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Abstiact
We proposea novel approachfor a densetexture-based
visualizationof vector elds oncurvedsurfaces.Ourtex-
ture adwection mechanisnrelieson a Lagrangianparti-
cle tracingthatis simultaneoushcomputedn the phys-
ical spaceof the objectandin the device spaceof the
imageplane. This approactretainsthe bene ts of pre-
vious image-spaceechniquessuch as output sensiti-
ity, independencé&om surfaceparameterizationr mesh
connectvity, and supportfor dynamicsurfaces. At the
sametime, frame-to-framecoherencds achiezed even
when the camerapositionis changedand potentialin-
o w issuesat silhouettelines are overcome. Noise in-
put for texture adwectionis modeledas a solid 3D tex-
ture and constantspatial noise frequeng on the image
planeis achieved in a memory-efcient way by appro-
priately scalingthe noisein physical space.For the nal
renderingwe proposecolor schemeso effectively com-
bine the visualizationof surfaceshapeand o w. Hybrid
physical/derice-spacdextureadwectioncanbeef ciently
implementedbn GPUsandthereforesupportsnteractve
vector eld visualization. Finally, we shav someexam-
plesfor typical applicationdn scienti ¢ visualization.
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1 Intr oduction

Vector eld visualizationplaysanimportantrole in com-
putergraphicsandin variousscienti ¢ andengineering
disciplinesalike. For example theanalysisof CFD (com-
putational uid dynamics)simulationsin the aerospace
and automotve industriesrelies on effective visual rep-
resentations. Another eld of applicationis the visu-
alization of surface shapeby emphasizingthe princi-
pal curvaturevector elds [5]; hatchinglines are often
guidedby the principal curvaturedirectionsfor the non-
photorealistiaenderingof pen-and-inkdrawings.

In this paper we focus on vecto—or ow—
visualization techniquesthat compute the motion of
masslesgarticlesadwectedalongthevelocity eld to ob-
tain characteristicstructureslike streamlinesor streak-

Figurel: Flow visualizationon a curved surfacefor an
automotve CFD simulation.

lines. The fundamentaproblemof nding appropriate
initial seedpointscanbe overcomeby a denserepresen-
tation, i.e., by denselycoveringthe domainwith particle
traces.Thisapproaclgivesgoodresultsfor planar2D do-
mains,but hasintrinsic problemsof clutterandocclusion
in 3D [8]. Flow visualizationoncurved2D hypersuraces
throughthe complete3D dataset, however, avoids most
of the occlusionproblemsand providesa more e xible
representatiothanon planarslices. Interestinguid be-
havior oftenoccursn thedirectneighborhooaf acurved
boundaryandcanbe displayedby this 2.5D approachA
typical exampleis thevisualizationof theair o w around
anaircraftwing or anautomobile(seeFigurel).

Texture-basedvisualizationtechniquedor 2D planar

o w canbe extendedto 2.5D by consideringa C-space
(computationakpace)approach. Here, a parameteriza-
tion of the surfacehasto be known, andall computations
take placein the Cartesiar?D coordinatesystem.How-
ever, mary surfacesare not equippedwith a parameter
ization andthusdo not allow for a direct applicationof
C-spacenethods.

In this paper we ratherfollow anapproachyuidedby
image-spaceomputationsOurtechniquds inspiredand
strongly in uenced by the recentwork by Larameeet
al. [11] andVanWijk [21], who applytexture advection
andimage-basedo w visualizationon the imageplane.



Theimage-spacapproacthasanumberof importantad-
vantages:Neitherthe parameterizatiomor the connec-
tivity information of a surface meshare required;it is
well supportedby the GPU (GraphicsProcessingJnit);
it doesnotneedsophisticatedlatastructuresandis rather
simple to implement;the main part of the algorithm—
adwectionandblending—isoutput-sensitie, i.e.,theper
formanceis determinedby the viewport size. Unfortu-
nately therestrictionto pureimage-spacéexture adwec-
tion alsocausesomedisadwantagesFrame-to-frameo-
herencecannotbe guaranteedvhenthe cameragposition
is changedsilhouettdinesarein o w regionson theim-
ageplane,andit is dif cult to maintainconstantontrast
in thesein o w areassilhouettdineshave to beidenti ed
by animage-spacedgedetectorpnly anexponential I-
terkernelis supportedor Line Integral Convolution.

The ideaof this paperis to combinethe image-space
methodswith someaspect®f object-spacenethodsThe
main contributions are: First, a hybrid Lagrangianpar
ticle tracing in physical and device spaceghat retains
all aforementionedbene ts of theimage-spacapproach
and avoids its disadwantages.Second,a solid texturing
of the input 3D noisewhich x esthe noisestructurein
objectspaceandthusguaranteetemporalcoherencein-
der cameramotion while, at the sametime, a constant
spatialnoisefrequeny is maintainecbntheimageplane.
Third, anapproacho effectively combinethe visualiza-
tion of surfaceshapeand o w by usingappropriatecolor
schemes.Fourth, a mappingof our algorithmto GPUs,
which leadsto interactve rendering.Finally, we demon-
stratehow this approactcanbe usedfor typical applica-
tionsin scienti ¢ visualization.

2 Previous Work

A large body of researcthasbeenpublishedon noise-
basedand densevector eld visualization. For a com-
prehensie presentationve referto thereview articlesby
Sannaet al. [17] andHauseret al. [6]. Spotnoise[19]
andLine Integral Corvolution (LIC) [2] areearlytexture-
synthesigechniquedor dense o w representationgand
sene asthe basisfor mary subsequenpapersthat pro-
vide a variety of extensionsand improvementsto these
original methods. Mary recenttechniquedor unsteady
2D ow arebasedon the closelyrelatedconceptof tex-
ture adwection, the basicideaof which is to representl
densecollectionof particlesin atextureandtransporthis
texture alongthe vector eld [16]. Lagrangian-Eulerian
Advection(LEA) [10] visualizesunsteadyo ws by aLa-
grangianintegrationof particle positionsanda Eulerian
adwectionof particle colors. ImageBasedFlow Visual-
ization (IBFV) [20Q] is a variantof 2D texture adwection
in which a secondtexture is blendedinto the adwected

textureat eachtime step.

Since dense representationseed a large number
of computations,graphicshardware can often be ex-
ploitedto increasevisualizationperformanceFor exam-
ple, GPU-basedmplementationsare known for steady
ow LIC [7], for differenttechniquedor unsteady2D
ows|[9, 20, 23], andfor 3D vector elds [13, 18, 24].

The rst techniquesfor dense o w visualizationon
curved surfaceswere basedon 2D curvilinear grids,
which directly provide a parameterizatiorthat can be
usedfor particletracingin C-space.For example,LIC
can be appliedin this fashionon curvilinear grids [3].
The effects of different cell sizesin suchgrids can be
compensately usingmulti-granularityinput noise[ 14].
An arbitrary surfacecanalwaysbe approximatedy tri-
angulatiorand,thereforeyisualizationongenericcurved
surfacesusuallyrelieson a triangle meshrepresentation.
Battke et al. [1] describea steady ow LIC technique
for triangle surfacesthat usesthe meshconnecwity to
tracea particle pathfrom onetriangleto anadjacenbne
andthatbuilds a packingof trianglesinto texture mem-
ory. Maoetal. [15] avoid this trianglepackingby tightly
connectingthe LIC computationin texture spacewith
theview-dependentenderingof themesh;however, they
also needthe connectiity informationfor particle trac-
ing. As alreadymentionedin the introductorysection,
VanWijk [21] andLarameeetal.[11] proposeanimage-
spaceapproactfor texture adwectionon curved surfaces
which hasdirectly in uencedthe developmentof our vi-
sualizationtechnique.

3 Lagrangian Particle Tracing on Surfaces

In this paperaLagrangiampproacho particletracingis
adopted.Eachsingleparticlecanbeidenti ed individu-
ally andthe propertiesof eachparticledependontimet.
The path of a single masslesgarticleis determinedby
the ordinarydifferentialequation

dr(t) _ o
UGN (1)
wherer (t) describeghe position of the particleat time
t andu(r;t) denoteghetime-dependentector eld. In
thecaseof a at 2D or 3D domain,the pointsor vectors
(markedasboldfaceletters)are2D or 3D, respectiely.

In this paper we focus on domainsthat can be rep-
resentedas 2D curved manifoldsembeddedn at 3D
space. Curved nD manifoldsare often describedby an
atlas,which is the collection of charts;a chartconsists
of a coordinatesystemthatis a subsetof the Cartesian
spaceR", andof a mappingfrom the manifoldto the co-
ordinatesystem.Finding anappropriatesetof charts—a
setof parameterizations—fanarbitrary2D manifoldis



a formidableand expensve taskthatis part of ongoing
research(see,for example,the papers[5, 12]). We do
not wantto assumeor constructa parameterizatiomnd
thereforechooseanotherrepresentatiorfor the embed-
dedmanifold: just the setof pointsr in R3 thatbelong
to the surface. To build atangentialvector eld, thenor-

mal componentalongthe normaldirectionof the hyper

surface)of the 3D vectoru hasto vanish. A tangential
vector eld caneithercomefrom a direct construction,
suchasa uid o w computatioronasurface,or from the
projectionof a non-tangentiaBD vector eld. For atan-
gentialvector eld, Eg. (1) leadsto curvesthat stayon

thesurface.

Sofar, thevectorandpoint quantitiesweregivenwith
respecto physical spacegP-space)Along therendering
pipeline of computergraphicshowever, alarge number
of additionalcoordinatesystemss used. In GPU-based
interactve rendering,a vertex of the input geometryis
usuallytransformedrom its original objectcoordinates
into subsequentvorld, eye, andclip coordinatesy re-
spectve afne or projective transformations.After ras-
terization,afragmentundegoesthe transformatiorfrom
clip spaceinto normalizeddevice coordinatesyia a ho-
mogeneouslivision by thew clip coordinate.In this pa-
per, the view frustumis assumedo be [0; 1]° in normal-
izeddevice spacgD-space).

In this notation, P-spacecoordinatesare identical to
their objectcoordinatesFor a stationarysurfacegeome-
try, P-spaceandworld coordinatesarerelatedby a con-
stantaf ne transformatiorthatis describedy the model
matrix. On the one hand,a P-spaceapproachis well-
suited for representingeverything that shouldbe x ed
with respecto objectcoordinatesFor example thenoise
input for LIC-lik e convolution (more detailson specify-
ing sucha noisetexturearegivenin Section4) shouldbe
modeledn P-spacein this way, a frame-to-framecoher
entdisplay of the input noiseis automaticallyachieved
even when the virtual camerais moved. On the other
hand,D-spacds thenaturalrepresentatiofor everything
thatis directly relatedto, or governedby aspectf, the
imageplane.For example,adensevector eld visualiza-
tion is ideally computeddn a perpixel basiswith respect
to theimageplanein orderto achieze anoutput-sensitie
algorithmanda uniform densityon theimageplane.

The basicideaof our algorithmis to combinethe ad-
vantage®f P-spacandD-spaceepresentationsy com-
puting particle pathsin both spacessimultaneoushand
tightly connectingthesetwo pointsof view. Figure?2 il-
lustratesthe coupledP/D-spaceapproach. The starting
pointis Eq. (1), whichis solved by explicit numericalin-
tegration.A rst-order explicit Eulerschemes employed
in our currentimplementation,but other higherorder
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Figure2: CoupledD-spacgleft) andP-spacéright) rep-
resentationsf the samescene.They axesareleft out to
simplify theillustration.

schemege.g.,Runge-Kitta) could be usedaswell. The
numericalsolver works with P-spacecoordinatesp ™ r
andtheoriginaltangentialvectorsup ~ u. After eachin-
tegration step, the correspondingpositionin D-spaceis
computedby applyingthe model, view, projection,and
homogeneoudivision operationsTyvpen:

@)

An importantpoint is that the vector eld is no longer
given on a P-spacebut a D-spacedomain,i.e., we have
differentrepresentationfor the vector componentsand
the associategboint on the surface. This alternatve de-
scriptionwith respecto D-spaceis givenby vp(rp;t) =

up(Tinen(Tp);t).  The differential equationthen be-

comes d ¢
0 = Voo

in combinationwith Eq. (2).

Thecrucialstepin makingtheintegrationprocessf -
cientis to reducethe 3D representationf the quantities
thatdependonrp to a 2D representatiomvith respecto
the xp andyp component®f rp. Sincethe ow elds
areassumedo live on opaquesurfaces,only the closest
surfacelayeris consideredandthe zp componenbf rp
(i.e.,thedepthcomponentranbe ngglected.

The goal of all LIC-orientedtechniquess to generate
a texture | by starting particle tracesat eachtexel and
computingthe convolution integral along thesetraces.
This texture can be parameterizedy 2D device coor
dinatesbecausenly the visible surface partsare of in-
terest. Sinceeachparticle tracecanbe uniquelyidenti-
ed by its correspondingeedpoint at the startingtime
to, the P-spacepositionsalonga path canbe labeledby
thex andy device coordinate®f the seedpoint (x3;y2):
re(ti to;x3;y2). Finally, thevector eld with respecto

ro = TmveH(rp)

®3)



/I Initialize the 2D texture for vp(rp):

while rendering the surface with attached vector eld:
make vectors tangential
transform vectors to device coordinates
I write result into tex2D_vp(x3;y3)

[/ Setthe 2D texture for theinitial positionsr p:
render surface and write rp into 2D texture tex2D,rp(xg;y%)

/I Initialize the corvolutiontexture:
tex2D_1(x3;y3) A 0

Il Iterate explicit solveruntil maximumengthis readed:
for i=1 to imax
for each visible texel (x3;y3):
/I Transformfrom P-spaceto D-space
(x0;¥D) A Tvpr(tex2D_rp(x3;y3))
/I SingleEuler integration step:
tex2D_rp(x3;y3) A tex2D_rp(x3;y3)
+ Dt tex2D_vp(Xp; YD)
accumulate convolution in tex2D_I (x3;y3), based on
P-space noise tex3D_noise(tex2D.rp(x3;y2))
endfor
endfor

Figure 3: Pseudoacodefor the iterative computationof
surfaceparticlepaths.

2D device coordinatesyp(x3;y3;t), canbe computeddy
projectingthe surfacegeometryontotheimageplane.in
summary all quantitiesthat are neededo solve Eq. (3)
canbe sstoredin 2D textureswith respecto the texel po-
sitions(x3;y3).

Figure 3 shavs the completepseudocodefor texture-
based_agrangiarparticletracingon surfaces.The algo-
rithm is split in two major parts. In the rst part, the
2D texturesfor rp and vp areinitialized by rendering
the meshrepresentatiomf the hypersurice. The clos-
estdepthlayer is extractedby the z test. The P-space
positionsaresetaccordingto the surfaces objectcoordi-
nateg(i.e., thestandardrertex coordinates)interpolation
during scanlinecornversionpraovidesthe positionswithin
thetriangles.Similarly, thevector eld textureis lled by
vp, Which eithercomesfrom slicing througha 3D vector
eld textureor from vectordataattachedo theverticesof
thesurface.If thevector eld is nottangentiafrom con-
struction,it is madetangentialby remaoving the normal
componentwhich is computedaccordingto the normal
vectorsof the surfacemesh. In the secondpart, Eq. (3)
is solved by iterating Euler integration steps. This part
works on the 2D sub-domairof D-spacejt successiely
updateshecoordinateaexturer p alongtheparticletraces,
while simultaneouslyaccumulatingthe contritution of
thecorvolutionintegralin texturel. A contritution from
backwardparticletracescanbecomputedy additionally
executingthe completealgorithmwith negatedstepsize.

Thealgorithmin Figure3 supportsonly steadyector
elds. Inthecaseof atime-dependenb w, theprojection

Figured4: Demonstratinghetreatmenbf silhouettdines
andobjectboundariedor surface o w on ateapot.

of thevectordatahasto be performedwithin theintegra-
tion loop. Notethatthe detailsof the noiseaccumulation
steparecoveredin thefollowing section.

By restricting the device coordinatesto the image
plane during the texture lookup in the 2D vector eld,
we essentiallyimitate the behaior of the image-space
technique$ll, 21], i.e., thevelocity valuesareevaluated
only at the surfaceand not at arbitrary 3D points. On
the otherhand,the positionsin P-spacerenot projected
onto the hypersurfice. This is one crucial differenceto
the image-spacenethods.In this way, we avoid thein-
o w boundarieghataregeneratedy silhouettelineson
the imageplaneand that causesomeof the artifactsin
[11, 21]. Moreover, the P-spaceepresentatioprovides
abettemumericakepresentationf positionsn thevicin-
ity of silhouettdinesby takinginto accounthreecoordi-
natesinsteadof only two. Finally, thefull 3D representa
tion of P-spaceointsallows usto distinguishtwo objects
that touch eachotherin image space,but are at differ-
entdepths.Thereforejt is automaticallyguaranteedhat
o w structuresdo not extend acrossobjectboundaries.
Figure 4 shaws thatthe o w structureis correctly gen-
eratedat silhouettelines andboundaries Even disconti-
nuitiesof thetangentialvector eld arewell represented.
Figure5 illustratesa uniform vertical 3D o w projected



Figure5: Vertical o w projectecbntotwo tori: LIC visu-
alization(left) vs. representatioof the magnitudeof the
vectors(right).

onto two tori. The LIC approach(left image)normal-
izesthe projectedvector eld to unit lengthandtherefore
producesa discontinuityof the o w on the top andbot-

tomrings of the torus. Eventheseproblematicpartscan
be treatedby our approach.Theright imagein Figure5

shavsthesamevector eld withoutnormalizatiorto unit

length. The streaksareshorterat the top of thetorusdue
to the smallmagnitudeof the tangentialvector eld. We

recommendo view the accompaying electronicvideos
on ourweb page[22] becausehe frame-to-framecoher

enceprovidedby ourapproactbecomespparenpnly in

animations.

4 Visual Mapping and Noiselnjection

Sofar, the focus hasbeenon the computationof parti-
cle paths.But how canthesepathssene asthe basisfor
generatingeffectiveimages?

For denseo w visualizationwe adopttheideaof LIC
on 2D planarsurfaceq 2] to producepatternsof different
colorsor gray-scalevalues.Thebasisis anoiseinputim-
age. By computingthe corvolution alongthe character
istic curves, high correlationis achieved alongthelines,
but no or only little correlationperpendiculato thelines.
Generalizinghe LIC ideato 3D andtakinginto account
time-dependennhoiseinput similarly to IBFV [20], we
obtain

Z¥
108:y8) = k(ti tN(re(ti topd;yR);t)dt;  (4)
i ¥

whererp(ti to;x3;y2) describeghe particle pathstart-
ing at point (x3;y3) attime to, k is the Iter kernel,and
N(rp;t) is thetime-dependerBD noiseinput. After dis-

cretizingtheintegral, we obtain

10€:%8) = A KN'(rbeR:yBN Dt 5 (5)

wherethe superscriptd indicate the time dependeng
Sinceproceduralnoiseis (not yet) supportecby GPUs,
we model all texturesas sampledtextures. In a nave
implementationthe spacetimenoiseN' with its four di-
mensionavould requirea large amountof texture mem-
ory. By adoptingthetimerepresentatiofrom IBFV [20],
the temporaldimensionis replacedby a randomtempo-
ral phasepertexel. Furthermorethe memoryfor there-
mainingthreespatialdimensionscanbe reducedby pe-
riodically repeatingthe 3D texture along the main axes
(i.e., texture wrapping). From experience noisetexture
sizesof 64° or 128 are appropriatefor typical applica-
tions. Repeatingnoisestructuresmay becomeapparent
only for planarslices—adong asthe surfaceis at least
slightly curved, texture wrappingleadsto goodresults.

However, oneproblemis introducedy our solid noise
texture: A constantspatialfrequeng in physical space
leadsto different frequenciesafter perspectie projec-
tion to image space. We overcomeassociatedliasing
issuesdy appropriatelyscalingthe noisetexturein physi-
cal spaceandthus compensatinghe effects of perspec-
tive projection. Mao et al. [15] usea uniform scaling
thatis basedn the distanceof the surfacefrom the cam-
era,which is appropriatefor generatinga non-animated
LIC imageof anobjectwith limited depthrange.We add
thefollowing two featurego allow for temporallycoher
ent, animatedvisualizationsof large objects. First, the
scalingfactoris computedor eachparticleseedpointin-
dependentlyto ensurea constanimage-spacéequeny
for objectswith large depthranges.Secondthe noiseis
only scaledwith discretizedscalingfactorsandsnapped
to x ed positionsto achieve frame-to-framecoherence
undercameramotions.

We assumea modelin which noisewith all spatialfre-
guenciesN, is constructedy the sumof band-pass-
terednoise:

¥ .
N(r) = & Noand21) (6)

i=0

where Npang senes as role model for the noiseand the
multiplicationby 2' resultsanincreaseof the spatialfre-
quenciesy 2. Whena band-passiter is appliedto N,
low andhigh frequenciesareremoved andthereforethe
in nite sumisreducedo a nite sumof Nbanc(zir) terms.
As an approximation,we assumea rathernarrov band
Iter and consideronly the linear superpositiorof two
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Figure6: Differentshadingapproachefor objectand o w rendering:(a) gray-scaleo w visualizationwithout addi-
tional surfaceshading(b) gray-scaleo w modulatedwith illuminatedgray object,(c) yellow/blue o w visualization
modulatedwith illuminatedgray object,and(d) gray-scaleo w modulatedvith cool/warm shadedurface.
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Thetwo discretescalingfactorsaredeterminedy iscale
which is computedrom the distanced betweenparticle
seedpointandcameralby usinglog, d). Theweightsa;
provide alinearinterpolationbasedn thefractionalpart
of log,d. This modelcandirectly be realizedby sam-
pled texturesin combinationwith a fragmentprogram:
A singlecopy of Npangis storedas3D texture, the mea-
Sureigcale is computedfor eachseedpoint, two texture
lookupswith scalings2'scale and 2(iscaiet 1) are performed,
and nally thesevaluesarelinearly interpolated.

Sincethe noisefrequeng spectrumis variablein P-
spacethe stepsize of Lagrangianintegrationshouldbe
aswell. We changethe stepsizein a similar way asfor
thenoise.In this case however, we do not needthe snap-
ping to discretescalingfactors,but candirectly usethe
distanced asmeasure.

5 Effective Object and Flow Rendering

For the nal rendering,both the LIC-lik e texture that
representshe ow, and the shapeand orientation of
the hypersurfice should be taken into account. That
is, two types of information needto be visualized at
the sametime: object shapeand ow structure. Fig-
ure 6 (a) demonstrateshat the geometryof the surface
is extremelyhardto recognizeif the o w textureis pro-
jectedontotheimageplanewithout ary modi cations.
Sincewe arerestrictedto displayingthe imageon a
2D imageplane, visual cuesare essentialto allow the
userto recognizeshapeandstructure.We think thatcol-
ors play a crucial role becauseshaperecognitionhear-
ily dependson the color variationsintroducedby illu-
mination. Figure 6 (b) shavs a straightforvard way of

combining colors from the illumination with the struc-
ture from the o w texture: Gray-scalevaluesare com-
puted accordingto the diffuse illumination of the gray
objectsurfaceandthenmodulated(i.e., multiplied) with
the gray-scalevaluesfrom the LIC-like texture. This
imagegives a goodimpressionof both o w and object
shape. However, both aspectsare codedonly by lumi-
nancevariationsand, therefore,other color dimensions
arenot used. Basedon the tristimulustheory colorsare
givenwith respecto athree-dimensionapace Accord-
ing to perception-orientedolor systemsluminancehue,
andsaturationcanbe distinguishedasthreedimensions.
From this point of view, the approachof Figure 6 (b)
completelyneglects hue and saturation. Therefore,we
proposean alternatve method: The LIC-lik e texture is
rst mappedfrom gray-scalevariationsto eitherhue or
saturationvariations. Afterwards,the transformedo w
texture is modulatedwith the illuminated gray surface.
Figure6 (c) demonstratea mappingto huevariationsbe-
tweenblue andyellow. From our experiencewe prefer
hue gradientsbecausdhey resultin a bettervisual con-
trastthansaturatiorgradients.

Building on the idea of using different color dimen-
sionsfor coding o w and shapestructure,we propose
anothey alternatve techniquein which the roles of hue
and luminanceare exchanged. Here, the LIC-lik e tex-
ture is representedby luminancevariationsandthe sur
faceby huevariations.Cool/warm shading[4] is awell-
establishedhue-basedlumination modelthatleadsto an
intuitive recognitionof shapeln Figure6 (d), cool/marm
shadingwith yellowish and bluish colorsis modulated
with thegray-scald_IC-lik e texture.

We think that the different approachesfrom Fig-
ure6 (b)—(d)have speci c advantagegnddisadwantages.
A puregray-scalgepresentatiofb) allows usto codead-
ditional propertiesn the hueandsaturatiorchannelsand
thusis usefulfor multivariateor multi- eld visualization.



Furthermoregray-scalemagesare,of courseagoodba-
sisfor black-and-whiteprinting. Sinceluminancevaria-
tions are a strongvisual cue for shaperecognition,the
techniquefrom Figure 6 (c) providesa goodimpression
of the geometry On the otherhand,the o w textureis
hardto seein dimly illuminatedpartsof the surface. Fi-
nally, cool/warm surfaceshadingis excellentin shaving
the o w structurein all visible surfaceregions,but gives
awealerimpressiorof the surfacegeometry

6 Implementation

Our implementationis basedon C++ and DirectX 9.0,
andwastestedon a Windows XP machinewith an ATI
Radeon9800Pro GPU (256 MB). GPU statesand pro-
grams(i.e., vertex andpixel shadeprogramsjrecon g-
uredwithin effect les. A changeof this con guration
can be included by changingthe cleartext effect les,
without recompilingthe C++ code. All shademprograms
areformulatedwith high-level shadinganguaggHLSL)
to achieve a codethatis easyto readandmaintain.Since
the descriptionsof Lagrangianintegrationin Section3
and noiserepresentatiofn Section4 are alreadybased
on textures,mostpartsof our visualizationapproactcan
be readily mappedto the functionality of a DirectX 9.0
compliantGPU.A comparablémplementatiorshouldbe
feasiblewith OpenGLandits vertex and fragmentpro-
gramsupport.

An adwantageof our approaclis that mostoperations
take placeon a texel-by-texel level. This essentiallyre-
ducesthe role of the surroundingC++ programto allo-
cating memoryfor the requiredtextures and executing
the pixel shademprogramsby drawing a single domain-

lling quadrilateral. The early z testallows us to skip
the pixel shadeiprogramdor the pixelsthatarenot cov-
eredby theprojectionof thesurfaceontotheimageplane.
Texturesareupdatedoy usingtherenderto-texturefunc-
tionality of DirectX. As anexample,the HLSL codefor
a single Lagrangianparticle integration stepis given in
Figure7, which demonstratethatEgs.(2) and(3) canbe
readilytransferrednto a correspondingixel shadepro-
gram. Similarly, the otherelementof the algorithmcan
bemappedo shadeprogramsn adirectway. Additional
technicalinformationand HLSL codescanbe found on
ourwebpage[22)].

Someof thetextureshold datathatis replacedoy new

Tablel: Performanceneasurements fps.

Domainsize 6007 95@

Filterlength 25 70 25 70
Teapot 26.2 10.1 13.1 51
Automobile 126 5.7 8.0 34

/I Parametes:
oat4x4 matMVP; /I Model-viev-projectionmatrix

oat4  stepSize; /I Integration stepsize

struct VS_Output f // Tex coordsfor viewport- lling quad
oat2 TexCoord: TEXCOORDO;

*h

struct PS_Output f /I HomayeneoudP-spaceposition
oat4 RGBA : COLORO;

g

/I High-level pixel shademprogram

PS_Output IntegratePS (VS_Output In) f
PS_Output Output;

/I LookupcurrentP-spacepositionin texture PosTex
oat4 posP = tex2D(PosTex, In.TexCoord);

/I Oneintegration step,split into threeparts:

/I (1) Transformfrom P-spacento D-space

/I Appliesmodel-viev-projectionmatrix:

oat4 posD = mul(posP, matMVP);

posD = posD / posD.w; /I Homaeneoudlivision
posD.x =.5*posD.x +.5; /[ Mapsxfrom[-1,1] to[0,1]
posD.y =-.5*posD.y +.5; // Mapsy from[1,-1] to [0,1]
Il (2) GetP-spacevelocityfromthe 2D texture

oat3 velocity = tex2D(FlowField2dTex, ( 0oat2) posD);

/I (3) Computenew P-spacepositionwith Euler integration
oat3 posNew = posP + velocity * stepSize;

/I Outputnew positionin hom@eneous-spacecoordinates
Output.RGBA = oat4 (posNew, 1.0);

return Output;
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Figure7: High-level pixel shadercodefor oneintegration
stepin hybrid P/D-spacegparticletracing.

valuesduring eachiteration step. For example, the P-
spacecoordinatesreupdatedpasedn the currentposi-
tion. For sucha texture, ping-pongrenderingis applied:
Two copiesof the texture are used,one asthe destina-
tion texture (i.e., the rendertarget) andthe otherone as
the datasource. The roles of the two texturesare ex-
changedafter eachiteration step. To limit the required
texturememoryandmalke full useof theinternalmemory
bandwidthof the GPU, the depthof the color channels
in thetexturesshouldbereducedo the smallestpossible
level. Fromourexperiencewe nd thefollowing choices
appropriate:32 bit oating-point resolutionfor P-space
positions,16 bit x ed-pointnumberdor theaccumulated
noisevalues,16 bit x ed-pointor oating-point numbers
for the ow data,and8 bit x ed-pointnumbersfor the
input noiseandrandomphases.
Performancemeasurement$or the aforementioned
hardware con guration are shavn in Table 1. Filter
lengthdescribegshe numberof integrationstepsto com-
pute the Line Integral Corvolution. The teapotscene
from Figure4 is anexamplefor asurfacewith alow poly-
gon count, while the automobilescenefrom Figures1
and 6 with its 1 143 796 trianglesand 597 069 vertices



represents realisticindustry dataset. Pleasenotethat
the performancenumbersfor the two sceneshouldnot
directly be comparedwith eachother becausehe two
scenescover differentratios of the domain; the car al-
mostcompletely lls theviewport, while the teapotcov-
ersa smallerpercentageHowever, the numberdor each
sceneshaw thatthe compleity of the surfacegeometry
playsonly asmallrole andthatthe performancaelepends
onthedomainsizeand Iter lengthin anearlylinearfash-
ion. Therefore,our implementationallows the userto
balancespeedagainstvisualizationquality by gradually
changinghe lter lengthand/orthe viewportsize.

7 Conclusionand Futur e Work

We have presente@ novel approacHor texture-basedi-
sualizationof vector elds on curved surfaces. The tex-
ture adwection mechanisnrelies on a simultaneoud a-
grangianpatrticle tracingin physical and device spaces.
Its built-in key featuresare: a high degree of output
sensitvity, independencérom surfaceparameterization
andmeshconnectvity, frame-to-framecoherencen an-
imations,and a simple and ef cient implementationon
GPUs. Noiseinput for texture adwectionis modeledas
a solid 3D texture, and a constantnoise frequeng on
theimageplaneis achiezed by appropriatelyscalingthe
noisein physical space. Finally, we have presenteca
numberof alternatvesto effectively corvey surfaceshape
and o w structurein thesameimage.

In future work, it will beinterestingandbene cial to
introducedye adwectionin our conceptof texture adwvec-
tion. However, this will be a challengingtask because
dye needsa long history of its pathto be stored,which
mightrequireto extendthe 2D representatiobeyondthe
closestsurface.
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