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Figure 1: By allocatingtwo visualexperience®f ordinary stereoscopidisplayto differentaudienceswe r stly accomplistseamlessisual
sharingbetweercolor visionde ciencies(or colorblindnessyand normal-visionaudiences.Our systensynthesizean image pair froman
inputimage. By wearingthe steroscopiaglassesCVD audiencesan identify the original indistinguishablecolors. Without wearingthe
stereoscopiglassesnormal-visionaudiencesre presentedvith original colors simultaneouslyvithoutbeingaware of the change of visual

content.

Abstract

Approximately 250 million peoplesuffer from color vision de -
cieng (CVD). They canhardly sharethe samevisual contentwith
normal-visionaudiencesln this paperwe proposethe rst system
that allows CVD and normal-visionaudiencedo sharethe same
visual contentsimultaneously The key that we can achieve this
is becausehe ordinarystereoscopidisplay (non-autostereoscopic
ones)ffersuserdwo visualexperiencegwith andwithoutwearing
stereoscopiglasses) By allocatingone experienceto CVD audi-
encesandoneto normal-visionaudienceswe allow themto share.
Thecoreproblemis to synthesizeanimagepair, thatwhenthey are
presentedbinocularly CVD audiencegandistinguishthe original-
ly indistinguishablecolors; andwhenit is in monocularpresenta-
tion, normal-visionaudiencesannotdistinguishits differencefrom
theoriginal image.We solve theimage-pairecoloringproblemby
optimizinganobjective functionthatminimizesthe color deviation
for normal-visionaudiencesandmaximizeshecolor distinguisha-
bility andbinocularfusibility for CVD audiences.Our methodis
extensiely evaluatedvia multiple quantitate experimentsandus-
er studies.Corvincing resultsareobtainedn all our testcases.
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1 Introduction

Peoplesuffering from thecolor blindnessor colorvisionde ciency
(CVD) areusuallynot ableto clearly discriminatecertaincolors,
leadingto misunderstandingnconveniencepr evendangerin dai-
ly life. Thereareapproximately250 million CVD peopleworld-
wide [Wong201]. Ninety-ninepercentof the CVD peoplearein-
bornandthereis no medicalcure,unfortunately It hasbeenfound
thatCVD is usuallyhereditarny Sharpestal. 1999. In otherwords,
it is commonfor a family to have mostly normal-visionmember
s anda very few CVD members.However, existing digital visual
entertainmensystemsincluding computergames,movies, or TV
usuallydo not careor arenot aware of the CVD audiences.This
leadsto aninconvenientscenarigdhatnormal-visionandCVD fam-
ily membersnaynotbeableto sharethesamevisualcontent.Such
sharinginconvenienceis even morecommonin working erviron-
ment.

Oneway to discriminatecolorsin daily life is to wearthe tinted
glasses. They amplify the red-greencolor differencewhile Iter
away the others[Sheedyand Stocler 1984. However, the visual
experienceof wearingtinted glassess not comfortable,and they
may potentiallyimpair the depthperceptionof users[Hartenbaum
andStack1997. For digital visual contentpresentedia adisplay
recoloringtechniqgueg§Rascheet al. 2005a Jefersonand Harvey
2007 Huangetal. 2007 canbe applied. Severalapproachebave
beenproposedo modify the colorsin imageto maximizethecolor
distinguishabilityfor CVD individuals. Eventhoughsome[Huang
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etal. 2007 Kuhnetal. 20083 Huanget al. 2009 try to minimize
thedeviation from theoriginals,thechangen color remainssignif-

icant,andhencethe resultanimagesareno longershareablavith

normal-visionaudiences.Recentworks [Sajadiet al. 2013 Chua
etal. 2019 begin to considetthevisualsharingneed.However, the
texturepatternintentionallyintroducedby Sajadietal.[2013 is no-
ticeableto normalvision audiencesColorblessmethod[201] in-

troducesbvious“f alsecontour’artifact(to bothCVD andnormal-
vision audiencesyvhenappliedto naturalimages(Fig. 12). Intro-

duction of additionalcontour(patternor falsecontour)shouldbe
avoidedasaudiencesannotdifferentiatesuchundesirableontent
from the originalimagecontent.

In this paper we proposea method to synthesizethe color
discriminable and undesirable-contentree imagesthat can be
sharedwith CVD audienceswithout the normal-visionaudiences
noticing the change. This soundsunachieable, but with an extra
displaychannelon popularandlow-coststereoscopidlisplay this
becomedeasible.Humanbinocularvision systemcanfusethe vi-
sual contentfrom both eyesinto a single percept,via a comple
nonlineameurophysiologicgbroces§MacMillan etal. 2007 Bak-
eretal. 2007. In otherwords,thevisual perceptiorof the binocu-
lar presentatiomf adichopticimagepair (two views aredifferentin
color)is differentfrom thevisualperceptiorof amonoculapresen-
tation of the blendingof two views. Thesetwo differentvisual ex-
periencesanbeallocatedto the CVD andthe normal-visionaudi-
encesseparatelysothattwo typesof audiencesanshareghesame
visual content. Our con guration is illustratedin Fig. 1. While
thenormal-visionaudiencegansimply watchthe 2D imagesvia a
stereoscopidisplayasusual(without wearingary glasses)CVD
individual hasto wearshutterglasseor polarizedglassedo view
theimagepair thatmaximizesthe color distinguishability

To make suchcon guration feasible,the inputimageis fed to our
systento synthesizenimagepair thatcanmaximizethe color dis-

tinguishabilityfor CVD audiencesvhendisplayedinocularly and
atthe sametime, the averageof theleft andrightimagess equiva-

lentto theinput. We formulatetheimagepair synthesigproblemas
an optimizationproblemthat simultaneouslymaximizesthe color
distinguishabilityof the imagepair for CVD audiencesandmini-

mizesthe deviation of the left+right averagefrom the input. How-

ever, thereremainsachallengehatthe synthesizedmagepair may
not befusible (binocularrivalry), whentwo views aretoo different
from eachother Yangetal. [2019 proposeda metric to predict
the binocularfusibility. We male an attemptto re ne and apply
this metric to suit CVD audiencesduring the optimization. With

our approachwe arethe rst to achieve “seamless'visual sharing
betweenCVD and normal-visionaudiencesnot just on toy-case
images but alsochallengingnaturalimagesthat containexcessie

amountof confusingcolor pairs. In addition, we proposea novel

CVD calibrationmethodthatallows usto tailormadetheimagepair

synthesidor differentCVD individualsaccordingto their typeand
severity of color blindness.Our resultsof varioustypesof images
arevalidatedvia multiple quantitatve experimentsanduserstudies.
Our contritutionscanbe summarizeasfollowed.

While thereexist attemptsto achieve visual sharingbetween
the CVD andthenormalaudienceswe arethe rst to achieve

“seamless”visual sharingwithout the normal vision audi-

encesbeing aware of the changeof visual content. We are
the rst to demonstratehe seamleswisual sharingof chal-

lengingnaturalimages with mary confusingcolorssimulta-
neouslyexistingin the samemage.

We arethe rst to utilize the computercontrolled binocular
display systemsgo tailor-madethe color discriminationsolu-
tion for eachCVD individual.

We also proposea novel calibrationmethodto measurehe
severity of differentCVD individuals.

2 Related Work

Humansperceve color via threekinds of conecellsin our retina,
with their spectrakensitvities peakat differentwavelengths How-
ever for the CVD individuals, onetype of conecells mutatesand
its spectralsensitvity peakshifts towardsthat of anothertype of
conecells. Detaileddescriptionof this phenomenorcanbe found
in [Machadoetal. 2009.

TostudyCVD, severalmodelsof CVD have beenproposedo simu-
latethevisualexperience®f the CVD individuals.Notethat,there
aredifferenttypesof CVD, includingprotanopiageuteranopiand
tritanopia. Eachtype of CVD canhave differentlevels of severi-
ty. Basedon theexperimentsof unilateraldichromatd Grahamand
Hsia1959 Judd1949, Bretteletal. [1997 andMeyer andGreen-
berg [1989 calculatedthe projectionof a given color for differ-
enttypesof dichromag. Accordingto the two-stagemodel[Judd
19664, Machadoet al. [2009 proposeda uni ed modelthat can
simulatedifferenttypesof dicromatswith differentlevelsof sever
ity. In our work, we adoptthis simulationmodel.

Optical Approach With thesesimulation models, several ap-
proachehave beenproposedo assisthe peoplewith CVD in dis-
tinguishingcolors. The existing approachesan be roughly clas-
si ed into two main cateyories: optical approachand recoloring
approachOpticalapproactHovis 1997 requirestheuserto wear
aphysicaltintedlensto Iter certaincolorsin orderto amplify the
color difference.However, the tinted lensmay unnecessarilyiter
away color (andhenceinformation)that CVD individualscanwell
distinguishevenwithoutthelens.

Recoloring  Ontheotherhand,recoloringapproachs mainly for
displayingdigital visual content. The basicideais to globally or
locally recolorthe visual contentin orderto avoid ary color com-
positionthat CVD individualscannotdistinguish.Lau etal. [201]]
redistrituted colorsin tamget color spaceby optimizing the distin-
guishability of CVD audiences.However, their solutionis limit-
edto colorsexisting in the projectedoriginal image. Laccarinoet
al.[2004 recoloredvebpagesdy increasinghecontrastandlight-
nessaccordingo thecustomizegarameterslefersonetal.[2006
2007 developeda userinterfaceto allow usersto specifythetype
of CVD they belongto andadjustshe parameteto distinguishcol-
ors. However, sincethesesystemsequireusergo explicitly control
the parametersthe quality of recoloringresulthighly dependson
theskill of users.Basedonthe Kondos model[199(, Ichikawa et
al. [2004 proposeda methodto automaticallyrecolorthe images
to compensat¢he lossof color discriminationof CVD audiences.
Rascheetal.[2005a 20051, Wakitaetal.[2005 andMachadcand
Oliveira[201Q presered the contrastbetweenall pairs of colors
andmaintainsluminanceconsisteng via optimization. The above
automaticmethodsonly considerthe CVD audiencesduring the
recoloring,the colorsin the resultantimagesmay largely deviate
from the original, and hencethe resultsare hardly shareablevith
thenormal-visionaudiences.

Visual Shareability = Recenworksattemptto achieve suchshare-
ability betweenCVD and normalaudiences.Huanget al. [2007,
2009 andKuhn[20084 minimizedthedeviation of colorsfrom the
original. This relievesthe problembut doesnot really sohe it, be-
causehecolor deviationremaindargeto avoid confusingthe CVD
audiences.Hung and Hiramatsu[2013, and Sajadiet al. [2013
proposeda visualizationmethodto overlay patternsover the color
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regionsto assistCVD audiencesHowever, theintroductionof ad-
ditional contourg(texturein this case)onfusesothCVD andnor
malaudienceasaudiencesiolongercantell theintroducedpattern
belongsto the original imageor senes for differentiatingcolors.
Color discriminationfor CVD audiencesand preseration of the
samevisual contentfor normalvision audiencess alwaysadilem-
ma, for a single-imagecon guration. With an extra displaychan-
nel of stereoscopiclevices, we proposeto synthesizémagepairs
thatallow CVD audienceso distinguishcolors(by wearingstereo-
scopicglasses)without normal-visionaudiencegwithout wearing
ary glassesyware of the changein image. IndependentlyChua
etal. [2015 proposeda guidelineto highlight confusioncolor re-
gionsfor CVD audiencesisingbinoculardisplay Their methodis
basedon lustereffect [Howard 2003 and modi es the luminance
channellone,to provide threecomfortableanddistinguisabldus-
terlevelsonly. Their applicationto naturalimagesis questionable
astherecanbe much more confusioncolors simultaneouslyexist
in the sameimage. Falsecontoursfrequentlyappearwhen their
methodis appliedon naturalimages(Fig. 12). As their methodis
basednthelustereffect, they utilize thenon-fusibility of binocular
vision to discriminatecolors. In contrastour methoddoesnotrely
onthelustereffectandwe wantto avoid the discomfortcausedy
the non-fusibility.

Sofar, mostpreviousmethodsarenot tailormadesolutions asthey

do not measurehe CVD severity of eachindividual. In contrast,
our solution canbe preciselycalibratedfor eachCVD individual,

regardlesf his/herseverity andhis/hertype of CVD.

3 Overview

Oursystemoverview is illustratedin Fig. 2. It consistof anof ine
andanonlinephasesTheof ine calibrationis a one-of step,and
shouldbeperformedncefor eachCVD audiencéSectiord). Dur-
ing the online recoloringphase(Section5), our systemsimultane-
ously preserescontrastsn two domains,onefor CVD audiences
andone for normal-visionaudiences.Given an input image, our
systemsynthesizesn imagepair that maximizesthe color distin-
guishability for the characterizedCVD audiencesvhendisplayed
binocularly and at the sametime, minimizesthe deviation of the
averageleft andright imagesfrom the input, for normal-visionau-
diences As CVD audiencesrefed with imagepair, we enclosehe
imagepair with a gray boundary(asthe onein Fig. 2) to indicate
this, from now on.

We formulateour recoloringasan optimizationproblem.It adjusts
thecolorsto optimizefor anobjective functionthatconsiderghree

factors:minimizationof the color deviation betweentheinput and

theblendingof left andrightimageqdeviationterm); maximization
of the chrominancelistinguishabilityfor CVD audienceqdistin-

guishabilityterm), andthe binocularfusibility for CVD audiences
(fusibility term). We rst presentglobal color mappingapproach,
andthenwe extendit to alocal method soasto enlagethesolution

spaceandpresere delity .
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Figure 3: Calibrationinterface (a) Theinitial color pair. (b) Just-
distinguishablecolor pair.

4 Calibration

In this paper we adoptthe CVD simulation model proposedby
MachadoandOliveira[2009 dueto its nice featureof luminance
preserationthatfacilitatesour subsequermtomputation.The color
de ciency canbemodeledasa color projection,

2 3 2 3
Xcwp X
Ycvp 5=T7T 4vY5 : Q)
Zcvp Z

whereT isa3 3 color projectionmatrix; X, Y, Z arethe color
values;while X cvp , Yevo , Zevo  arethe color valuesperceved
by the CVD individual. In otherwords,the type andseverity of a
CVD individual canbesufciently characterizethy T. Hence the
goalof our calibrationis to determinel for eachCVD individual.

To do so, thetamet CVD individual takes partin a simple experi-
mentmodi ed from Farnsworth-Munsell100 huetest[Farnsvworth
1957. The original Farnsworth-Munsell 100 hue test is time-
consumingandtedious. Even worse, the usercanlearnfrom the
pastexperiencewhich harmstheaccurag of thetest. Fig. 3 shavs
theinterfaceof ourtest. Eachtime it shavs a pair of color patches.
Initially, the two patcheshave the samecolor Ca . By moving the
scrollbar, userscanmove thecolor of right patchaway from its ini-
tial color, andtowardsanothercolor Cg . Thecolor pair (Ca, Cg)
is randomlychoserfrom Farnsworth-Munsell100 huetest. Users
areasledto graduallymove the scroll bar until he/shgust notices
thetwo patchesaredifferent.C; (theleft color)andCjp (theright
color) form thejust-distinguishableolor pair. In otherwords,we
canslightly move C;p backtowardsC; to constructa confusing
colorpair(C1, Cz),whereC, = C;+ (1 )Cyp and =0.0001.
ThetargetCVD individual cannotdistinguishC, from C1, andour
systemrecordsthis confusingcolor pair for determiningT. This
procesgepeatsuntil the systemcollectssufcient numberof con-
fusingcolor pairs.

For eachconfusingcolor pair (C1, C2), CVD individual cannot
distinguishthem. Mathematicallyit means,

2 3 2 3
Rl R2

T 4G 5=T7 4G, 5; (2)
Bl BZ

where(R1, G1, B1), and(R2, G2, B») areRGB valuesof C; and
C,, respectrely. This meanseachconfusingcolor pair givesusa
setof 3 equations. With 9 unknavnsin T, 3 confusingpairs (9
equationspresufcient for determiningT . In practiceswe collect
10 confusingcolor pairsfor betteraccurag. In addition,asstated
in [Machadoet al. 2009, eachelementin T hasits own rangeon
values(SectionS5 of the supplement)andthe sumof eachrow of
T mustbeequalto 1. Togethemith theseconstraintsandcollected
confusingpairs, we solve for a moreaccuratel in a least-square
manner
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Figure 4. Effectivenessf deviationterm. (a)&(d): Inputimages.
(b)&(e): Theavelage of resultantleft andright imageswithoutthe
deviation term. (c)&(f): With the deviation term, the difference
betweerinputsand the avelage becomewvery small. Theleft and
right images befoe blendingcan be foundin Fig. S3& S5of the
supplement.

5 Recoloring as Optimization

Synthesizingcolor-distinguishablémagesfor CVD audiencess a
problemto recolorimagesin a lower-dimensionalgamutwith the
goal of preservingcontrast. In this regard, it is a dimensionre-
duction problem. Several methods[Goochet al. 2005 Neuman-
n et al. 2007 Grundlandand Dodgson2007 Kuhn et al. 2008h
Lu et al. 2013 have beenproposedfor the color-to-gray prob-
lem (a related,but not the sameas our problem). In particular
Rascheetal. [20050 synthesizedmagesfor CVD audiencesising
a constrainednultidimensionabkcalingtechnique However, exist-
ing methodsonly synthesizea single outputimage. They do not
considerthe binocularperceptionasin our caseandthereforenot
applicable.

To synthesizeheimagepairfor CVD audiencesye formulatethis
imagesynthesisasan optimizationproblemthat optimizesan ob-
jective function. In our visual sharingapplication we needto min-
imize the color deviation of the blendingof left andright images
from the original input, so that normal-visionaudienceswvithout

wearingary stereo-glasseare not aware of the color differences.

Simultaneouslywe want to maximizethe color distinguishability
andbinocularfusibility of theleft andrightimageswhenthe CVD

audiencess presentedvith the dichopticimagepair. Thesethree
requirementgorrespondo thethreeenepgy termsin the objective

function, the deviation (Eq), the distinguishability(E.), and the
fusibility terms(E ). Thewholeobjective functionis de ned as,

minf 1Eq+ 2Ec+ EfQ: 3

All termsEy, Ec, andE; arefunctionsof the inputimagel , f
andfr, wheref_ andfgr arethe mappingfunctionsof | to the
left fL (1) andtherightfr (1) imagesrespectiely. 1 and » are
weights.

Image Pair Synthesis Model Wemodelthemappingf . andfr
asa nite multivariatepolynomialfunction[Lu etal. 2013. That
is, we Taylorexpanda continuousfunctionf as

P
f(l)= Lioi(1); 4)
i=0

where (1) is the nite multivariate polynomial function. We
want to obtain the optimum mappingf. and fr by seeking
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(a) input (b) CVD (c) result gradient in
gradient simu. of (a) CVD simulation
(d) input (e) CVD (f) result gradient in
gradient simu. of (d) CVD simulation

Figure5: Effectivenessf distinguishabilityterm. (a)&(d): Gradi-
entmagnitudesof theinputimages(normalvision). (b)&(e): Gra-
dient magnitudesof input asin CVD simulation. The contrast of
edgesbecomeseryweak(especiallyin theswirl example).(c)&(f):
Gradientmagnitudesof our resultantimage pairs asin CVD sim-
ulation. Edge structuesin both eyesare well preservedn both
cases. Theoriginal images can be foundin Fig. S3& S8of the
supplement.

their Taylor parametersets | = fli;15;:::gand r =
fl 1;!15;:::9. High-orderparametersre closeto zero as high-
order n'scorrespondo high-frequeng information.

In our application,we keeponly the rst nine componentdy set-

originalimagel containghreecolorchannelsg;, ¢; andcs in RG-
B color space Eachcolor channebf a pixel in thesynthesizedm-
ageis formulatedasthelinearcombination ; (1) of 9 components,
fC1;Co; C3;C1C2; C1Ca; C2C3; CF; C3; c3g. With 3 color channelsand
2 views, theseadd up to 54 weights! 's to estimate.As the same
setof | 'sis appliedto thewholeimage,changingheseparameters
only causessmoothcolor changeacrossthe images.Hence false
contourartifactsasin othermethodsever appeaitn ours.

Deviation Term ThedeviationtermE q is introducedor normal-

vision audiencesas they look at the stereoscopidisplay (non-

autostereoscopiones)without wearingary stereoscopiglasses.
Effectively, they obsenre the linear blending(averagein our case)
of theleft andtherightimages.Hence this deviation termis intro-

ducedto minimizetheperpixel color deviation of the blendingand

theinputimages.lt is simply de ned as,

1 X
N N

Eq = kG(pr:pf) pik (5)

whereN is the total numberof pixelsin theinput| andp! is the

pixel valueat positioni, andp- andpl® arethecorrespondingixel

valuesin theleft andright imagessynthesizedvith the parameter
sets ( and g, respectiely. FunctionG is the linear blending
functionwhich dependsn the stereoscopidisplaydevice. In our

caseG is theaverageof p- andpf.

Fig. 4 demonstratethe signi cance of this deviation term. With-

out the deviation term, the blending of left and right images
(Fig. 4(b)&(e)) mayhave anobsenrablecolordifferencevhencom-
paredto the input (Fig. 4(a)&(d)). In contrast,by introducing
the deviation term, we can effectively suppresghe differencein

Fig. 4(c)&(f) (thecorrespondindeft andrightimagescanbefound
in Fig. S3& S5 of the supplement).This meansthatthe normal-
vision audiencegnay not be aware of the difference,and hence
accomplishedalf of our visual-sharingyoal.

Distinguishability ~Term The color distinguishabilityterm E
andthebinocularfusibility termE¢ (explainedshortly)aretailored
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Figure 6: Effectivenes®f fusibility term. Top row of (a)&(c) showthe resultantimage pairs without the fusibility term. Thecontrastand
contourdifferencesare color-codedin greenand red, respectivelyin the bottomrow of (a)&(c). After introducingthe fusibility term, the

discomfortzonesare signi cantly reducedn (b)&(d).

for CVD audiencesasthe visual contentis presentedo themin a
dichopticmannervia the stereoscopidisplay device. The distin-
guishability term aims at preservingthe structuralinformationin
theinputduringthe synthesiof theimagepair. Notethatwhenthe
imagepairis percevedby the CVD audiencesye neecto presere
thecontrasin thesimulatedcolor spaceof CVD audiencesThisis
wherewe utilize the personalizegbrojectionmatrix T. Thetermis
de ned as,

X
Ee= L7 (ST priph)+S(T pRip): ()

N
N

wherethe projectionmatrix T projectsa pixel color from thecolor

spaceof normal-visionaudiencego the simulatedcolor spaceof

thetargetCVD audiencesFunctionS(x; y) measurethestructural
similarity of x andy. Here we adoptfrom thestructureandcontrast
termsof SSIM [Wangetal. 2004 andde nedit as,

2xy+
g+ g+

S(x;y) = ; (7)

where

xy = . (xi (i y); (8)

and arethe standarddeviation and the meanwithin the local
neighborhoodrespectiely; n is the numberof pixels in the lo-
cal neighborhoodandthe small constant = 0:0009 avoids the
division-by-zero.Theabore designminimizesthe structuraldiffer-
encebetweerimagegercevedby normal-visionaudiencesindthe
CVD audiencesFig. 5 demonstratetheeffectivenesof ourdistin-
guishabilityterm. To visualizethe structuralinformation, we plot
thegradientsof theinput (in RGB color spaceandthe synthesized
image pair (in simulatedCVD color space). The contourof the
swirl (Fig. 5(a)) becomesardto seewithout the distinguishabili-
ty term (Fig. 5(b)). On the otherhand,with the distinguishability
term, we caneffectively presere the structuralinformationin the
simulatedCVD colorspaceandhenceallow the CVD audienceso
distinguishcolors(Fig. 5(c)&(d)).

Fusibility Term As the image pair is presentedn a dichoptic
mannerthisleadsto therisk of binocularrivalry. Thisphenomenon
happenswhen the left and right imagesdeviate too much (e.g.
strongstimulusandtoo mary unmatchedcontours)and our brain
cannotfusetheminto a stablesinglepercepfLei andSchor1994.
Yanget al. [2017 proposeda metric calledbinocularvisual com-
fort predictor(BVCP) to measurehe potentialof binocularrivalry.

We adoptthe BVCP in designingour binocularfusibility termand
de neit as,

1 X
Ef = N (Bcf(T;pg';p?)
N 9)

+Brc(T;piL;piR));

wherefunctionsB andB,. measurehe contourfusion discom-
fort andthe regional contrastdiscomfortin [Yangetal. 2013, re-
spectvely. B¢ measureshe discomfortcausedby the fusion of
thecontourdifferencebetweertheleft andrightimageswhile B ¢

measureshe discomfortcausedy the fusion of the contrastdif-

ferencebetweenthe left andright images. Differentfrom Yang's
designwhich takesthresholdson the discomfortvalues,we mini-

mizethesediscomfortvaluesin our optimizationformulation. The
two functionsarede ned as,

Be(Tiphip¥) = 2k (T p) (T pk (10)
p2 ( ph) p2 ( pR)
and
1 X
Ber (T;pr;p1) = i (T p (T pk; (11)
p2 ( p+) p2 ( pR)

where ( pi) isthelocalneighborhoodenterectp; whichapprox-
imatesthe projectedfusional area. We assumeusersare viewing

thelaptopdisplay(asin all our experimentsjandsetthesizeof this

neighborhoodas11 11 pixels. Function returnsthe luminance
perceved by CVD audiences.As we adoptthe simulationmod-
el proposedcby MachadoandOliveira[2009, the sameprojection
matrix that projectsRGB to opponent-colospacecanbe applied
to both the CVD simulatedand original imagesto obtainthe lu-

minance becauseheir modelensureghe luminanceperceved by

CVD audiencedrom the original imageis the sameas that per

ceived by normal-visionaudiencedrom the simulatedimage. The
detaileddescriptionon computing canbefoundin SectionS5 of

the supplement.Fig. 6 compareghe resultssynthesizedvith and
without the fusibility term. Here,we colorcodethosepixels that
have high contrastifferencesandcontourdifferencesn greenand
red,respectrely. We canseethattheintroductionof fusibility term
cleansup thosediscomfortzoneg(Fig. 6(b)).

Note that we perform mostcomputationin Lab color space asit
is moresensiblefor perceptuameasuremenBut the personalized
CVD simulation(T pi) hasto be rst computedn RGB spaceas
thecalibrationis conductedn RGB space.



(a) input (b) CVD (c) global result
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(d) local result (e) global + local result
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Figure 7: Local and global mappings.(a) Theinputimage asin
normalvision. (b) CVD simulation. (c) Globally mappedesultas
in CVD simulation.Fail to distinguishcertaincolor region. (d) Lo-
cally mappedesultsasin CVD simulation.Halo artifact is observ-
able (e) Globally+locally mappedresultsasin CVD simulation.
() local blown-upof (d). (g) local blown-upof (). NowCVD audi-
encescandistinguishall differentcolor regions, with a signi cant
reductionof halo artifact.

5.1 Local Mapping

So far, the mappingwe discusseds a global one. It is not spa-
tially varying. In very rare scenariosthe global constraintis too
strongto producea goodsolution. Fig. 7 shavs the blown-up of
onesuchexamplewherethe global mappingfails to synthesizean
imagepair with sufcient color distinguishability It happensvhen
theindistinguishableolor patchescattereaver theimageandthe
color compositionsareinterconnectedThe solutionspacecanbe
signi cantly enlagedby relaxingthis global constraintto a local
one.

The proposedmethodcanbe easily extendedto local mappingby
applyingthe samemethodto local regionsinsteadof thewholeim-
age. To do so, we randomlydistributet seedsover theimageand
apply our metgodto the region centeredat eachseed. The region
sizeis setto 3 hw=t, whereh andw arethe heightandwidth of
inputimage,respectiely. This settingensuresachpixel is cov-
eredby 3 regionsstatistically Obviously, we would like the local
parametesetof the u-th local region, ' and {, aresimilarto
ary regions overlappingwith it. Hence,we candesigna new s-
moothnessermEs as,

1 X

E5=K

(k ' VYk+k g %K); stu;voverlap (12)

uv

whereu andv areregionsthatoverlapandK is thetotalnumberof
combinationof region overlapping. Hence,our objective function
is modi ed asfollows,

minf 1Eq+ 2Ec+ 3E; + EsQ: (13)

where ; areweights. The overall mappingfunctionf is modi ed
to be the averageof local mappingfunctionsf;. For eachpixel

(a) Input (b)y=0.8

(c)y=0.5 (d)y=0.2

Figure8: Tradeof betweerglobal consistencyandlocal variation.
(a) Theinputimage. (b) Resulteftimagewhen = 0:8. (c) Result
leftimagewhen = 0:5. (d) Resultleftimagewhen = 0:2. The
resultright imagescanbefoundin Fig. S10of thesupplement.

locationx, we overloadthe notationf anddenoteit asthe overall
mappingfunctionatthis locationas,

1 X
Fey=1  filo; (14)

Fig. 7(d) shavs the recoloringresultsynthesizedy this local ap-
proach. Halo artifact (the unnaturalcolor changesurroundingthe
strongboundaryappearssaresultof colorinconsisteng fromthe
globalperspectie. Besidesiwo isolatedregionsof the samecolor
may resultin color difference,usingthis local approach(e.g. the
colors of the top and bottom greenregionsin Fig. 8(b) aredrift-
ed apart). To reducethe color inconsisteng, we cancombinethe
local andglobal mapping. The changeis only on the construction
of the overall mappingfunctionf . For eachpixel location,if it is
overlappedy k regions,its overall mappingfunctionis de ned as

f)=@ )+ ), (15)
wheref °andf “arethe globalmappingandlocal mappingrespec-
tively. Parameter weightsbetweerthe globalandlocal mapping.
Fig. 8 visualizesthe effects of different values. Throughoutall
our experimentswe set =0.2,i.e. a higherweighton the glob-
al mappingfor maintainingthe color consisteng By combining
thelocal andglobalmappingandoptimizingthemtogetherwe en-
largedthe solution spacewhile maintainingthe color consisteng.
Theresultis furtherimproved andno moreobsenrablehaloingnor
colordrift exists (Fig. 7(e), Fig. 8(d)).

We solve theoptimizationwith atypical gradientdescenapproach.
We calculatethe enegy functionin Eq.(13), take the derivative to
the Taylor parameters ;, stepforwardalongthe tangentdirection,
andrepeathis processuntil theenegy valueconverges. It maytake
10to 100iterationsto cornverge, dependingon imagecontent. To
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Figure9: Scoeagainst 1, » and 3. X axisrepresents 1, whiley axisrepresents , andz axisrepresentscoe. Four instanceof 3 are
plotted.More detailscanbefoundin Fig. S17,518& S19of the supplement.

reducethe chanceof beingtrappedby local optimum,we perform
multiple times of gradientdescen{50 timesfor all experiments),
eachwith a differentinitial point. The onewith the minimal en-

ey is selectedasour result. Sinceour currentimplementations

not optimizednor GPU-parallelizedjt takes 1 to 10 minutesfor

optimizinga 1M-pixel image.It canbesigni cantly spedup by ap-

plying speed-optimizedolver togetherwith GPU accelerationas
mostcomputatiorcanbe straightforvardly parallelized.

5.2 Estimating Energy Weights

The enegy weights( 1, 2, 3) of the objectve functionin E-
g.(13) areestimatedsia auserstudy sothatthe samesetof weights
are universally applied. We samplethe 3D weight spaceof ( 1,

2, 3)with 1, 2, 32 [0:01;100] For eachsamplepointin
the weight space we optimizedthe correspondingbjective func-
tion in orderto synthesizehe imagepairs (30 imagesfrom a rich
variety of visual contentare selected). Then, twenty participants
areinvited in this weight estimationphase.Half of themare CVD
audiencesindtherestarenormalvision audiencesfor CVD audi-
encesthey have to wearthe stereo-glassesndare presentedvith
the synthesizedmagepairsin dichopticmode. They were asled
to gradeeachsynthesizedmage pair with a single score([1,10],
with 10 beingthe best)by collectively consideringboth the color
distinguishabilityandthe binocularfusion comfortability For nor
mal vision participantsthey weremonocularlypresentedvith the
synthesizedmages,aswell asthe original images,andare asled
to gradethe synthesizedmagesin termsof deviation from the o-
riginals (alsoin thescaleof [1,10]). The nal scoreof eachsample
pointin ( 1, 2, 3)spacestheaveragescoreofall participanton
all correspondinglysynthesizedmagepairs. Fig. 9 shavs there-
sult. Sincetheweightspaces 3D, we visualizetheresultby xing

3 atdifferentinstancesWe foundthatthe optimalweightscanbe
foundat (1,1,1). For this setof weights,the standardieviation (S-
D) of scoregjivenby normalaudiencess 0.85andthe SD by CVD
audiencess 1.52,which arerelatively small. Hence,we x edour
weightsas(1,1,1)for all experiments.Notethatour resultsarenot
verysensitve to thechoiceof weights,i.e. two resultsfrom two sets
of slightly different ; valuesaresometimewisually quite similar.
This canbe obseredin Fig. 9. Eventhoughthe graphsareplotted
againstthe naturallog of i, the audiencescoresof adjacent ;
setsarestill quite similar.

6 Results and Discussion

To evaluatethe effectivenessof our method,we relied on visual
comparisorand multiple quantitatve experimentsaswell asuser
studieswith bothCVD andnormal-visionaudiences.

Visual Comparison  Firstly, we visually presenbur synthesized
image pairs, by taking the most severe caseof protanopiaas our

targetCVD audience$or generatingesultspresentedh this paper
Dueto thespacdimit, resultsfor othertypesof CVD audiencesind
otherdegreesof severity canbefoundin Fig. S11to S160f thesup-
plement.Fig. 12 compareur resultswith our competitors.Both
drawing (including testimagefrom Ishiharatest) and real photo-
graphexamplesareevaluated.All testimagesexhibit atleastone
or multiple regionsthat CVD audienceshasa dif culty in distin-
guishingcolors. Two state-of-the-amnethodproposedy [Huang
etal. 2009 and[Chuaetal. 2015 arecomparedTheformerrepre-
sentghetraditionalsingle-imageecoloringmethodwhichattempts
to minimizethedeviation from originalimage,while thelatterpro-
ducesan image pair which is similar to our method. For a fair
comparisonwe have obtainedthe original implementationgrom
[Huangetal. 2009 and[Chuaetal. 2015 to generateheir results
for comparisonTheleft half of Fig. 12 shavs theinputandresult-
s asin normalvision, while the right half visualizesthe resultsin
CVD simulation.NotethatChuas andourresultsn Fig. 12(g)&(h)
arepresentedinocularlyto CVD audiencesFor normalvision, the
left andright imagesareblended(Fig. 12(c)&(d)) to simulatethe
blendingeffect of stereoscopidisplaywithout wearingthe stereo-
scopicglassesFromtheresults bothHuangs andChuas methods
mayfail to generateCVD-distinguishableesults(e.g. thelshihara
image“42"). Moreover, their methodstend to introduceanng-
ing falsecontoursin naturalimagessuchasthe resultsof “fruits”
(ashighlightedby redboxes). Fromthe CVD simulation,the false
contourof Chuas methodis even more severe in almostall nat-
ural imageresults(Fig. 12(g)). In contrast,our results(blending
of left andright) are almostidenticalto the input when present-
ed to normal-visionaudiencesandthe distinguishabilityis main-
tainedwhen displayedbinocularly for CVD audiences.No false
contourexistsin ary of our resultsthanksto our synthesisnodel.
We achieve seamleswisual sharingin which normalvision audi-
encesarenotawareof ary discrepang while simultaneoushCVD
audiencestlistinguishabilityareenhanced.

Readersarereferredto Fig. S1& S2 of the supplementwherewe

alsocompareour methodto [Sajadiet al. 2013 and[Kuhn et al.

20083. We cannott in all resultsin the paperdueto the page
limit. As no originalimplementatiorof [Sajadietal. 2013 canbe

found,we canonly compareour resultswith the onesprovided by

their paper The codeof [Kuhnet al. 20083 only producegecol-

oredimagein CVD simulatedcolor spacebut not recoloredmage
in normalvision, sowe canonly partially compareo their results.
In summary[Sajadietal. 2013 introducesadditionaltexturewhich

limits its applicationto naturalimagesasaudienceganno longer

tell whetherthe texture is original or introducedby the synthesis.
Ontheotherhand themethodin [Kuhnetal. 20084 doesnot con-

sider normal vision audiencesand may also produceundesirable
falsecontours.

Quantitative Evaluation  To quantitatiely andobjectively eval-
uateour results,we compareour imageswith thosegeneratedy



SSIM (normal) | PSNR(normal) | CPR(CVD)
Chua 0.9573 33.1896dB 0.8897
Huang 0.8844 22.5771dB 0.9215
Ours 0.9719 40.0124dB 0.9576

Table 1: Statisticsfrom quantitativeevaluationsin SSIM,PSNR
andCPR.

[Huangetal. 2009 and[Chuaetal. 2019 again. Thirty testcases
of a wide variety of imagesare evaluated. They all exhibit color

indistinguishabilityto CVD audiences.Note that our methodand

themethodin [Chuaetal. 2013 bothgeneratenimagepair, while

the methodin [Huanget al. 2009 generates singleimage. We

separatehe quantitatve evaluationinto two parts,onefor evaluat-

ing resultspresentedo normal-visionaudiencesndthe otherfor

evaluatingresultspresentedo CVD audiences.

For resultspresentedo normal-visionaudiencesye evaluatehow
far our andcompetitors'resultsdeviate from the inputimages.So
we measurghe SSIM[Wangetal. 2004 andPSNR.Sincenormal-
vision audiencesare presentedvith the blendingof our left and
rightimageswe computethe averageof left andrightimagesand
measurehe SSIM andPSNRof theaverageémagecomparedo the
input. Table 1 shaws the statistics. The higherthe valuesare, the
smallerdeviation theimagesare. Both SSIM andPSNRscoresof
our resultsarethe best. Huangs scoresare the worst and signi -
cantlylower thanours,astheir methodconsidersno normalvision
audiencesindonly utilizesa singledisplaychannel.Chuas SSIM
scoreis slightly lower thanours,but their PSNRscoreis muchlow-
erthanours,dueto thefalsecontours.Thisis alsoevidencedn the
above visualcomparison.

To evaluatethe resultspresentedo the CVD audiencesywe mea-
surehow well the contrasts preseredfrom theinputimageto the
CVD simulatedimagepair. We extractthe part correspondingo
thecontrastermin SSIM andregardit asthe contrasfpreseration
rate(CPR).It is de ned as,

P
1 i Ay )+
n 1 g+ 2+

; (16)

wherex; andy; arethetwo correspondingixels from two com-
paredimages; and arethe meanandstandardieviation within
alocal neighborhoodn is the numberof pixelsin thelocal neigh-
borhood; is a smallconstantto avoid divide-by-zero. In all our
experiments we take a local neighborhoodf 11 11. This CPR
falls in the rangeof [0,1]. The higherthe valueis, the betterthe
contrastis presered.

Next, we corvert our left andright imagesto the CVD simulated
colorspaceandcomputethe abore CPRfor eachpixel in bothim-
ages.Thetwo resultantCPRmapsarecombinednto oneby taking
themaximumof two correspondingixelsfrom thetwo maps.This
perpixel maximumoperatoris justi ed by the psychologicalnd-
ing [Scottet al. 200Q that,whentwo differentcontrastmagesare
presentedn a dichopticmanney humanvision systemselectvely
percevesthe siteswith strongercontrastduring the binocularsin-
gle vision. Finally, the whole image CPR s simply the meanof
all pixelsin the combinedmap. The CPRsof our competitorsare
computedsimilarly, exceptthat no maximumoperationis needed
for [Huanget al. 2009 astheir methodsynthesize®nly a single
image. From the statistics,our methodoutperformsour competi-
tors. Chuas scoreis muchlower becaus®f thefalsecontours.

User Study on Functionality ~ To directly evaluateour effective-
nesswe invite 8 CVD individuals (2 deuteranopeand6 deutera-
nomalousof agel8to 27) with differentseverity to participatein a

(a) Ishihara image (b) chart (c) natural image

Figure 10: Exampleestimagesfor CVD audiencesiserstudy (a)
Ishihara testimage. (b) Color chart. (c) Natural image with color
region indistinguishabldor CVD audiences.

userstudy Beforethetest,we rst performashortishiharatestto

classifythe CVD typeof eachparticipantthenperformcalibration
to obtainhis/herpersonabprojectionmatrix, for generatingesults
thattailoredfor eachparticipant.Fifteentestimagesarechoserfor

theexperiment.They containlshiharatestimagesgcolor chartsand

naturalimages(Fig. 10). All testcasesxhibit atleastoneor more
placeswvhereCVD individualscannotdistinguishcolors. Testcases
arepresentedo the participantsn arandomorder

During the experiment,we comparethe visual experienceof CVD
audiencesn using our solution to that of wearingtinted glasses
(EnchromaCx lenses)andthat of two existing methods,[Huang
etal. 2009 and[Chuaetal. 2015. We setup theexperimentusing
astereoscopidisplayon thelaptopASUS G750JX.Its displaying
luminanceis around250 cd/nt andits sizeis 17.3inches.Users-
tudiesareconductedndoorwith anambientillumination of around
200 lux andthe laptopdisplay is calibratedwith the colorimeter
Spyder 3 in the samelighting condition. The displayscreeris po-
sitionedat 0.5 meteraway from the participant.During testingour
solutionand[Chuaetal. 2015, they have to wearthe shutterglass-
esin whichtheimagesarepresentedo themin adichopticway. For
tinted-glassesolution, participantswvearthetinted glassesindare
presentedvith the input images. For testing[Huanget al. 2009,
participantsare monocularlypresentedvith the recoloredimages
without wearingary glassesMonocularpresentatiorof the origi-
nalinputimagesto CVD participantsvithout wearingary glasses
is alsoprovidedasthe control.

During the suney, we askthe CVD participantswith questionson
the functionality andthe comfortability of the comparedsolutions.
For functionality, we askwhetherCVD participantscandistinguish
the colorsandacquirethe visual information. Sincethe natureof
the typesof testimagesare quite different, the way we queryare
adjustedaccordinglyfor eachtype of images.For Ishiharatestim-
ages participantsareasledto tell the numberor objectembedded
in theimage. For color chartimages participantsareaslkedto link
thecolorlegendwith thecolorregionsin thechart. Only whenthey
cancorrectlylink all colorswill the answerbe consideredascor
rect. For naturalimages participantsareasledto pointoutwhether
two circled regionsarein differencecolors (Fig. 10(c)). For each
testcasewe asktheparticipantgwice, eachwith adifferentcircled
region pair. Oneof themis fake, i.e. thecircledregion pairis of the
samecolor. Only whenboth questionsareansweredorrectly we
regardthe answerascorrect.

Fig. 11(a) plotsthe averagecorrectnessf the above four solutions
togetherwith the control. The breakdevn statisticsfor eachtype
of testimagescanbe foundin Fig. S38of the supplement.The
verticalintenal on eachbarcorrespondso the 95%con dencein-
terval of usercorrectness.In general,all four solutionsimprove
the correctnessvhencomparedo the control. Exceptfor thetype
of naturalimages,the tinted glassessolutionis inferior thanthe



Table 2: Stablevision. Thestatisticsabove showsthe percentage
that stablevisionis formedfor Chua's andour methods.

control. To ensurethe statisticsis meaningful,we further apply
the one-way analysisof variance{ANOVA) with a signi cant level

0.05anda commonlyusedposthoc analysismethod,leastsignif-

icantdifference(LSD), to evaluatethe result. Statisticsshavs that
thedifferencebetweerthe controlandtinted-glassemethodis not

signi cant, andthat betweenthe control and eachof the threere-

coloring methodgChuas, Huangs, and our methods)are statisti-
cally signi cant (p-valuesaremuchsmallerthan0.05). Thatmeans
theimprovementof wearingtinted glassess not signi cant, while

the otherthree solutionsimprove the color distinguishability In

termsof functionality our methodis statisticallybetterthanChuas

method,and comparableo Huangs method. Note that Huangs

methodis designedvithout the consideratiorof normalvision au-

diences. Detailedstatisticscan be found in table S1to S5 of the

supplement.

Evenif the participantscancorrectlyanswerthey may not be cer
tain. So we also record their certainty of the correctanswers.
The certaintyis in the scaleof 1 to 5, with 5 beingvery certain.
Fig. 11(b) plots the averagecertaintyof eachsolution. From this
overall statistics,thereis no statisticallysigni cant differencesn
certaintybetweerthe controlandeachof thefour solutions.Look-
ing into the breakdavn statisticsof color chartimagesthe certain-
tiesof tintedglassesndChuas methodaresigni cantly lowerthan
thatof thecontrol. For the naturalimages pur methodsigni cantly
improvesthe certaintyandoutperformsall competitors.

User Study on Comfortability —Next, we evaluate the visual

comfortability As threeout of four solutionsrequireCVD patrtic-

ipantsto wearextra glassesthesethree(thetinted glassesChua’s

andours)certainlyhave alower comfortability We askthe userto

gradetheir overall comfortability of thesetwo solutions,againin

the scaleof 1 to 5, with 5 beingthe mostcomfortable. Fig. 11(c)

plotsthestatistics Fromthe overall statistics pur solutionis signif-

icantly betterthantinted-glasseand Chuas method.CVD patrtic-

ipantscomplainthattinted-glassesolor thewhole view, andleads
to unnaturalviewing experiencewhile Chuas solutionintroduces
too muchfalsecontours.Similar obsenationis foundin the break-
down statisticsgxceptfor thelshiharamagetype,in which Chuas

methodandoursarecomparable.

The secondtestis on binocularrivalry andis only for Chuas and
our method,both utilize binoculardisplay anddichopticpresenta-
tion. For eachtestcase,we askthe participantswhetherthe im-
agepair canform a stablepercept. Table.2 shavs the stability of
percevedimages(we assumepur datafollows normaldistribution
andcalculatecon denceintervalsaccordingo t-distributiontable).
Stablevision aregenerallyformedin around88.3%in Chuas re-
sults. Thisis asexpectedsinceall their resultsare producedunder
a certainamountof luminancedeviation, which is belaw therival-
ry thresholdshawn in their paper The percentagef stablevision
for our methodis higherthanChuas, around90.8%. Notethatour
optimizationcanonly minimize,noteliminate thechanceof binoc-
ularrivalry. If thetestcaseis very tough,it is possiblethe system
hasto pay lessattentionon the fusibility to tradefor distinguisha-
bility anddeviation. This happensn the caseof Ishiharaimages.
Thesdestcasesaresotoughthatour competitorsevencannotgen-
eratesolutions(the top row of Fig. 12(g)&(h)). Our methodhas
to relax the fusibility to generatesolutions,leadingto the higher

Standard 95% con denceintenal Standard 95%con denceintenal

Method | Mean Deviation | Upperbound | Towerbound Method | Mean Deviation | Upperbound | Lowerbound
Chua | 88.3% | 32.1% 94.1% 82.5% Huang | 6.0% 23.7% 10.3% 1.7%
Our 90.8% | 28.9% 96.0% 85.6% Chua | 38.0% | 48.5% 46.8% 29.2%
Ours | 84.7% | 36.0% 91.2% 78.2%

Table 3: Deviation fromthe originals for normal-visionaudiences

chanceof binocularrivalry.

The third testis on the visual preference.This testis alwaysthe
lastamongall testsfor CVD participants.We tell the participants
theright answeifor eachtestcaseandpresenthemthe solutionsof
all competitorsagain. Ask themto gradetheir preferenceon each
solutionin the scaleof 1 to 5, with 5 beingthe mostpreferred.The
tinted-glassesind Chuas solution are the most unpopular while
Huangandour methodsarecomparableNeverthelesspur solution
offersthe extra visualshareabilitywith normal-visionaudiences.

User Study on Visual Shareability We evaluate the visual
shareabilityby studyingthe visualexperienceof normal-visionau-
diencesvhenthey arepresentedvith therecoloredmagesWein-
vited 10 participantswith normalvision (agel8to 30). Fifteentest
imagespreviously usedfor the above CVD userstudyarereused
here. In eachtestsessionthe participantis presentedvith a2 2
matrix of panelsof imageson the samestereoscopidisplaywith
thesameéllumination conditionsetup for the CVD userstudy The
normal-visionaudienceslo notwearary glassesThetop-leftpan-
el shavstheoriginalinputimages.Theotherthreepanelsshawv the
recoloredimagesby [Huanget al. 2009, [Chuaet al. 2015, and
oursin arandomorder Our andChuas imagepairsaredisplayed
via the stereoscopidisplay andhenceeffectively, theblendingre-
sultsof left andright imagesarepresentedo the participants.

During the experiment participantsareasledto selectoneor more
results,that are closestto the original input, out of the threepan-
els. We allow participantsto choosemorethanoneresultswhen
thereis atie. Table3 shavsthepercentagef participantselections
for all threesolutions. Our resultsare selectecbver 84% of cases.
This con rms to the statisticsin quantitatve evaluation,and evi-
denceghat our methodintroducesthe minimal change.Note that
for the remainingl16%, participantgpreferour competitors'results
becaus¢hey malkelittle change®ntheoriginalimageswhichalso
makesthemfail to producecolor-distinguishablesolution(for CVD
audiences).

Video Extension Videoextensionis anohviousnext stepto pur
sue. Machadoand Oliveira [201(J and Huanget al. [201] also
considertemporalconsisteng in their methods by sacri cing the
deviation term a bit. Although our methodis originally designed
for staticimages,we have evaluatedits feasibility in extensionto
video, via a naive strat@y to maintainthetemporalcoherenceAs
eachframeis synthesizedvith the correspondindaylor parameter
values,we canapply a temporalGaussianlter (of awindow size
of 11 frames)on the parametevalues.A resultcanbefoundin the
supplementarynaterials.

To evaluatetheresultof video extensionwe invite 8 deuteranopes
and 10 normal peopleto performa preliminary userstudy One
videois testedin this study CVD participantsare asked to watch
the original video rst, followed by our recoloredvideo (wearing
the stereo-glass)They areasled whetherthe color contrastin the
recoloredvideois enhancedandwhetherthereexist any abruptcol-
or changesn therecoloredvideo. All CVD participantsagreethat
ourmethodmprovesthecolorcontrastvhencomparedo theorigi-
nalvideo,and7 outof 8 CVD participantcannotawareof ary tem-
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Figure 11: Resultsof userstudyon functionalityand comfortability

poralincoherenc®f therecoloredvideo. For normal-visionpartic-

ipants, they are presentedwith the original and recoloredvideos
in a side-by-sidemannerandareasked to ratethe color similarity

betweerthetwo videos. Therating optionsinclude“not similar at

all,” “slightly similar” “moderatelysimilar” “almostthesame”and

“totally thesamé. All of themratethe videoas“almostthe same”
or “totally thesamé'. This pilot testlookspromising.Nevertheless,
we believe amoresophisticatedlgorithmmaybe neededor more

challengingvideo casesand a more thoroughevaluationmay be

required. This is out of the scopeof this paperandshouldbe our

futuredirection.

Limitations  Althoughour systemcanbe calibratedfor thetarmget
CVD audiencejt cansene for only onetype of CVD audiences
atatime (eitherprotanopiadeuteranopiar tritanopia). Whenthe
CVD audiencesirein thesameCVD typebut differentseverity, we
may calibrateour systemaccordingo themostsevereindividual so
asto ensurehedistinguishabilityfor all audiencesOur currentim-
plementatioralsoassumethatbotheyesown thesametypeandthe
sameseverity of CVD. If this doesnot hold, we needto separately
modelthe projectionmatricesfor left andright eyes. We believe
that, by modifying theimplementatiorandutilizing binocularsup-
pressionye canstill generat@ goodsolution. Anotherassumption
is thatthe percevedimageof normalaudiencess thelinearblend-
ing of left andrightimagesonthescreenandherewe ignorethein-
uence of thenonlineargammacorrectionof thedisplay BVCP is
originally designedor normal-visionaudiencesIn this paper we
basicallyassuméhe BVCP modelcanbeappliedto CVD individu-
al. Anotherlimitation is thatour methodreliesonthevalidity of the
physiologically-basedimulationof CVD vision. If the simulation
cannotaccuratelymodelthe visual perceptionof CVD individual,
we mayfail to producegoodresultfor CVD individual. Fortunate-
ly, the CVD simulationin our recoloringoptimizationframework
is replaceable.If a moreaccurateCVD simulationmodelis pro-
posedin the future,we cansimply replaceour currentmodelwith
the more advancedone. Recoloring-basedechniquescanbe ap-
plied on digital visual contentonly, this limits its applicationsin
comparisorwith the opticalapproachOur currentimplementation
is notreal-time furtheroptimizationis required.

7 Conclusions

By utilizing the extra display channelof stereoscopidlisplay we
presentthe rst systemthat allows CVD and normal-visionau-
diencesto sharethe samevisual contentseamlesshand simulta-
neously without sacri cing the original image color for normal-
vision audience®r sacri cing the color distinguishabilityfor CVD
audiences.By wearingthe stereoscopiglassesCVD audiences
can identify the indistinguishablecolors. Without wearing the
stereoscopiglassesnormal-visionaudiencesare presentedvith
theblendingof the left andrightimageswhichis very closeto the
originalimage.We solve theimagepairrecoloringproblemasopti-
mizationof anobjective functionthatminimizesthecolordeviation
for normal-visionaudiencesandmaximizeshecolor distinguisha-

bility and binocularfusibility for CVD audiences.Via extensve
guantitatve experimentsand userstudies,we demonstratehe ef-
fectivenesof the proposednethod.

Sofar, we havetackledthestill imagesandperformedapilot teston
its extensionto video. More sophisticate@lgorithmmaybeneeded
for maintainingthe temporalcoherencef morechallengingcases
(thatmayreducethesolutionspacepndfurtherin-depthevaluation
is necessaryThiswill beour futuredirection. Currentlywe do not
considerthe visual attention. We believe if the visual attentionis
taken into account,someof the constraintscan be further relaxed
andleadto anevenlargersolutionspace.
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Figure 12: Visual comparisonof results. Column(a) showsthe input. (b),(c)&(d): Resultsfrom Huang's, Chua's and our methodasin
normalvision. (e) Inputin CVD simulation. (f),(g)&(h): Resultsfrom Huang's, Chua's and our methodasin CVD simulation. Notethat
Chua's andour resultsare image pairs for CVD audiencesFalsecontous canbefoundin redboxes.



