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ABSTRACT

Moderncomputational�uid dynamicssimulationsarecapableof the detailedsimulationof �uid �o w. The outputdatasets
of thesesimulationsarevery large andinformationrich. The importanceof datavisualizationis clearly recognizedfor the
presentationof thesedatasets.For gainingnew insight in the natureof �o w, interactive visualizationmethodsareessential.
Thegoalof our work is to developa environmentwhich allows �uid dynamicsexpertsto analyzevery large�o w �elds. This
papermotivatestheneedfor an interactive visualizationenvironment.Thedesignof theenvironmentis centeredaroundtwo
fundamentalbeliefs: First, theenvironmentshouldintegratemodelingandvisualization.Second,interactive visualizationis
essentialsothatexplorationis stimulated.Wediscusstwo interactivevisualizationmethodsandtheirapplicationto a �o w �eld
resultingfrom a directnumericalsimulation. We believe that theworking methodsdiscussedin this paperwill be typical of
futurevisualizationenvironments.

Keywords: interactivescienti�c visualization,�o w visualization,highperformancecomputing,directnumericalsimulation

1. INTRODUCTION

The importanceof datavisualizationis clearly recognizedin scienti�c computing.Displayof simulationresults,exploration
of largedatasets,andinteractivesteeringof computationall requiresomecomponentof visualization.However, thedemands
imposedby modernlargescalecomputational�uid dynamicssimulationsseverely testthe limits of today's visualizationsys-
tems.: Computational�uid dynamics(CFD)simulationsarecapableof accuratesimulationof �uid �o w. Theresultingdatasets
of suchsimulationsarevery largeandinformationrich. This trendwill continueassolutionsto problemsat higherReynolds
numbers,andthereforehigherresolutions,aredesired.Solving theseproblemswill be possibleascomputersbecomemore
powerful andnumericalsolversimprove. Effectivevisualizationmethodsareneededfor theanalysisof theselargedatasets.

For example,consider�gure 5. Thedatais asliceof a3D datasetfrom adirectnumericalsimulationof turbulent�o w. The
imageshows �o w arounda squarecylinder; onecanclearlyseevortex sheddingbehindthecylinder. Fluid dynamicsexperts
would like to obtainadetailedunderstandingof thetransitionfrom laminarto turbulent�o w. Traditionalvisualizationmethods
arenot well suitedto analyzethesephenomenafrom suchlargeanddetaileddatasets.More advancedvisualizationanddata
managementmethodsarerequired.

Thegoalof our work is to developa visualizationenvironmentwhich allows �uid dynamicsexpertsto analyzevery large
�o w �elds. Thedesignof theenvironmentis centeredaroundtwo fundamentalbeliefs:First, theenvironmentshouldintegrate
modelingand visualization. Ultimately, we envision that visualizationwill be an integral part in the processof modeling
complex �o w phenomena.Second,for exploration of thesedatasets,interactive visualizationis essential. Interactionis
necessaryin casesin which it is not a priori known which phenomenaareof interest.Theimplementationof theenvironment
touchesuponmany aspectsof high performancecomputing,includingadvancedsupportfor datapresentationandnavigation
techniques,ef�cient datamanagement,high bandwidthparallelI/O, scalableanddistributedvisualizationtechniques,andthe
incorporationof novel displaytechnology.

This papermotivatesandillustrateshow our visualizationenvironmenthasbeenappliedto theanalysisof a �o w �eld re-
sultingfrom directnumericalsimulation.We believethattheworking methodsdiscussedin this paperwill betypical of future
visualizationenvironments.In thenext sectionwediscusswhy webelieve3D �o w visualizationis achallengingHPCproblem.
Thesechallengesmotivatethegoverningideasof theenvironment.In section3 we presenttwo interactive visualizationtech-
niquesthataresuitedto analyzelarge�o w datasets.Thesetechniquesillustratehow thegoverningideascanbeput to practice.
In section4 we elaboratehow our environmentis usedto explorea turbulent�o w �eld. Finally, we draw someconclusions.
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2. FLOW VISUALIZA TION AS A CHALLENGING HPC PROBLEM

An importantconsiderationfor a �o w visualizationenvironmentis thecollectionof visualizationmethodsandtheeffectiveness
of thesemethods.Equallyimportantareissuesrelatedto userinterfacingand,in particularfor largedatasets,systemarchitec-
ture,dataformatsanddatahandling. In this section,we brie�y describevarioususerrequirementsfor suchan environment,
how thesetranslateinto advancedvisualizationtechniques,andtheroleof high performancecomputingandnetworking.

Analysis of 3D Flow Fields As statedin theprevioussection,largescaleCFD simulationsproducevery largeandinforma-
tion rich datasets.Althoughaggregatepropertiesusingnumerical/statisticalmethodsareuseful,e.g. for comparingoutputto
physicalexperiments,moreis requiredfor the in depthunderstandingof the �o w phenomenain thedata.Therole of visual-
izationwill becomemoreimportantin theanalysisof thesedatasets.However, in thecontext of very largedatasets,various
dif�culties arise.Two issuesareconsidered:

� �o w phenomena

While the datasetscontainonly valuessuchasvelocity andpressure,the �o w expert is interestedin �o w phenomena
on a higher level, suchas �o w separation,re-attachment,vortex formation,etc. Methodsaresoughtto extract these
phenomenafrom the data. The dif�culty is that thesephenomenathemselvesarenot well understood.Extractingand
displayingthesephenomenafrom theunderlyingdataat therequireddetail is still anunsolvedproblem.

� levelsof scale

Phenomenain �o w �elds arecharacterizedby �o w patternsof widely varyingspatialandtemporalscales.In stateof the
art simulations,patternsizesmayvary by threeordersof magnitude.Visualizationmethodsshouldbeableto copewith
thesedifferentlevelsof scale.

Advanced Visualization Techniques Thereis no naturalvisual representationfor 3D vector �elds. Many visualization
techniqueshave beenproposed,
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suchasarrow plots,streamlinesor particlebasedmethods.Thesetechniquesareeffective
for certaindatasets,but maybelesseffective for others.In orderto extracttherequiredinformationfrom time dependentdata
sets,moresophisticatedvisualizationtechniquesareneeded.

Thegoverningphilosophythathasdriventhedevelopmentof all visualizationtechniquesis: in theanalysisprocesstheuser
beginswith global inspectionof thedataat low level anditeratively progressestowardshigherlevel concepts.Therearetwo
techniqueshaveaddressedthisphilosophy:

� texturebasedvisualizationmethods

Texturebasedvisualizationmethodsmapavector�eld to a texture.
�

� �

Theprimaryadvantageoverother�o w visualiza-
tion techniquesis thattexturecangiveacontinuousview of a �eld opposedto visualizationatonly discretepositions,as
with arrow plotsor streamlines.Thevisualeffect of directionin a textureis achievedby line structuresin thedirection
of thevector�eld. Theselinesaretheresultof coherencebetweenneighboringpixels in the texture. Coherency in the
texturewill behigherin thedirectionof thevector�eld thanin otherdirections.

� featurevisualization

Insteadof direct visualizationof raw data,featurevisualizationtechniquesextractmeaningfulstructuresfrom thedata
anddepictthesestructuresschematically. In thiswayhighlevel abstractvisualrepresentationscanbeproduced.Features
canhavea higherinformationcontent,enablingtheuserto disregardredundantdataandcanhelpreducecomplexity.

Examplesof featurevisualizationinclude�o w topologyanalysis,
�

vortex detectionandtracking,
�

localizationof shock-
waves,etc.

Role of High PerformanceComputing and Networking Stateof theart CFD simulationsarecapableof generatingmany
of gigabytesof data.High performancecomputingandnetworkingplaysanimportantrole in providing nearrealtimeresponse
whenprocessingthesedatasets.Interactive responsetimesareessentialwhenexplorationof datasetsis required.Two HPC
relatedissuesareconsidered:



� datamovement

Distributedcomputingallowsa separationof visualizationresourcesfrom thecomputeand�le storageresources.While
distributionprovidesanintuitivemappingof machineresources,it is notwithoutcost.Performanceof thesesystemswill
in largepartdependuponthesystems'ability to transferlargeamountsof databetweenvisualizationtools. Thesetools
mustbedesignedto handledatamanagementef�ciently andto takeadvantageof highbandwidthparallelI/O.

� computationof visualizationtechniques

Sequentialvisualizationtechniquesdo not suf�ce for the presentationof very large datasets. Techniquesshouldbe
designedto executeonparallelmachinesandmustbescalableon thesizeof thedataset.

A differentproblemariseswhenasingledatasetis largerthanthecapacityof mainmemory. Unfortunately, mostvisual-
izationtechniquesassumethatcompletedatasetsresidein core,resultingin potentialinef�cient mappings.Visualization
techniquesshouldbecraftedto take out of corealgorithmsinto account.Out of corealgorithmshave beenreportedin
CoxandEllsworth.

�

3. METHODS FOR HIGH PERFORMANCE VISUALIZA TION

In this sectionwebrie�y discusstheimplementationof two visualizationtechniques.Theseserveasillustrationsof techniques
whichcanbeusedto explorelarge�o ws.

Interacti vespotnoise Spotnoise
�

is a texturesynthesistechniquewhichcanbeusedto presentaglobaloverview of avector
�eld. In spotnoisesmall icons,calledspots,deformedaccordingto theunderlyingdataareusedto show a �o w �eld. If many
spotsareusedto representthe�o w, theindividualspotscanno longerbediscernedandtextureis perceivedinstead.This idea
is illustratedin �gure 1. A spotnoisetextureis characterizedby ascalarfunctionf of positionx. It is de�ned as
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in whichh(x) is calledthespotfunction. It is afunctioneverywherezeroexceptfor anareathatis smallcomparedto thetexture
size.

��


is a randomscalingfactorwith a zeromean,
��


is a randomposition. In non-mathematicalterms: spotsof random
intensityaredrawn andblendedtogetheron randompositionsona plane.

Figure1. Spot(left)andgeneratedtexture(right).Circularspots(top)anddeformedspots(bottom).

The downsideof spotnoiseis that it is very computationallyexpensive. A large numberof particlepathsandparticle
positionsmust be calculated,spotsmust be transformed,scanconverted,textured and blended. An interactive spot noise



algorithmwaspresentedby deLeeuwandvanLiere.� Thescalablealgorithmpartitionswork evenly amongprocessorsand
multiple graphicspipes. Interactive speedscanbe obtainedfor datasetssimilar to theonesin section4 by usinga16R10K
CPUSiliconGraphicsOnyx2 with 4 In�niteReality graphicspipelines.

High texturegenerationspeedscanbeusedfor interactiveadjustmentof spotnoiseparametersto highlight certainaspects
of the�o w, or to zoomin ondetailsof the�o w. Also, animationsof timedependent�o w canbegeneratedon the�y .

Interacti vehierarchical �o w topology Vector�eld topologywasintroducedbyHelmanandHesselink.
�

It presentsessential
informationby partitioningthe�o w �eld in regionsusingcritical pointswhich areconnectedwith streamlines.Critical points
arepointsin the�o w wherethevelocityvectorequalszero.Thesepoints,in whichthemediumdoesnotmove,canbeclassi�ed
basedon thebehavior of the �o w closeto it. For this classi�cationtheEigenvaluesof thevelocity gradienttensorareused.
Thevelocitygradienttensor– or Jacobian– is de�ned as:
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(1)

in which subscriptsdenotepartial derivatives. Basedon the two possiblycomplex Eigenvalues,� ve differentcasesaredis-
tinguished.For a saddlepoint the imaginarypartsarezeroandtherealpartshave oppositesigns.Repellingnode, imaginary
partsarezeroandtherealpartsarebothpositive. Attractingnode, imaginarypartsarezeroandtherealpartsarebothnegative.
Repellingfocus, imaginarypartsarenonzeroandtherealpartsarepositive. Attractingfocus, imaginarypartsarenonzeroand
therealpartsarenegative.Whentherealpartof theEigenvaluesis zerothetypeof critical point is determinedby higherorder
termsof theapproximationof the�o w in theneighborhoodof the�o w.

The� vecasesarediagrammedin �gure 2.

attracting
focus

repelling
focus

attracting
node

repelling 
nodesaddle

Figure2. Five typesof critical points.

In �o w, thenumberof critical pointscanbevery large. For thecasedescribedin section4, 500critical pointsin a single
slicearenot unusual.In addition,thenumberof critical pointsmight vary quickly over time. Many of thecritical pointsare
causedby �o w featuresat smalltimeandspacescales.This is notonly computationallyexpensivebut alsocluttersthedisplay
distractingtheattentionfrom the main structureof the �o w. Furthermore,if animationis used,the frequentappearanceand
disappearanceof critical pointsandassociatedstreamlinesgivesa veryunstableappearance.

A largenumberof critical pointshaveonly a local in�uence on the�o w �eld. Theglobalstructureis determinedby only a
few critical points. In deLeeuwandvanLiere:�� a methodwasdescribedto reducethenumberof critical pointsbasedon the
�o w areaaccociatedwith sourceandsink type of critical points. This methodprovedtoo slow for useinteractively on large
time dependentdatasets.We want to limit thenumberof critical pointswhich aredisplayedto thosethatareof interestat a
certainlevel of scaleat interactive speed.To achieve this we implementedthreestrategies. Eachstrategy is controlledby a
parameterthatassignsa weightingfactorto all critical points.By interactively varyingtheparameter, theusercanmanipulate
thenumberof critical pointsdisplayed.

� Pairing: an often occurringsmall disturbanceof the �o w is a vortex. The topologicalstructureof a two dimensional
vortex is shown in �gure 3. It is a non-saddle(sourceor sink) combinedwith a saddlepoint. Thesizeof thedisturbance
is estimatedby the distancebetweenthesetwo critical points. After all critical pointsare locatedandclassi�ed the
pairwisedistancebetweenall nonsaddlesandsaddlescanbedetermined.The lower limit of this distanceis usedasa
parameterfor selectingcritical points.All pairswith adistancebelow thethresholdarenot shown in thevisualization.

� Subsamplingdata: Larger structuresin the �o w will not be limited to a few cells in the data. By looking for critical
pointsin datawhich is subsampledto a certainextendonly �o w featuresat a largerscalewill befound. Thecontrolling
parameteris thesubsamplingfactor.
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Figure3. Two typesof critical pointpairs.Left a focusandsaddlepoint. Righta attractingnodeanda sadlle.

� Persistence:Critical pointspopupatacertaintime,movethroughthe�o w, anddisappear. By trackingthecritical points
over time thelife time canbedetermined.This strategy canbeimplementedthrougha look aheadbuffer whichstoresa
numberof timesteps.Thecontrollingparameteris theminimumlifetime of acritical point.

Data management A generalpurposearchitecturehasbeendevelopedwhich emphasizeson �e xible datamanagementand
movement.: :

�

:

�

Thearchitectureis schematicallydiagrammedin �gure 4.�

It is centeredaroundadistributeddatamanager thatactsasablackboardfor communicatingvalues.Visualizationprocesses
canconnectto thedatamanagerandexchangedatawith it.

user

rendering readercalculatorselection

blackboardblackboard

text drag pick visualization

data data data

Figure4. Distributedblackboardarchitecture.

Thepurposeof thedatamanageris twofold. First, it managesa databaseof variables.Processescancreate,open,close,
read,andwrite variables.Second,the datamanageractsasan event noti�cation manager. Processescansubscribeto state
changesin thedatamanager. Whensucha statechangeoccurstheprocesswill receive a noti�cation from thedatamanager.
For example,if aprocesssubscribesto mutationeventsonaparticularvariable,thedatamanagerwill sendanoti�cation to the
processwhenever thevalueof thevariableis mutated.

A samplecon�guration is givenin �gure 4. This con�gurationconsistsof two datamanagersconnectedby a network and
4 visualizationprocesses:therenderer, adataslicer, acalculator, andadatareader. Theuserinteractswith thevisualizationby
picking/ dragginggeometricobjectsor enteringtext. Processesexchangedataby readingfrom andwriting to variablesto the
datamanagers.Datamanagersmaintainthecoherency of variables.Many otherprocessescanattachto thedatamanager.

Therearevariousadvantageshow this architecturehandlesdatamanagementrelatedtasks.First, thedatamanagerhandles
datastorageef�ciently to localprocessesby sharedmemory. Second,datamovementis alsoef�cient. Processesreadandwrite
datafrom thedatamanagerin parallel.Also, thereaderprocesscanperformparallelI/O to disk. Third, datais movedbetween
datamanagersonly upondemand,sothatonly theminimumamountof datais transportedover thenetwork.

�

We assumethatdatasetsarestoredon disk andareanalyzedasa post-processingstep.Interactive visualization,in thesenseof compu-
tationalsteering,is still beyondthescopeof currentcomputetechnology.



4. DIRECT NUMERICAL SIMULA TION OF TURBULENT FLOW

Problemand Data Set VerstappenandVeldman,:
�

discussmethodsfor directnumericalsimulation(DNS)of turbulent�o w.
DNS is themostaccurate,but alsothemostexpensive,way of computingturbulent�o w. In this particularproblema DNS of
a turbulent�o w arounda squarecylinder at Re= 22,000(at zeroangleof attack)hasbeenperformed.Of particularinterestis
thedetailedvisualizationof vortex formationandthetransitionfrom laminarto turbulent�o w. Flow expertswould like to use
visualizationasa tool to testhypothesesabout�o w phenomenaand– aftera detailedinspectionof theanimation– asa means
to posenew hypotheses.

Thecomputationandthesizeof the resultingdatabaseis impressive: computationlastedthreeweekson a 12 CPUCray
C90. Theresolutionof therectilineargrid was316x540x64;thegrid was�nest nearbythecylinder. Thetotal numberof time
stepscomputedwas100,000.It wasimpossibleto storeall dataondisk; thusaselectionof thedatawasmade.7500timesteps
of a XY-sliceweretaken,resultingin about50Gigabytesof data.Futureplansareto processa 3D selectionof thedata.

Results Thegoalof thevisualizationis to makeinteractiveanddetailedanimationsof thisdataset.In contrastto prerecorded
videosequences,theinteractiveanimationsallow usersto iteratively selectvisualizationmappingsandthenplay throughapart
of thedataset.

Figure 5. Threeglobalviews of �o w arounda squarecylinder. Spotnoiseonly (top left), all critical pointswith streamlines
(top right), spotnoiseanda selectionof critical points(bottom).

Figure5 showsthreeviewsof the�o w ataparticulartime. Onthetop left, spotnoisewasused.Thisprovidesacontinuous
view of the�o w andcontainsall data.Thetop right imageshows thetopologyof the�o w. Thecompletesetof critical points
is shown. Small colorediconsareusedto denotethesetof critical points: a yellow spiral icon denotesa focus,a bluecross
denotesasaddlepoint,andcyan/magentadisksdenoterepelling/attractingnodes.Redstreamlinesareusedto connecttheicons.



This imageshows 559critical pointsand916streamlines.Thebottomimagecombinesspotnoisewith the �o w topology. In
addition,by adjustingparameters,only 40 critical pointsareshown. Thesepointsgivea clearinsightin theglobalstructureof
the�o w without excessiveclutteringtheimage.

Figure6 shows two detailedviews of thepreviousimage. Theseimageshave beenrealizedby interactively zooming. In
theleft imageanareaaroundthecylinderhasbeenselected.By zoomingfurtheronanareabelow thecylindergivestheimage
on theright. Variousspotnoiseandtopologyparametersareadjustedduringzooming.Whenanimationis usedtheformation
andevolutionof vorticesaroundthecylindercanbestudied.

Figure6. Two zoomedin viewsof thepreviousimage.Areaaroundthesquarecylinderwith selectedcritical points(left), and
anareabelow thecylinderwith all critical points(right).

Theenvironmentis capableof generatingtheseimagesatinteractivespeeds,allowing animationsto bemadeonthe�y . This
includesreadingthenecessarydatafrom disk, transportingthedatato thevisualizationengine,mappingthedatato geometry,
andrenderingthe�nal image.

Evaluation Thisapplicationclearlybene�tsfrom theaddedvalueof aninteractive�o w visualizationenvironment.Thisdata
setcontainsanabundanceof detailedinformation.Interactionis necessarybecauseit is notapriori known whichaspectsof the
�o w areimportant.

Thecombinationof spotnoiseand�o w topologytechniquesprovidedadditionalinsight thatwasdif�cult to obtainwhen
only onetechniquewasused.:

�

By usingtraditionaltopologyvisualizationmethodson thesedatasets,excessive cluttering
cannot beavoided. Using thehierarchicalapproach,simpli�ed views of the topologycanbeobtainedwithout cluttering. In
addition,dueto interactivezooming,topologicalinformationatvariouslevelsof scalecanbeobtained.

During this work anumberof additionalobservationsweremade:

� Thesimulationtook approximatelythreeweeksto computeon a Cray C90 at theAcademicComputingServicesAm-
sterdam,SARA. The transferof datafrom computeserver to our local �le server took aboutfour days. Datacould
be processedinteractively onceit wason the local machines.We seedatatransferasmajor concernfor effective data
analysisof largescalesimulations.

� Theresultingvisualizationsareinformationrich. To displaytheresults,a large179cmElectroHomeRetrobackprojec-
tion enclosurewasused.Although thequantitative contentis thesameaswith small displays,visualizingdatasetson
largedisplaysprovideadditionalinsight. We believe thatthis is becausesmalldetails– which coveronly a few pixels–
areeasierto see.

Theresultingvisualizationwasonly 2D, but full 3D interactive animationsaredesired.However, problemsremainto be
addressed:thevisualizationmethodsdiscussedin thispaperhaveto beextendedto copewith 3D data.Also, storageof thefull
3D datasetondisk is currentlynotpossible.Althoughextendingtheenvironmentto 3D involvesmuchmorework, we believe
thatour motivationswith respectto interactivity andintegrationwill bebeusablein 3D data.

In the nearfuture DNS canbe appliedto �o ws with a Reynoldsnumberin the orderof
���

�

. The increasedsizeof the
resultingdatasetswill putanevengreaterburdenon theinteractivevisualizationenvironment.



5. CONCLUSION

This papermotivatesthe needfor an interactive visualizationenvironmentfor the analysisof 3D �o w. The designof the
environmentis centeredaroundtwo fundamentalbeliefs: First, theenvironmentshouldintegratemodelingandvisualization.
Ultimately, weenvisionthatvisualizationwill beanintegralpartin theprocessof modelingcomplex �o w phenomena.Second,
interactivevisualizationis essentialfor gainingnew insightin thenatureof �o w.

High performancecomputingplaysanimportantrole in �o w visualization.First,sincethesimulated�o w is becomingmore
detailed,advancedvisualizationmethodsarerequiredto presenttheinformationfrom theunderlyingdata.Second,in orderto
streamdatato thevisualizationpipelinesat constantrates,managementof very largedatasetsrequireef�cient usageof high
bandwidthnetworksandparallelI/O.

The implementationsof two visualizationtechniques– spotnoiseandhierarchical�o w topology– have beendiscussed.
Both techniquesarewell suitedfor presentinglargedatasets.Interactiveusageof thesetechniques,particularlyin thecaseof
zooming,makesthemusefulfor exploration.Althoughmuchwork still needsto bedonefor a3D environment,webelievethat
theapproachdiscussedin thispaperwill beusefulfor thedesignof futurevisualizationenvironments.
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