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Dynamic RangeReductioninspired by
PhotoreceptoPhysiology
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Abstract—A common task in computer graphics is the map-
ping of digital high dynamic range imagesto low dynamic range
display devicessuchasmonitors and printers. This task is similar
to adaptation processesvhich occur in the human visual system.
Physiological evidence suggeststhat adaptation already occurs
in the photoreceptors, leading to a straightforward model that
can be easily adapted for tone reproduction. The result is a
fast and practical algorithm for general use with intuiti ve user
parametersthat control intensity, contrast and level of adaptation
respectvely.

Index Terms—tone reproduction, dynamic range reduction,
photoreceptor physiology

|. INTRODUCTION

HE real world shavs a vast range of light intensities

ranging from starlit scenesto white snaw in sun-light.
Even within a single scenethe rangeof luminancescan span
severalordersof magnitude This high dynamicrangewithin a
single scenecan easily be computedwith computergraphics
techniques.They can also be capturedusing a composition
of multiple photographsof the same scenewith different
exposures[1]. In the near future high dynamic range sen-
sorswill becomegenerallyavailable to directly capturehigh
dynamic range images. Furthermore the dynamic range of
data capturedwith medical data acquisition techniquesand
scienti ¢ simulationsmay be arbitrarily high.

As aresult,the availability of high dynamicrangedatawill
becomemuch more commonplaceghanit is now. In contrast,
the dynamicrangeof displaydevicesis currentlylimited, and
economicallysensiblehigh dynamicrangedisplaydevicesare
not yet commonplaceThis may changein the nearfuture as
recentresearchhas already produceda high dynamic range
display by combining LCD and LED technologies[2]. The
dynamicrangeof printers,on the otherhand,will remainlow.
The mismatchbetweenhigh dynamic range data acquisition
and high dynamic range display technology will therefore
persistin one form or another

This leadsto the problemof how to display high dynamic
rangedataon low dynamicrangedisplay devices, a problem
which is generallytermedtone mappingor tonereproduction
[3], [4]. In principlethis problemis simple:we needto turn an
imagewith alarge rangeof numbersnto animagecontaining
integersin the rangeof 0 to 255 suchthat we candisplay it
on a printer or a monitor. This suggestdinear scaling as a
possiblesolution. However, this approachis awed because

Erik Reinhard:University of CentralFlorida, reinhard@cs.ucf.edu
Kate Devlin: University of Bristol, devlin@cs.bris.ac.uk

detailsin the light or dark areasof the image will be lost
dueto subsequenguantization,andthe displayedimagewill

thereforenot be perceved the sameas the scenethat was
photographedFig. 1).

Our operatol
Linear scaling

Fig.1. Linearscalingof HDR data(inset)will causemary detailsto belost.
Tone reproductionalgorithmssuch as the techniquedescribedin this paper
attemptto solve this issue,in this caserecovering detail in both light and
dark areasaswell asall areasinbetween.

Tonereproductionalgorithmsthereforeattemptto scalethe
high dynamic range data in such a way that the resulting
displayableimagehaspresered certaincharacteristicof the
input data, such as brightness visibility, contrastor appear
ance.Algorithms can be classi ed into two broad cateyories:
global and local operators.Global operatorscompresscon-
trastshasedon globally derived quantities which may include
for example the minimum and maximum luminanceor the
averageluminance.In particularthe log averageluminanceis
often computedto anchorthe computation.The compression
algorithmthencompressepixel contrastsaccordingto a non-
linear function basedon its luminance, as well as those
global variables.No other information is usedto modulate
the compressiorcurve [5]-[15].

The shapeof the compressiorcurve is what differentiates
theseglobal algorithms.While visual inspectionof the com-
pressiorcurves,i.e. thefunctionsthatmaphigh dynamicrange
luminancego displayluminancesmay leadto the suggestion
that most of thesealgorithmsare very similar in nature,we
have found thatsmall differencedn their functionalform may
leadto substantiadifferencesn visual appearance.

Global algorithmstendto be computationallyef cient, but
may have distinct disadantagesIn particulay loss of detail
is often associatedwith global operators.The more recent
algorithmstendto exhibit fewer artifactsthanearlierattempts,
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however.

A distinguishingfeatureof local operatorsis their use of
neighboringpixelsto derive the amountby which to compress
a pixel [13], [16], [17]. Local operatoramay shav haloingor
ringing artifactswhich indicatethatalthoughthe principle may
bevalid, the calibrationof thesemodelsis critical andis often
not well understood.

Tone reproductionoperatorsmay also be classi ed based
on whetherthey rely on modelsof humanvisual perception
or on mathematicalor engineeringprinciples. Some tone
reproductionoperatorsuse explicit perceptuaimodelsto con-
trol the operator[6], [8]-[11], [16]-[19], and in particular
work on the assumptionthat local spatial interactionis a
key featurein dynamicrangereduction[16]. Other spatially
varyingoperatorave usedbi- or tri-lateral Itering [20], [21]
or compresghe gradientof an imagefollowed by numerical
integration [22].

The humanvisual system(HVS) successfullyand effort-
lessly overcomesdynamic range issues for a vast range
of intensities by using various adaptationmechanisms.n
addition to the photoreceptorqrods and cones),the retina
contains additional types of cells, such as horizontal and
amacrinecells providing lateralinterconnectiity, and bipolar
and ganglion cells giving distal connectvity [23]. Although
this aloneprovidessereralloci whereadaptatiormay occut a
key obsenation is that all cells in the HVS have a limited
capability to produce graded potentialsor spike trains. By
de nition this includesthe very rst cells in the chain of
visual processingthe photoreceptorsHence,dynamicrange
reductionmust alreadyoccur in the rods and cones.Results
from electro-plysiology have con rmed this [24]-[27].

In this paperwe adapta computationalmodel of photo-
receptotbehaior to help solve thetonereproductiorproblem.
The aim of this work is to provide a new global tone
reproductioroperatotthatis fastandproducegplausibleresults
thatareusefulin practicalsettingssuchashigh dynamicrange
photograplp. We believe that for a large range of images
our methodcombinesthe speedof global tone reproduction
operatorswith the ability to compresshigh dynamic range
imagesaswell asor betterthan currentoperators.

While our methodis groundedin results obtained from
electro-plysiology, we do not presenta full and complete
model of photo-receptorbehaior, becausethis would add
unnecessargompleity to the model. The dynamicrangeof
cells at various stagesof visual processingmay differ, and
different adaptationmechanismsexist at differentloci in the
humanvisual system[23]. We thereforedo not aim to present
a completemodel of the early stagesof humanvision, but

focusonthe rst stepof visualprocessing the photoreceptors.

Also, this stepis only modeledto the extentthatit allows the
problemof tone reproductionto be addressedThe model of
visual processingemployed hereshouldthereforenot be seen
as completeor even predictive for humanvisual perception.
Also, we deviate from this model in certain areasto in-
creasethe practical use of our algorithm. In particulay we
have tted the modelwith four userparametersvhich allow
overall intensity contrast,light- and chromaticadaptationto
be independenthcontrolled.However, we do shov thatinitial

estimategnay be computedfor theseparametershat provide
resultsthatin mostcasegequireonly very small adjustments.

Il. ALGORITHM

Various mechanismsin the HVS mediate adaptationto
lighting conditions.We speci cally emplgy a model of pho-
toreceptoradaptationwhich canbe describedasthereceptors'
automaticadjustmento the generallevel of illumination [25],
[28]. The potential V producedby cones as function of
intensity| may be modeledby [29]:

I
Vv = —V,
| + (la) max

(la) = (fla)"

Theseequationsare a subtlebut importantdeviation from the
morecommonNaka-Rushtorequation26] andarederived by
Hoodandcolleaguegor reasonsnentionedn their paper29].
Thesemi-saturatioonstant (I ,) describeghe stateof long-
termadaptatiorof the photo-receptoasfunctionof adaptation
level 1,. Both f and m are constantsput will be treatedas
userparametersn our adaptationof the model. Their values
differ betweerstudiesbut for m it is foundto lie betweer0:2
and 0:9 [29]. The value of the multiplier f is not discussed
further by Hood et. al., but we have found that settingf = 1
provides a usefulinitial estimate.The maximumincremental
responseelicited by | is given by Vimax , Which we setto 1.
Onereasonablassumptiormadefor (1) is thattheinputsignal
is positive, so that the outputV lies between0 and 1.

The adaptationlevel |, for a given photoreceptorcan be
thought of as a function of the light intensities that this
photoreceptorthas been exposedto in the recentpast. If a
sequenceof frames were available, we could computel 4
by integration over time [12]. This approachmay account
for the stateof adaptationundervarying lighting conditions.
However, even under stationarylighting conditions,saccadic
eye movementsas well as ocular light scatter causeeach
photoreceptorto be exposedto intensity uctuations. The
effect of saccadesand light scatteringmay be modeledby
computingl , asa spatially weightedaverage[30].

Someprevious tonereproductionoperatorghat usesimilar
compressioncurves, compute by spatial integration [13],
[17]. However, if  is basedon a local average thenirrespec-
tive of the shapeof the compressiorcurve, ringing artifacts
may occur [31]. By carefully controlling the spatialextent of

, theseartifacts may be minimized [13], [20]. We compare
different choicesof global and local adaptationlevels | 5 in
SectionlV.

In practice, we may assumethat each photoreceptoris
neither completely adaptedto the intensity it is currently
exposedto, nor is it adaptedto the globally averagescene
intensity but insteadis a mixture of the two. Ratherthan
compute an expensve spatially localized average for each
pixel, we proposeto interpolatebetweenthe pixel intensity
andthe averagesceneintensity In the remainderof this paper
we will usethe term light adaptationfor this interpolation.

Similarly, a small clusterof photoreceptorsnay be adapted
to the spectrumof light it currently receves, or it may be

@)
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adaptedto the dominantspectrumin the scene.We expect

photoreceptorso be partially adaptedto both. The level of

chromatic adaptationmay thus be computedby interpolat-
ing betweenthe pixel's red, greenand blue valuesand its

luminancevalue. By making the adaptationlevel dependent
on luminanceonly no chromaticadaptationwill be applied,

whereaskeeping the three channelsseparatefor each pixel

achievesvon Kries-stylecolor correction[32].

We have found that for mostimages,keepingall channels
fully dependentsufces, whereasusing the pixel intensity
itself ratherthan the sceneaverageproduceshettercompres-
sion. While for mostimagesthe setting of the interpolation
weightsis not critical, for the purposeof demonstratinghe
effect of different weights,we presentan a-typical resultin
Fig. 2. Our default settingswould resultin the imagein the
top right corner which we deemoverly compressedin our
opinion, the image on the middle right presentsan attractie
trade-of betweendetail visibility and contrast. The effect
of manipulatingthe two interpolation weights is generally
smaller becausemost imageshave a less pronouncedcolor
cast.Resultsshavn in the remainderof this paperwill have
thetwo interpolationweightssetto their default values,unless
indicatedotherwise.

Finally, we note that we could simulatethe effect of time
dependentadaptationfor a still image by making the two
interpolationweightsfunctionsof time andcreatinga sequence
of imagestonemappedvith differentinterpolationweights.We
illustratethis in Fig. 3, whereboth weightswere incremented
from O to 1 in stepsof 0:2. Note that we simultaneously
achiere adaptationto luminancelevels as well as chromatic
adaptationThe imageon the right shavs more detail in both
the dark and light areas,while at the sametime the yellow
color castis removed.

I11. USER PARAMETERS

For certain applicationsit may be important to have a
tonereproductioroperatomwithout any userparametersOther
applicationsmay bene t from a small amountof userinter
vention, provided that the parametersare intuitive and that
the number of parametersis small. We provide an inter
mediary solution by tting the model with carefully chosen
userparametershat may be adjustedwithin a sensiblerange
of values. Theseparametershave an intuitive effect on the
resultingimages sothatparameteadjustmentnvolvesaslittle
guesswrk aspossible.

In addition,we provide initial estimatef theseparameters
that produceplausibleresultsfor a wide variety of images.
This bene ts applicationsthat require fully automatictone
reproduction,and also createsreasonablénitial imagesthat
may be further modi ed by the user

Two of the userparametersvereintroducedin the previous
section. Theseare m and f, which control contrastand
intensity respectiely. In this sectionwe discusstheir useful
rangeof operationaswell asreasonablénitial estimatesWe
alsoprovide further detailsfor the parametershat govern the
level of chromaticandlight adaptation.

Although the constantm hasbeendeterminedfor speci c
experimentalset-ups[29], we have found that its value may

successfullybe adjustedbasedon the composition of the
image. In particular we make m dependenbn whetherthe
imageis high- or low-key (i.e. overall light or dark). The key
k can be estimatedfrom the log average,log minimum and
log maximumluminance(L ay, L min andLmax) [14]:

k= (Lmax La)™(Lmax Lmin) @)

with luminancespeci ed as:
L = 0:21251, + 0:71541 4 + 0:0721l; (3)
We choosemappingthe key k to the exponentm asfollows:
m = 0:3+ 0:7k M 4)

This mappingis basedon extensve experimentatiorand also
brings the exponentwithin the range of valuesreportedby
electro-plysiological studies[29]. It was chosenfor engi-
neeringpurposego make the algorithm practicalfor a wide
variety of input data. By anchoringthe exponentm to the
log averageluminancein relation to the log minimum and
log maximum luminance,the model becomesrohust in the
sensethat the input data doesnot needto be calibratedin
particularunits of measuremeniThis computationproducesa
reasonablénitial estimatefor m, althoughsometimesmages
may bene t from manualadjustmentWe have found that the
rangeof operationfor this parameteshouldbe limited to the
range[0:3; 1). Differentvaluesof m resultin differentshapes
of the compressiorcune, asshavn in Figure4 for a rangeof
valuesof m. This plot was createdoy tonemappinganimage
with a linear ramp between10 2 and 10°. For this ramp,
the exponentm would be initialized to a value of 0:493 This
parametehasa directeffect onthe slopeof the curve, andthus
tradescontrastin medium-intensityregionsfor detail visibility
in the dark and bright regions by becomingmore or less“S”-
shaped.

While the parameterf discussedabose may be setto 1
as an appropriateinitial value, we allow f to be varied by
the useraswell. Althoughiit is possibleto setf directly, the
rangeof usefulvaluesis large andnon-intuitive. We therefore
replacethe multiplier f by an exponentialfunction:

f =exp( 9 )

By changingthe parameterf © the overall intensity of the
image may be altered; higher values will male the result
lighter whereadower valuesmake the imagedarker. For most
imagestherangeof usefulvaluesof this parameters between

8 and 8, with an initial estimateof O (suchthatf = 1 as
indicatedin the previous section). The tone curve follows a
similar progressionof shapesfor different choicesof f © as
seenfor parametem in Figure 4. However, in practicethe
visual impact of this parameteris differentfrom m and we
thereforekeepboth parameters.

We apply (1) to eachof the red, greenand blue channels
independentlybecausein the HVS different cone types do
not interact. However, it may be desirableto remove strong
color castsin theimage,which canbe achiezed by computing
the adaptationlevel |, for eachof the red, greenand blue



IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTERGRAPHICS

(8]
®
>
[
o
o}
o
=
<
o
-
5
>
0]
4
£
=1
2
o
8
©
©
o
(=]
®
E

Pixels are adapted to themselves

Aels are adapted to average intensity

Independent
color channels

Dependent
color channels

-

Fig. 2. Memorial church image, showingthe effect of different methodso computethe adaptationluminancel 5. The valuesof the weightsare varied from
0 to 0:5 to 1. Thisimage is a particularly good exampleto showthis effect becauset hasa strong yellow color cast. For mostimages, the settingof | 5 is

lesscritical and more benign.

Global adaptation

Local adaptation

Fig. 3. Outdoorscenetaken at dawn and indoor scenetaken around mid-day both with simulatedtime dependentidaptation.On the left, the adaptation
level | ; is computedfrom the aveiage sceneluminance whereason the right the adaptationlevel is computedusing the independented, greenand blue
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Fig. 4. Mapping of input luminances(horizontal) to display luminances
(vertical) for different valuesof m.

channelsas a weightedsum of the pixel's luminanceL and
the intensity value of the channel:

lg = Clrjgjb+ (1 C)L (6)

Theamountof color correctionis now controlledby theweight
factor ¢, which should be betweenO and 1. By setting this
user parameterto 1, the red, greenand blue color channels
are treatedindependentlyand this achieves color correction
in the spirit of a von Kries model [32]. By default, we do
not apply chromaticadaptationby settingc = 0 so that the
adaptatiorlevel is the samefor all threecolor channels.
Similarly, in rareinstancesve would lik e to controlwhether
the pixel adaptationis basedon the pixel intensity itself, or

on global averages:
la = alrjgp+ (1 a)lrajvgjb (7)

Here,we useasecondveighta whichinterpolatesbetweerthe
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Fig. 5. Mapping of input luminances(horizontal) to display luminances
(vertical) for different valuesof our light adaptationparametera.

pixel intensity | 4, andthe averagechannelintensity | rajvgjb'
For avalueof a = 1, adaptationis basedn the pixel intensity
whereador a = 0 the adaptationis global. This interpolation
thus controls what we will refer to as light adaptation.lts
impacton thecompressiomurve is shavn in Figure5. As with
m andf , this parametessteersthe shapeof the compression
cune. Although this family of curves doesnot spana very
wide rangeof shapesijts visual impact can be considerable,
as shavn in Figure 2. By default, we seta = 1 to trade
detail visibility for contrast.Theseinterpolationschemesnay
be combinedusingtri-linear interpolation,with | f‘j"gjb andL®
arithmeticaverageqFig. 2):

|ellocal Clrjgjb+ (1

av
Clign+ (1
a|;ocal + (1

c)L
C)Lav

a)| Zg}lobal

[ global
a

la

For reference,Table | shavs all user parameters,their
operatingrangeas well astheir initial estimatesin practice,
manipulatingm andf ®allows sufciently ne controloverthe
appearancef the tone-mappedmage.In rare casesc and a
needminor adjustmentgoo. All four parametersre setonce
perimage,wheread , andV arecomputedper pixel and per
channel.After normalizationof V, which typically expands
the rangeof valuesratherthan compresshemfurther, we set
the display intensity to the photo-receptooutputV, making
this a simple andfastglobal operator The normalizationstep
was implementedby computingthe minimum and maximum
luminancein the image.The R, G and B channelsare then
individually scaledusing(ljgjb Lmin )=(Lmax Lmin ) @and
clippedto 0 and 1. In summary the sourcecode of the full
operatoris givenin Fig. 6.

IV. RESULTS

In this sectionwe shav the effect of manipulatingthe user
parametersn, f % a andc on visual appearancend compare
our resultswith existing tone mappingoperatorsin terms of
visual quality aswell ascomputationtime.

double Cav[3]; /I channel averages
double Lav; /I average luminance
double Llav; /l'log average lum

double Lmin, Lmax; /I min and max lum

void tonemap ( double ***rgb,

double f,

/I input/output image
/I overall intensity

double m, // contrast

double a, /I adaptation

double c¢) /I color correction

{

int X, Y, i; /I loop variables
double L; /I pixel luminance
double I_a; /I pixel adaptation
double g, LI // global and local
f=exp (-f);

m=(m>0.)?m:0.3+0.7 * pow ((log(Lmax) -
Llav) / (log(Lmax) - log(Lmin)), 1.4);

for (y = 0; y < height; y++)
for (x = 0; x < width; x++) {
L = luminance (rgb, X, y);
for (i=0;i<3;i++){
I = ¢ * rgb[y][x][i] + (1-c) *L

I_g =c * Cavli] + (1-c) * Lav;
I_a =a*l_| +(1-a) *I_g;
}fgb[y][X][i] [= rgb[ylIx][i] + pow (f* I_a, m);

}
normalize (rgb, width, height);

Fig. 6. Sourcecode Notethat userparameterm is computedrom globally
derivedquantitiesunlessthe calling function speci esa valuefor m.

TABLE |
User parametes.
Parameter Description Initial value  Operatingrange
m Contrast 0:3+ 0:7k%* [0:3;1:0)
f0 Intensity 0:0 [ 8:0;8:0]
c Chromaticadaptation 0:0 [0:0; 1:0]
Light adaptation 1:0 [0:0; 1:0]

The imagesin Fig. 7 vary in the choice of parameterd °
and m with the middle image using default settingsfor all
parametersBoth f ®andm maybe modi ed beyondtherange
shawn in this gure.

While the operatoris global becausem is computedfrom
globally derived quantities,the methodmay be extendedto a
local operatorby setting the adaptationlevel 1, to a local
average of pixel intensities. Using their respectie default
parametersettings, we experimentedwith two such local
operators,namely bilateral ltering [20] and adaptve gain
control [33].

Fig. 8 shaws that our global operatorperformsalmostas
well as bilateral Itering as appliedto our operator In our
opinion, bilateral ltering causeso artifactsdueto its ability
to avoid ltering acrosshigh contrastedges.However, the
adwantageof applying bilateral Itering to our operatoris
relatively modestjudging by thevisualdifferencebetweerour
global operatorandour local operatorusingbilateral Itering.
This obsenation doesnot necessarilyextrapolateto othertone
reproductioroperatorghatmaybene t from bilateral Itering.

The effect of applying adaptve gain control is more pro-
nouncedWhile bilateral ltering appliesa (Gaussianpperator
in both the spatialas well as the intensity domain, adaptve
gain control only lIters pixels in the intensity domain[33].
We believe that for this reasonadaptve gain control has a
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Image data courtesy of Greg Ward

m = 0.262,
0.462
0.662

[}

f'=-2.0,0.0,2.0

Fig. 7.

Clifton suspensiorbridge showingthe effect of varying user parameterm between 0:2 of the defaultvalug and the parameterf © which was

varied between 2:0 and 2:0. The enlarged image in the middle was createdusing our default parametersettings.

somevhat cruder visual appearanceHowever, this approach
has also increasedthe contrastof the image, which may be
desirablefor certainapplications.

One of the more dif cult imagesto tonemapis the 'desk’
image,shovn in Fig. 9. Becausat is impossibleto know how
light or darktheimageshouldbe displayedo befaithful to the
original photographwe contactedhe photographeto discuss
andcalibrateourresult.For thedeskimage,asagenerarule of
thumb,the darkareaunderneatlthe deskshouldbe quite dark,
but somedetailsare visible. In the real sceneit was dif cult
to distinguishdetailsof the bagon the left. The highlight in
front of the book shouldappearbright. The text on the book
shouldbe visible, andthe light bulb shouldbe distinguishable
from the lamp-shadeNote that this imagehasa fairly strong
color cast,which we choseto remove by settingc = 1.

In the parking garagein Fig. 10, the foregroundshouldbe
fairly dark with visible detail, and the areaoutsideshouldbe
bright andis also shaving detail. Timing resultsare given in
Tablell andwereobtainedusinga 2:53 GHz Pentium4 CPU.

For eachof the algorithmsin our comparisonwe manip-
ulated the user parameterdo shov the details in both the
light as well as the dark areasas well as possible.While
this may not be in keepingwith the intent of each of the
operatorspur aimis to provide a practicalandusefuloperator
The fairest comparisonpossibleis thereforeone where the
parametersfor each method are optimized to produce the
visually most pleasing results. This optimization is by its
naturesubjectve. We appliedgammacorrectionto all images
afterwards( = 1:6). The methodswe compareagainstare:

Logarithmic compression.In this algorithm we take the
logarithm andapply a linear shift andscaleoperationto bring
the datawithin displayablerange.This operatoris included
becausat is one of the most straightforvard techniqueshat
producesa baselineresult against which all other operators
may be compared.

Adaptive logarithmic mapping. This global tonemapping
algorithmlogarithmically compressegachpixel, but the base
of thelogarithmis chosenfor eachpixel separatelyaccording
to a biasfunction[15].

Bi- and trilateral Itering . Here,we appliedthe bilateral
Iter asit wasoriginally presented20]. The methodseparates
the image into a high dynamicrange baselayer and a low
dynamic range detail layer with the aid of a bilateral Iter
which has the desirableproperty that the image is blurred
without blurring acrosssharpedges.The baselayer is then
compressedshiftedandrecombinedwith the detaillayer The
two userparameterdor this methodare shifting and scaling
of the baselayer We also compareagainstthe trilateral Iter
which is an extensionof bilateral Itering [21].

Histogram adjustment. Histogramadjustments a fastand
widely usedtechniquewhich producegjoodresultsfor alarge
classof images[10]. We did not include the optional veiling
luminance,color sensitvity and visual acuity techniquesto
promotea fair comparisonput usedthe pcondprogramfrom
the Radiancepackage[34] with no parameters.

Photographic tone-mapping Photographid¢onereproduc-
tion may be executedas a global aswell as a local operator
[13]. We useda parameterestimationtechniqueto nd the
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Our global operator

Our local operator with bilateral filtering

Image data courtesy of Paul Debevec

Our local operator with adaptive gain control

Fig. 8. Rosetteand sunsetimages comparinglocal and global versionsof our opeiator.

TABLE I
Computationtimesin secondgor the deskimage (1536x1024pixels)and
garage image (748x492pixels). Seealso Figs. 9 and 10.

Algorithm Computationtime

Desk Garage
Ours 2.01 0.53
Ours+ bilateral Itering 5.80 1.26
Ours+ adaptve gain control 135.0 39.66
Photographiqlocal) [13] 28.86 7.47
Photographidqglobal) [13] 0.85 0.15
Ashikhmin's operator{17] 46.11 12.17
Bilateral Itering [20] 4.49 0.80
Trilateral Itering @ [21] 488.0 110.8
Histogramadjustmen{10] 1.78 0.43
Logarithmic compression 1.88 0.47
Adaptive logarithmic mapping[15] 1.64 0.40
Time dependentdaptation12] 6.32 1.39
Revised Tumblin-Rushmeief11] 241 0.59
Uniform rational quantization[7] 1.48 0.27

a0ptimizationsas applied to the bilateral Iter [20] could also be
applied to the trilateral Iter, which would reducethe computation
time by at least an order of magnitude.Our code, basedon the
implementationmade available by the authors,does not incorporate
theseoptimizations.

appropriatesettingsfor eachimage[14].

Ashikhmin's operator. This is a local operatorbasedon
humanvisual perceptiorf17]. For eachpixel alocal adaptation
level is computedn amannersimilar to thelocal photographic
tonemappingperator Thereare no userparameters.

Time-dependentadaptation. This algorithmis a sigmoid
using the original Naka/Rushtorequation[26] with a x ed
semi-saturatiorconstant.Although the algorithm was origi-
nally presentedo explore time-dependerédaptatior{12], we
have adaptedthe algorithm for still imageswith help from

the author This algorithm assumesghat the input is givenin
cd=n?. Becausethe units usedfor the imagesare unknavn,
this leavestwo parameterdo be set manuallyto convert the
imageroughlyto Sl units. It shouldbe notedthatfor the work
on time dependentadaptation,this operatorwas applied to
sequencesf low dynamicrangeimages.Similar compression
curves were also usedfor high dynamicrange compression,
but thenthe adaptatiorwaslocal [33], not globalastheresults
shavn here.As such,the imagesshowvn for this operatorare
not directly comparablédo the resultsobtainedby Pattanaiket
al [12], [33].

Revised Tumblin-Rushmeier. This global operatoris es-
sentiallya power-law basedon psychoplysicaldata[11]. Like
the previous method, the algorithm is calibratedin cd=n?.
We linearly scaledthe input dataand normalizedthe output
afterwardsto producewhatwe believe the bestpossibleresults
for this methodin a practicalsetting.

Uniform rational quantization. This is anotherearly op-
eratorwhich producesplausibleresultsfor mary images[7].
The userparameteM wasmanipulatedperimageto produce
reasonableesults.

The imagesshavn in Figs. 9 to 12 are fairly typical. In
general, global operatorstend to either appearwashed-out
or lose visible detail in the dark and/or light areas.Local
operatorstend to showv the details better but frequently do
this at the costof ringing or haloing artifacts.In our opinion,
the methodpresentedn this paperproducessensibleresults
without obvious artifacts. It also allows strong color-caststo
be removed shouldthat be desirable.

With the exception of the iCAM color appearancenodel
which addressesolor delity in the context of high dynamic
rangedatacompressioni35], theissueof color delity in tone
reproductionhasnot received a greatdeal of attention.Many
tone reproduction operatorsonly compressthe luminance
channel,and apply the result to the three color channelsin
sucha way that the color ratios beforeand after compression
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Fig. 9. Deskimage.

are presered [7]. Fattal et al [22] build upon this tradition
by introducing an exponents to control saturation.For the
red channel,the display intensity Ry is then a function of
theinput intensity Ry, the pixel's luminancebeforeand after
compressior(L, andLq respectiely): Rg = Lg (Rw=Ly)°.
Thegreenandbluechannelsareprocesse@nalogouslyThisis
areasonablest stepbutignoresthefactthatcolorappearance
varieswith the overall intensity of the scene[36]. While our
methoddoesnot addresghis issueeither in the absenceof
a satishctory solution, we preferto provide the usercontrol
over the amountof chromaticadaptation.

Our comparisonis by no meansexhaustve. There are
mary more researcimagesavailable,aswell asfurthertone
reproductiortechniqueshatwe have notmentionedHowever,
we do believe that the abose comparisonis indicative of

Revised Tumblin-Rushmeier

Trilateral filtering

Photographic tonemapping (local)

Ashikhmin's operator

Image data courtesy of Cornell Program of Computer Graphics

Uniform rational quantization

the results one may expect from various tone reproduction
operatorsjncluding the one presentedn this paper

While sigmoidalmappingfunctionsareemployed by others
to describeaspectf vision [26], [29], andwerelater usedin
the eld of tonereproductior{12], [33], [37] andcolor appear
ancemodeling[38]-[40], we believe thatits successfulisein
engineeringapplicationsstrongly dependson the appropriate
selectionof tuning parametersWe have provided sufcient
tools to shapethe sigmoidalcurve to suit mosthigh dynamic
rangeimagery

An example responsecurve generatedby our algorithm
is comparedwith the global version of photographictone
mapping(using automaticparameterestimation)[14] in Fig-
ure 13. Our curve shaws the responseo a linear ramp using
default parametersettings. While the shape of the curve
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Fig. 10. Parking garage.

dependsstrongly on the averageluminancein relationto the
minimum and maximumluminance(comparewith Figures4
and5), a generalobsenation to be madeis that our curve is
generallyshiftedfurtherto the right thanthe curve de ned by
photographictone mapping.The curve also doesnot atten
out at the bright end if there are mary bright pixels in the
image,andthereforethe averageluminanceis relatively high.
This meansthat detailsin bright regions of bright scenesare
presered betterthan detailsin bright regions of dark scenes
whenthe curve would in fact atten outatthe brightend.This
desirablébehaior is not asreadilyavailablewith photographic
tonemapping.

Photographic tonemapping (global)

Adaptive logarithmic mapping

Revised Tumblin-Rushmeier

Trilateral filtering

Photographic tonemapping (local)

Ashikhmin's operator

Image data courtesy of Cornell Program of Computer Graphics

Uniform rational quantization

V. DISCUSSION

We ervision tonereproductioroperatorgo be usedpredom-
inantly by photographersswell asin other artistic applica-
tions. It is thereforeour aim to presenta generallyapplicable
operatorthatis fastandpracticalto use,andprovidesintuitive
userparametersWe used ndings from electro-plysiology to
motivate the designof our algorithm, but madeengineering-
baseddesign decisionswhere appropriate.Experimentation
with bilateral Itering and adaptve gain control techniques
shavedthatthe visual quality of our spatiallyvarying operator
is only mamginally better than for our global operator We
thereforebelieve that for most practicalapplications,our fast
global operatorwill sufce.

Thereare mary criteria one might apply to comparequali-
tative results[41]-[43]. For instanceone could measurehov
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well details are presered, or how well the method models
certain aspectsof the human visual system.Theseare all
worthwhile criteria, but they also assumethat tone repro-
duction operatorswill be usedfor speci ¢ applications,such
as perhapsexplaining visual phenomenaValidation of tone
reproductionoperatorsfor speci c tasksis a very necessary
avenueof researchthathasyet to mature althoughinsightinto
this matteris beginning to accumulatg44]. For this reason,
and becausewe aim for generalapplicability we have used
visual comparisonto shav qualitative results.

In the absenceof straightforvard validation techniques,
judgmentof operatorsis currently a matter of taste.Iln our
opinion, the global operatorpresentedn this paperproduces
visually appealing output for a wide variety of input. It
sharesspeed-adantageswith other global operatorswhile

tive logarithmic mapping

Revised Tumblin-Rushmeier
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Trilateral filtering
R

Ashikhmin's operator

Image data courtesy of Paul Debevec

Uniform rational quantization

compressingimageswith a quality that in our opinion ri-

vals local operatorsalbeit without ary ringing artifacts. The
method has four user parametersgachwith sensibleinitial

estimateghat orthogonallycontrol contrast,overall intensity

light- and chromaticadaptationyielding a tone reproduction
operatorthat is fast, easyto useand suitablefor applications
whereplausibleresultsis the main criterion for selectionof a
particulartechnique We thereforebelieve that this algorithm
will be a useful addition to the current collection of tone
reproductionoperators.
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