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ABSTRACT

In this paper we presenta knowledge-assistedpproactfor study-

ing turbulent comtustion simulationdata. To understandhe dy-

namicmechanismsf extinction andreignitionin turbulent ames,

scientistsneedto validate known relationshipsand reveal hidden
onesamongmultiple variables. Basedon the domainknowledge
and questiongpostedby the scientists we have designedan algo-

rithm that helpsscientistsexaminecomplex variablerelationships
in turbulentcomhustionsimulations.

1 INTRODUCTION

Comlustion accountsfor 85% of the enegy productionin the
United Stateg[2]. A deepunderstandingf the basicphenomena
of reacting o ws in turbulent comhustion processess essentiato
thedevelopmenif next generatiorhighly ef cient comhustionde-
vicesthatprovide amoresecuregrvironmentallysoundenepy in-
frastructure Leveragingthe power of high-performanceupercom-
putersandthe advancemenbdf numericalalgorithms,scientistsat
Sandia\ationalLaboratoriesreableto performthree-dimensional
fully-resolveddirectnumericakimulation(DNS) of turbulentcom-
bustion [2]. With full accesgo the spatially and temporallyre-
solved elds, DNS playsamajorrole in the developmentf funda-
mentalunderstandingf the micro-physicsof turbulence-chemistry
interactions.

Nowadaysatypical turbulent o w simulationmayproducedata
setsthat containseveral hundredmillion voxels, hundredsf time
stepsandtensof variables A subsebf thetime-varying, multivari-
ate comhustiondatasetthat scientistsprovided to us hasa spatial
dimensionof 800 686 215, atotal of 53 time steps,andfour
variables.Thesevariablesarescalardissipatiorrate(chi), stoichio-
metric mixture fraction (mixf rac), hydroperoxyradical (H O3),
andhydroxyl radical(OH ). Thetotal sizeof this subsebf datais
alreadyabout93GB.

Figure 1: The traditional way of mixed rendering the mixf rac (at the
isovalue of 0:2) and H O variables. Note that the distribution of H O
values close to the surface is unclear in this rendering.

In adesiredvisualization,the scienti ¢ interestis two-fold: the
overall structureof thejet ame, andthelifted ame baseregionto
understandvhatis stabilizingthe lifted ame. More speci cally,
the visualizationtaskis to shav the mixture fraction (mixf rac =

0:2) with theH O, andOH plots. It would alsobe usefulto bring
outmorethelower valuesof H O, andOH .

2 CHALLENGES

There are several challengesfor this speci ¢ visualizationtask.
First of all, althoughscientistsknow exactly the mixture fraction
surfaceof interest,they do not know whatthe correspondinglata
rangedor H O, andOH atpositionscloseto themixf rac surface
are. Secondit is possibleto nd outthedatarangedor H O, and
OH nearthemixf rac surfaceusinga trail-and-errorapproactor
anenhancednterface[1]. However, we mayalsobring out visual-
izationcontentthatdoesnotintersectwith themixf rac surfaceof

interestif the transferfunction we useis solely basedon the data
value. As scientistsareinterestedn investigating how H O, and
OH intersecwith themixturefractionsurface,arything thatis not
closeto thegivenisosurficeshouldpotentiallybe suppresseih the
renderingin orderto avoid clutteringor confusionin their under

standing Finally, thereis agreatneedto provide scientistawith the
e xibility to choosegheamountof informationdisplayedn theren-
dering.However, thetraditionalway of multivariaterenderingdoes
not supportthis capability For example,Figurel shows atypical
mixed renderingof the mixf rac andH O variables. Note that
while the imageis visually appealingthereis no control over the
H O, variableshavn with respectto the givenisosurfice. More-
over, we are not able to obsenre the relationshipsbetweenthese
two variablescloseto the surface.

Figure 2: Top: the original histogram (gray) and the partial histogram
(blue) of the H O, variable. Bottom: the partial histogram is scaled
for a more convenient transfer function speci cation.

3 OUR APPROACH

We proposethe following algorithmto studythe relationshipse-
tweenthe mixf rac surfaceandthe H O, or OH variablein the
turbulentcomhustionsimulations:

1. Scanthe volumeonceandmarkall the voxelsin the volume
thatintersectwith themixf rac surfaceatthegivenisovalue.
We call thesevoxelsthecore voxels

2. Createa distancevolumewith initial voxel valuesof all D,
whereD is the maximumdistanceof ary voxel in the vol-
umeto the givenisosurfice. Assigna voxel with O if it is a



(a)d = 0:02 (b)d = 0:05

(c)d= 0:10 (d)d= 0:20

Figure 3: Our new way of rendering the mixf rac surface (at the isovalue of 0:2) and the H O variable. (a)-(d) are four zoom-in images with
different distance thresholds. Scientists can clearly observe the interacting relationships between these two variables close to the surface.

corevoxel; otherwise assigrthevoxel with its distanceo the
nearestorevoxel.

3. Calculatethe importancevaluefor eachvoxel usinga linear
or Gaussiarfunctionwith a userspeci ed distancethreshold
d (only voxelswith theirrespectie distancevaluedessthand
areconsideredptherwisetheirimportancevaluesare0). We
call thesevoxelsthathave importancevalueswithin (0; 1) the
neighboringvoxels

4. Plotthe partial histogram of anothewariable(H O, or OH)
usingthecoreandneighboringvoxels(only thesevoxelshave
non-zeramportancevalues).Theimportancevaluesareused
for thehistogranbin count(for example,1 countsfor oneand
0:5 countsfor half).

5. In the plotted partial histogram the regionswith higher his-
togrambin countsare the rangesof interest(i.e., intersect-
ing with the givenmixf rac isosurfice)andshouldbe high-
lighted in the visualization. Use this derived knowledgeto
specifythetransferfunctionfor thevariable(H O, or OH).

6. The mixf rac surfaceis renderedas anisosurhicewith the
othervariable(H O, or OH ) renderedusingvolumerender
ing to shaw therelationshipdetweerthetwo variablesatthe
given surface. The importancevaluesare usedto modulate
theopacityvaluesof H O, or OH in therendering.

Notethatthe distancevolumeis calculatedonceandall the dis-
tancevaluesarenormalizedto [0; 1]. This distancevolumecanbe
computedasa preprocessingtepif the surfaceof interest(i.e., the
isovalue)is known in adwance.At runtime,the distancevolumeis
usedto updatethe importancevaluesdynamicallywhenthe user
changeshedistancehreshold.

4 RESULTSAND DiscussioN

Figure2 shavstheoriginal, full histogramandthepartialhistogram
of the H O, variable. As we cansee,usingthe partial histogram,
we are ableto distinguishthe datarangesof H O, that are near
the mixf rac isosurfice from the original histogram. Typically,
the partial histogrammay only occugy fairly narrav rangeswith
respecto the original histogram.Therefore we allow the usersto
scalethe partial histogramto bring out morethe lower valuesfor
the speci cationof thetransferfunction.

Figure 3 shaws four imagesof renderingthe mixf rac surface
andthe H O, variablewith differentdistancethresholds.The dis-
tancethresholdd is controlledby theuseratruntimeandinteractve
renderingis achieved usinga GPU-basedaycaster Usingour ap-
proach,scientistsareableto obsere the relationshipdetweerthe
mixf rac surfaceandtheH O, variablein aneffective manner

Our approachcomputesthe distancevolume in relationto a
givenisosurfice,which is similar to the distanceeld representa-
tion [3]. Ontheotherhand,ourapproachiesemblesheimportance-
drivenvolumerenderingwork by Viola etal. [4]; however, in our
casetheimportancevalueis inverselyproportionalto the distance
to thegivenisosurfce.In the context of multivariatevolumevisu-
alization, our algorithmis new: it combinesthe ideasof distance

eld andimportance-dsienvisualizationandcanbe usedto solve
thespeci c visualizationtaskeffectively.

5 CONCLUSION AND FUTURE WORK

We have presenteda study on variablerelationshipsin turbulent
comhustionsimulations.Our solutionis ableto assistscientistan
analyzingthe relationshipshetweenmultiple variablesby control-
ling the amountof contentdisplayedaroundthe surfaceof inter
est. The contribution of this work is thatwe utilize limited domain
knowledge (e.g., the isovalue) to derive nev knowledge(i.e., the
distancevolume andthe partial histogram)that can be utilized to
solve speci ¢ scienti ¢ questionyia visualization.

In ourmethod thedistancevolumehasthe samesizeastheorig-
inal volume.For largevolumevisualizationjt mayconsumelarge
amountof memoryand drop the overall renderingperformance.
This is morecritical for time-varying datavisualization,sincethe
isosurbcechange®vertime andthe distancevolumeneedsupdate
accordingly We will investigatethe possibility of compressinghe
distancevolumeto improve the performanceA solutionthattakes
into accounthetemporalcoherencef theisosurficeis necessary
In the future,we will alsoconsidemultivariatedataencodingthat
incorporatesoth the domainknowledge and our derived knowl-
edgeinto compressiotfior feature-preseeddatareduction.
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