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High DynamicRangeImageRenderingwith a
Retinex-BasedAdaptive Filter
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Abstract— We proposea new method to render high dynamic
range images that models global and local adaptation of the
human visual system. Our method is based on the center-
surround Retinex model. The novelties of our method is �rst
to use an adaptive �lter , whose shape follows the image high
contrast edges,thus reducing halo artifacts common to other
methods. Secondly, only the luminance channel is processed,
which is de�ned by the �rst componentof a principal component
analysis. Principal component analysis provides orthogonality
betweenchannelsand thus reducesthe chromatic changescaused
by the modi�cation of luminance. We show that our method
ef�ciently renders high dynamic range imagesand we compare
our results with the curr ent state of the art.

I . INTRODUCTION

REPRODUCING an image that correspondsto direct
observation of a sceneis a non-trivial task. Indeed,the

sceneirradiancecapturedby the humanvisual system(HVS)
is processedin a highly non-linearmanner. Digital cameras
also capturethe irradianceof the scene,but processit in a
way thatdiffersfrom thetreatmentof theHVS. Consequently,
the capturedimageoften changesfrom the humanperception
of the original scene.This differenceis especiallyvisible for
high dynamicrange(HDR) scenes.Dynamicrangeis de�ned
by the luminanceratio betweenthe brightestand the darkest
object in a scene.A sceneor an image is said to be HDR
whenits dynamicrangeexceedsby far the oneof the capture
or display device. Scenescan have three or more ordersof
magnitudeof luminancevariations (1000:1), which can be
perceived by our visual systemby meansof adaptation[1].
A typical CRT monitor can approximatively display2 orders
of magnitude(100:1). A compressionof the dynamic range
is requiredwhenthe scenedynamicrangeexceedsthe oneof
the displaydevice.

Thepurposeof our methodis to reproduceHDR imageson
low dynamicrange(LDR) displaydevices.This is commonly
called tonemappingor tonereproduction.We do not address
the problemof capturingHDR images;we useexisting HDR
imagedatabases.

Simple tone mapping algorithms globally compressthe
dynamicrangeusinga logarithmic function, gammafunction
or sigmoidalfunction.Thesepoint-to-pointmatchingfunctions
are fast and suitablefor LDR scenesbut are not always suf-
�cient to renderHDR scenes,whosedynamicrangeexceeds
by far the dynamic rangeof display devices. Processingan
HDR imageonly globally cancausea lossof contrast,which
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Fig. 1. Exampleof HDR scenethat requireslocal processing.Left: Image
renderedusinga gammacorrection.Right: Imagerenderedwith theRetinex-
basedadaptive �lter methodproposedin this article that combinesglobal
compressionand local processing.

is apparentin the loss of detail visibility. A local processing
is thus necessaryin addition to global compressionfor the
reproductionto bevisually appealing.Local processingallows
to increasethe local contrast,which increasesthevisibility of
somepartsof the imagewhile the global compressionscales
the image's dynamic range to the output device's dynamic
range.A local processingis alsoa betterimitation of theHVS,
which adaptslocally to eachpart of a scenein order to form
a perceptwhereall detailsarevisible [2], [3].

Figure1 shows an exampleof an HDR scenethat requires
local processing.The left image was renderedusing just a
global tonemapping(gammacorrection)and the right image
was renderedusing the methodpresentedin this article that
combinesglobal compressionand local processing.We ob-
serve thatour methodretrievesdetailsin thecentral,shadowed
partof thescenewhile justapplyingagammacorrectionleaves
the centralpart too dark.

We have developeda local tone mapping algorithm that
solves the problems encounteredby previously developed
methods,namely it doesnot producehalo artifactsnor local
“graying-out” artifacts, and provides good color rendition.
Halo artifactsare due to the proximity of two areasof very
different intensity. For example, if a dim area is close to a
bright window, the bright pixels can in�uence the processing
of the dim areaandcancausea black halo aroundthe bright
area.Moreover, local �ltering tendsto make pure black and
purewhite low contrastareasturn gray. Thesephenomenaare
illustratedin Figure2. Theshadow on thefaceis ahaloartifact
dueto thebackgroundwindow. Theblackt-shirt lookswashed
out dueto the local �ltering. Figure2 wascomputedwith our
previous algorithm that combinesseveral Gaussianconstants
into a single�lter [4]. The �lter hada circularshapefor every
pixel.

Our methodbelongsto the surround-basedRetinex algo-
rithms [4], [5], [6] but differs in the way the surround is



Fig. 2. Exampleof haloartifactsandgraying-out.Theshadow on the faceis
a halo artifact dueto the backgroundwindow. The black t-shirt looks washed
out dueto the local �ltering.

de�ned as well as in the way the color channelsare treated.
Rather than applying Retinex independentlyto R,G,B color
channels,we perform a principal componentanalysis(PCA)
on theinput imageandde�ne animage-dependentlineartrans-
form. Then,applying this transformto the R,G,B image,we
obtainan imagewhose�rst channelrepresentsthe luminance
and the other two channelsrepresentchrominance.Retinex
is appliedto the luminancechannelonly. The PCA provides
orthogonalityamongcomponentsand allows the color to re-
mainrelatively stabledespitetheprocessingof the luminance.
Concerningthe surroundde�nition, we replacethe traditional
circular shapeby an adaptive surround,whoseshapefollows
the high contrastedgesandthuspreventshalo artifacts.Such
spatialprocessingrequiresa greatercomputationaltime than
global methods.We addressthis by applyingspatialadaptive
�ltering on a downsampledversionof the image.

This article is organizedas follows: Section II presents
backgroundinformationandrelatedalgorithms.The Retinex-
basedadaptive �lter methodis describedin SectionIII while
the color processingis detailed in Section IV. Section V
analyzesthe computationalcomplexity of our method and
proposesa way to reduce it by computing the mask on
a downsampledversion of the image. Section VI provides
comparisonswith other methodsthat are stateof the art; we
discussthedifferentpropertiesof thesemethodsandshow our
results.SectionVII concludesthis article.

I I . BACKGROUND

Tone mappingalgorithmsintend to reproduceimagesthat
are similar to what a personperceived when observingthe
correspondingscene.Thereaderis referredto [7] for a general
review of tonemappingalgorithms.Here,we only discussthe
methodsrelevant to our research.We �rst introducehuman
local adaptationand models.Then, we presentthe Retinex
theoryof color vision thatalsomodelshumanlocaladaptation,
followed by computationalmodelsbasedon it. We show that
most of thesemodelscausehalo artifacts.Third, we present
algorithms that proposea solution to reducehalo artifacts.
Finally, we presentsomeexisting solutionsfor color image
processingin the presenceof local tonemappings.

A. Modelsof HVSlocal adaptation

The HVS deals with the high dynamic range of natural
scenesby meansof adaptation[2], [3]. We consider two

kinds of adaptations:global and local adaptation.Global
adaptationis the adaptationto the averagelight level while
local adaptationis a local gain control that takesplaceaswe
visually scana scene.

HVS models of global and local adaptationhave been
developedandappliedto images.SpitzerandSemo[8] present
a model for color contrastbasedon retinal mechanismsand
adaptation.It simulatesthe propertiesof opponentcells and
doubleopponentcellsto predicttheperceivedimage.Pattanaik
et al.'s model [3] is recognizedas one of the most compre-
hensive computationalmodelof adaptationandspatialvision.
It addressesthe problemof realistic tone reproductionbased
on multi-scaleprocessingof the retinal imageandadaptation
processes.Alleyssonand Süsstrunk[9] proposea threelayer
model of the retina that includesa non-linearencodingand
two adaptationlevels. The �rst adaptationis provided by the
photoreceptors'adaptivesensitivity, which formsthe�rst layer
of the model. The secondlayer is responsiblefor opponent
encoding,and thus provides normalizationand contrastgain
control. Then,the third layer is formedby the ganglioncells
that alsoprovidesan adaptive non-linearity.

Thesealgorithmswereshown to accuratelymodelpsychovi-
sualdata.However, they arenot convenientfor imageprocess-
ing due to complexity and poor visual results.What we aim
to develop is an imageprocessingmethodthat is biologically
plausibleand that rendersvisually pleasingimages.For that
purpose,we take inspirationfrom Retinex, a model of color
vision that hasbeenwidely usedfor imageprocessingtasks.

B. Retinex computationalmodelsfor local tonemapping

Retinex is a theoryof color vision developedby Land that
intends to explain how the visual system extracts reliable
information from the world despitechangesof illumination
[10], [11]. It is basedon a series of experimentscarried
out with a �at surfacecomposedof color patchesand three
controllable independentlight sources.Land showed in his
experimentsthat thereis little correlationbetweentheamount
of radiation falling on the retina and the apparentlightness
of an object.He concludesthat the perceived color of a unit
areais determinedby the relationshipbetweenthis unit area
andthe restof unit areasin the image,independentlyin each
wave-band,anddoesnotdependon theabsolutevalueof light.

Retinex is a simpli�ed model of the HVS and can conve-
niently be adaptedfor computationalimage renderingalgo-
rithms. A variety of computationalmodelshave beenimple-
mented.Their commonprinciple is to assigna new value to
eachpixel in the imagebasedon spatialcomparisonsof light
intensities.Their differencesarethe order in which the pixels
are addressed,as well as the distanceweighting functions.
The primary goal of Retinex is to decomposethe imageinto
the re�ectance image and the illuminant image to remove
illumination effect.

A �rst versionof Retinex was developedby Land [10]. It
computessubsequentadditionsof pixel differencesalong a
setof one-dimensionalrandompathscontainedin the image.
The new valueof eachpixel, which representsthe re�ectance
image, is determinedby the averageover all paths. Horn



reformulatedLand's Retinex and showed that the illuminant
can be estimatedusing a two-dimensionalLaplacien [12].
Hurlbert formalized the Retinex theory mathematicallyand
showedthat it is equivalentto solvinga Poissonequation[13].
Another theoreticalstudyof Retinex is provided by Brainard
and Wandell [14]. They study the convergence properties
of Land's Retinex and show that, as the number of paths
and their lengthsincreases,the result convergesto a simple
normalization. A further development introducesrandomly
distributedpathsusingBrownian motion [15]. Practically, the
problemswith theseRetinex path-basedmethodsaretheirhigh
computationalcomplexity andthefreeparameters,suchasthe
numberof paths,their trajectories,and their lengths.

The iterative versionof Retinex is a two-dimensionalex-
tension of the path version. It computesa new value for
eachpixel by iteratively comparingpixels in the image[16].
The drawback of this implementationis that the numberof
iterationsis not de�ned and hasa critical effect on the �nal
result.Althougha methodexists thatautomaticallyde�nes the
numberof iterationsusing an early stoppingtechnique[17],
it remainsan important issue.Sobol [18] contributes to the
improvementof theRetinex iterative versionby introducinga
ratio modi�cation operator. This operatorallows bettercom-
pressionin high contrastareaswhile increasingthe visibility
in low contrastareas.

Surround-basedRetinex computationalmodels are non-
iterative. Eachpixel is selectedsequentiallyand treatedonly
once.New pixel valuesare given by the ratio betweeneach
treatedpixel and a weighted averageof its surround.This
techniquewas �rst proposedby Land [5] and then usedby
Rahmanet al. [6], [19] for their multi-scale Retinex with
color restoration(MSRCR). The multi-scale version is an
extensionof the single-scaleRetinex that aimsto reducehalo
artifacts induced by the single-scalemethod. It is obtained
by averagingthreesingle-scaleRetinex using threedifferent
spatialconstants.The single-scaleRetinex computesthe new
value of eachpixel by taking the ratio betweenthe treated
pixel anda weightedaverageof its surround,whoseweights
aregiven by a Gaussianfunction.The color restorationfactor
is introducedto compensatefor the loss of color saturation
inherently present in their method. This color correction
greatly enhancesthe saturationbut doesnot ensurea correct
rendition of colors [20]. In a previous article, we proposea
methodbasedon MSRCR [4]. Insteadof using threesingle-
scaleRetinex, we include all spatial constantsinto a single
�lter . The algorithm is applied to the luminance channel
and no color restorationis applied. iCAM [21] is another
renderingalgorithmbasedon spatialpropertiesof vision (local
adaptationand spatial �ltering). Unlike other surround-based
methods,it is a completemodel of image appearanceand
quality. Moreover, it wasspeci�cally developedto renderHDR
images.

An interestingapproachto Retinex is provided by Kimmel
et al. [22], [23]. They reformulatethe Retinex theory, which
is equivalent to illumination estimation, and show that it
can be formulated as a quadratic programming optimiza-
tion problem. As decomposingthe image into re�ectance
image and illumination image is mathematically ill-posed

[24], they rede�ne the problem using physically motivated
considerationssuch as illumination smoothnessand limited
dynamic rangeof the re�ectances.Adding theseconstraints
allows their algorithm to converge to a uniquesolution, the
optimal illumination. However, the computationalcomplexity
of quadraticprogramingoptimizationis high sinceeachpixel
is an unknown to the minimization formula. In a later article
[23], they proposeseveralmethodsfor reducingthecomplexity
of the above approachby restricting the solution to have
a pre-de�ned structureusing either a look-up table, linear
or non-linear �lters, or a truncatedset of basis functions.
Thesesimpli�cations involve less free parametersand yield
reasonableyet sub-optimal results. An application of their
algorithmfor gamutmappingwas recentlypublished[25].

A commondrawbackof most local tonemappingmethods
mentionedabove is the possibleapparitionof halo artifacts
around light sources.Indeed,using the assumptionthat the
illuminant is spatially smooth leads to halo artifacts in the
presenceof highcontrastedges.Kimmel etal. [22], [23] added
a halo reduction term in their quadraticprogrammingopti-
mization formulation to accountfor this problem.Similarly,
the ratio modi�cation operatorof Sobol [18] also contributes
to reducinghalo artifacts.

C. Solvingthehalo artifact problemusingothermethodsthan
Retinex

The presenceof halo artifactsis a well-known issuewhen
rendering HDR images.Using a local operator involves a
trade-off between the compressionof dynamic range and
the rendition of the image. A strong compressionleads to
halo artifacts while a weak compressiondoes not provide
the expectedimprovementof detail visibility. This problem
hasbeenaddressedby Tumbling andTurk [26] who propose
a method called Low Curvature Image Simpli�ers (LCIS)
to increasethe local contrastwhile avoiding halo artifacts.
LCIS usesa form of anisotropicdiffusion to enhancebound-
aries while smoothing non-signi�cant intensity variations.
This methoddoesnot take into accountwhetherdetails are
visibly signi�cant. Consequently, the resulting images tend
to look unnaturaldue to excessive detail visibility. Fattal et
al. compressthe dynamic rangeusing a gradientattenuation
function de�ned by a multiresolutionedgedetectionscheme
[27]. A new low dynamicrangeimageis obtainedby solvinga
Poissonequationon themodi�ed gradient�eld. This approach
providesgoodresultsbut requiresparametertuning.Reinhard
et al. developeda local methodbasedon the photographic
dodgingandburning technique[28]. They usea circular �lter ,
whosesizeis adaptedfor eachpixel by computinga measure
of local contrast.A relatedmethodwasproposedby Ashikmin
[29], which computesa measureof the surroundluminance
for eachpixel. This measureis thenusedfor the de�nition of
the tonemappingoperator. Both methodsprovide an ef�cient
way of compressingthe dynamic rangewhile reducinghalo
artifacts.However, the restrictionto a circular surroundlimits
their performance.DiCarlo and Wandell investigatedtone
mappingalgorithms and the creationof halo artifacts [30].
They suggestthe use of robust operatorsto avoid these.



A robust Gaussianincludes a secondweight that depends
on the intensity difference between the current pixel and
its spatialneighbors.This techniquepreserves the sharpness
of large transitions.A recentapproachbasedon LCIS and
robust operatorswas proposedby Durand and Dorsey [31].
Their method rendersHDR imagesusing bilinear �ltering,
an alternative for anisotropicdiffusion. Their methodis not
a strict tonereproductionin the sensethat it doesnot attempt
to imitate humanvision. We will compareour methodwith
theirs (seeSectionVI-C).

A �rst attempt to comparetone mapping algorithms is
publishedin [32], but assessingthe quality of existing tone
mappingalgorithmsis still a major concern.

D. Color processing

The way the color is processedby tone mappingmethods
hasalsobeenextensively discussedin the literature.Funt and
Barnard[20], [33] investigatethe MSRCR of Rahmanet al.
[6], [19]. They argue that MSRCR tends to desaturatethe
colors,dueto theaveragingoperationon smallneighborhoods
that have a graying-outeffect on the image. Moreover, the
color restorationstep addedto compensatefor the loss of
saturationcanat bestapproximatethecolor thatwasremoved
and acts in a unpredictableway. Funt and Barnardpropose
a color preservingmulti-scaleRetinex that is applied to the
luminancechannel.A post-processingis alsoaddedto enhance
the image saturation.Monobe et al. proposea method to
preserve local contrastunderdifferentviewing conditions[34].
Their method treats luminanceonly. They found also that
the choice of the color spacegreatly in�uences the �nal
image.Yang and Rodriguezproposetwo methodsto process
luminancewhile minimizing thechromaticchanges[35]. They
useshiftingandscalingpropertiesof theLHS andYIQ spaces.

Kimmel et al. developedtheir quadraticprogrammingopti-
mizationalgorithmfor a monochromeimage[22], [23]. Then,
they apply it separatelyeitherto thethreecolor channelsof an
RGB imageor to the V channelof an HSV-encodedimage.
They found that the �rst approachcould lead to exaggerate
color shiftsor to a lossof saturation.As previously found[20],
[33], applying it only to the V channelyields better results.
In [18], Sobol proposesto apply its iterative Retinex-based
method to the luminance channel only. Unlike previously
mentionedmethodsthat de�ne the luminanceas a weighted
sumof R,G,Bcolor channels,his luminancede�nition is given
by themaximumbetweenthesethreechannels.The�nal color
image is obtainedby adding the new luminanceto the log-
encodedRGB image.

In this article,we proposea surround-basedRetinex method
to renderHDR imagesthatusesanadaptive �lter whoseshape
followstheimagecontours.By adaptingboththeshapeandthe
size,it is more�e xible thanprevioussurround-basedmethods
and thus better prevents halo artifacts.The local processing
is applied to the luminancechannelonly. We use a color
transformationbasedon PCA to ensuregoodcolor rendition.

I I I . THE RETINEX-BASED ADAPTIVE FILTER METHOD:
LUMINANCE PROCESSING

Theglobal framework of our methodis illustratedin Figure
3. Luminanceand chrominanceare processedin parallel but
only the luminanceis treatedby the Retinex-basedadaptive
�lter method (right part of Figure 3). The luminance
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is
given by the �rst principal componentof the input image,
which is linear with respectto sceneradiance.A �rst global
compressionis applied to both the luminanceimage

�

and
the linear RGB image � . Then, we apply the Retinex-based
adaptive �lter method in the log-domain to the globally
correctedluminance

���

(seeIII-B) while a logarithmis applied
to theglobally correctedRGB image �

�

. �

�

is thentransformed
into a luminancechrominanceencodingthroughPCA. Its �rst
component��� is replacedby the treatedluminance

���
	��

and
the imagethusobtainedis transformedback to RGB.

This sectionpresents�rst theglobal tonemappingandthen
the Retinex-basedadaptive �lter methodthat is appliedto the
luminancechannelonly. Thecolor imageprocessingincluding
PCA transformationandsaturationenhancementis described
in SectionIV.

A. Step1: global tonemapping

Our method consistsof two parts: a preliminary global
tone mapping followed by Retinex-basedlocal processing.
The global tone mappingthat is applied to the linear image
performs a �rst compressionof the dynamic range. It can
be comparedto the early stageof the visual systemwhere
a global adaptationtakes place [9], [36]. We design our
global tone mappingfunction to be similar to the adaptation
of photoreceptors,which can be approximatedby a power
function. The curvature of the function that determinesthe
adaptationstatedependson the meanluminanceof the total
�eld of view [9]. Consequently, we computethe exponentof
the power function from the averageluminanceof the image.

We de�ne the luminanceimageas the �rst principal com-
ponentof the linear image � . Let

�

be the luminanceimage
encodedlinearly, whosemaximumvalue is 
 . The non-linear
luminance
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is given by
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luminancein the image,
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The coef�cient of the af�ne function were de�ned exper-
imentally as follows: a high or averagekey image is not
globally compressedand is thereforeassigned �
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 . As the
averageluminancedecreases,the exponent �
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decreases,in-
creasingthesensitivity for dark areas.The averageluminance
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is computedby taking the averageof the log-encoded
pixels:
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luminanceandonefor chrominance.Seetext for explanation.

where
;

is the numberof pixels in the luminanceimage
�

, and
8

is a pixel value in
�

.

B. Step2: local adaptation

After globalprocessing,local adaptationis performedusing
a surround-basedRetinex method. Traditionally, surround-
basedRetinex methods[4], [5], [6] computea new value for
eachpixel by taking the differencebetweenthe log-encoded
treatedpixel andthelog-encodedvalueof amask,asdescribed
in (4). The maskrepresentsa weightedaverageof the treated
pixel's surroundingarea.
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where
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is the luminanceimageand
DMENGJI

is computed
by convolving the luminance

���

with a surroundfunction.
A drawback of the surround-basedmethodsis that small

�lters tendto makepureblackor purewhite low contrastareas
turn gray. This is dueto localnormalization.We overcomethis

problemby introducinga weightingfactor O
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) thatensures
the conservation of white andblack areas.

Eachpixel valueof theluminanceimage
� �7	P�

is computed
as follows:
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where
 L=

�:?

)
is the pixel coordinate.The image

���

is
encodedin �oating points in the range[0,1]. We temporarily
scaleit to a larger rangeand clip it to a minimum value of
0.01 in order to performthe logarithmoperationin the range
[0.01,100].The log-encodedimageis thenscaledbackto the
range[0,1] without lossof information.
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As for O , it weighsthemaskdependingon thepixel values
at coordinate
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The O factor is basedon a sigmoid function and maps
white to white and black to black, which is necessaryto
obtainvisually pleasingimages.For a pixel of high intensity,
the mask is weightedby a value close to

V

. Since the mask
is subtractedfrom the log-encodedluminance,it effectively
keeps the pixel bright. Similarly, a pixel of low intensity
is weightedby a value close to 
 , which has the effect of
maintainingblack. This function lets the middle gray values
changewithout constraintwhile restrictingtheblackto remain
black and the white to remainwhite.

Another important drawback of surround-basedRetinex
methodsis that there is a trade-off betweenthe increasein
local contrastand a good rendition of the image. A small
surroundallows a signi�cant increasein local contrastbut
induceshaloartifactsalonghigh contrastedges.Usinga larger
surroundreducesthe artifacts, but provides less increasein
local contrast.This trade-off hasalreadybeenmentionedby
Jobsonet al. [19] andBarnardandFunt [20], remarkingthat
MSRCRcausedhalo artifactsalonghigh contrastedges.

Our adaptive �lter methodpreventshalo artifactsby adapt-
ing the shapeof the �lter to the high contrastedgesin the
image.Thus,the �lter follows imagecontours.In this way, a
brightareahaslessin�uence on thetreatmentof a neighboring
dim area. This modi�cation does not changethe principle
of Retinex surround-basedmethods,that is, to computethe
differencebetweeneachpixel value and a weightedaverage
of its surround.What changeswith the adaptive �lter method
is the way the maskis computed.Sincethe �lter is different
for eachpixel, it is not possibleto usea convolution anymore.
The maskis thuscomputedspeci�cally for eachpixel using
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where

}

is theangleof theradialdirection,
x

is thedistance
to the centralpixel and †

r

d

t is de�ned as follows:
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h no high contrastedgewascrossedalong
}

†]� a high contrastedgewascrossedalong
}

The value of the mask at coordinate
 L=

�:?

)
is given by a

weighted averageof pixels surroundingthe position
 L=

�@?

)
.

The weights of surroundingpixels are given by a Gaussian
function,whosespatialconstantvariesaccordingto the image
high contrastedges.Practically, it is done by selectingone
pixel after the other in a radial manner. The �rst pixel to be
selectedis the central pixel. Then, all pixels along a radial
direction are added,weighted by a Gaussianfunction with
spatial constant †

h . If an edge is crossedalong the radial
direction, †

r

d

t is assigneda smallervalue † � and keepsthe
samevalueuntil

x

�

xŠ‰‹�

c with
xŠ‰‹�

c

�

(

R †

h . The weighted
sum of pixels continuesfor eachdirection until the surround
is completed.For eachnew radialdirection, †

r

d

t is resetto its
initial value †

h . The weightedsumof pixels is normalizedby
thesumof weightssothateachpixel hasanequalcontribution
to the maskeven if it is surroundedby edges.The numerical
valuesfor †

h and †]� arechosento be fractionsof the image
size. Experimentally, we have found that †Œ� needsto be at
least �

•

†

h to avoid halos in most of our images.We did not
use †

�

�ŽV

to ensurethat no artifactswill be introducedby
the hard thresholdeven when the edgeis very close to the
treatedpixel. Somelimitationsof precisionarisefrom the fact
that a pixel has only 8 neighbors.Therefore,there are only
8 possibleradial directionsto explore from the centralpixel.
The surroundis coveredrecursively startingfrom the center.
Eachpixel is usedonly oncein the weightedsum.

C. Edge detection

We usea Canny edgedetectorto detecthigh contrastedges
[37]. The Canny method�nds edgesby looking for global
maxima of the image gradient. It detectsstrong and weak
edges.Weak edgesappear in the output only if they are
connectedto strongedges.Thethresholdsfor strongandweak
edgesare �x ed values chosenexperimentally and kept the
samefor all images.Fixed thresholdsare desirablesincewe
only want to detecthigh contrastedges.It is thuspossibleto
obtain no edgesfor an imagethat hasno high contrastedge
andwherecircular, non-adaptive surroundsaresuf�cient.

The constructionof the �lter according to a segmented
imageis illustratedin Figure4. Thetopandbottomleft images
representthe original imageandits correspondingedgemap,
respectively. The �lter was computedfor the pixel indicated
by thecross.Thebottomright imageshows thecorresponding
adaptive �lter .

D. Post-processing:Histogram scaling

A �nal processingis neededto remove outliers and to
scalethe luminancebeforeit is integratedback into the color
image processing.This is doneusing histogramscalingand
clipping. 1% of the pixels are clipped at both extremitiesof
the histogram.It is also possibleto improve the �nal result
with a gamma correction dependingon the output device
characteristics.

Fig. 4. Constructionof the adaptive �lter for the pixel indicatedby the
cross.Top: Luminanceimage •‘• . Bottom left: Luminanceimagesegmented
with a Canny edgedetector. Bottom right: 3D representationof the �lter
correspondingto the pixel indicatedby the cross.

IV. THE RETINEX-BASED ADAPTIVE FILTER METHOD:
COLOR PROCESSING

Our methodtakes inspiration from the HVS, which treats
chromaticand achromaticdata independently. In the retinal
pathways, the LMS signalscapturedby the conesare decor-
related.After being processedby subsequentneural stages,
they form two major parallel circuits. One is achromaticand
non-opponent.Theotheris chromaticandopponent[38], [39].

Based on this knowledge, our method uses a principal
componentanalysis(PCA) to decorrelatethe RGB represen-
tationof the input imageinto threeprincipalcomponents.Our
motivationis thatPCA haspropertiesthatintrinsically leadsto
anopponentrepresentationof colors.In [40], Buchsbaumand
Gottschalkdescribethe relation betweenPCA and the HVS.
They show thatoptimumtransformationsin termsof informa-
tion processing,such as PCA, result in one componentthat
is all positive andhasthe largestshareof signalenergy. It is
the achromaticchannel,carrying luminanceinformation.The
secondand the third componentshave onezero-crossingand
two zero-crossing,respectively. They representthe opponent
channelsfor chrominance:R-G andY-B.

In the previous section,we describedthe treatmentapplied
to the luminancechannelonly. The result of the luminance
processingis inserted back into the parallel color image
processingas illustrated in Figure 3. After the global power
function,we take the logarithmof theRGB image �

�

in order
to follow the samestepsthat were appliedto the luminance.
Then, the log-encodedimage
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. The principal com-
ponentis replacedby the treatedluminance
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that was
computedin parallel and recomposedwith the chrominance
channels.The chrominancechannelsareweightedby a factor

” , in order to compensatefor the loss of saturationinduced
by the increasein luminance.The increasein luminanceis
partly dueto the logarithmoperationappliedto

�!�

. Sincethis
operationis similar to all images,we usea constantfactor ” .
We found experimentallythat ”
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is a suitablevalue.
As mentionedbefore,applyinga local processingseparately

to R,G,B results in color shifts and graying-out of color.
The solution is to transform the image into a luminance
chrominanceencoding.However, with most transforms,some



luminanceinformation remain in the chrominanceand vice
versa,due to the non-orthogonalityof the color spacebasis
vectors.Unlike mosttransforms,PCA providesan orthogonal
representationof theluminanceandchrominancecomponents,
which resultsin good color rendition when the luminanceis
processed.A lineartransformationsuchasYUV [36] provides
good color rendition as well, but the resulting imagesare
slightly different. Figure 7 shows an image treatedby our
algorithmusingPCAtransformandoneusingYUV transform.
The image computedusing YUV looks slightly green but
it is hard to justify which one is more visually appealing.
The advantagesof PCA is its perfect decorrelationbetween
luminanceandchrominance.It workswell for naturalimages,
which contain a reasonablediversity of colors. However,
particularcasessuchasa singularcolor imagewould lead to
anill-conditionedtransformationmatrix andthusto thefailure
of the PCA algorithm. This doesnot happenwhen treating
natural imageseven in the presenceof a color cast, but is
more likely to happenwith syntheticimages.

V. REDUCING COMPUTATIONAL COMPLEXITY

A. Luminanceprocessing

The use of an adaptive �lter insteadof a �x ed surround
shapeinvolves a signi�cant increasein computationalcom-
plexity. Indeed,when the �lter is the samefor each pixel,
the maskcan ef�ciently be computedby a multiplication in
the Fourier domain. The introduction of the adaptive �lter
prevents the use of a convolution and thereforemakes the
method computationallyvery expensive. The adaptive �lter
methodbefore simpli�cation has an order of complexity of
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is the numberof pixels in the image.
The�rst term

;

is dueto thedifferenceoperationandthe
;

•

term is due to the maskcomputation.
We proposetwo solutionsto reducethecomputationaltime.

The �rst solutionconsistsin limiting the sizeof the surround
by taking the decayof the Gaussianweighting function into
account.Our default value for the radius surroundsize is
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h . This reducesthe computationalcomplexity to
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The secondsolution is to use a downsampledversion of

the imageto computethe mask.The maskis thenupsampled
before being subtractedfrom the high resolutionimage (9).
The upsamplinganddownsamplingoperationsareperformed
using bilinear interpolation.A similar methodto reducethe
computationalcomplexity was introducedby Moroney [41].

Let us usethesymbol ˜0™

�

for downsamplingby š andand
˜J›

�

for upsamplingby š . Equations(5) and(8) for computing
the treatedluminancebecome
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where š is chosensuch that the larger dimensionof the
downsampledimage

�

™
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equalsa constant,whose default
value is 200.

Considering this second simpli�cation, the computation
time of the mask is �x ed and is boundedby •
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That makesthe computationalcomplexity of order:
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B. Color processing

Section V-A analyzes the computationalcomplexity to
processthe luminancechannelonly. In fact, the RGB input
image�rst hasto be transformedto a luminancechrominance
encoding,which requires

•

 

;

) operations.Processingonly
the luminancenot only providesgoodcolor renditionbut also
requiresless computationaltime. Indeed,treating separately
theR,G,Bchannelswould multiply by threethecomplexity of
(11), which is signi�cantly moretime consumingthanadding
an
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;

)
operation.The PCA transformcostsmore in term

of computationaltime than a �x ed transformsuch as YUV.
However, the additional time spent to computethe PCA is
neglectablecomparedto the time spentto computethe mask.

VI . DISCUSSION, COMPARISONS AND RESULTS

In this sectionwe justify the needfor an adaptive �lter by
showing an examplewhereit helpsto prevent halo artifacts.
Then we compareour method to other local tone mapping
methods:theMSRCRof Rahmanet al. [6], thegradientatten-
uationmethodof Fattaletal. [27] andthefastbilateral�ltering
methodof Durandand Dorsey [31], currently recognizedas
oneof the bestpublishedmethods[32].

A. Importanceof the adaptive�lter

Figure 8 illustratesthe differencebetweenusing an adap-
tive �lter that follows the high contrastedgesin the image
and a non-adaptive �lter , whoseshapeis circular for every
pixel. The two imageswere computedwith exactly the same
methodexceptfor the�lter' sshape.Thenon-adaptivecasewas
computedwith an edgemapsetto zeroeverywhere,suchthat
the surround's shapeis always circular and doesnot follow
high contrastedges.

The bene�t of the adaptive �lter is clearly shown in Figure
8: the detail of the tower and in the forest are more visible
using the adaptive �lter method.

This is dueto theedge-preservingpropertiesof themaskas
illustratedin Figure 5. The useof the adaptive �lter method
prevents the areasof different intensity to in�uence areas
beyond high contrastedges.

B. Comparisonwith other methods

Our algorithm �nds its basisin the MSRCR algorithm of
Rahmanet al [6]. It is thereforenaturalto make a comparison
with their performances.The MSRCR imageswere obtained
with the free versionof the software “PhotoFlair” using the



Fig. 5. Theedge-preservingpropertiesof themaskpreventsareasof different
intensityto in�uence areasbeyondhigh contrastedges.Top: Input image •Ÿ• .
Bottom left: Maskwith adaptive �lter . Bottom right: Maskwithout adaptive
�lter .

default settings1, which puts “demo” tags acrossthe image.
Figure 9 shows a comparisonbetween MSRCR and our
adaptive �lter method.The bene�t of the adaptive �lter is
clearlyseenon both images.With MSRCR,thereis a shadow
on thepersonnearthewindow andon the reddog.Moreover,
the black t-shirt tendsto becomegray. Due to the adaptive
�lter , our methoddoesnot generatehaloson the faceof the
personandon the t-shirt. The O factor(5) preventsthe t-shirt
to turn gray. Similarly on the bottom image,the detail of the
tower is more visible on the image treatedby the adaptive
�lter method.

The presenceof halo artifacts comesfrom the fact that
MSRCR is basedon the assumptionthat the illuminant is
spatiallysmooth.This resultsin a masksimilar to the bottom
right panelof Figure5, which leadsto haloswhensubtracted
from the log-encodedluminance.Other the methodsthat are
basedon the samesmooth illuminant assumption([5], [6],
[12], [16]) suffer from the samedrawback.Nevertheless,they
are good at renderingimagesof lower dynamic rangeor in
the absenceof large intensity ratios.

Fattal et al. [27] treat HDR imageswith a gradientatten-
uation method.Figure 10 shows their result. Their method
is very goodat increasinglocal contrastwithout creatinghalo
artifactsbut theeffect tendsto beexaggerated.A bordereffect
appearon the left of the imageandthecolorsseemunnatural.

C. Comparisonwith fast bilateral �ltering

We chose to compare our method to the fast bilateral
�ltering methoddevelopedby Durand and Dorsey [31] for
two reasons.First, it is recognizedas one of the best al-
gorithms testedon HDR imagesthat has beenpublishedso
far [32]. Second,although the initial approachis different,
the actual treatmentof pixels is comparableto that of our
method.Fast bilateral �ltering is basedon an alternative of
anisotropicdiffusion to enhanceboundarieswhile smoothing
non-signi�cant intensity variations.The new pixel valuesare
computedby weighting surroundingpixels as a function of
their spatial position as well as their intensity difference.

1PhotoFlair was developed by TruView Imaging Company
(http://trueview.com)

input spatial filter

input spatial filter
fast bilateral filtering    adaptive filtering method

fast bilateral filtering    adaptive filtering method
weight for the considered pixel

weight for the considered pixel
pixel position

pixel position

Fig. 6. In the caseof fast bilateral �ltering, the weight of one pixel is
decreasedif its intensity is different from that of the intensityof the treated
pixel. However, the weight increasesagainif the intensity of the next pixel
is similar to the currently treatedpixel. With our method,as soonas a high
contrastedgeis detected,the weight of the currentpixel is decreasedaswell
as that of pixels locatedafter the edge.

Our method computesthe new pixel values by weighting
surroundingpixels as a function of their spatialposition and
their spatialrelationto high contrastedges.Our methodgives
moreimportanceto spatialinformation.Figure6 illustratesthis
difference.In the caseof fastbilateral �ltering, the weight of
onepixel is decreasedif its intensity is different from that of
theintensityof thetreatedpixel.However, theweightincreases
againif theintensityof thenext pixel is similar to thecurrently
treatedpixel. With our method,assoonasa high contrastedge
is detected,theweightof thecurrentpixel is decreasedaswell
as that of pixels locatedafter the edge.

Figure 11 comparesthe images obtained with the two
methods.We observe that Durand and Dorsey's method is
betterat increasingthe local contrastin bright areaswhile our
methodprovidesa betterresult in dim areas.The headof the
personis renderedbetterby our algorithm.This is dueto the
adaptive shapeof the �lter that preventsthe sky to in�uence
thecolor of thefaceandthusavoidstheusualbacklighteffect.
Theway thecolor is renderedalsoin�uencesthe judgmentof
images.Fast bilateral �ltering algorithm rendersimagesthat
are more saturatedthan our method.It is suitablefor some
imagesbut lead to unnaturalimpressionin other cases,such
as the reddishskin in Figure11.

D. Image acquisitionand results

Producingan HDR image that is an accuraterepresenta-
tion of the sceneradiancesis no longer an issue.Recently
developedmethodsallow any capturingdevices to virtually
produceHDR imagesusing a multiple exposuretechnique
[42], [43], or by simultaneouslysampling the spatial and
exposuredimensionsof image radiances[44]. HDR images
are usually representedin �oating point. They are storedin
a special format called rgbe [45]. Our algorithm takes rgbe
imagesas input.

For thisarticle,weuseradiancemapsobtainedwith multiple
exposuretechniques[42], [43] as well as raw imagestaken
with a Canon EOS30 and a Canon Powershot G2 digital
camera.We assumethat input imagesuse sRGB primaries
[46]. No color transformationis appliedprior to processing.
For the imagesthat were generatedby the multiple exposure



technique[42], there is no guaranteethat the imagesare in
sRGBcolor space.As many of themareusedin the literature,
we still usethemfor comparisonandassumethey areencoded
in sRGB.Theoutputof our algorithmare24 bits/pixel images
renderedfor standarddisplays,i.e. the color imageencoding
is sRGB[46].

Our methodprovidesa solutionfor renderingHDR images
usinga spatialmethod.By combiningspatial�ltering with a
segmentationto detecthigh contrastboundaries,we provide
a way to reducehalo artifacts.Moreover, the introductionof
a PCA to computethe luminanceand chrominancechannels
allows good color rendition. Figure 12 shows HDR images
treatedby our algorithm.The high resolutionimagesandthe
codeareavailable for downloadon our web page[47].

VI I . CONCLUSION

The problem of renderingHDR imageshas beenwidely
studied and a large number of methods exists. Although
they enhancethe quality of renderedimages,thesemethods
still suffer from someproblems.Commondrawbacksare the
apparitionof halo artifactswhenincreasingthe local contrast,
graying-outof low contrastareasandbadcolor rendition.

We provide a methodto renderHDR imagestaking inspi-
ration from the Retinex model of color vision. In particular,
our methodis basedon surround-basedRetinex but usesan
adaptive �lter whoseshapefollows the high contrastedges
of the image. In this way, the in�uence of a bright areaon
a neighboringdim area is decreased,thus preventing halo
artifacts.We also include a sigmoid function that weighsthe
maskin orderto preventthegraying-outof purewhite or pure
black low contrastareas.The Retinex-basedadaptive �lter
is applied to the luminancechannelonly, which is de�ned
by the �rst componentof a PCA. Using PCA provides an
image-dependentcolor-spacetransformationthat guarantees
orthogonalitybetweenchannels.It minimizes the chromatic
changesinducedby the processingof luminance.

We testedour methodon variousHDR images,comparedit
with other algorithmsandshowed that it ef�ciently increases
the local contrastwhile preventinghalo artifactsandprovides
a goodrenditionof colors.
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Fig. 7. Differencebetweenusinga PCA anda YUV transformto compute
the luminance.The imagecomputedusing YUV looks slightly green.Left:
ImagecomputedusingPCA. Right: ImagecomputedusingYUV.

Fig. 8. The adaptive �lter methodallows to preserve detail visibility even
alonghigh contrastedges.Left: Non-adaptive �lter method.Right: Adaptive
�lter method.

Fig. 9. Left: Imagetreatedwith MSRCR. Right: Image treatedwith the
adaptive �lter method.

Fig. 10. Left: Imagetreatedwith Fattal's gradientattenuationmethod.Right:
Imagetreatedwith the adaptive �lter method.

Fig. 11. Top: Gamma-encodedimage. Middle: Image treatedwith the
adaptive �lter method.Bottom: Imagetreatedwith the fastbilateral �ltering
method.



Fig. 12. Resultsof the Retinex-basedadaptive �lter method.Left: Gamma-encodedimage.Right: Imagetreatedwith our method.


