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Abstract

Dynamicrange restrictionsof conventionaldisplayslimit theamountof detail that canberepresentedin volume
renderingapplications.However, high dynamicrange displayswith contrast ratios larger than 50;000: 1 have
recentlybeendeveloped.We explore howtheseincreasedcapabilitiescanbeexploitedfor commonvolumeren-
deringalgorithmssuch asdirectvolumerenderingandmaximumprojectionrendering. In particular, wediscuss
distribution of intensitiesacrossthe range of the displaycontrast and a mappingof the transferfunction to a
perceptuallylinear spaceover therangeof intensitiesthat thedisplaycanproduce. Thisallowsusto reservesev-
eral justnoticeabledifferencestepsof intensitiesfor spatialcontext apart fromclearlydepictingthemainregions
of interest.We also proposegenerating automatictransferfunctionsfor order independentoperators through
histogram-equalizationof datain perceptuallylinear space.

Categoriesand SubjectDescriptors(accordingto ACM CCS): I.3.3 [COMPUTER GRAPHICS]: Picture/Image
Generation- Displayalgorithms;I.4.10[COMPUTERGRAPHICS]:ImageRepresentation- Volumetric.

1. Intr oduction

Directvolumerenderinghasprovenextremelyusefulfor the
visualizationof medicalandscienti�c datasets.Oneof its
advantagesis thattransferfunctionscanbeusedto segment
out interestingpartsof thevolume,while in principlekeep-
ing other informationpresentto provide context useful for
navigation.

Unfortunately, thelow dynamicrangeof conventionaldis-
playslimits theusefulnessof thisapproach:for optimalcon-
trastin theregionsof interest,onehasto adjustthetransfer
functionsuchthatmostof theavailableintensityandopac-
ity levels areusedfor very speci�c densityvalues.Conse-
quently, very little precisionremainsfor otherdensityval-
uesto provide spatialcontext. Thenon-lineargammacurve
of suchdisplay devices helps,but the problemremainsas
therearenotenoughaddressableintensityvalues.

Recently developed display technology with a much
higherdynamicrangepromisesto beusefulfor solvingthis
problem.Seetzenetal. [SHS� 04] describetwosuchsystems,
onewith projector-basedillumination at a contrastratio of
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50;000: 1 andapeakintensityof 2;700cd=m2, andonewith
LED illumination reachinga contrastratio of > 150;000: 1
andapeakintensityof 8;500cd=m2 Typicaldesktopdisplays
haveacontrastof about400: 1 with amaximumintensityof
300cd=m2, althoughspecialmedicaldisplayscanperforma
factorof 2-3 timesbetter.

In this paper, we investigatetheuseof this HDR technol-
ogy for volumerendering(color-plate:Figure7). In particu-
lar, we describetheuseof transferfunctionsin perceptually
linear spaceover the rangeof intensitiesrepresentableby
the display. We alsodescribeadaptationsof transferfunc-
tions to betterrepresentspatialcontext andautomaticgen-
erationof transferfunctionsbasedonJNDspacehistogram-
equalization.Finally, weexplorerelatedtechniquesfor order
independentvolumerenderingalgorithmssuchasmaximum
intensityprojectionandsummation,bothof whichareuseful
for x-raystylerendering.

Theremainderof this paperis organizedasfollows: Sec-
tion 2 brie�y recountsprevious work in volumerendering,
HDR display technology, and the aspectsof humanvisual
perceptionthatarerelevantto ourwork. Section3 discusses
methodsfor deriving transferfunction that yield in a per-
ceptuallylinearusageof thecontrastrange,while Section4
explores the possibilitiesfor automaticallyadaptinguser-
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de�ned transferfunctionsto providespatialcontext for nav-
igation.

2. RelatedWork

2.1. Dir ectVolumeRendering

A lot of recentwork hasfocusedon deriving transferfunc-
tions automaticallyfrom volume data.Much of this work
analyzesthe histogramof the volumedensities,sometimes
combinedwith gradients[KD98] or curvature[KWTM03].
Severaldifferentuserinterfaceshavebeenproposed,namely
[MAB � 97,KG01,KKH02].

Veryrecently, MoraandEberthavearguedthattraditional
directvolumerenderingmaynot be thebestway to visual-
izevolumedatasinceimportantfeaturesmaybeoccludedby
lessimportantpartsof the volume.They proposeorder in-
dependentvolumerendering,a framework that generalizes
both maximumintensity projectionand summationbased
methods,which roughly correspondto x-ray style render-
ing. They proposestereoasawayto compensatefor theloss
of depthcuesarisingfrom orderindependentmethods,and
arguethatstereois, in fact,moreeffectivefor orderindepen-
dentmethodsthanfor directvolumerendering.

Independentof a speci�c volume renderingmethod,it
is important to evenly distribute information acrossthe
rangeof contraststhat canbe shown on a given display. A
�rst stepin this direction was recentlytaken by Pottsand
Möller [PM04], who proposedto specifytransferfunctions
for direct volume renderingon a logarithmic scale.How-
ever, for moderndisplay devices (especiallythe high dy-
namicrangedisplaysthat have recentlyevolved), it is also
necessaryto take into accountthelimitationsof humancon-
trastperceptionfor variousintensitylevels.In this paperwe
analyzethe intensitiesgeneratedon the screenby various
renderingalgorithms,and proposeto adapttransferfunc-
tions to take theseperceptualeffectsinto account.Thegoal
is thereforeto optimizetheperceptiblecontrastgeneratedin
the�nal image.

2.2. HDR Displays

ConventionaldesktopdisplaysystemssuchasCRTsor LCD
panelshave dynamicrangesof about400 : 1 and a maxi-
mumintensityof about300cd=m2. In recentwork, Seetzen
et al. [SHS� 04] describetwo setupsthat combineconven-
tional low dynamicrangedisplaytechnologyto form a high
dynamicrangedisplay. In the �rst setup,a video projector
replacesthe backlight of a conventionalLCD panel.This
way, the light arriving from the projectoris �ltered by the
semi-transparentLCD panel.Seetzenet al. measureda dy-
namicrangeof about50;000: 1 with a maximumintensity
of 2;700cd=m2 for this setup.

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

array. This is possiblesincethelocal contrastthatthehuman
eyecanperceive is limited. Thissecondsetupachievesa top
intensityof 8;500cd=m2 with acontrastof over150;000: 1.

Seetzenet al. describethe imageprocessingoperations
necessaryto factorize�oating point images(representing
absoluteluminances)to drive the front panelandthe back
lighting of the HDR displays.Theseoperationscanbe im-
plementedonGPUsfor integrationinto interactiverendering
systems.In ourwork, weusethesamealgorithmsasaback-
endfor ourvolumerenderer.

2.3. Human Perceptionand HDR Imaging

In recentexperiments,Muka andReiker [MR02] have de-
terminedthat over the dynamicrangeof conventionaldis-
playstheperceptualdifferencebetweenan8-bit digital dis-
playanda10-bitor higherbit depthis minimal,andin some
caseseven non-existent.From this result,we canconclude
that HDR display technologysuchas the onedescribedin
Section2.2 is essentialfor displayingmorevisually distinct
intensitylevels.
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Figure 1: The numberof just noticeabledifference(JND)
stepsfor differentmaximumintensitiesaccording to theDI-
COMstandard.

Over therangeof illumination levelsrepresentableby the
HDR displaysmentionedabove,thesensitivity of thehuman
visualsystemis highly non-linear:at low luminancelevels,
smallerdifferencesareperceivable thanat high luminance
levels.This propertyis formally describedby thenotionof
just noticeabledifferences(JND). OneJND is the smallest
detectableintensitydifferencefor agivenillumination level.
For the intensity rangecoveredby the HDR display tech-
nologymentionedabove,Barten[Bar92,Bar93] hasderived
a psychophysically validatedmodel to characterizeJNDs.
Basedon this work, an analytical function for computing
JNDswasincludedin theDICOM GrayscaleStandardDis-
play Function[DIC01]. A plot of the JND curve over the
relevantintensityrangeis shown in Figure1.

For the projector-based HDR display of Seetzenet
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al. [SHS� 04], this modelpredicts962JND steps,while for
theLED-baseddisplayit predicts1139JNDsteps.Bothdis-
play technologiescan produceintensitiesat a �ner granu-
larity, but thehumanvisual systemcannotdiscriminatebe-
tweenthose.Tomakeoptimaluseof thecontrastof adisplay,
the intensitiesproducedby an algorithmthereforemustbe
linearin JNDspace,not thephysicalspace.This is thefocus
of ourwork.

3. Transfer Functions for HDR Displays

In the following we describehow to perceptuallyoptimize
userspeci�ed transferfunctionsfor the different rendering
algorithms.Westartby discussingthecaseof directvolume
rendering,andthenmove on to orderindependentmethods
(summationandmaximumintensityprojection).

3.1. Dir ectVolumeRendering

To derive an approximatelyperceptuallylinear formulation
of thetransferfunctionfor directvolumerendering,consider
the emissionabsorptionvolume renderingequationin the
notationof Sabella[Sab88]:

I (a;b) =
Z b

a
Cr (u) � e�

Ru
a tr (t)dtdu (1)

Here,r is thevolumedensityat point u, C is anemission
constant(i.e.C� r is theemittedenergy perunit length),and
t is the absorptionconstant(i.e. t � r is the absorptionper
unit length).

If we assumethat thedensityis constantover a segment
of theintegral,weget

I (a;b) =
Ca
t

with a := 1� e� t
Ru

a r (t)dt ; (2)

asdescribedby Max et al. [MHC90]. In otherwords,the
transparency a of the integral variesexponentiallywith the
volumedensity. For thisreason,PottsandMöller [PM04] ar-
guethatthetransferfunctionthat is usedto derive densities
from volumedatavaluesshouldbe speci�ed on a logarith-
mic scale.

However, asdescribedin Section2.3, theintensitiesthem-
selvesarenot perceived linearly by thehumanobserver. In
order to make optimal useof the intensity rangedelivered
by the HDR displays,the just noticeabledifferenceshave
to be taken into account.In particular, let fJND be theJND
functionfrom theDicom standard[DIC01], and f � 1

JND beits
inverse(i.e. thefunctionmappingintensityvaluesto justno-
ticeabledifferences).The perceived intensity level in JND
spaceis then:

Iperceived(a;b) = f � 1
JND(I (a;b)) = f � 1

JND

�
Ca
t

�
: (3)

Thedensitiesr shouldthereforebespeci�edas

r := log( f � 1
JND(r 0)) ; (4)

wherer 0, theoriginalvolumedensities,arenow mappedap-
proximatelylinearly to just noticeableintensitydifferences
in the�nal image(Figure2).
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Figure2: Perceptuallylinear transferfunctionspeci�cation
for thetoothdataset(Figure8). Top: perceivedintensitylev-
elsr speci�edin JNDspace. Bottom:actualintensityr 0used
in volumerendering.

Of coursethevolumedensitiesarenot constantalongthe
rayin practice.Asaconsequence,if asegmentof thetransfer
function is changed,but othersremainthe same,then the
actualintensitychangeon thescreencanstill benon-linear.
However, we �nd that thecorrespondencebetweentransfer
functionandresponseof thedisplayis muchmoredirectand
easyto control if we usethemappingdescribedabove (see
Section5).

3.1.1. Color

Thediscussionsofarhasonly consideredjustnoticeabledif-
ferencesin intensity, andhasignoredcolor. In practicalvol-
umerenderingapplications,color is, however, an important
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meansof visually segmentingvolumedatasetsinto differ-
entparts.Unfortunately, knowledgeabouthumanperception
in environmentswith bothcolor andhigh contrastis at this
point limited: most of the perceptionexperimentsdealing
with color differenceswereperformedin low contrastset-
tings,while the intensityJND work is basedon monochro-
maticexperiments.

In the absenceof moreperceptualmodelsthat take both
colorandhighcontrastintoaccount,thebestwecandoatthe
momentis to treatthetwoaspectsasbeingindependent.This
canbeachievedby usinga color spacethatseparatesinten-
sity from chromaticity, for examplethe L� a� b� space.The
usercanthenspecifytwo transferfunctionsfor thechromi-
nancechannels(a andb), while the luminanceis computed
usingthealgorithmintroducedfor themonochromaticcase.

3.2. Order IndependentOperators

A similar analysiscanbe performedfor the orderindepen-
dentoperators.In the caseof the summationoperator, it is
easyto seethata changein thetransferfunctioncontributes
linearly to a changein pixel intensity. For maximuminten-
sity projection,a changeonly occursif the valuechanged
is actuallythe maximumalonga given viewing ray. If this
is the case,however, thenthe effect is again linear. In both
cases,the transferfunction shouldthereforeonly be modi-
�ed by theinverseof theJNDcurve.

In additionto thissimpleperceptualadjustments,orderin-
dependentmethodsarealsoamenableto moresophisticated
methodsfor automaticallygeneratingtransferfunctions.In
practicalvolumerenderingapplications,a linearramptrans-
fer functionis oftenusedasa startingpoint for exploration.
Mora andEbert [ME04] showed that this canbe a reason-
ablechoicefor orderindependentmethods,althoughit does
not tendto work verywell for directvolumerendering.

Several researchershave focusedon deriving transfer
functionsautomaticallyfrom volume data [PLB� 01]. The
primaryfocushasbeenonanalysisof thedistributionof his-
togramvaluesandsometimescombinedwith otherfeatures
in thevolumesuchasgradients[KD98] [EMRY02] or cur-
vature[KWTM03].

We proposeto perform histogramequalizationon the
JND-correctedvolumedatato generatethe intensity trans-
fer function.This equalizationis doneby �rst constructing
thenormalizedcumulativehistogram.Wethennormalizethe
histogramof thedatavaluessuchthattheintensitydistribu-
tion is uniform in JND space. This allows us to generatea
perceptuallylineartransferfunctionwhichmapsmostof the
interestingdatainto thevisible range(Figure3). Thegener-
atedtransferfunctioncanalsobeusedasanintuitivestarting
pointtoexplorethedataandsegmentit in amorecustomized
manner.

We �nd that this methodworks well for the summation
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Figure 3: Automatic transfer function generation based
on JND spacehistogram equalizationfor the CT engine
dataset.Top: transferfunctionbasedonequalizationof data
densityvalues.Bottom:transferfunctionbasedonequaliza-
tion of gradientmagnitude(asusedin Figures5 and6).

operator. For themaximumoperator, however, thehistogram
of the volumedensitiesis not alwaysa goodpredictorfor
thehistogramof thepixel values,sincethemaximumopera-
tor is stronglyview-dependent.For this reason,wealsocon-
siderperformingthehistogramequalizationin imagespace
afterprojection.This is easyto implementfor themaximum
operatorsince it requiresonly one unnormalizedvalue to
be storedper pixel. In Section5 we show several exam-
plesusingthesix orderindependentoperatorsproposedby
Mora andEbert[ME04]: summationandmaximumapplied
to originaldatavalues,to theirgradientmagnitudeandto the
productof datavalueandgradientmagnitude.

Unfortunately, the theoretical motivation behind JND
spacehistogramequalizationdoesnot applyto volumeren-
dering.This is becausethe perceptuallylinear mappingof
the data goesthrough anothernon-linearmappingin the
form of exponentialfall-off dueto thevolumerenderingin-
tegral (Equation1). In practice,however, we �nd that the
methodcan often still be usedto provide a good starting
point for a transferfunction. We provide several examples
of resultsfor directvolumerenderingin Section5.

4. Automatically Providing Spatial Context

Somethingwe might want to do on a HDR displayis to re-
serveasmallrangeof densityvaluesfor partsof thevolume
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that arenot directly the focusof attention,but canprovide
context for navigationwithin thevolume.A perceptuallylin-
earspacefor specifyingtransferfunctionsis useful in this
regard,sinceit allows us to directly estimatewhat contrast
rangewill beusedfor thispurpose.

For example, on the projector-based HDR dis-
play [SHS� 04], we can set aside a portion of the 962
displayableJND stepsfor providing spatialcontext in this
form. In our implementation,we useinformationfrom the
dataitself, in the form of gradientmagnitude,to highlight
context. Volume areasof high gradientmagnitudecorre-
spondto distinctive isosurfacesthat canbe rendereddimly
to provide context for navigation. We found that setting
asideabout400 JNDsfor providing this context is a good
tradeoff for the projectorbasedHDR Displays.We expect
thatthebestchoicewill dependonthecontrastandintensity
rangeof the individual display used.For our display, this
choice leaves more than 560 JNDs for depicting the data
valuestheuseris currentlyinterestedin, which is still more
thantwice theprecisionof conventionaldisplays.

Givena userprovidedtransferfunctionthatsegmentsout
the objectof interestandsetsthe densitiesof all other re-
gions to 0, we can adaptthis transferfunction in the fol-
lowing way: all non-zeroentriesin theold transferfunction
arelinearly mappedto JND stepsreservedfor focus(in our
case400: : :962). The regions that were zeroedout previ-
ously are replacedby piecewise linear segmentsmapping
gradientmagnitudevaluesto therange0: : :400(Figure4).

5. Resultsand Discussion

We usethe perceptuallylinear mappingdescribedin Sec-
tion 3.1 to specifythe opacitytransferfunction for various
medicaland scienti�c datasets.We presentresultson the
projectorbasedHDR displayaswell ascomparisonswith
tonemappedversionson a regulardisplaydevice.Here,we
usedalog-lineartone-mapperwith gammacorrectionasim-
plementedin HDRShop[HDR]. The CT tooth datasethas
many distinct isosurfacesvery close togetherin intensity
spaceanda logarithmic transferfunction (Figure2) signif-
icantly aids in isolatingtheseisosurfaces(color-plate:Fig-
ure 8, left). Note that the HDR displayclearly shows a lot
moredetailin thetooththanthetone-mappedversiononthe
regular display. The samenon-linearmappingwasusedto
isolatethe sinusesanda thin layerof skin aroundthe skull
in the CT headdataset(color-plate:Figure8, right). Again
note the detailsin the eye socketsandthe skull surfaceas
shown on theHDR displaycomparedto theversionshown
ontheregulardisplaydevice.TheHDR sequencesalsocon-
vey a bettersenseof relative depthfor variousfeatures.In
thiscase,thetoothandtheheaddatasetswerebothrendered
with lighting andshading.

ReservingJNDsfor context asdescribedin Section4 can
bevery usefulasa semi-automaticway of generatingtrans-
fer functions.We use the gradientmagnitudeof the data
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Figure 4: Automatic context generation for the CT head
dataset(Figure9). Top: Userspeci�edopacitytransferfunc-
tion for data (dark histogram). Bottom:Automaticcontext
for unselecteddatain theform of gradientmagnitude(light
histogram) being mappedto 0: : :400 JNDs, while the se-
lecteddata is mappedto 400: : :962 JNDsreservedfor fo-
cus.

for visualizingcontext sincegradientmagnitudede�nesob-
ject boundaries.We selecteda thresholdof 0: : :400 JNDs
with the projector-baseddisplay for visualizing context as
this nicely separatedout thevariousisosurfacesfor mostof
thedatasets.This thresholdcanalsobesetin a data-driven
way, for exampleby examiningthehistogramof thegradi-
entmagnitude.Thecontext generatedin thisway for theCT
toothandheaddatasets(color-plate:Figure9, left andright)
resultsin semi-automaticisolationof interestingisosurfaces,
suchasthesinuses,earandskin in theCT headdatasetand
therootsin thetooth,similar to thatobtainedfrom full user
selectionin Section3.1. Also notehow thecontext is mostly
saturatedin the long exposureshotsas it occupiesonly a
smallportionof theintensityspacein orderto retaindetails
in thefocus.Thetoothandheaddatasetswererenderedwith-
out lighting andshadingin this caseto clearly illustratethe
effect of JND spacecontext generation.Note that the JND
spacemappingfor focusandcontext wasappliedonly to the
opacitytransferfunctionandcolorwasmanuallyassigned.

Our proposedJND spacehistogramequalizationin Sec-
tion 3.2providesawayto automaticallygenerateaperceptu-
ally lineartransferfunctionwhichmapsmostof theinterest-
ing datainto thevisible range.It alsoservesasanimproved
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Figure 5: JND spacehistogramequalizationfor generating automatictransferfunctionsfor thesumoperator. Theleft-right
image pairs werecapturedat 4 f-stopsapart.Top: transferfunctiongenerationbyhistogramequalization;Bottom:JND space
linear ramptransferfunction.Left-pairs: CT enginedatasetand CT headusinggradientmagnitude;Right-pairs: CT engine
datasetandCT toothusingproduct.

startingpoint for furtherexplorationof thedata.As pointed
out previously, this is directly applicablefor automatically
generatingtransferfunctionsfor order independentopera-
tors in volumerendering.Thehistogramequalizationis ap-
plied in dataspacefor thesummationoperatorandin image
spacefor themaximumoperator. Weapplyit to thesix order
independentmodels[ME04]: summationandmaximumap-
plied to original datavalues,to thegradientmagnitudeand
to theproductof thedatavalueandgradientmagnitude.We

presentcomparisonsof renderingswith automaticallygen-
eratedtransferfunctionsthroughhistogramequalizationin
JND spacewith thoseusinga linearrampin JND spacefor
theseoperators.

With summation,the operatorappliedto gradientmag-
nitudeandtheproductprovidesthemostcompellingvisual-
izationsasbothcaseshighlight thedistinctisosurfacesin the
data.Figure5 presentsbothresultsfor theCT enginedataset,
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Figure 6: JND spacehistogramequalizationfor generating automatictransferfunctionsfor themaxoperator. Theleft-right
image pairs werecapturedat 4 f-stopsapart.Top: transferfunctiongenerationbyhistogramequalization;Bottom:JND space
linearramptransferfunction.Top-left: CT enginedatasetusinggradientmagnitude;Top-right: CT enginedatasetusingprod-
uct; Bottom-left:CTvisiblehumanmaledatasetusingdatadensity;Bottom-right:CTvisiblehumanmaledatasetusingproduct.

aswell asgradientmagnitudeimagefor the CT head,and
productfor theCT tooth.

Figure 6 presentsthe resultsof applying the maximum
operatorto bothgradientmagnitudeandtheproductfor the
CT enginedataset,aswell asto original dataandtheprod-
uct for the CT Visible HumanMale dataset.Note that here
we compareresultsof JND spacehistogramequalizationin
imagespaceto a linear rampin JND space.In the caseof
bothsummationandmaximumintensityprojection,theJND

spaceequalizationleadsto a bettervisualizationof various
featuresin thevolume.

6. Conclusions

Oneof themain advantagesof direct volumerenderingfor
visualizationof medicalandscienti�c datasetsis the usage
of transferfunctionsin orderto segmentout interestingparts
of thevolume,while in principlekeepingotherinformation
presentto providecontext usefulfor navigation.
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Conventionaldisplayswith low dynamicrangeprovide
very little precisionfor spatialcontext asmostof thepreci-
sionis usedup for visualizingspeci�c segmentedregionsof
thevolume.In thispaper, theuseof 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 function in JND space.Also describedis theadaptation
of transferfunctionsto better representspatialcontext by
reservingJND levels for both focusaswell ascontext. Au-
tomatic transferfunction generationin perceptuallylinear
spaceis alsopresentedthroughhistogramequalizationin the
JNDspace.

Therearea numberof opportunitiesfor future work. In
particular, the treatmentof color is presentlybasedon the
assumptionof independencebetweenjust noticeablediffer-
encesin luminanceandchrominance.Theavailability of the
HDR displaytechnologywouldnow allow thedesignof per-
ceptualexperimentsto verify this assumption,or to derive
bettermodels,which could, in turn, beusedto improve the
methodspresentedhere.

Our current analysisdoesnot accountfor the changes
of the intensitiesby lighting andshadingcomputations.If
shadingis to beincludedinto thecontrastoptimization,one
would probablynot want to give the samepriority to these
shading-baseddifferencesasto differencesbasedon actual
datavalues.A possiblecompromisecouldbeto limit thein-
�uenceof theshadingoperationsto asmallnumberof JNDs,
similar to thewaywecurrentlycreatenavigationalcontext.
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Figure 7: Screenphotographsof volumerenderingof the CT headdataseton a HDR display, captured at 2 f-stopsapart,
illustrating therepresentabledynamicrange.

Figure 8: Screenphotographsof volumerenderingof theCT toothandtheCT headdatasets.Theleft-right image pairs were
captured at 4 f-stopsapart. Top row: As displayedon the HDR display; Bottomrow: tone-mappedversion displayedon a
regular LCD panel.

Figure 9: Automaticcontext generation for boththeCT toothandtheCT headdatasetsby adaptingthetransferfunctionand
remappingthe intensitiesin JND space. Theleft-right image pairs were captured at 4 f-stopsapart. Top row: User selected
focus;Bottomrow: Automaticallygeneratedcontext.
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