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Abstract:
Numericalsimulationsare replacingtraditional experimentsin gaininginsightsinto
comple physicalphenomenaGivenrecentadvancesn computerhardwareand nu-
mericalmethodsijt is now possibleto simulatephysicalphenomenatvery ne tem-
poralandspatialresolutions.Analyzing datasetproducedby suchsimulationsis ex-
tremely challenging,given the enormoussizesof the datasetsnvolved. In orderto
malke ef cient progress,analyzingsuchdatamustadwancefrom currenttechniques
thatvisualizestaticimagesor animationof thedata,to theautomatednining, identi -
cationandsubsequentisualizationof theimportantfeaturesn thedata,a challenging
task.

We reportprogresonauni ed frameawvork thataddressethis critical challengefor
two sciencarivers.In bothoursciencalrivers—solidand uid systems-therearehid-
denhierarchief featuresandcharacterizationée.g. shapes) We offer a systematic
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way to detectsuchmeta-stabléeaturescharacterizendtrackthem,andformulatehy-
pothesesbouttheir evolution — animportantstepin extractingvital informationfrom
suchcomplex systemsOur framework is multiscalein natureandis likely to produce
insightsaboutthe phenomenanderstudyanda comprehensie catalogof meta-stable
structures.

Keywords: Featuremining, Spatio-temporapatternsShape-based
Mining, Physics-baserhining, Categorization,Computationasimulations

3.1 Intr oduction

The physicaland engineeringsciencesncreasinglystudylarge, comple« ensembles,
seekingto extractunderlyingphenomenaSuchstudiesanalyzedatageneratedy ei-
ther experimentsor computationakimulations. Examplesof the latter are numerical
simulationsof complex uid o w andmoleculardynamics. Computationaluid dy-
namics(CFD) seeksto understando w patternsto enhancefor instanceyiable drug
delivery schemegor pulmonarytreatmentg$or asthma Similarly, moleculardynamics
(MD) seekgo understandhe evolution of materialdefectsthataffectthe propertiesor
performancef industrialmaterials.

The size of the simulationdatasetsigni cantly challengesur ability to explore
andcomprehendieneratediata. Currently awell-trainedindividual may needseveral
daysor evenweeksto analyzethe datageneratedy an MD simulationandcreatea
list of viable defectstructures.Similarly, in the extremelylarge datasetgeneratedby
simulationsof complex uid o ws,locatingandtrackingrelevantfeaturesaaredaunting
tasks.

Scienti ¢ discoveriesareoften bestunderstoodsisually — from Galle seeingNep-
tunein 1846to Binnig andRohrerseeingatomson a surfacein the twentiethcentury
Both discoverieswerenot surprisedn the sensehat previous analysishadcorvinced
mostof their reality. However, eachdiscovery stimulatedfuture work more dramati-
cally thanary analysismight have done.

Immenseadatasetseverely challengevisualunderstandingCurrently analysisvia
interactve visualizationsessionss tantamounto looking for the proverbial “needle
in a haystacK. Additionally, currently available hardware doesnot have the prowess
yetto provide evennearreal-timevisualizationsWorse,in CFD andMD simulations,
phenomenaccuron multiple lengthandtime scales Somefeaturegersistsuf ciently
to have grossmacroscopiceffects. Other short-lived transientsare precursorevents
centralto theevolutionarybehaior of the system.

Thereforewe believe it is crucialthatsomedegreeof automatiorbeincorporated
into the dataexplorationprocesdor large datasets.One suchsuccessfubapproachs
describedin [Machiraju et al.2001] and is basedon a representationaschemethat
facilitatesranked acces€o macroscopideaturesin the dataset.However, otherthan
identifying, denoisingandrankingthefeaturesno attemptis madeto extractinforma-
tion aboutthefeaturesor trackandcatalogthem.

Anotherobviousapproachwould be to employ traditionaldatamining algorithms
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to thesescienti ¢ datasets.However, it is our contentionthat existing datamining

techniquesappliedin isolation,aresimply too general. Embeddingdomainexpertise
(i.e., via understandinghe science)in the datamining processs critical to its suc-
cessespeciallyfor the datasetgharacteristiof large-scalesimulations.Moreoverthe

applicationof traditionaldatamining techniquesnaynot bethemostef cient of solu-

tions, particularlyfor analyzingsimulationdata,whichis largeandoftendynamic.The

needof thehourarelinearor quasi-lineafe.g.log-linear)time algorithmsasopposed
to high polynomial-timealgorithms.

Thus, thereis a paucity of generalapproacheshat facilitate meaningfulanalysis
of large and complex data. Traditionaldata-miningor data-analysi®r visualization
methodsalone will not provide more insights. Thereis a needto explore a larger
spaceof solutionsthatarebasedn theunderlyingphysicsandareenabledy capable
computerscienceiechniquegrom visualization data-analysisanddata-mining.

The restof this paperis organizedasfollows. In Section3.2 we developthe pro-
posedsystemand identify the key components.In Section3.3 we describetwo im-
portantapplicationsthat motivate this work. Section3.4 documentshe preliminary
resultswe have on theseapplicationsdomains,while Section3.5 describeprevious
work conductedy othergroups.Finally we concludein Section3.6.

3.2 ProposedFramework

Essentially thereis a needto deducefeaturesand derive structuresand their shape
characteristic§rom a large datarepositorythat describesevolutionary phenomena.
In additionto featuredetectionalgorithms,aggreationor sggmentationtrackingand
characterizatioalgorithmsmustbeutilizedin conjunctionwith traditionaldatamining
algorithmsto facilitate catalogingdetectedstructuresand expeditingsearcheso gain
scienti ¢ insights.We proposeo synegistically bring to beartheseseveraltechniques
to addresghe problemsassociateavith analyzinglarge datasetgeneratedby simula-
tions of physicalphenomenaThus,the main premiseof our approachs thatmining
featuresandassociate@ventsis moreusefulthanmining raw simulationdata.

Figure3.lillustratesour proposedramenork to bothnearreal-timestreamingand
off-line processingof simulationdata. We contendthat a commonframework can
compactlystoreand analyzedataof evolutionary phenomena.We also assumehat
certainlocally computableguantitiescandetectprecursorevents.

In the MD data, thermal uctuations drive the nucleationand growth of defect
clustersthat subsequenthaffect macroscopianaterialsproperties.A real-timemulti-
resolutionanalysislRTMRA), usingwavelets,candetectpersistenteta-stablestruc-
tures. Identi cation and classi cation of thesestructureds the challenge. Its solu-
tion by new datamining techniqueswill openthe way to spanningthe microscopic
to macroscopitime andlengthscales.For CFD data,a dramaticchangein the swirl
parametecansignalthe birth or deathof vortices. The approactbeingusedfor MD
canbegeneralizedo includesimulationsfrom uid dynamics.

Sincethe underlyingphysicsis often Newtonianin character(save for someex-
ceptions),a commonframework for both applicationscanbe easilyconceved. It is
our claim that, a “shape-basedtiata-miningparadigmwill prove fruitful in the anal-
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Figure3.1:Uni ed Framevork

ysis of complex unsteadyphenomena.ln fact, Kamathmakes the recommendation
thatfeature-baserhining canyield moreinsightsfor scienti ¢ datasetfkamath2001].
The work proposechereis relatedto that being conductecby Marusic and his asso-
ciates[Marusicetal.2001]. Eventtime-seriedrackingis employedto detectturbulent
burstswhich arethenanalyzedandtracked. However, they do not considerthe detec-
tion andcatalogingof featuresat multiple temporalscales.

Our approachis novel in its e xibility and applicability acrossdisciplines. The
analysisthroughshapef featurescorvertsthetaskof datamanagemeréndanalysis
into oneof choosingrobustshapedescriptoraandbeingableto index featuresrom a
catalog.Thedescriptorswill bederivedfrom theapplication.Two non-trivial applica-
tionswill testandhoneourtechniqguesnamely bronchialair o w anddefectevolution
in materials.

Thekey elementof the proposedramework include:

Spatial Partitioning to Exploit Locality: Finespatialresolutionsareoftenusedto
resole featuresn computationasimulations.Trackingfeaturesover the entirespatial
domainis notviableandmeaningful.Hence througha procesof partitioning,smaller
sub-domainareconsideredor shapendfeatureevolution. This processs tantamount
to dividing the bale of hay into smallerareasto look for the proverbialneedle. Thus
regularandirregularsizedsub-domainslervedfrom eitherjustthedomainor function
valuescanbe considered.

Multiscale Event and Feature Detection: A featureata giventemporalscalecan
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be stable meta-stableor transient.The birth, evolution anddeathof a featureis often
triggeredby precursoevents.lt is thereforecrucialto identify whensucheventsoccut

We have chosena “trigger-based”multi-scaleapproachto event detection. Thus, a
single derived quantity or a trigger is monitoredfor eventsat multiple time scales.
For instancethis quantity is swirl in a CFD simulation. In an MD simulationthis

quantityis potentialor enegy or dislocationsof atoms.Multiscaletrigger monitoring
is neededyiven the rangeof featurelifetimes. Wavelettechniquesare effective here
andarealreadysuccessfullyvorking in moleculardynamicssimulationgRichie, Kim,

& Wilkins2001 Richieetal.2002].

Feature Mining: To achiere thesegoalsa systematicapproachof featuremin-
ing [Thompsonet al.2002],i.e., the procesof detecting,characterizingandtracking
thosesigni cant featuresis proposedOurintentwith bothapproachess to exploit the
physicsof theproblemathandto develophighly discriminating application-dependent
featuredetectionalgorithmsandthenuseavailabledatamining algorithmsto classify
cluster andcategorizetheidenti ed features We describeour approachn detailin the
next sectionfor bothapplicationdomains.Ourwork parallelshatof Yip andZhao[Yip
& Zhao1996]jin someways. It shouldbe notedthat our work relieson more physics-
basedunderstandingf featuresandexploitstheunderlyingphysicsto a greaterextent.

The mostbasicaspectbf featuremining is feature detection The outputof any
detectionalgorithmis a collectionof mary regions-of-interes{ROIs). The underlying
physicsis exploited to locatefeaturesusinglocal operatorsor sensordo detectand
non-localor global operatorgo verify. Veri cation is needin somecasego con rm
thata given ROI indeedrepresents feature. We considerdefectsat quenchedstates
and nite temperaturefor MD simulationsandshocksandvorticesfor CFD.

A secondcomponenbf featuremining is shape-basedeature characterization
and categorizationin which the “shape”of a featureis describedby characteristics,
suchasshapeandstructurejn anabstracimultidimensionakpace.The descriptorsn
aMD simulationcaninclude the numberof atomsinvolved, the orientationandthe
connectvity. In a CFD simulation,vortices(features)can be characterizedy their
strengthandsenseof rotationaswell asobviousgeometricaparametersuchasposi-
tion, shapeandextent. Suchfeatureanbecateyorizedby notionsof similarity. Shape
catggorieswould enablesynepgisticunderstandingf eventsandfeaturesn theMD and
CFD domains.To computethe similarity betweershape®r structuresve rely on spa-
tial geometrichashingWolfson& RigoutsosOc1997]andclusteringalgorithmgJain
& Dubes1988],andto cateyorize the structureswe will rely on classi cation algo-
rithms [Quinlan1996]. For CFD datawe employ a generalizedshapedescriptorfor
swirling regionsandproposehierarchicakhapematchingalgorithms[Jiangetal.2002
submitted].

A third componenbf featureminingis correspondencend tracking of features
over time. The generatiorof new featuresand destructionof existing featurespose
majorchallengeso effective, mary-feature-trackinglgorithms.Theessentiaproblem
towardscomprehendingheevolution of structuress determininghow thepositionof a
particularfeaturemovesbetweertimeintervals. In ourdatasetshisis non-trivial since
ssures and fusionsof featuresare extremely common. Furthermore the structural
descriptorof the samefeaturemay changeovertime. Relevantrelatedwork in feature
trackingwasreportedin [Samtang etal.1994 Silver & Wang1997].Shapesverenot
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consideredhereinandthe methodis, in general,expensve. Similarly in [Reinders,
Post,& Spoelder199%ReindersJacobsong Post2000iheskeletonor anapproximate
medialaxiswascomputedor vortices.However, this representatiors very crisp and

doesnotallow tangiblematchingandtracking.

Mining for Spatial and Spatio-Temporal Patterns: Over ary time interval in
MD or CFD simulations we needtechniqueghat canidentify importantspatialpat-
ternsef ciently. Somepatternscanbe complex and not necessarilysequential. The
aim is to derive predictie rules: combinationsof featuresresultingin certainevents,
(e.g.,fusionor ssure). To derive suchrulesrequiresidentifying frequentlyoccurring
spatialpatterns Clustering associationandsequentiapatternanalysiswill beusedto
determinethe importantpatterns.Our eventualgoalis to correlateinformationfrom
a shapecatgyorizationtogethemwith transitiondetectionmechanismso helpdiscover
novel axiomsrelatingto the evolution of shape®vertime. An exampleof suchanax-
iom could be “a type-A featureevolvesinto a type-B featurethroughsomeparticular
mechanism. Suchrulescanbefoundusingevent-basedequentiahndassociatiompat-
ternanalysis.Equallyimportantis to identify thoseaxiomsthatdominatethe particular
simulationtype.

The large-dataexploration methodologywe describecanwork for any datathat
canbetransformedo a multiscalerepresentatioand consistsof featureshat canbe
extractedthroughlocal operatorandaggreatedn spatial,scale andtemporaldimen-
sions.Thus,onecanconsiderdomainsn additionto CFD andMD.

3.3 Example Applications

While our two sciencedrivers—respiratory o w in multi-generationabronchialtrees
anddefectevolution in materials— would seemsigni cantly different,botharelikely
to seenew discoverieswith theanalysisprovidedby the proposede xible framework.

3.3.1 Computational Simulation of Biomedical Fluid Flows

Respiration- speci cally, air o w throughthe network of lung airways— producesur
prisingly complex ow elds. Eventhoughthe o w is laminarthroughmuchof the
bronchialtree,secondargurrentscanbedominant particularlytranswersevortex pairs
that form dueto axial curvatureof the tubesandwall shear Thesevorticesmigrate
downstreamandinteractwith new onesgeneratedy repeatedranching. Thesesec-
ondary o ws arecritical to the ef cient Itering of inhaledair: aerosolsgntrainedn
their trajectoriesjmpactmucus-linedwalls from which they canbe expelledfrom the
lungsthroughtheactionof cilia or coughing.

Much of the computationamodelingof o w throughsmallairway bifurcationsis
thatdueto Gatlin, Hammerslg, et. al [Hammerslg etal. 1993 Gatlinetal. 1995 Gatlin
etal.1996 Gatlinetal.1997bGatlinetal.1997a].Whendealingwith datasetgenerated
by simulationsof complex temporallyvarying uid o ws,thechallengds to locateand
trackrelevantfeatures Existingtechniquedor vortex detectionaretypically basedon
local, o w- eld parametersuchasthevelocity gradientensor Thegeneratiorof new
featuresanddestructionof existing featuresare new challengedor featuredetection
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algorithms. The analysisof thesesecondaryo ws is comple&, both becausef their
not-yet-understoogersistencandtheir branchingnto additionalvortices.

Potential Impact: New datamining techniquegelevantto computedrespiration
o w datanot only canenhancehe understandingf known o w characteristicshut
alsomay discover previously undetectedeaturesjust asvisualizationtechniquese-
vealedthe long unknavn secondanstructuresn the ow. Of particularinterestare
the longevity of vortex pairs generateddy bifurcation and the mechanism®f inter-
actionbetweenvortices. Additionally, the detectionof regionsof o w separatiorare
importantfor understandingheimpactionof entrainedarticlesandtheinterruptionof
laminar o w. Improvedunderstandin@f these o ws hastwo importantapplications:
(1) the healthhazardposedby theinhalationof carcinogenicdisease-bearingy lung-
damagingaerosolsand(2) theclinical delivery of bothlocal andsystemicaerosolized
drugsthroughthe lungs. While the depthof penetratiorinto the tubular network of
the lungs dependsn the natureand concentratiorof particles,the aerodynamic®f
respiratiorplaysa critical role.

3.3.2 Molecular Dynamics Simulations of DefectEvolution

The key compleity of real materialsusedin commercialapplicationss not thatthey
are defectedin the trivial senseof beingimperfector impure, but ratherthat their
materialpropertieslepenctritically ontheir nonideality As anexample theenhanced
diffusionof dopantsn the presencef extended 311 defectsin siliconis a limiting
factorin thefabricationof shallov junctiondevices [N.E.B.Cavernetal.1999]. The
growth of suchextendeddefectsinvolvesthe diffusion, captureand dissociationof
silicon point defectqArai, Takeda,& Kohyamal997Kim etal.1999 Kim etal.2000].
Thisexamplecanberepeatedvith variationsin every materialessentiato currenthigh
technology

Moleculardynamicssimulationscantrackthenucleatiorandgrowth of defectsbut
realistictime scalesexceedcomputingtechnology Emeging acceleratiortechniques
[Montalenti,Sgrenser& Voter2001Sgrense’. Voter2000Yoter1997yoter19%8] can
achieve realisticsimulationtimes. WavelettechniquegRichie, Kim, & Wilkins2001]
candramaticallyreducehemoleculardynamicsdataanddetectpersistentiefectstruc-
tures.Thechallengas to identify andclassifythesestructuresandtracktheir evolution
andinteractions.

Potential Impact: New datamining techniquesannot only uncover fundamen-
tal defectnucleationand growth processesut also provide essentiaparametersor
modeling macroscopigropertiesof materials. This needis well recognizedn the
thesemiconductoindustryin its “silicon roadmapthatidenti es the short-andlong-
rangeproblemsnecessaryo continuallypackmoretransistorson a chip. In structural
materialsused for example,in turbineenginesthereis a growing needto connecthe
microscopicand macroscopicscales.Indeedthe phrase'multiscale methods”recog-
nizesthe wide spreadmportanceof connectingcomplex microscopigprocesseso the
designand optimizationof materialsproperties. The proposed e xible datamining
approactcandramaticallyspeedup nding theseémportantconnections.
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3.4 Currentand Ongoing Work

In the previous sectionswe describedur vision for the proposedramenork andde-
scribedour motivatingexamples.in this sectionwe describecurrentandongoingwork
towardrealizingour vision.

3.4.1 Feature Mining

In this sectionwe focuson onecomponenbf featuremining anddescribetwo distinct
featuredetectionparadigmgThompsonet al.2002]. The commonthreadis that both
arebottom-upfeatureconstructionsvith underlyingphysicallybasectriteria. Thetwo
performessentialljthe samesteps put in differentorder As will becomeavident, it is
unlikely thatnon-physics-basechniquesvould provide the delity neededo locate
complex ow eld (CFD)or defect(MD) structures.

In general,a featureis a patternoccurringin a datasethatis of interestandthat
manifestscorrelationrelationshipsamongvarious componentf the data. For in-
stancea shockin a supersonicuid o w would be considered signi cant feature:
whensucha shockoccurs the pressuréncreasesbruptlyin thedirectionof the o w,
andthe uid velocity decreasem a prescribednanner A signi cant featurealsohas
spatialandtemporalscalecoherenceFor mary applicationsgenericdataminingtech-
niguessuchasclustering associationandsequencinganrevealstatisticalcorrelations
betweenvariouscomponent®f the data. Returningto the shockexample,we could
usestatisticaiminingto ferretoutassociationshut it mightbedif cult to attachprecise
spatialassociationfor therulesdiscorered.A uid dynamicisthowever, wouldliketo
locatefeatureswith aratherhigh degreeof certainty Suchqualitative assertionglone
will notsufce. Thisis whereourapproacho featureminingcomesn: wetake advan-
tageof thefactthat,for simulationsof physicalphenomenathe eld variablessatisfy
certainphysicallaws. We canexploit thesekinematicanddynamicconsiderationso
locatefeaturef interest.The delity improvementgarneredy tailoringthesehighly
discriminatingfeaturedetectionalgorithmsto the particularapplicationfar outweigh
ary lossof generality The stateof the artin featuredetectionandmining in simula-
tion datais similar to whatexistedfor imageprocessingvhenedgedetectionrmethods
werethe maintechniquesMuch moreis now understoodandmining for imagedata
is oftendonein termsof thefeaturespnamelyedges.This suggestshatablendof data-
andfeature-miningnethodsmight have the potentialto reducethe burdensomehore
of nding featuredn largedatasets.

Point classi cation techniques

The rst featuredetectiorparadigmwhichwe call pointclassi cation,requiresseveral
operationsn sequence:

Detectionby applicationof alocal sensomat eachpointin the domain
Binary classi cationof eachpoint basedn somecriteria

Aggregationof contiguougegionsof similarly classi ed points
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Denoisingto eliminateaggreyateshatareof insufcient extent,strengthetc.
Rankingbasedn featuresalieny
Trackingidenti ed features

This approachdenti es individual pointsasbelongingto afeatureandthenaggre-
gatesthemto identify regionsthat arefeatures. The pointsare obtainedfrom a tour
of the discretedomainand canbe in mary casesthe grid points of a physicalgrid
(CFD) or alattice (MD). The sensotusedin the detectionphaseandthe criteriaused

in theclassi cationphasearephysicallybasedooint-wisecharacteristicsf thefeature
of interest.

Aggregateclassi cation techniques

We canbestincorporatehe globalinformationneededo de ne avortex into our sec-
ondfeaturedetectionparadigmtheaggreyateclassi cationapproachAggregateclas-
si cation follows asomeavhatdifferentsequencef operations:

Detectionby applicationof alocal sensorat eachpointin thedomain
Aggregationof contiguougegionsof probablecandidatepoints

Binary classi cation(or veri cation) of eachaggreyatebasedn somecriteria
Denoisingto eliminateaggreyateshatareof insufcient extent,strengthetc.
Rankingbasedn featuresalieny

Trackingidenti ed features

This approachdenti es individual pointsasbeing probablecandidatepointsin a
featureandthenaggregyateshem. Theclassi cationalgorithmis appliedto the aggre-
gateusingphysicallybasedegionalcriteriato determinewhetherthe candidatepoints
constitutea feature.Thus,the sensoideployedtowardspoint classi cationcanbe ef -
cientbut lessaccurateFalsepositivesgeneratectthe earlierstagesanbeeliminated
laterin theveri cation stage.

3.4.2 Fluid Dynamics

We now presentwo examplesf featuredetectioralgorithmsasappliedto CFD datasets.
Althoughalgorithmshave beendevelopedfor otherfeaturesye focusonthosefor vor-
ticesbecausef the critical role they play in the bronchialair ow. Additionally, the
vortex providesadirectway to contrasthe two differentfeaturedetectionparadigms.

CFD Example 1 : Vortex Detection using Point Classi cation The rst tech-
niguewe considerusegshe eigervaluesof thelocal velocity gradienttensor In regions
of swirling o w, the eigervaluesof the velocity gradienttensorarecomplex. Berdahl
and ThompsonBerdahl& Thompson1993tie ned a swirl parametethat estimates
thetendeng for the uid to swirl abouta givenpoint. The swirl hasa nonzerovalue
in regionscontainingvorticesandattainsa local maximumin the coreregion. In this
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Figure 3.2: The resultsof our point classi cation algorithm as Delta Wing dataset.
Thefront andtop views respectrely areshavn. Theyellow regionsindicateregionsof
swirling o w. Thereexist severalregionswhicharefalselyclassi ed(nearthecockpit).

Figure3.3: Resultof our aggreyateclassi cationtechniqueappliedon the DeltaWing
dataset(left) All candidatecoreregionsareshavn. Theveri able coresareshavn in
yellow, while thespuriousonesareshovn in green.(middle) Streamlindracingaround
veri ed cores.(right) Thetopimageshaws the veri cation algorithmat work through
seedingandtracing, while the bottomimage shaws illustratesthe useof projections
andanglego verify vortices.
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point classi cation algorithm, the detectionstep consistsof computingthe eigerval-
uesof the velocity gradienttensorat each eld point. The classi cationstepconsists
of checkingfor complex eigervaluesand assigninga swirl valueif they exist. The
aggreyationstepthenagglomeratesontiguousgrid pointswherethe swirl parameter
exceedsa thresholdvalueinto vortical regions. This methods primary shortcoming
is thatit—-andall eigervalue-basedortex detectiontechniques—cageneratdalsepos-
itives. An exampleof this methodis shavn in Figure 3.2. Its local naturemalesit
unableto discriminatebetweerocally curvedstreamlinesandclosedstreamlineshar
acteristicof a vortex. Otherfeaturessuchasshocks,aremoreamenablégo the point
classi cationframawork.

CFD Example 2 : Vortex Detectionusing AggregateClassi cation We recently
developedan aggreyateclassi cation-typevortex detectiontechnique. We basedits
detectiorsteponanideaderivedfrom alemmain combinatoriatopology Speci cally,
velocity vectorsaroundcoreregions exhibit certain o w patternsuniqueto vortices,
andit is preciselythese o w patternghatwe searctfor in the computationagrid. Not
surprisingly our approacthis relatedto critical point theory However, critical points
alonearenot sufcient to detecta vortex. For eachgrid point, our algorithmexamines
its immediateneighborgo seewhetherthe neighboringvelocity vectorspointin three
or moredirectionranges Thenovelty of this methodis its relative insensitvity to core
direction. Therefore,very approximatecore directionsmay be usedin the detection
step.

Our techniguesegmentscandidatecore regions by aggreyating points identi ed
from the detectionphase. We then classify (or verify) thesecandidatecore regions
basedon the existenceof swirling streamlinesurroundingthem. (For featuresthat
lack a formal de nition, suchasthe vortex, we mustchoosethe veri cation criteria
sothatit concurswith the intuitive understandingf the feature. In this case verify-
ing whethera candidatecoreregion is a vortex coreregion requirescheckingfor ary
swirling streamlinessurroundingit.) Checkingfor swirling o w in threedimensions
is anontrivial problemsincevorticescanbendandtwist. Thetechniquewve developed
essentiallychecksto seeif thelocaltangento the streamlinewhenprojectedontothe
planenormalto thelocal coretangent,spans2 . The aggrejatenatureof this classi-

cation stepis apparent.Checkingfor swirling streamliness a global (or aggrejate)

approachto featureclassi cation (or veri cation) becauseswirling is measuredvith
respecto the coreregion, not just individual pointswithin the coreregion. Figure3.3
describesll stepsof this paradigm.

Remarks: For CFD applicationswe completedwork on using shapedescriptors
to describevortices(not describechere pleasesee [Jianget al.2002submitted]) and
arecurrentlyworking on shapematchingandtracking. The shapedescriptoiis a chain
of truncatedfrustaamenablégo heirarchicalrepresentationWe are also constructing
multiscaledetectionschemebasedn the wavelettransformof the swirl eld.

3.4.3 Molecular Dynamics Simulations of DefectEvolution

The challengeof detectingfeaturesduring an ongoingMD simulationwas met with
the applicationof real-timemultiresolutionanalysis(RTMRA) techniques.Wavelet
analysisis exploitedin the time domainto analyzedynamics. For eachatom,its se-
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gquenceof positionsare projectedon a wavelet basis,with the expansioncoefcients

generatedncrementally in real-time, using componentsuppliedby the STORMRT

Scienti ¢ Wavelet Package [Richie, Kim, & Wilkins2001]. Thesecomponentdreat
streamingdatamoreef ciently thanmorecorventional‘f ast” wavelettransform(fwt)

techniques.

The samefeaturemining procedureshatworkedwell for CFD datawork for MD
too. In ary persistentstructure,“defect” atomsmust be distinguishedfrom "bulk”
atoms. While this taskmight seemmore challengingat nite temperaturelueto the
thermalnoise,a singlerule worksfor all structuresthermalandquenchedFor a bulk
atom, preciselyfour atomshave bonds(with the bulk atom)lessthan2.6 A andthe
anglesbetweenary two bondslie within 90-130degrees.Any otheratomis a defect.
Similar de nitions canbe formulatedfor othersystems.Atoms nearthe surfaceof a
periodicallyrepeatecell don't "see” the otheratomsthough. This problemis solved
by paddingthe cell with alayerof periodicmaterial.

Here, we illustrate how point classi cation proceduresan be employed toward
thedefectsin thequenchedcooledstate)and nite thermaltemperaturesespectiely.
Eachatomsiteis visited andthe atomis testedfor membershipn a defectensemble.
The classi cation sensoffor this applicationis asfollows. We de ne two conditions

(bondangleasabore)and  (numberof bondsasabove) to accuratelyclassify
bulk atoms. The conjunctionof the abore two conditionsaswell asthe disjunction
are evaluatedfor all atomsites. The atomsiteswhich satisfythe conjunctionarethe
oneswhich de nitely belongto the bulk. Thosethat satisfythe disjunctionwill with
somelikelihoodbelongto the bulk. Theremainingatomsitesarede nitely partof the
defect.Suchatomsarereferredto asdefectatoms The defectatomsarethenspatially
clusteredo aggreyatethesento possibledefectstructuresWe empiricallyveri ed that
this methodworks well even on noisy data. Figure 3.4ashaws a persistenstructure
at 1000K. The black atomsarethoseidenti ed asdefectatoms. Figure 3.4b shavs
the samestructurequenchedvith a rst-principles approachthe quenchingremoves
thermalnoise at a heary computationalcost. The sameatomsare marked in both
structuresvhich demonstratethis methodworks on non-quenchedtructures.

In alarge scalesimulationthe challengeis to isolateseparatelefectclusters. A
line is drawn connectingall defectatomsthat lie within 4 A of eachother Thus,a
clusteris comprisecbf connectediefectatoms,a computationallyfastprocessFigure
3.5shavs two defectsembeddedh a512atomlattice.

Remarks: The deploymentof aggreateclassi cationtechniquedor MD datais
far from clear Thisis still an active areaof research.The large numberof resulting
identi ed structuregfrom the detetctionphase)mustbe sortedinto a smallerset of
distincttypes.Quenchingsolvesthis problembut is computationallyexpensve. In ad-
dition, somestructuresarestableonly at high temperaturesThroughquenchingthese
structuresarelost. Identifying time averagedstructuress a greatchallenge Occasion-
ally with noisy datatoo mary or too few atomsaremarked. Figure 3.6 demonstrates
this problem.Thesetwo structureshave differentnumbersof defectatomsmarked, yet
when quenchedare the same. Additionally, we are still exploring robust andviable
shapedescriptorandmatchingalgorithmsfor MD data.
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D

Figure 3.4: Black atomsare defectatoms. Top is a structureidenti ed at 1000K.
Bottomis the samestructurequenchedusing rst principles. Eventhoughthe atoms
in the top structurearedisplaceddueto thermalnoise,the sameatomsaremarked as
defectin bothstructures.
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Figure 3.6: Thesetwo structureshave a different numberof defectatomsmarked.
Whenquenchedoweverthey arethe samestructure.

3.5 RelatedWork

Knowledgediscoreryanddatamining (KDD) refersto theoverallprocesof discover
ing new patternsor building modelsfrom a givendatasetFundamentakDD research
in the last decadehasprimarily focusedon: i) new techniquego preprocessmine
andevaluatethe data,ii) ef cient algorithmsthatimplementthesetechniquesandiii)
applicationsof above technique®n businessapplications.

More recentlyresearcherfiave startedtackling the problemof mining scienti ¢
datasetsln particularapproachefor mining astronomical[Burl & et al1998], phys-
ical (uid ow) [Han, Karypis, & Kumar2001],biological [Wang& etall997Li &
Parthasarathy20014nd chemical[Dehaspe,Toivonen, & King1998] datasetshave
beenrecentlyproposedby variousresearchersFew of the abore methodsactually
accountfor the structuralor spatialpropertiesof the data. A straight-forward appli-
cationof well-known data-miningtechniquesioesnot alwaysyield the mostef cient
algorithms.

Computationaluid datasetdhave receved more scrutiry from visualizationand
data-miningresearcherthanfrom othercomputationablomains.Signi cant progress
hasbeenmadein the areaof identifying regions of swirling ow. Algorithms de-
scribedin [Berdahl& Thompson19938anks& Singerl995Jeong& Hussain1995,
Portela1997%5ujudi& Haimes1995liang Machiraju,& Thompson2002djang Machi-
raju,& Thompson2002kJjangetal.2002submittedldemonstratéheability to identify
regionsof swirling o w in complex three-dimensionab w elds.

Consideratiorof time-varying dataintroducesadditionalcomplexity throughthe
needfor tracking of features.Accordingto [Samtang et al.1994], ve distinctevo-
lutionary eventscanoccurto featuresn scienti ¢ simulations:continuation creation,
dissipationpifurcation,andamalgamationEachof theseprocessemustbeaccounted
for in thetrackingalgorithm.Thework in [Silver & Wang1997]s applicablefor gen-
eral three-dimensionalracking of features. Other solutionsto this problemexploit
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hierarchicaldatastructures[Carr, Snog/ink, & Axen2000ShenChiang,& Mal1999].

3.6 Summary

Thesteadyincreasen computingpowerespeciallyfor scienti ¢ andengineeringproblems—
challengeur ability to learnnew sciencefrom the massve data.Most dataminingis
donepostprocessingMost resultingvisualizationproducesa few imagesor a video—
usuallyononelengthscaleanddisplayedatthetime scalere ecting thecomputational
time step. Our two sciencedrivers,computationaluid dynamicsand moleculardy-
namics— out of a muchlarger class— call for (1) nearsynchronousnalysisand (2)
datamining at multiple lengthandtime scales.

Both driversraisecentral problemsthat the proposedmethodswill addresswith
novel approaches:

Multiscale event detection

Feature mining

Shape-basedeature characterization and categorization
Corr espondencend tracking of featuresover time
Mining for spatial and spatio-temporal patterns

It shouldbe notedthatthe needsof both of our sciencedriverscanbe addressed
by a commonintegratedapproach.Our sciencedriversare very distinct and attempt
to characterizevery diversephenomenaHowever, it shouldbe notedthatbothdrivers
have commonalitiesghat are exploited by the above setof proposedechniques.We
conductedsomepreliminarywork in featuremining for both of our sciencedrivers.
The resultsobtainedhave beenvery encouraging.A systematicapproachto feature
mining wasconcevedto locatebothlocal andglobal features.However, muchmore
remainsto be doneto realizethe completeuni ed framework. Thetemporaltracking
of featureds receving ampleattention.Similarly, we areconceving acomprehensie
framework that will allow oneto derive appropriateassociationdetweenthe occur
renceof transitionaryeventsandthe changen featuredemographicsThis framework
will alsoincludeervironmentalparametersuchasthe underlyinggeometry Also, of
interestis the creationof tools which will control both the feature-and data-mining
exercisest is our belief thatour proposedramework is likely to garnemew insights
from massve simulationdatasetandallow for abetterunderstandingf theunderlying
physicalphenomena.
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