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C.C.30,Montevideo,Uruguay

Guillermo Sapiro
�

ElectricalandComputerEngineering
Universityof Minnesota
Minneapolis,MN 55455

ABSTRACT

A novel paradigmfor informationvisualizationin high dy-
namicrangeimagesis presentedin this paper. Theseim-
ages,realor synthetic,have luminancewith typical ranges
many ordersof magnitudehigherthanthatof standardout-
put devices,therebyrequiringsomeprocessingfor their vi-
sualization. In contrastwith existent approaches,which
computeasingleimagewith reducedrange,closein agiven
senseto theoriginaldata,weproposeto look for arepresen-
tative setof images.Thegoal is thento producea minimal
set of imagescapturingthe information all over the high
dynamicrangedata,while at the sametime preservinga
naturalappearancefor eachoneof theimagesin theset.A
specificalgorithmthat achievesthis goal is presentedand
testedon naturalandsyntheticdata.

1. INTRODUCTION

High dynamic range (HDR) images containa wide range
in luminance,many timesin theorderof tensof thousands
differentvalues. Theseimagescould be natural,obtained
for instancefrom multi-exposurephotographs[1] or with a
multiple exposuresensor[2, 3], or synthetic,in thecaseof
computergraphicsapplications.Theseimageshave ranges
thatgreatlyexceedthatof the outputdevice. Thequestion
is thenhow canwe reproduce andvisualize suchimagesin
a standardoutputdevice.

Let us introducesomebasicterminology. The scene is
the real or syntheticpicturewe perceive without involving
any outputdevice betweenit andour eyes. An image, on
theotherhand,is whatwe canseeusingtheoutputdevice,
or its internalcomputerrepresentationasanarrayof digital
values. The key problemis how to translatefrom scenes
�
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to imageswhile preservingthe relevantsceneinformation,
producinga naturallooking image,andavoiding common
artifactssuchashalos (which aredueto gradientreversals
[4]).

HDR imagescan be appliedin computergraphicsfor
the productionof syntheticimageswith realisticor hyper-
realistic appearance.Another applicationis HDR photo
graphs,whichareableto capturemuchmoredetailedscene
informationthanstandardphotographs.Thesesystemsmake
it possibleto capturea highly detailedrangerepresentation
of thesceneandlaterprocessthedatain orderto selectthe
image(s)that betterfulfils the given requirements.These
imagescouldalsoimprovecomputervisionandimageanal-
ysisalgorithmsthatusuallyrely on limited rangedata.This
is particularly relevant in scenarioswherewe do not have
completecontrolovertheillumination. Therefore,thereis a
needto developalgorithmsto performthetranslationfrom
scenesto images,algorithmssuchasthediscussedandpre-
sentedin thispaper.

We can classify the existing approachesfor the trans-
lation from sceneto imagein two main groups. The first
groupconsistsof algorithmsthatmaptheoriginal rangeto
theoutputrangewhile attemptingto preservethesubjective
perceptionof the scene.Among the works which propose
a tone mappingwe have [7] and [5]. Larsonet. al. [5]
proposeda global tonemappingoperatorwhich adjuststhe
histogramof thescenebasedonpsychophysicalmodelsfor
color, glare,andacuityperception.Theresultsof this sim-
pleandelegantmethod,which reducesto justaglobalmap,
arevery goodandwith high fidelity to the subjective per-
ceptionof thescene.Althoughthis ideaof “tone mapping”
works quite well, it hassomecaveats. First, it is not able
to reproduceall the detailspresentin the scene. Second,
the methodbreaksdown whenthe input rangeis too wide
comparedwith the availableoutputrange. Note that since
thesemethodstry to preserve theoriginal perceptionof the
scene,detailsthatarehardto seein theoriginal scenewill
bedifficult to seein theoutputimageaswell.

In the secondgroup,we have algorithmsthat favor the
visualizationof detailsinsteadof thesubjective perception



of thescene[6, 9]. They applya multiscaledecomposition
to discriminatebetweenillumination anddetails.Themain
problemwith this idea is that, althoughcorrectin theory,
it usually introduceshalosin the output image. The local
mappingsproducedby thesetechniquesviolate the basic
monotonicityprinciple,i.e. thepixel valueorderis not nec-
essarilypreservedanddarker(brighter)regionsin thescene
might becomebrighter (darker) in the image. Moreover,
theseapproachestendto havealargenumberof parameters,
whicharegenerallyhardto controlin anautomaticfashion.
In [8] amethodfor displayingsyntheticimagesis presented,
basedon thesegregationof lightning andsurfacelayers.

The two groupsof works just describedare not com-
pletely equivalent,as they addressslightly differentprob-
lems. Furthermore,althoughsimilar, their solutionscannot
be easilycompared;onerepresentationtries to capturethe
subjective appearanceof the sceneunderthe limitation of
theoutput/displaydevice, while thesecondgroupattempts
to preserve the scenedetails. While enhancingdetails,we
may be addinginformationnot perceptuallypresentin the
original scene.On the otherhand,while preservingvisual
appearance,detailsmight beomitted.

1.1. Our contribution

Our proposedparadigmattemptsto have the bestof both
groupsmentionedabove. We proposea methodwhich cap-
turestheimagedetailswhile preservingthenaturalappear-
anceof the scene. As we will explain below, thereis an
intrinsic limitation in representinganHDR imagewith only
one standard outputimage.Sometimesit is practicallyim-
possibleto find anoutputimagecontainingall therelevant
information in the HDR imagethat representsthe scene.
For this reason,we argue for a methodto obtain a set of
images containingall therelevant informationof theorigi-
nalscene.Wecouldsaythatwhile thealgorithmsdescribed
abovedealwith thereproduction of thescene,thetechnique
hereproposeddealswith its visualization. Moreover, wear-
guethat not only the setof imageshasto accuratelyvisu-
alizetherelevantinformationpresentin thescene,but also
hasto do it in a visually pleasantform. In theproposedal-
gorithm,eachimageis producedby a differentmonotonic
global map, therebyavoiding gradientreversalstypical of
the local schemes.The locality is achieved by letting this
global map“stretch” different regionsfor eachoneof the
imagesin theset.

2. THE METHOD

Our ideais to proposea simpleandeffective methodto vi-
sualizeall the information in the scenein a pleasant way.
All meansthat we would like to captureas many details
aspossible,andpleasant meansa procedurewhich appears

naturalto theobserver.
Let usassumewe have a scenewith darkandbright ar-

eas,anddetailsall over it. If we want to visualizeall the
detailsweneedfirst to haveaminimumresolutionavailable
(numberof outputlevels),andsecondto beableto “see” in
every region. That is, in dark areaswe mustaddlight and
reduceit on thebright ones.In bothcases,the information
is out therebut it cannotbeseendueto under-exposureor
over-exposure. To solve this, we aregoing to modify the
luminanceof thesceneto captureall thedetailsover it. All
theproposedoperationsaresimplycontrastchanges.In this
wayartifactssuchashalosarenot introduced.Furthermore,
this idearesemblesthecontrolof illuminationduringacqui-
sition andis perceivedasnatural.

If we illuminate a given region, we will be stretching
its outputrange,therebyusingmoreoutputlevels. On one
handwe displaythis region with goodlight andresolution,
while ontheotherhandwemightbecompressingandmiss-
ing detailsin otherregions. Hence,thereis clearlya com-
petitionbetweentheoutputfidelity of differentregions,and
unfortunately, it is difficult or impossibleto find a satisfac-
tory solution with a single output. To overcomethis, we
proposeto generatea sequenceof imageswith different
resolutionsin eachsceneregion (spacevaryingresolution).
The basicidea is then to distribute the existing resources
amongdifferentoutputimages.This sequencecouldbeei-
therobservedasa movie or asa setof still imagescouldbe
extractedfrom it. Thekey pointhereis thatfor many appli-
cationsmorethanoneoutputimageis areasonablesolution.

2.1. Outline of the algorithm

Beforepresentingour proposedalgorithm,let usgivesome
basicnotation. �����
	��
��� : Input colorprimaries,� : Input lu-
minance, � ������������� : Input luminancerange, ��� : Modified
luminance,� ������
������ : Outputluminancerange,�����
 !��"�� :
Digital outputvalues.Wearenow readydescribethediffer-
entstepsof thealgorithm.
1-Compute image luminance: Fromthe �#���
	��
�$� primaries
computethe luminance� (in %�&('�)+* ) andthe color infor-
mation �#�,'��-�
	.'��/�0�$'��1� . We processthe luminancewhile
preservingthecolor information.
2-Segment the image: Divide the imageinto two or more
regionsof interest.This is achievedsplitting thehistogram
(seeSection3) into sub-intervals.Fromnow on,weassume
two regions, � � ��2�
� �43 � and � � �43 �
� ���� .
3-Modify the luminance: Apply Larson’s histogramad-
justmentalgorithm [5] to eachinterval. Map � �������� � 3 �
to � ����2�
� � 3 � and � � � 3 ���1�� � to � � � 3 ���1��5� . The important
point hereis thatwhenusingthehumancontrastsensitivity
function, the mappingdoesnot producea contrastgreater
than the one presentin the original scene. Sincewe are
working in regions,thismeanscontrollingthecontrastover
that given region. This stepis not a traditionalhistogram



adjustmentsinceit modifiestheoutputrangeandthedistri-
butionwithin it.

If we select� � 3 closeto �1�� we will bevisualizingthe
darkareaswith a wider rangethanthebright ones.A first
solutionto theproblemof visualizationHDR datais to cre-
atea movie by increasing� � 3 from � � � to � �� . This gives
us a sequence,which startingfrom the imagewith all re-
sourcesallocatedto thedarkareas,slowly movesto anim-
agewith all resourcesallocatedto thebright areas.This is
just a nice way of visualizingall the information. A sec-
ond possibility is to choosejust a certainfixed numberof
images.We discussbelow how to selecttheseimages. In
thecaseof threeintervalsor more,theideais thesame.We
startwith mostresourcesallocatedto the first interval and
we swap themto thenext interval to the right. For details,
seewww.ece.umn.edu/users/guille/hdr.html.
4-Quantization: Quantizeandgammacorrectthe recom-
putedprimaries�(67!8 � � �:9758 � � �4;758 � � � to obtainthedigital
outputvalues ������ !�
"�� .

2.2. Information assessment

If weconsidereachimageasamessage,its informationcan
bemeasuredwith theentropy function. With it, we will be
ableto extractthebestor setof bestimagesin thesequence.
From the histogramof the output imagewe find the prob-
abilities of eachoutput level, and with them we compute
theentropy. Notethatmaximumentropy impliesa flat his-
togram. Additionally, entropy maximizationcapturesour
subjectivepreferencetowardswell-contrastedimages.

3. ESTIMATION OF THE NUMBER OF IMAGES

Theminimalnumberof imagesneededfor asatisfactoryvi-
sualizationof all thedetailsin theHDR datadependsonthe
particularimagebeingprocessed.To obtainan estimation
of the numberof imageswe usethe numberof clustersin
theluminancehistogram.To displaytheimagewithout loss
of informationwewouldneed,roughly, asmany outputlev-
elsasclusterspresentin theimage.However, not all output
levelscanbeusedif we want to distinguishbetweenthem.
We useanempiricalrule of thumbthatsaysthatwe canal-
locatearound200clustersperimagein theset.This is just
a coarseestimationthatworksfairly well in practice.

Having an estimationof the numberof output images
requiredto satisfactory visualizethe sceneinformation, a
segmentationis neededin orderto find the locationof the
luminanceintervals. To segregatedark andbright areas,a
threshold< that maximizesthe sumof the entropy of both
distributions is computed. Using the histogramof the lu-
minanceandcomputingtheaboveprobabilitieswe find the
threshold< that optimally segmentsdark andbright areas.
If we useonly two images,we only needto applythis pro-

cedureonce;otherwise,we iteratethis scheme.This pro-
cedurecanbe seenasa binary treeconstruction,wherein
eachstepaninterval is dividedin two. At theend,theuser
canselectthe importantleavesfrom it if userinteractionis
constructedin theprocess.

4. RESULTS

We now presentthe resultsof our proposedalgorithm. No
userinterventionwasneededandthenumberof imagesand
segmentationwasperformedasexplainedabove. Movies
showing thefull setfor thisexampleandotherscanbefound
at www.ece.umn.edu/users/guille/hdr.html.

Thefirst stepis thesegmentationof theoriginal image.
Wefound =.>@? clustersin theimageluminanceandtherefore
weusethreeoutputimages(sinceweconsidernomorethan
200clustersper image). The intervalswherefoundapply-
ing twicethealgorithmdescribedin Section3. First,weob-
taineda segmentationof bright anddarkareasandthenwe
sub-segmentedagainthe dark interval. Second,we assign
thegivenresourcesto eachregion. In this casewe assumed
� ��BA >@C,C�%�&D'E) * and � � �FAHG %�&('�) * , andselectedini-
tial rangesof I,J�%�&('�)+* for the first interval and J�%$&('�)+*
for the rest. For the next imagein the set, the resources
arere-allocatedmoving themfrom left to right in stepsofK %$&('�)+* . After segmentationweobtainedthefollowing in-
tervals: � C.LM> G � G L GON � , � G L GON ��IQPRL C,?S� and � IQPRL C,?.�T=QC,=.>UJRL N,N � .

In Figure1 we show theresultsobtainedwith our algo-
rithm (eachimagerepresentsthe imagewith maximalen-
tropy per region) togetherwith the resultof Larson’s algo-
rithm. With theseimageswecanseemoredetailsthanin the
singleimageprocessedwith Larson’s algorithmin a fairly
naturalway. Hence,we managedto display the original
scenein a setof images,makingvisible someinformation
thatwasobscuredin theoriginal scene.

Sinceour methodextendsLarson’s one,amongall the
imagesin the set, thereshouldbe one imagecloseto the
one obtainedwith Larson’s algorithm. In other words, if
we resignto usemorethanoneimageandvisualizeall the
detailsin the scene,we shouldbe able to extract a single
satisfactoryonefrom thecomputedset.To do thatwe take
theimagethatmaximizestheglobalentropy (seeFigure1).

5. CONCLUSIONS

In this paper, we have presenteda new paradigmfor the
reproductionandvisualizationof informationin HDR im-
ages.We arguedfor theuseof a setof imagesinsteadof a
singleoneasin traditionalapproaches.

More thanbeingthe lastword abouttheproblemof vi-
sualizingHDR data,with this work we attemptedto illus-
tratetheintrinsiclimitationof workingwith onlyoneimage.
We showed how going for morethanoneimagewe could



obtainasimpleandnicesolutionto theproblemof complete
informationvisualizationof highHDR images.

A numberof questionsremainopenafterthiswork. The
specificalgorithmheredescribedfor thecomputationof the
setof imagesis justaparticularexample,andothersshould
be developed. Oneof the crucial additionalpoints is how
to find theminimal numberof imagesrequiredto visualize
all the relevant information. Theseimageshave alsoto be
pleasantandhopefullywith smoothtransitionsamongthem.
We hopethatthework herepresentedwill openthedoorto
workson theseandotherrelevantquestions.
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Fig. 1. Imagesdisplayingthe first, secondandthird inter-
vals(all with maximalentropy perregion), Imageobtained
with Larson’s algorithm, imagewith maximal global en-
tropy, andzoomedversionsof thefirst four.


