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Abstract

Flow visualisationhasalreadybeena very attractivepart of visualisationreseach for a long time Usually very
large data setsneedto be processedwhich often consistof multivariate data with a large numberof sample
locations,oftenarrangedin multipletime steps Recentlythe steadilyincreasingperformanceof computes again

has becomea driving factor for a new boomin ow visualisation,especiallyin techniquesbasedon featue

extraction,vector eld clustering andtopolagy extraction.

In this state-of-the-arreport, an attemptwasmadeto (1) provide a usefulcategorisation of Flow\Ms solutions,
(2) giveanovervien of existingsolutions and(3) focusonrecentwork, especiallyin the eld of featule extraction.
In sepante sectionswe describe(a) direct visualisationtechniquessud as hedgha plots, (b) visualisation
usingintegral objects,sud as streamlines(c) texture-basededniques,including spotnoiseand line integral

cornvolution,and (d) techniquesbhasedon extractionof featuesor ow topolay.

Catagyoriesand SubjectDescriptorgaccordingo ACM CCS} 1.3 [ComputerGraphics]:visualisation, o w visuali-
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sation,computationalo w visualisation

1. Intr oduction

Computerdiave becomdncreasinglyimportantin mary as-
pectsof society— in sciencepusinessandeconomicsged-
ucationand politics, aswell asin mary other elds, com-
putersareusedto acquire store,processandcommunicate
datanotin theleastto users\Visualisation asaseparateeld
of researclanddevelopmentin computerscienceaddresses
exactly this bridge betweendataand user:visualisationso-
lutionshelpusergto explore,analyseandpresentheir data.

In ow visualisation(FlowVis) — one of the traditional
sub elds of visualisation— a rich variety of application
elds is given, form the automotve industry aerodynam-
ics, turbomachinerydesign,weathersimulation and mete-
orology climate modelling,groundwater o w, medicalap-
plications etc.,with signi cantly differentcharacteristicge-
lating to thedataandusergoals.Consequentlythespectrum
of FlowVis solutionsis very rich, spanningmultiple dimen-
sionsof technicalaspectsg.g., 2D vs. 3D solutions,tech-
niguesfor steadyandtime-dependerdata,et cetera.
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1.1. Aspectsof Flow Visualisation

Bringing mary of thosesolutionsin alinearorder(asneces-
saryfor atext likethis),is notatall easyor intuitive. Several
optionsof subdviding this broad eld of literatureare pos-
sible. Hesselinket al., for example,addressedhe dif cult
problemof how to categorise FlowVis techniquesn their
1994overview of (at thattime) recentresearchissues. In
the following subsectionseveral of thoseaspectsare dis-
cussedon a higher level, beforeliteratureis addressedli-
rectly later.

Dir ectvs. integration-basedvs. feature-basedo w
visualisation

Accordingto thedifferentneedf theusergherearediffer-
entapproache® o w visualisation(cf. Figurelc). Oneis to
dodirect ow visualisationby usinganasdirectaspossible
translatiorof the o w datainto visualisatiorcues suchasby
drawing arrows. FlowVis solutionsof thiskind allow imme-
diateinvestigationof the o w data,without a lot of mental
translatioreffort.

For abettercommunicatiorof thelong-termbehaiour in-
ducedby ow dynamicsjntegration-basedapproadces rst
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Figure 1: Direct ow visualisation(a) vs.FlowMs basedon
ow integration (b) vs. FlowMs basedon deriveddatasud
as ow featuesor ow topolagy (c). Thisclassi cationre-
latesto the r st-level structuee of this report.

integratethe o w dataanduseresultingintegral objectsas
basisfor visualisation,e.g.,usingstreamlinedor visualisa-
tion.

Anotherapproacltfor visualising o w datais thefeatue-
basedappmoad, in which an abstractiorstepis performed
rst. From the original dataset, interestingobjectsare ex-
tracted,suchasimportantphenomenar topologicalinfor-
mationof the o w. These o w featuresareanabstractiorof
the data,and can be visualisedef ciently and without the
original data.Becausehe original datais not neededary-
more, a huge datareductionis achieved, of a factor 1000
or more. This males this approachvery suitablefor large
(time-dependent)latasets,originating from computational
uid dynamicssimulations.Thesedatasetsare simply too
large to visualisedirectly, andtherefore a lot of time is re-
quiredin preprocessingpr computingthe featureqfeature
extraction).But oncethis preprocessinbasbeenperformed,

visualisationcanbe donevery quickly.

In this overview we useseparatechaptersor the afore-
mentionedclassesof approachesdirect o w visualisation
is discussedn Section2, integration-basedrlowVis in Sec-
tions3 and4, andfeature-baseBlowVisis describedn Sec-
tions5 through8. Figurel illustratesthe differencebetween
theaforementionedlasses— notetheincreasingamountof
computatiorspentwithin thevisualisationstepwhenchang-
ing from directFlowVis (a) to feature-base&lowVis (c).

Spatial dimensionsvs.time

In o w visualisation available solutionssigni cantly differ
with respectto the given dimensionalityof the ow data.
Techniqueswhich are useful for 2D data, like colour cod-
ing or arrow plots,sometimedack similaradvantagesn 3D.
Also, the questionwhetherthe o w datais steadyor time-
dependentjsuallymakesabig differencewith respecto the
FlowVis solutionof choice.

In this state-of-the-arteport,we (at leastpartially) sub-
structurethe sectionsaboutdifferentclassesf FlowVis so-
lutions into subsectionsvith respecto differentspatialdi-
mensionsinvolved. Although there are lots of interesting
worksaboutlD FlowVis aswell asnD FlowVis (with n> 3),

this reportclearly focuseson two andthreespatialdimen-
sions.

Below, thetop-level sectionsstartwith asubsectiomn 2D
FlowMs tedhniques(Sectionsn.1), i.e., covering solutions
which focuson 2D ow data(in 2D domains).Sincethe
2D domaininherentlycorrespondgo the 2D screengood
overviews are possiblefor thesekinds of techniquedike
with theuseof 2D LIC (seebelow for details).However, the
readershouldbe aware,thatreal-world o ws (atleastwhen
talking about uids or gaseskprerarelytwo-dimensional—
datasetsthereforeareoftenslicesout of a stackof those,or
stemfrom simpli cations of theunderlyingmodel.

A secondsubsectior{Sectionm.2) discusse&lowMs so-
lutionsfor boundary ows or sectionalsubsetof 3D ows,
for example, o w dataon planarcrosssectionsThis subsec-
tionthereforedealswith 2D o w data,atleastwith respecto
thelocal dimensionalityof the data,but which is embedded
within 3D spaceWhereadoundary o ws oftenareprimar
ily interestingto the useranyway (for examplein aerospace
design)thevisualisatiorof sectionabubset®f 3D o w usu-
ally needsspecialkcare(notattheleastbecausef theusually
missingthird o w component)Especiallytheuseof integral
curesacrosso w crosssectionds questionablasthe sug-
gestedparticlepaths(in generaldonotcorrespondo actual
o w trajectorieswvhich naturallyextendto 3D in this case.

Finally, a third subsectionSectionsn.3) discussegruly
3D FlowMs solutions i.e., visualisationtechniqueswhich
applyto true3D o w data.With true3D FlowVis, rendering
becomes centralissue— in mary casesompromisesre
neededtradingvisibility for completenessSolutionsrange
from clipping and opacity modulationgto feature-basede-
lections.

In additionto the spatialdimensionsaasaddressedbove,
alsodimensionalitywith respectto time is of greatimpor-
tancein ow visualisation.First of all, ow dataitself in-
corporates notionof time — o ws oftenareinterpretedas
differentialdatawith respecto time, i.e., whenintegrating
thedata,pathsof moving entitiesareobtained Additionally,
the o w itself canchangeover time (like in turbulent o ws,
for example),resultingin time-dependentr unsteadydata.
In this case two dimensionf time are presentandthe vi-
sualisatiormustcarefully distinguishbetweerbothin order
to preventthe userfrom being confused.This is especially
true, whenanimationshouldbe usedfor o w visualisation.
Then,evenathird temporaldimensioncanshav upin a vi-
sualisationyequiring specialcareto avoid confusionalong
with interpretatiorof theanimations.

Although the distinction betweensteadyand unsteady
o ws could openanotherdimensionwhensorting FlowVis
literature,in thisreportsolutionsfor time-dependerdataare
putbesiderelatedtechniquedor steadydata.
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Computational vs. experimental and empirical FlowVis

Flow visualisation,as discussedn this literatureoverview,
is consideredo be equivalentto what otherscall compu-
tational ow visualisation— just to distinguishit from the
largeandold elds of experimentandempirical o w visu-
alisation.

Although we do not have spaceto also focus on those
othervariantsof FlowVis, it is interestingto recognisethat
mary computationaFlowVis solutionsmoreor lessmimic
the visualappearancef well-acceptedechniquesn exper
imental visualisation(cf. particle traces,dye injection, et
cetera).

Data fr om simulation vs. measuementsor models

ComputationaFlowVis, in general dealswith datathatex-
hibit temporaddynamicssuchasresultsfrom o w simulation
(e.g.,the simulationof uid o w througha turbine), ow
measurementossiblyacquiredthroughlaserbasedech-
nology), or analytic modelsof ows (e.g.,dynamicalsys-
tems,givenassetof differentialequations).

In this reportwe mainly focuson o w visualisationdeal-
ing with datafrom o w simulation,i.e., o w datagivenasa
setof sampleson somekind of grid, whereassolutionsfor
datafrom o w measurementsr o w modellingareonly ad-
dressedhn lessdetail. Technicaissuedrequentlyarisedueto
thecombinationof extremelylarge datasetsanddemanding
userrequirementsuchasinteractie visualisationof time-
dependentlata. Therefore solutionsin the eld of parallel
computingtt 60:138 170 gut-of-corerenderingt4’, andrendef
ing of compressedatal®® areoftendiscussedh theFlowVis
literature.

Placementand interaction

Mary FlowVis solutionsbuild on the useof individual visu-
alisationobjects for example,streamlinesFor atleastthree
reasonsthe placemenbf thosevisualisationcuesis anis-
suewithin FlowVis literature: (1) when using integral ob-
jectssuchasstreamlinesan even distribution of seedloca-
tions usually doesnot resultin an even distribution of in-
tegral objects— separatealgorithmsneedto be emplo/ed;
(2) when dealingwith 3D o w data,occlusionand/or vi-
sualisationcompl«ity raisesspecial challenges— dense
placemenbftenresultsin severeclutteringwithin rendered
images;(3) whenusingfeature-basedtrataies, placement
needdo becoupled(andaligned)with thefeatureextraction
partsof thevisualisation.

In addition to placementuserinteractionplays an im-
portantrole, especiallyin caseof ow analysis.Usersre-
quire systemswhich allow (1) navigation, including zoom-
ing, panning,etc.,(2) interactve placemenbf visualisation
cues,for example,using an interactive rake for streamline
seedingaswell asothermeansto in uence the visualisa-
tion, or even(3) optionsof interactingwith the o w data,for
example throughsteering.
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Lastbut not leasthuman-computeinteractionchallenges
presentthemseles throughout o w visualisationresearch,
especiallyin the catgoriesof perceptionin 3D, andinter
action. For thereis strongevidencethat both 3D visualisa-
tion 154 andinteraction3* areveryimportantcomponentsor
theuserin understandinghedata.

1.2. FlowVis Fundamentals

Beforeoutlining someof the mostimportantFlowVis tech-
niquesin themainpartof this paperashortoverview about
thecommonmathematicabackgroundaswell assomegen-
eralconceptswith regardto the computatiorof FlowVis re-
sultsarediscussed.

Flow data

An inherentcharacteristiof o w datais thatderivative in-
formationis given with respectto time, which is laid out
acrossan n-dimensionaldomainw  R", for example,for
representingdD uid ow (n= 3). In the caseof multidi-
mensionalo w data(n> 1),temporalderivativesv of nD lo-
cationsp within the o w domainW aren-dimensionalec-
tors:

v=dp=dt; p2W RSv2R%t2R (1)

In analytic models(like dynamicalsystems)yvectorsv of-
tenaredescribedasfunctionsof the respectre spatialloca-
tionsp, saylike v = Ap for steadylinear o w dataif A is
a constantin n-matrix. A generalformulation of (possibly
unsteadyi.e.,time-dependentp w datav would be

v(p;t):W P! R 2)

wherep2 W R"representthespatialreferencef the o w
andt 2 P Rrepresentshesystemtime. If t is considered
tobeconstanti.e.,for steadyo w datathemoresimplecase
of v(p) : W! R"isgiven.

In caseof resultsfrom nD o w simulation,like in auto-
motive applicationsor airplanedesign vectordatav usually
is not givenin analyticform, but needsto be reconstructed
from the (discrete)simulationoutput.As usuallynumerical
methodsareusedto actuallydo the o w simulationsuchas

nite elementmethods.The outputof ow simulationusu-
ally is alarge-sizedyrid of mary samplevectorsv;., which

discretelyrepresenthe solution of the simulation process
(attime stepg). For furtherprocedureit is assumedhatthe

o w simulationwasbasecdnan(atleastiocally) continuous
modelof the o w, thusallowing for continuousreconstruc-
tion of the o w datav during visualisation.One option for

doingsowould beto applyareconstructioniter h: R"! R

to computev(p;t) = &; h(p  pi) vit. As — for practical
reasons— Iter h usually hasonly local extent (around
the origin), ef cient proceduredor nding those o w sam-
plesvit, which arenearesto the querypoint p, areneeded
to do properreconstruction.
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Grids

In o w simulation,the vector samplesv;. usuallyarelaid
out acrossthe o w domainaccordingto a certaintype of
grid. Grid typesrange from simple Cartesiangrids over
curvilinear grids to complex unstructuredgrids. Typically,
simulationgrids also exhibit large variationsin cell sizes.
This variety of grids stemsfrom the high in uence of grid
designontothe o w simulationprocessandthe therebyde-
rivedneedto modelthe o w grid asoptimalaspossiblewith
respecto the simulationin mind.

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

Startingwith point location, i.e., the problemof nding
the grid cell which a given nD-point lies in, usually two
casesredistinguishedFor the generalpoint locationprob-
lem specialdatastructuresanbe usedwhich subdvide the
spatialdomainto speedup the search.The secondcaseof
iterative point location, which often is neededduring inte-
gral curve computationpsuallyallows for quite ef cient al-
gorithmsdueto exploitation of spatialcoherenceOnekind
of algorithm startswith an initial guessfor the target cell,
checksfor containmenthenandre ning accordinglyafter
wards.This processds iterateduntil the targetcell is found.
More detailscanbe foundin oldertexts about o w visuali-
sationfundamentald2® 9.

Besidepointlocation, ow reconstructiorwithin a cell of
the o w datasetis a crucialissuein o w visualisation.Of-
ten,oncethecell which containghequerylocationis found,
only the samplevectorsat the cell's verticesare considered
for ow reconstructionThe most often usedapproachis

rst-order reconstructiomoy performinglinearinterpolations
within the cell. Within ahexahedrakell in 3D, for example,
trilinear o w reconstructiorcanbe used.

Using point locationand o w reconstruction,o w visu-
alisationcan alreadystart: vectorscan be representedfor
example, by arraws), virtual particlescan be injected and
tracedacrossthe o w domain.Neverthelessthe computa-
tion of deriveddata might be necessaryo do more sophis-
ticatedFlowVis. Usually, the rst stepis to requesi{second-
order) gradientinformationfor arbitrary pointsin the ow
domain, i.e., r vjp, which gives information about local
propertiesof the o w (at point p) suchas o w corvergence
anddivergence, o w rotationand sheay et cetera.For fea-
tureextraction,also o w vorticity w=r v canbeof high
interest.Furtherdetailsaboutlocal o w propertiescan be
foundin previouswork 677,

Flow integration

Recallingthat o w datain mostcasesds dervative informa-
tion with respectto time the idea of integrating o w data
over time is naturalto provide an intuitive notion of (long-
term)evolutioninducedby the o w data.An examplewould
be ow visualisationby the useof particleadwection.A re-
spectve particlepathp(s) — herethroughunsteadyo w —
would bede ned by

SO V(p(t); t + to) 3

p(s) = po+

wherepg representtheseedocationof theparticlepathand

tp equalsthe time whenthe particlewas seededNote, that

Equations?2 and 3 aremore or lesscomplimentaryto each
other For othertypesof integral curvessuchasstreamlines,
streaklinesgtc., refer to later partsof this text or previous

works 129 61,

In addition to the theoretical speci cation of integral
cunes,it is importantto note,thatrespectie integral equa-
tions like Equation 3 usually cannotbe resohed for the
curwve function analytically andtherebynumericalintegra-
tion methodsneedto be emplo/ed. The most simple ap-
proachis to usea rst-order Euler methodto computean
approximatiorpg — oneiterationof thecurve integrationis
speci edashy

Pe(t+ Dt) = p(t) + Dtv(p(t); t) (4)

whereDt usuallyis a very small stepin time and p(t) de-
notesthe location to start this Euler step from. A more
accuratebut also more costly techniqueis the second-
order Runge-HKitta method,which usesthe Euler approxi-
mationpg asalook-aheado computea betterapproxima-
tion pri2 of theintegral curve:

priz(t + Dt) =
p(t) + Dt (v(p(t);t) + v(pe(t+ Dt);t))=2  (5)

Higherorder methods like the often used fourth-order
Runge-Kittaintegratorutilise moresuchstepsto betterap-
proximatethe local behaiour of the integral curve. Also,
adaptve stepsizesareusedto make smallerstepsn regions
wherelots of changedake placein the o w.

In the following, four classesf approachesn the eld
of ow visualisationare discussed— direct ow visuali-
sationis describedin Section2, texture-based-lowVis in
Section3, geometricFlowVis is discussedn Section4 and
nally, feature-based w visualisationis describedn Sec-
tions5 through8.

2. Direct o w visualisation

Direct, or global, o w visualisationtechniquesattemptto
presentthe completedataset, or a large subsetof it, at a
low level of abstraction.The mappingof the datato a vi-
sualrepresentatiois direct, without complex conversionor

¢ TheEurographic#ssociation2002.
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Figure2: Example®f direct ow visualisation—aninteractiveslicing probewith colouredslicesandscalarclipping (left) 122
directvolumerenderingbasedon resamplingmiddle)169; texture-basedgoloured spotnoise(right) 5.

extractionsteps.Thesetechniquesre perhapghe mostin-
tuitive visualisationstrat@iesasthey presenthe dataasis.
Dif culties arise,whenthelong-termbehaiour inducedby
ow datais investigatedjf direct FlowVis is used— this
may requirecognitive integrationof visualisatiorresults.

2.1. DirectFlowVisin 2D

In this subsectionwe shortly addresswidely distributed,
standardechniquedor 2D FlowVis, i.e., colouringandar-
row plots.

Colour codingin 2D

A commondirect o w visualisatiortechniquds to map o w

attributessuchasvelocity, pressuregr temperaturéo colout

Sincecolour plots arewidely distributed, this approactre-
sultsin very intuitive depictions Of coursethecolourscale
which is usedfor mappingmustbe chosencarefully with

respecto perceptuatifferentiation.

Colourcodingfor 2D FlowVis extendsto time-dependent
dataverywell, resultingin moving colourplotsaccordingo
change®f the o w propertiesover time.

Arr ow plotsin 2D

A naturalvector visualisationtechniqueis to map a line,
arraw, or glyph to eachsamplepoint in the eld, oriented
accordingto the ow eld, asin Figure 6 (left). Usually
a regular placemenbf arravs is usedin 2D, for example,
on an evenly-spacedCartesiargrid. Two variantsof arrov
plots are often used: (1) normalisedarrons of unit length
whichvisualisethedirectionof the o w only and(2) arrons
of varying lengththat is proportionalto the ow velocity.
KlassenandHarrington®® and Schroedeet al. 121 call this
techniquea hedghay visualisation(becauseof the bristly
result).

2D hedgehogplots can be extendedto time-dependent
data,althoughbiggertime stepsmight resultin jumping ar-
rows, diminishingthe quality of sucha visualisation.
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Hybrid directFlowVisin 2D

Kirby et al. proposesimultaneouwisualisationof multiple
values(of 2D o w data)by usingalayeringconceptelated
to the painting procesof artists>’. Arrow plots are mixed
with colour codingto provide visualisationresultsrich of
information.

2.2. DirectFlowVis on slicesor boundaries

When dealing with 3D ow data, visualisationnaturally
facesadditionalchallengesuchas3D rendering Acting as
amiddle groundbetweern2D FlowVis andthe visualisation
of truly 3D ow datais the restrictionto subdimensional
partsof the3D domaine.g.,sectionaklicesor boundarysur
facesTherebytechniqgueknown from 2D FlowVis usually
areapplicablewithoutmajorchangegatleastfrom a techni-
cal point of view). Whenworking with sectionalslices,the
treatmentof o w component®rthogonalto slicesrequires
somespecialcare.

Colour coding on slicesor boundaries

Colour coding is very effective for visualising boundary
0 ws or sectionalsubsetof 3D o w data.A good exam-
pleis NASA's Field Encapsulatioribrary 8, which allows
to easilyusebothtechniquedor various o w data.

Schulz et al. also use colour coding of scalarson 2D
slicesin 3D automotve simulation data 122 as shavn in
Figure 2 (left). They introducean interactve slicing probe
which mapsthevector eld datato hue.

The useof scalarclipping, i.e., the transparentendering
of slice regions wherethe correspondingdata value does
not lie within a speci ¢ datarange,allows to usemultiple
(coloured)sliceswith reducedoroblemsdueto occlusion.

2D arrows on slicesor boundary surfaces

Using 2D arrows on slicesfrom 3D o w datais alsoan ef-
fective visualisationtechnique!®. However, resultsof such
avisualisationshouldbe interpretedcarefully as o w com-
ponentsvhich areorthogonato thesliceareusuallynotde-
picted.
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Above mentioneddif culties with 2D arrovs and sec-
tional slicesthrough3D o w arebasicallynegligible, when
talking aboutboundarysurfaces sincein thesecasesrarely
cross-boundaryo ws aregiven. Thereforethe useof arrows
spreadout over boundarysurfacesusuallyis very effective,
asusedby Treinishfor weathewisualisation'45.

2.3. DirectFlowVisin 3D

After discussinglirect FlowVis on slicesandboundarysur
faces,direct FlowVis of real 3D o ws is discussedn this
subsectionin contrastto previously mentionedechniques,
hererenderingbecomeghe mostcritical issue.Occlusion
andcompleity make it dif cult (if possibleatall) to getan
immediateoverview of anentire o w datasetin 3D.

Volumerendering for 3D FlowVis

The naturalextensionof colour codingin 2D (or on slices,
etc.) is colour codingin 3D. This, howvever, posesspecial
requirement®ntorenderingdueto occlusionproblemsand
nontrivial complity — volumerenderingis neededVol-
umerenderingis well-known in the eld of medical3D vi-
sualisationj.e., volumevisualisation However, thosechal-
lenges,which closely correspondo o w visualisationare
briey addressechere: (1) ow data sets are often sig-
ni cantly smootherthan medical data— an absenceof
sharpandclear“object” boundarieglik e organboundaries)
makesmappingto opacitiesmoredif cult andlessintuitive.
(2) ow datais oftengiven on non-Cartesiamgrids, e.g.,on
curvilineargrids— thecompleity of volumerenderingyets
signi cantly more tricky on thosekinds of grids, starting
with nontrivial solutionsrequiredfor visibility sortingand
blending.(3) o w datais alsotime-dependerih mary cases,
imposingadditionalloadson therenderingprocess.

In the early nineties,Crav s etal. 15, aswell asEbertet
al. 18 appliedvolumerenderingtechniquego vector elds.
Little later, Frihaufappliedray castingto vector elds 22.
RecentlyWestermanmresentearelatively fast3D volume
renderingmethodusing a resamplingtechniquefor vector
eld datafrom unstructuredo Cartesiargrids 169, A result
from this techniquéds illustratedin Figure2 (middle).

RecentlyClyneandDennis!4 aswell asGlau?* presented
volumerenderingfor time-varying vector elds usingalgo-
rithmswhich malke specialuseof graphicshardware.Onoet
al. usedirectvolumerenderingto visualisethermal o wsin
the passengecompartmentf an automobile®. Their goal
is to attainthe ability to predictthe thermalcharacteristics
of the automotve cabinthroughsimulation.Swan et al. ap-
ply directvolumerenderingechniquesn o w visualisation
in a systemthat supportscomputationakteering!3’. Their
visualisatiorresultsareextendedo the CAVE ervironment.

Recently Ebertand Rheingansdemonstratedhe use of
nonphotorealistizolumerenderingtechniquedor 3D ow
datal’. They apply for example,silhouetteenhancementr
toneshadingo improve renderingof 3D o ws.

Arr ow plotsin 3D

The useof arrows for direct3D FlowVis posesat leasttwo
problems:(1) the positionandorientationof a vectoris of-
tendif cult tounderstanthecausef its projectionontoa2D
screen— using 3D representationsf arraws (like a cylin-
der plus a cone)decreasetheseproblemswith perception
and(2) glyphsoccludingoneanothetbecomea problem—
carefulseedings required(in contrasto thedefaultof dense
distributions).

In actualapplicationsarrov plots are usually basedon
selectie seedingfor example,all arravs startingfrom one
outof afew sectionaklicesthroughthe3D o w.

Boring andPangaddresghe problemof clutterin 3D di-
rectFlowVis by highlightingthosepartsof a 3D arraw plot,
whichpointin asimilardirectioncomparedo auserde ned
direction®. Their methodologyreduceshe amountof data
being displayedthus resultsin lessclutter Their methods
canbe combinedwith othertechniqueshat useglyph rep-
resentationsand ow geometriessuch as streamlinesfor
FlowVis. They apply the methodsto bothanalyticandsim-
ulationdatasetsto highlight o w reversals.

3. Texture-basedVisualisation

We malke a distinctionbetweergeometrico w visualisation
(seeSectiond) anddensetexture-basedo w visualisation,
however, thesetwo topicsarecloselycoupled:conceptually
the path from using geometricobjectsto texture-basedsi-
sualisationis obtainedvia a denseseedingstratgy. Thatis,
denselyseededyeometricobjectsresultin animagesimilar
to that obtainedby dense texture-basedechniquesLike-
wise, the pathfrom densetexture-basedisualisationto vi-
sualisatiorusinggeometricobjectsis obtainedusingsome-
thing suchasa sparseexturefor texture adwection.

Texture-basedechniquesn o w visualisationcan pro-
vide densespatial resolutionimages. Texture-basedalgo-
rithmsareeffective, versatile andapplicableto awide spec-
trum of applicationsSannaet al. presenta summaryof this
researchn asuney papertl’.

3.1. Texture-basedFlowVisin 2D

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

Spotnoisein 2D

Spotnoise,introducedoy VanWijk 162, wasamongsthe rst
texture-basedechniquedor vector eld visualisation.Spot
noisegenerates texture by distributing a set of intensity
functions,or spots,over the domain.Eachspot represents
a particle moving over a small stepin time and resultsin
a streakin the direction of the local o w from wherethe
particleis seeded.

¢ TheEurographic#ssociation2002.
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One limitation of the original spot noise algorithm was
the lack of velocity magnitudeinformationin the resulting
texture.Enhancedpotnoise’?, by De LeeuwandVanWijk
wasintroducedto addresghis problem.Spotnoisehasalso
beenappliedto the visualisationof turbulent o w 67 by De
Leeuwet al. A spotnoisealgorithmfor interactve visuali-
sationis proposedy De Leeuws®5, also.De LeeuwandVan
Liere alsocomparespotnoiseto LIC 8. Spotnoisein 2D
combinedwith colourcodingis shavn in Figure?2 (right).

Line integral corvolution in 2D

Line integral convolution (LIC), rst introducedby Cabral
andLeedom!? is avery populartechniquefor thedensecov-
erageof vector elds with o w visualisationcues.Theorig-
inal methodologybehindLIC takes asinput a vector eld
on a Cartesiangrid and a white noisetexture of the same
size.The noisetexture is locally Itered (smoothed)long
the path of streamlineso acquirea densevisualisationof
the ow eld. SeeFigure6 (middle)for anexample.

Theresearctin o w visualisatiorbasednLIC described
here extendsLIC in several ways: (1) adding directional
cues(2) shawing velocity magnitudes(3) addedsupportfor
non-Cartesiargrids, (4) allowing real-timeand interactive
exploration,(5) extendingLIC to 3D, and(6) extendingLIC
to unsteadyector eld visualisatiorwith time cohereng.

Shenetal. addresshe problemof directionalcuesin LIC
by combininganimationandintroducingdye adwectioninto
the computation'26, Kiu andBanksproposedo usea mul-
tifrequeny noisefor LIC 58, The spatialfrequeng of the
noiseis a function of the magnitudeof the local velocity in
the eld.

Khouaset al. synthesisa.IC-lik e imagesin 2D with fur-
like textures®6. Their techniqueis able to locally control
attributesof the outputtexture suchas orientation,length,
density andcolout

Much researcthasbeendedicatedo bringing LIC com-
putationto interactive rates.Stalling and Hege presentsig-
ni cant improvementsn LIC performancéoy exploiting co-
herencealongstreamlined33 29, Parallelimplementationsf

LIC arepresentedby CabralandLeedom?!, andZdckleret
al. 170,

OLIC for 2D FlowVis

Wegenkittl et al. alsoaddresghe problemof orientationof

o w with their OLIC (OrientedLine Integral Convolution)
approach®”. Conceptuallythe OLIC algorithmmalesuse
of asparsdextureconsistingof mary separatedpotswhich
aremoreor lesssmearedn the direction of the local vec-
tor eld throughintegration.A fastversionof OLIC (called
FROLIC) is presentedby Wegenkittl and Groller 156 via a
trade-of of accuray for time. BergerandGroller presenan
algorithmfor animating2D FROLIC imagesover theworld
wide web?”.
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Léffelmannetal. usevirtual ink droplets like streamlets,
to visualise2D dynamicalsystems’. Similar to oriented
line integral corvolution (OLIC), the virtual ink droplet
methodis capableof visualisingnot only directionandve-
locity of ow, but alsothe orientationof vectors.SeeFig-
ure 6 for a comparisorbetweenstreamletgright) andLIC
(middle).

2D Texture Advection

JobardandLeferuseamotionmapdatastructurefor animat-
ing 2D, steady-stateo w elds 47. Themotionmapcontains
botha denserepresentationf the o w andthe information
requiredto animatethe o w. It offersthe advantageof sav-

ing memoryandcomputatiortime sinceonly oneimageof

the ow hasto be computedandstoredin the motion map
datastructure.

Jobardet al. proposea techniqueto visualisedenserep-
resentation®f unsteadyvector elds basedon what they
call a Lagrangian-Euleriar\dvectionscheme*. The algo-
rithm combinesa dense time-dependentintegration-based
representationf thevector eld with interactve framerates.
Someresultsfrom thetechniqueareshowvn in Figure3.

Unsteady o w visualisationtechniquesmay addresghe
problemof interactive performancdime throughthe useof
texturemappingsupportedy thegraphicshardware.Becler
and Rumpf illustrate hardware-supportedexture transport
for 2D, unsteadyo w data®.

Jobardetal. 4344 presentidditional2D, unsteadyo w vi-
sualisationtechniquesThey achieve high performancevia
the useof graphicshardware. They also detail spatialand
temporalcoherenceaechniquesdye adwection techniques,
andfeatureextraction.

3.2. Texture-basedFlowVis on surfacesor boundaries

Texture-basedechniquesre,in general pettermethodgor
corveying ow information on sectionalslicesthan tech-
niguesusing (long) geometricobjects.This is becausehe
connectioralongthe pathof whatwould be a streamlings
lostwith densetexture-basedechniquesThusthedepiction
of the o w is not misleadingin termsof a potentialsugges-
tions of particle paths.Let us recall that the vectorcompo-
nentorthogonalo the slice is remored whenusingtexture-
basedandgeometricnethoddor visualisationresults.

Spot noiseon boundariesor slices

De Leeuwet al. extendthe spotnoisealgorithmto surfaces
in a studythat comparesxperimentalsurface o w visuali-
sation(with oil) to thatof spotnoiseon surfaces®.

A combinationof both texture-basedrlowVis (on slices)
and3D arrowsfor 3D FlowVis is emplo/edby TeleaandVan
Wijk 44 wherearronvs denotethemaincharacteristicsf the
3D ow (afterclustering)anda 2D slice with spotnoiseor
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Figure 3: Threeimagestaken froman animationof an unsteadyector eld createdwith the Lagrangian-Eulerianadvection

algorithm4.

LIC is usedto visualisetherestof thevector eld (onaslice
only).

LIC for boundary ows

A largebody of researchiteratureis dedicatedo the exten-
sionof LIC ontoboundarysurfaces suneyed, for example,
by Stalling134.

The extensionof LIC to non-Cartesiagridsandsurfaces
is presentedy researchersuchasForssell2°. Forsselland
Cohen?! extendLIC to curvilinearsurfaceswith animation
techniqguesadd magnitudeand direction information, and
shav how to useLIC to depicttime-dependenb ws. Their
algorithmalsoutilisestexture mappinghardwareto improve
performanceime towardsinteractie rates.

Teitzel et al. 142 presentan approachthat works on both
2D unstructuredyrids anddirectly on triangulatedsurfaces
in three-dimensionaspace.Mao et al. 8 presentan algo-
rithm for corvolving solid white noiseon trianglemeshesn
3D spaceandextendLIC for visualisinga vector eld on
arbitrary3D surfaces.

Battke et al. 4 describean extensionof LIC for arbitrary
surfacesin 3D. Someapproachesrelimited to curvilinear
surfacesj.e., surfaceswhich canbe parameterisetly using
2D-coordinatesTheir methodalsohandleshe caseof gen-
eral,multiply connectedurfaces.

Scheuermanet al. presenta methodfor visualising3D
vector elds that are de ned on a 3D manifold 118, Their
work addressethe normalvectorcomponento the surface
thatothermethodsdo not.

A problemwith mary curvilineargrid LIC algorithmsis
thatthe resultingLIC texturesmay be distortedafter being
mappedntothe geometricsurfacessincea curvilineargrid
usuallyconsistof cellsof differentsizesMaoetal. propose
a solutionto the problemby usingmultigranularitynoiseas
theinputimagefor LIC 81,

UFLIC, PLIC, etcetera

ShenandKao presentUFLIC (UnsteadyFlow LIC), which
incorporategime into the corvolution 127125 SeeFigure 4
(left). Their algorithm addresseproblemswith temporal
cohereng by successiely updatingthe convolution results
overtime. They alsoproposea parallelUFLIC algorithm.

Vermaet al. presenta methodfor comparatie analysis
of streamlinesandLIC called PLIC 14°. A visual compari-
sonbetweerELIC (enhanced.IC) 8, PLIC, andUFLIC is
shavn in Figure4.

3.3. Texture-basedFlowVisin 3D

High computational costs, demandingmemory require-
ments,occlusion,and visual compleity canall be inhibi-
tantsfor texture-basedo w visualisationin 3D.

Figure5: 3D LIC 38,

LIC in 3D

Occlusionand interactize performanceare nontrivial chal-
lengeswhenimplementingLIC in 3D (shawn in Figure5).
Rezk-Salamat al. tacklethe problemof interactve perfor
manceusinga 3D-texturemappingapproactcombinedwith

¢ TheEurographic#ssociation2002.
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Figure 4: A comparisorof 3 LIC techniques:(left) UFLIC, (middle)ELIC, and (right) PLIC 149,

Figure 6: Exampleof comparingFlowMs techniqguesromSection, 3, and4 72. FlowMs by theuseof arrows(left) is compaed
to texture-based-lowMs by the useof LIC (middle)and FlowMs basedon geometricobjects(right).

aninteractie clipping planeto addresshe problemsof oc-
clusionandinteraction!o3,

A combinedapproactof directvolumerenderingandLIC
is taken by Interrante*® for extendingLIC to 3D. Interrante
andGroschaddressomeperceptuatlif culties encountered
with dense 3D visualisations’8 32 40, Techniquedor selec-
tively emphasisingmportantregionsof interestin the o w,
enhancinglepthperceptionandimproving orientationper
ceptionof overlappingstreamlinesrediscussed.

Texture advectionin 3D

Kao et al. discussthe useof 3D and 4D texture adwection
for the visualisationof 3D uid o ws 51, Formidablechal-
lengesareintroducedby the memoryrequirementénvolved
in using3D and4D textures.They alsoapply a steady-state
animationto these3D and4D textures.
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4. Geometric Flow Visualisation

GeometricFlowVis entailsextractinggeometricobjectsfor
whichtheirshapes directlyrelatedto theunderlyingdata.ln
whatfollows, we discusggeometric o w visualisationtech-
niguessuchascontouringin both2D and3D aswell asgeo-
metric FlowVis usingintegral objects(suchasstreamlines).

Contouring in 2D

Contouringis a haturalextensionto colour codingin 2D. A
contouris a boundarybetweentwo distinctregions. Often,
the useris highly interestedn transitionareasn the vector
eld. In acolourplot, transitionsareshavn by a changeof
colour With contouring,anexplicit line or curve is drawvn.

Isosurfacesfor 3D FlowVis

Extendingcontouringfrom 2D to 3D, resultsin the useof
isosurficesfor 3D o w visualisation.Specialcareneedsto
betakenwith isovalueselectionmostly becaus®f the usu-
ally smoothnatureof ow data— in casef no sharptran-
sitionswithin the data,ary isovaluelacks(at leastpartially)
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intuitive interpretation Neverthelesghereare useful appli-
cationsof isosurficesto o w data,e.g.,in thevisualisation
of shockwaves 139 or burning frontsin simulatedcomtus-
tion data.Furthermorewhenscalarclippingis usedtogether
with colour coding of slices,this naturally combineswith
isosurbcesaslong asisovalueandclipping valuecoincide.

Rottgeret al. presenta hardwareacceleratedolumeren-
dering techniquewhich allows to usemultiple (semitrans-
parent)isosurbcedor visualisation'®. Treinishappliesiso-
surfacingto visualise(unsteadyweatherdata®4>. Weberet
al. 155 presentcrack-freeisosurfice extraction for adaptve
(multiresolution)grids. Larameeand Bergeronprovide iso-
surfacesfor superadaptve resolutiongrids 63.

4.1. Geometric 2D FlowVis usingintegral objects

In this subsectionwe shortly discussgeometricFlowVis
techniquesn 2D basedon integral objectssuchasstream-
lets, streamlinesand their relatves within unsteadyo ws.
Also, theseedingproblemis addressedyhich requiresaso-
lution in orderto realisebetterdistributions of integral ob-
jects.

Streamletsin 2D

If ow vectorsareintegratedfor averyshorttime, streamlets
are generatedEven thoughshort, streamletsalreadycom-

municatetemporalevolution alongthe o w. Figure6 shavs

anexample,whereseveral streamletareusedto visualisea

2D ow eld.

Streamlinesin 2D

If longerintegrationis performed(as comparedo stream-
lets), streamlinesaregained.They area naturalextensionof
glyph-basedechniquesand offer intuitive semanticsusers
easilyunderstandhat o ws evolve alongintegral objects.

Streaklines,timelines, and pathlines

When unsteady o w dataare investigated several distinct
integral objectsareusedfor o w visualisationA pathlineor
particletraceis thetrajectorythataparticlefollowsin a uid
o w 121 A timelinejoinsthepositionsof particlesreleasedt
the sameinstantin time from differentinsertionpoints,i.e.,
joinspointsataconstantimet . A streaklineis tracedby a
setof particlesthathave previously passedhrougha unique
pointin the domain!?, Streaklinegelateto continuousn-
jectionof foreignmaterialinto real o w. Sannaetal. present
anadaptve visualisatiormethodusingstreaklinesvherethe
seedingpf streakliness afunction of local vorticity 116,

Streamlineseedingin 2D

One important aspectof streamlines,or integral curves,
whenusedfor visualisingcontinuousrector elds isthebest

choiceof initial conditions.Since,in general,evenly dis-
tributed seedpoints do not resultin evenly spacedstream-
lines, specialalgorithmsneedto be emplo/ed. Turk and
Banks 146 aswell as Jobardand Lefer 46 developedtech-
niguesfor automaticallyplacingseedoointsto achieve auni-
form distribution of streamline®n a 2D vector eld.

Streamlineseedingstratgiesin 2D mayalsobetopolayy-
basedVermaetal. 150 present seedplacementtratey for
streamlinebasedn o w featuredn thedataset.Theirgoal
is to capture o w patternsnear critical pointsin the ow
eld.

Building on their previous work, Jobardand Lefer pre-
sentech multiresolution(MR) methodfor visualisinglarge,
2D, steady-statgector elds 4°. TheMR hierarchysupports
enrichmentand zooming. The useris able to interactiely
setthe densityof streamlinesvhile zoomingin andout of
thevector eld (Figure7). Thedensityof streamlineg€anbe
computedautomaticallyasafunctionof velocity or vorticity.

Seedingof integral objectsbecomesa specialchallenge
when dealingwith time-dependentlata. Jobardand Lefer
presentedn unsteadyFlowVis algorithmby correlatingin-
stantaneousisualisationsof the vector eld at the stream-
line level “8. For eachframe,afeedforwardalgorithmcom-
putesa setof evenly-spacedtreamlinessa function of the
streamlinegieneratedor the previous frame.Their method
alsoprovidesfull controlof theimagedensitysothatsmooth
animationof arbitrarydensitycanbe produced.

4.2. FlowVis using geometricobjectson slicesor
boundaries

After discussing2D FlowVis basedon geometricobjects,
this subsectiorshortlyaddressesimilar approachesn sub-
setsof 3D 0 wssuchasboundaryo ws. Interpretatiorof in-
tegral curveson sectionaklicesrequiresspecialcare,again.

Integrated tufts

Wegenkittl et al. useintegratedtufts (similar to streamlets),
seedean speci c equilibriumsurfacesfor thevisualisation
of a complex dynamicalsystem?'58, alsoover variationsof
thatsystemin afourth dimension.

Geometric objectson slicesor boundaries

Similar to 2D FlowVis, geometricobjectssuchas stream-
lines are also usedfor visualisingboundary o ws or sec-
tional slicesthrough3D o w 19. However, it is importantto

notethatthe useof theseobjectson slicesmay be mislead-
ing, evenwithin steadyo w datasets A streamlineonaslice
maydepictaclosedoop, eventhoughno particlewould ever

traversetheloop. Thereasoragainliesin thefact,that ow

componentsvhich are orthogonalto the slice are omitted
during o w integration.
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Figure 7: Threeimagesfroman interactiveexploration of a vector eld usingthe MR viewer 4°. A suitablelevel of resolution
canbe chosernwhile maintaininga roughlyconstanttreamlinedensity

Streamlineseedingon boundary surfaces

Mao et al. 80 extend the streamlineseedingof Turk and
Banks!46 in orderto generatevenly distributedstreamlines
on boundarysurfaceswithin curvilineargrids.

4.3. 3D FlowVis using geometricobjects

When dealingwith 3D ow, a rich variety of geometric
objectsis available for o w visualisation.This subsection
addresses seriesof objects,from streamletdo o w vol-

umes primarily sortedaccordingo theirdimensionalityand

within equaldimensionalityroughly with respecto which

technigueaxtendsto another

Streamletsin 3D

Streamletseasily extend to 3D, althoughperceptualprob-
lems may arisedue to distortionsresulting from the ren-
deringprojection.Also, seedingpecomesnoreimportantin
3D, again.LéffelmannandGroller useathreadof streamlets
alongcharacteristicstructuresof 3D o w to gain selectve,
but importance-baseseedingaswell asanenhancemertf
abstracto w topologythroughdirectvisualisationcues’s.

Streamlinesin 3D

At NASA the Flow Analysis Software Toolkit (FAST) ! is
usedto visualiseCFD databasedn streamline$n 3D. Care-
ful seedings necessaryo obtainusefulresults,sincevisual
cluttercaneasilybecomea problem.

llluminated streamlines

Zockler et al. presentilluminated streamlinesto improve
perceptionof streamlinesn 3D by taking advantageof the
texture mapping capabilitiessupportedby graphicshard-
ware 169, Their shadingtechniqueincreaseslepthinforma-
tion. By makingthe streamlinegartially transparentthey
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alsoaddresghe problemof occlusion,asshavn in Figure8

(left). For seedingthe authorsproposean interactive seed-
ing probewhich canbe movedaroundto startstreamlinest

speci ¢ placesof interest.Also, seedingnearpotentialob-

jectsof interestds demonstrated.

Particle tracing in 3D

KenwrightandLanepresentnef cient, 3D particletracing
algorithmthatis alsoaccuratdor interactive investigatiorof
large, unsteadyaeronauticasimulations®. A performance
gain is obtainedby applying tetrahedraldecompositiorto
speedup point locationandvelocity interpolationin curvi-
lineargrids.

Teitzeletal. analyseifferentintegrationmethodsn order
to evaluatethe trade-of betweentime andaccurag 14% 143,
They presenta 3D particle tracing algorithm targeted at
sparsegrids that is very efcient with respectto storage
spaceand computingtime. The authorsrecommendusing
sparsarids asa datacompressiormethodin orderto visu-
alisehugedatasets.

Nielsonpresent®f cient andaccuratenethodsfor com-
puting tangentcurves for 3D o ws &7. The methodswork
directly with physicalcoordinatesgliminating the needto
switchbackandforth to computationatoordinateskEf cient
particletracingmethodologiesrealsoaddressedy Sadar
joenetal. 111,

Since streamlinesare usually easily computedin real
time, they offer (togetherwith their intuitive semanticsipn
often chosentool for interactve o w analysis.Brysonand
Levit 10 demonstrateseedingof integral objectsin a virtual
3D environmentby useof a so-calledrake.

Streamrib bonsand streamtubes

A rst extensionof streamlinesn 3D are streamribbons
andstreamtubesA streamribbonis basicallya streamline
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with a winglike strip added to alsovisualiserotationalbe-
haviour of the 3D ow (which is not possiblewith stream-
linesalone)!#8. A streamtubés a thick streamlinethat can
be extendedto shav the expansionof the o w 148, Stream
ribbonsand streamtubesffer adwantagesover streamlines
in that way, thatthey canencodemore properties,suchas
divegenceand corvergenceof the vector eld, in the geo-
metric propertieof therespectie integral objects.

Ueng et al. presenttechniquesfor efcient streamline,
streanribbon,andstreamtub&onstruction®n unstructured
grids 148, A specialisedRunge-Kittamethodis emplo/edto
speedup streamlinecomputation Explicit solutionsarecal-
culatedfor the angularrotationratesof streamribbonsand
the radii of streamtubesThe resulting speedupn overall
performancaidsin the explorationof large ow elds.

Fuhrmannand Groller 22 use so-calleddashtubes i.e.,
animated,opacity-mappedstreamtubesas a visualisation
icon. An algorithmis describedvhich placesthe dashtubes
evenlyin 3D spaceThey alsoapplyamagiclensandmagic
box asinteractiontechniquedor investigatingdensely lled
areaswithout lling theimagewith visual detailand com-
plexity.

Larameeintroducesthe stream runner as an extension
of streamtubes— an interactively controlled3D ow vi-
sualisationtechniquethat attemptsto minimise occlusion,
minimisevisual compleity, maximisedirectionalcues,and
maximisedepthcuesby letting the usercontrolthelengthof
the streamtube&?.

Streampolygons

Anotherextensionof streamlinesare streampolygonsused
by Schroedeeet al. 120, Streampolygonsaretools to visu-
alisevectorsandtensorausingtubeswith a polygonalcross
section.The propertiesof the polygonssuchasthe radius,
thenumberof sides the shapeandthe rotationre ect prop-
ertiesof thevector eld including strain,displacementand
rotation.

Streamballsand streakballs

Streamballsareauseful o w visualisatiortechniquausedoy

Brill etal. 9, which visualisesdivergenceand acceleation

in uid ow. Streamballsplit or meige dependingon con-

vergence/diergenceand acceleration/decelerationespec-
tively.

Teitzel and Ertl introducestreakballswhenthey present
andcomparewo differentapproache$o acceleratgarticle
tracingon sparsegrids and curvilinear sparsegrids for un-
steady o w datal40.

Streamsurfaces

Yet anotherextensionto streamlinesare stream surfaces
which are surfacesthat are everywheretangentto a vector

eld. A streamsurfacecanbe approximatedy connecting
asetof streamlineslongtimelines(andvaryingthenumber
of streamlinesusedaccordingto convergenceor divergence
of the ow) 36, Streamsurfacesare very good for texture-
basedvisualisationtechniquesuchasSpotNoiseandLIC,
becaus¢hereis no cross- ow componenhormalto the sur
faces,i.e. the vector eld is not projectedlike it is for 2D
slicesthrougha 3D domain.Streamsurfacespresentchal-
lengesrelatedto occlusion,visual compleity, andinterpre-
tation.

Hultquist presentsan interactve o w visualisationtech-
nique using stream surfaces 2. Van Wijk presentstwo
follow-up techniquesfor generatingimplicit stream sur
faces!®4. CaiandHeng!? addressheissuesassociatedvith
theplacemenaindorientationof streamsurfacesin 3D.

Loffelmannet al. presentstream arrows (seeFigure 8,
middle)asanenhancemertdf streamsurfacesby separating
arrov-shapedportionsfrom a streamsurface 76 75, Stream
arravs addressthe problem of occlusion associatedvith
3D ow visualisation,but especiallywith streamsurfaces.
Streamarrows alsoprovide additionalinformationaboutthe
o w, usuallynot seenwith streamsurfacessuchas o w di-
rection,corvergence/drergence et cetera.

VanWijk simulatesstreamsurfacesby a large setof so-
calledsurfaceparticles!®3. Surfaceparticlesexhibit lessoc-
clusion when comparedto streamsurfaces.Interestingly
Van Wijk' s approachin a way anticipatedrecentadvances
in pixel-basedenderingechniques.

Time surfacesin 3D

A natural extensionof timelines (in 2D or 3D) are time
surfaces when constant-timeinstantsof moving particles
are assumedyhich previously have beenreleasedrom a
two-dimensionalpatch. An example of an application of

this principle, arelevel-setsurfacesusedby Westermanret
al. 161,

Flow volumes

Thelast(direct) extensionof a streamlinanto 3D described
hereare ow volumes(seeFigure8, right). A o w volume
is aspeci c subsebf a3D ow domain,whichis tracedout
by a particularinitial 2D patchover time as describedby
Max et al. 8. Theresultingvolumeis divided up into a set
of semitransparenetrahedrawhich arevolumerenderedn
hardwarein a way derived from the methodof Shirley and
Tuchmanni?8,

Becler et al. extend ow volumesto unsteadyow 5.
The resultingunsteady o w volumesare the 3D analogue
of streaklinesConsiderationaremadewhenextendingthe
visualisatiortechniqudo unsteadyo wssinceparticlepaths
may becomecorvolutedin time. The authorspresentsome
solutionsto the problemswhich occurin subdvision, ren-
dering,andsystemdesign.The resultingalgorithmsareap-
pliedto avarietyof ow typesincludingcurvilineargrids.
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Figure 8: Example®f ow visualisationusinggeometricobjects—illuminatedstreamlinegleft) 169, streamarrows(middle)’®,

and ow volumegright) 83.

5. Feature Extraction

Feature-based w visualisationis an approachfor visual-
ising the o w dataat a high level of abstractionThe ow

datais describedby featureswhich representhe interest-
ing objectsor structuresin the data. The original dataset
is thenno longerneeded Becauseoften, only a small per

centageof the datais of interestandthefeaturescanbede-
scribedvery compactly an enormousdatareductioncanbe
achieved. This makesit possibleto visualiseevenverylarge
datasetsinteractively.

The rst stepin feature-basedisualisationis feature ex-
traction Thegoalof featureextractionis determiningguan-
tifying anddescribinghefeaturesn a dataset.

A featurecanbelooselyde ned asary object,structureor
region thatis of relevanceto a particularresearctproblem.
In eachapplication,in eachdatasetandfor eachresearcher
adifferentfeaturede nition couldbe used.Commonexam-
plesin uid dynamicsarevortices,shockwaves,separation
andattachmentines, recirculationzonesandboundarylay-
ers.In thenext sectionanumberof feature-speci aetection
techniqueswill be discussedAlthough mostfeaturedetec-
tiontechniquesrespeci c for aparticulartypeof featurejn

generathetechniquesanbedividedinto threeapproaches:

basedon imageprocessingpn topologicalanalysisandon
physicalcharacteristics.

5.1. Image Processing

Imageprocessingechniquesvere originally developedfor
analysisof 2D and 3D imagedata,usually representecs
scalar(greyscale)valueson a regular rectangulagrid. The
problemof analysinga humericaldataset,representedn a
grid, is similarto analysinganimagedataset.Therefore pa-
sic imageprocessindechniquesanbe usedfor featureex-
tractionfrom scienti ¢ data.A featuremaybedistinguished
by a typical range of datavalues,just as different tissue
typesareseggmentedrom medicalimages Edgesor bound-
ariesof objectsare found by detectingsuddenchangesn
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thedatavalues,marked by high gradientmagnitudesThus,

basicimageseggmentatiortechniquessuchasthresholding,
region growing, and edgedetectioncanbe usedfor feature
detection Also, objectsmay be quantitatvely describedis-

ing techniquessuchas skeletonisationor principal compo-
nentanalysis.However, a problemis, thatin computational
uid dynamicssimulations,often grid typesare usedsuch
as structuredcurvilinear grids, or unstructurecdetrahedral
grids. Many techniquesfrom image processingcannotbe

easilyadaptedor usewith suchgrids.

5.2. Vector Field Topology

A secondapproachto featureextractionis the topological
analysisof 2D linear vector elds, asintroducedby Hel-

man and Hesselink3® 32, which is basedon detectionand
classi cation of critical points. Theseare the pointswhere
thevectormagnitudds zero.By computingthe eigervalues
andeigervectorsof the velocity gradienttensor the critical

pointscanbeclassi edandtangenturvescanbecomputed.
(SeeFigure9.) Usingthis information,a schematiovisuali-

sationof thevector eld canbe generated(SeeFigure 15.)

HelmanandHesselinkhave alsoextendedheir algorithmto

2D time-dependerandto 3D o ws.

Scheuermantet al. presentedan algorithm for visualis-
ing nonlinearvector eld topology!!®, becaus@therknown
algorithmsareall basedn (piecavise or bi-) linearinterpo-
lation, which destrgs thetopologyin caseof nonlinearbe-
haviour. Their algorithm makes useof Clifford algebrafor
computingpolynomialapproximationsn areaswith nonlin-
earlocal behaiour, especiallyhigherordersingularities.

De LeeuwandVan Liere presentech techniquefor visu-
alising o w structuresusingmultilevel o w topology®°. In
high-resolutiondatasetsof turbulent o ws, the hugenum-
ber of critical pointscaneasilycluttera o w topologyim-
age.Thealgorithmpresentedttemptso solwe this problem
by removing small-scalestructuredrom the topology This
is achieved by applyinga pair distancelter whichremoves
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Repelling Focus Saddle Point Repelling Node
R1,R2>0 R1*R2<0 R1,R2>0
11,12<>0 11,12=0 11,12=0

Attracting Focus Center Attracting Node
R1,R2<0 R1,R2=0 R1,R2<0
11,12<>0 11,12<>0 11,12=0

Figure 9: Vector eld topolagy: critical pointsclassi ed by
the eigervaluesof the Jacobian30.

pairsof critical points,thatareneareachother Thisremoves
smalltopologicalstructuresuchasvortices but doesnotaf-
fecttheglobaltopologicalstructure Thethresholddistance,
which determinesvhich critical pointsareremoved, canbe
adaptedmakingit possibleto visualisethe structureat dif-
ferentlevels of detailatdifferentzoomlevels.

5.3. Selectie Visualisation

A genericapproacho featureextractionis Selectve Visual-
isation,which is describedby Van Walsum?52, The feature
extractionprocesss dividedinto four steps(seeFigure 10).
The rst stepis the sgmentatiorstep.In principle,ary seg-

Sclected Regions of Attribute
Raw Data Nodes Interest Sets feons
Data " N Attribute lconic
Generation Selection Clustering Calcuiation Manoin Display

Selection Connectivity Calculation Mapping
Expression Criteria Method Function

Scientist's knowledge and
conceptual model

Figure 10: Thefeatue extractionpipeline102,

mentatiortechniquecanbeusedthatresultsin abinaryseg-

mentationof the original dataset.A very simpleseggmenta-
tion is obtainedby thresholdingof the original or derived

datavalues;also,multiple thresholdsanbe combined.The
datasetresultingfrom the segmentatiorstepis a binarydata
setwith the samedimensionsasthe original dataset. The
binary valuesin this datasetdenotewhetheror not the cor

respondingpointsin the original datasetare selectedThe
next stepin the featureextraction processs the clustering
step,in whichall pointsthathave beenselectedareclustered
into coherentregions. In the next step,the attribute calcu-
lation step,theseregionsare quanti ed. Attributes,suchas

position, volume and orientation,of the regions are calcu-
lated.We now speakof objects,or featureswith a number
of attributes,insteadof clustersof points.Oncewe have de-
terminedthesequanti ed objects,we don't needthe origi-

nal dataarymore.With this, we may accomplisha datare-

ductionfactorof 10000r more.In the fourth and nal step,
iconic mapping the calculatedattributesare mappedonto
theparametersf certainparametrigcons,whichareeasyto

visualise suchasellipsoids.

6. Feature-basedo w visualisation

In thissectionanumberof featureextractiontechniquesvill
bediscussedhathave beenspeci cally designedor certain
typesof featuresThesdaechniquesreoftenbasedn physi-
calor mathematica(topological)propertieof the o w. Fea-
turesthatoftenoccurin o ws arevortices,shockwavesand
separatiorandattachmentines.

6.1. Vortex extraction

Featureof greatimportancein o w datasets,bothin the-
oretical and in practical research,are vortices (See Fig-
ure1l) In somecasesyortices(turbulence)have to beim-
pelled,for exampleto stimulatemixing of uids, or to re-
ducedrag.In othercasesyorticeshave to be prevented,for
examplearoundaircraft, wherethey canreducelift. There

Figure 11: Reconstructiorof a hairpin vortex tube with
groovesindicatingvelocity?.

aremary differentde nitions of vorticesandlik ewise mary
differentvortex detectionalgorithms.A distinction canbe
maden algorithmsfor nding vortex regionsandalgorithms
thatonly nd thevortex cores.

Other overviews of algorithmsare given by Roth and
Peilkert 107 andby BanksandSinger?.

Thereareanumberof algorithmsfor nding regionswith
vortices

Oneideais to nd regionswith a high vorticity magni-
tude. Vorticity is the curl of the velocity, thatis, r v,
andrepresentshelocal o w rotation,bothin speedand
direction. However, althougha vortex may have a high

¢ TheEurographic#ssociation2002.
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vorticity magnitudethereverseis notalwaystrue 168, Vil-
lasenorandVincentpresenenalgorithmfor constructing
vortex tubesusingthisidealsl. They computetheaverage
length of all vorticity vectorscontainedin small-radius
cylinders, and usethe cylinder with the maximumaver-
agefor constructinghevortex tubes.

Anotherideais to make useof helicity insteadof vortic-
ity 71167, The helicity of a o w is the projectionof the
vorticity onto the velocity, thatis (r ~ v) v. This way,
thecomponenbf thevorticity perpendiculato theveloc-
ity is eliminated.

Anothersimpleideais to searchfor regionsof low pres-
surel04,

JeongandHussainde ne avortex asaregion wheretwo
eigevaluesof thesymmetricmatrix & + W? arenegative,
whereSandWarethesymmetricandantisymmetrigarts
of the Jacobianof the vector eld, respectiely 41: S=
v+ VT, andw= 3(v VT). This methodis known
asthel , method.

Theabore methodanayall work in certainsimple o w data
sets,but they do not hold, for example,in turbomachinery
o ws 197, suchasshawn in Figure12.

Figure 12: isualisationof a turbomadiinery ow 107,

There are also somealgorithmsspeci cally for nding
vortex core lines

Glohus and Levit presenteda methodfor nding core
lineshy integratingstreamlinegrom the critical pointsin
thevelocity eld 25.

It is also possibleto use streamlinesof the vorticity
eld 84, but suchanalgorithmis very sensitve to the start-
ing location.

Banks and Singer also use streamlinesof the vorticity

¢ TheEurographic#ssociation2002.

eld, with a correctionto the pressureminimum in the
planeperpendiculato thevortex core1333,
Combiningtheabore ideas RothandPeikert suggesthat
avortex coreline canbefoundwherevorticity is parallel
to velocity 197. This sometimegesultsin coherentstruc-
tures,but in mostdatasetsit doesnot give the expected
features.

In thesamearticle,RothandPeilertsuggesthat,in linear
elds, thevortex coreline is locatedwherethe Jacobian
hasone real-\alued eigervector and this eigemvector is
parallelto the o w 197. However, in their own application
of turbomachineryo ws, the assumptiorof a linear ow
is too simple. The samealgorithmis presentedby Sujudi
andHaimes!36,

RecentlyJiangetal. presenteé new algorithmfor vortex
coreregion detection*2, which is basedon ideasderived
from combinatorialtopology The algorithm determines
for eachcell if it belonggo thevortex core,by examining
its neighbouringvectors.

A few of thesealgorithmswill bereviewedin detail, next.

Banksand Singerdevelopeda predictorcorrectoralgo-
rithm for nding vortex cores®. After initialisation, vortex
coresaretracked by predictingin the direction of the vor-
ticity vectorand correctingto the pressureminimumin the
planeperpendiculato thatvorticity vector Next, they create
vortex tubes by computingcrosssectionof thevortices,in
a planeperpendiculato the vortex core.They usea thresh-
old of the pressureasa selectioncriterion, in combination
with therestrictionthatthe anglebetweerthe vorticity vec-
tor at ary point on the crosssectionandthe vorticity vector
atthevortex coreis no morethanninetydegrees.

Sujudi and Haimesdeveloped an algorithm for nding
the centreof swirling ow in 3D vector elds andimple-
mentedthis algorithm in pV3 136, Although pV3 canuse
mary typesof grids, the algorithm hasbeenimplemented
for tetrahedratells. Whenusingdatasetswith othertypes
of cells, these rst have to be decomposedhto tetrahedral
cells.Thisis donefor ef ciency, becausdinearinterpolation
for the velocity canbe usedin the caseof tetrahedratells.
Thealgorithmis basedon critical-pointtheoryandusesthe
eigevaluesandeigervectorsof the velocity gradienttensor
or rate-of-deformationtensor The algorithmworks on each
point in the datasetseparatelymakingit very suitablefor
parallelprocessingThealgorithmsearchesor pointswhere
the velocity gradienttensorhasonereal andtwo comple-
conjugateeigevaluesandthe velocity is in the directionof
the eigervector correspondingo the real eigevalue. The
algorithmresultsin large coherenttructuresvhena strong
swirling o w is presentandthegrid cellsarenottoo large.
Thealgorithmis sensitve to thestrengthof theswirling o w,
resultingin incoherenstructuresr evenno structuresat all
in weakswirling ows. Also, if the grid cells arelarge, or
irregularly sized, the algorithm hasdif culties nding co-
herentstructurer ary structuresatall.
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Kenwright and Haimes also studied the eigervector
methodand concludedthatit hasprovento be effective in
mary applications®3. The dravbacksof the algorithm are
thatit doesnot producecontiguoudines.Line sgmentsare
drawn for eachtetrahedraklement,but they arenot neces-
sarily continuousacrosselementboundariesFurthermore,
whenthe elementsare not tetrahedrathey have to be de-
composednto tetrahedrarst, introducinga piecavise lin-
ear approximationfor a nonlinearfunction. Another prob-
lemis that o w featuresarefound thatarenot vortices.In-
steadswirling o w is detectedof which vorticesarean ex-
ample.However, swirling o w alsooccursin the formation
of boundarylayers.Finally, the eigervector methodis sen-
sitive to othernonlocalvectorfeaturesFor example,if two
axesof swirl exist, thealgorithmwill indicatearotationthat
is acombinatiorof thetwo swirl directions.Theeigervector
methodhassuccessfullpeenintegratednto a nite element
solverfor guidingmeshre nementaroundthevortex corels.

Roth and Peilert have developeda methodfor nding
corelinesusinghigherorderderivatives,makingit possible
to nd stronglycurvedor bentvortices!. They obserethat
theeigervectormethodis equivalentto nding pointswhere
theacceleratiormis parallelto thevelocityv, or equialently,
to nding pointsof zerocunature.Theacceleratiora is de-
ned as:

Dv

a= ﬁ’

(6)
wherethe notation%{ is usedfor thederivativefollowing a
particle, whichis de ned, in asteadyow, asr f v. There-
fore:

a= rvv=Jy, )

E =
with J the Jacobiarof v, thatis thematrix of its rst deriva-
tives.

RothandPeikertimprove thealgorithmby de ning vortex
coresaspointswhere
Da _ D%
b= O - D2 (8)
is parallelto v, thatis, pointsof zerotorsion. The method
involves computinga higherorder derivative, introducing
problemswith accurag, but it performsvery well. In com-
parisonwith the eigervector method,this algorithm nds
strongly curved vortices much more accurately Roth and
Peilert alsointroducetwo attributesfor the corelines: the
strengthof rotation and the quality of the solution. This
malkesit possiblefor the userto imposea thresholdon the
vortices, to eliminate weak or short vortices. Peikert and
Rothhave alsointroduceda new operatorthe “parallel vec-
tors” operator3, with which they areableto mathematically
describea numberof previously developedmethodsunder
onecommondenominatarUsing this operatorthey cande-
scribe methodsbasedon zero cunature, ridge and valley
lines, extremumlinesandmore.

Jiangetal. recentlypresented new approactor detect-
ing vortex coreregions*2. Thealgorithmis basecnanidea
which hasbeenderived from Sperners lemmain combina-
torial topology which stateghatit is possibleto deducethe
propertieof a triangulation basedn theinformationgiven
attheboundaryvertices Thealgorithmuseshisfactto clas-
sify pointsasbelongingto a vortex core,basednthevector
orientationat the neighbouringpoints.In 2D, the algorithm
is very simpleandstraightforvard,andhasonly linearcom-
plexity. In 3D, thealgorithmis somevhatmoredif cult, be-
causeit rst involves computingthe vortex coredirection,
andnext, the 2D algorithmis appliedto thevelocity vectors
projectedontothe planeperpendiculato thevortex coredi-
rection.Still, alsothe 3D algorithmhasonly linearcomplec-
ity.

The above describednethodsall usea local criterion for
determiningon a point-to-pointbasiswherethe vorticesare
located.The next algorithmsuseglobal, geometriccriteria
for determiningthe locationof thevortices.Thisis a conse-
guenceof usinganothevortex de nition.

Sadarjoenand Post presenttwo geometricmethodsfor
extracting vorticesin 2D elds 112, The rst is the cuna-
ture centremethod.For eachsamplepoint, the algorithm
computesgthe curvaturecentre.In the caseof vortices,this
would resultin a high density of centre points nearthe
centreof the vortex. The methodworks but hasthe same
limitations as traditional point-basedmethods,with some
falseand somemissingcentres.The secondmethodis the
winding-anglemethod which hasbeeninspiredby thework
of Portela®. The methoddetectsvorticesby selectingand
clusteringlooping streamlinesThe winding angleaw of a
streamlineis de ned asthe sumof the anglesbetweenthe
differentstreamlinesggments.Streamlinesare selectedhat
have madeatleastonecompleterotation,thatis,aw  2p. A
secondriterioncheckghatthedistanceébetweerthestarting
andendingpointsis relatively small. The selectedstream-
linesareusedfor vortex attributecalculation.The geometric
meanis computedof all pointsof all streamlineselonging
to the samevortex. An ellipse tting is computedfor each
vortex, resultingin an approximatesize andorientationfor
eachvortex. Furthermoretheangulavelocity androtational
directioncanbe computed All theseattributescanbe used
for visualisingthe vortices.(SeeFigure13.)

6.2. Shockwave extraction

Shockwaves are alsoimportantfeaturesin o w datasets,
andcan occut for example,in o ws aroundaircraft. (See
Figure 14.) Shock waves could increasedrag and cause
structuralfailure, and therefore,are importantphenomena
to study Shockwaves are characterisedby discontinuities
in physical o w quantitiessuchaspressuredensityandve-
locity. Therefore shockdetectionis comparableo edgede-
tection, and similar principles could be usedasin image
processingHowever, in numericalsimulations the discon-
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Figure 13: Flow in the Atlantic Ocean,with streamlines
and ellipsesindicating vortices.Blue and red ellipsesindi-

cate vorticesrotating clockwise and counteclodkwise re-

spectivelyt1s,

Figure 14: Sho& wavesarounda modelof a X-15in awind
tunnelwith an air ow at Mach 3.5. Image from the NASA
website

tinuities are often smearecdbver several grid points,dueto

the limited resolutionof the grid. Ma et al. have investi-

gateda numberof techniquedor detectingandfor visual-

ising shockwaves 7°. Detectingshocksin two dimensions
hasbeenextensiely investigatedt4 86105, However, these
techniquesare in generalnot applicableto shocksin three
dimensionsThey alsodescribea numberof approachefor

visualisingshockwaves. The approactof HaimesandDar

mofal 28 is to createisosurbcesof the Machnumbemormal
to the shock,usinga combineddensitygradient/Machum-
bercomputationVanRosendal@resentstwo-dimensional
shock- tting algorithmfor unstructuredyrids 1°. The idea
relieson the comparisorof densitygradientshetweengrid

nodes.
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Ma et al. comparea numberof algorithmsfor shockex-
tractionandalsopresentheir own technique’:

The rst ideais to createanisosurficeof the pointswhere
theMachnumbelis one.However, thisresultsin thesonic
surface,which, in generaldoesnot representi shock.
Theoreticallyabetterideais to createanisosurficeof the
points wherethe normal Mach numberis equalto one.
However, if the surfaceis unknawn, it is impossibleto
computethe Machnumbey normalto the surface.
This problem can be resohed, by approximatingthe
shocknormalwith the densitygradient,sincea shockis
alsoassociateavith alargegradientof thedensity There-
fore,r r is (roughly) normalto the shocksurface.Thus,
the algorithm computesthe Mach numberin the direc-
tion of, or projectedonto,thedensitygradient. Theshock
surfaceis constructedrom the points wherethis Mach
numberequalsone.This algorithmis alsousedby Lovely
andHaimes’8, but they de ne theshockregion asthere-
gion within the isosurbiceof Mach numberone,anduse
Itering techniquego reconstruct sharpsurface.
Pagendarnpresente@nalgorithmthatsearche$or max-
imain thedensitygradient®’. The rst andseconderiva-
tives of the densityin the direction of the velocity are
computedNext, zero-level isosurhicesareconstructedf
the secondderivative, to nd the extremain the density
gradient.Finally, the rst derivative is usedto selectonly
the maxima,which correspondo shockwaves,and dis-
cardthe minima, which represenexpansionwaves. This
canbe doneby selectingonly positive valuesof the rst
derivative. However, the secondderivative can also be
zeroin smoothregionswith few disturbancedn thesere-
gionsthe rst derivative will besmall,thereforethesere-
gionscanbe excludedby discardingall pointswherethe
rst derivative is belov a certainthresholde. Of course,
this posegthe problemof nding the correcte. Whenthe
valueis too small,erroneoushockswill befound,but if
thevalueis too large, partsof the shockscould disappear
This algorithm can also be usedfor nding discontinu-
ities in othertypesof scalar elds, andthusfor nding
othertypesof features.
Ma et al. presentan adaptedversion of this algorithm,
which usesthe normalMach numberto do the selection
in the third step’®. Again, in the rst and secondstep,
thezero-level isosurhicesof thesecondlirectionalderiva-
tive of the densityare constructedBut for discriminat-
ing shockwaves from expansionwaves and smoothre-
gions,the normalMach numberis used.More precisely
thosepointsareselectedvherethe normalMach number
is closeto one.Herealso,asuitableneighbourhoodf one
hasto bechosen.

6.3. Separationand attachmentline extraction

Other featuresin o w datasetsare separatiorand attach-
mentlinesontheboundarie®f bodiesin the o w. Theseare
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thelineswherethe o w abruptlymovesaway fromor returns
to the surfaceof the body Theseareimportantfeaturesin

aerodynamiaesignbecauseahey cancauseincreasedirag
andreducedift 196, andthereforetheiroccurrenceshouldbe
preventedor at leastminimised.HelmanandHesselinkuse

de

Figure 15: Vector eld topolayy: a topolaical skeletonof a
ow arounda cylinders2,

vector eld topologyto visualiseo w elds 3% 32, In addition
to the critical points, the attachmentind detachmenhodes
onthe surfaceof abodydeterminethetopologyof the o w.
(SeeFigure 15.) The attachmentnddetachmenhodesare
notcharacterisetly azerovelocity, becaus¢hey only occur
in o ws with a no-slip condition, thatis, all pointson the
boundarie®f objectsareconstrainedo have zerovelocity.
Insteadthey arecharacterisetly a zerotangentialvelocity.
Therefore,streamlinesmpinging on the surfaceterminate
at the attachmenbr detachmentode,insteadof beingde-
ected alongthesurface.

Globus et al. designedand implementeda systemfor
analysingandyvisualisingthe topologyof a ow eld with
iconsfor the critical pointsandintegral curvesstartingclose
to the critical points?25. The systemis alsoableto visualise
attachmenanddetachmensurfacesandvortex cores.

PagendarnandWalter®2 andDe Leeuwetal. %6 usedskin-
friction linesfor visualisingattachmenanddetachmeniines
in theblunt n dataset.For visualisingtheselines, thewall
shearvectorty is computed,which is the gradientof the
velocity magnitudgvj, projectedalongthe normalontothe
wall:

tw=1 vi (1 vi nn; €)

where n is the unit vector normal to the wall. Next, a
standardstreamlinealgorithmis usedto integratethe skin-
friction linesfrom the shearvector eld. Theseskin-friction
lines shav the locationof separatiorand attachmenbf the
ow atthewall. (SeeFigurel6.)

Kenwright gives an overview of existing techniquedor
visualising separatiorand attachmentines and presentsa
new automatideaturedetectiortechniqueor locatingthese
lines, basedon conceptsfrom 2D phaseplaneanalysis®2.
Somecommonapproacheare:

Particle seedingandcomputatiorof integral curves,such
as streamlinesand streaklineswhich are constrainedo

Figure16: Skin-frictiononablunt n froma ow simulation
at Mach 5, visualisedwith spotnoise®8.

thesurfaceof thebody Thesecurvesmemgealongsepara-
tion lines.

Skin-friction lines can be used,analogougo surfaceoil
ow techniquesfrom wind tunnel experiments?2, (See
above.)

Texturesynthesigechniquesanbeusedto createcontin-
uous o w patterngatherthandiscretelines 8.
Helmanand Hesselinkcan automaticallygeneratesepa-
ration and attachmentines from their vector eld topol-
ogy 3L Theselines are generatedy integrating curves
from the saddleandnodetype critical pointsin the direc-
tion of therealeigervector However, only closedsepara-
tionsarefound, thatis, the curvesstartandendat critical
points.

Openseparationdoesnot require separationlines to start
or end at critical points, and is thereforenot detectedby
o w topology Openseparatiohasbeenobseredin exper

iments,but hadnot previously beenstudiedin o w simula-
tions. However, the algorithmpresentedy Kenwrightdoes
detectboth closedandopenseparatioriines. The theoryfor

this algorithmis basedon conceptdrom linear phaseplane
analysislt is assumedhatthe computationalomainonthe
surfacecanbe subdvidedinto trianglesandthe vectorcom-
ponentsaregiven at the vertices.The algorithmis executed
for eachtriangle, makingit suitablefor parallelisationFor
eachtriangle,a linear vector eld is constructedsatisfying
the vectorsat the vertices.If the determinantof the Jaco-
bianmatrix is nonzerothealgorithmcontinuesy calculat-
ing the eigervaluesandeigervectorsof the JacobianEvery
triangle hasa critical point somavherein its vector eld.

Thelinearvector eld is translatedo this critical pointand
the coordinatesystemis changedso that the eigevectors
are orthogonal.This (x;y) planeis alsoreferredto asthe
Poincaréphaseplane.By computingtangentcurvesin the
phaseplane,we obtainthe phaseportrait of the system.For
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a saddle the tangentcurves or streamlinesconverge along
thex andy axes.For a repellingnode,they converge along
thex axisandfor anattractingnode they convergealongthe
y axis.If thephaseportraitis asaddleor arepellingnode the
intersectiorof the x axis with the triangleis computed|f it
intersectsthe line sggmentwill form partof anattachment
line. If the phaseportraitis a saddleor an attractingnode,
the intersectionof the y axis with the triangleis computed,
andif it doesintersectthe line sggmentwill form partof a
separationine.

A problemwith this algorithmis thatdisjointedline sey-
mentsare computedinsteadof continuousattachmentnd
separatiorines. Otherproblemsoccurwhenthe o w sepa-
rationor attachmenits relatively weak,or whentheassump-
tion of locally linear o w is notcorrect.

Kenwrightetal. presentwo algorithmsfor detectingsep-
arationand attachmentines 54, The rst is the algorithm
discussedbore, the seconds the parallelvectoralgorithm.
Both algorithmsuseeigervectoranalysiof thevelocity gra-
dienttensor However, the rst is element-basedndresults
in disjointedline sggmentswhile the seconds point-based
andwill resultin continuoudines.

In the parallelvectoralgorithm, pointsarelocatedwhere
oneof theeigervectorsg of thegradient v is paralleltothe
vector eld v, thatis, pointswherethe streamlinecurvature
is zero,or in formula:

g v=0 (20)

Thevelocity vectorsandthe eigervectorscanbedetermined
at the verticesof the grid and interpolatedwithin the ele-
ments.At the vertices,g v is calculatedfor both eigen-
vectors,but only if both eigervectorsarereal, thatis, the
classi cationof r v atthevertex is eitherasaddleor anode.
If thecrossproducte; v changesignacrossanedge that
meansan attachmenbr separatiorine intersectghe edge.
The intersectionpoint can then be found by interpolation
alongthe edge.The attachmenandseparatiodines canbe
constructedy connectingheintersectiorpointsin eachel-
ement.The distinction betweenattachmentand separation
canbe madeeasily becausattachmentvill occurwherev
is parallelto thesmallesty; andseparatiorwherev is paral-
lel to thelargeste . Anothersetof linesis detectedvith this
algorithm, the in ection lines. Thesecan easilybe Itered
outby checkingif:

r(g v) v=0: (11)
Thiswill notbetruefor in ection lines.

Both algorithmsdiscussedy Kenwrightet al. correctly
identify mary separatiorandattachmentines, but may fail
in identifying curved separatioines 4. The parallelvector
algorithmwill resultin continuoudines, whereaghe phase
planealgorithmresultsin discontinuoudine sggmentsBoth
algorithmsdo detectopen separationlines, which do not
startor endatcritical points.
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6.4. Other typesof features

Thereareothertypesof featuressuchasrecirculationzones
andboundarylayers Work hasbeendonein extractingthese
features for exampleby Haimes?2’” and by Sadarjoerand
Post!10, Hunt et al. give quantitatve criteriafor dividing a
ow into threeareas,with speci ¢ characteristicseddies,
streamsandconvergencezones®.

7. Featuretracking and event detection

In time-dependendatasets featuresareobjectsthat evolve

in time. Determiningthe correspondencbetweenfeatures
in successie time stepsthatactuallyrepresenthe sameob-

ject at differenttimes, is called the correspondencgrob-

lem Featuretracking is involved with solving this corre-

spondenceroblem.Thegoalof featuretrackingis to beable

to describethe evolution of featuresthroughtime. During

the evolution, certaineventscanoccug suchasthe interac-
tion of two or more features,or signi cant shapechanges
of featuresEventdetectionis the procesof detectingsuch

events,in orderto describeheevolution of thefeatureseven

moreaccurately

Therearetwo basicapproacheso solvingthe correspon-
denceproblem.The rst is basedn region correspondence,
the secondn attribute correspondence.

7.1. Regioncorrespondence

Region correspondenc@volves comparingthe regions of

interestobtainedby featureextraction.Basically the binary
imagesfrom successie time steps,containingthe features
found in thesetime steps,are comparedon a cell-to-cell

basis.Correspondenceanbe found usinga minimum dis-

tanceor amaximumcross-correlatioeriterion26 or by min-

imising an af ne transformatiormatrix 5. It is also possi-
ble to extractisosurhcesfrom the four-dimensionaltime-

dependentlataset 19, wheretime is the fourth dimension.
The correspondencis thenimplicitly determinedy spatial
overlapbetweersuccessie time stepsThis criterionis sim-

ple, but not always correct,as objectscan overlap but not

correspondor correspondut not overlap. Silver andWang
explicitly usethe criterion of spatialoverlapinsteadof cre-

atingisosurficesin four dimensiong3d 131 132, They prevent
correspondenchy accidentabverlap,by checkingthe vol-

umeof thecorrespondindeaturesandtakingthebestmatch.
This is alsothe ideaof attribute correspondenceyhich is

discussedext. By using spatialoverlap, certaineventsare
implicitly detectedsuchasa bifurcation whena featurein

onetime stepoverlapswith two featuresin the next time

step Eventdetectioris alsodiscusseanoreelaboratelyater,

in Section7.3.

7.2. Attrib ute correspondence

With attribute correspondencehe comparisonof features
from successie framesis performedon the basisof the at-
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tributesof the features,suchasthe position, size, volume,
andorientation.Theseattributescanbe computedn thefea-
ture extractionphase(seeSection5.3) andcanbe usedfor
descriptionandfor visualisationof thefeaturesandalsofor
featuretracking,asdescribechere.Theoriginal grid datais
notneededarymore.Samtang etal. usetheattributevalues
togetherwith userprovided tolerancego createcorrespon-
dencecriteria 115, For example, for position the following
couldbeused:

dist(pogOi+1); pogQy))  Taist: 12)

where pog0;) and pog0;+ 1) arethe positionsof the ob-
jectsin time stepsi andi + 1, respectiely, and Tgig is the
userprovidedtoleranceFor scalarattributes,the difference
or therelative differencecould be used For example,to test
therelative differenceof the volume,thefollowing formula
canbeused:

vol(Oj+1) vol(Oy)
maxvol(O;+ 1); vol(Oy))

Tvol; (13)

wherevol(O;) andvol(O;j+ 1) arethevolumesof thefeatures
in the two time steps,andT,q is the tolerancegiven by the
user Eventssuchas a bifurcation can also be tested.If a
featurein time stepi splits into two featuresin time step
i+ 1,thetotalvolumeaftertheeventhasto beapproximately
thesameasbeforethe event. The sameformulacanbeused
asfor the normalvolumetest,exceptthatvol(Oj+ 1) in this
caseequalsthe sumof the volumesof the separatdeatures.
The position criterion in caseof a bifurcation event could
involvetheweightedaverageof theindividual positionsafter
theevent,wherethepositionsareweightedwith thevolume:

(0040 A0 )PSO, 1)
A YR

whereO; 1 now representall objectsin time stepi + 1 that
areinvolvedin theevent.

) Taist;  (14)

Sethietal. presenamethodfor image-basecdhotionanal-
ysis, with the useof markersor tokens123, The basiccon-
ceptis smoothnes®f motion of featurepoint trajectories
in property space Propertiesor attributes of featuresare
representedby pointsin propertyspaceThesepointsmove
throughthe propertyspaceovertime, andthealgorithmtries
to nd the smoothespathsor trajectoriesin this property
spaceThenotionof propertycoheenceis used thatis, the
propertiesaresupposedo changegradually Two algorithms
are describedto nd the smoothestrajectories:Modi ed
Greedy Exchangeand Simulated Annealing. We will de-
scribethe formerhere.The basicideaof bothalgorithmsis
to createinitial trajectoriesby connectinghe closestpoints
in propertyspaceandthento iteratively re ne thetrajecto-
ries to maximisethe total smoothnessf all trajectoriesin
the GreedyExchangealgorithm this optimisationis doneby
exchangingtokensbetweentrajectoriesand computingthe
gainin smoothnessheexchangewith themaximumgainis
chosenTheprocesss repeatedbothforwardandbackward

in time, until no moreexchangesremade.Thepropertyco-
herenceés ameasurdor threeconsecutie pointsin property
space.When we call thesepoints, from three consecutie
time stepsa, b andc, the propertycoherencés de ned as:

F(abc)= w 1 ka;bkbrcm
q H
kabkk bk
W2 1 b (15)

The rst term on the right handside gives a measurefor
the changein directionbetweerthe vectorsab andbc, and
the secondermgivesa measurdor the changen lengthof
thesevectors.Both thesemeasuresrecombinedwith user
provided weightsw; andw,. Becausedifferent properties
can have different characteristicsthe axesin the property
spacecanbe scaledusingsuitablescalingfactors.The nor
malformulasfor computingtheinnerproductof two vectors
andthelengthof a vectorarethereforeadaptedasfollows:

k

abbc= @sb a)a b) (16)
|v=1
i k

kapk = T asl a)?

i=1

wheres is the scalingfactorfor theith axis,with 4s = 1,
anda; is the it" componentf the k-dimensionalproperty
vectora.

Reindersetal. describeanalgorithmfor featuretracking,
thatis basedon predictionandveri cation 92100, This algo-
rithm is basedon the assumptiorthat featuresevolve pre-
dictably Thatmeansjf a partof the evolution of a feature
(path) hasbeenfound, a predictioncan be madeinto the
next time step(fram@. Then,in that next time step,a fea-
ture is sought,that correspondgo the prediction.If a fea-
tureis foundthatmatcheghe predictionwithin certainuser
providedtolerancesthefeatureis addedo theevolutionand
thesearchs continuedto the next time step.Whenno more
featurescan be addedto the path,a new pathis started.In
this mannerall framesaresearchedor startingpoints,both
in forwardandbackwardtime direction,until no morepaths
canbecreated.

A pathis startedby trying all possiblecombinationsof
featuresfrom two consecutie framesand computingthe
predictionto the next frame. Then, the predictionis com-
paredto the candidatefeaturesin that frame.If thereis a
match betweenthe predictionand the candidatea pathis
startedTo avoid ary erroneou®r coincidentapathsthereis
aparametefor theminimal pathlength,whichis usuallyset
to 4 or 5 frames.A candidatdeaturecanbe de ned in two
ways.All featuresn theframecanbeusedascandidatesor
only unmatchedeaturescanbe used thatis, thosefeatures
thathave notyet beenassignedo ary path.The rst de ni-
tion ensureshatall possiblecombinationgretestecandthat
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the bestcorrespondences chosen.However, it could also
resultin featuresbeing addedto morethanone path. This
hasto beresohedafterwards.Usingthe secondle nition is
muchmoreefcient, becausehe morepathsarefound,the
lessunmatchedeatureshave to be tested However, in this
casethe resultsdependon the orderin which the features
aretested This problemcanbe solvedby startingthe track-
ing procesaith stricttolerancegndrelaxingthetolerances
in subsequerpasses.

The predictionof a featureis constructedby linear ex-
trapolationof the attributesof the featuredrom thelasttwo
frames Otherpredictionschemesouldalsobeusedfor ex-
ample,if a-priori knowledgeof the o w is available.

The predictionis matchedagainstreal featuresisingcor
respondenceriteria,similarto theonesusedby Samtang et
al. asdiscusse@dbove 115, For eachattributeof thefeaturesa
correspondendeinctioncanbecreatedyhichreturnsapos-
itive valuefor a correspondenceithin the giventolerance,
with a value of 1 for an exact match,anda negative value
for no correspondencé&achcorrespondenciinctionis as-
signeda weight, besidesthe tolerance.Using this weight,
aweightedaverages calculatedof all correspondenciinc-
tions,resultingin thecorrespondendactorbetweerthetwo
featuresFor this correspondenckactor the sameappliesas
for the separateorrespondenctinctions,thatis, a positive
valueindicatesacorrespondenceyith 1 indicatinga perfect
match.A negative correspondenciactormeanso match.

7.3. Event detection

After featuretrackinghasbeenperformedgventdetections
thenext step.Eventsarethetemporalcounterpartef spatial
featuredn theevolution of featuresFor example,if thepath
or evolution of a featureends,it canbeinterestingto deter
mine why that happensilt could be that the featureshrinks
andvanishespr thatthe featuremovesto the boundaryof
the datasetand disappearsor that the featuremeigeswith
anotherfeatureand the two continueas one. Samtang et
al. introducedthe following events: continuation,creation,
dissipation bifurcation,amalgamatiori!®. (SeeFigure17.)
Reinderset al. developeda featuretracking systemthat is
able to detecttheseand other events 190, The terminology
they useis birth and deathinsteadof creationanddissipa-
tion, andsplit andmeige for bifurcationandamalgamation.
Furthermorethey candetectentry andexit events,wherea
featuremaovesbeyond the boundaryof the dataset.Finally,
for a speci ¢, graph-typefeature,the systemis ableto de-
tectchangesn topology It discriminatedoop andjunction
events.(SeeFigure 18.) Many othertypesof eventscanbe
ervisioned,but for eachtype speci ¢ detectioncriteriahave
to beprovided.

For eventdetection just asfor featuretracking,only the
featureattributesareused Analogougo thecorrespondence
functions for eventdetectiongventfunctionsarecomputed.
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Figure 17: The different typesof eventsas introducedby
Samtangetal. 115,

For example,to detecta deathevent, two conditionsmust
hold. First, the volume of the featuremustdecreaseAnd
secondthe volumeof the predictionmustbe very small or
negative. The event function for this event returnsa posi-
tive valueif the volumeof the predictionis within the user
providedtoleranceandl if the volumeof the predictionis
negative. If the volumeis not within the tolerance the re-
turnedvalue will be negative. The event functionsfor the
separatattributesare combinedinto a singlefactor which
determinedf the eventis a deathevent. A birth event can
be detectedby doing the sametestsin the backward time
direction.

Similarly, thetestsfor split andmemge events,andfor en-
try andexit eventsareeachothers reversein time.

8. Visualisation of featuresand events

The nal stepin the featureextractionprocesss, of course,
thevisualisatiorof thefeaturesA numberof techniquesvill

be coveredin this section.The moststraightforvard visual-
isationis to shav the nodesin the dataset, that have been
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Figure 18: A loop eventhasoccurred. In thetop gure, the
featule containsa loop, in the bottom gur e, the next frame
theloop hasdisappeaed %’.

selectedn the rst stepof the featureextraction pipeline,
theselectionThis stepresultsin abinarydataset,with each
value indicating whetherthe correspondinghode hasbeen
selectedor not. This binary dataset can be visualised,for
example,with crossesat the selectednodes.In Figure 19,

Figure 19: Msualisation of the selectedpoints in the
badkward-facing-steplataset14.

suchavisualisationis shavn. The visualisationis of a sim-

ulation of the o w behinda backward-facingstep.The fea-

turethatis visualisedhereis arecirculationzone behindthe

step.Thepointswereselectedvith thecriterion:normalised
helicity H > 0:6.

Another simple visualisationtechniqueis to useisosur
facesThiscanbedoneonthebinarydataset,resultingfrom
the selectionstep,or, if the selectionexpressioris a simple

threshold,directly on the original dataset. This resultsin
isosurhicesenclosingthe selectedegions.

Also, otherstandardrisualisationtechniquesanbe used
in combinationwith the booleandatasetresultingfrom the
selectionstep.For example,in a3D o w dataset,usingthe
standardmethodsfor seedingstreamlinesor streamtubes,
will not provide much information aboutthe featuresand
will possiblyresultin visualclutter However, if theselected
pointsareusedto seedstreamlinesboth backward andfor-
wardin time, this canprovide usefulinformationaboutthe
featuresandtheir origination.SeeFigure20, for anexample,

Figure 20: Visualisationwith streamtube®f the recircula-
tion in the badkward-facing-steplataset?%s,

wheretwo streamtubegsre shawvn in the backward-facing-
stepdataset. The radius of the tubesis inversely propor
tionalto the squareoot of thelocal velocity magnitudeand
the colourof thetubescorrespondso the pressure.

If, insteadof the separateselectedpoints, the attributes
areused,thathave beencomputedn the featureextraction
processthen parametricicons can be usedfor visualising
thefeatures.

If an ellipsoid tting of the selectedclustershas been
computed there are three attribute vectors:the centrepo-
sition, the axis lengths,andthe axis orientationswhich can
be mappedonto the parametersf anellipsoidicon. Thisis
asimpleicon, but very ef cient andaccuratelt canberep-
resentedvith 9 oating-point values,andis thereforespace-
efcient. Furthermoreit canbevery quickly visualisedand
althoughit is simple,it givesan accurateindication of the
positionandvolumeof afeature.ln Figure21, anellipsoid
tting is computedrom the selectecpointsin Figure19. In
Figure 22, vorticesare shavn from a CFD simulationwith
turbulentvortex structuresThe featureshave beenselected
by a thresholdon vorticity magnitude.They are being vi-
sualisedwith isosuricesandellipsoids.lt is clearly visible
that, in this application,with the strongly curved features,
the ellipsoidsdo not give a goodindicationof the shapeof
thefeaturesBut, asmentionedabove, the positionandvol-
umeattributesof the ellipsoidswill be accurateandcanbe
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Figure 21: An ellipsoid tting computedrom the selected
pointsin the badkward-facing-steplataset14.,

Figure22: Vorticesin a datasetwith turbulentvortex struc-
tures,visualisedusingisosurfacegndellipsoids®’.

usedfor featuretracking.In Figure 23, the o w pasta ta-
peredcylinder is shawvn. Streamlinesndicatethe ow di-
rection,androtatingstreamlinesndicatevortices.The vor-
ticesareselectedy locatingtheserotating streamlinesus-
ing thewinding-anglemethod!12, Ellipsoidsareusedto vi-
sualisethevortices,with the colourindicatingthe rotational
direction.Greenmeansclockwiserotation,red meanscoun-
terclockwiserotation. The slice is colouredwith | », which
is the second-lagesteigevalue of thetensorS? + WP. (See
Section6.1)

Thetaperecylinder datasetconsistof anumberof hor
izontal slices, such as the one in Figure 23, but the vor-
tices are naturally three-dimensionaktructures.Reinders
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Figure 23: Vorticesbehinda tapeedcylinder Thecolour of
theellipsoidsrepresentgherotationaldirection12,

et al. createdthesevortex structuresby performing fea-
ture tracking in a spatialdimensioninsteadof trackingin

time 19%, First, featureextractionwasperformedin the two-

dimensionalslices. This resultedin two-dimensionalvor-

tices, which were representedy a specialtype of ellipse
icon.Next, these2D featuresveretrackedin thez-direction,
forming 3D vortex structuresFigure 24 shavs animageof

theresultingfeaturesThe 2D iconsareellipseswith anum-
berof curved spoles. The cunatureof the spolesindicates
the rotationaldirection of the vortices,and the numberof

spolesrepresenttherotationalspeedThe3D iconsarecon-
structedby connectinghe centrepointsof the 2D ellipses.

Forthe3D vorticesin Figure22, anothertypeof iconhas
to beused,if we wantto visualisethe stronglycurved shape
of the features.Reinderset al. presentthe useof skeleton
graphdescriptiongor featureswith which they cancreate
iconsthat accuratelydescribethe topology of the features,
and approximatelydescribethe shapeof the features®s.
Comparethe useof ellipsoid iconswith the useof skeleton
iconsin Figure25.

For visualising the results of featuretracking, it is of
courseessentiato visualisethe time dimension.The most
obviousway is to animatethe featuresandto give theuser
theopportunityto brovsethroughthetime stepsbothback-
wardandforward in time. Figure 26 shavs the playerfrom
thefeaturetrackingprogram developedby Reinders!®. On
theleft of the gure, thegraphvieweris shavn, which gives
an abstractovervien of the entire data set, with the time
stepson the horizontalaxis,andthefeaturesepresentetly
nodes,on the vertical axis. The correspondencesetween
featuresfrom consecutie framesare representedby edges
in thegraph,andthereforetheevolution of afeaturein time,
is representedly a pathin thegraph.Ontheright of the g-
ure, the featureviewer is shavn, in which the featureicons
from the currentframearedisplayed.Also, a control panel
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Figure 25: Turbulentvortex structuesrepresentedy ellipsoidicons(left) and skeletonicons(right) 7.

is visible, with which the animationcanbe started paused,
andplayedforward andbackward.

The graph viewer can also be used for visualising
events?’. For eachevent, a speci ¢ icon hasbeencreated,
which is mappedonto the nodesof the graph,so that the
usercanquickly seewhich eventsoccurwhere,andhow of-
tenthey occur In Figure27, thegraphvieweris shavn, with
a part of the graph, containinga numberof events.Each
eventis clearly recognisabléy its icon. In Figure 28, two
framesareshavn, betweernwhich asplit eventhasoccurred.
In both frames,the featuresare shavn with both ellipsoid
and skeletonicons. The adwantageof the use of skeleton
iconsin this applicationis olvious.Becausehe shapeof the
featuress muchmoreaccuratelyepresentely theskeleton
icons,changesn shapeandeventssuchasthesearemuch
moreeasilydetected.

9. Conclusionsand futur e prospects

A state-of-the-anteportmustendwith anassessmentvhat
hasbeenachiered in o w visualisationduring the last 15
years?Have the problemsbeensolved?Are the resultsap-
pliedin practiceWhataretheremainingchallenges?

A large numberof techniqueshas beendevelopedand
re ned. In generalwhich techniquesarethe best,depends
strongly on the purposeof the visualisation:the research
problemsaddressedhe methodsandapproachesised,and
thepersonalnterestof theresearcheor engineerUsersmay
also have different purposessuchas exploration, detailed
analysis,or presentationTherefore we believe thata large
variety of techniquesnustbe availableto allow researchers
to choosethe mostsuitabletechniquefor their purposeln
this sensegoodprogressasbeenmade.

A very successfugroupis the texture-basedechniques
(seeSection3), mainly usedfor 2D o ws andsurface ow
elds. They arevery suitablefor animation both of station-

aryandtime-dependenb ws. Performancdimitationsseem
to be overcomel%5, andinteractie usewith unsteadyo ws

is now feasible However, generalisationo 3D ow elds is
still problematic Techniquedasedn integrationfor gener
ating geometriesand particle animation(seeSection4) are
alsovery successfulandgeneralisdetterto 3D elds.

Oneof theoriginalkey problemsn o w visualisationwas
thedirectvisualisatiorof directionalstructuresn a3D eld,
possiblyvaryingin time. Despitesomeheroicattemptsthis
problemhasnotbeensolved,asperceving threespatialand
threedatadimensionglirectly seemsverytoughjob for the
humaneye andbrain. At the sametime, the scaleof numer
ical o w simulationsandthusthe sizeof theresultingdata
setscontinuego grow rapidly. For thesereasonssimpli ca-
tion stratgieshave to beconceved, suchasspatialselection
(slicing, regions of interest),datadimensionreduction,ge-
ometrysimpli cation, andfeatureextraction.

Slicingin a3D eld reducegheproblemto 2D, allowing
useof good 2D techniquesbut caremustbe taken with in-
terpretationasthe loss of the third dimensionmay leadto
physicallyirrelevant resultsand wrong interpretation.Tak-
ing a single 3D time slice from a 3D time-dependendata
sethassimilar dangersOtherspatialselectionssuchas3D
region-of-interestselectionare lessrisky, but may leadto
loss of context. Reductionof datadimension,suchas re-
ducing vector quantitiesto scalarswill give more freedom
of choicein visualisationtechniquegsuchasusingvolume
rendering) but will notleadto muchdatareduction.Geom-
etry simpli cation techniquessuchas polygon meshdeci-
mation, levels-of-detail,or multiresolutiontechniqueswill
be effective in managingvery large datasetsandinteractve
exploration,enablingusersto tradeaccurag with response
time.

Featureextraction(Section5) is selectionandsimpli ca-
tion basedn content:extractingimportanthigh-level infor-
mationfrom a dataset,visualisingthe datafrom a problem-
orientedpoint of view. This leadsto a largereductionof the
datasize,andto fully or semiautomatigeneratiorof sim-
ple andclearimagesThetechniquesregenerallyery spe-
ci ¢ for acertaintypeof problem(suchasvortex detection),
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Figure 28: A split event,befoe (left) andafter (right). Thefeatuesare visualisedwith bothan ellipsoidanda skeletonicon 97.

andthe relationwith the original raw datais indirect, and
the reductionis achieved at the costof lossof otherinfor-
mation,which is consideredrrelevant for the purpose But
thetechniquegeneralisavell to analysisof time-dependent
datasets Jeadingto condense@pisodicvisualsummaries.

A good possibility is combiningfeatureextractiontech-
niqueswith director geometridechniqueskor example, se-
lective visualisationhasbeenusedeffectively with stream-
line generationto placeseedpointsin selectedareasand
shav important structureswith only a small number of
streamlinesCombiningsimple adwection-basedechniques
with iconic featurevisualisationcanalsoclarify therelation
betweenthe raw dataand the derived information usedin
featuredetection.The work of visualisationand simulation
expertswill in the future becomeinseparablethe distinc-
tion betweensimulationand visualisationwill be increas-
ingly blurred.A goodexampleis thetrackingof phasdronts
(separatiorbetweentwo different uids in multi uid o ws)
usinglevel setmethods?4, wherethe featureextractionis a
partof bothsimulationandvisualisation.

How aboutpracticalapplication?Mary techniqueshave
beenincorporatedn commercialvisualisationsystemsjn-
cluding feature-basedechniques’. The practical use of
o w visualisationis most effective when visualisationex-
pertscloselycooperatevith uid dynamicsexperts.Thisis
especiallytrue in feature-basedisualisation where devel-
oping detectioncriteria is closely connectedo the physi-
cal phenomenatudied.But also otherdisciplinescancon-
tributeto this computationakcienceeffort: mathematicians,
artists and designers,experimental scientists,image pro-
cessingspecialistsandalsoperceptuahndcognitive scien-
tists 96,

Someareaghatneedadditionalwork are:

Y http://www.ensight.com/products/flow-
feature.html
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comparatre visualisationand multisource comparatie
dataanalysis

visualisatiorof multivariate o w elds with scalarvector
andtensordata

handling and exploring huge time-dependento w data
sets

detectionand tracking of new types of features,such
as surfacefeatures(shockwaves, phasefronts) in time-
dependentiatasets

theuseof virtual ervironmentsfor visualdataexploration
andcomputationasteeringproblemsof performancend
3D interaction

userstudiesfor evaluation,validation,and eld testingof
o w visualisationtechniques

visualisationof inaccurag anduncertainty

Overlooking the whole landscapeof o w visualisation
techniqueswe can say that visualisationof 2D o ws has
reacheda high level of perfection,andfor 3D arich setof
techniquess available.In thefuture,we will concentraten
techniqueshatscalewell with everincreasinglatasetsizes,
andthereforeselectiorandsimpli cation techniquesvill get
moreattention.
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Figure 24: 3D \ortex structues behind a tapeed cylin-
der®,
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