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Abstract. Thispaperexplorestwo generalmethodsfor incorporatingvolumetric
uncertaintyinformationin direct volumerendering.Thegoal is to producevol-
umerenderedimagesthatdepictregionsof high (or low) uncertaintyin thedata.
The�rst methodinvolvesincorporatingtheuncertaintyinformationdirectly into
thevolumerenderingequation.Thesecondmethodinvolvespost-processingin-
formationof volumerenderedimagesto compositeuncertaintyinformation.We
presentsomeinitial �ndings onwhatmappingsprovide qualitatively satisfactory
resultsandwhatmappingsdo not.Resultsareconsideredsatisfactoryif theuser
canidentify regionsof high or low uncertaintyin the renderedimage.We also
discusstheadvantagesanddisadvantagesof bothapproaches.

1 INTRODUCTION

Visualizationis usedfor gaininganunderstandingof largeamountsof datain a short
periodof time.Scienti�c datasetsoftenhaveassociatedwith themameasureof quality,
reliability or uncertaintywhichalsoneedsto bemadeapartof thevisualoutput.

Uncertaintycanbe causedby many factorsin the datacollectionandprocessing:
from unreliableinstrumentationandproblemsin transportation,to errorscausedby the
interpolationandmodelingalgorithms.While theseerrorscansometimesbeignored,it
is importantto alerttheusersto thetrustworthinessof theimageuponwhich they need
to makea decision.

While theuncertaintyis anessentialpartof thedata,it hasoftenbeenignoredwhile
processingor displaying.This canbemisleadingto theuserunawarethatpartsof the
datasetcontainunreliableinformation.For accurateinterpretationit is importantto dis-
playtheoriginaldatatogetherwith its uncertainty. Uncertaintyvisualizationtechniques
presentdatain sucha mannerthatusersaremadeawareof thelocationsanddegreeof
uncertaintiesin their datasoasto makemoreinformedanalyses.

In thispaperweconcernourselveswith uncertaintyvisualizationusingoneparticu-
lar renderingmethod,namelydirectvolumerendering.Wepresenttwo generaloptions:
onewhich is calculatedat therenderingtime andpresentedaspartof thevolumeren-
deringof theprimaryvalue,which we call inline processing;andonewhich combines
the volume renderingsof the primary value and of the uncertaintyvalue as a post-
processingmethod.

2 BACKGROUND

Visualizinguncertaintyis a recognizedchallengein thevisualizationcommunity, and
recently, morevisualizationresearchhave focusedon this area.For example,Cedilnik



and Rheingans[1] looked at different ways of imparting uncertaintyover 2D �elds
usingproceduralmethodsto distort overlaid grid lines, Interrante[3] discussedhow
onemight usenaturaltexturesover a mapto show uncertainty, Djurcilov andPang[2]
lookedat differentwaysof incorporatinguncertaintyinformationin contourlinesand
isosurfacesof sparsedatasets,Wittenbrinket al. [11] includeduncertaintyin direction
anduncertaintyin magnitudeinto glyph designs,andPanget al. [7] describedsome
generalmethodsfor incorporatinguncertaintyinto visualdisplays.

The approachesabove involve somemodi�cation of how the datais represented,
and throughthis modi�cation, impart the uncertaintyinformation.The modi�cations
aretypically appliedto geometricprimitivesandattributessuchasgrid lines,contour
lines,glyphs,andtextures.Unfortunately, volumerenderingdoesnotproduceany inter-
mediategeometricprimitivesthatcouldbemodi�ed in orderto representuncertainty.
Therefore,thispaperexploresdifferentalternativetechniquesfor includinguncertainty
informationdirectly in volumerenderings.

3 DATA WITH UNCERTAINTY

3.1 Oceandata and dynamical model

DuringJulyandAugustof 1996,oceandatawerecollectedin theMiddle AtlanticBight
(MAB) southof New England,aspartof the“ONR ShelfbreakPRIMERExperiment”
[6]. Thedominantdynamicalfeaturein theMAB consistsof a temperatureandsalinity
front, separatingtheshelfandslopewatermasses.This front is oftenlocatedabovethe
shelfbreak,nearthe100m isobath(seeFigure13). It is usuallytilted, in theopposite
directionof thebottomslope.Themainobjectivewasto studythein�uence of oceano-
graphicvariability on the propagationof soundbetweenthe shelf andsloperegions.
Intensive cruisesurveys werecarriedout daily in a 45 km by 30 km domainbetween
the85m and500m isobaths.

Thephysicalvariablesor �elds arethetemperature,salinity, velocity andpressure.
They are dynamicallyevolved by the numericaloceanmodel of the Harvard Ocean
PredictionSystem[8]. Atmospheric�ux esbasedonbuoy dataareimposedin surface.

3.2 Uncertainty forecasts

To dynamicallyevolve thephysicaluncertainty, anError SubspaceStatisticalEstima-
tion (ESSE)scheme[5] is employed.Thisschemeis basedonareductionof theevolv-
ing error statisticsto their dominantcomponentsor subspace.Presently, statisticsare
measuredbasedon a varianceor least-squarescriterion[9]: a subspaceis thencharac-
terizedby thedominanteigendecompositionof a covariancematrix. Theobjective is
thento dynamicallyforecasttheprincipalcomponentdecompositionof theuncertainty
of thephysical�elds.

In thepresentMAB case,theseerrorprincipalcomponentsareinitializedcombining
dataanddynamics.To accountfor nonlinearities,they areforecastby anensembleof
Monte-Carloforecasts.

In thevisualizationspresentedhere,only temperatureandsalinityuncertaintyfore-
castsareused.However, sincephysical�elds arecoupled,theeffectsof velocityerrors



areincludedin theseforecastsandaccurateestimatesof temperatureandsalinityerrors
canthusbeobtained.

As a�rst endeavor, weutilize thevariancesof theMonte-Carloensembleasascalar
representationfor uncertaintyat eachpoint.

4 INLINE APPROACH

Theclassicvolumerenderingequationis:
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is the color emissionfunction and ) the differentialopacityfunction.Equation(1)
calculatesanintegratedcolor for eachpixel by summingupopacityweightedemittance
values.Oneform or anotherof thisequationis usedto generatevolumerenderedimages
of 3D scalar�elds. Becausethedatasetgenerallyconsistsof a singlescalar�eld, the
samescalar�eld is usedto determineboththeopacityandthematerialemittancevalues.
This is typically achievedby transferfunctionsthatmapthescalardatavalueto both
opacityandcolor.

Becauseour uncertaintyis alsorepresentedasa 3D scalar�eld, we have the op-
portunityto map�eld valuesto coloranduncertaintyvaluesto opacity, andexperiment
with differenttransferfunctions.We referto this approachas“inline” in thesensethat
theuncertaintyinformationis directly incorporatedinto the renderingprocess.In this
section,wedescribetwo inline experiments.

4.1 1D Transfer Functions

In thisexperiment,wemappedsalinityvaluesto
�

anduncertaintyvaluesto ) . Wethen
usea 1D transferfunction to separatelymapthe salinity anduncertaintyvalues.We
experimentedwith a transferfunction that mapsincreasinguncertaintyto increasing
opacity, andcompositedthe 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 show a volumerenderingof theuncertaintyin the
salinity �eld. Figure2 mapsuncertaintyvaluesabove0.2 to high opacityvalues,while
Figure3 mapsuncertaintyvaluesabove 0.5 to high opacityvalues.High uncertainty
regionsshow up asa bluishcloud.Dark regionshave lower uncertainty. We notethat
mostof theuncertaintyliesalongthesalinity front on topof theshelfbreak.

Onecanmapuncertaintyto opacityin anumberof ways.In thisexperiment,wemapped
higher uncertaintyvaluesto higher opacity values.Field valuessuchas salinity and
temperatureare mappedto color. A black backgroundwith white grid lines is used
to accentuatethe fact that moretransparentregionshave lower uncertainty. Note that



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

regionswith low uncertaintydo not automaticallyproducemore transparentregions
becauseof the potentialocclusionwith accumulatedopacitiesfrom differentviewing
angles.

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

Fig.4. (A) Shows thetransferfunctionfor boththe�eld valuesanduncertaintyvalues.All values
havebeennormalizedto lie between0 and1.Theincreasingwhitecurvemapshigheruncertainty
to higheropacity. (B) Volumerenderingof themeansalinity�eld mappedto coloranduncertainty
in salinity mappedto opacity. (C) Volumerenderingof the meantemperature�eld mappedto
coloranduncertaintyin temperaturemappedto opacity.

Onecanalsoexperimentwith anincreasinguncertaintyto decreasingopacitymap-
pingsothattheregionsof uncertaintyshow upastransparentregionsratherthanopaque
regions.Thechoiceof mappingincreasing/decreasingopacityseemsto dependon the
volumedatato be studied.Looking at the uncertaintyof the temperature�eld alone
con�rms that, indeed,the regionsof high uncertaintyin the right columnsof Figures
4 and10 (color plate)arein thegreenishopaqueregions.On theotherhand,the �ne
structuraldetailsin the uncertainty�eld arewashedout andlost in the resultingren-
dering.In addition,thereis someambiguityin interpretingtheimage.Theambiguities
canbeattributedto anumberof factorsincludingvaryingthicknessof thevolumefrom
a givenviewpoint, thedepthwithin a volumeof a region of high uncertainty, interac-
tion of thecolor andopacitycompositing.The imagein Figure10 is similar to Figure



4 exceptthatwe useda transferfunctionwhich producesmorecontrastbetweenhigh
andlow uncertaintyregions.We alsoremovedthewhite grid lines to seeif it is better
without themor 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 showing
the distribution of meansalinity versusuncertaintyin salinity. We usethis 2D scatter
plot asthebasisfor our transferfunction,mappingdifferentregionsof thescatterplot
to differentcolorvalues.Figures11and12show different2D transferfunctionsandthe
correspondingvolumerenderedimagesof thecombinedsalinityanduncertainty�elds.

data

uncertainties

Fig.5. Scatterplot of meansalinity (Y-axis) versusuncertainty(X-axis). Meansalinity values
increasetowardsthebottom,while uncertaintyvaluesincreasestowardstheright.

Unlike 1D transferfunctionswherewe mappeduncertaintyto opacity, 2D transfer
functionsprimarily usecolor to show regionswith varying uncertainty. For example,
themiddle imagesof Figures11 and12 (color plate)usea constantopacityregardless
of uncertainty. However, opacitycanbeusedto alsoemphasizeor de-emphasizeuncer-
tainty. For example,theright imagesof Figures11and12useastepfunctionthatmaps
low uncertaintydatato analmosttransparentvalue,andhigh uncertaintydata(greater
than0.2,asin Figure2) to highopacity. Theresultis avolumerenderingof thesalinity
data,but with obviousstructuralfeaturesshowing the locationof thehigh uncertainty
regions.In Figure12 blueandcyanregionshave higheruncertainty. Middle andright
imagesusethe sameuncertaintyto opacitymappingas the correspondingimagesin
Figure11.

5 POST-PROCESSAPPROACH

Dueto theuseof transparency, imagesproducedby volumerenderingalgorithmshave
a soft andsmoothquality to them.This aspectlendsitself into exploring the useof
discontinuityasa meansof representinguncertainty. We usediscontinuityin several
waysby introducingspeckles,noiseandtextureasoptionsusedin post-processingof
animageto highlightareaswheredatais uncertain.



5.1 Inserting Speckles/Holes

This taskis accomplishedin severalsteps:

1. Producea standardvolumerenderingof the�eld values(seeFigure14).
2. Producea grayscalevolumerenderingof uncertaintyvaluesfrom thesameview-

point (seeFigure6). Note that convertinga color volumerenderingof the uncer-
tainty �eld to grayscalewill notproducethesamedesiredeffect.

3. Dither thegrayscalerenderinginto a blackandwhite bitmapimagewith inverted
values(seeFigure7).Thepurposeof thisstepis to createarenderingin whicheach
blackdotwill bearepresentationof uncertaintyin thatneighborhood.Thedithering
itself makessurethatthedotsareevenlydistributedandvisuallypleasing.

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

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

Figure15showstheoutcomeof theoperations1 to 4 - animagein whichthevolume
renderingof the primary datavalueis modi�ed to show pixel-sizedholesin areasof
highuncertainty. Theuseris still ableto grasptheoverallstructureof theprimaryvalue
throughoutthedataset,andyethasanunderstandingof wherethedatais unreliable.

Onepossiblepitfall of this methodis thatat a distancethesmall holesmayblend
into the imageandcausethe volumerenderingto appeardarker in regionswith high
error. Thismaybeundesirableandcanbeimprovedby increasingthesizeof theholes,
thusmakingit moreapparentthatthedisturbanceis notacoloringartifact,but indeedan
intendedfeatureof theimage.Weshow onesuchexamplein Figure16wheretheholes
areincreasedfour-fold in orderto emphasizetheuncertainty. This imagewasproduced
by �rst sub-samplingthevolumerenderingof theuncertaintyvalues(outputof step2)
by a factorof four, thenproceedingwith thedithering,afterwhichtheimageis brought



backto its original sizeandmultiplied asin step4. The end-resultis an imagewhere
theholesarefour pixelslarge.

We would like to point out that in theseexampleswe have usedblack to color the
holesandmatchthebackgroundcolor. It wouldbeupto theuserto decidethechoiceof
color for thespeckles,but we recommendblackasanintuitive choicefor representing
holes.

5.2 Adding Noise

Noiseseemsa naturaloption for conveying uncertainty- our mindseasilyacceptthe
ideathata picturecontainingnoiseis lessreliablethana clearone.Noisealsohasthe
convenientpropertythat it can be introducedinto an imagewithout worry for side-
effects,asits randomnatureeliminatesany possibilityfor artifactsappearingasregular
patterns.

We applythis ideato thevolumerenderedimagesby selectively disturbingtheim-
agesin theareaif high uncertainty. Theoutput(seeFigure17) shows how randomized
colordotscanbeaddedto anarea,thuscausingit to appearunevenandfuzzy.

Thepseudocodefor thealgorithmis quitesimple.
For eachcolor pixel of theoriginal volumerendering:

1. Find thematchingpixel in theuncertaintyrendering.
2. Rescaletheuncertaintygrayshadevalueto between� .. � . � is theprobabilitythat

theoriginal color will bechanged.
3. Replacetheoriginal colorpixel with a randomcolorwith probability � .

This algorithmensuresthat the areaswith high uncertainty(lighter gray shades)
on theuncertaintyimagearetranslatedinto regionswith highernumbersof disturbed
pixels in the original rendering.The useof probability allows a portion of the pixels
to retaintheir original color evenin areasof high uncertainty, sothat theoverall color
context is not lost. In our experiments,we foundthatsetting � to 20 produceda desir-
ableeffect. This will preserve at least80% of the original color pixel values,andyet
introduceenoughnoisein high uncertaintyareas.An alternative schemeis to usethe
uncertaintyvalueasanamount(ratherthanasaprobability)to changetheoriginalcolor
valuein colorspace.

5.3 Adding Texture

Similarly to thepreviousoption,we explore theuseof texturesin thepost-processing
context. Weuse2D grainy,grayscaletextureswith varyingintensityorcontrastlevelsto
representdifferentlevelsof uncertainty. Low contrastrepresentslow uncertainty, while
high contrastrepresentshigh uncertainty. We thenusethe texturebrightness(valuein
HSV space)to alter the brightnessof the original color image(valuein HSV space).
Naturally, in areasof very low or nouncertaintywe donotapplyany modi�cations.

The algorithmfor addingtexturesto representuncertaintyin a volume rendered
imageis alsocarriedoutona per-pixel basis.Thedifferencefrom thepreviousmethod
is that the different levels of texture contrasthave to be created�rst. Eachtexture is
tiled sothatthey areat leastaslargeasthevolumerenderedimage.



For eachcolor pixel of theoriginal volumerendering:

1. Find thematchingpixel in theuncertaintyrendering.
2. Bin theuncertaintyvalueto oneof 5 contrastlevels, � .
3. Find thecorrespondingpixel from texturemap � .
4. Adjust thebrightnessof theoriginalpixel to thatobtainedfrom thetexturemap.

Theexamplein Figure18usesa sandstonetextureto altertheoriginal volumeren-
dering.Figures8 and9 show the sandstonetextureat 2 of the5 differentuncertainty
levels.In our experiments,we foundthat5 levelsof contrastto representdifferentun-
certaintylevelswassuf�cient. Beyond5 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 information in a volume rendering.They can be classi�ed as either inline or
post-process.Of course,onecanalsousea pre-processapproachwherethe two vol-
umesare �rst combinedto producea single scalarvolume.Differentstrategies may
beemployedto combinethetwo volumes.For example,onecanperforma point wise
multiplication of the two �elds andvolumerenderthe result.In this case,low values
would indicateeitherlow datavalue,low uncertaintyvalue,or both.Converseis true
for highvalues.We did notexperimentwith thisapproachbecauseit wouldbedif�cult
to distinguishbetweendataanduncertaintyvaluesin theresultingimages.

One can argue which is the betterapproach:inline or post-process? The inline
methodhastheadvantagethattheuncertaintyinformationis integratedinto thevolume
renderingcalculation,taking into accounttheir 3D positionswithin the volume,and
hencetheresultsaremorefaithful.Ontheotherhand,moreresearchis neededto design
transferfunctionsthat will unambiguouslyshow the uncertaintyinformationtogether
with thedatavalues.Thepost-processapproachhastheadvantageof producingimages
that intuitively show the locationsandextentof uncertaintyin thevolumerenderings.
However, it is not asfaithful to thedatain thesensethat theuncertaintypresentations



arereally just imageembellishmentsonthevolumerenderingof thedata.For example,
if thereis a region of high uncertaintyembeddedwithin thevolume,thepost-process
approachdoesnot accuratelycapturethe interactionof this region of uncertaintywith
thecorrespondingembeddeddatavalues.

In this paper, we applieddifferentideasof incorporatinguncertaintyinto volume
renderingusingthedatasetfrom oceanmodeling.Of course,thetechniquesareappli-
cableto datasetsfrom otherdomainsaswell. Someof the questionsseekingfurther
researchinclude:How many levelsof uncertaintyarenecessaryandcanoneperceive?
What transferfunction bestcombinesdataanduncertainty, andperhapstheir deriva-
tives?And if one hasa probability distribution function at eachvoxel, suchas the
Monte-Carloensemble,how doesonego aboutvisualizing sucha dataset?Finally,
while volumerenderingdoesnot produceany geometryto be rendered,it doespro-
ducederived datain its renderingpipeline.Thesederived data,whencombinedwith
the uncertaintyinformation,canalsobe usedto depictuncertaintyinformation [10].
Thisapproachshouldalsobeinvestigatedfurther.
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(A) Transferfunction (B) Salinity (C) Temperature

Fig.10.High contrasttransferfunction.
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Fig.11.Thescatterplot in Figure5 is usedasa2D transferfunction.Good(low uncertainty)data
with low valuesaremappedto green,while gooddatawith high valuesaremappedto red.Rest
aremappedto gray.
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Fig.12.The2D transferfunctionidenti�es 5 regionsinsteadof just2.



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

Fig.15.Renderingwith speckles. Fig.16.Largerspecklesemphasizeholes.

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


