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DynamicRangeReductioninspiredby
PhotoreceptorPhysiology
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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 processeswhich 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
respectively.

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

I . INTRODUCTION

T HE real world shows a vast range of light intensities
rangingfrom star-lit scenesto white snow in sun-light.

Even within a singlescenethe rangeof luminancescanspan
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�c simulationsmay be arbitrarily high.

As a result,theavailability of high dynamicrangedatawill
becomemuchmorecommonplacethan it is now. In contrast,
the dynamicrangeof displaydevicesis currentlylimited, and
economicallysensiblehigh dynamicrangedisplaydevicesare
not yet commonplace.This may changein the nearfuture as
recentresearchhas alreadyproduceda high dynamic range
display by combining LCD and LED technologies[2]. The
dynamicrangeof printers,on theotherhand,will remainlow.
The mismatchbetweenhigh dynamic rangedataacquisition
and high dynamic range display technology will therefore
persistin one form or another.

This leadsto the problemof how to displayhigh dynamic
rangedataon low dynamicrangedisplaydevices,a problem
which is generallytermedtonemappingor tonereproduction
[3], [4]. In principlethis problemis simple:we needto turn an
imagewith a largerangeof numbersinto an imagecontaining
integersin the rangeof 0 to 255 suchthat we can display it
on a printer or a monitor. This suggestslinear scaling as a
possiblesolution. However, this approachis �a wed because
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details in the light or dark areasof the image will be lost
due to subsequentquantization,and the displayedimagewill
thereforenot be perceived the sameas the scenethat was
photographed(Fig. 1).

Our operator
Linear scaling

Fig. 1. Linearscalingof HDR data(inset)will causemany detailsto be lost.
Tone reproductionalgorithmssuchas 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
displayableimagehaspreserved certaincharacteristicsof the
input data,such as brightness,visibility, contrastor appear-
ance.Algorithms canbe classi�ed into two broadcategories:
global and local operators.Global operatorscompresscon-
trastsbasedon globally derivedquantities,which may include
for example the minimum and maximum luminanceor the
averageluminance.In particularthe log averageluminanceis
often computedto anchorthe computation.The compression
algorithmthencompressespixel contrastsaccordingto a non-
linear function based on its luminance, as well as those
global variables.No other information is used to modulate
the compressioncurve [5]–[15].

The shapeof the compressioncurve is what differentiates
theseglobal algorithms.While visual inspectionof the com-
pressioncurves,i.e. thefunctionsthatmaphighdynamicrange
luminancesto displayluminances,may leadto the suggestion
that most of thesealgorithmsare very similar in nature,we
have foundthatsmalldifferencesin their functionalform may
lead to substantialdifferencesin visual appearance.

Global algorithmstend to be computationallyef�cient, but
may have distinct disadvantages.In particular, 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

neighboringpixels to derive theamountby which to compress
a pixel [13], [16], [17]. Local operatorsmay show haloingor
ringingartifactswhich indicatethatalthoughtheprinciplemay
bevalid, thecalibrationof 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
reproductionoperatorsuseexplicit perceptualmodelsto con-
trol the operator [6], [8]–[11], [16]–[19], and in particular
work on the assumptionthat local spatial interaction is a
key featurein dynamicrangereduction[16]. Other spatially
varyingoperatorshave usedbi- or tri-lateral�ltering [20], [21]
or compressthe gradientof an imagefollowed by numerical
integration [22].

The humanvisual system(HVS) successfullyand effort-
lessly overcomes dynamic range issues for a vast range
of intensities by using various adaptationmechanisms.In
addition to the photoreceptors(rods and cones),the retina
contains additional types of cells, such as horizontal and
amacrinecells providing lateral interconnectivity, andbipolar
and ganglion cells giving distal connectivity [23]. Although
this aloneprovidesseveral loci whereadaptationmayoccur, a
key observation is that all cells in the HVS have a limited
capability to producegradedpotentialsor spike trains. By
de�nition this includes the very �rst cells in the chain of
visual processing:the photoreceptors.Hence,dynamicrange
reductionmust alreadyoccur in the rods and cones.Results
from electro-physiology have con�rmed this [24]–[27].

In this paperwe adapta computationalmodel of photo-
receptorbehavior to helpsolve thetonereproductionproblem.
The aim of this work is to provide a new global tone
reproductionoperatorthatis fastandproducesplausibleresults
thatareusefulin practicalsettingssuchashigh dynamicrange
photography. We believe that for a large range of images
our methodcombinesthe speedof global tone reproduction
operatorswith the ability to compresshigh dynamic range
imagesaswell asor betterthancurrentoperators.

While our method is groundedin results obtained from
electro-physiology, we do not presenta full and complete
model of photo-receptorbehavior, becausethis would add
unnecessarycomplexity to the model.The dynamicrangeof
cells at various stagesof visual processingmay differ, and
different adaptationmechanismsexist at different loci in the
humanvisual system[23]. We thereforedo not aim to present
a completemodel of the early stagesof humanvision, but
focuson the�rst stepof visualprocessing- thephotoreceptors.
Also, this stepis only modeledto the extent that it allows the
problemof tone reproductionto be addressed.The model of
visual processingemployed hereshouldthereforenot be seen
ascompleteor even predictive for humanvisual perception.

Also, we deviate from this model in certain areasto in-
creasethe practical use of our algorithm. In particular, we
have �tted the model with four userparameterswhich allow
overall intensity, contrast,light- and chromaticadaptationto
be independentlycontrolled.However, we do show that initial

estimatesmay be computedfor theseparametersthat provide
resultsthat in mostcasesrequireonly very smalladjustments.

I I . ALGORITHM

Various mechanismsin the HVS mediate adaptationto
lighting conditions.We speci�cally employ a model of pho-
toreceptoradaptation,which canbedescribedasthereceptors'
automaticadjustmentto thegenerallevel of illumination [25],
[28]. The potential V produced by cones as function of
intensity I may be modeledby [29]:

V =
I

I + � (I a)
Vmax (1)

� (I a) = (f I a)m

Theseequationsarea subtlebut importantdeviation from the
morecommonNaka-Rushtonequation[26] andarederivedby
Hoodandcolleaguesfor reasonsmentionedin theirpaper[29].
Thesemi-saturationconstant� (I a) describesthestateof long-
termadaptationof thephoto-receptorasfunctionof adaptation
level I a . Both f and m are constants,but will be treatedas
userparametersin our adaptationof the model.Their values
differ betweenstudies,but for m it is foundto lie between0:2
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 useful initial estimate.The maximumincremental
responseelicited by I is given by Vmax , which we set to 1.
Onereasonableassumptionmadefor (1) is thattheinputsignal
is positive, so that the outputV lies between0 and1.

The adaptationlevel I a for a given photoreceptorcan be
thought of as a function of the light intensities that this
photoreceptorhas been exposedto in the recent past. If a
sequenceof frames were available, we could compute I a

by integration over time [12]. This approachmay account
for the stateof adaptationundervarying lighting conditions.
However, even understationarylighting conditions,saccadic
eye movementsas well as ocular light scatter causeeach
photoreceptorto be exposed to intensity �uctuations. The
effect of saccadesand light scatteringmay be modeledby
computingI a asa spatiallyweightedaverage[30].

Someprevious tonereproductionoperatorsthat usesimilar
compressioncurves, compute� by spatial integration [13],
[17]. However, if � is basedon a local average,thenirrespec-
tive of the shapeof the compressioncurve, ringing artifacts
may occur [31]. By carefully controlling the spatialextent of
� , theseartifactsmay be minimized [13], [20]. We compare
different choicesof global and local adaptationlevels I a in
SectionIV.

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 instead is a mixture of the two. Rather than
compute an expensive spatially localized average for each
pixel, we proposeto interpolatebetweenthe pixel intensity
andtheaveragesceneintensity. In the remainderof this paper
we will usethe term light adaptationfor this interpolation.

Similarly, a small clusterof photoreceptorsmaybeadapted
to the spectrumof light it currently receives, or it may be
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adaptedto the dominantspectrumin the scene.We expect
photoreceptorsto be partially adaptedto both. The level of
chromatic adaptationmay thus be computedby interpolat-
ing betweenthe pixel's red, green and blue values and its
luminancevalue. By making the adaptationlevel dependent
on luminanceonly no chromaticadaptationwill be applied,
whereaskeeping the three channelsseparatefor eachpixel
achievesvon Kries-stylecolor correction[32].

We have found that for most images,keepingall channels
fully dependentsuf�ces, whereasusing the pixel intensity
itself ratherthan the sceneaverageproducesbettercompres-
sion. While for most imagesthe setting of the interpolation
weights is not critical, for the purposeof demonstratingthe
effect of different weights,we presentan a-typical result in
Fig. 2. Our default settingswould result in the imagein the
top right corner, which we deemoverly compressed.In our
opinion, the imageon the middle right presentsan attractive
trade-off betweendetail visibility and contrast. The effect
of manipulating the two interpolation weights is generally
smaller becausemost imageshave a less pronouncedcolor
cast.Resultsshown 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 timeandcreatingasequence
of imagestonemappedwith differentinterpolationweights.We
illustratethis in Fig. 3, whereboth weightswereincremented
from 0 to 1 in stepsof 0:2. Note that we simultaneously
achieve adaptationto luminancelevels as well as chromatic
adaptation.The imageon the right shows moredetail in both
the dark and light areas,while at the sametime the yellow
color castis removed.

I I I . USER PARAMETERS

For certain applications it may be important to have a
tonereproductionoperatorwithout any userparameters.Other
applicationsmay bene�t from a small amountof user inter-
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
userparametersthat may be adjustedwithin a sensiblerange
of values.Theseparametershave an intuitive effect on the
resultingimages,sothatparameteradjustmentinvolvesaslittle
guesswork aspossible.

In addition,we provide initial estimatesof theseparameters
that produceplausibleresults for a wide variety of images.
This bene�ts applicationsthat require fully automatic tone
reproduction,and also createsreasonableinitial imagesthat
may be further modi�ed by the user.

Two of theuserparameterswereintroducedin theprevious
section. These are m and f , which control contrast and
intensity respectively. In this sectionwe discusstheir useful
rangeof operation,aswell asreasonableinitial estimates.We
alsoprovide further detailsfor the parametersthat govern the
level of chromaticand light 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 dependenton 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 av , L min andL max ) [14]:

k = (L max � L av )=(L max � L min ) (2)

with luminancespeci�ed as:

L = 0:2125I r + 0:7154I g + 0:0721I b: (3)

We choosemappingthe key k to the exponentm asfollows:

m = 0:3 + 0:7k1:4: (4)

This mappingis basedon extensive experimentationandalso
brings the exponentwithin the rangeof valuesreportedby
electro-physiological studies [29]. It was chosenfor engi-
neeringpurposesto make the algorithm practical for a wide
variety of input data. By anchoringthe exponentm to the
log averageluminancein relation to the log minimum and
log maximum luminance,the model becomesrobust in the
sensethat the input data doesnot need to be calibratedin
particularunits of measurement.This computationproducesa
reasonableinitial estimatefor m, althoughsometimesimages
may bene�t from manualadjustment.We have found that the
rangeof operationfor this parametershouldbe limited to the
range[0:3; 1). Differentvaluesof m result in differentshapes
of thecompressioncurve, asshown in Figure4 for a rangeof
valuesof m. This plot wascreatedby tonemappingan image
with a linear ramp between10� 3 and 103. For this ramp,
the exponentm would be initialized to a valueof 0:493. This
parameterhasadirecteffecton theslopeof thecurve,andthus
tradescontrastin medium-intensityregionsfor detailvisibility
in the dark andbright regionsby becomingmoreor less“S”-
shaped.

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

f = exp(� f 0) (5)

By changing the parameterf 0 the overall intensity of the
image may be altered; higher values will make the result
lighter whereaslower valuesmake the imagedarker. For most
images,therangeof usefulvaluesof this parameteris between
� 8 and 8, with an initial estimateof 0 (such that f = 1 as
indicatedin the previous section).The tone curve follows a
similar progressionof shapesfor different choicesof f 0 as
seenfor parameterm in Figure 4. However, in practicethe
visual impact of this parameteris different from m and we
thereforekeepboth parameters.

We apply (1) to eachof the red, greenand blue channels
independently, becausein the HVS different cone types do
not interact.However, it may be desirableto remove strong
color castsin the image,which canbeachievedby computing
the adaptationlevel I a for eachof the red, greenand blue
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Pixels are adapted to themselves Independent
color channels

Pixels are adapted to average intensity

Dependent
color channels

Fig. 2. Memorial church image, showingthe effect of different methodsto computethe adaptationluminanceI a . Thevaluesof the weightsare varied from
0 to 0:5 to 1. This image is a particularly goodexampleto showthis effect becauseit hasa strong yellow color cast.For mostimages,the settingof I a is
lesscritical and more benign.

Global adaptation Local adaptation

Fig. 3. Outdoor scenetaken at dawn and indoor scenetaken around mid-day, both with simulatedtime dependentadaptation.On the left, the adaptation
level I a is computedfrom the average sceneluminance, whereason the right the adaptationlevel is computedusing the independentred, greenand blue
componentsof each individual pixel.
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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 intensityvalueof the channel:

I a = cI r jgjb + (1 � c)L (6)

Theamountof colorcorrectionis now controlledby theweight
factor c, which should be between0 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
adaptationlevel is the samefor all threecolor channels.

Similarly, in rareinstanceswe would like to controlwhether
the pixel adaptationis basedon the pixel intensity itself, or
on global averages:

I a = aI r jgjb + (1 � a)I av
r jgjb (7)

Here,weuseasecondweighta which interpolatesbetweenthe
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Fig. 5. Mapping of input luminances(horizontal) to display luminances
(vertical) for different valuesof our light adaptationparametera.

pixel intensity I r jgjb and the averagechannelintensity I av
r jgjb.

For a valueof a = 1, adaptationis basedon thepixel intensity,
whereasfor a = 0 the adaptationis global.This interpolation
thus controls what we will refer to as light adaptation.Its
impacton thecompressioncurve is shown in Figure5. As with
m andf 0, this parametersteersthe shapeof the compression
curve. Although this family of curves doesnot spana very
wide rangeof shapes,its visual impact can be considerable,
as shown in Figure 2. By default, we set a = 1 to trade
detail visibility for contrast.Theseinterpolationschemesmay
becombinedusingtri-linear interpolation,with I av

r jgjb andL av

arithmeticaverages(Fig. 2):

I l ocal
a = cI r jgjb + (1 � c)L

I gl obal
a = cI av

r jgjb + (1 � c)L av

I a = aI l ocal
a + (1 � a)I gl obal

a

For reference,Table I shows all user parameters,their
operatingrangeas well as their initial estimates.In practice,
manipulatingm andf 0 allows suf�ciently �ne controlover the
appearanceof the tone-mappedimage.In rare casesc and a
needminor adjustmentstoo. All four parametersaresetonce
per image,whereasI a andV arecomputedper pixel andper
channel.After normalizationof V , which typically expands
the rangeof valuesratherthancompressthemfurther, we set
the display intensity to the photo-receptoroutput V , making
this a simpleandfastglobal operator. The normalizationstep
was implementedby computingthe minimum andmaximum
luminancein the image.The R, G and B channelsare then
individually scaledusing(I r jgjb � L min )=(L max � L min ) and
clipped to 0 and 1. In summary, the sourcecodeof the full
operatoris given in Fig. 6.

IV. RESULTS

In this sectionwe show the effect of manipulatingthe user
parametersm, f 0, a andc on visual appearanceandcompare
our resultswith existing tone mappingoperatorsin termsof
visual quality aswell ascomputationtime.

        I_l = c * rgb[y][x][i] + (1-c) * L
        I_g = c * Cav[i]       + (1-c) * Lav;

double Lav;
double Cav[3]; 

// average luminance
// channel averages

double Llav; // log average lum
// min and max lum

void tonemap ( double ***rgb, // input/output image
// overall intensity
// contrast
// adaptation
// color correction

{
  int // loop variablesx, y, i;

double    f,
double    m,
double    a,
double    c)

  double
  double

L;
I_a;

// pixel luminance
// pixel adaptation

  double I_g, I_l; // global and local

  f = exp (-f);
  m = (m > 0.) ? m : 0.3 + 0.7 * pow ((log(Lmax) -

  for (y = 0; y < height; y++)
    for (x = 0; x < width; x++) {
      L = luminance (rgb, x, y);
      for (i = 0; i < 3; i++) {

Llav) / (log(Lmax) - log(Lmin)), 1.4);

}

        I_a
        rgb[y][x][i]
      }
    }
  normalize (rgb, width, height);

/= rgb[y][x][i] + pow (f * I_a, m);

double Lmin, Lmax;

= a * I_l          + (1-a) * I_g;

Fig. 6. Source code. Notethat userparameterm is computedfrom globally
derivedquantitiesunlessthe calling functionspeci�esa value for m.

TABLE I

User parameters.

Parameter Description Initial value Operatingrange
m Contrast 0:3 + 0:7k1:4 [0:3; 1:0)
f 0 Intensity 0:0 [� 8:0; 8:0]
c Chromaticadaptation 0:0 [0:0; 1:0]
a Light adaptation 1:0 [0:0; 1:0]

The imagesin Fig. 7 vary in the choiceof parametersf 0

and m with the middle image using default settingsfor all
parameters.Both f 0 andm maybemodi�ed beyondtherange
shown in this �gure.

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

Fig. 8 shows that our global operatorperformsalmost as
well as bilateral �ltering as applied to our operator. In our
opinion,bilateral �ltering causesno artifactsdueto its ability
to avoid �ltering acrosshigh contrastedges.However, the
advantageof applying bilateral �ltering to our operator is
relatively modest,judgingby thevisualdifferencebetweenour
globaloperatorandour local operatorusingbilateral�ltering.
This observationdoesnot necessarilyextrapolateto othertone
reproductionoperatorsthatmaybene�t from bilateral�ltering.

The effect of applying adaptive gain control is more pro-
nounced.While bilateral�ltering appliesa (Gaussian)operator
in both the spatial as well as the intensity domain,adaptive
gain control only �lters pixels in the intensity domain [33].
We believe that for this reasonadaptive gain control has a
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m = 0.262,

        0.462,

        0.662

f' = -2.0, 0.0, 2.0

Fig. 7. Clifton suspensionbridge showingthe effect of varying user parameterm between� 0:2 of the default value, and the parameterf 0 which was
varied between� 2:0 and 2:0. Theenlarged image in the middlewascreatedusingour defaultparametersettings.

somewhat cruder visual appearance.However, this approach
has also increasedthe contrastof the image,which may be
desirablefor certainapplications.

One of the more dif�cult imagesto tonemapis the 'desk'
image,shown in Fig. 9. Becauseit is impossibleto know how
light or darktheimageshouldbedisplayedto befaithful to the
original photograph,we contactedthephotographerto discuss
andcalibrateour result.For thedeskimage,asageneralruleof
thumb,thedarkareaunderneaththedeskshouldbequitedark,
but somedetailsare visible. In the real sceneit was dif�cult
to distinguishdetailsof the bag on the left. The highlight in
front of the book shouldappearbright. The text on the book
shouldbevisible, andthe light bulb shouldbedistinguishable
from the lamp-shade.Note that this imagehasa fairly strong
color cast,which we choseto remove by settingc = 1.

In the parkinggaragein Fig. 10, the foregroundshouldbe
fairly dark with visible detail, and the areaoutsideshouldbe
bright and is alsoshowing detail. Timing resultsaregiven in
TableII andwereobtainedusinga 2:53 GHz Pentium4 CPU.

For eachof the algorithmsin our comparisonwe manip-
ulated the user parametersto show the details in both the
light as well as the dark areasas well as possible.While
this may not be in keeping with the intent of each of the
operators,our aim is 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
naturesubjective. We appliedgammacorrectionto all images
afterwards(
 = 1:6). The methodswe compareagainstare:

Logarithmic compression.In this algorithm we take the
logarithmandapplya linearshift andscaleoperationto bring
the data within displayablerange.This operatoris included
becauseit is one of the most straightforward techniquesthat
producesa baselineresult against which all other operators
may be compared.

Adaptive logarithmic mapping. This global tonemapping
algorithmlogarithmically compresseseachpixel, but the base
of the logarithm is chosenfor eachpixel separatelyaccording
to a bias function [15].

Bi- and trilateral �ltering . Here,we appliedthe bilateral
�lter asit wasoriginally presented[20]. Themethodseparates
the image into a high dynamic rangebaselayer and a low
dynamic rangedetail layer with the aid of a bilateral �lter
which has the desirableproperty that the image is blurred
without blurring acrosssharpedges.The baselayer is then
compressed,shiftedandrecombinedwith thedetail layer. The
two userparametersfor this methodare shifting and scaling
of the baselayer. We alsocompareagainst the trilateral �lter
which is an extensionof bilateral �ltering [21].

Histogram adjustment. Histogramadjustmentis a fastand
widely usedtechniquewhich producesgoodresultsfor a large
classof images[10]. We did not include the optional veiling
luminance,color sensitivity and visual acuity techniquesto
promotea fair comparison,but usedthe pcondprogramfrom
the Radiancepackage[34] with no parameters.

Photographic tone-mapping. Photographictonereproduc-
tion may be executedas a global as well as a local operator
[13]. We useda parameterestimationtechniqueto �nd the
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Fig. 8. Rosetteand sunsetimagescomparinglocal and global versionsof our operator.

TABLE II

Computationtimesin secondsfor the deskimage (1536x1024pixels)and

garage image (748x492pixels).Seealso Figs. 9 and 10.

Algorithm Computationtime

Desk Garage

Ours 2.01 0.53

Ours+ bilateral �ltering 5.80 1.26

Ours+ adaptive gain control 135.0 39.66

Photographic(local) [13] 28.86 7.47

Photographic(global) [13] 0.85 0.15

Ashikhmin's operator[17] 46.11 12.17

Bilateral �ltering [20] 4.49 0.80

Trilateral �ltering a [21] 488.0 110.8

Histogramadjustment[10] 1.78 0.43

Logarithmic compression 1.88 0.47

Adaptive logarithmic mapping[15] 1.64 0.40

Time dependentadaptation[12] 6.32 1.39

RevisedTumblin-Rushmeier[11] 2.41 0.59

Uniform rationalquantization[7] 1.48 0.27

aOptimizationsas applied to the bilateral �lter [20] could also be
applied to the trilateral �lter , 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

humanvisualperception[17]. For eachpixel a localadaptation
level is computedin amannersimilar to thelocalphotographic
tonemappingoperator. Thereareno userparameters.

Time-dependentadaptation. This algorithm is a sigmoid
using the original Naka/Rushtonequation[26] with a �x ed
semi-saturationconstant.Although the algorithm was origi-
nally presentedto explore time-dependentadaptation[12], we
have adaptedthe algorithm for still imageswith help from

the author. This algorithm assumesthat the input is given in
cd=m2. Becausethe units usedfor the imagesare unknown,
this leaves two parametersto be set manually to convert the
imageroughly to SI units.It shouldbenotedthat for thework
on time dependentadaptation,this operatorwas applied to
sequencesof low dynamicrangeimages.Similar compression
curves were also usedfor high dynamic rangecompression,
but thentheadaptationwaslocal [33], not globalastheresults
shown here.As such,the imagesshown for this operatorare
not directly comparableto the resultsobtainedby Pattanaiket
al [12], [33].

Revised Tumblin-Rushmeier. This global operatoris es-
sentiallya power-law basedon psychophysicaldata[11]. Like
the previous method, the algorithm is calibratedin cd=m2.
We linearly scaledthe input dataand normalizedthe output
afterwardsto producewhatwe believe thebestpossibleresults
for this methodin a practicalsetting.

Uniform rational quantization. This is anotherearly op-
eratorwhich producesplausibleresultsfor many images[7].
TheuserparameterM wasmanipulatedper imageto produce
reasonableresults.

The imagesshown 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 show the details better, but frequently do
this at the costof ringing or haloingartifacts.In our opinion,
the methodpresentedin this paperproducessensibleresults
without obvious artifacts.It also allows strongcolor-caststo
be removed shouldthat be desirable.

With the exception of the iCAM color appearancemodel
which addressescolor �delity in the context of high dynamic
rangedatacompression[35], the issueof color �delity in tone
reproductionhasnot received a greatdealof attention.Many
tone reproduction operatorsonly compressthe luminance
channel,and apply the result to the three color channelsin
sucha way that the color ratiosbeforeandafter compression
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Fig. 9. Deskimage.

are preserved [7]. Fattal et al [22] build upon this tradition
by introducing an exponents to control saturation.For the
red channel,the display intensity Rd is then a function of
the input intensityRw , the pixel's luminancebeforeandafter
compression(L w and L d respectively): Rd = L d (Rw =Lw )s.
Thegreenandbluechannelsareprocessedanalogously. This is
areasonable�rst stepbut ignoresthefactthatcolorappearance
varieswith the overall intensity of the scene[36]. While our
methoddoesnot addressthis issueeither, in the absenceof
a satisfactory solution, we prefer to provide the usercontrol
over the amountof chromaticadaptation.

Our comparisonis by no means exhaustive. There are
many moreresearchimagesavailable,aswell as further tone
reproductiontechniquesthatwehavenotmentioned.However,
we do believe that the above comparisonis indicative of

the results one may expect from various tone reproduction
operators,including the onepresentedin this paper.

While sigmoidalmappingfunctionsareemployedby others
to describeaspectsof vision [26], [29], andwerelaterusedin
the�eld of tonereproduction[12], [33], [37] andcolor appear-
ancemodeling[38]–[40], we believe that its successfulusein
engineeringapplicationsstrongly dependson the appropriate
selectionof tuning parameters.We have provided suf�cient
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 shows the responseto a linear rampusing
default parametersettings. While the shape of the curve
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Fig. 10. Parking garage.

dependsstrongly on the averageluminancein relation to the
minimum and maximumluminance(comparewith Figures4
and 5), a generalobservation to be madeis that our curve is
generallyshiftedfurther to the right thanthecurve de�ned by
photographictone mapping.The curve also doesnot �atten
out at the bright end if there are many bright pixels in the
image,andthereforethe averageluminanceis relatively high.
This meansthat detailsin bright regionsof bright scenesare
preserved betterthan details in bright regions of dark scenes
whenthecurve would in fact �atten out at thebright end.This
desirablebehavior is notasreadilyavailablewith photographic
tonemapping.

V. DISCUSSION

We envision tonereproductionoperatorsto beusedpredom-
inantly by photographersas well as in other artistic applica-
tions. It is thereforeour aim to presenta generallyapplicable
operatorthat is fastandpracticalto use,andprovidesintuitive
userparameters.We used�ndings from electro-physiology to
motivate the designof our algorithm,but madeengineering-
baseddesign decisionswhere appropriate.Experimentation
with bilateral �ltering and adaptive gain control techniques
showedthatthevisualquality of our spatiallyvaryingoperator
is only marginally better than for our global operator. We
thereforebelieve that for mostpracticalapplications,our fast
global operatorwill suf�ce.

Therearemany criteria onemight apply to comparequali-
tative results[41]–[43]. For instance,onecould measurehow
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Fig. 11. Grove image.

well details are preserved, or how well the methodmodels
certain aspectsof the human visual system.Theseare all
worthwhile criteria, but they also assumethat tone repro-
duction operatorswill be usedfor speci�c applications,such
as perhapsexplaining visual phenomena.Validation of tone
reproductionoperatorsfor speci�c tasksis a very necessary
avenueof researchthathasyet to mature,althoughinsightinto
this matter is beginning to accumulate[44]. For this reason,
and becausewe aim for generalapplicability, we have used
visual comparisonto show qualitative results.

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

compressingimageswith a quality that in our opinion ri-
vals local operators,albeit without any ringing artifacts.The
methodhas four user parameters,eachwith sensibleinitial
estimatesthat orthogonallycontrol contrast,overall intensity,
light- and chromaticadaptation,yielding a tone reproduction
operatorthat is fast,easyto useandsuitablefor 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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set, grove and rosetteHDR data may be downloadedfrom
http://www.debevec.org/Research/HDR/
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