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Abstract

We aimedto studythe performancef a parallelimplementatiorof anintraoperatie nonrigid
registrationalgorithmthataccuratelysimulateghe biomechanicapropertiesof the brainandits
deformationgduringsuigery Thealgorithmwasdesignedo allow for improved sugical naviga-
tion andquantitatve monitoringof treatmenfprogressn orderto improve the sugical outcome
andto reducethe time requiredin the operatingroom. We have appliedthe algorithmto two
neurosugery caseswith promisingresults.

High performanceomputings akey enablingtechnologythatallows thebiomechanicasim-
ulationto be executedquickly enoughfor the algorithmto be practical.Our parallelimplementa-
tion wasevaluatedon a symmetricmulti-processoandtwo clustersandexhibited similar perfor
mancecharacteristiceneach.Theimplementationwvassuficiently fastto beusedn theoperating
roomduringaneurosugery procedurelt allowedathree-dimensionalolumetricdeformatiorto
be simulatedn lessthantenseconds.

1 Introduction

The key challengefor the neurosugeonduring brain suigery is to remove asmuchaspossibleof a
tumorwithout destrging healthybraintissue.This canbe difficult becausehevisualappearancef
healthyand diseasedrain tissuecanbe very similar. It is alsocomplicatedoy the inability of the
suigeonto seecritical structuresunderneathhe brain surfaceasit is beingcut. It wasour goalto
be ableto rapidly andfaithfully capturethe deformationof the brain during neurosugery, so asto
improve intraoperatre navigationby allow preoperatie datato be alignedto volumetricscansof the
brainacquiredntraoperatrely.

Imageguidedsulgerytechniquesireusedn operatingoomsequippedvith speciapurposemag-
ing equipmentThedevelopmenbf imageguidedsugical methodwoverthepastdecadérasprovided
amajoradwancein minimally invasive theragy delivery.

Imageguidedtheragy haslargely beena visualizationdriven task. Quantitatve assessmeruf
intraoperatre imagingdatahasnot beenpossiblein the past,andinsteadqualitatve judgementdy
expertsin theclinical domainshave beerreliedupon.In orderto provide thesuigeonor interventional
radiologistwith asrich avisualizationenvironmentaspossiblérom whichto derive suchjudgements,
previouswork hasprimarily beenconcernedvith imageacquisition,visualizationandregistrationof
intraoperatre and preoperatie data. Biomechanicallyaccurateregistrationof brain scansacquired
duringsumgery, asproposedere hasthe potentialto beasignificantaid to theautomatidnterpretation
of intraoperatre imagesandto enablepredictionof sugical changes.
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Early work (reviewedby JolesZ1]) hasestablishedheimportanceandvalueof imageguidance
throughthebetterlocalizationof lesions the betterdeterminatiorof tumormaigins,andthe optimiza-
tion of the sulgical approach Previous algorithmdesignhasbeena steadyprogressiorof improving
imageacquisitionandintraoperatre imageprocessingThis hasincludedincreasinglysophisticated
multimodalityimagefusionandregistration. Clinical experiencewith imageguidedtherafy in deep
brainstructuresaandwith largeresectionfiasrevealedthelimitationsof existingrigid registrationand
visualizationapproachefl].

The changesn brain shapeduring neurosugery are now widely recognizedas nonrigid defor
mations.Suitableapproacheso capturethesedeformationsandto allow integratedvisualizationsof
preoperatie datamatchedo the brainasit changeshapeduringthe courseof suigeryarein active
development.Previouswork in capturingbraindeformationgor neurosugery canbe categyorizedby
thosethatusesomeform of biomechanicamodel(recentexamplesnclude[2—4]) andthosethatapply
aphenomenologicapproactrelying uponimagerelatedcriteria(recentexamplesncludel[5, 6].)

A fastsuigery simulationmethodwas describedn [7] which achiezed speedby corverting a
volumetricfinite elementmodelinto a modelwith only surfacenodes. This work hadthe goal of
achieving interactve graphicsspeedsat the costof accurag of the simulation. Sucha modelis
applicablefor computergraphicsorientedvisualizationtasksbut during neurosugical interventions
on patientswe aim for as high accurag and robustnessas possibleand use parallel hardware to
achieve clinically compatibleexecutiontimes.

A sophisticatediomechanicaimodelfor two-dimensionabrain deformationsimulationusinga
finite elementdiscretizationwas proposedn [2]. However this work usedthe pixels of the two-
dimensionaimageasthe elementf thefinite elementmesh,andrelieduponmanuallydetermined
correspondenceslnfortunatelytwo-dimensionatesultsarenotusefulin clinical neurosugical prac-
tice andsucha discretizationapproachs extremely computationallyexpensve (even consideringa
parallelimplementationif expandedo threespatialdimension®ecausef thelargenumberof voxels
in atypicalintraoperatie MRI (256x256x60x 4e06voxels)leadingto alargenumberof equationgo
solve. Insteadthe useof afinite elementmodelwith anunstructuredyrid canallow arepresentation
thatfaithfully modelskey characteristicé importantregionswhile reducingthenumberof equations
to solve by usingmeshelementghatcover severalimagepixelsin otherregions.

Most meshingsoftware packagesisedin the medicaldomaindo not allow meshingof multiple
objects[8, 9], and often work bestwith regular and corvex objects,which is usually not the case
for anatomicaktructuresTherefore we have implemented tetrahedrameshgeneratospecifically
suitedfor labeled3D medicalimages.The meshgeneratocanbe seenasthevolumetriccounterpart
of amarchingtetrahedraurfacegeneratioralgorithm.A detaileddescriptionof thealgorithmcanbe
foundin [10]. Theresultingmeshstructurds built suchthatfor imagescontainingmultiple objectsa
fully connectec&andconsistentetrahedrameshis obtainedor every cell. A sggmentatiorof theim-
ageindicateghetype of anatomicaktructurethe cell belongsto. Thereforedifferentbiomechanical
propertiesandparametersaneasilybeassignedo thedifferentcellsor objectscomposinghemesh.
Boundarysurfacesof objectsrepresenteth the meshcanbe extractedfrom the meshastriangulated
surfaceswhichis corvenientfor runninganactive surfacealgorithm,asdescribedelow.

A numberof imaging modalitieshave beenusedfor imageguidance. Theseinclude, amongst
others,digital subtractionangiography(DSA), computedtomography(CT), ultrasound(US), and
magnetiacesonancémaging(MRI). Intraoperatre MR imagingcanacquirehigh contrasimagesof
softtissueanatomywhich hasprovento beveryusefulforimage-guidedheragy [11]. Multi-modality
registrationallows preoperatie datathatcannotbe acquiredntraoperatrely, suchasfunctionalMRI
(fMRI) or nuclearmedicinescans suchasPositronEmissionTomography(PET) or Single Photon
EmissionComputedlTomography(SPECT)scansor magneticcesonancangiographyMRA) to be
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visualizedtogethemwith intraoperatre data.

A systemfor intraoperatre visualizationhasrecentlybeendeveloped[12]. This systemallows
surfacerenderingof previously preparedriangle modelsandarbitraryinteractve resamplingof 3D
grayscaledata. The systemalsoallows for visualizationof virtual sugical instrumentsn the coor
dinatesystemof the patientandpatientimageacquisitions.The systemsupportgjualitatve analysis
basedon expertinspectionof theimagedataandthe suigeonsexpectationof whatshouldbe present
(normalanatomypathologycurrentprogresf thesugeryetc.) Theability to automaticallycapture
the deformationof the brain during neurosugery would allow the augmentatiorof sucha system
to enablethe visualizationspreparedpreoperatiely to be updatedo follow the changeghat occur
duringsumgery For example,this might allow previously acquiredfunctionalMRI (which cannotbe
acquiredntraoperatrely) to betransformedo placethefunctionalinformationin alignmentwith in-
traoperatrely acquiredmorphologicVRI, preservingheability to interpretareasof themorphologic
MRI baseduponthe functionalinformation.

We aimedto demonstrat¢hata volumetricthree-dimensionddiomechanicasimulationof brain
deformationis possibleeven with the time constraintsof neurosugery and that such simulations
significantlyaddto thevalueof intraoperatre imagingandhenceimprove suigical outcomes.

2 Method

In orderto successfullycapturebrain deformationfrom intraoperatre imageswe have developeda
setof imageprocessinglgorithmsthattake advantageof anexisting preoperatie MR acquisitionand
segmentation.We have experimentedor severalyearswith a generaimagesegmentatiorapproach
thatusesa 3D digital anatomicahtlasto provide automaticlocal context for classification13—16].
In this applicationthe preoperatie dataactsasa patient-specifiatlaswhich enablesa robust and
reliableintraoperatre segmentatiorof the brainsurfaceof the patientusingour previously described
real-timeseggmentatioralgorithm[17]. The brain sggmentatiorthenconstitutesa reliabletarget for
the biomechanicasimulationof the braindeformation.Figure 1 illustratesthe processingtepsthat
take placebeforeandduringthetherapy procedure.

Sincepreoperatie datais acquiredbeforesumgery, the time availablefor segmentationis longet
This meanswve canusesggmentatiorapproacheghatareasrobustandaccurateaspossiblebut are
time consumingand henceimpracticalto usein the operatingroom. In our laboratory preoper
ative datais segmentedwith a variety of manual[12], semi-automatetL8] or automated15, 16]
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approachesWe attemptto selectthe mostrobustandaccurateapproactavailablefor a givenclinical
application. Eachsegmentedtissueclassis then corvertedinto an explicit 3D volumetric spatially
varyingmodelof thelocationof thattissueclass by computinga saturatedlistancdransform[19] of
thetissueclass.This modelis usedto provide robustautomatidocal context for the classificatiorof
intraoperatre datain thefollowing way.

During sulgery, intraoperatre datais acquiredand the preoperatie data(including arny MR,
fMRI, PET, SPECTMRA thatis appropriatethetissueclasssegmentatiorandthespatiallocalization
modelderived from it) is alignedwith the intraoperatre datausingan Ml basedrigid registration
method[12,20]. The intraoperatte image datathen togetherwith the spatiallocalizationmodel
forms a multichannel3D dataset. Eachvoxel of the combineddatasetsis thenrepresentedy
a vectorhaving componentdrom the intraoperatie MR scan,the spatially varying tissuelocation
modelandif relevantto the particularsuigery, arny of the otherpreoperatie imagedatasets. For
the first intraoperatre scanto be sggmenteda statisticalmodel for the probability distribution of
tissueclassesn theintensityandanatomicalocalizationfeaturespaces built. The statisticaimodel
is encodedmplicitly by selectinggroupsof prototypicalvoxels which representhe tissueclasses
to be sgmentedintraoperatrely (lessthan five minutesof userinteraction). The spatiallocation
of the prototypevoxels is recordedandis usedto updatethe statisticalmodel automaticallywhen
furtherintraoperatreimagesareacquirecandregistered.Thismultichannetlatasetis thensegmented
with £-NN classificatior{14, 21], a standardlassificatiormethodwhich computeghetype of tissue
presentat eachvoxel by comparingthe signalof the voxel to classifywith the signalof previously
selectedrototypevoxelsof known tissuetype.

The sggmentationof the intraoperatre datahelpsto establishexplicitly the regions of tissues
thatcorrespondn the preoperatie andintraoperatie data. In the pastwe have describecanimage-
basednonrigid registrationalgorithm[22, 23] which hasbeensuccessfullyappliedto captureshape
variationin schizophrenig24]. However, our previous approachdoesnot constitutean accurate
biomechanicakimulationof the deformation,and henceit is not possibleto effectively modelthe
differentmaterialpropertiesof differentstructuresn the head,andit is not possibleto usesuchan
approachfor quantitatve predictionof brain deformation. Theselimitations are addressedby the
biomechanicasimulationapproaciwe describebelow.

2.1 Method for Biomechanical Simulation of Three-Dimensional Volumetric
Brain Deformation

Our intraoperatre imageacquisitionandprocessingdentifiesthe region of the brainvolume. How-
ever, its shapechangesluringsumgery. Thegoalof simulatingtheintraoperatre brainvolumedefor
mationis to projectdataalignedwith the brainin a previous configurationontothe brainin its nev
configuratiorfollowing suigical changes.

We usea two stepprocesdo achieve this. In thefirst step,anactive surfacealgorithmis usedto
establislthecorrespondencdmetweerthesurfacesof thebraindata.In thesecondstepthevolumetric
brain deformationimplied by the surfacechangess computedusinga biomechanicamodelof the
structureof thebrain.

The deformationfield obtainedfor the surfacesis usedin conjunctionwith the biomechanical
volumetricmodelto infer the deformationfield insideandoutsidethe surfaces. The key conceptis
to applyforcesto the volumetricmodelthatwill producethe samedisplacementield atthe surfaces
aswasobtainedwith the active surfacealgorithm. The biomechanicamodelwill thencomputethe
deformatiorthroughouthevolume.



211 Correspondence Detection with an Active Surface

Theactive surfacealgorithmiteratively deformsthe surfaceof thefirst brainvolumeto matchthatof
the secondvolume. This is doneiteratively by applyingforcesderived from the volumetricdatato
an elasticmembrananodelof the surface. The derved forcesarea decreasindunction of the data
gradientssoasto be minimizedatthe edgesof objectsin thevolume. To increaseobustnesandthe
convergencerateof the processye have includedprior knowledgeaboutthe expectedyraylevel and
gradientf the objectsbeingmatched.This algorithmis fully describedn [25].

2.1.2 Biomechanical Simulation of Volumetric Brain Defor mation

Assuminga linear elasticcontinuumwith no initial stresse®r strains,the potentialenegy of an
elasticbody submittedto externally appliedforcescanbe expressedhrougha finite elementmodel
as[26]:

1
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whereF = F(z,y, z) is the vector representinghe forcesappliedto the elasticbody (forces
per unit volume,surfaceforcesor forcesconcentrate@t the nodesof the mesh),u = u(z, y, z) the
displacemenvectorfield we wish to compute and2 thebodyonwhich oneis working describedy
ameshof tetrahedraélementse is thestrainvectorande thestressvector linkedto thestrainvector
by the materials constitutve equations.

In the caseof linear elasticity with no initial stresse®r strains,this relationis describedas
o = (04,04, 04, Tay, Tyz, Tm)T = De, whereD is the elasticitymatrix characterizinghe materials
propertied26].

The continuousdisplacementield u everywherewithin eachelementof the meshis definedas
afunctionof the displacemenét the elements nodesu$ weightedby the elements shapefunctions
(interpolatingfunctions) V¢ (x),

Niodes

u(x) = ; Nf (x)u; . (@)

The elementave useto represenvolumedataaretetrahedra(V,,.q¢.s = 4), with linearinterpola-
tion of thedisplacementield. Hence the shapgunctionof node: of tetrahedraelement is defined
as Ne — 1 € be € de 3

i(X)—W(“i‘F it GY + zz) 3)
The computationof the volume of the elementl/¢ andthe interpolationcoeficientsare detailedin
[26, page91-92].

Thevolumetricdeformationof the brainis found by solvingfor the displacementield thatmini-
mizestheenegy describedy Equationl, afterfixing the displacementatthesurfaceto matchthose
generatedy the active suriacemodel. We solve the systemof equationswith the the Portable Ex-
tensibleToolkit for ScientificComputatio(PETSc)packagd27,28] usingthe Generalizedinimal
ResidualGMRES)solverwith block Jacobipreconditioning.

2.2 Hardwarefor Intraoperativel mageAcquisition and Parallel Computation

Figure2 shavs anopen-configuratiomagnetiacesonancecannepptimizedfor imagingduringsur
gicalprocedure§l, 11]. Operationgake placewith thepatienton the bedinsidethetoroidalmagnets
andthe suigeonstandingn thegapbetweerthem.
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Figure2: Intraoperatre magneticresonancémagingscanneiin which imageguidedtherafy takes
place. The operatingroom consistsentirely of equipmentsafeto usearounda 0.5T magneticfield.
For neurosugery caseghe patientis typically placedlying insidethe two toroidalmagnetsaandthe
suigeonstanddn thegapbetweerthem.



Item Description

CPU CompacAlpha21164A(ev56) 533MHzw/ 8KB+8KB L1 and96K L2
onchipcaches

Motherboard Microway Screamet.X w/ 2MB L3 9ns SRAM cacheanda 128-bit
wide 83MHz memorybus (basedon CompagAlphaPC164 LX moth-
erboarddesign)

Memory 768 MB , 128 bit ECC unbuffered SDRAM 100MHz (1.3 GBytes/sec
peaktransferrate)

Harddisk 2.1 GB Seagatd/ledalist2132(ST32132A)IDE

Network Card CompadDE500Ethernetl0/100MbpsRJ45full duplex

(0N RedHatLinux 6.1

Figure3: Specification®f workstationgn the DeepFlow cluster

Measurementsf parallelperformancevere madeon threedifferentparallelarchitectures.The
first of the threearchitecturesvasa parallelcluster called“Deep Flow”, consistingof a clusterof
Alpha-basedvorkstationgunningLinux connectedy 100Mbpsfull duplex FastEthernet.Thespec-
ifications of this clusteris describedn Table 3. The secondarchitecturewasa SunMicrosystems
Ultra HPC6000symmetricmulti-processomachinewith 20 250MHzUIltraSFARC-11 (4MB Ecache)
CPUsand5 GB of RAM. Thethird architecturevasa clusterof two symmetricmulti-processobJI-
tra 80 workstations eachwith four 450MHz UltraSFARC-1l (4MB Ecache)CPUsand2GB RAM
networkedwith 100MbpsFastEthernet.

3 Reaults

In this sectionillustrative visualizationsof biomechanicasimulationof intraoperatre brainshift are
presenteclongwith ananalysisof the performancenf our parallelimplementation During sumgical
proceduresn the brain,intraoperatre MRI (IMRI) datawasacquiredandstored.Segmentatiorand
nonrigid registrationwasappliedto this dataaftertherajy deliveryin orderto allow usto assesshe
robustnessaccurag andtime requirementof the approach.In the future we intendto carry out
segmentation,nonrigid registrationand visualizationusing the approachdescribedhereduring the
interventionalproceduresvith the goalof improving imageguidedtherafy outcomes.

3.1 Biomechanical Simulation of Volumetric Brain Defor mation

In eachneurosugery caseseveral volumetricMRI scanswere carriedout during sulgery. Thefirst

scanwas acquiredat the beginning of the procedurebeforeary changesn the shapeof the brain

took place,andthenover the courseof sugeryotherscansvereacquiredasthe suigeonchecledthe
progres®of tumorresection.Thefinal scanin eachsequencexhibitssignificantnonrigiddeformation
andlossof tissuedueto tumorresectionln orderto testour biomechanicasimulationapproacheach
subsequerdcanwasalignedto thefirst by rigid registrationusingmaximizationof mutualinforma-
tion. This methodcomputesa global alignmentaccountingfor positioningdifferencesn the scan
coordinatedut doesnot attemptto correctfor nonrigid deformation. The first scanwas manually
sgmentedo actasanindividualizedanatomicamodel. Thelastscanin eachsequenc&asthenseg-

mentedwith our intraoperatre segmentatiorapproach.Our algorithmfor biomechanicasimulation
of the braindeformationwasthenexecutedto computethe volumetricdeformationbetweerthe two

datascans.
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In orderto checkthequality of theregistration thedeformatiorof thefirst MRI scanwasvisually
comparedvith theMRI to whichit wasmatchedln eachcaseheregisteredoraincloselymatchedhe
expectedocation.Figure4 is avisualizationof theaccurag of therecoreredvolumetricdeformation
illustratedwith two-dimensionaslices.

Figure4(a) shows the skin bright, the braingray andthe lateralventriclesdark, in its initial con-
figuration. This definesthe coordinatesystemin which preoperatie datais alignedandvisualized.
Figure 4(b) is the correspondingslice of the second3D scanwhich forms the target to which we
wish to matchthe first volume. Significantsinking of the surfaceof the brain dueto the suigery is
apparent.Figure4(c) illustratesthe resultof simulatingthe brain deformationin orderto matchthe
first scanto the secondscan. A 3D visualizationof this matchis shavn in Figure5. Figure 4(d)
shavsthedifferencebetweerthe simulateddeformatiorof thebrainof Figure4(a)andthe MRI scan
of Figure4(b) to which it is matched.The closenes®f the matchof the simulateddeformationto
the actualdeformationcanbe judgedby the very smallintensity differencesat the boundaryof the
simulateddeformedbrain andthe air gapinsidethe skull of the targetimage. Somesmallintensity
differencesare expectedbecausentrinsic MR scanneiintensity variability causesa small variation
in the obseredvoxel intensitiesfrom scanto scan. A small misregistrationof the lateralventricles
on the sideoppositethe sugical resectioncanbe obsened. This occursbecauseur biomechanical
modeltreatsthe brainasahomogeneoumaterial but the cerebrafalx (a stiff membrandetweerthe
two hemispheresandthe cerebrospinalluid insidethe lateralventriclesare not well approximated
by this homogeneoumodel. This misragistrationis not particularlyrelevantfor a suigical resection
ontheoppositesideof thebrain.

Figure5is avisualizationof thesimulateddeformatiorof thefirstintraoperatre scarvolumeonto
thesecondntraoperatie scanvolume. The 3D surfacerenderingndicateshesimulateddeformation
of the brainin the first scanandthe cross-sectionadlicesshav the MRI of the secondscan. The
skin appearsright in the MRI, andthe large dark region betweenthe skin andthe brain surfaceis
part of the deformationdueto the sugery The closematchof the simulationandthe actualbrain
deformationis clear The color codingindicatesthe magnitudeof the deformationat every pointon
the surfaceof the deformedvolumeandthe blue arraws indicatethe magnitudeanddirectionof the
deformatiorby shaving theinitial andfinal positionof pointsonthesurfaceundegoingdeformation.

3.2 Performance Analysisof Parallel Implementation

The resultsherefocusuponthe biomechanicasimulationof brain deformationbecausen the past
obtainingsufficiently accurateesultsin a clinically compatiblesmallamountof time hasbeenseen
asextremelydifficult. Oftenlessaccurateébut fastmodelsof deformatiorhave beenused.In orderto
provide a contet for the biomechanicasimulationamongsthe otherimageanalysisandacquisition
tasksthatmustoccurintraoperatiely, atimelinefor theseactionsis shavn in Figure6.

Ultimately the ability to usetheseintraoperatre imageanalysismethodseliesuponthembeing
sufficiently robustto provide accurateesultsfor typical clinical casesandcritically, to besuficiently
fastto provide feedbacko the suigeonat aratethatcanbe practicalto useduringneurosugery. We
collectedperformanceaesultson threedifferentarchitecturesn orderto assesshe absoluteperfor
manceandthe scalingbehaior of our parallelimplementation.

Figure 7 shaws the timing resultsfor a biomechanicakimulationof brain deformationon the
DeepFlow cluster The simulateddeformationdeterminedy solvingthis setof equationgs shavn
in Figure4 andFigure5. This resultdemonstrateghat a biomechanicakimulationof volumetric
braindeformationcanbe carriedoutin lessthantenseconds.

The slow scalingof the implementationis attributedto imbalancein the matrix assemblyand

8



(a) A singleslice from thefirst 3D intra- (b) Thecorrespondinglicein thesecond
operatve MRI scan. 3D MRI scan.

(c) The matchedslice of thefirst volume (d) Magnitudeof the differencebetween

aftersimulationof thebraindeformation. the simulateddeformationandthe corre-
spondingslice of the secondscanshow-
ing the closenes®f the alignmentof the
brain.

Figure4: Two dimensionaslicesthroughthree-dimensionalata,shaving thematchof thesimulated
deformationof theinitial brain ontothe actualdeformedbrain. The quality of the matchis signifi-
cantly betterthancanbe obtainedthroughrigid registrationalone. The closenessf the matchof the
simulateddeformatiorto theactualdeformationcanbejudgedby thevery smallintensitydifferences
at the boundaryof the simulateddeformedbrain andthe air gap inside the skull of the targetim-
age.Somesmallintensitydifferencesreexpectedbecauséntrinsic MR scanneintensityvariability
causes smallvariationin theobsenredvoxel intensitiedrom scanto scan.A smallmisregistrationof
thelateralventricleson the sideoppositethe suigical resectiorcanbe obsened. This occursbecause
our biomechanicamodeltreatsthe brain asa homogeneousaterial, but the cerebralfalx (a stiff
membrandetweerthe two hemispheresandthe cerebrospinalluid insidethe lateralventriclesare
not well approximatedy this homogeneoumodel. This misregyistrationis not particularlyrelevant
for asumgical resectioron the oppositesideof the brain.
9



Figure5: Visualizationof deformationof first intraoperatre scanvolumeonto secondntraoperatre
scanvolume. The 3D surfacerenderingndicatesthe simulateddeformationof thefirst scanandthe
cross-sectionalicesshav the MRI of the secondscan.The skin appearsrightin the MRI, andthe
large darkregion betweerthe skin andthe brainsurfaceis partof the deformationdueto the sugery.
The close matchof the simulationand the actualbrain deformationare clear The color coding
indicateshe magnitudeof the deformationat every point on the surfaceof the deformedvolumeand
thebluearrows indicatethe magnitudeanddirectionof the deformationshaving theinitial andfinal
positionof pointsonthe surfaceundegoingdeformation.
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Timeline of image processing for
Image guided neurosurgery

Time
Action Before surgery: | During surgery:
Preoperative segmentation——»,
Intraoperative MRI — EE—
Rigid registration —» —»
Tissue classification —> >
Surface displacement —»> —»
Biomechanical simulation > >
Visualization —_—r >
Surgical progress e Em—

Figure6: A timeline of typicalintraoperatie imageacquisitionandanalysigasks.
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Figure7: Timing resultsfor assemblingsolving,andthesumof initialization,assemblingndsolving
time for a systemof 77511equationssimulatingthe biomechanicatleformationof the brain on a
clusterof 16 CompadAlpha21164A533MHzCPU-baseavorkstationsietworkedwith FastEthernet.
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(a) Sun MicrosystemsUItra HPC 6000 (b) Two Sun Microsystems Ultra 80
with 20250MHz CPUs seners eachwith 4 450MHz CPUsnet-
workedwith FastEthernet.

Figure 8: Timing resultsfor assemblingand solving the systemof 77511equationssimulatingthe
biomechanicatieformatiorof the brain.

matrix solve processes.Our parallel decompositiorfor the matrix assemblyis basedon sending
approximatelyequalnumberf meshnodego eachCPU.However, in ourunstructuredrid different
meshnodescanhave differentconnecwity, andhencerequirea differentamountof work in orderto

interpolatevaluesto the meshnodes. A secondoad imbalanceaffects the scalingof the solving

time. Givenaninitially balancedsetof equationsthe surfacedisplacementareappliedasboundary
conditions,substitutingknown valuesfor equationsn the original system reducingthe numberof

unknovnsthatmustbe solvedfor. This hasthe effectof creatingsomeimbalanceasthedistribution

of surfacedisplacementss notequalacrossCPUSs.

Forintraoperatie use theabsolutdimerequiredfor initialization,assemblyandsolvingis accept-
able. Time requiredfor initialization canbe overlappedwith earlierimageprocessing.For display
of the simulateddeformationwe needto resamplea datasetaccordingo the computeddeformation,
whichrequiresapproximately0.5 secondsOur currentimplementatiorat this time simply writesthe
deformationto disk which imposesa fixed I/O cost(notincludedin the timing results)thatwill not
benecessaryn practicalapplicationduringsumgery.

Figure8 shavstiming resultsfor assemblingandsolvingthe systemof 77511equationsimulat-
ing the biomechanicatleformationof the brain on a SunMicrosystemdJltra HPC 6000symmetric
multi-processowith 20 250MHz CPUsandon a pair of SunMicrosystemdJltra 80 sernerseachwith
4 450MHz CPUsnetworkedwith FastEthernet.Theseresultsindicatescalingperformanceimilarto
thatobtainedonthe DeepFlow cluster despitethe differencesn architectures.

In the future animproved biomechanicaimodelcould aim to bettermodeldifferentstructuresn
the brain. This may necessitat@a higherresolutionmesh,and hencea larger numberof equations
to solve. Figure9 shaws timing resultsfor assemblingandsolvinga systemof 253308equationdo
simulatethe biomechanicatleformationof the brain on a Sun MicrosystemdJltra HPC 6000with
20250MHz CPUs.Thetiming resultsindicatethatwe canassemblandsolve a systemof equations
2.5timeslargerthanthat necessaryo obtainexcellentresultswith our currentmodelin a clinically
compatibletime frame.
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Figure9: Timing resultsfor assemblingand solving a systemof 253308equationssimulatingthe
biomechanicadeformationof the brain on a Sun MicrosystemsEnterpriseSener 6000 with 20
250MHzCPUs.

4 Discussion and Conclusion

Our early experiencewith two neurosugery casesndicatesthat our intraoperatre biomechanical
simulationof braindeformationalgorithmis a robustandreliablemethodfor capturingthe changes
in brainshapehatoccurduringneurosugery Theregistrationalgorithmrequiresno userinteraction
andthe parallelimplementations sufficiently fastto be usedintraoperatiely.

Intraoperatre registrationaddssignificantlyto thevalueof intraoperatreimaging. It providesfor
guantitatve monitoringof theray applicationincluding the ability to comparequantitatvely with a
preoperatiely determinedreatmenplanandenablegpreoperatie datato be alignedwith thecurrent
configurationof the brain of the patientin orderto allow 3D interactve visualizationof the fused
multi-modalitydata.

The contribution of this work is the evaluationof a parallelimplementatiorof an algorithmfor
intraoperatre registrationby biomechanicasimulationof brain deformationandthe demonstration
thathighfidelity simulationsof braindeformatiorarenot too computationallyexpensve for intraop-
eratve use.High performance&eomputingis a key enablingtechnologythatallows the biomechanical
simulationto be executedquickly enoughfor the nonrigid registrationalgorithmto be practicalin
clinical useduringneurosugery. Our parallelimplementatiorshavs a goodspeedupwith increasing
CPU countandawallclock time compatiblewith the requirement®f neurosugical intervention.We
have evaluatedour algorithmwith two neurosugery caseswith promisingresults. Furtherclinical
validationwith larger numbersof caseswill be necessaryo determinef our algorithmsucceedn
improving intraoperatre navigationandintraoperatie theragy delivery andhenceimprovestheray
outcomes.
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In thefuture,theparallelimplementatiordescribederecouldbeimprovedby addressingheload
imbalancesn orderto achieve betterscalingperformance A tetrahedrameshwith a moreregular
connectity patternwould allow betterscalingin the matrix assemblyprocess.The paralleldecom-
positionof thesystenof equationgo solve couldbe modifiedto accounfor thedistributionof known
displacements orderto improve the scalingof the solver. Improvedregistrationcouldresultfrom a
moresophisticatednodelof the materialpropertiesof the brain (suchasmoreaccuratenodellingof
the cerebrafalx andthelateralventricles).The creationof anintraoperatre segmentatiorcapability
ableto identify thesestructuresvould be necessaryo enablesucha modelto beappliedroutinelyin
sulgery.
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