Volume Rendering Data with Uncertainty Information
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Abstract. This paperexplorestwo generamethodgor incorporatingvolumetric
uncertaintyinformationin directvolumerendering.The goalis to producevol-
umerenderedmagesthatdepictregionsof high (or low) uncertaintyin thedata.
The rst methodinvolvesincorporatingthe uncertaintyinformationdirectly into
thevolumerenderingequation.The secondmethodinvolvespost-processing-
formationof volumerenderedmagesto compositeuncertaintyinformation.We
presensomeinitial ndings onwhatmappingsprovide qualitatively satishctory
resultsandwhatmappingsdo not. Resultsareconsideredatishctoryif theuser
canidentify regionsof high or low uncertaintyin the renderedmage.We also
discusghe advantagesinddisadantageof bothapproaches.

1 INTRODUCTION

Visualizationis usedfor gaininganunderstandin@f large amountsof datain a short
periodof time. Scienti ¢ dataset®ftenhave associatedvith thema measuref quality,
reliability or uncertaintywhich alsoneedso be madea partof thevisual output.

Uncertaintycanbe causedoy mary factorsin the datacollectionand processing:
from unreliableinstrumentatiorandproblemsn transportationto errorscausedy the
interpolationandmodelingalgorithms While theseerrorscansometimedeignored,it
is importantto alertthe usergto thetrustworthinessof theimageuponwhich they need
to make a decision.

While theuncertaintyis anessentiapartof thedata,it hasoftenbeenignoredwhile
processingr displaying.This canbe misleadingto the userunavarethat partsof the
datasetontainunreliableinformation.For accuraténterpretatiorit is importantto dis-
playtheoriginal datatogethemvith its uncertaintyUncertaintyvisualizationtechniques
presendatain sucha mannerthatusersaremadeawareof the locationsanddegreeof
uncertaintiesn their datasoasto make moreinformedanalyses.

In this papemwe concermurseheswith uncertaintyisualizationusingoneparticu-
lar renderingmethod hamelydirectvolumerendering We presentwo generabptions:
onewhich s calculatedat the renderingtime andpresentedspart of the volumeren-
deringof the primaryvalue,which we call inline processingandonewhich combines
the volume renderingsof the primary value and of the uncertaintyvalue as a post-
processingnethod.

2 BACKGROUND

Visualizinguncertaintyis a recognizecchallengen the visualizationcommunity and
recently morevisualizationresearchave focusedon this area.For example,Cedilnik



and Rheingand1] looked at differentways of imparting uncertaintyover 2D elds

using proceduralmethodsto distort overlaid grid lines, Interrante[3] discussechow

onemight usenaturaltexturesover amapto shav uncertainty Djurcilov andPang[2]

looked at differentwaysof incorporatinguncertaintyinformationin contourlinesand
isosurficesof sparsadatasets,Wittenbrinketal. [11] includeduncertaintyin direction
and uncertaintyin magnitudeinto glyph designs,andPanget al. [7] describedsome
generamethoddor incorporatinguncertaintyinto visualdisplays.

The approachegbore involve somemaodi cation of how the datais represented,
andthroughthis modi cation, impart the uncertaintyinformation. The modi cations
aretypically appliedto geometricprimitivesandattributessuchasgrid lines, contour
lines,glyphs,andtextures.Unfortunatelyvolumerenderingdoesnotproduceary inter-
mediategeometricprimitivesthat could be modi ed in orderto representincertainty
Thereforethis paperexploresdifferentalternatve techniquedor includinguncertainty
informationdirectlyin volumerenderings.

3 DATA WITH UNCERTAINTY

3.1 Oceandata and dynamical model

During JulyandAugustof 1996,0ceardatawerecollectedin theMiddle Atlantic Bight
(MAB) southof New England,aspartof the“ONR ShelfbreakPRIMER Experiment”
[6]. Thedominantdynamicalfeaturein the MAB consistof atemperatur@ndsalinity
front, separatinghe shelfandslopewatermassesThis front is oftenlocatedabove the
shelfbreaknearthe 100 m isobath(seeFigure 13). It is usuallytilted, in the opposite
directionof the bottomslope.The mainobjective wasto studythein uence of oceano-
graphicvariability on the propagatiorof soundbetweenthe shelf and sloperegions.
Intensive cruisesurweys werecarriedout daily in a 45 km by 30 km domainbetween
the85m and500m isobaths.

Thephysicalvariablesor elds arethetemperaturesalinity, velocity andpressure.
They are dynamicallyevolved by the numericaloceanmodel of the Harvard Ocean
PredictionSystem[8]. Atmosphericux esbasedn buoy dataareimposedn surface.

3.2 Uncertainty forecasts

To dynamicallyevolve the physicaluncertaintyan Error SubspacétatisticalEstima-
tion (ESSE)schemd5] is employed.This schemds basedn areductionof the evolv-
ing error statisticsto their dominantcomponent®r subspacePresently statisticsare
measuredbasedon a varianceor least-squaresriterion[9]: a subspacés thencharac-
terizedby the dominanteigendecompositiorof a covariancematrix. The objective is
thento dynamicallyforecasthe principalcomponentiecompositiorof the uncertainty
of the physical elds.

In thepresenMAB casetheseerrorprincipalcomponentsareinitialized combining
dataanddynamics.To accountfor nonlinearitiesthey areforecastby an ensembleof
Monte-Carloforecasts.

In thevisualizationgpresentedhere only temperatur@ndsalinity uncertaintyfore-
castsareused However, sincephysical elds arecoupled the effectsof velocity errors



areincludedin theseforecastaindaccurateestimate®f temperatur@ndsalinity errors
canthusbe obtained.

Asa rst ende&or, we utilize thevariance®f theMonte-Carloensembl@asascalar
representatiofor uncertaintyat eachpoint.

4 INLINE APPROACH

Theclassicvolumerenderingequationis:

1)

where is the color intensity contritutionsthrougha line from position to .

is the color emissionfunctionand the differential opacityfunction. Equation(1)
calculatesnintegratedcolorfor eachpixel by summingup opacityweightedemittance
values Oneform or anotheof thisequations usedo generate&olumerenderedmages
of 3D scalar elds. Becausdhe datasetgenerallyconsistsof a singlescalar eld, the
samescalareld is usedo determinéboththeopacityandthematerialemittancevalues.
This is typically achieved by transferfunctionsthat mapthe scalardatavalueto both
opacityandcolor.

Becauseour uncertaintyis alsorepresenteésa 3D scalar eld, we have the op-
portunityto map eld valuesto coloranduncertaintyvaluesto opacity andexperiment
with differenttransferfunctions.We referto this approactas‘inline” in the sensehat
the uncertaintyinformationis directly incorporatednto the renderingprocessin this
sectionwe describgwo inline experiments.

4.1 1D Transfer Functions

In this experimentwe mappedsalinityvaluesto  anduncertaintyvaluesto . Wethen
usea 1D transferfunction to separatelymapthe salinity and uncertaintyvalues.We
experimentedwith a transferfunction that mapsincreasinguncertaintyto increasing
opacity and compositedthe resultingimagesto a black backgroundwith white grid
lines.

As a point of reference Figure 1 is a traditional volume renderingof the mean
salinity eld. Figures2 and3 both shav a volumerenderingof the uncertaintyin the
salinity eld. Figure2 mapsuncertaintyaluesabove 0.2 to high opacityvalues while
Figure 3 mapsuncertaintyvaluesabove 0.5 to high opacity values.High uncertainty
regionsshav up asa bluish cloud. Dark regionshave lower uncertainty We notethat
mostof the uncertaintylies alongthe salinity front ontop of the shelfbreak.

Onecanmapuncertaintyto opacityin anumberof ways.In thisexperimentye mapped
higher uncertaintyvaluesto higher opacity values.Field valuessuchas salinity and
temperatureare mappedto color. A black backgroundwith white grid linesis used
to accentuatehe fact that moretransparentegions have lower uncertainty Note that



.

Fig. 1. Meansalinity. Fig.2.Uncertainty 0.2. Fig. 3. Uncertainty 0.5.

regionswith low uncertaintydo not automaticallyproducemore transparentegions
becausef the potentialocclusionwith accumulatedpacitiesfrom differentviewing
angles.

(A) Transferfunction (B) Salinity (C) Temperature

Fig. 4. (A) Shavsthetransferfunctionfor boththe eld valuesanduncertaintywalues All values
have beennormalizedo lie betweerD and1. Theincreasingvhite curve mapshigheruncertainty
to higheropacity (B) Volumerenderingpf themeansalinity eld mappedo coloranduncertainty
in salinity mappedto opacity (C) Volume renderingof the meantemperatureeld mappedto
coloranduncertaintyin temperaturenappedo opacity

Onecanalsoexperimentwith anincreasinguncertaintyto decreasingpacitymap-
ping sothattheregionsof uncertaintyshow up astransparentegionsratherthanopaque
regions.The choiceof mappingincreasing/decreasingpacityseemso dependon the
volume datato be studied.Looking at the uncertaintyof the temperatureeld alone
con rms that, indeed,the regionsof high uncertaintyin the right columnsof Figures
4 and 10 (color plate)arein the greenishopaqueregions.On the otherhand,the ne
structuraldetailsin the uncertainty eld arewashedout andlost in the resultingren-
dering.In addition,thereis someambiguityin interpretingtheimage. Theambiguities
canbeattributedto anumberof factorsincludingvaryingthicknessof thevolumefrom
a givenviewpoint, the depthwithin a volume of a region of high uncertaintyinterac-
tion of the color andopacitycompositing.Theimagein Figure10is similar to Figure



4 exceptthatwe useda transferfunction which produceamore contrastbetweerhigh
andlow uncertaintyregions.We alsoremovedthe white grid linesto seeif it is better
withoutthemor not.

4.2 2D Transfer Functions

In this experiment,we use2D transferfunctionssimilar to thoseusedby Kindlmann
andDurkin [4]. However, insteadof looking at the rst andsecondderivativesof the
data,we look at dataversusuncertaintyvalues.Figure5 is a 2D scatterplot shaving
the distribution of meansalinity versusuncertaintyin salinity. We usethis 2D scatter
plot asthe basisfor our transferfunction, mappingdifferentregionsof the scattemplot
to differentcolorvalues Figuresl1and12 show different2D transferfunctionsandthe
correspondingolumerenderedmagesof the combinedsalinity anduncertainty elds.

uncertainties

data

Fig. 5. Scatterplot of meansalinity (Y-axis) versusuncertainty(X-axis). Mean salinity values
increasdowardsthe bottom,while uncertaintyaluesincreasesowardstheright.

Unlike 1D transferfunctionswherewe mappeduncertaintyto opacity 2D transfer
functionsprimarily usecolor to shov regionswith varying uncertainty For example,
themiddleimagesof Figuresl1 and12 (color plate)usea constanpacityregardless
of uncertaintyHowever, opacitycanbeusedto alsoemphasiz@r de-emphasizancer
tainty. For example therightimagesof Figuresl1 and12 useastepfunctionthatmaps
low uncertaintydatato analmosttransparenvalue,andhigh uncertaintydata(greater
than0.2,asin Figure?2) to high opacity Theresultis avolumerenderingof the salinity
data,but with obvious structuralfeaturesshaving the locationof the high uncertainty
regions.In Figure12 blue andcyanregionshave higheruncertainty Middle andright
imagesusethe sameuncertaintyto opacity mappingasthe correspondingmagesin
Figure11l.

5 POST-PROCESSAPPROACH

Dueto the useof transpareny, imagesproduceddy volumerenderingalgorithmshave
a soft and smoothquality to them. This aspectiendsitself into exploring the use of
discontinuityas a meansof representingincertainty We usediscontinuityin several
wayshby introducingspecklesnoiseandtexture asoptionsusedin post-processingf
animageto highlight areasvheredatais uncertain.



5.1 Inserting Speckles/Holes

Thistaskis accomplishedh severalsteps:

1. Produceastandardrolumerenderingof the eld values(seeFigurel4).

2. Producea gray scalevolumerenderingof uncertaintyvaluesfrom the sameview-
point (seeFigure 6). Note that corverting a color volumerenderingof the uncer
tainty eld to grayscalewill not producethe samedesiredeffect.

3. Ditherthegray scalerenderinginto a blackandwhite bitmapimagewith inverted
values(seeFigure7). The purposeof this stepis to createarenderingn whicheach
blackdotwill bearepresentationf uncertaintyin thatneighborhoodThedithering
itself makessurethatthe dotsareevenly distributedandvisually pleasing.

4. Generatea compositeimageby multiplying the color volume renderingwith the
bitmapimagepixel by pixel (seeFigure15).

Fig. 6. Gray-scaleenderingof uncertainty Fig. 7. Invertedbitmaprendering.

Figurel5shavstheoutcomenf theoperationd to 4 - animagein whichthevolume
renderingof the primary datavalueis modi ed to show pixel-sizedholesin areasof
high uncertainty Theuseris still ableto graspthe overall structureof theprimaryvalue
throughouthedatasetandyet hasanunderstandingf wherethe datais unreliable.

Onepossiblepitfall of this methodis thatat a distancethe small holesmay blend
into the imageand causethe volumerenderingto appeardarker in regionswith high
error Thismaybeundesirablendcanbeimprovedby increasinghesizeof theholes,
thusmakingit moreapparenthatthedisturbanceés notacoloringartifact,butindeedan
intendedfeatureof theimage.We showv onesuchexamplein Figure16 wheretheholes
areincreasedour-fold in orderto emphasiz¢he uncertainty Thisimagewasproduced
by rst sub-samplinghe volumerenderingof the uncertaintyalues(outputof step2)
by afactorof four, thenproceedingvith thedithering,afterwhich theimageis brought



backto its original sizeandmultiplied asin step4. The end-resulis animagewhere
theholesarefour pixelslarge.

We would like to point out thatin theseexampleswe have usedblackto color the
holesandmatchthebackgroundolor. It would beupto theuserto decidethechoiceof
color for the speckleshut we recommendlackasanintuitive choicefor representing
holes.

5.2 Adding Noise

Noise seemsa naturaloption for cornveying uncertainty- our mindseasily acceptthe
ideathata picturecontainingnoiseis lessreliablethana clearone.Noisealsohasthe
convenientpropertythatit canbe introducedinto animagewithout worry for side-
effects,asits randomnatureeliminatesary possibilityfor artifactsappearingsregular
patterns.

We applythisideato the volumerenderedmagesby selectvely disturbingtheim-
agesin theareaif high uncertainty The output(seeFigure17) shavs how randomized
colordotscanbeaddedo anareathuscausingt to appeamunevenandfuzzy.

Thepseudacodefor thealgorithmis quite simple.

For eachcolor pixel of theoriginal volumerendering:

1. Findthematchingpixelin theuncertaintyrendering.

2. Rescaldgheuncertaintygrayshadevalueto between .. . istheprobabilitythat
theoriginal color will bechanged.

3. Replacehe original color pixel with arandomcolor with probability

This algorithm ensureghat the areaswith high uncertainty(lighter gray shades)
on the uncertaintyimagearetranslatednto regionswith highernumbersof disturbed
pixelsin the original rendering.The useof probability allows a portion of the pixels
to retaintheir original color evenin areasof high uncertainty sothatthe overall color
context is notlost. In our experimentswe foundthatsetting to 20 produceda desir
ableeffect. This will presere atleast80% of the original color pixel values,andyet
introduceenoughnoisein high uncertaintyareas An alternatve schemds to usethe
uncertaintyvalueasanamount(ratherthanasa probability)to changeheoriginal color
valuein color space.

5.3 Adding Texture

Similarly to the previous option, we explore the useof texturesin the post-processing
context. We use2D grairy, grayscaletextureswith varyingintensityor contrastevelsto
representlifferentlevelsof uncertaintyLow contrastrepresentfow uncertaintywhile
high contrastrepresent$igh uncertainty We thenusethe texture brightnesgvaluein
HSV space)to alter the brightnessof the original color image(valuein HSV space).
Naturally, in areaof very low or no uncertaintywe do not applyary modi cations.

The algorithm for addingtexturesto represenuncertaintyin a volume rendered
imageis alsocarriedout on a perpixel basis.Thedifferencefrom the previousmethod
is that the differentlevels of texture contrasthave to be createdrst. Eachtextureis
tiled sothatthey areatleastaslarge asthe volumerenderedmage.



For eachcolor pixel of the original volumerendering:

1. Findthematchingpixelin theuncertaintyrendering.

2. Bin theuncertaintyvalueto oneof 5 contrastevels, .

3. Findthecorrespondingixel from texturemap .

4. Adjustthebrightnesof the original pixel to thatobtainedfrom thetexture map.

Theexamplein Figure 18 usesa sandstonéextureto alterthe original volumeren-
dering.Figures8 and9 shav the sandstongexture at 2 of the 5 differentuncertainty
levels.In our experimentswe foundthat5 levels of contrastto representlifferentun-

certaintylevelswassufcient. Beyond>5 levels,it wasdif cult to distinguishadditional
levelsof uncertainty

Fig. 8. Low uncertaintytexture. Fig. 9. High uncertaintytexture.

6 DISCUSSIONAND CONCLUSION

We have describedsomeexperimentson how one might include volumetric uncer
tainty informationin a volume rendering.They can be classi ed as either inline or
post-processOf course,one canalsousea pre-procesapproachwherethe two vol-
umesare rst combinedto producea single scalarvolume. Different strategjies may
be employedto combinethe two volumes.For example,onecanperforma point wise
multiplication of thetwo elds andvolumerenderthe result.In this caseJow values
would indicateeitherlow datavalue,low uncertaintyvalue,or both. Corverseis true
for high values.We did not experimentwith this approactbecausét would bedif cult
to distinguishbetweerdataanduncertaintyvaluesin theresultingimages.

One can argue which is the betterapproachinline or post-proces® The inline
methodhastheadwantagethattheuncertaintyinformationis integratedinto thevolume
renderingcalculation,taking into accounttheir 3D positionswithin the volume, and
hencetheresultsaremorefaithful. Ontheotherhand,moreresearctis neededo design
transferfunctionsthat will unambiguouslyshav the uncertaintyinformationtogether
with thedatavalues.Thepost-procesapproacthasthe advantageof producingimages
thatintuitively show the locationsandextent of uncertaintyin the volumerenderings.
However, it is not asfaithful to the datain the sensehatthe uncertaintypresentations



arereallyjustimageembellishmentsnthevolumerenderingof the data.For example,
if thereis aregion of high uncertaintyembeddedvithin the volume,the post-process
approachdoesnot accuratelycapturethe interactionof this region of uncertaintywith
thecorrespondingmbeddediatavalues.

In this paper we applieddifferentideasof incorporatinguncertaintyinto volume
renderingusingthe datasetfrom oceanmodeling.Of course the techniquesreappli-
cableto datasetsfrom otherdomainsaswell. Someof the questionsseekingfurther
researchnclude:How mary levels of uncertaintyarenecessarandcanoneperceve?
What transferfunction bestcombinesdataand uncertainty and perhapsheir deriva-
tives?And if one hasa probability distribution function at eachvoxel, suchas the
Monte-Carloensemblehow doesone go aboutvisualizing sucha dataset?Finally,
while volume renderingdoesnot produceary geometryto be renderedjt doespro-
ducederived datain its renderingpipeline. Thesederived data,when combinedwith
the uncertaintyinformation, can also be usedto depictuncertaintyinformation[10].
This approactshouldalsobeinvestigatedurther.
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(A) Transferfunction (B) Salinity (C) Temperature

Fig. 10. High contrastransferfunction.
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Fig. 11. Thescattemplotin Figure5 is usedasa 2D transferfunction. Good(low uncertaintydata
with low valuesare mappedo green,while gooddatawith high valuesaremappedo red. Rest

aremappedo gray
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Fig. 12. The 2D transferfunctionidenti es 5 regionsinsteadof just 2.



Fig. 13. Surfacetemperature. Fig. 14. Renderingof meansalinity.

Fig. 15. Renderingwith speckles. Fig. 16. Largerspeckleemphasizéioles.

Fig. 17.Noisein high uncertaintyareas. Fig. 18. Textureis anotheroption.



