
D Project Description.

Usingcolor-de�ciency incidencetablesfrom Hurvich [13] andthe2000U.S.censusdata,onecanquickly
determinethatmorethantenmillion peoplein theUnitedStateshavecolor-de�cient vision. Althoughcolor-
de�cient vision is far from the mostsevereof humandisabilities,its impact is felt by a large segmentof
thepopulation,andits importanceis growing, asour societyincreasinglydependsuponthedisplayof color
imagesandcolor imagesequencesfor informationandeducation.Theprincipalgoalof this proposalis the
designandimplementationof aspeci�c assistivetechnology, asoftwaresystemfor real-timecolor-correction
that will provide markedly enhancedimageinformationdisplayto viewerswith protanopic,deuteranopic,
andtritanopicde�ciencies,aswell asthosewith monochromatism.Sucha technologywould have broad
impact, in that it would allow as many as ten million Americansto fully participatein the new modes
of informationexchangeandeducation. In the following sections,we outline the designthat we believe
will ultimately yield this technology. (Note to reviewers: This proposaldiscussesissuesin 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/hcc.html)

D.1 Background.

Details on color vision de�cienciesmay be found below, in sectionD.2. Re-coloringimagesto reveal
informationto color-de�cient viewersultimately involvesa reductionin gamutdimension,eitherfrom 3 to
2 (protanopia,deuteranopia,tritanopia)or 3 to 1 (monochromatism).

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
contentmay appearin the chrominancevariations. In Figure1 we show an exampleimagefor which this
occurs.Whenthecolor image(left column)is mappedto grayscalebasedon luminance(middlecolumn),
signi�cant informationis lost. An alternative mappingto grayscale(right column)canpreserve someof the
information.Wecontendthattherearetwo componentsto informationpreservationduringgamutreduction:

� Preserving contrasts: Colorsthatarereadilydistinguishablein theoriginal imageshouldbe repre-
sentedby reducedvaluesthat areequallydistinguishable.In termsof a perceptualcolor space(e.g.
CIELAB), we would like the distancebetweenany pair of imagecolors to be proportionalto 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.

Wehavepreviouslysuggestedtwo solutionsto theproblemof informationpreservationduringgamutreduc-
tion [25, 26]. In [25], we describedan automaticmethodfor both monochromaticanddichromaticimage
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(a) (b) (c)

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

conversion.The lattercasehadthreevariationsthatprovidedre-coloringof imagesfor protanopic,deuter-
anopic,andtritanopicobservers. We useda subsetof the imagecolorsto �nd a linear transformationthat
minimizedaspeci�c objectivefunction,whichwasdesignedto enforceproportionalcolordifferencesacross
theremapping.For thegrayscalecase,thetransformationinvolvedprojectingthecolorsontoasinglevector.
For thedichromaticcase,it involveda lineartransformationin homogeneousCIELAB coordinates.Because
this methodis basedon lineartransformations,it is relatively simpleto implement,but it alsocarriesatten-
dant limitations. In particular, it hasdif�culties with imagesthat exhibit smoothvariationalongmultiple
color dimensions,and it doesnot offer any constraintson luminanceconsistency. Examplesof eachare
shown in Figure2. Further, in thedichromaticcase,thismethoddoesnotconstrainthetransformedcolorsto

(a) (b) (c) (d)

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

a speci�c availablegamut,andthusreducedcolorsthatdiffer markedly from theoriginal imagecolorscan
begenerated.Finally, thespeedof thismethodis far from real-time.

In [26], which received the 2005GünterEnderleAward of the EurographicsAssociation,we proposeda
variationon multi-dimensionalscaling(MDS) to solve boththemonochromaticanddichromaticgamutre-
ductionproblems.Theprincipalfocuswasonthemonochromaticreduction,whereweprovidedatechnique
for minimizingaconstrainedquadratic,

s(g0;g1; :::;gn� 1) =
n� 2

å
i= 0

n� 1
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j= i+ 1

� �
�gi � g j

�
� =di j � K

� 2 (1)
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Hereimagecolor ci is mappedto grayvaluegi , di j = jjci � c j jj representsthedistancebetweenci andc j in
CIELAB space,andK is thetargetproportionalityconstant.Thisnon-linearobjectivebetteraccommodated
smoothtransitionsalongmultiple color dimensions,andtheoptimizationtechniqueallowedconstraintsof
theform gi < g j , whichpreventedluminancereversalswithin selectedchrominancebands.

As anadmittedafterthought,we observedthatthesameformulationcouldbeappliedto thedichromaticre-
duction.Protanopic,deuteranopic,andtritanopicde�cienciesall yield two-dimensionaltargetcolorgamuts.
Fixing the luminanceof themappedcolor to thatof thesourcecolor simultaneouslyeliminatesany possi-
bility of luminancereversalandreducestheproblemto one-dimensional,so(1) canbeapplied.An example
conversionthatusesthis methodfor thecaseof a deuteranopicviewer of the�o wer of Figure1 is shown in
Figure3.

(a) (b) (c)

Figure3: Re-coloring�ower imagefromFigure1: (a)Simulateddeuteranopicview, (b) our re-coloring,and
(c) simulateddeuteranopicview of (b).

In retrospect,we have observed that thedichromaticreductioninducedby �xing luminance,thoughmath-
ematicallyconvenient,was a poor choice. The principal thrust of our argumentfor the monochromatic
reductionwasthat varying luminanceto achieve betterproportionalitywashighly desirable.Fixing lumi-
nancein the dichromaticcaseis thuscontraryto this basicthesis. Further, in preferencetestson human
subjects,we foundthatproperselectionof thetargetproportionalityconstant,K, wascritical to thesuccess
of themonochromaticreduction.A targetof K = 100=cmax, wherecmax is themaximumvalueof di; j over
colorsin theimageand100is theCIELAB distancefrom blackto white,producedhighly signi�cant results
whencomparedto otherchoicesfor K or otherreductiontechniques.We have no reasonto believe thatthe
choiceof K is lesscritical in the dichromaticcase.The choiceK = 1:0 in [26] wasagain a convenience,
selectedbecause�xing luminanceprecludedachieving a targetproportionalitythatwasthedirectanalogue
of thatusedin themonochromaticcase.

We now believe that we canextendthe derivationsof [26] to achieve a vectoranalogueof (1) that would
allow bothvarying luminanceanda well-reasonedchoiceof the targetK, which shouldleadto signi�cant
improvementsin thequalityof thedichromaticreduction.
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D.2 Color Vision De�ciencies

De�cienciesin color vision arisefrom differencesin pigmentationof opticalphotoreceptors[34]. 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 simulatingcolorde�cient vision[1, 17,21]. Fromstudiesof subjectswho
have unimpairedvision in oneeye andcolor-de�cient vision in theother, it hasbeendeterminedthat there
arespeci�c wavelengthsthatareperceivedidenticallyby thosewith unimpairedvisionandthosewith 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 [21] �nd linesof “confusedcolors”by intersectinglinesof chrominance.Kondo
[17] usesa seriesof linear transformsgovernedby a parameterspecifyingthedegreeof de�ciency in each
particularcomponent.Brettelet al. [1] 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 [33] 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[5] 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. [14, 15] 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.3 An Impr ovedObjectiveFunction

We seeka mappingof three-dimensionalcolor spaceto a two-dimensionalsubspacethat is appropriatefor
a speci�c color vision de�ciency. Eachof the two-dimensionalsubspacesidenti�ed by Brettel et al. [1]
is actually a pair of planarsegmentsin LMS colorspacethat are joined along an equal-energy line. In
CIELAB space,thesesubspacesarenot �at, but they have low curvature,andwecanapproximateeachwith
a planarsegment. For the protanopicanddeuteranopicsubspaceswe usethe planarsegmentwith normal
(0.00,0.99,0.14)thatcontainstheluminanceaxis,andfor thetritanopiccaseweusetheplanarsegmentwith
normal (0.0,-0.58,0.81)that containsthe luminanceaxis. Theseplanarsubspacesof CIELAB spacewill
serveasour targets,andwereferto eachasanapproximateBrettelsubspace(aBs).

In this reductionmapping,we want to preserve proportionalcontrastsandmaintainluminanceconsistency.
Thesegoalscan be expressedin the form of a constrainedoptimization. Speci�cally, let r i denotethe
(reduced)color in thetwo-dimensionalaBsto whichwewill mapimagecolorci . Weseekaminimumof

s(r0; r1; :::; rn� 1) =
n� 2

å
i= 0

n� 1

å
j= i+ 1

� �
�
�
�r i � r j

�
�
�
� =di j � K

� 2 (2)

wheredi j = jjci � c j jj , K is thetargetproportionalityconstanttobespeci�ed,anddistance(jj jj ) ismeasured
in CIELAB space.

We canusethe Cauchy-Schwartz inequality to boundthe objective, s() . The key observation is that if Y
denotesany n� 3 matrixwith rowsyi , then(providedjjyi � y j jj 6= 0) wehave

jj r i � r j jj=di; j �
d� 1

i; j

jj yi � y j jj
(r i � r j ) � (yi � y j ) (3)

Expandingthequadraticon theright handsideof (2) andapplyingthisobservation,we readilyobtain:

s(r0; r1; :::; rn� 1) � tr(RTQR) � 2Ktr(RTLY) + ((n� 1)n=2)K2 (4)

whereQ is then� n matrix

Qi j =
�

� d� 2
i j i 6= j

å k6= i d
� 2
ik i = j

(5)

R is then� 3 matrixwhoserowsarether i , Y is anarbitraryn� 3 matrix,L is then� n matrix

Li j =

8
<

:

� d� 1
i j =jjyi � y j jj i 6= j; yi 6= y j

0 i 6= j; yi = y j

� å k6= i Lik i = j
(6)

andtr denotesthe traceoperator. The right handsideof (4) is quadratic(in R) andso easilyseento be
minimizedwhenRsatis�es

QR= KLY (7)
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Further, theinequalityof (4) becomesanequalityif Y = R, andsoit is temptingto simplyuse(7) anditerate:

Y(i) = Q� 1KLY(i� 1) i = 1,2,... (8)

from a randomstart,Y(0) , until convergence.Unfortunately, the problemis highly constrainedin that the
R valuesmustlie within the target aBs,andluminancemustbe orderedfor pairsof imagecolorsthat fall
within narrow chrominancebands.

Nevertheless,both the aBsandluminancearelinear subspacesof CIELAB space,andso we cancastone
stepof the optimization(7) as a linear programming(LP) problemin this space. We add variablesei; j

(i = 0; :::;n� 1; j = 1;2;3) to thecollectionof unknowns(R) to representtheerrorin (7). If Qi andLi denote
theith rowsof matricesQ andL, andr j andy j denotethe j th columnsof RandY, thenweseekto

minimize å i; j ei; j (9)

subjectto ei; j + (Qir j ) � K(Liy j );

ei; j � (Qir j ) � � K(Liy j )

and subjectto constraintson r i (any row of R) which keepvalueswithin the target aBs and subjectto
luminanceconstraintson any pair, r i andr j , for which the original colors,ci andc j , fall within the same
narrow chrominanceband.Notethatthetwo constraintsof (9) togetheryield

ei; j � jQir j � KLiy j j � 0 (10)

Theobviouschoicefor thetargetproportionalityconstant,K, is now K = B(pjdjt)
max =cmax, wherecmax denotes

themaximumCIELAB distancebetweenany pairof colorsin theoriginal image,andB(pjdjt)
max is themaximum

CIELAB value(equivalently, distancefrom black)of colorsin theaBsfor theprotanopic,deuteranopic,or
tritanopicviewer.

D.4 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. [7] for drawing largegraphs.In another,
two-passapproach,a denseMDS is carriedout only on thelandmarkpoints,andthentheremainingpoints
aremappedbasedon theresultsof thedenseMDS. This techniqueis usedby KruskalandHart [18] andde
SilvaandTenenbaum[4].

Wehavepreviouslyemployedatwo-passapproachin whichweweusedstandardcolorquantizationto select
256colorsaslandmarkpoints.Althoughwe have beenpleasedwith thequality of theresults,at leastin the
monochromaticreductioncase,theexecutiontimecanreachseveralminutes,which is unacceptable.

To achievethetargetedreal-timere-coloring,wewill haveto revisit techniquesfor optimizationof (2). There
aretwo aspectsof thisproblemthatarein our favor. First,wehaveyet to exploretheextentto whichfurther,
andperhapsdrastic,approximationsmaystill produceentirelyacceptableresults.Approximationsavailable
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within theframework describedincludelimiting thenumberof LP iterationsandrestrictingtheoutputto a
smallnumberof colors,maintainedin a dynamiccache.We have foundthat,if theoriginal imagecontains
relatively few colors(e.g.40), full optimizationof (2) usingtheLP techniqueonaconventionalPentiumIV
processorcanbecompletedeasilywithin the33ms(30 fps) targetedtimeframe.Second,any techniquefor
optimizationof (2) is likely to beamenableto highly parallelprocessing.

Althoughit is not yetwidely recognizedoutsidethecomputergraphicscommunity, high-performance,low-
cost,generalpurpose,parallelprocessingpower is now availablethroughuser-level accessto theGraphical
ProcessingUnits (GPUs),typically foundon commodityPC graphicscards.Designedoriginally to speed
therenderingof imagesto PCdisplays,GPUsarenow fully programmableand,largely dueto their highly-
parallel,SIMD designs,signi�cantly outperformeven high-endCPUson commontasks. For instance,a
high-end,dual-corePentiumIV is now ratedatapeakperformanceof 25GFLOPSwith amemorybandwidth
of 6 GB/second[10]. An Nvidia 8800GTX GPUis ratedat 520GFLOPSwith a memorybandwidthof 86
GB/second[3]. Theseperformancedifferencesarenot merely theoreticallimits. In [9] we comparethe
actualperformanceof CPUandGPUin executinga two-million nodemodelfor photontransportthrough
participatingmedia.On a 1.6GHzPentiumIV, themodelrequired26 minutesto reachconvergence.On an
Nvidia QuadroFX 5500(thearchitecturethatprecededthe8800)thesamemodelrequired50seconds.

Thecostof theseGPUsis low enoughto placethemin theCOTS (commodity, off-the-shelf)category. As
of this writing, thehigh-end8800GTX canbepurchasedfor $600andtheslower 7900GTX for $380.It is
alsoworth notingthatnumerous,non-graphicsapplicationshave have alreadybeenimplementedon GPUs,
andthusa bodyof technique,uponwhich to draw, is beginning to emerge. Thestate-of-the-artasof Fall,
2005,is nicelysummarizedby Owensetal [23].

We will focuson the Nvidia 8800architecture,which representsa signi�cant departurefrom earlierplat-
forms. Special-purposevectorprocessorshave beenreplacedby a largernumberof general-purposescalar
processorsthat canbe organizedfor SIMD operations.Full accessto the �oating point capabilityof the
cardis providedthroughC languageextensionsratherthanthroughthegraphicsAPI. As of thiswriting, the
8800softwaredeveloper's kit (SDK) canonly beobtainedthrougha non-disclosureagreement(NDA) with
Nvidia. PI GeisthasexecutedtherequiredNDA andhasobtainedtheSDK. Softwaredevelopedunderthis
projectwill beopensource,with theexceptionof thatwhich might revealproprietaryNvidia information.
Like thecurrentNvidia graphicscarddrivers,suchcomponentswill befreelyavailablein binary.

Within thesolutionframework proposedfor ourproblem,whereproblemsizeis �rst reducedby colorquanti-
zation,developmentof ahighly parallel,generalpurposeLP solver, basedontheclassicalsimplex algorithm
[32], appearswithin reach.Color quantizationto 256(or fewer) colorsfollowedby a GPU-basedsolution
to LP, mayachieve bothquality andtiming constraintswithout requiringany costlyremappingof all image
colorsto thechosenlandmarkpoints.

Nevertheless,werecognizethatalternativetechniquesmayberequired.Fortunately, alargebodyof literature
on constrainedquadraticoptimizationis available. One particularly interestingapproachwith which we
have hadsigni�cant successin the image-processingcontext [8] is mappingthe target optimizationto an
equivalentproblemof energy minimizationfor a Hop�eld network. Suchnetworks aresynchronous,and
so again the SIMD architectureof the GPU may provide an ideal platform. We notethat the problemof
[8], digital halftoning,mayberegardedasoneof gamutreduction.Energy minimizationnetworksdo have
dif�culty distinguishinglocal minimafrom a globalminimum,and,in any suchapproach,we will needto
considertradeoffs betweenglobaloptimalityandcomputationalperformance.
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D.5 Evaluation

D.5.1 Methodology

We proposean assessmentmethodologybasedon comparisonof viewers' eye movementsduring a color
discriminationtask. Normalviewers' scanpathswill becomparedto thescanpathsof color-de�cient view-
ers,therebyproviding anobjective andquanti�ablemetricof inter-groupdifferencesin viewing patternsof
imagesprior to re-colorization.Scanpathcomparisonwill alsoprovideanimprovementmetricthroughcom-
parisonof de�cient viewers'scanpathsfollowing re-colorization,thusprovidinganintra-groupimprovement
metric.

The basisof our technicalsoftwaredevelopmentis the calculationof a quanti�able metric (akin to corre-
lation) indicatingthedegreeof similarity of thevisualsearchstrategy adoptedby viewerswhenlooking at
animage.Our evaluationrestson two hypotheses.First,we expectinter-groupanalysisto show signi�cant
differencesin viewers' scanpathsover stimuli prior to re-colorization. That is, we expectcolor-de�cient
viewersto exhibit differentpatternsof �xations and�xation sequencesfrom unimpairedviewers.Following
re-colorization,we expectthat this differencewill ceaseto be statisticallysigni�cant. Second,we expect
intra-groupscanpathsto differ signi�cantly beforeandafterstimulusre-colorization.That is, we expectan
observed, quanti�able, improvementin color de�cient viewers' scanpathsover re-colorizedimages,with
their scanpathstendingtowardthoseof unimpairedviewers.

Figure 4: Color discriminationtest imagecontainingnumeraltarget 45 (left), with unimpairedviewer's
scanpathover simulatedcolor-de�cient viewer's image(center),and unimpairedviewer's scanpathover
recoloredimage(right), capturedatClemson'sEyeTrackingLaboratory.

As an example,considertwo scanpathscapturedduring viewing of the color-ambiguousimageshown in
Figure4. Thecenterimageshowsthescanpathof anunimpairedviewersearchingasimulatedcolor-de�cient
viewer's imagefor thehiddennumeral45. Becausethenumeralis dif�cult to detect,theviewer resortsto
a typical “left-to-right-top-to-bottom”strategy, asmaybeexpectedfor anindividual accustomedto reading
English. Theright imageshows thescanpathof anunimpairedviewer performingthesametaskbut over a
recoloredimage.Here,thenumeral45 is easierto detectasre�ectedby thetighterpackingof thescanpath.
Noticehow thisscanpathalsotendsto tracetheouteredgeof thenumeral4 andthenjumpsto thebottomof
5, tracingits outlineupwards.

Thegoalof theproposedmethodologyis to derive a singleobjective metric indicatingthesimilarity of (or
differencebetween)thetwo scanpaths.In this instance,themetricshouldindicatea low similarity in terms
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of theimageloci viewed(�xations) aswell asin theorderof �xations. Notethatthedatashown in Figure4 is
authenticin termsof capturedeyemovements(onequipmentavailableatClemsonUniversity).However, the
inspectiontaskwasstaged—itwasperformedby oneof theCo-PIs.For ecologicalvalidity, color-de�cient
participantswill besoughtto collecttheir eyemovementsovercolor stimuli.

Color discriminationis, at its core,a visual search/visualinspectiontask. Importantcriteria for evaluating
theef�ciency of humanvisualinspectionincludemeasurementsof performance,asindicatedby theviewer's
speedandaccuracy [30]. Theseperformancemetricseffectively summarizegeneraloutcomesof theprocess
of (visual) inspection.In contrast,eye movementscapturedduring visual inspectionprovide visualization
of theinspector'sprocess,andthereforeprovideaninstanceof processmetrics. Importantprocessmeasures
relatedto eyemovementinclude�xation durations,numberof �xations, inter-�xation distances,distribution
of �xations, �xational sequentialindices(orderof �xations) anddirectionof �xations [20]. The utility of
processmetricsrelieson their relationto, or explanationof performance.Thusoneexpectsto �nd a relation
betweenprocessandperformancemeasures.

The creationof a comparative processmetric basedon eye movementsrelies on the developmentof an
algorithmcapableof measuringdifferencesbetweentwo (or more)scanpaths.Thegoalhereis to evaluatethe
correlationbetweendifferentviewers' eye movements.This measurementshouldbecapableof comparing
�xated regionsaswell astheorderof �xations.

Recentadvancesin the researchof low-level visual processeshave led to the emergenceof sophisticated
computationalmodelsof visual search.Thesemodels,operatingon still (andsometimesmoving) images,
modelthe humanvisual system's processesfrom the corneato the striatecortex (e.g.,seeItti et al. [16]).
NotableexamplesincludeWolfe andGancarz's[36] GuidedSearch,OsbergerandMaeder's[22] Importance
Map algorithm,andItti et al.'s [16] attentionalSaliency Map model. Concomitantwith theseefforts, tech-
niqueshave begunto appearthatcomparehuman�xations with thosedetectedautomatically. We intendto
extendonesuchtechniquefor directcomparisonof humanscanpaths.

PriviteraandStark[24] recentlydevelopedamethodologyfor comparingtwo or moresetsof scanpaths.The
comparisonalgorithmreliesontwo importantprocesses:oneof clusteringof �xations for spatialcomparison
of eye movementloci anda subsequentstepof assemblingthetemporalsequencesof �xations into ordered
stringsof pointsfor sequencecomparisonbasedonstringediting. Clustered�xations areassignedcharacter
labels.Two differentindicesof similarity arecomputedbetweentwo strings:Sp, the loci similarity index,
andSs, the sequencesimilarity index. The locationalsimilarity, Sp, betweentwo stringsis the numberof
charactersin bothstringsnormalizedby thenumberof uniquecharactersin thesecond.Notethatthesecond
stringis assumedto bea “groundtruth” againstwhich the�rst stringis compared[2] andthusthemetric is
not symmetrical.

To computethesequentialsimilarity, Ss, theLevenshteindistancealgorithm[19], or stringedit algorithm,
(anoptimizationalgorithm)assignsunit coststo threedifferentcharacteroperations:deletion, insertion, and
substitution. Charactersaremanipulatedto transformonestringto another, andcharactermanipulationcosts
aretabulated.Thecostisnormalizedby thelengthof thesecondstringandcomplemented.Complementation
is necessarybecausethenormalizedLevenshteindistancebetweentwo stringsis zero-based(zeromeaning
they areequal;onemeaningnosimilarity). A one-basedmeasuremodelspercentagesimilarity. To illustrate
thecalculationof bothindices,take for instancetwo stringss1 = abcf ef f gdc ands2 = af bf f dcdf . Since
all thecharactersof s2 arepresentin s1, thetwo stringsyield a loci similarity index of Sp = (5=5) = 1. The
Levenshteindistance(combinedcostof deletions,insertions,andsubstitutions)betweens1 ands2 is 6. Given
thelengthof s2 is 9, thesequencesimilarity index betweenthetwo stringsis Ss = (1� 6=9) = 0:33.
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Privitera andStark's approachto the comparisonof scanpathsis oneof the �rst methodsto quantitatively
measurenot only the loci of �xations but alsotheir order. However, the techniquesuffers from a critical
limitation in that it relieson k-meansclusteringof �xations, requiringa priori knowledgeof thenumberof
clusters.We intendto extendthe methodby incorporatingthe meanshift clusteringtechniqueadoptedby
SantellaandDeCarlo[29]. In general,clusteringstartswith a setof n points: f xi j i 2 1: : :ng; andassigns
oneof k labelsto eachpoint: f ci 2 1: : :k j i 2 1: : :ng: The�rst stageof theclusteringalgorithm—themean
shift—is crucial, as it ordainsthe robustnessof the entireprocess.The processcontinuesby repeatedly
moving a point xi to a new locations(xi), theweightedmeanof nearbypointsbasedon thekernelfunction
K:

s(xi) =
å j K(xi � x j )x j

å j K(xi � x j )
; K(xi) = exp

�
x2

i + y2
i

s2
s

�
t2
i

s2
t

�
:

With eyemovement�xations expressedasxi = (xi ;yi ; ti), ss ands t determinelocalsupportof thezero-mean
spatiotemporalGaussiankernel K(xi) in both spatial(dispersion)and temporalextent. For still images,
the temporaldimensioncansimply be excludedby effectively settings t to in�nity . Unlike with k-means
clustering,themeanshift approacheliminatestheneedfor a priori estimationof thenumberof clustersin a
givenscene.Theonly existing user-adjustableparameteris s s, which canepistemicallybesetto matchthe
extentof thefovealdimensionof thehumanretina(about5� visualangle).

D.5.2 Procedure

Oncescanpathsarecapturedover color discriminationstimuli, we will comparescanpathsof unimpaired
viewersto thoseof color-de�cient viewers. Using the scanpathcomparisonmethodologyoutlinedabove,
our �rst aim will be to establishwhetherthereis a quanti�able differencebetweenscanningbehaviors of
theseusergroups.We will thencomparescanpathsfollowing re-colorizationto estimatethedegreeof color
discriminationimprovementimpartedby the imagemanipulation. We hypothesizethat (a) a signi�cant
differencebetweenthe two usergroupswill emerge,andthat (b) this differencewill be reducedfollowing
re-colorization.

In general,scanpathcomparisoncomplementsthegeneralsetof metricscommonto humanfactorsresearch,
mnemonicallyeasyto rememberastheSEEmetrics:(1) Satisfaction,(2) Ef�ciency, (3) Effectiveness.Sat-
isfactionquanti�essubjectiveusers'impressionsdealingwith suchindicatorsasoperabilityandlearnability
of thegiventask.Satisfactionis asubjectivemeasureandwill playaminor role in ourevaluation.

Ef�ciency andeffectivenessmetricsareobjectiveperformancemeasuresof speedandaccuracy, respectively.
Our scanpathcomparisonmetric is a processmeasure,asis eye movementdatain general.Thenumberof
�xations, �xation durations,andgazeswitchingbehaviors all provide insightsinto the cognitive statesof
theuserduringevaluationtasks.Notethatscanpathsintrinsicallycollectperformancemeasuresby virtueof
encodingspeed(time to taskcompletionobtainedasadifferencebetweenthetimestampof last�xation and
thatof the�rst) andaccuracy (numberof targets�xated).

Evaluationin termsof the proposedSEEmetricswill be conductedin two stages.First, the SEEmetrics
will be obtainedduring prototypetestingat ClemsonUniversity with studentparticipants.We realizethat
thereareinherentproblemswith this samplepopulation(e.g.,they may be naive in this particularcontext
andmay not generalizeto the target color-de�cient population).However, studentparticipants(e.g.,from
thePsychologystudentpool) arereadilyavailableandaresuf�cient for exposingearlyprogrammingerrors
of theprototype.

D-10



Thesecondevaluationstagewill beconductedwith color-de�cient viewers.Thedetailedevaluationplanof
thescanpathcomparisontechniquewill follow theevaluationstrategy suggestedby Stoneet al. [31] andis
outlinedbelow.

The �rst purposeof the evaluationis to establishthe utility of the scanpathcomparisonprogram. We do
not anticipatemajor dif�culties with completionof the computerprogram. The algorithmsfor scanpath
comparisonsarefairly well understood,althoughasfarasweknow disparatein thesenseof nothaving been
assembledin theway we propose.That is, stringediting,�xation clustering,andstatisticalanalysisareall
fairly well understood.Preliminaryevaluationof ourproposedapproachshowedpromise(see[11]). Wewill
tailor this programto evaluatesubstitutionof theNeedleman-Wunschsequencecomparisonalgorithmover
theLevenshteinstringdistancemetric,asperWestetal.'s [35] approach.

The secondpurposeof the evaluationis to establisha methodologyfor color de�ciency assessmentand
improvementfollowing re-colorization.Collectionof SEEmetricswill establisheffectsof re-colorizationas
well asproviding indicatorsfor assessment(e.g.,speedandaccuracy).

Data Collection. Wewill obtainthefollowing usabilitymetricsduringsystemandtrainingevaluation:

1. Subjective

(a) Satisfaction. Adapting the Software Usability MeasurementInventory (SUMI), questionsto
userswill beposedregardingimagequalityandsoftwarecontrol[31]:

i. Learnability. “I canlearnall thefeaturesof this software.”
ii. Helpfulness.“The instructionsandpromptsarehelpful.”
iii. Control. “I sometimesdon't know whatto donext with thissystem.”
iv. Ef�ciency. “If thesoftwarestops,it is noteasyto getbackto whatI wasdoing.”
v. Affect. “I would recommendthissoftwareto acolleague.”

Responsesto suchquestionswill be quanti�ed on a suitableLikert-like (e.g., 5-point) scale.
Thequestionsthemselveswill be tailoredto the tasksidenti�ed in this proposal.Initially, they
will concernsystemusability. Later, they will concernuserlearnability, e.g.,questionsaimedat
evaluatingtheunderstandabilityof re-colorization.

2. Objective

(a) Performancemeasures.

i. Ef�ciency. Time to completetask.
ii. Effectiveness.Numberof color targetsclassi�edcorrectly.

(b) Processmeasures.

i. Numberof �xations. This is anindicatorof targets�xated duringsceneexposure.
ii. Fixationdurations.This is anindicatorcorrelatedwith cognitive function(longerdurations

indicateanincreasein cognitive function).
iii. Attentionalswitching. This is an indicatorof visual attentiondistribution (e.g.,degreeof

focusor inattention).
iv. Scanpathsimilarity. This is themetricfor which theproposedprogramis beingdeveloped.

Thismetricwill provideanindicatorsimilar to correlationbetweenexpertandnovicescan-
paths.Themetricalsocontainsabuilt-in level of statisticalsigni�cance.
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Scanpathsimilarity metricsaresortedandstoredin a table,namedtheY-matrix, having asmany rows and
columnsas the numberof different scanpathsequence�xations to be considered.Scanpathcomparison
valuesfrom theY-matrix (which typically containslarge amountsof data)arecondensed(averaged)and
reportedin two tables,calledParsingDiagrams,onefor eachof Sp andSs indices. The �rst tablereports
Sp statistics,that is, thecorrelationbetweentwo stringsequencesin termsof attentionalloci (thescanpath
sequence,that is the orderof �xations, is itself not consideredin this measure).Sp valuesaregenerally
expectedto be higher thanthe measurereportingon orderof �xations, the Ss value. Eachof the parsing
diagramsreportsseveral correlationmeasures:Repetitive, Idiosyncratic,Local, and Global. Repetitive
valuesreport an individual's propensityto view a speci�c imagein the sameway. Idiosyncraticvalues
reporton thewithin-subjectattentionalscanningtendenciesof individual subjects,i.e., thesevaluesreport
correlationbetweenscanpathsmadeover differentpicturesby the samesubject. For example,in reading
studies,English readerswould be expectedto exhibit high idiosyncraticindicesdue to the adoptedleft-
to-right text scanningstrategies. Local indicesreporton between-subjectcorrelationsof scanningpatterns
over similar stimuli. That is, local indicesreporton differentsubjects'scanpathsover thesamepicture. In
the presentcase,theseare the most importantresultssincetheseindicesdivulge the correlationbetween
unimpairedandcolor-de�cient viewers' scanpathsover the sameimages. Global measuresreporton the
correlationbetweenscanpathsmadeby different subjectsover different stimuli. Shouldthesevaluesbe
highly correlated,thiswouldsuggestthatstimulusimagestendto beviewedsimilarly by differentpeople.

SystemIdenti�cation. The systemto be usedfor eye movementcaptureis the Tobii eye tracker. Color
discriminationscenesshown abovewill form theimagestimulus.

Constraints. Thereare two operationalconstraintsassociatedwith systemevaluation: time andperson-
nel. First, the project is necessarilylinear: programdevelopmentmust be completedbeforeevaluation.
Second,evaluationof prototypesmust be completedprior to evaluationof the productionprogramwith
color-de�cient viewers.Personnelposethesecondconstraint.First, programmersmustbehiredto develop
the program. Second,participantsmustbe selectedfor evaluation. Studentparticipantsarereadily avail-
able,but recruitmentof color-de�cient viewersmay posedif�culties. We will evaluatethe color-de�cient
simulationprogramfor viability asasubstitute,or representation,of thecolor-de�cient population.

UserSelection.Userselectionposessomewhatof anevaluationconstraint,asnotedabove. Ourpreliminary
setof participantswill becollegestudents,althoughwe acknowledgegeneralizabilityproblemsposedwith
this pool of participants,as they arenot necessarilyrepresentative of the color-de�cient population. We
will collect their scanpathsover our set of stimulus images. We will comparetheir scanpathsin terms
of Privitera andStark's [24] classi�cationsof Repetition(sameperson,sameimage),Idiosyncracy (same
person,differentimages),Locality (differentpersons,sameimage),Globality (differentpersons,different
images). We expect to seepositive correlationsin all of thesemeasuresbetweenthe color-de�cient and
unimpairedviewerswhenunimpairedviewerslook at color-de�cient simulations.

TaskSelection.Thecriteriontaskwill consistof viewing acolor-ambiguousimagefor acontrolledamount
of timein searchof ahiddenfeature.As is typical in colordiscriminationtasksperformedby theDepartment
of Motor Vehicleof�ces, viewerswill beaskedto identify a hiddennumeralwithin color regions,asshown
in Figure4.

Evaluation Locale. Evaluationwill beconductedin theeye trackinglaboratoryat ClemsonUniversity. If
recruitmentof color-de�cient participantsbecomesproblematic,we canbring the Tobii eye tracker (with
two laptops)to collecteyemovementdatato largerrecruitingcenters,e.g.,Greenville, SC,or Atlanta,GA.
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D.6 Resultsfr om Prior NSFSupport

D.6.1 PI Geist

PI GeisthasservedasPI 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, 2007.

� 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.

NSFAward0113139,Designand Implementationof a GraphicsSupercomputerfromCommodityCompo-
nentshasabearingon 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.

� 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.
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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[37] is theprincipalopensourcegraphicsAPI in usetoday. Chromium[12] 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.6.2 Co-PI Westall

Co-PIWestallhasservedasPI or co-PIon threefundedNSFproposalsin 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.

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

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

NSFAward0113139,Designand Implementationof a GraphicsSupercomputerfromCommodityCompo-
nentshasabearingon thisproposal.For asummaryof results,seesectionD.6.1.
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D.6.3 Co-PI Duchowski

Co-PIDuchowski hasservedasPI or Co-PIon four fundedNSFproposalsin thepast� veyears.They are:

� Integrating AsynchronousTechnology and Virtual Reality to SupportEducationin Aircraft Mainte-
nanceTechnologyEducation, NSF(ATE throughGreenville TechnicalCollege),GrantATE-0302780,
PI C. Castle,$389,655,2003–2007.

� t écnh: A New Approach to the B.A. Degree in ComputerScience, NSF (CISE/EIA), Grant EI-
0305318,PI T. Davis, $330,000,2003–2006.

� Visual Deictic Referencein a Collaborative Virtual Environmentfor Visual Search Training, NSF
(CISE/ITR),GrantIIS-0217600,PI A. Duchowski, $313,361,2002–2004.

� CAREER:Developmentof anEyeTrackingEducationandResearch Programat ClemsonUniversity,
NSF(CISE/HCI),GrantIIS-9984278,PI A. Duchowski, $212,022,2000–2003.

NSFAwards0302780and9984278havehavedirectbearingon thisproposal.

SelectedPublicationsResulting fr om Awards 0302780and 9984278. Approximately30 journalor con-
ferencepapersor otherpresentationsand1 textbook have beenpublishedby Co-PI Duchowski relatedto
eye tracking,with about20 papersresultingdirectly from NSFawards.Of these,5 papersmostrelevant to
thecurrentproposalhave beenselected(seeRelevantPublicationsin Co-PIDuchowski's Biosketch). The
9984278(CAREER)award(recentlyterminated)bearson thisproposalsinceit establisheda foundationfor
eye trackingresearchandeducation.Award0302780is relatedto thisproposalsinceit involvedpreliminary
eyemovementcomparisonstudiesin thecontext of feedforwardtraining.

Summary of Important Applications. Thetwo mostrelevantimportantapplicationsinvolveourprevious
�ndings of positive training effect of scanpath-basedfeedforward training (presentedat CHI 05 [28]) and
our (ongoing)developmentof scanpathcomparisonalgorithms(posterpresentationatAPGV 06 [11]).

Ourwork onfeedforwardtraininghasshown thatsuchtrainingin�uences�xation duration.Trainingbene�t
wasobservedin improvedaccuracy, leadingto aclassicspeed-accuracy tradeoff. Thetrainees'slowerpaced
inspectionstrategy may have stemmedfrom a more deliberatetarget search/discriminationstrategy that
requiredmoretime to execute.

While our work on scanpathcomparisonis not aswell developed,we believe we have gatheredsuf�cient
experiencein signalanalysis(e.g.,seeDuchowski's [6] chapteron velocity-basedeye movementanalysis)
to pushthesetechniquesfurther.

D-15


