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Abstract

Color imageshavea gamutthat typically spansthreedimensions.Nevertheless,several importantapplications,
such asthecreationof grayscaleimagesfor printing andthere-coloringof imagesfor color-de�cient viewers,re-
quirea reductionof gamutdimension.Thispaperdescribesa techniquefor preservingvisualdetailwhilereducing
gamutdimension.Thetechniqueis derivedby focusingon theproblemof convertingcolor imagesto grayscale.
A straightforward extensionis thenprovidedthat allows re-coloringimagesfor color-de�cient viewers. Care is
takensothat theresultingimagesremainwithin theavailablegamutandvisualartifactsarenot introduced.

Categoriesand SubjectDescriptors(accordingto ACM CCS): I.4.3 [Image Processingand ComputerVision]:
Enhancement-Filtering

1. Intr oduction

“Black andwhite” televisionsandmonitorshave essentially
disappearedfrom the commerciallandscape,but grayscale
printingdevicesabound.In its grantproposalguide[Nat04],
theUSNationalScienceFoundationwarnsinvestigatorsthat
“For costand technicalreasons,the Foundationcannot,at
this time, reproduceproposalscontainingcolor. PIs, there-
fore,generallyshouldnot rely on colorizedobjectsto make
their arguments.” When preparingdocumentsfor publica-
tion in any venue,authorsmust often convert their color
imagesto grayscaleto comply with publisherrestrictions.
The standardsolution to this conversion problem is sim-
ple androbust: linearly mappixel luminancevaluesto the
availablegrayscale.Although this procedureproducessat-
isfactory resultsin many cases,in othersit doesnot. Au-
thorsdo not alwayshave completecontrol over imagede-
sign (e.g.photographs),andso a signi�cant portion of the
imageinformationcontentmay appearin the chrominance
variations.In Figure1 weshow someexamplesof imagesof
this type.Whenthecolor images(left column)aremapped
to grayscalebasedon luminance(middle column),signi�-
cantinformationis lost.An alternativemappingto grayscale
(right column)canpreservesomeof theinformation.

Thepurposeof this paperis to suggesta methodfor con-
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verting color imagesto grayscalein a way that, to the ex-
tentpossible,preservesimageinformation.We contendthat
therearetwo componentsto informationpreservation:

� Preserving contrasts:Colorsthatarereadilydistinguish-
ablein theoriginal imageshouldbe representedby gray
valuesthatarealsoreadilydistinguishable.In termsof a
perceptualcolor space(e.g.CIELAB), we would like the
distancebetweenany pair of imagecolorsto be propor-
tional to thedistancebetweentheir grayvalues.

� Maintaining luminance consistency: Shadows, high-
lights, and color gradientsprovide depth cuesthrough
luminancevariations.Grayscaleimagesin which these
cuesexhibit luminancereversals,e.g. lightenedshadows
or darkenedhighlights,canbedisorienting.Theseeffects
can be amelioratedif luminancegradientswithin nar-
rowly de�ned chrominancebandsaremaintainedduring
thetranslationto grayscale.

We incorporatethesecomponentsinto anobjective function
that allows us to cast the problem in the form of a con-
strained,multi-variate optimization.We then derive a se-
quenceof linear programming(LP) problemswhosesolu-
tions converge to the desiredoptimum. A straightforward
extensionof themethodwill allow us to re-colorimagesin
awaythatpreservesinformationfor color-de�cient viewers.
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(a) (b) (c)

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

c
 TheEurographicsAssociationandBlackwellPublishing2005.



Rasche, Geist,Westall/ Re-coloringImages

1.1. RelatedWork

Thereareseveralrelatedproblemsthathave beenaddressed
extensively in the literature. The goal of color quantiza-
tion [Hec82] is to preserve imagedetailwhile reducingthe
numberof colors in the imagefrom n to m, whereusually
n >> m. Color quantizationalgorithmshave two compo-
nents,paletteselectionandmapping.Cleverpaletteselection
is the major componentandcritical to the successof these
algorithms.Mappingimagecolorsto theselectedpaletteis
usuallya simple,three-dimensionalerror diffusion [FS75].
In our problem,the paletteis �x ed (grayscale),andso the
principalbene�t of any color quantizationalgorithmis lost.
Simplediffusion mappingsto grayscalearealmostalways
inadequate.

Gamutmappingattemptsto preserve the appearanceof
an imagewhenit is displayedon two or moredevicesthat
have differentavailablecolor gamuts.Stoneet al. [SCB88]
describeseveral principlesto be followed to createpleas-
ing gamutmaps.Two aredirectly applicableto producing
grayscaleimages.First, the gray axis of the sourcegamut
shouldbe transformedso that it is alignedwith that of the
destinationgamut.For a color-to-grayscaletransformation,
thisimpliesthatweshouldmapthegrayaxisof thecolorim-
age(luminance)to grayscale.This is preciselythestandard
mapping,uponwhich we aretrying to improve.Thesecond
principal is that luminancecontrastshouldbe maximized.
For grayscaleimages,this impliesthatwe shouldnormalize
theresultsoverthetargetgrayrange.Thisnormalizationwill
beanintegral partof ourmethod.

An importantinstanceof gamutmappingis thetonemap-
ping problemof displayinghigh dynamicrangeimageson
low dynamicrangedisplays[TR93]. Theobjective is to pre-
serve an abundanceof visual information within the con-
straintsof a limited gamut,andour approachto grayscale
conversionsharesthis goal. Nevertheless,tonemappingis
generallyconcernedwith compressionof the gamutrange,
whereaswe areinterestedin compressionof gamutdimen-
sionality.

Stollnitz et al. [SOS98] examinetheproblemof printing
acolor imagewith anarbitrarynumberof inks.For thecase
of a singleink, their solutionis alsoto useluminance,i.e.,
thestandardmapping.

Severalmethodshave beenproposedfor solvingthegen-
eral problemof reducingan n-dimensionalset of data to
m dimensionswherem < n. Principal ComponentAnaly-
sis [Jol02] (PCA) is onesuchmethod.A setof n orthogo-
nalvectorsis constructed,whereeachpointsin thedirection
of the highestremainingvariation in the original dataset.
The m vectorsthat capturethe mostvariationform a basis
of thelower dimensionalspace.Choosingtheaxisof maxi-
mumvariationin thecolor imagedatadoesprovidesa high
contrastgrayscaleimage.Nevertheless,signi�cant smaller
detail usually appearsin the secondprincipal component,

andsuchis lost to this technique.Further, it is dif�cult to
incorporateconstraintson luminanceconsistency.

Multi-dimensionalScaling[CC94], or MDS, is an alter-
nativeto factoranalysisfor detectingmeaningfulunderlying
dimensionsin asetof multi-dimensionaldatapoints.It most
often takesthe form of minimizing a quadraticfunction of
thesetof all distancesbetweenpairsof pointsin themulti-
dimensionaldata.Becausethe input involves all observed
distances,the techniquedoesnot often scalewell to large
datasets.For the specialcaseof reductionto a single di-
mension(uni-dimensionalscaling),Hubertet al. [HAM02]
provideanoverview of severalapproaches.In general,these
donotscalewell to largedatasets,andtheadditionof exter-
nal constraintscanbe problematic.Nevertheless,asshown
in Section2, our own approachcan be characterizedas a
specialcaseof MDS.

Locally linear embedding[RS00] (LLE) takesa slightly
differentapproachto dimensionreductionin thatit assumes
eachdatapoint canbe constructedasa linear combination
of its neighbors.The choiceof neighborhoodis crucial for
satisfactoryresults.As is thecasefor PCA,it is unclearhow
to incorporateconstraintsinto LLE.

ISOMAP [TdSL00] is a populartechniquethat is similar
to LLE in that it requiresa neighborhoodabouteachhigh
dimensionalpoint. Heretheneighborhoodis usedto create
aweightedgraphthatapproximatesthestructureof thedata.
TraditionalMDS techniquesarethenusedto createa lower
dimensionalcon�gurationfrom theweightedgraph.

In the domainsof medical imaging or remotesensing,
multiple high-dimensionalimagesfrom a singlesourceare
oftenobtained,e.g.,aCT scanandanMRI scanof thesame
region of a patient.The goal of imagefusion is to create
a single imagethat capturesthe salientfeaturesof the en-
tire originaldatasetandtherebyallowsvisualizationof data
correlations.Therehave beenseveralmethodsproposedfor
imagefusion.They includePCA [SOM� 87], linear combi-
nationsof the datathat maximizecontrastobjective func-
tions[HB96], analysisusingwavelets[MLM95], andneural
network schemeswith self-organizing maps[Man96]. Lu-
minanceconsistency is not typically a goalof imagefusion
methods,andsothesemethodsarenoteasilyconstrained.

Socolinsky [Soc00] and Socolinsky and Wolff [SW02]
constructgrayscaleimagesto matchlocal contrastin color
images.They regardcontrastasa gradientandthenrecover
grayscaleby solving a Poissonequation.They speci�cally
avoid introducing global contrastto avoid artifacts when
computingsub-imagesor sequencesof images.As a result,
their methodhasdif�culty with certainclassesof images,
suchasthethreecolorexamplein Figure2. Herethecontrast
betweenadjacentred andgray blocksmatchesthe contrast
betweenadjacentgrayandgreenblocks.A grayscaletrans-
formationbasedsolelyon localcontrastsendsredandgreen
to identicalgrayvalues.Useof global contrastinformation
will separatethethreevalues.
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Figure 2: Why global contrastis necessary:original color
(left), transformationusing local contrast (center), and
transformationusingglobal contrast(right)

Goochet al. [GOTG05] describea techniquefor convert-
ing color to grayscalein which they iteratively adjust the
gray valueat eachpixel to minimize an objective function.
To resolve theorderingof grayvaluesarisingfrom original
colorsof differing hues,they provide a user-controlledpa-
rameter.

Photographersoftenencountersdif�culties whentrying to
recordcolor imagesonmonochromatic�lm. Thetraditional
solutionto this problemis to usea “contrast�lter” over the
lens[Ada81]. These�lters comein a variety of hues,each
of which attenuatesthecomplementaryhueof the�lter . For
example,to increasethe contrastbetweencloudsand sky,
a yellow �lter is often used.This attenuatesthe blue sky,
producinglight cloudsonadarkbackground.In general,the
choiceof �lter is left to theeyeof theartist.

1.2. Color Vision De�ciencies

De�ciencies in color vision arisefrom differencesin pig-
mentationof optical photoreceptors[Wan95]. Normal vi-
sion is characterizedby threedistinct pigmentationsof the
photoreceptors(cones),which collectively allow reception
of long,medium,andshortwavelengthsof thevisible spec-
trum.Anomaloustrichromatopiais a conditionin which the
pigmentin oneconeis notsuf�ciently distinctfrom theoth-
ers.The viewer still hasthreedistinct spectralsensitivities,
but the separationis reduced.Dichromatopiais a condi-
tion in which the viewer hasonly two distinct pigmentsin
the cones.For both dichromatopiaandanomaloustrichro-
matopia,thereare threesubclassi�cationsbasedon which
conehasthe abnormalpigmentation.De�ciencies in cones
sensitive to long, medium,and short wavelengthsare re-
ferredto asprotanopic,deuteranopic,andtritanopic,respec-
tively. Protanopicand deuteranopicde�ciencies, the most
commonforms of color-de�cient vision, are characterized
bydif�culty distinguishingbetweenredandgreentones.Tri-
tanopicde�cienciesareassociatedwith confusionbetween
blueandyellow tones.Monochromatismis anotherform of
de�cient color vision,but it is quiterare.

Signi�cant work hasbeendonein simulatingcolor de�-
cientvision [MG88,Kon90,BVM97]. Fromstudiesof sub-
jectswho have normalvision in oneeye andcolor-de�cient
vision in the other, it has beendeterminedthat there are
speci�c wavelengthsthatareperceived identicallyby those
with normalvision and thosewith vision de�ciencies.For
protanopesanddeuteranopes,theseare575nm(yellow) and
475nm(blue).For tritanopes,theseare660nm(red-orange)

and 485nm (cyan). From knowledge of theseinvariants,
color-de�cient visioncanbesimulated.Colorsin RGBspace
are transformedinto an LMS (long, medium,short) color
spacethat is basedon coneresponse.Conede�cienciesare
then simulatedby modifying the responseof the de�cient
cone. Meyer and Greenberg [MG88] �nd lines of “con-
fusedcolors” by intersectinglines of chrominance.Kondo
[Kon90] usesaseriesof lineartransformsgovernedby apa-
rameterspecifyingthedegreeof de�ciency in eachparticular
component.Bretteletal. [BVM97] projectcolorsin thecone
responsespaceontoa a pair of planesthat intersectalonga
neutralcolor line and representthe gamut of 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 observers.Reinhardet
al. [RAGS01] describea strategy 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 doesnotattemptto preservetheperceived
distancesbetweencontrastingcolorsin theoriginal image.

WalravenandAlferdinck [WA97] describeacolorpalette
editor that is coupledwith simulationof a color de�cient
viewer. The simulatoris usedto determinewhich pairsof
colorsin thecurrentpalettewould have perceiveddistances
below a critical thresholdin a color-de�cient gamut.Such
colorsaremarkedfor re-considerationin thepalettedesign.
Theeditorcanalsoselecta default palettefor whichall col-
orsmeetthresholdspeci�cations.

Daltonization[DW] is a procedurefor re-coloringanim-
age for viewing by a color-de�cient viewer. Here, a user
speci�esparametersfor stretchingcontrastbetweenredand
greenhues,aswell asparametersfor modulatingblue and
yellow contrastand modulatingluminance.Simulationof
a deuteranopicviewer is provided for evaluating the out-
put image.Parameterselectionis not automated,although
three“default” parametersettingsare offered. The results
arehighly dependentuponthechoicesfor theparameters.

Ichikawa et al. [ITK � 03, ITK � 04] proposean automated
methodfor re-coloringimagesthat is basedon a genetical-
gorithm search.A small subsetof the colors in the image
is selectedandusedto constructan objective function that
both maintainscolor distancesandconstrainsthe extent of
color remapping.The result is then interpolatedacrossthe
entire image.In this process,there is no considerationof
constraintson luminanceconsistency or constraintsto keep
colorswithin a target gamut.The methodalsohasnumer-
ousparametersto adjustin orderto controlthequalityof the
outputimage.

Rascheet al. [RGW05] discussanautomaticmethodfor
bothgrayscaleconversionandre-coloringimages.They use
a subsetof the imagecolorsto �nd a linear transformthat
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(a) (b) (c) (d)

Figure 3: LuminanceConsistency andLinear ProjectionMapping(a) to (b) violatesluminanceconsistency;shadowsand
highlightsappearreversed.Mapping(c) to (d) is basedon a linear projection;widelydiffering colors are mappedto similar
grayvalues.

minimizestheir objective function,which is designedto en-
force proportionalcolor differencesacrossthe remapping.
For thegrayscalecase,the transformationinvolvesproject-
ing thecolorsontoa singlevector. For there-coloringcase,
it involvesa lineartransformationin homogeneousCIELAB
coordinates.Becausetheir methodis basedon linear trans-
formations,it hasadvantagesin speedandsimplicity, but it
alsocarriesattendantlimitations.In particular, it hasdif�cul-
tieswith imagesthatexhibit smoothvariationalongmultiple
colordimensions,andit doesnotoffer any constraintsonlu-
minanceconsistency. Examplesof eachareshown in Figure
3. In the re-coloringcase,their methoddoesnot constrain
thetransformedcolorsto theavailablegamut.

2. ConstrainedMultidimensional Scaling

We seeka mappingof color to grayscalethat preserves
contrastsand maintains luminanceconsistency. The two
goalscanbe expressedin the form of a constrained,multi-
dimensionalscalingproblem.We�rst de�ne aquadraticob-
jective function that incorporatescontrastpreservation.We
brie�y review the technique,known as“majorization,” that
is commonlyusedto optimize functionsof this form. We
thenaddconstraintsthatenforceluminanceconsistency and
observe that an approximationwill allow us to expressthe
desiredsolution in termsof a sequenceof linear program-
mingproblems.

2.1. Majorization

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

s(g0;g1; :::;gn� 1) =
n� 2

å
i= 0

n� 1

å
j= i+ 1

� �
�gi � g j

�
� =di j � K

� 2 (1)

wheregi is themappedgrayvaluecorrespondingto colorci ,
K is the target proportionalityconstant,anddi j = jci � c j j,
thedistancebetweenci andc j in CIELAB space.

Equation1 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 sequenceof
unconstrainedquadraticproblems.Thesequenceof minima
will convergeto a localminimumof (1).

To establishthebounds,we �rst expandthesummandsas

(jgi � g j j=di j )
2 � 2Kjgi � g j j=di j + K2 (2)

andobserve thatthesumof thequadratictermscanbewrit-
tensuccinctly

n� 2

å
i= 0

n� 1

å
j= i+ 1

(jgi � g j j=di j )
2 = gTQg (3)

where

Qi j =

(
� d� 2

i j i 6= j

å k6= i d
� 2
ik i = j

(4)

To boundthe linear terms,we observe that for any vectory
of lengthn,

jgi � g j j jyi � y j j � (gi � g j )(yi � y j ) (5)

andsoif yi 6= y j ,

n� 2

å
i= 0

n� 1

å
j= i+ 1

(jgi � g j j=di j ) �
n� 2

å
i= 0

n� 1

å
j= i+ 1

(gi � g j )
di j

(yi � y j )
jyi � y j j

(6)
Weconcludethat

n� 2

å
i= 0

n� 1

å
j= i+ 1

(jgi � g j j=di j ) � gTLy (7)

where

Li j =

8
<

:

� 1=(di j jyi � y j j) i 6= j; yi 6= y j
0 i 6= j; yi = y j
� å k6= i Lik i = j

(8)
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Wenow haveanupperboundfor (1):

s(g0;g1; :::;gn� 1) � gTQg� 2KgTLy+ ((n� 1)n=2)K2

(9)
which is minimizedby thesolutionof thelinearsystem

Qg= KLy (10)

whereQ is symmetricand positive semide�nite. Thus, to
minimize (1), we canchoosean initial 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. ConstrainedMajorization

Maintaining luminanceconsistency within narrow chromi-
nancebandswill requirethatweaddconstraintsof theform
gi � g j to our optimizationof (1). In termsof majorization,
this impliesthat(10) will no longer(necessarily)have a so-
lution, andwemustapproximate.Wedo thisby introducing
n additionalvariables,vi , usedto representper-component
errorin (10). We thenexpressourgoalin termsof thelinear
programmingproblem

minimize å i vi (11)

subjectto g j � gk � 0; ( j;k) 2 D

� g j � � 100 all j

vi + Qig � KLiy;

vi � Qig � � KLiy

whereQi andLi arethe ith rows of Q andL, andD is the
setof indicesof thosecolorswith order-constrainedlumi-
nancevalues.Notethatthesecondconstraintarisesfrom the
maximumvalue,100,for any gray level in CIELAB space,
andthat a constraint,vi � 0, is implicit in the �nal pair of
constraints.All graylevelsarenon-negative.

3. Implementation

Severalimplementationdetailsmustyetbeaddressed.These
include selectionof the target proportionalityconstant,K,
luminanceconstraintselection,and handling imageswith
largenumbersof colors.

Proportionality constant: Thereareat leasttwo reason-
ablechoicesfor the target proportionalityconstant,K. The
mostobviousis K = 100=cmax, wherecmaxdenotesthemax-
imum CIELAB distancebetweenany pair of colors in the
original image,and,asnotedearlier, 100 is the maximum
distancebetweengray valuesin CIELAB space.A second
choice,which tendsto heightencontrast,is to weight gray
valuedifferencesequallywith color differences,i.e.,K = 1.
We provide comparisonsin Section5. In an ideal solution,
thesetof ratios,jgi � g j j=jci � c j j, would have meanK and
variance0.

Constraints: To preserve luminance consistency, we
mustchooseconstraintsso thatcolorswith similar chromi-
nanceare mappedto a grayscaleorder that matchestheir
luminanceorder. For this,weneeda threshold,e, on thedif-
ference

Di j =

r �
a�

i � a�
j

� 2
+

�
b�

i � b�
j

� 2
(12)

in CIELAB color space.If Di j � e, the pair of colors are
deemedsimilar anda constraintis added.If the luminance
of ci is lessthanthatof c j , theconstraint,gi � g j , is added.
Thethreshold,e, shouldbethelowestvaluethatstill avoids
introductionof theluminance-reversalartifactssuchaslight-
enedshadows or darkenedhighlights.In practice,it appears
thatvaluesof e between10 and20 generallyproducevisu-
ally pleasingimages.Thisstepcanintroducealargenumber
of redundantconstraints,andweeliminatethosethatareim-
pliedby transitivity.

Handling large numbers of colors: Imagesof interest
oftenhave hundredsof thousandsof colors.Theexecution-
time performanceof MDS doesnot scalewell to suchlarge
datasets.To attemptto work aroundthis de�ciency, sev-
eral proposalsfor “sparseMDS” have beenput forth. One
methodis to choosea subsetof thetotal pointsto be“land-
mark points”, which carry increasedweight in determin-
ing the mapping.In oneapproachto the useof suchland-
markpoints,thesystemis solvedby consideringonly those
pairs of points for which at leastone memberof the pair
is a landmarkpoint. This approachis usedby Gansneret
al. [GKN04] for drawing largegraphs.In another, two-pass
approach,a denseMDS is carriedout only on thelandmark
points, and then the remainingpoints are mappedbased
on the resultsof the denseMDS. This techniqueis used
by Kruskal andHart [KH66] andde Silva andTenenbaum
[dST03].

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

t(g0;g1; :::;gn� 1) =
n� 1

å
i= 0

255

å
j= 0

�
jgi � g̃ j j=di j � K

� 2 (13)

wheregi is a gray value to be determined,g̃ j is the gray
valuealreadydeterminedfor the j th landmarkcolor, anddi j

is the CIELAB distancefrom ci to the jth landmarkcolor.
This minimizationhasa form similar to (1), exceptthat the
g̃ j valuesareknown. Expanding(13) asbefore,we have a
bound:

n� 1

å
i= 0

255

å
j= 0

�
jgi � g̃ j j=di j � K

� 2 � gTHg� 2KgTJ+ R (14)

where

Hi j =

(
å 255

k= 0 d� 2
i;k i = j

0 otherwise
(15)

c
 TheEurographicsAssociationandBlackwellPublishing2005.



Rasche, Geist,Westall/ Re-coloringImages

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: Resultsfor thegrayscaleimagesshownin
Figure 1. In each caseexceptthe “Grid” image, the solu-
tion wastwo-phase, with an initial MDSover256landmark
colors followedby an interpolationstep.The“Grid” image
wassolvedfor all colorswithoutinterpolation.

Ji =
255

å
j= 0

 
g̃ j

Kd2
i j

+
(yi � g̃ j )

di j jyi � g̃ j j

!

(16)

R is aconstant,andvectory is to beused,asbefore,in itera-
tion. SinceH is diagonal,theright sideof inequality14 has
aminimumvalue

gi =
KJi

Hii
(17)

To maintainluminanceconsistency, wemustuseconstraints
when interpolating the results.We �nd upper and lower
boundson eachinterpolatedvalueby thresholdingthe dif-
ferencein chrominancebetweenci andall thelandmarkcol-
ors.If Di j � e, g̃ j is a candidatefor eitheranupperor lower
boundon gi , dependingon the luminanceorderbetweenci
andthe j th landmarkcolor. Theinterpolatedsolutionis then

gi = min
�

max
�

KJi

Hii
; gl

i

�
; gu

i

�
(18)

wheregl
i andgu

i arethelowerandupperboundsof gi .

4. Results

Our methodis easilyimplementedusingany of a largecol-
lection of linear programminglibraries.We usedthe CLP
solverthatis partof theCOIN-ORcollectionof optimization
software(http://www.coin-or.org).Timing resultsfor theim-
agesshown in Figure 1 are given in Table 1. For the �rst
threeimageswe usedthe two-phaseapproachdescribedin
theprevioussectionandquantizedtheoriginal imageto 256
colors.TheMDS solutionfor thequantizedsetwasthenin-
terpolatedovertheoriginalimagedatausing(18). Thefourth
image(blocks of constantcolor), containedrelatively few
colors,andso the mappingwascomputeddirectly. In each
casetheproportionalityconstant,K, was100=cmax

5. Evaluation

To evaluatethe effectivenessof our grayscaletransforma-
tion, we performeda small experimentto measureviewer
preference.The color imagesfrom the �rst threerows of
Figure1, aswell asthosefrom Figure4, wereused.All im-
ageswereconvertedto grayscaleby threemethods,thestan-
dardmappingof luminanceto gray, ourmethodwith K = 1,

Figure 4: Additional Images:Imagesused,along with the
�r st threeimagesin Figure 1, for experimentalevaluation.

andour methodwith K = 100=cmax. A sequenceof moni-
tor pages,eachcontaininga color imageanda pair of cor-
respondinggrayscaleimages,waspresentedto eachof 17
study participants.All participantswere graduatestudents
with somebackgroundin eithercomputergraphics,image
processing,or design.An exhaustivepairedcomparisonwas
usedfor eachof the six images.Eachparticipantwas in-
structedto choosethegrayscaleimagethatbestrepresented
the visual detail of the color original. We usedThurstone's
Law of ComparativeJudgment[Tor67] to arrangethepaired
preferencesfor eachimagein a linear scale.A 95% con-
�dence interval was computed,as discussedby Braun et
al. [BFA96]. Therewerenounanimousdecisions,andsono
specialhandlingof suchcaseswasnecessaryfor thescaling.

To determinethe overall scalesfor the techniques,we
would ordinarily averagethescalevaluesacrossall images,
but thereis a logicalpartitionin ourdata.Thegrayscaleim-
agesproducedfrom the color imagesof Figure 4 wereall
visibly similar, but thoseproducedfrom the color images
of Figure 1 were appreciablydifferent from one another.
To avoid skewedresults,we averagedseparatelyacrossthe
scalevaluesof the imagesin eachgroup. The resultsfor
the “similar” grayscaleimagescanbe seenin Figure5 (a).
Here,therewasno signi�cant differenceamongany of the
threemethodswetested.This is notsurprising,giventhevi-
sualsimilarity of the grayscaleimages.Figure5 (b) shows
theresultsfor the imagesfrom Figure1. Here,thestandard
mappingof luminanceto grayscaleandour mappingwith
K = 1 did not show any signi�cant difference,but our map-
ping with K = 100=cmax wassigni�cantly preferred.Figure
5 (c) shows theresultsof handlingall imagestogether.

6. Re-coloring for Color-De�cient Observers

WecanusealsoEquation1 to createafalsecolor imagethat
will preserveimageinformationthatmightbelostif theorig-
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Figure5: Experimentalresults:Scalingsresultingfrompaired-choiceexperiment.(a) Scalesfromimagesin Figure 4, (b) scales
fromthe�r st threeimagesin Figure 1, and(c) scalesfromall data.Theverticalscaleis dimensional-lesswith arbitrary origin.

inal color imagewereviewedby a color-de�cient observer.
The objective hereis not to createan imagethat contains
thesamelevel of detail for all viewers,thatis, for observers
with normal vision and thosewith variouscolor de�cien-
cies.Rather, it is to createmultiple versionsof the image,
eachtailoredto thevisualcharacteristicsof theviewer.

Wewishto useMDS to mapthree-dimensionalimagecol-
orsto thetwo-dimensionalsurfaceof colorsdistinguishable
by eachclassof color-de�cient observer. In CIELAB color
space,thesurfaceof distinguishablecolors,assimulatedby
Brettel et al. [BVM97], is not �at. This suggestsa needto
parameterizethe surfaceandmapthe computedcon�gura-
tion with this parameterization.Nevertheless,this surface
haslow curvature,and we can approximateusing a plane
containingtheluminanceaxis.Wehavefoundnormalsof the
approximatingplanesto be(0:00;0:99;0:14) for theprotan
anddeuterancasesand(0:0; � 0:58;0:81) for thetritancase.

We simultaneouslyeliminatethe needfor constraintson
luminanceand reducethe problemto one-dimensionalby
settingoutput luminanceto input luminance.Nevertheless,
wewill needtoconstrainthegi valuesto theavailablegamut,
andthe chromaticityrangeis a function of luminance.We
computethe boundsof the gamut, along the approximat-
ing plane,at theluminancevalueof eachinput color. These
boundariesthenform theupperandlowerboundconstraints,
gu

i andgl
i , This resultsin thelinearprogram

minimize å i vi (19)

subjectto vi + Qig � KLiy;

vi � Qig � � KLiy

gl
i � gi � gu

i

Figures 6 and 7 show the results of our re-coloring
method.In eachcasethe proportionalityconstant,K, was
1.Thesimilarity of eachof there-coloredimagesto thesim-
ulated,color-de�cient view of that imagedemonstratesthe
validity of our planarapproximationof the color-de�cient
gamut.Timing resultsrecordedon a 2.4 GhzPCareshown
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

Table2: Timing: Resultsfor there-coloredimagesshownin
Figures6 and7. Themethodwasappliedto a quantizedset
of 256colorsandtheninterpolatedover theimagecolors.

7. Conclusion

We have suggesteda techniquefor mappingcolor images
to grayscaleimagesin a way thatpreservesimageinforma-
tion andpreservesimportantluminancegradients.We have
alsoshown thata simpleextensionof this techniquecanbe
usedto re-color imagesfor viewing by color-de�cient ob-
servers.In eachcase,thesolutionsareapproximateminima
of aSTRESSfunctionthatarefoundby iteratively solvinga
sequenceof linearprogrammingproblems.

Controlledassessmentof our grayscalemappingresults
by agroupof 17humansubjectshasrevealedthat,for some
images,ourtechniqueperformsnoworsethanthetraditional
method,and,for otherimages,ourtechniqueperformsmuch
betterthatthetraditionalmethod,providedweuseapropor-
tionality constantof K = 100=cmax.

Theability to easilyinterpolatea solutionfor a small set
of colorsover anarbitrarysetof colorsis importantfor se-
quencesof imagesaswell assub-images.To avoid �ick ering
artifacts,somesenseof temporalcoherencemustbe main-
tained,andtheinterpolationmechanismallows for a variety
of strategies.We arecurrentlyevaluatinga numberof tech-
niquesrelatedto thisproblem.
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(a) (b) (c)

Figure 6: Re-coloringtwo imagesfrom Figure1: (a) Simulatedprotanope(�r st row) anddeuteranope(secondrow) views,(b)
our re-coloring, and(c) simulatedprotanope(�r st row)anddeuteranope(secondrow)viewsof (b).

Figure 7: Tritanopicde�ciencies:(left to right) original color image, image as seenby a simulatedtritanopic viewer, image
recoloredfor a tritanopicviewer, andtherecoloredimageasseenbya simulatedtritanopicviewer.
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