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Abstract

Numericalparticlesimulationsandastronomicalobservationscre-
ate hugedatasetscontaininguncorrelated3D points of varying
size. Thesedatasetscannotbe visualizedinteractively by sim-
ply renderingmillions of coloredpointsfor eachframe.Therefore,
in many visualizationapplicationsa scalardensitycorresponding
to the point distribution is resampledon a regular grid for direct
volumerendering.However, many �ne detailsareusuallylost for
voxel resolutionswhichstill allow interactivevisualizationonstan-
dardworkstations.Sincenosurfacegeometryis associatedwith our
datasets,therecentlyintroducedpoint-basedrenderingalgorithms
cannotbeappliedaswell.

In this paperwe proposeto acceleratethevisualizationof scat-
teredpoint databy a hierarchicaldatastructurebasedon a PCA
clusteringprocedure.By traversingthis structurefor eachframe
we can trade-off renderingspeedvs. imagequality. Our scheme
alsoreducesmemoryconsumptionby usingquantizedrelative co-
ordinatesandit allows for fastsortingof semi-transparentclusters.
We analyzevarioussoftwareandhardwareimplementationsof our
rendereranddemonstratethatwe cannow visualizedatasetswith
tensof millions of pointsinteractively with sub-pixel screenspace
erroron currentPCgraphicshardwareemploying advancedvertex
shaderfunctionality.

Keywords: Volume Rendering, ScatteredData, Splatting,
HierarchicalVisualization

1 Intr oduction
Quite a number of physical simulations create large point-
baseddata sets, for example SmoothedParticle Hydrodynam-
ics (SPH)[Monaghan1992]andn-bodysimulations[Jenkinset al.
1998]in astrophysics.Othersourcesof scatteredpoint dataareas-
tronomicalobservationswherenew techniquesfor measuringthree
dimensionalpositionsof starsasin theGAIA project[GAIA 2003]
will createhuge real-world data setsin the near future as well.
Thesedatasetscontainup to hundredsof millions of pointseach
with informationaboutpositionxi , diametersi , andintensityci at
variouswavelengths.
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Thesedatasetsaretoolargeto berenderedin theirentiretyat in-
teractive frameratesandthememoryrequirementsarequiteprob-
lematicfor standardPCsaswell. An alternative approach[K ähler
et al. 2002; Park et al. 2002] is to resamplethe datasetsanduse
standardvolumevisualization,whichcanbeimplementedquiteef-
�ciently usingtexture mapping[Rezk-Salamaet al. 2000]. How-
ever, this techniqueimposesa low-pass�lter on the dataset,and
for reasonableframeratesandmemoryusagethe �lter domainis
solargethatalmostno subtledetailswithin thedatawill bevisible
any more.To someextentthiscanbeavoidedfor off-line rendering
of animations.In thiscasehierarchicalvolumescenegraphscanbe
usede.g.for visualizingstellarnebula [Nadeauetal. 2000].

In order to allow scientiststo view thesedatasetsat high res-
olution interactively on desktopworkstationsor PCs,we want to
visualizethe scattereddatadirectly without resamplingthemto a
volumedensity. We canachieve signi�cant speedupby applying
clusteringtechniquesto createa hierarchicalrepresentationof the
dataset. Thehierarchy canthenberenderedadaptively according
to screenresolutionandfocuspoints,anda lower hierarchy level
canbe chosenfor the visualizationduring interaction. Of course,
hierarchicaldatastructuresgenerateadditionalmemoryoverhead
imposingeven greaterrestrictionson the maximumdatasize,but
storagerequirementscanbereducedusingrelativepositioncoding,
while still maintaininghigh accuracy with respectto the particle
positions.

In orderto visualizescattereddatainteractively the point coor-
dinateshave to betransformedinto imagespaceandrasterizedinto
theframebuffer. Currentgraphicshardwareis highly optimizedfor
this taskandfreesup the CPU for concurrenthierarchy selection
and traversal. As trianglesare the dominatingprimitive in com-
putergames,rasterizationthroughputmay be higherfor polygons
thanfor points. However, this will have no majoreffect, sinceour
approachis morelikely to begeometrylimited ratherthanrasteri-
zationlimited,becauselargenumbersof pointscanonly bevisually
preceptedwell aslongasthey donotoverlaptoomuch.For certain
typesof data— e.g. with widely varyingpoint sizesor semitrans-
parentappearance— blendingmaybenecessaryin orderto enable
visual depthperception.This requiresthe points to be sortedac-
cordingto their projectedz coordinates.Due to the high number
of pointsthis is nontrivial to do in realtime,but canbe ef�ciently
implementedbasedonourhierarchicaldatastructures.

2 Previous Work
There has been quite a lot of work in the area of using foot-
prints as renderingprimitives for sampleddata. Laur and Han-
rahan[1991] introducedhierarchicalsplattingfor volumerender-
ing usingGouraud-shadedpolygons. Researcherslike 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, thetechniquesdescribedin thesepapersonly apply
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to the reconstructionof continuousfunctionse.g. for volumeren-
deringof regular grid data,andthey do not addressadaptive ren-
deringor datasizereduction.Additionally, thereexist a numberof
non-realtimerenderingsystemsfor largepoint-baseddatasets,e.g.
for rendering�lm sequences[Cox 1996].

Using points as renderingprimitives is a topic of ongoingre-
search. However, almost all publicationsin this areadeal with
therenderingof geometricsurfaces.Alexa et al. [2001], P�ster et
al. [2000],Rusinkiewicz andLevoy [2000],Wandetal. [2001],and
Zwickeretal. [2001b]showeddifferentmethodsto createdatahier-
archiesof surfacesrepresentedby samplepointsandhow to render
themef�ciently . As the intrinsic modelof pointsdescribinga sur-
faceis fundamentallydifferentto themodelusedfor scattereddata,
their clusteringtechniquescannotbe appliedin our case. Pauly
et al. [2002] usedprincipal componentanalysisfor clustering,but
with adifferenthierarchy conceptcomparedto ourapproach.Some
systems[Rusinkiewicz and Levoy 2000; Botschet al. 2002] use
quantizedrelative coordinatesfor storingthepointsin a hierarchi-
cal datastructure,but theseapproacheswerenot optimizedfor fast
GPUaccessbecausethedatastructureshadto beinterpretedby the
CPU. Additionally, the presentedrenderingtechniqueshave been
designedto createsmoothsurfaceswithoutholesandthey allow no
or only few layersof transparency. Again, this doesnot meetour
requirements.

First stepsfor visualizing uncorrelatedsamplesfor SPH data
have beenpresentedby RauandStraßer[1995]. Janget al. [2002]
introduceda multiresolutionsplatting approachfor non-uniform
data.However, in their solutionthehigherhierarchy levelsareal-
ways storedin uniform grids, and they cannotrendermore than
approximately135,000splatspersecond.This techniqueseemsto
bemoreappropriatefor almost�at andregulardata.

For renderinglarge quantitiesa simple brute force approach
wouldstorethecompletedatasetonthegraphicscardandusepoint
arrayrenderingfor displayingthedataset. As soonasthedataset
doesnot �t into graphicsmemory, renderingspeedcandropby an
orderof magnitude.

In the following we proposea hierarchicaldatastructurebased
on principal componentanalysisor similar clusteringtechniques
that enablesus to renderlarge datasetsadaptively at high frame
ratesoncurrentPChardwarewithoutcompromisingvisualquality.
Ourschemealsoreducesmemoryconsumptionby usingquantized
relativecoordinatesandit allowsfor fastsortingof semi-transparent
clusters.

3 Data Stora ge
Usinghierarchicalstructuresimposeshighermemoryrequirements
thanstoringthesamedatain �at arrays.A trivial implementation
caneasilyexhaustmainmemoryon regularworkstationsfor large
datasets,even in the steadystate. Memory bandwidthis limited,
andtraversingthehierarchy for renderingaddsoverheadfor recur-
sive function calls and pointer dereferencing.Additionally, with
currentgraphicsAPIs thereis no meansto handthis processover
to theGPU.

Therefore,we decoupledhierarchy structures(clusters)from
datastructures(points). The clusterscontaina pointerto the next
hierarchy level, a pointer to offspring point data,andthe number
of children. The point dataitself only containsthe point position,
size,andcolorvalues.In principleonewould like to storeraw data
valuesanduseruntimeclassi�cationfor point sizeandcolor selec-
tion,but theclusterhierarchy itself andespeciallythepre-processed
clusterrepresentativeshighly dependonpoint sizesandcolors.

Figure1 showsthelowestthreelevelsof atypicaldatahierarchy.
The�nest level n doesnotcontainany hierarchy informationatall,
thusno clusternodesareneeded.In level n� 1 a point datastruc-
tureis relatedto eachclusternode,containingits centroid.Cluster
nodesandpoint dataareconnectedon thepreviouslevel. Thedia-
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Figure 1: The last three levels of a typical datahierarchy. The
greenclusterscanberenderedat their highesthierarchy level in a
singleloop without recursively descendingthedatastructure.The
pointdatacorrelatedto theclustercentroidsis notembeddedin the
clustersbut storedin point structuresparallelto theclusters.

Figure2: Point coordinatesarescaledandquantizedrelatively to
thepositionof theclustercentroidfor storage.

gramshowswhichpointsarerenderedfor a typicalclusternodefor
renderinglevelsn� 2, n� 1, or n.

The decoupleddatastructureenablesus to storepoint datafor
any givencombinationof renderinglevel andclusternodein acon-
tinuousarray. Thisreducesthenumberof necessaryrecursivefunc-
tioncallsandhelpsuswith acceleratingrenderingbyusinggraphics
hardware.Additionally, it ensuresthat thedatais concatenatedfor
ef�cient cacheusage.

Pointdatasetstendto getreally large,andthey needhigh posi-
tional resolution.Memoryrequirementscanbereducedto onehalf
or evenonequarterby storingcoordinatesrelatively to thecentroids
of theinspectedclustersasdepictedin Fig. 2. As thenecessarypo-
sitionalresolutionis muchlower for encodingrelative coordinates,
they canbequantizedusingbytesor shortsinsteadof �oats.

Finally, for a typical datasetlike theVIRGO n-bodysimulation
(Fig. 8) with 16 million points in level 6 we need160 Mbyte for
pointdataand32Mbytefor theclusterhierarchy whenstoringpoint
coordinatesin bytesonly.
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� Selectcluster j (point indicesI j ) with largestdistortionDj

� Calculateauto-covariancematrix from centroidX j :
A = å i2 I j

(xi � X j )(xi � X j )T

� FindEigenvectoremax of A correspondingto the
largestEigenvaluel max

� Split cluster j into two new clusters:
In1 = f i 2 I j : hxi � X j ;emaxi � 0g
In2 = f i 2 I j : hxi � X j ;emaxi < 0g

� Calculatecentroidsanddistortionsfor thenew clusters

Figure3: ThePCA-splitalgorithm

4 Creating the Hierar chy
In order to createone level of the hierarchy the input datapoints
have to besortedinto bins. For eachbin a point on thenext higher
hierarchy level is created,representingall pointsthat fell into that
bin. Thepropertiesof thenewly createdpointarechosensothatits
visualrepresentationmatchesthatof thesubstitutedpointsbest.

To obtainthesetof binsseveralclusteringschemescanbeused.
Themostcommonsolutionis to subdivide thedatasetinto anoc-
tree,whichcanbeusedef�ciently for sortingaswell (Sect.6).

Anotherapproachthathasmuchbetterspatialadaptationprop-
erties is to perform a series of principal componentanalysis
(PCA) splits, eachdividing the clusterwith the currentlyhighest
distortionasde�ned below into two halves. As PCA is a standard
technique,weonly presenta shortsummaryof thePCA-splitalgo-
rithm in Fig. 3, moredetailscanbefounde.g.in [Jollif fe 1986].

In the following I j denotesthe set of indicesof the points of
cluster j. That is, cluster j consistsof all points xi , i 2 I j with
diameterssi , andhasthe weightedcentroidX j anddistortionDj
with

X j =
å i2 I j

si � xi

å i2 I j
si

; D2
j = å

i2 I j




 xi � X j




 2

2 :

Aswehavetoperformthissplit operationseveralmillion times,fast
clusterselectionis of uttermostimportance.Therefore,wekeepthe
clustersin askip-list [Pugh1990],sortedby decreasingD2

j . A skip-
list is essentiallya sortedlinked list with randomizedlink depth,
with O(logn) complexity in theaveragecasefor search,insert,and
deleteoperations.Its propertiesaresimilar to balancedtrees,with
theadvantageof fasterinsertanddelete,O(1) largestvaluesearch,
verysmallmemoryfootprint,andalmosttrivial implementation.

This splitting processis continueduntil themaximumdistortion
or the averageclustersize fall below pre-de�nedminima. After
the visual propertiesof the new pointshave beenobtained,these
pointsundergo anotherseriesof PCA-splitsin orderto createthe
next hierarchy level. For mostapplicationslike the VIRGO data
set a hierarchy depthof more than about6 levels is usually not
appropriate.For thisdatasetwith its 16million pointsthehierarchy
creationprocesstakesonly a few minutes.

For creatinga visually approximative representationof theclus-
ter j comparedto its childrenthemostimportantaspectis that the
radiant�ux F hasto bethesame.For theirradiancec j of thenew
centroidpoint representingthe clusterthis meansfor eachof the
representativewave lengths

F j = A j � c j =
p
4

s2
j c j =

p
4 å

i2 I j

s2
i ci : (1)

The clusterrepresentative shouldbe larger than the largestof its
children in order to keep somevisual continuity. Additionally,
small clusterpointswould have very high local intensities,which
could �nally saturatethe coveredpixels in the blendingstepdur-
ing rendering.Distributedclusters— that is clusterswith a large
averagedistanceof their childrento the centroidcomparedto the
children'spointsizes— shouldhave largerrepresentativesthanlo-
cally agglomeratedones.On theotherhand,they mustnot be too

large,asthehumaneye is very sensitive to edges,andenlarging a
point impliesreducingits intensity, diminishingthevisibility of the
edge.

After comparingseveraldifferentfunctions,wefoundatrade-off
that createsacceptableresultsfor almostall point distributions. It
triesto combinepoint sizesandtheir distancesto thecentroid,and
ensures,thatthe�nal sizedoesnot fall below thesizeof thelargest
pointof thecluster:

mj = argmax
i2 I j

si ;

sj =
0:5

jI j j � 1

s

å
i2 I j nf mj g

si



 xi � X j






2 + smj : (2)

Thescalingfactor 1
2 in Eq.2 of theweightedaveragepoint sizeof

all pointsexceptthe largestonebeforeaddingto the largestpoint
sizesmj hasbeendeterminedempirically.

This calculatedpoint sizeis subjectto furtherrestrictions,if in-
tensitiesarestoredin main memoryasunsignedbytesin orderto
save memory. The systemhasto assurethat the calculatedpoint
sizedoesnot over�ow the intensitydomain,andit hasto increase
thepoint sizein caseof saturation.

Eq. 1 and Eq. 2 are highly dependenton the blending func-
tion, andour de�nition only holds for cumulative blending(C =
c1 + c2). For other blending functions, like the over operator
(C = a1c1 + (1 � a1)c2), c j may be view dependent,as the to-
tal �ux of overlappingpoints is no longernecessarilythe sumof
theindividual �ux esof thepoints.With thecurrentapproachview
dependentintensitiescannotbe modeled.However, with adaptive
renderingwewill usecoarserhierarchy levelsonly for clustersthat
areprojectedto areason thescreenthataresmallor outsidesome
region of interest,and it is very unlikely that view dependencies
will benoticedin suchsmallregions.

5 Hierar chy Traversal

During renderingthe hierarchy is traversedrecursively. For each
clusterthesystemmaydecideto descendfurtherdown into thehi-
erarchy, renderthecentroidat thecurrentlevel, or skip thecluster
altogetherwhenit is not visible. The decisioncanbe basedupon
somemaximumscreenerror metrics, the distanceto the viewer,
or somegiven region of interest. Theserulesshouldbe computa-
tionally cheap.As a rule of thumb,evaluatingthe rule shouldbe
cheaperthantransformingandrenderingonepointof thecluster.

For morecomplex rulesandfor acceleratingthe traversalpro-
cess,thesystemmayalreadydecideon a higherlevel n, thatit will
renderall offspringsof level n+ dn (seeFig. 4). Thenthechildren
donothaveto betraversed.Evenfor simpleadaptivity rulesthishas
a strongeffect on renderingperformance.As describedin Sect.3,
thepointdataof all childrenis storedlinearly in memory, thusthey
canbeaddressedin asingleloop,or evenby asingleOpenGLarray
renderingcall. SeeFig. 5 for apseudocodefragment.

Rememberthatwe areusingrelative coordinatesfor storingthe
point locations. In this context children of different clusterscan
only be renderedin a single loop whenthe basecentroidandthe
scalingfactorfor therelativecoordinatesis thesamefor all consid-
eredchildren. We canusethecoordinatesof a centroidof level n
for thecalculationof therelative coordinatesof all descendantsof
level n+ dn. In orderto usethis arrangementef�ciently , dn hasto
beconstantfor thedataset. We geta speedupof about50 percent
for anaverageclustersizeof 5 pointsanddn = 2, morefor larger
clusters.For adaptive renderinghigherdn arelessef�cient asthe
traversalroutinehasto selecttheclustersto berenderedonahigher
level. Anotherdrawbackis thatbeingableto renderasetof clusters
in onepiececomesat thecostof higherdiscretizationerrors.
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Level 2 3 4 5 6

�����
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RenderingTree traversal

Figure4: During traversal,the �nal renderinglevel shouldbe se-
lectedat somehigher level of the hierarchy for speedupreasons
(dn = 2 in thiscase).

void render cluster (cluster t *c, point t *p) f
if (cluster visible (c)) f /* trivial reject*/

if (descend cluster (c, p, dn)) f
for i = 0...c ! len[0] /* recursion*/

render cluster (&c ! children[i], &c! points[i])
g else f

len = c! len[ dn � 1]
for i = 0... dn � 2 /* �nd �r st pointof hierarchy depthdn */

c = c! children[0] /* notexecutedfor dn = 1 */
render points (c ! points, len)

g g g

Figure5: Pseudocodefor traversingthehierarchy.

6 Sor ting
For many of the investigateddatatypescumulative blendingis an
effective way of visualizingbothglobalandlocal structuresin the
datasets. However, with other datasets,for instancereversible
Apollonianpackings(Fig. 20), theoveroperatoris necessaryto vi-
sualizethe visual depth. Non-commutative blendingoperatorsre-
quire thedatapointsto besortedaccordingto view distance.The
implementedhierarchy can be usedto ef�ciently sort the cluster
centroidsusingquicksortor bucketsort. The clusterpoints them-
selveshave to besortedbeforerenderingaswell. Bucketsortonly
createsan approximative sorting order, but hasthe advantageof
lower computationalcomplexity (O(n) vs. O(nlogn)) and its im-
plementationis muchsimplerandthusfaster. Therenderedimages
arealmostindistinguishablewhenusinga relatively large number
of buckets.

Sortingtheclustercentroidsis equivalentto thetypicalBSP-tree
sorting,aslong asthe distancesof any two neighboringcentroids
to their commonsplitting planeareequal(Fig. 6). Theoctreeclus-
tering approachhasthis property, however, its spatialadaptionto
thelocal point densityis muchworsethantheproposedPCA-split
approach.Still, we have no choicebut to useoctreesif we really
careaboutthecorrectsortingorder.

Evenwith correctlysortedclusters,thereis a chancethatover-
lappingpointsarerenderedin thewrongorder, asit canbeseenin
Fig. 7. For many datasetsthepointscanbethoughtto bein�nitely
small,in thatcasethepointsarerenderedcorrectly. Otherdatasets
aremoresensitive to their sortingorder, andrequirelargeraverage
clustersizesby combiningseveral octreelevels to a single level.
This helpsreducingthechanceof sortingerrors,asthepointsof a
singleclusterarealwaysrenderedin thecorrectorder.

c1

d1

c2

d2

Figure6: Distancesortingaccordingto d1, d2 is equivalentto BSP
sortingfor c1 = c2. Note that thesortingorderof d1, d2 changes
exactlyatthesametimethevisibility orderof thetwo cellschanges.

2nd

1st

BSP order

correct order

Figure7: Back-to-frontdistancesortingaccordingto BSPfails for
non-split overlappingpoints. In this examplethe right cluster is
renderedbeforetheleft onedueto BSPorder.

In orderto sorttheVoronoicellsproducedby thePCA-splits,ad-
ditional connectivity andsplitting planeinformationis neededfor
MPVO [Max et al. 1990;Williams 1992]or equivalentalgorithms.
This impliesa hugeadditionalmemoryoverheadwe would like to
avoid. It is ongoingresearch,how this approachcanbecombined
with per-pixel clipping or z-testdependentblendingto renderex-
actly sortedimagesevenfor caseslike in Fig. 7.

7 Rasterization
Sinceusingonly onevertex per primitive canacceleratethe ren-
deringprocesssigni�cantly, wewill usuallyapproximatethesplats
using OpenGLanti-aliasedpoints. Other footprints can be used
by renderingpoint spriteswithout additionalcost(seeFig. 20),but
they areonly availableon NVidia hardwareright now. For render-
ing largequantitiesof pointsthegenerallyfastestapproachis to use
vertex coordinatesandattributesthataregivenby vertex arraysor
displaylists. However, displaylists have to be storedin precious
graphicsmemoryandaremore likely to be larger in size,as the
graphicscardhasto storeadditionalinformationaboutits contents
andformat.

Whena point projectsto anareawith diameters̃ smallerthana
singlepixel on thescreen,its brightnesshasto beattenuated.The
new alphavalueis

ã = a � s̃2 ; (3)

assumingthat point color is multiplied with alphaduring blend-
ing. Notethatattenuationincreasesquantizationartifactsdueto the
limited framebuffer depth.Therefore,adaptive renderingcaneven
improvetheimagequalityby choosinghigherlevelsfor partsof the
clusterthattendto projectto verysmallscreenareas.

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 lastcontribution of therelative co-
ordinates,thevertex shaderis responsiblefor correctalphaattenua-
tion asindicatedin Eq.3,whichis notpossiblewithoutusingvertex
programsat all whenwe want to employ vertex arrays.Figure15
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Figure8: A total view of oneof theVIRGO
n-body simulationswith 16.8 million parti-
cles(level 6).

Figure9: A total view of oneof theVIRGO
n-bodysimulationsrenderedadaptively with
amaximumscreenspaceerrorof 2 pixels.

Figure 10: Differencesof adaptive vs. full
datarendering(contrastenhancedby 400%).

shows the programparametercon�guration and the actualvertex
programwritten in Cg [Mark et al. 2003] that containsall of the
above. Additionally, point sizeandalphavaluesaremultiplied by
two globalscalingfactors.It compilesinto 29 programstatements
for bothNV vertex program andARBvertex program .

The laterextension,which is supportedby ATI' s Radeon9700,
�nally enablesus to evaluatethe algorithm on this card as well.
ThepreviousEXT_vertex_shader extensiondid not allow us
to alter the point sizeon a per-vertex basis. As mostof the per-
formancegain comesfrom this last step,we couldnot really ben-
e�t from theRadeon's high performancegeometryenginewith the
old extension. Unfortunately, both anti-aliasedpoint imagequal-
ity andexecutionspeedis clearlybelow our expectationswith the
currentdrivers (seeSect.9 for a comparison).Note that at least
thesetupis still muchslower on NVidia cardsaswell comparedto
NV vertex program .

ATI' s DirectX drivers are more mature than their OpenGL
drivers,thuswe investigatedwhetherthis API would beanoption.
However, theso-called�e xible vertex formatof DirectX up to ver-
sion8 only supportsverticesspeci�edas�oats. As wedonotwant
to storethe points' verticesin this format due to its memoryre-
quirements,wewouldhaveto convert themonthe�y , whichwould
make theuseof vertex buffersextremelyexpensive asthey would
have to beconvertedby theCPU.

With the availability of vertex shaderswe can now usevertex
arraysto sendalargepartof thehierarchy to thegraphicshardware.
Whensortingis enabled,index arrayshave to beusedto selectthe
pointsin thecorrectorder. Thesecallsarehighly optimized,andthe
CPUcanalreadycontinueto selectthenext clusterto berendered
in parallelto therasterizationprocess.As pointedout in Sect.5 we
haveto takecarethatweonlysenddown thatpartof thehierarchy in
onepiecethatis relatedto thesamebasecentroidfor thecalculation
of therelativecoordinates.

8 Alternative Rendering Appr oaches
For comparison,severalothertechniqueshave beendevelopedand
integratedinto the renderingframework. The different rendering
backendscanbeselectedduringruntimeatalmostnocost.

As hierarchy traversalandcoordinatetransformationseemto be
thelimiting factorsfor thevisualizationof scattereddata,asoftware
rasterizeris a valid option to beconsidered.Most pointsof a low
hierarchy level projectto averysmallareaonthescreen,sotheras-
terizershouldbeoptimizedfor singlepixel points.This implemen-
tationcanalsofunctionasareferencefor theOpenGLbasedrender
backends,as it draws the points to a �oating point frame buffer.

With this featurewe reducethechanceof missingcontributionsof
very smallor dim points.However, theCPUis completelyrespon-
sible for vertex transformationandrasterization,thusthis solution
is mostlikely to betheleastef�cient of thepresentedmethods,and
new graphicshardwarelike theRadeon9700or theGeForceFX is
ableto renderinto �oating point framebuffersaswell.

In contrastto regularPCworkstationsusedby typicalendusers,
virtual reality environmentsarestill oftenbasedon Silicon Graph-
ics systems.As the In�niteReality hardwaredoesnot have a pro-
grammablegraphicspipe, we additionally implementeda regular
billboard renderer. Using billboardsis lessef�cient comparedto
OpenGLanti-aliasedpointsor pointsprites,asfour verticeshaveto
becalculatedandsentdown thepipelinefor asingledatapoint.

Note that renderingpoints without vertex programsis not an
option, aswith the regular OpenGLpipelineonecanonly set the
currentpoint sizeoutsideanglBegin() / glEnd() pair, which
reducestheoverall speedconsiderablydueto thestatechanges.

9 Results and Discussion
Theimages8, 9, and17 show visualizationsof n-bodysimulations
carriedout by theVirgo SupercomputingConsortium.All images
show redshift z = 0 for the t CDM model. The velocitiesof the
galaxiesrelative to thesimulatedbasecubehavebeencolorcoded.

In images11 to 13 onecanseedifferent levels of the dataset.
Note that level 3 would usuallynot beusedfor rendering,but it is
a potentiallevel for decidingon the renderingdepth,asshown in
Fig. 4. Figures18 to 20 show otherdatasetsandrenderingmodes.
Pleasenotethattheclearlyvisible aliasingin Fig. 18 is inherentto
theaccordingdatasetandnotanartefactof thepresentedrendering
technique.In mostareasthedatasetcontainsanalmostregulargrid
andthesplatsareusedfor visualizingthegrid structureandnot for
approximatingany underlyingfunction.

Despitethe speedof modernprocessors,the OpenGLacceler-
atedversionis still superiorto the softwareapproach,which em-
ployed a very cruderasterizerin our implementationthat renders
large points in poor quality only. One major drawback of the
software-basedsystemis thatthe�oating point framebuffer hasto
besentdown theAGPbusto thegraphicscard,thoughwith latest
AGP8x graphicshardwareandcurrentdriversthisonly imposesan
upperlimit of 40 fps for a 10002 viewport, not including the time
for clearingandrenderingthesoftwarebuffer. However, software
basedrenderingstill seemsto be one of the slowest approaches.
Usinga 24 bit framebuffer couldacceleratethis process,but then
we loosethemajoradvantageof thesoftwaresolution.
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Level # Points Av. pt. size Software Billboards Vertexprogs V.p.a.dn = 1 V.p.a. V.p.a.adapt.dn = 1 V.p.a.adapt. ATI V.p.a.†

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 1.5 48 30 8.8 10 3.7 3.7 10 12
2 24K 2.9 26 7.6 2.6 2.7 1.8 1.8 2.7 2.6

† ARB_vertex_program with vertex arrays,evaluatedonATI' s Radeon9700,WindowsXP, dn = 2
V.p.a. Vertex programwith arrayrendering

Table1: Renderingtimesin msfor differentrenderingtechniquesandlevelsfor a5002 viewport,dn = 2 exceptwherenoted.

Level # Points Soft� dn = 1 Soft† dn = 1 Soft† Soft‡ V.p.a.� dn = 1 V.p.a.† dn = 1 V.p.a.† V.p.a.‡ V.p.a.adapt.‡ dn = 1 V.p.a.adapt.‡

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

Soft Softwarerendering
V.p.a. Vertex programwith arrayrendering

� quicksort
† bucketsort,# of buckets= max(16� # of pointspercluster;1024)
‡ bucketsort,# of buckets= max(# of pointspercluster;128)

Table2: Renderingtimesin msfor renderingsortedpointswith correctblendingfor a5002 viewport,dn = 2 exceptwherenoted.

Viewport Renderingtime Level 1 Level 2 Level 3 Level 4 Level 5 Level 6

1602 9.5 0 4K 51K 1.7K 0 0
4002 75 0 2 53K 348K 224K 23K
7002 348 0 0 418 343K 1.4M 1.8M
10002 769 0 0 0 82K 1.9M 6.2M

Table3: Numberof renderedpointsperlevel andrenderingtimesin msfor adaptive renderingvs.viewport size,dn = 1.

Figure11: VIRGO at level 3.
(123,000clusters= 0.74%)
Renderedat270fps.

Figure12: Level 4.
(671,000clusters= 4%)
Renderedat59 fps.

Figure13: Level 5.
(3.3million clusters= 19.7%)
Renderedat12 fps.

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

Table1 lists someperformancemeasurementsfor the different
algorithmsandlevelsfor dn = 2, exceptwherenoted,togetherwith
thenumberof points,andtheaverageprojectedsize. It canbeno-
ticedthatusingbillboardsis ratherslow, astheCPUhasadditional
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 GeForceFX 5800Ultra graph-
ics pipeon a Linux system,exceptwherenoted.TheWindows XP
driversshowed similar but slightly lower performance�gures for
theGeForce.TheLinux driversfor theRadeoncurrentlydon't have
supportfor theusedchipset.Pleasenotethatthehigh performance
memorysetuphasa muchlarger impacton thesoftwarerasterizer
thanon thevertex arrayrenderer.

The adaptive algorithmshown in the tableusesa simpleadap-
tive schemewith vertex programsandvertex arrays,selectingthe
clustersthat should be traversedon the CPU by the maximum
screenprojectionsize of the clusterchildren and the given max-
imum traversaldepth. If the projectedsizeexceeds2 pixels, the
clusteris traversedfurther, otherwiseits childrenare renderedto
screenfor dn = 1, for dn = 2 the samecriterion is appliedto its

grandchildren.Using thesesettings,thereis almostno visual dif-
ferencebetweenthedatasetrenderedin full resolutioncomparedto
theadaptive rendering.With dn = 1 we geta �ner hierarchy selec-
tion, but we alsoreducetheaveragearraysizethatcanbeusedfor
rendering,which explainstheperformancelossin thelower levels.
Thedifferenceimagein Fig.10showsquitesomechangesin thevi-
sualization,however, they havethesamequalityasadditionalnoise
anddo not disturbthevisualappearance.Most of thescreenspace
differencecomesfrom pointsthathappento berenderedonepixel
off to theiroriginalpositions.While thehumanvisualsystemis not
ableto noticethesedifferences,they have a ratherlarge impacton
differenceimages.We alsonoticedthat thequantizationand�oat-
ing pointroundoff errorsintroducedby usinggraphicshardwarefor
rendering(Fig. 14)arelargerthantheonescreatedby adaptiveren-
dering. Thecontrastof bothdifferenceimageshasbeenenhanced
by 400percentin orderto show theirpropertiesmoreclearly.

Table2 listssometimesfor combinationsof differentsortingand
renderingtechniques.Pleasenotethattheqsortbasedsortingalgo-
rithm will slow down signi�cantly for large clustersizes,as it is
O(nlogn) comparedto O(n) for thebucketsort.Thetwo bucketsort
variantsusedifferentbucketsizes,tradingspeedfor quality. Theal-
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x y z w

posoffset - - - -coordquant.offset
basepos rel. basecoords coordsscale
scale point spritescale - alphascale sizescale
posin rel. point coords point size

void main (in float4 posin : POSITION,
in float4 colin : COLOR0,
out float4 posout : POSITION,
out float4 colout : COLOR0,
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;
/* modelview transformation+ projection */
homeye = mul (model, vec);
posout = mul (proj, homeye);
eye = homeye / homeye.w;
/* effectivepoint sizecalculation*/
tmp = posin.w * basepos.w * scale.w

* rsqrt (atten * dot (eye.xyz, eye.xyz));
/* clampingminimumpoint sizeto 1 */
sizeout.x = scale.x * max (tmp, 1.0);
/* alphacalculationandattenuationfor point sizes< 1 */
tmp = min (tmp, 1.0);
colout = colin;
tmp = colin.w * scale.z * tmp * tmp;
/* clampingminimumalphavalueto keepextremelysmallpointsvisible*/
colout.w = max (tmp, 4.0/256);

g

Figure15: Thevertex programwritten in Cg.

gorithmusinglargerbucketshasalmostthesamevisualappearance
astheqsortalgorithm,but exhibits some�ick eringduringrotation
oncritical datasetscontaininglargeandalmostoverlappingpoints.

The clusterselectionschemehasaboutthe sameperformance
impacton the renderingsystemasthe �e xible renderingbackend
(lessthan2 percenteach),which allows usto switchtherendering
techniqueonthe�y . Pleasenotethatfor largeviewportslike10002

the effect of adaptive hierarchy traversalis not noticeablefor low
maximumtraversaldepths,asall clustersaretraverseddueto their
largeprojectedsize.

Thingschangewhenwe reducetheviewport size. Table3 lists
renderingtimesandthe numberof renderedpointsin the levels 1
to 6 for thisschemewith nomaximumtraversaldepth.Wegetearly
view frustumculling at almostno cost for the adaptive rendering
algorithm,asthis canbe incorporatedin the point projectionsize
calculationprocess.However, all tablesshow renderingtimesand
pointnumbersfor viewing thefull dataset.

Figure16 shows a closeup region, renderedintentionallywith
a very high projectionsizeerrorof 14 in orderto reveal thediffer-
ences.Thenext two imagesshow thesameregion renderedwith-
outadaptionwith approximatelythesamenumberof pointsandall
points,respectively. Note that theprojectedscreensizeis only an
approximationfor themaximumscreenspaceerror, asthecentroid
sizethat usedfor evaluatingthe screenspaceerror is not directly
coupledwith themaximumdistributionwidth of thechildrenwhich
in�uencestheerroraswell.

For more imagesand somerealtimeanimationspleasetake a
look atourwebsite:
http://www.vis.uni-stuttgart.de/pointclouds/

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

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

10 Conc lusion and Future Work

In this paperwe presenteda techniquefor acceleratingthe visu-
alization of scatteredpoint datacomparedto rendering�at point
arrays. We employed principal componentanalysisfor creatinga
hierarchy of point clusters,storedwith quantizedrelative coordi-
natesin adatastructurethatseparatesclusterfrom pointdata.With
thisdatarepresentationvisualizationqualitycanbetradedfor speed
with an adaptive renderingalgorithm. The renderingprocessit-
selfwasacceleratedusingvertex programsonmodernPCgraphics
hardware.Finally, we arenow ableto visualizedatasetswith tens
of millions of pointsinteractively onstandardworkstations.

Oneof themostpromising— but alsomostchallenging— ex-
tensionsto the algorithm is the handlingof time dependentdata.
Therenderingprocesscanbeleft almostunchanged,but it is atopic
of ongoingresearchhow theclusteringstepcanbeimproved.It will
have to handlecluster transitionsof single particlesin a smooth
way, suchthatpoppingartifactswill notoccur.

Thecurrentimplementationof theclusteringalgorithmsrequires
all points as �oating point datain memory, but they can be per-
formedon someother, remotesupercomputer. Out-of-corecluster-
ing algorithmsexist, andwe want to investigatehow they canbe
appliedto our case. Additionally, therearesomeissueswith the
overestimationof the radiant�ux during renderingwith cumula-
tive blendingin areasof high saturation.Thesystemshoulddetect
theseareasandreducethebrightnessof thegeneratedclustersac-
cordingly. Alternatively, high dynamicrangerenderingto �oating
point framebufferscouldbeused.
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Figure18: Visualizationof a shockfront,
simulatedwith SPH(1 million points).

Figure 19: SPH and dark mattergalaxy
formationsimulationrenderedwith sorted
anti-aliasedpoints(540,000points).

Figure20: ReversibleApollonianpacking
renderedwith sortedpoint sprites.

An openquestionis how to handlemultivariatedataandhow to
changethe visualizeddataduring runtime. Storing several color
valuesperpointstructureis onepossibility, but this increasesmem-
ory usageagain. Colorquantizationandtablelookupin therender-
ing stepcouldhelpwith regardto thisaspect.

Therearestill someissueswith the renderingof sortedpoints
with respectto overlappingpoints in adjacentclusters.Addition-
ally, theremight be a chanceto implementbucket sortingby ren-
deringto off-screentextureswith thenext generationgraphicshard-
ware,andradixsortingcouldbeaninterestingalternativeaswell.
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MUELLER, K., M ÖLLER, T., AND CRAWFIS, R. 1999.Splattingwithout theBlur. In
Proc.Visualization'99, IEEE,363–370.

NADEAU, D. R., GENETTI , J. D., NAPEAR, S., PAILTHORPE, B., EMMART, C.,
WESSELAK , E., AND DAVIDSON, D. 2000.VisualizingStarsandEmissionNeb-
ulas.In Proc.EUROGRAPHICS'00, EurographicsAssociation.

PARK , S., BAJAJ, C., AND SIDDAVANAHALLI , V. 2002. CaseStudy: Interactive
Renderingof Adaptive Mesh Re�nementData. In Proc. Visualization02, IEEE
ComputerSocietyPress,IEEEComputerSociety, 521–524.

PAULY, M., GROSS, M., AND KOBBELT, L. 2002.Ef�cient Simpli�cation of Point-
SampledSurfaces.In Proc.Visualization'02, IEEE,163–170.

PFISTER, H., ZWICKER, M., VAN BAAR, J., AND GROSS, M. 2000.Surfels:Surface
ElementsasRenderingPrimitives.In Proc.SIGGRAPH'00, ACM, 335–342.

PUGH, W. 1990.Skip Lists: A ProbabilisticAlternative to BalancedTrees.Commu-
nicationsof theACM (June).

RAU, R., AND STRASSER, W. 1995.Direct VolumeRenderingof IrregularSamples.
In Visualizationin Scienti�c Computing'95, R. Scateni,Ed.,72–80.

REZK-SALAMA , C., ENGEL , K., BAUER, M., GREINER, G., AND ERTL , T. 2000.
Interactive VolumeRenderingon StandardPC GraphicsHardwareUsing Multi-
TexturesandMulti-Stage-Rasterization.In EG/SIGGRAPHWorkshoponGraphics
Hardware '00, ACM, 109–118,147.

RUSINKIEWICZ, S., AND LEVOY, M. 2000.QSplat:A MultiresolutionPointRender-
ing Systemfor LargeMeshes.In Proc.SIGGRAPH'00, ACM, 343–352.
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