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Abstract
Flow visualizationhasbeena veryattractivefield within visualizationresearch for a long timealready. Usually
huge datasetsneedto beprocessed,which oftenconsistof multi-variatedatawith a really largenumberof sample
locations,oftenarrangedin multipletime-steps.Recently, theeverincreasingperformanceof computersagainhas
becomea driving factor for a new boomin flowvisualization(FlowViz), especiallyin FlowViz basedonadditional
computationsuch as feature extraction, vectorfield clustering, and topology extraction. In this state-of-the-art
report,an attemptwasmadeto (1) provide a usefulcategorizationof FlowViz solutions, (2) givea survey-like
overview aboutexistingsolutions,and (3) focusonrecentwork,especiallyin thefieldof FlowViz basedonderived
data. Wegivecareful consideration asto howthesetopicsare bestorganizedfor such a presentation.In separate
sectionswedescribe(a) directFlowViz techniquessuch asusingarrows, (b) FlowViz usingintegral objectsuch as
streamlines, (c) space-fillingFlowViz, including, spotnoiseor line integral convolution,and (d) FlowViz based
onderiveddatasuch asflowtopology. Within thosesections,thediscussionof FlowViz literatureis sub-structured
accoringto thedimensionalityof theflowdata(from2D to 3D).

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3 [ComputerGraphics]:visualization,flow visual-
ization,computationalflow visualization

1. Intr oduction

Surely, the inventionof computerswasa major stepin the
history of mankind– nowadays,in all aspectsof society–
science,businessandeconomics,telecommunicationsetc.,
computersareusedto acquire,store,process,andcommuni-
catedata(notat theleastto theuser).Visualization, asasep-
aratefield of researchanddevelopmentin computerscience,
addressesexactly thebridgebetweendataanduser: visual-
izationsolutionshelpusersto explore,analyze,andpresent
their data.

In flow visualization(FlowViz) – one of the traditional
sub-fieldsof visualization– a rich variety of application
fields is given, including automotive industry, aerodynam-
ics, turbomachinerydesign,weathersimulationandmeteo-
rology, medicalapplications,etc.,with significantlydiffer-
ent characteristicsrelatingto the dataandusergoals.Con-
sequently, the spectrumof FlowViz solutionsis very rich,
spanningmultiple dimensionsof technicalaspects,e.g.,2D
vs. 3D solutions,techniquesfor steadyandtime-dependent
data,etc.

Bringingmany of thosesolutionsin alinearorder(asnec-
essaryfor a text like this one),is not at all easyor intuitive.
Several optionsof subdividing this broadfield of literature
arepossible.Hesselink,Post,andvanWijk, for example,ad-
dressedthedifficult problemof how to categorizeFlowViz
solutionsin their 1994overview about(at this time) recent
researchissues49. In the following paragraphsseveral of
thoseaspectsarediscussedon higherlevel, beforeliterature
is addresseddirectly.

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

Accordingto the differentneedsof the userstherearedif-
ferentapproachesto flow visualization.Oneis to facilitate
an asdirect aspossibletranslationof the flow datainto vi-
sualizationcues,suchasdrawing arrows.FlowViz solutions
of this kind allow immediateinvestigationof theflow data,
withouta lot of associatedtranslationeffort.

For bettercommunicationof long-termbehavior induced
by flow dynamics,integration-basedapproachesfirst inte-
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Figure1: Directflowvisualization(a) vs.FlowViz basedon
flow integration (b) vs.FlowViz basedonderiveddatasuch
as flow features or flow topology (c). This classification
relatesto thefirst-level structure of this report.

gratetheflow dataanduseresultingintegralobjectsasbasis
for visualization,e.g.,usingstreamlinesfor visualization.

Anotherstepin complexity is to performyet morecom-
putationandderive topologicalinformationor flow features
beforeactuallydoing the visualizationmapping.With this
kind of FlowViz solutions,a significantamountof compu-
tation is spentduringvisualizationto help theuserwith the
interpretationof the flow data.This is especiallyuseful(or
evennecessary)in caseswherevery largedatasetsaregiven,
for example,many time-stepsof unsteady3D flow data.

In this literatureoverview we useseparatechaptersfor
theabove mentionedclassesof approaches:directFlowViz
is discussedin Sect.2, integration-basedFlowViz then in
Sects.3 and 4, and FlowViz basedon derived datais de-
scribedin Sect.5. Fig. 1 illustratesthe differencebetween
theabovementionedclasses– notetheincreasingamountof
computationspentwithin thevisualizationstepwhenchang-
ing from direct FlowViz (a) to FlowViz basedon derived
data(c).

� Spatial dimensionsvs. time.

In flow visualization,availablesolutionssignificantlydiffer
with respectto the given dimensionalityof the flow data.
Techniqueswhichareusefulfor 2Ddata,likecolorcodingor
arrow plots,for example,sometimeslacksimilaradvantages
in 3D. Also, thequestion,whethertheflow datais steadyor
time-dependent,usuallymakesa big differencewith respect
to theFlowViz solutionof choice.Fig. 2 illustratesthesedif-
ferenceswith respectto datadimensionality.

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

A secondsub-section(Sects.n.2)discussesFlowViz solu-
tionsfor boundaryflows or sub-setsof 3D flows, for exam-
ple,flow dataon sectionalslices.This sub-sectiontherefore
dealswith (rather)2D flow data,but embeddedwithin 3D
space.Whereasboundaryflows oftenareprimarily interest-
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Figure 2: FlowViz spansdifferent spatial dimensions,and
alsotime(1D & nD omittedhere). Thiscategorizationcor-
respondsto thesecond-level structure of this report.

ing to theuseranyway(for examplein aerospacedesign),the
visualizationof sectionalsub-setsof 3D flow usuallyneeds
specialcare(not at the leastbecauseof theusuallymissing
third flow component).

Finally, a third sub-section(Sects.n.3) discusses3D
FlowViz, i.e., visualizationtechniques,which apply to true
3D flow data.With true 3D FlowViz, renderingbecomesa
centralissue– in many casescompromisesareneeded,trad-
ing visibility for completeness.Solutionsrangefrom clip-
pingandopacitymodulationsto feature-basedselections.

Despiteof spatialdimensionsasaddressedabove,alsodi-
mensionalitywith respectto time mattersa lot in flow visu-
alization.Firstof all, flow datathemselvesincorporateano-
tion of time – flows oftenareinterpretedasdifferentialdata
with respectto time, i.e.,whenintegratingthedata,pathsof
moving entitiesareobtained.

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

Although the distinction betweensteadyand unsteady
flows couldopenanotherdimensionwhensortingFlowViz
literature,in thisreportsolutionsfor time-dependentdataare
putasideto relatedtechniquesfor steadydata.

� Placementand interaction.

Many FlowViz solutionsbuild on the useof individual vi-
sualizationobjects,for example,streamlines. For at least
threereasons,the placementof thosevisualizationcuesis
an issuewithin FlowViz literature: (1) when using inte-
gral objectssuch as streamlines, an even distribution of
seedlocationsusually doesnot result in an even distribu-
tion of integral objects– separatealgorithmsneedto be
employed; (2) whendealingwith 3D flow data,occlusion
and/orvisualizationcomplexity raisesspecialchallenges–
denseplacementoften results in severe cluttering within
renderedimages; (3) whenusing feature-basedstrategies,
placementneedsto be coupled(andaligned)with the fea-
tureextractionpartsof thevisualization.
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In addition to placement,user interactionplays an im-
portantrole, especiallyin caseof flow analysis.Usersre-
quiresystemswhich allow (1) navigation,includingzoom-
ing, panning,etc., (2) interactive placementof visualization
cues,for example,usingan interactive rake for streamline
seeding,aswell asothermeansto influencethe visualiza-
tion, or even (3) optionsof interactingwith the flow data,
for example,throughsteering.

In this report we interleave the discussionof placement
andinteractionissueswith theabove mentionedorder.

� Data fr om simulation vs.measurementsor models.

As onemajorsub-fieldof visualization(andasthecoretopic
of this survey), computationalflow visualizationdealswith
data that exhibit temporaldynamicssuch as resultsfrom
flow simulation(e.g., the simulationof fluid flow through
a turbine), flow measurements(possiblyacquiredthrough
laser-basedtechnology),or analytic modelsof flows (e.g.,
dynamicalsystems,givenassetof differentialequations).

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

� Specialchallengesin flow visualization.

When browsing through FlowViz literature, several chal-
lengesappearrepeatedly, not to mentiononly thosewhich
arerelatedto thehandlingof datawith multiple dimensions
and time-dependency. Streamline seedingdealswith the
problemof where to start multiple streamlines such that
the flow domainis coveredwith streamlines accordingto
a given spatialdistribution (evenly or feature-based).Seed-
ingof integralobjectsis achallengein 2D but especiallyalso
in 3D.

Another issuein FlowViz is the treatmentof datawith
specialrespectto theunderlyinggrid involved.Techniques
for visualizing flow dataon unstructuredgrids are special
challenges,involving separatestrategiesfor volumerender-
ing, flow integration,topologyextraction,etc.

YetanotherFlowViz issueis accuracy. Ononehand,users
needto know how well the flow simulationcorrespondsto
reality– comparisonsbetweencomputationalflow visualiza-
tion andexperimentalFlowViz areemployedto answersuch
questions.On the otherhand,the visualizationitself needs
to bevalidated.Componentssuchasflow integrationor fea-
tureextractionarepotentialsourcesof errorsthatshouldbe
checkedcarefully.

Technical issues frequently arise due to the combi-
nation of extremely large datasetsand demandinguser
requirementssuch as interactive visualization of time-
dependentdata.Therefore,solutionsin the field of parallel
computing11� 73� 131� 161, out-of-corerendering143, andrender-

ing of compresseddata63 areoftendiscussedin theFlowViz
literature.

Last but not least human-computerinteraction chal-
lengespresentthemselvesthroughoutflow visualizationre-
search,especially in the categories of perceptionin 3D,
and interaction.For thereis strongevidencethat both 3D
visualization150 andinteraction51 arevery importantcompo-
nentsfor theuserin understandingthedata.

� Compromisesmade.

Naturally, thisstate-of-the-artreportfocusesonratherrecent
work to demonstratewhatis currentlypossiblein thefield of
flow visualization.Nevertheless,olderbut still well accepted
solutionsareusedasacontext for embeddingnewerachieve-
ments.Thereby, this overview alsoservesasa survey about
what solutionscurrentlyareavailable in the broadfield of
flow visualization,givencertainusergoalsandspecificdata
characteristics.Wehavecarefullychosenaselectionof liter-
aturerelatingto flow visualizationresearchwhile alsocon-
sideringtheconstraintsimposedby the limited spaceavail-
ablefor this presentation.

This literatureoverview clearlyfocusesoncomputational
flow visualization.Therearemany interestingsolutionsin
thefield of experimentalaswell asempiricalFlowViz, e.g.,
basedonopticaltechniques,whichcouldnotbeaddressedin
thisreport.Interestingly, thereadermightfind alot of analo-
giesin the computationalFlowViz domain,which relateto
similar (andolder) techniquesof experimentalflow visual-
ization(e.g.streaklines,tufts,particletracing,etc.).

Sometopics,which alsocouldbeaddressedin a state-of-
the-artreportlike this, suchasFlowViz in 1D or morethan
threedimensionsor FlowViz with focuson flow modelsor
measuredflow data,couldnotbedescribedin detail,mostly
becauseof limited space.

� Outline.

In the following, four classesof approachesin the field
of flow visualizationare discussed(in the next four sec-
tions) – direct FlowViz is describedin Sect. 2, FlowViz
basedon integral objectsin Sect.3, anddense,integration-
basedFlowViz in Sect.4), aswell asFlowViz basedon de-
rived datain Sect.5. Work which is relatedto flow visual-
izationis discussedin Sect.6.

2. Dir ectflow visualization

Direct flow visualizationtechniquesattemptto presentthe
datain a straight forward mannerwith minimal computa-
tion betweendata acquisitionand rendering.Thesetech-
niquesareperhapsthemostintuitivevisualizationstrategies
as they presentthe dataas is. Difficulties arise,when the
long-termbehavior inducedby flow datais investigated,if
direct FlowViz is used– this requirescognitive integration
of visualizationresults.
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Figure 3: examplesof direct flow visualization– an interactiveslicing probewith colored slicesandscalarclipping (left); a
coloredslice, streamlines,3D arrowsalongpath lines,andstreamribbons(middle),bothcourtesyby Schulzet al.120; direct
volumerenderingbasedonresampling(right), image courtesybyWestermann156.

2.1. Dir ectFlowViz in 2D

In thissubsectionweshortlyaddresswidely distributedstan-
dardtechniquesfor 2D FlowViz, i.e., coloringandcontour-
ing, aswell asarrow plots(a.k.a.hedgehogvisualization).

� Color coding in 2D.

A commondirectflow visualizationtechniqueis to mapflow
attributessuchasvelocity, pressure,or temperatureto color.
Sincecolorplotsarewidely distributed,thisapproachresults
in very intuitivedepictions.Of course,thecolorscalewhich
is usedfor mappingmustbechosencarefullywith respectto
perceptualdifferentiation.

Color codingfor 2D FlowViz very well extendsto time-
dependentdata,resultingin moving colorplotsaccordingto
changesof theflow propertiesover time.

� Contouring in 2D.

Contouringis a naturalextensionto color codingin 2D. A
contouris a boundarybetweentwo distinct regions.Often,
theuseris highly interestedin transitionareasin thevector
field. In a color plot, transitionsareshown by a changeof
color. With contouring,anexplicit line or curve is drawn.

� Arr ow plots in 2D.

A naturalvectorvisualizationtechniqueis to mapan line,
arrow, or glyph to eachsamplepoint in the field (as in
Fig. 10, left), which is orientedalongtheflow field. Usually
a regular placementof arrows is usedin 2D, for example,
on an evenly-spacedCartesiangrid. Two variantsof arrow
plots areoften used: (1) normalizedarrows of unit length
which visualizethe directionof the flow only and (2) ar-
rowsof varyinglengththatis proportionalto theflow veloc-
ity. KlassenandSchroedercall this techniquea hedgehog
visualization(becauseof thebristly result)71� 119.

2D hedgehogplots can be extendedto time-dependent
data,althoughbiggertime-stepsmight resultin jumpingar-
rows,diminishingthequality of sucha visualization.

� Hybrid dir ectFlowViz in 2D.

Kirby et al. proposesimultaneousvisualizationof multiple
values(of 2D flow data)by usinga layeringconceptrelated
to the paintingprocessof artists69. Arrow plots aremixed
with color codingto provide visualizationresultsrich of in-
formation.

2.2. Dir ectFlowViz on slicesor boundaries

When dealing with 3D flow data, visualizationnaturally
facesadditionalchallengessuchas3D rendering.Acting as
a middlegroundbetween2D FlowViz andthevisualization
of truly 3D flow datais the restrictionto sub-dimensional
partsof the 3D domain,e.g., sectionalslicesor boundary
surfaces.Thereby, techniquesknown from 2D FlowViz usu-
ally are applicablewithout major changes.When working
with sectionalslices,the treatmentof flow componentsor-
thogonalto slicesrequiressomespecialcare.

� Color codingand contouring on slicesor boundaries.

Colorcodingandcontouringarealsoveryeffectivefor visu-
alizingboundaryflowsor sectionalsub-setsof 3D flow data.
A goodexampleis NASA’s Field EncapsulationLibrary92,
which allows to easilyuseboth techniquesfor variousflow
data.

Schulz, in the group of Ertl, also usescolor coding of
scalarson 2D slices through 3D automotive simulation
data120 as shown in Fig. 3 (left). They introducean inter-
active slicingprobewhich mapsthevectorfield datato hue.

Theuseof scalarclipping, i.e., the transparentrendering
of sliceregionswherethecorrespondingdatavaluedoesnot
lie within a specificdatarange,allows to usemultiple (col-
ored)sliceswith reducedproblemsdueto occlusion.

� 2D arr ows on slicesor boundary surfaces.

Using2D arrows on slicesfrom 3D flow datais alsoanef-
fective visualizationtechnique32. However, resultsof sucha
visualizationshouldbeinterpretedcarefully, asflow compo-
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nentswhich areorthogonalto the slice areusuallynot de-
picted.

Above mentioneddifficulties with 2D arrows and sec-
tional slicesthrough3D flow arebasicallynegligible, when
talking aboutboundarysurfaces,sincein thesecases,rarely
cross-boundaryflows aregiven.Thereforetheuseof arrows
spreadout over boundarysurfacesusuallyis very effective,
asusedby Treinishfor weathervisualization138.

2.3. Dir ectFlowViz in 3D

After discussingdirectFlowViz on slicesandboundarysur-
faces,direct FlowViz of real 3D flows is discussedin this
subsection.In contrastto previously mentionedtechniques,
hererenderingbecomesthe most critical issue.Occlusion
andcomplexity make it difficult (if possibleat all) to getan
immediateoverview aboutanentireflow datasetin 3D.

� Volumerendering for 3D FlowViz.

The naturalextensionof color coding in 2D (or on slices,
etc.) is color coding in 3D. This, however, posesspe-
cial requirementsonto renderingdue to occlusion prob-
lems and non-trivial complexity – volume rendering is
needed(or iso-surfacing, which would relate to contour-
ing in two dimensions).Volume renderingis well-known
from anotherfield of research(far beyond thescopeof this
text), i.e., volumevisualization.However, thosechallenges,
which closely correspondto flow visualizationare shortly
addressedhere: (1) flow datasetsoften are significantly
smootherthanmedicaldata– anabsenceof sharpandclear
“object” boundaries(likeorganboundaries)makesmapping
to opacitiesmoredifficult (andlessintuitive). (2) flow data
often is given on non-Cartesiangrids, e.g., on curvilinear
grids– thecomplexity of volumerenderinggetsignificantly
moretricky on thosekindsof grids,startingwith non-trivial
solutionsrequiredfor visibility sorting. (3) flow dataalso
canbetime-dependent,imposingadditionalloadsontheren-
deringprocess.

Alreadyin theearlynineties,Crawfis, Max, andothers17,
aswell asEbertetal.31 appliedvolumerenderingtechniques
to vectorfields. Little later, Frühaufappliedray castingto
vectorfields38. Recently, Westermann,presentedarelatively
fast3D volumerenderingmethodusinga resamplingtech-
nique for vector field data from unstructuredto Cartesian
grids156. A resultfrom this techniqueis illustratedin Fig. 3
(right).

Recently, ClyneandDennis16 aswell asGlau42 presented
volumerenderingfor time-varyingvectorfieldsusingalgo-
rithms which make specialuseof graphicshardware. Ono
et al. usedirectvolumerenderingto visualizethermalflows
in thepassengercompartmentof anautomobile96 Theirgoal
is to attaintheability to predictthethermalcharacteristicsof
theautomotive cabinthroughsimulation.Swanet al. apply
direct volumerenderingtechniquesin flow visualizationin

asystemthatsupportscomputationalsteering130. Theirvisu-
alizationresultsareextendedto theCAVE environment.

Recently, Ebert and Rheingansdemonstratedthe useof
non-photorealisticvolumerenderingtechniquesfor 3D flow
data30. They apply, for example,silhouetteenhancementor
toneshadingto improve renderingsof 3D flows.

� Iso-surfacesfor 3D FlowViz.

Extendingcontouringfrom 2D to 3D, resultsin the useof
iso-surfacesfor 3D flow visualization.Specialcareneedsto
betakenwith iso-valueselection,mostlybecauseof theusu-
ally smoothnatureof flow data– in casesof nosharptransi-
tionswithin thedata,any iso-valuelacks(at leastpartially)
intuitive interpretation.Neverthelessthereareusefulappli-
cationsof iso-surfacesto flow data,e.g.,in thevisualization
of shockwaves132 or burning fronts in simulatedcombus-
tion data.Furthermore,whenscalarclippingis usedtogether
with colorcodingof slices,thisnaturallycombinedwith iso-
surfacesaslong asiso-valueandclipping valuecoincide,of
course.

Röttger, Kraus,and Ertl presenta hardware accelerated
volume renderingtechniquewhich allows to usemultiple
(semi-transparent)iso-surfacesfor visualization107. Trein-
ish applies iso-surfacing to visualize (unsteady)weather
data138. Weberetal.151 presentcrack-freeiso-surfaceextrac-
tion for adaptive(multi-resolution)grids.LarameeandBerg-
eronprovide iso-surfacesfor superadaptive grids75.

� Arr ow plots in 3D.

Theuseof arrows for direct3D FlowViz posesat leasttwo
problems: (1) thepositionandorientationof a vectoris of-
tendifficult to understandbecauseof its projectionontoa2D
screen– using 3D representationsof arrows (like a cylin-
der plus a cone)decreasestheseproblemswith perception
and (2) glyphsoccludingoneanotherbecomea problem–
carefulseedingis required(in contrastto thedefaultof dense
distributions).

In actualapplications,arrow plots usually are basedon
selective seeding,for example,all arrows startingfrom one
outof a few sectionalslicesthroughthe3D flow. Sometimes
3D arrows alongcertainintegralcurvesareused(seeFig. 3,
middle).

Boring andPangaddresstheproblemof clutter in 3D di-
rectFlowViz by highlightingthosepartsof a 3D arrow plot,
whichpoint in asimilardirectioncomparedto auser-defined
direction8. Their methodologyreducesthe amountof data
being displayedthus resultsin lessclutter. Their methods
canbe combinedwith othertechniquesthat useglyph rep-
resentationsand flow geometriessuchas streamlines for
FlowViz. They apply themethodsto bothanalyticandsim-
ulationdatasetsto highlightflow reversals.
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Figure 4: threeimages from an interactiveexploration of a vectorfiled usingthe MR viewer, image courtesyof Jobard and
Lefer62. A suitablelevelof resolutioncanbechosenwhile maintaininga roughlyconstantstreamline density.

3. FlowViz using integral objects

Direct flow visualizationusing hedgehogplots focuseson
individual pointsin theflow field. However, moreelaborate
schemesare introducedwhen thesepoints, or similar ob-
jects,aremoved over a small time step.A hedgehogglyph
approximatesthe motion of a point for the time period in-
dicatedby theglyph itself. A logical extensionof this tech-
niqueis to depictthemotionof a point over morethanone
timestep.Theresultingpathmathematicallyis expressedas
an integral. This instantaneouspath may be depictedas a
streamline (in thecasesteadyflow fieldsareconsidered).

3.1. 2D FlowViz using integral objects

In thissubsectionweshortlydiscuss2D FlowViz techniques
basedon integral objectssuchas streamlets,streamlines,
andtheir relativeswithin unsteadyflows. Also, theseeding
problemis addressed,which requiresa solutionin orderto
realizebetterdistributionsof integral objects.

� Streamletsin 2D.

If flow vectorsareintegratedfor averyshorttime,streamlets
aregenerated.Even thoughshort,streamletsalreadycom-
municatetemporalevolution along the flow. Fig. 10 (mid-
dle) shows anexample,whereseveralstreamletsareusedto
visualizea 2D flow field.

� Streamlines in 2D.

If longer integration is performed(ascomparedto stream-
lets),streamlinesaregained.They areanaturalextensionof
glyph-basedtechniquesandoffer intuitive semantics:users
easilyunderstandthatflows evolve alongintegral objects.

� Streak lines, time lines,and path lines.

Whenunsteadyflow dataareinvestigated,severaldistinctin-

tegral objectsareusedfor flow visualization.A pathline or
particle traceis thetrajectorythata particlefollows in fluid
flow119. A time line joins thepositionsof particlesreleased
at the sameinstantin time from different insertionpoints,
i.e., joinspointsataconstanttime t94. A streakline is traced
by a setof particlesthat have previously passedthrougha
uniquepoint in thedomain119. Streaklinesrelateto continu-
ousinjectionof foreignmaterialin realflow.

� Streamline seedingin 2D.

One problem with streamlines, or integral curves, when
used for visualizing continuousvector fields is the best
choiceof initial conditions.Since, in general,evenly dis-
tributed seedpoints do not result in evenly spacedstream
lines, specialalgorithmsneed to be employed. Turk and
Banks141 as well as Jobardand Lefer59 developeda tech-
niquesfor automaticallyplacingseedpointsto achieveauni-
form distributionof streamlinesona 2D vectorfield.

Stream line seedingstrategies may also be topology-
based. Verma,Kao, andPang149 presentsa seedplacement
strategy for streamlinesbasedonflow featuresin thedataset.
Their goal is to captureflow patternsnearcritical pointsin
theflow field.

Building on their previous work, Jobardand Lefer pre-
sentedamulti-resolution(MR) methodfor visualizinglarge,
2D, steady-statevectorfields62. TheMR hierarchysupports
enrichmentandzooming.Theuseris ableto interactively set
thedensityof streamlineswhile zoomingin andout of the
vectorfield (Fig. 4). Thedensityof streamlinescanbecom-
putedautomaticallyasa functionof velocityor vorticity.

Seedingof integral objectsbecomesa specialchallenge
when dealingwith time-dependentdata.Jobardand Lefer
presentedanunsteadyFlowViz algorithmby correlatingin-
stantaneousvisualizationsof the vector field at the stream
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Figure5: examplesof flowvisualizationusingintegral objects– illuminatedstreamlines(left), imagecourtesyof Hegeetal.160;
streamarrows(middle),image courtesyof Hauser86; andflowvolumes(right), image courtesyof Max,Becker, andCrawfis90.

line level61. For eachframe,a feedforwardalgorithmcom-
putesasetof evenly-spacedstreamlinesasafunctionof the
streamlinesgeneratedfor thepreviousframe.Theirmethod
alsoprovidesfull controlof theimagedensitysothatsmooth
animationsof arbitrarydensitycanbeproduced.

3.2. FlowViz using integral objectson slicesor
boundaries

After talking about2D FlowViz basedon integral objects,
thissubsectionshortlyaddressedsimilarapproachesonsub-
setsof 3D flowssuchasboundaryflows.Interpretationof in-
tegralcurvesonsectionalslicesrequiredspecialcare,again.

� Integrated tufts.

Wegenkittl et al. useintegratedtufts (similar to streamlets),
seededonspecificequilibriumsurfaces,for thevisualization
of a complex dynamicalsystem154, also over variationsof
thatsystemin a fourthdimension.

� Integral objectson slicesor boundaries.

Similar to 2D FlowViz, integral objectssuchasstreamlines
are also usedfor visualizing boundaryflows or sectional
slicesthrough3D flow32. However, it is importantto note
thattheuseof integral objectson slicesmaybemisleading,
even within steadyflow datasets.A streamline on a slice
maydepictaclosedloop,eventhoughnoparticlewouldever
traversetheloop.Thereasonagainlies in thefact,thatflow
componentswhich are orthogonalto the slice are omitted
duringflow integration.

� Streamline seedingon boundary surfaces.

Mao et al.88 extend the streamline seedingof Turk and
Banks141 in orderto generateevenlydistributedstreamlines
onboundarysurfaceswithin curvilineargrids.

3.3. 3D FlowViz using integral objects

When dealingwith 3D flow, a rich variety of integral ob-
jectsis availablefor flow visualization.This sub-sectionad-

dresseda seriesof integral objects,from streamletsto flow
volumes,primarily sortedaccordingto their dimensional-
ity, andwithin equaldimensionalityroughlywith respectto
which techniqueextendswhichother.

� Streamletsin 3D.

Streamletseasily extend to 3D, althoughperceptualprob-
lemsmight arisedue to distortionsresultingfrom the ren-
deringprojection.Also, seedingbecomesmoreimportantin
3D,again.LöffelmannandGrölleruseathreadof streamlets
alongcharacteristicstructuresof 3D flow to gain selective,
but importance-basedseedingaswell asasenhancementof
abstractflow topologythroughdirectvisualizationcues82.

� Streamlines in 3D.

At NASA the Flow Analysis Software Toolkit (FAST)2 is
usedto visualizationCFD databasedon streamlinesin 3D.
Carefulseedingis necessaryto obtainuseful results,since
easilyvisualcluttercanbecomea problem.

� Illuminated streamlines.

Zöckler, Stalling,andHegepresentilluminatedstreamlines
to improveperceptionof streamlinesin 3D by takingadvan-
tageof thetexturemappingcapabilitiessupportedby graph-
icshardware160. Their shadingtechniqueincreasesdepthin-
formation.By makingthestreamlinespartially transparent,
they alsoaddresstheproblemof occlusionasshown in Fig.5
(left).For seeding,theauthorsproposeaninteractiveseeding
probewhich can be moved aroundto start streamlines at
specificplacesof interest.Also, seedingnearpotentialob-
jectsof interestsis demonstrated.

� Particle tracing in 3D.

KenwrightandLanepresentanefficient,3D particletracing
algorithmthatis alsoaccuratefor interactiveinvestigationof
large, unsteady, aeronauticalsimulations67. A performance
gain is obtainedby applying tetrahedraldecompositionto
speedup point locationandvelocity interpolationin curvi-
lineargrids.
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Teitzel, Grosso,and Ertl analyze different integration
methodsin orderto evaluatethetrade-off betweentime and
accuracy135� 136. They presenta3D particletracingalgorithm
targetedat sparsegrids that is very efficient with respectto
storagespaceandcomputingtime.Theauthorsrecommend
usingsparsegridsasa datacompressionmethodin orderto
visualizehugedatasets.

Nielsonpresentsefficient andaccuratemethodsfor com-
puting tangentcurves for 3D flows93. Their methodswork
directly with physicalcoordinates,eliminating the needto
switch backand forth with computationalcoordinates.Ef-
ficient particletracingmethodologiesarealsoaddressedby
Sadarjoenet al.108.

Sincestreamlines usually are easily computedin real-
time, they offer (togetherwith their intuitive semantics)an
often chosentool for interactive flow analysis.Brysonand
Levit10 demonstrateseedingof integral objectsin a virtual
3D environmentby useof a so-calledrake. SeeFig. 5 (mid-
dle)for anotherexampleof arakebeingusedto seedintegral
curves.

� Streamrib bonsand streamtubes.

A first extension of streamlines in 3D are stream rib-
bons(Fig. 3) and streamtubes. A streamribbon basically
is a streamline with a wing-like strip addedto also visu-
alize rotational behavior of 3D flow (which is not possi-
ble with streamlines alone)142. A streamtube is a thick
streamline that canbe extendedto show the expansionof
the flow142. Streamribbonsand streamtubesoffer advan-
tagesoverstreamlinesin thatwaythatthey canencodemore
propertiessuchasdivergenceandconvergenceof thevector
field in the geometricpropertiesof the respective integral
object.

Ueng et al. presenttechniquesfor efficient streamline,
streamribbon, and streamtube constructionson unstruc-
tured grids142. A specializedRunge-Kutta methodis em-
ployed to speedup streamline computation.Explicit solu-
tions arecalculatedfor the angularrotationratesof stream
ribbonsandtheradii of streamtubes.Theresultingspeed-up
in overall performanceaidsin theexplorationof largeflow
fields.

Fuhrmannand Gröller39 use so-calleddash tubes, i.e.,
animated,opacity-mappedstreamtubes,asa visualization
icon.An algorithmis describedwhich placesthedashtubes
evenly in 3D space.They alsoapplyamagiclensandmagic
box asinteractiontechniquesfor investigatingdenselyfilled
areaswithout filling the imagewith visual detail andcom-
plexity.

Larameeintroducesthe stream runner as an extension
of streamtubes– an interactively controlled 3D flow vi-
sualizationtechniquethat attemptsto minimize occlusion,
minimizevisualcomplexity, maximizedirectionalcues,and
maximizedepthcuesby lettingtheusercontrolthelengthof
thestreamtubes74.

� Streampolygons.

Anotherextensionof streamlinesarestreampolygonsused
by Schroeder118. Streampolygonsaretoolsto visualizevec-
torsandtensorsusingtubeswith a polygonalcrosssection.
Thepropertiesof thepolygonssuchastheradius,thenum-
berof sides,theshape,therotationreflectpropertiesof the
vectorfield includingstrain,displacement,androtation.

� Streamballs and streakballs.

Streamballs area usefulflow visualizationtechniqueused
by Brill etal.9, whichvisualizesdivergenceandacceleration
in fluid flow. Streamballssplit/mergedependenton conver-
gence/divergenceor acceleration/deceleration,respectively.

TeitzelandErtl introducestreakballs whenthey present
andcomparetwo differentapproachesto accelerateparticle
tracingon sparsegrids andcurvilinearsparsegrids for un-
steadyflow data133.

� Streamsurfaces.

Yet anotherextensionto streamlines are streamsurfaces
which aresurfacesthat areeverywheretangentto a vector
field.A streamsurfacecanbeapproximatedby connectinga
setof streamlinesalongtime lines(andvaryingthenumber
of streamlinesusedaccordingto convergenceor divergence
of the flow). Streamsurfacespresentchallengesrelatedto
occlusion,visualcomplexity, andinterpretation.

Hultquist presentsan interactive flow visualizationtech-
niqueusingstreamsurfaces52. CaiandHeng13 addresstheis-
suesassociatedwith theplacementandorientationof stream
surfacesin 3D.

Löffelmann, Mroz, and Gröller presentstream arrows
(Fig. 5, middle) as an enhancementof streamsurfacesby
separatingarrow-shapedportionsfrom astreamsurface86� 85.
Streamarrows addresstheproblemof occlusionassociated
with 3D flow visualization,but especiallywith streamsur-
faces.Streamarrows also provide additional information
aboutthe flow, usuallynot seenwith streamsurfaces,such
asflow direction,convergence/divergence,etc.

Van Wijk simulatesstreamsurfacesby a large setof so-
calledsurfaceparticles147. Surfaceparticlesexhibit lessoc-
clusionwhencomparedto streamsurfaces.Interestingly, van
Wijk’ s approachin a way anticipatedrecentadvancesin
pixel-basedrenderingtechniques.

� Time surfacesin 3D.

A naturalextensionof time lines (in 2D or 3D) are time
surfaces, when constant-timeinstantsof moving particles
are assumed,which previously have beenreleasedfrom a
two-dimensionalpatch.An exampleof anapplicationof this
principle,arelevel-setsurfacesusedby Westermann157.

� Flow volumes.

Thelast(direct)extensionof astreamline into 3D described
hereareflowvolumes(Fig. 5, right).A flow volumeis aspe-
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cific sub-setof a 3D flow domain,which is tracedout by a
particularinitial 2D patchover time asdescribedby Max,
Becker, and Crawfis. The resultingvolume is divided up
into a setof semi-transparenttetrahedra,which arevolume
renderedin hardwarein a way derived from the methodof
Shirley andTuchmann125.

Becker et al. extendflow volumesto unsteadyflow5. The
resultingunsteadyflow volumesarethe3D analogof streak
lines. Considerationsaremadewhenextendingthe visual-
ization techniqueto unsteadyflows to sinceparticle paths
may becomeconvolutedin time. Theauthorspresentsome
solutionsto the problemswhich occur in subdivision, ren-
dering,andsystemdesign.Theresultingalgorithmsareap-
plied to a varietyof flow typesincludingcurvilineargrids.

4. Dense,integration-basedFlowViz

Herewemakeadistinctionbetweenflow visualizationusing
integral objectsanddense,integration-basedflow visualiza-
tion, however, thesetwo topics are closely coupled: con-
ceptually, the path from using integral objects to dense,
integration-basedvisualizationis obtainedvia a denseseed-
ing strategy. Thatis, denselyseededintegralobjectsresultin
animagesimilar to thatobtainedby dense,integrationbased
techniques.Likewise,thepathfrom dense,integration-based
visualizationto visualizationusing integral objectsis ob-
tainedusingsomethingsuchasa sparsetexture for texture
advection.

Integration-basedtechniquesin flow visualization can
provide densespatial resolution images.Dense, texture-
basedalgorithmsare effective, versatile,andapplicableto
a wide spectrumof applications.Sanna,Montrucchio,and
Montuschipresentanexcellentsummaryof this researchin
their survey paper113.

4.1. Dense,integration-basedFlowViz in 2D

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

� Spotnoise(in 2D).

Spotnoise,introducedby vanWijk 146 wasamongstthefirst
texture-basedtechniquefor vectorfield visualization.Spot
noisegeneratesa texture by distributing a set of intensity
functions,or spots,over the domain.Eachspot represents
a particlemoving over an infinitesimal time andresultsin
a streakin the direction of the local flow from wherethe
particleis seeded.

Onelimitation of theoriginalspotnoisealgorithmwasthe
lack of velocity magnitudeinformationin theresultingtex-
ture.Enhancedspotnoise26, by deLeeuwandvanWijk was
introducedto addressthisproblem.Spotnoisehasalsobeen
appliedto thevisualizationof turbulentflow22 by deLeeuw

Figure6: coloredspotnoise, image courtesyof deLeeuw.

et al. A spotnoisealgorithmfor interactive visualizationis
proposedby deLeeuw20, also.DeLeeuwandvanLierealso
comparespot noiseto LIC23. Spot noise in 2D combined
with colorcodingis shown in Fig. 6.

� Line integral convolution in 2D.

Line integral convolution (LIC; Fig. 10, right), first intro-
ducedby CabralandLeedom12 is a very populartechnique
for the densecoverageof vectorfields with flow visualiza-
tion cues.TheoriginalmethodologybehindLIC takesasin-
put a vectorfield on a cartesiangrid anda white noisetex-
ture of the samesize.The noisetexture is locally filtered
(smoothed)alongthepathof streamlinesto acquirea dense
visualizationof theflow field.

Theresearchin flow visualizationbasedonLIC described
hereextendsLIC in several ways: (1) addingdirectional
cues, (2) showing velocity magnitudes,(3) addedsupport
for non-cartesiangrids, (4) allowing real-timeandinterac-
tive exploration, (5) extendingLIC to 3D, and (6) extend-
ing LIC to unsteadyvectorfield visualizationwith time co-
herency.

Shenetal. addresstheproblemof directionalcuesin LIC
by combininganimationandintroducingdyeadvectioninto
thecomputation122. Kiu andBanksproposedto usea multi-
frequency noisefor LIC70. Thespatialfrequency of thenoise
is a function of the magnitudeof the local velocity in the
field.

Khouaset al. synthesizeLIC-lik e imagesin 2D with fur-
like textures68. Their techniqueis ableto locally controlat-
tributesof theoutputtexturesuchasorientation,length,den-
sity, andcolor.

Much researchhasbeendedicatedto bringingLIC com-
putationto interactive rates.Stalling andHege presentsig-
nificantimprovementsin LIC performanceby exploiting co-
herencealong streamlines129 and46. Parallel implementa-
tions of LIC are presentedby Cabraland Leedom11, and
Zöcklerin thegroupof Hege161.

c
�

TheEurographicsAssociation200x.



H. Hauser, R.Laramee, andH. Doleisch / FlowViz-STAR2002

Figure 7: threeimagestaken froman animationof an unsteadyvectorfield createdwith theLagrangian-Eulerianadvection
algorithm,image courtesyof Jobard et al.57 (datasetprovidedbyCOAPS,Florida StateUniversity).

� OLIC for 2D FlowViz.

Wegenkittl et al. also addressthe problem of orientation
of flow with their OLIC (OrientedLine Integral Convolu-
tion) approach152. Conceptually, theOLIC algorithmmakes
useof a sparsetexture containingof many separatedspots
which arekind of smearedin thedirectionof the local vec-
tor field throughintegration.A fastversionof OLIC (called
FROLIC) is presentedby Wegenkittl and Gröller153 via a
tradeoff of accuracy for time.BergerandGröllerpresentan
algorithmfor animating2D FROLIC imagesover theworld
wideweb7.

Löffelmann and Gröller use virtual ink droplets, like
streamlets,to visualize2D dynamicalsystems83. Similar to
orientedline integral convolution (OLIC), the virtual ink
dropletmethodis capableof visualizingnot only direction
andvelocity of flow, but alsotheorientationof vectors.See
Fig. 10 for a 2D comparisonof streamletsto LIC.

� 2D Texture Advection.

JobardandLeferuseamotionmapdatastructurefor animat-
ing 2D, steady-stateflow fields60. Themotionmapcontains
botha denserepresentationof theflow andthe information
requiredto animatetheflow. It offers theadvantageof sav-
ing memoryandcomputationtime sinceonly oneimageof
the flow hasto be computedandstoredin the motion map
datastructure.

Jobardetal. proposea techniqueto visualizedenserepre-
sentationsof unsteadyvectorfieldsbasedon what they call
a Lagrangian-EulerianAdvectionscheme57. The algorithm
combinesa dense,time-dependent,integration basedrep-
resentationof the vectorfield with interactive framerates.
Someresultsfrom thetechniqueareshown in figure7.

Unsteadyflow visualizationtechniquesmay addressthe
problem of interactive performancetime through the use
of texture-mappingsupportedby the graphicshardware.
Becker and Rumpf illustrate hardware-supportedtexture
transportfor 2D, unsteadyflow data6.

Jobardet al.58� 56 presentadditional2D, unsteadyflow vi-
sualizationtechniques.They achieve high performancevia
the useof graphicshardware.They also detail spatialand
temporalcoherencetechniques,dye advection techniques,
andfeatureextraction.

� Dense2D FlowViz basedon streak lines.

Sannaet al. presentanadaptive visualizationmethodusing
streaklineswheretheseedingof streaklinesis a functionof
localvorticity112.

4.2. Dense,integration-basedFlowViz on surfacesor
boundaries

Dense,integration-basedtechniquesare, in general,better
methodsfor conveying flow informationon sectionalslices
thantechniquesusing(long)integralobjects.Thisis because
the connectionalong the path of what would be a stream
line is lostwith denseintegration-basedtechniques.Thusthe
depictionof theflow is notmisleadingin termsof apotential
suggestionsof particle paths.Let us recall that the vector
componentorthogonalto the slice is removed whenusing
integralobjectsfor visualizationresults.

� Spotnoiseon boundariesor slices.

De Leeuwet al. extendthespotnoisealgorithmto surfaces
in a studythat comparesexperimentalsurfaceflow visual-
ization(with oil) to thatof spotnoiseonsurfaces21.

A combinationof both texture-basedFlowViz (on slices)
and3D arrows for 3D FlowViz is employed by Teleaand
vanWijk 137 wherearrows denotethemaincharacteristicsof
the3D flow (afterclustering)anda 2D slicewith spotnoise
or LIC is usedto visualizethe restof thevectorfield (on a
sliceonly). This is shown in Fig. 11.

� LIC for boundary flows.

A largebodyof researchliteratureis dedicatedto theexten-
sionof LIC on to boundarysurfaces,surveyed,for example,
by Stalling128.
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Figure8: a comparisonof 3 LIC techniques:(left) UFLIC, (middle)ELIC, and(right) PLIC image courtesyof Panget al.148

Theextensionof LIC to non-cartesiangridsandsurfaces
is presentedby researcherssuchasForssell33. Forsselland
Cohen34 extendLIC to curvilinearsurfaceswith animation
techniques,add magnitudeand direction information, and
show how to useLIC to depicttime-dependentflows.Their
algorithmalsoutilizestexture-mappinghardwareto improve
performancetime towardsinteractive rates.

Teitzel, Grosso, and Ertl134 presentan approachthat
works on both 2D unstructuredgrids and directly on tri-
angulatedsurfacesin three-dimensionalspace.Mao et al.87,
presentanalgorithmfor convolving solidwhitenoiseon tri-
anglemeshesin 3D space,andextendLIC for visualizinga
vectorfield onarbitrary, 3D surfaces.

Battke, Stalling,andHege4 describeanextensionof LIC
for arbitrarysurfacesin 3D. Someapproachesarelimited to
curvilinearsurfaces,i.e.,surfaceswhichcanbeparametrized
by using2D-coordinates.Theirmethodalsohandlesthecase
of general,multiply connectedsurfaces.

Scheuermannin the groupof Hagen,presentsa method
for visualizing 3D vector fields that are definedon a 3D
manifold114. Their work addressesthe normalvectorcom-
ponentto thesurfacethatothermethodsdo not.

A problemwith many curvilineargrid LIC algorithmsis
that the resultingLIC texturesmay bedistortedafter being
mappedontothegeometricsurfaces,sinceacurvilineargrid
usuallyconsistsof cellsof differentsizes.Mao in thegroup
of Kikukawa proposea solution to the problem by using
multi-granularitynoiseastheinput imagefor LIC89.

� UFLIC, PLIC, etc.

ShenandKao presentUFLIC (UnsteadyFlow LIC, Fig. 8,
left)123� 124 which incorporatestime into the convolution.
Their algorithm addressesproblems with temporal co-
herency by successively updating the convolution results
over time.They alsoproposea parallelUFLIC algorithm.

Figure9: 3D LIC, courtesyof InterranteandGrosch53.

Vermain thegroupof Pang,presentsa methodfor com-
parative analysisof streamlinesandLIC calledPLIC148. A
visual comparisonbetweenELIC (enhancedLIC)95, PLIC,
andUFLIC is shown in Fig. 8.

4.3. Dense,integration-basedFlowViz in 3D

High computationalcosts, demandingmemory require-
ments,occlusion,and visual complexity can all be inhibi-
tantsfor dense,integration-basedflow visualizationin 3D.

� LIC in 3D.

Occlusionandinteractive performancearenon-trivial chal-
lengesto overcomeimplementingLIC in 3D (shown in
Fig. 9). Rezk-Salamaet al. tackle the problemof interac-
tiveperformanceusinga3D-texturemappingapproachcom-
binedwith aninteractive clippingplaneto addresstheprob-
lemsof occlusionandinteraction104.

A combinationapproachof direct volumerenderingand
LIC is taken by Interrante55 for extendingLIC to 3D. In-
terranteandGroschaddresssomeperceptualdifficultiesen-
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Figure 10: exampleof comparingFlowViz techniquesfromSects.2, 3, and4, image courtesyof Hauser80. FlowViz by theuse
of arrows(left) is comparedto FlowViz basedon integral objects(middle),andspace-fillingFlowViz by theuseof LIC (right).

counteredwith dense,3D visualizations53� 54� 55. Techniques
for selectively emphasizingimportantregionsof interestin
theflow, enhancingdepthperception,andimproving orien-
tationperceptionof overlappingstreamlinesarediscussed.

� Texture advection in 3D.

Kao et al. discussthe useof 3D and4D texture advection
for the visualizationof 3D fluid flows64. Formidablechal-
lengesareintroducedby thememoryrequirementsinvolved
in using3D and4D textures.They alsoapplya steady-state
animationto these3D and4D textures.

5. FlowViz basedon derived data

Thevisualizationmethodologiespresentedin thissectionre-
quirethemostcomputationbetweendataacquisitionandre-
sulting perceptionat the user’s side.Computationsarerun
on the input datato acquireadditionaldataaboutthe input.
This derived data(dependingon the application)might be
flow topology, flow features,aggregatedflow data(through
clustering),meta-level flow data,or others.Original dataas
well asderiveddataarethenusedfor visualization,allowing
for enhancedvisualizationof flow data.Associatedwith the
deriveddatais addedcomplexity. Thebenefitsin thesetech-
niqueslie on theuser-side: louselyspeaking,morework is
doneby thevisualizationsoftwareandlesswork is doneon
behalfof theuser, e.g.,lesswork with interpretation.

5.1. 2D FlowViz basedon derived data

This section starts off with a discussionof vector field
clusteringtechniques.Secondly, we introducefeature-based
flow visualizationtechniques.Topology-basedvisualization
and vortex visualizationare presentedas subcategoriesof
feature-basedflow visualization.Finally, we introducetwo
morecategories:flow visualizationbasedon local analysis
andmeta-level flow visualization.

� Vector field clustering.

Vector field clustering methodsattempt to balancevisual
complexity andcompleteflow coveragein both2D and3D
vectorfields.Insteadof trying to visualizeeachvectorin the
dataset,aggregatedinformationaboutthedatasetmaybevi-
sualized.In short,largernumbersof finer resolutionvectors
arereplacedby fewer representativesat a coarserresolution
in thevisualization.Thevectorsthatremainattemptto sum-
marize thosefound at the finest level of resolutionin the
originaldataset.

Lodhaetal.presentanalgorithmfor compressing2D vec-
tor fieldswhile alsopreservingtopology79. They usediffer-
ent typeserror measuresincluding the earthmover’s dis-
tancemetricto measurethetopologicaldegradation.Exam-
pleswith bothanalyticandsimulateddatasets.

TeleaandvanWijk presenta vectorfield clusteringtech-
niquefor 2D vectorfields thatallows theuserto adjustpa-
rametersresultingin simplifiedvectorfield visualization137.
They alsoshow how to extendthealgorithmto 3D,asshown
in Fig. 11.

Heckel in the groupof Joy, presentsa vectorfield clus-
tering techniquefor generatinganentirehierarchicalrepre-
sentationof the vector field45. More than one level in the
hierarchycanbevisualizedsimultaneously.

Garcke et al. presenta continuousvectorfield clustering
techniqueto simulationdata40 with the goal of varying the
representationfrom finegranularityto very few, coarseclus-
ters.They demonstratea generalapplicability of their ap-
proach,e.g.,alsoin 3D41. Their algorithmsarefocusedon
2D vectorfields,however, they show their extensionto 3D
vectorfieldsaswell.

� Feature-basedflow visualization.

When describingfeature-basedflow visualization, we use
the term feature to refer to a specialsubsetor structureof
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Figure 11: 3D FlowViz basedon clustering, combinedwith
a texturedslice; image courtesyof TeleaandvanWijk137.

interestin the original flow dataset.Featurescanbe classi-
fied as local or non-local, dependingon what information
is beingrepresented.Examplesof local featuresarecritical
points.Vortex coresare non-local features,spanningnon-
infinitesimalsmall regionsof the flow domain.Reinderset
al., for example,presenta 2D feature-extraction technique
for applicationin the astrophysicaldata101. Their systemis
ableto extractcloudfeaturesfrom largedatasets.

Feature-basedvisualizationtechniquesaddressproblems
associatedwith largedatasets.Applying a direct flow visu-
alizationtechniqueto a large CFD simulationdatasetdoes
notguaranteeda meaningfulvisualization,especiallyin 3D.
Detailsareeasilylostwhendirectvolumerenderingmethod-
ologiesareappliedthe vectorfield visualizationasa result
of (1) occlusion, (2) theprojectionof 3D informationonto
a2D screen,or (3) justbecauseof their relatively smallsize
comparedto otherfeatures.Emphasizingthemostinterest-
ingcomponentsof theflow fieldmaybeabetterchoice.Note
that what is deemedas “interesting” is determinedby the
user.

Feature-basedvisualizationprovides the userwith more
capabilitiesto guidethevisualizationprocess,allowing the
possibility to definethe featuresto be visualizedeitherex-
plicitly or implicitly. Explicit featuredefinitionrefersto the
scenariowhentheuserknowsa priori whatfeaturesto visu-
alize.Implicit featuredefinitioninvolvesseparatingfeatures
into subsetsthathave similar attributes,e.g.,showing all re-
gionsof flow whosevelocity lies above a given threshold.
Henzeusesmultiple 2D views featuringgeometricconnec-
tivity in anapproachcalledLinkedDerivedSpaces48, which
arelinked in termsof sharedcolor maps,for examepl,and
allow discretebrushingto interactively specifyflow features.

The representationof different types of featuresis an-
otherimportantfield of research.Featureshave differentat-

tributes,and to emphasizespecialattributesfor eachtype
of feature,suitablerepresentationsaredeveloped.For vor-
tices,critical points,andother topologicalfeatures,glyphs
or icons can be used.One exampleare the ellipses(ellip-
soidsin 3D) usedby SadarjoenandPost109. They encodethe
rotationspeedvortex, size,andotherattributesof vortices.

� Topology-basedflow visualization.

An importantpropertyof a flow field is its topology. Vec-
tor field topology visualizationwas introducedby Helman
andHesselink47. They presentessentialinformationby par-
titioning theflow field accordingto its critical points. Lavin
et al. presenta techniqueby which they compare2D vec-
tor fields for similarities basedupon the characteristicsof
critical pointsfound in eachdataset76. Thegoalof their re-
searchis the ability to comparecomputationalandexperi-
mentalflow fieldsunderthesameconditions.

How to properly extract flow topology is a separateis-
sue.Especiallywhentalking aboutdatafrom flow simula-
tion, i.e.,datawhichoriginsin a(locally) linearcomputation
ona grid, thentheextractionof flow topologyis non-trivial.

Scheuermannet al. work on higher-orderflow topology,
i.e., topologyof (locally) non-linearflow data115� 116. An ex-
ampleof thiswork is shown in Fig.12(left). Scheuermannet
al.alsoinvestigateimprovedinterpolationschemesfor better
extractionof flow topology117.

� Multi-r esolutionflow topology.

The visualizationof topology can be impressive when the
underlyingflow fields arenot too complex. But challenges
mayarisein high-resolution,turbulentflows.RichCFDsim-
ulationdatasetscancontaina largenumberof critical points
thatcluttera resultingimage.

An approachusing multiple levels of topology by de
LeeuwandvanLiere18 proposesa solutionto this problem.
Their solution is a topologicalfilter that leavesout clutter-
ing but retainstheglobalstructureof theflow. Thetopolog-
ical filter is calleda pair distancefilter which is definedas
the distancebetweentwo critical points.This distancecan
be usedas the metric by which to remove (or filter) criti-
cal pointsfrom the visualization.De Leeuwandvan Liere
illustrate limitations of the pair distancefilter24. As an al-
ternative, they proposea methodto calculatetheinflow and
outflow areasof thecritical points,which they applyto data
from meteorology19. The datasetis basedon a curvilinear
grid andcontainsmeasurementsof atmosphericwind direc-
tion andmagnitude.

Onedisadvantageof themethodspresentedby deLeeuw
andvan Liere is that they do not handlehigherordercriti-
cal points.This challengeis addressedby Tricocheet al.139.
Tricocheet al. presentalso a topologicalsimplification of
vectorandtensorfieldson irregulargrids140.

A vectorfield topologysimplificationcanbeachievedby
mergingcritical pointswithin aprescribedradiusinto higher
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Figure 12: examplesof FlowViz basedon flow topology: non-linearflow topology depicted(left), image courtesyby Scheuer-
mannetal.115; 3D FlowViz basedoncritical pointanalysis(right), image courtesybyHauseretal.81.

ordercritical points.After building clusterscontainingthe
singularitiesto merge, their methodgeneratesa representa-
tion in which eachclustercontainsonehigherordersingu-
larity. Any visualizationmethodcanbeappliedto theresult
afterthisprocess.

� Vortex visualization.

Another valuableareaof researchin FlowViz is the iden-
tification of vorticesand their cores.Most relatedresearch
presentsspecialcasetechniquesfor vortex identificationas
opposedto methodologiesthatapplyin generalcases.Weak
Vortices, for example,presentspecialchallenges.Weakvor-
ticeshavearelatively slow rotationalcomponentwhencom-
paredto the velocity of the flow alongthe axis of rotation
(thevortex core).

Sadarjoenet al. shows applicationsof two categoriesof
vortex detectioncriteria: (1) point-basedscalarquantities,
calculatedat singlepoints,and (2) curve-basedgeometric
criteria,calculatedfor, e.g.,streamlines111. The first cate-
goryis easierto compute,but doesnotwork in all cases.The
secondcategory is more intuitive but currentlyonly works
in 2D (or 3D projected)flows. They presentapplicationsof
bothapproachesin hydrodynamicflows.

SadarjoenandPostpresenttwo vortex detectionmethods
thatarebasedon thegeometricpropertiesof streamlines109.
Unlike many vortex detectionmethodsthat are basedon
point-samplesof physicalquantities,one of their methods
is alsoeffective in detectingweakvortices.In addition,their
methodologyallowsfor quantitative featureextractionusing
numericalattributesof vortices.

Sadarjoenand Post extendedtheir vortex visualization
methodsto unsteadyflow110, also.Their methodis applied
to areassuchasoceanmapping.

� The accuracyof feature-basedflow visualization.

Feature-basedvisualization poses some special chal-

lenges: (1) thecomputationaleffort requiredfor theextrac-
tion process,(2) theevaluationandaccuracy of theresulting
output,and (3) thetopic of completenessarises,e.g.,what,
if any, importantpropertiesbeenleft outof thevisualization.

Reindersetal. addresstheevaluationandaccuracy of fea-
ture extraction103. Their methodologyis appliedandtested
for different grid resolutions,noiselevels, and featureex-
traction parameters.Peikert and Roth introduce a math-
ematical framework targeted at a more accuratefeature
comparisons98.

5.2. Derived data for FlowViz on slicesor boundaries

As boundaryflows oftenareprimarily interestingto visual-
izationusersanyway, extractionof deriveddatafor flow vi-
sualizationalsois donefor flow sub-setslike that.An exam-
ple is theautomaticextractionof attachmentandseparation
linesalongflow boundaries,aspresentedby Kenwright66.

Wongetal. applyavectorfield clusteringtechniqueto 2D
slicesof a regional climatemodelingdatasetcovering East
Asia159. They alsoshow how to combinetheirresultsof mul-
tiple slicesto gain 3D visualization.Their goal is to elimi-
natelessinterestingand sporadiccritical points in a mul-
tiresolutionfashion.

5.3. 3D FlowViz basedon derived data

The more extendeda flow datasetis the more appropriate
FlowViz solutionsgetwhich arebasedon derived data.3D
flow data,especiallyif it is time-dependent,often is com-
posedof hundredsof thousandsof datasamples,which (in
caseof unsteadyflows)aregivenonhundredsof time steps.
Clearly, dataof thatextentposespecialchallengesto theex-
ploration phase.With FlowViz solutionsbasedon derived
data,the usercanbe supportedto morequickly investigate
thosepartsof thedata,in which heor sheis actuallyinter-
estedin.
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DeLeeuwandvanWijk, for example,presentatechnique
for interactive flow analysisin 3D25, which is basedon the
visualizationof locally derived data.Local flow attributes,
suchas velocity, acceleration,convergenceor divergence,
rotation, etc., are visualizedby the use of glyphs, which
changetheir (geometrical)appearanceaccordingto thedata
to bevisualized.

� FlowViz basedon 3D featureextraction.

TankandMedionipresenta 3D featureextractiontechnique
that aimsto extract coherentsurfacesand3D spacecurves
from a denseor sparse3D grid132. Basedon noisydata,ex-
tremalsub-setsof thedataareextractedandvisualizedby the
meansof surfaces.The authorsdemonstratethe extraction
of: (1) shockwaves, (2) vortex cores,aswell as (3) crest-
linesandridgesin a terrainmap,and (4) grooves,anatomi-
cal lines,andcomplex surfacesfrom noisydentaldata.

VanWalsumet al. presenta featureextractiontechnique
thatprovidesa compactabstractionof theoriginal data,and
usesiconsto visualizetheextractedfeatures145. Reinderset
al. show anotherfeature-basedrepresentation100 thatusesa
skeletaldescriptionof featuresin the flow via the useof a
long,slim, geometricshape.

� Feature tracking.

Temporalcoherency, also called feature tracking, is also
valuablefor feature-basedvisualization.Featuretrackingad-
dressesthechallengeof following flow featuresover multi-
ple time steps.

Reindersetal.suggestfeaturetrackingmethodologiesand
evaluatethe successrateof thesetechniques102. Prediction
rules,derived from datafrom previous time steps,is used
to computeregions in which thereis a high probability of
finding a featurein a future time step.Thepathof features
over time is shown in a featuregraph.

Silver andWangpresenta basicframework for thevisu-
alizationof time-varyingdatasetsthat featuresanalgorithm
anddatastructureto trackvolumefeaturesin un-structured
datasets127. The algorithm and data structureare general
enoughto beappliedto structured,curvilinear, adaptive and
hybrid grids. Silver andWangalsopresenta techniquethat
isolatesandtracks3D representationsof regionsof interest
from 3D regular andcurvilinear, CFD datasets126. Features
areextractedfrom eachtimestepandmatchedto featuresin
subsequenttimesteps.

� Focusand context visualization in 3D.

The focusandcontext metaphorcomesfrom thefield of in-
formation visualizationand is importantwhen visualizing
largedatasetsresultingfrom CFDsimulation.Thefocusof a
visualization(derivedfrom thedepth-of-fieldmetaphorfrom
photography)is theregionor objectwith thehighestamount
of interestto theuser. Thecontext of thevisualizationis usu-
ally representedin lessdetailandprovidesasemanticframe-

work in which to visualizethe focus.Seethework by Card
for moreon informationvisualization14.

DoleischandHausertakeadvantageof thefocusandcon-
text metaphorto visualizeCFD simulationdatawith several
attributes29.They extendthe work of Henze48 to allow also
for non-discretefeaturedefinition.Also, resultsfrom inter-
activefeatureextractionareusedto modulateopacitywithin
3D rendering.

� Topology-basedflow visualization in 3D.

Whendealingwith 3D data,artistsdoa fairly goodjob – in-
telligentlythey useonly thosepartsof thedatafor depiction,
which arecrucial for understandingthe data. Hand-drawn
flow illustrations,therefore,have beenpopularsincethebe-
ginningof scientificflow investigation.Leonardoda Vinci,
for example,efficiently usedhanddrawingsto communicate
his researchresultson fluid flows. More recently, Abraham
andShaw cameup with visualizingflow structuresby using
hand-drawn images1. They alsoconcentrateon elementary
structureswithin 3D flow data,basedon3D flow topology.

HelmanandHesselink47 proposedto visualizethegeom-
etry of the topologicalstructureof flow dynamics.Stream
lines along the eigenvectorsof critical points are usedto
show separatrices.Icons composedof line segmentsand
smalldisksencodetheJacobianmatrix nearcritical points.

Batra and Hesselinkextend the techniquepresentedby
Lavin et al.76 to 3D vector fields3. A methodfor compar-
ing 3D vectorfields constructedfrom simplecritical points
is described.Globuset al.43 cameup with a tool to identify
topologicalelementswithin datathat is given at a discrete
grid.

LöffelmannandGröllerusetheresultsof topologyextrac-
tion in 3D flow datafor selectively placing3D streamlets82.
With this strategy, an over-populationof phasespacewith
occlusionproblemsas a consequenceis avoided.Further-
more direct, and thus intuitive visualizationcuesare used
for visualization,insteadof representingtopologicalstruc-
turesonly.

� Vortex visualization in 3D.

RothandPeikert addressvisualizationof CFD datafor tur-
bomachinerydesign105. They arguethatFlowViz for turbo-
machinerydesignposessomespecialrequirementswhich
areoftennot addressedby standardFlowViz systems.They
discussthe issuesinvolved with this particularapplication
andits requirementswith respectto flow visualization.Roth
andPeikert alsopresenta methodto automaticallyextract
vortical structuresfrom 3D CFD vector field106 (Fig. 13).
They discussesthe underlyingtheoryandsomeaspectsof
theimplementation.

Pagendarmet al. extendthe 2D vortex detectionmethod
of SadarjoenandPost109 to 3D97. Kenwright andHaimes
presentaneigenvectormethodfor vortex identificationin an
aerodynamicsimulation65. It is shown to beaneffectiveway
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Figure13: 3D FlowViz basedonvortex core extraction,im-
age courtesybyPeikert andRoth98.

to extract and visualizefeaturessuchas vortex cores,spi-
ral vortex breakdowns,vortex bursting,andvortex diffusion.
KenwrightandHaimsaddressseveral challengesincluding
identifying disjointedline segments,detectingnon-vortical
flow features,andcomputingvortex coredisplacement.

� 3D FlowViz usingPoincarémaps.

Poincarésectionsarea usefulmathematicaltool for the in-
vestigationof 3D flows which exhibit a strong rotational
component,as, for example,particle tracesin a fusion re-
actor. Using a Poincarésection,the dominatingrotational
componentis separatedfrom the3D flow, andsecond-level
structuresbecomeapparent.

Löffelmann et al. proposea set of visualization tech-
niquesbasedonPoincarémapsin 3D84. They suggestadapt-
ing somewell-known visualizationtechniquesas,e.g.,spot
noise,to Poincarémapsto improve thevisualrepresentation
of the 2D map. They also presentan embeddingof these
techniqueswithin a 3D visualizationof theunderlyingflow.
This approachallows to significantly reducesomelimita-
tionsof previously known techniques.

Schussmanet al. make useof a Poincarémapin orderto
visualizemagneticfield lines121.

6. Relatedwork

In this sectionaboutrelatedwork, we addresstopics,which
arecloselycoupledto flow visualization,but do not belong
themselves to FlowViz. Thesetopics includeexperimental
flow visualization,flow integration, grids involved, tensor
visualization,visualizationof maps,uncertaintyvisualiza-
tion, and simulatedfluids in computergraphics.We relax
our rigid organizationfor this sectionin order to simplify
thepresentationof relatedwork for thereader.

� Experimental flow visualization.

As alreadymetionedpreviously, this state-of-the-artreport
clearly focuseson computationalflow visualization.How-
ever, there is a long history and a large amountof litera-
tureaboutexperimentalflow visualization.Fluid researchers
have beenusing real experimentsto get an impressionof
fluid flow propertiesandstructuresfor a long time. Experi-
mentalmethodshaveadvantagesincludingintuitive andim-
mediatefeedbackandfewernumericalerrors.Therearealso
significantdisadvantages:mostsevere is that experimental
methodsmay influencethe flow itself. Next, experimental
setupsusuallyaretime consumingandvery expensive. For
in-depthinformationaboutexperimentalflow visualization
techniques,seeMerzkirch91, Postand van Walsum99, and
Milton vanDyke144.

� Flow integration methods.

Oneof the backbonesof flow visualizationis flow integra-
tion methods. This is becauseflow visualizationoftenrelies
heavily onthis typeof computation.Hence,severalresearch
papersfocussolelyonoptimizingtheintegrationalgorithms
themselves.Accurate numericalintegrationis an important
topic relatingto flow visualization.Here,again,the classic
trade-off is madebetweenaccuracy andcomputationtime.
Euler’s methodof integrating is the simplest,but it is not
accurateenoughfor someapplications.A Runge-Kuttainte-
grationmethodof order2 or 4 offersgreateraccuracy but at
the expenseof computation.Integratorsmay have adaptive
stepsizes129, useinterpolateddata,andmay be or implicit
or explicit type. Teitzel et al. analyzedifferent integration
methodsin orderto evaluatethetrade-off betweentime and
accuracy135� 136.

Knight andMallinsonpresenttheuseof dualstreamfunc-
tionsfor generatingstreamlinesandstreamsurfaces72. Van
Wijk, for example,usesthiskind of approachfor hissurface
particles147.

� Grids.

In flow visualization,many differenttypesof gridsareused.
This mostly is dueto the fact thatdataorigins in flow sim-
ulation and in this fields grids are adaptedto supportthe
simulationprocessas well as possible.As a consequence,
non-Cartesiangridssuchascurvi-lineargridsoftenshow up
whenflows aroundcertainbodiesor obstaclesare investi-
gated.

In principal, differenttypesof grids alsoimply different
typeof algorithms.Many solutionswork well for onetypeof
grids,but arenot trivially extendedto others.Gridsinvolved
rangefrom Cartesian,recti-linear, andcurvi-lineargrids, to
unstructured,irregulargrids,andevenhybrid combinations
suchasblock-structuredgrids.Specialothertypesof grids,
like sparsegrids or multi-resolutiongrids, or even moving
grids, are also experienced.Paperswhich specificallyad-
dressa specialtype of grids have be interleaved within the
previoussections.
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� Tensorvisualization.

In additionto flow datavisualization,tensordatavisualiza-
tion is anactiveareaof research.Tensorfieldsprovidemulti-
dimensionaldatausuallyrepresentedby theuseof matrices.
Stresspropagationwithin certainobjectslike engines,tur-
bines,etc.,producetensordata.Simulationtechniquesthat
aresimilarto methodsknown from CFDareusedto compute
densedatasetsof volumetensors.

DelmarcelleandHesselinkusehyperstreamlines– a gen-
eralizationof vectorfield streamlines– in orderto visualize
3D, second-ordertensorfieldsalongcontinuouspaths27.

Hesselink,Levy, andLavin studythetopologyof 3D ten-
sorfields50� 77. Their goal is to representtheir structureby a
setof points,lines,andsurfacesanalogousto approachesin
vectorfield topology. They extract topologicalskeletonsof
the eigenvectorfields andusethemasa descriptionof the
tensorfield.

Weinsteinet al. presenta feature-trackingalgorithm to
tensorfield datasets155.

� Visualization of discreteflow data.

Flow datarepresenttemporalchangesin a continuousway
like appropriatefor fluid flows, gasflows, or similar. How-
ever, in other applications,like econometricmodeling,for
example,temporalchangesoftenarerepresenteddiscretely,
i.e., in changesfrom onediscretepoint in time to the next
one, e.g., population size year after year or temperature
heightsfor seriesof days.

In their work on how to use Poincarésectionsfor 3D
FlowViz 84, Löffelmannetal.adaptwell-known FlowViz so-
lutions from thecontinuousdomainto discrete,2D Poinaré
maps,suchasarrow plos,depictionsof trajectories,andspot
noise.

Hauseret al. presenta two-level approachfor volume
rendering44, which they useto visualizeflow dataof such
discretenature.Renderedareso-calledbasinsof attraction,
which separatetheflow domaininto distinctportionswhich
arecharaterizedby coherentlong-termevolution.They also
show chaoticattractorswhich regularily occur in conjunc-
tion with suchdiscreteflow data.

� Uncertainty visualization.

Uncertaintyor errorsmay be introducedin fluid flow data
as the datais acquired,stored,andrendered.Although re-
searchersareawareof sucherrors,seldomdo visualization
systemsincorporatesuchuncertaintyinformation.In theab-
senceof theintegratedpresentationof dataandits associated
error, theanalysisof thevisualizationis incompleteandmay
resultin misleading,inaccurate,or incorrectconclusions.

Wittenbrinketal. applyanuncertaintyvisualizationtech-
niqueto meteorologicdatain 2D158. Environmentaldatahas
inherenterrorwhich is oftenignoredin visualization.Their
approachincludesuncertaintyin directionandmagnitude,as

well asthemeandirectionandlength,in vectorglyph plots.
Thedesignof theglyphandnumerousexamplesusingenvi-
ronmentaldataareshown.

Cedilnik andRheingansdevelopeda methodfor showing
theuncertaintyinformationtogetherwith datawith minimal
distractionfor 2D results15. This methodusesprocedurally
generatedannotationsandglyphsthataredeformedaccord-
ing to the uncertaintyinformation. Lodha in the group of
Wittenbrink,presentsUFLOW –asystemfor visualizingun-
certaintyin fluid flow78. Thetechniquesemployedto visual-
izeuncertaintyin fluid flow includeuncertaintyglyphs,flow
envelopes,animations,priority sequences,twirling batonsof
traceviewpoints,andrakes.Thesetechniquesareeffectivein
visualizingtheeffectsof differentintegrationmethods.

Djurcilov in the groupwith Pang,presenta volumeren-
dering algorithm that includesuncertaintyvisualizationin
theresult28.

� Simulatedflows in computer graphics.

Fosteret al. presenttechniquesfor usercontrolled fluid ani-
mation35� 36� 37. With their tools, it is possiblefor computer
graphicsanimatorsto specify and control a 3D fluid an-
imation, without knowledge of the underlying simulation
equations.To illustratethe methods,animationsof moving
objects,fountains,explosions,andhot gasinteractingwith
solidobjectsarepresented.

7. Summary and conclusions

Thispapergivesanoverview of thecurrentstateof theart in
flow visualization.Thelargebodyof researchin vectorfield
visualizationis a reflectionof its importanceto researchers
in scientificvisualizationaswell asprivateindustry. Wegive
careful considerationto how techniquesin fluid visualiza-
tion canbe categorizedandreflect this organizationin the
presentation.We put emphasison flow visualizationbased
on deriveddatabecausethis field of researchgainedspecial
importancerecently. More specifically, we believe feature-
basedflow visualization,and time-dependentflow visual-
ization are areasfor much future work. One possiblefu-
ture challengeof FlowViz basedon derived datamight be
to bettersupportintuition, to supporttheuseralsowith un-
derstandingthevisualizationprocessitself (for betteraccep-
tanceof theresults).
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