To appearin the IEEE Msualization2003confeenceproceedings

Hierarchical Splatting of Scattered Data

MatthiasHopf

ThomasErtl

VisualizationandInteractize Systemssroup
University of Stuttcart, Germary

Abstract

Numericalparticle simulationsandastronomicabbsenationscre-
ate huge data setscontaininguncorrelated3D points of varying
size. Thesedatasetscannotbe visualizedinteractively by sim-
ply renderingmillions of coloredpointsfor eachframe. Therefore,
in mary visualizationapplicationsa scalardensity corresponding
to the point distribution is resamplecdbn a regular grid for direct
volumerendering.However, mary ne detailsareusuallylost for
voxel resolutionswhichstill allow interactize visualizationon stan-
dardworkstations Sinceno surfacegeometnyis associatesvith our
datasets therecentlyintroducedpoint-basedenderingalgorithms
cannotbeappliedaswell.

In this paperwe proposeto acceleratehe visualizationof scat-
teredpoint databy a hierarchicaldatastructurebasedon a PCA
clusteringprocedure. By traversingthis structurefor eachframe
we cantrade-of renderingspeedvs. imagequality. Our scheme
alsoreducesmemoryconsumptiorby usingquantizedrelative co-
ordinatesandit allows for fastsortingof semi-transparerdlusters.
We analyzevarioussoftwareandhardwareimplementation®f our
rendereranddemonstratéhatwe cannow visualizedatasetswith
tensof millions of pointsinteractively with sub-pixel screerspace
erroron currentPC graphicshardwareemplg/ing advancedvertex
shadeirfunctionality

Keywords: Volume Rendering, ScatteredData, Splatting,
HierarchicalVisualization

1 Introduction

Quite a number of physical simulations create large point-
baseddata sets, for example SmoothedParticle Hydrodynam-
ics (SPH)[Monaghan1992]andn-bodysimulationgJenkinsetal.

1998]in astroplysics. Othersource®f scatteregoint dataareas-
tronomicalobsenrationswherenew techniquegor measuringhree
dimensionapositionsof starsasin the GAIA project[GAIA 2003]
will createhuge real-world datasetsin the near future as well.

Thesedatasetscontainup to hundredsof millions of pointseach
with informationaboutpositionx;, diameters;, andintensityc; at
variouswavelengths.

f hopf,ertl g@vis.uni-stuttgart.de

Thesedatasetsaretoolargeto berenderedn theirentiretyatin-
teractve frameratesandthe memoryrequirementsre quite prob-
lematicfor standard®Csaswell. An alternatve approacHK ahler
etal. 2002; Park et al. 2002] is to resamplethe datasetsand use
standardsolumevisualization which canbeimplementedjuite ef-

ciently usingtexture mapping[Rezk-Salamat al. 2000]. How-

ever, this techniqgueimposesa low-pass Iter on the dataset,and
for reasonabldrame ratesand memoryusagethe Iter domainis

solargethatalmostno subtledetailswithin the datawill bevisible
arny more.To someextentthis canbe avoidedfor off-line rendering
of animationsln this casehierarchicalolumescengyraphscanbe
usede.qg.for visualizingstellarnehula[Nadeauetal. 2000].

In orderto allow scientiststo view thesedatasetsat high res-
olution interactvely on desktopworkstationsor PCs,we want to
visualizethe scattereddatadirectly without resamplingthemto a
volume density We canachie/e signi cant speedugby applying
clusteringtechniquego createa hierarchicalrepresentationf the
dataset. The hierarcly canthenberenderedcadaptvely according
to screenresolutionandfocus points,anda lower hierarcly level
canbe chosenfor the visualizationduring interaction. Of course,
hierarchicaldatastructuresgenerateadditionalmemoryoverhead
imposingeven greaterrestrictionson the maximumdatasize, but
storageequirementsanbereducedisingrelative positioncoding,
while still maintaininghigh accurag with respectto the particle
positions.

In orderto visualizescatteredatainteractiely the point coor
dinateshave to betransformednto imagespaceandrasterizednto
theframebuffer. Currentgraphicshardwareis highly optimizedfor
this taskandfreesup the CPU for concurrenthierarcly selection
andtraversal. As trianglesare the dominatingprimitive in com-
putergames rasterizatiorthroughputmay be higherfor polygons
thanfor points. However, this will have no major effect, sinceour
approachis morelikely to be geometnylimited ratherthanrasteri-
zationlimited, becaus¢argenumberf pointscanonly bevisually
preceptedvell aslong asthey do notoverlaptoo much.For certain
typesof data— e.g. with widely varying point sizesor semitrans-
parentappearance- blendingmaybenecessarjn orderto enable
visual depthperception. This requiresthe pointsto be sortedac-
cordingto their projectedz coordinates.Due to the high number
of pointsthis is nontrivial to do in realtime,but canbe ef ciently
implementedasedon our hierarchicadatastructures.

2 Previous Work

There has beenquite a lot of work in the areaof using foot-
prints as renderingprimitives for sampleddata. Laur and Han-
rahan[1991] introducedhierarchicalsplattingfor volume render
ing using Gouraud-shadegolygons. Researcherbke Mueller et
al. [1999], Swan et al. [1997], and Zwicker et al. [2001a] focus
mainly on the improvementof the visual quality of texture splat-
ting; however, thetechniquegslescribedn thesepapersonly apply
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to thereconstructiorof continuousfunctionse.g. for volumeren-
dering of regular grid data,andthey do not addressaadaptve ren-
deringor datasizereduction.Additionally, thereexist a numberof
non-realtimerenderingsystemdor large point-basediatasets.e.g.
for renderinglm sequencefCox 1996].

Using points as renderingprimitivesis a topic of ongoingre-
search. However, almostall publicationsin this areadeal with
the renderingof geometricsurfaces.Alexa et al. [2001], P ster et
al.[2000], Rusinkiavicz andLevoy [2000], Wandetal. [2001],and
Zwickeretal. [2001b]shaveddifferentmethodgo createdatahier-
archiesof surfacesrepresentetly samplepointsandhow to render
themefciently. As theintrinsic modelof pointsdescribinga sur
faceis fundamentallydifferentto the modelusedfor scatterediata,
their clusteringtechniquescannotbe appliedin our case. Pauly
et al. [2002] usedprincipal componentnalysisfor clustering,but
with adifferenthierarcly conceptomparedo ourapproachSome
systemgRusinkievicz and Levoy 2000; Botschet al. 2002] use
quantizedrelative coordinatedor storingthe pointsin a hierarchi-
cal datastructure put theseapproacheserenot optimizedfor fast
GPUaccesbecausehedatastructureadto beinterpretecoy the
CPU. Additionally, the presentedenderingtechniqueshave been
designedo createsmoothsurfaceswithoutholesandthey allow no
or only few layersof transpareng Again, this doesnot meetour
requirements.

First stepsfor visualizing uncorrelatedsamplesfor SPH data
have beenpresentedy RauandStrae[1995]. Jangetal. [2002]
introduceda multiresolutionsplatting approachfor non-uniform
data. However, in their solutionthe higherhierarcly levelsareal-
ways storedin uniform grids, and they cannotrendermore than
approximatelyl35,000splatsper second.This techniqgueseemgo
bemoreappropriatdor almost at andregulardata.

For renderinglarge quantitiesa simple brute force approach
would storethecompletedatasetonthegraphicscardandusepoint
arrayrenderingfor displayingthe dataset. As soonasthe dataset
doesnot t into graphicsmemory renderingspeedcandrop by an
orderof magnitude.

In the following we proposea hierarchicaldatastructurebased
on principal componentanalysisor similar clusteringtechniques
that enablesus to renderlarge datasetsadaptvely at high frame
rateson currentPC hardwarewithout compromisingvisual quality.
Our schemealsoreducesnemoryconsumptiorby usingquantized
relative coordinatesindit allowsfor fastsortingof semi-transparent
clusters.

3 Data Storage

Usinghierarchicaktructuresmposeshighermemoryrequirements
thanstoringthe samedatain at arrays.A trivial implementation
caneasilyexhaustmain memoryon regular workstationsfor large
datasets,evenin the steadystate. Memory bandwidthis limited,
andtraversingthe hierarcly for renderingaddsoverheador recur
sive function calls and pointer dereferencing.Additionally, with
currentgraphicsAPIs thereis no meangto handthis processover
totheGPU.

Therefore,we decoupledhierarcly structures(clusters)from
datastructuregpoints). The clusterscontaina pointerto the next
hierarcly level, a pointerto offspring point data,and the number
of children. The point dataitself only containsthe point position,
size,andcolorvalues.In principleonewould lik e to storeraw data
valuesanduseruntimeclassi cationfor pointsizeandcolor selec-
tion, buttheclusterhierarcly itself andespeciallythepre-processed
clusterrepresentatieshighly dependbn point sizesandcolors.

Figurel shavsthelowestthreelevelsof atypical datahierarcly.
The nest level n doesnot containary hierarcly informationatall,
thusno clusternodesareneeded.n level n 1 a point datastruc-
tureis relatedto eachclusternode,containingits centroid. Cluster
nodesandpoint dataareconnectedn the previouslevel. Thedia-
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Figure 1. The last threelevels of a typical datahierarcly. The
greenclusterscanbe renderedat their highesthierarcly level in a
singleloop without recursvely descendinghe datastructure.The
pointdatacorrelatedo the clustercentroidss notembeddedh the
clustersbut storedin point structuregarallelto the clusters.

Figure2: Pointcoordinatesare scaledand quantizedrelatively to
thepositionof the clustercentroidfor storage.

gramshawvs which pointsarerenderedor atypical clustemodefor
renderindevelsn 2,n 1,orn.

The decoupleddatastructureenablesus to storepoint datafor
ary givencombinatiorof renderingevel andclusternodein acon-
tinuousarray Thisreducegshenumberof necessaryecursve func-
tion callsandhelpsuswith acceleratingenderingoy usinggraphics
hardware. Additionally, it ensureghatthe datais concatenatetbr
ef cient cacheusage.

Pointdatasetstendto getreally large, andthey needhigh posi-
tional resolution.Memoryrequirementganbereducedo onehalf
or evenonequarterby storingcoordinateselatively to thecentroids
of theinspectectlustersasdepictedn Fig. 2. As thenecessaryo-
sitionalresolutionis muchlower for encodingrelative coordinates,
they canbe quantizedusingbytesor shortsinsteadof oats.

Finally, for atypical datasetlike the VIRGO n-bodysimulation
(Fig. 8) with 16 million pointsin level 6 we need160 Mbyte for
pointdataand32 Mbyte for theclusterhierarcly whenstoringpoint
coordinatesn bytesonly.
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Selectclusterj (pointindicesl ) with largestdistortionD;
Calculateauto-cwvariancematrix from centroidX;:

A= i (6 XD X)T

Find Eigervectore,., of A correspondingo the
largestEigervalue/ max

Split clusterj into two new clusters:

la=fi215: i Xjenad 0g

le=Tfi215: i  Xjenad < 0g
Calculatecentroidsanddistortionsfor thenew clusters

Figure3: The PCA-splitalgorithm
4 Creating the Hierarchy

In orderto createonelevel of the hierarcly the input datapoints
have to be sortedinto bins. For eachbin a point on the next higher
hierarcly level is createdrepresentingll pointsthatfell into that
bin. Thepropertiesf thenewly createdoointarechosersothatits
visualrepresentatiomatcheghatof the substitutegointsbest.

To obtainthe setof binsseveralclusteringschemesanbeused.
The mostcommonsolutionis to subdvide the datasetinto anoc-
tree,which canbeusedefciently for sortingaswell (Sect.6).

Anotherapproachthat hasmuchbetterspatialadaptatiorprop-
erties is to perform a series of principal componentanalysis
(PCA) splits, eachdividing the clusterwith the currently highest
distortionasde ned below into two halves. As PCAis a standard
techniguewe only present shortsummaryof the PCA-splitalgo-
rithm in Fig. 3, moredetailscanbefounde.g.in [Jolliffe 1986].

In the following Ij denotesthe set of indicesof the points of
clusterj. Thatis, clusterj consistsof all pointsx;, i 2 1j with
diameterss, and hasthe weightedcentroid X j and distortion D;
with

&i21,S Xi
= 017 ; DJZ = é Xi Xj g
a2 S i21;

Aswe haveto performthissplit operatiorseveralmillion times fast
clusterselectioris of uttermosimportance Thereforewe keepthe
clusterdn askip-list[Pugh1990],sortedby decreasin@lz. A skip-
list is essentiallya sortedlinked list with randomizedink depth,
with O(logn) complity in theaveragecasefor searchinsert,and
deleteoperations.Its propertiesaresimilar to balancedrees,with

theadwantageof fasterinsertanddelete,O(1) largestvaluesearch,
very smallmemoryfootprint, andalmosttrivial implementation.

This splitting processs continueduntil the maximumdistortion
or the averageclustersize fall belov pre-de ned minima. After
the visual propertiesof the new points have beenobtained,these
pointsundego anotherseriesof PCA-splitsin orderto createthe
next hierarcly level. For mostapplicationslike the VIRGO data
seta hierarcly depthof more than about6 levels is usually not
appropriateFor thisdatasetwith its 16 million pointsthehierarcly
creationprocesgakesonly afew minutes.

For creatinga visually approximatve representationf theclus-
ter j comparedo its childrenthe mostimportantaspecis thatthe
radiant ux F hasto bethe same.For theirradiancec; of the new
centroidpoint representinghe clusterthis meansfor eachof the
representate wave lengths

Fi=Aj cjzﬂsjzcjzﬂésizci : 1)
4 4 i21;

The clusterrepresentatie shouldbe larger than the largestof its
children in orderto keep somevisual continuity Additionally,
small clusterpointswould have very high local intensities,which
could nally saturatethe coveredpixelsin the blendingstepdur
ing rendering. Distributed clusters— thatis clusterswith alarge
averagedistanceof their childrento the centroidcomparedo the
children's pointsizes— shouldhave largerrepresentatesthanlo-
cally agglomeratednes. On the otherhand,they mustnot be too

large, asthe humaneye is very sensitve to edgesandenlaging a
pointimpliesreducingits intensity diminishingthevisibility of the
edge.

After comparingseveraldifferentfunctions,we foundatrade-of
that createsacceptableesultsfor almostall point distributions. It
triesto combinepoint sizesandtheir distancego the centroid,and
ensuresthatthe nal sizedoesnotfall below thesizeof thelargest
pointof thecluster:

m; = amgmaxs ;
i21
S
0:5
Sj = ﬁ é S X XJ 2 + Smi . (2)
1) i21;nfm;g

Thescalingfactor% in Eq. 2 of theweightedaveragepoint sizeof
all pointsexceptthe largestone beforeaddingto the largestpoint
sizesm; hasheendeterminecempirically

This calculatedpoint sizeis subjectto furtherrestrictionsif in-
tensitiesare storedin main memoryasunsignedbytesin orderto
saze memory The systemhasto assurethat the calculatedpoint
sizedoesnot over ow theintensitydomain,andit hasto increase
thepointsizein caseof saturation.

Eqg. 1 and Eq. 2 are highly dependenbn the blending func-
tion, and our de nition only holdsfor cumulatie blending(C =
c1 + ¢). For other blending functions, like the over operator
(C= ajci+ (1 ajg)cp), cj maybeview dependentasthe to-
tal ux of overlappingpointsis no longernecessariljthe sum of
theindividual ux esof the points. With the currentapproachview
dependenintensitiescannotbe modeled. However, with adaptve
renderingwe will usecoarselhierarcly levelsonly for clustershat
areprojectedto areason the screerthataresmall or outsidesome
region of interest,andit is very unlikely that view dependencies
will benoticedin suchsmallregions.

5 Hierarchy Traversal

During renderingthe hierarcly is traversedrecursvely. For each
clusterthe systemmay decideto descendurtherdown into the hi-
erarcly, renderthe centroidat the currentlevel, or skip the cluster
altogethemwhenit is not visible. The decisioncanbe basedupon
somemaximum screenerror metrics, the distanceto the viewer,
or somegiven region of interest. Theserulesshouldbe computa-
tionally cheap. As a rule of thumb, evaluatingthe rule shouldbe
cheapethantransformingandrenderingonepoint of the cluster

For more complex rulesandfor acceleratinghe traversalpro-
cessthesystemmayalreadydecideon a higherlevel n, thatit will
renderall offspringsof level n+ d, (seeFig. 4). Thenthechildren
donothaveto betraversed Evenfor simpleadaptvity rulesthishas
a strongeffect on renderingperformance As describedn Sect.3,
thepointdataof all childrenis storedlinearlyin memory thusthey
canbeaddresseth asingleloop,or evenby asingleOpenGLarray
renderingcall. SeeFig. 5 for apseudacodefragment.

Remembethatwe areusingrelative coordinatesor storingthe
point locations. In this contet children of different clusterscan
only berenderedn a single loop whenthe basecentroidandthe
scalingfactorfor therelative coordinatess the samefor all consid-
eredchildren. We canusethe coordinatef a centroidof level n
for the calculationof the relative coordinate®f all descendantsf
level n+ dy. In orderto usethis arrangemenef ciently, d, hasto
be constanfor the dataset. We geta speedumf about50 percent
for anaverageclustersize of 5 pointsandd, = 2, morefor larger
clusters. For adaptve renderinghigher d, arelessefcient asthe
traversalroutinehasto selectheclusterso berenderednahigher
level. Anotherdravbackis thatbeingableto rendera setof clusters
in onepiececomesatthe costof higherdiscretizatiorerrors.
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Rendering

Tree traversal

Level 2 3 4 5 6
Figure4: During traversal,the nal renderinglevel shouldbe se-

lectedat somehigher level of the hierarcly for speedupreasons

(dh = 2in thiscase).

void render _cluster (cluster _t *c,
if (cluster _visible (c) f
if (descend _cluster (c, p, d)) f

point t *p) f
/* trivial reject*/

for i = 0..c ! len[0] I* recursion*/
render _cluster (&c'! children[i], &c! pointsi])
g else f
len = c! len[ d, 1]
for i =0.. d 2 /* nd r stpointof hierarchy depthd, */

¢ = c! children[0] /* notexecutedor d, = 1*/

render _points (c! points, len)
gg9g

Figure5: Pseudaodefor traversingthe hierarcly.
6 Sorting

For mary of the investigateddatatypescumulatve blendingis an
effective way of visualizingboth globalandlocal structuresn the
datasets. However, with other datasets,for instancereversible
Apollonianpackingg(Fig. 20), the over operatoiis necessaryo vi-
sualizethe visual depth. Non-commutatie blendingoperatorge-
quire the datapointsto be sortedaccordingto view distance.The
implementedhierarcly canbe usedto ef ciently sort the cluster
centroidsusing quicksortor bucketsort. The clusterpointsthem-
seleshave to be sortedbeforerenderingaswell. Bucketsortonly
createsan approximatve sorting order but hasthe adwantageof
lower computationaktompleity (O(n) vs. O(nlogn)) andits im-
plementationis muchsimplerandthusfaster Therenderedmages
arealmostindistinguishablevhenusinga relatively large number
of buckets.

Sortingthe clustercentroidss equivalentto thetypical BSP-tree
sorting,aslong asthe distancesf ary two neighboringcentroids
to their commonsplitting planeareequal(Fig. 6). Theoctreeclus-
tering approachhasthis property however, its spatialadaptionto
the local point densityis muchworsethanthe proposed®CA-split
approach.Still, we have no choicebut to useoctreesf we really
careaboutthe correctsortingorder

Evenwith correctlysortedclusters thereis a chancethat over-
lappingpointsarerenderedn thewrongordet asit canbe seenin
Fig. 7. For mary datasetsthe pointscanbethoughtto bein nitely
small,in thatcasethe pointsarerenderedtorrectly Otherdatasets
aremoresensitve to their sortingorder andrequirelargeraverage
clustersizesby combiningseveral octreelevels to a single level.
This helpsreducingthe chanceof sortingerrors,asthe pointsof a
singleclusterarealwaysrenderedn thecorrectorder

di fd2

Figure6: Distancesortingaccordingo d1, d2 is equivalentto BSP
sortingfor c1 = c2. Notethatthe sortingorderof d1, d2 changes
exactlyatthesameimethevisibility orderof thetwo cellschanges.

2nd ® .

correct order

BSP order

Figure7: Back-to-frontdistancesortingaccordingto BSPfails for
non-splitoverlappingpoints. In this examplethe right clusteris
renderecbeforetheleft onedueto BSPorder

In orderto sorttheVoronoicellsproducedy thePCA-splits,ad-
ditional connectvity andsplitting planeinformationis neededor
MPVO [Max etal. 1990;Williams 1992] or equivalentalgorithms.
This implies a hugeadditionalmemoryoverheadwve would like to
avoid. It is ongoingresearchhow this approackcanbe combined
with perpixel clipping or z-testdependenblendingto renderex-
actly sortedimagesevenfor casedikein Fig. 7.

7 Rasterization

Sinceusingonly onevertex per primitive can acceleratehe ren-
deringprocesssigni cantly, we will usuallyapproximatehe splats
using OpenGL anti-aliasedpoints. Other footprints can be used
by renderingpoint spriteswithout additionalcost(seeFig. 20), but
they areonly availableon NVidia hardwareright now. For render
ing largequantitiesof pointsthegenerallyfastesapproachs to use
vertex coordinatesandattributesthatare given by vertex arraysor
displaylists. However, displaylists have to be storedin precious
graphicsmemoryand are more likely to be larger in size,asthe
graphicscardhasto storeadditionalinformationaboutits contents
andformat.

Whena point projectsto anareawith diameters smallerthana
single pixel on the screenijts brightnesshasto be attenuatedThe
new alphavalueis

i=a & ; ®3)

assumingthat point color is multiplied with alphaduring blend-
ing. Notethatattenuatiorincreasesgjuantizatiorartifactsdueto the
limited framebuffer depth. Therefore adaptve renderingcaneven
improve theimagequality by choosinghigherlevelsfor partsof the
clusterthattendto projectto very smallscreerareas.

For drawing points with varying sizes we can use ver
tex programs,a conceptNVidia introducedwith the GeForce3
(NV_vertex_program ). Besideschangingthe point sizeon a
pervertex level andaddingthe last contritution of the relative co-
ordinatesthevertex shadeis responsibldor correctalphaattenua-
tion asindicatedin Eq.3, whichis notpossiblewithoutusingvertex
programsat all whenwe wantto employ vertex arrays. Figure 15
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Figure8: A total view of oneof the VIRGO Figure9: A total view of oneof the VIRGO Figure 10: Differencesof adaptve vs. full

n-body simulationswith 16.8 million parti-
cles(level 6).

shaws the programparameteicon guration and the actualvertex
programwritten in Cg [Mark et al. 2003] that containsall of the
above. Additionally, point sizeandalphavaluesare multiplied by
two global scalingfactors.It compilesinto 29 programstatements
for bothNV.vertex _program andARBvertex _program .

The later extension,which is supportedby ATI's Radeor9700,

nally enablesus to evaluatethe algorithm on this card as well.

The previous EXT_vertex_shader  extensiondid not allow us
to alter the point size on a pervertex basis. As mostof the per
formancegain comesfrom this last step,we could not really ben-
e t from the Radeors high performancegeometryenginewith the
old extension. Unfortunately both anti-aliasedpoint imagequal-
ity andexecutionspeeds clearly belov our expectationswith the
currentdrivers (seeSect.9 for a comparison). Note that at least
the setupis still muchslower on NVidia cardsaswell comparedo
N\_vertex _program .

ATI's DirectX drivers are more mature than their OpenGL
drivers,thuswe investigatedwhetherthis API would be an option.
However, the so-called e xible vertex formatof DirectX upto ver
sion8 only supportsverticesspeci edas oats. As we do notwant
to storethe points' verticesin this format due to its memoryre-
quirementsye would have to corvertthemonthe y , whichwould
male the useof vertex buffers extremely expensve asthey would
have to becornvertedby the CPU.

With the availability of vertex shaderave cannow usevertex
arraysto sendalargepartof thehierarcly to thegraphicshardware.
Whensortingis enabledjndex arrayshave to be usedto selectthe
pointsin thecorrectorder Thesecallsarehighly optimized,andthe
CPU canalreadycontinueto selectthe next clusterto berendered
in parallelto therasterizatiorprocessAs pointedoutin Sect.5 we
haveto take carethatwe only senddown thatpartof thehierarcly in
onepiecethatis relatedto thesamebasecentroidfor thecalculation
of therelative coordinates.

8 Alternative Rendering Approaches

For comparisonseveral othertechniquediave beendevelopedand
integratedinto the renderingframewnork. The differentrendering
baclendscanbe selectediuringruntimeat almostno cost.

As hierarcly traversalandcoordinateransformatiorseento be
thelimiting factorsfor thevisualizationof scatteredlata,a software
rasterizeris a valid optionto be considered Most pointsof a low
hierarcly level projectto avery smallareaonthescreensotheras-
terizershouldbe optimizedfor singlepixel points. Thisimplemen-
tationcanalsofunctionasareferencdor theOpenGLbasedender
baclends,asit draws the pointsto a oating point frame buffer.

n-bodysimulationsrenderecadaptvely with  datarendering(contrastenhancedby 400%).
amaximumscreerspaceerrorof 2 pixels.

With this featurewe reducethe chanceof missingcontritutionsof

very smallor dim points. However, the CPUis completelyrespon-
sible for vertex transformatiorandrasterizationthusthis solution
is mostlikely to betheleastef cient of thepresentednethodsand
new graphicshardwarelike the Radeor®7000r the GeForceFX is

ableto renderinto oating pointframebuffersaswell.

In contrasto regular PCworkstationausedby typical endusers,
virtual reality ervironmentsarestill oftenbasedon Silicon Graph-
ics systems.As the In niteReality hardwaredoesnot have a pro-
grammablegraphicspipe, we additionallyimplementeda regular
billboard renderer Using billboardsis lessefcient comparedo
OpenGLanti-aliasegointsor pointspritesasfour verticeshave to
be calculatecandsentdown the pipelinefor a singledatapoint.

Note that renderingpoints without vertex programsis not an
option, aswith the regular OpenGLpipelineone canonly setthe
currentpointsizeoutsideanglBegin()  /glEnd() pair, which
reducegheoverall speecconsiderablydueto the statechanges.

9 Results and Discussion

Theimagess, 9, and17 shaw visualizationof n-bodysimulations
carriedout by the Virgo Supercomputingonsortium.All images
show redshiftz= 0 for the t CDM model. The velocitiesof the
galaxiesrelative to the simulatedbasecubehave beencolor coded.

In imagesl1 to 13 one canseedifferentlevels of the dataset.
Note thatlevel 3 would usuallynot be usedfor renderingbut it is
a potentiallevel for decidingon the renderingdepth,as shavn in
Fig. 4. Figures18to 20 shav otherdatasetsandrenderingmodes.
Pleasenotethatthe clearlyvisible aliasingin Fig. 18is inherentto
theaccordingdatasetandnotanartefactof thepresentedendering
techniqueln mostareaghedatasetcontainsanalmostregulargrid
andthe splatsareusedfor visualizingthegrid structureandnot for
approximatingary underlyingfunction.

Despitethe speedof modernprocessorsthe OpenGLacceler
atedversionis still superiorto the software approachwhich em-
ployed a very cruderasterizerin our implementatiorthat renders
large pointsin poor quality only. One major dravback of the
software-basedystemis thatthe oating point framebuffer hasto
be sentdown the AGP busto the graphicscard,thoughwith latest
AGP8x graphicshardwareandcurrentdriversthis only imposesan
upperlimit of 40 fps for a 100¢% viewport, not including the time
for clearingandrenderingthe software buffer. However, software
basedrenderingstill seemsto be one of the slowestapproaches.
Using a 24 bit framebuffer could acceleratehis processput then
we loosethe majoradwantageof the softwaresolution.
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Level #Points Aw. pt. size \ Software  Billboards Vertexprogs V.p.a.d,=1 V.p.a. V.p.a.adaptd,=1 V.p.a.adapt. ATIV.p.al
6 16.8M 0.5 847 1724 495 1389 427 104 153 1490
5 3.3M 0.6 433 752 229 262 85 93 79 287
4 671K 0.9 120 161 44 50 17 17 47 57
3 123K 15 48 30 8.8 10 3.7 3.7 10 12
2 24K 29 26 7.6 2.6 2.7 1.8 1.8 2.7 2.6

T ARB_vertex_program  with vertex arrays,evaluatedon ATI's Radeor9700,WindowsXR, d, = 2
V.p.a. Vertex programwith arrayrendering

Tablel: Renderingimesin msfor differentrenderingtechniquesaindlevelsfor a500? viewport, dh = 2 exceptwherenoted.

Level #Points | Soft dy=1 Soff dy=1 Soff Soff Vpa d=1 Vpald=1 Vpal Vpal! Vpaadaptd=1 Vp.aadapt
6 16.8M 6670 5880 4760 3570 5880 5260 3125 1890 252 690
5 3.3M 1320 1250 1040 752 1100 1040 658 379 233 356
4 671K 298 282 238 182 220 204 134 78 126 78
3 123K 85 81 71 61 44 40 26 16 28 16
2 24K 41 40 28 29 10 8.2 3.2 3.2 6.1 3.2
quicksort

+
t

bucketsort,# of buckets= max(16 # of pointspercluster1024
bucketsort,# of buckets= max(# of pointspercluster 128

Soft  Softwarerendering
V.p.a. Vertex programwith arrayrendering

Table2: Renderingimesin msfor renderingsortedpointswith correctblendingfor a 500? viewport, dy = 2 exceptwherenoted.

Viewport  Renderingime | Levell Level2 Level3 Level4 Level5 Level6
1607 9.5 0 4K 51K 1.7K 0 0
400 75 0 2 53K 348K 224K 23K
700 348 0 0 418 343K 1.4M 1.8M
1006 769 0 0 0 82K 1.9M 6.2M

Table3: Numberof renderecpointsperlevel andrenderingimesin msfor adaptve renderingvs. viewportsize,d, = 1.

Figurell: VIRGO atlevel 3.
(123,000clusters= 0.74%)
Rendereat270fps.

Figurel2: Level 4.
(671,000clusters= 4%)
Renderedt59 fps.

Table 1 lists someperformancemeasurementfor the different
algorithmsandlevelsfor dn = 2, exceptwherenoted togethemith
the numberof points,andthe averageprojectedsize. It canbeno-
ticedthatusingbillboardsis ratherslow, asthe CPUhasadditional
work to do for settingup four timesthe amountof verticesto be
sentto the graphicspipe. The systemusedfor the evaluationwas
anPentium42800MHz with anIntel 7225chipsetwith 4 GB dual
channelDDR 333 memoryanda GeForce FX 5800 Ultra graph-
ics pipeon aLinux systemgexceptwherenoted. The Windows XP
drivers shawved similar but slightly lower performancegures for
theGeForce. TheLinux driversfor theRadeorcurrentlydon't have
supportfor the usedchipset.Pleasenotethatthe high performance
memorysetuphasa muchlargerimpacton the softwarerasterizer
thanonthevertex arrayrenderer

The adaptve algorithmshavn in the table usesa simple adap-
tive schemewith vertex programsandvertex arrays,selectingthe
clustersthat should be traversedon the CPU by the maximum
screenprojectionsize of the clusterchildren andthe given max-
imum traversaldepth. If the projectedsize exceeds?2 pixels, the
clusteris traversedfurther, otherwiseits childrenarerenderedo
screenfor d, = 1, for dy = 2 the samecriterion is appliedto its

Figure 14: Differencesof soft-
warevs. OpenGLrasterization
(contrastenhancedy 400%).

Figurel3: Level 5.
(3.3 million clusters= 19.7%)
Renderedt 12 fps.

grandchildren.Using thesesettings thereis almostno visual dif-
ferencebetweerthedatasetrenderedn full resolutioncomparedo
theadaptve rendering.With d, = 1 we geta ner hierarcly selec-
tion, but we alsoreducethe averagearraysizethatcanbe usedfor
renderingwhich explainsthe performancdossin thelower levels.
Thedifferencamagein Fig. 10 shavs quitesomechangesn thevi-
sualizationhowever, they have the samequality asadditionalnoise
anddo not disturbthe visual appearanceMost of the screerspace
differencecomesfrom pointsthathappero be renderednepixel
off to their original positions.While thehumanvisualsystemis not
ableto noticethesedifferencesthey have a ratherlargeimpacton
differenceimages.We alsonoticedthatthe quantizatiorand oat-
ing pointroundof errorsintroducedby usinggraphicshardwarefor
renderingFig. 14) arelargerthanthe onescreatecy adaptve ren-
dering. The contrastof both differenceimageshasbeenenhanced
by 400 percenin orderto shav their propertiesmoreclearly

Table2 lists sometimesfor combination®f differentsortingand
renderingechniquesPleasenotethatthe gsortbasedsortingalgo-
rithm will slow down signi cantly for large clustersizes,asit is
O(nlogn) comparedo O(n) for thebucketsort. Thetwo bucketsort
variantsusedifferentbucketsizes tradingspeedor quality. Theal-



To appearin the IEEE Msualization2003confeenceproceedings

| x y z w
posofset -coordquant.offset
basepos | rel. basecoords coordsscale
scale pointspritescale alphascale sizescale
posin rel. pointcoords pointsize
void main (in float4  posin POSITION,
in float4  colin COLORQO,
out float4  posout POSITION,
out float4  colout COLORO,
out float4 sizeout PSIZE,
uniform  float atten,
uniform  float4  posoffset,
uniform  float4  basepos,
uniform  float4  scale)
f
uniform  float4x4 model = glstate.matrix.modelview[0];
uniform  float4x4 proj = glstate.matrix.projection;
float4 vec, homeye, eye;
float tmp;

/* relativecoords! absolutecoords*/

vec.xyz = (posin.xyz + posoffset.www)
* basepos.www + basepos.xyz;
vec.w = 1.0;
/* modelviev transformationt+ projection */
homeye = mul (model, vec);
posout = mul (proj, homeye);
eye = homeye / homeye.w;
[* effectivepointsizecalculation*/
tmp = posinw * basepos.w * scale.w
* rsqrt  (atten * dot (eye.xyz, eye.xyz));
/* clampingminimumpointsizeto 1 */
sizeout.x = scalex * max (tmp, 1.0);
/* alphacalculationandattenuatiorfor pointsizes< 1 */
tmp = min (tmp, 1.0);
colout = colin;
tmp = colinw * scalez * tmp * tmp;
/* clampingminimumalphavalueto keepextremelysmallpointsvisible*/
colout.w = max (tmp, 4.0/256);
g

Figure15: Thevertex programwrittenin Cg.

gorithmusinglargerbucketshasalmostthe samevisualappearance
asthe gsortalgorithm,but exhibits some ick eringduring rotation
oncritical datasetscontaininglarge andalmostoverlappingpoints.

The cluster selectionschemehasaboutthe sameperformance
impacton the renderingsystemasthe e xible renderingbaclend
(lessthan2 percenteach),which allows usto switchtherendering
techniqueonthe y . Pleasenotethatfor largeviewportslike 1000
the effect of adaptve hierarcly traversalis not noticeablefor low
maximumtraversaldepths asall clustersaretraverseddueto their
large projectedsize.

Thingschangewhenwe reducethe viewport size. Table3 lists
renderingtimesandthe numberof renderedpointsin thelevels 1
to 6 for this schemewith nomaximumtraversaldepth.We getearly
view frustum culling at almostno costfor the adaptve rendering
algorithm, asthis canbe incorporatedn the point projectionsize
calculationprocess.However, all tablesshav renderingtimesand
pointnumbergor viewing thefull dataset.

Figure 16 shaws a closeup region, renderedntentionally with
avery high projectionsizeerrorof 14 in orderto revealthe differ-
ences.The next two imagesshav the sameregion renderedwith-
outadaptionwith approximatelythe samenumberof pointsandall
points,respectiely. Notethatthe projectedscreensizeis only an
approximatiorfor the maximumscreerspaceerror, asthe centroid
sizethat usedfor evaluatingthe screenspaceerror is not directly
coupledwith themaximumdistributionwidth of thechildrenwhich
in uencestheerroraswell.

For more imagesand somerealtime animationspleasetake a
look atour website:
http://www.vis.uni-stuttgart.de/pointclouds/

Figure16: A closeupof the virgo dataset, renderedat the really
coarselevel 3 (123K pts = 0.74%, left), adaptvely with approx-
imately the samenumberof pointsand high potential projection
error (130K pts, middle), and with all points (16.8M pts, right),
respectiely.

Figure 17: A total view of one of the closeup simulationswith
16.8million particlesaswell.

10 Conclusion and Future Work

In this paperwe presented techniquefor acceleratinghe visu-
alization of scatteredboint datacomparedo rendering at point
arrays. We employed principal componentanalysisfor creatinga
hierarcly of point clusters,storedwith quantizedrelative coordi-
natesn adatastructurethatseparateslusterfrom pointdata.With
thisdatarepresentatiowmisualizationquality canbetradedfor speed
with an adaptve renderingalgorithm. The renderingprocessit-
selfwasacceleratedisingvertex programson modernPCgraphics
hardware. Finally, we arenow ableto visualizedatasetswith tens
of millions of pointsinteractvely on standardvorkstations.

Oneof the mostpromising— but alsomostchallenging— ex-
tensionsto the algorithmis the handlingof time dependentiata.
Therenderingprocessanbeleft almostunchangedput it is atopic
of ongoingresearcthow theclusteringstepcanbeimproved. It will
have to handleclustertransitionsof single particlesin a smooth
way, suchthatpoppingartifactswill notoccur

Thecurrentimplementatiorof theclusteringalgorithmsrequires
all pointsas oating point datain memory but they canbe per
formedon someother remotesupercomputeiOut-of-corecluster
ing algorithmsexist, andwe wantto investigate how they canbe
appliedto our case. Additionally, thereare someissueswith the
overestimationof the radiant ux during renderingwith cumula-
tive blendingin areasof high saturation.The systemshoulddetect
theseareasandreducethe brightnesof the generatedlustersac-
cordingly Alternatively, high dynamicrangerenderingto oating
pointframebufferscouldbe used.
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Figure 18: Visualizationof a shockfront,
simulatedwith SPH(1 million points).

Figure 19: SPH and dark matter galaxy
formationsimulationrenderedvith sorted

Figure20: ReversibleApollonianpacking
renderedvith sortedpointsprites.

anti-aliaseoints(540,000points).

An openquestionis haw to handlemultivariatedataandhow to
changethe visualizeddataduring runtime. Storing several color
valuesperpointstructures onepossibility, but thisincreasesnem-
ory usageagain. Color quantizatiorandtablelookupin therender
ing stepcould helpwith regardto this aspect.

Thereare still someissueswith the renderingof sortedpoints
with respectto overlappingpointsin adjacentlusters. Addition-
ally, theremight be a chanceto implementbucket sortingby ren-
deringto off-screertextureswith thenext generatiorgraphicshard-
ware,andradix sortingcouldbe aninterestingalternatve aswell.
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