UsingMotion to lllustrateStatic3D Shape
Kinetic Visualization

EricB. Lum AleksandeiStompel Kwan-LiuMa
University of California, Davis

Abstract—

In this paper we presenta novel visualization technique — kinetic visu-
alization —that usesmotion along a surfaceto aid in the perception of 3D
shapeand structure of static objects. The method usesparticle systems,
with rules suchthat particles o w over the surface of an object to not only
bring out, but alsoattract attention to information on a shapethat might not
bereadily visible with a corventional rendering method which usedlighting
and view changes Replacingstill imageswith animationsin this fashion,we
demonstratewith both surfaceand volumetric modelsin the accompanying
videosthat in many casesthe resulting visualizations effectively enhance
the perception of thr ee-dimensionalshapeand structure. We alsodescribe
how for both typesof data a texture-basedrepresentationof this motion be
rendered using PC graphics hardware for interactive visualization. Finally,
the resultsof a user study that we have conductedis presentedwhich show
evidencethat the supplementalmotion cuescan be helpful.

Keywords— animation, visual perception, particle systems,scienti ¢ vi-
sualization, volume rendering, graphics hardware, texture.

|. INTRODUCTION

Scienti ¢ visualizationis often concernedwith the creation
of 2D visual depictionsof the featuresfound in 3D datasets
with the goal of having these2D imagesprovide scientistswith
insightsinto their data.Unfortunatelythisintermediate2D rep-
resentationcan introduceambiguitiessinceit is merelya 2D
projectionof this 3D data. This is particularlya problemwhen
renderingsemi-transparemhaterialswith directvolumerender
ing. In this case,changesn pixel luminancecanambiguously
bethe resultof a numberof factors.It canbe causedy theil-
luminationof ary oneof the overlappingsurfacelayers,it can
be anindicationof opacity or canbe a resultof the color map
speci ed by the transferfunction. Our work dealswith the use
of motion as a way of providing supplementatuesto aid in
the perceptiorof theseoften ambiguous3D structuredoundin
scienti ¢ visualization.

Time-varyingsequencesf imagesarewidely usedin visual-
izationasameango provide anextra dimensionof information
for perceptionto occur This animationmight be assimpleas
the changingof cameraor objectpositionsor caninclude ani-
mationsresultingfrom time-varying changesn the dataitself.
However, usingmotionthatis independentf changesn view-
ing directionfor cornveying the shapeof staticobjectshasbeena
ratherunexploredarea.n this paperwe present visualization
techniquewhich we call kinetic visualization for creatingani-
mationsthatillustratethe shapeof a staticobjectin anintuitive
mannerusingmotion.

Thiswork is motivatedby the obsenationthatthe o w of fast
moving wateroverarock,adynamic ame fromanopenre, or
evenaschoolof sh exhibit motionthatgivesthe perceptiorof
shape.Our techniquethe basicideaof which is alsodescribed
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Fig. 1. A singleframeof ananimationshaving a PET scanof a mousebrain.
The particleshelp to illustrate one of the function levels while direct volume
renderinggivescontet to theirmotion. Themethoddescribedn this paperuses
the motion of particlesto illustrate shape.As such,a staticimagelike the one
shavn doesnot demonstratéhe technique.The readeris encouragedo watch
theaccompaying videos.

in our previouswork [1], is built ontheinspirationswe received
fromkineticart[2], thestudiesdonein cognitive sciencespecif-
ically on structure-from-motiomerceptior[3] [4], the ideasof
particlesystemg5], andthework of Interrantg6] onusingtex-
tureto corvey the shapeof overlappingtransparensurfaces.It
is uniquebecauseve areableto applymotionasasupplemental
cueto enhanceperceptionof shapeandstructure,andbecause
themoationis createchot only accordingo thecharacteristicsf
the databut alsousinga setof rulesbasedooselyon physics
andbiology. A staticimagefrom ananimationgeneratedising
ourtechniquds shavnin Figurel. Becausef the natureof the
techniquepresentedreadersare advisedto watchthe accom-
parying videosin orderto follow theexposition. Thevideoscan
be downloadedrom:

http://www.cs.ucdavis.edu/"ma/kinvi s/
The techniqueintroducedin this paperis not meantto be a re-
placemenfor traditionalrenderingtechniqueghat uselighting
andviewpoint changedo indicateshaperatherit canaugment
thosemethodsfor moreintuitive and effective visualizationas
illustratedin Figure2.

We expandon our previouswork [1] in this paperdescribing
how a texture basedrepresentatiomf this motion canbe used
for improvedinteractvity with alargernumberof motion prim-
itivesusingcommodityPC graphicshardware. In particularwe
describehow 2D texturescanbe usedto remove the needfor
sendingposition information of eachmotion primitive across
the graphicsbus. For volume datawe describehow by using
dynamic volumetric particle textures with the multi-texturing



Fig. 2. Thekinetic visualizationtechniquewe describeis not meantto be a
replacementor conventionalrenderingmethods For example the maving par
ticles on the left areusedin combinationwith traditionalvolumerenderingto
createthevisualizationontheright. Sinceourtechniquaisesmotiontoillustrate
shapeneitherof thesestill imageis representate of ourtechnique.

capability of commodity PC graphicscardsand the temporal
compressioniechniquedescribedn [7] we achieve interactive
texture-basedsolumetric kinetic visualization. It is important
to point out that our techniqueis basedon motion, ratherthan
texture, to illustrate shape graphicstexture hardwareis merely
usedasa meanf generatinghatmotion.

Il. VISUAL CUES

In recentyearstherehasbeenincreasingamountsof research
in the applicationof non-photorealisticendering(NPR)to sci-
enti ¢ visualizationwith the goal of creatingmoreperceptually
effective visualizationq8] [6] [9]. Thereasorbeingthatartists
for centurieshave dealt with the situation of trying to create
meaningfulrepresentationsf a 3D world using2D media. Al-
thoughNPR techniquesare often bene cial, the modi cations
madeby thesetechniqueso thehueandluminanceof the pixels
in animagecanalsointroducetheir own type of ambiguity As
an example,aerial perspectie [10] might be usedto illustrate
depth,wherefar away objectsarerenderedn coolerblue less
saturatectolors,similar to how anartistmightillustratedistant
mountainsThis canintroduceambiguitywith respecto theuse
of thecolorblue,sinceit canbecomauncleairf anobjectis blue
becaus®f its materialor becaus®f its depth.

To presenimoreshapecuesto the viewer, our techniqueuses
motionasameansof providing supplementahformationto the
user This does,however, alsointroduceits own type of ambi-
guity. Namely sinceour methodusesmotionto illustrateshape,
it canalsogive theimpressiorof motionor directionthatis not
physically present. Therefore the techniqueis not appropriate
for the visualizationof time-varying phenomenaincethe mo-
tion usedcouldgivetheimpressiorof changesiot presentn re-
ality. Ourtechniquds alsonot appropriatdor vector eld data
setssincethe particlemovementcancorvey directioncontrary
to thatfoundin thedata.Neverthelessve believethereis alarge
classof staticscalardatasetsto which themethodis applicable.

We have appliedkinetic visualizationto two differenttypesof
staticdata.Oneincludessurfacemodelsrepresentedspolygo-

nal meshesin which caseparticlemotionis in uenced by sur

facenormal, principal curvaturedirection, and curvaturemag-
nitude. The othertype of staticdatais regularly sampledscalar
volumetricdata,wherescalarvalue,gradientmagnitudegradi-
entdirection,principalcurvaturedirection,andtransferfunction
areusedin the calculationof particlesmotion.

1. RELATED WORK

The perceptionof shapethroughmotion, called "structure-
from-motion", haslong beenstudiedin psychology{11]. Treue
etal. [4] demonstratéhatthe movementof pointson anobject
cangive the perceptionof shape,usingas stimulusa rotating
cylinder with a randomdot patternon the surface. Their work
shavs a "building up" time is requiredfor mentalgeneratiorof
asurfacerepresentatiofrom theintegrationof pointvelocities.
They also nd thatsubjectswereableto performvarioustasks
with peakperformancavhenpointshadlifetimesof atleast125
milliseconds(ms), and that with lifetimes of lessthan 60 ms
shapeperceptiorfrom motiondid notoccur It shouldbe noted,
however, thatthe dot patternsn their researchwereattachedo
arigid structureratherthanmoving overthestructurdtself asis
the casewith our work.

Furtherwork by AnderserandBradley [3] demonstratethat
structure-from-motiomperceptiorrequireseitheralargenumber
of dots,or fewer dotsthatappeain varyingpositionsovertime.
Theirwork alsosuggestshatthemiddletemporalarea(MT) of
thebrainis essentiafor the structure-from-motiomerception.

Wanger Ferwerda,and Greenbeg [12] explore visual cues
by conductingthree psychophysicaéxperimentsin which the
accurag of interactive spatialmanipulationperformedby sub-
jectswasmeasuredTheir studyshavs thatdifferentvisualcues
facilitate different tasks. Motion is found to have a substan-
tial positive effecton performanceccurag of orientingtasksin
whichspatiallocationis lessimportantbut relative alignmentin-
formationis neededLimogesetal. [13] studytheuseof motion
to give the perceptionof correlationsbetweervariables. Their
work focuseonthedisplayof statisticaldata,notthegeometric
datathatwe dealwith in ourwork.

Kinetic artincorporatesealor apparentmovementn apaint-
ing or sculpture.Kinetic artistsoften usevariousmeango de-
emphasizdorm andcolorin favor of movement.Fromstudies
in neurology it is evidentthatan entireareaof the brainis de-
votedto processingnotioninformation. Zeki [2] proposeghat
thesameareais essentiafor appreciatinginetic art.

Motion blur[14],[15] capturegheeffect of motionin still im-
agesandis widely usedin producingrealisticanimations.The
work presentedn this paperdealswith the inverseproblem,
whereinsteadof using a staticimageto represent dynamic
phenomenongynamicanimationsaregeneratedor the visual-
izationof staticdata.

Motion without movement{16] assigngerceptuamotionto
objectsthat remainin x ed positionsby using oriented Iter -
ing. Thistechniquecangeneratea continuoudisplayof instan-
taneousmotion. Line integral corvolution [17], basedon the
sameprinciple, low-pass Iters a noisefunctionalonga vector

eld directionto createvisualizationof directioninformation.

Our work appliesparticle systemswhich have beenusedto
modela setof objectsover time usinga setof rules[5]. They
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Fig. 3. Theyellow arrawnsillustratethedirectionof the particlesandarenot partof our kinetic visualizationtechnique (a) Particlesareconstrainedo lie alongan
objects surface. Without the additionof otherrules,particlessimply move with randomtrajectoriesalongthe surface. (b) Particles ow over an objectfollowing
the ®rst principal cunaturedirections(PCD)Following the ®rst PCDsdoesnot guaranteehat particlesfollow an objects maximumcunaturewith consistent
directions.(c) The useof “ockingaddslocal consisteng to the particledirections.By limiting the degree ockingis applied,particlesarestill in"uencedby the
®rst principal curvaturedirections. (d) Particle directionscanalsobe mademore consistenby makingthe particleshave atendeng to move in a userspeci®ed
"preferred"directionresultingin anappearancthatin somewaysresembleshe “ow of waterover anobject.

have beenappliedto themodelingof awide varietyof phenom-
ena,includingsmole, re, andtrees,usinga setof eitherdeter

ministic or stochastiqulesof motion[10]. Theserulescanbe
basedon physics for examplegravity, or evenbiology, asis the
casewith ocking behaiors.

The shape,density transpareng and size of particlescan
have animpacton the visual appearancandresultingpercep-
tion cues. Interrante[18] hasdonea comprehensie study on
usingopaquestroke texture to improve the perceptiorof shape
anddepthinformationof overlappingtransparensurfaces.Our
work considergarticle shapeto someextent, but the focus of
ourwork is particlemotion,ratherthanshape.

Using particlesasa representationf shapes alsorelatedto
point-basedendering. Point-basedenderingalgorithmstypi-
cally usereconstructionlters that disguisethe appearancef
the point representatioffil9]. In someways our work canbe
thought of as a variation of point-basedrenderingwhere the
pointsmove overtime andareintentionallymadevisible.

In thevolumetriccasepurwork is analogouso splatting[20]
with a limited budgetof splats. The locationandsize of each
particle are not speci ed to representhe entire volume, but
ratherarepositionedsuchthattheirlocationandmovementcre-
atea dynamicrepresentationf the staticvolume. In this way,
our techniqueallows for the volumevisualizationof extremely
largevolumetricdatasetswith alimited renderingoudget.

IV. MOTION STRATEGIES

In this sectionwe discusshe setof ruleswe applyto gener
ategeometricallyneaningfulmotion. Theoverallgoalis to cre-
aterulesresultingin particlesthat indicateshapeby smoothly

0 wing over anobject,with locally consistentlirections,anda
densitydistribution that doesnot let particles"clump” together
in regionsof little interest. Many of the rulesimposedon the
particlesarelooselybasedn biology or physics.It is our belief
thatthesetypesof rulesare desirablesincethey aresimilar to
thetypesof stimulusthe humanvisual systemhasbeenadapted
to process.

A. Motion Alongthe Surfaces

Sincewewouldliketo betterillustrateanobjectsshaperules
areimposedo constrairthemotionof particlesto asurface.The
motion of particlesalongan object's surfaceover time presents
theviewerwith asetof vectorg(trajectorieshatrunparallelto a
surface.In thecaseof viewing amesh thisruleis accomplished
by simply constraininghe particlesto lie onthemeshasshown
in Figure3(a).

In the caseof volumetricdata,therulesareappliedto restrict
motion alongthe local gradient. Particle movementis reduced
alongthegradientdirectionasillustratedin Figure4 andcanbe
describedn thefollowing equation:

Dh1 Dn GDnG

whereD,, 1 is the new particledirection, D, is the particledi-

rectionin the previousiteration,andG is thegradientdirection.
This resultsin particlesthat move along and do not leave the
surfaceof interest. After every iteration,velocitiesarenormal-
izedto have constanmagnitudeor speedn 3D world space A

particlewith reducedspeedn projectedscreerspacethuspro-
videscuesthatit is eithermoving in a directionnearparallelto

theview directionor is farfrom theviewerandthushasreduced
speedon the screerasa resultof perspectie. If particlespeed
wasallowedto vary, suchdepthandorientationcueswould be
lost.

S Gradient

Fig. 4. Particlesareconstrainedo have a directionperpendiculato the gradi-
ent. The particleis shavn in red, Dy, ; is the new particledirection,andDj, is
the particledirectionin the previousiteration.



B. Principal Curvatuie Direction

The principal curvaturedirections(PCDs)indicatethe direc-
tions of minimum and maximum cunvatureon a surface. In-
terrante[6] describeshow line integral convolution along the
principal curvaturedirectionscan generatebrush-like textures
that createperceptuallyintuitive visualizationssincethe result-

ing textures"follow the shape"of the object being rendered.

Similarly we useprincipal curvaturedirectionsto createparti-
clesthat"follow the shape"of a surface. Particle directionsare
adjustedso the particles o w in a mannerthat favors the rst
principal cunvaturedirection. Thisis shavn in Figure5 andcan
beexpresseds:

Dn 1 1 KemDn kemC
wherek is a scalefactorusedto specify the degreethe prin-
cipal curvaturedirectionin uences particle direction, C is the
principal curvaturedirectionvector, andcy, is the magnitudeof
the principal curvaturedirectionvector Note that a curvature
directionat arny pointis the sameforward asbackward. When
PCDis incorporatedvith particledirection,its orientationis ad-
justedsothatit is mostconsistenwith the currentdirectionof
theparticle. ThePCDruleresultsin particleshatsmoothly o w
overanobject,althoughthe particlesarenotguaranteetb move
in the samedirectionasshowvn in Figure3(b).
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Fig.5. Particledirectionis adjustedo bemorecloselyalignedwith theprincipal
cunaturedirection
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C. ConsistenDirections

The motion of dotsin oppositedirectionscan suppresge-
sponseo the middle temporal(MT) areaof the brainandcan
give perceptuakuesof differencedn depth[3]. We therefore
useasetof rulesthatmove particlesin directionsconsistentith
their neighbors. This is particularlyimportantsincethe PCD-
basedulein the previoussectioncancauseparticlesto follow a
PCDsin oppositedirections.We usetwo differenttypesof rules
to enforceconsisteny.

The rst methodwe useto give the particlesmoreconsistent
directionsis to assigrthe particles ock-lik e behavior. A ocks
exhibits motionthatis uid, with eachmemberstill exhibiting
individual behaior. Thus ocking canbeusedto addlocal uni-
formity to particlemotionwhile still allowing particlesto have
motion shapeddy outsideforceslik e principal curvaturedirec-
tion. Reynolds[21] presentsa methodfor creating ock-lik e
particlesystemausingbehaiorsthatincludevelocity matching,

collision avoidance,and ock centering. We have found that

adjustingparticledirectiontowardsthatof the ock to beanef-

fective methodin yielding more consistentparticle directions.
This rule makeseachparticleattemptto matchthe directionof

its neighbors.Flock directionfor eachparticleis calculatedas

the averageof the neighboringparticle directionsweightedby

distance.The mannerin which particledirectionsare adjusted
basedon ocking isillustratedin Figure6 andcanbeexpressed
by thefollowing equation:

Dh1 1 KkiDn kiF

whereks is a constantinteractively speci ed by the userthat
controlsthe extentthe ock vectoraffectsthe particledirection,
andF is the ock vectorfor this givenparticle. At times ock-

ing canresultin motionthatcontradictsotherrulesthatareim-
posed By varyingtheconstank; andnotenforcingstrictdirec-
tion matching,particlescan still exhibit motion in uenced by
otherrules, like thoseinvolving principal curvaturedirections
while still addingconsisteng with respecto their neighborsas
shawvn in Figure3(c). Collision avoidanceis usedto give par
ticles a more uniform distribution andwill be discussedn the
next section. Flock centeringis not usedsinceit is not our in-
tentionto have the particlesstaytogetherasa coherenunit but
ratherto createparticlesexhibiting locally ock-lik e behaior.

Fig. 6. Using ocking, eachparticlehasits directionadjustedo be similar to
its neighbors'directions.

A simplermethodfor giving particlesa consistentirections
is to simply de ne a“preferred”directionthe particlesmove, as
shawvn in Figure 3(d). This canbe expressedy the following
equation:

Dh1 1 kpDn kpP

andis illustratedin Figure7 wherek, is apercentagef thecon-
tribution by preferreddirectionandP is the preferreddirection.
Theresultisa o w of particlesthatmove overa surfacewith an
appearancsimilar to water o wing over an object. Onedraw-
backof this approachis that at the extremeendsof an object,
wherethe particles o w from and o w into, thedirectionsof the
particlesarenot consistentthatis, the particleswould move in
oppositedirectionseitherto or from a pointonthe surface.
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Fig. 7. A particledirectionbecomes weightedsumof the previous direction
andauserspeci®ed'preferred"direction.

D. Particle Density

Treueet al. [4] demonstratehat if moving stimuli become
too sparseshapeperceptionis diminished.Consideratiormust
thereforebetakenwith regardto particledensity Sincethenum-
berof particleshasadirectin uence onrenderingime, it is de-
sirableto have asetof rulesthatef ciently usesalimited budget
of particles.Iln addition,rulesregardingparticledensityarenec-
essarysincefollowing principle curvaturedirectionscanresult
in particlesaccumulatingn local minima.

F,

Fig. 8. Particle densityis controlledby usingmagneticepulsion.All particles
have the samechage and arerepelledby other particleswith forcesinversely
proportionalto the squareof their distances!n this caseparticleone(in green)
exertsforce F; andparticletwo (in black) exertsforce F, on theredparticlein
themiddle.

By usingasetof rulesbasedbnmagnetiaepulsionmoreuni-
form particledensitiecanbeachiesed. Particlesaremodeledas
having magneticchagesof thesamesign,andarerepelledirom
their neighborswith forcesinverselyproportionalto the square
of their distancesasshawvn in Figure 8. This is similar to the
rule Reynoldsusesfor ock collision avoidance[21]. In order
to avoid numericinstability from particlesthataretoo close the
total force is clamped. Using this techniqueyields more uni-
form particledensities.Useof this rule, however, mustbe lim-
ited, sinceit canmalke particlesmove with directionscontrary
to otherrules.

Anothermethodfor controlling particledensityis to usepar
ticle lifetimes designedo pruneparticlesfrom high densityre-
gions,to berespavnedin regionsof lower density During each
updateiteration, the densityaroundeachparticleis calculated
andthe particleis removedwith aprobabilityproportionalo its

density The calculateddensitycanbe arti cially manipulated
basednotherfactorssuchasvisibility andcurvaturemagnitude
to furtherpruneparticlesfor evenmoreeffective use.Remaoved
particlesareaddedto regionsthathadthe lowestdensitiedur-
ing the previousiteration. Finally, for volumetricdatasets,in
orderto permittheuserto applythe particlesto particularstruc-
turesof interestaseparatgarticletransferfunctioncanbeused
to limit the particleto speci ¢ rangesof scalarvalues.Figure9
shaws the result of settingtransferfunctionsto illustrate two
differentisovaluesin avolumetricdataset.

E. Particle Color

Thecolor of eachparticlecanbevariedto provide additional
information.Goochetal. [8] describehow variationin huefrom
warmto cool canbe usedto indicateshading reservingvaria-
tion in color intensity for outlinesand highlights. Schussman
et al. [22] usehueto indicateline direction when visualizing
magnetic eld lines. Either of theseideascanbe incorporated
asa particlesystenrule. The hueof eachparticlecanbevaried
from cool to warm basedon lighting. Particlescanalsohave
their colortemperaturearieddependingn direction,with par
ticles moving in a directiontoward the viewer being rendered
in warmercolorsthanrecedingparticles. Particle color canbe
usedto indicateotherscalavalues suchascurvaturemagnitude
or gradientmagnitudeor volumetricdatasets.

Specialconsiderationwith regardto particle color mustbe
takeninto accountwhenthe particlesare combinedwith tradi-
tional renderingtechniques For example,if particlesareto be
drawn ontop of a surface,the particlesshouldnot have a color
too similarto the surfaceor they will notbevisible. In addition
it is oftendesirabldo have particlecolorintensityvary basedn
shadingparametersThis is particularlyhelpful whenthe parti-
clesaredensesincethey canobscurehelighting cuesprovided
by the underlingsurface. If particlesarelit, a differentsetof
lighting parametershouldbe usedfor the particlesin orderto
avoid theirblendingin with thesurfaceandbecomingdif cult to
see,especiallywhena particleis in adarker region. For exam-
ple, if the particlesand surfaceare both renderedn extremely
dark colors,it canbe dif cult to seethe particles,evenif they
differ in huefrom the surface. In ourimplementatiorwe allow
the userto vary the particlecolor basedon gradientmagnitude,
view vector, anddirectionvector Eachof theseadjustmentsn
color canbe usedaloneor combinedtogether

To avoid rapid changesin patrticle color and facilitate the
tracking of particlesby the user new particle colors are aver-
agedwith their colorsfrom the previousiteration.

F. Particle Sizeand Shape

The size and shapeof eachparticle canalsoin uence how
it is perceved. For example,if particlesizeis variedbasedon
densitysuchthatthe gapsbetweerparticlesare lled, moretra-
ditional point basedrenderingoccurs. Sincefor our work indi-
vidual particlesmustbevisible for their motionto beperceved,
particlesarerenderedsmall enoughthat the amountof overlap
with neighboringparticlesis minimal. Figure10 shovs four ex-
amplesof particlesrenderedn differing sizes.

Therearea numberof waysthat particle size canbe varied.
Particlescanbe renderedn perspectre suchthat closerparti-



Fig. 9. By usinga separatgarticleopacitymapwhich limits paticlesto certainrangesof scalarvaluesin a volume,differentfunctionlevels canbe emphasized

andclari®edasshawvn in this two-bodyelectronprobability dataset.

clesappeaidargerthanfurther particles,providing a visual cue
of particlepositionasshavn in Figure11. Particle sizecanbe
varied basedon local density suchthat the gapsbetweenpar
ticlesis uniform, similar to splatting. Finally, particlesizecan
simply bekeptconstant.

Interrante[18] found stroke lengthto be critically important
in herwork usingstrokesorientedalongprinciple curvaturedi-
rections. Sincethe emphasiof our work is motion and indi-
cating directionusing temporalmeans,we did not thoroughly
investigatehow particle shapecanbe variedto betterillustrate
shapavhencombinedwith motion. As anoption,however, par
ticles canbe drawvn asdiscthatare slantedto be perpendicular
to the surfacedirectionto provide a cuewith respecto surface
orientationasshavn in Figurel1l. Particlescanalsoberendered
with amotionblurredstroke-like appearancasatemporalanti-
aliasingmechanism.

G. Particle RenderingPerformance

We experimentallystudiedkinetic visualizationon a PCwith
anAMD Athlon 1.4GHzprocessoandNvidia Geforce3 graph-
ics card. Several of the rulesuseoperationghatrequireaccess
to neighboringparticles. For polygonsurfacerendering parti-
clesare storedin bins on a per polygon basiswith the closest
particlesfound by iteratively traversingadjacentpolygons. In
this mannerwe are ableto renderapproximatelyl1,000parti-
clesat 20 frames-petsecondusingall therulesdescribedn the
previous section. For volumetric data, particlesare storedin
bins determinedby hashinga particlesspatiallocation. This is
lessef cient thanbinningbasedon polygons,sowe canrender
1,500particlesat 20 framesper second. If more particlesare
usedthancanbecalculatecandrenderedatinteractve rates an-
imationcanbe generatedn anof ine batchmode.Alternately
particlepositionsover time canalsobe precomputedn a batch
modeprocesdor higher performanceendering althoughren-

deringtime still remainsproportionalto the numberof particles
sinceeachparticle muststill be transferedo andrenderedby
thegraphicscard.

In ourimplementatiorthe usercanturn off andonthevarious
rulesandtunemotion parametersintil the desiredvisualization
is achieved. The interactvity of this processallows the quick
selectionof parameterthatareappropriatdor emphasizinghe
speci c regionsof interestto theuser

V. TEXTURE-BASED RENDERING

As analternatve to the point-basedenderingof particlemo-
tion, we have alsoinvestigatedhe useof dynamictexturesfor
realizingkinetic visualizations.This givesthe bene tstypically
associatedvith the useof textures,namelythe replacemenof
complex geometnjinformation(perparticlepositions)with reg-
ularly sampledarraysof texels. For polygonmeshe£D textures
thatvaryovertimeareappliedto asurface while in thevolumet-
ric casekineticvisualizationtexturesareusedwhichareblended
with directvolumerenderingusinghardwareacceleratednulti-
passmulti-texturerenderingechniques.

A. PolygonSurfaceTextures

Typically the renderingof particlesrequiresthe transferof
their positionsfrom main memoryto the graphicscard across
the relatively slov AGP graphicsbus for every frame. The
amountof datathat needsto be transferreds proportionalto
thenumberof particlesandthuscanbecomea bottleneckin the
renderingprocesswhen a large numberof particlesare used.
However, by creatingtime varying2D texturesto whichthe par
ticles have beenappliedit becomesiecessaryo only sendthis
new texture acrosghe graphicsbusratherthangeometry Thus
by usingtexturesthereis a x ed amountof datathat needsto
transferredfor every frame regardlessof the numberof parti-
cles, which for a sufciently large numberof particlesyields



(@) (b)

(© (d)

Fig. 10. Particlesareshavn renderedn differentsizes.Notice thatwhenthe particlesarerenderedoo smallasshavn in (a) they becomedif®cult to see.When
theparticlesarerenderedoo large asshavn in (d) it is alsodif®cult to resole theindividual particles.

Fig. 11. Particlescanbe renderedas at discsthatlie perpendicularlyto the
gradientdirectionto further indicatesurface orientation. The particlesshavn
are also dravn in perspectie where farther particlesare smallerthan nearer
particlesin this electrondistribution simulationvolumefor a proteinmolecule.

higherframerates.

We thereforeallow the userto generate setof videotextures
thatareprecalculatedn a batchmodeprocessandplayedback
duringrendering.Unlike whenanormal2D video,duringplay-
backthe video texturespermitthe userto interactively rotatea
surfacewhile it is renderedn realtime. The mainadwantageof
thistechniques thatit eliminategheneedfor ahighspeedCPU
for computingparticletrajectoriesandonly requiresa PC with
2D texture hardwareto work. Sincethe kinetic visualization
texturesareprecomputedn abatchprocessa largernumberof
particlescanbe usedandmorecomputationallyexpensve rules
for controlling particle direction can be applied. For example
whencomputing ocking behaior or magnetiaepulsionbased
densitycontrol, a larger neighborhoodf particlescanbe used
for makingthesecalculations.

It is desirableto useshorteranimationsequencesothe tex-
ture data ts entirely in video memory or at leastentirely in
main memory For example,renderingthe venusmodel with
a shortsequenceof time varying 2048 2048 texturesthat t
entirely in video memory can be renderedat 300 framesper
secondwith a Geforce3 sinceno dataneedsto be transfered
acrosghe AGP bus. On the otherhand,renderingoccursat 17
framespersecondf thetexturesmustbe transferedacrossthe
AGPbusfrom mainmemory However, if theanimatedextures
areplayedin aloop, discontinuitiesappeabetweerthe rst and
lasttime stepwhich canbe particularlydistractingwhenfewer
time stepsareused.To avoid this discontinuityparticlesshould
thereforehave temporaloverlapbetweenoopedsequencesTo
createaloopedvideosequencef lengthT, particlesarelimited
to having a life-time lessthanT andareinitialized with a ran-
domizedstartingtimes. The loopedparticlessequencés taken
from somesimulatedwindowed sequencef lengthT, with all
particlesinitialized prior to the start of that window removed,
andreplacedvith particlesattheendof thewindowedsequence
asshawn in Figure12. Althoughthis doesnot strictly enforce
densityand ocking behaior, in practice,we have found this
to severelyreducediscontinuitieghat exist betweenwindowed
animationsequences.

It is desirableto allow the userto dynamicallyvary the par
ticle densityduring playback. This canbe accomplishedising
a variation of the tonal art mapstexturing techniquedescribed
by Praunet al. [23]. Multiple setsof kinetic visualizationtex-
turescanbecreatedvith differing levelsof particledensity with
eachlower densitytexture containinga subsebf the particlesin
thepreviouslevel. During renderinghetwo texturelevelsclos-
estin densityto the desireddensityare combinedusing multi-
texturing with blendingto approximatehe desiredparticleden-
sity. Themaindisadwantageof thistechniques theextrastorage
requirementf having thedifferenttexturelevels. If thetextures



|
|
> > —
|
—:> — . : -
: > - : .
: - : .
i |
t t+T

Fig. 12. In orderto createloopedanimationsof length T, thoseparticlesthat
exist prior to sometime t (shawvn in redon left) areremoved,andreplacedwith
thoseparticlesthatexist attime t+T (shavn in blue onright).

Pass 1 Pass 2
Textu re Texture Scalar data values Scalar data values
Unit 0 ) )
Palette Transfer function Particle opacity map
Texture Normal Maj Normal Ma,
Texture P P
Unit 1 Palette Lighting palette Lighting palette
Texture N/A KV Texture
Texture
Unit 2 Palette N/A Temporal decoding texture

Fig. 13. Renderingrequirestwo passes. The ®rst appliestraditional direct
volumerenderingwhile the secondenderingpassappliesthe motiontextures.

arestoredin mainmemory it alsorequiresthe transferof two
texturespertime stepratherthanoneacrosghe graphicsbus.

B. VolumetricTextures

For visualizing volumetric datasetsusingkinetic visualiza-
tion texture, time-varyingvolumesof particletexturesareused.
Thetime-varyingvolumesarepre-compute@ndconsistof par
ticlesthat have beensimulatedfor the entirevolume (all scalar
values). During nal display particlesare renderedonly for
thosescalarvaluesof interestusinga separatéransferfunction
for the particles. This approachhasthe advantageof allowing
for the of ine simulationof a muchlarger numberof particles
than could be simulatedat interactive rates. In orderto create
volumetricvideo loopsof the textures,the sametechniquefor
creatingcyclical texture movementsas describedn the previ-
oussectioncanbeapplied.

Volumerenderingof this datais accomplishedy usingtex-
turehardware[24] andrequireswo renderingpassesvith multi-
texturing thatusesthreetexture unitsasseenin Figure13. The

rst renderingpassperformstraditional direct volume render
ing with the scalardataandtransferfunction palettein the rst
texture andlighting usinga palettednormal-mapin the second
unit. Thesecondenderingpassappliesthe particlesto thevol-
ume. The palettein the rst texture unit is a transferfunction
that determinegor which scalarvaluesin the volumeparticles
arerendered. This is blendedwith the lighting in the second
textureunit and nally appliedto the particlesin thethird unit.
Onelimitation of a volumetricrepresentatioof the particles

is that the time-varying texturescanbe extremelylarge. If the
volumeshave aresolutionof 256in eachdimension for exam-
ple, eachtime steprequires16 megabytesof data, making it
dif cult to t morethana coupleof time stepsin video mem-
ory, or eventensof time stepsin main memory If thesetime
varying volumesare storedin main memory the I/O require-
mentsof sendingeachtime stepto the graphicscardfor every
frame can severely hamperperformance. We thereforeapply
thetemporalcompressiottechniquedescribedy Lum etal. [7]
to compresghesetexturesby up to a factorof eight. This per
mits signi cantly moretime stepsto be used,andyieldsinter
active frameratessincelesstexture dataneedso be sentfrom
mainmemoryto the graphicscardfor eachframe. For example,
usinga Athlon 1.2 Ghz PC with a Geforce3 Ti 200 graphics
card,a256 256 256volumecanbeatapproximatelyd frames
persecondwithout compressionbut 6 framespersecondising
compressiofy afactorof four.

Sincethislossycompressiotechniqueeliesontemporalco-
herenceto reducethe size of the textures,we have foundit to
work well underconditiongthatparticlesmove slow enougtthat
someframeto frametexel overlapof the particlesexists. This
is typically the casesincethe desiredmotion textures should
have temporalcoherencéetweerframessotheparticlescanbe
tracked by the viewer over time. Figure 14 showvs a rendered
volumewith particlesthathave beencompressedsingvarying
levels of compressionlmagequality is reasonableip to com-
pressiornlevels of four, andfalls off noticablyat a compression
level of eight.

Tradeofs exist betweernthe useof particleandtexture-based
representationsf kinetic visualizationmotion. A texture-based
prepresentatiomovesthe calculationof particletrajectorieso
a pre-computatiorstepallowing for the renderingof morepar
ticles than could be computedin real-time. The texture based
representatiorhowever, doesnot allow usersto have the same
e xibility in varying particlepropertiessuchasthein uence of
ocking andmagnetiaepulsion.The pre-computatiostepcan
also take several minutesto complete,especiallywhen using
anextremelylarge numberof particles. It is our belief thatthe
point-basedenderingof particleshasadvatangegor visual ex-
ploration of a dataset, while a texture-basedepresentatiois
more suitedfor the presentatiorof thesestructuresoncethey
have beenfound.

VI. DEMONSTRATION

To demonstratekinetic visualization, several animationse-
guencehave beenmadeandincludedin videosaccompaging
this paperandcanbe downloadedat the URL givenpreviously.
Note thatall rendering,including volumerendering,wasdone
in hardwareto achieve maximuminteractvity. Consequently
the imagequality, especiallyfor the volumetricmodels,is not
of the samequality aswhat a softwarerenderercould achieve.
Thefour modelsusedconsistof thefollowing:

A PET scanof amousebrain (256 256 47)

A fuel injectionsimulation(64 64 64)

An electronprobablitiydistribution simulation(64 64 64)
A CT toothvolume(256 256 161)

A distortedspheremodel(15872polygons)
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Fig. 14. Thisimagesof a PET scanof a mousebrain hasbeenrenderedisinga texture-basedepresentationf the particlemotion with differing level of lossy
compressionThereis very little noticeableguality degradationuntil compressiorby a factorof eight. (a) Uncompresse¢b) 2x compressior{c) 4x compression

(d) 8x compression

Fig. 15. A singleframeof ananimationshaving a simulationof fuel injection
into acomhustionchamber

A subdvidedVenusmodel(5672polygons)

The video sequence$¢mousel.mpg) , (fuel.mpg ), and
(neghip.mpg ) shaws the useof our techniquein the visual-
ization of volumetricdatasets. The particleshelp to illustrate
one of the function levels while direct volume renderinggives
contet to their motion. A singleframefrom (fuel.mpg ) is
shavnin Figure15. Thevideosequencécomparison.mpg )
beginswith a still imagethatshownsthetype of shapeambiguity
thatcanexist with traditionalrenderingechniquesWith thead-

dition of theparticlestheshapebecomesmmediatelyapparent.

It is nottheparticlesby themselesthatclarify theshaperather
it is the extra shapecuesthey provide thatwork in additionto
traditionalrendering.

The"rules"videosgive examplesf eachof thedifferentrules
weapply: Noticein pcd.mpg thatwith theabsencef rules,the
randommotionof theparticlesonthe Venusmodeldoedlittle to
clarify shape.By having the particlesfollow the rst principal
cunaturedirection, the particlesclearly "follow the shape"of
themodel.

The next sequencéflocking.mpg ) shaws particlesmov-
ing alongthetooth dataset,but with locally inconsistentlirec-
tions. Although the particlesseemto have a slight shapeclar
ifying effect, their contrarymotions are distractingand make

themdif cult to follow. With theadditionof ocking, theparti-
clesstill move alongthe shapeof thetooth,but move in amuch
morelocally consistentanner In thefollowing sequencepar
ticles o w down the Venusmodel,in a mannersimilar to wa-
ter. Thedownwardtendeng addsconsisteng to themotion,yet
theparticlesstill shov sometendeng towardfollowing the rst
principal curvaturedirection.

Next in density.mpg , thetoothis shavn without density
controlling rules. As the particlesmove over time, they tend
to accumulaten ridgesasa resultof following the rst princi-
pal curvaturedirection. With the absenceof particlesin some
regions,theshapebecomesdessclear With theadditionof mag-
neticrepulsionthedistribution of particlesbecomesnuchmore
uniformandtheresultingvideorevealsmoreshapéanformation.

The next sequence(size.mpg ) illustrates the effect of
changingparticlesize.Whenparticlesarelarge,they cancovera
surfacemuchlik e splatting,but their motionbecome®bscured.
When particlesare small, they canbe dif cult to see,anddo
little to improve perceptionThelastsequencémouse2.mpg )
shaws kinetic visualizationof the PET datawith changingview
direction.

VII. USER STUDY

For amoreobjective evaluationof the effectivenesf kinetic
visualizationa userstudywasconductedHeight eld datasets
weregeneratedavith severalrandomlyplacedpeaksandvalleys,
selectedexamplesof which areseenin Figure16. A staticim-
ageandkineticvisualizatiorvideosequencesingthecombined
rulesof PCD following, ocking, andmagneticrepulsionwere
pre-renderedor eachdataset,with a viewpoint directly above
the surfaceviewing dovnward. Obsenersweregiventhe task
of identifying the points on eachsurfacethey felt were clos-
estandfurthestin depthfrom the viewer. For all datasets,the
heightanddepthof thetallestandshallavestpeakson eachsur
facewereat leasttwice ashigh or shallov asall others. Sub-
jectswerepermittedto view eachdatasetfor amaximumof 30
secondsandsav eachdatasetrenderedhseithera staticimage
with traditionalPhongshading or with kinetic visualization put
never both.

Twenty-two subjects,consistingof both undegraduateand
graduatestudentswere shavn fourteendifferentdatasets,half
of which were randomlyrenderedas either a staticimage or
with kinetic visualization. Thus,the combinedsubjectselected
154 minimumandmaximumpointson surfacesrenderedising
eachmethod. Theresults,summarizedn Tablel, indicatethat



Fig. 16. Selectedestimagesfrom the®rstuserstudy

TABLE |
FIRST USER STUDY RESULTS.

| Task | Num. Correctw/ KV | Num. Correctw/o KV |
FindMax | 100(65%) 76 (49%)
FindMin | 88(57%) 67 (42%)
Combined| 188(61%) 143(46%)

subjectsveremoreaccurateat selectingooththe minimumand
maximumpointson the surfacewith kinetic visualization. Of
particularinterest,we found that kinetic visualizationseemed
mosteffective in improving taskperformancdor the moream-
biguousdatasetswith which the subjectswere leastsuccess-
ful. Although the scopeof this userstudy wasfairly limited,
we feel the resultsare extremely promising, particularly since
the motion parametersemainedconstantfor all datasets. We
have found kinetic visualizationto be mosteffective whenthe
parametergre ne tunedto a particulardataset.

In determiningthe p-value of the combineddata(minimum
andmaximum)we treatedthe numberof correctidenti cations
asthe extremaof quantitatve data,andthenperformeda paired
samplet-test, matchingshape[25]. The null hypothesisstated
that therewas no differencebetweenusing and not using ki-
netic visualization(the meandifferenceis zero),versuskinetic
visualizationbeingbetter(the meanis differentfrom zeroin the
direction of the useof kinetic visualization). The resultingt-
testyieldeda teststatisticof 3.95with 27 degreesof freedom.
The resultingp-valuewas 0.00025,indicatingtherewas a sta-
tistically signi cant differencein subjectperformancebetween
usingandnot usingkinetic visualization.

VIIl. COMPARISON WITH ORIENTED TEXTURES

It is worth discussingsomeof the differencesandsimilarities
betweerpur techniqueandthe useof staticorientedtexturesto
illustrate shape[6] [26] [27] [23] [28]. Both methodsdepart
from photorealismto provide supplementatuesto aid in the
perceptionof shape.To thatend, both techniquesnake exten-
sive useof principal curvaturedirectionsto provide thesecues.
Thetwo methodgsequirethe settinga similar setof parameters;
for statictexturesone needsto specify the size of the texture
primitive, the densityof thoseprimitivesaswell asthe length
it follows a principal curvaturedirection,which is analogougo
theparticlesize,densityandspeedarametersisedin ourwork.

Thereare, however, signi cant differenceshetweenthe two
techniques.First, it shouldbe emphasizedhat our technique
differs from texture basedmethodsin its useof the motion of
particlesto illustrate shaperatherthan texture. Although we
have describedenderingoptimizationghatusetexturegraphics
hardwarefor improvedrenderingoerformancef theseparticles,
our approaclhis notinherentlytexturebased A moretraditional
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useof theword 'texture' might be associatedvith the physical
materialpropertiefound onthe surfaceof anobject,orin com-
putergraphicstexturesmight referto the applicationof images
to a surfaceto approximateghesematerialpropertiesin this re-
spectour methodis not basedon texturessincethe particlesin

ourwork move over a surfaceandareindependendf ary phys-
ical textureonthe surfaceitself.

This leadsto one advantageof our methodover the use of
orientedtextures.Namely orientedtexturetechniquegpreclude
the useof moretraditionaltexturesthat might be usedto illus-
tratethepropertieof asurface.For exampletheuseof hatching
texturescanintroducesambiguitybetweerwhetherthehatching
patterndisplayedon a surfaceis a physicalcharacteristiof the
surface(like a weared baslet) or the resultof the renderingal-
gorithmitself. Sinceour methoduseamnotionto illustrateshape,
andhasa dynamicparticlesrepresentatiortraditionaltextures
canbeusedin additionto the particles.

Oftena priori knowledgeof the structureof anobjectmakes
supplementalcues for gaining understandingof the overall
shapeunnecessaryWhenviewing a tooth dataset, the viewer
likely hasprior understandingf the overall shapeof the tooth.
Greaterambiguityin shape however, canexist in smallersub-
structureshatareparticularto thatindividualdataset,thusmak-
ing it desirabldo give theusertheability to zoomin onspeci ¢
featuref interest.By usingpoint-basegbarticleprimitivesthat
canberenderedvith a sizede ned in screerspaceyatherthan
objectspacepurtechniques ableto dealwith changesn mag-
ni cation. For example,the usercanzoomin to a speci c re-
gion in the volume and the particle renderingbudgetwill be
usedonly to renderparticlesin thatregion, while the particles,
with their constantscreenspacesize, continueto be effective.
For a texture basedapproachto handlemagni cation high res-
olution textureswould needto be calculatedor smallerscales.
A multi-resolutionrepresentatiorsimilar to that describedby
Praunetal. [23] for 2D surfacemodelscould be appliedto deal
with suchmagni cationsbut couldresultin impracticablyhigh
storagecostsfrom the 3D texturesusedfor volumedata.

For futurework we would lik e to conductfurtheruserstudies
to comparethe effectivenesof kinetic visualizationwith static
oriented textures. The video (orientedtexture.mpg )
shaws a surfacethat hasbeenrenderedusing orientedtextures
followed by the samesurface renderedusing our technique.
Snapshotfrom thisanimationis shovnin Figure17(a)andFig-
ure 17(b). Sincethe effectivenessof orientedtexture as well
asour techniques dependenbn a setof renderingparameters,
carewould needto betakenwith respecto theselectiorof these
parameterén orderto performa fair comparisorof bothtech-
nigueswhenconductinga userstudy We suspecthatonetech-
niguemight not alwaysbe betterthanthe otherandtheremight
be differenceslependingn thetypesof tasksa useris askedto
perform.

We have begun preliminaryresearchinto how our technique
canbeappliedin combinationwith orientedtextures.Thevideo
sequencdtexturekinvis.mpg ) shaws a surfacethat has
beenrenderedusing orientedtexturesthat follow the second
principaldirectionwhile kinetic visualizationillustratesthe rst
principal direction. A still imageof the particlesimposedover
anorientedtextureis shovn in Figure17(c).
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Fig. 17. Our techniquesharessomesimilarieswith renderingmethodsthat use orientedtexturesto illustrate shape. Our kinetic visualizationtechniqueis
fundamentallydifferentin the sensdt usesmotionratherthantextureto illustrateshape (a) An objectrenderedisingorientedtextures.(b) A framefrom akinetic
visualizationanimation(c) A framefrom a kinetic visualizationanimationthat hasbeencombinedwith an orientedtexture that illustratesthe secondprincipal

cunaturedirection.

IX. CONCLUSION

Thereis a growing interestin making perceptuallyeffective
visualizationsn this paperwe summarizeour experiencewith
addingvisually rich motion cuesto the visualizationsfor in-
creasectlarity andexpressienessWhile morework is needed,
our currentresultsareencouragingdemonstratinghatit is fea-
sible anddesirableto capitalizeon motion cuesfor the purpose
of enhancingerceptiorof 3D shapeandspatialrelationships.

We have shown thatkinetic visualizationnicely supplements
corventionalrenderingfor illustrating both volumetricand sur
facedatamodels.We have alsoshavn how themoving particles
helpreveal surfaceshapeandorientation.By utilizing low-cost
commodityhardware,the kinetic visualizationsystenwe have
built is very affordable. The selective renderingbasedon parti-
cle budgetensureghe critical interactvity requiredfor kinetic
visualization.

For certainclasseof data,however, somelimitationsin the
effectivenesof our techniquecanbe obsered. In casesvhere
theprincipalcurvaturedirectionsarenotwell de ned, for exam-
ple at or sphericafegions,theeffectivenesof having particles
move alonga principle curvaturedirectionis limited. The use
of optimizationstrateies,lik e thatdescribedy Hertzmanrand
Zorin [27] could be usedto adddirectionconsisteng in these
regions,but consideratiorwould alsoneedto be givento avoid
smoothingsubtlefeaturesof interest.

It is clearthat our techniqueis not appropriatefor visualiz-
ing time varying phenomena.Sincethe motion of particlesin
our work is basedon the geometricpropertiesof a dataset,the
motion cangive the perceptiomf movementthatis contraryto
thatwhich is physicallyoccurring. For example,our technique
would notbeappropriatdor visualizing uid o w sincethemo-
tion of particlescould give a misleadingindicationof o w di-
rection.

Despitethelimitationslistedabore,we believe thatkinetic vi-
sualizationdeseresadditionalstudy Furtheruserstudiesusing
a wider variety of tasksand datacould provide valuablefeed-
backfor improving thetechnique We arepatrticularlyinterested

in studyinghow kinetic visualizationaffectsthe performancef
real world taskusingrealworld data. Conductinguserstudies
comparingkinetic visualizationwith other visualizationtech-
nigues,suchasorientedtexturesandrotation,couldhelpto gain
understandingf how thedifferentmethodsaffectshapepercep-
tion, andunderwhattypesof conditionsthedifferenttechniques
bestsuited. This informationcould be usedto createnew visu-
alizationmethodghatareevenmoreeffective for awider range
of conditions.

Additional future work includes using improved methods
for computingprincipal curvaturedirections,and accelerating
the integrated renderingas much as possibleto attain even
higher interactvity. It is hopedthe power of motion cues
will be welcomedby othersin helpingthemto effectively per
ceive/illustratecomplex or ambiguousobjectshapeandspatial
relationship.
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