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Abstract

Flow visualisationis an attractivetopic in datavisualisation,offering great challengesfor reseach. Very large
data setsmustbe processedconsistingof multivariate data at large numbes of grid points,oftenarranged in
manytime steps.Recentlythe steadilyincreasingperformanceof computes again hasbecomea driving force
for new advancesn ow visualisationespeciallyin techniquesbasedon texturing, featuie extraction,vector eld

clustering andtopolagy extraction.

In this article we presenthe stateof theart in featue-basedow visualisationtechniqgues\Wewill presennumer
ousfeatue extraction techniques categgorisedaccoding to the type of featue. Next, featule tracking and event
detectionalgorithmsare discussedfor studyingthe evolution of featuesin time-dependentdlata sets.Finally,

variousvisualisationtechniquesare demonstated.

Catgyoriesand SubjectDescriptorgaccordingo ACM CCS} 1.3 [ComputerGraphics]:visualisation, o w visuali-

sation,feature-based w visualisation

1. Intr oduction

Flow visualisationis oneof thetraditionalsub elds of data
visualisationgcoveringarich variety of applicationsranging
from automotve, aerospaceandturbomachinendesign,to
weathesimulationandmeteorologyclimatemodelling,and
medicalapplicationsyith mary differentresearctandengi-
neeringgoalsandusertypes.Consequentlthe spectrunmof
o w visualisationtechniquess very rich, spanningmultiple
dimensionsof technicalaspectssuchas 2D and 3D tech-
nigues,andtechniquedor steadyandtime-dependerdata.

In this article we presenthe stateof theartin o w visuali-
sationtechniquesThesetechniquesanbe catgorisedinto
four groups:

Direct ow visualisation The datais directly visualised,
without much pre-processingfor example by color
coding or drawing arrovs. Thesetechniquesare also
called global techniques asthey are usually appliedto
anentiredomain,or alarge partof it.

Texture-based ow visualisation Texture-basedtech-
niguesapplythedirectionalstructureofa ow eld toran-
domtextures.Thesearemainly usedfor visualising o w
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in two dimensionr on surfaces.Theresultsarecompa-
rableto the experimentattechniquedik e windtunnelsur
faceoil ows. This grouphassomecharacteristicef the
previousandthe next approaches.

Geometricow visualisation Geometricobjectsare rst
extractedfrom the data,and usedfor visualisation.Ex-
amplesarestreamlinesstreamsurfacestime surfacesor
ow volumes.Thesegeometricobjectsare directly re-
latedto the data.The resultsof thesetechniquesanbe
comparedo experimentalresultssuchas dye adwection
or smole injectioninto the o w.

Featue-basedow visualisation The last approacHifts
the visualisationto a higherlevel of abstractionpy ex-
tractingphysicallymeaningfulpatterndrom thedatasets.
The visualisationshavs only thosepartsthat are of in-
terestto the researcherthe featues Both the de nition
of whatis interesting,andthe way thesefeaturesare ex-
tractedandvisualisedare dependenbn the dataset, the
application,andtheresearctproblem.

The approachesre not entirely distinct. For example,the
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secondand third approachesan be combinedinto dense
ow visualisation

In this article, we suney the last approach feature-based
o w visualisation.

Featuresare phenomenastructureor objectsin a dataset,
thatareof interestfor acertainresearctor engineeringrob-
lem.Examplesf featuresn o w datasetsareshockwaves,
vortices, boundarylayers, recirculationzones,and attach-
mentandseparatiorines.

Therearea numberof factorsmotivating the feature-based
approachto visualisation.First, by extracting only the in-
terestingparts,and ignoring the rest, we canincreasethe
information content.Furthermore by abstractingfrom the
original data,theresearcheis ableto focusmoreontherel-
evantphysicalphenomenayhichis betterrelatedto hiscon-
ceptualframeawork. A large datareductioncanbe achieved
(in the order of 1000 times), but becausehe reductionis
content-basedo (important)informationis lost. Sofar, this
is one of the few approacheshatis truly scalableto very
large time-dependendatasets.Finally, the objectsor phe-
nomenaextractedcanbe simpli ed anddescribedjuantita-
tively. This makes the visualisationeasy using simple ge-
ometriesor parametridcons.Also, quanti cation facilitates
furtherresearchcomparisorandtime tracking.

The paperis structuredasfollows: in the next section,we
will discusssomefundamental$or o w visualisationwhich
arenecessarfor understandingherestof thepaperin Sec-
tion 3 anintroductionto featureextractionis given, with a
categyorisationof the generalapproacheso featureextrac-
tion. In Section4 featureextractiontechniquesrediscussed,
for several differenttypes of features.Section5 discusses
featuretracking and event detection,that is, the study of
the evolution of featuresin time-dependentatasets.Sec-
tion 6 presentdifferenticonic representationsf features
andthe visualisationof featuresandevents.Finally, in Sec-
tion 7 someconclusionsaindfurtherprospectarepresented.

2. Flow visualisation fundamentals

For a properunderstandingf the rest of the article, it is
necessaryo discussa numberof fundamentalgor o w vi-
sualisationmainly from vectoralgebra.

2.1. Gradients

In threedimensionsa scalarp hasthreepartial derivatives.
The partial derivative of p with respecto x is '"—)’f. Thegra-
dientof ascalareld is thevectorof its partialderivatives:
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— — I 1
ix My 1z @
Thegradientof avector eld v is foundby applyingthegra-
dientoperatoito eachof thecomponentfu v w] of thevec-
tor eld. Thisresultsin a3 3 matrix, calledthe Jacobian

gradb=r p=

of thevector eld, orthematrix of its rst derivatives:
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This matrix can be usedto computea numberof derived
elds, suchasthedivergencecurl, helicity, accelerationand
cunature.Thecurl of avelocity eld is calledthe vorticity.
This derived vector eld indicateshow muchthe ow lo-
cally rotatesandthe axis of rotation. Thesequantitiesareall
usedin differentfeatureextraction techniqueswhich will

be discussedater. The exactde nitions canbe found else-
where239, For the understandingf this article, it is suf-
cient to know thatthe Jacobianpr gradientmatrix, is an
importantquantityin o w visualisatiorin generabndin fea-
tureextractionin particular

2.2. Eigenanalysis

Anotherindispensablenathematicalechniques eigenanal-
ysis. An eigervalue of a 3 3 matrix M is a (possibly
comple) scalarl which solves the eigervector equation:
Mx = | x. The correspondinghon-zerovectorx is calledan

eigernvectorof M. Theeigevectorsandeigewvaluesof a Ja-

cobianmatrix indicatethe directionof tangentcurvesof the

ow, which are used,for exampleto determinethe vector
eld topology seeSection3.2.

2.3. Attrib ute calculation

As apartof thefeatureextractionprocesscharacteristiat-

tributesof the featureshave to be calculated.One concep-
tually simpleandspaceef cient techniguejs the computa-
tion of anellipsoid tting. An ellipsoidcangive a rst-order

estimationof the orientationof an object. The axescanbe
scaledto give an exactrepresentationf the sizeor volume
of theobject.Furthermoreanellipsoidis avery simpleicon

to visualise.The computatiorof anellipsoid tting involves
eigenanalysi®f the covariance matrix of the object’s grid

points.For a detaileddescription seeHaberandMcNabb8,

Silver etal. 5¢ andDe Leeuw?®.

Anothertechniquethat canbe usedfor attribute calculation
of featureds centerline extraction As anexample,askele-

ton, or Medial Axis Transform reducesnobjectto asingle

centerline, or graph,while preservinghe original topology

of the object. Using this graph,anicon canbe constructed
from cylindersandhemispheregp construcanapproxima-
tion of the original shapeof the object32. This is a useful

representatiorespeciallywhenthetopologyis animportant
characteristiof thefeatures.

3. Feature extraction approaches

Feature-basea w visualisationis an approachor visual-
ising the o w dataat a high level of abstractionThe ow
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datais describedby featureswhich representhe interest-
ing objectsor structuresin the data. The original dataset
is thenno longerneededBecauseoften, only a small per

centageof thedatais of interest,andthefeaturescanbe de-
scribedvery compactly an enormouddatareductioncanbe
achieved. This makesit possibleto visualiseevenvery large
datasetsinteractiely.

The rst stepin feature-basedisualisationis featule extrac-
tion. The goalof featureextractionis determiningguantify-
ing anddescribinghefeaturesn a dataset.

A featurecanbe looselyde 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
techniquewwill be discussedAlthough mostfeaturedetec-
tiontechniquesrespeci ¢ for aparticulartypeof featurejn

generakthetechniquesanbedividedinto threeapproaches:

basedon imageprocessingpn topologicalanalysisandon
physicalcharacteristics.

3.1. 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 objectsarefound by detectingsharpchangesn the
datavalues,marked by high gradientmagnitudesThus,ba-
sicimagesegmentatiortechniquessuchasthresholdingre-
gion growing, and edgedetectioncan be usedfor feature
detection Also, objectsmay be quantitatvely describedus-
ing techniquessuchas skeletonisationor principal compo-
nentanalysis However, a problemis, thatin computational
uid dynamicssimulations,often grid typesare usedsuch
as structuredcurvilinear grids, or unstructurectetrahedral
grids. Mary techniquesfrom image processingcannotbe
easily adaptedor usewith suchgrids. Furthermoremary
digital Itering techniquesarede ned only for scalardata.
Adaptationto vector elds is notawaysstraightforvard.

3.2. Vector Field Topology

A secondapproachto featureextractionis the topological
analysisof 2D linearvector elds, asintroducedby Helman
andHesselink!% 11, which is basedon detectionandclassi-
cation of critical points.

The critical pointsof a vector eld arethosepointswhere
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thevectormagnitudds zero.The o w in theneighbourhood
of critical pointsis characterisetly eigenanalysisf the ve-
locity gradienttensor or Jacobianof the vector eld. The
eigervaluesof the Jacobiarcanbe usedto classifythe criti-
cal pointsasattractingor repellingnodeor focus,assaddle
point,or center(SeeFigurel.) Theeigevectorsindicatethe
directionsin which the o w approachesr leavesthe criti-
cal point. Thesedirectionscanbe usedto computetangent
curvesof the o w nearthe critical points. Using this infor-
mation,a schematiovisualisationof the vector eld canbe
generated(SeeFigure 7.) HelmanandHesselinkhave also
extendedtheir algorithmto 2D time-dependenéndto 3D

e sk

Saddle Point Repelling Node
R1*R2<0 R1,R2>0
11,12=0 11,12=0

Repelling Focus
R1,R2>0
11,12<>0

K ©

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

Figure 1: Vector eld topolagy: critical pointsclassi ed by
the eigervaluesof the Jacobian?0.

Tricocheet al. recentlypresentedh topology-basednethod
for visualisingtime-dependerD vector elds 33. They per
form time trackingof critical pointsandclosedstreamlines
by temporalinterpolation.They areableto nd andcharac-
terisetopologicaleventsor structuralkchangegbifurcationg,
suchasthepairwiseannihilationor creationof asaddlepoint
andanattractingor repellingnode.

Scheuermaneet al. presentedan algorithm for visualising
nonlinearvector eld topology“é, becausetherknown al-

gorithmsareall basedon piecavise linear or bilinearinter-

polation,which destrgs the topologyin caseof nonlinear
behaiour. Theiralgorithmmalesuseof Clifford algebrafor

computingpolynomialapproximationsn areaswith nonlin-
earlocal behaiour, especiallyhigherordersingularities.

De LeeuwandVan Liere presentedh techniquefor visual-
ising ow structuresusing multilevel ow topology 2. In
high-resolutiondatasetsof turbulent o ws, the hugenum-
ber of critical pointscaneasilycluttera o w topologyim-
age.Thealgorithmpresentedttemptgo solwe this problem
by removing small-scalestructuredrom the topology This
is achieved by applyinga pair distancelter whichremoves
pairsof critical points,thatareneareachother Thisremoves
smalltopologicalstructuresuchasvortices but doesnotaf-
fecttheglobaltopologicalstructure The thresholddistance,
which determinesvhich critical pointsareremoved, canbe
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adaptedmakingit possibleto visualisethe structureat dif-
ferentlevelsof detailatdifferentzoomlevels.

Tricocheet al. also performtopology simpli cation in 2D
vector elds 52; they simplify notonly thetopology but also
presere the underlyingvector eld, therebymakingit pos-
sible to use standard o w visualisationmethods,such as
streamline®r LIC, afterthesimpli cation. Thebasicprinci-
ple of removing pairsof critical pointsis similar to thetech-
nigueof De LeeuwandVanLiere??, butin thisalgorithmthe
vector eld surroundingthe critical pointsis slightly modi-
ed, in suchaway thatbothcritical pointsdisappear

3.3. Physical characteristics

The third approachs featureextraction basedon physical
characteristicsOften, featurescan be detectedby charac-
teristic patternsin, or propertiesof, physicalquantities for
exampleby low pressurehightemperaturegr swirling o w.
Thesepropertiesoften follow directly from the featuredef-
initions used.Most of the featureextractiontechniqueglis-
cussedn Sectiord arebasednthisapproachsometimesn
combinationwith topologicalanalysisor imageprocessing
techniques.

3.4. Selectie Visualisation

A genericapproachto featureextractionis Selectve Visu-
alisation,whichis describedy Van Walsum>5. Thefeature
extractionprocesss dividedinto four steps(seeFigure?2).

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

Selection Connectivity Calculation Mapping
Expression Criteria Method Function

Scientist's knowledge and
conceptual model

Figure 2: Thefeatue extractionpipeline3s.

The rst stepis theselectionstep.In principle,ary selection
techniquecanbe used thatresultsin a binary segmentation
of the original dataset. A very simple segmentationis ob-
tainedby thresholdingpf the original or derived datavalues;
also,multiple thresholdscanbe combined.The datasetre-
sulting from the selectionstepis a binary datasetwith the
samedimensionsas the original dataset. The binary val-
uesin this datasetdenotewhetheror not the corresponding
pointsin the original datasetareselectedThe next stepin
thefeatureextractionprocesss theclusteringstep,in which
all pointsthat have beenselectedare clusteredinto coher
entregions.In the next step,the attribute calculation step,
theseregionsarequanti ed. Attributesof theregionsarecal-
culated,suchas position, volume and orientation.We now

speakof objects,or featureswith a numberof attributes,in-

steadof clustersof points.Oncewe have determinedhese
guanti ed objects we don't needthe original dataanymore.
With this, we may accomplisha data reductionfactor of

10000r more.In the fourth and nal step,iconic mapping

the calculatedattributesare mappedonto the parametersf

certainparametrigcons,which areeasyto visualise suchas
ellipsoids.

4. Feature extraction techniques

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

4.1. Vortex extraction

Feature®f greatimportancen o w datasets,bothin theo-
reticalandin practicalresearcharevortices (SeeFigure3.)
In somecasesyortices(turbulence)have to beimpelled,for
exampleto stimulatemixing of uids, or to reducedrag.
In other casesyorticeshave to be prevented,for example
aroundaircraft,wherethey canreducdift.

Figure 3: A vortexin watet WL | Delft Hydraulics.

Thereare mary different de nitions of vorticesand like-
wise mary differentvortex detectionalgorithms.A distinc-
tion canbemadein algorithmsfor nding vortex regionsand
algorithmsthatonly nd thevortex cores.

Otheroverviews of algorithmsaregiven by Roth and Peik-
ert40 andby BanksandSinger?.

Thereare a numberof algorithmsfor nding regionswith
vortices

Oneideais to nd regionswith a high vorticity magni-
tude.Vorticity is thecurl of thevelocity, thatis,r v, and
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representghelocal o w rotation,bothin speedanddirec-
tion. However, althoughavortex mayhave ahighvorticity
magnitude the corverseis not alwaystrue 5. Villasenor
andVincentpresentan algorithmfor constructingvortex

tubesusingthisidea®*. They computethe averagelength
of all vorticity vectorscontainedn small-radiusylinders,
andusethe cylinder with the maximumaveragefor con-
structingthevortex tubes.

Anotherideais to male useof helicity insteadof vortic-
ity 2258, Thehelicity of a o w is theprojectionof thevor-
ticity ontothe velocity, thatis (r ~ v) v. This way, the
componenbf thevorticity perpendiculato thevelocityis
eliminated.

Becauseswirling o w often swirls aroundareasof low
pressurethisis anothercriterionthatcanbeusedto locate
vortex cores®’.

JeongandHussainde ne avortex asa region wheretwo
eigevaluesof thesymmetricmatrix & + W? arenegative,
whereSandWarethesymmetricandantisymmetrigarts
of the Jacobianof the vector eld, respectiely 12: 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, which cancontainstronglycurved vortices*C.

Therearealsosomealgorithmsspeci cally for nding vor-
tex core lines

Banksand Singeruse streamlinesof the vorticity eld,
with a correctionto the pressureminimum in the plane
perpendiculato thevortex core?.

Roth and Peikert suggesthat a vortex core line canbe
foundwherevorticity is parallelto velocity 0. This some-
timesresultsin coherenttructuresput in mostdatasets
it doesnot give the expectedfeatures.

In thesamearticle,RothandPeilertsuggesthat,in linear
elds, the vortex coreline is locatedwherethe Jacobian
hasone real-\alued eigervector and this eigemvector is
parallelto the o w 40. However, in their own application
of turbomachineryo ws, the assumptiorof a linear ow
is too simple.The samealgorithmis presentedy Sujudi
andHaimes®L.

RecentlyJiangetal. presente@new algorithmfor vortex
coreregion detection'3, 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 moredetail.

Sujudi and Haimesdevelopedan algorithmfor nding the
centreof swirling o w in 3D vector elds andimplemented
this algorithmin pV3 5. AlthoughpV3 canusemary types
of grids, thealgorithmhasbeenimplementedor tetrahedral
cells. Whenusing datasetswith othertypesof cells, these
rst have to be decomposednto tetrahedralkells. This is
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donefor ef ciency, becausdinear interpolationfor the ve-
locity canbe usedin the caseof tetrahedratells. The algo-
rithm is basedon critical-pointtheoryandusestheeigerval-
uesandeigervectorsof the velocity gradienttensoror rate-
of-deformationtensor The algorithmworks on eachpoint
in the datasetseparatelymakingit very suitablefor par
allel processingThe algorithm searchedor points where
the velocity gradienttensorhasonereal andtwo comple-
conjugateeigevaluesandthe velocity is in the directionof
the eigemvector correspondingo the real eigevalue. The
algorithmresultsin large coherentstructuresvhena strong
swirling o w is presentandthegrid cellsarenottoo large.
Thealgorithmis sensitveto thestrengthof theswirling o w,
resultingin incoherenstructuresor evenno structuresat all
in weakswirling ows. Also, if the grid cells arelarge, or
irregularly sized,the algorithm hasdif culties nding co-
herentstructurer ary structuresatall.

KenwrightandHaimesalsostudiedthe eigervectormethod
andconcludedhatit hasprovento beeffective in mary ap-
plications?®. Thedravbacksof thealgorithmarethatit does
not producecontiguoudines. Line segmentsare dravn for

eachtetrahedraklementput they arenotnecessarilgontin-
uousacrosselementboundariesFurthermorewhenthe el-

ementsarenot tetrahedrathey have to be decomposethto

tetrahedrarst, introducinga piecevise linear approxima-
tion for a nonlinearfunction. Anotherproblemis that o w

featuresare found that are not vortices. Instead,swirling

ow is detectedof which vorticesare an example. How-

ever, swirling o w alsooccursin theformationof boundary
layers.Finally, the eigervector methodis sensitve to other
nonlocalvector features For example,if two axes of swirl

exist, the algorithmwill indicatea rotationthatis a combi-
nation of the two swirl directions.The eigevector method
hassuccessfullybeenintegratedinto a nite elementsolver
for guidingmeshre nementaroundthe vortex core*.

Roth andPeikert have developeda methodfor nding core
lines using higherorder derivatives, making it possibleto
nd strongly curved or bentvortices#!. They obsere that
theeigervectormethodis equivalentto nding pointswhere
theacceleratior s parallelto thevelocityv, or equialently,
to nding pointsof zerocunature.Theacceleratiora is de-
ned as:

-— DV.

a= ﬁv (3)

wherethe notation%{ is usedfor the derivativefollowing a
particle, whichis de ned,in asteadyo w, asr f v. There-
fore:

Dv

a= —=rvv=1Jy, 4

= : )
with J the Jacobiarof v, thatis the matrix of its rst deriva-
tives.

Roth and Peilert improve the algorithmby de ning vortex
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coresaspointswhere

Da _ D%

b= Dt~ D2 (5)
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” operator8, with which they areableto mathematically
describea numberof previously developedmethodsunder
onecommondenominatarUsing this operatorthey cande-
scribe methodsbasedon zero cunature, ridge and valley
lines, extremumlinesandmore.

Jianget al. recentlypresented new approactor detecting
vortex core regions 13, The algorithmis basedon an idea
which hasbeenderived from Sperner$ lemmain combi-

natorialtopology which statesthatit is possibleto deduce
the propertiesof a triangulation,basedon the information
given at the boundaryvertices.The algorithmusesthis fact
to classify points as belongingto a vortex core, basedon

the vectororientationat the neighbouringpoints.In 2D, the

algorithmis very simple and straightforvard, and hasonly

linear compleity. In 3D, the algorithmis somavhat more
dif cult, becausét rst involvescomputingthe vortex core
direction,and next, the 2D algorithmis appliedto the ve-

locity vectorsprojectedonto the planeperpendiculato the

vortex coredirection. Still, alsothe 3D algorithmhasonly

linearcompleity.

Theabore describednethodsall usealocal criterionfor de-
termining on a point-to-pointbasiswherethe vorticesare
located.The next algorithmsuseglobal, geometriccriteria
for determiningthelocationof thevortices.Thisis aconse-
guenceof usinganothevortex de nition.

Sadarjoerand Postpresentwo geometricmethodsfor ex-
tracting vorticesin 2D elds 42. The rst is the cunature
centremethod.For eachsamplepoint, the algorithm com-
putesthecunaturecentre In the caseof vortices,thiswould
resultin ahigh densityof centrepointsnearthe centreof the
vortex. The methodworks but hasthe samelimitations as
traditional point-basednethodswith somefalseandsome
missing centres.The secondmethodis the winding-angle
method,which hasbeeninspiredby the work of Portela?®.
The method detectsvortices by selectingand clustering
looping streamlinesThe winding angleaw of a streamline
is de ned asthe sum of the anglesbetweenthe consecu-
tive streamlinesggments Streamlinesreselectedhathave
madeatleastonecompleterotation,thatis,aw  2p. A sec-
ond criterion checksthat the distancebetweenthe starting
andendingpointsis relatively small. The selectedstream-

linesareusedfor vortex attributecalculation.The geometric
meanis computedof all pointsof all streamlinedelonging
to the samevortex. An ellipse tting is computedfor each
vortex, resultingin an approximatesize andorientationfor
eachvortex. Furthermoretheangularvelocity androtational
directioncanbe computed All theseattributescanbe used
for visualisingthevortices.(SeeFigure4.)

Figure 4: Flow in the Atlantic Ocean,with streamlinesand
ellipsesindicating vortices.Blue and red ellipsesindicate
vortices rotating clockwise and counteclodkwise respec-
tively 43,

4.2. Shockwave extraction

Shockwaves are alsoimportantfeaturesin o w datasets,
andcan occut for example,in o ws aroundaircraft. (See
Figure5.) Shockwaves canincreasedragand causestruc-
tural failure, and therefore,are important phenomendor

study Shockwaves are characterisedy discontinuitiesin

physical o w quantitiessuchaspressuregensityandveloc-
ity. Therefore shockdetectionis comparabldéo edgedetec-
tion, and similar principlescould be usedasin imagepro-
cessingHowever, in numericalsimulations the discontinu-
ities are often smearedover several grid points,dueto the
limited resolutionof thegrid.

Ma et al. have investigateda numberof techniquedor de-
tectingandfor visualisingshockwaves?4. Detectingshocks
in two dimensionshasbeenextensiely investigateds 25 38,
However, thesetechniquesarein generalnot applicableto
shocksin three dimensions.They also describea number
of approachefor visualisingshockwaves.The approactof
HaimesandDarmofl ? is to createisosurficesof the Mach
numbemormalto the shock,usinga combineddensitygra-
dient/Machnumbercomputation.Van Rosendalepresents
a two-dimensionakhock- tting algorithmfor unstructured
grids38, Theidearelieson the comparisorof densitygradi-
entsbetweergrid nodes.

Ma et al. comparea humberof algorithmsfor shockextrac-
tion andalsopresentheir own technique?*:
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Figure 5: A sho&kwavearound an aircraft. (H.-G. Pagen-
darm)

The rst ideais to createanisosurficeof the pointswhere
theMachnumbeiis one.However, thisresultsin thesonic
surface,which, in generaldoesnot represena shock.
Theoreticallyabetterideais to createanisosurficeof the
points wherethe normal Mach numberis equalto one.
However, if the surfaceis unknawn, it is impossibleto
computethe Machnumbeynormalto the surface.

This problem can be resolhed, by approximatingthe
shocknormalwith the densitygradient,sincea shockis
alsoassociatewvith alargegradientof thedensity There-
fore,r r is (roughly) normalto the shocksurface.Thus,
the algorithm computesthe Mach numberin the direc-
tion of, or projectedonto,the densitygradient.The shock
surfaceis constructedrom the points wherethis Mach
numberequalsone.This algorithmis alsousedby Lovely
andHaimes?3, but they de ne the shockregion asthere-
gion within the isosurbceof Mach numberone,anduse
Itering techniquedo reconstruct sharpsurface.
Pagendarnpresentednalgorithmthatsearchefor max-
imain thedensitygradient. The rst andsecondieriva-
tives of the densityin the direction of the velocity are
computedNext, zero-level isosurficesareconstructedf
the secondderivative, to nd the extremain the density
gradientFinally, the rst derivative is usedto selectonly
the maxima,which correspondo shockwaves,anddis-
cardthe minima, which representxpansionwaves. 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 deriative is belov a certainthresholde. Of course,
this poseghe problemof nding the correcte. Whenthe
valueis too small, erroneoushockswill befound, but if
thevalueis too large, partsof the shockscoulddisappear
This algorithm can also be usedfor nding discontinu-
ities in othertypesof scalar elds, andthusfor nding
othertypesof features.

Ma et al. presentan adaptedversionof this algorithm,
which usesthe normalMach numberto do the selection
in the third step24. Again, in the rst and secondstep,
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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,a suitableneighbourhooaf one
hasto bechosen.

4.3. Separationand attachmentline extraction

Other featuresin o w datasetsare separatiorand attach-
mentlines on the boundarief bodiesin the ow. These
arethe lines wherethe ow abruptly moves away from or
returnsto the surfaceof the body (SeeFigure6.) Theseare
importantfeaturesin aerodynamiaesignbecausehey can
causancreasediragandreducedift 39, andthereforetheir
occurrenceshouldbe preventedor atleastminimised.

Figure 6: Sepaation and attachmentlines on a deltawing
(D. Kenwright).

HelmanandHesselinkusevector eld topologyto visualise
ow elds 11, In additionto the critical points, the attach-
mentanddetachmenhodeson the surfacesof bodiesdeter
mine the topology of the o w. (SeeFigure7.) The attach-
mentanddetachmenhodesare not characterisedy a zero
velocity, becaus¢hey only occurin 0 wswith ano-slipcon-
dition, thatis, all pointsontheboundarie®f objectsarecon-
strainedo have zerovelocity. Insteadthey arecharacterised
by azerotangentialvelocity. Therefore streamlinesmping-
ing onthesurfaceterminateattheattachmenor detachment
node,insteadof beingde ectedalongthe surface.

Glohus et al. designedand implementeda system for
analysingandvisualisingthe topologyof a ow eld with
iconsfor thecritical pointsandintegral curvesstartingclose
to the critical points®. The systemis alsoableto visualise
attachmenanddetachmensurfacesandvortex cores.

PagendarmandWalter2” andDe Leeuwet al. 2° usedskin-
friction linesfor visualisingattachmenanddetachmenines
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Figure 7: Vector eld topolayy: a topolagical skeletonof a
ow arounda cylindert,

in the blunt n dataset.For visualisingtheselines, thewall
sheartw is computedwhich is the o w velocity gradient
perpendiculatto the wall. Next, a standardstreamlineal-
gorithmis usedto integratethe skin-friction lines from the
shearvector eld. Theseskin-friction lines shav the loca-
tion of separatiorand attachmenof the ow at the wall.
(SeeFigure8.)

Figure 8: Skin-frictionona blunt n froma ow simulation
at Mach 5, visualisedwith spotnoise2°.

Kenwrightgivesan overview of existing techniquedor vi-

sualising separationand attachmentlines and presentsa
new automatideaturedetectiontechniqueor locatingthese
lines, basedon conceptsfrom 2D phaseplaneanalysis?®.

Somecommonapproachesre:

Particle seedingandcomputatiorof integral curves,such
as streamlinesand streaklineswhich are constrainedo
thesurfaceof thebody Thesecurvesmemgealongsepara-
tion lines.

Skin-friction lines canbe used,analogougo surfaceoll
o w techniguegrom wind tunnelexperiments’.
Texturesynthesigechniquesanbeusedto createcontin-
uous o w patterngatherthandiscretdines 0.
HelmanandHesselinkcangeneratseparatiorandattach-
mentlinesfrom theirvector eld topology!!. Thesdines
are generatedy integrating curves from the saddleand
nodetype critical pointson the surfacein the directionof

therealeigevector However, only closedseparationare
found,thatis, curvesthatstartandendat critical points.

Openseparationdoesnot require separationlines to start
or endat critical points,andis thereforenot detectedusing
o w topology Openseparatiohasbeenobseredin exper
iments,but hadnot previously beenstudiedin o w simula-
tions. However, the algorithmpresentedy Kenwrightdoes
detectbothclosedandopenseparatioriines. 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
thevectorsatthevertices|If thedeterminanbf the Jacobian
matrixis nonzerothealgorithmcontinuedy calculatingthe
eigemvaluesandeigervectorsof the JacobianEvery triangle
hasa critical point someavherein its vector eld. Thelinear
vector eld is translatedo this critical pointandthe coordi-
natesystemis changedsothatthe eigervectorsareorthogo-
nal. This(x;y) planeis alsoreferredto asthe Poincaréphase
plane.(SeeFigure9.) By computingtangentcurvesin the
phaseplane,we obtainthe phaseportrait of the system.For
a saddle the tangentcurves or streamlinesonverge along
the x andy axes.For arepellingnode,they corverge along
they axisandfor anattractingnode they convergealongthe
x axis.If thephaseportraitis asaddleor arepellingnode the
intersectiorof the y axiswith thetriangleis computed|f it
intersectstheline sgmentwill form partof anattachment
line. If the phaseportraitis a saddleor an attractingnode,
theintersectionof the x axis with the triangleis computed,
andif it doesintersecttheline sggmentwill form partof a
separatioriine.

A problemwith this algorithmis that disjointed line seg-

mentsare computedinsteadof continuousattachmentand

separationines. Otherproblemsoccurwhenthe o w sepa-
rationor attachmenis relatively weak,or whentheassump-
tion of locally linear o w is not correct.

Kenwrightet al. presenttwo algorithmsfor detectingsep-
arationand attachmentines 7. The rst is the algorithm
discussea@bove, the seconds the parallelvectoralgorithm.
Bothalgorithmsuseeigervectoranalysisof thevelocity gra-
dienttensor However, the rst is element-basedndresults
in disjointedline sggmentswhile the seconds point-based
andwill resultin continuoudines.

In theparallelvectoralgorithm,pointsarelocatedwhereone
of the eigervectorseg of the gradientr v is parallelto the
vector eld v, thatis, pointswherethe streamlinecunature
is zero,or in formula:

g v=0 (6)

Thevelocity vectorsandthe eigervectorscanbedetermined
at the verticesof the grid and interpolatedwithin the ele-
ments.At the vertices,g v is calculatedfor both eigen-
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Figure 9: Three phaseportraits, for a saddle repellingnodeand attracting node Theintersectionsof the triangleswith the

axescontribute line sgmentgo attachmentor sepaation lines 1.

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 the smalleste; andseparatiorwherev is par
allel to the largeste. Anothersetof linesis detectedwith
this algorithm,the in ection lines, whereone of the eigen-
vectorsis locally parallelto the velocity vector but theline
itself is not anasymptoteof neighbouringstreamlines(See
Figure 10.) Thesein ection lines caneasilybe Itered out
by checkingif:

r(g v) v=~0: ©)

Thiswill notbetruefor in ection lines.

Figure 10: Thevector eld in theleft gure containsa sepa-
rationline; the eld in theright gure containsanin ection
line 17.

Both algorithms discussedby Kenwright et al. correctly
identify mary separatiorandattachmentines, but may fail

in identifying curved separatioines’. The parallelvector
algorithmwill resultin continuoudines, whereaghe phase
planealgorithmresultsin discontinuoudine sggmentsBoth

algorithmsdo detectopen separatiorlines, which do not

startor endatcritical points.
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5. Featuretracking and event detection

In time-dependentatasets featuresareobjectsthat evolve

in time. Determiningthe correspondencbetweenfeatures
in successie time stepsthatactuallyrepresenthe sameob-

ject at differenttimes, is called the correspondenc@rob-

lem Featuretracking is involved with solving this corre-

spondenceroblem.Thegoalof featuretrackingis to beable

to describethe evolution of featuresthroughtime. During

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

events,in orderto describeheevolution of thefeaturesven

moreaccurately

Therearea numberof approacheto solvingthe correspon-
denceproblem.Featuresanbe extracteddirectly from the
spatio-temporatiomain,therebyimplicitly solvingthe cor-
respondencproblem.Or, whenfeatureextractionis donein
separateime stepsthe correspondenceanbe solvedbased
on region correspondence@r basedon attribute correspon-
dence.

5.1. Feature extraction from the spatio-temporal
domain

It is possibleto perform feature extractionin 3D or 4D
space-timeTricocheet al. presentan algorithm for track-
ing of two-dimensionalvector eld topologiesby interpo-
lation in 3D space-time®3. Bajaj et al. presenta general
techniquefor hypenolumevisualisationt. They describean
algorithmto visualisearbitrary n-dimensionakcalar elds,
possibly with one or more time dimensions.Weigle and
Banksextract featuresby isosurficingin four-dimensional
space-timé’. This is conceptuallysimilar to nding over-
lappingfeaturesin successie time steps.Seealsothe next
Section(5.2),aboutregion correspondenc&auerandPeik-
ertperformtrackingof featuresn (4D or 5D) scale-spacé.
Theideais thatthe original datais smoothedusinga Gaus-
siankernel. The standarddeviation s of this kernelcanbe
ary positve number andis representean the scaleaxis.
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Togethemwith the normal 3D spatialaxes,andpossiblyone
time axis, this scaleaxis spansthe scale-spacdn the arti-

cle,thefocusis online-typefeaturesandspeci cally vortex

cores,but thatis just their main application,andnot inher

entto thealgorithm.In 5D scale-spacét is possibleto track
featuresnotonly alongthetime axis,but alsoalongthescale
axls.

5.2. Regioncorrespondence

Region correspondenc@volves comparingthe regions of
interestobtainedby featureextraction.Basically the binary
imagesfrom successie time steps,containingthe features
foundin thesetime steps arecomparecdn a cell-to-cellba-
sis.Correspondenceanbefoundusingaminimumdistance
or amaximumecross-correlatiogriterion? or by minimising
anafne transformatiormatrix 4. It is alsopossibleto ex-
tractisosurhicesfrom the four-dimensionatime-dependent
dataset®’, wheretime is the fourth dimension.The cor
respondencés thenimplicitly determinedby spatialover
lap betweensuccessie time steps.This criterionis simple,
but not alwayscorrect,asobjectscanoverlapbut not corre-
spond,or correspondut not overlap. Silver and Wang ex-
plicitly usethe criterion of spatialoverlapinsteadof creat-
ing isosuricesin four dimensiong 49, They preventcorre-
spondencéy accidentabverlap,by checkingthe volumeof
thecorrespondindeaturesandtakingthebestmatch.Thisis
alsotheideaof attributecorrespondencevhichis discussed
next. By usingspatialoverlap, certaineventsareimplicitly
detectedsuchas a bifurcation whena featurein onetime
stepoverlapswith two featuresin the next time step.Event
detectionis also discussednore extensiely later, in Sec-
tion5.4.

5.3. Attrib ute correspondence

With attribute correspondencehe comparisonof features
from successie framesis performedon the basisof the at-
tributesof the features,suchasthe position, size, volume,
andorientation.Theseattributescanbecomputedn thefea-
ture extractionphase(seeSection3.4,) andcanbe usedfor
descriptionandfor visualisationof thefeaturesandalsofor
featuretracking,asdescribechere.Theoriginal grid datais
notneededairymore.Samtang etal. usetheattributevalues
togetherwith userprovided tolerancego createcorrespon-
dencecriteria*s. For example for positionthefollowing cri-
terioncouldbeused:

dist(pogOi+1); poOy))  Taist: ®

where pog0;) and pog0O;; 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)
max(vol(Oj+ 1); vol(Op))

Tvol; )

wherevol(O;) andvol(O;+ 1) arethevolumesof thefeatures
in the two time steps,andT, 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
the sameasbeforethe event. The sameformulacanbe used
asfor the normalvolumetest,exceptthatvol(O;+ 1) in this
caseequalsthe sumof the volumesof the separatdeatures.
The position criterion in caseof a bifurcation event could
involvetheweightedaverageof theindividual positionsafter
theevent,wherethe positionsareweighedwith thevolume:

(0040, 2O )PSO 1)
A TR

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

) Taist;  (10)

Reinderset al. describean algorithm for featuretracking,
thatis basedon predictionandveri cation 3334, This algo-
rithm is basedon the assumptiorthat featuresevolve pre-
dictably Thatmeansjf a partof the evolution of a feature
(path) hasbeenfound,a predictioncanbemadeinto thenext
time step(framg. Then,in that next time step,a featureis
soughtthatcorrespondso theprediction(SeeFigurell.)|f
afeatureis foundthatmatcheghe predictionwithin certain
userprovided tolerancesthe featureis addedto the evolu-
tion andthe searchis continuedto the next time step.When
no more featurescan be addedto the path,a new pathis
started.In this manner all framesare searchedor starting
points, both in forward and backward time direction, un-
til no more pathscanbe created A pathis startedby try-
ing all possiblecombinationf featuredrom two consecu-
tive framesandcomputingthe predictionto the next frame.
Then, the predictionis comparedo the candidatefeatures
in thatframe.If thereis a matchbetweerthe predictionand
the candidate a pathis started.To avoid ary erroneousor
coincidentapaths thereis a parametefor the minimal path
length, which is usually setto 4 or 5 frames.A candidate
featurecanbede ned in two ways.All featuredn theframe
canbeusedascandidatespr only unmatchedeaturesanbe
usedthatis, thosefeatureghathave notyetbeenassignedo
ary path.The rst de nition ensureshatall possiblecombi-
nationsaretestedandthatthebestcorrespondends chosen.
However, it couldalsoresultin featuresheingaddedo more
thanonepath.This hasto beresolhedafterwards.Usingthe
secondde nition is muchmoreef cient, becauséhe more
pathsarefound, the fewer unmatchedeaturesrequiretest-
ing. However, in this casetheresultsdependntheorderin
whichthefeaturesaretestedThis problemcanbesolved by
startingthetrackingprocessith stricttolerancesndrelax-
ing thetolerancesn subsequerpasses.

Thepredictionof afeatures constructedby linearextrapola-
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Figure11: Onestepduringfeatuetracking. A pathis shown
with its prediction, and three candidatesin the next time
step34.

tion of the attributesof thefeaturedrom thelasttwo frames.
Otherpredictionschemesouldalsobeused for example,if
apriori knowledgeof the o w is available.

The predictionis matchedagainstreal featuresusingcorre-

spondenceriteria, similar to the onesusedby Samtang et

al. asdiscussedbove 4. For eachattribute of thefeaturesa

correspondendeinctioncanbecreatedyhichreturnsapos-

itive valuefor a correspondencwithin the giventolerance,
with a value of 1 for an exact match,and a negative value

for no correspondencé&achcorrespondenciinctionis as-
signeda weight, besidesthe tolerance.Using this weight,

aweightedaverages calculatedf all correspondencinc-

tions,resultingin thecorrespondendactorbetweerthetwo

featuresFor this correspondenckactor the sameappliesas
for the separateorrespondenctinctions,thatis, a positive

valueindicatesacorrespondenceyith 1 indicatingaperfect
match.A negative correspondenciactormeanso match.

5.4. Event detection

After featuretrackinghasbeenperformedgventdetections
thenext step.Eventsarethetemporalcounterpartef spatial
featuredn theevolution of featuresFor example,if thepath
or evolution of a featureends,it canbe interestingto deter
mine why thathappensit could be thatthe featureshrinks
andvanishespor that the featuremovesto the boundaryof
the datasetanddisappearsor that the featuremeigeswith
anotherfeatureand the two continueas one. Samtang et
al. introducedthe following events: continuation,creation,
dissipation,bifurcation,amalgamatiorf®. (SeeFigure 12.)
Reinderset al. developeda featuretracking systemthat is
able to detecttheseand other events 34. The terminology
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Figure 12: The different typesof eventsas introducedby
Samtangetal. 45,

they useis birth and deathinsteadof creationanddissipa-
tion, andsplit andmege for bifurcationandamalgamation.
Furthermorethey candetectentry andexit events,wherea
featuremovesbeyond the boundaryof the dataset.Finally,
for a speci ¢, graph-typefeature,the systemis ableto de-
tectchangesn topology It discriminatedoop andjunction
events.(SeeFigure13.) Many othertypesof eventscanbe

Figure 13: A loop eventhasoccurred. In thetop gure, the
featule containsa loop, in thebottom gur e, the next frame
theloop hasdisappeagd3L.

ervisioned,but for eachtype speci ¢ detectioncriteriahave
to beprovided.

For eventdetectionjustasfor featuretracking,only thefea-
ture attributes are used.Analogousto the correspondence
functions for eventdetectiongventfunctionsarecomputed.
For example,to detecta deathevent, two conditionsmust
hold. First, the volume of the featuremust decreaseAnd
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
providedtolerance andis equalto oneif the volumeof the
predictionis negative. If the volumeis not within thetoler
ancethereturnedvaluewill benegative. Theeventfunctions
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for the separateattributesarecombinedinto a singlefactor
which determinesf the eventis a deathevent. A birth event
canbedetectedy doingthesametestsin thebackwardtime
direction.

Similarly, the testsfor split andmeige events,andfor entry
andexit eventsareeachothersreversein time.

6. Visualisation of featuresand events

The nal stepin thefeatureextractionpipelineis, of course,
thevisualisatiorof thefeaturesA numberof techniquesvill
be coveredin this section.The moststraightforvard visual-
isationis to shawv the nodesin the dataset,that have been
selectedn the rst stepof the featureextraction pipeline.
This stepresultsin a binary dataset, with eachvalueindi-
catingwhetherthe correspondingnodehasbeenselectecr
not. Thisbinarydatasetcanbevisualisedfor example with
crosseattheselectechodeslin Figurel4, suchavisualisa-
tionis shawvn. Thevisualisatioris of asimulationof the o w
behindabackward-facingstep.Thefeaturethatis visualised
hereis arecirculationzone behindthestep.Thepointswere
selectedwith thecriterion:normalisedhelicity H > 0:6.

Figure 14: Misualisation of the selectedpoints in the
badkward-facing-stelataset*4.

Anothersimplevisualisationtechniqués to useisosurfices.
Thiscanbedoneonthebinarydataset,resultingfromthese-
lectionstep,or, if theselectionexpressionis asimplethresh-
old, directly on the original dataset. This resultsin isosur

facesenclosingthe selectedegions.

Also, otherstandardrisualisationtechniquesanbe usedin
combinationwith theBooleandatasetresultingfrom the se-
lection step.For example,in a 3D ow 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
featuresandtheirorigination.SeeFigurel5, for anexample,
wheretwo streamtubegre 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.

Figure 15: Visualisationwith streamtube®f the recircula-
tion in the badward-facing-steplataset®®.

If, insteadof the separateselectedpoints,the attributesare
used thathave beencomputedn the featureextractionpro-
cessthen parametricicons canbe usedfor visualisingthe
features.

If anellipsoid tting of the selectectlustershasbeencom-
puted,thereare threeattribute vectors:the centreposition,
the axis lengths,and the axis orientations,which can be
mappedonto the parameter®f an ellipsoid icon. This is a
simpleicon, but very ef cient andaccuratelt canberepre-
sentedwith 9 oating-point values,andis thereforespace-
efcient. Furthermoreit canbevery quickly visualisedand
althoughit is simple, it givesan accurateindication of the
positionandvolumeof afeature.ln Figure 16, anellipsoid

Figure 16: An ellipsoid tting computedrom the selected
pointsin the badkward-facing-stelataset*4.

tting is computedrom the selectecpointsin Figure14.In
Figure 17, 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,
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Figure 17: Vorticesin a datasetwith turbulentvortex struc-
tures,visualisedusingisosurfacegndellipsoidss3?.

the ellipsoidsdo not give a goodindicationof the shapeof
thefeaturesBut, asmentionedabove, the positionandvol-
umeattributesof the ellipsoidswill be accurateandcanbe
usedfor featuretracking.

Figure 18: Vorticesbehinda tapeedcylinder Thecolour of
theellipsoidsrepresentsherotationaldirection42.

In Figure 18, the ow pasta taperedcylinder is shavn.

Streamlinesndicatethe o w direction,androtatingstream-
lines indicate vortices. The vortices are selectedby lo-

cating theserotating streamlinesusing the winding-angle
method42. Ellipsesare usedto visualisethe vortices,with

the colour indicating the rotationaldirection. Greenmeans
clockwise rotation, red meanscounterclockwiserotation.
The slice is colouredwith | », which is the second-lagest
eigemalue of thetensorS? + WP. (SeeSection4.1.) Theta-

peredcylinder dataset consistsof a numberof horizontal
slices,suchastheonein Figure18. Figure19 shavs anim-

ageof thethree-dimensionalortices,which have beencon-
structedrom the ellipsesextractedin eachslice. 3.

¢ TheEurographic#ssociatiorandBlackwell Publisher2003.

Figure 19: 3D Vortex structues behind a tapesed cylin-
der 35, Thenumberand curvatue of the spolesindicatethe
rotationalspeedanddirection,respectively

Forthe 3D vorticesin Figure17,anothertypeof icon hasto
beused,f we wantto visualisethe stronglycurved shapeof
thefeaturesReindersetal. presentheuseof skeletongraph
descriptionsfor featureswith which they can createicons
thataccuratelydescribehetopologyof thefeaturesandap-
proximatelydescribethe shapeof the features®2. Compare
the useof ellipsoid iconswith the useof skeletoniconsin
Figure20.

For visualisingthe resultsof featuretracking,it is of course
essentiato visualisethe time dimension.The mostohvious
way is to animatethe featuresandto give the userthe op-
portunity to browse throughthe time steps,both backward
andforward in time. Figure 21 shaws the player from the
featuretrackingprogram developedby Reinders®. Onthe
left of the gure, the graphviewer is shavn, which gives
an abstractoverview of the entire dataset, with the time
stepson the horizontalaxis, andthefeaturesepresentetly
nodes,on the vertical axis. The correspondencesetween
featuresirom consecutie framesare representedby edges
in thegraph,andthereforetheevolution of afeaturein time,
is representedly a pathin thegraph.Ontheright of the g-
ure, the featureviewer is shawn, in which the featureicons
from the currentframearedisplayed.Also, a control panel
is visible, with which the animationcanbe started paused,
andplayedforwardandbackward.

Thegraphviewer canalsobe usedfor visualisingeventss?.
For eachevent, a speci c icon hasbeencreated which is
mappedonto the nodesof the graph,so that the usercan
quickly seewhich eventsoccurwhere,andhow often they
occurt In Figure22, the graphviewer is shavn, with a part
of the graph,containinga numberof events.Eacheventis
clearly recognisablédy its icon. In Figure 23, two frames
are shawvn, betweenwhich a split event has occurred.In
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Figure 20: Turbulentvortex structuesrepresentedy ellipsoidicons(left) and skeletonicons(right) 31.

Figure 23: A split event,befoe (left) andafter (right). Thefeatuesare visualisedwith bothan ellipsoidanda skeletonicon 32,

Figure 21: Playingthroughtheturbulentvortex dataset.

both frames the featuresareshovn with both ellipsoid and
skeletonicons.Theadwantageof the useof skeletoniconsin

Figure 22: Eventsare visualisedin the graph viewer with
special,characteristicicons.

thisapplicationis obvious.Becauseghe shapeof thefeatures
is muchmoreaccuratelyrepresentety the skeletonicons,
changedn shapeand eventssuchastheseare muchmore
easilydetected.
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7. Conclusionsand futur e prospects

Featureextraction is selectionand simpli cation basedon
content: extracting relevant high-level information from a
dataset,visualisingthe datafrom a problem-orientegboint
of view. This leadsto a large reductionof the datasize,and
tofully orsemi-automatigeneratiorof simpleandclearim-
agesThetechniquesregenerallyery speci c for acertain
type of problem(suchasvortex detection) the relationwith
theoriginalraw datais indirect,andthereductionis achiezed
at the costof lossof otherinformation,which is considered
not relevant for the purpose But the techniquegeneralise
well to analysisof time-dependerdatasets leadingto con-
densecepisodicvisualsummaries.

A good possibility is combining feature extraction tech-
nigueswith director geometridechniqueskor example, se-
lective visualisationhasbeenusedeffectively with stream-
line generatior(Figure 15), to placeseedpointsin selected
areasandshav importantstructuresvith only asmallnum-
berof streamlinesCombiningsimpleadwection-basedech-
nigueswith iconic featurevisualisationcanalsoclarify the
relation betweenthe raw dataand the derived information
usedin featuredetection(Figure 18). The work of visuali-
sationandsimulationexpertswill becoménseparablén the
future: the distinctionbetweensimulationandvisualisation
will beincreasinglyblurred.A goodexampleis thetracking
of phasefronts (separatiorbetweentwo different uids in
multi uid o ws) usinglevel setmethods*’, wherethe fea-
tureextractionis a partof both simulationandvisualisation.

How aboutpracticalapplication?Feature-basetbchniques
have beenincorporatedin commercialvisualisation sys-
temsY. The practicaluseof ow visualisationis most ef-
fective when visualisationexperts closely cooperatewith
uid dynamicsexperts. This is especiallytrue in feature-
basedvisualisation,where developing detectioncriteria is
closely connectedo the physicalphenomenatudied.But
also other disciplinescan contritute to this effort: mathe-
maticians artistsanddesignersexperimentalscientistsim-
ageprocessingpecialistsandalsoperceptuahndcognitive
scientists0.

In feature-basedisualisation the following areasneedad-
ditional work:

interactive techniquego supportextractionandtracking
of features;

detectiorandtrackingof new typesof featuressuchasre-
circulationzonespoundarylayers,phaseronts,andmix-
ing zonesanddetectionof new typesof events;
comparatie visualisationbasedon quantitatve feature
comparison;

topologicalanalysis:extensionto nding separatiorsur
facesn 3D andto time-dependenb ws;

Y http://www.ensight.com/products/flow-
feature.html

¢ TheEurographic#ssociatiorandBlackwell Publisher2003.

imageprocessingadaptatiorof imagesegmentationand
Itering techniquego irregulargrids andusewith vector
elds;

online steeringof large simulationsbasedon featureex-
tractionandeventdetection.

Overlookingthewholelandscap®f o w visualisatiortech-
nigueswe cansaythatvisualisatiorof 2D o wshasreached
a high level of perfection,andfor visualisationof 3D o ws
arich setof techniquess available.In the future, we will
concentrat®n techniqueghat scalewell with ever increas-
ing datasetsizes andthereforesimpli cation, selectionand
abstractiortechniquesill getmoreattention.
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