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ABSTRACT

In this paper, we presenta knowledge-assistedapproachfor study-
ing turbulent combustionsimulationdata. To understandthe dy-
namicmechanismsof extinctionandreignitionin turbulent�ames,
scientistsneedto validateknown relationshipsand reveal hidden
onesamongmultiple variables. Basedon the domainknowledge
andquestionspostedby the scientists,we have designedan algo-
rithm that helpsscientistsexaminecomplex variablerelationships
in turbulentcombustionsimulations.

1 I NTRODUCTI ON

Combustion accountsfor 85% of the energy production in the
United States[2]. A deepunderstandingof the basicphenomena
of reacting�o ws in turbulent combustionprocessesis essentialto
thedevelopmentof next generationhighly ef�cient combustionde-
vicesthatprovideamoresecure,environmentallysoundenergy in-
frastructure.Leveragingthepowerof high-performancesupercom-
putersandthe advancementof numericalalgorithms,scientistsat
SandiaNationalLaboratoriesareableto performthree-dimensional
fully-resolveddirectnumericalsimulation(DNS)of turbulentcom-
bustion [2]. With full accessto the spatially and temporallyre-
solved�elds, DNSplaysamajorrole in thedevelopmentof funda-
mentalunderstandingof themicro-physicsof turbulence-chemistry
interactions.

Nowadays,a typical turbulent�o w simulationmayproducedata
setsthat containseveralhundredmillion voxels,hundredsof time
steps,andtensof variables.A subsetof thetime-varying,multivari-
atecombustiondatasetthat scientistsprovided to us hasa spatial
dimensionof 800 � 686 � 215, a total of 53 time steps,andfour
variables.Thesevariablesarescalardissipationrate(chi ), stoichio-
metric mixture fraction (mixf r ac), hydroperoxyradical (H O2),
andhydroxyl radical(OH ). Thetotal sizeof this subsetof datais
alreadyabout93GB.

Figure 1: The traditional way of mixed rendering the mixf r ac (at the
isovalue of 0:2) and H O2 variables. Note that the distribution of H O2
values close to the surface is unclear in this rendering.

In a desiredvisualization,thescienti�c interestis two-fold: the
overall structureof thejet �ame, andthelifted �ame baseregion to
understandwhat is stabilizingthe lifted �ame. More speci�cally,
thevisualizationtaskis to show themixturefraction(mixf r ac =

0:2) with theH O2 andOH plots. It would alsobeusefulto bring
outmorethelowervaluesof H O2 andOH .

2 CHAL L ENGES

There are several challengesfor this speci�c visualizationtask.
First of all, althoughscientistsknow exactly the mixture fraction
surfaceof interest,they do not know what the correspondingdata
rangesfor H O2 andOH atpositionscloseto themixf r ac surface
are.Second,it is possibleto �nd out thedatarangesfor H O2 and
OH nearthemixf r ac surfaceusinga trail-and-errorapproachor
anenhancedinterface[1]. However, we mayalsobring out visual-
izationcontentthatdoesnot intersectwith themixf r ac surfaceof
interestif the transferfunction we useis solely basedon the data
value. As scientistsare interestedin investigating how H O2 and
OH intersectwith themixturefractionsurface,anything thatis not
closeto thegivenisosurfaceshouldpotentiallybesuppressedin the
renderingin orderto avoid clutteringor confusionin their under-
standing.Finally, thereis agreatneedto providescientistswith the
�e xibility to choosetheamountof informationdisplayedin theren-
dering.However, thetraditionalwayof multivariaterenderingdoes
not supportthis capability. For example,Figure1 shows a typical
mixed renderingof the mixf r ac andH O2 variables. Note that
while the imageis visually appealing,thereis no control over the
H O2 variableshown with respectto the given isosurface. More-
over, we are not able to observe the relationshipsbetweenthese
two variablescloseto thesurface.

Figure 2: Top: the original histogram (gray) and the partial histogram
(blue) of the H O2 variable. Bottom: the partial histogram is scaled
for a more convenient transfer function speci�cation.

3 OUR APPROACH

We proposethe following algorithmto studythe relationshipsbe-
tweenthe mixf r ac surfaceandthe H O2 or OH variablein the
turbulentcombustionsimulations:

1. Scanthevolumeonceandmarkall thevoxels in thevolume
thatintersectwith themixf r ac surfaceat thegivenisovalue.
Wecall thesevoxelsthecorevoxels.

2. Createa distancevolumewith initial voxel valuesof all D ,
whereD is the maximumdistanceof any voxel in the vol-
umeto the given isosurface. Assigna voxel with 0 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 r ac surface (at the isovalue of 0:2) and the H O2 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,assignthevoxel with its distanceto the
nearestcorevoxel.

3. Calculatethe importancevaluefor eachvoxel usinga linear
or Gaussianfunctionwith a user-speci�eddistancethreshold
d (only voxelswith theirrespectivedistancevalueslessthand
areconsidered;otherwise,their importancevaluesare0). We
call thesevoxelsthathave importancevalueswithin (0; 1) the
neighboringvoxels.

4. Plot thepartial histogramof anothervariable(H O2 or OH )
usingthecoreandneighboringvoxels(only thesevoxelshave
non-zeroimportancevalues).Theimportancevaluesareused
for thehistogrambin count(for example,1 countsfor oneand
0:5 countsfor half).

5. In the plottedpartial histogram,the regionswith higherhis-
togrambin countsare the rangesof interest(i.e., intersect-
ing with thegivenmixf r ac isosurface)andshouldbehigh-
lighted in the visualization. Use this derived knowledgeto
specifythetransferfunctionfor thevariable(H O2 or OH ).

6. The mixf r ac surfaceis renderedasan isosurfacewith the
othervariable(H O2 or OH ) renderedusingvolumerender-
ing to show therelationshipsbetweenthetwo variablesat the
given surface. The importancevaluesareusedto modulate
theopacityvaluesof H O2 or OH in therendering.

Notethatthedistancevolumeis calculatedonceandall thedis-
tancevaluesarenormalizedto [0; 1]. This distancevolumecanbe
computedasa preprocessingstepif thesurfaceof interest(i.e., the
isovalue)is known in advance.At runtime,thedistancevolumeis
usedto updatethe importancevaluesdynamicallywhen the user
changesthedistancethreshold.

4 RESULTS AND DI SCUSSI ON

Figure2 showstheoriginal,full histogramandthepartialhistogram
of the H O2 variable. As we cansee,usingthe partial histogram,
we are able to distinguishthe datarangesof H O2 that are near
the mixf r ac isosurfacefrom the original histogram. Typically,
the partial histogrammay only occupy fairly narrow rangeswith
respectto theoriginal histogram.Therefore,we allow theusersto
scalethe partial histogramto bring out morethe lower valuesfor
thespeci�cationof thetransferfunction.

Figure3 shows four imagesof renderingthe mixf r ac surface
andtheH O2 variablewith differentdistancethresholds.Thedis-
tancethresholdd is controlledby theuseratruntimeandinteractive
renderingis achievedusinga GPU-basedraycaster. Usingour ap-
proach,scientistsareableto observe therelationshipsbetweenthe
mixf r ac surfaceandtheH O2 variablein aneffectivemanner.

Our approachcomputesthe distancevolume in relation to a
given isosurface,which is similar to the distance�eld representa-
tion [3]. Ontheotherhand,ourapproachresemblestheimportance-
drivenvolumerenderingwork by Viola et al. [4]; however, in our
case,theimportancevalueis inverselyproportionalto thedistance
to thegivenisosurface.In thecontext of multivariatevolumevisu-
alization,our algorithmis new: it combinesthe ideasof distance
�eld andimportance-drivenvisualizationandcanbeusedto solve
thespeci�c visualizationtaskeffectively.

5 CONCL USI ON AND FUTURE WORK

We have presenteda study on variablerelationshipsin turbulent
combustionsimulations.Our solutionis ableto assistscientistsin
analyzingthe relationshipsbetweenmultiple variablesby control-
ling the amountof contentdisplayedaroundthe surfaceof inter-
est.Thecontribution of this work is thatwe utilize limited domain
knowledge(e.g., the isovalue) to derive new knowledge(i.e., the
distancevolumeandthe partial histogram)that canbe utilized to
solvespeci�c scienti�c questionsvia visualization.

In ourmethod,thedistancevolumehasthesamesizeastheorig-
inal volume.For largevolumevisualization,it mayconsumealarge
amountof memoryand drop the overall renderingperformance.
This is morecritical for time-varying datavisualization,sincethe
isosurfacechangesover timeandthedistancevolumeneedsupdate
accordingly. We will investigatethepossibilityof compressingthe
distancevolumeto improve theperformance.A solutionthattakes
into accountthetemporalcoherenceof theisosurfaceis necessary.
In thefuture,we will alsoconsidermultivariatedataencodingthat
incorporatesboth the domainknowledgeand our derived knowl-
edgeinto compressionfor feature-preserveddatareduction.
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