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Abstract. Thekey challengefacedby a neurosurgeonis the
removal from the brain of asmuchtumor tissueaspossible
while minimizing theremoval of healthytissueandavoiding
thedisruptionof critical anatomicalstructures.Wedeveloped
an algorithmto createenhancedvisualizationsof tumor and
critical brain structuresby aligning preoperatively acquired
imagedatawith intraoperative imagesof the patient’s brain
duringsurgery.

To be practical for useduring neurosurgery, the imple-
mentationmustmeetthereal-timeconstraintsof neurosurgery.
We presentherean analysisof the performancecharacteris-
ticsof animplementationof ouralgorithmonahighendsym-
metricmultiprocessorarchitecture.We demonstratedthatthe
implementationis sufficiently fast to be usedduring neuro-
surgery throughscalingexperimentsandby usingthe algo-
rithm to capturevolumetric brain deformationduring three
neurosurgeries.Thevolumetricdeformationis inferredthrough
a biomechanicalsimulationwith boundaryconditionsestab-
lishedvia surfacematching.We demonstratethevalueof the
enhancedvisualizationthis algorithmallows.

Key words registration,imageguidedneurosurgery, high
performancecomputing,volumetricbiomechanicalbrainde-
formationmodel.

1 Intr oduction

The key challengefacedby a neurosurgeonis the removal
from the brain of as much tumor tissueas possiblewhile
minimizing the removal of healthytissueand avoiding the
disruptionof critical anatomicalstructures.This canbe dif-
ficult becauseoftenhealthyanddiseasedtissuehave a simi-
lar visualappearance.Somecritical structures,suchaswhite
matterfiber tracts,maynot bevisibleat all.

Over the last decadethe developmentof imageguided
surgerytechniqueshasbeenamajoradvancein minimally in-
vasive neurosurgery. Thesetechniques,carriedout in operat-
ing roomsequippedwith specialpurposeimagingequipment,
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allow theneurosurgeonto acquirenew imagesduringsurgery.
Theseimages,suchasprovidedby intraoperative ultrasound
or intraoperative magneticresonanceimaging (IMRI), can
provide improvedcontrastbetweenhealthyanddiseasedtis-
sue,andtheability to seepastthesurfaceof theexposedbrain
in orderto betterappreciatethedeeperstructuresof thebrain.
Due to the constraintsof an operatingroom, intraoperative
imagingtypically resultsin imageswith lowersignalto noise
ratio and lessflexibility in the choiceof imaging modality
thanconventionalimagingdoneoutsidetheoperatingroom.

We have developedan algorithmto allow the projection
of preoperative imagesonto intraoperative images,allowing
fusionof imagesfrom multiple imagingmodalitiesandwith
multiple contrasttypes.Thealgorithmtrackssurfacesof key
structuresin intraoperatively acquiredimages,allowing the
projectionof preoperativeimagesinto theconfigurationof the
patient’s brain during the neurosurgical procedure.A volu-
metricdeformationfield is inferredfrom thesurfacechanges.
This field capturesnonrigiddeformationsof theshapeof the
braindueto factorssuchasbrainswelling,cerebrospinalfluid
loss,anaestheticagentsandtheactionsof theneurosurgeon.
In orderfor this approachto have practicalapplicabilitydur-
ing neurosurgery, it must meet the real-timeconstraintsof
neurosurgery. If theupdatedimagesarrive too lateto provide
meaningfulguidanceto theneurosurgeonthentheir valueis
lost.

We have carriedout a performanceassessmentof a par-
allel implementationof our imageregistrationalgorithm.We
evaluatedthe implementationon a high endsymmetricmul-
tiprocessorarchitecture.This implementationis sufficiently
fast to meet the constraintsof neurosurgery. We can solve
our biomechanicalmodel inferring a three-dimensionalvol-
umetricdeformationof thebrainin lessthantenseconds,and
the entire imageanalysisprocesscanbe carriedout in less
thantenminutes.We usedthis implementationto trackvolu-
metricbraindeformationduringthreeneurosurgeries,andto
projecta preoperatively constructedmodelof the brain into
the configurationof the patient’s brainasits shapechanged.
We thenconstructedanenhancedvisualization,mergingpre-
operatively constructedsurfacemodelsof the corticospinal
tract from an anatomicalatlaswith intraoperative MRI and



2

surfacemodelsof thebrainandventriclesof thepatientand
projectedthisvisualizationinto theoperatingroom.

1.1 ImageGuidedNeurosurgery

Imageguidedneurosurgery(IGNS)haslargelybeenavisual-
izationdriventask.Quantitative assessmentof intraoperative
imagingdatahasnot beenpossiblein the past,and instead
qualitativejudgementsbyexpertsin theclinicaldomainshave
beenreliedupon.In orderto providethesurgeonwith asrich
a visualizationenvironmentas possiblefrom which to de-
rivesuchjudgements,previouswork hasprimarily beencon-
cernedwith imageacquisition,visualizationandregistration
of intraoperative andpreoperative data.Biomechanicallyac-
curateregistrationof brainscansacquiredduringsurgery, as
proposedhere,hasthepotentialto bea significantaid to the
automaticinterpretationof intraoperative imagesandto en-
ablepredictionof surgicalchanges.

Earlywork,asdescribedin therecentreview byJolesz[1],
hasestablishedthe importanceandvalueof imageguidance
throughthebetterlocalizationof lesions,thebetterdetermi-
nationof tumor margins, andthe optimizationof the surgi-
cal approach.Previousalgorithmdevelopmentfor computer
aidedIGNS hasbeena steadyprogressionof improving im-
ageacquisitionqualityandspeed,andmoresophisticatedand
capableintraoperativeimageprocessing.Increasinglysophis-
ticatedmultimodalityimagefusionandregistrationtechniques
have beendeveloped.However, clinical experiencewith im-
ageguidedtherapy in deepbrain structuresand with large
resectionshasrevealedthe limitations of existing rigid reg-
istrationandvisualizationapproaches[1]. This motivatesthe
searchfor improvedvisualizationtechnologiesandfor regis-
tration algorithmswhich cancapturethe nonrigid deforma-
tion of thebrainduringsurgery.

VisualizationduringIGNScanbeenhancedby preopera-
tive images.Preoperative imagescanprovide increasedspa-
tial resolutionandcontrastascomparedto intraoperative im-
ages.Intraoperative imaging is by necessitylimited in the
time available for imaging and in the availability of differ-
entcontrastmechanisms,whereaspreoperativeimagingisnot
limited in this way. A numberof imaging modalitieshave
beenusedfor imageguidance.Theseinclude,amongstothers,
digital subtractionangiography(DSA), computedtomogra-
phy (CT), ultrasound(US),andmagneticresonanceimaging
(MRI). IMRI canacquirehigh contrastimagesof soft tissue
anatomywhichhasprovento beveryusefulfor image-guided
therapy [2]. Multi-modality registrationallows preoperative
datathat cannotbe acquiredintraoperatively, suchas func-
tionalMRI (fMRI), nuclearmedicinescans(suchasPositron
EmissionTomography(PET) and Single PhotonEmission
ComputedTomography(SPECT)scans)and magneticres-
onanceangiography(MRA) to be visualizedtogetherwith
intraoperativedata.

A softwaresystemfor intraoperativevisualizationhasre-
cently beendeveloped[3]. This systemallows surfaceren-
deringof previously preparedtrianglemodelsandarbitrary
interactive resamplingof 3D grayscaledata.Thesystemalso
allows for visualizationof virtual surgical instrumentsin the
coordinatesystemof the patientandpatientimageacquisi-
tions.The systemsupportsqualitative analysisbasedon ex-

pert inspectionof the imagedataandthe surgeonsexpecta-
tion of what shouldbe present(normalanatomy, pathology,
currentprogressof thesurgeryetc.)

The ability to automaticallycapturethe deformationof
the brain during neurosurgery asdescribedin this work al-
lows enhancedvisualizationsto be createdby enablingsur-
facemodelsandcross-sectionaldatapreparedpreoperatively
to beupdatedto follow thechangesthatoccurduringsurgery.
For example,this allowspreviouslyacquiredfunctionalMRI
(which cannotbeacquiredintraoperatively) or diffusionten-
sor MRI to be transformedto placethe preoperative scanin
alignmentwith intraoperatively acquiredmorphologicMRI,
facilitatingmoreaccurateinterpretationbasedon thealigned
preoperative information.

1.2 Nonrigid Registration in Supportof IGNS

Overthecourseof aneurosurgery, thebrainchangesits shape
in reactionto mechanicalandphysiologicalchangesassoci-
atedwith the surgery. Suitableapproachesto capturethese
shapechangesandto createintegratedvisualizationsof pre-
operative datain theconfigurationof thedeformedbrainare
in active development.We categorize previous work aimed
at capturingbrain deformationsfor neurosurgery into those
thatusesomeform of biomechanicalmodel(recentexamples
include[4–8]) andthosethat apply a phenomenologicalap-
proachrelying uponimagerelatedcriteria (recentexamples
include[9–12].)

Purely imagebasedmatchingis expectedto be able to
achieve a visually pleasingalignment,onceissuesof noise
and intensity artifact rejectionare accountedfor. However,
in our work for intraoperative matchingwe have favoured
physics-basedmodelswhich ultimatelymay beexpandedto
incorporateimportantinhomogeneousandanisotropicmate-
rial characteristicsof thebrain.

In thedomainof physics-basedmodels,aspectrumrang-
ing from lessphysicallyplausiblebutveryfastmodelsthrough
to extremelyaccuratebiomechanicalmodelsrequiringhours
of computetime to solvehavebeeninvestigated.

A fastsurgery simulationmethodwasdescribedin [13]
which achievedspeedby convertinga volumetricfinite ele-
mentmodelinto a modelwith only surfacenodes.Thiswork
had the goal of achieving interactive graphicsspeedsat the
costof accuracy of the simulation.Sucha modelis applica-
ble for computergraphicsorientedvisualizationtaskssuch
assurgical simulationwherevideo framerateresultsarere-
quired.However, during neurosurgical interventionson pa-
tients,our focushasbeento aim for robustnessandhigh ac-
curacy in thematching,andwe have usedparallelhardware,
parallel algorithm designandefficient parallel implementa-
tionsof thesealgorithmsin orderto achieve executiontimes
compatiblewith neurosurgery.

A sophisticatedbiomechanicalmodelfor two-dimensional
braindeformationsimulationusingafinite elementdiscretiza-
tion wasproposedin [4]. However this work establishedcor-
respondencesby manualinteraction,andfor theelementsof
the finite elementdiscretizationusedthe pixels of the two-
dimensionalimage.Manually determiningcorrespondences
is susceptibleto operatorerror andcanbe time consuming,
especiallywhenthegeneralizationto dealwith volumetricor
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3D anatomyis attempted.Unfortunatelytwo-dimensionalre-
sultsarenot usefulin clinical neurosurgicalpractice.A vox-
elwise discretizationapproachis extremelycomputationally
expensive(evenconsideringaparallelimplementation)if ex-
pandedto threespatialdimensionsbecauseof thelargenum-
berof voxelsin atypicalintraoperativeMRI leadingto alarge
numberof equationsto solve (256x256x60= 3,932,160vox-
els, which implies 11,796,480displacementsto determine).
Downsamplingcanleadto fewer voxels,but leadsto a crude
approximationto thetruegeometryof interestingstructures.
Our approachis to constructan unstructuredgrid represent-
ing thegeometryof thekey structures,whichallowsusto use
afinite elementdiscretizationthatfaithfully modelskey char-
acteristicsin importantregionswhile reducingthenumberof
equationsto solve by usingmeshelementsthatcoverseveral
imagepixelsin otherregions.

Edwardset al. [14] presenteda two dimensionalthree
componentmodelwith thegoalof trackingintraoperativede-
formation.This work useda simplified materialmodelwith
thegoalof achieving higherspeed.The initial multigrid im-
plementationon 2D imagesof 128x128pixelsconvergedto
a solutionin 120–180minuteswhenrun on a SunMicrosys-
temsSparc20.

Skrinjaret al. [5] presenteda very interestingsystemfor
real-timeintraoperativebrainshift capturefor epilepsyneuro-
surgerywherebrainshift is ratherslow. Brain surfacepoints
were tracked to indicatesurfacedisplacement.A simplified
homogeneousbrain tissuematerialmodel - a Kelvin solid
model - was adoptedsince“it is a rathersimple approach,
which is a desirablepropertysincethe model deformation
shouldbecomputedin real time ����� sinceit mustbeutilized
during the surgery.” Their numericalmodelhas2088nodes,
11733 connectionsand 1521 brick elements,and required
“typically lessthan10 minutes”on an SGI OctaneR10000
workstationwith one250MHzprocessor. They concludefrom
thesetimingsthat“this modelcanpotentiallybeusedduring
the surgery, which is our eventualgoal”. Following the de-
scriptionof surfacebasedtrackingfrom IMRI driving alinear
elasticbiomechanicalmodelin [8], Skrinjaretal. presenteda
new implementation[7] of their systemusinga linearelastic
modelandsurfacebasedtrackingfrom IMRI with the goal
of eventuallyusingstereoscopiccamerasto obtainintraoper-
ative surfacedataandhenceto captureintraoperative brain
deformation.

Paulsenetal. [15] andMiga etal. [6,16] havedevelopeda
sophisticatedfinite elementmodelto simulatebraindeforma-
tion, incorporatingsimulationsof forcesassociatedwith tu-
mortissue,andsimulationsof retractionandresectionforces.
Applicationof thesemodelsclinically will beveryinteresting
assoonasintraoperativemeasurementof surgical instrument
position andassociatedforces(suchaspressureappliedby
thesurgeonwith theretractor)becomespossible.A limitation
of theirexistingapproachis thattheirpreoperativesegmenta-
tion andtetrahedralfinite elementmeshgenerationcurrently
requiresaroundfivehoursof operatortime.They reportpost-
operative simulationusing a meshof approximately23200
nodesand123500elements(leadingto roughly92800equa-
tionsin theirmodel)requiring2 minutesfor FEM loading,8.5
minutesto simulatesagassociatedwith gravitational force,
6.5 minutesto simulateresection,5.5 minutesto simulate
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Fig. 1. Algorithm for enhancedvisualizationby projectionof pre-
operative datainto the intraoperative configurationof the subject’s
anatomy.

excision and6.0 minutesto simulateunretraction[16]. The
hardwareplatformfor thesesimulationswasnot reported.

For predictionof braindeformation,ratherthancaptureof
braindeformationfrom IMRI, a moresophisticatedmodelof
brainmaterialpropertieswouldberequired.Miller et al. [17,
18] havecarriedout pioneeringsimulationsandcomparisons
with in vivodatato demonstratethatahyper-viscoelasticcon-
stitutive modelcanreliablypredictin vivo braindeformation
inducedby a forceappliedwith constantloadingvelocity.

1.3 Summary

IGNS hasbecomeestablishedasan importantandeffective
surgical paradigm.Existing navigation algorithmsare lim-
ited in their capability to capturebrain deformationduring
surgery. In this studywe aimedto demonstratethat a volu-
metric three-dimensionalbiomechanicalsimulationof brain
deformationis possibleevenwith thetimeconstraintsof neu-
rosurgery and that suchsimulationssignificantlyadd to the
valueof intraoperative imagingandhenceimprove surgical
outcomes.

2 Method

Figure 1 provides an overview of the imageanalysissteps
that take placebeforeandduringthetherapy procedure.The
primary analysistasksinvolve imagesegmentationandreg-
istration. Imagesegmentationis the processof identifying
anatomicalstructuresin volumetricimagingdata.We exploit
preoperativedataacquisitionsandpreoperativesegmentations
for bothpreoperativeplanningof thesurgicalapproachandto
helpcreateintraoperative segmentationsasdescribedbelow.
Imageregistrationin orderto align theacquisitionsinvolves
both affine registration(to capturetranslation,rotation and
scalingdifferences)anda biomechanicalsimulationof brain
deformation.
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Thevolumetricdeformationis inferredthrougha biome-
chanicalsimulationwith boundaryconditionsestablishedvia
surfacematching.Two major contributionsof this paperare
the demonstrationthat this sophisticateddeformationmodel
canbe initialized andsolved during a neurosurgery, andthe
demonstrationof thevalueof theenhancedvisualizationthis
allows.

2.1 PreoperativeData Acquisition,ImageSegmentationand
Fusion

Since the time during surgery is limited comparedto that
availablebeforesurgery, preoperativedataacquisitioncanbe
far morecomprehensive thanintraoperativedataacquisition.
Thetimeavailablealsoallowsamoreextensivesegmentation
to becarriedout.

Preoperativedatacanbesegmentedwith avarietyof man-
ual [19], semi-automated[20,21] or automated[22–24] ap-
proachesand we selectthe most accurate,robust approach
baseduponthe type of preoperative dataand the particular
critical structures.

For the matchingexperimentsdescribedbelow, we have
madeuseof ananatomicalatlasconstructedfrom a high res-
olution MRI of a singlesubject.Over 200anatomicalstruc-
tureshavebeensegmented[25] usinga combinationof auto-
matedandinteractivetechniques.Weareprimarily interested
in thecorticospinaltract,a region of white matterwhich can
be difficult or impossibleto directly observe with conven-
tional MRI. We have previously shown that we canproject
the corticospinaltract from the atlasonto patientscansfor
preoperativesurgicalplanning[26].

2.2 IntraoperativeImageProcessing

Intraoperative imageprocessingconsistsof acquiringa new
intraoperativeacquisitionof oneor morevolumetricdatasets,
constructingasegmentationof theintraoperativeacquisition,
computingan affine registrationof the preoperative datato
thenew acquisition,identifyingthecorrespondencesbetween
key surfacesof thepreoperativeandintraoperativedata,solv-
ing a biomechanicalmodelto infer a volumetricdeformation
field, applying the deformationto the preoperative dataand
constructinga new visualizationmerging critical structures
from thepreoperativedatawith theintraoperativedata.

2.2.1Segmentationof IntraoperativeVolumetricImages

In theexperimentsconductedbelow, a rapidsegmentationof
thebrainwasobtainedthroughabinarycurvaturedrivenevo-
lution algorithm[21]. Theregion identifiedasbrainwasthen
interactively correctedto removeany portionof misclassified
skinandmuscleusingthesoftwaredescribedby Geringetal.
[3]. Thiswasthenrepeatedto obtainasegmentationof thelat-
eralventriclesof thesubject.Thisapproachallowstheneuro-
surgeonto inspectthesegmentationsasthey areconstructed
during the surgeryandenhancesthe surgeonsconfidencein
thequality andavailability of thesegmentations.

Wehavealsoexperimentedwith automatedintraoperative
segmentation[27,22] utilizing tissueclassificationin amulti-
channelfeaturespacewith amodelof expectedanatomy. It is
our expectationthat this automatedapproachwill be prefer-
ableoncesufficientvalidationexperimentshavebeencarried
out.

2.3 UnstructuredMeshCreationandSurfaceRepresentation

From the preoperative segmentation,we extract an explicit
representationof the surfaceof the brain andventricles.We
alsocreatea volumetricunstructuredtetrahedralmeshrepre-
sentingthedomainoverwhichourbiomechanicalsimulation
of deformationwill ultimately be executed.We generatea
tetrahedralmeshof the brainandventriclesfrom segmenta-
tionsof eachvolumetricintraoperativeacquisitioncarriedout
duringthesurgery.

Wehaveimplementedatetrahedralmeshgeneratorspecif-
ically suitedfor labeled3D medicalimages,building upon
previouslydescribedtechniques[28,29].Themeshgenerator
canbeseenasthevolumetriccounterpartof amarchingtetra-
hedrasurfacegenerationalgorithm.A detaileddescriptionof
thealgorithmcanbefoundin [11,30,31]. We canreadilyas-
sociatedifferentbiomechanicalmodelparameterswith differ-
entanatomicalstructuressincethepreoperativesegmentation
andtetrahedralmeshnodeshavethesamecoordinatesystem.

2.3.1AffineRegistrationof PreoperativeVolumetricImages
to IntraoperativeVolumetricImages

For affine registrationwe usea fastandparallelimplementa-
tion of an extremely robust algorithm which is basedupon
aligning segmentedimagedata [32]. We register the brain
segmentationsof the preoperative and intraoperative scans.
This allows us to captureaffine transformationchanges(ro-
tation,translationandscaling)betweenthepreoperativedata
andthesubjectscan.

2.3.2VolumetricBiomechanicalSimulationof Brain
Deformation

As neurosurgeryprogressesthe brain shapechangesdue to
the surgical intervention(craniotomy, tissueresection,cere-
brospinalfluid drainagearesomeof thefactors).DuringIGNS
thesurgeonacquiresa new volumetricMRI whenhewishes
to review thecurrentconfigurationof theentirebrain.A vol-
umetricdeformationfield relatingearlieracquisitionsto this
new scanis computedby first matchingsurfacesfrom theear-
lier acquisitionto thenew acquisition,andtheninferring the
volumetric deformationbasedupon the surfacecorrespon-
dences.The primary conceptis to apply forcesto the volu-
metric model that will producethe samedisplacementfield
at the surfaceaswasobtainedby the surfacematching.The
biomechanicalmodelthenallows thecomputationof thede-
formationthroughoutthevolume.
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MeasuringSurfaceCorrespondencesAn active surfaceal-
gorithmiteratively deformssurfacesof boththebrainandthe
lateralventriclesfrom theearlieracquisitionto matchthatof
the currentacquisition.This is doneiteratively by applying
forcesderived from the volumetricdatato an elasticmem-
branemodelof thesurface.Thederivedforcesarea decreas-
ing functionof theimageintensitygradients,soasto bemin-
imizedat theedgesof objectsin thevolume.To increasero-
bustnessand the convergencerate of the process,we have
includedprior knowledgeaboutthe expectedgray level and
gradientsof theobjectsbeingmatched.Thisalgorithmis fully
describedin [33,34].

BiomechanicalSimulationof VolumetricBrain Deformation
We treatthebrainasanhomogeneouslinearelasticmaterial.
The deformationenergy of an elasticbody, underno initial
stressesor strains,subjectto externallyappliedforcescanbe
describedby thefollowing model[35]:

E � 1
2

�
Ω

σT ε dΩ � �
Ω

FTu dΩ (1)

whereF � F � x 	 y	 z
 is the vectorrepresentingthe forcesap-
pliedto theelasticbody(forcesperunit volume,surfaceforces
or forcesconcentratedatthenodesof themesh),u � u � x 	 y	 z

thedisplacementvectorfield we wish to compute,andΩ the
bodyon which oneis working describedby a meshof tetra-
hedralelements.ε is thestrainvectorandσ thestressvector,
linkedto thestrainvectorby theconstitutiveequationsof the
material.For theabovemodel,this relationis describedas

σ ��� σx 	 σy 	 σz 	 τxy 	 τyz 	 τxz
 T � Dε 	
whereD is theelasticitymatrix characterizingthematerial’s
properties[35]. Strain is relatedto displacementby the as-
sumptionε � LTu whereL is a linearoperator.

A finite elementdiscretizationis usedto obtain a mesh
over the volumetric imagedomain.The meshelementswe
use to representvolumetric dataare tetrahedraland hence
eachelementis definedby four meshnodes.Thecontinuous
displacementfield u everywherewithin elementeof themesh
is definedasa functionof the displacementat theelement’s
nodesue

i weightedby the element’s interpolatingfunctions
Ne

i � x 
 ,
u � x 
�� Nnodes

∑
i � 1

INe
i � x 
 ue

i � (2)

We use linear interpolatingfunctions to definethe dis-
placementfield insideeachelement.Hence,theinterpolating
functionof nodei of tetrahedralelemente is definedas

Ne
i � x 
�� 1

6Ve � ae
i � be

i x � ce
i y � de

i z� (3)

The computationof the volume of the elementVe and the
interpolationcoefficientsaredetailedin [35, pages91–92].

Thevolumetricdeformationof thebrainis foundby solv-
ing for the displacementfield thatminimizesthe energy de-
scribedby Equation1. Defining matrix Be

i � LNe
i for every

nodei of eachelemente, solvingfor

∂E � ue
1 	�������	 ue

Nnodes 

∂ue

i
� 0 ; i � 1 	�������	 Nnodes (4)

yieldsthefollowing equation:�
Ω

Nnodes

∑
j � 1

Be
i
TDBe

ju
e
j dΩ ��� �

Ω
FNe

i dΩ ; i � 1 	�������	 Nnodes�
(5)

This can be written as a linear equationsystem,which
canbesolvedfor thedisplacementsresultingfrom theforces
appliedto thebody:

Ku ��� F � (6)

Thedisplacementsattheboundarysurfacenodesarefixed
to matchthosegeneratedby theactivesurfacemodel.Let �u be
thevectorrepresentingthedisplacementto beimposedat the
boundarynodes.Theelementsof therowsof thestiffnessma-
trix K correspondingto the nodesfor which a displacement
is to beimposedaresetto zeroandthediagonalelementsof
theserows to one.TheforcevectorF is setto equalthedis-
placementvectorfor theboundarynodes:F ���u [35]. In this
way solvingEquation6 for theunknown displacementswill
produceadeformationfield overtheentiremeshthatmatches
theprescribeddisplacementsat theboundarysurfaces.

2.4 Hardware for IntraoperativeImageAcquisitionand
Parallel Computation

Thevolumetricdeformationof thebrain is foundby solving
for thedisplacementfield thatminimizestheenergydescribed
by Equation1, afterfixing thedisplacementsat thesurfaceto
matchthosegeneratedby theactivesurfacemodel.

At eachnodeof the finite elementmesh,threevariables
representingthex,y andzdisplacementsareto bedetermined.
Eachvariablegivesrise to one row and onecolumn in the
globalK matrix. The rows of thematrix aredividedequally
amongstthe CPUsavailablefor computationandthe global
matrix is assembledin parallel.EachCPUassemblesthe lo-
cal Ke matrix for eachelementin its subdomain.EachCPU
hasanequalnumberof rows to processbut becausethecon-
nectivity of the meshis irregular, someCPUsmay do more
work thanotherCPUs.

Following theassemblyof thematrix, theboundarycon-
ditionsdeterminedby thesurfacematchingareapplied.The
global K matrix is adjustedsuchthat rows associatedwith
variablesthataredeterminedconsistof a singlenon-zeroen-
try of unit magnitudeon thediagonal.

We solve thevolumetricbiomechanicalbrainmodelsys-
tem of equations(and the active surfacemembranemodel
equations)with thePortable,ExtensibleToolkit for Scientific
Computation(PETSc)package[36,37]usingtheGeneralized
Minimal Residual(GMRES) solver with block Jacobipre-
conditioning.During neurosurgery, the systemof equations
wassolvedon a SunMicrosystemsSunFire6800symmetric
multi-processormachinewith 12 750MHz UltraSPARC-III
(8MB Ecache)CPUsand12 GB of RAM. This architecture
givesussufficient computecapacityto executetheintraoper-
ative imageprocessingduringa neurosurgery.

Figure2showstheopen-configurationmagneticresonance
scanneroptimizedfor imagingduringsurgicalprocedures[1,
2]. The imagewe constructedis presentedon the LCD and
increasesthe informationavailableto thesurgeonastheop-
erationprogresses.
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Fig. 2. Neurosurgeon standinginside the intraoperative magnetic
resonanceimaging scannerin which image guided therapy takes
place.Theoperatingroomconsistsentirelyof equipmentsafeto use
arounda 0.5T magneticfield. Thesurgeonoperateson theexposed
brain of the patientseenlying on the bed,andthe enhancedvisu-
alizationis displayedon theLCDs immediatelyabove thesurgeon
(oneon eachsideof themagnetbore).TheLCD displaystheintra-
operative MRI, surfacerenderingof thetumorandlateralventricles
from segmentationsof the intraoperative MRI andthecorticospinal
tractprojectedfrom ananatomicalatlasontothepatientintraopera-
tive MRI.

2.5 AugmentedVisualization

Oncethevolumetricdeformationfield hasbeenobtained,we
canapply this to earlierdatato warp it into the currentcon-
figurationof thepatient’sbrain.We canprojectbothimaging
data,suchas preoperative MRI or nuclearmedicinescans,
andsegmentations.We display the imagingdataby texture
mappingonto flat planes.This allows readycomparisonof
thecurrentintraoperativescanandearlierscans.Weconstruct
new trianglemodelsto enablesurfacerenderingof segmented
structuresin 3D. This allows readyappreciationof the 3D
anatomyof thesesegmentedstructurestogetherwith theimag-
ing datain theform of planespassingthroughor over the3D
trianglemodels[3].

ThesevisualizationsarerenderedonaSunMicrosystems
workstationwith hardwareacceleratedtrianglerenderingand
texture mappinganddisplayedon LCD screensattachedto
theopenmagnetMRI scanner. Thesurgeoncanthenvisual-
ize directly the surfaceof the patient’s brain, the volumetric
representationof theinternalstructureof thebrainfrom IMRI
augmentedwith earlier imageacquisitions,and 3D surface
modelsof selectedstructuresin the correctalignment.This
augmentsthesurgeonsability to seecritical structureswhich
mustbepreserved(suchasthecorticospinaltract)andto bet-
ter appreciatethe tumor andits relationshipto thesecritical
structures.

3 Results

We presentvisualizationsderived from intraoperative mag-
netic resonanceimagesacquiredduring surgery in order to
indicatetheaccuracy of theimageanalysisalgorithmin cap-
turing intraoperativebraindeformations.

Enhancementof the intraoperative visualizationenabled
by this algorithmis illustratedby matchingthecorticospinal

Fig. 3. This figure shows the corticospinaltract from our anatomi-
cal atlasin red,projectedinto theshapeof thebrain of thesubject
shown in Figure2.Thetumorisshown in green,thelateralventricles
in blue,andthe brain derived from an IMRI earlier in the surgery
is renderedin gray. A real-time2D IMRI imageindicatedby the
pointerhasjust beenacquiredandis beingvisualizedtogetherwith
the modelsandprevious acquisitionin order to assessthe current
statusof theneurosurgical progress.

tract of a preoperatively preparedanatomicalatlasto an in-
traoperativescanof a subject.This matchingwascarriedout
duringtheneurosurgery, demonstratingthepracticalvalueof
the approachandits ability to meetthe real-timeconstraints
of surgery.

A setof parallelscalingexperimentswerecarriedout to
demonstratethescalingcharacteristicsof theparallelimple-
mentationof the algorithm.Theseexperimentsagainshow
thatwecanmeetthereal-timeconstraintsof surgery, andthat
even a relatively sophisticatedbiomechanicalsimulationof
deformationcanbesolvedsufficiently rapidly for useduring
surgery.

We presentillustrative resultsobtainedby applying the
imageanalysisdescribedaboveduringthreeneurosurgeries.

3.1 BiomechanicalSimulationof VolumetricBrain
Deformation

Figure3 showsthecorticospinaltractfrom ouranatomicalat-
lasprojectedinto theshapeof thebrainof thesubjectshown
in Figure2. Thisvisualizationhelpsthesurgeonto betterun-
derstandthe3D relationshipof thecorticospinaltract,acriti-
cal whitematterstructurewhich shouldnot bedisrupteddur-
ing surgery, andthe restof thebrain.Thecorticospinaltract
cannotbereadilyobservedin IMRI acquisitions.

Figure4 illustratestheamountof braindeformationwhich
canoccurduring neurosurgery, aswell as the ability of our
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(a) A single slice from an early 3D
IMRI scan.

(b) The correspondingslice in a later
3D IMRI scan.Significantbraindefor-
mationcanbeobserved.

(c) The matchedslice of the first vol-
umeaftersimulationof thebraindefor-
mation.

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

(e) Magnitude of the difference be-
tweenimage(c) and image(b), show-
ing the improvementin alignmentthat
is achieved.

(f) Visualizationof the volumetric de-
formationfieldmatchingthescanof im-
age(a) to image(b).

Fig. 4. Two dimensionalslicesthroughthree-dimensionaldata,showing thematchof thesimulateddeformationof the initial brainonto the
actualdeformedbrain.Thequality of thematchis significantlybetterthancanbeobtainedthroughrigid registrationalone.Theclosenessof
thematchof thesimulateddeformationto theactualdeformationcanbejudgedby theverysmallintensitydifferencesat theboundaryof the
simulateddeformedbrainandtheair gapinsidetheskull of thetargetimage.Somesmall intensitydifferencesareexpectedbecauseintrinsic
MR scannerintensityvariability causesasmallvariationin theobservedvoxel intensitiesfrom scanto scan.

algorithmto capturethisshift duringneurosurgery. Thequal-
ity of the matchis significantlybetterthancanbe obtained
throughrigid registrationalone.The closenessof the match
of thesimulateddeformationto theactualdeformationcanbe
judgedby the very small intensitydifferencesat the bound-
aryof thesimulateddeformedbrainandtheair gapinsidethe
skull of the target image.Somesmall intensity differences
areexpectedbecauseintrinsic MR scannerintensityvariabil-
ity causesa small variationin the observedvoxel intensities
from scanto scan.

3.2 PerformanceAnalysisof Parallel Implementation

Ultimately, theutility of usetheseintraoperativeimageanaly-
sismethodsreliesuponthembeingsufficiently robustto pro-
videaccurateresults(significantlybetterthanthecurrentbest
affine transformations)for typical clinical cases,and criti-
cally, to besufficiently fastto providefeedbackto thesurgeon
at a ratethatis practicalfor routineuseduringneurosurgery.

In orderto providea context for thebiomechanicalsimu-
lationamongsttheotherimageanalysisandacquisitiontasks

that must occur intraoperatively, typically timings we have
observedfor theintraoperativeimageanalysisdescribedhere
is shown in Figure 5. The most computationallydemand-
ing task, the biomechanicalsimulation,hasbeenthe focus
of mostoptimizationin our implementation,andis now the
fastestcomponent.The completeexecutiontime for the in-
traoperative imageanalysisis lessthantenminutes,andthis
hasbeenadequateto displayupdatedimagesto theneurosur-
geonduringthreeneurosurgeries.However, we expectit will
bepossibleto furtherreducethis time,primarily by reducing
theuserinteractionin thesegmentationstep.

Figure6 illustratesthecomputationtime requiredfor the
biomechanicalmodelon a SunMicrosystemsSunFire 6800
with 12 750MHz UltraSPARC-III CPUs.The figure shows
thatonasingleCPUtheparallelassemblyof systemof equa-
tionsrequires17 seconds,thesolutionof thesystemof equa-
tions requires37 seconds,and the overall solution time re-
quires57 seconds.The overall solution time is the sum of
timesfor creation,initialization,assemblyof thestiffnessma-
trix, solutionandforcevectors,solvingthesystemandgath-
eringof theparallelresultvectorinto asinglesequentialvec-
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Timeline for image processing during IGNS

Action
Preoperative segmentation

Intraoperative MRI

 Registration

Segmentation

Surface displacement

Biomechanical simulation

Visualization

Surgical progress

Time (min)

During surgery:Before surgery:
0          5          10           15          20          25         30          35          40          45

Fig. 5. Typical timings for imageanalysiseventsoccuringbefore
andduringimageguidedneurosurgery.
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Fig. 6. Total computationtime, time to assemble,andtime to solve
the biomechanicalsimulationof brain deformationfor the neuro-
surgerycaseillustratedin Figure2. Thetotalnumberof meshnodes
was43584,defining214035tetrahedralelements.This representsa
systemof 43584x3 � 130752unknown displacementsto be identi-
fied.

tor. Runningon all 12 CPUs,theparallelassemblyof system
of equationsrequires3 seconds,the solution of the system
of equationsrequires9 seconds,andtheoverallsolutiontime
requires15 seconds,which is the sumof timesfor creation,
initialization,assemblyof thematrixandvectors,solvingthe
system,scatterof the parallel result vector into a common
sequentialvector.

4 Discussionand Conclusion

Our early experienceduring threeneurosurgery casesindi-
catesthatourintraoperativebiomechanicalsimulationof brain
deformationalgorithm is a robust and reliable methodfor
capturingthe changesin brain shapethat occurduring neu-
rosurgery. The registrationalgorithmrequiresno userinter-
actionandthe parallel implementationis sufficiently fast to
beusedintraoperatively.

Intraoperative registrationaddssignificantlyto the value
of intraoperative imaging. It providesfor quantitative mon-
itoring of therapy applicationincluding the ability to make
quantitative comparisonswith a preoperatively determined
treatmentplan and enablespreoperative datato be aligned

with the currentconfigurationof the brain of the patientin
order to allow 3D interactive visualizationof fusedmulti-
modalitydata.

In thefutureweintendto incorporatepatient-specificpre-
operative datain placeof the anatomicalatlaswe currently
use.Thiswill increasethesurgicalvalueof theintraoperative
updatesof preoperativedata.

Theparallelimplementationdescribedherecouldbe im-
provedby addressingtheloadimbalancesin orderto achieve
betterscalingperformance.A tetrahedralmeshwith a more
regularconnectivity patternwould allow betterscalingin the
matrix assemblyprocess.The paralleldecompositionof the
systemof equationsto solvecouldbemodifiedto accountfor
the distribution of known displacementsin orderto improve
thescalingof thesolver.

Improved registrationcould result from a more sophis-
ticatedmodel of the materialpropertiesof the brain (such
asmoreaccuratemodellingof the cerebralfalx andthe lat-
eral ventricles).The creationof an intraoperative segmenta-
tion systemableto identify thesestructureswould beneces-
saryto enablesuchamodelto beappliedroutinelyin surgery.
SophisticatedMR imagingmethodssuchasdiffusiontensor
MRI now enablethepreoperativeimagingof inhomogeneous
anistropicwhite matterstructure.It would be interestingto
incorporatea materialmodelreflectingthesestructuralchar-
acteristicsof whitematter.

Predictionof brain deformation,asopposedto the cap-
tureof observeddeformationdescribedhere,will mostlikely
requirea nonlinearmaterialmodel togetherwith extensive
monitoring of physiologicaldata.Suchpredictioncould be
usedto indicatewhennew intraoperative imaging is neces-
sary to appropriatelyupdateboth the simulationmodeland
thesurgeonsunderstandingof thebrainshape.It will becru-
cial to validatesuchpredictionsin asettingwhichreflectsthe
actualneurosurgicalenvironmentandeventsasaccuratelyas
possible.SerialvolumetricIMRI acquisitionsobtainedduring
neurosurgerywill provideacritical testby allowing objective
assessmentof the accuracy of brain deformationprediction
algorithms.
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