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Abstract

The rate of scientific discovery can be accelerated
throughcomputationandvisualization.This acceleration
resultsfrom the synergy of expertise,computingtools,
and hardware for enablinghigh-performancecomputa-
tion, information science,and visualizationthat is pro-
vided by a team of computationand visualizationsci-
entistscollaboratingin a peer-to-peereffort with the re-
searchscientists.

In the context of this discussion,high performance
refersto capabilitiesbeyondthecurrentstateof theart in
desktopcomputing.To beeffective in this arena,a team
comprisinga critical massof talent, parallel computing
techniques,visualizationalgorithms,advancedvisualiza-
tion hardware,anda recurringinvestmentis requiredto
staybeyondthedesktopcapabilities.

This articledescribes,throughexamples,how theSci-
entific ApplicationsandVisualizationGroup(SAVG) at
NIST hasutilized high performanceparallel computing
andvisualizationto acceleratescientificdiscovery. The
examplesinclude scientific collaborationsthat have ad-
vancedresearchin thefollowing areas:(1) Bose-Einstein
condensatemodeling, (2) fluid flow in porousmateri-
als and in other complex geometries,(3) flows in sus-
pensions,(4) X-ray absorption,(5) dielectricbreakdown
modeling,and(6) dendriticgrowth in alloys.

Keywords: discovery science;distributedprocessing;
immersive environments;IMPI; interoperableMPI; mes-
sagepassinginterface;MPI; parallelprocessing;scientific
visualization

1 Intr oduction

Scienceadvancesthroughiterationsof theoryandex-
periment.Increasingly, computationandvisualizationare
anintegralpartof this process.New discoveriesobtained
from an experimentor a computationalmodel are en-
hancedandacceleratedby the useof parallelcomputing
techniques,visualizationalgorithms,andadvancedvisu-
alizationhardware.

A scientistwho specializesin a field such as chem-
istry or physicsis often not simultaneouslyan expert in
computationor visualization.TheScientificApplications
andVisualizationGroup(SAVG [1]) at NIST providesa
framework of hardware,softwareandcomplementaryex-
pertisewhich theapplicationscientistcanuseto facilitate
meaningfuldiscoveries.

Parallel computingallows a computercodeto usethe
resourcesof multiple computerssimultaneously. A vari-
etyof paralleltechniquesareavailablewhich canbeused
dependinguponthe needsof the application. Generally,
parallelcomputingis thoughtof in termsof speedingup
an application. While this is true, experienceis show-
ing that usersoften prefer to usethis increasedcapabil-
ity to do more computationwithin the sameamountof
time. This maymeanmorerunsof the samecomplexity
or runswith morecomplex models.For example,paral-
lel computingcanusethecombinedmemoryof multiple
computersto solve largerproblemsthanwerepreviously
possible.An exampleof this is describedin Sec.8, Den-
dritic Growth in Alloys.

Visualizationof scientificdatacanprovide anintuitive
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understandingof the phenomenonor databeingstudied.
One way it contributes to theory validation is through
demonstrationof qualitative effectsseenin experiments
suchas Jeffery’s orbits as describedin Sec.5, Flow of
Suspensions.Propervisualizationcanalsoexhibit struc-
ture whereno structurewas previously known. In the
Bose-Einsteincondensate(BEC) example (Sec.3), vi-
sualizationwas key to the discovery of a vortex array.
Current visualization technologyprovides a full range
of hardwareandtechniquesfrom statictwo-dimensional
plots, to interactive three-dimensionalimagesprojected
onto a monitor, to large screenfully immersive systems
allowing theuserto interactona humanscale.

Immersivevirtual reality(IVR) [2] is anemergingtech-
niquewith thepotentialfor handlingthegrowing amount
of datafrom largeparallelcomputationsor advanceddata
acquisitions.The IVR systemstake advantageof human
skills at patternrecognitionby providing a morenatural
environmentwhereastereoscopicdisplayimprovesdepth
perceptionand peripheralvision provides more context
for humanintuition.

Thetechniquesusedfor parallelcomputingandvisual-
ization,aswell astheknowledgeof hardware,arespecial-
izedandoutsidetheexperienceof mostscientists.SAVG
makesuseof ourexperiencein solvingcomputationaland
visualizationproblemsaswecollaboratewith scientiststo
enhanceandinterprettheir data.Resultsof this work in-
cludetheoryvalidation,experimentvalidation,new anal-
ysis tools, new insights, standardreferencecodesand
data,new parallelalgorithms,andnew visualizationtech-
niques.

2 Tools

SAVG has worked with many scientistsat NIST on
a wide variety of problems,and makes useof an array
of resourcesthat it can bring to bear on thesediverse
projects.Of coursewemakeuseof thecentralcomputing
resourcesthat includeseveralSGI Origin 2000systems1,

1Certaincommercialequipment,instruments,or materialsareiden-
tified in this paperto fosterunderstanding.Suchidentificationdoesnot
imply recommendationor endorsementby theNationalInstituteof Stan-
dardsandTechnology, nordoesit imply thatthematerialsor equipment
identifiedarenecessarilythebestavailablefor thepurpose.

an IBM SP system,a clusterof PCsrunning Linux, as
well asvirtual parallelmachinescreatedfrom workstation
clusters. Eachof thesesystemscanbe usedfor parallel
aswell assequentialimplementationsof scientificalgo-
rithms. In additionto thesecentralcomputingresources,
SAVG usescommercialtools and freely available tools
whereappropriate,augmentingthesewith locally devel-
opedtoolswhennecessary. Thefollowing aresometools
in commonuseby SAVG.

2.1 Computation

MPI - MessagePassingInterface
Themajority of our parallelapplicationsarewritten
using the message-passingmodel for parallel pro-
grams. In the message-passingmodeleachprocess
hasexclusive accessto someamountof local mem-
ory andonly indirectaccessto the restof themem-
ory. Any processthat needsdatathat is not in its
localmemoryobtainsthatdatathroughcallsto mes-
sagepassingroutines. MPI is a specificationfor a
library of thesemessage-passingroutines[3, 4, 5].
Sinceits introductionin 1994,MPI hasbecomethe
defactostandardfor message-passingprogramming
andis well supportedonhighperformancemachines
aswell ason clustersof workstationsandPCs.

MPI wasdesignedto supportits directuseby appli-
cationsprogrammersas well as to supportthe de-
velopmentof parallel programminglibraries. We
have usedMPI in both of thesecontexts (seethe
descriptionsof C-DParLib, F-DParLib, and Au-
toMap/AutoLinkbelow).

Interoperable MPI (IMPI) [6, 7] is a cross-
implementationcommunicationprotocol for MPI
that greatly facilitates heterogeneouscomputing.
IMPI enablesthe useof two or more parallel ma-
chines,regardlessof architectureor operatingsys-
tem,asa singlemultiprocessormachinefor running
any MPI program. SAVG was instrumentalin the
developmentof theIMPI protocol.

C-DParLib andF-DParLib
The libraries C-DParLib and F-DParLib [8, 9, 10,
11], developedby SAVG, supportdata-parallelstyle
programming in C and Fortran 90, respectively.
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These libraries make heavy use of MPI to han-
dle all communication.Data-parallelprogramming
refersto parallelprogrammingin which operations
on entirearraysaresupportedsuchasA = A + B,
whereA andB arearraysof values.C-DParLib and
F-DParLib were developedspecifically to support
parallelapplicationsthat derive parallelismprimar-
ily from the distribution of large arraysamongpro-
cessingnodessuchasin mostfinite-differencebased
parallelapplications.

Both librariessupportbasicdata-paralleloperations
suchasarrayinitialization,arrayshifting,andtheex-
changingof arraydatabetweenadjacentprocessing
nodes. In addition,C-DParLib providesadditional
servicessuchasassistingin the balancingof com-
putationalloadsamongtheprocessingnodesandthe
generationof arraysof pseudo-randomvalues.Both
libraries are portableto any platform that supports
MPI andC or Fortran90.

OpenMP
A standardized,portabletool set for implementing
parallelprogramson shared-memorysystemsin C,
C++,andFortran[12, 13].

AutoMap/AutoLink
Tools for simplifying the useof complex dynamic
datastructuresin MPI-basedparallelprograms[14].
This software was developedat NIST and is fully
portableto any platform that supportsMPI and C
[15, 16, 17, 18].

WebSubmit
A Web-basedinterface [19] that simplifies remote
submissionof jobs to NIST’s heterogeneouscollec-
tion of high-performancecomputingresources. It
presentsa singleseamlessuserinterfaceto thesedi-
verseplatforms.WebSubmitwasdevelopedatNIST
andis portableto otherenvironments[20, 21].

2.2 Visualization

OpenDX- OpenDataExplorer
An open-sourcevisualizationsoftwarepackage[22]
with a sophisticateddatamodel. OpenDXcantake
advantageof multiple processorson a high perfor-

mancemultipleCPUsystem.OpenDXis veryuseful
for therenderingof volumetricdata.

IDL - InteractiveDataLanguage
A commerciallyavailable high-level language[23]
usedfor dataprocessingand analysis. Many stan-
dardanalysisroutinessuchasimageprocessingare
includedaseasilycallablefunctions. Additionally,
IDL hasroutinesfor developinggraphicaluserinter-
faces(GUI) allowing rapiddevelopmentof powerful
interactive two andthreedimensionalgraphics.

InteractiveGraphicsWorkstations
SAVG maintainsa VisualizationLaboratorywhere
high performancegraphicsworkstationsare made
availablefor collaborators.Theseworkstationspro-
videafacility for NIST scientiststo runawiderange
of interactive computationalandvisualizationsoft-
ware.

OpenGL- Performer
A commercialproductfor performance-oriented3D
graphicsapplications. Performer[24] provides a
scenegraph API (application programminginter-
face)andtheability to readavarietyof dataformats.

RAVE - reconfigurableautomaticvirtual environment
A commerciallyavailableproductwhich providesa
visually immersiveenvironmentfor datadisplayand
interaction.It is drivenby anSGI Onyx2 visualsu-
percomputer. Our currentconfigurationhasa sin-
gle 2.29m � 2.44m rearprojectionscreenutilizing
Crystal Eyesactive stereoscopicglasseswith head
andwandtracking.

DIVERSE
Theprimarysoftwarelibrary usedto developRAVE
applications.Developedat theVirginia TechCAVE,
DIVERSE [25] softwarehasthe advantageof pro-
viding a device-independentvirtual environment.
The sameapplicationcan run on a desktopwork-
stationas well as on single and multi-wall immer-
sive systems.In addition, the software is basedon
SGI’s OpenGLPerformerallowing applicationsto
take advantageof a wide variety of Performerdata
formats.Thesedesignfeaturescanprovideanappli-
cationcontinuumfrom thedesktopto thevisualiza-
tion lab to theRAVE.
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VRML - Virtual RealityModelingLanguage
A Web basedstandardthat allows interactive view-
ing of threedimensionaldata. SAVG usesVRML
[26] asa mechanismfor distributing visualizations
andgraphicalsimulationsto collaborators.

Non-linearVideoEditing
A computer/diskbasedvideoeditingsystemthatal-
lows randomaccessto video and computergraph-
ics sources.Becauseit is digital, sophisticatededit-
ing techniquessuchasmotioneffects,keying, titling,
andresizingcaneasilybeused.Also, it is very easy
to createmovies in many different digital formats
for disseminationover the Internet,or movies can
be written out in several video tapeformatsfor use
at presentationsandmeetingsor for distribution.

Thecomputationandvisualizationresourcesdescribed
here, togetherwith the expertise to use them, enable
SAVG to collaborateon a wide rangeof researchprob-
lemswith NIST scientists.

3 Bose-EinsteinCondensates

A Bose-Einsteincondensate(BEC) is a stateof matter
thatexistsatextremelylow temperatures.BECswerefirst
predictedin 1925by Albert Einsteinasa consequenceof
quantumstatistics[27].

3.1 Scientific Background

Researchersat the NationalInstituteof Standardsand
TechnologyarestudyingBECsof alkali atomsconfined
within magnetic traps. These studies are conducted
throughnumericalsimulationaswell aslaboratoryexper-
iments. Numericalsimulationof BECs is addressedby
solvingtheappropriatemany-particlewaveequation.The
wave function of a BEC correspondsto a macroscopic
quantumobject.In otherwords,acollectionof atomsin a
BEC behavesasa singlequantumentity andis therefore
describedby asinglewave function.

Theevolution of theBEC wave functionis in question
whenthetrappedBECis subjectedto rotation.Uponrota-
tion, quantizedvorticesmayform within theBEC.These

Fig. 1. Array of vorticesin a Bose-Einsteincondensate
underrotation.

vorticesareof interestbecauseof their theoreticalimpli-
cationsfor thecharacteristicsof BECs,suchassuperflu-
idity.

Researchersperformnumericalsimulationsof theBEC
wave function basedon first principles to determineif
quantizedvorticesexist in thesesystems.A typical result
of sucha simulationis a sequenceof three-dimensional
arraysof complex numbers. Eachcomplex numberre-
flectsthe valueof the BEC wave function at a particular
positionandtime.

3.2 Data Analysis

Simulationsof rotatingBECsarecomputedona three-
dimensionalgrid of order100grid pointsalongeachdi-
mension. The simulationdataaresubsequentlyinterpo-
latedontoa meshwith 200pointsin eachdimensionfor
thepurposesof visualization.Wheneachcomplex num-
ber is decomposedinto two real components,thereare��� � ����� scalarvaluesto considerateachtimestep.Tradi-
tional line andsurfaceplots,for example,arenotadequate
for the investigationof three-dimensionalqualitative fea-
turessuchasvortices.More suitabletechniques,suchas
scientificvisualization,arerequired.
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3.3 Visualization

In somerespects,scientificvisualizationis a general-
izationof traditionaltwo-dimensionalplottingandgraph-
ing. Onegoalof visualizationis the creationof a single
“picture” thatconveysto theresearcherasmallnumberof
high-level concepts.A collectionof suchpicturesmaybe
concatenatedinto an animatedsequenceto convey con-
ceptsthatvaryoverpositionandtime, for example.

In thecaseof BECs,thegoalof thevisualizationtaskis
to identify andisolatepossiblevortex structureswithin a
three-dimensionalvolume. Volumerenderingtechniques
areappropriatefor this situation. In particular, the vol-
umerenderingmodelusedfor this investigationassumes
thateachpoint in three-dimensionalspacebothemitsand
absorbslight.

In an abstractsense, the visualization of a three-
dimensionalarrayof BEC datarequiresthe construction
of a function to map from the BEC datadomain to an
imagedomain. The BEC datadomain is composedof
three-dimensionalpositionsalong with complex values
from the associatedwave function. The imagedomain
consistsof anopacitycomponentandthreecolor compo-
nents:hue,saturation,andbrightness.Opacitydescribes
theextentto whichapoint in three-dimensionalspaceab-
sorbslight. Huedescribesthegradationamongred,green,
or blue. Saturationdescribesthe degreeof pastelness.
Brightnessdescribesthedegreeof luminance.

Theconstructionof a function from the BEC datado-
mainto theimagedomainproceedsasfollows: Thecom-
plex valuesassociatedwith thewave functionaredecom-
posedinto polarform. Theangularcomponentof a com-
plex valuedeterminesthehueby mappingtheangleto a
correspondingpositiononacolorcircle. A colorcircle,as
usedhere,beginswith redat 0 radiansandthentraverses
throughgreenandbluewith areturnto redat thecomple-
tion of thecircular trip. Theradial componentof a com-
plex value determinesthe brightnessby mappingsmall
radii to high brightnessandlargeradii to low brightness.
The radial componentof the brightnessmappingcorre-
spondsto density, wherelow densityregionsarebright.
The intent is to exhibit low-densityvorticesasbright re-
gionsandsuppressthevisibility of high-densityregions.
The saturationis determinedby a constantfunction; all
regionsarefully saturated.Finally, the opacity is deter-

minedby aconstantfunctionaswell; all regionshavezero
opacity(thatis, completetransparency).

The functiondescribedabove is furthermodifiedwith
respectto the magnetictrap in which the BEC exists.
The purposeof this modification is the suppressionof
unimportantregionsbeyondtheconfinesof themagnetic
trap.TheBEC in themagnetictrapis ellipsoidalin shape
andtherequiredmodificationsarestraightforwardappli-
cationsof analyticgeometry.

3.4 Results

Theresultof thevisualizationprocessis a sequenceof
images,onefor eachtime step,which form a 3D stereo-
scopicanimation. In this study, the BEC imagesdid in-
deedshow thepresenceof quantizedvortices.In addition,
the visualizationalsodiscoveredan unanticipatedstruc-
ture of concentricvortex rings, shown in Fig. 2, instead
of the line vorticesasshown in Fig. 1. Further, the im-
agesarethefirst three-dimensionalvisualizationof vortex
structuresin a rotatingBEC[28].

Fig. 2. Solitonproducedby phaseimprinting of a Bose-
Einsteincondensate.

Additionally, aBECimageof asoliton,producedat the
trap centerby a phaseimprinting technique,looks like a
flat disk, correspondingto a low-densityplanewithin the
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condensatecloud. As the solitonpropagatesthroughthe
condensate,it becomesmorecurved becausethe soliton
movesfastestin thecondensatecenter, anddoesn’t move
at all at the condensatesurface. At a later time, the en-
tire solitonstopscompletelyandbecomesanodalsurface.
Ratherthanreturningto the point of creation,it sponta-
neouslydecaysinto concentricquantizedvortex rings, in
a processknown asa snake instability; seeFig. 2 [29].

This instabilityprovokedagreatdealof furthersimula-
tionsandcalculations.Theresultswerepresentedin Ref.
[30].

Experimentalistsat JILA, Brian Andersonand Eric
Cornell,attemptedto generatethesevortex rings in con-
densatesin exactly this way. They have confirmedall the
predictions.

4 Fluid Flow in Porous Materials
and in Other Complex Geome-
tries

Theflow of fluids in complex geometriesplaysan im-
portantrolein many environmentalandtechnologicalpro-
cesses.Examplesincludeoil recovery, thespreadof haz-
ardouswastesin soils,andtheservicelife of building ma-
terials. Further, suchprocessesdependon the degreeof
saturationof theporousmedium.Thedetailedsimulation
of suchtransportphenomena,subjectto varyingenviron-
mentalconditionsor saturation,is a greatchallengebe-
causeof the difficulty of modelingfluid flow in random
poregeometriesandtheproperaccountingof theinterfa-
cial boundaryconditions.

Thework describedhereinvolvestheapplicationof the
latticeBoltzmann(LB) methodto this problem. TheLB
methodof modelingfluid dynamicsnaturallyaccommo-
datesmultiplefluid componentsandavarietyof boundary
conditionssuchasthe pressuredrop acrossthe interface
betweentwo fluids andwettingeffectsat a fluid-solid in-
terface. Indeed,theLB methodcanbeappliedto a wide
varietyof complex flow problemsthatstronglydependon
boundaryconditionsincluding phaseseparationof poly-
mer blendsunder shear, flow in microchanneldevices,
and the modelingof hydrodynamicdispersion. For ex-
ample,Fig. 3 showsanLB simulationof a phaseseparat-

ing binarymixtureundershear[31]. TheLB andrelated
methodsarecurrentlyin astateof evolutionasthemodels
becomebetterunderstoodandcorrectedfor variousdefi-
ciencies[32, 33].

Fig. 3. Phaseseparatingbinarymixtureundershearsim-
ulatedusinga latticeBoltzmannmethod.

Onedifficulty with LB methodsis thatthey areresource
intensive. In general,runningsimulationson large sys-
tems(greaterthan

�������
grid points)is notpracticaldueto

the lack of memoryresourcesandlong processingtimes.
Becauseof theseextremedemandson memoryandcom-
putation,andthefactthattheLB methodgenerallyneeds
only nearestneighborinformation,the algorithmwasan
ideal candidateto take advantageof parallel computing
resources.

4.1 Implementation of the LB Algorithm

Theapproachof theLB methodis to considera typical
volumeelementof fluid to be composedof a collection
of particlesthatarerepresentedby aparticlevelocitydis-
tribution function for eachfluid componentat eachgrid
point. The time is countedin discretetime stepsandthe
fluid particlescancollide with eachotherasthey move,
possiblyunderappliedforces.

The sequentialimplementationof the algorithm was
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relatively straightforward.We have bothactive sites(that
holdfluid) andinactivesites(thatconsistof materialsuch
assandstone).For efficient useof memorywe useanin-
directaddressingapproachwheretheactive sitespoint to
fluid dataand the inactive sitespoint to NULL. Hence
only minimal memory needsto be devoted to inactive
sites. At eachactive site we point to the necessaryve-
locity andmassdatafor eachfluid component.Over the
courseof aniterationwe visit eachactive cell in thedata
volumeandcalculatethedistributionof eachfluid compo-
nentto bestreamedto neighboringcells. New massand
velocity valuesareaccumulatedat eachactive cell asits
neighborsmake their contributions.

We implementedthe parallelversionof the algorithm
usingthe MessagePassingInterface[3] (MPI). Thepar-
allelization was accomplishedwithin a simple single-
programmultiple-data(SPMD)model. Thedatavolume
is divided into spatially contiguousblocks along the 	
axis;multiple copiesof thesameprogramrun simultane-
ously, eachoperatingon its own blockof data.Eachcopy
of the programrunsasan independentprocessandtypi-
cally eachprocessrunson its own processor. At theend
of eachiteration,datafor theplanesthatlie on thebound-
ariesbetweenblocksarepassedbetweentheappropriate
processesandtheiterationis completed.

The mechanismsfor exchangingdata betweenpro-
cessesvia MPI calls andfor managingthe minor house-
keepingassociatedwith MPI areconcealedwithin a few
routines. This enablesus to have a purely serialversion
of theprogramanda parallelversionof thecodethatare
nearlyidentical.Thecodeis written in standardANSI C,
andtheonly externallibrary thathasto beusedis theMPI
library, which is availableon all of NIST’s parallel sys-
temsaswell asmany otherparallel computingenviron-
ments.Theseimplementationstrategiesenableus to run
theprogram,without any modificationon any of NIST’s
diversecomputingplatforms.

4.2 Verification

We verified the correctnessof the modelwith several
numericaltests.For example,onetestinvolvedcomput-
ing the permeabilityof porousmediacomposedof a pe-
riodic arrayof (possiblyoverlapping)spheres.In Fig. 4
we compareour simulationdatawith thoseof Chapman

andHigdon[34], which arebasedon thenumericalsolu-
tion of coefficientsof a harmonicexpansionthatsatisfies
theStokesequations.Agreementis very good,especially
giventhatthesolid inclusionsaredigitizedspheres.

Fig. 4. Normalizedflow throughspheres,asa function
of the solid fraction 
 , centeredon a simple cubic lat-
tice. The permeability � is normalizedby the squareof
thedistance� betweenspherecenters.Thesolid fraction
 is  ��� porosity� .

We then determined the permeability of several
microtomography-basedimagesof Fontainebleausand-
stone. Figure 5 depictsa portion of one of thesesand-
stoneimages.Theresolutionis ��������� m perlatticespac-
ing and datasetswere � ����� voxels (volume elements).
Figure6 shows the computedpermeabilitycomparedto
experimentaldata[35]. Clearly thereis goodagreement,
especiallyat thehigherporosities.

4.3 Performanceof the Parallel Code

Weranaseriesof timing testsonseveralof theparallel
systemsat NIST, includinganSGI Origin 2000,an IBM
SP2,andan Intel Pentiumcluster. Becauseof theporta-
bility of the MPI calls andour standardANSI C codeit
waseasyto runthesamecodeandtestcasesoneachplat-
form.

Thetimingsrecordedfor theserunscloselyagreewith
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Fig. 5. A
�����

portionof the ��� ��� porosityFontainebleau
sandstonemedia.Thesolid matrix is madetransparentto
revealtheporespace(grey shadedregion).

a verysimplemodeldescribingperformance:� �"!$#&%('*)
,

where�
is total time for a singleiteration,!
is time for thenon-parallelizablecomputation,%
is time for theparallelizablecomputation,and)
is numberof processors.

Theparallelizablecomputationis thatportionof thepro-
cessingthatcanbeeffectively distributedacrossthepro-
cessors. The non-parallelizablecomputationincludes
processingthat cannotbe distributed; this includestime
for inter-processcommunicationaswell ascomputation
that must be performedeither on a single processor, or
mustbedoneidenticallyon all processors.

We found in all casesthat thenon-parallelizablecom-
putation

!
accountsfor between

� �+� % and , % of the
total computationalload. In oneof thetestcasestheper-
formancedatafrom theSGI Origin 2000closelymatches
this formula (T is the total time in secondsfor an itera-
tion): � � � � ��-�� s

# ��� � -�. s
'*) �

Thenon-parallizablecomputation
!

is 0.090s,while the
parallelizableportionof thecomputation

%
uses11.98s.

So, for example,a single iteration took 12.08s on one

Fig. 6. Measuredand modeledpermeabilities( � ) of
Fontainebleausandstonemediaasa functionof porosity.
Thesolid rectanglesshow themodeledresults.

processorbut only 1.11s on 12 processors.Theseresults
indicatethatthealgorithmis, indeed,well suitedto apar-
allel computingenvironment.

Othertiming testsindicatethat the time for the paral-
lelizable portion of the code is roughly proportionalto
the numberof active sitesover the entirevolume,while
interprocesscommunicationtime is roughlyproportional
to the sizeof an /�0 cross-sectionof the volume. So as
we processlargersystems,thetime for theparallelizable
portion of the codeshould increaseproportionallywith
the cubeof the linear sizeof the system,while the non-
parallelizableportion shouldincreasewith the squareof
the linear sizeof the system.This meansthat for larger
systems,a larger proportionof the time is in the paral-
lelizablecomputationandgreaterbenefitscanbederived
from runningonmultiple processors.

4.4 Results

Themodeledpermeabilitiesof theFontainebleausand-
stonemediaand their agreementwith experimentalre-
sults verified the correctnessand utility of our parallel
implementationof the LB methods. Thesesimulations

10



wouldnothavebeenpossiblewithoutparallelizingtheal-
gorithm. The requirementsfor computingresourcesare
beyondthecapacityof single-processorsystems.

In addition, parallelizationhas enabledus to try al-
ternatives that would have beenprohibitive in the past.
For example,whencalculatingthe permeabilitiesof the
Fontainebleausandstonesamples,we found that at the
lowest porosity ( �1� � %), there were not enoughnodes
acrosstheporesto producea reliableflow field. Because
we could handlelarge volumes,we wereableto double
the resolutionon a largesubsetof the low-porositysam-
ple. This yielded very satisfactory results,as indicated
above.

Lattice Boltzmannmethodsfor simulatingfluid flow
in complex geometrieshave developedrapidly in recent
years. The LB methodproducesaccurateflows andcan
accommodateavarietyof boundaryconditionsassociated
with fluid-fluid andfluid-solid interactions.With thead-
vent of parallel systemswith large memories,computa-
tions on large systemsthat wereconsideredbeyond the
reachof evensome“super” computersfrom a few years
agocannow beconsideredroutine.

5 Computational Modeling of the
Flow of Suspensions

Understandingthe flow propertiesof complex fluids
likesuspensions(e.g.,colloids,ceramicslurries,andcon-
crete)is of technologicalimportanceandpresentsa sig-
nificant theoreticalchallenge.Thecomputationalmodel-
ing of suchsystemsis alsoa greatchallengebecauseit is
difficult to track boundariesbetweendifferentfluid/fluid
and fluid/solid phases. Recently, a new computational
methodcalleddissipative particledynamics(DPD) [36]
hasbeenintroducedwhich hasseveral advantagesover
traditionalcomputationaldynamicsmethodswhile natu-
rally accommodatingsuchboundaryconditions.In struc-
ture,aDPDalgorithmlooksmuchlikemoleculardynam-
ics (MD) where particlesmove accordingto Newton’s
law. Thatis, in eachtime step,theforceson eachparticle
arecomputed.Theparticlesarethenmovedandtheforces
recalculated.However, in DPD, the interparticleinterac-
tionsarechosento allow for muchlargertimestepssothat

physicalbehavior, on time scalesmany ordersof magni-
tudegreaterthanthatpossiblewith MD, maybestudied.
Theoriginal DPD algorithmusedanEuleralgorithmfor
updatingthe positionsof the free particles(which repre-
sent“lumps” of fluid), anda leapfrog algorithmfor up-
datingthepositionsof thesolid inclusions.Ouralgorithm
QDPD [37] is a modificationof DPD that usesa veloc-
ity Verlet [38] algorithmto updatethe positionsof both
thefreeparticlesandthesolid inclusions.In addition,the
solid inclusionmotionis determinedfrom thequaternion-
basedschemeof Omelayan[39] (hencetheQ in QDPD).

QDPD uses an implementationof the linked cell
method[40, 41] which is a true 2� ) � algorithm. The
QDPD cell is partitionedinto a numberof subcells.For
every time stepa linkedlist of all theparticlescontained
in eachsubcellis constructed.Theselectionof all pairsof
particles within thecutoff is achievedby loopingoverall
pairsof subcells within thecutoff andparticleswithin the
subcells.Becauseof their regulararrangement,thelist of
neighboringsubcellsis fixedandmaybeprecomputed.

QDPD wasoriginally written in Fortran77 asa serial
program. To improve performance,a parallelizationof
thecodewasdonein MPI [42] usinga simplifiedversion
of thereplicateddataapproach.

5.1 ReplicatedData Approach

In thereplicateddataapproach[43, 44, 45] everypro-
cessorhasa completecopy of all the arrayscontaining
dynamicalvariablesfor every particle. The computation
of forcesis distributedoverprocessorsonthebasisof cell
indices.This is a veryefficientway of implementingpar-
allelism sincethe forcesmust be summedover proces-
sorsonly oncepertimestep,thusminimizinginterproces-
sorcommunicationcosts.On“shared-memory”machines
like anSGI Origin 2000,this approachis very attractive,
sinceall processorscan sharethe arrayscontainingdy-
namicalvariables.

The biggestdisadvantageof the replicateddatastrat-
egy is that every processormust maintaina copy of all
of the data and thereforethe data must be updatedon
eachprocessorat the endof eachtime step. This is not
a problemin the shared-memorymultiprocessorversion
if the MPI implementationis smartenoughto take ad-
vantageof the sharedmemory. In our implementation,
a global sumtechniqueis usedto addthe separatecon-
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tributionsto the forcesvia anMPI allreducelibrary call.
Thisapproachhasworkedwell for smallto mediumsized
problems(tens-of-thousandsof particles)on the shared-
memorySGIs. We have found speedupsof asmuchas
17.5timeson 24 processorsof a 32 processorSGI Origin
2000.Utilizing threesuchsystems,wewereableto com-
pleteayear’sworthof conventionalcomputingin aweek.
Among the resultsobtainedby this techniquehasbeen
thecalculationandsubsequentvisualizationof a sheared
suspensionof ellipsoids.

5.2 Spatial Decomposition

Fig. 7. Motion of a singleellipsoidal inclusionsubject
to shear. The single ellipsoid rotation is a well known
phenomenonseenin experimentscalledJeffery’sorbits.

While thereplicateddataapproachof theprevioussec-
tion hasbeentheworkhorseof QDPDwork for sometime
now, it hashadits disadvantages.Thebiggestdisadvan-
tageis thatscalingto very largenumbersof processorsin
a shared-memoryenvironmentis poor(24 is thepractical
limit for us),andit hasturnedout to bealmostunusable
on distributedmemorysystemsincludingthosewith high
speedinterconnectslike theIBM SP2/SP3systems.

When the goal is to simulatean extremely large sys-
tem on a distributed-memorycomputerto allow for the
larger total memoryof thedistributed-memorycomputer
andalsoto take advantageof a largernumberof proces-
sors,a differentapproachis needed.Our spatialdecom-
position[46, 47] replacestheseriallinkedcell algorithm
with a parallel linked cell algorithm[44, 48]. The basic
ideais this:

Fig. 8. Motion of twenty eightellipsoidalinclusions,of
sizevaryingup to a factorof two, subjectto shear. Note
that the Jeffery’s orbits are suppresseddue to hydrody-
namicinteractionsbetweenellipsoids.

Split the total volumeinto
%

volumes,where
%

is the
numberof processors.If we choosea onedimensional
(1D) decomposition(“slicesof bread”),thenthe 3 th pro-
cessoris responsiblefor particleswhosex-coordinateslie
in therange

43 �5� �7698 '�%;: / : 3<698 '�%>=
where 6?8 is thesizeof thevolumealongthe / axis.

Similarequationsapplyfor 2D and3D decompositions
for simulationdimensions6?@ and 69A . Whetherthede-
compositionis 1D, 2D, or 3D dependson thenumberof
processors:First assignparticlesto processors.Augment
particleson eachprocessorwith neighboringparticlesso
eachprocessorhasthe particlesit needs. Now on each
processor, form alinkedcell list of all particlesin theorig-
inal volume plus an extendedvolumethat encompasses
all of the particlesthat are neededfor computationson
this processor. Loopover theparticlesin theoriginal vol-
ume,calculatingtheforcesonthemandtheirpairparticle
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Fig. 9. A screenshotof a Web basedanimationusing
VRML to allow interactiveviewing of thetime seriesan-
imation.

(for conservationof momentum).Caremustbe taken to
addtheseforcesonparticlesin theextendedvolumeto the
forceson theprocessor“owning” them.Finally calculate
the new positionsof all particlesandmove the particles
which have left the processorto their new homeproces-
sors.

We distinguishbetween“owned” atomsand “other”
atoms,wherethe laterareatomsthatareon neighboring
processorsand are part of the extendedvolume on any
givenprocessor. For “other” atomsonly the information
neededto calculateforcesis communicatedto neighbor-
ing processors.Second,theQDPDtechniqueis beingap-
plied to suspensions,so therearetwo typesof particles:
“free” particlesandparticlesbelongingto solid inclusions
suchasellipsoids.A novel featureof this work is thatwe
explicitly do not keepall particlesbelongingto thesame
solid inclusionon the sameprocessor. Sincethe largest
solid inclusionthatmight bebuilt canconsistof asmany
as50 % of all particles,it wouldbedifficult if not impos-

sibleto handlein thiswaywithoutseriousload-balancing
implications.Whatwedo is assigneachparticleaunique
particlenumberwhenit is readin. Eachprocessorhasthe
list of solid inclusiondefinitionsconsistingof listsof par-
ticlesdefinedby theseuniqueparticlenumbers.Eachpro-
cessorcomputessolid inclusionpropertiesfor eachparti-
cle it “owns”, andthesepropertiesareglobally summed
overall processorssothatall processorshavesolid inclu-
sion properties.Sincethereareonly a small numberof
solid inclusions(relative to the numberof particles),the
amountof communicationnecessaryfor theglobalsums
is smallandtheamountof extramemoryis alsorelatively
small.Henceit is aneffective technique.

Current resultsshow a speedup of a factor of 22.5
on 27 200 MHz Power3 processorson an IBM SP2/SP3
distributedmemorysystem. The sametechniquealsois
very effective in a shared-memoryenvironment,where
thespeedupsareafactorof 29on32processorsof anSGI
Origin 3000systemanda factorof 50 on64 processors.

5.3 Visualization

While variousquantitative testsareusedto help vali-
dateour algorithms,visualizationplaysanimportantrole
in thetestingandvalidationof codes.Evensimplevisual
checksto makesurethesolid inclusionssatisfyboundary
conditionscanbehelpful.

Figure7 shows a time seriesof themotionof a single
ellipsoidalinclusionsubjectto shear. Thedifferentcolors
correspondto the time sequence.The shearingbound-
aryconditionswereobtainedby applyingaconstantstrain
rateto the right at the top of the figure andto the left at
the bottom. Note that the single ellipsoid rotates. This
is a well known phenomenonseenin experimentscalled
Jeffery’sorbits.

In contrast,we foundthatwhenseveralelliposidial in-
clusionswereaddedto the system(Fig. 8) the Jeffery’s
orbitsweresuppressedandtheellipsoidshada tendency
to align astheir relative motion waspartly stabilizedby
mutualhydrodynamicinteractions.

Virtual Reality Modeling Language(VRML) [26] has
beenusedto distributeanimationsof theresultsfrom this
computation(Fig.9). VRML isaWeb-basedstandardthat
allows interactive viewing of threedimensionaldata. In
contrastto movie loopanimations,VRML allowstheuser
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to interactivelyview theanimationwhile theresultsof the
computationalmodelis cycled. This interactive viewing
capabilityallows usersto selecttheir own point of view.
Sinceit is Webbased,theanimationcanbedistributedto
any PC or UNIX basedsystemwith a VRML viewer in-
stalled.Theamountof datadisplayedandspeedof view-
ing is only limited by the speedof the viewing system.
An exampleof usingVRML to animatethe resultsfrom
a computationalmodelof theflow of suspensionscanbe
foundon theWeb[49].

6 Rapid Computation of X-ray Ab-
sorption Using Parallel Computa-
tion: FeffMPI

X-ray absorptionspectroscopy (XAS) uses energy-
dependentmodulationsof photoelectronscatteringto de-
termine local atomic structure [50]. XAS is usually
divided into the extendedX-ray absorptionfine struc-
ture(EXAFS)with photoelectronenergiesaboveapprox-
imately70 eV, andtheX-ray absorptionnearedgestruc-
ture (XANES) in the 0 to 70 eV range. Theoreticalcal-
culationsof photoelectronscatteringarenow an integral
partof bothEXAFSandXANES analysis.Thesetheoret-
ical calculationshave grown in sophisticationandcom-
plexity over the past20 years. Fortunately, during the
sametime period,Moore’s law [51] hasincreasedcom-
puting power dramatically, so that EXAFS calculations
arenow fast,accurate,andeasilyexecutedoninexpensive
desktopcomputers[52, 53]. However, XANES calcula-
tions remaintime-consumingin spite of theseimprove-
ments. The photoelectronmeanfree pathis large at the
low photoelectronenergiesof theXANES region, soac-
curateXANES calculationsrequirelargeatomicclusters
andremainchallengingon eventhefastestsingleproces-
sor machines.Furthermore,the photoelectronscattering
is strongfor low energies, so that full multiple scatter-
ing calculationsarerequired. Thesecalculationsrequire
repeatedinversionsof large matriceswhich scaleas the
cubeof the sizeof the atomic cluster[54]. Furtherso-
phisticationin the computercodes,such as the use of
non-sphericallysymmetricpotentials,will improveaccu-
racy but increasecomputationalrequirementseven fur-

ther. The computationrequiredfor XANES calculations
led usto investigatetheuseof parallelprocessing.

To implementparallelprocessingof XANES westarted
from the serial versionof the computercodeFeff [54].
Feff (for effective potential B eff) doesreal-spacecalcula-
tions of X-ray absorption,is written in portableFortran
77, andusesa numberof computationalstrategiesfor ef-
ficient calculations.Our goalwasto implementa parallel
processingversionof Feff thatretainedall theadvantages
andportabilityof thesingle-processorcodewhile gaining
at leastanorderof magnitudeimprovementin speed.Feff
modelsthephysicalprocessof X-ray absorption,soit was
naturalto exploit theintrinsictaskor physical parallelism,
namely, thatX-ray absorptionat a givenX-ray energy is
independentof the absorptionat otherenergies. We use
this physicalparallelismto make simultaneouscalcula-
tions of the XANES at differentenergiesusingmultiple
processorclusters,andthenassembletheresultsfrom the
individual processorsto producethe full XANES spec-
trum. We usethe MessagePassingInterface(MPI) to
implementthis idea[42]. We have run the parallelFeff
code(FeffMPI) on Linux, Windows NT, IBM-AIX, and
SGI systemswith no changesto the code. FeffMPI can
run on any parallelprocessingclusterthatsupportsMPI,
andthesesystemscanusedistributedor sharedmemory,
or evena mixtureof distributedandsharedmemory.

The startingpoint for “parallelizing” Feff was to de-
terminewhich partsof thecodewerethemosttime con-
suming.As expectedon physicalgrounds,profiling tests
showed that the loop over X-ray energiesin theXANES
computationdominatedthe time; over 97 % of the CPU
time is spentinside this loop. Therefore,we chosethis
partof thecodefor theinitial work onaparallelversionof
Feff. A secondaryhotspotis asimilar loop thatis usedto
constructself-consistentpotentials.In this first versionof
FeffMPI theself-consistency calculationdoesnotexecute
in parallel;weplanto implementthis in a laterrevision.

By concentratingon a singlehot spot in the code,we
leave99.7% of theexistingsingle-processorcodeof Feff
unchanged.We usethe MPI libraries to arbitrarily des-
ignateclusternodenumberoneasthe master node,and
designatethe other

)
procs
�C�

nodesasworkers. In the
energy loopof theXANES calculationeachnode(master
andworkers) executes

� '*)
procs XANES calculationsthat

eachcover
� '*)

procs of the energy rangeof the XANES
calculation. After eachworker completesits part of the
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task,theresultsaresentbackto themaster andtheworker
processescanbe terminated. This approachmeansthat
(1) exactly the sameexecutableis run on every nodein
the cluster;(2) virtually all of the changesto the single-
processorFeff are confinedwithin a single subroutine;
(3) the FeffMPI code is nearly identical to the single-
processorversionof Feff, the only differencebeing that
eachinstanceof theFeffMPI processis awarethat it is a
particularnodeof a clusterof

)
procs processors;and(4)

communicationbetweenmaster andworker processorsis
keptto a minimum.

To evaluatehow well the parallelalgorithmsucceeds,
we conductedtests on six systems. As representa-
tive single-processorsystems,we did benchmarkson a
450 MHz AMD K6-3 running SuSeLinux 6.1, and an
Apple PowerMacG4 runningat 450 MHz. We thenran
FeffMPI onfour MPI clusters:(1) aclusterof 16Pentium
II 333MHz systemsrunningRedhatLinux connectedvia
100 Mbit Ethernet;(2) a similar clusterof PentiumIII
400 MHz machinesrunningWindows NT connectedby
100 Mbit Ethernet;(3) a clusterof SGI machines;and
(4) anIBM SP2/3usingup to 32 processors.Thefastest
times were turnedin by using 32 IBM SP3processors.
That systemwas25 timesfasterthanthe PowerMacG4
and40 timesfasterthanthe singleprocessorLinux sys-
tem. We foundthatprocessingspeedcouldbepredicted,
as a function of clustersize, by the simple scalinglaw�D�FE>G � � � , s

# � � - � s
'H)

procI , where
�

is the runtime
in seconds(s),

E
is a scalingfactorthataccountsfor the

speedof a givensingleprocessortypeandtheefficiency
of thecompiler, and

)
proc is thenumberof processorsin

the cluster. As shown in Fig. 10, if the runtimeson the
variousclustersarerescaledby the

E
for thatcluster, giv-

ing a normalizedruntimeof 1.0 for eachclusterwhena
singleprocessoris used,all theruntimesfall on a univer-
salcurvethatshowshow well FeffMPI scaleswith cluster
size.As clustersizeis increased,thepartof thecodethat
runsin parallelchangesfrom thedominantpartof therun-
time to an irrelevant fraction of the total. In the limit of
largeclustersizes,runtimeis dominatedby the3 % of the
originalcodethatstill executessequentially. In suchlarge
clusters,we expectno further increasein speedbecause
theruntimeis thentotally dominatedby sequentiallyexe-
cutingcode.In fact,largeclusterscanevenincrease run-
time dueto communicationsoverhead.However, on the
largestclusterswe hadavailable,we did not observe any

saturationof thescalingdueto communicationoverhead.

0

0.2

0.4

0.6

0.8

1

0 5 10 15 20 25 30 35 40

FeffMPI Scaling with Cluster Size

PowerPC cluster
Linux cluster
WinNT cluster
SGI cluster
Fit

N
o

rm
al

iz
ed

 t
im

e 
re

la
ti

ve
 t

o
 s

in
g

le
 p

ro
ce

ss
o

r

Number of nodes

Fig. 10. Runtimeof a typical FeffMPI XANES calcu-
lation with clustersize. The calculationhasbeenrun on
four different clusters. The executiontime on a single
processorhasbeennormalizedto 1.0, showing that the
scalingonall clustersis verysimilaroncethevariationin
processorspeedandcompilerquality is eliminated.The
scalingindicatesthatabout3 % of theruntimeis still from
thesequentiallyexecutingpartsof thecode,implying that
a very large clustershouldrun FeffMPI about30 times
fasterthananequivalentsingleprocessor.

6.1 Resultson Parallel ProcessingClusters

As one exampleof thesecalculations,we show how
XANES measurementsareusedin the studyof barium-
strontiumtitanate(BST)films thatareof interestashigh-
k dielectrics in electronicdevices [55, 56]. The films
aredepositedby metal-organicchemicalvapordeposition
(MOCVD) thatmusttake placeat low substratetempera-
turesbecauseof processingconstraintsin device fabrica-
tion. Dueto the low depositiontemperaturethestructure
of the films often departsfrom the ideal crystallineBST
state[57]. However, theactualstructureis unknown and
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Fig. 11. MeasuredXANES dataof 4 Barium-strontium
titanate(BST)films depositedby MOCVD. Thevariation
in sizeandenergy positionof the pre-edgepeaknear-2
eV to +2 eV is a signatureof the structuralvariation in
thesefilms.

thestructuralorigin of thevariationin thedielectriccon-
stantis undetermined.Becausethe films containamor-
phousmaterialthat givesno clearX-ray diffraction sig-
nal, we usedXANES measurementsto help understand
thestructureof thefilms andab initio calculationsusing
FeffMPI to interprettheXANES spectra.

In Fig. 11 we show a seriesof XANES measurements
of several BST films. The most importantfeatureis the
evolution of the peaknear -2 eV to +2 eV (the origin
of the energy zero is arbitrary)asdepositionconditions
arechanged.In Fig. 12 we show theoreticalcalculations
of tetrahedralandoctahedraloxygencoordinationaround
the Ti atoms;note the qualitative similarity to the trend
seenin themeasuredXANES datain Fig. 11.

The calculationssuggestthat the observed changein
theXANES impliesa changefrom a non-inversionsym-
metric Ti-O structurewith tetrahedraloxygencoordina-
tion to one that is a nearly inversionsymmetricoctahe-
dral Ti-O arrangement.The tetrahedralTi-O structures
arenot ferroelectric,so this structuralvariationaccounts
for the changeof the dielectricconstantwith film depo-
sition temperatureandtitanium-oxygenstoichiometry. In
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Fig. 12. XANES calculationfrom theoctahdralandtetra-
hedralTi-O structuresshown in Figs. 13 and 14. The
nearly perfect inversion symmetryof the Ti-O octahe-
dra leadsto only a small low-energy resonancein the
XANES. The non-inversionsymmetrictetrahedralTi-O
environmentgivesa much larger low-energy resonance.
The qualitative similarity of thesesimulationswith the
XANES measurementsshown in Fig. 11 indicatesthat
the BST films make a transitionfrom a non-ferroelectric
phasewith tetrahedralTi-O oxygencoordinationto the
octahedralTi-O structurethatis characteristicof JLK�M(NPO � .

Figs. 13 and14 we show the structuresof J�K�M(N7O � andJLK�Q*M(N7OLR thatwereusedastheinputsfor thecalculations
in Fig. 12. The J�K�Q*M(N7OLR structurehasa slightly dis-
tortedTi-O tetrahedralstructurewith zig-zagchainsof Ba
atomsseparatingtheTi-O tetrahedra.The J�K�M(N7O � struc-
turecontainsTi-O octahedrawith nearlyperfectinversion
symmetry, and the octahedraare surroundedby a cage
of Ba atoms.TheBST films containamorphousmaterial
which areprobablydistortionsof thoseshown in Figs.13
and14, but we cansaywith certaintythat the Ti-O en-
vironmentchangesfrom onewith inversionsymmetryto
onethat is stronglynon-inversionsymmetric. Chemical
constraintsandtheFeffMPI calculationssuggestthatthis
is becauseof a transitionfrom octahedralto tetrahedral
oxygencoordination.
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Fig. 13. Renderingof the ideal rhombohedralstructure
of J�K�M(N7O � . Thestructureis a repetitionof nearlyperfect
Ti-O octahedrathatareseparatedby a nearlycubiccage
of Ba atoms. The nearlyperfectinversionsymmetryof
theTi-O octahedraleadsto only asmall low-energy reso-
nancein theXANES.Exceptfor amixtureof bothBaand
Sratomsonthesamesite,thisis theexpectedstructurefor
BST films depositedwith high substratetemperatures.

7 Dielectric Breakdown Modeling;
growth of streamers in dielectric
liquids

In high-voltage power transformers, catastrophic
breakdown in the dielectricoil is precededby the rapid
growth of conductingplasmastreamers.Branchingfil-
amentarystructuressometimesform in the streamers,
as documentedthroughhigh-speedphotographicexper-
iments conductedby Hebner, Kelley, and Stricklett at
NBS in the 1980s[58]. However, the photographsdid
not recordthevery fastprocesses(on theorderof tensor
hundredsof nanoseconds)thatcausedthefilamentto de-
velop. Our modeldescribesthe “shaping” effectsof the
surroundingelectricfield on the rapidly-growing plasma
streamers.

Fig. 14. Renderingof the structureof J�K Q M(NPO R . The
structureis a repetitionof nearlyperfectTi-O tetrahedra
that arerotatedwith respectto eachotherandaresepa-
ratedby zig-zagchainsof Ba atoms. The lack of inver-
sionsymmetryin theTi-O tetrahedraleadsto avery large
low-energy resonancein theXANES.

We have applied stochasticLaplacian growth as a
model to filamentarydielectric breakdown as described
by PietroneroandWiesmann[59] andothers[60, 61, 62,
63]. Here we constructa simplified modelof the algo-
rithm ona largeCartesiangrid usingboundaryconditions
which confinethe electricfield. We examinedthe effect
of parameters(thresholdvoltage,choiceof power law) on
thefractalstructure(whichcanbedenseor sparse)andthe
timing of thegrowth process.Thecalculationof thevolt-
agefield throughoutthefull volume,whichis repeatedaf-
tereachiterationof breakdown growth, is themajorcom-
putationalburden.Thecomputationalresourcesrequired
for this problemsuggestedtheuseof parallelmethods.

7.1 Implementation

Our first parallelimplementationof thealgorithmwas
developedin a machine-languagewhich wasspecificto
theCM-2 ConnectionMachine.This versionof thecode
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useda single instruction, multiple data (SIMD) model
which fits our problem closely. The current parallel
methodwas then developedin a portableserial version
usingthearray-orientedfeaturesof Fortran90. TheFor-
tran 90 array operationsand intrinsic functionsenabled
us to write the codein a very compactform that closely
correspondsto themathematicaldescriptionof theunder-
lying algorithm.Furthermore,thesefeaturesof Fortran90
greatlysimplifiedtheparallelizationof thecode.

Theserialcodewasconvertedto parallelby usingour
F-DParLib subroutinelibrary. F-DParLib is designedto
be usedin a single-program-multiple-data(SPMD) pro-
grammingapproach.In otherwords,multiple copiesof
the sameprogramarerunningsimultaneously, andeach
copy is processinga differentportionof thedata. In par-
ticular, F-DParLib providessimplemechanismsto divide
very largearraysinto blocks,eachof which is handledby
a separatecopy of the program. In practice,this means
that the researchercanwrite parallel codethat looks al-
mostidenticalto serialcode. In our case,thecodecould
bewrittenasthoughaddressedto asingleactivegrid-node
andits immediateneighbors.Fortran90,extendedacross
block boundariesby F-DParLib, executedeachinstruc-
tion on all sitesof eacharray.

F-DParLib’semphasisonarrayhandlingis designedto
meshwith Fortran90’s arraysyntaxandintrinsic array-
handlingfunctions. Much of F-DParLib consistsof par-
allel versionsof the intrinsic array functions such as
CSHIFTandMAXVAL.

In parallelizingthis code,F-DParLib playedthe role
of a high-level languagefor block parallelism.Using F-
DParLib we convertedthe existing serial versionof the
algorithm to a parallel versionwith very few changes.
The parallelversionof the codecaneasilybe run, with-
out modification,on many processorson a largeparallel
system,or onasingleprocessoronadesktopworkstation.

Multiple parallel algorithms were implemented to
speedtheruns. Spatialdecompositionthroughblock de-
compositionrequiredeachprocessorto trackonly its part
of the space.Parallel breakdown wasalso implemented
usinga randomizedred-blackalgorithm.Laplace’sequa-
tion wassolvedin parallelusingSOR[64]. Finally, time
compressionwas usedto reducethe empty (no break-
down) stepsfor periodsof low breakdown probability
[65].

Fig. 15. Simulationof adensestreamergrowth associated
with a low cutoff-voltageparameter.

7.2 Results

The parallelcomputingmodelwasvalidatedby com-
parisonof model visualizationto photographstaken of
streamersduringphysicalexperiments[66, 65, 67]. These
imagesenableus to make a detailed,qualitative compar-
ison of featuresof the model versusthoseof the actual
phenomenonbeingmodeled.We have alsousedanima-
tion andcolorbandingof theimagesto simulatetimepro-
gression.

Our algorithmhasreachedanew level of detailandre-
alismfor thisclassof simulations.Thetrendfrom sparse,
forward-directedgrowth to volume-fillingside-branching
has beenillustrated for a rangeof power-law response
curves.Severalparallelalgorithmshavebeenincludedin
thenumericalmodeling.Wehavesimulatedarangeof ef-
fectswhich occurin experimentsastheparametersof the
modelarechanged.For example,Figs.15and16demon-
stratea narrowing of theconicaltop envelopeassociated
with increasedcutoff voltage,which hasits experimen-
tal counterpartin experimentalbehavior underincreased
pressure.
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Fig. 16. Theconicaltop envelopeof thestreameris nar-
rowed by increasingthe cutoff-voltageparameter. The
narrowing hasa counterpartin experimentalbehavior un-
derincreasedpressure.

8 Dendritic Growth in Alloys

8.1 Background

Whenan alloy is cast,the liquid metal freezesinto a
solid in much the sameway that water freezesto form
ice. Justaswaterfreezesforming intricatepatternscalled
snowflakes,castalloys alsoform snowflake-likepatterns.
Thesetreelike structuresare genericallyknown as den-
drites,andareubiquitousin microstructuralcastingpat-
terns.

A better understandingof the processof dendritic
growth during the solidification of alloys is the goal of
thisproject.Thisknowledgewill helpguidethedesignof
new alloysandthecastingprocessusedto producethem.

Early versionsof computationalmodels of solidifi-
cation, known as sharp interface models, treated the
liquid-solid interface as a mathematicallytwo dimen-
sionalboundary. Trackingthiscomplicatedboundarywas
a computationallychallengingtask[68, 69, 70].

In the phasefield method,however, the liquid-solid

transitionis describedby an orderparameterthat deter-
mines,ateachlocationin thesimulatedalloy, whetherthe
alloy is in the liquid or solid phase.The transitionfrom
liquid to solid is not abrupt,but follows a smoothcurve,
thusallowing the interfaceto have thicknessandinternal
structure.The phasefield methodcandeterminethe ex-
act locationandmovementof thesurfaceof thedendrite
during the simulationby simply updatingeachpoint in
the phase-fieldon eachtime stepof the iterationaccord-
ing to the relevant governingequations.This algorithm,
in two-dimensions,is describedin detail by Warrenand
Boettinger[71].

Our collaborationon this project beganwhen the re-
searcherswishedto expandtheirtwo-dimensionalsimula-
tion to threedimensions.Thenew simulationwouldbetter
matchthe actualthree-dimensionalnatureof theseden-
drites, aswell asverify physicalpropertiesof dendrites
thatonly appearwhenall threedimensionsareincluded.
The amountof computingpower aswell as the amount
of memoryneededto simulatethis processof dendrite
growth in threedimensionsrequiredmorehardwarethan
wasavailableon thedesktop.

8.2 Implementation

Our three-dimensionalsimulationof dendriticgrowth
is of a copper-nickel alloy. A pair of diffusionequations,
onedescribingthephase-fieldandonedescribingtherel-
ative concentrationof the two solutes,is solved over a
uniform three-dimensionalgrid usinga first-orderfinite
differenceapproximationin time andsecond-orderfinite
differenceapproximationin space.On eachtime-stepof
this algorithm,eachpoint in thegrid is updated.At regu-
lar intervals,a snapshotof thephase-fieldandconcentra-
tion aresavedto disk for laterprocessinginto animations
andstill picturesof thesimulateddendrite.

A three-dimensionalgrid of size
������� � ������� � �S����� is

requiredto obtainthedetailedandhighly resolvedimages
neededfrom this simulation.Eight three-dimensionalar-
raysof thissizearerequired,eachcontainingdoublepre-
cision (8 byte) floating point elements. Therefore,this
programrequiresover 64 GB of memoryfor the desired
resolution.In orderto handlesuchalargeamountof data,
we havedevelopeda parallelversionof this simulator.

WehaveusedMPI [3, 4] to developadata-parallelstyle
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programthat can be run efficiently on both distributed
memoryandsharedmemorymachines.The MPI-based
communicationlibrary C-DParLib [8, 9] hasbeenused
to simplify thecodingof this simulator. Sufficient paral-
lelism is obtainedby distributing the three-dimensional
arraysamongthe available processorsand exchanging
databetweenadjacentprocessorsat thebeginningof each
time step.Currently, thearraysaredistributedalongone
axisbut they couldbedistributedalongtwo or threeaxes
if needed.

Parallel applicationsbenefit when the computational
loadon eachprocessoris approximatelythesame.Given
a homogeneoussetof processors,load-balancingsome-
timescanbeaccomplishedsimplyby distributing theele-
mentsof thearraysequallyamongtheprocessors.Unfor-
tunately, this balancingis only effective if theprocessors
are identical and the computationalload is the sameat
all pointsthroughoutthefinite-differencegrid. Netherof
theseassumptionsaretrue for this simulator. Theupdate
algorithmrequiresmorecomputationsat grid pointsnear
thesurfaceandinsidethedendritecomparedto therestof
thegrid, sodistributing thearraysequally, evenassuming
perfectlyequalprocessors,resultsin a loadimbalance.In
moderncomputingfacilities,suchasat NIST, asparallel
machinesareupgraded,anoriginally homogeneoussetof
processorscommonlybecomesheterogeneousover time
with theintroductionof higherspeedprocessorsandpro-
cessingnodeswith local memoriesof varyingsizes.This
effect hasresultedin heterogeneousparallelmachinesat
NIST.

At run time, our C-DParLib [72] canperiodically re-
distribute the arraysacrossthe processorsaccordingto
simple performanceparameters,suchas executiontime
perelement,for eachiteration. This cangreatlyimprove
theexecutiontimedependingonthesetof processorsthat
areassignedto thejob. Theimpactof this dynamicload-
balancingon the sourcecodefor the simulatoris small
with only a few C-DParLib functioncallsrequiredwithin
themainiterationloop.

8.3 Visualization

Theoutputfrom this simulatorconsistsof pairsof files
(snapshots)containingthephase-field( T ) andtherelative
concentration(U ) of thesolutesat eachgrid point at spe-

cific timesteps.For eachsimulation,weproduce40snap-
shotsat regular time intervals. TIFF (TaggedImageFile
Format)imagesaremadefrom thesnapshotdata,thenre-
playedsequentiallyto generateananimationshowing the
dendriteasit grows.At thesmallergridsizes,below , ��� � ,
weusecommonlyavailablevisualizationsoftwareto pro-
cessthesesnapshotfiles into color imageswith appropri-
atelighting andshadingaddedto enhancetheimages.In
this process,we interpretthe valueof 128 (mid-point of
thebyte-scaleddata)in thephasefield to bethesurfaceof
thedendriteandcalculateanisosurfaceof thephase-field
datausingthis value. The surfaceis thencoloredusing
the relative concentrationof the alloys from the datain
thecorrespondingU snapshotfile. An exampleof this for
a simulationon a grid of size , ����� is shown in Fig. 17.

Fig. 17. A 3D dendritefrom a simulationover a grid
of , ����� points. The color bar shows the coding of the
relative concentrationof the metalsin the dendrite. The
colorcodingrangesfrom concentrationsof 20% to 60%.

Two-dimensionalslices through thesesnapshotsare
also producedto investigatethe details of the internal
structure. Three slices through the dendriteshown in
Fig. 17areshown in Fig. 18. Animationsof boththeden-
driteandslicesthroughthedendritearegenerated.
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Fig. 18. Three2D slicesthroughthe3D dendriteshown
in Fig. 17. Thescaleis thesamein thesethreeimagesbut
in order to save spacethe areasurroundingthe dendrite
hasbeenclipped. Thecolor codingusedin theseimages
is identicalto thecolor codingusedin Fig. 17. Theblue
backgroundcorrespondsto theinitial concentrationof ap-
proximately40 %. ImageA is a slicethroughthebaseof
the dendrite,imageB is a slice taken halfway down to-
wardthetip of dendrite,andimageC is a slicetakennear
thetip of thedendrite.

Simulationsongridsof size, ����� andlargercannotuse
this techniquedueto theincreasedmemoryrequirements
in calculatingtheisosurface.Althoughourmachineshave
theavailablemainmemoryto completeanisosurfacecal-
culationontheselargergrids,mostsoftwareisnotcapable
of utilizing all of theavailablememorydueto addressing
limitations (32-bit limits). In additionto this addressing
limitation, thecommonlyavailablevisualizationsystems
do not provide interactive viewing in a 3D movie loop of

thedendritegrowth. We have thereforebegunto investi-
gatealternativemethodsfor visualizingthesesnapshots.

The SGI Onyx2 systemshave high performancehard-
ware that can provide interactive viewing for large
amountsof polygonaldata. We have developeda visu-
alizationprocedurethat convertsthe 3D grid datainto a
polygonaldataset that can take advantageof this hard-
ware acceleration.Eachdatapoint within the dendrite,
i.e. with a phaseof 128 or less, is representedby a
glyphof threeplanarquadrilateralsorientedin eachof the
threeorthogonalplanes(/�0 , /V	 , 0W	 ). The sizeof these
glyphs correspondto the 3D grid voxel size. A semi-
transparentcolor valueasa function of concentrationis
assignedto the glyph. A full color scalerangingfrom
black to white representslow to high areasof concentra-
tion. The speedof the interactive display is determined
by thenumberof glyphs(polygons)usedto form theden-
drite. As previously stated,phasevaluesin the rangeof
0 to 128 are insidethe dendrite. Interactivity canbe in-
creasedby restrictingtherangeof thevaluesselectedfor
glyphs. For example,Fig. 19 usesglyphsfor phaseval-
uesfrom 28 to 128. However, thetradeoff for increasing
interactivity is a more sparserepresentationof the den-
drite. Using standardSGI software,OpenGLPerformer,
this polygonal representationis easily displayed. The
semi-transparentcolors allow a certainamountof inter-
nal structureto berevealedandtheadditiveeffectsof the
semi-transparentcolors producesan isosurfaceapproxi-
mation. A seriesof polygonalrepresentationsfrom the
simulatorsnapshotsarecycledproducinga3D animation
of dendritegrowth thatcanbeinteractively viewed.Most
of thecurrentlyavailableimmersive virtual reality (IVR)
systemsarebasedon OpenGLPerformer. Thus,utilizing
this format immediatelyallows the dendritegrowth ani-
mationto beplacedin anIVR environmentfor enhanced
insight.

8.4 Status

Our largestthree-dimensionaldendritic growth simu-
lation to datehasbeenon a grid of size � ����� using 32
processorsof an IBM SP. This simulationtook approxi-
mately70h to complete.With theincreasein thenumber
andspeedof availableprocessorsonoursystems,andthe
associatedadditionalmemory, wewill beableto regularly
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Fig. 19. A 3D dendritevisualizedusingglyphsandsemi-
transparentcolors. This imagewas generatedfrom the
samedataas in Fig. 17. In this imagethe output from
thesimulatorhasbeenmirroredalongall threeaxesgiv-
ing a symmetricsix-pointedstarstructure.The imagein
Fig. 17, dueto memorylimitations in computingthe iso-
surface,wasmirroredonly alongthe / and0 axes.

runsimulationson gridsof size
���������

.
Testrunsonourcurrentsystems,whichincludeanIBM

SP, a Linux basedPC cluster, several SGI Origin 2000
machines,andotheravailableSGI workstations,indicate
thatwe will soonbeableto completea

���������
simulation

in 3 to 4 days. This assumesthat we can run on 70 to
80 of thesecomputenodes,andthateachincludes1 GB
of main memoryor more. At that point we will begin
productionrunsof this simulator. Theuseof IMPI (Inter-
operableMPI) [6] is expectedto assistus in utilizing the
computenodesfrom thesedifferentmachinesasa single
largeheterogeneousparallelmachine.

The3D phase-fieldsimulatorenabledby parallelcom-
putingwill provide a betterunderstandingof thesolidifi-
cationphenomenaandincreasedunderstandingof thepa-

rameterspaceasit pertainsto melting. Dendriticgrowth
modelsareanimportantelementof macroscalecommer-
cial solidificationpackages,whichwill bethetheeventual
usersof our results.

9 Conclusion

To maintainourability to provideworld classcomputa-
tional supportfor our scientificcollaborations,we expect
thatNIST will continueto upgradeits centralcomputing
facility with currentgenerationhigh-performanceparal-
lel computationserversaswell asclustersof high perfor-
mancePCs.Beyondthis,SAVG will continueto develop
andapplyadvancedparallelscientificcomputingandvi-
sualizationtechniquesthat enableus to run the largest,
mostdetailed,andmostusefulcomputationalexperiments
possible.

Thenewly installedReconfigurableAutomaticVirtual
Environment(RAVE) is the next stepfor SAVG to im-
prove our accelerationof scientificdiscovery. This sys-
temprovidesa largerearprojectionscreenfor peripheral
vision, stereoscopicdisplay for increaseddepthpercep-
tion, andheadtrackingfor morerealisticperspective. All
of the featurescombineinto an immersive environment
for greaterinsightinto thecollaborativeresults.

Our collaborationsfree physicalscientiststo focuson
their scienceand the output of thesecomputationalex-
perimentswhile we focuson the raw computationaland
visualizationproblems.Thegoalin theseeffortsis always
to advancethescientificresearchof our collaborators.
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Fig. 1. Array of vorticesin aBose-Einsteincondensateunderrotation.

Fig. 2. Solitonproducedby phaseimprinting of aBose-Einsteincondensate.

Fig. 3. Phaseseparatingbinarymixtureundershearsimulatedusinga latticeBoltzmannmethod.

Fig. 4. Normalizedflow throughspheres,asa function of the solid fraction \ , centeredon a
simplecubic lattice. The permeability ] is normalizedby the squareof the distancê between
spherecenters.Thesolid fraction \ is _H`ba porosityc .
Fig. 5. A d<egf portionof the hjilknm porosityFontainebleausandstonemedia. Thesolid matrix is
madetransparentto revealtheporespace(grey shadedregion).

Fig. 6. Measuredandmodeledpermeabilities( ] ) of Fontainebleausandstonemediaasa function
of porosity. Thesolid rectanglesshow themodeledresults.

Fig. 7. Motion of a singleellipsoidalinclusionsubjectto shear. Thesingleellipsoidrotationis a
well known phenomenonseenin experimentscalledJeffery’s orbits.

Fig. 8. Motion of twentyeightellipsoidalinclusions,of sizevaryingup to a factorof two, subject
to shear. Note that theJeffery’s orbitsaresuppresseddueto hydrodynamicinteractionsbetween
ellipsoids.

Fig. 9 A screenshotof a WebbasedanimationusingVRML to allow interactive viewing of the
timeseriesanimation.

Fig. 10. Runtimeof a typical FeffMPI XANES calculationwith clustersize.Thecalculationhas
beenrun on four differentclusters.Theexecutiontimeon asingleprocessorhasbeennormalized
to 1.0,showing thatthescalingonall clustersis verysimilaroncethevariationin processorspeed
andcompilerquality is eliminated.Thescalingindicatesthatabout3 % of theruntimeis still from
thesequentiallyexecutingpartsof thecode,implying thatavery largeclustershouldrunFeffMPI
about30 timesfasterthananequivalentsingleprocessor.

Fig. 11. MeasuredXANES data of 4 Barium-strontiumtitanate (BST) films depositedby
MOCVD. The variation in sizeandenergy position of the pre-edgepeaknear-2 eV to +2 eV
is asignatureof thestructuralvariationin thesefilms.
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Fig. 12. XANES calculationfrom theoctahdralandtetrahedralTi-O structuresshown in Figs.13
and14. Thenearlyperfectinversionsymmetryof theTi-O octahedraleadsto only a small low-
energy resonancein theXANES.Thenon-inversionsymmetrictetrahedralTi-O environmentgives
a much larger low-energy resonance.The qualitative similarity of thesesimulationswith the
XANES measurementsshown in Fig. 11 indicatesthat the BST films make a transitionfrom a
non-ferroelectricphasewith tetrahedralTi-O oxygencoordinationto theoctahedralTi-O structure
thatis characteristicof oqp<rtsvu f .
Fig. 13. Renderingof theidealrhombohedralstructureof oqp<rtsvu f . Thestructureis arepetitionof
nearlyperfectTi-O octahedrathatareseparatedby a nearlycubiccageof Ba atoms.Thenearly
perfectinversionsymmetryof theTi-O octahedraleadsto only a small low-energy resonancein
theXANES. Exceptfor a mixtureof bothBa andSr atomson thesamesite, this is theexpected
structurefor BSTfilms depositedwith highsubstratetemperatures.

Fig. 14. Renderingof the structureof owpgxyrtszu|{ . The structureis a repetitionof nearlyperfect
Ti-O tetrahedrathatarerotatedwith respectto eachotherandareseparatedby zig-zagchainsof
Ba atoms.Thelack of inversionsymmetryin theTi-O tetrahedraleadsto avery largelow-energy
resonancein theXANES.

Fig. 15. Simulationof adensestreamergrowth associatedwith a low cutoff-voltageparameter.

Fig. 16. The conical top envelopeof the streameris narrowed by increasingthe cutoff-voltage
parameter. Thenarrowing hasacounterpartin experimentalbehavior underincreasedpressure.

Fig. 17. A 3D dendritefrom a simulationover a grid of }<~�~gf points. The color bar shows the
codingof the relative concentrationof the metalsin the dendrite.The color codingrangesfrom
concentrationsof 20% to 60%.

Fig. 18. Three2D slicesthroughthe 3D dendriteshown in Fig. 17. The scaleis the samein
thesethreeimagesbut in orderto save spacetheareasurroundingthedendritehasbeenclipped.
Thecolor codingusedin theseimagesis identicalto thecolor codingusedin Fig. 17. Theblue
backgroundcorrespondsto the initial concentrationof approximately40 %. ImageA is a slice
throughthebaseof thedendrite,imageB is aslicetakenhalfwaydown towardthetip of dendrite,
andimageC is aslicetakennearthetip of thedendrite.

Fig. 19. A 3D dendritevisualizedusingglyphs andsemi-transparentcolors. This imagewas
generatedfrom thesamedataasin Fig. 17. In this imagetheoutputfrom thesimulatorhasbeen
mirroredalongall threeaxesgiving a symmetricsix-pointedstarstructure.Theimagein Fig. 17,
dueto memorylimitationsin computingtheisosurface,wasmirroredonly alongthe � and� axes.
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Fig. 1. (JamesS.Sims,et al.)
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Fig. 2. (JamesS.Sims,et al.)
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Fig. 3. (JamesS.Sims,et al.)
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Fig. 4. (JamesS.Sims,et al.)
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Fig. 5. (JamesS.Sims,et al.)
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Fig. 6. (JamesS.Sims,et al.)
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Fig. 7. (JamesS.Sims,et al.)
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Fig. 8. (JamesS.Sims,et al.)
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Fig. 9. (JamesS.Sims,et al.)

37



0

0.2

0.4

0.6

0.8

1

0 5 10 15 20 25 30 35 40

FeffMPI Scaling with Cluster Size

PowerPC cluster
Linux cluster
WinNT cluster
SGI cluster
Fit

N
o

rm
al

iz
ed

 t
im

e 
re

la
ti

ve
 t

o
 s

in
g

le
 p

ro
ce

ss
o

r

Number of nodes

Fig. 10. (JamesS.Sims,et al.)
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Fig. 11. (JamesS.Sims,et al.)
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Fig. 13. (JamesS.Sims,et al.)
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Fig. 14. (JamesS.Sims,et al.)
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Fig. 15. (JamesS.Sims,et al.)
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Fig. 16. (JamesS.Sims,et al.)
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Fig. 17. (JamesS.Sims,et al.)
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Fig. 18. (JamesS.Sims,et al.)
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Fig. 19. (JamesS.Sims,et al.)
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