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Abstract

Tremendousprogressin thedevelopmentandaccessibilityof high
dynamicrange(HDR) technologythat hashappenedjust recently
resultsin fastproliferationof HDR syntheticimagesequencesand
capturedHDR video. Whenproperlyprocessed,suchHDR data
can lead to very convincing and realistic resultseven when pre-
sentedon traditional low dynamicrange(LDR) display devices.
This requiresreal-timelocal contrastcompression(tonemapping)
with simultaneousmodelingof importantin HDR imagepercep-
tion effectssuchasvisual acuity, glare,day andnight vision. We
proposea uni�ed modelto includeall thoseeffectsinto a common
computationalframework, which enablesanef�cient implementa-
tion on currentlyavailablegraphicshardware. We develop a post
processingmodulewhich can be addedas the �nal stageof any
real-timerenderingsystem,gameengine,or digital video player,
which enhancesthe realismand believability of displayedimage
streams.

CR Categories: I.3.3 [ComputerGraphics]:Displayalgorithms

Keywords: tone mapping,luminanceadaptation,visual acuity,
scotopicvision,glare,graphicshardware

1 Intro duction

Computermodelingof the real world appearanceinvolves repro-
ducinghigh dynamicrange(HDR) luminancevaluesin resulting
images. Traditionally, suchHDR imageshave beenthe domain
of physics-basedglobal illumination computation,which is very
costly. Recentprogresstowardsimproving the realismof images
that wasachieved throughthe useof capturedHDR environment
maps[DebevecandMalik 1997]andprecomputedradiancetransfer
(PRT) techniques[Sloanetal. 2002;Ng etal. 2004]enablesto gen-
erateHDR imagesequencesin realtime. Furthermore,HDR video
of real world scenescaneasilybe capturedusingmulti-exposure
techniques[Kang et al. 2003] or advancedvideo sensors[Nayar
andBranzoi2003]andcompressedfor anef�cient storageandlater
playback[Mantiuk etal. 2004].However, contrastin suchrendered
imagesequencesandHDR videostreamsoftenexceedscapabilities
of typicaldisplaysandtheirdirectrenderingto thescreenisnotpos-
sible. Fortunately, theimportanceof tonemappingof HDR datais
widely understoodandmany algorithmshave alreadybeendevel-
oped[Devlin et al. 2002] with several implementationsachieving
real-timeperformance[Dragoet al. 2003;Goodnightet al. 2003],
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which is requiredespeciallyin real-timerenderingsystemsandfor
HDR videoplayback.

Currentreal-timeapproachesto tonemappingarehoweverfar from
perfectbecausetheperceptualeffectstypical in everydayobserva-
tion aregenerallyneglected.Thefactthata daylightsceneappears
verybrightandcolorful, but duringthenighteverythinglooksdark
andgrayish,is obviousfor anaverageobserver. Althoughthelack
of sharpvision andcolor perceptionin night sceneshave already
beenaccountedfor in tonemapping[Ferwerdaet al. 1996;Durand
andDorsey 2000], theseeffectswereappliedto the whole image
with a uniform intensity(globally). This could leadto unrealistic
exaggerationsif a wide rangeof luminancewasshown in an im-
age. Very appealingresultsareobtainedusingthe so-calledlocal
tonemappingoperators[Devlin et al. 2002],which arevery good
atpreserving�ne detailsin ascene.However, in dimly illuminated
scenessuch�ne detailswould not beperceivable,becausetheacu-
ity of humanvision is degraded.Therefore,sowell preservedde-
tailsgiveanunrealisticimpressionin suchcases.Ontheotherhand,
certainperceptualeffects,like glare,cannotbeevokedbecausethe
maximumluminanceof typical displaysis not high enough.How-
ever, we are so usedto the presenceof sucha phenomena,that
addingglareto an imagecanincreasesubjective brightnessof the
tonemappedimage[Spenceret al. 1995]. Clearly, it appearscru-
cial to properlypredictandsimulatetheseperceptualeffectsduring
thetonemappingprocessin orderto convey a realisticimpression
of HDR dataover a wide rangeof luminance,whensuchdataare
displayedon typicaldisplaydevices.

Although the accountfor perceptualeffectsduring tonemapping
have alreadybeenincludedin severalalgorithmsfor staticimages
[Ferwerdaetal. 1996;Wardetal. 1997;DurandandDorsey 2000],
theseeffects were discussedonly in the context of global opera-
tors. Furthermore,theproposedsolutionswerecomposedof mul-
tiple stageseachinvolving complex processingsuchas convolu-
tions.Althoughtheimplementationof individualperceptualeffects
ongraphicshardwareis intuitive,anaivecombinationto includeall
of themdoesnot evenallow for an interactive performanceon the
bestgraphicshardwarecurrentlyavailable.

In this paper, we presentanef�cient way to combinethemostsig-
ni�cant perceptualeffectsin thecontext of perceptionof HDR im-
agesincluding the local tone mappingto adjustcontrastto LDR
devices. Previously, the perceptualeffectshave beenapproached
separately, however they have muchin commonin termsof spatial
analysis.In this work, we show that makinguseof suchsimilari-
tieshave a tremendousimpacton theperformance.With only one
costlystepof constructinga Gaussianpyramid,we areableto cor-
rectly realizeall of theeffectsandtonemappingwith noadditional
overhead.We implementour approachin graphicshardwareasa
stand-aloneHDR image/videoprocessingmoduleandachieve the
real-timeperformance.Sucha modulecanbeusedin the�nal ren-
deringstageof any real-timerendereror HDR videoplayer.

The remainderof the paperis organizedasfollows. In Section2
we explain the tonemappingmethodandgive backgroundinfor-
mationto eachperceptualeffect thatwe simulate.We thenpresent
our methodof combiningthe tonemappingwith theeffectsalong
with the implementationdetailsin Section3. Finally, we discuss
our resultsin comparisonwith otherapproachesin Section4 and
concludethepaperin Section5.



2 Background

With many tonemappingalgorithmsavailable,we want to usea
methodthatprovidesgood,widely acknowledgedresultsfor static
images.At thesametimewewantthatthespatialanalysisinvolved
in tonemappingbaresomesimilaritiesto processestakingplacein
theperception.Wehave foundthatphotographictonereproduction
[Reinhardet al. 2002]satis�esour requirements.In the following
sections,we brie�y explain the tonemappingalgorithmandeach
of theperceptualeffectsthatwe include,andweshow theapparent
similaritiesin thespatialanalysisof perceivedimages.

Throughoutthe tonemappingpipeline,we assumetheRGB color
modelwhereeachchannelis describedby a positive �oating point
number. For theproperestimationof thesimulatedperceptualef-
fects,thepixel intensityvaluesshouldbecalibratedto cd

m2 . In our
implementation,we considerthe valuesto be in rangefrom 10� 4

to 108, which is suf�cient to describetheluminanceintensitiesper-
ceivableby thehumanvision. Thealgorithmproducestonemapped
RGB �oating point valuesin the range[0: 1] which are thendis-
cretizedto 8-bit valuesby anOpenGLdriver.

2.1 Tone Mapping

Thealgorithmproposedby Reinhardet al. [2002] operatessolely
on theluminancevalueswhichcanbeextractedfrom RGBintensi-
tiesusingthestandardCIE XYZ transform(D65whitepoint). The
methodis composedof a globalscalingfunctionanda local dodg-
ing & burningtechnique,whichallowsto preserve �ne details.The
resultsaredriven by two parameters:the adaptingluminancefor
theHDR sceneandthekey value.Theadaptingluminanceensures
thattheglobalscalingfunctionprovidesthemostef�cient mapping
of luminanceto the displayintensitiesfor given illumination con-
ditionsin theHDR scene.Thekey valuecontrolswhetherthetone
mappedimageappearsrelatively brightor relatively dark.

In thisalgorithm,thesourceluminancevaluesY are�rst mappedto
therelative luminaceYr :

Yr =
a �Y

Ȳ
(1)

whereȲ is the logarithmic averageof the luminancein the scene,
which is anapproximationof theadaptingluminance, anda is the
key value. The relative luminancevaluesarethenmappedto the
displayablepixel intensitiesL usingthefollowing function:

L =
Yr

1+ Yr
(2)

Theabove formulamapsall luminancevaluesto the[0:1] rangein
suchway that therelative luminanceYr = 1 is mappedto thepixel
intensityL = 0:5. Thispropertyis usedto mapadesiredluminance
level of thesceneto themiddle intensityon thedisplay. Mapping
higherluminancelevel to middlegrayresultsin asubjectively dark
image(low key) whereasmappinglower luminanceto middlegray
will give a bright result(high key) (seeFigure1). Obviously, im-
ageswhich we perceive at night appearrelatively dark compared
to what we seeduring a day. We cansimulatethis impressionby
modulatingthekey valuein equation(1) with respectto theadapt-
ing luminancein thescene.Weexplainoursolutionin Section3.1.

Unfortunately, thetonemappingfunctionin equation(2) maylead
to the lossof �ne detailsin thescenedueto theextensive contrast
compression.Reinhardet al. [2002]proposea solutionto preserve

Figure1: Tonemappingof an HDR imagewith a low key (left)
anda high key (right). Thecurve on thehistogramsillustrateshow
the luminanceis mappedto normalizedpixel intensities.Referto
Section2.1for details.

localdetailsby employing aspatiallyvariantlocaladaptationvalue
V in equation(2):

L(x;y) =
Yr (x;y)

1+ V(x;y)
(3)

The local adaptationV equalsto an averageluminancein a sur-
roundof thepixel. Theproblemlies however in theestimationof
how largethesurroundof thepixel shouldbe.Thegoalis to haveas
widesurroundaspossible,however too largeareamayleadto well
known inversegradientartifacts,halos. Thesolutionis to succes-
sively increasethesizeof asurroundoneachscaleof thepyramid,
checkingeachtimeif noartifactsareintroduced.For thispurposea
Gaussianpyramid is constructedwith successively increasingker-
nel:

g(x;y;s) =
1

ps2 � e� x2+ y2

s2 (4)

TheGaussianfor the�rst scaleis onepixel wide,settingkernelsize
to s= (2

p
2)� 1, on eachfollowing scales is 1:6 timeslarger. The

Gaussianfunctionsusedto constructseven scalesof the pyramid
areplottedin Figure2. As we later show, sucha pyramid is very
usefulin introducingtheperceptualeffectsto tonemapping.
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Figure2: Plot of theGaussianpro�les usedto constructthescales
of thepyramidusedfor local dodging& burning in the tonemap-
pingalgorithm.Thesmallestscaleis #1andthelargestis #8.

2.2 Temporal Luminance Adaptation

While tonemappingthe sequenceof HDR frames,it is important
to notethat the luminanceconditionscanchangedrasticallyfrom
frameto frame. Thehumanvision reactsto suchchangesthrough



the temporaladaptationprocesses.The time courseof adaptation
differsdependingon whetherwe adaptto light or to darkness,and
whetherweperceivemainlyusingrods(duringnight)or cones(dur-
ing a day). Many intricatemodelshave beenintroducedto com-
putergraphics,however it is not as importantto faithfully model
theprocessasto accountfor it at all [Goodnightetal. 2003].

In the tonemappingalgorithmchosenby us, the luminanceadap-
tationcanbemodelledusingtheadaptingluminancetermin equa-
tion (1). Insteadof usingtheactualadaptingluminanceȲ, a �ltered
valueȲa canbeusedwhosevaluechangesaccordingto theadapta-
tion processesin humanvision,eventuallyreachingtheactualvalue
if the adaptingluminanceis stablefor sometime. The processof
adaptationcan be modelledusing an exponentialdecayfunction
[DurandandDorsey 2000]:

Ȳnew
a = Ȳa + (Ȳ � Ȳa) � (1� e� T

t ) (5)

whereT is thediscretetimestepbetweenthedisplayof two frames,
and t is the time constantdescribingthe speedof the adaptation
process.Thetimeconstantis differentfor rodsandfor cones:

t rods = 0:4sec t cones= 0:1sec (6)

Therefore,thespeedof theadaptationdependson the level of the
illumination in the scene. The time requiredto reachthe fully
adaptedstatedependsalsowhethertheobserver is adaptingto light
or darkconditions.Thevaluesin equation(6) describetheadapta-
tion to light. For practicalreasonstheadaptationto darkis notsim-
ulatedbecausethefull processtakesup to tensof minutes.There-
fore, it is acceptableto performthe adaptationsymmetrically, ne-
glectingthecaseof a longeradaptationto darkconditions.

2.3 Scotopic Vision

Thehumanvision operatesin threedistinctadaptationconditions:
scotopic,mesopic,andphotopic.Thephotopicandmesopicvision
provide color vision, however in scotopicrange,whereonly rods
areactive, color discriminationis not possible.The conesstartto
loosetheir sensitivity at 3:4 cd

m2 andbecomecompletelyinsensitive

at 0:03cd
m2 wherethe rodsaredominant. We modelthe sensitivity

of rodss after[Hunt 1995]with thefollowing function:

s (Y) =
0:04

0:04+ Y
(7)

whereY denotesthe luminance. The sensitivity values = 1 de-
scribestheperceptionusingrodsonly (monochromaticvision) and
s = 0 perceptionusingconesonly (full color discrimination).The
plot of equation(7) is shown in Figure3.
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Figure3: The in�uence of perceptualeffectson vision depending
on the luminancelevel. For detailson rodssensitivity andvisual
acuityreferto Sections2.3and2.4respectively.

2.4 Visual Acuit y

Perceptionof spatialdetailsin thehumanvision is not perfectand
becomeslimited with a decreasingillumination level. Theperfor-
manceof visualacuity is de�ned by thehighestresolvablespatial
frequency andhasbeeninvestigatedby Shalerin [1937]. Wardet
al. [1997] offer the following function �t to the dataprovided by
Shaler:

RF(Y) = 17:25� arctan(1:4log10Y + 0:35) + 25:72 (8)

whereY denotesthe luminanceandRF is the highestresolvable
spatialfrequency in cyclesperdegreeof thevisualangle.Theplot
of this functionis shown in Figure4.
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Figure4: Plotof thehighestresolvablespatialfrequency for agiven
luminancelevel which illustratesthe effect of loss of the visual
acuity. Spatial frequency is given in cycles per degreeof visual
angle.Thehorizontalline marksthemaximumdisplayablespatial
frequency ona15 inchLCD in typical viewing conditions.

To simulatethe lossof visual acuity on a displaydevice we need
to mapthe visual degreesto pixels. Sucha mappingdependson
the size of the display, the resolution,and the viewing distance.
For a typical observation of a 15 inch screenfrom half a meterat
1024� 768resolutionwe assume45 pixelsper1 degreeof thevi-
sualangle.It is importanttonotethatthehighestfrequency possible
to visualizein suchconditionsis 22cyclespervisualdegree.There-
fore, technicallywe cansimulatethe lossof visualacuityonly for
luminancebelow 0:5 cd

m2 . The irresolvabledetailscanbe removed
from an imageby the convolution with the Gaussiankernel from
equation(4) wheres is calculatedasfollows [Wardetal. 1997]:

sacuity(Y) =
width
f ov

�
1

1:86� RF(Y)
(9)

wherewidth denoteswidth in pixelsand f ov is thehorizontal�eld
of view in visualdegrees.For typical observationthewidth to f ov
relationequals45 pixels. We plot thepro�le of thekernel,accord-
ing to equation(4), for severalluminancevaluesin Figure5.

In Figure3 we show the intensivenessof the lossof visual acuity
with respectto the luminancelevel. Apparentlythe lossof thevi-
sualacuitycorrelateswith theincreasingsensitivity of rods,andis
thereforepresentin themonochromaticvision.

2.5 Veiling Luminance

Due to the scatteringof light in the optical systemof the eye,
sourcesof relatively stronglight causethe decreaseof contrastin
their vicinity – glare. Suchan effect cannotbe naturallyevoked
while perceiving an imageon a display due to different viewing
conditionsandlimited maximumluminanceof suchdevices. It is
thereforeimportantto accountfor it while tonemapping.
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Figure5: Plot of thepro�les of theGaussiankernelswhich canbe
usedto simulatethelossof thevisualacuityat differentluminance
levels.

The amountof scatteringfor a given spatialfrequency r undera
given pupil apertured is modelledby an ocular transferfunction
[Deeley etal. 1991]:

OTF(r ;d) = exp
�

� r
20:9� 2:1�d

1:3� 0:07�d
�

d(Ȳ) = 4:9� 3tanh(0:4log10Ȳ + 1)
(10)

In a morepracticalmannerthescatteringcanberepresentedin the
spatialdomainas a point spreadfunction. In Figure 6 we show
pointspreadfunctionsfor severaladaptingluminancelevels,which
werenumericallyfoundby applyingthe inverseFourier transform
to equation(10).
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Figure6: Thepointspreadfunctionillustratingscatteringof light in
theopticalsystemof theeye for severaladaptingluminancelevels.

Another model of the glare effect was introducedin computer
graphicsby Spenceret al. [1995]. They describethis phenomenon
with four point spreadfunctions linearly combinedwith three
setsof coef�cients for different adaptationconditions(scotopic,
mesopicandphotopic).Sincetheir modelis complex, andit is not
obvioushow to applyit in continuouslychangingluminancecondi-
tions,we decidedto employ themodeldevelopedby Deeley at al.
[1991], which describestheeffect with onefunction,continuously
for all adaptationlevels,andprovidesequallygoodresults.

2.6 Similarities in Spatial Analysis

Apparently, thelocaltonemapping,thevisualacuityandtheveiling
luminancearebasedonthespatialanalysisof animagemodeledus-
ing pointspreadfunctions.At thesametime,aGaussianpyramidis
requiredto performlocal tonemapping.Interestinglyconvolution
onparticularscalescorrespondsto theconvolutionrequiredto sim-
ulatevisualacuityandglareat variousluminancelevels.This is an
importantobservationwhich allows to modeltheseeffectswithout

additionalimpacton theperformance.Therelationof which scale
from thetonemapping(Figure2) correspondsto whichconvolution
for visualacuityandveiling luminanceis plottedin Figure7.
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Figure7: Therelationof which scalefrom thetonemapping(Fig-
ure2) correspondsto whichconvolutionfor visualacuity(Figure5)
andveiling luminance(Figure6).

TheGaussianpyramidconstructedfor thepurposeof tonemapping
containsonly luminancevalues.Clearly this is suf�cient to simu-
latethelight scatteringin theeye,but at the�rst glance,visualacu-
ity requiresto performtheconvolution on all threeRGB channels.
However, it is visible in Figure3 that thenoticeablelossof visual
acuity is presentonly in the scotopicvision wherecolorsarenot
perceived. Sincewe simulatethe lossof visual acuity combined
with scotopicvision, we cansimulateit usingluminancechannel
only.

3 Algorithm

Wepresentamethodthatsuccessfullycombinestonemappingwith
theeffectsmentionedin theprevioussection,which we implement
in graphicshardware for real-time performance. We �rst show
someof our improvementsto the tonemappingmethodin terms
of perceivedbrightnessandluminanceadaptationprocessandthen
explain technicaldetailsof ourhardwareimplementation.

3.1 Key value

The key value, explainedin Section2.1, determineswhetherthe
tone mappedimageappearsrelatively bright or dark, and in the
original paper[Reinhardet al. 2002] is left asa userchoice.In his
follow-up paper, Reinhard[2002] proposesa methodof automatic
estimationof the key valuethat is basedon the relationsbetween
minimum,maximumandaverageluminancein thescene.Although
the resultsareappealing,we feel this solutiondoesnot necessary
correspondto theimpressionsof everydayperception.Thecritical
changesin the absoluteluminancevaluesmay not always affect
the relationbetweenthe threevalues.This may leadto darknight
scenesappearingtoobrightandvery light toodark.

The key value, a in equation(1), takes valuesfrom [0 : 1] range
where0:05 is the low key, 0:18 is a typical choicefor moderate
illumination, and0:8 is the high key. We proposeto calculatethe
key value basedon the absoluteluminance. Sincethe key value
hasbeenintroducedin photography, thereis noscienti�cally based
experimentaldatawhich would provide anappropriaterelationbe-
tweenthe key valueandthe luminance,so the properchoiceis a
matterof experience.We thereforeempiricallyspecifykey values
for severalilluminationconditionsandinterpolatetherestusingthe
following formula:

a (Ȳ) = 1:03�
2

2+ log10(Ȳ + 1)
(11)



wherea is thekey valueandȲ is anapproximationof theadapting
luminance.Theplot of thisestimationis shown in Figure8.
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Figure 8: Key value relatedto adaptingluminancein the scene.
Referto Section2.1for details.

3.2 Temporal Luminance Adaptation

We model the temporalluminanceadaptationbasedon equation
(5). However, in ouralgorithmwedonotperformseparatecompu-
tationsfor rodsandcones,whatmakesit hardto properlyestimate
the adaptationspeedhaving two time constantst rod andt cone in-
steadof one. To accountfor this, andstill beableto correctlyre-
producethespeedof theadaptation,we interpolatetheactualvalue
of thetimeconstantbasedon thesensitivity of rods(equation7):

t (Ȳ) = s (Ȳ) � t rod + (1� s (Ȳ)) � t cone (12)

which we thenuseto processthe adaptationvalueusingequation
(5).

3.3 Hardware Implementation

In orderto performtonemappingwith perceptualeffects,we need
to composethreemaps:a local adaptationmapfor the tonemap-
ping, a mapof visible spatialdetailsto simulatevisualacuity, and
a mapof light scatteringin the eye for the glareeffect. We will
refer to thesemapsasperceptualdata. Becausedifferentareasof
thesemapsrequiredifferentspatialprocessing,they cannotbecon-
structedin onerenderingpass.Instead,werendersuccessivescales
of the Gaussianpyramid andupdatethe mapsby �lling in the ar-
easfor which the currentscalehasappropriatespatialprocessing.
In the last stepwe usethesethreemapsto composethe �nal tone
mappedresult.

Technically, we implementour tonemappingmethodasa stand-
alonemodule,which canbe addedat the �nal renderingstageto
any real-timeHDR rendereror HDR video player. The only re-
quirementis that the HDR frame is suppliedto our moduleas a
�oating point texture,whatcanbeef�ciently realizedusingfor in-
stancepixel buffers. In additionto a texturewhich holdstheHDR
frame,our modulerequiresto allocate� ve texturesfor processing:
two texturesfor storingadjacentscalelevels, two for holding the
previousandthecurrentsetof perceptualdata(dueto theupdating
process),andoneintermediatetexture for theconvolutions. Since
thethreemapscontainonly luminancedata,wecanstorethemin a
singletexturein separatecolor channels.

The processof renderingthe perceptualdatais illustratedin Fig-
ure9. Westartwith calculatingtheluminancefrom theHDR frame
andmappingit to therelative luminanceaccordingto equation(1).
We calculatethe logarithmic averageof the luminanceȲ in the
frameusingthedown samplingapproachdescribedin [Goodnight
et al. 2003], andapply the temporaladaptationprocess(equation

Figure9: Illustrationof therenderingprocessrequiredto compute
the local adaptation,visual acuity andglare. The blue boxesrep-
resentthetexturedataandyellow boxesrepresentrenderingsteps.
The renderingstepsmarked by a gray rectangleare repeatedfor
eachscaleto successively createthecoarserscalesof theGaussian
pyramid. After therenderingof eachscale,the texturesrepresent-
ing theperceptualdataandtheadjacentscalesareswapped.

5). Themapof relative luminancevaluesconstitutesthe�rst scale
of the Gaussianpyramid. At eachscaleof the Gaussianpyramid,
we renderthe successive scaleby convolving the previous scale
with the appropriateGaussian(equation4). We performthe con-
volution in two renderingpasses:one for the horizontalandone
for the vertical convolution. To increasethe performancewe em-
ploy down-sampling,wherethe factorof down samplingis care-
fully chosento approximatethekernel. Referto Figure10 for our
choiceof thescalingfactorsandthecorrespondingapproximations
of theGaussiankernelsfrom Figure2. Having thecurrentandthe
previousscales,weupdatetheperceptualdataonaperpixel basisin
a separaterenderingpass.The local adaptationis computedusing
themeasureof thedifferencebetweenthepreviousandthecurrent
scaleasdescribedin [Reinhardetal. 2002].For theacuitymap,we
�rst estimatetheproperscalefor theluminanceof thecurrentpixel.
If it fallsbetweenthepreviousandcurrentscales,weinterpolatethe
�nal valueandupdatethemap.In theothercasethepreviousvalue
is copiedwithoutchange.Themappingfrom luminanceto scalefor
visualacuity(Figure7) is cachedin alook-uptextureto skipredun-
dantcomputations.We updatetheglaremapin thesamemanner,
with onedifference:theappropriatescalefor glaredependson the
adaptingluminanceandis uniform for thewholeframesowe sup-
ply it asa parameterto the fragmentprogram.Beforedescending
to thenext scaleof theGaussianpyramid,thetexturecontainingthe
currentscalebecomesthe previous scale,andthe texture with the
currentsetof theperceptualdatabecomesthepreviousset.

After descendingto the lowestscaleof theGaussianpyramid, the
perceptualdatatexture is complete.In the�nal renderingstep,we
tonemaptheHDR frameandapplytheperceptualeffects.For this,
weuseequation(3) from Section2.1in aslightly modi�ed form to
accountfor thelossof thevisualacuityandtheglare:

L(x;y) =
Yacuity(x;y) + Yglare(x;y)

1+ V(x;y)
(13)

whereL is the�nal pixel intensityvalue,Yacuity is thespatiallypro-
cessedluminancemapthatrepresentsthevisualacuity, Yglare is the
amountof additionallight scatteringin theeye, andV is the local
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Figure10: Theeffectiveapproximation(solidlines)of theGaussian
kernels(dottedlines)from Figure2 dueto thedown sampling.The
valuesin parenthesisshow thedown samplingfactorfor eachscale.
For scale#1weusetheoriginal image.

adaptationmap.Becausetheglaremapin factcontainstherelative
luminancefrom theappropriatescaleof theGaussianpyramid,we
estimatetheadditionalamountof scatteringin thefollowing wayto
includeonly thecontributionof thehighestluminance:

Yglare = Ygmap �
�

1�
0:9

0:9+ Ygmap

�
(14)

whereYgmap denotestheglaremapfrom theperceptualdata.

Weaccountfor thelastperceptualeffect, thescotopicvision,while
applyingthe �nal pixel intensityvalueto theRGB channelsin the
originalHDR frame.Usingthefollowing formula,wecalculatethe
tonemappedRGB valuesasa combinationof the color informa-
tion andthemonochromaticintensityproportionallyto thescotopic
sensitivity:

2

4
RL
GL
BL

3

5 =

2

4
R
G
B

3

5 �
L � (1� s (Y))

Y
+

2

4
1:05
0:97
1:27

3

5 � L � s (Y) (15)

wheref RL;GL;BLg denotesthetonemappedintensities,f R;G;Bg
are the original HDR values,Y is the luminance,L is the tone
mappedluminance,ands is thescotopicsensitivity from equation
(7). The constantcoef�cients in the monochromaticpart account
for theblueshift of thesubjectivehueof colorsfor thenightscenes
[Hunt 1995].

An alternative implementationof this tone mappingmethod,al-
though without perceptualeffects, was previously introducedin
[Goodnightet al. 2003]. They proposea methodto vectorizelu-
minancewhich allows for ef�cient convolutionswith largesupport
kernels.However, weresignedfrom theirapproachto convolutions
mainly dueto performancereasons– thereal-timeperformanceof
thisalgorithmfor a512� 512frameis reachedonly whenthecom-
putationsarelimited to two scales,which is not suf�cient to intro-
ducetheperceptualeffects.On theotherhand,thedown-sampling
approachprovideshigherperformancewith suf�cient accuracy of
computations.

4 Results

We demonstrateour methodin combinationwith an HDR video
player. The player rendersthe compressedHDR video stream
[Mantiuk et al. 2004] to a �oating point texture, which is then
processedasdescribedin Section3.3. The sampleresultsof our

Figure 11: The sampleresultsof our methodshowing the simu-
latedperceptualeffects:glare(top image)andscotopicvision with
lossof visual acuity (bottomimage). The close-upin the bottom
imageinsetshows the areasaroundthe car in suchway that their
brightnessmatchto illustrate the lossof visual acuity. The HDR
animation“Renderingwith NaturalLight” (top image)courtesyof
PaulDebevec.

methodincluding the perceptualeffects are shown in Figure 11.
The top image depictsa computergeneratedscenein moderate
lighting conditionswith strongillumination coming from behind
the treesin thebackground.Sucha setupwould evoke a glareef-
fect in the real-world perception,which is not visible whenpure
local tonemappingis applied(left part). However, theaccountfor
this perceptualphenomenanot only contributesto the realismof
the renderedimagebut also increasesa subjective impressionof
thedynamicrange(right part).Thebottomimageshowsacardriv-
ing scenein daylight andat night. Two perceptualphenomenaare
typical to night illumination: thescotopicvision andthelossof vi-
sualacuity. Clearly, in the perceptualtonemappingof the night
scene(right part),it is hardto distinguishthecolorsandtheoverall
brightnessis low, whatsuggeststhe low illumination of thescene.
Theinsetshows a close-upof thecarwith increasedbrightnessfor
thenight sceneto illustratethesimulatedlossof visualacuity.

We measuredthe performanceof our methodon a desktopPC
with a Pentium42GHzprocessoranda NVIDIA GeForce6800GT
graphicscard. We give the time-slicerequiredfor the tonemap-
ping with our methodat several frameresolutionsin Table1. In a



320x240 640x480 1024x768
8 scales 8ms(58Hz) 25ms(27Hz) 80ms(10Hz)
6 scales 7ms(62Hz) 21ms(30Hz) 66ms(12Hz)
4 scales 6ms(62Hz) 16ms(30Hz) 51ms(14Hz)

Table1: Time-slicerequiredfor thedisplayof an HDR frameus-
ing ourmethodatseveralframeresolutionsandseveralsizesof the
Gaussianpyramid. In theparenthesis,we give theplaybackframe
ratewhich we obtainedwith our methodpluggedto anHDR video
player(notethat the resolutionalsoaffects the framedecompres-
sionspeed).

con�guration with an HDR videoplayer, whereadditionaltime is
requiredfor thedecompressionof theHDR videostream,we were
ableto obtaintheplaybackat 27Hz. It is importantto notethatthe
performanceof our solutionis scalable.If the time-slicerequired
for our methodis too long for a certainapplication,thenumberof
renderedscalescanbe limited at the costof local performanceof
the tonemappingandtheaccuracy of thevisualacuityprocessing
for very low illuminationconditions.

The main bottleneckin the performanceis causedby the amount
of context switchingrequiredfor themulti-passrenderingusingthe
pixel buffers extension. The currentlydevelopedframebuffer ob-
jectextensionto OpenGLmayprovideanimprovement,becauseit
eliminatestheneedfor suchcontext switchingbetweentherender-
ing passesthusreducingthedelays.Also, currentOpenGLdrivers
donot implementlinearinterpolationof �oating point texturesdur-
ing theup-sampling.Suchaninterpolationis crucialfor thequality
of theresultsandcurrentlyis implementedin thefragmentprogram
asanadditionaloperation.

In relation to the previous tone mapping techniqueswhich ac-
countedfor perceptualeffects, our methodhasthe following ad-
vantages:we employ a local tonemappingtechnique,thepercep-
tual effects are applied locally dependingon the luminancein a
givenarea,andwe make useof theapparentsimilaritiesin spatial
analysisbetweentheeffectsto provideaveryef�cient implementa-
tion. Theimportanceof simulatingthescotopicvision andtheloss
of visualacuitywasnoticedby Ferwerdaet al. [1996]. However,
they appliedtheseeffectsonly in the context of global tonemap-
ping with uniform intensityover the whole image. This may lead
to visible inaccuracieswhena darkscenewith anareaof consider-
ably brighterillumination is processed.In suchanarea,thelossof
color would be unrealistic,andtoo low spatialfrequencieswould
beremovedthere.This factwasnoticedby Wardetal. [1997]who
proposedto apply the perceptualeffects locally, still in combina-
tion with a globaltonemappingmethod.Yet, in their work eachof
the effectshasbeentreatedseparatelyandinvolved complex pro-
cessingwhat madeit inapplicableto real-timeprocessing.In the
attemptto provide aninteractive tonemappingsolution,Durandet
al. [2000] revertedto global applicationof the perceptualeffects,
what in facthadthesamedrawbacksasthe[Ferwerdaet al. 1996]
model.

Our real-timeimplementationleadsaswell to several constraints.
For instanceonly the tone mappingalgorithms,which make use
of the Gaussianpyramid,canbe implementedin suchan ef�cient
combinationwith theperceptualeffects.Therefore,our framework
is not appropriatefor severaldifferentapproachesto tonemapping
likedecompositioninto intrinsic images[DurandandDorsey 2002]
or contrastdomainalgorithms[Fattaletal. 2002].Also, morecom-
plex functionsfor glareeffect simulationmaynot bene�t from our
framework, if for instancetheir point spreadfunctionscannotbe
approximatedwith thesuppliedGaussiankernels.

5 Conclusions

In view of theincreasingapplicationof theHDR imagesandvideo,
we showedhow to processsuchdatain orderto beableto render
themontypicaldisplaydeviceswith thesubstantialdoseof realism.
We stressout that it is not only necessaryto reducethecontrastin
suchdata,but it is alsoequallyimportantto accountfor thepercep-
tual effectswhich would appearin thereal-world observationcon-
ditions. Owing to theobservation that theperceptualeffectsshare
similaritiesin the spatialanalysisof the perceived imagewith the
tonemappingalgorithm,we wereableto ef�ciently combinethem
into a stand-alonerenderingmoduleandreachedthereal-timeper-
formance. The implementationof our methodcan be built upon
any real-timerenderingsystemwhich outputsHDR framesor any
HDR videoplayer. To demonstratethe importanceof theaccount
for perceptualeffects, we pluggedour methodto an HDR video
player, what lead to an enhancedrealismof the displayedvideo.
We improvedthestandardmethodsof simulationof theperceptual
effectsbyapplyingthemlocallydependingontheilluminationin an
area,andby providing smoothtransitionbetweendifferentadapta-
tion conditions.Weenvisagethatin futuretheuseof suchamodule
will be standardin every real-timeHDR rendererandHDR video
player.
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