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ABSTRACT

ESTIMATING RESPIRAORY MOTION FROM CT IMAGESVIA DEFORMABLE
MODELSAND PRIORS

by
RongpingZeng

Chair: Jefrey A. Fessler

Understandinghe movementof tumorsduring breathings very importantfor conformal
radiotherap. Without the knowledgeof the tumor movement,it is likely that eitherin-
sufcient doseis deliveredto tumors,or unnecessargloseis receved by the surrounding
normaltissue,or both. However, respiratorymotionis very dif cult to studyby corven-
tional x-ray CT imagingsinceobjectmotioncausesnconsistenprojectionviews, leading
to artifactsin reconstructedmages. This dissertatiorfocusedon developingmethodsto
build four-dimensional4D) modelsof patients anatomyduring breathing,especiallyin
thoracicandupperabdominakegion, with currentlyavailableX-ray imagingtechniques.
We explored methodsto estimaterespiratorymotion from a sequencef cone-beam
X-ray projectionviews acquiredusinga slowly rotatingcone-beanCT (CBCT) scanner
thatwasintegratedinto a Linac system.The slowly rotatingCBCT scannerfiave a large
volume coverageanda high temporalsamplingrate. In the proposeddeformationfrom
orbiting views (DOV) approachwe modeledthe motion asa time varying deformation
of a staticreferencevolume of the anatomy We then optimizedthe parameter®f the

motion model by maximizingthe similarity betweenthe modeledand actualprojection

Xii



views. Themodeledprojectionviews werecalculatedoy deformingthereferencevolume
accordingto a parametric four-dimensional4D) B-spline motion modeland projecting
thedeformedvolumesontothedetectorcoordinatesorrespondingo theactualmeasured
projectionviews. Challenge®f this estimatiorproblemincludethelimited gantryrotation
in onebreathingcycle, Comptonscattercontaminatiorof the projectionviews andheary
computationwhich will be addressedh the dissertation.We conductedcomputersim-
ulationsanda phantomexperimentto testthe performanceof this approach.Both cases
achievedestimationaccuraciesvithin voxel resolution.We alsoinvestigatedthe effectsof
severalfactors,suchasthetemporalknot placemenandregularizationparametersyn the
estimationaccurag. Long computatiortime would limit the clinic usageof this method.
Sowe exploredmethodghataccelerate¢he optimizationprocedure.

We researchethe4DCT imagingmethodsusingmulti-slice CT (MSCT) scannergand
proposeda methodto nd thetemporalcorrespondencemmongthe unsorteddDCT im-
agedhasedninternalanatomicamotion. Our methodusedall the CT slicesateachtable
positionto estimateinternalmotion-basedortingindices,Patientstudiesshavedthatthe
internalmotion-basedortinggreatlyreducedissuemismatchpresentedh theformedCT

volumesusingthe externallyrecordedsurrogatesof breathingmotion.

Xii



CHAPTER 1

Intr oduction

1.1 Onebig challengein radiation therapy: respiratory motion

In 2006 morethan16Q 000peoplediedfrom lungcancelin UnitedStates.Thatis more
thanthe next four leadingcausef cancerdeath- colon, breastpancreasandprostate-
combined,accordingto the AmericanCancerSociety Effective andefcient lung can-
certreatments critical. Suigical remover, chemotherap andradiationtherajy arethree
main methodsof lung cancertreatment. The work presentedn this dissertatioraims at
improving the accuray andef ciency of the third method,radiationtherajy of patients,
especiallyfor the patientswith lung cancer

It hasbeenreportedthatrespiratorymotion causesigni cant movementof tumorsin
thoracicandabdominalregion [3, 79]. Many tumorsin thoseregion may move asmuch
as3 cm peak-to-peakiuring radiationtreatment.Suchlarge geometricuncertaintiehave
poseda big challengeto conformalradiotherag treatmentof patientswith lung cancer
Conformalradiotherap requireshatradiationdoseis preciselydeliveredto tumorswhile
sparingadjacentnormal tissue. Techniquessuchas Intensity ModulatedRadiotherap
(IMRT) (Fig. 1.1). usesophisticategoftwareandmulti-leaf collimatorto shapethe radi-
ationbeamandchangeheintensitywithin eachbeamto deliver optimumdoses.This de-

mandsaccurateumorandcritical structuredelineation.Lack of knowledgeof respiration



inducedmotionpossiblyresultsin eitherinsufcient doseto tumors,unnecessargioseto
surroundinghealtty tissue or both. Althoughtreatmentanbedoneunderbreathholdon-
dition by forcing patientso breatheshallawvly or hold their breathby instrumentg63,95],
suchtypeof treatmentss very uncomfortableandevenimpossiblefor somepatientswith

lung canceywho mayhave dif culty holdingtheir breath.

Tumor

Beam (orange)

-

Figurel.1: lllustrationof IMRT

Accountingfor motion shouldimprove the effectivenessand ef ciency of radiother
apy treatment.This canbe achiesed by the following techniques.Oneis to incorporate
the anatomicalmovementinto treatmentplaning, ratherthanaddingstandardnargin, to
reducethetotal lung doserecevedby the patient[64,74,84]. Thesecondypeis gatedra-
diotherapy [78,86], in whichthetreatmenplanis designedasecdn thetumorpositionin
acertainphaseandduringtreatmenthebeamis turnedonin thatphaseandturnedoff oth-
erwise. Anothertechniqueis the so-calledfour-dimensional4D) radiotheray, in which
the shapeandthe intensity of the beamis continuouslyadjustedo follow the movement
of tumorsthroughouthewhole breathingcycle [32,94]. All thosetechniquesequirethe

knowledgeof how the patients anatomymovesduring breathing.



1.2 Current4D CT imaging methods

To obtaina completepicture of the patients'anatomyat all times during breathing,
intensve work hasbeendedicatedo four-dimensional4-D) computedomograply (CT)
(three-dimensiondBD) spacet+ one-dimensionallD) time or breathingphase) imaging
technique$33,44,48,55,58,66,77,87,96]. With the availability of 4D CT, deformation
mapsduringbreathingcanbe estimatedy registeringthoseCT volumes.

4D CT imagescan be acquiredusing eitherslice (single or multi-slice) CT scanners
or cone-beanCT (CBCT) scanners Slice CT scanneraisuallyrotatevery fastbut have
very limited axial coverage( 2 4 cm) [39]. 4DCT imagingtechniquesusingslice CT
scannerften acquiremultiple two-dimensional2D) slicesat eachtable position, sort
theseslicesinto severalrespiratoryphasebins, andthenstackthoseslicesthatarewithin
thesamephasebinsto form a4D model[48,58,87]. Most currentsortingmethodsdepend
onanexternallyrecordedoreathingndex associateavith eachCT slice. This sortingpro-
cessvalidateson theassumptiorthatthe internalmotionis reproduciblewith the external
breathingindex. Realrespiratorymotionis irregular Correlationbetweenthe external
breathingindex andthe internalanatomicalmotionis oftenimperfect,leadingto discon-
tinuity artifactsin the sortedCT volumes,asshavn in the examplein Fig. 1.2[33]. On
the otherhand,CBCT scannerdiave large axial coveragebut rotatevery slowly (1 min
perrotation). Becausef the slow rotationof CBCT, 4DCT imagingmethodsusingsuch
scannersalso requirea pre-sortingof the projectionviews into certainphasebins and
thenreconstrucBD CT volumesusing subsetsf the projectionviews correspondindo
the samephaseg44,66,77]. Assumptionof motion reproducibilityremainsa limitation.
Moreover, insufcient numbersof projectionsper breathingphasemay alsoresultin se-

vereartifactsin thereconstructedmagessuchaslow contrast-to-noiseatio, blurringand



streakartifacts. Rit et al. conductedexperimentsto study the effect of the numberof

phasebinsonthetemporalandspatialresolutionof the4DCT reconstructiorusingCBCT

£ £

{a) End Inspiration (h) Early Expiration {e) Mid Expiration

scanner$66].

Figurel.2: Exampleof discontinuityartifactsseerin the4D CTsacquiringfrom slice CT scannersPictures
areborrovedfrom the paperby Keall etal. [33].

Those4DCT imaging techniquesare very helpful in urveiling internal anatomical
movementcausedy respiratorymotion. However, limitations still exist, suchasthe mo-
tion reproducibilityassumptionwith respecto thebreathingndex andinsufcient projec-
tion views for 3D volumereconstructionDegradedmagequality dueto thoselimitations
jeopardizedhe accurag of treatmentplanning. Our effort in this dissertations toward
building 4D CT modelsthatcanbetterdescribaespiratorymotionwith hightemporaland

spatialresolutionandwith lessdistortion.

1.3 Thesisoutline and contributions

In this dissertationwe proposetwo methodsto build 4D patient-speci crespiratory

motion models:the deformationrdomainandtheimagedomain.
Iterative approacho estimaterespiratorymotionfrom a sequencef slowly rotating
cone-beanprojectionviews.

This methodmodelsthe motionasatime-varyingdeformationof areferencevolume

andestimateshe motionparameterdy maximizingthe similarity betweerthe mod-



eledandmeasuregrojectionviews. In this work, we designeda parametric,con-
tinuous4D deformableanotionmodel.We alsocreateda pseudo-periodicityegular
izationfor theestimatorto compensatéhelimited gantryrotationof CBCT scanners
in one breathingcycle. We developeda methodto acceleratehe whole estimation

proceduredy offering the optimizationalgorithma fairly goodinitial point.

Iterative sortingmethodof 4DCT imageshasedn internalanatomicamotion.

The purposeof this work is to nd the correspondenceamongthe unsorted4D
CT imagesaccordingto internalanatomicalmotion, ratherthanreplying on exter-
nal breathingsignals,which may not accuratelyre ect the actualmotion stateand
canleadto sererediscontinuityartifactin the sorted4D CT volumes(multiple CT
volumesatdifferentbreathingstates) Usingthe proposednternalmotionbasedsort-
ing, signi cantly betterconsisteng appeain theresulteddD CT volumes hencecan

facilitatemoreaccuratemage-guidedadiotherag.

This dissertationis organizedas follows. Chapter2 gives an introductionof back-
groundsthat help understandinghis work, essentiallyimageregistrationand X-ray CT
imagingtechniques.In Chapter3 the DOV approachs explainedin detail andis eval-
uatedby simulationstudyand phantomexperiment. Chapter4 descriedthe acceleration
methodfor theDOV approachln Chaptel5 theiterative sortingmethodfor 4D CT images

is presentediollowed by conclusionandfuturework attheend.



CHAPTER 2

Background and Preliminaries

2.1 Review of Registration

The purposeof imageregistrationis to nd a geometricalrelationshipbetweentwo
objects.Imageregistrationhasbeenextensvely studiedin recentyears[7,24,40,43,54,
56,82,83]. It is widely appliedin themedicalimagedomain,suchas,analyzingthetumor
changedbeforeandaftertreatmentirackingtheneuralactvity in thefMRI imagesfusing
imageswith differentmodalities(CT, PET, MRI etc.) to enablemoreaccuratediagnosis.
Otherthanthe medicaldomain,imageregistrationis alsoanimportanttool for the areaof
computervision, suchasmotionanalysisandobjecttracking.

Imageregistrationis de ned asfollows. Giventwo objects thereferencemagef :(Xx)
andthe tamgetimagef (x), wherex 2 RY andd is the numberof dimensionsof the
objects,the taskof imageregistrationis to determinea geometrictransformationl that
alignseachpointin f ¢(x) with the correspondingointin f,(x). Fromthis de nition,
imageregistrationincludestwo essentiaparts, representatiomf geometrictransforma-
tionsandmeasureof alignmentbetweenwo images(i.e., similarity measure)which we

describenext.



2.1.1 Classi cation of geometricdeformations

Geometrictransformationgan be partitionedinto rigid transformationsandnonrigid
transformations. The latter one can be further divided into afne transformationsand
curvedtransformationsSomeliteraturesmay considerigid transformationsisa subclass
of af ne transformationdecausdothtypesarelinear Fig. 2.1 shavs examplesfor each
of thesethreetransformatiortypes.

Rigid transformationsrede ned asthetransformationshatpresere all distancesnd
all angles(Fig. 2.1 a). This kinds of transformationsonly changethe position of one
objectand do not changethe shape. Examplesof rigid transformationsan be found
in the behaior of rigid partsof the body, suchasthe bonesor the head. This type of

transformatiorcanbewrittenin thefollowing expression:
(2.1) x%= Rx + t;

wherex andx?arethe positionsbeforeandaftertransformatiorrespectiely, R is ad
d rotationmatrix andt a translationvector The elementsof the rotation matrix R are

decidedby therotationangles.For example,therotationmatrix for a 2D imageis
1

0
coSs sin
2.2) R= X
sin coS

where is the counterclockwiserotationangle. Therefore whenusingrigid transforma-
tion, the imageregistrationproblemis to determinemerely the rotation anglesand the
translations.

Nonrigid transformationsrede ned asthosethatdo not presere distance®r angles.
Examplesof this type of transformationcan be found in the movementof soft tissue.
(Evenfor rigid body, we may needto apply nonrigid transformationsn the caseof inter-

patientregistration.) This type of transformationncludestwo widely usedsubsetsaf ne



transformationsindcurvedtransformations.
Af ne transformationgresere the straightnessand parallelismof lines, but allow

change®nanglesbetweerlines(Fig. 2.1b). They canberepresentety
(2.3) x%= AXx + t;

whereA isand d matrix. Thereis norestrictiononthe element®f thematrix A, unlike
therotationmatrix R in rigid transformationgn which theelementsaredependento each
otherthroughtherotationangles.Registrationproblemsusingaf ne transformationglso
only needto decideafew parameters.
Curvedtransformationsalsocalledelastictransformationsgo not requirethe preser
vationof anglesor lines (Fig. 2.1 c). They arethe mostcommontransformationseenin
softtissue suchastheliver, heart,thoraxetc. In mostapplicationsthesetransformations

aredescribedusingalocal deformationeld D,
x%= x + D(X):

Sincethedeformationof theanatomyis generallysmoothiit is reasonabléo representhe

localdeformationeld asasumof shiftedbasisfunctions:

X
(2.4) D(x)=  ahb(x i)

i
whereb(x) is abasisfunctionandc; valuesarethe coefcients. Therearevariouschoices
onthebasisfunctions,suchaspolynomialfunctions,radialfunctionsandsplinefunctions.
Ragistrationusing curved transformatioroften involvesa large numberof parameterso

bedetermined.

2.1.2 Registration methods

Ragistrationproblemsare usually solved by iteratively optimizing somecriterion or

somesimilarity measuréetweerthetargetobjectandthe deformedreferenceobject. In



Original object Deformed Object Deformation field
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a. Rigid transformation

Figure2.1: Examplesf geometridransformations

c. Curved transformation

termsof thesizeof datasetusedn thecriterion,registrationmethoddargelyfall into three
categyories: landmark-basedegistration,surface-basedegistrationandpixel/voxel-based
registration.

Landmark-basedegistrationmethodsutilize a setof homologoudandmarksthat are
identi ed manuallyin boththe referencamageandthe targetimage[29]. Suchmethods
often optimize the averagedistancebetweenthe landmarks. A small numberof points
is usuallyappliedto rigid or af ne transformations.Surface-basedegistrationusesthe
boundarysurface of an anatomicobjector structure[5, 26]. In thesemethodsthe cor-
respondingsurfacesin the imagesare determinedrst, and then the transformationis
optimizedto bestalign the surfaces.The previously mentionedandmarkbasedregistra-

tion is a specialcaseof the surface basedregistration, sincethe surface canbe viewed
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asa large setof points. Determinationof the surfacecanbe semi-automatior fully au-
tomaticandtheseregistrationmethodscanbe appliedto bothrigid transformation$26]

andnonrigid transformationg73]. However, a dif cult problemrelatedto the nonrigid
surfacedbasedregistrationis how to interpretthe relationshipbetweenthe deformation
of theinternalpointsandthe surfacepoints. Pixel/voxel basedmageregistrationworks
differentlyfrom the previoustwo classesn thatit operateslirectly ontheimageintensity
valueg40,61,82]. It hasrecentlypbecomehemostinterestingegistrationbasisin medical
imagingapplicationssincethesemethodsarefully automaticandcanbe appliedto both
rigid andnonrigidtransformationsThetransformationgsreoftenfoundby iteratvely op-
timizing somesimilarity measurecalculatedfrom the pixel/voxel intensity values,such
asthe sumof squareddifferencescorrelationcoefcients, or mutualinformation. The
intensity-basednethodcanalsoincludethe landmark,surfaceor shapeeatureaspart of

its similarity measureo increaséhe accurag of registration[27,89].

2.1.3 Regularizationson imageregistration

Curvedtransformationgremoregeneraln representindgpumananatomydeformation.
Becausdhe large numberof parameterassociatedvith curved transformationgaswell
asmeasurememoise,elasticregistrationproblemstendto beill-posed,i.e., thereexist
mary local minimawhich may be nonrealistic. Thereforeregularizationsare neccessary
for suchregistrationproblems Accordingly, the costfunctionthataregistrationalgorithm
intendsto optimizeincludessomesimilarity termsof the two objectsandregularization
termson the deformationestimates. The similarity metricshave beendiscussedn the
previoussectionandherewe brie y introducechoiceson deformatiornregularizations.

Reyularazationgreusuallydesignedasedon somephysical propertiesof the human

anatomicaddeformation. The following propertieshave beenconsideredn the literature
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of elasticregistration. Smoothnessegularization,which canbe measuredy the deriva-
tivesof the deformationeld, encourageslon changef movementbetweemeighbor
ing voxels. Invertibility regularizationdiscouragegolding. To penalizesuchundesired
deformationestimatespnemay penalizenegative Jacobiarvaluesof the estimatediefor
mation[35]. Consistenyg regularizationencouragethe deformationghatalignsobjectA
to B andalignsB to A to bethesame.To posethisregularizationonemayregisterA to B
andB to A simultaneoushandpenalizethedifferencedetweerthedeformatiorestimates
of thetwo directionsbut thenneitheris accuratd7,22,27]. Otherthanthoseglobal prop-
ertiesof humans anatomicatleformationjocalrigidity orimcompressibilityaccordingo
differenttypesof tissueis alsoconsideredn registration[45,46,70,72,91]. Therigidity of
deformationcanbe measuredy the deviation of Jacobiarfrom anidentity matrix. Such
penaltiesdiscourageelasticity at the rigid tissuesuchasbone. The imcompressibilityor
volume-presermtion propertycanbe measuredy the deviation of the determinanof Ja-
cobianfrom unity. It discouragegxpansionandcompressiorof soft tissuesuchasliver

andbreast.

2.1.4 Comparisonof TPSand Cubic B-spline deformation models
Becauseéhe nonrigid deformationof thoraxis our focusin this dissertationherewe
comparawo deformationrmodelsusedwidely to describeanatomicableformationcaused

by breathing:thin-platespline(TPS)deformationmodelandcubic B-splinedeformation

model. Thetwo modelshave the differentchoicesfor the basisfunctionb(x) in Eq. (2.4)

TPS deformation model

For TPSdeformatiomrmodel,thebasisfunctionis

U(x) kxk?log kxk® ; (2D case

(2.5) U(x) kxk; (3D caseg
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wherekx k? = x2 + y2 for 2D casesandkx k? = x2 + y2 + z2 for 3D cases is de ned
to have valueO at the origin, wherelog is not de ned for 2D cases.This basisfunction
is the so-calledfundamentakolution of the biharmonicequation4 2U = 0. Solutions
of the biharmonicequationrepresenthe form thata thin-plateof metalwould take when
forcedthroughcertain x ed pointswith lowestphysicalbendingenepy, thusthe nameof
thin-platespline. The actual3D TPSinterpolationmap betweentwo setsof landmarks

decomposemto two parts,anaf ne partandtheprinciplewarpsasfollows,

X

(2.6) x° = ag+aix+ay+azz+  qUKP (X y;2)K);
i=1

(2.7) Yo = ag+aix+ay+aiz+  dUKP (xy;2)k);
i=1

(2.8) 2% = aj+ alx+ajy+ ajz+  GUKP,  (xy;2)K);

i=1

whereP; denoteghe coordinateof landmarki, (x; y; z) and(x%y® z9 thecoordinates
beforeandaftertransformationanda®, & ,a*, ¢, ¢ , ¢ arecoefcients. Giventwo setsof
landmarkspnein thereferencemageandanotheihomologou®nein thetargetimage the
coefcients canbe foundby solvingequationarraysformedby substitutingthe landmark
coordinatesnto (2.6),(2.7)and(2.8) [6]. For medicalimageregistrationapplicationsthe

landmarksareusuallyidenti ed basedn speci ¢ anatomicaktructures.

B-spline motion model

B-splinesaresmoothlyconnectegbieceavise polynomials.Speci cally, herewe referit
to themostwidely usedB-splinefunctionof degreen = 3, whichis calledcubicB-spline.

Its close-formexpressions asfollows

% X2+ X0 jxj<1

(2.9) (x) = @ixr, 1 jxj< 2

:

xj 2
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Thed-dimensionabasisis de ned to bethetensomproductof the 1D cubicB-spline,i.e.,

V2
(2.10) (x) = (Xa);
d=1

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

pressedsfollows,

(2.11) x° = x+ Ci H : yhyj H <
k=1 j=1 i=1 X y z
X X X X X :
0 — i Y ¥ Z %
(212) ¥ = y+ e - —
k=1 j=1 i=1 X y z
X X X . :
(213) 2° = z+ G, —— L A
k=1 j=1 i=1 X y z

wheref x;g; f y; gandf z,g) arethecoordinate®f theB-splinecontrolknots,andhy, hy and
h, specifythethewidth of the B-splinefunction. The controlknotsareusuallyuniformly
distributed along eachdimension,but one may also usenonuniformcontrol grids. The
densityof the controlgrids canbe differentfor variousapplications B-splinemodelwith
adensecontrolgrid will beableto describesignalscontaininghigherfrequeng, or signals
thatchangemorerapidly. TheoryhasalsobeenestablishedhatB-splinescouldbeagood
interpolatorfor continuoussignals[85]. With the advanceof computertechniquesB-

splinehascaughtmoreandmoreinterestin engineers.

Comparison of TPS and B-spline deformation models

A directcomparisorof the basisfunction (2.5) and (2.9) givesan obvious difference
betweenthesetwo models,i.e., TPS basishasanin nite supportwhile B-spline hasa
very shortsupport. Hence,changesat eachknot will exert a global effect on the whole
deformationfor the TPSmodel,while only a local effect for the B-splinemodel. In this
senseB-splinesshouldperformbetterat modelinglocal andsubtledeformations.

To compareheperformancef thesewo modelsin approximatinghedeformationof
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thorax,We conductedhe following registrationexperimenton 11 pairsof inhaleandex-
halethoraxCT volumes all with voxel size0:19 0:19 0:51cm?: First, thin-platespline
registrationwasusedto aligntheinhaleandexhaleCTs,yieldingaTPSdeformationeld.
Thenwe did aleastsquaretting of the TPS eld into a cubic B-splinedeformationeld
andregisteredhesamepair of CTsusingthe B-splinemodelstartingfrom the tted defor
mation eld. This registrationyieldeda B-spinedeformationeld. We comparedhetwo
registrationresultsto seeif the B-splinemodelcouldimprove registrationaccurag, which
was evaluatedby the differencesof the actualand predictedpositionsof six landmarks.
Theselandmarkswere carefully identi ed by expertsfrom the locationsof vascularand
bronchialbifurcations[11].

TPSregistrationwas conductedoy M. Coselmonretal. [9]. For the TPSregistration,
30 control pointswereusedto aligntheinhaleCT to exhaleCT. The control pointswere
manually chosenin both the inhale and exhale CTs. Control pointsin the inhale CT
were X ed,while controlpointsin theexhaleCT wereperturbedn thewholeregistration
procedure. At eachiteration, the coordinatesof the control pointsin exhale CT were
updatedo maximizethemutualinformation(MI) betweertheinhaleCT andthedeformed
exhale CT. Optimizationmethodwasthe NelderMead simplex algorithm. Registration
stoppedvhenthe MI changdn threeconsecutie iterationshadnot exceeda threshold.

B-splineregistrationwasimplementedasedon the codewritten by J. Kim [34]. For
the B-splineregistration,meanof squaredifferencesvasusedasthe registrationcrite-
rion. Theestimatomwasregularizedto limit negative Jacobiardeterminantyhichimplies
nonrealisticanatomydeformationssuchasfolding and splitting. We chosethe B-spline
knotsto be evenly distributedin theregion of interestspacingoy 16, 16 and4 pixelsalong
left-right (LR), anteriorposterior(AP) and superiofinferior (SlI) direction respectrely.

The coefcient value at eachknot was optimizedusingthe GradientDescentalgorithm.
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Ragistrationstoppedvhenthe criterionhaddroppeddown to athreshold.

Sincewe wereinterestedn theright lung only, maskingwasdoneto restricttheregis-
trationontheright lung. Computatiortime wassaved by this maskingimageregistration.
Table 2.1 summarizeshe registrationaccurayg resultsfor TPSandB-splineregistration,
including comparison®f the meandifference standarddeviation andcorrelationcoef-
cientbetweenthe actualand predictedandmarkpositions. As canbe seenin this table,
B-splineregistrationresultedin accurag improvementin mostcaseswith a decreasef
meanabsolutedifferencesup to 3mm in case6. Also the correlationbetweerthe actual
andthepredictednhaleCTsweremuchhigherfor B-splineregistrationthanfor TPSreg-
istration. The improvementachiezed by B-splineregistrationindicatesthat the B-spline
deformatiormodelhasbetterthanor atleastequalperformancevith the TPSdeformation
modelin approximatinghoraxdeformationcausedy breathing.Moreover, theproperty
of local supportof B-splinescould save computationtime andreducethe compleity of
optimization.Thesetwo advantagesupporiourdecisionto usethe B-splinemodelfor our
laterrespiratorymotionestimatiorproblem,in whichwe deformabreathholdCT volume
throughtime to matchits projectionviews to the measuredequentiaprojectionviews,

whichwe view asakind of “tomayraphicimage registration” problems.

2.2 X-ray computedtomographic imaging systems

2.2.1 X-ray projection operator

ComputedTomograply (CT) is anon-invasve imagingtechniqueallowing thevisual-
izationof theinternalstructureof anobject.In a CT systemthe patientis placedbetween
an X-ray sourceandanarrayof X-ray detectors.By rotatingthe sourceandthe detector
simultaneousharoundthe patient,a large numberof X-ray projectionsfrom differentan-

glescanbeobtainedduringthe dataacquisitionperiod. Ideally, eachprojectionrepresents
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Table2.1: Comparisonof TPS and B-splineregistrationresults. MAE and arethe meanand standard
deviation of the absoluteerrorsof the the predictedcoordinateof landmarksat inhalew.r.t the
actualonesfor eachpatient. cc is the correlationcoefcients betweenthe actualinhaleandthe
predictednhalebasedn 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 integration of the attenuationcoefcients of the objectbeingscanned

alonga particularray path.

g (I’ ) projection M

LJ L(; rn)

Figure2.2: Thegeometryof line integrals.

Fig. 2.2 depictsthe geometryof the line integral processn a CT system. Let f (x)
denotethe attenuationcoefcients of an object, g (r,) the projectionvalue at the nth

elementf thedetectorfrom anangle , then
z

f (x)dl,
YAl
f(x;y) (xcos +ysin  ry)dxdy; n= 1;:::;N (2D case

g (rn)

(2.14)

whereL .,  orfxcos + ysin rn. = 0g denotegheline tracedby the X-ray from the



17

sourceto thedetectorandN is thetotal numberof detectorelementsEq.(2.14)is called
theRadontransformof f (x), andthespaceof ( ; r) is consequentlgalledRadonspace.

LetA denotetheprojectionoperatoffor angle , thenEq.(2.14)canbewritten simply

asfollows,
(2.15) g =ATf;
whereg = (9.1; ;0.v ). Ignoringbeamhardeningeffects,themeasurementg from

anX-ray detectorarerelatedto the projectionsby Beer's law [53]:
(2.16) E[Ymn]= Imn € 9" + Spin; n= 100N,

whereE [:] standdor theexpectatiorof arandomvariable,l ., is aconstantelatedto the
incidentX-ray intensity andS,,., denoteshescattercontritutiontog., .

Eq. (2.14) de nes the forward projectionoperatoy which mapsan objectfrom the
imagedomaininto the projectiondomain. Anotherfrequentlyusedoperatorin X-ray CT
imaging is backprojectionwhich takes a function de ned on eachprojectionline and
“smears”or projectsit backovertheline to produceanimage.It mapsanobjectfrom the
projectiondomaininto theimagedomain.Fig. 2.3illustratesthis backprojectiomprocess.
The mathematicatepresentationf the backprojectioroperatorfor a singleprojectionis

asfollows,
(2.17) b (X;y) =g (rn) (xcos +ysin  ry);

whereb (x; y) denoteghebackprojectedmage.
The 2D FourierSlicetheoremstateshatthe Fouriertransformof the projectionof the
objectontoaline is equalto the Fouriertransformof the objecton theline throughorigin

andparallelto theprojectionline, i.e.,

(2.18) G ()=F(UV)ju= cosy= sin ;
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Back-projected image b5 (x.y)

Frojection

Vo
A

Figure2.3: lllustration of the backprojectioroperator

whereG () isthelD FTofg (r,) andF (u;v) isthe2D FT of f (x; y). TheFourierSlice

theoremin a higherdimensioncanbe de ned in a similar way. Accordingto the Fourier

Slice theorem, a 2D object can be reconstructedising Filtered Back Projection(FBP)
methodfrom a anglecollection of projectiondatain Radonspace[53,59,99]. The

objectcanalsobereconstructedsingstatisticaiterative methodsin whichoneminimizes
a costfunctionof the measuregrojectionsandthe modeledprojectionsof the estimated
object[15,18].

Two essentiabperatordor modelingX-ray CT imaging processarethe forward pro-
jectionandbackprojectionwhich arefrequentlyusedin CT imagereconstructioraswell
asotherapplicationgrelatedto X-ray CT imagingsuchasartifact correction,simulation
or 3D-2D registrationof CT volumesand X-ray uoroscopeimages. Currently there

areseveralapproacheavailablefor computingprojectionsjncluding pixel(/voxel)-driven
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methods ray-driven methodsand distance-dsien methods whoseprinciplesare brie y

explainednext.

Pixel-driven methods

In pixel-driven backprojectionthe intersectionof the detectoranda line connecting
the X-ray sourceandthe centerof thepixel of interestis decidedrst (Fig. 2.4),. Sincethe
locationof theintersectiommaynotbeexactly atthesamplepointsof thedetectorinterpo-
lationis performedo determinghevalueattheintersectiorandthevalueis accumulated
over all projectionanglesat the pixel [23]. A backprojectionmageis formedby looping
this proces®overeachpixel. Pixel-drivenforwardprojectionis de ned astheadjointof the
backprojection Pixel-drivenis suitablefor backprojectionput is rarely usedfor forward

projectionsinceit resultsin high frequeny artifactsin the generategbrojectiong13]

X-ray source

®

.\ Rixel gf Intefest

Detector

Intersecction

Figure2.4: Pixel-drivenbackprojection

Ray-driven methods

Ray-drvenforward projectionworkson eachray passingrom the X-ray sourceto the
centerof the detectorelementof interest(Fig. 2.5). Theintersection®f theray with the
imagearedeterminedrst, andthe valueof eachintersectionlocationis accumulatedo

be the projectionvalue at that detectorelement. The value at eachintersectionlocation
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is interpolatedandis weightedby the intersectionlength of the ray within the pixel cell
for accumulation. Ray-driven backprojectionis de ned to be the adjoint operationof
the forward projection. Typical ray-driven projectionmethodsinclude Siddons method
[75] and Josepls method[28]. Ray-driven projectionis popularfor forward projection,
but is seldomusedin backprojectiorbecauset generatefigh-frequeng artifactsin the
backprojectionmageq13].

X-ray source
e

X

Detector

Detector element of interest

Figure2.5: Ray-drivenforward projection

Distance-driven methods

Distance-dnrren projectionis a recentlyproposednethod[13,14]. It works by map-
ping the boundaryof all pixels in animagerow andall detectorcells onto a common
axis (e.g. x axisin Fig. 2.6) (Fig. 2.6). Basedon theseboundariesthe overlaplength
betweeneachpixel cell andeachdetectorcells on x-axisis calculatedandthennormal-
izedto be the weightusedin forward projectionandbackprojectionsymmetric). Sothe
distance-dren forward and backprojectioroperatorsaretranspose@ndadjointto each
other This methodseliminatethe high-frequeng artifactspresentin the previous two
methods.Thedistance-dienmethodhave comparablemagequality with theray-driven
andpixel-driven methodsn forward projectionandbackprojectiorrespectrely, but take

lesscomputatiortime thanthe othertwo kinds of methods[13].
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X-ray source

[ ]
»
"

Detector

Figure2.6: Distance-drenprojection

2.2.2 Statistical propertiesof projection views

X-ray projectionimagesarecreatedrom intensityvaluesthatarerelatedto thenumber
of photonsstriking a detectorelementin a nite periodof time. The randomquantum
effects, which are often modeledby a Poissondistribution [1],may dominateover other
sourcef measuremerdrrors.Soit is oftenassumedhatthe projectionsareindependent

Poissorrandomvariablesij.e.,
(219) Ym;n POiSSOh(I m:n e 9n 4 Sm;n);

wherel ., is aconstantelatedto theincidentX-ray enegy, andS,., thescattedistribu-

tiontog., . Morecomplicatechoisemodelshave alsobeendeveloped suchasCompound
Poissormodel[92] andPoisson-Gaussianixturemodel[76]. Thesenoisemodelsareim-

portantin designingstatisticalimagereconstructioralgorithms.We will notdiscusghem
furtherin this dissertation.

In cone-beansystemsthe amountof scatteredadiationdetecteds muchhigherthan
thatin fan-beansystemspecausehe useof alarge coneangleanda 2D detectorallows
more out-of-slicescatteregphotonsto reachthe detectorelements.Experimentshaved
that the scatterto primary ratio (SPR)in a cone-beansystemcould be up to 3 or more

[19,81] . X-ray scatterposesa severe physical limitation to image quality in CBCT,
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resultingin contrasteductionjmageartifacts(cupandstreakartifacts)andinaccurag of
CT number An anti-scattergrid andair gap are often usedto reducex-ray scattey and
software algorithmsare often usedto handlethe residualscatter A commonsoftware
correctionmethodincludesan estimationof the scatterdistribution and a subtractionof
the estimatedscatterfrom the measuregbrojectionimage. Therearea few popularways
to estimatescattereffect. Oneis to modelthe scatterasthe corvolution of afunctionwith
the primary counts. The function could be approximatedy an exponentialor Gaussian
kernel[47]. Anotherway is to measurehe scattereffect usinga beamstoparray[57].

Onemayalsoestimatehe scatterby usingusingthe Monto-Carlosimulation[8].

2.2.3 Motion effects:inconsistentprojection views

Most CT imagereconstructioralgorithmsassumehatthe objectdoesnot move during
the scan. This stationaryconditionis violatedwhenthereexists organ motion during the
scanningprocessandthe collectedprojectionsareinconsistent.This inconsisteng leads
to severeartifactsin thereconstructeémagessuchasblurring, partialvolume,andstreak
artifacts, especiallyfor organsin thoraxand abdomerregionswheremay presentup to
3cmtissuemovement. Therearevariousmethodseingdevelopedto reducemotionarti-
factsin thereconstructedmages..They canbe largely divided into threecateyories: fast
scanningreconstructiorior motioncompensatioandgatedimageacquisition.In the rst
classresearchersndeaor to shortenscannerotationtimesfor dataacquisitionto reduce
motion artifactsand improve temporalresolution[25,67,68]. For slice CT scannersit
canrotateasfastas0:5 secperrotationandprojectionsof slightly largerthanhalf rotation
aresufcient for onereconstructionEvenwith this fastscannermotionartifactsarestill
presenin thereconstructedmagesasshaowvn in Fig. 2.7. In thesecondclass reconstruc-

tion algorithmsfor motioncompensatioarebasedn assumptionsf a prior deformation



23

model[10,71,88], or basedon the estimationor detectionof motion using extra hard-
ware[16,49] or from extra dataset[44]. In mostof thesework, only the deformation
modelsthatpresere linesareconsideredHowever,the movementof humananatomyare
muchmorecomple thanthoseline-presereddeformatiormodels.In gatedimageacqui-
sition techniqueswhich aredesignedor 3D CT volumereconstructiongdevicesareused
to measureahe breathingstateeitherasa trigger signalto initiate the scanto acquiredata
atacertainbreathingstate[20], or asametricto sortthe CT scansgnto bins of equialent
breathingstateso form avolume[48,87]. However, this type of methodshighly depend
on the reproducibility of the organ motion with respectto the external breathingindex.
Moreover, the 2D slicesthat are staclked tot form a 3D volume may still containmotion
artifact. Ratherthanworking on motion reductiondirectly, in DOV, the methodwe will
presenin the next chapterwe usethosemotion-includedprojectionviews to estimatethe
anatomymotion, assumingavailable a staticreferencevolume of the anatomysuchasa
breathholdtreatmentplanning CT. With the motion estimatedoy DOV and a reference
volume,4D CT imagescanbe generatedby deformingthereferencesolumeaccordingo

theestimationmotion.

Figure2.7: A slice reconstructedrom a GE 8-slice LightspeedCT scannel(0:5 secper rotation).Motion
artifactsexist ataroundthe edgeof themassin theleft lung.



CHAPTER 3

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

Thischaptedescribe®neof themainwork of thisdissertationa methodthatestimates
respiratorymotion usinga deformablemotion modelfrom a staticreferencevolumeand
a sequenc®f slowly rotating,free-breathingrojectionviews. We nameis Deformation
from Orbiting Views (DOV). It is essentiallya dynamic3D-2D registrationmethod. 3D-
2D imageregistrationhadbeenwidely usedfor patientsetup estimationin radiotherap
system.It compareghe digitally renderedadiographgDRR) of the 3D treatmeniplan-
ning CT volumeto uoroscopeor electronigportalimagedo optimizearigid patientsetup
difference[37,42,60]. In our dynamic3D-2D registration,we simutaneouslpptimizea
sequencef time dependenhonrigid deformationgo registera 3D CT volumeto a se-
guenceof 2D proejctionviews, whichis muchmorechallenginghanthe common3D-2D
registrationproblems.

Building 4D patient-speci cdeformablanodelshasattractecconsiderablattentionin
theseseveral years. A straightforvard methodis to registera 3D CT volume with 4D
CT volumeswhich containmultiple 3D CT volumeseachat a pre-de nedbreathingstate
over the respiratorycycle. However, limitations on current4D CT imagingtechniques,
which hasbeenbrie y mentionedn Chapterl andwill befurtherdiscussedn Chapter,

will certainlyextendinto the deformationmodelsestimatedrom those4D CT volumes.

24
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McClellandet al. [55] proposedmethodto build 4D motion modeldirectly from a high
guality referencevolume andthe unsorted4D CT imageswhich containfree breathing
multi-slice CT “slabs”(2 3 cm thick) at eachaxial tableposition. They rst registered
thereferencevolumeto eachof thefree-breathingCT slabusingB-splinebasedree-form
deformationthenconstructesnotionmodelby atemporaltting of theregistrationresults
over onerespiratorycycle, assuminghey have availablethe phasepositionat which each
slabwas acquired,for example,from an externally monitoredbreathingindex. Finally
they concatenatéhe motionmodelof eachslabto form a 4D motion modelof the whole
volume. It is a novel methodand can provide one cycle of 4D motion model averaged
over a coupleof respiratorycycles,which canfacilitateautomatictarget propagtion and
combiningof dosedover onebreathingcycle. The averagedmotion modelindicatesthat
this 4D motionmodelis not really alongthe naturaltime axis, but alonga parameterized
time axis. Moreover, theregistrationstepwereoperatedgseparatelypn eachsmallvolumes
of 2 3 cmthicknesshencetheregistrationresultmaybelessstableandrobust;the con-
catenatiorstepmay alsoyield discontinuityartifactsat the slabboundariesIn our DOV
method,we dynamicallyregistera sequencef projectionviews spanningover multiple
breathingcyclesto a high quality referenceCT volume,andwe usea B-splinebasedmno-
tion modelwhich is continuousin bothtime andspacedomain. Hencethe so estimated
motion modelarewith the naturaltime axis andis alsoconsistenin the spatialdomain
becaus®f no concatenatiomecessaryn our method.

Most of the contentin this chaptercan be found in our recently publishedpapers
[101,102]. We explain the theory of DOV andthen presentour simulationsand phan-

tom experiment.
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3.1 Theory

DOV is amethodthatestimatesespiratorymotion, a sequencef time-dependende-
formations,from a sequencef slowly rotating X-ray conebeamprojectionviews with
the availability of a staticreferenceCT volume. Estimationis oftenaninverseprocedure
aimedat recovering someunknavn parameterérom available measurementssenerally
for aniteratively solved estimationproblem,therearethreemaintasks:de ne a suitable
systemmodelthat describeghe mathematicatelationshipamongthe inputsandthe pa-
rameterschoosea good costfunction of the parametersccordingto the systemmodel,
andselectappropriateoptimizationalgorithmsto nd thevaluesof parametershatmini-
mize or maximizethe costfunction. Accordingly we explain the DOV framework from

thesethreepoints.

3.1.1 The systemmodel

The proposednotion estimationmethodusestwo setsof data.Oneis areferenceho-
rax CT volumeobtainedrom acornventionalfastCT scanneunderbreathholcdconditions,
denoted i(x);x 2 R3. Theotheris a sequencef projectionviews of the samepatient

acquiredat treatmentime usinga slowly rotatingcone-beansystem(1 minute perrota-

therelationshipbetweerthetwo datasetsf .¢(x ) andY in this section.

We needto rst addressone concernaboutthe slowly rotating cone-beansystems.
Although the cone-beanscannersotateslowly, the acquisitiontime of eachprojection
view is short. For example,recentlydevelopedsystemscanacquirel5 framesper sec-
ond, which indicatesthattheimagingtime for eachframeis lessthan0.067second.We
thereforeassumethat the respiratorymotion is negligible within eachsingle projection

view.
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Let the motionduringthe scanbedenotedasT (x;t), atime-dependendeformation
controlledby parameters . Sincethe projectionviews andthe referencevolumeareall
from the samepatient,theideal projectionviews g, canberelatedto f s in termsof the

CT imagingprinciplethroughthe motionasfollows,

(3.1) On = A _fi.;

(3.2) fro(X) = FredT (X;tm));

whereA _ denoteshe X-ray projection[53] operatoirfor projectionangle ,, andf; is

thedeformedvolumeattimet,,. Combining(3.1)and(3.2),we obtain

(33) Om = A mfref(T (;tm)):

However, in practicethe projectionviews g,, areestimatedrom the measuregbhoton
countsY,, which arealwaysdegradedoy noise,dominatedy the Poissoreffect[1]. For
simplicity, we assume monoeneggeticmodelto describeherelationshipgbetweerg,,, and

Y asfollows,

wherel ., is a constantrelatedto the incident X-ray intensity S,,., denoteghe scatter
contrilbution to Yy, andn is the detectorelementindex. Thenthe projectionviews used

for DOV canbeestimatedrom Y, asfollows,

I m;n
35 n=log ———M—
(3.5) Omin g Yo ém;n

In (3.5),I m:n canbemeasuredby anair s.canandém;n is anestimateof the scattercontri-
bution. Thereareafew popularwaysto estimatescatter Oneis to modelthescatterasthe
convolution of a functionwith the primary counts. The function could be approximated

by anexponentialor Gaussiarkernel[47]. Anotherway is to measurdhe scattereffect
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usinga beamstoparray[57]. Onemayalsoestimatehe scattetby usingthe Monto-Carlo
simulationmethod[8]. The DOV methodcanuseary suchscatterestimates.

We needto choosea deformationmodelto complete(3.3). Usually the movementof
tissuecausedoy breathingis nonrigid and smooth,exceptthe caseof suddencoughor
sneezewhich shouldbeavoidedduringdataacquisition.Thereforetheanatomydeforma-
tion during breathingcanbe characterizedby smoothcurved transformationswhich can
be approximatedy a sumof weightedshiftedbasisfunctionsasdescribedn 2. Sincethe
temporalmovementof anatomyalsohasthe smoothnesproperty we adoptthe following

B-splinebasednotionmodel,

X X _ .
(3.6) T (x:t) = x + y j X X
j i

where () is the cubic B-splinefunctionand (x) thetensorproductof cubic B-spline
functions,i.e., (x) = ngl (Xa); X = (X1;  ;Xp), j andx; thespatialandtemporal
knotlocations, y and . controlthewidth of the spatialandtemporalbasisfunctionsre-
spectvely, and theknotcoefcients. Therearetwo advantage®f usingacubicB-spline
model.Oneis thatthe smallsupportof the cubic B-splinefunctioneaseshe computation
andoptimization.Theotheris thatthe densityof a B-splinecontrolgrid canbelocally ad-
justedaccordingo thecharacteristicsf thesignalto be tted. For example,onecanplace
moreknotsat regionswherethe signalchangegasterandlessknotsotherwise Although
we usea B-splinebasedmotionmodel, T (x;t) generalizeso ary othersuitablerepre-
sentations.Note thatin (5.2) T (x;t) containsmotionsin threeorthogonaldirections,

eachcontrolledby a groupof B-splinecoefcients. Take themotionin thex-directionfor

example,

(3.7) TX(x;t) = x + X ‘ L
j i t X

In Equation(3.3) thedeformationis operatedn a continuougeferencamagef e(x).
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But theactualreferenceCT volumewe obtainis discrete thereforewe needto interpolate
it to a continuoussignal. Again, we chosethe uniform cubic B-splinesto interpolatethe
discretereferencevolumeasfollows,

X
(3.8) fre(x)= G (x i):

i

¢ aresetsuchthatwe have aperfectt atintegers,i.e., the intensityvalueof f (x) is
exactly the sameasthatof thediscretereferencamageat eachinteger pixel. They canbe
solved corvenientlyby thedigital Itering approactasdescribedn [85].

To sumup, we establishedherelationshigbetweerthetwo measurementhatareused
by DOV in thissection.Thefollowing block diagramsummarizedhis relationship.In this
block diagramwe treatall the noiseandartifactscausedby dataacquisitionas additve
noise.Basedon the motionmodel(5.2),the estimationgoalisto nd themotionparame-

ters , containingthreegroupsof knotcoefcients for thethreedirectionsf x; y; zg, from

the projectionviews @, andthereferencevolumef .

f ; fo=free(T (X5t —
ref Motion Model 1= T O6G1) ~|  Projection g

T (x;1) A

Noise

Figure3.1: Systemmodelof themeasurements.

3.1.2 Regularizedleast-squake estimator

As statedabove, we needto nd the motionparameterérom a sequencef projection
views and a static anatomyprior of the patient. Thereis no analyticalsolutionto this
problem. Moreover, the problemis ill-posed. Usually for suchinverseproblems,the

unknavn parameterare solved by minimizing or maximizing a costfunction basedon
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the systemmodel. For anill-posedinverseproblem,i.e., a problemwhosesolutionis
not uniqueor doesnot exist for arbitrarydataor doesnot continuouslydependon data,
a prior informationis often necessaryo “reject” thoseunrealisticanswerg4]. Thusthe
costfunctionusuallycontainsregularizationtermsbesidegata delity terms.

DOV is essentiallyaregistrationproblem.But unlike thetraditionalimageregistration
problem,DOV workswith the projectiondomaindataandis thusmorechallenging.For
example,a 3D imageregistrationtaskis to nd a 3D deformation eld from two 3D
images,while DOV is taslkedto nd k 3D deformation elds from one3D imageandn
2D projectionviews, wherek  n. Evidently DOV attemptgo estimatemoreunknovns
from lessinformation. Thus,regularizationis essential.

In termsof the relationshipbetweeng,, andf s describedn (3.3), we constructan

regularizedestimatorof  asfollows,

(3.9) "= argmin D(f@nGifpm( )9+ sRs( )+ (Re( ) ;

wherefpn( )g= fA (T (X;tm))gisthemodeledprojectionviews of thewarped
referencevolume,D ( ; ) isadatadelity term,Rs( ) isamotionroughnesgenaltyterm,
R:( ) isatemporaimotionaperiodicitypenaltyterm,and sand . arescalarghatcontrol

thetrade-of betweerthethreeterms.We elaborateéhethreetermsnext.

Data delity term

This sectionelaboratesnthedata delity termin (3.9). We investigatedthe following
two intensity-basednetrics: sumof squareddifferenceg SSD) and a correlation-based
metric. Consequentlyve call the estimatorsusingthosetwo metricsLeast-Squar€LS)

estimatorandcorrelation-basedstimatorespectiely.

SSD
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Theexpressiorof SSDis asfollows,

1 X X
(3.10) SSOf Gma; fpm( )O) = MN kKdm pPm( )k
m=1

whereM is the numberof projectionviews andN the numberof detectorelementsof
the cone-beanscanner This metricworkswell for registrationof imagesfrom the same
modality Thisrule appliesto DOV aswell. To yield goodestimatesusingthis approach,
the X-ray enegies shouldbe the samefor imaging the static CT andfor acquiringthe
cone-beanprojectionviews. In additionto this, extra effort may be neededo correctthe
imagingartifactssuchas Comptonscattereffects, beamhardeningeffects,and presence
of the radiotherap tablein the projectionviews (not presentin the prior CT). The SSD
representsbestcase’performancevhensucheffectsarecorrected However, in practice
it may be dif cult to correctfor all sucheffects,sothe following correlation-basenetric

may be preferable.
Correlation-basethetric

In the correlation-basedstimatoywe usedthe negative-logarithmof the correlationcoef-

cient (LCC) asthedata delity metric. The expressions asfollows,

LCC(fma; fpm( )0)

b
= In(cor(Om; pm( )))
m=1
X
= In (Omn Im)(Pmn( ) Pm( )+
m=1 n=1
1 X\I 2 1 >{\I 2 .
§|n (gm;n Om)“ + Eln (pm;n( ) Pm( )"
n=1 n=1

(3.11)

whereg,, is the meanvalueof §,, andpn,( ) is the meanvalueof p,( ). In this data
delity term,weusealogarithmto separatéthenumeratoanddenominatoren theexpres-

sionof thecorrelationcoefcient, whichsimpli es the calculationof its gradient.Because
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the logarithm functionis increasingthe logarithm stepdoesnot changethe monotonic-
ity of the correlationcoefcient function. We negatethe logarithm correlationcoefcient
becausave areminimizing the costfunctionin the estimator(3.9).
Correlation-basedhetricsare suitablewhenthe intensitiesof the imagesarelinearly
related.In X-ray imaging,the attenuations largerwhenthe X-ray enegy is stronger So
we mayexpectthecorrelation-basedstimatorcanperformwell evenif theenegy spectra

usedfor theconventionalCT scannerandthe cone-beanCT scannernrenotidentical.

Penalty design

This sectionelaborate®n the penaltytermsin (3.9).
Spatialandtemporalmotionroughnesgenalty

The motion roughnesgenaltydiscouragesapidly changingbreathingmotion estimates
thatwould be unrealistic. The spatialmotionroughnesganbe measuredjualitatvely by
the squaredifferencesetweenthe displacementsf adjacentvoxels, andthe temporal
motionroughnes®y the squaredlifferencedetweerthedisplacementsf thesamevoxel
at adjacentime points. To simplify this term, we replacedhe displacementlifferences
by the motion parametedifferences With this simpli cation, this termcanbe expressed

mathematicallyas
1 2
(3.12) R( )= ékC k®;

whereC is adifferencingmatrix, with atypicalrow having theform (:::;0; 1;1;0;:::)
for the rst-orderroughnespenaltyand(:::;0; 1;2;1;0;:::) forthesecond-orderough-
nesspenalty It canbe shavn thatthe second-ordedifferencingmatrix hasa very similar
high-passstructureto thatfor penalizingdisplacementsindera cubic B-splinedeforma-
tion model. By including this penaltyterm, the optimizationis guidedtoward a solution

with asmoothetbreathingmotion.
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Aperiodicity penalty

Theaperiodicitypenaltyencouragesimilarity betweerndeformationestimateghatcorre-
spondto similar respiratoryphasesThis helpsensuregemporalregularity. If thetemporal
knotsareevenly spacedn eachbreathingperiodandeachbreathingperiod containsthe
samenumberof knots,thenthe temporaldeformationsimilarity canbe quanti ed by the
closenes®f the coefcient valuesof knotsthatarelocatedat similar respiratoryphases,
for the sale of simplicity. For example,in Fig. 3.12(solidline) therearefour breathing
cycles,eachcontainings locally evenly spacedknots. Thus,every fth knotcorresponds
to a similar phase suchasthe knot group(1; 6; 11; 16), theknotgroup(2; 7; 12, 17), and
soon. Basednthisdesigntheaperiodicitypenaltytermalsotakestheform of Eq. (3.12),
with the matrix C having atypicalrow of (:::;0; 1;0;:::;0;1;0;:::). Thenumberof
zerosbetween 1 and1l is relatedto the numberof knotsplacedin eachbreathingperiod.
To determineghe correspondendeetweertemporaldeformationsye extractarespiratory
signalfrom the Sl positionchangeof thediaphragmn the projectionviews. Detailsof the
extractionmethodaregivenin Sect3.2.

We addthis penaltytermto help overcomethe limited gantryrangefor eachbreathing
cycle. Currentradiotherap systemsanrotate6 persecondspanningaround20 40 in
onebreathingcycle. Thereforethe measuregbrojectionviews in onebreathingcycle may
poorlyre ect themotionalongcertaindirections.For example,if thegantrystartsfrom 0
(anteriorview), thenthe projectionviews in the rst breathingcycle arelessinformative
aboutthe AP motion,leadingto poorermotionestimatioraccuray alongthe AP direction
in the absencef ary otherprior information. However, the projectionviews taken over
the next breathingcycle canbettercapturethe motion along AP direction. By usingan
aperiodicitypenaltyterm, motion informationcontainedn the adjacentreathingcycles

canbe“shared”to helpcompensatéor theangularimitation.
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3.1.3 Optimization

we useiterative methodsto searchor *. We experimentecbn severalnumericalalgo-
rithms[62] andfoundthatthe ConjugateGradient{CG) algorithmworkedbettertheothers
we experimentedsuchasthe GradientDescen{GD), the Levenbeg-Marquadt(LM)and
Quasi-Neavton (QN) algorithms. The GD algorithmchooseghe searchdirectionaccord-
ing to the gradientvector offering slow convergenceand being easily stuck at a local
minimafor DOV. The LM offeredfastconvergencefor simulatedsmall-sizedatasetput
wasimpracticalfor 3D clinical datadueto the computatiorof alarge-sizedHessian.The
QN algorithmapproximateshe inverseof Hessiarby updatinga preconditioningmatrix.
Basedon our experimentsthe approximationwasnot accurateenoughto guidethe opti-
mizationtowarda correctdirectionfor this problem.

The CG algorithmdoesnot usethe gradientvectordirectly asits searchdirection. It
modi es the gradientsearchdirectionsso that the currentsearchdirectionis conjugate
to all the previous searchdirections. This modi cation ensuresa more ef cient search
over the parameterspaceand hencecorvergesfasterthan the simple GradientDescent

algorithm. The updatingschemédor eachiterationn includesthefollowing steps,

r (™) (gradient)

0
—
E
=
|

p™M = gq(”) (precondition)

2 o L
" T > eap™ig™ g0 9
. rea n iq n q n 0.
rea(fp(™ D, q(" Dj) ’ n>0
d™ = pM+ d" Y (searchdirection)

argmin ( ™M+ dM) (stepsize)

S
1

D= M4 d™ (update)

(3.13)
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We setP = |, which s actuallythe unpreconditionedase.|deally the stepsize ,
shouldbe solved exactly. However, corvergencecanalsobeguaranteed |, satis esthe
Wolfe conditions[]. To save computatiortime, we usedonly oneiterationof the Newton

updateto nd asub-optimaktepsize”, asfollows,

< o)
3.14 Ny = ;
(314 ° *( o)

wheretheinitial value  is setto be zeroto simplify the calculation.The proofis yetto

be donethatsuchselected®, is within the rangespeci ed by the Wolfe conditions.The
gradientg™, the rst derivative - ) andthesecondierivative *( o) canbefoundfrom
(3.9) usingthechainrule. Referto AppendixA for detailsof the calculation.

To acceleratehe optimizationprocedureandto avoid local minima,we alsoapplieda

multi-resolutiontechniqud82].

3.2 Implementation issues

3.2.1 Extraction of respiratory signal from projection views

As describedin the Sect3.1.2, We needa respiratorymarker to determinethe cor-
respondencebetweenthe temporalknotsfor the aperiodicitypenalty We adoptedand
simpli ed the respiratorysignal extractionmethodpresentedy Zijp's [105]. The basic
ideais to capturethe Sl transitionof thediaphragmin the collectedprojectionviews. The
methodusesthefollowing four steps:

Stepl: we applieda gradient Iter (e.g.,h = [ 1;1]) to each2D projectionimage
alongthe Cranial-Cauda(CC) direction. This stepis to emphasizdéhe diaphragm-lile
transitionfeaturein eachprojectionimage(Fig. 3.2).

Step2: We took the absolutevalueof eachgradientimagethenprojectedontothe CC
axis (Fig. 3.3). The“image” formedby combiningall the 1D projectionsclearly shovs

somebreathingpatternnearthe diaphragnregion, while in the otherregionsthereis no
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(a) TheX-ray pro- (b) Its CC gradient
jectionimage image

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

obviousintensitycontrastFig. 3.4).

(a) The absolutevalueof the (b) Its axial projection
gradientmage

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

Figure3.4: Theimageformedby combiningthe 1D axial projections.Eachcolumncorrespondso a single
1D projection.

Step3: the centroidof eachl1D projectionwas calculatedand orderedin time. The

formulafor calculatingthecentroidof alD signals,; n=1;, ;N,is

P N
centroid = P5——
n=1 Sn
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Stepd: thecentroidsignalwasnormalizedandthensmoothedy usingasimplemoving
averagelter.

As shawvn in Fig. 3.12,the estimatedespiratorysignal (dashedine) presentsimilar
peakandvalley patternsasthatof thetruerespiratorysignal(solid line). An advantageof
this projection-viev basednethods thattheresultingsignalis relatedto internalanatomy
positions,unlike external monitoring methods. We usethis signalto decidethe phase
correspondendeetweertemporaknotsfor calculatingtheaperiodicitypenaltyterm. This
is its only usehere. Sincethis signalis not extremelyimportantfor the designof our

motionmodel,aroughestimationof the breathingsignalis sufcient for DOV.

12 True breathing signal
N7 ' — — — Estimated breathing signal

*  Ideal temporal knot distribution

+  Automatic temporal knot distribution

02 I I I I I
0 5 10 15 20 25 30
t(sec)

Figure3.5: An illustration of the extractedbreathingsignalborrovedfrom our latersimulationresults.The
solidline representthetruebreathingsignalandthe dashedine representtheextractedbreath-
ing signal.

3.2.2 Useof Kr onecker operator in B-splinerelatedcomputations

Let usstartfrom a 2D signal,f (x; y), representedly B-spline nctions asfollows,

X X X X |
(3.15) F(xy) = , Yy %

j i

Supposave wantto calculateF, adiscretemageof f (x; y) atpositionsf (Xn, ; Yn,); Nx =

1; Ny ny = 1, ;Nyg. If wede ne By tobeanN, | matrix with its element
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By (ny;i having thefollowing value

an X|

(3.16) Bu(nii) = =

andde ne By anNy J matrix similarly, the calculationof Fy, n, is equalto thefol-

lowing linearoperation,
(3.17) F = By S:

whereéB,, = B, By, representinghe B-splinematrix,and ° is the column-wisestack
of array ; Here denoteghekroneclerproduct.

In our case,we actuallyusea 4D B-spline tensorproductasthe basisfunction (3D
spatialand 1D temporal(x; y; z; t)), suchasthe calculationof deformationin Eq. (3.7).

TheB-splineoperatorfor this 4D cases

The sizeof B,y is (NxNyN;N¢) N , whereN,, Ny, N, andN, arethe numberof
positionswherethe valuesof the function are requiredto be calculatedalong the four
dimensionrespectrely andN is the total numberof B-spline knots. Directly forming
the matrix By, .« andthenmultiplying with the coefcient vector ° may requirehuge
computationmemory To overcomepossiblememoryproblem,we utilize the following
propertyof thekronecler product:

Whendimensionsre appropriate de nedfor the productAB C to bewell de ned,
(3.19) (ABC)*= (C° A)BS:

Hencethe large matrix multiplication canbe decomposedhto mary small matrix multi-

plicationsandit is not neccessario storethelargeB matrix.
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3.3 Simulation

This sectionpresentour simulationresults. The simulateddatasetsvere generated
basedon several real clinical planningCTs andthe geometryof a slowly rotatingcone
beamCT system,andthusshouldre ect sufciently realisticconditionsto illustratethe
performanceof this method. Furthermore,n the simulationsabsolutetruth is known,
permittingquantitatve evaluation.

3.3.1 Simulation setup

Data setup

This sectiondescribedhow we generatedequentiacone-beanprojectionviews of a
moving CT volumeusingthreebreathholdreatmentCT volumesof the samepatientat
differentbreathingohase$0%, 20%,60% vital capacityabove tidal exhale).

We selectedhethoraxCT attheendof exhale(0%) asour referencevolume(Fig. 3.6),
with 192 160 60voxelsandavoxel sizeof 2 2 5mm?3. We thengenerated’0
cone-beanprojectionviews of the warpedreferencevolumesover a 180 rotation. (The
warpingprocesss describedn thenext paragraph.hesimulatedcone-beansystemhad
a at-panel detectorof 180 200elementsof size4 4mm?. The sourceto isocenter
distanceand the isocenterto detectordistancewere 1000nm and 500nm respectiely.
The gantry rotated6 per secondandspannedl80 over the four breathingcycles. We
useda distance-duenmethod[14] to calculatethe projectionviews. To simulaterealistic
projectionviews, scattelandPoissomoisewereaddedaccordingo thestatisticalproperty
of projectionviews asdescribedn (3.4). We rst corvertedthe projectionviews from
attenuatiorto primary photoncounts. The incidentintensity | .., in (3.4) usedfor this
corversionis 10° countsperray [93]. We thenapplieda corvolution methodto generate

thescattercountsjn whichanormalized®D exponentiakernelwith aFWHM of 4cm[47]
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andascattetto primaryratio (SPR)of 10%wascorvolvedwith theprimaryphotoncounts.
In practicethe SPRmay be higher Finally the scattercountsand the primary counts
wereaddedtogetherandtheir sumsweretreatedasparametersf the MATLAB function
“ poissrnd to generatéoissordistributednoisyprojectionviews. Fig. 3.7 displaysseveral

simulatedcone-beanprojectionviews.

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

Figure3.6: The threeviews of the referencethorax CT volume. (Pointsin the imagesare the projection
positionson the threeplanesof thevoxelsrandomlyselectedor accurag plots.

)
g
- ¥ .

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

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

Therespiratorymotionwe simulatedfor generatinghedynamiccone-beanprojection
views was basedon the three breathholdCT volumes (0%, 20%, 60% vital capacity).
We rst registeredthe 20% and 60% volumesto the 0% volume usinga B-splinebased
deformationmodel. Thenwe selectedsomevoxels nearnonuniformregionssuchasthe

top surfaceof diaphragmandtheintersection®f bronchi,which have smallerregistration
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errors.Afterward,we foundthetime pointst o andtgg correspondingo the20%and60%
tidal volumesthatbest t the Sl displacementf the selected/oxelsinto thefollowing 1D

temporalmotionmodel(3.20)[52],
(3.20) z(t) = zo acos( t= =2);

wherez, is the Sl positionat exhale,a is the amplitudeof the motion. Knowing the de-
formationsat threetime pointsandwith the symmetryassumptiorbetweernthe motions
of exhalationandinhalation,we performedtemporalinterpolation(separabldor eachof

threedirections)of the deformationsat eachvoxel usingthe MATLAB function*”csapé

to form onecycle of temporallycontinuousbreathingmotion. Four breathingcycleswith

atotal 30-secondslurationweresimulated gachwith differentbreathingperiodsandam-
plitudes.Thesolidline in Fig. 3.12shawvs the simulatedrespiratorysignal.

To illustratethe motionartifactin the directreconstructionwe appliedFBP methodto
the simulatedmotion-includedprojectionviews and comparedhe reconstructedolume
with thatreconstructedrom motion-freeprojectionviews (generatedisingthe sameref-
erencevolumeunderthe samecone-beangeometrybut without motion) (Fig. 3.8). The
reconstructedCT volumesfrom motion-includedand motion-freeprojectionviews are
displayedin Fig. 3.9 andFig. 3.10respectrely. It is obviousthattheimagesin Fig. 3.9
presentary blurring artifactsattheinternallung structuresandtheedgeof thechestwall
anddiaphragnregion becausef the inconsistenprojectionviews causedy respiratory
motion. Sinceour goalis to estimaterespiratorymotionratherthanimagereconstruction,
we arenot concernediboutthe streakartifactspresenin bothreconstructedolumesdue

to thesmallnumberof projectionviews.

Preparation for DOV

Datapreprocessing
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11

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

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

(a) Axial view

(b) Coronalview (c) Sagittalview

Figure3.9: FBPreconstructe€T volumefrom motion-includedprojectionviews.
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(b) Coronalview (c) Sagittalview

Figure3.10: FBPreconstructe€ T volumefrom motion-freeprojectionviews.

This stepobtainsthe projectionviews f §,,g from the measuregbhotoncountsusing(3.5).
We useda simplescatterestimate¢hatwasobtainedoy convolving thenoisyphotoncounts
with the sameexponentialkernelusedfor generatinghe scatter For realcone-beanpro-
jection views, the scatterestimationshouldbe morecomple. In simulationwe deliber

atelyuseda simplescattercorrectionmethodsothe scattemvasincompletelycorrectedas

is thecasen practice.
B-splineknotdistribution

The placemenbf B-splinecontrolknotscanbevery e xible. It canbe eithera uniform
distribution, or a nonuniformdistribution. Theoretically ner control grids enablemore
accurateapproximationof a continuoussignal. But in practice,dueto the presenceof
noise,very ne controlgridsmayover t thenoise.Furthermorea ner controlgrid assi-
ciateswith moreparameters;omplicatingoptimization.Onecanadjusttheknotspacings
manually startingwith arelatively coarsecontrolgrid, andthendecreasingheknot spac-

ings until the optimizationswith the two mostrecentcontrol grids reachesrery similar
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results.

For our estimation,the sptial control knotswere spacedevenly in the thoraxregion,
with spacingsof hy = 16voxels, hy = 16voxels, h, = 10voxels alongthe LR, AP
andSl directionrespectiely.. They wereplaceddifferently from the knot locationsused
for simulatingthe motion and with lessdensity For the temporalknot placementwe
usednon-uniformdistribution. We evenly placed5 knotsin eachactive breathingperiod,
yielding 20 temporalknotsalongthe entiretemporalaxis. The active breathingperiodis
de nedto betheinterval from start-inhalatiorto end-exhalation.A shortrestintenal fol-
lows eachactie breathingnterval. Becausehe deformationduringa restinterval would
be very small with respecto the referencevolume, which is assumecaorrespondingo
end-ehalationstate. We did not placeary temporalknotsin this interval, reducingthe
numberof parameterso be estimated.This nonuniformtemporalknot placemenfacil-
itatesestablishmentf the phasecorrespondencbetweenknotsfor aperiodicitypenalty

designasdescribedn Sect3.1.2.SeeFig. 3.11for anillustrationof this knot placement.

12 T

breathing signal
*  temporal knot distribution

0 5 10 15
t(sec)

Figure3.11:lllustrationof anidealtemporalknot placementaissumingespiratorysignalknown

Optimizationsetup
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For optimization,the motionparametersvereall initialized to be zero. We terminatedhe
optimizationalgorithmwhentheabsolutaifferenceof thecostfunctionvaluebetweerthe
two mostcurrentiterationswaslessthana threshold.We alsoapplieda multi-resolution
techniqueto acceleratehe optimizationprocedureandto avoid local minima. We started
the optimizationfrom a downsampled-by-2ersionof boththe referencevolumeandthe
projectionviews, thenusedthe coarserscaleresultasaninitialization for the next ner-
scaleoptimization. It took about65 iterationsat the coarselevel and45 iterationsat the
ner level to corverge. Thetotal computatiortime wasabout10 hoursusingMatlabon a

3.4GHzPentiumcomputer

3.3.2 Resultsand discussion

In this sectionwe studiedthe effects of the temporalknot distribution, the aperiodic-
ity penaltyandthe two similarity metricson the DOV performance.We quantify DOV
estimationaccurag usingthe meansandstandarddeviationsof the differencesdetween
the estimatedandthe true simulateddisplacementsf the voxels over the entire volume

throughall time points.

Effects of the temporal knot placement

We presentwo case®f resultsusingthepenalized.S estimator Onecaseusesanideal
temporaknot placemen{**” signsin Fig. 3.12),basednthetruerespiratorysignal. The
othercasewaswith automatidemporalknot placemen{“+” signsin Fig. 3.12)according
to the estimatedrespiratorysignal from projectionviews. In the former case,sincethe
true respiratorysignalwasused,the phasecorrespondencemmongthe knotsin adjacent
breathingcycleswereexactandthusthe periodicity regularity termcouldaccuratelyalign
thethe deformationsat the samephasesTheideal caseoffersusa guidelineon how well

this proposedalgorithmwould perform.In thelattercasethepeakintervalsweredetected
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automaticallyfrom the estimatereathingsignalandtemporalknotswerespacedvenly
in eachpeakintenals. Becaus®f themismatchoetweertheestimatecndtruerespiratory
signals,offsetsexistedbetweerthe phase®f the knotsthatwereassumedo fall into the
samebreathingphasedy the aperiodicitypenaltyterm. This represents practicalcase,

wherethe groundtruth of therespiratorysignalis unavailable.

12 : True breathing signal
: /AN — — — Estimated breathing signal

I *  I|deal temporal knot distribution
4+ Automatic temporal knot distribution

| L
o 5 10 15 20 25 30
t(sec)

Figure3.12:ldealtemporalknot placemen{**” line) andautomatidcemporalknot placement“+” line)

With the ideal temporalknot placementthe deformationestimationerrorsover the
entirevolumethroughtime hadnearlyzero-mearGaussiardistributions. As canbe seen
from Table3.1,thestandardleviationswerelessthanl mmalongthe LR andAP direction
andlessthan2mmalongSI. Thesenumbersndicatethat mostof estimationerrorswere
very small. The standarddeviation alongthe Sl directionwasalmosttwice of thatalong
theLR andAP directiondueto coarserreferencamagesamplingin the SI direction. As
anvisualexampleof the estimationaccurag, we plottedthe averagedmotioncurvesof 20
randomlyselectegoints(Fig. 3.6)in thethoraxregionin Fig. 3.13. This plot shavs good
agreemenbetweerthe estimatecandthetrue motion. Slightly larger deviationsfrom the

truth occurnearthe peaksof the 2nd and 3rd breathingcyclesfor the LR motion curve
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and nearthe peaksof the 1stand4th breathingcyclesfor the AP motion curve. These
deviationswereexpectedsincethe projectionviews from thoseanglespoorly capturedhe
deformationslongthe LR or AP directionsrespectiely.

Table3.2lists the statisticsof the deformationestimatiorerrorswith automatidempo-
ral knot placementGenerallythe estimatednotion errorswereslightly largerthanthose
with the ideal temporalknot placement. Fig. 3.14 plots the true and estimatedmotion
curvesof the same20 pointsasmarkedin Fig. 3.6. Unsurprisingly the estimatednotion
curvesalsoshavedslightly largerdeviation from thetruth thanthosein the previouscase.
Thisdegradedoerformancés mainly dueto thephaseoffsetsbetweerknots. However, the
aperiodicitypenaltytermdid compensatéor theinsufcient of angularspanperbreathing
cycle of theslowly rotatingcone-beanscanner

Comparisorof thetwo resultssuggestshatbettertemporalknot placementvould im-
prove the motion estimationaccurag. Sincethe temporalknotsare placedaccordingto

therespiratorysignal, DOV would bene t from a betterestimateof therespiratorysignal.

Table3.1: Deformationestimationaccurag underidealtemporalknot placement.
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: Estimationaccurag underautomatidemporalknot placement.
LR AP Sl
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

Somelargedeformatiorerrorsdid occur evenin the caseof idealtemporaknotplace-
ment,e.g.,amaximumabsolutesrrorof almostlOmm alongthe LR direction.In examin-
ing the locationsof the largererrors,we foundthatthey tendedio occurin imageregions

having nearlyuniformintensities Becauseleformationsn thoseregionswould exertonly
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Figure3.13: Accuragy plot of the randomlyselected?0 pointsunderthe optimizationwith ideal temporal
knot placement.Thethick linesrepresenthe true motion curvesaveragedover the 20 points.
Thethin linesrepresenthe estimatednotioncurvesaveragedver the 20 points. Error barson
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thethin linesrepresenthe standardieviationsof the deformationestimationerrors.
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placement.Thethick linesrepresenthe true motion curvesaveragedover the 20 points. The
thin linesrepresenthe estimatednotion curvesaveragedover the 20 points. Error barson the
thin linesrepresenthe standardieviationsof the deformationestimatiorerrors.
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very slight changesn the projectionviews. Sotheseerrorsarelikely dueto a lack of
imagestructuresyhich is commonfor registrationproblems.

A secondpossiblesourceof erroris motion modelmismatchj.e., the respiratorymo-
tion could not be recoveredfully by the B-splinemotionmodelwith the designectontrol
grid. We did B-splineleastsquaretting of the syntheticmotion usingthe samecontrol
grid to examinehow mucherrorwould resultfrom the modelmismatchalone. Table 3.3
givesthe statisticsof the B-spline approximationerrors. Overall the approximationer-
rorswerevery small, but therewerealsosomerelatively large errors. We examinedthe
locationwherethe largestAP motion tting erroroccurredo seehow well theDOV esti-
mationperformedatthatvoxel. Fig. 3.15compareshe estimatedandthe tted AP motion
curvesof thatvoxel. Thesewo curvesarecloseto eachother indicatingthattheestimated
motionwascloseto theoptimumunderthe selectednotionmodelatthis voxel, which did

happerto bein a nonuniformregion.

Table3.3: B-splineleastsquarestting errorunderidealtemporalknot placement.
LR AP Sl
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

Effects of the aperiodicity penalty

The aperiodicitypenaltyis necessaryor DOV becausf the limited gantryanglesin
one breathingcycle. A too small ; may not sufciently bring the motion information
from the adjacenbreathingcyclesto compensatéhis limitation, while atoolarge ; may
subduetherole of the local motioninformation. This is a tradeof. To studythe impact
of this term, we ran DOV usingthe penalizedLS estimatorwith different , valuesand
plottedthe estimationaccuray in Fig. 3.16. As ; increasesrom 10 8, the meanerrors

andthe standarddeviationsin eachdirectiontendto drop andthenrise again after  is
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Figure3.15: AP motion curvesof the voxel wherethe maximumB-spline tting erroralongAP direction

occurs:thetrue(solidline), the B-spline tted (dashedine) andtheestimatedy DOV (dashed
dotline).

largerthan10 4. In realisticwe may adjustthis value by examiningthe regularity of the

breathingsignal.

LR AP SI

Mean error (mm)
Mean error (mm)
Mean error (mm)

6 4
Ioglo(bt)

6 4 6 4
|0910(bt) Ioglo(bt)

Figure3.16: Themeanerrorsandstandardieviationsv.s. the aperiodicitypenaltyparameter

The penalizedLS and the correlation-basedestimator

Table3.4 compareghe estimationaccuracie®f the penalized_S andthe correlation-
basedestimator As canbe seenfrom the table,the two estimatorgperformcomparably
whentheintensityof themodelledprojectionviews matcheghoseof themeasurediews.
Fig. 3.17draws the accurag plot of the 20 pointsusingthe correlation-basedstimator

This plot alsoresemblesheaccurag plot of the penalized_S estimatorin Fig. 3.14.
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Table3.4: Theestimatioraccurag of theLS estimatorndthecorrelation-basedstimator Themeanerrors
andthe standarddeviationswerecalculatedover the wholevolumethroughtime

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: Accuray plot of the randomlyselected?0 pointsusingthe correlation-baseéstimatorwith
ideal temporalknot placement. The Thick lines representshe true motion curves averaged
over the 20 points. The thin lines representshe estimatedmotion curves averagedover the
20 points. Error barson the thin lines representhe standarddeviations of the deformation
estimatiorerrors.
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3.4 Phantomexperiment

We realizethattherealisticconditionwould be morecomplex thanwhatcanbe simu-
latedpurelyby computeyfor example thenoisein theacquireddatacontainsdothPoisson
andGaussiantheresidualscattereffect aftercorrectionmaystill beprominent.Therefore
we conductech phantomexperimentthatis morerealisticto furthertestthe DOV perfor

mance.

3.4.1 Phantomand data collection

We useda partially deformablehoraxphantomo testthe performancef DOV, shovn
in Fig. 3.18.1t is composeaf arigid frameandacompressibléoamcompartmeninside,
with someballsinserted A rigid, at plasticboardis placedatthe bottomof the phantom
to simulatea diaphragm. This “diaphragm”is connectedo a linear actuatorthrougha
pieceof wood. Driven by the actuatoythe “diaphragm”canmove backandforth to com-
pressanddeformthe materialinside. The motion patternof the “diaphragm?”is controlled
by the actuator For this experimentwe useda motionpro le with alternatingamplitudes
of 20mmand15 mm andalternatingperiodsof 9 sand6 s (Fig. 3.19).

We rst scannedhe phantomusinga corventionalCT. The voltageof the X-ray tube
for this CT wassetto 12(kv. We scannedhe phantomin threemotion stateswith the
“diaphragm”positionedat Ocm, 1cm and2cm towardthe neck. We namedhethreestatic
volumesto be CTO, CT1andCT2respectrely. Thereconstructedolumeshave a sizeof
512 512 89with thevoxel sizeof 0:98 0:98 3 mm?. CT2wasusedasthereference
volumefor DOV. Theothertwo wereusedasa measuref truth to evaluatethe estimation
accurag of DOV.

Thenwe moved the phantomto a slowly rotating cone-beansystemand startedthe

actuatorandtook a 360 scanof the moving phantom.Manuallaseralignmentwasper
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Figure3.18: A pictureof the movablephantom:1. the phantom;2. the diaphragm3. thewood connector;
4. theactuator

The motion profile
T

The diaphragm SI displacement of the phantom (mm)

Figure3.19: Themotionpro le createdor theactuator
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formedto setup the phantomright beforestartingthe cone-beanscan. But insteadof
placingthe phantomat the correctsetupposition,we deliberatelymoved the phantomoff
aboutl cm alongthe axial directionto testDOV with setuperrors. After completingthe
cone-beanscanof the phantomwe removedthe phantomandcollecteda full cone-beam
scanof thetable. Thetablescanwasusedto normalizethe measuregbhotoncountsof the
phantomscan.For thecone-beanscannerthevoltageof the X-ray tubewassetto 125kv
Thedistancdrom the X-ray sourceto thedetectomwas150Q0mm andto theisocentewas
10000mm. Thesizeof the2D at-panel detectowas397 298nmm?. Thegantryrotated
at6 persecondwith aframerateof aboutllfps. Totally 668views werecollectedfor a

full rotation.

3.4.2 Preprocessing

We croppedthereferenceCT anddownsampledt by 2 in the axial plane. After crop-
ping anddownsampling the sizeof thereferenceCT was192 180 89andthevoxel
sizewas2:0 20 3mm’. Fig.3.20shawsthreeviews of the CT volume. Theintensity
of the measuregbrojectionsfrom the CBCT scanneiarelinearto the photoncounts. We
neededo convertthe countsto attenuationThe corversionwasdoneby takinglogarithm

of thetablescandividedby thephantomscan,.e.,

the table scan

(3.21) attenuation = In
the phantom scan

An adwantageof usingthe table scanratherthan an air scanas a normalizationfactor
is that the table artifact may be greatly removed from the phantomscan. However, the
tableartifactcannot betotally removed, (ascanbe seenin Fig. 3.21),becauséhe scatter
and beam-hardeningffects were differentin the table scanand phantomscan. For the
purposeof DOV, we only usedtheviews in the rst 180 interval anddovnsampledhem

by 4 in thetemporalaxis, sotherewereabout80 views spannedver 180 usedby DOV.
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The projectionviews were truncatedviews sincethe 2D detectorwas not large enough
to cover thewholewidth of phantom.We alsodowvnsampledeachprojectionviews by 4.

After this spatialdowvnsampling the size of eachprojectionview was252 188andthe
pixel resolutionwasl:6mm 1.6mm.

BeforerunningDOV, we estimatedhe setupdifferencebetweerthe corventionalCT
andthe cone-beanCT system.Without setupcorrection,the estimatednotion by DOV
would compensatéor thesetuperrorswhichdonotbelongto therealorganmotioncaused
by breathing.Usually arigid setupdifferenceis assumedIt canbe describedoy six pa-
rameterd ,; ; 2 tx ty; t.0: threerotationanglesandthreetranslationsalongeach
axisrespectiely. Theseparametersanbe estimatedy aligningthe computedprojection
views of thereferencevolumeto afew measuregbrojectionviews. This methodbelongto
the eld of 2D-3D registrationwhich is commonlyusedfor setupcorrectionin radiother
apy [37,60,90]. Usuallythe projectionviews usedin thoseregistrationsdo not include
organ motion. However, this is not the casefor the collectedprojectionviews in DOV.
To meetthe consisteng requirementthe setupdifferenceestimationusedseveral projec-
tion views approximatelycorrespondingo themotionphaseof thereferencevolume. The
correspondencean be establishedasedon the extractedbreathingsignal from the di-
aphragmntransition. Correlation-basethetricwasusedin the registration. The estimated

setupdifferencewasf 0:000kad 0:0038ad 0:.006¥ad 0:89mm; 0:02mm; 7:74mmg.

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

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

Figure3.21: Cone-beanprojectionviews atanglesl817 ;957 ;29.0

3.4.3 Results

Sincetheenepiesof the X-ray tubesweredifferentfor acquiringthestaticreferenceCT
andthecone-beanprojectionviews, theintensitiesof themodelledprojectionviews of the
referenceCT did not exactly matchthoseof the measuregbrojectionviews. Furthermore,
otherartifactsexist in the measurediews suchasthe scatterandbeamhardeningeffects.
Usingthe penalized_S estimatomwould involve a mappingof the 120kvreferenceCT to
a125kv CT. To avoid this compleity, we chosethe correlation-basedstimator

The precisemotion of the interior of the phantomwasunknavn. To evaluatethe es-
timatedmotion accurag, we established “ground truth” using the following landmark
method.We located ve landmarksn thereferencerolumeCT2 andfoundtheirdisplace-
mentsat two motion phaseg0Ocmandlcmof the “diaphragm”movement)by registering
CT2to CTOandCT1. Thelandmarkswve selectedverethecenterof veballsinsertedn
thephantom.(someballscanbeseenn Fig. 3.20(b)).We assumedheregistrationresults
to betrue andcomparedhe estimatednotion of the landmarksat the threephasego the
truth. The motion phaseassociatedio eachcone-beanprojectionview canbedecidedby
themotionpro le (Fig. 3.19). Fromthemotionpro le, weidenti ed thatt = 3:2; 17:5s
correspondetb Ocm position(CT0),t = 4:7; 9:3; 11:1; 15.7s correspondetb 1cm po-
sition (CT1)andt = 6:8; 7:2; 7.5; 129; 132; 136; 21:1; 21.5; 21:8s correspondetb

2cm position(CT2).
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We calculatedthe meanerrorsandthe standarddeviations of the estimateddeforma-
tions of the ve landmarksat thosel5 time points. The resultswerelistedin Table 3.5.
In generalthe errorswerearoundthe resolutionof onevoxel. Only the systematicerror
in the AP directionwasslightly larger thanexpected. Explanationof this slightly larger
systematiAP errorrequiredurtherinvestication. We realizethatthe establishedground
truth” may be slightly rough. In the nearfuture, we expectto designa ner groundtruth
to testthe DOV performancefor example,by acquiringmorestaticCTsto nd amore

precisephantommotion.

Table3.5: DOV estimationaccuray of the phantomexperiment.
LR AP SlI
Meanerror(mm) 04 11 0.2
STDdeviation(mm) 2.5 22 1.7

3.4.4 Discussion

Althoughthe estimationaccurag is expectedio be improvedfurther, the phantomex-
perimentdid illustrate the feasibility of the DOV principle, becausehis experimentre-
ected the realistic situationsin the following threepoints of view. First, the movable
phantomimitateda realhumanthorax. Seconda slowly rotatingcone-beanCT scanner
integratedin a radiotherap simulatorwasusedto collectthe projectionviews, in which
real imaging artifactsexisted suchas the truncatedviews, the presenceof radiotherap
table, Comptonscatterandbeam-hardeningffects. Third, setupdifferencedbetweernthe
corventionalCT scanneandthe cone-beanCT scannewerealsoconsidered.

However, the motion patternof the phantomwe createdmay be simpli ed compared
to thetrue breathingmotion, which would be muchmoreirregularin bothamplitudeand
period. This irregularity may bring uncertaintyin selectingthe aperiodicitypenaltypa-
rameter .. In our phantomexperiment,  wassetto be 10 4, the valuethatyieldedthe

bestestimationn thesimulation,becaus¢he motionpatternsof the phantomandthe sim-
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ulationweresimilar. In areal patientstudy a monitor may be usedto instructpatientsto
breathdn a moreregularway to reducethedif culty in selecting ;.

Althoughthe phantommotionpatternwassimple,thespatialdeformation®f thephan-
tomincludedintensie “sliding” betweertheedgeof the“diaphragm”andtheinterior side
of the body frame. This kind of deformationis challengingto t by the pure B-spline
model. In real patients this “sliding” phenomenonvould be somevhatreduced.There-
fore we may expectbetterestimatioraccurag in areal patientcase.

Dueto alarge angleof the X-ray coneandthe useof a 2D detectoy substantiakcatter
effectswerepresenin the collectedcone-beanprojectionviews. In our currentphantom
experimentaposterioscatteicorrectiorwasskipped.This stepwill beimplementedn the
nearfuture. We canbuild abeamstoparrayto obtaina scatterestimate A beamstoparray
consistsof smallleaddiskspressednto holesin anacrylic sheet.It canbe placedright
afterthe X-ray sourcecollimatorsothe projectionimagere ects the scattedistribution at
thepositionswheretheleaddisksareprojectecdat, providing anestimateof thescatte{57].
Thesescatterimagesare acquiredseparatelyfrom the respirationcorrelatedcone-beam
projectionviews. We believe including a scattercorrectioncanfurtherimprove the DOV
accurag.

The estimateddeformationerrorsfor the phantomexperimentwerelargely aroundthe
resolutionof onevoxel. Smallererrorscanbe expectedusinga referencevolumewith a
higherresolution. In this experiment,we startedthe estimationwith the dowvnsampled-
by-4 referencevolumeandprojectionviews, andstoppedt at the level of downsampled-
by-2 resolution. Increaseto the resolutionof the oringinally acquireddatawill require
intensvely greatcomputationtime. We realizethatthe long computatiortime will limit
the usageof the DOV methodin clinic. The bottleneckof the computationis evaluating

(3.3) and (3.2), the 3D deformedreferencevolumesand their projectionviews at each
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time points. Sincemostof the computatiorcanbeimplementedseparatelywiew by view,
the computatiortime canbe reducedby parallelcomputingwith a multi-processoCPU.
Anotherpossibleway to reducecomputatiortime is to acceleratéhe corvergenceof the

optimizationalgorithm.We will discusghis possibilityin the next section.



CHAPTER 4

Acceleration of DOV

We have shawn in the previous chapterthat the internal motion of patientsduring
breathingcanbe estimatedrom a sequencef slowly rotating2D cone-beanX-ray pro-
jection views anda staticprior of of the patients anatomy The so-calledDOV method
yieldedencouragingesults,with the RMS errorsaroundthe voxel sizebothin the simu-
lation andthe phantomexperiment.However, we have realizedthatthe computatiortime
wasvery long. It involvesheary-loadedoperationon datasetswith very large size,such
asthewarpingandforward projectionof 3D volumes,plusa hugenumberof parameters
associateavith motion modelto be optimized.For example,for the datapresentedn the
phantomexperiment,it took about10min for eachiterationandthe optimizationprocess
convergedat aboutthe 50thiteration. The long computatiormay limit the usageof DOV
in clinic.

There are several ways to acceleratehis whole estimationprocedure. One way is
to usemulti-processoiCPU and do parallel computing. Sincethe deformationsof the
referencesolumeandthe projectionsof the deformedreferencevolumecanbe computed
separatelyiew by view, usingaN-processo€CPUmayreducehewholecomputatiortime
by a factorof closeto N. Onemay alsoutilize a graphicsacceleratocardto reducethe

time for projectionoperators.Otherthanthoseacceleratiormethodshroughhardwares,

61
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computatiortime canalsobeshortenedby startingtheoptimizationalgorithmfrom apoint
thatis closerto the global minimum, becausdewer iterationswould be requiredto reach
the convergencepoint. Anotherbene t of agoodinitialization is alessened¢hanceof the
optimizationbeingtrappedby local minima.

This chaptemainly discussesiow we initialize the DOV estimationproblemby pro-
viding a simpli ed motion estimates.We proposea simpli ed motion modeland nd
its parameterdy optimizing the similarity betweenthe actualprojectionviews andthe
calculatedprojectionviews of the referencevolumesdeformedby the estimatedsimpli-

ed motion. We thenrun DOV from the simpli ed motion estimate.Most contentin the

following sectionscanbefoundin oneof ourrecentpublication[104].

4.1 A simpli ed motion estimation

The main differenceof the simpli ed motion estimationto the previous presented-
splinemodelbasednotionestimationis thata proportionalitymotion modelis used.We
rst introducethe motionmodelandthendescribethe estimatoiwe usedto nd the sim-

pli ed motionparameters.

4.1.1 Proportionality motion model

We designeda simpli ed motion modelbasedon the following assumptionthe dis-
placemenbf eachvoxel ata singletime is proportionalto the full movementD; ) (Xx) of
that voxel from endexhaleto endinhale. In otherwords, the relative displacementsf
the voxels with respecto their full displacementarethe sameat ary singletimes. We
will describelater how we obtainthe full movementDs ;(x). We call this modelthe

proportionalitymotionmodel. Mathematicallyit is expressedasfollows,

(4.1) T (x;t) = x+  ()Drun(x);
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where (t) representa 1D proportionalitymotionsignal.

The simpli ed motion model (4.1) is also built upona prior of the full deformation
of the patientduring inhale, D¢y (x). We estimateit by registeringtwo referenceCT
volumesof the patient,oneat endexhaleandoneat endinhale,denoted «(x) andf j,(x)
(x 2 R®) respectiely. Usually thesetwo referencevolumesareclinically available for
treatmentplan. Again we useda B-spline baseddeformationmodelfor registration, It

nds thedeformationparameter$or D¢ (x) by minimizing a costfunctioncontaininga
SSDsimilarity termanda Jacobiarpenaltyterm[36], asdescribedn Sect2.1.4.SSDcan
be usedasthe similarity measurdor this registrationproblembecausehe two reference

volumesarewith the sameimagingmodality.

4.1.2 The simplied motion estimator

For simplicity, in theresultsshovn below, we parameterizéhe continuougproportion-
ality function (t) usingits discretesamples = f ; gom =1, ;M throughaRect
basisfunctionasfollows,

X! t
(4.2) (t) = t,, Rect(

m=1

t

Tpm )

whereT, is thetime interval betweeradjacenprojectionview acquisitions Alternatively,
smoothbasismaywork ner. With theabove representationf (t), thegoalfor thesim-
plied motionestimationisto nd f {,g;m = 1; ;M, the samplingpointsof (t)
at the projectionacquisitiontimes. We estimatetheseparameterdy optimizing the sim-
ilarity betweenthe measuregrojectionviews andthe calculatedprojectionviews of the
deformedreferencevolumesby the proportionalitymotionmodelasfollows, Theformula

of this estimatoris asfollows,

(4.3) N=argmin LCC fgngifA | free(T (Xitm))g + R( )
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Similarly to (3.9),LC C( ; ) isthedata delity termmeasuringhecorrelationcoefcient,
asexpressedn (3.11). R( ) is aroughnesgenaltyterm, takingthe form of 1=2jjC jj?,
whereC is adifferencingmatrix.

The simpli ed motion estimatordoesnot containan aperiodicitypenaltyterm. This
term can be omitted becausehe problemposedby the limited angularrangeover one
breathingcycle is compensatethy somepropertyof the proportionalitymotion model.
This propertyis thatthis modelrestrictsthe relative displacementslongthe threedirec-
tions of eachvoxel with respectto its full displacementsrethe same. This restriction
interconnectshe motion alongeachdirection, dislike the B-splinemotion model,which
treatsthe motionalongeachdirectionindependently

We agnin usethe CG algorithmto solve (4.3). Becauseof the smallernumberof pa-
rametersassociateavith the proportionalitymotionmodel,a downsampledeferencevol-
umeandprojectionviews may alreadybe sufcient for this estimationproblem. As will
be shawvn laterin Table 4.1, the estimationaccuraciesare very similar when using the
datasetwith andwithout dowvnsampling-by-2.Hencewe cansolwe this problemusing
datasetsvith smallersizes reducingthe computatiortime.

The simpli ed motion estimatecan be usedtwofold. First, it can be treatedas an
initialization for DOV with B-spline motion model, which is the main purposefor this
part of work. Secondthe 1D sequence® representshe averagedrelatve deformation
over time with respectto the full deformation. It canbe usedas a breathingsignalto
guide the temporalknot placement. As will be shavn in the simulation,the estimated
1D sequencé* would be morecloserto the true breathingpatternthanthe oneextracted
from measuregrojectionviews. Therefore,” canguideusto placethe temporalknots
sothatthe phasecorrespondencdsetweerknotsin the apriodicity penaltytermaremore

accurate.
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4.2 LS tting of the simplied motion estimateinto B-spline motion
model

The simpli ed motion estimate”Ds (x) offers aninitial guessof the motion. We
thenimplementa least-squareting of ~Dsy(X) into the B-splinemotion model(5.2),
to obtainaninitial setof B-splineknot coefcients °. The optimizationfor DOV with a
B-splinemodelwill thenstartfrom ©.

Least-squardting canbedoneanalytically Becausehe B-splinedeformationrmodel
isusedn ourregistrationto obtainDs (X ), weonly needto t ” into aB-splinefunction,

i.e., nd suchthat,

X t
(4.4) M= ’

j=1 ‘

holdsat every time sampleindex t,,. As describedn Sect3.2,Eq. (4.4) holdsat discrete

time indicescanbe expresseds,
(4.5) = By ;

whereB; isanM  J matrixwith entryB[m;j]= = tj . Thenthesolutionof (4.5)

canbefoundby takeingthe adjointoperatorasfollows,

(4.6) = (B%B,) 'B? ;
Assume

X .
4.7) Drai(x)= | X

wheref ;g arethe B-splineknot coefcients of thefull deformationrmapwhichwe have
alreadyestimatedrom registration thenwe obtaintheinitial valuesof the B-splinemotion

by takingthefollowing Kronecler operation,
(4.8) 0=

9 is thenis inputto the DOV optimizationalgorithmto enablefastercorvergence.
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4.3 Computation complexity

The implementatiorof both motion estimatorq3.9) and (4.3) includesthe following
operatorson 3D volumes: B-splinebasedmageinterpolation,B-splinebasedmagede-
formation,andcone-beanforward projection. The computationrcompleity for the opti-
mizationalgorithmis approximatelyin the orderof O(CM V U), whereC is the number
of motion parametersM is the numberof projectionviews, V is the size of the static
referencevolumeandU is the sizeof eachprojectionviews.

For the B-splinemotionmodel,thenumberof knotswe usedn simulationandphantom
experimentarein theorderof 10°; while for the proportionalitymotionmodel,thenumber
of parametersvasequalthe numberof projectionviews, whichwaslessthan100in both
simulationsandthe phantomexperiment. Furthermore pecausef the small numberof
parametersywe canestimatethe the proportionalitymotion parametersising dovnsam-
pledreferencerolumeandprojectionviews. sothe computatiorof the simpli ed motion

estimatoris signi cantly shortethanDOV with B-splinemotionmodel.

4.4 Performanceevaluation

We testedthis acceleratiormethodon the simulatedand phantomdatasets. We com-

paredthe performancef thefollowing threeDOV estimators:

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

rametersnitialized to bezeros.
DOV with initialization: DOV from the simpli ed motionestimates.
Simpli ed motionestimator

We needone morereferencevolumefor the simpli ed motion estimator For the simu-

lation case we addedthe 60% breath-holdCT volume. For the phantomcase we added
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CTO, which correspondingo a 0cm movementof the diaphragm.

4.4.1 Simulation

We rst registeredthe 0% andthe 60% CTsto obtainthe full deformation. We then
downsampledheexhalereferenceolumein thetransaxiaplaneandeachprojectionview
by 2 andexecutedthe simpli ed motion estimator The optimizationcorvergedat about
the20th iteration,with eachiterationtakingabout30sec.Sincethe simpleproportionality
motion modelcontaineda small numberof degreesof freedom,usingthe dovnsampled
imageswould not degradethe accurag of the simplemotion estimatesut would greatly
reducethe computationtime. This conjectureagreeswith the resultspresentedn Table
4.1.Fig. 4.1shavs the estimatednotion proportionalityparametergdashline). It resem-
blesthe“true” breathingpatternvery closely So,for DOV with B-splinemotionmodel,
we canplacethe temporalknotsaccordingto the estimatedsignal ~. Suchplacemenis
closerto theidealtemporalknot placementhanthataccordingto the extractedbreathing
signal, helpingincreasethe estimationaccuray asdiscussedn Sect3.3. Startingfrom
thesimpli ed motionestimate DOV cornvergedwith considerablyfewer iterationsalmost
half of iterationnumberof DOV with “zero” initialization, asseenn the convergenceplot
Fig. 4.2. Table4.2list the estimationaccurag of the threeestimators. DOV with initial-
izationachieved similar accurag to thatof DOV with “zero” initialization, but with only

half of thelatter's computatiortime.

Meanerror/STD (mm) LR AP Sl
Downsampledy 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: Estimationaccurayg for thesimplemotionestimatioron thesimulationdata. Thetableshavs the
meanandthe standarddeviation (STD) of the errorsover the entire volumethroughtime. The
estimationaccurag with datadownsampledby 2 andwithout datadovnsamplingattainedvery
similar performance.
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Meanerror/STD (mm) LR AP Sl
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: Estimationaccurag of DOV with “zero” initializationandDOV startingfrom simpli ed motion
estimates

T
"True" breathing signal

— — — Estimated a
— - — - Extracted breathing signal

Breathing signal

Il
0 5 10 15 20 25 30
t (sec)

Figure4.1: Theestimatednotionproportionalityparameters:.
4.4.2 Phantomexperiment

We alsotestedthe simple motion estimationon the phantomdataset. Readeranay
referto Sect3.4for thedetailonthe experimentsetupanddatacollection.

Fig. 4.3 plots the estimatedproportionality parameters® and the motion pro le of
the actuatorthat drove the movementof the phantom. As canbe seen the estimated”
resembleghe actualmotion pro le very closely Again, by initializing with the simpli-

ed motionestimatesPOV achiezedfastercorvergence.The estimationaccurag of the
simpli ed motion estimatesandthe motion estimatef thetwo DOV casesarelistedin
Table4.3. As canbeseenin thethistable,DOV startingfrom simpli ed motionestimates
improved the estimationaccuray in the LR and AP directions,comparingto thosewith
“zero” initialization. Table4.3alsoindicateghatDOV with initializationresultedn larger

estimationerrorsthanthe simpli ed motion estimatoritself. This phenomenomay be
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Figure4.2: Corvergencecurves of the DOV with “zero” initialization and DOV startingfrom simpli ed
motionestimates

explainedasfollows. The collectedprojectionviews containedseverescattereffectsand
tableartifact,asseenin Fig. 3.21. The estimatortreatedthe usefuldatainformationand
thoseartifactsequally Althoughthe morecomplex B-splinemotionmodelcould charac-
terizelocal deformationdetter it mightover t thenoiseartifactsontheotherhand.In ad-
dition,theactualphantommotion may agreewith the motion proportionalityassumption.
Thusthe estimatorwith the simpli ed motionmodelcould nd closerto-truth solutions,
while the onewith B-splinemotion modelperformedworse. This phenomenosuggests

thata posteriorscattercorrectionmayimprove the DOV motionestimationaccurag.

Meanerror/STD(mm) LR AP Sl
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: Estimationaccurag of thesimpli ed motionestimatoyDOV with “zero” initializationandDOV
startingfrom simpli ed motion estimates.The tableshavs the meanandthe STD of the errors
overthelandmarks.
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Figure4.3: Themotionpro le andour estimatedscalamotionproportionalityparameters*. Theestimates
resemblehe patternof themotionpro le.

4.5 Summary on DOV

In chapter3 and4 we described OV, a methodto estimaterespiratorymotionfrom a
sequencef slowly rotatingX-ray cone-beanprojectionviews. In this method,we adopt
aB-splinemotionmodel,deforma breathholdhoraxCT volumeaccordingto the motion
model,and nd the parametersf the motionmodelby optimizingthe similarity between
the measuregrojectionviews andthe modeledprojectionviews of the deformedrefer
encevolume. Therearea few adwantageof this methodover the other4D CT imaging
techniquesFirst, we do not assumeary reproducibilitybetweerthe internalmotionand
an externalmonitoringindex, hencetissuediscontinuityartifactscanbe removed in the
4D CT imagesgeneratedy DOV. Althoughwe useperiodicity regularizationin our cost
functionto compensatéor thelimited angularangeover onebreathingcycle, theregular
izationis differentfrom andmuchwealer thanthe reproducibilityrequirement.Second,
theB-splinemotionmodelgivesa continuougepresentationf the estimatednotiononce
the motion parametersre solved. Becausewe useda sequencef dynamicprojection
views with hightemporalsamplingrate,the estimatedespiratorymotionwould inherited

the propertyof high temporalresolution. Third, motionis estimatedrom the on-board
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cone-beanprojectiondataandcan provide the latestupdateof the patients motion pat-
tern. We realizethatthe patients'anatomymay changeafter the latestreferencevolume
is acquired.Sincethe deformablemotion modelmaybe ableto describenodestchanges
in tumorpositionandshapeagivenanappropriateknot distribution, evenif thereareslight
changeson patientsanatomy we conjecturethat the latestreferencevolume could still
be usedby DOV without degradingthe performancedramatically However, large de-
formationsmay eitherinvalidatethe referencemodel or increasedegenerag of motion
estimation.Thelikely scenarids thatalarge averagedeformatiomearthereferencestate
wouldleadto arepeatlinical simulation,thusupdatingthe patientmodelfor treatments
well asfuture motionestimation.

By providing DOV a simpli ed motion estimateto startwith, the optimizationpro-
cesscorvergedwith muchfewer iterations,greatly reducingthe computationtime. Our
simulationandphantomexperimentyieldedencouragingesults with estimatioraccurag
subvoxel in the simulationstudyandcloseto voxel resolutionin the phantomexperiment.
Performancamay be further improved by including scattercorrectionin the measured
projectionviews, eitherby implementinga scattercorrectionbeforeestimation,or by in-
corporatingscattereffect into the forward modelfor the estimator We canalsoput more

regularizationontothe estimatedleformationssuchastissuerigidity, invertibility etc.



CHAPTER 5

Iterati ve sorting for 4DCT imagesbasedon internal anatomy
movement

5.1 Overview of 4ADCT imaging methods

Previous Chapterdescribeda novel methodwe developedto estimatea 4D motion
model from a sequencef projectionviews acquiredusing CBCT scannerghat rotate
slowly. Thischaptediscusouranotheeffort towardhelpingunveil patientsorganmotion
duringbreathingthrough4DCT imagingtechniques.

4DCT imagingmethodshave arousedncreasingnterestin recentseveral yearssince
it can provide temporalinformation of anatomyduring breathing. Both multi-slice CT
scannerandCBCT scannerganbe usedto the4DCT reconstructionln this chaptemwe
focuson4DCT usingmulti-slice CT scanners.

CornventionalCT imagereconstructioralgorithmsassumeheobjectis still duringdata
acquisition. However, this assumptions violated whenimaging the thorax becauseof
breathing.lgnoringthis violation andusinginconsisteniX-ray projectionviews resultsin
motion artifactsin the reconstructedmages.Breathholdscansreducethe motion effects
[95]. However, currentmulti-slice scannersiave anapertureof only a few centimetersn
theaxialdirectionperrotation[39]; coveringthelengthof awholethoraxrequiresnultiple
rotationsof the gantry with eachrotationarounddifferentaxial positions. Thusthe data

acquisitiontime for thethoraxcanexceedthe durationfor which patientscancomfortably

72
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hold their breath,especiallyfor patientswith lung cancerand paediatricpatients. For
example,for an8-slice CT scannewith a 2 cm axial coveragerotatingat 0.5 secondper
360 (GE Ultra), to imagea 24cm-lengthbodyin cine mode,the acquisitiontime would
be around20 secondsncluding the table translationtime [58]. Moveover, one stateof
the thorax CT volumeis insufcient to characterizehe internalmotion during a whole
breathingcycle, whichis importantfor the designandveri cation of treatmenplans.

To reconstructime-resohed CT volumesof patientsthatbreathdreely duringa scan,
differentscanningprotocolsusingmulti-slice CT scannersrebeinginvesticated[17,48,
58,65]. Although subtledifferencesexist amongthosescanningprotocols,their general
ideasarethe same,andcanbe describedoy an oversampling-sortinggrocess.Oversam-
pling heremeanghatat eachtablepositionthe X-ray gantryrotatesor oneto two breath-
ing cycles.Multiple CT slicesarereconstructedrom the acquiredprojectiondataat each
position. TemporallycohereniCT slicesaresortedandstacledto form 4D CT volumes,
asillustratedin Fig.5.1. Thesortingprocessisuallydepend®n externalbreathingsignals
thatarerecordedsynchronouslywith the scanby somemotion monitoringsystem. The
recordedbreathingsignalsmayre ect theskinmotion[65,87], theskintension38] or the
tidal volumemeasurearally [48]. Suchexternalbreathingndicesmay notalwaysaccu-
ratelyrepresentheinternalmotionstatug80,97]. Using anthe externalbreathingsignal
thatpoorly correlateswith the actualthoracicmotion, may causesereretissuemismatch
in theretrospectiely sortedCT volumes.

The sortingrequireda goodrespiratory-motion-correlatesignal. Sometimesxternal
breathingsignalsare not available or poorly correlatewith the actualinternal anatomy
motion. Existing methoddor extractingbreathingindicesdirectly from theimageitself,
include tracking the centerof mass(COM) [30, 41], correlatingof a region of interest

(ROI) betweeradjacenslicesin consecutie tablepositions[58], calculatingthe internal
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Figure5.1: lllustrationof 4DCT methodusingslice CT scanners.

air content[51] or estimatingthe diaphragms superiofinferior (Sl) positionin the cone-
beamprojectionviews [77,105]. In 4D multi-slice CT images,trackingthe diaphragm
transitionis inapplicablebecausehe structureis presenbnly in slicesnearthe bottomof
thethorax. The COM or correlationmetricsmay helpidentify the phasan onebreathing
cycle of the acquiredimages. However, respiratorymotion usually variesin amplitude,
durationandshapefrom cycle to cycle, sothe reproducibilityof the motionwith respect
to phasemay be poor, relative to cardiacmotion. It hasbeenreportedthat phasesorting
oftenresultsin moreartifactsin thestackedCT volumesthanamplitudesorting[50,86,96]
dueto weakreproducibility of breathingmotion. Therefore,amplitudesortingis more
practicalfor respiratorymotion. However, the amplitudesof COM or correlationsignals
areincomparabléetweendifferentscanperiods. Therefore they may be insufcient to
facilitateamplitudesortingfor 4D multi-slice CT imaging.

We believe a needexists to have a systemto improve on external or simpleinternal
sortingfor casesn which thesemethodsyield unacceptablartifacts. In this chapterwe

develop an iterative methodto sortthe CT slicesbasedon internalanatomymaotion. In
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this method,we usedall slicesto estimateinternal motion basedbreathingindices;the
estimatedoreathingindiceswerethenusedto sortthe CT slicesto form 4D CT volumes.
Usingthe newly sortedCT volumes,we continuedanotherterationof motionestimation
andsorting,until two successie iterationsyield exactly the sameinhaleandexhalerefer

encevolumes. Detailsof our methodaredescribedhext. Four patientstudiesillustrates
thatour estimatednternalmotionindicesyield comparablemagequality asthoseof ex-

ternal signal-basediD CT volumeswhenthe recordedsignalswork ne, andachieves
signi cant improvementwhenthe externalsignalsarevery inaccurateabeitwith longer
computatiortime. So our methodmay sene asa backupsolutionwhenexternal surro-
gatesof breathingmotionwork poorly. The following contentis a moredetailedversion

of our recentlypublication[103].

5.2 lterati ve sorting basedon inter nal anatomy motion

5.2.1 Dataacquisition

A GeneralElectric (GE) 8-sliceLightspeedCT scannemwasusedto acquireCT data.
The scannewasoperatedn anaxial cine mode. In this mode,the scannercontinuously
scanghepatientatonepositionfor a certaintime interval, thenthex-ray beamis automat-
ically turnedoff andthe tablemovesto the next position,wherethe CT scanneresumes
anothercontinuousscan.This processepeatgo cover thewhole predeterminedengthof
scan.Usuallythe scandurationfor eachpositionis setto the maximumobsenred breath-
ing periodof the patientplusthe overheadime of a full gantryrotation. During thescan,
arespiratorysignalis synchronouslyecordedy a Varianreal-timepositionmanagement
(RPM) system,which tracksthe motion of a marker placedon the abdominalsurface.
NotethatRPM signalsarenot necessaryor our iterative sortingmethod.However, RPM

signalswererecordedsowe cancompardheexternalbreathingndicesandour estimated
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internalmotionindices.

5.2.2 lIterati ve sorting method

During the dataacquisition,multiple 8-slice CT volumesat eachtable position are
reconstructedhattemporallysamplethe moving anatomyin atleastonebreathingcycle.
We call the 8-slice CT volumesin eachtable scanperioda group of free-breathingub-
volumes.AssumeN tablepositionsarescannedthenthe whole datasetcontainsN sets
of free-breathingub-wlumesdenoted ,(x;k);x 2 R% n=1; ;N; k=1, K,
whereK is the numberof temporalsamplesn eachtablescanperiod. The nth groupof
sub-wlumescover the axial rangeof z, d=2 z z, + d=2, whered is the axial
coverageof the multi-slice CT scanneffor onerotationandz, is the axial coordinateof
the nth table position. To obtain4D thorax CT volumes,the sub-wolumesneedto be
sortedandstacledin the axial order Unlike mostof the currentmethodswe do not use
external breathingsignalsto identify the temporalcorrespondenceamongthe acquired
sub-wlumes. Instead,we usebreathingsignalsestimatedoasedon internalanatomical
motion.

An overview of themethodis asfollows,

Stepl. Sorttwo referencevolumesatrelatively deepexhaleandinhalestatesdenoted
fo(X) andfi(x), x 2 R3, usingthesimplebreathingndices.

Step2. Find the full deformationduring inhalation,Ds(X), by registeringthe two
referencevolumesof the patient,f (x) andf i, (x).

Step3. For eachtableposition,estimatanternalmotionindicesby iteratively updating
amotionmodelto bestmatchthe deformedreferencesolumef (Xx) to eachmoving sub-
volumes.

Step4. Sorttwo CT volumesat nearend-of-exhaleandend-of-inhalestatesbasedon
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thenormalizednternalmotionindices.

If they differ from the previousreferencerolumesf ¢(x) andf,(x), replacethemand
go backto Step2; otherwisegoto the nal step5.

Step5. Do a nal amplitude-basedortingto form 4D CT volumesin onebreathing
cycle.

To sumup, thismethodstartsfrom two imperfectreferencesolumesye nestheinternal
motion-basedndicesto sort out two referencevolumesthat containlessartifacts, and
performanotheroundof motionestimatiorto obtainthe nal breathingndices.Typically
two to threeroundsaresufcient for this procesgo corverge. We now describesachstep

in detail.

Step0Oand 1: extract asimple breathingindicesand sort twoinitial 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 extracta simple breathingindex for eachsub-volumeandin Step
1 we sort out two referencevolumesusingthis simple breathingindex. We treaty-axis
(anteriorposterior(AP) direction)centroidof the 8th slice of eachsub-wlumeastheini-

tial breathingndex for thatsub-wlume. They-axiscentroidis calculatedasfollows,

PP
g p-yifn(xi;yj;8;k))_
Fa(Xisy;;8:k)

(5.1) Chk = _
j

wherec, denotegheinitial breathingindex of f ,(:; k). We thenstackthe sub-wlumes
having largestor smallestcentroidvaluesat all positionsto form two CT volumes.How-
ever, We needto determinewhetherthe peakindex correspondgo end-inhaleof end-
exhale states. The relationshipis automaticallydecidedby computersoftware basedon
thefollowing property Chestalwaysexpandsduringinhale. Assumingn = 1 denoteghe

mostsuperiorsub-wlumeandthe AP coordinatesarelabeledfrom anteriorto posterior
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thenthe peakof ¢, occursatnearend-of-exhalestateandthevalley occursat nearend-of-
inhalestate.However, the abdomemmay expandor contractduringinhale. To determine
which statethe peakcentroidcorrespondso for theinferior sub-wlumes.we examinethe
correlationcoefcient (CC) of the y-axis centroidsof the 1st and8th slice of the moving
sub-wlumes.If the CC of thosetwo sequencearesmallerthan0:6, we treatthe peakof
C, atthe samestateof thevalley of ¢, 1, assuminghe 1st slice of the nth sub-wlumeis
adjacento the 8 sliceof the(n  1)th sub-wlume. So startingfrom the 1st sub-wlume,
The breathingstatesof the peakandvalley of theinitial breathingindicesof the inferior

sub-wlumescanbedecidedn turn.

Step2. Registration

In step2 we registerthetwo referenceCT volumesto obtainthe extremedeformation
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 othermethodghathasbeensuccessfullyapplied
to medicalimageregistrationcanbe usedhere.

TheB-splinebaseddeformatiormodelis representedsfollows,

X .
(5.2) Drun(X)(Xx; ) = i X X ;

where (x) is the tensorproductof cubic B-splinefunctions,x; is the spatialknot lo-
cations,and  controlsthe width of the B-spline functions. Wide B-spline functions
tendto capturemoreglobal deformationsput poorly representocal deformations.Nar
row B-splinefunctionsbetterdescribelocal deformationsput they have more unknavn
parameterscomplicatingthe optimization. We recommendlacingtwo B-spline knots
alongthe axial axisin eachsub-wlumeregion to capturemorelocal deformations.For

example,for an 8-slice CT with a slice thicknessof 2:5 mm, we setthe knot spacingin
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theaxial directionto be4 pixels,correspondingo 1 cm. We usedl:6 knot spacingsn the
left-right (LR) andAP directions

During registration,we deformthe exhalereferencesolumef «(x) to matchtheinhale
referencevolumef,(x). The deformationparameter®f areestimatedoy minimizing
the following costfunction that containsa sum of squareddifferencegSSD) similarity

termanda Jacobiarpenaltyterm[34,36],
|

y !
(5.3)  “=argmin  (fin(x) fedX + D (X)(x; M2+ REAX; )

X

whereR(J) penalizenegative Jacobiardeterminand of thedeformation(x + D¢y (X)(X; ))
to discouragerreversibledeformationestimatesuchasfolding, and controlsthetrade-

off betweerthetwo terms.The penaltyfunctionis calculatedasfollows,

X
(5.4) RUAMX; )= 9((x; )

8
2 13 0057 J< 005
(5.5) 9d) =
- 0 J 005
We usethe gradientdescendalgorithmto searchfor the parametewaluesthat mini-
mizethecostfunction. The multi-resolutiontechniquess alsoappliedin theoptimization
to avoid local minimum problems[82]. We startthe registrationfrom the dowvnsampled

imagesandthenusetheresultsto initialize theregistrationof theimageswith ner reso-

lutions.
Step3. Estimate the internal motion indices
Step3 is the key taskof this iterative sorting process,jn which we nd the internal

motion-basedreathingindicesfor all sub-wlumes,denotedf .;n = 1; ‘N:k =

1; ;K g. Each ,, aK -elementvector is estimatedrom the exhalereferencevolume
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f ex(X) andthe free-breathingsub-wolumesf (X ; k). sowe implementN estimationgo
obtainthewholesetof . Speci cally, eachestimatoiteratively updatesheparametersf
amotionmodelto bestmatchthereferencesolumeto asequencef moving sub-wlumes.
Themotion parametergssentiallyrepresentheinternalmotionindices.

We usethe proportionalitymotion modelsameasthe oneusedfor DOV initialization
in Chapterd. Thedisplacemenof eachvoxel at ary time is assumedo be proportional
to its full movementfrom end-ehalationto end-inhalationwe expressthe motionmodel

for the nth sub-wlumeasfollows:
(5.6) To(x;t) = x + 1 (t)Dan(X);

where ,(t) denoteghe scalarproportionalityparameteat time t. We allow the value
of ,(t) to beneggative or greaterthanl becausehe estimateddeformationDq,;(x) from
registrationmay not be the extremedisplacemenbf eachvoxel duringinhale. This pro-
portionality motion modelmay is imperfect. However, the ultimate goal for this work is
notto nd theprecisemotionof every voxel. We needonly thatproportionalitysequence
(t) sene asabreathingndex for theinternalmotion.
Similarly asin Chapter4, we parameterizehe continuousproportionality function

n(t) througha Rectbasisfunctionasfollows,

X
(5.7) n(t) = nkRec(t  k);
k=1

where isthetime interval betweereachpair of adjacensamplesand ¢ denoteghetime
correspondindo the kth sample. This parameterizatiotransfersthe dependencef the
motionmodelon from a continuoudime functionto a sequencef scalard Q.

Now the goalis to estimatethe proportionalityparameters We minimize the differ-
encedetweerthefree-breathingub-wlumesf , (x ; k) andthedynamicallydeformedex-

halereferencevolumesf (x). The costfunction containstwo terms:a data delity term
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anda penaltyterm. Speci cally, for estimatingeachsequence , = f ..1;  ; nk 0,

the costfunctionis expressedsfollows:
(5.8) A= argmin (Lo(fa(5K)iFOGK) + R( a)i(n=1  ;N);

where is ascalarcontrollingthetradeof betweerthetwo terms,andf 2(x ; k) represents

thedeformedreferencerolumeattimet,,
(5.9) fa(x:K) = feX + niDrun(X)):

Thedata delity termL,( ) is measuredy the SSDover the eld of view (FOV) of the
nth sub-wlume,i.e.,

X X
(5.10) La(fn(x;k);f qx; k) = (Fa(x;k)  FR(x; k)2

k=1 x2FOVp

TheroughnesgenaltytermR () discouragesapidly changingmotionestimatesbecause

thetissueusuallymovessmoothlyduring naturalbreathing.This penaltyis calculatedoy
(5.11) R( »)=jC njjz;

whereC is adifferencingmatrix having atypicalrowof ( ;0; 1;1,0; :).
Sincethe dissimilarity is calculatedonly within the FOV of the sub-wlume, it is not
necessaryo deformthe whole referencevolume when evaluatingthe cost function in
(5.8). We warp only the volumein the region thatis slightly largerthanthe FOV of the
sub-wlumesto sare computationtime. For example,if the extremedeformationof the
nth sub-wlumealongthe axial directionis r, we candeformonly the referencevolume
within the axial rangeof z, d=2 r z z,+ d=2+ r, becausedhe the changes
outsidethatrangehave no effecton calculatingL ,,. We usethe conjugategradientmethod

to minimizethe costfunctionin (5.8).
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Step4: Update the two referencevolumes

In thisstep,we usetheestimated ,;n =1, ;Ngtoformtwo CT volumesatnear
end-of-ehaleandend-of-inhalestates.We rst normalizeeachsequence , separately
asfollows,

min

(5.12) Sp= ——"— 100%n=1 ;N;
n n

where ™ and ,™" arethe minimumandmaximumvaluesof , overk. We then
simply stackthosesub-wlumesassociatingvith breathingndicesthatareclosestto 80%
asaninhalereferencevolume, andclosestto 0% as an exhale volume. We usethe CT
volumeat 80%inhalestatebecausedt appearednoreconsistenthanthe“full” inhalation
statefor differentbreathingcycles.

We normalizeeachbreathingindex sequence , before sorting out the exhale and
inhale CT volumesto compensatéor the mismatchin the imperfectreferencevolumes.
This helpsmalke the whole processnorestable.By this normalizationthewhole process
will arrive at similar nal motionindicesevenif it startsfrom differentinitial reference
volumes asillustratedin Fig. 5.2. In this gure, we considerasequencef moving object
with mere expansionalong one direction. Casel and case2 selecttime t; andt, as
the inhale staterespectrely. Although thosetwo casesnd differentvaluesof motion
indices,the normalizationequalizeghem. Sothe estimatednal breathingndicescanbe
robustto imperfectinitial referencesolumes.Meanwhile dueto thesenormalizationstwo
roundsof motion estimationsaresufcient to arrive atthe nal motionindices. The rst
round obtainstwo re ned referencevolumes,andthe secondround updateshe motion
indicesthroughinternalmotion estimationusing the re ned referencevolumesandthe
unsortedCT data. In the ve patientstudieswe conductedfour of them corverged at

thethird iterationandonecornvergedat the secondteration,which agreeswith the above
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conclusion.

Although we claim that the whole processs robust to differentimperfectreference
volumes,it shouldbe notedthat extremely“bad” initial referencevolumeswill still fail
this algorithm. The bottomline is thattheinhalereferencevolumeshouldbe at a deeper

inhalestaterelative to thatof the exhalereferencevolume.

Figure5.2: This gure illustratesthatnormalization(5.12) of eachestimatedreathingindex sequencém-
provesrobustnesso imperfectreferencesolumes.

Step5: Final Sorting

Usingthe nal internalmotionindicesassociatewvith all thefree-breathingub-wlumes
at all tablepositions,we divide the sub-wlumesinto several breathingstatebinsto form
4D CT volumes. Variousbinning methodshave beenproposed33,48,50,65,77], but
they mainly fall into two cateyories: amplitude-basedorting and phase-basedorting.
Amplitude-basedortingmethodsbin the datausingthe valuesanddirections(inhale or
exhale)of thebreathingndices.Phase-basesbrtingmethodaisuallybin thedataaccord-
ing to phase-angledeterminedy sometransformation®n the breathingsignalfrom the

time domainto a phasedomain. Phase-basesbrtingresultsin larger mismatchbecause
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of theinsufcient motionreproducibilitywith respecto phasg50]. We choseamplitude

sorting.We rst normalizethe breathingsignalsusingthefollowing formula,

min

(5.13) Sk = —X _ 100%

max min

where ™" and ™ aretheminimumandmaximumvaluesof overbothn andk. Note
this normalizationis doneon the overall breathingsignals , sotheamplitudevariations
in different breathingcycles are still presered, unlike the individual normalizationon
eachpieceof breathingsignalin (5.12)in step4. We then predeterminghe breathing
statebins by assigningeachbin with an amplitudevalue in [0%; 100%]anda direction
of ascendingor descending.The amplitudevalue representfionv deepthe breathingis,
while the directionindicateswhetherit is in inhalationor exhalation. The sub-wlume
whosecorrespondindpreathingindex is the closestto the bin valuein the bin directionis
associatedo thatstatebin. Thedirectionof eachsingleindex canbe simply determined
by comparingits value with its neighboringpoints sincethe entire estimatedoreathing
indicescomposea time sequenceThosesub-wlumesassociatedo a samestatebin are
staclkedto form a 3D CT volume. In this way we obtainseveral 3D volumesrepresenting
the patients anatomymotionin onebreathingcycle. For the experimentresultspresented

later, we speci cally assigned 1 breathingstateswith bin valuesto be

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

(5.15) ratio = mediaf '*); ; &)
anddirectionsto be
bin:direction= [1;1;1; 1; 1; 1, 0; 0; O; O; OF;

wherel and0 representdescending”and “ascending’respectrely. Underthis assign-

ment, bin[1], bin[6] andbin[11] correspondo startof exhale,endof exhaleandend of
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inhale respectiely. Later we will comparethe sortedCT volumesusing the estimated
internalmotionindicesandthe externalbreathingndices.Becausehe bin valuesaread-
justedby theratiode nedin (5.15,offsetbetweertheactualstatesusingdifferentkinds of
breathingndicesis minimized,henceghecomparisonsve reportlaterbetweertheinternal

motionindicesandthe externalindiceson sortingtheimagescanbefair.
5.3 Experiment results

We appliedthe iterative sorting methodto four setsof 4D CT patientdata. The CT
imageshavearesolutionof 0:98cm  0:98cmandaslicethicknessof 2:5 mm. Around20
sub-wlumeswereconsecutiely reconstructedh eachtablescanperiodusingFeldkamp
algorithmfrom the projectionviews within themostcurrent plusthefanangle.

Fig. 5.3 shavs examplesof the extractedcentroid-basedimple breathingindicesfor
several positionsof onepatient. It is not surprisingthatthe rangesof the curvesof those
superiorpositionsare smallersincethe motion of the upperthorax during breathingis
barely noticeable. However, clearascendingand descendingrendsexist. The smallest
and largestvaluesin thesebreathingsignalsoccur at either nearend-inhalatioror end-
exhalationstate. We stacled thosesub-wlumesassociatedvith peakor baseindicesto

form two CT volumes.

Table position 4 Table position 8 Table position 12 Table position 16
164

170
163 155 163

169
b - N\_\/\’\/ - /\/
NI g SN 161 153 161

167 152 160

5 10 15 20 5 10 15 20 5 10 15 20 5 10 15 20
time samples time samples time samples time samples

AP coordinate of centroid

Figureb5.3: The extractedsimple breathingsignalsof patientl basedon centroidtracking. Positions3 is
closerto neckandposition15is closerto abdomen

Usingthesetwo referencesolumestherestof the proceduredescribedn Sect?? was
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implemented.For Step2, we setthe regularizationparameter in (5.3)to be8 10°.
This parametewassetbasedon the previous registrationexperimentsconductedoy our
group[34,36]. For Step3, we settheregularizationparameter to bel10. It wasmanually
tunedusingthe rst dataset. We startedfrom 1 andup-scaledt by 5 until therewereno
abruptbumpsin the estimatedoroportionalitysequencekor bothregistrationandmaotion
estimationthe referencevolumesweredowvnsampledy 2 in the transaxialplaneto save
computationtime. The dowvnsampledmagesprovide enoughinformation for estimat-
ing the motion becausef the small numberof parametersn the proportionalitymotion
model(5.6). Usinga ner resolutionwould requiresigni cantly longercomputatiortime
but with very minor improvements.Experimentsalso shaved that this transaxialdowvn-
samplingdid not sacri ce estimationaccurag.

We experimentedwith four patientdatasets. In two of themthe RPM signalscorre-
latedwith the patients'breathingmotion ne, andour methodattainedcomparablemage
quality. The othertwo datasets(labeledpatientl and 2) are further describedn this
section.

Fig.5.4andFig. 5.5plot the estimatedreathingsignalsandtherecordedRPM signals
for patientl andpatient2 respectiely. Both casesshav similar transitionsof inhalation
andexhalationbetweenthe estimatedandthe recordedbreathingsignals,but signi cant
discrepanciepresentedn thosetwo setsof breathingsignals.

We sortedthe CT slicesaccordingo therecordedRPM indicesandthe estimatednter-
nal motionindicesrespecitrely usingthe sortingmethoddescribedn Step5 (Sect5.2.2).
Fig. 5.6 andFig. 5.7 shav the sortedCT volumesof patientl andpatient2. Tissuemis-
matcheq" atness” or “discontinuity”) presentedn the CT volumesformedby usingthe
RPM breathingindices. Most of theseartifactswerecorrectedby usingthe estimatedn-

ternalmotion-basedreathingindices,demonstratingigni cant improvementsresulting



Breathing signals of patient 1

Breathing indices

1-
0.8
0.6
0.4+
0.2
0 I I I I I I I I I
40
I

0 20 60 80 100 120 140 160 180 200

Time samples
1 1 1 1 1 1 M |

0
200 220 240 260 280 300 320 340 360 380 400
Time samples

0.8

0.6

0.4

Breathing indices

%

0.2

Figureb.4: Theestimatednternalmotionbreathingsignals('+') andtherecordedxternalRPMsignalg('.").
Both signalswerenormalizedaccordingto (5.13). Eachpieceof curve representshe breathing
signalfor onescanposition. Fromupperleft to lower right, the positionadvancedrom closeto
neckto closeto abdomenTherewerel6 positionsfor patientl.

from our proposedterative 4DCT sortingmethod. The blursin thoseimagesare partial
volumeeffectsdueto reconstructioirom incompleteprojectionviews becaus®f motion,

whichis anotherfactoraffectingtheimagequality but is beyondthe focusof this paper

5.4 Discussion

In this paperwe developedan algorithmthatreconstructglD CT volumesby nding
the motion consisteng amongthe unsorteddatathroughinternalmotion estimates.This
4D CT methoddoesnot requireexternal breathingsignalsthat may be lessaccuraten
measuringhe actualoverall tissuemovement.As shovn in the two “bad” examplespre-
sentedabove, theinaccurag of the externalRPM signalsled to signi cant mismatchesn

thesortedCT volumes.By conductingheproposednternalmotionbasedsortingmethod,
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Figureb.5: Theestimatednternalmotionbreathingsignals('+') andtherecordedexternalRPMsignals('.")
for patient2. Both signalswerenormalizedaccordingto (5.13). Eachpieceof curve represents
thebreathingsignalfor onescanposition. From upperleft to lower right, the positionadvanced
from closeto neckto closeto abdomenThereare 15 positionsfor patient2

betterconsisteng wereestablishedh theformed4D CT volumesfor bothexamples.
Our currentimplementatiorof this algorithmspentabout40 min on Step2 (registra-
tion) and20min on Step3 (motionestimationpnaPentium3 GHz processorespectiely
for the rst iteration. For the lateriterations,registrationandmotion estimationcanstart
from theresultsof the previousiterationhencerequirelesscomputatiortime. If we strictly
follow the terminationcondition,i.e., whentwo succesie iterations nd the samerefer
encevolumes,all the four experimentaneedthreeiterations. Thatalsoindicatedthatthe
secondterationalreadyarrived atthe nal motionindices. It agreedwith the conclusion
we madein Step4 thattwo iterationsaresufcient for this iterative sortingprocess.We
understandhatthe computatiortime is still long for routineclinical usage.However, in

caseswvhenthe recoredbreathingsignalsfail in reconstructingdD CT volumesthat are
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(a). SortedCT volumesusingrecordedRPM indices

(b). SortedCT volumesusinginternalmotionindices

Figure5.6: SortedCT volumesof patientl usingrecordedRPM indices(a) andinternalmotionindices(b).
Fromupperleft to lower right, the patientexhaleandtheninhale. Severetissuemismatchesre
marked by arrows.
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(a). SortedCT volumesusingrecordedRPM indices

(b). SortedCT volumesusinginternalmotionindices

Figure5.7: SortedCT volumesof patient2 usingrecordedRPM indices(a) andinternalmotionindices(b).
From upperleft to lower right, the patientexhaleandtheninhale.Seeretissuemismatchesre
markedby arrows.
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usablefor designingtreatmentplans,it may be worthwhile to utilize this methodto sort
the CT slicesratherthanrescanthe patient,which would involve more X-ray exposure
andstill would notguarantegoodcorrelationdetweertheexternalbreathingsignalsand
the patients'internalanatomicamovement.Fromthis point of view, longercomputation
associateavith the proposednmethodmay be clinically acceptableCertainlymoreeffort

will be put in reducingthe computationtime suchas using a fasterimage registration
algorithm.

Our internalmotion estimationis basedon a proportionalitymotionmodel(5.6). This
onedimensionalspatially-lineamotionmodelcannot bestdescribethe actualtrajectory
of arny pointduringbreathing.However, the proportionalityparametecansummarizehe
"average”deformationof all pointshencecanbea usefulindex. A higherdimensionality
motionmodelmaydescribehe actual3D thoraxmotion better However, for the purpose
of sorting,onemayneedto lower the dimensionalityto make it easierto establisithe mo-
tion correspondence&romthis point of view, we may alsothink thatthe proportionality
motionrepresenttheprojectionof theactualhigherdimensionamotionontoalowerone-
dimensionalinearspaceto facilitateeasysorting. Similarly, afterXu etal. [96], obtained
the deformationof eachvoxel by registeringeachslice to a high-resolutionbreath-hold
referencesolume,they still neededxtra signalprocessindo generatea 1D breathingsig-
nal from the high-dimensionatleformation eld to enablean corvenientmotion phase
synchronizatioramongthe CT images.The processingncludedan averagingof the de-
formationsof all voxels and a principle componentanalysison the 3D vector obtained
from averaging.Becauseheir 1D breathingmotion signalcannotfacilitatean amplitude
sorting,their nal 4D CT volumesaregeneratedy deformingthe referencevolumeac-
cordingto the deformation elds thatwere smoothedat the sub-wolumeboundaries.So

for sorting-basedD CT imagingtechniquesa simplebut reasonableescribablenotion



modellik e (5.6) would be sufcient.
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CHAPTER 6

Conclusionand futur e work

6.1 Conclusion

This dissertatiorfocusedon building 4D modelsof respiratorymotionto help radio-
therapistdetterunderstandumor and organ movementcausedy breathing.We devel-
opedtwo methods.The rst oneDOV, which estimate<iD respiratorymotion usingpro-
jectionviews acquiredfrom CBCT scannerThe secondoneis iterative sortingof 4D CT
imageswhich builds motion-resoled 4D CT volumesusingthe unsortedree-breathing
CT slicesacquiredfrom multi-slice CT scannersThesetwo piecesof work bothinvolve
with a motion estimationkernal. The estimatedlynamicdeformationmapsby DOV can
provide the mostcurrentupdateon patients'respiratorymotionandcanbe usedto verify
the radiationdosetreatmentplan prior to the actualtreatment. The motion-resoled 4D
CT volumescanhelpmoreef cient andeffective treatmentesign.

DOV is a novel methodto estimaterespiratorymotion from a slowly rotatingCBCT
projectionviews. This methodoptimizeda B-spline deformablemotion modelto best
matchthe modeledthe measuregrojectionviews. The modeledprojectionviews were
calculatedrom areferencevolumedeformedaccordingo the estimatednotion. We used
a correlation-coetient basedestimator Two penaltytermswasaddedto the estimatoy

oneis a commonlyusedmotion roughnesgenalty the otheris a motion aperiodicity
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penalty which is speciallydesignedior DOV to compensatéehe slowly rotating gantry
limitation. We conductedsimulationand phantomexperimentand achiezed estimation
accurag closeto voxel resolutionin bothcases.

To reducethe computationtime, we startedDOV from a simpli ed motion estimate,
in which we useda proportionalitymotion model. This motion modelassumeshatthe
deformationat ary time point is spatially linear to the extreme deformationfrom end-
exhaleto end-inhale Hencethe simpli ed motionestimationnds a 1D time sequencef
proportionalityparametersyhich canbesolvedin afew minutes.This estimatedLD time
sequenceepresentanaveragedieformatiorrelative to thefull deformationhencecanbe
useda breathingsignalto guidethe nonuniformtemporalknot placementThe simpli ed
motion estimatoralonealreadyyielded acceptableaccurag in both the simulationand
phantomexperiment. Initialized by the simpl ed motion estimatesPOV with B-spline
motionmodelcorvergedwith muchfewer iterations.

Becausethe proportionality parametersummarizethe “average” deformationof all
points,it canbeusedasa sortingindex for 4D CT images.We appliedthis motionmodel
to 4D multi-slice CT datato estimateinternal motion indicesand usethemto sort the
slices.This sortingtotally eliminatesthe relianceon externalsurrogatesof breathingmo-
tion. Patientstudiesshaved thatthe internalmotion-basedortingcorrectedmostof the

mismatchartifactsin the sortedCT volumesusinginaccuratesxternalbreathingsignals.

6.2 Futurework

We developeda 3D respiratorymotionestimatioralgorithmandsucessfullyestedt on
both simulatedandexperimentaldatasets.However, morestudiesareneededo improve

thiswork andmake it moreapplicablen clinics. Possiblefuturework includes:

Scattercorrection
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Comptonscattercontaminatioris severein cone-beanprojectionviews duethe use
of alarge coneangleanda 2D at detector Our currentimplementatiordid notin-

cludedary scattercorrectionyet. Scattercorrectioncanbedoneeitherbeforerunning
DOV, whichwe call precedingscattercorrection or by incorporatinga scattermodel
into the cone-beansystemforward model,which we call in-line scattercorrection.
Currenttechniqueghat can be usedfor precedingscattercorrectioninclude beam
stoparraymethod[57] andMonte-Carlomethod[8, 100]. In-line scattercorrection
requiresa modelingof scattereffect. Exampleson scattermodelingcanbe foundin

paperd2,21,31].
Deformationregularizations

Differenttypesof tissuehave differentcapabilitiesof elasticdeformation.B-spline
deformatiomrmodelitself assumesiniform elasticityover theimage eld of view. As
aresult,warpingcanbe presentedn the estimateddeformationat thoserigid body
partssuchasbone,which is unrealistic. To limit the amountof nonrigid warping
occurringat the rigid tissue,we may include a local rigidity regularizationon the
estimatedleformation45,46,72]. The Jacobiarof B-splinedeformationcanbeless
thanl. We may alsopenalizeneggative Jacobiango posean invertibility regulariza-
tion [36].

Computatiortime reductionby Volumeof interest(VOI) study

CurrentlyDOV processesn thewholethoraxregion, requiringrelatively long com-
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 spanandthe
projectionviews in the areathatcorrespondingo that partialvolume. Reducediata

sizecertainlywill reducethe computatiortime, but it alsoindicatedessregularized
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deformationestimates.However, we canalsostartthe VOI-basedDOV estimation
from thesimpli ed motionestimateasdescribedn Chapter, to guidethesearching

algorithminto theright valley.

Modi cation of the proportionalitymotionmodel

As shavn in Table4.2 and4.3 in Chapter4, the motion estimationerrorsof DOV
with the proportionalitymotionmodelweremuchsmallerthanthevoxel resolutions.
Meanwhile ,becaus®f the simplicity of the proportionalitymotionmodel,the com-
putationrequirements lessdemandingcomparingto DOV with B-spline motion
model. Goodestimationaccurag with lesscomputatiortime suggestshatthe pro-
portionality motion modelmay be usedalone. However, the proportionalitymotion
model(4.1) is arank one,spatiallylinear motion model. The resultedtrajectoryof
eachvoxelis strictly alongtheline of its extremedisplacementObviouslyit excludes
the hysteresiphenomenonHysteresisn respiratorymotion statesghatthe moving
trajectoryof tissueduring inhalationis differentfrom that during exhalation. We
suggestwo modi cations to increasethe degreesof freedomof this motion model
to make it morerealistic. Oneway is to usethreesetsof proportionalitysequences,

eachalongonedirection,i.e.,

(6.1) TX(x;t) = x+ *(t)Dfy,(x);
(6.2) TY(x;t) = y+ Y(@t)D{,,(X);
(6.3) TA(x;t) = z+ *(t)Dfy,(x);

wherethesubscripi, y, andz denotehethreedirectionsrespectrely. Suchmodi ed
modelallows differentratio for eachdirectionandis ableto describethe hysteresis

motionto a certaindegree.Anothersuggestiono re ne the modelis to build agen-
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erallinearmodelwith additionalprior deformationeld componentsfor example,

X
(6.4) T (x;t)=x+ k(t)Di(X);
k=1
wherefD ((x);k = 1; ;K gdenotea priori deformationmapsat somebreathing

states,suchas thosedeformationmapsestimatedby registeringthe 4D treatment
planningthoraxCTs. Perhapghosedeformationscould be “learned” from training
datausingprinciple componentinalysig[12]. Both of the changesuggeste@bove
will beableto improve on deformationpathof the simpli ed motionmodel. Patient

evaluationsarerequiredto validatethosemodels.

Performancdimits analysis

Theperformancef DOV wasmainly evaluatedhroughsimulationsandexperiments
in this thesis. It would be helpful to furtheranalyzeits achievablelimit on accurag

(biasandvariance)with respecto the measurementoiseandthe imagespectrum.
The limit would inform us, to what extendwe could trust this algorithmand how

large mamgins shouldbe addedon tumor trajectoriesin treatmentplanswhenusing
the estimateddynamicdeformationmaps. The DOV methodessentiallybelongsto

the eld of registration. In the literature of registration, performanceevaluations
are generallydone empirically or visually. Only a few papershave discussedhe

performancdimits on imageregistrationstatisticallyaccordingto the Cramér-Rao
boundg69,98]. The framavork presentedin thosepaperamay be borroved hereto

analyzethe DOV performancéounds.

It is alsoimportantto study the fundamentalimits of DOV dueto the following

factors. First, projectionangles.Our currentimplementatiorusedprojectionviews

in a180 span.Canwe usea smallerangleof views, suchas135 or 90 ? What's

theminimumspancanbe usedto achieve anacceptedastimationaccurag? Second,
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temporalresolutionof projectionviews. How denseshouldwe collectthe projection
views in onebreathingcycle to enablean acceptablenotionreconstruction?l hird,
deviation of the breathingpatternfrom periodicity and constantamplitude. How
canwe adjusttheregularizationparametersccordingio the breathingrregularity to
obtainbestestimationaccurag? Suchanalysiswould offer guidancegoward more
ef cient datacollectionsin termsof the expectedestimationaccurag thusminimize

radiationdoseexposedo patientsfor imagingandtreatmenpurposes.

Real-timemotionupdateto facilitate4D radiotherag

A potentialscenarioof radiationtheragy underfree breathingconditionis 4D radio-
therayy, in which the the shapeandintensity of the radiationsourceareadjustedn
real time accordingto the tumor motion. This techniquedemandshighly ef cient
hardwareaswell asaccuratereal-timeupdateof the movementof tumorsandadia-
centtissue.Our developedDOV algorithmestimategshoraxmotion usingthe cone-
beamprojectionviews in anof ine style. We shouldfurther explore the possibility
to obtaina real-timeestimateof tumor motionduring 4D radiotherap. It may start
from someprior dynamicdeformationmapsof the patient,suchasthoseestimated
by registering4D treatmenplanningthoraxCTs,andthenupdateestimatebasedon

severalrecentprojectionviews.
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APPENDIX A

Calculations of the derivativesof the costfunction for B-spline
basedDOV

We needto calculatethe gradientof the costfunction ( ) to implementtheoptimiza-
tion algorithmdescribedn Sect3.1. Explicit derivativescanbefoundusingthechainrule.
Herewe give the expressiongor the SSD-basesostfunction. Thoseof the correlation-

basedcostfunctioncanbefoundsimilarly.

A.1 Calculation of the gradient of ()

Therearetwo terms,L( ) andR( ), in thecostfunction ( ). Thefollowing calcula-
tion is for the SSDsimilarity term.We rst computethe partialderivativesof L( ).

Let usintroducef’, = W ( ;tm)f e to denotethe estimateddeformedobjectat time
tm. Let § (p=1; ;d) bethecoefcient of thekth knotin the pth dimensionwhere

p = X;y;z. Startingfrom (3.10),we obtainthe rst partialdervativesasfollows,

+

@ _ X A @n
CHE AmfA”“)’A”“@E+
&,

(A1)

A% On A WTn) Gp

m=1

whereha; b denotegheinnerproductof arraya andb.
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We needto determine%?r to completethe calculationof (A.1). We usethe chainrule
k

acpin. Using Egs. (5.2),theexpressiorfor f, (x) is,

fin (%)

W(O s tm)frer(X) 1

fref X+X X , tm j X Xj g:

| (z )

(A.2)

Let | correspondo thecoefcient of thecontrolknotlocatedat( ;;x;), where ; is the

temporalpositionandx; thespatialposition,thenfrom (A.2)

@ @
—(X) = X
E( ) @j;Xi( )
(A3) = r e pm i X X
x=x0 p ht hx
where r f g , the pth elementof the spatialgradientof thereferencamageevalu-
x=x0 p

atedatx °, canbe calculatedrom theinterpolationmodel(3.8) asfollows,

(A.4) [ fref = G r o (x° r)

x=x0 p r

(Xp) (Xa):

d=1;d6p

(A.5) r(x° r

The remainingcalculationis that of the dervative of R( ). This canbe found easily

from (3.12)asfollows,
(A.6) rR()=CC ;

A.2 Calculationof _( )and °( ) for line search

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

{) = L)+ R(O);
(A.8) () = B()+ R():
Usingthechainrule,

L() = d¥ L
Y D D EE
(A.9) = Omn A fu) A, dr fy
() = d% ?Ld
Yt DD E D EE

(A.10) d;r fn 5 dir i

m

wherer f,, thederivative of thedeformedmageswv.r.t hasbeenexplainedin Appendix

A.

Similarly,

(A.11) R() = d¥t% ;
(A.12) R() = dt%d:
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