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Figure 1: Si systemwith a tri- interstitial defect (dataset 11) (a) Lattice with bulk and defect (b) Salient Iso-surfacewith ability to distinguish
between bulk and defect (c) An arbitrary slice of electron density data showing the shape of defect.

ABSTRACT

In this articlewe exploretechniqueso detectandvisualizefeatures
in datafrom moleculardynamics(MD) simulations.Althoughthe
techniquesproposedare general,we focus on silicon (Si) atomic
systemsThe rst setof methodause3D locationof atoms.Defects
are detectedand categorized using local operatorsand statistical
modeling. Our secondsetof exploratorytechniquesemploy elec-
tron densitydata. This datais visualizedto gleanthe defects.We
describaechniqueso automaticallydetecthesalientiso-valuesfor
iso-surficeextractionanddesigningransferfunctions.\& compare
andcontrasthe resultsobtainedfrom both sourcesf data.Essen-
tially, we nd thatthe methodsof defect(feature)detectionareat
leastasrobustasthosebasedn the explorationof electrondensity
for Si systems.
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1 INTRODUCTION

Scienti ¢ dataanalysisrangesfrom analyzingbiological datato
analyzinggeoplysical datasetsfrom analyzing uid o ws to an-
alyzing astroplysical obsenations. Direct numericalsimulations
are also being increasinglyusedto generatethe datasets. These
dataseta@reanalyzedo understandhe domain. In this article we
focus our attentionto datasetproducedby Molecular Dynamics
(MD) simulations. We seekto understandiefectdynamicsin Si
lattices. In semi-conductodevices,defectscanalterelectricaland
materialpropertiesof the device dramatically In laserdiodes,for
example, defectcanleadto darkcurrentsvhichreducedevice ef -
cieng/ andcanevencauselevicefailure. Knowledgeof defectsand
theirimpactis alsoextremelyimportantin devicefabrication.In the
front-endprocessinggxtendeddefectsdissole to createsmallin-
terstitialdefectclusterswhichenhancehediffusionof dopantsuch
asboronby threeordersof magnitudgnotadesirableeffect). Thus,
presencef defectsis oneof thelimiting factorsin device fabrica-
tion. Therefore to preciselycontrol the distribution of a dopantit
is importantto understanaf the extentandevolution of interstitial
defectsclusters.

Datasetproducedy MD simulationsareoftenverylargewhich
impedeseasyunderstandingSystematicstudyof defectscanpro-
ducea hugeamountof data. In typical silicon defectsimulations,
more than 120 million time stepsare generatedo studythe evo-
lution of single-or di-interstitial defectsin a lattice [8]. Manual
analysisto seekpoint defectsis cumbersomenderrorprone.The
other factorwhich limits humancapabilitiesto deduceusefulin-
formationis the presencef thermalnoiseandthe resultinguncer



tainty. Uncertaintyis inherentin almostall MD simulationsdata
givenround-of andassociategneasuremengrrors. This is espe-
cially trueof methodswvhich estimatdocationsof atomsin adefect
ensemble.

Retrieving useful information and draving conclusionsfrom
sucha large scalesimulationrequiresef cient andreliablefeature
mining methodgto searchandverify defectsgeneratedn the sim-
ulation. We describesomeof thosemethodsin this paper These
featuremining techniquesannotonly uncoverfundamentatiefect
nucleationandgrowth processesut alsoprovide essentiaparam-
eterstowardsthe modeling of macroscopigropertiesof materi-
als. This needis well recognizedn the semiconductomdustryas
evincedin its silicon road mapthatidenti es the short-andlong-
rangeproblemsnecessaryo continuallypackmoretransistorona
chip.

In this article we presenttwo techniquego explore featuresin
Si lattices. The featureswe areinterestecaredefects.The datawe
examineis derived from a singlesimulationexercisebasedon ab-
initio calculationdor varioussystemsThedatais composeaf two
partsnamelyi) thespatiallocationof atomsandii) electrondensity
in regularly partitionedlattices. We deploy two setsof methods
to gain understandin@boutthe inherentdefectsin the Si systems
underscrutiry.

The rst methodrelieson the domainknowledgeandstatistical
modelingto locateatomswhich constitutethe defects.Local oper
atorsare proposedafter analyzingdistribution of bondanglesand
bond lengths. Thesemeasurementare repletewith uncertainty
Hence thereis a needto verify or validatethe results.Oftenphysi-
cistsuseonly thedensitydatato visualizethe atomsandanomalies
in the bulk. Whereasjn reality they really needthe locationand
thecon gurationof atoms.Thepremiseof this paperis therefore to
demonstatethe utility of visualizationtechniquesin validatingthe
featue detectionexercise However aswe shallsoonshaw, visual-
izationwithout suitableanalytictoolswill notsufce. We describe
appropriateanalysisof datato gleanusefulinformation.We expect
to seethe defectin samespatial position using both techniques.
Essentiallywe wish to gain con dencein the featuredetectionex-
erciseand henceresortto visualizingthe results. Figure 1 shavs
thelattice,iso-surbiceandslicing results.We explain thesemages
laterin thearticle.

The contritutions of this applicationcasestudy arethe follow-

ing:

1. Detectionof defectshasedon domain knowledgeand sta-
tistical modeling.

2. Useof visualization tools for veri cation of defectdetec-
tion process.

3. Determination of salientiso-valuesthat bestdescribethe
defect.

We usethreedatasetslepictingthe presencef threedistinctde-
fects. Eachdatasehasa 67-atomlattice con guration. Thelattice
is partitionedin a112 112 112regulargrid. Electrondensityis
calculatedat eachgrid point usingthe ViennaAb-intio Simulation
Package(VASP) suite [12]. The rst and seconddataseteach
have a single tri-interstitial defect,we referto themasIl and|2
respectiely. The defectsin eachof the two datasetsareof differ-
enttypesandpossessery differentshapesOn the otherhand,the
third datasetP1, includestwo distinctdefectstructures.

The paperis structuredas follows. Relatedwork is discussed
in Section2. Section3 providesan overview of MD simulations,
while Section4 explainsthe generatiorof abore mentionedocal
operators.Visualizationtechniqueslevelopedfor MD simulations
aredescribedn Section5. Finally, in Section 6 we summarizeour

ndings anddescribeour plansfor thefuture.

2 PREVIOUSWORK

Traditionally, physicistshave usedgroundstateenegy andelectro-
staticpotentialto nd defectdn alattice.In [6, 18] ab-initio meth-
odswereusedto locateinterstitialdefectsn asiliconlattice. These
methodsexploit anomaliesin the enegy/potential elds available
at all pointsin the lattice. The calculationand analysisof elec-
trostaticenegiesand potentialis very time consuming.The most
relevant work is embodiedin an approachcalled commonneigh-
bor analysis(CM\) [5, 10]. CNA strivesto gleanthecrystallization
structuredn lattices. As the nameCNA implies, the methodtakes
into accounthenumberof neighborof eachatomandanalyzeshe
eld data.However, the effectivenesof this approachis limited by
the fact that numberof neighborsalone cannotcaptureall (geo-
metrical) propertiesespeciallyat high temperaturesMoreover, the
CNA approachdoesnot accountfor noiseeffectsin suchdata. In
[14,15], we presented framenork for detectiorandclassi cation
of featuresn datafrom uid andMD simulations.The framevork
emphasize®n the useof shapeand structureof the features(de-
fects)for classi cationandtracking.
Visualizationtechniqueshave relied on generatingvideo clips
thatdepictthe animatednovementof atomsin a givensystem.In
[3] aMPEG-basednethodwasproposedo visualizeandgenerate
theanimationsfor MD simulations.Recently new techniqueghat
do not necessarilyrely on animationalonehave beenproposedo
visualizethe 3D atomicdata.Varshng andhis associatesereone
of the rst to exploit visualizationtechniques[1, 2] towardsun-
derstandinghe structureandform of molecularstructuresSmooth
surfacegepresentindgorce elds werecomputedandvisualizedus-
ing contouringmethods Ontheotherhand Levoy proposedheuse
of speciattransferfunctionsto volumerendemolecularensembles
[13]. Otherefforts have tamgetedspeci ¢ atomicandmolecularsys-
tems. In [17] a methodwas proposedto visualize biochemical
data. Additionally, several software applicationtoolkits alsohave
beenofferedfor useby researchersVisual Molecular Dynamics
(VMD) [9, 16]1 is onesuchsoftware packagethat allows the ma-
nipulationandvisualizationof atomsin realtime. However, visu-
alizationalonecannot uncover importantfeatures. Hence thereis
astrongneedto couplevisualizationtechniquesvith dataanalysis.
In [4] statisticalanalysisof datawas conductedo gleanvarious
sub-structuresOur work reportedhereis similarin essence.

3 BACKGROUND

Thekey compleity of realmaterialsfor commerciabpplicationdgs
notthatthey aredefectedn thetrivial senseof beingimperfector
impure,but ratherthattheir materialpropertiedepenctritically on
theirnonideality As anexample theenhancediiffusionof dopants
in the presencef extendedf 311g defect$ in silicon is a limiting
factorin the fabricationof shallav junction devices [7]. Our ob-
jective is to mine suchdatasetso aid in the discovery of rulesthat
governnucleationanddefectgrowth. To do sowe musteffectively
detectandvisualizedefects.We now de ne somerelevantaspects
of MD simulations.

Lattice: A latticeis an arrangemenof pointsor particlesor
objectsin a regular periodic patternin 3 dimensions. Consider
the simple ssilicon lattice in Figure 2a. The “atoms”, are denoted
by circles, stahilizedby “bonds” denotedby cylindersconnecting
the atoms. The bondsstrive to presere boththelattice spacingof
2:36A betweeratomsandthe dihedralanglesof 10928 It should
be notedthat only a portion of the “in nite” lattice is shavn. A
perfector ideallatticeis composeaf only “bulk” atoms.

Lhttp:/Avwwks. uiuc.edu/Research/vmd/
2pointdefectwhich evolvesto extendthroughthelattice.
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Figure 2: (a) Original lattice with repeating structure marked (b)
Lattice with one tri-interstitial defect

Repeating Structure: A repeatingstructureis setof atoms
which arerepeatedn preferreddirectionsto form the bulk lattice.
This structurefor Si systemis composedf 5 atomsorganizedasa
tetrahedronwith 4 atomsconnectedo a single centralatomwith
bond length of 2:36A anddihedralangleof 10928 . Figure 2a
shavs a bulk lattice with a speci ¢ repeatingstructureshadedlif-
ferently

Defect: Consideraddinga single atom to the lattice. The
bondsbetweernthe extra atomandotheratomsstrive to satisfythe
lattice parametersas describedabove. Figure 2b shavs one such
latticewith oneextraatom.Notethatthe darkshadedatomsdo not
follow theregulartetrahedrastructure While this defectnolonger
hasthe symmetryof theoriginal simplesquardattice,we canupon
visualinspectionof, recognizethe atomsthatseemto bedisplaced
as“defect” atoms.

Multi-defects lattice:  Real challengesarise with multiple
defectsin a lattice thatcanthenform even moreextendeddefects.
Considerfor simplicity two extra interstitial defectsaddedto the
crystalthatform disconnectedefects.Figure3 illustratestwo pos-
sible defects:in the lower left andupperright cornersrespectrely
of a512-atonlattice. Thedifferentshadesgain represenseparate
anddistinctdefects.

Electron Density: Thelocationof anelectronis not x ed,but
is insteaddescribedby a probability densityfunction. The sumof
the probability densitiesof all the electronsn aregionis the elec-
trondensityin thatregion. Thedensityfunctiondescribesheprob-
ability of nding anelectronaroundnucleus.This datais generated
by usingViennaAb-intio Simulation Package(VASP) [11, 12] 3.
VASP is a packagefor performingab-initio quantum-mechanical
moleculardynamics(MD) throughthe solution of integral equa-
tions. Thelatticeis partitionedinto aregulargrid andelectronden-
sity is calculatecat eachgrid point.

4 DEFECT DETECTION USING LOCAL OPERATORS

In this sectionwe describedefectdetectionbasedupon statistical
modeling. Theideais intuitive andsimple: rst identify the bulk

atoms;therestaredefectatoms.ldenti cation of bulk atomcanbe
doneby checkingthe bondlengthsandbondanglesit forms with

otheratoms.Fromexisting literaturein materialsciencesit is easy
to obtaintheserules. Theseruleswill work in the caseof noise-
free lattices. However this is not the casewhen simulationsare
conductedat highertemperaturesd\Next we describehemethodgo

modelthenoisein discovery of rules.

Shttp://cms.mpi.uniie.ac.at/asp

Figure 3: Two sepaate defectsin same lattice

As notedabove, thesepreciserules cannotbe directly usedfor
formulatingrulesto de ne thedefectgiventhe noise.To gleanthe
rules,we generate histogramof thebondanglesandbondlengths
of severalsiliconlattices.As shavn in Figure4, thedistributionfol-
lows the Normalwith meanvaluesvery closeto theideal valuesof
bondangleandlengthaslistedin Section3. Sincethe defectatoms
arerelatively rare,we canconsiderthemto be outliers. A simple
methodfor detectingoutlierswithin a normaldistribution is to use
the 95% two-sidedcon denceinterval of the distribution. Under
the Normal distribution, 95% of datalies between 2s, therefore
we obtainthefollowing two relaxedrulesfor silicon[14]:

1. R1: All bondangleswith neighborsshouldlie in theinterval
90 130.

2. R2: Eachatom should form exactly 4 bondswith a bond
length 2:6A.

UnlikeR1, ruleR2 only imposesanupperboundbecauséwo
atomscannotget much closerto eachotherdueto the pres-
enceof electrostatidorces.

Theserulesareappliedlocally to eachatomin every framegen-
eratedby the simulationdata. All atomswhich fails eitherone of
therulesis labeleda defectatom.

4.1 Segmentationof defects

Therulesdescribedabore arelocal operatorsvhich only markthe
defectatoms. However sincetherecanbe several defectsin a lat-
tice, an additionalstepis neededo group defectatomsin oneor
moreconnectedubstructuregdefects).Input to this stageis a list
of defectatomsalongwith their locations.We startwith oneatom
at randomfrom this list andidentify ary neighborsto this atom
within a distanceof eA from this atom. Eachof theseneighbors
repeatedlyidenti es its neighborsuntil there are no additionsto
the connectedsubstructureThis defectsubstructur@ndthelist of
atomsit is composef aredeletedfrom the original list of atoms,
andis labeleda defect. If thereareary moreatomsin the original
list, this processs repeatedintil all defectsarefound.

We usetheupperboundof RuleR2 for thevalueof theparameter
e. The nal resultof this stepdoesnot dependon the choiceof
theinitial atom. Figure3 shavs two detectedlefectsembeddedn
512-atomlattice. Thedifferentshadesgain represenseparatand
distinctdefects Howeverthereis a strongneedto verify theresults.
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Figure 4: (a) Distribution of bond length (b) Distribution of bond angles

5 DEFECT VERIFICATION USING VISUALIZATION

A simplevisualizationusingstandardso-suraceor transferfunc-
tion techniguess not helpful without someknowledgeof theprop-
ertiesof thesystembeingvisualized.Notetheambiguousesultsin

Figure5. We usethe standardinearrampusedasopacitytransfer
functionto renderthis volume. The positionof the defectstructure
cannotbeeasilyascertainedby visually inspectingheimage.How

doesonepick anappropriatéso-valueandan appropriateransfer
function?We canlearnfrom the dataanddomainknowledgeavail-

ableto usto betterunderstandhe behaior of this scalar eld We
planto analyzethe electrondensityto discover the meaningfuliso-
value(s)anddevelopthetransferfunctionsfor bettervisualization.

Figure 5: Dataset I1 volume renderedusing the common ramp Trans-
fer Function

Levoy [13] proposedhe useof transferfunctionsthatvary with
distancefrom the grid points. Let us rst examinethe variationof
electrondensityto seeif thereis ary trendwe canexploit. Theelec-
tron densityis maximumat the actualspatialpositionof atomand
decreaseaswe move away from the atomtowardsanotheratom.
At somepointthe densityagain startsto increaseandreachesnax-
imum atspatiallocationof otheratom. This behaior is well exhib-
ited by ary two bulk atoms.However, the electrondensityaround
the defectatomsdo not follow theserules. This anomaloubeha-
ior canbe explainedconsideringhefactthatdensityis not a local
propertybetweertwo atoms.lt is affectedby thepresencef neigh-

boringatoms.Sincein adefectthepositionsof atomsdo notfollow

a regular geometry the densityfunction deviatesfrom the normal
behaior. Figure6ashavs the changen densitybetweertwo bulk

atomsandFigure6bshavsthebehaior betweerdefectatoms.One
cancapturethis variationof electrondensityby designingtransfer
functionsthatchangein boththe dataspaceandthe embeddectu-
clideanspace.However, we chooseto usea simpleryet effective

methodfor this effort. Our intentis to provide simpleyet effec-

tive toolsthata physicistcanusein atangiblemanner Therefore,
we chooseto determinethe salientiso-valuethat candiscriminate
betweendefectandbulk. We now describean analyticmethodto

detectthedefect.

5.1 Iso-value Analysis

Iso-surficingis a commontechniqueto visualizethe data. How-
ever the mostdif cult partis to nd the correctiso-value so that
the transitionpoint is well captured. The salientiso-valueif de-
tectedcorrectlyshoulddepictthe defect.Oncethis iso-valueis de-
termined,we canuseit to extractsigni cant iso-surbicesandeven
useit for constructingransferfunctions.Next we presenamethod
to automaticallynd thecorrectiso-valuefor this problem.

Sincetherearetwo surfacesnamelybulk anddefectpresentin
samevolume,thereshouldexist somescalarvaluewhereboththe
surfacescanbe seen.Our methodtriesto nd that“special” value
by analyzingthe distribution (histograms)of the electrondensity
scalar eld. We divide the scalar eld into N bins. The histogram
is rst smoothedusing an Gaussiarkernel of appropriatewidth.
Figure7(a) shavs the original histogramwhile Figure7(b) shavs
smoothewrersion.ThesmoothedhistogramSy is thentransformed
into thefrequeng domainusingthefastFouriertransform(FFT)to
obtainFy. Sincewe wishto retainthe high frequeny components
of the histogram we constructthe following exponentialfunction
thatseneswell asaband-pasdter .

G(i) = exp( 25%)=i2
wherei 2 [1:::N] ands is constanscalingfactorin frequeny
domain

F4 isthenconvolvedwith G to obtainCy. This corvolutionam-
pli es thehighfrequeng componentAn inverseFouriertransform
is thenappliedto Cy to obtaineda highly enhancedhistogram Fig-
ure7(c) shavs the histogramaftertheinverseFFT.

Oneshouldnoticethe dramaticchangen the shapeof the his-
togram. We believe thatthe valuesof electrondensityin the bins



spanninghelargechangencludethesalientiso-value. Thebinsse-
lectedfor inspectiorarethosewherethe curvatureof the histogram
is large. Finally, the valuesin the binsareaveragedo geta single
iso-value.

Pleasenotethatthe changeoccursin bins15and16 respectiely
andthatthe averageiso-valuein thesebinsis around450. Figure9
shaws the iso-surbcefor iso-valueslessthan,equalto andgreater
thanthe automaticallydeterminedso-value. It is clearfrom the
renderedmagesfor iso-valueslessthanthe salientiso-value that
the defectsurfacesare hardto distinguish. Sameis true for iso-
valuesgreaterthanthe transitioningsalientiso-value. However, at
the thresholdedsalientiso-value the defectstructureis well sepa-
ratedandeasilydistinguishable.

5.2 Transfer Functionsfor Volume Rendering

We now usethe derived iso-value to constructappropriateopac-
ity transferfunctions. Theintuition is thatsinceat someparticular
iso-valuebulk anddefectcanbedistinguishedall the pointsat that
iso-valueshouldhave highestopacityandotherdatavaluesshould
be assignedower valuesof opacity Therefore,n effect the opac-

ity shouldbe highestat this iso-valueandthengraduallydecrease.

The relevant questionis “how shouldthe opacity decreasén the
dataspace?” While calculatingtheiso-valuewe averageall scalar
valueswhichlie in binsacrosswhichthetransitiontakesplace.We
assigrtheopacityfor all othergrid pointsto asmallconstantalue.
For points correspondingo iso-valuesin thesebins our transfer
functionis a Gaussiarwith m= iso-valueands = standardievia-
tion of all scalarvaluesin thebin spanninghetransition.Figure8a
shaws the transferfunction and Figure 8b shavs the volumeren-
deredusingthetransferfunction.

It should be noted that althoughwe did not incorporateary
distance-basedariationin the transferfunctions,the resultingim-
agesarequitetelling.

6 DISCUSSION

Figure 1a shaws the detecteddefectin dataseil. Figure 1b and
Figure 1c show the iso-surficeat the salientiso-value and an ar-
bitrary slice for our datasetl. Figure8 shaws the transferfunc-
tion andvolumerenderedusingthattransferfunctionfor the same
datasetFigure11 shavs samethreeresultsfor our seconddataset
12. Pleasenotethatthe defectstructureis split at boundaryin 12.
Ourapproacthandlegheboundanby assuminghatthelatticeun-
der scrutiry extendsperiodicallyin the directionsof the Principal
Cartesiaraxes.

Figure 10a shaws the original datasetD1 lattice with defect
atomsmarked. Figure 10b and Figure 10c depictthe resultsfrom
slicing andvolumerenderinghe dataseD1 respectiely. Theslice
shaws only onedefect,the otherdefectis visible at anotherslicing
angle. All thesevisualizationsare conductedor electrondensity
dataof the samelattice. The defectscan be seenvery easilyin
volumerendering.Onceagain, the transferfunctionis constructed
basednthederivediso-value.

In all threedataset®ur local operatorsareableto correctlylo-
catedefects. Also multiple defectsare correctly sggmented.Note
the shapeof the defects. The shapeof the detecteddefectsis very
similar to the shapegleanedrom imagesobtainedfrom a slicing
operationandvolumerendering. The similarity is extremelyhigh
for our rst dataset(Figuré). Thedefectin our rst datasets very
compactandwell connectedindhencethe closenessf thetwo re-
sults. In the othertwo casesthe defectsarelarger However, the
shapes well capturedby all methodof visualization.Further the
defectsarealsolocatedat the samespatiallocations.

Theseobserationsvalidate our premisethat our segmentation
approachmarksthe correctatomsasdefects. The MD simulation

dataoffers mary advantageso both the physicist andthe visual-
ization professional.Local operatorsareeasyto apply andfurther
thetime andspace-complety of thenecessargperationss small.
Considerthis - a lattice has67 atomswith eachatomrepresented
by x, y andz coordinates Thus,thereexists67 3 oating points.
However, for the electrondensitydatathe sizeof a collectionmea-
suresto 112 112 112 oats. Also, local operatorsdirectly pro-
vide the defectatomsandnot animage.Otherdatasourcegequire
pre-processinge.g., nding iso-valuesor the correctslice orienta-
tion). However, thesetechniquegrovide a solid andreliableway
for verifying ourapproach.

For thefuturewe will considedarger Si systemsMoreover, we
plan to studyevolution of defectsin titanium alloy systems.The
unit cell is dramaticallydifferentand new defectruleshave to be
discovered. Additionally, we planto furtherinvestigatethe design
of transferfunctionsthatvary with distance.
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Figure 7: (a) Original Distribution (b) Smoothed Distribution (c) Band Pass Distribution
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Figure 8: Dataset 11 (a) Transfer Function derived using iso-value (b) Volume RenderedImage using the transfer function
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Figure 9: Dataset I1 (a) iso-surfacebefore the transition point (b) At the transition point (c) After the transition Point

(b) (©
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Figure 11: Dataset 12 (a) Original marked lattice (b) Slicing (c) Volume rendering
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