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CHAPTER I

INTRODUCTION

An emerging areaof researchwithin image-guidedprocedures(IGP) is deformationtracking

and model-updatedIGP. Researchin this areais aimedat augmentingcurrent IGP for greater

intra-operativeef�cacy andaccuracy. As a commentoncurrentsurgicalprotocol,Gallowaystates

that“a surgeonputsup his pre-operative imageson a light box,gatherstheinformationheneeds,

thenturnshis backanddoesthesurgery.” [2] Therearetwo concernswith this approach:(1) the

surgeonis relying on his or hermemoryfor targetplanningduringsurgery, and(2) thesurgeonis

relying on out-datedpatientdatafor targetplanning.IGP canbeusedto addressthe�rst concern,

that is, an interactive systemcanbe usedto quantitatively involve the pre-operative imagesets

duringsurgery. Thus,thephysicianquantitatively locatespositionsin theimagein real-time,which

relievesdependenceonmemory-basedtherapy targeting.Thesecondconcernis thefocusof much

researchin extendingIGPsystems.Morespeci�cally, thisareaof researchis developingstrategies

to updatethe shapesde�ned by pre-operative imagesduring surgery to re�ect conditionsin the

operatingroom. The work of this thesistakesinitial stepsat incorporatingthe datataken in the

operatingroom into IGP for neurosurgery. A uniquesurfaceregistrationalgorithmis introduced

thatallowspatient-to-imageregistrationof thedatageneratedby a laserscanner. This registration

providestheability to easilyandaccuratelymeasurechangesin thebrain'ssurfaceduringsurgery

for model-updatedIGP.

I.1 Image-guidedProcedures

IGP arede�ned asproceduresthatusepre-operativedatasets(3-D images)quantitatively to guide

thesurgical process[3].Thecentralcomponentof any IGP concernshow accuratelyonecanreg-

ister thepatientduringsurgeryto his/herpatient-speci�cthreedimensionaldatasets.Registration

establishesthe relationship(i.e. mathematicalmapping)betweenthe intra-operative coordinate

system(physical-space)andthepre-operative imagecoordinatesystem(image-space).This pro-
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cessallowsthephysicianto mapintra-surgicalpositionsto themostappropriatepositionin image-

space,i.e. stereotaxy.1

Severalmethodshavebeendevelopedtoprovidedaccuratestereotaxy. The�rst attemptsto reg-

isterphysical-spaceto image-spaceweretakenby Horsley andClarke [4] appliedto non-human

subjects.Their methodemployeda rigid frameaf�x edto anatomicallandmarks.Thepositionof

aprobeattachedto theframewasthenpreciselyresolvedrelative to theanatomicalpoints.Subse-

quentstereotacticframesexpandedon this themeandappliedtheir techniquesto humansubjects

[5]. Crucialto themethodof stereotaxyusingframeswastherigidity of theframeto thepatient's

anatomy. That is, positionsof thepatientsanatomyrelative to the frameare�x ed in both image-

spaceandphysical-space.Researchersrealizedthatthisrigidity couldbemaintainedwithoutusing

cumbersomeframes,thusleadingto thedevelopmentof framelessstereotaxy. Themostcommon

methodof framelessstereotaxyinvolvesrigid markers in both image-spaceandphysical-space,

localizationof themarkersin eachspace,anda point-basedregistrationof themarkers. Rigidity

hereimplies that thedistancesbetweenmarkersarepreservedbetweenspaces.Initially intrinsic

(anatomic)markers,suchasbony structureson the face,wereusedfor framelessstereotaxy[6].

However, dif�culty in accuratelocalizationlimited their widespreadadoptionfor IGP. A group

at VanderbiltUniversity thoroughlyresearchedthe localizationerrorsassociatedwith markersin

differentimagingmodalitiesandphysicalspace,their work hasleadto thedevelopmentof highly

accurateextrinsic markers (AcustarR
�

) for usein IGP [7]. For stereotaxy, the centroidsof the

Vanderbiltmarkersarelocalizedin image-spaceandphysicalspace.In image-space,localization

is performedeithermanually, or automaticallyusingstandardimageprocessingtechniques.In

physical-space,themarkersarelocalizedusingeitheroptical,electromagneticor acousticalmeth-

ods,with opticalmethodsbeingthemostaccepted[6]. Oncethemarkershave beenlocalizedin

eachspace,themappingbetweenthemis foundasa solutionto theOrthogonalProcrustes'Prob-

lem (OPP).This processis oftencalleda point-basedregistration[8]. Themathematicalformula-

tion of thisproblemandits solutionarediscussedlater. Thisprotocolfor framelessstereotaxy(i.e.

1FromtheLatin: stereo= threedimensions,tactus= to touch.
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usingextrinsicmarkersandpoint-basedregistration)hasbecomethedefactomethodof stereotaxy

for IGP.

However, rigid extrinsic markersandpoint-basedregistrationsarelimited in the information

they provide. In thecaseof neurosurgery, they areattachedtheto theskull, not thebrain.Thus,the

registrationprovidedis not relative to theorganof interest.Furthermore,theregistrationprovided

usingpoint-basedsystemsareaffectedby thenumberandplacementof markersin eachmodality.

Too few markers leadto inaccurateregistrationsandpoorly placedmarkersresult in ineffective

registrations[9]. Finally, point-basedregistrationsarenot retro-active. That is, soft-tissuedefor-

mations,e.g.braindeformationsin neurosurgery, arenot resolvedby this registrationprotocol,the

implicationsof whichwill bediscussedin thenext section.Nonetheless,point-basedregistrations

andextrinsic markers for IGP provide improved therapy planningand intra-operative targeting,

andareessentialto currentIGP.

I.2 Model-updatedimageguidedprocedures

Recentstudieshave reportedtheneedfor organshift compensationstrategiesto further improve

IGPnavigation[10][11]. Kelly etal. initially reportedbraindeformation(shift) duringstereotactic

procedures[12]. The shifting of thebrain duringstereotacticproceduresoccursdueto a variety

factorsincluding swelling, pharmacologicalagents,physiology, and the therapy itself. Nimsky

et al. have quanti�ed deformationsin the brain to be on the orderof millimetersfor deeptissue

andcentimetersfor surfacetissue,thus,showing thequantitativeeffectof shift is signi�cant given

that submillimetricaccuraciesaredesiredfor surgery [11]. Reconcilingthe differencesbetween

the intra-operative reality andthepre-operative imagesis referredto asimage-updatedIGP [13].

Someresearchgroups,i.e. Nabavi et al. andNimsky et al., compensatefor organshift by using

intra-operative imagingdevices[14]. Within theseframeworkstheintra-operativedataacquisition

and image-updatehappenconcurrently. Somegroupshave researchedintra-operative CT asan

intra-operativeimageacquisition,but logisticalconcerns,includingdose,havelimited its adoption

for intra-surgical use[15]. Registeredintra-operative ultrasoundhasalsobeendevelopedfor IGP

[16]. However, poorimagequalityanddegradationof tissuecontrastover thecourseof asurgical
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FigureI.1: Model-updatedimageguidedsurgerydatapipeline.

procedurelimit its effectiveness.Nimsky etal. havereportedsuccessfulimplementationof image-

updatedIGPusingintra-operativemagneticresonanceimaging(iMR) andshow millimetric target

accuracy resultsfor this methodin the brain [17]. They go on to reportthat out of 145 patients

subjectedto IGP in thebrain,only 14 requiredimage-updatingduringsurgery. This observation,

alongwith thehighcostanddif�cult implementationof iMR, questiontheoverallef�cacy of iMR

asa tool for image-updatedIGP.

Moreavailablemethodsof image-updatedIGPhavebeenproposedrecently[18]. Thesemeth-

odsrely on physicalor statisticalmodelsto updatepre-operative datain the operatingroom. A

schematicrepresentationof the model-updatedIGP pipeline is shown in Figure I.2. The intra-

operative datacollectedprovidesconstraintsfor the updatemodel. For example,in a physical

computationalmodelof the brain, surfacecharacteristicsprovide boundaryconditions[19]. For

statisticalmodels,surfacemovementsprovide similar constraints[20]. This thesisfocuseson the

link betweenintra-operativesurfacedataacquisitionandmodel-updatingfor theIGPdatapipeline.

Speci�cally, theaim is to observe corticalsurfacecharacteristicsduringsurgeryandre�ect those

observationsin acomputationalmodel.Thus,theintra-operativedatacollectedis usedin conjunc-

tion with pre-operative datafor the IGP. This is in contrastto themethodsdescribedby Nimsky

andNabavi anddoesnot producethegroundtruth resultsobservedby them.However, theimple-

mentationdetailsfor a computationalapproacharesomewhat lesscomplicated.Patienttransport

during surgery is not needed,asdescribedby Nimsky, andconstrainingthe rangeof movement

of thesurgeonis alsonot necessaryasin thecaseof the“double-donut”intra-operative magnetic

resonanceunit usedby Nabavi. Furthermore,advancementsin numericalmodelingof the brain

will hopefullyreducetheresidualerrorbetweenthetwo methods.
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A necessityin any model-updatedIGP is characterizationof intra-surgical conditions,many

methodshave beenexploredto provide anaccurateandef�cient characterization.Intra-operative

datahasbeenacquiredduringsurgeryusing: A-modeultrasonography[21] andtrackedpalpata-

tion [22] for surfacecharacterization,trackedendoscopy for characterizationof internalstructures

[23], B-modeultrasoundfor deeptissuevisualization[24], laserspectroscopy for quanti�cation

of deeptissueproperties[25][26], and electricalstimulationfor localizationof eloquentareas

of the brain [27]. Thus, thereis a wealthof intra-operative datathat canbe acquiredandused

within amodel-updatedimage-guidedprocedure.Thereis asubtletyto model-updatedIGPthatis

worth recognizing;the model-updatingpipelinecanaccommodatenot only anatomicalchanges,

but physiologicalchangesaswell. In factanultimategoalof model-updatedIGPis re�ecting both

anatomicaland physiologicalchangesin the operatingtheater[17]. All of the aforementioned

methodsof intra-operativedataacquisitionprovide raw datafor themodel-updatingpipeline.

This thesisusesa laserrangescanner(LRS) for novel characterizationof thecorticalsurface

for model-updatedIGP. In additionto lasertriangulationof the surface,the scanneralsoreports

texture map coordinates[28] for eachtriangulatedpoint. The texture coordinatesallow scalar

valuesfrom a CCD imageacquiredduringthescanto beassociatedwith eachpoint in thecloud.

The hypothesishereis that the textured point cloud capturedduring surgery will containboth

cortical sulcal and vesselpatternsthat can be usedto register the patientto their pre-operative

images.Usingfeaturesfrom thecorticalsurfacefor registrationdoeshaveprecedent.Nakajimaet

al. demonstrateda target registrationerrorof 1.3 � 1.4 mmusingprojectedcorticalvesselsfrom

video imagesfor registration[29]. More recently, Nimsky et al. reporteda deformablesurface

approachto quantifysurfaceshiftsusinga variationon theiterative closestpoint (ICP) algorithm

[11]. Also, somepreliminarywork usinga scanningbasedsystemfor corticalsurfaceregistration

hasbeenreportedbut a systematicevaluationhasnot beenperformedto date[30]. Thenovelty of

theapproachreportedhereis thatbothvesselinformationandthree-dimensionalgeometryis used

asthebasisof alignment.Furthermore,thescannerprovidesahighly accuratemethodfor tracking

thebrainsurfacethatwill alsoserveasavaluablesourceof inputdatato amodelbasedbrainshift
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compensationstrategy.

I.3 SurfaceRegistrationandMutual Information

As an initial stepin the registrationapproach,an implementationhasbeendevelopedusingan

iterative closestpoint (ICP) [31] framework with mutual information (MI) [32]. The iterative

closestpoint algorithm(ICP), �rst postulatedby Besl andMcKay[31] is a well understoodand

documentedstrategy for surfacealignment. Building on the point-basedregistrationtechnique

describedearlier, theheartof thealgorithmlies in thesolutionof multiple (OPP)[8]. Thegeneral

form for the(OPP)is givenin EquationI.1.

AT � B
�

E (I.1)

whereA andB aregivenandanorthogonalT (TTT
� I )2 is desiredto minimizethetrace,

min
�

EET �

� min
���

AT � B�

�

AT � B�

T � (I.2)

Mathematically, thesolutionof theproblemtransformsmatrix A into B via T, with thetracerep-

resentingtheresidualerror in alignment.For thecanonicalbasisset(x,y,z) usedin this paper, the

4x4matrixT canbeseparatedfurtherinto atranslationandrotationcomponent(seeEquationI.3).

T � R
�

D (I.3)

whereR is anorthogonalrotationmatrix, andD is the translationmatrix. Arun founda solution

for therotationalcomponentof T usingsingularvaluedecompositionmethods(SVD)[33] that is

usedin this thesis.Thetranslationcomponentto thetransformation(T) is foundtrivially andin-

dependentlyof therotationcomponent.Arun'smethodis expressedsystematicallyin themethods

section.Nonetheless,this conceptualsolutionis easilyappliedto medicalimageregistration.For

�ducial registrations,A andB representthe two setsof corresponding�ducials andT represents

2In this thesis,uppercaseE representsa matrixandlowercase�erepresentsavector.
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the transformationof coordinatesin physicalspaceto imagingspace(or vice versa). For ICP,

eachiterationof the algorithmcreatespoint setcorrespondenceusinga closestdistancemetric

betweenpointsin thetwo clouds.Thetransformationrelatingthecorrespondingpoint setsfound

asa solutionto a Procrustes'problemandthe processis repeated.The algorithmendswhena

predetermineddistancemetric hasbeenoptimized,usually the meanclosestEuclideandistance

(meanL2 norm)3. A limitation of ICP, whenappliedto cortical surfaceregistration,lies in the

geometryof thecortex. Thehemisphericalshapeof thecorticalsurfacecreatesmany orientations

that arevalid solutionsfor ICP. Thus, in a least-squareddistancesense,the points in two point

cloudsmight registerwell with ICPwithoutcorrectorientation.

Informationtheoryasappliedto medicalimageregistrationcanbeusedto overcomethis limi-

tationfor corticalsurfaces.A wayto measurethemathematicalinformationcontentwithin asignal

wasoriginally proposedby ClaudeE. Shannonin his landmarkpaper“A MathematicalTheoryof

Communication”4[34]. Referredto asthe Shannonentropy (seeEquationI.4 for the entropy of

a continuoussignalandI.5 for the entropy of a discretesignal),this measureusedthe transition

probabilitiesof randomvariablesin asignalto ascertaintheinformationcontentwithin thesignal.

H
�

x� � K
� ¥

� ¥
p

�

x� logp
�

x� dx (I.4)

H
�

x� � Kå
i

p̂
�

xi � log
�

p̂
�

xi � � (I.5)

wherep
�

x� is the probability densityfunction of the signalx andK is any scalarvalue5. As a

simpleexample,theentropy of a signalwhosetransitionsarepreciselyknown (that is, thesignal

canbeanalyticallycharacterized)hasanentropy of 0. For a signalwhosetransitionprobabilities

aredistributedequallyovertherangeof thesignaltheentropy is equalto 1. Althoughtheentropies

in I.4 andI.5 arewrittenasfunctions,therandomvariablein parenthesesis usedasa label.Mathe-

3Otherdistancemetricscanalsobeusedin ICP, e.g.L1, L¥ for realcoordinatesor “cityblock” distancesfor integer
coordinates,andtheRMSdistancemaybesubstitutedfor thearithmeticmean.

4Thepaperwaslaterrenamed“TheMathematicalTheoryof Communication”.
5K is usuallyusedto put theentropy in termsof physicalquantities.
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maticalentropiesarealwaysscalar, andthusH
�

x� shouldnotbeinterpretedasafunctionof x. This

labellingconventionfollowsthatof Shannonandis usedthroughoutthis thesis.Novel usesfor en-

tropy wereproposedby Shannonincluding the informationcarryingcapacityof communication

channelsandinformationgenerationratesof communicationchannels.

HawkesandHill were the �rst to apply entropy and informationtheory to medicalimaging

registration[35]. However, Viola andWells,andCollignonindependentlyintroducedanextension

to Shannon's initial work that allowed an accurateand robust methodfor registeringa surface

[32][36][37]. Called Mutual Information (MI), MI approximatesthe similarity in information

betweentwo randomvariablesusingboththemarginalandjoint entropiesof therandomvariables.

A modi�cation to the standardmeasureof MI, calledNormalizedMI (NMI), wasproposedby

Studholme[38]. Registrationof inter-modalitymedicalimagingvolumesshowedthatNMI proved

morerobustthanconventionalMI. For this reason,NMI valueswereusedin this paper. NMI can

bewrittenconciselyasfollows,

NMI
�

x � y� �

�

H
�

x�

�

H
�

y� �

H
�

x � y�

(I.6)

for a discreterandomvariablex. As written I.6, theregistrationbecomesa problemin optimizing

NMI for a globalextremum.Thespeci�c implementationof theregistrationprocessusedin this

thesisis discussedin themethodssection.

Although ICP andMI have beenusedextensively [39][40], previously publishedregistration

frameworks do not entirely apply to the uniquedataprovided by the scanneror this particular

registrationapproach.The dataacquiredby our scannerwill allow for a oneto onecorrespon-

dencebetweencontourpoint and image intensity, i.e. the needto createan image from the

three-dimensionalsurfaceis not necessary. However, intensitycorrespondencebetweena three-

dimensionalMR surfaceandanintra-operatively acquiredlaser-scannedcorticalsurfaceis some-

whatmoreelusive. ICPmayprovideanadequatecorrespondencebut this is anareathatis actively

beinginvestigatedin theapproach.Themostsimilar work relatingto this registrationframework

is thatby JohnsonandKang[41] in which theseinvestigatorsusedanobjective functionfor reg-

8



istrationbasedon a combinedEuclideandistanceandcolor differencemetric. Usedprimarily in

a landscapealignmentapplication,this techniquewouldnotbeamenableto thealignmentprocess

here,sincetheintensitydistributionbetweenscannerandMR imagedatais fundamentallyverydif-

ferent.No registrationalgorithmhasbeendevelopedthatwill registertexturedthree-dimensional

surfacesfrom two differentimagingmodalitieswithin thecontext of cortical surfaceregistration

aspresentedin this thesis.
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CHAPTER II

METHODS

Algorithmsfor texturedsurfacegenerationandregistrationin physicalspaceandimagingspace

areexploredin this chapter. For model-updatedIGP texturedsurfacesin the physicalworld are

registeredto thepre-operative imagestakenbeforesurgery. Theseregistereddatasetsallow for the

applicationof physicalmodelsto thepre-operativedatasetsfor improvingguidanceduringsurgery.

Thefollowing sectionsoutlinehow eachtypeof surfaceis generatedandtheregistrationalgorithm

usedin theexperiments.

Before outlining the algorithmic methodsusedin this thesis,an introductionto the Visual-

ization toolkit (VTK) is useful. VTK, or The VisualizationToolkit (KitwareInc.) provided the

dataobject framework usedin this research. The researchand literatureon computergraph-

ics and visualizationis extensive, however, the researchgoals are relatively few and easyto

understand.One of the most compellingtopics is the ef�cient and accuratedisplay of multi-

dimensionalobjectson a two-dimensionalscreen[28]. To simplify this task the opengraphics

library (OpenGL,www.opengl.org) wascreated,whichprovidesastandardizedcomputergraphics

renderingpipelinefor multi-dimensionaldatavisualization. Abstractinga layer above OpenGL

(the OpenGraphicsLibrary, Silicon GraphicsInc.), VTK providesa C++ classbasedapproach

to handlingmulti-dimensionaldatasetsfor computationandvisualization.VTK allows an easily

extensibleinterfacefor multi-dimensionaldataobjects. All objectsaremanipulatedin the VTK

framework beforebeingpassedto OpenGLfor rendering.Dataobjectsin VTK canbesplit into

two categories. The �rst, handlesthe geometryand topologyof datasets.Brie�y , in VTK the

geometryof a datasetre�ects the3 dimensionallocationof pointsandvertices;andthetopology

re�ects therelationshipbetween(i.e. connections)pointsand/orvertices.Thesecondcategory of

datarepresentsa list of attributesof thegeometrydataset,including: scalarvalues,vectorvalues,

texturemapcoordinates,normals,tensors,etc.Furthermore,VTK de�nesaframework for process

objectsthatcanbeusedto generateor �lter VTK datasetsandtheir attributes.Finally, VTK' s in-
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put/ouputprocessobjectdesignallowsfor building onpreviouslydesignedalgorithmsandlinking

themtogetherto createvery intricatealgorithms.This feature,alongwith its extensibility, existing

code-base,andmatureAPI determinedtheuseVTK for datamanagementandmanipulationin this

thesis.

II.1 TexturedSurfaceGeneration

A laserscannersystem(RealScan3D, 3D Digital Corporation,Danbury, CT) capableof capturing

three-dimensionaltopographyas well surfacetexture mappingto sub-millimeteraccuracy was

utilized (seeFigureII.1) to generatephantomtextureddatafrom a ball. Laserrangescanning,or

lasertriangulation,builds on the Law of Sines(seeFigureII.2 andEquationII.1). The distance

betweentransmitandreceive points,the separationdistanced, wasknown in the scanner. Also

the emissionangle,b, andre�ection angle,a wereknown. From thesequantitiesandEquation

II.1, the rangedistancer wascalculated.For the laserscannerusedin this thesis,the transmit

signal was a laserpulsethat was diffractedand guidedusing a pivoting mirror. The receiver

wasa CCD grid that detectedthe re�ection of the laserlight from the surfaceof interest. The

scanning�eld consistsof 500horizontalby 494verticalpointsperscanlineandwasaccomplished

in approximately5 seconds.Extensive calibrationandcharacterizationhasbeenperformedby

Cashet al. andhasdemonstratedthe �delity at which surfacedatacanbe acquired[42]. They

haveshown repeatabilityin scanninga Te�on ball (diameter:25.40mm) on theorderof 0.05mm.

Trackingexperimentsin thatstudyalsoshow sub-millimetricerrorswhile trackingtheball during

translationsof 15 cmto 40 cm.

r �

sinb � d
sina

(II.1)

Somelaserscannersalsoallow for thescalarencodingof rangedata.Typically laserscanners

usean RGB laser (i.e. threedifferent wavelengthscoupledtogether)for both rangedataand

color information. Thecolor datais extractedper rangepoint by usinga diffractionprismon the

receive end[43]. Thelaserscannerusedfor this thesisimplementsa differentapproachfor scalar

encoding.ScalarvalueswererecordedasRGB datain a bitmapvia CCD at thetime of scanning.
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FigureII.1: Laserscannerusedto acquiretexturedpointclouds.

FigureII.2: GraphicalLaw of Sines

12



In this thesistheRGB datawasconvertedinto luminance(Y) valuesusinga lineartransformation

(seeEquationII.2).

Y � R � 0 � 299
�

G � 0 � 587
�

B � 0 � 114 (II.2)

A singlecolor channelwasusedin the registrationprocessto reducethe complexity of the cur-

rent algorithm. Scalarencodingof the point cloud was donevia the texture map coordinates

(u � v ��� 0 � 1� ) reportedfrom thescanner. Theregistrationbetweenscannercoordinatesandtexture

coordinateswascalibratedat themanufacturer. Accuracy of theregistrationhasnot beenveri�ed,

but is beingplannedasfutureresearch.In mostgraphicsapplications,theprocessof assigningto

scalarvaluesto thepoint cloudsfor visualization(texturemapping)occursin hardware.However,

for thepurposesof this thesis,thetexturemappingprocesswasperformedmanually. Thetexture

coordinateswerescaledto thesizeof thecapturedbitmap1, �oored to theclosestintegralvalueand

the resultingtexturewasrecordedasVTK dataattributes. FigureII.3 shows theprocessof gen-

eratingtexturedpoint cloudsfrom thedatacollectedby thescanner. Manuallytexturing thepoint

cloudreducedunnecessarycomputationsduringtheregistrationprocess.For thepointcloudsfrom

thelaserscanner, thegeometrywasstoreddirectly andthetopologywasde�ned aseachpoint by

itself. Datasetattributesfor thepoint cloudsincludedtexturemapcoordinatesandscalarvalues.

For the bitmaps,a regularly spaced(structured)grid with scalarvaluesrepresentingthe bitmap

wasused.A VTK sourceclass(processobject)waswritten to parseandreadthebinarydata�le

from thescannerandoutputthepointcloudandbitmapastwo separatedataoutputs.A VTK �lter

classwasusedto generateluminancevaluesfrom the RGB databitmap. Finally, anotherVTK

�lter classwasdevelopedto manuallytexturethepoint cloudgiventhepoint cloudandbitmapas

inputs.

To generatetexturedsurfacesfrom MR volumes,asurfaceprojectionalgorithmwasused(Ana-

lyzeAVW - BiomedicalImagingResource).TheMR volumesweregadoliniumenhancedcoronal

slicesof thebrain(1.015625mmresolutionin thesliceplaneand1.5 mmout of plane)thatwere

segmentedby handto preserve the vesselstructure. Rayswerecastdown the axial axis of the

1640x480pixelsfor thescannerusedin this paper.
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FigureII.3: Texture point cloud generationfrom the laserscanner. Left to Right: CCD Bitmap
capturedat thetimeof scanning,pointcloudcapturedat thetimeof scanning,texturedpointcloud
aftertexturemappingprocess.

volume.Only voxelswith intensityvaluesgreaterthan� ve (out of 255)wererecordedassurface

points.Thetextureat a givenpoint wascalculatedby averagingthe�rst � ve voxelsfollowing the

surfacevoxel (seeFigureII.4). Finally, thesurfacewaswindowedempiricallybetween0 and145

to provide high contrastbetweenvasculatureandtissuein thepoint cloud. The resultingdataset

andits scalarattributeswereusedfor registrationpurposes.A high resolutionsurfacewascreated

usingbilinear interpolation(seeEquationII.3 andFigureII.5) andsuper-samplingthesurfacein

andout of theimageplane.Thesurfacesusedin this thesisweresuper-sampled2x in thesaggital

axisand4x in thecoronalaxis. Theeffect of super-samplingcanbeseein FigureII.6. Theedge

effectsseenwith increasingsuper-samplingandtheir in�uence on theregistrationis discussedin

theresultssection.
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II.2 SurfaceRegistrationUsingMutual Information

Theregistrationframework of this thesis,calledSurfaceMI,involvedtwo primarystepsin its exe-

cution.The�rst stepinvolvedacquisitionandpreparationof theregistrationsurfaces.Thescanner
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FigureII.5: GraphicalBilinear Interpolation.
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FigureII.6: Effect of bilinearinterpolationon surfaceprojection.Fromleft to right: no interpola-
tion, 2X interpolationin thecoronalaxis,4X interpolationin thecoronalaxisand2X interpolation
in saggitalaxis.

wasplacedapproximately30-60cmfrom thesurfaceof interestusinga tripod. Theextentsof the

scanner's fan beamwereestablishedandthe laserstripewaspassedover thesurfacein approxi-

mately5 seconds.Datacollectedvia thescannerwaspost-processedoff-line to remove features

from thescanthatwerenotusedfor registration.TheMR surfaceswereacquiredaccordingto the

surfaceprojectionalgorithmoutlinedearlier.

The�nal stepin theapproachwasto performsurfaceregistrationusingatwo-stageprocess.To

reiterate,thegoalof thealgorithmwasto �nd T (a 4x4 matrix) suchthatthetracein EquationI.2

wasminimized.In the�rst stage,aniterativeclosestpoint (ICP)algorithmwasperformedinitially

to align thepointcloudsof interest(i.e. laser-scannedsurfaceand/orMR surface).TheProcrustes

transformationin eachiterationof theICPwascalculatedusinganSVD method,outlinedby Arun

[33]. TheSVD methodutilizescross-covariancesbetweencorresponding�ducials to reducedthe

traceof the registration. The algorithm is as follows for two setsof correspondingpoints (the

sourcepoints,which areregisteredto thetargetpoints):

1. CalculateDt , thedistanceof eachtargetpoint to thecentroidof thetargetpoints

2. CalculateD f , thedistanceof eachsourcepoint to thecentroidof thesourcepoints

3. CalculateH � DtDT
f
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4. PerformanSVD on H, resultingin U, D, andV matrices2

5. TherotationmatrixR in T is givenby UVT

6. Finally thetranslationis givenby calculatingthedifferencein centroids

To implementtheICP algorithm,theSVD solutionto theProcrustesproblemwasusediteratively

(i.e. eachrotationmatrixcalculatedwasconcatenatedto thepreviousmatrix)until themeanclosest

distancefell below theresolutionof thesurface(empiricallydeterminedto be � 0 � 1 mm).

Thestandard(exhaustive) searchalgorithmusedto determinecorresponding�ducials for the

ICP wasreplacedwith an optimizedK-D searchtree [44]. Proposedoriginally by Bentley, K-

D treesareoptimizedbinary searchtreesfor multi(K)-dimensionalspaces.The searchtreewas

generatedby partitioningthe input datasetat eachlevel alongthe medianof the dimensionwith

thegreatestrange.The treewasterminatedwhenthereareno morepointsto bepartitionedat a

givensub-tree.An exampledatasetandresultingK-D treecanbeseein FigureII.7. Searchingfor

nearestneighborsis doneby traversingthe the treein a mannersimilar to standardbinary trees.

Givena queryvalue,determinewhetherthevalueis lessthan,greaterthan,or equalto thevalue

at any givensub-tree.Theconditionalwasevaluatedat theroot nodefor every sub-treefor only

thedimensionbeingpartitionedat thatnode.Thesearchmovesdown thetreein thedirectionof

theconditionalthat is satis�ed. However, for K-D treesthesizeof thepartitionsin k-dimensional

spacemustbe tracked as the searchprogresses.Furthermore,whenappropriate,traversingthe

complimentarybranchfor a givensub-treemustoccurin orderto �nd the true nearestneighbor.

Optimizedsearchingalgorithmsare outlined in [44][1][45]. The performancegainedwith K-

D treescompensatesfor its complex implementation.For a searchcomposedof N points in k

dimensionalspacethesearchtimegoesfrom O
�

N2
� in anexhaustivesearchto O

�

NlogkN � in aK-

D treesearch.ThisthesisusedaC++ implementationof K-D treecreationandsearchingby David

Mount calledANN [45]. ANN is extensibleto any integral dimensionk; this might beof bene�t

in futurework, asthescannerreturns6 dimensionaldataby nature.Using theoptimizednearest

2U andV areunitarymatricesandD is adiagonalmatrix containingthesingularvaluesof H, whereH � U �

1DV
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FigureII.7: An exampleK-D treegeneratedfrom TableII.1. Reproducedfrom Bentley [1].

TableII.1: Tableof datausedto generatetheK-D Treein FigureII.7.
Point Location

A (50,50)
B (10,70)
C (80,85)
D (25,20)
E (40,85)
F (70,85)
G (10,60)

neighborsearchandtheSVD implementationin VTK allowedaccurateandef�cient calculation

of ICP transformations.

TheICPcorrespondenceprovidesthenecessaryrelationshipto proceedwith thesecondstage,

a constrainedintensity-basedregistration,provided by NMI. As reportedearlierNMI is usedto

registerrandomvariablesbasedon a mathematicalinformationcriteria. For the purposesof this

thesis,theinformationcriteriawascalculatedusinghistogrammethods.Theintensityateachpoint

in a givensurfacecloud wasbinnedbetween0 and255. Binning providesa quick andef�cient

wayof approximatingtheprobabilitydensityfunction(PDF)for theintensitiesin thecloud.Joint

PDF's werecalculatedby associatingintensitiesin two differentcloudsaccordingto the nearest

neighbors.Again,K-D treeswereusedto accomplishthis taskquickly. In orderto penalizenon-
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overlappingsurfaces,closestpointsthatwerenotwithin theresolutionof thesurfaceswerebinned

to a0 intensityvaluein thejoint pdf 3. Marginalandjoint Shannonentropieswerecalculatedusing

non-zerobinsin therespectivehistogramsand(I.5). Finally, thecalculatedvalueof NMI (I.6) was

passedinto theoptimizationpipeline.

The optimizationchosenfor this wasPowell's methodtaken from [46]. Powell's optimiza-

tion is a directionsetmethodfor optimizationin multi-dimensions.Theoptimizationdetermines

conjugatedirectionsfor line minimizationsat eachiteration. Conjugatedirectionsimplies “non-

interfering” lines for optimization.That is, optimizing in any oneof thedirectionswill not com-

promisethe optimizationin any otherdirection. An ef�cient methodfor determiningconjugate

directionsis to usethe �rst derivativesof theobjective function(called“ConjugateGradientDe-

scent”optimization). Ideally, for this methodto work, functional forms of the objective andits

derivativesmustbeknown. In somecases,if the functionalformsarenot known, numericalap-

proximationscanbesubstituted.Experiencesduringthedevelopmentof theregistrationalgorithm

proved that numericalapproximationsof the derivativescould not be employed in the optimiza-

tion. Local minima in the objective functionsspaceandthe shapeof the spaceitself prohibited

gradientdescentmethodsfrom converging to theglobalminimum. Althoughtheshapeof theob-

jective spacehasnot beencharacterized,empiricalevidenceindicatesthat it is ellipsoidalwith a

high majoraxis to minor axisratio. Thus,thegradientin thedirectionof oneof thebasisvectors

might be ordersof magnitudelarger thanthe othergradients.This propertyof the spaceeasily

confoundsdirectgradientdescentmethods,asonedirectiondominatestheoptimizationprocess.

Furthermore,usingnumericalapproximationsfor thederivativesdoesnot provide truly conjugate

directionsfor optimization.Thus,theconjugatemethodsof optimizationsuccumbto localminima.

Powell's methodof optimizationcompensatesfor theshapeof theobjective spaceby calculating

a betterapproximationto the conjugatedirectionsfor line minimizationat eachiteration. After

theconjugatedirectionswerefoundin Powell'smethod,a line minimizationwasdonein eachdi-

rection. Theline minimizationwasdoneusingBrent's methodof inverseparabolicinterpolation,

3Thecriteriafor overlapwasthattheclosestpoint mustbelessthan1 millimeter

19



which is quadraticallyconvergent. For a bracketedminimum,theminimumwasfoundby �tting

a parabolathroughthreepointswithin thebracket. Theobjective functionwasthenevaluatedand

re-bracketedat theminimumof the�tted parabola.This processwasrepeateduntil theminimum

wasfoundfor thegivendirection,andwasrepeatedfor eachconjugatedirection.

To furtherhelptheoptimizationprocess,ageometryconstraintwasimposedon thecalculated

transformation.The constraintrequiresthe alignmenttransformationto operatein sphericalco-

ordinateswith a �x ed radius. This constraintwashypothesizedbasedon empiricalobservations

of the surfaceof the brain. To implementthe constraint,a spherewas�tted geometricallyin a

least-squaressenseto thetargetsurface[47]. Giventhesetof pointsX, the�tting wasprovidedby

minimizing theobjective functionin Equation(II.4).

min
�

s2 �

� min
�

�

X � F
���

a� �

T �

X � F
���

a� ��� (II.4)

whereF
���

a� is the parametricequationof a sphere. The parameters
�

a are found using Gauss-

Newton iterationmethod:
�

ak� 1 �

�

ak
�

lD
�

a (II.5)

with l step-size.D
�

a is foundusinganSVD decompositionof theJacobianmatrix:

Jk �

¶F
¶

�

ak
� UDVT (II.6)

whereU, D, andVT aretheresultof theSVD (describedearlier),leadingto,

D
�

a � VDUT �

�

X � F
���

ak � � (II.7)

TheiterationswerestoppedwhenD
�

a wasbelow athresholdvalueof 0.01.For acompletedescrip-

tion of the�tting processreferto Ahn [47].

Giventheradiusof the�tted sphere,all transformationsof thesourcesurfacewereconstrained

to move alongthe surfaceof the sphere.By enforcingthis restrictionon the transformation,the
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degreesof geometricfreedomwerereducedfrom six to three,i.e. elevation f , azimuthalq, and

roll y at the�tted radiusr.
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CHAPTER III

EXPERIMENTS

A seriesof experimentsweredevelopedtogaugethelimits of thealgorithm.Additionally, these

initial trials alsogaugedthecomputationalcostsof thealgorithm. The�rst seriesof experiments

testedtheaccuracy of thealgorithmunderintra-modalconditions.Having successfullydeveloped

thealgorithmusingthe�rst seriesof experiments,thesecondseriesexperimentstestedtheregis-

tration algorithmundersimulatedmulti-modalconditions.Resultsto both seriesof experiments

arediscussedin theresultssection.

A seriesof intra-modalexperimentswereusedto verify the accuracy androbustnessof the

newly devisedsurfaceregistrationalgorithm.The�rst intra-modalexperimentin thisserieswasto

registertwo surfacesof aball (FranklinSportsINC., Stoughton,MA, 02072)from therangescan-

ner. Theball wasusedto simulatethehemisphericalgeometryof theexposedbrainsurfaceseen

intra-surgically. Thesurfacesusedin thispaperfor registrationexperimentsoccupiedasolidangle

of W � 1 � 2p steradians1 andcontained67257points(seeFigureIII.1). A known sphericaltrans-

formationaboutthe�tted radiuswasappliedto thetargetsurfaceto generatethe�oating surface.

Thelimits for theelevationandazimuthalanglesweresampledwerebetween� 13degreesandthe

roll anglewassampledbetween� 25degrees.Fivehundreduniformly distributedcombinationsof

f , q, andy weretestedfor registrationaccuracy.

Having testedtheintra-modalregistrationaccuracy of thelaserrangescandata,asecondsetof

experimentstestedregistrationaccuracy of thepointcloudsgeneratedfrom thesurfaceprojections

of the MR volume. The target surfacegeneratedvia surfaceprojectionandclipping hada solid

angleof approximatelyW � � 38533p steradiansandcontained48429points(seeFigureIII.2 and

III.3). The misregistrationprotocol from the ball experimentswasappliedto the brain surface.

Therangefor theparametersf , q, andy werethesameasthosefor theball but thetransformation

wasappliedaboutthe �tted centerandradiusof the brain. Again, theparametersfor theknown

1Thesolid angleof a unit sphereW � 4p steradians.
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FigureIII.1: Sampletexturedpoint cloudgeneratedusinga laserrangescanner.
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transformationsweresampledfor 500trials.

The third set of experimentsoutlinesthe ef�cacy of the developedalgorithm in registering

surfacesacrossmodalities. Inter-modality surfaceswere simulatedby inverting the texture of

the point cloud generatedvia surfaceprojection. Texture valueswere invertedaccordingto the

following equation,

I �

�

x � y� z� � 255 � I
�

x � y� z� (III.1)

Five hundredtrials wererun usingthe target surfacede�ned earlieranddifferentROIs from the

invertedsurfaceprojectionasthe�oating surfaces.TheROIsweregeneratedbyvaryingthenormal

of theclippingplaneusedto createthetargetsurfacebetween� 0.1cmin thesagittalandcoronal

axiswhile holdingtheaxialvalueat1 cm. To createthemisregistrationbetweenthe�oat andtarget

surface,eachsurfacewasre-centeredaboutit' s geometriccentroid. An initial approximationto

thecorrectregistrationwasprovidedby applyinganICP transformationto the�oating surface.
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Figure III.2: Sampletextured point cloud generatedusing surfaceprojectionon a Gadolinium
enhancedMR volume.
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FigureIII.3: Useof aclippingplaneto selecta regionof interestin thesurfaceprojection.

26



CHAPTER IV

RESULTS

Sincethe samescanwasusedfor both target and�oating surfacesin the registrationexperi-

ments,theone-to-onecorrespondencein pointswasknown. This allowedcalculationof theroot-

mean-squaredtarget registrationerror (RMS TRE), asde�ned by FitzpatrickandMandava [48],

betweenpoint cloudsafterregistration.Theequationfor RMSTRE(givenin IV.1) is asfollows,

RMSTRE �

��

�

� �

1
N

N

å
j

�

y j � T
�

x j �

�

2 � (IV.1)

wherey j is a point on thetargetcloudandT
�

x j � is thecorrespondingpoint on the�oating cloud

transformedin thecoordinatespaceof thetargetcloud.Theone-to-onecorrespondencealsomeant

thattheNMI for a fully optimizedregistrationwasknown. Thus,theregistrationresultsfrom the

500trialsaresplit into two categories.The�rst set,overtheentire500trials,yieldedanRMSTRE

of 11.38� 28.75mm. Thesecondcategory representsthe345trials wheretheregistrationattained

anidealvaluefor NMI, i.e. themaximumvaluefor NMI givenasetof marginalentropies1. In the

successfulregistrationsettheRMS TRE was0.20� 0.05mm. Therewasno signi�cant difference

betweenthemeansfor f , q, andy , betweenthetwocategories.Thisresultimpliesthattherangefor

successfulregistrationis within thesamplingrangeof f , q, andy . An indicationof therobustness

of thealgorithmis the70%of registrationtrials thatregisteredto betterthan1 millimeteraccuracy.

Furthermore,theRMSTREresultsof theexperimentontheball show thatSurfaceMIandPowell's

optimizationregisterthesurfacesvery accurately(i.e. below thetolerancesof thescanner)when

successful.A sampleresultof the registrationalgorithmon the ball canbe seenin FigureIV.1.

Note that the samplingrangeusedin this paperis anticipatedto be muchgreaterthanwhat will

be observed during surgery. Inter-operatively, the expectedrangeof misregistrationshouldbe

1In this case,sincebothmarginalentropiesarethesameandthejoint probabilityof a correctlyalignedsurfaceis
equalto themarginalentropy, theidealvalueof NMI is � 2 � .
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FigureIV.1: Sampleregistrationresultsfor theball phantomwith sphericalconstraint.Top row,
from left to right: two misregisteredsurfaces,two surfacesafter registration.Bottomrow, left to
right: off-axis view of misregisteredsurfaces,off-axis view of registeredsurfaces.Initial misreg-
istrationof 15 degreesin f , q, andy

.
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no greaterthan � 5 degreesin eachparameter(in this rangethe ball phantomresultsare100%

successful).

All trials usingtheintra-modalimagingphantomresultedin anidealvalueof NMI. TheRMS

TRE for thesetrials were0.14� 0.04mm. The differencein the resultsof the brain andthe ball

arelikely dueto thedifferencesin thetopologicdistributionof theintensityinformation.Most of

theintensityinformationof theball is containedin thecentralareaof thesurface.In somecases,

whenthe initial mis-registrationof the ball causessuf�cient non-overlapof the centralarea,the

algorithmcannot registerthesurfacescorrectly. For thebrain, the intensitypatternof thevessel

structureoccupiesmostof thesurface. Thus,even thoughthebrain's surfaceoccupiesa smaller

solid anglethanthat of the ball, the distribution of the intensitypatternallows for moresevere

misregistrationto bealigned.A sampleresultof theregistrationresultsonthebrainsurfacecanbe

seenin FigureIV.2.

In the simulatedinter-modalregistrationexperiments,statisticalanalysisof the resultsshow

that SurfaceMI did produceda more accurateregistrationof the surfacesover all trials (t-test:

p � 0.05). The secondcategory in Table IV.1 shows descriptive statisticsfor trials in which the

RMS TRE of theregistrationwaslessthan2 standarddeviationsplusthemeanRMS TRE calcu-

latedearlierusingknown transformations.Therewereonly 137trials which registeredthetarget

and�oating surfacesto this tolerance.Thevarianceof thesuccessfullyregisteredtrials is signi�-

cantlydifferentfrom theentiretrial population.Theextentof thevarianceis reducedby anorder

of magnitudefor thesuccessfulregistrations.Analysisof thesurfacesthatfailedto registershowed

thatthesphericalconstraintpreventedaccuratesurfaceregistration.In general,thealgorithmfailed

to registersurfacesclippedfrom or containingtheperipheryof thesurfaceprojection.Theperiph-

ery of the surfaceprojectioncontaineda muchhighersurfacecurvaturewhencomparedto the

targetsurface.This discrepancy in surfacecurvaturesbetweentargetand�oating surfacescaused

thesub-optimalregistrations.For corticalresectionandretraction,thevisible surfaceof thebrain

will likely befrom a singleregion, this inherentregion constraintwill beincorporatedinto future

iterationsof thealgorithm. A sampleof thesimulatedinter-modality registrationexperimentcan
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FigureIV.2: SampleRegistrationResultsfor thebrainphantomwith sphericalconstraint.Toprow,
left to right: two misregisteredsurfaces,two surfacesafter registration.Bottomrow, left to right:
off-axisview of misregisteredsurfaces,off-axisview of registeredsurfaces.Initial misregistration
of -15degreesin f , q, andy .
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TableIV.1: Resultsfor simulatedinter-modalregistrationof thebrainphantomusingSurfaceMI.
All Trials SuccessfulRegistrationTrials

Numberof Trials 500 137
ICPRMSTRE(mm) 5.25 � 3.50 2.69 � 1.81
MI RMS TRE(mm) 3.36 � 7.17 0.21 � 0.06

beseenin FigureIV.3. Theresultsareshown with anintra-modalregistrationof thesamesurfaces

for clarity.

FigureIV.4 shows the resultsof eachsetof experimentsin histogramfashion. As the �gure

shows, the resultsfor both intra-modalityexperimentsshow high successratesfor TRE's under

0.5millimeter. Theresultsin theintra-modalbrainexperimentsshoweda lowerpercentagebelow

0.5millimeterand,but alsoaa largerpercentagebetween0.5and3.5millimeterswhencompared

to theintra-modalexperiments.Theresultsdepictedin thehistogramsupplementtheconclusions

drawn from analyzingtheRMSTRE'swithin eachsetof experiments.Thatis, theconcentratedin-

tensitypatternin thespherephantompreventedproperalignment.However, thedistributionof the

spherephantomcorrelatedwell with thebrainphantom,in thatthesuccessfulandnon-successful

registrationsweremutuallyexclusive with regardto TRE. Thus,in very few occasionswhenthe

registrationfaileddid it produceRMS TRE below 3.5mm. Theinter-modalitydistributionshows

thatthereweremoreinstances,ascomparedto theintra-modaltrials,wherethealgorithmdid not

reachidealNMI, but still producedRMSTREvaluesbelow 3.5mm. This is in contrastto theintra-

modaltrials andshows thatevenwhenthealgorithmfails to reacha highly accuratealignmentit

mayachievea “good” ( � 3 � 5mm) alignment.

Theresultsherehave shown thatSurfaceMI registerstexturedsurfaceswell. The topological

distributionof thetextureeffectstheability for SurfaceMIto register. However, goodtopographi-

cal texturedistributionsareexpectedintra-operatively. Intra-modalregistrationsdemonstratelow

error residualswhensuccessfullyregistered,but generatedvery high residualswhenunsuccess-

ful. Simulatedinter-modalregistrationsexhibited lower residualsfor unsuccessfulregistrations,

implying thatSurfaceMIcanregisterreasonablywell evenwhenunsuccessful.

31



Figure IV.3: SampleRegistrationresultsfor simulatedmulti-modality registrationsof the brain
phantom.Top row, from left to right: two intra-modalsurfacesregisteredvia ICP andafterregis-
trationvia SurfaceMI.Bottomrow, from left to right: two simulatedmulti-modalsurfacesregis-
teredvia ICPandregisteredvia SurfaceMI.Clippingplaneparameters:saggital= 0.02cm, coronal
= 0.1cm, andaxial = 1 cm.
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FigureIV.4: Distributionof targetregistrationerrorsfor eachsetof experiments.
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CHAPTER V

CONCLUSIONS

Theresultsof thisthesisshow thattheICPandMI framework isausefultool for corticalsurface

registration. Resultsof both intra- and inter-modality surfaceregistrationshow sub-millimetric

accuraciesusing a phantom. This thesisoutlinespreliminary stepstaken with the laser range

scannerandthealgorithm. Futurework, to bediscussedin the following chapter, will hopefully

provethevalueof boththelaserrangescanneranduniquesurfaceregistrationalgorithmin model-

updatedimageguided-surgery.

The useof a laserrangescannerin the operatingroom is a novel methodof intra-surgical

surfacecharacterization.As seenin FigureVI.1, this methodhasbeenshown to bea viablenon-

contactmethodof capturingintra-operativedata.Thesurfacescollectedby thescannerareaccurate

with regardto thephysicalworld andprovide,notonly geometricdata,but alsorich surfacetexture

information.Thewealthof informationcontainedwithin thescanswill providecritical information

for computationallyupdatedIGP.

With respectto incorporatingthe feature-richlaserrangescandata,a novel registrationalgo-

rithm hasbeendeveloped. The algorithm,which is built on a framework sensitive to intensity

information(i.e. mutual information),capitalizeson both the intensityandgeometrycontained

in eachscan. To provide datasimilar to that acquiredby the laserrangescanner, a methodto

extract texturedpoint cloudsfrom thepre-operative datahasbeendeveloped.Thesurfaceextrac-

tion methodhasshown thatgadoliniumenhancedMR imagesprovide goodtextureandgeometry

informationfor theregistrationalgorithm.

Theresultsof thetechniquesdiscussedin thethesisshow viability for clinical application.The

intra-modalityexperimentsdemonstratethe successfulmodi�cation and applicationof existing

registrationtechniquesto thespeci�c problemof registeringtexturedpoint clouds.Thesimulated

inter-modalexperimentsshow thatthealgorithmcaneffectively extendedto multi-modaldatasets,

i.e. apatient-speci�crangescanto hisor herpre-operative imagevolume.
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Theimport of theideasandmethodsoutlinedin this thesisarea critical componentin thede-

velopmentof model-updatedIGP. Registeringintra-operativedatato pre-operativedatawill allow

for boundaryconditionsin thecomputationalmodelsusedfor model-updatedIGP. Thecomputa-

tional modelswill thenprovide thephysicianwith intra-surgically relevant imageswhich canbe

usedfor moreaccuratetherapy delivery.
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CHAPTER VI

FUTURE WORK

Therearemany researchavenuesto pursueasa result of the work presentedin this thesis.

The immediategoal of future work is to verify in vivo accuracy of the registrationalgorithm.

Preliminarydesignsfor trueinter-modalregistrationexperimentsincludeusingwatermelonswith

CT/MR contrast-enhancedvasculatureinlaid onthesurface.Thevasculaturewill beimagedusing

the scanneraswell asCT andMR imagingdevices. The methodsdescribedin this thesiswill

then be appliedfor registration. Error residualssimilar to thosereportedin this thesiswill be

reportedfor the inter-modal registrations. Thesephantomswill also be validatedusing a gold

standardfor registrationthat is beingdevelopedby Cashet al. Furthermore,the phantomswill

allow for comparisonswith existing registrationtechniques,e.g. Nakajima's methodfor point

basedregistrationsusing vesselbifurcationsand ICP methodsusing extractedvesselcontours.

Theseexperimentswill examinethepotentialregistrationaccuracy in aninter-modalsettingusing

thelaserrangescandata.

In vivo proof of conceptandaccuracy studiesarecurrentlyunderway. In thesestudies,con-

sentingpatientsprimarily undergoing tumor resectionand similar surgerieswill be monitored

during the courseof therapy. Thesepatientswill be operatedon usingimage-guidancewith the

scanneralsobeingtrackedby theimage-guidancesystem.Beforetheskull capis removed,expos-

ing theareaof therapy, a laserscanwill betaken. Anotherscanwill betakenafterremoval of the

dura.Subsequentscanswill betakenperiodicallyduringthecourseof surgery. Thisexperimental

setupwill map the laserrangescannerspaceto physical-space,andconsequentlyimage-space.

Thismappingwill allow for theregistrationresultsusingthescannerto becheckedagainstresults

providedby theimage-guidancesystem.Furthermore,thisexperimentalprotocolwill testtheabil-

ity to of thescannerto track the intra-operative deformations.After surgery, all of thescanswill

beregisteredandveri�ed for accuracy. An exampledatasetfrom surgeryis givenin FigureVI.1.

This datasetclearlyshows that thecorticalsurfacecanberesolvedwith thecurrentlaserscanner
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FigureVI.1: Exampledatasettaken with the laserrangescannerin the operatingroom. Left, a
CCDimageof thesurgicalarea.Right,a tessellatedpointcloudwith texturemappedpointson the
right.

andthuscanbeusedfor in vivovalidation.

The algorithmitself is alsounderresearch.Futureiterationsof the algorithmwill usenon-

canonicalbasissetsfor registration. Basissets,like B-splinesetsor Fourier setswill be usedto

allow for non-af�ne transformationsfrom physicalto imagespace.Arun's solution to the Pro-

crustes'problemdoesallow for higherdimensionsin the basissetsfor registration. More pliant

shapeconstraintsontheregistrationalgorithmarealsoplannedfor review. Theultimategoalwould

include�nding ageneralform for theregistrationalgorithm(thatis computationallytractable)for

any two surfacesoverany numberof degreesof freedom.

With regardto Mutual Information,differentestimationsof mathematicalentropy areunder

investigation.Viola andWell's original work presenteda methodfor probabilitydensityestima-

tion calledtheParzenWindow [36]. Thismethodusesamoving averageof Gaussiandistributions

providedby therandomvariable[49]. Althoughthismethodis notanticipatedto belesscomputa-

tionally intensive, it will allow for calculationof NMI in higherdimensionsmoreeasily. That is,
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futureNMI calculationsmight look like thefollowing:

NMI �

H
�

rx � gx� bx�

�

H
�

ry� gy� by�

H
�

rx � gx� bx� ry� gy� by�

(VI.1)

Also, theuseof non-standardentropy measures,e.g. Renyi andKullbackentropies,is alsounder

investigation[50][51]. The objective function spaceassociatedwith thesenon-standardentropy

measuremightyield moretractableoptimizations.

Anotherareaof active researchis moreeffective optimizationof theMutual Informationcri-

teria. The simpleline setmethodusedin this thesiswill be replacedwith moreadvancedmeta-

heuristicsearchstrategies. Onemethodunderinvestigationis the Tabu search[52]. This search

strategy allows oneto usemoresimplesearchmethodsin a heuristicfashion.For example,in the

speci�c caseof optimizing theNMI in two texturedpoint clouds,theTabu searchwill usePow-

ell's methodfor line minimizationswithin thesearchspace.TheTabu searchwill thenguidethe

optimizationwithin the searchspaceby expandingsearchareasout of regionsof local minima,

e.g. usingTabu criteria [52]. Initial experienceswith this advancedsearchstrategy show it to be

aneffectivealternative to apurelynumericaloptimization.

Finally, this thesisandthe work includedaresteppingstonesin the pathto accuratemodel-

updatedimageguidedsurgery. Novel work hasto becompletedin theareaof thephysicalmodel,

theupdateprocedure,andtheimage-guidancesystemfor thecompletemodel-updatingapplication

to besuccessful.Thesetopicsareto belookedat in thefutureasapartthedevelopmentof model-

updatedimageguidedprocedures.
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