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Abstract:
Numericalsimulationsare replacingtraditional experimentsin gaining insightsinto
complex physicalphenomena.Given recentadvancesin computerhardwareandnu-
mericalmethods,it is now possibleto simulatephysicalphenomenaat very �ne tem-
poralandspatialresolutions.Analyzingdatasetsproducedby suchsimulationsis ex-
tremelychallenging,given the enormoussizesof the datasetsinvolved. In order to
make ef�cient progress,analyzingsuchdatamust advancefrom currenttechniques
thatvisualizestaticimagesor animationsof thedata,to theautomatedmining,identi�-
cationandsubsequentvisualizationof theimportantfeaturesin thedata,achallenging
task.

Wereportprogressonauni�ed framework thataddressesthiscritical challengefor
two sciencedrivers.In bothoursciencedrivers– solidand�uid systems– therearehid-
denhierarchiesof featuresandcharacterizations(e.g. shapes).We offer a systematic
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wayto detectsuchmeta-stablefeatures,characterizeandtrackthem,andformulatehy-
pothesesabouttheir evolution – animportantstepin extractingvital informationfrom
suchcomplex systems.Our framework is multiscalein natureandis likely to produce
insightsaboutthephenomenaunderstudyandacomprehensivecatalogof meta-stable
structures.

Keywords: Featuremining,Spatio-temporalpatterns,Shape-based
Mining, Physics-basedmining,Categorization,Computationalsimulations

3.1 Intr oduction

The physicalandengineeringsciencesincreasinglystudylarge, complex ensembles,
seekingto extractunderlyingphenomena.Suchstudiesanalyzedatageneratedby ei-
ther experimentsor computationalsimulations.Examplesof the latter arenumerical
simulationsof complex �uid �o w andmoleculardynamics.Computational�uid dy-
namics(CFD) seeksto understand�o w patternsto enhance,for instance,viabledrug
deliveryschemesfor pulmonarytreatmentsfor asthma.Similarly, moleculardynamics
(MD) seeksto understandtheevolutionof materialdefectsthataffect thepropertiesor
performanceof industrialmaterials.

The sizeof the simulationdatasetssigni�cantly challengesour ability to explore
andcomprehendgenerateddata.Currently, a well-trainedindividualmayneedseveral
daysor even weeksto analyzethe datageneratedby an MD simulationandcreatea
list of viabledefectstructures.Similarly, in theextremelylargedatasetsgeneratedby
simulationsof complex �uid �o ws,locatingandtrackingrelevantfeaturesaredaunting
tasks.

Scienti�c discoveriesareoftenbestunderstoodvisually – from GalleseeingNep-
tunein 1846to Binnig andRohrerseeingatomson a surfacein thetwentiethcentury.
Both discoverieswerenot surprisesin thesensethatpreviousanalysishadconvinced
mostof their reality. However, eachdiscovery stimulatedfuturework moredramati-
cally thanany analysismight havedone.

Immensedatasetsseverelychallengevisualunderstanding.Currently, analysisvia
interactive visualizationsessionsis tantamountto looking for the proverbial “needle
in a haystack.” Additionally, currentlyavailablehardwaredoesnot have theprowess
yet to provideevennearreal-timevisualizations.Worse,in CFD andMD simulations,
phenomenaoccuronmultiplelengthandtimescales.Somefeaturespersistsuf�ciently
to have grossmacroscopiceffects. Othershort-lived transientsare precursorevents
centralto theevolutionarybehavior of thesystem.

Therefore,we believe it is crucial thatsomedegreeof automationbeincorporated
into the dataexplorationprocessfor large datasets.Onesuchsuccessfulapproachis
describedin [Machiraju et al.2001] and is basedon a representationalschemethat
facilitatesranked accessto macroscopicfeaturesin the dataset.However, otherthan
identifying,denoising,andrankingthefeatures,noattemptis madeto extractinforma-
tion aboutthefeaturesor trackandcatalogthem.

Anotherobviousapproachwould beto employ traditionaldatamining algorithms
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to thesescienti�c datasets.However, it is our contentionthat existing datamining
techniques,appliedin isolation,aresimply too general.Embeddingdomainexpertise
(i.e., via understandingthe science)in the datamining processis critical to its suc-
cessespeciallyfor thedatasetscharacteristicof large-scalesimulations.Moreover the
applicationof traditionaldatamining techniquesmaynotbethemostef�cient of solu-
tions,particularlyfor analyzingsimulationdata,whichis largeandoftendynamic.The
needsof thehourarelinearor quasi-linear(e.g.log-linear)timealgorithmsasopposed
to highpolynomial-timealgorithms.

Thus,thereis a paucityof generalapproachesthat facilitatemeaningfulanalysis
of large andcomplex data. Traditionaldata-miningor data-analysisor visualization
methodsalonewill not provide more insights. Thereis a needto explore a larger
spaceof solutionsthatarebasedon theunderlyingphysicsandareenabledby capable
computersciencetechniquesfrom visualization,data-analysis,anddata-mining.

Therestof this paperis organizedasfollows. In Section3.2 we developthepro-
posedsystemandidentify the key components.In Section3.3 we describetwo im-
portantapplicationsthat motivatethis work. Section3.4 documentsthe preliminary
resultswe have on theseapplicationsdomains,while Section3.5 describesprevious
work conductedby othergroups.Finally weconcludein Section3.6.

3.2 ProposedFramework

Essentially, thereis a needto deducefeaturesand derive structuresand their shape
characteristicsfrom a large data repositorythat describesevolutionary phenomena.
In additionto featuredetectionalgorithms,aggregationor segmentation,trackingand
characterizationalgorithmsmustbeutilizedin conjunctionwith traditionaldatamining
algorithmsto facilitatecatalogingdetectedstructuresandexpeditingsearchesto gain
scienti�c insights.We proposeto synergisticallybring to beartheseseveraltechniques
to addresstheproblemsassociatedwith analyzinglargedatasetsgeneratedby simula-
tionsof physicalphenomena.Thus,themainpremiseof our approachis thatmining
featuresandassociatedeventsis moreusefulthanmining raw simulationdata.

Figure3.1illustratesourproposedframework to bothnear-real-timestreamingand
off-line processingof simulationdata. We contendthat a commonframework can
compactlystoreandanalyzedataof evolutionaryphenomena.We also assumethat
certainlocally computablequantitiescandetectprecursorevents.

In the MD data, thermal �uctuations drive the nucleationand growth of defect
clustersthatsubsequentlyaffect macroscopicmaterialsproperties.A real-timemulti-
resolutionanalysis(RTMRA), usingwavelets,candetectpersistentmeta-stablestruc-
tures. Identi�cation andclassi�cation of thesestructuresis the challenge. Its solu-
tion by new datamining techniqueswill openthe way to spanningthe microscopic
to macroscopictime andlengthscales.For CFD data,a dramaticchangein theswirl
parametercansignalthebirth or deathof vortices.Theapproachbeingusedfor MD
canbegeneralizedto includesimulationsfrom �uid dynamics.

Sincethe underlyingphysicsis often Newtonian in character(save for someex-
ceptions),a commonframework for both applicationscanbe easilyconceived. It is
our claim that,a “shape-based”data-miningparadigmwill prove fruitful in theanal-
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Figure3.1: Uni�ed Framework

ysis of complex unsteadyphenomena.In fact, Kamathmakes the recommendation
thatfeature-basedminingcanyield moreinsightsfor scienti�c datasets[Kamath2001].
The work proposedhereis relatedto that beingconductedby Marusicandhis asso-
ciates[Marusicet al.2001].Eventtime-seriestrackingis employedto detectturbulent
burstswhich arethenanalyzedandtracked. However, they do not considerthedetec-
tion andcatalogingof featuresatmultiple temporalscales.

Our approachis novel in its �e xibility andapplicability acrossdisciplines. The
analysisthroughshapesof featuresconvertsthetaskof datamanagementandanalysis
into oneof choosingrobustshapedescriptorsandbeingableto index featuresfrom a
catalog.Thedescriptorswill bederivedfrom theapplication.Two non-trivial applica-
tionswill testandhoneour techniques:namely, bronchialair�o w anddefectevolution
in materials.

Thekey elementsof theproposedframework include:
Spatial Partitioning to Exploit Locality: Finespatialresolutionsareoftenusedto

resolve featuresin computationalsimulations.Trackingfeaturesover theentirespatial
domainis notviableandmeaningful.Hence,throughaprocessof partitioning,smaller
sub-domainsareconsideredfor shapeandfeatureevolution. Thisprocessis tantamount
to dividing the baleof hay into smallerareasto look for theproverbialneedle.Thus
regularandirregularsizedsub-domainsderivedfrom eitherjust thedomainor function
valuescanbeconsidered.

Multiscale Event and FeatureDetection: A featureatagiventemporalscalecan
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bestable,meta-stable,or transient.Thebirth, evolution anddeathof a featureis often
triggeredby precursorevents.It is thereforecrucialto identify whensucheventsoccur.
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 energyor dislocationsof atoms.Multiscaletriggermonitoring
is neededgiven the rangeof featurelifetimes. Wavelet techniquesareeffective here
andarealreadysuccessfullyworking in moleculardynamicssimulations[Richie,Kim,
& Wilkins2001,Richieetal.2002].

Feature Mining: To achieve thesegoalsa systematicapproachof featuremin-
ing [Thompsonet al.2002], i.e., the processof detecting,characterizingandtracking
thosesigni�cant features,is proposed.Our intentwith bothapproachesis to exploit the
physicsof theproblemathandto develophighly discriminating,application-dependent
featuredetectionalgorithmsandthenuseavailabledatamining algorithmsto classify,
cluster, andcategorizetheidenti�ed features.Wedescribeourapproachin detailin the
next sectionfor bothapplicationdomains.Ourworkparallelsthatof Yip andZhao[Yip
& Zhao1996]in someways. It shouldbenotedthatour work relieson morephysics-
basedunderstandingof featuresandexploits theunderlyingphysicsto agreaterextent.

The mostbasicaspectof featuremining is feature detection. The outputof any
detectionalgorithmis a collectionof many regions-of-interest(ROIs). Theunderlying
physicsis exploited to locatefeaturesusing local operatorsor sensorsto detectand
non-localor globaloperatorsto verify. Veri�cation is needin somecasesto con�rm
thata givenROI indeedrepresentsa feature.We considerdefectsat quenchedstates
and�nite temperaturesfor MD simulationsandshocksandvorticesfor CFD.

A secondcomponentof featuremining is shape-basedfeature characterization
and categorization in which the “shape”of a featureis describedby characteristics,
suchasshapeandstructure,in anabstractmultidimensionalspace.Thedescriptorsin
a MD simulationcan includethe numberof atomsinvolved, the orientationandthe
connectivity. In a CFD simulation,vortices(features)canbe characterizedby their
strengthandsenseof rotationaswell asobviousgeometricalparameterssuchasposi-
tion,shapeandextent.Suchfeaturescanbecategorizedby notionsof similarity. Shape
categorieswouldenablesynergisticunderstandingof eventsandfeaturesin theMD and
CFDdomains.To computethesimilarity betweenshapesor structureswerely onspa-
tial geometrichashing[Wolfson& RigoutsosOct1997]andclusteringalgorithms[Jain
& Dubes1988],and to categorize the structureswe will rely on classi�cation algo-
rithms [Quinlan1996]. For CFD datawe employ a generalizedshapedescriptorfor
swirling regionsandproposehierarchicalshapematchingalgorithms[Jiangetal.2002
submitted].

A third componentof featuremining is correspondenceand tracking of features
over time. The generationof new featuresanddestructionof existing featurespose
majorchallengesto effective,many-feature-trackingalgorithms.Theessentialproblem
towardscomprehendingtheevolutionof structuresis determininghow thepositionof a
particularfeaturemovesbetweentimeintervals.In ourdatasets,thisis non-trivial since
�ssures and fusionsof featuresareextremelycommon. Furthermore,the structural
descriptorsof thesamefeaturemaychangeovertime. Relevantrelatedwork in feature
trackingwasreportedin [Samtaney et al.1994,Silver& Wang1997].Shapeswerenot
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consideredthereinandthe methodis, in general,expensive. Similarly in [Reinders,
Post,& Spoelder1999,Reinders,Jacobson,& Post2000]theskeletonoranapproximate
medialaxiswascomputedfor vortices.However, this representationis very crisp and
doesnotallow tangiblematchingandtracking.

Mining for Spatial and Spatio-Temporal Patterns: Over any time interval in
MD or CFD simulations,we needtechniquesthat canidentify importantspatialpat-
ternsef�ciently . Somepatternscanbe complex andnot necessarilysequential.The
aim is to derive predictive rules: combinationsof featuresresultingin certainevents,
(e.g.,fusionor �ssure). To derive suchrulesrequiresidentifying frequentlyoccurring
spatialpatterns.Clustering,association,andsequentialpatternanalysiswill beusedto
determinethe importantpatterns.Our eventualgoal is to correlateinformationfrom
a shapecategorizationtogetherwith transitiondetectionmechanismsto helpdiscover
novel axiomsrelatingto theevolutionof shapesover time. An exampleof suchanax-
iom couldbe“a type-A featureevolvesinto a type-Bfeaturethroughsomeparticular
mechanism.” Suchrulescanbefoundusingevent-basedsequentialandassociationpat-
ternanalysis.Equallyimportantis to identify thoseaxiomsthatdominatetheparticular
simulationtype.

The large-dataexplorationmethodologywe describecanwork for any datathat
canbe transformedto a multiscalerepresentationandconsistsof featuresthat canbe
extractedthroughlocaloperatorsandaggregatedin spatial,scale,andtemporaldimen-
sions.Thus,onecanconsiderdomainsin additionto CFDandMD.

3.3 ExampleApplications

While our two sciencedrivers–respiratory�o w in multi-generationalbronchialtrees
anddefectevolution in materials– would seemsigni�cantly different,botharelikely
to seenew discoverieswith theanalysisprovidedby theproposed�e xible framework.

3.3.1 Computational Simulation of BiomedicalFluid Flows

Respiration– speci�cally, air�o w throughthenetwork of lungairways– producessur-
prisingly complex �o w �elds. Even thoughthe �o w is laminarthroughmuchof the
bronchialtree,secondarycurrentscanbedominant,particularlytransversevortex pairs
that form dueto axial curvatureof the tubesandwall shear. Thesevorticesmigrate
downstreamandinteractwith new onesgeneratedby repeatedbranching.Thesesec-
ondary�o ws arecritical to theef�cient �ltering of inhaledair: aerosols,entrainedin
their trajectories,impactmucus-linedwalls from which they canbeexpelledfrom the
lungsthroughtheactionof cilia or coughing.

Much of thecomputationalmodelingof �o w throughsmallairway bifurcationsis
thatdueto Gatlin,Hammersley, et. al [Hammersley etal.1993,Gatlinetal.1995,Gatlin
etal.1996,Gatlinetal.1997b,Gatlinetal.1997a].Whendealingwith datasetsgenerated
by simulationsof complex temporallyvarying�uid �o ws,thechallengeis to locateand
trackrelevantfeatures.Existingtechniquesfor vortex detectionaretypically basedon
local,�o w-�eld parameterssuchasthevelocitygradienttensor. Thegenerationof new
featuresanddestructionof existing featuresarenew challengesfor featuredetection
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algorithms. The analysisof thesesecondary�o ws is complex, both becauseof their
not-yet-understoodpersistenceandtheir branchinginto additionalvortices.

Potential Impact: New datamining techniquesrelevant to computedrespiration
�o w datanot only canenhancethe understandingof known �o w characteristics,but
alsomaydiscover previously undetectedfeatures,just asvisualizationtechniquesre-
vealedthe long unknown secondarystructuresin the �o w. Of particularinterestare
the longevity of vortex pairsgeneratedby bifurcation and the mechanismsof inter-
actionbetweenvortices. Additionally, thedetectionof regionsof �o w separationare
importantfor understandingtheimpactionof entrainedparticlesandtheinterruptionof
laminar�o w. Improvedunderstandingof these�o ws hastwo importantapplications:
(1) thehealthhazardposedby theinhalationof carcinogenic,disease-bearing,or lung-
damagingaerosolsand(2) theclinical deliveryof bothlocal andsystemicaerosolized
drugsthroughthe lungs. While the depthof penetrationinto the tubular network of
the lungsdependson the natureandconcentrationof particles,the aerodynamicsof
respirationplaysa critical role.

3.3.2 Molecular DynamicsSimulationsof DefectEvolution

Thekey complexity of realmaterialsusedin commercialapplicationsis not that they
are defectedin the trivial senseof being imperfector impure, but rather that their
materialpropertiesdependcritically ontheirnonideality. As anexample,theenhanced
diffusionof dopantsin thepresenceof extended
 311� defectsin silicon is a limiting
factorin thefabricationof shallow junctiondevices [N.E.B.Cowernet al.1999]. The
growth of suchextendeddefectsinvolves the diffusion, captureand dissociationof
siliconpoint defects[Arai, Takeda,& Kohyama1997,Kim etal.1999,Kim etal.2000].
Thisexamplecanberepeatedwith variationsin everymaterialessentialto currenthigh
technology.

Moleculardynamicssimulationscantrackthenucleationandgrowth of defectsbut
realistictime scalesexceedcomputingtechnology. Emerging accelerationtechniques
[Montalenti,Sørensen,& Voter2001,Sørensen& Voter2000,Voter1997,Voter1998]can
achieve realisticsimulationtimes. Wavelet techniques[Richie, Kim, & Wilkins2001]
candramaticallyreducethemoleculardynamicsdataanddetectpersistentdefectstruc-
tures.Thechallengeis to identify andclassifythesestructuresandtracktheirevolution
andinteractions.

Potential Impact: New datamining techniquescannot only uncover fundamen-
tal defectnucleationandgrowth processesbut alsoprovide essentialparametersfor
modelingmacroscopicpropertiesof materials. This needis well recognizedin the
thesemiconductorindustryin its “silicon roadmap”thatidenti�es theshort-andlong-
rangeproblemsnecessaryto continuallypackmoretransistorson a chip. In structural
materialsused,for example,in turbineengines,thereis a growing needto connectthe
microscopicandmacroscopicscales.Indeedthephrase“multiscalemethods”recog-
nizesthewidespreadimportanceof connectingcomplex microscopicprocessesto the
designandoptimizationof materialsproperties. The proposed�e xible datamining
approachcandramaticallyspeedup �nding theseimportantconnections.
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3.4 Curr ent and OngoingWork

In theprevioussectionswe describedour vision for theproposedframework andde-
scribedourmotivatingexamples.In thissectionwedescribecurrentandongoingwork
towardrealizingourvision.

3.4.1 FeatureMining

In thissection,wefocusononecomponentof featuremininganddescribetwo distinct
featuredetectionparadigms[Thompsonet al.2002]. Thecommonthreadis thatboth
arebottom-upfeatureconstructionswith underlyingphysicallybasedcriteria.Thetwo
performessentiallythesamesteps,but in differentorder. As will becomeevident,it is
unlikely thatnon-physics-basedtechniqueswouldprovidethe�delity neededto locate
complex �o w �eld (CFD) or defect(MD) structures.

In general,a featureis a patternoccurringin a datasetthat is of interestandthat
manifestscorrelationrelationshipsamongvariouscomponentsof the data. For in-
stance,a shockin a supersonic�uid �o w would be considereda signi�cant feature:
whensucha shockoccurs,thepressureincreasesabruptlyin thedirectionof the�o w,
andthe�uid velocity decreasesin a prescribedmanner. A signi�cant featurealsohas
spatialandtemporalscalecoherence.For many applications,genericdataminingtech-
niquessuchasclustering,association,andsequencingcanrevealstatisticalcorrelations
betweenvariouscomponentsof the data. Returningto the shockexample,we could
usestatisticalminingto ferretoutassociations,but it mightbedif�cult to attachprecise
spatialassociationsfor therulesdiscovered.A �uid dynamicist,however, wouldliketo
locatefeatureswith a ratherhigh degreeof certainty. Suchqualitativeassertionsalone
will notsuf�ce. This is whereourapproachto featureminingcomesin: wetakeadvan-
tageof thefactthat,for simulationsof physicalphenomena,the�eld variablessatisfy
certainphysicallaws. We canexploit thesekinematicanddynamicconsiderationsto
locatefeaturesof interest.The�delity improvementsgarneredby tailoringthesehighly
discriminatingfeaturedetectionalgorithmsto the particularapplicationfar outweigh
any lossof generality. Thestateof theart in featuredetectionandmining in simula-
tion datais similar to whatexistedfor imageprocessingwhenedgedetectionmethods
werethemaintechniques.Much moreis now understood,andmining for imagedata
is oftendonein termsof thefeatures,namelyedges.Thissuggeststhatablendof data-
andfeature-miningmethodsmight have thepotentialto reducetheburdensomechore
of �nding featuresin largedatasets.

Point classi�cation techniques

The�rst featuredetectionparadigm,whichwecall pointclassi�cation,requiresseveral
operationsin sequence:

� Detectionby applicationof a local sensorat eachpoint in thedomain

� Binaryclassi�cationof eachpoint basedonsomecriteria

� Aggregationof contiguousregionsof similarly classi�edpoints
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� Denoisingto eliminateaggregatesthatareof insuf�cient extent,strength,etc.

� Rankingbasedon featuresaliency

� Trackingidenti�ed features

Thisapproachidenti�es individualpointsasbelongingto a featureandthenaggre-
gatesthemto identify regionsthat arefeatures.The pointsareobtainedfrom a tour
of the discretedomainand can be in many casesthe grid points of a physicalgrid
(CFD) or a lattice(MD). Thesensorusedin thedetectionphaseandthecriteriaused
in theclassi�cationphasearephysicallybasedpoint-wisecharacteristicsof thefeature
of interest.

Aggregateclassi�cation techniques

We canbestincorporatetheglobalinformationneededto de�ne a vortex into our sec-
ondfeaturedetectionparadigm,theaggregateclassi�cationapproach.Aggregateclas-
si�cation followsasomewhatdifferentsequenceof operations:

� Detectionby applicationof a local sensorateachpoint in thedomain

� Aggregationof contiguousregionsof probablecandidatepoints

� Binaryclassi�cation(or veri�cation) of eachaggregatebasedonsomecriteria

� Denoisingto eliminateaggregatesthatareof insuf�cient extent,strength,etc.

� Rankingbasedon featuresaliency

� Trackingidenti�ed features

This approachidenti�es individual pointsasbeingprobablecandidatepointsin a
featureandthenaggregatesthem.Theclassi�cationalgorithmis appliedto theaggre-
gateusingphysicallybasedregionalcriteriato determinewhetherthecandidatepoints
constitutea feature.Thus,thesensordeployedtowardspoint classi�cationcanbeef�-
cientbut lessaccurate.Falsepositivesgeneratedat theearlierstagescanbeeliminated
laterin theveri�cation stage.

3.4.2 Fluid Dynamics

Wenow presenttwo examplesof featuredetectionalgorithmsasappliedtoCFDdatasets.
Althoughalgorithmshavebeendevelopedfor otherfeatures,wefocusonthosefor vor-
ticesbecauseof the critical role they play in the bronchialair�o w. Additionally, the
vortex providesa directway to contrastthetwo differentfeaturedetectionparadigms.

CFD Example 1 : Vortex Detection using Point Classi�cation The �rst tech-
niqueweconsiderusestheeigenvaluesof thelocal velocitygradienttensor. In regions
of swirling �o w, theeigenvaluesof thevelocity gradienttensorarecomplex. Berdahl
andThompson[Berdahl& Thompson1993]de�ned a swirl parameterthat estimates
thetendency for the �uid to swirl abouta givenpoint. Theswirl hasa nonzerovalue
in regionscontainingvorticesandattainsa local maximumin thecoreregion. In this
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Figure 3.2: The resultsof our point classi�cation algorithm as Delta Wing dataset.
Thefront andtopviewsrespectively areshown. Theyellow regionsindicateregionsof
swirling �o w. Thereexist severalregionswhicharefalselyclassi�ed(nearthecockpit).

Figure3.3: Resultsof ouraggregateclassi�cationtechniqueappliedontheDeltaWing
dataset.(left) All candidatecoreregionsareshown. Theveri�able coresareshown in
yellow, while thespuriousonesareshown in green.(middle)Streamlinetracingaround
veri�ed cores.(right) Thetop imageshows theveri�cation algorithmat work through
seedingandtracing,while the bottomimageshows illustratesthe useof projections
andanglesto verify vortices.
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point classi�cationalgorithm,the detectionstepconsistsof computingthe eigenval-
uesof thevelocity gradienttensorat each�eld point. Theclassi�cationstepconsists
of checkingfor complex eigenvaluesandassigninga swirl value if they exist. The
aggregationstepthenagglomeratescontiguousgrid pointswheretheswirl parameter
exceedsa thresholdvalueinto vortical regions. This method's primary shortcoming
is thatit–andall eigenvalue-basedvortex detectiontechniques–cangeneratefalsepos-
itives. An exampleof this methodis shown in Figure3.2. Its local naturemakesit
unableto discriminatebetweenlocally curvedstreamlinesandclosedstreamlineschar-
acteristicof a vortex. Otherfeatures,suchasshocks,aremoreamenableto thepoint
classi�cationframework.

CFD Example2 : Vortex DetectionusingAggregateClassi�cation We recently
developedan aggregateclassi�cation-typevortex detectiontechnique. We basedits
detectionsteponanideaderivedfrom alemmain combinatorialtopology. Speci�cally,
velocity vectorsaroundcoreregionsexhibit certain�o w patternsuniqueto vortices,
andit is preciselythese�o w patternsthatwesearchfor in thecomputationalgrid. Not
surprisingly, our approachis relatedto critical point theory. However, critical points
alonearenot suf�cient to detecta vortex. For eachgrid point,ouralgorithmexamines
its immediateneighborsto seewhethertheneighboringvelocity vectorspoint in three
or moredirectionranges.Thenovelty of thismethodis its relative insensitivity to core
direction. Therefore,very approximatecoredirectionsmay be usedin the detection
step.

Our techniquesegmentscandidatecore regions by aggregatingpoints identi�ed
from the detectionphase. We thenclassify (or verify) thesecandidatecore regions
basedon the existenceof swirling streamlinessurroundingthem. (For featuresthat
lack a formal de�nition, suchas the vortex, we mustchoosethe veri�cation criteria
so that it concurswith the intuitive understandingof the feature.In this case,verify-
ing whethera candidatecoreregion is a vortex coreregion requirescheckingfor any
swirling streamlinessurroundingit.) Checkingfor swirling �o w in threedimensions
is a nontrivial problemsincevorticescanbendandtwist. Thetechniquewe developed
essentiallychecksto seeif thelocal tangentto thestreamline,whenprojectedontothe
planenormalto the local coretangent,spans2
 . Theaggregatenatureof this classi-
�cation stepis apparent.Checkingfor swirling streamlinesis a global (or aggregate)
approachto featureclassi�cation (or veri�cation) becauseswirling is measuredwith
respectto thecoreregion,not just individualpointswithin thecoreregion. Figure3.3
describesall stepsof thisparadigm.

Remarks: For CFD applications,we completedwork on usingshapedescriptors
to describevortices(not describedhere,pleasesee [Jianget al.2002submitted]) and
arecurrentlyworkingonshapematchingandtracking.Theshapedescriptoris achain
of truncatedfrustaamenableto heirarchicalrepresentation.We arealsoconstructing
multiscaledetectionschemesbasedon thewavelettransformof theswirl �eld.

3.4.3 Molecular DynamicsSimulationsof DefectEvolution

The challengeof detectingfeaturesduring an ongoingMD simulationwasmet with
the applicationof real-timemultiresolutionanalysis(RTMRA) techniques.Wavelet
analysisis exploited in the time domainto analyzedynamics.For eachatom,its se-
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quenceof positionsareprojectedon a wavelet basis,with the expansioncoef�cients
generatedincrementally, in real-time,usingcomponentssuppliedby the STORMRT
Scienti�c Wavelet Package [Richie, Kim, & Wilkins2001]. Thesecomponentstreat
streamingdatamoreef�ciently thanmoreconventional“f ast” wavelettransform(fwt)
techniques.

Thesamefeaturemining proceduresthatworkedwell for CFD datawork for MD
too. In any persistentstructure,“defect” atomsmust be distinguishedfrom ”bulk”
atoms.While this taskmight seemmorechallengingat �nite temperaturedueto the
thermalnoise,a singleruleworksfor all structures:thermalandquenched.For a bulk
atom,preciselyfour atomshave bonds(with the bulk atom)lessthan2.6 	A andthe
anglesbetweenany two bondslie within 90-130degrees.Any otheratomis a defect.
Similar de�nitions canbe formulatedfor othersystems.Atomsnearthesurfaceof a
periodicallyrepeatedcell don't ”see” theotheratomsthough.This problemis solved
by paddingthecell with a layerof periodicmaterial.

Here, we illustrate how point classi�cation procedurescan be employed toward
thedefectsin thequenched(cooledstate)and�nite thermaltemperaturesrespectively.
Eachatomsite is visitedandtheatomis testedfor membershipin a defectensemble.
The classi�cationsensorfor this applicationis asfollows. We de�ne two conditions

���

(bondangleasabove) and
���

(numberof bondsasabove) to accuratelyclassify
bulk atoms. The conjunctionof the above two conditionsaswell asthe disjunction
areevaluatedfor all atomsites. The atomsiteswhich satisfytheconjunctionarethe
oneswhich de�nitely belongto thebulk. Thosethat satisfythedisjunctionwill with
somelikelihoodbelongto thebulk. Theremainingatomsitesarede�nitely partof the
defect.Suchatomsarereferredto asdefectatoms. Thedefectatomsarethenspatially
clusteredto aggregatetheseinto possibledefectstructures.Weempiricallyveri�ed that
this methodworks well even on noisy data. Figure3.4ashows a persistentstructure
at 1000K. The black atomsarethoseidenti�ed asdefectatoms. Figure3.4bshows
thesamestructurequenchedwith a �rst-principles approach;the quenchingremoves
thermalnoiseat a heavy computationalcost. The sameatomsare marked in both
structureswhichdemonstratesthis methodworksonnon-quenchedstructures.

In a large scalesimulationthe challengeis to isolateseparatedefectclusters. A
line is drawn connectingall defectatomsthat lie within 4 	A of eachother. Thus,a
clusteris comprisedof connecteddefectatoms,acomputationallyfastprocess.Figure
3.5shows two defectsembeddedin a 512atomlattice.

Remarks: The deploymentof aggregateclassi�cation techniquesfor MD datais
far from clear. This is still an active areaof research.The large numberof resulting
identi�ed structures(from the detetctionphase)mustbe sortedinto a smallersetof
distincttypes.Quenchingsolvesthis problembut is computationallyexpensive. In ad-
dition, somestructuresarestableonly athigh temperatures.Throughquenching,these
structuresarelost. Identifying timeaveragedstructuresis agreatchallenge.Occasion-
ally with noisydatatoo many or too few atomsaremarked. Figure3.6 demonstrates
thisproblem.Thesetwo structureshavedifferentnumbersof defectatomsmarked,yet
whenquenchedare the same. Additionally, we arestill exploring robust andviable
shapedescriptorsandmatchingalgorithmsfor MD data.
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Figure 3.4: Black atomsare defectatoms. Top is a structureidenti�ed at 1000K.
Bottomis thesamestructurequenchedusing�rst principles. Even thoughthe atoms
in the top structurearedisplaceddueto thermalnoise,thesameatomsaremarkedas
defectin bothstructures.

Figure3.5: Two separateddefects:blackatomsareonecluster, grey atomsaredifferent
cluster.
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Figure 3.6: Thesetwo structureshave a different numberof defectatomsmarked.
Whenquenchedhowever they arethesamestructure.

3.5 RelatedWork

Knowledgediscoveryanddatamining(KDD) refersto theoverallprocessof discover-
ing new patternsor building modelsfrom a givendataset.FundamentalKDD research
in the last decadehasprimarily focusedon: i) new techniquesto preprocess,mine
andevaluatethedata,ii) ef�cient algorithmsthat implementthesetechniques,andiii)
applicationsof abovetechniquesonbusinessapplications.

More recentlyresearchershave startedtackling the problemof mining scienti�c
datasets.In particularapproachesfor mining astronomical[Burl & et al1998],phys-
ical (�uid �o w) [Han, Karypis, & Kumar2001],biological [Wang& et al1997,Li &
Parthasarathy2001]and chemical [Dehaspe,Toivonen, & King1998] datasetshave
beenrecentlyproposedby variousresearchers.Few of the above methodsactually
accountfor the structuralor spatialpropertiesof the data. A straight-forwardappli-
cationof well-known data-miningtechniquesdoesnot alwaysyield themostef�cient
algorithms.

Computational�uid datasetshave received morescrutiny from visualizationand
data-miningresearchersthanfrom othercomputationaldomains.Signi�cant progress
hasbeenmadein the areaof identifying regions of swirling �o w. Algorithms de-
scribedin [Berdahl& Thompson1993,Banks& Singer1995,Jeong& Hussain1995,
Portela1997,Sujudi& Haimes1995,Jiang,Machiraju,& Thompson2002a,Jiang,Machi-
raju,& Thompson2002b,Jiangetal.2002submitted]demonstratetheability to identify
regionsof swirling �o w in complex three-dimensional�o w �elds.

Considerationof time-varying dataintroducesadditionalcomplexity throughthe
needfor trackingof features.Accordingto [Samtaney et al.1994], � ve distinct evo-
lutionaryeventscanoccurto featuresin scienti�c simulations:continuation,creation,
dissipation,bifurcation,andamalgamation.Eachof theseprocessesmustbeaccounted
for in thetrackingalgorithm.Thework in [Silver& Wang1997]is applicablefor gen-
eral three-dimensionaltracking of features. Other solutionsto this problemexploit
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hierarchicaldatastructures[Carr, Snoeyink, & Axen2000,Shen,Chiang,& Ma1999].

3.6 Summary

Thesteadyincreasein computingpower–especiallyfor scienti�c andengineeringproblems–
challengesourability to learnnew sciencefrom themassivedata.Most datamining is
donepostprocessing.Most resultingvisualizationproducesa few imagesor a video–
usuallyononelengthscaleanddisplayedat thetimescalere�ecting thecomputational
time step. Our two sciencedrivers,computational�uid dynamicsandmoleculardy-
namics– out of a muchlarger class– call for (1) near-synchronousanalysisand(2)
dataminingatmultiple lengthandtimescales.

Both driversraisecentral problemsthat the proposedmethodswill addresswith
novel approaches:

� Multiscale event detection

� Featuremining

� Shape-basedfeaturecharacterization and categorization

� Corr espondenceand tracking of featuresover time

� Mining for spatial and spatio-temporalpatterns

It shouldbe notedthat the needsof both of our sciencedriverscanbe addressed
by a commonintegratedapproach.Our sciencedriversarevery distinct andattempt
to characterizeverydiversephenomena.However, it shouldbenotedthatbothdrivers
have commonalitiesthat areexploited by the above setof proposedtechniques.We
conductedsomepreliminarywork in featuremining for both of our sciencedrivers.
The resultsobtainedhave beenvery encouraging.A systematicapproachto feature
mining wasconceivedto locateboth local andglobal features.However, muchmore
remainsto bedoneto realizethecompleteuni�ed framework. Thetemporaltracking
of featuresis receiving ampleattention.Similarly, weareconceiving a comprehensive
framework that will allow oneto derive appropriateassociationsbetweenthe occur-
renceof transitionaryeventsandthechangein featuredemographics.This framework
will alsoincludeenvironmentalparameterssuchastheunderlyinggeometry. Also, of
interestis the creationof tools which will control both the feature-anddata-mining
exercises.It is our belief thatour proposedframework is likely to garnernew insights
from massivesimulationdatasetsandallow for abetterunderstandingof theunderlying
physicalphenomena.
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