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Abstract

Two new techniquedor the conversionof colorimagesto gray scaleimagesarediscussed.The necessary
components$or producingvisually pleasinggrayscalémagesareidenti ed, andtheinadequaciesf previous
methodsarediscussedSeveralexamplesof thenew techniquesreincluded. Thetechniquesreextendedo
the problemof recoloringimagesto presere visualinformationfor color de cient viewers. Resultsof a per

ceptualexperimentarediscussedshaving the advantage®f the new techniquesver existing techniques.
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Chapter 1

Intr oduction

The automaticreductionof colorimagesto monochromehastraditionally beena x ed process.In the
realmof traditionalphotograpk, monochromaticlm hasa x edresponsever (andoccasionallybeyond)
the spectrunmof visible light. To introducevariationto the processegithertheincominglight mustbe modi-
ed or laborintensve dark roomtechniquesnustbe emplojed whenmakingprints. In eithercase human
intervention to deviate from the x ed processcan be time consumingand unforgiving. With the rise of
digital photograpk anddigital imagemanipulation,new techniquesare possiblewith increasede xibility .
However, currentautomatidechniquegonsistof usinga linearcombinationof the color channelsvith x ed
coe cients.Overcomingthe x edtransformatiorto grayscaldypically involves“channelmixing”, wherea
usermanuallyspeci escoe cientsfor a customlinearcombinationof the color channels.

Ononehand,anautomatedolorto grayscaldransformations usefulto quickly processmages.Onthe
otherhand,a xed automatedransformatiorwill be unlikely to handleall imagesadequatelyasit is unable
to adaptto speci ¢ image properties. While artistic interventionwill always have its place,an adaptve,
automatictransformatiorcanreducemanuallaborwhena x ed, automaticcorversionfails, andthe useris
notoverly concernedwith artisticlicense.

The procesf corvertinga colorimageto grayscaleanbe moregenericallydescribedasa reductionin
dimensionf color spacerom threeto one.As it is impossibleto retrainall the color relationshipgrom the
original image,somevisualinformationwill belost. We should,however, strive to minimize the amountof
lostvisualinformationin orderto createanaccurateortrayalof the originalimage.

A similar problemarisesin reducingcolor spacedimensionsfrom threeto two, which is requiredin
re-coloringimagesto presere detail for viewerswith color de cient vision. Color de cient vision, often
erroneouslyreferredto as“color blindness”,arisesfrom anindividual's inability to distinguishsomesetof
colors.Re-coloringanimage,takinginto accounthis de ciency, canrestoreostvisualcolor detail.

In thisdissertationwe will discusghepropertiedhatwe believe arenecessaryo createvisually pleasing
reductionsin dimensionalityof color images. By minimizing the loss of thesequantities,we cancreatea
practicaltransformatiorfor converting color imagesto grayscale pr re-coloringimagesfor color de cient

viewers,while still remainingfaithful to thevisualdetail of the originalimage.



We begin with a backgrounddiscussionof color andits mary forms, in Chapter2. Next, Chapter3
discusseshe problemof reducingthe dimensionsof a color gamut. Relatedwork is coveredin Chapter4,
andageneraktratgy for solvingthedimensiorreductionproblemfor color gamutsis outlinedin Chapters.
Chapters$s and7 provide two techniquedor reducingthe dimensionof a color gamut,aswell asmultiple
exampleimagesshaving the strengthsandweaknessegf thetechniquesChapter8 includestheresultsof a
perceptuakxperimentconductedo validatethe techniqueof Chapterss and7. Chapter divergesslightly,
discussindhow thestratgy of Chaptels canbeappliedto the problemof reducingtherangeof acolorgamut.

We concludewith pointsfor furtherinvestigationin ChapterlO.



Chapter 2

Background

Color is perceved from relative di erencesn enegy acrossa spectrumof electromagneticadiation.
While this is a very expressve representationit posessomeproblemsfor color practitioners. The chief
issueis thatof compactnessAccuratelyrepresenting color spectrunfor the purpose®f humanperception
requiresthe storageof severalhundredsamplesf therecordecenepies.

To understandhis problemof dataexplosion,considettheinnerworkingsof theeye. Thenormaleye has
two classe®f photoreceptorgodsandcones.Rodsdominateperceptiorin low light conditionswhile cones
dominateperceptionin brighterconditions. One canthink of rod vision as“night vision”, asan example
of low light vision. Conesare responsiblefor the perceptionof color. This is achiered by threetypes
of photoreceptorsOnegroup of cellsis sensitve to shortwavelengthvisible light, anotheris sensitie to
mediumwavelengthvisible light, while thethird is sensitve to longwavelengthvisible light. Thewavelength
sensitvity of eachcellis governedby apigmentatiorof thecell, in thesameway thatskintonesarecontrolled
by pigments.This pigmentatiorallows certainwavelengthof light to passthrough,actingasa Iter for the
light. Theamountof enegy Itered is thenregisteredby the coneandpassedn to the brainfor additional
processing.

The outputof thesethreecateyoriesof conesis responsibldor whatwe perceve ascolor. As thereare
only threegroupsof cones,a naturalreductionof color datacould be achiezed by a mappingfrom enegy
spectrao a spaceof threedimensiongepresentinghe amountof enegy ltered by eachtype of cone.This
would notbe a one-to-onamapping sinceit is possiblefor multiple distinctspectrao mapto the samecolor
triple. However, we are generallyconcernedvith humanperceptionof color and not the spectralenegy
representatiowf color. If thereis a hugesetof spectrathatmapto a single color triple, this is acceptable
becausehe colorsarepercevedto bethesame.

Thereis a wide rangeof threedimensionalcolor spaceghat have beenproposedo representolors.
Perhapghe bestknown of theseis referredto asRGB. Here, the primary colors, red, green,andblue, are
mixedtogethetto form agivencolor. Thesecolorsaregenerallyusedin systemsvherelight is addedo form
agivencolor. Perhapshe mostwell known exampleis thatof atelevision. A similarcolorspaceCYM, uses
theprimarycolors,cyan,yellow, andmagentao mix agivencolor. Thesecolorsareusedin processewhich

subtractight to form a givencolor. For example,to mix yellow paint, we needa substancevhich removes



Valus

Figure 2.1: HSV Color Cone: The HSV color representatioanbe visualizedasa cone. Hue is shavn in
theangulardirection,saturatiorin theradialdirection,andvaluein theverticaldirection.

bluefromincominglight. Thepaintcannotaddmorelight into thesystemsoit mustremove thecomplement
of thedesiredcolor. Often,black,whichideally absorbsall light, is usedin conjunctionwith the CYM space
colors. Sincetheabbreiation “B” is takento represenblue,theletterK is chosento abbreiate black. This
additionalcolor allows for a blacker blackthana mixture andit alsosavescolor for casesvherea majority
of thecoloris agrayscale.

Therearetwo major de ciencieswith the RGB and CYMK color worldviews. The rst de ciency is
oneof usability Achieving speci c targetcolorsby mixing primariesis ofter non-intuitve. As anexample,
onemight try to specifycomponentsn RGB for “ClemsonOrange”. To make primary speci cationmore
intuitive, Smith[1978] proposedhe hue,saturationandvalue (HSV) representationHere, the rst dimen-
sion,hue,canbevisualizedasthe nameof the color, for examplered,green,or orange.Thenext dimension,
saturationdescribesow vivid the hueappearsA fadedcolor photographwould have low saturatiorasthe
color recededo agray-ishimage.A Hawaiian shirt or a Clemsonfootball fanwould have a high saturation.
The nal dimensionyalue,describesightnessor darknessFor example white would have highvalue,while
a dark blue would have a low value. This allows for mucheasierspeci cation of color, asthe main color
componentn which anartistwould beinterestedhue,lies alongone(polar) axisinsteadof beingdependent
uponmultiple dimensionsThe HSV color representatiormanbe visualizedasa coneof colors,asshavn in

Figure2.1



A secondde ciency is thatthe color systemdliscussedo far aredependentiponthe outputdevice. A
colortriple only speci estheamountof agivenprimarycolorto be producedlt doesnotspecifythevalueof
theprimaryitself. If two distinctoutputdevicesbothdisplay“full red”, it is almostcertainthattwo di erent
light spectrawill be produced.We would hopethatthe spectrawvould be visually indistinguishableandour
mappingwould still remainvalid. However, quite oftenthe two colorswill look ratherdi erent. Insteadof
usingthecolorvaluesasinputsfor somecontrolsignals asis thecasefor RGB or CYMK, we canspecifythe
appearancef thecolorto bereproducedThis thenrequiressomeknowledgeof therelationshipbetweerthe
controlsignalsandtheoutputcolorsonadevice by device basis.Also, somedecisiormustbe maderegarding
how to handlespeci ed colorswhich cannotbe reproducedy the outputdevice. Handlingthis decisionis
partof gamutmapping which hasa largeandinvolvedbodyof researctjStoneetal. 1988;Morovic andLuo
2001].

To assistin matchingthe perceved color of ary spectralenegy distribution, the Commissioninterna-
tionale de L'Eclairage (CIE) studiedhumanvisual responseand put forth a color spaceknown as XYZ
[InternationalCommissionon lllumination 1931]. Here, threefunctionsde ned over the visible spectrum
wereusedto computeeachcolor component.The threefunctions,known ascolor matchingfunctions,are
givenby X( );y( ); andz( ) where isthewavelength.Thecolor matchingfunctionsareillustratedin Figure
2.2 Also speci edwerethreebasisspectraX( ), Y( ), andZ( ). Thecolor matchingfunctionsareusedto

computethe coe cientsfor eachbasisspectrum.If L( ) is a given spectrunof light, the color coe cients

arecomputecdas
Zl
X =k L)X )d
zh B
Y = Kk . L()y()d
Z7
z = k LO)ZA)d
1

Thecoe cientkis usedto normalizethecolors,suchthat“white” hasY = 100. For agiven“white” spectrum

E( ), wetypically have

100
k= R_ii
. EO)¥()d

The“white” spectrums dependentipontheillumination of the ervironment. After computingX, Y, andZ,



thecolor

XX( )+ YY()+2Z()

is perceptuallyindistinguishabldrom the original color, L( ).

Unfortunately integrating over the spectrumis not easyif we only have somedevice dependentolor,
say RGB. Knowledgeof the spectralvaluesproducedrom somesetof control signalsfor a device is nec-
essary For example,color CRTs re streamsf electronsat anarrayof phosphorsThe electronsexcite the
phosphorswhichthenemit coloredlight. We canexaminethe spectrunemittedby the phosphord¢o nd the
spectralcolor associateavith a particularcontrol signal. This worksto a point, asmostCRTs have similar
phosphors.However, variation betweenindividual systemghencethe “tint” dial on televisions) precludes
extremelyaccuratecorrelationbetweercontrol signals(RGB) andspectralcolor output. In orderto achieve
thisaccurag, the spectrabutputmustbe measured.

While the CIE XYZ color systemprovidesthe ability to dealin device independenterms,it still is not
intuitive how to producespeci c colors, suchas “ClemsonOrange”. To move toward this goal, we will
rst examinea slight modi cation to XYZ. This systemreferredto asxyY, partitionsthe colorin two. The
rst division, knowvn aschromaticity, is representetby two dimensionsx andy. Thethird dimension)Y, is
referredto asluminance Here,luminanceis similar to the valuedimensionin HSV, andcanbe visualized
asa gray gradient.Chromaticitycanbe thoughtof asa meldingof hueandsaturationdimensionsit canbe
visualizedusingthe color plot in Figure 2.3, wherex is on the horizontalaxis andy is on the vertical axis.

ThecorversionbetweenXYZ andxyY is straightforvard:

W = X
X+Y+Z
) Y
y X+Y+2Z
Y = Y

Thedevelopmenbf the CIE XYZ color systemwasanimportantstepin relatingcolor perceptiorto color
speci cation. Thereis anotheiimportantpropertywhich CIE XYZ failsto provide. In mary caseswewishto
comparecolorsand nd how di erentlythey areperceved. For example,we maywishto know if anorange
or aredtoneis morediscerniblefrom a greentone. In color spacewe would lik e the distancebetweentwo
colorsto berepresentaie of their perceveddi erencesThis propertyis known as“perceptualuniformity”.

In the developmentof a perceptuallyuniform color spacetwo standard$iave beensetforth, CIE LUV and
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Figure 2.2: CIE XYZcolor matding functions,X, y, andz: The matchingfunctionsarerelative to theinput,
sotheverticalaxisis dimensionlessThe horizontalaxisrepresentsvavelenght,n nanometers.
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Figure 2.3: CIE Chromaticity Diagram: The chromaticitiegxy) of colorsthatcanbe reproducedisingan
RGB colormodel. Thecornersarered= (0:735 0:265),green= (0:274, 0:717),andblue= (0:167, 0:009).

CIE LAB. Today CIE LAB is the commonchoice and referencedo this spaceare found in most color
applications.Thecorversionfrom CIE XYZ to CIE LAB is straightforvard, but it requiresacolor “reference
white” aswasthe casefor computingXYZ componentsThe chromaticityof the referencewhite allows for
changeén illumination. For example ,awhite sheebf papemwill appeato havedi erentchromaticitiesvhen
viewedwith atungstenlament light, uorescentlight, or directsunlight. Commonchoicesfor white points
arellluminant D65 with (x;y) = (0:3138 0:3310),llluminant C with (x;y) = (0:31; 0:316),andllluminant E
with (x;y) = (0:334 0:334). Fromthesechromaticitiesandthe assumptiorthatY = 100 for white, we can

nd the XYZ valuesfor thereferencewhite:

Yr
X = —
r Xryr
Y, = 100
Y,
Z = (1 x Yr)y_rr

With this, the corversionfrom CIE XYZ to CIE LAB is:

L = 116f, 16 a = 500f f,; b = 200f, f
X = ot yr = v z = Z
— 216 . — 24389

24389 27



Figure 2.4: Bluede ciencyin CIE LABandCIE LCH: A gradientacrosshromawith x edhueandlightness
in CIE LCH color space Noticethatthe centerof the gradientundegoesa shift towarda purplehue.

where 8 8 8
f_§9x X > f_%g—r e > f_%'@z 7>
X = y - zZ—
+16 +16 +16
% s X § e W § e &

Inthe CIE LAB colorspacetheL componenis known aslightness It is formulatedto re ect theperceptual
responséo luminance While humarnvisualresponséo luminancds nonlineaye.g.twice theluminancemay
not seemtwice asbright, the visualresponseo lightnessis linear Thea dimensionrepresentshe gradient
from red to greentones,while the b dimensionrepresentshe gradientfrom blue to yellow tones. This
formulationis alignedto our currentunderstandingf the physiology of perception. Both thea andb
dimensiongangeover positive andnegative values with grayhaving (a ;b ) = (0; 0).

In the samespirit in which RGB spacewasassociateavith HSV spacefor improvedusability CIE LAB
spacecanbe associatedvith the CIE LCH color space Here,theL is lightnesgequalto L in CIE LAB), C
is chromasimilarto saturatiorin HSV, andH is hue. This canbevisualizedasa cylindrical parameterization
of CIE LAB spacegivenby
=1, C="@E+®) H=tanlb

Lch

While CIE LAB remainsthe commonlyacceptecdolor spacefor perception-basedolor work, it is not
withoutits de ciencies.Oneoftencited problemis thatof hueconsisteng in the blueregion whenusingCIE
LCH. If we examinea chromagradientin thebluehueregion, we canobsenre thatit undegoesashift toward
purplein the centerof the gradient.This canbe seenin Figure2.4. In anidealsituation,a color spacewvould
have a straightforvard hueparameterizatiowithout artifacts.Onemethodfor “ xing” CIE LAB hasbeento
usealternatve di erencemetricsfor determiningthe perceptuatlistancebetweentwo colors. The ultimate
goalfor auniform color spaces for Euclideandistanceo bethe perceptuatlistance A varietyof di erence
metricshave beenproposedsuchas CIE94 [CIE 1995], CMC [Clarke et al. 1984],and CIEDE2000[CIE

2001;Luo etal. 2001]. Alternatively, a new color spacecanbederived,asin [Cui etal. 2002].
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CIE LAB andits associategerceptualmetricswere designedfor usewith large patchesof uniform
color. While this is usefulfor applicationssuchas paint color mixing, it posessomechallengesfor use
with computergraphics.Many imageshave high frequeng detailwhich would not be suitablefor usewith
CIE LAB. A simpleexamplewould involve comparinga halftonedimagewith its grayscaleoriginal. From
someviewing distancethe halftonepatternwill bevisually blurredandperceved (givena goodhalf toning
algorithm)ashaving continuoustones. Yet, if we simply comparethe two imagespixel-by-pixel basis,we
will nd they arevastlydi erent,sincethe halftonedimageis composedf blackandwhite. Thisdi erence
will notmatchthe percevedvisualdi erencedetweerthetwo images.ZhangandWandell[1997] propose
amethodfor dealingwith high frequeng colorinformation. They begin by separating@nimagein CIE XYZ

spacednto an“opponent’space,

(O] 279 720 1107 X
O, £= 1499 290 077 Y
O3 :086 ;590 501

Thethreecolor channelsQ;; O,; and O3 arethenspatially ltered, usingadi erent lter for eachchannel.
This simulatesthe blurring of high frequeng detail, aswith a halftonedimage. After Itering, the colors
aretransformedbackto CIE XYZ for further processing.Sincethe introductionof this spatialextension,
there hasbeensigni cant work doneon “color appearancenodels”, which attemptto accountfor more
complicatedperceptuak ects. Examplesinclude CIECAM97s[InternationalCommissionon Illumination

1998],CIECAMO02 [Moroney etal. 2002],andiCAM [Fairchild andJohnsor2004].



Chapter 3

Gamut Reduction

Every color display device hasa di erentrangeof colorsthatit canreproduce.A speci ¢, color ink
jet printer hasonesetof colorsit canprint. A CRT hasyet another(usuallylarger) setof available colors.
Further eachCRT hasaslightly di erentrangeof availablecolors. If we collectall colorsthata givencolor
displaydevice canproduce ,we would have a threedimensionakolid in a particularcolor space(e.g. CIE
XYZ). Thissolidis referredto asthe color gamutfor the device.

Someproblemsof interestcall for a reductionin gamutdimension githerfrom threedimensiondo two,
or from threedimensiongo one. Evenwith the growing availability of color printing, thereremainsa large
legacy of grayscaleorinting. Often, whenpreparingdocumentgor publicationor distribution, authorsmust
converttheir colorimagesto gray, subjectto therestrictionsof the publisheror distributor of the document.
The US National ScienceFoundationGrant ProposalGuide suggestghat investigatorsshouldnot assume
their submissionsvill bereproducedn color [National ScienceFoundation2004]. Anotherinstanceof this
problemarisedn digital photograpl. Mostdigital cameragapturecolorimages)eaving thetaskof creating
agrayscalémage.,if desiredto theartist. Black andwhite copiersarecommonplacewhile color copiersare
lessfrequentlyfound andoften moreexpensve to use. The problemof reducinga color imageto grayscale
is a problemof reducingthe gamutdimensionalityfrom threeto one.

While this problemarisesin severaldomains thereis a simpleandrobustsolutionthatis generallyem-
ployed. Theluminancecomponenin perceptuatolorspacds mappedo grayscalendtheothercomponents
areignored.For mary casesthis procedurevorkswell. However for imageswith large chrominancevaria-
tionsandsmallluminancevariations poorimagesareproducedFigures3.1and3.2 shav someexamplesof
imageswherechromaticinformationthatis lost whenusingthe mappingof luminanceto grayscale As we
have seenfrom theseexamplesmappingluminanceto gray doesnot alwayscreatevisually pleasingmages.
However, thecriteriaby whichagrayscaleversionof a colorimageshouldbejudgedarenotreadilyapparent.

On the basisof a desireto presere information content,we conjecturethat one suchcriterion should
bethe preseration of contrast.Colorswhich aredistinguishablén the originalimageshouldbe mappedo
distinguishablgrayvalues.Thatis, thedistancan color spacebetweera pair of colorsshouldbere ectedin
thedi erencebetweerthe correspondingraytones.For theexamplesshovn in Figures3.1and3.2, failure

to presere contrastaccountdor thepoorresults.In the o werandberryimagestheredandgreencolorsare
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(@) (b)

Figure 3.1: Whencolor to grayscalefails: Photographsnd syntheticexamplesof contrastingcolorswith
similar luminance. Column (a) shaws the original imageswhile column (b) shaws the resultinggrayscale
imageswhenluminanceis mappedo gray.
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Figure 3.2: Whencolor to grayscalefails: Additional photograph®f contrastingcolorswith similar lumi-
nance.Column(a) shavs the original imageswhile column(b) shavs the resultinggrayscalémageswhen
luminanceis mappedo gray.
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Figure 3.3: Whyglobal contrastis necessaryia) Original color, (b) transformatiorusinglocal color con-
trast,and(c) transformatiorusingglobalcolor contrast.

mappedo similargrayvalues.While redandgreenarereadilydistinguishabletheresultinggrayimagedoes
not corvey the samevisualinformation. We shouldnotethattherewill alwaysbe somelossof information,
but we shouldstrive to minimizethelosses.

The spatialscaleat which we examinethe contrastbetweencolorsis alsoimportant. Contrastcould be
viewedataglobalscale betweerall pairsof colors,or atalocal scale betweemairsof colorsfoundin some
neighborhoodLocal adaptiorof theretina,oftenexploitedby tonemapping TumblinandRushmeief 993],
may leadusto seekonly alocal view of color contrast.This, however, hasa major disadwantage.Take, asa
simpleexample,animagecontainingthreecolors,eachwith the sameluminancevalue,asshavn in Figure
3.3(a) Assumethe distancein color spacebetweenthe red andthe gray colorsin the imagesis equalto
the distancebetweerthe gray andthe greencolors. With local contrastwe would examinethe di erences
betweerredandgrayandbetweergrayandgreen.A grayimagethatsatis esonly local contrastcouldmap
both colorsredandgreento white andcolor grayto black,asseenin Figure3.3(b) Thisis becauseedand
greenareequidistanfrom gray This, however, would not presere the contrastbetweengreenandred and
thus potentially createa nonsensicagiray image. For this reasonwe believe that the contrastbetweenall
pairsof colorsmustbe consideredIf we considerall pairsof colors,a grayscalémagesuchasFigure 3.3(c)
would beproduced.

Anotherimportantcriterionfor a grayscalémageis that of luminanceconsisteng. Colorswith similar
huesshouldbe mappedo agrayorderwhichis consistentvith theirdi erencesn luminance An additional
pair of constraintss thatblackshouldmapto the darkestgrayandwhite shouldmapto thelightestgray. If a
grayimageviolatesluminanceconsisteny, it is possiblefor highlightsto mapto blackandshadaevs to map
to white. Thisresultsin very unnaturabindvisually confusingimages.An exampleof thisis shavn in Figure
3.4. In theimagewithout luminanceconsisteng (Figure 3.4(b) , the shadev umbraarebrighterthantheir

surroundings.
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Figure 3.4: Luminanceconsistency(a) Original colorimage,(b) grayimagewithoutluminanceconsisteng

and (c) with luminanceconsisteng. Notethedi erencesn the shadev andhighlight regions. The image
without luminanceconsisteng canhave bright shadav regionsanddark highlightswhich de es perceptual
cuesaboutshapeanddepth.

De cienciesin color vision arisefrom di erencedn pigmentationof optical photoreceptor§Wandell
1995]. Normalvision is characterizedby threedistinct pigmentationf the photoreceptorgcones) which
collectively allow receptionof long, medium,and shortwavelengthsof the visible spectrum. Anomalous
trichromatopiais a conditionin which the pigmentin oneconeis notsu ciently distinct from the others.
Theviewer still hasthreedistinctspectrakensitvities, but the separatioris reduced Dichromatopids acon-
dition in which the viewer hasonly two distinct pigmentsin the cones.For bothdichromatopiaandanoma-
loustrichromatopiatherearethreesubclassi cationdasedon which conehasthe abnormalpigmentation.
De cienciesin conessensitve to long, medium,andshortwavelengthsarereferredto asprotanopic deuter
anopic,andtritanopic, respectrely. Protanopicand deuteranopiale ciencies,the mostcommonforms of
color de cient vision, arecharacterizedby di  culty distinguishingbetweerredandgreentones. Tritanopic
de cienciesareassociateavith confusionbetweerblue andyellow tones.Monochromatisnis anotherform
of de cient colorvision, but it is quiterare.

In termsof color gamuts,a grayscaleémagehasa one dimensionalgamut. If we look at the casesof
dichromaticcolor de cient vision, we nd atwo dimensionalkolor gamut. If we chooseto reducefrom a
full threedimensionagamutto a onedimensionagamut,we have the grayscalecornversionproblem.If we
insteadreduceto a two dimensionalgamut, we cancreateimagessuitablefor color de cient viewersthat
presere somemeaningfulvisual informationfrom the original image. The objective hereis not to create

animagethat containsthe samelevel of detail for all viewers,thatis, for obsererswith normalvision and
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thosewith variouscolor de ciencies. Rather our objective is createmultiple versionsof the image,each
tailoredto thevisual characteristicef theviewer. Take, for example theimagesn Figure3.5. Here,various
dichromaticcolor de cienciesaresimulatedwith two di erentsimulationtechniquesThecontrastingcolors
of the original images shavn in the left column,arereducedn the simulatedcolor de cient views (center
andright columns). We would like to createa falsecoloredimagewhich cancorvey the contrastin colors
from the originalimageto a color de cient obserer.

We conjecturethatthe two propertiesnecessaryor “good” grayscalémagesare alsonecessaryor re-
coloring imagesfor color de cient viewers. Luminanceconsisteng would seemto be requiredto prevent
nonsensicalmagesfrom being produced. The requiremenif preservingcontrastis more opento inter-
pretation,sincetheremay be e xibility availablein the choicesthat provide it. We will not examinethe
relationshipsbetweenthe remappedcolors andthe original colors. We will insteadfocus on maintaining
informationcorveyed by contrast.This ignoresanimportantcomponenbof perception.We all have certain
color associationshat we have learned. For example,the color perceved from the sky on a clearday we
associatavith “blue”. Thecolor percevedfrom a eld of cornwe associatedvith “green”. It is not evident
how to incorporatehesehigherlevel associationsvith lower level remappingf colors. If we have to modify
somecolorsto maintaincontrast,but presere othercolorsto maintainlearnedassociationswhich colors
shouldbe modi ed andwhich colors shouldbe presered? This would make for interestingfuture work,
but it is outsideof our scope. Instead,we will examinehow to carry the two basicproperties Juminance

consisteng andcontrastpreseration,throughto a reductionto a two dimensionabamut.
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Figure 3.5: Lossof contrastfor color de cient viewers: Simulateddichromaticprotanopg rst two rows)
andtritanope(lasttwo rows) views usingthe methodsof Meyer and Greenbeg [1988] (centercolumn)and
Bretteletal. [1997] (right column).



Chapter 4

Related Work

Thereis a hugebody of work, bothin computergraphicsandin mathematicsthat attemptsto address
problemssimilar to ours. We will begin by discussingsomeproblemsthat are slightly di erentfrom our
color conversionproblems. Next, we will caver somemore generalmathematicatechniquedor reducing
high dimensionaldatasetsto lower dimensions.We will thendescribea visualizationtechniqueoftenused
for handlinghighdimensionatata.Finally, wewill discusssolutionsfrom traditionalphotograplg andrecent

work in computergraphics.

4.1 Similar Problems

Therehave beena numberof problemsaddressethat aresimilar to the grayscaldransformproblem. One
suchproblemis thatof color quantizatiorfHeckbert1982]. Here,animageof n colorsis reducedo animage
with of m colors,with m < n, wherethenew color palettecontainingthe m colorsis choserby thealgorithm.
In ourproblem thenew colorpaletteis x edto mshade®f gray Thegoalof colorquantizatioris to represent
the new imagewith minimal visual artifacts. Perhapghe simpleststratgy is a uniform quantization.Here,
the color spaceis divided by a regular grid. The mean,or perhapsmedian,color in eachcell is usedto
replaceall colorscontainedwithin the cell. Generally this techniquedoesnot work terribly well, asit treats
all regions equally Someportionsof color spacewill likely have more variation than others. An ideal
guantizatiorschemevouldre ect this bias.

Heckbert[1982] describesanotherquantizationtechnique known asmediancut. Here,an axis-aligned
boundingbox is computedaroundall colorsin RGB space.Next, the box is split in two alongthe median
color and along a particularaxis. This splitting repeatsuntil the desirednumberof boxes exist. Finally,
the colorswithin eachbox areaveragedandimagecolorsreplacedwith thesemeans.This splitting scheme
produces kd-treein color space Along a similar path,GenautzandPuigathofer[1990] discussquantizing
RGB spaceusingan octree. The succes®f thesetechniquess basedon the ability to choosethe paletteof
colorsin the outputimage. For gamutdimensionreduction,the outputpaletteis x ed by the natureof the
problem. Also, color quantizatioris a point-wiseprocess.An objectie function describingthe “goodness”

of the quantizationonly examinesthedi erencebetweernaninput color andan outputcolor. However, our
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requiremenbf contrastpreserationinvolvesa pairwise objective function. Thereforet would bedi cult
to usea color quantizatioralgorithmto presere contrast.

This problemis alsosimilar to that of digital halftoning[Floyd and Steinbeg 1975]. Here,a grayscale
imageis representeas a binary imagewhile attemptingto minimize the visible error While the goal is
somevhatsimilar, boththeinputandoutputof the problemaremuchmorerestrictecthanin our problem.

Anothersimilar problemis tonemapping[TumblinandRushmeied 993],whereina high dynamicrange
imageis reproducedn a low dynamicrangedisplaywhile retainingthe salientfeaturesof theimage. This
problemgenerallydealswith reducingtherangeof a singlecolor componen{luminance)nsteadof reducing
thenumberof color dimensions.

The color to grayscaleproblemcould be catgyorizedunderthe umbrellaof gamutmapping,for which
thereexists a large body of literature. Here,the goalis to presere the appearancef animagewhenit is
displayedon devicesthathave di erentcolor gamuts. Stoneet al. [1988] describeseveral principlesthat
shouldbe followedin orderto createa pleasingmapfrom onegamutto another Therearetwo pointsthat
aredirectly applicableto grayscaldmages.First, the gray axis of the sourcegamutshouldbe transformed
sothatit alignswith thatof the destinationgamut. For a color to grayscaldaransform,this implies thatwe
shouldmapthegrayaxisof thecolorimage(luminance)o gray. Notethatthisis themappinguponwhichwe
aretrying to improve. The secondprincipleis thatluminancecontrastshouldbe maximized.For grayscale
images,this implies that we shouldnormalizethe rangeover the available grayscale.Pover et al. [1996]
describea methodfor projectingimagesin threecolor dimensionsnto two color dimensionsn a way that
preseresappearanceTheir rst stepis to maptherangeof luminancefrom the sourceimageto therange
availablein the2-dimensionaamut. Generalizinghisto athree-to-oneeduction this resultsin thefamiliar
mappingof luminanceto gray Stollnitz etal. [1998] examinethe caseof printing animagewith anarbitrary
numberof inks. For the monotonecase their solutionis alsoto useluminance.As the choiceof luminance
for grayscales the causeof our original problem existing gamutmappingstratgjiesdo not seento solve the

problem.

4.2 DimensionReduction

Therehave beena numberof methodgproposedor the generabroblemof displayinga high dimensionaket

of datain lower dimensionsOur color to grayscalgroblemis sucha process.
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(a) Colorimage (b) Firstprincipalcomponent (c) Secondorincipalcomponent

Figure 4.1: Image principal componentsi(a) Color original, (b) projectiononto rst principal component,
and(c) projectiononto secondprincipal componentWhile (b) capturegshe majorvariation(green- red), it
neglectssmallervariation(e.g.shadingontheleaves).

PrincipalComponenAnalysis[Jolli €2002],or PCA,is asimplelinearmethodfor dimensiorreduction.
Here,asetof n orthogonalectorsis foundwhichlie in thedirectionsof highestvariationof theoriginal data
set. Thesearethe eigervectorsof the covariancematrix found from the n-dimensionaldata. Next, them
eigervectorswith thelargestcorrespondingigervaluesareusedto form anm-dimensionakpaceontowhich
the original datacanbe projected With this method the directionsof largestvariationin theoriginal dataare
alignedwith the basisvectorsof the spaceontowhichthey areprojected.

With PCA, it would be straightforvardto nd avectorwhich, whencolorsareprojectedontoit, empha-
sizesglobal contrast. The rst principal componentould be computedand colorsin the imagewould be
projectedontothisvector Thedistancealongthevectorwould thenbeequatedvith grayscale Sincethe rst
principal componentaptureghe major variationin the colors,onemight expectthis techniqueto presere
contrastwhenconvertingto grayscale However, sincePCA ignoresthe directionswith low variation,small
detailcanbewashedutin favor of largerdetail. An exampleof this canbeseenin Figure4.1 The rst prin-
cipal componentaptureshe major color variationbetweerthe greenleavesandthe red berries. However,
theshadingn theleavesfalls alongthesecondprincipalcomponentFurtherit isdi  cult to incorporateary

sortof constrainton luminanceconsisteng.
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MultidimensionalScaling[Cox andCox 1994],or MDS, refersto a collectionof techniquegor reducing
thedimensionalityof adataset. Thesetechniquesake asinputasetof di erencedbetweereachpair of data
points. Then,alowerdimensionaton gurationof thepointsis constructedo minimizeanobjective function
that comparedow dimensionaldi erencego the original high dimensionaldi erences.MDS is separated
into two broadcateyories,Metric MDS, wherea quantitatve di erences known (e.g. Euclideandistance),
andnonmetricMDS, whereonly adi erencds given(e.g. Coke tasteshetterthanPepsi).

One traditional methodfor performing metric MDS is the minimization of a function referredto as
STRESSor raw STRESYCox andCox 1994]. STRESSs de nedto be

X X 5
wij ks gk
i
wherew;; is aweighting, jj istheknown di erencebetweerpointsi andj in the high dimensionabataset,
andy; is apointin thelow dimensionakpace The standardapproacho minimizing this functionis referred
to as“majorization”. With this technique,a function thatis an upperboundon STRESSis constructed.
Generally this boundingfunctionis quadraticandcorvex andcanbe easilyminimized. This boundingand
minimizing is iteratedfrom arandominitial con guration until the systemcornvergesto alocal minimum.
In the casewherewe seekto reduceto a singledimension thereis a specialcaseof MDS, aptly named

unidimensionakcaling(UDS). Here, STRESSakestheform
Wi XX (4.1)

wherex, is apointin theunidimensionaton guration,i.e. arealnumber De Leeuw[2004] givesa general
overview of this problem. In generalthe solutionspacefor the unidimensionaSTRESShasan extremely
large numberof local minimaand nding aglobalminimumis NP-hard.The problemis generallyiewedas
oneof combinatoricgnsteadof continuousoptimization.

Hubertetal. [2002] givesa surwey of existing techniquegor solving UDS problemswith equalweights
on all terms. Here, STRESSis divided into two subproblemscomputinga con guration of the pointsand
optimizingthedistancedetweerpoints. Two techniqueperformwell for smalldatasets wherethenumber
of pointsis on the orderof 10. The rst of theseis basedon dynamicprogrammingand is capableof

nding aglobalminimum[HubertandArabie 1986]. Thesecondsmallscaletechniquas basednnonlinear

programmingdLau etal. 1998]. Anothertechniquedueto HubertandArabie[1986], iteratesbetweennding
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a permutatiorof the pointsusinga techniqueknown asquadraticassignmenfLawler 1975]andoptimizing
the separation®f the points. The nal techniquediscussedy Hubertet al. [2002] begins asan iterative

techniqueakingtheform
X

w1 1

X

ijsign X X 4.2)
j
Guttman[1968] hasshavn thatthis techniquecorvergesto a local minimum. Pliner[1996] shavs how this
methodcanbeimprovedby a heuristicthatreplaceghe sign(y) functionwith
My
signly)  yj>

sign(y) = (4.3)

0 A0
<
N

The parameter controlsthe “scaling” of the solutionspace.lImaging“zoomingout” on the solutionspace
of STRESS From a distance the small scale“bumps” of local minima are smoothedut. Examiningthis

smoothedrersionof the solutionspaceallows theiterationsto avoid becomingtrappedprematurelyin local

minima. Initially, is chosento befairly large,to smoothover local minima. After iterating Equation4.2
to corvergence, is reducedandthe processteratesfor somenumberof cycles. In practice,this heuristic
reportedlyworkswell in nding globalminimafor STRESS.

Locally linear embeddingRowels and Saul 2000], or LLE, takesa slightly di erentapproachto di-
mensionreduction. This methodassumeshat the high dimensionaldatais dravn from somecomple but
smoothlyvarying function. Eachhigh dimensionalpoint hasa neighborhoodassociatedvith it, andeach
point is assumedo be a linear combinationof its neighbors. Neighborweightsare thenusedto compute
a low dimensionalcon guration of the datathat preseres the relationshipbetweena given point and its
neighbors.

LLE hasdi cultiessimilarto othermethodswith regardto handlingluminanceconsisteng. It is unclear
how this could be incorporatednto the method. Further thereis the issueof neighborhoodize. Sauland
Roweis[2003] showv thatthe choiceof a neighborhoodsizeis crucial for obtainingmeaningfulresults. We
wouldliketo constructatransformatiorthatis parametefreeanddoesnotrequiresigni cant trial anderror.

ISOMAP [Tenenbaurret al. 2000] is anotherpopulartechniquethat is similar to LLE. This method
computesa neighborhoodaroundeachhigh dimensionabpoint. However, ISOMAP usesthe neighborhood
informationto constructa weightedgraphthat approximateshe complex structureof the high dimensional
data. In this graph,the verticesare the high dimensionaldata points while the edgesare the Euclidean

distancesamongthe points. Next, betweeneachpair of points,the shortestpathalongthe weightedgraph
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of neighborsis computed.Finally, thesedistancesare usedin conjunctionwith traditional metric MDS to
constructalow dimensionaton guration of the points.

ISOMAP shareghe disadwantageof the neighborhoogroblemwith LLE. This doesnot seemto be an
optimalstrateyy for reducingcolorimagesto grayscale.

Semide niteembeddingWeinbegerand Saul2004]is a descendandf LLE. Here,a constrainedpti-
mizationfunctionis solved. Speci cally, the sumof squaredli erencedbetweerall pairsof pointsis maxi-
mized,subjectto maintainingthe neighborhoodtructureaswith LLE. Unfortunatelythis methodshareghe

sameocal view of thedatathatLLE takes.

4.3 Image Fusion

In thedomainsof medicalimagingor remotesensingmultiple high-dimensionalmagesrom asinglesource
areoftenobtainede.g.,a CT scanandan MRI scanof the sameregion of a patient. The goal of imagefu-
sionis to createa singleimagethat captureghe salientfeaturesof the entire original datasetandthereby
allows visualizationof datacorrelations. Therehave beensereralmethodgproposedor imagefusion. They
include PCA [Schmiedlet al. 1987], linear combinationsof the datathat maximizecontrastobjective func-
tions[HarikumarandBresler1996],analysisusingwavelets[Mitra etal. 1995],andneuralnetwork schemes
with self-oilganizingmaps[Manducal996]. Luminanceconsisteng is not typically a goal of imagefusion
methodsandsothesemethodsarenot easilyconstrained.

Socolinsk [2000] and Socolinsy andWol [2002] rst nd thelocal contrastin the high dimensional
spaceandthenconstructa grayscalémageconformingto this local contrastby solvinga Poissorequation.
They avoid introducingglobal contrastfor speci ¢ reasons.First, they claim thatary methodwith global
contrastwill producedi erentresultswhendi erentsubimagesreintroduced.While this is true, it is not
necessarilya strike againstglobal methods. When examining a subimage the userpresumablywishesto
seeall the detailin the restrictedregion. If we canproducea betterresult,by examiningonly the contrast
in the region, we shouldstrive to do so. If the usertruly wishesresultsto remainthe samewhendi erent
subimagesreintroduced the global methodcancollect statisticsover the sameregion, regardlessof which
subimages reconstructedin this manneya methodwith globalcontrastseemdo bemore e xible thanone
with local contrast,andthe di erencesareimplementationissues. The authors'other objectionto global
contrastmethodsdealswith animation. If eachframeis consideredndependentlya global methodwill

produceannging changesn grayacrossmultiple frames.This again, seemgo be animplementatiorissue.
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The gray valuesfrom the previous frame canbe constrainedn the currentframeto avoid this issue,while
still addingin contrastingnew colors. In [Socolinsky andWol 2002],the authorsadmitthatlocal contrast
methodshave troublewith certainclasse®f imagesasdemonstrateth Figure3.3.
ImageprocessingisingPoissorequationdiasgainedpopularitysincethework of Socolinsly andwWol .
Fattal et al. [2002] computegradientsof high dynamicrangeimages. They manipulatethe gradientsto
enhancenagnitudesindthensolve a Poissorequationto recover atone-mappedpw dynamicrangeimage.
Pérezetal. [2003] describesereral proceduregor manipulatinggradientsn images.Their mainapplication
is seamlesslyopying portionsof oneimageonto anotherthroughgradientmanipulation. They alsosolve
a Poissonequationto recover the nal image. Raskaret al. [2004] describea gradient-basednethodfor
combiningmultiple exposuref scenesver long periodsof time. Agrawal et al. [2005] discussemaoving

re ectionsfrom photographgausedy cameraashes.

4.4 Photography

Photographersftenencountedi cultieswhentrying to recordcolor imageson monochromaticim. The
usualapproacthis to usea“contrast Iter” over thelenswhenthe photographis taken[Adams1981]. These
Iters comein avariety of hues,eachservingto attenuatehe complementarphueof the lter. For example,
to increasdhe contrastetweercloudsandthe sky, ayellow contrastlter is oftenused.This attenuateshe
bluesky, leadingto light cloudson adarkbackgroundIn generalthechoiceof lter hueis left to theeye of

theartist.

4.5 Color to Grayscalefor BusinessGraphics

Somee ort hasbeendevotedto the corversionof “businesgyraphics”from color to gray scale. This class
of images,asopposedo “pictorial graphics”(e.g. photographs)is commonlymadeup of chartsor graphs
with large swatchesof constantolor. Often,the collectionof colorshasawide variationin hue,but limited
variationin luminance.Generallythereareon theorderof 10 colorsin theseimages.

Several attemptshave beenmadeto usetexture to representolor in suchimages. Harrington[1992]
describesa methodusing a halftone screenwith di erentportionsdedicatedto the red, green,and blue
channelof the coloredimage.Roetling[1981] describes similar techniquefor usein creatingIm images

of digital images. Harrington[1997] hasdone similar work with embeddingpatternsin color imagesso
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Figure 4.2: Pinning of colors: Whengrayvaluesarerestrictedto bein L ordet they canbecomé‘pinned”
andit is notpossibleio separat¢éheby hue. Thiscanbeseerin (b). If therestrictionsontheorderarerelaxed,
hueseparatiortanbeachiezed,asseenin (c).

thatthey appeamvhenreproducedvith a blackandwhite copiet While this may be usefulfor large blocks
of constantcolor, it is not likely to producesatistctoryresultswith photographswhich do not have large
regionsto texture.

BalaandBraun[2004] describetwo simpleproceduregor transformingbusinesgyraphicsto grayscale.
In their rst method thecolorsin theimageareequallydistributedalongthelightnessaxis(theL component
of CIE LAB color space)etweenthe black andwhite pointsof the displaydevice. The orderof the gray
valuesis the sameas the orderingof the lightnessvaluesof the original colors. Their secondmethodis

similar, but it involvesweightingthegraydi erencedasednthecoloredimages.Here,the outputlightness

is foundto be 8
%Lmin J =1
Lj;out = § P Ei s )
i I‘min + (Lmax Lmin)% 2 In
werelL. . is theoutputlightness, Eii 1 = k& € 1Kis the Euclideandistancein CIE LAB color space

jout

betweencolorse ande 1, andn is the numberof colorsin the image. Although the authorsshaow this
techniqueoutperformsmappingL to gray, it seemso have de ciencieswhenappliedto pictorial images.
First,asthenumberof colorsincreasegheconstrainof lightnessorderingwill forcethemappingo corverge
totheL mapping.Also, constraininghe outputgray orderto bethatof theinputL ordercancausegray
valuesto be “pinned” into lessthandesirablespaces.This is illustratedin Figure 4.2 Here,the lightness
of thedarkredin Figure4.2(a)is lessthanthat of the dark green,andthe lightnessof the light redis less
thanthatof thelight green.If we forcethegrayvaluesto bein lightnessorderandequallyspacedwe getan
imagesimilarto Figure4.2(b) Thelightnessorderis darkred,darkgreen light red,andlight green.If there
is arelationshipwithin hues,e.g. a gradienttherewill be someconfusionasthe huegroupingis disrupted.
If weinsteadet thegrayordervary freely, animagesuchasFigure4.2(c)canbe producedwvhich preseres

thehuegrouping.
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4.6 Color to Grayscalefor GeneralImages

Concurrentwith our work [Rascheet al. 2005a;2005b],Goochet al. [2005] have examinedthe problemof
grayscaleconversionfor generalimages.In their method,they performa minimizationover a local neigh-

borhoodat eachpixel
X X

G G() @)° (4.4)
]
wherei is a pixel in theimage, j is a pixel in a neighborhoodN aroundi, G(i) is the gray valueat pixel i,
and (i; j) is amappingof thedi erencesn luminanceandchrominancebetweerthe pixelsati and j to a
I
signedgray di erence.To control the orderingof gray values,a unit chrominancevector CW, is de ned.
This vectorgovernswhich huesaremappedo lighter grayvaluesthanothers.The motivationfor this choice

is the obsenationthatsomecolors,e.g. yellow, areconsideredwarmer”or “lighter” thanothercolors,e.g.

I
blue. They provide a heuristicfor computingCW or allow for userspeci cation.

4.7 Re-coloringlmagesfor Color De cient Viewers

Signi cant work hasbeendonein simulatingcolor de cient vision [Meyer and Greenbeg 1988; Kondo
1990; Brettel et al. 1997]. With thesesimulations,colorsaretransformednto a color spacebasedon cone
response.From this, a conede ciency canbe simulatedby modifying the responseof the de cient cone.
Meyer and Greenbeg [1988] nd lines of “confusedcolors” by intersectingines of chrominance.Kondo
[1990] usesa seriesof linear transformsgovernedby a parameteispecifyingthe degree of de ciency in
particularcomponent.Brettel et al. [1997] projectcolorsin the coneresponsepaceonto a pair of planes,
representinghe gamutof the de cient viewer.

With the ability to simulatecolor de cient vision, it becomesgpossibleto re-colorimagesin sucha way
that confuseddetail is restoredfor color de cient obserers. Reinhardet al. [2001] describea strateyy for
matchingcolor statisticsbetweertwo images andthentransferringthe color distribution from oneimageto
another While this could be usefulfor compressing full colorimageinto a color de cient gamut,it does
notattemptto presere the perceved distancebetweercontrastingcolorsin the originalimage.

WalravenandAlferdinck [1997]discusghecreationof acolor paletteeditorcoupledwith acolorde cient
viewer simulation. Palettecolorswhosecorrespondingolorsin the de cient viewer simulationare closer
thansomethresholddistancearemarked aspotentiallyindistinguishableThe usercanthenselecta new set

of distinguishableolors. No attemptat correctingindistinguishableolorsis made.
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Daltonize (http//www.vischeck.corfdaltonize)is a procedurefor re-coloringanimagefor viewing by
a color de cient viewer. Here, a userspeci es parameterdor stretchingcontrastbetweenred and green
hues,aswell asparametergor modulatingblue andyellow huecontrastandluminance.A simulationof a
deuteranopiobsenreris providedfor evaluatingthe outputimage.The procesof parameteselections not
automatedalthoughthoughsomedefault choicesor parameteraregiven. The quality of theresultis highly
dependentiponthe choicesfor parameters.

Ichikawa et al. [2003;2004] proposeanautomaticmethodfor re-coloringimages.A smallsubsebf the
colorsin animageis chosenNext, ageneticalgorithmis usedto minimizeanobjective functionthatattempts
to maintaindi erencedetweerthe pairsof colorsandrestrictthe distancethe colorsareremappedn color
space.Theresultis theninterpolatedacrosghe entireimage. In this processthereis not ary consideration
of constraintson luminanceconsisteng or available gamut. The processalsohasnumerougparameterso
adjustto controlthe outputimage.

In[Rascheetal. 2005a] we discusanautomatianethodfor grayscaleorversionandre-coloringimages.
We proposeusinga subsebf theimagecolorsto nd alineartransformthatminimizestheobjective function.
For the grayscalecase,the transformationinvolves projectingthe colors onto a single vector For the re-
coloring case the transforminvolvesa 4-D, homogeneousransformof the colors. As this methodinvolves
lineartransformationst hastroublewith imagescontainingvariationalongmultiple color dimensionsAlso,
because¢herearenotary constraint®n luminanceconsistenyg, nonsensicaimagescanbe produced.n the
caseof re-coloringimagefor color de cient viewers,transformed-olorsarenot constrainedo the available
gamut.An updatedversionof thiswork will form thebody of Chapters6.

In [Rascheet al. 2005b], we discussde cienciesin the previous, linear method[Rascheet al. 2005a].
We introducea nonlinearmethodfor converting color to grayscaleandwe extendthe techniqueto re-color
images.Thiswill bediscussedurtherin Chapter?.

We shouldnotethat,in our work, we have assumedhatthe “confusedcolors” of Meyer and Greenbey
[1988] andBretteletal. [1997] remainperceptuallyuniformin CIE LAB space.This maynot be accurate,
giventhattheuniformity of CIE LAB wasderivedfrom non-colorde cient obsenations.Additional studies

of colorde cient obserersareprobablywarranted.



Chapter 5

Constant Proportions for Detail Presewation

5.1 A Re-coloring Equation

It is naturalto createa grayscalémageby minimizing someobjective functionof the mappingfrom colorto
gray Exactlyhow to craft suchafunctioncouldbealarge point of contentionwith variousstrategieshaving
varyingdegreesof successOnegeneraktratagy to corvertacolorimageto grayscalevould beto minimize
anobjectie of theform
X X h iy
g g f(eie) (5.1)
i2A j2B
Here,the setA includesall colorsor pixelsin theimage,the setB is somesubsebf A (perhapsall of A), g;
is the gray valuecorrespondingo color €;, and f(&;; €;) is somefunctionof thedi erencebetweercolorse,
ande;. Fromthis basicform, thereareseveralwaysof proceedingo a speci ¢ objectve. Somedecisiongo

bemadeinclude:
" Whatis thede nition of B?
" ShouldA containall colorsor all pixels?
" Whatis thede nition of of f()?

Global vs. local comparisons: The meritsof comparingcolorslocally (B is someneighborhoodiround
i) orglobally (B = A) have beentoucheduponin Chapter3. Ontheonehand,if we useaglobalcomparisorof
colors,we will nothave to worry about“missing” nearbycolorsdueto a poorchoiceof local neighborhood.
Ontheotherhand,useof globalcomparisonsvill leadto adenseproblem,whichwill notlikely scalewell.

Comparing pixels or colors: Herewe canchooseto iterateover all pixelsin animage,or all distinct
colorsin theimage. The choicemay betightly coupledwith the choiceof a global or local comparison.it
maybedi cultto comparalistinctcolorswheneachpixelis consideredvith respecto alocalneighborhood.
This choicecomesdown to oneof weighting.If we iterateover pixels,errorassociategvith colorsappearing
with low frequeng in theimagewill beweightedessthanerrorassociateavith colorsappearingrequently

It is not clearwhetherthis produceoptimalresults,or if distinctcolorsshouldbeweightedmoreequally
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De nition of the di erencefunction, f(): Althoughstandarde nitions of colordi erencesreavail-
able,areasonablele nition of f() mayrequiremorethana selectionof somestandarddi erencefunction.
The rangesof the variousaxesin CIE LAB color spacearenot equal. While therangeover theL axisis
typically [0; 100],rangesonthea andb axescanbeontheorderof severalhundredunits. If thegrayvalues
recoreredfrom minimizing Equation5.1lay alongthe L axis,alarge absolutecolordi erencecouldresult
in grayvaluesoutsideof thestandard. range.Onesolutionto this would beto introducesomerescalingof
theabsolutedi erencan anattemptto staywithin the availableoutputrange.Anothersolutionwould beto
userelatve di erencesHere,thetargetgraydi erencewould beanormalizedcolordi erence.Thiswould
helpmaintainthe desiredoutputrangewithoutintroducingarbitraryrescaling.Usingrelative di erencedas
theaddedadwantageof guaranteeinghattheresultswill remainwithin theavailabledynamicrange.Another
importantdecisionis whetherf () shouldbe provide unsigneddi erencege.g. Euclideandistance)r signed
di erencesTheimplicationsareratherimportant. If we chooseanunsigneddi erencefunction,thedi er
ence(gi  g;) mustalsobeunsigned Thisintroducesanabsolutevalueto Equation5.1, makingit signi cantly
moredi cult to solve. If, insteadwe choosea signeddi erencefunction, Equation5.1 remainsquadratic.
However, amechanisnior determininga total orderingof gray valuesis needed Craftingsuchanordering,

especiallyautomaticallymay not be straightforvard.

5.2 ConstantProportions

In orderto createa usefulcolor to grayscalgransform,we proposeusinga dimensionreductiontechnique
thatguaranteekiminanceconsisteng while maximizingglobalcontrast.To begin, we identify then unique
colorsin theimage. The goalwill beto mapeachof thesen colorsto a gray value. Due to quantizationof
the grayscaleémage,distinct colorsin the original imagemay mapto the samegray This ensureghatthe
samecolor will alwaysmapto the samegray value. For eachpair of colors,€ ande;, andtheir associated
gray values,g; andg; (yetto be determined)we would like to have the perceptuabi erenceof the color
pair be equalto the perceptuatli erenceof thegraypair. If ourcolorsarespeci edin CIE LAB spacetheir
perceptuali erenceis simply Euclideandistance ks €jk Similarly, if we represengray valuesalong
theL axisof CIE LAB spacetheperceptualli erenceof thegraypairisjg gjj. At this point, we could
attemptto minimize

X o )
ke ek jgi gj (5.2)

i
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overtheavailablegrayvalues.While thisis a goodstart,it su ersfromadi erencdn scalesbetweercolor
di erencesandgray di erences.If gray di erencesare measuredalongthe L axis, the maximumgray
di erences betweernthe white andblack points,a magnitudeof 100 units. However, it is possibleto nd
pairsof colorsin CIE LAB spacehathave Euclideandistancegreatetthan100units. To avoid this problem,
we caninsteadnormalizethe perceptuatli erencesothatthey will t within thegrayrange.Thisleadsus
to seekgrayvalueswith the property

g 9 & €

gmax Cmax

where cna is the maximumecolor di erencebetweenary pair of colors, and gma iS the maximumagray

di erenceTheright handsideof this equationis constantsowe cande ne

- & S
ij = Omax—/—— (5.3)

andcreateanobjective functionby summingthesquaredli erences,

) X X 5
= g9 9 i (5.4)
i i
However, Equation5.4is biasedowarddi erencesnvolving largevaluesof ;;. If wetry to minimizeit in its
currentform, the optimizationwill likely wipe out smalldi erencedetweercolorsin favor of maintaining
large di erences. This meansthat gradientswill be compressedo a constantcolor, destrging shading
informationandleadingto imagesthatappearo bevery at. Insteadjf we normalizeeachtermin thesum
by X, eachtermwill beweightedequally At this point, thefunctionwe wish to minimizeis
ij
X X 4 2
2= = O 9 i (5.5)

i i

Noticethatour objective functionin Equation5.5takesthe sameform asthe unidimensionaBTRESSunc-
tion in Equation4.1

In termsof (5.1), we have a globalcomparisorover all colorsin theimage.We have avoidedcomparing
over all pixels (which could be doneby addingan appropriataveighting),becausesituationscanbe crafted
whereanimagehasinfrequentlyoccurringcolorswith high color contrast. Evenwith smallpatchef color,
the contrastwill make theseregionshighly visible. We have alsochosenan unsignedobjective function, as

choosingan orderingof gray valuesbeforehandwill directly impactthe resultinggray contrastand lumi-
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nanceconsisteng. To attemptto staywithin whateser rangeis availablefor output,we have choserrelative
di erencesverarescalingof di erencesFinally, ourcolordi erenceunctionis very simple. Disregarding

therelative nature,it is Euclideandistance.

5.3 An Example GrayscaleConversion

To demonstratehe value of this objective function, we will work througha small example. Consideran
imagewith threedistinctcolors,of equalluminance.This small systemwhile not very realistic,will allow
usto investigateEquation5.5without having to worry aboutconstraint®nluminanceorder Thethreecolors,
€p; €1; ande, areshovn in aprojectionalongthelL  axisof CIE LAB spacen Figure5.1Thecolordi erences
canbe arrangedasa symmetricmatrix with zeroalongthe diagonal,alsoshavn in Figure5.1 To nd the

grayvalues,we needto minimizethefunction

1. : 1. : 1. :
— (91 9o 10+ — (92 Qo 20)> + — (92 i 21)?
10 20 21

Unfortunately evenwith this simpleexample,we cannotsolve the problemanalyticallyin this form. There
aretwo problemsto be overcome.First, ary solution(go; g1; g2) canbetranslatecy a x edamountin each
componentfndstill producethe samevaluefrom the objective function. To pin down the problem,we will

chooseonegrayvalueto be zero. The choiceis somavhatarbitrary andsowewill pick go = 0. Thisreduces

our problemto selectingg; andg, to minimize

1, 1, . 1, .
S (9 107+ 5 (9 207+ 5 (% i 20
10 20 21

The remainingproblemlies with the absolutevaluesin our objective function. If we knew the orderof the
grayvaluesthe objective functionwould reduceto a quadratidfunction. However, specifyingthe grayorder
canlock usinto “pinning” the colors,asdiscussedh Sectiord.5. For this example we canusesomeintuition
aboutthegeometry More generakolutionswill bediscussedn Chapterss and7.

We canseethatthelargestcolordi erencecna = 40)is betweergy ande;. It thusseemseasonabléhat
thelargestgraydi erence(gmax) shouldbe betweeng, andg,. Fromthis, we concludethatthe gray order

shouldbegy @1 @ Thiseliminatesheabsolutevalues,andour problembecomesnding the minimum
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of

1 1 1
S (@ 107+ 5 (@ 20°+t5@ a2
10 20 21

We next needto computethe values. For this, we needto knov maximumgray range,gmax- This seems
a bit counterintuitive at rst, sincewe aresolvingfor the gray valuesandcannotpossiblyknow the range
beforehand! However, we aredealingwith normalizeddi erences.The gray valuesdo not settherange,
ratherthe gray rangesetsthe values. Therefore we arefree to specifythe rangeto be whatever happengo
be corvenient(e.g. [0; 1] ;[0; 259 ;). For our purposeswe will choosegm = 1. With thisrange, ;; is
simplythenormalizedcolordi erencebetweercolorsi andj. For ourexamplethevaluesare 19= 21 = %
and 5= 1.

While we could solve our exampleat this point, it canbe simpli ed further Sincewe have chosenthe
gray rangeto be 1 andhave assumedhatthe largestgraydi erencewill be betweengy andg,, we canset

g2 = 1. Thisreducesur problemto minimizing

1 1 1
S @ 10°+50 20°+50 a 2)?
10 20 21

whichis aquadratidunctionof g;. Expandingwe have
i1*+1égz+i2* 2 2%+é+1+1 2 2
% 4t Sa 10 2

which hasaminimumvaluewhen

Atk B 2 2B .o
10 21 21 21

g = 5

The solutionof our examplefor (go; g1; @2) is (0; %; 1). If we wereto projectthe colorsby hand,withoutan

objective function,we would likely arrangehemin a similar manner
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Figure5.1: Examplecolor con gurationto illustratesolvingour objective function.

5.4 ConstantProportions For Image Re-coloring

Now, considetthecaseof re-coloringimagedor colorde cient viewers.Here , we have thesamesetof image
colors,eo; €1; ::1;€n, andanew setof colors, dy; di; :::; &, obtainedby applyingatransformatiorfollowed by
asimulationof thecolorde ciency, wherethe simulationis derivedfrom oneof variousmethodgMeyerand
Greenbeay 1988;Kondo1990;Brettel et al. 1997]. Unlike the caseof transformingcolor to grayscalehere
d remainsapointin threedimensionaktolor spacelf we again applythe metricof constanproportionswe
areattemptingo nd asetof colors,d;, thatminimizes

X X 1 2
- G (5.6)

2
i

where

S (5.7)

L =d
ij max Coa

Expressionb.6 takes the sameform as (5.5), but herewe are seekinga solutionin a higher dimensional
spacetypically the two-dimensionasubspacef color spacethatis availableto obsererswith the speci ed
de ciency. Sinceour solutionspansseveraldimensionsthede nition of dma IS Notasstraightforvardasin
thegrayscalecase.

The next two chapterswill discusstechniquedor minimizing expressiong5.5) and (5.6), aswell as
methodsfor choosingdma. We will alsodiscusshow thesetechniquesanbe modi ed to produceimages

thatdo notviolate luminanceconsisteng.



Chapter 6

A Linear Solution of Constant Proportions

The proceduresn this chapterare essentiallythosefrom our paper “Detail PreservingReproductiorof

Color Imagesfor Monochromat@andDichromats’[Raschestal. 2005a].

6.1 Gray Vector Projection

In Chapter5, we discussedhe developmentof an objective functionto describehow well visual detail is

presered. If we wishto corvertacolorimageto grayscaleye shouldpick grayvalues,g;, thatminimize

Xr_] X“ iz g 9 i ’ (6.1)
i ]

Unfortunately Expressior6.lisdi cultto minimizeanalytically dueto theabsolutevalueterms.If wewant

to minimize (6.1) in areasonablamountof time, for large valuesof n, we will have to restrictit to asimpler

form.

Perhapghe simplesttechniqueis to usea linear solution. Graphically we canthink of the standard
luminancemappingasa projectionof colorsonto singlea vector This vectorjust happengo point along
thedirectionof luminance.Insteadof choosingthe luminancevector we canchoosea vectorwhich, when
colors are projectedonto it, minimizes(6.1). This is illustratedin Figure 6.1 The left imageshaws the
projectionof greenandyellow colorsontothe standardrectorrepresentinduminance.Both colors,despite
having di eringhues projectto the samepoint onthe“gray vector”. If, insteadwe chooseadi erent‘gray
vector”,asshavn in therightimage two distinctgrayvalueswill result.

Selectinga single vector onto which to projectcolorsto nd gray valueshasan additionaladvantage.
Expressiorb.1lis de ned asa doublesumover all distinctcolorsin theimage.For anarbitraryimage,there
may be hundredsf thousandsf colors,or more. It is oftenimpracticalto dealwith all colorsin theimage.
If we choosearepresentatie subsebf thecolorsandusethoseto selectthevector we cansimply projectthe
original large setof colorsto obtaintheir grayvalues.

Onedisadwantageof this approachis thatit is di cult to incorporateconstraintfor luminanceconsis-

teng. Theeasiestvayto picturehow to enforcetheseconstraintss to think backto the caseof photograpl.
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Figure6.1: Corversionto grayscaleusinganarbitrary vector: If we projectalonga x edvectorrepresenting
luminance(left), two colorscanbe mappedo the samegrayvalue. If, insteadwe pick adi erentvector a
mappingcanbe constructedhatpreseresthedi erencesn appearances.

Photographersoutinely usecolored Iters andnever have to worry aboutreversinggradients.In termsof
RGB spaceacolored Iter overthelensof acameras equialentto a ltering of theimagecolorwith com-
ponentsn therange[0; 1]. Physical Iters cannotremore morelight thanis presentsonegative components
arenotaproblem. Similarly, physical Iters cannotaddlight, socomponentgreaterthanl areavoided. In
termsof the selected‘gray vector”, we shouldavoid componentof the vector in RGB spacewhich fall
outsidetherange[O; 1].

Another disadwantageof this linear modelis that it may not be su ciently e xible to captureall the
variation of color in a givenimage. The chosengray vectorwill only be ableto corvey variationin one

directionthroughcolor spaceThis de ciency is the motivationfor thetechniquedevelopedin Chapter7.

6.2 Solvingthe GrayscaleProblem

To this point, we have describedhis linear methodin termsof grayscale We needto nd someunit vector
with componentén therange[0; 1] in RGB spacethatminimizes(6.1).

As describedn Section5.2, ourfundamentapremisedictateshatthepercevedcolordi erencebetween
ary pair of colorsshouldbe proportionatto their percevedgraydi erenceln formalterms,for eachpair of

colors,&; ande;, we wishto satisfy
kei ek _ KT(s) T(e)k

Cmax Tmax

(6.2)

whereT (%) is the grayscalemappingfunction, cmax is the maximumdistancebetweenary pair of colorsin
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theimage,and T is themaximumdistancebetweerary pair of transformectolors. We canrewrite thisin

thesameform as(6.1). De ne :
ke ek

ii = Tmax
max

A measuref theglobalerrorof thetransformatioris then

) X X 1 5
= S K@) TeEk 6.3)
ioj=i+l i
For transformatiorio grayscaleyve restrictour attentionto lineartransformationsT, within CIE LAB color

spacejn which caseT(€) = (g €;0;0), whereg is the gray unit vectorto be determined.Equation(6.3) is

then:

X X

z(g) iz kg (& ej);O;O)k ij ’

ij=iel ij
X X 1 2
= lsE e (6.4)
i j=itl ij

We begin by color quantizingthe imageto somesmall numberof colors. For our tests,we usedon
the orderof 100 colors. While morecomplex color quantizatiorschemesould be used,we choseto usea
uniform quantizatiorfor simplicity.

Next, wewantto nd thegrayunitvector g, in CIE LAB spaceThisgivesustwo dimensionoverwhich
to searchWe useda FletcherReeresconjucategradientsearcHPressetal. 1992],describedn Section6.2.2
This procedurggivesusalocal minimumfrom ary initial position. Sincethe numberof dimensionss small,
we coarselysampledhe solutionspacefor initial positionsandperformedmultiple searches.

To evaluateExpressior6.1, we let eachg; = T(g;) rangeover [0; 1]. As aresult,we chosegmax = Tmax
to have a value of 1. We found that the CIE94 color di erence[CIE 1995] performedbetterthat simply

using Euclideandistancein CIE LAB spaceto computeeach jj. Minima correspondingo invalid RGB

componentsvereignored.

6.2.1 E ectsof Color Quantization

Sincewe donotminimize Expressior6.1usingall colorsin theinputimage thequestiorarisesasto whether
the color quantizatiortechniquewill signi cantly a ectthe outcome.ln practice we have foundthata few

hundredcolorsaresu cientto capturethe color variation. Figure 6.2 shavs an exampleof the e ectsof
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Figure 6.2: E ectsof Color Quantization:A colorimage,corvertedto grayscalewith our lineartechnique,
usingvariousnumbersf colorsto computethegrayvector Usingmorethanafew hundredcolorsproduces
novisibledi erence.

color quantization.For our tests,we have useda simple uniform quantization.We are not concernedvith
thevisual artifactsproducedby the choiceof quantizatiorntechnique.We areonly concernedvith nding a
representatie clusterfor eachof the colors. With fewer thana hundredcolors, a slightly less-than-optimal
(atleastvisually) solutionis oftenfound. However, usingmorethanseveralhundredcolorstendsto produce

novisible bene ts.

6.2.2 Nonlinear Minimization

Thereareavariety of numericaltechniquegor minimizing arbitraryfunctions. Considera onedimensional
function, f(x), which is at leasttwice-di erentiable. The mostwell-known techniquefor nding a local
minimumof f is probablyNewton's Method It beginsatsomespeci edstartingpoint, x°. Next, thefunction

is approximatedy aline intersectingf at x°

f(x) OO+ fOOx X0
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Takingthederivative of bothsideswe have
f0) 00 + P00 (x X))
To nd thevalueof x attheminimum,considethepreviousexpressiorataminimumvalue(whenf9(x) = 0):

0 £900) + OO (x X0
o 09
o0x%)

Fortwicedi erentiabl€functions,we caniteratethis procesdrom a giveninitial point, x°:

i+1 GO

o) !

X =0,1,2;:
until jf9(x)j becomesu ciently small. This techniquds straightforvardto extendto multiple dimensions:

L= r2fd) ) i= 012

Here,r f(X) = (@=@o, @=@;::;; @=@,)' is thegradientvector andr ?f(x) is the HessianMatrix:

@ .. @f %
@ox1 T @0oXn
: fcul of
z 2
r 2f(X) - § @(1 @1Xn
@f @f 5
@nxl @ﬁ

Therearetwo maindisadwantagedo Newton's Method. First, thereis therequiremento computeandinvert
theHessian As thenumberof dimensionsncreaseshis canbecomecomputationallyexpensve. Also, there
is no guaranteghatsuccessie valuesof x' yield decreasingaluesof f.

Motivatedby thelatterstrike againstNewton's Method,anothersimplestratey for minimizing functions
canbe adoptedwhich tracesbackto Caucly. To avoid increasingvaluesof f(x'), this techniquemarches
down the gradientof the function. This way, f(x*)  f(x). Additionally, no Hessianis required. The

iterationproceedgrom aninitial point, x°:

X=x rf); =01
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where ' is the stepsizein thedirectionof the gradient.Here,the superscripbn indicatesthat changes
on eachiteration,notthatit shouldbe exponentiatedAs we wish to make asmuchprogressaspossiblethe

stepsizeis choserto minimizethe one-dimensiondunction:

g N=f(X 'rf(x))

Thistechniques knowvn assteepestlescentsit proceedsn the directionof greatesthangen f (thegradi-
ent). Thee ectivenesof this techniqueis dependenbn how well the true shortespathbetweertheinitial

point and a minimum correspondso the pathtraversedby successie stepsalongthe gradient. Whenthe
correspondences poor, the steepestiescentcan requirea large numberof steps. To addresghis point,
conjugate-gadienttechniqueshave beendeveloped. One suchstratey is the FletcherReeses conjugate-
gradientmethod.Here,aswith all conjugate-gradientechniquesaniterative sequencef directionsis used
insteadof alwaysusingthe gradient.FletcherReaveschoosesa new direction,d’, basedon theinitial direc-
tion d® = r f(x°), andtheiteration:

r f£(x)r f(x)

i1 1o
T8 DT F(x 1)d yi=L2unn 2

d*t=r f(x)+
Theiterationto nd subsequentaluesof x looksvery similarto steepestiescent,
VA N B
where ' minimizesthe onedimensionafunction:

g( N =f(x+ 'd)

For moreinformation,[Shevchuk 1994]containsaniceintroductionto conjugate-gradientechniqueswhile

[Pressetal. 1992]and[Avriel 2003]containfurtherdiscussiorof nonlineaminimizationtechniques.

6.2.3 Results

Figure 6.3 shavs imagesfor which our linear grayscalecorversionworkswell. Theleft columnshows the
original colorimage the centercolumnthe grayscalémageproducedisingluminance andtheright column

is thegrayscalémageproducedusingour techniqueln the rst image,thecarwith redhighlightedregions,
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theredregionsblendinto the backgroundn the luminance-basedrayimage.With ourtechniquehowever,

theseregionsarereadilyvisible. Thenextimage,ared o werwith greenleaves,hassimilarluminancevalues
for the o werandleaves. Whencorvertingto grayscalewith ourtechniquethedi erencebetweereafand
o wer graylevelsis increasedA similar situationoccursin thenext image,containingredberriesonagreen
bush. The nal imagecontainsa synthetictestpattern,whereall colorshave nearlyequalluminance.This
yieldsanimagewith asinglegraylevel whenusingtheluminancegrayconversion,but thebasicinformation
patternof theblocksis retainedwith ourtechnique.

Although our techniqueworks well for someimages,it performspoorly for others. Figure 6.4 shavs a
few examplesof suchfailures.The rst image,containingseveral pastel-colored¢andiesfails to captureall
the color variation. Theyellow andgreenhuesmapto very similar gray values.While, at somepoint, there
isnotsu cientgraybandwidthto mapalargenumberof huesto distinguishablerayvalueswe believe that
abettermappingcanbeachiezed. The poor performancdor this imageis dueto thefactthatour corversion
is a linear process.We capturecolor variation along the direction of our “gray vector”. Two completely
di erenthuescanstill mapto thesamegrayvalueif they lie orthogonato thegrayvector A similar situation
occursfor thenext image.Here,luminanceis heldconstantvhile chrominancevariesgreatly Becausef the
gray vector we canonly capturea single dimensionof color variation. Ideally, would like a techniquethat
could capturemorevariationin color.

The bandingpresentin the grayscaleversionof the lastimagein Figure 6.4 is neithera reproduction
artifactnor theresultof color quantization.The color original only contains256 distinctcolors,in a16 x 16
grid. Thegrayunit vectorfoundis suchthatthereareonly 16 distinctgray valuesused.The bandingis not

objectionablén the color original for perceptionateasons.

6.3 Solvingthe Re-coloring Problem

We canuseanexpressiorin thesameform as(5.6) to re-colorimagedor color de cient viewers. For clarity,

we returnto theform of Equation6.3:

) X X 4 5
= S K@) T@Epk (6.5)
i j=ivl i
Here,insteadof T(€) simply transforminga color to a gray value, the function hastwo distinctsteps.First,

T(e) performsa remappingof € to a new color, €% that will betterpresere visual detail. Second,T(€)
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Figure 6.3: Linear Success:Imageswhich the linear methodperformedwell for the grayscaleproblem.
Original colorimage(left), luminanceasgrayscalgcenter),our lineargrayscalegransform(right).
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Figure 6.4: Linear Failure: Imageswhich the linear methodperformedpoorly for the grayscaleproblem.
Original colorimage(left), luminanceasgrayscalgcenter) our lineargrayscaldransform(right).

performsa simulationof a color de cient view of the transformedcolor, €°. To producea simulatedcolor
de cient view of a given color, we canthink of this processas evaluatingthe function, simulte(e), which
returnsan approximationof the color that a simulatedcolor de cient obserer would perceve. For the
variousclassesof color de ciency, we have di erentsimulations,e.g. simubiteprotan(€), Simubitegeuan(€),
simuhbteyitan(€), andsoforth. For ourtests we usedthetechniqueof Meyer andGreenbeg [1988]to imple-
mentthesesimulations.

Next, we needa stratgy to adjustthe colorswith the aim of preservingthe detailsfrom the original
image.In the caseof corversionto grayscalewe wereableto identify a unit vectorontowhich colorswere
projected A simplegeneralizatiorof this stratgy would beto useana netransformatiorof thecolorsfrom

< 3 to < 3. We de ne amatrix, whosecomponentsve have yetto specify:

doo Qdp1 Qdp2 Ap3
o a1 a2 a3
dyp a1 a2 az3

0O 0 0 1
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Now, we have the piecesof T().

T(e) simuhte(e’)

Unlike the grayscalecase , we have quite a few dimensiongo searchto nd a good color transformation.
We cannotsimply take a coarsesamplingof the solutionspaceandbruteforce testfor a global minimum.
Insteadof searchingor a unit vectorin < 3, aswasthe casefor the grayscaleransformationye now must
searcHor amatrix A 2 < 2, We again turnto the FletcherReevesoptimizationstratayy. Here,a goodinitial
point for the optimizationof A is crucial. To develop a heuristicfor choosinganinitial A, we canexamine
the natureof the color de cient simulations.Figure 6.5 shavs a slice of CIE LAB spacewith a constant.
value.Thea axisis horizontal,andtheb axisis vertical. We have plottedthelinesof perceveddichromatic
de cient colors,aspredictedby Meyer andGreenbeg [Meyer andGreenbeg 1988]. The protanopiccaseis
shawvn astheredcurwe, thedeuteranopicases thegreencure, andthetritanopiccases thebluecurve. For
the protanopicanddeuteranopicasesmostof the variationfalls alongtheb axis. In thetritanopiccasea
majority of thevariationis alongthea axis.

Whensimulatingcolor de ciencies,we aremostly concernedvith changesn chromaticity not changes
in luminance.We canusethis to startconstructingour heuristic,by settingthe lightnesstransformatiorto
theidentity. In otherwords,

ap = (1,0;0;0)

Next, we canuseprincipalcomponenganalysigJolli e 2002]to determinethe directionsof majorvariation
in theinputimage. For all input colors,we dropthe L componentind nd thetwo principal components,
pc andpc; of thea b componentsWe would lik e thesedirectionsof variationto line up with thoseof the
availablecolor gamut. For the protanopicanddeuteranopicasesthe rst andsecondorincipalcomponents

aremappedo theb anda directionsrespectiely. For thetritanopiccase the mappingis reversed.For the
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Figure 6.5: ConfusedCl ELAB gamut: Cl ELAB chromaticitywith perceved chromaticityplotsfor a simu-
latedprotanopicviewer (red), simulateddeuteranopiwiewer (green)andsimulatedritanopicviewer (blue).

protanopicanddeuteranopicaseswe have

a = (0;pq ;pc ;0)

& = (0,pd;pd ;0)
andfor thetritanopiccase,

a = (0,pG;pc ;0)

a = (0;pd;pd ;0)

Beforewe cansetaboutminimizing (6.5), we mustdeterminehe valueof dna from de nition 5.7. We
have choserto setdna (andalsoT) to thelargestdi erencebetweerary pair of transformecdolors, T (€).

Notethatthis valuewill have to be updatedwith eachnew valueof the matrix A thatis tested.

6.3.1 Results

Figure6.6 shavs theresultsof our re-coloringfor a simulatedprotanope As wasthe casewith thegrayscale

conversion thegreenandredtonesaremappedo similarvalues.This canbeseenin theimagesshavn in the
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centercolumn. Theright columnshaws the resultsof our re-coloring,wherethe simulatedperceveddi er
encesbetweertheredandgreentonesaredramaticallyimproved. A similar situationoccursfor a simulated
deuteranopeasshowvn in Figure6.7. Finally, Figure 6.8 shaws the resultsfor a simulatedtritanope. In the
tritanopic simulationof the candyimage,nearlyall the colorsmapto a similar cyan. With our technique,
thedi erencesareenhancedndthedi erentcolorsof candyaredistinguishablealthoughthe colorsare
swappedto valuesthat are quite distantfrom the originals. In theimageof the billiard balls, we again run
into problemsof colorvariation. In the original simulatedmage(centercolumn),thegreen blue,andpurple
balls aremappedo similar hues. In the simulatedview with our re-coloring,the blue and purpleballs still

mapto similar hues but the greenballsaredistinguishable.

6.3.2 Discussion

Thereare a few problemswith this methodasit currently stands. First, thereare not ary constraintson
luminanceconsisteng. This could be remediedby xing the rst row of A to (1;0;0;0). Doing sowould
alsoreducethe numberof dimensionsve needto searctto eight.

A moreseriousproblemis that of producingcolorsthatdo not lie within the available gamut. Thereis
nothingto ensurethat a given transform,A, producescolorsthatareall within the destinationgamut(e.g.
sRGB).This couldleadto a transform thoughacceptableappearingo performmuchbetterthanit actually
does.A possibleremedywould beto rejecttransformghatproduceout of gamutcolors. However, execution
timeis alreadysigni cant, andtheadditionof a periterationcheckfor gamutrangecouldsubstantiallympact

performance.

6.4 Conclusions

This method,basedon linear re-coloring,appeargo producegood resultsandis fairly straightforvard to
implement. The resultingimageswould seemto validate our claimsin Chapter5 of the e ectivenessof
preservingconstantproportionsbetweenthe original and reproducedmages. However, thereare a few
seriousproblemswith the linearmethod.For grayscalémagesit is notterribly di cultto nd caseswvhere
a linear projectionis not su ciently expressie to captureall the color variation. For re-coloringimages
for color de cient obserers,we runinto problemskeepingcolorswithin the targetgamut. Theseproblems

motivatedthe developmeniof a nev method,asdiscussedh the next chapter
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Figure 6.6: Protanopiclinear re-colorings: Original image( rst column), simulatedcolor de cient view
(centercolumn)andsimulatedcolor de cient view of our re-coloredmage(right column).

Figure 6.7: Deuteanopiclinear re-colorings: Original image( rst column),simulatedcolor de cient view
(centercolumn)andsimulatedcolor de cient view of our re-coloredmage(right column).
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Figure 6.8: Tritanopic linear re-colorings: Original image ( rst column), simulatedcolor de cient view
(centercolumn)andsimulatedcolor de cient view of our re-coloredmage(right column).



Chapter 7

A Nonlinear Solution of Constant Proportions

Theprincipaltechniquedescribedn this chapteroriginally appearedh “Re-coloringimagesfor Gamuts
of Lower Dimension"[Rascheetal. 2005b].Here,we provide anextendedbackgroundor theprocedureas

well asexpandon detailsthatwereomitteddueto pagelimitations.

7.1 Majorization

Our goalis to nd anarrangementf n pointsin d dimensionswhich representsomehigherdimensional

arrangementf points. For this chaptey our notationwill beto usea lower caseletterto represent point

in d dimensions.A subscripton sucha variablewill referto its orderin a sequencef n suchpoints. A

superscripindicatesa speci ¢ componenbf the point. Uppercaseletterswill referto matrices. Matrices

with the sameletterasa d dimensionalpoint (e.g. x and X) will referto n x d matrices.A subscripton a

matrix will representispeci ¢ row in thematrix, while asuperscriptill represena speci ¢ column.
Functionsof theform

f(X1; %5000 %) = Wij X X ij (7.1)

arereferredto in the MDS literatureas STRESS[Cox and Cox 1994]. While the STRESSis di cult to
minimize directly, it is generallysolved usinga procesknown as“majorization”. Herea corvex quadratic
functionthatsenesasanupperboundof (7.1) is iteratively foundandminimized,andthisiterationcorverges
to a local minimum of (7.1). In this section,we will briey describethe majorizationprocess. Similar
derivationscanbefoundin [Cox andCox 1994]and[Gansneletal. 2004].

We b®| |by@(pandi |g(;1)
2 _ 2 2
Wij X X ijo= Wi X X W ij 2Wij ii XX

If X representshevectorof x; valueswe canwrite the sumof thequadratidermsas

X X )
wij X X - =trace(X' QX)

i i



49

where 8
Qj= §P (7.2)
2 iWk 1=
wherew;; = w; if j <i,and
xo
trace(A) = Qi

i
Next, a boundfor the linear termis needed. As we wish to nd an upperboundof (7.1) andthe linear
termhasa negative coe cient, we are seekinga lower boundon the linearterm. We will make useof the
Caucly-Schwartzinequality

Xy Xy kekkyk (7.3)

wherex andy arevectorsof dimensiornd. Assumethatwe have ann x d matrix, Y, containingd dimensional

vectorsyy, Yo, ..., ¥n. Using(7.3), andassumingnij ij 0, we have

Wij ij X Xj Y Y Wijij X Xj Y Y

Andso,if ky; yjk, O:

1
Wij ij X X Wij ij——— X Xj ¥ Yj
X X o
Wij ij X X trace(XTLY)
i i
where 8
§|Q’\:V”y;i< b0y Y
Lij = §0 i, yi= Vi (7.4)
P ..
kiLkik 1=]
We now have anupperboundfor (7.1):
X ) X X
Wi % % i trace(X"QX) 2trace(X'LY)+ Wi 2 (7.5)
i i

for somearbitraryn x d matrix Y. To minimize theright handsidewith respecto X, we nd thezeroof the
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gradientwhichresultsin thelinearsystem

QX =LY (7.6)

whereQ is symmetricpositive semide nite. To solve (7.6), considereachcolumnof X andY independently:
QX'=LY i=1,2:::d

To nd alocal minimum of (7.1) we choosesomeinitial valuefor Y, computeL from (7.4) andsolwve (7.6)
for X, setY = X andtheniterateuntil cornvergence.Note thata solutionof (7.6) with Y = X is aminimum
of the original function, (7.1). At this point, the minimizationdoesnot includeary constraintdo presere
luminanceconsisteny. It is very likely thatcarryingout this minimizationwill resultin nonsensicaimages

suchasFigure3.4.

7.2 Constrained Majorization

To maintainluminanceconsistenyg, we will needto introducesomeconstraintsvhensolving Equation?.6.
The speci ¢ forms of the constraintswill be discussedn Sections7.4and7.5. For now, it is su cientto
know thatwe will needto solve Equation?.6 subjectto bothlinearinequalityconstraintsandboundson the

componentaluesof x;. A linearinequalityconstraintis simply aninequalityof theform
axt+ap+  +axd b

wherexij isthej thcomponenbfthevectorx;. A boundconstraintimits xij to bebetweersomeupperand

J J J
lowervalueslower X' upper.

7.2.1 Linear Programming

Linear programmingis a well-studiedproblem,and a large body of literaturehasbeenproduced. While
therearenumerousntroductorytreatmentge.g.[Strang1988]),we will provide abrief introductionherefor
completeness.

Theproblemathandis to minimize (or maximize)somelinearobjective functionsubjecto a setof linear

boundconstraints.Often, the boundconstraintonly specifythatall variablesshouldbe nonngative. For
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example:

Minimize x+vy
Subjectto x+vy 3
5x y 15

x5y O

The rst stepin dealingwith a problemin this form is to corvert the inequality constraintsinto equality

constraintsThis canbe easilyaccomplishedby theintroductionof anextra, nonnaative “slack” variable:
x+y 3! w x+y=3;w 0
After introducingslackvariablesto our exampleaborve, we now have:

Minimize X+y
Subjectto w; X+y=3
Wy +5x y=15

X y;wi;we - 0
In generaltheform of alinearprogrammingproblemis:

Minimize c¢ x
Subjectto Ax=b

x 0

wherex is avectorof n elementsg is a costvector andA isanmx n matrix(m  n) of rankm. For agiven
setof equalityconstraintsthe solutionvectorx canbepartitionedinto two. Onesetcontaingn  melements,
all of which have a valueof zero. A solutionx with n  m zeroelementds referredto asa basicsolution.
The solutionis feasibleif all the elementsn x arenon-ngative. Along with the partitioningof x comesa

partitionof A:

A=[BF]
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whereB is anm x m matrix, madefrom them columnsof A correspondingo the non-zerovaluesin x. F is
anmx (n  m) matrix,madefromthen m columnsof A correspondingo the zerovaluesin x.

It canbe shown thatthe valueof x producingthe minimumvalueof ¢ x is foundat a solutionwhichis
bothbasicandfeasible This motivatesthe developmentof the simplex method which beginsfrom aninitial
basicfeasiblesolutionandproceedso otherbasicfeasiblesolutionswith lower costs.Theprocesof nding
new basicfeasiblesolutionscontinuesuntil onewith lower costcannotbe found. At this point, the current
solutionhasthe minimumcost.

Givensomepartitioningof A into B andF, asolutionfor x is straightforvard,assumingB is not singular
Here,thesolutionto Ax = bis x = (Xg; Xr), wherexg is thezerovectorandxg = B 1b.

As previously mentioned the simplex methoditeratesfrom one basicfeasiblesolutionto another In
doing so, thereare two major steps. First, a componentof x with zerovalue is chosento have its value
increasedin orderto reducethe cost. This components increasedn value (it cannotbe decreaseandstill
have afeasiblesolution)until a non-neative componentakeson a zerovalue. At this point, our partitioning
hasbeeninvalidated,aswe have a memberof the zero-\aluedsetwith a non-zerovalue,anda memberof
non-zerovaluedsetwith azerovalue.As such,anew partitioningmustbe speci ed.

In orderto nd thecomponentso bechosenit is usefulto write the problemin “tableauform”. Here,an

(m+ 1) x (n+ 1) matrixis constructed:
B F b

cg ¢ O

wherec x = (Cg;Cr) (Xg; XF). Next, GaussiarkEliminationis performedonthe rst mcolumnsresultingin:

I B 1F B b
(7.7)
0 ¢ cgB F cgB 1p

By examiningthevectorce  cgB F, we cantell if thecurrentsolutioncanbeimprovedupon. If thereexists
anegative componentn this vector thereexistsa basicfeasiblesolutionwith alower cost.If all coe cients
arenon-n@ative, theiterationterminatesandthe currentsolutionhasa minimumcost. If thereis a negative
componentye generallywish to choosehe onewith the smallestvalue. If thek-th componenbdf thevector
hasthelargestnegative value,the k-th columnof F is movedto B. To make roomin B for this nev column,
oneof the columnsfrom B mustbe movedto F. Here,we take the vectorv, composeaf the rst mrows of

the (m + K)-th columnof (7.7) (the columnwhich includesthe negative componenselected) We selectthe
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i-th componenbf v, whereV' is positive andfor which thevalueviB by; is largest. Thei-th columnof B
isthenmovedto F.

After swappingtheappropriatecolumnsin F andB, the processterates peginning by performingGaus-
sianEliminationaggin. Fore ciengy, this only needgo beperformedon the exchangedolumns.

Finally, the simplex methodneedsan initial basicfeasiblesolutionto begin its iteration. This canbe
accomplishedby constructinga new linearprogrammingproblem.Theminimumcostbasicfeasiblesolution
tothisnew problemcanbeusedasaninitial basicfeasiblesolutionfor theoriginal problem.Thenew problem
is alsoconstructedothatit hasatrivial initial basicfeasiblesolution. To constructhis new problem,begin
by introducingmnew variablesy;; v»; :::;yn. Next, rows of A arenegated,if necessarysothatall components

of b arenon-ngjative. Next, de ne:

S
|
—
X
ol
)
=
&

0;:::;0;1;:::;0)

for whichthe new linearprogram:

Minimize  ¢® x
Subjectto  A%°=Db

X 0

toinitialize the original problem.

7.2.2 A Linear Programming Formulation of Constrained Majorization

After addingconstraintgo (7.6), it is notlikely thatan exactsolutionwill be possible.Instead we wish to

nd the“best” solution.Onede nition of “best” is to minimize

x . A
kQX LYk (7.8)
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subjecto theconstraint®f theproblem.Problemaof thisformfall in into thecateyory of “quadraticprogram-
ming” [Vanderbeil997], sincethe objective functionis quadratic. While thereare several well-developed
algorithmsfor solving quadraticprogrammingproblems,the implementationis generallyratherinvolved,
andeasilyobtainabldibrariesarerare. If we couldreduceour objective functionto a linearone,we could
insteadeveragereadily available,optimized,linearprogrammingcode.

Expression(7.8) calls for minimizing the 12 norm subjectto somesetof constraints.Generally the |2
norm is preferredasit representd&Euclideandistance. However, in our case,the choiceof the |2 normis
forcing usinto therealmof quadratiqgorogramming.To move into thedomainof linearprogrammingye can

insteadminimizethel® norm. In this casewe wantto minimize

X . _
Q X LY (7.9)

whereQ); indicatesthe j-th row andX representshei-th columnof the respectie matrices.This will yield
aslightly di erentsolutionthanminimizing the 12 norm. However, sincethe di erenceswill not likely be
greatlyvisible, this shouldbe a valid approximation.In general,(7.9) would be tricky to minimize, dueto
theabsolutevalues.Neverthelessin the caseof linearprogrammingwe caneliminatetheseabsolutevalues

usingslackvariablegChvatal 1983]. Here,we introduceoneslackvariablefor eachabsolutevalueterm
= Q X LY

Next, constraint@areaddedsothattheabsolutevaluescanberemored. Theresultinglinearprogramwithout

ary constraintgo presere luminanceconsistenyg, is

—_ PP
minimize P (7.10)
subjecto i+ Q; X Lj Yh
i Q X L Y

ij O
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7.3 Inter polating The Solution

Unfortunatelythistechniqudao minimize(7.1) doesnotscalewell to largedatasets asit requirescomputing
di erencedetweenall pairsof datapoints. To attemptto work aroundthis de ciency, which is commonto
MDS techniquestherehave beenseveral proposalgor “sparseMDS” thathave beenput forth.

Onestratay is to choosea setof “landmarkpoints” andembedall pointswith respecto the landmarks.
Therearetwo methodsfor this. In the rst, the systemis solved usingpairs (i; j), wherei is in the setof
landmarkpoints,and j is in the setof all otherpoints. The otherapproachinvolvestwo passesFirst, the
systemis solved usingall pairsof landmarkpoints. Then, all otherpointsareinsertedto minimize their
distancerom thelandmarks.

For our purposesthe latter approachseemso make more sense.Presumablywe cansolwve the initial
embeddingf the landmarkpointsaswe do now, with a constrainedsolution. The secondpasscanthenbe
solved asan unconstrainegbroblem. While this technicallycanallow for badthingsto happenwe do not
expectmajorvisualartifactssincethelarge scaledetailshave beencapturedoy the landmarkpoints.

Assumingthat we have found somelow-dimensionalcon guration of the landmarkpoints, our second
pasgakestheform:

XX 5
minimize wij ki mik (7.12)
i
wherex; is aembeddingve wishto nd, m; is oneof p alreadypositionedlandmarkpoints,and ;; is the
distancefrom theith point to the jth landmarkpoint in the high dimensionakpace.Here,recall thatboth

X andmy arevectorsin d-dimensionakpace.The minimizationproceedsn muchthe mannerasSTRESS,

exceptthatm; is known. Expandingwe have:

2
Wij kX. mjk ij = Wijkxi mjk2 2Wij ijkxi m,—k+wi,- |2] (7.12)

As before for n x d matrix Y with rowsy;, we have:

Wi X Mmooy m wij ijkog mikky - mjk
Wij ij

i mik mp Yo m wij ijkg mk (7.13)
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Combining(7.12) with (7.13, we can nd theupperbound:

X X , X W
Wij X mj i wijkg i mk Xi i Vi j ij i
i i ! ]
= trace(X'OX) 2trace(X"L)+C (7.14)

whereC is aconstanscalar Q is ann x n matrix, andL is ann x d matrix:

8P
. % Pws s=t
Qst = §

=0 otherwise

1

)@ . H
[ = . .+ é .
Lst Wisj m[] kys mjk(yts m[])

]

Theright-handsideof (7.14) hasaminimumvaluewhenX satis es

0=20X 2L
SinceQ is a diagonalmatrix, this simpli es to
i
t it
t= L (7.15)
. Qi

7.4 Solvingthe GrayscaleProblem

To transforma colorimageto grayscalewe cansolve (7.10 or minimize(7.1) to computeaone-dimensional
con guration of the colors. However, beforewe candeterminethe solution,therearea few detailsthatmust
be handled.First, a setof constraintamustbe chosernto maintainimportantluminancecuesin theimages.
Next, thevaluesof ;j have to be determinedandthe weighting,w;; hasto be set. Finally, after computing

thegrayvalueswe mustcorrectlyinterpretthe resultsfor display

7.4.1 Constraints

As we discussedn Chapter3, we needto constraingray valuesto presere gradientshighlights,andshad-
ows. Consideran exampleof a gradientfrom a darktoneto a light tone of the samehue. For a grayscale

representationf this gradient,we would ervision a gray gradientfrom darkto light, following the changes
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in the color gradient.Next, imaginethatthis gradientis akuttedwith a similar gradientoveradi erenthue.
Both gradientsshouldhave grayscaleepresentationthat changewith the lightnesschangewithin the two
hues.However, thereshouldalsobe somedistinctionbetweerthetwo grayscalegradients Thisis illustrated
in Figure4.2  We would expectthatthe gray valuesfor light greenandlight red shouldbe higherthanthe
gray valuesfor dark greenanddark red. However, the gray valuesrepresentindight greenandlight red
shouldbe separatedasthey representli erenthues.

To avoid situationssuchasthe oneshavn in Figure 4.2, we shouldnot constrainthe orderingbetween
hues. This leavesusto the conclusionthat we shouldspecifyonly the orderingwithin huesto presere the
orderingof gradients.The orderof the huescanthenbe determinedy minimizing (7.1).

In orderto choosesuchconstraintswe look atthedi erencen chromaticitybetweenwo colors. If the
colorsdi erby lessthansomeuserspeci ed thresholdwe adda constrainthatthe colorsshouldappeaitin
thegrayorderof theirL values.Thisallowsfor similarhuesto bereproducedn L order thuspreservinghe

changescrosgradientsFor our experimentswe foundthatwhenworking with thechromaticitydi erence

andusingsRGBfor an RGB color space appropriatehresholdson  rangebetweenl0 and20. This pro-
cedurecanintroducea large numberof redundantonstraintsFor e cieng, we candiscardconstraintghat
areimplied by transitvity. For example,if thereareconstraintsGy G;, G1 G,, andGy Gy, the nal
constrainis redundantandcanbeculled.

To maintainluminanceconsisteng, we mustalsouseconstraintsvheninterpolatingtheresults.We nd
upperandlower boundson eachinterpolatedvalueby thresholdinghedi erencen chrominancdetweert;
andall thelandmarkcolors. If » Xj (thegrayvalueof thelandmarkpoint) is a candidatefor eitheran
upperor lower boundon x; (the gray valueto be computed)dependingon the luminanceorderbetweenc;
andthe j'" landmarkcolor. Theinterpolatedsolutionis then

x = min max i lower ; upper (7.16)
i

wherelower; and upper; arethe lower and upperboundson x;. Note that x;, lower, and upper, ared-

dimensionalectors.
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= - 1 = 2
wij =1 Wij = Wij = ij

Figure7.1: E ectsofweighting: Corvertingto grayscalingusing(7.1) with wi; = 1 (left) resultsin avery at
image,aslargedi erencegchangesn chromaticity)overshadw smallerdi erencegchangen luminance
from shading).Corversionwith w;; = ijl (center)doesslightly better but still looks at. Usingwj =

2
ij
(right) soeachtermis weightedequallyresultsin visually pleasingresults.

7.4.2 Determining

We canpictureour grayscalesolutionaslying entirelyalongthe L axisof CIE LAB spaceThiswould give
usavaluefor gmax Of 100. cmax is found by examiningall pairsof input colorsfor thelargestdi erence We
alsoinclude a constrainton all gray valueswhen minimizing (7.1) thatrestrictsthe solutionsto be within

[0;100).

7.4.3 Weighting the terms

If we simply setthew;; termin (7.1) to 1, termswith largerdi erenceswill a ectthetotal errormorethan
thosewith smallerdi erencesVisually, the largerdi erencesomefrom changesn huewhile the smaller
di erencesomefrom changesn shading.With a solutionbiasedtoward largerdi erencessmallshading
detailsmay be lost. While this will yield animagewith highly contrastingvalues,it will look rather at.

Insteadwe would like to weightthe contritution of eachtermequally This canbe doneby normalizingthe

di erencepeforesquaringpy ;. So,we now have

(i ij i
PP 2
= j>i% kg xik o
In orderto weighteachtermequally we shouldsetw;; = ijz. Thee ectsof changingtheweightingcanbe

seenin Figure7.1 With theimproperweighting,theimagecanbecomevery at andhighlightscanbelost.
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7.4.4 Minimizing STRESS

As obsenedearlier from ary X thatminimizes(7.1) we canobtainanotherby addinga x edo setto each
component.Gansnert al. [2004] eliminatethis indeterminag by xing one point of the solutionat the
origin. We performa similar stepby choosingthe color with thelowestL valueto mapto black.

After computingtheconstraint®nthesystemwe chooseaninitial randomsolutionfor Y = (y1;y2; ::::¥n)
to begin the majorizationprocess.We theniteratively solve the linear program(7.10 andtestthe value of
Equation7.1for corvergence Wethensolve Equation7.15for eachinterpolatectolorusinganinitial random
valueto startthe majorization. Again, we iterateuntil the systemcorvergesto a local minimum for the
interpolatedcolors. The boundson the interpolatedcolorsarefound by testingthe chromaticitydi erences,

, betweerthe interpolatedcolorsandthe landmarkcolors. The samethresholds usedfor this stepaswas

usedto computeconstraint§or the non-interpolatedolution.

7.4.5 Interpreting the results

Finally, we have a solutionfor the grayvaluesof all colorsin animage.We now wish to sase, display print,
or otherwisedealwith thegrayimage.For this, it is importantto remembethe propertiesof the color space
in which we areworking. Our gray valueshave di erenceghat are proportionalto di erencesn colors.
Sincewe have not donearything to alterthe color spacewe canthink of the gray valuesaslying alongthe
L axisof CIE LAB space.To getan RGB representatiofor further processingwe mustperforma color
spacecorversion. Thecorversionfrom CIE LAB to RGB or sRGBis non-lineay sowe cannotlinearly map

thegrayvaluesobtainedfrom our iterative solutionto grayin RGB or sSRGB.

7.4.6 Results

To recap,Algorithm 7.1 describeghe heartof the nonlinearcolor to grayscalecorversion.However, it does
notincludetheinterpolationof the quantizedsolutionacrosghe original setof colors.

Figures7.2and7.3 shav theresultsof our minimizationof STRESSWe cannotdetectary peculiarities
in the shading,highlights, or shadavs, that would indicatefailuresin luminanceconsisteng. All of these
imageswere generatedisingthe sSRGB color modelandvaluesof the threshold rangedbetweenl0 and
20. We usedthe CLP linear programsolver thatis partof the COIN-OR collectionof optimizationsoftware
(http//www.coin-ororg) to nd solutions. Timing resultsfor the imagesshowvn in Figures7.2and7.3 are

givenin Table7.1
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Quantize image to n colors, Co;Cy;:iiCh 1

I/l Setup constraints  to maintain luminance consistency
constraints = fg
for i=0, .., n 1do
for j=i+l, .., n 1do
if (a1 aj)2+(bi bj)2 i then
if L > L, then
constraints = corstraints[ fg; > g;g
else
constraints = constraints[ fg; > gig
end if
end if
end for
end for

Il Compute Crmax

Cnax = 0

for i=0, .., n 1do

for j=i+l, .., n 1ldo
if ko Cjk> Cmax then
Cmax = k& cjK
end if

end for

end for

/I Compute i
for i=0, .., n 1do
for j=i+1, .., n 1do
ij:%’kci Cjk
end for
end for

Compute Q using Equation 7.2

Y = random vector of length n

while not converged do
ComputeL using Equation 7.4
Find X by minimizing jOQX LYj using Equation 7.10 and enforcing constraints
Y=X

end while

/I  Convert result to RGB
gray rgb; = LABto _RGBg, 0, 0)

Algorithm 7.1: Nonlinearcolorto grayscalecorversionon in imagequantizedo n colors.
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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
Car 71,448 | 27.6sec 98.0sec
Grid 43 | 0.041sec -

Table 7.1: Timing: Resultsfor the grayscaldmagesshavn in Figures3.1and3.2 In eachcaseexceptthe
“Grid” image,the solutionwastwo-phasewith aninitial MDS over 256 landmarkcolorsfollowed by an
interpolationstep.The“Grid” imagewassolvedfor all colorswithoutinterpolation.

Figures7.4 and7.5 comparegrayscalecorversionof the linear methodof Chapteré andthe nonlinear
methoddiscussedn this chapter We canseethatthereis little di erenceor theimagesonwhichthelinear
algorithmperformedwell. Forimageson whichthelinearalgorithmperformedpoorly in thelinearcasethe

nonlinearresultslook signi cantly better

7.4.7 Reintroducing Color to Grayscalelmages

Goochetal. [2005] point outthatthe chromaticityof the original colorscanbe addedbackto the optimized
gray values. This newly createdcoloredimagecanthenbe distributedand, whencornvertedto gray using
traditional methodswill retaingoodgray contrast. While this is a usefulidea, it is not without problems.
Simply addingthe chromaticityto the recoreredlightnesswill not always producein-gamutcolors. If the
new colorsareclipped,or otherwisegamutmappedthe procesf going from optimizedgrayto optimized
coloris notinvertible. The grayimageresultingfrom a traditionalgrayscaldransformatiorof the optimized
colorimagemaynot matchthe resultof the optimizedgrayimage.

Fortunately we cancircumwentthis problem.As discussedn Section7.4.2 we includea constrainthat
eachgrayvaluestayswithin theavailableL rangetypically [0; 100]. To reintroducecolor, we needto ensure
that(g;; a ;1) is within the availablegamut. Note thatherewe needto keepthe color within the gamutof
the storage format, notthereproductiordevice. We needto nd the minimumandmaximumL values,gimin
andg"®, suchthat (g™ a ;b.) and(g"*;a,;b,) arewithin the gamut. Using g™" and g"* aslower and
upperboundson g;, we ensurehataddingchrominancéackto our optimizedgrayimagewill resultin valid
colors.

Neverthelessfor ary color with non-zerochrominancethe L rangeavailableto producean optimized

colorimagewill belessthanthatavailablefor anoptimizedgrayimage.Thereforeywewould expectthatrein-

troducingcolorwill notproduceresultsthatareasgoodasthoseobtainedby directly computinga grayscale



Figure 7.2: Nonlinearresults:Resultsof the nonlinearcolor to grayscaleconversion.
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Figure 7.3: Nonlinearresults: Additional resultsof the nonlinearcolor to grayscalecorversion.

image. This canbe seenin Figure7.6. Thetwo imageson the left shav the original color version,andthe
optimizedgrayimagewith color reintroducedrespectirely. Thetwo imageson theright shov thetwo gray
imagesthatwerecomputed.The rst grayimageshav the resultsof usingthe full L range. The second

shavs theresultsof usingareducedangeto keepcolorswithin the RGB gamut.

7.5 Solvingthe Re-coloring Problem

We canalsouse(7.1) to re-colorimagedo presere detailfor colorde cient viewers.In thiscasex; is acolor
in threedimensionakpace but restrictedto within the gamutof colorsdistinguishabléby a color de cient

viewer.

7.5.1 Distinguishable Colors

The color de cient simulationtechnique®f Meyer andGreenbey [1988] andBretteletal. [1997] produce
colorsthatlie on oneof threecurved surfaces. The choiceof surfacedependsn the de cient component;
thereis onesurfacefor the protanopiacase another(similar) surfacefor thedeuteranopicandathird surface
for thetritanopiccase Restrictingour solutionto anarbitrarysurfacewould beratherinvolved, lik ely requir

ing conformalmappingof the surfaceandcomplicatedconstraintsinstead we canmale useof thefactthat
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Figure 7.4: Grayscalecomparison:Linear grayscalecorversion(center)comparedwvith nonlinearconver-
sion(right).
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Figure 7.5: Grayscalecomparison:Linear grayscalecorversion(center)comparedvith nonlinearconver-
sion(right).

Figure 7.6: Reintioducingcolor to grayscale: Original image(left), optimizedgrayscaleémagewith chro-
maticity reintroducedleft center) optimizedgrayscalémagewith full L range(right center)andoptimized
grayscalémagefor reduced. rangefor color reintroduction(right).
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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
Candy 335,104 | 53.7sec| 169.7sec

Table 7.2: Timing: Resultsfor the re-coloredimagesshavn in Figures?7.7, 7.8. and7.9. The methodwas
appliedto aquantizedsetof 256 colorsandtheninterpolatecover theimagecolors.

the surfacesarenearlyplanar allowing usto approximatehesesurfaces.The normalto the approximating
planesshouldbe orthogonalto the L axis, asthe black andwhite pointsarenot modi ed duringthe color
de cient simulation.A simpleleastsquarest givesusplaneswith normals(0; 0:99; 0:14) for the protanopic
anddeuteranopicasesand (0; 0:58;0:81) for the tritanopic case. We thenneedto include constraintso

ensurehesolutionproducedemainsontheseplanes.

7.5.2 Constraints

As wasthe casewith the grayscald@ransformationye needconstraintghatmaintainluminanceconsisteny.
Sincewe have multiple dimensiongo work with, thesimplestwayto enforcethisisto keeptheL component
of eachremappedolor x edtotheL valueof theoriginalcolor. Thissacri cessome e xibility in computing
thesolution,but it greatlysimpli es the problem.With this constraintour problemis reducedo computing
asolutionin two dimensions.

GiventheinputL value,we cancomputeatwo dimensionaparametridine, vg + tvg, wherewy is of unit
length,onwhich the solutionmustlie. Further we can nd theintersectiorof this line with the gamutof the
reproductiordevice. This providesboundconstraintgor the parametet of theline. At this point, we have
reducedhe problemfrom threedimensiongo onedimension(t). Wheninterpolatingthe solution,the gamut

intersectiorpointsform the upperandlower bounds.

7.5.3 Results

In orderto computea re-coloring,we needto iteratively minimize (7.9). Here,we have two dimensiongo

considerL andt, andwe needto minimize:

X0
jQ X- L YR+ XYoL Yy (7.17)
j
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Fromthe constrainton L , we know that xi'- = yi'- , whichis the L componenbf the original color. This

impliesthatthe rst termin (7.17) is constantandwe needto minimize:

xXo
iQ X' Ly Yy (7.18)
i
Thisiteraterom aninitial randomselectiorof yi. Notethatwhenconstructinghematrix L, thetermky; yjk
represent&uclideandistancean two dimensionsSimilarly, wheninterpolatingthis solutionover alargerset
of colors,we againonly needto solve onedimensiont. However, thekys mjktermin the matrixrepresents
Euclideandistancen two dimensions.

Figures?7.7, 7.8, and7.9 shaw the resultsof our nonlinearre-coloringfor simulatedprotanopic deutera-
nopic,andtritanopicviewers,respectrely. The original colorimagewasquantizedo contain256 colors. A
re-coloringwasthencomputedor the 256 colors,by minimizing (7.1) with the appropriateconstraintsThe
solutionwastheninterpolatedover all colorsin the originalimage. As opposedo the grayscalecase here

we choose
ke Cj k

Cmax

(7.19)

ij

becausehe value correspondindo dma iS Not x ed; it varieswith luminance. Table 7.2 givesthe timing
resultsfor solvingthere-coloringproblemwith the quantizedmageandtheninterpolatingtheresultoverthe

originalimage.

7.6 Discussion

A comparisonof the linear and nonlineartechniquescan be seenin Figures7.10 7.11, and 7.12 Here,
the centercolumnshaws the resultsof our linear conversion,andthe right columnshaws the resultsof our

nonlinearcornversion.
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Figure 7.7: Nonlinearre-coloring: Simulateddichromaticprotanopeview (center)comparedvith resultsof
thenonlinearre-coloringof imagesfor a simulateddichromaticprotanopeasseenby a simulatedprotanope

(right).

Figure 7.8: Nonlinearre-coloring: Simulateddichromaticdeuteranopeiew (center)comparedvith results
of thenonlineame-coloringof imagedor asimulateddichromaticdeuteranopesseerby asimulateddeuter

anope(right).
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Figure 7.9: Nonlinearre-coloring: Simulateddichromatictritanopeview (center)comparedvith resultsof
the nonlinearre-coloringof imagesfor a simulateddichromatictritanope,as seenby a simulatedtritanope

(right).

Figure 7.10: Re-coloringcomparisons:Protanopeae-coloringsfor the linear method(centercolumn)and
thenonlineamethod(right column).
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Figure 7.11: Re-coloringcomparisons Deuteranopee-coloringsfor the linearmethod(centercolumn)and
thenonlineamethod(right column).

Figure 7.12: Re-coloringcomparisonsTritanopere-coloringgor thelinearmethod(centercolumn)andthe
nonlineamethod(right column).



Chapter 8

Evaluation of GrayscaleTransformations

As discussedn Chapter5, our objective function could take on two di erentforms. The rst form
attemptsto nd gray valueswith di erencesgerceptuallyequalto the perceptualkcolor di erencesn the

originalimage.This objective functionwould take the form

XX _ 5
g g ke ek

i
As colorandgraydi erencedqiavedi erentmaximumvalues,thisform will likely causeusto loseshading
detaildueto out of rangeclamping.Insteadwe proposedo nd asetof grayvalueswhosedi erencesvere
proportionatlto the perceptuatolordi erencesThistakestheform

I
X ke, ejk'2
g 9 Onax—/—

i i Crmax

If we weighteachcolor contritution basedndi erencespur objectvesthenbecome

e er 9 Gl ke ek = 06 gl (8.1)
Ik | | i |
X g 12 2 oo g2
max gmax 2
- i i —ke G‘k = —_— H : . 82
o Ok ek 09GO L
where = gmaks €jkTmax and i; = k& €k We will referto the objective in (8.1) asthe objectie of

constandi erencesandtheobjectivein (8.2 astheobjective of constanproportions

The basisof our thesisis that minimizing the constantproportionobjective (8.2) shouldyield a good
grayscalerepresentatiomf the color original, provided luminanceconsisteng is enforced. The constant
proportionsolutionshouldoutperformboth the constandi erencesolutionandthe mappingof luminance
to grayscale.To evaluatethis claim, we designeda small perceptuakxperiment. Six testimages,shovn in
Figure8.1, wereusedto evaluatethe e ectivenesf the grayscaleconversions.The grayscalecorversions
of thesetestimagescanbe seenin Figure8.2and8.3.

Our experimentconsistedof presentingparticipantswith a pair of gray images,alongwith the color

original. Participantswere asled to choosethe gray imagethat bestrepresentedhe visual information of
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theoriginal. The 18 participantsveregraduatestudentsvith somebackgroundn eithercomputergraphics,
imageprocessingor design.An exhaustve pairedcomparisorwasusedfor eachof the siximages.

We usedThurstones Law of Comparatre JudgmenfTorgersonl967]to arrangethe pairedpreferences
for eachimagein a linear scale. A 95% con denceinternal was computed,as discussedy Braunet al.
[1996]. Therewereno unanimousdecisionsso no specialhandlingof suchcasesvasnecessaryThe raw
datacanbe seenin Table8.1 Thevaluein theith row and jth columnrepresentshe numberof timesthat
methodj waschoserover methodi for thatparticularimage.

To determinethe overall scalesfor the techniquesye would ordinarily averagethe scalevaluesacross
all images.This would assumehat our sampleimageswererepresentate of all possibleimages.Our test
imagesdo not, however, represena randomsamplingacrossall images. The spaceof all possibleimages
canbe divided into two parts. In one partwe have imagesfor which mappingluminanceto gray performs
well. Theotherpartcontainamagesfor which the luminancemappingperformspoorly. Our six imagescan
be thoughtof asthreerandomsampledrom eachof thesegroups.They do not, however, re ect therelative
sizesof thetwo partitions.Sincewe do notknow thesizeof onepartitionrelative to the other choosingequal
numbersof randomimagesfrom both andaveragingthe resultswould likely skew the resultsto onesideor
theother

To avoid skewed results,we averagedseparatelyacrossthe scalevaluesof the imagesin eachgroup.
The gray imagesin the rst group, whereluminancemappingperformedwell, canbe seenin Figure 8.2
Theimagesin the othergroup,whereluminancemappingperformedpoorly (asjudgedsubjectvely by the
authors)canbeseenin Figure8.3.

The resultsfor the grayscaldmagesof Figure 8.2 canbe seenin Figure8.4(a) Theimageshave been
arrangedn alinearscaleof arbitraryunits. The errorbarsshav uncertaintyof the 95%con denceintenals.
Here,therewasno signi cant di erenceamongary of the threemethodswe tested. This is not surprising,
giventhevisualsimilarity of thegrayscaléemages Figure8.4(b)shavstheresultsfor theimagesrom Figure
8.3 Here,the standardnappingof luminanceto grayscaleandour constandi erencemethoddo not shav
ary signi cant di erencejut our proportionaldi erencemethodwassigni cantly preferred.Figure 8.4(c)
shaws theresultsof handlingall imagestogetherthoughits interpretations somevhatunclear

From our experiment,we candrav two conclusions.First, for imageswhereluminancemappingper
forms well, neitherthe constantdi erencesolution nor the constantproportionsolution performsworse.
Second;for imageswhereluminancemappingperformspoorly, the constantproportionsolution performs

noticeablybetterat maintainingvisualdetail. As theconstanti erencesolutionnever performedbetterthan
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(d) (e) ®

Figure 8.1: Perceptualexperimenttestimages: The top threeimagesperformedwell usingthe traditional
mappingof luminanceto grayscaleyhile the bottomthreedid not.
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Dog Luminance| C.Di erence| C.Proportion
Luminance - 8 10
C.Di erence 10 - 11
C. Proportion 8 7 -

O ce
Luminance - 5 11
C.Di erence 13 - 14
C. Proportion 7 4 -
Bike Rack
Luminance - 11 13
C.Di erence 7 - 9
C. Proportion 5 9 -

Berries
Luminance - 6 14
C.Di erence 12 - 17
C. Proportion 4 1 -

Candies

Luminance - 14 15
C.Di erence 4 - 10
C. Proportion 3 8 -

Flower
Luminance - 11 13
C.Di erence 7 - 16
C. Proportion 5 2 -

Table 8.1: Experimentadata: Raw datafor our experiment. A;; representshe numberof timesmethod]
waschoserover methodi.

theluminancemapping,our normalizationto achiese the constanproportionsolutionin Chapters hasbeen

validated.
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Figure 8.2: Corversionusingluminancemapping(a), constantli erencegb), andconstanproportiong(c).
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(@) (b) (©)

Figure 8.3: Cornversionusingluminancemapping(a), constanti erencegb), andconstanproportiong(c).
The o werimageslook signi cantly di erentfrom Figure7.2 Thisis dueto the mary local minimaof the
STRESSunction. For a fair comparisonpoththe constanfproportionandconstantdi erenceémageswere
initialized from the sameposition,whichwasdi erentfrom theinitial positionsusedin Figure7.2
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Figure 8.4: Experimentalesults:(a) Scalingof datafor imagesin Figure8.2, (b) imagesn Figure8.3, and
(c) allimagestogether



Chapter 9

LightnessScaling

The problemof gamutmappinginvolvesreproducinganimageon a device for which somecolorsin the
imageare not available. For example,a color printer hasa ratherlimited rangeof colorsit canproduce,
while digital photographsypically compriseawide rangeof colors. Whendealingwith colorsthatcannotbe
reproducedsomesortof color manipulatiormustbeinvolved. Thisis anopenproblem,andalarge body of
literatureattestso thedi culty of ageneralsolution. We wish to examinea ratherrestrictedversionof the
gamutmappingproblem.Insteadof workingwith full colorimageswerestrictoursehesto grayscalémages.
In CIE LAB spacethecolorsweareinterestedn have only non-zerd. componentskor a“standard’gamut,
therangeof the lightnesscomponenbf CIE LAB spaces betweer) and100. Here,a valueof 0 indicates
“black”, andavalueof 100indicates‘white”. Now, supposeve would liketo print agrayscalémagethatis
speci ed with lightnessvaluesover [0; 100], but our printer canonly reproducegray toneswith lightnesses
over, say [20; 100]. How dowe mapthelightnessvaluesin theinputimageto lightnessvaluesthatour printer

canreproduce®ur subproblemsinceit only dealswith grayscalémagesis known as“lightnessscaling”.

9.1 PreviousWorks

Thereis a hugebody of literaturecovering the generalsubjectof gamutmapping(see[Morovic andLuo
2001]for arecentsurwey). Fortunately restrictingthe problemto grayscaleémagessimpli es thingscon-
siderably For example,oneissuewith generalgamut mappinginvolves computingthe boundariesf the
reproductiongamut. This usuallyis a messyconcae solid in which we have a large numberof point sam-
ples. For grayscalethis simpli es to dealingwith the extentsof onedimensionwhich canbe easilyfound
by examiningthe blackandwhite pointsof the outputdevice.

The simplestmethodfor handlingout-of-gamutlightnessis referredto as“clamping”. Here,ary grays
outsideof thereproduciblerangearesetto the nearesteproduciblegray. While thisis simpleto implement
andworks reasonablywvell for smallrangecompressiongjetailsin the low or high lightnessregionsof the
original imagearelost. This canbe seenbetweenFigures9.1(a)and9.1(b) The original imageis shavn
in Figure9.1(a) It haslightnessvaluesrangingover [0; 100], at leastin the electronicspeci cation. For a

printedcopy of this documentwe cannotspeci cally give the actuallightnessrange. However, evenwhen
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Figure 9.1: Comparisonof lightnessscalingtecniques: (a) Original image, (b) rescalingusingclamping,
(c) linearrescaling(d) sigmoidalrescalingand(e) our proposedietail-preservingescaling.

printing, the visual resultsre ect the electronicallyreproducedmages.Figure 9.1(b)reproducesheimage
with lightnessraluedessthan20 x edat20. Detailin theareasurroundingheearandhairhave disappeared
in theclampedmage.

An alternatve to clamping,which will not losedetailin the out-of-rangeregions, is to simply linearly
rescalethe input rangeto the outputrange. Theresultsof linearly rescalingthe rangecanbe seenin Figure
9.1(c) While thedetailshave beenrestoredtheimageappearso bewashedut. Thedarktones particularly
nearthe earand carwindow in the backgroundare considerablylighter thanin the original image. This
washingout of theimageis the generalkcomplaintagainstlinear scalingasa solutionto thelightnessscaling

problem.Thedi erencedetweerlight anddarkgrayshave beenreducedasthe scalingcauseghedarksto
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becomdighter andthelights to becomedarker. This reduceghe overall contrastin theimageandcauseshe
washedutlook.

In anattempto presere bothcontrasanddetail, BraunandFairchild[1999] proposeaemappindightness
usingasmooth S-shapedunction. They referto their choiceof functionasasigmoid. It is simplytheintegral
of a Gaussiarfunction (i.e., the cumulatve densityof a normaldistribution). The shapeof the sigmoidis
controlledby two parameters and , correspondindgo the meanandstandardieviation of theunderlying
GaussianThegoalof this techniquds to darkenthe dark regionsandlightenthelight regions. This should
increasehe contrastbetweenlight anddarkregions,althoughit is likely to sacri ce somedetail within the
light anddarkregions.While avoiding thetotallossof detailfrom theclampingstratey, this methodattempts
to avoid thelossof contrastfrom thelinearremappingstrat@y. Resultsof this methodcanbe seenin Figure
9.1(d) Parameterdor arbitraryimageswerederived from empirical datacollectedfor a variety of images

[BraunandFairchild 1999].

9.2 Evaluating LightnessScaling Techniques

Therearetwo goalsfor gamutmapping[Morovic andLuo 2001]. Onegoalis to reproduceanimagethatis
asclosein appearanct the original aspossible.This is usefulfor applicationsvherethe sameappearance
is crucial, suchassoft proo ng. The othergoalis to producethe bestlooking image. This could be useful
for printing digital photograph$rom a family vacation.Somegamutmappingtechniquesvork well for one
goalwhile otherswork betterfor the othergoal. For example,clampingoften providesa goodvisualmatch,
but poor overall appearancedueto lost details. The crafting of a gamutmappingalgorithmthat performs

optimally for bothgoalsis still anopenproblem.

9.3 MDS For LightnessScaling

Sigmoidalmappingof lightness[Braun and Fairchild 1999] generallyperformsvery well, mostlikely due
to the empiricaldatausedto choosemodelparametersThereis onepoint, at least,wherethe modelbreaks
down. As theoutputrangeapproachetheinputrange theremappingshouldapproacttheidentity. However,

for ary parametricemappingthe shapeof the remappingunctionwill alwaysbe controlledby the model
used. For sigmoidalremappingtherewill alwaysbe some“curve” to the remappingfunction, even asthe

outputrangeapproacheshe input range. An exampleof this canbe seenin Figure9.2 Here,animageis
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Figure 9.2: De ciencieswith sigmoidalscaling: (a) Original image,(b) linear scalingto [2; 100], (c) sig-
moidal scalingto [2; 100], and(d) our detail-preservingcalingto [2; 100]. Note thatthe sigmoidalscaling
appearslarker overall while thelinearscalinglooksvery closeto the original.

shavn reproducedver the lightnessrange[2; 100]. While thelinearly remappedmageappearso be very
closeto the original, the sigmoidalremappingappeardarker. This is dueto the residualcurvaturein the
mappingfunctionfrom the sigmoidalmodel.

Anotherway to think of rescalinglightnessis as a contrastpreservingoperation. We would like the
contrastbetweenoutputgray valuesto be roughly that of the input gray values. With this view, lightness
scalingis just an extensionof the objective functionsdiscussedn Chapter5. In this case,we have the
di erencebetweertwo grayvaluesin theoriginalimage, ij, which canrangeover[0; 100]. Theoutputgray
values,g;, shouldrangeoveradi erentscale,say[20; 100]. Then,to minimize lossof contrastwe wish to
minimize % X
o iz g9 9 i ’ (9.1)

PSR
for somesetof n gray values. Note that here, is the unscaleddi erencebetweenoriginal gray values,
e.g. the objective of constantdi erences.Generally the numberof discretelightnessvaluesavailable on
anoutputdevice is small, so we neednot be overly concernedvith interpolatinga quantizedsolutionover
the original data. Now, unlike the casefor grayscalecorversion,we caneliminatethe absolutevaluefrom

the minimization. An easilyappliedconstrainffor this minimizationis thatthe outputgray valuesshouldbe

monotonicallynon-decreasinglhatis,g;  g; for j > i. Includingthis constrainsimpli es ourminimization
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xnxnl 2

29 9 (9.2)

TS T
Expression(9.2) is quadraticandagginit is semi-de nite,meaningthereis anin nite collectionof solutions
thatminimizeit, eachsolutionseparatedrom the othersby someconstanb set. Thisindeterminag canbe
eliminatedby anotherassumptionthatthe darkestoutputgray valueshouldmapto the bottomof therange
andthelightestoutputgrayvalueshouldmapto thetop of therange.For our example thisimpliesthatg; =
20 while g, = 100. Figure 9.3 shavs the solutionto minimizing (9.2) while enforcingthe non-decreasing
constraint.For small compressionsf the lightnessrange the solutionis basicallya linear remapping.For
largercompressionghe solutiontakeson ans-shapewith clampedends.

Minimizing (9.2) with the constraintthat the resultis monotonicallynon-decreasingeemsdauntingat

rst. We have a quadraticfunctionwith a setof linear constraints.This putsusinto the realmof quadratic
programmindVanderbeil997]. Solutionsto generaljuadratiqorogrammingproblemscanbevery involved.
Fortunatelyourproblemhasrelatively simpleconstraintsFor problemsn which constraintareneverredun-
dant,atechniquecalled“gradientprojection”canbe used.Thetechniques extremelysimpleto implement,
althoughnotterribly e cient. For somegeneraimultidimensionafunction, f(x), theminimizationproceeds

asaniterative procesgrom aninitial vector x°:
h i
X =p X ar f(X) ; k=0;1;: (9.3)

wherexX is the currentsolutionvector a is the stepsize,and P[] is a functionthatprojectsa valueof x to
be valid, basedon the constraints.For constraintson the rangeof the componentsn x¥, the projectionwill

clampthe valueto the valid range. In the caseof our problem,the projectionforcesthe parameterso be
monotonicallyincreasing.Next, thereis the problemof choosingthe stepsize,a*. Bertsekag1976;1982]

describeonesuchmethod.Here,the smallesthonngative integer, m, is found suchthat
h ith [
f(X)  f(xX¥BMs) rfk) X xXKBMs (9.4)

where , B, ands areparameters) % 0 B 1,0 s anda= B™s. Wehadsuccessisingthe

parameters, = 25, =:5,ands= :1. NotethataX is ascalerwhile x¥ is avector
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Figure 9.3: Lightnessscaling: Minimizing (9.2) over a variety of ranges.As the outputrangeapproaches
theinputrange the scalingcorvergesto alinearrescaling.

9.4 Evaluation

For aninitial evaluationof thee ectivenesof our method we performeda smallexperiment.Fourimages,
shawn in Figure 9.4, were reproducedon a monitor with a reducedrangeof lightness. For one test, the
lightnessrangewas[20; 100], andfor a secondtest, the rangewas[2; 100]. We useda linear mapping,a
sigmoidalmapping.andthetechniquediscussedh Section9.3. Participantsvereaskedto performtwo tasks.
First, they werepresentedvith apair of remappedmagesandaskedto chooseheimagethey preferred.This
would testthe ability of the methodsto createvisually pleasingimages. In the secondtask, participants
were presentedvith a pair of remappedmages,aswell asthe original image. They wereaskedto choose
the remappedmagethat bestmatchedhe original. For theimageswith the range[20; 100], therewere 19
participants For thelargerreproductiorrangeof [2; 100], therewere12 participants As with theexperiment
in Chapter8, we usedThurstones Law of Comparatre Judgmen{Torgerson1967]to arrangethe paired
preferencedor eachimagein a linear scale. A 95% con denceinterval was computed,as discussedy
Braunetal. [1996]. Theraw datacanbeseenn Tables9.1, 9.2, 9.3 and9.4.

Figures9.5and9.6 shav theresultsof the preferenceandmatchingexperimentsrespectrely. Theresults
of the preferenceexperimentare somavhat mixed. For the lightnessrangeof [2;100], all threetechniques
performedequally Whenwe movedto the smallerlightnessrangeof [20; 100], our techniqueoutperformed

linearremapping.This would indicatethatasthelightnessrangeis compresseéurther, our techniquéds not



84

@ (b) (© )

Figure 9.4: Experimentimages: The four imagesusedto evaluatethe performanceof variouslightness
scalingtechniquesimage9.4(a)is courtesyof RobertGeist.
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Figure 9.5: Prefeencescaling: Resultsof thepreferencexperimentwith (a)[2; 100]rangeand(b) [20; 100]
range.For thelargerrange thereis no clearwinner. In the smallerrange,our methodperformedbetterthan
linear, while sigmoidalremappingperformedaswell asthe othertwo techniques.
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Figure 9.6: Match scaling: Resultsof the matchingexperimentwith (a) [2; 100] rangeand (b) [20; 100]
range. For the larger range,both our techniqueandlinear remappingoutperformedsigmoidalmapping. In
thesmallerrange bothour technigueandsigmoidalremappingoutperformedinearremapping.

subjectto the “washedout” look that linear remappingntroduces.While our remappingechniquefails to
outperformsigmoidalmapping,it doesnot performary worse.

In thematchingexperimentpothourtechniqueandlinearremappingutperformedigmoidalremapping,
for thelargelightnessrange.This supportsour claim thatasthe outputlightnessrangeincreasesthe remap-
ping function shouldcornverge to the identity function. As the outputlightnessrangedecreasedhowever,
both our techniqueand sigmoidalremappingoutperformlinear remapping. Again, betweenour technique
and sigmoidalremapping,thereis not a signi cant di erencein performance.Basedon theseresults, it
would appeathatour techniguecombineshoththe strengthsof linearremappingfor large outputlightness

rangesandsigmoidalremappingfor smalleroutputlightnessranges).

9.5 Discussion

To help reducethe size of the experiment,we neglectedto compareclampingto the othertechniques.An
interestingextensionwould beto repeathe experimentincludingthis technique Our experimentshawvs that
lightnessscalingbasecbn minimizing (9.1) canadaptto propershapeor bothsmallandlarge compressions

of thelightnessrange.
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Landscape| Linear | Sigmoidal | MDS
Linear - 14 14
Sigmoidal 5 - 12
MDS 5 7 -
Bush
Linear - 13 9
Sigmoidal 6 - 7
MDS 10 12 -
Tree
Linear - 13 15
Sigmoidal 6 - 13
MDS 4 6 -
Face
Linear - 5 9
Sigmoidal 14 - 14
MDS 10 5 -

Table 9.1: Prefeence ExperimentalData: Raw data for preferenceexperimentwith lightnessrange
[20; 100]. Aj; representshe numberof timesmethodj waschoserover methodi.

Landscape| Linear | Sigmoidal | MDS
Linear - 17 16
Sigmoidal 2 - 2
MDS 3 17 -
Bush
Linear - 12 8
Sigmoidal 7 - 6
MDS 11 13 -
Tree
Linear - 18 19
Sigmoidal 1 - 11
MDS 0 8 -
Face
Linear - 7 7
Sigmoidal 12 - 12
MDS 12 7 -

Table 9.2: Matching ExperimentaData: Raw datafor matchingexperimentwith lightnessrange[20; 100].
A;j representshe numberof timesmethodj waschoserover methodi.



Landscape| Linear | Sigmoidal | MDS
Linear - 8 9
Sigmoidal 4 - 3
MDS 3 9 -
Bush
Linear - 3 5
Sigmoidal 9 - 3
MDS 7 9 -
Tree
Linear - 5 7
Sigmoidal 7 - 5
MDS 5 7 -
Face
Linear - 4 7
Sigmoidal 8 - 7
MDS 5 5 -
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Table 9.3: PrefeenceExperimentaData: Rawv datafor preferencexperimentwith lightnessrange[2; 100].
Ajj representshe numberof timesmethodj waschoserover methodi.

Landscape| Linear | Sigmoidal | MDS
Linear - 5 7
Sigmoidal 7 - 8
MDS 5 4 -
Bush
Linear - 5 5
Sigmoidal 7 - 8
MDS 7 4 -
Tree
Linear - 2 9
Sigmoidal 10 - 9
MDS 3 3 -
Face
Linear - 1 7
Sigmoidal 11 - 9
MDS 5 3 -

Table 9.4: Matching ExperimentaData: Raw datafor matchingexperimentwith lightnessrange[2; 100].
A;j representshe numberof timesmethodj waschoserover methodi.



Chapter 10

Futur e Work

We have discussedeveral problemsinvolving color manipulationthatcanbene t from preservingcon-
trastbetweerpairsof colors. While we have found promisingsolutions therestill areseveralavenuesopen
for investigation. In this chapterwe will discusge cienciesin our currenttechniquesextensionsof current

methodsandmoretheoreticatopicsfor futurediscussion.

10.1 Outstanding Issues

The rst outstandingssueis the handlingof imagesequencesCurrently we considerthe transformatiorof
animageusingthe colorscontainedn thatimage.If we directly applythis stratgy to a sequencef images,
we will likely have distractingtransitionsfrom oneframeto the next. For example,if we areconvertingto
grayscaleacolorin oneframemaymapto alight gray, while in the next framethe samecolor maymapto a
darkgray We would like somesemblanc®f temporalcoherencéetweerthe color mappings.

Anotherissueinvolvestheinterpolationstrategy discussedn Section7.3. The problemis illustratedin
Figure 10.1 The left imageshaws the original image. The centerimageshawvs the resultof minimizing
STRESS- the chunkinessof the imageresultsfrom the color quantization. The right image shawvs the
STRESSsolutioninterpolatedover the original image. We canstill seesomenoiseand chunkinessn the
interpolatedimage. It doesnot vary as smoothlyas the original image. Techniquedor remaoving these
artifactsarestill unknowvn.

Figure10.2shavs anothedimitation. Here,thereareseveraldistincthuesin the pinwheel.In agrayscale
image,thereis insu cient perceptuabandwidthto mapeachhueto a distinct shadeof gray Someof the
huesareindistinguishable This may be a casewherecurrentstratgiesfail, andotherassumptionsnustbe

made.

10.2 Extensions

Thereare several extensionsthat could be investigated. First, thereis the issueof how to properly scale

colordi erencesvhenre-coloringimages.n section?.5, we proposede-coloringimagesor color de cient
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Figure 10.1: Interpolation Artifacts: Original image (left), solution of STRESSquantizedto 256 colors
(center),andquantizedsolutioninterpolatedover the original color image(right). Note the blotchy artifacts
remainingin therightimage.

Figure 10.2: Too Much Color Variation: Here,thereisinsu cientperceptuabandwidthto mapeachblade
of the pinwheelto a distinctshadeof gray.
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viewers by solving the problemwith constantdi erences.The targetvalueof in the lower dimensional
con gurationwasequalto theoriginal colordi erence.n section7.4.2 we discussedolvingthe grayscale
problemby normalizingthe color di erenceto nd . In there-coloringproblem, nding an appropriate
normalizationis still anopenproblem.

Anotherdirectionto investicgate whenre-coloringimagesis the issueof striking a balancebetweenthe
original colorsandthe colorsyielding maximumcontrast.For example,in theimagesn Figure7.7 bothred
andgreenhave beenremapped.This ignoresvarioushigherlevel processinge.g. leavesaregreen the sky
is blue, andso forth. If we wereableto incorporatetheseconstraintsmore naturallooking imagescould
be produced.Ichikawa etal. [2003; 2004]brie y explorethis conceptby attemptingto keepoutputcolors
similar to the input colors. However, a blind constrainingof the magnitudeof color changewill sacri ce
contrast.

An interestingextensionwould beto introducemoreusercontrolto there-coloringor grayscaleconver-
sionprocessWith our currentmethod this caneasilybe doneby introducingconstraintsA usercould paint
regionswith the desiredoutputcolor or gray For the grayscalecase the usercould paintregionsthatshould
belighter or darker thanotherregions. Thiswould allow for avariety of interestinge ects.

Finally, we believeit shouldbe possibleto extendthetechniquéor lightnessscalingfrom Chapterd to the
generaproblemof gamutmapping.Typically, gamutmappinghasbeenapoint-wiseoperation.Transforming
the color in a pairwise mannermay yield someimprovement. For the lightnessscalingcase,a pair-wise
treatmentappeardo yield goodresults. For color gamutmapping,a commonconstrainStoneet al. 1988]
is to keephue (H = tan 12-) constantwhile adjustingL  andchroma(C = pm). This reduces
the systemto a 2D problem. Constraintoon L would be monotonic,asin the lightnessscalingcase while
constrainton C would keepit within the gamutfor agivenL andH. Theissuethenarisesasto nding an
appropriatevalueof . Perhapgheanswerto this questionlies entangledvith thatof nding good values

for re-coloring.

10.3 Investigations

Thereare several longerterm areasto explore. Our techniqueis far from having real-time performance.
While we could operateon a severely quantizedmagewith only a handfulof colors,this would seriously
impactthe quality of the results. Anotheralternatie would be to exploit the parallelprocessingn current

graphicshardware.However, it is notapparenthatour schemewill parallelizewithout signi cante ort.



91

A coreassumptiorthatwe have madeis that nding atotal orderingof all colorsis di cult. If it was
possibleto nd a total orderingof colorsalongonedimension(for grayscaldransformation)the absolute
valuesin (5.5 could be removed, makingit quadratic. This would allow for a muchsimplerande cient
perimagecomputation. It may even be possibleto reformulate(5.5) suchthatthe inner sumis only over
adjacentalues.This would furtherreducethe computatiorby increasingsparsity

In orderto understandf a total orderingof colors, in one dimension,is possiblefor all images,we
needto understandnore aboutthe relationshipbetweencolor orderandvisually pleasinggrayscale.This
providesseveral opportunitiesfor perceptuakxperiments.A rst experimentmight look to order in terms
of which appeardo be“lighter”, colorswhich have equalL andC valuesbut varying hue. For variationsin
C, the Helmholtz-Kohlrausche ectcomesinto play. Here,colorswith higherC valuesarepercevedto be
lighter thanthosewith lower C values.Fairchild andPirrotta[1991] have donesomework in evaluatingthe
relationshipbetweerchromaandpercevedlightness.t mayalsobeinsightfulto look notatgrayscaleordet
but ratherhow grayscaleshouldchangeover colorspacelf g(L ; C; H) describeshegrayvalueatsomepoint
in color spacewe couldattemptto determine g(L ;C; H) overthe color space.Thiswould shedsomelight

on how grayshouldchangeover shiftsin notonly hue,but alsolightnessandchroma.
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