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Abstract

An andoring theoryof lightnessperceptioncompehensivelyexplainsmanycharacteristicsof humanvisual sys-
temsud aslightnessconstancyandits spectacularfailureswhich are importantin the perceptionof images.We

presenta novel approad to tonemappingof high dynamicrange (HDR) imageswhich is inspired by the anchor-

ing theory The key conceptof this methodis the decompositiorof an HDR image into areas(framavorks) of

consistentuminanceandthelocal calculationof thelightnessvalues.Thenetlightnessof animage is calculated
via the meging of the frameavorks proportionally to their strength.\We stressout the importanceof relating the
luminanceto a knownbrightnessralue(anchoring) andinvestigatehe advantaesof anchoring to theluminance
value perceivedas white We validate the accuracy of the lightnessreproductionin the presentedalgorithm by

simulatinga well knownperceptionexperimentOur appoac doesnot affectthelocal contrastandpreserveshe
natural colors of an HDR image dueto thelinear handlingof luminance

CateggoriesandSubjectDescriptorgaccordingo ACM CCS) 1.3.3 [ComputerGraphics]:Displayalgorithms

1. Intr oduction

Lightnessis a perceptualuantity measuredy the human
visual system(HVS) which describeshe amountof light
re ected from the surface normalizedfor the illumination
level. Contraryto brightnesswhich describes visual sen-
sationaccordingo whichanareaexhibits moreor lesslight,
the lightnessof a surfaceis judgedrelative to the bright-
nessof asimilarly illuminatedareathatappeargo bewhite.
Lightnessconstanyg is an importantcharacteristicof the
HVS which leadsto a similar appearancef the perceved
objectsindependentlpf thelighting andviewing conditions
[Pal99]. While observingthe imagespresentedn display
devices,it would bedesirablgo reproducehelightnessper
ceptioncorrespondingo the obsenation conditionsin the
real world. This is not an easytask becausehe lightness
constang achieed by the HVS is not perfectand mary
of its failuresappearin speci c illumination conditionsor
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even dueto changesdn the backgroundover which an ob-

sened objectis imposed[Gil88]. It is well known thatthe
lightnessconstang increasegor sceneregionsthatarepro-

jectedover wider retinal regions[Roc83]. This effect is re-

inforcedfor objectswhosepercevedsizeis larger even for

the sameretinal size [GC94]. The reproductionof images
ondisplaydevicesintroducedurtherconstraintsn termsof

anarraver eld of view andlimitationsin theluminancedy-

namicrange.Somefailuresof lightnessconstang still ap-
pearin suchconditions(simultaneousontrastfor instance),
but other suchasthe Gelbillusion, cannotbe obseredon a

displaydevice.

For imagesthat capturereal world luminancelevels, the
so-calledhigh dynamicrange(HDR) images,the problem
of a correctlightnesslevel reproductiormustbe addressed.
Fortunatelysuchareproductioris feasiblebecaus¢he HVS
hasalimited capacityto detecthedifferencesn theabsolute
luminancelevels andit concentratemoreon the aspectof
spatialpatternsvhencomparingtwo images[Pal99. How-
ever, a successfulightnessreproductionalgorithm should
properly accountfor the lightnessconstang failures that
cannotbeevokedin theHVS usingadisplaydevice.Clearly,
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we needto embeda lightnessperceptiormodelinto the pro-
cessingpipelineof HDR imagesin orderto improve the -
delity of theirdisplay

The problemof lightnessperceptiorhasbeenstudiedex-
tensvely in thelasttwo centuriegreferto [Pal99]for a de-
tailed historicalaccount).The mostprominenttheoriesfol-
low Wallach's obsenation that the perceved lightnessde-
pendsontheratio of theluminanceat edgeshetweemeigh-
boringimageregions.In theretine theory[LM71] it is as-
sumedhatevenfor remoteimageregionssucharatiocanbe
determinedhroughthe edgeintegrationof luminanceratios
alongan arbitrary pathconnectinghoseregions. Lightness
constang canbewell modeledby theretinex algorithmun-
dertheconditionthattheilluminationchangeslowly, which
effectively meanghatsharpshadev borderscannotbeprop-
erly processedTo overcomethis problem,Gilchrist andhis
collaboratorsuggestethatthe HVS performsanedgeclas-
si cation to distinguishillumination and re ectanceedges
[Gil77]. Thisledto theconcepbf thedecompositiorof reti-
nalimagesnto thesocalledintrinsicimageqdBT78, Are94]
with re ection, illumination, depth and other information
storedin independenimagelayers.

Modern lightness perceptiontheories basedon intrin-
sic imagesdealwith lightnessconstang very successfully
however they have problemswith the modelingof apparent
failuresof lightnessconstang [GKB 99]. Also, while they
provide relative lightnessvaluesfor varioussceneregions,
they fail to assigncorrespondingabsolutelightnessvalues
for givenobsenationconditions.In fact,it is enoughto nd
only onesucha correspondin@bsolutevalue (the so called
andor value)andthe remainingvaluesimmediatelycanbe
found throughthe known ratios. The problemof lightness
constang failuresand absolutdightnessassignmentis ad-
dressedy an andoring theory of lightnessperceptionde-
velopedby Gilchristetal. [GKB 99] whichis supportedy
extensve experimentaktudieswith the humansubjects.

In this papemwe investigatethe applicationof the anchor
ing theory[GKB 99] to the tone mappingproblem,which
dealswith the renderingof HDR imageson low dynamic
range (LDR) display devices. The overall goal of our re-
searchis to addresghe problemof the correctlightnessre-
productionduring the dynamicrangecompressionljmiting
the distortionsof the local contrastsandthe changein the
appearancef the original colors wheneer possible.Dur-
ing thetonemapping apartfrom theassignmenof absolute
lightnessvaluesto variousimageregions, as predictedby
theanchoringheory we mayalsoneedto scaletheresulting
lightnessratiosto adaptthemto the limited dynamicrange.
Sincewe dealwith realworld scenesweintroduceanew ap-
proachto analyzeanHDR imagein termsof areaghathave
commonproperties called the framavorks. On the techni-
callevel, this requiresanalgorithmfor automaticextraction
of suchframeworksfrom complex HDR imagesFinally, we
stressout the importanceof relating the luminancevalues

to aknown brightnesdevel — anchoring We investigatethe
adwantagesof anchoringto luminancevalue perceved as
white, insteadof middle-graywhich is a commonpractice
[FPSG96,THG99 PTYGO0,RSSF02 We thensimulatea
perceptiorexperimentto illustratetheaccurag of thelight-
nessreproductionin the presentedonemappingalgorithm.

The paperis organizedas follows. Section2 provides
an overview of existing tone mappingoperatorsfrom the
standpointof lightnessperception.n Section3 we brie y
overviev the anchoringtheory of lightnessperception.In
Section4 we demonstrate@ur applicationof this theoryto
the tone mappingproblem, which involves the image de-
compositiorinto framevorksandthe computatiorof anchor
pointsfor thoseframeaworks. In Section5 we presenttone
mappedimagesobtainedusing our techniqueand we pro-
vide information concerningits performanceWe conclude
the paperin Section6 andwe proposedirectionsof future
research.

2. Previous Work

The problemof tonemappinghasbeenextensiely studied
in computergraphicsfor over adecadgreferto [DCWP0J
for a suney). In this section,we analyzethe existing algo-
rithmsin view of theirtiesto lightnessperceptiortheories.

A numberof tone mappingoperatorshasedon models
of the HVS have beenproposed.Tumblin and Rushmeier
[TR93] usedamodelof brightnesperceptiorthatwasbased
on the powerlaw relationshipbetweenthe brightnessand
the correspondinduminance,as proposedby Stevensand
Stevens[SS60]. The main objectve wasto presere a con-
stantrelationshipbetweenthe brightnessof a sceneper
ceived on a display and its real counterpartfor ary light-
ing condition. Other operatorsincluded thresholdmodels
of the contrastperceptionfor the sceneluminancecom-
pression[War94 FPSG96WLRP97,PFFG98 Ash02]. To
accountfor the adaptationto variousluminancelevels the
thresholdversusintensityfunctionhasbeenused.Pattanaik
et al. [PTYGO0O0] and Reinhardet 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
luminancecompressionwhich unfortunatelylead to halo
artifactsfor the HDR imagesalonghigh contrastedgesin-
spiredby thelightnessperceptiormodel,developedby Horn
[Hor74], Fattalet al. [FLWO02] proposecdh successfugradi-
entdomaintonemappingoperatorFattaletal. obsenedthat
ary large contrastin theimagemustgive riseto large mag-
nitudeluminancegradientswhile texturesandother ne de-
tails resultin gradientof muchsmallermagnitudeTheiral-
gorithmidenti ed suchlarge gradientsandattenuatedhem
withoutalteringtheir directions which leadto halo-freeim-
agesof agoodquality.

¢ TheEurographicfssociationandBlackwell Publishing2005.
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A conceptof intrinsic images[BT78, Are94], separat-
ing theillumination andre ectance(details)layers,inspired
mary tonemappingoperatorsThe high contrasiof theillu-
minationlayeris usuallyreducedby scaling,while the de-
tails layer (assumedo be of low contrast)is presered.The
ideawas rst introducedby Tumblin et al. [THG99], who
assumedhat theselayersare explicitly provided, which is
the caseonly for syntheticimages.Later, several methods
for anautomatidayerseparatiorhave beenintroduced.The
LCIS operator[TT99] separateshe imageinto large scale
featuregpresumablyjllumination) and ne details.A much
betterseparatiorhasbeenachieved usingthe bilateral Iter
[DDO02].

All of theaforementionedhethodgo a certainextenttake
into accounthe ndings in psychoplysicsandphysicalpro-
cessingn theretina,but noneis explicitly in uencedby the
theoreticalresearchin lightnessperception.The tone map-
ping basedon the separatiorof the HDR imageinto illumi-
nationanddetaillayerscloselyresembleheintrinsicimage
models[BT78, Are94. Thesemodelsare known asone of
the mostadvancedmodelsof lightnesstheory however they
do not de ne how to treatthe luminancewithin eachlayer
In generaltheanchoringn tonemappingis ofteneitherne-
glectedor appliedonly indirectly via theluminancenormal-
izationby thelogarithmicaverageof anHDR image.

3. Anchoring Theory Of LightnessPerception

The recently presentednodel of an anchoringtheory of

lightnessperceptionby Gilchrist et al. [GKB 99] provides
an unprecedentedaccount of empirical experiments for

whichit providesa soundexplanation.Thetheoryis qualita-
tively differentform theintrinsicimagemodelsandis based
on a combinationof globalandlocal anchoringof lightness
values We introducethe mainconceptf thistheoryin the
following sectionsWe rst discusgherulesof anchoringn

simpleimagesandlater explain how to apply themto com-
plex scenes.

3.1. Anchoring Rule

In orderto relatetheluminancevaluesto lightnessit is nec-
essarnyto de ne atleastonemappingbetweertheluminance
value and the value on the scaleof perceved gray shades
—theancor. Oncesuchananchoris de ned, the lightness
valuefor eachluminancevalue canbe estimateddy the lu-
minanceratio betweenthe value and the anchor This es-
timation is referredto asscaling As notedbefore,the an-
chorcannotbe de ned oncefor the absolutduminanceval-
ues,but rathermustbe tied to somemeasureof relative lu-
minancevalues Practically two differentapproacheso an-
choringareknown: theaveragduminancerule andthehigh-
estluminancerule.

The averageluminancerule derivesfrom the adaptation-
level theory [Hel64] and statesthat the average lumi-

¢ TheEurographic#ssociationandBlackwell Publishing2005.

nancein the visual eld is perceved as middle gray
Thus the relatve luminance values should be anchored
by their averagevalue to middle gray This assumption
was later commonly adoptedin tone mappingtechniques
[FPSG96,THG99 PTYGO00,RSSF02

Initially the highestluminancerule de ned the anchoras
a mappingof the highestluminancein the visual eld to a
lightnessvalueperceved aswhite. However, the perception
of self-luminoussurfacescontradictshis rule. Whenfor in-
stancearelatively smallwhite discis surroundedy alarge
darkarea(anincrementeststimuli), the white discappears
self-luminous,.e. produceshe impressionof beinglighter
thanwhite. Apparentlytheperceptiorof lightnessds affected
by arelative area[LG99]. Thereis a tendeng of the high-
estluminanceto appeawhite anda tendeng of the largest
areato appeamwhite. Thereforethe highestluminancerule
wasrede nedbasedon this experimentakvidence.As long
asthereis no con ict, i.e. the highestluminancecoversthe
largestareathe highesiuminancebecomes stableanchor
However, whenthe darker areabecomedarger, the highest
luminancestartsto be perceved as self-luminous.The an-
chorbecomesa weightedaverageof the luminancepropor
tionally to theoccupying area.

The experimentalevaluation of the averageluminance
rule versusthe highestluminancerule was presentedn
[LG99]. In this study the visual eld of the obsererswas
limited to a large acrylic hemispheravhoseone half was
paintedmatteblack andthe otherhalf was paintedmiddle-
gray The experimentwas conductedn the isolatedcondi-
tionsto preventthe uncontrolledin uence of otherstimuli.
Li andGilchristreportecthatthe middle-grayhalf wasseen
by the obserers as fully white, while the black half was
seenas dark gray Additionally, when the black areawas
increasedand becameconsiderablylarger thanthe middle-
gray area,the perceptualeffect of self-luminosity for the
middle-gray part was reported.Other ndings, basedon
Mondrians[Pal99], which aremore comple stimuli, agree
with theseconclusion§GC94]. Rich experimentakvidence
decisively favorsthehighestuminanceule overtheaverage
luminancerule.

3.2. ComplexImages

Theanchoringule,describedn theprevioussectioncannot
be applieddirectly to complex imagesin an obvious way.

Instead Gilchrist et al. [GKB 99] introducethe conceptof

decompositiorof an imageinto componentsframeavorks

in which the anchoringrule canbe applieddirectly. In the
describedheory following thegestalttheoristsframevorks
arede ned by regionsof commonillumination. Forinstance,
all objectsbeing underthe sameshadaev would constitute
a framework. A real-world imageis usually composedof

multiple frameworks.

The frameawvork regions can be organizedin an adjacent
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or ahierarchicalay andtheirareagmayoverlap.Thelight-
nessof atargetis computedaccordingto theanchoringrule
in eachframavork. However, if a targetin a comples im-
agebelongsto morethanoneframework, it mayhave differ-
entlightnessvalueswhenanchoredwithin differentframe-
works. Accordingto the model,the netlightnessof a given
tamgetis predictedasa weightedaverageof its lightnessval-
uesin eachof the framevorks in proportionto the articu-
lation of this framework. The articulationof a framewvork
is determinedy the variety of luminancevaluesit contains
in sucha way that framevorks with low variancehave less
in uence onthenetlightness.

4. ToneMapping Method

Basedon the lightnessperceptiontheory discussedn the
previous sectionwe derive a tone mappingalgorithm for
contrastreductionin HDR images.The algorithmtakes as
aninputan HDR imagede ned by oating point RGB val-
uesthat are linearly relatedto luminance,and producesa
displayableLDR imageasa result. The contrastreduction
processs solelybasedn theluminancechannel.

We rst decomposethe input sceneinto overlapping
framevorks. Each pixel of the HDR image is described
by the probability of its belongingnesso eachframework.
Next, we estimatethe anchorin eachframework, i.e. thelu-
minancevalueperceved aswhite. We thencomputethe lo-
calpixel lightnesswithin eachframework. Finally, we calcu-
latethenetlightnessof eachpixel by meging theindividual
frameavorksinto oneimageproportionallyto the pixel prob-
ability values.Theresultis suitableto beviewedonanLDR
displaydevice.

In the following sectionswe explain in detailseachstage
of thepresentedonemappingalgorithmandprovide theim-
plementatiordetails.

4.1. Decompositioninto Frameworks

WedecomposanHDR imageinto framavorksbasednthe
pixel intensityvalue.As we later shav in practice the con-
trastrangetypical to everydaysituationsis wide enoughto
allow usto identify in theimagefor examplethe areasof a
darkshadev onasunry day thedim interior of aroomwith
awindow view onasunry outdoor thestreetlight illumina-
tion in anightsceneandsoon.

To nd a plausibledecompositiorinto frameworks, we
experimentedwith several sggmentation algorithms and
notedthatthemeanshift sgmentatiofCMO02] producedhe
mostappropriateesults. However, sggmentatioralgorithms
strictly assigneachpixel to only one segment,thereforein
our applicationpixels were often incorrectly sggmentedin
theareaswvherethey shouldbelongto multiple frameworks.
Furthermoreusingpuresggmentatiormethodsye wereun-
ableto correctlyde ne smoothtransitionsbetweerthe bor
dersof frameworks. We thereforedecidedo tailor acustom

decompositiomethod.We explain our algorithmon an ex-
ample HDR image (Figure 1) using Figures2 and 3 asa
reference.

Figure 1: DEsk — an example HDR image from the
OpenEXRsamples.To give an impressionof the dynamic
range in the scenetheleft image is exposedor thedimin-

terior andtheright image is exposedor the stainedglass.

We represent framavork asa probability map over the
whole image in which a probability of belongingto this
frameawork is assignedo eachpixel. We de ne an areaof
a frameawork asa groupof pixels of the HDR imagewhose
probability of belongingto this framework is above 0:6. A
valid framevork musthave anon-zeroarea.For the purpose
of tonemappingfor LDR displayswe imposea furthercon-
straintonthedynamicrangein the framework's areawhich
cannotexceedtwo ordersof magnitude.

To obtaina decompositionthatmeetsthe aforementioned
requirementsywe implementthe following method We start
with the standardK-meansclusteringalgorithmto nd the
centroidsthat provide an appropriateseggmentationof the
HDR imageinto framevorks. We operateon a histogramin
the log, of luminance.We de ne a constrainton the dif-
ferencebetweentwo neighboringcentroids,which should
not be belonv one,to prevent framewvorks from represent-
ing too similarillumination. We initialize theK-meansalgo-
rithm with valuesrangingfrom the minimum to maximum
luminancein theHDR imagewith aluminancestepequalto
oneorderof magnitudeandwe executethe iterationsuntil
thealgorithmcorverges.An examplehistogramof theHDR
imagewith converged centroidsis shavn in Figure 2 (top
histogram).

Often, the corvergedcentroidsrepresenemptysegments
or mayarequirere nementto meettheimposedconstraints.
First,weremorethecentroid¢o whichnoimagepixelswere
grouped.Then,we iteratively meige centroidsif the differ-
encebetweenthemis belov one.In eachiteration,the two
closestcentroidsare meigedtogetherandthe new centroid
valueis equalto their weightedaverageproportionalto their

¢ TheEurographicfssociationandBlackwell Publishing2005.
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Converged centroids

histogram
centroids

| histogram
08 | - centroids

) histogram ——
08} . - centroids

logyp luminance

Figure 2: The histagram of the HDR image from Figure 1
illustrating the estimationof centoidswhich providean ap-
propriate decompositionto framevorks.In themiddleand
bottom histagramsthe belongingness$unctionsare shown
for eadh framevork. Themaximaof thebelongingnesfunc-
tions do not alwaysmatd the centioids dueto the normal-
ization.

area:

G S+Cj §
S+ S
whereC; andC; arethe valuesof the too closecentroids,
and§ andS; denotethe numberof pixels clusteredto this

centroidsIn themiddle histogramin Figure2 we shav pro-
cessedentroidswhich meetour constraints.

G;j = ()

Given the centroidvalues,we initially assignthe proba-
bility valuesbasedn thedifferencebetweerthepixel value
andthecentroid. We modelsuchabelongingnesto thecen-
troid with a Gaussiariunction:

G Yo

R(xy)=e 22 @
whereP, representshe probability mapfor framework i, C;
is the centroidfor thatframework, Y denotegheluminance
of theHDR image(bothC;j andY arein thelog, space)and
thevariances equalsto a maximumdistancebetweeradja-
centcentroids.The belongingnessaluesare normalizedto
correctlyrepresentheprobabilities At this stage somecen-
troids may still represent framavork with an empty area
(accordingto our de nition). We iteratively remove these
centroidsby meging themto the closestneighboringcen-
troid usingequation(1) andrecalculatehe probabilities.

¢ TheEurographic#ssociationandBlackwell Publishing2005.

In Figure 2 in the middle histogram,we shov the mod-
elled probabilities for each centroid. Apparently several
framavorks do not contain ary pixels with a probability
above 0:6 andthereforeshouldberemoved. Thebottomhis-
togramof in the same gure illustratesthe nal centroids
with probabilityfunctionsthatde ne valid frameworks.

Next, we spatially processthe probability map of each
frameawork. The goal of spatialprocessings to smoothlo-
cal smallvariationsin the probability valueswhich may ap-
peardueto textures.At the sametime, however, it is impor-
tantto presere high variationswhich could appearon the
bordersof framevorkswherehigh illumination contrastap-
pears.The bilateral Iter [TM98] is an appropriatemage
processingool for this purpose.We lter the probability
map of eachframewnork with a bilateral Iter in which the
rangevarianceis setto 0:4 andthe spatialvarianceto the
half of the smallerdimensionof the HDR image.

framework #1 framework #2

distance based probability maps

spatial processing (bilateral filter)

frameworks’ areas

Figure 3: Processingof probability mapswhich represent
the decompositiorinto framevorks. The probability range

0: lislinearly mappedo a gray scale therefore white cor-

respondgo the highestprobability and bladk to the lowest.
In the framavorks' area,redand greencolors representhe

interior framevork andthe stainedglassframevork respec-
tively.
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In Figure3 we shawv the probability mapsdescribingthe
decompositiorinto frameworks of anexampleHDR image.
Usingour methodswe cansuccessfullydentify thedim in-
terior andthe brightly backlit stainedglass.Somepartsof
the stainedglassin the framework's areaimagemay appear
to beassignedncorrectly howeverthe underlyingprobabil-
ity valuesare closeto 0:5 what assureghat no artifactsin
thefurtherprocessingvill beintroducedhere.

4.2. Articulation of Framework

Apart from the illumination conditions,the probability of
a pixel belongingto a particularframevork also depends
on the articulationof the framevork (seeSection3.2). If a
framework is highly articulated the pixels are strongly an-
choredwithin this framework evenif their probability of be-
longingto this framework is not high.

For thepurposeof tonemappingwe estimatehearticula-
tion independentlyor eachframeavork basednits dynamic
range A framevork whosedynamicrangeis higherthanone
orderof magnitudehasa maximumarticulationandasthe
dynamicrangegoesdown to zerothe articulationsreaches
the minimum. We modelthe amountof articulationusinga
Gaussiarfunction:

(maxyj _minY;)2
A=1 e 2032 3)
where Ay denotesthe articulation of the framevork i, and
minY; and maxy; representthe minimum and maximum
log; o luminancein the areaof this framewvork. The plot of
thearticulationfunctionis shavn in Figure4.

We apply the articulationfactor to frameworks by mul-
tiplying their probability mapsP by their respectre artic-
ulation factorsA;. We thennormalizethe probability maps
andassuchobtainthe nal resultof thedecompositiorinto
frameaworks.

0.8
0.6
0.4
0.2
0 1 1 1 1
0 05 1 156 2 25

dynamic range in orders of magnitude

articulation

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

Usually, all frameworks in animagewill have a maxi-
mumarticulation.Sometime$owever, auniformaredike a
backgroundnayconstitutea framewvork dueto its uniqueil-
lumination.Articulation preventssucha backgroundrame-
work to play animportantrole in the computatiorof the net
lightnessby minimizing thelocal anchoringof pixelsto this
frameawork in favor of otherframevorks.In anextremesitu-
ation,whenall frameavorks have minimum articulation,the
framevork with the highestanchoris assignedca maximum
articulation,thusimposingthe global anchoringin the im-
age.

4.3. Estimation of Anchor

Having the HDR image decomposednto frameworks, we
estimatean anchorwithin eachframevork. Sincewe em-
ploy the highestluminancerule, we needto nd the lumi-
nancevaluethatwould bepercevedaswhite,in caseagiven
framewvork would be obseredasstand-alone.

As we discussedn Section3.1, althoughwe apply the
highestluminancerule, we cannotdirectly usethe highest
luminancein the framewvork asananchor Seeminglythere
is arelationbetweenwhatis locally perceved aswhite and
its area.lf the highestluminancecoversa large areait be-
comesa stableanchor However, if the highestiuminanceis
largely surroundedy darker pixels, thesepixelshave aten-
dengy to appeamwhite andthe highestiuminanceappearss
self-luminous.This implies an arearelatedapproactto the
estimatiorof thelocalanchor Thereforewe estimatethelo-
cal anchorby removing 5% of all pixelsin theframework's
areathathave the highesuminanceandthentake the high-
estluminanceof the restof the pixels asthe anchor(i.e.,
we computethe 95-thpercentile) With this approactwe are
ableto skip potentialpixelsthatrepresenself-luminousar
easin thesceneaasfor instancehighlights.In casef thereare
no highlights,theanchoris only slightly underestimated.

On the other hand, sincethe 5% is an empirical value,
computingthe 95-th percentilemay appearto be an unsta-
ble approachThereforewe performeda stability test. We
checled whetherwe obtain the sameanchorin all frame-
works for the HDR imagesof the samescene but at three
differentresolutions— 100%,60% and 30% of the original
resolution.In this testwe includedall theimagespresented
in theresultssectionandatotal of 50 otherimagesfrom our
databaseThe maximumdifferencebetweertheanchorgid
notexceed0:05on alog; o scalewhichis astableresultfor
our purposeslt is importantto note, that the rescalingof
animageaffectsits dynamicrangewhat may have a direct
in uence ontheanchor

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

4.4, Merging Frameworks

In the nal stageof thetonemappingprocessywe compute
thegloballightnesof thepixelsby memgingtheframenorks.
We individually processeachframevork in turn. We shift
the original luminancevaluesof the HDR imageaccording
to thelocally estimatedightnessvalueandproportionallyto
the probability map:

Lxy) = Y(xy) aW R(xy) 4)

whereL denoteghe nal lightnessvalue,Y the original lu-
minanceof the HDR image,W the local anchorof frame-
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framework #1 framework #2

local anchoring in frameworks

merging frameworks

4

Figure 5: Local anchoring in the framavorksand the nal
tonemappingresultobtainedby meiging the framavorks.

work i (all thesevaluesarein thelog;y space)andP is the
probabilitymap.

In Figure6 we shav how the shiftingin uencestheloca-
tion of thelocalanchorsandhow thememging processffects
the image histogram.It is visible in the bottom histogram
thatall but thedarlkestareasf theimageare t into thedis-
playablerange.The nal tonemappedesultof theexample
image(Figurel) is shavn in Figure5.

5. Results

The mainfocusof this paperis to demonstrate¢he applica-
tion of the lightnessperceptiortheoryto tonemapping.We
rst presenthe resultsof our methodby simulatinga well
known perceptuakxperiment Next, we illustratetheresults
of the tone mappingof several HDR imageswith different
featuresand discussthe accurag of the anchoringand of
the frameworks identi cation. Finally, we commenton the
compleity of ouralgorithm.
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Histogram of the original HDR image with local anchors
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Figure 6: The histagram of the HDR image from Figure 1
with local anchors (top). Below is the histogram of the
tone mappedimage illustrating how the local anchors are
mappedglobally. We mapthe 2: 0 range to displayable
values,sincea typical display device is capableto display
theluminancerange of two orders of magnitude(the marked
areaonthebottomhistogram).

5.1. Simulation of Gelb Effect

The Gelb Effect is a well known illusion and provides a
good exampleof lightnessconstang failure. This percep-
tual phenomenés obtainedn thefollowing conditionsIf in

the darkroomwith an ambientlight a pieceof black paper
is suspendedh the midair andis illuminated by a beamof

light, it appearsvhite. However whena pieceof realwhite

paperis shavn next to the black one, the black paperbe-
comesperceptuallygray or black. Apparentlythe black pa-
peris perceptuallydarkenedby the adjacentpaperthathas
a higherre ectance.Adding subsequenpatchef increas-
ing re ectancefurtherdarkensthe black paper Clearly, this

effectcanby de nition beattributedto theanchoringn gen-
eral andto the highestluminancerule in particular More-

over, this effect cannotbe explainedwith the contrastheo-
ries,becausehe papersdo not have to be placedadjacento

eachother[GKB 99].

We performeda casestudyof this experimentto validate
the resultsof our algorithm.For comparisonye chosetwo
representatie tone mappingalgorithms.The photaraphic
tonerepmoductionalgorithmpresentedn [RSSF02, which
is basedon animageprocessingechniqueandfollows the
anchoringo middle-grayrule,andthefastbilateral Itering
presentedn [DDO02], which is relatedto the intrinsic im-
agemodels.In the casestudy we used ve HDR images,
eachhaving the samebackgrounduminanceequalto 10 2
shawving from oneto ve patcheswith progressiely increas-
ing maximumre ectance.Theluminanceof patchesvasre-
spectvely equalto [ 1; 0:75; 0:5; 0:25;0] in thelog,g
space.

Theresultsof processingf theseémageswith thechosen
tonemappingalgorithmsareshavn in Figure?. Thefastbi-
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Figure 7: Simulationof the Gelb Effect by varioustone mappingalgorithms.The plots illustrate how the luminanceof the
patchesis mappedo perceivedre ectancein caseof eat of the ve images.On the scaleof perceivedre ectance value0
mapsto white, 0:5to grayand 2 to bladk. Referto Sectionb.1for the discussion.

lateraltone mapping[DD02] mapsrespectiely eachpatch
to the sameperceved lightnessvalue throughoutall ve
images.This is in accordancevith the lightnessconstang
rule, but contraryto whatthe obsenersperceve. Evidently
this methodis not able to predictthe failure of the light-
nessconstang rulein this case Usingthephotographi¢one
reproductiofRSSFO02 algorithm,the percevedre ectance
of theblack patchis loweredby the presencef the patches
with higherre ectancewhatfollowstheGelbillusion. How-
everin noneof the ve situationsevenwith all ve patches
presentthe brightestpatchis mappedo a value perceved
aswhite. Thisinaccurag happendecaus¢heaveragdumi-
nanceuleis usedfor anchoringClearly, usingourapproach
we are ableto reproducethe samelightnessimpressionas
reportedfor the Gelbexperiment.

5.2. ToneMapping

To illustratetheperformancef ourtonemappingalgorithm,
we choseseveral HDR images,which containvariousdis-
tinct illumination features.We presentour resultsin Fig-
ure8, whereeachpanecontainsatonemappedDR image,
a map of frameworks areas and histogramsof the original
andtonemappedmage.

One importantissueis that the Gilchrist's model gen-
erally assumespproximatelydiffuse surfacesand if self-
luminousareasexist, they occupy alimited eld of view. In
our applicationwe usethis theoryfor complex scenese-

yondwhatwasoriginally testedbut we did not obsere ary
probleminvalidatingour approachTo our knowledge,per
ceptuaimodelof lightnessperceptiorableto dealwith natu-
ral sceneswhich containlarge self-luminoussurfacesdoes
not exist.

The decompositiorinto frameworks obtainedusing our
approachcorrelateswith the intuitive impressionof which
areashave commonillumination. For instancethe fore-
groundof the TREE imageis in theshadaev butthesunry day
givesa completelydifferentillumination in the background.
In the DEsk, CAFE andboth OFFICE imagestheindoorand
the outdoorpartsarewell distinguishedevenwith a grating
structureof the window panein the OFFICE image.Also,
thealgorithmis ableto identify areaslluminatedwith lights
duringthe night asit canbe seenin the FOG andDESK im-
ageslIn generalthe extractedframenorks are plausiblede-
spitethe lack of semanticalnformation,which might seem
to be necessaryo performa successfutlecompositionin-
terestinglytheimagestendto be decomposednly into two
frameworks,althoughthereis norestrictionontheirnumber

Thelocal andglobalanchoringof luminanceis smoothly
modulatedby the probability mapsof the framevorks. The
brightnessimpressionis well reproducedand the anchor
ing to the highestluminanceensureghat the luminanceis
correctlymappedo lightnessThe probabilitymapshave at
leasta certainminimalin uence on eachareathusthey pre-
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venttheinversegradientsartifactsandthereversalof bright-
nesselationbetweerframevorks.

It is importantto notethatthe spatiallyprocessedrame-
worksdo notaffectlocal contrastsiuringthetonemapping.
Ontheotherhand thelinearhandlingof luminanceto meige
theframaworks preserestheoriginal colors.

In contrastto the previous approachego tone mapping
that usedthe sggmentation[YP03], we do not aim in our
algorithmfor estimatingthe local adaptatiorlevel for each
pixel. Yee and Pattanaikdecomposen imageinto several
layerswith different sggmentationpropertiesand then av-
eragethemto nally estimatethe local adaptatiorievel for
eachpixel. On the contrary in our approachwe groupthe
pixelsthatareunderconsistentllumination sothatthey can
undego acommonprocessing.

We avoid the direct picture-to-picturecomparisorto the
previous methodsof tone mappingbecausesucha judge-
mentwould be highly subjective. However a questionarises
whatimprovementour algorithmbringswith respecto the
sole bilateral Itering [DDO02]. The quality of the dynamic
rangereductionusing the bilateral Itering is very high,
however the nal mappingof the reducedrangeto the dis-
play device s left to the user whereaour methodprecisely
de nes the mapping.Finally, one canbene t from the ex-
tractionof the frameworks, which apartfrom thetonemap-
ping, enablelocal applicationof the effectslike chromatic
adaptatioror luminanceadaptation.

5.3. Performance

Thetonemappingof an HDR imageusingour algorithmis
a matterof secondson a modernPC. The majority of the
computatiortime is spenton the decompositiorinto frame-
works. Oncethe framewnorks are known, the estimationof
anchorandmeging of framevorks consistsof simpleoper
ations.The K-meansalgorithmoperaten a histogramand
is thereforeindependenbf the imageresolution.The only
bottleneckis the spatialprocessingisingthe bilateral Iter,
althoughwe useanef cient approactpresentedh [DD02].

6. Conclusions

We have presenteda novel tone mappingoperatorwhich
aimsat the accurateeproductiorof lightnessperceptiorof
the real world sceneson low dynamicrangedisplays.We
leveragedthe anchoringtheory of lightnessperceptionto
handlecomplex imagesby developinganautomationethod
for theimagedecompositiorinto framevorks. Throughthe
estimationof the local anchorswe formalizedthe mapping
of theluminancevaluesto lightness.The strengthof our op-
eratoris especiallyevident for dif cult shotsof real world
sceneswhichinvolve distinctregionswith signi cantly dif-
ferentluminanceevels.

As afuturework we planto extendour techniqueo han-
dle dynamicsequencesThe conceptof framewvorks gives

¢ TheEurographic#ssociationandBlackwell Publishing2005.

auniquepossibility for the time-dependenibcal adaptation
via the smoothingof the local anchorsvalues.A nawe ap-
proachto simulatethe effect of local adaptatioris to smooth
the change®f individual pixel valuesover time, thussimu-
lating the luminanceadaptatiorof the photoreceptorsFor
the moving objectsthat have a signi cantly differentlumi-
nanceevel thanthe backgroundthis mayleadto theghost-
ing effect. In fact, the HVS performsa tracking of moving
objectsof interestwith the smooth-pursuieye movements,
thereforetheretinalimageof theseobjectsis unchangedie-
spitetheirmovementon the display With the help of frame-
works we could follow the objectsand perform the local
adaptatiorcorrectly
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