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Multiresolution View-Dependent Splat Based
Volume Rendering of Large Irregular Data

JeremyMeredith*
LawrenceLivermoreNationalLaboratory

Abstract

We presenttechniquesfor multiresolution approximation and
hardware-assistedplatbasedrenderingto achieve interactve vol-

ume visualizationof large irregular data sets. We examine two

methodsof generatingmultiple resolutionsof irregular volumet-
ric gridsanda datastructuresupportingthe splattingapproactor

volume rendering. Thesetechniquesare implementedin combi-
nation with a view-dependentrror basedresolutionselectionto

maintain accurag at both low and high zoom levels. In addi-
tion, the error tolerancemay be adjustedat run time to obtain
the desiredbalancebetweerhigh frameratesandaccuraterender

ing. Along with aneffective way to computegradientsor lighting,

we offer anintegratedsolutionfor interactve volumerenderingof

irregularmeshor meshlesslata,andwe demonstrateurtechnique
onunstructured-gridiatasetsfrom aerodynamidlow simulations.
Keywords: Hardware-assistedendering, irregulargrid data,
lighting, multiresolutionrepresentationsplatting, volume render

ing.

1 Introduction

Scientistdodaymale useof parallelcomputersconsistingof hun-
dredsto thousandsf processors conductiargescalesimulations.
They increasinglyuseirregular computationameshedo betteral-
locatecomputingresourcedor greateraccurayg. Visualizationof
large scaledatafrom thesesimulationspresents numberof chal-
lenges,especiallyvolume visualizationwhich requiresrendering
the contentsof every cell in the dataset. Thereare mary solu-
tionsto tacklingthis problemon regular grids, whereconnectiity
is simple,cell sizeis constantpartitioningfor parallelcomputation
is straightforvard, and the datalendsitself well to a hierarchical
representationHowever, noneof theseassumptiongarry over to
irregular datasets,and novel approachesnust be constructedo
dealwith the compleity.

We considerirregular datato be thoseon eithernon-rectilinear
grids or a collection of scattereddatapoints. Several novel algo-
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rithm designshave beendevelopedfor softwarerenderingof irreg-
ular data[3, 5, 6, 7, 12, 23], amongwhich [23] canhandlemulti-
ple intersectinggrids commonlyfound in CFD datasets,and [3]
demonstratedhigh renderingefficiency. To malke possibleinter
active renderingof very large scaledata, Ma and Crockett devel-
opeda highly scalabledistributed-memoryparallel algorithm for
unstructured-gridlata[12].

To speediprenderingwith graphicshardware,Shirley andTuch-
man introducedthe ProjectedTetrahedra(PT) algorithm which
corverts tetrahedralcells into setsof overlappingtrianglesthat
can be efficiently renderedby polygon graphicshardware [18].
More works followed to improve the accurag of the PT algo-
rithm [19, 24]. Recently Rottger Kraus and Ertl have extended
the PT algorithmby emplg/ing 2-d and3-d hardwaretexture map-
ping [17]. Otherhardware-assisted@lgorithmsinclude the incre-
mentalslicing approachby Yagel, et al. [26], the multiresolution
slicing approactby Kreylos, Ma andHamanr8], andthetwo-pass
approachy WestermanrmandErtl which reduceshe costof depth
sortingpolyhedrg21].

A few other unique approachesworth mentioning are the
stochasticdesamplingechniquepresentedy Mao for usingsplat-
ting [15], the integratedtetrahedrameshcompressiorandrender
ing techniquedemonstratedby Yang, Mitra and Chiueh[27], and
the out-of-corestratgy proposedy FariasandSilvafor rendering
dataof arbitrarysizes[4].

The aforementionedechniqueshave addressednary different
aspectof the irregular datavisualizationproblem. In this paper
we describethe designand experimentalresultsof a multiresolu-
tion, hardware-assistedpproach.We presentifferenttechniques
for implementingmultiresolutionapproximationof irregular data,
coupledwith ahardware-assistedplattingapproachto achiee in-
teractize visualizationandexplorationof large scaledata. Thecon-
nectvity of the original datasetis discardedandthefinal represen-
tationfor eachlevel of the multiresolutiondatasetis a point cloud.
Thedatasetis thenstoredwithin anoctreedatastructurewith each
leaf nodein thetreecontainingapproximatelythe samenumberof
datapoints.

The renderingphaseinvolves traversingthe octreestructurein
view dependenbrder At eachnodein the traversal,the approxi-
mateerroris calculatedor eachof theresolutionscontainedwithin
thatsubtree This informationis thenusedto determinenvhetherto
stopandrendertheselectedesolution or to descendo thechildren
andfind theappropriataesolutionfor eachchild of thenode.

While hardware-assistedenderinghelpsus achieve the desired
interactvity, the resultingimage quality, asshovn in subsequent
sections,seemscloseto thoseof the previously publishedresults
usingsoftwarerendering.In fact, becausef the ability to explore
the dataat different resolutionsand at high interactvity, we are
oftenableto derive strikingly powerful transferfunctionsto reveal
importantfeaturesn the dataset. Our approactto multiresolution
renderingnaybeappliedto almostary large-scalérregulargrid or
meshlesglatadueto its simplicity andflexibility. In addition,we
shav how gradientvaluesmaybereasonablyapproximatedor the



resultingpoint data,andhov moreinformative visualizationsmay
be producedwith gradient-basedhading.

Therestof the paperis organizedasfollows. Section2 contains
thediscussiorof the multiresolutionapproximationmethods.Sec-
tion 3addressethedatastructureandtechniquesisedfor rendering
the data. Section4 containsresultsof thesetechniquegegarding
imagequality andperformanceandSection5 concludesour study
andsuggestslirectionsfor futureresearch.

2 Multiresolution Representations

In its mostbasicsensea multiresolutiondatasetis a sequencef
datasets,including the original full resolutiondataand a series
of successiely lower resolutionapproximation®of the original. A
mipmapof texturesis a commonexampleof this: it is a sequence
of textures,eachonehalf the sizein eachdimensiorof the previous
texturein thehierarchy[25].

A commonapproacho generatinga multiresolutionrepresenta-
tion of adatasetis to analyzethe error of the variableoneis inter-
estedin. For areaswherethereis little or no changein the value
of thevariable,moreinformationcanbe discarded.This keepsthe
mostinformationat the areaswhereit mattersmostandthusmin-
imizesthe error. Oneexampleof this techniqueis wavelet based
compressionThe detrimentto usingthis techniques directly due
to thebenefit:thelowerresolutiondatasetsweregeneratethecause
of thevaluesof a singlevariable.If onewantsto changevariables,
oneneeddo regeneratéhe multiresolutionapproximations.

It may be thata multiresolutionrepresentatiorould be gener
atedbaseduponthe error acrossall valuesin the original dataset,
butin generatheerrorof onevariablemaynotcorrespondo theer-
ror of anothervariable.We have the benefitwith unstructuredlata
thatthedatapointsthemselesarenot evenly distributed. A higher
concentratiorof pointsin anareaof spacemplicitly indicatesthe
areawheremorepointsshouldgoin alowerresolutionapproxima-
tion. Insteadof a data-basedhultiresolutionschemethereforewe
generatedhe approximationgrom geometry-baseschemes.

Previous works on multiresolutionrepresentationbave largely
beenfocusedon simplification of surface meshesor regular vol-
umedata.Studyof irregularvolumedataproblemshasbeenrather
sparselLeutenggerandMa [11] proposedmultiresolutionframe-
work for interactie visualizationof largeunstructured-gridatabut
the focusof the studywason the underlyingexternalmemoryor-
ganizationusing an R-tree. Trotts, et al. presenteda tetrahedral
collapsealgorithmbaseon a local error controlling criterion but it
wasdesignedor tetrahedralizedectilineargrid data[20]. Cignoni,
etal. useda Delaunayrefinementstrateyy thatis ableto generate
finerresolutiondor non-cowex complexes[2]. Morerecently they
alsodevelopeda systematicaccurateerrormeasurenechanisnfor
simplifying irregular volume databasedon edgecollapse[1], and
thistechniquealsoensureshegeometricor topologicalcorrectness
of thesimplifieddata.Ourproposednethodswill work onall mesh
types,or evenscatteredlatawith no connectiity atall.

2.1 Maximum Independent Set Method

In our study the first methodusedwas baseduponthe maximum
independensetof thepreviousresolutions vertices. Themaximum
independenset(MIS) over agraphG = (V,E) is the largestsub-
setV' of the original verticesthatarenot connectedy anedgein
E. Generatiorof the MIS is an NP-completeproblem,but heuris-
tics exist to quickly generatea maximalindependenset,whereno
vertex canbe addedto V' and still have the verticesdisjoint by
E. The methodwe usedinvolved taking the lowest degreevertex
in V, addingit to V', removing that vertex andits neighborsand
repeatingfor all of V. The connectiity for V' is thengenerated
usinga Delaunaytetrahedralizatiosothatfurtherresolutionamay

be generated Sincethe edgeshetweerverticestendto occurwith
thesamedistribution asthe verticesthemseles, this meanghatthe
coarseresolutionwill have aspatialdistribution similarto thefiner
resolution.

2.2 Direct Octree Method

The secondmethodwe usedwas derived directly from the octree
structurewe usedto storethe points. To begin, assumethat the

datapointsarestoredin the leaf nodesin anoctree,andthateach
leaf nodecontainsroughlythe samenumberof points. To generate
a coarserresolutiondataset, we take exactly one point from each
leaf nodebasedupon somedistribution criteria. In this case,our

criterionis to choosehedatapointclosesto thecenterof theoctree
node,with thejustificationthatit will allow for a slight smoothing
of thedistribution of points. Sincethe octreestructurewascreated
explicitly sothattherewill be moreleaf nodesin areasof higher

point concentrationthe next resolutionwill be generatedvith a

similar distribution. Notethatthis requireghateachoctreenodebe

permittedto hold at leasteight datapoints, otherwiseprogresson

generatingoarseresolutionswill quickly halt.

3 Rendering

3.1 Splat Based Rendering

Splatting[22] canbe a reasonablyaccurateapproximationof the
volumerenderingntegral. Its chief benefit,however, is its efficient
useof desktopgraphicshardware. With two-dimensionakextur-

ing not only commonplaceut free in termsof rasterizatiortime

onmodernhardvare,rectilineargridscanbe quickly renderedvith

a single polygon per voxel and a single Gaussiarkernelfilter for

all renderings.Applying this techniqueto unstructurediatais not
straightforvard,though sincetheappropriatéernelfor anunstruc-
turedcell is noteasyto calculate.

We have choserto work aroundthis problemby usinga simple
datastructureitself supportve of calculatingthe kernel. The data
structureis essentiallyan octreewith roughly the samenumberof
datapointsstoredat eachleaf node,andno connectiity informa-
tion is storedfor thedatapoints.

To createthis structure we first choosesomenumberN desig-
natingthe maximumnumberof datapointsthat may be storedin
ary node. We startby creatinga boundingbox with equallength
sidesaroundtheoriginal datasetandmakingthistherootof theoc-
tree. Recursvely, then,for ary nodein the octreecontainingmore
thanN points,we subdvide thatnodeinto eightoctantsandmove
thepointscontainedn thegivennodeinto its appropriatechildren.
Theselectionof thevalueof N is discussedn Section3.4.

Oncethis structureis in place, the determinationof the kernel
becomesnorestraightforvard. For ary givenviewing parameters,
we cancalculatetheprojectedsizeof ary octreenodeonthescreen.
Sincewe knowv how mary pointswill be renderedwithin thatoc-
tant,we candivide the screerareaamongthe datapointsto calcu-
latethe approximatekernelsize. For example,let thereben points
in anoctantandlet s be the projectedone-dimensionasize of that
octant. We know that thereare roughly /n pointsalong eachof
thethreedimensionsof thatoctant. The averagedistancebetween
splatsis then(s//n), andwe usethis valuefor the sizeof the splat
kernel.

It follows thatthe calculationfor the averagez-distanceéoetween
splatsin view spacds identical. This numberthennot only deter
minesthe splatsize, but it is usedto calculateopacity; the alpha
valueof eachsplatis basedon the integral over this distanceof its
correspondinglensityin thetransferfunction.

We have thus performeda single calculationfor eachoctantto
determinesplatsize andalphavaluefor every pointin the octant.
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Figurel: Setupfor thegradientcalculation.

This is a minimal amountof computationto determinethesepa-
rameterdor the datapoints,especiallysince/n canbe storedin a
lookup table becausef the small rangeof n. It alsopreventsthe
large storageoverheadassociatedvith saving kernelinformation
for every datapoint.

Finally, giventhe splatsizeandalphavalue,we drav eachdata
pointin theoctantwith onesquaregpolygonandusethesameGaus-
siankernelasatexture mapin the alphachanneffor all points. A
sharpdropof in alphaat the edgesof the splatkernelwill resultin
lessfuzzinessn the final images,but it will not help smoothover
the approximationsve madeto generateur lower resolutiondata.
Thesplatshapds discussedurtherin Section3.4.

3.2 Gradient Calculation

The gradientof a variableis commonlyusedto apply lighting cal-
culationsto the surfacesin volumerenderings.This canenhance
picturequality andgive the viewer impression®f detailandshape
which would not otherwisebe apparent.

We usedtheoriginal topologyof theunstructuredlatasetto cal-
culatethe gradient. If oneis working with a datasetwhich was
originally a point cloud, the Delaunaytetrahedralizatiortould be
usedto createthe connectvity.

Ma, Van Rosendaleand Vermeer[14] suggestecomputinga
divergencetheoremsurfaceintegral at eachvertex to approximate
the gradienton unstructureddata. The approachwe take, which
is simplerto implementand more accurate s asfollows. For a
variablev over which we needthe gradient,we performaweighted
averageof one-sideddifferenceestimatesf the partial derivative
of v.

Figurel shavs arepresentationf the gradientcalculation.The
left diagramis a slice of themeshthroughthe point of interest(pg),
andtheright diagramis pp with oneof the surroundingcells. Each
point pp with value vy for which we needto calculatethe gradi-
entis in generalurroundedy somenumberof cellscell; through
celln. For eachof thesecells, we calculatethe centroidand aver-
agedatavaluefor the outerfaceof cell; with respecto pg. Let the
centroidof thatfacebe p; andthe averagevaluebev;. If we let
N be the normalin the directionof (p; — po), thenthe onesided
differenceestimatefor av/oN is (v — vo)/||pi — pol|. We wantto
provide moreweightto theestimateor thosecellswith greatewol-
ume,andwe alsowantto provide moreweightto thoseestimates
for which N; is in the directionof the gradientcomponentve wish
to calculate. Therefore,if we let the (Nx); be the scalarX compo-
nentof Nx, thentheformulato calculatethevalueof thegradientin
thedirectionof X is:
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Figure 2: The contourlines are over the variable of interest,the
shadeshaws the gradientmagnitude(dark=high, light=low), and
thevectors(line segments)hav thegradientdirection.

Thecalculationgor the othercomponentsirederived similarly,
and the gradientis then simply <gradx,grady,gradz>. Figure 2
shawvs an exampleof the resultsof this calculationon a 2-d slice
of a datasetfrom a simultion of air flow aroundan airplanewing.
Theblackcontourlinesin this figure areover the variableof inter-
est,the shadeis determinecdby the magnitudeof the gradient,and
the white vector plot shaws the direction of the gradient. As ex-
pected the gradientmagnitudeis greateswherethe contourlines
areclosestogetherandthevariableis thuschangingquickly. Also
asexpectedthegradientdirection(asshavn by thescatteredvhite
lines) is perpendicularto the black contourlines and thusto the
changdn thevariables magnitude.

Figure 3 shavs exampleswith andwithout useof this gradient
calculationfor shading.Thelighting calculationis a simpleambi-
entanddiffusemodelwith thelight sourcdocatedattheviewpoint.
As shawn, thelit oneconveys thestructureof theflow muchbetter
Seealsofigure 6 onthecolor plate.

3.3 View Dependent Optimization

To this point, we have discussecow to generatemultiple resolu-
tions of the sameunstructurediataset,how to storethe data,how

to determinethe screenspaceeachdatapoint influences andhow

to renderthe data;we have not discussedhow to actuallyperform
the multiresolutionrendering. The simplestapproachwould be to

allow the userto choosearesolution,to accesshe octreestructure
containingthat resolution,and to renderusing that single octree
structure It is possibleo dobetter LaurandHanraharj10] usedan
octreehierarchyto provide aview-dependentenderingframevork

for regulargrids. LaMar, HamannandJoy [9] createcdatexture hi-

erarchyandperformedview-dependenviewing of regularvolume
data.

We alsotake a view-dependenapproactto optimizerendering
andviewing. In the preprocessingtep, we combinethe octrees
containingeachresolutioninto a single octree. This implies that
all the datais no longersimply at the leaf nodesbut alsoin mary
interior nodesfor resolutionscoarsethanthe original. In addition,



Figure3: For eachpair of imagestheimageontheleft isunshaded,
andtheright oneis lit usingthe calculatedgradient.lt is clearthat
thelit onesprovide moreinformationabouttheflow field.

ateachnode,we storefor eachresolutionhow mary datapointsare
containedwithin this nodeor its children.

In the renderingphasewe usethis combineddatastructureand
that small bit of additionalinformation. At eachnode,we startat
the coarsestesolutionavailable,and searchtoward the higherde-
tail resolutions For eachresolution,sincewe know the sizeof this
octreenodeandthe numberof datapointswithin it or its children,
we candetermineasusualthe approximatesplatsize for the data
points. We choosethe first resolutionwhich producesa splatsize
belav atolerancesetby the user (Thistolerances specificallythe
maximumpercentagef linear screenspacewhich ary one splat
may cover. For example,if the toleranceis 10% for a 1000x1000
window, thenno splatmay exceed100x100pixels.) If the chosen
resolutionis storedin the currentnode,we stopthe traversaland
render Otherwisewe descendo the childrenandrecursvely re-
peatthe processThis techniqueallows the userto specifyanerror
tolerancein units of screenspacea parametewhich malkesintu-
itive sense.

Note that during the traversalof the octree,we may cull those
nodeswhich lie behindthe viewer or areoffscreen.Also notethat
we canarbitrarily renderary of the resolutionsat ary pointin the
traversalof the tree. This is a direct consequencef discarding
theconnectvity informationandinsteadcalculatingthekernelsize
from theinformationaboutthe datastructure.

3.4 Rendering Issues

Above, it was mentionedthat the boundingbox musthave equal
lengthsides;in otherwords,it mustbe a cube. Thereasorfor this
is simple. If the boundingbox werenot a cube,eachnodein the
octree,andthusthe kernelfor eachdatapoint, would alsohave a
non-1:1:1laspecratio. Whenrenderingit is far simplerto assume
thatthe projectedareaof eachnodehasan equalwidth andheight
andthatit canbe approximatedwvith a circular Gaussiarsplat. If
the nodeshadvarying shapeseithera large amountof calculation
mustbedoneto correctlyprojectthe kernelsof thedatapoints,or a
largelookuptableof splatshape<ouldbecreatedbeforehand.
Whenusingasplatbasedapproachrenderingmustproceedack
to front for the over operatoito work asintended.The octreenodes
are visited backto front, so the rendereddatapoints are almost
completelydravn in correctorderjust by this traversal. For anor-
thographicprojection,the orderof treetraversalcanbe calculated
once butfor aperspectie projection,it mustberecalculate@teach
node. Furthermorewe have multiple datapointsto renderwithin
eachnode,sothesedatapointsshouldbe sortedfor eachnodeprior
to rendering.This could be doneasa quicksortfor every nodeand
view parametersor the datapoints could be pre-sortedalongthe
threemajor axesto provide a fastapproximationat the expenseof
datasize. The speeddecreaselueto sortingclearly dependsipon
the numberof pointspernode,but it is significantfor almostary
quantity However, the differencebetweensortingandnot sorting
atall is nearlyimpossibleto see.Thereareseveralreasondor this.
Low opacitiesarecommonlyusedin volumerenderingto capture
more information from the interior of the volume. Thereshould
alsobealow numberof datapointswithin eachoctreenode,speci-
fied by achoiceof asmallerN. In addition,sincewe have discarded
the original geometry by necessitythe remainingvisual features
mustbe composedf a slightly larger numberof similarly valued
datapoints. Sincethe imagesarenearly indistinguishablawith or
without sorting, this makes a good casefor skipping the sorting
(within octreenodes)or atleastpreviewing purposes.
Thisbringsupthequestiorof choosing\, themaximumnumber
of pointswithin anoctreenode.A goodchoiceisimportantbecause
the selectionoccursduring preprocessingnd cannotbe changed
later. Notethatthe smallerN is, the deepetheresultinghierarchy
andthusthelargerthe memoryfootprint for the sameoriginal data



Figure4: Choiceof N for a constantiransferfunction. The left
imagewasrenderedvith N = 25, theright with N = 5.

set. However, thereareimportantrendingissueso help guidethe
choiceof N. Figure4 shavs animagewith N = 25 andanimage
with N = 5. With a higherN, pointsaretoo likely to becomeun-

evenly distributedwithin octreenodesandthey commonlyreceve

too large an estimatedkernel size. This hashappenedn the im-

agewith N = 25, wherea high concentratiorof datapointsin the
centerof this datasetis visible from a distanceas a setof large
splats.However, thesmallerN is, themorelik ely the octreestruc-
ture will have empty nodeswherethereshouldbe none. Take an

exampleof N = 1 andan octantwith two datapoints: the octant
mustsubdvide into eightchildren,six of which mustby definition

be empty For this example,one canasserthat mostof the space
shouldbe coveredby the kernelsfor thesedatapoints,not empty

Theimagewith N = 5 looksmuchmoreevenly distributedthanthe
imagewhereN = 25, but it appears bit "splotchy"in places- this

is thesignof N beingtoo small. For theremaindeof thefiguresin

this paper we have choserto usethe smallestN allowableby the
directoctreemultiresolutionmethod:N = 8. Thisnumbemalesa

goodcompromisébetweertheextremesandit appear$o remaina

goodchoiceindependenbf datasetsize anddatapoint geometric
distribution.

4 Results

4.1 Comparison of Multiresolution Generation Tech-
niques

Thereare several major differencesbetweenthe MIS methodand
the direct octreemethod. First, the generationof the MIS was
slow due to the complity of Delaunaytetrahedralizatiorcode.
For a100,000point dataset(correspondingo 500,000tetrahedra),
generatinghe multiresolutionapproximatiorthroughthe MIS ap-
proachtook a few minuteson a singleprocessoof an SGI Origin
2000. By contrast,the simplicity of codingan O(n - logn) algo-
rithm for the direct octreeapproachallowed the generatiorof the
multiresolutiondatato occurin only afew seconds.

Additionally, the datasizereductionat eachstepis about% for

theMIS methodand % for the octreemethod.This meanghereare
morelevels of resolutionfor the octreemethod. This is both good
andbad;it meansthe total datasizeis 120%for the MIS method
and150%for the octreemethod but thereareabouttwice asmary
resolutiongo choosedrom for thedirectoctreemethod.This could
reduce'popping"artifactsbecauseesolutionswill changdesssud-
denly

Figure 7 on the color plate shavs a comparisonof both tech-
niquesat similar resolutionswith gradientshadingdisabled.The
first imageshaws the MIS techniqueat 15% of the original data
setsize, the secondshaws the octreemethodat 10% of the orig-
inal datasetsize, andthe third shawvs the imagerenderedat the

Frames Per Second

1 2 4 5 10 15 20 25 50
Tolerance

Points at Tolerance
120000
100000 -\
80000
60000 \-\

40000 \.\\
20000

0

Tolerance

Figure5: Framesper second(top) and numberof visible points
(bottom)for varyingtolerancesisingthe sameview parameterfor
a100,000pointdataset.

full resolution.Thereareafew notevorthy differencesn Figure?7.

A subjectve comparisorof the two techniquesnight indicatethat
the octreemethodlooks closerto the original, eventhoughthe oc-
treeimagecontainsonly two-thirds the amountof datashavn in

the MIS image. A moreobjective comparisorwould indicatethat
despitethe speedandsimplicity of the octreemultiresolutiontech-
nique, it producespicturesof at leastsimilar quality for the same
datasizeasthe MIS technique.

4.2 View-Dependent Results

Figure8 on the color plateshaws a seriesof imageswith the same
view parameterandtransferfunction. In eachsuccessie image,
we increasehetolerancewherethe giventolerances specifiedin
termsof the minimum allowable percentag®f screenareathat a
given splatmay occuypy after projection. This is the actiona user
would performto achieve a fasterpreview at the expenseof accu-
ragy. Thisis also,however, similarto whatwould happerif theuser
heldthetoleranceconstanandzoomedout, sothatthe samepoints
would occupy asmallerregion onthescreen.

Notethatthe detail only beginsto noticablydegradeat the 10%
level, but therenderingspeechasjumpeddrasticallyby then,from
2 to 15 FPS.The imageat 20% toleranceis a still a reasonable
approximationif the userdesired30 FPS,but by definition, it also
depictswhat the imagewould look like at the 1% toleranceif it
occupiedr(l)oth thescreerarea.

Figure9 onthecolorplateshavsimagedrom amuchlargerdata
setwhich containsover 18 million tetrahedratells. Thefirst two
imagesshav our techniqueat 5% and 1% tolerance.Thethird im-
agewasrenderedisinga softwarecell-projectionvolumerenderer
Comparedo thefirst two imagesin Figure9, thisimageis sharper
andrevealssomefine featuresin the data. We shouldbe ableto
improve splattingimagesby following thetechniquesuggestethy



Mueller, Moller, andCranfis [16].

In [13], this large datasetwasrenderedn approximatelyfive
secondsusing 128 Cray T3E processorsin contrast the first two
imagesgenerateavith our techniquenererenderedn 0.2 seconds
and 1 second respectiely, on a single processocomputer This
shaws the pawer of ourtechniqueasit rendergheimagesin sim-
ilar timesto a massvely parallelmethod preseresmostof thein-
formationfound in the higherfidelity image,andrequiresonly a
singleprocessopn a commondesktopworkstation.By increasing
thetolerancesmoothframeratesareachiezableeven on a dataset
of this size.

5 Conclusions

We have describeda methodof performinga multiresolutionap-
proximationof irregular data,andfor organizing,processingand
renderingthis dataat interactve frameratesno matterwhat view-
point the userchooses Sincethe depthof the treetraversalvaries
with only thelogarithmof the datasizeandthe renderingspeeds
dependenbn renderedsize, not original datasize, this technique
shouldscalewell to very large datasetswith the only restriction
beingavailablememory

This implies, however, that this techniquecould be combined
with out-of-coreor parallelrenderingo renderevenlargerdatasets.
Our multiresolutionapproachresultsin data organizationwhich
particularly facilitatesout-of-coreprocessing.For example,since
eachcoarseresolutionis a subsebf the previous, the arrayof data
pointscansimply be reoganizedsuchthatthe coarsestesolution
is first andthe additionalpointsneededo generateeachsuccessie
resolutionfollow in order We needonly storeindicesinto thisarray
in the octree andwhenviewing coarseaesolutionanostof thedata
canremainon disk. This enhancementould prove our technique
truly scalablego massve datasets.

In addition, differentstructuringof the datacould provide more
accurateesults.For example,ak-d treecould provide amorecon-
sistentsubdvision of the point cloudthantheoctree andasuitable
view-dependentariation of the splatshapewould thenprovide a
moreaccurateendering.
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Figure6: For bothpairsof imagestheimageontheleft is unshadedandtheright oneis lit usingthe calculatedgradient.

-

Figure7: Left: MIS approximationat 15% of original datasize. Center: Octreeapproximationat 10% of original. Right: Original, full
resolutiondataset.

Figure8: Imagesshaving increasingoleranceat samezoomlevel. This replicateghe effect of zoomingout with a constantolerance From
left to right, tolerancesare 1%, 5%, 10%, 20%.

Figure9: Imagesshaving an18 million cell dataset. The left imagewasgeneratedvith toleranceof 5% (0.2 seconds)the centerat 0.5%
(2 seconds)andtheright imagewasgeneratedisinga cell-projectionvolumerenderer





