VISUALIZATION OF HIGH DYNAMIC RANGE IMAGES
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ABSTRACT

A novel paradigmfor informationvisualizationin high dy-
namicrangeimagesis presentedn this paper Theseim-
agesrealor synthetic,have luminancewith typical ranges
mary ordersof magnitudehigherthanthatof standarcut-
put devices,therebyrequiringsomeprocessindor their vi-
sualization. In contrastwith existent approacheswhich
computeasingleimagewith reducedange closein agiven
sensdo theoriginal data,we proposeo look for arepresen-
tative setof images.The goalis thento producea minimal
setof imagescapturingthe information all over the high
dynamicrangedata, while at the sametime preservinga
naturalappearancéor eachoneof theimagesin theset. A
specificalgorithmthat achievesthis goal is presentecand
testedon naturalandsyntheticdata.

1. INTRODUCTION

High dynamic range (HDR) images containa wide range
in luminancemary timesin the orderof tensof thousands
differentvalues. Theseimagescould be natural, obtained
for instancefrom multi-exposurephotograph$l] or with a
multiple exposuresensoff2, 3], or synthetic,in the caseof
computergraphicsapplications.Theseimageshave ranges
thatgreatlyexceedthat of the outputdevice. The question
is thenhow canwe reproduce andvisualize suchimagesin
astandardbutputdevice.

Let usintroducesomebasicterminology The sceneiis
thereal or syntheticpicturewe perceve without involving
ary outputdevice betweenit andour eyes. An image, on
the otherhand,is whatwe canseeusingthe outputdevice,
or its internalcomputerepresentatioasanarrayof digital
values. The key problemis how to translatefrom scenes
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to imageswhile preservingthe relevant sceneinformation,
producinga naturallooking image,and avoiding common
artifactssuchashalos (which aredueto gradientreversals
[4]).

HDR imagescan be appliedin computergraphicsfor
the productionof syntheticimageswith realisticor hyper
realistic appearance.Another applicationis HDR photo
graphswhich areableto capturemuchmoredetailedscene
informationthanstandarghotographsThesesystemsnake
it possibleto capturea highly detailedrangerepresentation
of the sceneandlaterprocesghe datain orderto selectthe
image(s)that betterfulfils the given requirements.These
imagescouldalsoimprove computervision andimageanal-
ysisalgorithmsthatusuallyrely onlimited rangedata. This
is particularly relevantin scenariosvherewe do not have
completecontrolovertheillumination. Thereforethereis a
needto developalgorithmsto performthetranslationfrom
scenego imagesalgorithmssuchasthediscusse@ndpre-
sentedn this paper

We can classify the existing approachedor the trans-
lation from sceneto imagein two main groups. The first
groupconsistsof algorithmsthat mapthe original rangeto
theoutputrangewhile attemptingto presere the subjectve
perceptionof the scene. Among the works which propose
a tone mappingwe have [7] and[5]. Larsonet. al. [5]
proposecdh globaltonemappingoperatorwhich adjuststhe
histogramof the scenebasedn psychophysicamodelsfor
color, glare,andacuity perception.The resultsof this sim-
ple andelegantmethod which reducego justaglobalmap,
arevery goodandwith high fidelity to the subjectve per
ceptionof the scene 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 available outputrange. Note that since
thesemethoddry to presere the original perceptiorof the
scenedetailsthatarehardto seein the original scenewill
bedifficult to seein the outputimageaswell.

In the secondgroup,we have algorithmsthatfavor the
visualizationof detailsinsteadof the subjectve perception



of the scend®6, 9]. They applya multiscaledecomposition
to discriminatebetweerillumination anddetails. The main
problemwith this ideais that, althoughcorrectin theory
it usuallyintroduceshalosin the outputimage. The local
mappingsproducedby thesetechniquesviolate the basic
monotonicityprinciple,i.e. the pixel valueorderis notnec-
essarilypreseredanddarlker (brighter)regionsin thescene
might becomebrighter (darker) in the image. Moreover,
theseapproachetendto have alargenumberof parameters,
which aregenerallyhardto controlin anautomatidashion.
In [8] amethodfor displayingsynthetidmagess presented,
basedon the segregationof lightning andsurfacelayers.
The two groupsof works just describedare not com-
pletely equialent, as they addressslightly differentprob-
lems. Furthermorealthoughsimilar, their solutionscannot
be easilycomparedpnerepresentatiofriesto capturethe
subjectve appearancef the sceneunderthe limitation of
the output/displaydevice, while the secondgroupattempts
to presenre the scenedetails. While enhancingdetails,we
may be addinginformation not perceptuallypresentin the
original scene.On the otherhand,while preservingvisual
appearancaletailsmight be omitted.

1.1. Our contribution

Our proposedparadigmattemptsto have the bestof both
groupsmentionedabore. We proposea methodwhich cap-
turestheimagedetailswhile preservinghe naturalappear
anceof the scene. As we will explain below, thereis an
intrinsic limitation in representingnHDR imagewith only
one standard outputimage. Sometimest is practicallyim-
possibleto find anoutputimagecontainingall the relevant
information in the HDR imagethat representghe scene.
For this reason,we argue for a methodto obtaina set of
images containingall the relevantinformationof the origi-
nal scene We couldsaythatwhile thealgorithmsdescribed
above dealwith thereproduction of thescenethetechnique
hereproposedlealswith its visualization. Moreover, we ar-
guethat not only the setof imageshasto accuratelyisu-
alizetherelevantinformationpresenin the scenejput also
hasto doiit in avisually pleasanform. In the proposedal-
gorithm, eachimageis producedby a differentmonotonic
global map, therebyavoiding gradientreversalstypical of
the local schemes.The locality is achiered by letting this
global map “stretch” differentregionsfor eachone of the
imagesn theset.

2. THEMETHOD

Ourideais to proposea simpleandeffective methodto vi-
sualizeall the informationin the scenein a pleasant way.
All meansthat we would like to captureas mary details
aspossible andpleasant meansa procedurevhich appears

naturalto the obserer.

Let usassumave have a scenewith darkandbright ar-
eas,anddetailsall overit. If we wantto visualizeall the
detailswe needfirst to have aminimumresolutionavailable
(numberof outputlevels),andsecondo beableto “see”in
every region. Thatis, in dark areaswe mustaddlight and
reduceit onthebright ones.In both casesthe information
is out therebut it cannotbe seendueto underexposureor
over-exposure. To solwe this, we are going to modify the
luminanceof thescendo captureall the detailsoverit. All
theproposedperationaresimply contrasthangesin this
way artifactssuchashalosarenotintroduced Furthermore,
thisidearesembleshecontrolof illumination duringacqui-
sition andis percevedasnatural.

If we illuminate a given region, we will be stretching
its outputrange,therebyusingmoreoutputlevels. On one
handwe displaythis region with goodlight andresolution,
while ontheotherhandwe mightbecompressingndmiss-
ing detailsin otherregions. Hence thereis clearly a com-
petitionbetweerthe outputfidelity of differentregions,and
unfortunatelyit is difficult or impossibleto find a satishc-
tory solutionwith a single output. To overcomethis, we
proposeto generatea sequenceof imageswith different
resolutiondn eachsceneregion (spacevaryingresolution).
The basicideais thento distribute the existing resources
amongdifferentoutputimages.This sequenceould be ei-
therobsenedasamovie or asa setof still imagescouldbe
extractedfrom it. Thekey pointhereis thatfor mary appli-
cationsmorethanoneoutputimageis areasonablsolution.

2.1. Outlineof thealgorithm

Beforepresentingour proposedilgorithm,let usgive some
basicnotation.(r, g, b): Inputcolorprimaries,L : Inputlu-
minance,[L™, LM]: Inputluminancerange,L’: Modified
luminance[L7, L}] : Outputiuminancerange (R, G, B):
Digital outputvalues.We arenow readydescribethediffer-
entstepsof thealgorithm.

1-Computeimage luminance: Fromthe(r, g, b) primaries
computethe luminanceL (in ed/m?) andthe color infor-
mation(r/L,g/L,b/L). We processhe luminancewhile
preservinghecolorinformation.

2-Segment the image: Divide theimageinto two or more
regionsof interest. This is achieved splitting the histogram
(seeSection3) into sub-intenals. Fromnow on, we assume
two regions,[L™, Ly+] and[Ly,-, LM].

3-Modify the luminance: Apply Larsons histogramad-
justmentalgorithm [5] to eachintenval. Map [LT, L,,«]
to [L™, Lg+] and Ly, L] to [Lg4+, LY]. The important
point hereis thatwhenusingthe humancontrastsensitvity
function, the mappingdoesnot producea contrastgreater
than the one presentin the original scene. Sincewe are
working in regions,this meanscontrollingthe contrastover
that givenregion. This stepis not a traditional histogram



adjustmensinceit modifiesthe outputrangeandthe distri-
bution within it.

If we selectLy4+ closeto Lé” we will bevisualizingthe
dark areaswith a wider rangethanthe bright ones. A first
solutionto the problemof visualizationHDR datais to cre-
ateamovie by increasingLy- from L7 to L. This gives
us a sequencewhich startingfrom the imagewith all re-
sourcesallocatedto thedark areasslowly movesto anim-
agewith all resourcesllocatedto the bright areas.This is
just a nice way of visualizing all the information. A sec-
ond possibility is to choosejust a certainfixed numberof
images. We discussbelow how to selecttheseimages. In
the caseof threeintervalsor more,theideais the same We
startwith mostresourcesllocatedto the first interval and
we swap themto the next interval to the right. For details,
seewww.ece.umn.edu/users/guille/hiaiml.
4-Quantization: Quantizeand gammacorrectthe recom-
putedprimaries(% = L', £ x L', £ x L') to obtainthedigital
outputvalues(R, G, B).

2.2. Information assessment

If we considerrachimageasamessageits informationcan
be measuredvith the entropy function. With it, we will be

ableto extractthebestor setof bestimagesn thesequence.

From the histogramof the outputimagewe find the prob-
abilities of eachoutputlevel, and with themwe compute
theentropy. Notethatmaximumentropy impliesa flat his-
togram. Additionally, entroy maximizationcapturesour
subjectve preferencaowardswell-contrastedmages.

3. ESTIMATION OF THE NUMBER OF IMAGES

Theminimal numberof imagesneededor asatishctoryvi-
sualizatiorof all thedetailsin the HDR datadepend®nthe
particularimagebeing processedTo obtainan estimation
of the numberof imageswe usethe numberof clustersin
theluminancehistogram.To displaytheimagewithoutloss
of informationwe would need roughly, asmary outputlev-
elsasclusterspresenin theimage.However, notall output
levels canbe usedif we wantto distinguishbetweerthem.
We useanempiricalrule of thumbthatsaysthatwe canal-
locatearound200 clustersperimagein the set. Thisis just
a coarseestimationthatworksfairly well in practice.
Having an estimationof the numberof outputimages
requiredto satistctory visualizethe sceneinformation, a
segmentationis neededn orderto find the location of the
luminanceintervals. To sggregatedark and bright areasa
thresholdt that maximizesthe sumof the entropy of both
distributionsis computed. Using the histogramof the lu-
minanceandcomputingthe above probabilitieswe find the
thresholdt that optimally segmentsdark and bright areas.
If we useonly two imageswe only needto applythis pro-

cedureonce; otherwise,we iteratethis scheme.This pro-
cedurecanbe seenasa binary tree constructionwherein

eachstepaninterval is dividedin two. At theend,theuser
canselecttheimportantleavesfrom it if userinteractionis

constructedn theprocess.

4. RESULTS

We now presentheresultsof our proposedalgorithm. No
userinterventionwasneededndthenumberof imagesand
segmentationwas performedas explainedabove. Movies
shawing thefull setfor thisexampleandotherscanbefound
atwww.ece.umn.edu/users/guille/hidml.

Thefirst stepis the segmentatiorof the original image.
Wefound419 clustersn theimageluminanceandtherefore
we usethreeoutputimagegsincewe considemo morethan
200 clustersperimage). Theintervals wherefound apply-
ing twicethealgorithmdescribedn Section3. First,we ob-
taineda sggmentatiorof bright anddark areasandthenwe
sub-sgmentedagainthe darkinterval. Secondwe assign
thegivenresourceso eachregion. In this casewe assumed
LY =100 ed/m? and LT = 2 cd/m?, andselectedni-
tial rangesof 86 cd/m? for thefirst interval and6 cd/m?
for the rest. For the next imagein the set, the resources
arere-allocatedmoving themfrom left to right in stepsof
5 cd/m?. After sgmentationwe obtainedhefollowing in-
tervals: [0.12,2.27], [2.27, 83.09] and[83.09, 40416.77].

In Figurel we shav theresultsobtainedwith our algo-
rithm (eachimagerepresentshe imagewith maximalen-
tropy perregion) togethemwith the resultof Larsons algo-
rithm. With theseémageswve canseemoredetailsthanin the
singleimageprocessedvith Larsons algorithmin a fairly
naturalway. Hence,we managedo display the original
scendn asetof images,makingvisible someinformation
thatwasobscuredn theoriginal scene.

Sinceour methodextendsLarsons one,amongall the
imagesin the set, thereshouldbe oneimagecloseto the
one obtainedwith Larsons algorithm. In otherwords, if
we resignto usemorethanoneimageandvisualizeall the
detailsin the scene we shouldbe ableto extract a single
satishctoryonefrom the computedset. To do thatwe take
theimagethatmaximizesheglobalentropy (seeFigurel).

5. CONCLUSIONS

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

More thanbeingthe lastword aboutthe problemof vi-
sualizingHDR data,with this work we attemptedo illus-
tratetheintrinsiclimitation of workingwith only oneimage.
We showved how going for morethanoneimagewe could



obtainasimpleandnicesolutionto theproblemof complete
informationvisualizationof high HDR images.

A numberof questionsemainopenafterthiswork. The
specificalgorithmheredescribedor the computatiorof the
setof imagess justa particularexample,andothersshould
be developed. One of the crucial additionalpointsis how
to find the minimal numberof imagesrequiredto visualize
all the relevantinformation. Theseimageshave alsoto be
pleasanandhopefullywith smoothtransitionsamonghem.
We hopethatthework herepresenteavill openthe doorto
workson theseandotherrelevantquestions.
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Fig. 1. Imagesdisplayingthe first, secondandthird inter-
vals (all with maximalentropy perregion), Imageobtained
with Larsons algorithm, image with maximal global en-
tropy, andzoomedversionsof thefirst four.



