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ABSTRACT

Gaining a comprehensive understandingof turbulent �o ws still
posesone of the great challengesin �uid dynamics. A well-
establishedapproachto advancethis researchis theanalysisof the
vortex structurescontainedin the �o w. In orderto beableto per-
form this analysisef�ciently , supportingvisualizationtools with
clearlyde�ned requirementsareneeded.In this paper, we present
avisualizationsystemwhichmatchestheserequirementsto a large
extent. Thesystemconsistsof two components.The �rst compo-
nentanalyzesthe �o w by meansof a novel combinationof vortex
coreline detectionandthe l 2 method. The secondcomponentis
a vortex browser which allows for an interactive explorationand
manipulationof thevorticesdetectedandseparatedduringthe�rst
phase.

Our systemimprovesthereliability andapplicabilityof existing
vortex detectionmethodsandallows for a moreef�cient studyof
vortical �o wswhich is demonstratedin anevaluationperformedby
experts.

CR Categories: I.3.3 [Computer Graphics]: Interactive
Rendering—Flow Visualization;

Keywords: Flow Features,Vortex Detection,Interactive Manipu-
lation,3D VectorFieldVisualization

1 I NTRODUCTI ON

Numerical�o w simulationusingsupercomputersandexperimental
techniqueslike PIV (Particle ImageVelocimetry)andLDA (Laser
Doppler Anemometry)are valuableinstrumentsfor the develop-
mentof new productsin the car manufacturingandaerospacein-
dustryandotherresearchareaswhereunderstandingof gaseousor
liquid �o ws is required. In general,the valueof thesenumerical
andexperimental�o w simulationsdependson theresolutionof the
computationalgrid andthenumberof velocityvectorsthatcouldbe
measured,respectively. Accordingly, mucheffort hasbeenput into
improving thesesimulationandmeasurementtechniques,thereby
pushingthesizeof theresultingdatasetsinto regionswherehuman
cognitionno longersuf�ces asadataanalysistool for theraw data.
Somesortof �o w visualizationis, therefore,requiredfor converting
theraw datainto a moremeaningfulrepresentation.In thefollow-
ing, theterm�ow visualizationis usedsynonymouslyto numerical
�o w visualizationusingstreamlines,isosurfaces,etc. in contrast
to physical �o w visualization,the processof visualizingphysical
�o wsof gasesandliquids.

Visualizing the original untransformeddata,however, is often
insuf�cient for obtainingthedesiredinsight.Fig. 1, bottom,shows
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Figure 1: Advanced 
o w visualization by l 2 vortices (colored with
velocity magnitude, top) and conventional 
o w visualization using
isosurfaces,stream ribbons, and cutting planes. Despite the addi-
tional insight gained from vortex visualization, analyzing the 
o w is
neverthelessdi�cult sincethe structures are neither clearly separated
nor is it clear how they interact and evolve.

a turbulent �o w visualizedwith thecommercial�o w visualization
packagePowerVIZ[19]. For this dataset,streamlinesbecomeal-
mostuselessdueto a dominantvelocity componentalongthe lon-
gitudinalaxisandtheresearcheris forcedto analyzethe�o w based
on the limited informationrevealedby the cutting planesandthe
isosurfacecomputedonvelocitymagnitude.

As a result,recent�o w visualizationtechniquesoften resortto
visualizing metadata, i.e., datathat is obtainedby transforming
the raw data—here:vector �eld—into a differentandoften more
compactrepresentation.Critical pointsand �o w topology [6, 5],
separationlines andsurfaces[10], shockwaves[11, 14], andvor-
tices[8, 18,22]aresomewell-establishedexamplesof thiscategory
of advanced�o w visualizationwhichusedatareductionasameans
for eased�o w �eld analysis.

Of specialimportanceis thedetectionandvisualizationof vor-
ticessincethey carrymostof theenergy of vortical �o wsand,thus,
contribute considerablyto the �o w evolution in future time steps.
Themethodthatis currentlyconsideredto bemosteffective for de-
tectingvortical structuresin incompressible�o ws (maybeexcept
for �o ws with strongaxial stretching,see[25]) is the l 2 method
proposedby JeongandHussain[8]. Thisl 2 methodcanalsobeim-



plementedvery ef�ciently—evenon programmablegraphicshard-
wareaswasrecentlydemonstrated[23]—andis, thus,favoredby
many researchersworkingon �uid dynamics.

Unfortunately, in contrastto methodsfor detectingvortex cores
which automatically obtain a segmentedvisualization, the l 2
methodonly producesa scalar�eld usuallyvisualizedby an iso-
surface. As a result,analyzingvisualizationsof l 2 vorticesis of-
ten more dif�cult than analyzingthe resultsof less reliable but
automaticallysegmentingcore-detectionapproaches.In fact, for
highly-turbulent �o ws a “can of worms” is obtainedwhich hardly
revealsthe importantinformationsoughtby �uid dynamicsengi-
neers(Fig. 1, top).

Thus,whatis actuallyneededis aneffectivemethodfor separat-
ing l 2 vorticesand,furthermore,a tool—avortex browser—which
allows for an interactive explorationof the �o w by manipulating
andexaminingindividual vortices.In this paperwe presentsucha
tool andanalgorithmfor vortex separationto accomplishthis task.
Thedevelopmentof boththealgorithmandthecustomexploration
tool wasdrivenby actualrequirementsof �uid dynamicsengineers
cooperatingwith computerscientistsin anation-wideprojectdedi-
catedto thefundamentalresearchandcomparisonof experimental
andnumericalmethodsfor theanalysisof turbulent �o ws. There-
sultingtool wassuccessfullyevaluatedby thisgroupof experts.

Our expositionis organizedaccordingto thecomponentsof the
system.Sec.2 givesrelatedwork; Sec.3 elaborateson the sepa-
ration algorithm,followed by Sec.4 which givesa descriptionof
thevortex browser. An evaluationof thesystemdemonstratingits
effectivenessis givenin Sec.5. Thepaperconcludesin Sec.6.

2 REL ATED WORK

Mostsimilar to whatis accomplishedin thiswork is thevisiometric
approachto visualizationproposedby SilverandZabusky [21] and
Fernandezetal. [4]. In bothworks,systemsarepresentedto visual-
ize,recognize,identify, classify, andautomaticallytrackobservable
�o w �eld featuresto give researchersnew insightinto whatis hap-
peningin the dataandto allow for the formulationor veri�cation
of theoriesdescribingthevisualizedprocess.Objectidenti�cation
in thesepapersis doneby a region-growing approach,e.g.,thresh-
oldingonvorticity magnitude.Thisapproachwaslaterappliedto a
l 2 scalar�eld by Rist etal. [16] to identify andseparatevortices.

Noneof theseapproachestake advantageof domainknowledge
andall of themexclusively dependon scalarvalues—fortheclus-
teringalgorithmit makesno differencewhetherthescalar�eld has
beenderived from MRI imagesor from the l 2 methodto detect
vortices.In any case,thesamestructureswill beextracted.Froma
researcher's point of view it makesa differencesincestructuresin
the�o w �eld mightactuallybeconnectedwhile medicalstructures
might be hinderedfrom merging by tissue. Thus,the accuracy of
featureextractionmaybereducedif domainknowledgeis nottaken
into account.

However, while identifying featuresandproviding meansto un-
derstandthesefeaturesareboth important,theeffectivenessof the
latter dependson the sophisticationof the former. In contrastto
SilverandFernandezwhoemploy ratherbasicobjectidenti�cation
algorithmsandwho lay their foci on the understandingissue,this
paperstrivesto improve thefeatureidenti�cation usingacombina-
tion of the l 2 method(to which the visiometricapproachis only
insuf�ciently applicable)andthealgorithmproposedby Banksand
Singer[2, 22]. In addition,we provide a basicaccompanying �o w
exploration tool for illustration purposes.And this differentiates
ourwork from theplethoraof publicationsonvortex identi�cation.

3 VORTEX SEPARATI ON

3.1 BasicIdea

Asmotivatedin Sec.1, thel 2 methodispopulardueto its reliability
in detectingvorticesandthe simplicity of the operationsinvolved
in the computation.This sectionwill elaborateon this issueand
point out the strengthsandweaknessesof the algorithm. For this
purpose,it is helpful to classify the l 2 methodaccordingto the
criteriade�ned by Jiangetal. [9]. Thetaxonomiesusedare:

1. The numberof grid cells involved in the computationsre-
quiredfor detectingasinglevortex.

2. Thealgorithm'sability to work reliablyevenwhenaconstant
deltais addedto thevelocitiesof theoriginalvector�eld, also
referredto asGalileaninvariance.

3. Thevortex de�nition underlyingthedetectionalgorithm.

Whetheradetectionmethodis well-acceptedor notdependslargely
on how thealgorithmmatchestheabove criteria. For example,an
algorithmthatneedsto examinegrid pointsdistributedall over the
volumein orderto detecta singlevortex will exhibit a largemem-
ory foot print andthusbecomputationallymoreexpensive thanal-
gorithmswhich only have to examineneighboringgrid cells. And
an algorithmwhich will no longerwork whena delta is addedto
thevelocitieswill beunableto detectvorticesin time-varyingdata
whereswirling motionis only seenfrom within amoving reference
frame. Finally, an algorithm which only detectsvortical regions
cannotgeneratea �o w �eld representationascompactasthatpro-
ducedby a methodreturninga list of vortex coresandthusmight
have to bedeclinedwhenvisualizinglargedatasets.

To classifythe l 2 method,oneneedsto examinethe algorithm
in detail.Let
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Seenfrom a physicalpoint of view Sdenotesthestrain-ratetensor
andWtherotationtensor. Both SandWaresquaredandaddedto
obtaina new 3� 3 matrix. This matrix is real andsymmetricand
thushasexactly threerealeigenvalues.Theseeigenvaluesarecom-
putedandsortedin decreasingorder:l 1 � l 2 � l 3. A vortex is then

foreachremainingseedpointp0
if p0 is not in any previousvortex

while thevortex skeletoncontinues
(1) determinevorticity wi atpositionpi
(2) integratevorticity wi to predictnew positionpi+ 1
(3) determinevorticity w i+ 1 atpredictionpi+ 1
(4) pi+ 1 is thepointof minimumpressure

in theplaneP? w i+ 1 (correctionstep)
(5) i  i + 1

Figure 2: The predictor-corrector vortex detection algorithm pro-
posed by Banks and Singer [2, 22].



Figure 3: Comparison of l 2 isosurface and vortex structures detected and separated with the proposed approach. The left image shows the
l 2 isosurface, the right image the separated vortices colored according to strength. As seenin the middle image (showing both the isosurface
and the separated vortices), signi�cant di�erences between the two visualizations are only seen in the boundary region. The shape of these
structures, however, indicates that they correctly have not been classi�ed as vortices.

de�nedasaconnectedregionwheretwo of theeigenvaluesareneg-
ative. For visualization—asthe nameof the methodimplies—the
secondlargesteigenvalueis picked. Sincel 2 is a scalarandsince
for every grid point a correspondingl 2 value can be computed,
thel 2 methodtransformstheoriginal vector�eld into ascalarvol-
umewhichcanthenbevisualizedby any volumevisualizationtech-
nique,mostcommonlyisosurfaces(Fig. 1, top). Themorenegative
the chosenisovalue,the strongerthe vorticesthat will be seen.A
zeroisovaluecapturesall vorticescontainedin thedataset.

Obviously, thecomputationof l 2 valuesrequiresonly theJaco-
bianwhich canbeeasilycomputedby centraldifferencesfrom the
six directneighbors1; thus,thealgorithmis localandcomputation-
ally cheap.Furthermore,velocity is not directly usedto compute
the scalar�eld but ratherits derivative (the velocity gradientten-
sor) so constantdeltaswhenaddedto the vector�eld canceleach
other, i.e., the methodis alsoGalileaninvariant. And �nally , the
outputof the l 2 methodis a scalar�eld ratherthana list of core
linessothatthemethodseesvorticesasregions.

Thelatteris bothgoodandbad:on theonehandavortex hasno
de�nedextentsodiscardingtheconceptof avortex coreisvalid; but
on theotherhand,vortical regionssmoothlymergeinto eachother
suchthat vorticesin the proximity of othervorticesmay be mis-
leadinglyseenasasinglestructure.It becomesclearthatthemajor
drawbackof thel 2 methodis its inability to separatevortices.And
it alsobecomesclear that thereis a well-justi�ed demandfor an
improvedvortex detectionmethodcombiningthebene�tsof thel 2
methodwith thebene�tsof line-orientedvortex detectionmethods.

Our approachto alleviate this drawback is to combinethe l 2
methodwith a coreline detector. We chosethepredictor-corrector
approachproposedby BanksandSinger[2, 22]. This methodis
basedontheassumptionthatpressureminimaatvortex coresde�ne
seedpointsfor tracingcorelinesandthatvorticity de�nes thecor-
respondingvortex coredirection in theselocations. Accordingly,
by integratingalong the vorticity vectora predictionfor the next
vertex alongthecorecanbemadeandtheguesscorrectedby mini-
mizingpressurein theplaneperpendicularto thevorticity vectorat
thepredictedposition(Fig. 2). In orderto obtaintubularstructures,
cross-sectionscanbedeterminedby radially samplingthepressure
�eld in the planesperpendicularto the vortex core. Overall, this
vortex detectionapproachis robust (due to its self-correctingna-
ture) and very intuitive. But it also hasa drawback: It doesnot
work at low Reynoldsnumbers[8].

On thecontrary, the l 2 criterion lacksthecapabilityto produce
a list of separatedvorticesbut it is ableto capturethepressuremin-
imum in a planeperpendicularto thevortex axis for both low and

1Weassumeuniformgridsfor ourdiscussion.

high Reynoldsnumber�o ws. The l 2 method,therefore,perfectly
complementsthealgorithmproposedby BanksandSingerif pres-
sureis beingreplacedby thel 2 scalar�eld. And sincepressureis
hard to computefrom a velocity �eld—or even unavailableat all
in many experimentallyobtaineddatasets—whilel 2 is not, this
combinationnotonly improvesthereliability of existingvortex de-
tection,it alsowidenstheapplicabilityof themethods.

3.2 Initialization

Thealgorithmproceedsby growing corelinesfrom asetof selected
seedpoints. In orderto obtaina countablenumberof seedpoints,
theseinitial seedpoints must lie on the grid; thus, the initial set
containsasmany seedpointsastherearegrid points—fortypical
�o w datasetsmillions or even tensof millions elements.Check-
ing all of themwould beextremelyexpensive. However, with the
Banks/Singermethodusedin conjunctionwith l 2 values,theinitial
setcanbesigni�cantly reduced.This reductionde�nes the initial-
izationphase.

Therearethreeclassesof grid points: Grid pointswith positive
l 2 values,grid pointswith negative l 2 valueswhich arenot local
minima,andgrid pointsto whichnoneof thepreviousapplies.

The �rst groupcanreadily be discardedsincepositive l 2 val-
uesindicatenon-vortical regionssonovorticeswill befoundthere.
Thesegrid pointsareassignedto theclassNO_VORTEX.

Grid pointswhich do not de�ne local minima canalsobe dis-
cardedsincethey will beprocessedwhentracingthecore(Sec.3.4).
They areassignedto theclassUNDECIDED.

Thus,whatremainsaregrid pointswith negativel 2 valuesde�n-
ing local minima. Whetherthesegrid pointswill serve asstarting
pointsfor vortex coresis unclearsinceagain they might be elim-
inatedif enclosedin a vortex tube. Thesegrid points, therefore,
de�ne theclassPOTENTIAL_SEED.

The 229� 116� 250 data set shown in Fig. 3 has a total of
6,641,000grid points. Of these,only 1,335qualify as potential
seedpoints.273,571grid pointsfall into theclassUNDECIDED. The
remainingvertices—95.8percent—canbediscarded.

3.3 Growing the Skeleton

The processof growing the vortex coreline is almostidentical to
the original implementationby BanksandSingeranddiffers only
in implementationdetails.Thedescriptionis, therefore,keptshort.

For eachcoreline, aseedpointhasto bepicked�rst. Wechoose
theseedpoint with thesmallestl 2 value. Sincemorenegative l 2
valuesindicatestrongerswirling motionthisstrategy in generalre-
sultsin strongerandlargervorticesandwill immediatelygenerate



Figure 4: Photograph of actual K-type transition with physical vortex
visualization using smoke inserted into the boundary layer [15]. In
the upstream region of the 
o w near the trip wire (bottom), the
L-vortices with the characteristic W-shaped headsare clearly visible.

a list of vorticessortedby strength.The initial seedpoint is then
re�ned by minimizing l 2 on theplanede�ned by thevorticity vec-
tor at theoriginalseedpoint. Startingfrom the(re�ned) seedpoint,
theskeletonis thengrown in bothdirections.

We�rst takeastepalongthevorticity vector(or its negative,de-
pendingon the traceddirection). For thenew positionwe have to
check,�rst, whetherthepositionlies insideany of thevortex tubes
alreadyfoundand,second,whetherthepositionlies insidethevor-
tex tubecurrentlybuilt. In eithercase,the skeletonis terminated
andthevortex just foundis addedto thevortex list. Similar to the
Banks/Singermethodwe next determinethe coredirectionat the
predictedpositionandagainminimizethel 2 valuein theplanede-
�ned by thisdirection.Sincein generalthenew positionwill not lie
onagrid point,thequalityof thestructureextractionis signi�cantly
in�uencedby thequalityof theinterpolatedl 2 valuesandvorticity
vectors.Therefore,a four-point Lagrangeinterpolationis usedfor
thispurpose.Thel 2 minimizationproblemin turn is solvedwith a
directsearch approach[7] sincethis relievesusfrom theburdenof
having to computegradientsusingcomputationallyexpensive La-
grangeinterpolations.

If theanglebetweenthepredictedvortex coredirectionandthe
directionat thel 2 minimumdoesnot exceeda giventhresholdthe
correctionis accepted.In eithercase,the vortex crosssectionat
thecoreline vertex is thendeterminedby radially sendingout rays
lying in the planeperpendicularto the vortex core and sampling
the l 2 volumeuntil theuser-speci�ed l 2 isovalueis exceeded.As
proposedby BanksandSingerthe distancesto the surfacepoints
arestoredin a radii table for ef�cient encoding. Sincethis table
representsa periodicfunction it canbeapproximatedby a Fourier
serieswhich is anef�cient way for storingthecrosssectionswith-
out loosingtheability to reconstructthemto any desiredaccuracy
for visualization.

If thecrosssectionareafallsbelow agiventhreshold(veryclose
to zero)thevortex tubeis consideredto beclosedandtheskeleton
growth terminates.Thegrowth is alsoterminatedif thevortex core
lengthexceedsa pre-de�nedvalueto enforcecoreline termination
wherethecorehasrun into aspiral.

3.4 SeedPoint Elimination

A vortex corewill rarely directly hit a grid point. It is, therefore,
necessaryto eliminatepotentialseedpoints in a post-processing
steponcea new vortex hasbeendetected.This is accomplished
by iterating over the individual slabscomposingthe vortex tube
andperformingsign testsof potentialseedpointswith respectto
theplanesde�ned by thetrianglescomprisingtheslabsurface.By
computingtheslabboundingbox prior to performingthe test,the
numberof potentialseedpointsrequiringtestingis reduced.

3.5 Results

Fig. 3, right, shows the resultof the vortex detectionappliedto a
DNSdatasetof K-typetransitionexperiments[1]. For comparison,
Fig. 4 shows a photographof this kind of transition2. The photo
wasshotduring an experimentin which smoke was insertedinto
theboundarylayerto physically visualizevortices[15].

2Actual measurementsof physical �o ws take several monthsor even
years. Experimentaldataof a �o w recordedunderconditionsequivalent
to thoseusedfor the numericalsimulationthat provided the datafor our
systemevaluationarenot yetavailable.

Figure 5: Visualizations obtained using an eigenvector-basedestima-
tion of the core line direction and l 2 valuesfor determining core ver-
tices. The lower image again shows a comparison of the l 2 isosurface
and the vortex structures detected with the eigenvector approach.



Figure 6: Particle trace computed on the velocity �eld. While in
general the trace enclosesthe vortex core, in some regions it travels
parallel to the core line (see close-ups).

Thecomputationsfor this 229� 116� 250datasettook 138sec-
onds on a PC equippedwith an AMD 1.2 GHz processorand
512MB memory. Theprogramdetectedatotalof 331vortices.Red
colorwasassignedto thevortex structurefound�rst which—dueto
theseedpoint selectionlooking for themostnegative l 2 value—is
alsothestrongestvortex. Theweaker a vortex, thegreaterthehue
valueof therespectivecolor in HSV space.

When comparingthe result to a standardl 2 isosurface com-
putedfor thesameisovaluethatwaschosenfor determiningcross
sections,it becomesapparentthat the visualizationsmatchvery
closely. Thereareonly two differences.First,somestructuresnear
thevolumeboundaryaremissingin theseparatedvisualizationand,
second,someadditionalvery �ne structuresevolve from thevortex
tails.

Thestructuresreferredto in the�rst casearecausedby inaccu-
ratederivativesat thevolumeboundary. However, astheshapeof
thesestructuresalreadyimplies, it is very improbablethat in these
regions“instantaneousstreamlinesmappedontoa planenormalto
thevortex coreexhibit a roughlycircularor spiralpattern”,asone
popularde�nition of vorticesdemands[17]. Therefore,the struc-
turesshouldnot beclassi�ed asvortices. And they arenot—asis
seenin the image—soerrorsmadeduring the l 2 computationdo
not �nd its way into the�nal visualization.

In thesecondcase,theadditional�ne structuresarevortex core
lines thathave beenobtainedby settingthecrosssectionareato a
largervalue,allowing for skeletongrowth alsobeyondvortex tails.
This is anotherbene�t whenapplyingtheBanks/Singervortex de-
tectionmethodto a l 2 scalar�eld sinceit enablesthe researcher
to identify connectedstructureshithertovisualizedasseparatevor-
tices.

If a higheraccuracy is required,thesystemcanbecon�guredto
betterapproximatethevortex tubecrosssectionsand,accordingly,
to bettermatchthe isosurface,therebyeliminatingisolatedbluish
spotsin thecomparativevisualizationsshowing boththeisosurface
andthevortex tubes.For thegiven images,10 rayswereusedfor
samplingthe l 2 �eld, � ve coef�cients weresaved for the Fourier
series,and16 sampleswereusedfor displayingthevortex geome-
try.

Sujudi andHaimesproposeto usethe eigenvectorcorrespond-
ing to the real eigenvalueof the Jacobianinsteadof vorticity for
estimatingcoredirections[24]. The eigenvector, however, is not
uniquelyde�ned with respectto signandthuscannotbeusedas-is

Figure 7: Manipulating the vortex set. Top: Hiding the three central
L -vortices and selecting a single vortex for closer examination. Bot-
tom: Inverting the selection. Using the colored buttons individual
hidden vortices can be temporarily or permanently re-inserted.

for following thevortex core.We proposea simplesolutionto this
problemin that we re-orientthe eigenvectorbasedon the sign of
the dot productof the eigenvectorandthe vorticity vector. Fig. 5
showsvisualizationsobtainedwith thisapproach.Theresulthardly
differs from what is obtainedwith a vorticity-basedestimatorand
thereis only asmalldiscrepancy in thenumberof detectedvortices:
309vs.331.In considerationof thehighcomplexity involvedin the
computationof eigenvectors,usingvorticity still seemsa valid al-
ternative.

To further verify the quality of the presentedapproach,Fig. 6
shows a singleL -vortex extractedfrom theK-type transitiondata.
For theimage,a particleprobewasplacednearthedetectedvortex
coreanda tracecomputedby integratingthevelocity �eld. Ideally,
the resultingtraceshouldexactly encloseandfollow the coreline
detectedduring the vortex segmentationprocess.In the example,
this requirementis essentiallyful�lled and inaccuraciesare only
seenon a shortcoresegmentwherethe particletravels parallelto
thevortex core(seeclose-up).Theparticleleavesthecorethrough
the appendixshown in the upperright cornernearthe W-shaped
vortex segment.This is correctbehavior andmustbeaccountedto
the strongvelocity componentalongthe longitudinalaxis. As for
theinterpolationsinvolvedin tracingthecoreline anddetermining
thevortex tubecrosssections,a four-point Lagrangeinterpolation



Figure 8: Use of slices. Slices can be used to display vector plots
of the velocity �eld and to clip unwanted regions (top) and to ob-
tain denserepresentations of associated scalar �elds like velocity or
vorticit y magnitude, l 2 values, or|as shown in the image|shea r
stress.

(in contrastto a lesscostly trilinear interpolation)is requiredin
orderto obtainaccurateresults.

4 THE VORTEX BROWSER

The vortex set shown in Fig. 3 comprises331 vortices. This in-
cludesweakandstrongvortices,vorticeswith shortandlongcores,
andvorticeswhich cover smallandlargeregionsof thesimulation
volume. Obviously, some�ltering mustbeappliedbeforethedata
canbe thoroughlyandef�ciently analyzed.This is accomplished
with thesecondcomponentof oursystem,thevortex browser.

4.1 Aims

Theresearchof �uid dynamicsengineersis directedtowardsanin-
creasedunderstandingof �uid dynamics.Thisunderstandingrefers
to both fundamentalquestionsas well as to speci�c applications
wherethe�o w aroundanactualdevice(automobile,airplanewing,
etc.) hasto be examinedin order to, e.g., improve ef�ciency or
to reducenoisegeneration. To gain this insight, �uid dynamics
engineerslike to study the interactionsof different �uid �o w en-
tities and to view and take into considerationmetadata. Typical

questionsarisingin practiceare: What is the volumeof a certain
structure?What is its swirling strength,circulation,andvorticity?
How aboutinducedvelocity, vortex stretching,anddissipation?

4.2 Vortex Manipulation

Noneof theabovequestionscanbeansweredwhenconsideringthe
vortex setin its entirety;thus,meansarerequiredto manipulatethe
vortex. For this purpose,the individual vorticesare insertedinto
a customscenegraphwhich allows for simple manipulationslike
pickingandtransformations.This,however, is insuf�cient sincere-
searcherseitherwant to seea certainvortex or do not want to see
certainvorticesbeing irrelevant for the specialapplicationor ob-
scuringtheregion of interest.Our system,therefore,provideshid-
ing andinversionfunctionality (Fig. 7). In the top image,thecen-
tral L -vorticeshave beenhidden.Anothervortex—onethatwould
have beenvisualizedas two separatestructureswith standardl 2
isosurfaces—hasbeendraggedout of the �o w andis shown (with
a selectionbox) in thefront. Its volumeis shown in thelower right
corner. In thebottomimagetheselectionhasbeeninvertedin order
to allow for a closerexaminationof exactly thehiddenvortices.In
eithercase,for eachhiddenvortex abuttoncoloredwith therespec-
tive vortex color is inserted.By moving themousecursorover any
of thesebuttons,the correspondingvortex is shown at its original
location.By clicking thebuttons,thecorrespondinghiddenvortex
is permanentlyre-insertedinto thevisualizedvortex set.Of course,
thebuttonscanbedisabledif desired.

Manually de�ning the vortex set may becometediousif there
aredozensor evenseveralhundredsof vortices.However, sincethe
�o w dynamicsis dominatedby thelargestvortices,this taskcanbe
partiallyautomated.In thesystem,this functionalityis providedby
meansof a length�lter which canbeusedto eliminatesmallerand
weakervortices.

4.3 Visualization Techniques

Fromaninformationvisualizationpointof view theabovefunction-
ality de�nes thefocus.Thevortices,however, have beenextracted
from a �o w �eld andthis context shouldnot belost. Onesoftware
featureto provide context informationhasalreadybeenshown in
Fig. 6. Theusercanfreely positiona particleprobeinsidethesim-
ulation volumeandintegrateboth alongthe velocity �eld andthe

Figure 9: Combined visualization of separated vortices and slices
showing both scalar �eld data (shear stress)and a LIC representation
of the velocity �eld.



vorticity �eld.
Regardingthe formerone,it shouldbenotedthatno realparti-

clewill actuallyfollow thepresentstreamlinesbecausethevelocity
�eld changeswith time. However, the deviation of instantaneous
streamlinesfrom pathlinesof realparticlesdependson thetempo-
ral rateof changeof the �o w. The latter is smallernearthe“legs”
of theL-vortex andhigherwheremany “tangled”vorticesinteract.
Therefore,the interactive streamlinetool is still useful in the �rst
partof thedata�eld to geta qualitative understandingof the �o w
but dangerousor evenmisleadingin thesecond.Thus,a morereli-
ableprobelike thevorticity line probeis needed.

So-called“vorticity lines”, i.e. �eld lines of the instantaneous
vorticity �eld, are (by de�nition) everywhereparallel to the vor-
ticity vector. This meansthat they shouldfollow the vortex axis
andshearlayerseverywherein the �o w. However, usingvorticity
linesaloneasa meansof visualizationwould not beadvantageous,
becausethey have thedisadvantagethatno distinctionis madebe-
tweenvorticesandshearlayers,andthatregionswith smallvortic-
ity cannotbe distinguishedfrom regionswith large vorticity. On
the otherhand,whenusedin an interactive mannertogetherwith
theextractedvortices,they provideausefultool to checkthephys-
ical accuracy of ourvortex identi�cation andextraction.In contrast
to �eld linesof theinstantaneousvelocity �eld (streamlines)vortic-
ity linesareGalileaninvariantsuchthatthey canbeusedwith more
con�dencein anunsteady�o w situation,astheonediscussedhere.
Therefore,using the particleprobewith the velocity �eld can,at
best,show regionsof strongattraction(like thestrongvortex tubes)
in a qualitative mannerin contrastto anintegrationof thevorticity
�eld which is quantitatively accurate.

Sinceparticletracesgiveonly meaningfulinformationwhenpo-
sitionedcarefully—which, in particular, also appliesto vorticity
lines [13]—a more intuitive techniqueis neededto visualizethe
velocity andvorticity �elds. For this purpose,movablesliceswith
vector plots of variableresolutionshave beenintegratedinto the
system.Although this visualizationis simpleanddated,it is nev-
erthelessthemostoftenusedtechniquein physical �o w visualiza-
tion. Fig. 8, top, shows a screenshotof thevisualizationtechnique
appliedto K-typetransitiondata.As seenin theimages,theslices
canalsobeusedto clip unwantedpartsof thevisualizationandto
obtainadenserepresentationof any scalar�eld associatedwith the
vector �eld, like, e.g.,shearstress. Whenvectorplots are insuf-
�cient, denserepresentationsof the original vector �eld areoften

Figure 10: Combined visualization of separated vortices, particle
probe integrating the velocity �eld, semi-transparent slice showing
a vector plot of the velocity �eld, and shear layers.

Figure 11: Stereo visualization of vortex set to help in understanding
and identifying complex interwoven structures. To be viewed with
red/cyan anaglyph glasses.

moreuseful. Therefore,line-integral–convolution (LIC) visualiza-
tionsof the�o w projectedontoany movableslicecanbeshown [3].
Fig. 9 givesanotherexampleof movableslicesandtheuseof LIC.

Shearstressis of specialimportancefor the understandingof
vortices.A �uid volume�o wing alonganobjectboundaryis non-
uniformlydeceleratedby friction with thewall. Thisin turninduces
shearstressand �nally swirling motion. Oncethe rotating �uid
volumeseparatesfrom thewall, a new vortex is born. Thesystem
allows theresearcherto mix thevisualizationof separatedvortices
with anisosurfacevisualizationof this importantphenomenon.An
exampleis shown in Fig.10. Therequiredshearlayercomputations
arebasedon thesecondinvariantI2 of thestrain-ratetensorS[12]:

I2 =
1
2

(Sii Sj j � Si jSi j )

= S11S22+ S22S33+ S11S33 � S2
12 � S2

13 � S2
23 :

Sincethestrain-ratetensoris requiredfor computingthe l 2 scalar
�eld, anyway, computingthe shearlayer is virtually a by-product
whichcomesfor free.

As the visualizationsin Figs.3 might suggest,visualizingvor-
tical �o ws resultsin very complex geometries.Dependingon the
chosenisovalue,themeshof interwovenstructuresmaybehardto
analyze.Dissectingthesetusingthetoolsdescribedabove canal-
leviatethesituationbut it fails to easetheunderstandingat thevery
beginning. Therefore,a red/cyan anaglyphmodecanbe enabled
making it easierfor the researcherto mentallyvisualizethe �o w
�eld andto performhiswork. Fig. 11givesascreenshot.

5 EVAL UATI ON

The presentwork was developedin closecooperationwith �uid
dynamicsengineersandhasbeenevaluatedby thisgroupof experts
andpractitioners.Both, bene�ts andproblemsof thesystemwere
found.

The main bene�t turnedout to be the novel combinationof re-
liable vortex detection(showing alsoconnectedcomponents)and
selective visualization,a combinationallowing for a greatcom-
plexity reductionnecessaryfor analyzingcurrentsimulationdata.
Oncevorticeshave beenextracted,the structurescan be picked,
hidden,extracted,and freely moved and rotated. Of course,the
latter is standardfunctionality also found in moregeneralvisual-
ization packagesusedso far (Tecplot,COVISE) and, indeed,the



vortex detectionpartcanbedecoupledfrom thesystemto provide
a setof vorticesto bevisualizedwith standardtools. However, in
contrastto standardtoolsoursystemis problem-orientedandmeta-
data–oriented;thus,analyzing�o ws with our tool wasfoundto be
signi�cantly moreef�cient thanwith generaltools,bothfrom aus-
ability point-of-view (intuitive, adapteduserinterface)anda tech-
nicalpoint-of-view (speed).

Furthermore,the programdoesnot requireadvancedgraphics
hardware featureslike programmablevertex or fragmentproces-
sorsor speci�c operatingsystemsandcanbe usedwith virtually
any workstation—apropertynot to beunderratedin environments
wheremost computationsare performedon supercomputersand
local computinghardwareis predominantlyacquiredfor computa-
tionally cheappost-processing.Accordingly, thepossibilityto view
thevisualizationsin stereousinginexpensive red/cyanglasseswas
preferredovermoresophisticatedstereotechnologyrequiringmore
expensiveandlessubiquitoustechnology.

On theotherhand,albeit thesystemcanhelp to make thework
of �uid engineersmoreef�cient, it wasalsofoundthatmoremeta
datawasneededandthattheamountof dataandstructureswasstill
too largefor astraightforwardanalysis.

6 CONCL USI ON

We have presenteda novel algorithmfor detectingandseparating
vortices from 3D vector �elds. The resultingvortex set can be
�ltered to concentrateon the most relevant structuresandthe ex-
tractedvorticescan be manipulatedindividually. Variousvisual-
izationtechniqueswerecombinedin orderto improve theanalysis
possibilities.The systemhasbeenfoundby a groupof expertsto
beof greatvaluefor analyzingvortical �o ws but it fails to reduce
theoriginaldatato a level makingprocessingtrivial.

Sinceunsteady�o ws mustcurrentlybeanalyzedby processing
thedifferenttime stepsseparately, incorporatingautomaticfeature
trackingasproposedby Silver andWang[20] will beanimportant
steptowardsa moreusefultool. Furthermore,additionalvisualiza-
tion techniquesshouldbe evaluated—like, e.g., texture advection
which,however, currentlyfails to producesatisfyingvisualizations
whenappliedto 3D data—aswell asadditionalquanti�cationfunc-
tionality to distracttheresearchersfrom fancy imagesandlet them
concentrateagainon thephysics.

ACK NOWL EDGM ENTS

Wearegratefulto theGermanResearchCouncil(DFG) for �nanc-
ing thiswork aspartof SPP1147.

REFERENCES

[1] S. Bake, D. G. W. Meyer, and U. Rist. Turbulencemechanismin
Klebanoff-transition.A quantitativecomparisonof experimentanddi-
rectnumericalsimulation.J. Fluid Mech., pages217–243,4592002.

[2] D. C.BanksandB. A. Singer. Vortex tubesin turbulent�o ws: identi�-
cation,representation,reconstruction.In VIS'94: Proceedingsof the
conferenceon Visualization'94, pages132–139,Los Alamitos,CA,
USA, 1994.IEEEComputerSocietyPress.

[3] B. CabralandL. Leedom. Imagingvector �elds using line integral
convolution. In Proc. of SIGGRAPH-93:ComputerGraphics, pages
263–270,Anaheim,CA, 1993.

[4] V.M. Fernandez,N.J. Zabusky, S. Bhat, D. Silver, and S.-Y. Chen.
VisualizationandFeatureExtractionin IsotropicNavier-StokesTur-
bulence.In Proceedingsof theAVS95conference, 1995.

[5] J. L. HelmanandL. Hesselink. RepresentationandDisplay of Vec-
tor Field Topologyin Fluid Flow DataSets.Computer, 22(8):27–36,
1989.

[6] J.L. HelmanandL. Hesselink.SurfaceRepresentationsof Two- and
Three-dimensionalFluid Flow Topology. In VIS'90: Proceedingsof
the 1st conferenceon Visualization'90, pages6–13, Los Alamitos,
CA, USA, 1990.IEEEComputerSocietyPress.

[7] R. Hooke andT. A. Jeeves. “Direct Search”Solutionof Numerical
andStatisticalProblems.J. ACM, 8(2):212–229,1961.

[8] J.JeongandF. Hussain.On theIdenti�cation of a Vortex. Journal of
Fluid Mechanics, pages69–94,2851995.

[9] M. Jiang,R. Machiraju,andD. Thompson.DetectionandVisualiza-
tion of Vortices. In C. JohnsonandC. Hansen,editors,Visualization
Handbook. AcademicPress,2004.

[10] D. N. Kenwright. Automaticdetectionof openandclosedseparation
andattachmentlines.In VIS'98: Proceedingsof theconferenceonVi-
sualization'98, pages151–158,LosAlamitos,CA, USA, 1998.IEEE
ComputerSocietyPress.

[11] D. Lovely andR.Haimes.ShockDetectionfrom ComputationalFluid
DynamicsResults,1999.AIAA 14thComputationalFluid Dynamics
Conference,Paper99-3285.

[12] D. Meyer. Direkte numerischeSimulationnichtlinearerTransitions-
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