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ABSTRACT

ESTIMATING RESPIRATORY MOTION FROM CT IMAGESVIA DEFORMABLE
MODELSAND PRIORS

by

RongpingZeng

Chair: Jeffrey A. Fessler

Understandingthemovementof tumorsduringbreathingis very importantfor conformal

radiotherapy. Without the knowledgeof the tumor movement,it is likely that either in-

suf�cient doseis deliveredto tumors,or unnecessarydoseis receivedby thesurrounding

normaltissue,or both. However, respiratorymotion is very dif�cult to studyby conven-

tionalx-rayCT imagingsinceobjectmotioncausesinconsistentprojectionviews, leading

to artifactsin reconstructedimages.This dissertationfocusedon developingmethodsto

build four-dimensional(4D) modelsof patient's anatomyduringbreathing,especiallyin

thoracicandupperabdominalregion,with currentlyavailableX-ray imagingtechniques.

We exploredmethodsto estimaterespiratorymotion from a sequenceof cone-beam

X-ray projectionviews acquiredusinga slowly rotatingcone-beamCT (CBCT) scanner

thatwasintegratedinto a Linac system.Theslowly rotatingCBCT scannershave a large

volumecoverageanda high temporalsamplingrate. In the proposeddeformationfrom

orbiting views (DOV) approach,we modeledthe motion asa time varying deformation

of a static referencevolumeof the anatomy. We thenoptimizedthe parametersof the

motion modelby maximizingthe similarity betweenthe modeledandactualprojection

xii



views. Themodeledprojectionviews werecalculatedby deformingthereferencevolume

accordingto a parametric,four-dimensional(4D) B-splinemotion modelandprojecting

thedeformedvolumesontothedetectorcoordinatescorrespondingto theactualmeasured

projectionviews. Challengesof thisestimationproblemincludethelimited gantryrotation

in onebreathingcycle,Comptonscattercontaminationof theprojectionviews andheavy

computation,which will be addressedin the dissertation.We conductedcomputersim-

ulationsanda phantomexperimentto testtheperformanceof this approach.Both cases

achievedestimationaccuracieswithin voxel resolution.Wealsoinvestigatedtheeffectsof

severalfactors,suchasthetemporalknotplacementandregularizationparameters,on the

estimationaccuracy. Long computationtime would limit theclinic usageof this method.

Soweexploredmethodsthatacceleratetheoptimizationprocedure.

Weresearchedthe4DCTimagingmethodsusingmulti-sliceCT (MSCT)scannersand

proposeda methodto �nd the temporalcorrespondencesamongtheunsorted4DCT im-

agesbasedon internalanatomicalmotion.Ourmethodusedall theCT slicesateachtable

positionto estimateinternalmotion-basedsortingindices,Patientstudiesshowedthatthe

internalmotion-basedsortinggreatlyreducedtissuemismatchpresentedin theformedCT

volumesusingtheexternallyrecordedsurrogatesof breathingmotion.

xiii



CHAPTER 1

Intr oduction

1.1 Onebig challengein radiation therapy: respiratory motion

In 2006, morethan160; 000peoplediedfrom lungcancerin UnitedStates.Thatismore

thanthenext four leadingcausesof cancerdeath- colon,breast,pancreasandprostate-

combined,accordingto the AmericanCancerSociety. Effective andef�cient lung can-

cer treatmentis critical. Surgical remover, chemotherapy andradiationtherapy arethree

main methodsof lung cancertreatment.The work presentedin this dissertationaimsat

improving theaccuracy andef�ciency of the third method,radiationtherapy of patients,

especiallyfor thepatientswith lungcancer.

It hasbeenreportedthat respiratorymotioncausessigni�cant movementof tumorsin

thoracicandabdominalregion [3,79]. Many tumorsin thoseregion maymove asmuch

as3 cm peak-to-peakduringradiationtreatment.Suchlargegeometricuncertaintieshave

poseda big challengeto conformalradiotherapy treatmentof patientswith lung cancer.

Conformalradiotherapy requiresthatradiationdoseis preciselydeliveredto tumorswhile

sparingadjacentnormal tissue. Techniquessuchas Intensity ModulatedRadiotherapy

(IMRT) (Fig. 1.1). usesophisticatedsoftwareandmulti-leaf collimatorto shapetheradi-

ationbeamandchangetheintensitywithin eachbeamto deliveroptimumdoses.Thisde-

mandsaccuratetumorandcritical structuredelineation.Lackof knowledgeof respiration

1
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inducedmotionpossiblyresultsin eitherinsuf�cient doseto tumors,unnecessarydoseto

surroundinghealthy tissue,or both.Althoughtreatmentcanbedoneunderbreathholdcon-

dition by forcingpatientsto breatheshallowly or hold theirbreathby instruments[63,95],

suchtypeof treatmentsis veryuncomfortableandevenimpossiblefor somepatientswith

lungcancer, whomayhavedif�culty holdingtheirbreath.

Beam 
Tumor 
(orange) 

Figure1.1: Illustrationof IMRT

Accountingfor motion shouldimprove the effectivenessandef�ciency of radiother-

apy treatment.This canbe achieved by the following techniques.Oneis to incorporate

the anatomicalmovementinto treatmentplaning,ratherthanaddingstandardmargin, to

reducethetotal lungdosereceivedby thepatient[64,74,84]. Thesecondtypeis gatedra-

diotherapy [78,86], in whichthetreatmentplanis designedbasedonthetumorpositionin

acertainphaseandduringtreatmentthebeamis turnedonin thatphaseandturnedoff oth-

erwise.Anothertechniqueis theso-calledfour-dimensional(4D) radiotherapy, in which

theshapeandthe intensityof thebeamis continuouslyadjustedto follow themovement

of tumorsthroughoutthewholebreathingcycle [32,94]. All thosetechniquesrequirethe

knowledgeof how thepatient's anatomymovesduringbreathing.
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1.2 Curr ent 4D CT imaging methods

To obtaina completepictureof the patients'anatomyat all timesduring breathing,

intensive work hasbeendedicatedto four-dimensional(4-D) computedtomography (CT)

(three-dimensional(3D) space+ one-dimensional(1D) timeor breathingphase) imaging

techniques[33,44,48,55,58,66,77,87,96]. With theavailability of 4D CT, deformation

mapsduringbreathingcanbeestimatedby registeringthoseCT volumes.

4D CT imagescanbe acquiredusingeitherslice (singleor multi-slice) CT scanners

or cone-beamCT (CBCT) scanners.SliceCT scannersusuallyrotatevery fastbut have

very limited axial coverage( 2 � 4 cm) [39]. 4DCT imagingtechniquesusingslice CT

scannersoften acquiremultiple two-dimensional(2D) slicesat eachtableposition,sort

theseslicesinto several respiratoryphasebins,andthenstackthoseslicesthatarewithin

thesamephasebinsto form a4D model[48,58,87]. Mostcurrentsortingmethodsdepend

onanexternallyrecordedbreathingindex associatedwith eachCT slice.Thissortingpro-

cessvalidateson theassumptionthattheinternalmotionis reproduciblewith theexternal

breathingindex. Real respiratorymotion is irregular. Correlationbetweenthe external

breathingindex andthe internalanatomicalmotion is often imperfect,leadingto discon-

tinuity artifactsin thesortedCT volumes,asshown in theexamplein Fig. 1.2 [33]. On

the otherhand,CBCT scannershave large axial coveragebut rotatevery slowly (1 min

perrotation).Becauseof theslow rotationof CBCT, 4DCT imagingmethodsusingsuch

scannersalso requirea pre-sortingof the projectionviews into certainphasebins and

thenreconstruct3D CT volumesusingsubsetsof the projectionviews correspondingto

thesamephases[44,66,77]. Assumptionof motionreproducibilityremainsa limitation.

Moreover, insuf�cient numbersof projectionsperbreathingphasemayalsoresultin se-

vereartifactsin thereconstructedimages,suchaslow contrast-to-noiseratio,blurringand
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streakartifacts. Rit et al. conductedexperimentsto study the effect of the numberof

phasebinsonthetemporalandspatialresolutionof the4DCTreconstructionusingCBCT

scanners[66].

Figure1.2:Exampleof discontinuityartifactsseenin the4D CTsacquiringfrom sliceCT scanners.Pictures
areborrowedfrom thepaperby Keall et al. [33].

Those4DCT imaging techniquesare very helpful in unveiling internal anatomical

movementcausedby respiratorymotion. However, limitationsstill exist, suchasthemo-

tion reproducibilityassumptionwith respectto thebreathingindex andinsuf�cient projec-

tion views for 3D volumereconstruction.Degradedimagequalitydueto thoselimitations

jeopardizesthe accuracy of treatmentplanning. Our effort in this dissertationis toward

building 4D CT modelsthatcanbetterdescriberespiratorymotionwith hightemporaland

spatialresolutionandwith lessdistortion.

1.3 Thesisoutline and contributions

In this dissertation,we proposetwo methodsto build 4D patient-speci�crespiratory

motionmodels:thedeformationdomainandtheimagedomain.

� Iterative approachto estimaterespiratorymotionfrom a sequenceof slowly rotating

cone-beamprojectionviews.

Thismethodmodelsthemotionasatime-varyingdeformationof areferencevolume

andestimatesthemotionparametersby maximizingthesimilarity betweenthemod-
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eledandmeasuredprojectionviews. In this work, we designeda parametric,con-

tinuous4D deformablemotionmodel.Wealsocreatedapseudo-periodicityregular-

izationfor theestimatorto compensatethelimited gantryrotationof CBCTscanners

in onebreathingcycle. We developeda methodto acceleratethe whole estimation

procedureby offering theoptimizationalgorithma fairly goodinitial point.

� Iterativesortingmethodof 4DCT imagesbasedon internalanatomicalmotion.

The purposeof this work is to �nd the correspondencesamongthe unsorted4D

CT imagesaccordingto internalanatomicalmotion, ratherthanreplying on exter-

nal breathingsignals,which may not accuratelyre�ect the actualmotion stateand

canleadto severediscontinuityartifact in the sorted4D CT volumes(multiple CT

volumesatdifferentbreathingstates).Usingtheproposedinternalmotionbasedsort-

ing, signi�cantly betterconsistency appearin theresulted4D CT volumes,hencecan

facilitatemoreaccurateimage-guidedradiotherapy.

This dissertationis organizedas follows. Chapter2 gives an introductionof back-

groundsthat help understandingthis work, essentiallyimageregistrationandX-ray CT

imagingtechniques.In Chapter3 the DOV approachis explainedin detail andis eval-

uatedby simulationstudyandphantomexperiment.Chapter4 descriedtheacceleration

methodfor theDOV approach.In Chapter5 theiterativesortingmethodfor 4D CT images

is presented,followedby conclusionandfuturework at theend.



CHAPTER 2

Background and Preliminaries

2.1 Review of Registration

The purposeof imageregistrationis to �nd a geometricalrelationshipbetweentwo

objects.Imageregistrationhasbeenextensively studiedin recentyears[7,24,40,43,54,

56,82,83]. It is widely appliedin themedicalimagedomain,suchas,analyzingthetumor

changesbeforeandaftertreatment,trackingtheneuralactivity in thefMRI images,fusing

imageswith differentmodalities(CT, PET, MRI etc.) to enablemoreaccuratediagnosis.

Otherthanthemedicaldomain,imageregistrationis alsoanimportanttool for theareaof

computervision,suchasmotionanalysisandobjecttracking.

Imageregistrationis de�ned asfollows. Giventwo objects,thereferenceimagef ref(x )

and the target imagef tar(x ), wherex 2 Rd andd is the numberof dimensionsof the

objects,the taskof imageregistrationis to determinea geometrictransformationT that

alignseachpoint in f ref(x ) with thecorrespondingpoint in f tar(x ). Fromthis de�nition,

imageregistrationincludestwo essentialparts,representationof geometrictransforma-

tionsandmeasureof alignmentbetweentwo images(i.e., similarity measure),which we

describenext.

6
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2.1.1 Classi�cation of geometricdeformations

Geometrictransformationscanbe partitionedinto rigid transformationsandnonrigid

transformations.The latter one can be further divided into af�ne transformationsand

curvedtransformations.Someliteraturesmayconsiderrigid transformationsasasubclass

of af�ne transformationsbecausebothtypesarelinear. Fig. 2.1shows examplesfor each

of thesethreetransformationtypes.

Rigid transformationsarede�ned asthetransformationsthatpreserveall distancesand

all angles(Fig. 2.1 a). This kinds of transformationsonly changethe position of one

object and do not changethe shape. Examplesof rigid transformationscan be found

in the behavior of rigid partsof the body, suchas the bonesor the head. This type of

transformationcanbewritten in thefollowing expression:

(2.1) x 0 = Rx + t ;

wherex andx 0 arethepositionsbeforeandafter transformationrespectively, R is a d �

d rotationmatrix and t a translationvector. The elementsof the rotationmatrix R are

decidedby therotationangles.For example,therotationmatrix for a2D imageis

(2.2) R =

0

B
@

cos� � sin�

sin� cos�

1

C
A ;

where� is thecounter-clockwiserotationangle.Therefore,whenusingrigid transforma-

tion, the imageregistrationproblemis to determinemerely the rotationanglesand the

translations.

Nonrigid transformationsarede�ned asthosethatdo not preserve distancesor angles.

Examplesof this type of transformationcan be found in the movementof soft tissue.

(Evenfor rigid body, we mayneedto applynonrigidtransformationsin thecaseof inter-

patientregistration.)This typeof transformationincludestwo widely usedsubsets:af�ne
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transformationsandcurvedtransformations.

Af�ne transformationspreserve the straightnessand parallelismof lines, but allow

changesonanglesbetweenlines(Fig. 2.1b). They canberepresentedby

(2.3) x 0 = Ax + t ;

whereA is and � d matrix. Thereis norestrictionontheelementsof thematrixA, unlike

therotationmatrixR in rigid transformationsin whichtheelementsaredependentto each

otherthroughtherotationangles.Registrationproblemsusingaf�ne transformationsalso

only needto decidea few parameters.

Curved transformations,alsocalledelastictransformations,do not requirethepreser-

vationof anglesor lines(Fig. 2.1c). They arethemostcommontransformationsseenin

soft tissue,suchastheliver, heart,thoraxetc. In mostapplications,thesetransformations

aredescribedusinga localdeformation�eld D,

x 0 = x + D(x ):

Sincethedeformationof theanatomyis generallysmooth,it is reasonableto representthe

localdeformation�eld asasumof shiftedbasisfunctions:

(2.4) D(x ) =
X

i

ci b(x � i )

whereb(x ) is abasisfunctionandci valuesarethecoef�cients. Therearevariouschoices

onthebasisfunctions,suchaspolynomialfunctions,radialfunctionsandsplinefunctions.

Registrationusingcurved transformationoften involvesa largenumberof parametersto

bedetermined.

2.1.2 Registration methods

Registrationproblemsareusuallysolved by iteratively optimizing somecriterion or

somesimilarity measurebetweenthetargetobjectandthedeformedreferenceobject. In
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Original object

a. Rigid transformation

Deformation field

b. Affine transformation

c. Curved transformation

Deformed Object 

Figure2.1: Examplesof geometrictransformations

termsof thesizeof datasetusedin thecriterion,registrationmethodslargelyfall into three

categories: landmark-basedregistration,surface-basedregistrationandpixel/voxel-based

registration.

Landmark-basedregistrationmethodsutilize a setof homologouslandmarksthat are

identi�ed manuallyin boththereferenceimageandthetarget image[29]. Suchmethods

often optimize the averagedistancebetweenthe landmarks. A small numberof points

is usuallyappliedto rigid or af�ne transformations.Surface-basedregistrationusesthe

boundarysurfaceof an anatomicobjector structure[5, 26]. In thesemethods,the cor-

respondingsurfacesin the imagesare determined�rst, and then the transformationis

optimizedto bestalign thesurfaces.Thepreviously mentionedlandmarkbasedregistra-

tion is a specialcaseof the surfacebasedregistration,sincethe surfacecanbe viewed
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asa largesetof points. Determinationof thesurfacecanbesemi-automaticor fully au-

tomaticandtheseregistrationmethodscanbe appliedto both rigid transformations[26]

andnonrigid transformations[73]. However, a dif�cult problemrelatedto the nonrigid

surfacedbasedregistrationis how to interpretthe relationshipbetweenthe deformation

of the internalpointsandthesurfacepoints. Pixel/voxel basedimageregistrationworks

differentlyfrom theprevioustwo classesin thatit operatesdirectlyon theimageintensity

values[40,61,82]. It hasrecentlybecomethemostinterestingregistrationbasisin medical

imagingapplications,sincethesemethodsarefully automaticandcanbeappliedto both

rigid andnonrigidtransformations.Thetransformationsareoftenfoundby iteratively op-

timizing somesimilarity measurecalculatedfrom the pixel/voxel intensityvalues,such

as the sumof squareddifferences,correlationcoef�cients, or mutual information. The

intensity-basedmethodcanalsoincludethelandmark,surfaceor shapefeatureaspartof

its similarity measureto increasetheaccuracy of registration[27,89].

2.1.3 Regularizationson imageregistration

Curvedtransformationsaremoregeneralin representinghumananatomydeformation.

Becausethe large numberof parametersassociatedwith curved transformationsaswell

asmeasurementnoise,elasticregistrationproblemstendto be ill-posed,i.e., thereexist

many local minimawhich maybenonrealistic.Thereforeregularizationsareneccessary

for suchregistrationproblems.Accordingly, thecostfunctionthataregistrationalgorithm

intendsto optimizeincludessomesimilarity termsof the two objectsandregularization

termson the deformationestimates.The similarity metricshave beendiscussedin the

previoussectionandherewebrie�y introducechoicesondeformationregularizations.

Regularazationsareusuallydesignedbasedon somephysicalpropertiesof thehuman

anatomicaldeformation.The following propertieshave beenconsideredin the literature
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of elasticregistration.Smoothnessregularization,which canbemeasuredby thederiva-

tivesof thedeformation�eld, encouragesslow changesof movementbetweenneighbor-

ing voxels. Invertibility regularizationdiscouragesfolding. To penalizesuchundesired

deformationestimates,onemaypenalizenegative Jacobianvaluesof theestimateddefor-

mation[35]. Consistency regularizationencouragesthedeformationsthatalignsobjectA

to B andalignsB to A to bethesame.To posethis regularization,onemayregisterA to B

andB to A simultaneouslyandpenalizethedifferencesbetweenthedeformationestimates

of thetwo directionsbut thenneitheris accurate[7,22,27]. Otherthanthoseglobalprop-

ertiesof human'sanatomicaldeformation,local rigidity or imcompressibilityaccordingto

differenttypesof tissueis alsoconsideredin registration[45,46,70,72,91]. Therigidity of

deformationcanbemeasuredby thedeviation of Jacobianfrom anidentity matrix. Such

penaltiesdiscourageelasticityat the rigid tissuesuchasbone. The imcompressibilityor

volume-preservationpropertycanbemeasuredby thedeviation of thedeterminantof Ja-

cobianfrom unity. It discouragesexpansionandcompressionof soft tissuesuchasliver

andbreast.

2.1.4 Comparisonof TPSand Cubic B-splinedeformation models

Becausethe nonrigid deformationof thoraxis our focusin this dissertation,herewe

comparetwo deformationmodelsusedwidely to describeanatomicaldeformationcaused

by breathing:thin-platespline(TPS)deformationmodelandcubicB-splinedeformation

model.Thetwo modelshave thedifferentchoicesfor thebasisfunctionb(x ) in Eq. (2.4)

TPSdeformation model

For TPSdeformationmodel,thebasisfunctionis

U(x ) = � kx k2 log
�
kx k2�

; (2D cases)

U(x ) = kx k ; (3D cases)(2.5)
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wherekx k2 = x2 + y2 for 2D casesandkx k2 = x2 + y2 + z2 for 3D cases,U is de�ned

to have value0 at the origin, wherelog is not de�ned for 2D cases.This basisfunction

is the so-calledfundamentalsolutionof the biharmonicequation4 2U = 0. Solutions

of thebiharmonicequationrepresenttheform thata thin-plateof metalwould take when

forcedthroughcertain�x edpointswith lowestphysicalbendingenergy, thusthenameof

thin-platespline. The actual3D TPSinterpolationmapbetweentwo setsof landmarks

decomposesinto two parts,anaf�ne partandtheprinciplewarpsasfollows,

x0 = ax
0 + ax

1x + ax
2y + ax

3z +
nX

i =1

cx
i U(kPi � (x; y; z)k);(2.6)

y0 = ay
0 + ay

1x + ay
2y + ay

3z +
nX

i =1

cy
i U(kPi � (x; y; z)k);(2.7)

z0 = az
0 + az

1x + az
2y + az

3z +
nX

i =1

cz
i U(kPi � (x; y; z)k);(2.8)

wherePi denotesthecoordinateof landmarki , (x; y; z) and(x0; y0; z0) thecoordinates

beforeandaftertransformation,andax , ay,az, cx , cy , cz arecoef�cients. Giventwo setsof

landmarks,onein thereferenceimageandanotherhomologousonein thetargetimage,the

coef�cients canbefoundby solvingequationarraysformedby substitutingthelandmark

coordinatesinto (2.6),(2.7)and(2.8)[6]. For medicalimageregistrationapplications,the

landmarksareusuallyidenti�ed basedonspeci�c anatomicalstructures.

B-splinemotion model

B-splinesaresmoothlyconnectedpiecewisepolynomials.Speci�cally, herewereferit

to themostwidely usedB-splinefunctionof degreen = 3, which is calledcubicB-spline.

Its close-formexpressionis asfollows,

(2.9) � (x) =

8
>>>>><

>>>>>:

2
3 � jxj2 + jx j3

2 ; 0 � jxj < 1

(2�j x j)3

6 ; 1 � jxj < 2

0 jxj � 2
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Thed-dimensionalbasisis de�ned to bethetensorproductof the1D cubicB-spline,i.e.,

(2.10) � (x ) =
DY

d=1

� (xd);

A 3D B-splinedeformationmodel,indcludinga identity partandanwarpingpart, is ex-

pressedasfollows,

x0 = x +
KX

k=1

JX

j =1

IX

i =1

cx
ij k �

�
x � x i

hx

�
�

�
y � yj

hy

�
�

�
z � zk

hz

�
;(2.11)

y0 = y +
KX

k=1

JX

j =1

IX

i =1

cy
ij k �

�
x � x i

hx

�
�

�
y � yj

hy

�
�

�
z � zk

hz

�
;(2.12)

z0 = z +
KX

k=1

JX

j =1

IX

i =1

cz
ij k �

�
x � x i

hx

�
�

�
y � yj

hy

�
�

�
z � zk

hz

�
;(2.13)

wheref x i g; f yj gandf zkg) arethecoordinatesof theB-splinecontrolknots,andhx , hy and

hz specifythethewidth of theB-splinefunction.Thecontrolknotsareusuallyuniformly

distributedalongeachdimension,but onemay alsousenonuniformcontrol grids. The

densityof thecontrolgridscanbedifferentfor variousapplications.B-splinemodelwith

adensercontrolgridwill beabletodescribesignalscontaininghigherfrequency, or signals

thatchangemorerapidly. TheoryhasalsobeenestablishedthatB-splinescouldbeagood

interpolatorfor continuoussignals[85]. With the advanceof computertechniques,B-

splinehascaughtmoreandmoreinterestin engineers.

Comparisonof TPSand B-splinedeformation models

A direct comparisonof the basisfunction (2.5) and(2.9) givesan obvious difference

betweenthesetwo models,i.e., TPSbasishasan in�nite supportwhile B-splinehasa

very shortsupport. Hence,changesat eachknot will exert a global effect on the whole

deformationfor theTPSmodel,while only a local effect for theB-splinemodel. In this

sense,B-splinesshouldperformbetteratmodelinglocalandsubtledeformations.

To comparetheperformanceof thesetwo modelsin approximatingthedeformationsof
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thorax,We conductedthefollowing registrationexperimenton 11 pairsof inhaleandex-

halethoraxCT volumes,all with voxel size0:19� 0:19� 0:51cm3: First, thin-platespline

registrationwasusedto aligntheinhaleandexhaleCTs,yieldingaTPSdeformation�eld.

Thenwe did a leastsquare�tting of theTPS�eld into a cubicB-splinedeformation�eld

andregisteredthesamepairof CTsusingtheB-splinemodelstartingfrom the�tted defor-

mation�eld. This registrationyieldeda B-spinedeformation�eld. We comparedthetwo

registrationresultsto seeif theB-splinemodelcouldimproveregistrationaccuracy, which

wasevaluatedby the differencesof the actualandpredictedpositionsof six landmarks.

Theselandmarkswerecarefully identi�ed by expertsfrom the locationsof vascularand

bronchialbifurcations[11].

TPSregistrationwasconductedby M. Coselmonet al. [9]. For theTPSregistration,

30 controlpointswereusedto align theinhaleCT to exhaleCT. Thecontrolpointswere

manuallychosenin both the inhale and exhale CTs. Control points in the inhale CT

were�x ed,while controlpointsin theexhaleCT wereperturbedin thewholeregistration

procedure. At eachiteration, the coordinatesof the control points in exhale CT were

updatedto maximizethemutualinformation(MI) betweentheinhaleCT andthedeformed

exhaleCT. Optimizationmethodwasthe Nelder-Meadsimplex algorithm. Registration

stoppedwhentheMI changein threeconsecutive iterationshadnotexceeda threshold.

B-splineregistrationwasimplementedbasedon thecodewritten by J. Kim [34]. For

the B-splineregistration,meanof squareddifferenceswasusedasthe registrationcrite-

rion. Theestimatorwasregularizedto limit negativeJacobiandeterminant,which implies

nonrealisticanatomydeformationssuchasfolding andsplitting. We chosethe B-spline

knotsto beevenlydistributedin theregionof interestspacingby 16,16and4 pixelsalong

left-right (LR), anterior-posterior(AP) and superior-inferior (SI) direction respectively.

The coef�cient valueat eachknot wasoptimizedusingthe GradientDescentalgorithm.
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Registrationstoppedwhenthecriterionhaddroppeddown to a threshold.

Sincewe wereinterestedin theright lung only, maskingwasdoneto restricttheregis-

trationon theright lung. Computationtimewassavedby thismaskingimageregistration.

Table2.1 summarizestheregistrationaccuracy resultsfor TPSandB-splineregistration,

includingcomparisonsof themeandifference,standarddeviation andcorrelationcoef�-

cientbetweenthe actualandpredictedlandmarkpositions.As canbe seenin this table,

B-splineregistrationresultedin accuracy improvementin mostcases,with a decreaseof

meanabsolutedifferencesup to 3mm in case6. Also thecorrelationbetweentheactual

andthepredictedinhaleCTsweremuchhigherfor B-splineregistrationthanfor TPSreg-

istration. The improvementachieved by B-splineregistrationindicatesthat the B-spline

deformationmodelhasbetterthanor at leastequalperformancewith theTPSdeformation

modelin approximatingthoraxdeformationscausedby breathing.Moreover, theproperty

of local supportof B-splinescould save computationtime andreducethe complexity of

optimization.Thesetwo advantagessupportourdecisionto usetheB-splinemodelfor our

laterrespiratorymotionestimationproblem,in whichwedeformabreathholdCT volume

throughtime to matchits projectionviews to the measuredsequentialprojectionviews,

whichweview asakind of “ tomographicimage registration” problems.

2.2 X-ray computedtomographic imaging systems

2.2.1 X-ray projection operator

ComputedTomography (CT) is a non-invasive imagingtechniqueallowing thevisual-

izationof theinternalstructureof anobject.In aCT system,thepatientis placedbetween

anX-ray sourceandanarrayof X-ray detectors.By rotatingthesourceandthedetector

simultaneouslyaroundthepatient,a largenumberof X-ray projectionsfrom differentan-

glescanbeobtainedduringthedataacquisitionperiod.Ideally, eachprojectionrepresents
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Table2.1:Comparisonof TPSandB-spline registrationresults. MAE and � are the meanandstandard
deviation of theabsoluteerrorsof the thepredictedcoordinatesof landmarksat inhalew.r.t the
actualonesfor eachpatient. cc is thecorrelationcoef�cients betweentheactualinhaleandthe
predictedinhalebasedon registration.

PatientNo. TPSregistration B-splineregistration
MAE � cc MAE � cc

1 0.248 0.112 0.87 0.197 0.059 0.95
2 0.400 0.193 0.84 0.484 0.189 0.85
3 0.644 0.276 0.82 0.472 0.246 0.83
4 0.483 0.374 0.86 0.380 0.196 0.92
5 0.287 0.167 0.84 0.230 0.117 0.90
6 0.575 0.194 0.85 0.265 0.125 0.95
7 0.355 0.185 0.92 0.276 0.126 0.95
8 0.433 0.321 0.86 0.308 0.119 0.91
9 0.350 0.219 0.90 0.350 0.192 0.95
10 0.187 0.117 0.96 0.193 0.136 0.95
11 0.291 0.131 0.95 0.280 0.160 0.97

the summationor integrationof the attenuationcoef�cients of the objectbeingscanned

alongaparticularraypath.

x

y

object

projection

f(x,y)

PSfragreplacements �

�

r n

r n

r ng� (r )

L (�; r n )

Figure2.2: Thegeometryof line integrals.

Fig. 2.2 depictsthe geometryof the line integral processin a CT system. Let f (x )

denotethe attenuationcoef�cients of an object, g� (rn ) the projectionvalue at the nth

elementof thedetectorfrom anangle� , then

g� (rn ) =
Z

L �;r n

f (x )dl;

=
Z Z

f (x; y)� (x cos� + y sin� � r n )dxdy; n = 1; : : : ; N (2D case)(2.14)

whereL �;r n or f x cos� + y sin� � r n = 0g denotestheline tracedby theX-ray from the
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sourceto thedetector, andN is thetotal numberof detectorelements.Eq.(2.14)is called

theRadontransformof f (x ), andthespaceof (�; r ) is consequentlycalledRadonspace.

Let A � denotetheprojectionoperatorfor angle� , thenEq.(2.14)canbewrittensimply

asfollows,

(2.15) g� = A � f ;

whereg� = (g�; 1; � � � ; g�;N ). Ignoringbeamhardeningeffects,themeasurementsY from

anX-ray detectorarerelatedto theprojectionsby Beer's law [53]:

(2.16) E[Ym;n ] = I m;n e� g�;n + Sm;n ; n = 1; : : : ; N;

whereE[:] standsfor theexpectationof arandomvariable,I m;n is aconstantrelatedto the

incidentX-ray intensity, andSm;n denotesthescattercontribution to g�;n .

Eq. (2.14) de�nes the forward projectionoperator, which mapsan object from the

imagedomaininto theprojectiondomain.Anotherfrequentlyusedoperatorin X-ray CT

imaging is backprojection,which takes a function de�ned on eachprojectionline and

“smears”or projectsit backover theline to produceanimage.It mapsanobjectfrom the

projectiondomaininto theimagedomain.Fig. 2.3 illustratesthis backprojectionprocess.

Themathematicalrepresentationof thebackprojectionoperatorfor a singleprojectionis

asfollows,

(2.17) b� (x; y) = g� (rn )� (x cos� + y sin� � r n );

whereb� (x; y) denotesthebackprojectedimage.

The2D Fourier-SlicetheoremstatesthattheFouriertransformof theprojectionof the

objectontoa line is equalto theFouriertransformof theobjecton theline throughorigin

andparallelto theprojectionline, i.e.,

(2.18) G� (� ) = F (u; v)ju= � cos�;v = � sin � ;
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Figure2.3: Illustrationof thebackprojectionoperator.

whereG� (� ) is the1D FT of g� (rn ) andF (u; v) is the2D FT of f (x; y). TheFourier-Slice

theoremin a higherdimensioncanbede�ned in a similar way. Accordingto theFourier

Slice theorem, a 2D object can be reconstructedusing Filtered Back Projection(FBP)

methodfrom a � anglecollection of projectiondatain Radonspace[53,59,99]. The

objectcanalsobereconstructedusingstatisticaliterativemethods,in whichoneminimizes

a costfunctionof themeasuredprojectionsandthemodeledprojectionsof theestimated

object[15,18].

Two essentialoperatorsfor modelingX-ray CT imagingprocessarethe forwardpro-

jectionandbackprojection,which arefrequentlyusedin CT imagereconstructionaswell

asotherapplicationsrelatedto X-ray CT imagingsuchasartifact correction,simulation

or 3D-2D registrationof CT volumesand X-ray �uoroscope images. Currently there

areseveralapproachesavailablefor computingprojections,includingpixel(/voxel)-driven
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methods,ray-driven methodsanddistance-driven methods,whoseprinciplesarebrie�y

explainednext.

Pixel-drivenmethods

In pixel-driven backprojection,the intersectionof the detectoranda line connecting

theX-ray sourceandthecenterof thepixel of interestis decided�rst (Fig. 2.4),.Sincethe

locationof theintersectionmaynotbeexactlyat thesamplepointsof thedetector, interpo-

lation is performedto determinethevalueat theintersectionandthevalueis accumulated

over all projectionanglesat thepixel [23]. A backprojectionimageis formedby looping

thisprocessovereachpixel. Pixel-drivenforwardprojectionis de�nedastheadjointof the

backprojection.Pixel-driven is suitablefor backprojection,but is rarelyusedfor forward

projectionsinceit resultsin high frequency artifactsin thegeneratedprojections[13]

Pixel of Interest

Detector

X-ray source

Intersecction

Figure2.4: Pixel-drivenbackprojection

Ray-drivenmethods

Ray-drivenforwardprojectionworksoneachraypassingfrom theX-ray sourceto the

centerof thedetectorelementof interest(Fig. 2.5). The intersectionsof theray with the

imagearedetermined�rst, andthevalueof eachintersectionlocationis accumulatedto

be the projectionvalueat that detectorelement.The valueat eachintersectionlocation
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is interpolatedandis weightedby the intersectionlengthof the ray within the pixel cell

for accumulation. Ray-driven backprojectionis de�ned to be the adjoint operationof

the forward projection. Typical ray-driven projectionmethodsincludeSiddon's method

[75] andJoseph's method[28]. Ray-driven projectionis popularfor forwardprojection,

but is seldomusedin backprojectionbecauseit generateshigh-frequency artifactsin the

backprojectionimages[13].

Detector

X-ray source

Detector element of interest

Intersections

Figure2.5: Ray-drivenforwardprojection

Distance-drivenmethods

Distance-driven projectionis a recentlyproposedmethod[13,14]. It works by map-

ping the boundaryof all pixels in an imagerow and all detectorcells onto a common

axis (e.g. x axis in Fig. 2.6) (Fig. 2.6). Basedon theseboundaries,the overlap length

betweeneachpixel cell andeachdetectorcells on x-axis is calculatedandthennormal-

izedto betheweightusedin forwardprojectionandbackprojection(symmetric).Sothe

distance-driven forward andbackprojectionoperatorsaretransposedandadjoint to each

other. This methodseliminatethe high-frequency artifactspresentin the previous two

methods.Thedistance-drivenmethodshavecomparableimagequalitywith theray-driven

andpixel-drivenmethodsin forwardprojectionandbackprojectionrespectively, but take

lesscomputationtime thantheothertwo kindsof methods.[13].
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Detector

X-ray source

x

Figure2.6: Distance-drivenprojection

2.2.2 Statistical propertiesof projection views

X-ray projectionimagesarecreatedfrom intensityvaluesthatarerelatedto thenumber

of photonsstriking a detectorelementin a �nite periodof time. The randomquantum

effects,which areoften modeledby a Poissondistribution [1],may dominateover other

sourcesof measurementerrors.Soit is oftenassumedthattheprojectionsareindependent

Poissonrandomvariables,i.e.,

(2.19) Ym;n � Poisson(I m;n e� g�;n + Sm;n );

whereI m;n is aconstantrelatedto theincidentX-ray energy, andSm;n thescatterdistribu-

tion to g�;n . Morecomplicatednoisemodelshavealsobeendeveloped,suchasCompound

Poissonmodel[92] andPoisson-Gaussianmixturemodel[76]. Thesenoisemodelsareim-

portantin designingstatisticalimagereconstructionalgorithms.We will notdiscussthem

furtherin thisdissertation.

In cone-beamsystems,theamountof scatteredradiationdetectedis muchhigherthan

that in fan-beamsystems,becausetheuseof a largeconeangleanda 2D detectorallows

moreout-of-slicescatteredphotonsto reachthedetectorelements.Experimentsshowed

that the scatterto primary ratio (SPR)in a cone-beamsystemcould be up to 3 or more

[19, 81] . X-ray scatterposesa severe physical limitation to imagequality in CBCT,
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resultingin contrastreduction,imageartifacts(cupandstreakartifacts)andinaccuracy of

CT number. An anti-scattergrid andair gap areoften usedto reducex-ray scatter, and

software algorithmsare often usedto handlethe residualscatter. A commonsoftware

correctionmethodincludesan estimationof the scatterdistribution anda subtractionof

theestimatedscatterfrom themeasuredprojectionimage.Therearea few popularways

to estimatescattereffect. Oneis to modelthescatterastheconvolutionof a functionwith

the primary counts.The functioncould be approximatedby an exponentialor Gaussian

kernel [47]. Anotherway is to measurethe scattereffect usinga beamstoparray[57].

Onemayalsoestimatethescatterby usingusingtheMonto-Carlosimulation[8].

2.2.3 Motion effects: inconsistentprojection views

MostCT imagereconstructionalgorithmsassumethattheobjectdoesnotmoveduring

thescan.This stationaryconditionis violatedwhenthereexistsorganmotionduringthe

scanningprocessandthecollectedprojectionsareinconsistent.This inconsistency leads

to severeartifactsin thereconstructedimages,suchasblurring,partialvolume,andstreak

artifacts,especiallyfor organsin thoraxandabdomenregionswheremay presentup to

3cmtissuemovement.Therearevariousmethodsbeingdevelopedto reducemotionarti-

factsin thereconstructedimages..They canbelargely dividedinto threecategories:fast

scanning,reconstructionfor motioncompensationandgatedimageacquisition.In the�rst

class,researchersendeavor to shortenscannerrotationtimesfor dataacquisitionto reduce

motion artifactsandimprove temporalresolution[25,67,68]. For slice CT scanners,it

canrotateasfastas0:5 secperrotationandprojectionsof slightly largerthanhalf rotation

aresuf�cient for onereconstruction.Evenwith this fastscanner, motionartifactsarestill

presentin thereconstructedimages,asshown in Fig. 2.7. In thesecondclass,reconstruc-

tion algorithmsfor motioncompensationarebasedonassumptionsof aprior deformation
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model [10,71,88], or basedon the estimationor detectionof motion usingextra hard-

ware [16,49] or from extra dataset [44]. In mostof thesework, only the deformation

modelsthatpreserve linesareconsidered.However,themovementof humananatomyare

muchmorecomplex thanthoseline-preserveddeformationmodels.In gatedimageacqui-

sition techniques,which aredesignedfor 3D CT volumereconstruction,devicesareused

to measurethebreathingstateeitherasa triggersignalto initiate thescanto acquiredata

at a certainbreathingstate[20], or asa metricto sorttheCT scansinto binsof equivalent

breathingstatesto form a volume[48,87]. However, this typeof methodshighly depend

on the reproducibilityof the organ motion with respectto the externalbreathingindex.

Moreover, the 2D slicesthat arestacked tot form a 3D volumemay still containmotion

artifact. Ratherthanworking on motion reductiondirectly, in DOV, the methodwe will

presentin thenext chapter, weusethosemotion-includedprojectionviews to estimatethe

anatomymotion,assumingavailablea staticreferencevolumeof the anatomysuchasa

breathholdtreatmentplanningCT. With the motion estimatedby DOV anda reference

volume,4D CT imagescanbegeneratedby deformingthereferencevolumeaccordingto

theestimationmotion.

Figure2.7:A slice reconstructedfrom a GE 8-sliceLightspeedCT scanner(0:5 secper rotation).Motion
artifactsexist ataroundtheedgeof themassin theleft lung.



CHAPTER 3

Respiratory motion estimation fr om sequentialX-ray cone-beam
projection views(DOV)

Thischapterdescribesoneof themainwork of thisdissertation,amethodthatestimates

respiratorymotionusinga deformablemotionmodelfrom a staticreferencevolumeand

a sequenceof slowly rotating,free-breathingprojectionviews. We nameis Deformation

from Orbiting Views (DOV). It is essentiallya dynamic3D-2D registrationmethod.3D-

2D imageregistrationhadbeenwidely usedfor patientsetup estimationin radiotherapy

system.It comparesthedigitally renderedradiographs(DRR) of the3D treatmentplan-

ningCT volumeto �uoroscopeor electronicportalimagesto optimizearigid patientsetup

difference[37,42,60]. In our dynamic3D-2D registration,we simutaneouslyoptimizea

sequenceof time dependentnonrigid deformationsto registera 3D CT volumeto a se-

quenceof 2D proejctionviews,which is muchmorechallengingthanthecommon3D-2D

registrationproblems.

Building 4D patient-speci�cdeformablemodelshasattractedconsiderableattentionin

theseseveral years. A straightforward methodis to registera 3D CT volumewith 4D

CT volumeswhich containmultiple 3D CT volumeseachat a pre-de�nedbreathingstate

over the respiratorycycle. However, limitations on current4D CT imagingtechniques,

whichhasbeenbrie�y mentionedin Chapter1 andwill befurtherdiscussedin Chapter4,

will certainlyextendinto thedeformationmodelsestimatedfrom those4D CT volumes.

24
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McClellandet al. [55] proposedmethodto build 4D motion modeldirectly from a high

quality referencevolumeandthe unsorted4D CT imageswhich containfree breathing

multi-sliceCT “slabs”(2 � 3 cm thick) at eachaxial tableposition. They �rst registered

thereferencevolumeto eachof thefree-breathingCT slabusingB-splinebasedfree-form

deformation,thenconstructedmotionmodelby atemporal�tting of theregistrationresults

over onerespiratorycycle,assumingthey have availablethephasepositionat which each

slabwasacquired,for example,from an externally monitoredbreathingindex. Finally

they concatenatethemotionmodelof eachslabto form a 4D motionmodelof thewhole

volume. It is a novel methodandcanprovide onecycle of 4D motion modelaveraged

over a coupleof respiratorycycles,which canfacilitateautomatictargetpropagationand

combiningof dosedover onebreathingcycle. Theaveragedmotionmodelindicatesthat

this 4D motionmodelis not really alongthenaturaltime axis,but alonga parameterized

timeaxis.Moreover, theregistrationstepwereoperatedseparatelyoneachsmallvolumes

of 2 � 3 cmthickness,hencetheregistrationresultmaybelessstableandrobust;thecon-

catenationstepmayalsoyield discontinuityartifactsat theslabboundaries.In our DOV

method,we dynamicallyregistera sequenceof projectionviews spanningover multiple

breathingcyclesto a high quality referenceCT volume,andwe usea B-splinebasedmo-

tion modelwhich is continuousin both time andspacedomain. Hencethe so estimated

motion modelarewith the naturaltime axis andis alsoconsistentin the spatialdomain

becauseof noconcatenationnecessaryin ourmethod.

Most of the contentin this chaptercan be found in our recentlypublishedpapers

[101,102]. We explain the theoryof DOV andthenpresentour simulationsandphan-

tomexperiment.
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3.1 Theory

DOV is a methodthatestimatesrespiratorymotion,a sequenceof time-dependentde-

formations,from a sequenceof slowly rotatingX-ray conebeamprojectionviews with

theavailability of a staticreferenceCT volume.Estimationis oftenaninverseprocedure

aimedat recoveringsomeunknown parametersfrom availablemeasurements.Generally,

for an iteratively solvedestimationproblem,therearethreemain tasks:de�ne a suitable

systemmodelthatdescribesthemathematicalrelationshipamongthe inputsandthepa-

rameters,choosea goodcostfunctionof the parametersaccordingto the systemmodel,

andselectappropriateoptimizationalgorithmsto �nd thevaluesof parametersthatmini-

mizeor maximizethecostfunction. Accordingly, we explain theDOV framework from

thesethreepoints.

3.1.1 The systemmodel

Theproposedmotionestimationmethodusestwo setsof data.Oneis a referencetho-

raxCT volumeobtainedfrom aconventionalfastCT scannerunderbreathholdconditions,

denotedf ref(x ); x 2 R3. Theotheris a sequenceof projectionviews of thesamepatient

acquiredat treatmenttime usinga slowly rotatingcone-beamsystem(1 minuteper rota-

tion), denotedYm ; m = 1; : : : ; M (M is thenumberof projectionviews). We establish

therelationshipbetweenthetwo datasetsf ref(x ) andY in thissection.

We needto �rst addressone concernaboutthe slowly rotating cone-beamsystems.

Although the cone-beamscannersrotateslowly, the acquisitiontime of eachprojection

view is short. For example,recentlydevelopedsystemscanacquire15 framesper sec-

ond,which indicatesthat the imagingtime for eachframeis lessthan0.067second.We

thereforeassumethat the respiratorymotion is negligible within eachsingleprojection

view.



27

Let themotionduringthescanbedenotedasT � (x ; t), a time-dependentdeformation

controlledby parameters� . Sincetheprojectionviews andthe referencevolumeareall

from thesamepatient,the idealprojectionviews gm canberelatedto f ref in termsof the

CT imagingprinciplethroughthemotionasfollows,

gm = A � m f tm ;(3.1)

f tm (x ) = f ref(T � (x ; tm )) ;(3.2)

whereA � m denotestheX-ray projection[53] operatorfor projectionangle� m , andf tm is

thedeformedvolumeat time tm . Combining(3.1)and(3.2),weobtain

(3.3) gm = A � m f ref(T � (�; tm )) :

However, in practicetheprojectionviews gm areestimatedfrom themeasuredphoton

countsYm , whicharealwaysdegradedby noise,dominatedby thePoissoneffect [1]. For

simplicity, weassumeamonoenergeticmodelto describetherelationshipbetweengm and

Ym asfollows,

(3.4) Ym;n � Poisson(I m;n e� gm;n + Sm;n );

whereI m;n is a constantrelatedto the incidentX-ray intensity, Sm;n denotesthe scatter

contribution to Ym;n andn is thedetectorelementindex. Thentheprojectionviews used

for DOV canbeestimatedfrom Ym asfollows,

(3.5) ĝm;n = log

 
I m;n

Ym;n � Ŝm;n

!

:

In (3.5),I m;n canbemeasuredby anair scanandŜm;n is anestimateof thescattercontri-

bution. Thereareafew popularwaysto estimatescatter. Oneis to modelthescatterasthe

convolution of a functionwith the primary counts.The functioncould be approximated

by an exponentialor Gaussiankernel[47]. Anotherway is to measurethe scattereffect
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usingabeamstoparray[57]. Onemayalsoestimatethescatterby usingtheMonto-Carlo

simulationmethod[8]. TheDOV methodcanuseany suchscatterestimates.

We needto choosea deformationmodelto complete(3.3). Usually themovementof

tissuecausedby breathingis nonrigid andsmooth,except the caseof suddencoughor

sneeze,whichshouldbeavoidedduringdataacquisition.Thereforetheanatomydeforma-

tion duringbreathingcanbecharacterizedby smoothcurved transformations,which can

beapproximatedby asumof weightedshiftedbasisfunctionsasdescribedin 2. Sincethe

temporalmovementof anatomyalsohasthesmoothnessproperty, weadoptthefollowing

B-splinebasedmotionmodel,

(3.6) T � (x ; t) = x +
X

j

X

i

� j ;i �
�

t � � j

� t

�
�

�
x � x i

� x

�
;

where� (�) is the cubic B-splinefunctionand� (x ) the tensorproductof cubic B-spline

functions,i.e., � (x ) =
Q D

d=1 � (xd); x = (x1; � � � ; xD ), � j andx i thespatialandtemporal

knot locations,� x and� t controlthewidth of thespatialandtemporalbasisfunctionsre-

spectively, and� theknotcoef�cients. Therearetwo advantagesof usingacubicB-spline

model.Oneis thatthesmallsupportof thecubicB-splinefunctioneasesthecomputation

andoptimization.Theotheris thatthedensityof aB-splinecontrolgrid canbelocally ad-

justedaccordingto thecharacteristicsof thesignalto be�tted. For example,onecanplace

moreknotsat regionswherethesignalchangesfasterandlessknotsotherwise.Although

we usea B-splinebasedmotionmodel,T � (x ; t) generalizesto any othersuitablerepre-

sentations.Note that in (5.2) T � (x ; t) containsmotionsin threeorthogonaldirections,

eachcontrolledby agroupof B-splinecoef�cients. Take themotionin thex-directionfor

example,

(3.7) T x
� (x ; t) = x +

X

j

X

i

� x
j ;i �

�
t � � j

� t

�
�

�
x � x i

� x

�
;

In Equation(3.3) thedeformationis operatedon a continuousreferenceimagef ref(x ).



29

But theactualreferenceCT volumeweobtainis discrete,thereforeweneedto interpolate

it to a continuoussignal. Again, we chosetheuniform cubicB-splinesto interpolatethe

discretereferencevolumeasfollows,

(3.8) f ref(x ) =
X

i

ci � (x � i ) :

ci aresetsuchthat we have a perfect�t at integers,i.e., the intensityvalueof f ref(x ) is

exactly thesameasthatof thediscretereferenceimageat eachintegerpixel. They canbe

solvedconvenientlyby thedigital �ltering approachasdescribedin [85].

To sumup,weestablishedtherelationshipbetweenthetwo measurementsthatareused

by DOV in thissection.Thefollowing blockdiagramsummarizedthisrelationship.In this

block diagramwe treatall the noiseandartifactscausedby dataacquisitionasadditive

noise.Basedon themotionmodel(5.2),theestimationgoalis to �nd themotionparame-

ters� , containingthreegroupsof knotcoef�cients for thethreedirectionsf x; y; zg, from

theprojectionviews ĝm andthereferencevolumef ref.
PSfragreplacements

f r ef f t = f ref(T� (x ; t))
ĝ

T� (x ; t) A

Motion Model Projection

Noise�

Figure3.1: Systemmodelof themeasurements.

3.1.2 Regularizedleast-squareestimator

As statedabove,we needto �nd themotionparametersfrom a sequenceof projection

views and a static anatomyprior of the patient. Thereis no analyticalsolution to this

problem. Moreover, the problemis ill-posed. Usually for suchinverseproblems,the

unknown parametersaresolved by minimizing or maximizinga cost function basedon
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the systemmodel. For an ill-posed inverseproblem,i.e., a problemwhosesolution is

not uniqueor doesnot exist for arbitrarydataor doesnot continuouslydependon data,

a prior informationis oftennecessaryto “reject” thoseunrealisticanswers[4]. Thusthe

costfunctionusuallycontainsregularizationtermsbesidesdata�delity terms.

DOV is essentiallya registrationproblem.But unlike thetraditionalimageregistration

problem,DOV workswith theprojectiondomaindataandis thusmorechallenging.For

example,a 3D imageregistrationtask is to �nd a 3D deformation�eld from two 3D

images,while DOV is tasked to �nd k 3D deformation�elds from one3D imageandn

2D projectionviews,wherek � n. Evidently, DOV attemptsto estimatemoreunknowns

from lessinformation.Thus,regularizationis essential.

In termsof the relationshipbetweengm and f ref describedin (3.3), we constructan

regularizedestimatorof � asfollows,

(3.9) �̂ = argmin
�

�
D (f ĝmg; f pm (� )g) + � sRs(� ) + � tRt (� )

�
;

wheref pm (� )g = fA � m f ref(T � (x ; tm ))g is themodeledprojectionviews of thewarped

referencevolume,D (�; �) is adata�delity term,Rs(� ) is amotionroughnesspenaltyterm,

Rt (� ) is atemporalmotionaperiodicitypenaltyterm,and� s and� t arescalarsthatcontrol

thetrade-off betweenthethreeterms.Weelaboratethethreetermsnext.

Data �delity term

Thissectionelaborateson thedata�delity termin (3.9).We investigatedthefollowing

two intensity-basedmetrics: sumof squareddifferences(SSD)anda correlation-based

metric. Consequentlywe call the estimatorsusingthosetwo metricsLeast-Square(LS)

estimatorandcorrelation-basedestimatorrespectively.

� SSD
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Theexpressionof SSDis asfollows,

(3.10) SSD(f ĝmg; f pm (� )g) =
1

2M N

MX

m=1

kĝm � pm (� )k2

whereM is the numberof projectionviews andN the numberof detectorelementsof

thecone-beamscanner. This metricworkswell for registrationof imagesfrom thesame

modality. This rule appliesto DOV aswell. To yield goodestimatesusingthis approach,

the X-ray energiesshouldbe the samefor imaging the staticCT and for acquiringthe

cone-beamprojectionviews. In additionto this,extra effort maybeneededto correctthe

imagingartifactssuchasComptonscattereffects,beamhardeningeffects,andpresence

of the radiotherapy tablein the projectionviews (not presentin the prior CT). The SSD

represents“bestcase”performancewhensucheffectsarecorrected.However, in practice

it maybedif�cult to correctfor all sucheffects,so the following correlation-basemetric

maybepreferable.

� Correlation-basedmetric

In thecorrelation-basedestimator, weusedthenegative-logarithmof thecorrelationcoef-

�cient (LCC) asthedata�delity metric.Theexpressionis asfollows,

LCC(f ĝmg; f pm (� )g)

=
MX

m=1

� ln(cor(ĝm ; pm (� )))

=
MX

m=1

�
� ln

NX

n=1

(gm;n � �gm )(pm;n (� ) � �pm (� )) +

1
2

ln
NX

n=1

(gm;n � �gm )2 +
1
2

ln
NX

n=1

(pm;n (� ) � �pm (� ))2
�
;

(3.11)

where �gm is the meanvalueof ĝm and �pm (� ) is the meanvalueof pm (� ). In this data

�delity term,weusealogarithmto separatethenumeratoranddenominatorsin theexpres-

sionof thecorrelationcoef�cient, whichsimpli�es thecalculationof its gradient.Because
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the logarithm function is increasing,the logarithm stepdoesnot changethe monotonic-

ity of thecorrelationcoef�cient function. We negatethelogarithmcorrelationcoef�cient

becauseweareminimizing thecostfunctionin theestimator(3.9).

Correlation-basedmetricsaresuitablewhenthe intensitiesof the imagesarelinearly

related.In X-ray imaging,theattenuationis largerwhentheX-ray energy is stronger. So

wemayexpectthecorrelation-basedestimatorcanperformwell evenif theenergy spectra

usedfor theconventionalCT scannerandthecone-beamCT scannerarenot identical.

Penalty design

Thissectionelaborateson thepenaltytermsin (3.9).

� Spatialandtemporalmotionroughnesspenalty

The motion roughnesspenaltydiscouragesrapidly changingbreathingmotion estimates

thatwould beunrealistic.Thespatialmotionroughnesscanbemeasuredqualitatively by

the squareddifferencesbetweenthe displacementsof adjacentvoxels, andthe temporal

motionroughnessby thesquareddifferencesbetweenthedisplacementsof thesamevoxel

at adjacenttime points. To simplify this term,we replacedthe displacementdifferences

by themotionparameterdifferences.With this simpli�cation, this termcanbeexpressed

mathematicallyas

(3.12) R(� ) =
1
2

kC � k2 ;

whereC is adifferencingmatrix,with a typical row having theform (: : : ; 0; � 1; 1; 0; : : :)

for the�rst-order roughnesspenaltyand(: : : ; 0; � 1; 2; 1; 0; : : :) for thesecond-orderrough-

nesspenalty. It canbeshown thatthesecond-orderdifferencingmatrix hasa very similar

high-passstructureto that for penalizingdisplacementsundera cubicB-splinedeforma-

tion model. By including this penaltyterm, theoptimizationis guidedtowarda solution

with asmootherbreathingmotion.
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� Aperiodicitypenalty

Theaperiodicitypenaltyencouragessimilarity betweendeformationestimatesthatcorre-

spondto similar respiratoryphases.Thishelpsensuretemporalregularity. If thetemporal

knotsareevenly spacedin eachbreathingperiodandeachbreathingperiodcontainsthe

samenumberof knots,thenthetemporaldeformationsimilarity canbequanti�ed by the

closenessof thecoef�cient valuesof knotsthatarelocatedat similar respiratoryphases,

for the sake of simplicity. For example,in Fig. 3.12(solidline) therearefour breathing

cycles,eachcontaining5 locally evenly spacedknots.Thus,every �fth knot corresponds

to a similar phase,suchastheknot group(1; 6; 11; 16), theknot group(2; 7; 12; 17), and

soon. Basedonthisdesign,theaperiodicitypenaltytermalsotakestheform of Eq. (3.12),

with thematrix C having a typical row of (: : : ; 0; � 1; 0; : : : ; 0; 1; 0; : : :). Thenumberof

zerosbetween� 1 and1 is relatedto thenumberof knotsplacedin eachbreathingperiod.

To determinethecorrespondencebetweentemporaldeformations,weextractarespiratory

signalfrom theSI positionchangeof thediaphragmin theprojectionviews. Detailsof the

extractionmethodaregivenin Sect3.2.

We addthis penaltytermto helpovercomethelimited gantryrangefor eachbreathing

cycle. Currentradiotherapy systemscanrotate6� persecond,spanningaround20� 40� in

onebreathingcycle. Thereforethemeasuredprojectionviews in onebreathingcyclemay

poorlyre�ect themotionalongcertaindirections.For example,if thegantrystartsfrom 0�

(anteriorview), thentheprojectionviews in the �rst breathingcycle arelessinformative

abouttheAP motion,leadingto poorermotionestimationaccuracy alongtheAP direction

in theabsenceof any otherprior information. However, theprojectionviews takenover

the next breathingcycle canbettercapturethe motion alongAP direction. By usingan

aperiodicitypenaltyterm,motion informationcontainedin theadjacentbreathingcycles

canbe“shared”to helpcompensatefor theangularlimitation.
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3.1.3 Optimization

we useiterative methodsto searchfor �̂ . We experimentedon severalnumericalalgo-

rithms[62] andfoundthattheConjugateGradient(CG)algorithmworkedbettertheothers

we experimented,suchastheGradientDescent(GD), theLevenberg-Marquadt(LM)and

Quasi-Newton (QN) algorithms.TheGD algorithmchoosesthesearchdirectionaccord-

ing to the gradientvector, offering slow convergenceand being easily stuck at a local

minima for DOV. TheLM offeredfastconvergencefor simulatedsmall-sizedataset,but

wasimpracticalfor 3D clinical datadueto thecomputationof a large-sizedHessian.The

QN algorithmapproximatestheinverseof Hessianby updatinga preconditioningmatrix.

Basedon our experiments,theapproximationwasnot accurateenoughto guidetheopti-

mizationtowardacorrectdirectionfor thisproblem.

The CG algorithmdoesnot usethe gradientvectordirectly asits searchdirection. It

modi�es the gradientsearchdirectionsso that the currentsearchdirection is conjugate

to all the previous searchdirections. This modi�cation ensuresa moreef�cient search

over the parameterspaceandhenceconvergesfasterthan the simpleGradientDescent

algorithm.Theupdatingschemefor eachiterationn includesthefollowing steps,

q(n) = r  (� (n)) (gradient)

p(n) = P q(n) (precondition)


 n =

8
><

>:

0; n = 0

real(hp ( n ) ; q( n ) � q( n � 1) i )
real(hp ( n � 1) ; q( n � 1) i ) ; n > 0

d(n) = � p(n) + 
 nd(n� 1) (searchdirection)

� n = argmin
� 2 R

 (� (n) + � d(n)) (stepsize)

� (n+1) = � (n) + � nd(n) (update):

(3.13)



35

We setP = I , which is actuallytheunpreconditionedcase.Ideally thestepsize� n

shouldbesolvedexactly. However, convergencecanalsobeguaranteedif � n satis�esthe

Wolfe conditions[]. To save computationtime,we usedonly oneiterationof theNewton

updateto �nd asub-optimalstepsize�̂ n asfollows,

(3.14) �̂ n = � 0 �
_ (� 0)
• (� 0)

;

wheretheinitial value� 0 is setto bezeroto simplify thecalculation.Theproof is yet to

bedonethatsuchselected̂� n is within therangespeci�ed by theWolfe conditions.The

gradientq(n) , the�rst derivative _ (� 0) andthesecondderivative • (� 0) canbefoundfrom

(3.9)usingthechainrule. Referto AppendixA for detailsof thecalculation.

To acceleratetheoptimizationprocedureandto avoid local minima,we alsoapplieda

multi-resolutiontechnique[82].

3.2 Implementation issues

3.2.1 Extraction of respiratory signal fr om projection views

As describedin the Sect3.1.2, We needa respiratorymarker to determinethe cor-

respondencesbetweenthe temporalknots for the aperiodicitypenalty. We adoptedand

simpli�ed the respiratorysignalextractionmethodpresentedby Zijp' s [105]. The basic

ideais to capturetheSI transitionof thediaphragmin thecollectedprojectionviews. The

methodusesthefollowing four steps:

Step1: we applieda gradient�lter (e.g.,h = [� 1; 1]) to each2D projectionimage

alongthe Cranial-Caudal(CC) direction. This stepis to emphasizethe diaphragm-like

transitionfeaturein eachprojectionimage(Fig. 3.2).

Step2: We took theabsolutevalueof eachgradientimagethenprojectedontotheCC

axis (Fig. 3.3). The “image” formedby combiningall the 1D projectionsclearly shows

somebreathingpatternnearthediaphragmregion, while in theotherregionsthereis no



36

(a)TheX-ray pro-
jectionimage

(b) Its CC gradient
image

Figure3.2: TheX-ray projectionimage(a)andits CC gradientimage(b).

obviousintensitycontrast(Fig. 3.4).

(a) Theabsolutevalueof the
gradientimage

(b) Its axialprojection

Figure3.3: Theabsolutevalueof thegradientimage(a)andits axial projection(b).

Figure3.4:Theimageformedby combiningthe1D axial projections.Eachcolumncorrespondsto a single
1D projection.

Step3: the centroidof each1D projectionwascalculatedandorderedin time. The

formulafor calculatingthecentroidof a1D signalsn ; n = 1; � � � ; N , is

centroid =
P N

n=1 nsn
P N

n=1 sn

.
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Step4: thecentroidsignalwasnormalizedandthensmoothedbyusingasimplemoving

average�lter .

As shown in Fig. 3.12,the estimatedrespiratorysignal(dashedline) presentssimilar

peakandvalley patternsasthatof thetruerespiratorysignal(solid line). An advantageof

thisprojection-view basedmethodis thattheresultingsignalis relatedto internalanatomy

positions,unlike external monitoring methods. We usethis signal to decidethe phase

correspondencebetweentemporalknotsfor calculatingtheaperiodicitypenaltyterm.This

is its only usehere. Sincethis signal is not extremely importantfor the designof our

motionmodel,a roughestimationof thebreathingsignalis suf�cient for DOV.
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Figure3.5:An illustrationof theextractedbreathingsignalborrowedfrom our latersimulationresults.The
solid line representsthetruebreathingsignalandthedashedline representstheextractedbreath-
ing signal.

3.2.2 Useof Kr onecker operator in B-spline relatedcomputations

Let usstartfrom a2D signal,f (x; y), representedby B-spline�nctions asfollows,

(3.15) f (x; y) =
JX

j

IX

i

� ij �
�

x � x i

hx

�
�

�
y � yj

hy

�
:

Supposewewantto calculateF , adiscreteimageof f (x; y) atpositionsf (xnx ; yny ); nx =

1; � � � ; Nx ; ny = 1; � � � ; Nyg. If we de�ne Bx to be an Nx � I matrix with its element
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Bx (nx ; i having thefollowing value

(3.16) Bx (nx ; i ) = �
�

xnx � x i

hx

�
;

andde�ne By anNy � J matrix similarly, thecalculationof FN x � N y is equalto the fol-

lowing linearoperation,

(3.17) F = Bxy � s;

whereBxy = By 
 Bx , representingtheB-splinematrix,and� s is thecolumn-wisestack

of array� ij Here
 denotesthekroneckerproduct.

In our case,we actuallyusea 4D B-spline tensorproductas the basisfunction (3D

spatialand1D temporal(x; y; z; t)), suchasthecalculationof deformationin Eq. (3.7).

TheB-splineoperatorfor this4D caseis

(3.18) Bxy zt = (B t 
 Bz 
 By 
 Bx ):

The sizeof Bxy zt is (NxNyNzN t ) � N � , whereNx , Ny, Nz andN t are the numberof

positionswherethe valuesof the function are requiredto be calculatedalong the four

dimensionrespectively andN � is the total numberof B-splineknots. Directly forming

the matrix Bxy zt and then multiplying with the coef�cient vector � s may requirehuge

computationmemory. To overcomepossiblememoryproblem,we utilize the following

propertyof thekroneckerproduct:

Whendimensionsareappropriatede�nedfor theproductAB C to bewell de�ned,

(3.19) (AB C)s = (C0 
 A)B s:

Hencethe largematrix multiplicationcanbedecomposedinto many smallmatrix multi-

plicationsandit is notneccessaryto storethelargeB matrix.
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3.3 Simulation

This sectionpresentsour simulationresults. The simulateddatasetsweregenerated

basedon several real clinical planningCTs andthe geometryof a slowly rotatingcone

beamCT system,andthusshouldre�ect suf�ciently realisticconditionsto illustratethe

performanceof this method. Furthermore,in the simulationsabsolutetruth is known,

permittingquantitative evaluation.

3.3.1 Simulation setup

Data setup

This sectiondescribeshow we generatedsequentialcone-beamprojectionviews of a

moving CT volumeusingthreebreathholdtreatmentCT volumesof the samepatientat

differentbreathingphases(0%,20%,60%vital capacityabove tidal exhale).

WeselectedthethoraxCT at theendof exhale(0%)asourreferencevolume(Fig.3.6),

with 192� 160� 60 voxels anda voxel sizeof 2 � 2 � 5mm3. We thengenerated70

cone-beamprojectionviews of thewarpedreferencevolumesover a 180� rotation. (The

warpingprocessis describedin thenext paragraph.)Thesimulatedcone-beamsystemhad

a �at-panel detectorof 180� 200elementsof size4 � 4mm2. The sourceto isocenter

distanceand the isocenterto detectordistancewere 1000mm and 500mm respectively.

The gantry rotated6� per secondandspanned180� over the four breathingcycles. We

usedadistance-drivenmethod[14] to calculatetheprojectionviews. To simulaterealistic

projectionviews,scatterandPoissonnoisewereaddedaccordingto thestatisticalproperty

of projectionviews asdescribedin (3.4). We �rst convertedthe projectionviews from

attenuationto primary photoncounts. The incident intensity I m;n in (3.4) usedfor this

conversionis 106 countsperray [93]. We thenapplieda convolution methodto generate

thescattercounts,in whichanormalized2D exponentialkernelwith aFWHM of 4cm[47]
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andascatterto primaryratio(SPR)of 10%wasconvolvedwith theprimaryphotoncounts.

In practicethe SPRmay be higher. Finally the scattercountsand the primary counts

wereaddedtogetherandtheir sumsweretreatedasparametersof theMATLAB function

“poissrnd” to generatePoissondistributednoisyprojectionviews. Fig.3.7displaysseveral

simulatedcone-beamprojectionviews.

(a)Axial view (b) Coronalview (c) Sagittalview

Figure3.6:The threeviews of the referencethoraxCT volume. (Pointsin the imagesare the projection
positionson thethreeplanesof thevoxelsrandomlyselectedfor accuracy plots.

(a)28� (b) 70� (c) 112� (d) 154�

Figure3.7:Examplesof simulatedmotion-includedcone-beamprojectionviews. From left to right, the
projectionanglesare28� ; 70� ; 112� ; 154� .

Therespiratorymotionwesimulatedfor generatingthedynamiccone-beamprojection

views was basedon the threebreathholdCT volumes(0%, 20%, 60% vital capacity).

We �rst registeredthe 20% and60% volumesto the 0% volumeusinga B-splinebased

deformationmodel. Thenwe selectedsomevoxelsnearnonuniformregionssuchasthe

topsurfaceof diaphragmandtheintersectionsof bronchi,whichhavesmallerregistration
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errors.Afterward,wefoundthetimepointst20 andt60 correspondingto the20%and60%

tidal volumesthatbest�t theSI displacementof theselectedvoxelsinto thefollowing 1D

temporalmotionmodel(3.20)[52],

(3.20) z(t) = z0 � acos6(� t=� � � =2);

wherez0 is theSI positionat exhale,a is theamplitudeof themotion. Knowing thede-

formationsat threetime pointsandwith the symmetryassumptionbetweenthe motions

of exhalationandinhalation,we performedtemporalinterpolation(separablefor eachof

threedirections)of thedeformationsat eachvoxel usingtheMATLAB function“csape”

to form onecycle of temporallycontinuousbreathingmotion. Four breathingcycleswith

a total30-secondsdurationweresimulated,eachwith differentbreathingperiodsandam-

plitudes.Thesolid line in Fig. 3.12shows thesimulatedrespiratorysignal.

To illustratethemotionartifactin thedirectreconstruction,weappliedFBPmethodto

thesimulatedmotion-includedprojectionviews andcomparedthe reconstructedvolume

with thatreconstructedfrom motion-freeprojectionviews (generatedusingthesameref-

erencevolumeunderthesamecone-beamgeometrybut without motion) (Fig. 3.8). The

reconstructedCT volumesfrom motion-includedand motion-freeprojectionviews are

displayedin Fig. 3.9 andFig. 3.10respectively. It is obvious that the imagesin Fig. 3.9

presentmany blurringartifactsat theinternallungstructuresandtheedgeof thechestwall

anddiaphragmregion becauseof the inconsistentprojectionviews causedby respiratory

motion.Sinceourgoalis to estimaterespiratorymotionratherthanimagereconstruction,

we arenot concernedaboutthestreakartifactspresentin bothreconstructedvolumesdue

to thesmallnumberof projectionviews.

Preparation for DOV

� Datapreprocessing
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(a)28� (b) 70� (c) 112� (d) 154�

Figure3.8: Exampleof motion-freecone-beamprojectionviews from angle28� ; 70� ; 112� ; 154� .

(a)Axial view

(b) Coronalview (c) Sagittalview

Figure3.9: FBPreconstructedCT volumefrom motion-includedprojectionviews.
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(a)Axial view

(b) Coronalview (c) Sagittalview

Figure3.10:FBPreconstructedCT volumefrom motion-freeprojectionviews.

Thisstepobtainstheprojectionviewsf ĝmg from themeasuredphotoncountsusing(3.5).

Weusedasimplescatterestimatethatwasobtainedby convolving thenoisyphotoncounts

with thesameexponentialkernelusedfor generatingthescatter. For realcone-beampro-

jectionviews, the scatterestimationshouldbe morecomplex. In simulationwe deliber-

atelyusedasimplescattercorrectionmethodsothescatterwasincompletelycorrected,as

is thecasein practice.

� B-splineknotdistribution

Theplacementof B-splinecontrol knotscanbevery �e xible. It canbeeithera uniform

distribution, or a nonuniformdistribution. Theoretically, �ner control grids enablemore

accurateapproximationof a continuoussignal. But in practice,due to the presenceof

noise,very �ne controlgridsmayover�t thenoise.Furthermore,a �ner controlgrid assi-

ciateswith moreparameters,complicatingoptimization.Onecanadjusttheknotspacings

manually, startingwith a relatively coarsecontrolgrid, andthendecreasingtheknotspac-

ings until the optimizationswith the two most recentcontrol grids reachesvery similar
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results.

For our estimation,the sptial control knotswerespacedevenly in the thoraxregion,

with spacingsof hx = 16voxels, hy = 16voxels, hz = 10voxels along the LR, AP

andSI directionrespectively.. They wereplaceddifferently from theknot locationsused

for simulatingthe motion and with lessdensity. For the temporalknot placement,we

usednon-uniformdistribution. We evenly placed5 knotsin eachactive breathingperiod,

yielding 20 temporalknotsalongtheentiretemporalaxis. Theactive breathingperiodis

de�ned to betheinterval from start-inhalationto end-exhalation.A shortrestinterval fol-

lows eachactive breathinginterval. Becausethedeformationduringa restinterval would

be very small with respectto the referencevolume,which is assumedcorrespondingto

end-exhalationstate. We did not placeany temporalknotsin this interval, reducingthe

numberof parametersto be estimated.This nonuniformtemporalknot placementfacil-

itatesestablishmentof the phasecorrespondencebetweenknotsfor aperiodicitypenalty

design,asdescribedin Sect3.1.2.SeeFig. 3.11for anillustrationof thisknotplacement.
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Figure3.11: Illustrationof anidealtemporalknotplacementassumingrespiratorysignalknown

� Optimizationsetup
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For optimization,themotionparameterswereall initialized to bezero.We terminatedthe

optimizationalgorithmwhentheabsolutedifferenceof thecostfunctionvaluebetweenthe

two mostcurrentiterationswaslessthana threshold.We alsoapplieda multi-resolution

techniqueto acceleratetheoptimizationprocedureandto avoid local minima. We started

theoptimizationfrom a downsampled-by-2versionof boththereferencevolumeandthe

projectionviews, thenusedthecoarser-scaleresultasan initialization for thenext �ner -

scaleoptimization.It took about65 iterationsat thecoarserlevel and45 iterationsat the

�ner level to converge.Thetotal computationtime wasabout10 hoursusingMatlabon a

3.4GHzPentiumcomputer.

3.3.2 Resultsand discussion

In this sectionwe studiedthe effectsof the temporalknot distribution, the aperiodic-

ity penaltyandthe two similarity metricson the DOV performance.We quantify DOV

estimationaccuracy usingthe meansandstandarddeviationsof the differencesbetween

the estimatedandthe true simulateddisplacementsof the voxels over the entirevolume

throughall timepoints.

Effectsof the temporal knot placement

Wepresenttwo casesof resultsusingthepenalizedLS estimator. Onecaseusesanideal

temporalknotplacement(“*” signsin Fig. 3.12),basedonthetruerespiratorysignal.The

othercasewaswith automatictemporalknotplacement(“+” signsin Fig. 3.12)according

to the estimatedrespiratorysignal from projectionviews. In the former case,sincethe

truerespiratorysignalwasused,thephasecorrespondencesamongtheknotsin adjacent

breathingcycleswereexactandthustheperiodicityregularity termcouldaccuratelyalign

thethedeformationsat thesamephases.Theidealcaseoffersusa guidelineon how well

thisproposedalgorithmwouldperform.In thelattercase,thepeakintervalsweredetected
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automaticallyfrom theestimatedbreathingsignalandtemporalknotswerespacedevenly

in eachpeakintervals.Becauseof themismatchbetweentheestimatedandtruerespiratory

signals,offsetsexistedbetweenthephasesof theknotsthatwereassumedto fall into the

samebreathingphasesby theaperiodicitypenaltyterm. This representsa practicalcase,

wherethegroundtruthof therespiratorysignalis unavailable.
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Figure3.12: Idealtemporalknotplacement(“*” line) andautomatictemporalknotplacement(“+” line)

With the ideal temporalknot placement,the deformationestimationerrorsover the

entirevolumethroughtime hadnearlyzero-meanGaussiandistributions.As canbeseen

from Table3.1,thestandarddeviationswerelessthan1 mmalongtheLR andAP direction

andlessthan2mmalongSI. Thesenumbersindicatethatmostof estimationerrorswere

very small. Thestandarddeviation alongtheSI directionwasalmosttwice of thatalong

theLR andAP directiondueto coarserreferenceimagesamplingin theSI direction. As

anvisualexampleof theestimationaccuracy, weplottedtheaveragedmotioncurvesof 20

randomlyselectedpoints(Fig. 3.6)in thethoraxregion in Fig. 3.13.Thisplot showsgood

agreementbetweentheestimatedandthetruemotion. Slightly largerdeviationsfrom the

truth occurnearthe peaksof the 2nd and3rd breathingcyclesfor the LR motion curve
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andnearthe peaksof the 1st and4th breathingcyclesfor the AP motion curve. These

deviationswereexpectedsincetheprojectionviewsfrom thoseanglespoorlycapturedthe

deformationsalongtheLR or AP directionsrespectively.

Table3.2lists thestatisticsof thedeformationestimationerrorswith automatictempo-

ral knot placement.Generallytheestimatedmotionerrorswereslightly largerthanthose

with the ideal temporalknot placement.Fig. 3.14 plots the true and estimatedmotion

curvesof thesame20 pointsasmarkedin Fig. 3.6. Unsurprisingly, theestimatedmotion

curvesalsoshowedslightly largerdeviation from thetruth thanthosein thepreviouscase.

Thisdegradedperformanceis mainlydueto thephaseoffsetsbetweenknots.However, the

aperiodicitypenaltytermdid compensatefor theinsuf�cient of angularspanperbreathing

cycleof theslowly rotatingcone-beamscanner.

Comparisonof thetwo resultssuggeststhatbettertemporalknot placementwould im-

prove the motion estimationaccuracy. Sincethe temporalknotsareplacedaccordingto

therespiratorysignal,DOV wouldbene�t from abetterestimateof therespiratorysignal.

Table3.1: Deformationestimationaccuracy underidealtemporalknotplacement.
LR AP SI

Meanerror(mm) 0.11 0.04 0.16
STDdeviation (mm) 0.63 0.81 1.83
MAX Abserror(mm) 6.70 10.82 19.46

Table3.2: Estimationaccuracy underautomatictemporalknotplacement.
LR AP SI

Meanerror(mm) 0.12 0.06 0.27
STDdeviation (mm) 0.74 0.90 2.16
MAX Abserror(mm) 8.02 9.07 23.56

Somelargedeformationerrorsdid occur, evenin thecaseof idealtemporalknotplace-

ment,e.g.,amaximumabsoluteerrorof almost10mmalongtheLR direction.In examin-

ing thelocationsof thelargererrors,we foundthatthey tendedto occurin imageregions

having nearlyuniformintensities,Becausedeformationsin thoseregionswouldexertonly
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Figure3.13:Accuracy plot of the randomlyselected20 pointsunderthe optimizationwith ideal temporal
knot placement.Thethick linesrepresentthetruemotioncurvesaveragedover the20 points.
Thethin linesrepresenttheestimatedmotioncurvesaveragedover the20points.Errorbarson
thethin linesrepresentthestandarddeviationsof thedeformationestimationerrors.
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Figure3.14:Accuracy plot of therandomlyselected20 pointsundertheoptimizationwith automaticknot
placement.Thethick linesrepresentthe truemotioncurvesaveragedover the20 points. The
thin linesrepresenttheestimatedmotioncurvesaveragedover the20 points.Error barson the
thin linesrepresentthestandarddeviationsof thedeformationestimationerrors.



50

very slight changeson the projectionviews. So theseerrorsare likely dueto a lack of

imagestructures,which is commonfor registrationproblems.

A secondpossiblesourceof error is motionmodelmismatch,i.e., therespiratorymo-

tion couldnot berecoveredfully by theB-splinemotionmodelwith thedesignedcontrol

grid. We did B-splineleastsquare�tting of thesyntheticmotionusingthesamecontrol

grid to examinehow mucherrorwould resultfrom themodelmismatchalone.Table3.3

gives the statisticsof the B-splineapproximationerrors. Overall the approximationer-

rors werevery small,but therewerealsosomerelatively large errors. We examinedthe

locationwherethelargestAP motion�tting erroroccurredto seehow well theDOV esti-

mationperformedat thatvoxel. Fig.3.15comparestheestimatedandthe�tted AP motion

curvesof thatvoxel. Thesetwo curvesarecloseto eachother, indicatingthattheestimated

motionwascloseto theoptimumundertheselectedmotionmodelat thisvoxel, whichdid

happento bein anonuniformregion.

Table3.3: B-splineleastsquares�tting errorunderidealtemporalknotplacement.
LR AP SI

Meanerror(mm) 0.00 -0.01 0.00
STDdeviation (mm) 0.15 0.25 0.57
MAX Abserror(mm) 3.81 4.02 9.48

Effectsof the aperiodicity penalty

Theaperiodicitypenaltyis necessaryfor DOV becauseof thelimited gantryanglesin

onebreathingcycle. A too small � t may not suf�ciently bring the motion information

from theadjacentbreathingcyclesto compensatethis limitation, while a too large� t may

subduethe role of the local motion information. This is a tradeoff. To studythe impact

of this term,we ran DOV usingthe penalizedLS estimatorwith different� t valuesand

plottedtheestimationaccuracy in Fig. 3.16. As � t increasesfrom 10� 6, themeanerrors

andthe standarddeviationsin eachdirectiontendto drop andthenrise again after � t is
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Figure3.15:AP motion curvesof the voxel wherethe maximumB-spline�tting error alongAP direction
occurs:thetrue(solid line), theB-spline�tted (dashedline) andtheestimatedby DOV (dashed
dot line).

larger than10� 4. In realisticwe mayadjustthis valueby examiningtheregularity of the

breathingsignal.
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Figure3.16:Themeanerrorsandstandarddeviationsv.s. theaperiodicitypenaltyparameter� t

The penalizedLS and the correlation-basedestimator

Table3.4comparestheestimationaccuraciesof thepenalizedLS andthecorrelation-

basedestimator. As canbe seenfrom the table,the two estimatorsperformcomparably

whentheintensityof themodelledprojectionviewsmatchesthoseof themeasuredviews.

Fig. 3.17draws the accuracy plot of the 20 pointsusingthe correlation-basedestimator.

Thisplot alsoresemblestheaccuracy plot of thepenalizedLS estimatorin Fig. 3.14.
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Table3.4:Theestimationaccuracy of theLS estimatorandthecorrelation-basedestimator. Themeanerrors
andthestandarddeviationswerecalculatedover thewholevolumethroughtime

LR AP SI
LS Meanerror(mm) 0.12 0.06 0.27

STDdeviation (mm) 0.74 0.90 2.16
cor Meanerror(mm) 0.11 0.06 0.20

STDdeviation (mm) 0.60 0.76 1.91
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Figure3.17:Accuracy plot of the randomlyselected20 pointsusingthe correlation-basedestimatorwith
ideal temporalknot placement.The Thick lines representsthe true motion curvesaveraged
over the 20 points. The thin lines representsthe estimatedmotion curvesaveragedover the
20 points. Error barson the thin lines representthe standarddeviationsof the deformation
estimationerrors.
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3.4 Phantomexperiment

We realizethattherealisticconditionwould bemorecomplex thanwhatcanbesimu-

latedpurelyby computer, for example,thenoisein theacquireddatacontainsbothPoisson

andGaussian,theresidualscattereffectaftercorrectionmaystill beprominent.Therefore

we conducteda phantomexperimentthat is morerealisticto furthertesttheDOV perfor-

mance.

3.4.1 Phantomand data collection

Weusedapartiallydeformablethoraxphantomto testtheperformanceof DOV, shown

in Fig. 3.18.It is composedof arigid frameandacompressiblefoamcompartmentinside,

with someballsinserted.A rigid, �at plasticboardis placedat thebottomof thephantom

to simulatea diaphragm.This “diaphragm” is connectedto a linear actuatorthrougha

pieceof wood.Drivenby theactuator, the“diaphragm”canmove backandforth to com-

pressanddeformthematerialinside.Themotionpatternof the“diaphragm”is controlled

by theactuator. For thisexperiment,weusedamotionpro�le with alternatingamplitudes

of 20mmand15mmandalternatingperiodsof 9 sand6 s (Fig. 3.19).

We �rst scannedthephantomusinga conventionalCT. Thevoltageof theX-ray tube

for this CT wasset to 120kv. We scannedthe phantomin threemotion states,with the

“diaphragm”positionedat0cm,1cmand2cmtowardtheneck.Wenamedthethreestatic

volumesto beCT0,CT1 andCT2 respectively. Thereconstructedvolumeshave a sizeof

512� 512� 89with thevoxel sizeof 0:98� 0:98� 3 mm3. CT2wasusedasthereference

volumefor DOV. Theothertwo wereusedasameasureof truth to evaluatetheestimation

accuracy of DOV.

Thenwe moved the phantomto a slowly rotatingcone-beamsystemandstartedthe

actuatorandtook a 360� scanof themoving phantom.Manuallaseralignmentwasper-
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Figure3.18:A pictureof themovablephantom:1. thephantom;2. thediaphragm;3. thewoodconnector;
4. theactuator.
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Figure3.19:Themotionpro�le createdfor theactuator.
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formedto setup the phantomright beforestartingthe cone-beamscan. But insteadof

placingthephantomat thecorrectsetupposition,we deliberatelymovedthephantomoff

about1 cm alongtheaxial directionto testDOV with setuperrors.After completingthe

cone-beamscanof thephantom,weremovedthephantomandcollecteda full cone-beam

scanof thetable.Thetablescanwasusedto normalizethemeasuredphotoncountsof the

phantomscan.For thecone-beamscanner, thevoltageof theX-ray tubewassetto 125kv.

Thedistancefrom theX-ray sourceto thedetectorwas1500:0mmandto theisocenterwas

1000:0mm. Thesizeof the2D �at-panel detectorwas397� 298mm2. Thegantryrotated

at 6� persecondwith a framerateof about11fps. Totally 668views werecollectedfor a

full rotation.

3.4.2 Preprocessing

We croppedthereferenceCT anddownsampledit by 2 in theaxial plane.After crop-

ping anddownsampling,thesizeof thereferenceCT was192� 180� 89 andthevoxel

sizewas2:0 � 2:0 � 3mm3. Fig. 3.20shows threeviews of theCT volume.Theintensity

of themeasuredprojectionsfrom theCBCT scannerarelinear to thephotoncounts.We

neededto convert thecountsto attenuation.Theconversionwasdoneby takinglogarithm

of thetablescandividedby thephantomscan,i.e.,

(3.21) attenuation = ln
the table scan

the phantom scan

An advantageof using the table scanratherthan an air scanas a normalizationfactor

is that the tableartifact may be greatly removed from the phantomscan. However, the

tableartifactcannot betotally removed,(ascanbeseenin Fig. 3.21),becausethescatter

andbeam-hardeningeffectsweredifferent in the tablescanandphantomscan. For the

purposeof DOV, we only usedtheviews in the�rst 180� interval anddownsampledthem

by 4 in thetemporalaxis,sotherewereabout80 views spannedover 180� usedby DOV.
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The projectionviews weretruncatedviews sincethe 2D detectorwasnot large enough

to cover thewholewidth of phantom.We alsodownsampledeachprojectionviews by 4.

After this spatialdownsampling,thesizeof eachprojectionview was252� 188andthe

pixel resolutionwas1:6mm� 1:6mm.

BeforerunningDOV, we estimatedthesetupdifferencebetweentheconventionalCT

andthecone-beamCT system.Without setupcorrection,theestimatedmotionby DOV

wouldcompensatefor thesetuperrorswhichdonotbelongto therealorganmotioncaused

by breathing.Usuallya rigid setupdifferenceis assumed.It canbedescribedby six pa-

rametersf � x ; � y; � z; tx ; ty; tzg: threerotationanglesandthreetranslationsalongeach

axisrespectively. Theseparameterscanbeestimatedby aligningthecomputedprojection

viewsof thereferencevolumeto a few measuredprojectionviews. Thismethodbelongto

the�eld of 2D-3D registrationwhich is commonlyusedfor setupcorrectionin radiother-

apy [37,60,90]. Usually the projectionviews usedin thoseregistrationsdo not include

organ motion. However, this is not the casefor the collectedprojectionviews in DOV.

To meettheconsistency requirement,thesetupdifferenceestimationusedseveralprojec-

tion viewsapproximatelycorrespondingto themotionphaseof thereferencevolume.The

correspondencecanbe establishedbasedon the extractedbreathingsignal from the di-

aphragmtransition.Correlation-basedmetricwasusedin theregistration.Theestimated

setupdifferencewasf 0:0001rad; 0:0038rad; 0:0061rad; 0:89mm; � 0:02mm; 7:74mmg.

(a)Axial slice (b) Coronalslice (c) Sagittalslice

Figure3.20:ThephantomCT.
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181.7o 95.7o 29.0o

Figure3.21:Cone-beamprojectionviewsatangles181:7� ; 95:7� ; 29:0�

3.4.3 Results

Sincetheenergiesof theX-ray tubesweredifferentfor acquiringthestaticreferenceCT

andthecone-beamprojectionviews,theintensitiesof themodelledprojectionviewsof the

referenceCT did notexactlymatchthoseof themeasuredprojectionviews. Furthermore,

otherartifactsexist in themeasuredviews suchasthescatterandbeamhardeningeffects.

UsingthepenalizedLS estimatorwould involve a mappingof the120kvreferenceCT to

a125kvCT. To avoid thiscomplexity, wechosethecorrelation-basedestimator.

The precisemotion of the interior of the phantomwasunknown. To evaluatethe es-

timatedmotion accuracy, we establisheda “ground truth” usingthe following landmark

method.Welocated� ve landmarksin thereferencevolumeCT2andfoundtheirdisplace-

mentsat two motionphases(0cmand1cmof the“diaphragm”movement)by registering

CT2to CT0andCT1. Thelandmarksweselectedwerethecentersof � veballsinsertedin

thephantom.(someballscanbeseenin Fig. 3.20(b)).Weassumedtheregistrationresults

to betrueandcomparedtheestimatedmotionof thelandmarksat thethreephasesto the

truth. Themotionphaseassociatedto eachcone-beamprojectionview canbedecidedby

themotionpro�le (Fig. 3.19). Fromthemotionpro�le, we identi�ed that t = 3:2; 17:5s

correspondedto 0cm position(CT0), t = 4:7; 9:3; 11:1; 15:7s correspondedto 1cm po-

sition (CT1) andt = 6:8; 7:2; 7:5; 12:9; 13:2; 13:6; 21:1; 21:5; 21:8s correspondedto

2cmposition(CT2).
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We calculatedthe meanerrorsandthe standarddeviationsof the estimateddeforma-

tions of the � ve landmarksat those15 time points. The resultswerelisted in Table3.5.

In general,theerrorswerearoundtheresolutionof onevoxel. Only thesystematicerror

in the AP directionwasslightly larger thanexpected.Explanationof this slightly larger

systematicAP errorrequiresfurtherinvestigation.Werealizethattheestablished“ground

truth” maybeslightly rough. In thenearfuture,we expectto designa �ner groundtruth

to testthe DOV performance,for example,by acquiringmorestaticCTs to �nd a more

precisephantommotion.

Table3.5: DOV estimationaccuracy of thephantomexperiment.
LR AP SI

Meanerror(mm) 0.4 1.1 0.2
STDdeviation (mm) 2.5 2.2 1.7

3.4.4 Discussion

Althoughtheestimationaccuracy is expectedto beimprovedfurther, thephantomex-

perimentdid illustrate the feasibility of the DOV principle, becausethis experimentre-

�ected the realisticsituationsin the following threepointsof view. First, the movable

phantomimitateda realhumanthorax. Second,a slowly rotatingcone-beamCT scanner

integratedin a radiotherapy simulatorwasusedto collect theprojectionviews, in which

real imagingartifactsexistedsuchas the truncatedviews, the presenceof radiotherapy

table,Comptonscatterandbeam-hardeningeffects. Third, setupdifferencesbetweenthe

conventionalCT scannerandthecone-beamCT scannerwerealsoconsidered.

However, the motionpatternof the phantomwe createdmay be simpli�ed compared

to thetruebreathingmotion,which would bemuchmoreirregular in bothamplitudeand

period. This irregularity may bring uncertaintyin selectingthe aperiodicitypenaltypa-

rameter� t . In our phantomexperiment,� t wassetto be10� 4, thevaluethatyieldedthe

bestestimationin thesimulation,becausethemotionpatternsof thephantomandthesim-



59

ulationweresimilar. In a realpatientstudy, a monitormaybeusedto instructpatientsto

breathein amoreregularway to reducethedif�culty in selecting� t .

Althoughthephantommotionpatternwassimple,thespatialdeformationsof thephan-

tomincludedintensive“sliding” betweentheedgeof the“diaphragm”andtheinteriorside

of the body frame. This kind of deformationis challengingto �t by the pureB-spline

model. In realpatients,this “sliding” phenomenonwould besomewhat reduced.There-

forewemayexpectbetterestimationaccuracy in a realpatientcase.

Dueto a largeangleof theX-ray coneandtheuseof a 2D detector, substantialscatter

effectswerepresentin thecollectedcone-beamprojectionviews. In our currentphantom

experiment,aposterioscattercorrectionwasskipped.Thisstepwill beimplementedin the

nearfuture.Wecanbuild abeamstoparrayto obtainascatterestimate.A beamstoparray

consistsof small leaddiskspressedinto holesin anacrylic sheet.It canbeplacedright

aftertheX-ray sourcecollimatorsotheprojectionimagere�ects thescatterdistributionat

thepositionswheretheleaddisksareprojectedat,providinganestimateof thescatter[57].

Thesescatterimagesareacquiredseparatelyfrom the respirationcorrelatedcone-beam

projectionviews. We believe includinga scattercorrectioncanfurther improve theDOV

accuracy.

Theestimateddeformationerrorsfor thephantomexperimentwerelargely aroundthe

resolutionof onevoxel. Smallererrorscanbeexpectedusinga referencevolumewith a

higherresolution. In this experiment,we startedthe estimationwith the downsampled-

by-4 referencevolumeandprojectionviews, andstoppedit at thelevel of downsampled-

by-2 resolution. Increaseto the resolutionof the oringinally acquireddatawill require

intensively greatcomputationtime. We realizethat the long computationtime will limit

theusageof theDOV methodin clinic. Thebottleneckof thecomputationis evaluating

(3.3) and (3.2), the 3D deformedreferencevolumesand their projectionviews at each
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time points.Sincemostof thecomputationcanbeimplementedseparatelyview by view,

thecomputationtime canbereducedby parallelcomputingwith a multi-processorCPU.

Anotherpossibleway to reducecomputationtime is to acceleratetheconvergenceof the

optimizationalgorithm.Wewill discussthispossibilityin thenext section.



CHAPTER 4

Accelerationof DOV

We have shown in the previous chapterthat the internal motion of patientsduring

breathingcanbeestimatedfrom a sequenceof slowly rotating2D cone-beamX-ray pro-

jection views anda staticprior of of the patient's anatomy. The so-calledDOV method

yieldedencouragingresults,with theRMS errorsaroundthevoxel sizebothin thesimu-

lation andthephantomexperiment.However, we have realizedthatthecomputationtime

wasvery long. It involvesheavy-loadedoperationson datasetswith very largesize,such

asthewarpingandforwardprojectionof 3D volumes,plusa hugenumberof parameters

associatedwith motionmodelto beoptimized.For example,for thedatapresentedin the

phantomexperiment,it took about10min for eachiterationandtheoptimizationprocess

convergedat aboutthe50thiteration.Thelong computationmaylimit theusageof DOV

in clinic.

Thereare several ways to acceleratethis whole estimationprocedure. One way is

to usemulti-processorCPU and do parallel computing. Sincethe deformationsof the

referencevolumeandtheprojectionsof thedeformedreferencevolumecanbecomputed

separatelyview byview, usingaN-processorCPUmayreducethewholecomputationtime

by a factorof closeto N. Onemay alsoutilize a graphicsacceleratorcardto reducethe

time for projectionoperators.Otherthanthoseaccelerationmethodsthroughhardwares,

61



62

computationtimecanalsobeshortenedby startingtheoptimizationalgorithmfrom apoint

that is closerto theglobalminimum,becausefewer iterationswould berequiredto reach

theconvergencepoint. Anotherbene�t of a goodinitialization is a lessenedchanceof the

optimizationbeingtrappedby localminima.

This chaptermainly discusseshow we initialize theDOV estimationproblemby pro-

viding a simpli�ed motion estimates.We proposea simpli�ed motion model and �nd

its parametersby optimizing the similarity betweenthe actualprojectionviews andthe

calculatedprojectionviews of the referencevolumesdeformedby the estimatedsimpli-

�ed motion. We thenrun DOV from thesimpli�ed motionestimate.Most contentin the

following sectionscanbefoundin oneof our recentpublication[104].

4.1 A simpli�ed motion estimation

Themaindifferenceof thesimpli�ed motionestimationto thepreviouspresentedB-

splinemodelbasedmotionestimationis thata proportionalitymotionmodelis used.We

�rst introducethemotionmodelandthendescribetheestimatorwe usedto �nd thesim-

pli�ed motionparameters.

4.1.1 Proportionality motion model

We designeda simpli�ed motion modelbasedon the following assumption:the dis-

placementof eachvoxel at a singletime is proportionalto thefull movementD f ul l (x ) of

that voxel from endexhaleto endinhale. In otherwords, the relative displacementsof

the voxels with respectto their full displacementsarethe sameat any singletimes. We

will describelater how we obtain the full movementD f ul l (x ). We call this model the

proportionalitymotionmodel.Mathematicallyit is expressedasfollows,

(4.1) T� (x ; t) = x + � (t)D f ul l (x );
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where� (t) representsa1D proportionalitymotionsignal.

The simpli�ed motion model (4.1) is alsobuilt upona prior of the full deformation

of the patientduring inhale,D f ul l (x ). We estimateit by registeringtwo referenceCT

volumesof thepatient,oneatendexhaleandoneatendinhale,denotedf ex(x) andf in(x)

(x 2 R3) respectively. Usually thesetwo referencevolumesareclinically availablefor

treatmentplan. Again we useda B-splinebaseddeformationmodel for registration,It

�nds thedeformationparametersfor D f ul l (x ) by minimizinga costfunctioncontaininga

SSDsimilarity termandaJacobianpenaltyterm[36], asdescribedin Sect2.1.4.SSDcan

beusedasthesimilarity measurefor this registrationproblembecausethetwo reference

volumesarewith thesameimagingmodality.

4.1.2 The simpli�ed motion estimator

For simplicity, in theresultsshown below, weparameterizethecontinuousproportion-

ality function� (t) usingits discretesamples� = f � tm g; m = 1; � � � ; M througha Rect

basisfunctionasfollows,

(4.2) � (t) =
MX

m=1

� tm Rect(
t � tm

Tp
);

whereTp is thetime interval betweenadjacentprojectionview acquisitions.Alternatively,

smoothbasismaywork �ner. With theabove representationof � (t), thegoalfor thesim-

pli�ed motion estimationis to �nd f � tm g; m = 1; � � � ; M , the samplingpointsof � (t)

at theprojectionacquisitiontimes. We estimatetheseparametersby optimizingthesim-

ilarity betweenthemeasuredprojectionviews andthecalculatedprojectionviews of the

deformedreferencevolumesby theproportionalitymotionmodelasfollows,Theformula

of thisestimatoris asfollows,

(4.3) �̂ = argmin
�

�
LC C

�
f gmg; fA � m f r ef (T� (x ; tm ))g

�
+ �R (� )

�
;
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Similarly to (3.9),LC C(�; �) is thedata�delity termmeasuringthecorrelationcoef�cient,

asexpressedin (3.11). R(�) is a roughnesspenaltyterm,taking the form of 1=2jjC � jj 2,

whereC is adifferencingmatrix.

The simpli�ed motion estimatordoesnot containan aperiodicitypenaltyterm. This

term canbe omittedbecausethe problemposedby the limited angularrangeover one

breathingcycle is compensatedby somepropertyof the proportionalitymotion model.

This propertyis that this modelrestrictstherelative displacementsalongthe threedirec-

tions of eachvoxel with respectto its full displacementsare the same. This restriction

interconnectsthemotionalongeachdirection,dislike theB-splinemotionmodel,which

treatsthemotionalongeachdirectionindependently.

We again usetheCG algorithmto solve (4.3). Becauseof thesmallernumberof pa-

rametersassociatedwith theproportionalitymotionmodel,adownsampledreferencevol-

umeandprojectionviews mayalreadybesuf�cient for this estimationproblem.As will

be shown later in Table 4.1, the estimationaccuraciesare very similar when using the

datasetswith andwithout downsampling-by-2.Hencewe cansolve this problemusing

datasetswith smallersizes,reducingthecomputationtime.

The simpli�ed motion estimatecan be usedtwofold. First, it can be treatedas an

initialization for DOV with B-splinemotion model,which is the main purposefor this

part of work. Second,the 1D sequencê� representsthe averagedrelative deformation

over time with respectto the full deformation. It can be usedas a breathingsignal to

guide the temporalknot placement.As will be shown in the simulation,the estimated

1D sequencê� would bemorecloserto thetruebreathingpatternthantheoneextracted

from measuredprojectionviews. Therefore,�̂ canguideus to placethe temporalknots

sothatthephasecorrespondencesbetweenknotsin theapriodicitypenaltytermaremore

accurate.
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4.2 LS �tting of the simpli�ed motion estimateinto B-spline motion
model

The simpli�ed motion estimate�̂ Df ul l (x ) offers an initial guessof the motion. We

thenimplementa least-square�tting of �̂ Df ul l (x ) into theB-splinemotionmodel(5.2),

to obtainaninitial setof B-splineknot coef�cients � 0. Theoptimizationfor DOV with a

B-splinemodelwill thenstartfrom � 0.

Least-square�tting canbedoneanalytically. BecausetheB-splinedeformationmodel

is usedin ourregistrationto obtainD f ul l (x ), weonly needto �t �̂ into aB-splinefunction,

i.e., �nd � suchthat,

(4.4) � (t) =
JX

j =1

� j �
�

t � � j

� t

�

holdsat every time sampleindex tm . As describedin Sect3.2,Eq. (4.4)holdsat discrete

time indicescanbeexpressedas,

(4.5) � = B t � ;

whereB t is anM � J matrixwith entryB t [m; j ] = �
�

tm � � j

� t

�
. Thenthesolutionof (4.5)

canbefoundby takeingtheadjointoperatorasfollows,

(4.6) � = (B 0
tB t )� 1B 0

t � ;

Assume

(4.7) Df ul l (x ) =
IX

i


 i �
�

x � x i

� x

�
;

wheref 
 i g aretheB-splineknot coef�cients of thefull deformationmapwhich we have

alreadyestimatedfromregistration,thenweobtaintheinitial valuesof theB-splinemotion

by takingthefollowing Kroneckeroperation,

(4.8) � 0 = � 
 
 :

� 0 is thenis input to theDOV optimizationalgorithmto enablefasterconvergence.
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4.3 Computation complexity

The implementationof both motion estimators(3.9) and(4.3) includesthe following

operatorson 3D volumes:B-splinebasedimageinterpolation,B-splinebasedimagede-

formation,andcone-beamforwardprojection.Thecomputationcomplexity for theopti-

mizationalgorithmis approximatelyin theorderof O(CM VU), whereC is thenumber

of motion parameters,M is the numberof projectionviews, V is the sizeof the static

referencevolumeandU is thesizeof eachprojectionviews.

For theB-splinemotionmodel,thenumberof knotsweusedin simulationandphantom

experimentarein theorderof 105; while for theproportionalitymotionmodel,thenumber

of parameterswasequalthenumberof projectionviews,which waslessthan100in both

simulationsandthe phantomexperiment. Furthermore,becauseof the small numberof

parameters,we canestimatethe the proportionalitymotion parametersusingdownsam-

pledreferencevolumeandprojectionviews. sothecomputationof thesimpli�ed motion

estimatoris signi�cantly shorterthanDOV with B-splinemotionmodel.

4.4 Performanceevaluation

We testedthis accelerationmethodon thesimulatedandphantomdatasets.We com-

paredtheperformanceof thefollowing threeDOV estimators:

� DOV with “zero” initialization: DOV startingfrom a coarserresolutionwith all pa-

rametersinitialized to bezeros.

� DOV with initialization: DOV from thesimpli�ed motionestimates.

� Simpli�ed motionestimator

We needonemorereferencevolumefor the simpli�ed motion estimator. For the simu-

lation case,we addedthe60%breath-holdCT volume. For thephantomcase,we added
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CT0,whichcorrespondingto a0cmmovementof thediaphragm.

4.4.1 Simulation

We �rst registeredthe 0% andthe 60%CTs to obtainthe full deformation.We then

downsampledtheexhalereferencevolumein thetransaxialplaneandeachprojectionview

by 2 andexecutedthesimpli�ed motionestimator. Theoptimizationconvergedat about

the20th iteration,with eachiterationtakingabout30sec.Sincethesimpleproportionality

motionmodelcontaineda small numberof degreesof freedom,usingthe downsampled

imageswould not degradetheaccuracy of thesimplemotionestimatesbut would greatly

reducethe computationtime. This conjectureagreeswith the resultspresentedin Table

4.1. Fig. 4.1shows theestimatedmotionproportionalityparameters(dashline). It resem-

blesthe“true” breathingpatternvery closely. So,for DOV with B-splinemotionmodel,

we canplacethe temporalknotsaccordingto theestimatedsignal �̂ . Suchplacementis

closerto theidealtemporalknot placementthanthataccordingto theextractedbreathing

signal,helpingincreasethe estimationaccuracy asdiscussedin Sect3.3. Startingfrom

thesimpli�ed motionestimate,DOV convergedwith considerablyfewer iterationsalmost

half of iterationnumberof DOV with “zero” initialization,asseenin theconvergenceplot

Fig. 4.2. Table4.2 list theestimationaccuracy of thethreeestimators.DOV with initial-

izationachievedsimilar accuracy to thatof DOV with “zero” initialization,but with only

half of thelatter's computationtime.

Meanerror/STD(mm) LR AP SI
Downsampledby 2 -0.05/0.19 0.03/0.37 -0.09/0.88
W/O downsampling -0.05/0.18 0.03/0.35 -0.09/0.84

Table4.1:Estimationaccuracy for thesimplemotionestimationonthesimulationdata.Thetableshowsthe
meanandthe standarddeviation (STD) of the errorsover the entirevolumethroughtime. The
estimationaccuracy with datadownsampledby 2 andwithout datadownsamplingattainedvery
similarperformance.
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Meanerror/STD(mm) LR AP SI
DOV with “zero” initialization 0.12/0.74 0.06/0.90 0.27/2.16
DOV with initialization -0.02/0.22 0.04/0.43 -0.03/0.90
Simpli�ed motionestimator -0.05/0.19 0.03/0.37 -0.09/0.88

Table4.2:Estimationaccuracy of DOV with “zero” initialization andDOV startingfrom simpli�ed motion
estimates
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Figure4.1: Theestimatedmotionproportionalityparameterŝ� .

4.4.2 Phantomexperiment

We also testedthe simplemotion estimationon the phantomdataset. Readersmay

referto Sect3.4for thedetailon theexperimentsetupanddatacollection.

Fig. 4.3 plots the estimatedproportionalityparameterŝ� and the motion pro�le of

the actuatorthat drove the movementof the phantom.As canbe seen,the estimated�̂

resemblesthe actualmotion pro�le very closely. Again, by initializing with the simpli-

�ed motionestimates,DOV achievedfasterconvergence.Theestimationaccuracy of the

simpli�ed motionestimatesandthemotionestimatesof the two DOV casesarelisted in

Table4.3.As canbeseenin thethis table,DOV startingfrom simpli�ed motionestimates

improved theestimationaccuracy in theLR andAP directions,comparingto thosewith

“zero” initialization. Table4.3alsoindicatesthatDOV with initializationresultedin larger

estimationerrorsthanthe simpli�ed motion estimatoritself. This phenomenonmay be
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Figure4.2:Convergencecurves of the DOV with “zero” initialization andDOV startingfrom simpli�ed
motionestimates

explainedasfollows. Thecollectedprojectionviews containedseverescattereffectsand

tableartifact,asseenin Fig. 3.21. Theestimatortreatedtheusefuldatainformationand

thoseartifactsequally. Althoughthemorecomplex B-splinemotionmodelcouldcharac-

terizelocaldeformationsbetter, it mightover�t thenoiseartifactsontheotherhand.In ad-

dition,theactualphantommotionmayagreewith themotionproportionalityassumption.

Thustheestimatorwith thesimpli�ed motionmodelcould �nd closer-to-truthsolutions,

while theonewith B-splinemotionmodelperformedworse.This phenomenonsuggests

thataposteriorscattercorrectionmayimprove theDOV motionestimationaccuracy.

Meanerror/STD(mm) LR AP SI
Simpli�ed motionestimator -0.02/0.06 0.01/0.07 0.47/0.38
DOV with “zero” initialization 0.42/2.49 1.08/2.24 0.24/1.72
DOV startingfrom simpli�ed motionestimates 0.41/0.68 1.03/0.91 -0.04/2.19

Table4.3:Estimationaccuracy of thesimpli�ed motionestimator, DOV with “zero” initializationandDOV
startingfrom simpli�ed motionestimates.The tableshows themeanandtheSTD of theerrors
over thelandmarks.
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Figure4.3:Themotionpro�le andourestimatedscalarmotionproportionalityparameterŝ� . Theestimates
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4.5 Summary on DOV

In chapter3 and4 we describedDOV, a methodto estimaterespiratorymotionfrom a

sequenceof slowly rotatingX-ray cone-beamprojectionviews. In this method,we adopt

aB-splinemotionmodel,deformabreathholdthoraxCT volumeaccordingto themotion

model,and�nd theparametersof themotionmodelby optimizingthesimilarity between

the measuredprojectionviews andthe modeledprojectionviews of the deformedrefer-

encevolume. Therearea few advantagesof this methodover theother4D CT imaging

techniques.First, we do not assumeany reproducibilitybetweenthe internalmotionand

an externalmonitoringindex, hencetissuediscontinuityartifactscanbe removed in the

4D CT imagesgeneratedby DOV. Althoughwe useperiodicityregularizationin our cost

functionto compensatefor thelimited angularrangeoveronebreathingcycle,theregular-

ization is differentfrom andmuchweaker thanthereproducibilityrequirement.Second,

theB-splinemotionmodelgivesacontinuousrepresentationof theestimatedmotiononce

the motion parametersaresolved. Becausewe useda sequenceof dynamicprojection

viewswith high temporalsamplingrate,theestimatedrespiratorymotionwould inherited

the propertyof high temporalresolution. Third, motion is estimatedfrom the on-board
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cone-beamprojectiondataandcanprovide the latestupdateof the patient's motionpat-

tern. We realizethat thepatients'anatomymaychangeafter the latestreferencevolume

is acquired.Sincethedeformablemotionmodelmaybeableto describemodestchanges

in tumorpositionandshapegivenanappropriateknotdistribution,evenif thereareslight

changeson patientsanatomy, we conjecturethat the latestreferencevolumecould still

be usedby DOV without degradingthe performancedramatically. However, large de-

formationsmay either invalidatethe referencemodelor increasedegeneracy of motion

estimation.Thelikely scenariois thata largeaveragedeformationnearthereferencestate

would leadto arepeatclinical simulation,thusupdatingthepatientmodelfor treatmentas

well asfuturemotionestimation.

By providing DOV a simpli�ed motion estimateto startwith, the optimizationpro-

cessconvergedwith muchfewer iterations,greatlyreducingthe computationtime. Our

simulationandphantomexperimentyieldedencouragingresults,with estimationaccuracy

subvoxel in thesimulationstudyandcloseto voxel resolutionin thephantomexperiment.

Performancemay be further improved by including scattercorrectionin the measured

projectionviews, eitherby implementinga scattercorrectionbeforeestimation,or by in-

corporatingscattereffect into theforwardmodelfor theestimator. We canalsoput more

regularizationontotheestimateddeformations,suchastissuerigidity, invertibility etc.



CHAPTER 5

Iterati vesorting for 4DCT imagesbasedon internal anatomy
movement

5.1 Overview of 4DCT imaging methods

Previous Chapterdescribeda novel methodwe developedto estimatea 4D motion

model from a sequenceof projectionviews acquiredusing CBCT scannersthat rotate

slowly. Thischapterdiscussouranothereffort towardhelpingunveil patientsorganmotion

duringbreathingthrough4DCT imagingtechniques.

4DCT imagingmethodshave arousedincreasinginterestin recentseveralyearssince

it canprovide temporalinformationof anatomyduring breathing. Both multi-slice CT

scannersandCBCT scannerscanbeusedto the4DCT reconstruction.In this chapterwe

focuson4DCTusingmulti-sliceCT scanners.

ConventionalCT imagereconstructionalgorithmsassumetheobjectis still duringdata

acquisition. However, this assumptionis violatedwhen imaging the thoraxbecauseof

breathing.Ignoringthis violationandusinginconsistentX-ray projectionviews resultsin

motionartifactsin thereconstructedimages.Breathholdscansreducethemotioneffects

[95]. However, currentmulti-slicescannershave anapertureof only a few centimetersin

theaxialdirectionperrotation[39]; coveringthelengthof awholethoraxrequiresmultiple

rotationsof thegantrywith eachrotationarounddifferentaxial positions.Thusthedata

acquisitiontimefor thethoraxcanexceedthedurationfor whichpatientscancomfortably
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hold their breath,especiallyfor patientswith lung cancerand paediatricpatients. For

example,for an8-sliceCT scannerwith a 2 cm axial coveragerotatingat 0.5secondper

360� (GE Ultra), to imagea 24cm-lengthbody in cinemode,theacquisitiontime would

be around20 secondsincluding the table translationtime [58]. Moveover, onestateof

the thoraxCT volumeis insuf�cient to characterizethe internalmotion during a whole

breathingcycle,which is importantfor thedesignandveri�cation of treatmentplans.

To reconstructtime-resolvedCT volumesof patientsthatbreathefreely duringa scan,

differentscanningprotocolsusingmulti-sliceCT scannersarebeinginvestigated[17,48,

58,65]. Althoughsubtledifferencesexist amongthosescanningprotocols,their general

ideasarethesame,andcanbedescribedby anoversampling-sortingprocess.Oversam-

pling heremeansthatateachtablepositiontheX-ray gantryrotatesfor oneto two breath-

ing cycles.Multiple CT slicesarereconstructedfrom theacquiredprojectiondataat each

position. TemporallycoherentCT slicesaresortedandstackedto form 4D CT volumes,

asillustratedin Fig.5.1.Thesortingprocessusuallydependsonexternalbreathingsignals

that arerecordedsynchronouslywith the scanby somemotion monitoringsystem.The

recordedbreathingsignalsmayre�ect theskinmotion[65,87], theskintension[38] or the

tidal volumemeasuredorally [48]. Suchexternalbreathingindicesmaynot alwaysaccu-

ratelyrepresenttheinternalmotionstatus[80,97]. Usingantheexternalbreathingsignal

thatpoorly correlateswith theactualthoracicmotion,maycauseseveretissuemismatch

in theretrospectively sortedCT volumes.

Thesortingrequireda goodrespiratory-motion-correlatedsignal. Sometimesexternal

breathingsignalsare not availableor poorly correlatewith the actualinternalanatomy

motion. Existingmethodsfor extractingbreathingindicesdirectly from the imageitself,

include tracking the centerof mass(COM) [30,41], correlatingof a region of interest

(ROI) betweenadjacentslicesin consecutive tablepositions[58], calculatingtheinternal



74

Figure5.1: Illustrationof 4DCTmethodusingsliceCT scanners.

air content[51] or estimatingthediaphragm's superior-inferior (SI) positionin thecone-

beamprojectionviews [77,105]. In 4D multi-slice CT images,trackingthe diaphragm

transitionis inapplicablebecausethestructureis presentonly in slicesnearthebottomof

thethorax.TheCOM or correlationmetricsmayhelpidentify thephasein onebreathing

cycle of the acquiredimages.However, respiratorymotion usuallyvariesin amplitude,

durationandshapefrom cycle to cycle, so thereproducibilityof themotionwith respect

to phasemaybepoor, relative to cardiacmotion. It hasbeenreportedthatphasesorting

oftenresultsin moreartifactsin thestackedCT volumesthanamplitudesorting[50,86,96]

due to weakreproducibilityof breathingmotion. Therefore,amplitudesorting is more

practicalfor respiratorymotion. However, theamplitudesof COM or correlationsignals

areincomparablebetweendifferentscanperiods.Therefore,they may be insuf�cient to

facilitateamplitudesortingfor 4D multi-sliceCT imaging.

We believe a needexists to have a systemto improve on externalor simple internal

sortingfor casesin which thesemethodsyield unacceptableartifacts. In this chapterwe

develop an iterative methodto sort the CT slicesbasedon internalanatomymotion. In
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this method,we usedall slicesto estimateinternalmotion basedbreathingindices; the

estimatedbreathingindiceswerethenusedto sort theCT slicesto form 4D CT volumes.

Usingthenewly sortedCT volumes,we continuedanotheriterationof motionestimation

andsorting,until two successive iterationsyield exactly thesameinhaleandexhalerefer-

encevolumes.Detailsof our methodaredescribednext. Four patientstudiesillustrates

thatour estimatedinternalmotionindicesyield comparableimagequality asthoseof ex-

ternal signal-based4D CT volumeswhen the recordedsignalswork �ne, andachieves

signi�cant improvementwhentheexternalsignalsarevery inaccurate,abeitwith longer

computationtime. So our methodmay serve asa backupsolutionwhenexternalsurro-

gatesof breathingmotionwork poorly. Thefollowing contentis a moredetailedversion

of our recentlypublication[103].

5.2 Iterati vesorting basedon internal anatomymotion

5.2.1 Data acquisition

A GeneralElectric (GE) 8-sliceLightspeedCT scannerwasusedto acquireCT data.

Thescannerwasoperatedin anaxial cinemode. In this mode,thescannercontinuously

scansthepatientatonepositionfor acertaintimeinterval, thenthex-raybeamis automat-

ically turnedoff andthetablemovesto thenext position,wheretheCT scannerresumes

anothercontinuousscan.Thisprocessrepeatsto cover thewholepredeterminedlengthof

scan.Usuallythescandurationfor eachpositionis setto themaximumobservedbreath-

ing periodof thepatientplustheoverheadtime of a full gantryrotation.During thescan,

a respiratorysignalis synchronouslyrecordedby aVarianreal-timepositionmanagement

(RPM) system,which tracksthe motion of a marker placedon the abdominalsurface.

NotethatRPM signalsarenot necessaryfor our iterative sortingmethod.However, RPM

signalswererecordedsowecancomparetheexternalbreathingindicesandourestimated
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internalmotionindices.

5.2.2 Iterati vesorting method

During the dataacquisition,multiple 8-slice CT volumesat eachtable position are

reconstructedthattemporallysamplethemoving anatomyin at leastonebreathingcycle.

We call the 8-sliceCT volumesin eachtablescanperioda groupof free-breathingsub-

volumes.AssumeN tablepositionsarescanned,thenthewholedatasetcontainsN sets

of free-breathingsub-volumes,denotedf n (x ; k); x 2 R3; n = 1; � � � ; N; k = 1; � � � ; K ,

whereK is thenumberof temporalsamplesin eachtablescanperiod. Thenth groupof

sub-volumescover the axial rangeof zn � d=2 � z � zn + d=2, whered is the axial

coverageof themulti-sliceCT scannerfor onerotationandzn is theaxial coordinateof

the nth table position. To obtain 4D thorax CT volumes,the sub-volumesneedto be

sortedandstacked in theaxial order. Unlike mostof thecurrentmethods,we do not use

externalbreathingsignalsto identify the temporalcorrespondencesamongthe acquired

sub-volumes. Instead,we usebreathingsignalsestimatedbasedon internalanatomical

motion.

An overview of themethodis asfollows,

Step1. Sorttwo referencevolumesat relatively deepexhaleandinhalestates,denoted

f ex(x) andf in(x), x 2 R3, usingthesimplebreathingindices.

Step2. Find the full deformationduring inhalation,D full (x), by registeringthe two

referencevolumesof thepatient,f ex(x) andf in(x).

Step3. For eachtableposition,estimateinternalmotionindicesby iteratively updating

a motionmodelto bestmatchthedeformedreferencevolumef ex(x) to eachmoving sub-

volumes.

Step4. Sort two CT volumesat nearend-of-exhaleandend-of-inhalestatesbasedon
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thenormalizedinternalmotionindices.

If they differ from thepreviousreferencevolumesf ex(x) andf in(x), replacethemand

gobackto Step2; otherwise, go to the�nal step5.

Step5. Do a �nal amplitude-basedsortingto form 4D CT volumesin onebreathing

cycle.

Tosumup,thismethodstartsfromtwo imperfectreferencevolumes,re�nestheinternal

motion-basedindicesto sort out two referencevolumesthat containlessartifacts,and

performanotherroundof motionestimationto obtainthe�nal breathingindices.Typically

two to threeroundsaresuf�cient for this processto converge.We now describeeachstep

in detail.

Step0 and 1: extract a simplebreathingindicesand sort two initial referencevolumes

As describedabove, we needtwo referencevolumesof the patientfor estimatingin-

ternal motion indices. However, they are not directly available from the acquiredCT

images.In Step0 we extract a simplebreathingindex for eachsub-volumeandin Step

1 we sort out two referencevolumesusingthis simplebreathingindex. We treaty-axis

(anterior-posterior(AP) direction)centroidof the8th sliceof eachsub-volumeastheini-

tial breathingindex for thatsub-volume.They-axiscentroidis calculatedasfollows,

(5.1) cn;k =

P
j

P
i yi f n (x i ; yj ; 8;k))

P
j

P
i f n (x i ; yj ; 8;k)

;

wherecn;k denotesthe initial breathingindex of f n (:; k). We thenstackthesub-volumes

having largestor smallestcentroidvaluesat all positionsto form two CT volumes.How-

ever, We needto determinewhetherthe peakindex correspondsto end-inhaleof end-

exhalestates.The relationshipis automaticallydecidedby computersoftwarebasedon

thefollowing property. Chestalwaysexpandsduringinhale.Assumingn = 1 denotesthe

mostsuperiorsub-volumeandtheAP coordinatesarelabeledfrom anteriorto posterior,
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thenthepeakof cn occursatnearend-of-exhalestateandthevalley occursatnearend-of-

inhalestate.However, theabdomenmayexpandor contractduringinhale. To determine

whichstatethepeakcentroidcorrespondsto for theinferior sub-volumes.weexaminethe

correlationcoef�cient (CC) of they-axiscentroidsof the1st and8th sliceof themoving

sub-volumes.If theCC of thosetwo sequencesaresmallerthan0:6, we treatthepeakof

cn at thesamestateof thevalley of cn� 1, assumingthe1st sliceof thenth sub-volumeis

adjacentto the8 sliceof the(n � 1)th sub-volume.Sostartingfrom the1st sub-volume,

Thebreathingstatesof thepeakandvalley of the initial breathingindicesof the inferior

sub-volumescanbedecidedin turn.

Step2. Registration

In step2 we registerthetwo referenceCT volumesto obtaintheextremedeformation

from exhale to inhale,which will be usedin the next step. Variousimageregistration

methodshave beendevelopedin recentyears[24,40,54,83]. We usea B-splinebased

imageregistrationmethod[85], but any othermethodsthathasbeensuccessfullyapplied

to medicalimageregistrationcanbeusedhere.

TheB-splinebaseddeformationmodelis representedasfollows,

(5.2) Dfull (x)(x ; � ) =
X

i

� i �
�

x � x i

� x

�
;

where� (x ) is the tensorproductof cubic B-spline functions,x i is the spatialknot lo-

cations,and � x controlsthe width of the B-spline functions. Wide B-spline functions

tendto capturemoreglobaldeformations,but poorly representlocal deformations.Nar-

row B-splinefunctionsbetterdescribelocal deformations,but they have moreunknown

parameters,complicatingthe optimization. We recommendplacing two B-splineknots

alongthe axial axis in eachsub-volumeregion to capturemorelocal deformations.For

example,for an 8-sliceCT with a slice thicknessof 2:5 mm, we setthe knot spacingin
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theaxialdirectionto be4 pixels,correspondingto 1 cm. Weused1:6 knotspacingsin the

left-right (LR) andAP directions

During registration,wedeformtheexhalereferencevolumef ex(x) to matchtheinhale

referencevolumef in(x). Thedeformationparametersof � areestimatedby minimizing

the following cost function that containsa sumof squareddifferences(SSD)similarity

termandaJacobianpenaltyterm[34,36],

(5.3) �̂ = argmin
�

 
X

x

(f in(x) � f ex(x + Dfull (x)(x ; � ))) 2 + 
 R (J (x ; � ))

!

;

whereR(J ) penalizesnegativeJacobiandeterminantJ of thedeformation(x + D full (x)(x ; � ))

to discourageirreversibledeformationestimatessuchasfolding, and
 controlsthetrade-

off betweenthetwo terms.Thepenaltyfunctionis calculatedasfollows,

(5.4) R(J (x ; � )) =
X

x

g(J (x ; � )) ;

(5.5) g(J ) =

8
><

>:

1
2(J � 0:05)2; J < 0:05

0; J � 0:05:

We usethe gradientdescendalgorithmto searchfor the parametervaluesthat mini-

mizethecostfunction.Themulti-resolutiontechniquesis alsoappliedin theoptimization

to avoid local minimum problems[82]. We startthe registrationfrom the downsampled

imagesandthenusetheresultsto initialize theregistrationof theimageswith �ner reso-

lutions.

Step3. Estimate the internal motion indices

Step3 is the key taskof this iterative sortingprocess,in which we �nd the internal

motion-basedbreathingindicesfor all sub-volumes,denotedf � n;k ; n = 1; � � � ; N; k =

1; � � � ; K g. Each� n , a K -elementvector, is estimatedfrom theexhalereferencevolume
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f ex(x) andthe free-breathingsub-volumesf n (x ; k). so we implementN estimationsto

obtainthewholesetof � . Speci�cally, eachestimatoriteratively updatestheparametersof

amotionmodelto bestmatchthereferencevolumeto asequenceof moving sub-volumes.

Themotionparametersessentiallyrepresenttheinternalmotionindices.

We usetheproportionalitymotionmodelsameastheoneusedfor DOV initialization

in Chapter4. Thedisplacementof eachvoxel at any time is assumedto beproportional

to its full movementfrom end-exhalationto end-inhalation.we expressthemotionmodel

for thenthsub-volumeasfollows:

(5.6) Tn (x ; t) = x + � n (t)Dfull (x);

where� n (t) denotesthe scalarproportionalityparameterat time t. We allow the value

of � n (t) to benegative or greaterthan1 becausetheestimateddeformationD full (x) from

registrationmaynot be theextremedisplacementof eachvoxel during inhale. This pro-

portionalitymotionmodelmay is imperfect.However, theultimategoal for this work is

not to �nd theprecisemotionof every voxel. We needonly thatproportionalitysequence

� (t) serveasabreathingindex for theinternalmotion.

Similarly as in Chapter4, we parameterizethe continuousproportionality function

� n (t) throughaRectbasisfunctionasfollows,

(5.7) � n (t) =
KX

k=1

� n;k Rect(t � k);

where� is thetime interval betweeneachpairof adjacentsamplesand� k denotesthetime

correspondingto the kth sample.This parameterizationtransfersthe dependenceof the

motionmodelon from acontinuoustime functionto asequenceof scalarsf � n;k g.

Now the goal is to estimatethe proportionalityparameters.We minimize the differ-

encesbetweenthefree-breathingsub-volumesf n (x ; k) andthedynamicallydeformedex-

halereferencevolumesf ex(x). Thecostfunctioncontainstwo terms:a data�delity term
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anda penaltyterm. Speci�cally, for estimatingeachsequence� n = f � n;1; � � � ; � n;K g,

thecostfunctionis expressedasfollows:

(5.8) �̂ n = argmin
� n

(Ln (f n (�; k); f 0
n (�; k)) + �R (� n )) ; (n = 1; � � � ; N );

where� is ascalarcontrollingthetradeoff betweenthetwo terms,andf 0
n (x ; k) represents

thedeformedreferencevolumeat time tk ,

(5.9) f 0
n (x ; k) = f ex(x + � n;k Dfull (x)):

Thedata�delity termL n (�) is measuredby theSSDover the �eld of view (FOV) of the

nth sub-volume,i.e.,

(5.10) L n (f n (x ; k); f 0(x ; k)) =
KX

k=1

X

x 2 FOVn

(f n (x ; k) � f 0
n (x ; k))2:

TheroughnesspenaltytermR(�) discouragesrapidlychangingmotionestimates,because

thetissueusuallymovessmoothlyduringnaturalbreathing.Thispenaltyis calculatedby

(5.11) R(� n ) = jjC � n jj 2;

whereC is adifferencingmatrixhaving a typical row of (� � � ; 0; � 1; 1; 0; � � � :::).

Sincethe dissimilarity is calculatedonly within the FOV of the sub-volume,it is not

necessaryto deform the whole referencevolume when evaluatingthe cost function in

(5.8). We warponly thevolumein the region that is slightly larger thantheFOV of the

sub-volumesto save computationtime. For example,if the extremedeformationof the

nth sub-volumealongtheaxial directionis r , we candeformonly the referencevolume

within the axial rangeof zn � d=2 � r � z � zn + d=2 + r , becausethe the changes

outsidethatrangehavenoeffectoncalculatingL n . Weusetheconjugategradientmethod

to minimizethecostfunctionin (5.8).
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Step4: Update the two referencevolumes

In thisstep,weusetheestimatedf � n ; n = 1; � � � ; N g to form two CT volumesatnear

end-of-exhaleandend-of-inhalestates.We �rst normalizeeachsequence� n separately

asfollows,

(5.12) sn =
� n � � min

n

� max
n � � min

n
� 100%; n = 1; � � � ; N;

where� n
max and� n

min arethe minimum andmaximumvaluesof � n over k. We then

simplystackthosesub-volumesassociatingwith breathingindicesthatareclosestto 80%

asan inhalereferencevolume,andclosestto 0% asan exhalevolume. We usethe CT

volumeat 80%inhalestatebecauseit appearedmoreconsistentthanthe“full” inhalation

statefor differentbreathingcycles.

We normalizeeachbreathingindex sequence� n beforesorting out the exhale and

inhaleCT volumesto compensatefor the mismatchin the imperfectreferencevolumes.

This helpsmake thewholeprocessmorestable.By this normalization,thewholeprocess

will arrive at similar �nal motion indiceseven if it startsfrom different initial reference

volumes,asillustratedin Fig. 5.2. In this �gure, weconsiderasequenceof moving object

with mereexpansionalong one direction. Case1 and case2 selecttime t3 and t2 as

the inhale staterespectively. Although thosetwo cases�nd different valuesof motion

indices,thenormalizationequalizesthem.Sotheestimated�nal breathingindicescanbe

robustto imperfectinitial referencevolumes.Meanwhile,dueto thesenormalizations,two

roundsof motionestimationsaresuf�cient to arrive at the �nal motion indices.The�rst

roundobtainstwo re�ned referencevolumes,andthe secondroundupdatesthe motion

indicesthroughinternalmotion estimationusing the re�ned referencevolumesand the

unsortedCT data. In the � ve patientstudieswe conducted,four of themconvergedat

thethird iterationandoneconvergedat theseconditeration,which agreeswith theabove
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conclusion.

Although we claim that the whole processis robust to different imperfectreference

volumes,it shouldbe notedthat extremely“bad” initial referencevolumeswill still fail

this algorithm. Thebottomline is that the inhalereferencevolumeshouldbeat a deeper

inhalestaterelative to thatof theexhalereferencevolume.

Figure5.2:This �gure illustratesthatnormalization(5.12)of eachestimatedbreathingindex sequenceim-
provesrobustnessto imperfectreferencevolumes.

Step5: Final Sorting

Usingthe�nal internalmotionindicesassociatedwith all thefree-breathingsub-volumes

at all tablepositions,we divide thesub-volumesinto severalbreathingstatebins to form

4D CT volumes. Variousbinning methodshave beenproposed[33,48,50,65,77], but

they mainly fall into two categories: amplitude-basedsorting and phase-basedsorting.

Amplitude-basedsortingmethodsbin thedatausingthevaluesanddirections(inhaleor

exhale)of thebreathingindices.Phase-basedsortingmethodsusuallybin thedataaccord-

ing to phase-anglesdeterminedby sometransformationson thebreathingsignalfrom the

time domainto a phasedomain. Phase-basedsortingresultsin largermismatchbecause
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of theinsuf�cient motionreproducibilitywith respectto phase[50]. We choseamplitude

sorting.We �rst normalizethebreathingsignalsusingthefollowing formula,

(5.13) sn;k =
� n;k � � min

� max � � min
� 100%;

where� min and� max aretheminimumandmaximumvaluesof � overbothn andk. Note

this normalizationis doneon theoverall breathingsignals� , sotheamplitudevariations

in different breathingcycles are still preserved, unlike the individual normalizationon

eachpieceof breathingsignal in (5.12) in step4. We thenpredeterminethe breathing

statebins by assigningeachbin with an amplitudevalue in [0%; 100%]anda direction

of ascendingor descending.The amplitudevaluerepresentshow deepthe breathingis,

while the direction indicateswhetherit is in inhalationor exhalation. The sub-volume

whosecorrespondingbreathingindex is theclosestto thebin valuein thebin directionis

associatedto thatstatebin. Thedirectionof eachsingleindex canbesimply determined

by comparingits valuewith its neighboringpointssincethe entireestimatedbreathing

indicescomposea time sequence.Thosesub-volumesassociatedto a samestatebin are

stackedto form a 3D CT volume.In this way we obtainseveral3D volumesrepresenting

thepatient's anatomymotionin onebreathingcycle. For theexperimentresultspresented

later, wespeci�cally assigned11breathingstateswith bin valuesto be

bin:value= [1; 0:8; 0:6; 0:4; 0:2; 0; 0:2; 0:4; 0:6; 0:8; 1] � ratio(5.14)

ratio = median(� max
1 ); � � � ; � max

N );(5.15)

anddirectionsto be

bin:direction= [1; 1; 1; 1; 1; 1; 0; 0; 0; 0; 0];

where1 and0 represent“descending”and“ascending”respectively. Underthis assign-

ment,bin[1], bin[6] andbin[11] correspondto startof exhale,endof exhaleandendof
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inhale respectively. Later we will comparethe sortedCT volumesusing the estimated

internalmotionindicesandtheexternalbreathingindices.Becausethebin valuesaread-

justedby theratiode�ned in (5.15,offsetbetweentheactualstatesusingdifferentkindsof

breathingindicesis minimized,hencethecomparisonswereportlaterbetweentheinternal

motionindicesandtheexternalindicesonsortingtheimagescanbefair.

5.3 Experiment results

We appliedthe iterative sortingmethodto four setsof 4D CT patientdata. The CT

imageshavearesolutionof 0:98cm� 0:98cmandaslicethicknessof 2:5 mm. Around20

sub-volumeswereconsecutively reconstructedin eachtablescanperiodusingFeldkamp

algorithmfrom theprojectionviewswithin themostcurrent� plusthefanangle.

Fig. 5.3 shows examplesof the extractedcentroid-basedsimplebreathingindicesfor

severalpositionsof onepatient. It is not surprisingthat therangesof thecurvesof those

superiorpositionsaresmallersincethe motion of the upperthoraxduring breathingis

barelynoticeable.However, clearascendinganddescendingtrendsexist. The smallest

and largestvaluesin thesebreathingsignalsoccurat eithernearend-inhalationor end-

exhalationstate. We stacked thosesub-volumesassociatedwith peakor baseindicesto

form two CT volumes.
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Figure5.3:The extractedsimplebreathingsignalsof patient1 basedon centroidtracking. Positions3 is
closerto neckandposition15 is closerto abdomen.

Usingthesetwo referencevolumes,therestof theproceduredescribedin Sect?? was
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implemented.For Step2, we set the regularizationparameter
 in (5.3) to be 8 � 105.

This parameterwassetbasedon theprevious registrationexperimentsconductedby our

group[34,36]. For Step3, wesettheregularizationparameter� to be10. It wasmanually

tunedusingthe�rst dataset. We startedfrom 1 andup-scaledit by 5 until therewereno

abruptbumpsin theestimatedproportionalitysequence.For bothregistrationandmotion

estimation,thereferencevolumesweredownsampledby 2 in thetransaxialplaneto save

computationtime. The downsampledimagesprovide enoughinformation for estimat-

ing themotionbecauseof thesmall numberof parametersin theproportionalitymotion

model(5.6). Usinga �ner resolutionwould requiresigni�cantly longercomputationtime

but with very minor improvements.Experimentsalsoshowed that this transaxialdown-

samplingdid notsacri�ce estimationaccuracy.

We experimentedwith four patientdatasets. In two of themthe RPM signalscorre-

latedwith thepatients'breathingmotion�ne, andourmethodattainedcomparableimage

quality. The other two datasets(labeledpatient1 and 2) are further describedin this

section.

Fig. 5.4andFig. 5.5plot theestimatedbreathingsignalsandtherecordedRPMsignals

for patient1 andpatient2 respectively. Both casesshow similar transitionsof inhalation

andexhalationbetweenthe estimatedandthe recordedbreathingsignals,but signi�cant

discrepanciespresentedin thosetwo setsof breathingsignals.

WesortedtheCT slicesaccordingto therecordedRPMindicesandtheestimatedinter-

nal motionindicesrespectively usingthesortingmethoddescribedin Step5 (Sect5.2.2).

Fig. 5.6 andFig. 5.7 show thesortedCT volumesof patient1 andpatient2. Tissuemis-

matches(“�atness” or “discontinuity”) presentedin theCT volumesformedby usingthe

RPM breathingindices.Most of theseartifactswerecorrectedby usingtheestimatedin-

ternalmotion-basedbreathingindices,demonstratingsigni�cant improvementsresulting
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Figure5.4:Theestimatedinternalmotionbreathingsignals('+') andtherecordedexternalRPMsignals('.').
Both signalswerenormalizedaccordingto (5.13).Eachpieceof curve representsthebreathing
signalfor onescanposition.Fromupperleft to lower right, thepositionadvancedfrom closeto
neckto closeto abdomen.Therewere16positionsfor patient1.

from our proposediterative 4DCT sortingmethod.Theblurs in thoseimagesarepartial

volumeeffectsdueto reconstructionfrom incompleteprojectionviewsbecauseof motion,

which is anotherfactoraffectingtheimagequalitybut is beyondthefocusof thispaper.

5.4 Discussion

In this paperwe developedanalgorithmthat reconstructs4D CT volumesby �nding

themotionconsistency amongtheunsorteddatathroughinternalmotionestimates.This

4D CT methoddoesnot requireexternalbreathingsignalsthat may be lessaccuratein

measuringtheactualoverall tissuemovement.As shown in thetwo “bad” examplespre-

sentedabove, theinaccuracy of theexternalRPM signalsled to signi�cant mismatchesin

thesortedCT volumes.By conductingtheproposedinternalmotionbasedsortingmethod,
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Figure5.5:Theestimatedinternalmotionbreathingsignals('+') andtherecordedexternalRPMsignals('.')
for patient2. Both signalswerenormalizedaccordingto (5.13).Eachpieceof curve represents
thebreathingsignalfor onescanposition.Fromupperleft to lower right, thepositionadvanced
from closeto neckto closeto abdomen.Thereare15positionsfor patient2

betterconsistency wereestablishedin theformed4D CT volumesfor bothexamples.

Our currentimplementationof this algorithmspentabout40 min on Step2 (registra-

tion) and20min onStep3 (motionestimation)onaPentium3 GHzprocessorrespectively

for the �rst iteration. For the later iterations,registrationandmotionestimationcanstart

from theresultsof thepreviousiterationhencerequirelesscomputationtime. If westrictly

follow the terminationcondition,i.e., whentwo succesive iterations�nd thesamerefer-

encevolumes,all the four experimentsneedthreeiterations.Thatalsoindicatedthat the

seconditerationalreadyarrivedat the�nal motionindices.It agreedwith theconclusion

we madein Step4 that two iterationsaresuf�cient for this iterative sortingprocess.We

understandthat thecomputationtime is still long for routineclinical usage.However, in

caseswhenthe recoredbreathingsignalsfail in reconstructing4D CT volumesthat are
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(a). SortedCT volumesusingrecordedRPMindices

(b). SortedCT volumesusinginternalmotionindices

Figure5.6:SortedCT volumesof patient1 usingrecordedRPMindices(a)andinternalmotionindices(b).
Fromupperleft to lower right, thepatientexhaleandtheninhale.Severetissuemismatchesare
markedby arrows.
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(a). SortedCT volumesusingrecordedRPMindices

(b). SortedCT volumesusinginternalmotionindices

Figure5.7:SortedCT volumesof patient2 usingrecordedRPMindices(a)andinternalmotionindices(b).
Fromupperleft to lower right, thepatientexhaleandtheninhale.Severetissuemismatchesare
markedby arrows.
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usablefor designingtreatmentplans,it maybeworthwhile to utilize this methodto sort

the CT slicesratherthanrescanthe patient,which would involve moreX-ray exposure

andstill wouldnotguaranteegoodcorrelationsbetweentheexternalbreathingsignalsand

thepatients'internalanatomicalmovement.Fromthis point of view, longercomputation

associatedwith theproposedmethodmaybeclinically acceptable.Certainlymoreeffort

will be put in reducingthe computationtime suchas using a fasterimageregistration

algorithm.

Our internalmotionestimationis basedon a proportionalitymotionmodel(5.6). This

onedimensional,spatially-linearmotionmodelcannot bestdescribetheactualtrajectory

of any pointduringbreathing.However, theproportionalityparametercansummarizethe

”average”deformationof all pointshencecanbea usefulindex. A higher-dimensionality

motionmodelmaydescribetheactual3D thoraxmotionbetter. However, for thepurpose

of sorting,onemayneedto lower thedimensionalityto make it easierto establishthemo-

tion correspondences.Fromthis point of view, we mayalsothink thattheproportionality

motionrepresentstheprojectionof theactualhigher-dimensionalmotionontoalowerone-

dimensionallinearspaceto facilitateeasysorting.Similarly, afterXu etal. [96], obtained

the deformationof eachvoxel by registeringeachslice to a high-resolutionbreath-hold

referencevolume,they still neededextrasignalprocessingto generatea1D breathingsig-

nal from the high-dimensionaldeformation�eld to enablean convenientmotion phase

synchronizationamongtheCT images.Theprocessingincludedanaveragingof thede-

formationsof all voxels anda principle componentanalysison the 3D vectorobtained

from averaging.Becausetheir 1D breathingmotionsignalcannotfacilitateanamplitude

sorting,their �nal 4D CT volumesaregeneratedby deformingthe referencevolumeac-

cordingto the deformation�elds that weresmoothedat the sub-volumeboundaries.So

for sorting-based4D CT imagingtechniques,a simplebut reasonabledescribablemotion
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modellike (5.6)wouldbesuf�cient.



CHAPTER 6

Conclusionand futur ework

6.1 Conclusion

This dissertationfocusedon building 4D modelsof respiratorymotion to help radio-

therapistsbetterunderstandtumorandorganmovementcausedby breathing.We devel-

opedtwo methods.The�rst oneDOV, which estimates4D respiratorymotionusingpro-

jectionviews acquiredfrom CBCT scanner;Thesecondoneis iterative sortingof 4D CT

images,which builds motion-resolved4D CT volumesusingtheunsortedfree-breathing

CT slicesacquiredfrom multi-sliceCT scanners.Thesetwo piecesof work both involve

with a motionestimationkernal. Theestimateddynamicdeformationmapsby DOV can

provide themostcurrentupdateon patients'respiratorymotionandcanbeusedto verify

the radiationdosetreatmentplan prior to the actualtreatment.The motion-resolved 4D

CT volumescanhelpmoreef�cient andeffective treatmentdesign.

DOV is a novel methodto estimaterespiratorymotion from a slowly rotatingCBCT

projectionviews. This methodoptimizeda B-spline deformablemotion model to best

matchthe modeledthe measuredprojectionviews. The modeledprojectionviews were

calculatedfrom areferencevolumedeformedaccordingto theestimatedmotion.Weused

a correlation-coef�cient basedestimator. Two penaltytermswasaddedto theestimator,

one is a commonlyusedmotion roughnesspenalty, the other is a motion aperiodicity
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penalty, which is speciallydesignedfor DOV to compensatethe slowly rotatinggantry

limitation. We conductedsimulationandphantomexperimentandachieved estimation

accuracy closeto voxel resolutionin bothcases.

To reducethe computationtime, we startedDOV from a simpli�ed motion estimate,

in which we useda proportionalitymotion model. This motion modelassumesthat the

deformationat any time point is spatially linear to the extremedeformationfrom end-

exhaleto end-inhale.Hencethesimpli�ed motionestimation�nds a1D timesequenceof

proportionalityparameters,whichcanbesolvedin a few minutes.Thisestimated1D time

sequencerepresentsanaverageddeformationrelativeto thefull deformation,hencecanbe

useda breathingsignalto guidethenonuniformtemporalknot placement.Thesimpli�ed

motion estimatoralonealreadyyieldedacceptableaccuracy in both the simulationand

phantomexperiment. Initialized by the simpl�ed motion estimates,DOV with B-spline

motionmodelconvergedwith muchfewer iterations.

Becausethe proportionalityparametersummarizethe “average”deformationof all

points,it canbeusedasa sortingindex for 4D CT images.We appliedthis motionmodel

to 4D multi-slice CT datato estimateinternalmotion indicesand usethem to sort the

slices.This sortingtotally eliminatestherelianceon externalsurrogatesof breathingmo-

tion. Patientstudiesshowed that the internalmotion-basedsortingcorrectedmostof the

mismatchartifactsin thesortedCT volumesusinginaccurateexternalbreathingsignals.

6.2 Futur ework

Wedevelopeda3D respiratorymotionestimationalgorithmandsucessfullytestedit on

bothsimulatedandexperimentaldatasets.However, morestudiesareneededto improve

thiswork andmake it moreapplicablein clinics. Possiblefuturework includes:

� Scattercorrection
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Comptonscattercontaminationis severein cone-beamprojectionviews duetheuse

of a largeconeangleanda 2D �at detector. Our currentimplementationdid not in-

cludedany scattercorrectionyet. Scattercorrectioncanbedoneeitherbeforerunning

DOV, whichwecall precedingscattercorrection,or by incorporatingascattermodel

into thecone-beamsystemforwardmodel,which we call in-line scattercorrection.

Currenttechniquesthat canbe usedfor precedingscattercorrectionincludebeam

stoparraymethod[57] andMonte-Carlomethod[8,100]. In-line scattercorrection

requiresa modelingof scattereffect. Exampleson scattermodelingcanbefoundin

papers[2,21,31].

� Deformationregularizations

Differenttypesof tissuehave differentcapabilitiesof elasticdeformation.B-spline

deformationmodelitself assumesuniformelasticityover theimage�eld of view. As

a result,warpingcanbepresentedin theestimateddeformationat thoserigid body

partssuchasbone,which is unrealistic. To limit the amountof nonrigid warping

occurringat the rigid tissue,we may includea local rigidity regularizationon the

estimateddeformation[45,46,72]. TheJacobianof B-splinedeformationcanbeless

than1. We mayalsopenalizenegative Jacobiansto posean invertibility regulariza-

tion [36].

� Computationtime reductionby Volumeof interest(VOI) study

CurrentlyDOV processeson thewholethoraxregion,requiringrelatively longcom-

putationtime. Becausethe movementof the tumor and its surroundingareaare

mostcritical for treatmentplanning,we may considerDOV usingonly the partial

referencevolume that are in the 2-3 cm wider axial rangeof tumor spanand the

projectionviews in theareathatcorrespondingto thatpartialvolume.Reduceddata

sizecertainlywill reducethecomputationtime,but it alsoindicateslessregularized
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deformationestimates.However, we canalsostartthe VOI-basedDOV estimation

from thesimpli�ed motionestimateasdescribedin Chapter4, to guidethesearching

algorithminto theright valley.

� Modi�cation of theproportionalitymotionmodel

As shown in Table4.2 and4.3 in Chapter4, the motion estimationerrorsof DOV

with theproportionalitymotionmodelweremuchsmallerthanthevoxel resolutions.

Meanwhile,becauseof thesimplicity of theproportionalitymotionmodel,thecom-

putationrequirementis lessdemandingcomparingto DOV with B-spline motion

model. Goodestimationaccuracy with lesscomputationtime suggeststhat thepro-

portionalitymotionmodelmaybeusedalone.However, theproportionalitymotion

model(4.1) is a rankone,spatiallylinearmotionmodel. The resultedtrajectoryof

eachvoxel is strictlyalongthelineof itsextremedisplacement.Obviouslyit excludes

thehysteresisphenomenon.Hysteresisin respiratorymotionstatesthat themoving

trajectoryof tissueduring inhalationis different from that during exhalation. We

suggesttwo modi�cations to increasethe degreesof freedomof this motionmodel

to make it morerealistic. Oneway is to usethreesetsof proportionalitysequences,

eachalongonedirection,i.e.,

T x
� (x ; t) = x + � x (t)Dx

f ul l (x );(6.1)

T y
� (x ; t) = y + � y(t)Dy

f ul l (x );(6.2)

T z
� (x ; t) = z + � z(t)Dz

f ul l (x );(6.3)

wherethesubscriptx, y, andz denotethethreedirectionsrespectively. Suchmodi�ed

modelallows differentratio for eachdirectionandis ableto describethehysteresis

motionto a certaindegree.Anothersuggestionto re�ne themodelis to build a gen-
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erallinearmodelwith additionalprior deformation�eld components,for example,

(6.4) T� (x ; t) = x +
KX

k=1

� k(t)Dk(x );

wherefD k(x ); k = 1; � � � ; K g denotea priori deformationmapsat somebreathing

states,suchas thosedeformationmapsestimatedby registeringthe 4D treatment

planningthoraxCTs. Perhapsthosedeformationscouldbe “learned” from training

datausingprinciplecomponentanalysis[12]. Both of thechangessuggestedabove

will beableto improve on deformationpathof thesimpli�ed motionmodel.Patient

evaluationsarerequiredto validatethosemodels.

� Performancelimits analysis

Theperformanceof DOV wasmainlyevaluatedthroughsimulationsandexperiments

in this thesis.It would behelpful to furtheranalyzeits achievablelimit on accuracy

(biasandvariance)with respectto themeasurementnoiseandthe imagespectrum.

The limit would inform us, to what extendwe could trust this algorithmandhow

large margins shouldbe addedon tumor trajectoriesin treatmentplanswhenusing

theestimateddynamicdeformationmaps.TheDOV methodessentiallybelongsto

the �eld of registration. In the literatureof registration,performanceevaluations

are generallydoneempirically or visually. Only a few papershave discussedthe

performancelimits on imageregistrationstatisticallyaccordingto the Craḿer-Rao

bounds[69,98]. Theframework presentedin thosepapersmaybeborrowedhereto

analyzetheDOV performancebounds.

It is also importantto study the fundamentallimits of DOV due to the following

factors.First, projectionangles.Our currentimplementationusedprojectionviews

in a 180� span.Canwe usea smallerangleof views, suchas135� or 90� ? What's

theminimumspancanbeusedto achieveanacceptedestimationaccuracy? Second,
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temporalresolutionof projectionviews. How denseshouldwecollecttheprojection

views in onebreathingcycle to enableanacceptablemotionreconstruction?Third,

deviation of the breathingpatternfrom periodicity and constantamplitude. How

canweadjusttheregularizationparametersaccordingto thebreathingirregularity to

obtainbestestimationaccuracy? Suchanalysiswould offer guidancestowardmore

ef�cient datacollectionsin termsof theexpectedestimationaccuracy thusminimize

radiationdoseexposedto patientsfor imagingandtreatmentpurposes.

� Real-timemotionupdateto facilitate4D radiotherapy

A potentialscenarioof radiationtherapy underfreebreathingconditionis 4D radio-

therapy, in which the theshapeandintensityof the radiationsourceareadjustedin

real time accordingto the tumor motion. This techniquedemandshighly ef�cient

hardwareaswell asaccuratereal-timeupdateof themovementof tumorsandadja-

centtissue.Our developedDOV algorithmestimatesthoraxmotionusingthecone-

beamprojectionviews in anof�ine style. We shouldfurtherexplore thepossibility

to obtaina real-timeestimateof tumormotionduring4D radiotherapy. It maystart

from someprior dynamicdeformationmapsof thepatient,suchasthoseestimated

by registering4D treatmentplanningthoraxCTs,andthenupdateestimatebasedon

severalrecentprojectionviews.
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APPENDIX A

Calculationsof the derivativesof the costfunction  for B-spline
basedDOV

Weneedto calculatethegradientof thecostfunction (� ) to implementtheoptimiza-

tion algorithmdescribedin Sect3.1.Explicit derivativescanbefoundusingthechainrule.

Herewe give theexpressionsfor theSSD-basescostfunction. Thoseof thecorrelation-

basedcostfunctioncanbefoundsimilarly.

A.1 Calculation of the gradient of  (� )

Therearetwo terms,L(� ) andR(� ), in thecostfunction (� ). Thefollowing calcula-

tion is for theSSDsimilarity term.We �rst computethepartialderivativesof L(� ).

Let us introducef̂ m = W(� ; tm )f ref to denotethe estimateddeformedobjectat time

tm . Let � p
k (p = 1; � � � ; d) be thecoef�cient of thekth knot in thepth dimension,where

p = x; y; z. Startingfrom (3.10),weobtainthe�rst partialderivativesasfollows,

@L
@� p

k

= �
MX

m=1

*

(ĝm � A � m f̂ m ); A � m

@̂f m

@� p
k

+

= �
MX

m=1

*

A 0
� m

(ĝm � A � m f̂ m );
@̂f m

@� p
k

+

;(A.1)

whereha; bi denotestheinnerproductof arraya andb.
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We needto determine@̂f m
@� p

k
to completethecalculationof (A.1). We usethechainrule

again. UsingEqs.(5.2),theexpressionfor f̂ m (x ) is,

f̂ m (x ) = W(� ; tm )f ref(x )

= f ref

0

B
B
B
B
@

x +
X

j

X

i

� j ;i �
�

tm � � j

ht

�
�

�
x � x i

h x

�

| {z }
x 0

1

C
C
C
C
A

:(A.2)

Let � k correspondto thecoef�cient of thecontrolknot locatedat (� j ; x i ), where� j is the

temporalpositionandx i thespatialposition,thenfrom (A.2)

@̂f m

@� p
k

(x ) =
@̂f m

@� � j ;x i

(x )

=
�
r f ref

�
�
�
�
x = x 0

�

p

b
�

tm � � j

ht

�
�

�
x � x i

h x

�
;(A.3)

where
�
r f ref

�
�
�
�
x = x 0

�

p

, thepth elementof thespatialgradientof thereferenceimageevalu-

atedat x 0, canbecalculatedfrom theinterpolationmodel(3.8)asfollows,

�
r f ref

�
�
�
�
x = x 0

�

p

=
X

r

cr
�
r � (x 0 � r )

�
p

(A.4)

�
r � (x 0 � r )

�
p

= _� (xp)
DY

d=1 ;d6= p

� (xd):(A.5)

The remainingcalculationis thatof thederivative of R(� ). This canbe foundeasily

from (3.12)asfollows,

(A.6) r R(� ) = C0C� ;

A.2 Calculation of _ (� ) and • (� ) for line search

(A.7)  (� + � d) = � L(� + � d) + �R (� + � d);
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whered is thesearchdirection.Then

_ (� ) = _L(� ) + � _R(� );

• (� ) = •L(� ) + � •R(� ):(A.8)

Usingthechainrule,

_L(� ) = d0r � L

=
MX

m

D
(ĝm � A � m f̂ m ); A � m

D
d; r � f̂ m

EE
(A.9)

•L(� ) = d0r 2
� Ld

=
MX

m

DD
d; r � f̂ m

E
;

D
d; r � f̂ m

EE
(A.10)

wherer � f̂ m , thederivativeof thedeformedimagesw.r.t � hasbeenexplainedin Appendix

A.

Similarly,

_R(� ) = d0C0C� ;(A.11)

•R(� ) = d0C0Cd:(A.12)
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