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Abstract
We describetwo techniquesfor renderingisosurfacesin multiresolutionvolumedata such that the uncertainty
(error) in the data is shownin the resultingvisualization.In general the visualizationof uncertaintyin data is
dif�cult, but thenature of isosurfacerenderingmakesit amenableto an effectivesolution.In additionto showing
theerror in thedatausedto generatetheisosurface, wealsoshowthevalueof an additionaldatavariateon the
isosurface. Theresultscombinemultiresolutionanduncertaintyvisualizationtechniquesinto a hybrid approach.
Our techniqueis appliedto multiresolutionexamplesfromthemedicaldomain.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.6 [ComputerGraphics]:MethodologyandTech-
niquesI.3.8 [ComputerGraphics]:Applications

1. Intr oduction

With theexceptionof geographicinformationsystems(see,
for example,HunterandGoodchild6), therehasnot beena
largeamountof researchinto identifyingandvisualizingthe
uncertaintyin data.Recently, however, researchersin other
�elds have begunto addressthis issue.For example,Lodha
andPanghave experimentedwith visualizinguncertaintyin
vector�elds 9; 10; 12; 14; 15, andCignonietal. 3 havedeveloped
a tool, Metro, for visualizing meshsurfaceapproximation
error. In addition to the very dif�cult problemof identify-
ing andmaintainingtheerroritself, it is alsoverydif�cult to
presentthaterror to theuserin aneffective andmeaningful
form.

Incorporating uncertainty into any visualization requires
renderingat leastoneadditionalvariate(actuallywe need
to addonenew variatefor eachvariatethat hasits own er-
ror measure).Althoughmany innovativemultivariatevisual-
ization techniqueshave beendevelopedin recentyearsand
somehave proven useful in somesituations,this is a chal-
lengingproblemwhich is exacerbatedby theenormoussize
of modernscienti�c data.

In principal, we would like to incorporatethe uncertainty
information into the datavisualization.Whenthe error in-
formationis locally de�ned (i.e., it hasaboutthesameres-
olution as the data),this approachusually resultsin some
form of degradationin thedisplayof thedataitself. Witten-

brink et al. 15 call theseoverloadingtechniques(asopposed
to their glyph-basedtechniquewhich they call verity visu-
alization). Cedilnik andRheingans2 useannotationswith a
visualizationin orderto reducethedistractioncausedby the
error visualization.In order to be most effective, it is im-
portantthat theuserhave theability to turn theuncertainty
visualizationonandoff interactively. With uncertaintyvisu-
alizationdisabled,theuseris likely to have thebestchance
of understandingthe fundamentalnatureof the data.After
enablingtheuncertaintyvisualization,theusercannow get
anunderstandingof theerrorin thedata.

1.1. Multir esolutionData

Onemajorreasonfor therelatively low emphasisplacedon
uncertaintyvisualizationin the past is that uncertaintyin-
formationis seldomavailableexceptin very abstractforms.
With the growing interestin the generationof coarsereso-
lution approximationsto a largedataset,explicit errorinfor-
mation is more readily available.Creatingmultiresolution
dataoften introducesadditionalerror into thedata,but it is
oftenrelatively easyto measurethis new errorandit is usu-
ally signi�cantly greaterthanthe error in the original data.
Consequently, we canexpectto beableto createandaccess
error informationaboutcoarseresolutionsof a multiresolu-
tion datahierarchy. Furthermore,it is particularlyimportant
to incorporateerrorinto thevisualizationof datathatis only
a coarseapproximationto the real data.A scientistneeds
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to know what portionsof a coarseresolutionvisualization
haverelatively low error(andthereforeareanauthenticrep-
resentationof the datain that area)andwhich have a rela-
tively higherror. Therepresentationof thelow errorregions
is likely to bereasonablyauthentic,but thescientistis likely
to wantto visualizeareasof higherroratahigherresolution,
e.g.,anadaptive resolutionvisualization.

1.2. IsosurfaceRendering

Isosurfacerenderingis averygoodcandidatefor addingun-
certaintyvisualization.Renderinganisosurfacewithin avol-
umeof univariatedatais averyeffective techniquefor many
applications.Sinceall thedatabeingvisualizedhasthesame
datavalue,theparticularvaluedoesnot needto beincorpo-
ratedinto thevisualization.Conventionalisosurfacerender-
ing assignsa constantcolor to the verticesof the triangles
thatde�ne theisosurface,andusesstandardlighting models
andGouraudinterpolationto giveasenseof theshapeof the
isosurface.Consequentlythe color (andtexture) parameter
maybeavailablefor visualizingtheuncertainty. It is impor-
tant to realizethat this approachallows us to visualizethe
errorof thedatausedto generatethe isosurfaceratherthan
theerrorbetweenthelow andhighresolutionversionsof the
isosurface.

1.3. Overview

In thispaperwedescribesomeexperimentswith incorporat-
ing anuncertaintyvariateinto isosurfacerendering.Our vi-
sualizationtool is partof abroaderresearcheffort to develop
a formal modelanda supportenvironmentfor dealingwith
large multiresolutionandadaptive resolutiondatasets8; 13.
A fundamentalaspectof this model is the incorporationof
local error measuresinto the datarepresentation.Although
ouruncertaintyvisualizationdoesnotdependonany partic-
ular techniquefor generatingthe volumedata,we startby
describingour wavelet-basedmultiresolutionvolume data
which doesincorporatea meaningfulerror component.We
concludewith somespeci�c examplesof the visual results
of theapproach.

2. Multir esolutionVolumeData

Our motivation for developinga tool for incorporatingun-
certainty into isosurfacerenderingarosefrom our interest
in usingmultiresolutiondatarepresentationfor largescien-
ti�c datasets16; 17. We areparticularly interestedin gener-
atingcoarseapproximationsto a largedatasetthataremore
tractablein termsof sizebut still retainsuf�cient authentic-
ity to beuseful.For this approachto beviable, it is critical
that we provide an estimateof the error that is introduced
into thecoarsedataon a local basis.In principle,every data
point in eachlevel of a multiresolutiondatahierarchy in-
cludesboth dataandan error measureassociatedwith that
data–itsuncertainty. In otherwords,wewantto identify the

regionsof thedatawherethecoarserepresentationis not an
authenticrepresentationof theoriginaldata.

3. IsosurfaceRenderingwith Err or

WehaveextendedthestandardMarchingCubesalgorithm11

to incorporateameasureof theerrorof thedata.Volumedata
pointscontainbothdatavaluesandtheerrorassociatedwith
eachdatapoint. During theMarchingCubesalgorithm,we
computeanerrorassociatedwith eachtrianglevertex by in-
terpolatingbetweenthe error valuesof the associatedcube
vertex errorvalues.We usetheerrorvaluefor eachtriangle
vertex to modify theappearanceof thatportionof theisosur-
face.

3.1. Uncertainty RepresentationusingHue

Theverticesof thetrianglesthatde�ne theisosurfaceareas-
signeda color basedon hue,saturationandbrightnessand
thetrianglesarethenrenderedusinganexternallight source
andGouraudshading.For basicisosurfacerendering(with-
out uncertaintyenabled),all triangleverticeshave thesame
color. Theusermaychooseto maptheuncertaintyto any of
the threecolor parameters(hue,saturationandbrightness),
while leaving theothertwo parameters�x ed.In addition,the
usercaninteractively selectwhatconstantvaluesshouldbe
usedfor theothertwo color parameters.Sincehueis speci-
�ed asananglebetween0 and360,it is clearlynotdesirable
that thefull rangebeused.If it were,the largestandsmall-
esterrorvalueswouldhave thesamehue.Consequently, we
allow theuserto selecttherangeof huesthatshouldbeused
for theuncertainty.

Althoughweallow usersto assigntheuncertaintyrendering
to any of thethreecolor parameters(hue,saturation,bright-
ness),we recognizethat the most reasonablemappingfor
this particularproblemis to mapthe error to the hue.The
brightnesscomponentis neededin orderto effectively rep-
resenttheshapeof the isosurfaceandit is generallyagreed
that we are more sensitive to hue changesthan saturation
changes.In general,the perceptualissuesassociatedwith
colorusagearebeyondthescopeof thispaper.

3.2. Uncertainty RenderingusingTexture

Wehavedevelopedaseconderrorvisualizationmethodthat
usestexture to show regions of the isosurface with high
uncertainty. Texturesandtexture hardwarehave beenused
by variousresearchersasan aid to datavisualization1; 3; 7.
Theseapproacheseitherusetexture hardwareto accelerate
visualization,or rely heavily on thecolor componentof the
texturesfor their visual effects.Our approach,on the other
hand,doesnot usehue as part of the texture, so that it is
availablefor visualizinganothervariateon theisosurface.

Our implementationusesasecondtexturesurfacewhichen-
velopsthe original isosurface,but is slightly offset from it.
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A stippletexture is mappedto this surface,andtheopacity
is variedaccordingto theuncertaintyof thedata.Thatis, the
texture will be mostvisible in areaswith high uncertainty,
but absentor faintwhereuncertaintyis low.

Figure4 left, shows therelationshipbetweencolor andtex-
turevisualization.Thetoprow simplyshowsasetof typical
hues.Themiddlerow shows a textureimposedover a green
surface.Thetexturebecomesincreasinglyvisibleasthetiles
progressto the right. Notice that the underlyinggreencan
still be seen,even in the rightmosttile. In the bottomrow,
the hue of eachtile variesas in the top row, but now we
have imposedthe texture aswell. The texture becomesin-
creasinglyvisible aswe progressto theright. In eithercase,
both the texture and underlyinghue are suitablefor visu-
alizing distinctvariates.For example,with CFD simulation
data,we might usethepressurevariateto computethe iso-
surface,maptheerrorof thepressureto the texturesurface
andrenderthetemperaturevariateto thesurfacehue.

4. Experimental Results

Our isosurfacesoftwareis implementedin Java andis built
on the VisAD system4; 5 which usesJava3D for rendering.
Figures1 through3 wererendereddirectly in this system.
Theremaining�gures wererenderedin a separateprogram
using gl4java (http://www.jausoft.com/gl4java.html) since
weneededalower-level API to implementthetexture-based
errorvisualization.

For thesetests we used a CAT scan of a cadaver head
courtesyof North CarolinaMemorialHospitalandSiemens
MedicalSystems,Inc., Iselin,NJ.Theoriginaldatais 113�
256� 256. For the convenienceof the wavelet transform,
we appended15 slicesof paddingto geta 128� 256� 256
dataset.Wethenapplieda2D Haarwaveletto eachsliceand
threesuccessive3D Haarwaveletsto geta4 level hierarchy.
Figure1 left, showsanisosurfacerenderingof the1283 rep-
resentationfor the isovalue0.185(a skin value).The next
two coarserresolutionsof the skin isosurfaceareshown in
Figure1 middle, (643) andFigure1 right, (323). It is clear
thatthesurfaceshown in Figure1 middle, is coarserthanthat
shown in Figure1 left, but theoverall impressionsof thetwo
surfacesarevery similar. Figure1 right, however, shows a
substantiallossof accuracy of thesurface.Hencethesethree
resolutionsserveasausefulbasisfor comparison.

4.1. Uncertainty Mapped to Hue

Figure2 left, showstheskinvalueisosurfaceof the1283 res-
olution representationwith constantsaturationand bright-
nessanduncertaintymappedto the rangeof huefrom 144
degrees(green)down to 0 degrees(red). In other words,
greenrepresentslow uncertaintyand red high uncertainty.
The error associatedwith the 1283 datasetis very low and
this is re�ectedin thevisualization.At normalscalenohigh
error areasarevisible althoughat very high magni�cation

it is possibleto seesomevery light pink areasaroundthe
mouth region. Figure 2 middle, shows the uncertaintyvi-
sualizationof the 643 datasetusing the samevisualization
parametersasFigure2 left. Heremoreerror is readily dis-
cernibleasreddishareasaroundthemouth,eyes,andfore-
head.Figure2 right, shows the323 resolutiondatawith the
samevisualizationparameters.As wewouldexpect,thereis
obviously increasederrorin many areasof theisosurface.

It is not clearwhatrangeof errormight beexpectedfor dif-
ferentkindsof inputdataandsoit is alsounlikely thatthere
is a singleidealmappingof error to color. Figure3 middle,
andFigure3 right, show the 643 and323 datasetswith a
narrower huerange(108to 0) intendedto accentuatetheer-
ror while maintainingredasthecolorof thehighesterror.

In addition to the MR isosurfacerendererwe have shown
here,we have incorporatedthis techniqueinto a systemfor
creatingandrenderingadaptive resolutionrepresentations8.
Figure3 left, showsa resultof thatwork.

4.2. Uncertainty Mapped to TextureOpacity

Thelastseveral �gures show our texturebasederrorvisual-
ization method.Figure4 middle, shows the skull datawith
errormappedto texturetransparency. Regionsof high error
canbe seenabove the earandproceedingleft towardsthe
forehead.Figure4 right, demonstratestheuseof texturevi-
sualizationof errorwhile hueis mappedto anothervariate.
For this example,we generateda syntheticvariatebasedon
polygonnormalsto demonstratethetechnique.It is dif�cult
to seethe texture in a small picture,but we provide an en-
largementof the foreheadareain Figure5. The texture vi-
sualizederror canbe clearly seeneven thoughit interferes
minimally with theaccuratevisualizationof thesecondsyn-
theticvariate.

4.3. Err or Visualization Performance

We ran our tool on a dual processor800MHz Mac OS X
machineusinga GeForce3 graphicscardthathas64MB of
memory. This tool assemblesthe isosurfacepolygonsinto
an OpenGLdisplay list, which is thenusedfor rendering.
Therefore,the computationsfor error visualizationoccur
only once.Suchanapproachworkswell for staticdataand
takesadvantageof thegraphicscard,whichalsoimpactsper-
formance.Table1 showstheperformancein FPSof bothhue
and texture basederror visualizationmethodsfor different
datasetsizes.Sincethetexture-basedtechniquedoublesthe
numberof polygonsrendered,speedis roughlyhalvedwhen
comparedto the hue basedmethod.On modesthardware,
weachievemarginally interactivespeedsevenwith the1283

datasetusingthetexture-basedmethod.

5. Conclusionsand Futur eResearch

Isosurfacerenderingof multiresolutiondatais anidealcan-
didatefor includinguncertaintyvisualization.The incorpo-
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originaldata Err Vis Err Vis
size with Hue with Texture

323 136.1 65.9

643 31.5 14.9

1283 6.5 1.7

Table1: Sampleframeratesfor theerror visualization.

ration of the uncertaintyinto the visualizationusing color
is relatively straightforwardandprovideseffective feedback
aboutwherethe visualizationis unreliablewithout detract-
ing signi�cantly from thedatavisualization,especiallyin ar-
easof low uncertainty. Texturebasedvisualizationof uncer-
tainty hastheadditionalbene�t of makingthesurfacecolor
availablefor the visualizationof anothervariate.In the fu-
ture we intend to incorporateuncertaintyinto more com-
plex visualizationtechniques,suchasdirectvolumerender-
ing (DVR) and�o w visualization.

Acknowledgements

The researchreported here is supportedin part by the
NationalScienceFoundation,grantsIIS-9871859and IIS-
0082577. We also thank the Austrian KPlus program
(www.kplus.at)for their �nancial support.

References

1. I. Boada,I. Navazo,andR. Scopigno.Multiresolution
VolumeVisualizationwith aTexture-BasedOctree.In
The Visual Computer, volume 17(3), pages185–197.
Springer, 2001. 2

2. A. Cedilnik andP. Rheingans. Proceduralannotation
of uncertaininformation. In ProceedingsVisualization
2000, pages77–84.IEEE ComputerSocietyTechnical
CommitteeonComputerGraphics,2000. 1

3. P. Cignoni,C.Rocchini,andR.Scopigno.Metro:Mea-
suringErroronSimpli�ed Surfaces.ComputerGraph-
icsForum, 17(2):167–174,1998. 1, 2

4. W. Hibbard. ConnectingPeopleto Computationsand
Peopleto People. ComputerGraphics, 32(3):10–12,
1998. 3

5. W. HibbardandD. Santek.Interactivity is theKey. In
Proceedingsof the ChapelHill Workshopon Volume
Visualization, pages39–43,May 1989. 3

6. G. J. HunterandM. F. Goodchild. ManagingUncer-
tainty in SpatialDatabases:PuttingTheory into Prac-
tice. In URISAProceedings, volume 1, pages1–14,
Atlanta,Georgia,1993. 1

7. E.C.LaMar, B. Hamann,andK. I. Joy. Multiresolution
Techniquesfor InteractiveTexture-basedVolumeVisu-
alization. In David Ebert,Markus Gross,and Bernd
Hamann,editors,IEEE Visualization'99, pages355–
362,SanFrancisco,1999.IEEE. 2

8. R. S. Larameeand R. D. Bergeron. An Isosurface
Continuity Algorithm for SuperAdaptive Resolution
Data. In JohnVince andRaeEarnshaw, editors,Ad-
vancesin Modelling, Animation,andRendering:Com-
puter GraphicsInternational(CGI 2002), pages215–
237,Bradford,UK, July 1-5 2002.ComputerGraphics
Society, Springer. 2, 3

9. S. K. Lodha,A. Pang,R. E. Sheehan,andC. M. Wit-
tenbrink. UFLOW: Visualizing Uncertaintyin Fluid
Flow. In IEEE Proceedingsof theConferenceon Visu-
alization, pages249–254,Los Alamitos, October27–
November1 1996. 1

10. S. K. Lodha,C. M. Wilson, andR. E. Sheehan.LIS-
TEN: SoundingUncertaintyVisualization. In Roni
YagelandGregory M. Nielson,editors,IEEE Visual-
ization'96, pages189–196.IEEE,1996. 1

11. W. E. LorensenandH. E. Cline. MarchingCubes:a
High Resolution3D SurfaceConstructionAlgorithm.
In SIGGRAPH'87 ConferenceProceedings(Anaheim,
CA, July 27–31, 1987), pages163–170. Computer
Graphics,Volume21,Number4, July1987. 2

12. A. PangandJ. Furman. DataQuality Issuesin Visu-
alization. In SPIEproceedingson Visual Data Explo-
ration andAnalysis, volume2178,pages12–23,1994.
1

13. P. J.Rhodes,R. D. Bergeron,andT. M. Sparr. A Data
Modelfor DistributedMultiresolutionMultisourceSci-
enti�c Data. In G. Farin, H. Hagen,andB. Hamann,
editors,Hierarchical andGeometricalMethodsin Sci-
enti�c Visualization, Heidelberg, Germany, 2002. 2

14. Q. Shen,A. Pang,andS. Uselton. DataLevel Com-
parisonof Wind TunnelandComputationalFluid Data
DynamicsData. In Proceedingsof the IEEE Confer-
enceonVisualization, pages415–418,1998. 1

15. C.M. Wittenbrink,A. T. Pang,andS.K. Lodha.Glyphs
for Visualizing Uncertainty in Vector Fields. IEEE
TransactionsonVisualizationandComputerGraphics,
2(3):266–279,September1996. 1

16. P. C. Wong and R. D. Bergeron. Authenticity Anal-
ysis of Wavelet Approximationsin Visualization. In
Proceedingsof the IEEE Conferenceon Visualization.
IEEE,1995. 2

17. P. C. WongandR. D. Bergeron. PerformanceEvalua-
tion of MultiresolutionIsosurfaceRendering. In Pro-
ceedings,Dagstuhl '97 Scienti�c Visualization, pages
332–341.IEEEComputerSocietyPress,2000. 2

c TheEurographicsAssociation2003.



P. J. Rhodes,R.S.Laramee, R.D. Bergeron,T. M. Sparr/ UncertaintyVisualization

Figure 1: Threeisosurfacescorrespondingto skin,isovalue0.185,with uncertaintydisabled:(left) 1283, (middle)643, (right)
323

Figure 2: ThethreeisosurfacesfromFigure 1 with uncertaintymappedto huein therange (144,0): (left) 1283, (middle)643,
(right) 323

Figure3: (left) Anadaptiveresolutionisosurfacecorrespondingto bone, isovalue0.378,with uncertaintymappedto huein the
range (144,0), (middle)uncertaintymappedto huein therange (108,0), 643, (right) uncertaintymappedto huein therange
(108,0), 323
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Figure4: (left) A) Varyinghueonly, B) Textureof increasingopacityoverconstanthue, C) Increasingopacityovervaryinghue
(middle)Error mappedto texture opacityover a constanthue, (right) Error mappedopacityover a huemappedto a synthetic
variate

Figure 5: A closeup of theforeheadregion fromFigure 4, right. Thetexture canbeclearly seen,but interferesminimallywith
theunderlyinghue.
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