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Abstract

Imageprocessingfteninvolvesanimagetransformatiorinto ado-
main that is bettercorrelatedwith visual perception,suchasthe
wavelet domain,image pyramids, multi-scalecontrastrepresenta-
tions,contrastin retinex algorithms,andchroma lightnessandcol-
orfulnesspredictorsin color appearancenodels. Mary of these
transformationarenotideally suitedfor imageprocessinghatsig-
ni cantly modi es animage. For example,the modi cation of a
single bandin a multi-scalemodel leadsto an unrealisticimage
with severehaloartifacts.Inspiredby gradientdomainmethodswve
derive aframeawvork thatimposesonstraintontheentiresetof con-
trastsin animagefor afull rangeof spatialfrequenciesThis way,
evensevereimagemodi cationsdo notreversethe polarity of con-
trast. The strengthf the framework aredemonstratethy aggres-
sive contrastenhancemerdnd a visually appealingtone mapping
which doesnot introduceartifacts. Additionally, we perceptually
linearizecontrastmagnitudesusing a customtransducefunction.
Thetransducefunctionhasbeenderivedespeciallyfor the purpose
of HDR imageshasednthecontrasdiscriminationrmeasurements
for high contraststimuli.

CR Categories:  1.3.3 [Computer Graphics]: Picture/Image
Generation—Displayalgorithms; 1.4.2 [Image Processingand
ComputeVision]: Enhancement—Gyscalemanipulation sharp-
eninganddeblurring

Keywords: visual perceptionhigh dynamicrange,contrastpro-
cessingtone mapping,contrastmasking,contrastdiscrimination,
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1 Intro duction and Previous Work

An imagestoredas a matrix of pixel valuesis the mostcommon
representatiofior imageprocessingput unfortunatelyit doesnot
re ect theway we perceve images.This is why mostimagecom-
pressionalgorithmsapply a transformation suchas the Discrete
CosineTransformor the DiscreteWaveletTransformbeforestoring
imagessothatthevisuallyimportantinformationis separateérom
visually unimportantoise.Besidesmageandvideocompression,
therearemary elds thatbene t from a representationf images
thatis correlatedwith visual perceptionsuchastonemapping,vi-
sualdifferenceprediction,color appearancenodeling,or seamless
imageediting. The goal of such“perceptual’representationts to
linearizevaluesthatencodeémagesso thatthe magnitudeof those
valuescorrespondo the visibility of featuresn animage. For ex-
ample Jargemagnitude®f low andmediumfrequeng coefcients
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of the Fourier Transformcorrespondo the factthatthe visual sys-
temis the most sensitve for thosefrequencies.In this work we
derive aframework for imageprocessingn a perceptuatomainof
imagecontrast We baseourwork onthegradientdomainmethods,
which we generalizeand extend to accountfor perceptualissues,
suchasthe sensitvity for superthresholdontrastn HDR images.

The researcton perceptuarepresentatiomf imageshasinvolved
mary areasof science.We brie y list someof theseareas point-
ing to the relevant works and describingmajorissuesof theseap-
proaches.

Image Transformations. A needfor betterimagerepresentation,
whichwould partly re ect theprocessingf theHumanVisual Sys-
tem (HVS), hasbeennoticedin imageprocessindor a long time.
However, practicalissuessuchaswhethera transformationis in-
vertible andcomputationatosts,were often of moreconcernthan
an accuratemodelingof the HVS. This resultedin numerousm-
agetransformationdasedin mathematicsand signal processing,
suchasthe Fourier transform,pyramids(Gaussian]aplacian)or
wavelets whicharenow consideredsstandardoolsof imagepro-
cessing.

Color Appearance Models. Color appearancemodels, such
CIECAM [CIE 2002]or iCAM [Fairchild andJohnsor2004],con-
vert physical color valuesto a spaceof perceptuatorrelatessuch
aslightnesschromaandcolorfulness Suchcorrelatesreusefulfor
thepredictionof colorappearancenderdifferentvisualconditions,
for nding visible differencesn imagesandfor tonemapping.The
drawbackof thosemodelsis thatthey do notaccountfor aspectof
spatialvision suchascontrastsensitvity or contrastmasking.

Multi-scale Models of Human Vision. Spatialissuesare better
modelledwith multi-scalemodels suchasthosedescribedn [Wat-

son 1987; Simoncelli and Adelson 1989; Watsonand Solomon
1997; Pattanaiket al. 1998; Winkler 2005], which separaten im-

ageinto several band-pasghannels.Suchchannelscorrespondo

the visual pathways that are believed to exist in the HVS. Such
modelshave beensuccessfullyappliedfor the predictionof visi-

ble differencesn images[Daly 1993]andthe simulationof color
vision underdifferentluminanceadaptationconditions[Pattanaik
etal. 1998]. However, they alsoposemary problemswhenimages
are modi ed in suchmulti-scalerepresentationsIf animageis

modi ed in oneof suchband-pastimited channelavhile the other
channelsemainunchangedthe imageresultingfrom the inverse
transformatioroften containsseverehaloartifacts.

Retinex. A differentsetof problemshasbeenaddressedby the
Retine theory of color vision, introducedby Land [1964]. The
original goal of Retinex wasto modelthe ability of the HVS to
extract reliable information from the world we perceve despite
changesn illumination, whichis referredasacolor constang. The
latter work on the Retinex algorithmformalizedthe theory math-
ematicallyand shaved that the problemis equivalentto solving a
Poissonequation[Horn 1974; Hurlbert 1986]. Interestingly most
of the gradientmethodsalsoinvolve a solutionof a Poissorequa-
tion althoughtheir goalis different.

Gradient Methods. Operationson imagegradientshave recently
attractedmuchattentionin the elds of tonemapping[Fattal et al.
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Figurel: Data ow in the proposedramenork of the perceptual
contrastprocessing.

2002],imageediting[Perezet al. 2003;Agarwalaet al. 2004],im-
agematting[Sun et al. 2004], imagestitching[Levin et al. 2004],
andcolorto-graymapping/Goochetal. 2005]. Thegradientmeth-
ods can produceexcellent resultsin areaswhere other methods
usuallyresultin severe artifacts. For instance tone mappingand
contrastenhancemenperformedin the gradientdomaingivesal-
mostno haloartifactswhile suchartifactsareusuallyinevitablein
the caseof the multi-scalemethodgFattal et al. 2002]. The gra-
dients methodscan also seamlesslyblend stitchedimageswhile
other methodsoften resultin visible discontinuities[Levin et al.
2004]. Even someadwancedpainting tools of Adobe Photoshop
arebasedon the gradientmethodgGeomgiev 2005]. However, all
theseworksfocusmainly onimageprocessin@spectsvithoutcon-
sideringperceptualssues.In this work we generalizehe gradient
domain methodsand incorporateperceptuaissuesby derving a
framework for processingmagesin perceptuallflinearizedvisual
responsapace Unlike thegradientor multi-scalemethodsweim-
poseconstraint®n the entiresetof contrastsn animagefor afull
rangeof spatialfrequenciesThis way, evena severeimagemodi-
cation doesnotleadto reversinga polarity of contrast.This paper
is an extendedrevision of a previous publication[Mantiuk et al.
2005].

The overview of our framework is shavn in Figurel. Pixel lumi-
nancevaluesof animageare rst transformedo physical contrast
values,which arethentransducedo responsevaluesof the HVS.
Theresultingimageis thenmodi ed by alteringthe responseval-
ues,which are closely relatedto a subjectve impressionof con-
trast. Themodi ed responsevaluescanlater be corvertedbackto
luminancevaluesusingan inversetransformation.As an applica-
tion of our framewvork we demonstratéwo tonemappingmethods
which caneffectively compresslynamicrangewithoutlosinglow-
contrasinformation.We shov thatacomplex contrascompression
operationwhich preserestexturesof smallcontrastjs reducedo
alinearscalingin ourvisualresponsepace.

In Section2 we review lesswell known psychoplgsical datathat
was measuredor high-contraststimuli. Basedon this datawe
derive a model of suprathresholdontrastdiscriminationfor high
contrastimages.In Section3 we introducethe component®f our
frameawork, in particulara multi-scalerepresentatiorof low-pass
contrastand a transducefunction designedor HDR data. As an
applicationof our framework, we proposewo tonemappingmeth-
odsin Sections4 and5, and a salieny preservingcolor to gray
mappingin Section6. Detailson how theframevork canbeimple-
mentedef ciently aregivenin Section7. We discussstrengthsaand
weaknessesf the proposedramenork in Section9. Finally, we
concludeandsuggestuturedirectionsin Section10.

W — contrastexpressedisa Weberfraction (seeTable2)
G — contrasexpressedisalogarithmicratio (seeTable2)

DW(W), DG(G) — functionof thresholdcontrastdiscrimination
for contrastW andG respectiely

DGsimpi (G) —simpli ed functionof thresholdcontrastdiscrim-
inationfor contrasiG

G}‘;j —contrasbetweerpixelsi andj atthek'th level of a Gaus-
sianpyramid (seeEquation6)
GI‘J — modi ed contrastvalues,correspondingo Gik;j. Such

contrastvaluesusuallydo notform avalid imageandonly con-
trol anoptimizationprocedure

LK — luminanceof the pixel i at the k'th level of a Gaussian
pyramid

XK —logyq of luminanceL

Fi —setof neighborsf the pixel i
T(G), T 1(G) —transduceandinversetransducefunctions

R —respons®f the HVS scaledn JND units
R—modi ed respons&k

Tablel: Usedsymbolsandnotation.

2 Background

In thefollowing two sectionswve review somefundamental®f the

perceptionof contrastand summarizethe resultsof a studyon the

HVS performancen contrastdiscriminationfor HDR images.We

usethis contrastdiscriminationcharacteristi¢o derive our contrast
processingramenork.

2.1 Contrast

The humaneye shavs outstandingperformancevhen comparing
two light patchesyet it almostfails whenassessinghe absolute
level of light. This obserationcanbecon rmed in aganzfeld,an

experimentaketupwherethe entirevisual eld is uniform. In fact,

it is possibleto shav that the visual systemcannotdiscernmean
level variationsunlessthey uctuate in time or with spatialsignals
via eye movementsthushaving a highertemporalfrequeny com-

ponent.The Retin theorypostulatedhatlow sensitvity to abso-
lute luminancecanbeeasilyexplainedby theadaptatiorof theHVS

totherealworld conditions.Because¢heHVS is mostlysensitve to

relative luminanceratios(contrastyatherthanabsolutduminance,
the effect of hugelight changesver the dayis reducedandthere-
fore we perceve theworld in a similar way regardlessof thelight

conditions.Thisandothersource®f evidencestronglysuggesthat
the perceptiorof contrast(differencebetweerntwo light stimuli) is

thefundamentahbility of the HVS.

Mary yearsof researcton contrasthave resultedin several de ni-
tionsof contrastsomeof themlistedin Table2. Thevarietyof con-
trastde nitions comesfrom thedifferentstimuli they measureFor
example, the Michelson contrast[Michelson 1927] is commonly
usedto describea sinusoidalstimulus,while the Weberfractionis
oftenusedto measure stepincrementor decremenstimulus. In
the next sectionwe shav that certaincontrastde nitions aremore
suitablefor describingthe performancef the HVS thanothers.
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Figure2: Theluminancepro le of thestimuli usedfor contraside-
tection and contrastdiscriminationmeasurementsThe test (red)
andthe standardgreen)stimulusare displayedone after another
Thethresholds thesmallestvisible contrastdetection)or a differ-
enceof contrast(discrimination).

2.2 Contrast Discrimination

Contrastdetectionandcontrastdiscriminationaretwo of the most
thoroughly studied perceptualcharacteristicoof the eye [Barten
1999]. The contrastdetectiorthresholds the smallestisible con-
trastof a stimuluspresentedn a uniform eld, for examplea Ga-
borpatchonauniformadaptationeld. Thecontrastdiscrimination
thresholds thesmallesvwisible differencebetweenwo nearlyiden-
tical signals for exampletwo sinusoidapatternghatdiffer only in
their amplitudes.Detectioncanbe consideredisa specialcaseof
discriminationwhenthe maskingsignalhaszeroamplitude.A dif-
ferencebetweendetectionanddiscriminationtasksis illustratedin
Figure2. A stimuluscanbe consideredsuprathresholdwhenits
contrastis signi cantly above the detectionthreshold. Whenthe
contrastis lower or very closeto the detectionthreshold,a stim-
ulusis consideredsubthesholdor threshold Contrastdiscrimina-
tionis associatewith thesuprathresholdharacteristicef theHVS
andin particularwith contrastmasking Contrastdetection,onthe
otherhand,describeghe performanceof the HVS for subthresh-
old andthresholdstimulus,which canbe modelledby the Contrast
SensitivityFunction (CSF), the thresholdversusintensityfunction
(t.v.i.), or Weberslaw for luminancethresholdsThe characteristic
of contrastdetectionfor a rangeof luminanceadaptatiorlevelsis
sometimeslescribedisluminancemasking A goodintroductionto
the abore mentionedterminologycanbe foundin [Wandell 1995,
Chapter7].

Since suprathresholdontrastplays a dominantrole in the per
ceptionof HDR images,we will considercontrastdiscrimination
data(suprathresholdin detail and simplify the characterf con-
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Figure 3: Contrastdiscrimination thresholdsplotted using the
Michelsoncontrast,M. The Michelsoncontrastdoesnot give a
good predictionof the discriminationperformancegspeciallyfor
high contrast.

trastdetection(threshold). Although discriminationthresholdsof

the HVS have beenthoroughlystudiedin psychoplysicsfor years,
mostof the measurementsonsideronly smallcontrastievelsupto

M = 50%. Suchlimited contrastmakesthe usefulnes®f the data
especiallyquestionablen the caseof HDR images for which the
contrastcaneasily exceed50%. The problemof insufcient scale
of contrastin psychoplysical experimentsvasaddressethy Whit-

tle [1986]. By measuringletectionthresholdgor the full rangeof

visible contrast,Whittle shaved that the discriminationdataplot-

tedwith theMichelsoncontrastoesnotfollow increasinglope as
reportedn otherstudieg(referto Figure3). He alsoarguedthatthe
Michelsoncontrastdoesnot describehedatawell. Figure3 shavs
that the datais very scatteredand the characterof the threshold
contrastis not clear especiallyfor large contrastvalues.However,

whenthe samedatais plotted as Webers fraction W = DL=L yjp,

thediscriminationthresholdgor all but thesmallestontraswalues
follow the sameline on a log-log plot, which resembledVebers
law, but for suprathresholdontrast: DW=W = c (seeFigure 4).

Thesensitvity! to contrasimprovesfor low contrasfustabosethe
detectiornthresholdandthendeterioratesisthe contrastreacheshe
thresholdW  0:025). Whittle callsthis effect “crispening”while

contrastdiscriminationstudiesusually describeit asa facilitation
or “dipper” effect.

Interestingly typical modelsof contrastdiscrimination, such as
Bartens model[Barten1999,Chapter7], closelyfollow Whittle's
datafor low contrast, but wrongly predictdiscriminationthresh-
olds for high contrast(seethe greensolid line in Figure4). The
wrong predictionis aresultof missingmeasurement®r high con-
trast. Obviously, suchmodelsare not adequatédor high contrast
data,suchasHDR images.

To constructa modelfor contrastdiscrimination,which would be
suitablefor High DynamicRangemageswe t acontinuousunc-
tion to Whittle's original data[1986, Figure2]:

DW(W) = 0:0928 W98+ 0:0046 W 0183 N
The chi-squae testprovesthatthe function approximateshe data
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1Sensiu'/ity is de ned asaninverseof the detectionor discrimination

threshold.

2The parametersor Bartens model have beenchosento t the mea-
surementdy Foley andLegge[1981]. Thedetectionthresholdm; hasbeen
chosensothatit compensatefor differenceshetweenthe stimuli usedfor
Whittle'sandLegge& Foley's measurements.
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Figure4: Contrasdiscriminationthresholdplottedasafunctionof
contrasW. Datapoints— Whittle's measurementsed solid line —
afunction t to Whittle's data;greensolidline — Bartens model t

to themeasurementsy Foley andLegge[1981] (k= 3, m; = 0:02);
inset—the stimulususedto measurencrementdor Whittle's data.

(Q = 0:56) assuminga relative error DV2W  8%. The shapeof
the tted functionis shavn asaredsolid line in Figure4. In Sec-
tion 3.2 we usethe above function ratherthan Whittle's original
modelDW=W = cto properlypredictdiscriminationthresholdgor
low contrastvalues.

It is sometimeslesirableto operateon contrastmeasureG rather
than Weberfraction W (for contrastde nitions refer to Table 2).
In Section3.1 we show that the proposedramenork operateson
contrastG sincesuchcontrastcan be representeds a difference
in logarithmic domain, which let us formulate a linear problem.
Knowing thattherelationbetweenV andG is:

G=logio(W+ 1) (2)

andtherelationbetweerDW andDG is:

DG logio(W+ DW+ 1) 1
. . I
we plot Whittle's measuremenpointsfor contrastG in Figure5.
We cannow t themodelfrom Equationl to thenew data,to geta
functionof contrastiscriminationfor contrastG:

DW
| W+ 1) =1 —+
0g10( ) = logio W+l

DG(G) = 0:0405 G*%628+ 0:00042435G 938072 (4)

The chi-squae testfor the tted function gave Q = 0:86 assum-
ing arelative erroron DG=G 7%. If we do not needto model
thefacilitation effect or the lossof sensitvity for low contrastwe
can approximatethe datawith a simpler function, which is both
reversibleandintegrable, but doesnot considematafor G < 0:03:

DGSimpI(G) = 0:038737 GU-537756 (5)

The chi-squae testfor the tted functiongave Q = 0:88 assuming
arelative error DG=G 3%. Both tted functionsare shovn in
Figure5.

Before we utilize the aborve discriminationfunctions, we have to
considerwhetherit can be generalizedfor different stimuli and
spatialfrequencies.In a later study Kingdom and Whittle [1996]
shaved that the characterof the suprathresholdliscriminationis
similar for both a square-vave andsine-wave patternsof different
spatialfrequenciesThis is consistentvith otherstudiesthatshav
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Figure5: Contrasdiscriminationthresholdglottedasafunctionof
thecontrasiG. Thesolidline —afull contrasdiscriminationmodel
(Equationd); thedashedine — a simpli ed contrastdiscrimination
model(Equation5).

little variationsof suprathresholadontrastacrossspatialfrequen-
cies [Geogesonand Sullivan 1975; Barten1999]. Thosevaria-
tions canbe eliminatedif a contrastdetectionfunctionis normal-
ized by the contrastdetectionthresholdfor a particularspatialfre-

queny [Legge1979].

3 Framework for Perceptual
Contrast Processing

In the next two sectionswe introducea framevork for imagepro-

cessingn avisualresponsespace.Section3.1 proposes method
for transformingcomplex imagesfrom luminanceto physicalcon-
trastdomain(blocks Transformto Contrast and Transformto Lu-

minancein Figure1). Section3.2 explainshow physical contrast
canbe corvertedinto a responsef the HVS, which is a percep-
tually linearizedmeasureof contrast(blocks Transducer~unction
andInverseTransducefFunctionin Figurel).

3.1 Contrast in Complex Images

Before we introducecontrastin complex images,let us consider
the performanceof the eye during discriminationof spatially dis-
tant patches.We can easily obsene that contrastcanbe assessed
only locally for a particularspatialfrequeng. We can,for exam-
ple,easilyseethedifferencebetweenne detailsif they arecloseto
eachother but we have dif culty distinguishingthe brighterdetail
from thedarlerif they aredistantin our eld of view. Ontheother
hand,we caneasilycomparedistantlight patchesf they arelarge
enough.This obseration canbe explainedby the structureof the
retina,in which the foveal region responsibldor thevision of ne
detailsspanoonly aboutl.7visualdegreeswhile the parafovealvi-
sioncanspanover 160 visual degrees but hasalmostno ability to
processhigh frequeng information[Wandell1995]. Whenseeing
ne detailsin animage,we xate onaparticularpartof thatimage
andemploy the foveal vision. But at the sametime the areasfur-
therapartfrom the xation pointcanonly beseerby theparafweal
vision, which can not discernhigh frequeng patterns. The con-
trastdiscriminationfor spatialpatternswith increasingseparation
follows Webers law whenthe eye is x ed to one of the patterns
andthis is theresultof theincreasingeccentricityof the otherpat-
tern[Wilson 1980]. Therefore dueto the structureof theretina,the



Figure6: Contraswaluesfor thepixel x1, (blue)atasinglelevel of

the Gaussiarpyramid. The neighboringpixels xj aremarked with

greencolor. Note thatthe contrastvalueG127 (upperindex k= 1

omittedfor clarity) will not be computedsinceGy.1, alreadycon-
tainsthe samedifference.ContrastvaluesGi,.g andGj2.1g encode
contrasfor diagonalorientations Unlike wavelets,contrastvalues,
Gk canrepresenboth 45 and45 orientation.

distanceat which we cancorrectlyassessontrasts smallfor high
frequeny signals but grows for low frequeng signals.

While several contrastde nitions have beenproposedn thelitera-
ture (referto Table2), they areusuallyapplicableonly to a simple
stimulusand do not specify how to measurecontrastin comple
scenes.This issuewasaddressetby Peli [1990] who noticedthat
the processingf imagess neitherperiodicnor local andtherefore
the representatiorof contrastin imagesshouldbe quasi-localas
well. Drawing analogyfrom the centefrsurroundstructuresn the
retina,he proposedo measureontrasin comple imagesasadif-
ferencebetweenselectedevels of a Gaussiarpyramid. However,
the resultingdifferenceof Gaussiangeadsto a band-pasdimited
measuref contrastwhichtendsto introducehaloartifactsatsharp
edgeswhenit is modi ed. To avoid this problem,we introduce
a low-passmeasureof contrast. We usea logarithmic ratio G as
themeasuref contrastbetweertwo pixels,whichis corvenientin
computationssinceit canbe replacedwith the differenceof loga-
rithms. Thereforeour low-passcontrastis de ned asa difference
betweenra pixel andoneof its neighborsat a particularlevel, k, of
a Gaussiarpyramid,which canbewritten as:

= logyo(Li=L¥) = X (6)

WhereLk ande areluminancevaluesfor neighboringpixelsi and

j- Forasmgleplxel i therearetwo or morecontraslmeasure§5I i
dependingon how mary neighbouringpixels j arecon5|derec(see
Figure6). NotethatbothL andx cover alargerandlarger areaof
animagewhenmoving to the coarseilevels of the pyramid. This
way our contrastde nition takesinto accountthe quasi-localper
ceptionof contrastjn which ne detailsareseeronly locally, while
variationsin low frequenciesanbe assessetbr the entireimage.
The choiceof how mary neighboringpixels, xj, shouldbe taken
into accountfor eachpixel, x;, usuallydepend®n the application
andtype of images.For tone mappingoperationson comples im-
ageswe foundthattwo nearesheighborsaresufcient. For other
applicationssuchasa colorto-graymapping,andfor imagesthat
contain at areas(for example vector maps),we consider20-30
neighboringpixels.

Equation6 canbeusedto transformluminanceto contrastNow we
would like to performthe inverseoperationthatrestoresanimage
from the modi ed contrastvaluesG. The problemis thatthereis
probablyno imagethatwould matchsuchcontrastvalues. There-
fore, we look insteadfor animagewhosecontrastvaluesareclose

but not necessarilyxactly equalto G. This canbe achieved by the
minimizationof thedistancebetweera setof contrastvaluesG that
speci esthe desiredcontrast,and G, which is the contrastof the
actualimage. This canbe formally written asthe minimization of
theobjective function:

K N
foangiig)= & a & myey 6>

with regardto the pixel valuesxil onthe nest level of the pyramid.
Fi is a setof the neighborsof the pixel i (e.g. setof greenpixels
in Figure6), N is thetotal numberof pixelsandK is thenumberof
levelsin a Gaussiarpyramid. We describean ef cient solutionof
theabove minimizationproblemin Section?.

The coefcient p}‘;j in Equation? is a constantweighting factor

which canbe usedto controla mismatchbetweerthe desiredcon-

trastandthe contrastesultingfrom the solutionof the optimization
problem. If the value of this coefcient is high, thereis higher
penaltyfor amismatchbetweerG; ande Althoughthe choice
of thesecoefcients may dependon the appllcatlon in mostcases
we wantto penalizecontrastmismatchrelative to the contrastsen-
sitivity of the HVS. A biggermismatchshouldbe allowed for the

contrastmagnitudeso whichtheeyeis lesssensitve. Thisway, the

visibility of errorsresultingfrom sucha mismatchwould be equal
for all contrastvalues.We canachieve this by assuminghat:

k= DO Y&k  if G 0001 ®
b DG 1(0:001) otherwise,

whereDG ! is aninverseof the contrastdiscriminationfunction
from Equation4 andthe secondconditionavoids division by 0 for
very low contrast.

When testingthe framework with differentimage processingop-

erations,we noticedthat the solution of the optimizationproblem
may leadto reversingpolarity of contrastvaluesin an outputim-

age,which happensrvhenGI ' is of adlfferent3|gnthanGI i and
which leadsto halo artifacts. This problemconcernsall methods
thatinvolve a solution of the optimizationproblemsimilar to the
onegivenin Equation7 andis especiallyevidentfor the gradients
domainmethod(basedon Poissonsolwers). The problemis illus-

tratedin Figure7. To simplify the notation,the upperindex of a

Gaussiarpyramidlevel is assumedo be 1 andis omitted. A setof

desiredcontrastaluesG quite oftencontainghevaluesthatcannot
leadto ary valid pixel values(7a). The solutionof the optimization
problemresultsin modi ed contrastvaluesG that canbe usedto

constructanimagewith pixel valuesxy; xo; x3 (7b). The problemis

thatthis solutionresultsin a reversedpolarity of contrast(Gs.1 in

7b), which leadsto smallmagnitude put noticeable halo artifacts.
More desirablenvould be solution(7c), which givesthe samevalue
of the objectie function f anddoesnot resultin reversecontrast
values.To increaseprobability thatthe optimizationproceduree-

sultsin solution(7c¢) ratherthan(7b), the objective functionshould
be penalizedor mismatchestlow contrast.This canbecombined
togethewith penalizingmismatchesccordingo the sensitvity of

the HVS if we replacethe contrastdiscriminationfunction DG in

Equation8 with the simpli ed modelDGgjyp from Equation5:

K _ 1
P = ©
v DGsimpI(Gik;j)

The simpli ed model overestimatessensiﬂ/ity for low contrast,
whichis desirableasit makesthe valueof pI large nearzerocon-
trastandthuspreventsthereversalof contraslpolarlty.
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Figure7: For asetof desired:ontrastvalueséi;j thatcannotrepre-
sentavalid image(a), the optimizationproceduranay nd asolu-
tion which containsreversedcontrastvalues(Ggz;1 in b). An alter

native solutionwithout suchreversedcontrastvaluesgivesimages
without haloartifacts(c).

3.2 Transducer Function

A transducerfunction predictsthe hypotheticalresponseof the
HVS for a given physical contrast. As can be seenin Figure 1,

our framevork assumeshat the imageprocessings doneon the
respons@atherthanon the physical contrast. This is becausehe
responselosely correspondso the subjectve impressionof con-
trastandthereforeary processingperationcanassumehe same
visualimportanceof the responseegardlessof its actualvalue. In

thissectionrwewouldlik eto derive atransducefunctionthatwould

predicttheresponsef theHVS for thefull rangeof contrastwhich

is essentiafor HDR images.

Following [Wilson 1980] we derive the transducerfunction
T(G) := R basedon the assumptiorthatthe value of the response
R shouldchangeby one unit for eachJustNoticeableDifference
(JND) both for thresholdand suprathresholdtimuli. However, to
simplify the caseof thresholdstimuli, we assumehat:

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

or
T }0)=0and T (1) = Ginreshot (11)

for the inverse transducerfunction T 1(R) := G. The de-
tection threshold, Ginreshod, IS @approximatedwith 1% contrast
(Gthreshott = 10910(0:01+ 1)  0:0043214),commonly usedfor
digital images[Wyszeckiand Stiles 2000, Section7.10.1]. This
simpli cation assumeshatthe detectionthresholdis the samefor
all spatialfrequenciesndall luminanceadaptatiorconditions.For
asuprathresholdtimuluswe approximatehe responsdunction T
by its rst derivative:

dT(G) -

DT pTe DG(G) =1 (12)
whereDG(G) is the discriminationthresholdgiven by Equation4.
The above equationstateshata unit increaseof responser (right
handside of the equation)shouldcorrespondo the increaseof G
equalto the discriminationthresholdDG for the contrastG (left
sideof theequation).The constructiorof thefunctionR= T(G) is
illustratedin theinsetof Figure8. Althoughtheabore equationcan
be solved by integratingits differentialpart, it is more corvenient
to solve numericallythe equivalentdifferentialequation:

L G S
—m = De(T X(R) (13)
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Figure8: Transducefunction derived from the contrastdiscrimi-
nationdata[Whittle 1986]. Thetransducefunctioncanpredictthe
responsef the HVS for the full rangeof contrast. The insetde-
picts how the transducefunctionis constructedrom the contrast
discriminationthresholdDG(G).

for theinverseresponséunctionT 1(R) = G andfor theboundary
conditionfrom Equationll. G is a non-ngative logarithmic ratio

(referto Table2) andR s theresponsef the HVS. Sincethefunc-

tion T 1 is strictly monotonic, nding the function T is straight-
forward. We numericallysolve Equation13to nd thetransducer
functionT(G) = Rshavnin Figure8.

For mary applicationsananalyticalmodelof atransducefunction
is moreusefulthanalookuptablegiven by the numericalsolution
of Equation13. Althoughthe curve shavn in Figure8 closelyre-
semblesalogarithmicor exponentialfunction, neitherof thesetwo
familiesof functionsgiveanexact t to thedata.However, if anac-
curatemodelis not necessarythe transducecanbe approximated
with thefunction:

T(G) = 5409288 GU41850 (14)

The averageand maximumerror of this approximationis respec-
tively R 1:9andR 6. Equationl4 leadsdirectly to aninverse
transducefunction:

T Y(R)= 7:2232 10 5 R¥38% (15)

Thetransducefunctionderivedin this sectionhasa similar deriva-
tion andpurposeasthe Standardsrayscald=unctionfrom the DI-
COM standardDICOM PS3-20042004]or the capacityfunction
in [Ashikhmin 2002]. The major differenceis that the transducer
function operatesin the contrastdomainratherthanin the lumi-
nancedomain. It is alsodifferentfrom othertransducefunctions
proposedn theliterature(e.g.[Wilson 1980;WatsonandSolomon
1997])sinceit is basedn thediscriminationdatafor high contrast
andoperate®n contrastmeasurés. This makesthe proposedor-
mulationof thetransducefunctionespeciallysuitableto HDR data.
Thederivedfunctionalsosimpli es thecaseof thethresholdstimuli
andassumeassingledetectiorthresholdGipreshoy. Suchasimpli -
cationis acceptablesinceourframenork focusen suprathreshold
ratherthanthresholdstimuli.

4  Application: Contrast Mapping

In previoussectionsve introduceour framework for corvertingim-
agedo perceptuallylinearizedcontrastresponseandthenrestoring



Figure 9: The resultsof the contrastmappingalgorithm. The imagesfrom left to right were processedvith the compressiorfactor| =
0:1;0:4;0:7; 1:0. After the processingmageswererescaledn thelogig domainto usethe entireavailabledynamicrange.Memorial Church

image courtesyof Paul Debevec

imagesfrom the modi ed response.In this sectionwe show that
onepotentialapplicationof this framework is to compresghe dy-
namicrangeof HDR imageso t into thecontrastreproductiorca-
pabilitiesof displaydevices.We call this methodcontrastmapping
insteadof tone mappingbecauseét operatesn contrastresponse
ratherthanluminance.

Tonemappingalgorithmstry to overcomeeitherthe problemof the
insufcient dynamicrangeof a displaydevice (e.g. [Tumblin and
Turk 1999; Reinhardet al. 2002; Durandand Dorsegy 2002; Fat-
tal etal. 2002]) or the properreproductiorof real-world luminance
on adisplay(e.g. [Pattanaiket al. 1998; Ashikhmin 2002]). Our
methoddoesnot addresghe secondissueof trying to make im-
agedook realisticandnatural.Insteadwe try to t to the dynamic
rangeof thedisplaysothatno informationis lost dueto saturation
of luminancevaluesand at the sametime, small contrastdetails,
suchastextures,are presered. Within our framevork suchnon-
trivial contrasttompressiomperationis reducedo alinearscaling
in thevisualresponsapace Sincethe responsé%ik; j is perceptually
linearized,contrastreductioncan be achieved by multiplying the
respons&aluesby a constant:

Rl =R | (L

wherel is betweerD and1. This correspondso loweringthe maxi-
mumcontrasthatcanbeachiezedby thedestinatiordisplay Since
the contrastresponseR is perceptuallylinearized, scaling effec-
tively enhancetow physicalcontrasiWV, for whichwe arethe most
sensitve, andcompressekarge contrastmagnitudesfor which the
sensitvity is muchlower. Theresultof suchcontrastcompression
for theMemorial Churchimageis shavn in Figure9.

In mary aspectshe contrastcompressiorschemeresembleshe
gradientdomainmethodproposedby Fattal et al. [2002]. How-
ever, unlike thegradientmethod which proposesomevhatad-hoc
choiceof thecompressioifunction,our methods entirelybasedn
the perceptuaktharacteristiof the eye. Additionally, our method
canavoid low frequeny artifactsasdiscussedn Section9.

We testedour contrasitmappingmethodon anextensie setof HDR
images.Theonly visible problemwasthemagni cationof thecam-
eranoiseon several HDR photographsThosepicturesweremost
likely takenin low light conditionsandthereforetheir noiselevel

was higherthanin the caseof mostHDR photographs.Our tone
mappingmethodis likely to magnify cameranoiseif its amplitude
exceedghethresholdcontrasMipreshoy Of the HVS. Thereforeto
obtaingoodresults the noiseshouldberemovedfrom imagesprior
to thecontrastmapping.

In Figure 11 we comparethe resultsof our methodwith other
tonemappingalgorithms. Our contrastmappingmethodproduces
very sharpimageswithout introducinghalo artifacts. Sharpening
is especiallypronouncedvhenthe generatedmagesarecompared
to the resultof linear scalingin the logarithmic domain(seeFig-
urel2).

5 Application: Contrast Equalization

Histogramequalizationis anothercommonmethodto copewith
extendeddynamicrange. Even if high contrastoccupiesonly a
small portion of animage, it is usually responsiblefor large dy-
namicrange. The motivation for equalizingthe histogramof con-
trastis to allocatedynamicrangefor eachcontrastievel relative to
the spacet occupiesn animage. To equalizea histogramof con-
trastresponseswe rst nd the Cumulatize Probability Distribu-
tion Function(CPDF)for all contrastresponsevaluesin theimage
le j [GonzalezandWoods2001,Section3]. Then,we calculatethe
modi ed respons&alues:

RS, = sign(R¥;) CPDF(kREk) (17)

wheresign() equals 1 or 1 dependingnthesignof theagument

and lekk is aroot-mean-squaref the contrastresponsdetweera
pixel andall its neighbors:

s
kRfk= & R’ (18)
j2F;

The histogramequalizationschemeproducesvery sharpandvisu-
ally appealingimages,which may however be lessnaturalin ap-
pearancehanthe resultsof our previous method(seesomeexam-
plesin Figuresl0,11,and12). Suchatonemappingmethodcanbe
especiallyusefulin thoseapplicationswherethevisibility of small



Figure 10: Top left — the linear rescalingof luminancein the logarithmic domain; top right — contrastmapping; bottom left — contrast
equalizationpottomright — theresultof [Reinhardet al. 2002]. Image courtesyof Grzeyorz Krawczyk

detailsis paramountFor example,it couldbeusedto revealbarely
visible detailsin forensicphotograph®r to improve the visibility
of smallobjectsin satelliteimages.

The resultsof the contrastequalizationalgorithmmay appearike
the effect of a sharpeninglter. Figure 13 shavs that the result
of the contrastequalization(b) resultsin animageof muchbetter
contrasthantheoriginalimage(a) while preservindow frequeng
globalcontrast.Sharpeninglters tendto enhancdocal contrastat
the costof global contrast,which resultsin imagesthat have at
appearancg,d). Sharpeninglters alsointroduceringingandhalo
artifacts,especiallyin the areasof high local contrast,suchasthe
borderof thewindow in Figure13(c,d). Theresultsof the contrast
equalizatioralgorithmarefree of theseartifacts.

6 Application: Color to Gray

Colorimagescanoftenloseimportantinformationwhenprintedin
grayscale.Take for exampleFigure 15, wherethe sundisappears
from the sky when only luminanceis computedfrom the color
image. The problemof propermappingfrom color to grayscale
hasbeenaddressedh numerousworks, recentlyin [Goochet al.
2005;Rascheetal. 2005]. We implementedhe approactof Gooch
et al. [2005] sincetheir solution can be easily formulatedwithin
our framework. Their algorithm separatelycomputesluminance
andchrominancalifferencesn aperceptualljuniformCIEL a b
color spacdor low-dynamicrange.Suchdifferencesorrespondo
contrastvalues,Gil; i in our framework (the nest level of a Gaus-
sianpyramid). To avoid artifactsin at areagmoreonthisin Sec-
tion 9), their algorithmcomputedlifferencesbetweenall pixelsin

the image, which is equivalentto consideringfor eachpixel, x;,
all remainingpixelsin theimageasneighborsx;. Next, eachlu-
minancedifferencethatis smallerthanthe correspondinghromi-
nancedifferenceis replacedwith thatchrominancelifference.The
algorithm additionally introducesparametershat control polarity
of the chrominancdlifference,andthe amountof chromaticvari-
ation appliedto the luminancevalues. Finally, they formulatean
optimizationproblemthatis equivalentto Equation? restrictedto
the nest level of apyramid(k = 1). Theresultof the optimization
givesagray-scalémagethat preserescolor salieng. Theauthors
shaw thattheirmethodproducesesultswithoutartifactsfor abroad
rangeof images.

Thealgorithm,while giving excellentresults,is prohibitively com-
putationally expensve and feasibleonly for very small images.
This is becausét computedifferenceqcontrastvalues)between
all pixelsin animage whatgivesa minimumcompleity of O(N2)

regardlessof the optimizationmethodused. The numberof con-
sidereddifferencesxcanbe limited, however at the costof possible
artifactsin isoluminantregions. Our framewvork involves a more
efcient approachjn which the closeneighborhoodf a pixel is

considerecbn ne levels of a Gaussiarpyramid while far neigh-
borhoodis coveredon coarsetevels. This let uswork with much
biggerimagesandperformcomputationsnuchfaster

Following [Gooch et al. 2005] we transforminput imagesinto a
CIEL a b color space. Then,we transformeachcolor channel
into a pyramid of contrastvaluesusingEquation6 (but xik denotes
now the valuesin color channels). Next, we computethe color
difference:

q
kDCKjk= (G(a )X))2+ (G(b )¥))2 (19)



Figure11: Comparisorof theresultproducedoy our contrastmapping(top left) andcontrastqualization(top right) to thoseof Durandand
Dorsey [2002] (bottomleft) andFattaletal. [2002] (bottomright). Tahomaimage courtesyof Greg Ward.

Figure12: Thelinearrescalingof luminancein the logarithmic domain(left) comparedvith two proposedtontrastcompressionmethods:
contrastmapping(middle) andcontrastequalization(right).




Figure 13: The contrastequalizationalgorithm comparedwith
sharpeninglters. (a) the originalimage;(b) theresultof contrast
equalization;(c) the resultof a 'local adaptation'sharpeningjd)
theresultof asharpeninglter .

and selectiely replace G(L )kJ with a signed kDCk k, like
in [Goochetal. 2005]. We considedifferencevaluesfor eacHeveI
of a Gaussiarpyramid andfor 20-30neighboringpixels. Thereis
no needto apply the transduceffunction to the data. The recon-
structedimagescanbe seenin Figures14 and15. We achieve im-
agesof similar quality as[Goochetal. 2005], but at a signi cantly
lower computationatost.

7 Image Reconstruction from Contrast

In thissectionwe give anef cient solutionto theoptimizationprob-
lem statedn Section3.1. By solvingthe optimizationproblem,we
canreconstrucanoutputimagefrom modi ed contrasivalues.

Themajorcomputationaburdenof our methodlies in minimizing
the objective function givenin Equation?. The objectie function

reachests minimumwhenall its derwatwes equaIO
£ Ak
woaa a?2p x Gij=0 (20)

fori=1;:::; ;N. Theabore setof equationsanbe rewritten using
amatrix notatlon
A X=B (21)

uesof the resultingimage,A is anN N squarematrix andB is
anN-row vector For afew mega-pixel imagesN canequalseveral
million andthereforeEquation21 involvesthe solutionof a huge
setof linearequationsFor a sparsamatrix A afastsolutionof such
aproblemcanbe found usingmulti-grid methods.However, since
we considercontrastatall levelsof a Gaussiampyramid,the matrix
A in our caseis not sparse. From the visualizationof the matrix
A (seeFigure 16), we can concludethat the matrix hasa regular

Figure 14: Examplesof a salieng preservingcolor to gray map-
ping. Left — original image; center— luminanceimage; right —
the resultof the color to gray algorithm. Images courtesyof Jay
Neitz(top)and Karl Rastie(bottom)

structure,but certainly cannotbe consideredsparse. Suchmulti-

resolutionproblemseemso be well suitedfor the Fourier meth-
ods[Pressetal. 2002,Chapterl9.4]. However, the problemcannot
be solved usingthosemethodseither sincethey requirematrix co-

ef cients to be of the samevaluewhile the constanfactorspk icj in-

troducevariationsbetweermatrix coefcients. We have foundthat
the biconjugategradientmethod[Presset al. 2002,Chapter2.7]is

appropriatefor our problemand givesresultsin acceptabldime.

The biconjugategradientmethodis consideredo be slower than
moreadvancedmulti-grid methodshowever we foundthatit con-
vergesequallyfastfor our problem. This is becausehe structure
of the A matrix enforceghatiterative improvementsareperformed
for all spatialfrequenciesof animage,which is alsothe goal of

multi-grid methods.The biconjugategradientmethodis alsooften
usedasa partof amulti-grid algorithm.

Thebiconjugategradientmethodinvolvesaniterative procedurein
which animagestoredin the vectorX is re ned in eachiteration.
Theattractvenesof this methodis thatit requiresonly anef cient
computationof the productY = A X. For clarity consideronly
thenearesheighborhoof eachpixel, althoughthealgorithmcan
be easily generalizedo a larger pixel neighborhoodat moderate
computationatost. The contrastis computedbetweera pixel and
its four neighborswithin the saméevel of a Gaussiampyramid. Let
XX be a matrix holding pixel valuesof animageat the k-level of a
Gaussiampyramid. Then,we cancomputethe productY usingthe
following recursve formula:

YEX) = XK L + upsanpleY ¥ Y(downsanple[X¥))]; (22)

whereXK is a solutionat the k-th level of the pyramid, the opera-
tor denotesorvolution,L isthekernel

2 3
0 10

L=41 4 15 (23)
0 10



Figurel5: An exampleof asalieng preservingcolorto gray mapping.Left — originalimage;center— luminancemage;right — theresultof
thecolorto grayalgorithm.Image: ImpressionisiSunriseby ClaudeMonet

= 5.

Figure 16: Visualizationof the matrix A, which is involvedin the

solution of the optimization problem for a 1-mega-pixel image.
White color denoteszerocoefcients, whichincreasen magnitude
with darker colors. Gray correspondso positive andgreento neg-

ative coefcients.

and upsanple]] and downsanple[] are image upsamplingand
downsamplingoperators The recursionstopswhenoneof theim-
agedimensionds lessthan3 pixels after several successie down-
samplings.The right-handterm B canbe computedusinganother
recursve formula:

BX(GY) = ékx Dx+ ka Dy+
+ upsanple[B“* 1(downsanple[GK))] (24)

whereGK is the modi ed contrastat the k-th level of the pyramid,
G, andG¥, arethesubsetsf contrastaluesG* for horizontaland
vertlcal neighborsandDx, Dy arethe convolution kernels:

Dx= 1 1 Dy= 1 (25)
For simplicity, we did notincludethe coefcients pik;j in theabore
equationsNotethatif only the rst level of the pyramidis consid-
ered,the problemis reducedo the solutionof Poissors equation
asin [Fattaletal. 2002]. To accountfor the boundaryconditions,
we canpadeachedgeof animagewith aline or columnthatis a
replicaof theimageedge.

8 Reconstruction of Color

Marny applications,including the majority of tone mappingalgo-
rithms, focuson the processingf luminancewhile chrominancés

transferredrom anoriginalimage.Thegoalis to presere thesame
perceved hueandcolor saturatiorwhile alteringluminance.Hue
canbe easily presered if a color spacethat decorrelateshromi-
nancefrom luminanceis used(suchasLHS or Yxy). Preservinghe
percevedcolor saturatioris muchmoredif cult sinceit is strongly
andnon-linearlycorrelatedwith luminance.Additionally, the per
ceived color saturationrmay changeif luminancecontrastis modi-

ed. A transferof color saturationrseemsdo be a dif cult andstill
unsohed problem.Thereforefor the proposedonemappingalgo-
rithms,we follow themethodemployedin mosttonemappingalgo-
rithms,whichinvolvesrescalinged,greenandbluecolorchannels
proportionallyto theluminanceanddesaturatingolorsto compen-
satefor higherlocal contrast.For eachpixel, we compute:

X Imin+ s(Cin  Lin)

Imax Imin

Cou =

(26)

whereCi, andCyy are the input and output pixel valuesfor the
red, greenor blue color channel,Lj, is the input luminance,and
X is the resultof the optimization(all valuesarein the logarith-
mic domain). The resultingvaluesCqy arewithin the rangefrom
0 to 1. The parametess is responsiblefor the saturationof col-
orsandis usuallysetbetween0.4 and0.6. If B is k-th percentile
of X andd = max(Psp Po.1;Poa  Poo), thenlymin= P d and
Imax= Pso+ d. Thisway, the averagegray level is mappedo the
gray level of thedisplay(r = g = b= 0:5) andoverall contrastis
not lost dueto a few very dark or bright pixels. Note that ne
tuning of Imax and Imin valuesis equialentto so called gamma-
correction usedas a last stepof mary tone mappingalgorithms.
This is becausea power functionin thelineardomaincorresponds
to a multiplicationin the logarithmic domain: log(x9) = g log(x).
Equation26 is similar to formulasproposedoy Tumblin and Turk
[1999] but it is givenin thelogarithmic domainandincludesalin-
earscaling.TheresultingcolorvaluesCoy, canbelinearlymapped
directly to the pixel valuesof agammacorrectedperceptuallyin-
earized)display

9 Discussion

Theproposedramewvork is mostsuitablefor thoseproblemswvhere
the bestsolutionis a compromisebetweencon icting goals. For
example,in the caseof contrastmapping(Section4), we try to
compressan overall contrastby suppressindgow frequencieglow
frequeng contrashaslargevaluesandthusis hearily compressed),
while preservingdetails.However, whenenhancingletailswe also
lessercompressionf overallcontrassincedetailscanspanabroad
rangeof spatialfrequenciegthe lower levels of low-passGaussian
pyramid) including low-frequencieswhich are primarily respon-
sible for an overall contrast. The strengthof our methodcomes



Figure17: Whenanoriginal signal(upperleft) is restoredrom at-
tenuatedgradient(upperright) by solving Poissons equation(or
integrationin 1-D), the at partsof the restoredsignalare shifted
relative to eachother (lower left). However, if the minimization
constraintsaresetfor multiple levels of the pyramidasin our pro-
posedmethodthe at partscanbeaccuratelyestoredalthoughthe
sharppeaksareslightly blurred(lowerright).

from the factthatthe objective function givenin Equation?7 leads
to acompromiséetweerthecon icting goalsof compressindgpw-
frequengy largecontrastindpreservingsmallcontrasbf thedetails.

The minimizationproblemintroducedn Equation7 seemssimilar
to solving Poissors equationin orderto reconstrucenimagefrom
gradientsasproposedy Fattaletal. [2002]. Thedifferenceis that
our objective function takesinto accounta broademeighborhood
of apixel (summatiorover j) andputsadditionaloptimizationcon-
straintson the contrasiat coarsetevelsof the pyramid (summation
overl), whichimprovesarestoratiorof low frequeng information.
Whenanobjectie functionis limited only to the nest level of the
Gaussiarpyramid (asit is donein Poissors equation)thelow fre-
queny contentmay be heavily distortedin the resultingimage®.
This is illustrated on the examplesof a 1-D signalin Figure 17
andatone-mappedmagein Figure18. In general Poissorsolvers
mayleadto thereduction(or evenreversal)of globallow-frequeny
contrastmeasuredetweendisconnectedmagefragments. Other
researcherfiave also noticedthis problem. Goochat al. [2005]
experimentedvith Poissorsolversandfoundthatthey do notwork
well for “largedisconnectedsoluminantregionsbecaus¢hey com-
putegradientover nearesteighborsjgnoringdifferencecompar
ison over distancegreaterthan one pixel”. They overcomethis
problemby including a larger numberof neighborsfor eachpixel
in the objective function. The importanceof global contrastand
thefactthatconsideringonly local contrasgiveswrongresultswas
alsodiscussedn [Rascheet al. 2005, Figure 2]. Our framework
canbeconsideredsageneralizatiorof thegradientdomainmeth-
ods basedon Poissonsolvers. We considerlarger neighborhoods
for local contrastand also several levels of a Gaussianpyramid
for global contrast. Suchan approachis both perceptuallyplau-
sibleandcomputationallynuchmoreef cient thansolvingthe op-
timization problemfor contrastvaluesbetweerall pixelsin theim-
age[Goochetal. 2005].

The most computationallyexpensve part of the proposedrame-
work is the contrast-to-luminanctansformation.The solution of
the minimization problemfor 1-5 Mpixel imagescan take from
several secondaup to half a minuteto computeon a modernPC.
This limits the applicationof the algorithmto off-line processing.

¢ ACM, 2006.Thisis theauthors versionof thework. It is posted
hereby permissiorof ACM for your personalise.Not for redistri-

bugggésof low-frequeng contrasis alsovisiblein Figure3in thepaperby
Fattalet al. [2002], wherelow intensitylevels of the left andmiddle peaks
in the original image(a) arestronglymagni ed in the outputimage(f), so
thatthey eventuallybecomehigherthanthe originally brightestimagepart
ontheright side.

Figure18: Thealgorithmby Fattaletal. [2002] (top) renderswin-

dows paneof differentbrightnessiueto thelocal natureof the op-

timization procedure The contrastcompressioron the multi-scale
contrastpyramid usedin our methodcan maintain properglobal
contrastproportiong(bottom).Image courtesyof Greg Ward.

However, our solutionis not much lessefcient than multi-grid
methodgfor example[Fattaletal. 2002])asdiscussedh Section?.

10 Conclusions and Future Work

In this paperwe have presenteda framework for imageprocess-
ing operationghatwork in the visual responsespace.Our frame-
work is in mary aspectsimilar to the gradientmethodsbasedon
solving Poissons equation,which prove to be very usefulfor im-
ageandvideo processing.Our solutioncanbe regardedasa gen-
eralizationof thesemethodswhich considercontraston multiple
spatialfrequencies. We expressa gradient-lile representatiorof
imagesusing physical and perceptuaterms, suchas contrastand
visualresponseThis givesperceptuabasisfor the gradientmeth-
ods and offers several extensionsfrom which thesemethodscan
bene t. For instanceunlike the solutionof Poissors equationpur
pyramidalcontrastrepresentatioensuregproperreconstructiorof
low frequencieanddoesnot reverseglobal brightnesdevels. We
alsointroducea transducefunction that can give the responsef
the HVS for the full rangeof contrastamplitudeswhich is espe-
cially desiredin caseof HDR images.Someapplicationscanalso
make useof the contrastdiscriminationthresholdswhich describe



suprathresholgerformanceof the eye from low to high contrast.
As a proof of concept,we implementedwo tone mappingalgo-
rithmsanda salieng preservingcolor to gray mappinginside our
framework. The tonemappingwasshaown to producesharperim-

agesthan the other contrastreductionmethods. We believe that
our framework canalso nd mary applicationdn imageandvideo
processing.

In the future, we would like to improve the performanceof recon-
structingthe imagefrom the contrastrepresentationywhich would
male the framavork suitablefor real-timeapplications.We would
alsoliketo includecolorinformationusingarepresentatiosimilar
to luminancecontrast. The framevork could be extendedto han-
dle animationandtemporalcontrast.Furthermorethe accurayg of
our modelcanbe improved for the thresholdcontrastif the Con-
trastSensitvity Functionweretakeninto accountin thetransducer
function. A simple extensionis requiredto adaptour framework
to the taskof predictingvisible differencesn HDR images:since
the responsen our framawork is in fact scaledin JND units, the
differencebetweenresponsevaluesof two imagesgivesthe map
of visible differences.Onepossibleapplicationof suchHDR visi-
ble differencepredictorcouldbe the control of globalillumination
computatiorby estimatingvisualmaskingRamasubramaniagtal.
1999; Dumontet al. 2003]. Finally, we would like to experiment
with performingcommonimageprocessingperationsn thevisual
responsepace.
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