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Abstract

Flow visualizationhasbeena very attractive part of visualizationreseach for a long time Usually very large
datasetseedto be processedwhich oftenconsistof multivariatedatawith a large numberof samplelocations,
oftenarranged in multiple time steps.Recentlythe steadilyincreasingperformanceof computes again hasbe-
comea driving factor for areemegencein flowvisualizationespeciallyin techniquesasedon featue extraction,
vectorfield clustering andtopolay extraction.

In this article and a companiorpaper®?, the stateof the art in flow visualization(Flow\Ms) is presentedIn this
paper direct (or global) flow visualizationsud as hedgha plots, texture-basedlow visualizationsud asline
integral convolution, and geometricflow visualizationsud as streamlinesis discussedPart 2 of this report 89
focusseon featue-basedflow visualizationin detail. In this paper also an attemptof categorizing FlowMs
solutionsis presentedwhich is incorporated as a structue for part 1 (this paper). FlowMs fundamentalsare
shortlyaddressedaswell as conclusionsand future prospects.

Catagyoriesand SubjectDescriptorgaccordingto ACM CCS} 1.3 [ComputerGraphics]:visualization flow visual-

ization,computationaflow visualization

1. Intr oduction

Flow visualization(FlowVis) is one of the traditional sub-
fields of visualization, covering a rich variety of applica-
tions, rangingfrom the automotve industry aerodynamics,
turbomachinerylesign to weathesimulationandmeteorol-
ogy, climatemodelling,groundwaterflow, andmedicalap-
plications,with differentcharacteristicselatingto the data
andusergoals.Consequentlthespectrunof FlowVis solu-
tionsis veryrich, spanningmultiple dimensionf technical
aspectse.g.,2D vs. 3D solutions techniquedor steadyand
time-dependerdata.

Bringingmary of thosesolutionsin linearorder(asneces-
saryfor atext like this) is neithereasynor intuitive. Several
optionsof subdviding this broadfield of literaturearepossi-
ble. Hesselinket al., for example,addressethe problemof
how to cateyoriseFlowVis techniqueén their 1994overvien
of (atthattime) recentresearchssueg* andmentionthedi-
mensionalityof flow datato dealwith asthe first example.
In the following, several of thoseaspectarediscussewn a
higherlevel beforeliteratureis addressedirectly.
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1.1. Classification

Accordingto the differentneedsof the users therearedif-
ferentapproacheto flow visualization(cf. Fig. 1):

e Directflow visualization: Usinganasdirectaspossible
translationof theflow datainto visualizationcues for ex-
ample,by drawing arrows or color codingvelocity, quite
intuitive picturescan be provided, esp. in 2D. FlowVis
solutionsof thiskind allow immediatenvestigatiorof the
flow data,withoutrequiringalot of mentalinterpretation.

e Texture-basedlow visualization: Similar to direct flow
visualization,a texture is computed which subsequently
is usedfor rendering,to provide a densevisualization
of the flow data. Through the integrated relation of
texture values along the flow, a notion of where the
flow goesis incorporated. In most casesthis effect is
achiezedthroughfiltering of texturevaluesalongtheflow.

e Geometricflow visualization: For a bettercommunica-
tion of thelong-termbehaior inducedby flow dynamics,
integration-based appmoades first integrate the flow
dataanduseresultingintegral objectsasa basisfor flow
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Figure 1: Computationsnvolvedin FlowMs — directflow
visualization(a) vs.texture-based~lowMs (b) vs.FlowMs
based on geometric objects (c) vs. featue-based
FlowMs (d). This classificationrelatesto the first-level
structue of thisreport.

visualization;examplesarestreamlines, streaklines,and
pathlines. In a similar way, also differently computed
geometric objects, like iso-surfices or timelines also
are useful for flow visualization. In the following, we
will jointly discusstechniquesof this kind as geometric
techniques

o Featue-basedlow visualization: Yet anotherapproach
malkesuseof an abstractiorand/orextractionstepwhich
is performedbeforevisualization.Speciaffeaturesareex-
tractedfrom the original datasetsuchasimportantphe-
nomenaor topologicalinformationof the flow. Flow vi-
sualizationis thenbasedn theseflow featureqinsteadof
theentiredataset)allowing for compactindefficient flow
visualizationof even very large and/or time-dependent
datasets. Part 2 of this state-of-the-arteport % covers
feature-basetlow visualizationin detail.

Figure 1 illustratesthe differencebetweenthe aforemen-
tionedclasses.Note the increasingamountof computation
neededor thevisualizationstepwhenchangingrom direct
flow visualization(a) to feature-basetlow visualization(d).
In this overview we useseparatehapterdor threeof these
classes:direct flow visualizationis discussedn section3,
texture-basedlow visualizationis reviewedin sectiord, and
geometridechniquedor flow visualizationin section5.

1.2. Dimensions

In flow visualization,available solutionssignificantly differ
with respectto the given dimensionalityof the flow data.
Techniquesvhichareusefulfor 2D flow data Jik e colorcod-
ing or arrow plots,sometimedack similaradwvantagesn 3D.
Also, thequestiomf whethertheflow datais steadyor time-
dependenhasa large impact with respectto the FlowVis
solutionof choice.

In this state-of-the-anteport,we substructur¢he sections
aboutdifferentclasse®f FlowVis solutionsinto subsections
with respectto the different spatial dimensionsinvolved.
This reportfocusseson 2D and 3D flow visualization,al-
thoughthereis muchinterestingvork aboutl D FlowVis and
nD FlowVis (with n > 3) aswell.

2D 2.xD 3D
2D FlowViz 3D
FlowViz onsurfs. FlowViz

FlowViz for time—dependent data

awn+ Apeais

Figure 2: FlowMs spansdifferent spatial dimensionsand
alsotime (1D & nD omittedher).  This categorization
corresponddo the second-leel structuse of this report.

In the following, the top-level sectionsstartwith a sub-
sectionon 2D FlowMs techniques(sectionsn.1), i.e., cov-
ering solutionswhich focuson 2D flow data(in planar2D
domains). Sincethe 2D domaininherentlycorrespondso
the 2D screengoodoverviews are possiblefor thesekinds
of techniquedik e with theuseof 2D LIC (seebelow for de-
tails). However, thereadershouldbe aware,thatreal-world
flows (atleastwhentalking aboutfluids or gasesprerarely
two-dimensional- datasetshereforeare often slicesout of
a 3D stackof those,or stemfrom simplificationsof the un-
derlyingmodel.

A secondsubsectior{sections.2) discusse$lowMs so-
lutionsfor boundaryflowsor sectionalsubset®of 3D flows
for example, flow dataon planarcrosssectionsor on 2D
manifoldsin 3D space This subsectiorthereforedealswith
2D flow data— at leastwith respecto the local dimension-
ality of the data— but which is embeddedvithin 3D space.
While boundaryflows often are of actualinterestto users
(likein aerospaceesign) thevisualizationof sectionakub-
setsof 3D flow usually needsspecialcare (not at the least
becaus®f the usuallymissingflow component) Especially
guestionablés the useof integral curvesacrossflow cross-
sectionsasthe suggestegarticlepathsdo not correspondo
actualflow trajectoriegwhich naturallywould extendto 3D
in this case).

Finally, a third subsectionsectionsn.3) discussedruly
3D FlowMs solutions i.e., visualizationtechniqueswhich
apply to true 3D flow data. With true 3D flow visualiza-
tion, renderingbecomesa centralissue. In mary cases
compromisegreneedediradingvisibility for completeness.
Solutionsrangefrom clipping and opacity modulationsto
feature-basedelections.

In additionto the spatialdimensionsasaddressedbove,
alsodimensionalitywith respectto time is of greatimpor
tancein flow visualization. First of all, flow dataitself in-
corporates notion of time — flows often areinterpretedas
differentialdatawith respecto time (cf. equ.1), i.e., when
integrating the data, pathsof moving entitiesare obtained
(cf. equ.3). Additionally, the flow itself can changeover
time (like in turbulent flows), resultingin time-dependent
or unsteadydata. In this case,two dimensionsof time are
presentandthe visualizationmust carefully distinguishbe-
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tweenboth in orderto prevent usersfrom being confused.
Instanteneoustreamlines, for example,are hardto inter

pretcorrectlyin the context of unsteadyflow. This distinc-
tion of time dimensionss especiallytrue, whenanimation
is usedfor flow visualization. Then, even a third temporal
dimensionshavs up in a visualization(like the motion of

the camera) requiringspecialcareto avoid confusionwith

interpretatiorof the animations.

Although the distinction betweensteadyand unsteady
flows could openanotherdimensionwhen sorting FlowVis
literature,in thisreportsolutionsfor time-dependerdataare
besiderelatedtechniquedor steadydata.

In mary casesadditionalto spatialandtemporaldimen-
sions, further dataattributesare given alongwith the data,
suchastemperaturepressurepr vorticity. Flow visualiza-
tion alsotakesthesevaluesinto accountg.g.,throughcolor
ing or iso-surficeextraction.

1.3. Experimental and computational FlowVis

Flow visualization,asdiscussedn this paper is considered
to be equivalentto whatotherscall computationaflow visu-
alization— to distinguishit from the large andold fields of
experimentalandempiricalflow visualization.

Although we do not have spaceto focus on thoseother
variantsof flow visualization,it is interestingto recognise
that mary computationalFlowVis solutions more or less
mimic the visualappearancef well-acceptedechniquesn
experimentalisualization(cf. particletracesdyeinjection,
or Schliererntechnigues).

1.4. Data sources

Computationaflow visualizationjn generaldealswith data
thatexhibit temporaldynamicssuchasresultsfrom (a) flow
simulation(e.g.,the simulationof fluid flow througha tur-
bine), (b) flow measuements(possibly acquiredthrough
laserbasedtechnology),or (c) analytic modelsof flows
(e.g.,dynamicalsystems, givenassetof differentialequa-
tions).

In this reportwe mainly focuson flow visualizationdeal-
ing with datafrom computationaflow simulation,i.e., flow
datagivenasa setof sampleson agrid. Flow visualization
of thiskind oftenis alsocalledvectorfield visualization In
mary casesthe velocity informationin sucha flow dataset
(encodedwithin the setof vectors)representshe prime fo-
cusduring visualization.Neverthelessthe relationof com-
putationaland experimentalflow visualizationneedsto be
metioned:experimentaflow visualization,asin awind tun-
nel, for example,is alsousedto validatecomputationaflow
simulation. In sucha casethe computationaflow visual-
ization needsto be setup in away suchthatresultscanbe
compareckasily
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1.5. Placementand interaction

Many FlowVis solutionsbuild on the useof individual vi-

sualizationobjectssuchas streamlines. The placemenbf

thosevisualizationcuesis anissuewithin FlowVis literature
for atleastthreereasons:(1) whenusinggeometricobjects
suchasstreamlines, an even distribution of seedlocations
usually doesnot resultin an even distribution of geomet-
ric objectsin imagespace- separatalgorithmsneedto be
emplo/ed; (2) whendealingwith 3D flow data,occlusion
and/orvisualizationcompleity raisesspecialchallenges-
denseplacementoften resultsin severe cluttering within

renderedmages; (3) whenusing feature-basedtrataies,
placemenneedso be coupledandalignedwith the feature
extractionaspect®f thevisualizationtechnique.

In additionto placementuserinteractionplaysanimpor
tantrole, especiallyin caseof flow analysis. Usersrequire
systemsvhichallow (1) navigation,includingzoomingand
panning, (2) interactve placemenbf visualizationcues for
example,using an interactive rake for stream-lineseeding,
or even (3) optionsof directly interactingwith theflow data
itself, for example throughsteering* of the simulation.

2. FlowVis fundamentals

Beforeoutlining someof the mostimportantFlowVis tech-
niquesin the mainpartof this papera shortoverviewv about
thecommonmathematicabackgroundaswell assomegen-
eralconceptawith regardto the computatiorof FlowVis re-
sultsarediscussed.

2.1. Flow data

An inherentcharacteristiof flow datais thatderivative in-

formationis given with respectto time, which is laid out
with respectto an n-dimensionaldomainQ C R", for ex-

ample,n = 3 for representin@D fluid flow. In the caseof

multidimensionaflow data(n > 1), temporalderivativesv of

nD locationsp within theflow domainQ aren-dimensional
vectors:

v=dp/dt, peQCR,veR" teR (1)

In analyticmodels(like dynamicalsystems'), vectorsv of-
tenaredescribedasfunctionsof the respectie spatialloca-
tionsp, saylikev = Ap for steadylinearflow data,A being
aconstannxn-matrix. A moregeneraformulationof (pos-
sibly unsteadyi.e., time-dependentjow datav would be

v(p,t):QxMN =R 2

wherep € Q C R" representthespatialreferenceof theflow
dataandt € N C R representshe systemtime. For steady
flow data,themoresimplecaseof v(p) : Q — R" is given (v
notdependenont).

In resultsfrom nD flow simulation likein automotve ap-
plicationsor airplanedesign, vector datav usually is not
givenin analyticform, but needsto be reconstructedrom
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(a) Cartesian (b) Curvilinear  (¢) Unstructured

Figure 3: Gridsinvolvedin flow simulation— Cartesian(a)
vs.curvilinear (b) vs.unstructued grids (c). Issuesare im-
plicit (a) vs. explicit locations (b, c), implicit (a,b) vs. ex-
plicit neighborhoodc).

the discretesimulationoutput. As usuallynumericalmeth-
odsareusedto actuallydo theflow simulation suchasfinite
elementmethodsthe outputof flow simulationusuallyis a
large-sizedyrid of mary samplevectorsv;, which discretely
representhe solution of the simulationprocess. Further
more,it is assumedhattheflow simulationis basednanat
leastlocally continuougamodelof the flow, thusallowing for
continuousreconstructiorof the flow datav during visual-
ization. Oneoptionfor doingsowould beto applyarecon-
structionfilter h: R" — Rto computev(p) = 5; h(p—pi) vi.
As —for practicalreasons-filter h usuallyhasonly local ex-
tent, efficient proceduredor finding thoseflow samplesy;,
which actuallyare nearesto the querypoint p, areneeded
to do properreconstruction.

2.2. Dealingwith Grids

In flow simulation thevectorsampless; usuallyarelaid out
acrosgheflow domainwith respecto a certaintypeof grid.

Grid typesrangefrom simple Cartesiargrids over curvilin-

ear grids to comple unstructuredyrids (cf. Fig. 3). Typ-

ically, simulationgrids also exhibit large variationsin cell

sizes.This variety of grids stemsfrom the high influenceof

grid designontotheflow simulationprocessandthethereby
derived needto modelthe flow grid asoptimal aspossible
with respecto the simulationin mind.

Although the principal theory of function reconstruction
from discretesamplegloesnot exhibit too mary differences
with respectto grid typesinvolved, the practicalhandling
does.While neighborsearchingmight betrivial in a Carte-
siangrid, it usuallyis notin atetrahedragrid. Similar differ-
encesaregivenfor the problemsof pointlocationandvector
reconstructionln the following we shortly describeseveral
fundamentalperationswhich form the basisfor FlowVis
computation®n simulationgrids.

Startingwith point location, i.e., the problemof finding
the grid cell which a given nD-point lies in, usually two
casesredistinguishedFor thegenerapointlocationprob-
lem, specialdatastructurecanbe usedwhich subdvide the
spatialdomainto speedup the search For iterative pointlo-
cation,which oftenis neededduringintegral curve compu-
tation, algorithmsare usedwhich efficiently exploit spatial
coherenceluring the search.Onekind of suchalgorithms

startswith an initial guessfor the target cell, checksfor
point-containmenthen andrefinesaccordinglyafterwards.
This processs iterateduntil the targetcell is found. More
detailscanbe foundin older texts aboutflow visualization
fundamental§3 67,

Besidepointlocation,flow reconstructiorwithin a cell of
the flow datasefs a crucialissuein flow visualization. Of-
ten,oncethecell which containghe querylocationis found,
only the samplevectorsat the cell's verticesare considered
for flow reconstruction. The most often usedapproachis
first-orderreconstructioy performinglinearinterpolations
within thecell. Within ahexahedrakell in 3D, for example,
trilinear flow reconstructiorcanbe used.

Using point locationandflow reconstructionflow visu-
alizationcanbegin: vectorscanberepresentedith glyphs,
virtual particlescan be injectedandtracedacrossthe flow
domain. Nevertheless,the computationof derived data
might be necessaryo do moresophisticatedlow visualiza-
tion. Usually, thefirst stepis to requestsecond-ordemyradi-
entinformationfor arbitrarypointsin the flow domain,i.e.,
VV|p, which givesinformationaboutlocal propertiesof the
flow (atpointp) suchasflow corvergenceanddivergence or
flow rotationandshear For featureextraction, flow vortic-
ity w= V x v canbe of high interest.Furtherdetailsabout
localflow propertiescanbefoundin previouswork 68 57,

2.3. Flow integration

Recallingthatflow datain mostcasess dervative informa-
tion with respectto time, the idea of integrating flow data
over time is naturalto provide anintuitive notion of (long-
term)evolutioninducedby theflow data.An examplewould
be flow visualizationby the useof particleadwection. A re-
spectve particle path p(t) — herethroughunsteadyflow —
would be definedby

t

p(t) =po+ . v(p(T), T+1tg) dt 3)

wherepg representtheseedocationof theparticlepathand
to equalsthe time whenthe particlewasseeded Note, that
equationd and3 arecomplimentantto eachother For other
typesof integral curves,suchasstreanlinesandstrealines,
referto laterpartsof this text or previousworks?83 45,

In addition to the theoretical specificationof integral
cunes,it is importantto note,thatrespectre integral equa-
tions like equation3 usually cannotbe resohed for the
curve function analytically andtherebynumericalintegra-
tion methodsneedto be emplo/ed. The most simple ap-
proachis to usea first-order Euler methodto computean
approximatiorpg (t) — oneiterationof the curve integration
is specifiedoy

PE(t+At) =p(t) +At-v(p(t), t) (4)

whereAt usuallyis a very small stepin time andp(t) de-
notesthe location to start this Euler stepfrom. A more
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Figure 4: Examplgromtheoetical biology (a foodchain) 53 for comparingFlowMs techniquesfromSects3, 4, and5. FlowMs
bytheuseof arrows(left) vs.texture-based-lowMs by theuseof LIC (middle)and Flow\Ms basedon geometricobjects(right).

accuratebut also more costly techniqueis the second-
order Runge-Kitta method,which usesthe Euler approxi-
mationpg asalook-aheado computea betterapproxima-
tion priz(t) of theintegral curve:

pre2(t+At) =
p(t) +At- (v(p(t), t) +v(pe(t+At),1)) /2 (5)

Higherorder methods like the often used fourth-order
Runge-Kittaintegratorutilise moresuchstepsto betterap-
proximatethe local behaior of the integral curve. Also,

adaptve stepsizesareusedto make smallerstepsin regions
wherealot of changeakesplacein the flow.

In the following, threeclassef approachein thefield
of flow visualizationarediscussedn detail— directflow vi-
sualizationis describedn section3, texture-basedlow vi-
sualizationin section4, andgeometricflow visualizationis
discussedn section5. Figure4 illustratesthesethreekinds
of flow visualizationside-by-side. Part 2 of this report°
coversthefourth classof feature-basetlow visualizationin
detail.

3. Directflow visualization

Direct (or global) flow visualizationattemptsto presenthe
completedatasetor a large subsetof it, at a low level of
abstraction The mappingof the datato a visualrepresenta-
tion is performedwithout complex conversionor extraction
steps.Thesetechniquesreperhapghe mostintuitive visu-
alizationstratgiesasthey presenthedataasis. Difficulties
arise,whenthe long-termbehaior inducedby flow should
be investigated- this potentiallyrequirescognitive integra-
tion of directvisualizationresults.

3.1. Directflow visualizationin 2D

In this subsectiowe shortlyaddressvidely distributed,i.e.,
fairly standardechniquedor 2D flow visualization,includ-
ing coloringandarrow plots.
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Color coding in 2D — a commondirectflow visualization
techniqueis to map flow attributessuchas velocity, pres-
sure,or temperaturdo color. Sincecolor plots are widely
distributed,thisapproachresultsin veryintuitive depictions.
Of course the color scalewhich is usedfor mappingmust
be chosencarefully with respectto perceptualdifferentia-
tion. Color codingfor 2D flow visualizationextendsto time-
dependentatavery well, resultingin moving color plots
accordingto changeof the flow propertiesover time. Of
course|f time stepsaretoo widely spacedtemporalalias-
ing canoccur

Arr ow plots in 2D — a natural vector visualizationtech-
nigueis to mapaline, arrawn, or glyph to eachsamplepoint
in the field, orientedaccordingto the flow field, asin fig-
ure4 (left). Usuallyaregularplacemendf arravsis usedin
2D, for example,on an evenly-spacedCartesiargrid. Two
variantsof arrow plotsareoftenused:(1) normalisedarrons
of unit lengthwhich visualisethe directionof the flow only
and (2) arrows of varying length (proportionalto the flow
velocity). KlassenandHarrington*? andSchroedeet al. 77
call this techniquea hedghay visualization(becausef the
bristly result). Hedgehogplots in 2D can be extendedto
time-dependendata. However, without a propersampling
in the time dimension,easily temporalaliasing can occur
(jumping arrans), diminishingthe quality of sucha visual-
ization.

Hybrid directFlowVisin 2D — Kirby etal. proposehesi-
multaneouwisualizationof multiple valuesof 2D flow data
by usinga layering conceptsimilar to the painting process
of artists*1. Arrow plotsaremixedwith color codingto pro-
vide rich visualizationresults.

3.2. Directflow visualization on slicesor boundaries

When dealing with 3D flow data, visualization naturally
facesadditional challengessuchas 3D rendering. Acting
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Figure 5: Examplef directflow visualization— an interactive slicing probewith colored slicesand scalar clipping (left) 78,
directvolumerenderingbasedon resamplingmiddle)103, Exampleof texture-basedgcolored spotnoise(right) 48.

asa middle groundbetween2D flow visualizationandthe
visualizationof truly 3D flow data,the restrictionto subdi-
mensionalpartsof the 3D domain,e.g., sectionalslicesor
boundarysurfacesalsois usedfor flow visualization.Tech-
niguesknown from 2D flow visualizationusuallyareappli-
cablewithout major changegatleastfrom atechnicalpoint
of view). When working with sectionalslices, the treat-
mentof flow component®rthogonatto slicesrequiresspe-
cial care.

Color coding on slicesor boundaries — color coding is

very effective for visualising boundaryflows or sectional
subsetof 3D flow data. A goodexampleis NASA's Field
EncapsulatiorLibrary 62, which allows to easily useboth
techniquedor variousflow data.Schulzetal. alsousecolor
codingof scalarson 2D slicesin 3D automotve simulation
data’® asshavn in figure 5 (left). They introduceaninter-

active slicing probewhich mapsthe vectorfield datato hue.
The useof scalarclipping, i.e., the transparentenderingof

sliceregionswherethecorrespondinglatavaluedoesnotlie

within aspecificdatarange allows to usemultiple (colored)
sliceswith reducedproblemsdueto occlusion.

Arr ows on slicesor boundary surfaces— using2D arrows
on slicesfrom 3D flow datais alsoa possiblevisualization
techniqué’. However, resultsof suchavisualizationshould
be interpretedwith care,asflow which is orthogonatto the
slice usually is not depicted. Hedgehogplots work better
for boundaryflows. In thesecases arely cross-boundary
flows aregiven. Thereforethe useof arravs spreadut over
boundarysurfacesusuallyis very effective, asusedby Trein-
ish for weathervisualization®s.

3.3. Directflow visualizationin 3D

After focussingon direct FlowVis on slicesand boundary
surfaces,direct flow visualizationof real 3D flows is dis-

cussedIn contrasto previously mentionedechniqueshere
renderingbecomeghe most critical issue. Occlusionand
compleity malke it difficult (if possibleatall) to getanim-

mediateoverview of anentireflow datasetn 3D.

Volume rendering for 3D flow visualization — the natural
extensionof colorcodingin 2D (or onslices)is colorcoding
in 3D. This, howvever, posesspecialrenderingrequirements
(volumerendering)ueto occlusionproblemsandnontrivial
compleity. Volumerenderingis well-known in thefield of
medical3D visualization,i.e., volumevisualization. How-
ever, thosechallengeswhich closelycorrespondo flow vi-
sualizationare briefly addressedthere: (1) flow datasetsre
oftensignificantlysmoothethanmedicaldata— anabsence
of sharpand clear “object” boundarieglike organ bound-
aries)makesmappingto opacitiesmoredifficult andlessin-
tuitive. (2) flow datais often given on non-Cartesiamrids,
e.g.,oncurvilineargrids—thecompleity of volumerender
ing increasewith suchgrids, startingwith nontrivial solu-
tions requiredfor visibility sortingandblending. (3) flow
datais alsotime-dependenin mary casesjmposingaddi-
tionalloadsontherenderingprocess.

In the early nineties,Cranfis et al. 13, aswell asEbertet
al. 16 appliedvolumerenderingtechniqueso vectorfields.
Later, Frihaufappliedray castingto vector fields 2. Re-
cently Westermannpresenteda relatively fast 3D volume
renderingmethodusing a resamplingtechniquefor vector
field datafrom unstructuredo Cartesiargrids 193, A result
from this techniquds illustratedin figure 5 (middle).

RecentlyClyneandDennis!? aswell asGlau?? presented
volumerenderingfor time-varying vectorfields usingalgo-
rithmswhich make specialuseof graphicshardware.Onoet
al. usedirectvolumerenderingto visualisethermalflows in
the passengecompartmentf an automobile’é. Their goal
is to attainthe ability to predictthe thermalcharacteristics
of theautomotve cabinthroughsimulation. Swanetal. ap-
ply directvolumerenderingechniquesn flow visualization
in a systemthat supportscomputationakteeringg. Their
visualizationresultsareextendedo the CAVE ervironment.

Recently Ebertand Rheingansdemonstratedhe use of
nonphotorealistizolumerenderingtechniquedor 3D flow
datal>. They applysilhouetteenhancemertr toneshading
to improve renderingof 3D flows.

Arr ow plots in 3D — the useof arrows for direct 3D flow
visualizationposesat leasttwo problems: (1) the position
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andorientationof avectoris oftendifficult to understandbe-
causeof its projectionontoa 2D screen-using3D represen-
tationsof arronvs decreasetheseproblemswith perception
and(2) glyphsoccludingone anotherbecomea problem—
carefulseedings requiredin contrasto densedistributions.

In actualapplications,arrav plots are usually basedon
selectve seedingfor example,all arrows startingfrom one
outof afew sectionaklicesthroughthe 3D flow. Boringand
Pangaddresshe problemof clutterin 3D directFlowVis by
highlighting thosepartsof a 3D arrow plot, which pointin
a similar direction comparedo a userdefineddirection 6.
Their methodologyreducesthe amountof databeing dis-
playedthus resultsin lessclutter Their methodscan be
combinedwith othertechniqueghat useglyph representa-
tions andflow geometriesuchas streamlines for flow vi-
sualization. They apply the methodsto both analyticand
simulationdatasetso highlight flow reversals.

3.4. Hybrid directFlowVisin 3D

Doleischan Hausermresenta systemwhich providesinter
active visualizationof 3D datafrom flow simulationwith a
visual discriminationof foci and context basedon a user
driven, interactive featurespecificatiorin attribute space“.

4., Texture-basedflow visualization

We malke a distinction betweengeometricflow visualiza-
tion (seeSect.5) and dense texture-basedlow visualiza-
tion, however, thesetwo topics are closely coupled: con-
ceptually the pathfrom usinggeometricobjectsto texture-
basedvisualizationis obtainedvia a denseseedingstratey.
Thatis, denselyseededjeometricobjectsresultin animage
similar to that obtainedby densetexture-basedechniques.
Likewise, the path from dense texture-basedsisualization
to visualizationusing geometricobjectsis obtainedusing
somethingsuch as a sparsetexture for texture advection.
Texture-basedechniquesn flow visualizationcan provide
densespatialresolutionimages. Texture-basedalgorithms
areeffective, versatile andapplicableto awide spectrunof
applications Sanneetal. presena summaryof thisresearch
in asuney paper’4.

4.1. Texture-basedflow visualization in 2D

In this subsectionye describetexture-basedrlowVis solu-
tionsfor 2D flow data,i.e., spotnoise line integral corvolu-
tion (LIC), andrelatedapproaches.

Spotnoisein 2D — spotnoise,introducedoy VanWijk 195,
was amongstthe first texture-basedechniquesfor vector
field visualization. Spot noise generates texture by dis-
tributing a setof intensityfunctions,or spots,over the do-
main. Eachspotrepresents particlemoving over a small
stepin time andresultsin a streakin the direction of the
local flow from wherethe particleis seeded.

One limitation of the original spot noise algorithm was
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the lack of velocity magnitudeinformationin the resulting
texture. Enhancedpotnoise®?, by De LeeuwandVanWijk,

wasintroducedto addresghis problem.Spotnoisehasalso
beenappliedto the visualizationof turbulent flow 50, De
Leeuw and Van Liere also comparespot noiseto LIC 51.

Spotnoisein 2D combinedwith color codingis shavn in

figure5 (right).

Line integral corvolution in 2D— lineintegral corvolution
(LIC), first introducedby Cabraland Leedom?0 is a very
populartechniquefor the densecoverageof vector fields
with flow visualizationcues.The original methodologybe-
hind LIC takesasinputavectorfield ona Cartesiargrid and
a white noisetexture of the samesize. The noisetexture is
locally filtered (smoothedplongthe pathof streamlinesto
acquirea densevisualizationof the flow field. Seefigure4
(middle)for anexample.

Theresearctin flow visualizationbasedn LIC described
hereextendsLIC in several ways: (1) addingdirectional
cues(2) shawving velocity magnitudes(3) addedsupportfor
non-Cartesiargrids, (4) allowing real-time andinteractve
exploration,(5) extendingLIC to 3D, and(6) extendingLIC
to unsteadyectorfield visualizationwith time cohereng.

Shenetal. addresshe problemof directionalcuesin LIC
by combininganimationandintroducingdye adwectioninto
the computatiorf®. Kiu andBanksproposedo usea mul-
tifrequeng noisefor LIC 42. The spatialfrequeng of the
noiseis afunctionof themagnitudeof thelocal velocity.

Khouaset al. synthesise.IC-lik e imagesin 2D with fur-
like textures#0. Their techniqueis able to locally control
attributesof the outputtexture suchas orientation,length,
density andcolor.

Much researcthasbeendoneto bring LIC computation
to interactve rates. Stalling and Hege presentsignificant
improvementsn LIC performanceyy exploiting coherence
alongstreanliness® 23, Parallelimplementationsf LIC are
presentedby CabralandLeedom?®, andZ&ckleretal. 119,

OLIC for 2D flow visualization — Wegenkittl et al. also
addresghe problemof orientationof flow with their OLIC

(OrientedLine Integral Convolution) approachH?. Concep-
tually, the OLIC algorithm makes use of a sparsetexture
consistingof mary separatedgpotswhich are moreor less
smearedn the directionof thelocal vectorfield throughin-

tegration. A fastversionof OLIC (called FROLIC) is pre-
sentedby WegenkittlandGroéller 1 via a trade-of of accu-
ragy for time.

2D Texture Advection — Jobard and Lefer use a mo-
tion mapdatastructurefor animating2D, steady-statélow
fields 36. The motion map containsboth a denserepresen-
tation of the flow and the informationrequiredto animate
theflow. It offerstheadvantageof saving memoryandcom-
putationtime since only one image of the flow hasto be
computedandstoredin themotionmapdatastructure.
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Figure 6: Threeimagestaken froman animationof an unsteadyectorfield createdwith the Lagrangian-Eulerianadvection

algorithm32.

Jobardet al. proposea techniqueto visualisedenserep-
resentationf unsteadyvector fields basedon what they
call a Lagrangian-Euleriadvectionscheme®. The algo-
rithm combinesa dense time-dependentintegration-based
representationf thevectorfield with interactive framerates.
Someresultsfrom thetechniqueareshavn in figure 6.

Jobardetal. 3% 31 presentdditional2D, unsteadyflow vi-
sualizationtechniques.They achieve high performancevia
the useof graphicshardware. They alsodetail spatialand
temporalcoherenceaechniquesdye adwection techniques,
andfeatureextraction.

Unsteadyflow visualizationtechniqguesnay addresghe
problem of interactve performancetime through the use
of texture mapping supportedby the graphicshardware.
Becler and Rumpf illustrate hardware-supportedexture
transporffor 2D, unsteadylow data®.

In 2002,Jarle vanWijk 6 proposedmage-baseflow vi-
sualizationwhich allows to achieve effects similar to LIC,
spot noise, particle adwection, and, of course,texture ad-
vection. By distorting the verticesof an underlyingmesh
andtexturing themeshwith thevisualizationresultfrom the
last time step, interactve renderingframeseven for time-
dependentlow canbeachieved.

4.2. Texture-basedflow visualization on slicesor
boundaries

Texture-basedechniquesre,in general pettermethodgor
corveying flow information on sectionalslicesthan tech-
niguesusing geometricobjects. This is becausehe con-
nectionalongthe pathof whatwould bea streamline is lost
with densetexture-basedechniquesThusthe depictionof
theflow is not misleadingn termsof a potentialsuggestions
of particlepaths.Let usrecallthatthe vectorcomponenbr-
thogonalto the slice is removed when using texture-based
andgeometriamethodsdor visualizationresults.

Spot noiseon boundaries or slices— De Leeuwet al. ex-
tendthespotnoisealgorithmto surfacesn astudythatcom-
paresexperimentabkurfaceflow visualizationwith oil to that

of spotnoiseon surfaces*. A combinationof both texture-
based-lowVis (onslices)and3D arraws for 3D flow visual-
izationis emplg/ed by TeleaandVanWijk °2 wherearrows

denotethe main characteristicef the 3D flow after cluster

ing anda 2D slicewith spotnoiseor LIC is usedto visualise
therestof thevectorfield onaslice.

LIC for boundary flows — alarge body of researcHitera-
tureis dedicatedo the extensionof LIC ontoboundarysur
facessuneyedby Stalling84.

The extensionof LIC to non-Cartesiagridsandsurfaces
is presentedy researchersuchasForssell!8. Forsselland
Cohen?® extendLIC to curvilinearsurfaceswith animation
techniquesadd magnitudeand direction information, and
shav how to useLIC to depicttime-dependerftows. Their
algorithmalsoutilisestexturemappinghardwareto improve
performanceime towardsinteractve rates.

Teitzeletal. °0 presentinapproachhatworksonboth2D
unstructuredgrids and directly on triangulatedsurfacesin
3D space Mao et al. 6° presen@nalgorithmfor corvolving
solidwhite noiseontrianglemeshesn 3D spaceandextend
LIC for visualisingavectorfield on arbitrarysurfacesin 3D.

Battke et al. 3 describean extensionof LIC for arbitrary
surfacesin 3D. Someapproachesarelimited to curvilinear
surfacesij.e., surfaceswhich canbe parameterisetly using
2D-coordinatesTheir methodalsohandleghe caseof gen-
eral,multiply connectedcurfaces.

Scheuermanet al. presenta methodfor visualising3D
vector fields that are definedon a 2D manifold 7. Their
work addressethe normalvectorcomponento the surface
thatothermethodsdo not.

A problemwith mary curvilineargrid LIC algorithmsis
thatthe resultingLIC texturesmay be distortedafter being
mappedntothegeometricsurfaces sinceacurvilineargrid
usuallyconsistof cellsof differentsizes.Maoetal. propose
a solutionto the problemby usingmultigranularitynoiseas
theinputimagefor LIC 9.
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Figure 7: A comparisorof 3 LIC techniques:(left) UFLIC, (middle)ELIC, and(right) PLIC 97.

UFLIC, PLIC, and others,— ShenandKaopresentUFLIC
(UnsteadyFlow LIC), whichincorporatedgime into thecon-
volution 8% 79, Seefigure 7 (left). Theiralgorithmaddresses
problemswith temporalcohereng by successiely updating
theconvolutionresultsovertime. They alsoproposea paral-
lel UFLIC algorithm.Vermaetal. presenamethodfor com-
paratve analysisof streamlinesandLIC calledPLIC 97. A
visualcomparisorbetweerELIC (enhanced.IC) 5, PLIC,
andUFLIC is shavn in figure 7.

4.3. Texture-basedflow visualization in 3D

High computational costs, demanding memory require-
ments,occlusion,and visual compleity canall be inhibi-
tantsfor texture-basedlow visualizationin 3D.

LIC in 3D — occlusionand interactve performanceare
nontrivial challengesvhenimplementingLIC in 3D. Rezk-
Salameet al. tacklethe problemof interactve performance
usinga 3D-texture mappingapproactcombinedwith anin-
teractive clipping planeto addresshe problemsof occlusion
andinteraction’®. A combinedapproachof directvolume
renderingandLIC istakenby Interrante?® for extendingLIC
to 3D. Interranteand Groschaddresssomeperceptuadif-
ficulties encounteredvith dense 3D visualizations?” 28 29,
Techniquedor selectvely emphasisingmportantregionsof
interestin theflow, enhancinglepthperceptionandimprov-
ing orientationperceptionof overlappingstreamlines are
discussed.

Texture advection in 3D — Kao et al. discussthe use of
3D and 4D texture adwection for the visualizationof 3D
fluid flows 38. Formidablechallengesreintroducedby the
memoryrequirementfvolvedin using3D and4D textures.
They alsoapplyasteady-statanimationto these3D and4D
textures.
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5. Geometric flow visualization

Geometricflow visualizationentailsthe extraction of geo-
metric objectswhoseshapesare directly relatedto the un-
derlying data— like an iso-surfice correspondingo a cer

tainvelocity magnitudeor astrearndine whichrepresentthe
temporalevolution of the flow. In whatfollows, we there-
fore discusggeometridlow visualizationtechniquesuchas
contouringin both2D and3D aswell asgeometricflow vi-

sualizatiorusingintegral objects(suchasstreamlines).

5.1. Geometricflow visualization in 2D

In this subsectionwe shortly discussgeometric FlowVis

techniquesn 2D basedn objectssuchasstreamletsstream
lines, andtheir relatives within unsteadyflows. Also, the
seedingproblemis addressedwhich requiresa solutionin

orderto realisebetterdistributionsof geometricobjects.

Streamletsin 2D — if flow vectorsareintegratedfor avery
shorttime, streamletsare generated. Even though short,
streamletsalready communicatetemporalevolution along
theflow. Figure4 shavs anexample,wheresereral stream-
letsareusedto visualisea 2D flow field.

Streamlinesin 2D — if longerintegrationis performed(as
comparedo streamlets)streamlines aregained. They are
a naturalextensionof glyph-basedechniquesand offer in-
tuitive semanticsuserseasily understandhat flows evolve
alongintegral objects.

Stream lines, timelines, and path lines — whenunsteady
flow dataare investigated several distinct integral objects
areusedfor flow visualization.A pathline or particle trace
is the trajectorythat a particle follows in a fluid flow 77.
A timeline joins the positionsof particlesreleasedat the
samednstantin timefrom differentinsertionpoints,i.e.,joins
pointsat a constantime t 84. A streakline is tracedby a
setof particlesthathave previously passedhrougha unique



10 Hauser Laramee Doleisd, Post, Vrolijk / FlowMs-STAR, part 1: direct,texture-basedand geometrictechniques

Figure 8: Threeimagesfroman interactiveexploration of a vectorfield usingthe MR viewer 34. A suitablelevel of resolution
canbe choserwhile maintaininga roughlyconstantstream-linedensity

pointin thedomain’’. Streamlinesrelateto continuousn-
jectionof foreignmaterialinto realflow. Sannaetal. present
an adaptve visualizationmethodusing streaklines where
the seedingof streaklinesis afunctionof local vorticity 73.

Stream-line seeding in 2D — one important aspect of
streamlines, or integral curves, when usedfor visualising
continuousvectorfields is the bestchoiceof initial condi-
tions. Since,in general,evenly distributed seedpoints do
not resultin evenly spacedstreamlines, specialalgorithms
needto beemployed:

1. Turk, Banks % and Jobard, Lefer 35 developed tech-
niguesfor automaticallyplacingseedpointsto achieve a
uniformdistribution of streamlineson a 2D vectorfield.

2. Stratgies for stream-lineseedingin 2D may also be
topolagy-based Vermaetal. %8 presenta seedplacement
strat@y for streamlines basedon flow featuresin the
datasetTheirgoalis to captureflow patternsnearcritical
pointsin theflow field.

3. Building on their previous work, Jobardand Lefer pre-
senteda multiresolution (MR) methodfor visualising
large, 2D, steady-stateectorfields 34. The MR hierar
chysupportenrichmentindzooming.Theuseris ableto
interactizely setthe densityof streamlineswhile zoom-
ing in and out of the vectorfield (Fig. 8). The density
of streamlines canalsobe computedautomaticallyasa
function of velocity or vorticity.

Seedingof integral objects becomesa special challenge
whendealingwith time-dependentata. Jobardand Lefer
presentedin unsteadyFlowVis algorithmby correlatingin-
stantaneousisualizationsof the vectorfield at the stream-
line level 37. For eachframe,afeedforwardalgorithmcom-
putesa setof evenly spacedstreamlinesasafunctionof the
streamlinesgeneratedor the previousframe. Their method
alsoprovidesfull controlof theimagedensitysothatsmooth
animationsof arbitrarydensitycanbe produced.

Contouring in 2D — contouringis a natural extensionto
color codingin 2D, insteadof color changescontourlines
representhe distribution of values. Also, the combination
of bothapproachess useful.

5.2. Geometric FlowVis on slicesor boundaries

After discussing2D FlowVis basedon geometricobjects,
this subsectiorshortlyaddressesimilar approachesn sub-
setsof 3D flows suchasboundaryflows. Interpretatiorof in-

tegral curveson sectionaklicesrequiresspecialcare,again.

Integrated tufts — Wegenkittl et al. use integrated tufts
(similar to streamlets)seededn specificequilibrium sur
facesfor visualizinga complex dynamicalsystemi%2, also
over variationsof thatsystemin a fourth dimension.

Geometricflow visualization on surfacesor boundaries—
similar to 2D flow visualization,geometricobjectssuchas
streamlines arealsousedfor visualisingboundaryflows or
sectionalslicesthrough3D flow 7. However, it is impor
tantto notethat the useof theseobjectson slicesmay be
misleading evenwithin steadyflow datasetsA streamline
on aslicemay depicta closedloop, eventhoughno particle
would ever traversethe loop. The reasonagainlies in the
fact,thatflow componentsvhich areorthogonato the slice
areomittedduringflow integration.

Stream-lineseedingon boundary surfaces— Maoetal. 58
extendthe stream-lineseedingof Turk and Banks®* in or-
derto generatevenly distributedstreamlines on boundary
surfaceswithin curvilineargrids.

5.3. Geometric flow visualization in 3D

When dealing with 3D flow, a rich variety of geometric
objectsis available for flow visualization. This subsec-
tion addresses seriesof objects,from streamletgo flow
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volumes, primarily sortedaccordingto their dimensional-
ity, andwithin equaldimensionalityroughly with respecto
whichtechniquesxtendsto another

Streamletsin 3D — streamleteasilyextendto 3D, although
perceptualproblemsmay arisedue to distortionsresulting
from therenderingprojection. Also, seedingpecomesnore
importantin 3D, again.L6ffelmannandGrdller useathread
of streamletsalong characteristicstructuresof 3D flow to
gain selectve, but importance-basedeedingaswell asan
enhancementf abstractlow topologythroughdirectvisu-
alizationcues™*.

Streamletsin 3D — at NASA the Flow Analysis Software
Toolkit (FAST) 2 is usedto visualise CFD databasedon
streamlines in 3D. Careful seedingis necessaryo obtain
usefulresults sincevisual clutter caneasilybecomea prob-
lem. If interactve seedingby theuseof aVR-steeredake 8,
for examaple)is used,however, lessproblemswith occlu-
sionoccure(dueto theselectie placement).

Zockleretal. presenilluminatedstreamliinesto improve
perceptionof streamlines in 3D by taking adwantageof
thetexturemappingcapabilitiessupportedy graphicshard-
ware199. Their shadingtechniqueincreaseslepthinforma-
tion. By makingthe streamlines partially transparentthey
alsoaddresghe problemof occlusion,asshavn in figure 9
(left). For seedingthe authorsproposeaninteractve seed-
ing probewhich canbe moved aroundto startstreamlines
at specificplacesof interest. Also, seedingnearpotential
objectsof interestds demonstrated.

Particle tracing in 3D — Kenwrightand Lane presentan

efficient, 3D particletracingalgorithmthatis alsoaccurate
for interactive investigationof large, unsteadyaeronautical
simulation®®. A performancegainis obtainedby applying

tetrahedratlecompositiorio speedup pointlocationandve-

locity interpolationin curvilineargrids.

Teitzel et al. analysedifferentintegrationmethodsin or-
derto evaluatethetrade-of betweertime andaccurag 9 91.
They presenta 3D particle tracing algorithm targeted at
sparsegrids that is very efficient with respectto storage
spaceand computingtime. The authorsrecommendising
sparsgyrids asa datacompressiomethodin orderto visu-
alisehugedatasets.

Nielsonpresentefficient andaccuratemethodsfor com-
puting tangentcurves for 3D flows 3. The methodswork
directly with physicalcoordinatesgliminating the needto
switch back and forth to computationakoordinates. Effi-
cient particle tracing methodologiesare also addressedy
Sadarjoeretal. 72.

Since streamlines are usually easily computedin real
time, they offer (togetherwith their intuitive semanticspn
oftenchosertool for interactve flow analysis®.
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Stream rib bons and stream tubes — a first extensionof

streamlinesin 3D arestreamribbonsandstreamtubes A

streanribbonis basicallya streamline with awinglike strip

added,to alsovisualiserotationalbehaior of the 3D flow

which is not possiblewith streamlines alone®. A stream
tubeis a thick streamline thatcanbe extendedto shav the
expansionof the flow 9. Streamribbonsandstreamtubes
offer advantage®ver streamlinesin thatway, thatthey can
encodemorepropertiessuchasdivergenceandconvergence
of thevectorfield, in thegeometrigpropertieof therespec-
tive integral objects.

Ueng et al. presenttechniquedor efficient construction
of streamlines, streamribbons, and streamtubeson un-
structuredgrids 9. A specialisedrunge-Kitta methodis
emplo/edto speedup stream-linecomputation Explicit so-
lutionsarecalculatedor theangularotationratesof stream
ribbonsandtheradii of streamtubes.Theresultingspeedup
in overall performanceaidsin the explorationof large flow
fields.

Fuhrmannand Groéller 21 use so-calleddashtubes i.e.,
animated,opacity-mappedtreamtubes,as a visualization
icon. An algorithmis describedvhich placeshe dashtubes
evenlyin 3D space They alsoapplyamagiclensandmagic
box asinteractiontechniquedor investigatingdenselyfilled
areaswithout filling the imagewith visual detail and com-
plexity.

Larameentroduceghe streamrunnerasan extensionof
streamtubes— aninteractiely controlled3D flow visualiza-
tiontechniquehatattemptgo minimiseocclusionminimise
visualcompleity, maximisedirectionalcues,andmaximise
depthcueshy lettingtheusercontrolthelengthof thestream
tubes?s.

Stream polygons — anotherextensionof streamlines are
streampolygonsusedby Schroedeget al. 76. Streampoly-
gonsaretools to visualisevectorsand tensorsusing tubes
with a polygonalcrosssection. The propertiesof the poly-
gonssuchasthe radius,the numberof sides,the shapeand
the rotation reflect propertiesof the vector field including
strain,displacementandrotation.

Streamballs and streak balls — Streamballs area useful
flow visualizationtechniqueusedby Brill etal. 7, which vi-
sualiseddivergenceand acceleation in fluid flow. Stream
balls split or merge dependingon corvergence/drergence
andacceleration/deceleratiorespectiely. TeitzelandErtl
introducestreak balls whenthey presentand comparetwo
differentapproacheso acceleratgarticletracingon sparse
gridsandcurvilinearsparsegridsfor unsteadylow data®®.

Streamsurfaces— Yetanotherextensionto streaminesare
streamsurfaceswhich aresurfaceshatareeverywheretan-
gentto avectorfield. A streamsurfacecanbeapproximated
by connectinga setof streamlinesalongthe corresponding
timelinesof theinstanteneouiow (andvaryingthe number
of streamlinesusedaccordingto corvergenceor divergence
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Figure9: Example®f flowvisualizationusinggeometricobjects-illuminatedstreamlines (left) 109, streamarrows(middle)®6,

andflowvolumegright) 61.

of the flow) 26. Streamsurfacesare very goodfor texture-
basedvisualizationtechniquesuchasSpotNoiseandLIC,
becausehereis no cross-flav componenhormalto the sur
faces,i.e. the vectorfield is not projectedlike it is for 2D
slicesthrougha 3D domain. Streamsurfacespresentchal-
lengesrelatedto occlusion,visual compleity, andinterpre-
tation.

Hultquist presentsan interactive flow visualizationtech-
nigue using streamsurfaces?®. Van Wijk presentstwo
follow-up techniquesfor generatingimplicit stream sur
facest?’. CaiandHeng!! addressheissuesassociateavith
the placementndorientationof streamsurfacesin 3D.

Loffelmannet al. presenstreamarrows(seeFig. 9, mid-
dle) as an enhancemenof streamsurfacesby separating
arronv-shapedportionsfrom a streamsurface®6.%5, Stream
arrovs addressthe problem of occlusionassociatedvith
3D flow visualization,but especiallywith streamsurfaces.
Streamarrows alsoprovide additionalinformationaboutthe
flow, usuallynot seenwith streamsurfaces suchasflow di-
rectionandflow corvergence/drergence.

VanWijk simulatesstreamsurfacesby a large setof so-
calledsurfaceparticlest®s. Surfaceparticlesexhibit lessoc-
clusion when comparedto streamsurfaces. Interestingly
Van Wijk’ s approachin a way anticipatedrecentadwances
in pixel-basedenderingtechniques.

Flow volumes— Thelast(direct) extensionof a streamline
into 3D describedereareflowvolumegseeFig. 9, right). A
flow volumeis a specificsubsebf a3D flow domain,which
is tracedout by a particularinitial 2D patchover time as
describecby Max et al. 61. Theresultingvolumeis divided
upinto asetof semitransparetetrahedrawhicharevolume
renderedn hardwarein a way derived from the methodof
Shirley andTuchmanr?2.

Becler et al. extend flow volumesto unsteadyflow 4.
The resultingunsteadyflow volumesare the 3D analogue
of streaklines. Considerationsare madewhen extending
the visualizationtechniqueto unsteadyflows sinceparticle

pathsmay becomeconvolutedin time. The authorspresent
somesolutionsto the problemswhich occurin subdvision,
rendering,andsystemdesign. The resultingalgorithmsare
appliedto avariety of flow typesincludingcurvilineargrids.

Time surfacesin 3D — a naturalextensionof timelines(in
2D or 3D) aretime surfaceswhenconstant-timenstantsof
moving particlesare assumedwhich previously have been
releasedrom a two-dimensionapatch. An exampleof an
applicationof this principle, are level-setsurfacesusedby
Westermanretal. 104,

Isosurfacesfor 3D flow visualization— extendingcontour
ing from 2D to 3D, resultsin the useof isosurficesfor 3D
flow visualization. Specialcareneedsto be taken with iso-
valueselectionmostlybecausef theusuallysmoothnature
of flow data—in case®f nosharptransitionswithin thedata,
ary isovaluelacks(atleastpartially) intuitive interpretation.
Neverthelesghereare useful applicationsof isosurficesto
flow data,e.g.in thevisualizationof shockwaves®” or burn-
ing frontsin simulatedcomtustiondata.Furthermoreywhen
scalarclipping is usedtogetherwith color codingof slices,
this naturallycombineswith isosurficesaslong asisovalue
andclipping valuecoincide.

Rottgeret al. present hardwareacceleratedolumeren-
dering techniquewhich allows to usemultiple (semitrans-
parent)isosurficesfor visualization’®. Treinishappliesiso-
surfacingto visualise(unsteady)weatherdata®. Weberet
al. 99 presentcrack-freeisosurfice extraction for adaptve
(multiresolution)grids. LarameeandBergeronprovide iso-
surfacesfor superadaptve resolutiongrids4’.

6. Conclusionsand futur e prospects

A state-of-the-anteportmustendwith anassessmentvhat
hasbeenachiezed in flow visualizationduring the last 15
years?Have the problemsbeensolved? Are the resultsap-
pliedin practiceWhataretheremainingchallenges?

A largenumberof techniquefiasbeendevelopedandre-
fined. In general,which techniquesare the best, depends
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strongly on the purposeof the visualization: the research
problemsaddressedhe methodsandapproachesised,and
thepersonainteresbf theresearcheor engineerUsersmay
also have different purposessuchas exploration, detailed
analysis,or presentationTherefore we believe thatalarge
variety of techniquesnustbe availableto allow researchers
to choosethe mostsuitabletechniquefor their purpose.in
this sensegoodprogreshasbeenmade.

A very successfugroupis the texture-basedechniques
(seeSect.4), mainly usedfor 2D flows and surface flow
fields. They are very suitablefor animation,both of sta-
tionary andtime-dependenfiows. Performancdimitations
seemto be overcomel®8, andinteractive usewith unsteady
flows is now feasible. However, the generalizatiorto 3D
flow fields aswell asto flows on boundariesstill is prob-
lematic. Techniquedasedon integrationfor generatingge-
ometriesand particle animation(seeSect.5) are alsovery
successfulandgeneraliséetterto 3D fields.

Oneof theoriginalkey problemsn flow visualizationwas
thedirectvisualizationof directionalstructuresn a3D field,
possiblyvaryingin time. Despitesomeheroicattemptsthis
problemhasnotbeensolved,asperceving threespatialand
three datadimensiongdirectly seemsa very tough job for
the humaneye and brain. At the sametime, the scaleof
numericalflow simulations,andthusthe size of the result-
ing datasetscontinuesto grow rapidly. For thesereasons,
simplification stratgies have to be conceved, suchasspa-
tial selection(slicing, regions of interest),datadimension
reduction,geometrysimplification,andfeatureextraction.

Slicingin a 3D field reduceghe problemto 2D, allowing
useof good2D techniqueshut caremustbe taken with in-
terpretation,asthe loss of the third dimensionmay leadto
physicallyirrelevant resultsand wrong interpretation. Tak-
ing asingle3D time slicefrom a 3D time-dependerdataset
has similar dangers. Other spatial selectionssuchas 3D
region-of-interestselectionare lessrisky, but may lead to
loss of context. Reductionof datadimension,suchasre-
ducing vector quantitiesto scalarswill give morefreedom
of choicein visualizationtechniqguegsuchasusingvolume
rendering),but will not leadto much datareduction. Ge-
ometrysimplificationtechniquesuchaspolygonmeshdec-
imation, levels-of-detail ,or multiresolutiontechniqueswill
be effective in managingvery large dataset@&ndinteractive
exploration,enablingusersto tradeaccurag with response
time.

Someareasthat needadditionalwork are: (a) compar
ative visualizationand multisourcecomparisons, (b) data
analysisvisualizationof multivariateflow fieldswith scalar
vector andtensordata, (c) handlingand exploring huge
time-dependerftow datasets(d) theuseof virtual environ-
mentsfor visual dataexploration and computationakteer
ing: problemsof performanceand3D interaction, (e) user
studiesfor evaluation, validation, and field testingof flow
visualizationtechniques,and(f) visualizationof inaccurag
anduncertainty
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Overlooking the whole landscapeof flow visualization
techniqueswe can say that visualizationof 2D flows has
reacheda high level of perfection,andfor 3D arich setof
techniquess available.In thefuture,we will concentraten
techniqueshatscalewell with everincreasinglatasesizes,
andthereforeselectiorandsimplificationtechniquesvill get
moreattention.

Acknowledgements

The authors thank all those who have contrituted
to this researchincluding AVL (www. avl . con), the
Austrian governmental research program called K plus
(www. kpl us. at), and the VRVis Research Center
(ww. VRVI s. at ). Furthermorethe authorsthankall the
colleaguedrom FlowVis researclwho permittedto usethe
imagesasshavn in the paper

This project was partly
Netherlands Organization for

supported by the
Scientific Research

(NWO) on the NWO-EW Computational Science
Project “Direct Numerical Simulation of Oil/Water
Mixtures Using Front Capturing Techniques”.
References

1. D. ArrowsmithandC. Place. An Introductionto Dynamical
SystemsCambridgeUniv. Press1990. 3

2.  G.V.Bancroft,F. J.Merritt, T. C. PlesselP. Kelaita,R. K. Mc-
Cabe,andA. Glohus. FAST: A multiprocesseanvironment
for visualizationof computationalffluid dynamics. In Proc.
IEEE Ms. 90, pagesl4-27,1990. 11

3. H.Battke, D. Stalling,andH. Hege. Fastline integral corvo-
lution for arbitrarysurfacesin 3D. In Visualizationand Math-
ematicspagesl81-1951997. 8

4. B. G.Becler, D. A. Lane,andN. L. Max. Unsteadyflow
volumes.In Proc.|IEEE Vis. '95, 1995. 12

5. J.BeckerandM. Rumpf. Visualizationof time-dependente-
locity fieldsby texturetransport.In Visualizationin Sci.Com-
puting’98, page91-102. 8

6. E.BoringandA. Pang.Directionalflow visualizationof vector
fields. In Proc. IEEE Vis. '96, pages389-392,1996. 7

M. Brill, H. Hagen,H.-C. Rodrian,W. Djatschin,and S. V.
Klimenko. Streambalitechniquedor flow visualization. In
Proc.|EEE Vis. '94, page225-231,1994. 11

S.BrysonandC. Levit. Thevirtual wind tunnel. IEEE CGA
12(4):25-34,uly 1992. 11

9. B. CabralandC. Leedom.Highly parallelvectorvisual ervi-
ronmentsusingline integral corvolution. In Proc. of the 7th
SIAM Conf on Parallel Proc.for Sci.Computing pages302—
807,Feb 1995. 7

10. B. CabralandL. C. Leedom.Imagingvectorfieldsusingline
integral convolution. In ComputerGraphics(SIGGRAPH93
Proceedings)volume27, page263—-272 Aug. 1993. 7



14

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

Hauser Laramee Doleisd, Post, Vrolijk / FlowMs-STAR, part 1: direct,texture-basedand geometrictechniques

W. Cai andP. A. Heng. Principal streamsurfaces. In Proc.
IEEE Ms. 97, pages’5-80,1997. 12

J.ClyneandJ. Dennis. Interactve directvolumerenderingof
time-varying data. In Data Visualization’99, Eurographics,
pagesl09-120May 1999. 6

R. Cranfis, N. Max, B. Becler, andB. Cabral. Volumeren-
dering of 3D scalarandvectorfieldsat LLNL. In Proceed-
ings, Supecomputing’93: Portland, Oregon, Novemberl15—
19,1993 pages570-576,1993. 6

H. DoleischandH. Hauser SmoothBrushingfor Focusand
Context Visualizationof SimulationDatain 3D. In WSCG
2002, Int’l Conf in Cential Europeon CG, Mis. and Digital
InteractiveMedia pagesl47-151.7

D. S.EbertandP. RheingansVolumeillustration: Nonphoto-
realisticrenderingof volumemodels.In IEEE TVCG volume
7(3), pages253-2642001. 6

D. S.Ebert,R. Yagel,J. Scott,andY. Kurzion. Volumerender
ing methodsfor computationafluid dynamicsvisualization.
In Proc. IEEEMs. 94, pages232-239,1994. 6

A. J.FenlonandT. David. An integratedvisualizationandde-
signtoolkit for flexible prostheticheartvalves. In Proc. |IEEE
Vis. 00, pages453-4562000. 6, 10

L. K. Forssell. Visualizingflow over curvilineargrid surfaces
usingline integral corvolution. In Proc. IEEE Ms. '94, pages
240-247]1994. 8

L. K. ForssellandS. D. Cohen. Usingline integral consolu-
tion for flow visualization: Curvilinear grids, variable-speed
animation,and unsteadyflows. IEEE TVCG 1(2):133-141,
Junel995. 8

T. Fruhauf. Raycastingvectorfields. In Proc. IEEE Vis. '96,
pagesl15-1201996. 6

A. L. FuhrmannandE. Gréller. Real-timetechniquegor 3D
flow visualization. In Proc. |IEEE Ms. '98, pages305-312,
1998. 11

T. Glau. Exploringinstationaryfluid flows by interactve vol-
umemovies. In Data Visualization’99, Eurographicspages
277-283May 1999. 6

H. HegeandD. Stalling. FastLIC with piecevise polynomial
filter kernels. In MathematicaMsualization pages295-314.
1998. 7

L. HesselinkF. H. Post,andJ. van Wijk. Researclissuesin
vectorandtensoffield visualization.|EEE CGA 14(2):76-79,
Mar. 1994. 1

J. P. M. Hultquist. Interactve numericalflow visualization
using StreamSurfaces. ComputingSystemsn Engineering
1(2-4):349-3531990. 12

J.P. M. Hultquist. ConstructingStreamSurfacesn Steady3D
Vector Fields. In Proc. IEEE Vis. '92, pagesl71-178,1992.
12

V. Interranteand C. Grosch. Stratgiesfor effectively visual-
izing 3D flow with volumeLIC. In Proc.|EEE Vis.’97, pages
421-4241997. 9

28.

20.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

V. InterranteandC. Grosch.Visualizing3D flow. IEEE CGA
18(4):49-531998. 9

V. L. Interrante. lllustrating surface shapein volume data
via principaldirection-drven 3D line integral convolution. In
SIGGRAPH97, pagesl09-116,1997. 9

B. Jobard,G. Erlebacherand M. Y. Hussaini. Hardware-
acceleratedexture adwection. In Proc. IEEE Ms. '00, pages
155-1622000. 8

B. JobardG. ErlebacherandM. Y. Hussaini.Tiled hardware
acceleratedexture advectionfor unsteadyflow visualization.
In Proceedingsof Graphicon200Q pages189-196,August
2000. 8

B. Jobard,G. Erlebacherand M. Y. Hussaini. Lagrangian-
eulerianadwection for unsteadyflow visualization. In IEEE
Visualization 2001. 8

B. Jobard,G. Erlebacherand M. Y. Hussaini. Lagrangian-
eulerianadwectionof noiseanddyetexturesfor unsteadyflow
visualization.|IEEETVCG 8(3):211-2222002. 8

B. JobardandW. Lefer. Multiresolutionflow visualization.In
WSCG2001, Int’l Conf in Cential Europeon CG, Ms. and
Digital InteractiveMedia 10

B. JobardandW. Lefer. Creatingevenly—spacedtreamlinesf
arbitrarydensity In Proc. 8th EG ViISCWorkshop volume7,
April 28-301997. 10

B. JobardandW. Lefer. The motion map: Efficient computa-
tion of steadyflow animations.In Proc. IEEE Vis. '97, pages
323-3281997. 7

B. JobardandW. Lefer. Unsteadyflow visualizationby an-
imating evenly-spacedstreamlines. In ComputerGraphics
ProceedinggEurographics2000) volume19(3),2000. 10

D. Kao, B. Zhang,K. Kim, andA. Pang. 3d flow visualiza-
tion usingtexture adwection. In International Confeenceon
ComputerGraphicsandImaging '01, August2001. 9

D. N. KenwrightandD. A. Lane.Interactve Time-Dependent
Particle Tracing Using TetrahedralDecomposition. IEEE
TVCG 2(2):120-129Junel996. 11

L. Khouas,C. Odet,andD. Friboulet. 2D vectorfield visual-
izationusingfurlike texture. In Data Misualization’99. Proc.
VisSym’99 Eurographicspages35-44.1999. 7

R. M. Kirby, H. Marmanis,andD. H. Laidlaw. Visualizing
multivalued data from 2D incompressibleflows using con-
ceptsfrom painting. In Proc. IEEE Ms. '99, pages333-340,
1999. 5

M. Kiu andD. C. Banks. Multi-frequeng noisefor LIC. In
Proc.|IEEE Ms. 96, pagesl21-126,1996. 7

R. V. Klassenand S. J. Harrington. Shadwed hedgehogs:
A techniquefor visualizing2D slicesof 3D vectorfields. In
Proc.|IEEE Ms. 91, pagesl48-1531991. 5

O. Kreylos, A. Tesdall,B. Hamann,J. Hunter andK. Joy.
Interactve visualizationand steeringof cfd simulations. In
Proc. of the Joint EG - IEEE TCVG Symp.on Ms. (MisSym
'02), pages25-34,May 27-292002. 3

submittedco COMPUTERGRAPHICSForum (12/2002).



45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

Hausey Laramee Doleisd, Post, Vrolijk / FlowMs-STAR, part 1: direct, texture-basecand geometrictechniques 15

D. A. Lane. ScientificVisualizationof Large-ScaleUnsteady
Fluid Flows chapter5, pagesl25-145. Scientific Visualiza-
tion: Overviens, MethodologiesandTechniques1997. 4

R. S. Laramee. Interactve 3D Flow Visualization Using a
Streamrunner In CHI 2002, Confeenceon HumanFactors
in ComputingSystemsExtendedAbstracts pages804-805,
April 20-252002. 11

R. S.LarameeandR. D. Bergeron. An IsosurficeContinuity
Algorithm for SuperAdaptive ResolutionData. In CGI 2002,
ComputerGraphicsinternational July 1-52002. (to appear).
12

W. C. deLeeuw Divide andconquerspotnoise. In Proc. of
Supecomputing’97(CD-ROM), Nov. 1997. 6

W. C. de Leeuw H.-G. PagendarmF. H. Post,and B. Wal-
ter Visual simulationof experimentaloil-flow visualization
by spotnoiseimagesrom numericalflow simulation.In Proc.
6th EG ViSCWorkshop pagesl35-148,1995. 8

W. C.delLeeuw F. H. Post,andR. W. Vaatstra.Visualization
of turbulent flow by spotnoise. In Virtual Environmentsand
ScientificVisualization'96, pages286—295Apr. 1996. 7

W. C. de LeeuwandR. van Liere. ComparingLIC andspot
noise,.In Proc.|EEE Vis. '98, pages359-366,1998. 7

W. C. de LeeuwandJ. van Wijk. Enhancedspot noisefor
vectorfield visualization. In Proc. IEEE Ms. '95, pages233—
239,0ct.1995. 7

H. Loéffelmann. Misualizing Local Propertiesand Character
istic Structues of DynamicalSystemsPhD thesis,Technical
University of Vienna,1998. 5

H. LoffelmannandE. Groller. Enhancinghe visualizationof
characteristicstructuresn dynamicalsystems.In Ms. in Sci.
Computing98, pagess9-68,1998. 11

H. Léffelmann,L. Mroz, andE. Gréller. Hierarchicalstrea-
marraws for thevisualizationof dynamicalsystemslin Vis. in
Sci.Comp.'97, pagesl55-164. 12

H. Loffelmann, L. Mroz, E. Grdller, and W. Pugathofer
Streamarravs: Enhancingthe useof streamsudcesfor the
visualizationof dynamicalsystems.TVC, 13:359-369,1997.
12

H. Loffelmann,Z. Szalaari, andM. E. Gréller. Localanalysis
of dynamicalsystems- conceptsandinterpretation.In Proc.
of The4thiInt'l Conf in Cental Europeon CG andVs., pages
170-1801996. 4

X. Mao, Y. HatanakaH. HigashidaandA. Imamiya. Image-
guidedstreamlineplacementbn curvilineargrid surfaces. In
Proc.|IEEE Vis. 98, pagesl35-1421998. 10

X. Mao, L. Hong, A. Kaufman,N. Fujita, andM. Kikukawa.
Multi-granularity noisefor curvilineargrid LIC. In Graphics
Interface’98, pagesl93-200. 8

X. Mao, M. Kikukawa, N. Fujita, andA. Imamiya. Line in-
tegral convolution for 3D surfaces. In Ms. in Sci. Computing
'97, pages7-70,1997. 8

N. Max, B. Becler, andR. Crawfis. Flow volumesfor inter
active vectorfield visualization.In Proc. |IEEE Ms. '93, pages
19-24,1993. 12

submittedto COMPUTERGRAPHICSForum(12/2002).

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

P. Moran, C. Henze, D. Ellsworth, S. Bryson, and
D. Kenwright. The Field EncapsulationLibrary (FEL).
www.nas.nasa.goGroups/\isTech/projectsél. 6

G. M. Nielson.Toolsfor computingangentunesfor linearly
varying vectorfields over tetrahedradomains. IEEE TVCG
5(4):360-3720ct.— Dec.1999. 11

G. M. Nielson,H. Hagen,andH. Mdiller. ScientificVisualiza-
tion: Overvievs, Methodolgies,and Techniques 1997. 9

A. OkadaandD. L. Kao. Enhancedine integral corvolution
with flow featuredetection. In SPIE\ol. 3017 isual Data
Exploration and AnalysislV, page206-217 Feh 1997. 9

K. Ono, H. Matsumoto,and R. Himeno. Visualizationof
thermalflows in an automotve cabinwith volumerendering
method. In Data Visualization2001.Proc. VisSym’'01 pages
301-3082001. 6

F. PostandT. van Walsum. Fluid flow visualization.In Focus
on ScientificMisualization pagesl—40.1993. 4

F. H. PostandJ. J. van Wijk. Visualrepresentatioof vector
fields: Recentdevelopmentsand researchdirection. In Sci-
entific Visualization: Advancesand Challengs chapter23,
pages367-3901994. 4

F. H. Post, B. Vrolijk, H. Hauser R. S. Laramee, and
H. Doleisch. The stateof theartin flow visualization.Part2:
Featureextractionandtracking. ComputerGraphicsForum,
22(2),2003. 1, 2,5

C. Rezk-SalamaR. HastreiterC. Teitzel,andT. Ertl. Interac-
tive explorationof volumeline integral corvolution basedon
3D-texture mapping. In Proc. IEEE Ms. '99, pages233-240,
1999. 9

S. Réttger M. Kraus,andT. Ertl. Hardware-accelerat vol-
ume and isosurfice renderingbasedon cell-projection. In
Proc.|EEE Ms. 00, pagesl09-1162000. 12

I. A. SadarjoenA. J.de Boer, F. H. Post,andA. E. Mynett.
Particle tracing in o-transformedgrids using tetrahedral6-
decomposition.In Vis. in Sci. Computing’98, pages71-80.
11

A. Sanna,B. Montrucchio,and R. Arinaz. Visualizingun-
steadyflows by adaptve streaklines.ln WSCG2000Confer
enceProceedings2000. 10

A. Sanna,B. Montrucchio,and P. Montuschi. A surey on
visualizationof vectorfields by texture-basednethods. Re-
seach Developments$n PatternRecanition, 1(1),2000. 7

G. Scheuermanrtl. Burbach,andH. Hagen.Visualizingpla-
nar vector fields with normal componentusing line integral
convolution. In Proc. IEEE Ms. 99, pages255-262,1999. 8

W. SchroederC. Volpe, andW. Lorensen. The streampoly-
gon: A techniquefor 3D vectorfield visualization. In Proc.
IEEE Ms. 91, pagesl26-132,1991. 11

W. J. SchroederK. M. Martin, andW. E. Lorensen.TheVisu-
alizationToolkit. 2ndedition,1998. 5, 9, 10

M. Schulz,F. Reck,W. BartelheimerandT. Ertl. Interactve
visualizationof fluid dynamicssimulationsin locally refined
cartesiargrids. In Proc. |EEE VMis. '99, pages413-416,1999.
6



16

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

Hauser Laramee Doleisd, Post, Vrolijk / FlowMs-STAR, part 1: direct,texture-basedand geometrictechniques

H. ShenandD. L. Kao. A new line integral corvolution al-
gorithmfor visualizingtime-varying flow fields. [IEEETVCG
4(2),Apr. —Junel998. 9

H. W. Shen,C. R. JohnsonandK. L. Ma. Visualizingvector
fields usingline integral corvolution and dye adwection. In
Proc. Symposiuron\VolumeVisualization page$3-70,1996.
7

H. W. ShemandD. L. Kao. UFLIC: A line integral corvolution
algorithmfor visualizingunsteadyflows. In Proc. IEEE Vis.
'97, pages317-323,1997. 9

P. Shirley and A. Tuchman. A polygonalapproximationto
direct scalarvolumerendering. In ComputerGraphics(San
Diego Workshopon VolumeVisualization) volume 24, pages
63-70,Nov. 1990. 12

D. Silver, F. Post,andl. Sadarjoen.Flow Visualization vol-
ume? of Wiley Encyclopediaf ElectricalandElectronicsEn-
gineering page$40-652.1999. 4

D. Stalling. LIC on surfaces. In Texture Synthesisvith Line
Integral Convolution pages1-64,1997. 8

D. StallingandH. Hege. Fastandresolutionindependenline
integral convolution. In SIGGRAPHI5 ConfeenceProceed-
ings AnnualConference&eriespage249-256 August1995.
7

J.E. Swan, M. LanzagortaP. Maxwell, E. Kou, J. Uhimann,
W. AndersonH. Shyu,andW. Smith. A computationakteer
ing systemfor studyingmicrowvave interactionswith missile
bodies.In Proc. IEEE Ms. '00, pages441-4442000. 6

C. K. TangandG. G. Medioni. Extremalfeatureextraction
from 3D vectorandnoisyscalarfields. In Proc.|EEE Vis. 98,
page95-102,1998. 12

C. TeitzelandT. Ertl. New approachefor particletracingon
sparsegrids. In Data Visualization’99, Eurographicspages
73-84.May 1999. 11

C. Teitzel,R. Grosso,andT. Ertl. Efficientandreliableinte-
grationmethodsfor particletracingin unsteadyflows on dis-
cretemeshes. In Visualizationin ScientificComputing’97,
Eurographicspages31-42,1997. 11

C. Teitzel,R. GrossoandT. Ertl. Line integral corvolutionon
triangulatedsurfaces.In Proc. of the5thInt’l Conf in Cential
Europeon CG and Ms. '97, number8, pagess72-581,1997.
8

C. Teitzel, R. Grosso,andT. Ertl. Particletracingon sparse
grids. In Misualizationin SientificComputing98, Eurograph-
ics,pages81-90,1998. 11

A. TeleaandJ.vanWijk. Simplified representationf vector
fields. In Proc.IEEE Ms. '99, pages35-42,1999. 8

L. A. Treinish. Multi-resolution visualizationtechniquegor
nestedweathermodels. In Proc. IEEE Ms. '00, pages513—
516,2000. 6, 12

G. TurkandD. Banks.Image-guidedtreamlingplacementin
SIGGRAPHI6 ConfeenceProceedingsAnnual Conference
SeriespagesA53-460Aug. 1996. 10

95.

96.

97.

98.

99.

100.

101.

102.

103.

104.

105.

106.

107.

108.

109.

110.

S.K. Ueng,C. Sikorski, andK. L. Ma. Efficient Streamline,
Streamribbonand StreamtubeConstruction®n Unstructured
Grids. IEEE TVCG 2(2):100-110,Junel996. 11

J.J.vanWijk. Imagebasedlow visualization.In J. Hughes,
editor SIGGRAPH2002 pages745-754.ACM Press//AM
SIGGRAPH,2002. 8

V. Verma,D. Kao, andA. Pang. PLIC: Bridging the gapbe-
tweenstreamlinesand LIC. In Proc. IEEE Ms. '99, pages
341-3481999. 9

V. Verma,D. Kao, and A. Pang. A flow-guidedstreamline
seedingstratgy. In Proc.|IEEEVis. 00, pagesl63-1702000.
10

G.H. Weber O.Kreylos, T. J. Ligocki, J.M. Shalf,H. Hagen,
B. HamannandK. |. Joy. Extractionof crack-freesosurfices
from adaptve meshrefinementdata. In Data Visualization
2001.Proc. VisSym’'01 pages25-34,2001. 12

R. WegenkittlandE. Groller. Fastorientedline integral con-
volutionfor vectorfield visualizationvia theInternet.In Proc.
IEEE Vis. '97, pages309-316,1997. 7

R. Wegenkittl, E. Groller, and W. Puigathofer Animating
flow fields: Renderingof orientedline integral corvolution.
In ComputerAnimation’97 Proceedingspagesl5-21,June
1997. 7

R. Wegenkittl, E. Groller, andW. Puigathofer Visualizingthe
dynamicalbehaior of Wonderland IEEE CGA 17(6):71-79,
Nov./Dec.1997. 10

R. WestermannTherenderingof unstructuredyridsrevisited.
In Data Msualization2001. Proc. VisSym’'01 pages65—74,
2001. 6

R. WestermannC. JohnsonandT. Ertl. Topology-preserving
smoothingof vectorfields.In IEEETVCG volume7(3),pages
222-2292001. 12

J. J.van Wijk. Spotnoise-tature synthesisfor datavisual-
ization. In ComputerGraphics.Proc. SIGGRAPHI1, pages
309-318,1991. 7

J.J.vanWijk. Flow visualizationwith surfaceparticles.|EEE
CGA 13(4):18-24,July 1993. 12

J.J.vanWijk. Implicit StreamSurfaces. In Proc. IEEE Vis.
'93, page45-2521993. 12

J.J.vanWijk. Imagebasedlow visualization.In Proceedings
SIGGRAPH2002 2002. 13

M. Zdckler, D. Stalling,andH. Hege. Interactve visualization
of 3D-vector fields using illuminated streamlines. In Proc.
IEEE Ms. 96, pagesl07-113,1996. 11, 12

M. Zdckler D. Stalling, andH. Hege. Parallel Line Integral
Corvolution. Parallel Computing 23(7):975-989July 1997.
7

submittedco COMPUTERGRAPHICSForum (12/2002).



