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ABSTRACT

We proposea hybrid particleandtexture basedapproactor thevi-
sualizationof time-dependentector elds. Theunderlyingspace-
time framework builds a densevector eld representatiom atwo-
stepprocess:1) particle-basedorward integration of trajectories
in spacetimdor temporalcoherenceand?2) texture-basedonvolu-
tion alonganothersetof pathsthroughthe spacetimdor spatially
correlatedpatterns.Particle densityis controlledby stochastically
injectingandremoving particlestakinginto accounthedivergence
of the vector eld. Alternatively, a uniform densitycanbe main-
tainedby placingexactly oneparticlein eachcell of auniformgrid,
which leadsto particle-in-cellforward adwection. Moreover, we
discussstratgies of previous visualizationmethodsfor unsteady
ow andshav how they addressssuesof spatiotemporatoher
enceand densevisual representationsWe demonstraténow our
frameawork is capableof realizing several of thesestratgies. Fi-
nally, we presentan ef cient GPU implementatiorthat facilitates
aninteractive visualizationof unsteady2D o w on ShadeModel 3
compliantgraphicshardware.

CR Categories: 1.3.3 [ComputerGraphics]: Picture/ImageGen-
eration;1.3.7 [ComputerGraphics]: Three-DimensionaGraphics
andRealism—Colorshadingshadeving, andtexture

Keywords: Unsteadyo w visualizationvisualizationframework,
LIC, textureadwection,particlesystemsGPUmethods

1 INTRODUCTION

Many vector eld visualizationtechniquescomputethe motion of
masslesgarticlesalong the vector eld to obtain characteristic
structuredik e streamlines.With a denserepresentatiofike Line
Integral Corvolution (LIC) [1], thedomainis denselycoveredwith
particlelinesto overcometheissueof appropriatelychoosingseed
pointsfor particletracing.

In this paper we focus on the densevisualization of time-
dependentector elds. Any denserepresentatiomasto address
the challenginggoal of achieving spatiotemporatoherence. In
Section4, we analyzethe stratgjiesfollowed by previous methods
to construcespatiotemporallgoherentvolution of densdine-like
visualpatternssuchasstreamlinespathlinesor streaklines.

A genericspacetimegramavork, as developedin our previous
work [3, 27],is onepossibleapproactor thevisualizationof time-
dependenvector elds. This framewvork builds uponthe factthat
two typesof coherenceareimportantin animatedvisualizations:
spatial coherencewhich cornveys the structureof a vector eld
within a single picture by visual patterns,andframe-to-frameco-
herencewhich allows the userto identify the motion of thesepat-
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terns.Thespacetimdramenork providesexplicit controlover both
typesof coherencdy meansof a two-stepprocess.The rst step
generatesontinuougrajectoriesn spacetimeo achieve temporal
coherenceThe secondstepgeneratespatialpatternsby convolu-
tion alonganothersetof pathsthroughthe spacetimevzolume.

In this paper we adoptour previous texture-basedmplementa-
tion of the framework [27] andimprove the constructiorof space-
time trajectoriesby replacing texture-basedbackward gathering
with particle-basedorward integration. The main adwantageof
forward integrationis a signi cant reductionof computationsand
memoryfootprint. A typical speedups in the rangeof 10—-100for
a comparablevisualizationquality. In particulay the particle ap-
proachis extremelyef cient whenthe densityof therepresentation
islow. Anotheradwantages thatconstanspatialfrequenciesanbe
maintained We describewo alternative methodgo achieve a uni-
form densityof particlesovertime: The rst approaclcontrolspar
ticle densityby stochastidnjection andremoval of particles. The
secondapproacichecksandadjuststhe particledensitythatis ex-
plicity measuredn cells of a uniform grid. In a specialcase ex-
actly oneparticleis keptpercell, leadingto thenew particle-in-cell
adwectionmethod.

The combinedparticle/teture-basedramewvork retainsall im-
portant advantagesof the previous, purely texture-basedmple-
mentation[27]. First, its high degree of e xibility allows us to
implementor mimic previous ow visualizationmethods. Sec-
ond, high visualizationquality is achieved by Lagrangianintegra-
tion, which avoids arti cial blurring inherentto Eulerianor semi-
Eulerianmethods.Third, a direct mappingto graphicsprocessing
units (GPUs)leadsto an ef cient implementation.The GPU im-
plementatiorof the particle-basednethodmakesuseof a coupling
betweertextureinformationandvertex processingwhichis facili-
tatedby GPUswith ShadeModel 3 support.

2 PREVIOUS WORK

Thediscussiorof previouswork focuseson noise-basednddense
representationgl0]. Early texture-synthesisechniquedor vector
eld visualizationare spotnoise[22] andLIC [1]. AlthoughLIC
hasbeenextendedin variousrespectsspeci ¢ methodsfor time-
dependentector elds andanimationareparticularlyinterestingn
thecontet of this paper suchasUnsteadyFlow LIC (UFLIC) [19],
AcceleratedUFLIC (AUFLIC) [14], DynamicLIC (DLIC) [20],
andUnsteadyFlow Advection—Cowolution (UFAC) [27].

A relatedclassof denseaepresentationsiakesuseof texture ad-
vection, which represents densecollection of particlesin a tex-
ture and transportsthis texture along the vector eld [15]. Both
Lagrangian-Eulerialdvection(LEA) [5] andImage-BasedFlow
Visualization(IBFV) [23] adoptthe idea of texture adwection to
achieve an interactive visualizationof 2D unsteadyo w. Recent
progressn interactve o w visualizationhasbeendrivenby thede-
velopmentof fastand e xible GPUs[4, 23, 29]. GPU-basedn-
teractie visualizationcan be extendedto vector elds on curved
surfaces[11, 24, 28] andin 3D [21, 29, 30]. The Chameleorsys-
tem[13] allows theuserto interactively modify therenderingstyle



of pre-computegbarticlepaths.Ef cient particletracingcanbeac-
complishedwhena vector eld is usedto drive the evolution of a
GPU-basegarticlesystent7, 8, 9]. Finally, frame-to-frameoher
encecanbeachievedfor theanimationof geometricallyconstructed
streamline$6, 12].

3 NOMENCLATURE

This sectiondescribeghe nomenclaturaisedfor vector elds and
differenttypesof particletracesthroughoutthis paper The termi-
nologyis adoptedrom our previous discussior{27] andallows us
to explicitly distinguishbetweerspatialandtemporalproperties.

In Euclideam-dimensionakpaceatime-dependentector eld
is a map u(x;t) that assignsa vectorto eachpoint x in spaceat
timet. In whatfollows, lower-caseboldfacelettersdenotevectors
or pointsin nD spaceR". Pathlinesxyqh of the vector eld are
governedby the ordinarydifferentialequation

dXpat(t; Xo; t
oanl010) -y patxgitont) @

with theinitial conditionXpatn(to; Xo;to) = Xo. In generalwe adopt
anotationin which x(t; xg; tg) describes curve parameterizely t
thatyieldsthe pointxg for t = to.

Particle motioncanbe investigatedin spacetimei.e., in amani-
fold with onetemporalandn spatialdimensionsTheworld line—
the spacetimecurve—tracedout by a particle can be written as
Y (t;Xo;to) = (Xpatr(t;Xo;to);t). In general,curvesin spacetime
are denotedby scriptedvariablesand have n+ 1 components:n
spatialandonetemporal. Y (t;Xo;tp) is parameterizedby its rst
amgumentandpasseshroughthepoint (Xg;tg) whent = tg. We use
thetermtrajectoryfor the spacetimealescriptionof a pathline,i.e.,
atrajectorycanbe consideredhsa pathlinethatis lifted from nD
spaceo (n+ 1)D spacetime.

Besidegpathlines thereexist two importantadditionaltypesof
characteristicurvesfor atime-dependentector eld: streamlines
andstreaklines A streamlinds de ned asthe particle pathassoci-
atedwith anarti cially steadyinstantaneousector eld ata x ed
physicaltime t, whichis governedby

dx. t;Xo;t
w = U(Xstrean{t; Xo:t0); 1) :

Here,t andty arejust parameterslongthe curve anddo not have
themeaningof physicaltime.

A streaklings producedy dyethatis continuouslyreleasednto
avector eld. To obtainthe snapshoof a streaklineattimet, par
ticles arereleasedrom xg attimess 2 [tmin;t] andtheir positions
areevaluatedat time t: Xsyread'S; X0;t) = Xpatr(t; Xo; ). Thestreak-
line is parameterizetly s, andtnn is the rst time thatparticlesare
released.

4 STRATEGIES FOR UNSTEADY FLOW VISUALIZATION

Characteristicurvesof a o w aregood candidatego build dense
line-likevector eld representationsn fact,pathlinesstreamlines,
andstreaklinesareemployed in variousvisualizationmethodsfor
time-dependerdatasets.A fundamentaboal of ary visualization
methodis to constructa spatiotemporallycoherentvisualization.
This goal is not trivially achieved; for example, as discussedy
ShenandKao [19], a straightforvard applicationof pathlinesand
streamlinedeadsto problemswith spatialand temporalcorrela-
tionsin adenserepresentationA relatedissueis thatpathlines(or
streaklines)nayinterseceachother whichmakesthemaproblem-
atic choicefor a consistentepresentation.

We discussseveral differentstratgiesusedin previouswork to
achieve a usefulvisualizationof unsteadyo w. The rst stratgy

lifts the visualizationfrom nD spaceto (n+ 1)D spacetime.This
higherdimensionaldescriptionavoids the problemof intersecting
linesbecausspacetimérajectoriesareuniqueandcannotintersect.
The disadwantageof this approachs that the problemsare essen-
tially postponedo alater stageof visualizationwhena nal image
hasto berenderedn a 2D display[31].

The secondstrata@y is to replacecharacteristicurves by arbi-
trary curves. A genericcurve transportecalong a vector eld is
calleda timeline. Timelineshave the advantageof beingtempo-
rally coherentandthey do not intersecteachotherat ary time if
they do not intersecteachotherat seedtime. However, timelines
usuallybecomeconvolutedaftera shortadwectionperiod. Another
problemis thattimelineshave no directrelationshipto the vector
eld; they do not show directionor magnitudeof the o w. There-
fore, densdimelinesarerarelyused.

A third stratey is to relax the goal of constructingdenseline-
like structures LEA [5] andIBFV [23], for example,arebasedon
line integral corvolution along (time-reversed)streaklines. Since
streaklinegmay intersect this strategy leadsto visual patternghat
are smearedout in more than just a single direction. Similarly,
UFLIC [19] and AUFLIC [14] generatewidened*lines” for un-
steadyvector elds. ThereforeLEA, IBFV, UFLIC, andAUFLIC
achieve a temporally coherentvisualizationat the costof a non-
constantesolutiorof spatialstructuresTheextentof line widening
canbedecreasetby usingshortcurves,e.g.,streakletor pathlets,
which reducethe chanceof overlappingandintersectingines. A
sparserepresentatiorg.g.,basedon OrientedLIC (OLIC) [25] or
dyeinjectionatafew isolatedlocations canalsobeusedto reduce
the problemof overlappingcurvesbecausa few isolatedlinescan
bedistinguishedvenwhenthey intersect.

The fourth stratgy is to relaxtemporalcoherence A straight-
forward approachbuilds an animationfrom a collection of LIC
computationdor differenttime steps. A naive implementatiorof
this methodleadsto signi cant ick ering. UFAC [27], however,
reducesor even removes ick ering by controlling the length of
streamlinessa functionof unsteadiness.

The fth stratgy istotransportine-likevisualpatternsiotalong
theoriginalvector eld, butto chooseanevolutionalongadifferent
vector eld. Asdemonstratetly DLIC [20], thisapproachis useful
for vector elds thatdo notrepresena physicalmotionof material,
e.g..for time-dependerglectric elds.

The third stratgy is mostpopularfor the visualizationof un-
steady o w when the rangeof researchand applicationsis con-
sidered. Although previous researctaddressegssuesof temporal
andspatialcoherencenoneof the paperson LEA, IBFV, UFLIC,
or AUFLIC describesxplicitly whatkind of line-like patternsare
shavn in a singlesnapshobf ananimation. In our previous work
[3], we have attemptedo identify the typesof lines generatedy
thesevisualizatiormethodecauseve believe thatthecharacteris-
tics of differentmethodscanbebestassessedith anexplicit spec-
i cation of boththetemporalandspatialproperties.

Thefollowing sectiondescribes visualizationframeavork suit-
ablefor thethird, fourth,and fth of theaforementionedtrateies.

5 CONTINUOUS FRAMEWORK

We brie y discussa genericcontinuousframework thattargetsan
explicit modelof a spatiotemporabisualization. Theframework is
detailedin our previouswork [3, 27].

The basicidea of the framework is to adopta spacetimeview
on particletracing. In general,a denserepresentationf a vector
eld employs a large numberof particlesso that the intersection
betweeneachspatialslice andthe trajectoriesyields a densecov-
erageby points. Accordingly, spacetimétself is densely lled by
thesetrajectoriesy (s;x;t), associatedvith thevector eld u(x;t).
Propertieghattypically comprisejust a gray-scalevalue from the



range[0; 1] canbe attachedo particlesto distinguishthem from
oneanother Propertiesare allowed to changecontinuouslyalong
the trajectory;very often, however, they remainconstant.Froma
collectionof trajectoriesa propertyfunction|(x;t) canbede ned
by identifyingits valuewith the propertyof the particlethatcrosses
throughthe spacetimdocation (x;t). The functionvalueis setto
zeroif thelocationis not coveredby atrajectory By this construc-
tion, I(x;t) lls the completespacetimedomain. The continuous
behavior of trajectoriesandtheir attachegropertieguaranteethat
spatialslicesthroughthe property eld 1(x;t) at nearbytimesare
stronglyrelated,i.e., theseslicesaretemporallycoherent.An ani-
matedsequencéuilt from spatialsliceswith increasingimeresults
in themotionof particlesgovernedby thevector eld.

Since,in general,differentparticlesare not correlated spatial
slicesof theproperty eld donotexhibit ary coherenspatialstruc-
tures.To achiese spatialcorrelation,a Itered spatialslice Dt(x) is
de ned throughthe convolution

>
Di(x)=  K9I(Z (t

¥

s x;t)) ds (2)

alongZ (s;x;t). Thesubscripton Dy is areminderthatthe Itered
imagedependn time. The kernelk(s) neednot be the samefor
all pointson the ltered slice and may dependon additional pa-
rameterssuchasderived vector eld data. Z (s;x;t) canbe ary
paththroughspacetimendneednot bethetrajectoryof aparticle.
However, the spatialcomponent®f the patharegivenby the path-
lines of someothervector eld w(x;t). Thetemporalcomponent
of Z (s;x;t) maydependnsandt.

An animatedvisualizationis composedf imagesD; for uni-
formly increasingimet. Thestructureof D; is de ned by thetriplet
[I;Z ;K], wherel is built from trajectoriesy . Themainadwantage
of this genericframawork is its separateontrol over the temporal
evolution along pathlinesof u(x;t) andover the spatialstructures
thatresultfrom corvolution alongpathshasedn w(x;t).

Severalparametechoicedor thistriplet leadto usefulvisualiza-
tions[27]. For example theframewnork-basedrersionof LEA [5] is
realizedby settingu(x;t) to thegiveninputvector eld v(x;t), and
w(x;t) = 0. LEA constructsa densecollection of time-reversed
streaklets,adoptingthe third stratey from Section4. Similarly,
IBFV [23] is basedbn adensecollectionof streakletspbtainedby
usingu(x;t) = 0 andw(x;t) = v(x;t). In contrast UFAC [27] sets
u(x;t) totheinputvector eld v(x;t) andperformstheconvolution
along instantaneoustreamlinesat time t9 of the same eld, i.e.,
w(x;t) = v(x;t% andZ (s;x;t9 = ( ;t9. Thelengthof stream-
linesis controlledby the unsteadinessf the vector eld, follow-
ing the fourth stratgy from Section4. Finally, DLIC [20] targets
theanimationof instantaneoustreamlinegor eldlines) of atime-
dependentector eld. Two differentvector elds areusedfor a
framevork-basedversionof DLIC: w(x;t) governsthe streamline
generatiorat eachtime step,while u(x;t) describeshe evolution
of streamlinesDLIC canbe considerecasan exampleof the fth
stratgy from Section4, which transportdine-like visual patterns
along a separatevector eld. Therefore,the framework is capa-
ble of implementingthreeimportantstratgiesfor time-dependent
vector elds, throughanappropriatechoiceof parameters.

6 PARTICLE-BASED DISCRETIZATION

A discretizatiorof the continuousramework allows usto compute
visualizationimages.Theproperty eld I, thevisualizationimages
Dy, andthevector elds arerepresentebly discreteuniformgrids—

or textures. The implementatiorcanbe separatednto two major

parts: First, spatialslices of the property eld | are constructed
from trajectoriesof one vector eld; the completeproperty eld

is generatedn the spacetimedomainby combiningspatialslices.
Second,convolution is performedalongZ within the spacetime
property eld.

The previous discretization[27] implementsboth parts by a
purely texture-basedyatheringof propertycontrikutions: Starting
from atexel, trajectoriesaretracedand potentialcontritutionsare
gatheredand accumulatedrom locationsalongthesetrajectories.
Bene ts of thisimplementatiorarea high-qualityvisualizationdue
to Lagrangianintegration(asopposedo arti cial blurringin Eule-
rian andsemi-Lagrangiampproachesanda highly e xible frame-
work thatfacilitatesvariousvisualizationmethods.Unfortunately
thegatheringapproachrequiresarecurringandtime-consumingn-
tegrationof particletracesto constructhe spacetimeproperty eld
I. Eachspatialslice throughl triggersa completeintegration of
longtrajectoriesbackwardin time. Thecomputationatostsarede-
terminedby themaximumparticlelifetime, ontheorderof 20-200
time steps.A relatedproblemis thata signi cant temporalportion
of the datasetneedsto be keptin memorybecauséackward par
ticle tracingmustaccesshe correspondingime stepsof the vector

eld. A third issueis a non-constanspatialfrequeng in slices
throughl, introducedby the divergenceof thevector eld.

Thegoal of our new discretizatiorschemés to overcomethese
problemsand,atthe sametime, retainthe aforementionedene ts.
The basicideais to replacegatheringbasedon backward integra-
tion by anapproachhat propagtesparticlesforwardin time. The
changesmainly concernthe rst stageof the framework, i.e., the
constructiorof the spacetimevolume.

To achiese a high e xibility in designingthe injection of new
particles,we supporta continuousdescriptionof injected“parti-
cles” onaspatialslice of constantimet. We useradialbasisfunc-
tions (RBFs)[17, 18], which are sphericallysymmetricfunctions
aroundassociatedenterpoints,to representheinjectionof “parti-
cles™ o

linject(¥) = @ 1ifi(jx  xifj) ;
I

with anindex i that labelsa particle, the correspondingveight
1, the centerx;, and the radial basisfunction fij(r). Common
typesof basisfunctionsfor numericalapproximationarethin-plate
splines, multiquadrics,inversemultiquadrics,or Gaussians.The
goal of this paperis to model particle traces,not to approximate
a genericfunction. Therefore,basisfunctionswith compactor
quasi-compacsupportare adequatédecausehey representocal-
ized particlesof nite size. We typically useGaussiarfunctions,
f(r) = exp( r2=(2s2)), with width s

For the temporalevolution of injectedparticles,we assumehat
the centerpointsx; travel along pathlinesandthe basisfunctions
fi remainconstant.However, weights/ ; may changeover time to
modelaphase-irandphase-oubf particles.Additional externalpa-
rameterssuchasadditionalattributesof a o w, mayalsoin uence
Ii. For simplicity of notation,theseparametersre not explicitly
includedin themathematicaéxpressionsThescenarids extended
to arepeatednjectionthatoccursat several discretetime levelst .
Then,the spacetimeoroperty eld is

16t = & &leilt Ofilix Xpanltixesii i) © (3)

tti

The additional subscriptt labels the time of particle injection.
Moreover, theweight/ ¢ depend®ntheageof aparticle,t t.
This formulationallows usto computespatialslicesof | incre-
mentally: If pathlineshave beendeterminedor timet, particlepo-
sitionsat the following time stept + Dt canbe calculatedby inte-
gratingthe particletracingEquation(1) only for asmalltime inter-
val I, i.e., are-computatiorof completepathlinesis avoided. In
this state-preservingpproachcurrentparticlepositionsarestored
for laterreuse Particle statesareheldin anarraythatrepresentall
active particles. The particle statecomprisegositionx, aget t,



Booleanstatefor activity, and possibleadditionalattributes. The
actiity stateallows usto remove a particle from the systemby
settingits activity stateto false. Particle removal is usefulto free
computationabnd memoryresourcedor particlesthat have died,
i.e., whoseweightis zerofor all future times. Therefore the size
of the particlearray canbe restrictedto the maximumnumberof
simultaneouslhactive particles.A new particleis injectedby lling
apreviously inactive arrayelemenwith theinitial particleposition,
andby settingthe ageto zeroandthe activation stateto true. The
particlesystenis propagtedfromtimet tot+ Dt by updatingposi-
tionsaccordingo aLagrangiarintegrationof Eq. (1) andby adding
Dt to theageof aparticle.

Theconstructiorof theproperty eld in Eq.(3) requiregheeval-
uationof RBFsin a nite region aroundparticlepositions,de ned
by the size of the supportof the RBFs. This processs identical
to a scancorversionof RBFson annD spatialdomainif the prop-
erty eld is discretizedon a uniform grid. Then,the summationin
Eq. (3) canbe computedy additively blendingseveralparticles.

The secondmajor partof thediscretizationmplementghe con-
volution alongtrajectoriesZ throughthe spacetimeroperty eld.
The basicideais to discretizethe corvolution integral (2) by a
Riemannsum. Sincethe convolution is performedfor eachtime
stepseparatelythis part of the framewnork generallycannotbene-
t from incrementaktomputations.Therefore the calculationsare
performedfor eachtime stepandeachtexel independently

Theincrementatonstructiorof thespacetimeproperty eld has
several advantages. First, pathlinesare computedincrementally
and,thus,unnecessarge-computationsf completerajectoriesare
avoided. Secondthe computationtime is linearin the numberof
particles,i.e., the particle-basednethodis very ef cient for mod-
eratelysparserepresentationke OLIC [25]. Third, the memory
footprint for thetime-dependentector eld u(x;t) is signi cantly
cutdown to justasingletime step.Fourth,for thecaseof LEA-type
visualizationwithin theframework, thecorvolution stagecanbeef-

ciently realizedby arepeatedlphablendingof subsequerglices
throughthe spacetimevolume [27], i.e., the convolution compu-
tation canalsobe performedincrementally Therefore LEA-style
visualizationnicely ts in with theincrementatonstructiorof the
property eld.

7 PROBABILISTIC DENSITY CONTROL

A problemof ary particle-orientedsisualizationmethodis an ef-
fective control of particledensity For example,a divergent o w
malkesparticlesdrift away from eachotherand,thus,reduceparti-
cledensity Ourgoalis to controlparticledensitywhile avoidingits
explicit evaluation.To this end,a probabilisticapproachs applied:
We assumehat a large numberof particlescoversthe domainso
that the law of large numbers,as formalizedby Chebyshe's in-
equality canbe usedto identify the density of discreteparticles
with a continuousmaterialdensity The ideais to specify prob-
abilities for the injection of new particlesandthe removal of old
particlesin away which ensureshatanimposedparticledensityis
maintained.

We bggin thediscussiorwith a continuougdescriptionin 3D and
later apply it to a discretizedparticle formulation and to the 2D
case. A continuousstreamof materialis characterizedy its ve-
locity u andmassdensityr , which canbe combinedto form the
densityof massow, j = ru. The total massin a volumeV is
M= yr(xt) d®x. Masscanbe changedby in ow andout ow
of materialaccordingto dM=dt = qvi(x;t) dA, wherefV and
dA describethe boundaryof the volume and an orientedsurface
elementof the boundary respectiely. Assumingconseration of
massachangeof massdensityis exclusively causedy in o w and

out ow:
z , ' z
d7M — ﬂr (X,t) d3X: J(X,t) dA = N J(X,t) d3X .
a v Tt % v

4
The last equality is due to the generalStokes' theorem,valid in
nD space. The differential form of Eq. (4) yields the continuity
equation

N j(x;t) + =0:

fr (x;t)
Mt
Densitycanbecontrolledby introducingnew materialor removing
existing material,i.e., the continuity equatiomneedso be extended
to

r(x;t) .
T %)

wheresj,; describeghe rateof injection of massdensitypertime

interval and s ¢ the relative rate of massremoval. Equation(5)

canbesimpli ed by takinginto accountwo usefulapproximations.
First, N (ru) rN uif aslow spatialchangeof the densityr is

assumed.Second,if the time scalesfor changesf r arelarger

thanthetime scaledor injectionandremoval of particlestheterm

7r =Tt canbengylectedbecauseheparticlesystenis in adynamic
equilibrium. Similarly to the treatmentin equilibrium thermody-
namics,we still canchanger overtime, with a brief delaycaused
by tuning-in. However, in mostcaseswe would like to maintaina

temporallyandspatiallyconstantiensityarnyway. Thetwo approx-
imationsleadto

sm(x)  rsaeat) = K (r(ctu(xt) +

Sinj (1) = 1 (%:)(Sdeilx;t) + N u(x;t)) : (6)

Thechoicesfor sjnj andsge arenotindependentin addition, sy
and sqe| are constrainedto non-n@ative valuesbecausean “in-
verse” injection or removal of particlesis impossible. One pos-
sibility is to setsjnj to aglobally x ed,userde ned value. Then,
Sdel is usedto locally controlmaterialdensity Theremoval rateis
proportionalto the amountof existing materialr . Froma proba-
bilistic point of view, (sq4e/Dt) is ameasurdor the probability that
aparticleis removedduringtime stepX, i.e., particleremoval can
be implementedby Russianroulette. If a vector eld u, anarbi-
trarybut x edvaluesjqj, andadensitydistribution r aregiven,the
corresponding ge] cCanbe computed.

An alternatve approactsetss 4e  to aglobally x edvalueandde-
terminesanassociatedpace-dependesty,;. Theinjectiondensity
Sinj canbe relatedto a correspondingrobability densityby nor-
malization: sinj(x;t) = Sinj(x:t)=y Sinj(X;t) d3x: Therefore,in-
jection canbe modeledby probabilisticallygeneratingnew parti-
clesaccordingto this probability density A third approachusesa
space-dependeitjectionandremoval of particles,combiningthe
othertwo methods|n all threeapproachesjensitycanbeglobally
scaledwith a constantfactorx by uniformly scalingsin; with the
samefactorx. Thereforethedensityor sparsenessf therepresen-
tation canbe easily adjustedby modifying the injection rate, i.e.,
thenumberof new particlesperunit time.

Evenwhentheexpectationvaluefor particledensityis keptcon-
stant,amodi cation of injectionandremoval ratesmay affect tem-
poralcoherenceFor example,low injectionandremoval rateslead
to hightemporakcoherenceCorversely highinjectionandremoval
ratesreducethe time andlengthscalesover which the equilibrium
stateis achieved: They arebetterfor quickly adaptingdensity—at
thecostof decreasetemporalcoherence.

A probabilisticinjection of particlesrequiresthe constructiorof
associateg@robabilitydensityfunctions.We assumehata (pseudo)
random number generatorprovides a uniform randomvariable.
Froma 1D uniformdistribution,anon-uniformnD probabilityden-
sity function canbe constructedn variousways[2]. We usere-

jection samplingto constructthe probability densitysinj . Russian
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Figure 1: Probabilistic density control for a ow with a sink in the center. Image (a) shows the particle distribution without density control,
(b) with density control, (c) a sparse representation with density control, and (d) the particle systemfrom (b) with LEA-type alpha blending.

roulette for particle removal can be achieved with the inversion
method:A single,uniformly distributedrandomnumberis drawn;
if the numberis lessthanthe probability for particle deletion,the
particleis removed. Thediscussiorof this sectioncanbeimmedi-
atelytransferredrom 3D domainsto 2D domainshecausetokes'
theoremalso appliesin 2D. The only differenceis that boldface
variablesrepresen2D vectorsinsteadof 3D vectorsandthat vol-
umeV is replacedy areaA.
Figurelillustratestheprobabilisticdensitycontrolfor a2D vec-
tor eld with radialin o w anda sink at the center The ow can
be bestrecognizedn the LEA-type visualizationdisplayedn Fig-
ureld. Figuresla—cshowv snapshotsf theparticlesystemwithout
the secondcorvolution stageof the framavork. Figure laillus-
tratesa spatially uniform injection andremoval of particles. Due
to corvergenceof the ow, particlesclump togetherin the center
of theimage. Figure 1b demonstrateprobabilisticdensitycontrol
by adaptingoothinjectionandremoval propertieso thedivergence
of the o w, which achievesa uniform density Figurelc shavs an-
otherexampleof densitycontrol, with a muchsmallerdensityand
larger RBFsthanin Figure 1b. Animationscorrespondingo the
fourimagescanbefoundon our projectwebpage[26].

8 ExpLICIT DENSITY CONTROL

An alternatve approachfor density control explicitly checksthe
densityof particles.We computethe densityby countingparticles
in cells of a uniform grid coveringthe domain. After eachparticle
integrationstep,the cell-basedensityis computedand compared
with the givendensity If both differ by morethana userde ned
tolerancethreshold surplusparticleshave to be removed or, alter
natively, missingparticleshave to beinjected.

We proposean ef cient algorithmfor a specialcaseof deter
ministic density control—for a uniform densitywith exactly one
particle per cell. Due to this particle-pescell propertywe name
this methodparticle-in-celladwection. The approachis alsobased
on the particle framewvork from Section6; it just usesa different
methodfor densitycontrolthanSection?.

The particle-in-celltechniqueconsistsof the following stages.
First, a valid particle con guration is initialized: One particleis
chosenper cell, with randomizedractionalcoordinates.The cell
contentsis identi ed with the particle property Initial properties
aremodeledaswhite noise. Second particlesaretransportedac-
cordingto forwardLagrangiarintegration. Third, are-initialization
is performedafter eachintegrationstepto re-establiska valid con-
guration. This meansthat maximally one particle is storedper
cell. If several particlesaretransportedo the samecell, only one
of themis kept,which canberealizedby overwriting existing parti-
clesby new ones.A valid con guration alsomeanghatminimally
oneparticlehasto belocatedin eachcell. Sinceforwardtransport

may leave destinatiorcellsuntouchedall cells have to be checled
if they areempty andemptycellshave to be lled with anew par
ticle. The propertyof a new particleis setto arandomvalue.

Figure?2 illustratesparticle-in-celladwectionbasedon a circular
vector eld. Figure 2a (left part) shavs a snapshobf the parti-
cle distribution from an animation. This imagedemonstratethat
a randomand uniform collection of particlesis maintained. The
right partof Figure2ausesyellow colorto visualizetheemptycells
thatoccurafteroneparticleintegrationstep. This pictureindicates
that a signi cant portion of the cells may receve new particles,
which reducegemporalcoherence.Figure 2b shavs a LEA-type
visualization—witha continuousalpha blending betweensubse-
quentparticledistributions—leadingo streaklets Here,LIC post-

Itering [5] with a short Iter kernelis additionallyappliedto in-
creasethe visualizationquality. In general particle-in-celladvec-
tion provides a ratherlow temporaland spatialcoherencedue to
a high rate of particle creationanddeletion. Therefore the prob-
abilistic approachfrom Section7 is more appropriatewhen high
quality is required.

Particle-in-celladwectionis relatedto the original implementa-
tion of LagrangiarEulerianAdvection(LEA) [5]. LEA alsomain-
tainsa single particle per cell, it usesLagrangianintegration,and
are-initializationstep. However, therearesomedifferencesFirst,
LEA appliesbackward integrationandbackward texture mapping.
Second LEA suffers from “noise duplication”[5], which reduces
thespatialfrequeng of thenoise.Therefore L EA needsacontinu-
ousad-hocinjectionof noise,whichis notrequiredfor particle-in-
cell adwection.

(@ (b)
Figure 2: Particle-in-cell advection for a circular ow. Image (a)
shows a snapshot of the particle distribution (left part), indicating
empty cells by yellow color (right part). Image (b) displays the result
of temporal blending in combination with LIC post- Itering.



9 IMPLEMENTATION

We have implementedthe framavork from Section6, including
probabilisticandparticle-in-celldensitycontrolfor time-dependent
2D vector elds. The implementationis basedon C++ and Di-
rectX 9.0. GPU states,vertex programs,and fragmentprograms
are con gured within effect les, using HLSL (high-level shad-
ing language)for the shaderprograms. The implementationre-
quiresShadeModel 3 functionalityandwasdevelopedonNVIDIA
GePorce 6 GPUs. The implementationwith probabilisticdensity
control canbe separatedh four major parts: (1) Lagrangianparti-
clerepresentatioandintegration,(2) probabilisticdensitycontrol,
(3) constructionof spacetimeproperty elds, and(4) convolution.
Particle-in-celladwectionadoptsthis pipelineandmodi es it by an
alternatve controlof particledensity

The rst part of the probability-basedipelineis implemented
similarly to previousGPUparticlesystemg7, 8, 9]. We useastate-
preservingarticlesystenthatholdsthecurrentposition(its x andy
componentslage andactivity statefor eachparticle. Particlestates
arestoredin 32-bit oating-point 2D textures,labeledby particle
IDs. Particle positionsfor a subsequentime stepare determined
by explicit Euler integration of the particle tracing Equation(1),
basedon avector eld storedin a 16-bit oating-point 2D texture.
Theintegrationstepis implementedy updatingthe statetexturein
a texel-by-texel fashionwithin a fragmentprogram.Here,render
to-texturefunctionalityis employedin combinationwith ping-pong
renderingj.e., two versionsof atexture areheld on the GPU,one
servingas rendertarget, the other one servingas lookup texture.
Both texturesare exchangedafter eachrenderingpass. The inte-
grationstepalsoupdateghe particle’s ageandcheckswhetherthe
particle hasleft the computationadomain. In the latter case,the
particleis deactvated.

The secondpart implementsparticle removal and injection in
orderto control density Randomnumbersare pre-computedyy
the CPU andtransferredo a texture on the GPU. Particleremoval
needgust a singleuniformly distributedrandomnumberper parti-
cle. Russiarrouletteis implementedoy comparingthe entry from
therandomnumbertexture with a probability valueaccessedtom
a separateD texture thatholdsthe divergenceof the vector eld,
pre-computean the CPU. Particleinjectionis realizedby another
randomnumbertexture, constructedrom an injection probability
densityby rejectionsamplingon the CPU. This texture yields the
random2D positionof anew particle.Particleinjectioncanbeper
formedfor previously inactive state-teture elements.Particle re-
moval andinjectionis implementedvithin afragmentprogramthat
processeall particlesin atexel-by-texel fashionvia ping-pongren-
dering. Both randomtexturescanbe reusedfor severaltime steps
by applyingarandomizedverall rotationof texture coordinates.

In thethird part, a spacetimeproperty eld is constructedrom
particle trajectoriesaccordingto Eq. (3). RBFsare evaluatedby
rasterizingpoint spritesde ned by a centerpoint (i.e., the parti-
cle position)anda 2D texture (i.e., a 2D discretizedversionof the
RBF). A phase-inand phase-oubf particlesis emplo/edto avoid

ick ering; the particle's ageis usedto modulatethe brightnessof
thesprite. With ShadeModel 3 compliantGPUs avertex program
canaccesdgexture dataand, therefore the geometrypipeline can
readtheparticle-stateéextureto positionthecenterof apointsprite.
Thevertex texture is addressetby texture coordinatesorrespond-
ing to theparticlelD. Thesummatiorof severalRBFsaccordingo
Eq. (3) is implementedy anadditive blendingof the point sprites
correspondindo active particlesinto a commonrendertargettex-
ture. We usea 16-bit oating-point target, which supportsalpha
blendingand leadsto higheraccurag than 8-bit x ed-pointtex-
tures.

Thefourth partimplementshe convolutionaccordingo Eq. (2).
Similarly to our previous implementation[27], Lagrangianpar

@) (b)
Figure 3: Framework-based LEA-type visualization of a vortical o w.
Image (a) shows spatial structures from alpha blending, image (b)
adds post- Itering to improve the visualization quality.

ticle integration is appliedto perform line integral convolution.

The main differenceis that the integral (2) is evaluatedin a sin-

gle renderingpassthrougha GPU fragmentprogramthatexecutes
a loop over all samplingpositionsin the Riemannsum. Shader
Model 3 facilitatesloopsandlong fragmentprograms(in contrast
to Pixel Shader?) and,thereforemultiple renderingpassesanbe
avoided. An alternatve cornvolution modelis usedfor framework-

based_EA: Successie alphablendingis appliedbetweertheprop-
erty eld for thecurrenttime stepandthe previously Itered prop-
erty eld, realizingadiscretizedsersionof anexponential lter ker

nel[3].

Particle-in-celladwectionusesaslightly modi ed pipelinetoim-
plementanexplicit controlof particledensity A valid particlecon-
guration is constructedby theCPU,andparticletransporis identi-
calto thatof theoriginal pipeline. During re-initialization,a vertex
programaccessethe particle-stateextureto Il a singletexel at
the new particleposition. If severalparticlesaretransportedo the
sametexel, they areautomaticallyoverwrittenby the latestdravn
particle leadingto arandomselectiorof surviving particles.A sep-
araterenderingpassvisits all texels of the particle-stateextureand
lls emptytexelsby arandompropertyvalueandrandoniractional
coordinatesFinally, subsequerttme stepsof theproperty eld are
combinedby successie alphablending.

Several postprocessingtageshave beenimplementedto im-
prove visualization quality.  First, histogramequalization[16]
reestablishegood contrast. Second LIC post- Itering [5] canbe
appliedtoimprove ltering quality. Theimplementatiorof thecon-
volutionstagds reusechere justwith averyshort Iter kernel(typ-
ically some veintegrationsteps).Figure3 illustratespost- Itering
with a Gaussianlter kernel,appliedto a framevork-based_EA-
typevisualizationof avortical o w. Third, colormappings usedto
visualizeadditionalattributesor to enhanceo w featuresby mask-
ing, e.g.,by velocity masking[5].

10 RESULTS

Figure 4 shavs snapshotgaken from animatedvisualizationsof
threedifferentunsteadyvector elds. In Figure4a, a LEA-style
framework-basediisualizatiorwith velocity maskings usedo dis-
play time-dependenivater o w in the Gulf of Mexico. The com-
plete datasetcontains183 time stepswith a spatialresolutionof
352 320. Figure4bis generatedby framewvork-basedJFAC and
shaws the velocity eld producedby the interactionof a planar
shockwith alongitudinalvortex (200 time stepswith a resolution
of 256 151). In regionsof large unsteadinessuchasthe shock
regions at centerand bottom of the image, the correlationlength
alongstreamliness reducedoy UFAC. In addition,velocity mask-
ing is appliedto emphasizéighvelocity magnitudeIn Figure4c,a
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Figure 4: Examplesfor unsteady o w visualization: (a) LEA-style framework-based visualization of water o w in the Gulf of Mexico. (b) UFAC
visualization of the interaction of a planar shock with a longitudinal vortex. (¢) LEA-style visualization of a hurricane Dennis prediction.

LEA-style framavork-based/isualizationwith velocity maskingis
appliedto representhewind velocity in ahurricaneDennispredic-
tion for a96-hourforecas{17time stepswith aspatialresolutionof
151 181). Corresponding@nimationsandadditionalimagescan
befoundon our projectweb page[26].

Othertypesof resultsconcerrtheperformancef ourimplemen-
tation. All measurementaere conductedon a PC with NVIDIA
GeForce6800Ultra GPU(256MB) andintel PentiumlV (3.2GHz)
CPU,runningunderWindows XP andDirectX 9.0. Viewportsizeis
640 480unlessotherwisenoted.Performance@umbersarealways
givenin framesper second(fps). Table1 shaows the performance
of the particle system,including point spriterenderingand blend-
ing, for avaryingnumberof particles differentsizesof pointsprites
(sizesontheimageplane),andasteadyo w. Thecolumn“w/o VP”
shaws performancenumberdor particletracingonly, i.e., no point
spritesaredravn andthereis notextureaccessrom thevertex pro-
gramto the particlestatetexture. Whenpoint spritesarerendered,
the overall performancealropssigni cantly with increasingsize of
point sprites,which shavs that an overdrav from rasterizationis
the bottleneckof the typical particle system,not particle integra-
tion. The columnwith point sprite size“02” documentshe cost
for atexture lookup in the vertex programwithout ary rasteriza-
tion of pointsprites.For comparisonthe gatheringimplementation
for particletransport27] achieves 11.4fps for a maximumparti-
cle lifetime of 200 on the sameGPU, i.e., our new discretization
achieresa speedupby a factorof 40 for a reasonablycomparable
visualization(128 particles,10? point spritesize).In generalfor-
ward particle-basedhtegrationis extremelyadwantageou$or long
particle lifetimes, while it losessomeof its efciency for a very
densesetof particleswith signi cant overdraw.

A time-dependentisualizationneedsan additionaltransferof
o w datafrom main memoryto the GPU for eachtime step. The
performanceoverheadonly dependson datasize. For example,
for 128 particleswith 10 point sprite size, 16-bit oating-point

Table 1: Performance of the particle system for integration, ren-
dering, and blending (in fps).

Table 2: Performance for a point
sprite size of 102 pixels (in fps).

Table 4: Performance for convolution (in fps).

Filter Length
20 40 80

640 480 611 332 17.2
1600 1200 108 57 238

Viewport

ow datasets,anda x edviewportsizeof 640 480, the overall

performancedecreasefrom 444.1fps for steady o w to 44.5fps
or 161.4fps for unsteadyo w with a o w resolutionof 640 480
or320 240,respectiely.

Table2 documentsheperformancéor varyingsizeof thesprite
texture, whenthe size of the point spriteis x edin imagespace.
The numbersindicatethat texturesof size322 or less t into tex-
turecachebecaus@o performancéncreases achiezedby reducing
the texture sizebelav 322. Thereforewe usepoint spritetextures
of size322 for all applicationsasan optimal compromisebetween
textureresolutionandspeed.

Table3 shawvs performanceneasurementsr particle-in-cellad-
vection. The sizeof the propertytextureis identicalto the number
of particles. The numbersdemonstratéhat the computationtime
is approximatehjinearwith the numberof particlesandthatalpha
blendingbetweensuccessie time stepshasa small effect whena
reasonablyarge numberof particlesis employed.

Table4 documentghe performancef the convolution stageof
theframework. Different lter lengthsandviewport sizesarecom-
pared shaving anapproximatelyinearbehaior with respecto the
numberof texelsandthe numberof integrationsteps.For example,
this corvolution hasto be explicitly performedfor the DLIC and
UFAC realizationswithin the frameavork. Here,the overall com-
putationtime is determinecdby addingthe computationatostsfor
convolution andparticleadvection(seeTablel).

Table 3: Performance for particle-in-
cell advection (in fps).

. PointSpriteSize . # Particles . AlphaBlending

# Particles  w/o VP TextureSize —————  #Particles —
0? 52 107 207 642  25¢ Disabled Enabled
642 1968.3 1380.4 1285.9 1012.8 565.1 82 1015.1 137.9 642 10959  796.6
128 1450.3 831.0 7129 4441 186.1 162 1014.2 137.9 128 753.2 600.0
256 681.4 3230 253.1 1379 51.2 32 1012.8 137.9 256 323.0 291.5
512 191.1 84.7 68.0 355 12.8 642 663.6 66.0 512 90.6 87.6
1024 47.3 22.3 16.7 8.9 3.2 128 424.4 345 1024 22.9 22.7




11 CoONCLUSION AND FUTURE WORK

We have presente@new hybrid particleandtexturebasedapproach
for the visualizationof time-dependentector elds. A particle-
basedrepresentatiomvercomesef ciency and memoryproblems
of our previousimplementatiorof a spacetimdramework for time-
dependentrector eld visualizationbecausdrajectoriescan now
be constructedncrementallyand a simultaneousaccesg¢o mary
differenttime stepsis avoided. We have describeda probabilistic
particleinjectionandremoval mechanisnto maintaina given par
ticle density As analternatve, particle-in-celladwectionprovidesa
deterministiadensitycontrol,with exactly oneparticlepercell. We
have presentedan ef cient GPU implementatiorof our approach
thatfacilitatesthe interactie visualizationof unsteady2D ow on
ShadeModel 3 compliantgraphicshardware. Anotheradwantage
of the hybrid particle/texture framework is high visualizationqual-
ity, achieved by accuratd_agrangiarintegration.

Our framework achieves spacetime-coheremtenserepresenta-
tionsby atwo-stepprocessconstructiorof continuoudrajectories
in spacetimdor temporakcoherenceandcorvolutionalonganother
setof pathsthroughthe above spacetimevolumefor spatiallycor
relatedpatterns We have demonstratethe e xibility of theframe-
work by mimicking LEA, DLIC, andUFAC andwe have explicitly
statedwhat visual structuresare constructedy thesedifferentap-
proachesln this contet, genericstratgiesfor denseunsteadyo w
visualizationhave beenanalyzed.

For future work, an extensionto 3D vector elds will be most
challenging. Particle representationl.agrangianintegration, and
densitycontrolarealreadyformulatedin a dimension-independent
mannerandcouldbe easilyusedfor 3D o w. More dif cult, how-
ever, will be the developmentof methodsfor fast3D convolution
andfor anefcient scancorversionof RBFsona 3D uniformgrid.
In addition, perceptualissues(occlusion, clutter, spatial percep-
tion) have to be addressefbr dense3D representationdNeverthe-
less,we arecorvincedthatour approachs immediatelyinteresting
for 3D o w visualizationon curved surfaces: Recentmethodsfor
curvedmanifolds[11, 24, 28] arebasedn 2D imagespacewhere
our 2D framework implementatiorcouldbe adopted.
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