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ABSTRACT

Moderncomputationaluid dynamicssimulationsare capableof the detailedsimulationof uid ow. The outputdatasets
of thesesimulationsare very large andinformationrich. The importanceof datavisualizationis clearly recognizedor the
presentatiorof thesedatasets. For gainingnew insightin the natureof o w, interactie visualizationmethodsare essential.
Thegoalof our work is to developa ervironmentwhich allows uid dynamicsexpertsto analyzeverylarge ow elds. This
papermotivatesthe needfor aninteractve visualizationervironment. The designof the environmentis centeredaroundtwo
fundamentabeliefs: First, the ervironmentshouldintegratemodelingandvisualization. Second jnteractive visualizationis
essentiabothatexplorationis stimulated We discusgwo interactve visualizationmethodsandtheir applicationtoa ow eld
resultingfrom a direct numericalsimulation. We believe that the working methodsdiscussedn this paperwill be typical of
futurevisualizationervironments.
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1. INTRODUCTION

The importanceof datavisualizationis clearly recognizedn scienti c computing. Display of simulationresults,exploration
of large datasets,andinteractie steeringof computatiorall requiresomecomponenbdf visualization.However, thedemands
imposedby modernlarge scalecomputationaluid dynamicssimulationsseverelytestthe limits of today's visualizationsys-
tems. Computationaluid dynamics(CFD}imulationsarecapableof accuratesimulationof uid o w. Theresultingdatasets
of suchsimulationsarevery large andinformationrich. This trendwill continueassolutionsto problemsat higherReynolds
numbersandthereforehigherresolutionsare desired. Solving theseproblemswill be possibleas computersbecomemore
powerful andnumericalsolversimprove. Effective visualizationmethodsareneededor the analysisof thesedlarge datasets.

For example,considergure 5. Thedatais asliceof a3D datasetfrom adirectnumericalsimulationof turbulent o w. The
imageshonvs o w arounda squarecylinder; onecanclearly seevortex sheddingoehindthe cylinder. Fluid dynamicsexperts
would lik e to obtaina detailedunderstandingf thetransitionfrom laminarto turbulent o w. Traditionalvisualizationmethods
arenot well suitedto analyzethesephenomendrom suchlarge anddetaileddatasets. More advancedvisualizationanddata
managemennethodsarerequired.

Thegoalof ourwork is to developa visualizationervironmentwhich allows uid dynamicsexpertsto analyzevery large
ow elds. Thedesignof theervironmentis centeredaroundtwo fundamentabeliefs: First, the ervironmentshouldintegrate
modelingand visualization. Ultimately, we ervision that visualizationwill be an integral partin the processof modeling
complex ow phenomena.Second,for exploration of thesedatasets,interactve visualizationis essential. Interactionis
necessaryn casesn whichit is nota priori known which phenomenareof interest. Theimplementatiorof the ervironment
touchesuponmary aspectof high performanceomputing,including advancedsupportfor datapresentatiorandnavigation
techniquesef cient datamanagementyigh bandwidthparallell/O, scalableanddistributedvisualizationtechniquesandthe
incorporationof novel displaytechnology

This papermotivatesandillustrateshow our visualizationervironmenthasbeenappliedto the analysisof a ow eld re-
sultingfrom directnumericalsimulation.We believe thattheworking methodsdiscussedh this papemwill betypical of future
visualizationervironments.In thenext sectionwe discussvhy we believe 3D 0 w visualizationis achallengingHPC problem.
Thesechallengesnotivatethe governingideasof the ervironment. In section3 we presentwo interactive visualizationtech-
niguesthataresuitedto analyzdarge o w datasets.Theseechniquedllustratehow thegoverningideascanbe putto practice.
In section4 we elaboratéehow our ervironmentis usedto exploreaturbulent ow eld. Finally, we draw someconclusions.
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2. FLOW VISUALIZA TION AS A CHALLENGING HPC PROBLEM

An importantconsideratiorior a o w visualizationernvironmentis the collectionof visualizationmethodsandtheeffectiveness
of thesemethods Equallyimportantareissueselatedto userinterfacingand,in particularfor largedatasets,systemarchitec-
ture, dataformatsanddatahandling. In this section,we brie y describevarioususerrequirementgor suchan ervironment,
how theseranslatanto advancedvisualizationtechniquesandtherole of high performanceomputingandnetworking.

Analysis of 3D Flow Fields As statedin the previoussection large scaleCFD simulationsproducevery large andinforma-
tion rich datasets.Although aggreyatepropertiesusingnumerical/statisticainethodsare useful,e.g. for comparingoutputto
physicalexperimentsmoreis requiredfor thein depthunderstandingf the o w phenomenian the data. The role of visual-
izationwill becomemoreimportantin the analysisof thesedatasets. However, in the contet of very large datasets,various
dif culties arise.Two issuesareconsidered:

o w phenomena

While the datasetscontainonly valuessuchasvelocity andpressurethe o w expertis interestedn o w phenomena
on a higherlevel, suchas o w separationye-attachmentyortex formation, etc. Methodsare soughtto extract these
phenomendrom the data. The dif culty is thatthesephenomenahemselesare not well understood.Extractingand
displayingthesephenomendrom theunderlyingdataat therequireddetailis still anunsohedproblem.

levelsof scale

Phenomeni ow elds arecharacterizethy o w patternsof widely varyingspatialandtemporalscalesin stateof the
art simulations patternsizesmayvary by threeordersof magnitude Visualizationmethodsshouldbe ableto copewith
thesedifferentlevelsof scale.

Advanced Visualization Techniques Thereis no naturalvisual representatiorior 3D vector elds. Many visualization
techniqueave beenproposed, suchasarraw plots, streamline®r particlebasedmethods.Thesetechniquesareeffective
for certaindatasets but maybelesseffective for others.In orderto extracttherequiredinformationfrom time dependentlata
setsmoresophisticatedisualizationtechniquesreneeded.

Thegoverningphilosophythathasdriventhedevelopmenbf all visualizationtechniquess: in theanalysisprocessheuser
beginswith globalinspectionof the dataat low level anditeratively progressesowardshigherlevel concepts.Therearetwo
techniguediave addressethis philosophy:

texture basedvisualizationmethods

Texturebasedvisualizationmethodsmapavector eld to atexture.  Theprimaryadwantageoverother o w visualiza-
tion techniquess thattexture cangive a continuousview of a eld opposedo visualizationat only discretepositions,as
with arrow plotsor streamlinesThevisual effect of directionin a textureis achievzedby line structuresn the direction
of thevector eld. Theselinesaretheresultof coherencdetweemeighboringpixelsin the texture. Cohereng in the
texturewill behigherin thedirectionof thevector eld thanin otherdirections.

featurevisualization

Insteadof directvisualizationof raw data,featurevisualizationtechniquesxtract meaningfulstructuresrom the data
anddepictthesestructureschematicallyln thisway highlevel abstracvisualrepresentationsanbe produced Features
canhave ahigherinformationcontent,enablingthe userto disrggardredundantlataandcanhelpreducecompleity.

Examplesf featurevisualizationinclude o w topologyanalysis, vortex detectiorandtracking, localizationof shock-
waves,etc.

Role of High Performance Computing and Networking Stateof the art CFD simulationsare capableof generatingnary
of gigabytef data.High performanceomputingandnetworking playsanimportantrole in providing nearrealtime response
whenprocessinghesedatasets. Interactve responsgimesare essentialvhenexplorationof datasetsis required. Two HPC
relatedissuesareconsidered:



datamovement

Distributedcomputingallows a separatiorof visualizationresource$rom the computeand le storageaesourcesWhile
distribution providesanintuitive mappingof machineresourcesi is notwithout cost. Performancef thesesystemswill

in large partdependuponthe systems'ability to transferlarge amountsof databetweervisualizationtools. Thesetools
mustbe designedo handledatamanagemeref ciently andto take advantageof high bandwidthparallell/O.

computatiorof visualizationtechniques

Sequentialisualizationtechniquesdo not sufce for the presentatiorof very large datasets. Techniquesshouldbe
designedo executeon parallelmachinesandmustbe scalableon the sizeof the dataset.

A differentproblemariseswhena singledatasetis largerthanthe capacityof mainmemory Unfortunatelymostvisual-
izationtechniquesissumehatcompletedatasetsresidein core,resultingin potentialinef cient mappingsVisualization
techniqueshouldbe craftedto take out of corealgorithmsinto account.Out of corealgorithmshave beenreportedin

CoxandEllsworth.

3. METHODS FOR HIGH PERFORMANCE VISUALIZA TION

In this sectionwe brie y discusgheimplementatiorof two visualizationtechniqguesThesesene asillustrationsof techniques
which canbeusedto explorelarge o ws.

Interacti vespotnoise Spotnoise is atexturesynthesigechniquenvhich canbeusedto present globaloverview of avector
eld. In spotnoisesmallicons,calledspots deformedaccordingto theunderlyingdataareusedto shava ow eld. If mary
spotsareusedto representhe o w, theindividual spotscannolongerbe discernedandtextureis percevedinstead.This idea
isillustratedin gure 1. A spotnoisetextureis characterizedby a scalarfunctionf of positionx. It is de ned as

in which h(x) is calledthe spotfunction. It is afunctioneverywherezeroexceptfor anareathatis smallcomparedo thetexture
size. is arandomscalingfactorwith a zeromean, is arandomposition. In non-mathematicaerms: spotsof random
intensityaredravn andblendedogetheron randompositionson a plane.

Figure 1. Spot(leftyandgeneratedexture(right). Circular spots(top)anddeformedspots(bottom).

The downsideof spotnoiseis thatit is very computationallyexpensve. A large numberof particle pathsand particle
positionsmust be calculated,spotsmust be transformed,scancornverted, textured and blended. An interactive spot noise



algorithmwaspresentedy de LeeuwandvanLiere. The scalablealgorithmpartitionswork evenly amongprocessorand
multiple graphicspipes. Interactve speedsanbe obtainedfor datasetssimilar to the onesin section4 by usingal6 R10K
CPUSilicon GraphicsOnyx2 with 4 In niteReality graphicspipelines.

High texture generatiorspeedsanbe usedfor interactive adjustmentf spotnoiseparameterso highlight certainaspects
of the o w, orto zoomin ondetailsof the o w. Also, animationsof time dependento w canbegeneratednthe y .

Interacti ve hierarchical o wtopology Vector eld topologywasintroducedoy HelmanandHesselink. It presentgssential
informationby partitioningthe o w eld in regionsusingcritical pointswhich areconnectedvith streamlinesCritical points

arepointsin the o w wherethevelocity vectorequalszero. Thesepoints,in whichthemediumdoesnotmove,canbeclassi ed

basedon the behaior of the o w closeto it. For this classi cationthe Eigenvaluesof the velocity gradienttensorare used.
Thevelocity gradienttensor— or Jacobian-is de ned as:

@)

in which subscriptsdenotepartial derivatives. Basedon the two possiblycomplex Eigenvalues, ve differentcasesaredis-
tinguished.For a saddlepoint theimaginarypartsare zeroandthe real partshave oppositesigns. Repellingnode imaginary
partsarezeroandtherealpartsarebothpositive. Attractingnode imaginarypartsarezeroandthereal partsarebothnegative.
Repellingfocus imaginarypartsarenonzeroandtherealpartsarepositive. Attractingfocus imaginarypartsarenonzeroand
therealpartsarenegative. Whentherealpartof the Eigenvaluesis zerothetype of critical pointis determinedy higherorder
termsof theapproximatiorof the o w in theneighborhooaf the o w.

The vecasesrediagrammedn gure 2.
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Figure 2. Five typesof critical points.

In o w, the numberof critical pointscanbe very large. For the casedescribedn section4, 500 critical pointsin a single
slice arenot unusual.In addition,the numberof critical pointsmight vary quickly over time. Many of the critical pointsare
causedy o w featuresat smalltime andspacescales.Thisis not only computationallyexpensve but alsocluttersthedisplay
distractingthe attentionfrom the main structureof the o w. Furthermorejf animationis used,the frequentappearancand
disappearancef critical pointsandassociatedtreaminesgivesavery unstableappearance.

A largenumberof critical pointshave only alocalin uence onthe ow eld. Theglobalstructures determinedy only a
few critical points. In deLeeuwandvanLiere amethodwasdescribedo reducethe numberof critical pointsbasedon the
0 w areaaccociatedvith sourceandsink type of critical points. This methodprovedtoo slow for useinteractively on large
time dependentatasets. We wantto limit the numberof critical pointswhich aredisplayedto thosethat areof interestat a
certainlevel of scaleat interactve speed.To achieve this we implementedhreestratgies. Eachstratgy is controlledby a
parametethatassignsa weightingfactorto all critical points. By interactively varyingthe parameterthe usercanmanipulate

thenumberof critical pointsdisplayed.

Pairing: an often occurringsmall disturbanceof the o w is a vortex. The topologicalstructureof a two dimensional
vortex is shovn in gure 3. It is anon-saddl€sourceor sink) combinedwith a saddlepoint. The sizeof thedisturbance
is estimatedby the distancebetweenthesetwo critical points. After all critical points are locatedand classi ed the

pairwisedistancebetweenall non saddlesandsaddlescanbe determined.The lower limit of this distances usedasa

parametefor selectingeritical points.All pairswith adistancebelow thethresholdarenot shavn in thevisualization.

Subsamplinglata: Larger structuresin the o w will not be limited to a few cellsin the data. By looking for critical
pointsin datawhichis subsampledo a certainextendonly o w featuresatalargerscalewill befound. The controlling
parameteis the subsamplindactor
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Figure 3. Two typesof critical point pairs. Left afocusandsaddlepoint. Right a attractingnodeanda sadlle.

PersistenceCritical pointspopup atacertaintime, move throughthe o w, anddisappearBy trackingthecritical points
overtimethelife time canbe determined.This strateyy canbe implementedhrougha look aheadbuffer which storesa
numberof timestepsThe controllingparameters the minimumlifetime of acritical point.

Data management A generalpurposearchitecturehasbeendevelopedwhich emphasizesn e xible datamanagemenand
movement. Thearchitecturas schematicallydiagrammedn gure 4.

It is centeredroundadistributeddatamanayer thatactsasablackboardor communicating/alues.Visualizationprocesses
canconnecto thedatamanageandexchangedatawith it.
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Figure4. Distributedblackboardarchitecture.

The purposeof the datamanageiis twofold. First, it manages databasef variables.Processesancreate,open,close,
read,andwrite variables. Secondthe datamanagemctsasan event noti cation manager Processesan subscribeto state
changesn the datamanager Whensucha statechangeoccursthe processwill receve a noti cation from the datamanager
For example,if aprocessubscribeso mutationeventson a particularvariable the datamanagewill sendanoti cation to the
processvheneverthevalueof thevariableis mutated.

A samplecon gurationis givenin gure 4. This con guration consistof two datamanagergonnectedy a network and
4 visualizationprocessestherendereradataslicer, a calculatoranda datareader The userinteractswith thevisualizationby
picking/ dragginggeometricobjectsor enteringtext. Processeexchangedataby readingfrom andwriting to variablesto the
datamanagersDatamanagersnaintainthe coherenyg of variables Many otherprocessesanattachto the datamanager

Therearevariousadvantagesiow this architecturehandlesdatamanagementelatedtasks.First, the datamanagehandles
datastorageef ciently tolocal processeby sharednemory Seconddatamovements alsoef cient. Processesadandwrite
datafrom thedatamanagein parallel. Also, thereademrocessanperformparallell/O to disk. Third, datais movedbetween
datamanager®nly upondemandsothatonly the minimumamountof datais transporteaver the network.

We assumehatdatasetsarestoredon disk andareanalyzedasa post-processingtep. Interactve visualization,in the senseof compu-
tationalsteeringjs still beyondthe scopeof currentcomputetechnology



4. DIRECT NUMERICAL SIMULATION OF TURBULENT FLOW

Problemand Data Set VerstappemndVeldman, discusanethoddor directnumericalkimulation(DNS) of turbulent o w.
DNS is the mostaccurateput alsothe mostexpensve, way of computingturbulent o w. In this particularproblema DNS of
aturbulent o w arounda squarecylinder at Re = 22,000(at zeroangleof attack)hasbeenperformed.Of particularinterestis
the detailedvisualizationof vortex formationandthe transitionfrom laminarto turbulent o w. Flow expertswould like to use

visualizationasatool to testhypotheseabout 0 w phenomenand- aftera detailedinspectionof theanimation—- asameans
to posenew hypotheses.

The computationandthe sizeof the resultingdatabaseis impressve: computatiorlastedthreeweekson a 12 CPU Cray
C90. Theresolutionof therectilineargrid was316x540x64 the grid was nest nearbythe cylinder. The total numberof time
stepscomputedvas100,000.lt wasimpossibleto storeall dataon disk; thusa selectionof the datawasmade.7500timesteps
of a XY-sliceweretaken,resultingin about50 Gigabytef data.Futureplansareto processa 3D selectionof thedata.

Results Thegoalof thevisualizationis to make interactive anddetailedanimationsof this dataset.In contrasto prerecorded

videosequencegsheinteractive animationsallow usergo iteratively selectvisualizationmappingsandthenplay througha part
of thedataset.

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

Figure5 showvsthreeviews of the o w ata particulartime. Onthetop left, spotnoisewasused.This providesa continuous
view of the o w andcontainsall data. Thetop right imageshows thetopologyof the o w. The completesetof critical points
is shavn. Smallcolorediconsare usedto denotethe setof critical points: a yellow spiralicon denotesa focus,a blue cross
denotes saddlepoint,andcyan/magentdisksdenoterepelling/attractingiodes Redstreamlinesreusedio connectheicons.



This imageshawvs 559 critical pointsand 916 streamlinesThe bottomimagecombinesspotnoisewith the o w topology In
addition,by adjustingparameterspnly 40 critical pointsareshavn. Thesepointsgive a clearinsightin the global structureof
the o w without excessie clutteringtheimage.

Figure 6 shawvs two detailedviews of the previousimage. Theseimageshave beenrealizedby interactively zooming. In
theleftimageanareaaroundthe cylinder hasbeenselectedBy zoomingfurtheron anareabelow thecylinder givestheimage
ontheright. Variousspotnoiseandtopologyparametersreadjustedduringzooming. Whenanimationis usedthe formation
andevolution of vorticesaroundthe cylinder canbe studied.

Figure 6. Two zoomedn views of the previousimage.Areaaroundthe squarecylinder with selectectritical points(left), and
anareabelow the cylinderwith all critical points(right).

Theervironmentis capableof generatingheseémagesatinteractve speedsallowing animationso bemadeonthe y . This
includesreadingthe necessargatafrom disk, transportinghe datato the visualizationengine,mappingthe datato geometry
andrenderingthe nal image.

Evaluation Thisapplicationclearlybene tsfrom theaddedvalueof aninteractive o w visualizationernvironment.This data
setcontainsanabundanceof detailedinformation.Interactionis necessarpecausd is nota priori known which aspect®f the
0 w areimportant.

The combinationof spotnoiseand o w topologytechniquegrovided additionalinsightthatwasdif cult to obtainwhen
only onetechniquewasused. By usingtraditionaltopologyvisualizationmethodson thesedatasets,excessve cluttering
cannot be avoided. Using the hierarchicalapproachsimpli ed views of the topology canbe obtainedwithout cluttering. In
addition,dueto interactive zooming,topologicalinformationat variouslevelsof scalecanbe obtained.

During this work a numberof additionalobsenationsweremade:

The simulationtook approximatelythreeweeksto computeon a Cray C90 at the AcademicComputingServicesAm-

sterdam,SARA. The transferof datafrom computesener to our local le sener took aboutfour days. Datacould
be processednteractively onceit wason the local machines.We seedatatransferasmajor concernfor effective data
analysisof large scalesimulations.

Theresultingvisualizationsareinformationrich. To displaytheresults,alarge 179cmElectroHomeRetrobackprojec-
tion enclosurevasused. Although the quantitative contentis the sameaswith small displays,visualizingdatasetson
large displaysprovide additionalinsight. We believe thatthis is becausesmall details— which cover only a few pixels—
areeasierto see.

Theresultingvisualizationwasonly 2D, but full 3D interactive animationsaredesired.However, problemsremainto be
addressedhevisualizationmethodsliscussedn this paperhave to be extendedo copewith 3D data.Also, storageof thefull
3D dataseton diskis currentlynot possible Althoughextendingthe environmentto 3D involvesmuchmorework, we believe
thatour motivationswith respecto interactvity andintegrationwill bebeusablen 3D data.

In the nearfuture DNS canbe appliedto o ws with a Reynolds numberin the order of . Theincreasedsize of the
resultingdatasetswill putanevengreatetburdenontheinteractie visualizationervironment.



5. CONCLUSION

This papermotivatesthe needfor an interactve visualizationervironmentfor the analysisof 3D ow. The designof the
ervironmentis centeredaroundtwo fundamentabeliefs: First, the ernvironmentshouldintegratemodelingandvisualization.
Ultimately, we ervisionthatvisualizationwill beanintegral partin theprocessf modelingcomplex o w phenomenaSecond,
interactve visualizationis essentiafor gainingnew insightin the natureof o w.

High performanceomputingplaysanimportantrolein o w visualization.First, sincethesimulatedo w is becomingmore
detailed advancedvisualizationmethodsarerequiredto presentheinformationfrom the underlyingdata. Secondjn orderto
streamdatato the visualizationpipelinesat constantates,managemenof very large datasetsrequireef cient usageof high
bandwidthnetworksandparallell/O.

The implementation®f two visualizationtechniques- spotnoiseand hierarchical o w topology— have beendiscussed.
Both techniquesirewell suitedfor presentindarge datasets.Interactive usageof thesetechniquesparticularlyin the caseof
zooming,makesthemusefulfor exploration. Althoughmuchwork still needgo bedonefor a 3D ervironment,we believe that
theapproactdiscussedh this papemwill beusefulfor the designof futurevisualizationervironments.
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