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Abstract

Color imageshavea gamutthat typically spansthreedimensionsNeverthelessseveral importantapplications,
sud asthecreationof grayscalemagesfor printing andthere-coloringofimagesfor color-de cientviewers, re-
quireareductionof gamutdimensionThispaperdescribes techniquefor preservingvisualdetailwhile reducing
gamutdimensionThetedniqueis derivedby focusingon the problemof converting color imagesto grayscale
A straightforwand extensionis then providedthat allows re-coloringimagesfor color-de cient viewers. Care is
takensothattheresultingimagesremainwithin the availablegamutandvisual artifactsare notintroduced.

Categories and SubjectDescriptors(accordingto ACM CCS)

Enhancement-Filtering

1.4.3 [Image Processingand ComputerVision]:

1. Intr oduction

“Black andwhite” televisionsandmonitorshave essentially
disappearedrom the commerciallandscapebut grayscale
printing devicesaboundln its grantproposabuide[Nat04,
theUS NationalSciencd~oundationvarnsinvestigatorsthat
“For costandtechnicalreasonsthe Foundationcannot,at
this time, reproduceproposalscontainingcolor. Pls, there-
fore, generallyshouldnot rely on colorizedobjectsto make
their aguments. When preparingdocumentsor publica-
tion in ary venue,authorsmust often corvert their color
imagesto grayscaleto comply with publisherrestrictions.
The standardsolution to this conversion problemis sim-
ple androhbust: linearly map pixel luminancevaluesto the
available grayscale Although this procedureproducessat-
isfactory resultsin mary casesjn othersit doesnot. Au-
thors do not always have completecontrol over imagede-
sign (e.g. photographs)and so a signi cant portion of the
imageinformation contentmay appeailin the chrominance
variations.In Figurel we shav someexamplesof imagesof
this type. Whenthe colorimages(left column)are mapped
to grayscalebasedon luminance(middle column), signi -
cantinformationis lost. An alternatve mappingto grayscale
(right column)canpresere someof theinformation.

The purposeof this paperis to suggest methodfor con-
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verting color imagesto grayscalen a way that, to the ex-
tentpossible preseresimageinformation.We contendthat
therearetwo components$o informationpreseration:

Presewing contrasts: Colorsthatarereadilydistinguish-
ablein the original imageshouldbe representedyy gray
valuesthatarealsoreadily distinguishableln termsof a
perceptuatolor spacge.g.CIELAB), we would like the
distancebetweenary pair of imagecolorsto be propor
tionalto thedistancebetweertheir grayvalues.
Maintaining luminance consistency: Shadaevs, high-
lights, and color gradientsprovide depth cuesthrough
luminancevariations. Grayscaleimagesin which these
cuesexhibit luminancereversals,e.g.lightenedshadavs
or darkenedhighlights,canbe disorienting.Theseeffects
can be amelioratedif luminancegradientswithin nar
rowly de ned chrominanceébandsare maintainedduring
thetranslationto grayscale.

We incorporate¢hesecomponentinto anobjective function
that allows us to castthe problemin the form of a con-
strained,multi-variate optimization. We then derive a se-
quenceof linear programming(LP) problemswhosesolu-
tions cornverge to the desiredoptimum. A straightforvard
extensionof the methodwill allow usto re-colorimagesin
away thatpreseresinformationfor colorde cient viewers.
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Figure 1: Colorto Grayscale(a) Original image, (b) mappingluminanceto grayscale (c) proposedalternativemapping
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1.1. RelatedWork

Thereareseveralrelatedproblemsthathave beenaddressed
extensiely in the literature. The goal of color quantiza-
tion [Hec87 is to presere imagedetail while reducingthe
numberof colorsin the imagefrom n to m, whereusually
n >> m. Color quantizationalgorithmshave two compo-
nents paletteselectiormandmapping Clever paletteselection
is the major componentandcritical to the succes®f these
algorithms.Mappingimagecolorsto the selectedaletteis
usuallya simple, three-dimensionagrror diffusion [FS7].
In our problem,the paletteis x ed (grayscale)andso the
principalbene t of ary color quantizatioralgorithmis lost.
Simple diffusion mappingsto grayscaleare almostalways
inadequate.

Gamutmappingattemptsto presere the appearancef
animagewhenit is displayedon two or more devicesthat
have differentavailable color gamuts.Stoneet al. [SCB8g
describeseveral principlesto be followed to createpleas-
ing gamutmaps.Two are directly applicableto producing
grayscaleimages.First, the gray axis of the sourcegamut
shouldbe transformedso thatit is alignedwith that of the
destinationgamut. For a color-to-grayscald@ransformation,
thisimpliesthatwe shouldmapthegrayaxisof thecolorim-
age(luminance)to grayscaleThis is preciselythe standard
mapping,uponwhich we aretrying to improve. The second
principal is that luminancecontrastshouldbe maximized.
For grayscalémagesthisimpliesthatwe shouldnormalize
theresultsoverthetargetgrayrange Thisnormalizatiorwill
beanintegral partof our method.

An importantinstanceof gamutmappingis thetonemap-
ping problemof displayinghigh dynamicrangeimageson
low dynamicrangedisplays TR93. Theobjectiveis to pre-
sene an alundanceof visual information within the con-
straintsof a limited gamut, and our approachto grayscale
corversionshareghis goal. Neverthelesstone mappingis
generallyconcernedvith compressiorof the gamutrange,
whereasve areinterestedn compressiorof gamutdimen-
sionality

Stollnitz et al. [SOS9§ examinethe problemof printing
acolorimagewith anarbitrarynumberof inks. For thecase
of a singleink, their solutionis alsoto useluminance;.e.,
the standardnapping.

Severalmethodshave beenproposedor solvingthegen-
eral problem of reducingan n-dimensionalset of datato
m dimensionswherem < n. Principal ComponentAnaly-
sis[Jol0] (PCA) is one suchmethod.A setof n orthogo-
nal vectorsis constructedwhereeachpointsin thedirection
of the highestremainingvariationin the original dataset.
The m vectorsthat capturethe mostvariationform a basis
of the lower dimensionakpace Choosingthe axis of maxi-
mum variationin the colorimagedatadoesprovidesa high
contrastgrayscaleimage. Neverthelesssigni cant smaller
detail usually appearsin the secondprincipal component,
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andsuchis lost to this technique Further it is dif cult to
incorporateconstrainto©n luminanceconsisteny.

Multi-dimensionalScaling[CC94, or MDS, is an alter
native to factoranalysisor detectingmeaningfulunderlying
dimensionsn asetof multi-dimensionatlatapoints.It most
often takesthe form of minimizing a quadraticfunction of
the setof all distancesetweerpairsof pointsin the multi-
dimensionaldata. Becausethe input involves all obsered
distancesthe techniquedoesnot often scalewell to large
datasets.For the specialcaseof reductionto a single di-
mension(uni-dimensionakcaling),Hubertet al. [HAMO02]
provide anoverview of severalapproachedn generalthese
donotscalewell to largedatasets andthe additionof exter
nal constraintscan be problematic Neverthelessas shavn
in Section2, our own approachcan be characterizeds a
specialcaseof MDS.

Locally linearembeddindRS0Q (LLE) takesa slightly
differentapproactto dimensiorreductionin thatit assumes
eachdatapoint canbe constructedas a linear combination
of its neighborsThe choiceof neighborhoods crucial for
satishctoryresults As is the casefor PCA, it is unclearhow
to incorporateconstraintsnto LLE.

ISOMAP [TdSLOQ is a populartechniquethatis similar
to LLE in thatit requiresa neighborhoodabouteachhigh
dimensionabpoint. Herethe neighborhoods usedto create
aweightedgraphthatapproximateshe structureof thedata.
TraditionalMDS techniquesarethenusedto createa lower
dimensionaton gurationfrom theweightedgraph.

In the domainsof medicalimaging or remotesensing,
multiple high-dimensionalmagesfrom a single sourceare
oftenobtainedg.g.,a CT scanandanMRI scanof thesame
region of a patient. The goal of imagefusion is to create
a single imagethat capturesthe salientfeaturesof the en-
tire original datasetandtherebyallows visualizationof data
correlationsTherehave beenseveralmethodsproposedor
imagefusion. They includePCA[SOM 87], linear combi-
nationsof the datathat maximize contrastobjective func-
tions[HB96], analysisusingwaveletsfMLM95], andneural
network schemeswith self-oiganizing maps[Man9q. Lu-
minanceconsisteng is not typically a goal of imagefusion
methodsandsothesemethodsarenot easilyconstrained.

Socolinslk [Soc0Q and Socolinsk and Wolff [SWO02J
constructgrayscalamagesto matchlocal contrastin color
images.They regard contrastasa gradientandthenrecover
grayscaleby solving a Poissonequation.They speci cally
avoid introducing global contrastto avoid artifacts when
computingsub-image®r sequencesf imagesAs aresult,
their methodhasdif culty with certainclassesof images,
suchasthethreecolorexamplein Figure2. Herethecontrast
betweenadjacentred and gray blocks matcheghe contrast
betweeradjacengray andgreenblocks.A grayscalgrans-
formationbasedsolelyonlocal contrassendsedandgreen
to identicalgray values.Use of global contrastinformation
will separatéhethreevalues.
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Figure 2: Why global contrastis necessaryoriginal color
(left), transformationusing local contrast (center), and
transformatiorusingglobal contrast (right)

Goochetal. [GOTGO05 describeatechniquefor convert-
ing color to grayscalein which they iteratively adjustthe
gray value at eachpixel to minimize an objective function.
To resole the orderingof gray valuesarisingfrom original
colorsof differing hues,they provide a usercontrolledpa-
rameter

Photographersftenencounterslif culties whentrying to
recordcolorimageson monochromaticim. Thetraditional
solutionto this problemis to usea “contrast lter” overthe
lens[Ada8]. Theselters comein a variety of hues,each
of which attenuateshe complementarjueof the Iter . For
example,to increasethe contrastbetweencloudsand sky,
ayellow lter is often used.This attenuateghe blue sky,
producinglight cloudsonadarkbackgroundln generalthe
choiceof Iter is left to theeye of theartist.

1.2. Color Vision De ciencies

De cienciesin color vision arise from differencesin pig-
mentationof optical photoreceptor§Wan94. Normal vi-
sionis characterizedby threedistinct pigmentationf the
photoreceptorgcones),which collectively allow reception
of long, medium,andshortwavelengthsof thevisible spec-
trum. Anomaloustrichromatopias a conditionin which the
pigmentin oneconeis notsufciently distinctfrom the oth-
ers.The viewer still hasthreedistinct spectralsensitvities,
but the separationis reduced.Dichromatopiais a condi-
tion in which the viewer hasonly two distinct pigmentsin
the cones.For both dichromatopiaand anomalousrichro-
matopia,there are three subclassi cationsbasedon which
conehasthe abnormalpigmentation De cienciesin cones
sensitve to long, medium, and short wavelengthsare re-
ferredto asprotanopicdeuteranopicandtritanopic,respec-
tively. Protanopicand deuteranopiale ciencies, the most
commonforms of color-de cient vision, are characterized
by dif culty distinguishingoetweerredandgreentonesTri-
tanopicde cienciesareassociatedvith confusionbetween
blue andyellow tones.Monochromatismis anotherform of
de cient color vision, but it is quiterare.

Signi cant work hasbeendonein simulatingcolor de -
cientvision [MG88, Kon9Q BVM97]. From studiesof sub-
jectswho have normalvisionin oneeye andcolor-de cient
vision in the other it hasbeendeterminedthat there are
speci ¢ wavelengthshatare percevedidentically by those
with normalvision and thosewith vision de ciencies. For
protanopesnddeuteranopesheseare575nm(yellow) and
475nm(blue). For tritanopestheseare 660nm(red-orange)

and 485nm (cyan). From knowledge of theseinvariants,
color-de cientvisioncanbesimulatedColorsin RGBspace
are transformedinto an LMS (long, medium, short) color

spacethatis basedon coneresponseConede cienciesare
then simulatedby modifying the responseof the de cient

cone. Meyer and Greenbey [MG88] nd lines of “con-

fusedcolors” by intersectinglines of chrominanceKondo
[Kon9(Q usesaseriesof lineartransformsgyovernedby apa-

rameteispecifyingthedegreeof de ciency in eachparticular
componentBretteletal. [BVM97] projectcolorsin thecone
responsespaceonto a a pair of planesthatintersectalonga

neutralcolor line and representhe gamutof the de cient

viewer.

Giventheability to simulatecolor-de cient views, it may
be possibleto re-colorimagesin sucha way that confused
detail is restoredfor color-de cient obserers. Reinhardet
al. [RAGSO0] describea stratgyy for matchingcolor statis-
tics betweentwo imagesand then transferringthe color
distribution from one imageto another Although this can
be useful for compressinga full color imageinto a color
de cient gamut,it doesnotattempto preserethe perceved
distancedetweercontrastingcolorsin theoriginalimage.

WalravenandAlferdinck [WA97] describea color palette
editor that is coupledwith simulationof a color de cient
viewer. The simulatoris usedto determinewhich pairs of
colorsin the currentpalettewould have perceved distances
below a critical thresholdin a color-de cient gamut. Such
colorsaremarkedfor re-consideratioin the palettedesign.
Theeditorcanalsoselecta default palettefor which all col-
orsmeetthresholdspeci cations.

Daltonization[DW] is a proceduredor re-coloringanim-
age for viewing by a color-de cient viewer. Here, a user
speci esparameteror stretchingcontrastbetweerredand
greenhues,aswell asparametergor modulatingblue and
yellow contrastand modulatingluminance.Simulation of
a deuteranopiwiewer is provided for evaluating the out-
put image. Parameterselectionis not automatedalthough
three“default” parametersettingsare offered. The results
arehighly dependentiponthe choicesfor the parameters.

Ichikawa etal. [ITK 03,ITK 04] proposean automated
methodfor re-coloringimagesthatis basedon a genetical-
gorithm search A small subsetof the colorsin the image
is selectedand usedto constructan objective function that
both maintainscolor distancesand constrainghe extent of
color remapping.The resultis theninterpolatedacrossthe
entireimage. In this processthereis no considerationof
constraintson luminanceconsisteng or constraintgo keep
colorswithin a target gamut. The methodalso hasnumer
ousparameterto adjustin orderto controlthequality of the
outputimage.

Rascheet al. [RGWO0Y discussan automaticmethodfor
bothgrayscalecorversionandre-coloringimages They use
a subsetof theimagecolorsto nd a linear transformthat
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Figure 3: LuminanceConsisteng and Linear ProjectionMapping (a) to (b) violatesluminanceconsistencyshadowsand
highlightsappearreversed.Mapping(c) to (d) is basedon a linear projection; widely differing colors are mappedo similar

gray values.

minimizestheir objective function,whichis designedo en-
force proportionalcolor differencesacrossthe remapping.
For the grayscalecase the transformatiorinvolves project-
ing the colorsonto a singlevector For there-coloringcase,
it involvesalineartransformatiorin homogeneou€IELAB
coordinatesBecauseheir methodis basedon linear trans-
formations,it hasadwantagesn speedandsimplicity, but it
alsocarriesattendantimitations.In particular it hasdif cul-
tieswith imageshatexhibit smoothvariationalongmultiple
colordimensionsandit doesnotoffer ary constraintonlu-
minanceconsisteng. Examplesf eachareshavn in Figure
3. In the re-coloringcase their methoddoesnot constrain
thetransformecolorsto theavailablegamut.

2. Constrained Multidimensional Scaling

We seeka mappingof color to grayscalethat preseres
contrastsand maintainsluminance consisteng. The two
goalscanbe expressedn the form of a constrainedmulti-
dimensionakcalingproblem.We rst de ne aquadraticb-
jective function thatincorporatesontrastpreseration. We
brie y review thetechnique known as“majorization; that
is commonlyusedto optimize functionsof this form. We
thenaddconstraintghatenforceluminanceconsisteng and
obsere that an approximatiorwill allow usto expressthe
desiredsolutionin termsof a sequencef linear program-
ming problems.

2.1. Majorization

As notedin Section1, we would like our grayscalemap-
ping to presere global contrast.We expressthis in terms
of an objective function by requiring that differencesbe-
tween mappedgray valuesshould remain proportionalto
differenceshetweenthe original color values.Speci cally,
we seeka minimum of

n°2 nol
00;91;5Gh )=a a O
i=0 j=i+1

2
gj =dij K 1
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whereg; is themappedyrayvaluecorrespondingo colorc;,
K is the target proportionalityconstantanddij = j¢i  ¢jj,
thedistancebetweerr; andc; in CIELAB space.

Equationl is referredto in theMDS literatureasSTRESS
[CC94. STRESSis non-linear It is generallysolved by
a methodknown as"majorization",in which the objective
function is minimized by solving an iterative sequencef
unconstrainedjuadratigproblems The sequencef minima
will corvergeto alocal minimumof (1).

To establisitheboundswe rst expandthesummandss

(g gi=d)® 2Kjg gji=dij + K )

andobsenre thatthe sumof the quadratidermscanbe writ-
tensuccinctly

n°2 nol . . 2 T
a a (g gj=dj)°=9g Qg 3)
i=0 j=i+1
where
( d.? i6 j
- i6 j
Qj= " o (4)
. Brgith? 1= ]

To boundthe linearterms,we obsenre thatfor ary vectory
of lengthn,

jgi gy vii (@ gty yj) )
andsoif y; 6 yj,
n 2,1 20t (g g (v Y))
a a (o gi=dj) & a — - —k
o VS S A iy il
(6)
We concludethat
n°2 nol ] ) T
a a (g gj=dj) gLy (7)
=0 j=i+1
where
< 1Hdijyi vi)) 16 Vi6y,
Lj=. O I8, Vi=Vyj 8)
: i |

ausiLik
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We now have anupperboundfor (1):

S(goigg 1) 9'Qg 2Kg'Ly+ (n )n=2K?
©)
whichis minimizedby the solutionof thelinearsystem
Qg= KLy (10)

where Q is symmetricand positive semide nite. Thus, to
minimize (1), we canchooseaninitial randomvaluefor y,
anditerate:solve (10) for g, sety = g, andrepeatuntil con-
vergence Note thata solutionof (10) with y = g is a mini-
mumof theoriginal function (1).

2.2. Constrained Majorization

Maintaining luminanceconsisteng within narrav chromi-

nancebandswill requirethatwe addconstraintof theform

gi  gj toouroptimizationof (1). In termsof majorization,
this impliesthat(10) will nolonger(necessarilyhave a so-
lution, andwe mustapproximateWe do this by introducing
n additionalvariables,v;, usedto represenpercomponent
errorin (10). We thenexpressour goalin termsof thelinear
programmingproblem

minimize aiVi (11)
subjecto  gj o O (j;k2D
gj 100 allj
vi+ Qg KLy,
vi Qg KLy
whereQ; andL; aretheith rows of Q andL, andD is the
setof indicesof thosecolorswith orderconstrainedumi-
nancevalues Notethatthesecondonstraintarisesrom the
maximumvalue,100, for ary graylevel in CIELAB space,
andthata constrainty; 0, is implicit in the nal pair of
constraintsAll graylevelsarenon-ngative.

3. Implementation

Severalimplementatiordetailsmustyetbeaddressedlhese
include selectionof the target proportionality constant,K,
luminanceconstraintselection,and handlingimageswith
large numbersf colors.

Proportionality constant: Thereareat leasttwo reason-
able choicesfor the target proportionalityconstantK. The
mostobviousis K = 100=Cmax wherecmaxdenoteshemax-
imum CIELAB distancebetweenary pair of colorsin the
original image,and, as notedearlier 100 is the maximum
distancebetweengray valuesin CIELAB space A second
choice,which tendsto heightencontrast,is to weight gray
valuedifferencesquallywith color differencesi.e.,K = 1.
We provide comparisonsn Section5. In anideal solution,
thesetof ratios,jgi  gjj5¢  cjj, would have meanK and
variance0.

Constraints: To presere luminance consistenyg, we
mustchooseconstraintsso that colorswith similar chromi-
nanceare mappedto a grayscaleorder that matchestheir
luminanceorder For this, we needathresholdg, onthedif-

ference
r

2 2
Dj= & a + b b 12)

in CIELAB color spacelf Djj e, the pair of colorsare
deemedsimilar anda constraintis added.If the luminance
of ¢ is lessthanthatof ¢j, theconstraintg; gj, is added.
Thethreshold g, shouldbethe lowestvaluethatstill avoids
introductionof theluminance-reersalartifactssuchaslight-
enedshadavs or darkenedhighlights.In practice,it appears
thatvaluesof e betweenl0 and 20 generallyproducevisu-
ally pleasingmagesThis stepcanintroducealargenumber
of redundantonstraintsandwe eliminatethosethatareim-
plied by transitiity.

Handling large numbers of colors: Imagesof interest
often have hundredsf thousand®f colors. The execution-
time performancef MDS doesnot scalewell to suchlarge
datasets.To attemptto work aroundthis de ciency, sev-
eral proposaldor “sparseMDS” have beenput forth. One
methodis to choosea subsebf the total pointsto be “land-
mark points”, which carry increasedweight in determin-
ing the mapping.In one approachto the useof suchland-
mark points,the systemis solved by consideringonly those
pairs of points for which at leastone memberof the pair
is a landmarkpoint. This approachis usedby Gansneret
al. [GKNO4] for drawing large graphs.n anotheytwo-pass
approachadenseMDS is carriedout only on the landmark
points, and then the remaining points are mappedbased
on the resultsof the denseMDS. This techniqueis used
by KruskalandHart [KH66] andde Silva and Tenenbaum
[dSTO3.

We usecolor quantizationto select256 colors as land-
mark points and then emplgy a two-passapproach After
mappingthe landmarkpoints,we thenwish to mapthe re-
mainingpointsto minimize

n 1255 )
gjj=di; K 13)
i=0j=0
whereg; is a gray value to be determined§j is the gray
valuealreadydeterminedor the jth landmarkcolor, andd;
is the CIELAB distancefrom ¢; to the j" landmarkcolor.
This minimizationhasa form similar to (1), exceptthatthe
gj valuesare known. Expanding(13) asbefore,we have a
bound:
n 1255

o o . Jo 2
4 4 ig §i=d; K g'Hg 2Kg'J+R(14)
i=0 j=0
where (
2 255 2 s
, dicody 1= ]
Hi; = i 15
' 0 otherwise (15)
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Colors | Solving | Interpolating
Berries | 1,415,424| 22.4sec 1260.4sec
Candy 367,136| 34.8sec 365.0sec
Flower 338,010| 22.5sec 307.5sec
Grid 43 | 0.041sec -

Table 1: Timing: Resultsor the grayscaleimagesshownin
Figure 1. In ead caseexceptthe “Grid” image, the solu-
tion wastwo-phasewith aninitial MDS over 256 landmark
colors followedby aninterpolationstep.The“Grid” image
wassolvedfor all colors withoutinterpolation.

|
3= 8 9, UG (16)
j=0 Kdlj c'I]Jyl djl
R is aconstantandvectory is to beusedasbefore,in itera-
tion. SinceH is diagonaltheright sideof inequality14 has
aminimumvalue
Oi Hi (17)
To maintainluminanceconsisteng, we mustuseconstraints
when interpolating the results.We nd upper and lower
boundson eachinterpolatedvalue by thresholdingthe dif-
ferencean chrominancdetweert; andall thelandmarkcol-
ors.If i) e §j is acandidatefor eitheranupperor lower
boundon g;, dependingon the luminanceorderbetweenc;
andthe jth landmarkcolor. Theinterpolatedsolutionis then

gi = min max % g ;g (18)
1]

Whereg= andg}' arethelower andupperboundsof g;.

4. Results

Our methodis easilyimplementecusingary of alarge col-
lection of linear programminglibraries. We usedthe CLP
solwverthatis partof the COIN-ORcollectionof optimization
software(http://www.coin-ororg). Timing resultsfor theim-

agesshavn in Figure 1 aregivenin Table 1. For the rst

threeimageswe usedthe two-phaseapproachdescribedn

theprevioussectionandquantizedhe originalimageto 256
colors. The MDS solutionfor the quantizedsetwasthenin-

terpolatedvertheoriginalimagedatausing(18). Thefourth
image (blocks of constantcolor), containedrelatively few
colors,and so the mappingwas computeddirectly. In each
casetheproportionalityconstantK, was100=Cmax

5. Evaluation

To evaluatethe effectivenessof our grayscaletransforma-
tion, we performeda small experimentto measureviewer
preferenceThe color imagesfrom the rst threerows of
Figurel, aswell asthosefrom Figure4, wereused All im-
ageswereconvertedto grayscaléy threemethodsthestan-
dardmappingof luminanceto gray, our methodwith K = 1,
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Figure 4: Additional Images:Images used,along with the
r stthreeimagesin Figure 1, for experimentakevaluation.

andour methodwith K = 100=Cmax. A sequencef moni-
tor pagesgeachcontaininga color imageanda pair of cor
respondinggrayscaleimages,was presentedo eachof 17
study participants.All participantswere graduatestudents
with somebackgroundn either computergraphics,image
processingor design. An exhaustve pairedcomparisorwas
usedfor eachof the six images.Each participantwas in-
structedio choosehe grayscalémagethatbestrepresented
the visual detail of the color original. We usedThurstones
Law of Comparatre JudgmenfTor67] to arrangehe paired
preferencedor eachimagein a linear scale.A 95% con-
dence internval was computed,as discussedby Braun et
al. [BFA96]. Therewereno unanimouslecisionsandsono
speciahandlingof suchcasesasnecessarjor thescaling.

To determinethe overall scalesfor the techniqueswe
would ordinarily averagethe scalevaluesacrossall images,
but thereis alogical partitionin our data.The grayscalém-
agesproducedfrom the color imagesof Figure 4 were all
visibly similar, but thoseproducedfrom the color images
of Figure 1 were appreciablydifferent from one another
To avoid skewed results,we averagedseparatelyacrossthe
scalevaluesof the imagesin eachgroup. The resultsfor
the “similar” grayscalémagescanbe seenin Figure5 (a).
Here,therewasno signi cant differenceamongary of the
threemethodswe tested Thisis notsurprising giventhevi-
sualsimilarity of the grayscaldmages.Figure5 (b) shovs
theresultsfor theimagesfrom Figure 1. Here,the standard
mappingof luminanceto grayscaleand our mappingwith
K = 1did notshaw ary signi cant difference but our map-
ping with K = 100=cmax wassigni cantly preferred Figure
5 (c) shavs theresultsof handlingall imagestogether

6. Re-coloringfor Color-De cient Obserers

We canusealsoEquationl to createafalsecolorimagethat
will presereimageinformationthatmightbelostif theorig-
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Figure5: Experimentatesults:Scalingsesultingfrompaired-doiceexperiment(a) Scalefromimagesin Figure 4, (b) scales
fromthe r stthreeimagesin Figure 1, and(c) scalesromall data. Thevertical scaleis dimensional-leswith arbitrary origin.

inal colorimagewereviewed by a color-de cient obserer.

The objective hereis not to createan imagethat contains
thesameevel of detailfor all viewers,thatis, for obserers
with normal vision and thosewith various color de cien-

cies.Rather it is to createmultiple versionsof the image,
eachtailoredto thevisualcharacteristicef theviewer.

Wewishto useMDS to mapthree-dimensionaiagecol-
orsto thetwo-dimensionasurfaceof colorsdistinguishable
by eachclassof color-de cient obserer. In CIELAB color
spacethe surfaceof distinguishablecolors,assimulatedoy
Brettel et al. [BVM97], is not at. This suggests needto
parameterizeéhe surfaceand mapthe computedcon gura-
tion with this parameterizationNeverthelessthis surface
haslow curvature,and we can approximateusing a plane
containingtheluminanceaxis.We have foundnormalsof the
approximatingplanesto be (0:00; 0:99; 0:14) for the protan
anddeuterarcasesand(0:0; 0:58;0:81) for thetritan case.

We simultaneousheliminatethe needfor constraintson
luminanceand reducethe problemto one-dimensionaby
settingoutputluminanceto input luminance Nevertheless,
wewill needo constrairtheg; valuesto theavailablegamut,
andthe chromaticityrangeis a function of luminance We
computethe boundsof the gamut, along the approximat-
ing plane,attheluminancevalueof eachinput color. These
boundarieshenform theupperandlowerboundconstraints,
gt andg! , Thisresultsin thelinearprogram

minimize &V (19)
subjecto v+ Qig KLiy;
vi Qg KLiy
g o ¢

Figures 6 and 7 shav the results of our re-coloring
method.In eachcasethe proportionality constantK, was
1. Thesimilarity of eachof there-coloredmagego thesim-
ulated,color-de cient view of thatimagedemonstratethe
validity of our planarapproximationof the color-de cient
gamut.Timing resultsrecordedon a 2.4 Ghz PCareshavn
in Table2.

Colors | Solving | Interpolating
Berries | 1,415,424| 24.5sec 723.1sec
Flower 338,010| 25.7sec 164.7sec
Balls 416,880| 20.0sec 253.4sec

Table 2: Timing: Resultfor there-coloedimagesshownin
Figures6 and 7. Themethodwasappliedto a quantizedset
of 256 colors andtheninterpolatedover theimage colors.

7. Conclusion

We have suggested techniquefor mappingcolor images
to grayscalémagesin a way that preseresimageinforma-
tion andpreseresimportantluminancegradientsWe have
alsoshaowvn thata simpleextensionof this techniquecanbe
usedto re-colorimagesfor viewing by color-de cient ob-
seners.In eachcase the solutionsareapproximateminima
of aSTRESSunctionthatarefoundby iteratively solvinga
sequencef linearprogrammingoroblems.

Controlledassessmentf our grayscalemappingresults
by agroupof 17 humansubjectshasrevealedthat,for some
imagespurtechniqueperformsnoworsethanthetraditional
method and,for otherimagespurtechniqugperformsmuch
betterthatthetraditionalmethod providedwe useapropor
tionality constanbf K = 100=Cmax.

The ability to easilyinterpolatea solutionfor a small set
of colorsover anarbitrarysetof colorsis importantfor se-
guence®fimagesaswell assub-imagesTo avoid ick ering
artifacts,somesenseof temporalcoherencanustbe main-
tained,andtheinterpolationmechanisnallows for a variety
of strategyies.We arecurrentlyevaluatinga numberof tech-
niquesrelatedto this problem.
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Figure 6: Re-coloringtwo imagesfrom Figurel: (a) Simulatedprotanope( r strow) anddeuteanope(secondow) views, (b)
our re-coloring and(c) simulatedorotanope( r strow) anddeuteanope(secondow) viewsof (b).

Figure 7: Tritanopicde ciencies:(left to right) original color image, image as seenby a simulatedtritanopic viewer, image
recoloredfor a tritanopic viewer, andtherecoloedimage as seerby a simulatedritanopic viewer.
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