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Abstract. Thekey challengefacedby a neurosugeonis the
removal from the brain of asmuchtumor tissueaspossible
while minimizing theremoval of healthytissueandavoiding
thedisruptionof critical anatomicaktructuresWe developed
an algorithmto createenhancedisualizationsof tumor and
critical brain structuresby aligning preoperatiely acquired
imagedatawith intraoperatie imagesof the patients brain
duringsurgery.

To be practicalfor use during neurosugery, the imple-
mentatiormustmeetthereal-timeconstraint®f neurosugery.
We presentherean analysisof the performancecharacteris-
tics of animplementatiorof ouralgorithmonahighendsym-
metric multiprocessoarchitectureWWe demonstratethatthe
implementationis sufficiently fastto be usedduring neuro-
suigery throughscalingexperimentsand by usingthe algo-
rithm to capturevolumetric brain deformationduring three
neurosugeriesThevolumetricdeformatioris inferredthrough
a biomechanicasimulationwith boundaryconditionsestab-
lishedvia surfacematching.We demonstratéhe valueof the
enhancedisualizationthis algorithmallows.

Key words registration,image guided neurosugery, high
performanceomputing,volumetricbiomechanicabrain de-
formationmodel.

1 Intr oduction

The key challengefacedby a neurosugeonis the removal
from the brain of as much tumor tissue as possiblewhile
minimizing the removal of healthytissueand avoiding the
disruptionof critical anatomicalstructuresThis canbe dif-
ficult becauseften healthyanddiseasedissuehave a simi-
lar visual appearancesomecritical structuressuchaswhite
matterfiber tracts,maynot bevisible atall.

Over the last decadethe developmentof image guided
suigerytechniquesasheenamajoradvancein minimally in-
vasie neurosugery. Thesetechniquescarriedout in operat-
ing roomsequippedvith specialpurposamagingequipment,
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allow theneurosugeonto acquirenew imagesduringsuigery.

Theseimages,suchasprovidedby intraoperatie ultrasound
or intraoperatite magneticresonancemaging (IMRI), can
provide improved contrastbetweerhealthyanddiseasedis-

sue,andtheability to seepastthe surfaceof theexposedorain

in orderto betterappreciatehedeepestructuref thebrain.

Due to the constraintsof an operatingroom, intraoperatre

imagingtypically resultsin imageswith lower signalto noise
ratio and lessflexibility in the choice of imaging modality
thancorventionalimagingdoneoutsidethe operatingroom.

We have developedan algorithmto allow the projection
of preoperatie imagesonto intraoperatie imagesallowing
fusion of imagesfrom multiple imagingmodalitiesandwith
multiple contrastypes.The algorithmtrackssurfacesof key
structuresin intraoperatiely acquiredimages,allowing the
projectionof preoperatieimagesnto theconfiguratiorof the
patients brain during the neurosugical procedure A volu-
metricdeformatiorfield is inferredfrom thesurfacechanges.
This field capturesionrigid deformationsof the shapeof the
braindueto factorssuchasbrainswelling,cerebrospinaiuid
loss,anaesthetiagentsandthe actionsof the neurosugeon.
In orderfor this approacho have practicalapplicability dur-
ing neurosugery, it must meetthe real-time constraintsof
neurosugery. If theupdatedmagesarrive too lateto provide
meaningfulguidanceto the neurosugeonthentheir valueis
lost.

We have carriedout a performanceassessmerntf a par
allel implementatiorof ourimageregistrationalgorithm.We
evaluatedtheimplementatioron a high endsymmetricmul-
tiprocessorarchitecture This implementationis sufficiently
fastto meetthe constraintsof neurosugery. We can solve
our biomechanicamodelinferring a three-dimensionalol-
umetricdeformatiorof thebrainin lessthantensecondsand
the entire image analysisprocesscan be carriedout in less
thanten minutes.We usedthis implementatiorto track volu-
metric braindeformationduring threeneurosugeries,andto
projecta preoperatiely constructednodel of the brain into
the configurationof the patients brain asits shapechanged.
We thenconstructecainenhancedisualization,memging pre-
operatvely constructedsurface modelsof the corticospinal
tract from an anatomicalatlaswith intraoperatre MRI and



surfacemodelsof the brain andventriclesof the patientand
projectecthis visualizationinto the operatingroom.

1.1 Image GuidedNeuwosuigery

Imageguidedneurosugery(IGNS) haslargelybeenavisual-
izationdriventask.Quantitatve assessmemdf intraoperatie
imaging datahasnot beenpossiblein the past,andinstead
qualitatvejudgementdy expertsin theclinical domainshave
beenreliedupon.In orderto provide the sulgeonwith asrich
a visualizationernvironmentas possiblefrom which to de-
rive suchjudgementspreviouswork hasprimarily beencon-
cernedwith imageacquisition,visualizationandregistration
of intraoperatie andpreoperatie data.Biomechanicallyac-
curateregistrationof brain scansacquiredduring suigery; as
proposechere,hasthe potentialto be a significantaid to the
automaticinterpretationof intraoperatve imagesandto en-
ablepredictionof sumgical changes.

Earlywork, asdescribedn therecentreview by Joles71],
hasestablishedhe importanceandvalueof imageguidance
throughthe betterlocalizationof lesions,the betterdetermi-
nation of tumor mamgins, andthe optimizationof the sumi-
cal approachPrevious algorithm developmentfor computer
aidedIGNS hasbeena steadyprogressiorof improving im-
ageacquisitionqualityandspeedandmoresophisticate@nd
capablantraoperatreimageprocessinglncreasinglysophis-
ticatedmultimodalityimagefusionandregistrationtechniques
have beendeveloped.However, clinical experiencewith im-
ageguidedtherayy in deepbrain structuresand with large
resectiondhasrevealedthe limitations of existing rigid reg-
istrationandvisualizationapproachegl]. This motivatesthe
searchfor improvedvisualizationtechnologieandfor regis-
tration algorithmswhich can capturethe nonrigid deforma-
tion of the brainduringsurgery.

VisualizationduringlGNS canbe enhancedby preopera-
tive images.Preoperatie imagescanprovide increasedspa-
tial resolutionandcontrastascomparedo intraoperatie im-
ages.Intraoperatve imaging is by necessitylimited in the
time available for imagingandin the availability of differ-
entcontrasmechanismsyhereagpreoperatieimagingis not
limited in this way. A numberof imaging modalitieshave
beenusedfor imageguidanceTheseanclude,amongsbthers,
digital subtractionangiography(DSA), computedtomogra-
phy (CT), ultrasoundUS), andmagneticresonancémaging
(MRI). IMRI canacquirehigh contrastimagesof soft tissue
anatomywhich hasprovento beveryusefulfor image-guided
therapy [2]. Multi-modality registrationallows preoperatie
datathat cannotbe acquiredintraoperatiely, suchasfunc-
tional MRI (fMRI), nucleamedicinescangsuchasPositron
Emission Tomography(PET) and Single Photon Emission
ComputedTomography(SPECT)scans)and magneticres-
onanceangiography(MRA) to be visualizedtogetherwith
intraoperatie data.

A softwaresystentor intraoperatie visualizationhasre-
cently beendeveloped[3]. This systemallows surfaceren-
dering of previously preparedriangle modelsand arbitrary
interactve resamplingof 3D grayscaledata.The systemalso
allows for visualizationof virtual surgical instrumentsn the
coordinatesystemof the patientand patientimage acquisi-
tions. The systemsupportsqualitative analysisbasedon ex-

pertinspectionof the imagedataandthe suigeonsexpecta-
tion of what shouldbe present(normalanatomy pathology
currentprogresof the suigeryetc.)

The ability to automaticallycapturethe deformationof
the brain during neurosugery as describedn this work al-
lows enhancedrisualizationsto be createdby enablingsur
facemodelsandcross-sectionalatapreparedpreoperatrely
to beupdatedo follow thechangeshatoccurduringsumgery:
For example this allows previously acquiredfunctionalMRI
(which cannotbe acquiredintraoperatiely) or diffusionten-
sor MRI to betransformedo placethe preoperatie scanin
alignmentwith intraoperatiely acquiredmorphologicMRI,
facilitating moreaccuratdnterpretatiorbasedn the aligned
preoperatre information.

1.2 Nonrigid Registrationin Supportof IGNS

Overthecourseof aneurosugery, thebrainchangedts shape
in reactionto mechanicabnd physiologicalchangesassoci-
atedwith the sumgery. Suitableapproacheso capturethese
shapechangesandto createintegratedvisualizationsof pre-
operatve datain the configurationof the deformedbrainare
in active development.We categorize previous work aimed
at capturingbrain deformationsfor neurosugery into those
thatusesomeform of biomechanicamodel(recentexamples
include [4-8]) andthosethat apply a phenomenologicahp-
proachrelying uponimagerelatedcriteria (recentexamples
include[9-12].)

Purely image basedmatchingis expectedto be able to
achieve a visually pleasingalignment,onceissuesof noise
and intensity artifact rejectionare accountedor. However,
in our work for intraoperatie matchingwe have favoured
physics-basedhodelswhich ultimately may be expandedto
incorporateémportantinhomogeneouandanisotropicmate-
rial characteristicef the brain.

In the domainof physics-basechodels,a spectrunrang-
ing from lessphysicallyplausiblebut veryfastmodelsthrough
to extremelyaccuratebiomechanicamodelsrequiringhours
of computetime to solve have beeninvestigated.

A fastsumgery simulationmethodwas describedn [13]
which achieved speedby cornverting a volumetricfinite ele-
mentmodelinto a modelwith only surfacenodes.This work
hadthe goal of achieving interactve graphicsspeedsat the
costof accurag of the simulation.Sucha modelis applica-
ble for computergraphicsorientedvisualizationtaskssuch
assumgical simulationwherevideo framerateresultsarere-
quired. However, during neurosugical interventionson pa-
tients,our focushasbeento aim for robustnessandhigh ac-
curag in thematching,andwe have usedparallelhardware,
parallel algorithm designand efficient parallelimplementa-
tions of thesealgorithmsin orderto achieve executiontimes
compatiblewith neurosugery.

A sophisticatethiomechanicamodelfor two-dimensional
braindeformatiorsimulationusingafinite elementiscretiza-
tion wasproposedn [4]. Howeverthis work establishedor-
respondencelsy manualinteraction,andfor the elementof
the finite elementdiscretizationusedthe pixels of the two-
dimensionalimage.Manually determiningcorrespondences
is susceptibleo operatorerror and canbe time consuming,
especiallywhenthe generalizatiorio dealwith volumetricor



3D anatomyis attemptedUnfortunatelytwo-dimensionate-
sultsarenot usefulin clinical neurosugical practice.A vox-
elwise discretizationapproachs extremely computationally
expensve (evenconsideringa parallelimplementation)f ex-
pandedo threespatialdimensiondecausef thelargenum-
berof voxelsin atypicalintraoperatre MRI leadingto alarge
numberof equationgo solve (256x256x60= 3,932,160/0x-
els, which implies 11,796,480displacementso determine).
Downsamplingcanleadto fewer voxels,but leadsto a crude
approximatiorto the true geometryof interestingstructures.
Our approachs to constructan unstructuredyrid represent-
ing thegeometryof thekey structureswhich allowsusto use
afinite elementiscretizatiorthatfaithfully modelskey char
acteristican importantregionswhile reducingthe numberof
equationdo solve by usingmeshelementghatcover several
imagepixelsin otherregions.

Edwards et al. [14] presenteda two dimensionalthree
componenmodelwith thegoalof trackingintraoperatie de-
formation. This work useda simplified materialmodelwith
the goal of achieving higherspeed.The initial multigrid im-
plementatioron 2D imagesof 128x128pixels corvergedto
asolutionin 120-180minuteswhenrun on a SunMicrosys-
temsSparc20.

Skrinjar et al. [5] presented very interestingsystemfor
real-timeintraoperatie brainshift capturefor epilepsyneuro-
sulgerywherebrain shift is ratherslow. Brain surfacepoints
weretracked to indicate surfacedisplacementA simplified
homogeneoudrain tissue materialmodel - a Kelvin solid
model - was adoptedsince“it is a rathersimple approach,
which is a desirableproperty since the model deformation
shouldbe computedn realtime ... sinceit mustbe utilized
during the suigery” Their numericalmodelhas2088nodes,
11733 connectionsand 1521 brick elements,and required
“typically lessthan10 minutes”on an SGI OctaneR10000
workstatiorwith one250MHzprocessariThey concludgrom
thesetimingsthat“this modelcanpotentiallybe usedduring
the sumgery, which is our eventualgoal”. Following the de-
scriptionof surfacebasedrackingfrom IMRI driving alinear
elastichiomechanicamodelin [8], Skrinjaretal. presentec
new implementatior{7] of their systemusinga linear elastic
modeland surfacebasedtracking from IMRI with the goal
of eventuallyusingstereoscopicamerago obtainintraoper
ative surfacedataand henceto captureintraoperatie brain
deformation.

Paulseretal.[15] andMiga etal. [6,16] have developeda
sophisticatedinite elemenimodelto simulatebraindeforma-
tion, incorporatingsimulationsof forcesassociateavith tu-
mortissue andsimulationsof retractionandresectiorforces.
Applicationof thesemodelsclinically will beveryinteresting
assoonasintraoperatre measuremerdf surgicalinstrument
position and associatedorces(suchas pressureapplied by
thesumgeonwith theretractor)oecomepossible A limitation
of their existing approachis thattheir preoperatre sgmenta-
tion andtetrahedrafinite elementmeshgeneratiorcurrently
requiresaroundfive hoursof operatottime. They reportpost-
operatve simulationusing a meshof approximately23200
nodesand 123500elementgleadingto roughly 92800equa-
tionsin theirmodel)requiring2 minutesfor FEM loading,8.5
minutesto simulatesagassociatedvith gravitational force,
6.5 minutesto simulateresection,5.5 minutesto simulate
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Fig. 1. Algorithm for enhancedrisualizationby projectionof pre-
operatve datainto the intraoperatre configurationof the subjects
anatomy

excision and 6.0 minutesto simulateunretraction[16]. The
hardwareplatformfor thesesimulationswasnotreported.
For predictionof braindeformationratherthancaptureof
braindeformatiorfrom IMRI, a moresophisticatednodelof
brainmaterialpropertiesvould be required Miller etal. [17,
18] have carriedout pioneeringsimulationsandcomparisons
with in vivo datato demonstratéhatahyperviscoelasticon-
stitutive modelcanreliably predictin vivo braindeformation
inducedby aforceappliedwith constantoadingvelocity.

1.3 Summary

IGNS hasbecomeestablishedasan importantand effective
sumgical paradigm.Existing navigation algorithmsare lim-
ited in their capability to capturebrain deformationduring
sumgery. In this studywe aimedto demonstratéhat a volu-
metric three-dimensionabiomechanicakimulationof brain
deformations possiblesvenwith thetime constraintsf neu-
rosugery and that suchsimulationssignificantly add to the
value of intraoperatie imagingand henceimprove sumgical
outcomes.

2 Method

Figure 1 provides an overview of the image analysissteps
thattake placebeforeandduring the theragy procedureThe
primary analysistasksinvolve imagesegmentationand reg-
istration. Image segmentationis the processof identifying
anatomicaktructuresn volumetricimagingdata.We exploit
preoperatiedataacquisitionandpreoperatre sggmentations
for bothpreoperatre planningof thesumgicalapproactandto
help createintraoperatie sggmentationsasdescribedelow.
Imageregistrationin orderto align the acquisitionsinvolves
both affine registration (to capturetranslation,rotation and
scalingdifferenceslnda biomechanicasimulationof brain
deformation.



The volumetricdeformationis inferredthrougha biome-
chanicalsimulationwith boundaryconditionsestablishedia
surfacematching.Two major contributionsof this paperare
the demonstrationthat this sophisticatedleformationmodel
canbeinitialized and solved during a neurosugery, andthe
demonstratiorof the valueof theenhancedisualizationthis
allows.

2.1 Preopeative Data Acquisition,iImage Segmentatiorand
Fusion

Since the time during sumgery is limited comparedto that
availablebeforesurgery, preoperatie dataacquisitioncanbe
far morecomprehensie thanintraoperatve dataacquisition.
Thetime availablealsoallows amoreextensve segmentation
to becarriedout.

Preoperatiedatacanbeseggmentedvith avarietyof man-
ual [19], semi-automatefR0,21] or automated22—-24] ap-
proachesand we selectthe most accurate yobust approach
baseduponthe type of preoperatre dataand the particular
critical structures.

For the matchingexperimentsdescribedelow, we have
madeuseof ananatomicahtlasconstructedrom a high res-
olution MRI of a single subject.Over 200 anatomicalstruc-
tureshave beensggmented25] usinga combinationof auto-
matedandinteractive techniquesWe areprimarily interested
in the corticospinaltract, a region of white matterwhich can
be difficult or impossibleto directly obsene with corven-
tional MRI. We have previously shavn that we can project
the corticospinaltract from the atlasonto patientscansfor
preoperatie sugical planning[26].

2.2 Intraopeiative Image Processing

Intraoperatie imageprocessingconsistsof acquiringa new
intraoperatieacquisitionof oneor morevolumetricdatasets,
constructinga segmentatiorof theintraoperatie acquisition,
computingan affine registrationof the preoperatie datato
thenew acquisitionjdentifyingthecorrespondencdsetween
key surfacesof thepreoperatreandintraoperatie data,solv-
ing abiomechanicamodelto infer a volumetricdeformation
field, applyingthe deformationto the preoperatie dataand
constructinga new visualizationmerging critical structures
from the preoperatie datawith theintraoperatie data.

2.2.1 Sggmentatiorof Intraoperatie Volumetriclmages

In the experimentsconductedelow, a rapid segmentatiorof
thebrainwasobtainedhroughabinarycurvaturedrivenevo-
lution algorithm[21]. Theregionidentifiedasbrainwasthen
interactvely correctedo remove ary portionof misclassified
skinandmuscleusingthe softwaredescribedy Geringetal.
[3]- Thiswasthenrepeatedo obtainasegmentatiorof thelat-
eralventriclesof thesubject.This approachallows theneuro-
suilgeonto inspectthe sgmentationsasthey areconstructed
during the suigery and enhanceshe sulgeonsconfidencan
thequality andavailability of the segmentations.

We have alsoexperimentedvith automatedntraoperatve
segmentatior{27,22] utilizing tissueclassificatiorin amulti-
channefeaturespacewith amodelof expectedanatomylt is
our expectationthat this automatedapproachwill be prefer
ableoncesuficient validationexperimentshave beencarried
out.

2.3 UnstructuedMeshCreationand SurfaceRepesentation

From the preoperatie segmentationwe extract an explicit
representationf the surfaceof the brain andventricles.We
alsocreatea volumetricunstructuredetrahedrameshrepre-
sentingthedomainoverwhich our biomechanicasimulation
of deformationwill ultimately be executed.We generatea
tetrahedrameshof the brain andventriclesfrom segmenta-
tionsof eachvolumetricintraoperatieacquisitioncarriedout
duringthesumgery.

We haveimplementedtetrahedrameshgeneratospecif-
ically suitedfor labeled3D medicalimages,building upon
previously describedechnique$28,29]. Themeshgenerator
canbeseenasthevolumetriccounterparbf amarchingtetra-
hedrasurfacegeneratioralgorithm.A detaileddescriptionof
thealgorithmcanbefoundin [11,30,31]. We canreadily as-
sociatedifferentbiomechanicainodelparametersvith differ-
entanatomicaktructuresincethe preoperatie sggmentation
andtetrahedrameshnodeshave the samecoordinatesystem.

2.3.1 Affine Registrationof Preoperatie Volumetricimages
to Intraoperatie Volumetricimages

For affine registrationwe usea fastandparallelimplementa-
tion of an extremely robust algorithm which is basedupon
aligning sgmentedimage data[32]. We register the brain

segmentationf the preoperatie and intraoperatve scans.
This allows usto captureaffine transformatiorchangegro-

tation, translationandscaling)betweerthe preoperatie data
andthe subjectscan.

2.3.2VolumetricBiomechanicaBimulationof Brain
Deformation

As neurosugery progresseshe brain shapechangesdueto
the sumical intervention (craniotomy tissueresectioncere-
brospinafluid drainagearesomeof thefactors) DuringIGNS
the suigeonacquiresa new volumetricMRI whenhe wishes
to review the currentconfigurationof the entirebrain. A vol-
umetricdeformationfield relatingearlieracquisitiongo this
new scanis computedy first matchingsurfacedrom theear
lier acquisitionto the new acquisition,andtheninferring the
volumetric deformationbasedupon the surface correspon-
dencesThe primary conceptis to apply forcesto the volu-
metric modelthat will producethe samedisplacemenfield
at the surfaceaswas obtainedby the surfacematching.The
biomechanicamodelthenallows the computatiorof the de-
formationthroughouthevolume.



MeasuringSurfaceCorrespondences An active surfaceal-
gorithmiteratively deformssurfacesof boththebrainandthe
lateralventriclesfrom the earlieracquisitionto matchthat of
the currentacquisition.This is doneiteratively by applying
forcesderived from the volumetric datato an elasticmem-
branemodelof the surface.The derivedforcesarea decreas-
ing functionof theimageintensitygradientssoasto be min-
imized at the edgesof objectsin thevolume.To increaseao-
bustnessand the corvergencerate of the processwe have
includedprior knowledgeaboutthe expectedgray level and
gradientof theobjectsheingmatchedThisalgorithmis fully
describedn [33,34].

Biomedanical Simulationof VolumetricBrain Deformation

We treatthe brainasanhomogeneouBnearelasticmaterial.
The deformationenegy of an elasticbody, underno initial

stressesr strains,subjectto externallyappliedforcescanbe
describedyy thefollowing model[35]:

E:}/GTadQ-i-/FTu do 1)
2/a Q

whereF = F(x,y,2) is the vectorrepresentinghe forcesap-
pliedtotheelastichody(forcesperunit volume,surfaceforces
or forcesconcentrateatthenodesof themesh)u = u(x,y, 2)
the displacemenvtectorfield we wish to compute andQ the
body on which oneis working describedy a meshof tetra-
hedralelementse is the strainvectoranda the stressvector,
linkedto the strainvectorby the constitutive equationf the
material.For the above model,this relationis describedas

T
o= (UX70ya027Txy> Tyz, sz) = Dg,

whereD is the elasticitymatrix characterizinghe materials
properties[35]. Strainis relatedto displacemenby the as-
sumptione = L Tu whereL is alinearoperator

A finite elementdiscretizationis usedto obtaina mesh
over the volumetricimage domain. The meshelementswe
useto representvolumetric data are tetrahedraland hence
eachelements definedby four meshnodes.The continuous
displacementfield u everywherewithin element of themesh
is definedasa function of the displacemenat the elements
nodesuf weightedby the elements interpolatingfunctions
NE(x),

Nnodes

u(x) = Zi INS(X)uf . )

We uselinear interpolatingfunctionsto define the dis-
placemenfield insideeachelementHence theinterpolating
functionof nodei of tetrahedraklemente is definedas

- (i) o

The computationof the volume of the elementV® andthe
interpolationcoeficientsaredetailedin [35, page91-92].

Thevolumetricdeformatiorof the brainis foundby solv-
ing for the displacemenfield that minimizesthe enegy de-
scribedby Equationl. Defining matrix Bf = LN¢ for every
nodei of eachelement, solvingfor

OE (us,..., u,‘;‘,nodes)

ou?

i= 1;--->Nnodes (4)

yieldsthefollowing equation:

Nnodes
/ S BFTDB?u?dnz—/FNiedQ ; i=1,...,Nnodes
Q Q

j=1
5)
This can be written as a linear equationsystem,which
canbesolvedfor the displacementsesultingfrom theforces
appliedto thebody:

Ku=—F. (6)

Thedisplacementattheboundarysurfacenodesarefixed
to matchthosegeneratetby theactive surfacemodel.LetU be
thevectorrepresentinghe displacemento beimposedat the
boundarynodesTheelement®of therowsof thestiffnessma-
trix K correspondindo the nodesfor which a displacement
is to beimposedaresetto zeroandthe diagonalelementof
theserows to one.The force vectorF is setto equalthe dis-
placemenvectorfor the boundarynodes:F = U [35]. In this
way solving Equation6 for the unknawn displacementsvill
produceadeformatiorfield overtheentiremeshthatmatches
the prescribedlisplacementatthe boundarysurfaces.

2.4 Hardware for Intraopeiative Image Acquisitionand
Parallel Computation

The volumetricdeformationof the brainis found by solving
for thedisplacementield thatminimizestheenegy described
by Equationl, afterfixing the displacementatthe surfaceto
matchthosegeneratedby the active surfacemodel.

At eachnodeof the finite elementmesh,threevariables
representinghex,y andz displacementareto bedetermined.
Eachvariablegivesrise to one row and one columnin the
global K matrix. The rows of the matrix aredivided equally
amongsthe CPUsavailablefor computationandthe global
matrix is assembledh parallel. EachCPU assembleghe lo-
cal K€ matrix for eachelementin its subdomainEachCPU
hasanequalnumberof rows to processut becausehe con-
nectvity of the meshis irregular, someCPUsmay do more
work thanotherCPUs.

Following the assemblyof the matrix, the boundarycon-
ditions determinedy the surfacematchingareapplied.The
global K matrix is adjustedsuchthat rows associatedvith
variableshataredeterminectonsistof a singlenon-zeroen-
try of unit magnitudeon the diagonal.

We solve the volumetrichiomechanicabrain modelsys-
tem of equations(and the active surface membranemodel
equationsyith the Portable ExtensibleToolkit for Scientific
Computation(PETSc)packagd36,37] usingtheGeneralized
Minimal Residual(GMRES) solver with block Jacobipre-
conditioning.During neurosugery, the systemof equations
wassolved on a SunMicrosystemsSunFire6800symmetric
multi-processomachinewith 12 750MHz UltraSRARC-III
(8MB Ecache)CPUsand12 GB of RAM. This architecture
givesussufficient computecapacityto executethe intraoper
ative imageprocessingluringa neurosugery.

Figure2 shavstheopen-configuratiomagnetiacdesonance
scannepptimizedfor imagingduringsuigical procedure$l,
2]. Theimagewe constructeds presentedn the LCD and
increaseshe informationavailableto the suigeonasthe op-
erationprogresses.



Fig. 2. Neurosugeon standinginside the intraoperatre magnetic
resonancemaging scannerin which image guidedtherayy takes
place. Theoperatingoomconsistsentirely of equipmensafeto use
arounda 0.5T magneticfield. The sugeonoperate®n the exposed
brain of the patientseenlying on the bed,andthe enhancedsisu-

alizationis displayedon the LCDs immediatelyabore the suigeon
(oneon eachsideof themagnetbore). The LCD displaystheintra-

operatve MRI, surfacerenderingof thetumorandlateralventricles
from sgmentation®f the intraoperatie MRI andthe corticospinal
tractprojectedfrom ananatomicahtlasontothe patientintraopera-
tive MRI.

2.5 Augmented/isualization

Oncethevolumetricdeformatiorfield hasbeenobtainedwe

canapply this to earlierdatato warpit into the currentcon-
figurationof the patients brain.We canprojectbothimaging
data,suchas preoperatre MRI or nuclearmedicinescans,
and sgmentationsWe display the imaging databy texture
mappingonto flat planes.This allows ready comparisonof

thecurrentintraoperatve scanandearlierscansWe construct
new trianglemodelsto enablesurfacerenderingof segmented
structuresin 3D. This allows readyappreciationof the 3D

anatomyof thesesegmentedstructuresogethemith theimag-
ing datain theform of planespassinghroughor overthe 3D

trianglemodels[3].

Thesevisualizationsarerenderedn a SunMicrosystems
workstationwith hardwareacceleratedrianglerenderingand
texture mappingand displayedon LCD screensattachedo
the openmagnetMRI scannerThe surgeoncanthenvisual-
ize directly the surfaceof the patients brain, the volumetric
representationf theinternalstructureof thebrainfrom IMRI
augmentedvith earlierimage acquisitions,and 3D surface
modelsof selectedstructuresn the correctalignment.This
augmentghe suigeonsability to seecritical structureswvhich
mustbe presered(suchasthe corticospinatract) andto bet-
ter appreciatehe tumor andits relationshipto thesecritical
structures.

3 Results

We presentvisualizationsderived from intraoperatie mag-
netic resonancémagesacquiredduring surgery in orderto
indicatethe accurag of theimageanalysisalgorithmin cap-
turing intraoperatie braindeformations.

Enhancemenof the intraoperatye visualizationenabled
by this algorithmis illustratedby matchingthe corticospinal

Fig. 3. This figure shaws the corticospinaltract from our anatomi-
cal atlasin red, projectedinto the shapeof the brain of the subject
shavn in Figure2. Thetumoris shavn in greenthelateralventricles
in blue, andthe brain derived from an IMRI earlierin the sugery
is renderedin gray A real-time2D IMRI imageindicatedby the
pointerhasjust beenacquiredandis beingvisualizedtogetherwith

the modelsand previous acquisitionin orderto assesshe current
statusof the neurosugical progress.

tract of a preoperatiely preparedcanatomicalatlasto anin-
traoperatie scanof a subject.This matchingwascarriedout
duringthe neurosugery, demonstratinghe practicalvalueof
the approachandits ability to meetthe real-timeconstraints
of sumery.

A setof parallelscalingexperimentswere carriedout to
demonstrateéhe scalingcharacteristicef the parallelimple-
mentationof the algorithm. Theseexperimentsagainshov
thatwe canmeetthereal-timeconstraintof sulgery, andthat
even a relatively sophisticatecbiomechanicakimulation of
deformationcanbe solved sufiiciently rapidly for useduring
sumgery.

We presentillustrative resultsobtainedby applying the
imageanalysisdescribecabore duringthreeneurosugeries.

3.1 Biomedtanical Simulationof VolumetricBrain
Deformation

Figure3 shavsthecorticospinatractfrom our anatomicaht-
las projectednto the shapeof the brain of the subjectshavn
in Figure?2. This visualizationhelpsthe surgeonto betterun-
derstandhe 3D relationshipof the corticospinalkract,acriti-
cal white matterstructurewhich shouldnot be disrupteddur-
ing sumgery, andthe restof the brain. The corticospinaltract
cannotbereadilyobsenedin IMRI acquisitions.

Figure4 illustratestheamountof braindeformatiorwhich
canoccurduring neurosugery, aswell asthe ability of our



(@) A single slice from an early 3D
IMRI scan.

(d) Magnitude of the difference be-
tweenimage(a) andimage(b)

is achieved.

(b) The correspondinggslice in a later
3D IMRI scan.Significantbrain defor
mationcanbeobsered.

(e) Magnitude of the difference be-
tweenimage(c) andimage(b), showv-
ing the improvementin alignmentthat

(c) The matchedslice of the first vol-
umeatftersimulationof the braindefor
mation.

(f) Visualizationof the volumetric de-
formationfield matchingthescanof im-
age(a) toimage(b).

Fig. 4. Two dimensionaklicesthroughthree-dimensionalata,shaving the matchof the simulateddeformationof theinitial brainontothe
actualdeformedbrain. The quality of the matchis significantlybetterthancanbe obtainedthroughrigid registrationalone.The closenessf
thematchof the simulateddeformationto the actualdeformationcanbejudgedby the very smallintensitydifferencesat the boundaryof the
simulateddeformedbrainandtheair gapinsidethe skull of thetargetimage.Somesmallintensitydifferencesareexpectedbecauséntrinsic
MR scanneintensityvariability causes smallvariationin the obseredvoxel intensitiesfrom scanto scan.

algorithmto capturethis shift duringneurosugery. Thequal-
ity of the matchis significantly betterthan can be obtained
throughrigid registrationalone.The closenes®f the match
of thesimulateddeformatiorto theactualdeformationcanbe
judgedby the very small intensity differencesat the bound-
ary of thesimulateddeformedbrainandtheair gapinsidethe
skull of the target image. Somesmall intensity differences
areexpectedbecauseéntrinsic MR scanneintensityvariabil-
ity causesa smallvariationin the obsened voxel intensities
from scanto scan.

3.2 PerformanceAnalysisof Parallel Implementation

Ultimately, theutility of usethesentraoperatieimageanaly-
sismethodseliesuponthembeingsuficiently robustto pro-
vide accurateesults(significantlybetterthanthe currentbest
affine transformations¥or typical clinical cases,and criti-
cally, to besufficiently fastto providefeedbacko thesumgeon
ataratethatis practicalfor routineuseduring neurosugery.
In orderto provide a context for the biomechanicasimu-
lation amongstheotherimageanalysisandacquisitiontasks

that must occur intraoperatiely, typically timings we have
obsenedfor theintraoperatieimageanalysisdescribechere
is shavn in Figure 5. The most computationallydemand-
ing task, the biomechanicakimulation, hasbeenthe focus
of mostoptimizationin our implementationandis now the
fastestcomponentThe completeexecutiontime for the in-
traoperatie imageanalysisis lessthanten minutes,andthis
hasbeenadequaté¢o displayupdatedmageso the neurosur
geonduringthreeneurosugeries However, we expectit will
be possibleto furtherreducethis time, primarily by reducing
the userinteractionin the segmentatiorstep.

Figure6 illustratesthe computatiortime requiredfor the
biomechanicamodelon a SunMicrosystemsSunFire 6800
with 12 750MHz UltraSRARC-1lI CPUs.The figure shawvs
thatonasingleCPUtheparallelassemblyof systemof equa-
tionsrequiresl7 secondsthe solutionof the systemof equa-
tions requires37 secondsand the overall solutiontime re-
quires57 secondsThe overall solutiontime is the sum of
timesfor creationjnitialization,assemblyf thestiffnessma-
trix, solutionandforce vectors,solvingthe systemandgath-
eringof the parallelresultvectorinto a singlesequentialec-



Timeline for image processing during IGNS

| | | |
0 0 15 20 5 30 3 4
During surgery:

Time‘ (min)
| |

AC“ on Before surgery:
Preoperative segmentation——»|
Intraoperative MRI
Segmentation —>
Registration »
Surface displacement -
Biomechanical simulation >

Visualization

Surgical progress >

Fig. 5. Typical timings for image analysisevents occuringbefore
andduringimageguidedneurosugery.

10°

T T T
-©- Assemble system of equations
—— Solve system of equations
—#— Total time
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Number of CPUs

Fig. 6. Total computatiortime, time to assembleandtime to solve
the biomechanicakimulationof brain deformationfor the neuro-
sugerycaseillustratedin Figure2. Thetotal numberof meshnodes
was43584,defining214035tetrahedraklementsThis representa
systemof 435843 = 130752unknavn displacementso be identi-
fied.

tor. Runningon all 12 CPUs the parallelassemblyof system
of equationsrequires3 secondsthe solution of the system
of equationsequires9 secondsandthe overall solutiontime
requiresl5 secondswhich is the sumof timesfor creation,
initialization, assemblyf thematrix andvectors solvingthe
system,scatterof the parallel result vectorinto a common
sequentialector

4 Discussionand Conclusion

Our early experienceduring three neurosugery casesindi-
categhatourintraoperatiebiomechanicasimulationof brain
deformationalgorithm is a robust and reliable methodfor
capturingthe changesn brain shapethat occurduring neu-
rosugery. The registrationalgorithmrequiresno userinter-
actionandthe parallelimplementationis sufficiently fastto
beusedintraoperatiely.

Intraoperatie registrationaddssignificantlyto the value
of intraoperatie imaging. It providesfor quantitatve mon-
itoring of theragy applicationincluding the ability to make
quantitatve comparisonswith a preoperatiely determined
treatmentplan and enablespreoperatie datato be aligned

with the currentconfigurationof the brain of the patientin
orderto allow 3D interactive visualizationof fused multi-
modality data.

In thefuturewe intendto incorporatepatient-specifipre-
operatve datain placeof the anatomicalatlaswe currently
use.Thiswill increasehe sugical valueof theintraoperatie
updatesof preoperatie data.

The parallelimplementatiordescribecherecould be im-
provedby addressinghe loadimbalancesn orderto achiese
betterscalingperformanceA tetrahedrameshwith a more
regularconnectvity patternwould allow betterscalingin the
matrix assemblyprocess.The paralleldecompositiorof the
systenmof equationgo solve couldbe modifiedto accountfor
the distribution of known displacement# orderto improve
thescalingof thesolver.

Improved registration could result from a more sophis-
ticated model of the material propertiesof the brain (such
asmore accuratemodelling of the cerebralfalx andthe lat-
eral ventricles).The creationof anintraoperatie sgmenta-
tion systemableto identify thesestructuresvould be neces-
saryto enablesuchamodelto beappliedroutinelyin suigery.
SophisticatedMR imagingmethodssuchasdiffusiontensor
MRI now enablethepreoperatieimagingof inhomogeneous
anistropicwhite matterstructure.lt would be interestingto
incorporatea materialmodelreflectingthesestructuralchar
acteristicoof white matter

Predictionof brain deformation,as opposedo the cap-
ture of obseneddeformationdescribechere,will mostlikely
require a nonlinearmaterialmodel togetherwith extensve
monitoring of physiologicaldata.Such predictioncould be
usedto indicatewhennew intraoperatie imagingis neces-
sary to appropriatelyupdateboth the simulationmodeland
the suigeonsunderstandingf the brainshapelt will becru-
cial to validatesuchpredictionsin asettingwhich reflectsthe
actualneurosugical environmentandeventsasaccuratelyas
possible SerialvolumetricMRI acquisition®btainedduring
neurosugerywill provideacritical testby allowing objective
assessmertdf the accurayg of brain deformationprediction
algorithms.
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