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Figure 1: Vortex structures extracted by the GPU. Simulated o w transition (left), simulation of hurricane Isabel (right).

ABSTRACT

Featuredetectionin ow elds is awell researchedrea,but prac-
tical applicationis often dif cult dueto the numericalcompleity

of thealgorithmspreventinginteractive useanddueto noisein ex-

perimentalor high-resolutionsimulationdatasets. We presentan
integratedsystemthatprovidesinteractve denoising vortex detec-
tion, andvisualizationof vectordataon Cartesiargrids. All three
major phasesareimplementedn sucha way that the systemruns
completelyon a modernGPU oncethe vector eld is downloaded
into graphicsmemory The applicationaspecf our paperis two-

fold. First, we shav how recently presentedprototypical GPU-
basedalgorithmsfor Itering, numericalcomputationandvolume
renderingcanbe combinednto oneproductie systemby handling
all idiosyncrasie®f a chosengraphicscard. Secondwe demon-
stratethat the signi cant speedupachieved comparedo an opti-

mizedsoftwareimplementatiomow allows interactize exploration
of characterististructuresn turbulent ow elds.

CR Categories: 1.3.3 [Computer Graphics]: Interactive
Rendering—Flw Visualization;

Keywords: Featuresn Volume Data Sets, Flow Visualization,
HardwareAcceleration 3D VectorField Visualization

1 INTRODUCTION

Physicalandnumerical o w simulationshave becomeanimportant
part of the researchactuities in both industry and academia.To
gainunderstandingf thesimulated o w, it is necessaryo perform
somekind of dataanalysis.This is usuallydoneby scientic ow
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visualization. A goodsurnwey of state-of-the-arto w visualization
techniqueganbefoundin [17].

While thereis probablyno singlevisualizationtechniquethat can
be regardedthe bestone, thereis no doubtthat featuredetection
methodsareamongthe mosteffective toolsfor understandingo w

eld structuresOf thesejn turn,theclassof vortex detectionalgo-
rithmshasprovento be of specialimportance.

However, vortex detectionis computationallymuch more expen-
sive thandrawing anisosuraceof thevelocity magnitudeor aslice
with ary otherscalampropertymappedo acolor. Accordingly, vor-

tex detectioncurrently cannotbe doneon an off-the-shelf PC at
interactve framerates—whichmay be desirablefor tracking o w

structuregver severaltime-stepsn unsteadyo wsor for analyzing
o w dataobtainedby simulationor measuringechniques/ulner

ableto noise, e.g. direct numericalsimulation (DNS) or particle
imagevelocimetry(PIV).

In thelattercasesthevortex detectiormaybeconsiderablaffected
by noise(Fig. 2). Accordingly, someform of denoisingshouldbe
appliedto the raw databeforeonetries to detectvortices. If the
frequeng of the noiseis known in adwance,denoisingis mostef-
fectively accomplishedy designinga bandpasslter capableof
removing therelevantfrequencies.

However, if the noisecannotbe exactly locatedin the frequeng
domain,aninteractve cycleof Itering, vortex detectionyisualiza-
tion andevaluation(basedon the existing knowledgeof the o w)
must be enteredand repeateduntil the optimal Iter characteris-
tics have beenfound and a visualizationof acceptablequality is
obtained. Olviously, neither Itering nor visualizationcome for
freesohandlingthe completecycle is evenmoredif cult thanhan-
dling thevortex detectionalone.For engineersvorkingin the eld
of uid dynamicsverifying resultsof experimentsor simulations
thereforepresents tediousandtime-consumingask.

In this paperwe presenta systemto alleviate this situation. We
demonstratéhat by shifting the entire cycle from the CPU to the
GPUandby exploiting themodernGPUs'parallelprocessingapa-
bilities interactve work is possible Our solutionexpectsthevector
eld datato be madeavailablein a texture which assumeshe in-



Figure 2: Vortex structures extracted from un ltered vector elds.
The data sets are the same as those usedin Fig. 1.

putdatais de ned on a uniform Cartesiargrid. However, thereare
ef cient techniquedor the conversionbetweergridswithout sacri-
cing muchaccurag (seee.qg.[23]), thus,this poseso limitation.
Oncethe vorticeshave beendetectedcan isosurficeof the detected
vortex regionsis generatedlf the userdecidesto adjustthe Iter
supportor the isovalue he will getan instantaneousipdateof the
visualization. Sinceat no instantary intermediateresultshave to
be passedackto theapplicationjmmediatefeedbacks obtained.

Theremaindeof thepaperis organizedasfollows: In Section2 we
discusswork of otherresearcherselatedto this paper Section3
outlinesthe | ; vortex detectionmethodand motivateswhy it was
usedin this work. The architectureof our systemis presentedn
Section4, followed by an evaluationin Section5. The papercon-
cludesin Section6.

2 RELATED WORK

A large body of researcthasbeenconductedon methodsthat are
ableto reliably detectvortices. The papersby Jianget al. [9] and
Postet al. [17] provide good overviews of the mostpopulartech-
niguesandgive taxonomieof vortex detectionalgorithms.

So-calledlocal methodsrequireonly operationswithin the neigh-
borhoodof acell; thus,all algorithmsbasedn the Jacobiammatrix

(or thevelocity gradienttensor)fall into this class.Onthecontrary

global methodsexaminemary grid cellsto detecta vortex. Typi-

cal representatiesof this classarealgorithmsbasedon streamline
tracing.

Furthermoreyortex detectionalgorithmscanbe classi ed accord-
ing to Galileaninvariance. A vortex detectionalgorithm that is
Galileaninvariantis valid in all inertial framesof referenceindthus
is ableto detectvorticesnotonly in steadybut alsoin time-varying
ow elds.

To our knowledge,noneof the vortex detectionalgorithmsfound
in the literaturehasever beenimplementedon a GPU. However,
mary techniquesiave beendevelopedto effectively visualize o w
elds usinga GPU. Especiallytexture-basedechniques—though
ratherdated[2, 14]—are enjoying greatpopularityandarestill a
topic of research24]. Sincethe basicprocedureof GPU-based
vortex detectioncan be expectedto be the sameasthat of GPU-
based o w visualization,theseresearclresultsare neverthelessa
valuablefoundationfor this work.

GPU-basedeaturedetectionis the most prominentpart of this
work. Two other aspectsare GPU-basedItering and volume
rendering. Both elds have beenstudiedin detail by several
researchers.Hardware-acceleratedters—both linear and non-
linea—implementingawide varietyof kernelshave beendescribed

in [7, 6, 21]. Volumerenderingtechniquedor Cartesiargrids are
studiedin [25, 18, 11]. Sincethis work concentrate®n feature
detectionandextractionandon integratingvarioustechniquesnto
a productve systemwe exclusively relied on thesestandardech-
niquesfor Itering our dataandvisualizingthevortex structures.

3 THEI, METHOD

Most of the graphicsadaptersiowadaysshippedwith off-the-shelf
PCsinclude both programmablevertex and fragmentprocessors.
Thus,the programmeis ableto operateon eachvertex providedby
the applicationand eachfragmentgeneratedy the rasterization.
Sincearbitrary datacan be storedin texture memorywith 32 bit
accuray, thesefeatureshave beenusednotonly to createreal-time
adwancedvisual effectsbut alsoto implementhumerousiumerical
algorithms.In fact,the modernGPUs' high parallelismon several
levels(memorybandwidthredundantenderingpipelineshaseven
led to thedevelopmentof generahumericallibrariesthatallow the
userto transparentlyusethe GPU asa high-performanceoating-
pointcoprocessofl12].

Neverthelessa GPUimplementatiorwill not be advantageousor

all algorithms. For a GPU implementationto be bene cial, it is

of paramountmportancehatthe algorithmexhibits local beharior

or—put anotherway—thatit canbe ef ciently implementedon a

multi-processocomputer Thus,referringto the taxonomiegyiven

in Sec.2 globalvortex detectionmethodscanimmediatelybe dis-

carded.Galileaninvariancewassaidto be anotherdesirableprop-
erty of avortex detectionalgorithm. This furtherisolatesthe num-
ber of vortex detectionalgorithmsappropriatefor animplementa-
tion onthe GPU.

Of the algorithmsproposedn the literature,we have foundthe [ »
methodproposedy JeongandHussain8, 15] to bethe mostsuit-
ablealgorithmwith theseproperties.This methodis generallyre-
gardedto producegoodresultsandonly shovs someshortcomings
when appliedto turbomachineryo ws [20]; thus,the | , method
present@anadequate&hoice.

Givenavector eld
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Froma physical point of view Sis the strain-ratetensorandWthe
spintensor Next, the eigervaluesof the matrix S?+ W2 needto be
determined.Sincethis matrix is realandsymmetric,therewill be
threeeigervalues—root®f thecharacteristipolynomial—denoted
byli1 I, 3. A vortexisthende ned asaconnectedegion
wheretwo of the eigervaluesarenegative. The eigervaluerelevant
for visualizationis | ,—hencethe nameof themethod.

4 SYSTEM ARCHITECTURE

The systemis divided into two parts: aninitialization part that is
executedonceper datasetandthe actualcycle thatis entereceach
timethe Iter characteristicareadjustedby theuser



Prior to enteringthe cycle, the vector eld (which is assumedo

be de ned on a Cartesiargrid) mustbe loadedand preprocessed.

The preprocessingonsistsof addinga one-cellborderaroundthe
volume.Thevaluesof thebordercellsarechosersuchthatthegra-
dientsat the original cells canall be determinedusing centraldif-
ferences.This work-aroundrelievesus from the burdenof having
to handlebordercells differently from inner cells during gradient
estimation.Thus,assumingpriginal grid dimensionof | J K,
avolumeof thedimensiongl + 2) (J+2) (K+ 2) isobtained.
Thisvolumeis thencutinto K + 2 sliceseachholdingall thevalues
of a constantZ-coordinateand eachslice copiedto a 2D RGBA-
texture. We have chosera 32 bit oating pointtexturefor this pur
posesincethis allows usto storevectorcomponent®f typefloat
withoutintroducingtruncationerrorson commonPC platforms.

Thecycle in turn canbefurtherdividedinto threemajor parts:de-
noisingof the raw vectordata,computatiorof | , values,andren-
deringof the outputof thevortex detectionalgorithm.Sincethe/ »

valuescomprisescalardata,any volumerenderingechniquecanbe
employed for visualization. Thus, partthreecanbetitled the vol-

umevisualizationphase . Thefollowing subsectionslescribethese
partsin detail.

For our implementationwe have chosenthe ATl 9800 graphics
adapterandDirectX/D3D despitethe low instructionlimit of 64+
32= 96 instructionslots. Thereasorfor choosingthis platformis
that—aswill be shavn—thesystemrequiresmultiple passed#f the
numberof redundantomputationss to be reducedandmulti-pass
renderingwith the ATI/DX9 combinationdoesinvolve only a very
minor performanceenalty

4.1 Filtering

All measurements—arstensomesimulationdata—aresubjectto
noise.To oppresshisnoise alowpassliter canbeemployed. Usu-
ally, alowpasslter' sability to oppressioisegreatlydepend®nits
supportj.e.thenumberof neighbordgncorporatednto the calcula-
tion of the Itered value.

In ahardwareimplementatiorthe neighborseedto be determined
by lookupsinto textures lled by the applicationwith the appro-
priateinformation. Thus,a Iter of supportN requiresN3 texture
lookupsto obtain the neighborinformation. Our target platform
only supports32 texturelookupsperpassthus,themaximum Iter
supportthat canbe implementedn a single passis three. If more
adwanced Iters arerequired,multi-passimplementationsnustbe
resortedo.

For this work, a Gaussiarlowpass Iter hasbeenemplo/ed. This
typeof lter hastwo bene tsthatmake it suitablefor our applica-
tion:

The Gauss lter is isotropic,i.e. it is rotationinvariant. In
contraryto non-isotropic Iters, isotropic lters aregoodat
preservingorientedfeatureswhich is essentiafor vortex de-
tection.

The Gausslter is separablej.e. small Iter kernelscanbe
implementedn asinglepasswhile large Iter kernelscanbe
implementedwith several passeswith little additionalover-
head.

Forthepresentedystembpothsingle-andmulti-passGaussiatow-
passlters have beenimplemented.

Single-Pass Filtering To Iter the (borderextended)vector
data,theapplicationrenderK + 2 lled quadrilateral®f (I + 2)
(J+ 2) pixels each. For eachquadrilateral the currentslice, the

oneto the back,andthe oneto the front arepassedastextures. A
pixel shaderthenis executedfor eachgeneratedragment. In the
shaderthe neighborsarelooked up andmultiplied by a weighting
factor The intermediateresultsarethenaddedandwritten to the
RGB-componentsf the outputpixel. The Itered datais directly
renderedto a secondstackof K + 2 oating point textures,each
texture again of size(l + 2) (J+ 2) texels. Overall, 27 texture
lookupsplus44 arithmeticinstructionslotsarerequired.

To obtaintheweightsof the&eighbora/ve evaluatethe Gaussunc-
tion for theamgumentd), x, 2x,and  3x andnormalizethe func-
tion valuessothatthesumoverall 27 weightsequalsone. Thevalue
of x is prede nedto someconstantzalueanddenoteghe minimum
distancebetweervoxel centers.The remainingargumentsarecal-
culatedby consideringthe other distancegmatchin at mostone
coordinate)relative to the minimum distance. The argumentsfor
evaluatingthe Gaussfunction remainconstant.However, the user
canadjustthevariances 2 of the Gausgunctionandthuscanadjust
the neighborweightswhich arethenpassedo the pixel shaderas
programparameters.

Multi-P ass Filtering A single-passGausslter is restricted
to supportthree. If multiple passesre acceptablethe 3D Gauss
Iter canbe separatednto threelD lters, eachof themapplied
in a singlerenderingpassandreusingthe outputof the preceding
Iter pass.Theorderof the passess arbitraryanddoesnot effect
theresult. However, the compleity of theimplementatiorandthe
amountof temporarytexture memoryarevery well affected.

If thedatais ltered rst in X- andY-direction,only asingleinput
andoutputtexture arerequiredfor the rst two passesincethein-
putdatais storedasZ-alignedslices.However, the nal Z-direction
renderingpassrequiresN slicesto have alreadybeen Itered in X-
and Y-direction; thus,N + 1 temporary oating point texturesare
required.

Ontheotherhand,if thedatais Itered rst in Z-direction,N slices
of theun ltered vectordataareusedasinput andtheresultis writ-
tento a single oating point texture. For the remainingpasses,
anotheroating pointtextureis required;thus,only two temporary
texturesarerequired(independentf the Iter support)andno pro-
gramlogic is neededhat cacheghe resultsof the XY- ltering for
a nal Z- ltering pass.

Asbefore the Itering isthendoneby renderingK + 2 lled quadri-
lateralsof (1 + 2) (J+ 2) pixels. In the pixel shaderthe current
pixel's N neighborvalues(including itself) arelooked up. Since
all neighborsare equidistantlyspacedthe Gaussfunction is now
evaluatedat equidistantlyspacedointsto obtainthe weights.

ThepassesonsumeN texturelookupseachand32and12instruc-
tions slotsfor the ltering in X-/Y- and Z-direction, respectiely.
Since,in eithercase,at mostN texture lookupsarerequired, Iter

supportsof up to 31 could theoreticallybe implementedwith the
numberof texture lookupsrestrictedto 32. However, on our plat-
form the numberof texture samplerds currentlylimited to 16 so
themaximum Iter supportis 15.

4.2 Vortex Detection

A carefulimplementationof / , vortex detectionrequiresalmost
twice as mary instructionslots as are available on the AT 9800.
Henceit is impossibleto implementthevortex detectionin asingle
passandthe questionarisesasto whereto cut the pixel shadeinto
passes.

This split-up mustnot be arbitrary Whenadjustingan algorithm
to multi-passenderingjntermediateesultsarewrittento atexture



whichin turnis madeavailableto the subsequenpass.This means
thattheamountf intermediatelataperpixel hasto t intoaRBGA
texel of atmost128hit. If thisdoesnotsufce it is possibleonsome
architecturego use multiple rendertargets(MRTs). Fortunately
thel » methodcanvery nicely be split into two passes.

Theideais to calculatethecoefcients of thecharacteristipolyno-
mial in the rst passandto solwve the characteristie@quationin the
secondpass. Sincethe characteristigpolynomialis a cubic, only

four oating point numbersneedto be passedetweerthe passes.

This datatightly ts into an RGBA value and thus allows us to
abandorMRTs.

Thefollowing paragraphsutlinethe shadeimplementations.

Pass1: Finding the Characteristic Polynomial TheHLSL
instructionsetincludesinstructionsfor manipulatingmatricesand
vectors. Formulatingthe | , methodin HLSL is thereforea trivial
task:

/I Construct the Jacobian and its transposed
jacobianT = float3x3(gradientX, gradientY, gradientZ);
jacobian = transpose(jacobianT);

/I Determine the symmetric and antisymmetric parts
symmetric = (jacobian + jacobianT)/2.0;
antisymmetric = (jacobian - jacobianT)/2.0;

/I ... and the sumof their squares
sum = mul(symmetric, symmetric) +
mul(antisymmetric,  antisymmetric);

Unfortunately this code compilesto too mary instructionslots.
However, by consideringthat the matrix to be usedfor calculat-
ing eigervaluesis symmetricamoreef cient (andsomevhatmore
unreadableformulation can be found that requiresonly six tex-
ture lookupsand59 instructionslotsand,therefore is acceptedas
asingle-passhader:

*

sum00 = gradientX.x
gradientY.x
gradientZ.x

gradientX.x +
gradientX.y +
gradientX.z;

*

*

sum0l= gradientX.x * (gradientY.x + gradientX.y)/2.0 +
(gradientyY.x  * gradientY.y +
gradientZ.x * gradientY.z +
gradientX.y * gradientY.y +
gradientZ.y * gradientX.z)/2.0;

Theremainingmatrix entriescanbederivedanalogoushpy permu-
tationsof indices.Oncethe summatrix hasbeenderived, the coef-
cients of the characteristipolynomialarecalculatedn astraight-
forwardway andassignedo the currentpixel's colorto make them
availableto the solver pass.

Pass2: Solving the Characteristic Equation To solvethe
polynomial equationinvolving the characteristiqgpolynomial, we
adoptedthe modi cation of Cardan's solutionproposeddy Nick-
alls[16]. Assuminga cubicpolynomialequation

ac+ b+ cex+d=0
themethodgivesthethreeroots(eigervaluesin ourcase)a, b, and
gby

xn + 2dcogq) (1)
XN+ 2dcog2p=3+ q) 2)
XN + 2d cog4p=3+ q) 3

o 9
1

Figure 3: Comparison of the two root nding approaches. As can
be seenat the large arch near the image center, the handling of two
cases(bottom) removessome artifacts present when handling only
one case(top). The colors denote the velocity magnitude.

where
Xy =  b=(3a)
cog3q) =  yn=(2ad®)
d®> = (b®> 3a0)=(%°)

andyy is thevalueof the polynomialevaluatedat xy .

Expressiong1) — (3) canbe easilymappedto graphicshardware
sincethe HLSL instructionsetincludesa both a cos andanacos
instruction. However, the PS2.0sincos instruction (which the
HLSL cos is mappedto) consumesight instructionslots; thus,
atotal of 24 instructionslotsarerequiredfor the threecosinecal-
culationsalone. As a result,whenusingthe native instructionsof
the GPU,themaximumnumberof instructionds surpassedndthe
programis againrejected.

Oneoftenusediechniqueo solvethis problemis to replacerigono-
metric operationswith lookupsinto 1D luminancetexturesof pre-
calculatedunctionvalues.Thus,by creatingtwo textureswith pre-
computedcosineandinversecosinevalues respectiely, only four
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Figure 4: Comparison of slab lling methods. (a) Original slices,
(b) pre-calculated axis-aligned slices, (c) viewport-aligned slices cal-
culated on-the-y .

texturelookupsarenecessarjor obtainingg andthethreecosines.

However, this approachis too general for our application.
What is actually neededare cosine values for the amguments
arcco§ yn=(2ad®))=3+ 2k=3p wherek 2 f0;1;2g. It is, there-
fore, much more ef cient to createa single 1D RGBA texturet

storingprecomputedosinesfor theseargumentsandto accesghe
texture with the inversecosineargument. The threecosinescan
thenbe obtainedsimultaneouslywith a singletexture lookup and
no inversecosinecalculationsare necessanat all. The resulting
programthusrequiresonly two texture lookupsand 31 arithmetic
instructionslots.

Olviously, comparedo the four texture lookupsof the moregen-
eral approach this is anothersigni cant performancegain. This
also becomesevident when comparingthe / , calculationtimes:
Theoverall computatiortime reducesy anotherl5%.

Actually, the describednethodfor solvingthe characteristigoly-
nomialdoesonly producecorrecteigervaluesif therearethreedis-
tinct realroots. This is the casein about99.5 percentfor the data
setshavnin Fig. 5, thus,theresultsobtainedby thegivenapproach
areagoodapproximation Settingh = 2ad? threerealrootsareob-
tainedif y§ < h?. Foryy > h? (onerealroot)oryZ = h? (threereal
roots, two or threeequalroots)the ca&pulationmustbe modi ed.
For thelattercased is adjustedo d = * yn=(2a) andtherootsare
thena= b= xy+ dandg= xy 2d.

Handlingall threecasess costly on a streamingarchitectureand
evenexceedghe maximumnumberof instructionslotsof our plat-
form. The matrix S+ W2, however, is real and symmetricand,
thereforewill alwayshave threerealroots. Thecaseyy > h? will

thusoccuronly veryrarely(if atall) dueto numericalinaccuracies.

Accordingly we have decidedto neglect this caseandto handle
only the remainingtwo cases.The numberof requiredinstruction
slotsin our fragmentprogramthenraisesfrom 31 to 55 which is
well within thelimits of availableinstructionslots. Fig. 3 contrasts
the approachhandlingtwo caseswith the simpli ed root nding
approachhandlingonly asinglecase.

4.3 Volume Visualization

The input vector datais processedlice per slice. Renderingthe
resultingl » valuesdirectlyinto a 3D texturewasnot possibleatthe
time of this writing, thus,theresultsareagain written to a stackof
2D. Olwviously, simply blendingquadrilateralswith the I , values
mappedastextureswill not produceappealingvisualizationssince
virtually nothingat all is seenwhenlooking alongthe X- or the

1The ATI 9800doesnot supportRGB oating point texturesso RGBA
textureshadto be used leaving thealphacomponentinused.

Y-axis?.

Marny techniqgueshave beendevelopedto copewith this problem.
Renderingview-alignedslicesis generallyregardedasthe method
to produceheleastartifacts.However, for doingthisef ciently, 3D
texturesare usuallyrequired[3] which would requiretransferring
thescalareld from thegraphicscardmemorybackto theapplica-
tion. Thisintroducessigni cant latenciesnto the vortex detection
systemand,thus,is not appropriateor our application.

One work-aroundto this problemwas proposedby Rezk-Salama
et.al[18] basednthework of Eckel [4]. Thebasicideaisto deter
mine the intersectiornpolygonsof viewport-alignedsliceswith the
givenstackof quadrilateralgndto interpolatecolorvaluesonthese
polygonsusingthe two neighboringtextures. The original stackof
quadrilateralsandthe resultingintermediateslicesare depictedin
Fig. 4 (a) and(c), respectiely.

A drawback of this approachis the large numberof intersection
polygonsthat have to be calculatedeachtime the volumeis ro-
tated. Our implementationtherefore emplays a slightly different
approach.

Insteadof determiningviewport-alignedintersectionpolygonson-
the-y, we pre-computesets of intersectionpolygonsfrom the
X- and Y-direction (both positive and negative), respectrely, and
switchbetweerthem(andthe original stack)dependingn the ori-
entationof the volume's boundingbox to the viewer. Fig. 4 (b)
shawvs theresultingslices.

This approacmot only enableaisto pre-calculateheintersection
polygonsbut alsoto sendthe geometrydataof the slicesonly once
to the graphicsadapteras a vertex buffer. If the original stacks

slicesareassumedo beequidistanttheamountof geometrystored
in thevertex bufferscanfurtherbesigni cantly reducedby factors
of I + 1 andJ+ 1, respectiely) by storingonly a single stackof

stripesandrenderingthe remainingoneswith a suitabletranslation
applied. Thus,the approachs ableto acceleratahe visualization
without takinga notevorthy amountof memory

An isosurficeis mostef ciently extractedfrom the stackof slices
by renderinghesliceswith all pixelswithin auserde ned interval
aroundthe isovalue setto opaqueandthe remainingpixels setto
transparentHowever, the resulting“surface” will have a uniform
color which concealsits 3D structure. We have, therefore,inte-
gratedalighting modelinto our systemincorporatingoothambient

2This statemenassumesrthogonaprojection;with perspectie projec-
tion the situationis betterbut still unacceptable.

Figure 5: Two visualizationsof the samevortex tubes. The left image
was produced with the hardware-basedapproach using direct volume
rendering, the right image using a commercial o w visualization tool
using a Marching Cubes approach.



Figure 6: I , isosurfacesof the hurricane Isabel data set. The imagesin the upper row show the e ect of successivelydecreasingthe isovalue.
As can be seen, the vortex structures gets narrower. The lower row imagesillustrate the e ect of modifying the Iter characteristics starting
with the same baseimage. While both adjustments tend to remove small-scalevortex structures, it can be seenthat Itering better preserves

Iarge vortex structures.

anddiffuse. A full-featuredBlinn-Phongmodelincluding specu-
lar lighting wasrejecteddueto the computationatosts(we found
thatthe specularcomponenis aboutas costly asthe ambientand
diffusetermstakentogetherjandthelittle additionalinsightthatis

obtainedfrom highlights. This way, the renderingin Z-direction
canbeaccomplishedvith onetexturelookupand15 arithmeticin-

structionslots,therenderingn X- andY-directionwith two texture
lookupsand18instructionslots.

The quality of the extractedisosurfice strongly dependson the
numberof slicesusedfor the visualization. This is inherentin all
slice-basedrolume renderingtechniquesand no dravback of the
approachchosenfor this system. We have addedthe possibility
to add intermediateslicesinterpolatedbetweengrid pointsto be
ableto trademorepleasingvisualizationsfor reducedramerates.
Fig. 7 shavstheeffect of addingintermediateslicesfor the dataset
depictedin Fig. 3. Althoughnotall artifactsareremaoved, thereis
nevertheless notableimprovementin imagequality.

Fig. 5 shavs screenshotsaken with our system(without adding
intermediateslices)andscreenshottaken with PowerVIZ a com-
mercial ow visualizationtool [5]. The dataset usedfor these
screenshothas135 225 129voxelsandwasobtainedby DNS
of K-type transitionexperimentq10, 19]. PaverVIZ doesnotuse

Figure 7: Upper right section of the data set shown in Fig. 3 rendered
with no intermediate slices(left) and ve intermediate slices(right).

volume renderingtechniquesfor extractingthe isosurice but in-

steadextractsa polygonalrepresentatiomsinga Marching Cubes
approach As canbe seentheresultsarenevertheleswery similar

in generalandonly differ (visually) wherethe vortex tubesnarrov

andthe numberof slicesoverthepro le is reduced.

The effectsof modifying the Iter characteristiceandisovaluesare
depictedin Fig. 6 atthe exampleof a251 251 100datasetof
hurricanelsabel. As canbe seen the Gaussltering (lower row)
clearly highlights large-scalevortex structureswhile suppressing
smallvortices—abehaior thatcannotbe obtainedby isovaluead-
justmentgupperrow).

Fig. 1, left, demonstratethe Itering atthe exampleof alargerK-
typetransitiondatasetof 229 116 250voxelsextractedfrom a
moreturbulentzone. As canbe seenthe characteristid. -vortices
thatareof particularinterestto uid dynamicsesearcheraremuch
easiero spotin the Itered vector eld thanin theun ltered eld

(Fig. 2, left).

5 RESULTS

5.1 StorageRequirements

Most GPU-basedalgorithmsusing fragmentsprogramsor pixel

shaderdor performingthe calculationsstorethe input dataastex-

tures.However, theamountof texture memoryis quitelimited and
256 MB mustbe consideredvery large at the moment. Memory
efciency is, thereforeacrucialtopicin theevaluationof graphics-
hardware—accelerateiinplementationsinceit eventually de nes
anupperlimit for the sizeof theinput datasets.

Our systemstoresthe raw input datain a 128 bit RGBA texture.
This texture mustnot be modi ed sinceit is needeceachtime the



Iter characteristicare adjusted.To storethe Itered results,an-
other128bit oating pointtextureis required.Thistextureis reused
for storingthe gradientsof the / , scalar eld requiredfor lighting
theisosurfice. The remainingtexturesareindependenof the size
of the input dataand of nggligible size. Thus, if the input data
compriseN nodesabout32N byte memoryareconsumedy the
system. Assuming256 MB texture memory this meansthat the
systemis applicableto datasetsof atmosteightmillion grid points
or equialentlya cubeof thedimension00 200 200.Wecon-
siderthisto besufcient for datasetsobtainedexperimentally

However, both the ltering andthe | , vortex detectionare local.
Thus,if thesystemlimits aresurpassed bricking approactcanbe
easilyusedto accommodatéhe systemto largerdatasets.

5.2 PerformanceEvaluation

For evaluatingthe performancef the systemthe datasetof Fig. 5
of thedimensiond35 225 129wasvisualizedataviewportsize
of 512 512pixelsonanATl 9800XT graphicsadapterSincethe
systemis almostcompletelyGPU-basedthe con guration of the
underlyingPC/workstationis irrelevantfor thebenchmark.

We have found the Itering time to be about147 msfor both the
single-passausslter of supportthreeandthe multi-passGauss
lter of supportll. Obviously, the reducednumberof texture
lookupsrequiredfor theseparabl&ausslter morethanoutweighs
the overheadof two additionalrenderingpasses.The | , compu-
tation took 108 ms for the simpli ed root nding approachand
130msfor the correctapproachthe gradientcalculationtime was
14 ms. Thesetimesareindependentf the numberof intermediate
slicesandthedirectionfrom which thevolumeis lookedat.

One the other hand, the renderingtime dependsstrongly on the
direction and the number of intermediateslices, therefore, we
have measuredenderingtimesfor both the cheapestlirection(Z-
direction,original stackof slices)andthe mostexpensve direction
(Y-direction,stacksof pre-calculatedtripes Jargestof thethreedi-
mensions).

For the Z-direction we measureda visualizationtime of 38 ms
(26.3fps), for the Y-directiona time of 212 ms (4.7 fps). When
addingoneintermediateslice, the visualizationtimesincreaseby a
factorof two. As expected the frameratesscalelinearly with the
amountof pixels generatedy the application. No color mapping
of velocity magnitudesvasdonefor thesemeasurements.

To judgethe performanceof a GPU-basedlgorithm, a compari-
sonwith anequallyoptimizedsoftwareimplementatiornis required.
For this reasonwe have alsoimplementedhe vortex detectional-
gorithm proposedabove on an Intel Pentium4 processor All the
proposedptimizationdik e e.g.the usageof lookup tablesfor de-
termining cosinevalueswere included. Sincethe P4's SSE2ex-
tensionis capableof processingour-componentvectorswith 32
bit percomponentsmacrosfor performingvectoroperationsvere
implementedand usedwherepossible. Unfortunately thereis no
SSE2instructiona dot productcanbe mappedo; thus,aninstruc-
tion sequencéhad to be usedinstead. We have chosenthe se-
quenceproposedby Breternitzet al. [1]. Using this implemen-
tation, we measuredL,150ms for the I , vortex detectionon the
135 225 129 dataset—almostan order of magnitudeslowver
comparedo the hardware-base@pproach.

SMMX allows the dot productto be mappedto two instructionsusing
the PMADDWBtruction.However, eachvectorcomponenthenis con ned
to 16 bit whichis unacceptabléor this application.

Figure 8: Visualizations of vortex structures in an experimentally
obtained water channel data set with little Itering (upper image)
and strong ltering (lower image).

As expected,PoverVIZ, atool well-known for its generallygood

performances even signi cantly slower (about8 s) thanthe op-

timized softwareimplementation.This mustprobablybe ascribed
to morecomple internaldatastructuressincePawerVIZ workson

a hierarcly of Cartesiangrids while our systemrequiresa single
Cartesiangrid. Anyway, usingan own optimizedimplementation
for comparisoris well justi ed.

5.3 Application to CFD

An interactve cycle of ltering, vortex detectionandvisualization
is particularly usefulfor noisy data. For experimentallyobtained
datasetshisis obviously the case.Fig. 8 shavs a datasetobtained
in anexperimentstudyinglaminarturbulentboundarylayertransi-
tions[13].

For datasetsobtainedby computationaluid dynamics(CFD) the
situationdependsn the simulationtechnique. Turbulencemod-
elsvary in how much modellingthey contritute to the uid ow
simulation. At oneendof the spectrumthereis RANS (Reynolds
AveragedNavier-Stokes) which modelsturbulenceby essentially
increasinghe uid viscosity Increasediscosityleadsto theelim-
ination of small-scalestructureshroughdiffusion anddissipation.
Thus, RANS simulationsusually are only modestlyvulnerableto



noise. Turbulencemodellingin LES (Large Eddy Simulation)also
resultsin anincreasecomputationaliscosityin comparisorwith
the molecularviscosity and accordinglyalso resultsin datasets
with moderatenoise.

On the contrary DNS should captureall scalesthat are relevant
in the o w without any modelling. Large Reynoldsnumber o ws

typically meansmallviscosity and,particularlyfor turbulent o ws,

very small lengthscales. Thus, high grid resolutionsare required
for DNS. If insufcient resolutionis available,the smallestscales
will be determinedby the numericsandnot by the physics,which

eventuallyresultsin noisydata.

Our systemis, therefore, particularly suitable for environments
whereexperimental(Fig. 8) or DNS data(Fig. 1 and 3) are sub-
jectof analysis.

6 CONCLUSIONS

We have describeda systemfor Itering, vortex detection,andvi-
sualizationof o w data.By emplo/ing moderngraphicshardware
for performingthecalculationsnsteadof the CPU,we wereableto
improve the systemperformancéy almostan orderof magnitude.
For the rst time, thecycle of Itering, vortex detectionandvisu-
alization canbe handledinteractizely usinglow-costoff-the-shelf
hardwarereadily available at the desksof mary researchersThe
presentedystemhasalreadybeenapprosed by engineeravorking
in the eld of uid dynamics.Despitethe factthat basicallyonly
severalwell-known techniquesarecombinedinto a singletool our
collaboratorshave decidedthat the performanceand effectiveness
of our systemwell justify anintegrationinto theirwork o w.

In thefuture,we planto evaluatefurtherlocal vortex detectioralgo-
rithmsandmoreadwanced lters in termsof portability to graphics
hardware. Furthermorewe intendto improve the volumerender
ing to be ableto producemorepleasingvisualizationdor datasets
with a low numberof slices. Anotherattractive featurewould be
thetrackingof featuresover severaltime-stepsasit waspresented
in [22].
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