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Abstract

Visualizing large uncorrelatedpoint datasetswith
regularvolumerenderingproducesunsatisfyingre-
sults due to low spatial resolution. For time-
dependentdata available main memory can be a
limiting factoraswell. In order to dealwith these
large time-varying datasetswe createa hierarchi-
cal representationandstorequantizedrelative coor-
dinates. During renderingthe compresseddata is
accessedout-of-core,andparticlepositionsare in-
terpolatedusingB-splines.By traversingthehierar-
chicalstructurefor eachframewecantrade-off ren-
deringspeedvs.imagequality, achieving interactive
ratesfor datasetswith millions of points.

Keywords: Volume Rendering, ScatteredData,
Splatting, Hierarchical Visualization, Time-
dependentData,Out-of-coreTechniques

Figure1: Moleculardynamicssimulationwith one
million particlespertimestep.

Quitea numberof physicalsimulationscreatelarge
point-baseddata sets, for example moleculardy-
namics(Fig. 1), n-bodysimulationsin astrophysics
(Fig. 2), and smoothedparticle hydrodynamics
(SPH) (Fig. 17). Other sourcesof scatteredpoint
dataareastronomicalobservationswherenew tech-
niquesfor measuringthreedimensionalpositionsof
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Figure2: n-bodysimulationwith 134million parti-
cles.

starsas in the GAIA projectwill createhugereal-
world datasetsin thenearfutureaswell. Thesedata
setscontainup to hundredsof millions of points,
eachwith informationaboutpositionxi , diametersi ,
andintensityci at variouswavelengths.We cannot
visualizethesedatasetsinteractively by simply ren-
deringmillions of coloredpointsfor eachframe.
Most simulationscreatetime-dependentdatasets,
which complicatesthe problem even more. The
muchhighermemoryrequirementscomparedto the
steadystaterequirethe datato be accessedout-of-
core,andinterpolationof particlepositionsis nec-
essaryto providevisualcluesfor thescientistby re-
latingparticlepositionsof differenttimesteps.
Therefore, in many visualization applications a
scalardensitycorrespondingto the point distribu-
tion is resampledonaregulargrid for directvolume
rendering.However, this techniqueimposesa low-
pass�lter on thedataset,andmany �ne detailsare
usually lost for voxel resolutionswhich still allow
interactive visualizationon standardworkstations.
For time-dependentdatasetsthingsgetevenworse,
ascompletevolumedatasetshaveto bedownloaded
to the graphicshardwarefor eachtime step. Since
nosurfacegeometryis associatedwith ourdatasets,
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RelatedWork

Therehasbeenquite a lot of work in the areaof using
footprintsasrenderingprimitivesfor sampleddata— for
a more thoroughoverview pleasereadour previous pa-
per[4].
Researcherslike Mueller et al. [8], Swan et al. [13], and
Zwicker et al. [14] focusmainly on the improvementof
the visual quality of texturesplatting;however, the tech-
niquesdescribedin thesepapersonly apply to therecon-
structionof continuousfunctions,e.g.for volumerender-
ing of regulargrid data,andthey do not addressadaptive
renderingor datasizereduction.
Using pointsas renderingprimitives is a topic of ongo-
ing research.However, almostall publicationsin thisarea
dealwith the renderingof geometricsurfaces,ascanbe
seenin [9] andtheotherarticlesof this CG&A issue.As
the intrinsic modelof pointsdescribinga surfaceis fun-
damentallydifferentto themodelusedfor scattereddata,
their clusteringtechniquescannotbeappliedin ourcase.
Somesystemslike QSplat[10] usequantizedrelative co-
ordinatesfor storingthepointsin ahierarchicaldatastruc-
ture, but theseapproacheswere not optimized for fast
GPU access,becausethe datastructureshadto be inter-
pretedby theCPU.Additionally, thepresentedrendering
techniqueshave beendesignedto createsmoothsurfaces
without holes and they allow no or only few layers of
transparency. Again, thisdoesnotmeetour requirements.
MeredithandMa [7] introducedmultiresolutionsplatting
for renderingirregular volume data. Most of the tech-
niquesthey developeddealwith the handlingof the un-
structureddata,but the adaptive renderingbasedon oc-
treescouldbe the basisfor an extendedalgorithmwork-
ing with grid-lessdataaswell. Jangetal. [5] introduceda
multiresolutionsplattingapproachfor non-uniformdata.
However, in their solutionthe lower hierarchy levels are
always storedin uniform grids, and they cannotrender
morethanapproximately135,000splatspersecond.This
techniqueseemsto bemoreappropriatefor almost�at and
regulardata.
A lot of techniquesdealwith time-dependentgrid-based
data and how to use compressionfor compactstorage
andfastdecompressionfor interactive rendering[3]. Hi-
erarchicalapproachesare also usedfor renderingtime-
dependentuniform data[12]. With this technique,only
asingleoctreenodehasto �t to mainmemoryduringren-
deringin contrastto thecompletedataset.
Out-of-coretechniquesareneededfor renderingdatasets
that do not �t into main memory. Most approachesdeal
with thevisualizationof extremelylargesteadydatasets,
e.g. [1]. However, in our approachwe keepthe datafor
asingletimestepin mainmemoryandaccessout-of-core
dataonly while advancingto thenext timeslice.
As PCA is a standardtechnique,we only presenta short
summaryof thePCA-splitalgorithm,moredetailscanbe
found e.g. in [6]. More informationaboutinterpolation
usingcubicsplinescanbefoundfor examplein [2]. Our

systemusesLempel-Ziv for compression,astandardtech-
niquethatis coverede.g.by [11].
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therecentlyintroducedpoint-basedrenderingalgo-
rithmscannotbeappliedwithoutadaptionaswell.
In order to allow scientiststo view thesedatasets
at high resolution interactively on desktopwork-
stationsor PCs,we want to visualizethe scattered
datadirectly without resamplingthemto a volume
density. We proposeto acceleratethe visualization
of scatteredpoint databy a hierarchicaldatastruc-
turebasedonaprincipalcomponentanalysis(PCA)
clusteringprocedure. By traversing this structure
for each frame we can trade-off renderingspeed
vs. image quality, and lower hierarchy levels can
be usedduring interaction. Our schemealso al-
lows interpolatingthe given point positionsusing
cubic splines,andit reducesmemoryconsumption
by usingquantizedrelativecoordinatesandLempel-
Ziv compressionof delta encodedcontrol points.
Additionally, it supportsfastapproximative sorting
of semi-transparentclusters. We demonstratethat
wecannow visualizetime-dependentdatasetswith
millionsof pointsinteractively with sub-pixel screen
spaceerror on currentPC graphicshardware em-
ploying advancedvertex shaderfunctionality.

1 Creating the Hierar chy

In orderto createonelevel of thehierarchy theinput
datapointshave to besortedinto bins.For eachbin
a point on thenext lower hierarchy level is created,
representingall points that fell into that bin. The
propertiesof thenewly createdpoint arechosenso
thatits visualrepresentationmatchesthatof thesub-
stitutedpointsbest.To obtainthesetof binsseveral
clusteringschemescanbeused.Themostcommon
solutionis to subdivide thedatasetinto anoctree.
Anotherapproachthathasmuchbetterspatialadap-
tationpropertiesis to performaseriesof PCAsplits,
eachdividing the clusterwith the currentlyhighest
distortionasde�ned below into two halves.
In the following I j denotesthesetof indicesof the
points of cluster j. That is, cluster j consistsof
all pointsxi , i 2 I j with diameterssi , andit hasthe
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 :

Theseequationsonly depictthe steadystate— for
time-varying datasetswith T time steps,xi 2 R3T

representsthe positionof a singlepoint in all time
stepssimultaneously. Of course,thePCA split has
to be implementedfor higherdimensionalmatrices
in thiscase.

The PCA Split Algorithm

Principalcomponentanalysiscanbeusedto �nd a split-
ting plane for a set of points, that divides the set into
two clusters,so that the distortionof the individual sets
getsminimal. Basically, this planeis perpendicularto the
Eigenvectorcorrespondingto the smallestEigenvalueof
theinertial tensor. After somesimpli�cations, you �nally
getthePCAsplit algorithm:

� 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

Splitting Plane

For additionalinformationaboutPCA pleasehave a look
at therelatedwork section.

This splitting processis continueduntil the maxi-
mum distortionor the averageclustersizefalls be-
low pre-de�nedminima. After thevisualproperties
of the new pointshave beenobtained,thesepoints
undergoanotherseriesof PCA-splitsin orderto cre-
atethenext hierarchy level.
For creatingavisuallyapproximativerepresentation
of theclusterj comparedto its childrenthemostim-
portantaspectis thattheradiant�ux F hasto bethe
same.For theirradiancec j of thenew centroidpoint
representingtheclusterwith areaA j this meansfor
eachof therepresentative wave lengths

F j = A j � c j =
p
4

s2
j c j =

p
4 å

i2 I j

s2
i ci :

Theclusterrepresentative shouldbe larger thanthe
largestof its childrenin orderto keepsomevisual
continuity. Additionally, smallclusterpointswould
have very high local intensities,which could�nally
saturatethecoveredpixels in theblendingstepdur-
ing rendering. Distributedclusters— that is clus-
terswith a largeaveragedistanceof theirchildrento
the centroidcomparedto the children's point sizes
— shouldhave larger representatives than locally
agglomeratedones. On the otherhand,they must
not be too large, as the humaneye is very sensi-
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tive to edges,andenlarging a point implies reduc-
ing its intensity, diminishing the visibility of the
edge. One reasonableclusterdiametercalculation
hasbeenpresentedin [4] andwe usedit for time-
dependentdataaswell.
The calculationof the clustersizeis highly depen-
denton the blendingfunction,andthe usedde�ni-
tion only holds for cumulative blending(C = c1 +
c2). For otherblendingfunctions,like theover op-
erator(C = a1c1 + (1� a1)c2), c j maybeview de-
pendent,asthetotal �ux of overlappingpointsis no
longernecessarilythe sumof the individual �ux es
of the points. With the currentapproachview de-
pendentintensitiescannotbe modeled. However,
with adaptive renderingwe will usecoarserhierar-
chy levelsonly for clustersthatareprojectedtoareas
on thescreenthataresmallor outsidesomeregion
of interest,andit is very unlikely that view depen-
dencieswill benoticedin suchsmallregions.

2 Inter polating Coordinates

In order to have a smoothvisualizationof time-
varying data,the positionsof the pointshave to be
interpolatedbetweenthe given time steps. We are
usingcubicsplinesfor theevaluationof particlepo-
sitions,whichwill helpuswith compressingthedata
aswell.
First, theequationsfor evaluatingthesplinecoef�-
cientsb j ;k aresetup andsolvedfor eachdatapoint.
For n timestepsthis processcreates3n� 2 different
coef�cients that needto be storedin orderto eval-
uatethe splinesat arbitrarytimes. Luckily, the co-
ef�cients arenot asindependentfrom eachotheras
it seems,andwe canconvert the Beziersplinesto
B-Splinesandstorethe control pointsD j = b j ;2 +
2(b j ;1 � b j ;2) instead. The spline coef�cients can
be easilyregeneratedduring rendering.Thus,only
n+ 2 controlpointshave to bestored.
During renderingthe splinesareevaluatedin order
to reveal thepositionsof theparticlesat therender-
ing timestept. For thisprocess,the4nearestcontrol
pointsareneeded.Whent crossessplinesegment
boundaries,only onecontrolpoint hasto beloaded
astheotherthreecontrolpointscanbereusedfrom
thelastsegmentby meansof a ring buffer.

3 Data Storage and Compres-
sion

Pointdatasetstendto getreally large,andthey need
high positional resolution. Memory requirements

canbe reducedto onehalf or even onequarterby
storingcoordinatesrelatively to thecentroidsof the
inspectedclustersasdepictedin Fig. 3. As thenec-
essarypositionalresolutionis much lower for en-
coding relative coordinates,they can be quantized
usingbytesor shortsinsteadof �oats. For all data
setswe analyzedbyteshave beensuf�ciently accu-
rate. For example, the VIRGO dataset shown in
Figure12 hasbeenstoredquantizedusingbytesin
a hierarchy with a level depthof 6, which resultsin
an invisible meanpositionalerror of 9:3� 10� 6 and
maximumpositionalerrorof 3:9� 10� 5 on thehigh-
est level, comparedto a typical point sizeof 1:25�
10� 3. Thispoint sizeon thehighestlevel hasanav-
erageerrorof 0:7%,whichcanbeneglectedaswell
for typical projectedpoint diametersof oneor two
pixels.

Figure3: Pointcoordinatescanbescaledandquan-
tizedrelatively to thepositionof theclustercentroid
for storage.

For time-varying datawe do not storecoordinates,
but the control points of the splines. The splines
do no longerencodeparticlepositionsdirectly, but
thedifferencevectorsof thepointsto theparentcen-
troids.As thesevectorstendto getsmallerwith each
level of thehierarchy, wecanencodethesplinecoef-
�cients with smallerquantizationfactorsfor higher
levels,andstill getahighpositionalresolution.Fig-
ure 4 shows this relation. Note that during cluster-
ing differentlevels may have differenttime resolu-
tionsfor thesplinecoef�cients dueto memorycon-
straints. Especiallyrepresentativeson lower levels
exhibit only small changesin their movementover
time,which canbeencodedwith a lower time reso-
lution. Thecontrolpointsin betweencanbecalcu-
latedduringrenderingusingsubdivision.
Particlesin time-dependentdatasetsusuallyshow
high positional coherencewith respect to their
neighbors. In order to exploit this regularity, we
arenot encodingthe relative vectorsthemselvesby
splines,but their differencesto the previous time
step. Ideally, for smoothparticle �o ws this delta
coding would createa sequenceof zeros on the
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Level 1 Level 2 Level 3

Level 2

time

Figure4: For time-varying datasplinecoef�cients
are encodedinsteadof particle positions. Encod-
ing points in the hierarchy relative to their parent
centroidscreatessmallerextensiontubesfor higher
levels. Thuswe canquantizethesplinecoef�cients
with a few bits only, andstill get a high positional
resolution.Additionally, all controlpointsaredelta
encodedin time.

higher levels, with only few exceptions. This se-
quencecanbefurthercompressedusingLempel-Ziv
with Huffman coding. This combinationof tech-
niqueshasbeenchosenbecauseof its high decom-
pressionspeed. The compressionratio, of course,
dependsverymuchonthedataproperties.Datasets
like the diesel injection in Figure 17 that contain
only very small particlemovementsdueto compu-
tational noise in large partsof the volume can be
compressedto lessthan15% of the sizeof the un-
compressedquantizeddata.Deltacodingprovedto
bethemostef�cient partof thecompressionsystem
here.

Using hierarchicalstructuresimposeshighermem-
ory requirementsthanstoringthe samedatain �at
arrays. Memory bandwidthis limited, andtravers-
ing the hierarchy for renderingaddsoverheadfor
recursive function calls and pointer dereferencing.
Additionally, with currentgraphicsAPIs thereis no
meansto handthis processover to theGPU.There-
fore, we decoupledthe hierarchy structures(clus-
ters)from datastructures(points).Eachclustercon-
tainsa pointerto thenext hierarchy level, a pointer
to offspringpoint data,andthenumberof children.
Thepointdataitself only containsthesplinecontrol
pointsfor coordinatesandsize,andcolor values,as
depictedin Fig. 5. In principle one would like to
storeraw datavaluesanduseruntimeclassi�cation
for point sizeandcolor selection,but theclusterhi-
erarchy itself andespeciallythepre-processedclus-
ter representativeshighly dependon point sizesand

colors.
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Figure5: Thelastthreelevelsof a typicaldatahier-
archy. The point datacorrelatedto the clustercen-
troids is not embeddedin the clustersbut storedin
point structuresparallel to the clusters. The green
clustersshow that all data structuresthat are re-
lated to their offspringsare packed tightly, which
improvescachecoherenceandenablesus to render
all pointsof asingleclusterin a tight loop.

Finally, theencodedsplinecontrolpointsarestored
into a �le togetherwith hierarchy informationand
index pointersfor fastout-of-coreaccessduringthe
renderingprocess.

4 Hierar chy Traversal

During renderingthe hierarchy is traversedrecur-
sively. For eachclusterthe systemmay decideto
descendfurtherdown into thehierarchy, renderthe
centroidat the currentlevel, or skip the clusteral-
togetherwhenit is not visible. Thedecisioncanbe
baseduponsomemaximumscreenerrormetrics,the
distanceto theviewer, or somegivenregionof inter-
est. Theserulesshouldbe computationallycheap.
As a rule of thumb, evaluatingthe rule shouldbe
cheaperthan interpolating,transforming,and ren-
deringonepointof thecluster.
For more complex rules and for acceleratingthe
traversalprocess,thesystemmayalreadydecideon
a lower level n, that it will renderall offspringsof
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level n+ dn (seeFig. 6). Thenthe childrendo not
have to be traversed. Even for simple adaptivity
rules this hasa strongeffect on renderingperfor-
mance.However, dn > 1 complicatestheinterpola-
tion process,asseveral levels of splinecoef�cients
have to be evaluated.For time-dependentdatasets
thecomplex interpolationeasilyannihilatesany ad-
vantagesin thesecases.
As describedin Sect.3, thepointdataof all children
is storedsequentiallyin the �le, thus they can be
read,decompressed,interpolated,and renderedin
tight loops. Interpolationandrenderingcouldeven
bedoneby asingleOpenGLarrayrenderingcall us-
ing advancedvertex shaderfunctionality. SeeFig. 7
for apseudocodefragment.

5 Sorting

For many of the investigated data types cumula-
tive blendingis aneffective way of visualizingboth
globalandlocalstructuresin thedatasets.However,
with otherdatasets,for instancereversibleApollo-
nianpackings(Fig. 19), theover operatoris neces-
saryto visualizethevisualdepth.Non-commutative
blending operatorsrequire the data points to be
sortedaccordingto view distance.Theimplemented
hierarchy canbe usedto ef�ciently sort the cluster

Level 2 3 4 5 6

�����

Tree traversal Rendering

Figure6: During traversal,the �nal renderinglevel
shouldbeselectedatsomelower level of thehierar-
chy for speedupreasons(dn = 1 in thiscase).

void render cluster (cluster t *c,
time t t, int level) f

if (cluster visible (c)) f // trivial reject
if (spline segment changed (level, t)) f

// shift ring buffer of splinecontrol points
shift (c, c! len)
// loadout-of-core data
read (c, c! len, level, t)
// lz decompression+ deltacoding
decompress (c, c! len)

g
interpolate (c, c! len, t) // splineevaluation
if (descend cluster (c)) f

cluster_t *cn = c! children
for i = 0...c ! len // recursion

render cluster (&cn[i], t, level+1)
g else f

render points (c ! pts, c! len) // renderdn = 1
g g g

Figure 7: Pseudocodefor hierarchicalrendering.
Clusterandpoint dataarecombinedhereinto a sin-
glestructurefor clarity.

d2d1

c1 c2

Figure 8: Distancesorting accordingto d1, d2 is
equivalentto BSPsortingfor c1 = c2. Notethatthe
sortingorderof d1, d2 changesexactly at thesame
time thevisibility orderof thetwo cellschanges.

centroidsusingquicksortor bucketsort.Thecluster
pointsthemselveshaveto besortedbeforerendering
aswell. Bucketsortonly createsan approximative
sortingorder, but hasthe advantageof lower com-
putationalcomplexity (O(n) vs. O(nlogn)) and its
implementationis muchsimplerandthusfaster. The
renderedimagesarealmostindistinguishablewhen
usinga relatively largenumberof buckets.
Sortingtheclustercentroidsis equivalentto thetyp-
ical BSP-treesorting,aslongasthedistancesof any
two neighboringcentroidsto theircommonsplitting
planeareequal(Fig. 8). The octreeclusteringap-
proachhasthis property, however, its spatialadap-
tion to the local point densityis much worsethan
theproposedPCA-splitapproach.Still, we have no
choicebut to useoctreesif we really careaboutthe
correctsortingorder.
With time-dependentdatasets,thingsbecomeeven
worse. Clustersdo no longer subdivide the space
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t = 0 t = 1

Figure 9: Points that are nearbyin one time step
maybesplit apartin thefuture,andmaythusbelong
to differentclusters. Theseclustersoverlap in the
formertimestepandcannotbesortedcorrectly.

1t

2t
3t

0t
1t

2t

0t

3t

Figure10: Evenpointsof non-overlappingclusters
cancrossclusterboundariesbetweentimestepsdue
to interpolation.

into cells in 3D, asthey may even overlap, if their
children are groupedtightly togetherin one time
step,andsplit apartin another. Figure9 depictsan
example.Evenif we have a decentlybehaving data
set that doesnot show this property, we can have
particlescrossingclusterboundariesdue to spline
interpolation,asshown in Fig. 10. So far, theseis-
suesareunresolved.

Evenwith correctlysortedclusters,thereis achance
thatoverlappingpointsarerenderedin thewrongor-
der, asit canbeseenin Fig. 11. For many datasets
the pointscanbe thoughtto be in�nitely small, in
that casethe points are renderedcorrectly. Other
datasetsare more sensitive to their sorting order,
andrequirelargeraverageclustersizesby combin-
ing several octreelevels to a single level or using
large PCA cluster sizes. This helps reducingthe
chanceof sorting errors,as the points of a single
clusterarealwaysrenderedin thecorrectorder, ex-
ceptfor overlappingclusters.For thestaticcasein
order to sort the cells producedby the PCA-splits,
additionalconnectivity andsplitting planeinforma-
tion is neededfor MPVO or equivalentalgorithms.
This implies a hugeadditionalmemoryoverhead,
and it will not help with overlappingclustersand
pointsthatdropoutof their clusterboundaries.

2nd

1st

BSP order

correct order

Figure11: Back-to-frontdistancesortingaccording
to BSPfails for non-splitoverlappingpoints.In this
exampletheright clusteris renderedbeforethe left
onedueto BSPorder.

6 Rendering

Sinceusing only one vertex per primitive can ac-
celeratetherenderingprocesssigni�cantly, we will
usuallyapproximatethesplatsusingOpenGLanti-
aliasedpoints. Other footprints can be used by
renderingpoint spriteswithout additionalcost(see
Fig. 19),but they areonly availableonNVidia hard-
wareright now. On ATI' s Radeonseries,fragment
programscan be usedin order to emulatesprites,
though.For renderinglargequantitiesof pointsthe
generallyfastestapproachis to usevertex coordi-
natesandattributesthat aregiven by vertex arrays
or display lists. As we createthe vertex positions
on the �y from out-of-coredata,we cannotstore
themin GPUmemory. Still, it is muchfasterto �ll
renderbuffer cacheswith the calculatedvertex po-
sitions and renderthesebuffers in one go, instead
of sendingeachandevery vertex with anindividual
operationto thegraphicshardware.
When a point projectsto an areawith diameters̃
smallerthana singlepixel on thescreen,its bright-
nesshasto beattenuated.Thenew alphavalueis

ã = a � s̃2 ; (1)

assumingthat point color is multiplied with alpha
during blending. Note that attenuationincreases
quantizationartifactsdueto thelimited framebuffer
depth. Therefore,adaptive renderingcaneven im-
provetheimagequalityby choosinglower levelsfor
partsof theclusterthattendto projectto very small
screenareas.
For drawing points with varying sizeswe can use
vertex programson programmablegraphicshard-
ware. Besideschangingthepoint sizeon a perver-
tex level, the vertex shaderis responsiblefor cor-
rectalphaattenuationasindicatedin Eq.1. Now we
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Figure 12: Someframesof an animatedview of one of the VIRGO n-body simulationsconsistingof
10 timestepswith 16.8million pointseach.

canusevertex arraysfor accumulatingtheevaluated
point positionsinto a renderbuffer cacheto senda
largepartof thehierarchy to thegraphicshardware.
Thesecalls arehighly optimized,andthe CPU can
alreadycontinueto selectthenext clusterto beren-
deredin parallelto therasterizationprocess.
Currently, therenderingprocessis dominatedby the
evaluationof thecubicsplinesfor �nding thecurrent
pointpositions.As longasthepointsdonotneedto
be sorted,this could be handedover to the vertex
programaswell by sendingthecontrolpointsto the
GPU.
For comparison,severalothertechniqueshave been
developedandintegratedinto the renderingframe-
work. The differentrenderingbackendscanbe se-
lectedduringruntimeat almostno cost.We wantto
beableto usethesystemin virtual reality environ-
mentsaswell, whicharestill oftenbasedonSilicon
Graphicssystems,in contrastto regularPCworksta-
tionsusedby typical endusers.As theIn�niteReal-
ity hardwaredoesnot have a programmablegraph-
icspipe,weadditionallyimplementedaregularbill-
board renderer. Using billboards is less ef�cient
comparedto OpenGL anti-aliasedpoints or point
sprites,as four verticeshave to be calculatedand
sentdown thepipelinefor asingledatapoint.

7 Resultsand Discussion

The imagesin Figs.2 and12 to 15 show visualiza-
tionsof n-bodysimulationscarriedoutby theVirgo
SupercomputingConsortium.All imagesshow the
t CDM model.Thevelocitiesof thegalaxiesrelative
to thesimulatedbasecubehave beencolor coded.
In Figs. 13 and 14 you can seedifferent levels of
thedataset. Note that level 3 would usuallynot be
usedfor rendering,but it is a potentiallevel for de-
ciding on the renderingdepth,asshown in Fig. 6.
Figures17 to 19 show otherdatasetsandrendering
modes.Pleasenotethat the clearly visible aliasing

in Fig. 17 is inherentto the accordingdatasetand
notanartefactof thepresentedrenderingtechnique.
In mostareasthedatasetcontainsanalmostregular
grid andthesplatsareusedfor visualizingthegrid
structureandnot for approximatingany underlying
function.
Comparedto our previousapproach,which is opti-
mized for static data(seerelatedwork sectionfor
reference),therenderingof time-dependeddatasets
is muchmoreinvolvedandthusslower. We still get
up to 38% of the speedof the staticalgorithmfor
dn = 1, or approximately4:6 million pointspersec-
ond, which is quite remarkablefor the large over-
headwe get by the hierarchicalspline interpola-
tion. However, we canacceleratethe visualization
of static data by deciding the renderingdepth on
a lower level (dn > 1), which would be very com-
plex with time-dependentdata. As the main bot-
tleneck of the current systemis the spline evalu-
ation, lower level renderingdepthdecisionwould
not have a largeimpacton performance.Rendering
sortedpointsusingbucket sort reducesthe perfor-
manceto approximately2:9 million pointspersec-
ond. Loadingthecompletesetof splineparameters
for a singletime stepfrom thelocal harddisctakes
lessthan one third of a second,including decom-
pression. The systemusedfor the evaluationwas
an Pentium42800MHz with an Intel 7225chipset
with 4 GB dual channelDDR 333 memoryand a
GeForce FX 5800 Ultra graphicspipe on a Win-
dows XP system.TheLinux driversshowedsimilar
performance�gures for theGeForce,while theper-
formanceof ATI' s Radeonis still somewhatslower.
Pleasenotethat time-varyingdatasetsneedat least
four times the main memoryfor storing the spline
control points. With theseconstraints,the interac-
tive visualizationof extremely large datasetslike
theonedepictedin Fig. 2 in full resolutionis hardly
feasibleon32bit systemsfor theunsteadycase.Us-
ing partialworking setscouldimprove thesituation
here,but this comesalongwith increasedmemory
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Figure 13: VIRGO at
level 3.
(123Kclusters= 0.74%)

Figure14: Level 4.
(671Kclusters= 4%)

Figure 15: Differences
of adaptive vs. full data
rendering (contrast en-
hancedby 400%).

Figure16: A darkmatter
SPHsimulationfrom the
Texas Advanced Com-
putingCenter(262Kpts).

requirementsfor administrative data, reducingthe
overall performance.

The adaptive algorithm we are using for selecting
the best hierarchy level during renderingusesa
simpleadaptive scheme,selectingthe clustersthat
shouldbe traversedon the CPU by the maximum
screenprojectionsizeof theclusterchildrenandthe
given maximum traversal depth. If the projected
size exceeds2 pixels, the cluster is traversedfur-
ther, otherwiseits childrenare renderedto screen.
Usingthesesettings,thereis almostnovisualdiffer-
encebetweenthedatasetrenderedin full resolution
comparedto theadaptive rendering.Thedifference
imagein Fig. 15 shows quite somechangesin the
visualization,however, they have the samequality
asadditionalnoiseanddo not disturbthevisualap-
pearance.Mostof thescreenspacedifferencecomes
from pointsthathappento berenderedonepixel off
to their original positions.While the humanvisual
systemis not ableto noticethesedifferences,they
havearatherlargeimpactondifferenceimages.The
contrastof thedifferenceimagehasbeenenhanced
by 400percentin orderto show its propertiesmore
clearly.

We getearlyview frustumculling at almostno cost
for the adaptive renderingalgorithm, as this can
be incorporatedin the point projectionsize calcu-
lation process.Pleasenotethat for large viewports
like 10002 theeffect of adaptive hierarchy traversal
is notnoticeablefor low maximumtraversaldepths,
as all clustersare traverseddue to their large pro-
jectedsize.

Figures16 and20 show a dark mattern-bodyand
smoothedparticle hydrodynamicssimulation car-
ried out by the Texas AdvancedComputingCen-
ter. The middle image in Fig. 20 shows a close
up region of this data set, renderedintentionally
with a very high projectionsize error of 36 in or-

Figure20: A closeupof theTexasSPHdataset,ren-
deredat thecoarselevel 5 (12.8Kpts= 11.8%,left),
adaptively with approximatelythe samenumberof
pointsandhighpotentialprojectionerror(12.3Kpts,
middle),andwith all visiblepoints(108Kpts,right),
respectively.

der to reveal the differences. The other two im-
agesshow the sameregion renderedwithout adap-
tion with approximatelythesamenumberof points,
andwith all points,respectively. Note that thepro-
jectedscreensizeis only an approximationfor the
maximumscreenspaceerror, as the centroidsize
that usedfor evaluating the screenspaceerror is
not directly coupledwith themaximumdistribution
width of thechildren,which in�uencestheerroras
well.
For more images and some realtime animations
pleasetakea look atourwebsite:
www.vis.uni-stuttgart.de/pointclouds/

8 Conclusionand Futur eWork

In thisarticlewepresentedatechniquefor accelerat-
ing thevisualizationof time-varyingscatteredpoint
data. We employed principal componentanalysis
for creatinga hierarchy of point clusters,encoding
the time varyingpoint positionswith cubicsplines,
whicharestoredout-of-corewith quantizedrelative
coordinatesusingdeltaencodingin a datastructure
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Figure 17: Visualization of a
dieselinjectionshockfront, simu-
latedwith SPH(2.5million points
pertimestep).

Figure 18: SPH and dark mat-
ter galaxy formation simulation
renderedwith sortedanti-aliased
points(540,000points).

Figure19: ReversibleApollonian
packing of 6 million particles,
renderedwith sortedpointsprites.

thatseparatesclusterfrom pointdata.With thisdata
representationvisualizationqualitycanbetradedfor
speedwith an adaptive renderingalgorithm. The
renderingprocessitself wasacceleratedusingvertex
programsonmodernPCgraphicshardware.Finally,
we arenow ableto visualizedatasetswith millions
of moving pointsinteractively on standardworksta-
tions.
With the current implementation,a lot of work is
still doneby the CPU that could be off-loadedto
the graphicscard. For instance,the evaluationof
theparticlepositionsusingthecubicBeziersplines
couldbeperformedby theGPU,aslongascommu-
tative blendingmodesareused. Sortingthe points
for non-commutative blendingmodeshasstill sev-
eral unresolved issues,though it works astonish-
ingly well with mostdatasets.
One of the most promising — but also most
challenging— extensionsto the algorithm is the
handlingof time-varying clustering. This process
will have to handleclustertransitionsof singlepar-
ticles in a smoothway, suchthat poppingartifacts
will notoccur.
Additionally, thereare someissueswith the over-
estimationof theradiant�ux duringrenderingwith
cumulativeblendingin areasof highsaturation.The
systemshould detect theseareasand reducethe
brightnessof thegeneratedclustersaccordingly. Al-
ternatively, highdynamicrangerenderingto �oating
point framebufferscouldbeused.
An openquestionis how to handlemultivariatedata
andhow to changethe visualizeddataduring run-
time. Storingseveralcolorvaluesperpointstructure
is onepossibility, but this increasesmemoryusage
again. Color quantizationand table lookup in the
renderingstepcouldhelpwith regardto thisaspect.

Otherrenderingprimitveswith betterapproximation
propertiesarecurrentlyinvestigated.Thesewill im-
prove thevisualquality of clusterrepresentativesin
thenearfuture,allowing for largerclustersizes.
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