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Abstract

Dynamicrange restrictionsof corventionaldisplayslimit the amountof detail that canberepresentedn volume
renderingapplications.However, high dynamicrange displayswith contrast ratios larger than 50;000: 1 have
recentlybeendeveloped We explore how theseincreasedcapabilitiescan be exploitedfor commonvolumeren-

deringalgorithmssud as directvolumerenderingand maximunyprojectionrendering In particular, we discuss
distribution of intensitiesacrossthe range of the display contrast and a mappingof the transferfunctionto a

perceptuallylinear spaceovertherange of intensitiesthat thedisplaycanproduce Thisallowsusto reserveses-

eral just noticeabledifferencestepsof intensitiesfor spatial contet apartfromclearly depictingthe mainregions
of interest. We also proposegeneating automatictransferfunctionsfor order independenbpeiators through

histagram-equalizatiorof datain perceptuallylinear space

Cateoriesand SubjectDescriptors(accordingto ACM CCS) 1.3.3 [COMPUTER GRAPHICS]: Picture/Image
Generation Displayalgorithms;l.4.10[COMPUTERGRAPHICS]:ImageRepresentationVolumetric.

1. Intr oduction

Directvolumerenderinghasprovenextremelyusefulfor the
visualizationof medicalandscienti ¢ datasets.Oneof its
adwantagess thattransferfunctionscanbe usedto segment
outinterestingpartsof the volume,while in principle keep-
ing otherinformation presentto provide context useful for
navigation.

Unfortunatelythelow dynamicrangeof corventionaldis-
playslimits theusefulnessf thisapproachfor optimalcon-
trastin theregionsof interest,onehasto adjustthe transfer
function suchthat mostof the availableintensityandopac-
ity levels are usedfor very speci ¢ densityvalues.Conse-
quently very little precisionremainsfor other densityval-
uesto provide spatialcontext. The non-lineargammacurve
of suchdisplay devices helps,but the problemremainsas
therearenot enoughaddressablatensityvalues.

Recently developed display technology with a much
higherdynamicrangepromiseso be usefulfor solvingthis
problem.Seetzemtal.[SHS 04] describewo suchsystems,
onewith projectorbasedillumination at a contrastratio of
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50;000: 1 anda peakintensityof 2; 700cd=m?, andonewith

LED illumination reachinga contrastratio of > 150,000: 1

andapeakintensityof 8; 500cd=m? Typicaldesktopdisplays
have acontrasof about400: 1 with amaximumintensityof

300cd=n?, althoughspecialmedicaldisplayscanperforma
factorof 2-3timesbetter

In this paperwe investicgatethe useof this HDR technol-
ogy for volumerendering(color-plate:Figure7). In particu-
lar, we describethe useof transferfunctionsin perceptually
linear spaceover the rangeof intensitiesrepresentabléy
the display We also describeadaptationof transferfunc-
tions to betterrepresenspatialcontext and automaticgen-
erationof transferfunctionsbasedn JND spacehistogram-
equalizationFinally, we explorerelatedtechniquegor order
independentolumerenderingalgorithmssuchasmaximum
intensityprojectionandsummationpothof whichareuseful
for x-ray stylerendering.

Theremaindeiof this paperis organizedasfollows: Sec-
tion 2 brie y recountsprevious work in volumerendering,
HDR display technology and the aspectf humanvisual
perceptiorthatarerelevantto our work. Section3 discusses
methodsfor deriving transferfunction that yield in a per
ceptuallylinearusageof the contrastrange while Section4
exploresthe possibilitiesfor automaticallyadaptinguser
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de ned transferfunctionsto provide spatialcontext for nav-
igation.

2. RelatedWork
2.1. DirectVolume Rendering

A lot of recentwork hasfocusedon deriving transferfunc-
tions automaticallyfrom volume data. Much of this work
analyzeghe histogramof the volume densities sometimes
combinedwith gradientdKD98] or curnvature[KWTMO3].
Severaldifferentuserinterfaceshave beenproposednamely
[MAB 97,KG01,KKH02].

Veryrecently MoraandEberthave arguedthattraditional
directvolumerenderingmay not be the bestway to visual-
izevolumedatasinceimportantfeaturesnaybeoccludedoy
lessimportantpartsof the volume. They proposeorder in-
dependentolumerendering,a framevork that generalizes
both maximum intensity projection and summationbased
methods,which roughly correspondo x-ray style render
ing. They proposesterecasaway to compensatéor theloss
of depthcuesarisingfrom orderindependenmethodsand
amuethatstereds, in fact,moreeffective for orderindepen-
dentmethodghanfor directvolumerendering.

Independenbf a speci ¢ volume renderingmethod, it
is important to evenly distribute information acrossthe
rangeof contrastghat canbe shovn on a givendisplay A
rst stepin this direction was recentlytaken by Pottsand
Moller [PM04], who proposedo specifytransferfunctions
for direct volume renderingon a logarithmic scale.How-
ever, for moderndisplay devices (especiallythe high dy-
namicrangedisplaysthat have recentlyevolved), it is also
necessaryo take into accounthelimitations of humancon-
trastperceptiorfor variousintensitylevels. In this paperwe
analyzethe intensitiesgeneratedn the screenby various
renderingalgorithms,and proposeto adapttransferfunc-
tionsto take theseperceptuakffectsinto account.The goal
is thereforeto optimizethe perceptiblecontrasigeneratedn
the nal image.

2.2. HDR Displays

CornventionaldesktopdisplaysystemsuchasCRTsor LCD
panelshave dynamicrangesof about400: 1 and a maxi-
mum intensity of about300cd= 2. In recentwork, Seetzen
et al. [SHS 04] describetwo setupsthat combinecorven-
tional low dynamicrangedisplaytechnologyto form a high
dynamicrangedisplay In the rst setup,a video projector
replacesthe backlight of a conventional LCD panel. This
way, the light arriving from the projectoris Itered by the
semi-transpareritCD panel.Seetzeret al. measurea dy-
namicrangeof about50; 000: 1 with a maximumintensity
of 2;700cd=n"? for this setup.

The sameauthorsalso developed a secondsystemin
which the projectoris replacedwith a low-resolutionLED

array Thisis possiblesincethelocal contrasthatthehuman
eye canperceveis limited. This secondsetupachiezesatop
intensityof 8; 500cd=n" with a contrasbf over 150,000: 1.

Seetzeret al. describethe image processingoperations
necessaryto factorize oating point images(representing
absoluteluminancesyo drive the front panelandthe back
lighting of the HDR displays.Theseoperationscanbeim-
plementedn GPUsfor integrationinto interactve rendering
systemsln ourwork, we usethe samealgorithmsasaback-
endfor our volumerenderer

2.3. Human Perceptionand HDR Imaging

In recentexperimentsMuka and Reiker [MR02] have de-
terminedthat over the dynamicrangeof corventionaldis-

playsthe perceptuabiifferencebetweeran 8-bit digital dis-

play anda 10-bitor higherbit depthis minimal,andin some
caseseven non-«istent. From this result,we canconclude
that HDR displaytechnologysuchasthe one describedn

Section2.2is essentiafor displayingmorevisually distinct
intensitylevels.
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Figure 1: The numberof just noticeabledifference(JND)

stepsfor differentmaximumintensitiesaccoiding to the DI-

COM sstandad.

Overtherangeof illumination levelsrepresentablby the
HDR displaysmentionedabove, thesensitvity of thehuman
visual systemis highly non-linear:at low luminancelevels,
smallerdifferencesare percevable than at high luminance
levels. This propertyis formally describedoy the notion of
just noticeabledifferenceqJND). One JND is the smallest
detectabléntensitydifferencefor agivenilluminationlevel.
For the intensity rangecoveredby the HDR display tech-
nologymentionedabove, Barten[Bar92 Bar93 hasderived
a psychophsically validatedmodel to characterizeINDs.
Basedon this work, an analyticalfunction for computing
JNDswasincludedin the DICOM GrayscaleéStandardis-
play Function[DICO01]. A plot of the JND curwve over the
relevantintensityrangeis shavn in Figurel.

For the projectorbased HDR display of Seetzenet
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al. [SHS 04], this modelpredicts962 JND steps,while for
the LED-basedlisplayit predicts1139JND stepsBothdis-
play technologiescan produceintensitiesat a ner granu-
larity, but the humanvisual systemcannotdiscriminatebe-
tweenthose To make optimaluseof thecontrasbf adisplay
the intensitiesproducedby an algorithmthereforemustbe
linearin IND spacenotthephysicalspaceThisis thefocus
of ourwork.

3. Transfer Functions for HDR Displays

In the following we describehaw to perceptuallyoptimize
userspeci ed transferfunctionsfor the differentrendering
algorithms We startby discussinghe caseof directvolume
renderingandthenmove on to orderindependenimethods
(summatiorandmaximumintensityprojection).

3.1. DirectVolume Rendering

To derive an approximatelyperceptuallfinear formulation
of thetransferfunctionfor directvolumerenderingconsider
the emissionabsorptionvolume renderingequationin the
notationof Sabellg Sab8§:

Zb Ru
l(@b)= Cr(u) e =" ®Odgy (1)
a

Here,r is thevolumedensityat pointu, C is anemission
constan{i.e.C r istheemittedenepgy perunitlength),and
t is the absorptionconstant(i.e. t r is the absorptionper
unitlength).

If we assumehatthe densityis constantover a sgment
of theintegral, we get

RU
I(a;b)= — with a:=1 e 'a'O% (2

Ca
t
asdescribedby Max etal. [MHCO9(]. In otherwords,the
transparenca of the integral variesexponentiallywith the
volumedensity For thisreasonPottsandMéller [PM04] ar-
guethatthetransferfunctionthatis usedto derive densities
from volume datavaluesshouldbe speci ed on a logarith-
mic scale.

However, asdescribedn Section2.3, theintensitiegshem-
selvesarenot perceved linearly by the humanobsenrer. In
orderto make optimal useof the intensity rangedelivered
by the HDR displays,the just noticeabledifferenceshave
to betakeninto account.In particular let fynp bethe IND
function from the Dicom standard DIC01], and f,f, beits
inverse(i.e. thefunctionmappingintensityvaluesto justno-
ticeabledifferences).The perceved intensity level in JND
spaces then:

¢ TheEurographic#Association2005.

Ca
I perceived @ b) = fJN}D(I(a; b)) = fJN}D T ®3)
Thedensities shouldthereforebespeci edas
r = log(fnb (1 )); @

wherer © theoriginal volumedensitiesarenov mappedap-
proximatelylinearly to just noticeableintensity differences
in the nal image(Figure2).
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Figure 2: Perceptuallylinear transferfunctionspeci cation
for thetoothdataset(Figure 8). Top: perceivedintensitylev-
elsr speci edin INDspaceBottom:actualintensityr Oused
in volumerendering

Of coursethe volumedensitiesarenot constan@longthe
rayin practice As aconsequencd, asegmentof thetransfer
function is changedbut othersremainthe same,thenthe
actualintensitychangeon the screercanstill be non-linear
However, we nd thatthe correspondencketweentransfer
functionandresponsef thedisplayis muchmoredirectand
easyto controlif we usethe mappingdescribedabove (see
Sectionb).

3.1.1. Color

Thediscussiorsofarhasonly consideregustnoticeabledif-
ferencesn intensity andhasignoredcolor. In practicalvol-
umerenderingapplicationsgolor is, however, animportant
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meansof visually ssgmentingvolume datasetsinto differ-

entparts.Unfortunatelyknowledgeabouthumanperception
in ervironmentswith both color andhigh contrastis at this

point limited: most of the perceptionexperimentsdealing
with color differenceswere performedin low contrastset-
tings, while the intensity IND work is basedon monochro-
maticexperiments.

In the absencef more perceptuamodelsthat take both
colorandhighcontrasinto accountthebestwe candoatthe
moments to treatthetwo aspectasbeingindependentThis
canbeachiezed by usinga color spacethat separateften-
sity from chromaticity for exampletheL a b spaceThe
usercanthenspecifytwo transferfunctionsfor the chromi-
nancechannelga andb), while the luminanceis computed
usingthealgorithmintroducedfor the monochromaticase.

3.2. Order IndependentOperators

A similar analysiscanbe performedfor the orderindepen-
dentoperatorsin the caseof the summationoperator it is

easyto seethata changen thetransferfunctioncontritutes
linearly to a changein pixel intensity For maximuminten-

sity projection,a changeonly occursif the value changed
is actuallythe maximumalonga given viewing ray. If this

is the case however, thenthe effect is again linear. In both

casesthe transferfunction shouldthereforeonly be modi-

ed by theinverseof the IND cune.

In additionto thissimpleperceptuahdjustmentsprderin-
dependentethodsarealsoamenabléo moresophisticated
methodsfor automaticallygeneratingransferfunctions.In
practicalvolumerenderingapplicationsalinearramptrans-
fer functionis oftenusedasa startingpoint for exploration.
Mora and Ebert[MEO4] shaved thatthis canbe a reason-
ablechoicefor orderindependenmethodsalthoughit does
nottendto work very well for directvolumerendering.

Several researcherdiave focusedon deriving transfer
functions automaticallyfrom volume data[PLB 01]. The
primaryfocushasbeenon analysisof thedistribution of his-
togramvaluesandsometimesombinedwith otherfeatures
in the volumesuchasgradient§ KD98] [EMRY02] or cur
vature[KWTMO3].

We proposeto perform histogramequalizationon the
JND-correctedsolume datato generatehe intensity trans-
fer function. This equalizationis doneby rst constructing
thenormalizeccumulatize histogramWethennormalizethe
histogramof the datavaluessuchthatthe intensitydistribu-
tion is uniform in JND space This allows us to generatea
perceptuallylineartransferfunctionwhich mapsmostof the
interestingdatainto thevisible range(Figure 3). Thegener
atedtransferfunctioncanalsobeusedasanintuitive starting
pointto explorethedataandsegmentt in amorecustomized
manner

We nd that this methodworks well for the summation
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Figure 3: Automatic transfer function geneation based
on JND spacehistogram equalizationfor the CT engine
datasetTop: transferfunctionbasedon equalizationof data
densityvalues Bottom:transferfunctionbasedon equaliza-
tion of gradientmagnitude(asusedin Figures5 and6).

operatorFor themaximumoperatorhowever, thehistogram
of the volume densitiesis not always a good predictorfor

thehistogranof the pixel values sincethe maximumopera-
tor is stronglyview-dependent-or this reasonwe alsocon-
siderperformingthe histogramequalizationin imagespace
afterprojection.Thisis easyto implementfor themaximum
operatorsinceit requiresonly one unnormalizedvalue to

be storedper pixel. In Section5 we shav several exam-
plesusingthe six orderindependenbperatorgproposedyy

Mora andEbertfMEO4]: summatiorandmaximumapplied
to original datavaluesto theirgradientmagnitudeandto the
productof datavalueandgradientmagnitude.

Unfortunately the theoretical motivation behind JND
spacehistogramequalizatiordoesnot applyto volumeren-
dering. This is becausahe perceptuallylinear mappingof
the data goesthrough anothernon-linearmappingin the
form of exponentialfall-off dueto the volumerenderingn-
tegral (Equationl). In practice,however, we nd thatthe
methodcan often still be usedto provide a good starting
point for a transferfunction. We provide several examples
of resultsfor directvolumerenderingn Section5.

4. Automatically Providing Spatial Context

Somethingwe might wantto do on a HDR displayis to re-
sene asmallrangeof densityvaluesfor partsof thevolume

¢ TheEurographicsAssociation2005.
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that are not directly the focusof attention,but canprovide
contet for navigationwithin thevolume.A perceptuallyin-
ear spacefor specifyingtransferfunctionsis usefulin this
regard, sinceit allows usto directly estimatewhat contrast
rangewill beusedfor this purpose.

For example, on the projectorbased HDR dis-
play [SHS 04], we can set aside a portion of the 962
displayableJND stepsfor providing spatialcontet in this
form. In our implementationwe useinformationfrom the
dataitself, in the form of gradientmagnitude to highlight
context. Volume areasof high gradientmagnitudecorre-
spondto distinctive isosurficesthat canbe rendereddimly
to provide contet for navigation. We found that setting
asideabout400 JNDs for providing this contet is a good
tradeof for the projectorbasedHDR Displays.We expect
thatthebestchoicewill dependnthecontrastandintensity
rangeof the individual display used.For our display this
choiceleaves more than 560 JNDs for depictingthe data
valuesthe useris currentlyinterestedn, whichiis still more
thantwice the precisionof conventionaldisplays.

Givenauserprovidedtransferfunctionthatsegmentsout
the object of interestand setsthe densitiesof all otherre-
gionsto 0, we can adaptthis transferfunction in the fol-
lowing way: all non-zeroentriesin the old transferfunction
arelinearly mappedo JND stepsresenedfor focus(in our
case400:::962). The regions that were zeroedout previ-
ously are replacedby pieceavise linear sggmentsmapping
gradientmagnitudevaluesto therange0::: 400 (Figure4).

5. Resultsand Discussion

We usethe perceptuallylinear mappingdescribedn Sec-
tion 3.1 to specifythe opacitytransferfunction for various
medical and scienti ¢ datasetsWe presentresultson the
projectorbasedHDR display as well as comparisonswvith
tonemappedversionson a regular displaydevice. Here,we
usedalog-lineartone-mappewith gammacorrectionasim-
plementedn HDRShop[HDR]. The CT tooth datasethas
mary distinct isosurficesvery close togetherin intensity
spaceanda logarithmic transferfunction (Figure 2) signif-
icantly aidsin isolatingtheseisosurfices(color-plate: Fig-
ure 8, left). Note thatthe HDR display clearly shavs a lot
moredetailin thetooththanthetone-mappedersiononthe
regular display The samenon-linearmappingwas usedto
isolatethe sinusesanda thin layer of skin aroundthe skull
in the CT headdatase{color-plate: Figure 8, right). Again
notethe detailsin the eye soclets andthe skull surfaceas
shavn on the HDR display comparedo the versionshavn
ontheregulardisplaydevice. TheHDR sequencealsocon-
vey a bettersenseof relative depthfor variousfeatures.in
this casethetoothandthe headdatasetsverebothrendered
with lighting andshading.

ReservingINDsfor context asdescribedn Section4 can
bevery usefulasa semi-automatievay of generatingrans-
fer functions. We use the gradientmagnitudeof the data

¢ TheEurographic#Association2005.

1

osf /

— opacity transfer function
B data histogram

User selected opacity
in percieved intensity space
2 & &

opacity TF for gradient magnitude | -
— opacity TF for data

B gradient magnitude histogram

M data histogram

acity mapped to INDs

Op:

0 50 100 150 200 250 200

Gradient magnitude Original data

Figure 4: Automatic contet geneation for the CT head
datase(Figure 9). Top: Userspeci edopacitytransferfunc-
tion for data (dark histagram). Bottom: Automatic context
for unselectedlatain the form of gradientmagnitude(light
histagram) being mappedto 0:::400 JNDs, while the se-
lecteddata is mappedto 400:::962 JNDsreservedor fo-
cus.

for visualizingcontet sincegradientmagnitudede nesob-
ject boundariesWe selecteda thresholdof 0:::400 JNDs
with the projectorbaseddisplay for visualizing context as
this nicely separatedut the variousisosurticesfor mostof
the datasetsThis thresholdcanalsobe setin a data-drven
way, for exampleby examiningthe histogramof the gradi-
entmagnitudeThecontet generatedh thisway for theCT
toothandheaddatasetg¢color-plate:Figure9, left andright)
resultsn semi-automatigsolationof interestingsosurfces,
suchasthe sinusesearandskin in the CT headdatasefind
therootsin thetooth, similar to thatobtainedfrom full user
selectionin Section3.1 Also notehow thecontext is mostly
saturatedn the long exposureshotsasit occupiesonly a
smallportionof theintensityspacen orderto retaindetails
in thefocus.Thetoothandheaddatasetsvererenderedvith-
out lighting andshadingin this caseto clearlyillustratethe
effect of IND spacecontet generationNote thatthe IND
spacamappingfor focusandcontet wasappliedonly to the
opacitytransferfunctionandcolor wasmanuallyassigned.

Our proposedIND spacehistogramequalizationin Sec-
tion 3.2providesawayto automaticallygenerate perceptu-
ally lineartransferfunctionwhich mapsmostof theinterest-
ing datainto thevisible range. It alsosenesasanimproved
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Figure 5: JND spacehistogram equalizationfor generating automatictransferfunctionsfor the sumopeiator. Theleft-right
image pairs were capturedat 4 f-stopsapart. Top: transferfunctiongeneation by histagramequalization;Bottom:JND space
linear ramptransferfunction. Left-pairs: CT enginedatasetand CT headusinggradientmagnitude; Right-paiis: CT engine

datasetand CT toothusingproduct

startingpoint for furtherexplorationof the data.As pointed
out previously, this is directly applicablefor automatically
generatingtransferfunctionsfor orderindependenbpera-
torsin volumerendering.The histogramequalizations ap-
pliedin dataspaceor the summatioroperatorandin image
spacdor themaximumoperatorWe applyit to thesix order
independeniodels] MEO4]: summatiorandmaximumap-
plied to original datavalues,to the gradientmagnitudeand
to the productof the datavalueandgradientmagnitudeWe

presentcomparison®f renderingswith automaticallygen-
eratedtransferfunctionsthroughhistogramequalizationin
JND spacewith thoseusinga linearrampin JND spacefor
theseoperators.

With summation the operatorappliedto gradientmag-
nitudeandthe productprovidesthe mostcompellingvisual-
izationsasbothcasesighlightthedistinctisosurficesn the
data.Figure5 presentbothresultsfor theCT enginedataset,
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Figure 6: JND spacehistagram equalizationfor geneating automatictransferfunctionsfor the max opeiator. Theleft-right
image pairs were capturedat 4 f-stopsapart. Top: transferfunctiongeneation by histagramequalization;Bottom:JND space
linearramptransferfunction.Top-left: CT enginedatasetusinggradientmagnitude; Top-right: CT enginedatasetusingprod-
uct, Bottom-left:CT visiblehumanmaledataseusingdatadensity;Bottom-right:CT visiblehumanmaledataseusingproduct

aswell asgradientmagnitudeimagefor the CT head,and
productfor the CT tooth.

Figure 6 presentghe resultsof applying the maximum
operatorto both gradientmagnitudeandthe productfor the
CT enginedatasetaswell asto original dataandthe prod-
uct for the CT Visible HumanMale datasetNote that here
we compareresultsof IND spacehistogramequalizationn
imagespaceto a linearrampin JND space.n the caseof
bothsummatiorandmaximumintensityprojection the JIND

¢ TheEurographic#Association2005.

spaceequalizationleadsto a bettervisualizationof various
featuresn thevolume.

6. Conclusions

Oneof the main advantagef directvolumerenderingfor

visualizationof medicalandscienti ¢ datasetss the usage
of transferfunctionsin orderto segmentoutinterestingparts
of thevolume,while in principle keepingotherinformation
presento provide context usefulfor navigation.
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Corventional displayswith low dynamicrangeprovide
very little precisionfor spatialcontext asmostof the preci-
sionis usedup for visualizingspeci ¢ sggmentedegionsof
thevolume.In this papertheuseof recentlydevelopedHDR
displaytechnologyfor volumerenderingis investigated.In
particular we examinethe creationof transferfunctionsin
perceptuallylinear spaceover the rangeof intensitiesrep-
resentableby the display This is doneby mappinginten-
sity valuesto just noticeabledifferencesandde ning trans-
fer functionin JND space Also describeds the adaptation
of transferfunctionsto betterrepresentpatial contet by
reservingIND levels for bothfocusaswell ascontext. Au-
tomatic transferfunction generationin perceptuallylinear
spacas alsopresentedhroughhistogramequalizatiorin the
JND space.

Thereare a numberof opportunitiesfor future work. In
particular the treatmentof color is presentlybasedon the
assumptiorof independencbeetweenjust noticeablediffer-
encedn luminanceandchrominanceTheavailability of the
HDR displaytechnologywould now allow thedesignof per
ceptualexperimentsto verify this assumptionpr to derive
bettermodels,which could, in turn, be usedto improve the
methodgresentedhere.

Our currentanalysisdoesnot accountfor the changes
of the intensitiesby lighting and shadingcomputations!f
shadings to beincludedinto the contrastoptimization,one
would probablynot wantto give the samepriority to these
shading-basedifferencesasto differencesasedon actual
datavalues A possiblecompromisecouldbeto limit thein-

uence of theshadingoperationgo asmallnumberof INDs,
similar to theway we currentlycreatenavigationalcontext.
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Figure 7: Sceenphotgraphsof volumerenderingof the CT headdataseton a HDR display captued at 2 f-stopsapart,
illustrating the representablelynamicrange.

Figure 8: Sceenphotagraphsof volumerenderingof the CT toothandthe CT headdatasetsTheleft-right image pairs were
captured at 4 f-stopsapart. Top row: As displayedon the HDR display; Bottomrow: tone-mappedersion displayedon a
regular LCD panel.

Figure 9: Automaticcontet geneition for boththe CT toothandthe CT headdatasetdy adaptingthe transferfunctionand
remappingthe intensitiesin JND space The left-right image pairs were captued at 4 f-stopsapart. Top row: User selected
focus;Bottomrow: Automaticallygeneatedcontext.
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