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Figure 1: Si systemwith a tri- interstitial defect (dataset I1) (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 thisarticleweexploretechniquesto detectandvisualizefeatures
in datafrom moleculardynamics(MD) simulations.Althoughthe
techniquesproposedaregeneral,we focuson silicon (Si) atomic
systems.The�rst setof methodsuse3D locationof atoms.Defects
are detectedand categorizedusing local operatorsand statistical
modeling. Our secondsetof exploratorytechniquesemploy elec-
tron densitydata. This datais visualizedto gleanthedefects.We
describetechniquestoautomaticallydetectthesalientiso-valuesfor
iso-surfaceextractionanddesigningtransferfunctions.Wecompare
andcontrasttheresultsobtainedfrom bothsourcesof data.Essen-
tially, we �nd that themethodsof defect(feature)detectionareat
leastasrobustasthosebasedon theexplorationof electrondensity
for Si systems.
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1 I NTRODUCTI ON

Scienti�c dataanalysisrangesfrom analyzingbiological data to
analyzinggeophysical datasets,from analyzing�uid �o ws to an-
alyzing astrophysical observations. Direct numericalsimulations
are also being increasinglyusedto generatethe datasets.These
datasetsareanalyzedto understandthedomain. In this articlewe
focus our attentionto datasetsproducedby Molecular Dynamics
(MD) simulations. We seekto understanddefectdynamicsin Si
lattices.In semi-conductordevices,defectscanalterelectricaland
materialpropertiesof thedevice dramatically. In laserdiodes,for
example,defectscanleadto darkcurrentswhichreducedeviceef�-
ciency andcanevencausedevicefailure.Knowledgeof defectsand
theirimpactis alsoextremelyimportantin devicefabrication.In the
front-endprocessing,extendeddefectsdissolve to createsmall in-
terstitialdefectclusters,whichenhancethediffusionof dopantsuch
asboronby threeordersof magnitude(notadesirableeffect). Thus,
presenceof defectsis oneof the limiting factorsin device fabrica-
tion. Therefore,to preciselycontrol thedistribution of a dopantit
is importantto understandof theextentandevolutionof interstitial
defectsclusters.

Datasetsproducedby MD simulationsareoftenverylargewhich
impedeseasyunderstanding.Systematicstudyof defectscanpro-
ducea hugeamountof data. In typical silicon defectsimulations,
more than120 million time stepsaregeneratedto study the evo-
lution of single-or di-interstitial defectsin a lattice [8]. Manual
analysisto seekpoint defectsis cumbersomeanderror-prone.The
other factorwhich limits humancapabilitiesto deduceuseful in-
formationis thepresenceof thermalnoiseandtheresultinguncer-



tainty. Uncertaintyis inherentin almostall MD simulationsdata
given round-off andassociatedmeasurementerrors. This is espe-
cially trueof methodswhichestimatelocationsof atomsin adefect
ensemble.

Retrieving useful information and drawing conclusionsfrom
sucha largescalesimulationrequiresef�cient andreliablefeature
mining methodsto searchandverify defectsgeneratedin thesim-
ulation. We describesomeof thosemethodsin this paper. These
featureminingtechniquescannotonly uncover fundamentaldefect
nucleationandgrowth processesbut alsoprovide essentialparam-
eterstowardsthe modelingof macroscopicpropertiesof materi-
als. This needis well recognizedin thesemiconductorindustryas
evincedin its silicon roadmapthat identi�es the short-andlong-
rangeproblemsnecessaryto continuallypackmoretransistorsona
chip.

In this article we presenttwo techniquesto explore featuresin
Si lattices.Thefeatureswe areinterestedaredefects.Thedatawe
examineis derived from a singlesimulationexercisebasedon ab-
initio calculationsfor varioussystems.Thedatais composedof two
partsnamelyi) thespatiallocationof atomsandii) electrondensity
in regularly partitionedlattices. We deploy two setsof methods
to gain understandingaboutthe inherentdefectsin theSi systems
underscrutiny.

The�rst methodrelieson thedomainknowledgeandstatistical
modelingto locateatomswhich constitutethedefects.Local oper-
atorsareproposedafter analyzingdistribution of bondanglesand
bond lengths. Thesemeasurementsare repletewith uncertainty.
Hence,thereis aneedto verify or validatetheresults.Oftenphysi-
cistsuseonly thedensitydatato visualizetheatomsandanomalies
in the bulk. Whereas,in reality they really needthe locationand
thecon�gurationof atoms.Thepremiseof thispaperis thereforeto
demonstratetheutility of visualizationtechniquesin validatingthe
feature detectionexercise. However aswe shallsoonshow, visual-
izationwithout suitableanalytictoolswill not suf�ce. We describe
appropriateanalysisof datato gleanusefulinformation.Weexpect
to seethe defect in samespatialposition using both techniques.
Essentiallywe wish to gain con�dencein thefeaturedetectionex-
erciseandhenceresortto visualizingthe results. Figure1 shows
thelattice,iso-surfaceandslicing results.We explain theseimages
laterin thearticle.

The contributionsof this applicationcasestudyarethe follow-
ing:

1. Detectionof defectsbasedon domain knowledgeand sta-
tistical modeling.

2. Useof visualization tools for veri�cation of defect detec-
tion process.

3. Determination of salient iso-valuesthat best describethe
defect.

Weusethreedatasetsdepictingthepresenceof threedistinctde-
fects.Eachdatasethasa 67-atomlatticecon�guration. Thelattice
is partitionedin a112� 112� 112regulargrid. Electrondensityis
calculatedat eachgrid point usingtheViennaAb-intio Simulation
Package(VASP) suite [12]. The �rst and seconddataseteach
have a single tri-interstitial defect,we refer to themas I1 and I2
respectively. Thedefectsin eachof the two datasetsareof differ-
enttypesandpossessvery differentshapes.On theotherhand,the
third dataset,D1, includestwo distinctdefectstructures.

The paperis structuredas follows. Relatedwork is discussed
in Section2. Section3 providesan overview of MD simulations,
while Section4 explainsthe generationof above mentionedlocal
operators.Visualizationtechniquesdevelopedfor MD simulations
aredescribedin Section5. Finally, in Section 6 wesummarizeour
�ndings anddescribeourplansfor thefuture.

2 PREVI OUS WORK

Traditionally, physicistshaveusedgroundstateenergy andelectro-
staticpotentialto �nd defectsin a lattice. In [6, 18] ab-initiometh-
odswereusedto locateinterstitialdefectsin asilicon lattice.These
methodsexploit anomaliesin the energy/potential�elds available
at all points in the lattice. The calculationand analysisof elec-
trostaticenergiesandpotentialis very time consuming.Themost
relevant work is embodiedin an approachcalledcommonneigh-
boranalysis(CNA) [5, 10]. CNA strivesto gleanthecrystallization
structuresin lattices.As thenameCNA implies,themethodtakes
into accountthenumberof neighborsof eachatomandanalyzesthe
�eld data.However, theeffectivenessof thisapproachis limited by
the fact that numberof neighborsalonecannotcaptureall (geo-
metrical)propertiesespeciallyat high temperatures.Moreover, the
CNA approachdoesnot accountfor noiseeffectsin suchdata. In
[14, 15], we presenteda framework for detectionandclassi�cation
of featuresin datafrom �uid andMD simulations.Theframework
emphasizeson the useof shapeandstructureof the features(de-
fects)for classi�cationandtracking.

Visualizationtechniqueshave relied on generatingvideo clips
thatdepicttheanimatedmovementof atomsin a givensystem.In
[3] a MPEG-basedmethodwasproposedto visualizeandgenerate
theanimationsfor MD simulations.Recently, new techniquesthat
do not necessarilyrely on animationalonehave beenproposedto
visualizethe3D atomicdata.Varshney andhisassociateswereone
of the �rst to exploit visualizationtechniques [1, 2] towardsun-
derstandingthestructureandform of molecularstructures.Smooth
surfacesrepresentingforce�elds werecomputedandvisualizedus-
ing contouringmethods.Ontheotherhand,Levoy proposedtheuse
of specialtransferfunctionsto volumerendermolecularensembles
[13]. Othereffortshavetargetedspeci�c atomicandmolecularsys-
tems. In [17] a methodwas proposedto visualizebiochemical
data. Additionally, several softwareapplicationtoolkits alsohave
beenoffered for useby researchers.Visual MolecularDynamics
(VMD) [9, 16]1 is onesuchsoftwarepackagethat allows the ma-
nipulationandvisualizationof atomsin real time. However, visu-
alizationalonecannot uncover importantfeatures.Hence,thereis
astrongneedto couplevisualizationtechniqueswith dataanalysis.
In [4] statisticalanalysisof datawasconductedto gleanvarious
sub-structures.Ourwork reportedhereis similar in essence.

3 BACK GROUND

Thekey complexity of realmaterialsfor commercialapplicationsis
not that they aredefectedin thetrivial senseof beingimperfector
impure,but ratherthattheirmaterialpropertiesdependcritically on
theirnonideality. As anexample,theenhanceddiffusionof dopants
in thepresenceof extendedf 311g defects2 in silicon is a limiting
factorin the fabricationof shallow junction devices [7]. Our ob-
jective is to minesuchdatasetsto aid in thediscovery of rulesthat
governnucleationanddefectgrowth. To do sowe musteffectively
detectandvisualizedefects.We now de�ne somerelevantaspects
of MD simulations.

Lattice: A lattice is an arrangementof pointsor particlesor
objectsin a regular periodic patternin 3 dimensions. Consider
the simplesilicon lattice in Figure2a. The “atoms”, aredenoted
by circles,stabilizedby “bonds” denotedby cylindersconnecting
theatoms.Thebondsstrive to preserve both the latticespacingof
2:36	A betweenatomsandthedihedralanglesof 109:28� It should
be notedthat only a portion of the “in�nite” lattice is shown. A
perfector ideallatticeis composedof only “bulk” atoms.

1http://www.ks.uiuc.edu/Research/vmd/
2Pointdefectwhichevolvesto 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 arerepeatedin preferreddirectionsto form thebulk lattice.
This structurefor Si systemis composedof 5 atomsorganizedasa
tetrahedron,with 4 atomsconnectedto a singlecentralatomwith
bond length of 2:36	A and dihedralangleof 109:28� . Figure 2a
shows a bulk latticewith a speci�c repeatingstructureshadeddif-
ferently.

Defect: Consideradding a single atom to the lattice. The
bondsbetweentheextra atomandotheratomsstrive to satisfythe
lattice parametersasdescribedabove. Figure2b shows onesuch
latticewith oneextraatom.Notethatthedarkshadedatomsdonot
follow theregulartetrahedralstructure.While thisdefectno longer
hasthesymmetryof theoriginalsimplesquarelattice,wecanupon
visual inspectionof, recognizetheatomsthatseemto bedisplaced
as“defect” atoms.

Multi-defects lattice: Real challengesarise with multiple
defectsin a lattice thatcanthenform evenmoreextendeddefects.
Considerfor simplicity two extra interstitial defectsaddedto the
crystalthatform disconnecteddefects.Figure3 illustratestwo pos-
sibledefects:in thelower left andupperright cornersrespectively
of a512-atomlattice.Thedifferentshadesagain representseparate
anddistinctdefects.

Electron Density: Thelocationof anelectronis not�x ed,but
is insteaddescribedby a probabilitydensityfunction. Thesumof
theprobabilitydensitiesof all theelectronsin a region is theelec-
trondensityin thatregion. Thedensityfunctiondescribestheprob-
ability of �nding anelectronaroundnucleus.Thisdatais 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 a regulargrid andelectronden-
sity is calculatedateachgrid point.

4 DEFECT DETECTI ON USI NG L OCAL OPERATORS

In this sectionwe describedefectdetectionbaseduponstatistical
modeling. The ideais intuitive andsimple: �rst identify the bulk
atoms;therestaredefectatoms.Identi�cation of bulk atomcanbe
doneby checkingthe bondlengthsandbondanglesit forms with
otheratoms.Fromexisting literaturein materialsciences,it is easy
to obtain theserules. Theseruleswill work in the caseof noise-
free lattices. However this is not the casewhen simulationsare
conductedathighertemperatures.Next wedescribethemethodsto
modelthenoisein discoveryof rules.

3http://cms.mpi.univie.ac.at/vasp

Figure 3: Two separate defects in same lattice

As notedabove, thesepreciserulescannotbe directly usedfor
formulatingrulesto de�ne thedefectgiventhenoise.To gleanthe
rules,wegenerateahistogramof thebondanglesandbondlengths
of severalsiliconlattices.As shown in Figure4, thedistributionfol-
lows theNormalwith meanvaluesverycloseto theidealvaluesof
bondangleandlengthaslistedin Section3. Sincethedefectatoms
arerelatively rare,we canconsiderthemto be outliers. A simple
methodfor detectingoutlierswithin a normaldistribution is to use
the 95% two-sidedcon�denceinterval of the distribution. Under
theNormaldistribution, 95%of datalies between� 2s , therefore
weobtainthefollowing two relaxedrulesfor silicon [14]:

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

2. R2: Each atom should form exactly 4 bondswith a bond
length� 2:6 	A.

UnlikeR1, ruleR2 only imposesanupperboundbecausetwo
atomscannotget muchcloserto eachotherdueto the pres-
enceof electrostaticforces.

Theserulesareappliedlocally to eachatomin every framegen-
eratedby the simulationdata. All atomswhich fails eitheroneof
therulesis labeledadefectatom.

4.1 Segmentationof defects

Therulesdescribedabove arelocal operatorswhich only markthe
defectatoms.However sincetherecanbeseveraldefectsin a lat-
tice, an additionalstepis neededto groupdefectatomsin oneor
moreconnectedsubstructures(defects).Input to this stageis a list
of defectatomsalongwith their locations.We startwith oneatom
at randomfrom this list and identify any neighborsto this atom
within a distanceof e 	A from this atom. Eachof theseneighbors
repeatedlyidenti�es its neighborsuntil thereare no additionsto
theconnectedsubstructure.This defectsubstructureandthelist of
atomsit is composedof aredeletedfrom theoriginal list of atoms,
andis labeleda defect.If thereareany moreatomsin theoriginal
list, thisprocessis repeateduntil all defectsarefound.

Weusetheupperboundof RuleR2 for thevalueof theparameter
e. The �nal resultof this stepdoesnot dependon the choiceof
theinitial atom.Figure3 shows two detecteddefectsembeddedin
512-atomlattice.Thedifferentshadesagain representseparateand
distinctdefects.Howeverthereis astrongneedto verify theresults.
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Figure 4: (a) Distribution of bond length (b) Distribution of bond angles

5 DEFECT VERI FI CATI ON USI NG V I SUAL I ZATI ON

A simplevisualizationusingstandardiso-surfaceor transferfunc-
tion techniquesis nothelpfulwithoutsomeknowledgeof theprop-
ertiesof thesystembeingvisualized.Notetheambiguousresultsin
Figure5. We usethestandardlinearrampusedasopacitytransfer
functionto renderthis volume.Thepositionof thedefectstructure
cannotbeeasilyascertainedby visually inspectingtheimage.How
doesonepick anappropriateiso-valueandanappropriatetransfer
function?Wecanlearnfrom thedataanddomainknowledgeavail-
ableto us to betterunderstandthebehavior of this scalar�eld We
planto analyzetheelectrondensityto discover themeaningfuliso-
value(s)anddevelopthetransferfunctionsfor bettervisualization.

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

Levoy [13] proposedtheuseof transferfunctionsthatvary with
distancefrom thegrid points. Let us �rst examinethevariationof
electrondensityto seeif thereis any trendwecanexploit. Theelec-
tron densityis maximumat theactualspatialpositionof atomand
decreasesaswe move away from the atomtowardsanotheratom.
At somepoint thedensityagainstartsto increaseandreachesmax-
imumatspatiallocationof otheratom.Thisbehavior is well exhib-
ited by any two bulk atoms.However, theelectrondensityaround
thedefectatomsdo not follow theserules.This anomalousbehav-
ior canbeexplainedconsideringthefact thatdensityis not a local
propertybetweentwo atoms.It is affectedby thepresenceof neigh-

boringatoms.Sincein adefectthepositionsof atomsdonot follow
a regular geometry, the densityfunction deviatesfrom the normal
behavior. Figure6ashows thechangein densitybetweentwo bulk
atomsandFigure6bshowsthebehavior betweendefectatoms.One
cancapturethis variationof electrondensityby designingtransfer
functionsthatchangein boththedataspaceandtheembeddedeu-
clideanspace.However, we chooseto usea simpleryet effective
methodfor this effort. Our intent is to provide simpleyet effec-
tive tools thata physicistcanusein a tangiblemanner. Therefore,
we chooseto determinethesalientiso-valuethat candiscriminate
betweendefectandbulk. We now describean analyticmethodto
detectthedefect.

5.1 Iso-valueAnalysis

Iso-surfacing is a commontechniqueto visualizethe data. How-
ever the mostdif�cult part is to �nd the correctiso-valueso that
the transitionpoint is well captured. The salientiso-value if de-
tectedcorrectlyshoulddepictthedefect.Oncethis iso-valueis de-
termined,we canuseit to extractsigni�cant iso-surfacesandeven
useit for constructingtransferfunctions.Next wepresentamethod
to automatically�nd thecorrectiso-valuefor thisproblem.

Sincetherearetwo surfacesnamelybulk anddefectpresentin
samevolume,thereshouldexist somescalarvaluewhereboth the
surfacescanbeseen.Our methodtries to �nd that “special” value
by analyzingthe distribution (histograms)of the electrondensity
scalar�eld. We divide thescalar�eld into N bins. Thehistogram
is �rst smoothedusing an Gaussiankernel of appropriatewidth.
Figure7(a)shows theoriginal histogram,while Figure7(b) shows
smootherversion.ThesmoothedhistogramSH is thentransformed
into thefrequency domainusingthefastFouriertransform(FFT)to
obtainFH . Sincewe wish to retainthehigh frequency components
of the histogram,we constructthe following exponentialfunction
thatserveswell asaband-pass�lter .

G(i) = exp(� 2s2)=i2

where i 2 [1: : :N] ands is constantscalingfactorin frequency
domain

FH is thenconvolvedwith G to obtainCH . Thisconvolutionam-
pli�es thehighfrequency component.An inverseFouriertransform
is thenappliedtoCH to obtainedahighly enhancedhistogram.Fig-
ure7(c) shows thehistogramaftertheinverseFFT.

Oneshouldnoticethe dramaticchangein the shapeof the his-
togram. We believe that the valuesof electrondensityin the bins



spanningthelargechangeincludethesalientiso-value.Thebinsse-
lectedfor inspectionarethosewherethecurvatureof thehistogram
is large. Finally, thevaluesin thebinsareaveragedto geta single
iso-value.

Pleasenotethatthechangeoccursin bins15and16respectively
andthattheaverageiso-valuein thesebinsis around450.Figure9
shows the iso-surfacefor iso-valueslessthan,equalto andgreater
than the automaticallydeterminediso-value. It is clear from the
renderedimagesfor iso-valueslessthanthe salientiso-valuethat
the defectsurfacesare hard to distinguish. Sameis true for iso-
valuesgreaterthanthetransitioningsalientiso-value. However, at
the thresholdedsalientiso-valuethe defectstructureis well sepa-
ratedandeasilydistinguishable.

5.2 Transfer Functions for VolumeRendering

We now usethe derived iso-value to constructappropriateopac-
ity transferfunctions.Theintuition is thatsinceat someparticular
iso-valuebulk anddefectcanbedistinguished,all thepointsat that
iso-valueshouldhave highestopacityandotherdatavaluesshould
beassignedlower valuesof opacity. Therefore,in effect theopac-
ity shouldbehighestat this iso-valueandthengraduallydecrease.
The relevant questionis “how shouldthe opacitydecreasein the
dataspace?” While calculatingtheiso-valuewe averageall scalar
valueswhich lie in binsacrosswhich thetransitiontakesplace.We
assigntheopacityfor all othergrid pointsto asmallconstantvalue.
For points correspondingto iso-valuesin thesebins our transfer
function is a Gaussianwith m= iso-valueands = standarddevia-
tion of all scalarvaluesin thebin spanningthetransition.Figure8a
shows the transferfunction andFigure8b shows the volumeren-
deredusingthetransferfunction.

It should be noted that althoughwe did not incorporateany
distance-basedvariationin thetransferfunctions,theresultingim-
agesarequitetelling.

6 DI SCUSSI ON

Figure1a shows the detecteddefectin datasetI1. Figure1b and
Figure1c show the iso-surfaceat the salientiso-valueandan ar-
bitrary slice for our datasetI1. Figure8 shows the transferfunc-
tion andvolumerenderedusingthat transferfunctionfor thesame
dataset.Figure11 shows samethreeresultsfor our seconddataset
I2. Pleasenotethat the defectstructureis split at boundaryin I2.
Ourapproachhandlestheboundaryby assumingthatthelatticeun-
der scrutiny extendsperiodicallyin the directionsof the Principal
Cartesianaxes.

Figure 10a shows the original datasetD1 lattice with defect
atomsmarked. Figure10b andFigure10c depictthe resultsfrom
slicingandvolumerenderingthedatasetD1 respectively. Theslice
shows only onedefect,theotherdefectis visible at anotherslicing
angle. All thesevisualizationsareconductedfor electrondensity
dataof the samelattice. The defectscan be seenvery easily in
volumerendering.Onceagain, thetransferfunctionis constructed
basedon thederivediso-value.

In all threedatasetsour local operatorsareableto correctlylo-
catedefects.Also multiple defectsarecorrectlysegmented.Note
theshapeof thedefects.Theshapeof thedetecteddefectsis very
similar to theshapesgleanedfrom imagesobtainedfrom a slicing
operationandvolumerendering. Thesimilarity is extremelyhigh
for our �rst dataset(Figure1). Thedefectin our �rst datasetis very
compactandwell connectedandhencetheclosenessof thetwo re-
sults. In the othertwo cases,the defectsarelarger. However, the
shapeis well capturedby all methodsof visualization.Further, the
defectsarealsolocatedat thesamespatiallocations.

Theseobservationsvalidateour premisethat our segmentation
approachmarksthe correctatomsasdefects.The MD simulation

dataoffers many advantagesto both the physicist andthe visual-
izationprofessional.Local operatorsareeasyto applyandfurther
thetimeandspace-complexity of thenecessaryoperationsis small.
Considerthis - a lattice has67 atomswith eachatomrepresented
by x, y andz coordinates.Thus,thereexists67� 3 �oating points.
However, for theelectrondensitydatathesizeof a collectionmea-
suresto 112� 112� 112 �oats. Also, local operatorsdirectly pro-
vide thedefectatomsandnot animage.Otherdatasourcesrequire
pre-processing(e.g.,�nding iso-valuesor thecorrectsliceorienta-
tion). However, thesetechniquesprovide a solid andreliableway
for verifying ourapproach.

For thefuturewe will considerlargerSi systems.Moreover, we
plan to studyevolution of defectsin titanium alloy systems.The
unit cell is dramaticallydifferentandnew defectruleshave to be
discovered.Additionally, we plan to further investigatethedesign
of transferfunctionsthatvarywith distance.
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Figure 6: (a) Density behavior between two bulk atoms - First atom is at 0 and second atom is at 10;000 (b) Density behavior between two
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Figure 7: (a) Original Distribution (b) Smoothed Distribution (c) Band PassDistribution
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Figure 8: Dataset I1 (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
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Figure 10: Dataset D1 (a) Original Marked Lattice with two defects (b) Slicing showing shape of one defect (c) Volume rendering showing both
defects.
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Figure 11: Dataset I2 (a) Original marked lattice (b) Slicing (c) Volume rendering
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