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Abstract

Thevisualizationof time-dependentflow is animportantandchal-
lengingtopicin scientificvisualization.Its aimis to representtrans-
portphenomenagovernedby time-dependentvectorfieldsin anin-
tuitively understandableway, usingimagesandanimations.Here
wepick uptherecentlypresentedanisotropicdiffusionmethod,ex-
pandandgeneralizeit to allow a multiscalevisualizationof long-
time, complex transportproblems.Insteadof streamlinetypepat-
ternsgeneratedby theoriginal methodnow streaklinepatternsare
generatedandadvected. This processobeys a nonlineartransport
diffusionequationwith typically dominanttransport.Startingfrom
somenoisy initial image,the diffusion actuallygeneratesanden-
hancespatternswhich are thentransportedin the directionof the
flow field. Simultaneouslythe imageis againsharpenedin thedi-
rection orthogonalto the flow field. A carefuladjustmentof the
modeĺs parametersis derivedto balancediffusionandtransportef-
fects in a reasonableway. Propertiesof the methodcan be dis-
cussedfor the continuousmodel,which is solved by an efficient
upwindfinite elementdiscretization.As characteristicfor theclass
of multiscaleimageprocessingmethods,we canin advanceselect
a suitablescalefor representingtheflow field.

Keywords: flow visualization,multiscaleimageprocessing,non-
lineardiffusion,transportdiffusion,upwindmethod

1 Introduction

Time-dependentflow is still oneof thechallengingtopicsconcern-
ing its efficient computationaswell as its effective visualization.
The typically differentlocal scalesin a singledatasetandthe fact
thatthemotionitself is relatedto anintegrationof thegivenveloc-
ity field ratherthanto thefield itself hadstimulatedmany different
solutionstrategies.

In the last decadevariousmethodsfor thevisualizationof flow
fields andinterestingflow featureshave beenpresented.The spot
noisemethodproposedby van Wijk [17] and its later extension
[5, 18] usesa blendingof many spotlike texturesplatsalignedby
deformationto the velocity field in 2D or on surfacesin 3D. The
Line Integral Convolution (LIC) approachof CabralandLeedom
[4] integratesa white noisealongparticlelines makinguseof the
accompanying strongcorrelationof the resultingintensitiesalong
streamlines.This methodhasbeenextendedin variousdirections
[16, 6]. Other texture basedmethodsarediscussedby Max et al.
[9], Max andBecker [8], Becker andRumpf [3]. Weinsteinet al.
[20] have presenteda methodfor advectiondiffusionbasedpropa-
gationthroughtensorfields.

Most of themethodspresentedso far have in common,that the
generationof a coarserscalerequiresa re-computation. Time-
dependentflow fields,whichwill beourmainfocushere,havebeen
discussedin [15, 9, 3] andananimatedversionof LIC is givenby�
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ShenandKao [15]. For furtherreferenceswe referto [13] andthe
bibliographygiventhere.

Here, we will extend previous work [13] on image process-
ing methodologyappliedto the visualizationof flow fields. This
methodwasbasedon thesolutionof ananisotropicdiffusionprob-
lem with an anisotropy stronglyalignedto the flow field. Diffu-
siontypemethodsarepopularmethodsin imageprocessingandgo
backto theearlywork of PeronaandMalik [10]. Theoreticallythis
classof methodshasbeenstudiedby Alvarez,Guichard,Lionsand
Morel [1], Kawohl andKutev [2], andothers. Anisotropicdiffu-
sion wasintroducedby Weickert [19]. Appropriatefinite element
discretizationandits convergencepropertieshave beenstudiedby
KačurandMikula [7].

Now, for time-dependentflow fieldswe generatea flow aligned
texture,which movescontinuouslywith theflow. Especiallyin an
animation,theunderlyingtransportwill intuitively bevisualizedon
a previously selectedscaleof resolution. Thus, insteadof a dif-
fusion problemwe now solve a transportdiffusion equation.The
equationmodelsthe underlyingmotion andthe diffusion together
with asuitablesourcetermon theright handside.This leadsto the
generationof a flow alignedpattern. Qualitative propertiesof the
methodarestudiedon the level of the continuousmodel. Finally,
a finite elementdiscretizationin spaceanda semiimplicit upwind
schemein time areappliedto solve this problemnumerically.

2 Reviewing the Anisotropic Diffusion
Method

In [13] a methodbasedon anisotropicdiffusionis presentedwhich
allows to build a texturerepresentinga givensteadystateflow field
globally on thespatialdomain.This method,which will bebriefly
reviewed in this section,generatesstreamlinelike patternsandin
additioncarriesthe possibility to successively coarsenthosepat-
terns. Therebywe pick up the line integral convolution (LIC) ap-
proachasproposedby CabralandLeedom[4] usingtheobservation
thatthebuilt in convolution alongstreamlinescorrespondsto solv-
ing the heatequationon the streamlines.The desiredcoarsening
will be steeredby a PeronaMalik [11] type diffusion that actsin
thedirectionorthogonalto theflow field.

To bemoreprecise,let �����
	�� �� bea givenvectorfield on a
domain � , which we assumeto becontinuousandnonvanishing
on � . Clearlythereexistsa family of orthogonalmappings�����������	���������� suchthat � ���!�"�����!�$#&%(' , where )(%+*-, */.!'10 2 2 230 �+465 is
the standardbasisin � �� . Hence,we considera diffusion tensor7 �98;:=<>� dependingon thevectorfield � definedby7 ���@?38A: < �B#C� ���!�ED FHG �JIK�����!�LI1� MM NO�JIL8;:=<6I1� Id �(4�5QP � ���!�K?
with e.g. NO�9R+�S# TTVU R+WLXZY�W ? Y\[]� ;?
andsolve theparabolicboundaryinitial valueproblem^>_ : U 8;:a`1�Ab div � 7 ���@?J8A:>cJ�38;:d��#fe6�g:d�



in � ihkjl� with Neumannboundaryconditionsprescribedon
^ �

andsomewhite noise : ' asinitial dataat time ma#nM . The coef-
ficient

G ��� ih
	o� ih controlsthe lineardiffusion in vectorfield
direction,i. e. alongstreamlines,andtheedgeenhancingdiffusion
coefficient NO�E` � actsin the orthogonaldirections. In general,we
choose

G
to bea constantfunction,but wemayalsoselectamono-

tonefunctionwith
G �pMq�srHM and tvuxwzy>{;| G �9R(�}# G�~��E� . During

theevolution, patternswill diffusealongthestreamlines,but there
is still somediffusion perpendicularto the flow field. This sup-
plies us with coarserrepresentationsof the flow field asthe scale
increases.Unfortunately, if we run theevolution with a vanishing
right handside e , the contrastof the imagedensitywill decrease,
becauseof thelineardiffusionalongstreamlines.Thus,we selecta
sourceterm e\�@� M>? TK� 	��  h satisfyinge6�pMZ�B#CM=?�e\�kM on �pM>?JM=� �Z�K?e6� T �B#CM=?�e\rkM on �pM>� �=? T �K? (1)

thatpushesvaluestoward zeroand1, respectively. A well known
maximumprinciple ensuresthat we do not enlarge the interval of
grayvaluesusingthis e . Choosingam � dimensionalvectorval-
ueddiffusion with ��[�)���?���, insteadof a scalardiffusion pro-
videsadditionalasymptoticstatesof the process.We thenselect
thecorrespondinginitial datarandomlydistributedwithin thecube� M>? TK��� , interpretthecomponentsof : ascolor-componentsandde-
fine theforce e to work on theluminanceof : . In Figures1 and2
we have depictedscalesof vectorfield representations.For details
we referto theoriginalpaper[13].

Figure1: Fromtop left to bottomright four successive scalesteps
of theanisotropicdiffusion processaredepicted.Thevectorfield
visualizedhereresultsfrom aCFDcomputation,whereafluid flows
from theinlet (blackcircle) towardanoutleton thelower right cor-
ner.

Figure 2: Threedifferent time-stepsof a convective flow visual-
ized by the anisotropicdiffusion methodfor steadyflow fields,
whichnicelyrepresentthevectorfieldsbut not theunderlyingtime-
dependentmotion. Thereby, theresultingpatternis directedalong
streamlines.Cf. Fig. 6 for streaklinetypepatterngeneratedby the
new transportdiffusion methodcorrespondingto the sametime-
steps.

3 A Transport Diffusion Model

Theabovereviewedanisotropicdiffusionmethodgeneratesstream-
line type patterns,which are alignedto trajectoriesof the vector
field for a fixed given time. I. e. for a time-dependentvector
field ���B�  h j���	��  � on a computationaldomain �����  �
and ��#��=?J� , we considerintegral lines )+���9R+�!�3Rs[]� �, with��K� ���9R+�S#C���gmK?3���9R+�3� for fixed m . Thus,themethodintuitively visu-
alizesthevectorfield freezedat time m but offersonly very limited
insight in the actualtransportprocessgovernedby the underlying
time-dependentflow field.

To ensurethat our visualizationactually displaysthis process
we have to considerthe true transportproblem and its particle
lines respectively. Hencewe take into accounttheparticlemotion
obeying the equation �� _ ���gm3�O#n���gmK?3���gmJ�3� andthe inducedtrans-
port of a given density :!�gmK?3�!� . Due to the fact that sucha purely
advecteddensity : staysconstantalongparticle trajectories,i. e.�� _ :!�gm1?E���gmJ�3��#H���� _ : U 8;:a`1�>�1�gm1?3���gm3�3� we finally obtainasa con-
servationlaw thevanishingof thematerialderivative �qm : � # ^^ m : U 8;:a`1��#CM¡�
Thematerialderivative will laterplay acrucialrole concerningour
choicefor a properdiscretization.Furthermore,we have to incor-
poratea mechanismfor the generation,the growth andenhance-
mentof flow alignedpatterns.Herewe pick up thepreviousmodel
andconsiderasimultaneousanisotropicnonlineardiffusionprocess
with linear diffusion alongthe particle line andsharpeningin the
perpendiculardirection. Let usemphasizehere,that this diffusion
processactsin forwardandbackwarddirectionof theparticleline.
Thus,a carefulcontrolof theparametersis indispensableto avoid
anartificial propagationin downwind directionwith theaccompa-
nying visual impressionof a wrong velocity. In Section4 we will
discussin detailasuitablebalanceof parametersandin Section5 a
modifiedapproachwill bepresentedwhichcopeswith thisproblem
in a slightly differentway.

Finally, our basictransportdiffusionmodelfor time-dependent
vectorfields looksasfollows: On thecomputationaldomain ����  � we considerfor a given vectorfield �¢��� ihCjQ�&	��  � the
boundaryandinitial valueproblem:^>_ : U 8;:a`1�Ab div � 7 ���@?J8A:>cJ�38;:d�£#¤e6�g:d� in �  h j]�$?� 7 8A:d�6`¦¥ #CM on �  h j ^ �$?:!�pM=?L` �B#
: ' in �$?
where

7 ���@?�8A:>c3� is the diffusion tensoralreadyknown from the
anisotropicdiffusionfor steadyflow fields7 ���@?J8A:>cJ�S#C� ���!� D FHG �JI��!IL� MM NO�98A: c `L�>� Id �+465 P � ���!�K?
in the flow alignedcoordinatesystem. Initial data :>' is againas-
sumedto be a white noiseof appropriatefrequency. Still the role
of the right handside e is to ensurecontrastenhancement.Thus
we assumefunctions e which fulfill the propertiesmentionedin
Section2.

The new modelgeneratesandstretchespatternsalongthe flow
field andtransportsthemsimultaneously. Theresultingmotiontex-
tureis characterizedby adensecoverageof thedomainwith streak-
line type patterns,which do not have a fixed injection point but
move in time with the fluid (cf. Figures3 and6). At leastat the
headof thepatternstheenhancementdirectionis orthogonalto the
stretchingdirectionof thecorresondingstreaklines.

In caseof inflow boundaryconditionswehavetoensurethesame
scaleof patternscloseto the inflow. Unfortunately, sucha pattern
needsto betransportedinto thedomainfrom outside.Thereforewe



enlarge the computationaldomain,extrapolatethe velocity, com-
putethetransportdiffusionproblemandfinally extracta region of
interestfrom theenlargedcomputationaldomain.

As alreadymentionedin theintroduction,thenew modelcomes
alongwith an imageprocessingmultiscaleof successively sharper
and coarserimagesin time – typically representedby a sepa-
ratetime in the correspondingdiffusion problem– andthe actual
time correspondingto the underlying transportprocess. Fixing
the processtime andvarying the scalewe arebackat the original
anisotropicdiffusion methodfor steadyvectorfields. Identifying
processtime andscaleparameter- aswe proposehere- we end
up with a patternadvectionmethodbut theresultingimagescorre-
spondto successively coarserscales.The ideal casewould be to
fix the scaleandvary the processtime only. Unfortunatelythis is
not possiblewithin thescopeof our method.Neverthelesswe can
prescribea suitablescaleinterval andapplya blendingtechnique,
wherewe selectfrom different transportdiffusion problemswith
temporaloverlapalwaysthose,which correspondto a given scale
range.CompareSection7 for details.

4 Balancing Parameters

In general,transportanddiffusionarecontraryprocesses.Our goal
in mind – the generationandtransportof patternswhich simulta-
neouslydiffusealongtheflows, therehasto bea carefulweighting
of theparametersthat steerthe transportandthediffusion respec-
tively. Otherwisethediffusionmayoverrunthetransport,resulting
in aprocessthatis ratherdiffusionthantransportwith somepattern
generatingdiffusion.

It is well known that thesolutionof theheatequationat a timem correspondsto theconvolution of the initial datawith a Gaussian
kernel of variance § �¦m . Sincethe diffusion tensor

7 ���>� invokes
lineardiffusionwith a coefficient

G �JI������!�LIL� in thedirectionof the
velocity �����!� for every �\[]� , weconsiderthecorrespondingvari-
ance ¨ � G �����3�¡� #ª© �+« G �����
to beameasurefor thediffusionwithin thetransportdiffusionpro-
cessfor a time-step« . Of coursea measurefor thecorresponding
expectedtransportdistanceis¬ ���!�V� #�«�IK�������1I(�
Typically

¬ �E` � is moreor lessfixed,since « is usuallyprescribed
by the underlyingCFD data. Thus,we would like to adjust

G
lo-

cally suchthat

¨
is balancedwith

¬
. To this endwe introducea

balancingparameter®[]� ih andconsiderthebalancingcondition¨ � G ���!�3�S#
 ¬ ���!�K�
Roughlyspeakingwe thenhave thefollowing relations:°¯ T Transportdominatesthemodel,°# T Transport± Diffusion,°² T Diffusiondominatesthemodel.

Hence,choosing�� T fixed,andsolvingthebalancecondition
for
G ���!� , wegeta suitablediffusioncoefficientG �JI��!IL�1���!�S#  W I������!�LI W «�

asa functionon thedomain � which is insertedinto thediffusion
tensor

7
of our transportdiffusionmodel.

Furthermore,let usstudytheamplificationof certainfrequencies
of the initial imagedueto the right handsideof our model. Our

focuswill beon theinfluenceof theshapeof e6�E` � on theconstrast
enhancingpropertyof themodel.To thisendlet usconsideramuch
simplersettingof a high frequency initial datagivenby³ ' ���!�S# T�®´vµ ux¶�· � ¸�¹ U
TKº
and restrict ourselves to a simple diffusion equationalong a (1-
dimensional)streamline,which is givenby^>_ ³ b G�» ³ #¼e6� ³ � in � M=? T1� �
Let uslinearize e around 5W andconsider½e�� ³ �S#
¾�� ³ b�T� �K?
where¾ is theslopeof theoriginal e at 5W . Takinginto accountthe
ansatz³ �gm3�£#�¿!�gmJ��À ³ ' ���!�6b 5WqÁ U 5W , we getT�Â´ ¿=Ã U · G¸ W b°¾ ¹ ¿ º µ ux¶ · � ¸�¹ #CM
and so ¿!�gmJ�Â#ÅÄ1Æ>Ç�È À ¾ b ycpÉ Á m-Ê . This meansthat frequencies

above Ë y Ì aredamped,whereasfrequenciesbelow this threshold

areamplified.Givenanupperthreshold 5c for thefrequencieswhich
wewantto amplify, we choose¾�# G¸ W �
Finally, we constructour nonlinearright handside e6�E` � in sucha
way thattheslopeat 5W equals¾ (cf. Fig. 4).

f(u)f(u)

uu

Figure4: Sourcetermswith differentslopesat 5W , whichareapplied
to amplify differentfrequency rangesin theevolution.

5 Generating directed patterns

The above discussedbalancingof parameterswith respectto a
dominatedtransportdoesnotcompletelydiminishdiffusioneffects
downstream.At leastat the headof the evolving patterna slight
modificationof theproposedmodelhelpsto avoid this misleading
drawback. Hence,we incorporatea “one–sided”diffusion related
to our modelfor flow segmentation[13]. I. e. we replacethe tan-
gentialdiffusivity

G ���>� byG ���@?�8;:d�£#�Í G ~��E� N��3�98A:A`L�>� h � if : ÎkM>� �=?G�~��E�
else,

which dependsin additionon the evolving intensity. Thenlighter
patternwill notdiffusedownstreamandasharpfront atthetip of the
patterntogetherwith a typically blurred intensity in the upstream
directionwill underlinethedirectionof theflow (cf. Fig. 5).



Figure3: Threesuccessive time-stepsof thetransportdiffusionprocessgeneratingdirectedpatternsof a Bénardconvection(cf. Section5).
Theadditionalcoloringindicatesthespeedof theflow field. Redcolorsindicatehigh velocity, whereasbluecolorsindicatelow velocity. To
emphasizethetransportof patternswehave magnifiedthemarkedsectionsof theimagesin thelower row.

6 Discretization

For thediscretizationof theabove transportdiffusion problemwe
pick upanalgorithmdueto Pironneau[12] for thediscretizationof
transportdominatedproblem. Furthermore,for the diffusive term
of the equationwe apply a semi-implicit scheme,wherethe dif-
fusion coefficient NO�E` � andthe right handside e6�E` � areevaluated
at theprevious time-step.Let us indicateby anupperindex � the
time-stepandby « thetime-stepsize.Then,a suitableapproxima-
tion of thematerialderivative at time mEÏz#���« is givenby �qm :!�gm Ï ?L` �£± : Ï h 5Sb°: ÏsÐ¡ÑÒÏ« ?
where ÑÒÏ is a numericalupwind integrationof the velocity field,
i. e. Ñ Ï ���!��±����gmEÏÓ� with Ô���gmJ�S#����gm1?3���gm3�3� and ���gmEÏ h 5 �S#�� . We
considerthefollowing secondorderapproximation:Ñ Ï ���!��#��zbQ«Ó� · mEÏ h 5 b « � ?Ó�zb « � ���gmEÏ h 5 ?3�!� ¹
Next, followingPironneauweincorporatethisapproximationof the
transportinto a variational formulation of the transportdiffusion
problemandobtain:F : Ï h 5 b°: Ï Ð¡Ñ Ï« ?JÕ P U À 7 ���@?�8A: Ïc ÐVÑ Ï �38A: Ï h 5 ?�8aÕ Á#��9e6�g: Ï Ð�Ñ Ï �K?JÕZ� Ö!Õa[Ò× | �p���K?

where �E`x?¦` � denotesthe Ø W scalarproducton � . Finally, from this
variational formulation a spatialfinite elementdiscretizationcan
beeasilyderived. I. e. in 2D we considerbilinearfinite elements
on a regulargrid andlumpedmassintegration.As proposedin the
originalanisotropicdiffusionmethodfor steadyflow fieldsthesame
regularized :>c is consideredin eachtime-stepbasedon a single
short implicit time-stepfor the correspondingheatequationwith
respectto initial data: .
7 A Blending Strategy for Long-Term An-

imation

Oneof thecharacteristicsof nonlineardiffusionmethodsin image
processingis that thecorrespondingevolution generatesa scaleof
representations,rangingfrom fineandtypically noisyto coarseim-
ageswith enhancedfeaturessuchasedges.We have observedthis
scaleof representationsalreadyin theanisotropicdiffusionmethod
for steadyflow fields. As proposedabove, the scaleparameteris
now coupledto the actualtransportprocessin our transportdiffu-
sionmodel.But especiallyfor long-termvisualizationpurposesthis
coupling obviously leadsto non satisfyingresults. Unfortunatly,
dueto the natureof our model,we areunableto freezethe scale
andsolelyconsidertheevolutionof suitablepatternsat thatspecific
scalein time,which would betheoptimalchoice.Thesolutionwe
proposehereis a compromisebasedon the blendingof different
resultsfrom thetransportdiffusionevolutionstartedatsuccessively
incrementedtimes.

Fig. 7 givesa sketchof the differentapproachesin a diagram



Figure6: Threetime-stepsof thetransportdiffusionprocessof aBénardconvection,generatingdirectedpatterns.Onthetoprow weconsider
a finerscalethanon thebottomrow. Color representsthevelocity.

whoseaxesare the involved scaleand time parameters.In detail
we proceedasfollows: First, we selecta suitableinterval for the
scaleparameter� R ' ?�R 5 � with R 5 rnR ' r�M aroundour preferred
multiscaleresolutionfor the resultingimages.Basedon a smooth
blendingfunction ÙC�=� ¼	Å� M=? T1� , vanishingoutside �Eb T ? T � , withÙ$�gm3�$#ªÙ$�Eb�mJ�i# T b¢Ù$� T b�m3� for ma[C� M=? T1� and Ù$�pMZ�$# T , we
canconstructa partitionof unity )+ÙS*", on thereal line �  . I. e. we
define ÙS*J�gmJ��#ÚÙi� W _ 46Û * h 5-Ü9Ûx�EÝ h �3Þ�Ü�JÞ14��"Ý � . Now, for all ßV#HM>? T ?¦`L`L` we
separatelysolve theabove transportdiffusionproblemfor different
startingtimes m * #Cß@� �JÞ14��EÝW � alwaysconsideringsomewhite noise
of a fixedfrequency rangeasinitial dataanddenotingtheresulting
solutionby : * . For negative time we supposea suitableextrapola-
tion of thevelocity field to begiven. Finally, applyingblendingof
at leasttwo differentsolutionswe compute:!�gm1?3�!��#¤à * ÙS*3�gm3�-:>*J�gmK?3�!�@�
This intensityfunctionis well definedfor arbitrarytimesandchar-
acterizedby theinitially prescribedscaleparameterinterval. Wees-
peciallyusethisconstructionfor aanimationof theflow overacer-
tain time interval (cf. Fig. 8 for a graphof theblendingfunctions).
Suchananimationinvolvesall solutions: * for which theblending
function ÙS* hasa nonvanishingoverlapwith the given time inter-
val. Otherconstructionsof a partitionof unity andcorresponding
blendingfunctionsarenearat handandespeciallymultiple over-
lapscanbe consideredwhich requiresthe blendingof more than
two intensityfunctionsat thesametime.

We emphasizethat the applicationof this blending technique
doesnot introduceany inaccuracy, becausefor any time m theresult-
ing image:!�gm1?3��� consistsof images: * �gm1?"�!� showing streaklinesat
time m andat slightly varyingscale.

The transportdiffusion methodcreatesa densecoverageof the
domainwith streaklinepatterns.Thesepatternsaretransportedwith
theflow. Thus,this approachis capableof visualizingtime depen-
dent flow correspondingto streaklinesof the samelength as the
evolving patterns. Sincethe evolving patternsare transportedby
theunderlyingflow this approachtogetherwith theblendingtech-
niquediscussedhereis comparableto animatedspotnoise[5, 18].

8 Conclusions

We have generalizedand expanded the anisotropic diffusion
methodin flow visualizationfor time-dependentvectorfields.As a
resultingcontinuousmodelweobtainatransportdiffusionproblem,
whereflow alignedpatternsevolve undera dominatingtransport
controlledby the vectorfield andan anisotropicdiffusion process
which stretchesthepatternsalongtheflow directionandsharpens
themsimultaneouslyin theperpendiculardirection.Thismodelcan
efficiently bediscretizedusinganappropriatelow viscousupwind
schemein time combinedwith a finite elementschemein space.
For long-termanimationpurposeswe selecta suitablewindow for
the involved scaleparameteranduseblendingtechniquesto pro-
vide a densepatternmotionin theselectedscalerangeat any time.
As in the original method,mostof the essentialpropertiesof the



Figure5: A comparisonof directedandsymmetricpatternsgener-
atedfor a circulatingflow. On the left directedpatternsaregen-
eratedbasedon theincorporated“one–sided”diffusionandon the
right the original modelwith linear diffusion alongmotionspaths
is depicted.Thebottomrow shows zoomedimagesof themarked
regionsin thetop row.

modelcanbe discussedbasedon the physicallyintuitive continu-
ousmodel.

From the authors’point of view exciting future researchdirec-
tionsareá investigationsof time-dependentflow visualizationin 3D,á combinationof theflow visualizationapproacheswith theac-

celeratedsolvingstrategiespresentedin [14] whichwill prob-
ablyenablefastvisualizationalsoin 3D,á the combinationof this techniquewith other visualization
methodsto simultaneouslydisplayfor instancechemicalre-
actionsin themoving fluid,á animprovedunderstandingof thenonlineardependenciesbe-
tweentheinvolvedparameters.

Finally, we will work on a further improvementof thecontrasten-
hancementanda betterconstrastpreservation in theblendingpro-
cess.

On thewebsite

http://numerik.math.uni-duisburg.de/exports/flowVis/

differentanimationsshowing the performanceandthe underlying
blendingstrategy areavailable.
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Figure7: A schematicsketchof thegeneralrelationbetweenscale
and time parameterin our combinationof imageprocessingand
flow computationis depicted.Wecomparethecaseof varyingscale
for steadystateflow fields at fixed time (magenta),the simultane-
ouslytimeandscaleevolution(green),theoptimalbut nonpractical
caseof a fixed scalefor varying time (blue) andour blendingap-
proach(red).
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Figure8: Theweightingfactorsin theblendingoperationtogether
with theoverlappingscale/timeintervalsof theconsideredtransport
diffusionprocessesareshown in a diagramover time.
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