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Abstract

In orderto morecompletelyunderstandhe living humanbrain additionalcomputational
tools arenecessaryo manipulateandanalyzevolumetricbrainimages.Comparisonde-
tweenindividual brainsandacrosgopulationof brainsarebecomingncreasinglyimpor-
tantin characterizingooth the anatomyand functioning of the brain. This work investi-
gatesatechniqueo registervolumetricmagnetiaesonancénagesof thehumanbrainin a
nonlinearfashionallowing moremeaningfulcomparisondetweemmultiple individualsor
betweeranindividual brainanda standardrain atlas. The mathematic®f 3-dimensional
transformationsrefully developedwhich providesaframework for constructiorof anob-
jective function. This functionis carefully designedo encourage matchwhile enforcing
certainbiological constraintsand minimization of the objectve function in conjunction
with a multi-resolutionschemebringsaboutthe registrationbetweenmagevolumes.Per
formanceis analyzedwhich revealsshortcomingsof the techniqueaswell as providing
insightinto the operationof the algorithm. Potentialmodificationsto rectify the problems

arealsodiscussed.
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Chapter 1

Intr oduction

1.1 Background

During the pastsereral decadesherehasbeenconsiderablenterestin understandinghe
structureandfunctioningof the humanbrain. In the 1970sand 1980sthe adventandde-
velopmentof minimally-invasie intracranialimagingtechniqguesuchasX-ray computed
tomography(CT), magneticesonancénaging(MRI), andpositronemissiontomography
(PET) hasprovidedcliniciansaninvaluableview of theliving brain. Theseimagingtech-
niqueshave alsoenableddetailedstudyandanalysisof cerebralanatomyandfunctioning
by neuroscientistsin fact, the progressandpromiseof brainresearctpromptedPresident
GeogeBushin 1990to proclaimthe comingdecadeas“the decadeof the brain” [1].

The speedof researchhasbeenconsiderableput without direct accesgo the living
brainthroughinvasve meansthe body of knowledgeof humanbrainfunctioninghasbeen
slow to expand.Consideringvhatis known aboutnon-humarprimatebrainssuchasmon-
keysin whichinvasvetechniquesreroutinelyutilized,comparatiely little is known about
thehumanbrain[2, 3,4, 5, 6, 7]. Perhapshemosttelling commentaryon the currentstate

of knowledgeof humancortex is thatmary contemporarymagingstudiesstill reporttheir
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resultsusingcorticalareanumberdrom Brodmanns landmark1909parcellatiorof thehu-

mancortex. Full accesso themonkey brainhaspropelledresearchin non-humarprimates
far beyond whatwasidentifiedby Brodmannyet Brodmannbasedareasarestill usedfor

humanstudies.

Clearly, moresophisticate@dndethicallyacceptabldi.e. non-irvasve)toolsareneeded
for expandingthe body of knowledgeregardingtheliving humanbrain. Intracranialimag-
ing techniquesanprovide this needednsight, but morework is necessaryn developing
andrefiningthe computationabndanalyticaltools associatedvith brainimaging. In par
ticular, an accuratecharacterizatiorof brain structureand functioning acrossa group of
individualsis still difficult to obtain. Thereare significantvariationsin the anatomical
structureof brainsbetweenindividualswhich mustbe accountedor in somefashionbe-
fore any meaningfulcomparison®f functioncanbemade.A robustregistrationalgorithm
is a critical componenbf ary researctwhich seekgo objectvely comparebrainstructure
or functioningacrossmultiple individuals.

The mostcommontechniquefor accommodatinglifferencedetweenndividualsis to
registereachbraindatasetn the Talairachstereotaxicoordinatesystem[8] andthenper
form the comparison.This Cartesiarcoordinatesystemis baseduponspecificsubcortical
landmarkswithin the brain,andregistrationof theimagevolumesis thenaccomplishedby
finding the appropriaterotation, translation,and scalingof the axesin a piecavise linear
fashion[8]. Thesetransformationshowever, fail to accountfor even large variationsin
brainanatomyparticularlyfor corticalstructuresTechniquesvhich utilize additionalnon-
lineartransformationgndlocal scalingsarenecessaryo accommodatéhesevariationsin
normal(anddiseasedprains.

Thesetechniquesvhich go beyond simplelinear transformationsre known aswarp-
ing algorithmsandtheir developmentis an active areaof research A wide variety of ap-
proachegurrentlyexist which indicatestheimportanceandneedfor thesealgorithms[9].

Mostincorporateglobalscalingsjinear, nonlinear andlocal deformationsandutilize both
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specificanatomicfeaturesaswell asraw imagingdata. However, a robust, automatical-
gorithmwhich achiezesa precisewarp (or match)betweenndividualsor betweeranindi-
vidual anda standarchtlashasyetto emepe.

This work investigatesa newv approachto volumetric warping of the imagedhuman
brainwith the goalsof beingautomatic robust, and precise.The MRI modality which is
arguablyoneof themostpowerful for generalinvestigatiorof theliving humanbrain[10] is
utilizedfor thiswork asit provideshighresolutionmagesof bothstructureandfunctioning

in acompletelynon-invasive manner

1.2 Applications of Brain Warping

Establishinga biologically viable voxel-to-voxel correspondenceetweenan individual
brainvolumeandeitheranotherindividual or a compositebrain atlashasa wide rangeof
applicationsboth clinically andin the researcharena. Anatomic structureswhich corre-
spondbetweenindividuals are called homologous and they often exhibit a naturalvari-
ability. For example,the earsof two individualsarehomologousyet arecertainlydistinct
in their particularstructure.Characterizinghe variability of brain structureis usefulin a
numberof contexts eitherto fully understanchormalbiologic variationor to minimizeits
effectsasdescribedn the applicationselow.

If the correspondenceetweena collection of brainswere known, this information
could be usedto easily constructa statisticalbrain atlaswhich characterizeshe global
and local structuralvariationspresentwithin this collection. The ability to characterize
particularclassesf brainsin this way hassignificantdiagnosticpower. For example, it
would thenbe possibleto comparea brain of an unknown classwith the classof normal
brainsand quantitatvely determinetheir similarity in a statisticalsense.Comparison®of
this type could quickly isolateand identify areasof the unknonvn brain which exceeded

normalvariationsuchastumorsandotherstructuralpathologiesUsedin a clinical setting,
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this maynot replacethe physicians diagnosisput would be a usefuldiagnosticaid for her.
Fromaresearctperspectie, the ability to determinethe warpingbetweeran individ-
ual brainvolumeandanestablishegtandard/olumewould allow researcherto precisely
specify regions of the brain. The needfor a standardway to do this hasbeena driving
forcebehindthe useof the popularTalairachstereotaxicoordinatesystem.Onedravback
of the Talairachsystemhowever, is its inability to accountfor local structuralvariations—
especiallytowardtheouterregionsof the brainwherethevariationsaretypically the great-
est. Nonlinearwarpingalgorithmshave beendevelopedto addresghis issueby allowing
for localizeddeformations With a robustandreliablewarpingtechniquescientistan ary
areaof brainresearcltanpreciselyreferencevery specificregionsof thebrainin termsof
anestablishedtandardorain. Uniformity andprecisionarefundamentatomponent®f a
referencesystemusedto communicateesearctproceduresndreportresults,andthelack
of asystemwith suchcomponentfiasbeena long standingchallengefor researchers.
Warpingtechniguesanalsobe appliedacrossime measuringhe growth of a single
brain. Observingbrain developmentin a quantitatve fashionby warpingfrom one point
in time to the next significantlyenhancesur understandingf the formationof the human
brain[11]. In asimilar way, warpingcanbe usedto studythe deterioratiorof braintissue
overtime associateavith neurodgeneratie diseasesuchasParkinsonsandAlzheimers.
In additionto quantifying and accentuatinghe structuraldifferencesbetweenbrain
volumeseitheracrosdndividualsor overtime, it is alsousefulto usewarpingto minimize
thesedifferences.In experimentghataim to studybrainfunctioningacrossa population,
differencesn anatomybetweenindividuals are a confoundingfactor that shouldbe ac-
countedfor. To performthesetypesof studiesrequiresthe substrataiponwhich the func-
tioning occursto be broughtinto registerin somefashion. This substratas the structural
anatomyof the brain. A warpbetweertwo individualswhich is obtainedusinganatomical
structurecanbe appliedto brainactivationdataenablingthe functioningof thesebrainsto

becomparedn amoremeaningfulsense.
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It is importantto notethatno singletechniquecansatisfyall the variedrequirements
demandeaf brainwarping. For example,modelbasedalgorithmswhich obtainvery good
matchesof homologousstructuresut requiremanuallabelingof specificfeaturesarenot
suitablein situationswhich requirea large numberof brainsto be automaticallywarped.
Furthermoreijt is not particularly clearwhat constitutesa goodwarp. Arriving at a warp
which exactly matchesntensitiess not difficult evenfor brainswhich exhibit featureghat
areunreconcilablén abiologicalsensg12]. Clearly, though thiswarpwould beof limited
usefulnessEstablishingcertainconstraintaunderwhich the warp canoccurbecomeghe
true problem.Theseconstraintarenot easilydeterminedandevenoncethey arestatedn
biological terms,translationof the constraintdnto a mathematicablgorithmcompounds
the difficulty. The validity of the warp is a significantbiological questionwhich is not
answerabldan a generalsense,and must be determinedwithin the context of how and

wherethewarpwill beapplied.

1.3 Project Overview and Organization

This projectseeksto understandand evaluatean alternatve approachto the problemof
determiningacorrespondendaetweenwo brainvolumes.Certaindeficiencie®f previous
approacheareidentifiedandaddresseavith this new technique andan evaluationof its
successeandfailuresarepresented.

Thefollowing expositionpresentshe backgroundgdevelopmentanalysisandconclu-
sionsassociatedvith a newly developed3-dimensionalwarpingtechniquefor MRI ac-
quiredbrain structures.Chapter2 providesa review of previouswork in this field includ-
ing the Talairachatlasaswell asmore sophisticatedontemporaryapproachesChapter3
discusseghe technicalcomponentf the currentalgorithmwith an emphasion the as-
sociatedmathematics.Finally, a performanceanalysisand conclusionsare presentedn

Chaptergt and5 respectrely.



Chapter 2

Literatur e Review

Warpingalgorithmscangenerallybedividedinto two categories:intensitybasecandmodel
based. The former seekto automaticallyregister brain volumesbaseddirectly uponthe
intensityof the voxelswhile remainingwithin certainbiologically establisheaonstraints.
The latter rely uponthe accuratdabeling of structuralfeaturesto guidethe warp. These
cateyoriesare not mutually exclusive assomeapproachesnake useof both the intensity
andstructuraffeatures.

This chapterdiscusseshe relevantinformationthatis availablein the literaturecon-
cerningthesetechniques. Due to its penasie usein the neuroscienceommunities,it
is alsonecessaryo discussthe brain referencesystemfirst developedby Talairachet al.

known asthe Talairachstereotaxiatlas[8, 13, 14].

2.1 Talairach StereotaxicAtlas

The Talairachatlaswas originally developedin the late 1950sas a referenceframe for
stereotaximeurosugery [15]. Usinga stereotaxialevice which is rigidly attachedo the
headof the patient,neurosugeonscan preciselypositiontheir sugical equipmentwithin

thebrainof the patientfacilitatingthe efficient biopsyor removal of tumors,epilepticfoci,
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Figure2.1: Steeotaxicneunosugical devices.(Steeayuideand Steeoadapteffrom Sand-
strom Tradeand Technology Inc.)

andotherpathologies(Figure2.1shovsanexampleof astereotaxicevice.) As astandard
coordinatebasedreferenceframe the Talairachstereotaxicatlasprovidesa commonand
preciselanguagewhich is superiorto descriptve imagesfor specifyingspecificregions
within thebrain[16]. Thisaffordssumgeonswith knowledgeof notonly the spaceoccupied
by the pathologicprocessut alsoof theanatomicstructuresurroundinghe area[8].

The availability and simplicity of this referenceframeled to its usein otherareasof
brainresearctsuchasbrain mappingwhereit hasbecomethe de facto standardor com-
municatingresearchesults.Additionally, theability to placeary brainwithin theTalairach
coordinatesystemhasledto its useasaregistrationmethod.With thistechniquewo brains
canbebroughtinto registersimply by determininghe Talairachcoordinate$or eachbrain.
The Talairachatlasis alsoapplicableover a wide variety of imaging modalitiesenabling
inte-modality registration. For thesereasonsuseof the Talairachbrain atlashasbecome
widespread.

The Talairach coordinatesystemis specifiedby first defining a line which passes

throughthe superioredgeof the anteriorcommissurg AC) andthe inferior edgeof the
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Figure2.2: Sayittal view of the Talairach proportionalgrid system.

Anterior

posteriorcommissurgPC)[8]. Thisline is known asthe AC-PCline andis shovn in Fig-

ure 2.2 asthe bold horizontalline. The secondstepis to definethe midplaneasthe inter-

hemispherisagittalplane. The horizontalplaneis thendefinedasthatwhich containsthe

AC-PCline andis perpendiculato the midplane. Third, a vertical line perpendiculato

the horizontalplaneand passingthroughthe posteriormamgin of the anteriorcommissure

specifieghe verticalaxis. A planecontainingthis line andperpendiculato the othertwo

planess known astheverticofrontalplane (VCA) [8]. Theintersectiorpointof thesehree

planesspecifieghe origin of the coordinatesystem.A fourth planeis alsodefinedwhich

is parallelto the veritcofrontalplanebut containghe posteriorcommissurgVCP).

With this system,eachof the twelve sectionsare boundedby at leastone anatomi-

cal landmarkon the inside (AC, PC or both AC andPC). On the outsidethe sectionsare
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boundedby the fullest extentof the brainin the principle directionsdefinedby the coordi-

natesystem(anterior posterior superiorinferior, or lateral). Eachparticularbrainextends
by differentamountsn thesedirectionsin absolutetermsandsothe Talairachcoordinate
systemhastheeffect of linearly scalingeachsectionbasedn the particularbrainto which

thecoordinatesrebeingapplied.

In practice,registrationof a brain volumewith the Talairachcoordinatesystemis au-
tomatedby useof anintensity basedaffine transformation.The affine parametersre es-
timatedby comparingthe brain volumewith a compositereferencevolume composedf
brains previously registeredto the Talairachcoordinates. One suchtechniquehasbeen
developedby Louis Collins etal. atthe MontrealNeurologicallnstitute[17].

This proportionalcoordinatesystemhasprovento be quite usefulfor mappingthe hu-
man brain, but thereare somesignificantshortcomings.To bring two brainsinto register
usingthe Talairachsystemessentiallyrequiresa globalrigid rotationandtranslationfol-
lowed by a piecavise linear scalingalong eachaxis. This accountsfor global andlarge
structuref thebrainaswell asstructuresloseto the anteriorandposteriorcommissures.
However, for structuresdistantfrom thesecommissureshe mismatchcan be significant
(greaterthanseveral centimeters]18, 19, 20, 21]. Many of the major sulci andgyri are
not alignedwith sufficient precisionto performmeaningfulstructuralor functionalcom-
parisons.Thislimitation hasstimulatedhedevelopmenbf avarietyof warpingtechniques

which arediscussedn the next sections.

2.2 Intensity BasedAlgorithms

Intensity basedtechniquegyenerallyconsistof two basiccomponents:an index of sim-
ilarity anda setof constraintswhich are usedto help guide the generatiornof the warp.
The similarity index is derived from the intensitiesof the two volumetricimages,andis

typically someform of a squareddifferenceor correlationstatistic. The constraintsare
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generallyaimedat obtaininga one-to-oneand continuoustransformation. This type of
transformations known asa homeomorphisnandis achieved eitherexplicitly by direct
evaluationof thewarpfield or implicitly througha smoothingof thewarpfield itself. This
ensureghatanatomicstructuregnaintaintheir samerelative positionsbeforeandafterthe
transformation.

Most algorithmsare iterative in natureletting the warp evolve in a seriesof smaller
steps. In addition, someutilize a multi-resolutionapproachwhich seeksto simplify the
problemby initializing thealgorithmat coarsaesolutionsandthensuccessiely increasing
the compleity of thewarp. Thesetechniquesanpotentiallyrequirea very large number
of parameterggreaterthan1 x 10°) to effect the warp necessitatingnovel approachesor
parameteestimation.Most alsobeggin with a translationandlinear transformatiorto ini-
tialize thelarge numberof parametersThis initial operationis generallyreferredto in the
literatureasanaffine transformation.

Someof themoreprominentintensitybasedalgorithmsarethoseof Collins andEvans
who usea smoothecdpieceavise linearapproactknown by the moniker ANIMAL [22] and
AshlurnerandFristonwho make useof linear combinationsof smoothbasiswarps[23].
Also of particularnoteis the surfacebasedwvarpingof FischlandDale[24, 25].

The ANIMAL algorithmof Collins andEvanshasall the basiccomponentsliscussed
above wherethe similarity measuras a normalizedcorrelationstatisticof the intensities
within alocal neighborhoodthe constraintis effectedby smoothingthe deformationvec-
torsat eachiteration,anda multi-resolutionschemads used. Startingat the coarsestevel,
thevolumesaredividedinto cubicalsectionsandthe optimallinearfit with respecto the
correlationstatisticis obtainedfor eachsection.The processs repeatedat the next higher
resolutionsultimately building up a nonlineardeformatiorfield in apieceviselinearfash-
ion. Homeomorphiavarpsarenot guaranteednowever, asthe smoothingconstraintdoes
notexplicitly restrictnon-invertibletransformations.

Ashhlurnerand Fristontake a differentapproachincorporatinga setof smoothwarps
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composeaf low frequeng 3-dimensionatliscretecosinetransformbasisfunctions.These
‘basiswarps’ arethencombinedlinearly to constructa full warp field which maximizes
the a posterior probability of beinga correctwarp. This MAP schemancorporatesoth

the voxel intensitiesas well as prior probabilitiesof the warp parameters.Thesepriors

are not baseduponempirical evaluationof a large setof subjectsbut uponthe so-called
membranenegy of thewarpfield [26]. The useof low frequeng 'basiswarps’precludes
high resolutionmatchingof the voxel intensities. However, the highestfrequeny canbe

adjustedo suitthe specificapplication.

While not strictly anapproacho volumetricwarping,the surfacematchingalgorithm
of FischlandDaleis notevorthy dueto its similarity in structureto thealgorithmcurrently
beinginvestigated.Oncethe surfaceof the cerebralhemispherefiasbeenidentifiedand
mappedinto a sphericalcoordinatesystem,the warp is constructedoy minimization of
anobjectie function. This objective functionis composedf a curvaturematchingterm
to effect the registration,an arealtermto preventfolding, anda metric distortiontermto
encouragehe preseration of surfacedistances Weightedappropriatelyminimizationof
thesetermsconstructsa transformationof the cerebralcortex baseduponthe sulcaland

gyral patterns.

2.3 Model BasedAlgorithms

Model basedalgorithmsrely uponidentificationof specificfeaturesor landmarksassoci-
atedwith the brain structure.Of course thesefeaturesmustbe obsenableunderthe par
ticularimagingmodalityin useandbe presenin all the brainsunderconsiderationThese
homologoudeaturesggenerallyconsistof discretepoints,curvesandcontoursand/orsur
facesandareusuallyidentifiedby manualinspectionof theimagevolume.Manuallabel-

ing canbe subjectve andis generallytime consumingwhich in somesituationsdecreases
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the attractvenessof theseapproachesAdditionally, thereis a paucity of readily identi-

fiable discretepointsin the brain from which to anchorthe warp [12]. Curved features
arealsosomeavhatdifficult to identify especiallyin anautomaticfashion.Surfacesonthe

otherhand,have beenshavn to be morereadily extracted[25].

Oncetheselandmarkshave beendetermined,the goal is to find the transformation
which superposethe landmarksin the sourceimagewith the homologoudandmarksin
thereferencamage.For pointlandmarkghetransformations straight-forvardwhereho-
mologouspointsare known becausehey have beenidentifiedandthe remainingvolume
is simply forcedto be smooththroughsomeinterpolationscheme.More comple inter-
polationis usedfor curves and surfacessuchaswith the fluid model of Thompsonand
Toga[27].

Otheralgorithmssuchasthat of GérardSubsolmake useof curves obtainedby fol-
lowing sulcalandgyral contourg28]. After aninitial intensitybasedaffine transformation
thesecontoursare matchedwith a nearesneighboralgorithm. The transformatiorof the
remainingvolumeis thendeterminedy usinga splinebasedechnique.

Another approachusedby Downs et al. first obtainsthe 3-dimensionalcorvex hull
determinedy thebrainsurface[15]. Thisis matchedo atemplateconvex hull by propor
tionately scalingthe volume radially from the coordinatesystemorigin locatedcentrally

within thebrain.



Chapter 3

Warping Ar chitecture

3.1 Mathematical Preliminaries

This sectionlays out the mathematicalnderpinninggor the currentwarping algorithm.
The notationalcorventionsare describedSubsection3.1.1, and the fundamentalrans-
formation mathematicsiponwhich thesetechniquesare basedare describedn Subsec-
tion 3.1.2. Additionally, a transformatiorconstructknown asthe Jacobiaris fully devel-

opedmathematicallyncludinga geometricatescriptionin Subsectior8.1.3.

3.1.1 Notation

The canonicaddimensionsn the 3-dimensionaspaceR® aredenotecby the numbersl, 2,
and3 andwhenassociateavith asymbolarewritten asa subscript.Vectorsarerepresented
by lowercasébold facesymbols.Discretesetsof vectorsarerepresentetdy the uppercase
versionof the samebold facesymbol,andindividual component®f the setareindicated

by a parenthesizeduperscriptAn exampleof this notationfollows:

X; . acontinuousvariablein the 1-axis,

X : acontinousvector

13
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D : adiscretesetof vectors,
d : thei" vectorof thediscretsetD,

d). : the2-axiscomponenbf d.

Theremainingnotationalcorventionsshouldbe evidentfrom the surroundingdiscussion.

3.1.2 Warpsand Transformations

A volumetricwarpis describednathematicallyasa transformation(or mapping)between
two coordinatespacesn R®, andwe denotesucha mappingasF : R® — R® whereF is a
vectorvaluedfunction of avector If we let the 3-D vectorx representoordinatesn R®

(X1, %9, %3) We canformalizethetransformatiorF asfollows:

F ) = (1100, U3, U5(%))

whereu,, u,, andu; are calledthe componentunctionsof the transformationF. The
resulting3-D coordinate(uy, U,, u;) will bereferredto asthevectoru for theremainderof
this thesis.

Mappingsthatare usedaswarpsbetweerhomologousiological structureqthe brain
in the currentcase)shouldbe both continuousandhomeomorphic.The mathematicaéx-
pressiorof thesetwo propertiesaredevelopedin the following paragraphs.

For areal-\aluedfunctionof arealvariablef : R— R, continuityis definedasfollows.
At apointx,, if givenane > 0 thereexistsa d > 0 suchthatif |x—x,| < & then|f(x) —
f(Xy)| < €. Thisconceptis extendedin a straightforvard mannerto 3-D mappings.Let x
andy becoordinatesn R®. A mapF : R® — R® is continuousatapointx if givenane >0
thereexistsa & > 0 suchthatif ||x —y]||, < J then||F(y) — F(X)]|, < € (thenotation]| - ||,
representshe 2-norm)[29]. This concepis illustratedfurtherin Figure3.1.

For an arbitrary setA containedin R, the mappingF : A C R® — R® is saidto be a

homeomorphisnontoF (A) if F is one-to-oneandif theinverseF 1 :F(A) ¢ R® — R®
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€

o-sphere

Y
Y

e-sphere

Figure3.1: Continuityof a 3-D mapping:|f thepointF (y) existsinsidethe e-sphee, then
the pointy mustexistinsidethe d-sphee for arbitrarily smalle.

is continuoud29]. Intuitively in 2-D a homeomorphisnappliesa transformatiorwithout
tearingor folding of the spacein R%. A key propertyof a mappingthatis relied upon
heavily in thewarpingalgorithmis thatthe Jacobiammatrix of a homeomorphienapping
is positive semi-definiteeverywherethatthe mappingis defined(this conceptis morefully
describedn Subsectior8.1.3).

As with the conceptof continuity, differentiationof a transformatioris easilyobtained
by expandingthe usualnotion of differentiationof a function of a singlevariableto 3-D
mappingfunctions. The partial derivative of the mappingF with respectto, say x; is a
vectorof the partialderivativesof eachof thecomponenfunctionsof F:
O (g 2 ) 2
0%, ox, 0%’ 0%, OXy
Now, whenthe partial derivative of the mappingF with respecto the vectorx is desired,

we constructa matrix of the partial derivativesof the componentunctionsasfollows:

ou; du; du;
o, % Ox I
OF o owu v | _| ou au ou

Ix | 9x 9%, 9x 0x, 0%, 0xg
Odug Jduy dug
0%, 0% .

This matrix is known asthe Jacobianof the transformationand the determinanbf this

matrixwill play animportantrolein the developmentof the warpingalgorithm.As showvn
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in Equation(3.1),thedeterminants computedy usingthetriple-productwherex denotes
the vectorouterproduct,- representshe vectorinnerproduct,andJ denoteghe Jacobian

determinant.

] = (dul du, dug) % (0u1 du, dug) ) (0u1 du, dug)

(3.1)

_ oJu > du du
- 9%, X%, 0%y

Furtherdiscussiorof thegeometricalnterpretatiorof the Jacobians containedn Sub-
section3.1.3.

3.1.3 JacobianGeometry

The Jacobiarmatrix associateavith thetransformatiorfunctionplaysanimportantrolein
theregularizationof the warp field estimateanddeseresfurtherdiscussion A geometric
interpretatioranddetailsof the mathematicaimplementatiorarepresentedn the next few
paragraphs.

Thedeterminanbf the Jacobiammatrix (referredto assimply the Jacobiaranddenoted
asJ) computedat a specificcoordinateindicatesthe amountof contractionor expansion
thatthe transformationnducesin the neighborhoodf that coordinate. The propertiesof

theJacobiararesummarizedelow:

e

> 1 = localexpansion, Property(1)

= 1 = volumetricpreseration, Property(2)

J¢ < 1 = localcontraction, Property(3)
= 0 = contractionof thelocal volumeto apoint, Property(4)

| < 0 = volumetricinversion. Property(5)

To understandvhy the Jacobiarhasthesepropertiesconsiderthe differentialvolume
elementsas shown in Figure 3.2. Part (a) of this figure shows a cubical elementwhich

is transformedby a mappingF : R® — R® into the elementshawvn in Part (b) of the same
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x+ 4 X + A

(@) (b)
Figure 3.2: Differential volumeelement:(a) original, and (b) after transformationunder
the hypotheticaimappingF : R® — R®.

figure. Giventhe dimensionsof this differentialelementin Figure3.2(a)(Af, Af,AR) we
canexpressthevolumeasV = A3, Thetransformatiorof this elementunderthe mapping

F is found by computingthe imageof the four coordinates, x + Ai, X + 4j, X+ Ak as

shown below:
FOO = (1), u5(), us(x)) = u,
F(x+A) = (ul(x-i—Af U, x+Af),u3(x+Af)> = u,
F(X+4)) = (ul(x+ s Uy(X+ f),u3(x+Af)> = uj,
F(x+Ak) = ( L(x+Ak), uz(x-i—AR),uS(x-l—AR)) = U,

After transformatiorwe now have a parallelopipedshapedifferentialelementasdepicted
in Figure3.2(b). To computethe volumeof this parallelopipedV’) we canusethetriple-

productformulaasshown below [30]:
V! = (U —u) x (u; —u)- (U, —u).

If we now take the ratio of the transformedvolumeV’ andthe original volumeV as
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is shavn in Equation(3.2), we will have a quantitywith the exact samepropertiesasthe

Jacobian.
v (U —u) x (uj—u) - (u—u)
Vo A3 '
Specifically thesepropertiesare (correspondindo thoseon pagel6): (1) if the transfor

(3.2)

mationinducesan expansionof the differentialelementhentheratio is larger thanunity,
(2) if the volume remainsthe sameafter transformatiorthenthe ratio is equalto unity,
(3) if the transformationcausesa contractionof the differentialelementthenthe ratio is
lessthanunity, (4) if the transformatiorproducesa singularpoint thenthe ratio is equal
to zeo, and(5) if the transformedifferentialelementhasa negative volume (volumetric
inversion)thentheratiois lessthanzeo.

To further explore the relationshipbetweerthis ratio andthe Jacobianwe canrewrite
Equation(3.2) asfollows:

Vi (u—u) (U —u) (u—u)
V- a “T A T a

For themomentJooking only atthefirst termof the vectorouterproductin Equation(3.3)

(3.3)

andrecallingthefirst two equationof Equation(3.1.3)we canexpandthis termassuch

(Ui—u) (U (X+AT) — Uy (X) Uy(X+AT) — Uy(X) Ug(X+AT) — ug(X) a4
A A ’ A ’ A (3.4)

whichwerecognizeasthediscretedifferentialof u atthecoordinatex alongthel-axis(f di-
rection). Takingthelimit of this quantityasA tendsto O we obtainthe partial differential

asshown:

. (y—u) du; 0du, Jdu, _ du
IMma 05— = (G axrax) = ox (3-5)

Now returningto the othertwo termson theright handsideof Equation(3.3) andproceed-

ing in asimilarfashionwe have:

lim U-w _ (9 9y, du\ _ gu
A—0 A 0%y 0%y 0%, 0xy’
(3.6)

lim (Ue—u)  _ (9up 9y, U3 _ gu
A—0 A X537 OX57 0%y o0xy”
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Equations(3.5) and (3.6) allow us to find the limit of Equation(3.3) asA tendsto 0 as

shawvn here
\4 Ju Ju du

iMp 0V = 3 X 3%, " 9%,
which is identicalto the Jacobiarascomputedn the secondequationof Equationg3.1).
This shows thatin the limit asA tendsto O theratio of the differentialvolumebeforeand
aftertransformations equialentto the Jacobiammatrix determinant.

This geometridnterpretatiorprovidesinsightinto the desirablepropertieof this quan-
tity. Of particularinterestis Property(5) shovn on pagel6. A Jacobiarthatis lessthan
zeromeanghatatthis particularpointthe volumehasbeeninvertedby the transformation
suchthatthevectorsg—)‘(i, g—)‘é,

versemappingis not continuous.This providesthe motivationfor thehomeomorphi¢erm

and(;9—)33 arenolongerarrangedn right-handorder andthein-

of thecostfunctionusedin thewarpoptimizationaswill beshavnin Subsectior8.4.3.By
keepingthe Jacobiardeterminanpositve we maintaina homeomorphienapping.

The Jacobianprovidesa good measureof the local volumetric distortioninducedby
the transformation.However, transformationsan be constructedhat maintainthe local
volume suchthatthe Jacobians unity but alsoinduceseverechangesn shape.Imagine
adifferentialparallelopipedvhosevolumeis equalto A2 but whoseshapds radically dif-
ferentthatthatof Figure3.2(a). In this case the Jacobiaris greaterthanzero(in factit is
unity) andsohasnotviolatedany homeomorphiconstraintsput theangularchangesxhib-
ited canbejustasnon-biologicalasnon-homeomorphismdhis is the primary motivation

for anadditionalterm of the objective functionaswill bediscussedn Subsectior8.4.3.

3.2 Algorithm Overview

The overriding goalswhich guidedthe developmentof the currentwarping algorithmis
thatit provide anautomatic precise yobust,andobjectve methodfor establishingaviable

correspondencbetweenvolumetricbrain imagesets. Algorithms which requiremanual
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intervention precludeefficient processingf large numbersof imagesetsand alsointro-
duceissuesof repeatabilityand objectvity. Differentexpertsor eventhe sameexpert at
differenttimescanlabelanindividual volumeinconsistentlyleadingto non-repeatables-
sults. A properlydesignecautomaticalgorithm,on the otherhand,is appliedconsistently
and objectvely acrossthe datasetpresentedo it. The following paragraphand figure
presenanoverviewn of suchanalgorithm.

As shawn in the diagrammatioverview of Figure 3.3, the warpingalgorithmconsists
of multiple steps.First, the algorithmis initialized with an affine registrationbetweerthe
source(S) andreferencdR) imagevolumes.Theresultof this stepis a vectorfield which
representadiscretesamplingof the 3-D mappingfunctionthatachiezesthe optimalaffine
registration(Section3.3). This vectorfield is thenusedto initialize the nonlinearportion
of the algorithmwhich begins by subsamplings andR into whatis known asa Gaussian
pyramid(Section3.4.1). Theprocesshenproceeddy iteratively applyingtheregistration
and evaluatingthe objective function which is minimized by utilizing the gradientinfor-
mationin a steepestiescenfashion(Sections3.4.3and 3.4.4). This stepconstituteshe
innernonlinearoptimizationloop. Oncethe objective functionasymptotesthe outerloop
is executedwhichincreasesheresolutionof thesourceandreferencevolumesby stepping
up onelevel of the Gaussiarpyramid. The registrationvectorfield is alsointerpolatedo
matchthe resolutionof the imagevolumesat this point, andthe inner optimizationloop
is thenagainexecuted.The algorithmcontinuesn this fashionuntil thefinal resolutionis
reached.

This algorithmis similar to the surfacebasedwork of FischlandDale [24, 25] in that
an objectve function with threetermsis utilized to matchintensity preventfolding, and
presere volume.No geometrideaturesareusedexplicitly, andhencethis algorithmfalls

within theintensitybasedcategory.
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« Initializes Nonlinear Registration (Sec. 3.3)

» Uses Gradient
Information (Sec. 3.4.4)

= = Nonlinear Optimization Loop (Sec. 3.4.2)

= Gaussian Pyramid Loop (Sec. 3.4.1)

Figure3.3: Diagrammaticoverview of the algorithmflow.
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3.3 Affine Registration

As is standardoracticewith mostof the intensity basedwarpingtechniqueseviewedin
the previous chaptey the algorithmis initialized with an optimal affine transformation.
The objectie of this initial stepis to bring the sourceand referenceimagevolumes(S
and R respectiely) into an approximateglobal alignmentbefore applying the nonlinear
portionof thealgorithmwhich operate®othgloballyandlocally. Theaffinetransformation
consistsof rotation-, scale-,sheaf, andtranslation-typdransformationsappliedglobally
to the sourcevolume resultingin a coarsealignmentbetweenthe sourceand reference
images. This provides a suitablestartingpoint for the nonlinearalignmentschemethat
follows subsequently

To further elaborateon the 3-D affine transformationjt is parameterizedyy a 4x4
homogeneousransformationmatrix M which maps3-D homogeneousoordinatesx in
the sourceimageto coordinatesi in thereferencamageasshavn in the following equa-
tion [31]:

U mg My My My | | %
| _ | M Mg Mg My |} %
Us My Mg Mg My | | X3
1 0O 0 0 1 1

More compactlythisis written asu = Mx, andwe seethis to be consistentith the math-
ematicalformalismpresentedn SubsectiorB8.1.2by expressinghe componenfunctions

of thetransformatiorexplicitly:
Up(Xgs X, Xg) = MyXg -+ MyXo + MyXg + My,
Up(Xps Xp, Xg) = MpXg + MgXp + MgXg + My g,
Ug(Xp: Xp:Xg) = MgXy + MgXy + MgXa + My .

whereu,, U,, andu; arethe componenfunctionsof this transformation.(The lastequa-

tion of this systemis simply the tautology: 1 = 0x; + 0x, + 0x; + 1.) Takentogetheythe
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parametersn, throughm of thetransformatiormatrix M, areresponsibldor therotation,
scale,andshearcomponent®f the affine transformation.The remainingparametersn,
m,,, andm, , applytranslationalongthe 1-, 2-, and3-axesrespectiely.

Thesetwelve affine parametergm, to m,,) are estimatedoy minimizing the sum of
squarederrorsbetweenthe intensitiesof the referenceandthe transformedsourceimage
volumesandacrossll voxels(V). Thisformstheobjectve functionC(M) [Equation(3.7)]

whichis usedin conjunctionwith a quasi-n&iton optimizationroutine.

c(M) = \E,i [stut) — Rx)]” (3.7)

Of course,the gradientof the objective function is requiredwhen using this type of
optimizationscheme The gradienttakenwith respecto the parametersn, throughm,, is

derivedasfollows:
noM) = = S 2[3(u<i>)—R(x<i>) Os(u®)
v

whereul) = Mx(), Thefull gradient1S(u()) is constructedby takingthepartialderivative
of S(u(i)) with respecto eachparameteusingthe chainrule asfollows:

oSu®)  asu®) ou;  asu®) du, aSu) du,

om, ~ du; dm;  du, dm;,  duy Im;’

(3.8)

wherem; representthe j'" affine parameterThepartialderivative (‘Ba(h‘f)) , ‘930(3:)) , ‘930(3:))>
is simply theintensitygradientof thevolumeSatthepointu() computedusingafinite dif-
ferencetechnique WhenimplementedEquation(3.8)is actuallysimplifiedsomevhatdue
to thefactthatfor ary singlemj only oneof thetermsis ever non-zerg12].

This gradientis thenemployed as part of the quasi-ngton optimizationto obtainan

estimateof M whichfully specifieghe affine transformation.
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3.4 Nonlinear Warp Optimization

The warp field to be determineds a discretesamplingof the transformatiorfunction F
that mapscoordinatesn R3 (the x(Vs) to transformedcoordinatesvhich are againin R®
(theu(Vs). Formally, this type of transformatioris expressedsF : R® — R® asdiscussed
in Subsectior3.1.2. For eachsamplingpoint in the 3-D samplinggrid the component

functionsof this transformatiorarewritten asfollows:

Uy (X, X, %) = Xq by,
Up(Xy, X0, Xg) = %o+ 0y,
U(Xy, X, Xg) = X+,

where, for simplicity, we have droppedthe superscript(i) on eachsymbol. Of course,
d,, d,, andd, for eachsamplingpoint arethe quantitiesto be estimatecandrepresenthe
displacemenvectord for a particularlocation.More preciselywe denotethedisplacement
vectorattheith locationasd(") andthe full setof d(sis denotedasD. Exactly how the

estimationof D is performeds describechext.

3.4.1 Multir esolutionComponents

After the affine componentf thetransformatiorhasbeenestimateda multiresolutionap-
proachis usedto obtaintheglobalandlocal nonlineardeformationsiecessaryo achieve a
matchbetweerthereferenceandsourceMR volumes.This multiresolutionschemenown
asa Gaussiarpyramid utilizes subsampledersionsof the volumetricimageset. A no-
tional depictionof this schemds shavn in Figure3.4. The pyramidis built by usingthe
full-resolution (256x 256x 256) volume as the foundation,and eachsubsequenkevel is
constructedoy appropriatelysubsamplinghe previous level. In the currentalgorithm, a
Gaussiamgeneratingernelasspecifiedn [32] is usedto low-pasdilter the volumebefore

directly subsamplingoy a factor of two in eachdimensionusing trilinear interpolation.



CHAPTER3. WARPING ARCHITECTURE 25

Coarse Resolution

Medium Resolution

Fine Resolution

Figure3.4: Notionaldepictionof a Gaussiampyramid.

The pyramid is completedoncethe lowestresolutionlevel (currently setto 32x 32x 32)
is constructedvhich representshe top of the pyramid. Exampleslicesfrom a Gaussian
pyramid constructedn this way areshavn in Figure3.5. The nonlinearoptimizationpro-
cedurebgyins at the top of the pyramid andthenprogresseslownwardthroughthe levels

of increasingesolutionasis outlinedin the next subsection.

3.4.2 Optimization Structure

An iterative optimizationprocedures utilized which is baseduponan objective function
constructedo achiere two major goals: first, the objectve function shouldencouragea
matchbetweenthe MR intensitiesof the two volumesbeing consideredand second.,it
shouldpreventary biologically unreasonabl&ansformationgrom occurring.

Beginning with the lowestresolutionvolumesat the top of the Gaussiarpyramid, the
optimizationroutineiteratively refinesthewarpfield estimatdoy computingthe gradientof

the objective functionandapplyingthe resultto the currentestimatein a steepestiescent
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Figure3.5: A mid-sajittal slice of a brain volumerepresentedat ead level of a Gaussian
pyramid.

fashion. The objective functionitself is also evaluatedat eachiterationto determinethe

progressof the procedure.If certainterminationcriteria are met, the optimizationat the

currentlevel of the pyramid stops. The most recentestimateof the warp field is then

interpolatedy afactorof two sothattheoptimizationcanthenbegin atthenext lowerlevel

(but higherresolution)of the Gaussiarpyramid. Again, atrilinear interpolationtechnique
is usedto upsamplahewarpfield.

Thealgorithmproceedsn thisway until thebasdevel (highestresolution)of the Gaus-
sianpyramid is reached. At this resolution(256x 256x 256) the warp field is not inter-
polateddueto computermemoryconstraints.Hence,eachvectorof the warp field now
representthetransformatiorof ablock of eightvoxels. Otherthanthis differencetheopti-
mizationcontinuesasbeforeuntil theterminationcriteriaareagainsatisfied.Theresulting
warp field represents discretesamplingof the transformatiorfunction that registersthe

sourcevolumewith thereferencerolume.
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3.4.3 Objective Function

At the heartof the optimizationprocedurdies the objective function. As notedbefore,
the objective functionsernesa dual purposeto encouraga matchbetweenntensitiesand
to regularizeor constrainthe warp suchthatit makessensebiologically. Thefirst goalis
achiezed througha similarity measureandthe secondgoalis accomplishedy the com-
binationof a metricdistortiontermandatermdesignedo severely penalizeinversionsof
the volume. The generalform of the full objective functionC(D) is expressedn Equa-
tion (3.9).

C(D) = 21C1(D) +A,Co(D) +AC4(D) (3.9)

Thefirst termC; (D) is known asthe similarity measureand computesghe meansquared
errorbetweerthevoxel intensitiesof thereferencevolume(R) andthe warpedsourcevol-
ume(S). The next two termscomposethe regularizationcomponentwhereC,(D) is the
homeomorphigreserationterm,andC;(D) is the metric distortionterm. Thefirst term
of theregularizationcomponenC, (D) maintainsa homeomorphisnny computingthe Ja-
cobiandeterminantat all pointsin the warp field and applyinga large costto thosethat
tendnegatively. The next termC;(D) controlsmetric distortionsby minimizing the mean
squaredchangein the relatve displacementamongsamplingpointswithin someneigh-
borhood.Eachtermis associateavith a correspondingoeficient A, _; which determines
its strengthrelative to the otherterms.The setof vectorsD representthewarpfield which
is to beestimated.

The similarity measures moreformally statedas

1 v (RXO) - (x4
TV, Q2(x) ’

C,(D) (3.10)

whereR is the continuous3-dimensionaintensityfunctionrepresentinghe referencevol-

ume,Sis the continuous3-dimensionalntensityfunctionrepresentinghe sourcevolume,
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and Q? is an estimateof the intensity variancefrom brain to brain as a function of 3-
dimensionakpace.(The functionsR, S, andQ? aremorefully describedn Section4.1.)
Thevectorx() is theith samplingpositionon a regularly spaced-D samplinglattice,and
d is thedisplacementectorassociateaith this samplingposition. Thesetof all ds s
known collectively asthewarpfield anddenotedsimply asD, andV is thetotal numberof
discretepointsat which thesevolumesaresampled.

This measurecomputeshe squareddifferencebetweenvoxel intensitiesin the refer
enceandthe correspondingoxel intensitiesof the warpedsource.This providesanindex
of similarity, but not all intensity differencesshouldbe treatedequally Someregions of
thebrainareexpectedo exhibit a higherlevel of variability from brainto brain,andthisis
accountedor throughnormalizationby an estimateof the varianceQ?(x()) at eachpoint
in thebrainvolume. Typical examplesof RandSaregivenin Section4.1aswell asamore
completedescriptionof how Q2 is constructedndused.

Implicit in this formulation of the similarity term is the assumptiorof pre-calibrated
intensitylevelswherethelevels correspondingo certaintissueclassesareconsistenfrom
referencgR) to source(S). Thisform, however, doesnotnecessarilyprecludeuncalibrated
intensities. If the calibrationerror betweenthe sourceand referenceis known to be at
leastlinearthena simplescalingfactorcanbeincludedwith eitherthe sourceor reference
functionsandestimatedn conjunctionwith the warp parameterskor simplicity andsince
pre-calibratedmage setsare readily available this modificationwas not included. Sec-
tion 4.1 containsfurther detailson the calibrationtechniqueappliedto all brain volumes
for thiswork.

Minimization of this termalonewill produceawarpfield which achiezesa matchbe-
tweenthe sourceandreferencevolumes. However, constraintgplaceduponthe warp are
necessaryith regardsto maintaininga homeomorphianappingand minimizing metric
distortions. As discussereviously, a homeomorphisnis biologically necessaryor es-

tablishinga valid correspondencbetweenhomologousstructures.To preventinversions
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Figure3.6: Logarithmicbasedfunctionof the Jacobian(J) with parametery.

andpresenre the homeomorphigropertyof the mapping,two additionaltermsareintro-
ducedto the objective function.

The secondterm of the objective functionC,(D) employs the Jacobiammatrix of the
warp field to ensurethat a homeomorphisnis producedby the optimizationprocedure.
The Jacobiarmatrix of ahomeomorphiavarpfield is positive semi-definiteat every point.
To encouragepreseration of this property C,(D) is composedf the Jacobiandetermi-
nantpassedhrougha nonlinearlogarithmicbasedfunctionasshowvn in Figure 3.6. This
function exactsa heary costfor Jacobiandeterminantavhich tend negative, and hence,
encouragetheoptimizationto producehomeomorphiavarpfields. Thistermis expressed

mathematicallyasfollows:
1 \% 0
— —YJ
Co(D) = iZ: log [1+e ] , (3.11)

wherethe determinanbf the Jacobiammatrix at the it" lattice point of the warp field is
denotedasJ(, andasbefore )V indicatesthe total numberof lattice pointsover which the
warpfield is beingestimated.The parametel controlsthe severity of the penaltyapplied

to negative Jacobiardeterminantssis alsoshavnin Figure3.6.
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The Jacobianprovidesa good measureof the local volumetric distortioninducedby
the transformation.However, transformation<an be constructedhat maintainthe local
volumetric structureandthat alsoinducesevere changesn angularshape.(SeeSubsec-
tion 3.1.3for ageometridnterpretatiorof the Jacobiarwhich furtherillustratesthisissue.)
Severeangularshapechangesio not make sensdrom abiologic perspectie, andthusthe
metricdistortiontermwhich accountdor bothvolumeandangleis necessary

Thethird termof the objective functionC;(D) is designedo minimize volumetricand
angulardistortionby calculatingthe amountof relative displacemeninducedby the warp
within someneighborhoodand averagedover the entire warp. This calculationis stated

explicitly in Equation(3.12).

0= \E/é ne%(i) <I o |gn))2] 242

Wherel (N representthe magnitudeof thedifferencen displacemenbetweertheith sam-

pling positionandthe nt" samplingpositionasfollows:

10 = Ju® —u®,,

andthesubscrip0in Ig“) indicategheinitial relative displacementf thesesamepointsas
follows:

157 = X0 =X
This termis similar to that introducedby Fischl et al. for minimizing metric distortions

associateavith a surface-basewvarp[25].

3.4.4 Gradients

Of coursetheminimizationof the objective functionin a steepestiescenfashionrequires
calculationof the objectve function gradientwith respecto the setof displacemenvec-
torsD. This subsectiorderivesthe gradientfor eachcomponenbf the objective function

shaowvn earlierin Equation(3.9).
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Takingthe partial derivative of theintensitytermC, (D) [Equation(3.10)]with respect

to thekih displacemenvectord® andusingu®® = x®& + d® resultsin

oC,(D) 2 (Rx®)—su®)) asu®)
. _“( Q2(x(®)) ) ad® (3.13)

ad(K) \Y

Thepartialderivative out) mtheabweequahorreduceﬁo S( ) by notingthefollow-

ad®
ing:

asu) asu) au®  gu®
od® — gu®  9d®’ ad®
Thisallows computatiorof thegradienbasednly onthewarpedntensityfunctionS(u(¥).

=1

Thegradientatthek" samplingpositionof the homeomorphitermC,(D) is computedas

33k
dG,D) 1 Vsw

0d® ~ V 1+exp(yd®)

(3.14)

93K

Furtherdiscussiorof how 22 is calculatedcanbe foundin Section3.5. The gradientof

2d®)
thethird termC;(D) is
acs( 1 [ G a|(kn>]
= —1{ (3.15)
do Vv neKTk) ( ) adk
Whereg'(;( )) is a unit vectorpointing from the k™" samplepoint to the n® samplepoint, and

N(K) is aneighborhoodf the six nearespointsaboutthe K" samplingposition.
Thelinear combinationof thesegradientdEquations(3.13),(3.14),and(3.15)] using

A1, A,, and A5 asthe respectre weighting coeficients providesthe gradientusedin the

steepestlescenbptimizationasshowvn in the following equation:

dC(D) . 3C,(D) . 3C,(D)

0C,(D
=7 +A; s(0)
adK) ad®) FRIC

8 9dK)

+A

This representshe valueof the gradientat the ki samplingposition,andthe full gradient

is found by repeatinghesecalculationsat all the samplingpoints.
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3.4.5 CoefficientSelection

To completethe descriptionof the warp optimizationa discussiorof how the coeficients
A1, A,, andA; areobtaineds necessaryEstablishinghe appropriateelationshipbetween
thethreetermsof the objectve functionis importantfor the succes®f the algorithm,and
this relationshipis determinedby thesethreecoeficients. Actually, one of thesecoefi-
cientsis redundanbecauset cansimply be divided out of the objective function without
destrging the relationshipbetweenthe terms. This obsenation allows usto setA; equal
to unity, andthus,reducingthe problemto selectionof only two coeficients. The estima-
tion of theseremainingcoeficientsis problematic,however, asno simple, efficient way
of determiningtheir optimal valuesexists. Somework hasbeendoneregardingoptimal
coeficient selectionof this type [33], but the computationaload of the currentalgorithm
precludests use.

In this work, thesevaluesare obtainedheuristically by observingthe resultsof the
algorithm. The Jacobianterm coeficient (A,) is increasedf a homeomorphisms not
maintainedduringthegeneratiorof thewarpfield, andthemetricdistortioncoeficient(A,)
is variedaccordingo a qualitatve assessmermf the distortioninducedby the algorithm.

The final value of the coeficients will vary, however, dependingupon the intended
applicationof the resultingwarp field. For example,it may be desirableto have a more
precisewarp at the cost of increasedmetric distortion. In this casethe coeficient for
the metric distortion term would be reduced. Other situationscertainly exist wherethe
minimizationof metricdistortionis muchmoreimportantandhencethis coeficientwould

thenbeincreased.

3.5 Practical Considerations

In orderfor thisalgorithmto beexecutedn atimely manneongenerapurposeandreadily

available computationahardware, memoryusageand executionspeedmustbe balanced



CHAPTER3. WARPING ARCHITECTURE 33

with the accurag of the resultingwarp. Additionally, the algorithmas statedfalls short
in somerespectecessitating few somevhatad hoc extensiongo the algorithm. These
practicalconsiderationareaddresseth thefollowing paragraphs.

As notedbefore,whenthe algorithmreacheghe baselevel of the Gaussiamyramid
wheretheresolutionis the greatesteachvectord!) of thewarpfield D represents block
of eightvoxels. This is doneto consere memoryasrepresentationf the full warp field
at 256x 256x 256 resolutionwould requireapproximately200 MB of computermemory
whenusingsingleprecisionvalues.Whencombinedwith thememoryrequiredo represent
two full Gaussiampyramids(sourceandreference)which is approximatelyl50 MB, the
limits of readily available processingequipmentare stressed.This would unnecessarily
extendthe processindime of the algorithmby requiringuseof very slow virtual memory

The algorithm as describedin the previous sectionscan have difficulty achieving a
smoothwarpfield, particularlyat pointscloseto atransitionin intensitylevels. To remedy
this anadditionalstepis includedin the optimization.Beforethe objectve function gradi-
entis usedto updatethewarpfield estimateit is first smoothedy convolving thegradient
with a Gaussiarshapedblurring kernel (similar to whatis donein [25]). At eachlevel
of the Gaussiarmpyramid the degreeof smoothingis at first large, andasthe optimization
convergestowardsa minimumthe amountof smoothingis decreasedThis hasthe effect
of encouraging@ smoothwarpwhile notadwerselyaffectingthe overall matchbetweerthe
referenceandthe warpedsourcevolumes.

Onedifficulty with steepestlescenbptimizationroutinesis selectionof the stepsize.
An acceptableraluecanbefoundthroughtrial anderror, but occasionallydueto the steep
slopeof thelogarithmicfunction of the Jacobian(Figure 3.6) a large gradientcanbe pro-
ducedwhich destabilizeghe optimization. To control this, the magnitudeof the gradient
is monitored,andif it exceedsa thresholdthenthe entire gradientis scaledto maintain

stability.
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Anotherissueinvolving the Jacobiaris thatof computingit basedon a discretelysam-
pled warp function. Computationof this quantity could proceedas in Equations(3.3)
and(3.4), but thereis a problemwhencomputingthis in discretespace.In thelimit asA
tendsto 0, the differentialelementsasshawn in Figure 3.2 canbe accuratelyrepresented
asparallelopipedsin the currentdiscretecase though,A representshe distancebetween
samplingpoints. Herethe assumptiorof parallelopipedgshaped/olumeelementsioesnot
hold. All eight verticesof the volume elementshovn in Figure 3.2(a) are transformed
somevhatindependenthandtheresultingvolumeelemenis in noway constrainedo bea
parallelopipedThis canleadto inaccuratecomputatiorof the Jacobiarallowing volumet-
ric inversiongto occurunnoticed.

To accounfor thisproblem thetruevolumeof thetransformealemenshouldbecom-
puted,but this would be computationallyintensive. Instead the following approximation
is used.Eachvertex of a volumeelements alsosharedby sevenotheradjacenilements
(exceptfor verticesat the outeredgesof the full volume). In otherwords, eachvertex is
surroundedy eight elements.To calculatethe Jacobiardeterminantat this vertex point,
the volumesof the eight surroundingelementsare eachapproximatedas parallelopipeds,
andafter applyingthe logarithmic basedfunction (Figure 3.6), they are simply averaged
togetherto form the summandf Equation(3.11).

a3k

Thecomputatiorof FrIC) in Equation(3.14)is carriedoutin asimilarfashionusingthe

following equation(the superscriptk) hasbeendroppedfor simplicity)

23 03. 2. 23,
ad gd,’ 9d,’ ad,

Joigi—Jer Jernj T Ty~ JeR
ecsurroundng

Q

(ool )
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elemers

whereJ, representshe Jacobiardeterminantomputedusingthe " surroundingelement,

and JeiA(?J’R) indicatesthat this Jacobianis computedwith an additional displacement



CHAPTER3. WARPING ARCHITECTURE 35

of +A in thei, I or k directionsaddedto the displacementvectord. The additionaldis-
placementof +A or —A is consistentwith the location of the particularelementbeing
utilized. In otherwords,+A is usedfor elementdocatedin the+i, +j, and+k directions
and—A is usedfor elementdocatedin the—i, —j, and—k directions.

A final point of minor consequences thatthe terminationof the optimizationis based
solely uponthe similarity measureC, (D) [Equation(3.10)] and not the value of the ob-
jective function asa whole [Equation(3.9)]. Oncethe similarity measureasymptotesor
beginsto increasesignalingthatno moreimprovements possible the optimizationat that
level of the Gaussiarpyramid concludesandthe algorithmproceedso the next level. By
monitoringtheprogres®f theoptimizationin thisway theregularizationtermsareallowed
to becomeaslarge asnecessargo asto maintaina homeomorphismvithout significantly

affectingthe optimization.



Chapter 4

Results

Detailsconcerninghe testingand analysisof the resultsare presentedn this chapterfor
the currentalgorithm. Section4.1 providesan overview of the volumetricimagedatasets
usedfor testing,andSection4.2 discusseshe performance.

The overall goalsof an automatic,precise,robust, and objective algorithm have only
partially beenachieved. The algorithmis automaticin thatit requiresno humaninterven-
tion onceit hasbeeninitiated, andthe algorithmis objectiein thatit is deterministicand
will not changeits resultover repeatedexecutionson the samedata. However, sufficient
levels of precisionand robustnesshave not beenachieved. Nonethelessthereare some

interestingresultsregardingthe performancef the algorithm.

4.1 Volumetric Image SetOverview

4.1.1 Data Calibration

High resolutionT1-weightedimagesgeneratedy an MR scannersuchasthoseusedin
this work aretypically corruptedby magneticfield andradio frequeng inhomogeneities.

Thisresultsin variationsin intensityandcontrastacrosgsheimage.Thatis, identicaltissue

36
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types(e.g. cortical gray andwhite matter)will give rise to varying intensitiesasa func-
tion of their spatiallocation. This is obviously undesirabldor ary registrationprocedure
which utilizes intensityinformationin orderto matchtissuetypesbetweenthe reference
andsourcevolumes.Typically thevariationis mostpronouncedn the z (superiofinferior)
direction.In orderto correctfor this, a procedurdor computingthe one-dimensiondibias
field” andapplyingits inverseto theimageto generatenormalizedntensityvaluesis used.
The procedureelieson the assumptiorthatin any givenslice parallelto the x-y planein
the magnetcoordinatesystem the highestintensitytissuetype of ary significancewill be

white matter Thealgorithmproceedssfollows:

1. Constructa setof histogramdgrom overlappingslicesparallelto the x-y planein the
magnetoordinatesystem.Ontheorderof 10-15sliceswith 50%overlapin adjacent

slicesis typically used.

2. Smooththeresultinghistogramausinga fairly broad(o = 2) Gaussiaro eliminate

noise-inducegbeaks.

3. Usea peak-findingalgorithmto determineherightmost(i.e. highestintensity) peak
in the histogramcontaininga significantnumberof voxels (usuallymorethan15%
of the non-backgroundoxelsin the slice). The location of the peakspecifiesthe

meanwhite matterintensityfor thatslice.

4. Discardoutliersfrom the arrayof detectedmeanwhite matterintensities.This step
makes useof the factthat the variationin intensity dueto magneticfield inhomo-
geneitiesis smoothacrossspace andthat thereforethe variationin detectedmean
white matterintensity shouldbe smallin any two adjacentlices. Specifically the
mediandetectedvhite mattervaluein a setof slicesaroundthe Talairachorigin is
usedasa startingpoint. Thenslicesareaddedfor which the gradientof the inten-
sity changeover spacewith respecto the nearesvalid sliceis below a prespecified

threshold(0.4/mm).
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5. Fit asetof cubicsplinesto theresultingcoeficientsof thevalid slices.
6. Usethesplinesto interpolatethe coeficientsfor eachpointalongthe z-axis.

7. Adjusteachintensityvalueby the coeficientatits z coordinate.

This procedures quite robustdueto the minimal assumption®n which it relies(i.e.

no parametridorm) aswell asthebuilt-in cross-alidationin step(4).

4.1.2 SourceVolumes

Thevolumetricimagesetsutilizedfor thiswork areT1-weightedvolumeswith 1x1x1mm
voxel resolutiontaken using a short 3-D acquisitionsequencdeg. GE SPGR,Siemens
MP-RAGE). The dimension®f the volumecoveringthe brainareapproximatelyl6.9cm
laterally, 25.6cm inferior to superior and25.6cm posteriorto anterior Theresultingdata
volumeis 256x 256x 256 voxelswherethe lateraldimensiorhasbeenpaddedwith zeros.
Two normalvolumeshave beenselectedo facilitate performancenalysisof the algo-
rithm. Figure4.1shavsthesagittal,coronal,andtrans\erseslicesof VolumeA. Figure4.2

shaws the correspondinglicesof VolumeB.

4.1.3 ReferenceVolumes

Thereferencevolumethatis usedfor registrationis constructedy averagingN previously

alignedindividual brainvolumes.This is expressedn thefollowing equation:

1 N
R(X) = N kZ:La((X)a

where § _ representshe Kth alignedvolume. Associatedwith this averagevolumeis a
measuref the intensityvarianceat eachvoxel location (Q?(x)) which is estimatedn an

unbiasedashionasfollows:
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MR Intensity (counts)

39

Figure4.1: Image volumeof atypicalindividual brain (VolumeA): (a) sagittal, (b) coronal,

and(c) transveseslices.
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Figure4.2: Image volumeof a secondtypical individual brain (MolumeB): (a) sagittal,

(b) coronal,and (c) transveseslices.
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Figure 4.3: Refeence data volume constructedby averaging 40 Talairach registered
brains: (a) sagittal, (b) coronal,and (c) transveseslices.

For the initial referencevolume usedin this work, 40 volumesare registeredin the
Talairachregistrationspaceandthenaveragedasabove. Theresultingcompositevolume
is shavn in Figure4.3,andcorrespondinglicesthroughthe Q(x) datavolumeareshavn
in Figure4.4.

Visual inspectionof this initial referencevolume (Figure 4.3) and comparisorwith a
typical individual volume (Figure 4.1) seemso show that the intrinsic resolutionof the
referencesolumeis lessthanthe 256x 256x 256 voxelsusedto represenit. A crudequal-
itative comparisorbetweenthe sagittalslice of the referencqFigure 4.3(a)]anda Gaus-
sian pyramid constructedrom an individual volume (Figure 4.5) indicatesthat the true
intrinsic resolutionvariessomevherebetweer32x 32x 32 voxelsand128x 128x 128 vox-
els. The corpuscollosumandothersubcorticafeaturesseemto corresponadvell with the
128x128x 128 voxel representatiofFigure 4.5(a)]while the cortical gyri andsulci seem
to only be resolhed aswell asthoseof the 32x32x 32 voxel resolutionindividual [Fig-
ure4.5(c)].
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Figure 4.4: Standad deviation values(Q) associatedwith the refeencevolume (Fig-
ure 4.3): (a) sagittal, (b) coronal,and(c) transveseslices.
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Figure4.5: A mid-sayittal sliceof a brain volumerepresentedt threelevelsof a Gaussian
pyramid: 128x128x 128(a), 64x64x 64 (b), and 32x 32x 32 (c).
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This obsenation raisessomeissuesasto why this compositevolumewith anintrinsi-
cally lower resolutionis usedasa referencefor a high resolutionindividual. Ultimately
thegoalis to not usethis particularreferencevolume,but to useit asanintermediatestep
whichwill helpto obtainwarpswhich improve uponthe Talairachregistrations.Thesame
volumesusedto generatethe referencecan be realignedwith the currentalgorithmand
thena secondreferencecanbe constructedvhich will presumablyhave a higherintrinsic
resolutionandlessvariability thanthe currentreferencesolume. This stepcanberepeated
asappropriatego obtainareferenceawith asuitablyhighresolution.Dueto time constraints,

however, only theinitial referencevolumeis utilized in this work.

4.2 Algorithm Performance

4.2.1 Error Analysis

To evaluatethe performanceof the algorithm,the two individual volumes(A andB) are
first warpedto the compositereferencevolume,andcomparisongarethenmadebetween
thetwo resultingwarpedvolumes.Theobjective functioncoeficientsA,;, A,, andA; areset
to 1,1 x 1073, and1x 10~/ respectiely, andthe primary metric utilized for comparison
is the meansquarecerror (MSE). Table4.1 summarizeshe MSE betweerVolumeA and

VolumeB atvariousstagef thealgorithmandat variousresolutions.

Table4.1: Meansquarecerror (MSE) betweerVolumeA andVolumeB.

PyramidLevel
WarpField | 32x32x32 64x64x64 128x128x128 256x256x256
Affine 61.46 134.98 226.74 367.82
32x32x 32 20.45 86.59 188.16 339.00
64x64x 64 24.37 69.22 164.53 308.63
128x128x128 24.38 75.41 164.54 308.44

To furtherexplain Table4.1,the warpingalgorithmis executedon eachsourcevolume

Bold faceindicatesthe pyramidlevel actuallyutilized to generatehe particularwarpfield.




CHAPTER4. RESULTS 43

(A andB) independentlysingthe previously describedeferencesolumein bothcasesin
the courseof the algorithm,first anaffine warpfield is constructecandthenwarpfields of
32x32x 32, 64x64x64, and128x 128x 128 resolutionare successiely generated Each
warp field is actually obtainedutilizing only a single level of the Gaussiarpyramid (the
bold face entriesin the table), but thenis appliedto all the levels for the purposesof
analysis. To accomplishthis, it is sometimeshecessaryo apply a lower resolutionwarp
field to a higherresolutionvolume. Corversely a higherresolutionwarpfield is, attimes,
appliedto alower resolutionvolume. For this analysis the appropriatelysizedwarp field
is generatedby usingtrilinear interpolation.Now, applyingthe warpfieldsto thevolumes
generates setof 16 differentwarpedvolumes(four warpfields x four pyramidlevels)for
eachsourcevolume. The table entriesindicatethe MSE betweencorrespondingvarped
volumesof VolumeA andVolumeB.

Readingacrossthe table from left to right, the MSE always increases.This canbe
understoodby realizingthatateachlowerlevel (higherresolution)of the Gaussiampyramid
moreandsharpedetailis revealedthusincreasinghepotentialfor mismatchedntensities.
Equwalently, the MSE always decreasesvhenreadingin the oppositedirection (right to
left) becausehe volumesbeingcomparedaresuccessiely blurredandsubsampledThis
blurring andsubsamplindghasthe effect of makingthe volumesmoresimilar.

A moreinterestingview of Table4.1is to readfrom top to bottom. Herewe seethat
the MSE initially improveswhenadwancingfrom the affine warp field to the 32x32x 32
warpfield. The 64x64x64 warp field, however, doesnot alwaysimprove the match(the
32x32x 32 level of the pyramid becomesvorsegoing from 20.45MSE to 24.37MSE).
Furthermoreprogressingo the 128x 128x 128 warp field we seeessentiallyno improve-
mentat ary level of the pyramid. This behaior canbe explainedby recalling that the
intrinsic resolutionof the referencevolumeis closeto 64x 64x 64 asdescribedn Subsec-
tion 4.1.3. Thewarpingalgorithmcannotbe expectedo achieze improvedresultsat levels

beyondtheintrinsic resolutionof the referencevolumebeingemployed.
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Figure4.6: Warp of VolumeA usingthe 128x128x 128 derivedwarp field: (a) sagittal,
(b) coronal,and(c) transveseslices.

Presumablyasdiscussedh Subsectior.1.3,thewarpedvolumesthatareproducedyy
usingthis particularreferencevolumewill be moresuitablyaligned,thusenablingarefer
encevolumewith higherintrinsic resolutionto be constructedinterpretatiorof theresults
that follow do not necessarilysupportthis presumptionhowever. Figure4.6 shavs Vol-
umeA afterapplicationof the 128x 128x 128warpfield. Artif actshave beenintroducedn
attemptingto matchbeyondtheintrinsic resolutionof the referencevolume. For example,
thewavy quality of the scalpandthe corpuscollosumasseenin the sagittalview of Fig-
ure4.6doesnotlook particularlynatural. Figure4.7 shavs the effect of theindependently
derived 128x128x 128 warp field appliedto Volume B. Otherunnaturalartifactsappear
heresuchasthe shadaev-lik e blurring of the scalpon theleft andright sidesof the coronal
sliceandtheappearancef high intensitydotsoutsideof the scalpin theupperright of the
trans\erseview.

The differencemapfor thesetwo warpedvolumesis shaovn in Figure4.8. For com-
parisonwe shav the affine registeredversionsof VolumeA andVolumeB in Figures4.9

and4.10respectiely alongwith their differencemapin Figure4.11.
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Figure4.7: Warp of VolumeB usingthe 128x128x 128 derivedwarp field: (a) sagittal,
(b) coronal,and(c) transveseslices.

In termsof the MSE, the errorsbetweenvolume A andVolumeB whenwarpedwith
their respectie 128x 128x 128 warp fields aresmallerthanthe errorsproducedwith their
affine transformationsThe differencein MSE is only 16%, however. Notethatthe affine
transformatiorappeargualitatvely superiorasnoneof the previously mentionedartifacts
arepresent.

At aresolutionof 32x32x 32, the visual quality of the warpedvolumesis improved
someavhat asseenin Figure4.12. This represent& 60% improvementin the MSE over
the affine transformatiorwithout introducingary significantartifacts. For comparisorthe

affine transformatiorat this samelevel of resolutionis shovn in Figure4.13.

4.2.2 Constraint Analysis

Minimizing the MSE is only oneaspecbf achieving a suitablewarp. As describeefore,
additionalconstraintsare placeduponthe algorithmto facilitatea biologically reasonable
warp. Theseconstraintsaredesignedo maintaina homeomorphisnandalsoto minimize

theamountof distortion.
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Figure4.8: Differencemap of VolumesA and B warpedwith the 128x128x 128 derived
warp field (Figures4.6 and 4.7 respectively):(a) sagittal, (b) coronal, and (c) transvese
slices.
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Figure4.9: Affineregistration of VolumeA with therefeencevolume:(a) sagittal, (b) coro-
nal, and(c) transveseslices.
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Figure 4.10: Affine registration of Volume B with the refelencevolume: (a) sagittal,

(b) coronal,and (c) transveseslices.
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Figure 4.11: Differencemap of VolumesA and B after application of the affine warp:

(a) sagittal, (b) coronal,and(c) transveseslices.
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Figure4.12: Sayittal view after nonlinearwarping of (a) VolumeA, (b) VolumeB, and(c)
their difference(A-B) at 32x 32x 32 resolution.
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Figure4.13: Sayittal view after affine transformatiornof (a) VolumeA, (b) VolumeB, and
(c) their difference(A-B) at 32x 32x 32 resolution.
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Figure4.14: Jacobianmapfor thewarp field obtainedfor VolumeA: (a) sagittal, (b) coro-
nal, and(c) transveseslices.

Shawvn in Figure 4.14 is a map of the Jacobiandeterminantfor the final warp field
obtainedfrom the algorithmafter applicationto VolumeA. Thethreeviews of this figure
corresponaxactlytotheviewsshavnin Figure4.9. Theviewsof theJacobiardeterminant
aredominatedby valuescloseto unity. Thusthe mapappearsatherdarkwhich indicates
that mostof the volumeis beingpresered. In addition,thereare somepointsof higher
intensity indicating volumetric expansionis occurring. On the right side of the sagittal
view of Figure4.14 thereexist afew pointsthatarelessthanzeroindicatingthatvolumetric
inversionhasoccurred.Thesepoints,however, arelessconsequentiadincethey areoutside
of thebrainvolumeitself.

Figure4.15shavsthemetricdistortioninducedby thealgorithm.Herewe seethatmet-
ric distortionis dominatedoy smallvalueswith only a few locationsexceedingmorethan
2 mm. Theareaon theright sideof the sagittalview doesexhibit relatively large amounts
of distortion, but again,this areais outsideof the brain volumeitself. The explanation,

however, for therelatively large distortionandvolumetricinversionis unknown.
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Figure 4.15: Metric distortion introducedby the warp field obtained for Volume A:
(a) sagittal, (b) coronal,and(c) transveseslices.

4.2.3 Execution Speed

The executionof the algorithm cantake a considerableamountof time. For the typical
sourceandreferencevolumesshown in the previous sections the algorithmrequiresap-
proximately80 hoursof executiontime on a 700 MHz Pentiumlll systemwith 512 MB
of main memory A large amountof this time is spentin easily programmedout ineffi-
cientloopsaswell asrecordingintermediatediagnosticresultsto aid in the development
of the algorithm. No attemptwas madeto improve this aspectof performancehowever,
andcertainlyreducedexecutiontimescould be obtainedthroughoptimizedprogramming

techniquesandremoval of the diagnosticcode.
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Conclusions

As notedpreviously, the currenttechniquedoesnotcompletelysatisfytherequirementsgor
a suitablewarp, sodiscussiorof potentialmodificationsis providedin Section5.1. Addi-
tionally, thoughtson the validity of brainwarpingin generalarecontainedn Section5.2,

andconcludingremarksarefoundin Section5.3.

5.1 PossibleModifications

Reducedxecutiontime would greatlyfacilitatethe further developmeniof the currental-
gorithm. While overallspeedf thealgorithmis notof particulartechnicainteresthere the
exceedinglylong executiontimesof 80 hourshinderthe efficient evaluationof algorithm
modificationsandextensions.Software profiling canbe utilized to identify the inefficient
portionsof thealgorithmcodewhich canthenbe optimizedin somefashion.Additionally,
oncedevelopmenbf thealgorithmhasbeencompletedthe productionversionof thecode
canbenefitfrom removal of theintermediatediagnosticoutput.
Whenreasonablexecutiontimesareachiezed,a morethoroughandsystematicsearch

for suitableobjective function coeficients(A,, A,, andA;) canbeaccomplishedin terms
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of MSE andconstrainperformancefinding moresuitablecoeficientsis probablythe sim-
plestandmostdirectway to improve thealgorithm.

Anotheraspecthatshouldbe revisited is the similarity term of the objective function
[Equation(3.10)]. This termis constructedo help guide the generationof the warp by
minimizing a modified meansquarecderror The squareddifferencein this termis mod-
ulatedby an estimateof the varianceat eachsamplinglocation(Q?). The motivation for
thisis thathighly variablelocationsarelessreliableandhenceshouldcontritutelessto the
evolution of thewarpfield. As canbe seenin Figure4.4,the areathatis the mosthighly
variableis the skull and scalp,but this is preciselythe region that hasthe poorestmatch
afterwarpingVolumeA andVolumeB asshown in Figure4.8. Clearly, thisregion mustbe
morevigorouslyandaccuratelyalignedwhich suggestsemoving the Q2 term. Removal of
thisterm,though,maybe problematic.The skull andscalpin thereferencezolumeshowvn
in Figure4.3arenotclearlydelineatecandareof amuchlower intensitythanthe skull and
scalpof the sourcevolumesin Figures4.1and4.2. (This blurredquality of the skull and
scalpregionis, of course,dueto the highervariability of this region.) Consequentlythe
referencesolumedoesnot provide muchguidanceor thewarpingalgorithmasto how the
skull andscalpof thesourcevolumesshouldberegistered.Thesolutionfor this problemis
unclear but potentiallya high resolutionindividual who is somehav representatie of nor-
mal brainsshouldbe utilized asthereferencevolume. Thiswould allow removal of the Q?
termin the objectie function, andthe high resolutionreferencenvould provide improved

guidancefor thewarpingalgorithm.

5.2 Warp Validity

Brain warpingis an active areaof researctwhich combinesboth mathematicandsignal
processingwvith biology and neuroanatomy Considerablattentionhasbeenpaid to the

mathematicahndsignalprocessin@spectasevidencedoy thewide variety of techniques
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whichrely on esoterianathematicatonstructsuchasChristofel symbolg34], procrustes
metrics[35], continuum-mechanid®], etc. While thesemathematicaformalismsarein-
teresting the vastmajority of warpingtechniquesmphasizeéhe mathematicandneglect
thecritical componentf biology. Without a strongconnectiorto the physicalandbiolog-
ical propertiesof living tissueswarpingalgorithmsdegeneratento a someavhatarbitrary
realignmentof voxels. Studiesof anatomyor brain activation basedon thesearbitrary
transformationgnay not containsignificantmeaning.

To be meaningful warpingalgorithmsshouldbe stronglyrootedin a biologicalframe-
work which incorporatesnot only reasonabléiological constraintsbut also the natural
variation of the anatomyunderinvestigation. Ashburnerand Friston comethe closestto
employing biologically relevant constraintsby suggestinghe useof empirically derived
priorsfor their MAP basedschemg12]. Sincethe macroscopighysicalnatureof brain
tissueis relatively unknawn, utilization of databasedestimate®f varianceseemgarticu-
larly compelling. Eventhoughthe physicalpropertiesare unknovn or difficult to model,
thewarpwill still progressn waysthataresimilarto the naturallyoccurringvariationsof
thebrain.

Mostwarpingalgorithmsconstrairnthewarpin somefashionsuchthatobviouslyincor-
rectwarpswhich violate basicbiological principlesareavoided. For example,it is gener
ally acceptedn the literaturethat smoothhomeomorphiavarpsarerequiredfor the warp
to be considerediologically adequateHowever, the degreeof smoothnesgequiredis an
openquestion.Evenwhena vagueansweris givenit is usuallyapplicationspecific. Ad-
ditionally, homeomorphianapsare soughtat the expenseof matchinganatomicfeatures.
While the grossanatomicaktructureshave specificrelationshipswvhich requirea homeo-
morphismatlargescalesthe matchingof detailsatmuchfiner scalesnaybeunnecessarily
blockedby thedesireto maintainapurehomeomorphismTheabsencef obviousbiologic
incompatibilitiesdoesnot precludethe existenceof non-olviousbiologic problemswhich

shouldbe soughtoutandaddressed.
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Theconcisespecificatiorof biologically relevantconstraintsith regardto brainwarp-
ing is a difficult andunsohed problem,andeven oncetheseare clearly statedin biolog-
ical terms,their translationinto mathematicatonstructscanbe particularly problematic.
Nonethelessthe implicationsof biological validity shouldstill be considered.Currently
availablewarpingalgorithmsdo have applicability in clinical andresearclsettings,but it
is vitally importantthatthe warpingmethodsmplo/edarewell understoodvith regardto
their biologicalimplications. The applicationof thewarp mustbe consideredvhenselect-
ing a warpingalgorithm,andif the algorithm doesnot provide sufficient meaningin the
chosercontect thenanalternatve algorithmshouldbefoundor constructed.

Thecurrentselectionof algorithmsseemso be mostsuitedto situationswhereadirect
one-to-onamappingis known to exist asin the caseof registrationof a singlebrainacross
imagingmodalitiesor acrosgime. In thesecasesa singlespecificbrainis underconsider
ation,andunlesssomephysicaltraumahasoccurredoetweenscanstherewill be a direct

homeomorphicorrespondenceetweertheimagevolumes.

5.3 Concluding Remarks

This reportbeganwith a brief history and backgroundof brain warping, aswell asdis-
cussinghewide varietyof applications Severalof themoreprominentwarpingalgorithms
werealsodiscusseavith respecto the currentalgorithm. Theseincludedthe Talairachat-
las which is widely useddueto its simplisticimplementationjntensity basedalgorithms
whichrestprimarily ontheimageintensitiesandmodelbasedalgorithmswhichrely upon
extractionof geometricfeaturesto effect the warp. A full discussiorof the mathematics
behindtransformationss thenprovided and usedasthe basisfor the developmentof the
currentalgorithm.

Fundamentallyanintensitybasedalgorithm,thetechniqueseek4o minimizeanobjec-

tive function which is constructedo encouragesimilarity in intensitywhile discouraging
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volumetricinversionand metric distortion. This is accomplishedn a robust fashionby
utilizing a multi-resolutionscheme.Furthermorethe algorithm operatesvith no human
interventiononceit is initiated. Resultsarethenanalyzedn termsof the meansquared
error(MSE) aswell aswith regardto the constraintsncorporatednto thealgorithm.
Thelargestunsolhedproblemwith the currentalgorithmis the appropriateselectionof
the objective functioncoeficients(A,, A,, andA;). Therelationshipbetweerthe objectve
functiontermsasspecifiedby thesecoeficientsis vital to the succes®f thealgorithm,but
the techniquesavailablein the literaturefor obtainingthemwould requirean intractable
amountof computationif appliedto the currentalgorithm[33]. Also containedin the
concludingchapteris a discussionof the generalvalidity of warping algorithmsand a
suggestiorthat the internalworkings of any warpingtechniquemustbe understoodvith

respecto thebiologicalnatureof brainsbeforeapplicationto a specificproblem.
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