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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
sourcegypically generatel 2 bit integeror oating pointrepresen-
tations,commonlyuseddisplaysareonly capableof handling8 bit
grayor colorlevels. In atypicalmedicalscenarioa 3D scannewill
generatea 12 bit datasetfrom which a subrangeof the active full
accuray datarangeof 0 upto 4096voxel valueswill bedowvnsam-
pledto an 8 bit pervoxel accurag. This dovnsamplingis usually
achieved by a linear mappingoperationand by clipping of value
rangedeft andright of thechosersubrange.

In this paper we proposea novel windowing operationthat is
basedon methodsrom high dynamicrangeimagemapping. With
this method the contrasiof mapped bit volumedatasetss signif-
icantly enhancedin particularif the imaging modality allows for
a high tissuedifferentiation(eg., MRI). Thus, it also allows bet-
ter andeasiersggmentatiorandclassi cation. We demonstrat¢he
improved contrastwith different error metricsand a perception-
driven imagedifferenceto indicatedifferencesbetweenthreedif-
ferenthigh dynamicrangeoperators.

CR Categories:  1.4.3 [Enhancement]: Filtering, Gray-scale
manipulation,Sharpeningand deblurringl.4.7 [FeatureMeasure-
ment]: Featureaepresentatioh4.8[SceneAnalysis]: Intensity

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

1 Introduction

Therearenumeroussourcedor volumetricdata. Amongthe most
frequentonesare measuringdevices— suchasCT scannersMRI

scannersetc. —, simulationsof naturalphenomenagr voxelization
andimplicit functionschemesAlmost all volumetricdatasources
havein commonthatthey generate/oxel datawith a oat or integer
datatype. Very rarely, the original datais only an one-byteinte-

ger, the commondataformat of mary volume renderingsystems.
Furthermoremostdisplays(gray-level or color), asthey areused
with virtually every computer provide only an 8 bit data delity

per color channel. Therefore the oat andinteger datatypesneed
to be mappednto the smallerdatarange,if only onecolor chan-
nel(eg., for gray-level representations$ used.Thisis in particular
truein mostmedicalapplicationswherea high dynamicrangedis-

play is oftenprohibitively expensve to be usedat every workplace.

Up to now, the commonremedyis a linear windowing operation,
which mapsa usuallyinteractvely selecteddatarangeinto 8 bits.
This, however, meansthat the datahasbeendownsampledif the
selecteddatarangeis larger than 256 voxel values)and clamped
(if only an (organ-) speci ¢ window is de ned) to t into 8 bits,
or lower and higherdatavaluesare clamped. Usually, the datais
windowed by a combinationof dowvnsamplingandclamped pased
on standardizedettingsfor speci c imagingprotocols.

In this paperwe presentanew approachor avolumedatawin-
dowing operatotthatemplagys techniquedrom high dynamicrange
imagingto mapvolume datafrom the original voxel size,usually
12 bits?, into atargetvoxel size,usually8 bit. 12 bit voxels cannot
really beconsidereaepresenting truly highdynamicrange.Nev-
erthelesswe exploit thealgorithmsto enhancehe contrastn the8
bit representatiorhut we do notrequiretechniqueshatspeci cally
addressrery high intensities. Note that this approachcanalsobe
usedto increasecontrastin native 8 bit datasetgmappingan 8 bit
datarangeinto a different8 bit datarange),or in representations
wherethefull datarangeis lostor not availablefor otherreasons.

In contrasto theoriginalimagetonemappingoperatorspur op-
eratorexamineghewholevolumedataseandis thereforevolumet-
ric in nature.Althoughwe have only exploreddataset®btainedoy
medical3D scannerswe believe thatthis methodis equallyappli-
cableto otherscalardatatypes,suchassingleanddoubleprecision

oats (of possiblytruly high dynamicrange) sincethealgorithmis
alreadybasedn oat numbers.

The operatoris basedon the PhotographicTone Reproduction
operatol(PTR)introducedy Reinharcetal. [Reinhardetal. 2002],
but requiredsereral signi cant functionalmodi cations for medi-
cal imaging. Furthermore the volumetric natureof medicaldata
requireddifferent processingstratgiesin orderto copewith the
increasedpaceandtime compleity.

In the remainderof the paper we will discussrelatedwork and
introduceReinhards PTR operator(Section2). In Section3, we
describeour approachandits contributionsto extendthe PTR op-
eratorfor volumetric data. Afterwards,we demonstratéhe new
windowing operatoiin Sectiord. Finally, we drav conclusionsand
provide perspectiesfor futurework.

2 Related Work

Manualor automaticselectiorof anintensitywindow is acommon
stepin the processingpipeline of medicalvisualizationsystems.
Windowing is describedn [Bartz2002]and,in moredetail,in [Pet-
tersonaccesse@005]. Classicalintensity windowing consistsof
selectingmaximumand minimum intensitiesof interest. The val-
uesin this intensityrange,which is usually de ned within the 10
or 12 bit pixel depth provided by typical medical scannersare

13D medicalimage scannersisually generatedatathat requiresup to
12 bits pervoxel. While the resultingdatarangeof 0 to 4095 (translating
CT Houns eld unitsinto the positive range)is almostfully exploitedby CT
data,MRI datarequireonly 9-10bits pervoxel.



thenmappedinearly to the gray-scaleesolutionof thedisplayde-
vice. Thustheacquirednedicalimagesarenormallycorvertedto 8
bit gray-scalémages.Only expensve specializedisplaysystems
are capableof displayingimageswith higher pixel depths[Barco
2003]. Consequentlyintensitywindowing is describedasaninte-
gral partof a medicalvisualizationsystemKugleretal. 1998].

The linear mappingof pixel or voxel intensitiesfrom medical
scannemeasurement® 8 bit gray valuesoften doesnot produce
satishctory contrast. The intensitiesof certaintypesof tissuecan
be clusteredwithin a very narrov rangeof values,making them
dif cult to distinguishonthedisplay Thestandardapproactto im-
prove contrastin imagesis histogramequalization/Gonzalezand
Woods 1992], wherethe intensitiesof an imageare transformed
suchthat their distancein the intensity rangedependson the re-
spectve weightin the imagehistogram. Although this non-linear
mappingis basedon the imagedata, it is a global operationand
doesnottake local featuresnto account.Otherapproachemclude
adaptve logarithmic mappingby Dragoet al. [Dragoetal. 2003],
which hasrecentlybeenusedfor the mappingof high delity vol-
umerenderedmagegYuanetal. 2005].

More generamappingstratgiesandfurtherimprovementshave
beenproposedn recentyears,in orderto maximizethe quality ob-
tainedwhendisplayinghigh dynamicrangeimages. In computer
graphicsthis windowing processs usuallyknown astonerepro-
duction tonemapping or high dynamicrange image mapping

Next to the globaltone mappingoperatorgalsoknown asspa-
tially uniform or single-scalg like the previously referencechis-
togramequalizationpnecanalso nd local operatorgalsoknown
asspatiallyvaryingor multi-scalg. While globaloperatorgperform
the samemappingoperationover thewholeimage,local operators
canactdistinctly over differentregionsin theimageproviding fur-
ther control over the nal result. Sincethe algorithmthatwe pro-
poseworkson a multi-scalebasiswe concentratdiereon themost
recentand relevant methodspresentedn local tone reproduction
operators.A generalsuney of tone mappingtechniqueds given
in [Devlin 2002].

Sincethe early work of Chiu et al. [Chiu et al. 1993], the ad-
vantageof analyzingdifferentpartsof a high dynamicrangeimage
hasbeenprovento establisha visually satishictorytone mapping.
Mary differentlocal operatordor this purposehave beenderived
afterwards. They exploit the characteristicof the humanvisual
systemsothatthe necessaryeductionof thedynamicrangeandits
inherentossof accurag leadto a minimumlossof visible quality.
In [Fattaletal. 2002]for instanceanattenuatiorof largeluminance
gradientds performedo compresshesdargegradientsyhile pre-
serving ne details.

A differentapproachs presentedn [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-
preservinglter (bilateral Iter) is employedto decompos¢heim-
agesinto two layers,a basdayeranda detaillayer Thecontrastis
reducedn thebasdayer, which containghelarge-scalevariations,
while visibility is preseredin thedetaillayer.

Ashikhmin presenteda multi-passstratey for tone reproduc-
tion [Ashikhmin 2002]. In a rst stage,an estimationof the local
adaptatioluminancds performedateachpointin theimage.Then
acompressiofiunctionis appliedto the valuesobtainedduringthe
rst stepin orderto adaptto therequireddynamicrangeof thedis-
play. In thethird and nal stagerelevantdetailsarerestoredby a
post-processingassover the image. Eachof thesestagescanbe
performedfor a voxel at a time, thusthe whole algorithm canbe
computationallycombinednto onepass.

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

System[Adams1980]. In this techniquethe scenes dividedinto
print zonesmappingthe valuesfrom pureblack to white. A sub-
jective middle brightnesgegion of the sceneis takenandassigned
to themiddle gray print zone. Next, luminancereadingsaretaken
for light anddark regionsto determinethe dynamicrangeof the
scene. It mustbe notedthat the term dynamicrangeis usedhere
in the photographicsensethatis, the ratio of the highestto the
lowestluminanceregionswith visible details. This is not the typi-
cal computemgraphicsmeaningasratio of the highestto the lowest
sceneluminance. Using this method,it is assuredhat the max-
imum possibledetail is retained,whene&er an appropriatemiddle
grayis found. Reinhardet al. proposea doublepassstrateyy com-
posedof an initial luminancemappingand a posteriorautomatic
dodging-and-brning process. The initial mappingis a spatially
uniformtransformatiorwherethetonalrangeof theoutputimageis
setin relationto thelog-averagduminanceof thesceneanda user
speci ed valuefor middle gray. During this mapping,high lumi-
nancesarecompressedThen,in a secondstagea local tonerepro-
duction algorithmthat appliesdodging-and-brning is employed.
Thistechniquemimicsthephotographiaodging-and-brning pro-
cess,wherethe portionsof the print might receve a differentex-
posuretime from the negative, controlling the contraston every
region. In a similar way, contrastcan be controlledlocally over
anentireregion boundedby large contrastchangesTheseregions
are determinedusing a centersurroundfunction derived from the
brightnesperceptiormodelby Blommaertet al. [Blommaertand
Martens1990].

3 Volumetric High Dynamic
Range Windo wing

Until now, tonemappinghasonly beenusedfor two-dimensional
images. We presenta straightforvard, but novel variation of this
methodsuitableto enhance full volumetricdataset.Sincewe fo-
cushereon gray-level medicalimageswe will usethetermslumi-
nanceand intensity (describingthe modality unspeci c voxel val-
ues)interchangeably

We modi ed thetonemappingmethodpresentedby Reinhardet
al. [Reinhardetal. 2002]suchthatit providesamorecomprehensi-
ble representationf radiological2D images.For this purposewe
haveimplementedwo variationsof theoriginalalgorithm.The rst
methodperformshigh dynamicrangewindowing on theindividual
slice imagesof the datavolume. The secondmethodis a signif-
icantly differentapproachcomparedto Reinhards original paper
andconsiderghe entirevolumedatasetSpeci cally, the Gaussian
reconstructiordescribedn Section3.2, Equation5 is evaluatedin
a 3D voxel neighborhoodjn contrastto the 2D voxel neighbor
hoodwithin the individual slices. Sincethe volumetric variation
performscomputationallyonly somavhatmoreexpensve thanthe
slice-basedrersion,we will only discussthe volumetricvariation.
The slice-basedariation canalso be seenasthe volumetric vari-
ation with a constantz parameter The visual differencesof the
volumetricandslice-basedpproactareshavn in Figure4eandf.

In Sections3.1and3.2,wewill giveasummaryofthemodi ed
(but largely similar) intensity mapping(which we call zoneinten-
sity mapping)andof theextendedvolumetricdodging-and-brning
approachbasedntheformulaspresentedby Reinhardetal. [Rein-
hardetal. 2002]. Note thatwhile the theoreticalbasisof the algo-
rithm largely follow Reinhards approach- we useaslightly differ-
ent and easiermnotation—, our implementationvariessigni cantly
to achieve the necessargomputationaperformancelnlessnoted
otherwisemostof the parametesettingsaretunedthesameway as
suggestedy Reinhardetal. in [Reinhardetal. 2002]. In particular
a, s, a, ande arespeci edidentically sincethesevaluesproduced
goodresultsfor medicalimagedataaswell. Thereforewe will not



speci cally mentionthis factin thefollowing sections.

3.1 Zone Intensity Mapping

In a rst steptheintensityof aninputvoxel is scaled sothatacer
tain meanintensityis achievzed. This scaledntensityis obtainedby
the computationof the log-averageintensityl,, asshovn in Equa-
tion 1. Pleasenotethatnotall volumetricdatasetsisethefull 12 bit
datarange([0;4099). In thosecasesthe mappingtakesonly the
actively usedbit range(eg., 11 bits for [0;2047).

= ep(= & log(d+ lu(x%2) &)
N XY, Z

In Equationl, | denotesthe intensity of the original voxel
(world intensity). N is the total numberof voxels,andd is asmall
numberusedfor ensuringhatthelogarithmin thesumcanbecom-
putedfor possiblevoxelswith intensity0. Thelog-averagentensity
lw is computedbver all three-dimensionef the volumeandrepre-
sentsthe geometriomeanof d + ly(X;y;2). In contrasto Reinhard
[Reinhardet al. 2002], who focuseson imagesfrom photography,
we focus on medicalscanneddatawhich consistsof signi cantly
larger numbersof black (zero)voxels thatcontainno or only little
information. Usinga d closeto zerolike Reinhardwould overem-
phasizetheseblack voxels, hencewe used = 1:0 andcompensate
by subtractingd = 1:0 from |y, resultingin Equation2:

= ep(s & log(l+ h(xyd) 1 @
XY,z
The voxel intensities are adaptedusing the calculatedlog-
averageintensityandatargetkey valuea. Thekey valuea deter
minesthe overall brightnessof the resultingimage. As suggested
in theoriginal article,we have foundakey valueof 0.18to produce
goodresultsin mostcasegReinhardetal. 2002]. This key valueis
essentiallymotivatedby the humanvisual systemwhich perceves
18% re ectanceasmiddlegray. This conceptof a “normal key”
worksalsofor medicaldata,sinceit doesnot usuallyexceed12 bit
datavalues(andhencecanbeconsideredeitherhigh norlow key).
Eachof thevoxelsis scaledaccordingto Equation3.

I(xy.2) = % w(Xy;2) )

Using this adaptationa comparableneanintensityis achieed
for ary givenvolumedatasetThescaledvoxel intensityl (x;y; 2) is
usedasinputfor thefollowing stepsof thealgorithm.

If we useonly zone-intensitynapping(without the subsequent
dodging-and-brning), we useEquation4 with Iyax asthe max-
imum intensity found in the original input volume. This operator
providesa generalncreasedntensityanda slightly improvedcon-
trast.

I(xy,2) 1+ G2
lMAX

%2 = — ey 4)

In termsof computationatoststhe computatiorof the log val-
uesfor the individual voxels is the single most expensve opera-
tion. Fortunately Equation2 can be reformulatedas logarithm
of the productof the agumentof the logarithms: log(a b ¢) =
log(a) + log(b) + log(c). Albeit, the productover all voxelswould
quickly passheaccurag andrangeboundsof 64 bit oats, we can
still combinea signi cant numberof products,beforewe areget-
ting closeto this bound. We use 1019 asbound— which is still
signi cantly below the upperboundof 64 bit oats — andgain a
speedupf four to ve timescomparedo the directimplementa-
tion of Equation2, asit canbeseerin Tablel. It alsoshavsthatan
increaseto 10%%° asupperbounddoesnot signi cantly reducethe
computingtime.

Table 1: Computationtime (s) of logarithmsin Equation2. An
upperboundof 0 representshelog-computatiorfor every voxel.

Dataset,Resolution Time (s) for UpperBound

0 1000 1030
CTHead,512x 512x 324 18.15 4.38 4.12
CT Thorax,512x 512x 168 9.49 2.28 2.14
CT Angiograply, 512x 512x 194 | 10.81 2.61 2.44
MRI CISS,512x 512x 54 3.01 0.72 0.69

CT Backpackb12x 512x 373 18.93 4.84 431

3.2 Volumetric Dodging-and-Burning

Thetermdodging-and-brning wasoriginally coinedin photogra-
phy andrelatesto a speci ¢ exposuretechniquethat lightens or
darkensregionsin the nal print [Adams1983]. While dodging-
and-hurning in photograpl is largely dependingon the individ-
ual choice of the photographerReinhards dodging-and-brning
is an automaticprocess.lts purposeis essentiallyto treatregions
with similar contrast(almosthomogeneousegions)identically In
this processtheoriginal algorithmtriesto identify theseregionsby
computingthe corvolution of theintensitywith a Gaussianlter of
aspeci c size,whichis calledthescaleof the Iter. Thelargest |-
terthatstill coversaregion,whichhasasimilar contrastjs selected
for furtherprocessing.

We have devised a volumetric extensionof this dodging-and-
burning operatoffor thedirectapplicationin three-dimensiondJn-
like the original algorithm, it doesnot work on a perslice basis.
Rather boththe Iter kernelsandthe convolutionsusedfor deter
mining the correctscalearede nedin 3D.

In contrastto globaltonemapping,dodging-and-brning works
onlocalregions.As mentionedabore,in a rst step thesizeof this
localregionis determinedor eachvoxel. This sizedepend®nthe
areaaroundthevoxel in which no large contrastchange®ccut

In orderto measurehe contrastarounda given voxel, we fol-
low Reinhardet al., who useda centersurroundfunction based
on Blommaerts modelfor brightnesgperception[Blommaertand
Martens1990], which is basedon sphericalsymmetricGaussian
Iter kernels:

X2+ y2+ 72

Ri(X Y,z = exp (@s)?

®)

Note that R (x;y; z 9) is not yet normalized,which is doneim-
plicitly during processindater on. Also, we are usinga slightly
differentnotationthanReinhardetal. usesn Equationss-8, which
are,however, equivalent,sincewe iterates insteadof a.

For eachof thesekernels,the scaleat which it is supposedo
operatds givenass. Heresis the so-calledcentefrsurroundratio,
whichis thefactorbetweertwo consecutie scalegNotethats® =
1, st = 1:6, > = 1:6 1:6, etc.). The currently relevant scaleis
determineﬂay theindex i. We have chosera x edparametevalue
ofa=1=2" 2 0:35in ourexperimentgo ensurehatthesmallest
scaleessentiallycovers only the voxel itself. Although this value
canbechangedy theuser this x eda generatedatisfyingresults
for medicaldatasets.

We cannow obtainthethree-dimensionatorvolution of thein-
tensitiesof the volume datawith theseGaussiansas shovn in
Equation6, whereaswe usean n n lter kernel,wheren is
by default5.

Vixyz9) = 1(xY,2 R(XY.Z9) (6)

SinceGaussiarkernelsare separableywe cancomputethe con-
volution in three 1D passesin contrastto one 3D pass[Reinhard



etal. 2002;Mitchell accesse@004]. Thus,thecomputationatom-
plexity pervoxel is O(n+ n+ n), in contrasto O(n  n n). This
resultsin only a 50% increaseof the computationatosts— going
from theslice-basedlodgingandburningto thevolumetricversion
—, insteadof n-timeshigher

The computationof the 3D corvolutions requires accessing
voxel datafrom differentslices. This signi cantly degradesmem-
ory accessfciency, resultingin considerablylonger processing
times. Unfortunately not all participatingslices t into the L1-
cachefor fast processing. However, the separatecconvolution
schemeasdescribedabove allows a muchmorecompactmemory
representationThis way, the actualconvolution ts easilyinto the
L1-cache.

Pleasenotethatthefrequeng-basedconvolution— suggestethy
Reinhardet al. ascorvolution approach- hasvariousotherdraw-
backscomparedo ourtruncatedsaussianltering, sinceit requires
thefull (Fast)FourierTransformatio{FFT) of thedatavolumeinto
frequeny space. Furthermorejt would requirethis transformed
datavolumeat several scales, which would be prohibitive expen-
sive for volumetricdata,not only in computationakosts,but also
in memoryrequirements.Neverthelesswe testedthis frequeng
space-basecbrvolutionandcomparedhevoxel differencedo our
n n nGaussianlter convolution, with n= 5;11;21. Thedif-
ferencedor n = 5 werelargely negligible andfor n= 21 not de-
tectable A similarresultcanbe expectedjf we comparehe Gaus-
sian Iter matrix with a full-volume(full-imagein 2D) sized lter .
Therefore we considerthis matrix basedconvolution asanaccept-
ableandsigni cantly cheapesolution.

Now the centersurroundfunctioncanbe evaluatedwhich gives
a measurdor the actiity (dynamics)at a given scalearoundthe
voxel (seeEquation?). Notethatthe centersurroundratio sis con-
siderechereto bea (userspeci able)constarf.

Vi 1(%¥:29) Vi(xy.Z9)
2fa=(s 12+ Vi 1(xy,Z9)

adi(xy,2) = (7)

The algorithm stops at the rst scale index i for which
jadi(x;y;2)j is larger than e = 0:05, and picks the previous scale
indexi 1. Choosingtherespectie corvolutionresultV; 1, anew
intensityfor the given voxel canbe computedaccordingto Equa-
tion 8. The operatorspeci ed in this equationoverall providesa
compressiorof high intensities. While this is not necessaryor
mostmedicalimagedata,it canbe usedto compensateery high
intensitiescausedy metalartifactsin CT data(eg., by metaltooth

llings in Fig. 1).

1(X;Y;2)

1+V, 1(Xy.29 ®

le(Xy,2) =

A furtherimprovementof the intensity mappingin Equation8
is achieved by adaptingthe computedoutput | to the maximum
intensity (Imax) thatis presenin the volume (Equation9), similar
to Equationd of thezoneintensitymapping.

I(xy2) 1+ 0¥
lMAX

le(Xy;2) = 9)

1+Vi 1(Xy,29)
Sincel¢(x;y; 2) generateintensitiesin the [0;1] interval, it must
be scaledinto the target 8 bit rangeby scaling(andtruncating)it
with (22 1) withb= 8.
Thedescribednethodis a localtonemappingoperatorbecause
the scaleindex i thatis usedfor the actualmappingcomputation

2f isanadditionalparametethatmodi es the“sharpnessbf theimage.
Thedefaultvalueof f is 8.

(b)

Figurel: Metal artifactsin CT Headdataset(a) Linearly mapped
slice, (b) y-log-scalegradientmagnitudgtop) andvoxel valuehis-

togram(bottom)of slice. The highintensitiesof the metalartifacts
canbeseeronthefarright endof the histogram.

in Equation9 is computedseparatelyfor every voxelandthe re-
spectve Iter hasalimited local support.This hasof courseconse-
quencedor thedataanalysisclassi cation,andrenderingthatwe
aregoingto discussn Sectior4.3.

4 Results

Themajorachiezementof volumetrichigh dynamicrange(VHDR)
windowing is a contrastenhancemerih comparisorto a standard
linearwindowing operation.In this sectionwe will discusgheuse
of the new windowing operators.Although we alsoimplemented
a slice-basedsariation of this operator we will focusonly on the
volumetricversion.While the computationatostspervoxel of the
slice-basedersionareabout30%lowerthanof thevolumetricvari-
ation (O(n+ n+ n) vs. O(n+ n)), the latter takesinto accountthe
full spatialinformationof thevoxelscoveredby thecorvolution |-
terin thesameslice,andin theneighboringln  1)=2 slicesin both
slicedirections.

In thecourseof thissectionwewill discussComputedlomogra-
phy (CT) andMagneticResonancémaging(MRI) astwo different
imagingmodalities. Unfortunately no ultrasoundor PET datasets
were available at the time of the experiments. Hence,we cannot
provide informationon thesemodalities.

4.1 Computed Tomograph y

Figure6a-cshavsthesameslicefrom a CT scanof athorax,shawv-
ing thelungs,the heart thetracheapartsof thebackbonetheribs,
andthe sternum.In Figure6a,thefull active bit rangeof 12 bitsis
mappedinearly to 8 bits. However, thefull datarangeis notused
by the CT datasetall voxelsarelocatedin the datavaluerangeof
[0;2704 (or [ 10231677 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 shav a signi cant increasen the histogram sug-
gestingthatthereis a materialinterfaceor anotheffeature.

In contrast,VHDR windowing provides an adaptve correction
of the voxel values(seeFig. 6b), dependingon the overall inten-
sity of the imageand a correctionthat takesinto accountthe lo-
cal neighborhoodqdodging-and-brning, seeSection3.2). At rst
glance,we canseethatthe overall imageis brighterthanthe one
with linear mapping. Pixel by pixel comparisoractuallyrevealed
thatthe contrastbetweendarler tissueareasandbrighterbonear
easincreasedFigure6c exposeghis differencebetweerlinearand
the VHDR windowing operator While thereis a generalshift of
intensity higherdifferencesarein areaswith a high contrast(eg.,



betweerboneanddarktissue).This is of coursewhatcouldbe ex-
pectedsincetheseareasareexactly thosewhicharesupposedo be
enhancedy the method.

The secondexaminedCT dataseis a scanof a backpacklled
with avariety of objects.Thedatasebccupieghefull 12 bit range
of [0;4095 (or[ 1023;3077 Houns eld units (HU)), whereaghe
metalartifactscausedoy 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 shavs the voxels of oneslice
wherethe intensity changedmost by our operator Note that for
this VHDR windowing, the key valuea hasbeenchangedo 0.05
(defaultisa= 0:18).

4.2 Magnetic Resonance Imaging

*
(a) (b)

Figure 2: Histogramsof 3D CISSMRI scanof a head. (a) shavs
the standardhistogramof the (stretched)inear (top) and VHDR
windowing (bottom) resultand (b) shavs the respectie gradient
magnitudehistograms. The windowing resultsare shavn in Fig-
ure6d-e.

Our secondexaminedmodality is MRI. In contrastto CT, MRI
providesa whole zoo of differentimageacquisitionprotocolsthat
generatemagedatafocusingon differentorgansandtissuetypes.
FurthermoreMRI generallyprovidesmorematerial(or tissue)dif-
ferentiationthan CT, thus makingit an imaging modality with a
good potentialfor contrastimprovements. However, the different
MRI imageacquisitionprotocolsgeneratedatawith limited 9-10
bits pervoxel accurag. Thereforethe datahasa smallerdynamic
rangethandatasetérom CT.

In our rst example,we examinea 3D CISSMRI imagingse-
guencewhich is a T2-weightedprotocol that emphasize®n the
cerebrospinal uid (CSF) lled cavities of thehead.In contrasto
our previous CT datasetthis MRI datasehasonly 10 active bits
andonly the active valueinterval of [0;85(. Hence,we only map
10 bits to 8 bits for all windowing methodgFig. 6d-€).

Figure 2 shaws the standardvoxel value) and gradientmagni-
tudehistogramsWe stretchedhehistogram®f thelinearwindow-
ing (top histograms}o thefull range thusallowing aneasiercom-
parison.Overall, we canobsere thatthe histogramf the VHDR
windowing (bottom) are lessaffectedby a small numberof high
intensity noisevalues(upper/rightendsof linear histograms)nd
relevantregionshave a smoothedevelopmenif histogramvalues.
In particularpeaksaremorespreadut, thusenablinga betterdata
analysis seggmentationpr classi cationof thedata.

Also with the 3D CISSMRI sequencethe contrastdifferences
are quite obvious betweenVHDR windowing andthe linear win-
dowing (Fig. 6f). Besidethe generalbrightnessshift betweenthe
dark backgroundandthe head,edgesare again emphasizedsince
they representigh contrastdifferences.We canalsoobsene the

Table2: Timingsfor thevariouswindowving methodon ve differ-
entvolumedatasets.

Dataset WindowingMethod | Time(s)
CT Head Linear 2.94
512x 512x 324 Zonelntensity 4.27
VHDR Windowing 30.49
CT Thorax Linear 0.17
512x 512x 168 Zonelntensity 0.21
VHDR Windowing 16.31
CT Angiograply Linear 0.57
512x 512x 194 Zonelntensity 0.98
VHDR Windowing 12.49
MRI CISS Linear 0.06
512x 512x 54 Zonelntensity 0.09
VHDR Windowing 7.09
CT Backpack Linear 1.06
512x 512x 373 Zonelntensity 2.07
VHDR Windowing 31.95

enhancedntensity of the soft braintissue(gray andwhite matter)
afterVHDR windowing.

In our last example, we examine anotherMRI dataset. This
datasetwasacquiredby T1-weighted ash sequencehat mapped
CSF- lled cavitiesto black (Fig. 6g-i). Similar to the previous 3D
CISSMRI datasetonly 9 bits areactive in avoxel valueinterval of
[0;350Q, henceonly 9 bits aremappednto 8 bits by all windowing
operatorgFig. 6g-i).

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

@ (b)

Figure 3: Imageslice from MRI CISS dataset.(a) Original 8 bit
imageslice, (b) VHDR enhance® bit imageslice.

An interestingapplicationof VHDR is contrastenhancemerin
low- delity datasetsFigure3 demonstrateanexample,wherean-
other3D CISSMRI sequencelataseis only availablein 8 bit -
delity. Dueto the low voxel delity, the appearancef the MRI
imagesliceis very dark(Fig. 3a). After VHDR windowing (from 8
bit to 8 bit), the contrastis signi cantly enhancedFig. 3b), while
the noiselevel is kept at a muchlower level thanwith histogram
equalization(seeFig. 5 for the MRI CISSexample).

4.3 Discussion

In the pasttwo sectionswe presentedheapplicationof volumetric
high dynamicrange(VHDR) windowing to three differentvolu-

metricdataset®f differentmodalities.We couldobsere ageneral
contrastenhancemenwith VHDR windowing methodscompared
tolinearwindowing. At thesametime however, VHDR windowing

canalsoincreasehe noiselevel, if high-intensitynoiseis present,
eg., with metal artifactsin CT data. For most practical aspects



though, this increasedartifact noiseis negligible. The increased
contrastquality doesnot comefor free; the full accurag datasets
needto be mappedusingthe linear or VHDR windowing opera-
tionsin a pre-processNot surprisingly the requiredtime depends
onthesizeof thedataseaindonthechoserwindowing methodsin
our experiments(seeTable 2) with the variousdatasetsliscussed
above, we measuredimings betweenessthana secondor linear
windowing of the smallestdatasetsand up to 32 seconddor the
full volumetricHDR windowing of the largestdataset. All mea-
surementavere performedon a PC, equippedwith 2GB of main
memoryandanintel P4CPUrunningat 3GHz. We considetthein-
creaseccomputationatostsfor VHDR windowing asmodestand
easilyaffordablefor theincreasedjuality.

(@) (b)

© (d)

(e) ®

)

Figure4: Visualdifferencedbetweerdifferentwindowing operators
for CT Thorax(a,c,e)and3D CISSMRI (b,d,f) datasetsThe rst
row shaws the relative intensity betweenzoneintensity mapping
andVHDR windowing (imagesaredarkenedfor printing contrast).
Theotherrows shav apercevedintensitydifferencebetweerzone
intensitymappingand VHDR windowing (2ndrow), andbetween
slice-basedHDR andVHDR windowing (3rd row) basedon a Vi-
sual DifferencePredictor (g) shaws its color-codedscaleof the
detectionprobability.

TheVHDR windowing operatordogically performtwo process-

ing passeso enhancehe contrastin the datasetgin the actualim-
plementationboth passesreintegratedinto oneprocessingass).
While the rst passusesaglobal,logarithmicscalingof thedatasets
—thustransformingthe histogranof the data—, the seconchbassap-
pliesa lter of thelocalvoxel regionaroundeveryvoxel. Thishow-
ever, takesinto accounthelocal spatialneighborhooaf thedataset
andnot only their voxel values,resultingin a spatiallyvarying op-
eration. As a consequencegreviously available mappingmethods
basednthevoxel value(eg., transferfunctions)will affectadiffer-
entsetof voxels. Fortunately the numberof thesevoxelsis small
andthey almostalwaysbelongto anedgeareawith anow increased
contrast.

Most changedave beenintroducedby the globalzoneintensity
mapping,thus the transferfunctions— basedon the original his-
togram— canbe adaptedo the new voxel values,accordingto the
transformationof the histogram. The changesntroducedby the
local dodging-and-brrning are limited to areaswith high contrast
(edges)yndonly emphasizéhe materialinterfaces(seeFig. 4a-d).
Therefore the consequence®r a previously known classi cation
aremanageable.

Figure 4c-f shaws the visual differencesbasedon a visual dif-
ferencepredictor(VDP) [R. Mantiuk andK. Myszkowski andH.
Seidel2004]. Figure4e-falsoindicateghedifferencedetweerthe
slice-base@ndthevolumetricHDR windowing operator

We alsocomparedhe performanceof VHDR windowing with
other high dynamicrangeoperators.In particular we alsotested
Ashikhmin'stonereproductioroperatofAshikhmin2002]andDu-
randetal’s operatoithatis basecdn bilateral ltering [Durandand
Dorsey 2002]. As it turnsout, both operatorsare less suitedfor
windowing than Reinhardet al's PTR operator[Reinhardet al.
2002]. Both operatordn particularfocuson high dynamicrange
imageswith highimageluminanceswhicharenotreally presentn
medicalimagedata. Figure 5¢c andd shavs absoluteintensitydif-
ferencesmappedo a hue colormap(blue no difference redlarge
differences) Most differencesarelocatedon the contrastedgesof
thedatasetwith somedifferencesalsoin the higherintensityareas
of the CSF- lled ventricularsystem.Thisis notvery surprisingfor
Durands approachsinceit is basedon edge-preservingilateral

Itering. Our experienceindicatesthat an operatorwhich focuses
moreontheintermediatduminancevalueslike PTR,performsbet-
terfor our application.FurthermoreAshikhmin's operatorexpects
realluminancevaluesfor processingwhich cannotbe substituted
by the intensity valuesof the voxels, asit canbe donewith PTR.
Finally, bothoperatorsaaremorecostlyto compute. EspeciallyDu-
randsbilateral Itering requiresmary costlyexp operationswhich
considerablyslow the algorithmdown.

4.4 Error Metrics

An importantquestionis how we canmeasuréaf our VHDR win-
dowing methodis actuallyimproving theimagequality compared
to the traditionallinear windowing. The questionwhich metricto
useis quite complex. While most high dynamicrangemapping
methodsanbe evaluatedby estheticg“ls themappedmagemore
pleasing? Doesit corvey the information?”) or psycho-plsical
metrics thisis notstraight-forvardfor volumetricmedicalimaging
datasets.Linear windowing translateghe intensitiesof the origi-
nal datadirectly into thelower range.A simpleerrormetricbased
on the normalizedintensitieswould not detectcontrastimprove-
mentsachieved by our algorithms.Thereforewe decidedo usean
entrofy-basednetric,assuminghatVHDR windowing will main-
tain moreinformationof the original datathanlinearwindowing 3.

SEntropy or informationtheory-basednethodshave alreadybeenused
beforein otherapplicationsof medicalimaging. A recentexampleis the
work of Barderaet al, in an applicationof similarity measuregor image
registration[Barderaet al. 2004].



Theentroyy itself is calculatedoy H = &(p;i logy(pi)), with pj
1

astheprobability of intensityi in avoxel.

(@) (b)
© (d)
(e) ®

Figure 5: Other windowing operatorappliedto the MRI CISS
dataset. (a) Original image slice, (b) histogramequalizedim-
age slice with increasedbackgroundnoise, (c) imageslice after
Ashikhmin's tonereproductionand(d) after Durands bilateral |-
tering. (e) and (f) shav the absoluteintensity differencebetween
VHDR windowing (Fig. 6e) andafter Ashikhmin's tonereproduc-
tion operator(e) andafter Durands bilateral Itering (f).

Table3 shavstheresultsof themeasure@ntrogy of vedatasets
with our threedifferentwindowing methodscomparedo the orig-
inal volumedatasetFor all threedatasetsthe entrofy is monotoni-
cally increasingwith the quality of the windowing method. Gen-
erally, the entrofy of animagewould be maximizedin a com-
pletely (histogram)equalizeddatasetput this would in particular
enhancehe low intensitybackgrounchoise,sincea large number
of backgroundroxels occupiesonly a small numberof low inten-
sity histogrambuckets. Figure5aandb shavs a histogramequal-
izedslicefrom the MRI CISSdatasetvith suchanincreasedoise
level, demonstratingvhy it is not suitablefor the enhancementf
scannedvolume data. This example also clearly shavs that the
entropy-basedmetricis notaperfectlysuitablemetric. VHDR does
somekind of equalizatiorof the voxel values sinceit redistritutes
theintensityvaluesto enhancéheintensityrangerepresentation.

As an alternatve, we also adopteda contrastmeasuringmet-
ric thatis usedin multimediatexture analysis[Steinmetz2000].
This contrasimetric,describedn Equationl0, representshe over

all contrastin a datavolume. g[i; j] representshe gray-level co-
occurencamatrix, which enumerateshe voxels with valuei that
have a neighborwith voxel value j, with H asthe maximumvoxel
value of the respectie histogram(eg., 255 for 8 bit datasets)and
N asthe numberof voxels. Note, thatg[i; j] 6 g[j;i], sincediffer-
entvoxels have differentneighborhoodsTable 3 providesalsothe
resultsof the contrastimetricfor the differentdatasetsThe signi -
cantly highercontrastvaluesfor the original datasearedueto the
highervoxel depthof 12 bits (10 bits).

. . 2 .
(i §)edli; il (10)

Similar to the entroy metric, the calculatedcontrastC for the ex-
amineddatasetsds alwayssigni cantly higherfor the VHDR win-
dowing methodsjndicatinganimproved contrast.

5 Conclusion and Future Work

In this paperwe presentec new windowing operatorthatis based
on arecentlyintroducedtone mappingmethod. This operatorcan
mapary dataitem size (eg., 12 bit integer values)into ary other
dataitem size (eg., 8 bit integer values)and optimizesits range
representatiomo enhancecontrast. The operatorcanalsobe used
to map8 bit datainto an 8 bit datarange,in orderto enhancehe
intensitycontrast.

Table3: Computecentropy for all windowing methods.

Dataset Wind' Method | EntropyH | ContrastC
CT Head Original 12 bits 9.81 30331.20
512x512x 324 Linear 5.97 117.58
Zonelntensity 6.33 148.94
VHDR Wind' 6.52 266.77
CT Thorax Original 12 bits 9.76 2772.43
512x512x 168 Linear 5.76 10.92
Zonelntensity 6.33 21.28
VHDR Wind' 6.35 25.34
CT Angiograply | Original 12 bits 9.42 5126.89
512x 512x 194 Linear 541 20.01
Zonelntensity 6.29 30.98
VHDR Wind' 6.35 43.69
MRI CISS Original 10 bits 8.01 921.27
512x 512x 54 Linear 5.02 14.50
Zonelntensity 6.92 123.91
VHDR Wind' 7.00 208.55
CT Backpack Original 12 bits 455 8637.52
512x512x 373 Linear 2.43 33.44
Zonelntensity 4.15 584.02
VHDR Wind' 4.31 881.05

We evaluatedthe performanceof our operatorwith an entropy
metricandwith a contrast-baseghetricfrom video-encodingBoth
metricsclearly shaved a signi cant improvementwith our opera-
tor. Furthermorewe employed a perception-drien visual differ-
encepredictorto exposeareasof perceptuallylargestdifferences
betweerdifferentHDR operators.

Still, moreresearcimeedgo bedoneto considepsycho-plysical
aspectof the humanvisual systemsdnto an error metric. Another
aspecof futurework will look into the applicationof VHDR win-
dowing for otherdatadomainsin medicine(eg., DTI datasetspr
scienti ¢ visualization(eg., CFD).Webelieve thatthemethodology
canalsohelphereto maphigh dynamicrangedatafrom computa-
tional sciencesnto a rangethatis morefeasiblefor mary volume
renderingsystemswith lower pervoxel accurag.
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Figure6: Datasetovervien: The left columnshaws the resultfrom the linear windowing (a,d,g,j), the middle columnsshaws the results
from the volumetric high dynamicrange(VHDR) windowing (b,e,h,k),andthe right columnshaws the relative voxel intensity difference
betweerinearandVHDR windowing (c,f,i,l), wherethe occurringdifferenceis mappedo thefull huerange(blueno differenceredlargest
difference).Thetop row shavsthe CT thorax,thesecondow shovs the MRI ClISSdatasetthethird row shavs adatasefrom anMRI ash
datasetandthe bottomrow shaws resultsfor the CT backpackdataset.The actualslice size of the ash MRI dataseis smaller thanthe
imagesizein Fig. 6g-i. This canbe seenontheleft andright sideof theimages.



