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Abstract
Flow visualisationis an attractivetopic in data visualisation,offering great challengesfor research. Very large
data setsmustbe processed,consistingof multivariatedata at large numbers of grid points,oftenarranged in
manytime steps.Recently, the steadilyincreasingperformanceof computers again hasbecomea driving force
for new advancesin �ow visualisation,especiallyin techniquesbasedontexturing, feature extraction,vector�eld
clustering, andtopology extraction.
In thisarticle wepresentthestateof theart in feature-based�ow visualisationtechniques.Wewill presentnumer-
ousfeature extraction techniques,categorisedaccording to the typeof feature. Next, feature tracking and event
detectionalgorithmsare discussed,for studyingthe evolution of features in time-dependentdata sets.Finally,
variousvisualisationtechniquesare demonstrated.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3 [ComputerGraphics]:visualisation,�o w visuali-
sation,feature-based�o w visualisation

1. Intr oduction

Flow visualisationis oneof thetraditionalsub�elds of data
visualisation,coveringarich varietyof applications,ranging
from automotive, aerospace,andturbomachinerydesign,to
weathersimulationandmeteorology, climatemodelling,and
medicalapplications,with many differentresearchandengi-
neeringgoalsandusertypes.Consequently, thespectrumof
�o w visualisationtechniquesis very rich, spanningmultiple
dimensionsof technicalaspects,suchas 2D and3D tech-
niques,andtechniquesfor steadyandtime-dependentdata.

In this articlewe presentthestateof theart in �o w visuali-
sationtechniques.Thesetechniquescanbecategorisedinto
four groups:

� Direct �ow visualisation: The datais directly visualised,
without much pre-processing,for example by color-
coding or drawing arrows. These techniquesare also
called global techniques, as they are usually appliedto
anentiredomain,or a largepartof it.

� Texture-based �ow visualisation: Texture-basedtech-
niquesapplythedirectionalstructureof a�o w �eld to ran-
domtextures.Thesearemainly usedfor visualising�o w

in two dimensionsor on surfaces.Theresultsarecompa-
rableto theexperimentaltechniqueslike windtunnelsur-
faceoil �o ws. This grouphassomecharacteristicsof the
previousandthenext approaches.

� Geometric�ow visualisation: Geometricobjectsare�rst
extractedfrom the data,and usedfor visualisation.Ex-
amplesarestreamlines,streamsurfaces,time surfaces,or
�o w volumes.Thesegeometricobjectsare directly re-
lated to the data.The resultsof thesetechniquescanbe
comparedto experimentalresultssuchasdye advection
or smoke injectioninto the�o w.

� Feature-based�ow visualisation: The last approachlifts
the visualisationto a higher level of abstraction,by ex-
tractingphysicallymeaningfulpatternsfrom thedatasets.
The visualisationshows only thosepartsthat are of in-
terestto the researcher, the features. Both the de�nition
of what is interesting,andtheway thesefeaturesareex-
tractedandvisualisedaredependenton the dataset,the
application,andtheresearchproblem.

The approachesare not entirely distinct. For example,the
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secondand third approachescan be combinedinto dense
�ow visualisation.

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

Featuresarephenomena,structuresor objectsin a dataset,
thatareof interestfor acertainresearchor engineeringprob-
lem.Examplesof featuresin �o w datasetsareshockwaves,
vortices,boundarylayers,recirculationzones,and attach-
mentandseparationlines.

Therearea numberof factorsmotivating the feature-based
approachto visualisation.First, by extracting only the in-
terestingparts,and ignoring the rest, we can increasethe
information content.Furthermore,by abstractingfrom the
originaldata,theresearcheris ableto focusmoreon therel-
evantphysicalphenomena,whichis betterrelatedto hiscon-
ceptualframework. A large datareductioncanbe achieved
(in the order of 1000 times),but becausethe reductionis
content-based,no(important)informationis lost.Sofar, this
is one of the few approachesthat is truly scalableto very
large time-dependentdatasets.Finally, the objectsor phe-
nomenaextractedcanbesimpli�ed anddescribedquantita-
tively. This makes the visualisationeasy, usingsimple ge-
ometriesor parametricicons.Also, quanti�cation facilitates
furtherresearch,comparisonandtime tracking.

The paperis structuredas follows: in the next section,we
will discusssomefundamentalsfor �o w visualisation,which
arenecessaryfor understandingtherestof thepaper. In Sec-
tion 3 an introductionto featureextractionis given,with a
categorisationof the generalapproachesto featureextrac-
tion. In Section4 featureextractiontechniquesarediscussed,
for several different typesof features.Section5 discusses
featuretracking and event detection,that is, the study of
the evolution of featuresin time-dependentdatasets.Sec-
tion 6 presentsdifferent iconic representationsof features
andthevisualisationof featuresandevents.Finally, in Sec-
tion 7 someconclusionsandfurtherprospectsarepresented.

2. Flow visualisation fundamentals

For a properunderstandingof the rest of the article, it is
necessaryto discussa numberof fundamentalsfor �o w vi-
sualisation,mainly from vectoralgebra.

2.1. Gradients

In threedimensions,a scalarp hasthreepartialderivatives.
Thepartialderivative of p with respectto x is ¶p

¶x . Thegra-
dientof a scalar�eld is thevectorof its partialderivatives:

gradp = r p = [
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¶p
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Thegradientof avector�eld v is foundby applyingthegra-
dientoperatorto eachof thecomponents[u v w] of thevec-
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This matrix can be usedto computea numberof derived
�elds, suchasthedivergence,curl,helicity, acceleration,and
curvature.Thecurl of a velocity�eld is calledthevorticity.
This derived vector �eld indicateshow much the �o w lo-
cally rotatesandtheaxisof rotation.Thesequantitiesareall
usedin different featureextraction techniques,which will
be discussedlater. The exact de�nitions canbe found else-
where19; 39. For the understandingof this article, it is suf-
�cient to know that the Jacobian,or gradientmatrix, is an
importantquantityin �o w visualisationin generalandin fea-
tureextractionin particular.

2.2. Eigenanalysis

Anotherindispensablemathematicaltechniqueis eigenanal-
ysis. An eigenvalue of a 3 � 3 matrix M is a (possibly
complex) scalarl which solves the eigenvector equation:
Mx = l x. Thecorrespondingnon-zerovectorx is calledan
eigenvectorof M. Theeigenvectorsandeigenvaluesof a Ja-
cobianmatrix indicatethedirectionof tangentcurvesof the
�o w, which areused,for exampleto determinethe vector
�eld topology, seeSection3.2.

2.3. Attrib ute calculation

As a partof thefeatureextractionprocess,characteristicat-
tributesof the featureshave to be calculated.Oneconcep-
tually simpleandspaceef�cient technique,is thecomputa-
tion of anellipsoid�tting. An ellipsoidcangive a �rst-order
estimationof the orientationof an object.The axescanbe
scaledto give anexact representationof thesizeor volume
of theobject.Furthermore,anellipsoidis averysimpleicon
to visualise.Thecomputationof anellipsoid�tting involves
eigenanalysisof the covariancematrix of the object's grid
points.For a detaileddescription,seeHaberandMcNabb8,
Silveretal. 50 andDe Leeuw19.

Anothertechniquethatcanbeusedfor attributecalculation
of featuresis centerline extraction. As anexample,a skele-
ton,or MedialAxis Transform,reducesanobjectto asingle
centerline, or graph,while preservingtheoriginal topology
of the object.Using this graph,an icon canbe constructed
from cylindersandhemispheres,to constructanapproxima-
tion of the original shapeof the object 32. This is a useful
representation,especiallywhenthetopologyis animportant
characteristicof thefeatures.

3. Featureextraction approaches

Feature-based�o w visualisationis an approachfor visual-
ising the �o w dataat a high level of abstraction.The �o w
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datais describedby features,which representthe interest-
ing objectsor structuresin the data.The original dataset
is thenno longerneeded.Becauseoften,only a small per-
centageof thedatais of interest,andthefeaturescanbede-
scribedvery compactly, anenormousdatareductioncanbe
achieved.Thismakesit possibleto visualiseevenvery large
datasetsinteractively.

The�rst stepin feature-basedvisualisationis featureextrac-
tion. Thegoalof featureextractionis determining,quantify-
ing anddescribingthefeaturesin a dataset.

A featurecanbe looselyde�ned asany object,structureor
region that is of relevanceto a particularresearchproblem.
In eachapplication,in eachdatasetandfor eachresearcher,
a differentfeaturede�nition couldbeused.Commonexam-
plesin �uid dynamicsarevortices,shockwaves,separation
andattachmentlines,recirculationzonesandboundarylay-
ers.In thenext sectionanumberof feature-speci�cdetection
techniqueswill be discussed.Although mostfeaturedetec-
tion techniquesarespeci�c for aparticulartypeof feature,in
generalthetechniquescanbedividedinto threeapproaches:
basedon imageprocessing,on topologicalanalysis,andon
physicalcharacteristics.

3.1. ImageProcessing

Imageprocessingtechniqueswereoriginally developedfor
analysisof 2D and 3D imagedata,usually representedas
scalar(greyscale)valueson a regular rectangulargrid. The
problemof analysinga numericaldataset,representedon a
grid, is similar to analysinganimagedataset.Therefore,ba-
sic imageprocessingtechniquescanbeusedfor featureex-
tractionfrom scienti�c data.A featuremaybedistinguished
by a typical rangeof data values,just as different tissue
typesaresegmentedfrom medicalimages.Edgesor bound-
ariesof objectsarefoundby detectingsharpchangesin the
datavalues,markedby high gradientmagnitudes.Thus,ba-
sic imagesegmentationtechniques,suchasthresholding,re-
gion growing, and edgedetectioncan be usedfor feature
detection.Also, objectsmaybequantitatively describedus-
ing techniquessuchasskeletonisationor principal compo-
nentanalysis.However, a problemis, that in computational
�uid dynamicssimulations,often grid typesareusedsuch
as structuredcurvilinear grids, or unstructuredtetrahedral
grids. Many techniquesfrom imageprocessingcannotbe
easilyadaptedfor usewith suchgrids. Furthermore,many
digital �ltering techniquesarede�ned only for scalardata.
Adaptationto vector�elds is notalwaysstraightforward.

3.2. Vector Field Topology

A secondapproachto featureextraction is the topological
analysisof 2D linearvector�elds, asintroducedby Helman
andHesselink10; 11, which is basedon detectionandclassi-
�cation of critical points.

The critical pointsof a vector �eld are thosepointswhere

thevectormagnitudeis zero.The�o w in theneighbourhood
of critical pointsis characterisedby eigenanalysisof theve-
locity gradienttensor, or Jacobianof the vector �eld. The
eigenvaluesof theJacobiancanbeusedto classifythecriti-
cal pointsasattractingor repellingnodeor focus,assaddle
point,or center. (SeeFigure1.)Theeigenvectorsindicatethe
directionsin which the �o w approachesor leavesthe criti-
cal point. Thesedirectionscanbe usedto computetangent
curvesof the �o w nearthecritical points.Using this infor-
mation,a schematicvisualisationof the vector�eld canbe
generated.(SeeFigure7.) HelmanandHesselinkhave also
extendedtheir algorithm to 2D time-dependentand to 3D
�o ws.

Repel l ing  Focus

R1, R2 > 0

I1, I2 <> 0

Attracting  Focus

R1, R2 < 0

I1, I2 <> 0

Center

R1, R2 = 0

I1, I2 <> 0

Attracting Node

R1, R2 < 0

I1, I2 = 0

Repel l ing Node

R1, R2 > 0

I1, I2 = 0

Saddle Point

R1 * R2 < 0

I1, I2 = 0

Figure 1: Vector �eld topology: critical pointsclassi�edby
theeigenvaluesof theJacobian10.

Tricocheet al. recentlypresenteda topology-basedmethod
for visualisingtime-dependent2D vector�elds 53. They per-
form time trackingof critical pointsandclosedstreamlines
by temporalinterpolation.They areableto �nd andcharac-
terisetopologicaleventsor structuralchanges(bifurcations),
suchasthepairwiseannihilationor creationof asaddlepoint
andanattractingor repellingnode.

Scheuermannet al. presentedan algorithm for visualising
nonlinearvector�eld topology46, becauseotherknown al-
gorithmsareall basedon piecewise linearor bilinear inter-
polation,which destroys the topology in caseof nonlinear
behaviour. Theiralgorithmmakesuseof Clif ford algebrafor
computingpolynomialapproximationsin areaswith nonlin-
earlocalbehaviour, especiallyhigher-ordersingularities.

De LeeuwandVan Liere presenteda techniquefor visual-
ising �o w structuresusing multilevel �o w topology 21. In
high-resolutiondatasetsof turbulent �o ws, the hugenum-
ber of critical pointscaneasilyclutter a �o w topologyim-
age.Thealgorithmpresentedattemptsto solve this problem
by removing small-scalestructuresfrom the topology. This
is achievedby applyinga pair distance�lter which removes
pairsof critical points,thatareneareachother. Thisremoves
smalltopologicalstructuressuchasvortices,but doesnotaf-
fect theglobaltopologicalstructure.Thethresholddistance,
which determineswhich critical pointsareremoved,canbe
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adapted,makingit possibleto visualisethestructureat dif-
ferentlevelsof detailatdifferentzoomlevels.

Tricocheet al. alsoperform topology simpli�cation in 2D
vector�elds 52; they simplify notonly thetopology, but also
preserve theunderlyingvector�eld, therebymakingit pos-
sible to use standard�o w visualisationmethods,such as
streamlinesor LIC, afterthesimpli�cation. Thebasicprinci-
pleof removing pairsof critical pointsis similar to thetech-
niqueof DeLeeuwandVanLiere21, but in thisalgorithmthe
vector�eld surroundingthecritical pointsis slightly modi-
�ed, in sucha way thatbothcritical pointsdisappear.

3.3. Physical characteristics

The third approachis featureextractionbasedon physical
characteristics.Often, featurescan be detectedby charac-
teristic patternsin, or propertiesof, physicalquantities,for
exampleby low pressure,hightemperature,or swirling �o w.
Thesepropertiesoften follow directly from thefeaturedef-
initions used.Most of the featureextractiontechniquesdis-
cussedin Section4 arebasedonthisapproach,sometimesin
combinationwith topologicalanalysisor imageprocessing
techniques.

3.4. Selective Visualisation

A genericapproachto featureextraction is Selective Visu-
alisation,which is describedby VanWalsum55. Thefeature
extractionprocessis dividedinto four steps(seeFigure2).

Data
Generation

Selection Clustering
Attribute

Calculation
Iconic

M apping
Display

Raw Data
Selected
Nodes

Regions of 
Interest

Attribute
Sets Icons

Selection
Expression

Connectivity
Criteria

Calculation
Method

Mapping
Function

Scientist's knowledge and
conceptual model

Figure2: Thefeature extractionpipeline36.

The�rst stepis theselectionstep.In principle,any selection
techniquecanbeused,that resultsin a binarysegmentation
of the original dataset.A very simplesegmentationis ob-
tainedby thresholdingof theoriginalor deriveddatavalues;
also,multiple thresholdscanbecombined.Thedatasetre-
sulting from the selectionstepis a binary datasetwith the
samedimensionsas the original dataset. The binary val-
uesin this datasetdenotewhetheror not thecorresponding
pointsin theoriginal datasetareselected.Thenext stepin
thefeatureextractionprocessis theclusteringstep,in which
all points that have beenselectedareclusteredinto coher-
ent regions.In the next step,the attribute calculationstep,
theseregionsarequanti�ed.Attributesof theregionsarecal-
culated,suchasposition,volumeandorientation.We now

speakof objects,or features,with a numberof attributes,in-
steadof clustersof points.Oncewe have determinedthese
quanti�ed objects,we don't needtheoriginaldataanymore.
With this, we may accomplisha data reductionfactor of
1000or more.In the fourth and�nal step,iconic mapping,
thecalculatedattributesaremappedonto theparametersof
certainparametricicons,whichareeasyto visualise,suchas
ellipsoids.

4. Featureextraction techniques

In thissection,anumberof featureextractiontechniqueswill
bediscussedthathave beenspeci�cally designedfor certain
typesof features.Thesetechniquesareoftenbasedonphysi-
calor mathematical(topological)propertiesof the�o w. Fea-
turesthatoftenoccurin �o ws arevortices,shockwavesand
separationandattachmentlines.

4.1. Vortex extraction

Featuresof greatimportancein �o w datasets,bothin theo-
reticalandin practicalresearch,arevortices. (SeeFigure3.)
In somecases,vortices(turbulence)have to beimpelled,for
example to stimulatemixing of �uids, or to reducedrag.
In other cases,vorticeshave to be prevented,for example
aroundaircraft,wherethey canreducelift.

Figure3: A vortex in water. WL | Delft Hydraulics.

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

Otheroverviews of algorithmsaregivenby RothandPeik-
ert 40 andby BanksandSinger2.

Therearea numberof algorithmsfor �nding regionswith
vortices:

� One idea is to �nd regionswith a high vorticity magni-
tude.Vorticity is thecurl of thevelocity, thatis, r � v, and
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representsthelocal �o w rotation,bothin speedanddirec-
tion.However, althoughavortex mayhaveahighvorticity
magnitude,theconverseis not alwaystrue 59. Villasenor
andVincentpresentanalgorithmfor constructingvortex
tubesusingthis idea54. They computetheaveragelength
of all vorticity vectorscontainedin small-radiuscylinders,
andusethecylinder with themaximumaveragefor con-
structingthevortex tubes.

� Anotherideais to make useof helicity insteadof vortic-
ity 22; 58. Thehelicity of a �o w is theprojectionof thevor-
ticity onto the velocity, that is (r � v) � v. This way, the
componentof thevorticity perpendicularto thevelocity is
eliminated.

� Becauseswirling �o w often swirls aroundareasof low
pressure,thisis anothercriterionthatcanbeusedto locate
vortex cores37.

� JeongandHussainde�ne a vortex asa region wheretwo
eigenvaluesof thesymmetricmatrixS2+ W2 arenegative,
whereSandWarethesymmetricandantisymmetricparts
of the Jacobianof the vector �eld, respectively 12: S =
1
2(V + VT ), andW= 1

2(V � VT ). This methodis known
asthel 2 method.

Theabovemethodsmayall work in certainsimple�o w data
sets,but they do not hold, for example,in turbomachinery
�o ws,which cancontainstronglycurvedvortices40.

Therearealsosomealgorithmsspeci�cally for �nding vor-
tex core lines:

� Banksand Singerusestreamlinesof the vorticity �eld,
with a correctionto the pressureminimum in the plane
perpendicularto thevortex core2.

� Roth and Peikert suggestthat a vortex core line can be
foundwherevorticity is parallelto velocity 40. Thissome-
timesresultsin coherentstructures,but in mostdatasets
it doesnotgive theexpectedfeatures.

� In thesamearticle,RothandPeikertsuggestthat,in linear
�elds, the vortex coreline is locatedwherethe Jacobian
hasone real-valuedeigenvector, and this eigenvector is
parallelto the �o w 40. However, in their own application
of turbomachinery�o ws, theassumptionof a linear �o w
is too simple.Thesamealgorithmis presentedby Sujudi
andHaimes51.

� Recently, Jiangetal. presentedanew algorithmfor vortex
coreregion detection13, which is basedon ideasderived
from combinatorialtopology. The algorithm determines
for eachcell if it belongsto thevortex core,by examining
its neighbouringvectors.

A few of thesealgorithmswill bereviewedin moredetail.

Sujudi andHaimesdevelopedan algorithmfor �nding the
centreof swirling �o w in 3D vector�elds andimplemented
this algorithmin pV3 51. AlthoughpV3 canusemany types
of grids,thealgorithmhasbeenimplementedfor tetrahedral
cells.Whenusingdatasetswith other typesof cells, these
�rst have to be decomposedinto tetrahedralcells. This is

donefor ef�ciency, becauselinear interpolationfor the ve-
locity canbeusedin thecaseof tetrahedralcells.Thealgo-
rithm is basedoncritical-pointtheoryandusestheeigenval-
uesandeigenvectorsof thevelocity gradienttensoror rate-
of-deformationtensor. The algorithmworks on eachpoint
in the dataset separately, making it very suitablefor par-
allel processing.The algorithm searchesfor points where
the velocity gradienttensorhasonereal andtwo complex-
conjugateeigenvaluesandthevelocity is in thedirectionof
the eigenvector, correspondingto the real eigenvalue. The
algorithmresultsin largecoherentstructureswhena strong
swirling �o w is present,andthegrid cellsarenot too large.
Thealgorithmis sensitiveto thestrengthof theswirling �o w,
resultingin incoherentstructuresor evenno structuresat all
in weakswirling �o ws. Also, if the grid cells are large, or
irregularly sized,the algorithm hasdif�culties �nding co-
herentstructuresor any structuresatall.

KenwrightandHaimesalsostudiedtheeigenvectormethod
andconcludedthat it hasprovento beeffective in many ap-
plications16. Thedrawbacksof thealgorithmarethatit does
not producecontiguouslines.Line segmentsaredrawn for
eachtetrahedralelement,but they arenotnecessarilycontin-
uousacrosselementboundaries.Furthermore,whentheel-
ementsarenot tetrahedra,they have to bedecomposedinto
tetrahedra�rst, introducinga piecewise linear approxima-
tion for a nonlinearfunction.Anotherproblemis that �o w
featuresare found that are not vortices. Instead,swirling
�o w is detected,of which vorticesare an example.How-
ever, swirling �o w alsooccursin theformationof boundary
layers.Finally, the eigenvectormethodis sensitive to other
nonlocalvector features.For example,if two axesof swirl
exist, thealgorithmwill indicatea rotationthat is a combi-
nationof the two swirl directions.The eigenvectormethod
hassuccessfullybeenintegratedinto a �nite elementsolver
for guidingmeshre�nementaroundthevortex core4.

RothandPeikert have developeda methodfor �nding core
lines using higher-order derivatives, making it possibleto
�nd stronglycurved or bentvortices41. They observe that
theeigenvectormethodis equivalentto �nding pointswhere
theaccelerationa isparallelto thevelocityv, orequivalently,
to �nding pointsof zerocurvature.Theaccelerationa is de-
�ned as:

a =
Dv
Dt

; (3)

wherethenotation D f
Dt is usedfor thederivativefollowinga

particle, which is de�ned, in asteady�o w, asr f � v. There-
fore:

a =
Dv
Dt

= r v � v = J � v; (4)

with J theJacobianof v, thatis thematrix of its �rst deriva-
tives.

Roth andPeikert improve the algorithmby de�ning vortex
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coresaspointswhere

b =
Da
Dt

=
D2v
Dt2 (5)

is parallel to v, that is, pointsof zerotorsion.The method
involves computinga higher-order derivative, introducing
problemswith accuracy, but it performsvery well. In com-
parisonwith the eigenvector method,this algorithm �nds
strongly curved vorticesmuch more accurately. Roth and
Peikert also introducetwo attributesfor the core lines: the
strengthof rotation and the quality of the solution. This
makesit possiblefor the userto imposea thresholdon the
vortices, to eliminate weak or short vortices.Peikert and
Rothhave alsointroduceda new operator, the“parallel vec-
tors” operator28, with whichthey areableto mathematically
describea numberof previously developedmethodsunder
onecommondenominator. Using this operatorthey cande-
scribemethodsbasedon zero curvature, ridge and valley
lines,extremumlinesandmore.

Jianget al. recentlypresenteda new approachfor detecting
vortex core regions 13. The algorithm is basedon an idea
which hasbeenderived from Sperner's lemmain combi-
natorial topology, which statesthat it is possibleto deduce
the propertiesof a triangulation,basedon the information
givenat theboundaryvertices.Thealgorithmusesthis fact
to classify points as belongingto a vortex core,basedon
thevectororientationat theneighbouringpoints.In 2D, the
algorithmis very simpleandstraightforward,andhasonly
linear complexity. In 3D, the algorithm is somewhat more
dif�cult, becauseit �rst involvescomputingthevortex core
direction,andnext, the 2D algorithm is appliedto the ve-
locity vectorsprojectedonto theplaneperpendicularto the
vortex coredirection.Still, alsothe 3D algorithmhasonly
linearcomplexity.

Theabove describedmethodsall usealocalcriterionfor de-
termining on a point-to-pointbasiswherethe vorticesare
located.The next algorithmsuseglobal, geometriccriteria
for determiningthelocationof thevortices.This is a conse-
quenceof usinganothervortex de�nition.

SadarjoenandPostpresenttwo geometricmethodsfor ex-
tracting vortices in 2D �elds 42. The �rst is the curvature
centremethod.For eachsamplepoint, the algorithmcom-
putesthecurvaturecentre.In thecaseof vortices,thiswould
resultin ahighdensityof centrepointsnearthecentreof the
vortex. The methodworks but hasthe samelimitations as
traditionalpoint-basedmethods,with somefalseandsome
missingcentres.The secondmethodis the winding-angle
method,which hasbeeninspiredby thework of Portela29.
The method detectsvortices by selectingand clustering
looping streamlines.Thewinding angleaw of a streamline
is de�ned as the sum of the anglesbetweenthe consecu-
tive streamlinesegments.Streamlinesareselectedthathave
madeat leastonecompleterotation,thatis, aw � 2p. A sec-
ond criterion checksthat the distancebetweenthe starting
andendingpoints is relatively small. The selectedstream-

linesareusedfor vortex attributecalculation.Thegeometric
meanis computedof all pointsof all streamlinesbelonging
to the samevortex. An ellipse�tting is computedfor each
vortex, resultingin an approximatesizeandorientationfor
eachvortex. Furthermore,theangularvelocityandrotational
directioncanbecomputed.All theseattributescanbeused
for visualisingthevortices.(SeeFigure4.)

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

4.2. Shockwave extraction

Shockwavesarealso importantfeaturesin �o w datasets,
andcan occur, for example,in �o ws aroundaircraft. (See
Figure5.) Shockwavescanincreasedragandcausestruc-
tural failure, and therefore,are important phenomenafor
study. Shockwaves are characterisedby discontinuitiesin
physical�o w quantitiessuchaspressure,densityandveloc-
ity. Therefore,shockdetectionis comparableto edgedetec-
tion, andsimilar principlescould be usedasin imagepro-
cessing.However, in numericalsimulations,thediscontinu-
ities areoften smearedover several grid points,due to the
limited resolutionof thegrid.

Ma et al. have investigateda numberof techniquesfor de-
tectingandfor visualisingshockwaves24. Detectingshocks
in two dimensionshasbeenextensively investigated18; 25; 38.
However, thesetechniquesare in generalnot applicableto
shocksin threedimensions.They also describea number
of approachesfor visualisingshockwaves.Theapproachof
HaimesandDarmofal 9 is to createisosurfacesof theMach
numbernormalto theshock,usinga combineddensitygra-
dient/Machnumbercomputation.Van Rosendalepresents
a two-dimensionalshock-�tting algorithmfor unstructured
grids38. Theidearelieson thecomparisonof densitygradi-
entsbetweengrid nodes.

Ma et al. comparea numberof algorithmsfor shockextrac-
tion andalsopresenttheirown technique24:
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Figure 5: A shockwavearound an aircraft. (H.-G. Pagen-
darm)

� The�rst ideais to createanisosurfaceof thepointswhere
theMachnumberis one.However, thisresultsin thesonic
surface,which, in general,doesnot representa shock.

� Theoretically, abetterideais to createanisosurfaceof the
points wherethe normal Mach numberis equalto one.
However, if the surface is unknown, it is impossibleto
computetheMachnumber, normalto thesurface.

� This problem can be resolved, by approximatingthe
shocknormalwith the densitygradient,sincea shockis
alsoassociatedwith a largegradientof thedensity. There-
fore, r r is (roughly)normalto theshocksurface.Thus,
the algorithm computesthe Mach numberin the direc-
tion of, or projectedonto,thedensitygradient.Theshock
surfaceis constructedfrom the points wherethis Mach
numberequalsone.Thisalgorithmis alsousedby Lovely
andHaimes23, but they de�ne theshockregion asthere-
gion within the isosurfaceof Machnumberone,anduse
�ltering techniquesto reconstructa sharpsurface.

� Pagendarmpresentedanalgorithmthatsearchesfor max-
imain thedensitygradient26. The�rst andsecondderiva-
tives of the density in the direction of the velocity are
computed.Next, zero-level isosurfacesareconstructedof
the secondderivative, to �nd the extremain the density
gradient.Finally, the�rst derivative is usedto selectonly
the maxima,which correspondto shockwaves,anddis-
cardtheminima,which representexpansionwaves.This
canbedoneby selectingonly positive valuesof the �rst
derivative. However, the secondderivative can also be
zeroin smoothregionswith few disturbances.In thesere-
gionsthe�rst derivative will besmall,therefore,thesere-
gionscanbeexcludedby discardingall pointswherethe
�rst derivative is below a certainthresholde. Of course,
this posestheproblemof �nding thecorrecte. Whenthe
valueis too small,erroneousshockswill be found,but if
thevalueis too large,partsof theshockscoulddisappear.
This algorithm can also be usedfor �nding discontinu-
ities in other typesof scalar�elds, and thus for �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,

thezero-level isosurfacesof theseconddirectionalderiva-
tive of the densityare constructed.But for discriminat-
ing shockwaves from expansionwaves and smoothre-
gions,thenormalMachnumberis used.More precisely,
thosepointsareselectedwherethenormalMachnumber
is closeto one.Herealso,asuitableneighbourhoodof one
hasto bechosen.

4.3. Separationand attachment line extraction

Other featuresin �o w datasetsare separationandattach-
ment lines on the boundariesof bodiesin the �o w. These
are the lines wherethe �o w abruptlymovesaway from or
returnsto thesurfaceof thebody. (SeeFigure6.) Theseare
importantfeaturesin aerodynamicdesignbecausethey can
causeincreaseddragandreducedlift 39, andtherefore,their
occurrenceshouldbepreventedor at leastminimised.

Figure 6: Separation andattachmentlineson a deltawing
(D. Kenwright).

HelmanandHesselinkusevector�eld topologyto visualise
�o w �elds 11. In addition to the critical points, the attach-
mentanddetachmentnodeson thesurfacesof bodiesdeter-
mine the topologyof the �o w. (SeeFigure7.) The attach-
mentanddetachmentnodesarenot characterisedby a zero
velocity, becausethey only occurin �o wswith ano-slipcon-
dition, thatis,all pointsontheboundariesof objectsarecon-
strainedto havezerovelocity. Instead,they arecharacterised
by azerotangentialvelocity. Therefore,streamlinesimping-
ing onthesurfaceterminateat theattachmentor detachment
node,insteadof beingde�ectedalongthesurface.

Globus et al. designedand implementeda system for
analysingandvisualisingthe topologyof a �o w �eld with
iconsfor thecritical pointsandintegralcurvesstartingclose
to the critical points6. The systemis alsoableto visualise
attachmentanddetachmentsurfacesandvortex cores.

PagendarmandWalter 27 andDe Leeuwet al. 20 usedskin-
friction linesfor visualisingattachmentanddetachmentlines
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Figure 7: Vector �eld topology: a topological skeletonof a
�ow arounda cylinder11.

in theblunt �n dataset.For visualisingtheselines,thewall
sheart w is computed,which is the �o w velocity gradient
perpendicularto the wall. Next, a standardstreamlineal-
gorithm is usedto integratethe skin-friction lines from the
shearvector �eld. Theseskin-friction lines show the loca-
tion of separationand attachmentof the �o w at the wall.
(SeeFigure8.)

Figure8: Skin-frictionona blunt �n froma �ow simulation
at Mach 5, visualisedwith spotnoise20.

Kenwrightgivesan overview of existing techniquesfor vi-
sualising separationand attachmentlines and presentsa
new automaticfeaturedetectiontechniquefor locatingthese
lines, basedon conceptsfrom 2D phaseplaneanalysis15.
Somecommonapproachesare:

� Particleseedingandcomputationof integral curves,such
asstreamlinesandstreaklines,which areconstrainedto
thesurfaceof thebody. Thesecurvesmergealongsepara-
tion lines.

� Skin-friction lines canbe used,analogousto surfaceoil
�o w techniquesfrom wind tunnelexperiments27.

� Texturesynthesistechniquescanbeusedto createcontin-
uous�o w patternsratherthandiscretelines20.

� HelmanandHesselinkcangenerateseparationandattach-
mentlinesfrom their vector�eld topology11. Theselines
aregeneratedby integratingcurves from the saddleand
nodetypecritical pointson thesurfacein thedirectionof

therealeigenvector. However, only closedseparationsare
found,thatis, curvesthatstartandendatcritical points.

Openseparationdoesnot requireseparationlines to start
or endat critical points,andis thereforenot detectedusing
�o w topology. Openseparationhasbeenobserved in exper-
iments,but hadnot previously beenstudiedin �o w simula-
tions.However, thealgorithmpresentedby Kenwrightdoes
detectbothclosedandopenseparationlines.Thetheoryfor
this algorithmis basedon conceptsfrom linearphaseplane
analysis.It is assumedthatthecomputationaldomainonthe
surfacecanbesubdividedinto trianglesandthevectorcom-
ponentsaregivenat thevertices.Thealgorithmis executed
for eachtriangle,makingit suitablefor parallelisation.For
eachtriangle,a linear vector �eld is constructedsatisfying
thevectorsat thevertices.If thedeterminantof theJacobian
matrixis nonzero,thealgorithmcontinuesby calculatingthe
eigenvaluesandeigenvectorsof theJacobian.Every triangle
hasa critical point somewherein its vector�eld. Thelinear
vector�eld is translatedto this critical pointandthecoordi-
natesystemis changedsothattheeigenvectorsareorthogo-
nal.This (x;y) planeis alsoreferredto asthePoincaréphase
plane.(SeeFigure9.) By computingtangentcurves in the
phaseplane,we obtainthephaseportraitof thesystem.For
a saddle,the tangentcurvesor streamlinesconverge along
thex andy axes.For a repellingnode,they converge along
they axisandfor anattractingnode,they convergealongthe
x axis.If thephaseportraitis asaddleor arepellingnode,the
intersectionof they axiswith thetriangleis computed.If it
intersects,the line segmentwill form partof anattachment
line. If the phaseportrait is a saddleor an attractingnode,
the intersectionof thex axiswith the triangleis computed,
andif it doesintersect,the line segmentwill form partof a
separationline.

A problemwith this algorithm is that disjointed line seg-
mentsare computedinsteadof continuousattachmentand
separationlines.Otherproblemsoccurwhenthe �o w sepa-
rationor attachmentis relatively weak,or whentheassump-
tion of locally linear�o w is not correct.

Kenwrightet al. presenttwo algorithmsfor detectingsep-
arationand attachmentlines 17. The �rst is the algorithm
discussedabove, thesecondis theparallelvectoralgorithm.
Bothalgorithmsuseeigenvectoranalysisof thevelocitygra-
dient tensor. However, the�rst is element-basedandresults
in disjointedline segments,while thesecondis point-based
andwill resultin continuouslines.

In theparallelvectoralgorithm,pointsarelocatedwhereone
of the eigenvectorsei of the gradientr v is parallel to the
vector�eld v, that is, pointswherethestreamlinecurvature
is zero,or in formula:

ei � v = 0: (6)

Thevelocityvectorsandtheeigenvectorscanbedetermined
at the verticesof the grid and interpolatedwithin the ele-
ments.At the vertices,ei � v is calculatedfor both eigen-
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Figure 9: Threephaseportraits, for a saddle, repellingnodeandattracting node. Theintersectionsof the triangleswith the
axescontributeline segmentsto attachmentor separation lines15.

vectors,but only if both eigenvectorsare real, that is, the
classi�cationof r v at thevertex is eitherasaddleor anode.
If thecrossproductei � v changessignacrossanedge,that
meansan attachmentor separationline intersectsthe edge.
The intersectionpoint can then be found by interpolation
alongtheedge.Theattachmentandseparationlinescanbe
constructedby connectingtheintersectionpointsin eachel-
ement.The distinction betweenattachmentand separation
canbemadeeasily, becauseattachmentwill occurwherev
is parallel to the smallestei andseparationwherev is par-
allel to the largestei . Anothersetof lines is detectedwith
this algorithm,the in�ection lines,whereoneof the eigen-
vectorsis locally parallelto thevelocity vector, but theline
itself is not anasymptoteof neighbouringstreamlines.(See
Figure10.) Thesein�ection lines caneasilybe �ltered out
by checkingif:

r (ei � v) � v = 0: (7)

This will not betruefor in�ection lines.

Figure10: Thevector�eld in theleft �gure containsa sepa-
ration line; the�eld in theright �gure containsan in�ection
line 17.

Both algorithms discussedby Kenwright et al. correctly
identify many separationandattachmentlines,but mayfail
in identifying curvedseparationlines17. Theparallelvector
algorithmwill resultin continuouslines,whereasthephase
planealgorithmresultsin discontinuousline segments.Both
algorithmsdo detectopen separationlines, which do not
startor endatcritical points.

5. Feature tracking and event detection

In time-dependentdatasets,featuresareobjectsthatevolve
in time. Determiningthe correspondencebetweenfeatures
in successive timesteps,thatactuallyrepresentthesameob-
ject at different times, is called the correspondenceprob-
lem. Featuretracking is involved with solving this corre-
spondenceproblem.Thegoalof featuretrackingis to beable
to describethe evolution of featuresthroughtime. During
theevolution, certaineventscanoccur, suchasthe interac-
tion of two or more features,or signi�cant shapechanges
of features.Eventdetectionis theprocessof detectingsuch
events,in orderto describetheevolutionof thefeatureseven
moreaccurately.

Therearea numberof approachesto solvingthecorrespon-
denceproblem.Featurescanbeextracteddirectly from the
spatio-temporaldomain,therebyimplicitly solving thecor-
respondenceproblem.Or, whenfeatureextractionis donein
separatetimesteps,thecorrespondencecanbesolvedbased
on region correspondence,or basedon attributecorrespon-
dence.

5.1. Featureextraction fr om the spatio-temporal
domain

It is possibleto perform featureextraction in 3D or 4D
space-time.Tricocheet al. presentan algorithm for track-
ing of two-dimensionalvector �eld topologiesby interpo-
lation in 3D space-time53. Bajaj et al. presenta general
techniquefor hypervolumevisualisation1. They describean
algorithmto visualisearbitraryn-dimensionalscalar�elds,
possibly with one or more time dimensions.Weigle and
Banksextract featuresby isosurfacing in four-dimensional
space-time57. This is conceptuallysimilar to �nding over-
lappingfeaturesin successive time steps.Seealsothe next
Section(5.2),aboutregioncorrespondence.BauerandPeik-
ertperformtrackingof featuresin (4D or 5D) scale-space3.
Theideais that theoriginal datais smoothedusinga Gaus-
siankernel.The standarddeviation s of this kernelcanbe
any positive number, and is representedon the scaleaxis.
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Togetherwith thenormal3D spatialaxes,andpossiblyone
time axis, this scaleaxis spansthe scale-space.In the arti-
cle,thefocusis online-typefeatures,andspeci�cally vortex
cores,but that is just their main application,andnot inher-
entto thealgorithm.In 5D scale-space,it is possibleto track
featuresnotonly alongthetimeaxis,but alsoalongthescale
axis.

5.2. Regioncorrespondence

Region correspondenceinvolves comparingthe regions of
interestobtainedby featureextraction.Basically, thebinary
imagesfrom successive time steps,containingthe features
foundin thesetime steps,arecomparedon a cell-to-cellba-
sis.Correspondencecanbefoundusingaminimumdistance
or amaximumcross-correlationcriterion7 or by minimising
an af�ne transformationmatrix 14. It is alsopossibleto ex-
tract isosurfacesfrom the four-dimensionaltime-dependent
dataset 57, where time is the fourth dimension.The cor-
respondenceis then implicitly determinedby spatialover-
lap betweensuccessive time steps.This criterion is simple,
but not alwayscorrect,asobjectscanoverlapbut not corre-
spond,or correspondbut not overlap.Silver andWangex-
plicitly usethe criterion of spatialoverlapinsteadof creat-
ing isosurfacesin four dimensions48; 49. They preventcorre-
spondenceby accidentaloverlap,by checkingthevolumeof
thecorrespondingfeaturesandtakingthebestmatch.This is
alsotheideaof attributecorrespondence,which is discussed
next. By usingspatialoverlap,certaineventsareimplicitly
detected,suchasa bifurcation whena featurein one time
stepoverlapswith two featuresin thenext time step.Event
detectionis also discussedmore extensively later, in Sec-
tion 5.4.

5.3. Attrib ute correspondence

With attribute correspondence,the comparisonof features
from successive framesis performedon thebasisof theat-
tributesof the features,suchas the position,size,volume,
andorientation.Theseattributescanbecomputedin thefea-
tureextractionphase,(seeSection3.4,)andcanbeusedfor
descriptionandfor visualisationof thefeatures,andalsofor
featuretracking,asdescribedhere.Theoriginal grid datais
notneededanymore.Samtaney etal. usetheattributevalues
togetherwith user-provided tolerancesto createcorrespon-
dencecriteria45. For example,for positionthefollowing cri-
terioncouldbeused:

dist( pos(Oi+ 1); pos(Oi)) � Tdist ; (8)

where pos(Oi ) and pos(Oi+ 1) are the positionsof the ob-
jects in time stepsi andi + 1, respectively, andTdist is the
user-providedtolerance.For scalarattributes,thedifference
or therelative differencecouldbeused.For example,to test
therelative differenceof thevolume,thefollowing formula

canbeused:

vol(Oi+ 1) � vol(Oi)
max(vol(Oi+ 1); vol(Oi))

� Tvol; (9)

wherevol(Oi) andvol(Oi+ 1) arethevolumesof thefeatures
in the two time steps,andTvol is the tolerancegiven by the
user. Eventssuchas a bifurcation can also be tested.If a
featurein time step i splits into two featuresin time step
i + 1, thetotalvolumeaftertheeventhasto beapproximately
thesameasbeforetheevent.Thesameformulacanbeused
asfor thenormalvolumetest,exceptthat vol(Oi+ 1) in this
caseequalsthesumof thevolumesof theseparatefeatures.
The position criterion in caseof a bifurcationevent could
involvetheweightedaverageof theindividualpositionsafter
theevent,wherethepositionsareweighedwith thevolume:

dist( pos(Oi );
å (vol(Oi+ 1) � pos(Oi+ 1))

å (vol(Oi+ 1))
) � Tdist ; (10)

whereOi+ 1 now representsall objectsin timestepi + 1 that
areinvolvedin theevent.

Reinderset al. describean algorithm for featuretracking,
that is basedon predictionandveri�cation 33; 34. This algo-
rithm is basedon the assumptionthat featuresevolve pre-
dictably. That means,if a part of the evolution of a feature
(path) hasbeenfound,apredictioncanbemadeinto thenext
time step(frame). Then,in that next time step,a featureis
sought,thatcorrespondsto theprediction.(SeeFigure11.)If
a featureis foundthatmatchesthepredictionwithin certain
user-provided tolerances,the featureis addedto the evolu-
tion andthesearchis continuedto thenext time step.When
no more featurescan be addedto the path,a new path is
started.In this manner, all framesaresearchedfor starting
points, both in forward and backward time direction, un-
til no more pathscan be created.A path is startedby try-
ing all possiblecombinationsof featuresfrom two consecu-
tive framesandcomputingthepredictionto thenext frame.
Then,the predictionis comparedto the candidatefeatures
in thatframe.If thereis a matchbetweenthepredictionand
the candidate,a path is started.To avoid any erroneousor
coincidentalpaths,thereis a parameterfor theminimalpath
length,which is usually set to 4 or 5 frames.A candidate
featurecanbede�ned in two ways.All featuresin theframe
canbeusedascandidates,or only unmatchedfeaturescanbe
used,thatis, thosefeaturesthathavenotyetbeenassignedto
any path.The�rst de�nition ensuresthatall possiblecombi-
nationsaretestedandthatthebestcorrespondenceis chosen.
However, it couldalsoresultin featuresbeingaddedto more
thanonepath.This hasto beresolvedafterwards.Usingthe
secondde�nition is muchmoreef�cient, becausethemore
pathsarefound, the fewer unmatchedfeaturesrequiretest-
ing. However, in thiscase,theresultsdependon theorderin
which thefeaturesaretested.Thisproblemcanbesolvedby
startingthetrackingprocesswith strict tolerancesandrelax-
ing thetolerancesin subsequentpasses.

Thepredictionof afeatureisconstructedby linearextrapola-
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Figure11:Onestepduringfeaturetracking. Apathisshown
with its prediction, and three candidatesin the next time
step34.

tion of theattributesof thefeaturesfrom thelasttwo frames.
Otherpredictionschemescouldalsobeused,for example,if
a priori knowledgeof the�o w is available.

Thepredictionis matchedagainstreal featuresusingcorre-
spondencecriteria,similar to theonesusedby Samtaney et
al. asdiscussedabove 45. For eachattributeof thefeatures,a
correspondencefunctioncanbecreated,whichreturnsapos-
itive valuefor a correspondencewithin thegiven tolerance,
with a valueof 1 for an exact match,anda negative value
for no correspondence.Eachcorrespondencefunctionis as-
signeda weight, besidesthe tolerance.Using this weight,
aweightedaverageis calculatedof all correspondencefunc-
tions,resultingin thecorrespondencefactorbetweenthetwo
features.For this correspondencefactor, thesameappliesas
for theseparatecorrespondencefunctions,that is, a positive
valueindicatesacorrespondence,with 1 indicatingaperfect
match.A negative correspondencefactormeansno match.

5.4. Event detection

After featuretrackinghasbeenperformed,eventdetectionis
thenext step.Eventsarethetemporalcounterpartsof spatial
featuresin theevolutionof features.For example,if thepath
or evolution of a featureends,it canbe interestingto deter-
mine why thathappens.It couldbe that the featureshrinks
andvanishes,or that the featuremoves to the boundaryof
the datasetanddisappears,or that the featuremergeswith
anotherfeatureand the two continueas one.Samtaney et
al. introducedthe following events:continuation,creation,
dissipation,bifurcation,amalgamation45. (SeeFigure12.)
Reinderset al. developeda featuretrackingsystemthat is
able to detecttheseand other events 34. The terminology
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Figure 12: The different typesof eventsas introducedby
Samtaney et al. 45.

they useis birth anddeathinsteadof creationanddissipa-
tion, andsplit andmerge for bifurcationandamalgamation.
Furthermore,they candetectentryandexit events,wherea
featuremovesbeyond theboundaryof thedataset.Finally,
for a speci�c, graph-typefeature,the systemis ableto de-
tectchangesin topology. It discriminatesloop andjunction
events.(SeeFigure13.) Many othertypesof eventscanbe

Figure 13: A loop eventhasoccurred. In thetop �gure, the
feature containsa loop, in thebottom�gure, thenext frame,
theloophasdisappeared31.

envisioned,but for eachtypespeci�c detectioncriteriahave
to beprovided.

For eventdetection,justasfor featuretracking,only thefea-
ture attributesare used.Analogousto the correspondence
functions,for eventdetection,eventfunctionsarecomputed.
For example,to detecta deathevent, two conditionsmust
hold. First, the volume of the featuremust decrease.And
second,thevolumeof thepredictionmustbevery small or
negative. The event function for this event returnsa posi-
tive valueif thevolumeof thepredictionis within theuser-
provided tolerance,andis equalto oneif thevolumeof the
predictionis negative. If thevolumeis not within the toler-
ance,thereturnedvaluewill benegative.Theeventfunctions
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for theseparateattributesarecombinedinto a singlefactor,
which determinesif theeventis a deathevent.A birth event
canbedetectedby doingthesametestsin thebackwardtime
direction.

Similarly, the testsfor split andmergeevents,andfor entry
andexit eventsareeachother's reversein time.

6. Visualisation of featuresand events

The�nal stepin thefeatureextractionpipelineis, of course,
thevisualisationof thefeatures.A numberof techniqueswill
becoveredin this section.Themoststraightforwardvisual-
isationis to show the nodesin the dataset,that have been
selectedin the �rst stepof the featureextraction pipeline.
This stepresultsin a binary dataset,with eachvalueindi-
catingwhetherthecorrespondingnodehasbeenselectedor
not.Thisbinarydatasetcanbevisualised,for example,with
crossesat theselectednodes.In Figure14,sucha visualisa-
tion is shown. Thevisualisationis of asimulationof the�o w
behindabackward-facingstep.Thefeaturethatis visualised
hereis arecirculationzone,behindthestep.Thepointswere
selectedwith thecriterion:normalisedhelicity H > 0:6.

Figure 14: Visualisation of the selectedpoints in the
backward-facing-stepdataset44.

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

Also, otherstandardvisualisationtechniquescanbeusedin
combinationwith theBooleandatasetresultingfrom these-
lection step.For example,in a 3D �o w dataset,using the
standardmethodsfor seedingstreamlinesor streamtubes,
will not provide much information about the featuresand
will possiblyresultin visualclutter. However, if theselected
pointsareusedto seedstreamlines,bothbackwardandfor-
ward in time, this canprovide usefulinformationaboutthe
featuresandtheirorigination.SeeFigure15,for anexample,
wheretwo streamtubesareshown in the backward-facing-
stepdataset. The radiusof the tubesis inverselypropor-

tional to thesquarerootof thelocalvelocitymagnitude,and
thecolourof thetubescorrespondsto thepressure.

Figure 15: Visualisationwith streamtubesof the recircula-
tion in thebackward-facing-stepdataset56.

If, insteadof the separateselectedpoints,the attributesare
used,thathave beencomputedin thefeatureextractionpro-
cess,thenparametriciconscanbe usedfor visualisingthe
features.

If anellipsoid �tting of theselectedclustershasbeencom-
puted,thereare threeattribute vectors:the centreposition,
the axis lengths,and the axis orientations,which can be
mappedonto the parametersof an ellipsoid icon. This is a
simpleicon,but very ef�cient andaccurate.It canberepre-
sentedwith 9 �oating-point values,andis thereforespace-
ef�cient. Furthermore,it canbeveryquickly visualised,and
althoughit is simple,it givesan accurateindicationof the
positionandvolumeof a feature.In Figure16, anellipsoid

Figure 16: An ellipsoid �tting computedfrom the selected
pointsin thebackward-facing-stepdataset44.

�tting is computedfrom theselectedpointsin Figure14. In
Figure17, vorticesareshown from a CFD simulationwith
turbulentvortex structures.Thefeatureshave beenselected
by a thresholdon vorticity magnitude.They are being vi-
sualisedwith isosurfacesandellipsoids.It is clearlyvisible
that, in this application,with the stronglycurved features,
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Figure17: Vorticesin a datasetwith turbulentvortex struc-
tures,visualisedusingisosurfacesandellipsoids31.

theellipsoidsdo not give a goodindicationof theshapeof
thefeatures.But, asmentionedabove, thepositionandvol-
umeattributesof theellipsoidswill beaccurate,andcanbe
usedfor featuretracking.

Figure18: Vorticesbehinda taperedcylinder. Thecolourof
theellipsoidsrepresentstherotationaldirection42.

In Figure 18, the �o w past a taperedcylinder is shown.
Streamlinesindicatethe�o w direction,androtatingstream-
lines indicate vortices. The vortices are selectedby lo-
cating theserotating streamlines,using the winding-angle
method42. Ellipsesareusedto visualisethe vortices,with
the colour indicatingthe rotationaldirection.Greenmeans
clockwise rotation, red meanscounterclockwiserotation.
The slice is colouredwith l 2, which is the second-largest
eigenvalueof thetensorS2 + W2. (SeeSection4.1.)Theta-
peredcylinder dataset consistsof a numberof horizontal
slices,suchastheonein Figure18.Figure19 shows anim-
ageof thethree-dimensionalvortices,whichhave beencon-
structedfrom theellipsesextractedin eachslice.35.

Figure 19: 3D Vortex structures behind a tapered cylin-
der 35. Thenumberandcurvature of thespokesindicatethe
rotationalspeedanddirection,respectively.

For the3D vorticesin Figure17,anothertypeof iconhasto
beused,if wewantto visualisethestronglycurvedshapeof
thefeatures.Reindersetal. presenttheuseof skeletongraph
descriptionsfor features,with which they cancreateicons
thataccuratelydescribethetopologyof thefeatures,andap-
proximatelydescribetheshapeof the features32. Compare
the useof ellipsoid iconswith the useof skeletonicons in
Figure20.

For visualisingtheresultsof featuretracking,it is of course
essentialto visualisethetime dimension.Themostobvious
way is to animatethe features,andto give the usertheop-
portunity to browsethroughthe time steps,both backward
and forward in time. Figure21 shows the player from the
featuretrackingprogram,developedby Reinders34. On the
left of the �gure, the graphviewer is shown, which gives
an abstractoverview of the entire dataset, with the time
stepson thehorizontalaxis,andthefeaturesrepresentedby
nodes,on the vertical axis. The correspondencesbetween
featuresfrom consecutive framesarerepresentedby edges
in thegraph,andtherefore,theevolutionof afeaturein time,
is representedby apathin thegraph.On theright of the�g-
ure,the featureviewer is shown, in which the featureicons
from thecurrentframearedisplayed.Also, a control panel
is visible, with which theanimationcanbestarted,paused,
andplayedforwardandbackward.

Thegraphviewer canalsobeusedfor visualisingevents31.
For eachevent, a speci�c icon hasbeencreated,which is
mappedonto the nodesof the graph,so that the usercan
quickly seewhich eventsoccurwhere,andhow often they
occur. In Figure22, thegraphviewer is shown, with a part
of the graph,containinga numberof events.Eachevent is
clearly recognisableby its icon. In Figure 23, two frames
are shown, betweenwhich a split event has occurred.In
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Figure20: Turbulentvortex structuresrepresentedbyellipsoidicons(left) andskeletonicons(right) 31.

Figure23: A split event,before (left) andafter (right). Thefeaturesarevisualisedwith bothanellipsoidanda skeletonicon 31.

Figure21: Playingthroughtheturbulentvortex dataset.

both frames,the featuresareshown with bothellipsoidand
skeletonicons.Theadvantageof theuseof skeletoniconsin

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

thisapplicationis obvious.Becausetheshapeof thefeatures
is muchmoreaccuratelyrepresentedby theskeletonicons,
changesin shapeandeventssuchas thesearemuchmore
easilydetected.
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7. Conclusionsand futur eprospects

Featureextraction is selectionandsimpli�cation basedon
content:extracting relevant high-level information from a
dataset,visualisingthedatafrom a problem-orientedpoint
of view. This leadsto a largereductionof thedatasize,and
to fully or semi-automaticgenerationof simpleandclearim-
ages.Thetechniquesaregenerallyveryspeci�c for acertain
typeof problem(suchasvortex detection),therelationwith
theoriginalraw datais indirect,andthereductionisachieved
at thecostof lossof otherinformation,which is considered
not relevant for the purpose.But the techniquesgeneralise
well to analysisof time-dependentdatasets,leadingto con-
densedepisodicvisualsummaries.

A good possibility is combining feature extraction tech-
niqueswith director geometrictechniques.For example,se-
lective visualisationhasbeenusedeffectively with stream-
line generation(Figure15), to placeseedpointsin selected
areas,andshow importantstructureswith only asmallnum-
berof streamlines.Combiningsimpleadvection-basedtech-
niqueswith iconic featurevisualisationcanalsoclarify the
relationbetweenthe raw dataand the derived information
usedin featuredetection(Figure18). The work of visuali-
sationandsimulationexpertswill becomeinseparablein the
future: thedistinctionbetweensimulationandvisualisation
will beincreasinglyblurred.A goodexampleis thetracking
of phasefronts (separationbetweentwo different �uids in
multi�uid �o ws) usinglevel setmethods47, wherethe fea-
tureextractionis apartof bothsimulationandvisualisation.

How aboutpracticalapplication?Feature-basedtechniques
have been incorporatedin commercialvisualisationsys-
temsy. The practicaluseof �o w visualisationis most ef-
fective when visualisationexperts closely cooperatewith
�uid dynamicsexperts.This is especiallytrue in feature-
basedvisualisation,wheredeveloping detectioncriteria is
closely connectedto the physicalphenomenastudied.But
also other disciplinescan contribute to this effort: mathe-
maticians,artistsanddesigners,experimentalscientists,im-
ageprocessingspecialists,andalsoperceptualandcognitive
scientists30.

In feature-basedvisualisation,the following areasneedad-
ditionalwork:

� interactive techniquesto supportextractionandtracking
of features5;

� detectionandtrackingof new typesof features,suchasre-
circulationzones,boundarylayers,phasefronts,andmix-
ing zones,anddetectionof new typesof events;

� comparative visualisationbasedon quantitative feature
comparison;

� topologicalanalysis:extensionto �nding separationsur-
facesin 3D andto time-dependent�o ws;

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

� imageprocessing:adaptationof imagesegmentationand
�ltering techniquesto irregulargridsandusewith vector
�elds;

� online steeringof large simulationsbasedon featureex-
tractionandeventdetection.

Overlookingthewholelandscapeof �o w visualisationtech-
niques,wecansaythatvisualisationof 2D �o wshasreached
a high level of perfection,andfor visualisationof 3D �o ws
a rich setof techniquesis available.In the future, we will
concentrateon techniquesthatscalewell with ever increas-
ing datasetsizes,andthereforesimpli�cation, selection,and
abstractiontechniqueswill getmoreattention.
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