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Figure1: Byallocatingtwo visualexperiencesof ordinary stereoscopicdisplayto differentaudiences,we�r stly accomplishseamlessvisual
sharingbetweencolor visionde�ciencies(or colorblindness)andnormal-visionaudiences.Our systemsynthesizesan image pair froman
input image. By wearingthestereoscopicglasses,CVD audiencescan identify the original indistinguishablecolors. Without wearingthe
stereoscopicglasses,normal-visionaudiencesare presentedwith original colors simultaneouslywithoutbeingaware of thechange of visual
content.

Abstract

Approximately250 million peoplesuffer from color vision de�-
ciency (CVD). They canhardlysharethesamevisualcontentwith
normal-visionaudiences.In this paper, we proposethe�rst system
that allows CVD and normal-visionaudiencesto sharethe same
visual contentsimultaneously. The key that we can achieve this
is becausetheordinarystereoscopicdisplay(non-autostereoscopic
ones)offersuserstwo visualexperiences(with andwithoutwearing
stereoscopicglasses).By allocatingoneexperienceto CVD audi-
encesandoneto normal-visionaudiences,we allow themto share.
Thecoreproblemis to synthesizeanimagepair, thatwhenthey are
presentedbinocularly, CVD audiencescandistinguishtheoriginal-
ly indistinguishablecolors;andwhenit is in monocularpresenta-
tion,normal-visionaudiencescannotdistinguishits differencefrom
theoriginal image.Wesolve theimage-pairrecoloringproblemby
optimizinganobjective functionthatminimizesthecolordeviation
for normal-visionaudiences,andmaximizesthecolordistinguisha-
bility andbinocularfusibility for CVD audiences.Our methodis
extensively evaluatedvia multiplequantitative experimentsandus-
er studies.Convincing resultsareobtainedin all our testcases.
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1 Intr oduction

Peoplesuffering from thecolorblindnessor colorvisionde�ciency
(CVD) areusuallynot able to clearly discriminatecertaincolors,
leadingto misunderstanding,inconvenience,or evendangerin dai-
ly life. Thereareapproximately250 million CVD peopleworld-
wide [Wong2011]. Ninety-ninepercentof theCVD peoplearein-
bornandthereis no medicalcure,unfortunately. It hasbeenfound
thatCVD is usuallyhereditary[Sharpeetal. 1999]. In otherwords,
it is commonfor a family to have mostly normal-visionmember-
s anda very few CVD members.However, existing digital visual
entertainmentsystemsincluding computergames,movies, or TV
usuallydo not careor arenot awareof the CVD audiences.This
leadsto aninconvenientscenariothatnormal-visionandCVD fam-
ily membersmaynotbeableto sharethesamevisualcontent.Such
sharinginconvenienceis even morecommonin working environ-
ment.

Oneway to discriminatecolors in daily life is to wear the tinted
glasses.They amplify the red-greencolor differencewhile �lter
away the others[SheedyandStocker 1984]. However, the visual
experienceof wearingtinted glassesis not comfortable,andthey
maypotentiallyimpair thedepthperceptionof users[Hartenbaum
andStack1997]. For digital visualcontentpresentedvia a display,
recoloringtechniques[Rascheet al. 2005a; JeffersonandHarvey
2007; Huanget al. 2007] canbeapplied.Severalapproacheshave
beenproposedto modify thecolorsin imageto maximizethecolor
distinguishabilityfor CVD individuals.Eventhoughsome[Huang
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et al. 2007; Kuhnet al. 2008a; Huanget al. 2009] try to minimize
thedeviation from theoriginals,thechangein color remainssignif-
icant,andhencethe resultantimagesareno longershareablewith
normal-visionaudiences.Recentworks [Sajadiet al. 2013; Chua
etal. 2015] begin to considerthevisualsharingneed.However, the
texturepatternintentionallyintroducedby Sajadietal. [2013] is no-
ticeableto normalvision audiences.Colorblessmethod[2015] in-
troducesobvious“f alsecontour”artifact(to bothCVD andnormal-
vision audiences)whenappliedto naturalimages(Fig. 12). Intro-
ductionof additionalcontour(patternor falsecontour)shouldbe
avoidedasaudiencescannotdifferentiatesuchundesirablecontent
from theoriginal imagecontent.

In this paper, we proposea method to synthesizethe color-
discriminable and undesirable-contentfree images that can be
sharedwith CVD audiences,without the normal-visionaudiences
noticing the change.This soundsunachievable,but with an extra
displaychannelon popularandlow-coststereoscopicdisplay, this
becomesfeasible.Humanbinocularvision systemcanfusethevi-
sual contentfrom both eyes into a single percept,via a complex
nonlinearneurophysiologicalprocess[MacMillan etal. 2007; Bak-
er et al. 2007]. In otherwords,thevisualperceptionof thebinocu-
lar presentationof adichopticimagepair(two viewsaredifferentin
color) is differentfrom thevisualperceptionof amonocularpresen-
tationof theblendingof two views. Thesetwo differentvisualex-
periencescanbeallocatedto theCVD andthenormal-visionaudi-
ences,separately, sothattwo typesof audiencescansharethesame
visual content. Our con�guration is illustratedin Fig. 1. While
thenormal-visionaudiencescansimplywatchthe2D imagesvia a
stereoscopicdisplayasusual(without wearingany glasses),CVD
individual hasto wearshutterglassesor polarizedglassesto view
theimagepair thatmaximizesthecolor distinguishability.

To make suchcon�guration feasible,the input imageis fed to our
systemto synthesizeanimagepair thatcanmaximizethecolordis-
tinguishabilityfor CVD audienceswhendisplayedbinocularly, and
at thesametime, theaverageof theleft andright imagesis equiva-
lent to theinput. Weformulatetheimagepairsynthesisproblemas
an optimizationproblemthat simultaneouslymaximizesthe color
distinguishabilityof the imagepair for CVD audiencesandmini-
mizesthedeviation of theleft+right averagefrom theinput. How-
ever, thereremainsachallengethatthesynthesizedimagepairmay
not befusible(binocularrivalry), whentwo views aretoo different
from eachother. Yanget al. [2012] proposeda metric to predict
the binocularfusibility. We make an attemptto re�ne andapply
this metric to suit CVD audiences,during the optimization. With
our approach,we arethe�rst to achieve “seamless”visualsharing
betweenCVD and normal-visionaudiences,not just on toy-case
images,but alsochallengingnaturalimagesthatcontainexcessive
amountof confusingcolor pairs. In addition,we proposea novel
CVD calibrationmethodthatallowsusto tailormadetheimagepair
synthesisfor differentCVD individualsaccordingto their typeand
severity of color blindness.Our resultsof varioustypesof images
arevalidatedvia multiplequantitativeexperimentsanduserstudies.
Ourcontributionscanbesummarizedasfollowed.

� While thereexist attemptsto achieve visual sharingbetween
theCVD andthenormalaudiences,wearethe�rst to achieve
“seamless”visual sharingwithout the normal vision audi-
encesbeingaware of the changeof visual content. We are
the �rst to demonstratethe seamlessvisual sharingof chal-
lengingnaturalimages,with many confusingcolorssimulta-
neouslyexisting in thesameimage.

� We are the �rst to utilize the computer-controlledbinocular
displaysystemsto tailor-madethecolor discriminationsolu-
tion for eachCVD individual.

� We alsoproposea novel calibrationmethodto measurethe
severity of differentCVD individuals.

2 Related Work

Humansperceive color via threekinds of conecells in our retina,
with theirspectralsensitivitiespeakatdifferentwavelengths.How-
ever for the CVD individuals,onetype of conecells mutatesand
its spectralsensitivity peakshifts towardsthat of anothertype of
conecells. Detaileddescriptionof this phenomenoncanbe found
in [Machadoet al. 2009].

TostudyCVD, severalmodelsof CVD havebeenproposedto simu-
latethevisualexperiencesof theCVD individuals.Notethat,there
aredifferenttypesof CVD, includingprotanopia,deuteranopiaand
tritanopia. Eachtype of CVD canhave different levels of severi-
ty. Basedon theexperimentsof unilateraldichromats[Grahamand
Hsia1959; Judd1948], Brettelet al. [1997] andMeyer andGreen-
berg [1988] calculatedthe projectionof a given color for differ-
ent typesof dichromacy. Accordingto the two-stagemodel[Judd
1966], Machadoet al. [2009] proposeda uni�ed model that can
simulatedifferenttypesof dicromatswith differentlevelsof sever-
ity. In our work, we adoptthis simulationmodel.

Optical Appr oach With thesesimulation models, several ap-
proacheshave beenproposedto assistthepeoplewith CVD in dis-
tinguishingcolors. The existing approachescanbe roughly clas-
si�ed into two main categories: optical approachand recoloring
approach.Opticalapproach[Hovis 1997] requirestheuserto wear
a physicaltinted lensto �lter certaincolorsin orderto amplify the
color difference.However, the tinted lensmayunnecessarily�lter
away color (andhenceinformation)thatCVD individualscanwell
distinguishevenwithout thelens.

Recoloring Ontheotherhand,recoloringapproachis mainly for
displayingdigital visual content. The basicidea is to globally or
locally recolorthevisualcontentin orderto avoid any color com-
positionthatCVD individualscannotdistinguish.Lauet al. [2011]
redistributedcolorsin target color spaceby optimizing the distin-
guishabilityof CVD audiences.However, their solution is limit-
ed to colorsexisting in theprojectedoriginal image. Laccarinoet
al. [2006] recoloredwebpagesby increasingthecontrastandlight-
nessaccordingto thecustomizedparameters.Jeffersonetal. [2006;
2007] developeda userinterfaceto allow usersto specifythetype
of CVD they belongto andadjuststheparameterto distinguishcol-
ors.However, sincethesesystemsrequireusersto explicitly control
the parameters,the quality of recoloringresulthighly dependson
theskill of users.Basedon theKondo's model[1990], Ichikawa et
al. [2004] proposeda methodto automaticallyrecolorthe images
to compensatethe lossof color discriminationof CVD audiences.
Rascheetal. [2005a; 2005b], Wakitaetal. [2005] andMachadoand
Oliveira [2010] preserved the contrastbetweenall pairsof colors
andmaintainsluminanceconsistency via optimization.Theabove
automaticmethodsonly considerthe CVD audiencesduring the
recoloring,the colors in the resultantimagesmay largely deviate
from the original, andhencethe resultsarehardly shareablewith
thenormal-visionaudiences.

Visual Shareability Recentworksattemptto achievesuchshare-
ability betweenCVD andnormalaudiences.Huanget al. [2007;
2009] andKuhn[2008a] minimizedthedeviationof colorsfrom the
original. This relievestheproblembut doesnot really solve it, be-
causethecolordeviationremainslargeto avoid confusingtheCVD
audiences.Hung andHiramatsu[2013], andSajadiet al. [2013]
proposeda visualizationmethodto overlaypatternsover thecolor



Figure2: Systemoverview.

regionsto assistCVD audiences.However, the introductionof ad-
ditionalcontours(texturein this case)confusesbothCVD andnor-
malaudiencesasaudiencesnolongercantell theintroducedpattern
belongsto the original imageor serves for differentiatingcolors.
Color discriminationfor CVD audiencesand preservation of the
samevisualcontentfor normalvisionaudiencesis alwaysa dilem-
ma, for a single-imagecon�guration. With an extra displaychan-
nel of stereoscopicdevices,we proposeto synthesizeimagepairs
thatallow CVD audiencesto distinguishcolors(by wearingstereo-
scopicglasses),without normal-visionaudiences(without wearing
any glasses)awareof the changein image. Independently, Chua
et al. [2015] proposeda guidelineto highlight confusioncolor re-
gionsfor CVD audiencesusingbinoculardisplay. Their methodis
basedon lustereffect [Howard 2002] andmodi�es the luminance
channelalone,to provide threecomfortableanddistinguisablelus-
ter levelsonly. Their applicationto naturalimagesis questionable
astherecanbe muchmoreconfusioncolorssimultaneouslyexist
in the sameimage. Falsecontoursfrequentlyappearwhen their
methodis appliedon naturalimages(Fig. 12). As their methodis
basedonthelustereffect,they utilize thenon-fusibilityof binocular
vision to discriminatecolors.In contrast,our methoddoesnot rely
on thelustereffect andwe want to avoid thediscomfortcausedby
thenon-fusibility.

Sofar, mostpreviousmethodsarenot tailormadesolutions,asthey
do not measurethe CVD severity of eachindividual. In contrast,
our solutioncanbe preciselycalibratedfor eachCVD individual,
regardlessof his/herseverity andhis/hertypeof CVD.

3 Overview

Oursystemoverview is illustratedin Fig. 2. It consistsof anof�ine
andanonlinephases.Theof�ine calibrationis a one-off step,and
shouldbeperformedoncefor eachCVD audience(Section4). Dur-
ing theonline recoloringphase(Section5), our systemsimultane-
ouslypreservescontrastsin two domains,onefor CVD audiences
andone for normal-visionaudiences.Given an input image,our
systemsynthesizesan imagepair thatmaximizesthecolor distin-
guishabilityfor the characterizedCVD audienceswhendisplayed
binocularly, andat the sametime, minimizesthe deviation of the
averageleft andright imagesfrom theinput, for normal-visionau-
diences.As CVD audiencesarefedwith imagepair, weenclosethe
imagepair with a gray boundary(astheonein Fig. 2) to indicate
this, from now on.

We formulateour recoloringasanoptimizationproblem.It adjusts
thecolorsto optimizefor anobjective functionthatconsidersthree
factors:minimizationof thecolor deviation betweentheinput and
theblendingof left andright images(deviationterm); maximization
of the chrominancedistinguishabilityfor CVD audiences(distin-
guishabilityterm), andthebinocularfusibility for CVD audiences
(fusibility term). We �rst presenta globalcolormappingapproach,
andthenweextendit to alocalmethod,soasto enlargethesolution
spaceandpreserve �delity .

Figure3: Calibration interface. (a) Theinitial color pair. (b) Just-
distinguishablecolor pair.

4 Calibration

In this paper, we adopt the CVD simulationmodel proposedby
MachadoandOliveira [2009] dueto its nice featureof luminance
preservationthatfacilitatesoursubsequentcomputation.Thecolor
de�ciency canbemodeledasa colorprojection,
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whereT is a 3� 3 color projectionmatrix; X , Y , Z arethecolor
values;while X CVD , YCVD , ZCVD arethecolor valuesperceived
by theCVD individual. In otherwords,the type andseverity of a
CVD individual canbesuf�ciently characterizedby T . Hence,the
goalof ourcalibrationis to determineT for eachCVD individual.

To do so, the targetCVD individual takespart in a simpleexperi-
mentmodi�ed from Farnsworth-Munsell100huetest[Farnsworth
1957]. The original Farnsworth-Munsell 100 hue test is time-
consumingandtedious. Even worse,the usercanlearn from the
pastexperiencewhich harmstheaccuracy of thetest.Fig. 3 shows
theinterfaceof our test.Eachtime it shows a pair of colorpatches.
Initially, the two patcheshave thesamecolor CA . By moving the
scrollbar, userscanmovethecolorof right patchawayfrom its ini-
tial color, andtowardsanothercolor CB . Thecolor pair (CA , CB )
is randomlychosenfrom Farnsworth-Munsell100huetest. Users
areasked to graduallymove thescroll baruntil he/shejust notices
thetwo patchesaredifferent.C1 (theleft color)andCJD (theright
color) form the just-distinguishablecolor pair. In otherwords,we
canslightly move CJD backtowardsC1 to constructa confusing
colorpair(C1 , C2), whereC2 = � C1 + (1 � � )CJD and� =0.0001.
ThetargetCVD individualcannotdistinguishC2 from C1 , andour
systemrecordsthis confusingcolor pair for determiningT . This
processrepeats,until thesystemcollectssuf�cient numberof con-
fusingcolorpairs.

For eachconfusingcolor pair (C1 , C2), CVD individual cannot
distinguishthem.Mathematically, it means,
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where(R1 , G1 , B1), and(R2 , G2 , B2) areRGB valuesof C1 and
C2 , respectively. This meanseachconfusingcolor pair givesusa
setof 3 equations.With 9 unknowns in T , 3 confusingpairs (9
equations)aresuf�cient for determiningT . In practices,wecollect
10 confusingcolor pairsfor betteraccuracy. In addition,asstated
in [Machadoet al. 2009], eachelementin T hasits own rangeon
values(SectionS5of thesupplement),andthesumof eachrow of
T mustbeequalto 1. Togetherwith theseconstraintsandcollected
confusingpairs,we solve for a moreaccurateT in a least-square
manner.



Figure 4: Effectivenessof deviation term. (a)&(d): Input images.
(b)&(e): Theaverage of resultantleft andright imageswithoutthe
deviation term. (c)&(f): With the deviation term, the difference
betweeninputsand the average becomesvery small. Theleft and
right imagesbefore blendingcan be foundin Fig. S3& S5of the
supplement.

5 Recoloring as Optimization

Synthesizingcolor-distinguishableimagesfor CVD audiencesis a
problemto recolorimagesin a lower-dimensionalgamutwith the
goal of preservingcontrast. In this regard, it is a dimensionre-
ductionproblem. Several methods[Goochet al. 2005; Neuman-
n et al. 2007; GrundlandandDodgson2007; Kuhn et al. 2008b;
Lu et al. 2012] have beenproposedfor the color-to-gray prob-
lem (a related,but not the sameas our problem). In particular,
Rascheetal. [2005b] synthesizedimagesfor CVD audiencesusing
a constrainedmultidimensionalscalingtechnique.However, exist-
ing methodsonly synthesizea singleoutput image. They do not
considerthe binocularperceptionasin our caseandthereforenot
applicable.

To synthesizetheimagepair for CVD audiences,we formulatethis
imagesynthesisasan optimizationproblemthat optimizesan ob-
jective function. In our visualsharingapplication,we needto min-
imize the color deviation of the blendingof left andright images
from the original input, so that normal-visionaudienceswithout
wearingany stereo-glassesarenot awareof the color differences.
Simultaneously, we want to maximizethe color distinguishability
andbinocularfusibility of theleft andright images,whentheCVD
audiencesis presentedwith the dichopticimagepair. Thesethree
requirementscorrespondto thethreeenergy termsin theobjective
function, the deviation (Ed ), the distinguishability(E c), and the
fusibility terms(E f ). Thewholeobjective functionis de�ned as,

min f � 1Ed + � 2Ec + E f g : (3)

All termsEd , Ec , andE f arefunctionsof the input imageI , f L

and f R , wheref L and f R are the mappingfunctionsof I to the
left f L (I ) andtheright f R (I ) images,respectively. � 1 and� 2 are
weights.

Image Pair Synthesis Model Wemodelthemappingf L andf R

asa �nite multivariatepolynomialfunction [Lu et al. 2012]. That
is, we Taylor-expanda continuousfunctionf as

f (I ) =
1X

i =0

! i � i (I ); (4)

where � i (I ) is the �nite multivariate polynomial function. We
want to obtain the optimum mapping f L and f R by seeking

Figure5: Effectivenessof distinguishabilityterm. (a)&(d): Gradi-
entmagnitudesof theinput images(normalvision). (b)&(e): Gra-
dient magnitudesof input as in CVD simulation. Thecontrast of
edgesbecomesveryweak(especiallyin theswirl example).(c)&(f):
Gradientmagnitudesof our resultantimage pairs as in CVD sim-
ulation. Edge structures in both eyesare well preservedin both
cases.Theoriginal imagescan be found in Fig. S3& S8of the
supplement.

their Taylor parametersets � L = f ! l
1 ; ! l

2 ; : : :g and � R =
f ! r

1 ; ! r
2 ; : : :g. High-orderparametersare close to zero as high-

order� m 's correspondto high-frequency information.

In our application,we keeponly the �rst ninecomponentsby set-
ting ! i = 0 for i = m+ 1; : : : ; 1 , wherem = 2. Eachpixel of the
original imageI containsthreecolorchannels,c1 , c2 andc3 in RG-
B color space.Eachcolor channelof a pixel in thesynthesizedim-
ageis formulatedasthelinearcombination� i (I ) of 9 components,
f c1 ; c2 ; c3 ; c1c2 ; c1c3 ; c2c3 ; c2

1 ; c2
2 ; c2

3g. With 3 color channelsand
2 views, theseaddup to 54 weights! 's to estimate.As thesame
setof ! 's is appliedto thewholeimage,changingtheseparameters
only causessmoothcolor changeacrossthe images.Hence,false
contourartifactsasin othermethodsnever appearin ours.

Deviation Term Thedeviation termEd is introducedfor normal-
vision audiences,as they look at the stereoscopicdisplay (non-
autostereoscopicones)without wearingany stereoscopicglasses.
Effectively, they observe the linearblending(averagein our case)
of theleft andtheright images.Hence,this deviation termis intro-
ducedto minimizetheper-pixel colordeviationof theblendingand
theinput images.It is simplyde�ned as,

Ed =
1
N

X

N

kG(pL
i ; pR

i ) � pI
i k; (5)

whereN is the total numberof pixels in the input I andpI
i is the

pixel valueatpositioni , andpL
i andpR

i arethecorrespondingpixel
valuesin the left andright imagessynthesizedwith theparameter
sets� L and � R , respectively. FunctionG is the linear blending
functionwhich dependson thestereoscopicdisplaydevice. In our
case,G is theaverageof pL

i andpR
i .

Fig. 4 demonstratesthe signi�canceof this deviation term. With-
out the deviation term, the blending of left and right images
(Fig.4(b)&(e)) mayhaveanobservablecolordifferencewhencom-
paredto the input (Fig. 4(a)&(d)). In contrast,by introducing
the deviation term, we can effectively suppressthe differencein
Fig. 4(c)&(f) (thecorrespondingleft andright imagescanbefound
in Fig. S3 & S5 of thesupplement).This meansthat thenormal-
vision audiencesmay not be aware of the difference,and hence
accomplisheshalf of ourvisual-sharinggoal.

Distinguishability Term The color distinguishability term E c

andthebinocularfusibility termE f (explainedshortly)aretailored



Figure 6: Effectivenessof fusibility term. Top row of (a)&(c) showthe resultantimage pairs without the fusibility term. Thecontrast and
contourdifferencesare color-codedin greenand red, respectively, in the bottomrow of (a)&(c). After introducingthe fusibility term, the
discomfortzonesare signi�cantly reducedin (b)&(d).

for CVD audiencesasthevisual contentis presentedto themin a
dichopticmannervia the stereoscopicdisplaydevice. The distin-
guishability term aimsat preservingthe structuralinformation in
theinputduringthesynthesisof theimagepair. Notethatwhenthe
imagepair is perceivedby theCVD audiences,weneedto preserve
thecontrastin thesimulatedcolorspaceof CVD audiences.This is
wherewe utilize thepersonalizedprojectionmatrix T . Thetermis
de�ned as,

Ec = �
1
N

X

N

(S(T � pL
i ; pI

i ) + S(T � pR
i ; pI

i )) ; (6)

wheretheprojectionmatrix T projectsa pixel color from thecolor
spaceof normal-visionaudiencesto the simulatedcolor spaceof
thetargetCVD audiences.FunctionS(x; y) measuresthestructural
similarityof x andy. Here,weadoptfrom thestructureandcontrast
termsof SSIM[Wangetal. 2004] andde�ned it as,

S(x; y) =
2� xy + �

� 2
x + � 2

y + �
; (7)

where

� xy =
1

n � 1

nX

i =1

(x i � � x )( yi � � y ); (8)

� and� arethe standarddeviation andthe meanwithin the local
neighborhood,respectively; n is the numberof pixels in the lo-
cal neighborhood,and the small constant� = 0:0009 avoids the
division-by-zero.Theabove designminimizesthestructuraldiffer-
encebetweenimagesperceivedby normal-visionaudiencesandthe
CVD audiences.Fig. 5 demonstratestheeffectivenessof ourdistin-
guishabilityterm. To visualizethestructuralinformation,we plot
thegradientsof theinput (in RGBcolorspace)andthesynthesized
imagepair (in simulatedCVD color space). The contourof the
swirl (Fig. 5(a)) becomeshardto seewithout the distinguishabili-
ty term (Fig. 5(b)). On theotherhand,with thedistinguishability
term,we caneffectively preserve the structuralinformationin the
simulatedCVD colorspaceandhence,allow theCVD audiencesto
distinguishcolors(Fig. 5(c)&(d)).

Fusibility Term As the image pair is presentedin a dichoptic
manner, this leadsto therisk of binocularrivalry. Thisphenomenon
happenswhen the left and right imagesdeviate too much (e.g.
strongstimulusandtoo many unmatchedcontours)andour brain
cannotfusetheminto a stablesinglepercept[Lei andSchor1994].
Yanget al. [2012] proposeda metric calledbinocularvisual com-
fort predictor(BVCP) to measurethepotentialof binocularrivalry.

We adopttheBVCP in designingour binocularfusibility termand
de�ne it as,

E f =
1
N

X

N

(B cf (T; pL
i ; pR

i )

+ B rc (T; pL
i ; pR

i )) ;

(9)

wherefunctionsB cf andB rc measurethe contourfusion discom-
fort andtheregional contrastdiscomfortin [Yanget al. 2012], re-
spectively. B cf measuresthe discomfortcausedby the fusion of
thecontourdifferencebetweentheleft andright images,while B rc

measuresthe discomfortcausedby the fusion of the contrastdif-
ferencebetweenthe left andright images.Different from Yang's
designwhich takesthresholdson the discomfortvalues,we mini-
mizethesediscomfortvaluesin our optimizationformulation.The
two functionsarede�ned as,

B rc (T; pL
i ; pR

i ) =
1

j
 j
k

X

p2 
( pL
i )

(T � p) �
X

p2 
( pR
i )

(T � p)k; (10)

and

B cf (T; pL
i ; pR

i ) =
1

j
 j
k

X

p2 
( pL
i )

� (T �p)�
X

p2 
( pR
i )

� (T �p)k; (11)

where
( pi ) is thelocalneighborhoodcenteredatpi whichapprox-
imatesthe projectedfusionalarea. We assumeusersareviewing
thelaptopdisplay(asin all ourexperiments)andsetthesizeof this
neighborhoodas11� 11 pixels. Function� returnsthe luminance
perceived by CVD audiences.As we adoptthe simulationmod-
el proposedby MachadoandOliveira [2009], thesameprojection
matrix that projectsRGB to opponent-colorspacecanbe applied
to both the CVD simulatedandoriginal imagesto obtain the lu-
minance,becausetheir modelensuresthe luminanceperceivedby
CVD audiencesfrom the original imageis the sameas that per-
ceivedby normal-visionaudiencesfrom thesimulatedimage.The
detaileddescriptionon computing� canbefoundin SectionS5of
the supplement.Fig. 6 comparesthe resultssynthesizedwith and
without the fusibility term. Here,we color-codethosepixels that
havehighcontrastdifferencesandcontourdifferencesin greenand
red,respectively. Wecanseethattheintroductionof fusibility term
cleansup thosediscomfortzones(Fig. 6(b)).

Note that we performmostcomputationin Lab color space,as it
is moresensiblefor perceptualmeasurement.But thepersonalized
CVD simulation(T � pi ) hasto be�rst computedin RGB space,as
thecalibrationis conductedin RGBspace.



Figure 7: Local and global mappings.(a) Theinput image as in
normalvision. (b) CVD simulation.(c) Globally mappedresultas
in CVDsimulation.Fail to distinguishcertaincolor region. (d) Lo-
cally mappedresultsasin CVDsimulation.Halo artifact is observ-
able. (e) Globally+locally mappedresultsas in CVD simulation.
(f) local blown-upof (d). (g) local blown-upof (e). NowCVDaudi-
encescandistinguishall differentcolor regions,with a signi�cant
reductionof halo artifact.

5.1 Local Mapping

So far, the mappingwe discussedis a global one. It is not spa-
tially varying. In very rarescenarios,the global constraintis too
strongto producea goodsolution. Fig. 7 shows the blown-up of
onesuchexamplewheretheglobalmappingfails to synthesizean
imagepairwith suf�cient colordistinguishability. It happenswhen
theindistinguishablecolorpatchesscatteredover theimageandthe
color compositionsareinterconnected.Thesolutionspacecanbe
signi�cantly enlargedby relaxingthis global constraintto a local
one.

Theproposedmethodcanbeeasilyextendedto local mappingby
applyingthesamemethodto local regionsinsteadof thewholeim-
age. To do so,we randomlydistribute t seedsover the imageand
applyour methodto the region centeredat eachseed.The region
sizeis setto 3

p
hw=t, whereh andw aretheheightandwidth of

input image,respectively. This settingensureseachpixel is cov-
eredby 3 regionsstatistically. Obviously, we would like the local
parametersetof the u-th local region, � u

L and� u
R , aresimilar to

any regionsoverlappingwith it. Hence,we can designa new s-
moothnesstermEs as,

Es =
1
K

X

u;v

(k� u
L � � v

L k + k� u
R � � v

R k); s.t. u; v overlap (12)

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

min f � 1Ed + � 2Ec + � 3E f + Esg : (13)

where� i areweights.Theoverall mappingfunctionf is modi�ed
to be the averageof local mappingfunctionsf i . For eachpixel

Figure8: Tradeoff betweenglobalconsistencyandlocal variation.
(a) Theinput image. (b) Resultleft image when
 = 0:8. (c) Result
left image when
 = 0:5. (d) Resultleft image when
 = 0:2. The
resultright imagescanbefoundin Fig. S10of thesupplement.

locationx, we overloadthenotationf anddenoteit astheoverall
mappingfunctionat this locationas,

f (x) =
1
k

kX

i

f i (x); (14)

Fig. 7(d) shows the recoloringresultsynthesizedby this local ap-
proach. Halo artifact (the unnaturalcolor changesurroundingthe
strongboundary)appearsasaresultof color inconsistency from the
globalperspective. Besides,two isolatedregionsof thesamecolor
may result in color difference,usingthis local approach(e.g. the
colorsof the top andbottomgreenregions in Fig. 8(b) aredrift-
ed apart). To reducethe color inconsistency, we cancombinethe
local andglobalmapping.Thechangeis only on theconstruction
of theoverall mappingfunction f . For eachpixel location,if it is
overlappedby k regions,its overall mappingfunctionis de�ned as

f (x) = (1 � 
 )f 0(x) + 
 f 00(x); (15)

wheref 0 andf 00aretheglobalmappingandlocalmappingrespec-
tively. Parameter
 weightsbetweentheglobalandlocal mapping.
Fig. 8 visualizesthe effectsof different 
 values. Throughoutall
our experiments,we set 
 =0.2, i.e. a higherweight on the glob-
al mappingfor maintainingthe color consistency. By combining
thelocalandglobalmappingandoptimizingthemtogether, we en-
largedthe solutionspacewhile maintainingthe color consistency.
Theresultis further improvedandno moreobservablehaloingnor
colordrift exists(Fig. 7(e),Fig. 8(d)).

Wesolvetheoptimizationwith atypicalgradientdescentapproach.
We calculatetheenergy function in Eq.(13), take thederivative to
theTaylor parameters! i , stepforwardalongthetangentdirection,
andrepeatthisprocessuntil theenergy valueconverges.It maytake
10 to 100 iterationsto converge, dependingon imagecontent.To



Figure9: Scoreagainst� 1 , � 2 and� 3 . x axisrepresents� 1 , whiley axisrepresents� 2 andz axisrepresentsscore. Four instancesof � 3 are
plotted.More detailscanbefoundin Fig. S17,S18& S19of thesupplement.

reducethechanceof beingtrappedby local optimum,we perform
multiple timesof gradientdescent(50 timesfor all experiments),
eachwith a different initial point. The onewith the minimal en-
ergy is selectedasour result. Sinceour currentimplementationis
not optimizednor GPU-parallelized,it takes 1 to 10 minutesfor
optimizinga1M-pixel image.It canbesigni�cantly spedupby ap-
plying speed-optimizedsolver togetherwith GPU acceleration,as
mostcomputationcanbestraightforwardly parallelized.

5.2 Estimating Energy Weights

The energy weights(� 1 , � 2 , � 3) of the objective function in E-
q.(13) areestimatedvia auserstudy, sothatthesamesetof weights
are universally applied. We samplethe 3D weight spaceof (� 1 ,
� 2 , � 3) with � 1 , � 2 , � 3 2 [0:01; 100]. For eachsamplepoint in
the weightspace,we optimizedthe correspondingobjective func-
tion in orderto synthesizethe imagepairs(30 imagesfrom a rich
variety of visual contentareselected).Then, twenty participants
areinvited in this weightestimationphase.Half of themareCVD
audiencesandtherestarenormalvisionaudiences.For CVD audi-
ences,they have to wearthestereo-glassesandarepresentedwith
the synthesizedimagepairs in dichopticmode. They wereasked
to gradeeachsynthesizedimagepair with a singlescore([1,10],
with 10 beingthe best)by collectively consideringboth the color
distinguishabilityandthebinocularfusioncomfortability. For nor-
mal vision participants,they weremonocularlypresentedwith the
synthesizedimages,aswell asthe original images,andareasked
to gradethe synthesizedimagesin termsof deviation from the o-
riginals(alsoin thescaleof [1,10]). The�nal scoreof eachsample
point in (� 1 , � 2 , � 3) spaceis theaveragescoreof all participantson
all correspondinglysynthesizedimagepairs. Fig. 9 shows the re-
sult. Sincetheweightspaceis 3D, we visualizetheresultby �xing
� 3 atdifferentinstances.Wefoundthattheoptimalweightscanbe
foundat (1,1,1).For this setof weights,thestandarddeviation (S-
D) of scoresgivenby normalaudiencesis 0.85andtheSDby CVD
audiencesis 1.52,which arerelatively small. Hence,we �x edour
weightsas(1,1,1)for all experiments.Notethatour resultsarenot
verysensitiveto thechoiceof weights,i.e. two resultsfrom two sets
of slightly different� i valuesaresometimesvisually quitesimilar.
This canbeobservedin Fig. 9. Eventhoughthegraphsareplotted
againstthe naturallog of � i , the audiencesscoresof adjacent� i

setsarestill quitesimilar.

6 Results and Discussion

To evaluatethe effectivenessof our method,we relied on visual
comparisonandmultiple quantitative experimentsaswell asuser
studieswith bothCVD andnormal-visionaudiences.

Visual Comparison Firstly, we visually presentour synthesized
imagepairs,by taking the mostseverecaseof protanopiaasour

targetCVD audiencesfor generatingresultspresentedin thispaper.
Dueto thespacelimit, resultsfor othertypesof CVD audiencesand
otherdegreesof severity canbefoundin Fig. S11to S16of thesup-
plement.Fig. 12 comparesour resultswith our competitors.Both
drawing (including test imagefrom Ishiharatest)andreal photo-
graphexamplesareevaluated.All testimagesexhibit at leastone
or multiple regionsthat CVD audienceshasa dif�culty in distin-
guishingcolors.Two state-of-the-artmethodsproposedby [Huang
etal. 2009] and[Chuaetal. 2015] arecompared.Theformerrepre-
sentsthetraditionalsingle-imagerecoloringmethodwhichattempts
to minimizethedeviation from original image,while thelatterpro-
ducesan imagepair which is similar to our method. For a fair
comparison,we have obtainedthe original implementationsfrom
[Huanget al. 2009] and[Chuaet al. 2015] to generatetheir results
for comparison.Theleft half of Fig. 12shows theinputandresult-
s asin normalvision, while the right half visualizesthe resultsin
CVD simulation.NotethatChua'sandourresultsin Fig.12(g)&(h)
arepresentedbinocularlyto CVD audiences.For normalvision,the
left andright imagesareblended(Fig. 12(c)&(d)) to simulatethe
blendingeffect of stereoscopicdisplaywithout wearingthestereo-
scopicglasses.Fromtheresults,bothHuang's andChua'smethods
mayfail to generateCVD-distinguishableresults(e.g. theIshihara
image“42”). Moreover, their methodstend to introduceannoy-
ing falsecontoursin naturalimagessuchasthe resultsof “fruits”
(ashighlightedby redboxes).FromtheCVD simulation,thefalse
contourof Chua's methodis even more severe in almostall nat-
ural imageresults(Fig. 12(g)). In contrast,our results(blending
of left and right) are almost identical to the input when present-
ed to normal-visionaudiences,andthe distinguishabilityis main-
tainedwhen displayedbinocularly for CVD audiences.No false
contourexists in any of our resultsthanksto our synthesismodel.
We achieve seamlessvisual sharingin which normalvision audi-
encesarenotawareof any discrepancy, while simultaneouslyCVD
audiences'distinguishabilityareenhanced.

Readersarereferredto Fig. S1& S2of thesupplement,wherewe
alsocompareour methodto [Sajadiet al. 2013] and[Kuhn et al.
2008a]. We cannot�t in all resultsin the paperdue to the page
limit. As no original implementationof [Sajadiet al. 2013] canbe
found,we canonly compareour resultswith theonesprovidedby
their paper. Thecodeof [Kuhnet al. 2008a] only producesrecol-
oredimagein CVD simulatedcolor spacebut not recoloredimage
in normalvision, sowe canonly partially compareto their results.
In summary, [Sajadietal.2013] introducesadditionaltexturewhich
limits its applicationto naturalimages,asaudiencescanno longer
tell whetherthe texture is original or introducedby the synthesis.
Ontheotherhand,themethodin [Kuhnet al. 2008a] doesnotcon-
sider normal vision audiencesand may also produceundesirable
falsecontours.

Quantitative Evaluation To quantitatively andobjectively eval-
uateour results,we compareour imageswith thosegeneratedby



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.

[Huanget al. 2009] and[Chuaet al. 2015] again.Thirty testcases
of a wide variety of imagesareevaluated. They all exhibit color
indistinguishabilityto CVD audiences.Note that our methodand
themethodin [Chuaetal. 2015] bothgenerateanimagepair, while
the methodin [Huanget al. 2009] generatesa single image. We
separatethequantitative evaluationinto two parts,onefor evaluat-
ing resultspresentedto normal-visionaudiencesandthe otherfor
evaluatingresultspresentedto CVD audiences.

For resultspresentedto normal-visionaudiences,we evaluatehow
far our andcompetitors'resultsdeviate from the input images.So
wemeasuretheSSIM[Wangetal. 2004] andPSNR.Sincenormal-
vision audiencesare presentedwith the blendingof our left and
right images,we computetheaverageof left andright images,and
measuretheSSIMandPSNRof theaverageimagecomparedto the
input. Table1 shows the statistics.Thehigherthevaluesare,the
smallerdeviation the imagesare. Both SSIM andPSNRscoresof
our resultsarethe best. Huang's scoresarethe worst andsigni�-
cantlylower thanours,astheir methodconsidersno normalvision
audiencesandonly utilizesa singledisplaychannel.Chua's SSIM
scoreis slightly lower thanours,but theirPSNRscoreis muchlow-
er thanours,dueto thefalsecontours.This is alsoevidencedin the
above visualcomparison.

To evaluatethe resultspresentedto the CVD audiences,we mea-
surehow well thecontrastis preservedfrom theinput imageto the
CVD simulatedimagepair. We extract the part correspondingto
thecontrasttermin SSIMandregardit asthecontrastpreservation
rate(CPR).It is de�ned as,

1
n � 1

P n
i =1 (x i � � x )( yi � � y ) + �

� 2
x + � 2

y + �
; (16)

wherex i andyi arethe two correspondingpixels from two com-
paredimages;� and� arethemeanandstandarddeviation within
a local neighborhood;n is thenumberof pixels in thelocal neigh-
borhood;� is a small constantto avoid divide-by-zero. In all our
experiments,we take a local neighborhoodof 11� 11. This CPR
falls in the rangeof [0,1]. The higher the value is, the betterthe
contrastis preserved.

Next, we convert our left andright imagesto the CVD simulated
colorspace,andcomputetheabove CPRfor eachpixel in bothim-
ages.Thetwo resultantCPRmapsarecombinedinto oneby taking
themaximumof two correspondingpixelsfrom thetwo maps.This
per-pixel maximumoperatoris justi�ed by thepsychological�nd-
ing [Scottet al. 2000] that,whentwo differentcontrastimagesare
presentedin a dichopticmanner, humanvision systemselectively
perceivesthesiteswith strongercontrastduring thebinocularsin-
gle vision. Finally, the whole imageCPR is simply the meanof
all pixels in thecombinedmap. TheCPRsof our competitorsare
computedsimilarly, except that no maximumoperationis needed
for [Huanget al. 2009] as their methodsynthesizesonly a single
image. From the statistics,our methodoutperformsour competi-
tors.Chua's scoreis muchlower becauseof thefalsecontours.

User Stud y on Functionality To directly evaluateour effective-
ness,we invite 8 CVD individuals(2 deuteranopesand6 deutera-
nomalousof age18 to 27)with differentseverity to participatein a

Figure10: Exampletestimagesfor CVDaudiencesuserstudy. (a)
Ishihara testimage. (b) Color chart. (c) Natural image with color
region indistinguishablefor CVDaudiences.

userstudy. Beforethetest,we �rst performa shortIshiharatestto
classifytheCVD typeof eachparticipant,thenperformcalibration
to obtainhis/herpersonalprojectionmatrix, for generatingresults
thattailoredfor eachparticipant.Fifteentestimagesarechosenfor
theexperiment.They containIshiharatestimages,colorcharts,and
naturalimages(Fig. 10). All testcasesexhibit at leastoneor more
placeswhereCVD individualscannotdistinguishcolors.Testcases
arepresentedto theparticipantsin a randomorder.

During theexperiment,we comparethevisualexperienceof CVD
audiencesin using our solution to that of wearingtinted glasses
(EnchromaCx lenses),andthat of two existing methods,[Huang
etal. 2009] and[Chuaetal. 2015]. Wesetup theexperimentusing
a stereoscopicdisplayon thelaptopASUSG750JX.Its displaying
luminanceis around250cd/m2 andits sizeis 17.3inches.Users-
tudiesareconductedindoorwith anambientilluminationof around
200 lux and the laptopdisplay is calibratedwith the colorimeter
Spyder3 in thesamelighting condition. Thedisplayscreenis po-
sitionedat 0.5meteraway from theparticipant.During testingour
solutionand[Chuaetal. 2015], they have to weartheshutterglass-
esin whichtheimagesarepresentedto themin adichopticway. For
tinted-glassessolution,participantswearthetintedglassesandare
presentedwith the input images.For testing[Huanget al. 2009],
participantsaremonocularlypresentedwith the recoloredimages
without wearingany glasses.Monocularpresentationof theorigi-
nal input imagesto CVD participantswithout wearingany glasses
is alsoprovidedasthecontrol.

During thesurvey, we asktheCVD participantswith questionson
thefunctionalityandthecomfortabilityof thecomparedsolutions.
For functionality, weaskwhetherCVD participantscandistinguish
the colorsandacquirethe visual information. Sincethe natureof
the typesof test imagesarequite different, the way we queryare
adjustedaccordinglyfor eachtypeof images.For Ishiharatestim-
ages,participantsareasked to tell thenumberor objectembedded
in theimage.For color chartimages,participantsareaskedto link
thecolor legendwith thecolor regionsin thechart.Only whenthey
cancorrectly link all colorswill the answerbe consideredascor-
rect.For naturalimages,participantsareaskedto pointoutwhether
two circled regionsarein differencecolors(Fig. 10(c)). For each
testcase,weasktheparticipantstwice,eachwith adifferentcircled
regionpair. Oneof themis fake, i.e. thecircledregionpair is of the
samecolor. Only whenbothquestionsareansweredcorrectly, we
regardtheanswerascorrect.

Fig. 11(a) plotstheaveragecorrectnessof theabove four solutions
togetherwith the control. The breakdown statisticsfor eachtype
of test imagescanbe found in Fig. S38of the supplement.The
vertical interval on eachbarcorrespondsto the95%con�dencein-
terval of usercorrectness.In general,all four solutionsimprove
thecorrectnesswhencomparedto thecontrol. Exceptfor thetype
of natural images,the tinted glassessolution is inferior than the



Method Mean Standard
Deviation

95%con�denceinterval
Upperbound lower bound

Chua 88.3% 32.1% 94.1% 82.5%
Our 90.8% 28.9% 96.0% 85.6%

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

control. To ensurethe statisticsis meaningful,we further apply
theone-way analysisof variance(ANOVA) with a signi�cant level
0.05anda commonlyusedposthocanalysismethod,leastsignif-
icantdifference(LSD), to evaluatetheresult. Statisticsshows that
thedifferencebetweenthecontrolandtinted-glassesmethodis not
signi�cant, andthat betweenthe control andeachof the threere-
coloringmethods(Chua's, Huang's, andour methods)arestatisti-
cally signi�cant (p-valuesaremuchsmallerthan0.05).Thatmeans
theimprovementof wearingtintedglassesis not signi�cant, while
the other threesolutionsimprove the color distinguishability. In
termsof functionality, ourmethodis statisticallybetterthanChua's
method,andcomparableto Huang's method. Note that Huang's
methodis designedwithout theconsiderationof normalvision au-
diences.Detailedstatisticscanbe found in tableS1 to S5 of the
supplement.

Evenif theparticipantscancorrectlyanswer, they maynot becer-
tain. So we also record their certainty of the correct answers.
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 differencesin
certaintybetweenthecontrolandeachof thefour solutions.Look-
ing into thebreakdown statisticsof color chartimages,thecertain-
tiesof tintedglassesandChua'smethodaresigni�cantly lowerthan
thatof thecontrol.For thenaturalimages,ourmethodsigni�cantly
improvesthecertaintyandoutperformsall competitors.

User Stud y on Comf or tability Next, we evaluate the visual
comfortability. As threeout of four solutionsrequireCVD partic-
ipantsto wearextra glasses,thesethree(thetintedglasses,Chua's
andours)certainlyhave a lower comfortability. We asktheuserto
gradetheir overall comfortability of thesetwo solutions,againin
the scaleof 1 to 5, with 5 beingthe mostcomfortable.Fig. 11(c)
plotsthestatistics.Fromtheoverallstatistics,oursolutionis signif-
icantly betterthantinted-glassesandChua's method.CVD partic-
ipantscomplainthattinted-glassescolor thewholeview, andleads
to unnaturalviewing experience,while Chua's solutionintroduces
toomuchfalsecontours.Similar observationis foundin thebreak-
down statistics,exceptfor theIshiharaimagetype,in whichChua's
methodandoursarecomparable.

Thesecondtestis on binocularrivalry andis only for Chua's and
our method,both utilize binoculardisplayanddichopticpresenta-
tion. For eachtestcase,we ask the participantswhetherthe im-
agepair canform a stablepercept.Table.2 shows the stability of
perceived images(we assumeour datafollows normaldistribution
andcalculatecon�denceintervalsaccordingto t-distributiontable).
Stablevision aregenerallyformedin around88.3%in Chua's re-
sults. This is asexpectedsinceall their resultsareproducedunder
a certainamountof luminancedeviation, which is below therival-
ry thresholdshown in their paper. Thepercentageof stablevision
for our methodis higherthanChua's,around90.8%.Notethatour
optimizationcanonly minimize,noteliminate,thechanceof binoc-
ular rivalry. If the testcaseis very tough,it is possiblethesystem
hasto pay lessattentionon the fusibility to tradefor distinguisha-
bility anddeviation. This happensin thecasesof Ishiharaimages.
Thesetestcasesaresotoughthatourcompetitorsevencannotgen-
eratesolutions(the top row of Fig. 12(g)&(h)). Our methodhas
to relax the fusibility to generatesolutions,leadingto the higher

Method Mean Standard
Deviation

95%con�denceinterval
Upperbound Lower bound

Huang 6.0% 23.7% 10.3% 1.7%
Chua 38.0% 48.5% 46.8% 29.2%
Ours 84.7% 36.0% 91.2% 78.2%

Table3: Deviation fromtheoriginals for normal-visionaudiences

chanceof binocularrivalry.

The third test is on the visual preference.This test is always the
lastamongall testsfor CVD participants.We tell theparticipants
theright answerfor eachtestcaseandpresentthemthesolutionsof
all competitorsagain.Ask themto gradetheir preferenceon each
solutionin thescaleof 1 to 5, with 5 beingthemostpreferred.The
tinted-glassesand Chua's solution are the most unpopular, while
Huangandourmethodsarecomparable.Nevertheless,oursolution
offerstheextravisualshareabilitywith normal-visionaudiences.

User Stud y on Visual Shareability We evaluate the visual
shareabilityby studyingthevisualexperienceof normal-visionau-
dienceswhenthey arepresentedwith therecoloredimages.We in-
vited10participantswith normalvision (age18 to 30). Fifteentest
imagespreviously usedfor the above CVD userstudyarereused
here. In eachtestsession,theparticipantis presentedwith a 2� 2
matrix of panelsof imageson the samestereoscopicdisplaywith
thesameilluminationconditionsetupfor theCVD userstudy. The
normal-visionaudiencesdonotwearany glasses.Thetop-leftpan-
el shows theoriginal input images.Theotherthreepanelsshow the
recoloredimagesby [Huanget al. 2009], [Chuaet al. 2015], and
oursin a randomorder. Our andChua's imagepairsaredisplayed
via thestereoscopicdisplay, andhenceeffectively, theblendingre-
sultsof left andright imagesarepresentedto theparticipants.

During theexperiment,participantsareaskedto selectoneor more
results,that areclosestto the original input, out of the threepan-
els. We allow participantsto choosemorethanoneresultswhen
thereis atie. Table3 shows thepercentageof participantselections
for all threesolutions.Our resultsareselectedover 84%of cases.
This con�rms to the statisticsin quantitative evaluation,andevi-
dencesthatour methodintroducestheminimal change.Note that
for theremaining16%,participantspreferour competitors'results
becausethey makelittle changesontheoriginal images,whichalso
makesthemfail to producecolor-distinguishablesolution(for CVD
audiences).

Video Extension Videoextensionis anobviousnext stepto pur-
sue. MachadoandOliveira [2010] and Huanget al. [2011] also
considertemporalconsistency in their methods,by sacri�cing the
deviation term a bit. Although our methodis originally designed
for static images,we have evaluatedits feasibility in extensionto
video,via a naive strategy to maintainthetemporalcoherence.As
eachframeis synthesizedwith thecorrespondingTaylorparameter
values,we canapplya temporalGaussian�lter (of a window size
of 11 frames)on theparametervalues.A resultcanbefoundin the
supplementarymaterials.

To evaluatetheresultof videoextension,we invite 8 deuteranopes
and10 normal peopleto performa preliminary userstudy. One
video is testedin this study. CVD participantsareasked to watch
the original video �rst, followed by our recoloredvideo (wearing
thestereo-glass).They areaskedwhetherthecolor contrastin the
recoloredvideoisenhanced,andwhetherthereexist any abruptcol-
or changesin therecoloredvideo. All CVD participantsagreethat
ourmethodimprovesthecolorcontrastwhencomparedto theorigi-
nalvideo,and7 outof 8 CVD participantscannotawareof any tem-



Figure11: Resultsof userstudyon functionalityandcomfortability.

poralincoherenceof therecoloredvideo.For normal-visionpartic-
ipants, they are presentedwith the original and recoloredvideos
in a side-by-sidemanner, andareasked to ratethecolor similarity
betweenthetwo videos.Theratingoptionsinclude“not similar at
all,” “slightly similar,” “moderatelysimilar,” “almostthesame”and
“totally thesame.” All of themratethevideoas“almostthesame”
or “totally thesame.” Thispilot testlookspromising.Nevertheless,
webelieve a moresophisticatedalgorithmmaybeneededfor more
challengingvideo cases,anda more thoroughevaluationmay be
required.This is out of thescopeof this paperandshouldbe our
futuredirection.

Limitations Althoughour systemcanbecalibratedfor thetarget
CVD audience,it canserve for only one type of CVD audiences
at a time (eitherprotanopia,deuteranopiaor tritanopia).Whenthe
CVD audiencesarein thesameCVD typebut differentseverity, we
maycalibrateoursystemaccordingto themostsevereindividualso
asto ensurethedistinguishabilityfor all audiences.Ourcurrentim-
plementationalsoassumesthatbotheyesown thesametypeandthe
sameseverity of CVD. If this doesnot hold,we needto separately
model the projectionmatricesfor left andright eyes. We believe
that,by modifying theimplementationandutilizing binocularsup-
pression,wecanstill generateagoodsolution.Anotherassumption
is thattheperceivedimageof normalaudiencesis thelinearblend-
ing of left andright imagesonthescreen,andhereweignorethein-
�uence of thenonlineargammacorrectionof thedisplay. BVCP is
originally designedfor normal-visionaudiences.In this paper, we
basicallyassumetheBVCPmodelcanbeappliedto CVD individu-
al. Anotherlimitation is thatourmethodreliesonthevalidity of the
physiologically-basedsimulationof CVD vision. If thesimulation
cannotaccuratelymodelthevisual perceptionof CVD individual,
we mayfail to producegoodresultfor CVD individual. Fortunate-
ly, the CVD simulationin our recoloringoptimizationframework
is replaceable.If a moreaccurateCVD simulationmodel is pro-
posedin the future,we cansimply replaceour currentmodelwith
the moreadvancedone. Recoloring-basedtechniquescanbe ap-
plied on digital visual contentonly, this limits its applicationsin
comparisonwith theopticalapproach.Ourcurrentimplementation
is not real-time,furtheroptimizationis required.

7 Conc lusions

By utilizing the extra displaychannelof stereoscopicdisplay, we
presentthe �rst systemthat allows CVD and normal-visionau-
diencesto sharethe samevisual contentseamlesslyandsimulta-
neously, without sacri�cing the original imagecolor for normal-
visionaudiencesor sacri�cing thecolordistinguishabilityfor CVD
audiences.By wearingthe stereoscopicglasses,CVD audiences
can identify the indistinguishablecolors. Without wearing the
stereoscopicglasses,normal-visionaudiencesare presentedwith
theblendingof theleft andright images,which is verycloseto the
original image.Wesolvetheimagepairrecoloringproblemasopti-
mizationof anobjectivefunctionthatminimizesthecolordeviation
for normal-visionaudiences,andmaximizesthecolordistinguisha-

bility andbinocularfusibility for CVD audiences.Via extensive
quantitative experimentsanduserstudies,we demonstratethe ef-
fectivenessof theproposedmethod.

Sofar, wehavetackledthestill imagesandperformedapilot teston
its extensionto video.Moresophisticatedalgorithmmaybeneeded
for maintainingthe temporalcoherenceof morechallengingcases
(thatmayreducethesolutionspace)andfurtherin-depthevaluation
is necessary. This will beour futuredirection.Currentlywe do not
considerthe visual attention. We believe if the visual attentionis
taken into account,someof the constraintscanbe 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 methodas in
normal vision. (e) Input in CVD simulation. (f),(g)&(h): ResultsfromHuang's, Chua's andour methodas in CVD simulation. Notethat
Chua's andour resultsare image pairs for CVDaudiences.Falsecontours canbefoundin redboxes.


