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

ABSTRACT

Featuredetectionin �o w �elds is a well researchedarea,but prac-
tical applicationis often dif�cult dueto the numericalcomplexity
of thealgorithmspreventinginteractive useanddueto noisein ex-
perimentalor high-resolutionsimulationdatasets. We presentan
integratedsystemthatprovidesinteractive denoising,vortex detec-
tion, andvisualizationof vectordataon Cartesiangrids. All three
major phasesareimplementedin sucha way that the systemruns
completelyon a modernGPUoncethevector�eld is downloaded
into graphicsmemory. Theapplicationaspectof our paperis two-
fold. First, we show how recentlypresented,prototypicalGPU-
basedalgorithmsfor �ltering, numericalcomputation,andvolume
renderingcanbecombinedinto oneproductivesystemby handling
all idiosyncrasiesof a chosengraphicscard. Second,we demon-
stratethat the signi�cant speedupachieved comparedto an opti-
mizedsoftwareimplementationnow allows interactive exploration
of characteristicstructuresin turbulent�o w �elds.

CR Categories: I.3.3 [Computer Graphics]: Interactive
Rendering—Flow Visualization;

Keywords: Featuresin Volume Data Sets,Flow Visualization,
HardwareAcceleration,3D VectorFieldVisualization

1 I NTRODUCTI ON

Physicalandnumerical�o w simulationshavebecomeanimportant
part of the researchactivities in both industryandacademia.To
gainunderstandingof thesimulated�o w, it is necessaryto perform
somekind of dataanalysis.This is usuallydoneby scienti�c �o w
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visualization. A goodsurvey of state-of-the-art�o w visualization
techniquescanbefoundin [17].

While thereis probablyno singlevisualizationtechniquethat can
be regardedthe bestone, thereis no doubt that featuredetection
methodsareamongthemosteffective toolsfor understanding�o w
�eld structures.Of these,in turn,theclassof vortex detectionalgo-
rithmshasprovento beof specialimportance.

However, vortex detectionis computationallymuch more expen-
sive thandrawing anisosurfaceof thevelocitymagnitudeor aslice
with any otherscalarpropertymappedto acolor. Accordingly, vor-
tex detectioncurrently cannotbe doneon an off-the-shelfPC at
interactive framerates—whichmaybedesirablefor tracking�o w
structuresoverseveraltime-stepsin unsteady�o wsor for analyzing
�o w dataobtainedby simulationor measuringtechniquesvulner-
able to noise,e.g. direct numericalsimulation(DNS) or particle
imagevelocimetry(PIV).

In thelattercases,thevortex detectionmaybeconsiderablyaffected
by noise(Fig. 2). Accordingly, someform of denoisingshouldbe
appliedto the raw databeforeone tries to detectvortices. If the
frequency of thenoiseis known in advance,denoisingis mostef-
fectively accomplishedby designinga bandpass�lter capableof
removing therelevantfrequencies.

However, if the noisecannotbe exactly locatedin the frequency
domain,aninteractivecycleof �ltering, vortex detection,visualiza-
tion andevaluation(basedon the existing knowledgeof the �o w)
must be enteredand repeateduntil the optimal �lter characteris-
tics have beenfound and a visualizationof acceptablequality is
obtained. Obviously, neither�ltering nor visualizationcomefor
freesohandlingthecompletecycle is evenmoredif�cult thanhan-
dling thevortex detectionalone.For engineersworking in the�eld
of �uid dynamicsverifying resultsof experimentsor simulations
thereforepresentsa tediousandtime-consumingtask.

In this paperwe presenta systemto alleviate this situation. We
demonstratethat by shifting the entirecycle from the CPU to the
GPUandby exploiting themodernGPUs'parallelprocessingcapa-
bilities interactivework is possible.Oursolutionexpectsthevector
�eld datato be madeavailablein a texture which assumesthe in-



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

put datais de�ned on a uniform Cartesiangrid. However, thereare
ef�cient techniquesfor theconversionbetweengridswithoutsacri-
�cing muchaccuracy (seee.g.[23]), thus,this posesno limitation.
Oncethevorticeshave beendetectedanisosurfaceof thedetected
vortex regionsis generated.If the userdecidesto adjustthe �lter
supportor the isovaluehe will get an instantaneousupdateof the
visualization. Sinceat no instantany intermediateresultshave to
bepassedbackto theapplication,immediatefeedbackis obtained.

Theremainderof thepaperis organizedasfollows: In Section2 we
discusswork of otherresearchersrelatedto this paper. Section3
outlinesthe l 2 vortex detectionmethodandmotivateswhy it was
usedin this work. The architectureof our systemis presentedin
Section4, followedby anevaluationin Section5. Thepapercon-
cludesin Section6.

2 REL ATED WORK

A large body of researchhasbeenconductedon methodsthat are
ableto reliably detectvortices. The papersby Jianget al. [9] and
Postet al. [17] provide goodoverviews of the mostpopulartech-
niquesandgive taxonomiesof vortex detectionalgorithms.

So-calledlocal methodsrequireonly operationswithin the neigh-
borhoodof acell; thus,all algorithmsbasedon theJacobianmatrix
(or thevelocitygradienttensor)fall into thisclass.Onthecontrary,
global methodsexaminemany grid cells to detecta vortex. Typi-
cal representativesof this classarealgorithmsbasedon streamline
tracing.

Furthermore,vortex detectionalgorithmscanbeclassi�ed accord-
ing to Galilean invariance. A vortex detectionalgorithm that is
Galileaninvariantis valid in all inertial framesof referenceandthus
is ableto detectvorticesnotonly in steadybut alsoin time-varying
�o w �elds.

To our knowledge,noneof the vortex detectionalgorithmsfound
in the literaturehasever beenimplementedon a GPU. However,
many techniqueshave beendevelopedto effectively visualize�o w
�elds usinga GPU. Especiallytexture-basedtechniques—though
ratherdated[2, 14]—are enjoying greatpopularityandarestill a
topic of research[24]. Sincethe basicprocedureof GPU-based
vortex detectioncanbe expectedto be the sameas that of GPU-
based�o w visualization,theseresearchresultsareneverthelessa
valuablefoundationfor thiswork.

GPU-basedfeaturedetectionis the most prominentpart of this
work. Two other aspectsare GPU-based�ltering and volume
rendering. Both �elds have been studied in detail by several
researchers.Hardware-accelerated�lters—both linear and non-
linear—implementingawidevarietyof kernelshavebeendescribed

in [7, 6, 21]. Volumerenderingtechniquesfor Cartesiangridsare
studiedin [25, 18, 11]. Sincethis work concentrateson feature
detectionandextractionandon integratingvarioustechniquesinto
a productive system,we exclusively reliedon thesestandardtech-
niquesfor �ltering ourdataandvisualizingthevortex structures.

3 THE l 2 M ETHOD

Most of thegraphicsadaptersnowadaysshippedwith off-the-shelf
PCsinclude both programmablevertex and fragmentprocessors.
Thus,theprogrammeris ableto operateoneachvertex providedby
the applicationandeachfragmentgeneratedby the rasterization.
Sincearbitrarydatacanbe storedin texture memorywith 32 bit
accuracy, thesefeatureshavebeenusednotonly to createreal-time
advancedvisualeffectsbut alsoto implementnumerousnumerical
algorithms.In fact,themodernGPUs' high parallelismon several
levels(memorybandwidth,redundantrenderingpipelines)haseven
led to thedevelopmentof generalnumericallibrariesthatallow the
userto transparentlyusetheGPUasa high-performance�oating-
point coprocessor[12].

Nevertheless,a GPUimplementationwill not beadvantageousfor
all algorithms. For a GPU implementationto be bene�cial, it is
of paramountimportancethatthealgorithmexhibits localbehavior
or—put anotherway—thatit canbe ef�ciently implementedon a
multi-processorcomputer. Thus,referringto thetaxonomiesgiven
in Sec.2 globalvortex detectionmethodscanimmediatelybedis-
carded.Galileaninvariancewassaidto beanotherdesirableprop-
erty of a vortex detectionalgorithm.This further isolatesthenum-
ber of vortex detectionalgorithmsappropriatefor an implementa-
tion on theGPU.

Of thealgorithmsproposedin the literature,we have foundthe l 2
methodproposedby JeongandHussain[8, 15] to bethemostsuit-
ablealgorithmwith theseproperties.This methodis generallyre-
gardedto producegoodresultsandonly showssomeshortcomings
whenappliedto turbomachinery�o ws [20]; thus, the l 2 method
presentsanadequatechoice.

Givenavector�eld

u(x) =

0

@
u1
u2
u3

1

A

thel 2 method�rst decomposesthevelocitygradienttensorÑu (the
Jacobianmatrix of thevector�eld) into a symmetricpartSandan
antisymmetricpartW:
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Froma physicalpoint of view Sis thestrain-ratetensorandWthe
spintensor. Next, theeigenvaluesof thematrix S2 + W2 needto be
determined.Sincethis matrix is realandsymmetric,therewill be
threeeigenvalues—rootsof thecharacteristicpolynomial—denoted
by l 1 � l 2 � l 3. A vortex is thende�ned asa connectedregion
wheretwo of theeigenvaluesarenegative. Theeigenvaluerelevant
for visualizationis l 2—hencethenameof themethod.

4 SYSTEM ARCHI TECTURE

The systemis divided into two parts: an initialization part that is
executedonceperdatasetandtheactualcycle that is enteredeach
time the�lter characteristicsareadjustedby theuser.



Prior to enteringthe cycle, the vector �eld (which is assumedto
be de�ned on a Cartesiangrid) mustbe loadedandpreprocessed.
Thepreprocessingconsistsof addinga one-cellborderaroundthe
volume.Thevaluesof thebordercellsarechosensuchthatthegra-
dientsat theoriginal cellscanall bedeterminedusingcentraldif-
ferences.This work-aroundrelievesus from theburdenof having
to handlebordercells differently from inner cells during gradient
estimation.Thus,assumingoriginal grid dimensionsof I � J � K,
avolumeof thedimensions(I + 2) � (J+ 2) � (K + 2) is obtained.
Thisvolumeis thencut into K + 2 sliceseachholdingall thevalues
of a constantZ-coordinateandeachslice copiedto a 2D RGBA-
texture. We have chosena 32 bit �oating point texturefor this pur-
posesincethisallowsusto storevectorcomponentsof typefloat
without introducingtruncationerrorsoncommonPCplatforms.

Thecycle in turn canbefurtherdividedinto threemajorparts:de-
noisingof theraw vectordata,computationof l 2 values,andren-
deringof theoutputof thevortex detectionalgorithm.Sincethel 2
valuescomprisescalardata,any volumerenderingtechniquecanbe
employed for visualization.Thus,part threecanbe titled the vol-
umevisualizationphase.Thefollowing subsectionsdescribethese
partsin detail.

For our implementationwe have chosenthe ATI 9800 graphics
adapterandDirectX/D3D despitethelow instructionlimit of 64+
32= 96 instructionslots. Thereasonfor choosingthis platformis
that—aswill beshown—thesystemrequiresmultiple passesif the
numberof redundantcomputationsis to bereducedandmulti-pass
renderingwith theATI/DX9 combinationdoesinvolve only a very
minorperformancepenalty.

4.1 Filtering

All measurements—andevensomesimulationdata—aresubjectto
noise.To oppressthisnoise,alowpass�lter canbeemployed.Usu-
ally, a lowpass�lter' sability to oppressnoisegreatlydependsonits
support,i.e. thenumberof neighborsincorporatedinto thecalcula-
tion of the�ltered value.

In ahardwareimplementationtheneighborsneedto bedetermined
by lookupsinto textures�lled by the applicationwith the appro-
priateinformation. Thus,a �lter of supportN requiresN3 texture
lookupsto obtain the neighborinformation. Our target platform
only supports32texturelookupsperpass;thus,themaximum�lter
supportthatcanbe implementedin a singlepassis three. If more
advanced�lters arerequired,multi-passimplementationsmustbe
resortedto.

For this work, a Gaussianlowpass�lter hasbeenemployed. This
typeof �lter hastwo bene�ts thatmake it suitablefor our applica-
tion:

� The Gauss�lter is isotropic, i.e. it is rotation invariant. In
contraryto non-isotropic�lters, isotropic �lters aregoodat
preservingorientedfeatureswhich is essentialfor vortex de-
tection.

� The Gauss�lter is separable,i.e. small �lter kernelscanbe
implementedin a singlepasswhile large�lter kernelscanbe
implementedwith several passeswith little additionalover-
head.

For thepresentedsystem,bothsingle-andmulti-passGaussianlow-
pass�lters havebeenimplemented.

Single-Pass Filtering To �lter the (border-extended)vector
data,theapplicationrendersK + 2 �lled quadrilateralsof (I + 2) �
(J + 2) pixels each. For eachquadrilateral,the currentslice, the

oneto theback,andtheoneto the front arepassedastextures.A
pixel shaderthenis executedfor eachgeneratedfragment. In the
shadertheneighborsarelookedup andmultiplied by a weighting
factor. The intermediateresultsarethenaddedandwritten to the
RGB-componentsof theoutputpixel. The �ltered datais directly
renderedto a secondstackof K + 2 �oating point textures,each
texture again of size (I + 2) � (J + 2) texels. Overall, 27 texture
lookupsplus44arithmeticinstructionslotsarerequired.

To obtaintheweightsof theneighborsweevaluatetheGaussfunc-
tion for thearguments0, x,

p
2x, and

p
3x andnormalizethefunc-

tionvaluessothatthesumoverall 27weightsequalsone.Thevalue
of x is prede�nedto someconstantvalueanddenotestheminimum
distancebetweenvoxel centers.Theremainingargumentsarecal-
culatedby consideringthe otherdistances(matchin at mostone
coordinate)relative to the minimum distance.The argumentsfor
evaluatingtheGaussfunction remainconstant.However, theuser
canadjustthevariances 2 of theGaussfunctionandthuscanadjust
the neighborweightswhich arethenpassedto the pixel shaderas
programparameters.

Multi-P ass Filtering A single-passGauss�lter is restricted
to supportthree. If multiple passesareacceptable,the 3D Gauss
�lter canbe separatedinto three1D �lters, eachof themapplied
in a singlerenderingpassandreusingthe outputof the preceding
�lter pass.Theorderof thepassesis arbitraryanddoesnot effect
theresult.However, thecomplexity of theimplementationandthe
amountof temporarytexturememoryareverywell affected.

If thedatais �ltered �rst in X- andY-direction,only a singleinput
andoutputtexturearerequiredfor the�rst two passessincethein-
putdatais storedasZ-alignedslices.However, the�nal Z-direction
renderingpassrequiresN slicesto have alreadybeen�ltered in X-
andY-direction; thus,N + 1 temporary�oating point texturesare
required.

Ontheotherhand,if thedatais �ltered �rst in Z-direction,N slices
of theun�ltered vectordataareusedasinputandtheresultis writ-
ten to a single �oating point texture. For the remainingpasses,
another�oating point textureis required;thus,only two temporary
texturesarerequired(independentof the�lter support)andnopro-
gramlogic is neededthatcachestheresultsof theXY-�ltering for
a �nal Z-�ltering pass.

As before,the�ltering is thendoneby renderingK + 2 �lled quadri-
lateralsof (I + 2) � (J + 2) pixels. In thepixel shader, thecurrent
pixel's N neighborvalues(including itself) are looked up. Since
all neighborsareequidistantlyspaced,the Gaussfunction is now
evaluatedatequidistantlyspacedpointsto obtaintheweights.

ThepassesconsumeN texturelookupseachand32and12 instruc-
tions slots for the �ltering in X-/Y- andZ-direction, respectively.
Since,in eithercase,at mostN texture lookupsarerequired,�lter
supportsof up to 31 could theoreticallybe implementedwith the
numberof texture lookupsrestrictedto 32. However, on our plat-
form the numberof texture samplersis currently limited to 16 so
themaximum�lter supportis 15.

4.2 Vortex Detection

A careful implementationof l 2 vortex detectionrequiresalmost
twice asmany instructionslotsasareavailableon the ATI 9800.
Henceit is impossibleto implementthevortex detectionin asingle
passandthequestionarisesasto whereto cut thepixel shaderinto
passes.

This split-up mustnot be arbitrary. Whenadjustingan algorithm
to multi-passrendering,intermediateresultsarewritten to a texture



which in turn is madeavailableto thesubsequentpass.Thismeans
thattheamountof intermediatedataperpixel hasto �t into aRBGA
texel of atmost128bit. If thisdoesnotsuf�ce it is possibleonsome
architecturesto usemultiple rendertargets(MRTs). Fortunately,
thel 2 methodcanverynicelybesplit into two passes.

Theideais to calculatethecoef�cients of thecharacteristicpolyno-
mial in the �rst passandto solve thecharacteristicequationin the
secondpass. Sincethe characteristicpolynomial is a cubic, only
four �oating point numbersneedto bepassedbetweenthepasses.
This datatightly �ts into an RGBA value and thus allows us to
abandonMRTs.

Thefollowing paragraphsoutlinetheshaderimplementations.

Pass1: Finding the Characteristic Polynomial TheHLSL
instructionsetincludesinstructionsfor manipulatingmatricesand
vectors.Formulatingthe l 2 methodin HLSL is thereforea trivial
task:

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

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

// ... and the sum of their squares
sum = mul(symmetric, symmetric) +

mul(antisymmetric, antisymmetric);

...

Unfortunately, this codecompilesto too many instructionslots.
However, by consideringthat the matrix to be usedfor calculat-
ing eigenvaluesis symmetric,amoreef�cient (andsomewhatmore
unreadable)formulation can be found that requiresonly six tex-
ture lookupsand59 instructionslotsand,therefore,is acceptedas
asingle-passshader:

sum00 = gradientX.x * gradientX.x +
gradientY.x * gradientX.y +
gradientZ.x * gradientX.z;

sum01 = gradientX.x * (gradientY.x + gradientX.y)/2.0 +
(gradientY.x * gradientY.y +
gradientZ.x * gradientY.z +
gradientX.y * gradientY.y +
gradientZ.y * gradientX.z)/2.0;

Theremainingmatrixentriescanbederivedanalogouslyby permu-
tationsof indices.Oncethesummatrix hasbeenderived,thecoef-
�cients of thecharacteristicpolynomialarecalculatedin astraight-
forwardwayandassignedto thecurrentpixel'scolor to makethem
availableto thesolverpass.

Pass 2: Solving the Characteristic Equation To solve the
polynomial equationinvolving the characteristicpolynomial, we
adoptedthe modi�cation of Cardan's solutionproposedby Nick-
alls [16]. Assumingacubicpolynomialequation

ax3 + bx2 + cx+ d = 0

themethodgivesthethreeroots(eigenvaluesin ourcase)a , b , and
g by

a = xN + 2d cos(q) (1)
b = xN + 2d cos(2p=3+ q) (2)
g = xN + 2d cos(4p=3+ q) (3)

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) removes some artifacts present when handling only
one case(top). The colors denote the velocity magnitude.

where

xN = � b=(3a)

cos(3q) = � yN=(2ad3)

d2 = (b2 � 3ac)=(9a2)

andyN is thevalueof thepolynomialevaluatedat xN.

Expressions(1) – (3) canbe easilymappedto graphicshardware
sincetheHLSL instructionsetincludesa botha cos andanacos
instruction. However, the PS2.0sincos instruction (which the
HLSL cos is mappedto) consumeseight instructionslots; thus,
a total of 24 instructionslotsarerequiredfor the threecosinecal-
culationsalone. As a result,whenusingthenative instructionsof
theGPU,themaximumnumberof instructionsis surpassedandthe
programis again rejected.

Oneoftenusedtechniquetosolvethisproblemis to replacetrigono-
metricoperationswith lookupsinto 1D luminancetexturesof pre-
calculatedfunctionvalues.Thus,by creatingtwo textureswith pre-
computedcosineandinversecosinevalues,respectively, only four



(a) (b) (c)

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 .

texturelookupsarenecessaryfor obtainingq andthethreecosines.

However, this approach is too general for our application.
What is actually neededare cosine values for the arguments
arccos(� yN=(2ad3))=3+ 2k=3p wherek 2 f 0;1;2g. It is, there-
fore, much more ef�cient to createa single 1D RGBA texture1

storingprecomputedcosinesfor theseargumentsandto accessthe
texture with the inversecosineargument. The threecosinescan
thenbe obtainedsimultaneouslywith a singletexture lookup and
no inversecosinecalculationsarenecessaryat all. The resulting
programthusrequiresonly two texture lookupsand31 arithmetic
instructionslots.

Obviously, comparedto the four texture lookupsof themoregen-
eral approach,this is anothersigni�cant performancegain. This
also becomesevident when comparingthe l 2 calculationtimes:
Theoverall computationtime reducesby another15%.

Actually, thedescribedmethodfor solving thecharacteristicpoly-
nomialdoesonly producecorrecteigenvaluesif therearethreedis-
tinct real roots. This is thecasein about99.5percentfor thedata
setshown in Fig.5, thus,theresultsobtainedby thegivenapproach
areagoodapproximation.Settingh = 2ad3 threerealrootsareob-
tainedif y2

N < h2. For yN > h2 (onerealroot)or y2
N = h2 (threereal

roots, two or threeequalroots) the calculationmustbe modi�ed.
For thelattercase,d is adjustedto d = 3

p
yN=(2a) andtherootsare

thena = b = xN + d andg = xN � 2d.

Handlingall threecasesis costly on a streamingarchitectureand
evenexceedsthemaximumnumberof instructionslotsof ourplat-
form. The matrix S2 + W2, however, is real and symmetricand,
therefore,will alwayshave threereal roots. ThecaseyN > h2 will
thusoccuronly very rarely(if atall) dueto numericalinaccuracies.
Accordingly, we have decidedto neglect this caseand to handle
only the remainingtwo cases.Thenumberof requiredinstruction
slots in 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 VolumeVisualization

The input vectordatais processedslice per slice. Renderingthe
resultingl 2 valuesdirectly into a3D texturewasnotpossibleat the
time of this writing, thus,theresultsareagain written to a stackof
2D. Obviously, simply blendingquadrilateralswith the l 2 values
mappedastextureswill not produceappealingvisualizationssince
virtually nothingat all is seenwhen looking along the X- or the

1TheATI 9800doesnot supportRGB �oating point texturessoRGBA
textureshadto beused,leaving thealphacomponentunused.

Y-axis2.

Many techniqueshave beendevelopedto copewith this problem.
Renderingview-alignedslicesis generallyregardedasthemethod
to producetheleastartifacts.However, for doingthisef�ciently , 3D
texturesareusuallyrequired[3] which would requiretransferring
thescalar�eld from thegraphicscardmemorybackto theapplica-
tion. This introducessigni�cant latenciesinto thevortex detection
systemand,thus,is notappropriatefor ourapplication.

Onework-aroundto this problemwasproposedby Rezk-Salama
et.al [18] basedonthework of Eckel [4]. Thebasicideais to deter-
mine the intersectionpolygonsof viewport-alignedsliceswith the
givenstackof quadrilateralsandto interpolatecolorvaluesonthese
polygonsusingthetwo neighboringtextures.Theoriginal stackof
quadrilateralsandthe resultingintermediateslicesaredepictedin
Fig. 4 (a)and(c), respectively.

A drawback of this approachis the large numberof intersection
polygonsthat have to be calculatedeachtime the volume is ro-
tated. Our implementation,therefore,employs a slightly different
approach.

Insteadof determiningviewport-alignedintersectionpolygonson-
the-�y, we pre-computesets of intersectionpolygons from the
X- andY-direction(both positive andnegative), respectively, and
switchbetweenthem(andtheoriginal stack)dependingon theori-
entationof the volume's boundingbox to the viewer. Fig. 4 (b)
shows theresultingslices.

This approachnot only enablesusto pre-calculatethe intersection
polygonsbut alsoto sendthegeometrydataof theslicesonly once
to the graphicsadapteras a vertex buffer. If the original stack's
slicesareassumedto beequidistant,theamountof geometrystored
in thevertex bufferscanfurtherbesigni�cantly reduced(by factors
of I + 1 andJ + 1, respectively) by storingonly a singlestackof
stripesandrenderingtheremainingoneswith asuitabletranslation
applied. Thus,the approachis ableto acceleratethe visualization
without takinganoteworthy amountof memory.

An isosurfaceis mostef�ciently extractedfrom thestackof slices
by renderingthesliceswith all pixelswithin auser-de�ned interval
aroundthe isovalueset to opaqueandthe remainingpixels set to
transparent.However, the resulting“surface” will have a uniform
color which concealsits 3D structure. We have, therefore,inte-
grateda lighting modelinto oursystemincorporatingbothambient

2Thisstatementassumesorthogonalprojection;with perspectiveprojec-
tion thesituationis 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: l 2 isosurfacesof the hurricane Isabel data set. The images in the upper row show the e�ect of successivelydecreasingthe isovalue.
As can be seen, the vortex structures gets narrower. The lower row images illustrate the e�ect of modifying the �lter characteristics starting
with the same base image. While both adjustments tend to remove small-scalevortex structures, it can be seenthat �ltering better preserves
large vortex structures.

anddiffuse. A full-featuredBlinn-Phongmodel including specu-
lar lighting wasrejecteddueto thecomputationalcosts(we found
that the specularcomponentis aboutascostly asthe ambientand
diffusetermstakentogether)andthelittle additionalinsightthat is
obtainedfrom highlights. This way, the renderingin Z-direction
canbeaccomplishedwith onetexturelookupand15 arithmeticin-
structionslots,therenderingin X- andY-directionwith two texture
lookupsand18 instructionslots.

The quality of the extractedisosurface strongly dependson the
numberof slicesusedfor the visualization.This is inherentin all
slice-basedvolumerenderingtechniquesandno drawbackof the
approachchosenfor this system. We have addedthe possibility
to add intermediateslicesinterpolatedbetweengrid points to be
ableto trademorepleasingvisualizationsfor reducedframerates.
Fig. 7 showstheeffectof addingintermediateslicesfor thedataset
depictedin Fig. 3. Althoughnot all artifactsareremoved, thereis
neverthelessanotableimprovementin imagequality.

Fig. 5 shows screenshotstaken with our system(without adding
intermediateslices)andscreenshotstakenwith PowerVIZ, a com-
mercial �o w visualizationtool [5]. The dataset usedfor these
screenshotshas135� 225� 129voxelsandwasobtainedby DNS
of K-type transitionexperiments[10, 19]. PowerVIZ doesnot use

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

volumerenderingtechniquesfor extracting the isosurfacebut in-
steadextractsa polygonalrepresentationusinga Marching Cubes
approach.As canbeseen,theresultsareneverthelessvery similar
in generalandonly differ (visually) wherethevortex tubesnarrow
andthenumberof slicesover thepro�le is reduced.

Theeffectsof modifying the�lter characteristicsandisovaluesare
depictedin Fig. 6 at theexampleof a 251� 251� 100datasetof
hurricaneIsabel. As canbe seen,the Gauss�ltering (lower row)
clearly highlights large-scalevortex structureswhile suppressing
smallvortices—abehavior thatcannotbeobtainedby isovaluead-
justments(upperrow).

Fig. 1, left, demonstratesthe�ltering at theexampleof a largerK-
typetransitiondatasetof 229� 116� 250voxelsextractedfrom a
moreturbulentzone.As canbeseen,thecharacteristicL -vortices
thatareof particularinterestto �uid dynamicsresearchersaremuch
easierto spotin the �ltered vector�eld thanin theun�ltered �eld
(Fig. 2, left).

5 RESULTS

5.1 StorageRequirements

Most GPU-basedalgorithmsusing fragmentsprogramsor pixel
shadersfor performingthecalculationsstorethe input dataastex-
tures.However, theamountof texturememoryis quitelimited and
256 MB mustbe consideredvery large at the moment. Memory
ef�ciency is, therefore,acrucialtopic in theevaluationof graphics-
hardware–acceleratedimplementationssinceit eventuallyde�nes
anupperlimit for thesizeof theinputdatasets.

Our systemstoresthe raw input datain a 128 bit RGBA texture.
This texturemustnot bemodi�ed sinceit is neededeachtime the



�lter characteristicsareadjusted.To storethe �ltered results,an-
other128bit �oating pointtextureis required.Thistextureis reused
for storingthegradientsof the l 2 scalar�eld requiredfor lighting
the isosurface.Theremainingtexturesareindependentof thesize
of the input dataand of negligible size. Thus, if the input data
comprisesN nodes,about32N bytememoryareconsumedby the
system. Assuming256 MB texture memory, this meansthat the
systemis applicableto datasetsof atmosteightmillion grid points
or equivalentlyacubeof thedimensions200� 200� 200.Wecon-
siderthis to besuf�cient for datasetsobtainedexperimentally.

However, both the �ltering and the l 2 vortex detectionare local.
Thus,if thesystemlimits aresurpassed,abrickingapproachcanbe
easilyusedto accommodatethesystemto largerdatasets.

5.2 PerformanceEvaluation

For evaluatingtheperformanceof thesystemthedatasetof Fig. 5
of thedimensions135� 225� 129wasvisualizedataviewportsize
of 512� 512pixelsonanATI 9800XT graphicsadapter. Sincethe
systemis almostcompletelyGPU-based,the con�guration of the
underlyingPC/workstationis irrelevantfor thebenchmark.

We have found the �ltering time to be about147 ms for both the
single-passGauss�lter of supportthreeandthe multi-passGauss
�lter of support11. Obviously, the reducednumberof texture
lookupsrequiredfor theseparableGauss�lter morethanoutweighs
the overheadof two additionalrenderingpasses.The l 2 compu-
tation took 108 ms for the simpli�ed root �nding approachand
130msfor thecorrectapproach,thegradientcalculationtime was
14 ms. Thesetimesareindependentof thenumberof intermediate
slicesandthedirectionfrom which thevolumeis lookedat.

One the other hand, the renderingtime dependsstrongly on the
direction and the number of intermediateslices, therefore, we
have measuredrenderingtimesfor both thecheapestdirection(Z-
direction,original stackof slices)andthemostexpensive direction
(Y-direction,stacksof pre-calculatedstripes,largestof thethreedi-
mensions).

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

To judgethe performanceof a GPU-basedalgorithm,a compari-
sonwith anequallyoptimizedsoftwareimplementationis required.
For this reason,we have alsoimplementedthevortex detectional-
gorithm proposedabove on an Intel Pentium4 processor. All the
proposedoptimizationslike e.g.theusageof lookuptablesfor de-
terminingcosinevalueswere included. Sincethe P4's SSE2ex-
tensionis capableof processingfour-componentvectorswith 32
bit percomponents,macrosfor performingvectoroperationswere
implementedandusedwherepossible.Unfortunately, thereis no
SSE2instructiona dot productcanbemappedto; thus,aninstruc-
tion sequencehad to be usedinstead3. We have chosenthe se-
quenceproposedby Breternitzet al. [1]. Using this implemen-
tation, we measured1,150ms for the l 2 vortex detectionon the
135� 225� 129 dataset—almostan order of magnitudeslower
comparedto thehardware-basedapproach.

3MMX allows the dot productto be mappedto two instructionsusing
thePMADDWDinstruction.However, eachvectorcomponentthenis con�ned
to 16bit which is unacceptablefor thisapplication.

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

As expected,PowerVIZ, a tool well-known for its generallygood
performanceis even signi�cantly slower (about8 s) than the op-
timizedsoftwareimplementation.This mustprobablybeascribed
to morecomplex internaldatastructuressincePowerVIZ workson
a hierarchy of Cartesiangrids while our systemrequiresa single
Cartesiangrid. Anyway, usingan own optimizedimplementation
for comparisonis well justi�ed.

5.3 Application to CFD

An interactive cycle of �ltering, vortex detection,andvisualization
is particularlyuseful for noisy data. For experimentallyobtained
datasetsthis is obviously thecase.Fig. 8 shows a datasetobtained
in anexperimentstudyinglaminar-turbulentboundarylayertransi-
tions[13].

For datasetsobtainedby computational�uid dynamics(CFD) the
situationdependson the simulationtechnique. Turbulencemod-
els vary in how muchmodelling they contribute to the �uid �o w
simulation. At oneendof the spectrumthereis RANS (Reynolds
AveragedNavier-Stokes) which modelsturbulenceby essentially
increasingthe�uid viscosity. Increasedviscosityleadsto theelim-
inationof small-scalestructuresthroughdiffusionanddissipation.
Thus,RANS simulationsusuallyareonly modestlyvulnerableto



noise.Turbulencemodellingin LES (LargeEddySimulation)also
resultsin anincreasedcomputationalviscosityin comparisonwith
the molecularviscosity and accordinglyalso resultsin datasets
with moderatenoise.

On the contrary, DNS shouldcaptureall scalesthat are relevant
in the �o w without any modelling. LargeReynoldsnumber�o ws
typically meansmallviscosity, and,particularlyfor turbulent�o ws,
very small lengthscales.Thus,high grid resolutionsarerequired
for DNS. If insuf�cient resolutionis available,the smallestscales
will bedeterminedby thenumericsandnot by thephysics,which
eventuallyresultsin noisydata.

Our systemis, therefore,particularly suitable for environments
whereexperimental(Fig. 8) or DNS data(Fig. 1 and3) aresub-
jectof analysis.

6 CONCL USI ONS

We have describeda systemfor �ltering, vortex detection,andvi-
sualizationof �o w data.By employing moderngraphicshardware
for performingthecalculationsinsteadof theCPU,wewereableto
improve thesystemperformanceby almostanorderof magnitude.
For the �rst time, thecycle of �ltering, vortex detection,andvisu-
alizationcanbe handledinteractively usinglow-costoff-the-shelf
hardwarereadily availableat the desksof many researchers.The
presentedsystemhasalreadybeenapprovedby engineersworking
in the �eld of �uid dynamics.Despitethe fact that basicallyonly
severalwell-known techniquesarecombinedinto a singletool our
collaboratorshave decidedthat the performanceandeffectiveness
of oursystemwell justify anintegrationinto theirwork�o w.

In thefuture,weplanto evaluatefurtherlocalvortex detectionalgo-
rithmsandmoreadvanced�lters in termsof portability to graphics
hardware. Furthermore,we intendto improve the volumerender-
ing to beableto producemorepleasingvisualizationsfor datasets
with a low numberof slices. Anotherattractive featurewould be
thetrackingof featuresover several time-stepsasit waspresented
in [22].
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