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Abstract

An anchoring theoryof lightnessperceptioncomprehensivelyexplainsmanycharacteristicsof humanvisualsys-
temsuch aslightnessconstancyandits spectacularfailureswhich are importantin theperceptionof images.We
presenta novel approach to tonemappingof high dynamicrange (HDR) imageswhich is inspiredby theanchor-
ing theory. Thekey conceptof this methodis the decompositionof an HDR image into areas(frameworks)of
consistentluminanceandthelocal calculationof thelightnessvalues.Thenetlightnessof an image is calculated
via the merging of the frameworksproportionally to their strength.We stressout the importanceof relating the
luminanceto a knownbrightnessvalue(anchoring)andinvestigatetheadvantagesof anchoring to theluminance
valueperceivedas white. We validatethe accuracy of the lightnessreproductionin the presentedalgorithm by
simulatinga well knownperceptionexperiment.Our approach doesnotaffectthelocal contrastandpreservesthe
natural colorsof anHDRimagedueto thelinear handlingof luminance.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.3 [ComputerGraphics]:Displayalgorithms

1. Intr oduction

Lightnessis a perceptualquantitymeasuredby the human
visual system(HVS) which describesthe amountof light
re�ected from the surfacenormalizedfor the illumination
level. Contraryto brightness,which describesa visual sen-
sationaccordingto whichanareaexhibitsmoreor lesslight,
the lightnessof a surface is judgedrelative to the bright-
nessof asimilarly illuminatedareathatappearsto bewhite.
Lightnessconstancy is an importantcharacteristicsof the
HVS which leadsto a similar appearanceof the perceived
objectsindependentlyof thelighting andviewing conditions
[Pal99]. While observingthe imagespresentedon display
devices,it wouldbedesirableto reproducethelightnessper-
ceptioncorrespondingto the observation conditionsin the
real world. This is not an easytask becausethe lightness
constancy achieved by the HVS is not perfect and many
of its failuresappearin speci�c illumination conditionsor
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even due to changesin the backgroundover which an ob-
served object is imposed[Gil88]. It is well known that the
lightnessconstancy increasesfor sceneregionsthatarepro-
jectedover wider retinal regions[Roc83].This effect is re-
inforcedfor objectswhoseperceivedsizeis largereven for
the sameretinal size [GC94]. The reproductionof images
on displaydevicesintroducesfurtherconstraintsin termsof
anarrower �eld of view andlimitationsin theluminancedy-
namicrange.Somefailuresof lightnessconstancy still ap-
pearin suchconditions(simultaneouscontrastfor instance),
but other, suchastheGelbillusion, cannotbeobservedona
displaydevice.

For imagesthat capturereal world luminancelevels, the
so-calledhigh dynamicrange(HDR) images,the problem
of a correctlightnesslevel reproductionmustbeaddressed.
Fortunately, suchareproductionis feasiblebecausetheHVS
hasalimitedcapacitytodetectthedifferencesin theabsolute
luminancelevelsandit concentratesmoreon theaspectsof
spatialpatternswhencomparingtwo images[Pal99]. How-
ever, a successfullightnessreproductionalgorithm should
properly accountfor the lightnessconstancy failures that
cannotbeevokedin theHVS usingadisplaydevice.Clearly,
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weneedto embeda lightnessperceptionmodelinto thepro-
cessingpipelineof HDR imagesin orderto improve the �-
delity of their display.

Theproblemof lightnessperceptionhasbeenstudiedex-
tensively in the last two centuries(refer to [Pal99] for a de-
tailedhistoricalaccount).Themostprominenttheoriesfol-
low Wallach's observation that the perceived lightnessde-
pendson theratioof theluminanceatedgesbetweenneigh-
boring imageregions.In theretinex theory[LM71] it is as-
sumedthatevenfor remoteimageregionssucharatiocanbe
determinedthroughtheedgeintegrationof luminanceratios
alonganarbitrarypathconnectingthoseregions.Lightness
constancy canbewell modeledby theretinex algorithmun-
dertheconditionthattheilluminationchangesslowly, which
effectively meansthatsharpshadow borderscannotbeprop-
erly processed.To overcomethis problem,Gilchrist andhis
collaboratorssuggestedthattheHVS performsanedgeclas-
si�cation to distinguishillumination and re�ectanceedges
[Gil77]. This ledto theconceptof thedecompositionof reti-
nal imagesinto thesocalledintrinsic images[BT78, Are94]
with re�ection, illumination, depth and other information
storedin independentimagelayers.

Modern lightnessperceptiontheoriesbasedon intrin-
sic imagesdealwith lightnessconstancy very successfully,
however they have problemswith themodelingof apparent
failuresof lightnessconstancy [GKB � 99]. Also, while they
provide relative lightnessvaluesfor varioussceneregions,
they fail to assigncorrespondingabsolutelightnessvalues
for givenobservationconditions.In fact,it is enoughto �nd
only onesucha correspondingabsolutevalue(thesocalled
anchor value)andtheremainingvaluesimmediatelycanbe
found throughthe known ratios.The problemof lightness
constancy failuresandabsolutelightnessassignmentis ad-
dressedby an anchoring theoryof lightnessperceptionde-
velopedby Gilchrist et al. [GKB � 99] which is supportedby
extensiveexperimentalstudieswith thehumansubjects.

In this paperwe investigatetheapplicationof theanchor-
ing theory[GKB � 99] to the tonemappingproblem,which
dealswith the renderingof HDR imageson low dynamic
range(LDR) display devices. The overall goal of our re-
searchis to addresstheproblemof thecorrectlightnessre-
productionduringthedynamicrangecompression,limiting
the distortionsof the local contrastsand the changein the
appearanceof the original colors whenever possible.Dur-
ing thetonemapping,apartfrom theassignmentof absolute
lightnessvaluesto variousimageregions,as predictedby
theanchoringtheory, wemayalsoneedto scaletheresulting
lightnessratiosto adaptthemto the limited dynamicrange.
Sincewedealwith realworld scenes,weintroduceanew ap-
proachto analyzeanHDR imagein termsof areasthathave
commonproperties,called the frameworks. On the techni-
cal level, this requiresanalgorithmfor automaticextraction
of suchframeworksfrom complex HDR images.Finally, we
stressout the importanceof relating the luminancevalues

to a known brightnesslevel – anchoring.We investigatethe
advantagesof anchoringto luminancevalue perceived as
white, insteadof middle-graywhich is a commonpractice
[FPSG96,THG99, PTYG00,RSSF02]. We thensimulatea
perceptionexperimentto illustratetheaccuracy of thelight-
nessreproductionin thepresentedtonemappingalgorithm.

The paper is organizedas follows. Section2 provides
an overview of existing tone mappingoperatorsfrom the
standpointof lightnessperception.In Section3 we brie�y
overview the anchoringtheory of lightnessperception.In
Section4 we demonstrateour applicationof this theory to
the tone mappingproblem,which involves the imagede-
compositioninto frameworksandthecomputationof anchor
points for thoseframeworks. In Section5 we presenttone
mappedimagesobtainedusingour techniqueandwe pro-
vide informationconcerningits performance.We conclude
the paperin Section6 andwe proposedirectionsof future
research.

2. PreviousWork

Theproblemof tonemappinghasbeenextensively studied
in computergraphicsfor over a decade(referto [DCWP02]
for a survey). In this section,we analyzethe existing algo-
rithmsin view of their tiesto lightnessperceptiontheories.

A numberof tone mappingoperatorsbasedon models
of the HVS have beenproposed.Tumblin and Rushmeier
[TR93] usedamodelof brightnessperceptionthatwasbased
on the power-law relationshipbetweenthe brightnessand
the correspondingluminance,as proposedby Stevensand
Stevens[SS60].The main objective wasto preserve a con-
stant relationshipbetweenthe brightnessof a sceneper-
ceived on a display and its real counterpartfor any light-
ing condition. Other operatorsincluded thresholdmodels
of the contrastperceptionfor the sceneluminancecom-
pression[War94, FPSG96,WLRP97,PFFG98, Ash02]. To
accountfor the adaptationto variousluminancelevels the
thresholdversusintensityfunctionhasbeenused.Pattanaik
et al. [PTYG00] andReinhardet al. [RD05] usedsigmoid
functionswhich modeledthe retinal responseof conesand
rodsfor theluminancecompression.

There were some attemptsof a direct application of
the retinex theory [LM71] to tone mapping.Jobsonet al.
[JRW97] proposeda multi-resolutionretinex algorithmfor
luminancecompression,which unfortunatelylead to halo
artifactsfor theHDR imagesalonghigh contrastedges.In-
spiredby thelightnessperceptionmodel,developedby Horn
[Hor74], Fattalet al. [FLW02] proposeda successfulgradi-
entdomaintonemappingoperator. Fattaletal. observedthat
any largecontrastin the imagemustgive riseto largemag-
nitudeluminancegradients,while texturesandother�ne de-
tailsresultin gradientsof muchsmallermagnitude.Theiral-
gorithmidenti�ed suchlargegradientsandattenuatedthem
withoutalteringtheirdirections,which leadto halo-freeim-
agesof agoodquality.
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A conceptof intrinsic images[BT78, Are94], separat-
ing theilluminationandre�ectance(details)layers,inspired
many tonemappingoperators.Thehigh contrastof theillu-
minationlayer is usuallyreducedby scaling,while the de-
tails layer(assumedto beof low contrast)is preserved.The
ideawas �rst introducedby Tumblin et al. [THG99], who
assumedthat theselayersareexplicitly provided, which is
the caseonly for syntheticimages.Later, several methods
for anautomaticlayerseparationhavebeenintroduced.The
LCIS operator[TT99] separatesthe imageinto large scale
features(presumablyillumination) and�ne details.A much
betterseparationhasbeenachievedusingthebilateral�lter
[DD02].

All of theaforementionedmethodsto acertainextenttake
into accountthe�ndings in psychophysicsandphysicalpro-
cessingin theretina,but noneis explicitly in�uencedby the
theoreticalresearchin lightnessperception.The tonemap-
ping basedon theseparationof theHDR imageinto illumi-
nationanddetail layerscloselyresembletheintrinsic image
models[BT78, Are94]. Thesemodelsareknown asoneof
themostadvancedmodelsof lightnesstheory, however they
do not de�ne how to treatthe luminancewithin eachlayer.
In general,theanchoringin tonemappingis ofteneitherne-
glectedor appliedonly indirectlyvia theluminancenormal-
izationby thelogarithmicaverageof anHDR image.

3. Anchoring Theory Of LightnessPerception

The recently presentedmodel of an anchoringtheory of
lightnessperceptionby Gilchrist et al. [GKB � 99] provides
an unprecedentedaccount of empirical experiments for
whichit providesasoundexplanation.Thetheoryis qualita-
tively differentform theintrinsic imagemodelsandis based
on a combinationof globalandlocal anchoringof lightness
values.We introducethemainconceptsof this theoryin the
following sections.We�rst discusstherulesof anchoringin
simpleimagesandlaterexplain how to apply themto com-
plex scenes.

3.1. Anchoring Rule

In orderto relatetheluminancevaluesto lightness,it is nec-
essaryto de�ne at leastonemappingbetweentheluminance
value and the value on the scaleof perceived gray shades
– theanchor. Oncesuchananchoris de�ned, the lightness
valuefor eachluminancevaluecanbeestimatedby the lu-
minanceratio betweenthe value and the anchor. This es-
timation is referredto asscaling. As notedbefore,the an-
chorcannotbede�ned oncefor theabsoluteluminanceval-
ues,but rathermustbe tied to somemeasureof relative lu-
minancevalues.Practically, two differentapproachesto an-
choringareknown: theaverageluminanceruleandthehigh-
estluminancerule.

Theaverageluminancerule derivesfrom theadaptation-
level theory [Hel64] and states that the average lumi-

nance in the visual �eld is perceived as middle gray.
Thus the relative luminance values should be anchored
by their averagevalue to middle gray. This assumption
was later commonlyadoptedin tone mappingtechniques
[FPSG96,THG99, PTYG00,RSSF02].

Initially thehighestluminancerule de�ned theanchoras
a mappingof the highestluminancein the visual �eld to a
lightnessvalueperceivedaswhite.However, theperception
of self-luminoussurfacescontradictsthis rule.Whenfor in-
stancea relatively smallwhite disc is surroundedby a large
darkarea(anincrementteststimuli), thewhite discappears
self-luminous,i.e. producesthe impressionof beinglighter
thanwhite.Apparentlytheperceptionof lightnessis affected
by a relative area[LG99]. Thereis a tendency of the high-
estluminanceto appearwhite anda tendency of the largest
areato appearwhite. Thereforethe highestluminancerule
wasrede�nedbasedon this experimentalevidence.As long
asthereis no con�ict, i.e. thehighestluminancecoversthe
largestarea,thehighestluminancebecomesastableanchor.
However, whenthedarker areabecomeslarger, thehighest
luminancestartsto be perceived asself-luminous.The an-
chorbecomesa weightedaverageof the luminancepropor-
tionally to theoccupying area.

The experimentalevaluation of the averageluminance
rule versusthe highest luminancerule was presentedin
[LG99]. In this study, the visual �eld of the observerswas
limited to a large acrylic hemispherewhoseone half was
paintedmatteblack andthe otherhalf waspaintedmiddle-
gray. The experimentwasconductedin the isolatedcondi-
tions to prevent theuncontrolledin�uence of otherstimuli.
Li andGilchrist reportedthatthemiddle-grayhalf wasseen
by the observers as fully white, while the black half was
seenas dark gray. Additionally, when the black areawas
increasedandbecameconsiderablylarger thanthe middle-
gray area,the perceptualeffect of self-luminosity for the
middle-gray part was reported.Other �ndings, basedon
Mondrians[Pal99], which aremorecomplex stimuli, agree
with theseconclusions[GC94].Richexperimentalevidence
decisively favorsthehighestluminanceruleovertheaverage
luminancerule.

3.2. Complex Images

Theanchoringrule,describedin theprevioussection,cannot
be applieddirectly to complex imagesin an obvious way.
Instead,Gilchrist et al. [GKB � 99] introducetheconceptof
decompositionof an imageinto components,frameworks,
in which the anchoringrule canbe applieddirectly. In the
describedtheory, following thegestalttheorists,frameworks
arede�nedby regionsof commonillumination.For instance,
all objectsbeing underthe sameshadow would constitute
a framework. A real-world imageis usually composedof
multiple frameworks.

The framework regionscanbe organizedin an adjacent
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or ahierarchicalwayandtheirareasmayoverlap.Thelight-
nessof a target is computedaccordingto theanchoringrule
in eachframework. However, if a target in a complex im-
agebelongsto morethanoneframework, it mayhavediffer-
ent lightnessvalueswhenanchoredwithin differentframe-
works.Accordingto themodel,thenet lightnessof a given
targetis predictedasaweightedaverageof its lightnessval-
uesin eachof the frameworks in proportionto the articu-
lation of this framework. The articulationof a framework
is determinedby thevarietyof luminancevaluesit contains
in sucha way that frameworks with low variancehave less
in�uence on thenetlightness.

4. ToneMapping Method

Basedon the lightnessperceptiontheory discussedin the
previous sectionwe derive a tone mappingalgorithm for
contrastreductionin HDR images.The algorithmtakesas
an input anHDR imagede�ned by �oating point RGB val-
uesthat are linearly relatedto luminance,and producesa
displayableLDR imageasa result.The contrastreduction
processis solelybasedon theluminancechannel.

We �rst decomposethe input sceneinto overlapping
frameworks. Each pixel of the HDR image is described
by the probability of its belongingnessto eachframework.
Next, we estimatetheanchorin eachframework, i.e. thelu-
minancevalueperceivedaswhite.We thencomputethelo-
calpixel lightnesswithin eachframework.Finally, wecalcu-
latethenetlightnessof eachpixel by merging theindividual
frameworksinto oneimageproportionallyto thepixel prob-
ability values.Theresultis suitableto beviewedonanLDR
displaydevice.

In thefollowing sectionswe explain in detailseachstage
of thepresentedtonemappingalgorithmandprovidetheim-
plementationdetails.

4.1. Decompositioninto Frameworks

WedecomposeanHDR imageinto frameworksbasedonthe
pixel intensityvalue.As we latershow in practice,thecon-
trastrangetypical to everydaysituationsis wide enoughto
allow us to identify in the imagefor exampletheareasof a
darkshadow onasunny day, thedim interiorof a roomwith
awindow view onasunny outdoor, thestreetlight illumina-
tion in anight scene,andsoon.

To �nd a plausibledecompositioninto frameworks, we
experimentedwith several segmentation algorithms and
notedthatthemeanshift segmentation[CM02] producedthe
mostappropriateresults.However, segmentationalgorithms
strictly assigneachpixel to only onesegment,thereforein
our applicationpixels wereoften incorrectlysegmentedin
theareaswherethey shouldbelongto multiple frameworks.
Furthermore,usingpuresegmentationmethods,wewereun-
ableto correctlyde�ne smoothtransitionsbetweenthebor-
dersof frameworks.We thereforedecidedto tailor acustom

decompositionmethod.We explain our algorithmon anex-
ampleHDR image(Figure 1) using Figures2 and 3 as a
reference.

Figure 1: DESK – an example HDR image from the
OpenEXRsamples.To give an impressionof the dynamic
range in thescene, the left image is exposedfor thedim in-
terior andtheright image is exposedfor thestainedglass.

We representa framework asa probability mapover the
whole image in which a probability of belongingto this
framework is assignedto eachpixel. We de�ne an areaof
a framework asa groupof pixelsof theHDR imagewhose
probability of belongingto this framework is above 0:6. A
valid framework musthaveanon-zeroarea.For thepurpose
of tonemappingfor LDR displayswe imposea furthercon-
strainton thedynamicrangein theframework'sarea,which
cannotexceedtwo ordersof magnitude.

To obtaina decompositionthatmeetstheaforementioned
requirements,we implementthefollowing method.Westart
with the standardK-meansclusteringalgorithmto �nd the
centroidsthat provide an appropriatesegmentationof the
HDR imageinto frameworks.We operateon a histogramin
the log10 of luminance.We de�ne a constrainton the dif-
ferencebetweentwo neighboringcentroids,which should
not be below one, to prevent frameworks from represent-
ing toosimilar illumination.Weinitialize theK-meansalgo-
rithm with valuesrangingfrom the minimum to maximum
luminancein theHDR imagewith a luminancestepequalto
oneorderof magnitudeandwe executethe iterationsuntil
thealgorithmconverges.An examplehistogramof theHDR
imagewith convergedcentroidsis shown in Figure2 (top
histogram).

Often,theconvergedcentroidsrepresentemptysegments
or mayarequirere�nementto meettheimposedconstraints.
First,weremovethecentroidstowhichnoimagepixelswere
grouped.Then,we iteratively merge centroidsif the differ-
encebetweenthemis below one.In eachiteration,the two
closestcentroidsaremergedtogetherandthe new centroid
valueis equalto theirweightedaverageproportionalto their
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Figure 2: Thehistogram of the HDR image from Figure 1
illustrating theestimationof centroidswhich provideanap-
propriatedecompositioninto frameworks.In themiddleand
bottomhistogramsthe belongingnessfunctionsare shown
for each framework.Themaximaof thebelongingnessfunc-
tionsdo not alwaysmatch thecentroidsdueto thenormal-
ization.

area:

Ci; j =
Ci � Si + Cj � Sj

Si + Sj
(1)

whereCi andCj are the valuesof the too closecentroids,
andSi andSj denotethe numberof pixels clusteredto this
centroids.In themiddlehistogramin Figure2 weshow pro-
cessedcentroidswhichmeetourconstraints.

Given the centroidvalues,we initially assignthe proba-
bility valuesbasedon thedifferencebetweenthepixel value
andthecentroid.Wemodelsuchabelongingnessto thecen-
troid with aGaussianfunction:

Pi(x;y) = e
� (Ci � Y(x;y))2

2s2 (2)

wherePi representstheprobabilitymapfor framework i, Ci
is thecentroidfor that framework, Y denotestheluminance
of theHDR image(bothCi andY arein thelog10 space),and
thevariances equalsto a maximumdistancebetweenadja-
centcentroids.Thebelongingnessvaluesarenormalizedto
correctlyrepresenttheprobabilities.At thisstage,somecen-
troids may still representa framework with an emptyarea
(accordingto our de�nition). We iteratively remove these
centroidsby merging themto the closestneighboringcen-
troid usingequation(1) andrecalculatetheprobabilities.

In Figure2 in the middle histogram,we show the mod-
elled probabilities for each centroid. Apparently, several
frameworks do not contain any pixels with a probability
above0:6 andthereforeshouldberemoved.Thebottomhis-
togramof in the same�gure illustratesthe �nal centroids
with probabilityfunctionsthatde�ne valid frameworks.

Next, we spatially processthe probability map of each
framework. The goal of spatialprocessingis to smoothlo-
cal smallvariationsin theprobabilityvalueswhich mayap-
peardueto textures.At thesametime,however, it is impor-
tant to preserve high variationswhich could appearon the
bordersof frameworkswherehigh illumination contrastap-
pears.The bilateral �lter [TM98] is an appropriateimage
processingtool for this purpose.We �lter the probability
mapof eachframework with a bilateral �lter in which the
rangevarianceis set to 0:4 and the spatialvarianceto the
half of thesmallerdimensionof theHDR image.

Figure 3: Processingof probability mapswhich represent
the decompositioninto frameworks.The probability range
0 : 1 is linearly mappedto a grayscale, therefore whitecor-
respondsto thehighestprobability andblack to the lowest.
In theframeworks' area,redandgreencolors representthe
interior frameworkandthestainedglassframework respec-
tively.
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In Figure3 we show theprobabilitymapsdescribingthe
decompositioninto frameworksof anexampleHDR image.
Usingourmethods,wecansuccessfullyidentify thedim in-
terior andthe brightly backlit stainedglass.Somepartsof
thestainedglassin theframework's areaimagemayappear
to beassignedincorrectly, however theunderlyingprobabil-
ity valuesarecloseto 0:5 what assuresthat no artifactsin
thefurtherprocessingwill beintroducedthere.

4.2. Articulation of Framework

Apart from the illumination conditions,the probability of
a pixel belongingto a particular framework also depends
on the articulationof the framework (seeSection3.2). If a
framework is highly articulated,the pixels arestronglyan-
choredwithin this framework evenif theirprobabilityof be-
longingto this framework is nothigh.

For thepurposeof tonemapping,weestimatethearticula-
tion independentlyfor eachframework basedonits dynamic
range.A framework whosedynamicrangeis higherthanone
orderof magnitudehasa maximumarticulationandasthe
dynamicrangegoesdown to zerothe articulationsreaches
theminimum.We modeltheamountof articulationusinga
Gaussianfunction:

Ai = 1� e
� (maxYi � minYi )

2

2� 0:332 (3)

whereAi denotesthe articulationof the framework i, and
minYi and maxYi representthe minimum and maximum
log10 luminancein the areaof this framework. The plot of
thearticulationfunctionis shown in Figure4.

We apply the articulationfactor to frameworks by mul-
tiplying their probability mapsPi by their respective artic-
ulation factorsAi . We thennormalizethe probability maps
andassuchobtainthe�nal resultof thedecompositioninto
frameworks.

Figure 4: Plot of the articulation factor basedon the dy-
namicrangeof a framework.

Usually, all frameworks in an imagewill have a maxi-
mumarticulation.Sometimeshowever, auniformarealikea
backgroundmayconstitutea framework dueto its uniqueil-
lumination.Articulation preventssucha backgroundframe-
work to playanimportantrole in thecomputationof thenet
lightnessby minimizing thelocalanchoringof pixelsto this
framework in favor of otherframeworks.In anextremesitu-
ation,whenall frameworkshave minimumarticulation,the
framework with thehighestanchoris assigneda maximum
articulation,thus imposingthe global anchoringin the im-
age.

4.3. Estimation of Anchor

Having the HDR imagedecomposedinto frameworks, we
estimatean anchorwithin eachframework. Sincewe em-
ploy the highestluminancerule, we needto �nd the lumi-
nancevaluethatwouldbeperceivedaswhite,in caseagiven
framework wouldbeobservedasstand-alone.

As we discussedin Section3.1, althoughwe apply the
highestluminancerule, we cannotdirectly usethe highest
luminancein the framework asananchor. Seemingly, there
is a relationbetweenwhat is locally perceivedaswhite and
its area.If the highestluminancecoversa large areait be-
comesa stableanchor. However, if thehighestluminanceis
largely surroundedby darker pixels,thesepixelshave a ten-
dency to appearwhite andthehighestluminanceappearsas
self-luminous.This implies an arearelatedapproachto the
estimationof thelocalanchor. Therefore,weestimatethelo-
cal anchorby removing 5% of all pixels in theframework's
areathathave thehighestluminanceandthentake thehigh-
est luminanceof the rest of the pixels as the anchor(i.e.,
wecomputethe95-thpercentile).With thisapproachweare
ableto skip potentialpixels that representself-luminousar-
easin thesceneasfor instancehighlights.In caseif thereare
nohighlights,theanchoris only slightly underestimated.

On the other hand,sincethe 5% is an empirical value,
computingthe 95-th percentilemay appearto be an unsta-
ble approach.Thereforewe performeda stability test.We
checked whetherwe obtain the sameanchorin all frame-
works for the HDR imagesof the samescene,but at three
differentresolutions– 100%,60% and30% of the original
resolution.In this testwe includedall the imagespresented
in theresultssectionanda totalof 50otherimagesfrom our
database.Themaximumdifferencebetweentheanchorsdid
not exceed0:05 on a log10 scale,which is a stableresultfor
our purposes.It is importantto note, that the rescalingof
an imageaffectsits dynamicrangewhat may have a direct
in�uence on theanchor.

In Figure5 we show thetwo frameworksidenti�ed in the
exampleHDR imagewith their lightnesscomputedaccord-
ing to the local anchor. For instance,the luminanceof the
white paperin theopenbook is accuratelyestimatedasthe
localanchorin theframework #1.

4.4. Merging Frameworks

In the �nal stageof the tonemappingprocess,we compute
thegloballightnessof thepixelsbymergingtheframeworks.
We individually processeachframework in turn. We shift
theoriginal luminancevaluesof theHDR imageaccording
to thelocally estimatedlightnessvalueandproportionallyto
theprobabilitymap:

L(x;y) = Y(x;y) � å
i

Wi � Pi(x;y) (4)

whereL denotesthe �nal lightnessvalue,Y theoriginal lu-
minanceof the HDR image,Wi the local anchorof frame-
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Figure 5: Local anchoring in the frameworksand the �nal
tonemappingresultobtainedbymerging theframeworks.

work i (all thesevaluesarein thelog10 space),andPi is the
probabilitymap.

In Figure6 weshow how theshifting in�uencestheloca-
tion of thelocalanchorsandhow themergingprocessaffects
the imagehistogram.It is visible in the bottom histogram
thatall but thedarkestareasof theimageare�t into thedis-
playablerange.The�nal tonemappedresultof theexample
image(Figure1) is shown in Figure5.

5. Results

Themain focusof this paperis to demonstratetheapplica-
tion of thelightnessperceptiontheoryto tonemapping.We
�rst presentthe resultsof our methodby simulatinga well
known perceptualexperiment.Next, we illustratetheresults
of the tonemappingof several HDR imageswith different
featuresand discussthe accuracy of the anchoringand of
the frameworks identi�cation. Finally, we commenton the
complexity of ouralgorithm.

Figure 6: Thehistogram of the HDR image from Figure 1
with local anchors (top). Below is the histogram of the
tonemappedimage illustrating how the local anchors are
mappedglobally. We map the � 2 : 0 range to displayable
values,sincea typical displaydevice is capableto display
theluminancerangeof twoordersof magnitude(themarked
areaon thebottomhistogram).

5.1. Simulation of Gelb Effect

The Gelb Effect is a well known illusion and provides a
good exampleof lightnessconstancy failure. This percep-
tualphenomenais obtainedin thefollowing conditions.If in
the darkroomwith an ambientlight a pieceof black paper
is suspendedin the midair andis illuminatedby a beamof
light, it appearswhite. However whena pieceof realwhite
paperis shown next to the black one, the black paperbe-
comesperceptuallygrayor black.Apparentlytheblackpa-
per is perceptuallydarkenedby the adjacentpaperthat has
a higherre�ectance.Adding subsequentpatchesof increas-
ing re�ectancefurtherdarkenstheblackpaper. Clearly, this
effectcanby de�nition beattributedto theanchoringin gen-
eral and to the highestluminancerule in particular. More-
over, this effect cannotbeexplainedwith thecontrasttheo-
ries,becausethepapersdonothave to beplacedadjacentto
eachother[GKB � 99].

We performeda casestudyof this experimentto validate
theresultsof our algorithm.For comparison,we chosetwo
representative tonemappingalgorithms.The photographic
tonereproductionalgorithmpresentedin [RSSF02], which
is basedon an imageprocessingtechniqueandfollows the
anchoringto middle-grayrule,andthefastbilateral �ltering
presentedin [DD02], which is relatedto the intrinsic im-
agemodels.In the casestudy, we used� ve HDR images,
eachhaving thesamebackgroundluminanceequalto 10� 2,
showing from oneto � vepatcheswith progressively increas-
ing maximumre�ectance.Theluminanceof patcheswasre-
spectively equalto [� 1; � 0:75; � 0:5; � 0:25;0] in the log10
space.

Theresultsof processingof theseimageswith thechosen
tonemappingalgorithmsareshown in Figure7. Thefastbi-
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Figure 7: Simulationof the Gelb Effect by various tonemappingalgorithms.Theplots illustrate how the luminanceof the
patchesis mappedto perceivedre�ectancein caseof each of the �ve images.On the scaleof perceivedre�ectance, value0
mapsto white, 0:5 to grayand� 2 to black. Referto Section5.1for thediscussion.

lateral tonemapping[DD02] mapsrespectively eachpatch
to the sameperceived lightnessvalue throughoutall � ve
images.This is in accordancewith the lightnessconstancy
rule,but contraryto whattheobserversperceive.Evidently,
this methodis not able to predict the failure of the light-
nessconstancy rulein thiscase.Usingthephotographictone
reproduction[RSSF02] algorithm,theperceivedre�ectance
of theblackpatchis loweredby thepresenceof thepatches
with higherre�ectancewhatfollowstheGelbillusion.How-
ever in noneof the� ve situations,evenwith all � ve patches
present,the brightestpatchis mappedto a valueperceived
aswhite.This inaccuracy happensbecausetheaveragelumi-
nanceruleis usedfor anchoring.Clearly, usingourapproach
we areable to reproducethe samelightnessimpressionas
reportedfor theGelbexperiment.

5.2. ToneMapping

To illustratetheperformanceof ourtonemappingalgorithm,
we choseseveral HDR images,which containvariousdis-
tinct illumination features.We presentour resultsin Fig-
ure8, whereeachpanecontainsa tonemappedHDR image,
a mapof frameworks areas,andhistogramsof the original
andtonemappedimage.

One important issueis that the Gilchrist's model gen-
erally assumesapproximatelydiffuse surfacesand if self-
luminousareasexist, they occupy a limited �eld of view. In
our applicationwe usethis theory for complex scenesbe-

yondwhatwasoriginally testedbut we did not observe any
probleminvalidatingour approach.To our knowledge,per-
ceptualmodelof lightnessperceptionableto dealwith natu-
ral scenes,which containlargeself-luminoussurfaces,does
notexist.

The decompositioninto frameworks obtainedusing our
approachcorrelateswith the intuitive impressionof which
areashave common illumination. For instancethe fore-
groundof theTREE imageis in theshadow but thesunny day
givesacompletelydifferentillumination in thebackground.
In theDESK, CAFE andbothOFFICE imagestheindoorand
theoutdoorpartsarewell distinguishedevenwith a grating
structureof the window panein the OFFICE image.Also,
thealgorithmis ableto identify areasilluminatedwith lights
duringthenight asit canbeseenin theFOG andDESK im-
ages.In general,theextractedframeworksareplausiblede-
spitethe lack of semanticalinformation,which might seem
to be necessaryto performa successfuldecomposition.In-
terestingly, theimagestendto bedecomposedonly into two
frameworks,althoughthereis norestrictionontheirnumber.

Thelocal andglobalanchoringof luminanceis smoothly
modulatedby theprobabilitymapsof the frameworks.The
brightnessimpressionis well reproducedand the anchor-
ing to the highestluminanceensuresthat the luminanceis
correctlymappedto lightness.Theprobabilitymapshave at
leastacertainminimal in�uenceoneacharea,thusthey pre-
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venttheinversegradientsartifactsandthereversalof bright-
nessrelationbetweenframeworks.

It is importantto notethat thespatiallyprocessedframe-
worksdonotaffect local contrastsduringthetonemapping.
Ontheotherhand,thelinearhandlingof luminanceto merge
theframeworkspreservestheoriginal colors.

In contrastto the previous approachesto tone mapping
that usedthe segmentation[YP03], we do not aim in our
algorithmfor estimatingthe local adaptationlevel for each
pixel. YeeandPattanaikdecomposean imageinto several
layerswith different segmentationpropertiesand then av-
eragethemto �nally estimatethe local adaptationlevel for
eachpixel. On the contrary, in our approachwe groupthe
pixelsthatareunderconsistentilluminationsothatthey can
undergoacommonprocessing.

We avoid the direct picture-to-picturecomparisonto the
previous methodsof tone mappingbecausesucha judge-
mentwould behighly subjective.However a questionarises
what improvementour algorithmbringswith respectto the
solebilateral �ltering [DD02]. The quality of the dynamic
rangereductionusing the bilateral �ltering is very high,
however the �nal mappingof the reducedrangeto the dis-
play device is left to theuser, whereasour methodprecisely
de�nes the mapping.Finally, onecanbene�t from the ex-
tractionof theframeworks,which apartfrom thetonemap-
ping, enablelocal applicationof the effects like chromatic
adaptationor luminanceadaptation.

5.3. Performance

Thetonemappingof anHDR imageusingour algorithmis
a matterof secondson a modernPC. The majority of the
computationtime is spenton thedecompositioninto frame-
works. Oncethe frameworks areknown, the estimationof
anchorandmerging of frameworksconsistsof simpleoper-
ations.TheK-meansalgorithmoperateson a histogramand
is thereforeindependentof the imageresolution.The only
bottleneckis thespatialprocessingusingthebilateral�lter ,
althoughweuseanef�cient approachpresentedin [DD02].

6. Conclusions

We have presenteda novel tone mappingoperatorwhich
aimsat theaccuratereproductionof lightnessperceptionof
the real world sceneson low dynamicrangedisplays.We
leveragedthe anchoringtheory of lightnessperceptionto
handlecomplex imagesby developinganautomaticmethod
for the imagedecompositioninto frameworks.Throughthe
estimationof the local anchorswe formalizedthe mapping
of theluminancevaluesto lightness.Thestrengthof ourop-
eratoris especiallyevident for dif�cult shotsof real world
scenes,which involvedistinctregionswith signi�cantly dif-
ferentluminancelevels.

As a futurework we planto extendour techniqueto han-
dle dynamicsequences.The conceptof frameworks gives

a uniquepossibility for thetime-dependentlocal adaptation
via the smoothingof the local anchorsvalues.A naive ap-
proachto simulatetheeffectof localadaptationis to smooth
thechangesof individual pixel valuesover time, thussimu-
lating the luminanceadaptationof the photoreceptors.For
the moving objectsthat have a signi�cantly different lumi-
nancelevel thanthebackground,thismayleadto theghost-
ing effect. In fact, the HVS performsa trackingof moving
objectsof interestwith thesmooth-pursuiteye movements,
thereforetheretinalimageof theseobjectsis unchangedde-
spitetheirmovementon thedisplay. With thehelpof frame-
works we could follow the objectsand perform the local
adaptationcorrectly.
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