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Abstract

Visualizing large uncorrelatedpoint datasetswith

regular volumerenderingproducesunsatisfyingre-
sults due to low spatial resolution. For time-
dependentdata available main memory can be a
limiting factoraswell. In orderto dealwith these
large time-varying datasetswe createa hierarchi-
cal representatioandstorequantizedrelative coor

dinates. During renderingthe compressediatais

accesseaut-of-core,and particle positionsare in-

terpolatedusingB-splines.By traversingthehierar

chicalstructurefor eachframewe cantrade-of ren-
deringspeedss.imagequality, achievzing interactve

ratesfor datasetswith millions of points.

Keywords: Volume Rendering, ScatteredData,
Splatting, Hierarchical Visualization, Time-
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Figurel: Moleculardynamicssimulationwith one
million particlespertime step.

Quiteanumberof physical simulationscreatelarge
point-baseddata sets, for example molecular dy-
namics(Fig. 1), n-bodysimulationsin astroplysics
(Fig. 2), and smoothed particle hydrodynamics
(SPH) (Fig. 17). Othersourcesof scatterecpoint
dataareastronomicabbsenationswherenew tech-
niguesfor measuringhreedimensionapositionsof
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Figure2: n-bodysimulationwith 134 million parti-
cles.

starsasin the GAIA projectwill createhugereal-
world datasetsin thenearfutureaswell. Thesedata
setscontainup to hundredsof millions of points,
eachwith informationaboutpositionx;, diameters;,
andintensityc; at variouswavelengths.We cannot
visualizethesedatasetsinteractiely by simply ren-
deringmillions of coloredpointsfor eachframe.
Most simulationscreatetime-dependentiata sets,
which complicatesthe problem even more. The
muchhighermemoryrequirementgomparedo the
steadystaterequirethe datato be accesseaut-of-
core,andinterpolationof particle positionsis nec-
essanyto provide visualcluesfor the scientistby re-
lating particlepositionsof differenttime steps.
Therefore, in mary visualization applications a
scalardensity correspondingo the point distribu-
tion is resamplean aregulargrid for directvolume
rendering.However, this techniqueémposesa low-
passlter onthedataset,andmary ne detailsare
usually lost for voxel resolutionswhich still allow
interactve visualizationon standardworkstations.
For time-dependerdatasetsthingsgetevenworse,
ascompletevolumedatasetshave to bedownloaded
to the graphicshardware for eachtime step. Since
no surfacegeometryis associateavith our datasets,



Related Work

Therehasbeenquite a lot of work in the areaof using
footprintsasrenderingprimitivesfor sampleddata— for

a more thoroughoverviev pleasereadour previous pa-
per[4].

Researcherbke Mueller et al. [8], Swanetal. [13], and
Zwicker et al. [14] focus mainly on the improvementof

the visual quality of texture splatting; however, the tech-
niguesdescribedn thesepapersonly applyto therecon-
structionof continuousfunctions,e.g.for volumerender

ing of regular grid data,andthey do not addressadaptve

renderingor datasizereduction.

Using points as renderingprimitivesis a topic of ongo-
ing researchHowever, almostall publicationsin thisarea
dealwith the renderingof geometricsurfaces,ascanbe
seenin [9] andthe otherarticlesof this CG&A issue.As

the intrinsic model of pointsdescribinga surfaceis fun-

damentallydifferentto the modelusedfor scatteredlata,
their clusteringtechniquesannotbe appliedin our case.

Somesystemdik e QSplat[10] usequantizedrelative co-

ordinatedor storingthe pointsin ahierarchicablatastruc-
ture, but theseapproachesvere not optimized for fast
GPU accesspecausdhe datastructureshadto be inter

pretedby the CPU. Additionally, the presentedendering
techniqgueshave beendesignedo createsmoothsurfaces
without holes and they allow no or only few layers of

transparengc Again, this doesnot meetour requirements.

MeredithandMa [7] introducedmultiresolutionsplatting
for renderingirregular volume data. Most of the tech-
niquesthey developeddealwith the handlingof the un-
structureddata, but the adaptve renderingbasedon oc-
treescould be the basisfor an extendedalgorithmwork-
ing with grid-lessdataaswell. Jangetal. [5] introduceda
multiresolutionsplattingapproachor non-uniformdata.
However, in their solutionthe lower hierarcly levels are
always storedin uniform grids, and they cannotrender
morethanapproximatelyl 35,000splatspersecond.This
technigueseemdo bemoreappropriatdor almost at and
regulardata.

A lot of techniqueslealwith time-dependengrid-based
dataand how to use compressiorfor compactstorage
andfastdecompressiofor interactve rendering[3]. Hi-
erarchicalapproachesre also usedfor renderingtime-
dependentuniform data[12]. With this technique,only
asingleoctreenodehasto t to mainmemoryduringren-
deringin contrastio the completedataset.
Out-of-coretechniquesareneededor renderingdatasets
thatdo not t into main memory Most approachesleal
with the visualizationof extremelylarge steadydatasets,
e.g.[1]. However, in our approachwe keepthe datafor
asingletime stepin mainmemoryandacces®ut-of-core
dataonly while adwancingto the next time slice.

As PCA is a standardechniquewe only presenta short
summaryof the PCA-splitalgorithm,moredetailscanbe
founde.g.in [6]. More information aboutinterpolation
usingcubic splinescanbe found for examplein [2]. Our

systenmused.empel-Zv for compressionastandardech-
niquethatis coverede.g.by [11].
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therecentlyintroducedpoint-basedenderingalgo-
rithms cannotbe appliedwithout adaptionaswell.
In orderto allow scientiststo view thesedatasets
at high resolutioninteractvely on desktopwork-
stationsor PCs,we want to visualizethe scattered
datadirectly without resamplingthemto a volume
density We proposeto accelerateéhe visualization
of scatterecpoint databy a hierarchicaldatastruc-
turebasednaprincipalcomponentnalysigPCA)
clusteringprocedure. By traversingthis structure
for eachframe we can trade-of renderingspeed
vs. image quality, and lower hierarcly levels can
be usedduring interaction. Our schemealso al-
lows interpolatingthe given point positionsusing
cubic splines,andit reducesmemoryconsumption
by usingquantizedelative coordinatesndLempel-
Ziv compressiorof delta encodedcontrol points.
Additionally, it supportsfastapproximatve sorting
of semi-transparentlusters. We demonstratehat
we cannow visualizetime-dependendatasetswith
millions of pointsinteractively with sub-pi>el screen
spaceerror on currentPC graphicshardware em-
ploying advancedvertex shadefunctionality.

1 Creatingthe Hierarchy

In orderto createonelevel of thehierarcly theinput
datapointshave to be sortedinto bins. For eachbin
apointonthe next lower hierarcly level is created,
representingall pointsthat fell into that bin. The
propertiesof the newly createdpoint arechosenso
thatits visualrepresentatiomatcheghatof thesub-
stitutedpointsbest.To obtainthe setof binsseveral
clusteringschemeganbe used.The mostcommon
solutionis to subdvide the datasetinto anoctree.
Anotherapproactthathasmuchbetterspatialadap-
tationpropertieds to performaseriesof PCAsplits,
eachdividing the clusterwith the currently highest
distortionasde ned below into two halves.

In the following I; denoteghe setof indicesof the
points of cluster j. Thatis, clusterj consistsof
all pointsx;, i 2 Ij with diameterss, andit hasthe
weightedcentroidX j anddistortionD; with

di21;S Xi

Xj = 3
i21; S

L DA X X,
i21
Theseequationsonly depictthe steadystate— for
time-varying datasetswith T time stepsx; 2 R3"
representshe positionof a singlepointin all time
stepssimultaneously Of course the PCA split has

to beimplementedor higherdimensionamatrices
in this case.

The PCA Split Algorithm

Principalcomponentinalysiscanbe usedto nd a split-
ting planefor a setof points, that divides the set into
two clusters,so that the distortion of the individual sets
getsminimal. Basically this planeis perpendiculato the
Eigervector correspondindo the smallestEigervalue of
theinertial tensor After somesimpli cations, you nally
getthe PCA split algorithm:

Selectclusterj (pointindicesl ) with largestdistortionD;
Calculateauto-cwariancematrix from centroidX;:

A= & (i X X))T

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

Split clusterj into two new clusters:

la=fi215: X Xjenad 0g

o= fi215: i Xjienad < 0g
Calculatecentroidsanddistortionsfor thenew clusters

Splitting Plane

For additionalinformationaboutPCA pleasehave alook
attherelatedwork section.

This splitting processis continueduntil the maxi-
mum distortionor the averageclustersizefalls be-
low pre-de nedminima. After the visual properties
of the new pointshave beenobtained,thesepoints
undego anotherseriesof PCA-splitsin orderto cre-
atethenext hierarcly level.

For creatinga visually approximatve representation
of theclusterj comparedo its childrenthemostim-
portantaspecis thattheradiant ux F hasto bethe
same Fortheirradiancec; of thenew centroidpoint
representinghe clusterwith areaA; this meansfor
eachof therepresentatie wave lengths

Bsc=L 8 g

Fij=Aj Cj:4 a
121

The clusterrepresentatie shouldbe largerthanthe
largestof its childrenin orderto keepsomevisual

.continuity Additionally, smallclusterpointswould
“have very highlocalintensitieswhich could nally

saturatahe coveredpixelsin the blendingstepdur-
ing rendering. Distributed clusters— thatis clus-
terswith alargeaveragedistanceof their childrento
the centroidcomparedo the children's point sizes
— should have larger representaties than locally
agglomeratednes. On the other hand,they must
not be too large, as the humaneye is very sensi-



tive to edges,andenlaging a point implies reduc-
ing its intensity diminishing the visibility of the
edge. One reasonablelusterdiametercalculation
hasbeenpresentedn [4] andwe usedit for time-
dependentlataaswell.

The calculationof the clustersizeis highly depen-
denton the blendingfunction, andthe usedde ni-
tion only holdsfor cumulatve blending(C = ¢; +
c2). For otherblendingfunctions,like the over op-
erator(C= aici+ (1 ai)cp), ¢j maybeview de-
pendentasthetotal ux of overlappingpointsis no
longer necessarilythe sumof the individual ux es
of the points. With the currentapproachview de-
pendentintensitiescannotbe modeled. However,
with adaptve renderingwe will usecoarserierar
chy levelsonly for clusterghatareprojectedo areas
on the screerthatare small or outsidesomeregion
of interest,andit is very unlikely thatview depen-
dencieswill benoticedin suchsmallregions.

2

In order to have a smoothvisualizationof time-
varying data,the positionsof the pointshave to be
interpolatedbetweenthe given time steps. We are
usingcubicsplinesfor the evaluationof particlepo-
sitions,whichwill helpuswith compressinghedata
aswell.

First, the equationdor evaluatingthe spline coef-
cientsbj. aresetup andsolvedfor eachdatapoint.
For n timestepghis processreates3n 2 different
coefcients that needto be storedin orderto eval-
uatethe splinesat arbitrarytimes. Luckily, the co-
ef cients arenot asindependentrom eachotheras
it seemsandwe can corvert the Bezier splinesto
B-Splinesand storethe control pointsDj = bj.o +
2(bj:1  bj;2) instead. The spline coefcients can
be easilyregeneratediuring rendering. Thus, only
n+ 2 controlpointshave to be stored.

During renderingthe splinesare evaluatedin order
to revealthe positionsof the particlesat therender
ingtimesstept. Forthisprocessthe4 nearestontrol
points are needed.Whent crossesspline sggment
boundariespnly onecontrol point hasto be loaded
asthe otherthreecontrol pointscanbe reusedrom
thelastsegmentby meansof aring buffer.

Inter polating Coordinates

3 Data Storage and Compres-
sion

Pointdatasetstendto getreallylarge,andthey need

canbe reducedto one half or even one quarterby
storingcoordinateselatively to the centroidsof the
inspectectlustersasdepictedn Fig. 3. Asthenec-
essarypositional resolutionis much lower for en-
codingrelative coordinatesthey canbe quantized
using bytesor shortsinsteadof oats. For all data
setswe analyzedbyteshave beensufciently accu-
rate. For example,the VIRGO datasetshawvn in
Figure 12 hasbeenstoredquantizedusing bytesin
a hierarcly with alevel depthof 6, which resultsin
aninvisible meanpositionalerrorof 9:3 10 ° and
maximumpositionalerrorof 3:9 10 ° onthehigh-
estlevel, comparedo a typical point size of 1:25
10 3. This pointsizeon the highestlevel hasanav-
erageerrorof 0:7%, which canbe neglectedaswell
for typical projectedpoint diametersof oneor two
pixels.

Figure3: Pointcoordinatezanbe scaledandquan-
tizedrelatively to the positionof theclustercentroid
for storage.

For time-varying datawe do not storecoordinates,
but the control points of the splines. The splines
do no longerencodeparticle positionsdirectly, but
thedifferencevectorsof the pointsto theparentcen-
troids. As thesevectorsendto getsmallerwith each
level of thehierarcly, we canencodeahesplinecoef-
cients with smallerquantizatiorfactorsfor higher
levels,andstill getahigh positionalresolution.Fig-
ure 4 shaws this relation. Note that during cluster
ing differentlevels may have differenttime resolu-
tionsfor the splinecoefcients dueto memorycon-
straints. Especiallyrepresentaties on lower levels
exhibit only small changesn their movementover
time, which canbe encodedvith alowertime reso-
lution. The control pointsin betweencanbe calcu-
latedduringrenderingusingsubdvision.
Particlesin time-dependentiatasetsusually shov
high positional coherencewith respectto their
neighbors. In orderto exploit this regularity, we
arenot encodingthe relative vectorsthemselesby
splines, but their differencesto the previous time
step. Ideally, for smoothparticle o ws this delta

high positional resolution. Memory requirements coding would createa sequenceof zeroson the



Level 1 Level 2 Level 3

Level 2

time I

Figure4: For time-varying dataspline coefcients
are encodedinsteadof particle positions. Encod-
ing pointsin the hierarcly relative to their parent
centroidscreatessmallerextensiontubesfor higher
levels. Thuswe canquantizethe splinecoefcients
with a few bits only, andstill geta high positional
resolution.Additionally, all control pointsaredelta
encodedn time.

higher levels, with only few exceptions. This se-
guencecanbefurthercompressedsingLempel-Zv

with Huffman coding. This combinationof tech-
nigueshasbeenchosenbecausef its high decom-
pressionspeed. The compressiomatio, of course,
dependvery muchonthedataproperties Datasets
like the dieselinjection in Figure 17 that contain
only very small particle movementsdueto compu-
tational noisein large partsof the volume can be
compressedio lessthan 15% of the size of the un-
compresseduantizeddata. Deltacodingprovedto

bethemostef cient partof thecompressiosystem
here.

Using hierarchicalstructuresmposeshighermem-
ory requirementghan storingthe samedatain at

arrays. Memory bandwidthis limited, andtravers-
ing the hierarcly for renderingaddsoverheadfor

recursve function calls and pointer dereferencing.

Additionally, with currentgraphicsAPIs thereis no
meango handthis processoverto the GPU. There-
fore, we decoupledthe hierarcly structures(clus-
ters)from datastructuregpoints).Eachclustercon-
tainsa pointerto the next hierarcly level, a pointer
to offspring point data,andthe numberof children.
Thepointdataitself only containghe splinecontrol
pointsfor coordinatesandsize,andcolor values,as
depictedin Fig. 5. In principle one would like to
storeraw datavaluesanduseruntimeclassi cation
for point sizeandcolor selection but the clusterhi-
erarcly itself andespeciallythe pre-processedius-
ter representatieshighly dependon point sizesand

colors.
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Figure5: Thelastthreelevelsof atypical datahier

arcty. The point datacorrelatecto the clustercen-
troids is not embeddedn the clustersbut storedin

point structuregparallelto the clusters. The green
clustersshav that all data structuresthat are re-
lated to their offsprings are pacled tightly, which

improvescachecoherencandenableaisto render
all pointsof asingleclusterin atight loop.

Finally, theencodedsplinecontrol pointsarestored
into a le togetherwith hierarcly informationand
index pointersfor fastout-of-coreaccessluringthe
renderingprocess.

4 Hierarchy Traversal

During renderingthe hierarcly is traversedrecur

sively. For eachclusterthe systemmay decideto

descendurtherdown into the hierarcly, renderthe
centroidat the currentlevel, or skip the clusteral-

togethemnwhenit is notvisible. The decisioncanbe
basediponsomemaximumscreererrormetricsthe
distanceo theviewer, or somegivenregionof inter

est. Theserulesshouldbe computationallycheap.
As a rule of thumb, evaluatingthe rule shouldbe
cheaperthan interpolating,transforming,and ren-
deringonepoint of thecluster

For more comple rules and for acceleratingthe
traversalprocessthe systemmay alreadydecideon
a lower level n, thatit will renderall offspringsof



level n+ d, (seeFig. 6). Thenthe childrendo not 4

have to be traversed. Even for simple adaptvity

rules this hasa strong effect on renderingperfor

mance.However, d, > 1 complicategheinterpola-
tion processasseveral levels of splinecoefcients

have to be evaluated. For time-dependendatasets
the comple interpolationeasilyannihilatesary ad-
vantagesn thesecases.

As describedn Sect.3, thepointdataof all children
is storedsequentiallyin the le, thusthey canbe
read, decompressednterpolated,and renderedin

tight loops. Interpolationandrenderingcould even
bedoneby asingleOpenGLarrayrenderingcall us-
ing advancedvertex shadeffunctionality SeeFig. 7
for a pseudacodefragment.

5 Sorting

For mary of the investicated data types cumula-
tive blendingis an effective way of visualizingboth
globalandlocal structuresn thedatasets.However,
with otherdatasets for instancereversibleApollo-
nian packings(Fig. 19), the over operatoris neces-
saryto visualizethevisualdepth.Non-commutatie
blending operatorsrequire the data points to be
sortedaccordingo view distance . Theimplemented
hierarcly canbe usedto ef ciently sortthe cluster

Tree traversal Rendering
. 1
N
|
I
|
I 1
Level 2 3 4 5 6

Figure6: During traversal,the nal renderinglevel
shouldbe selectedat somelower level of the hierar
chy for speedupeasongd, = 1in thiscase).

render _cluster  (cluster _t *c,
time _t t, int
if (cluster _visible (c) f

if (spline _segment _changed (level,
/1 shiftring buffer of splinecontmol points
shift (c, c! len)
/ load out-of-coe data

read (c, c! len,
/'lz decompessiont deltacoding
decompress (¢, c! len)

level) f
Il trivial reject

t) f
level, t)

g
interpolate (c,
if (descend _cluster

cl len, 1)

() f

/I splineevaluation

cluster_t *cn = c! children
for i = 0..c ! len /I recursion
render _cluster (&eni], t, level+l)
g else f
render _points (c! pts, c! len) /I renderd, = 1
gg9g9

Figure 7: Pseudocodefor hierarchicalrendering.
Clusterandpoint dataarecombinecdhereinto a sin-
gle structurefor clarity.

d1

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

centroidsusingquicksortor bucketsort. The cluster
pointsthemseleshaveto besortedbeforerendering
aswell. Bucketsortonly createsan approximatve
sortingorder but hasthe advantageof lower com-
putationalcompleity (O(n) vs. O(nlogn)) andits
implementations muchsimplerandthusfaster The
renderedmagesare almostindistinguishablevhen
usingarelatively large numberof buckets.
Sortingtheclustercentroidss equialentto thetyp-
ical BSP-treesorting,aslong asthedistance®f ary
two neighboringcentroidgo theircommonsplitting
planeare equal(Fig. 8). The octreeclusteringap-
proachhasthis property however, its spatialadap-
tion to the local point densityis muchworsethan
the proposedPCA-splitapproach Still, we have no
choicebut to useoctreesf we really careaboutthe
correctsortingorder

With time-dependendatasets,thingsbecomeeven
worse. Clustersdo no longer subdvide the space



Figure 9: Pointsthat are nearbyin onetime step
maybesplit apartin thefuture,andmaythusbelong
to differentclusters. Theseclustersoverlapin the
formertime stepandcannotbe sortedcorrectly

“ole
10} 11
/

tz_\/ b _
L) -

Figure 10: Even pointsof non-overlappingclusters
cancrossclusterboundariebetweertime stepsdue
to interpolation.

into cellsin 3D, asthey may even overlap,if their
children are groupedtightly togetherin one time
step,andsplit apartin another Figure9 depictsan
example.Evenif we have a decentlybehaing data
setthat doesnot shaw this property we can have
particlescrossingclusterboundariesdue to spline
interpolation,asshavn in Fig. 10. Sofar, theseis-
suesareunresolhed.

Evenwith correctlysortedclustersthereis achance
thatoverlappingpointsarerenderedn thewrongor-

der, asit canbe seenin Fig. 11. For mary datasets
the points can be thoughtto be in nitely small, in

that casethe points are renderedcorrectly Other
datasetsare more sensitie to their sorting order

andrequirelarger averageclustersizesby combin-
ing several octreelevels to a single level or using
large PCA cluster sizes. This helpsreducingthe
chanceof sorting errors, as the points of a single
clusterarealwaysrenderedn the correctorder ex-

ceptfor overlappingclusters. For the staticcasein

orderto sortthe cells producedby the PCA-splits,
additionalconnectity andsplitting planeinforma-
tion is neededor MPVO or equivalentalgorithms.
This implies a huge additional memory overhead,
andit will not help with overlappingclustersand
pointsthatdropout of their clusterboundaries.

/‘

2nd

1st correct order

BSP order

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

6 Rendering

Since using only one vertex per primitive can ac-
celeratethe renderingprocesssigni cantly, we will
usuallyapproximatethe splatsusing OpenGLanti-
aliasedpoints. Other footprints can be used by
renderingpoint spriteswithout additionalcost(see
Fig. 19), but they areonly availableon NVidia hard-
wareright nov. On ATI's Radeonseries,fragment
programscan be usedin orderto emulatesprites,
though. For renderinglarge quantitiesof pointsthe
generallyfastestapproachis to usevertex coordi-
natesand attributesthat are given 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 Il
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 diameters
smallerthana singlepixel on the screenijts bright-
nesshasto beattenuatedThe new alphavalueis
d=a & ; (1)
assumingthat point color is multiplied with alpha
during blending. Note that attenuationincreases
guantizatiorartifactsdueto thelimited framebuffer
depth. Therefore,adaptve renderingcanevenim-
provetheimagequality by choosingower levelsfor
partsof the clusterthattendto projectto very small
screerareas.
For drawing points with varying sizeswe can use
vertex programson programmablegraphicshard-
ware. Besideschangingthe point sizeon a perver-
tex level, the vertex shaderis responsiblefor cor-
rectalphaattenuatiorasindicatedin Eq.1. Now we



Figure 12: Someframesof an animatedview of one of the VIRGO n-body simulationsconsistingof

10time stepswith 16.8million pointseach.

canusevertex arraysfor accumulatingheevaluated
point positionsinto a renderbuffer cacheto senda
large partof the hierarcly to thegraphicshardware.
Thesecalls are highly optimized,andthe CPU can
alreadycontinueto selectthe next clusterto beren-
deredin parallelto therasterizatiorprocess.
Currently therenderingprocesss dominatedy the
evaluationof thecubicsplinesfor nding thecurrent
point positions.As long asthe pointsdo not needto
be sorted,this could be handedover to the vertex
programaswell by sendinghe controlpointsto the
GPU.

For comparisonseveral othertechniquesave been
developedandintegratedinto the renderingframe-
work. The differentrenderingbaclkendscanbe se-
lectedduringruntimeat almostno cost. We wantto
be ableto usethe systemin virtual reality erviron-
mentsaswell, which arestill oftenbasedn Silicon
Graphicssystemsin contrasto regularPCworksta-
tionsusedby typical endusers.As theln niteReal-
ity hardware doesnot have a programmableraph-
ics pipe,we additionallyimplementedaregularbill-
board renderer Using billboardsis less ef cient
comparedto OpenGL anti-aliasedpoints or point
sprites, as four verticeshave to be calculatedand
sentdown the pipelinefor a singledatapoint.

7 Resultsand Discussion

Theimagesin Figs.2 and12 to 15 show visualiza-
tionsof n-bodysimulationscarriedout by the Virgo
Supercomputingonsortium.All imagesshav the
t CDM model. Thevelocitiesof thegalaxiesrelative
to the simulatedbasecubehave beencolor coded.
In Figs. 13 and 14 you can seedifferentlevels of
the dataset. Note thatlevel 3 would usuallynot be
usedfor rendering but it is a potentiallevel for de-
ciding on the renderingdepth,as shavn in Fig. 6.
Figuresl7to 19 shav otherdatasetsandrendering
modes. Pleasenotethatthe clearly visible aliasing

in Fig. 17 is inherentto the accordingdatasetand
notanartefactof the presentedenderingechnique.
In mostareashedatasetcontainsanalmostregular
grid andthe splatsare usedfor visualizingthe grid

structureandnot for approximatingary underlying
function.

Comparedo our previous approachwhich is opti-
mizedfor static data(seerelatedwork sectionfor
reference)therenderingof time-dependedatasets
is muchmoreinvolved andthusslower. We still get
up to 38% of the speedof the static algorithm for
dh = 1, or approximatelyd:6 million pointspersec-
ond, which is quite remarkablefor the large over-
headwe get by the hierarchicalspline interpola-
tion. However, we canacceleratehe visualization
of static databy decidingthe renderingdepth on
a lower level (d, > 1), which would be very com-
plex with time-dependentlata. As the main bot-
tleneck of the currentsystemis the spline evalu-
ation, lower level renderingdepth decisionwould
not have a largeimpacton performanceRendering
sortedpoints using bucket sort reducesthe perfor
manceto approximately2:9 million pointspersec-
ond. Loadingthe completesetof splineparameters
for a singletime stepfrom the local harddisctakes
lessthan one third of a second,including decom-
pression. The systemusedfor the evaluationwas
an Pentium42800MHz with anIntel 7225 chipset
with 4 GB dual channelDDR 333 memoryand a
GeForce FX 5800 Ultra graphicspipe on a Win-
dows XP system.The Linux driversshaved similar
performancegures for the GeForce,while the per
formanceof ATI's Radeoris still somavhatslower.
Pleasenotethattime-varying datasetsneedat least
four timesthe main memoryfor storingthe spline
control points. With theseconstraintsthe interac-
tive visualizationof extremely large datasetslike
theonedepictedn Fig. 2 in full resolutionis hardly
feasibleon 32 bit systemdor theunsteadycase Us-
ing partialworking setscould improve the situation
here,but this comesalongwith increasednemory



Figure 13: VIRGO at Figurel4: Level 4.
level 3. (671K clusters= 4%)
(123K clusters= 0.74%)

requirementdor administratve data, reducingthe
overall performance.

The adaptve algorithm we are using for selecting
the best hierarcly level during renderingusesa
simple adaptve scheme selectingthe clustersthat
shouldbe traversedon the CPU by the maximum
screerprojectionsizeof theclusterchildrenandthe
given maximum traversal depth. If the projected
size exceeds2 pixels, the clusteris traversedfur-
ther, otherwiseits childrenare renderedo screen.
Usingthesesettingsthereis almostno visualdiffer-
encebetweerthedatasetrenderedn full resolution
comparedo the adaptve rendering.The difference
imagein Fig. 15 shavs quite somechangesn the
visualization,however, they have the samequality
asadditionalnoiseanddo not disturbthe visual ap-
pearanceMostof thescreerspacdifferencecomes
from pointsthathapperto berenderednepixel off
to their original positions. While the humanvisual
systemis not ableto noticethesedifferencesthey
have aratherargeimpactondifferencamages.The
contrastof the differenceimagehasbeenenhanced
by 400 percentin orderto shaw its propertiesmore
clearly.

We getearlyview frustumculling at almostno cost
for the adaptve renderingalgorithm, as this can
be incorporatedn the point projectionsize calcu-
lation process.Pleasenotethat for large viewports
like 1000 the effect of adaptve hierarcly traversal
is not noticeablefor low maximumtraversaldepths,
asall clustersare traverseddueto their large pro-
jectedsize.

Figures16 and 20 shov a dark mattern-body and
smoothedparticle hydrodynamicssimulation car
ried out by the Texas AdvancedComputingCen-
ter. The middle imagein Fig. 20 shavs a close
up region of this data set, renderedintentionally
with a very high projectionsize error of 36 in or-

Figure 15: DifferencesFigurel6: A dark matter
of adaptve vs. full data SPHsimulationfrom the
rendering (contrast en- Texas Advanced Com-
hancedoy 400%). putingCenter(262K pts).

Figure20: A closeupof the TexasSPHdataset,ren-
deredatthecoarsdevel 5 (12.8Kpts=11.8%,left),
adaptvely with approximatelythe samenumberof
pointsandhighpotentialprojectionerror(12.3Kpts,
middle),andwith all visible points(108K pts,right),
respectrely.

der to reveal the differences. The other two im-
agesshav the sameregion renderedwithout adap-
tion with approximatelyjthe samenumberof points,
andwith all points,respectiely. Note thatthe pro-
jectedscreensizeis only an approximationfor the
maximum screenspaceerror, as the centroidsize
that usedfor evaluatingthe screenspaceerror is
notdirectly coupledwith the maximumdistribution
width of the children,which in uencestheerroras
well.

For more images and some realtime animations
pleaseake alook atourwebsite:
Wwww.vis.uni-stuttgart.de/pointclouds/

8 Conclusionand Future Work

In thisarticlewe presentedtechniqudor accelerat-
ing the visualizationof time-varying scatteregoint

data. We employed principal componentanalysis
for creatinga hierarcly of point clusters,encoding
the time varying point positionswith cubic splines,
which arestoredout-of-corewith quantizedelative

coordinatesisingdeltaencodingin a datastructure



Figure 17: Visualization of a Figure 18: SPH and dark mat- Figure19: ReversibleApollonian
dieselinjectionshockfront, simu- ter galaxy formation simulation packing of 6 million particles,
latedwith SPH(2.5million points renderedwith sortedanti-aliased renderedvith sortedpointsprites.

pertime step).

thatseparateslusterfrom pointdata.With this data
representatiomisualizationguality canbetradedfor
speedwith an adaptve renderingalgorithm. The
renderingorocesstself wasacceleratedsingvertex
programnmodernPCgraphicshardware.Finally,
we arenow ableto visualizedatasetswith millions
of moving pointsinteractively on standardvorksta-
tions.

With the currentimplementation,a lot of work is
still doneby the CPU that could be off-loadedto
the graphicscard. For instance,the evaluation of
the particlepositionsusingthe cubic Beziersplines
couldbeperformedby the GPU,aslongascommu-
tative blendingmodesare used. Sortingthe points
for non-commutatie blendingmodeshasstill sev-
eral unresoled issues,though it works astonish-
ingly well with mostdatasets.

One of the most promising — but also most
challenging— extensionsto the algorithmis the
handling of time-varying clustering. This process
will have to handleclustertransitionsof singlepar
ticlesin a smoothway, suchthat poppingartifacts
will notoccut

Additionally, thereare someissueswith the over-
estimationof the radiant ux during renderingwith
cumulatize blendingin areasof high saturationThe
systemshould detect these areasand reducethe
brightnes®f thegeneratedlustersaccordingly Al-
ternatvely, highdynamicrangerenderingo oating
point framebufferscouldbeused.

An openquestions how to handlemultivariatedata
andhow to changethe visualizeddataduring run-
time. Storingseveralcolorvaluesperpointstructure
is one possibility, but this increasesnemoryusage
acain. Color quantizationand table lookup in the
renderingstepcouldhelpwith regardto this aspect.

points(540,000points).

Otherrenderingprimitveswith betterapproximation
propertiesarecurrentlyinvestigated. Thesewill im-
prove thevisual quality of clusterrepresentatiesin
thenearfuture,allowing for largerclustersizes.
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