoughcolor
de cient vision is far from the mostserere of humandisabilities,its impactis felt by a large segmentof
the population andits importances growing, asour societyincreasinglydependsiponthe displayof color
imagesandcolorimagesequencefor informationandeducation.The principal goal of this proposais the
designandimplementatiorof aspeci ¢ assistve technologya softwaresystenfor real-timecolor-correction
thatwill provide markedly enhancedmageinformationdisplayto viewerswith protanopic,deuteranopic,
andtritanopicde ciencies,aswell asthosewith monochromatism Sucha technologywould have broad
impact, in that it would allow as mary asten million Americansto fully participatein the new modes
of information exchangeand education. In the following sectionswe outline the designthat we believe
will ultimately yield this technology (Noteto reviewers: This proposaldiscussesssuesin color vision
and color image display and an sRGBcolor modelis assumed.Miewing this documentn printed form,
whethercolor or grayscale necessarilyinvokesa gamutshift or gamutreductionthat could substantially
alter the contentof the examples. The project descriptionis available for viewing in electonic form at
wwwcs.clemson.edufmg/hcc.htm

D.1 Background.

Details on color vision de ciencies may be found below, in sectionD.2. Re-coloringimagesto reveal
informationto color-de cient viewersultimatelyinvolvesa reductionin gamutdimension githerfrom 3 to
2 (protanopiadeuteranopidyitanopia)or 3 to 1 (monochromatism).

Theproblemof nding a3to 1 reductionappropriatdor monochromatiobsenrersis equivalentto thewell-
known problemof printing color document®n grayscalegorinters. The standardsolutionto this corversion
problemis simpleandrohust: linearly mappixel luminancevaluesto the availablegrayscale Althoughthis
procedureproducessatishictory resultsin mary casesjn othersit doesnot. Authorsdo not always have
completecontroloverimagedesign(e.g. photographs)andsoasigni cant portionof theimageinformation
contentmay appeaiin the chrominancevariations. In Figure 1 we shav an exampleimagefor which this
occurs.Whenthe colorimage(left column)is mappedo grayscalebasedon luminance(middle column),
signi cant informationis lost. An alternatve mappingto grayscalgright column)canpresere someof the
information.We contenadhattherearetwo componentso informationpreserationduringgamutreduction:

Presewring contrasts: Colorsthatarereadily distinguishablén the original imageshouldbe repre-
sentedby reducedvaluesthat are equally distinguishable.In termsof a perceptuatolor space(e.g.
CIELAB), we would like the distancebetweenary pair of image colorsto be proportionalto the
distancebetweertheir valuesin thereducedcolor space.

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

luminancegradientswithin narrovly de ned chrominancéandsaremaintainedduringthereduction.

We have previously suggestediwo solutionsto the problemof informationpreserationduringgamutreduc-
tion [25, 26]. In [25], we describedan automaticmethodfor both monochromati@anddichromaticimage
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Figurel: Colorto Grayscale:(a) Originalimage,(b) luminanceto grayscale(c) alternatve mapping.

corversion. The latter casehadthreevariationsthat provided re-coloringof imagesfor protanopic deuter
anopic,andtritanopicobserers. We useda subsebf theimagecolorsto nd alineartransformatiorthat
minimizedaspeci ¢ objectve function,whichwasdesignedo enforceproportionalcolor differencesacross
theremapping For thegrayscaleasethetransformationnvolved projectingthe colorsontoa singlevector
For thedichromaticcasejt involvedalineartransformationin homogeneou€IELAB coordinatesBecause
this methodis basedon lineartransformationsit is relatively simpleto implement but it alsocarriesatten-
dantlimitations. In particular it hasdif culties with imagesthat exhibit smoothvariationalong multiple
color dimensionsandit doesnot offer ary constraintson luminanceconsisteng. Examplesof eachare
shavnin Figure2. Further in thedichromaticcase this methoddoesnot constrairthetransformedolorsto

(@) (b) () (d)

Figure2: LuminanceConsistencyandLinear ProjectionMapping(a) to (b) violatesluminanceconsisteng;
shadevs andhighlightsappeareversed.Mapping(c) to (d) is basedn alinearprojection;widely differing
colorsaremappedo similar grayvalues.

a speci ¢ availablegamut,andthusreducedcolorsthatdiffer markedly from the original imagecolorscan
be generatedFinally, the speedf this methodis far from real-time.

In [26], which receved the 2005 Gunter EnderleAward of the EurographicsAssociation,we proposeda
variationon multi-dimensionakcaling(MDS) to solve boththe monochromati@anddichromaticgamutre-
ductionproblems.The principalfocuswasonthemonochromaticeduction wherewe providedatechnique
for minimizing a constrainedjuadratic,

n°2 nol
S(go;gnihgh)=a a O g =dj K
i=0j=i+1

2

(1)
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Hereimagecolor ¢; is mappedo grayvalueg;, dij = jici  Cjjj representshe distancebetweerc; andc; in
CIELAB spaceandK is thetargetproportionalityconstant.This non-linearobjective betteraccommodated
smoothtransitionsalongmultiple color dimensionsandthe optimizationtechniqueallowed constraintsf
theform g; < g;, which preventediuminancereversalswithin selectecchrominancésands.

As anadmittedafterthoughtwe obsenedthatthe sameformulationcould be appliedto thedichromaticre-
duction. Protanopicdeuteranopicandtritanopicde cienciesall yield two-dimensionatamgetcolor gamuts.
Fixing the luminanceof the mappedcolor to that of the sourcecolor simultaneouslheliminatesary possi-
bility of luminancereversalandreduceghe problemto one-dimensionako(1) canbeapplied.An example
conversionthatusesthis methodfor the caseof a deuteranopiwiewer of the o wer of Figurel is shovn in

Figure3.

(@) (b) (c)

Figure3: Re-coloring ower image fromFigure 1: (a) Simulateddeuteranopiwiew, (b) ourre-coloring,and
(c) simulateddeuteranopiwiew of (b).

In retrospectwe have obsenred thatthe dichromaticreductioninducedby xing luminance thoughmath-
ematically corvenient,was a poor choice. The principal thrustof our agumentfor the monochromatic
reductionwasthat varying luminanceto achiare betterproportionalitywas highly desirable.Fixing lumi-
nancein the dichromaticcaseis thus contraryto this basicthesis. Further in preferencaestson human
subjectswe foundthat properselectionof thetamgetproportionalityconstantK, wascritical to the success
of the monochromatigeduction. A targetof K = 100=Cmax Wherecmax is the maximumvalueof d;;; over
colorsin theimageand100is the CIELAB distancdrom blackto white, producechighly signi cant results
whencomparedo otherchoicesfor K or otherreductiontechniquesWe have no reasorto believe thatthe
choiceof K is lesscritical in the dichromaticcase. The choiceK = 1.0 in [26] wasagain a corvenience,
selectedbecausexing luminanceprecludedachieving a target proportionalitythatwasthe directanalogue
of thatusedin themonochromaticase.

We now believe that we canextendthe dervationsof [26] to achiese a vectoranalogueof (1) thatwould

allow bothvarying luminanceanda well-reasonedhoiceof the target K, which shouldleadto signi cant
improvementsn the quality of the dichromaticreduction.
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D.2 Color Vision De ciencies

De cienciesin color vision arisefrom differencedn pigmentationof optical photoreceptor§34]. Normal
visionis characterizedy threedistinctpigmentation®f thephotoreceptor&ones)whichcollectively allow
receptionof long, medium,andshortwavelengthsof the visible spectrum.Anomaloustrichromatopias a
conditionin which the pigmentin oneconeis notsufciently distinctfrom the others.The viewer still has
threedistinctspectralensitvities, but the separations reduced Dichromatopias a conditionin which the
viewer hasonly two distinctpigmentsin the cones.For both dichromatopisandanomaloudrichromatopia,
therearethreesubclassi cationdasednwhich conehastheabnormapigmentationDe cienciesin cones
sensitve to long, medium,andshortwavelengthsarereferredto asprotanopic deuteranopicandtritanopic,
respectrely. Protanopi@anddeuteranopide ciencies,themostcommonformsof color-de cient vision,are
characterizetby dif culty distinguishingoetweerredandgreentones.Tritanopicde cienciesareassociated
with confusionbetweerblue andyellow tones.Monochromatisms anotherform of de cient color vision,
butit is quiterare.

Signi cant work hasbeendonein simulatingcolorde cient vision[1, 17,21]. Fromstudiesof subjectavho

have unimpairedvision in oneeye andcolor-de cient visionin the othet it hasbeendeterminedhatthere
arespeci ¢ wavelengthghatarepercevedidenticallyby thosewith unimpairedvision andthosewith vision

de ciencies.For protanopesnddeuteranopesheseare575nm(yellow) and475nm(blue). For tritanopes,
theseare660nm(red-orangepnd485nm(cyan). Fromknowledgeof theseinvariantscolor-de cient vision

canbesimulated.Colorsin RGB spacearetransformednto anLMS (long, medium,short)color spacethat
is basedon coneresponseConede cienciesarethensimulatedoy modifying the responsef the de cient

cone.MeyerandGreenbeg [21] nd linesof “confusedcolors”by intersectindinesof chrominanceKondo
[17] usesa seriesof lineartransformsgovernedby a parametespecifyingthe degreeof de ciency in each
particularcomponentBretteletal. [1] projectcolorsin the coneresponsepaceontoaa pair of planesthat
intersectalonganeutralcolor line andrepresenthe gamutof thede cient viewer.

Giventhe ability to simulatecolor-de cient views, it may be possibleto re-colorimagesin sucha way that
confusedietailis restoredor color-de cient obsenrers.Reinhardetal. [27] describea stratgy 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 perceveddistancedbetweercontrastingcolorsin the originalimage.

Walraven and Alferdinck [33] describea color paletteeditor that is coupledwith simulationof a color
de cient viewer. The simulatoris usedto determinewhich pairsof colorsin the currentpalettewould have
perceved distancedelawv a critical thresholdin a colorde cient gamut. Suchcolors are marked for re-
consideratiorin the palettedesign. The editor can also selecta default palettefor which all colors meet
thresholdspeci cations.

Daltonization[5] is a procedurefor re-coloringan imagefor viewing by a colorde cient viewer. Here,
a userspeci es parametergor stretchingcontrastbetweenred and greenhues,aswell as parametergor
modulatingblue and yellow contrastand modulatingluminance. Simulationof a deuteranopiwiewer is
provided for evaluatingthe outputimage. Parameterselectionis not automatedalthoughthree“default”
parametesettingsareoffered. Theresultsarehighly dependentiponthe choicesfor the parameters.

Ichikawa et al. [14, 15] proposean automatednethodfor re-coloringimagesthatis basedon a genetic

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

D.3 An Impr oved Objective Function

We seeka mappingof three-dimensionatolor spaceo a two-dimensionakubspacehatis appropriatefor
a speci ¢ color vision de ciency. Eachof the two-dimensionakubspacefdenti ed by Brettelet al. [1]

is actually a pair of planarsegmentsin LMS colorspacethat are joined along an equal-endgy line. In
CIELAB spacethesesubspacearenot at, but they have low curvature,andwe canapproximateachwith
a planarsegment. For the protanopicand deuteranopisubspacese usethe planarseggmentwith normal
(0.00,0.99,0.14hatcontaingheluminanceaxis,andfor thetritanopiccasewe usethe planarsegmentwith
normal (0.0,-0.58,0.81}hat containsthe luminanceaxis. Theseplanarsubspacesf CIELAB spacewill

sene asourtargets,andwe referto eachasanapproximateBrettel subspacdaBs).

In this reductionmapping,we wantto presere proportionalcontrastandmaintainluminanceconsisteng.
Thesegoalscan be expressedn the form of a constrainedoptimization. Speci cally, let r;i denotethe
(reducedXxolorin thetwo-dimensionahBsto which we will mapimagecolor c;. We seeka minimum  of

n°2 nol 2
S(ro;rism )= a a o rp =dj K (2)
i=0j=i+1
whered; = jjci  ¢jjj, K isthetamgetproportionalityconstanto bespeci ed,anddistancejj jj) ismeasured
in CIELAB space.

We canusethe Caucly-Schwartz inequality to boundthe objective, s(). The key obsenationis thatif Y
denotesary n 3 matrix with rowsy;, then(providedjjy; y;jj 6 0) we have

d.l
i izt ——l—(ri ) Y 3
nri rj)=di;j ivi yj”(l i) i) (3

Expandinghe quadratioon theright handsideof (2) andapplyingthis obseration,we readily obtain:

S(ro;ri st 1) tr(RTQR) 2Ktr(R'LY) + ((n 1)n=2)K? (4)
whereQisthen nmatrix
d? i8]
Qii = . . 5
1] ak@idikz i=j ( )
Risthen 3 matrixwhoserowsarether;, Y is anarbitraryn 3 matrix,L isthen nmatrix
8 N L
< dSHy il 16§ yi6y;
Lij=. 0 6 vi=y (6)

aksiLik =]

andtr denoteghe traceoperator The right handside of (4) is quadratic(in R) and so easily seento be
minimizedwhenR satis es
QR= KLY @)
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Further theinequalityof (4) becomesanequalityif Y = R, andsoit is temptingto simply use(7) anditerate:
YO =Q kKLY( D i=12.. (8)

from a randomstart,Y(?, until cornvergence. Unfortunately the problemis highly constrainedn thatthe
R valuesmustlie within the targetaBs, andluminancemustbe orderedfor pairsof imagecolorsthatfall
within narrav chrominancédands.

Neverthelesspoth the aBsandluminancearelinear subspacesf CIELAB spaceandsowe cancastone
stepof the optimization(7) as a linear programming(LP) problemin this space. We add variablese;;
(i=0;:nn  1; )= 1;2;3)tothecollectionof unknavns(R) to representheerrorin (7). If Q; andL; denote
theit" rows of matricesQ andL, andr! andy! denotethe j!" columnsof RandY, thenwe seekto

minimize é.i;j €;:j )
subjectto e+ (Qirl)  K(Liy');
aj (Qr) K(Liy))

and subjectto constraintson r; (ary row of R) which keepvalueswithin the tamget aBs and subjectto
luminanceconstraintson ary pair, rj andr;, for which the original colors, ¢; andc;, fall within the same
narrav chrominancdand.Notethatthetwo constraintof (9) togetheryield

ej JQr KLyj o0 (10)

The obvious choicefor thetamget proportionalityconstantK, is now K = Bgﬁgfﬁt) =Cmax Wherecmax denotes

themaximumCIELAB distanceébetweerary pairof colorsin theoriginal image,andBST’,’gijt) isthemaximum
CIELAB value(equialently, distancefrom black) of colorsin the aBsfor the protanopic,deuteranopicor

tritanopicviewer.

D.4 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. [7] for drawing large graphs.In anothey
two-passapproacha denseMDS is carriedout only on the landmarkpoints,andthenthe remainingpoints
aremappedbasedon theresultsof thedenseVIDS. Thistechniques usedby KruskalandHart[18] andde
SilvaandTenenbaun4].

We have previously employedatwo-passapproachn whichwe we usedstandardolor quantizatiorto select
256 colorsaslandmarkpoints. Althoughwe have beenpleasedvith the quality of theresults,atleastin the
monochromaticeductioncase the executiontime canreachseveralminuteswhichis unacceptable.

To achiere thetametedreal-timere-coloring we will haveto revisit techniquegor optimizationof (2). There

aretwo aspect®f this problemthatarein ourfavor. First,we have yetto exploretheextentto whichfurther,
andperhapdrastic,approximationsnaystill produceentirelyacceptableesults.Approximationsavailable
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within the frameawvork describedncludelimiting the numberof LP iterationsandrestrictingthe outputto a
smallnumberof colors,maintainedn a dynamiccache.We have foundthat,if the original imagecontains
relatively few colors(e.g.40), full optimizationof (2) usingthe LP techniqueon a corventionalPentiumlV
processocanbe completedeasilywithin the 33ms(30 fps) targetedtimeframe.Secondary techniquefor
optimizationof (2) is likely to beamenabléo highly parallelprocessing.

Althoughit is notyetwidely recognizedutsidethe computemgraphicscommunity high-performancdpw-

cost,generapurposeparallelprocessingower is now availablethroughuserlevel accesgo the Graphical
ProcessingJnits (GPUs),typically found on commodityPC graphicscards. Designedoriginally to speed
therenderingof imagesto PCdisplays,GPUsarenow fully programmablend,largely dueto their highly-

parallel, SIMD designssigni cantly outperformeven high-endCPUson commontasks. For instance,a

high-enddual-corePentiumlV is now ratedatapeakperformancef 25 GFLOPSwith amemorybandwidth
of 6 GB/second10]. An Nvidia 8800GTX GPUis ratedat 520 GFLOPSwith a memorybandwidthof 86

GB/second3]. Theseperformancedlifferencesare not merely theoreticallimits. In [9] we comparethe
actualperformanceof CPU and GPU in executinga two-million nodemodelfor photontransportthrough
participatingmedia.On a 1.6GHzPentiumlV, the modelrequired26 minutesto reachcorvergence.On an

Nvidia QuadroFX 5500(the architecturahat precededhe 8800)the samemodelrequired50 seconds.

The costof theseGPUsis low enoughto placethemin the COTS (commaodity off-the-shelf)catayory. As
of thiswriting, the high-end8800GTX canbe purchasedor $600andthe slower 7900GTX for $380.1t is
alsoworth notingthatnumerousnon-graphicsapplicationshave have alreadybeenimplementedn GPUs,
andthusa body of technique uponwhich to draw, is beginning to emepge. The state-of-the-arasof Fall,
2005, is nicely summarizedy Owensetal [23].

We will focuson the Nvidia 8800architecturewhich represents signi cant departurefrom earlier plat-

forms. Special-purposgectorprocessorfiave beenreplacedy alarger numberof general-purposscalar
processorshat can be organizedfor SIMD operations.Full accesgo the oating point capability of the
cardis providedthroughC languagextensiongatherthanthroughthe graphicsAPI. As of thiswriting, the
8800softwaredevelopers kit (SDK) canonly be obtainedthrougha non-disclosuragreemenfNDA) with

Nvidia. Pl Geisthasexecutedthe requiredNDA andhasobtainedthe SDK. Softwaredevelopedunderthis
projectwill be opensourcewith the exceptionof thatwhich might reveal proprietaryNvidia information.
Like thecurrentNvidia graphicscarddrivers,suchcomponentsvill befreely availablein binary

Within thesolutionframewnork proposedor our problem whereproblemsizeis rst reducedy colorquanti-
zation,developmenbf ahighly parallel,generapurpose.P solver, basedntheclassicakimplex algorithm
[32], appearswithin reach. Color quantizatiornto 256 (or fewer) colorsfollowed by a GPU-basedolution
to LP, mayachiare both quality andtiming constraintsvithout requiringary costly remappingof all image
colorsto the choserlandmarkpoints.

Neverthelesswerecognizéhatalternatvetechniquesnayberequired.Fortunatelyalargebodyof literature
on constrainedquadraticoptimizationis available. One particularly interestingapproachwith which we
have had signi cant successn the image-processingontet [8] is mappingthe target optimizationto an
equialentproblemof enegy minimizationfor a Hop eld network. Suchnetworks are synchronousand
so again the SIMD architectureof the GPU may provide an ideal platform. We notethat the problemof
[8], digital halftoning,may be regardedasoneof gamutreduction.Enegy minimizationnetworks do have
dif culty distinguishinglocal minimafrom a globalminimum, and,in ary suchapproachwe will needto
considertradeofs betweerglobal optimality andcomputationaperformance.
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D.5 Evaluation
D.5.1 Methodology

We proposean assessmennethodologybasedon comparisorof viewers' eye movementsduring a color

discriminationtask. Normalviewers' scanpathsvill be comparedo the scanpath®f color-de cient view-

ers,therebyproviding an objective andquanti able metric of inter-group differencesn viewing patternsof

imagesprior to re-colorization.Scanpatttomparisowill alsoprovide animprovementmetricthroughcom-
parisonof de cientviewers'scanpathfollowing re-colorizationthusproviding anintra-groupimprovement
metric.

The basisof our technicalsoftware developmentis the calculationof a quanti able metric (akin to corre-
lation) indicatingthe degreeof similarity of the visual searchstratgyy adoptedoy viewerswhenlooking at
animage.Our evaluationrestson two hypothesesFirst, we expectinter-groupanalysisto shav signi cant
differencesn viewers' scanpath®ver stimuli prior to re-colorization. Thatis, we expectcolor-de cient
viewersto exhibit differentpatternsof xations and xation sequencefom unimpairedviewers.Following
re-colorization,we expectthat this differencewill ceaseto be statisticallysigni cant. Secondwe expect
intra-groupscanpathso differ signi cantly beforeandafter stimulusre-colorization.Thatis, we expectan
obsenred, quanti able, improvementin color de cient viewers' scanpath®ver re-colorizedimages,with
their scanpathgendingtowardthoseof unimpairedviewers.

Figure 4: Color discriminationtestimage containingnumeraltarget 45 (left), with unimpairedviewer's
scanpathover simulatedcolor-de cient viewer's image (center),and unimpairedviewer's scanpathover
recoloredmage(right), capturedcat Clemsons Eye TrackingLaboratory

As an example,considertwo scanpath&apturedduring viewing of the colorambiguousmageshowvn in
Figure4. Thecentelimageshovsthescanpattof anunimpairedviewer searchingsimulatedcolor-de cient
viewer's imagefor the hiddennumeral45. Becausehe numeralis dif cult to detect,the viewer resortsto
atypical “left-to-right-top-to-bottom”strateyy, asmay be expectedfor anindividual accustomedo reading
English. Theright imageshaows the scanpatiof anunimpairedviewer performingthe sametaskbut over a
recoloredmage.Here,thenumerald5is easierto detectasre ected by thetighter packingof the scanpath.
Noticehow this scanpatlalsotendsto tracethe outeredgeof the numerald andthenjumpsto the bottomof
5, tracingits outlineupwards.

The goal of the proposedmethodologyis to derive a single objective metricindicatingthe similarity of (or
differencebetween}hetwo scanpathsln this instancethe metric shouldindicatea low similarity in terms
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of theimageloci viewed( xations) aswell asin theorderof xations. Notethatthedatashavnin Figure4 is
authentidn termsof capturedeye movementgonequipmentvailableat ClemsonUniversity). However, the
inspectiontaskwasstaged—itwasperformedby oneof the Co-Pls. For ecologicalvalidity, color-de cient
participantswill besoughtto collecttheir eye movementsover color stimuli.

Color discriminationis, at its core,a visual search/visuainspectiontask. Importantcriteriafor evaluating
theef ciency of humanvisualinspectionncludemeasurementsf performanceasindicatedoby theviewer's
speedhndaccurag [30]. Theseperformancemetricseffectively summarizegenerabutcome®f the process
of (visual) inspection.In contrast,eye movementscapturedduring visual inspectionprovide visualization
of theinspectors processandthereforeprovide aninstanceof procesanetrics Importantprocessneasures
relatedto eye movementinclude xation durationsnumberof xations, inter- xation distancesglistribution
of xations, xational sequentiaindices(orderof xations) anddirectionof xations [20]. The utility of
processnetricsreliesontheir relationto, or explanationof performanceThusoneexpectsto nd arelation
betweerprocessandperformanceneasures.

The creationof a comparatie processmetric basedon eye mavementsrelies on the developmentof an
algorithmcapableof measuringlifferencedetweertwo (or more)scanpathsThegoalhereis to evaluatethe
correlationbetweerdifferentviewers' eye movements.This measuremerghouldbe capableof comparing
xated regionsaswell astheorderof xations.

Recentadwancesin the researctof low-level visual processe$iave led to the emegenceof sophisticated
computationamodelsof visual search.Thesemodels,operatingon still (andsometimesnaoving) images,
modelthe humanvisual systems processe$rom the corneato the striatecortex (e.g.,seeltti et al. [16]).
NotableexampledncludeWolfe andGancarzs [36] GuidedSearchQOsbegerandMaeders[22] Importance
Map algorithm,andltti etal.'s[16] attentionalSalieny Map model. Concomitantwith theseefforts, tech-
nigueshave begunto appearthatcomparehuman xations with thosedetectecautomatically We intendto
extendonesuchtechniquefor directcomparisorof humanscanpaths.

PriviteraandStark[24] recentlydevelopedamethodologyfor comparingwo or moresetsof scanpathsThe
comparisoralgorithmreliesontwo importantprocessesoneof clusteringof xations for spatialcomparison
of eye movementioci anda subsequendtepof assemblinghetemporalsequencesf xations into ordered
stringsof pointsfor sequenceomparisorbasedn string editing Clusteredxations areassignedharacter
labels. Two differentindicesof similarity arecomputedoetweerntwo strings: S, the loci similarity index,
andS;, the sequenceimilarity index. The locationalsimilarity, Sy, betweentwo stringsis the numberof
characterén bothstringsnormalizedoy thenumberof uniquecharacterin thesecondNotethatthesecond
stringis assumedo be a “groundtruth” againstwhich the rst stringis compared2] andthusthe metricis
notsymmetrical.

To computethe sequentiakimilarity, Ss, the Levenshteindistancealgorithm[19], or string edit algorithm,

(anoptimizationalgorithm)assignaunit coststo threedifferentcharactepperationsdeletion insertion and

substitution Charactersremanipulatedo transformonestringto anotherandcharactemanipulationcosts

aretahulated.Thecostis normalizedy thelengthof thesecondtringandcomplementedComplementation
is necessarypecausehe normalizedLevenshteindistancebetweertwo stringsis zero-baseqdzeromeaning

they areequal;onemeaningno similarity). A one-basedneasuranodelspercentagsimilarity. To illustrate

the calculationof bothindices,take for instancewo stringss; = abcfef fgdc ands, = afbf fdcdf. Since

all thecharactersf s, arepresenin s;, thetwo stringsyield aloci similarity index of S, = (5=5) = 1. The

Levenshteirdistancgcombinedcostof deletionsjnsertionsandsubstitutionspetweers; ands; is 6. Given

thelengthof s, is 9, the sequencsimilarity index betweerthetwo stringsis Ss= (1  6=9) = 0:33.
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Privitera and Stark's approachto the comparisorof scanpathss oneof the rst methodsto quantitatvely
measurenot only the loci of xations but alsotheir ordet However, the techniquesuffers from a critical
limitation in thatit relieson k-meansclusteringof xations, requiringa priori knowledgeof the numberof
clusters.We intendto extendthe methodby incorporatingthe meanshift clusteringtechniqueadoptedby
SantellaandDeCarlo[29]. In generalclusteringstartswith a setof n points:fx; j i 2 1:::ng; andassigns
oneof k labelsto eachpoint: f¢; 2 1:::kji 2 1:::ng: The rst stageof the clusteringalgorithm—themean
shift—is crucial, asit ordainsthe robustnesf the entire process. The processcontinueshy repeatedly
moving a pointx; to a new locations(x;), the weightedmeanof nearbypointsbasedon the kernelfunction

K:
_ A KO x))x _ X+y:
s(xi) = m Kx)=exp ——— =3
With eye movement xations expresse@sx; = (X;Vi;ti), Ss ands; determindocal supporiof thezero-mean
spatiotemporalsaussiarkernel K(x;) in both spatial (dispersion)and temporalextent. For still images,
the temporaldimensioncansimply be excludedby effectively settings; to in nity . Unlike with k-means
clustering the meanshift approacteliminateshe needfor a priori estimationof thenumberof clustersin a
givenscene.Theonly existing useradjustablegarameters s s, which canepistemicallybe setto matchthe
extentof thefovealdimensionof the humanretina(about5 visualangle).

D.5.2 Procedure

Oncescanpathare capturedover color discriminationstimuli, we will comparescanpath®f unimpaired
viewersto thoseof color-de cient viewers. Using the scanpaticomparisormethodologyoutlined above,
our rst aimwill beto establishwhetherthereis a quanti able differencebetweenscanningoehaiors of
theseusergroups.We will thencomparescanpath$ollowing re-colorizationto estimatethe degreeof color
discriminationimprovementimpartedby the image manipulation. We hypothesizethat (a) a signi cant
differencebetweenthe two usergroupswill emepge, andthat (b) this differencewill be reducedollowing
re-colorization.

In generalscanpatltomparisorcomplementshe generaketof metricscommonto humanfactorsresearch,
mnemonicallyeasyto rememberasthe SEEmetrics: (1) Satishction,(2) Ef ciency, (3) Effectiveness Sat-

isfactionquanti es subjectve users'impressionglealingwith suchindicatorsasoperabilityandlearnability

of thegiventask. Satishctionis a subjectve measureandwill play aminorrole in our evaluation.

Ef ciency andeffectivenessnetricsareobjective performanceneasuresf speedcandaccurag, respectiely.
Our scanpatlrcomparisormetricis a procesameasureasis eye movementdatain general. The numberof
xations, xation durations,andgazeswitchingbehaiors all provide insightsinto the cognitive statesof
theuserduringevaluationtasks.Note thatscanpathtrinsically collect performanceneasuresy virtue of
encodingspeedtime to taskcompletionobtainedasa differencebetweerthe timestampof last xation and
thatof the rst) andaccurag (numberof targets xated).

Evaluationin termsof the proposedSEE metricswill be conductedn two stages.First, the SEE metrics
will be obtainedduring prototypetestingat ClemsonUniversity with studentparticipants.We realizethat
thereareinherentproblemswith this samplepopulation(e.g.,they may be nawve in this particularcontext
andmay not generalizeto the target color-de cient population). However, studentparticipants(e.g.,from
the Psychologystudentpool) arereadily availableandaresufcient for exposingearly programmingerrors
of the prototype.
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Thesecondevaluationstagewill be conductedwith color-de cient viewers. The detailedevaluationplan of
the scanpatltomparisortechniquewill follow the evaluationstrat@y suggestedby Stoneet al. [31] andis
outlinedbelow.

The rst purposeof the evaluationis to establishthe utility of the scanpaticomparisorprogram. We do
not anticipatemajor dif culties with completionof the computerprogram. The algorithmsfor scanpath
comparisonsirefairly well understoodalthoughasfaraswe know disparaten thesenseof nothaving been
assembledh the way we propose.Thatis, string editing, xation clustering,andstatisticalanalysisareall
fairly well understoodPreliminaryevaluationof our proposedpproactshavedpromise(see[11]). We will
tailor this programto evaluatesubstitutionof the Needleman-Whschsequenceomparisoralgorithmover
the Levenshteirstringdistancemetric,asperWestetal.s [35] approach.

The secondpurposeof the evaluationis to establisha methodologyfor color de ciency assessmerdnd
improvementfollowing re-colorization.Collectionof SEEmetricswill establisheffectsof re-colorizatioras
well asproviding indicatorsfor assessmerte.g.,speedandaccurag).

Data Collection. We will obtainthefollowing usabilitymetricsduring systemandtrainingevaluation:

1. Subjectve

(a) Satisfaction. Adapting the Software Usability Measurementnventory (SUMI), questionsto
userswill be posedregardingimagequality andsoftwarecontrol [31]:
i. Learnability “I canlearnall thefeaturesof this software’
ii. Helpfulness:The instructionsandpromptsarehelpful’
iii. Contmol. “I sometimeglon't know whatto do next with this systen.
iv. Efciency. “If thesoftwarestopsit is noteasyto getbackto whatl wasdoing’
v. Affect.”l would recommendhis softwareto a colleagué.
Response$o suchquestionswill be quanti ed on a suitableLikert-like (e.g., 5-point) scale.
The questionghemseleswill betailoredto the tasksidenti ed in this proposal.Initially, they

will concernsystemusability Later, they will concernuserlearnability e.g.,questionsaimedat
evaluatingthe understandabilityf re-colorization.

2. Objective

(a) Performancemeasues.

i. Efciency. Timeto completetask.
ii. EffectivenessNumberof colortargetsclassi ed correctly

(b) Processmeasues.

i. Numberof xations. Thisis anindicatorof targets xated duringscenesxposure.

ii. Fixationdurations.Thisis anindicatorcorrelatedvith cognitive function (longerdurations
indicateanincreasén cognitive function).

iii. Attentionalswitching. This is anindicator of visual attentiondistribution (e.g., degreeof
focusor inattention).

iv. Scanpattsimilarity. Thisis the metricfor which the proposedrogramis beingdeveloped.
This metricwill provide anindicatorsimilarto correlationbetweerexpertandnovice scan-
paths.The metricalsocontainsa built-in level of statisticalsigni cance.
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Scanpattsimilarity metricsare sortedandstoredin a table,namedthe Y-matrix, having asmary rows and
columnsasthe numberof different scanpathsequencexations to be considered. Scanpathcomparison
valuesfrom the Y-matrix (which typically containslarge amountsof data)are condensedaveraged)and
reportedin two tables,called ParsingDiagrams,onefor eachof S, andS indices. The rst tablereports
S statistics thatis, the correlationbetweentwo string sequences termsof attentionalloci (the scanpath
sequencethatis the orderof xations, is itself not consideredn this measure).S, valuesare generally
expectedto be higherthanthe measureaeportingon orderof xations, the S value. Eachof the parsing
diagramsreportsseveral correlationmeasures:Repetitve, | diosyncratic,L ocal, and Global. Repetitve
valuesreport an individual's propensityto view a speci ¢ imagein the sameway. Idiosyncraticvalues
reporton the within-subjectattentionalscanningendencie®f individual subjects,.e., thesevaluesreport
correlationbetweenscanpathsnadeover different picturesby the samesubject. For example,in reading
studies,English readerswould be expectedto exhibit high idiosyncraticindicesdue to the adoptedieft-
to-right text scanningstrateyies. Local indicesreporton between-subjeatorrelationsof scanningpatterns
over similar stimuli. Thatis, local indicesreporton differentsubjects'scanpathsver the samepicture. In
the presentcase theseare the mostimportantresultssincetheseindicesdivulge the correlationbetween
unimpairedand color-de cient viewers' scanpath®ver the sameimages. Global measureseporton the
correlationbetweenscanpathsnadeby different subjectsover different stimuli. Shouldthesevaluesbe
highly correlatedthis would suggesthatstimulusimagestendto beviewedsimilarly by differentpeople.

Systemldenti cation. The systemto be usedfor eye movementcaptureis the Tobii eye tracker. Color
discriminationsceneshavn above will form theimagestimulus.

Constraints. Therearetwo operationalconstraintsassociatedvith systemevaluation: time and person-
nel. First, the projectis necessarilflinear: programdevelopmentmust be completedbefore evaluation.
Second,evaluationof prototypesmustbe completedprior to evaluationof the productionprogramwith

color-de cient viewers. Personneposethe secondconstraint.First, programmersnustbe hired to develop
the program. Second participantsmustbe selectedor evaluation. Studentparticipantsare readily avail-

able, but recruitmentof color-de cient viewersmay posedif culties. We will evaluatethe color-de cient

simulationprogramfor viability asa substitutepr representatiorgf the color-de cient population.

User Selection.Userselectionposessomavhatof anevaluationconstraintasnotedabove. Our preliminary
setof participantswill be college studentsalthoughwe acknavledgegeneralizabilityproblemsposedwith

this pool of participants,asthey are not necessarilyrepresentatie of the color-de cient population. We

will collect their scanpathgver our set of stimulusimages. We will comparetheir scanpathsn terms
of Priviteraand Stark's [24] classi cationsof Repetition(sameperson,sameimage),ldiosyncrag (same
persondifferentimages),L ocality (differentpersonssameimage),Globality (differentpersonsdifferent
images). We expectto seepositive correlationsin all of thesemeasuredetweenthe color-de cient and
unimpairedviewerswhenunimpairedviewerslook at color-de cient simulations.

Task Selection.Thecriteriontaskwill consistof viewing a color-ambiguousmagefor a controlledamount
of timein searctof ahiddenfeature.As is typicalin color discriminationtasksperformedoy the Department
of Motor Vehicleof ces, viewerswill beasledto identify a hiddennumeralwithin color regions,asshavn
in Figure4.

Evaluation Locale. Evaluationwill be conductedn the eye trackinglaboratoryat ClemsonUniversity If

recruitmentof color-de cient participantsbecomegroblematic,we canbring the Tobii eye tracker (with
two laptops)to collecteye movementdatato largerrecruitingcenterse.g.,Greewille, SC,or Atlanta, GA.
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D.6 Resultsfrom Prior NSF Support

D.6.1 PI Geist

Pl GeisthassenedasPI or co-Plon four fundedNSFproposalsn thepast veyears.They are:

técnh: A New Appmoad to the B.A. Degree in ComputerScience NSF (CISE/EIA), PI T. Davis,

$330,000,uly, 2003- July, 2007.

DesignandImplementatiorof a GraphicsSupecomputerfrom CommodityComponentaNSF(CISE/
ACI/ ITR), PIR. Geist,$284,834 August,2001- July, 2005.

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

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

NSF Award 0113139 Designand Implementatiorof a GraphicsSupecomputerfrom CommodityCompo-
nentshasa bearingon this proposal.

SelectedPublications Resulting from Award 0113139.

RascheK., Geist,R.,andWestall,J.,“Detail Preservingreproductiorof ColorImagesor Monochro-
matsandDichromats, IEEE ComputerGraphics& Applications Speciallssueon SmartDepiction
for Visual Communicatior25:3 (2005),pp. 2 - 10.

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

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

Geist,R., RascheK., Westall,J.,andSchalloff, R., “Lattice-BoltzmannLighting,” Proc. Eurograph-
ics Symposiuron Rendering2004(15™" EurographicsWorkshopon Rendering)Norrkoping, Sweden,
June,2004.

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.

Rasche K., Geist, R., and Westall, J. “Out of Order Renderingon VisualizationClusters, Proc.
IASTEDInt. Conf onModelingand Simulation(MS2003) Palm Springs,California, February2003,
pp.461- 467.

Geist,R.,RascheK., andWestall,J.,“An HSV Representationf Non-Newtonian,Lattice-Boltzmann
Flows; Proc. SPIEConf on Visualizationand Data Analysis(VADA 2002) SanJose,California,
January2002,pp. 246- 258.
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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 projectwasprovidedthrougha $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) connectedoy 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 displaynodesreceiespixel 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 kernel2.4 runson all nodes.
OpenGL[37] is the principal opensourcegraphicsAPI in usetoday Chromium[12] is afreely distributed,
genericsoftwareframework for distributing andprocessingtreamsof 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
approximately\B0fps onapplicationghataresufciently taxingthattheirsinglenoderateis approximatelyb
fps. Thuswe achiese a 24-fold increasan resolutionwith a 6-fold increasean speed Display modi cations
includesoftwarealignmentof projectedmagesandcolor calibrationby hardware-assistetexture mapping.

D.6.2 Co-Pl Westall

Co-PlWestallhassenedasPI or co-PlonthreefundedNSF proposalsn thepast veyears.They are:

técnh: A New Appoach to the B.A. Degreein ComputerScience NSF (CISE/EIA), PI T. Davis,
$330,000,July, 2003- July, 2006.

DesignandImplementatiorof a GraphicsSupecomputerfrom CommodityComponentaNSF (CISE/
ACI/ ITR), PI R. Geist,$284,834 August,2001- July, 2005.

Validated Modeling of Network ComponentPerformance NSF (CISE/ (I/lU) CRC), P1 J. Westall,
$50,000July, 2001- June,2004.

In addition, from 2002-2004he was a funded patrticipantin the NSF-fundedERC (CAEFF) at Clemson
University.

NSF Award 0113139 Designand Implementatiorof a GraphicsSupecomputerfrom CommodityCompo-
nentshasa bearingon this proposal.For a summaryof results,seesectionD.6.1.
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D.6.3 Co-PIl Duchowski

Co-PIDuchavski hassenedasPlI or Co-Plon four fundedNSF proposalsn thepast veyears.They are:

Integrating AsyntironousTechnolagy and Virtual Realityto SupportEducationin Aircraft Mainte-
nanceTednolagy Education NSF(ATE throughGreetville TechnicalCollege),GrantATE-0302780,
PI C. Castle $389,6552003—-2007.

téecnh: A New Appmoad to the B.A. Degree in ComputerScience NSF (CISE/EIA), Grant EI-
0305318PI T. Davis, $330,0002003—-2006.

Visual Deictic Refeencein a Collaborative Virtual Environmentfor Visual Seach Training, NSF
(CISE/ITR),GrantlIS-0217600P1 A. Duchawski, $313,3612002—-2004.

CAREER:Developmenbdf an EyeTracking Educationand Reseath Programat ClemsonrJniversity,
NSF (CISE/HCI),Grantl1S-9984278PI A. Duchawski, $212,0222000-2003.

NSF Awards0302780and9984278have have directbearingon this proposal.

SelectedPublications Resulting from Awards 0302780and 9984278. Approximately30journalor con-
ferencepapersor otherpresentationand 1 textbook have beenpublishedby Co-PI Duchavski relatedto
eye tracking,with about20 papergesultingdirectly from NSF awards. Of these 5 paperamostrelevantto
the currentproposalhave beenselected'seeRelevant Publicationan Co-Pl Duchavski's Biosketch). The
9984278 CAREER)award (recentlyterminatedpearson this proposakinceit establishe@ foundationfor
eye trackingresearctandeducation Award0302780s relatedto this proposakinceit involved preliminary
eye movementcomparisorstudiesin the contet of feedforwardtraining.

Summary of Important Applications. Thetwo mostrelevantimportantapplicationsnvolve our previous
ndings of positive training effect of scanpath-basef@edforward training (presentecat CHI 05 [28]) and
our (ongoing)developmentof scanpatltomparisoralgorithms(postempresentatiomt APGV 06 [11]).

Ourwork onfeedforwardtraininghasshovn thatsuchtrainingin uences xation duration.Trainingbene t
wasobseredin improvedaccuray, leadingto a classicspeed-accurgdradeof. Thetrainees'slower paced
inspectionstratgy may have stemmedfrom a more deliberatetarget search/discriminatiostratgy that
requiredmoretime to execute.

While our work on scanpattcomparisoris not aswell developed,we believe we have gatheredsufcient

experiencen signalanalysis(e.g.,seeDuchavski's [6] chapteron velocity-basedye movementanalysis)
to pushthesetechniquegurther.
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