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Abstract
Weconducta seriesof experimentsto investigatethedesiredpropertiesof a tonemappingoperator (TMO)andto
designsuch an operator basedon subjectivedata.We proposea novel approach to thetonemappingproblem,in
which thetonemappingparametersaredeterminedbasedonthedatafromsubjectiveexperiments,ratherthanan
imageprocessingalgorithmor a visualmodel.To collectthisdata,a seriesof experimentsareconductedin which
thesubjectsadjustthreegenericTMOparameters: brightness,contrastandcolor saturation. In twoexperiments,
thesubjectsare to �nd a) themostpreferredimage withouta referenceimage (preferencetask)andb) theclosest
imageto thereal-worldscenewhich thesubjectsareconfrontedwith (�delity task).Weanalyzesubjects'choiceof
parameters to providemore intuitive control over theparameters of a tonemappingoperator. Unlike mostof the
researchedTMOsthat focusonrenderingfor standard low dynamicrangemonitors,weconsidera broadrangeof
potentialdisplays,each offeringdifferentdynamicrangeandbrightness.Wesimulatecapabilitiesof such displays
on a high dynamicrange (HDR) display. Thisallowsusto addressthequestionof howtonemappingneedsto be
adjustedto accommodatedisplayswith drasticallydifferentdynamicranges.

Categoriesand SubjectDescriptors(accordingto ACM CCS): I.3.8 [ComputerGraphics]:High dynamicrange
images,Visualperception,Tonemapping

1. Intr oduction

A greatvariety of tone mappingoperatorshave beende-
velopedin recentyears(refer to [RWPD05] for a detailed
survey) in responseto accessibleandsimplehigh dynamic
range(HDR) imageacquisitiontechnology. A majority of
existing operatorsaredesignedto produceimagesthat just
“look good”. Some operators,especially those designed
speci�cally for realistic image synthesisapplications,use
modelsof brightnessorcontrastperceptiontoachieveagood
matchbetweentheimage's appearanceandthecorrespond-
ing real-worldscene.In practice,eachoperatorboilsdown to
an imageprocessingalgorithmthat transformsHDR pixels
into their LDR counterpartsusingeithera monotonicfunc-
tion with respectto the HDR pixel intensity (global oper-
ators)or a morecomplex relation that involves local pixel
neighborhoodconsiderations(local operators).While new
tonemappingoperatorsareproposed,thereis little under-
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standingwhethertheir improvementsand additionalcom-
plexity really leadto betterimages.It turnsoutthatit is dif�-
cult to selectoneexistingoperatorthatconsistentlyperforms
thebestin termsof userpreferencesor �delity to theoriginal
sceneappearancefor all HDR images[RWPD05].

Evaluationof tone mappingoperators(TMO) is an ac-
tive researcharea[DMMS02,KYJF04,LCTS05,YBMS05],
which at thecurrentstageis morefocusedon choosingcor-
rectpsychophysical techniquesthanon providing any clear
guidanceasto how existingoperatorsshouldbeimprovedto
produceconsistentlyhigh quality images.All existing eval-
uationmethodstreateachtestedTMO asa “black box” and
its performanceis comparedwith respectto other opera-
tors,withoutexplainingthereasonsunderlyinghumanjudg-
ments.While someevaluationmethodsgo onestepfurther
and attemptto analyzethe reproductionquality of overall
brightness,global contrast,and details(in dark and bright
imageregions)[LCTS05, YBMS05], but again they arefo-
cusedon comparingwhich operatoris better for eachof
thesetasks.Thosestudiesdo not provide any deeperanaly-
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sisasto how pixelsof anHDR imagehavebeentransformed
andwhat the impactof sucha transformationis on desired
tone mappedimagecharacteristics[DZB05]. Another im-
portantquestionis how the outcomeof the transformation
dependson theparticularHDR imagecontent.

In all discussedevaluationexperimentsonly one set of
parametersper TMO andper HDR imageis consideredin
order to reducethe numberof imagesthat must be com-
paredby subjects.The choiceof the parametersmay dra-
maticallyaffect theappearanceof tonemappedimagesand
thusthe performanceof a TMO. Experimenterscommonly
set suchparametersbasedon their choiceor a small pilot
study, which may leadto the resultsthat arebiasedby the
choicesof alimited numberof subjects.Sometimestheorig-
inal authorsof TMOsareaskedto prepareimagesaccording
to their preference,since“they shouldbe thebestquali�ed
to getthebestresults”.However, differentpeoplemayhave
different ideasconcerningthe preferredimageappearance
and the meaningof “the best results” can be fuzzy. Even
thecalibrationof thedisplayusedfor imagetuningandthe
actualexperimentcanaffect the results.A limited number
of TMOs offer a methodof anautomaticparameterestima-
tion (e.g.[Rei02, RD05]). However, theseestimationmeth-
odsrely mostlyon theauthorsobservationfor a smallsetof
imagesor the practicesborrowed from photography, rather
thanastudywith a largenumberof imagesandsubjects.

A standardpool of HDR imagesfor tonemappingeval-
uationhasbeenrecentlyproposed[Joh05], but a common
practicefor everyexperimenteris to rely onhisown version
of tonemappedimages,which makescross-comparisonof
theresultsfor independentevaluationsdif�cult.

Another commonproblem is averagingthe experimen-
tal resultsacrosssubjectsbasedon low-crosssubjectvari-
ability. This lack of variability canoften be causedby the
choicesimposedon the subjectsby the experimentdesign,
which doesnot offer any possibilityof adjustingthe image
appearanceto thesubject's realpreferenceswithin available
rangeof parametersof the testedTMOs. The net resultof
publishedstudiesis thatthey oftenpresentcontradictoryre-
sultseven if the sameHDR imagesareused.Someopera-
torsshown asperformingtheworstin oneexperimentobtain
the top scoresin anotherexperiment.This suggeststhat the
TMO evaluationmethodologyshouldbeimproved.

In this work, insteadof proposinga new TMO andthen
running the subjective evaluationto show that it performs
better than the other operators,we take the oppositeap-
proach.We want to �rst identify the output tone charac-
teristicsthat lead to perceptuallyattractive images.There-
fore,we startfrom measuringthesubjective preferenceand
the perceptionof �delity for imagesproducedby a generic
TMO, whosecharacteristicandparametersarewell under-
stood.Our goal is to �nd someuniversalrulesthatfacilitate
a designof the TMO that consistentlyproducespreferred
imageappearance.

In thisrespect,therearesomesimilaritiesof ourapproach
goals with more fundamentalresearchin psychophysics,
which raisesthe issueof imageappearancepreferencesas
a function of various image characteristics.For example,
Fedorovskaya et al. [FdB97] report that the relation be-
tweenpreferenceand colorfulnesshasa shapeof inverted
“ [ ” with the maximumpreferenceachieved for color satu-
ration increasedby 10%–20%in respectto theoriginal im-
age.Similar resultsareobtainedfor contrastandbrightness
manipulation[JRW02]. Highercolor saturationis neededto
compensatefor reducedbrightnessof a display in order to
achieve morenaturalimageappearance[deR96]. The pre-
ferredmeanluminancelevelsarefoundfor imagesthatcon-
tain humanfaces[DZB05]. Imagepreferenceswith respect
to colorfulness,contrastandbrightnessarestudiedin digital
photography [SEL00].

Whatmakesourstudydifferentfrom this fundamentalre-
search,whichismotivatedby theapplicationsof colorrepro-
ductionin televisionandphotography, is thatwefocusonthe
particularproblemof tonemappingHDR imagesfor abroad
rangeof displaydevices.For this purposewe usein our ex-
perimentsHDR images,whicharedisplayedonanHDR dis-
playwith fully controllableminimumandmaximumdisplay
luminancevalues.Therefore,wecaninvestigatemuchwider
dynamicrangethan is possibleusing traditionalLDR dis-
playsandneutraldensity�lters.

2. Experimental Design

Weconductedtwo experimentsonanHDR displayto assess
how peopleadjustthesettingsof a TMO. In Experiment1,
thesubjectsweregiventhetaskof adjustinganHDR image
shown on theHDR displaysothatit lookedthebestin their
opinion.In Experiment2, thesubjectssatin front of anHDR
displayshowing animageandthecorrespondingreal-world
scene.Their taskwasto adjusttheimageto achievetheclos-
estreproductionof thereal-world sceneon thedisplay. Ad-
ditionally, in Experiment2 we simulatedseveral potential
displaydevicesby limiting thelowestandhighestluminance
outputsof theHDR display.

2.1. Subjects

Therewerein total 24 individual participantsin two experi-
ments.Fourof themwerefemaleandtherestweremale.The
rangeof theiragewas24– 46yearsandtheaveragewas28.
All of themreportednormalor correctedto normalvision.
All but two subjectswerenot awareof the purposeof the
experiments.Eight subjectstook part in both experiments,
theothersin only oneof them.Experiment1 wascompleted
by 15 subjects.Experiment2 involved a separatesetupfor
eachof threereal-word scenes,therefore13, 7, and6 sub-
jectscompletedExperiment2 for eachscenerespectively. A
singlesessiontook approximately20 – 30 minutesfor both
experiments.
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2.2. Stimuli

Experiment1 employed25HDR imagescommonlyusedfor
testingTMOs(seeFigure1). Therewere14outdoorscenes,
9 indoorscenes,and2 CG renderedscenes.We did not in-
cludeimagesof peopleor animalsin thetestset,sincethese
arerarefor HDR images.Someof theimagesdepictedday-
time scenes,theothersnight or eveningscenes.Theimages
weredisplayedin their original resolutionor scaledto the
resolutionof theHDR displayif they weretoo large.

#1 (3.08)

#2 (3.93) #3 (2.57) #4 (6.21) #5 (4.06)

#6 (4.51) #7 (2.85)

#8 (4.88)

#9 (3.50) #10(5.36)

#11(2.69) #12(3.46)

#13(3.70)

#14(3.96) #15(3.43)

#16(2.99) #17(3.03) #18(4.68)

#19(3.54)
#20(2.60)

#21(2.98) #22(4.25)
#23(3.84)

#24(3.16) #25(3.48)

Figure 1: 25 HDR images used in Experiment1. They
are numbered 1–25 and their dynamicranges are shown
in parenthesesin decimal-logarithmicunits.Their dynamic
ranges are computedusing the pfsstat commandfrom
pfstools.TheDragoTMO[DMAC03] is appliedfor thecon-
venienceof view.

Figure2 shows the HDR imagesusedfor Experiment2.
ThesearetheHDR photographsof our experimentalscenes
that we setup next to the HDR display. Eachof the three
HDR imageswascreatedusingthemultiple exposuretech-
niquefrom 15 low dynamicrangeimagestakenwith a Ko-
dak ProfessionalDCS560mountedon a tripod. We used
Robertson's method[RBS99] implementedin the PFScal-
ibration softwareto calibratea cameraandcreatetheHDR
images.We selectedthe lens(CANON EF 50mm)andthe

positionof the camera,so that the imagedisplayedon the
monitorcloselymatchedtherealscene.Thesubject's view-
point wasnot restrictedandthesetupallowedthemto have
comfortableviewing of both the real sceneandthe display
from thedistanceof about1.5 timesscreenheightfrom the
HDR display. Images26and27 (theleft andthemiddleim-
agesin Figure2) containthesameobjectlayoutbut differ in
thelightingcondition.Bothsceneswerelit with the800Watt
HMI lamp (JOKER-BUG 800),which gave approximately
daylight illumination. For Image27, the lamp wascovered
by the diffuser(Lightbank)to decreasethe intensityof the
light source.As shown in Figure2, theabsoluteluminance
valueswerevery differentwith or without a diffuserfor the
HMI lamp. The tablesetupin Images26 and27 included
a MacBethColor CheckerTM , an 18% re�ective gray card
andseveralobjectsrangingin their re�ectancefrom blackto
white. Theexperimentalsessionsfor all imagesexceptIm-
age28wereconductedin theroomwhoselighting condition
couldbefully controlledandwassetto a typical darkof�ce
illumination (64 lux). In thepilot studywe veri�ed that the
level of ambientlight doesnot have a signi�cant in�uence
on theresults.For Image28, theexperimentwasconducted
with naturallight andcompletedwithin two hoursin theaf-
ternoonunderstableweatherconditions.

#26(2.62) #27(2.68) #28(2.19)

Figure 2: ThreeHDR imagesandseveral measurementsof
luminanceof thereal scenes.Theirdynamicrangesin log10
unit are alsoshownafter each numberof theimages.These
imageswere shownto thesubjectswith their corresponding
real-world views in Experiment2 and without referenceas
donein Experiment1. TheDrago TMO [DMAC03] is ap-
plied for theconvenienceof view.

TheimageswereshownontheBrightside1800LED-based
HDR display [SHS� 04] which consistsof an LCD panel
(1;280� 1;024pixels)anda matrix of 760separatelycon-
trolled white LEDs, acting as a back light. The minimum
andmaximumluminancelevels of the displaywe usedfor
theexperimentswere0:2 and3;000cd=m2, which gave the
maximumdynamicrangeof 4:18 log-10 units. The HDR
monitorwascalibratedby measuringits luminanceresponse
for a rangeof input valuesusingtheMINOLTA LS-100lu-
minancemeter. Then,themeasuredvalueswereusedto cre-
atean inverselookup table,which wasusedby the display
driver. Thedisplaydriverwasimplementedin graphicshard-
wareasafragmentprogramto allow for real-timeinteraction
with images.

Although tonemappingof imagesfor the HDR display
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Figure 3: Illustration howthegenerictonemappingmodi-
�es theimagehistogram(seeEquation1).

mayseemlikeafutile exercise,wefoundseveralreasonsfor
thisapproach.Firstly, wewantedto checkif tonemappingis
necessaryfor HDR displays,andif it is so,whatkind of tone
mapping.For thisreason,weincludedseveralimageswhose
dynamicrangeexceededthe dynamicrangeof the display
(refer to Figure1). Secondly, we in fact arti�cially limited
minimumandmaximumluminanceof thedisplayin theex-
perimentsasdescribedlater (althoughmostof the datahas
beencollectedfor the full dynamicrange).We alsodid not
wantto usedifferentdisplaysof differentcolorcharacteristic
in theexperiments.

2.3. GenericToneMapping

The purposeof our psychophysical experimentsis to col-
lect datafrom humanobservers to determinewhat are the
desiredor importantpropertiesof a TMO. This knowledge
shouldhelp in the designof new TMOs or automaticpa-
rameterestimationfor theexisting TMOs.Sinceexamining
all possibleTMOs is not feasiblein anexperimentalsetup,
we consideronly a global TMO that involves linear scal-
ing andshifting of color valuesin the logarithmic domain.
Eventhoughthisis probablythesimplestTMO thatis practi-
cally used,it canmimic thebehavior of many globalTMOs,
suchas[Tum99](Appendix A) or [FPSG96], andis in fact
a part of any TMO that requires“gammacorrection”,such
as[RSSF02] (sincea power functionthat is usedin gamma
correctioncorrespondsto linear scalingin the logarithmic
domain).Many TMOs produceoutputpixel valuesin anar-
bitrary range,which mustbelinearly scaledor shiftedto �t
thedynamicrangeof adisplay(e.g.[FLW02,DD02,RD05]).
For theseandotherTMOssuchscaling(contrastadjustment)
andshifting (brightnessadjustment)operationsareessential
for the �nal appearanceof a tone mappedimageand are
thereforeanalyzedin thiswork in moredetail.

ThegenericTMO we usein theexperimentsis described
with threeparameters:brightness,contrast,and saturation
of color. Brightnessandcontrastparametersareconsidered
as an offset of luminanceand as a differencebetweenthe

maximumandminimumluminancevalues,respectively. To
adjustcolor saturation,color coordinatesareinterpolatedor
extrapolatedbetweenthe original pixel color andits corre-
spondingluminancevaluefor the D65 white point. All ad-
justmentsare performedin the logarithmic domainto ap-
proximatenon-linearresponseof the humanvisual system
to light. Formally, theTMO canbemodeledas

log10R0= c� log10R+ b; (1)

log10Y0= 0:2126log10R0+ 0:7152log10G0

+ 0:0722log10B0; (2)

log10R00= log10Y0+ s(log10R0� log10Y0) (3)

whereb, c, ands arebrightness,contrast,andcolor satura-
tion parametersrespectively, Y0 is thenew luminancevalue,
andR00is the output red channelvalue.Equations(1) and
(3) areappliedfor greenandbluechannelsin thesameway
asfor the red channel.Note thatY0 is an approximationof
luminance,which is usedfor our convenience(luminance
shouldbeaweightedsumof linearinsteadof logarithmicR,
G andB coordinates).To assurethat theadjustmentof con-
trasthasa minimum impacton the perceived brightnessof
ascene,thepixelsof eachHDR imageweremultipliedby a
constantfactor, so that themedianluminancevalueof each
imagewasȲ = log10(1) = 0. Thiswaythemultiplicationby
thecontrastparameterin Equation1 “stretched”,but did not
shift imagehistogram.This is illustratedin Figure3.

2.4. Experimental Procedure

The two psychophysical experimentswereconductedwith
andwithout referencescenes,respectively. For both exper-
iments,eachHDR imagewasshown on the HDR monitor
oneafteranotherwith a userinterfacethatallowedthesub-
jects to interactively adjustparametersof brightness,con-
trast,andcolor saturationusinga mouse.The �rst two pa-
rameterswereadjustedusinga2D sliderinterfaceandcolor
saturationwasadjustedusinga 1D slider asshown in Fig-
ure4. Sincewe found in thepilot studythatbrightnessand
contrastaredif�cult to controlseparately, wedecidedto use
a 2D slider thatwould allow adjustmentof bothparameters
at thesametime. In Experiment1, thesubjectswereasked
to adjusttheseparametersuntil themostpreferredreproduc-
tion of eachHDR imagewas achieved in their own opin-
ion without referenceimages(preference).In Experiment
2, their taskwasto achieve the closestreproductionof the
real-world view (�delity). They wereaskedto reproducethe
detailsof all objectsin an HDR imageasseenin the real
sceneand,if possible,to adjustthe HDR imagebrightness
to matchtherealscene.

The parametersof brightness,contrast,andcolor satura-
tion of thegenericTMO (referto Section2.3) wereallowed
to beadjustedwithin the rangeof -3.0 – 5.0,0.1 – 4.0,and
0.1 – 4.0 respectively. Beforestartingthe experiments,the
rangeswere checked to be large enoughto reproduceev-
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Figure 4: A screenshotof theuserinterfaceusedin our ex-
periments.Thehorizontalandvertical axesof the2D slider
(bottomright) adjustbrightnessand contrast, respectively.
The1D sliderabovechangescolor saturation.

erything from very dark/low contrastimagesto extremely
bright/highcontrastimageswith colorsettingsrangingfrom
grayscaleto color-saturatedimage.

While Experiment1 was conductedusing the full dy-
namic rangeof the HDR monitor (0.2 – 3,000cd=m2), in
Experiment2 we restrictedtheminimumandthemaximum
luminanceof the HDR display to simulatea rangeof po-
tentialdisplaydevicesaslisted in Table1. Additionally, for
eachsimulateddisplay, the subjectsweregiven a question-
nairesheetto markthescoreof its reproduction,whichcould
be “good” (3), “average” (2), or “poor” (1). The subjects
werenaïve asto what technicallydiffers in eachof the 14
dynamicrangeandbrightnesssettings.

# Dmin - Dmax # Dmin - Dmax

1 0.2 - 3,000 8 1.0 - 3,000
2 0.2 - 80 9 80.0 - 1,000
3 0.2 - 200 10 80.0 - 3,000
4 0.2 - 1,000 11 200.0 - 1,000
5 1.0 - 80 12 200.0 - 3,000
6 1.0 - 200 13 1,000.0 - 3,000
7 1.0 - 1,000 14 0.2 - 3,000

Table1: Therangeof theminimumandmaximumluminance
valuesof theHDR displaythat simulatespotentialdisplays
(givenin cd=m2). Notethat thedynamicrange between0.2
and3,000cd=m2 wasusedtwicein thetestto validatecon-
sistencyof theresults.

Finally, anotherexperimentwasconductedwith Images
26 – 28 and four subjectsusing the sameprocedureas in
Experiment2 but the taskwasto adjustparametersto their
preference(asin Experiment1) andno referencescenewas
given.Thedetailsandthesupplementalmaterialson theex-
perimentareavailableat [web].

3. Resultsand Discussion

The resultsfor both experimentsare summarizedin Fig-
ure5. Theplot showsa largevariancein thepreferredTMO
parameters,which indicatesthat the subjectsuseda broad

rangeof possibleparameters.Thereis alsoa strongcorre-
lationbetweenbrightnessandcontrastparameters.Thecon-
trastparameteris biasedtowardanenhancedcontrast(c > 1
in Equation(1) indicatesthat the contrastwas higher in a
tonemappedimagethanin anoriginal image).

Preliminaryscreeningindicatesthat the resultsfor Sub-
ject 22 aresigni�cantly different than for the otherpartic-
ipants(probablydueto improperuseof the userinterface)
andthereforethis datais removedfrom thefurtheranalysis
(markedasblue' � 'es in Figure5).

We ranthemultivariateanalysisof variance(MANOVA)
to testmaineffectsof subjects'genderandexpertiseonmea-
suredparameters.TheF distributionandaprobabilityvalue
p, which is derived from F, areusedto determinewhether
thereis astatisticallysigni�cant differencebetweenpopula-
tions of samples.The higher p value,the morewe canbe-
lieve thatthepopulationsof samplesarenotstatisticallydif-
ferent.In ourexperiment,thegenderdifferenceis notsignif-
icant(F(3;496) = 1:187, p � 0:05 andF(3;360) = 1:970,
p � 0:05for Experiments1 and2, respectively) asp > 0:05
shows that the differencebetweenpopulationsof samples
(male and female in this case)is not statistically signi�-
cant. Two peoplewere aware of the experimentpurpose,
and thereforethey were consideredas experts.The popu-
lation meansof experts and non-experts are however not
signi�cantly different (F(3;496) = 0:3237, p � 0:05 and
F(3;360) = 2:2304,p � 0:05 for Experiments1 and2, re-
spectively).Therefore,weanalyzeall collecteddatatogether
in thefollowing sections.

To betterunderstandthe sourceof large parametervari-
ations,we plot brightnessand contrastparametersettings
separatelyfor several selectedsubjectsand imagesin Fig-
ure6. Similarplotsfor all subjectsandimagescanbefound
at [web]. The left paneof Figure6 shows that the settings
cansigni�cantly differ betweensubjects,rangingfrom the
preferencefor high contrastandlow brightness(Subject6)
to theoppositepreferencefor low contrastbut bright images
(Subject2). The signi�cant differenceof subjects'settings
is statisticallyestablishedby MANOVA (F(52;1872:8) =
10:7864,p< 0:05andF(64;1349:0) = 7:6678,p< 0:05for
Experiments1 and2). Wecanexpectthattwo differentindi-
vidualshave differentnotionsof a perfectimage,therefore
the TMO settingsmustbe affectedby the subject's tastes.
This is animportantobservationwith severalconsequences.
Firstly, a TMO designedto renderthe bestlooking images
shouldaccountfor the user's tastes,for exampleby offer-
ing useradjustableparameters.Secondly, whenrankingor
assessingperformanceof TMOs in subjective experiments
(e.g.,[LCTS05]), thesubjective in�uenceshouldbetakenas
afactorin theanalysissincetwo differentsubjectsarelikely
to proposetwo differentTMO rankingsif they differ in their
tastes.Finally, we cannotaverageparametersettingsacross
all subjectsfor furtheranalysis,sincethoseparameterssig-
ni�cantly differ acrossindividuals.
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Figure 5: Theresultsfor all images,all subjectsandfor thefull dynamicrange of thedisplay(red'+'). Onesubjectregarded
asanoutlier is markedwith blue' � 'es.

More consistency in the parametersettingscan be ob-
served acrossimages.The centerand right panesof Fig-
ure6 show thatbothparametersfollow a similar line of de-
creasingcontrastand increasingbrightness.While the im-
agesfollow the similar patternof parametersettings,the
populationmeansof the parametersare signi�cantly dif-
ferent(F(72;1414:4) = 7:6420, p < 0:05 andF(6;718) =
17:1307,p < 0:05 for Experiments1 and2). This indicates
thattheTMO settingsareaffectedby imagecharacteristics.

3.1. Contrast and BrightnessPreference

To understandwhat the subjects'motivation for the choice
of contrastandbrightnessparameterswas,we plot the his-
togramsof theresultingimagesin Figure7 (thehistograms
for moresubjectscanbefoundat[web]). Althougheachsub-
jectadjustedthesameimagein differentways,heor shealso
followeda similar schemewhenchoosingTMO parameters
for all the images.For example, the histogramsresulting
from the adjustmentsof Subject6 arealwaysmorespread
out thanfor theothersubjects.This would indicatethat the
magnitudeof contrastenhancementis correlatedwith the
tastesof an individual. Additionally, thereis anotherinter-
estingobservationwhich seemsto beconsistentacrossboth
all imagesandall subjects:thedisplaymaximumluminance,
above which pixelsareclipped,falls into approximatelythe
samepartof thehistogram(seetheblueverticallineson the
right of eachplot in Figure7). Thisindicatesthatpeopletend
to “anchor” thebrighterpartof animageto thedisplaymax-
imumluminance,andthenthey extendor compresscontrast
in the directionof lower luminanceto get the bestlooking
image.

It is interestingtoseewhetherthesameobservationcanbe
generalizedto a broadrangeof displaysor if it is applicable
only to anHDR display. We plot histogramsin Figure8 for
a singlesubjectandsingletonemappedimagebut for sev-
eral simulateddisplaysof differentbrightnessanddynamic
ranges.The �gure clearly indicatesthat subjectsadjustim-
agesfor the capabilitiesof a display, but they also follow
thesameschemeasfor theHDR display(0.2–3,000cd=m2)
— they mapapproximatelythe samepart of the histogram

to the maximumluminanceof the displayand thenadjust
contrast.

3.2. Impr ovedToneMapping Algorithm

The motivation for remodellinga TMO is to provide new
parametersthat would be more intuitive to use.As men-
tioned earlier, the settingsfor contrastand brightnessare
strongly correlated.An averagecorrelationcoef�cient for
all imagesandbothexperimentsis R̄ = � 0:7217� 0:1622.
This suggeststhatbothcontrastandbrightnesscouldbere-
placedwith parametersthatdonotexhibit suchstrongcorre-
lation andarethereforeeasierto controlby theusers.In the
caseof contrastandbrightness,the2D slider is usuallyad-
justedalongaslantedline (refertoFigure6 centerandright),
which is neitherintuitivenorconvenient.A betteruserinter-
facewould usedecorrelatedparameters,sothatthesubjects
couldeitherusea simpler1D slidersor move the2D slider
alongtheaxesinsteadof aslantedline.

In Section3.1, weanalyzedandidenti�ed thestrategy that
thesubjectsusefor adjustingTMO settings.Now, we show
that this strategy canbemodelled.We rewrite Equation(1)
as

log10R0= c� log10(R=Ymax) + log10(Dmax) (4)

whereYmax is the maximumluminancevalue in an image
thatwe want to reproduceon a display, which we call “an-
chor white”. The sameformula is usedfor the blue and
greenchannels.The above equationmimics the operation
performedby the subjectsin our experiments.Firstly, the
formulaextendsor compressesthe imagehistogramby the
scalefactorc to theleft sideof theanchorwhiteYmax. Then,
theanchorwhite is shiftedto thedisplay's maximumlumi-
nanceDmax. Notethatweusethesamecontrastparameterc
asin Equation(1), but we replacethebrightnessparameter
b with theanchorwhiteYmax.

To betterunderstandhow Equation(4) relatesto theorig-
inal contrastandbrightnessparameters,we plot a function
of c assumingconstantYmax. Firstly, we �nd therelationbe-
tweenb andDmax from Equations(1) and(4) as

b = log10(Dmax) � c� log10(Ymax): (5)
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Figure 6: Thecontrast–brightnessrelationfor threeselectedsubjects(left) and images(center– Image 1; right – Image 13).
Bothcontrastandbrightnesssettingsdiffer signi�cantly fromsubjectto subjectandfromimage to image.
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Figure 7: Thehistogramsof Imagesafter thesubjects'brightnessandcontrastadjustments– datafromExperiment1 (thefull
dynamicrange of a display:0.2–3,000cd=m2). Thebluevertical linesdenotedisplayminimumandmaximumluminance. The
horizontalaxis is scaledin log luminanceunits.Thesubjectsdiffer in their adjustmentsbetweeneach other, but each subject
followshisor her tastesconsistentlyfor all images.

Secondly, wechoosetwo images(Images1 and10in thisex-
ample)and�nd themedianpercentageof theclippedpixels
C̄ (seethethird row of Figure9) in orderto computeYmax:

Ymax= percentil e(Y;100� C̄) (6)

whereY is asetof luminance(or luminancefactor)valuesof
thepixelsin animage.Notethattheaboveformulagivesthe
locationon thehistogramfor a givenpercentageof clipped
pixels C̄. We usethe computedYmax, the maximumlumi-
nanceof thedisplayDmax= 3;000cd=m2 andEquation(5)
to plot thefunctionof c asacontinuousmagentaline in Fig-
ure 6 (centerand right). The importantobservation is that
the plottedfunctionsfor both imagesapproximatewell the
correlationbetweencontrastandbrightnessparameters.This
indicatesthat the largestvariationsbetweensubjectsin the
resultingimagesaredue to differentselectionsof contrast
parameterc while theanchorwhiteYmaxdoesnotvarymuch
betweensubjects.

We intentionally namedthe parameterYmax as “anchor
white” to referto thelightnessperceptiontheory[GKB� 99].

Accordingto this theory, thehumanvisual systemassesses
the lightnessof an object basedon the anchorluminance
value,which actsasa referencefor a white re�ective sur-
face.Suchanchorluminancedoesnot needto be the high-
est luminancein an image.This is especiallytrue for the
scenesthatcontainself-luminoussurfaces,suchaslights or
the sun.The theorypostulatesthat a “commondenomina-
tor” for lightnessestimationis a white re�ectance,instead
of gray, oftenusedin photography. Ourexperimentcon�rms
thissince“anchoring”re�ectancewhite to themaximumlu-
minanceof a displaywasa dominantstrategy for adjusting
theTMO settings.

The linear TMO we obtain in Equation(4) is easierto
control thanour original one,sinceboth parametersof the
contrastc andtheclippinglevelYmaxmodify independentas-
pectsof imageappearance.Moreover, if wetransformEqua-
tion (4) from the logarithmic to the lineardomain,we have
thefollowing formula:

R0= Dmax� (R=Ymax)
c: (7)

c
 TheEurographicsAssociationandBlackwellPublishing2006.



Yoshida,Mantiuk,MyszkowskiandSeidel/ Analysisof ReproducingReal-World AppearanceonDisplaysof VaryingDynamicRange

�4 �2 0 2 4 6 �4 �2 0 2 4 6 �4 �2 0 2 4 6 �4 �2 0 2 4 6

Figure8: Thehistogramsof Image1 afterSubject1 brightnessandcontrastadjustments– datafromExperiment2.Thenotation
is thesameasin Figure 7.

This re-parameterizedform of theoriginal TMO formula
from Equation(1) is similar to a globalcontrastadjustment
operationy, employed asa �nal-cut in many TMOs andas
enhancementoperationin imageediting software.The im-
portanceof Equation(7) comesfrom thefactthatwederived
this formula basedonly on the analysisof the datawe col-
lectedin our experimentwithout any prior assumptionson
the parametersof the tonereproductionfunction. We have
shown thattheuserstry to adjusttheTMO parametersalong
theparameterc, evenif they have a non-standarduserinter-
faceasusedin our experiments.Moreover, we have shown
that the sameformula is valid for a broadrangeof display
devices,rangingfrom darkCRT monitorsto HDR displays.

3.3. Imageand Subject In�uence on TMO Parameters

We analyzehow contrast,color saturationandthe percent-
ageof clippedpixels in darkandbright regions(dependent
variables– DV) differ betweensubjectsand images(inde-
pendentvariables– IV). We want to �nd out which of the
two DVs is responsiblefor thelargevariancein theIV.

Thevariationsof theDVs with respectto theIVs aresum-
marizedin Figure9. Notethatwe do not includethebright-
nessparameterin this �gure. This is becausebrightnessis
strongly correlatedwith contrastand it is also fully deter-
mined by contrastand anchorwhite as describedin Sec-
tion 3.2. Anchor white, on the otherhand,is relatedto the
percentageof pixelsclippedin bright regions(referto Equa-
tion (6)).

From a �rst look at Figure 9 we can concludethat all
four DVs aresigni�cantly differentbetweenimagesandsub-
jects.This is con�rmed by thetwo-way analysisof variance

y Theoperationfrom Equation(7) is sometimesconfusinglycalled
gamma-correction. However, sincetheoriginalmeaningof gamma-
correctiondenotescompensatingthenon-linearyof CRT monitors,
using this term in the context of imageenhancementmay not be
appropriate.

(ANOVA) for the main effectsof the subjectsand the im-
ages,which are run separatelyfor eachDV (7:07 < F <
74:21, p < 0:001). Contrastvariesmore betweensubjects
than images(seethe �rst row if Figure 9) and is proba-
bly determinedmostly by subjects'personaltastesas dis-
cussedin Section3.1. Color saturationand the percentage
of clippedpixels in the dark regions(rows 2 and4 in Fig-
ure9) donotshow any consistency betweenthesubjectsand
the imagesandthereforeit is not possibleto draw any con-
clusionfor theseparameters.The third andthe fourth rows
of Figure9 (notethe differencein the scaleusedfor these
plots)show thattherearesigni�cantly morepixelssaturated
in darkregionsthanin bright regions.This suggeststhatthe
subjectsprefersacri�cing a signi�cant portion of the dark
part of an HDR image,probablyin order to improve con-
trast.Thesametendency canbeobservedin Figure7, which
shows that Subjects6 and13 decidedto pusha large part
of thehistogrambelow theminimumluminanceof thedis-
play, while preservingthebrightestpixels.This observation
suggeststhatTMOs shouldfollow a similar patternandsat-
uratemorepixelsin thedarkregions.This is contraryto the
mostcommonapproachemployedin many TMOswherethe
samenumberof thedarkestandbrightestpixelsareclipped.
SuchTMOs do not producethe bestresultsif they do not
provide an adjustmentfor the numberof pixels clipped in
darkregions.

Conclusionson the measuredvaluesof clippedpixels in
bright regionscanbedrawn directly from theactualimages.
We observedthatthemostpixelsareclippedfor theimages
that containlarge bright objectswhich shouldappearself-
luminousin the reproduction,like the sky in Images1, 7,
16, 25 and28, or thesunin Image24 (refer to Figure1 for
imagesandFigure9 for the magnitudeof clipping). Then,
follow the imagesthat containsmall self-luminousobjects,
suchas Christmaslights in Image15 and the imagesthat
depictdarksceneswithoutself-luminousobjects(Images12
and 27). Thereis also lessclipping for the imagesof low
dynamicrange(Images3, 11and20).
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Figure 9: Thevariation of theDVs(contrast,color saturation andthepercentage of clippedpixelsin bright anddark regions)
with respectto theIVs (imagesandsubjects)– datafromtheexperimentsin which full dynamicrange of theHDR displaywas
used.Only 15 subjectsparticipatedin theseexperiments.Imagesare numberedasin Figure 1 andFigure 2. TheNotation:red
lines– median;blueboxes– spanningfrom25thto 75thpercentile;whiskers– minimumandmaximumvalueswithoutoutliers;
redcrosses– outliers.

3.4. ChoosingDefault TMO Parameters

User adjustedTMO parametersare not desirablein many
applicationsandit would behelpful if their valuescouldbe
automaticallyfoundat leastto rendera “bestguess”image.
Wewantto checkif thereis any correlationbetweentheDVs
(theTMO parameters)andtheIVs, sothat,for example,an
imagecharacteristiccanpredict the valuesof contrastand
thepercentageof clippedpixelsin thebrightregions(needed
to computeanchorwhiteYmax). If we�nd suchacorrelation,
we canproposea methodto automaticallychooseTMO pa-
rameters.

Although an algorithm cannotpredict a user's tastes,it
may be possibleto guesssomeTMO parametersbasedon
thecharacteristicsof animage.To verify thishypothesis,we

computea setof variablescharacterizingeachHDR image;
the dynamicrangeof an image,which is a differencebe-
tweenthelogarithmof thehighestandthelowestluminance
in an image;the key value,a; andLwhite. a andLwhite are
usedfor the automaticparameterestimationin the photo-
graphicTMO [Rei02]. All thesevariablesrequirethevalue
of themaximumandtheminimumluminancein an image,
which canbe calculatedin a variety of ways.We compute
theminimumandthemaximumaspercentiles:0.01,0.1,1,
10,20,30 (of brightestanddarkestpixels),andasthemini-
mumor maximumvalueof a low-pass�ltered image,where
the �lter is theGaussianwith differentvaluesof s (1, 2, 5,
10, and 20). This gives in total 30 different variablesthat
couldcharacterizeanimage(3 variablestimes10 estimates
of theminimumandthemaximumluminance).
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Figure 10: Thepredictionof tonemappingparameters (contrast,color saturation, thepercentof clippedpixelsin bright and
dark regions)basedon imagestatistics.Plot legends:robust�ts of thelinear modelandcorrelationcoef�cients.

We computethe correlationmatrix to checkif thereis a
correlationbetweenany of the computed30 variablesand
themedianvaluesof theTMO parametersfor thesubjects:
contrast,color saturationandthepercentageof clippedpix-
els.We usethis matrix to �nd the variablethat is the most
correlating with each TMO parameter. The relations be-
tweenthe mostcorrelatedvariablesandthe TMO parame-
ters,togetherwith theresultsof therobustlinearregression,
areplottedin Figure10. Thehighestcorrelationis foundfor
thedynamicrangeof animagecomputedusinglow-pass�l-
teredimages(s = 1) and the contrastparameter(the �rst
plot in Figure 10). The negative slopeof this relationship
is intuitive — the imagesof higherdynamicrangemustbe
strongercompressedto �t into the dynamicrangeof a dis-
play. A weakercorrelationandlessintuitiverelationis found
for color saturationandthe percentageof clippedpixels in
the dark regions.TheseTMO parametersprobablycannot
bepredictedusingthegivensetof imagecharacteristicvari-
ables.Thepredictionof thepercentageof pixels clippedin
bright regionsis morereliable.It correlateswith the image
key coef�cient a (computedusing the 10-th percentilefor
the minimumandthe maximumvaluesin anHDR image).
We observedthat this predictionis lessaccuratefor the im-
agesthatcontainlargeself-luminousobjects

Theplotsin Figure10show thatboththecontrastparam-
eterandthe numberof clippedpixels in the bright regions
arecorrelatedwith imagecontent,andthereforethey canbe
predicted.Suchpredictionscanbe usedfor parameteresti-
mationin TMOs. Althoughthepredictedvalueswill not be
optimal for many imagesandsubjects,they could be used
asthe“bestguess”for theTMO parametersetting.Our ex-
perimentsdid not includeasuf�cient numberof imagesand
subjectsto build a reliablemodelfor sucha parameteresti-
mation,but they provedthatsuchestimationis possibleand
canbeaninterestingdirectionfor furtherresearch.

3.5. In�uence of a Display

It is interestingto know how thedynamicrangeandbright-
nessof a displayin�uencestheparametersof a TMO. Fig-

ure 11 illustrateshow the contrastsettingincreasesas the
dynamicrangeof a displayincreases.If thedynamicrange
of a display is too low, the subjectscompresscontrast.On
theotherhand,they expandcontrastevenabove thecontrast
of anoriginal image(c > 1) whenadisplayoffershigherdy-
namicrange.However, thisbehavior differsslightly between
bothexperiments:if thesubjectsadjusttheHDR imagesto
their preference,they enhancecontrastproportionallyto the
dynamicrangeof a display(Figure11 top),but if their goal
is to achieve the�delity to thereal-world scene,they adjust
contrastslightly above 1:0 andkeepit approximatelyon the
samelevel even for the HDR displays(Figure11 bottom).
This suggeststhat the TMO pro�led for �delity shouldnot
enhancecontrastabovethecontrastof anoriginalscene,and
theTMO pro�led for preferenceshouldtake full advantage
of thedisplaydynamicrange.
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Figure11: Therelationbetweenthedynamicrangeof a sim-
ulateddisplayand the contrast parameters. Therelation is
plottedfor thedatafromExperiment1 (preference)at thetop
andExperiment2 (�delity) at thebottom.Thesubjectstend
to enhancecontrastmore if their goal is themostpreferred
image. Notationis thesameasin Figure 9.
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3.6. PreferredDisplay Device

We examinehow the minimum and maximumluminance
valuesof a displaycanaffect subjective preferencesfor dis-
playedimages.We usethedatafrom thequestionnaireused
in Experiment2. The preferencescoresfor eachsimulated
display are averagedover three scenesand over all sub-
jects.Figure 12 illustratesthe rankingof potentialdisplay
devices simulatedon the HDR display. The �gure clearly
showsthatthesubjectspreferbrighterdisplaysof higherdy-
namicrange.A typical LCD display(1 – 200 cd=m2) is in
themiddleof thepreferencescale.Interestingly, thebrighter
displaybut of lower dynamicrange(80 – 3,000cd=m2) has
higherpreferencescorethanthe typical LCD. Thedisplays
of thebroadestdynamicrangetoptheranking,but thebroad-
estdynamicrangedisplay(0.1– 3,000cd=m2) comesunex-
pectedlylower thanthe 1 – 3,000cd=m2 model.However,
the rankingsin the top group(1 – 3,000,0.2 – 1,000,1 –
1,000,and0.2 – 3,000cd=m2 models)arenot signi�cantly
differentfrom eachother(F(3;126) = 0:82, p > 0:05).The
highscoresfor thebrightestdisplaysof thehighestdynamic
rangeindicatethat both high luminanceand high contrast
areimportantfor reproducingdigital images.

Figure 12: The preferenceof several simulatedmonitors,
which differ in the minimumand the maximumluminance
they candisplay. Thepreferencescore is indicatedon they-
axis,andtheleft andright endpointsof thehorizontallines
representtheminimumandmaximumluminanceof thedis-
play. Thescoresof thedisplaysareshiftedbyasmallrandom
offsetto avoidoverlappingof thelines.

To betterunderstandthe relationbetweenthe minimum
andthemaximumluminanceof adisplayandthepreference
score,we�t thedatato thelinearmodelusingmultiplelinear
regression.TheaveragedpreferencescoreSis givenby

S= a � log10(Dmin) + b � log10(Dmax) � g (8)

where Dmin and Dmax are the display minimum and
maximum luminance values, a = � 0:47 (� 0:05), b =
0:87(� 0:11) andg= 0:25(� 0:31). Themodelaccountsfor
nearly60%of thedata(R2 = 0:57).Thenegativea indicated

that “darker” displaysaremorepreferred(i.e., lower mini-
mumluminance)andpositiveb indicatesthatalso“brighter”
displays(i.e., higher maximum luminance)are preferred.
However, sincethe trend is strongerfor b, we canassume
that the maximum luminanceis more important than the
minimumluminanceof a display. Thepercentagesof over-
saturatedpixels are far smallerthan that of undersaturated
pixels(seethethird andfourth rows in Figure9). This indi-
catesthat peoplearemoresensitive for oversaturationthan
undersaturationsincethey carefully avoided oversaturated
pixelsbut did not paymuchattentionto undersaturatedpix-
elscomparedto oversaturation.

4. Conclusions

The major outcomeof this work is a betterunderstanding
of how usersadjusttonemappingoperator(TMO) param-
etersto achieve either the bestlooking images(preference
task)or the imagesthataretheclosestto real-world scenes
(�delity task).Basedon this knowledge,we proposea bet-
terparameterizationof a linearTMO in logarithmicdomain,
in whichparametersaremoreintuitive andcanbepartly es-
timatedfrom imagecharacteristics.TheTMO is controlled
by two parameters:anchor white andcontrast. The anchor
whiteparameteris approximatelyconsistentacrosssubjects
and dependson images— it is set to a lower value if an
imagecontainslargeself-luminousobjects.Thecontrastpa-
rameteris moresubjective,andthereforeusersshouldbeal-
lowed to adjustit. We have shown that the parameterscan
be automaticallyestimatedfor a TMO basedon an image
characteristicto obtain a “best guess”result.The contrast
parametercan be predictedfrom the dynamicrangeof an
image(imagesof higherdynamicrangemustbereproduced
with lower contrast),andthe anchor white parameteris re-
latedto theimagekey value(althoughthepredictioncanbe
unreliableif animagecontainslargeself-luminousobjects).
Webelievethattheresultsof ouranalysisarealsoapplicable
to complex TMO, whichcanbene�t from bothabetterselec-
tion of useradjustedparametersandanautomaticparameter
estimation.

Thesecondmainsubjectof this work is an investigation
how the dynamicrangeandbrightnessof a displayaffects
thepreferencefor tonereproduction.For 14simulatedmon-
itorsof varyingbrightnessanddynamicrangewedonot�nd
any majordifferencein thestrategy thesubjectsuseto adjust
imagesfor LDR andHDR displays.We noticehowever that
the resultingimagesdependon a given task.If the goal is
to �nd thebestlooking image(preference),subjectstendto
stronglyenhancecontrast(up to four timesthatof theorigi-
nal imagecontrast),evenat thecostof clipping a largepor-
tion of thedarkestpixels.On theotherhand,whenthe task
is to achieve the best �delity with a real-world scene,the
subjectsavoid clipping both in the dark andbright partsof
an imageand they do not extendcontrastmuchabove the
contrastof an original image.In both tasks,thereis a ten-
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dency towardsbrighterimages,whichareachievedby over-
saturatingthebrightestpixelsbelongingtoself-luminousob-
jects.The�nal investigationcomparesuser's preferencefor
displaysof varying capabilities.The subjectsprefer in the
�rst orderthedisplaysthatarebright, andin thesecondor-
der, thedisplaysthathave low minimumluminance.
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