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Abstract

Imageprocessingofteninvolvesanimagetransformationinto ado-
main that is bettercorrelatedwith visual perception,suchas the
wavelet domain,imagepyramids,multi-scalecontrastrepresenta-
tions,contrastin retinex algorithms,andchroma,lightnessandcol-
orfulnesspredictorsin color appearancemodels. Many of these
transformationsarenot ideallysuitedfor imageprocessingthatsig-
ni�cantly modi�es an image. For example,the modi�cation of a
single bandin a multi-scalemodel leadsto an unrealisticimage
with severehaloartifacts.Inspiredby gradientdomainmethodswe
deriveaframework thatimposesconstraintsontheentiresetof con-
trastsin animagefor a full rangeof spatialfrequencies.This way,
evensevereimagemodi�cationsdonot reversethepolarityof con-
trast. Thestrengthsof theframework aredemonstratedby aggres-
sive contrastenhancementanda visually appealingtonemapping
which doesnot introduceartifacts. Additionally, we perceptually
linearizecontrastmagnitudesusinga customtransducerfunction.
Thetransducerfunctionhasbeenderivedespeciallyfor thepurpose
of HDR images,basedonthecontrastdiscriminationmeasurements
for highcontraststimuli.

CR Categories: I.3.3 [Computer Graphics]: Picture/Image
Generation—Displayalgorithms; I.4.2 [Image Processingand
ComputerVision]: Enhancement—Greyscalemanipulation,sharp-
eninganddeblurring

Keywords: visual perception,high dynamicrange,contrastpro-
cessing,tonemapping,contrastmasking,contrastdiscrimination,
transducer

1 Intro duction and Previous Work

An imagestoredasa matrix of pixel valuesis the mostcommon
representationfor imageprocessing,but unfortunatelyit doesnot
re�ect theway we perceive images.This is why mostimagecom-
pressionalgorithmsapply a transformation,suchas the Discrete
CosineTransformor theDiscreteWaveletTransformbeforestoring
images,sothatthevisually importantinformationis separatedfrom
visuallyunimportantnoise.Besidesimageandvideocompression,
therearemany �elds that bene�t from a representationof images
that is correlatedwith visualperception,suchastonemapping,vi-
sualdifferenceprediction,color appearancemodeling,or seamless
imageediting. Thegoalof such“perceptual”representationsis to
linearizevaluesthatencodeimagessothat themagnitudeof those
valuescorrespondto thevisibility of featuresin animage.For ex-
ample,largemagnitudesof low andmediumfrequency coef�cients
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of theFourierTransformcorrespondto thefactthatthevisualsys-
tem is the most sensitive for thosefrequencies.In this work we
derivea framework for imageprocessingin aperceptualdomainof
imagecontrast.Webaseourwork onthegradientdomainmethods,
which we generalizeandextendto accountfor perceptualissues,
suchasthesensitivity for superthresholdcontrastin HDR images.

The researchon perceptualrepresentationof imageshasinvolved
many areasof science.We brie�y list someof theseareas,point-
ing to the relevant works anddescribingmajor issuesof theseap-
proaches.

Image Transformations. A needfor betterimagerepresentation,
whichwouldpartlyre�ect theprocessingof theHumanVisualSys-
tem(HVS), hasbeennoticedin imageprocessingfor a long time.
However, practicalissuessuchaswhethera transformationis in-
vertibleandcomputationalcosts,wereoftenof moreconcernthan
an accuratemodelingof the HVS. This resultedin numerousim-
agetransformationsbasedin mathematicsand signal processing,
suchasthe Fourier transform,pyramids(Gaussian,Laplacian)or
wavelets,whicharenow consideredasstandardtoolsof imagepro-
cessing.

Color Appearance Models. Color appearancemodels, such
CIECAM [CIE 2002]or iCAM [FairchildandJohnson2004],con-
vert physicalcolor valuesto a spaceof perceptualcorrelates,such
aslightness,chromaandcolorfulness.Suchcorrelatesareusefulfor
thepredictionof colorappearanceunderdifferentvisualconditions,
for �nding visibledifferencesin imagesandfor tonemapping.The
drawbackof thosemodelsis thatthey donotaccountfor aspectsof
spatialvisionsuchascontrastsensitivity or contrastmasking.

Multi-scale Models of Human Vision. Spatial issuesare better
modelledwith multi-scalemodels,suchasthosedescribedin [Wat-
son 1987; Simoncelli and Adelson 1989; Watsonand Solomon
1997;Pattanaiket al. 1998;Winkler 2005],which separatean im-
ageinto severalband-passchannels.Suchchannelscorrespondto
the visual pathways that are believed to exist in the HVS. Such
modelshave beensuccessfullyappliedfor the predictionof visi-
ble differencesin images[Daly 1993] andthe simulationof color
vision underdifferent luminanceadaptationconditions[Pattanaik
et al. 1998].However, they alsoposemany problemswhenimages
are modi�ed in suchmulti-scalerepresentations.If an imageis
modi�ed in oneof suchband-passlimited channelswhile theother
channelsremainunchanged,the imageresultingfrom the inverse
transformationoftencontainsseverehaloartifacts.

Retinex. A different set of problemshasbeenaddressedby the
Retinex theory of color vision, introducedby Land [1964]. The
original goal of Retinex was to model the ability of the HVS to
extract reliable information from the world we perceive despite
changesin illumination,whichis referredasacolorconstancy. The
latter work on the Retinex algorithmformalizedthe theorymath-
ematicallyandshowed that the problemis equivalentto solving a
Poissonequation[Horn 1974;Hurlbert 1986]. Interestingly, most
of thegradientmethodsalsoinvolve a solutionof a Poissonequa-
tion althoughtheirgoalis different.

Gradient Methods. Operationson imagegradientshave recently
attractedmuchattentionin the�elds of tonemapping[Fattalet al.
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Figure1: Data�o w in the proposedframework of the perceptual
contrastprocessing.

2002],imageediting[Perezet al. 2003;Agarwalaet al. 2004],im-
agematting[Sunet al. 2004], imagestitching[Levin et al. 2004],
andcolor-to-graymapping[Goochetal. 2005].Thegradientmeth-
ods can produceexcellent resultsin areaswhere other methods
usually result in severeartifacts. For instance,tonemappingand
contrastenhancementperformedin the gradientdomaingivesal-
mostno haloartifactswhile suchartifactsareusuallyinevitable in
the caseof the multi-scalemethods[Fattal et al. 2002]. The gra-
dientsmethodscan also seamlesslyblend stitchedimageswhile
other methodsoften result in visible discontinuities[Levin et al.
2004]. Even someadvancedpainting tools of Adobe Photoshop
arebasedon the gradientmethods[Georgiev 2005]. However, all
theseworksfocusmainlyonimageprocessingaspectswithoutcon-
sideringperceptualissues.In this work we generalizethegradient
domainmethodsand incorporateperceptualissuesby deriving a
framework for processingimagesin perceptuallylinearizedvisual
responsespace.Unlike thegradientor multi-scalemethods,weim-
poseconstraintson theentiresetof contrastsin animagefor a full
rangeof spatialfrequencies.This way, evena severeimagemodi-
�cation doesnot leadto reversingapolarityof contrast.Thispaper
is an extendedrevision of a previous publication[Mantiuk et al.
2005].

Theoverview of our framework is shown in Figure1. Pixel lumi-
nancevaluesof an imageare�rst transformedto physicalcontrast
values,which arethentransducedto responsevaluesof the HVS.
Theresultingimageis thenmodi�ed by alteringthe responseval-
ues,which are closely relatedto a subjective impressionof con-
trast. Themodi�ed responsevaluescanlaterbeconvertedbackto
luminancevaluesusingan inversetransformation.As an applica-
tion of our framework we demonstratetwo tonemappingmethods
whichcaneffectively compressdynamicrangewithout losinglow-
contrastinformation.Weshow thatacomplex contrastcompression
operation,which preservestexturesof smallcontrast,is reducedto
a linearscalingin ourvisualresponsespace.

In Section2 we review lesswell known psychophysical datathat
was measuredfor high-contraststimuli. Basedon this data we
derive a modelof suprathresholdcontrastdiscriminationfor high
contrastimages.In Section3 we introducethecomponentsof our
framework, in particulara multi-scalerepresentationof low-pass
contrastanda transducerfunction designedfor HDR data. As an
applicationof our framework, weproposetwo tonemappingmeth-
ods in Sections4 and 5, and a saliency preservingcolor to gray
mappingin Section6. Detailsonhow theframework canbeimple-
mentedef�ciently aregivenin Section7. We discussstrengthsand
weaknessesof the proposedframework in Section9. Finally, we
concludeandsuggestfuturedirectionsin Section10.

W – contrastexpressedasaWeberfraction(seeTable2)

G – contrastexpressedasa logarithmicratio (seeTable2)
DW(W), DG(G) – functionof thresholdcontrastdiscrimination
for contrastW andG respectively
DGsimpl(G) – simpli�ed functionof thresholdcontrastdiscrim-
inationfor contrastG
Gk

i; j – contrastbetweenpixelsi and j at thek' th level of aGaus-
sianpyramid(seeEquation6)

Ĝk
i; j – modi�ed contrastvalues,correspondingto Gk

i; j . Such
contrastvaluesusuallydonot form avalid imageandonly con-
trol anoptimizationprocedure

Lk
i – luminanceof the pixel i at the k' th level of a Gaussian

pyramid

xk
i – log10 of luminanceLk

i

F i – setof neighborsof thepixel i
T(G), T � 1(G) – transducerandinversetransducerfunctions
R– responseof theHVS scaledin JNDunits
R̂– modi�ed responseR

Table1: Usedsymbolsandnotation.

2 Background

In thefollowing two sectionswe review somefundamentalsof the
perceptionof contrastandsummarizetheresultsof a studyon the
HVS performancein contrastdiscriminationfor HDR images.We
usethiscontrastdiscriminationcharacteristicto deriveourcontrast
processingframework.

2.1 Contrast

The humaneye shows outstandingperformancewhencomparing
two light patches,yet it almostfails whenassessingthe absolute
level of light. This observationcanbecon�rmed in a ganzfeld,an
experimentalsetupwheretheentirevisual�eld is uniform. In fact,
it is possibleto show that the visual systemcannotdiscernmean
level variationsunlessthey �uctuate in time or with spatialsignals
via eye movements,thushaving a highertemporalfrequency com-
ponent.TheRetinex theorypostulatedthat low sensitivity to abso-
luteluminancecanbeeasilyexplainedby theadaptationof theHVS
to therealworld conditions.BecausetheHVS is mostlysensitiveto
relative luminanceratios(contrast)ratherthanabsoluteluminance,
theeffect of hugelight changesover theday is reducedandthere-
fore we perceive theworld in a similar way regardlessof the light
conditions.Thisandothersourcesof evidencestronglysuggestthat
theperceptionof contrast(differencebetweentwo light stimuli) is
thefundamentalability of theHVS.

Many yearsof researchon contrasthave resultedin severalde�ni-
tionsof contrast,someof themlistedin Table2. Thevarietyof con-
trastde�nitions comesfrom thedifferentstimuli they measure.For
example, the Michelsoncontrast[Michelson 1927] is commonly
usedto describea sinusoidalstimulus,while theWeberfraction is
oftenusedto measurea stepincrementor decrementstimulus. In
thenext sectionwe show thatcertaincontrastde�nitions aremore
suitablefor describingtheperformanceof theHVS thanothers.
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Table2: De�nitions of contrastandthestimuli they measure.
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Figure2: Theluminancepro�le of thestimuli usedfor contrastde-
tectionandcontrastdiscriminationmeasurements.The test (red)
andthe standard(green)stimulusaredisplayedoneafter another.
Thethresholdis thesmallestvisiblecontrast(detection)or adiffer-
enceof contrast(discrimination).

2.2 Contrast Discrimination

Contrastdetectionandcontrastdiscriminationaretwo of themost
thoroughly studiedperceptualcharacteristicsof the eye [Barten
1999]. Thecontrastdetectionthresholdis thesmallestvisible con-
trastof a stimuluspresentedon a uniform �eld, for examplea Ga-
borpatchonauniformadaptation�eld. Thecontrastdiscrimination
thresholdis thesmallestvisibledifferencebetweentwo nearlyiden-
tical signals,for exampletwo sinusoidalpatternsthatdiffer only in
their amplitudes.Detectioncanbeconsideredasa specialcaseof
discriminationwhenthemaskingsignalhaszeroamplitude.A dif-
ferencebetweendetectionanddiscriminationtasksis illustratedin
Figure2. A stimuluscanbe consideredsuprathresholdwhen its
contrastis signi�cantly above the detectionthreshold. When the
contrastis lower or very closeto the detectionthreshold,a stim-
ulus is consideredsubthresholdor threshold. Contrastdiscrimina-
tion is associatedwith thesuprathresholdcharacteristicsof theHVS
andin particularwith contrastmasking. Contrastdetection,on the
otherhand,describesthe performanceof the HVS for subthresh-
old andthresholdstimulus,whichcanbemodelledby theContrast
SensitivityFunction(CSF),the thresholdversusintensityfunction
(t.v.i.), or Weber's law for luminancethresholds.Thecharacteristic
of contrastdetectionfor a rangeof luminanceadaptationlevels is
sometimesdescribedasluminancemasking. A goodintroductionto
theabove mentionedterminologycanbe found in [Wandell1995,
Chapter7].

Since suprathresholdcontrastplays a dominantrole in the per-
ceptionof HDR images,we will considercontrastdiscrimination
data(suprathreshold)in detail andsimplify the characterof con-
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Figure 3: Contrastdiscrimination thresholdsplotted using the
Michelsoncontrast,M. The Michelsoncontrastdoesnot give a
goodpredictionof the discriminationperformance,especiallyfor
highcontrast.

trastdetection(threshold). Although discriminationthresholdsof
theHVS have beenthoroughlystudiedin psychophysicsfor years,
mostof themeasurementsconsideronly smallcontrastlevelsup to
M = 50%. Suchlimited contrastmakestheusefulnessof thedata
especiallyquestionablein the caseof HDR images,for which the
contrastcaneasilyexceed50%. Theproblemof insuf�cient scale
of contrastin psychophysicalexperimentswasaddressedby Whit-
tle [1986]. By measuringdetectionthresholdsfor thefull rangeof
visible contrast,Whittle showed that the discriminationdataplot-
tedwith theMichelsoncontrastdoesnotfollow increasingslope,as
reportedin otherstudies(referto Figure3). Healsoarguedthatthe
Michelsoncontrastdoesnotdescribethedatawell. Figure3 shows
that the data is very scatteredand the characterof the threshold
contrastis not clear, especiallyfor largecontrastvalues.However,
whenthe samedatais plottedasWeber's fractionW = DL=Lmin,
thediscriminationthresholdsfor all but thesmallestcontrastvalues
follow the sameline on a log-log plot, which resemblesWeber's
law, but for suprathresholdcontrast: DW=W = c (seeFigure 4).
Thesensitivity1 to contrastimprovesfor low contrastjustabovethe
detectionthresholdandthendeterioratesasthecontrastreachesthe
threshold(W � 0:025). Whittle callsthis effect “crispening”while
contrastdiscriminationstudiesusuallydescribeit asa facilitation
or “dipper” effect.

Interestingly, typical modelsof contrastdiscrimination,such as
Barten's model[Barten1999,Chapter7], closelyfollow Whittle's
datafor low contrast2, but wrongly predictdiscriminationthresh-
olds for high contrast(seethe greensolid line in Figure4). The
wrongpredictionis a resultof missingmeasurementsfor highcon-
trast. Obviously, suchmodelsarenot adequatefor high contrast
data,suchasHDR images.

To constructa modelfor contrastdiscrimination,which would be
suitablefor High DynamicRangeimages,we�t acontinuousfunc-
tion to Whittle'soriginaldata[1986,Figure2]:

DW(W) = 0:0928�W1:08+ 0:0046�W� 0:183 (1)

Thechi-square testprovesthat the functionapproximatesthedata
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1Sensitivity is de�ned asan inverseof the detectionor discrimination
threshold.

2The parametersfor Barten's model have beenchosento �t the mea-
surementsby Foley andLegge[1981]. Thedetectionthresholdmt hasbeen
chosenso that it compensatesfor differencesbetweenthestimuli usedfor
Whittle's andLegge& Foley'smeasurements.
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Figure4: Contrastdiscriminationthresholdsplottedasafunctionof
contrastW. Datapoints– Whittle's measurements;redsolid line –
a function�t to Whittle'sdata;greensolid line – Barten'smodel�t
to themeasurementsby Foley andLegge[1981](k = 3,mt = 0:02);
inset– thestimulususedto measureincrementsfor Whittle's data.

(Q = 0:56) assuminga relative error DW=W � 8%. The shapeof
the �tted function is shown asa redsolid line in Figure4. In Sec-
tion 3.2 we usethe above function ratherthan Whittle's original
modelDW=W = c to properlypredictdiscriminationthresholdsfor
low contrastvalues.

It is sometimesdesirableto operateon contrastmeasureG rather
thanWeberfraction W (for contrastde�nitions refer to Table2).
In Section3.1 we show that the proposedframework operateson
contrastG sincesuchcontrastcanbe representedasa difference
in logarithmic domain,which let us formulatea linear problem.
Knowing thattherelationbetweenW andG is:

G = log10(W + 1) (2)

andtherelationbetweenDW andDG is:

DG � log10(W + DW + 1) � log10(W + 1) = log10

�
DW

W + 1
+ 1

�
;

(3)
we plot Whittle's measurementpoints for contrastG in Figure5.
Wecannow �t themodelfrom Equation1 to thenew data,to geta
functionof contrastdiscriminationfor contrastG:

DG(G) = 0:0405� G0:6628+ 0:00042435� G� 0:38072 (4)

The chi-square test for the �tted function gave Q = 0:86 assum-
ing a relative error on DG=G� 7%. If we do not needto model
the facilitationeffect or the lossof sensitivity for low contrast,we
can approximatethe datawith a simpler function, which is both
reversibleandintegrable,but doesnotconsiderdatafor G < 0:03:

DGsimpl(G) = 0:038737� G0:537756 (5)

Thechi-square testfor the�tted functiongave Q = 0:88 assuming
a relative error DG=G� 3%. Both �tted functionsare shown in
Figure5.

Beforewe utilize the above discriminationfunctions,we have to
considerwhetherit can be generalizedfor different stimuli and
spatialfrequencies.In a later studyKingdom andWhittle [1996]
showed that the characterof the suprathresholddiscriminationis
similar for botha square-wave andsine-wave patternsof different
spatialfrequencies.This is consistentwith otherstudiesthatshow
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Figure5: Contrastdiscriminationthresholdsplottedasafunctionof
thecontrastG. Thesolid line – afull contrastdiscriminationmodel
(Equation4); thedashedline – a simpli�ed contrastdiscrimination
model(Equation5).

little variationsof suprathresholdcontrastacrossspatial frequen-
cies [Georgesonand Sullivan 1975; Barten1999]. Thosevaria-
tions canbe eliminatedif a contrastdetectionfunction is normal-
izedby thecontrastdetectionthresholdfor a particularspatialfre-
quency [Legge1979].

3 Framework for Perceptual
Contrast Processing

In thenext two sectionswe introducea framework for imagepro-
cessingin a visual responsespace.Section3.1 proposesa method
for transformingcomplex imagesfrom luminanceto physicalcon-
trastdomain(blocksTransformto Contrast andTransformto Lu-
minancein Figure1). Section3.2 explainshow physical contrast
canbe convertedinto a responseof the HVS, which is a percep-
tually linearizedmeasureof contrast(blocksTransducerFunction
andInverseTransducerFunctionin Figure1).

3.1 Contrast in Complex Images

Before we introducecontrastin complex images,let us consider
the performanceof the eye during discriminationof spatiallydis-
tant patches.We caneasilyobserve that contrastcanbe assessed
only locally for a particularspatialfrequency. We can,for exam-
ple,easilyseethedifferencebetween�ne detailsif they arecloseto
eachother, but we have dif�culty distinguishingthebrighterdetail
from thedarker if they aredistantin our �eld of view. On theother
hand,we caneasilycomparedistantlight patchesif they arelarge
enough.This observationcanbeexplainedby thestructureof the
retina,in which thefoveal region responsiblefor thevision of �ne
detailsspansonly about1.7visualdegrees,while theparafovealvi-
sioncanspanover 160visualdegrees,but hasalmostno ability to
processhigh frequency information[Wandell1995]. Whenseeing
�ne detailsin animage,we �xate onaparticularpartof thatimage
andemploy the foveal vision. But at the sametime the areasfur-
therapartfrom the�xation pointcanonly beseenby theparafoveal
vision, which cannot discernhigh frequency patterns. The con-
trastdiscriminationfor spatialpatternswith increasingseparation
follows Weber's law when the eye is �x ed to oneof the patterns
andthis is theresultof theincreasingeccentricityof theotherpat-
tern[Wilson1980].Therefore,dueto thestructureof theretina,the
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tainsthesamedifference.ContrastvaluesG12;8 andG12;18 encode
contrastfor diagonalorientations.Unlikewavelets,contrastvalues,
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distanceat which we cancorrectlyassesscontrastis smallfor high
frequency signals,but grows for low frequency signals.

While severalcontrastde�nitions have beenproposedin thelitera-
ture(refer to Table2), they areusuallyapplicableonly to a simple
stimulusanddo not specifyhow to measurecontrastin complex
scenes.This issuewasaddressedby Peli [1990] who noticedthat
theprocessingof imagesis neitherperiodicnor local andtherefore
the representationof contrastin imagesshouldbe quasi-localas
well. Drawing analogyfrom the center-surroundstructuresin the
retina,heproposedto measurecontrastin complex imagesasadif-
ferencebetweenselectedlevels of a Gaussianpyramid. However,
the resultingdifferenceof Gaussiansleadsto a band-passlimited
measureof contrast,whichtendsto introducehaloartifactsatsharp
edgeswhen it is modi�ed. To avoid this problem,we introduce
a low-passmeasureof contrast. We usea logarithmic ratio G as
themeasureof contrastbetweentwo pixels,which is convenientin
computationssinceit canbe replacedwith the differenceof loga-
rithms. Therefore,our low-passcontrastis de�ned asa difference
betweena pixel andoneof its neighborsat a particularlevel, k, of
aGaussianpyramid,whichcanbewrittenas:

Gk
i; j = log10(L

k
i =Lk

j ) = xk
i � xk

j (6)

whereLk
i andLk

j areluminancevaluesfor neighboringpixels i and

j. For asinglepixel i therearetwo or morecontrastmeasuresGk
i; j ,

dependingon how many neighbouringpixels j areconsidered(see
Figure6). Note thatbothL andx cover a largerandlargerareaof
an imagewhenmoving to the coarserlevels of the pyramid. This
way our contrastde�nition takesinto accountthe quasi-localper-
ceptionof contrast,in which�ne detailsareseenonly locally, while
variationsin low frequenciescanbeassessedfor theentireimage.
The choiceof how many neighboringpixels, x j , shouldbe taken
into accountfor eachpixel, xi , usuallydependson theapplication
andtypeof images.For tonemappingoperationson complex im-
ages,we foundthat two nearestneighborsaresuf�cient. For other
applications,suchasa color-to-graymapping,andfor imagesthat
contain�at areas(for examplevector maps),we consider20–30
neighboringpixels.

Equation6 canbeusedto transformluminanceto contrast.Now we
would like to performthe inverseoperationthat restoresan image
from the modi�ed contrastvaluesĜ. The problemis that thereis
probablyno imagethatwould matchsuchcontrastvalues.There-
fore, we look insteadfor animagewhosecontrastvaluesareclose

but not necessarilyexactly equalto Ĝ. This canbeachievedby the
minimizationof thedistancebetweenasetof contrastvaluesĜ that
speci�es the desiredcontrast,andG, which is the contrastof the
actualimage.This canbeformally written astheminimizationof
theobjective function:

f (x1
1;x1

2; : : : ;x1
N) =

K

å
k= 1

N

å
i= 1

å
j2F i

pk
i; j (G

k
i; j � Ĝk

i; j )
2 (7)

with regardto thepixel valuesx1
i on the�nest level of thepyramid.

F i is a setof the neighborsof the pixel i (e.g. setof greenpixels
in Figure6), N is thetotalnumberof pixelsandK is thenumberof
levels in a Gaussianpyramid. We describeanef�cient solutionof
theaboveminimizationproblemin Section7.

The coef�cient pk
i; j in Equation7 is a constantweighting factor,

which canbeusedto controla mismatchbetweenthedesiredcon-
trastandthecontrastresultingfrom thesolutionof theoptimization
problem. If the value of this coef�cient is high, there is higher
penaltyfor amismatchbetweenGk

i; j andĜk
i; j . Althoughthechoice

of thesecoef�cients maydependon theapplication,in mostcases
we wantto penalizecontrastmismatchrelative to thecontrastsen-
sitivity of the HVS. A biggermismatchshouldbe allowed for the
contrastmagnitudesto whichtheeyeis lesssensitive. Thisway, the
visibility of errorsresultingfrom sucha mismatchwould beequal
for all contrastvalues.Wecanachieve thisby assumingthat:

pk
i; j =

�
DG� 1(Ĝk

i; j ) if Ĝk
i; j � 0:001

DG� 1(0:001) otherwise,
(8)

whereDG� 1 is an inverseof the contrastdiscriminationfunction
from Equation4 andthesecondconditionavoidsdivision by 0 for
very low contrast.

When testingthe framework with different imageprocessingop-
erations,we noticedthat the solutionof the optimizationproblem
may leadto reversingpolarity of contrastvaluesin an output im-
age,which happenswhenGk

i; j is of a differentsign thanĜk
i; j , and

which leadsto halo artifacts. This problemconcernsall methods
that involve a solutionof the optimizationproblemsimilar to the
onegiven in Equation7 andis especiallyevident for thegradients
domainmethod(basedon Poissonsolvers). The problemis illus-
tratedin Figure7. To simplify the notation,the upperindex of a
Gaussianpyramidlevel is assumedto be1 andis omitted.A setof
desiredcontrastvaluesĜ quiteoftencontainsthevaluesthatcannot
leadto any valid pixel values(7a).Thesolutionof theoptimization
problemresultsin modi�ed contrastvaluesG that canbe usedto
constructanimagewith pixel valuesx1;x2;x3 (7b). Theproblemis
that this solutionresultsin a reversedpolarity of contrast(G3;1 in
7b),which leadsto smallmagnitude,but noticeable,haloartifacts.
More desirablewould besolution(7c),whichgivesthesamevalue
of the objective function f anddoesnot result in reversecontrast
values.To increaseprobability that theoptimizationprocedurere-
sultsin solution(7c) ratherthan(7b), theobjective functionshould
bepenalizedfor mismatchesat low contrast.Thiscanbecombined
togetherwith penalizingmismatchesaccordingto thesensitivity of
the HVS if we replacethe contrastdiscriminationfunction DG in
Equation8 with thesimpli�ed modelDGsimpl from Equation5:

pk
i; j =

1

DGsimpl(Ĝk
i; j )

(9)

The simpli�ed model overestimatessensitivity for low contrast,
which is desirableasit makesthevalueof pk

i; j largenearzerocon-
trastandthuspreventsthereversalof contrastpolarity.
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Figure7: For asetof desiredcontrastvaluesĜi; j thatcannotrepre-
senta valid image(a), theoptimizationproceduremay�nd a solu-
tion which containsreversedcontrastvalues(G3;1 in b). An alter-
native solutionwithout suchreversedcontrastvaluesgivesimages
withouthaloartifacts(c).

3.2 Transducer Function

A transducerfunction predicts the hypothetical responseof the
HVS for a given physical contrast. As can be seenin Figure 1,
our framework assumesthat the imageprocessingis doneon the
responseratherthanon the physical contrast.This is becausethe
responsecloselycorrespondsto the subjective impressionof con-
trastandthereforeany processingoperationscanassumethesame
visual importanceof theresponseregardlessof its actualvalue. In
thissectionwewouldliketo deriveatransducerfunctionthatwould
predicttheresponseof theHVS for thefull rangeof contrast,which
is essentialfor HDR images.

Following [Wilson 1980] we derive the transducer function
T(G) := R basedon theassumptionthat thevalueof the response
R shouldchangeby oneunit for eachJustNoticeableDifference
(JND) both for thresholdandsuprathresholdstimuli. However, to
simplify thecaseof thresholdstimuli, weassumethat:

T(0) = 0 and T(Gthreshold) = 1 (10)

or
T � 1(0) = 0 and T � 1(1) = Gthreshold (11)

for the inverse transducerfunction T � 1(R) := G. The de-
tection threshold,Gthreshold, is approximatedwith 1% contrast
(Gthreshold = log10(0:01+ 1) � 0:0043214),commonlyusedfor
digital images[Wyszeckiand Stiles 2000, Section7.10.1]. This
simpli�cation assumesthat thedetectionthresholdis thesamefor
all spatialfrequenciesandall luminanceadaptationconditions.For
a suprathresholdstimuluswe approximatetheresponsefunctionT
by its �rst derivative:

DT �
dT(G)

dG
DG(G) = 1 (12)

whereDG(G) is thediscriminationthresholdgivenby Equation4.
Theabove equationstatesthata unit increaseof responseR (right
handsideof the equation)shouldcorrespondto the increaseof G
equalto the discriminationthresholdDG for the contrastG (left
sideof theequation).Theconstructionof thefunctionR= T(G) is
illustratedin theinsetof Figure8. Althoughtheaboveequationcan
be solved by integratingits differentialpart, it is moreconvenient
to solvenumericallytheequivalentdifferentialequation:

dT � 1(R)
dR

= DG(T � 1(R)) (13)
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Figure8: Transducerfunction derived from the contrastdiscrimi-
nationdata[Whittle 1986].Thetransducerfunctioncanpredictthe
responseof the HVS for the full rangeof contrast. The insetde-
picts how the transducerfunction is constructedfrom the contrast
discriminationthresholdsDG(G).

for theinverseresponsefunctionT � 1(R) = G andfor theboundary
conditionfrom Equation11. G is a non-negative logarithmic ratio
(referto Table2) andR is theresponseof theHVS. Sincethefunc-
tion T � 1 is strictly monotonic,�nding the function T is straight-
forward. We numericallysolve Equation13 to �nd the transducer
functionT(G) = Rshown in Figure8.

For many applicationsananalyticalmodelof a transducerfunction
is moreusefulthana lookuptablegivenby thenumericalsolution
of Equation13. Although thecurve shown in Figure8 closelyre-
semblesa logarithmicor exponentialfunction,neitherof thesetwo
familiesof functionsgiveanexact�t to thedata.However, if anac-
curatemodelis not necessary, the transducercanbeapproximated
with thefunction:

T(G) = 54:09288� G0:41850 (14)

The averageandmaximumerror of this approximationis respec-
tively R� 1:9 andR� 6. Equation14 leadsdirectly to an inverse
transducerfunction:

T � 1(R) = 7:2232� 10� 5 � R2:3895: (15)

Thetransducerfunctionderivedin thissectionhasasimilarderiva-
tion andpurposeastheStandardGrayscaleFunctionfrom theDI-
COM standard[DICOM PS3-20042004]or thecapacityfunction
in [Ashikhmin 2002]. The major differenceis that the transducer
function operatesin the contrastdomainratherthan in the lumi-
nancedomain. It is alsodifferentfrom othertransducerfunctions
proposedin theliterature(e.g.[Wilson1980;WatsonandSolomon
1997])sinceit is basedon thediscriminationdatafor highcontrast
andoperateson contrastmeasureG. This makestheproposedfor-
mulationof thetransducerfunctionespeciallysuitabletoHDRdata.
Thederivedfunctionalsosimpli�es thecaseof thethresholdstimuli
andassumesasingledetectionthresholdGthreshold. Suchasimpli�-
cationisacceptable,sinceourframework focusesonsuprathreshold
ratherthanthresholdstimuli.

4 Application: Contrast Mapping

In previoussectionsweintroduceourframework for convertingim-
agesto perceptuallylinearizedcontrastresponseandthenrestoring



Figure9: The resultsof the contrastmappingalgorithm. The imagesfrom left to right wereprocessedwith the compressionfactor l =
0:1;0:4;0:7;1:0. After theprocessingimageswererescaledin thelog10 domainto usetheentireavailabledynamicrange.MemorialChurch
imagecourtesyof Paul Debevec.

imagesfrom the modi�ed response.In this sectionwe show that
onepotentialapplicationof this framework is to compressthedy-
namicrangeof HDR imagesto �t into thecontrastreproductionca-
pabilitiesof displaydevices.Wecall thismethodcontrastmapping
insteadof tonemappingbecauseit operateson contrastresponse
ratherthanluminance.

Tonemappingalgorithmstry to overcomeeithertheproblemof the
insuf�cient dynamicrangeof a displaydevice (e.g. [Tumblin and
Turk 1999; Reinhardet al. 2002; DurandandDorsey 2002; Fat-
tal etal. 2002])or theproperreproductionof real-world luminance
on a display(e.g. [Pattanaiket al. 1998;Ashikhmin 2002]). Our
methoddoesnot addressthe secondissueof trying to make im-
ageslook realisticandnatural.Insteadwe try to �t to thedynamic
rangeof thedisplaysothatno informationis lost dueto saturation
of luminancevaluesandat the sametime, small contrastdetails,
suchastextures,arepreserved. Within our framework suchnon-
trivial contrastcompressionoperationis reducedto a linearscaling
in thevisualresponsespace.SincetheresponseRk

i; j is perceptually
linearized,contrastreductioncanbe achieved by multiplying the
responsevaluesby aconstantl :

R̂k
i; j = Rk

i; j � l (16)

wherel is between0 and1. Thiscorrespondsto loweringthemaxi-
mumcontrastthatcanbeachievedby thedestinationdisplay. Since
the contrastresponseR is perceptuallylinearized,scalingeffec-
tively enhanceslow physicalcontrastW, for whichwearethemost
sensitive,andcompresseslargecontrastmagnitudes,for which the
sensitivity is muchlower. Theresultof suchcontrastcompression
for theMemorialChurchimageis shown in Figure9.

In many aspectsthe contrastcompressionschemeresemblesthe
gradientdomainmethodproposedby Fattal et al. [2002]. How-
ever, unlike thegradientmethod,whichproposessomewhatad-hoc
choiceof thecompressionfunction,ourmethodis entirelybasedon
the perceptualcharacteristicof the eye. Additionally, our method
canavoid low frequency artifactsasdiscussedin Section9.

Wetestedourcontrastmappingmethodonanextensivesetof HDR
images.Theonlyvisibleproblemwasthemagni�cationof thecam-
eranoiseon severalHDR photographs.Thosepicturesweremost
likely taken in low light conditionsandthereforetheir noiselevel

washigherthanin the caseof mostHDR photographs.Our tone
mappingmethodis likely to magnifycameranoiseif its amplitude
exceedsthethresholdcontrastWthreshold of theHVS. Therefore,to
obtaingoodresults,thenoiseshouldberemovedfrom imagesprior
to thecontrastmapping.

In Figure 11 we comparethe resultsof our methodwith other
tonemappingalgorithms.Our contrastmappingmethodproduces
very sharpimageswithout introducinghalo artifacts. Sharpening
is especiallypronouncedwhenthegeneratedimagesarecompared
to the resultof linear scalingin the logarithmic domain(seeFig-
ure12).

5 Application: Contrast Equalization

Histogramequalizationis anothercommonmethodto copewith
extendeddynamicrange. Even if high contrastoccupiesonly a
small portion of an image,it is usually responsiblefor large dy-
namicrange.Themotivation for equalizingthehistogramof con-
trastis to allocatedynamicrangefor eachcontrastlevel relative to
thespaceit occupiesin animage.To equalizea histogramof con-
trast responses,we �rst �nd the Cumulative ProbabilityDistribu-
tion Function(CPDF)for all contrastresponsevaluesin theimage
Rk

i; j [GonzalezandWoods2001,Section3]. Then,wecalculatethe
modi�ed responsevalues:

R̂k
i; j = sign(Rk

i; j ) �CPDF(kRk
i k) (17)

wheresign() equals� 1 or 1 dependingon thesignof theargument
andkRk

i k is a root-mean-squareof thecontrastresponsebetweena
pixel andall its neighbors:

kRk
i k =

s

å
j2F i

Rk
i; j

2
(18)

Thehistogramequalizationschemeproducesvery sharpandvisu-
ally appealingimages,which may however be lessnaturalin ap-
pearancethantheresultsof our previousmethod(seesomeexam-
plesin Figures10,11,and12). Suchatonemappingmethodcanbe
especiallyusefulin thoseapplications,wherethevisibility of small



Figure 10: Top left – the linear rescalingof luminancein the logarithmic domain; top right – contrastmapping;bottom left – contrast
equalization;bottomright – theresultof [Reinhardetal. 2002]. Imagecourtesyof GrzegorzKrawczyk.

detailsis paramount.For example,it couldbeusedto revealbarely
visible detailsin forensicphotographsor to improve the visibility
of smallobjectsin satelliteimages.

The resultsof thecontrastequalizationalgorithmmayappearlike
the effect of a sharpening�lter . Figure 13 shows that the result
of thecontrastequalization(b) resultsin an imageof muchbetter
contrastthantheoriginal image(a)while preservinglow frequency
globalcontrast.Sharpening�lters tendto enhancelocal contrastat
the costof global contrast,which resultsin imagesthat have �at
appearance(c,d).Sharpening�lters alsointroduceringingandhalo
artifacts,especiallyin theareasof high local contrast,suchasthe
borderof thewindow in Figure13 (c,d).Theresultsof thecontrast
equalizationalgorithmarefreeof theseartifacts.

6 Application: Color to Gray

Color imagescanoftenloseimportantinformationwhenprintedin
grayscale.Take for exampleFigure15, wherethe sundisappears
from the sky when only luminanceis computedfrom the color
image. The problemof propermappingfrom color to grayscale
hasbeenaddressedin numerousworks, recentlyin [Goochet al.
2005;Rascheetal. 2005].Weimplementedtheapproachof Gooch
et al. [2005] sincetheir solution can be easily formulatedwithin
our framework. Their algorithm separatelycomputesluminance
andchrominancedifferencesin aperceptuallyuniformCIE L� a� b�

colorspacefor low-dynamicrange.Suchdifferencescorrespondto
contrastvalues,G1

i; j , in our framework (the �nest level of a Gaus-
sianpyramid). To avoid artifactsin �at areas(moreon this in Sec-
tion 9), their algorithmcomputesdifferencesbetweenall pixels in

the image,which is equivalent to consideringfor eachpixel, xi ,
all remainingpixels in the imageasneighbors,x j . Next, eachlu-
minancedifferencethat is smallerthanthecorrespondingchromi-
nancedifferenceis replacedwith thatchrominancedifference.The
algorithmadditionally introducesparametersthat control polarity
of the chrominancedifference,andthe amountof chromaticvari-
ation appliedto the luminancevalues. Finally, they formulatean
optimizationproblemthat is equivalentto Equation7 restrictedto
the�nest level of a pyramid(k = 1). Theresultof theoptimization
givesa gray-scaleimagethatpreservescolor saliency. Theauthors
show thattheirmethodproducesresultswithoutartifactsfor abroad
rangeof images.

Thealgorithm,while giving excellentresults,is prohibitively com-
putationally expensive and feasibleonly for very small images.
This is becauseit computesdifferences(contrastvalues)between
all pixelsin animage,whatgivesaminimumcomplexity of O(N2)
regardlessof the optimizationmethodused. The numberof con-
sidereddifferencescanbe limited, however at thecostof possible
artifactsin isoluminantregions. Our framework involvesa more
ef�cient approach,in which the closeneighborhoodof a pixel is
consideredon �ne levels of a Gaussianpyramid while far neigh-
borhoodis coveredon coarserlevels. This let uswork with much
biggerimagesandperformcomputationsmuchfaster.

Following [Gooch et al. 2005] we transforminput imagesinto a
CIE L� a� b� color space.Then,we transformeachcolor channel
into a pyramidof contrastvaluesusingEquation6 (but xk

i denotes
now the valuesin color channels). Next, we computethe color
difference:

kDCk
i; jk =

q
(G(a� )k

i; j )
2 + (G(b� )k

i; j )
2 (19)



Figure11: Comparisonof theresultproducedby our contrastmapping(top left) andcontrastequalization(top right) to thoseof Durandand
Dorsey [2002] (bottomleft) andFattaletal. [2002] (bottomright). Tahomaimagecourtesyof Greg Ward.

Figure12: The linear rescalingof luminancein the logarithmicdomain(left) comparedwith two proposedcontrastcompressionmethods:
contrastmapping(middle)andcontrastequalization(right).



Figure 13: The contrastequalizationalgorithm comparedwith
sharpening�lters. (a) theoriginal image;(b) theresultof contrast
equalization;(c) the resultof a ' local adaptation'sharpening;(d)
theresultof asharpening�lter .

and selectively replace G(L� )k
i; j with a signed kDCk

i; jk, like
in [Goochetal. 2005].Weconsiderdifferencevaluesfor eachlevel
of a Gaussianpyramidandfor 20–30neighboringpixels. Thereis
no needto apply the transducerfunction to the data. The recon-
structedimagescanbeseenin Figures14 and15. We achieve im-
agesof similar quality as[Goochet al. 2005],but at a signi�cantly
lowercomputationalcost.

7 Image Reconstruction from Contrast

In thissectionwegiveanef�cient solutionto theoptimizationprob-
lemstatedin Section3.1.By solvingtheoptimizationproblem,we
canreconstructanoutputimagefrom modi�ed contrastvalues.

Themajorcomputationalburdenof our methodlies in minimizing
theobjective functiongiven in Equation7. Theobjective function
reachesits minimumwhenall its derivatives ¶ f

¶xi
equal0:

¶ f
¶xi

=
K

å
k= 1

N

å
i= 1

å
j2F i

2pk
i; j (x

k
i � xk

j � Ĝk
i; j ) = 0 (20)

for i = 1; : : : ;N. Theabove setof equationscanberewritten using
amatrixnotation:

A� X = B (21)

whereX is a columnvectorof x1; : : : ;xN, which holdspixel val-
uesof the resultingimage,A is an N � N squarematrix andB is
anN-row vector. For a few mega-pixel imagesN canequalseveral
million andthereforeEquation21 involvesthe solutionof a huge
setof linearequations.For asparsematrixA a fastsolutionof such
a problemcanbefoundusingmulti-grid methods.However, since
weconsidercontrastatall levelsof aGaussianpyramid,thematrix
A in our caseis not sparse.From the visualizationof the matrix
A (seeFigure16), we canconcludethat the matrix hasa regular

Figure14: Examplesof a saliency preservingcolor to gray map-
ping. Left – original image; center– luminanceimage; right –
the resultof the color to gray algorithm. Imagescourtesyof Jay
Neitz(top)andKarl Rasche(bottom)

structure,but certainlycannotbe consideredsparse.Suchmulti-
resolutionproblemseemsto be well suitedfor the Fourier meth-
ods[Pressetal. 2002,Chapter19.4].However, theproblemcannot
besolvedusingthosemethodseither, sincethey requirematrix co-
ef�cients to beof thesamevaluewhile theconstantfactorspk

i; j in-
troducevariationsbetweenmatrix coef�cients. We have foundthat
thebiconjugategradientmethod[Presset al. 2002,Chapter2.7] is
appropriatefor our problemandgives resultsin acceptabletime.
The biconjugategradientmethodis consideredto be slower than
moreadvancedmulti-grid methods,however we foundthat it con-
vergesequallyfastfor our problem. This is becausethe structure
of theA matrix enforcesthatiterative improvementsareperformed
for all spatialfrequenciesof an image,which is also the goal of
multi-grid methods.Thebiconjugategradientmethodis alsooften
usedasapartof amulti-grid algorithm.

Thebiconjugategradientmethodinvolvesaniterativeprocedure,in
which an imagestoredin thevectorX is re�ned in eachiteration.
Theattractivenessof thismethodis thatit requiresonly anef�cient
computationof the productY = A� X. For clarity consideronly
thenearestneighborhoodof eachpixel, althoughthealgorithmcan
be easily generalizedto a larger pixel neighborhoodat moderate
computationalcost. Thecontrastis computedbetweena pixel and
its four neighborswithin thesamelevel of aGaussianpyramid.Let
Xk bea matrix holdingpixel valuesof an imageat thek-level of a
Gaussianpyramid. Then,we cancomputetheproductY usingthe
following recursive formula:

Y k(Xk) = Xk � L + upsample[Y k+ 1(downsample[Xk])]; (22)

whereXk is a solutionat the k-th level of the pyramid, the opera-
tor � denotesconvolution,L is thekernel

L =

2

4
0 1 0
1 � 4 1
0 1 0

3

5 (23)



Figure15: An exampleof asaliency preservingcolor to graymapping.Left – original image;center– luminanceimage;right – theresultof
thecolor to grayalgorithm.Image: ImpressionistSunrisebyClaudeMonet

Figure16: Visualizationof the matrix A, which is involved in the
solution of the optimization problem for a 1-mega-pixel image.
Whitecolordenoteszerocoef�cients, which increasein magnitude
with darker colors.Graycorrespondsto positive andgreento neg-
ativecoef�cients.

and upsample[] and downsample[] are image upsamplingand
downsamplingoperators.Therecursionstopswhenoneof theim-
agedimensionsis lessthan3 pixelsafterseveralsuccessive down-
samplings.Theright-handtermB canbecomputedusinganother
recursive formula:

Bk(Ĝk) = Ĝk
:;x � Dx+ Ĝk

:;y � Dy+

+ upsample[Bk+ 1(downsample[Ĝk])] (24)

whereĜk is themodi�ed contrastat thek-th level of thepyramid,
Ĝk

:;x andĜk
:;y arethesubsetsof contrastvaluesĜk for horizontaland

verticalneighbors,andDx, Dy aretheconvolutionkernels:

Dx =
�

1 � 1
�

Dy =
�

1
� 1

�
(25)

For simplicity, we did not includethecoef�cients pk
i; j in theabove

equations.Notethatif only the�rst level of thepyramidis consid-
ered,the problemis reducedto the solutionof Poisson's equation
asin [Fattalet al. 2002]. To accountfor theboundaryconditions,
we canpadeachedgeof an imagewith a line or columnthat is a
replicaof theimageedge.

8 Reconstruction of Color

Many applications,including the majority of tonemappingalgo-
rithms,focuson theprocessingof luminancewhile chrominanceis

transferredfrom anoriginal image.Thegoalis to preservethesame
perceived hueandcolor saturationwhile alteringluminance.Hue
canbe easilypreserved if a color spacethat decorrelateschromi-
nancefrom luminanceis used(suchasLHSor Yxy). Preservingthe
perceivedcolorsaturationis muchmoredif�cult sinceit is strongly
andnon-linearlycorrelatedwith luminance.Additionally, theper-
ceivedcolor saturationmaychangeif luminancecontrastis modi-
�ed. A transferof color saturationseemsto bea dif�cult andstill
unsolvedproblem.Therefore,for theproposedtonemappingalgo-
rithms,wefollow themethodemployedin mosttonemappingalgo-
rithms,which involvesrescalingred,greenandbluecolorchannels
proportionallyto theluminanceanddesaturatingcolorsto compen-
satefor higherlocal contrast.For eachpixel, wecompute:

Cout =
X � lmin+ s(Cin � Lin)

lmax� lmin
(26)

whereCin andCout are the input and output pixel valuesfor the
red, greenor blue color channel,Lin is the input luminance,and
X is the result of the optimization(all valuesare in the logarith-
mic domain). The resultingvaluesCout arewithin the rangefrom
0 to 1. The parameters is responsiblefor the saturationof col-
ors andis usuallysetbetween0.4 and0.6. If Pk is k-th percentile
of X andd = max(P50 � P0:1;P99:9 � P50), thenlmin = P50 � d and
lmax = P50 + d. This way, theaveragegray level is mappedto the
gray level of the display(r = g = b = 0:5) andoverall contrastis
not lost due to a few very dark or bright pixels. Note that �ne
tuning of lmax and lmin valuesis equivalent to so called gamma-
correction usedas a last stepof many tone mappingalgorithms.
This is becausea power functionin the lineardomaincorresponds
to a multiplication in the logarithmicdomain: log(xg) = g� log(x).
Equation26 is similar to formulasproposedby Tumblin andTurk
[1999] but it is givenin thelogarithmicdomainandincludesa lin-
earscaling.Theresultingcolorvalues,Cout , canbelinearlymapped
directly to thepixel valuesof a gammacorrected(perceptuallylin-
earized)display.

9 Discussion

Theproposedframework is mostsuitablefor thoseproblemswhere
the bestsolution is a compromisebetweencon�icting goals. For
example, in the caseof contrastmapping(Section4), we try to
compressan overall contrastby suppressinglow frequencies(low
frequency contrasthaslargevaluesandthusis heavily compressed),
while preservingdetails.However, whenenhancingdetailswealso
lessencompressionof overallcontrastsincedetailscanspanabroad
rangeof spatialfrequencies(thelower levelsof low-passGaussian
pyramid) including low-frequencies,which are primarily respon-
sible for an overall contrast. The strengthof our methodcomes



Figure17: Whenanoriginal signal(upperleft) is restoredfrom at-
tenuatedgradients(upperright) by solving Poisson's equation(or
integrationin 1-D), the �at partsof the restoredsignalareshifted
relative to eachother (lower left). However, if the minimization
constraintsaresetfor multiple levelsof thepyramidasin our pro-
posedmethod,the�at partscanbeaccuratelyrestoredalthoughthe
sharppeaksareslightly blurred(lower right).

from the fact that theobjective functiongiven in Equation7 leads
to acompromisebetweenthecon�icting goalsof compressinglow-
frequency largecontrastandpreservingsmallcontrastof thedetails.

Theminimizationproblemintroducedin Equation7 seemssimilar
to solvingPoisson'sequationin orderto reconstructanimagefrom
gradients,asproposedby Fattaletal. [2002]. Thedifferenceis that
our objective function takes into accounta broaderneighborhood
of apixel (summationover j) andputsadditionaloptimizationcon-
straintson thecontrastatcoarserlevelsof thepyramid(summation
over l ), whichimprovesarestorationof low frequency information.
Whenanobjective functionis limited only to the�nest level of the
Gaussianpyramid(asit is donein Poisson'sequation),thelow fre-
quency contentmay be heavily distortedin the resultingimage3.
This is illustratedon the examplesof a 1-D signal in Figure 17
anda tone-mappedimagein Figure18. In general,Poissonsolvers
mayleadto thereduction(or evenreversal)of globallow-frequency
contrastmeasuredbetweendisconnectedimagefragments.Other
researchershave also noticedthis problem. Goochat al. [2005]
experimentedwith Poissonsolversandfoundthatthey donotwork
well for “largedisconnectedisoluminantregionsbecausethey com-
putegradientsover nearestneighbors,ignoringdifferencecompar-
ison over distancesgreaterthan one pixel”. They overcomethis
problemby includinga larger numberof neighborsfor eachpixel
in the objective function. The importanceof global contrastand
thefactthatconsideringonly localcontrastgiveswrongresultswas
alsodiscussedin [Rascheet al. 2005,Figure2]. Our framework
canbeconsideredasageneralizationof thegradientdomainmeth-
odsbasedon Poissonsolvers. We considerlarger neighborhoods
for local contrastand also several levels of a Gaussianpyramid
for global contrast. Suchan approachis both perceptuallyplau-
sibleandcomputationallymuchmoreef�cient thansolvingtheop-
timizationproblemfor contrastvaluesbetweenall pixelsin theim-
age[Goochetal. 2005].

The mostcomputationallyexpensive part of the proposedframe-
work is thecontrast-to-luminancetransformation.Thesolutionof
the minimization problemfor 1–5 Mpixel imagescan take from
several secondsup to half a minuteto computeon a modernPC.
This limits the applicationof the algorithmto off-line processing.

c
 ACM, 2006.This is theauthor'sversionof thework. It is posted
hereby permissionof ACM for yourpersonaluse.Not for redistri-
bution.

3Lossof low-frequency contrastis alsovisiblein Figure3 in thepaperby
Fattalet al. [2002], wherelow intensitylevelsof the left andmiddlepeaks
in theoriginal image(a) arestronglymagni�ed in theoutputimage(f), so
that they eventuallybecomehigherthantheoriginally brightestimagepart
on theright side.

Figure18: Thealgorithmby Fattalet al. [2002] (top) renderswin-
dowspanesof differentbrightnessdueto thelocalnatureof theop-
timizationprocedure.Thecontrastcompressionon themulti-scale
contrastpyramid usedin our methodcan maintainproperglobal
contrastproportions(bottom).Imagecourtesyof Greg Ward.

However, our solution is not much lessef�cient than multi-grid
methods(for example[Fattaletal.2002])asdiscussedin Section7.

10 Conclusions and Future Work

In this paperwe have presenteda framework for imageprocess-
ing operationsthatwork in thevisual responsespace.Our frame-
work is in many aspectssimilar to the gradientmethodsbasedon
solving Poisson's equation,which prove to be very usefulfor im-
ageandvideoprocessing.Our solutioncanbe regardedasa gen-
eralizationof thesemethodswhich considercontraston multiple
spatial frequencies.We expressa gradient-like representationof
imagesusingphysical andperceptualterms,suchascontrastand
visual response.This givesperceptualbasisfor thegradientmeth-
ods and offers several extensionsfrom which thesemethodscan
bene�t. For instance,unlike thesolutionof Poisson'sequation,our
pyramidalcontrastrepresentationensuresproperreconstructionof
low frequenciesanddoesnot reverseglobalbrightnesslevels. We
alsointroducea transducerfunction that cangive the responseof
the HVS for the full rangeof contrastamplitudes,which is espe-
cially desiredin caseof HDR images.Someapplicationscanalso
make useof thecontrastdiscriminationthresholds,which describe



suprathresholdperformanceof the eye from low to high contrast.
As a proof of concept,we implementedtwo tone mappingalgo-
rithmsanda saliency preservingcolor to graymappinginsideour
framework. The tonemappingwasshown to producesharperim-
agesthan the other contrastreductionmethods. We believe that
our framework canalso�nd many applicationsin imageandvideo
processing.

In the future,we would like to improve theperformanceof recon-
structingthe imagefrom thecontrastrepresentation,which would
make theframework suitablefor real-timeapplications.We would
alsolike to includecolor informationusingarepresentationsimilar
to luminancecontrast.The framework could be extendedto han-
dle animationandtemporalcontrast.Furthermore,theaccuracy of
our modelcanbe improved for the thresholdcontrastif the Con-
trastSensitivity Functionweretakeninto accountin thetransducer
function. A simpleextensionis requiredto adaptour framework
to the taskof predictingvisible differencesin HDR images:since
the responsein our framework is in fact scaledin JND units, the
differencebetweenresponsevaluesof two imagesgives the map
of visible differences.Onepossibleapplicationof suchHDR visi-
ble differencepredictorcouldbethecontrolof global illumination
computationbyestimatingvisualmasking[Ramasubramanianetal.
1999;Dumontet al. 2003]. Finally, we would like to experiment
with performingcommonimageprocessingoperationsin thevisual
responsespace.
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