SURFACE REGISTRA'ION USING TEXTURED POINT CLOUDSAND MUTUAL
INFORMATION

By

Tuhin KumarSinha

Thesis
Submittedto the Faculty of the
GraduateSchoolof VanderbiltUniversity
in partialful llment of therequirements
for thedegreeof
MASTER OF SCIENCE
in

BiomedicalEngineering

December2002

Nashville,Tennessee

Approvedby:
Michaell. Miga

RobertL. Galloway



ACKNOWLEDGEMENTS

| would like to thank my advisorsfor their guidancewhile completingthis thesis. | would
speci cally like to thankDr. Galloway for his supportbeforeandduring my careerasa graduate
student.l| would alsolik e to speci cally thankDr. Miga for his diligenceandpatiencen working
with me.

| would lik eto acknavledgethesupporiof themary lab memberghatl have knownin SNARL
andBML. Speci cally, Andy Bass Mark Bray, David Cash,Steve Gebhart StevenHartmann Jim
Stefansic,andChadWashington.

Finally, 1 would like to thank my family and friends for their supportduring this process.
Speci cally, Ashnil Chopra,ChadGrout, Agnellalzzo, Bryan Martin, Neal MassandDanaPow-

ers,SandyRathor my parentsaandmy betterhalf, Tanoy Sinha,my brother



TABLE OF CONTENTS

Page
ACKNOWLEDGEMENTS . . . . . . e e e e ii
LIST OF TABLES . . . . . . e e e \Y
LIST OF FIGURES . . . . . . . e e e v
Chapter
. INTRODUCTION . . . . e e e e e 1
[.1 Image-guidedProcedures. . . . . . . . . . ... 1
[.2 Model-updatedmageguidedprocedures . . . . . . . .. ... ... ... 3
.3 SurfaceRgyistrationandMutual Information. . . . . . . ... ... .. ... ... 6
. METHODS . . . . . e 10
[I.1 TexturedSurfaceGeneration. . . . . . . . . . . . . . 11
[I.2 SurfaceRegistrationUsingMutual Information . . . . .. ... .. ... ..... 14
l. EXPERIMENTS . . . . . e 22
IV. RESULTS . . . . 27
V. CONCLUSIONS . . . . e 34
VI. FUTURE WORK . . . . e e e e 36
REFERENCES . . . . . . e 39



LIST OF TABLES

Table Page
II.1 Tableof datausedto generateheK-D Treein Figurell.7. . . . ... ... ... ... 18
IV.1 Resultsfor simulatednter-modalregistrationof the brainphantomusingSurfaceMl. . 31



Figure Page
.1 Model-updatedGP . . . . . . . . . . .. 4
Il.1 Laserscanneusedto acquiretexturedpointclouds.. . . . . . ... .. .. ... ... 12
1.2 GraphicalLaw of Sines. . . . . . . . . . . . . 12
[I.3 Texturedpointcloudfrom Laserrangescanner . . . . . . . . ... .. .. ... ... 14
II.4 SurfaceProjectionAlgorithm. . . . . .. .. .. ... ... 15
II.5 GraphicaBilinearInterpolation. . . . . . ... ... ... ... ... ... ..., 15
1.6 Effectof bilinearinterpolation . . . . . . ... ... ... ... ... . . ... ... 16
[I.7 An exampleK-D treegeneratedrom Tablell.1. Reproducedrom Bentley [1]. . . .. 18
lll.1 Sampletexturedpoint cloudgeneratedisingalaserrangescanner . . . . . . ... .. 23
[11.2 Sampletexturedpoint cloud generatedising surfaceprojectionon a Gadoliniumen-
hancedVIR volume.. . . . . . . . . . 25
[11.3 Useof aclipping planeto selectaregion of interestin the surfaceprojection. . . . . . 26
IV.1 Sampleregistrationresultsfor theball phantom.. . . . . . .. ... .. .. ... ... 28
IV.2 SampleRegistrationResultsor thebrainphantom. . . . . .. .. ... ... ... .. 30
IV.3 SampleRegistrationresultsfor simulatedmulti-modalityregistrations.. . . . . . . .. 32
IV.4 Distribution of tamgetregistrationerrorsfor eachsetof experiments. . . . . . ... .. 33
VI.1 Exampledatasetakenwith thelaserrangescannein theoperatingoom. . . . . . . . 37

LIST OF FIGURES



CHAPTER |

INTRODUCTION

An emeqging areaof researclwithin image-guidecgroceduregIGP) is deformationtracking
and model-updatedGP. Researchn this areais aimedat augmentingcurrentIGP for greater
intra-operatre ef cacy andaccurag. As acommenton currentsuigical protocol,Gallovay states
that“a suigeonputsup his pre-operatie imageson a light box, gatherghe informationhe needs,
thenturnshis backanddoesthe suigery” [2] Therearetwo concernswith this approachi(1) the
suigeonis relying on his or hermemoryfor tagetplanningduring suigery, and(2) the sugeonis
relying on out-datedpatientdatafor targetplanning.IGP canbe usedto addresshe rst concern,
thatis, an interactve systemcan be usedto quantitatvely involve the pre-operatie image sets
duringsulgery Thus,thephysicianquantitatvely locategpositionsin theimagein real-time which
relievesdependencen memory-basetherapy targeting. Thesecondaconcerns thefocusof much
researclhn extendinglGP systemsMore speci cally, this areaof researchis developingstrateies
to updatethe shapegsle ned by pre-operatie imagesduring suigery to re ect conditionsin the
operatingroom. The work of this thesistakesinitial stepsat incorporatingthe datatakenin the
operatingroominto IGP for neurosugery. A uniquesurfaceregistrationalgorithmis introduced
thatallows patient-to-imageegistrationof the datageneratedby a laserscannerThis registration
providesthe ability to easilyandaccuratelyneasurehangesn thebrain's surfaceduringsuigery

for model-updatediGP.

.1 Image-guidedProcedures

IGP arede ned asprocedureshatusepre-operatie dataset$3-D images)juantitatvely to guide
the sugical process|[3].The centralcomponentf any IGP concernshow accuratelyonecanreg-

isterthe patientduring suigeryto his/herpatient-speci cthreedimensionabdatasetsRegistration
establisheghe relationship(i.e. mathematicamapping)betweenthe intra-operatre coordinate

system(physical-spaceandthe pre-operatie imagecoordinatesystem(image-space)This pro-



cessallowsthephysicianto mapintra-sugical positionsto themostappropriatgositionin image-
spacej.e. stereotaxy

Severalmethodhave beendevelopedo providedaccuratestereotaxyThe rst attemptgo reg-
ister physical-spacéo image-spaceveretaken by Horsley and Clarke [4] appliedto non-human
subjects.Their methodemployedarigid frameaf x edto anatomicalandmarks.The positionof
aprobeattachedo the framewasthenpreciselyresohedrelative to theanatomicapoints. Subse-
guentstereotactidramesexpandedon this themeandappliedtheir techniquedo humansubjects
[5]. Crucialto the methodof stereotaxyusingframeswastherigidity of theframeto the patients
anatomy Thatis, positionsof the patientsanatomyrelative to the frameare x edin bothimage-
spaceandphysical-spaceResearchengalizedthatthisrigidity couldbe maintainedvithoutusing
cumbersomérames thusleadingto the developmentof framelessstereotaxy The mostcommon
methodof framelessstereotaxyinvolvesrigid markersin both image-spacand physical-space,
localizationof the markersin eachspace anda point-basedegistrationof the markers. Rigidity
hereimpliesthatthe distancedetweemmarlkersare presered betweenspaces Initially intrinsic
(anatomic)markers, suchasbory structureson the face,were usedfor framelessstereotaxy[6].
However, dif culty in accuratdocalizationlimited their widespreadadoptionfor IGP. A group
at VanderbiltUniversity thoroughlyresearchethe localizationerrorsassociateavith markersin
differentimagingmodalitiesandphysicalspacetheir work hasleadto the developmentof highly
accurateextrinsic markers (Acustarr ) for usein IGP [7]. For stereotaxythe centroidsof the
Vanderbiltmarkersarelocalizedin image-spacandphysicalspace.ln image-spacdpcalization
is performedeither manually or automaticallyusing standardmage processingechniques.In
physical-spaceahe markersarelocalizedusingeitheroptical, electromagnetior acousticameth-
ods,with optical methodsbeingthe mostaccepted6]. Oncethe markershave beenlocalizedin
eachspacethe mappingbetweernthemis foundasa solutionto the OrthogonalProcrustesProb-
lem (OPP).This processs often calleda point-basedegistration[8]. The mathematicaformula-

tion of this problemandits solutionarediscussediater. This protocolfor framelesstereotaxyi.e.

IFromtheLatin: steeo= threedimensionstactus= to touch.



usingextrinsic markersandpoint-basedegistration)hasbecomedhedefactomethodof stereotaxy
for IGP.

However, rigid extrinsic markersand point-basedegistrationsarelimited in the information
they provide. In thecaseof neurosugery, they areattachedheto theskull, notthebrain. Thus,the
registrationprovidedis notrelative to the organof interest.Furthermoretheregistrationprovided
usingpoint-basesystemsareaffectedby the numberandplacemenbf markersin eachmodality.
Too few markersleadto inaccurateregistrationsand poorly placedmarkersresultin ineffective
registrations[9]. Finally, point-basedegistrationsarenot retro-actve. Thatis, soft-tissuedefor
mationse.g.braindeformationsn neurosugery, arenotresohedby this registrationprotocol,the
implicationsof whichwill bediscussedhn the next section.Nonethelesgpoint-basedegistrations
and extrinsic markersfor IGP provide improved therafy planningandintra-operatre targeting,

andareessentiato currentlGP.

.2 Model-updatedmageguidedprocedures

Recentstudieshave reportedthe needfor organshift compensatiorstratgiesto furtherimprove
IGP navigation[10][11]. Kelly etal. initially reportedoraindeformation(shift) duringstereotactic
procedure$12]. The shifting of the brain during stereotactiqrocedure®ccursdueto a variety
factorsincluding swelling, pharmacologicahgents physiology andthe therapy itself. Nimsky
etal. have quanti ed deformationgn the brainto be on the orderof millimetersfor deeptissue
andcentimetergor surfacetissue thus,shaving the quantitatve effect of shift is signi cant given
that submillimetricaccuraciesre desiredfor suigery[11]. Reconcilingthe differencedetween
theintra-operatie reality andthe pre-operatie imagesis referredto asimage-updatedGP [13].
Someresearclgroups,i.e. Nabavi etal. andNimsky et al., compensatéor organshift by using
intra-operatre imagingdevices[14]. Within theseframenorkstheintra-operatie dataacquisition
andimage-updatéappenconcurrently Somegroupshave researchedtra-operatre CT asan
intra-operatre imageacquisition but logisticalconcernsincludingdose have limited its adoption
for intra-sugical use[15]. Registeredintra-operatie ultrasoundchasalsobeendevelopedfor IGP

[16]. However, poorimagequality anddegradationof tissuecontrastover the courseof a sumgical
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Figurel.1: Model-updatedmageguidedsumgerydatapipeline.

procedurdimit its effectivenessNimsky etal. have reportedsuccessfuimplementatiorof image-
updatedGP usingintra-operatie magnetiacesonancénaging(iMR) andshowv millimetric target
accurag resultsfor this methodin the brain[17]. They go on to reportthat out of 145 patients
subjectedo IGP in the brain, only 14 requiredimage-updatingluringsuigery This obsenation,
alongwith the high costanddif cult implementatiorof iIMR, questiornthe overallef cacy of IMR
asatool for image-updatetiGP.

More availablemethodsof image-updatetiGP have beenproposedecently[18]. Thesemeth-
odsrely on physicalor statisticalmodelsto updatepre-operatie datain the operatingroom. A
schematiaepresentatiof the model-updatedGP pipelineis shovn in Figurel.2. Theintra-
operatve datacollectedprovides constraintsfor the updatemodel. For example,in a physical
computationamodelof the brain, surfacecharacteristicprovide boundaryconditions[19]. For
statisticalmodels,surfacemovementgrovide similar constraint§20]. This thesisfocuseson the
link betweerintra-operatie surfacedataacquisitionandmodel-updatingor the IGP datapipeline.
Speci cally, theaimis to obsene cortical surfacecharacteristicsluring sugery andre ect those
obsenationsin acomputationaimodel. Thus,theintra-operatre datacollectedis usedin conjunc-
tion with pre-operatie datafor the IGP. This is in contrastto the methodsdescribedoy Nimsky
andNabai anddoesnot producethe groundtruth resultsobsened by them. However, theimple-
mentationdetailsfor a computationahpproacharesomeavhatlesscomplicated.Patienttransport
during sugery is not neededas describedoy Nimsky, and constrainingthe rangeof movement
of the sulgeonis alsonot necessargasin the caseof the “double-donut’intra-operatre magnetic
resonanceinit usedby Nabavi. Furthermoreadvancementsn numericalmodelingof the brain

will hopefullyreducetheresidualerrorbetweerthe two methods.



A necessityin any model-updatedGP is characterizatiomf intra-sugical conditions,mary
methodshave beenexploredto provide anaccurateandef cient characterizationlntra-operatre
datahasbeenacquiredduring suigery using: A-mode ultrasonography21] andtracked palpata-
tion [22] for surfacecharacterizationyackedendoscop for characterizatiowf internalstructures
[23], B-modeultrasoundfor deeptissuevisualization[24], laserspectroscop for quanti cation
of deeptissueproperties[25][26], and electrical stimulationfor localizationof eloquentareas
of the brain [27]. Thus,thereis a wealth of intra-operatre datathat can be acquiredand used
within amodel-updateimage-guidegrocedureThereis asubtletyto model-updatedGP thatis
worth recognizing;the model-updatingpipeline canaccommodat@&ot only anatomicakhanges,
but physiologicalchangesswell. In factanultimategoal of model-updatediGP is re ecting both
anatomicaland physiologicalchangesn the operatingtheater[17]. All of the aforementioned
methodof intra-operatre dataacquisitionprovide raw datafor the model-updatingpipeline.

This thesisusesa laserrangescanneLRS) for novel characterizatiomf the cortical surface
for model-updatedGP. In additionto lasertriangulationof the surface,the scannemlsoreports
texture map coordinateq28] for eachtriangulatedpoint. The texture coordinatesallow scalar
valuesfrom a CCD imageacquiredduringthe scanto be associateavith eachpointin the cloud.
The hypothesishereis that the textured point cloud capturedduring surgery will containboth
cortical sulcal and vesselpatternsthat can be usedto register the patientto their pre-operatie
images.Usingfeaturedrom the cortical surfacefor registrationdoeshave precedentNakajimaet
al. demonstrated tamgetregistrationerrorof 1.3 1.4 mmusingprojectedcortical vesseldrom
video imagesfor registration[29]. More recently Nimsky et al. reporteda deformablesurface
approacho quantify surfaceshifts usinga variationon theiterative closestpoint (ICP) algorithm
[11]. Also, somepreliminarywork usinga scanningoasedsystemfor cortical surfaceregistration
hasbeenreportedbut a systematievaluationhasnot beenperformedo date[30]. The novelty of
theapproachreportedhereis thatbothvesseinformationandthree-dimensionajeometryis used
asthebasisof alignment.Furthermorethe scanneprovidesa highly accuratanethodfor tracking

thebrainsurfacethatwill alsosene asa valuablesourceof inputdatato a modelbasedrainshift



compensatiostrateyy.

1.3 SurfaceRgjistrationandMutual Information

As aninitial stepin the registrationapproachan implementatiorhasbeendevelopedusing an
iterative closestpoint (ICP) [31] framewvork with mutual information (MI) [32]. The iteratve
closestpoint algorithm (ICP), rst postulatedby Besland McKay[31] is a well understoodand
documentedstrateyy for surfacealignment. Building on the point-basedegistrationtechnique
describecearlier the heartof the algorithmlies in the solutionof multiple (OPP)[§. The general

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

AT B E (1.1)

whereA andB aregivenandanorthogonall (TTT 1)? is desiredto minimizethetrace,

min EET  min AT B AT BT (1.2)

Mathematicallythe solutionof the problemtransformamatrix A into B via T, with the tracerep-
resentingheresidualerrorin alignment.For the canonicabasisset(x,y,2z) usedin this paperthe

4x4 matrix T canbeseparatedurtherinto atranslatiorandrotationcomponen{seeEquationl.3).

T R D (1.3)

whereR is an orthogonalrotationmatrix, andD is the translationmatrix. Arun found a solution
for therotationalcomponendf T usingsingularvaluedecompositiormethodgSVD)[33] thatis
usedin this thesis. The translationcomponento the transformationT) is foundtrivially andin-
dependentlypf therotationcomponentArun's methodis expressedystematicallyn themethods
section.Nonethelesshis conceptuakolutionis easilyappliedto medicalimageregistration. For

ducial registrations,A andB representhe two setsof correspondingducials andT represents

2In thisthesis,uppercas& represents matrix andlowercasee represents vectot



the transformationof coordinatesn physicalspaceto imaging space(or vice versa). For ICP,

eachiteration of the algorithm createspoint set correspondencasing a closestdistancemetric
betweerpointsin thetwo clouds. Thetransformatiorrelatingthe correspondingpoint setsfound

asa solutionto a Procrustesproblemandthe processs repeated.The algorithm endswhena

predeterminedlistancemetric hasbeenoptimized,usually the meanclosestEuclideandistance
(meanL norm)p. A limitation of ICP, when appliedto cortical surfaceregistration, lies in the

geometryof the cortex. The hemisphericashapeof the cortical surfacecreatesnary orientations
that arevalid solutionsfor ICP. Thus, in a least-squaredistancesensethe pointsin two point

cloudsmightregisterwell with ICP without correctorientation.

Informationtheoryasappliedto medicalimageregistrationcanbe usedto overcomethis limi-
tationfor corticalsurfaces A wayto measurehe mathematicainformationcontentwithin asignal
wasoriginally proposedy ClaudeE. Shannorin hislandmarkpaper‘A Mathematicall heoryof
Communication*[34]. Referredto asthe Shannorentropy (seeEquationl.4 for the entrogy of
a continuoussignalandl.5 for the entrogy of a discretesignal), this measurausedthe transition

probabilitiesof randomvariablesn a signalto ascertairtheinformationcontentwithin the signal.

¥
Hx K p X logp x dx (1.4)
¥

Hx K&Ppx logp x (1.5)
i

wherep x is the probability densityfunction of the signalx andK is ary scalarvalue’. As a
simpleexample,the entrofy of a signalwhosetransitionsarepreciselyknown (thatis, the signal
canbeanalyticallycharacterizedhasan entropy of 0. For a signalwhosetransitionprobabilities
aredistributedequallyovertherangeof thesignaltheentropy is equalto 1. Althoughtheentropies

in 1.4 andl.5 arewritten asfunctions therandomvariablein parentheseis usedasalabel. Mathe-

30therdistancametricscanalsobeusedin ICP, e.g.L1, Ly for realcoordinatesr “cityblock” distancesor integer
coordinatesandthe RMS distancemaybesubstitutedor thearithmeticmean.

4The paperwaslaterrenamed TheMathematicall heoryof Communication”.

5K is usuallyusedto puttheentropy in termsof physicalquantities.



maticalentropiesarealwaysscalarandthusH x shouldnotbeinterpretedcasafunctionof x. This
labellingconventionfollows thatof Shannorandis usedthroughouthis thesis.Novel usedor en-
tropy were proposeddy Shannonncluding the informationcarrying capacityof communication
channelsandinformationgeneratiorratesof communicatiorchannels.

HawkesandHill werethe rst to apply entropy andinformationtheoryto medicalimaging
registration[35]. However, Viola andWells,andCollignonindependentlyntroducedanextension
to Shannors initial work that allowed an accurateand robust methodfor registeringa surface
[32][36][37]. Called Mutual Information (MI), MI approximateghe similarity in information
betweertwo randomvariablesusingboththemaiginalandjoint entropieof therandomvariables.
A modi cation to the standardmeasureof MI, called NormalizedMI (NMI), was proposedby
Studholmd38]. Registrationof inte-modalitymedicalimagingvolumesshavedthatNMI proved
morerobustthancorventionalMl. For thisreasonNMI valueswereusedin this paper NMI can

bewritten conciselyasfollows,

Hx Hy

NMI xy Hxy

(1.6)

for adiscreterandomvariablex. As written 1.6, the registrationbecomes problemin optimizing
NMI for a globalextremum. The speci ¢ implementatiorof the registrationprocesausedin this
thesisis discussedn the methodssection.

Although ICP andMI have beenusedextensiely [39][40], previously publishedregistration
framewnorks do not entirely apply to the unique dataprovided by the scanneror this particular
registrationapproach.The dataacquiredby our scannewill allow for a oneto one correspon-
dencebetweencontour point and image intensity i.e. the needto createan image from the
three-dimensionadurfaceis not necessaryHowever, intensity correspondencbetweena three-
dimensionaMR surfaceandanintra-operatrely acquiredaserscannecaortical surfaceis some-
whatmoreelusve. ICP mayprovide anadequateorrespondendaut thisis anareathatis actively
beinginvestigatedn the approach.The mostsimilar work relatingto this registrationframework

is thatby JohnsorandKang [41] in which theseinvestigatoraisedan objective functionfor reg-



istrationbasedon a combinedEuclideandistanceand color differencemetric. Usedprimarily in
alandscapalignmentapplication this techniquevould notbe amenabléo thealignmentprocess
here sincetheintensitydistributionbetweerscanneandMR imagedatais fundamentallywerydif-
ferent. No registrationalgorithmhasbeendevelopedthatwill registertexturedthree-dimensional
surfacesfrom two differentimaging modalitieswithin the context of cortical surfaceregistration

aspresentedh thisthesis.



CHAPTER I
METHODS

Algorithmsfor texturedsurfacegeneratiorandregistrationin physicalspaceandimagingspace
areexploredin this chapter For model-updatedGP textured surfacesin the physicalworld are
registeredo the pre-operatie imagesakenbeforesuigery Theseregistereddatasetsillow for the
applicationof physicalmodelsto thepre-operatie dataset$or improving guidanceduringsuigery.
Thefollowing sectionutlinehow eachtypeof surfaceis generate@ndtheregistrationalgorithm
usedin the experiments.

Before outlining the algorithmic methodsusedin this thesis,an introductionto the Visual-
izationtoolkit (VTK) is useful. VTK, or The VisualizationToolkit (KitwarelInc.) providedthe
data object framevork usedin this research. The researchand literature on computergraph-
ics and visualizationis extensve, however, the researchgoals are relatively few and easyto
understand. One of the most compellingtopicsis the ef cient and accuratedisplay of multi-
dimensionalobjectson a two-dimensionakcreen[28]. To simplify this taskthe opengraphics
library (OpenGL www.opengl.og) wascreatedwhich providesa standardizedomputegraphics
renderingpipeline for multi-dimensionaldatavisualization. Abstractinga layer above OpenGL
(the OpenGraphicsLibrary, Silicon Graphicsinc.), VTK providesa C++ classbasedapproach
to handlingmulti-dimensionaldataset$or computationandvisualization.VTK allows an easily
extensibleinterfacefor multi-dimensionaldataobjects. All objectsare manipulatedn the VTK
framewnork beforebeingpassedo OpenGLfor rendering.Dataobjectsin VTK canbe split into
two cateyories. The rst, handlesthe geometryandtopology of datasets.Briey, in VTK the
geometryof a datasete ects the 3 dimensionalocationof pointsandvertices;andthe topology
re ects therelationshipbetween(i.e. connectionspointsand/orvertices.The secondccateyory of
datarepresentsa list of attributesof the geometrydatasetincluding: scalarvalues,vectorvalues,
texturemapcoordinatespnormals tensorsetc. FurthermoreVTK de nesaframenork for process

objectsthatcanbe usedto generater Iter VTK datasetandtheir attributes. Finally, VTK' sin-
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put/ouputprocesbjectdesignallows for building on previously designedalgorithmsandlinking
themtogetheto createveryintricatealgorithms.This feature alongwith its extensibility, existing
code-baseandmatureAPI determinedheuseVTK for datamanagemerandmanipulationn this

thesis.

1.1 TexturedSurfaceGeneration

A laserscannesystem(RealScar8D, 3D Digital CorporationDanlury, CT) capableof capturing
three-dimensionalopographyas well surfacetexture mappingto sub-millimeteraccurag was
utilized (seeFigurell.1) to generatgphantomtextureddatafrom a ball. Laserrangescanningor
lasertriangulation,builds on the Law of Sines(seeFigurell.2 and Equationll.1). The distance
betweentransmitandreceve points,the separatiordistanced, wasknown in the scanner Also
the emissionangle,b, andre ection angle,a wereknown. From thesequantitiesand Equation
II.1, the rangedistancer was calculated. For the laserscannerusedin this thesis,the transmit
signal was a laser pulsethat was diffracted and guided using a pivoting mirror. The recever
wasa CCD grid that detectedthe re ection of the laserlight from the surfaceof interest. The
scanningeld consistf 500horizontalby 494 vertical pointsperscanlineandwasaccomplished
in approximately5 seconds. Extensve calibrationand characterizatiorhasbeenperformedby
Cashet al. andhasdemonstratedhe delity atwhich surfacedatacanbe acquired[42]. They
have shavn repeatabilityin scanninga Te on ball (diameter:25.40mm) ontheorderof 0.05mm
Trackingexperimentdn thatstudyalsoshon sub-millimetricerrorswhile trackingtheball during

translation®f 15cmto 40cm
sinb d
sina

(I1.1)

Somelaserscannerslsoallow for the scalarencodingof rangedata. Typically laserscanners
usean RGB laser(i.e. threedifferent wavelengthscoupledtogether)for both rangedataand
color information. The color datais extractedperrangepoint by usinga diffractionprismon the
receve end[43]. Thelaserscanneusedfor this thesisimplementsa differentapproacHor scalar

encoding.ScalarvalueswererecordedasRGB datain a bitmapvia CCD at thetime of scanning.
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Figurell.1: Laserscanneusedto acquiretexturedpoint clouds.
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Figurell.2: GraphicalLaw of Sines
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In this thesisthe RGB datawasconvertedinto luminance(Y) valuesusinga lineartransformation
(seeEquationll.2).
Y R 0299 G 0587 B 0114 (11.2)

A singlecolor channelwasusedin the registrationprocesgo reducethe compleity of the cur
rent algorithm. Scalarencodingof the point cloud was donevia the texture map coordinates
(uv 0 1) reportedrom the scannerTheregistrationbetweerscannecoordinateandtexture
coordinatesvascalibratedat the manufcturer Accurag of theregistrationhasnot beenveri ed,
but is beingplannedasfutureresearchln mostgraphicsapplicationsthe procesf assigningo
scalarvaluesto the point cloudsfor visualization(texture mapping)occursin hardware.However,
for the purposef this thesis,the texture mappingprocessvasperformedmanually Thetexture
coordinatesverescaledo thesizeof thecapturecitmapt, oored to theclosesintegralvalueand
the resultingtexture wasrecordedasVTK dataattributes. Figurell.3 shows the procesof gen-
eratingtexturedpoint cloudsfrom the datacollectedby the scannerManually texturing the point
cloudreducedinnecessargomputationsluringtheregistrationprocessFor the pointcloudsfrom
thelaserscannerthe geometrywasstoreddirectly andthetopologywasde ned aseachpoint by
itself. Datasefattributesfor the point cloudsincludedtexture mapcoordinatesandscalarvalues.
For the bitmaps,a regularly spacedstructured)grid with scalarvaluesrepresentinghe bitmap
wasused.A VTK sourceclass(procesobject)waswritten to parseandreadthe binary data le
from the scanneandoutputthe point cloudandbitmapastwo separatelataoutputs.A VTK lter
classwas usedto generatduminancevaluesfrom the RGB databitmap. Finally, anotherVTK
Iter classwasdevelopedto manuallytexturethe point cloudgiventhe point cloudandbitmapas
inputs.
To generatéexturedsurfacesrom MR volumes asurfaceprojectionalgorithmwasused(Ana-

lyze AVW - BiomedicallmagingResource)The MR volumesweregadoliniumenhancedoronal
slicesof the brain (1.015625mmresolutionin the slice planeand 1.5 mmout of plane)thatwere

sggmentedby handto presere the vesselstructure. Rayswere castdown the axial axis of the

1640x480pixelsfor the scanneusedin this paper
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Figurell.3: Texture point cloud generatiorfrom the laserscanner Left to Right: CCD Bitmap
capturedatthetime of scanningpoint cloudcapturedcatthetime of scanningtexturedpointcloud
aftertexture mappingprocess.

volume. Only voxelswith intensityvaluesgreaterthan ve (out of 255)wererecordedassurface
points. Thetextureata givenpointwascalculatedby averagingthe rst ve voxelsfollowing the
surfacevoxel (seeFigurell.4). Finally, the surfacewaswindowedempirically betweer0 and145
to provide high contrastbetweernvasculatureandtissuein the point cloud. Theresultingdataset
andits scalarattributeswereusedfor registrationpurposesA highresolutionsurfacewascreated
usingbilinear interpolation(seeEquationll.3 andFigurell.5) and supersamplingthe surfacein
andout of theimageplane.The surfacesusedin this thesisweresupersampled®x in the saggital
axisand4x in the coronalaxis. The effect of supersamplingcanbe seein Figurell.6. Theedge
effectsseenwith increasingsupersamplingandtheir in uence on the registrationis discussedn

theresultssection.

Ix ry ¢ 1 r1qg lxy glr Ixy 1

ri q Ix 1y rglx 1y 1 (.3

II.2 SurfaceRgyistrationUsing Mutual Information

Theregistrationframework of this thesis,calledSurfaceMl,involvedtwo primary stepsn its exe-

cution. The rst stepinvolvedacquisitionandpreparatiorof theregistrationsurfaces.Thescanner
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Figurell.4: SurfaceProjectionAlgorithm.
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Figurell.5: GraphicalBilinear Interpolation.
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Figurell.6: Effectof bilinearinterpolationon surfaceprojection.Fromleft to right: nointerpola-
tion, 2X interpolationin thecoronalaxis,4X interpolationin thecoronalaxisand2X interpolation
in saggitalaxis.
wasplacedapproximately380-60cmfrom the surfaceof interestusingatripod. The extentsof the
scannes fan beamwere establishecndthe laserstripewas passedver the surfacein approxi-
mately5 seconds.Datacollectedvia the scannemwas post-processedft-line to remove features
from the scanthatwerenot usedfor registration.The MR surfaceswereacquiredaccordingo the
surfaceprojectionalgorithmoutlinedearlier

The nal stepin theapproactwasto performsurfaceregistrationusingatwo-stageprocessTo
reiterate the goalof thealgorithmwasto nd T (a4x4 matrix) suchthatthetracein Equationl.2
wasminimized.In the rst stageaniterative closesipoint (ICP) algorithmwasperformednitially
to alignthe point cloudsof interest(i.e. laserscannedurfaceand/orMR surface).The Procrustes
transformationn eachiterationof theICP wascalculatedusingan SVD methodoutlinedby Arun
[33]. The SVD methodutilizes cross-cwariancedetweerncorrespondingducials to reducedhe
traceof the registration. The algorithmis asfollows for two setsof correspondingpoints (the

sourcepoints,which areregisteredo thetargetpoints):
1. CalculateDy, thedistanceof eachtargetpointto the centroidof thetargetpoints
2. CalculateD+, thedistanceof eachsourcepointto the centroidof the sourcepoints

3. CalculateH D;Df
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4. PerformanSVD onH, resultingin U, D, andV matrice$
5. Therotationmatrix Rin T is givenby UV T
6. Finally thetranslationis givenby calculatingthe differencein centroids

To implementthe ICP algorithm,the SVD solutionto the Procrusteproblemwasusediteratively
(i.e. eachrotationmatrix calculatedvasconcatenatetb the previousmatrix) until themeanclosest
distancdell belown theresolutionof the surface(empiricallydeterminedobe 01 mm.

The standardexhaustve) searchalgorithmusedto determinecorrespondingducials for the
ICP wasreplacedwith an optimizedK-D searchtree [44]. Proposedoriginally by Bentley, K-
D treesare optimizedbinary searchtreesfor multi(K)-dimensionakpaces.The searchtree was
generatedy partitioningthe input datasetat eachlevel alongthe medianof the dimensionwith
the greatestange. The treewasterminatedwhenthereareno morepointsto be partitionedat a
givensub-tree An exampledatasetindresultingk-D treecanbeseein Figurell.7. Searchingor
nearesneighborss doneby traversingthe the treein a mannersimilar to standardinary trees.
Givena queryvalue,determinewhetherthe valueis lessthan,greaterthan,or equalto the value
atary givensub-tree.The conditionalwasevaluatedat the root nodefor every sub-treefor only
the dimensionbeingpartitionedat thatnode. The searchmovesdown the treein the directionof
the conditionalthatis satis ed. However, for K-D treesthe sizeof the partitionsin k-dimensional
spacemustbe tracked asthe searchprogresses.Furthermore when appropriate traversingthe
complimentarybranchfor a givensub-treemustoccurin orderto nd thetrue nearesnheighbor
Optimized searchingalgorithmsare outlined in [44][1][45]. The performancegainedwith K-
D treescompensatefor its complex implementation. For a searchcomposedf N pointsin k
dimensionabpacehesearchime goesfrom O N? in anexhaustie searctto O NlogN in aK-
D treesearch.Thisthesisuseda C++implementatiorof K-D treecreationandsearchindy David
Mount calledANN [45]. ANN is extensibleto ary integral dimensiork; this might be of bene t

in future work, asthe scannereturnsé dimensionaldataby nature.Using the optimizednearest

2U andV areunitarymatricesandD is a diagonalmatrix containingthe singularvaluesof H, whereH U 1DV
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Figurell.7: An exampleK-D treegeneratedrom Tablell.1. Reproducedrom Bentley [1].

Tablell.1: Tableof datausedto generatehe K-D Treein Figurell.7.
Point | Location
(50,50)
(10,70)
(80,85)
(25,20)
(40,85)
(70,85)
(10,60)

OmMmmMmOO @™ >

neighborsearchandthe SVD implementationn VTK allowed accurateandef cient calculation
of ICP transformations.

ThelCP correspondencgrovidesthe necessaryelationshipto proceedwith the secondstage,
a constrainedntensity-basedegistration,provided by NMI. As reportedearlierNMI is usedto
registerrandomvariablesbasedon a mathematicainformationcriteria. For the purposef this
thesis theinformationcriteriawascalculatedusinghistogrammethods Theintensityateachpoint
in a givensurfacecloud wasbinnedbetween0 and255. Binning providesa quick andef cient
way of approximatinghe probability densityfunction (PDF) for theintensitiesin the cloud. Joint
PDF's were calculatedby associatingntensitiesin two differentcloudsaccordingto the nearest

neighbors.Again, K-D treeswereusedto accomplistthis taskquickly. In orderto penalizenon-
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overlappingsurfacesclosespointsthatwerenotwithin theresolutionof the surfaceswverebinned
to a0 intensityvaluein thejoint pdf 3. Marginalandjoint Shannorentropiesverecalculatedising
non-zerdbinsin therespectre histogramsand(l.5). Finally, thecalculatedsalueof NMI (1.6) was
passednto the optimizationpipeline.

The optimizationchosenfor this was Powell's methodtaken from [46]. Powell's optimiza-
tion is a directionsetmethodfor optimizationin multi-dimensions.The optimizationdetermines
conjugatedirectionsfor line minimizationsat eachiteration. Conjugatedirectionsimplies “non-
interfering” linesfor optimization. Thatis, optimizingin ary oneof the directionswill not com-
promisethe optimizationin ary otherdirection. An ef cient methodfor determiningconjugate
directionsis to usethe rst derivativesof the objective function (called“ConjugateGradientDe-
scent” optimization). Ideally, for this methodto work, functionalforms of the objectve andits
derivativesmustbe known. In somecasesjf the functionalforms are not known, numericalap-
proximationscanbesubstituted Experiencesluringthe developmenbof theregistrationalgorithm
proved that numericalapproximationf the derivativescould not be employedin the optimiza-
tion. Local minimain the objective functionsspaceandthe shapeof the spaceitself prohibited
gradientdescentmethoddrom corverging to the globalminimum. Althoughthe shapeof the ob-
jective spacehasnot beencharacterizedempiricalevidenceindicatesthatit is ellipsoidalwith a
high majoraxisto minor axisratio. Thus,the gradientin the directionof oneof the basisvectors
might be ordersof magnitudelarger thanthe othergradients. This propertyof the spaceeasily
confoundddirect gradientdescenimethods asonedirectiondominateghe optimizationprocess.
Furthermoreusingnumericalapproximationgor the derivativesdoesnot provide truly conjugate
directionsfor optimization.Thus,theconjugatanethodsf optimizationsuccumbo localminima.
Pawvell's methodof optimizationcompensatefr the shapeof the objective spaceby calculating
a betterapproximationto the conjugatedirectionsfor line minimization at eachiteration. After
the conjugatalirectionswerefoundin Powell's method,aline minimizationwasdonein eachdi-

rection. Theline minimizationwasdoneusingBrent's methodof inverseparabolicinterpolation,

3Thecriteriafor overlapwasthatthe closesipoint mustbelessthan1 millimeter
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which is quadraticallycorvergent. For a bracketedminimum, the minimumwasfoundby tting
a parabolahroughthreepointswithin the braclet. The objective functionwasthenevaluatedand
re-bracletedat the minimumof the tted parabola.This processvasrepeatedintil the minimum
wasfoundfor thegivendirection,andwasrepeatedor eachconjugatedirection.

To furtherhelpthe optimizationprocessa geometryconstraintvasimposedon the calculated
transformation.The constraintrequiresthe alignmenttransformatiorto operatein sphericalco-
ordinateswith a x edradius. This constraintwas hypothesizedasedon empirical obsenations
of the surfaceof the brain. To implementthe constraint,a spherewas tted geometricallyin a
least-squaresensdo thetamgetsurface[47]. Giventhesetof pointsX, the tting wasprovidedby

minimizing the objective functionin Equation(ll.4).

mns?2 mn X Fa ' X Fa (1.4)

whereF a is the parametricequationof a sphere. The parametersa are found using Gauss-
Newton iterationmethod:

a1 & IDa (11.5)

with | step-sizeDa is foundusingan SVD decompositiorof the Jacobiamatrix:

F .
J — UDV 1.6
< T (11.6)

whereU, D, andV T aretheresultof the SVD (describedkarlier),leadingto,

Da VDUT X F a (I.7)

TheiterationswerestoppedvhenDa wasbelow athresholdvalueof 0.01. For acompletedescrip-

tion of the tting processeferto Ahn [47].
Giventheradiusof the tted sphereall transformation®f thesourcesurfacewereconstrained

to move alongthe surfaceof the sphere.By enforcingthis restrictionon the transformationthe
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degreesof geometricfreedomwerereducedrom six to three,i.e. elevationf, azimuthalg, and

roll y atthe tted radiusr.
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CHAPTER IlI
EXPERIMENTS

A serieof experimentaveredevelopedo gaugehelimits of thealgorithm. Additionally, these
initial trials alsogaugedhe computationatostsof the algorithm. The rst seriesof experiments
testedtheaccurayg of thealgorithmunderintra-modalconditions.Having successfullydeveloped
thealgorithmusingthe rst seriesof experimentsthe secondseriesexperimentgdestedthe regis-
tration algorithmundersimulatedmulti-modal conditions. Resultsto both seriesof experiments
arediscussedh theresultssection.

A seriesof intra-modalexperimentswere usedto verify the accurag and robustnesof the
newly devisedsurfaceregistrationalgorithm.The rst intra-modalexperimentin this seriesvasto
registertwo surfacesof aball (FranklinSportsINC., StoughtonMA, 02072)from therangescan-
ner The ball wasusedto simulatethe hemisphericaeometryof the exposedbrain surfaceseen
intra-sugically. Thesurfacesusedin this paperfor registrationexperimentsoccupieda solid angle
of W 1 2p steradiansandcontaineds7257points(seeFigurelll.1). A known sphericalrans-
formationaboutthe tted radiuswasappliedto thetamgetsurfaceto generateéhe oating surface.
Thelimits for theelevationandazimuthalanglesveresampledverebetween 13degreesandthe
roll anglewassampledbetween 25degrees Five hundreduniformly distributedcombinationof
f, g, andy weretestedfor registrationaccurag.

Having testedheintra-modalregistrationaccurag of thelaserrangescandata,a secondsetof
experimentdestedregistrationaccurag of thepoint cloudsgeneratedrom the surfaceprojections
of the MR volume. Thetamet surfacegeneratedia surfaceprojectionand clipping hada solid
angleof approximatelytv. 38533 steradiansndcontained48429points(seeFigurelll.2 and
[11.3). The misregistrationprotocol from the ball experimentswas appliedto the brain surface.
Therangefor theparameters$, g, andy werethe sameasthosefor the ball but thetransformation

wasappliedaboutthe tted centerandradiusof the brain. Again, the parameter$or the known

1Thesolid angleof aunit spheréN  4p steradians.
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Figurelll.1: Sampletexturedpoint cloudgeneratedisinga laserrangescanner
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transformationsveresampledor 500trials.

The third setof experimentsoutlinesthe ef cacy of the developedalgorithmin registering
surfacesacrossmodalities. Intermodality surfaceswere simulatedby inverting the texture of
the point cloud generatedria surfaceprojection. Texture valueswere invertedaccordingto the
following equation,

| xyz 255 | xyz (1.2)

Five hundredtrials wererun usingthe target surfacede ned earlieranddifferentROls from the
invertedsurfaceprojectionasthe oating surfaces.TheROIsweregeneratedby varyingthenormal
of theclipping planeusedto createthe tamgetsurfacebetween 0.1cmin the sagittalandcoronal
axiswhile holdingtheaxialvalueat1 cm To createhemisregistrationbetweerthe oat andtarget
surface,eachsurfacewasre-centeredboutit' s geometriccentroid. An initial approximationto

the correctregistrationwasprovided by applyinganICP transformatiorto the oating surface.
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Figurelll.2: Sampletextured point cloud generatedusing surface projectionon a Gadolinium
enhancedR volume.
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Figurelll.3: Useof aclipping planeto selectaregion of interestin the surfaceprojection.
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CHAPTER IV

RESULTS

Sincethe samescanwasusedfor bothtargetand oating surfacesin the registrationexperi-
ments,the one-to-onecorrespondencim pointswasknown. This allowed calculationof the root-
mean-squarethrget registrationerror (RMS TRE), asde ned by Fitzpatrickand Mandava [48],

betweerpoint cloudsafterregistration. The equationfor RMS TRE (givenin 1V.1) is asfollows,

2

yi TX (IV.1)

Qo=

1
RMSTRE —
N ™

—

wherey;j is a pointonthetargetcloudandT x; isthe correspondingpointonthe oating cloud
transformedn thecoordinatespaceof thetargetcloud. Theone-to-oneorrespondencalsomeant
thatthe NMI for afully optimizedregistrationwasknown. Thus,theregistrationresultsfrom the
500trialsaresplitinto two cateyories.The rst set,overtheentire500trials,yieldedanRMS TRE
of 11.38 28.75mm Thesecondcateyory representshe 345trials wherethe registrationattained
anidealvaluefor NMI, i.e. themaximumvaluefor NMI givena setof maiginal entropies. In the
successfutegistrationsetthe RMS TRE was0.20 0.05mm Therewasno signi cant difference
betweerthemeandor f , q, andy , betweerthetwo cateyories. Thisresultimpliesthattherangefor
successfutegistrationis within the samplingrangeof f, g, andy . An indicationof therobustness
of thealgorithmis the 70%o0f registrationtrials thatregisteredo betterthan1 millimeteraccurag.
FurthermoretheRMS TRE resultsof theexperimentontheball shov thatSurfaceMlandPaowell's
optimizationregisterthe surfacesvery accurately(i.e. belov thetolerancef the scannerwhen
successful.A sampleresultof the registrationalgorithmon the ball canbe seenin FigurelV.1.
Note thatthe samplingrangeusedin this paperis anticipatedo be muchgreaterthanwhat will

be obsered during sugery. Inter-operatvely, the expectedrangeof misregistrationshouldbe

LIn this case sinceboth maginal entropiesarethe sameandthe joint probability of a correctlyalignedsurfaceis
equalto themaminal entroyy, theidealvalueof NMI is 2.
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FigurelV.1: Sampleregistrationresultsfor the ball phantomwith sphericalconstraint. Top row,
from left to right: two misregisteredsurfacestwo surfacesafter registration. Bottomrow, left to
right: off-axis view of misregisteredsurfaces off-axis view of registeredsurfaces.Initial misreg-
istrationof 15 degreesn f, q, andy
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no greaterthan 5 degreesin eachparametel(in this rangethe ball phantomresultsare 100%
successful).

All trials usingthe intra-modalimagingphantonresultedn anidealvalueof NMI. TheRMS
TRE for thesetrials were0.14 0.04mm The differencein the resultsof the brain andthe ball
arelikely dueto the differencesn thetopologicdistribution of theintensityinformation. Most of
theintensityinformationof the ball is containedn the centralareaof the surface.In somecases,
whenthe initial mis-registrationof the ball causessufcient non-overlapof the centralarea,the
algorithmcannot registerthe surfacescorrectly For the brain, the intensity patternof the vessel
structureoccupiesmostof the surface. Thus,eventhoughthe brain's surfaceoccupiesa smaller
solid anglethanthat of the ball, the distribution of the intensity patternallows for more severe
misregistrationto bealigned.A sampleresultof theregistrationresultsonthe brainsurfacecanbe
seenn FigurelV.2.

In the simulatedinter-modal registrationexperiments statisticalanalysisof the resultsshav
that SurfaceMI did produceda more accurateregistrationof the surfacesover all trials (t-test:
p 0.05). The secondcategory in Table V.1 shavs descriptve statisticsfor trials in which the
RMS TRE of theregistrationwaslessthan2 standardieviationsplusthe meanRMS TRE calcu-
latedearlierusingknown transformationsTherewereonly 137 trials which registeredthe target
and oating surfacesto this tolerance.The varianceof the successfullyregisteredtrials is signi -
cantly differentfrom the entiretrial population.The extentof the varianceis reducecdby anorder
of magnitudéor thesuccessfulegistrations. Analysisof thesurfaceghatfailedto registershaved
thatthesphericaktonstrainpreventedaccuratesurfaceregistration.ln generalthealgorithmfailed
to registersurfacesclippedfrom or containingthe peripheryof the surfaceprojection. The periph-
ery of the surface projectioncontaineda much higher surface cunaturewhen comparedo the
tagetsurface. This discrepang in surfacecurvaturesbetweertargetand oating surfacescaused
the sub-optimalegistrations.For corticalresectiorandretraction the visible surfaceof the brain
will likely befrom a singleregion, this inherentregion constraintwill beincorporatednto future

iterationsof the algorithm. A sampleof the simulatedinter-modality registrationexperimentcan
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FigurelV.2: SampleRgjistrationResultgor thebrainphantomwith sphericakonstraint.Top row,
left to right: two misregisteredsurfacestwo surfacesafter registration. Bottomrow, left to right:
off-axis view of misreggisteredsurfaces pff-axis view of registeredsurfaces.Initial misregistration
of -15degreesn f, g, andy .
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TablelV.1: Resultsfor simulatednter-modalregistrationof the brain phantomusingSurfaceMl.

All Trials | SuccessfuRegistrationTrials
Numberof Trials 500 137
ICPRMSTRE(mm) | 5.25 3.50 269 181
MI RMSTRE (mm) | 3.36 7.17 0.21 0.06

beseenn FigurelV.3. Theresultsareshavn with anintra-modalregistrationof the samesurfaces
for clarity.

FigurelV.4 shows the resultsof eachsetof experimentsin histogramfashion. As the gure
shaws, the resultsfor bothintra-modalityexperimentsshown high successatesfor TRE's under
0.5 millimeter. Theresultsin theintra-modalbrainexperimentsshaveda lower percentag®elow
0.5 millimeter and,but alsoa alarger percentagbetweer0.5and3.5 millimeterswhencompared
to theintra-modalexperiments.Theresultsdepictedn the histogramsupplementhe conclusions
dravn from analyzingthe RMS TRE's within eachsetof experimentsThatis, theconcentrateth-
tensitypatternin the sphergphantonmpreventedproperalignment.However, thedistribution of the
sphergphantomcorrelatedwvell with the brainphantomjn thatthe successfuandnon-successful
registrationswere mutually exclusive with regardto TRE. Thus,in very few occasionsvhenthe
registrationfailed did it produceRMS TRE belon 3.5 mm Theinter-modality distribution shavs
thatthereweremoreinstancesascomparedo theintra-modaltrials, wherethe algorithmdid not
reachidealNMI, butstill producedRMS TRE valuesbelowv 3.5mm Thisisin contrasto theintra-
modaltrials andshaws thateven whenthe algorithmfails to reacha highly accuratealignmentit
mayachiezea“good” (3 5mm) alignment.

Theresultsherehave shovn that SurfaceMI registerstexturedsurfaceswell. Thetopological
distribution of the texture effectsthe ability for SurfaceMI to register However, goodtopographi-
cal texture distributionsareexpectedintra-operatrely. Intra-modalregistrationsdemonstratéow
error residualswhen successfullyregistered,but generatedrery high residualswhenunsuccess-
ful. Simulatedinter-modalregistrationsexhibited lower residualsfor unsuccessfutegistrations,

implying thatSurfaceMI canregisterreasonablyvell evenwhenunsuccessful.
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FigurelV.3: SampleRggistrationresultsfor simulatedmulti-modality registrationsof the brain
phantom.Top row, from left to right: two intra-modalsurfacesregisteredvia ICP andafterregis-
tration via SurfaceMI. Bottom row, from left to right: two simulatedmulti-modalsurfacesregis-
teredvia ICP andregisteredvia SurfaceMI.Clipping planeparameterssaggital= 0.02cm coronal

=0.1cm andaxial=1cm
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FigurelV.4: Distribution of targetregistrationerrorsfor eachsetof experiments.
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CHAPTER V

CONCLUSIONS

Theresultsof thisthesisshow thattheICPandMI frameworkis ausefultool for corticalsurface
registration. Resultsof both intra- and inter-modality surfaceregistrationshov sub-millimetric
accuracieausing a phantom. This thesisoutlines preliminary stepstaken with the laserrange
scannerndthe algorithm. Futurework, to be discussedn the following chapter will hopefully
provethevalueof boththelaserrangescanneanduniquesurfaceregistrationalgorithmin model-
updatedmageguided-sugery.

The useof a laserrangescannelin the operatingroom is a novel methodof intra-sugical
surfacecharacterizationAs seenin FigureVI.1, this methodhasbeenshovn to be a viable non-
contacimethodof capturingntra-operatredata. Thesurfacescollectedoy thescanneareaccurate
with regardto the physicalworld andprovide, notonly geometricddata,but alsorich surfacetexture
information. Thewealthof informationcontainedvithin thescanswill providecriticalinformation
for computationallyupdatedGP.

With respecto incorporatingthe feature-richlaserrangescandata,a novel registrationalgo-
rithm hasbeendeveloped. The algorithm, which is built on a framevork sensitve to intensity
information (i.e. mutualinformation), capitalizeson both the intensity and geometrycontained
in eachscan. To provide datasimilar to that acquiredby the laserrangescannera methodto
extracttexturedpoint cloudsfrom the pre-operatie datahasbeendeveloped.The surfaceextrac-
tion methodhasshown thatgadoliniumenhancedMR imagesprovide goodtexture andgeometry
informationfor theregistrationalgorithm.

Theresultsof thetechniquesliscussedh thethesisshaw viability for clinical application.The
intra-modality experimentsdemonstratéhe successfumodi cation and applicationof existing
registrationtechniquego the speci ¢ problemof registeringtexturedpoint clouds. The simulated
intermodalexperimentshow thatthealgorithmcaneffectively extendedo multi-modaldatasets,

i.e. apatient-speci crangescanto his or herpre-operatie imagevolume.
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Theimport of theideasandmethodsoutlinedin this thesisarea critical componentn thede-
velopmenif model-updatedGP. Registeringintra-operatre datato pre-operatie datawill allow
for boundaryconditionsin the computationamodelsusedfor model-updatedGP. The computa-
tional modelswill thenprovide the physicianwith intra-sugically relevantimageswhich canbe

usedfor moreaccurateherapy delivery.
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CHAPTER VI
FUTURE WORK

Thereare mary researchavenuesto pursueas a resultof the work presentedn this thesis.
The immediategoal of future work is to verify in vivo accurag of the registrationalgorithm.
Preliminarydesigngor trueinter-modalregistrationexperimentsncludeusingwatermelonsvith
CT/MR contrast-enhancedasculaturénlaid onthesurface.Thevasculaturavill beimagedusing
the scanneraswell asCT and MR imaging devices. The methodsdescribedn this thesiswill
then be appliedfor registration. Error residualssimilar to thosereportedin this thesiswill be
reportedfor the intermodal registrations. Thesephantomswill also be validatedusing a gold
standardor registrationthatis beingdevelopedby Cashet al. Furthermorethe phantomswill
allow for comparisonswith existing registrationtechniquesg.g. Nakajimas methodfor point
basedregistrationsusing vesselbifurcationsand ICP methodsusing extractedvesselcontours.
Theseexperimentswill examinethe potentialregistrationaccurayg in aninter-modalsettingusing
thelaserrangescandata.

In vivo proof of conceptandaccurag studiesare currentlyunderway. In thesestudies,con-
sentingpatientsprimarily undergoing tumor resectionand similar suigerieswill be monitored
during the courseof theray. Thesepatientswill be operatedon usingimage-guidancevith the
scannerlsobeingtrackedby theimage-guidanceystem Beforethe skull capis removed,expos-
ing the areaof therayy, alaserscanwill betaken. Anotherscanwill betakenafterremoval of the
dura. Subsequergcanswill betakenperiodicallyduringthe courseof suigery This experimental
setupwill mapthe laserrangescannerspaceto physical-spaceand consequentlymage-space.
This mappingwill allow for theregistrationresultsusingthe scanneto be checledagainstresults
providedby theimage-guidanceystem.Furthermorethis experimentaprotocolwill testtheabil-
ity to of the scanneto trackthe intra-operatre deformations.After sugery, all of the scanswill
beregisteredandveri ed for accurag. An exampledatasetrom sumgeryis givenin FigureVI.1.

This datasetlearly shavs thatthe cortical surfacecanbe resolhed with the currentlaserscanner
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FigureVI1.1: Exampledatasetaken with the laserrangescannetin the operatingroom. Left, a
CCDimageof thesumgical area.Right, atessellategboint cloudwith texturemappedointsonthe
right.

andthuscanbe usedfor in vivo validation.

The algorithmitself is alsounderresearch.Futureiterationsof the algorithmwill usenon-
canonicalbasissetsfor registration. Basissets,like B-spline setsor Fourier setswill be usedto
allow for non-afne transformationgrom physicalto imagespace. Arun's solutionto the Pro-
crustes'problemdoesallow for higherdimensiondn the basissetsfor registration. More pliant
shapeconstraint®ntheregistrationalgorithmarealsoplannedor review. Theultimategoalwould
include nding ageneraform for theregistrationalgorithm(thatis computationallytractable)or
ary two surfacesover ary numberof degreesof freedom.

With regardto Mutual Information, differentestimationsof mathematicakntrofy are under
investigation.Viola andWell's original work presentedch methodfor probability densityestima-
tion calledthe ParzenWindow [36]. This methodusesa moving averageof Gaussiaristributions
providedby therandomvariable[49]. Althoughthis methodis notanticipatedo belesscomputa-

tionally intensve, it will allow for calculationof NMI in higherdimensiongnoreeasily Thatis,
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futureNMI calculationgnightlook lik e thefollowing:

H rx gxbx H rygyby
H rx gx bx ry gy by

NMI (VI.1)

Also, the useof non-standar@ntrofy measuresg.g. Reryi andKullbackentropiesjs alsounder
investigation[50][51]. The objectve function spaceassociatedvith thesenon-standarentrogy
measuremightyield moretractableoptimizations.

Anotherareaof active researchs moreeffective optimizationof the Mutual Informationcri-
teria. The simpleline setmethodusedin this thesiswill be replacedwith moreadvancedmeta-
heuristicsearchstratgies. One methodunderinvestigationis the Talu search52]. This search
stratgy allows oneto usemoresimplesearchmethodsn a heuristicfashion.For example,in the
speci ¢ caseof optimizingthe NMI in two texturedpoint clouds,the Talu searchwill usePow-
ell's methodfor line minimizationswithin the searchspace.The Talu searchwill thenguidethe
optimizationwithin the searchspaceby expandingsearchareasout of regionsof local minima,
e.g. usingTalu criteria[52]. Initial experienceswith this advancedsearchstratgy show it to be
aneffective alternatve to a purely numericaloptimization.

Finally, this thesisandthe work includedare steppingstonesin the pathto accuratemodel-
updatedmageguidedsumgery. Novel work hasto be completedn the areaof the physicalmodel,
theupdateprocedureandtheimage-guidanceystentor thecompletemodel-updatingpplication
to besuccessfulThesetopicsareto belookedatin thefutureasa partthe developmeniof model-

updatedmageguidedprocedures.
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