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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-
dependentenderingarebasednviewing parametersnly.
Theapproactpresentedh this paperconsidersiewing pa-
rametersand parameterdor dataexplorationsuchasiso-
values,velocity eld magnitudegradientmagnitudecurl,
or divergence.Error metricsaredescribedor scalar elds,
vector elds, andmoregeneralmulti-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-
cation of 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 applicationsproducedata 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 terabytesof data.

Multiresolutionmethodgprovide ameango dealwith
large datawithin acceptabld¢ime delays.Dataexploration
andvisualizationbecomedeasiblewhenadatasetis down-
sampledto an appropriatelevel of resolution. Typically,
certainregionsin a datasetareof particularinterestto sci-
entists. This fact canbe exploited by applying multireso-
lution methodsin an adaptve mannersuchthat regionsof
interestarerepresentedt higherresolutions.Higherreso-
lution leadsto higherprecisionin termsof approximation
error.

For visualizationpurposesadaptve settingsarecom-
mon for view-dependentvisualization when navigating
throughdatasetsin a3D y-through-like mannerIn view-
dependentisualization regionscloseto theviewpointand
/ or line of sightarerepresenteat relatively higherreso-
lution, while resolutionis decreasingvhen moving away
from the viewpoint and/ or line of sight. We describea
view-dependentisualizationapproachin Section3.

Decisionsconcerningwhat regions are to be repre-
sentedat what level of resolution can automaticallybe
madeby applyingappropriateaesolutionoraclesanderror
metrics.Oraclesanderrormetricsusedfor view-dependent
renderingof volume dataare currently basedon viewing
parameteronly. We presentan approachbasedon both
viewing parametersand 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 Section4, anerrormetricfor vector elds in Sec-
tion 5, andan error metric for multi-valuedcombinations
of scalarandvector eld datain Section6.

The multi-valued error metric framewnork appliesto
an arbitrarily high numberof combinedscalarand vector



values.Thus,thenumberof combinationss notlimited by
the error metric but the ability to createmeaningfulvisu-
alizations. For multi-valued datavisualization,we com-
bine extractedisosuriceswith color information and/or
streamlinegrojectedonto isosurfces. Sucha combined
visualizationis meaningfulandeffective, asthe individual

scalarandvector elds areusuallycorrelated Multi-valued
datavisualizationtechniquesredescribedn moredetailin

Section7.

2 Relatedwork

Adaptive re nementof meshesndview-dependentisual-
izationtechniguesveredevelopedwhenintensve research
on terrainrenderingstarted,over a decadeago. To date,
mary view-dependenapproachesxist for height eld-like
surfaces|[1, 2, 3, 4, 5] andalsofor more generalpolygo-
nal surfaced®6, 7, 8, 9, 10]. For scalarvaluedvolumedata,
one can extract multiresolutionhierarchiesof isosuraces
[11, 12]. However, theseapproachesire not suitablefor
large-scalevolume visualization,since storing all the hi-
erarchief all possiblyimportantisosurbcesrequirestoo
muchstorage.

Currenttechniguesuse multiresolutionvolume rep-
resentationand extract view-dependenisosurficesfrom
adaptvely re ned volume data[13, 14, 15, 16, 17, 18].
Most of theseapproachearebasedn structuredyridsand
regularre nementscheme$19, 20, 21, 22, 23, 24, 25] for
establishinga multiresolutionhierarcly, sincevertex posi-
tionsandmeshconnectity areimplicitly de nedfor struc-
turedgrids,leadingto fasterdataaccessandloading,which
is crucial for interactvity. Regular datastructurescanbe
implementedor hexahedralor tetrahedramesheslrregu-
lar datastructureq26, 27, 28, 29] usenon-uniformsubdi-
vision stepswhich makesthemhighly adaptve.

Our methodsare independenbf the type of under
lying grid. Any (regular or irregular) type can be used,
as long as the meshhierarcly supportsadaptve re ne-
ment,i. e., it doesnot generatameshinconsistenciesuch
ashangingnodes We implementeaurmethodusingtetra-
hedralmeshes.

Error metricscurrentlyusedfor view-dependentol-
ume visualization[13, 14, 15, 16, 17, 18 are all data-
independenandfocuson scalardatasetsonly. We present
an approachusing data-dependergrror metricsfor view-
dependentisualizationof scalar vector andmulti-valued
volumedata.

3 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 featuresareoftennot visible. Thus,usinga
low-resolutionrepresentationf thefeaturedoesnotimpact
renderingquality. In view-dependentisualizationregions
closeto the viewpointandtheline of sightarerepresented
at highestresolution,while resolutionis decreasingvhen
moving away from theviewpoint or theline of sight.

For multiresolutiondatarepresentatiornwe useahier-
archy of tetrahedrareatedvia longest-edgéisection.The
presentednethodworks for regular andirregular tetrahe-
dral meshes. Moreover, it can be adaptedto other mul-

tiresolutiondatarepresentationandis independenbf the
(tetrahedralsubdvision method.

Let E(T) beanapproximationerror for an arbitrary
tetrahedronT, basedon the error metricsdescribedn the
following sectionsThen,following theapproacldescribed
in [30], T needsto be subdizided whenits error E(T) is
beyond a certainthreshold,wherethe thresholdincreases
with increasingdistancefrom the viewpoint. Let d(T) be
the distancefrom T to the viewpoint, dmax the maximum
distancefrom the viewpoint (or the rangeof sight), and
Enax the maximumapproximationerror. Then, T must
be subdvidedwhen

d(T)

dmax

E(T) >

Emax :

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

4 Error metric for scalar elds

For the de nition of the approximatiorerror over a scalar
eld, variouserrormetricscanbeconsideredA typicalone
is the mean-squarerror that compareghe original scalar
eld to a downsampledapproximationof the scalar eld
by summingsquaredifferencevaluesat all original sam-
ple points. Given the original trivariatescalarfunction F
sampledat discretelocations,the mean-squarerror for a
tetrahedro is de ned as

ErsM= £ Fx) 002
J-zj2T ,

wherejTj denoteghevolumespannedy T andf (x) the
valueatx linearly interpolatedrom the valuesat the ver
ticesof T. The approximationerroris summedover all
samplevaluesof F at verticesx thatlie in T. If theuse
of a root-mean-squarerror is preferred,this can be ac-
complishedby usingthe mean-squarerror and doubling
the parameter of the previous section.Onecanobtaina
screen-spacerror by projectingEy s (T) ontothescreen.

Figuresl(a) and(b) shov a view-dependenvisual-
izationusingthe mean-squarerror metric. It is appliedto
adatasetrepresenting distanceeld inducedoby asphere.
Werecognizehattheadaptvely re ned meshen Fig. 1(a)
and(b) shav the samecharacteristicén termsof adaptv-
ity, eventhoughwe focusedon differentfeaturesvhenex-
ploring the dataset. In Fig. 1(a), we exploredthe dataset
with respectto the isovalue 63, whereasn Fig. 1(b), we
usedtheisovaluethree.In Fig. 1(b), theisosurkceextrac-
tion algorithmhadto traversemary tetrahedraloseto the
viewpoint, althoughtheisosurfceis not presenin thatre-
gion. Thus,it is possibleto save a signi cant amountof
computatiortime by re ning themeshonly in regionswith
valuescloseto the choserisovalue.

This obsenationleadsto a data-dependerte nition
for anerrormetric: Let vis, be anisovalue, [Vmin ; Vimax |
betherangeof valuesof thescalareld, andv = jvnax



Figurel. View-dependentisualizationausingmean-squar@op) andour data-dependemrrormetric (bottom),usingisovalue

63 (left) andisovaluethree(right).

Vmin - Then,we de ne the error for a scalar eld over a
tetrahedro with respecto theisovaluevis, as

-7 F f(x) 2
ES( ) JT] g VISO (X) g VISO (X) ’

wherethefunctiong : R! R hasto satisfythefollowing
conditionswithin[ v ;v

g is continuous,

gisnon-ngative (g 0),

g is strictly monotonicdecreasingg® < 0), and
g hasnoin e xion point (g°°> 0).

Thesimplestfunctionssatisfyingtheseconditionsarefunc-
tionsof theformg(x) = (v x) ,where 2 N, 2.
More complicatedunctionscould be usedinstead pbut we
obseredthatthesesimplefunctionssufce to producethe
desiredresults. Figures1(c) and(d) shav how the tetra-
hedralsubdvision stepsadaptto the choserisovaluewhen
usingour data-dependerrrormetric.

To make a visualizationprocessmoreinteractive, er-
ror valuesare usually precomputedor every tetrahedron
andloadedduring runtime. It is not practicalto precom-
putethe error valuesfor all possiblyinterestingisovalues
Viso . However, the expressionEs(T) canbe corvertedto
anexpressiorthatallows oneto performmostof the com-
putationduring preprocessing.

For example whenusingaquadratidunctiong(x) =
(v x)?, theerrorE(T) canberewritten as

E(T)= o+ 1Viso + 2V ;

where
X
0= = VHF(X) 2 v +fx) 2
JT]><2T
X
= ]% VHE(X) 2 vHt0 2 FX) F(X) ;
and
4 X
2= = F() 100"
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Thevaluesof ¢, 1, and ; areindependentf vis, and
canbe precomputed.From theseprecomputederms, the
data-dependemitrror Es(T) canbe computecef ciently .

5 Error metric for vector elds

Forvector elds, asinglemeaningfubarametefor dataex-
ploration,suchasisovaluefor scalar elds, doesnot exist.
Thus,whenexploringavector eld datasetusuallyseveral
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.



LetF = (Fy; F»; F3) beatrivariatefunctionde ning
avector eld atsamplepointsx, andv, beaspeci c vector
magnitudechoserby auser Then,we de ne anerrorwith
respecto thevectors'magnitudefor atetrahedro as

X
E()_ﬁ gvi KF)Kk gv  kfp)k

wheref (x) denotesthe vectorat x, linearly interpolated
from thevectorvaluesattheverticesof T.

From the vector eld, we canalsoderive a gradient
eld, acurl eld, andadivergence eld. We usethe fol-
lowing de nitions from [31]:

.. FEFE
' a ’
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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. Divergenceis positive for expandingandnegative for
compressingector/ ow elds.

The gradientandthe curl arerepresentethy a tensor
anda vector eld, respectrely. Whenusingtheir magni-
tudeswe cande ne theerrormetricsg (T) andEqy, ((T)
for atetrahedronl analogouslyto the error metric g (T).
Thedivergences representetdy ascalar eld, andwe can
de ne the errormetric By, (T) analogouslyto Es(T). The
overall errorfor a vector eld over atetrahedrori is de-
ned as

EB(T)=aB(T)+aE (T)+ a3 By 1 (T)+ a4 Eiiv (T) ;

whereay;::: ;a4 areuserde ned weights.

6 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 values are storedfor
eachvertex of a mesh. Thesevaluesare often correlated.
More insightcanbe gainedby exploring several valuessi-
multaneously Thus,a single error metric E;,, needsto be
de ned, onwhichthedecisiongor view-dependentisual-
izationarebased.

Let Fs.1;:::;Fsk be trivariate scalarfunctionsand
Fya;iiFyg be trivariate vector functions de ning a
multi- valued volume data set. We can derive errors

elds accordingto Sectlon5 We de ne theerrorE, (T)
for amulti-valuedvolume eld overatetrahedrom as

Xk X
En(T) = b Ei(T)+ be+i B (T)
i=1 i=1
wherethecoefcients by, i = 1;:::; ;k+ |, areusedfor nor

malization. To make thein uence of all scalarandvector

elds equal,we canset

1
= —; i=L:nk+ 1
b 7

wherev ;i = jVmaxi Viini | With [Vimini ; Vmaxi ] being
therangeof thevaluesof thei-th errorcomponenaind is
the power usedin functiong.

7 Visualization techniques

Various volume visualizationtechniquedor scalar elds
exist. Two commononesare volume renderingand iso-
surfaceextraction. We focuson the latter, sinceit canbe
combinedwith othervisualizationmethods.

Themostpopularalgorithmfor extractingisosuriices
is themarching-cubealgorithm[32], whichwasoriginally
developedfor structuredrectilinearhexahedralgrids. We
usea similar algorithm, marchingtetrahedrg33], which
hasthe advantageof not producingcracks. The marching-
tetrahedralgorithmis alsomoregeneral sinceit is appli-
cableto regularandirregulartetrahedraimeshes.

Tovisualizetwo scalarelds simultaneouslyonecan,
for example,extract an isosurfice of onescalar eld and
color the isosurficewith respectto the otherscalar eld.
One could use an RGB-color mapping from the range
[Vmin ; Vmax ] 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-onemapping the mappingis
invertible,evenwhenlighting is applied.

A simple linear function can be usedfor the color
mappingfrom function valuerange[Vmin ; Vmax ] to range
[Hmin ; Hmax ] of hue,showvn in Fig. 2(a). If we wantto
emphasize certainvaluevy 2 [Vmin ; Vmax ], We provide
a wider color spectrumfor an interval closeto value vy.
An examplefor suchan “emphasizing”color mappingis
shavn in Fig. 2(b).
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Figure2. Mappingscalarfunctionvalueto hue: (a) Linear
color mapping.(b) “Emphasizing”color mappingto focus
onaspeci c valuevy.

In vector eld visualizationthecommonlyusedtech-
niguesare streamlineqg34] and streamribbong35]. We
make use of streamlines. Streamlines(in the caseof a
steady ow eld) aretangentialcurves of the given eld
andcorrespondo the pathsof masslesgarticles.Stream-
lines are generatedby tracing particlesusing numerical
integration techniguessuchasthe Runge-Kitta or Euler
methods.

To facilitate the analysisof relationshipsbetween
multiple valuesof a datasetcombiningscalarandvector



elds, we extract and display isosurbiceswith respectto
ascalar eld andstreamlinegrestrictedto 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 (displacementan be en-
codedin thecoloringof thestreamline Valuesaremapped
to huesbasedon direction(in o w or out ow) and magni-
tude.

For the computationof streamlineson anisosurfce,
we constructa triangle meshfrom the collectionof trian-
glesgeneratedby the marching-tetrahedralgorithm. Sur
facestreamlinesaregeneratedisinga fourth-orderRunge-
Kuttamethod:For the velocity vectorsusedby the Runge-
Kutta method,we determinethe vectorsat the requested
locationsandprojectthemontotheisosurfice. Thestream-
line advanceso a new locationusingthe projectedveloc-
ity vectors. After eachiteration stepof the Runge-Kitta
methodwe projectthe new locationorthogonallyontothe
surface.All streamlinesrerepresentedy polygonsvhose
verticesall lie onthe extractedisosurfice. The seedpoints
for the streamlinegeneratiorare selectednteractively by
clicking on pointsontheisosurtce.

Othervisualizationtechniqueglik e texturing) could
becombinedwith theoneswe areusing,but, dependingn
the characteristicef the multi-valueddataset, the gener
atedimagescanbecomeextremelycomple« whendisplay-
ing too muchinformation.

8 Results

Fig. 3 compares view-dependentisualizationof ascalar
eld using our data-dependergrror metric and a scalar
eld visualizationusingthe mean-squarerror The data
setis aCT scanof aBonsaitree! Thesizeof thedatasetis
256, andtherangeof thevaluesis [0; 255] Fig. 3(a)shavs
anisosurhice(isovalue85) extractedfrom anadaptvely re-
ned meshwherethere nementdecisionsveremadewith
respecto themean-squarerrorgy s. Fig. 3(b) shavs the
sameisosurficebasedon our data-dependerdrror metric
E for scalar elds. Although both visualizationsproduce
imagesof aboutequalquality, the adaptvely re ned mesh
in Fig. 3(b) consistsof signi cantly lesstetrahedra.Since
the computatiortime for theisosurficeextractionis linear
in thenumberof tetrahedrdo betraversedwith negligible
overhead)the extractiontime is reducedo about54%
Table 1 lists the numbersof tetrahedraandtriangles
usedfor thegeneratiorof thegeometryshavn in Figuresl
and3. It alsolists the approximationerrorsEqausdorf be-
tweenthe shovn isosurficesandthe isosurficesextracted
at highestresolution. We computedthe root-mean-square
errors betweenthe surfaceswith respectto the symmet-
ric Hausdorf distanceusingthe MESH toolkit [36]. We
generatesgurfacesof equalvisual quality usingerror met-
rics By s andE;. Theextractedsurfacesarerepresentedt
aboutthesamdevel of resolution(indicatedby thenumber
of generatedriangles)with aboutthe sameapproximation
quality (indicatedby Eausdorf): 1N Figuresl(b) and (d),
the extractedsurfacesare identical (with their Hausdorf
distancebeingzero);in Figuresl(a)and(c) andin Fig. 3,

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

the differencesbetweenthe extractedsurfacesare not no-
ticeable.In generalwe obseredthatfor isosurbicesheing
of nearlythe samequality, the errormetric Es leadsto sig-
ni cantly lesstetrahedraywhenextractingisosurbcesfrom
the sameamountof tetrahedrathe quality of the isosur
faceswassigni cantly higherwhenusingEs. How much
bene tis gaineddepend®nthedatasetand,evenmoreso,
theviewpoint choserfor view-dependente nement.

The numberof tetrahedracan further be reduced,if
we storefor eachtetrahedrorl in a multiresolutionmesh
hierarcly therange[Vr.min ; V1:max ] Of thefunctionvalues
thatappeaiat verticeslying in theinterior or onthebound-
ary of T. Usingthisinformation,we candeterminefor the
isovaluevis, whetherit falls into thatrange,i. e., whether
Viso 2 [VT:min ;VT:max ] holds. If it doesnot fall into that
range we canskip thesubdvision of thetetrahedrorT re-
gardlessof error. This additionalcheckrequiresusto store
two additionalvaluesper tetrahedronput it typically re-
ducesthe numberof tetrahedrahat needto be traversed
for visualizationpurposedy up to 50% Therate,again,
heavily depend®nthe datasetandthe viewpoint.

In Fig. 4, we have appliederror metric E, to a vec-
tor eld representing tornado-lile dataset. The dataset
wasgeneratedy Crav s andMax [37] to illustrate ow
patternsin 3D ow elds. We setthe weightsa, anday
to zero, suchthat gradientand divergencehad no impact.
Theweightsa; andaz wereusedto balancethe impactof
vectormagnitudeandcurl. The vectormagnitudedie be-
tween0.02and0.32; andthe curl magnitudedie between
zeroand0.24. For thecomputatiorof theerrorE, , we con-
sideredthe value 0.15 of vector magnitudeandthe value
0.150f curl magnitude To visualizevectormagnitudeand
curl, we extractedanisosuriceof the (scalar) eld repre-
sentingvectormagnitudeandusedhuemappingontheiso-
surfacefor visualizingcurl magnitude Theisosurbicewas
extractedfor theisovalue0.15; the usedcolor mapblends
fromredto green.

Figure4. View-dependente nementfor avector eld us-
ing errormetricE, . Visualizationof vectormagnitudeand
curl magnitudewith isosurficingandcolor mapping.

For the generationof Fig. 3(c), we combinedtwo
scalar elds andappliedthe multi-valuederror metric &, .
Thetwo scalarelds representwo braindatasetsahuman
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Figure3. View-dependentisualizationof scalar elds: (a) Mean-squarerrormetricEy s leadingto 4,515,148etrahedra(b)
Data-dependerdrrormetric Es leadingto 2,452,95@etrahedra(c) View-dependente nementof two scalar elds usingerror

metricE,, . Visualizationof two scalarquantitieswith isosurfcingandcolor mapping.

Tablel. Resultsfor By s andEs - numbersof generatedetrahedrandtriangles.

sphergisovalue63) spherg(isovalue3) Bonsaitree
errormetric | tetrahedra| triangles| Eqausdof | tetrahedra triangles| BEqausdof | tetrahedral triangles| Eqausdort
BEus 137,048 | 17,296 | 0.09048 | 198,086 768 0.00116 | 4,515,148| 534,298 | 2.06516
E 109,970 | 17,034 | 0.09165 | 132,098 768 0.00116 | 2,452,956| 535,044 | 2.04929

andamonkey brain? Theoriginal datasetswereobtained
from cryosectiongndhave dimensionsl050 970 753
(human)and3008 1960 1501 (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 anisosurfice,and the scalar eld representing
themonlkey brainwasusedfor color-mappingto huesfrom
greento red. Theisovalueswe consideredor dataexplo-
ration and usedfor the data-dependerdrror metricswere
78 for bothhumanandmonkey brain. The colorsindicate
whereandhow muchthe brainsdiffer. We did not perform
ary pre-alignmentof the datasets. Whenthe brainsare
aligned, this framework canbe usedto compareand nd
differencesin brainsof certainspeciesor to gain insight
into mentaldisease$whencomparinga diseasedbrainand
ahealtty brain).

ConsideringFig. 5, we appliedthe multi-valuederror
metricE,, to acombinationof scalarandvector elds. The
datasetrepresentshe evolution of an Argon bubble dis-
turbedby a shockwave 2 We usedonetime stepwith spa-
tial resolution640 256 256. For eachvertex, scalarval-
ues(betweenl.34and3.93)for density scalarvalues(be-
tweenzeroand3.66)for percentag®f argoninsideacell,
andvectorvaluesfor momenturrarestored.Thescalarand
vectorerrorsEs andE, werecombinedin theerrorg,, we
usedfor view-dependente nement. For Fig. 5(a),we used
densityandmomentumandfor Fig. 5(b), we useddensity

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

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

percentagef argoninsidea cell, andmomentum.

Fig. 5(a) shaws a densityisosuraice(isovalue 1.596)
and streamlineson the isosurfice using momentum. For
the coloring of the streamlinesye mappecdthe o w rela-
tive to the isosurfice (displacementjo huesfrom blue to
orange.Blue indicatesthatthe ow velocity vectoris di-
rectedtowardtheinsideof theisosurfice,andorangeindi-
catesthatit is directedtoward the 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 theerrorE,. The

For Fig. 5(b), we addedpercentagef argoninsidea
cell asa secondscalar eld. It is visualizedby color map-
ping theisosurficewith valuesfrom greento blue. For the
streamlineswve usedcolorsfrom red to yellow. For den-
sity and momentum,we consideredhe sameparameters
asin Fig. 5(a); for percentagef argon inside a cell, we
consideredheisovalue0.2. All examplesprovidedin this
paperarebasednquadraticdecreasef resolutionwith in-
creasingdistancefrom the viewpoint (= 2) anda cubic
functiong ( = 3).

9 Conclusionsand futur e work

We have presente@data-dependemtrrormetricfor scalar

vector and multi-valued volume data. Besidesviewing

parameterspur approachakesparametergor dataexplo-

rationinto account As parameterfor dataexploration,our

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

opeda multi-valuederror metric applicableto ary combi-
nationof scalarandvector elds. Eventhoughour method
considerghedataexplorationparameteranostof theerror
computationganbedonein apreprocessingtep.
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Figure5. View-dependente nementof onescalar eld andonevector eld (a) andtwo scalarandonevector eld (b) using
multi-valuederrorE,, . Thevisualizationcombinessosurfcing,color mapping,andcoloredsurfacestreamlines.

We have demonstratethe bene ts of data-dependent

error metrics for view-dependenvisualization. For im-
plementationpurposes,we usedtetrahedralmeshesand
constructeda tetrahedralmesh hierarcly 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 metricsrequirelesssubdvision
stepsandthuslesstetrahedraWe concludehatusingdata-
dependenerror metricscanleadto a signi cant speed-up
whenvisualizing volume datawith respectto given error
boundsand/ortime constraints.

For visualizing multi-valued data setsconsistingof
multiple scalarand vector elds, our approachcombines
isosureices, hue mappingto isosurfices, and (colored)
streamlinesestrictedo isosurces.We planto extendour
methodto includealsotensor elds.

Acknowledgments

This work wassupportedy the National ScienceFoundationundercon-
tracts ACl 9624034(CAREER Award) and ACI 0222909,throughthe
Large Scienti®candSoftwareDataSetVisualization(LSSDSV)program
under contractACI 9982251 ,and throughthe National Partnershipfor
AdvancedComputationalnfrastructurg NPACI); theNationallnstituteof
MentalHealthandthe NationalScience~oundatiorundercontractNIMH
2P20MH60975-06A2;andtheLawrencelivermoreNationalLaboratory
underASCI ASAP Level-2MemorandumAgreemenB347878andunder
MemorandunmAgreemenB503159.Wethankthemember®f theVisual-
izationand GraphicsResearclGroupat the Centerfor ImageProcessing
andIntegratedComputing(CIPIC) atthe University of California, Davis.

References

[1] Mark DuchaineauMurray Wolinsky, David E. Sigeti, Mark C.
Mille, CharlesAldrich, and Mark B. Mineev-Weinstein. Roam-
ing terrain: Real-timeoptimally adaptingmeshes. In R. Yagel
andH. Hagen,editors,Proceedingf IEEE Confeenceon Visu-
alization1997 pages81-88.[EEE, IEEE ComputerSocietyPress,
1997.

[2] Leila De Floriani, PaolaMagilla, and Enrico Puppo. Variant: A
systentor terrainmodelingat variableresolution.Geoinformatica
4(3):287-3152000.

[3] HuguesHoppe. Smoothview-dependentevel-of-detailrendering
usingcachedgeometry In David Ebert,HansHagen,and Holly
Rushmeier editors, Proceedingsof IEEE Confeenceon Msual-
ization 1998 pages35-42.IEEE, IEEE ComputerSocietyPress,
1998.

[4] Joshua_evenbeg. Fastview-dependentevel-of-detailrendering
usingcachedgeometry In RobertMoorhead Markus Gross,and

(6]

(7]

(8]

[

(10]

(11]

(12]

(13]

(14]

(18]

Kenneth. Joy, editors,Proceeding®fIEEE Confeenceon Misual-
ization2002 page259-2651EEE, IEEE ComputerSocietyPress,
2002.

JulieC. Xia andAmitabhVarshng. Dynamicview-dependensim-
pli®cation for polygonalmodels. In Roni Yageland Gregory M.
Nielson,editors,Proceeding®f IEEE Confeenceon Visualization
1996 pages335-344IEEE, IEEE ComputerSocietyPress1996.
JihadEl-SanaandEitan Bachmat.Optimizedview-dependenten-
deringfor large polygonaldatasets.In RobertMoorhead Markus
Gross,andKennethl. Joy, editors,Proceedingf IEEE Confer
enceon Misualization2002 pages77-84.1EEE, IEEE Computer
SocietyPress2002.
HuguesHoppe.View-dependente®nemenbf progressie meshes.
In Gordon Cameron,editor, Proceedingsof SIGGRAPH1997,
ComputeiGraphicsProceedingsinnual Conferenceseries pages
189-198 ACM, ACM Presd ACM SIGGRAPH,1997.
PeterLindstrom. Out-of-core simpli®cation of large polygonal
models. In Kurt Akeley, editor, Proceeding®f SIGGRAPH200Q
ComputeiGraphicsProceedingsinnual ConferenceSeriespages
259-262 ACM, ACM Presd ACM SIGGRAPH,2000.
PeterLindstromandClaudio T. Silva. A memoryinsensitve tech-
niquefor large modelsimpli®cation.In ThomasErtl, KenJoy, and
Amitabh Varshng, editors, Proceedingsof IEEE Confeenceon
Visualization2001, pagesl21-126 IEEE, IEEE ComputerSociety
Press2001.

David Lueblke andCarl Erikson. View-dependensimpli®cationof
arbitrarypolygonalervironmentsln GordonCameroneditor, Pro-
ceedingsof SIGGRAPH1997, ComputerGraphicsProceedings,
Annual ConferenceSeries,pages199-208.ACM, ACM Press/
ACM SIGGRAPH,1997.

Marcel Gavriliu, JoelCarrancePavid E. Breen,andAlan H. Barr.
Fastextractionof adaptve multiresolutionmeshesvith guaranteed
propertiesfrom volumetric data. In ThomasErtl, Ken Joy, and
Amitabh Varshng, editors, Proceedingsof IEEE Confeenceon
Visualization2001, page<295—-3021EEE, IEEE ComputerSociety
Press2001.

Zoé J. Wood, MathieuDesbrun PeterSchidder andDavid Breen.
Semi-rgular mesh extraction from volumes. In ThomasErtl,
Bernd Hamann,and Abitabh Varshng, editors, Proceedingsof
IEEE Confeenceon Visualization 200Q pages275-282.1EEE,
IEEE ComputerSocietyPress2000.

BenjaminGregorski,Mark A. DuchaineauPeterLindstrom,Vale-
rio PascucciandKennethl. Joy. Interactve view-dependenten-
dering of large isosurfices. In RobertMoorhead,Markus Gross,
andKennethl. Joy, editors,Proceedingf the IEEE Confeence
on Visualization2002 pagesA75—-482EEE, IEEE ComputerSo-
ciety Press2002.

RobertoGrossaandGrzegorzSoza Real-timeexplorationof scalar
dataon multilevel meshes. In G. Greiner H. Niemann,T. Ertl,
B. Girod, andH.-P. Seidel,editors,Proceedingof Vision, Model-
ing, and Misualization2002(VMV 2002) 2002.

Zhiyan Liu, Adam Finkelstein, and Kai Li. Progressie view-
dependentsosuriicepropagtion. In D. Ebert,J. M. Favre, and
R. Peilert, editors, Proceedingsof the Joint Eurographics-IEEE
TCVG Symposiunon Visualization (VisSym-01) pages223-232.
SpringerVerlag,2001.



[16] YardenLivnat and CharlesHansen. View dependentsosurfice
extraction. In David Ebert, HansHagen,and Holly Rushmeier
editors, Proceedingsof IEEE Confeenceon Visualization 1998
pagesl75-180IEEE, IEEE ComputerSocietyPress;1998.

[17] Vijaya RamachandrarXiaoyu Zhang,and ChandrajitBajaj. Par-
alel and out-of-coreview-dependentsocontourvisualization. In
David Ebert,PereBrunet,andIsabelNavaz, editors,Proceedings
of theJoint Eurographics-IEEETCVGSymposiurnon Visualization
(VisSym-02)SpringerVerlag,2002.

[18] Rudiger Westermannleif Kobbelt,and ThomasErtl. Real-time
exploration of regular volume databy adaptve reconstructiorof
isosurfices.TheVisual Computer pagesl00-111,1999.

[19] LarsLinsen,JevanT. Gray, ValerioPascucciMark A. Duchaineau,
BerndHamann,andKennethl. Joy. Hierarchicallarge-scalevol-
ume representatiorwith ~ 2 subdvision and trivariate b-spline
wavelets.In GuidoBrunnett,BerndHamannHeinrichM{iller, and
LarsLinsen,editors,GeometricModelingfor Scienti ¢ Visualiza-
tion. SpringerVerlag,Heidelbeg, Germaly, 2004.

[20] L. Lippert, M. H. Gross,and C. Kurmann. Compressiordomain
volume renderingfor distributed ervironments. In Proceedings
of the Eurographics'97, volume 14, pages95-107.COMPUTER
GRAPHICSForum,1997.

[21] Donald Maggher Geometricmodeling using octree encoding.
ComputerGraphicsandImage Processing19:129-1471982.

[22] Mario Ohlbeger and Martin Rumpf. Hierarchicaland adaptie
visualizationon nestedgrids. Computing 59:365—-3851997.

[23] Dmitriy Pinskiy Erie Brugger Henry R. Childs, and Bernd
Hamann.An octree-basethultiresolutionapproactsupportingn-
teractive renderingof very large volumedatasets. In H. Arabnia,
R. ErbacherX. He, C. Knight, B. Kovalerchuk,M. Lee, Y. Mun,
M. Sarfraz,J. Schwing, and H. Tabrizi, editors, Proceedingsof
the 2001 International Confeenceon Imaging Science Systems,
and Technolagy (CISST2001), Volumel, pagesl6-22.Computer
ScienceResearchEducation,and Applications Press(CSREA),
Athens,Geogia, 2001.

[24] Raj Shekhay Elias Fayyad,Roni Yagel,andJ. Fredrick Cornhill.
Octree-basedlecimationof marchingcubessurfaces. In Roni
YagelandGregory M. Nielson,editors,Proceeding®f IEEE Con-
ferenceon Visualization1997, pages335-342.|EEE, IEEE Com-
puterSocietyPress;1996.

[25] Yong Zhou, BaoguanChen,and Arie E. Kaufman. Multiresolu-
tion tetrahedraframework for visualizingregularvolumedata. In
Roni YagelandHansHagen editors,Proceeding®f IEEE Confer
enceon Visualization1997 pagesl35-1421EEE, IEEE Computer
SocietyPress1997.

[26] Paolo Cignoni, Claudio Montani, Enrico Puppo, and Roberto
Scopigno. Multiresolutionmodelingand visualizationof volume
data.|[EEE Transaction®n Visualizationand ComputerGraphics
3(4):352-3691997.

[27] RobertoGrosscandGuntherGreiner Hierarchicaimeshegor vol-
umedata.In F.-E. WolterandN. M. Patrikalakis,editors,Proceed-
ingsof CGI '98, Hanover, Germany 1998.

[28] RobertoGrossoChristophL iirig, andThomasErtl. Themultilevel
®nite elementmethodfor adaptve meshoptimizationandvisual-
izationof volumedata.ln R. YagelandH. Hagen gditors Proceed-
ings of IEEE Confeenceon Visualization1997, pages135-142.
IEEE, IEEE ComputerSocietyPress1997.

[29] Oliver G. Staadtand Markus H. Gross. Progressie tetrahedral-
izations. In David Ebert,HansHagen,andHolly Rushmeigredi-
tors,Proceeding®f IEEE Confeenceon Msualization1998 pages
397-4021EEE ComputerSocietyPress1998.

[30] LarsLinsenand HartmutPrautzsch. Fan clouds— an alternatve
to meshes. In T. Asano,R. Klette, and Ch. Ronse,editors, Ge-
ometry Morpholagy, and Computationalmaging, (Proceeding®f
DagstuhlSeminar02151on Theoketical Foundationsof Computer
Vision), LNCS 2616 TheoreticalFoundationf ComputerVision.
|IEEE, SpringefVerlag,2003.

[31] JerroldE. Marsdenand Anthory Tromba. Veector Calculus W.H.
FreemanNew York, 4th edition,1996.

[32] William E. LorenserandHarwey E. Cline. Marchingcubes:A high
resolution3d surface constructionalgorithm. In Proceedingsof
the 14th annualconfeenceon Computergraphicsand interactive
techniques pagesl63—-169ACM Press1987.

[33] S.ChanandE. Purisima. A new tetrahedratessellationrscheme
for isosurbicegeneration. Computerand Graphics 22(1):83-90,
1998.

[34] Jarle J.vanWijk. Flow visualizationwith surfaceparticles.|EEE
ComputerGraphicsand Applications 13(4):18-241993.

[35] Shyh-KuangUeng, ChristopherSikorski, andKwan-Liu Ma. Ef-
®cient streamline streamribbonand streamtubeconstructionson
unstructuredyrids. IEEE Transactionon Visualizationand Com-
puterGraphics 2(2):100-1101996.

[36] NicolasAspert,Diego Santa-Cruzand TouradjEbrahimi. Mesh:
Measuringerrorsbetweersurfacesusingthehausdorf distanceIn
Proceedingof the IEEE International Confeenceon Multimedia
andExpg volumel, pages7’05-708EEE, IEEE ComputerSoci-
ety Press2002.

[37] RogerA. Crav®s and NelsonMax. Texture splatsfor 3d vector
and scalar®eld visualization. In Gregory M. Nielsonand Dan
Bemgeron,editors,Proceedingof IEEE Confeenceon Misualiza-
tion 1993 pages261-266.IEEE, IEEE ComputerSocietyPress,
1993.

Authors

JevanT. Gray graduatedrom the Univeristy of Cali-
fornia, Davis in 2000with aB.S.in ComputerScience
andEngineeringHe thenworkedfor theVisualization
andGraphicsResearctGroupin the Centerfor Image
Processingand Integrated Computing(CIPIC) while
pursuinghis M.S. in ComputerScience.His research
therefocusedin volume visualization. More specif-
ically, using multiresolutionmeshesyiew-dependent
methodsand multi-variate error metrics and render
ing techniquego perform visualizationof large multi-varitate volumet-
ric datasetsln 2003he earnechis M.S. in ComputerScience.Currently
Jevanis doingfreelanceprogrammingasanindependentontractor

Lars Linsenis a post-doctoratesearcheandlecturer
at the Center for Image Processingand Integrated
Computing (CIPIC) of the University of California,
Davis. His maininterestsare scienti®cvisualization,
computergraphics, large-scaledata exploration, ge-
ometric modelingand computeraided geometricde-
sign (CAGD). His particularfocusis on multiresolu-
tion methodsfor surfacesand volumesand on point
clouds. Lars Linsenreceveda B.S.,anM.S., anda
Ph.D.in computersciencefrom the UniversittKarlsruhe(TH), Germary.
Hewasawardedwith the2002PreisdesFrdenereinsdesForschungszen-
trumInformatikattheUniversityKarlsruhefor anoutstandinglissertation
in computerscience.

BerndHamannsenesasassociateice chancellofor
researchjs co-directorof the Centerfor ImagePro-
cessingand Integrated Computing (CIPIC), and full
professonf computerscienceatthe Universityof Cal-
ifornia, Davis. His mainresearctinterestsarevisual-
ization, geometricmodelingand computeraidedgeo-
metric design,computergraphics,andvirtual reality.
BerndHamanmrecevedaB.S.in computersciencea
B.S.in mathematicsandanM.S. in computerscience
from the TechnicalUniversity of BraunschweigGermarn. He receveda
Ph.D.in computersciencedrom ArizonaStateUniversityin 1991.He was
awardeda 1992 National ScienceFoundationResearchnitiation Award
anda1996NationalSciencd~oundationCAREERAward. In 1995,here-
ceived a Hearin-Hes®DistinguishedProfessorshifn Engineeringby the
College of Engineeringat MississippiStateUniversity

Kennethl. Joy is a professorof computerscienceat
the University of California at Davis. He joined UC
Davis in 1980in the Departmenbf Mathematicsaand
wasa foundingmemberof the ComputerScienceDe-
partmentin 1983. He is a faculty computerscientist
atthe LawrenceBerkeley National Laboratory anda
participatingguestresearcheat the LawrenceLiver
moreNationalLaboratory His primaryresearclinter
estsarein the areasof visualization,Multiresolution
representationf data,geometricmodelingand computergraphics.Pro-
fessorJoy seneson the editorial boardof the IEEE Transaction®n Vi-
sualizationand ComputerGraphicsand sened as a papersco-chairand
proceedingso-editorfor the IEEE Visualizationconferencef 2001and
2002.



