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Abstract
Flow visualizationhasbeena very attractivepart of visualizationresearch for a long time. Usually very large
datasetsneedto beprocessed,which oftenconsistof multivariatedatawith a large numberof samplelocations,
oftenarranged in multiple timesteps.Recently, thesteadilyincreasingperformanceof computers again hasbe-
comea driving factor for a reemergencein flowvisualization,especiallyin techniquesbasedonfeatureextraction,
vectorfieldclustering, andtopology extraction.
In this article anda companionpaper69, thestateof theart in flow visualization(FlowVis) is presented.In this
paper, direct (or global) flow visualizationsuch ashedgehog plots, texture-basedflow visualizationsuch as line
integral convolution,andgeometricflow visualizationsuch asstreamlines is discussed.Part 2 of this report 69

focusseson feature-basedflow visualizationin detail. In this paper, also an attemptof categorizing FlowVis
solutionsis presentedwhich is incorporated as a structure for part 1 (this paper). FlowVis fundamentalsare
shortlyaddressedaswell asconclusionsandfuture prospects.

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

1. Intr oduction

Flow visualization(FlowVis) is oneof the traditional sub-
fields of visualization,covering a rich variety of applica-
tions, rangingfrom theautomotive industry, aerodynamics,
turbomachinerydesign,to weathersimulationandmeteorol-
ogy, climatemodelling,groundwaterflow, andmedicalap-
plications,with differentcharacteristicsrelatingto the data
andusergoals.Consequently, thespectrumof FlowVis solu-
tionsis very rich, spanningmultipledimensionsof technical
aspects,e.g.,2D vs.3D solutions,techniquesfor steadyand
time-dependentdata.

Bringingmany of thosesolutionsin linearorder(asneces-
saryfor a text like this) is neithereasynor intuitive. Several
optionsof subdividing thisbroadfield of literaturearepossi-
ble. Hesselinket al., for example,addressedtheproblemof
how to categoriseFlowVis techniquesin their1994overview
of (at thattime) recentresearchissues24 andmentionthedi-
mensionalityof flow datato dealwith asthe first example.
In thefollowing, severalof thoseaspectsarediscussedon a
higherlevel beforeliteratureis addresseddirectly.

1.1. Classification

Accordingto thedifferentneedsof theusers,therearedif-
ferentapproachesto flow visualization(cf. Fig. 1):
� Direct flow visualization: Usinganasdirectaspossible

translationof theflow datainto visualizationcues,for ex-
ample,by drawing arrows or color codingvelocity, quite
intuitive picturescan be provided, esp. in 2D. FlowVis
solutionsof thiskind allow immediateinvestigationof the
flow data,without requiringa lot of mentalinterpretation.

� Texture-basedflow visualization: Similar to direct flow
visualization,a texture is computed,which subsequently
is usedfor rendering,to provide a densevisualization
of the flow data. Through the integrated relation of
texture values along the flow, a notion of where the
flow goesis incorporated. In most casesthis effect is
achievedthroughfiltering of texturevaluesalongtheflow.

� Geometricflow visualization: For a bettercommunica-
tion of thelong-termbehavior inducedby flow dynamics,
integration-based approaches first integrate the flow
dataanduseresultingintegral objectsasa basisfor flow
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Figure 1: Computationsinvolvedin FlowVis – direct flow
visualization(a) vs.texture-basedFlowVis (b) vs.FlowVis
based on geometric objects (c) vs. feature-based
FlowVis (d). This classificationrelatesto the first-level
structure of this report.

visualization;examplesarestreamlines,streaklines,and
path lines. In a similar way, also differently computed
geometric objects, like iso-surfaces or timelines also
are useful for flow visualization. In the following, we
will jointly discusstechniquesof this kind asgeometric
techniques.

� Feature-basedflow visualization: Yet anotherapproach
makesuseof anabstractionand/orextractionstepwhich
is performedbeforevisualization.Specialfeaturesareex-
tractedfrom the original dataset,suchasimportantphe-
nomenaor topologicalinformationof theflow. Flow vi-
sualizationis thenbasedontheseflow features(insteadof
theentiredataset),allowing for compactandefficientflow
visualizationof even very large and/or time-dependent
datasets.Part 2 of this state-of-the-artreport 69 covers
feature-basedflow visualizationin detail.

Figure 1 illustratesthe differencebetweenthe aforemen-
tionedclasses.Note the increasingamountof computation
neededfor thevisualizationstepwhenchangingfrom direct
flow visualization(a)to feature-basedflow visualization(d).
In this overview we useseparatechaptersfor threeof these
classes:direct flow visualizationis discussedin section3,
texture-basedflow visualizationis reviewedin section4, and
geometrictechniquesfor flow visualizationin section5.

1.2. Dimensions

In flow visualization,availablesolutionssignificantlydiffer
with respectto the given dimensionalityof the flow data.
Techniqueswhichareusefulfor 2D flow data,likecolorcod-
ing or arrow plots,sometimeslacksimilaradvantagesin 3D.
Also, thequestionof whethertheflow datais steadyor time-
dependenthasa large impact with respectto the FlowVis
solutionof choice.

In thisstate-of-the-artreport,wesubstructurethesections
aboutdifferentclassesof FlowVis solutionsinto subsections
with respectto the different spatial dimensionsinvolved.
This report focusseson 2D and 3D flow visualization,al-
thoughthereis muchinterestingwork about1D FlowVisand
nD FlowVis (with n � 3) aswell.

3D2.xD2D

FlowViz
3D

on surfs.
FlowViz

FlowViz
2D

steady
+

tim
e

FlowViz for time−dependent data

Figure 2: FlowVis spansdifferent spatial dimensions,and
also time (1D & nD omittedhere). This categorization
correspondsto thesecond-level structure of this report.

In the following, the top-level sectionsstartwith a sub-
sectionon 2D FlowVis techniques(sectionsn.1), i.e., cov-
ering solutionswhich focuson 2D flow data(in planar2D
domains). Sincethe 2D domaininherentlycorrespondsto
the2D screen,goodoverviews arepossiblefor thesekinds
of techniqueslikewith theuseof 2D LIC (seebelow for de-
tails). However, thereadershouldbeaware,thatreal-world
flows (at leastwhentalking aboutfluids or gases)arerarely
two-dimensional– datasetsthereforeareoftenslicesout of
a 3D stackof those,or stemfrom simplificationsof theun-
derlyingmodel.

A secondsubsection(sectionsn.2) discussesFlowVis so-
lutionsfor boundaryflowsor sectionalsubsetsof 3D flows,
for example,flow dataon planarcrosssectionsor on 2D
manifoldsin 3D space.This subsectionthereforedealswith
2D flow data– at leastwith respectto the local dimension-
ality of thedata– but which is embeddedwithin 3D space.
While boundaryflows often are of actual interestto users
(like in aerospacedesign),thevisualizationof sectionalsub-
setsof 3D flow usuallyneedsspecialcare(not at the least
becauseof theusuallymissingflow component).Especially
questionableis theuseof integral curvesacrossflow cross-
sectionsasthesuggestedparticlepathsdonotcorrespondto
actualflow trajectories(whichnaturallywouldextendto 3D
in this case).

Finally, a third subsection(sectionsn.3) discussestruly
3D FlowVis solutions, i.e., visualizationtechniques,which
apply to true 3D flow data. With true 3D flow visualiza-
tion, renderingbecomesa central issue. In many cases
compromisesareneeded,tradingvisibility for completeness.
Solutionsrangefrom clipping and opacity modulationsto
feature-basedselections.

In additionto thespatialdimensionsasaddressedabove,
alsodimensionalitywith respectto time is of greatimpor-
tancein flow visualization. First of all, flow dataitself in-
corporatesa notion of time – flows often areinterpretedas
differentialdatawith respectto time (cf. equ.1), i.e., when
integrating the data,pathsof moving entitiesare obtained
(cf. equ.3). Additionally, the flow itself can changeover
time (like in turbulent flows), resulting in time-dependent
or unsteadydata. In this case,two dimensionsof time are
presentandthevisualizationmustcarefullydistinguishbe-
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tweenboth in order to prevent usersfrom beingconfused.
Instanteneousstreamlines, for example,arehard to inter-
pret correctlyin thecontext of unsteadyflow. This distinc-
tion of time dimensionsis especiallytrue, whenanimation
is usedfor flow visualization. Then,even a third temporal
dimensionshows up in a visualization(like the motion of
the camera),requiringspecialcareto avoid confusionwith
interpretationof theanimations.

Although the distinction betweensteadyand unsteady
flows could openanotherdimensionwhensortingFlowVis
literature,in thisreportsolutionsfor time-dependentdataare
besiderelatedtechniquesfor steadydata.

In many cases,additionalto spatialandtemporaldimen-
sions,further dataattributesaregiven alongwith the data,
suchastemperature,pressure,or vorticity. Flow visualiza-
tion alsotakesthesevaluesinto account,e.g.,throughcolor-
ing or iso-surfaceextraction.

1.3. Experimental and computational FlowVis

Flow visualization,asdiscussedin this paper, is considered
to beequivalentto whatotherscall computationalflowvisu-
alization – to distinguishit from the largeandold fields of
experimentalandempiricalflow visualization.

Although we do not have spaceto focus on thoseother
variantsof flow visualization,it is interestingto recognise
that many computationalFlowVis solutionsmore or less
mimic thevisualappearanceof well-acceptedtechniquesin
experimentalvisualization(cf. particletraces,dyeinjection,
or Schlierentechniques).

1.4. Data sources

Computationalflow visualization,in general,dealswith data
thatexhibit temporaldynamicssuchasresultsfrom (a)flow
simulation(e.g.,the simulationof fluid flow througha tur-
bine), (b) flow measurements(possiblyacquiredthrough
laser-basedtechnology),or (c) analytic modelsof flows
(e.g.,dynamicalsystems1, givenassetof differentialequa-
tions).

In this reportwe mainly focuson flow visualizationdeal-
ing with datafrom computationalflow simulation,i.e., flow
datagivenasa setof sampleson a grid. Flow visualization
of this kind oftenis alsocalledvectorfield visualization. In
many cases,thevelocity informationin sucha flow dataset
(encodedwithin thesetof vectors)representstheprimefo-
cusduringvisualization.Nevertheless,therelationof com-
putationalandexperimentalflow visualizationneedsto be
metioned:experimentalflow visualization,asin awind tun-
nel, for example,is alsousedto validatecomputationalflow
simulation. In sucha casethe computationalflow visual-
izationneedsto besetup in a way suchthat resultscanbe
comparedeasily.

1.5. Placementand interaction

Many FlowVis solutionsbuild on the useof individual vi-
sualizationobjectssuchasstreamlines. The placementof
thosevisualizationcuesis anissuewithin FlowVis literature
for at leastthreereasons:(1) whenusinggeometricobjects
suchasstreamlines, an even distribution of seedlocations
usually doesnot result in an even distribution of geomet-
ric objectsin imagespace– separatealgorithmsneedto be
employed; (2) whendealingwith 3D flow data,occlusion
and/orvisualizationcomplexity raisesspecialchallenges–
denseplacementoften results in severe cluttering within
renderedimages; (3) whenusing feature-basedstrategies,
placementneedsto becoupledandalignedwith thefeature
extractionaspectsof thevisualizationtechnique.

In additionto placement,userinteractionplaysanimpor-
tant role, especiallyin caseof flow analysis.Usersrequire
systemswhichallow (1) navigation,includingzoomingand
panning, (2) interactive placementof visualizationcues,for
example,usingan interactive rake for stream-lineseeding,
or even (3) optionsof directly interactingwith theflow data
itself, for example,throughsteering44 of thesimulation.

2. FlowVis fundamentals

Beforeoutlining someof themostimportantFlowVis tech-
niquesin themainpartof this paper, a shortoverview about
thecommonmathematicalbackgroundaswell assomegen-
eralconceptswith regardto thecomputationof FlowVis re-
sultsarediscussed.

2.1. Flow data

An inherentcharacteristicof flow datais thatderivative in-
formation is given with respectto time, which is laid out
with respectto an n-dimensionaldomainΩ � Rn, for ex-
ample,n � 3 for representing3D fluid flow. In the caseof
multidimensionalflow data(n � 1), temporalderivativesv of
nD locationsp within theflow domainΩ aren-dimensional
vectors:

v � dp � dt � p � Ω � Rn � v � Rn � t � R (1)

In analyticmodels(like dynamicalsystems1), vectorsv of-
tenaredescribedasfunctionsof therespective spatialloca-
tionsp, saylikev � Ap for steady, linearflow data,A being
aconstantn � n-matrix. A moregeneralformulationof (pos-
sibly unsteady, i.e., time-dependent)flow datav wouldbe

v � p � t 	 : Ω � Π 
 Rn (2)

wherep � Ω � Rn representsthespatialreferenceof theflow
dataandt � Π � R representsthe systemtime. For steady
flow data,themoresimplecaseof v � p 	 : Ω 
 Rn is given(v
notdependenton t).

In resultsfrom nD flow simulation,like in automotive ap-
plicationsor airplanedesign,vector datav usually is not
given in analytic form, but needsto be reconstructedfrom
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(b) Curvilinear (c) Unstructured(a) Cartesian

Figure 3: Grids involvedin flow simulation– Cartesian(a)
vs.curvilinear (b) vs.unstructuredgrids (c). Issuesare im-
plicit (a) vs. explicit locations(b,c), implicit (a,b) vs. ex-
plicit neighborhood(c).

thediscretesimulationoutput. As usuallynumericalmeth-
odsareusedto actuallydotheflow simulation,suchasfinite
elementmethods,theoutputof flow simulationusuallyis a
large-sizedgrid of many samplevectorsvi , whichdiscretely
representthe solution of the simulationprocess. Further-
more,it is assumedthattheflow simulationis basedonanat
leastlocally continuousmodelof theflow, thusallowing for
continuousreconstructionof the flow datav during visual-
ization. Oneoptionfor doingsowould beto applya recon-
structionfilter h : Rn 
 R to computev � p 	�� ∑i h � p � pi 	 vi .
As – for practicalreasons– filter h usuallyhasonly localex-
tent,efficient proceduresfor finding thoseflow samplesvi ,
which actuallyarenearestto the querypoint p, areneeded
to doproperreconstruction.

2.2. Dealing with Grids

In flow simulation,thevectorsamplesvi usuallyarelaid out
acrosstheflow domainwith respectto acertaintypeof grid.
Grid typesrangefrom simpleCartesiangridsover curvilin-
ear grids to complex unstructuredgrids (cf. Fig. 3). Typ-
ically, simulationgrids alsoexhibit large variationsin cell
sizes.This varietyof gridsstemsfrom thehigh influenceof
grid designontotheflow simulationprocessandthethereby
derived needto modelthe flow grid asoptimal aspossible
with respectto thesimulationin mind.

Although the principal theoryof function reconstruction
from discretesamplesdoesnotexhibit toomany differences
with respectto grid typesinvolved, the practicalhandling
does.While neighborsearchingmight betrivial in a Carte-
siangrid, it usuallyis not in atetrahedralgrid. Similardiffer-
encesaregivenfor theproblemsof point locationandvector
reconstruction.In thefollowing we shortlydescribeseveral
fundamentaloperationswhich form the basisfor FlowVis
computationson simulationgrids.

Startingwith point location, i.e., the problemof finding
the grid cell which a given nD-point lies in, usually two
casesaredistinguished.For thegeneralpoint locationprob-
lem,specialdatastructurescanbeusedwhichsubdivide the
spatialdomainto speedup thesearch.For iterativepoint lo-
cation,which often is neededduring integral curve compu-
tation, algorithmsareusedwhich efficiently exploit spatial
coherenceduring the search.Onekind of suchalgorithms

startswith an initial guessfor the target cell, checksfor
point-containmentthenandrefinesaccordinglyafterwards.
This processis iterateduntil the target cell is found. More
detailscanbe found in older texts aboutflow visualization
fundamentals83
 67.

Besidepoint location,flowreconstructionwithin a cell of
theflow datasetis a crucial issuein flow visualization.Of-
ten,oncethecell whichcontainsthequerylocationis found,
only thesamplevectorsat thecell’s verticesareconsidered
for flow reconstruction.The most often usedapproachis
first-orderreconstructionby performinglinearinterpolations
within thecell. Within a hexahedralcell in 3D, for example,
trilinearflow reconstructioncanbeused.

Using point locationandflow reconstruction,flow visu-
alizationcanbegin: vectorscanberepresentedwith glyphs,
virtual particlescanbe injectedand tracedacrossthe flow
domain. Nevertheless,the computationof derived data
might benecessaryto do moresophisticatedflow visualiza-
tion. Usually, thefirst stepis to request(second-order)gradi-
ent informationfor arbitrarypointsin theflow domain,i.e.,�

v � p, which givesinformationaboutlocal propertiesof the
flow (atpointp) suchasflow convergenceanddivergence,or
flow rotationandshear. For featureextraction,flow vortic-
ity ω � � � v canbeof high interest.Furtherdetailsabout
localflow propertiescanbefoundin previouswork 68
 57.

2.3. Flow integration

Recallingthatflow datain mostcasesis derivative informa-
tion with respectto time, the ideaof integratingflow data
over time is naturalto provide an intuitive notion of (long-
term)evolutioninducedby theflow data.An examplewould
beflow visualizationby theuseof particleadvection.A re-
spective particlepath p � t 	 – herethroughunsteadyflow –
wouldbedefinedby

p � t 	�� p0 �
� t

τ � 0
v � p � τ 	�� τ � t0 	 dτ (3)

wherep0 representstheseedlocationof theparticlepathand
t0 equalsthe time whentheparticlewasseeded.Note, that
equations1 and3 arecomplimentaryto eachother. For other
typesof integralcurves,suchasstreamlinesandstreaklines,
referto laterpartsof this text or previousworks83
 45.

In addition to the theoretical specificationof integral
curves,it is importantto note,that respective integral equa-
tions like equation3 usually cannot be resolved for the
curve function analytically, andtherebynumericalintegra-
tion methodsneedto be employed. The most simple ap-
proachis to usea first-orderEuler methodto computean
approximationpE � t 	 – oneiterationof thecurve integration
is specifiedby

pE � t � ∆ t 	�� p � t 	 � ∆ t � v � p � t 	�� t 	 (4)

where∆ t usually is a very small stepin time andp � t 	 de-
notesthe location to start this Euler step from. A more
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Figure4: Examplefromtheoreticalbiology(a foodchain)53 for comparingFlowVis techniquesfromSects.3, 4, and5. FlowVis
by theuseof arrows(left) vs.texture-basedFlowVis by theuseof LIC (middle)andFlowVis basedongeometricobjects(right).

accuratebut also more costly techniqueis the second-
order Runge-Kutta method,which usesthe Euler approxi-
mationpE asa look-aheadto computea betterapproxima-
tion pRK2 � t � of theintegral curve:

pRK2 � t � ∆ t ���
p � t ��� ∆ t � � v � p � t ��� t ��� v � pE � t � ∆ t ��� t ���� 2 (5)

Higher-order methods like the often used fourth-order
Runge-Kutta integratorutilise moresuchstepsto betterap-
proximatethe local behavior of the integral curve. Also,
adaptive stepsizesareusedto make smallerstepsin regions
wherea lot of changetakesplacein theflow.

In the following, threeclassesof approachesin the field
of flow visualizationarediscussedin detail– directflow vi-
sualizationis describedin section3, texture-basedflow vi-
sualizationin section4, andgeometricflow visualizationis
discussedin section5. Figure4 illustratesthesethreekinds
of flow visualizationside-by-side. Part 2 of this report 69

coversthefourthclassof feature-basedflow visualizationin
detail.

3. Dir ect flow visualization

Direct (or global) flow visualizationattemptsto presentthe
completedataset,or a large subsetof it, at a low level of
abstraction.Themappingof thedatato a visualrepresenta-
tion is performedwithout complex conversionor extraction
steps.Thesetechniquesareperhapsthemostintuitive visu-
alizationstrategiesasthey presentthedataasis. Difficulties
arise,whenthe long-termbehavior inducedby flow should
be investigated– this potentiallyrequirescognitive integra-
tion of directvisualizationresults.

3.1. Dir ect flow visualization in 2D

In thissubsectionweshortlyaddresswidely distributed,i.e.,
fairly standardtechniquesfor 2D flow visualization,includ-
ing coloringandarrow plots.

Color coding in 2D – a commondirect flow visualization
techniqueis to map flow attributessuchas velocity, pres-
sure,or temperatureto color. Sincecolor plots arewidely
distributed,thisapproachresultsin very intuitivedepictions.
Of course,the color scalewhich is usedfor mappingmust
be chosencarefully with respectto perceptualdifferentia-
tion. Colorcodingfor 2D flow visualizationextendsto time-
dependentdatavery well, resulting in moving color plots
accordingto changesof the flow propertiesover time. Of
course,if time stepsaretoo widely spaced,temporalalias-
ing canoccur.

Arr ow plots in 2D – a naturalvector visualizationtech-
niqueis to mapa line, arrow, or glyph to eachsamplepoint
in the field, orientedaccordingto the flow field, as in fig-
ure4 (left). Usuallya regularplacementof arrows is usedin
2D, for example,on an evenly-spacedCartesiangrid. Two
variantsof arrow plotsareoftenused:(1) normalisedarrows
of unit lengthwhich visualisethedirectionof theflow only
and (2) arrows of varying length (proportionalto the flow
velocity). KlassenandHarrington43 andSchroederet al. 77

call this techniquea hedgehog visualization(becauseof the
bristly result). Hedgehogplots in 2D can be extendedto
time-dependentdata. However, without a propersampling
in the time dimension,easily temporalaliasingcan occur
(jumpingarrows), diminishingthequality of sucha visual-
ization.

Hybrid dir ectFlowVis in 2D – Kirby et al. proposethesi-
multaneousvisualizationof multiple valuesof 2D flow data
by usinga layeringconceptsimilar to the paintingprocess
of artists41. Arrow plotsaremixedwith colorcodingto pro-
vide rich visualizationresults.

3.2. Dir ectflow visualization on slicesor boundaries

When dealing with 3D flow data, visualizationnaturally
facesadditionalchallengessuchas 3D rendering. Acting
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Figure 5: Examplesof directflow visualization– an interactiveslicing probewith coloredslicesandscalarclipping (left) 78,
directvolumerenderingbasedon resampling(middle)103. Exampleof texture-based,coloredspotnoise(right) 48.

asa middle groundbetween2D flow visualizationandthe
visualizationof truly 3D flow data,therestrictionto subdi-
mensionalpartsof the 3D domain,e.g.,sectionalslicesor
boundarysurfacesalsois usedfor flow visualization.Tech-
niquesknown from 2D flow visualizationusuallyareappli-
cablewithout majorchanges(at leastfrom a technicalpoint
of view). When working with sectionalslices, the treat-
mentof flow componentsorthogonalto slicesrequiresspe-
cial care.

Color coding on slicesor boundaries – color coding is
very effective for visualising boundaryflows or sectional
subsetsof 3D flow data. A goodexampleis NASA’s Field
EncapsulationLibrary 62, which allows to easily useboth
techniquesfor variousflow data.Schulzetal. alsousecolor
codingof scalarson 2D slicesin 3D automotive simulation
data78 asshown in figure5 (left). They introducean inter-
active slicing probewhichmapsthevectorfield datato hue.
Theuseof scalarclipping, i.e., the transparentrenderingof
sliceregionswherethecorrespondingdatavaluedoesnot lie
within aspecificdatarange,allows to usemultiple(colored)
sliceswith reducedproblemsdueto occlusion.

Arr owson slicesor boundary surfaces– using2D arrows
on slicesfrom 3D flow datais alsoa possiblevisualization
technique17. However, resultsof suchavisualizationshould
be interpretedwith care,asflow which is orthogonalto the
slice usually is not depicted. Hedgehogplots work better
for boundaryflows. In thesecases,rarely cross-boundary
flows aregiven.Thereforetheuseof arrows spreadoutover
boundarysurfacesusuallyis veryeffective,asusedby Trein-
ish for weathervisualization93.

3.3. Dir ect flow visualization in 3D

After focussingon direct FlowVis on slicesand boundary
surfaces,direct flow visualizationof real 3D flows is dis-
cussed.In contrastto previouslymentionedtechniques,here
renderingbecomesthe most critical issue. Occlusionand
complexity make it difficult (if possibleat all) to getanim-
mediateoverview of anentireflow datasetin 3D.

Volume rendering for 3D flow visualization – thenatural
extensionof colorcodingin 2D (or onslices)is colorcoding
in 3D. This, however, posesspecialrenderingrequirements
(volumerendering)dueto occlusionproblemsandnontrivial
complexity. Volumerenderingis well-known in thefield of
medical3D visualization,i.e., volumevisualization. How-
ever, thosechallenges,which closelycorrespondto flow vi-
sualizationarebriefly addressedhere: (1) flow datasetsare
oftensignificantlysmootherthanmedicaldata– anabsence
of sharpand clear “object” boundaries(like organbound-
aries)makesmappingto opacitiesmoredifficult andlessin-
tuitive. (2) flow datais oftengiven on non-Cartesiangrids,
e.g.,oncurvilineargrids– thecomplexity of volumerender-
ing increaseswith suchgrids, startingwith nontrivial solu-
tions requiredfor visibility sortingandblending. (3) flow
datais also time-dependentin many cases,imposingaddi-
tional loadson therenderingprocess.

In theearlynineties,Crawfis et al. 13, aswell asEbertet
al. 16 appliedvolumerenderingtechniquesto vectorfields.
Later, Frühaufappliedray castingto vector fields 20. Re-
cently, Westermann,presenteda relatively fast3D volume
renderingmethodusinga resamplingtechniquefor vector
field datafrom unstructuredto Cartesiangrids 103. A result
from this techniqueis illustratedin figure5 (middle).

Recently, ClyneandDennis12 aswell asGlau22 presented
volumerenderingfor time-varyingvectorfieldsusingalgo-
rithmswhichmakespecialuseof graphicshardware.Onoet
al. usedirectvolumerenderingto visualisethermalflows in
thepassengercompartmentof anautomobile66. Their goal
is to attain the ability to predict the thermalcharacteristics
of theautomotive cabinthroughsimulation.Swanet al. ap-
ply directvolumerenderingtechniquesin flow visualization
in a systemthat supportscomputationalsteering86. Their
visualizationresultsareextendedto theCAVE environment.

Recently, Ebert and Rheingansdemonstratedthe useof
nonphotorealisticvolumerenderingtechniquesfor 3D flow
data15. They applysilhouetteenhancementor toneshading
to improve renderingof 3D flows.

Arr ow plots in 3D – the useof arrows for direct 3D flow
visualizationposesat leasttwo problems: (1) the position
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andorientationof avectoris oftendifficult to understandbe-
causeof its projectionontoa2D screen– using3D represen-
tationsof arrows decreasestheseproblemswith perception
and(2) glyphsoccludingoneanotherbecomea problem–
carefulseedingis requiredin contrastto densedistributions.

In actualapplications,arrow plots are usually basedon
selective seeding,for example,all arrows startingfrom one
outof a few sectionalslicesthroughthe3D flow. Boringand
Pangaddresstheproblemof clutterin 3D directFlowVis by
highlighting thosepartsof a 3D arrow plot, which point in
a similar direction comparedto a user-defineddirection 6.
Their methodologyreducesthe amountof databeing dis-
played thus resultsin less clutter. Their methodscan be
combinedwith other techniquesthat useglyph representa-
tions andflow geometriessuchasstreamlines for flow vi-
sualization. They apply the methodsto both analytic and
simulationdatasetsto highlight flow reversals.

3.4. Hybrid dir ectFlowVis in 3D

Doleischan Hauserpresenta systemwhich providesinter-
active visualizationof 3D datafrom flow simulationwith a
visual discriminationof foci and context basedon a user-
driven,interactive featurespecificationin attributespace14.

4. Texture-basedflow visualization

We make a distinction betweengeometricflow visualiza-
tion (seeSect.5) and dense,texture-basedflow visualiza-
tion, however, thesetwo topics are closely coupled: con-
ceptually, thepathfrom usinggeometricobjectsto texture-
basedvisualizationis obtainedvia a denseseedingstrategy.
Thatis, denselyseededgeometricobjectsresultin animage
similar to thatobtainedby dense,texture-basedtechniques.
Likewise, the path from dense,texture-basedvisualization
to visualizationusing geometricobjectsis obtainedusing
somethingsuch as a sparsetexture for texture advection.
Texture-basedtechniquesin flow visualizationcanprovide
densespatialresolutionimages. Texture-basedalgorithms
areeffective,versatile,andapplicableto awidespectrumof
applications.Sannaetal. presentasummaryof this research
in a survey paper74.

4.1. Texture-basedflow visualization in 2D

In this subsection,we describetexture-basedFlowVis solu-
tionsfor 2D flow data,i.e.,spotnoise,line integralconvolu-
tion (LIC), andrelatedapproaches.

Spot noisein 2D – spotnoise,introducedby VanWijk 105,
was amongstthe first texture-basedtechniquesfor vector
field visualization. Spot noisegeneratesa texture by dis-
tributing a setof intensity functions,or spots,over the do-
main. Eachspotrepresentsa particlemoving over a small
stepin time and resultsin a streakin the direction of the
local flow from wheretheparticleis seeded.

One limitation of the original spot noisealgorithm was

the lack of velocity magnitudeinformation in the resulting
texture.Enhancedspotnoise52, by DeLeeuwandVanWijk,
wasintroducedto addressthis problem.Spotnoisehasalso
beenappliedto the visualizationof turbulent flow 50. De
Leeuw and Van Liere also comparespot noiseto LIC 51.
Spotnoisein 2D combinedwith color coding is shown in
figure5 (right).

Line integral convolution in 2D – line integral convolution
(LIC), first introducedby CabralandLeedom10 is a very
popular techniquefor the densecoverageof vector fields
with flow visualizationcues.Theoriginal methodologybe-
hindLIC takesasinputavectorfield onaCartesiangrid and
a white noisetextureof thesamesize. Thenoisetexture is
locally filtered(smoothed)alongthepathof streamlines to
acquirea densevisualizationof theflow field. Seefigure4
(middle)for anexample.

Theresearchin flow visualizationbasedonLIC described
hereextendsLIC in several ways: (1) addingdirectional
cues,(2) showing velocitymagnitudes,(3) addedsupportfor
non-Cartesiangrids, (4) allowing real-timeand interactive
exploration,(5) extendingLIC to 3D, and(6) extendingLIC
to unsteadyvectorfield visualizationwith timecoherency.

Shenetal. addresstheproblemof directionalcuesin LIC
by combininganimationandintroducingdyeadvectioninto
thecomputation80. Kiu andBanksproposedto usea mul-
tifrequency noisefor LIC 42. The spatialfrequency of the
noiseis a functionof themagnitudeof thelocal velocity.

Khouaset al. synthesiseLIC-lik e imagesin 2D with fur-
like textures40. Their techniqueis able to locally control
attributesof the output texture suchas orientation,length,
density, andcolor.

Much researchhasbeendoneto bring LIC computation
to interactive rates. Stalling and Hege presentsignificant
improvementsin LIC performanceby exploiting coherence
alongstreamlines85
 23. Parallelimplementationsof LIC are
presentedby CabralandLeedom9, andZöckleret al. 110.

OLIC for 2D flow visualization – Wegenkittl et al. also
addressthe problemof orientationof flow with their OLIC
(OrientedLine Integral Convolution) approach101. Concep-
tually, the OLIC algorithm makes useof a sparsetexture
consistingof many separatedspotswhich aremoreor less
smearedin thedirectionof thelocal vectorfield throughin-
tegration. A fastversionof OLIC (calledFROLIC) is pre-
sentedby Wegenkittl andGröller 100 via a trade-off of accu-
racy for time.

2D Texture Advection – Jobard and Lefer use a mo-
tion mapdatastructurefor animating2D, steady-stateflow
fields 36. The motion mapcontainsboth a denserepresen-
tation of the flow and the information requiredto animate
theflow. It offerstheadvantageof saving memoryandcom-
putationtime sinceonly one imageof the flow has to be
computedandstoredin themotionmapdatastructure.
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Figure 6: Threeimagestaken froman animationof an unsteadyvectorfield createdwith theLagrangian-Eulerianadvection
algorithm32.

Jobardet al. proposea techniqueto visualisedenserep-
resentationsof unsteadyvector fields basedon what they
call a Lagrangian-EulerianAdvectionscheme33. Thealgo-
rithm combinesa dense,time-dependent,integration-based
representationof thevectorfield with interactiveframerates.
Someresultsfrom thetechniqueareshown in figure6.

Jobardetal. 30
 31 presentadditional2D, unsteadyflow vi-
sualizationtechniques.They achieve high performancevia
the useof graphicshardware. They alsodetail spatialand
temporalcoherencetechniques,dye advection techniques,
andfeatureextraction.

Unsteadyflow visualizationtechniquesmay addressthe
problem of interactive performancetime through the use
of texture mapping supportedby the graphicshardware.
Becker and Rumpf illustrate hardware-supportedtexture
transportfor 2D, unsteadyflow data5.

In 2002,Jarke vanWijk 96 proposedimage-basedflow vi-
sualizationwhich allows to achieve effectssimilar to LIC,
spot noise, particle advection, and, of course,texture ad-
vection. By distorting the verticesof an underlyingmesh
andtexturing themeshwith thevisualizationresultfrom the
last time step, interactive renderingframeseven for time-
dependentflow canbeachieved.

4.2. Texture-basedflow visualization on slicesor
boundaries

Texture-basedtechniquesare,in general,bettermethodsfor
conveying flow information on sectionalslices than tech-
niquesusing geometricobjects. This is becausethe con-
nectionalongthepathof whatwouldbea streamline is lost
with dense,texture-basedtechniques.Thusthedepictionof
theflow is notmisleadingin termsof apotentialsuggestions
of particlepaths.Let usrecallthatthevectorcomponentor-
thogonalto the slice is removed whenusing texture-based
andgeometricmethodsfor visualizationresults.

Spot noiseon boundariesor slices– De Leeuwet al. ex-
tendthespotnoisealgorithmto surfacesin astudythatcom-
paresexperimentalsurfaceflow visualizationwith oil to that

of spotnoiseon surfaces49. A combinationof bothtexture-
basedFlowVis (onslices)and3D arrows for 3D flow visual-
izationis employedby TeleaandVanWijk 92 wherearrows
denotethemaincharacteristicsof the3D flow aftercluster-
ing anda2D slicewith spotnoiseor LIC is usedto visualise
therestof thevectorfield ona slice.

LIC for boundary flows – a largebodyof researchlitera-
tureis dedicatedto theextensionof LIC ontoboundarysur-
faces,surveyedby Stalling84.

Theextensionof LIC to non-Cartesiangridsandsurfaces
is presentedby researcherssuchasForssell18. Forsselland
Cohen19 extendLIC to curvilinearsurfaceswith animation
techniques,add magnitudeand direction information, and
show how to useLIC to depicttime-dependentflows. Their
algorithmalsoutilisestexturemappinghardwareto improve
performancetime towardsinteractive rates.

Teitzeletal. 90 presentanapproachthatworksonboth2D
unstructuredgrids and directly on triangulatedsurfacesin
3D space.Mao et al. 60 presentanalgorithmfor convolving
solidwhitenoiseontrianglemeshesin 3D space,andextend
LIC for visualisingavectorfield onarbitrarysurfacesin 3D.

Battke et al. 3 describean extensionof LIC for arbitrary
surfacesin 3D. Someapproachesarelimited to curvilinear
surfaces,i.e., surfaceswhich canbeparameterisedby using
2D-coordinates.Their methodalsohandlesthecaseof gen-
eral,multiply connectedsurfaces.

Scheuermannet al. presenta methodfor visualising3D
vector fields that are definedon a 2D manifold 75. Their
work addressesthenormalvectorcomponentto thesurface
thatothermethodsdo not.

A problemwith many curvilineargrid LIC algorithmsis
that the resultingLIC texturesmay be distortedafter being
mappedontothegeometricsurfaces,sinceacurvilineargrid
usuallyconsistsof cellsof differentsizes.Maoetal.propose
a solutionto theproblemby usingmultigranularitynoiseas
theinput imagefor LIC 59.
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Figure7: A comparisonof 3 LIC techniques:(left) UFLIC, (middle)ELIC, and(right) PLIC 97.

UFLIC, PLIC, andothers,– ShenandKaopresentUFLIC
(UnsteadyFlow LIC), which incorporatestime into thecon-
volution 81
 79. Seefigure7 (left). Their algorithmaddresses
problemswith temporalcoherency by successively updating
theconvolutionresultsover time. They alsoproposeaparal-
lel UFLIC algorithm.Vermaetal.presentamethodfor com-
parative analysisof streamlinesandLIC calledPLIC 97. A
visualcomparisonbetweenELIC (enhancedLIC) 65, PLIC,
andUFLIC is shown in figure7.

4.3. Texture-basedflow visualization in 3D

High computationalcosts, demandingmemory require-
ments,occlusion,andvisual complexity canall be inhibi-
tantsfor texture-basedflow visualizationin 3D.

LIC in 3D – occlusion and interactive performanceare
nontrivial challengeswhenimplementingLIC in 3D. Rezk-
Salamaet al. tackletheproblemof interactive performance
usinga 3D-texturemappingapproachcombinedwith anin-
teractiveclippingplaneto addresstheproblemsof occlusion
andinteraction70. A combinedapproachof direct volume
renderingandLIC is takenby Interrante29 for extendingLIC
to 3D. InterranteandGroschaddresssomeperceptualdif-
ficulties encounteredwith dense,3D visualizations27
 28
 29.
Techniquesfor selectively emphasisingimportantregionsof
interestin theflow, enhancingdepthperception,andimprov-
ing orientationperceptionof overlappingstreamlines are
discussed.

Texture advection in 3D – Kao et al. discussthe useof
3D and 4D texture advection for the visualizationof 3D
fluid flows 38. Formidablechallengesareintroducedby the
memoryrequirementsinvolvedin using3D and4D textures.
They alsoapplyasteady-stateanimationto these3D and4D
textures.

5. Geometric flow visualization

Geometricflow visualizationentailsthe extractionof geo-
metric objectswhoseshapesaredirectly relatedto the un-
derlying data– like an iso-surfacecorrespondingto a cer-
tainvelocitymagnitudeor astreamline whichrepresentsthe
temporalevolution of the flow. In what follows, we there-
forediscussgeometricflow visualizationtechniquessuchas
contouringin both2D and3D aswell asgeometricflow vi-
sualizationusingintegralobjects(suchasstreamlines).

5.1. Geometric flow visualization in 2D

In this subsectionwe shortly discussgeometricFlowVis
techniquesin 2D basedonobjectssuchasstreamlets,stream
lines, and their relatives within unsteadyflows. Also, the
seedingproblemis addressed,which requiresa solution in
orderto realisebetterdistributionsof geometricobjects.

Streamletsin 2D – if flow vectorsareintegratedfor a very
short time, streamletsare generated. Even though short,
streamletsalreadycommunicatetemporalevolution along
theflow. Figure4 shows anexample,whereseveralstream-
letsareusedto visualisea2D flow field.

Streamlines in 2D – if longerintegrationis performed(as
comparedto streamlets),streamlinesaregained.They are
a naturalextensionof glyph-basedtechniquesandoffer in-
tuitive semantics:userseasilyunderstandthatflows evolve
alongintegral objects.

Stream lines, timelines, and path lines – whenunsteady
flow dataare investigated,several distinct integral objects
areusedfor flow visualization.A pathline or particle trace
is the trajectory that a particle follows in a fluid flow 77.
A timeline joins the positionsof particlesreleasedat the
sameinstantin timefromdifferentinsertionpoints,i.e.,joins
pointsat a constanttime t 64. A streak line is tracedby a
setof particlesthathave previouslypassedthroughaunique
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Figure 8: Threeimagesfroman interactiveexploration of a vectorfield usingtheMR viewer 34. A suitablelevel of resolution
canbechosenwhilemaintaininga roughlyconstantstream-linedensity.

point in thedomain77. Streamlinesrelateto continuousin-
jectionof foreignmaterialinto realflow. Sannaetal.present
an adaptive visualizationmethodusing streaklines where
theseedingof streaklinesis a functionof local vorticity 73.

Stream-line seeding in 2D – one important aspect of
streamlines, or integral curves, whenusedfor visualising
continuousvectorfields is the bestchoiceof initial condi-
tions. Since,in general,evenly distributed seedpoints do
not result in evenly spacedstreamlines, specialalgorithms
needto beemployed:

1. Turk, Banks 94 and Jobard,Lefer 35 developed tech-
niquesfor automaticallyplacingseedpointsto achieve a
uniformdistributionof streamlineson a 2D vectorfield.

2. Strategies for stream-lineseedingin 2D may also be
topology-based. Vermaet al. 98 presenta seedplacement
strategy for streamlines basedon flow featuresin the
dataset.Theirgoalis to captureflow patternsnearcritical
pointsin theflow field.

3. Building on their previous work, JobardandLefer pre-
senteda multiresolution (MR) method for visualising
large, 2D, steady-statevectorfields 34. The MR hierar-
chysupportsenrichmentandzooming.Theuseris ableto
interactively setthedensityof streamlineswhile zoom-
ing in andout of the vectorfield (Fig. 8). The density
of streamlinescanalsobecomputedautomaticallyasa
functionof velocityor vorticity.

Seedingof integral objects becomesa special challenge
whendealingwith time-dependentdata. JobardandLefer
presentedanunsteadyFlowVis algorithmby correlatingin-
stantaneousvisualizationsof the vectorfield at the stream-
line level 37. For eachframe,a feedforwardalgorithmcom-
putesasetof evenly spacedstreamlinesasa functionof the
streamlinesgeneratedfor thepreviousframe.Theirmethod
alsoprovidesfull controlof theimagedensitysothatsmooth
animationsof arbitrarydensitycanbeproduced.

Contouring in 2D – contouring is a naturalextensionto
color codingin 2D, insteadof color changes,contourlines
representthe distribution of values. Also, the combination
of bothapproachesis useful.

5.2. GeometricFlowVis on slicesor boundaries

After discussing2D FlowVis basedon geometricobjects,
thissubsectionshortlyaddressessimilarapproachesonsub-
setsof 3D flowssuchasboundaryflows. Interpretationof in-
tegralcurvesonsectionalslicesrequiresspecialcare,again.

Integrated tufts – Wegenkittl et al. use integrated tufts
(similar to streamlets),seededon specificequilibrium sur-
faces,for visualizinga complex dynamicalsystem102, also
over variationsof thatsystemin a fourthdimension.

Geometricflow visualization on surfacesor boundaries–
similar to 2D flow visualization,geometricobjectssuchas
streamlinesarealsousedfor visualisingboundaryflows or
sectionalslicesthrough3D flow 17. However, it is impor-
tant to note that the useof theseobjectson slicesmay be
misleading,evenwithin steadyflow datasets.A streamline
on a slicemaydepicta closedloop,eventhoughno particle
would ever traversethe loop. The reasonagainlies in the
fact,thatflow componentswhich areorthogonalto theslice
areomittedduringflow integration.

Stream-lineseedingon boundary surfaces– Maoetal. 58

extendthe stream-lineseedingof Turk andBanks94 in or-
der to generateevenly distributedstreamlineson boundary
surfaceswithin curvilineargrids.

5.3. Geometric flow visualization in 3D

When dealing with 3D flow, a rich variety of geometric
objects is available for flow visualization. This subsec-
tion addressesa seriesof objects,from streamletsto flow
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volumes,primarily sortedaccordingto their dimensional-
ity, andwithin equaldimensionalityroughlywith respectto
which techniqueextendsto another.

Streamletsin 3D – streamletseasilyextendto 3D,although
perceptualproblemsmay arisedue to distortionsresulting
from therenderingprojection.Also, seedingbecomesmore
importantin 3D, again.LöffelmannandGröllerusea thread
of streamletsalong characteristicstructuresof 3D flow to
gain selective, but importance-basedseedingaswell asan
enhancementof abstractflow topologythroughdirect visu-
alizationcues54.

Streamletsin 3D – at NASA the Flow AnalysisSoftware
Toolkit (FAST) 2 is usedto visualiseCFD databasedon
streamlines in 3D. Careful seedingis necessaryto obtain
usefulresults,sincevisualcluttercaneasilybecomeaprob-
lem. If interactiveseeding(by theuseof aVR-steeredrake8,
for examaple)is used,however, lessproblemswith occlu-
sionoccure(dueto theselective placement).

Zöckleret al. presentilluminatedstreamlinesto improve
perceptionof streamlines in 3D by taking advantageof
thetexturemappingcapabilitiessupportedby graphicshard-
ware109. Their shadingtechniqueincreasesdepthinforma-
tion. By makingthestreamlinespartially transparent,they
alsoaddresstheproblemof occlusion,asshown in figure9
(left). For seeding,theauthorsproposean interactive seed-
ing probewhich canbe moved aroundto startstreamlines
at specificplacesof interest. Also, seedingnearpotential
objectsof interestsis demonstrated.

Particle tracing in 3D – Kenwright and Lane presentan
efficient, 3D particletracingalgorithmthat is alsoaccurate
for interactive investigationof large,unsteady, aeronautical
simulation39. A performancegain is obtainedby applying
tetrahedraldecompositionto speeduppoint locationandve-
locity interpolationin curvilineargrids.

Teitzel et al. analysedifferent integrationmethodsin or-
derto evaluatethetrade-off betweentimeandaccuracy 89
 91.
They presenta 3D particle tracing algorithm targetedat
sparsegrids that is very efficient with respectto storage
spaceandcomputingtime. The authorsrecommendusing
sparsegridsasa datacompressionmethodin orderto visu-
alisehugedatasets.

Nielsonpresentsefficient andaccuratemethodsfor com-
puting tangentcurves for 3D flows 63. The methodswork
directly with physicalcoordinates,eliminating the needto
switch back and forth to computationalcoordinates.Effi-
cient particle tracing methodologiesare also addressedby
Sadarjoenet al. 72.

Since streamlines are usually easily computedin real
time, they offer (togetherwith their intuitive semantics)an
oftenchosentool for interactive flow analysis8.

Stream rib bons and stream tubes – a first extensionof
streamlines in 3D arestreamribbonsandstreamtubes. A
streamribbonis basicallyastreamline with awinglike strip
added,to alsovisualiserotationalbehavior of the 3D flow
which is not possiblewith streamlines alone95. A stream
tubeis a thick streamline thatcanbeextendedto show the
expansionof the flow 95. Streamribbonsandstreamtubes
offer advantagesover streamlinesin thatway, thatthey can
encodemoreproperties,suchasdivergenceandconvergence
of thevectorfield, in thegeometricpropertiesof therespec-
tive integral objects.

Ueng et al. presenttechniquesfor efficient construction
of streamlines, streamribbons, and streamtubeson un-
structuredgrids 95. A specialisedRunge-Kutta methodis
employedto speedup stream-linecomputation.Explicit so-
lutionsarecalculatedfor theangularrotationratesof stream
ribbonsandtheradii of streamtubes.Theresultingspeedup
in overall performanceaidsin theexplorationof largeflow
fields.

Fuhrmannand Gröller 21 useso-calleddashtubes, i.e.,
animated,opacity-mappedstreamtubes,as a visualization
icon. An algorithmis describedwhichplacesthedashtubes
evenly in 3D space.They alsoapplyamagiclensandmagic
boxasinteractiontechniquesfor investigatingdenselyfilled
areaswithout filling the imagewith visual detail andcom-
plexity.

Larameeintroducesthestreamrunnerasanextensionof
streamtubes– aninteractively controlled3D flow visualiza-
tion techniquethatattemptsto minimiseocclusion,minimise
visualcomplexity, maximisedirectionalcues,andmaximise
depthcuesby lettingtheusercontrolthelengthof thestream
tubes46.

Stream polygons – anotherextensionof streamlines are
streampolygonsusedby Schroederet al. 76. Streampoly-
gonsare tools to visualisevectorsand tensorsusing tubes
with a polygonalcrosssection.Thepropertiesof thepoly-
gonssuchastheradius,thenumberof sides,theshapeand
the rotation reflect propertiesof the vector field including
strain,displacement,androtation.

Streamballs and streak balls – Streamballs area useful
flow visualizationtechniqueusedby Brill et al. 7, which vi-
sualisesdivergenceandacceleration in fluid flow. Stream
balls split or merge dependingon convergence/divergence
andacceleration/deceleration,respectively. TeitzelandErtl
introducestreakballs whenthey presentandcomparetwo
differentapproachesto accelerateparticletracingon sparse
gridsandcurvilinearsparsegridsfor unsteadyflow data88.

Streamsurfaces– Yetanotherextensionto streamlinesare
streamsurfaces, whicharesurfacesthatareeverywheretan-
gentto avectorfield. A streamsurfacecanbeapproximated
by connectinga setof streamlinesalongthecorresponding
timelinesof theinstanteneousflow (andvaryingthenumber
of streamlinesusedaccordingto convergenceor divergence
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Figure9: Examplesof flowvisualizationusinggeometricobjects– illuminatedstreamlines(left) 109, streamarrows(middle)56,
andflowvolumes(right) 61.

of the flow) 26. Streamsurfacesarevery goodfor texture-
basedvisualizationtechniquessuchasSpotNoiseandLIC,
becausethereis nocross-flow componentnormalto thesur-
faces,i.e. the vectorfield is not projectedlike it is for 2D
slicesthrougha 3D domain. Streamsurfacespresentchal-
lengesrelatedto occlusion,visualcomplexity, andinterpre-
tation.

Hultquist presentsan interactive flow visualizationtech-
nique using streamsurfaces25. Van Wijk presentstwo
follow-up techniquesfor generatingimplicit streamsur-
faces107. CaiandHeng11 addresstheissuesassociatedwith
theplacementandorientationof streamsurfacesin 3D.

Löffelmannet al. presentstreamarrows(seeFig. 9, mid-
dle) as an enhancementof streamsurfacesby separating
arrow-shapedportionsfrom a streamsurface56
 55. Stream
arrows addressthe problem of occlusionassociatedwith
3D flow visualization,but especiallywith streamsurfaces.
Streamarrowsalsoprovideadditionalinformationaboutthe
flow, usuallynot seenwith streamsurfaces,suchasflow di-
rectionandflow convergence/divergence.

Van Wijk simulatesstreamsurfacesby a large setof so-
calledsurfaceparticles106. Surfaceparticlesexhibit lessoc-
clusion when comparedto streamsurfaces. Interestingly,
Van Wijk’ s approachin a way anticipatedrecentadvances
in pixel-basedrenderingtechniques.

Flow volumes– Thelast(direct)extensionof a streamline
into 3D describedhereareflowvolumes(seeFig.9, right). A
flow volumeis aspecificsubsetof a3D flow domain,which
is tracedout by a particular initial 2D patchover time as
describedby Max et al. 61. Theresultingvolumeis divided
upinto asetof semitransparenttetrahedra,whicharevolume
renderedin hardwarein a way derived from the methodof
Shirley andTuchmann82.

Becker et al. extend flow volumesto unsteadyflow 4.
The resultingunsteadyflow volumesare the 3D analogue
of streaklines. Considerationsare madewhen extending
the visualizationtechniqueto unsteadyflows sinceparticle

pathsmaybecomeconvolutedin time. Theauthorspresent
somesolutionsto theproblemswhich occurin subdivision,
rendering,andsystemdesign.Theresultingalgorithmsare
appliedto avarietyof flow typesincludingcurvilineargrids.

Time surfacesin 3D – a naturalextensionof timelines(in
2D or 3D) aretimesurfaces, whenconstant-timeinstantsof
moving particlesareassumed,which previously have been
releasedfrom a two-dimensionalpatch. An exampleof an
applicationof this principle, are level-setsurfacesusedby
Westermannetal. 104.

Isosurfacesfor 3D flow visualization – extendingcontour-
ing from 2D to 3D, resultsin theuseof isosurfacesfor 3D
flow visualization.Specialcareneedsto be taken with iso-
valueselection,mostlybecauseof theusuallysmoothnature
of flow data– in casesof nosharptransitionswithin thedata,
any isovaluelacks(at leastpartially) intuitive interpretation.
Neverthelessthereareusefulapplicationsof isosurfacesto
flow data,e.g.,in thevisualizationof shockwaves87 or burn-
ing frontsin simulatedcombustiondata.Furthermore,when
scalarclipping is usedtogetherwith color codingof slices,
this naturallycombineswith isosurfacesaslong asisovalue
andclipping valuecoincide.

Röttgeret al. presenta hardwareacceleratedvolumeren-
dering techniquewhich allows to usemultiple (semitrans-
parent)isosurfacesfor visualization71. Treinishappliesiso-
surfacingto visualise(unsteady)weatherdata93. Weberet
al. 99 presentcrack-freeisosurface extraction for adaptive
(multiresolution)grids. LarameeandBergeronprovide iso-
surfacesfor superadaptive resolutiongrids47.

6. Conclusionsand futur eprospects

A state-of-the-artreportmustendwith anassessment:what
hasbeenachieved in flow visualizationduring the last 15
years?Have theproblemsbeensolved? Are theresultsap-
plied in practice?Whataretheremainingchallenges?

A largenumberof techniqueshasbeendevelopedandre-
fined. In general,which techniquesare the best,depends
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strongly on the purposeof the visualization: the research
problemsaddressed,themethodsandapproachesused,and
thepersonalinterestof theresearcheror engineer. Usersmay
also have different purposes,suchas exploration, detailed
analysis,or presentation.Therefore,we believe thata large
varietyof techniquesmustbeavailableto allow researchers
to choosethe mostsuitabletechniquefor their purpose.In
this sense,goodprogresshasbeenmade.

A very successfulgroup is the texture-basedtechniques
(seeSect.4), mainly usedfor 2D flows and surfaceflow
fields. They are very suitablefor animation,both of sta-
tionary andtime-dependentflows. Performancelimitations
seemto beovercome108, andinteractive usewith unsteady
flows is now feasible. However, the generalizationto 3D
flow fields as well as to flows on boundariesstill is prob-
lematic.Techniquesbasedon integrationfor generatingge-
ometriesandparticleanimation(seeSect.5) arealsovery
successful,andgeneralisebetterto 3D fields.

Oneof theoriginalkey problemsin flow visualizationwas
thedirectvisualizationof directionalstructuresin a3D field,
possiblyvaryingin time. Despitesomeheroicattempts,this
problemhasnotbeensolved,asperceiving threespatialand
threedatadimensionsdirectly seemsa very tough job for
the humaneye and brain. At the sametime, the scaleof
numericalflow simulations,andthusthe sizeof the result-
ing datasets,continuesto grow rapidly. For thesereasons,
simplificationstrategieshave to be conceived, suchasspa-
tial selection(slicing, regions of interest),datadimension
reduction,geometrysimplification,andfeatureextraction.

Slicing in a 3D field reducestheproblemto 2D, allowing
useof good2D techniques,but caremustbe takenwith in-
terpretation,asthe lossof the third dimensionmay leadto
physicallyirrelevant resultsandwrong interpretation.Tak-
ing asingle3D timeslicefrom a3D time-dependentdataset
has similar dangers. Other spatial selectionssuch as 3D
region-of-interestselectionare lessrisky, but may lead to
loss of context. Reductionof datadimension,suchas re-
ducingvectorquantitiesto scalarswill give morefreedom
of choicein visualizationtechniques(suchasusingvolume
rendering),but will not lead to much datareduction. Ge-
ometrysimplificationtechniquessuchaspolygonmeshdec-
imation, levels-of-detail,or multiresolutiontechniqueswill
beeffective in managingvery largedatasetsandinteractive
exploration,enablingusersto tradeaccuracy with response
time.

Someareasthat needadditionalwork are: (a) compar-
ative visualizationand multisourcecomparisons, (b) data
analysisvisualizationof multivariateflow fieldswith scalar,
vector, and tensordata, (c) handlingand exploring huge
time-dependentflow datasets,(d) theuseof virtual environ-
mentsfor visual dataexplorationandcomputationalsteer-
ing: problemsof performanceand3D interaction, (e) user
studiesfor evaluation,validation, and field testingof flow
visualizationtechniques,and(f) visualizationof inaccuracy
anduncertainty.

Overlooking the whole landscapeof flow visualization
techniques,we can say that visualizationof 2D flows has
reacheda high level of perfection,andfor 3D a rich setof
techniquesis available.In thefuture,wewill concentrateon
techniquesthatscalewell with ever increasingdatasetsizes,
andthereforeselectionandsimplificationtechniqueswill get
moreattention.
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