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Abstract

Volume data is usually generatedby measuringdevices (eg.
CT scanners, MRI scanners), mathematical functions (eg.,
Marschner/Lobbfunction), or by simulations. While all these
sourcestypically generate12 bit integeror �oating point represen-
tations,commonlyuseddisplaysareonly capableof handling8 bit
grayor colorlevels. In atypicalmedicalscenario,a3D scannerwill
generatea 12 bit dataset,from which a subrangeof theactive full
accuracy datarangeof 0 up to 4096voxel valueswill bedownsam-
pled to an8 bit per-voxel accuracy. This downsamplingis usually
achieved by a linear mappingoperationandby clipping of value
rangesleft andright of thechosensubrange.

In this paper, we proposea novel windowing operationthat is
basedon methodsfrom high dynamicrangeimagemapping.With
thismethod,thecontrastof mapped8 bit volumedatasetsis signif-
icantly enhanced,in particularif the imagingmodality allows for
a high tissuedifferentiation(eg., MRI). Thus, it also allows bet-
ter andeasiersegmentationandclassi�cation. We demonstratethe
improved contrastwith different error metricsand a perception-
driven imagedifferenceto indicatedifferencesbetweenthreedif-
ferenthighdynamicrangeoperators.

CR Categories: I.4.3 [Enhancement]: Filtering, Gray-scale
manipulation,SharpeninganddeblurringI.4.7 [FeatureMeasure-
ment]: FeaturerepresentationI.4.8 [SceneAnalysis]: Intensity

Keywords: VolumeData,Non-LinearDataMapping,High Dy-
namicRangeMapping,Windowing

1 Intr oduction

Therearenumeroussourcesfor volumetricdata.Amongthemost
frequentonesaremeasuringdevices– suchasCT scanners,MRI
scanners,etc.–, simulationsof naturalphenomena,or voxelization
andimplicit functionschemes.Almost all volumetricdatasources
havein commonthatthey generatevoxel datawith a�oat or integer
datatype. Very rarely, the original datais only an one-byteinte-
ger, the commondataformat of many volumerenderingsystems.
Furthermore,mostdisplays(gray-level or color), asthey areused
with virtually every computer, provide only an 8 bit data�delity
percolor channel.Therefore,the �oat andintegerdatatypesneed
to be mappedinto the smallerdatarange,if only onecolor chan-
nel (eg., for gray-level representations)is used.This is in particular
truein mostmedicalapplications,whereahighdynamicrangedis-
play is oftenprohibitively expensive to beusedateveryworkplace.

Up to now, the commonremedyis a linear windowing operation,
which mapsa usuallyinteractively selecteddatarangeinto 8 bits.
This, however, meansthat the datahasbeendownsampled(if the
selecteddatarangeis larger than256 voxel values)andclamped
(if only an (organ-) speci�c window is de�ned) to �t into 8 bits,
or lower andhigherdatavaluesareclamped.Usually, the datais
windowedby a combinationof downsamplingandclamped,based
onstandardizedsettingsfor speci�c imagingprotocols.

In this paper, we presenta new approachfor a volumedatawin-
dowing operatorthatemploys techniquesfrom highdynamicrange
imagingto mapvolumedatafrom the original voxel size,usually
12 bits1, into a targetvoxel size,usually8 bit. 12 bit voxelscannot
reallybeconsideredrepresentinga truly highdynamicrange.Nev-
ertheless,weexploit thealgorithmsto enhancethecontrastin the8
bit representation,but wedonotrequiretechniquesthatspeci�cally
addressvery high intensities.Note that this approachcanalsobe
usedto increasecontrastin native 8 bit datasets(mappingan8 bit
datarangeinto a different8 bit datarange),or in representations
wherethefull datarangeis lostor notavailablefor otherreasons.

In contrastto theoriginal imagetonemappingoperators,ourop-
eratorexaminesthewholevolumedatasetandis thereforevolumet-
ric in nature.Althoughwehaveonly exploreddatasetsobtainedby
medical3D scanners,we believe that this methodis equallyappli-
cableto otherscalardatatypes,suchassingleanddoubleprecision
�oats (of possiblytruly highdynamicrange),sincethealgorithmis
alreadybasedon �oat numbers.

The operatoris basedon the PhotographicToneReproduction
operator(PTR)introducedbyReinhardetal. [Reinhardetal.2002],
but requiredseveral signi�cant functionalmodi�cations for medi-
cal imaging. Furthermore,the volumetricnatureof medicaldata
requireddifferent processingstrategies in order to copewith the
increasedspaceandtimecomplexity.

In theremainderof thepaper, we will discussrelatedwork and
introduceReinhard's PTR operator(Section2). In Section3, we
describeour approachandits contributionsto extendthePTRop-
eratorfor volumetric data. Afterwards,we demonstratethe new
windowing operatorin Section4. Finally, wedraw conclusionsand
provideperspectivesfor futurework.

2 Related Work

Manualor automaticselectionof anintensitywindow is acommon
step in the processingpipeline of medicalvisualizationsystems.
Windowing is describedin [Bartz2002]and,in moredetail,in [Pet-
tersonaccessed2005]. Classicalintensitywindowing consistsof
selectingmaximumandminimum intensitiesof interest.The val-
uesin this intensityrange,which is usuallyde�ned within the 10
or 12 bit pixel depth provided by typical medical scanners,are

13D medicalimagescannersusuallygeneratedatathat requiresup to
12 bits per voxel. While the resultingdatarangeof 0 to 4095(translating
CT Houns�eld unitsinto thepositive range)is almostfully exploitedby CT
data,MRI datarequireonly 9-10bitspervoxel.



thenmappedlinearly to thegray-scaleresolutionof thedisplayde-
vice. Thustheacquiredmedicalimagesarenormallyconvertedto 8
bit gray-scaleimages.Only expensive specializeddisplaysystems
arecapableof displayingimageswith higherpixel depths[Barco
2003]. Consequently, intensitywindowing is describedasan inte-
gralpartof amedicalvisualizationsystem[Kugleretal. 1998].

The linear mappingof pixel or voxel intensitiesfrom medical
scannermeasurementsto 8 bit grayvaluesoftendoesnot produce
satisfactorycontrast.The intensitiesof certaintypesof tissuecan
be clusteredwithin a very narrow rangeof values,making them
dif�cult to distinguishonthedisplay. Thestandardapproachto im-
prove contrastin imagesis histogramequalization[Gonzalezand
Woods1992], wherethe intensitiesof an imageare transformed
suchthat their distancein the intensity rangedependson the re-
spective weight in the imagehistogram.Although this non-linear
mappingis basedon the imagedata,it is a global operationand
doesnot take local featuresinto account.Otherapproachesinclude
adaptive logarithmicmappingby Dragoet al. [Dragoet al. 2003],
which hasrecentlybeenusedfor themappingof high �delity vol-
umerenderedimages[Yuanetal. 2005].

Moregeneralmappingstrategiesandfurtherimprovementshave
beenproposedin recentyears,in orderto maximizethequalityob-
tainedwhendisplayinghigh dynamicrangeimages. In computer
graphics,this windowing processis usuallyknown astonerepro-
duction, tonemapping, or highdynamicrange imagemapping.

Next to the global tonemappingoperators(alsoknown asspa-
tially uniform or single-scale), like the previously referencedhis-
togramequalization,onecanalso�nd local operators(alsoknown
asspatiallyvaryingor multi-scale). While globaloperatorsperform
thesamemappingoperationover thewholeimage,local operators
canactdistinctly over differentregionsin theimageproviding fur-
thercontrolover the �nal result. Sincethealgorithmthatwe pro-
poseworksonamulti-scalebasis,weconcentratehereon themost
recentandrelevant methodspresentedon local tonereproduction
operators.A generalsurvey of tonemappingtechniquesis given
in [Devlin 2002].

Sincethe early work of Chiu et al. [Chiu et al. 1993], the ad-
vantageof analyzingdifferentpartsof ahighdynamicrangeimage
hasbeenproven to establisha visually satisfactorytonemapping.
Many different local operatorsfor this purposehave beenderived
afterwards. They exploit the characteristicsof the humanvisual
systemsothatthenecessaryreductionof thedynamicrangeandits
inherentlossof accuracy leadto aminimumlossof visiblequality.
In [Fattaletal.2002]for instance,anattenuationof largeluminance
gradientsis performedto compresstheselargegradients,while pre-
serving�ne details.

A differentapproachis presentedin [DurandandDorsey 2002],
which is basedon the previous work by Tumblin et al. [Tum-
blin et al. 1999; Tumblin and Turk 1999]. In this casean edge-
preserving�lter (bilateral �lter ) is employedto decomposetheim-
agesinto two layers,a baselayeranda detail layer. Thecontrastis
reducedin thebaselayer, whichcontainsthelarge-scalevariations,
while visibility is preservedin thedetail layer.

Ashikhmin presenteda multi-passstrategy for tone reproduc-
tion [Ashikhmin 2002]. In a �rst stage,an estimationof the local
adaptationluminanceis performedateachpoint in theimage.Then
a compressionfunctionis appliedto thevaluesobtainedduringthe
�rst stepin orderto adaptto therequireddynamicrangeof thedis-
play. In the third and�nal stage,relevantdetailsarerestoredby a
post-processingpassover the image. Eachof thesestagescanbe
performedfor a voxel at a time, thusthe whole algorithmcanbe
computationallycombinedinto onepass.

Another tone mappingoperator(PTR) has beenproposedby
Reinhardet al, in [Reinhardet al. 2002]. Their work is basedon
a classicalmethodwidely employed in photography to correctly
reproducereal world high dynamicrangescenes,calledthe Zone

System[Adams1980]. In this technique,thesceneis divided into
print zonesmappingthe valuesfrom pureblack to white. A sub-
jective middlebrightnessregion of thesceneis takenandassigned
to themiddlegrayprint zone.Next, luminancereadingsaretaken
for light anddark regions to determinethe dynamicrangeof the
scene.It mustbe notedthat the term dynamicrangeis usedhere
in the photographicsense,that is, the ratio of the highestto the
lowestluminanceregionswith visible details.This is not thetypi-
cal computergraphicsmeaningasratio of thehighestto thelowest
sceneluminance. Using this method,it is assuredthat the max-
imum possibledetail is retained,whenever an appropriatemiddle
grayis found. Reinhardet al. proposea doublepassstrategy com-
posedof an initial luminancemappinganda posteriorautomatic
dodging-and-burning process. The initial mappingis a spatially
uniformtransformationwherethetonalrangeof theoutputimageis
setin relationto thelog-averageluminanceof thesceneandauser-
speci�ed valuefor middle gray. During this mapping,high lumi-
nancesarecompressed.Then,in a secondstagea local tonerepro-
ductionalgorithmthat appliesdodging-and-burning is employed.
This techniquemimicsthephotographicdodging-and-burningpro-
cess,wherethe portionsof the print might receive a differentex-
posuretime from the negative, controlling the contraston every
region. In a similar way, contrastcan be controlledlocally over
anentireregion boundedby largecontrastchanges.Theseregions
aredeterminedusinga center-surroundfunction derived from the
brightnessperceptionmodelby Blommaertet al. [Blommaertand
Martens1990].

3 Volumetric High Dynamic
Range Windo wing

Until now, tonemappinghasonly beenusedfor two-dimensional
images. We presenta straightforward, but novel variationof this
methodsuitableto enhancea full volumetricdataset.Sincewe fo-
cushereon gray-level medicalimages,we will usethetermslumi-
nanceandintensity(describingthe modality unspeci�c voxel val-
ues)interchangeably.

Wemodi�ed thetonemappingmethodpresentedby Reinhardet
al. [Reinhardetal. 2002]suchthatit providesamorecomprehensi-
ble representationof radiological2D images.For this purpose,we
haveimplementedtwo variationsof theoriginalalgorithm.The�rst
methodperformshighdynamicrangewindowing on theindividual
slice imagesof the datavolume. The secondmethodis a signif-
icantly different approachcomparedto Reinhard's original paper
andconsiderstheentirevolumedataset.Speci�cally, theGaussian
reconstructiondescribedin Section3.2,Equation5 is evaluatedin
a 3D voxel neighborhood,in contrastto the 2D voxel neighbor-
hoodwithin the individual slices. Sincethe volumetric variation
performscomputationallyonly somewhatmoreexpensive thanthe
slice-basedversion,we will only discussthevolumetricvariation.
The slice-basedvariationcanalsobe seenasthe volumetricvari-
ation with a constantz parameter. The visual differencesof the
volumetricandslice-basedapproachareshown in Figure4eandf.

In Sections3.1and3.2,we will give a summaryof themodi�ed
(but largely similar) intensitymapping(which we call zoneinten-
sity mapping)andof theextendedvolumetricdodging-and-burning
approach,basedontheformulaspresentedby Reinhardetal. [Rein-
hardet al. 2002]. Notethatwhile thetheoreticalbasisof thealgo-
rithm largely follow Reinhard'sapproach– weuseaslightly differ-
ent andeasiernotation–, our implementationvariessigni�cantly
to achieve thenecessarycomputationalperformance.Unlessnoted
otherwise,mostof theparametersettingsaretunedthesamewayas
suggestedby Reinhardetal. in [Reinhardetal. 2002]. In particular
a, s, a , ande arespeci�ed identically, sincethesevaluesproduced
goodresultsfor medicalimagedataaswell. Therefore,wewill not



speci�cally mentionthis factin thefollowing sections.

3.1 Zone Intensity Mapping

In a �rst steptheintensityof aninput voxel is scaled,sothata cer-
tainmeanintensityis achieved.Thisscaledintensityis obtainedby
thecomputationof the log-averageintensity Īw asshown in Equa-
tion 1. Pleasenotethatnotall volumetricdatasetsusethefull 12bit
datarange([0;4095]). In thosecases,the mappingtakesonly the
actively usedbit range(eg., 11bits for [0;2047]).

Īw = exp(
1
N

� å
x;y;z

log(d + Iw(x;y;z))) (1)

In Equation1, Iw denotesthe intensity of the original voxel
(world intensity).N is thetotal numberof voxels,andd is a small
numberusedfor ensuringthatthelogarithmin thesumcanbecom-
putedfor possiblevoxelswith intensity0. Thelog-averageintensity
Īw is computedover all three-dimensionsof thevolumeandrepre-
sentsthegeometricmeanof d + Iw(x;y;z). In contrastto Reinhard
[Reinhardet al. 2002],who focuseson imagesfrom photography,
we focuson medicalscanneddatawhich consistsof signi�cantly
largernumbersof black(zero)voxels thatcontainno or only little
information.Usinga d closeto zerolike Reinhardwould overem-
phasizetheseblackvoxels,hencewe used = 1:0 andcompensate
by subtractingd = 1:0 from Īw, resultingin Equation2:

Īw = exp(
1
N

� å
x;y;z

log(1+ Iw(x;y;z))) � 1 (2)

The voxel intensities are adaptedusing the calculatedlog-
averageintensityanda target key valuea. Thekey valuea deter-
minesthe overall brightnessof the resultingimage. As suggested
in theoriginalarticle,wehavefoundakey valueof 0.18to produce
goodresultsin mostcases[Reinhardetal. 2002].Thiskey valueis
essentiallymotivatedby thehumanvisualsystem,which perceives
18% re�ectanceasmiddlegray. This conceptof a “normal key”
worksalsofor medicaldata,sinceit doesnot usuallyexceed12 bit
datavalues(andhencecanbeconsideredneitherhighnor low key).
Eachof thevoxelsis scaledaccordingto Equation3.

I (x;y;z) =
a
Īw

� Iw(x;y;z) (3)

Using this adaptation,a comparablemeanintensityis achieved
for any givenvolumedataset.Thescaledvoxel intensityI (x;y;z) is
usedasinput for thefollowing stepsof thealgorithm.

If we useonly zone-intensitymapping(without the subsequent
dodging-and-burning), we useEquation4 with IMAX asthe max-
imum intensityfound in the original input volume. This operator
providesageneralincreasedintensityandaslightly improvedcon-
trast.

Ic(x;y;z) =
I(x;y;z)

�
1+ I (x;y;z)

I2
MAX

�

1+ I(x;y;z)
(4)

In termsof computationalcosts,thecomputationof thelog val-
uesfor the individual voxels is the single most expensive opera-
tion. Fortunately, Equation2 can be reformulatedas logarithm
of the productof the argumentof the logarithms: log(a � b � c) =
log(a) + log(b) + log(c). Albeit, theproductover all voxelswould
quickly passtheaccuracy andrangeboundsof 64bit �oats, wecan
still combinea signi�cant numberof products,beforewe areget-
ting closeto this bound. We use10100 asbound– which is still
signi�cantly below the upperboundof 64 bit �oats – andgain a
speedupof four to � ve timescomparedto the direct implementa-
tion of Equation2, asit canbeseenin Table1. It alsoshowsthatan
increaseto 10300 asupperbounddoesnot signi�cantly reducethe
computingtime.

Table 1: Computationtime (s) of logarithmsin Equation2. An
upperboundof 0 representsthelog-computationfor everyvoxel.

Dataset,Resolution Time(s) for UpperBound
0 10100 10300

CT Head,512x 512x 324 18.15 4.38 4.12
CT Thorax,512x 512x 168 9.49 2.28 2.14
CT Angiography, 512x 512x 194 10.81 2.61 2.44
MRI CISS,512x 512x 54 3.01 0.72 0.69
CT Backpack,512x 512x 373 18.93 4.84 4.31

3.2 Volumetric Dodging-and-Burning

Thetermdodging-and-burning wasoriginally coinedin photogra-
phy and relatesto a speci�c exposuretechniquethat lightensor
darkensregions in the �nal print [Adams1983]. While dodging-
and-burning in photography is largely dependingon the individ-
ual choiceof the photographer, Reinhard's dodging-and-burning
is an automaticprocess.Its purposeis essentiallyto treatregions
with similar contrast(almosthomogeneousregions)identically. In
thisprocess,theoriginalalgorithmtriesto identify theseregionsby
computingtheconvolutionof theintensitywith aGaussian�lter of
aspeci�c size,which is calledthescaleof the�lter . Thelargest�l-
ter thatstill coversaregion,whichhasasimilarcontrast,is selected
for furtherprocessing.

We have devised a volumetric extensionof this dodging-and-
burningoperatorfor thedirectapplicationin three-dimensions.Un-
like the original algorithm, it doesnot work on a per-slice basis.
Rather, both the �lter kernelsandtheconvolutionsusedfor deter-
mining thecorrectscalearede�ned in 3D.

In contrastto globaltonemapping,dodging-and-burning works
onlocal regions.As mentionedabove,in a �rst step,thesizeof this
local region is determinedfor eachvoxel. This sizedependson the
areaaroundthevoxel in whichno largecontrastchangesoccur.

In order to measurethe contrastarounda given voxel, we fol-
low Reinhardet al., who useda center-surroundfunction based
on Blommaert's model for brightnessperception[Blommaertand
Martens1990], which is basedon sphericalsymmetricGaussian
�lter kernels:

Ri(x;y;z;s) = exp
�

�
x2 + y2 + z2

(a si)2

�
(5)

Note that Ri(x;y;z;s) is not yet normalized,which is doneim-
plicitly during processinglater on. Also, we areusinga slightly
differentnotationthanReinhardetal. usesin Equations5-8,which
are,however, equivalent,sincewe iterates insteadof a .

For eachof thesekernels,the scaleat which it is supposedto
operateis givenassi . Heres is theso-calledcenter-surroundratio,
which is thefactorbetweentwo consecutive scales(Notethats0 =
1, s1 = 1:6, s2 = 1:6 � 1:6, etc.). The currently relevant scaleis
determinedby theindex i. Wehavechosena �x edparametervalue
of a = 1=2

p
2 � 0:35in ourexperimentsto ensurethatthesmallest

scaleessentiallycoversonly the voxel itself. Although this value
canbechangedby theuser, this �x eda generatedsatisfyingresults
for medicaldatasets.

We cannow obtainthethree-dimensionalconvolution of thein-
tensitiesof the volume data with theseGaussians,as shown in
Equation6, whereaswe usea n � n � n �lter kernel, wheren is
by default 5.

Vi(x;y;z;s) = I(x;y;z) 
 Ri(x;y;z;s) (6)

SinceGaussiankernelsareseparable,we cancomputethecon-
volution in three1D passes,in contrastto one3D pass[Reinhard



etal. 2002;Mitchell accessed2004].Thus,thecomputationalcom-
plexity per-voxel is O(n+ n+ n), in contrastto O(n� n� n). This
resultsin only a 50% increaseof the computationalcosts– going
from theslice-baseddodgingandburningto thevolumetricversion
–, insteadof n-timeshigher.

The computationof the 3D convolutions requiresaccessing
voxel datafrom differentslices.This signi�cantly degradesmem-
ory accessef�ciency, resultingin considerablylongerprocessing
times. Unfortunately, not all participatingslices �t into the L1-
cachefor fast processing. However, the separatedconvolution
schemeasdescribedabove allows a muchmorecompactmemory
representation.This way, theactualconvolution �ts easilyinto the
L1-cache.

Pleasenotethatthefrequency-basedconvolution– suggestedby
Reinhardet al. asconvolution approach– hasvariousotherdraw-
backscomparedto ourtruncatedGaussian�ltering, sinceit requires
thefull (Fast)FourierTransformation(FFT)of thedatavolumeinto
frequency space. Furthermore,it would requirethis transformed
datavolumeat severalscalesi, which would beprohibitive expen-
sive for volumetricdata,not only in computationalcosts,but also
in memoryrequirements.Nevertheless,we testedthis frequency
space-basedconvolutionandcomparedthevoxel differencesto our
n� n� n Gaussian�lter convolution, with n = 5;11;21. The dif-
ferencesfor n = 5 werelargely negligible andfor n = 21 not de-
tectable.A similar resultcanbeexpected,if wecomparetheGaus-
sian�lter matrix with a full-volume(full-imagein 2D) sized�lter .
Therefore,we considerthis matrix basedconvolution asanaccept-
ableandsigni�cantly cheapersolution.

Now thecenter-surroundfunctioncanbeevaluated,whichgives
a measurefor the activity (dynamics)at a given scalearoundthe
voxel (seeEquation7). Notethatthecenter-surroundratios is con-
sideredhereto bea (user-speci�able)constant2.

acti(x;y;z) =
Vi� 1(x;y;z;s) � Vi(x;y;z;s)
2f a=(si� 1)2 + Vi� 1(x;y;z;s)

(7)

The algorithm stops at the �rst scale index i for which
jacti(x;y;z)j is larger thane = 0:05, andpicks the previous scale
index i � 1. Choosingtherespective convolution resultVi� 1, a new
intensityfor the given voxel canbe computedaccordingto Equa-
tion 8. The operatorspeci�ed in this equationoverall providesa
compressionof high intensities. While this is not necessaryfor
mostmedicalimagedata,it canbe usedto compensatevery high
intensitiescausedby metalartifactsin CT data(eg., by metaltooth
�llings in Fig. 1).

Ic(x;y;z) =
I(x;y;z)

1+ Vi� 1(x;y;z;s)
(8)

A further improvementof the intensitymappingin Equation8
is achieved by adaptingthe computedoutput Ic to the maximum
intensity(IMAX) that is presentin thevolume(Equation9), similar
to Equation4 of thezoneintensitymapping.

Ic(x;y;z) =
I(x;y;z)

�
1+ I (x;y;z)

I2
MAX

�

1+ Vi� 1(x;y;z;s)
(9)

SinceIc(x;y;z) generatesintensitiesin the[0;1] interval, it must
be scaledinto the target 8 bit rangeby scaling(andtruncating)it
with (2b � 1) with b = 8.

Thedescribedmethodis a local tonemappingoperator, because
the scaleindex i that is usedfor the actualmappingcomputation

2f is anadditionalparameterthatmodi�es the“sharpness”of theimage.
Thedefault valueof f is 8.

(a) (b)

Figure1: Metal artifactsin CT Headdataset.(a) Linearly mapped
slice,(b) y-log-scalegradientmagnitude(top) andvoxel valuehis-
togram(bottom)of slice.Thehigh intensitiesof themetalartifacts
canbeseenon thefar right endof thehistogram.

in Equation9 is computedseparatelyfor every voxeland the re-
spective �lter hasa limited localsupport.Thishasof courseconse-
quencesfor thedataanalysis,classi�cation,andrendering,thatwe
aregoingto discussin Section4.3.

4 Results

Themajorachievementof volumetrichighdynamicrange(VHDR)
windowing is a contrastenhancementin comparisonto a standard
linearwindowing operation.In thissection,wewill discusstheuse
of the new windowing operators.Although we alsoimplemented
a slice-basedvariationof this operator, we will focusonly on the
volumetricversion.While thecomputationalcostsper-voxel of the
slice-basedversionareabout30%lowerthanof thevolumetricvari-
ation(O(n+ n+ n) vs. O(n+ n)), the latter takesinto accountthe
full spatialinformationof thevoxelscoveredby theconvolution�l-
ter in thesameslice,andin theneighboring(n� 1)=2 slicesin both
slicedirections.

In thecourseof thissection,wewill discussComputedTomogra-
phy (CT) andMagneticResonanceImaging(MRI) astwo different
imagingmodalities.Unfortunately, no ultrasoundor PETdatasets
wereavailableat the time of the experiments.Hence,we cannot
provide informationon thesemodalities.

4.1 Computed Tomograph y

Figure6a-cshowsthesameslicefrom aCT scanof athorax,show-
ing thelungs,theheart,thetrachea,partsof thebackbone,theribs,
andthesternum.In Figure6a,thefull active bit rangeof 12 bits is
mappedlinearly to 8 bits. However, thefull datarangeis not used
by theCT dataset;all voxelsarelocatedin thedatavaluerangeof
[0;2700] (or [� 1023;1677] Houns�eld units (HU)). Furthermore,
anupperinterval of 1000HU doesnot containusefulinformation.
If we adda clip operationto remove unusedvoxel valuerangesat
the windowing operation,the upperend(in this case)of the new
valuerangewill show a signi�cant increasein thehistogram,sug-
gestingthatthereis amaterialinterfaceor anotherfeature.

In contrast,VHDR windowing providesan adaptive correction
of the voxel values(seeFig. 6b), dependingon the overall inten-
sity of the imageanda correctionthat takes into accountthe lo-
cal neighborhood(dodging-and-burning, seeSection3.2). At �rst
glance,we canseethat the overall imageis brighterthanthe one
with linear mapping. Pixel by pixel comparisonactuallyrevealed
that thecontrastbetweendarker tissueareasandbrighterbonear-
easincreased.Figure6cexposesthisdifferencebetweenlinearand
the VHDR windowing operator. While thereis a generalshift of
intensity, higherdifferencesarein areaswith a high contrast(eg.,



betweenboneanddarktissue).This is of coursewhatcouldbeex-
pected,sincetheseareasareexactly thosewhicharesupposedto be
enhancedby themethod.

The secondexaminedCT datasetis a scanof a backpack�lled
with a varietyof objects.Thedatasetoccupiesthefull 12 bit range
of [0;4095] (or [� 1023;3071] Houns�eld units(HU)), whereasthe
metalartifactscausedby someof the objectsensurea ratherdark
intensitydistribution for mostobjects(Fig. 6j). With VHDR win-
dowing, the intensity contrastis signi�cantly improved and con-
siderablymorestructures– which werevirtually invisible before–
becomevisible (Fig. 6k). Figure6l shows the voxels of oneslice
wherethe intensitychangedmostby our operator. Note that for
this VHDR windowing, the key valuea hasbeenchangedto 0.05
(default is a = 0:18).

4.2 Magnetic Resonance Imaging

(a) (b)

Figure2: Histogramsof 3D CISSMRI scanof a head.(a) shows
the standardhistogramof the (stretched)linear (top) and VHDR
windowing (bottom) result and (b) shows the respective gradient
magnitudehistograms.The windowing resultsareshown in Fig-
ure6d-e.

Our secondexaminedmodality is MRI. In contrastto CT, MRI
providesa wholezooof differentimageacquisitionprotocolsthat
generateimagedatafocusingon differentorgansandtissuetypes.
Furthermore,MRI generallyprovidesmorematerial(or tissue)dif-
ferentiationthan CT, thus making it an imaging modality with a
goodpotentialfor contrastimprovements.However, the different
MRI imageacquisitionprotocolsgeneratedatawith limited 9-10
bits pervoxel accuracy. Therefore,thedatahasa smallerdynamic
rangethandatasetsfrom CT.

In our �rst example,we examinea 3D CISSMRI imagingse-
quence,which is a T2-weightedprotocol that emphasizeson the
cerebrospinal�uid (CSF)�lled cavities of thehead.In contrastto
our previous CT dataset,this MRI datasethasonly 10 active bits
andonly theactive valueinterval of [0;850]. Hence,we only map
10bits to 8 bits for all windowing methods(Fig. 6d-e).

Figure2 shows the standard(voxel value)andgradientmagni-
tudehistograms.Westretchedthehistogramsof thelinearwindow-
ing (top histograms)to thefull range,thusallowing aneasiercom-
parison.Overall,we canobserve thatthehistogramsof theVHDR
windowing (bottom)are lessaffectedby a small numberof high
intensitynoisevalues(upper/rightendsof linear histograms)and
relevantregionshaveasmootherdevelopmentof histogramvalues.
In particularpeaksaremorespreadout, thusenablinga betterdata
analysis,segmentation,or classi�cationof thedata.

Also with the 3D CISSMRI sequence,the contrastdifferences
arequite obvious betweenVHDR windowing andthe linear win-
dowing (Fig. 6f). Besidethe generalbrightnessshift betweenthe
darkbackgroundandthehead,edgesareagain emphasized,since
they representhigh contrastdifferences.We canalsoobserve the

Table2: Timingsfor thevariouswindowing methodson� vediffer-
entvolumedatasets.

Dataset WindowingMethod Time(s)
CT Head Linear 2.94
512x 512x 324 ZoneIntensity 4.27

VHDR Windowing 30.49
CT Thorax Linear 0.17
512x 512x 168 ZoneIntensity 0.21

VHDR Windowing 16.31
CT Angiography Linear 0.57
512x 512x 194 ZoneIntensity 0.98

VHDR Windowing 12.49
MRI CISS Linear 0.06
512x 512x 54 ZoneIntensity 0.09

VHDR Windowing 7.09
CT Backpack Linear 1.06
512x 512x 373 ZoneIntensity 2.07

VHDR Windowing 31.95

enhancedintensityof thesoft brain tissue(grayandwhite matter)
afterVHDR windowing.

In our last example, we examine anotherMRI dataset. This
datasetwasacquiredby T1-weighted�ash sequencethat mapped
CSF-�lled cavities to black(Fig. 6g-i). Similar to theprevious3D
CISSMRI dataset,only 9 bitsareactive in avoxel valueinterval of
[0;350], henceonly 9 bits aremappedinto 8 bits by all windowing
operators(Fig. 6g-i).

Again, we can observe a generalbrightnessshift betweenthe
VHDR andlinearwindowing, andin additiona contrastenhance-
menton theedgesandtheenhancedsoft brain tissue(Fig. 6h) in-
tensity.

(a) (b)

Figure3: Imageslice from MRI CISSdataset.(a) Original 8 bit
imageslice,(b) VHDR enhanced8 bit imageslice.

An interestingapplicationof VHDR is contrastenhancementin
low-�delity datasets.Figure3 demonstratesanexample,wherean-
other3D CISSMRI sequencedatasetis only availablein 8 bit �-
delity. Due to the low voxel �delity , the appearanceof the MRI
imagesliceis verydark(Fig. 3a).After VHDR windowing (from 8
bit to 8 bit), thecontrastis signi�cantly enhanced(Fig. 3b), while
the noiselevel is kept at a muchlower level thanwith histogram
equalization(seeFig. 5 for theMRI CISSexample).

4.3 Discussion

In thepasttwo sections,wepresentedtheapplicationof volumetric
high dynamicrange(VHDR) windowing to threedifferent volu-
metricdatasetsof differentmodalities.We couldobserve a general
contrastenhancementwith VHDR windowing methods,compared
to linearwindowing. At thesametimehowever, VHDR windowing
canalsoincreasethenoiselevel, if high-intensitynoiseis present,
eg., with metal artifacts in CT data. For most practicalaspects



though,this increasedartifact noiseis negligible. The increased
contrastquality doesnot comefor free; the full accuracy datasets
needto be mappedusing the linear or VHDR windowing opera-
tions in a pre-process.Not surprisingly, therequiredtime depends
onthesizeof thedatasetandonthechosenwindowing methods.In
our experiments(seeTable2) with the variousdatasetsdiscussed
above, we measuredtimingsbetweenlessthana secondfor linear
windowing of the smallestdatasetsand up to 32 secondsfor the
full volumetricHDR windowing of the largestdataset.All mea-
surementswereperformedon a PC, equippedwith 2GB of main
memoryandanIntel P4CPUrunningat3GHz.Weconsiderthein-
creasedcomputationalcostsfor VHDR windowing asmodestand
easilyaffordablefor theincreasedquality.

(a) (b)

(c) (d)

(e) (f)

(g)

Figure4: Visualdifferencesbetweendifferentwindowing operators
for CT Thorax(a,c,e)and3D CISSMRI (b,d,f) datasets.The�rst
row shows the relative intensity betweenzoneintensity mapping
andVHDR windowing (imagesaredarkenedfor printingcontrast).
Theotherrowsshow aperceivedintensitydifferencebetweenzone
intensitymappingandVHDR windowing (2ndrow), andbetween
slice-basedHDR andVHDR windowing (3rd row) basedon a Vi-
sual DifferencePredictor. (g) shows its color-codedscaleof the
detectionprobability.

TheVHDR windowing operatorslogically performtwo process-

ing passesto enhancethecontrastin thedatasets(in theactualim-
plementation,bothpassesareintegratedinto oneprocessingpass).
While the�rst passusesaglobal,logarithmicscalingof thedatasets
– thustransformingthehistogramof thedata–, thesecondpassap-
pliesa�lter of thelocalvoxel regionaroundeveryvoxel. Thishow-
ever, takesinto accountthelocalspatialneighborhoodof thedataset
andnot only their voxel values,resultingin a spatiallyvaryingop-
eration.As a consequence,previously availablemappingmethods
basedonthevoxel value(eg., transferfunctions)will affectadiffer-
entsetof voxels. Fortunately, thenumberof thesevoxels is small
andthey almostalwaysbelongto anedgeareawith anow increased
contrast.

Most changeshave beenintroducedby theglobalzoneintensity
mapping,thus the transferfunctions– basedon the original his-
togram– canbeadaptedto thenew voxel values,accordingto the
transformationof the histogram. The changesintroducedby the
local dodging-and-burning arelimited to areaswith high contrast
(edges)andonly emphasizethematerialinterfaces(seeFig. 4a-d).
Therefore,theconsequencesfor a previously known classi�cation
aremanageable.

Figure4c-f shows the visual differencesbasedon a visual dif-
ferencepredictor(VDP) [R. Mantiuk andK. Myszkowski andH.
Seidel2004].Figure4e-falsoindicatesthedifferencesbetweenthe
slice-basedandthevolumetricHDR windowing operator.

We alsocomparedthe performanceof VHDR windowing with
otherhigh dynamicrangeoperators.In particular, we alsotested
Ashikhmin'stonereproductionoperator[Ashikhmin2002]andDu-
randetal.'soperatorthatis basedonbilateral�ltering [Durandand
Dorsey 2002]. As it turns out, both operatorsare lesssuitedfor
windowing than Reinhardet al.'s PTR operator[Reinhardet al.
2002]. Both operatorsin particularfocuson high dynamicrange
imageswith high imageluminances,whicharenotreallypresentin
medicalimagedata.Figure5c andd shows absoluteintensitydif-
ferencesmappedto a huecolormap(blue no difference,red large
differences).Most differencesarelocatedon thecontrastedgesof
thedataset,with somedifferencesalsoin thehigherintensityareas
of theCSF-�lled ventricularsystem.This is notverysurprisingfor
Durand's approach,sinceit is basedon edge-preservingbilateral
�ltering. Our experienceindicatesthat an operatorwhich focuses
moreontheintermediateluminancevalues,likePTR,performsbet-
ter for our application.Furthermore,Ashikhmin's operatorexpects
real luminancevaluesfor processing,which cannotbe substituted
by the intensityvaluesof the voxels, asit canbe donewith PTR.
Finally, bothoperatorsaremorecostlyto compute.EspeciallyDu-
rand'sbilateral�ltering requiresmany costlyexp operations,which
considerablyslow thealgorithmdown.

4.4 Error Metrics

An importantquestionis how we canmeasureif our VHDR win-
dowing methodis actuallyimproving the imagequality compared
to the traditionallinearwindowing. Thequestionwhich metric to
useis quite complex. While most high dynamicrangemapping
methodscanbeevaluatedby esthetics(“Is themappedimagemore
pleasing?Doesit convey the information?”) or psycho-physical
metrics,this is notstraight-forwardfor volumetricmedicalimaging
datasets.Linear windowing translatesthe intensitiesof the origi-
nal datadirectly into thelower range.A simpleerrormetricbased
on the normalizedintensitieswould not detectcontrastimprove-
mentsachievedby ouralgorithms.Therefore,wedecidedto usean
entropy-basedmetric,assumingthatVHDR windowing will main-
tainmoreinformationof theoriginaldatathanlinearwindowing 3.

3Entropy or informationtheory-basedmethodshave alreadybeenused
beforein otherapplicationsof medicalimaging. A recentexampleis the
work of Barderaet al, in an applicationof similarity measuresfor image
registration[Barderaetal. 2004].



Theentropy itself is calculatedby H = � å
i
(pi � log2(pi)) , with pi

astheprobabilityof intensityi in avoxel.

(a) (b)

(c) (d)

(e) (f)

Figure 5: Other windowing operatorapplied to the MRI CISS
dataset. (a) Original image slice, (b) histogramequalizedim-
ageslice with increasedbackgroundnoise, (c) imageslice after
Ashikhmin's tonereproduction,and(d) afterDurand's bilateral�l-
tering. (e) and(f) show the absoluteintensitydifferencebetween
VHDR windowing (Fig. 6e)andafterAshikhmin's tonereproduc-
tion operator(e)andafterDurand'sbilateral�ltering (f).

Table3 showstheresultsof themeasuredentropy of � vedatasets
with our threedifferentwindowing methods,comparedto theorig-
inal volumedataset.For all threedatasets,theentropy is monotoni-
cally increasingwith the quality of the windowing method. Gen-
erally, the entropy of an imagewould be maximizedin a com-
pletely (histogram)equalizeddataset,but this would in particular
enhancethe low intensitybackgroundnoise,sincea largenumber
of backgroundvoxelsoccupiesonly a small numberof low inten-
sity histogrambuckets. Figure5aandb shows a histogramequal-
izedslicefrom theMRI CISSdatasetwith suchanincreasednoise
level, demonstratingwhy it is not suitablefor theenhancementof
scannedvolume data. This examplealso clearly shows that the
entropy-basedmetricis notaperfectlysuitablemetric.VHDR does
somekind of equalizationof thevoxel values,sinceit redistributes
theintensityvaluesto enhancetheintensityrangerepresentation.

As an alternative, we also adopteda contrastmeasuringmet-
ric that is usedin multimediatexture analysis[Steinmetz2000].
Thiscontrastmetric,describedin Equation10,representstheover-

all contrastin a datavolume. g[i; j ] representsthe gray-level co-
occurencematrix, which enumeratesthe voxels with value i that
have a neighborwith voxel value j, with H asthemaximumvoxel
valueof the respective histogram(eg., 255 for 8 bit datasets),and
N asthenumberof voxels. Note, thatg[i; j ] 6= g[ j; i], sincediffer-
entvoxelshave differentneighborhoods.Table3 providesalsothe
resultsof thecontrastmetricfor thedifferentdatasets.Thesigni�-
cantlyhighercontrastvaluesfor theoriginal datasetaredueto the
highervoxel depthof 12bits (10bits).

C = å
i= 0::H

å
j= 0::H

(i � j)2g[i; j ]
N

(10)

Similar to theentropy metric, thecalculatedcontrastC for theex-
amineddatasetsis alwayssigni�cantly higherfor theVHDR win-
dowing methods,indicatinganimprovedcontrast.

5 Conc lusion and Future Work

In thispaper, wepresentedanew windowing operatorthatis based
on a recentlyintroducedtonemappingmethod.This operatorcan
mapany dataitem size(eg., 12 bit integer values)into any other
data item size (eg., 8 bit integer values)and optimizesits range
representationto enhancecontrast.The operatorcanalsobe used
to map8 bit datainto an 8 bit datarange,in orderto enhancethe
intensitycontrast.

Table3: Computedentropy for all windowing methods.
Dataset Wind' Method EntropyH ContrastC
CT Head Original12bits 9.81 30331.20
512x 512x 324 Linear 5.97 117.58

ZoneIntensity 6.33 148.94
VHDR Wind' 6.52 266.77

CT Thorax Original12bits 9.76 2772.43
512x 512x 168 Linear 5.76 10.92

ZoneIntensity 6.33 21.28
VHDR Wind' 6.35 25.34

CT Angiography Original12bits 9.42 5126.89
512x 512x 194 Linear 5.41 20.01

ZoneIntensity 6.29 30.98
VHDR Wind' 6.35 43.69

MRI CISS Original10bits 8.01 921.27
512x 512x 54 Linear 5.02 14.50

ZoneIntensity 6.92 123.91
VHDR Wind' 7.00 208.55

CT Backpack Original12bits 4.55 8637.52
512x 512x 373 Linear 2.43 33.44

ZoneIntensity 4.15 584.02
VHDR Wind' 4.31 881.05

We evaluatedthe performanceof our operatorwith an entropy
metricandwith acontrast-basedmetricfrom video-encoding.Both
metricsclearly showed a signi�cant improvementwith our opera-
tor. Furthermore,we employed a perception-driven visual differ-
encepredictorto exposeareasof perceptuallylargestdifferences
betweendifferentHDR operators.

Still, moreresearchneedstobedonetoconsiderpsycho-physical
aspectsof thehumanvisualsystemsinto anerrormetric. Another
aspectof futurework will look into theapplicationof VHDR win-
dowing for otherdatadomainsin medicine(eg., DTI datasets)or
scienti�c visualization(eg.,CFD).Webelievethatthemethodology
canalsohelphereto maphigh dynamicrangedatafrom computa-
tional sciencesinto a rangethat is morefeasiblefor many volume
renderingsystemswith lowerper-voxel accuracy.
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Figure6: Datasetoverview: The left columnshows the result from the linear windowing (a,d,g,j),the middle columnsshows the results
from the volumetrichigh dynamicrange(VHDR) windowing (b,e,h,k),andthe right columnshows the relative voxel intensitydifference
betweenlinearandVHDR windowing (c,f,i,l), wheretheoccurringdifferenceis mappedto thefull huerange(bluenodifference,redlargest
difference).Thetop row shows theCT thorax,thesecondrow shows theMRI CISSdataset,thethird row showsadatasetfrom anMRI �ash
dataset,andthe bottomrow shows resultsfor the CT backpackdataset.The actualslice sizeof the �ash MRI datasetis smaller, thanthe
imagesizein Fig. 6g-i. Thiscanbeseenon theleft andright sideof theimages.


