WAVELETS FOR ADAPTIVELY REFINED ° 2-SUBDIVISION MESHES
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ABSTRACT

For view-dependentisualization,adaptvely re ned volumetricmeshesreusedto adaptresolutionto givenerrorconstraints.
A meshhierarcly basednthe ° 2-subdvisionschemeroducestructuredyridswith highestadaptvity. Downsamplinglters
reducealiasingeffectsandleadto higherquality datarepresentatioin termsof lower approximatiorerror) atcoarsetevelsof
resolution.We presentamethodfor applyingwavelet-basedionnsamplinglters to adaptiely re ned meshesWe usealinear
B-splinewaveletlifting schemeo derive narrav Iter masks.Usingthesenarrov masksthe wavelet lters areapplicableto
adaptvely re ned mesheswithout imposingary restrictionson the adaptvity of the meshesi. e., all wavelet Itering opera-
tions canbe performedwithout further subdvision steps.We de ne rulesfor vertex dependenciem wavelet-baseddaptie
re nementandresohe themin anunambiguousnanner We usethewavelet Iters for view-dependentisualizationin orderto
demonstratéhe functionalityandthe bene ts of our approachWhenusingwavelet Iters the approximatiomquality is higher
at eachresolutionlevel. Thus,lesspolyhedraneedto be traversedby a visualizationmethodto meetcertainerror bounds/

quality measures.
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1 Intr oduction

Due to substantiaimprovementsin computingpower and imaging and sensortechnologiesn recentyears,today’s data-
intensie applicationsare generatinghugeamountsof datain shorterandshortertime frames. Simulatingthree-dimensional
phenomenameasuringscalar elds in a three-dimensionatrvironment,or scanningwith three-dimensionailevicesleadto
large-scalevolumedata,possiblyvaryingover time. In-coredataexplorationandvisualizationtools cannotbe appliedto such
datasetsat highestresolution.Usingmultiresolutionapproachesjovnsamplingcanbe usedto reducedatasetsto manageable
sizes,anda multiresolutionhierarcly is emplo/edto representiataat variouslevels of resolution.

Applying in-corevisualizationtools to an appropriatdevel of resolutioncanleadto ratherlow-quality images.A well-
known concepin computergraphicsandvisualizationusedto improve imagequalityin ahierarchicakettingis view-dependent
re nement: Insteadof visualizinganentiredatasetatthe samelevel of resolution resolutionis adaptedo viewing parameters
in the three-dimensionacene.Regionscloseto the viewpoint andthe line of sight shouldbe given higherpriority. In such
regions, datashould be available at “suf ciently” high resolution,whereasother regions can remainat lower resolutions.
Whatis consideredo be sufcient, dependon the application,the user the resolutionof the outputdevice, andframe-rate
requirements.

To obtainbetterapproximationsof a datasetat coarselevels of resolution,dovnsampling lters canbe appliedwhen
generatinga multiresolutionhierarcly. In [15, 16], we shaved that Iters basedon linear B-spline wavelets signi cantly
improve approximatiomuality. However, downsampling lters basedon non-constanB-splinewaveletscanonly be applied
ef ciently whende ned over structuredrectilinear tensofproducttype) grids permittingthe useof a regulardownsampling/
re nementschemeOnthe otherhand,view-dependentisualizationcanbe performedmoresuccessfullywhenthere nement

R

2-subdvision schemearegularre nementschemavith nest granularity

R

schemesupportshigh adaptvity. Thus,we usethe
supportinghigh adaptvity. The splitting stepsof the ° 2-subdvision schemeareequialentto longest-edgéisectionapplied
to atetrahedramesh.We describemultiresolutionhierarcly constructiorbasedon * 2 subdvisionin Section3.

Non-constanB-splinewaveletshave the propertythatthe computatiorof thewaveletcoefcient atavertex p is notonly
basedntheneighborof p butalsoonverticesfartheraway. Larger Iters reduceadaptvity of amultiresolutiorrepresentation.
Lifting schemesvith narrav Iters canbeusedto overcomethis problem.In Section4, we describealifting scheméor linear
B-splinewavelets.

The applicationof the lifting schemeto an adaptve settingis not straightforvard. In an adaptve setting,verticesare
representedcht differentlevels of resolution,whereaghe lifting schemerequiresall of themto belongto the samelevel. In
Section5, we discusshow the waveletdownsampling Iters canbe appliedto anadaptve settingusingthelifting scheme.n

Section6, we shav how this wavelet-basecdaptve settingis usedfor view-dependentisualization.

2 Relatedwork

Adaptive re nementof meshesandview-dependenvisualizationtechniquesveredevelopedwhenintensve researchon ter-
rain renderingstarted,abouta decadeago. To date, mary view-dependentipproachexist for height eld-like surfaces
[4, 2,9, 12, 36 andalso for more generalpolygonalsurfaces[8, 13, 14, 21, 3]. For scalarvaluedvolume data,one can
extract multiresolutionhierarchiesof isosurbices[5, 35]. However, theseapproachegre not suitablefor large-scalevolume

visualization sincestoringall hierarchief all possiblyimportantisosurficeswould requiretoo muchstorage.



Recenttechniquesuse multiresolutionvolume representatiorand extract view-dependenisosurficesfrom adaptiely
re ned volumedata[7, 19, 20, 28]. Theseapproachearetypically basedon structuredgrids andregularre nementschemes
[18, 22, 24, 26, 30, 34, 37] for establishinga multiresolutionhierarcly, sincevertex positionsand meshconnectvity are
implicitly de ned for structuredyrids,leadingto fasterdataacces&ndloading,which is crucialfor interactvity.

Onemajor dravback of approachesasedon structuredgrids is low adaptvity, which is of high importancefor view-
dependentisualization.Themultiresolutionhierarcly with highestadaptvity is atetrahedraimeshhierarclty basednlongest-
edgebisection[6, 7, 24, 37]. The splitting stepof the R 2-subdvision schemeis equivalentto longest-edgéisectionfor
tetrahedraimeshes.In fact, for implementationpurposesve have usedtetrahedraimeshessincethey canbe supportedby
existing visualizationtools. Thederivationsanddescriptionof thetechniquegremoreeasilyexplainedwhenusingthe (more
general)® 2-subdvision scheméor (initially) hexahedraimeshes.

R

3 Multir esolutionwith ° 2 subdivision

A multiresolutionhierarcly basedon ° 2 subdvision is constructedy startingwith the coarsestesolutionof a given mesh
anditeratively applying ~ 2-subdvision steps The subdvision stepscanbe performedsimultaneouslyor all meshelements.
The splitting stepof the d 2-subdiision schemevasdescribedby CohenandDaubechie$l] for dimensionn = 2 and
Maubach[23] for arbitrarydimensionn. Figurel illustratesfour splitting stepsof a P 2 subdvision (n = 2). To split the
guadrilateralQ, we computeits centroidc andconnectc to thefour verticesof Q. The“old” edgesof the meshareremoved
(exceptfor the edgesdeterminingthe mesh/domairboundary).Velho and Zorin [33] completedthe P 2-subdvision scheme

by addingan averagingstepto the splitting step. They shaved that the producedsurfacesare C4-continuousat regular and
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Figurel. Fourstepsof 2 subdvision appliedto quadrilatera.

C!-continuousat extraordinaryvertices.

This subdvision schemecanbe generalizedo arbitrarydimension15, 16, 25]. The splitting stepof the R 2 subdvision
is executedby insertingthe centroidof then-dimensionageometricashapesndadjustingvertex connectiity. Theaveraging

stepappliesto every old vertex v thelinearupdaterule
v= v+ (1 w

wherew is the centroidof theadjacennew verticesand 2 [0; 1].

R

Figure 2 shaws three ° 2-subdvision splitting steps( = 1) for structuredrectilinearvolume data. Threekinds of
polyhedralshapesrise,shovn in Figure3.

With respectto the start con guration (rst picture of Figure 2), the three subdvision stepscan be describedin the
following way: The rst stepinsertsthe centroidof the cuboid(secondpictureof Figure2); the secondstepinsertsthe centers
of thefacesof theoriginal cuboid(third pictureof Figure2); andthethird stepinsertsthe midpointsof the edge<of theoriginal

cuboid(fourth pictureof Figure2).
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Figure2. Threestepsof ~ 2 subdvision appliedto a cube.

Figure3. Polyhedrakhapesreatedy ~ 2 subdvision: octahedronoctahedromwith split facesandcuboid.

Thus,three® 2-subdvision stepsproducethe sameresultasoneoctreere nementstep. Thetwo stepsin betweerleadto

ner granularityandthushigheradaptvity.

4 Waveletlifting scheme

Whendownsamplingvolumedatain aregularfashion datais not“grouped”dueto variationin thedata. Thus,aliasingartifacts
occurandimportantdetailsmay be missingat coarsdevels of resolution.We overcomethis problemby usingdovnsampling
Iters. In imageprocessingsuchdownsamplinglters arecommonlyemplo/edwith wavelets.

A family of lters canbe derived by using B-splinesof variousdegreesfor wavelet generation. (For an introduction
to B-splinetechniqueswe referto [27].) However, whenusingnon-constanB-splines,the size of the wavelet Iters is not
limited to adjacentvertices.Localizationis desirablevhenwe wantto applywavelet lters to adaptve re nementandout-of-
corevisualizationtechniquesLifting schemesasintroducedby Sweldeng31], decomposevaveletcomputationsnto several
steps,but they assertnarrav lters. We review the ideaof lifting, andlifting of B-spline waveletsfor R 2 subdvision in
particular

Theideaof alifting schemds shavn in Figure4, usingthe exampleof linear B-splinewavelets.For dovnsampling the
verticesof alevel of resolutionL ,, aresplit into two groups:the onesthatbelongto the next coarselevel of resolutionL , ;
(oftenreferredto aseven vertices)andtheonesthatbelongto L , nL, ; (oftenreferredto asodd vertices).Insteadof applying
a large dowvnsampling lter to the verticesin L, 1, thelifting schemedecomposethelarge lter into two narrov onesand
executedwo steps.First,onenarrov Iter (w-lift) is appliedto theverticesin L, nL,, 1. Secondtheothernarrov Iter (s-lift)
is appliedto the verticesin L, 1. This procesds usuallyreferredto asencoding andthevaluesattheverticesin L, nL, ;
are calledwaveletcoefcients. The decodingstepinvertsthe two encodingstepsandreconstructdevel L, from level L, 1

usingthewaveletcoefcients.
Thelifting lters canbedescribedy masks For example,the one-dimensionaB-splinewaveletlifting Iters aregiven

by
s-lift(a; b): a b a and (1)

w-lift (a; b): aba : 2)



encoding decoding

1 . 1 )
s-lift leveln-1 s-lift
A A
leveln -0.5 0.25 -0.25 0.5 leveln
1 . wavelet 1 )
w-lift * coeff. * w-lift

Figure4. One-dimensionalinear B-spline wavelet lifting: By consecutiely applyingw-lift and s-lift operation,a coarser
resolutionlevel L, ; andcorrespondingvavelet coefcients arecomputedirom a ner resolutionlevel L. Inverselifting,
i. e.,computingevel L, fromlevelL, i andthecorrespondingvaveletcoefcients, is executedoy applyingtheinverselifting

opertaionsn inverseorder

Using the s-lift andw-lift masks,a linear B-spline wavelet encodingstepis de ned by sequentiallyexecutingthe two
operations
w-lift ( %; 1) and
s-lift(3; 1) :

A linearB-splinewaveletdecodingstepis de ned by executingtheinverseoperationsn reverseorder They are

s-lift( %;1) and
w-lift (35 1) :
The 1D lters in Equations(1) and (2) canbe generalizedo 2D Iters for quadrilateralmeshegrepresentingensor

productsurfaces)in a quadtree-like settingandto 3D lters for hexahedralmeshesn anoctree-lile settingby corvolution of

the 1D masksin thetwo or threecoordinatedirections respect'yely For example, onewould getthe 2D maskby

a2 ab a2

3 N Ml

a> ab a?
Waveletsfor generatlilationmatricesverediscussetby RiemenschneidemdShen29], whousedabox-splineapproach.
Kovacevit andVetterli[11] and,morerecently Uytterhoaren[32] andKovacevic andSweldeng10] developedifting schemes

R

that can be appliedto " 2-subdvision meshhierarchies. Uytterhoaen’s methodonly addresseshe two-dimensionakase,

Kovacevi¢ and Sweldens'approachdealswith the two- andthree-dimensionatases.The lters usedin [10] arenot narrav

R 2-subdvision developedin [15].

enoughfor our purposesWe usethe 3D masksfor
Ina R 2-subdvision hierarcly, threedifferentkinds of polygonalshapesippear They areshavn in Figure3. Therefore,

threedifferentkinds of masksmustbede ned for thelifting lters:

1. We startwith the situationshowvn in thesecondictureof Figure2. The masksw-lift (a; b) areof theform




Themaskss-lift(a; b) areof theform

Themasksarederivedfrom the maskgor octree-basetlierarchiedy linearlyinterpolatingthe valuesatthe non-&isting

vertices.For a detailedderivationandthe exactvaluesfor a andb we referto [15].

2. In thesituationshawvn in thethird pictureof Figure2, themaskseduceo 2D masksvhenensuringhatwe donotviolate

thelinearinterpolationassumptionsnadein the above case.The masksw-lift (a; b) areof theform

° b
s a

Themaskss-lift(a; b) areof theform

\ . a
N b
3. Inthesituationshovnin thefourth pictureof Figure2, themaskseduceo 1D masksvhenensuringhatwe donotviolate

thelinearinterpolationassumptionsThe masksw-lift (a; b) ands-lift(a; b) of Equationg1) and(2) canbeapplied.

All masksareasnarrav asthey canbe andthusappropriatefor adaptve re nement. Moreover, the schemenaturally

coversboundaryfacesandboundaryedgesof amesh.

5 Waveletlifting in adaptive setting

In anadaptve setting,the verticesof ameshshouldnot all belongto the samelevel of resolution.Thus,if avertex is inserted,
we cannotsimply applythe updaterulesdescribedn the previous section but we have to male surethatthe neighborvertices
(the onesbelongingto the supportof the updatemasks)areat the right levels of resolution.We may have to “raise” neighbor
verticesto the appropriatdevel of resolution rst.

Moreover, whenapplyinga local subdvision stepto a polyhedronP, we cannotsimply apply one maskto updatethe
verticesof P, but we mustapply the updaterules for all adjacentpolyhedrathat sharean updatedvertex with P. When
insertinga new vertex, we mustupdatethe valuesaccordingto the lifting schemej.e., we rst mustexecutes-lift operations
for the neighborsof the new vertex andthenw-lift operationsfor the new vertex. Again, we have to distinguishthreecases,

dependingnthekind of vertex beinginserted:



1. Wheninsertinga vertex N we mustapplythefollowing w-lift mask:

For linear B-splinewavelets,we obtaina = % andb = 1. Let N, bethesetof neighborverticesof a vertex p, which
belongto the supportof the updatemaskappliedto p. For example,if p is the vertex N, N, is the setof vertices .

Accordingto thelifting schemewe rst updatethevertices beforeupdatingN. We applythefollowing s-lift mask:

For linearB-splinewavelets we obtaina= & andb= 1.

2. Wheninsertinga vertex M we mustapply the two-dimensionalw-lift masksfrom the previous sectionto all possible

directions.Thesemaskscanbe combinednto a singlew-lift mask,givenas

For linear B-spline wavelets,we obtaina® = &= 1—12 andb® = b = 1. Again, we rst updatethe vertices before
updatinglVl. We combinethe two-dimensionas-lift masksfrom the previous sectionin a singles-lift mask:

Ly
A al

For linearB-splinewavelets we obtaina®= 3 = L andt’= b= 1.

3. Wheninsertinga vertex  we mustapply the one-dimensionalv-lift masksfrom the previous sectionto all directions.

We combinetheminto a singlew-lift mask,givenas

o

[e]
oo

For linear B-splinewavelets,we obtaina® = &= % andt® = b= 1. We updatethe vertices beforeupdating . We

combinethe one-dimensionad-lift masksfrom the previoussectionin a singles-lift mask:



For linearB-splinewaveletswe obtaina®= 3 = X andt’= b= 1.

a
3

Whenremaoving a vertex we applytheinversemasksn inverseorder Theinversemaskshave the samestructure put different
valuesa andb.

The dependenciebetweernverticescanbe de ned andresohedasfollows: Initially, we assigna uniquelyde ned index
n to every vertex in the multiresolutionhierarcly, indicatingto whichlevel L, avertex belongs(seeSection4). Theindexing
startswith zerofor theverticesbelongingto the coarsestesolutionlevel L g.

To illustrate how to resole dependenciesye discussthe exampleshavn in Figure5. The rst pictureshaws the start
con gurationwith all verticesin L. In thesecondpicture,a rst vertex N is insertedwhich mustbein L ;. Thethird picture
shavs thatthevaluesatthevertices areupdatedrst by executingans-lift operation(theirindicesareraisedby one),before

thevalueatvertex N is updatedoy executingaw-lift operationshavn in thefourth picture(its index is beinginitialized).

o .0
Ot 0

A S S
c‘,::,Q ,,,,, ) 0
0 0

Figure5. Waveletlifting wheninsertingvertex N: Beforeupdatingvertex N, surroundingverticesneedto belifted to appropri-

ateresolutionlevel.

In generalwhenavertex p with index n is insertedaw-lift operationmustbe appliedto updatethe valueat thatvertex.
Theexecutionof thew-lift requiresthatall verticesin N, areactive andhave index n. Thesubdvision schemelreadyensures
thatall verticesin N, areactve, beforeit insertsthevertex p [7].

We mustensurehattheverticesin N, haveindex n. Theappropriates-lift operationsareexecuted Eachexecutionof an
s-lift operationraisesthe index by one. For the executionof ans-lift operationatavertex g 2 N, the verticesin Nq do not
needto beactive. In fact,they arenever active, sincethe vertex g would alreadyhave beenupdatedjf ary vertex in Ny had
beeninsertedearlier Moreover, theverticesin N arenotupdatedoeforethey areselectedor insertionandbecomeactive. At
thatpoint, theincreasedndex of vertex g indicatesthatq hasalreadybeenupdatedcbefore.

We concludethatthewavelet Iters do notreducetheadaptvity of the entiresystem sinceno additionalverticeshave to

beinsertedfor applyingthe waveletlifting masks.

6 Wavelet-basedview-dependentvisualization

To validate our adaptie wavelet lifting scheme,we have appliedit to view-dependentrolume visualization. In a view-
dependensetting, resolutionshouldbe high next to the viewpoint (or the focus of attention)and decreaseavith increasing

distancefrom the viewpoint.



Figure6. Reversingsubdiisionsteps:All vertex dependenciesiustbe checlkedwhenapplyinginverselifting operationsOnly

to verticeswith no dependenciesverselifting canand(for consisteng) hasto beapplied.

We de ne an approximationerror E(P) for every polyhedronP accordingto an error metric. Following the approach
describedn [17], P is subdvided whenits error E(P) is beyond a threshold wherethe thresholdincreasesith increasing
distancdrom theviewpoint. Letd(P) bethedistancdrom P to theviewpoint,dnax themaximumdistancerom theviewpoint

(or therangeof sight),andEnyax  the maximumapproximatiorerror. P is subdvidedwhen

OO

dmax

E(P) >

Theparametersinax andEmax areapplication-speci candusercontrolled. For y-through dataexploration,onecanrestrict
subdvision stepsto regionswithin the view frustum,which is de ned by the rangeof sightdmax anda maximumdeviation
anglefrom theline of sight. Notethattheadaptve resolutionof themeshis solelydeterminedy theview-dependentisualiza-
tion application.We do not performa waveletcompressionThewavelet lters areusedto improve the approximatiomguality
for agivenresolutionandnot to determinghe adaptve resolutionof the mesh.

For thede nition of the approximatiorerror, we usea simpleandthusef cient errormetric. Giventhe original function

F atthediscretesamplevaluestheerrorfor apolyhedronP is de ned as

S
EP = L R 10 2
JPJ x2P
wherejPj denoteghevolumespannedy P andf (x) thevalueatx linearly interpolatedrom the valuesat the verticesof P.
We addthe approximatiorerrorsatall verticesx of the nest resolutionlevel thatlie in P. Onecande ne ascreen-spacerror
by projectingE(P) ontothe screen.For someapplicationswe have useda more sophisticateddata-dependergrror metric
thatalsotakesa choserisovalueinto accountse€[6].

Whena polyhedronP is subdvided, the vertex insertedby the subdvision stepis updatedusinga w-lift operation),in
additionto all the verticesthe insertedvertex is dependenbdn (usingans-lift operation).Thelatterarenot necessarilyertices
of P. Whena subdvision stepis reversed the sameverticesare updatedagain usingthe inverselifting operationsn reverse
order Someof the s-lift operationanustnot be reversed. For example,Figure 6 shavs a meshwith two adjacentcuboids,
wherein a rst stepthe rst cuboidis subdvided,in a secondstepthe secondcuboidis subdvided,andin athird stepthe rst
subdvision stepis reversed.To someof thevertices , to which ans-lift operatiorhasbeenappliedin the rst subdvision step
(theirnew index is 1), we mustnot applythereverses-lift operationsinceanew dependenchasbeengeneratedby thesecond
subdvision step.

Following theserules,theindex of avertex in anadaptvely re ned meshis alwaysuniquelyde ned andconsistentvith

its neighborhood.



(a) (b)
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Figure 7. View-dependenvisualizationof Lung dataset using adaptvely re ned ° 2-subdvision mesh. Lifting schemes

R

have beenusedto apply linear B-splinewavelet Iters to the adaptve meshhierarcly. (a) Adaptively re ned * 2-subdiision
mesh.(b) Visualizationof isosurfice,whichis shavn from the sideto illustratethe decreasingesolutionlevel with increasing
distancdrom thefocuslocatedontheright handside. (Datasetcourtesyof E. Wisner Departmenbf SuigicalandRadiological

SciencesUniversity of California, Davis)

7 Results

Figure7 shaws a view-dependenvisualizationof a primatelung dataset. The sizeof the shovn CT datasetis 512 512
266, and the rangeof the valuesis [0; 255] For visualizationpurposeswe have extractedan isosurfice (for isovalue 86)
from an adaptvely re ned R 2-subdvision hierarcly, wherelinear B-splinewavelet Iters have beenusedfor generatinghe
multiresolutionhierarcly. The wavelet Ilters have beenappliedto the adaptve settingusing the describedifting scheme.
Figure7(a) shavs the adaptiely re ned mesh wheretheviewpointis locatedat the centerof the “right” quadrilaterafaceof
the boundingbox. Figure7(b) illustrateshow view-dependentisualizationworks by shawving the extractedisosurficefrom a
point thatdoesnot coincidewith the viewpoint usedfor view-dependenisosurficeextraction. It canbe seenclearly how the
resolutionchangegrom ne to coarsan theadaptvely re ned mesh.

In [15], we shavedtheimprovementin quality whencomparingheresultsobtainedwith wavelet Iters to thoseobtained
without wavelet Iters in a non-adaptie setting. Typically, approximationerroris 10 to 15% lower when applyingwavelet
Iters, anderrorreductionis higherwhenconsideringcoarserresolutions.For the view-dependensetting,we have obsened
the samebehaior. Thus,in orderto meeta certainerror bound (as de ned in the last section),we needto processess
polyhedraand,whenapplyingisosurficeextraction,needto displaylesstriangles. The amountof polyhedraandtriangleswe
saveis proportionatto (andin the samerangeas)theerrorreduction.

In Figure 8, we provide a visual comparisorof view-dependenvisualizationwith andwithout wavelet lters. The data
setis a CT scanof a Bonsaitree. The sizeof the datasetis 256°, andthe rangeof the valuesis [0; 255} Figure8(a)shawvs an

R

isosurfice(for isovalue4?2) extractedfrom anadaptvely re ned ° 2-subdvision hierarcly withoutwavelet Iters; Figure8(b)
shavs thesameisosurficeextractedirom anadaptvely re ned ~ 2-subdiision hierarcly with wavelet lters. Both hierarchies

satisfythe sameerror bound. The hierarcly with wavelets lters requires868 polyhedralessto meetthe error criterion. The

10
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Figure8. Comparingsosuraicesextractedfrom adaptvely re ned ° 2-subdvision hierarcly without (a) andwith (b) wavelets
Iters for Bonsaidataset. The visualizationwith wavelet Iters requiredessgeometryto meetsameerror criterion/ approxi-
mationquality. (c) High-qualityvisualizationof anadaptvely re ned R 2-subdvision hierarcly with wavelets lters. Adaptive
re nementallows usto traverselessthan30% of original amountof geometrywhile producingimagesof samequality. (Data

setcourtesyof S. Roettger Abteilung Visualisierungund Interaktive Systemelniversity of Stuttcart, Germary)

extractedisosurficefrom the hierarcly with wavelets Iters consistsof 2454 fewer triangles. Thus, during both isosurace

extractionandrenderingcomputatiortime canbe saved.

Figure 8(c) illustratesthe bene ts of using adaptve re nementtechniques.The shavn isosurfice (for isovalue 42) is
“visually equal”to the one extractedfrom the highest-resolutiomepresentationf the dataset, but it is basedon fewer than
30% of the original numberof polyhedra.For adaptve re nement,we have usedthe data-dependerrror metricdescribedn

[6]. Thecenterof thedatasethasbeenusedasfocusof attention.

8 Conclusion

We have demonstratedhon wavelet Iters canbe appliedto adaptve re nementof 3D meshes.The usedunderlyingmesh
hierarcly is basedn ° 2 subdvision, whichiis aregularre nementschemdeadingto structuredyridswith highestadaptvity.

R

Sincethe splitting stepsof the * 2-subdiision schemeare equivalentto longest-edgédisectionstepsappliedto tetrahedral

meshespurtechniquesanbeappliedto bothkindsof meshhierarchies.

We have useda linear B-splinewaveletlifting schemeo derive narrov Iter maskswhich canbe appliedto adaptvely

R

re ned ° 2-subdvision meshesWe have shavn thatthe applicationof the wavelet masksdoesnot imposerestrictionson the
adaptvity of themeshesAll wavelet ltering operationanbe performedwithout furthersubdvision steps.Moreover, when
following thedescribedulesto de ne andresole vertex dependenciesyvery vertex is alwaysrepresentedtauniquelyde ned

level of resolution.

We have appliedour wavelet Iters to view-dependentisualizationandhave shavn thatour methodsarefunctionaland
practical thatwavelet Iters reduceapproximatiorerrorin adaptvely re ned meshhierarchiesandthatwavelet-basec@daptve

re nementcanreducethe amountof polyhedrato be processedor visualizationpurposes.

11



Acknowledgments

This work was supportedby the National ScienceFoundationunder contractsACI 9624034(CAREER Award) and ACI
0222909 throughthe Large Scienti ¢ and Software DataSetVisualization(LSSDSV) programundercontractACl 9982251,

andthroughthe National Partnershipfor AdvancedComputationalnfrastructure(NPACI); the National Institute of Mental

Health and the National ScienceFoundationunder contractNIMH 2 P20 MH60975-06A2; and the LawrenceLivermore

National Laboratoryunder ASCI ASAP Level-2 MemorandumAgreementB347878and under MemorandumAgreement
B503159.We alsoacknavledgethe supportof ALSTOM Schilling RoboticsandSGI. We thankthe membersf the Visualiza-

tion andGraphicsResearctGroupat the Institutefor DataAnalysisandVisualization(IDAV) at the University of California,

Davis.

References

[1]

[2]

3]

[4]

[5]

[6]

[7]

[8]

Albert Cohenandingrid DaubechiesNonseparablbidimensionalvaveletbasesRer. Mat. Iberoamericana9(1):51-137,
1993.

Mark DuchaineauMurray Wolinsky, David E. Sigeti, Mark C. Mille, CharlesAldrich, andMark B. Mineev-Weinstein.
Roamingterrain: Real-timeoptimally adaptingmeshesin R. YagelandH. Hagen editors,Proceeding®f IEEE Confer
enceon Visualization1997, pages81-88.IEEE, IEEE ComputerSocietyPress1997.

JihadEl-SanaandEitanBachmatOptimizedview-dependentenderingor largepolygonaldatasetsin RobertMoorhead,
MarkusGross,andKennethl. Joy, editors,Proceeding®f IEEE Confeenceon Visualization2002 pages’7—-84.1EEE,
IEEE ComputerSocietyPress2002.

Leila De Floriani, Paola Magilla, and Enrico Puppo. Variant: A systemfor terrain modelingat variable resolution.

Geoinformatica4(3):287-3152000.

Marcel Gavriliu, JoelCarranceDavid E. Breen,andAlan H. Barr. Fastextractionof adaptve multiresolutionmeshes
with guaranteegbropertiesfrom volumetricdata. In ThomasErtl, KenJoy, andAmitabhVarshng, editors,Proceedings
of IEEE Confeenceon Misualization2001, pages295-302IEEE, IEEE ComputerSocietyPress2001.

JevanT. Gray, LarsLinsen,BerndHamann.andKennethl. Joy. Adaptive multi-valuedvolumedatavisualizationusing
data-dependergrror metrics. In Greg Turk, Jarke J. van Wijk, and RobertMoorhead,editors, Proceedingsof IEEE
Confeenceon Visualization2003 IEEE, IEEE ComputerSocietyPress2003.

Benjamin Gregorski, Mark A. DuchaineauPeterLindstrom, Valerio Pascucci,and Kennethl. Joy. Interactive view-
dependentenderingof largeisosurfices.In RobertMoorhead MarkusGross,andKennethl. Joy, editors,Proceedings

of thelEEE Confeenceon Visualization2002 pagesA75-482IEEE, IEEE ComputerSocietyPress2002.

HuguesHoppe. View-dependente nementof progressie meshes.In GordonCameron editor, Proceedingof SIG-
GRAPH1997 ComputerGraphicsProceedingsAnnual ConferenceSeries,pagesl89-198. ACM, ACM Press ACM
SIGGRAPH,1997.

12



[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

HuguesHoppe. Smoothview-dependentevel-of-detail renderingusing cachedgeometry In David Ebert, HansHa-
gen,andHolly Rushmeiereditors,Proceedingof IEEE Confeenceon Misualization1998 pages35—42.1EEE, IEEE
ComputerSocietyPress;1998.

JelenaKovacevic andWim Sweldens.Waveletfamiliesof increasingorderin arbitrarydimensions.|EEE Transactions
onImage Processing9(3):480-4961999.

JelenaKovacevic and Martin Vetterli. Nonseparablenultidimensionalperfectreconstructionlter banksand wavelet

basedor r". IEEE Transactionn InformationTheory 38(2):533-5551992.

Joshud_evenbeg. Fastview-dependenltevel-of-detailrenderingusingcachedyeometry In RobertMoorhead Markus
Gross,andKennethl. Joy, editors,Proceeding®f IEEE Confeenceon Visualization2002 page259-265IEEE, IEEE
ComputerSocietyPress2002.

PeterLindstrom. Out-of-coresimpli cation of large polygonalmodels. In Kurt Akeley, editor, Proceedingof SIG-
GRAPH200Q ComputerGraphicsProceedingsAnnual ConferenceSeries,pages259-262.ACM, ACM Press ACM
SIGGRAPH,2000.

PeterLindstromandClaudio T. Silva. A memoryinsensitve techniquefor large modelsimpli cation. In ThomasErtl,
KenJoy, andAmitabhVarshng, editors,Proceeding®f IEEE Confeenceon Visualization2001, pagesl21-1261EEE,
IEEE ComputerSocietyPress2001.

LarsLinsen,JevanT. Gray, ValerioPascucciMark A. DuchaineauBerndHamannandKenneth. Joy. Hierarchicalarge-
scalevolumerepresentationvith ° 2 subdvision andtrivariateb-splinewavelets. In Guido Brunnett,Bernd Hamann,
HeinrichM{ller, andLarsLinsen,editors,GeometricModelingfor Scienti ¢ isualization SpringefVerlag,Heidelbeg,
Germarn, 2004.

LarsLinsen,Valerio PascucciMark A. DuchaineauBerndHamannandKennethl. Joy. Hierarchicalrepresentatioof
time-varyingvolumedatawith R 2 subdvision andquadrilinea-splinewavelets. In Coquillart, Shum,andHu, editors,
Proceeding®f TenthPaci ¢ Confeenceon ComputerGraphicsand Applications— Paci ¢ Graphics2002 IEEE, IEEE
ComputerSocietyPress2002.

Lars Linsen and Hartmut Prautzsch. Fan clouds— an alternatve to meshes. In T. Asano,R. Klette, and Ch. Ronse,
editors,Geometry Morpholagy, and Computationallmaging, (Proceedingf Dagstuhl Seminar02151on Theoketical
Foundationof ComputeMsion), LNCS 2616 TheoreticaFoundation®f Computeision.IEEE, SpringerVerlag,2003.

L. Lippert, M. H. Gross,and C. Kurmann. Compressiordomainvolume renderingfor distributed ervironments. In
Proceeding®f the Eurographics'97, volume 14, pages95-107. COMPUTERGRAPHICSForum,1997.

ZhiyanLiu, AdamFinkelstein,andKai Li. Progressie view-dependenisosurficepropagtion. In D. Ebert,J. M. Favre,
andR. Peikert, editors, Proceeding=of the Joint Eurographics-IEEETCVG Symposiunon Visualization (MisSym-01,)
pages223—-232 SpringerVerlag,2001.

13



[20] YardenLivnatandCharlesHansen View-dependenisosurficeextraction. In David Ebert,HansHagen.andHolly Rush-
meier editors,Proceedingof IEEE Confeenceon Misualization1998 pagesl75-180.EEE, IEEE ComputerSociety
Press1998.

[21] David LuebkeandCarl Erikson.View-dependensimpli cation of arbitrarypolygonalervironmentsin GordonCameron,
editor, Proceedingof SIGGRAPH1997, ComputerGraphicsProceedingsAnnual ConferenceSeries,pages199-208.
ACM, ACM Presd ACM SIGGRAPH,1997.

[22] DonaldMaegher Geometricmodelingusingoctreeencoding. ComputerGraphicsand Image Processing19:129-147,
1982.

[23] JosephM. Maubach.Local bisectionre nementfor n-simplicial grids generatedby re ection. SIAMJ. Scienti c Com-

puting 16:210-2271995.

[24] Mario OhlbegerandMartin Rumpf. Hierarchicalandadaptve visualizationon nestedgrids. Computing 59:365-385,
1997.

[25] Valerio Pascucci. Slow growing subdvision (sgs)in ary dimension:towardsremaoving the curseof dimensionality In
Proceeding®f Eurographics2002 COMPUTERGRAPHICSForum,2002.

[26] Dmitriy Pinskiy, Erie Brugger HenryR. Childs,andBerndHamann An octree-basethultiresolutionapproactsupporting
interactve renderingof verylargevolumedatasets.In H. Arabnia,R. ErbacherX. He,C. Knight, B. Kovalerchuk M. Lee,
Y. Mun, M. Sarfraz,J. Schwing,andH. Tabrizi, editors,Proceedingf the 2001 International Confeenceon Imaging
Science Systemsand Technolagy (CISST2001), Volume1, pagesl6—22.ComputerScienceResearchEducation,and
ApplicationsPres§YCSREA),Athens,Geogia, 2001.

[27] HartmutPrautzschwolfgangBoehm,andMarcoPaluszty. BézierandB-splineTechniques SpringerVerlag,Heidelbeg,
Germar, 2002.

[28] Vijaya RamachandranXiaoyu Zhang,and ChandrajitBajaj. Paraleland out-of-coreview-dependenisocontourvisu-
alization. In David Ebert, PereBrunet,and IsabelNavaz, editors, Proceedingf the Joint Eurographics-IEEETCVG

Symposiunen isualization(MisSym-02)SpringerVerlag,2002.

[29] ShermarD. RiemenschneideandZuowei Shen. Waveletsandpre-waveletsin low dimensions.Journal Approximation

Theory 71:18-38,1992.

[30] Raj ShekharElias Fayyad,Roni Yagel,andJ. FredrickCornhill. Octree-basedecimationof marchingcubessurfaces.
In Roni YagelandGregory M. Nielson,editors,Proceeding®f IEEE Confeenceon Visualization1997, pages335—-342.
IEEE, IEEE ComputerSocietyPress1996.

[31] Wim SweldensThelifting schemeA new philosoply in biorthogonalvaveletconstructionsln A. F. LaineandM. Unser

editors,WaveletApplicationsin Signalandimage Processingll, page$8—79.Proceedingsf SPIE2569,1995.
[32] GeertUytterhoaen. Wavelets:Softwae and Applications PhDthesis Katholieke UniversiteitLeuven, Belgium,1999.

[33] Luiz VelhoandDenisZorin. 4-8 subdvision. ComputerAidedGeometricDesign 18(5):397-4272001.

14



[34] RudigerWestermannleif Kobbelt,and ThomasErtl. Real-timeexplorationof regularvolumedataby adaptve recon-

structionof isosurbices.TheVisual Computey pagesl00-111,1999.

[35] Zoe J. Wood, Mathieu Desbrun,PeterSchibder and David Breen. Semi-rgular meshextraction from volumes. In
ThomasErtl, Bernd Hamann,and Abitabh Varshng, editors, Proceedingf IEEE Confeenceon Visualization200Q
page75-2821EEE, |IEEE ComputerSocietyPress2000.

[36] Julie C. Xia and Amitabh Varshng. Dynamic view-dependensimpli cation for polygonalmodels. In Roni Yagel
andGregory M. Nielson, editors,Proceedingof IEEE Confeenceon Misualization1996 pages335-344.EEE, IEEE
ComputerSocietyPress1996.

[37] YongZhou,BaoquanChen,andArie E. Kaufman. Multiresolutiontetrahedraframework for visualizingregularvolume
data. In Roni YagelandHansHagen,editors,Proceedingf IEEE Confeenceon Visualization1997, pages135-142.
IEEE, IEEE ComputerSocietyPress,1997.

15



Authors

Lars Linsenis anassistanprofessonf computerscienceat the Departmenbf MathematicsandCom-
puter Scienceof the Ernst-Moritz-Arndt-Unversitat Greifswald, Germary. He receveda B.S.andan
M.S. (Diplom) in computersciencerom the Universitat Karlsruhe(TH), Germaly, aswell asaPh.D.in
2001. He spentthreeyearsasa post-doctoratesearcheand lecturerat the Institute for Data Analy-
sisandVisualization(IDAV) andthe Departmenbf ComputerScienceof the University of California,

Davis, U.S.A. He joinedthe Ernst-Moritz-Arndt-Unversitt Greifswald in October2004. His research

interestsarein theareasf scienti ¢ andinformationvisualization multiresolutionmethodscomputergraphics andgeometric

modeling.

BerndHamannsenesasassociateice chancelloifor researctandis full professoof computerscience
attheUniversityof California,Davis. His mainresearchinterestsarevisualizationgeometrianodeling
andcomputeraidedgeometricdesign,computergraphics,andvirtual reality. BerndHamannreceived
aB.S.in computersciencea B.S.in mathematicsandanM.S. in computersciencerom the Technical
University of BraunschweigGermairy. He receved a Ph.D.in computersciencefrom Arizona State

University in 1991. He was awardeda 1992 National ScienceFoundationResearchnitiation Award

anda 1996NationalScienceFoundationCAREERAward. In 1995,hereceived a Hearin-Hes®istinguishedProfessorshijn

Engineeringoy the College of Engineeringat MississippiStateUniversity.

Kennethl. Joy is a professorof computerscienceat the University of California at Davis, and co-
directorof the Institutefor DataAnalysisandVisualization(IDAV). He joined UC Davis in 1980in the
Departmentf Mathematicandwasafoundingmemberf the ComputerScienceDepartmentn 1983.
He is a faculty computerscientistat the LawrenceBerkeley National Laboratory and a participating
guestresearcheat the LawrenceLivermoreNational Laboratory His primary researchinterestsare

in the areasof visualization,Multiresolutionrepresentationf data,geometricmodelingandcomputer

graphics.Professordoy seneson the editorial boardof the IEEE Transaction®n Visualizationand ComputerGraphicsand

senedasa papersco-chairandproceedinggo-editorfor the IEEE Visualizationconferencegn 2001and2002.

16



