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ABSTRACT

Adaptive, and especiallyview-dependentyolume visual-
ization is usedto display large volume data at interac-
tive frameratespreservinghigh visual quality in speci ed
or implied regions of importance. In typical approaches,
the error metrics and re nement oraclesusedfor view-
dependentenderingarebasedn viewing parametersnly.
Theapproactpresentedh this paperconsidersiewing pa-
rametersand parametergor dataexplorationsuchasiso-
values,velocity eld magnitudegradientmagnitude curl,
or divergence Error metricsaredescribedor scalar elds,
vector elds, andmoregeneraimulti-valuedcombinations
of scalarandvector eld data. The numberof databe-
ing consideredn thesecombinationds not limited by the
error metric but the ability to usethemto createmean-
ingful visualizations. Our framewvork supportsthe appli-
cationof visualizationmethodssuchasisosurficeextrac-
tion to adaptvely re ned meshes. For multi-valueddata
explorationpurposesye combineextractedmappingwith
color informationand/orstreamlinesnappedonto aniso-
surface. Sucha combinedvisualizationseemsadwanta-
geousasscalarandvector eld quantitiescanbecombined
visually in a highly expressve manner
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1 Intr oduction

Data-intensie applicationsproduce data sets consisting
of up to several terabytes. Suchlarge datasetscan re-
sultfrom simulatingphysicalphenomendrom digitization
with high-resolutionscanningdevices, or from measuring
ervironmentswith distributed sensometworks. The gen-
erateddatasetsaretypically scalar elds, vector elds, or
evenmulti-valued elds consistingof several scalarand/or
vectorvaluespersamplepoint. Whena simulatedor mea-
suredprocessis changingover time, eachtime stepcan
consistof terabyteof data.
Multiresolutionmethodsprovide ameango dealwith
large datawithin acceptabl¢ime delays.Dataexploration
andvisualizationbecomegeasiblewhenadatasetis down-
sampledto an appropriatelevel of resolution. Typically,
certainregionsin a datasetareof particularinterestto sci-
entists. This fact canbe exploited by applying multireso-
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lution methodsin anadaptve mannersuchthatregionsof

interestarerepresentedt higherresolutions.Higherreso-
lution leadsto higherprecisionin termsof approximation
error.

For visualizationpurposesadaptie settingsarecom-
mon for view-dependentvisualization when navigating
throughdatasetsin a3D y-through-likemannerIn view-
dependentisualization regionscloseto theviewpointand
/ or line of sight arerepresenteat relatively higherreso-
lution, while resolutionis decreasingvhen moving away
from the viewpoint and/ or line of sight. We describea
view-dependentisualizationapproachin Section2.

Decisionsconcerningwhat regions are to be repre-
sentedat what level of resolution can automaticallybe
madeby applyingappropriataesolutionoraclesanderror
metrics.Oraclesanderrormetricsusedfor view-dependent
renderingof volume data are currently basedon view-
ing parameter®nly and mostly restrictedto scalar elds
[1, 2, 3,4, 5, 6]. We presentan approachbasedon both
viewing parametersnd parameterdor dataexploration.
Typical parameterdor dataexploration are isovaluesfor
scalar elds andvelocity magnitudegradientcurl, anddi-
vergencefor vector elds. For example,whenexploring a
scalar eld with respecto a certainisovalue,only regions
with valuescloseto theisovaluearere ned. Thisapproach
signi cantly reducesthe amountof datato be processed
during visualization.We discussan error metricfor scalar
elds in Section3, anerrormetricfor vector elds in Sec-
tion 4, andan error metric for multi-valuedcombinations
of scalarandvector eld datain Section5.

The multi-valuederror metric framework appliesto
an arbitrarily high numberof combinedscalarand vector
values.Thus,thenumberof combinationss notlimited by
the error metric but the ability to createmeaningfulvisu-
alizations. For multi-valueddatavisualization,we com-
bine extractedisosurceswith color information and/or
streamlinegrojectedonto isosuriices. Sucha combined
visualizationis meaningfulandeffective, astheindividual
scalarandvector elds areusuallycorrelated Multi-valued
datavisualizationtechniquegredescribedn moredetailin
Section6.

2 View-dependentvolume visualization

The motivation for view-dependentvisualizationis that
featuresfar from the viewpoint are mappedto few pix-
els only whenprojectedonto the screen. Small detailsof
suchfaraway featuresareoften notvisible. Thus,usinga
low-resolutiorrepresentationf thefeaturedoesnotimpact
renderingquality. In view-dependenvisualizationregions



closeto theviewpoint andtheline of sightarerepresented
at highestresolution,while resolutionis decreasingvhen
moving away from theviewpointor theline of sight.

For multiresolutiondatarepresentatiorwe useahier-
archyof tetrahedrareatedvia longest-edgéisection.The
presentednethodworks for regular andirregular tetrahe-
dral meshes. Moreover, it canbe adaptedto other mul-
tiresolutiondatarepresentationandis independenof the
(tetrahedralsubdvision method.

Let be an approximationerror for an arbitrary
tetrahedron , basedon the error metricsdescribedn the
following sectionsThen,following theapproachlescribed

in [7], needsto be subdvided whenits error is
beyond a certainthreshold,wherethe thresholdincreases
with increasingdistancefrom the viewpoint. Let be

the distancefrom  to the viewpoint, the maximum
distancefrom the viewpoint (or the rangeof sight), and

the maximumapproximationerror. Then, must
besubdvidedwhen

The parameter determineshow quickly the resolution
decreasesvith increasingdistance. Typically, linear or
qguadratic decline is used. The parameters and
areapplication-speci candusercontrolled. For y-
throughexplorationof a dataset,onecanrestrictsubdvi-
sion stepsto regionswithin a view frustum, which is de-
ned by therangeof sight ( ) anda maximumdevia-
tion anglefrom theline of sight.

3 Error metric for scalar elds

For the de nition of the approximationerror over a scalar
eld, variouserrormetricscanbeconsideredA typicalone
is the mean-squarerror that compareshe original scalar
eld to a downsampledapproximationof the scalar eld
by summingsquaredlifferencevaluesat all original sam-
ple points. Giventhe original trivariatescalarfunction
sampledat discretelocations,the mean-squarerror for a
tetrahedron isde nedas

where  denoteghevolumespannedy and the
valueat linearly interpolatedirom the valuesat the ver-
ticesof . The approximationerror is summedover all
samplevaluesof  atvertices thatlie in . If theuse
of a root-mean-squarerror is preferred,this canbe ac-
complishedby usingthe mean-squarerror and doubling
the parameter of the previous section.Onecanobtaina
screen-spacerrorby projecting ontothescreen.
Figures2(a) and (b) shav a view-dependenvisual-
izationusingthe mean-squarerror metric. It is appliedto
adatasetrepresenting distanceeld inducedby asphere.
We recognizethatthe adaptvely re ned meshesn Figure
2(a)and(b) shav thesamecharacteristicin termsof adap-
tivity, eventhoughwe focusedon differentfeatureswhen
exploring thedataset. In Figure2(a),we exploredthedata
setwith respecto theisovalue63, whereasn Figure2(b),
we usedtheisovaluethree. In Figure 2(b), the isosurfce
extractionalgorithmhadto traversemary tetrahedralose
to the viewpoint, althoughthe isosurficeis not presentn

thatregion. Thus,it is possibleto save asigni cant amount
of computationtime by re ning the meshonly in regions
with valuescloseto the choserisovalue.

This obsenationleadsto a data-dependerte nition
for an error metric: Let be anisovalue,
betherangeof valuesof thescalar eld, and

. Then,we de ne the error for a scalar eld overa
tetrahedron with respecto theisovalue as

wherethe function
conditionswithin

hasto satisfythefollowing

is continuous,

, and

Thesimplestfunctionssatisfyingtheseconditionsarefunc-
tionsof theform , where , .
More complicatedunctionscould be usedinstead but we
obsenedthatthesesimplefunctionssufce to producethe
desiredresults. Figures2(c) and(d) shav how the tetra-
hedralsubdvision stepsadaptto the choserisovaluewhen
usingour data-dependerrror metric.

To make a visualizationprocessmoreinteractive, er-
ror valuesare usually precomputedor every tetrahedron
andloadedduring runtime. It is not practicalto precom-
putethe error valuesfor all possiblyinterestingisovalues

. However, the expression canbe corvertedto
anexpressiorthatallows oneto performmostof the com-
putationduringpreprocessing.

For example,whenusingaquadratidunction

, theerror canberewrittenas
where
and
Thevaluesof , ,and areindependentbf and

canbe precomputed.From theseprecomputederms, the
data-dependermrror canbecomputecef ciently .

4 Error metric for vector elds

Forvector elds, asinglemeaningfubarametefor dataex-
ploration,suchasisovaluefor scalar elds, doesnot exist.
Thus,whenexploringavector eld datasetusuallysereral
parameterssuchasvector magnitude gradient,curl, and
divergenceare used. We de ne anindividual error metric
for eachof theseparameters.The overall error metric is
de ned by aweightedsumof theindividual errormetrics.



Let beatrivariatefunctionde ning
avector eld atsamplepoints ,and beaspeci c vector
magnitudechoserby auser Then,we de ne anerrorwith
respecto thevectors'magnitudefor atetrahedron as

where denotesthe vectorat , linearly interpolated
from thevectorvaluesat the verticesof

From the vector eld, we canalsoderive a gradient
eld, acurl eld, andadivergenceeld. We usethe fol-
lowing de nitions from [8]:

curl _— — — — — —

div _ — —

The curl measureshe vorticity or “swirliness” of a vector

eld. The divergencemeasureshe rate of expansionper
volumeunit, i. e., the differencein in o w andout ow per
unit. Divergencsis positive for expandingandnegative for
compressingector/ ow elds.

The gradientandthe curl arerepresentethy a tensor
anda vector eld, respectiely. Whenusingtheir magni-
tudeswe cande ne theerrormetrics and
for atetrahedron analogouslyto the error metric .
Thedivergenceis representetly a scalar eld, andwe can
de ne the errormetric analogouslyto . The
overall errorfor avector eld overatetrahedron is de-

ned as

where areuserde ned weights.
5 Error metric for multi-v alued volume data

In mary simulatedor measuredlatasets,severalvariables
are of interestleadingto a multi-valuedvolume dataset,
where several scalarand/or vector valuesare storedfor
eachvertex of a mesh. Thesevaluesare often correlated.
More insightcanbe gainedby exploring severalvaluessi-
multaneously Thus,a singleerrormetric  needsto be
de ned, onwhichthedecisiongor view-dependentisual-
izationarebased.
Let be trivariate scalarfunctionsand
be trivariate vector functions de ning a
multi-valued volume data set. We can derive errors
for the individual scalar elds accordingto
Section3 anderrors for theindividual vector
elds accordingto Section4. We de ne the error
for amulti-valuedvolume eld overatetrahedron as

wherethecoefcients , areusedfor nor-
malization. To make thein uence of all scalarandvector
elds equal,we canset

6 Visualization techniques

Various volume visualizationtechniquesfor scalar elds
exist. Two commononesare volume renderingand iso-
surfaceextraction. We focuson the latter, sinceit canbe
combinedwith othervisualizationmethods.
Themostpopularalgorithmfor extractingisosuriices
is the marching-cubeslgorithm[9], which wasoriginally
developedfor structuredrectilinearhexahedralgrids. We
usea similar algorithm, marchingtetrahedrg10], which
hasthe advantageof not producingcracks.The marching-
tetrahedralgorithmis alsomoregeneral sinceit is appli-
cableto regularandirregulartetrahedraimeshes.
Tovisualizetwo scalarelds simultaneouslyonecan,
for example,extract an isosurfice of one scalar eld and
color the isosurficewith respectto the otherscalar eld.
One could use an RGB-color mapping from the range
of thevaluesof thesecondscalareld toRGB
values.Sincelighting canaffect color saturatiorandvalue,
we useanHSV color modelinsteadandmapscalarvalues
to hueonly. Saturatiorandvaluearekeptconstantor color
mappingandcanbe usedfor lighting effects. If the hueis
uniquelyde ned by a one-to-onanappingthe mappingis
invertible,evenwhenlighting is applied.
A simple linear function can be usedfor the color
mappingfrom function valuerange to range
of hue,showvn in Figurel (left). If wewant
to emphasize certainvalue , We pro-
vide a wider color spectrumfor aninterval closeto value
. An examplefor suchan“emphasizing’color mapping
is shavnin Figurel (right).
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Figure 1. Mapping scalarfunction valueto hue: Linear
color mapping(left). “Emphasizing”color mappingto fo-
cusonaspeci cvalue (right).

In vector eld visualizationthecommonlyusedtech-
niguesare streamlineq11] and streamribbong12]. We
male use of streamlines. Streamlineg(in the caseof a
steady ow eld) aretangentialcurvesof the given eld
andcorrespondo the pathsof masslesgarticles.Stream-
lines are generatedby tracing particlesusing numerical
integration techniquessuchasthe Runge-Kutta or Euler
methods.

To facilitate the analysisof relationshipsbetween
multiple valuesof a datasetcombiningscalarandvector
elds, we extract and display isosurficeswith respectto
ascalareld andstreamlinegrestrictecto thatisosurfice)
associatedvith a vector eld. Thus,the ow of a vector
eld onanisosurficecanbe examined.Whenstreamlines
are projectedonto a surface, information aboutthe ow
motion relative to the surface (displacementkan be en-
codedin the coloringof thestreamline Valuesaremapped
to huesbasedon direction(in o w or out ow) andmagni-
tude.

For the computationof streamlineson anisosurfce,
we constructa triangle meshfrom the collection of trian-



glesgeneratedy the marching-tetrahedralgorithm. Sur
facestreamlinesregeneratedisinga fourth-orderRunge-
Kuttamethod:For the velocity vectorsusedby the Runge-
Kutta method,we determinethe vectorsat the requested
locationsandprojectthemontotheisosuraice. Thestream-
line advancego a new locationusingthe projectedveloc-
ity vectors. After eachiteration stepof the Runge-Kitta
method we projectthe new locationorthogonallyontothe
surface.All streamlinesirerepresentetly polygonswhose
verticesall lie onthe extractedisosurfice. The seedpoints
for the streamlinegeneratiorare selectednteractiely by
clicking on pointson theisosurgce.

Othervisualizationtechniqueglik e texturing) could
becombinedwith the oneswe areusing,but, dependingn
the characteristic®f the multi-valueddataset, the gener
atedimagescanbecomeextremelycomplex whendisplay-
ing too muchinformation.

7 Results

Figure 3 comparesa view-dependentvisualization of a
scalar eld using our data-dependergrror metric and a
scalar eld visualizationusingthe mean-squarerror. The
datasetis a CT scanof aBonsaitree! Thesizeof thedata
setis , andthe rangeof the valuesis . Fig-
ure 3(a) shawvs anisosurfice(isovalue 85) extractedfrom
anadaptvely re ned meshwherethere nementdecisions
were madewith respectto the mean-squarerror
Figure 3(b) showvs the sameisosuriicebasedon our data-
dependenerrormetric  for scalar elds. Althoughboth
visualizationsproduceimagesof aboutequalquality, the
adaptvely re ned meshin Figure 3(b) consistsof signi -
cantly lesstetrahedra.Sincethe computationtime for the
isosurficeextractionis linearin thenumberof tetrahedrao
betraversedwith negligible overhead)theextractiontime
is reducedo about .

Table1 lists the numbersof tetrahedraandtriangles
usedfor thegeneratiorof thegeometryshovn in Figures2
and3. It alsolists the approximationerrors Hausdorf b€e-
tweenthe shovn isosurficesandthe isosurficesextracted
at highestresolution. We computedthe root-mean-square
errors betweenthe surfaceswith respectto the symmet-
ric Hausdorf distanceusingthe MESH toolkit [13]. We
generatedurfacesof equalvisual quality usingerror met-
rics and . Theextractedsurfacesarerepresentedt
aboutthesamdevel of resolution(indicatedby thenumber
of generatedriangles)with aboutthe sameapproximation
quality (indicatedby Hausdorf): 1IN Figures2(b) and (d),
the extractedsurfacesare identical (with their Hausdorf
distancebeingzero);in Figures2(a) and(c) andin Figure
3, thedifferencedbetweertheextractedsurfacesarenotno-
ticeable.In generalwe obsenedthatfor isosuricesbeing
of nearlythe samequality, theerrormetric  leadsto sig-
ni cantly lesstetrahedraywhenextractingisosurbcesrom
the sameamountof tetrahedrathe quality of the isosur
faceswassigni cantly higherwhenusing . How much
bene tis gaineddepend®nthedatasetand,evenmoreso,
theviewpointchoserfor view-dependente nement.

The numberof tetrahedracan further be reducedf
we storefor eachtetrahedron in a multiresolutionmesh
hierarchytherange of thefunctionvalues
thatappeaiatverticeslying in theinterior or on thebound-
aryof . Usingthisinformation,we candeterminefor the

1Datasetcourtesyof S. Roettger Abteilung Visualisierungund Inter-
aktive Systemelniversity of Stuttgart,Germary

isovalue whetherit falls into thatrange,i. e., whether

holds. If it doesnot fall into that
range we canskip the subdvision of thetetrahedron re-
gardlesof error. This additionalcheckrequiresusto store
two additionalvaluesper tetrahedronput it typically re-
ducesthe numberof tetrahedrahat needto be traversed
for visualizationpurposesy up to . Therate,again,
heaily depend®nthe datasetandthe viewpoint.

In Figure4, we have appliederrormetric  to avec-
tor eld representing tornado-like dataset. The dataset
wasgeneratedy Crav s andMax [14] to illustrate ow
patternsin 3D ow elds. We settheweights and
to zero,suchthat gradientand divergencehad no impact.
Theweights and wereusedto balanceheimpactof
vectormagnitudeandcurl. Thevectormagnitudedie be-
tween0.02and0.32; andthe curl magnitudedie between
zeroand0.24. Forthecomputatiorof theerror , wecon-
sideredthe value 0.15 of vector magnitudeandthe value
0.150f curl magnitude To visualizevectormagnitudeand
curl, we extractedan isosuraiceof the (scalar) eld repre-
sentingvectormagnitudeandusedhuemappingontheiso-
surfacefor visualizingcurl magnitude Theisosurbicewas
extractedfor theisovalue0.15; the usedcolor mapblends
from redto green.

For the generationof Figure 5, we combinedtwo
scalar elds andappliedthe multi-valuederror metric
Thetwo scalar elds representwo braindatasetsahuman
andamonkey brain? The original datasetswereobtained
from cryosectionandhave dimensions
(human)and (monkey). We resam-
pledthemto superimpos¢he meshesuchthattwo scalar
valueswerestoredat eachvertex of theunderlying(resam-
pled) mesh. Moreover, the datasetscontainedRGB-color
information, which we corvertedto an HSV-color repre-
sentationin orderto generatescalar elds usingthe value
V. Thescalar eld representinghe humanbrainwasused
to extract an isosurfice,andthe scalar eld representing
themonkey brainwasusedfor color-mappingto huesfrom
greento red. Theisovalueswe consideredor dataexplo-
ration andusedfor the data-dependerdrror metricswere
78 for bothhumanandmonkey brain. The colorsindicate
whereandhow muchthebrainsdiffer. We did not perform
ary pre-alignmentf the datasets. Whenthe brainsare
aligned, this framework canbe usedto compareand nd
differencesin brainsof certainspeciesor to gain insight
into mentaldisease$whencomparingadiseasedbrainand
ahealthybrain).

Considering-igure6, we appliedthe multi-valueder-
ror metric  to acombinationof scalarandvector elds.
The datasetrepresentshe evolution of an Argon bubble
disturbedby a shockwave? We usedonetime stepwith
spatialresolution . For eachvertex, scalar
values(betweenl.34 and 3.93) for density scalarvalues
(betweenzero and 3.66) for percentageof argon inside
a cell, and vector valuesfor momentumare stored. The
scalarandvectorerrors and werecombinedn theer
ror  weusedfor view-dependente nement. For Figure
6(a),we useddensityandmomentumandfor Figure6(b),

2Datasetscourtesyof E.G.JonesCenterfor Neurosciencd,niversity
of California, Davis, and A. Toga, Ahmanson-LweelaceBrain Mapping
Centey University of California,Los Angeles

SData set courtesy of The Center for Computational Sciences
and Engineering, Lawrence Berkeley National Laboratory see
http://seesdbl.gov/ccse



sphergisovalue63) sphergisovalue3) Bonsaitree
errormetric | tetrahedral triangles| Hausdof | tetrahedra) triangles| Hausdof | tetrahedra triangles| Hausdor
137,048 | 17,296 | 0.09048 | 198,086 768 0.00116 | 4,515,148] 534,298 | 2.06516
109,970 | 17,034 | 0.09165 | 132,098 768 0.00116 | 2,452,956| 535,044 | 2.04929

Tablel. Resultsfor and

we useddensity percentagef argoninsideacell, andmo-
mentum.

Figure 6(a) shovs a density isosurfice (isovalue
1.596)andstreamline®ntheisosuraceusingmomentum.
For the coloring of the streamlineswe mappedthe ow
relative to theisosurfice(displacementjo huesfrom blue
to orange. Blue indicatesthatthe o w velocity vectoris
directedtowardtheinsideof theisosurfice,andorangein-
dicateghatit is directedtowardthe outside.For the vector
eld, we consideredhe values0.05 of vectormagnitude,
0.05 of gradientmagnitude,0.05 of curl magnitude,and
0.05of divergence which wereusedin theerror . The
weights wereall 0.25.

For Figure6(b), we addedpercentagef argoninside
acellasasecondscalareld. It is visualizedoy colormap-
ping theisosurficewith valuesfrom greento blue. For the
streamlinesve usedcolorsfrom red to yellow. For den-
sity and momentum,we consideredhe sameparameters
asin Figure6(a); for percentag®f argoninsidea cell, we
consideredheisovalue0.2. All examplesprovidedin this
paperarebasednquadraticdecreasef resolutiorwith in-
creasingdistancefrom the viewpoint ( ) anda cubic
function ( ).

8 Conclusionsand futur e work

We have presente@d data-dependemtrrormetricfor scalar

vector and multi-valued volume data. Besidesviewing

parameterspur approachakesparametergor dataexplo-

rationinto account As parameterfor dataexploration,our

methodconsidergsovaluesfor scalar elds andmagnitude,
gradient,curl, anddivergencefor vector elds. We devel-

opeda multi-valuederror metric applicableto any combi-

nationof scalarandvector elds. Eventhoughour method
considerghedataexplorationparameteranostof theerror
computationg€anbedonein a preprocessingtep.

We have demonstratethe bene ts of data-dependent
error metrics for view-dependenvisualization. For im-
plementationpurposes,we usedtetrahedralmeshesand
constructeda tetrahedralmesh hierarchy using longest-
edgebisection. However, our methodsare independent
of grid structureand subdvision scheme.For a constant
numberof tetrahedra,data-dependengrror metrics pro-
duce higherquality images. For a constantimage qual-
ity, data-dependerdrror metricsrequire less subdvision
stepsandthuslesstetrahedraWe concludehatusingdata-
dependenerror metricscanleadto a signi cant speed-up
whenvisualizing volume datawith respectto given error
boundsand/ortime constraints.

For visualizing multi-valued data sets consistingof
multiple scalarand vector elds, our approachcombines
isosurfices, hue mapping to isosurfices, and (colored)
streamlinesestrictedo isosurices We planto extendour
methodto includealsotensor elds.

- numberof generatedetrahedrandtriangles.
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Figure 2. View-dependenvisualizationsusing mean-squarétop) and our data- Figure3. View-dependentisualizationof

dependengrrormetric(bottom),usingisovalue63 (left) andisovaluethree(right). ascalareld: (a) Mean-squarerror met-
ric leadingto 4,515,148tetrahedra.
(b) Data-dependergrror metric  lead-
ing to 2,452,95@&etrahedra.

Figure4. View-dependente nementfor avector eld using Figure5. View-dependente nementof two scalar elds us-

errormetric . Visualizationof vectormagnitudeandcurl ing error metric . Visualizationof two scalarquantities
magnitudewith isosuriicingandcolor mapping. with isosurficingandcolor mapping.
@) (b)

Figure6. View-dependente nementof onescalar eld andonevector eld (a) andtwo scalarandonevector eld (b) using
multi-valuederror . Thevisualizationcombinessosurfcing,color mapping.andcoloredsurfacestreamlines.



