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Abstract

Flow visualizationhasbeena very attractivefield within visualizationreseach for a long time already Usually
huge datasetseedto be processedwhich oftenconsistof multi-variatedatawith a really large numberof sample
locations,oftenarrangedin multipletime-stepsRecentlytheeverincreasingperformancesf computes again has
becomea driving factor for a new boomin flow visualization(FlowMz), especiallyin FlowMz basedonadditional
computationsudh as featue extraction, vectorfield clustering and topolayy extraction. In this state-of-the-art
report, an attemptwasmadeto (1) provide a usefulcategorizationof FlowMz solutions, (2) give a surve-like
overviav aboutexistingsolutionsand (3) focusonrecentwork, especiallyin thefield of Flow\Mz basedonderived
data. We give careful consideation asto howthesetopicsare bestorganizedfor sud a presentationin sepaate
sectionsvedescribe(a) directFlow\z techniquessud asusingarrows, (b) Flow\z usingintegral objectsuc as
streamlines, (c) space-fillingFlowMz, including spotnoiseor line integral convolution,and (d) Flow\Mz based
onderiveddatasud asflowtopolagy. Wthin thosesectionsthediscussiorof FlowMz literatureis sub-structued
accoringto the dimensionalityof the flow data (from2D to 3D).
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1. Intr oduction

Surely the invention of computersvas a major stepin the

history of mankind— nowadays,in all aspectof society—

science businessand economicstelecommunicationstc.,

computersareusedto acquire store,processandcommuni-
catedata(notattheleastto theuser) Misualization asasep-
aratefield of researctanddevelopmentn computerscience,
addressesxactly thebridgebetweerdataanduser: visual-

ization solutionshelp usersto explore, analyze andpresent
their data.

In flow visualization(FlowViz) — one of the traditional
sub-fieldsof visualization— a rich variety of application
fields is given, including automotve industry aerodynam-
ics, turbomachinendesign,weathersimulationand meteo-
rology, medicalapplications etc., with significantly differ-
entcharacteristicselatingto the dataandusergoals.Con-
sequentlythe spectrumof FlowViz solutionsis very rich,
spanningmultiple dimensionf technicalaspectse.g.,2D
vs. 3D solutions,techniquedor steadyandtime-dependent
data,etc.
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Bringing mary of thosesolutionsin alinearorder(asnec-
essaryfor atext like this one),is not at all easyor intuitive.
Several optionsof subdviding this broadfield of literature
arepossibleHesselink Post,andvanWijk, for example,ad-
dressedhe difficult problemof how to cateyorize FlowViz
solutionsin their 1994 overview about(at this time) recent
researchissue$’. In the following paragraphsereral of
thoseaspectarediscussean higherlevel, beforeliterature
is addressedirectly.

Dir ectflow visualization vs.integration-basedFlowViz
vs.FlowViz basedon derived data.

Accordingto the differentneedsof the usersthereare dif-
ferentapproacheso flow visualization.Oneis to facilitate
an asdirect aspossibletranslationof the flow datainto vi-
sualizationcues,suchasdrawing arravs. FlowViz solutions
of this kind allow immediateinvestigationof the flow data,
without alot of associatedranslationeffort.

For bettercommunicatiorof long-termbehaior induced
by flow dynamics,integration-basedpproachedirst inte-
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Figure1: Directflowvisualization(a) vs.FlowMz basedon

flowintegration (b) vs.FlowMz basedon deriveddatasud

as flow featuies or flow topolayy (c). This classification
relatesto thefirst-level structue of this report.

gratetheflow dataanduseresultingintegral objectsasbasis
for visualizatione.g.,usingstreamlinesfor visualization.

Anotherstepin complity is to performyet more com-
putationandderive topologicalinformationor flow features
before actually doing the visualizationmapping.With this
kind of FlowViz solutions,a significantamountof compu-
tationis spentduring visualizationto help the userwith the
interpretationof the flow data.This is especiallyuseful (or
evennecessaryin casewherevery largedatasetsiregiven,
for example,mary time-stepf unsteadydD flow data.

In this literature overvien we use separatechaptersfor
the above mentionedclasseof approachesdirect FlowViz
is discussedn Sect. 2, integration-based-lowViz thenin
Sects.3 and 4, and FlowViz basedon derived datais de-
scribedin Sect.5. Fig. 1 illustratesthe differencebetween
theabose mentionectlasses- notetheincreasingamountof
computatiorspentwithin thevisualizationstepwhenchang-
ing from direct FlowViz (a) to FlowViz basedon derived
data(c).

Spatial dimensionsvs.time.

In flow visualization,available solutionssignificantly differ
with respectto the given dimensionalityof the flow data.
Techniguesvhichareusefulfor 2D data ik e colorcodingor
arraw plots,for example sometimesack similaradvantages
in 3D. Also, the questionwhetherthe flow datais steadyor
time-dependenysuallymalesa big differencewith respect
to theFlowViz solutionof choice Fig. 2 illustratesthesedif-
ferenceswith respecto datadimensionality

In this state-of-the-arteport, we sub-structurethe sec-
tions aboutdifferentclasseof FlowViz solutionsinto sub-
sectionswith respectto different spatial dimensionsin-
volved. The sectionsstart with a sub-sectioron 2D tech-
nigues(Sects.n.1), i.e., FlowViz solutionswhich focuson
2D flow data(in 2D domains).

A secondsub-sectiorfSectsn.2) discusse&lowViz solu-
tionsfor boundaryflows or sub-setof 3D flows, for exam-
ple, flow dataon sectionaklices.This sub-sectiortherefore
dealswith (rather)2D flow data,but embeddedvithin 3D
spaceWhereadoundaryflows oftenareprimarily interest-

| 2D 2.xD 3D
2D FlowViz 3D
FlowViz ~ onsurfs. FlowViz

FlowViz for time—-dependent data

awn+ Apesis

Figure 2: Flow\Mz spansdifferent spatial dimensionsand
alsotime (1D & nD omittedhere). Thiscategorizationcor-
responddo the second-leel structuee of thisreport.

ing to theuserarnyway (for examplein aerospacedesign)the
visualizationof sectionalsub-setf 3D flow usuallyneeds
specialcare(not at the leastbecausef the usuallymissing
third flow component).

Finally, a third sub-section(Sects.n.3) discusses3D
FlowViz, i.e., visualizationtechniqueswhich apply to true
3D flow data.With true 3D FlowViz, renderingbecomes
centralissue—in mary casesompromisesireneededirad-
ing visibility for completenessSolutionsrangefrom clip-
ping andopacitymodulationgo feature-basedelections.

Despiteof spatialdimensionsasaddressedbove, alsodi-
mensionalitywith respecto time mattersalot in flow visu-
alization.Firstof all, flow datathemselesincorporatea no-
tion of time — flows oftenareinterpretedasdifferentialdata
with respecto time, i.e., whenintegratingthe data,pathsof
moving entitiesareobtained.

Additionally, the flow itself can changeover time (like
in turbulentflows, for example), resultingin time-dependent
or unsteadydata.In this case,two dimensionsof time are
presentandthe visualizationmustcarefully distinguishbe-
tweenbothin orderto preventtheuserfrom beingconfused.
This is especiallytrue, whenanimationshouldbe usedfor
flow visualization.

Although the distinction betweensteadyand unsteady
flows could openanotherdimensionwhen sorting FlowViz
literature,in thisreportsolutionsfor time-dependerdataare
putasideto relatedtechniquedor steadydata.

Placementand interaction.

Mary FlowViz solutionsbuild on the useof individual vi-

sualizationobjects,for example, streamlines. For at least
threereasonsthe placementbf thosevisualizationcuesis
an issuewithin FlowViz literature: (1) when usinginte-
gral objectssuch as streamlines, an even distribution of
seedlocationsusually doesnot resultin an even distribu-
tion of integral objects— separatealgorithmsneedto be
emplo/ed; (2) whendealingwith 3D flow data,occlusion
and/orvisualizationcompleity raisesspecialchallenges-
denseplacementoften resultsin severe cluttering within

renderedmages; (3) whenusing feature-basedtratgies,
placemenmneedsto be coupled(and aligned)with the fea-
tureextractionpartsof thevisualization.

(© TheEurographic#ssociation200x.
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In additionto placementuserinteractionplays an im-
portantrole, especiallyin caseof flow analysis.Usersre-
quire systemswhich allow (1) navigation,includingzoom-
ing, panning.etc., (2) interactve placemenbf visualization
cues,for example,usingan interactie rake for streamline
seedingaswell asothermeansto influencethe visualiza-
tion, or even (3) optionsof interactingwith the flow data,
for example throughsteering.

In this reportwe interleave the discussionof placement

andinteractionissuesawith theabove mentionecorder

e Data from simulation vs. measuementsor models.

As onemajorsub-fieldof visualization(andasthecoretopic
of this suney), computationaflow visualizationdealswith
data that exhibit temporaldynamicssuch as resultsfrom
flow simulation (e.g., the simulationof fluid flow through
a turbine), flow measurementgpossibly acquiredthrough
laserbasedtechnology),or analytic modelsof flows (e.g.,
dynamicalsystemsgivenassetof differentialequations).

In this reportwe mainly focuson flow visualizationdeal-
ing with datafrom flow simulation,i.e.,flow datagivenasa
setof sampleson somekind of grid, whereassolutionsfor
datafrom flow measurementsr flow modelingareonly ad-
dressedn lessdetail.

e Specialchallengesn flow visualization.

When browsing through FlowViz literature, several chal-
lengesappeamrepeatedlynot to mentiononly thosewhich

arerelatedto the handlingof datawith multiple dimensions

and time-dependenc Streamline seedingdealswith the
problem of whereto start multiple streamlines suchthat
the flow domainis coveredwith streamlines accordingto

a given spatialdistribution (evenly or feature-basedSeed-

ing of integral objectss achallengen 2D but especiallyalso
in 3D.

Anotherissuein FlowViz is the treatmentof datawith

specialrespecto the underlyinggrid involved. Techniques

for visualizing flow dataon unstructuredgrids are special
challengesinvolving separatestrategiesfor volumerender
ing, flow integration,topologyextraction,etc.

YetanotheFlowViz issueis accuacy. Ononehand,users

needto knowv how well the flow simulationcorrespondso
reality—comparison®etweercomputationaflow visualiza-
tion andexperimentaFlowViz areemplgedto answersuch

guestionsOn the otherhand,the visualizationitself needs

to bevalidated.Componentsuchasflow integrationor fea-
ture extractionare potentialsourcef errorsthatshouldbe
checled carefully

Technical issues frequently arise due to the combi-
nation of extremely large datasetsand demandinguser
requirementssuch as interactve visualization of time-
dependentlata. Therefore solutionsin the field of parallel
computing® 73 131,161 gyt-of-corerendering*3, andrender
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ing of compressedata®? areoftendiscussedh the FlowViz
literature.

Last but not least human-computerinteraction chal-
lengespresenthemselesthroughoutflow visualizationre-
search,especiallyin the cateyories of perceptionin 3D,
and interaction.For thereis strongevidencethat both 3D
visualizatiod®0 andinteractiol! arevery importantcompo-
nentsfor theuserin understandinghe data.

e Compromisesmade.

Naturally, this state-of-the-anteportfocusesonratherrecent
work to demonstratevhatis currentlypossiblen thefield of
flow visualization Neverthelessolderbut still well accepted
solutionsareusedasacontet for embeddingiever achieve-
ments.Thereby this overview alsoseresasa surwey about
what solutionscurrently are available in the broadfield of
flow visualization given certainusergoalsandspecificdata
characteristicaVe have carefullychosera selectiorof liter-
aturerelatingto flow visualizationresearctwhile alsocon-
sideringthe constraintsmposedby the limited spaceavail-
ablefor this presentation.

This literatureoverview clearlyfocuseson computational
flow visualization.Thereare mary interestingsolutionsin
thefield of experimentalaswell asempiricalFlowViz, e.g.,
basedn opticaltechniqueswhichcouldnotbeaddresseh
thisreport.Interestinglythereademightfind alot of analo-
giesin the computationaFlowViz domain,which relateto
similar (andolder) techniquef experimentalflow visual-
ization (e.g.streaklines, tufts, particletracing,etc.).

Sometopics,which alsocouldbe addresseth a state-of-
the-artreportlik e this, suchasFlowViz in 1D or morethan
threedimensionsor FlowViz with focuson flow modelsor
measuredlow data,could notbedescribedn detail, mostly
becausef limited space.

e Outline.

In the following, four classesof approachesn the field
of flow visualizationare discussedin the next four sec-
tions) — direct FlowViz is describedin Sect.?2, FlowViz
basedon integral objectsin Sect.3, anddensejntegration-
basedFlowViz in Sect.4), aswell asFlowViz basedon de-
rived datain Sect.5. Work which is relatedto flow visual-
izationis discussedn Sect.6.

2. Directflow visualization

Direct flow visualizationtechniquesattemptto presentthe
datain a straightforward mannerwith minimal computa-
tion betweendata acquisitionand rendering. Thesetech-
niguesareperhapghe mostintuitive visualizationstrateies
asthey presentthe dataasis. Difficulties arise,whenthe
long-termbehaior inducedby flow datais investigatedif

direct FlowViz is used- this requirescognitive integration
of visualizationresults.
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Figure 3: examplesof directflow visualization— an interactive slicing probewith colored slicesand scalar clipping (left); a
coloredslice streamlines, 3D arrowsalong pathlines, and streamribbons(middle),both courtesyby Sculz et al.12%; direct
volumerenderingbasedon resampling(right), image courtesyby Westermanipe.

2.1. DirectFlowViz in 2D

In this subsectionve shortlyaddressvidely distributedstan-
dardtechniquedor 2D FlowViz, i.e., coloringand contour
ing, aswell asarrow plots(a.k.a.hedgehogisualization).

Color codingin 2D.

A commondirectflow visualizationtechniqués to mapflow

attributessuchasvelocity, pressureor temperatureo color.

Sincecolorplotsarewidely distributed thisapproachesults
in very intuitive depictions Of coursethe color scalewhich

is usedfor mappingmustbechosercarefullywith respecto

perceptuadifferentiation.

Color codingfor 2D FlowViz very well extendsto time-
dependentlata,resultingin moving color plotsaccordingto
change®f theflow propertiesover time.

Contouring in 2D.

Contouringis a naturalextensionto color codingin 2D. A
contouris a boundarybetweentwo distinct regions. Often,
the useris highly interestedn transitionareasn the vector
field. In a color plot, transitionsare shavn by a changeof
color. With contouringanexplicit line or curve is dravn.

Arr ow plotsin 2D.

A naturalvector visualizationtechniqueis to mapan line,
arrow, or glyph to eachsamplepoint in the field (asin
Fig. 10, left), whichis orientedalongtheflow field. Usually
a regular placementf arravs is usedin 2D, for example,
on an evenly-spacedCartesiargrid. Two variantsof arrov
plots are often used: (1) normalizedarrons of unit length
which visualizethe direction of the flow only and (2) ar
rows of varyinglengththatis proportionalto theflow veloc-
ity. Klassenand Schroedercall this techniquea hedgha
visualization(becausef the bristly resulty® 119,

2D hedgehogplots can be extendedto time-dependent
data,althoughbiggertime-stepanight resultin jumping ar
rows, diminishingthe quality of sucha visualization.

o Hybrid directFlowViz in 2D.

Kirby et al. proposesimultaneouwisualizationof multiple
values(of 2D flow data)by usinga layeringconceptrelated
to the painting processof artist$°. Arrow plots are mixed
with color codingto provide visualizationresultsrich of in-
formation.

2.2. DirectFlowViz on slicesor boundaries

When dealing with 3D flow data, visualization naturally
facesadditionalchallengesuchas3D rendering Acting as
amiddle groundbetweer2D FlowViz andthe visualization
of truly 3D flow datais the restrictionto sub-dimensional
partsof the 3D domain,e.g., sectionalslicesor boundary
surfacesTherebytechniqueknown from 2D FlowViz usu-
ally are applicablewithout major changesWhen working
with sectionalslices,the treatmentof flow componentsr-
thogonalto slicesrequiressomespecialcare.

e Color coding and contouring on slicesor boundaries.

Color codingandcontouringarealsovery effective for visu-
alizing boundanyflows or sectionakub-set®f 3D flow data.
A goodexampleis NASA's Field Encapsulatioriibrary®2,
which allows to easilyusebothtechniquedor variousflow
data.

Schulz,in the group of Ertl, also usescolor coding of
scalarson 2D slices through 3D automotve simulation
datd20 as shawvn in Fig. 3 (left). They introducean inter-
active slicing probewhich mapsthe vectorfield datato hue.

The useof scalarclipping, i.e., the transparentendering
of sliceregionswherethe correspondinglatavaluedoesnot
lie within a specificdatarange,allows to usemultiple (col-
ored)sliceswith reducedproblemsdueto occlusion.

e 2D arrows on slicesor boundary surfaces.

Using 2D arraws on slicesfrom 3D flow datais alsoan ef-
fective visualizationtechniqué?. However, resultsof sucha
visualizationshouldbeinterpreteccarefully asflow compo-
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nentswhich are orthogonalto the slice are usually not de-
picted.

Above mentioneddifficulties with 2D arrovs and sec-
tional slicesthrough3D flow arebasicallynggligible, when
talking aboutboundarysurfaces sincein thesecasesrarely
cross-boundarflows aregiven. Thereforethe useof arravs
spreadout over boundarysurfacesusuallyis very effective,
asusedby Treinishfor weathewisualizatior3s.

2.3. DirectFlowViz in 3D

After discussinglirect FlowViz on slicesandboundarysur

faces,direct FlowViz of real 3D flows is discussedn this

subsectionin contrastto previously mentionedtechniques,
hererenderingbecomeghe most critical issue.Occlusion
andcompleity make it difficult (if possibleat all) to getan

immediateoverview aboutanentireflow datasetn 3D.

Volume rendering for 3D FlowViz.

The naturalextensionof color codingin 2D (or on slices,
etc.) is color coding in 3D. This, howvever, posesspe-
cial requirementsonto renderingdue to occlusion prob-

lems and non-trivial complity — volume rendering is

needed(or iso-surficing, which would relate to contour

ing in two dimensions).Volume renderingis well-known

from anotherfield of researchfar beyond the scopeof this

text), i.e., volumevisualization.However, thosechallenges,
which closely correspondo flow visualizationare shortly
addressedhere: (1) flow datasetsoften are significantly
smoothetthanmedicaldata— an absencef sharpandclear
“object” boundarieglik e organboundariesimalkesmapping
to opacitiesmoredifficult (andlessintuitive). (2) flow data
often is given on non-Cartesiargrids, e.g., on curvilinear
grids—thecompleity of volumerenderinggetsignificantly
moretricky onthosekindsof grids, startingwith non-trivial

solutionsrequiredfor visibility sorting. (3) flow dataalso
canbetime-dependentmposingadditionalloadsontheren-

deringprocess.

Alreadyin the early nineties,Cranfis, Max, andotherg?,
aswell asEbertetal 31 appliedvolumerenderingechniques
to vectorfields. Little later, Friihaufappliedray castingto
vectorfields’8. Recently Westermannpresented relatively
fast3D volumerenderingmethodusinga resamplingtech-
nique for vector field datafrom unstructuredo Cartesian
grids'®é. A resultfrom this techniqueis illustratedin Fig. 3

(right).

Recently ClyneandDennig® aswell asGlau*? presented
volumerenderingfor time-varying vectorfields usingalgo-
rithms which male specialuseof graphicshardware. Ono
etal. usedirectvolumerenderingto visualizethermalflows
in the passengecompartmenof anautomobil&® Theirgoal
is to attaintheability to predictthethermalcharacteristicef
the automotve cabinthroughsimulation.Swan et al. apply
directvolumerenderingtechniquesn flow visualizationin

(© TheEurographic#ssociation200x.

asystemthatsupportcomputationasteeringsC. Theirvisu-
alizationresultsareextendedto the CAVE ervironment.

Recently Ebertand Rheingansdemonstratedhe use of
non-photorealistizolumerenderingtechniquedor 3D flow
datas30. They apply, for example,silhouetteenhancemenr
toneshadingo improve renderingf 3D flows.

e Iso-surfacesfor 3D FlowViz.

Extendingcontouringfrom 2D to 3D, resultsin the useof

iso-surficesfor 3D flow visualization.Specialcareneedso

betakenwith iso-valueselectionmostlybecausef theusu-
ally smoothnatureof flow data—in casef nosharptransi-
tionswithin the data,ary iso-valuelacks(at leastpartially)

intuitive interpretation Neverthelesghereare usefulappli-

cationsof iso-suracesto flow data,e.qg.,in thevisualization
of shockwaves32 or burning fronts in simulatedcomhus-

tion data.Furthermorewhenscalarclippingis usedtogether
with color codingof slices this haturallycombinedwith iso-

surfacesaslong asiso-valueandclipping valuecoincide,of

course.

Rottger Kraus, and Ertl presenta hardware accelerated
volume renderingtechniguewhich allows to use multiple
(semi-transparentso-surficesfor visualizatior®”. Trein-
ish appliesiso-surfcing to visualize (unsteady)weather
datdss. Weberetal 151 presentrack-fredso-surficeextrac-
tion for adaptve (multi-resolution)grids.LarameeandBerg-
eronprovide iso-surficesfor superadaptve grids’>.

e Arr ow plotsin 3D.

The useof arravs for direct3D FlowViz posesat leasttwo
problems: (1) the positionandorientationof a vectoris of-
tendifficult to understandecausef its projectionontoa2D
screen- using 3D representationsf arrows (like a cylin-
der plus a cone)decreasetheseproblemswith perception
and (2) glyphsoccludingoneanotherbecomea problem—
carefulseedings required(in contrasto thedefaultof dense
distributions).

In actualapplications,arrov plots usually are basedon
selective seedingfor example,all arrows startingfrom one
outof afew sectionaklicesthroughthe 3D flow. Sometimes
3D arrows alongcertainintegral curvesareused(seeFig. 3,
middle).

Boring andPangaddresghe problemof clutterin 3D di-
rectFlowViz by highlightingthosepartsof a 3D arrow plot,
which pointin asimilardirectioncomparedo auserdefined
directior?. Their methodologyreducesthe amountof data
being displayedthus resultsin lessclutter Their methods
canbe combinedwith othertechniqueghat useglyph rep-
resentationsand flow geometriessuch as streamlines for
FlowViz. They apply the methodgso both analyticandsim-
ulationdatasetso highlight flow reversals.
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Figure 4: threeimages from an interactive exploration of a vectorfiled usingthe MR viewer, image courtesyof Jobard and
Lefef2. A suitablelevel of resolutioncan be chosenwhile maintaininga roughlyconstantstreamline density

3. FlowViz usingintegral objects

Direct flow visualizationusing hedgehogplots focuseson
individual pointsin the flow field. However, moreelaborate
schemesare introducedwhen thesepoints, or similar ob-
jects,aremoved over a smalltime step.A hedgehogylyph
approximateghe motion of a point for the time periodin-
dicatedby the glyphitself. A logical extensionof this tech-
niqueis to depictthe motion of a point over morethanone
time step.Theresultingpathmathematicallys expressedis
an integral. This instantaneoupath may be depictedas a
streamline (in the casesteadyflow fieldsareconsidered).

3.1. 2D FlowViz usingintegral objects

In this subsectionve shortlydiscusD FlowViz techniques
basedon integral objectssuchas streamletsstreamlines,
andtheir relatveswithin unsteadyflows. Also, the seeding
problemis addressedyhich requiresa solutionin orderto
realizebetterdistributionsof integral objects.

Streamletsin 2D.

If flow vectorsareintegratedfor avery shorttime, streamlets
are generatedEven thoughshort, streamletsalreadycom-
municatetemporalevolution alongthe flow. Fig. 10 (mid-
dle) shavs anexample , whereseveral streamletareusedto
visualizea 2D flow field.

Streamlinesin 2D.

If longerintegrationis performed(as comparedo stream-
lets),streamlinesaregained.They areanaturalextensionof
glyph-basedechniquesand offer intuitive semanticsusers
easilyunderstandhatflows evolve alongintegral objects.

Streaklines, time lines, and path lines.
Whenunsteadylow dataareinvestigatedsereraldistinctin-

tegral objectsareusedfor flow visualization. A pathline or
particle traceis thetrajectorythata particlefollows in fluid
flow119, A timeline joins the positionsof particlesreleased
at the sameinstantin time from differentinsertionpoints,
i.e.,joins pointsataconstantimet®4. A streakline is traced
by a setof particlesthat have previously passedhrougha
uniquepointin thedomairt!®. Streakinesrelateto continu-
ousinjection of foreign materialin realflow.

e Streamline seedingin 2D.

One problemwith streamlines, or integral curves, when
used for visualizing continuousvector fields is the best
choiceof initial conditions.Since,in general,evenly dis-
tributed seedpoints do not resultin evenly spacedstream
lines, specialalgorithmsneedto be emplo/ed. Turk and
Banks4! aswell as Jobardand Lefer*® developeda tech-
niguesfor automaticallyplacingseedbointsto achievze auni-
form distribution of streamlineson a 2D vectorfield.

Streamline seedingstratgjies may also be topolay-
based Verma,Kao, and Pang“° presentsa seedplacement
strateyy for streaminesbasednflow featuresn thedataset.
Their goalis to captureflow patternsnearcritical pointsin
theflow field.

Building on their previous work, Jobardand Lefer pre-
sentech multi-resolution(MR) methodfor visualizinglarge,
2D, steady-stateectorfields’2. The MR hierarchysupports
enrichmentindzooming.Theuseris ableto interactizely set
the densityof streamlineswhile zoomingin andout of the
vectorfield (Fig. 4). Thedensityof streamlinescanbecom-
putedautomaticallyasa function of velocity or vorticity.

Seedingof integral objectsbecomesa specialchallenge
when dealingwith time-dependentiata. Jobardand Lefer
presentedn unsteadyFlowViz algorithmby correlatingin-
stantaneousisualizationsof the vector field at the stream

(© TheEurographic#ssociation200x.
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Figure5: exampleof flowvisualizationusingintegral objects-illuminatedstreamlines(left), image courtesyof Hege etal 169,
streamarrows(middle),image courtesyof HausePS; andflow volumegright), image courtesyof Max, Beder, and Crawfig0.

line levelfl. For eachframe,a feedforward algorithmcom-
putesa setof evenly-spacedtreanlinesasafunctionof the
streamlinesgeneratedor the previousframe.Their method
alsoprovidesfull controlof theimagedensitysothatsmooth
animationsof arbitrarydensitycanbe produced.

3.2. FlowViz usingintegral objectson slicesor
boundaries

After talking about2D FlowViz basedon integral objects,
this subsectiorshortlyaddressedimilarapproachesn sub-
setsof 3D flows suchasboundaryflows. Interpretatiorof in-

tegral curveson sectionaklicesrequiredspecialcare,again.

Integrated tufts.

Wegenkittl et al. useintegratedtufts (similar to streamlets),
seedeabn specificequilibriumsurfacesfor thevisualization
of a comple« dynamicalsystend®4, also over variationsof
thatsystemin afourth dimension.

Integral objectson slicesor boundaries.

Similarto 2D FlowViz, integral objectssuchasstreamlines
are also usedfor visualizing boundaryflows or sectional
slicesthrough3D flow32. However, it is importantto note
thatthe useof integral objectson slicesmay be misleading,
even within steadyflow datasetsA streamline on a slice
maydepictaclosedoop, eventhoughno particlewould ever

traversetheloop. Thereasoragainliesin thefact,thatflow

componentavhich are orthogonalto the slice are omitted
duringflow integration.

Streamline seedingon boundary surfaces.

Mao et al 88 extend the streamline seedingof Turk and
Banks*!in orderto generatevenly distributedstreamines
on boundarysurfaceswithin curvilineargrids.

3.3. 3D FlowViz usingintegral objects

When dealingwith 3D flow, a rich variety of integral ob-
jectsis availablefor flow visualization.This sub-sectiorad-
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dressedh seriesof integral objects,from streamletdo flow

volumes,primarily sortedaccordingto their dimensional-
ity, andwithin equaldimensionalityroughlywith respecto

whichtechniqueextendswhich other

Streamletsin 3D.

Streamletseasily extend to 3D, althoughperceptualprob-
lems might arisedueto distortionsresultingfrom the ren-
deringprojection.Also, seedingpecomesnoreimportantin
3D, again.LoffelmannandGrolleruseathreadof streamlets
alongcharacteristicstructuresof 3D flow to gain selectve,
but importance-baseseedingaswell asasenhancemerf
abstracflow topologythroughdirectvisualizationcue$2.

Streamlinesin 3D.

At NASA the Flow Analysis Software Toolkit (FAST)? is
usedto visualizationCFD databasedn streamlinesin 3D.
Careful seedingis necessaryo obtain useful results,since
easilyvisual cluttercanbecomea problem.

llluminated streamlines.

Zockler, Stalling,andHege presenilluminatedstreamlines
toimprove perceptiorof streaminesin 3D by takingadwan-
tageof thetexturemappingcapabilitiessupportedy graph-
ics hardwareé %0, Their shadingechnigueancreaseslepthin-
formation.By makingthe streamlines partially transparent,
they alsoaddressheproblemof occlusionasshavnin Fig. 5
(left).For seedingtheauthorsproposeaninteractive seeding
probewhich can be moved aroundto startstreamlines at
specificplacesof interest.Also, seedingnearpotentialob-
jectsof interestds demonstrated.

Particle tracing in 3D.

KenwrightandLanepresentnefficient, 3D particletracing
algorithmthatis alsoaccuratdor interactve investigationof
large, unsteadyaeronauticakimulation§’. A performance
gain is obtainedby applying tetrahedraldecompositiorto
speedup point locationandvelocity interpolationin curvi-
lineargrids.
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Teitzel, Grosso,and Ertl analyze different integration
methodsn orderto evaluatethetrade-of betweertime and
accurag®® 136, They present 3D particletracingalgorithm
targetedat sparsegridsthatis very efficient with respecto

storagespaceandcomputingtime. The authorsrecommend

usingsparsegridsasa datacompressiommethodin orderto
visualizehugedatasets.

Nielsonpresentefficientandaccuratenethodsor com-
puting tangentcurves for 3D flows®3. Their methodswork
directly with physicalcoordinatesgliminating the needto
switch back andforth with computationakoordinatesEf-
ficient particletracingmethodologiesre alsoaddressethy
Sadarjoeret al 108,

Since streamlines usually are easily computedin real-
time, they offer (togetherwith their intuitive semanticsn
often chosentool for interactive flow analysis.Brysonand
Levit1® demonstrateseedingof integral objectsin a virtual
3D ervironmentby useof a so-calledrake. SeeFig. 5 (mid-
dle)for anotherexampleof arake beingusecdto seedntegral
cunes.

e Streamrib bonsand streamtubes.

A first extension of streamlines in 3D are stream rib-
bons(Fig. 3) and streamtubes A streamribbon basically
is a streamline with a wing-like strip addedto also visu-
alize rotational behaior of 3D flow (which is not possi-
ble with streamlines alone}*2. A streamtube is a thick
streamline that canbe extendedto shav the expansionof
the flowl42, Streamribbonsand streamtubesoffer adwan-
tagesover streaminesin thatwaythatthey canencodenore
propertiessuchasdivergenceandconvergenceof the vector
field in the geometricpropertiesof the respectre integral
object.

Ueng et al. presenttechniquedor efficient streamline,
streamribbon, and streamtube constructionson unstruc-
tured grids'#2. A specializedRunge-Kitta methodis em-
ployed to speedup streamline computation Explicit solu-
tions are calculatedfor the angularrotationratesof stream

ribbonsandtheradii of streantubes.Theresultingspeed-up

in overall performanceaidsin the explorationof large flow
fields.

Fuhrmannand Groller®® use so-calleddashtubes i.e.,
animated opacity-mappedtreamtubes,as a visualization
icon. An algorithmis describedvhich placesthe dashtubes
evenlyin 3D spaceThey alsoapplyamagiclensandmagic
box asinteractiontechniquedor investigatingdenselyfilled
areaswithout filling the imagewith visual detailand com-
plexity.

Larameeintroducesthe stream runner as an extension
of streamtubes— an interactiely controlled 3D flow vi-
sualizationtechniquethat attemptsto minimize occlusion,
minimizevisualcompleity, maximizedirectionalcues.and
maximizedepthcueshy letting the usercontrolthelengthof
the streamtubes*.

e Streampolygons.

Anotherextensionof streamlines are streampolygonsused
by Schroedéfs. Streampolygonsaretoolsto visualizevec-
torsandtensorsusingtubeswith a polygonalcrosssection.
The propertiesof the polygonssuchasthe radius,the num-
ber of sides,the shapethe rotationreflectpropertiesof the
vectorfield including strain,displacementandrotation.

e Streamballs and streak balls.

Streamballs are a usefulflow visualizationtechniqueused
by Brill etal.?, whichvisualizesdivergenceandaccelention
in fluid flow. Streamballs split/meige dependenbn conver-
gence/drergenceor acceleration/deceleratiorespectiely.

Teitzeland Ertl introducestreakballs whenthey present
andcomparetwo differentapproacheso acceleratgarticle
tracingon sparsegrids and curvilinear sparsegrids for un-
steadyflow datd=s.

e Streamsurfaces.

Yet anotherextensionto streamlines are stream surfaces
which are surfacesthat are everywheretangentto a vector
field. A streamsurfacecanbeapproximatedy connectinga

setof streamlinesalongtime lines (andvaryingthe number
of streamlinesusedaccordingto convergenceor divergence
of the flow). Streamsurfacespresentchallengegelatedto

occlusionyisualcompleity, andinterpretation.

Hultquist presentsan interactie flow visualizationtech-
niqueusingstreansurface8?. CaiandHend? addressheis-
suesassociateavith theplacemenaindorientationof stream
surfacesin 3D.

Loffelmann, Mroz, and Gréller presentstream arrows
(Fig. 5, middle) as an enhancementf streamsurfacesby
separatin@rrov-shapegortionsfrom astreamsurface® 85,
Streamarrons addresghe problemof occlusionassociated
with 3D flow visualization,but especiallywith streamsur
faces.Streamarrons also provide additional information
aboutthe flow, usually not seenwith streamsurfaces,such
asflow direction,convergence/diergence etc.

VanWijk simulatesstreamsurfacesby alarge setof so-
calledsurfaceparticles*’. Surfaceparticlesexhibit lessoc-
clusionwhencomparedo streamsurfaceslinterestinglyvan
Wijk’ s approachin a way anticipatedrecentadwancesin
pixel-basedenderingechniques.

e Time surfacesin 3D.

A natural extensionof time lines (in 2D or 3D) are time
surfaces when constant-timeinstantsof maoving particles
are assumedwhich previously have beenreleasedrom a
two-dimensionapatch.An exampleof anapplicationof this
principle,arelevel-setsurfacesusedby Westermantv’.

e Flow volumes.

Thelast(direct)extensionof astreamine into 3D described
hereareflowvolumegFig. 5, right). A flow volumeis aspe-
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cific sub-setf a 3D flow domain,which is tracedout by a
particularinitial 2D patchover time as describedby Max,
Becler, and Crawfis. The resultingvolumeis divided up
into a setof semi-transparernetrahedrayhich arevolume
renderedn hardwarein a way derived from the methodof
Shirley andTuchman#?s,

Becler et al. extendflow volumesto unsteadyflow®. The
resultingunsteadyflow volumesarethe 3D analogof streak
lines. Considerationsare madewhen extendingthe visual-
ization techniqueto unsteadyflows to since particle paths
may becomeconvolutedin time. The authorspresentsome
solutionsto the problemswhich occurin subdvision, ren-
dering,andsystemdesign.The resultingalgorithmsareap-
pliedto avariety of flow typesincluding curvilineargrids.

4. Dense,integration-basedFlowViz

Herewe male adistinctionbetweerflow visualizationusing
integral objectsanddensejntegration-basedflow visualiza-
tion, however, thesetwo topics are closely coupled: con-
ceptually the path from using integral objectsto dense,
integration-basedisualizationis obtainedvia a denseseed-
ing strat@y. Thatis, denselyseededntegral objectsresultin
animagesimilarto thatobtainedby densejntegrationbased
techniquesLik ewise,thepathfrom denseintegration-based
visualizationto visualizationusing integral objectsis ob-
tainedusingsomethingsuchasa sparsetexture for texture
adwection.

Integration-basedtechniquesin flow visualization can
provide densespatial resolution images. Dense, texture-
basedalgorithmsare effective, versatile,and applicableto
a wide spectrumof applications.SannaMontrucchio,and
Montuschipresent@an excellentsummaryof this researchn
their suney papet!s.

4.1. Dense,integration-basedFlowViz in 2D

In this subsection,we describedense,integration-based
FlowViz solutionsfor 2D flow data,i.e., spotnoise,line in-
tegral convolution (LIC), andrelatedapproachs.

Spotnoise(in 2D).

Spotnoise,introducedby van Wijk 146 wasamongsthefirst
texture-basedechniquefor vectorfield visualization.Spot
noise generates texture by distributing a set of intensity
functions,or spots,over the domain.Eachspotrepresents
a particle moving over an infinitesimaltime and resultsin
a streakin the direction of the local flow from wherethe
particleis seeded.

Onelimitation of theoriginal spotnoisealgorithmwasthe
lack of velocity magnitudeinformationin the resultingtex-
ture.Enhancespotnoisesb, by de LeeuwandvanWijk was
introducedo addresshis problem.Spotnoisehasalsobeen
appliedto the visualizationof turbulentflow?2 by de Leeuw
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Figure 6: coloredspotnoise image courtesyof deLeeuw

etal. A spotnoisealgorithmfor interactve visualizationis
proposedy deLeeuwtd, also.De LeeuwandvanLierealso
comparespot noiseto LIC23. Spotnoisein 2D combined
with color codingis shawvn in Fig. 6.

e Line integral cornvolution in 2D.

Line integral corvolution (LIC; Fig. 10, right), first intro-
ducedby CabralandLeedoni? is a very populartechnique
for the densecoverageof vectorfields with flow visualiza-
tion cues.Theoriginal methodologybehindLIC takesasin-
put a vectorfield on a cartesiargrid anda white noisetex-
ture of the samesize. The noisetexture is locally filtered
(smoothedplongthepathof streaminesto acquirea dense
visualizationof theflow field.

Theresearchn flow visualizationbasen LIC described
hereextendsLIC in several ways: (1) addingdirectional
cues, (2) shawing velocity magnitudes, (3) addedsupport
for non-cartesiamgrids, (4) allowing real-timeandinterac-
tive exploration, (5) extendingLIC to 3D, and (6) extend-
ing LIC to unsteadyectorfield visualizationwith time co-
hereng.

Shenetal. addresshe problemof directionalcuesin LIC
by combininganimationandintroducingdye adwectioninto
the computatiof?2. Kiu andBanksproposedo usea multi-
frequeng noisefor LIC70. Thespatialfrequeny of thenoise
is a function of the magnitudeof the local velocity in the
field.

Khouaset al. synthesizd_IC-lik e imagesin 2D with fur-
like texture$8. Their techniqueis ableto locally control at-
tributesof theoutputtexturesuchasorientationJength,den-
sity, andcolor.

Much researcthasbeendedicatedo bringing LIC com-
putationto interactize rates.Stalling and Hege presentsig-
nificantimprovementsn LIC performancéy exploiting co-
herencealong streamlines?® and'é. Parallel implementa-
tions of LIC are presentedby Cabraland Leedont?, and
Zocklerin thegroupof Hege'6L,
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Figure 7: threeimagestaken from an animationof an unsteadyectorfield createdwith the Lagrangian-Eulerian advection
algorithm,image courtesyof Jobard etal.>” (datasetprovidedby COAPS,Florida StateUniversity).

OLIC for 2D FlowViz.

Wegenkittl et al. also addressthe problem of orientation
of flow with their OLIC (OrientedLine Integral Convolu-
tion) approack?. Conceptuallythe OLIC algorithmmalkes
useof a sparseexture containingof mary separatedpots
which arekind of smearedn the directionof thelocal vec-
tor field throughintegration.A fastversionof OLIC (called
FROLIC) is presentedby Wegenkittl and Groller's3 via a
tradeoff of accurag for time. BergerandGrdller presenan
algorithmfor animating2D FROLIC imagesover theworld
wide wely.

Léffelmann and Gréller use virtual ink droplets, like
streamletsto visualize2D dynamicalsystem®. Similar to
orientedline integral convolution (OLIC), the virtual ink
dropletmethodis capableof visualizingnot only direction
andvelocity of flow, but alsothe orientationof vectors.See
Fig. 10for a2D comparisorof streamletdo LIC.

2D Texture Advection.

JobardandLeferuseamotionmapdatastructurefor animat-
ing 2D, steady-statélow fields’°. The motion mapcontains
both a denserepresentationf the flow andthe information
requiredto animatethe flow. It offersthe advantageof sav-
ing memoryand computationtime sinceonly oneimageof
the flow hasto be computedandstoredin the motion map
datastructure.

Jobardetal. proposeatechniqueo visualizedenseepre-
sentation®f unsteadyvectorfields basedon whatthey call
a Lagrangian-Euleria\dvection schemé&’. The algorithm
combinesa dense,time-dependentintegration basedrep-
resentatiorof the vectorfield with interactve frame rates.
Someresultsfrom thetechniqueareshavn in figure 7.

Unsteadyflow visualizationtechniquesnay addresghe
problem of interactve performancetime through the use
of texture-mappingsupportedby the graphicshardvare.
Becler and Rumpf illustrate hardware-supportedexture
transporffor 2D, unsteadylow daté&.

Jobardet al .58 56 present@additional2D, unsteadyflow vi-
sualizationtechniquesThey achieve high performancevia
the useof graphicshardware. They also detail spatialand
temporalcoherencaechniquesdye adwection techniques,
andfeatureextraction.

Dense2D FlowViz basedon streaklines.

Sannaet al. presentan adaptve visualizationmethodusing
streaklineswherethe seedingf streaklinesis afunctionof
localvorticity12.

4.2. Dense jntegration-basedFlowViz on surfacesor
boundaries

Denseintegration-basedechniquesare, in general,better
methodgfor corveying flow informationon sectionalslices
thantechniquesising(long)integral objects Thisis because
the connectionalong the path of what would be a stream
lineis lostwith densedntegration-basetechniquesThusthe
depictionof theflow is not misleadingn termsof apotential
suggestion®f particle paths.Let us recall that the vector
componentrthogonalto the slice is remosed when using
integral objectsfor visualizationresults.

Spotnoiseon boundariesor slices.

De Leeuwet al. extendthe spotnoisealgorithmto surfaces
in a studythat comparesexperimentalsurfaceflow visual-
ization (with oil) to thatof spotnoiseon surface&!.

A combinationof both texture-basedrlowViz (on slices)
and 3D arrows for 3D FlowViz is employed by Teleaand
vanWijk 137 wherearrowns denotethe main characteristicef
the 3D flow (afterclustering)anda 2D slice with spotnoise
or LIC is usedto visualizethe restof the vectorfield (on a
sliceonly). Thisis shavn in Fig. 11.

LIC for boundary flows.

A largebody of researcHiteratureis dedicatedo the exten-
sionof LIC onto boundarysurfaces suneyed,for example,
by Stalling'28.
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Figure 8: a comparisorof 3 LIC techniques:(left) UFLIC, (middle)ELIC, and (right) PLIC image courtesyof Pangetal.148

The extensionof LIC to non-cartesiagrids andsurfaces
is presentedy researchersuchas Forsself3. Forsselland
Cohend* extendLIC to curvilinearsurfaceswith animation
techniqguesadd magnitudeand direction information, and
shawv how to useLIC to depicttime-dependeriiows. Their
algorithmalsoutilizestexture-mappindardwareto improve
performanceime towardsinteractve rates.

Teitzel, Grosso, and Ertl'34 presentan approachthat
works on both 2D unstructuredgrids and directly on tri-
angulatedsurfacesin three-dimensionadpaceMao et al &7,
presentinalgorithmfor convolving solid white noiseon tri-
anglemeshesn 3D spaceandextendLIC for visualizinga
vectorfield onarbitrary 3D surfaces.

Battke, Stalling,andHege* describean extensionof LIC
for arbitrarysurfacesin 3D. Someapproachearelimited to
curvilinearsurfacesij.e.,surfacesvhich canbeparametrized
by using2D-coordinatesT heirmethodalsohandleghecase
of generalmultiply connectedurfaces.

Scheuermanim the group of Hagen,presentsa method
for visualizing 3D vector fields that are definedon a 3D
manifold'!4. Their work addresseshe normal vector com-
ponentto the surfacethatothermethodsdo not.

A problemwith mary curvilineargrid LIC algorithmsis
thatthe resultingLIC texturesmay be distortedafter being
mappedntothegeometricsurfacessinceacurvilineargrid
usuallyconsistof cellsof differentsizes.Mao in thegroup
of Kikukawa proposea solution to the problem by using
multi-granularitynoiseastheinputimagefor LIC8°.

UFLIC, PLIC, etc.

ShenandKao presentJFLIC (UnsteadyFlow LIC, Fig. 8,
left)123124 which incorporatestime into the cornvolution.
Their algorithm addressesproblems with temporal co-
hereng by successiely updatingthe convolution results
overtime. They alsoproposea parallelUFLIC algorithm.
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Figure 9: 3D LIC, courtesyof Interranteand Gros®2.

Vermain the groupof Pang, presentsa methodfor com-
paratie analysisof streamlinesandLIC calledPLIC!8. A
visual comparisorbetweenELIC (enhanced.IC)%, PLIC,
andUFLIC is shavnin Fig. 8.

4.3. Dense,integration-basedFlowViz in 3D

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

LIC in 3D.

Occlusionandinteractive performanceare non-trivial chal-
lengesto overcomeimplementingLIC in 3D (shown in
Fig. 9). Rezk-Salameet al. tackle the problemof interac-
tive performanceisinga 3D-texturemappingapproacttom-
binedwith aninteractize clipping planeto addresghe prob-
lemsof occlusionandinteractiori®4.

A combinationapproachof direct volumerenderingand
LIC is taken by Interranté&® for extendingLIC to 3D. In-
terranteandGroschaddressomeperceptuatlifficultiesen-
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Figure 10: exampleof comparingFlowMz techniquesfrom Sects2, 3, and4, image courtesyof HauseP°. FlowMz by theuse
of arrows(left) is compaedto Flow\Mz basedon integral objects(middle),andspace-fillingFlowMz by the useof LIC (right).

counteredwith dense 3D visualization&? 5455, Techniques
for selectvely emphasizingmportantregionsof interestin
the flow, enhancinglepthperceptionandimproving orien-
tation perceptiorof overlappingstreaminesarediscussed.

Texture advectionin 3D.

Kao et al. discussthe useof 3D and 4D texture adwection
for the visualizationof 3D fluid flows®4. Formidablechal-
lengesareintroducedby the memoryrequirementsnvolved
in using3D and4D textures.They alsoapply a steady-state
animationto these3D and4D textures.

5. FlowViz basedon derived data

Thevisualizationmethodologiepresentedh thissectionre-
quirethe mostcomputatiorbetweerndataacquisitionandre-
sulting perceptionat the users side. Computationsare run
on theinput datato acquireadditionaldataaboutthe input.
This derived data(dependingon the application)might be
flow topology flow featuresaggregyatedflow data(through
clustering),meta-level flow data,or others.Original dataas
well asderiveddataarethenusedfor visualization allowing
for enhancedisualizationof flow data.Associatedvith the
derived datais addedcompleity. Thebenefitdn thesetech-
niqueslie ontheuserside: louselyspeakingmorework is
doneby thevisualizationsoftwareandlesswork is doneon
behalfof theuser e.g.,lesswork with interpretation.

5.1. 2D FlowViz basedon derived data

This section starts off with a discussionof vector field
clusteringtechniguesSecondlywe introducefeature-based
flow visualizationtechniquesTopology-basedisualization
and vortex visualizationare presentedas subcatgories of
feature-baseflow visualization.Finally, we introducetwo
more catagories:flow visualizationbasedon local analysis
andmeta-level flow visualization.

e Vector field clustering.

Vector field clustering methodsattemptto balancevisual
compleity andcompleteflow coveragein both 2D and3D

vectorfields. Insteadof trying to visualizeeachvectorin the
datasetaggr@atedinformationaboutthedatasemaybevi-

sualizedln short,larger numbersof finer resolutionvectors
arereplacedoy fewer representatiesat a coarseresolution
in thevisualization.Thevectorsthatremainattemptto sum-
marizethosefound at the finest level of resolutionin the
original dataset.

Lodhaetal. presentinalgorithmfor compressin@D vec-
tor fieldswhile alsopreservingopology®. They usediffer-
ent types error measuresncluding the earth mover’s dis-
tancemetricto measurehetopologicaldegradation Exam-
pleswith bothanalyticandsimulateddatasets.

Teleaandvan Wijk presenta vectorfield clusteringtech-
niquefor 2D vectorfieldsthat allows the userto adjustpa-
rametergesultingin simplified vectorfield visualizatiort3”.
They alsoshav how to extendthealgorithmto 3D, asshavn
in Fig. 11.

Heclel in the group of Joy, presentsa vector field clus-
teringtechniquefor generatingan entire hierarchicalrepre-
sentationof the vector field*>. More than onelevel in the
hierarchycanbe visualizedsimultaneously

Garcle et al. presenta continuousvectorfield clustering
techniqueto simulationdata® with the goal of varying the
representatiofrom fine granularityto very few, coarseclus-
ters. They demonstratea generalapplicability of their ap-
proach,e.g.,alsoin 3D*.. Their algorithmsare focusedon
2D vectorfields, howvever, they shawv their extensionto 3D
vectorfieldsaswell.

o Feature-basedflow visualization.

When describingfeatue-basedflow visualization we use
the term featue to referto a specialsubsetor structureof
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Figure 11: 3D FlowMz basedon clustering combinedwith
atexturedslice; image courtesyof Teleaand vanWjk137.

interestin the original flow datasetFeaturesanbe classi-
fied aslocal or non-local dependingon what information
is beingrepresentedExamplesof local featuresare critical

points. Vortex coresare non-local features,spanningnon-

infinitesimal small regionsof the flow domain.Reinderset

al., for example,presenta 2D feature-atractiontechnique
for applicationin the astrophysicatlatd. Their systemis

ableto extractcloudfeaturedrom largedatasets.

Feature-basedisualizationtechniquesaddresgroblems
associateavith large datasetsApplying a directflow visu-
alizationtechniqueto a large CFD simulationdatasetloes
notguaranteeé meaningfulvisualization especiallyin 3D.
Detailsareeasilylostwhendirectvolumerenderingnethod-
ologiesare appliedthe vectorfield visualizationasa result
of (1) occlusion, (2) the projectionof 3D informationonto
a2D screenpr (3) justbecaus®f theirrelatively smallsize
comparedo otherfeatures. Emphasizinghe mostinterest-
ing componentsf theflow field maybeabetterchoice Note
that what is deemedas “interesting” is determinedby the
user

Feature-basedisualizationprovides the userwith more
capabilitiesto guidethe visualizationprocessallowing the
possibility to definethe featuresto be visualizedeither ex-
plicitly or implicitly. Explicit featuredefinitionrefersto the
scenariovhentheuserknows a priori whatfeaturego visu-
alize.Implicit featuredefinitioninvolvesseparatindeatures
into subsetdhathave similar attributes,e.g.,shaving all re-
gions of flow whosevelocity lies above a given threshold.
Henzeusesmultiple 2D views featuringgeometricconnec-
tivity in anapproactctalledLinked Derived Space®, which
arelinked in termsof sharedcolor maps,for examepl,and
allow discretebrushingto interactvely specifyflow features.

The representatiorof different types of featuresis an-
otherimportantfield of researchFeaturehave differentat-
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tributes,and to emphasizespecialattributesfor eachtype
of feature,suitablerepresentationare developed.For vor-
tices, critical points, and othertopologicalfeaturesglyphs
or icons can be used.One exampleare the ellipses(ellip-
soidsin 3D) usedby SadarjoerandPost%. They encodehe
rotationspeedvortex, size,andotherattributesof vortices.

e Topology-basedlow visualization.

An importantpropertyof a flow field is its topology Vec-
tor field topolagy visualizationwas introducedby Helman
andHesselink’”. They preseniessentialnformationby par
titioning theflow field accordingo its critical points. Lavin
et al. presenta techniqueby which they compare2D vec-
tor fields for similarities basedupon the characteristicof
critical pointsfoundin eachdatase®. The goal of their re-
searchis the ability to comparecomputationabnd experi-
mentalflow fieldsunderthe sameconditions.

How to properly extract flow topologyis a separatds-
sue.Especiallywhentalking aboutdatafrom flow simula-
tion, i.e.,datawhichoriginsin a (locally) linearcomputation
onagrid, thenthe extractionof flow topologyis non-trivial.

Scheuermanet al. work on higherorderflow topology
i.e.,topologyof (locally) non-linearflow datd5116, An ex-
ampleof thiswork is shavn in Fig. 12 (left). Scheuermanat
al. alsoinvestigatémprovedinterpolationschemesor better
extractionof flow topology”.

o Multi-r esolutionflow topology.

The visualizationof topology can be impressie whenthe
underlyingflow fields are not too complex. But challenges
mayarisein high-resolutionfurbulentflows. Rich CFD sim-
ulationdatasetgancontainalarge numberof critical points
thatclutteraresultingimage.

An approachusing multiple levels of topology by de
Leeuwandvan Liere!® proposesa solutionto this problem.
Their solutionis a topologicalfilter that leaves out clutter
ing but retainsthe global structureof the flow. Thetopolog-
ical filter is calleda pair distancefilter which is definedas
the distancebetweentwo critical points. This distancecan
be usedas the metric by which to remove (or filter) criti-
cal pointsfrom the visualization.De Leeuwandvan Liere
illustrate limitations of the pair distancefilterz4. As an al-
ternative, they proposea methodto calculatetheinflow and
outflow areasof the critical points,which they applyto data
from meteorolog}®. The datasetis basedon a curvilinear
grid andcontainsmeasurementsf atmospheriavind direc-
tion andmagnitude.

Onedisadwantageof the methodgresentedby de Leeuw
andvan Liere is thatthey do not handlehigherorder criti-
cal points.This challengds addressetly Tricocheet al .13,
Tricocheet al. presentalso a topological simplification of
vectorandtensorfieldson irregulargridst40.

A vectorfield topologysimplificationcanbe achieved by
meiging critical pointswithin aprescribedadiusinto higher
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Figure 12: examplesof Flow\Mz basedon flow topolagy: non-linearflow topolagy depicted(left), image courtesyby Sdeuer
mannetal 115 3D FlowMz basedon critical pointanalysis(right), image courtesyby Hauseretal 1.

order critical points. After building clusterscontainingthe
singularitiesto mege, their methodgenerates representa-
tion in which eachclustercontainsone higherordersingu-
larity. Any visualizationmethodcanbe appliedto theresult
afterthis process.

e \ortex visualization.

Another valuableareaof researchn FlowViz is the iden-
tification of vorticesandtheir cores.Most relatedresearch
presentspecialcasetechniquedor vortex identificationas
opposedo methodologieshatapplyin generalcasesWeak
\ortices for example,presenspecialchallengesWeakvor-
ticeshave arelatively slow rotationalcomponentvhencom-
paredto the velocity of the flow alongthe axis of rotation
(thevortex core).

Sadarjoeret al. shaws applicationsof two cateyoriesof
vortex detectioncriteria: (1) point-basedscalarquantities,
calculatedat single points,and (2) curve-basedyeometric
criteria, calculatedfor, e.g.,streamlinest!. Thefirst cate-
goryis easietto computeput doesnotwork in all casesThe
secondcategory is more intuitive but currently only works
in 2D (or 3D projected)flows. They presentapplicationsof
bothapproaches hydrodynamidlows.

SadarjoerandPostpresentwo vortex detectionmethods
thatarebasednthegeometrigpropertiesof streamlinestos.
Unlike mary vortex detectionmethodsthat are basedon
point-samplef physicalquantities,one of their methods
is alsoeffective in detectingweakvortices.Iln addition,their
methodologyallows for quantitatve featureextractionusing
numericalattributesof vortices.

Sadarjoenand Post extendedtheir vortex visualization
methodsto unsteadyflow!19, also. Their methodis applied
to areassuchasocearmapping.

e The accuracyof feature-basedflow visualization.
Feature-basedvisualization poses some special chal-

lenges: (1) the computationakffort requiredfor the extrac-
tion process,(2) theevaluationandaccurag of theresulting
output,and (3) thetopic of completenesarisesge.g.,what,
if ary, importantpropertiedeerleft out of thevisualization.

Reindersetal. addressheevaluationandaccuray of fea-
ture extractiori®, Their methodologyis appliedandtested
for differentgrid resolutions,noiselevels, and featureex-
traction parametersPeikert and Roth introduce a math-
ematical framevork targeted at a more accuratefeature
comparison¥.

5.2. Derived data for FlowViz on slicesor boundaries

As boundaryflows oftenareprimarily interestingto visual-
ization usersaryway, extractionof derived datafor flow vi-
sualizatioralsois donefor flow sub-setdik e that.An exam-
pleis the automaticextractionof attachmenandseparation
linesalongflow boundariesaspresentedby Kenwrigh#s.

Wongetal. applyavectorfield clusteringtechniqueo 2D
slicesof aregional climate modelingdatasetovering East
Asial®®. They alsoshav how to combinetheirresultsof mul-
tiple slicesto gain 3D visualization.Their goalis to elimi-
natelessinterestingand sporadiccritical pointsin a mul-
tiresolutionfashion.

5.3. 3D FlowViz basedon derived data

The more extendeda flow datasets the more appropriate
FlowViz solutionsgetwhich arebasedon derived data.3D
flow data,especiallyif it is time-dependentoftenis com-
posedof hundred=f thousand®f datasampleswhich (in
caseof unsteadyflows) aregivenon hundredsf time steps.
Clearly, dataof thatextentposespecialchallengego the ex-
ploration phase With FlowViz solutionsbasedon derived
data,the usercanbe supportedo more quickly investigate
thosepartsof the data,in which he or sheis actuallyinter-
estedn.

(© TheEurographic#ssociation200x.
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De LeeuwandvanWijk, for example,presentitechnique
for interactie flow analysisin 3D?3, which is basedon the
visualizationof locally derived data.Local flow attributes,
suchas velocity, accelerationconvergenceor divergence,
rotation, etc., are visualized by the use of glyphs, which
changeheir (geometricallappearancaccordingto thedata
to bevisualized.

FlowViz basedon 3D feature extraction.

TankandMedioni present 3D featureextractiontechnique
that aimsto extract coherentsurfacesand 3D spacecurves
from a denseor sparse3D grid!32. Basedon noisy data,ex-

tremalsub-set®f thedataareextractedandvisualizedby the
meansof surfaces.The authorsdemonstrateéhe extraction
of: (1) shockwaves, (2) vortex cores,aswell as (3) crest-
linesandridgesin aterrainmap,and (4) grooves,anatomi-
callines,andcomple surfacesfrom noisy dentaldata.

VanWalsumet al. presenta featureextractiontechnique
thatprovidesa compactabstractiorof theoriginal data,and
usesiconsto visualizethe extractedfeature$*>. Reinderset
al. shov anotherfeature-basedepresentatidii® that usesa
skeletal descriptionof featuresin the flow via the useof a
long, slim, geometricshape.

Featuretracking.

Temporal coherenyg, also called featue tradking, is also
valuablefor feature-basedisualization Featurdrackingad-
dresseshe challengeof following flow featuresover multi-
pletime steps.

Reindersetal. suggesteaturetrackingmethodologieand
evaluatethe succesgate of thesetechnique¥2. Prediction
rules, derived from datafrom previous time steps,is used
to computeregionsin which thereis a high probability of
finding a featurein a future time step.The pathof features
overtimeis shavn in afeaturegraph.

Silver andWang presenta basicframework for the visu-
alizationof time-varying datasetshatfeaturesanalgorithm
anddatastructureto track volumefeaturesn un-structured
datasetf®’. The algorithm and data structureare general
enoughto beappliedto structuredcurvilinear adaptve and
hybrid grids. SilverandWangalsopresent techniquethat
isolatesandtracks3D representationsf regionsof interest
from 3D regular and curvilinear CFD dataset®. Features
areextractedfrom eachtime stepandmatchedo featuresn
subsequenime steps.

Focusand contextvisualization in 3D.

Thefocusand context metaphorcomesfrom thefield of in-

formation visualizationand is importantwhen visualizing
largedatasetsesultingfrom CFD simulation.Thefocusof a
visualization(derivedfrom thedepth-of-fieldnetaphofrom

photography)s theregion or objectwith thehighestamount
of interestto theuser Thecontet of thevisualizationis usu-
ally representeih lessdetailandprovidesasemantidrame-

(© TheEurographic#ssociation200x.

work in which to visualizethe focus.Seethe work by Card
for moreoninformationvisualizatiort4.

DoleischandHausettake adantageof thefocusandcon-
text metaphoto visualizeCFD simulationdatawith several
attribute$°. They extendthe work of Henzé8 to allow also
for non-discretedeaturedefinition. Also, resultsfrom inter
active featureextractionareusedto modulateopacitywithin
3D rendering.

Topology-basedlow visualization in 3D.

Whendealingwith 3D data,artistsdo afairly goodjob —in-
telligently they useonly thosepartsof thedatafor depiction,
which are crucial for understandinghe data. Hand-dawn
flow illustrations,therefore have beenpopularsincethe be-
ginning of scientificflow investigation.Leonardoda Vinci,
for example efficiently usedhanddravingsto communicate
his researchresultson fluid flows. More recently Abraham
andShav cameup with visualizingflow structuredy using
hand-dravn image$. They alsoconcentrateon elementary
structurewithin 3D flow data,basedon 3D flow topology

HelmanandHesselink” proposedo visualizethe geom-
etry of the topologicalstructureof flow dynamics.Stream
lines along the eigervectorsof critical points are usedto
shav separatriceslcons composedof line sggmentsand
smalldisksencodethe Jacobiammatrix nearcritical points.

Batra and Hesselinkextend the techniquepresentecby
Lavin et al.”® to 3D vectorfields’. A methodfor compar
ing 3D vectorfields constructedrom simple critical points
is described.Glohus et al*3 cameup with a tool to identify
topologicalelementswithin datathatis given at a discrete
grid.

LoffelmannandGroller usetheresultsof topologyextrac-
tion in 3D flow datafor selectvely placing3D streamlet®.
With this strat@y, an over-populationof phasespacewith
occlusionproblemsas a consequencé avoided. Further
more direct, and thus intuitive visualizationcuesare used
for visualization,insteadof representingopologicalstruc-
turesonly.

e \ortex visualization in 3D.

Roth andPeilert addreswisualizationof CFD datafor tur-

bomachinerydesigi®. They arguethat FlowViz for turbo-
machinerydesignposessomespecialrequirementsvhich
areoftennot addressethy standard=lowViz systemsThey

discussthe issuesinvolved with this particularapplication
andits requirementsvith respecto flow visualization.Roth
and Peikert also presenta methodto automaticallyextract
vortical structuresfrom 3D CFD vector field%¢ (Fig. 13).

They discusseshe underlyingtheory and someaspectsof

theimplementation.

Pagendarnet al. extendthe 2D vortex detectionmethod
of Sadarjoerand Post® to 3D%. Kenwrightand Haimes
presentneigervectormethodfor vortex identificationin an
aerodynamisimulatior?®. It is shavn to beaneffective way
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Figure 13: 3D Flow\z basedon vortex core extraction,im-
age courtesyby Peikert and Rots.

to extract and visualizefeaturessuchas vortex cores,spi-
ral vortex breakdevns,vortex bursting,andvortex diffusion.
Kenwrightand Haims addresseveral challengesncluding
identifying disjointedline segments,detectingnon-\ortical
flow featuresandcomputingvortex coredisplacement.

¢ 3D FlowViz using Poincaré maps.

Poincarésectionsare a usefulmathematicatool for the in-
vestigationof 3D flows which exhibit a strong rotational
componentas, for example, particle tracesin a fusion re-
actor Using a Poincarésection,the dominatingrotational
componentis separatedrom the 3D flow, andsecond-leel
structuredbecomeapparent.

Loffelmann et al. proposea set of visualization tech-
niquesbasedn Poincarémapsin 3D84. They suggesadapt-
ing somewell-known visualizationtechniquess,e.g.,spot
noise,to Poincarémapsto improve thevisualrepresentation
of the 2D map. They also presentan embeddingof these
techniguesvithin a 3D visualizationof the underlyingflow.
This approachallows to significantly reducesomelimita-
tionsof previously known techniques.

Schussmaget al. make useof a Poincarémapin orderto
visualizemagnetidield lines'?1,

6. Relatedwork

In this sectionaboutrelatedwork, we addresgopics,which
arecloselycoupledto flow visualization,but do not belong
themselesto FlowViz. Thesetopicsinclude experimental
flow visualization,flow integration, grids involved, tensor
visualization,visualizationof maps,uncertaintyvisualiza-
tion, and simulatedfluids in computergraphics.We relax
our rigid organizationfor this sectionin orderto simplify
the presentatiomf relatedwork for thereader

o Experimental flow visualization.

As alreadymetionedpreviously, this state-of-the-arteport
clearly focuseson computationaflow visualization.How-
ever, thereis a long history and a large amountof litera-
tureaboutexperimentaflow visualization Fluid researchers
have beenusing real experimentsto get an impressionof
fluid flow propertiesandstructuredor along time. Experi-
mentalmethodshave adwantagesncludingintuitive andim-
mediatefeedbackandfewer numericalerrors.Therearealso
significantdisadwantagesmost severe is that experimental
methodsmay influencethe flow itself. Next, experimental
setupsusuallyaretime consumingandvery expensve. For
in-depthinformation aboutexperimentalflow visualization
techniquesseeMerzkircH?!, Postand van Walsun?®, and
Milton vanDyke!44.

e Flow integration methods.

Oneof the backbone®f flow visualizationis flow integra-
tion methodsThis is becausdlow visualizationoftenrelies
heavily onthistypeof computationHence severalresearch
paperdocussolelyonoptimizingtheintegrationalgorithms
themseles. Accurate numericalintegrationis animportant
topic relatingto flow visualization.Here,again,the classic
trade-of is madebetweenaccurag and computationtime.
Euler's methodof integratingis the simplest,but it is not
accurateenoughfor someapplicationsA Runge-Kittainte-
grationmethodof order2 or 4 offersgreateraccurag but at
the expenseof computationIntegratorsmay have adaptve
stepsized?®, useinterpolateddata,and may be or implicit
or explicit type. Teitzel et al. analyzedifferentintegration
methodsn orderto evaluatethetrade-of betweertime and
accuraglss 136,

Knight andMallinsonpresentheuseof dualstreamfunc-
tionsfor generatingtreaminesandstreamsurface$?. Van
Wijk, for example,useghis kind of approacHor his surface
particles*’.

e Grids.

In flow visualization mary differenttypesof gridsareused.
This mostlyis dueto the factthatdataoriginsin flow sim-
ulation and in this fields grids are adaptedto supportthe
simulationprocessas well aspossible.As a consequence,
non-Cartesiagridssuchascurvi-lineargrids oftenshav up
when flows aroundcertainbodiesor obstaclesare investi-
gated.

In principal, differenttypesof grids alsoimply different
typeof algorithms Mary solutionswork well for onetypeof
grids,but arenottrivially extendedo others.Gridsinvolved
rangefrom Cartesianrecti-linear andcurvi-lineargrids, to
unstructuredirregular grids, andeven hybrid combinations
suchasblock-structuredyrids. Specialothertypesof grids,
like sparsegrids or multi-resolutiongrids, or even moving
grids, are also experienced.Paperswhich specifically ad-
dressa specialtype of grids have be interleaved within the
previoussections.

(© TheEurographic#ssociation200x.
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Tensorvisualization.

In additionto flow datavisualization tensordatavisualiza-
tion is anactive areaof researchTensoffieldsprovide multi-
dimensionablatausuallyrepresentetly the useof matrices.
Stresspropagatiorwithin certainobjectslike engines tur-
bines,etc., producetensordata. Simulationtechniqueghat
aresimilarto methodknown from CFD areusedto compute
densedataset®f volumetensors.

DelmarcelleandHesselinkusehyperstreamlines agen-
eralizationof vectorfield streamines—in orderto visualize
3D, second-ordetensorfieldsalongcontinuouspathg’.

HesselinkLevy, andLavin studythetopologyof 3D ten-
sorfields® 77, Their goalis to representheir structureby a
setof points,lines,andsurfacesanalogouso approaches
vectorfield topology They extracttopologicalskeletonsof
the eigervectorfields and usethemas a descriptionof the
tensorfield.

Weinsteinet al. presenta feature-trackingalgorithm to
tensorfield datasets®.

Visualization of discreteflow data.

Flow datarepresentemporalchangesn a continuousway
like appropriatefor fluid flows, gasflows, or similar. How-
ever, in otherapplicationsike econometricnodeling, for
example,temporalchange®ftenarerepresentediscretely
i.e., in changedrom onediscretepoint in time to the next
one, e.g., population size year after year or temperature
heightsfor seriesof days.

In their work on how to use Poincarésectionsfor 3D
FlowViz 8, Loffelmannetal. adaptwell-known FlowViz so-
lutions from the continuousdomainto discrete 2D Poinaré
maps suchasarrav plos,depictionsof trajectoriesandspot
noise.

Hauseret al. presenta two-level approachfor volume
rendering?*, which they useto visualizeflow dataof such
discretenature.Renderedare so-calledbasinsof attraction,
which separatéhe flow domaininto distinctportionswhich
arecharaterizedy coherentong-termevolution. They also
shav chaoticattractorswhich regularily occurin conjunc-
tion with suchdiscreteflow data.

Uncertainty visualization.

Uncertaintyor errorsmay be introducedin fluid flow data
asthe datais acquired,stored,and rendered Although re-
searchersre aware of sucherrors,seldomdo visualization
systemsncorporatesuchuncertaintyinformation.In the ab-
senceof theintegratedpresentatioof dataandits associated
error, theanalysiof thevisualizationis incompleteandmay
resultin misleadingjnaccurategr incorrectconclusions.

Wittenbrinket al. applyanuncertaintyvisualizationtech-
nigueto meteorologiaatain 2D'%8, Ervironmentaldatahas
inherenterrorwhich is oftenignoredin visualization.Their
approachncludesuncertaintyin directionandmagnitudeas
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well asthemeandirectionandlength,in vectorglyph plots.
Thedesignof the glyph andnumerousxamplesusingervi-
ronmentaldataareshowvn.

Cedilnik andRheinganglevelopeda methodfor shaving
theuncertaintyinformationtogethemwith datawith minimal
distractionfor 2D result$®. This methodusesprocedurally
generatednnotationandglyphsthataredeformedaccord-
ing to the uncertaintyinformation. Lodhain the group of
Wittenbrink,present®&JFLOW —asystenfor visualizingun-
certaintyin fluid flow’8. Thetechniqueemplo/edto visual-
ize uncertaintyin fluid flow includeuncertaintyglyphs,flow
ervelopesanimationspriority sequenceswirling batonsof
traceviewpoints,andrakes.Thesdaechniquesireeffectivein
visualizingthe effectsof differentintegrationmethods.

Djurcilov in the groupwith Pang, presenta volumeren-
dering algorithm that includesuncertaintyvisualizationin
theresults.

Simulated flows in computer graphics.

Fosteret al. presentechniquegor usercontmolled fluid ani-

matior?® 3637 With their tools, it is possiblefor computer
graphicsanimatorsto specify and control a 3D fluid an-
imation, without knowledge of the underlying simulation
equationsTo illustrate the methods animationsof moving

objects,fountains,explosions,and hot gasinteractingwith

solid objectsarepresented.

7. Summary and conclusions

This papergivesanoverview of thecurrentstateof theartin
flow visualization. Thelargebodyof researchn vectorfield
visualizationis a reflectionof its importanceto researchers
in scientificvisualizationaswell asprivateindustry We give
careful consideratiorto how techniquesn fluid visualiza-
tion canbe catgyorizedand reflectthis organizationin the
presentationWe put emphasion flow visualizationbased
on derived databecausehis field of researctgainedspecial
importancerecently More specifically we believe feature-
basedflow visualization,and time-dependenflow visual-
ization are areasfor much future work. One possiblefu-
ture challengeof FlowViz basedon derived datamight be
to bettersupportintuition, to supportthe useralsowith un-
derstandinghevisualizationprocesstself (for betteraccep-
tanceof theresults).
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