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Abstract

This thesisis concernedvith developinga two-dimensiona(2D) ultrasoundspeckletracking
techniqueto quantify 2D axial andlateralstrainfields for studyingtissuedynamics.Knowl-
edgeof tissuedisplacemento infer straincharacteristicés of major clinical importance.In
part,thisis dueto thelack of simpleandaccuratenon-irvasive techniquego measuren vivo
strain. The establishedechniquefor evaluatingtissuebehaiour usingultrasounds elastog-
raphy with corventionalmethodsanalysingthe raw radio-frequeng (RF) datato measurelD
displacementdn contrastthiswork developsandappliesmageprocessingechniqueso anal-
ysetheultrasoundmagesto measureD displacementsMeasuringmeaningfuldisplacement
descriptorsisingultrasoundassumeshatspecklemotionreplicatessmalltissuedeformation.

Currentresearchusingultrasoundmageprocessingrequentlyconcentrate®n matchingse-
lectedregionsfrom framepairs,anextensionof RF elastographyto solve this correspondence
problem. To assesshe feasibility and effectivenessof displacemengstimationusing ultra-
soundimagesa variable-sizedlock matchingalgorithmwith a hierarchicafull searchs pro-
posed. Unlike existing researchdevelopmentand experimentatiorfocuseson dynamichigh
frequeng ultrasoundof the musculoskletal system.The aim is to provide a non-irvasive in
vivo approachto measuringdisplacemenand strainin tendonsand soft tissuefor assessing
tendinopathy

With an emphasison improving block matchingapproachesenhancementare exploredto

extendthis framewvork to sequencegyeneratingrajectories.Further novel contributions are
incorporatedo solve known speckletrackingproblems.An automaticsimilarity measurese-
lectionis developed,adaptingo varyingspeckledensityandstraininducedspeckledecorrela-
tion. Trajectoriesarealsoupdatedor moving objectsin the scannedD volumethattraverse
the 2D plane. Otherimportantchallengesdealtwith in this work include eliminating user
frame pair pre-selectionfreehandscanningregistration, minimising tracking drift error and
measuringlisplacemenaccurag.

Finally, displacemenfieldsareusedo derive correspondingxial,lateralandshearstrainelas-
tograms Further thetrajectoryfieldsareusedto generatespatiotemporatlastogramsyroduc-
ing objectstrainhistories. The latter enableliniciansto have a uniquemeansof comparing
theknowledgeof the appliedmotionto the strainthatoccurredduringthe actiity, potentially
aiding diagnosis.In addition, all resultsare validatedusing purpose-mad&issuemimicking
phantomsandin vitro tendondata,prior to analysingn vivo clinical sequences.

Keywords: Ultrasound SpeckleTracking,ElastographyAxial LateralStrainQuantification,
Musculosleletal.
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Chapter 1

Intr oduction

1.1 Motivation

Marny biomechanicalnvestigationsrequirethe quantificationof loadsand displacementsr
ideally stressesindstrains.However, measurementsf internaldeformatiorandstrainin bio-
logical softtissuegpresenta numberof importantchallenges Consequentlgurrentmeasure-

menttechniquesrefar from ideal, particularlyfor in vivo conditions.

Measurementsf surfacestrain suchas mercuryin siliconerubber[82] or solid statestrain
gaugeg31] requiretheinsertionof adevice with barbedprongsinto thetissue.They arethere-
fore highly invasive whenusedfor in vivo studies,andaresubjectto seriousartefictsif there
is agradientin strainalongthe lengthof the prong. Furthermorethey canonly measurele-
formationin onedirectionandata singlelocation.An alternatve meansof measuringuriace
strainincludesvideobasedechnique$60] to obtaintwo-dimensiona({2D) information. How-
ever this requiresa grid of markersto be placedon the tissueandviewed usingoneor more

cameraslt is thereforeunsuitableor in vivo measurements.

A methodof measuringnternal deformationss to usemetal marlers[86, 66] anda series
of radiograph®r fluoroscop. This methodis invasie, requiringimplantationof metalbeads
or wiresandexposureto ionising radiation,only giving informationaboutdeformationat the
siteof themarlers. A similartechniquds sonomicrometry32], whereultrasoundcrystalsare

implantedandthe distancesdetweenthemare measuredising the time of flight of acoustic



pulses.This still requiresthe invasive implantationof transducerandonly givesinformation
aboutthe movementof thesetransducersilt is possibleto measuraleformationsy usingex-
isting naturallandmarkssuchasthe musculo-tendonoysinction[47], usingultrasonography

However, suchmeasurementsrelimited by the availability of reliably identifiablestructures.

The ideal deformationmeasuremensystemwould be entirely non-irvasve and would give
at least2D-deformationinformationat ary pointin structuressuchas musclestendonsand
intervertebraldiscsin real-time. This specificatiorrulesout all suriacestraintechniqueg82,
31, 60], all techniquesequiringimplantedtransducersheadsor wires or relying on ionising
radiation[86, 66, 32]. Whilst MagneticResonancémaging(MRI) canbe usedto give quasi-
staticmeasurementsf deformation[109], the acquisitiontime of several minutes(wherethe
talget areamustbe stationary)malesit unsuitablefor real-timedeformationsfor example,

from thegaitcycle.

Observingthe dynamicresponsesf soft tissuespermitstissuephysicalpropertiesincluding
elasticityandstiffnessto be inferred,aswell asaidingin diagnosis.This is the principle of
sonoelastographyvhich derives the biomechanicapropertiesof tissuefrom measurements
of motion resultingfrom an appliedperturbation. Our main aim is to yield reliable and yet

physicallymeaningfullocal description®f themotionfield in musculoskletalultrasound.

1.2 Clinical Application Areas

This work concentratesn developingandapplyingtechnigueso musculoskletalultrasound
videodata,quantifyingdisplacemeranddeformatiorin tendonsandsurroundingissuesMin-
imal researctcurrentlyexistsonin vitro or in vivo humantendonmechanicapropertied55],
especiallyunderloading. Most literaturerefersto variousanimal materialtestingandinva-
sive approachesSomeimportantclinical applicationghatwould benefitfrom a non-irvasive

approactto determiningn vivo local deformatiorusingmusculoskletalultrasoundare:

1. Diagnosis Tendinopathyhasmary causesncluding inflammation,dislocationstears,
rupturesand overusethat resultfrom currently immeasurablemountsof extremeor

repetitive strain. An examplebenefitof this work is the non-invasive examinationof



carpeltunnelsyndromeproviding a methodof measuringepetitive andforceful move-

mentsof the handandwrist duringwork or leisureactiities.

2. Sugery. Displacemenanddeformatiorinformationcouldenablehedynamicbehaiour
of suturingtechniguesisedto repairtendondo be analyseddeterminingoost-operatie

strengthandperformanceaswell astheability to investigatdendon-implaninterfaces.

Broaderapplicationsncludemeasuringlisplacements otheranatomicategions,for exam-

ple,analysingntenertebraldiscdeformation.

1.3 Aims and Obijectives

The principalaim of this work is to analyseultrasoundsequenceto evaluatetissuedeforma-

tion. To achieve this, several objectivesaredefinedandcorrespondingesearcttonducted:

* To constructin vitro groundtruthandcapturein vivo musculoskletalsequences.
Throughoutgold standarcurpose-madéssuemimicking phantomsandin vitro tendonpull
dataareusedo validateestimatedlisplacementyajectoryandstrainresults peforeapplication
to clinical in vivo musculoskletalultrasoundsequences.

* Toasses&D speckldgrackingtechnique$rom analysingselectediltrasoundramepairs.
We examinetissueand tendondeformationemplgying a 2D variable-sizedblock matching
algorithmwith a hierarchicalfull searchrefinedby extendingdisplacementto sub-pixel ac-
curay. We shaw by applicationthatthis techniqueyields quantitatvely reliableresults.

* To deviseamethodfor measurindocal internalmotionin ultrasoundsequences.

We develop a novel methodologyto quantify temporal2D axial andlateraldisplacementin

ultrasoundsequencesThe principlesof 2D interframedisplacementproducedoy our earlier

work (usinghierarchicalvariableblock size matching),are extendedto quantify trajectories.



Solutionsare provided for correctingtransducemotion, quantifying objectsmoving in the
3D volumetraversingthe 2D plane,andeliminatingprevious manualframepair pre-selection.
To improve displacemengiccurag, a combinationof matchingmeasuress alsoused. The
first measureisesthe normaliseccrosscorrelationfor regionsof strongsignalandthe second

measuréCDsy, specificallyfor regionsof speckledeterminedy the signalto noiseratio.

* To generatexial, lateralandshearstrainmapsfor in vitro andin vivo sequences.

The biomechanicapropertiesof ary target objectcannotbe measuredlirectly A stimulus
mustbe provided andthe resultingmotion assessedsing a suitabletechnique.In our case
the stimuli is the kinesisor articulationof thejoint. Thereforewe derive 2D strainandstrain
rateinformationfrom the estimateddisplacementsnd velocity measurementgroducedoy
our developedspeckletrackingmethod. The computedrajectoriesare usedto measurdocal
temporalstrain,deriving a strainhistory This enableliniciansto compareheknowledgeof
the appliedstimuli to the strainthatoccurredduring actvity. Spatialandtemporalresultsare

presentedor bothcompleteframesandspecificclinical regionsof interest.

Figurel.lillustratesthe distinctareasof researchhat catgorisestheseobjectives,including
freehandscanninginterframeandsequenceanalysisandstrainestimation.Thevariousstages

shavn will bedealtwith in detailin theforthcomingchapters.

Freehand Scanning: Interframe Analysis:

+ Registration + Displacement Estimation

A 4
Sequence Analysis:

Axial Lateral Strain:

+ Spatial Strain N

+ Trajectory Estimation

+ Spatiotemporal Strain

Figurel.1: Flow diagramillustrating the main stagesof researctincluding datacapture interframe,

seguencandstrainanalysis.



1.4 Contributions

Themaincontritutionsof thisthesisare:

DisplacemenEstimation An enhancednultiscale2D speckletrackingmethodologyfor ultra-
soundvideosequencesjsinga novel alternatingsimilarity measurepproactio block match-

ing motionestimationadaptingo local signal.

TrajectoryEstimation An approacho extendinterframedisplacementso quantify trajecto-
ries of specklemotion, incorporatingstratgiesto quantify objectsmoving in the 3D volume

traversingthe 2D planeandcorrectingfor trajectorydrift error

Strain Estimation The developmentof axial andlateralstrainmapsandnovel spatiotemporal

elastogramsgroviding strainhistory derived from displacemenandtrajectorymeasurements.

1.5 ThesisOverview

Theremaindeof thisthesisis structuredasfollows:

* Chapter2 Badground provides an overvien of the currentstateof researctthat has

beenpublishedoy othersin thefieldsof elastographyandcomputewvision elastography

* Chapter3 Groundtruthin vitro andClinical in vivo Datasetsexplainsthereasoningor

thein vitro experimentsanddescribeshevariousin vivo datasetsisedthroughout.

* Chapter4 InterframeMotion Estimationfor DisplacemenFEields examinesultrasound

tissuemotionanddeformationusinga 2D variable-sizedlock matchingalgorithm.

* Chapter5 TrajectoryFieldsfrom Motion Estimation presentshe developmentandval-

idationof a B-scanspeckletrackingmethodto determine2D temporaltrajectories.

* Chapter6 Strain Estimationfrom Trajectories usesthe developedspeckletracking

framework to quantify strainandelastograms.

* Chapter7 Conclusionsand Future Work, discusseshe proposednethodandpresentsa

hypothesigo automaticallyclassifyareasof signalandartefct.

!severalfiguresdenotedwith a é have movies on-lineat http://wwwcs.bris.ac.uk/homesell/cvehtml



Chapter 2

Background

2.1 Intr oduction

Chapterl considerecturrentphysicalinvasive techniquegor measuringlisplacements or-
der to study soft tissuebiomechanics.Thesecomprisedof strain gaugeshigh-speedsideo
camerasindsonomicrometryThedisadwantage®f theseechniquegncludedrecordingstrain
informationatalimited numberof specificlocations only evaluatingfunctionunderarbitrarily
chosernisometricconditionsjnvasie fixationmethodsanderroneousandmarkingapproaches.
Motivatedby theseproblems,in this thesisinternal soft tissuedeformationis capturedusing

ultrasoundandthusthe focusof our researchs conductednto ultrasoundnotionestimation.

Ultrasoundmagingprovidesa usefulandcosteffective way of examiningin vitro andin vivo
anatomicategionsdynamicallyandin anon-irvasve manner Diagnosticultrasounds usedto
view the musculoskletal system to detectproblemswith musclestendonsligamentsjoints
andsofttissue.Throughoutwe analysea variety of musculoskletaldatasetgoncentratingpn

theachilles,patellaanddigital flexor tendons.

In this chapterwe introducean overview of the necessaryltrasoundtheoryin Section2.2,
describingthe B-modemodality ultrasoundartefictsand acousticspeckle. Next, to analyse
thedynamicresponsesf softtissueswereview elastographyesearclin Section2.3,followed

by a studyof thecurrentimageanalysisalgorithmsusedin similarresearchn Section2.4.



2.2 Ultrasonography

Themostcommonlyusedmodalityin medicalultrasounds B-modeimaging,whereanultra-
soundtransduceis placedagainsthe skin directly overtheregion of interest(ROI). A typical
ultrasoundransduceemplag/s an array of piezoelectricelementdo generateshort, =~ 1us in
duration broadbandpulseqwith a centrefrequeng of about1l0—15 MHz for musculoskletal
work or 3.5—5 MHz for abdominalvork). Thearraysizedeterminesheimagingsystems aper
ture. Thesameransducealsorecevesthebackscatteredignals.Thetransmitsignalspassing
to, andthe receved signalspassingfrom the array elementscanbe individually delayedin
time, defininga phasedarray Phasedarraysareusedto electronicallysteerandfocus(beam-
forming) the sequencef acousticpulsesthroughthe tamget volume. Processingheseecho

signalsroutinelybgginsattheindividual channelelement)evel to produceA-lines (A-mode).

Thegeneraformationof B-modesequencesommencewith (a) RFdemodulatioror envelope
detectionstoring resulting A-modesin a 2D imagematrix, (b) attenuationcorrectionusing
time gaincompensatioiTGC) or sweptandlateralgainsto increasesignalamplificationfrom

increasingdepths(c) scancornversion(8 bit digitisation)to allow the B-modeto be displayed
with adefinedresolution(known asaB-scan) andfinally (d) logarithmiccompressiomo adjust
the large echodynamicrange(60 — 100 dB). This processs illustratedin Figure2.1. The B-

scansequencesapturedand analysedhroughout,arethoseprocesse@nddisplayedby the

ultrasoundmachinewith a uniform dynamicrangeof intensitiesbetweer) and255.
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Figure2.1: Theprocesseasedto generate B-scan.B-scansarecomposedf a setof axial RF signals
representinghe responsemagnitudefrom a pulsegeneratousinga linear arraytransducer Sincethe

responsenagnitudadelaysexponentiallywith depthiit is log-amplifiedprior to quantisatioranddisplay



Consequentlythe B-modesignal is suboptimalcomparedto the raw RF, with a fine axial
resolution(high spatialfrequeng) but a low lateralresolution.As aresult,decorrelatiordue
to relatve lateral scatterer(seeSection2.2.2) motion is far more severe than relative axial
scatteremotion. Unfortunately this is the directionof interestwhenthe transducers held at
90° to acquirelongitudinaltraversingtendonsectiongseeSection2.2.1). Theresultingreal-
time imagesrepresentrosssectionalor tomographicviews of the planethat the beamwas

sweptacrosscapturingnon-rigidmotion (without constanshapewith afreehandransducer

2.2.1 Ultrasound Artefacts

Imagingartefictsreferto componentgeneratedn theimagingprocessatherthantruerepro-

ductionsof thetamgetstructuresUltrasoundmagingartefactsinclude:

1. The beamwidth artefact causedby a wide beamcreatingimage smearing(intensity

blurring) of echogenimbjectsthataresmallerthanthe beamdiameter

2. Theenhancemerdndshadowartefacts causedy attenuatiorvariationscreatingartifi-

cially increasear decreasednageintensitiesespectrely.

3. The mirror image artefactor multipathreflectionartefact reverbeation artefactand
split image artefact Thesearisewhenthe ultrasoundsignalfails to travel in a straight

line directly to thereflectingobjectandbackto thetransducer

4. Thespe&kle motionartefact whichis thedifferencebetweertheacousticspecklemotion

andtheunderlyingtissuemotion.

5. The speedartefact broughtaboutby variancesn materialspeedof soundvalues. For
example,the speeddf soundin fat (1450 m/scomparedo 1540 m/sin softtissues)xan
delaythereturnsignal,resultingin reflectionan the B-scanappearingncorrectlyfurther

from thetransducer

6. Theambiguityartefact whenechoedrom all depthsdo notreachthetransducebefore

the next ultrasoundoulseis emitted,usuallyfrom a high pulserepetitionfrequeng.

Specifically for optimal imagingit is necessaryo keepthe transduceiperpendiculato the

tendon.An angle< 85° or >95° betweerthe emittedsoundwavesandthetendon(or ary flat



reflector)causethe majority of reflectedwavesto not be receved by the transducer Conse-
quently tendonappearancéseeChapterd) becomesncreasinglyhypoechoi@sthetransducer

is tilted. Sequencessedin this thesisarecapturedvith thetransduceatthe optimal position.

2.2.2 SpeckleFormation

Ultrasoundimageanalysisin generalis complex dueto datacompositionwhichis described
in termsof speckleformation. Speckleis structurednoisefrom a mediumcontainingmary
scatterersSpeckleappearancis dependenbn bandwidth frequeng andmanufcturerof the
emplg/ed transducerin additionto the geometryand sub-wavelengthstructureof the tissue.
Echographicspeckletexture of imagedtissueis mainly dueto intensity scatteringimplying
structuresare smallerthanthe samplingvolume (a productof spatialpulselengthandbeam
crosssection).Uponvisualinspectionspeckleconsistof arelatively high grey level intensity

[28], qualitatively rangingbetweerhyperechoidbright) to a hypoechoiddark) domain.

Scatteroccurswhen small imperfections(scatterersjn the tamget causeseeminglyrandom
reflectionsandrefractionsof the soundwave. The texturescreateddo not correspondo un-
derlyingstructure put theintensityreflectsthe local echogenicityof the underlyingscatterers.
Scatterersaccountfor a decreaseén imagequality, causingblurring and decreasedhtensity
atimpedanceéboundarieswhile within the mediumthey createspeckle. The statisticsof the
signaldepend®nthedensityof scatterersyith alarge numberof randomlylocatedscatterers
following a Rayleighdistribution (known asfully developedspeckle). This is discussedur-
therin Section3.3.3. Theseconditionsareseldommet,resultingin severaldifferentstatistical
modelsof specklebeingused,for example[35][48]. Further speckleis multiplicative in the

sensahatastheaveragegrey level of alocal areaincreasesodoesthe noiselevel.

In this work, we encountere® differentforms of speckletexturesthat occurfrom tendon
and surroundingsoft tissue. In the tendonregion the speckletexture is extremely striated
andunidirectional,which is quite contrastingo the typical soft tissuespeckletextures. The

importanceo displacemengstimationof this textural differenceis studiedin Chapters.

In general sincethe effect of additive sensomoiseis muchsmallerthanspecklenoisen [1],

theformationof eachB-scan/ canbewritten as:

I(z,y) = n(z,y)s(z,y) (2.1)



wheres is the original signalcorruptedwith multiplicative specklenoiser. Typically, to use
thedynamicrangeof thedisplay nonlinearsignalcornversionis commonlyemplo/edto shaw
weakechoe®n thesamescalewith strongspeculareflections.Thelogarithmicamplification

transformg2.1)into thetraditionalsignalwith additve noiseform:

log(I(z,y)) = log(n(=,y)) + log(s(z,y)) (2.2)

2.3 Elastography

Overthelastdecadeultrasonicimagingfor analysingnon-irvasive softtissuemechanicabe-
haviour underappliedloading has seenconsiderableesearci6]. Unlike elasticMRI, ul-
trasoundoprovideslow cost,real-timeimaging, enrichedwith coherentspeckletextures. The
fundamentabssumptiorfor ultrasoundanalysisis that specklemotion adequatelyepresents
theunderlyingtissuemotionfor smallcompressionghereforemary techniquesisevariations

of speckletrackingto estimatetissueelasticity

The establishe@pproachto measuringhe elasticityof soft tissueis elastographyintroduced
by Ophiretal. [70], usingtime-domairspeckldarackingto estimatel D longitudinalaxial strain
imagescalledelastogramsThetechniqueacquiressetsof digitisedradio-frequeng (RF) echo
linesfor a ROI for crosscorrelationanalysis pre andpost-deformationAn illustration of the
technigués shavn in Figure2.2 andexamplesof the outputstage®f theprocesareshavn in

Figure2.3. Corventionallyanultrasoundransducers utilisedto compresshetissueby < 1%

(in vivo) of thetissuedepth[101]. Usinga hightemporalresolution elastographyassumeshe

RF signalpatternsareconstanbetweeracquisitionsor smallobjectdeformation.

Since,RF elastographyasundegonemary developmentssolving limitations of the original
approach.To compensatéor RF distortionsfrom tissuecompressionVargheseet al. [104]
temporallystretchedusing1D interpolation)the post-compressesignal. This, however, as-
sumesa priori knowledgeof strainmagnitudeanda constantocal deformation. Further the
elastogramnsignalto noiseratio wasincreasedisingelastogrammulticompressioraveraging.
Otherimprovementsinclude multiresolution1D windows on congruentRF echolines at alll

depthsapplyingoverlappingstepsalongthetemporalaxis[103].
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Figure 2.2: Traditional 1D elastographymeasuringthe displacemenid betweenthe pre and post-

deformedaxial RF signals.The shadedegionshighlightsthe signalsusedfor crosscorrelation.

Until recently RF elastographynly quantifiedthe axial strain componentwith the lateral
andelevation componentdoth discarded.Lubinski et al. [53] first usedaxial displacements
to computelateraldisplacementajndera setof assumptionslescribingstrainboundarycon-
ditions. It hassincebeendemonstratedy Konofagouand Ophir [46] that precisionlateral
displacementgan produceelastograms.The lateral elastogramsre derived by lateral 1D
crosscorrelatingthe pre-compressesignal,with the original anda linearinterpolationof the
neighbouringpost-compressesignal. By displayingaxial or lateralstrainvaluesin a matrix
accordingo their spatiallocationagrey scalestrainimageor elastograntanbe produced Re-
centlyD’hoogeetal. [25] usedthis RF techniqueandthe sumof absolutedifferencegSAD)

measurdor estimating2D strain(1D axial followedby 1D lateral)for cardiaccycles.

Elastographyariationsinclude Miller etal. [63] acquiringRF echolinesfrom preandpost-
heatedissue assuminghe speedf soundin tissuechangessa functionof temperatureAl-
ternatvely, insteadof applyingarelatively slowly changing(quasi-staticcompressionl.erner
etal. [49] andParker et al. [72] developedsonoelastidmaging, propagatindow-frequeng

vibratingsheamwavesinto tissuecreatingdisplacementA form of Doppleris thenusedto de-
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(a) Photograph. (b) B-mode. (c) Elastogram.

Figure2.3: An in vitro exampleusing RF elastographyfrom [46], including (a) a photographof a
kidney, (b) theequivalentultrasoundmageof thekidney in agelatinblock and(c) correspondingxial

elastogranobtainedrom a0.5% compressioiflow strainsin blackandhigh strainsin white).

tectthe tissuevibrationresponsewith anabsencef vibration signifying a possiblepresence
of tumours[85]. Pesaentoetal. [75] comparedoth corventionalelastographynd sonoe-
lasticimagingfor real-timeapplication,notingthe latter canbe proneto aliasing (streaking)
andfrequeng dependenattenuatior{shadwing). Later, Nightingaleet al. [69] usedacoustic
radiationforce to createdisplacementssmplo/ing a seriesof ultrasonicpulsestamgetedat a
specificregion of tissue.Echoedrom a subsebf thesepulsesarethenprocessegieldingtime

anddisplacemendlatafor the particularlocation.

Elastographyechniquesrepredominantlyinvasive measuringnly relatively smallstrainsin

1D alongthe directionof wave propagation.With few exceptionselastographyasremained
an off-line techniquerequiringhardwarewith RF accesgestrictingclinical application. The
remainderof this chapterdescribesa speckletracking technique which presentsa different
approactto elastographyy analysingthe ultrasoundmages.Trackingin ultrasoundmages
to estimatedisplacemeninformationis not aimedat replacingelastographynethods but to

offer several importantadwantagedo clinicians, for example, generatingstrain information

withoutusingspecifichardwareto procesRF signals.

A visible streakingdistortiondueto thelow frequeny undersamplingf thesignal.
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2.4 B-scanSpeckleTracking Methodologies

Alternatiely, usingB-modeimages2D tissuemotioncanbe measuredy trackingthe move-
mentof thespeckleproducedy the back-scatteringf theultrasoundsignalitself, for example
[19][33]. Speckletrackingcanmeasurdothaxial andlateralmotionin theimageplanefrom
analysingsuccessie ultrasoundB-modeframes,without modifying existing hardware. Also,
strainis derived asthe gradientof thesedisplacementsandcanbe usedasa first approxima-
tion for Youngs modulug. B-scanspecklerackingmethodologiesim to estimate2D motion
(displacemenbr correspondencdieldsfromimagesequenceB-scanr ary still imagesare
definedasa spatialdistribution of intensitiesthatare constanwith respecto time. Therefore
a sequenc®f ultrasoundmagesor video, is definedasa time varying spatiotemporainten-
sity pattern,I;(x, y) wherex, y andt arespatiotemporabariables.In this section,we define
the brightnesschangeconstraintequation the basisof all methodsfollowed by providing a

literaturereview of theapproachessing2D specklegrackingmethodologies ultrasound.

2.4.1 Optical Flow for SpeckleTracking

In essencéhisis anopticalflow problemwhereextractinga visualdisplacementiow field can
explain changesn animagesequenceFor example,optical flow is a methodthat measures
the velocity field dueto the apparentmotion of an objects’ brightnesspatternin 2D image
sequenceduringatime intenal. An artificial exampledemonstratinghe concepis shavn in

Figure2.4from [90], wherethe obsered opticalflow is equivalentto the2D motionfield.

AT
i’;-\\
S

(@) f: (b) fi+1 (c) Displacementfield.

Figure2.4: Conceptuabxample:(a) Referencdrame,(b) new frameand(c) opticalflow.

2Youngs modulusis theratio of stresgo strainon theloadingplanealongthe loadingdirection,seeChapter6.
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Thedisplacementfield is definedasafield of vectorsthatmeasuréhetemporakateof change,
di(u,v) = (dz/dt,dy/dt) ataparticularpoint (z,vy,t), whereu = ‘é—f is the velocity along

thex-axisandv = ‘é—g is thevelocity alongthe y-axis.

Opticalflow assumethattheintensityatarny pointremainsconstantlongamotiontrajectory:

dIt(ma y)

=0 (2.3)

The aborve is a total derivative expressiondenotingthe rateof changeof intensityalongthe

motiontrajectory which canbewritten asthe well known motionconstraintequation:

oI oI oI
el - = = 2.4
3xu+ ayv+ 5 0 (2.4)

definingthe optical flow brightnesschangeconstraint(pixel intensity invarianceover time),

whereu = dz/dt andv = dy/dt denotethe component®f the velocity vector Further the

spatialcoherenceonstrainassumesghe opticalflow within aregion changegradually

A large numberof algorithmsexist to measuramotion and all male the assumptiorof the
brightnesschangeconstraintput in differentforms. This hasinstigatedresearchinto motion
estimationcomparatie studies.TheseancludeBarronetal. [9] andGalvinetal. [30], allowing
displacemenaccurag andalgorithmapplicabilityissuego be comprehendedHowever, few
of thetechniqueseviewed in theseworks areemplg/ed for ultrasoundspeckletracking. The
reasorbecomespparentrom thefollowing review of thosetechniquegdifferentialandenegy

basedandblock matching)which have beenappliedto ultrasoundiata.

2.4.2 Differential BasedTechniques

Early approacheicludeMeunierandBertrand[62] usingdifferentialor gradientbasedech-
nigues.Unfortunately successvasonly reportedwith syntheticultrasoundmages.Poorper

formancewasalsoobsered by Mailloux etal. [57, 58] applyingthe standardylobal optical
flow of Horn and Schunck38] to in vivo cardiacsequencesThe authorsobsered thatinput
imagesrequiredsmoothspatialderivatives, which they achieved by applyinga 15 x 15 mean
filter to eachframe. Similarly, Chunle etal. [18] directly appliedthe Kanade-Lucas-dmasi
[97] local optical flow motion estimationtechniquewhich assumegonstanimotionwithin a

window. Suihlingetal. [92] extendedhesamdocal modelto accounfor typical heartmotions
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suchasdilation, contractionandshearsingan affine model. Anotherextensionalsoincluded
estimatingdisplacementectorsat multiple scalesandselectinghe mostpromisingfit. Baraldi
etal. [8] comparedheperformancef boththeLucas-Kanad§4] andHorn-Schunck38] dif-

ferentialopticalflow algorithmson synthetic2D echoimagesequencesTheapproachesnly
differ in the choiceof the smoothingtermandin the local or global treatmenbf the domain.
Resultsverecomparabléo thepreviousresearchwith only reliableresultsfrom synthetiodata
andlarge errorsfor in vivo data. This is partly asa resultof acousticspecklethatmeanghere

is insufiicient gradientinformation,reducingaccurateiumericaldifferentiationof (2.4).

To summariseit canbe obseredthattheseapproachesequirethatthe spatiotemporapartial
derivativesof theintensitycanbe estimatedvith sufiicientaccurag. In Sectiord.4 a differen-

tial basedapproacthis appliedandcomparedo severalpopularblock matchingapproaches.

2.4.3 Energy BasedTechniques

Lesspopularfor ultrasoundsequencearethe enegy based(or frequeng based)techniques
for motion estimation. Thesetechniquesaassumehat 2D textureshave uniform spectralcon-
tent, andhave translationaimotion with constantvelocity in the spatialdomain. Underthese
assumptionghe power spectrum(squareof the absolutemagnitudeof the Fouriertransform)
of themoving signalis uniformly distributedalongatilted plane passinghroughtheorigin in
the spatiotemporafrequeny domain[36, 9]. By estimatingthe orientationof this plane,the

displacementomponent®f d canberecovered.

CooperandGrahan21] addressetheapplicationof estimatingmotionin transabdominall-
trasoundsequencesysingenegy basedechniquesTheauthorsspecificallyappliedHegger’s
[37] spectralmotion estimationtechniquefor speckletextured sequencesThe orientationof
the plane,was estimatedby locally samplingthe power spectrumby corvolution using spa-
tial andtemporalGaborfilters. Unfortunately whenthe signalmotionis notin the form of a
translationakhift, the enegy spreadsout aroundthis plane,making orientationandlocation
lessrobust. Consequentlythis approachpotentially requiresthe tuning of a large rangeof
optimalfilters (a minimum of 12 tunedto differentspatialorientationsanddifferenttemporal
frequenciedor syntheticdata),especiallyfor in vivo sequencethatcontaincomple motion.

Recently Cooperetal. [22] implementedanalternatve moresimplisticschemeo reducethis

15



problemwherebyanextensve full searchis performedhatsampleshepower spectrunusing

multiple planeswith the planecontainingthe highestpower selectechsthe bestfit.

To summariseit is apparenthattheaperturgproblemremainsa significantissuecausingarge
errors,asin the spatiotemporalrequeng domainthe power spectrumof the moving signalis
restrictedto a line (wherenormalflow, definedin Section2.5.1,is the gradientof the line).
Finally, AdelsonandBergen|[2] interestinglyshavedthatcertainenegy basedechniquesre

equivalentto correlationbasedmethods.

2.4.4 Block Matching Techniques

To date,the mostpopularapproacheso speckletrackinguse2D region-basednatchingthat
assumethe optical flow (2.4) is constantover a definedregion. Frameto frame matching
of featuresis referredto asthe correspondenceroblem. In the literature the term block,
region, window, templateandkernelareequivalent,all definingalocalised small,constrained,
2D subsebf values. The purposeis to locatethe bestmatchfor a block I(z, j) in frame f;,

someavherein frame f; 1 givennumerouslocksof exactly the samedimensiongFigure2.5).

X Initialisation + Displacement

Figure2.5: FSBM illustrating the referenceblock in f; andfinal displacementn f;,1, usinga full

searchin adefinedsearchregion.
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Fixed size block matching(FSBM) is a commonmethodin computervision for matching
moving objectsfrom oneimageto the next. It providesthe basisfor motion objecttracking
andsggmentation Marny examplesof this canbefoundin [94]. Typicalimplementationssuch
asJainandJain[40], usefixedsizeblocksof theorderof 16 x 16 pixelsusingrestrictedsearch
regionsof 64 x 64. Interframemotionis quantifiedby matchingsub-regions of a reference
frame f; attime ¢ to a new frame f;1; minimising or maximisingvariousmeasuredctriteria.
A goodmatchrequireshewholeblock to have undegonethe sametranslationamotion. The
choiceof block size,searchrangeandmatchingcriterionaffectthereliability of displacements.
Smallerandmorenumeroudblockscanbetterrepresentomplex motion (but aremorelikely
to corverge on inappropriatdocal minima) thanfewer large blocks, thatrepresenonly large
globalmotionwell. This problemhasbeeninvestigatedy Ribas-CorberandNeuhof [81],
concludingthatthe optimumblock size canbe affectednot only by motion vectoraccurag,

but alsoby otherscenecharacteristicsuchastexture andinterframenoise.

Earlywork includesBohsetal. [12], acquiringdisplacementsh real-timefor in vitro datasets
usingthe sumof absolutedifferencegSAD) asa region matchingcriterion. The authorsnote
that B-modedata,althoughhaving a coarseresolution,tendedto be more uniform than RF
data. Golematiet al. [33] implemented=SBM usingcorrelationcoeficientsasthe matching
criterionfor speckleracking,to determinecarotidarterywall motionfrom B-scans Although

multi-resolutionsor sub-pixel accurag werenotanalysedthemethodyieldedaccurataesults.

Pratikakiset al. [79] useda multiresolutionblock matchingschemefor the applicationof

tissuedeformationtrackingduring suigery Usinga multiresolutionframevork improved the
quality of the initial estimatessomparedo FSBM. Furtherblock matchingadaptatioris the
deformablemesh,appliedby Yeunget al. [110] for featureadaptve motion trackingof ul-

trasoundsequencesf musclecontractions.The authorsmanuallyallocatenodesconnecting
themeshelementsaadaptvely to stablespecklepatternswhich arelesssusceptibleéo temporal
decorrelatiorproducingsuccessfuhon-rigid displacementieldsin ultrasound Later, various
researchersuchasBamberandBush[7], Shapcetal.[87], Morsy andVon Ramm[65], Wang
etal. [107] andVogt et al. [105]) favourednormalisedcrosscorrelationto estimatetissue

motion,whichis exploredlater
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2.5 B-scanSpeckleTracking Issues

2D motionestimationsolutionssuffer from uniquenessexistenceandcontinuity problems:

1. UniquenessWhendisplacementomponentsare treatedindependentlytherearetwo

unknavns, leadingto a potentialaperturgoroblem.

2. Existence: No correspondencsolution exists for both covered and uncovered back-

groundregions. This is known astheocclusionproblem.

3. Continuity: Motion estimationis sensitve to the presencef noise,with smallamounts

of noiseresultingin alarge deviationin the continuity of motionestimates.

Theaperturepcclusionandcontinuity problemsaredescribedn thefollowing subsections.

2.5.1 Aperture Problem

The apertureproblemis illustratedin Figure2.6, wherean objectmovesfrom P to P’ corre-
spondingto the optical flow displacementector In Figure2.6(a)it is not possibleto measure
both displacementomponentsOnly the vertical motion or normalflow (the motion perpen-
dicularto the object)canbemeasuredHowever, in Figure2.6(b)it is possibleo estimateboth
displacementomponentsastherearegradientsn both perpendiculadirections. Therefore,
the apertureproblemcan be overcomefor regions of pixel intensitiesthat containsuficient
variation and sharethe samemotion. We shav an approachto minimising inaccuraciesn

displacemengstimationcausedrom the apertureproblem laterin Chapters.

2.5.2 OcclusionProblem

The occlusionproblemrefersto the covering and uncovering of an objects surfacethatwas
only in partof thefield of view. This s illustratedin Figure2.7, wherethe objectindicated
by the solid line translatesliagonallyfrom frame f; to f;11. Theshadedegionin f; indicates
thefuture coveredregionin f;.1, henceno correspondencexistsfor the pixelsin f;+1. The
shadedegionin f;; indicategheregionuncoeredby themotionof theobject,andasaresult
no correspondencexistsfor thepixelsin f;. Reasondor occlusionin ultrasoundsequences

aregivenin Section5.3.6,includinganapproacho updatefor theocclusionof data.
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Figure2.6: The apertureproblem: (a) Aperturel, single displacementomponentestimatedand (b)

aperture2, bothdisplacementomponentgstimated.

1 fr+1

o o
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Figure2.7: Theocclusionproblem:(a) Region to becovered(noregionin f;,; matcheshisregionin

f¢) and(b) region uncovered(no displacementepresentthe motionin theuncoveredregionin f;1).

2.5.3 Continuity Problem

Thecontinuityproblem discontinuousnaccuratealisplacementsausedy noisein theimages,
canbe reducedby sequencere-processing Pre-processingsing filtering, smoothsspatial
derwvatives leadingto improved displacemengaccuray, specificallyfor the differentialtech-

niguesdiscussedn Section2.4.2. Specklefiltering is an areaof active researchwith mary
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existing techniquesCateyoriesandexamplefilter methodsusedfor ultrasoundnclude:

1. SpatialNon-adaptre Filter: Examplesncludethe medianandmeanlow-pasdilters (the

latterusedby Mailloux etal. [56]).

2. SpatialAdaptve Filter: Popularapproache#cludethe classicFrostfilter (Frostet al.
[29]), adaptive weightedmediarfilter (Loupasetal. [52]), waveletcoeficientthreshold-
ing for echocardiographitnagesZongetal. [114]), multiscalenonlinearthresholding

(Haoetal. [35]) andlastly real-timeanisotropiadiffusion (Abd-Elmoniemetal. [1]).

3. SpatiotemporakFilter: Methodsrangefrom compoundingor multiple frame averaging
(Klingler et al.[45], and Friedlandand Adam [28] temporallyaveragingthreeframes
with aweightingon the centralframe),to a motion-adaptie biasedeastmeansquares

temporalffilter (EvansandNixon [26]).

Figure 2.8 illustratessamplefiltering resultsfrom several techniquedrom eachof the cate-
goriesdefinedabove, appliedto a typical musculoskletalultrasoundmage. The original and
filtered outputimagesirom usinga low-passmediarfilter, anisotropiadiffusior® andmultiple
frame averaging,are shovn in Figures2.8(a)-2.8(d)respectiely. The performanceof each
filter hasreceved attentionelsavhere, howvever, qualitatively we can obsere somegeneral
characteristics.First, the medianfilter haspresered edgesbut blurred someimportantfine
detail (remaoving high frequeng information).Secondanisotropidiffusionhassmoothedhe
speckleand maintainededgeinformation, generatingocal homogeneousegions. Thesere-
gionscancauseerroneouslisplacementgspixelsin f; cancorrespondo severalpixelswithin
aregionin f; 1. YuandActon[112] usethistechniqueof extensie speckleover-smoothingor
asegmentatiorschemelastly, frameaveragingwhich exploitsthenon-stationarityf speckle
by combininga seriesof inputimages produceda blurredimagewith resolutionloss. These
exampleresultsleadto improving visualunderstandingyroducinghomogeneougegionswith

clearercontrastingegions,andenhancedoundarieshataredetrimentafor speckletracking.

3This filtering processupdateseachpixel dependingon its nearesneighboursselectvely smoothingregions
of pixels basedon theiterative evaluationof a diffusion function, which is typically basedon the imagegradient

magnitude Furtherinformationis availablein [74].
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(b) Medianfilter output.

(c) Anisotropicdiffusionoutput. (d) Multiple frameaveragingoutput.

Figure2.8: Speckldfiltering: (a) Originalimageof in vivo achillestendonandtissue (b) filteredimage

using3 x 3 medianfilter, (c) filteredimageusinganisotropicdiffusion[74] with 10 iterations,and(d)

filteredimageusingmultiple 5 frameaveraging.

21



In thiswork, we favour displacemengstimatiorwith displacemenpost-processingatherthan
speckiefilter pre-processingndthendisplacemenestimation. Although muchresearchtas
beenaimedat remwving speckleto enhanceaultrasoundmageunderstandingmary schemes
produceincreasinglylocalisedhomogeneouregions. Thisis dueto featureghatarethe same

scaleasthe specklebeingeliminated,obsered by [113], impedinglocal motionestimation.

Filter performanceaendsto be measuredy quantifyingedgesand boundarieswith speckle
preseration andfluctuationreductionmeasuredisingthe co-occurrencenatrix andlocalised
meanandstandardieviation, (knovn asthe specklesignalto noiseratio, usedlater for mea-
suringspeckledensity).In our situationall echoinformationis maintainedjustifying aregion-

basedmotion estimationapproachas discussedn Section2.4.4, which hassomeinherent
robustnesgo speckleincoherenceind machinenoisefor speckletracking. An experimentis

conductedn Chapted to measurespecklestability andnon-stationaryoise. Thenext section

describegheonly pre-processinthathasoccurredaspartof capturingthe sequences.

2.6 SignalProcessing

Theobjective of ary displacemengstimatioralgorithmis to trackthe samegroupof scatterers
in theimageof the pre-deformedissue,to the imageof the post-deformedissue. Therefore
the performancef displacemenéstimationusingB-scansjs dependenbn the quality of the
imagescaptured. Contrastandresolutionare the two mostimportantquality parametergor
ultrasoundmages. For example,poor usergain selectioncan createregions of saturatedn-
tensityor areasof very low inhomogeneousnagecontrast. This canresultin relatively flat
correlationsurfaceswith neagligible significantpeaks.A rangeof methodsexist for automat-
ically adjustingsweptgain functions. The simplest,appliesa pre-setTGC function basedon
theaveragemagepropertiedor thetransduceused o continuoushestimatingheattenuation

coeficientby analysinghe backscatteredignalproperties.

Sequencesapturinglarge motionscanalsocausethe TGC andlateralgain compensatiotio
vary for the sametissueat differentframes,althoughnggligible in musculoskletalsequences
dueto the presencef stronglateralmotion. For sequencesf low contrastintensity normali-

sationor constanwvarianceenhancementescribedn [76], canbeappliedasa pre-processing
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stage.Thesdocal methodgproduceimageswith the samemeanandvariance by subtracting

themeananddividing by the standardleviation of theintensityvaluesin theregion.

2.7 Elastography: RF-datavsB-scan

SomecomparisondetweertraditionalRF elastographyandusingB-scansareshavn in Table
2.1. Although B-scansare a potentiallydegradedsignal (from machinesettingsandinternal
processingSection2.2) comparedo the RF signal, this is insignificantto the benefitsthat
canbe gained. The mostfavourableattributesinclude,reduceddatastoragecomparedo A-
lines,thevastavailability of machineswith directdigital videocapturefeeds andtheability to

measure large rangeof displacementandstrains.

Attrib utes RF-data B-scan
Modality A-mode B-mode
Dimensionality 1D 2D
SignalQuality Raw Processed
HardwareCompatibility | Modifiedfor RFaccess Full support
DeformationRange 0<1% invivo 0<5% invivo
PotentialProcesfkate Real-time Real-time
Clinical Applicability High High

Table2.1: Generalcomparisorof attributesbetweentraditional 1D RF elastographyand 2D B-scan

computervision elastography

2.8 Conclusion

In this chapterwe have attemptedo provide anoverviev of the existing methodgo estimate
displacementasingultrasoundspeckletracking. This hascommencedvith a summaryof the
processesquiredto constructa B-scanusingultrasoundartefictsthatcanoccurandthefor-

mationof speckle A detailedreview of the currentstateof elastographyollowed, which over
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the pastdecadéhasdevelopedrapidly, dueto the clinical needto furtherour understandingf
thedynamicpropertiesof in vivo softtissue.ln comparisorto RF elastographyB-scantrack-
ing methodologiehare beenexplored, specificallythe differential, enegy basedand block
matchingtechniquesTheadwantage®f computewision approachebave beenclearlystated,
overcomingthe lack of available ultrasoundmachineswith RF accessand limitation to 1D
analysisfollowed by a further 1D analysisto simulate2D analysis.Also the disadwantageof

B-scantracking,for example,aperturepcclusionanddisplacementontinuityissues.

In comparisorto the RF elastographyxampleshavn in Figure 2.3, we proposean alterna-
tive approachto producingstrainimages,by quantifying dynamicdisplacementfields from
ultrasonographiB-scansequenceslhesecanthenbe corvertedinto strainmapsasshavnin
Figure2.9,by computingthefirst derivativesfor all displacement®eriving displacemenand
strainfieldsandparticularlymeasuringccurag aredifficult problemswhich areaddresseth

thisthesis.
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(b) B-modeof tendon.

(c) Proposectlastogram.

Figure2.9: An in vitro exampleusing computervision elastographyincluding (a) a photograplof a
tendonsection(usinga 20x objectve lensandstainedpink), illustratingthe denseregular connectve
tissueof parallelcollagenfibres. Elongatechucleiof fibroblastscanalsobe obsenedflattenedbetween

thelayersof collagenfibres.(b) the ultrasoundmageand(c) correspondingroposeclastogram.
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Chapter 3

Groundtruth in vitro and Clinical In

vivo Datasets

3.1 Intr oduction

In thisthesiswe analysesequencededicatedn purposeandfunctionto musculoskletalultra-
sound.Thisis anareaof high clinical interestdueto the demandor improved understanding
of tendinopathyresultingfrom, for example,inflammation,overuseor sportinjuries. Hence
our motivation for testingdataset®f tendonandsoft tissue.This chapteiis dividedinto three
sectionsFirst, Section3.2 describeshedataof ourtwo mainanatomicafocusareas Second,
Section3.3outlinesourtissuemimicking phantomdata,tendonpull dataandsyntheticspeckle

data.Finally, Section3.4 concludedy detailingthein vivo musculoskletaldatasets.

3.2 TendonAnatomy: Structure and Function

Thefirst in vivo datasefocuseson the calcaneatendon(or achillestendon) the thickestand
strongestendonin the humanbody shavn in Figure3.1(a). SinceHippocratedirst recorded
thatachillestendoninjury inducedacutefevers,choking,derangementf the mind anddeath
[23], achillestendondisordershave attractedmuchresearch.The seconddatasefocuseson

the patellatendon locatedat the kneejoint, Figure3.1(b),the largestand mostcomple joint
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in thehumanbody The patellatendonconnectghe patella(kneecap}o thetibia (shinbone),

partof the extensomrmechanisnof theknee,which allows the kneeto extend(straighten).

Achilles ?ﬂtellla
Tendon endon
\
s laan
(a) Achillestendon. (o) Petelatendon.

Figure3.1: lllustrationsof thejoints: (a) Ankle and(b) knee,bothadaptedrom [34].

Typically tendonsare soft (but stiff in tension)collagenougissuesthat connectandtransmit
forcesdevelopedby musclego bonesto mave andstabilisejoints. The junction betweerthe
muscleandtendon myotendinougunction,andthejunctionbetweertheboneandtendon os-
teotendinougunction, arebothimportantclinical areasandprovide possiblelandmarks.Ten-
donsslide over bonesand often move throughsheathdo directtheir pathandlimit friction.

Somelong tendonssuchasthe patellaor the achillesare not coveredby a synorvial tendon
sheath Tendonsheathgontaina smallamountof fluid, normally seenasa hypoechoiaim on

ultrasoundmages.

Tendonshave a hierarchicaktructurethatinfluenceanechanicabehaiour. Thelargeststruc-
ture in Figure 3.2 is the tendon. The main load carrying elementin tendonsare collagen
moleculeghatwind themselestogetheilinto fibrils; thesefibrils areorganisednto fibresand
thefibresinto varioustissues.Thefibril hasa crimped(wavy) structureproviding a significant

mechanicainfluence.The extensibility of collagenis 1.1%.

A force-extensionplot for atypicaltendonstretchis shavn in Figure3.3. Mosttendongexistin

regionsA andB wherecollagenfibrils startto de-crimp.In region C tendonstiffnessreduces,
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Tropo-  Micro- Sub- Fibril Fascicle Tendon

collagen fibril fibril

Fibroblasts Crimp  Fascicular- Reticular-
structure membrane  membrane

Figure3.2: Hierarchicalstructureof tendon adaptedrom [44].

fibril damageaccumulateandin region D tendorfailure. Thereforetendorbehaiour depends
ontheindividual crimp structureandfailurerateof the collagenfibrils. Tendoncollagenfibres
breakwith overuseby repeated: — 8% strain,reportedby [43]. It hasalsobeenobseredthat
the numberof structuresvisible closely correlateswith the ultrasoundtransducefrequeng,

andthereforethefasciclesarenotimagineddirectly.
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Figure 3.3: Forceextensionplot for a typical tendon,with sketchesof tendonde-crimping,shavn at

eachdesignatedegionfrom A to D.
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3.3 Groundtruth in vitro Datasets

To facilitateperformancevaluationof the proposednethodfor in vivo musculoskletalultra-
sound particularlyin regionsof tendonandtissue we setupa tissuemimicking phantomand
in vitro tendonexperiments. Theseaim to validatethe approachin two specificanatomical

regions:
1. Tissueswith ahigh densityof scattereryielding speckletexture.

2. Tendonsdifferinggreatlyto tissuesith alow densityof scattererandstriatedstructure.

All sequencesonsistof 30 frames(the default acquisitionlength using a DiasusDynamic
Imagingultrasoundnachine)pf 512x512 pixels,capturedat8.6 Hz usingalineararraytrans-
ducer with a frequeng of 8 — 16 MHz centredat ~ 12 MHz (unlessotherwisestated)and
guantisednto 8 bits, requiring7.75 Mbytes. All sequencewereacquiredwith the ultrasound
machinesetto operatewith ascandepthof 30 mmwith asingletransmitfocuszone.Also, the
TGCvaluesweresetto obtainequalgrey levelsat every depth.Theresultingcapturedmages
have an extremelyfine resolutionof 50 microns(0.05 mm). Traditionalexternalframegrab-
bing technologywasnot used,asmostmodernmachinesstoredisplayedframesinternally as
cine(video). This minimisespoorframerates,aliasingandcompressiorerrors,which areas-

sociatedvith previousworks, promotingthe advantage®f computervision basedapproaches.

3.3.1 TissueMimicking Phantom Data

A tissuemimicking phantomwas constructedusing a sponge-agarosgel (100%) compos-
ite sample(Figure 3.4(a)). The spongeintroducedechogenicityto simulatefully developed
specklecharacteristic§Section2.2.2),correspondingo the ultrasouncbf softtissuesA fixed
transducekvas positionedon a compressiorplate (larger thanthe sample)to ensureuniform
global axial deformation. Threeexperimentsusing a materialtestingmachinegeneratedi-
nusoidal(~), triangular(A) andsquare((J) wave compressie displacementsvith time, of
equalmagnitude. Sequencefor eachdeformationfrom rest, compressingcompressedde-
compressin@ndreststatesverecontinuouslycaptured We allowed appropriateelapsedime
periodsbetweersuccessk testsfor thesampleto recover to anequilibriumstateof beingfully

re-hydratedrom potentialfluid loss. The dataacquireds summarisedh Table3.1.
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(a) Tissuephantom. (b) Tendonin vitro.

Figure3.4: Groundtruths(a) Tissuemimicking phantomand(b) in vitro tendon.&

DatasetlD | Loading Cycle Compression(%) QTY xFrames
~ sinusoidal 0-10 1x30
A triangular 0-10 1x30
O square 0—-10 1x30
TOTAL 90

Table3.1: Summaryof thetissuemimicking phantomdatasetshaving the appliedcompression.

3.3.2 TendonPull Data

In vitro experimentausedverticalclampedongitudinalequinetendonspecimensf length100

mm, Figure 3.4(b). Eachspecimerfirst underwentseveral small preconditioningtrials and
thentheappliedioad,with theloadingaxisorientatedparallelto thefibre direction. A clamped
transducel(using an offset gel) scannedcontinuouslyin the longitudinal position. Material
testingmachinegHounsfieldandZwick Dartec)with increasindoadgeneratedereraltendon
pulls, small and large, to deformthe tendonspecimen(Figure 3.5). Tendonfibres can be
obseredwith a spatialresolutionof lower than0.1 mmin vitro. To enablefeaturetracking,a
landmarkwassimulatedby insertinga 1.6 mm diameterball-bearing(BB) creatingSTATIC-

LANDMARK1. Thedataacquireds summarisedn Table3.2.
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+«—Upper clamp
Ball bearing

Tendon specimen

«— Transducer

+— Lower clamp

Figure3.5: Apparatussetupfor in vitro tendonpulls shaving both upperandlower clampsandtrans-

ducerpositionalongsidethe capturedB-modeROl.

DatasetID State Landmark Clamped Rate (mm/sec)QTY xFrames
STATIC-HEALTHYO | healthy without  single 10 1x30
STATIC-LANDMARK1 | healthy  with single 10 1x30
DYNAMIC-HEALTHY?2 | healthy without double 1 1x30
DYNAMIC-DAMA GED3/damaged without  double 1 1x30
MUSCLE-HEALTHY4 | healthy without double 10 2x30
TOTAL 180

Table3.2: Summaryof thein vitro datasetshaving clamping,pull rateandquantity

3.3.3 Synthetic Data

In this work we preferto usethe tissuemimicking phantomandin vitro tendonpull data
for our gold standardgroundtruth,reducingdisplacementesultambiguity Much literature
analysingultrasoundmagesusesyntheticsequencegyeneratedompletelyartificially) to test
developedalgorithms for example[93]. It is well known thatsyntheticdatararely synthesises
realultrasoundnformation. However, to first appreciatehe formationof speckle andsecond
to evaluatethe advantagesf the proposednethodin Chapters, we alsogeneratedpatially
uniform andtemporallystablespeckletextures,asoutlinedin [62, 42]. Theprocesstagesre

illustratedin Figures.3.6(a)-3.6(d)commencingvith aninitial intensityor echogenicitynap
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(a) Objectintensityor echogenicitymap. (b) Densescatterers.

(c) RF data. (d) Simulatedspeckleémage.

Figure3.6: Datasets(a) Echogenicitynapcorrespondingo a hypoechoimbject. Contrasis -5dB. (b)
Scatteringunctionrepresentingcattererbeingimaged ,weightedby echogenicitynap. (c) RF data:
PSFconvolvedwith scatteringunctionand(d) EnvelopedetectionusingHilbert transformto produce

desiredmageof echomagnitudg(20 x 20 mm).

in Figure3.6(a)representingn objectof interest,which is a contrastingcircular hypoechoic
regionreproducind5]. ThescatteringunctionT (z, y) is anormallydistributedrandomfield,
whichrepresentthe populationof scattererbeingimaged weightedby the echogenicitynap,
shavn in Figure3.6(b). Thepointspreadunction(PSF)H (z, y) is assumedo bea Gaussian-
weightedsinusoidafunction(a Gaborfunction,alsousedby Yu andActon[113]). Corvolving

the scatteringfunction with the PSF(H (z,y) ® T (z,y)) yields the resultingRF echodata
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shavn in Figure3.6(c),with ervelopedetectionmagnitudeof theHilbert transform)producing
thedesiredmageof echomagnituddn Figure3.6(d).It canbeobseredthatthe specklehasa

negatie effect onimageunderstandingybscuringhefull detailsof thecircularobject.

Two approachewereusedto constructvarioussequencedirst, a knovn motionfield wasap-
pliedto the simulatedmagel’; secondaknown motionfield wasappliedto the point scatterer

distribution of thetissueT'. An affine transformatiorwasused definedas:

x _ U n Sz Ty . x (3.1)
y v Ty Sy y

whereintensitiesat (z,y) aremappedo (z', y') usinga translationakhift definedby the dis-
placementomponentsl,(u, v), with s, ands, definingthe lateralandaxial scalingparam-
eters,andr, andr, definingthe lateralandaxial shearparametersFor example,for lateral
tensions, > 1 to stretchl, or for lateralcompression) < s, < 1, shrinking. This trans-
formationtypically requiresaninterpolationschemefollowing theinterpolationevaluationof

Meijering etal. [61] for medicalimaging,we usecubic B-splineinterpolation.

Differentscatteredensitycausedglifferentobsered speckledensity whichis shavn in Figure
3.7. Thereforespeckledensityis variedto generatesequencesf high andlow speckle(for
example100% and20% respectiely), andvarying speckle(containinghalf of eachof these).

With no underlyingstructurethereis lessreflectionfrom thereducechumberof scatterers.

(a) Density= 100%. (b) Density= 66%. (c) Density= 33%.
Figure 3.7: Syntheticdatasets:(a) Scattererensityis 100% (full developedspeckle),(b) scatterer

densityis 66% and(c) scatteredensityis 33%.

Finally, to measurehe robustnessof displacemengstimationin regions of specklereduced
temporalkcoherencewe alsocorrupteachframewith multiplicatve Rayleighdistributednoise.

Syntheticdatais usedin Section5.6to assesslisplacemenaccurag in varyingspeckle.
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3.4 Clinical in vivo Datasets

Our final datasettomesfrom in vivo musculoskletal ultrasound. We captureand analyse
clinically relevant data,demonstratingegionsof bothtissueandtendon. Tendonsarehighly
anisotropicdueto their densdibroustissuein which Type 1 collagenfibresarealignedalong
thetendons long axis,seeSection2.2.1. While this structureallows tendondo withstandhigh
tensileloadsimposedonthemduringnormalactvities, it is ill-suited to withstandcompressie
or shearloading. Although tendonslargely function uniaxially, they are multidimensional
structureghat often undego multidimensionaloading[10]. For example,the tendon-bone
insertionsitesare structurallycomple, and may undego combinationsof tension,torsion,
shear bending,and compressiorin the courseof kinematicjoint loading. We have anin
vivo databaséncluding 80 achillesand80 patellatendon30-frame sequences;apturingfull
longitudinal dynamicflexion to extensionmovements(< 120°) from different subjects. A

summanyis providedin Table3.3andlabelledexampleframesappeain Figure3.8.

DatasetID Freq.(MHz) Subjects QTY xFrames
Patella 8—16 8 80x 30
Achilles 8—16 9 80x 30
Digital Flexor (P2-P3) 10—22 5 10x 30
Radialis 10—-22 6 12x 30
TOTAL 5460

Table3.3: Summaryof thein vivo datasetshaving tendontype,transducefrequeng andquantity

3.5 Conclusion

This chapterhasdescribedhe setof in vitro andin vivo datawe usein this thesis. Due to
the challengesof accuratemeasuringof soft tissue,we generatedn vitro datafocusingon
tendonmotion, with the tissuemimicking phantomandsyntheticdatafocusingon soft tissue
deformation.Furthermorewne describeour musculoskletalin vivo datawith anemphasion

tendonsaandsurroundingsofttissues.
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A majorproblemfor speckletrackingmethodss the large variationin capturedmages.Dis-
crepanciest a high level commonlyoccurfrom differentmachinesusertechniquespatients
andpathology with low level discrepanciegcluding machinebuilt-in imageprocessingand

filtering software.

It shouldbe notedthatthe groundtruthin vitro andclinical in vivo dataset€omply with data
protectionacts,with subjectdetailsremored whereapplicable. This collectionof datawill
be madepublicly available on-line, to provide the first (that we are aware of) collection of
ultrasoundsequenceanddisplacementesultsfor otherresearchert use.All experimentsn

thisthesisusethedatasetslescribecherefor testing.
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(c) Digital flexor tendon.

Figure 3.8: Labelledultrasoundframes: (a) Longitudinal sectionof the patella, (b) achillesand (c)
superficialdigital flexor tendons(labels1, 2 and 3 identify enhancementieverberationand shadav

artefactsrespectiely). &
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Chapter 4

Interframe Motion Estimation for

DisplacementFields

4.1 Intr oduction

This chaptempresents block matchingapproachio measurin@D softtissuedeformationand
assessethe feasibility of trackingregionsin musculoskletal ultrasoundsequencesWhile
block matchinghas beenusedextensvely in the computervision field, we demonstratea
novel applicationof theconcepto musculoskletalultrasound An iterative variable-sizéolock
matching(VSBM) framework is implementedo combinethe advantage®f usinga rangeof
blocksizes.This enablesisto quantifyvaryingscalesof motion,whichexistin typicalin vivo
ultrasoundmagesequencesA hierarchicafull searctstratgy is emplo/ed,yielding optimal
corvergencefor all searchiterations. The resultingestimateddisplacementsire alsorefined
to sub-pixel accurag usingbi-linearinterpolation.To evaluatethe performanceof VSBM on
our ultrasoundsequencesye performeda comparatie analysisconsistingof several relevant
approachesnvestigatingvariationsof block matchinganda differentialtechnique Our com-
parisonsare primarily focusedon internaltendondeformation,hencewe concentraten the
accurag and reliability of displacemenestimationusing specificin vitro groundtruthdata.
Our studyfound VSBM producedsuperiorperformancedue to analysingblocks of varying
scalesjndicatingimprovementsveremadein de-correlatedegions,andwheremotiondispar

ities occurredIn addition,experimentakesultsareshawvn for in vivo clinical sequences.
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Webaggin in Sectiord.2with afundamentain vitro experimento obsere thetemporakchanges
in imagecontent,by measuringnterframestability understaticconditions.Next, we describe
in Section4.3 the proposedblock matchingapproachincluding similarity and dissimilarity
matchingcriteria, block sizedefinition, searchingstratgly andrefinemenof displacementto
sub-pixel accurag. Further displacemengestimationalgorithmsaredescribedn Section4.4,
with accurag measurementefinedin Sectiord.5, prior to a comparatie analysisdetailedin
Sectiord.6. Displacementield resultsfrom in vivo sequencearereportedn Sectiord.7,and

conclusiongdravn in Sectiond.8 on estimatingdisplacementasingultrasoundmages.

4.2 B-scanChangeDetectionConsiderations

Beforecommencingvith motionestimationwe first conductedh changedetectiorexperiment
usingimagedifferencing[83]. The purposewasto measurghetemporalcoherencef the ob-

senedspeckletextures,andexistenceof ary non-stationaryoise.By calculatingthe absolute
valuesof the differencesetweerthe correspondingixelsin two imagesa global difference
mapwasproduced.This quantifieghe numberof corruptedpixelsthathave anon-zerovalue,

from noiseor temporallyunstablespeckle assuminga still target objectandstatictransducer
to ensurecapturedframeswere automaticallyregistered. Differentframe intervals between

consecutie andlarger periodswerealsoanalysedo obsere the amountof temporalchange.

Differenttransducefrequenciesverecomparedvith bandwidth$—10, 8—16 and10—22 MHz.
Eachwasusedo capturéperfect”in vitro conditionsof a stationarytendonin astill waterbath
with clampedprobeto quantify differentpixels, and“less thanperfect”in vivo conditionsof
a freehandscanningof muscleto locatedifferentpixels. Although substantiatesearchexists
usinglower frequenciegfor example3—7 MHz for abdomina[20], cardiacandmammography
[13]), we focus on the higherfrequenciess — 16 MHz usedfor musculoskletal diagnosis.
The highertransducefrequenciesandwider aperturesize', producehigheraxial and lateral
resolution$, but areducedpenetratiordepth. Thechangen depthis dueto attenuatiorwhere

thesignalcanreduceby approximatelyl dB/cm/MHz[95].

Resultsfrom the perfectconditionsexperimentareshavn in Table4.1. All testsshaved that

Theaperturesizeis theactive transmittingandreceving portionof thetransducearray
2Theresolutionin anultrasoundmageis a functionof the F-numberor sizeof theaperture.
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thetransducefrequeng hadno obserableinfluenceon the quantityof pixel variations,and
asexpectedonly amaximumof ~ 8% of pixelschanged Thesechangesreattributedto the
presencef somenegligible electronicadditve Gaussiamoise,ratherthanunstablespeckle.
However, sequencesapturedwith lessthanperfectconditions highlighteda reductionin cor

relation(indicatedby alarge pixel difference)n areasof speckletendingto occurin thelower
regions,shavn earlierin Figure3.8 andherein Figure4.1. This variationin signalcontenthas

aneffectondisplacemenaccurag, whichis dealtwith laterin Chapters.

Frame Frequency(MHz)

Interval | 5-10 8-16 10-22
fi— fo | 649 4.24 543
fi— fio| 766 4.92 5.98
fi— foo | 771 512 6.02
fi— fs | 753 6.19 6.15

Table4.1: Percentagpixel changedetectiormeasuremenis “perfect” conditions.

Speckle

Figure4.1: Achillestendonwith enlagedimagesof tendonandspeckle.
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4.3 Variable SizedBlock Matching (VSBM) for SpeckleTracking

The purposeof block matchingis to locatethe bestmatchfor a block I(z, ) in frame f,
someavherein frame f;11 given numerousblocks of exactly the samedimensions.We now
describesereral matchingcriteria beforedetailingthe criterion usedin the VSBM approach,

followedby our hierarchicafull searchstratgy andsub-piel displacementefinement.

4.3.1 Similarity and Dissimilarity Matching Criteria

Variousmatchingcriteria are usedfor locatingtexturesin images,which eithermeasurdhe
similarity or dissimilarity betweerlocalisedregions. The mostpopularcriterionthathasbeen
implementedn hardware,dueto having no squareoperationsis the minimumabsoluteiffer-

ence(MAD), whichis definedas:

MAD (T(s), L)) = 1Tli + 2,5 + ] = I [k + 2,1 + ] (4.1)

Unfortunately the performanceof the MAD criteriondeterioratessthe searchareabecomes
larger dueto the presencef several possiblelocal minima. It can,however, beincorporated
into a matchingpixel count (MPC) criterion, which classifieseachpixel within eachblock
as either matchingor mismatchingwherethe block yielding the largestMPC produceshe

optimumdisplacemendl, accordingo:

1 if MAD < threshold
MPC = 4.2)

0 otherwise

dependingn a predeterminedhreshold. Anotheralternatve is the sumof squaredifference
(SSD)criterion,definedas:

M N
SSD(I(i,j), I{k,l)) =S"N Uli+aj+yl— Tk +z,0+y)° (4.3)
z=1y=1

The SSDis not robustto ary shift or scalingof intensity To compensatéor shiftsin inten-
sity from unevenillumination, the intensity shift-correctedSSD canbe used. This subtracts
thelocal meanfrom eachblock prior to performingthe SSD.Insteadof usingthe meanvalue,
Strintzisand Kokkinidis [91] introduceda weightedterm correspondingdo the statisticalde-

scriptionof ultrasoundmages.Thisis discussedurtherin Chapters.
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Briefly we mentionherethe useof the spatialdomainnormalisedcrosscorrelation(NCC),
which correlate€ regionsto provide asimilarity measurewith localmeansl andI’ removed.
We expandon this later, but theNCCis usedin our comparatre analysisn Sectiord.4.2,and

is definedas:

M N _ _
Y Uitz j+yl-DHI'k+z,l+y] =T
r=1y=1
NCC(I(i,j),Iék,l)): — — — (44)
> Uitz j+yl =102 > (I'k+z,l+y] - I')?
r=1y=1 rz=1y=1

In this chapterwe quantifythematchingof blocksusingthemeansquaresrror(MSE), follow-
ing thereal-timework of Bohsetal. [12]. We canevaluatethe MSE for a pair of sub-images,

definedas:

M N
1 . .
MSE (L), Ifkp)) = 17 Zl Zl (Il + 2,5 +y] = Ik +2,1+y)"  (45)
r=1yYy=

wherel andI’ areregionsof sizeM'xN from f; andf;,1 respectiely, and(i, j) arethetopleft
cornerco-ordinatef the referenceblockin f; asare(k,!) for the candidateblocksin fi1.
Neighbouringpixels give the centralpixel and correspondinglisplacementector unbiased
support. The resultingMSE (I(i,j),ffk l)) producesa candidatemotion vectord (u,v) as
illustratedearlierin Figure2.5. The estimated of themotionvectord is takento bethevalue
of (u, v) thatminimisesthe MSE. The displacemenéstimatds givenby:

d(u,v) = arg (rInilrll) MSE (I, I') (4.6)
Minimising the MSE imposesan optical flow constrainton all pixelsin a block. The MSE

providesa goodcomparisorof computationatompleity versusguality.

4.3.2 Hierarchical Search and Variable Block SizeStrategy

Improvementsin displacemengstimationin areasof de-correlationare gainedby using a
coarsdo fine searchwith varyingblocksizes.Thisis dueto thefine-tuningof thedisplacement
vector asthe estimateof the vectorat the largestscaleis passedo the next scale.Eachscale
encapsulatediffering speckletexture, and at the smallerscales,a relatively smallersearch

region is usedasthe initial estimateis robust. In somecaseswherea region is extremely
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de-correlatedr homogeneouéSection2.5.3),no displacementanbe estimatedvith ary ac-

curag. De-correlatioris typically causedy signalsaturation|ack of signal,or large strains.

The hierarchicafull searchinitially determineshe optimalmatchingblockin f; 1, by com-
puting (4.5) for all possiblecandidatedisplacementectorsat eachpixel I'[k + z,l + y] in
a searctregion. To reducethe computationaburdenandimprove displacemenaccurag, we
definea searchregion centredabouteachpixel for which a motionvectord is estimated.The
first searchterationinitialiseswith ablocksize M x N andasearchregionof —¢; <u<gq; and
—q2 <v < g9, Whereq, M and N aredeterminecempirically but aresetat a relatvely large
size,(Figure4.2). The block producingthe lowestMSE in frame f;; to the candidateblock
from the referencdrame f; is thenusedto initialise the next iteration,whereboth the blodk
sizeand seach region reducelogarithmically The processf scalingthe searchregion and
block dimensionsandusingthe block producingthe lowestMSE asthe initialisationfor the
next iteration,repeatauntil a block sizelimit is reachedFor eachiterationwe simultaneously
updatethe referenceblock from f;, by halvingits dimension refreshingthe MSE matching
criterion (shawvn in Figure4.2). Every possibleblock within the searchrangein f;.1 is ex-
amined,with block overlappingto improve flow continuity and smoothnessPrior research
hasinvolved optimisingthe searchstrat@y usingvarioussearchregion samplingtechniques,
for exampletheadaptve searclof [17]. Althoughoptimisedsearchinglecreasesomputation

time, they cannotguarante@ptimal cornvergence.

To illustrate our approachwe initially presenta croppedB-scanfrom our groundtruthdata
STATIC-LANDMARKZ1 undersimpletranslationamotion. Block sizesMxN, whereM, N =
{64,32,16,8,4} were used,with the final iteration matchingthe candidatesuperimposed
blockson f; in Figure 4.3(a). Eachiterationis visualisedin Figure 4.3(b). Progressiely
increasingdisplacementarevisible asthe block sizereduceswith M x N = 64 shaving no
displacementms thelandmarkregion,to M xN = 4 displayingthefinal refineddisplacements.
Further in vitro estimateddisplacemenaccurag anddisplacementield resultsareshavn in

Sectiond.6,andin vivoresultsin Sectior4.7.
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Mx N )
(B4 x B4) ]I‘
(32 x 32) |
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(16 x 16) o
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(i) } Saarch Region _
X Initialisation (i,j} ¢ Displacement ( k+x l+y)

Figure4.2: Hierarchicalfull searchstratgyy usingVSBM illustratingthereferenceblockin f; andfinal

displacementB fiy1.

4.3.3 Sub-pixel DisplacementRefinement

Due to motion not occurringin discreteincrementsthe VSBM algorithm was extendedto
performmeasurement® sub-piel accurag. We computedi pixel granularityexpandinga
M x N searchregion to 4 (M x N) in both f; and f;1 usingbi-linear interpolation. The
newly generategixel P at (z,y) is aweightedsumof thefour nearesheighbourhoogbixels:

Py(z1,y1), Pa(x1,92), P3(x2,y1), Pi(x2,y2), Sothat:
P:(1—a)(1—b)P1+a(1—b)P2+abP3+(1—a)bP4 (4.7)

wherea andb vary betweer) and1, definedas:

T— X1 b— Yy—Uhn (4.8)
T2 — T1 Y2 — Y1

a =

Althoughbi-linearinterpolatioralterspixel datareducesontraseindthehighfrequeng com-

ponentof theimage,it is commonlyusedfor imageenlagementasimagequality is retained.
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Ball
Bearing

(a) B-scanf: from STATIC-LANDMARK1 datasetsuperimposewith candidateblocks.

Ball Bearing
Shadow ROl —

(b) HierarchicaVSBM in f;.

Figure 4.3: Multiple block scales: (a) Croppedimageof STATIC-LANDMARK1 groundtruthdata
(ball-bearingandmarklocatedcentreright), (b) hierarchicaWSBM for 5 levelshighlightedusingsizes
M x N,whereM, N = {64,32,16,8,4} (from right to left).
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4.4 Comparisonof DisplacementEstimation Algorithms

This sectionprovides a comparisonof the performanceof several displacemengstimation
algorithmsto VSBM. Our goalis to determingechniquesuitability for measuringendonin-
ternalmotion. Althoughmary opticalflow algorithmsperformwell for certainsequencetew
areusedfor ultrasound. The selectionof algorithmsusedin this comparisorwas motivated
by previousinconsistenandunreliableresultsfrom applyingthealgorithmsavailable® andre-
viewedby Barronetal. [9]. Also, thedesireto examinedifferentformsof block matchingthat
have alreadyestablisheduccesdor others(mentionedn Chapter2). Thus,in the following
sectiongwo block basedapproacheanda rohust differentialapproachare briefly described.
Thesencludea fixedsizeblock matchingframeawvork, thetemporallyextendedpixel matching

framavork of Camug14] andthedifferentialflow algorithmof Proesmanstal. [80]%.

4.4.1 Fixed SizeBlock Matching (FSBM)

Block matchingmethodsrequirethat the block shouldbe large enoughto estimatdarge dis-
placementshut alsosmallenougtsothatthe displacementemainsconstantvithin theregion.
Thesetwo requirementareonly solved usingmultiple block sizesthataredefinedin VSBM,
contraryto the FSBM approachwhich is equvalentto only a singlescaleof VSBM. In this
experimentothFSBM andVSBM usethe MSE matchingeriterion,with the FSBM limited to
ablocksizeof M, N = 8, andVSBM limited to 2 block sizesof M, N = {16, 8}.

4.4.2 Camus[14] Temporal Pixel Matching

Camud14] definedavariationonblock matchingflow algorithms py utilising thedefinitionof
velocity asthechangen distanceoverthechangen time. Typical region matchingalgorithms,
for exampleFSBM andVSBM apply a temporalsearchthat analysedrame pairs ( f;, fi+1)
for a constanttime intenal of ¢ = 1, and definethe estimateddisplacementnagnitudeas
the extent of the matchingcriterion searcharea. However, Camusproposedhat the search

be extendedin time (f;, fi1+,) for a varying time intenal of n frames,but useda constant

3Sourcesvailableat ftp://ftp.csd.uwo.ca/pub/vision
4Sourcesvailableat http://wwwcs.ot@jo.ac.nzleseach/vision/Reseah/Optical Flow/opticalflovhtm|
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reducedsearcharealimited to singlepixel shifts. Thisis in contrasto VSBM, which proposes
aconstantemporakearchout varyingincreasespatialsearch A desirablepropertyof Camus
for ultrasoundanalysisis real-timeperformance.To operatein real-time,however, typically
only a singlepixel shift canbe measuredn aregion M x N whereM, N = 3. However, for
large motionsthe spatialsearctregion canbe extendedor imagessub-sampledWe apply the
former, increasinghe searchregion, to measurehe groundtruth8 pixel shifts at the expense

of increasingorocessingime.

The Camustechniqueis illustratedin Figure 4.4, demonstratinga 1D temporalsearchof 2
frames(fi+1, fi+2), anda 2D spatial3 x 3 searchn f;. In this example the displacementor a
pixel at f;(2, 3) shifts(0, 1) pixelsover2 framesor adisplacemend;_; = (0,0.5) perframe.
Fromexperimentationye use2 framesof temporalkupporiandpixel crosscorrelationdefined

in (4.4),insteadof the MSE thatproducedunusableesults.

3 , 3
/ / - /
| // //— I ;’_/
i /‘f:-—::* IR b - 7/
3 //‘{—: ,,,,,,,,, ffi:; _______ 7,//
/ - / /

Figure4.4: A pixelin f; at(2,3) movesto (2,2) in fi1» producingd;—; (0,0.5).

4.4.3 Proesmanstal. Differential Approach

Thefinal method Proesmanstal. [80], is asimilardifferentialtechniqueo HornandSchunck
[38]. However, Proesmanstal. incorporateamatchingprocessnto (2.4),anddefineamethod
for dealingwith discontinuouslisplacementsAs explainedearlier for eachpointin theinitial
frame f;(z, y), the estimateddisplacemendl; (u, v) is usedto locatea correspondingpointin
the next frame fi11(z + u,y + v). Proesmangtal. statethatif thesepointshave similar

brightnesstheresultingflow estimateas good,elsetheflow estimates movedalongtheimage
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gradientsjn orderto correctfor the difference. Further Proesmangt al. usedisplacement
post-processingp increaseneighbouringdisplacemensimilarity, andreducesxpecteddiscon-
tinuousdisplacementsat objectedges.This is achiered by producingconsisteng mapscom-
putedfrom the magnitudeof forward (f;, f;+1) andbackward (f;11, f;) displacementields.
Thetwo displacementieldsareusuallyequalbut opposite howvever, at objectboundarieghis
is notthe casewith consisteng mapsproducinghigh valuesof inconsisteng at objectbound-
aries. The applicationof anisotropicdiffusion is usedto smoothdisplacementswherethe
diffusion function usesthe consisteng mapto control smoothinginsteadof imagegradient,
which differsto the imagefiltering describedn Section2.5.3. Similarly to Proesmanst al.
we setparametergmpirically usinga smoothnessonstraintof A = 30 using40 iterations.
Galvin et al. [30] obsenred this techniqueproducecdconsistentlygooddisplacemenaccurag

andtoleranceo noise.

4.5 Interframe DisplacementField Accuracy

In this sectionwe describeéhevelocity angularerrorandimagereconstructiorerror, which are
usedto determingheaccurag of thedisplacemenfield d; producedrom eachtechnique For
our in vitro sequencean actualdisplacementield is knovn, henceboth measuresre used,
exceptfor in vivo datausingonly theimagereconstructiorerror All errormeasurementsse

thefull displacementield density with no outliersremorvedfrom thresholding.

4.5.1 Velocity Angular Error

To quantify displacementccurag the error betweenthe correctgroundtruthdisplacement
di. = (uc,v.), andthe estimateddisplacementl; . = (u.,v.) is measuredy the angular

error[9], combiningerrorsin magnitudeanddirectioninto asinglevalue:

Y =cos™'(d, - d) (4.9)
. . Y (ueywe,)T
where is the angle betweenthe correctspatiotemporalectord, = Vot il and, the
H H y (Ueave;l)T
estimatedspatiotemporaectord, = W ek
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4.5.2 Image ReconstructionErr or

Further interframedisplacemertieldsareusedfor displacedramedifferencing(DFD), quan-
tifying interframepixel error. DFD is intensitydependenandprovidesa measuref displace-
mentquality If we assumeranslationaimotion, thenan estimateddisplacementl; (ue, ve)
definesthe changen pixel positionfrom z = (z,y) to 2’ = (2',y') from frame f; to fi41:
' = x + di(ue,ve). Assumingintensityconstang for small(x~ 8 Hz) interframepairsdueto

stablescatterersthe displacementield errorcanbe measuredisingbackward warping:

er(@) = fr(x) — frr1(@' — di(ue,ve)) (4.10)

To determingheinterframeglobalerrorfor framepairsor regions(M x N), we compute:

1 M N
MSE = W;;et(w(x,y))Q (4.11)

To generataghe reconstructedrameat ary time in the sequencehlocksare positionedusing
the correspondinglisplacementsPixels with multiple valuesdueto overlappingblocksare
averaged and pixels with no value dueto untracled regions usethe value up to that frame.

Althoughminimal for framepairs,blockingartefactscancauseatrtificially high DFD errors.

4.6 DisplacementComparison Analysis Results

Now we comparehealgorithms:FSBM, VSBM, CamusandProesmanstal.. The purposds
to justify thatblock basednethodsareindeeda suitableapproachor our data,andto demon-

stratethe improvementsof usingvariableblock sizes.

The comparisorusesframes( f1, f2) to (f9, f10) of the STATIC-LANDMARK1 groundtruth
sequenceEachframepaircaptureshesames pixel lateraltranslationashifts,henceve expect
resultinginterframemeasurement® producesimilar results. By analysingtheseframepairs
we remove displacemenaccurag resultambiguity It is importantto notethatthe STATIC-

HEALTHYO and STATIC-LANDMARKZ1 groundtruthgdifferentonly in BB insertion),are
equivalentto amoving transducecapturinga staticobject. Thus,with noloadandonly trans-
lationalmotion,the tendonremainsstaticandonly shiftsin time. Therefore we would expect

gooddisplacemenaccurag from eachmethod.Finally, theseerrorsassumehattherewereno
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changesn illumination resultingfrom transducegain changesnor tendonslippagebetween

theclamps nor smalldiscrepanciefom machineaccurag.

Table4.2 quantifiesthe imagereconstructiorerrors,which measuralisplacementield accu-
ragy for eachtechnique Beforedisplacemengstimationthepre-warpedframedifferencgFD)
andthe NCC for eachframepair wascomputed.Theworstperforming but alsothefastes{by
far), wasthe Camusalgorithm. AlthoughLiu etal. [51] reportedCamusto have oneof the
bestaccurag-efficieng ratios,we obseredtheefficiengy dramaticallyreduceonour data.We
foundthe mainreasorfor this wasthatthe pixel searchusesonly a singlescale.Thenext most
poorresultwasProesmanst al., confirmingthat differentialalgorithmssufer on ultrasound
data,evenwith displacemenpost-processinfthiswasnot performedy theotheralgorithms).
Anothersourceof displacemeninaccurag, prominentwith Proesmanst al., wereerrorsin-
ducedby the apertureproblem,causedby the extremely striatedstructureof the tendonas
mentionedbeforein Section3.2. Thebestresultswereproducedoy VSBM for this data(even
betterresultsarereportedn Chapteis), andhighlightedthe benefitsof usingjust2 blocksizes
whencomparedo the errorsfrom FSBM. Erroneoudisplacementfrom not optimisingthe

trackedregion sizewerealsoobsered by Chunle etal. [18].

Frame PRE-WARP | FSBM (MSE) | VSBM (MSE) | Camus(NCC) [Proesmansetal.
Pair FD CORR%|DFD CORR%|DFD CORR%| DFD CORR%| DFD CORR%
fi— f2 |273.46 97.40 |84.78 99.19 |55.33 99.47 |214.74 97.87 |106.63 98.99
f2 — f3 |270.28 97.44 |80.12 99.24 |52.98 99.50 |215.95 97.96 |108.34 98.97
fs = fa |272.57 97.41 |81.79 99.22 (51.12 99.51 |214.67 97.91 |111.61 98.94
fa— f5 |273.87 97.40 (81.98 99.21 |53.70 99.49 [216.30 97.96 [119.63 98.86
f5 = fe |271.60 97.43 [82.07 99.22 |52.13 99.51 (219.39 97.93 |115.43 98.92
fo — f7 |273.82 97.40 |83.32 94.54 |51.37 99.51 |217.34 97.94 |112.37 98.93
fr — fs |273.87 97.40 |84.54 99.21 |53.63 99.49 |223.30 97.89 |115.32 98.90
fs = fo |277.87 97.40 |86.68 99.18 |57.60 99.45 {219.85 97.92 |121.90 98.84
fo = f10|277.84 97.35 (84.23 99.24 |59.29 99.43 |218.98 97.86 [119.05 98.86

Table4.2: Imagereconstructiorerror measure$or FSBM (MSE), VSBM (MSE), Camus(NCC) and
Proesmanstal. usingSTATIC-LANDMARK1.

Figure4.5(a)is anenlagedregion of the tendonwith the BB landmarkfrom our groundtruth

datasetSTATIC-LANDMARKZ1. The correspondingnterframedisplacemenfield is illus-
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tratedin Figure4.5(b). This shavs the densecontinuouslinearity of displacementsn the
lateralaxis of motionfrom left to right, and someexpecteddiscontinuitiesof maiginal mag-
nitude locatedat the BB region from speculareflections. The VSBM andin particularthe
FSBM, shaved several displacemenbutliersin this region, dissimilarly to the displacement

post-processingf Proesmanstal, which smoothedhem.
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(a) EnlaigedROI of B-scan. (b) Enlaigeddisplacementield.

Figure4.5: Groundtruthanalysis:(a) BB landmarkin tendonsample,(b) VSBM displacementield
usingblock sizesM x N, whereM, N = {32,16,8}.

Table 4.3 shaws the velocity angularerror, which quantifiesdisplacemenfield accurag for
eachtechniqueusingthe sameframesasabore. This measureequiresboththeactualknovn

andestimatedlisplacementields,andis dependenon the quality of theactualknovn data.

In this work, we found the imagereconstructiorerror was overall morereliable, dueto not
needingheactualknown displacementsyherediscrepanciesanoccur Thevelocity angular
errorresultsconfirmthatCamusandProesmanst al. producedheworstresults(for example
meanvaluesof 50.34 and30.37 respectiely for f5 to fs), andthatthe mostaccuratemethod

wasVSBM (for examplea meanvalueof 11.77 for f5 to fg).

Figure4.6 shavs exampledisplacementields for the framepair ( f1, f2) from eachtechnique
usingthe STATIC-LANDMARKZ1 groundtruthsequencelt is clearthatProesmanstal. post-
displacemenprocessingver-smoothedhe displacementfields, andis a contritutory factor
to its poor results. Using a reducedsmoothnesgonstraintand lessiterations,however, we

obseredthatdisplacementbecamaliscontinuousindnoisy
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Frame FSBM (MSE) VSBM (MSE) Camus(NCC) | Proesmansetal.
Pair Mean® STD Dev®|Mean® STD Dev®|Mean® STD Dev®|Mean® STD Dev°®
fi— fo | 1494 35.45 9.53 29.13 | 50.61 26.55 | 31.64 14.52
fo— f3 | 1465 35.14 9.61 29.29 | 50.95 26.17 | 30.67 14.79
fs— fa| 1477 3527 |10.16 30.12 |50.57 26.63 |30.86 14.57
fa— f5|16.15 3553 | 9.98 29.17 |51.53 26.66 |30.16 14.83
fs = fe | 15.22 3553 | 11.77 32.08 | 50.34 26.69 | 30.37 1454
fe — f7 | 15.36 3558 | 10.30 31.23 |50.57 26.57 |30.90 14.48
fr— fs | 15.63 36.04 | 10.24 31.02 |51.10 26.65 |31.74 14.60
fs— fo | 15.69 36.07 | 11.73 31.39 |51.55 26.57 |30.54 15.03
fo = fi0| 16.16 36.55 | 10.09 29.13 |51.01 26.59 |33.93 16.16

Table4.3: Velocity angularerrormeasurefor FSBM (MSE), VSBM (MSE), CamugNCC)andProes-
mansetal. usingSTATIC-LANDMARK1.

(a) FSBM displacementield. (b) VSBM displacementield.

(c) Camuddisplacementield. (d) Proesmanstal. displacementield.

Figure4.6: FSBM,VSBM, CamusandProesmanstal. for f; to fo usingSTATIC-LANDMARK1.
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For a purely subjectve comparisorof VSBM and FSBM, we calculatedthe interframedis-
placementfield usingin vivo data. The reasonwasto appreciatehe obvious visualimprove-
mentof displacementgom usingmultiple block sizes whichbecomesnareaof furtherwork
in Chapters. Examplesareshavn in Figures4.7(a)-4.7(b)f a patellatendonunderextension
to flexion motion. The FSBM resultsin Figure4.7(c)do notshav ary corvincing output,and
areequvalentto theVSBM usingonly asingleblock size. TheVSBM resultsin Figure4.7(d)
using multiple block sizes,howvever, shav coherentgroupsof displacementén the top and
centreof theimage,correspondindo the motion of thetendon.Thenoisyregionslower dowvn

correspondo the motionof well formedbackscatteimagenoise.

(a) Patellatendonfas. (b) Patellatendonfzs .
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(c) FSBM displacementield. (d) VSBM displacementield.

Figure4.7: Qualitatvein vivocomparison{(a-b)B-scandramepair, with results(c) FSBM (M xN = 8)
and(d) VSBM (M x N, whereM, N = {16, 8}).
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4.7 |In vivo Musculoskeletal Results

We appliedVSBM to in vivo frame pairsto establishsuitability beforefurther development.
Figures4.8(a),4.8(c)and4.8(e)arefreehandnusculoskletal B-scanof 2 patellatendonsand
adigital flexor tendon. Theseframesaresampledrom capturedsequencesf 30 framesover
a period of independenflexion to extensionmotion. Figures4.8(b), 4.8(d) and 4.8(f) were
producedusingthe VSBM approactusingblocksizesM x N, whereM, N = {32, 16,8}. As
before,abore the tendonis tissuewith minimal structureandhighly well formedspeckle and
belov noise. Theresultsillustrateconsistentandommotionin theselower regions,but in the
maintendonareawe obtainsubjectvely accuratalisplacementieldsin all our sequenceslo
quantifythe accurag of theseresults,we againusethe imagereconstructiorerrorandglobal
correlation,with resultsshavn in Table4.4. For the examplesshavn, DFD error waslower
thanFD errorby about50%, andcorrelationincreasedy anapproximatel % with anaverage

of 98.6%. Extensve in vivo displacemenéccuray resultsarereportedaterin Chapterb.

Frame PRE-WARP VSBM (MSE)
Pair FD CORR% | DFD CORR%

PatellaTendonCase#1 | 226.50 97.69 | 132.20 98.65
PatellaTendonCase#2 | 256.23 97.45 | 14591 98.54
Digital Flexor Case#3 | 252.16 97.40 | 125.21 98.70

Table4.4: Imagereconstructiorerrormeasure$for VSBM (MSE) usingin vivo musculoskletaldata.

The resultsalso confirmedthe different motionsoccurringfrom thosetendonsencapsulated
with sheath@ndthosethatarenot. Fromthe displacementieldsin Figures4.7(d),4.8(b)and
4.8(d),the patellatendonis clearly not encapsulatetly a sheath assimilar motionsfrom the
tendonarereplicatedin skin andthe surroundingissues.The digital flexor tendonin Figure
4.8(e)is encapsulatetly asheathThis correspondso theestimatedlisplacementield in Fig-
ure4.8(f), whichshawslittle motionin theupperregion (belov theskin), followedby anarrav
bandof uniform displacement# the actualtendonarea. This is thenfollowed by regionsof
varying motionsbelaw it causedoy noise. Specificregionsand enlaged displacementsre

shawn for furtherclarity in Figure4.9.
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(b) VSBM displacementield.

(a) Patellacase#1

(d) VSBM displacementield.

(c) Patellacase#2.
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(e) Digital flexor case#3.

Figure4.8: Framedrom sequencesf freehandn vivo musculoskletaldata.
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Figure4.9: Enlaigedregionsof displacementr highlightedsectionf tendonfromin vivosequences.

55



4.8 Conclusion

This chaptethasassessethefeasibility of using2D speckletrackingtechniquegor analysing
framepairsof in vitro andin vivo musculoskletal ultrasoundsequencesThe earlier part of

this work presented/SBM, and later demonstratedhe accurag of the generatedisplace-
mentfields for variousdatasetsit wasfoundthatthe block size proved critical in locatinga
peakmatchbetweeninterframeblocks. Additionally, it wasobsered thatif errorsoccurred
atthelargerblock sizesthendisplacemengstimatest subsequertlock sizesweregenerally
poor. TheappliedMSE matchingcriterion proved an adequat@uantitatve measuref image
difference althoughohviously unableto reflectthe qualitative differenceghathumanviewers
perceve. This early work hasshavn that the assumptiorof specklemotion replicatingthe

underlyingtissueandtendondeformatiorto berobustfor our data.

A comparatie analysiswvasperformedto evaluateseseral approacheto speckletracking. To
measurdahe accurag of interframedisplacementesults,we usedthe velocity angularerror,
imagereconstructiorerrorandglobalnormalisedcrosscorrelation.For validationwe usedthe
groundtruthsequenc&TATIC-LANDMARK1, capturinga tendonwith translationaimotion.
As expectedProesmanet al. [80] differential basedalgorithmwas sensitve to noise,with
inaccuratenumericaldifferentiationresultingin directerrorsin thedisplacementields. It was
obsered, however, that efficient displacemenpost-processingnproved resultssignificantly
but overandundersmoothingoroduceda detrimentakffect. Proesmanstal. andCamusDFD
errorsrangedbetween 06.63—119.05 and214.32—223.30 respectiely. Thesewerebothhigh
andshaved inconsistencie$or eachframepair, unlike block matching.Interestingly Camus
demonstratethatfurthertemporalsupportof greaterthaninterframeanalysiswasevenmore
challengingjmplying thatinterframeanalysiss a sufiiciently difficult problem.In agreement
with Liu [51], we alsoobseredthatCamuss methodis fastbut inefficient, makingit inappro-

priatefor our purposes.

A modificationfor techniqueghat searchfor interframecorrespondences optimising the
searchregion basedon the obsered motion. For example,a horizontalbiasedsearchregion
would restrict displacemenmeasuremeniaterally ratherthan axially, favouring the lateral
motionobseredin ourin vitro data.Unfortunately this would be of limited usefor ourin vivo

sequencesyhichis muchmorevaried,asshavn in Figure4.8 andthroughouthis thesis.
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The latter part of this chapteranalysedhe more complex motion found in our in vivo data,
which posedsignificantlymorechallengesiueto a numberof issues First, ultrasoundmages
arecharacterisetdy Rayleigh-gwernedspecklenoise,which yieldsalow SNR.Secondmo-

tion ambiguitiesdueto insuficient representationf spatialinformation(occlusionandaper

ture problems) areclearly apparentn regionsof imagesaturatioror speculareflection,and
in homogeneousegions of weakacousticscatterers.Third, local regionsin eachframethat
aredecorrelatediueto strain,or highly correlatedrom uniform speckle.Thefinal challenge
wasthefactthatmotionoccursat variousscalesMary of theseissuesverecaveredin Chap-
ter2. We obseredthatthe accurag producedrom usingvariableblock sizesM x N, where
M,N = {32,16,8,4} for the specklede-correlatiorandsaturatiorissues shaved improve-

mentsfor in vitro andin vivo data,producingdensedisplacementields.

This work confirmedthat block matchingapproachesare suitablefor our data,with multiple
block sizesimproving displacemenaccurayg. Standardlock matchingfor motionestimation
usingmeasuresuchasMAD (L1-norm), SSDor MSE (L2-norm), are appropriatefor image
sequencesharacterisethy Laplacianor Gaussiarstatistics. Unlike the tendonandregions
of well-definedstructure regions of densespeckleare bestcharacterisethy Rayleighstatis-
tics. Hence the previous measuresrenot optimalfor motion estimationin ultrasoundmage
sequencesTherefore,in the next chapterwe introducea novel approactof alternatingtwo
matchingmeasuredp adaptto imagecontent.Furthermorewe analyseull sequenceandnot

manuallyselectedramepairs,prominentin existing research.
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Chapter 5

Trajectory Fields from Motion

Estimation

5.1 Intr oduction

This chaptemprovidesa comprehense studyof a hierarchicakegion-basedanotionestimation
techniquepsingnovel refinementdo resol\e existing speckletrackingissueshatwerehigh-
lightedin Chapter. Thebasisof our approactusesmultiple hierarchicalegion-baseanatch-
ing, encapsulatingnoreuniquespecklepatternwithout restrictingspatialresolution.Fromour
earlierexperiments multiscaletemplateanalysisproducedconsistentlysuperiorresultsthan
single scaleor biasedshapedand sizedtemplateg12] that correspondo the shapeof the
objectto be tracked. We extend our previous interframedisplacementvork by usingtrajec-
tories, which quantify continuoustemporaldisplacemenbf specklemovementfor complete
sequences.This improves uponthe prominentapproachof specificallyanalysingmanually
selectedramepairs,astrajectoriedncorporatenterframedisplacementfor every framepair
for all sequencegjielding measurementsf localtemporalmovement.Trajectorydrift correc-
tion is alsoapplied,to ensureregionsareaccurateltracked in spaceandtime. The proposed
methodcorrectsfor potentialfreehandransducemotion,andupdatedor possiblechangesn
theimageplaneasaresultof axial, lateralandelevation movement.To improve displacement
accuray, displacementarerefinedby automaticallyselectingoetweertwo matchingmeasures

to compensatéor specklenoise.Thefirstmeasureisegshenormalisectrosscorrelation(NCC)
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for regionsof strongsignal(refinedto minimiseapertureproblems) andthe secondmeasure
CDs is appliedin regionsof low SNRfrom speckledeterminedy the SNR.Finally we deter
mine displacementield accurag, anddemonstratérajectoryhomogeneityby exploiting the

trajectorypathcoherenceysingthe outputasavalidationmeasure.

In this chapterseveral stratgieswill beintroducedo improve ontheestimatedlisplacements

producedrom block matchingmethodsresentedh the previous chapter Thesenclude:

1. Toensurdgheappropriataiseof similarity measures regionsof varyingsignalcontent,
a novel alternatingsimilarity measurestrateyy is introduced,which applieseitherthe
normalisedcrosscorrelationin regionsof tendon(low speckle)or the CD, measuren

regionsof softtissue(densespeckle)jndicatedby thelocalimageSNR.

2. To improve on specificframe pair analysis,interframedisplacementsire extendedto

trajectorieghattrackregionsof signalthrougha sequencaytilising stratgjiesfor:

(a) Trajectorydrift correction,to eliminatetemporaldisplacemenerror from propa-

gatingdisplacemeninaccuray.

(b) Trajectoryupdating,to adjustthe trajectoryfieldsto includemovementin the 2D

imagecausedrom movementin the 3D volume.

(c) Trajectorypathcoherenceto provide a meansof measuringandcomparinga tra-

jectoryfieldstemporaldisplacemendactivity.

The chaptercommencesvith ultrasoundmageregistrationin Section5.2, beforeintroducing
in Section5.3 the proposedapproachto measuringdisplacementin sequencesjescribing
the apertureproblem,combinedmatchingmeasuresnd templateupdatingsolutions. Next,

trajectorypathcoherencés definedin Sections.4,anddisplacemengmoothingn Sections.5.
Resultsfrom our combinedmatchingmeasuregpproacharereportedin Section5.6. Using
our proposedmethod trajectoryfields andaccurag resultsarepresentedn Section5.7 from

analysinghetissuemimicking phantomjn vitro tendonandin vivo data.Finally, we conclude

with adiscussiorin Section5.8.
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5.2 B-scanlmage Registration

For eachultrasoundmagea coordinatesystemis defined,centredat the positionof thetrans-
ducerwith 3 axesasillustratedin Figure5.1. Theaxesarelabelledas:theaxialaxis(Y), taking
the directionof propagatiorof the ultrasonicheam,the lateralaxis (X), perpendiculato the

axial axis,andthe elevationaxis (Z), perpendiculato boththe axial andthelateralaxes.

Ultrasound

robe
Z-ayis P

Elevation direction

| =T Heaxis
L= Lateral direction
|l (transversal)

|

,/J‘f'r/ Y -axis ~
Axial direction "y
(longitudinal)

¥
* | Ultrasound 2D )l/’

B-mode image

,//
1:/

3D Yolume

Figure5.1: Transduceright-handedylobalimagecoordinatesystem,illustrating that eachframe cap-

turesa 2D slicein a3D volume.

Issuesfor all dynamicultrasoundanalysisinclude motion ambiguitiesthat can result from
regionsof imagesaturatioror speculareflection,homogeneousegionsof weakacousticscat-
terers,occlusion,apertureproblemsand speckledecorrelation. Due to B-modegeneration,

decorrelatiordueto relative lateralscatteremotionis moreseverethanaxial scatteremotion.

Freehandscanningallows the completefreedomof movementof a transducercapturingim-
ageshatarearbitrarily orientatedn space.To measurenly subjectmotionratherthantrans-
ducermotion, eitherthe imagemustbe translatedo a fixed coordinate pr the displacements
updatedwith a globalvalueof thetransducemotion. In practiseduringary clinical freehand
ultrasoundsequenceacquisition,typically both transducemand subjectare kept stationaryto
ensurea reproducibleémagingplane. This consistenscanningenablesjn the simplestcase,

for individual imagesto be manuallyregistered. In this work, we prefer an automatedap-
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proachto solwe this problem.Therehasbeenmuchactive researchn automaticallyregistering

ultrasoundvolumes with methodgorming distinctgroups:

1. AcousticalSensors.Signalsfrom an emitter attachedo a transducemre receved by

remotemicrophoneswhich arepositionedn differentorientationsfor example[64].

2. OpticalSensorsAs abore, but theemittersarereplacedy infraredlight emittingdiodes

thatrequirealine of sight,for example[99].

3. MagneticFields. A recever is attachedo atransducewith aremotetransmittergener

atingamagnetidield, allowing completefreedomof movement for example[11].

4. MechanicalSystems. Thesesystemshase mechanicalrmsclampingthe transducer

which allow variousdegreesof freedom for example[88].

5. ImageRggistration. Global displacementsare derived locally [111] and globally [98]

usingintrinsic measuredy analysinghe ultrasoundmages.

Without extrinsic positionmeasurementsom a sensoittachedo thetransducemwe have no
prior knovledgeof transduceposition. Consequent|ythereis no meansof determiningthe
positionandorientationof the scanplanerelative to thetransducerUsingimageanalysiswe
definethe registrationproblemmentionedn point5. Thisis a specialcaseof the correspon-

denceproblemwhereframesarerigidly or non-rigidly shiftedwith respecto eachother

In the previous chapterinterframemotionusingsingleframepair analysisassumeary trans-
ducermotion was nggligible or zero. Over time, however, this stationaryassumptiorfails.
From observingfreehandclinically relevant musculoskletal B-scansto correctfor the error
inducedby transducemotion, we calibratethe transduceautomaticallyby usingthe signal
betweenrthe transduceandskin inclusiely. This region appearsn the top mostpartof the
B-scansn Figure3.8. This hasbeenfoundto be consistentith all data.Thereforejnsteadof
usingnon-rigid frameregistration,which is known to introducesomeinterpolationerrorsand
to bemorecomputationalye registerthe displacemerntfields. Thisis achiered by updatingthe
displacementields with the meandisplacemenin the identifiedregion. Assumingdisplace-
mentsareaccuratevith minimal elevationmotionandmaovements only transducedependent,
this cancorrectfor smalltransducetateralmotion. During freehandscanningthetransducer

is reasonablytationary
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5.3 Proposed2D SpeckleTracking Methodology

Givenanultrasoundsequencenterframedisplacementd; = (u., v.) areestimatedyenerating
displacementields,whered; defineshedisplacementf anobjectatlocationz = (z,y) toits
locationz’ = (z+ue, y+ve ) attimet+1. Thefundamentahpproaclusesamultiscaletemplate
matchingpyramidinitialisedby aregularlattice R, sampledy P x @ (typically 8 x 8 or4 x 4)
onapreliminaryultrasoundrame f;. Templateof M x N, whereM ,N = {64, 32,16,8,4}
areusedto increasinglyimprove displacemenaccurag until M = P andN = @ definingthe

finestscale.Displacemenandtrajectoryfield densityis dependenbn theinitial sizeof R.

Using NCC asa first measurethe local disparity betweerreferencel andcandidatel’ tem-
platesis determinedy identifyingthe maximumcorrelationcoeficient ¢, . Insteadf using
the spatialdomainNCC (4.4), for efficiengy the NCC is performedin the frequeng domain
usingthe FFT definedas:
o FHFMFI)
JITIEDR- [ [IF@)

whereF is the Fouriertransformof templates andI’, F~! is theinverseFouriertransform,

leadingto {0 <ec<1} (5.1)

and* is the complex conjugate(accomplishinghe reversalof I by negating the imaginary
component)with the numeratodefiningthe crosscorrelation.In orderto overcomethe prob-
lem of possiblesignificantvariationsin spectralamplitudeover the frequeng range,dueto
fluctuationdn spatialintensity it is advantageous$o normalisethe correlation dividing by the
productof the magnitudeof the spectralcomponentswhich increaseghe sharpnessf the
correlationpeaksothat ¢ rangesbetween) and1. For curvilineartendonsor regions of at-
tenuationarteficts,the meanintensityfor eachtemplatemay not be the same,in thesecases
intensity invariancecan be achiezed by subtractingthe meanintensity from I and I’ prior
to (5.1), for significantsizedtemplates.Sincethe 2D Fourier transformis periodicwith the
blocksize M x N, thedisplacemengstimatesieedto be unwrappedo accommodataegative
displacementsThustherangeof displacemengstimatess [—M /2, N/2|, for example,to es-
timatedisplacementsvithin therange[—32, 32], the block sizeshouldbe atleast64 x 64 (the
largestscale).NCC trackingis sensitie to imagingscale rotationandperspectie distortions.
In this context minimal perspectie androtationdistortionspotentiallyexist, however, theNCC

doesenableequalsizedpatterngo be detectedoy a rotationdistortionof 5° to 10° [68]. By
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usingmultiple templatescaleswe achieve scaleinvarianceandimproved accurag from local

reflectancevariations which canbe causedy subtleartefictspresentn theimages.

The spatialdisplacementectord; is estimatedn the z andy directions,afterlocatingc,,q.
from theresultingcorrelationfield ¢. For eachpositioni in R the NCC is performedat mul-
tiple templatescales,usingthe previous d; ascandidatecemplatel’ offsets. This yields an
approximateadisplacemenaswe areyetto take into accounthe apertureproblemor speckle.
Multiple templatesverenot constructedisingrepeatedow-pasdiltering andsub-samplings
in aGaussiapyramid[50], asfirst theintensitydistribution of ultrasoundmagess not Gaus-
sianandsecondthe templatesat lower resolutionscontaina distinctlack of ary usefulsignal
for correspondence problemfrom filtering mentionedin Chapter2. Using NCC typically
producesstrongcorrelationmatchingin high frequeng data(> 10 MHz), whilst assumingan
increasedpeckleSNRfrom high captureratesandsparsescatterersSpecklenoise,predomi-
nantly atlower frequencieg< 7 MHz), reducegshe NCC matchingaccurag, highlightingthe
necessityof a suitablealternatve measuren suchregions. Othercause®f correlationreduc-
tion alsoincludea lack of signal(probede-couplingor curvilineartendons)signalsaturation
(incorrectgain controlsor bone),and minimal features,causingproblemsfor ary similarity
measureLaterin Section5.3.4we introducea new approachio combinesimilarity measures,

aimingto improve displacemenaccurag for sequencesapturingregionsof differentsignal.

5.3.1 Interframe Displacementdo Trajectories

At this stagewe have quantifieda displacemend for eachblockin f; for alattice R yielding
anapproximatenterframedisplacementfield. For sequenceshis processs repeatedor every

framepairin thesequencéo give:

di...diin = NCC{(ft, fr+1) - -« (ft4n, frant1)} (5.2)

Insteadof usingthe sameR for eachframe pair, asabove, we redefineR with the estimated
displacement$rom (f;, f;+1) for the next frame pair (fi+1, ft+2). Consequent|ytracking
resultsin a displacemenvectorwith temporalhistory The motiontrajectorycanbe formally
definedasavectorfunctionT';(¢; , t,), which specifiegshehorizontalandverticalcoordinates

attimet of areferencdocationatz attime ¢y. GiventhemotiontrajectoryT';, thevelocity at
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timet’ atalocationz’ alongthetrajectorycanbe definedby:

dT (t; x, tp)

Itl —

(5.3)

Trajectoriegepresenthetemporatrackingof featureghrougha sequenceA powerful benefit
from thetrajectorydefinitionis the temporalhistory which hasa directrelationshipwith tem-
poraldisplacementoherenceExampletrajectoriesareshavn in Figure5.4, demonstrating
full 30-frame history of the temporaldisplacementfrom f; — f39. However, the amountof
displacemenhistory canbe changedfor examplea moving 5-frame history wheredisplace-

mentsmeasuref; — f5, fo— f6 - - - fn = fn+s, Whichis shavn in Chapter®.

5.3.2 The Aperture Problem Effect

As aresultof tendonanisotropicstriatedstructureandtendonlinear movement,discussedn
Section3.2, significantapertureproblemsoccurin regionsof tendonratherthanin regionsof
speckletexture from soft tissue,hencethe above displacementareonly approximate.In the
perfectcase the correlationfield from the NCC would typically containa singlestrongpeak,
however, wheretheaperturgroblemis greatesthe correlatiorfield typically containsasingle
strongelliptical shapegeak.Consequentlythehighestcorrelationcoeficients,of very similar
value,lie within alarge displacementange.A further problem,identifiedby Thomag96] is
the possibilitythatthe correlationfield cancontainmultiple peaksdueto the presencef ary

velocity gradientswithin thetemplate howvever, in our datathis is unusual.

Thereforewe thresholdthe correlationfield ¢ producedrom the NCC, to yield a binaryfield

cout, Wherethethresholdvalueis cys, = 0.9, avaluethatcomplieswith [102], givenas:

Cous (i1 ) = 0 ife(i,5) < Cthresn (5.4)

1 otherwise
The single most significantflaggedregion in ¢,,: is usedto provide a mask,to reducean
exhaustve searchin ¢, to ensurehe maximumcorrelationcoeficientis locatedin this region
of support. The majorandminor axesof the flaggedregionin ¢,,; determineshe anisotroy
ratio, which quantifiesthe extent of the apertureproblem. This indicatesthe precisionof the
locationof the peakanddisplacemenaccurayg, for example,anequalratio would indicateno

aperturgroblem.Thisis repeatedor all templatescalesvith minimal computationaéxpense,
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andcansuitablyindicateanisotropianotionmoreeffectively than1D RF elastographydueto
measuring2D motionin bothaxial andlateraldirections.To illustratethe anisotropiomotion,
in Figure 5.2 we shav local multiscalecorrelationfields ¢(z, j) and cyyut(7,7) accordingto
(5.4), for a singledisplacementrom in vivo tendondata. We have obsered thatcasef the

apertureproblemaretypically no moreextremethanillustrated.
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(a) Examplec(s, j) with isotropicpeak. (b) Exampleco.+ (7, j) with isotropicpeak.
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(c) Examplec(z, 7) with anisotropigpeak. (d) Examplec,..: (4, 7) with anisotropigpeak.

Figureb.2: Localcorrelatiorfieldsfor asingledisplacementisingmultiscaletemplateanalysisdemon-

stratingthe effectsof theaperturgroblemon the correlationcoeficients.

5.3.3 Block Matching Motion Estimation using Maximum Lik elihood

As mentioneckarlier to combatreducedNCC accurag in regionsof increasedpecklenoise,
we proposethe useof an additional, selectvely chosenmeasure namelythe CD, measure
introducedby CohenandDinstein[20]. RecentlyBoukerrouietal. [13] shavedthatin regions
of densespeckleCD- is a moreprecisemeasurghanfor example,the NCC or MSE criteria.
Thereasonis dueto CD, incorporatinghecharacteristicsf the ultrasoundmagingmodality

which considerghe multiplicative specklenoisein ultrasoundmages.

Until now, blockmatchingmethodslescribedn Chapte# consideredhe SAD, SSDandMSE

matchingcriteria, which Patraset al. [73] shav are equivalentto a maximumlikelihood es-
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timator, assuminghe motionintensitydifferencedollow independenLaplacianor Gaussian
distributionsrespectiely. Whenusingblock matchingtechnigquesvith the maximumlikeli-
hoodestimator we performa full searchto matcha block from the first framewith a block
in the secondframe, within a predefinedsearcharea. The estimateddisplacementectoris
theonemaximisingalik elihoodfunction,formulatedaccordingo theimageformationmodel,

insteadof minimisinganintensitydifferencecriterion.

In this sectionwe denotetheintensitiesfor thereferenceaemplatel in f; asa; = [aq, - . ., a;]
andthe intensitiesfor the candidatetemplatel” in f;1; asb; = [bi,...,b;] wherei is an
individual block and; a pixel. Thereforethe estimatediisplacementectord is foundby the

maximisationof the following conditionalprobabilitydensityfunction:

&i = arg n(liax p (a;|b;, d;) (5.5)

7

whichdetermineshelikelihoodof locatingb; in f;+1 giventheoriginala; in f; andadisplace-
mentd;. Making the assumptiorthateachblock a; andb; arecorruptedwith multiplicative
specklenoise thentheobseredpixel j in blocki becomes:;; = 11s;; andb;; = 1255 where
s;; istheoriginalsignal,andn; ands, aretwo independemoiseelementsvith Rayleighprob-
ability densityfunctions. The relationshipbetweenthe obsered noisy pixels in both blocks
thenbecomes:

aij = nbj where n= % (5.6)

Takinginto accountthatthe noiseterm is the division of two Rayleighdistributed random

variablesthe conditionalprobabilitydensityfunctionis givenin [71] and[20] as:

MN 2(ai; [bi;)? }
a; bi,di = I | J J 5.7
plailbid) {((az'j/bz'j)2 +1)° &)

Usingablock matchingapproacto maximisethis equationis equivalentto maximising(5.5),

=1

thus, for a specificdisplacementhe correspondingoint in the next frameis computedby
maximumlik elihoodusingblocksof M x N. Motion estimationbasedon (5.7) is knowvn as
the CD, measurepamedby Cohenand Dinstein, which we usein our multiscaletemplate
matchingapproach. Finally, the CD, measureachiares the bestdisplacemengestimategor

regionsthatcloselyconformto a Rayleighdistributiont.

!Furtherexplanationappearsn AppendixA.
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5.3.4 CombinedUltrasound SpecklePattern Similarity Measures

We emplgy both NCC and CD, measuresvith multiscaletemplateanalysis,usingthe NCC
as the primary matchingmeasuredue to its high accurag in low speckledensity regions.
However, we requirean appropriatemeansof automaticallydeterminingthe amountof local
specklepresento decidewhich measuredo apply For this we usethe SNR, A, given by the

ratio of themeanl,, to the standardieviation I, of the pixels containedn alocal region I:
A= (5.8)

In atypical areaof uniform densaultrasoundspeckle Wagneretal. [106] have determinechn
expectedSNR valueof A = 1.91. We verified this valuewith in vivo datausing multiscale
templateregions of a uniform area,locatedat the focal zone of the ultrasoundbeam,and
computedhemeanSNRfor 5 sequencesf 30-frames.Resultsareshavn in Figure5.3, with
themeanSNR cornvergedat A = 2 confirmingthe useof 1.91. This highlightsa requirement
to useatolerance empirically derived at 25%, to ensurea reasonablespecklesensitvity for
in vivoimageswherespeckleis seldomuniform. Only regionsof M x N, whereM ,N > 16
wereableto determinereliably that a region containeduniform speckle hencethe previous
scaleSNRis usedfor M,N < 16. Thereforewe proposeto useandapply eitherthe NCC
or the CD, measuresleterminediy the SNR, which implies the speckledensitypresentn a
region:
NCC if A > (1.25x1.91)
measure= (5.9)
CDy otherwise

The SNRincreasesvith alow amountof speckle(reachingso for speculareflection) justify-
ing the NCC measure However, SNR decreasefor high amountsof speckle indicatingthat
aregion shouldbetracked usingthe secondCD, measureThisis evaluatedusingthe associ-
atedreferenceand candidategemplatesjn afull searchwith the sameextentsasthe primary
NCC measurdor the larger scales.The speckleSNRis usedasan indicatorof specklecon-
tent(ratherthancorrelation) astypically featurelessegionsof uniform speckleproducehigh
correlationcoeficients with surroundingspeckle. The SNR is also sensitve to otherimage
componentsfor example,featureboundariesesultingin a low local SNR, thereforewe also

checkthate,,,, is low. This approachallows the proposednethodto adaptto imagecontent.

In Figuresb.4(a),5.4(c)and5.4(e),we illustrate samplespatialandtemporaltrajectoryfields
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Figure5.3: A plot of the speckleSNR for multiple block scalesin a region of densespecklefrom our
in vivo data.Experimentallyusingblocksof M x N, whereM ,N > 16, the SNRcorvergescloselyto
thetheoreticalSNRof 1.91[106€] in regionsof Rayleighstatistics.

for a video sequencef the patella,achillesanddigital flexor tendonsrespectiely. We also
shav theseasspatialdisplacementieldsin Figuresb.4(b),5.4(d)and5.4(f), with a 30-frame

displacemenihistory

Thetrajectoryfield densityis reducedor clarity, with eachresultcorrespondingo thelabelled
B-scansin Figure 3.8. To highlight our combinedsimilarity measureapproachNCC usage
is indicatedin blackandCD, usagen red. By comparingboth B-scansandtrajectoryfields,
NCC usagewasmainly in the tendonregion andin regionsof strongsubstructurewith CDy
usedelsavhere,as expected. Also, a minority of trajectoriesuseboth measureso track the
sameregion, whichis indicatedby bothblackandreddisplacementsThis variationcanoccur
from motionblurringandfrom temporalspecklechangesAdditionalanalysisof ourcombined

similarity measurepproachs conductedaterin Section5.6.
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(e) Spatiotemporairajectoryfield. (f) Trajectorieswith 30-framehistory
Figure5.4: Spatiotemporahndspatialtrajectoryfields demonstrating 30-framedisplacemenkistory

usingour combinedsimilarity measureapproach.NCC usageis indicatedin blackandCD, usagen

red.In vivo sequenceanalysedvere: (a-b) Patella,(c-d) achillesand(e-f) digital flexor tendon.&

69



5.3.5 Temporal Trajectory Updating

We now dealwith theissueof temporalupdating. The underlyingassumptiorbehindregion-
basednatchings thatthetextureof thereferenceemplatel remainsconsistenthroughouthe
capturedsequencek-or afinite periodof timethisis acceptablehenceor interframematching,

I is notupdatedprior to matchingwith the candidateemplatel’:
Lipy(x) =hLx) Vix>1 (5.10)

For tracking acrossmultiple frames,to generatdrajectories,/ eventually becomesan inac-
curaterepresentationf the tissuebeingtraclked, correlatingpoorly with candidatgemplates.
As aresult,trajectorypathscandeviate andthis error is known asdrift. Tempoal updating

reducegheerrorby resettingl in every framewith anew template:
Iiyi(x) = Ii(x + di(ue,ve)) Vi1 (5.11)

However, tempoal updatingis limited by anaccumulatedrackingerror, resultingin the up-
datedreferencetemplatebeinginaccurate. Instead,we usedrift updating (previously only
appliedto afew pointsfor vehicletrackingin [59]) to eliminatetemporaldrift error Trajectory
drift updatingimplementdempoal updating but realignsl; to theoriginal referencéemplate

I, thisis illustratedin Figure5.5.

No Updating ]1 ]3 [3 /

Temporal
Updating

Figure5.5: Schematiof trajectorymatchingusingno updating temporalupdatinganddrift updating.
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Trajectorydrift updatingappliestwo matchingstepsfor eachdisplacement:

1. Tempoal updating to producea displacemenusing the appropriatemeasureas de-
scribedin Section5.3.4,and

2. Realignmentto correctfor drift betweerreferencaemplates; andI; usingthe faster

NCC measureypdatingthefinal displacement.

Thisis usedfor thelargesttemplatescale(automaticallycorrectingfor drift in smallerscales),
andeffectively doubleghenumberof correspondencebutis importantto ensurdhattheorig-
inal referencegemplateremainsthe samethroughout.As a checkthe realignmenfor the first
framepair shouldbe zeroif the displacemenfrom tempoal updatingis correct. Therealign-
mentis only usedwhenthe correlationis high, assequencethat captureboth large motions
anddeformationscausel; # I;. With hardwarelimitations of 30 framesandpotentiallyhigh
trajectorydensity for theNCC measureéheFouriertransformof eachreferenceéemplatefrom
f1 arestored keepingdrift computatiortime minimal. Furtherextensionsarepossibleat the
expenseof significantlyincreasingcomputationfor example,storingeachtemporalreference
templateto updatefor appearanceariation[59], or a Kalmanfilter asappliedin [84], using

theblocksatthe bestmatchlocationsasobserationsto decidethe correctreferencaemplate.

We compareboth tempoal updatingand drift updatingusingthe DYNAMIC-HEALTHY?2
data. Table 5.1 reportsthe imagereconstructiorerrorsto measuredisplacementccuray,
usingpre-warpedFD andDFD measuresyhere,for example,a DFD of 16 measurega mean
intensityerror per pixel of 4. In generalboththe FD andDFD errorswerelow (FD = 14.71
at f1 — f»), asaresultof thereducedpull rate. Tempoal updatingerrors(DFD = 13.75 at
f1— fo andDFD = 15.75 at fg9 — f19) increasedat a higherrate,thandrift updatingerrors
(DFD = 11.13 at f; — fo andDFD = 12.66 at fo9 — f10), which proved more constant.In
summaryonly slightdisplacemeninaccuray occurredor sequencesf < 10 frames but next

we demonstratéargererrorspropagatingor sequencesf 30 frames.

We useda specificin vitro experimentcapturinga tendondisplacedat a linear ratealongthe
lateralaxis. A setof 100 trajectories(10 x 10) representinga tracked ROI of 40 x 40 pixels
for 30 framesareshavn in Figure5.6. A typical actualtrajectoryis shavn asa dasheded

line in Figure5.6(c),with the estimatedrajectoriesfrom both drift andtemporalupdatingas
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Frame |PRE-WARP|Temporal Updating|Drift Updating
Pair FD DFD DFD
fi—=fo 14.71 13.75 11.13
fo— f3 15.05 13.77 11.37
f3—= fa 15.89 14.74 11.90
fa— fs 14.56 13.43 10.75
fs—= fe 15.81 13.17 13.42
fe = fr 14.82 13.41 11.49
fr—=fs 14.96 13.65 11.75
fs = fo 15.15 14.15 11.95
fo — fio| 16.05 15.75 12.66

Table5.1: Error measure$or proposedpproactusingSTATIC-LANDMARKO.

acrossedlackandcircledblue linesrespectiely. The estimatedrajectoriesusingtempoal
updatingrapidly divergedfrom the actualtrajectory with afinal differenceof 65 pixels. The
estimatedtrajectoriesusing drift updating however, produceddisplacementsimilar to the

actualtrajectory with afinal differenceof 4 pixels.

5.3.6 Spatial Trajectory Updating

Finally, tracking,especiallyin long sequencesgequiresupdatingtrajectoriesfor featureiden-
tification in eachconsecutie frame f, 1, for newv objectsenteringand old objectsexiting.
Potentialcause®f suchtrajectoryupdatesarefeaturegraversingin the 2D plane,3D volume,
atimageboundariesand occlusion,producingpotentialtrajectoryclustersand voids. If the
Euclideandistancebetweernthe coordinatesor ablockin R andall the correspondingieigh-
bouringdisplacementm the displacementield are> P, ), thena new trajectoryis included
for thatblockin R. Also, if adisplacemendl; is equatlto ary of its neighbouringlisplacements

d;, thenthatdisplacemenis flaggedfor remaval, forming asingletrajectorypath.

At add it ||ds; —dijllp > P,Q
Update: dt,remove if dt,i = dt,j (512)
di; otherwise

The bestexampleof trajectoryupdating,occursatimagebordersdueto the continualmotion

of thetendontraversingfrom extensionto flexion, thisis demonstrateth Figure5.7.
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Figure5.6: In vitro tendonfor temporalreferencaemplateupdating.Note: Drift correctedrajectories
containaslightkink from a digitisationinducedartefict. #
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Figure5.7: Groundtruthtrajectoryupdating. The first and fourth rows shov the B-scanROI of the
groundtruthsequencethe secondandfifth rows shaw trajectorieswithout updating(in black),andthe

third andsixth rows shaw trajectorieswith updating(in red). An in vivo exampleis on-line. é&

We useda restrictedaperturesizeto captureonly alocal region of tendonfrom the STATIC-
HEALTHYO sequenceEvery otherframeof the sequenceés shavn in thefirst andfourth row
of Figure5.7. Thetrajectoriedor the signalthatexist from f; arein black. Theseareshavn
withoutupdatingin the secondandfifth rows. Thetrajectorieghatareautomaticallyincluded,
asa resultof voidsin the previous trajectoryfields, are shavn in the third andsixth rows in
red. At the startthereareno voidsin thetrajectoryfield, asthereis no significantmotion. At

thefinish, however, the original trajectoriemno longertrack objectsin the sceneandhave been
removed,leaving only new trajectories.
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5.4 Trajectory Path Coherence

With modernultrasoundnachinegroviding real-timeframeacquisitionrates mostobjecttra-
jectoriesbetweernconsecutie frameshave minimal abruptchangesn motion. Consequently
it is possibleto formulatethenotionof trajectorypathcoherencé TPC). TPC measurethe co-
herenceof motionfor anobjectatary pointin animagesequenceasfor exampleusedby [41]
for trackingfeaturepointsin cinematicfilm sequencedn our caseanobjectis definedasthe
specklecapturedn eachoriginal referencaemplatein thelattice R, for a completeframeor
userspecifiedegion. The pathcoherencéunction® representrajectorydeviation,asmooth-
nessmeasuref thederivedobjecttrajectory Denserajectoryfieldsquantifythedisplacement
of singleor mary objectsthroughouta sequenceWe usethe TPCto enablendividual trajecto-
rieswithin atrajectoryfield to becomparedproducinganindicatorof neighbouringrajectory
similarity. Whena subsefof trajectoriesfrom this field for a specificROI is consistentvith
partof asingleobject,the expectedTPC field would be reasonabl\homogeneouandwithin
a localisedrange. Conversely for a region of artefict or noise,the expectedTPC would be
variedandfluctuatewithin a large range.Lastly, underdeformationthe expectedTPCwould
graduallychange.ConsequentlyT PC outputis importantasa trajectoryconfidenceaneasure,

summarisinghe generapathcohereng acrosghetrajectoryfield.

Vertical Velocity Components

Uy, U, Uy
Horizontal Velocity Components Y-axis o X-axis
(a) Trajectoryschematic. (b) Densetrajectoryfield.

Figure5.8: Trajectorypathcoherencefa) Schematiof thedisplacementthatform atrajectoryT; and

(b) anin vivo denserajectoryfield for a 30-framesequence.
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To derive the TPC, eachtrajectoryT';, which wasformalisedin Section5.3.1,denotesT; =
{3, 1414, -, Te4n,i}, asequencef positionswherex; ; represents pointz atframe f;
alonga trajectory: for a sequencef n frames,asshavn in Figure5.8. The deviation in the
trajectorypath®, ; is definedby the displacementectord; ; for displacements;_; ; to z;;
andsoon: ®;; = ®(xy_14, T1 i, Te11,:) = P(dr i, diy1,). Hencefor n framesthetrajectory

pathcoherencéor asingletrajectoryT’; with n — 1 displacementss definedas:
1 n—1
TPC{Ti} = — ; By (5.13)

Theexpression®,; in (5.13)usestwo normalisedermssothat® € [0, 1], with TPCranging

betweenr) for low trajectorycoherenceand1l for high trajectorycoherencegivenas:

@t,i:a;’ﬁ 0<d<1 (5.14)

For eachtrajectorythe direction coherencex (changein angle)usesthe dot productof the
magnitudeof displacemenvectorsd,; andd, ;. Thesignof the angleof trajectorydevia-
tion is not includedin the TPC function (absolutevalue of numeratoiin (5.15)),asthe TPC
considergheamountof deviation in the directionof motion,andnot thedirectionin termsof
left or right, yielding absolutevaluesof cosinef anglesgiving numberdetweert) and1. For
example whena = 1, thentheanglebetweerthedisplacementectorsis 0° or 180°, meaning
that both displacementsl; ; andd;1; move in the samedirection (high coherence)whilst
a = 0 would meanthe anglebetweerdisplacementd; ; andd; 1 ; is either90° or 270° thus

areunrelatedlow coherence).

dii o diyl

a = cos(f) = ————T
©) = gl Tdris)

0<ac<l (5.15)

For eachtrajectorythespeedcoherence? (changeén magnituderonsidershegeometrianean
normalisedoy the arithmeticmeanof the magnitudeof consecutie displacemenvectorsd; ;
andd;;1;. Thedeviation rangesbetweenl for the samemotion (high coherenceand0 for

highactvity (low coherence)definedas:

STl
5 = g VIduil Il 0<B<1 (5.16)

T d| + [digal

To demonstratéhe TPC as a measureof trajectoryactiity, threedifferenttrajectoriesT’,

Ty andT'3 areshavn in Figure5.9. Thefirst Ty, is a linear trajectoryconsistingof equal
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displacementd(u, v) to provide a benchmarlof trajectorycoherenceThe secondandthird,
T andT'3, shav periodicmotionandprovide anincreasingleviationfromT';. TPCresultsare
reportedin Table5.2with T'; having atotal TPC of 1.00, henceperfecttrajectorycoherence.
TrajectoriesT’y and T3 producea TPC of 0.73 and0.50 respectiely, with T's5 shaving the

mostdeviation andactiity for theseexampletrajectories.

Trajectory History

d,10,0) | d,(10,0) | d,(10.0) | d,(10.0)
Tl > > L >
d,(10,0) 1 d,(11010) 1 d,10-10); d,(10,0)
Tl >
d,(1010) {d,10~10)} d,(1010) id,(10.~10)
T3 -~ ~ ! —~ -~ 1

Figure5.9: TrajectoriesT’y, T'>; andT'3 with atemporaldisplacemenhistoryof 4 framepairs.

fi = fo fo— f3 fa—=fa
Trajectory| a 8 @& TPCla [ @ TPC|la S @ TPC|TPC
T, 1.001.001.00 1.00|1.001.001.00 1.00{1.001.001.00 1.00|1.00
T, 0.710.990.85 0.85/0.001.000.50 0.67/0.710.990.85 0.73(0.73
T; 0.001.000.50 0.50{0.00 1.00 0.50 0.50/0.00 1.00 0.50 0.50( 0.50

Table 5.2: Trajectorypath coherencdor trajectoriesT, T» and T3, with T; with high temporal

coherenceandcomparedo T'; with lessdisplacementoherence.
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5.5 DisplacementField Smoothing

Oncethe combinedmatchingmethodis appliedwe perform displacemenpost-processing.
Spuriousvelocity vectorsareinevitablefrom ary trackingprocessaindarenot alwaysobvious.
Potentialcausesare from noiseor artefaictswheremultiple block scaleshave insuficient en-
capsulatedeatures.Using a coherencéasedpost-processinglgorithm, thatis the adaptve
weightedvectormedianfilter (WVMF) [4], displacementare smoothedf inconsistentvith

theirdominanteighbourswvhilst preservingnotionboundaries.

Givenn displacementssideaslidingwindow (of ary size,we use3 x 3) whereneighbouring

displacementarej = 1,2, ...,n, the WVMF outputis a mediandisplacemenvectord; ,,:
dt,m = med{dt,j...n} (5'17)

Sincethe medianvalue mustactually be the value of one of the displacementectorsin the
neighbourhoodthe WVMF doesnot createnew unrealisticvalueswhenthefilter straddlesan

edge preservingedgeinformation.

A displacemenis substitutedvith d; ., if the cumulatve weightedp-normdistancebetween
dim andd,; is significant(lessthanthe cumulatve weightedp-norm distancebetweenan

individual d; ; andneighbouringd; ; displacementsgxpresseds:

n n
dim it Y willdym —diglly, < 0 willdy; —dyllp
=1

WVMF = i=1
di; otherwise

(5.18)

wherep = 2 denotingtheL2-norm.WVMF canbeiterative for bothinterframedisplacements
andtrajectorydisplacemensmoothingwith low computation. For our alternatingmeasures
approactthe weightinguseseitherc,,,,,, or doublethe CD, measureutput(where0.5 is the

maximumvalueasshavn in FigureA.1), sothatw € [0, 1] preventingunbiasedveighting.

Figures5.10(a)and5.10(b)area corruptedsyntheticframepair (f1, f2), asdefinedin Chap-
ter 3. An initial displacementield is shavn in Figure5.10(c),producedrom the NCC match-
ing measureavith ablock sizeof 8 x8. Thisappearso have mary erroneouslisplacementand
several strongoutliers. For this example, WVMF required?2 iterations,whereFigures5.10(d)
and5.10(e)aredisplacementields producedirom post-processinthe original displacement

field. Differing to the original displacementfield, the final post-processedisplacementsare
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only slightly differentto the groundtruthin Figure5.10(f). The maximumnumberof itera-
tionswasdeterminedy usingthe DFD imagereconstructiorerror, to preventover-smoothing,
whichis detrimentalto displacemenéccurayg. For in vivo sequencesye tendto use2 itera-

tions,unlessotherwisestated.

(a) Syntheticf; . (b) Syntheticfs.

(c) #0. DFD=200.3. (d) #1. DFD=198.0. (e)#2. DFD=197.1. (f) Groundtruth.

Figure 5.10: Post-processing(a) Syntheticframesf; and (b) f2, (c) original, (d,e) post-processed

displacementields,and(f) the groundtruth.

5.6 CombinedMeasure Impr ovementAnalysis

In this sectionwe demonstratéhe improvementgainedfrom alternatingthe matchingmea-
suresproviding acomparatie analysiof our proposedcombinedNCC/CD, approaclagainst
the CDy, NCC and MSE measures.The evaluationof our methodis demonstratedisingin

vitro andsyntheticspeckledatawith displacementesultsusingin vivo sequenceshawvn later

Initially, we tracked anin vitro region of tendonfrom the DYNAMIC-HEALTHY?2 data. The
absolutesrrorbetweerthe groundtruthandmeanestimatedrajectoriesaresummarisedn Ta-
ble 5.3. The NCC consistentlyproducedsignificantlymoreaccuratedisplacementsompared
to the singleCDy andMSE measuresFor example,the NCC produceda maximumerror of

5.54 comparedo 19.30 and25.74 from CDy andMSE, for a pull of 10 mm. The maximum
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errorwasnoticeablenearthe endof eachpull cycle, dueto the clampedtendonnot returning
to its original restingstate. The meanerrorremainedow usingNCC (2.71, 2.44 and7.79 for
pulls of 3, 6 and10 mm respecitiely), andvery similar to the combinedmeasurespproach
(2.69, 2.45 and7.79 for pulls of 3, 6 and10 mmrespectiely). As mentionedater, dueto the
lack of speckle usingcombinedmeasureprovedto be only asgoodasthe singleNCC mea-
sure. Typically, for in vivo datathe speckleSNR instigateghe usageof the NCC in minimal

speckledtendon)regions,andthe alternatve CDy, measurén densespeckleareas.

Pull MSE Only NCC Only CD; Only Combined
mm | Max Mean STD Dev|{Max Mean STD Dev| Max Mean STD Dev|Max Mean STD Dev

3 479 360 353 |216 269 121 |557 3.88 223 |216 271 1.22
6 |897 3.78 446 |262 245 139 |532 458 213 |2.63 244 1.37
10 |25.7410.35 7.96 (554 7.79 3.12 |(19.30 9.00 4.11 |555 7.79 3.12

Table5.3: Summaryof trajectoryabsoluteerrorfor in vitro tendondatafor 3 pulls. Settings:WVMF

iterations= 2 andmultiple block scalesvhereM x N = {64, 32,16, 8}.

Sampleerror resultsin Table 5.4 shav the key improvementfrom our combinedmeasures
approachusingsyntheticdata. Typically, thisis obseredin sequencewith regionsof varying
speckledensity(from multiple objectsfor exampletendonandtissue,asshavn in Chapter3),
wherebyusingthe appropriatameasureallows for local signalvariation;this is importantfor
in vivo analysis.Hence for regionsof homogeneouspeckle(with a high or low density),the
bestaccurag is only asgoodastheappropriatesinglemeasureThus, Table5.4 usessynthetic
imagesdescribedn Section3.3.3,to control speckledensityandto generatea groundtruth
displacementield. An exampleof the combinedmeasuresipproactimprovement,is the low
mearnvelocity angularerrorof 9.62 for varyingdensityspecklecomparedo 11.46, 11.66 and

13.48 for CDy, NCC andMSE respectiely.

Consequentlyin Table 5.5 we shawv further resultsspecificallyfor varying densityspeckle.
Theseresultsillustratea marked improvementcomparedo usinga singlemeasureFor exam-
ple, for the bestcase(no appliednoise),the combinedmeasurespproachproduceda mean
velocity angularerror of 7.06, comparedo 7.54, 7.64 and7.30 for the CD,, NCC andMSE
measuresespecitiely. Fortheworstcaser = 0.8, thecombinedmeasureapproactproduced

ameanvelocity angularerrorof 11.10, comparedo 12.84, 12.10 and21.28 for the CD,, NCC
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High Density Speckle(100%)

Low Density Speckle(20%)

Varying Density Speckleg

Measures|Mean® STD Dev® DFD |Mean® STDDev® DFD |Mean® STD Dev® DFD
Combined 7.13 6.46 9.22 13.78 15.85 6.56 9.62 10.62 7.48
CD; Only| 7.13 6.47 9.22 15.95 16.63 755 | 1146 1391 9.33
NCCOnly| 7.39 6.60 9.23 13.72 15.83 6.56 | 11.66 13.42 8.10
MSEOnly| 7.58 7.45 13.27 | 23.74 24.55 14.20 | 13.48 18.05 10.15

Table 5.4: Interframevelocity angularerror and displacedframe differenceerror.  Settings: Affine

deformation(4 pixels)sequencewithoutnoiseusingWVMF iterations= 0 andablock MxN = {16}.

andMSE measuresespectiely. WVMF noticeablyimprovedall resultsfrom just 2 iterations
usingan 8 neighbourhoodegion, reducingthe velocity angularerror, for example7.06 with

and9.62 without. Similar resultswereobtainedrom testingover 100 framepairs.

Uncorrupted Nm ~ 0 = 0.4 Nm ~ 0 =0.8
Measures | Mean® STDDev® | Mean® STDDev® | Mean® STD Dev®
Combined| 7.06 6.09 7.41 7.02 11.10 12.44
CD; Only 7.54 6.92 9.94 10.34 12.84 15.09
NCCOnly | 7.64 6.09 8.53 9.12 12.10 13.25
MSEOnly | 7.30 7.49 20.18 18.81 21.28 20.09

Table5.5: Interframevelocity angularerror for 3 casesof noisecorruptedframesof varying density

speckle Settings:Affine deformation(4 pixels)sequencewith varyingnoiseusingWVMF iterations=
2 andablock M x N = {16}.

We have demonstratedhat usinga combinationof specklepatternsimilarity measuresm-
proved displacemenperformanceyalidating our approachon syntheticspeckleandin vitro
datasets.Also, we obsered displacemengaccuray is improved from analysingframesthat
containsub-rg@ions rangingfrom: densespecklewith characteristicghat are purely multi-
plicative Rayleigh to sparsestablespecklefo minimal specklemixedwith a strongunderlying

signal,all featuregypically foundin in vivo data,asshavn laterin Table5.8.
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5.7 ProposedTrajectory Results

Subsequent)ywe evaluatethe performanceof the proposednethodin Section5.7.1,specifi-
cally in regionsof fully developedspeckleusingthetissuemimicking phantondata.ln Section
5.7.2we proceedby establishinghe trackingaccurayg specificallyin regionsof in vitro ten-
don. Finally, in Section5.7.3we analysen vivo data,with regionsof tendonandtissuewith

potentiallyvaryingamountsf speckle Furtherdetailsfor eachdatasetsppearsn Chapter3.

5.7.1 TissuePhantom Results

In theseexperimentswve analyse3 typesof tissuemimicking phantomsequenceé~, A and
), eachundegoing a compressie strainof 10%, capturingan absolutedisplacementf 0 to
11 pixels. To measurehis movement,100 trajectorieqin a10x 10 region) wereinitialisedata
resolutionof P x Q whereP, (Q =4, trackingaregion of 40 x 40 pixelsatthe samdocationfor
eachexperiment.Theseregions,shavn in Figure5.11,displayedvery similar stabletextures,

evenaftercompressiomndphantominitialisationperiods.

A= B

(a) Sinusoidal~). (b) Triangular(A). (c) Squarg).

Figure5.11: Actual andenlagedtracked speckleregionsof thetissuemimicking phantom.&

Eachexperimentusedthe sameparameters3 templatescalesvhere M ,N = {32, 16,8} and
a singleiterationof WVMF post-processingpreventing over-smoothing). Figure5.12illus-
tratessparserajectoryfield results,with temporaldisplacementalongeachtrajectoryin red,
benefitingfrom the proposedalternatve matchingmeasurespproach.The sinusoidal trian-
gularandsquaredisplacementproducedoercentageisageratiosNCC:CD, of 89:11, 87:13
and84 : 16 respeciiely. The extremelystablespeckletexturesresultedin a high NCC usage

resultingfromanSNR > 1.91, with correlationcoeficientsall > 0.98.
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Figure5.13illustratesthe DFD andFD displacemengrrorsusingthe MSE criterion,following
asetof trajectoriesTheerrorsaredeterminedlongthetrajectory(f1, f2), - - - » (ft4n—1, ft+n)
insteadof comparingto thefirst frame(f1, f2), .- ., (f1, fn), t0 preventintroducingwarping
errors. Trajectoriesbeforeand after loading producederrorsof MSE. A o =~ 0, indicating
perfectdisplacements.Trajectoriesduring loading producederrorsup to MSE. A = 200,
whichis inevitablesincespecklechangesvith tissuephantonmotion. Further two largespikes
eachof MSES =400 andMSES = 900 presenin the DFD resultsweredueto blurring, asthe
large displacementeccurredn smalltimeintenals,shavn at f¢ to fg and f14 to f1¢ in Figure
5.14(c). The FD troughsof MSE.. A occurreddueto framesat the maximumdisplacement
beingvery similar, only differentdueto somenggligible lateralmotion. The DFD at these
points shaved a marked improvement. In comparisonthe FD and DFD troughsof MSEq

werezero.

Themeantrajectoryandstandardieviation for eachtrajectoryfield areplottedin Figure5.14.
In generalthe estimatedrajectoriesstartand finish locationswere equalwith very similar
peakmagnitudegseeboth x-axial and y-axial meantrajectoriesin Figure5.14). This con-
firmedtemplatedrift updatingwasaccurategliminatingdrift and potentialstrainbias. Each
meantrajectorydemonstrated strongsimilarity to the 1D actualdisplacementsecordedrom
the groundtruth. The centralisederrorbarsalong eachmeantrajectorymeasurehe standard
deviation in eachsetof trajectories. Althoughsmall, asexpectedthe largestdeviation tended
to beatthepeak.For instancethe proposednethodquantifieda meanestimatedlisplacement
of —10.5 £ 0.5 pixels. Thisindicateghatthe estimatedralueof thedisplacemerniies between
—10 and—11 pixels,comparedo the groundtruthdisplacementf —11 pixels. Underperfect
conditionseachsequenceapturedonly axial displacementssimulatinga 1D mavement. In
thestationarylateralaxisinsteadof zero(seex-axial meantrajectoryin Figure5.14),however,
resultsshaved a smallbut significantdisplacementAlthoughlateralaxis displacementsiere

notmeasuredy thetestrig, thesedisplacementaboutthe peaksuggesthatmotiondid occur

Figure5.15shaws the ideal linear relationshipof the actualtrajectorycomparedo displace-
mentsalongthe estimatedneantrajectory All sequenceshavedthatloaded(blackstars)and
unloaded(blue triangles)meandisplacementsorrelatedextremely well with the actual(red

dashedine) displacements.
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Figure 5.14: Trajectory statisticsfor the tissue Figure5.15: Estimatedmeanvs. actualtrajectory

mimicking phantomsequences.

for thetissuemimicking phantonmsequences.
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TheestimatedrPCvaluesrangedbetweer).9<®. <1.0,0.7<P <0.9 and0.9< I <1.0
for the sinusoidal triangularand squaredisplacementsThesewere comparabldo the actual
groundtruthTPCvaluesof @ o g = 0.9 to 1.0. The TPCvalueswerecompactanduniform,
consistenwith asingleobjectundemegligible strain. With higherstrain,the TPCandstandard

deviationincreasgshavn aserrorbarsin Figure5.14),assumindrajectorieshave zeroerrot

5.7.2 Invitro TendonResults

To provide acomparisono thedisplacemenaccurag resultsn the previouschaptein Section
4.4, we usedour final proposedapproactto analysethe sameframes(f1, f2) to (fg, f10) Of
the STATIC-LANDMARKO sequencefor interframeanalysis.Eachframe pair capturedthe
sameB pixel lateraltranslationakhifts,hencewe expectedresultingmeasurement®s produce
similar results,which are shavn in Table5.6. The proposedmnethodproducedconsistently
betterperformancdor all casescomparedo the resultsfrom earliermethodsin Tables4.2
and4.3,whichis indicatedby all DFD values globalframecorrelationd CORR)andvelocity
angularerrorsbeingsuperior For example,a DFD of 34.48 at f; to f, wassignificantlylower
thanthe FD of 273.46, and DFDs of 84.78, 55.33, 214.74 and106.63 from FSBM, VSBM,
CamusandProesmanstal. respectiely. Exampleinterframedisplacementieldsfor (f1, f2)

to (fs, fo) areshawvn in Figure5.16from the proposednethod.

Frame PRE-WARP ProposedApproach

Pair FD CORR% | DFD CORR% Mean® STDDev°
fi— fo | 273.46 97.40 | 34.48 99.67 6.91 7.69
fo— f3 | 27028 97.44 | 32.96 99.69 6.98 8.05
fs— fa | 27257 97.41 | 33.62 99.68 7.15 7.94
fi— fs | 273.87 97.40 | 36.10 99.66 7.33 8.40
fs— fe | 271.60 97.43 | 33.63 99.68 6.44 7.93
fe — fr | 274.65 97.40 | 32.27 99.68 7.65 7.70
fr— fs | 273.83 97.40 | 36.20 99.66 7.23 7.70
fs— fo | 273.87 97.40 | 36.72 99.65 7.16 7.69
fo— fio | 277.84 9753 | 35.39 99.66 8.30 7.28

Table5.6: Error measure$or proposedapproachusingSTATIC-LANDMARKO.

Furthermorethe purposeof analysingn vitro tendonsequenceg/asto evaluatethefeasibility
of quantifyinglateraltendondisplacementspecificallyfor strainestimationusingtrajectories.

We presentesultsfor a 30-framesequencef tendondeformationundegoing a tensilestrain

86



il

2l

o

@) (f1, f2)- (0) (f2, f3)- (©) (f3; fa)- (d) (fa, f5)-

Rt
fi

(©)(fs, fo)- () (fs, f7)- ) (f7, fs)- (h) (fs, fo)-

Figure5.16: Displacementieldsfor (f1, f2) to (fs, fo) usingSTATIC-LANDMARKO.

of 3.5%. This encapsulated recordedgroundtruthdisplacemenof 0 to 30 pixels. An ex-
ampleof atrackedregionis shavn in Figure5.17(a);in comparisorto the tissuemimicking
phantonmthesetexturesarevery different,yet both arevisible in musculoskletal B-scansdue
to theunderlyingsignal. We initialised 250 trajectorieqin a 25 x 10 region) at a resolutionof
P x @ whereP,() =8 trackingaregion of 200 x 80 pixelsatthe sameocationfor eachexper
iment. Parametersncluded: 4 templatescalesvhere M ,N = {64, 32,16, 8} and3 iterations
of WVMF displacemensmoothing.Largerscalesvereusedto ensurghedisplacementange
wassuitable. Figures5.17(b)and5.18(a)illustrate trajectoryresultswherea small minority
of temporaldisplacementalongeachtrajectoryarered, to represenCD, andtherestblack,

representingNCC, indicatinga usagepercentageatio of NCC:CD, = 93:7.

Figure 5.18(b) shaws the ideal linear relationshipof the actualtrajectorycomparedto dis-
placementsalong the estimatedtrajectory Displacementshaved loaded(black stars)and
unloaded(blue triangles)meandisplacementsorrelatedwell with the actualdisplacements
(red dashedine). Two typical inaccuraciesvere obsered during experimentationfirst, ten-

don slippage tendonstraighteningluncrimping)and plastic deformation,all contrituting to
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Figure5.17: Tendonin vitro results:(a) Examplein vitro tendonregion and(b) sparsdrajectoryfield.

thetendonfailing to returnto its original startingposition;secondmatchingaccurag reduced
from increasingdissimilarity with larger deformations We obsered that deformationdarger
than5% producedinconsistentaccurag. TPC valuesof 0.6 < ® < 0.77 resembledhe ac-
tual groundtruthof 0.6, shaving moreactvity thanthe phantomresults. Further TPCvalues
graduallyincreasedlongtheloadedlateralaxis andwereuniform alongthe axial axis, corre-

spondingo the appliedstrain.
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Figure5.18: Tendonin vitro results: (a) Full spatiotemporatrajectoryfield and (b) estimatedmean

trajectoryvs. actualtrajectoryrelationship.
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5.7.3 Invivo Musculoskeletal Results

The potentialrole of this researcHor in vivo elastographys demonstratetdy analysingmus-
culosleletalsequencesA rangeof clinically relevantdatawasprocesseg@roducingtrajectory
fieldsandstrain,including sequencesapturingthe achilles,patella,radial flexor tendonsand
mediannene, only differing to tendonsin size. A typical trajectoryfield and corresponding
strain plot areillustratedin Figure 5.19, for a ROI during a completesequencef resting-
flexion-extension-restig motion. Strainincreasedand decreasedvith the kinematicmotion
of the tendonmoving from flexion f; to fi5, to extensionfig to f39. Strainmagnitudewas
generallysmallasno loadingwasappliedfor thesetests. As expected resultscorresponded
to our in vitro tendonpull groundtruth(asin Figure5.18(a)).Straincomputatioris addressed

furtherin Chapter6, but briefly referredto herefor clarity.

—— Lateral Mean Strai
141l — Axial Mean Strain

Strain (%)

.
X 0 o X 0 5 10 15 20 25 30
Y-axis X-axis Frames

(a) Sparsdrajectoryfield. (b) Strain.

Figure5.19: Examplein vivoresults:(a) Sparsdrajectoryfield (usagepercentageatiowhereNCC:CD,
is 78:22), and(b) thederivedstrain.

Furtherin vitro andin vivo displacemenaccurag resultsare summarisedn Tables5.7 and
5.8 respectiely. Resultsarecomparedo the relevant methodsmentionedn Chapters2 and
4, namelysingle scaletemplateregion matchingusing the NCC correlation[107][105][87]
and CD; [20] measures.With no in vivo groundtruthdata, displacemenfield accurag is
determinedsolelyfrom the DFD, measuredy the MSE. Althoughnot optimal,asit is possible
thatinaccuratedisplacementsanproducealow DFD errorin areasof similar texture (tendon

apertureproblem),the DFD hasprovento be agoodindicator alsothe CORRvaluebetween

89



thedisplacedrameand f;; complementshe DFD. Thefirst columncontainsthe FD erro,
asa measurdo compareagainsteachDFD result. The proposedechniqueoutperformsbhoth
NCCandCD in mostcasesproducingconsistentifower DFD thanFD errors(for example,a
DFD of 278.6 comparedo aFD of 423.7, and372.7 and302.3 for NCCandCD, respecitiely).
The percentagesageatiosof NCC:CD, for in vivo casegangedbetweerB2: 68 and86: 14.
The NCC appearedessaccuratehanthe proposednethod,dueto framescapturinga small
region of tendonin comparisorio speckleandtissue.Theseresultsshav minorimprovements
comparedo theothermethodshut areclinically significant,aserrorsin displacementdirectly

reducestrainprecision.

PRE-WARP NCC Only CD, Only ProposedApproach
Datasets FD CORR %|DFD CORR %|DFD CORR %|DFD CORR % NCC:CD,
Phanton~ 147.7 9755 |50.6 99.19 |51.5 99.18 |41.2 99.32 92:8
PhantomA  |104.3 98.29 |48.1 99.21 |40.6 99.34 |26.4 99.58 91:9
Phantonid 237.4 96.21 (4019 94.60 [206.1 96.84 [184.8 97.09 92:8
Tendonin vitro|152.3 99.11 |241.3 98.62 |197.4 98.85 |136.5 99.21 89:11
Tendonin vitro|226.6 98.66 [215.4 98.74 |178.5 98.95 [143.1 99.16 91:9

Table5.7: Imagereconstructiorerror measuregor tissuephantomandin vitro tendon. Resultsare
shawn for a single scaletemplateregion matchingusingonly NCC andonly CD,, andthe proposed
methodusingselectve useof both measuresThe final columnshaws the usageratio of these.Frame

sizewasb512 x 512 pixels.

5.8 Conclusion

We have investigatechn automatedipproacHor estimatingultrasoundspecklemotion, devel-
opingaregion basednethodfor computervision elastographyFrom a systematiovalidation
studyanalysingissuemimicking phantomjn vitro tendonandin vivo clinical musculoskletal

datasetsarangeof displacementdrajectoryfieldsandaccurag resultshasbeenpresented.

Priorto specklemotionestimation frameregistrationcorrectedor ary transducemotion, al-
lowing for automatianon-stationaryramecalibration,remaoving the needfor traditionaltrans-

ducerclampingapparatusisedin RF elastographyThe estimatedlisplacementkcatedin the
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PRE-WARP NCC Only CD, Only ProposedApproach
Datasets FD CORR %|DFD CORR %|DFD CORR %|DFD CORR % NCC:CD-
Achillestendon333.2 97.93 |341.1 97.69 (277.4 98.10 |239.0 98.37 53:47
Achillestendon384.2 97.91 |437.0 97.60 |324.3 98.23 |352.7 98.08 52:48
Achillestendon441.4 97.82 |422.6 97.93 |322.8 98.39 |312.3 98.44 53:47
Achillestendon423.7 97.23 |372.7 97.57 |302.3 98.02 |278.6 98.18 44:56
Patellatendon [208.0 97.98 |194.6 98.01 |159.7 98.35 |131.1 98.65 37:63
Patellatendon {208.0 97.93 |200.5 98.01 |167.2 98.33 |133.6 98.67 48:52
Patellatendon {151.8 98.61 |218.8 98.02 |191.2 98.24 |138.2 98.73 86:14
Patellatendon |266.7 98.34 |332.2 97.94 |277.3 98.27 |261.6 98.37 61:39
Radialtendon | 86.3 99.43 [161.6 98.95 (123.8 99.18 |84.2 99.44 72:28
Radialtendon [130.5 98.50 |192.3 97.83 |140.9 98.37 |125.8 98.55 53:47
Radialtendon [212.4 98.10 |233.0 97.91 |186.0 98.33 |206.9 98.16 58:42
Radialtendon [358.3 95.20 |347.0 95.23 |323.6 95.55 |278.9 96.11 64:36
Mediannene |349.0 95.20 |433.2 94.04 |429.2 94.04 |397.6 94.49 52:48
Mediannene [119.3 99.02 |162.6 98.67 |141.6 98.84 |118.8 99.03 32:68

Table5.8: Imagereconstructiorerror measuregor in vivo musculoskletaldata. Resultsare shavn
for a single scaletemplateregion matchingusingonly NCC andonly CD-, andthe proposednethod
usingselectve useof bothmeasuresThefinal columnshaws the usageratio of these.Framesizewas

512 x 512 pixels. Bestresultsareshavn in bold.

region betweerthe skin andtransducem the B-scanswereusedfor the globalregistrationof
all displacementields. Using displacementg this landmarkregion, proved similar to mea-
suringthe displacements alandmarkregion createdrom attachingan elasticlayeroffsetto

thetransduceor tamget, for example[70].

Theaccurag of specklemotionestimationis dependenon theimagequality of theregistered
sequencesWe have shavn that using multiscaletemplateanalysis,with orderedand over-
lappingsetsof detectableselocity rangesandalternatve specklesimilarity measuresproved
effective for awiderangeof datasetsWe obseredthatthespecklésSNRmadecertainthatNCC
usagewasdominantin tendonregions,wherespeckledensitywasnegligible (non-Rayleigh).
Also, the speckleSNR ensuredCD, usagewasdominantin deepeldower frequeng regions,
wherespecklewasdensgRayleigh).With varyingultrasoundmagecontent the benefitfrom

usingautomaticallyselectedsimilarity measuredss theimprovedlocal displacemenaccurag
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from trackinga region with the appropriateneasuredeterminedy local imagecontent. In

situationswherethe SNR value may not reliably determinethe correctmeasurdo use,area-
sonabledisplacemenis still producedhatis improved by multiple block scales.Finally, we
notedthatnon-optimakransducegainselectiorcreatecareasf low inhomogeneousontrast,

whichfor the NCC producedelatively flat correlationsuriaceswith nggligible peaks.

Physicalfactorsinducing drift include an inhomogeneoustrain distribution, tamget object
angularchangesand a low frame rate, causinginaccuratedisplacements.It was also ob-
sened, howvever, that trajectorydrift updatingsuccessfullyeliminateddisplacementrift er
ror. D’Hoogeetal. [24] obsered similar drifting inaccuraciesvhenmeasuringardiacstrain,
differing by compensatindor drift by assumingstrainboundaryconditions. This studyalso
highlightedthat interframepixel shifts of < 1 and > 30 proved difficult to track, with large

deformationgroducingweakmatchingastheassumptiorof pixel constanintensityfailed.

Performancéasbeenmeasuredsingtheangularvelocity errorandimagereconstructioiFD
error For in vivo datathe DFD providesareconstructiomuality measurewhichis assuredy
the factthat quality rankingbasedon the DFD is quite consistenwith the global correlation
coeficient. In Section5.7.2a comparisons madebetweenour approachand the previous
work in Chapter4. Usingour in vitro datawe have shawn improved accurag for all results
with this technique andalsoshavn low errorsusingin vivo data. This work hasillustrated
thatimagebasedmnethodgrovide accurateneasurement®r arangeof displacements both
axialandlateraldimensionsFollowing on,in thenext chaptemwe useour approactasdetailed
here to producedisplacementandtrajectoryfieldsfor determiningspatialandtemporalstrain
maps.Usingseveralin vivo sequencesye illustratethe procesf using2D speckletracking

for evaluatingthe biomechanicapropertiesof tendonsandsofttissue.
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Chapter 6

Strain Estimation from Trajectories

6.1 Intr oduction

In this chaptera practicalalternatie to elastographys presented We generatéemporalax-
ial andlateral strainmapsderived from our trajectoriesthat measure2D specklemovement,
andprovide a novel spatiotemporastrainhistory for a taiget subjectover time. In chapter2
we describedraditional RF elastographywhich generateglastogramsjuantifying1D strain
from anapplieddisplacemenusingultrasounddisplayingthe longitudinalstrainasthe axial
componenbf the estimateddisplacemengradient. Typically, displacementarederived from
1D crosscorrelationof the RF echoarrival times, pre and post-deformation.Unfortunately
RF elastographyravbacksinclude the inability to recordandstoreRF data,andlimited to
measuringsmallin vivo strainsof only < 1%, bothrestrictingclinical usability In this chapter

we demonstrat¢headvantage®f animagebasedapproach.

We generatspatiotemporalD strainmaps guantifyingthestrainfor agivensubjectduringan
inputvideosequenceThisuseghemotiontrajectorieglescribedn thepreviouschapterwhich
measurdhe dynamicresponsesf musculoskletal soft tissuesandtendonsunderkinematic
loading.We arenot awareof ary existing researchhatattemptgo quantifyastrainhistoryfor

in vivo data,particularlyfor regionsof softtissueor tendon.

A knowledgeof tissuemotionis usedto derive a second-ordestraintensorand strainrate,

producinga spatiotemporalisualisationof the appliedstrain,locally andglobally, throughout
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time. Providing a2D temporalisualisatiorof tissuemechanicapropertieshasthepotentialto
enablecliniciansto uniquelyvisualiseandcompareboththe dynamicbehaiour andaxial and
lateral strain historiessimultaneouslyn a noninvasiveapproach.Furthermorethe potential
benefitsof usingultrasoundmageanalysisasa tool to measurenovementandstrainwill be

discussedUltimately, we establishtrajectoriesandelastogramsor clinical in vivo examples.

Our resultsshav that the proposedmethodmeasuresxial and lateral strainsof ¢ < 3.5%
with good precisionfor in vitro data,with strainaccurag determinedy comparisongo the
groundtruthlD strainand displacemenerror measures.For in vivo data,strainaccurag is
determinedby the imagereconstructiorerror and expert opinion. Additionally, for in vivo
data,we compareheaccurag of the straintensorwith anotherstrainestimatordecorrelation
coeficients, which assumecorrelationdecreasess strain increases. Resultsconcludethat

decorrelatiortoeficientsasastrainestimatorarelesseffective thanour straintensorapproach.

The structureof this chapteris asfollows. In Section6.2 we defineandformalisestressand
strainfor 1D analysis,andthe 2D straintensorandtemporalstrain history for 2D analysis.
Next, in Section6.3, we presentstrainresultsfor the tissuemimicking phantomandin vitro
groundtruthdata. We thenfocus on estimatingtrajectoryfields and strain resultsfor in vivo
musculoskletalsequencesf the patella,achillesanddigital flexor tendonswith imagerecon-
structionerrors.Then,in Section6.4, we explorethe decorrelatiorcoeficient asa measuref

strain.Finally, thechapteiis concludedn Section6.5.

6.2 Strain Estimation from Displacementsand Trajectories

Tendondorm anintegral partof themusculotendinousnit, transmittingthetensiongyenerated
in muscleto bone.Whenthetendonis underload,thedeformatioris expressedsa strain(the
changein linear dimensionper unit length),or a stresgthe force appliedper unit area),with
Hooke’s Law definingthatstresds proportionako strain. Tendonmechanicabehaiour is typ-
ically influencedby its hierarchicaktructure history strainratesandstrainrange.In thiswork,
we areconcernedvith only measuringstrain,asthis is equivalentto elastographyechniques
thatderive strainfrom a knowledgeof displacementsAn importantby-productof usingthe

proposedspecklerackingmethodologyis the possibility of generatindD straintensorfields.
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In thefollowing sectionswe definestrainfrom usingdisplacementandtrajectorieswith ex-
amplesof both 1D and2D deformatiorfor anelasticsubjectshavnin Figure6.1. A reasorfor
quantifyingdisplacemengndstrainis to cateyorisetissueasedn mechanicaproperties For
example,soft tissueqsuchasmusclesfat, cartilageandfibroustissuesundego nonuniform
displacemenbr deformationsupportinglarger strainsthan hard tissues(suchas cancerous
tissues,cystsand tumours),which undego uniform displacemenand smallerstrains. This
assumptiorcanform partof a sggmentatiorschemehatis discussedaterin Chapter7.

Initial f
Configuration Jr+1

Compressive .
Deformation ff

P - Deformed
Configuration

Tensile
Deformation

(a) 1D Deformation. (b) 2D Deformation.

Figure6.1: Schematicshaowving alocal: (a) Point,for 1D elastographwnd(b) regionfor 2D B-scans.

6.2.1 1D Axial Strain Analysis

Extensionratios (knowvn asthe enginees strain)are a dimensionlesstrainvalue measuring
relative movementl /I, wherel and/ arethe original and changedengthsrespeciiely. This

leadsto 1D Lagrangiarstraine for staticobjectdeformation:

Ih—l—g 1
=0 _ "y 1
li—o I (6.1)

wherethe original lengthl,—y remainsconstanfor all ¢. As the tissuephantomandin vitro

tendonarestaticobjectsall motionis deformatiorasaresultof theappliedload. For dynamic
objects,however, the original lengthis unknavn andvariesduring the deformationprocess.
By expressinghe changedengthrelative to thelengthata previousinstantin time, we define

the Eulerianstraine’:

e = Z}‘F‘Sti_lt (6.2)
ly
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Finally, temporalintegrationcanproducethetotal 1D or 2D strainduringthetime interval.

Currently RF elastographyseshechangen distancebetweertwo specificRF signalss; and
s9, to directly estimatelocal strainasthe spatialgradientin motion of the RF signal. Using
1D windows positionednear(proximala) andremote(distalb) to the point of origin, strainis

givenas:
(52,6 — 52,0) — (51 — 51,0)
S1,b — Sl,a

(6.3)

5'(31@) =
wheres; , ands; ; arethe pre-compressioechoarrival timesfrom the proximal and distal
windows respectiely, ands, , andsy ; arethe post-compressioachoarrival timesfrom the

proximalanddistalwindow respectiely.

It mustbenotedthatdifferentstrainmeasuresxist (for exampleLagrangiarandLogarithmic),
which producedifferentresultsasstrainsincrease It is mostcommonto useLagrangestrain

whensolving problemsinvolving large deformationg > 5%.

6.2.2 2D Axial and Lateral Strain Analysis

In 2D objectdeformationthereare 4 straincomponentsaxial and lateral componentgmo-
tion normalto the objectborder)andshearcomponentgmotion parallelto the objectborder).
Second-ordestraintensorscandescribeall axial, lateraland shearstraincomponentscom-
pletelydefiningthe stateof strain. The Green-Lagrangstraintensor[27], E, is ameasuref
strainthatis invariantunderrigid bodyrotationsdefinedas:

E:%(?F—n (6.4)

where F is the deformationgradientand I is the secondorderidentity matrix. We useeach
displacementectord;(u, v) to definethelinearGreen-Lagrangstraintensoy for smalldefor
mations.Thetensordefineshetwo 2D normaldirectionalstrainss;; ande,,, andthetwo 2D

shearstrainse,, ande,, for displacement:

du; 1 ( Ouy dv;
B | fe | Kz §<ay + 6a:> 6.5)
L o 1 ov; + ou; v, !
Eyz  Eyy o T By dy

Eachcomponentanbe derived using (6.1) for staticsubjectsor (6.2) for dynamicsubjects.
For example thee,; andey, Lagrangiarstraincomponentsire:

Ou; 1y — Ug=o

- 0v; U — vi=0
rr —
oz Ti—g

and g,y = — =
v Jy Yt=0

(6.6)
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For objectsthatarehomogeneoussotropicandincompressiblethe shearstraincomponents
aredefinedase,y = €y,. Consequentlyby implying thatboth shearcomponentsire com-
plementarythe numberof componentganbereduced Finally, in practisethe derivativesare

estimatedisingthe Sobeloperatoron the WVMF smoothedlisplacementields.

The straintensordefinedin (6.5) is suitablefor small strainsof € < 1% for in vivo analysis,
however, for largedeformatiorapplicationghestraintensorE becomesion-lineay containing

guadratiderms.Thesearederivedin [27] usingthe Taylor seriesexpansionandgivenas:
I o VA LT
T 9 2 ox ox
N S TSN I
W oy 2 oy oy
1 8uz (9’Uz' 1 Buz auz (9’Uz' Bvi
= = 5t ) ro () (B2 )+ (52 ) (52)| (67
w=ar = 5 (5 5) v (5) (&) (&) (5)] e
Existingresearcho illustratetensorinformationincludesWeinsteiretal. [108] andSigfridsson
[89], constructingensorglyphs,which aregeometriaepresentationsf thetensor Typically,
ellipsesare formed by multiplying points on a circle by the tensor However, overlapping
ellipseshecomeapidly confusingfor densalisplacemenfields. Alternatively, thecomponents
of ary second-ordetensorcanbe reducedo an eigewvalue problem,whereeigemwvaluesarea

scalarrepresentatiothatareinvariantto direction,quantifyingthe amountof strain. Splitting

thegreatesandsmallestigewaluessignifieseithertensionor compressiomespectiely.

Herein,we preferto usethe Frobeniusiormof thestraintensorE to illustrateour strainresults,
which is invariantto directionand both normalor shearstrain, quantifyinga single value of

strainmagnitudewhereT'r is thematrix trace,definedas:
IEllr =/ Tr(E"E) (6.8)

Therefore eachvalueshavn in the resultingstrainmaprepresentshe squareroot of the sum
of all E termssquaredwhich is determinedrom a single displacementlong a trajectory

mappingareferencaemplatefrom thefirst framethrougha sequence.
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6.2.3 Temporal Strain History

Until now, strainestimationfrom B-scanshasbeenrestrictedto only singleinstancesdueto
only analysingmanuallychoserframepairs,alimitation prevalentin mary works[12]. In this
work, trajectoriesareusedto quantify a novel spatiotemporastrain history thatdetermines
uniqueaxial and lateralstrainfor every positionin f; througha sequencemeasuringstrain
variationsduring a target subjects deformation. Consequent|yusingthe straindefinitionin
(6.5), trajectoriegquantify eitheraccumulatedtrainfor a region tracked from the first frame
(relating f; to fi1), Or incrementaktrainfor a region tracked betweenframepairs(relating
fts fte1 - -« ftan—1, ft+n). Theseprovide uniguemeasurementssadirectresultof ourmotion

estimationapproachwith in vivo resultsshavn in Section6.3.3.

6.3 Video SequencesJrajectory Fieldsand Strain Maps

Theaim of this sectionis to demonstratéhecompleteprocesof measuringhebiomechanical
propertiesof musculoskletal datausing ultrasoundvideo sequencesWe first presentissue
mimicking phantomandin vitro groundtruthstrainresults,analysingdisplacementfrom the
previous chapter We thenshav sampleframes,trajectoryfields and strainmapsfor in vivo

sequencesf the patella,achillesanddigital flexor tendons.

6.3.1 TissuePhantom Results

The tissuemimicking phantomwas describedn Chapter3, undegoing a compressie strain
of 10%, capturinganabsolutedisplacemenof 0 to 11 pixels. Theaccurag of thetrajectories
measuredrom thetissuemimicking phantomwereshavn in Figures5.13,5.14and5.15. In
summarytheproposednethodquantifieda meanestimatedlisplacemendf —10.5+0.5 pixels
atthepeakdisplacementindicatingthatdisplacemenaccurag atthis pointwas=+0.5. In this

sectionwe usethesedisplacementto evaluatestrain.

Figure6.2(a)shavs a completeaxial region of the phantomalongsidets correspondinglas-
togramin Figure6.2(b), at the peakdisplacementThe phantomelasticpropertieaneantde-

formationwasimmediatelybeneattthetransduceduringcontact. The elastogranguantifiesa
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localisedcompressie strainconcentrationn this region of e = 3.2% atthe point of load, with
thedeformationoccuringin aminimal area.The remainingphantomdisplacemenivasequi-
alentto the movementof the transducerandcorrectlyshavn aszerostrainin the elastogram.

|

T

=

(a) Region. (b) Strain.

Figure6.2: Elastogranfor anROI of 40 x 80 pixelsusingtrajectoriesn a 10 x 20 region, for f; to fi3.

6.3.2 Invitro Groundtruth TendonResults

Additionally, we analysedhein vitro tendonsequenceto evaluatethe feasibility of quanti-
fying lateraltendonstrain. We presentxial andlateralstrainresultsfor a 30-framesequence
of tendondeformationundegoing a tensilestrainof 3.5%, with comparisorto a groundruth.
Theaccurayg of the trajectoriesusedwereshavn previously in Figure5.18,shaving thatthe

proposednethodquantifiedameanerrorof +4 pixelsat the peakof therecordedyroundtruth.

Spatiotemporatlastogramsare presentedn Figure6.3 shaving axial, lateralandstrainmag-
nituderesults from usingthefull trajectoryfieldsgeneratedh Figure5.17.Eachquantifieghe
appliedtensilestrainbetweenf; to fi5, upto the peakdisplacementThesizeandlocationof
thetraclked region of tendonresultin spatiallyuniform strains. Axial strainsin Figure6.3(a)
shav a peaktensilestrainof ¢ = 0.3% at f15 with strainsin generalremaininginsignificant.
Lateral strainsin Figure 6.3(b) shav a peaktensilestrainin red of ¢ =~ 3.5% at f15, shaw-
ing reasonablepatialuniformity, correlatingwell with the appliedstrainshowvn in Figure6.4.
Both lateralandstrainmagnitudeslastogramsorrectlyshav strainincrementingn time. The

strainmagnitude(normalisedstraintensorcombiningaxial, lateraland shearcomponentsin
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Figure6.3(c),shavs thatthenggligible axial strainhadlittle effectontheoverall strain.

Frames

(a) Axial strain.

Frames

(b) Lateralstrain. (c) Strainmagnitude.

Figure6.3: Spatiotemporaglastogramsaxial, lateralandstrainmagnitudefor f; to fi5.

Figure6.4illustratestheactualstrainandestimatedneanlateralandaxial strainfor thetracked

region of tendon.This demonstratea lateralstrainerror —0.25% atthe peak.
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Figure6.4: Tendonin vitro estimatedaxial andlateralstrainsusingthe meantrajectory

6.3.3 Invivo Musculoskeletal Results

In Figures6.6,6.10and6.14we shav sampleframesfrom ourin vivo databasdor a patella,

achillesand digital flexor tendonsrespectiely (describedn Section3.4). Eachsub-figure

correspondso frames f1 fafafs, fsfiofi2fia, fief18f20 22 @nd foy fos fos f30 from the top
row to bottomrow. The maximumdisplacemenandstrainpotentiallyexistsat thelimit of the

kinematicmovement.All resultsusethe proposedapproachwith aresolutionof P x Q where
P, Q=8 andusemultiple block scalesM x N, whereM ,N = {64, 32, 16, 8}.
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6.3.4 Invivo Patella TendonResults

Sampleframesshaving a patellatendon(Figure6.5) appeain Fig-
ure6.6. Theseshav approximateendonflexion motionin f; to fig

(traversingfrom right to left), andextensiormotiononward (travers- Patella ¥

ing from left to right). EachB-scanshawvs the skin andsoft tissue

region atthetop, the patellatendonin the middle (delineatedy the *

ary),andonly noiselowerdown. As aresultof scanninghetendon- Figure6.5: Patella.

paratenorappearingasa hyperechoi@nteriorandposteriorbound-

boneinterface,appearingasa prominentsignal(centre-left),a hypoechoiaegion existsfrom
alack of signal(anattenuatiorartefict from the highly attenuatingpoone),andsomespecular

reflectionwithin thetendon.Also, thetendonis striatedfrom the parallelfibre bundles.

Figure6.6: Samplein vivo B-scansf alongitudinalsectionof the patellatendon for framesf; fs f41 fs,

fafrofi2f1a, fie fis f20 f22 and fag fas fos f30 from thetop row to bottomrow. &
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Figure6.7 shavs our trajectoryfield results. In general all trajectoriesdemonstrate@ com-
mon high temporalcorrelationthroughoutthe sequence.Another obseration was that the
trajectorieswithin the tendonhadrelatiely linear lateraldisplacementsandnggligible axial
displacementsYet, the trajectoriesin the noisy region beneaththe tendon,insteadof being
completelydiscontinuousandrandom,appearedo mimic someof the lateraltendonmotion.
Thiswasapparenfor all tendonghattraverselaterallyandnot encapsulatetly a sheath Ad-
ditionally, at the tendon-bonénterfacethatprovidesa landmark,trajectorieformeda dense

coherentcluster Someerroneoudrajectoriesalso exist, at the trajectoryfield edgesdueto

motionattheimageborders.

Figure 6.7: Sample trajectory fields from our final proposedapproach,for frames fifs f1fs,

fafiofi2fia, fie fis f20 f22 and fag fas fos f30 from thetop row to bottomrow. &
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Trajectoryfields were usedto producethe correspondingstrain mapsshavn in Figure 6.8.
Resultsprovide a temporalhistory of 2D strainmagnitude generatinga history for the com-
pletesequence As expected the straingraduallyincreasedo a peakstrainoccurringat the
maximumflexion movementat f15 of ¢ = 1.2% (colourcodedasdarkred). Theseresultsdo
not shav a uniform region of straincorrespondingo thetendon however, theinternaltendon
strainwaslow, rangingfrom ¢ = 0.5% (in green)to ¢ = 1% (in orange)at the tendon-bone
interface.Interestinglyin fs — foo realstrainsaremeasuredh areverberatiorartefict(lower-
left), shavn asrepeatediiminishingpeaksof the strainthatoccurredwithin thetendonwhich
is exploredlaterin Section7.2. In vivo strainmapsaredifficult to evaluatebeyonda subjectve

expertopinion,however, in Section6.3.7we reportimagereconstructiorerrors.
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Figure6.8: Sample2D elastogramfrom normalisinga seconcdrderstraintensor for framesf; fs f41 fs,

fafiofi2fia, fie fis f20 f22 and fag fas fos f30 from thetop row to bottomrow. &
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6.3.5 Invivo Achilles TendonResults

Sampleframesof an achillestendon(Figure 6.9) appeaiin Figure

6.10. Theseshaw approximatetendonflexion motionin f; to fig

(traversingfrom right to left), andextensionrmotiononward (travers- Achilles

ing from left to right). EachB-scanshaws the sametieredstructure fendon

thatwasobsered for the patellatendonsequenceHowever, differ-

encedncludeanobserable hypoechoiaegion (centre-right) mus-
Figure6.9: Achilles.

cle andsofttissuesub-structurdeneathithetendon andtheabsence

of abonelandmark.Also, subtleattenuatiorartefactsappeadistalto thetendonappearingas

slightly darler streakingverticalshadws. It is clearin fos thatmotionblur (smoothednten-

sities)hascorruptedhe B-scanfrom inconsisteninterframevelocity, which we expectto later

effecttrajectoryresults andcauseancorrectimagereconstructiorerrors.

Figure 6.10: Samplein vivo B-scansof a longitudinal sectionof the achillestendon, for frames
fifafafe, fafrofi2fia, fre fis fa0fa2 @Nd faou fos f2s f30 from thetop row to bottomrow. &
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Figure6.11shaws our trajectoryfield results. All trajectoryfields shavn in thetop row have
lessactiity dueto theplottedtrajectoryhistorybeing< 5 frames.Thereforethefirsttrajectory
field for eachsequenc®nly shaws interframedisplacementsAll resultsshaved spatialand
temporalregionsof strongcorrelation,exceptfor a region of discontinuoudrajectoriesat the
middle andbaseof the tendon. This wasconsistentn several of thetrajectoryfields. Also, it
wasobseredthatWVMF using3 iterations,producedsmoothcontinuousdisplacementsyet
maintainedhis region of discontinuity Therefore the trajectoriesn this region musthave a

high confidenceaveighting,hencea high correlationor low CD, error

Figure 6.11: Sampletrajectory fields from our final proposedapproach,for frames fi fs f1fs,

fafrofi2f1a, fie fis f20 f22 and fag fas fos f30 from thetop row to bottomrow. &
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The strainmapsin Figure6.12shav smallglobalstrainsof € < 0.5% (in blue)in f; — fs, as
thetendonmovedfrom a fully extendedposition. As expected the maximumstrainoccurred
atthelimit of flexion motionin f14 and fis, wherethe tendonunderwenta strainof e = 1%
(in green) andthe surroundingsub-structur@roduceda maximumstrainof e =1.8% (in red).
In generalstrainswerehorizontallyuniform, with strainsin the tendonregion lower thanthe
surroundingsoft tissuesub-structurat e =~ 0.5% ande ~ 1.1% respectiely. The strainmaps
appeamorehomogenouthanthosein Figure6.8, dueto theachillestendonandsub-structure
consistingof a more global motion. Furthermorethe local region of discontinuityobsered
in the previous trajectoryfields did not generateary significantstrains,but highlightedthe

importanceof usingdisplacementandstrainto detectandmeasurenusculoskletaltramua.

T
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P— — T —

Figure6.12: Sample2D elastogramfom normalisingasecondrderstraintensorfor framesf; fs f41 fe,

fafiofi2fia, fie fis f20 f22 and fag fas fos f30 from thetop row to bottomrow. &
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6.3.6 Invivo Digital Flexor TendonResults

Figure6.13, adaptedrom [34)], illustratesthe sheath(in blue), en-
capsulatingthe superficialdigital flexor tendon,and the bone (in
brown). Thefingerjoint captureds theP2to P3,whichis thefinger

tip. Sampleframesfrom a digital flexor tendonsequencappeaiin

Figure6.14. Theseshaw only approximatetendonflexion motion
for f1 to f3o. In the B-scansthe tendonsheathand bonesappear Figure6.13: Digital flexor
hyperechoicgelineatinghetendonboundaryandbonestructurere- tendonsheatrandbone.

spectvely, with theregion beneatttapturingonly neggligible signal.

Figure6.14: Samplein vivo B-scansof a longitudinalsectionof the digital flexor tendon,for frames
Jifafafe, fafrof12f14, frefi8foo fo2 @Nd foq fog fos f30 from thetop row to bottomrow. &
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The trajectoryfields in Figure6.15shav the fingertip orientatedo the right, which moves
downward from extensionto flexion. Therefore,maximummotion occursat the startand
endof the curvilineartendon(locatedeitherside of the joint), with leastmotiondistalto the
tendonjoint (centre). Resultsshav homogeneousegionsof trajectorieshat are constrained
to theanatomy Thiswasalsoobseredin Chapter4, distinguishingendonswith or withouta
sheath.An interestingobseration wasthelack of signalasthe tendonmoved away from the
transducerbecomingincreasinglylessperpendiculato the beam. Trajectoriesn this region
were smooth,consistingof the sameglobal motion. Somereverberationartefictsunderthe

fingertip (centre-right) producedisplacementsccurringasa smallclusterin fi5 to fo4.

Figure 6.15: Sampletrajectory fields from our final proposedapproach,for frames fi fs f1fs,

fafiofi2f14, fie fis f20 f22 @nd fay fos f28 f30 from thetop row to bottomrow. &
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Figure 6.16 shaws the correspondindemporalstrain mapsproviding a strain history for the
digital flexor tendon.The hypoechoiaegion of tendon(centre-right) asexpectedshavedzero
strains(in dark blue). Althoughstrainsin generalwerelow, therewasa substantialocalised
strain concentratiorof ¢ = 1.5% on the left of the joint (centre-left). Interestingly a subtle
straindevlopedover the fingerjoint, of approximatelye = 0.9% (centre)at f1, onward from
increasingflexion motion. Due to the occurrenceof a reverberationartefict (centre-right),a
smallregion of strain(e = 1%) occurredwhich did not correspondo the anatomy This can
arisewhen scanningcurvilineartendons(for examplethe rotator cuff), dueto usingtendon
dynamicbehaiour to determinestrain. Finally, aregion of stationarytrajectoriesdistalto the

fingerjoint (centre) produceda zerostrainregion in the strainmaps.

L L I
0.2 0.4 0.6 0.8 1 12 14

Figure6.16: Sample2D elastogramfom normalisingasecondrderstraintensorfor framesf; fs f41 f,

fafiofi2fia, fie fis f20 f22 and fag fas fos f30 from thetop row to bottomrow. &
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6.3.7 Invivo Musculoskeletal Accuracy

Theimagereconstructiorerrorsfor the previousin vivo resultsaresummarisedn Table6.1.
For thepatella,achillesanddigital flexor tendonsequencesye shav the pre-FDandpost-DFD
errors followedby thepre-correlatior{pre-CORRandthepost-correlatiorfpost-CORR)mea-
sures,aspercentagesTheseshav promisingresults,indicatedby 87% of DFD errorsbeing
substantiallyessthantheFD errors,andcorrespondingncreasednterframeglobalcorrelation.
Thebestcasesrethosethatquantifya large differencebetweerDFD andFD error Somese-
lectedcasesarehighlightedwith an?. The majority of theseresultsaregood,for example,in
the patellatendonsequencat f14 the FD was200.92 comparedo a DFD of 151.98, andpre
andpostcorrelationsof 97.96% and98.45% respectiely. Unfortunatelytherearesomecases
thatshav botha higherDFD thanFD error andlower interframeglobal correlations.All of
thesecasesaredenotedwith a®. As obseredin Section6.3.5, fo6 in an achillestendonse-
quenceavascorruptedvith motionblurring. Thereforewe anticipatedhepoorresultobtained,
wherethe FD of 250.95 waslower thanthe DFD of 295.68, with a preandpostcorrelationof
98.65% and98.49% respectiely. Anotherexampleof thisis apparentt fo3 of the samese-
guencewherethe FD of 82.61 waslower thanthe DFD of 159.01, with a higherprethanpost
correlationof 99.57% and99.15% respectiely. Uponinvestigation thelatter casesveredue
in partto significantglobal frame pair changesesultingfrom motion blurring, and not from
inaccuratalisplacementthatcanbeseenin Figure6.11.Visualinspectiorrevealedregionsof

blurredspecklecausedy the targetanatomyhaving inconsisteninterframevelocity.

6.3.8 Elastogram Multicompr essionAveraging

It hasbeenobsered by Vamgheseet al. [104] that multicompressioraveragingof the elas-
togramgproducedrom RF elastographymprovedthe SNRby reducingvariationsin thestrain
estimatescausedby displacemennoise. The SNR of the strain maps,producedfrom our
specklerrackingapproachganalsobeimprovedusingimagebasedmulticompressiomaverag-
ing. Again, the sourceof noiseoccurringin the strainmapsis from erroneouslisplacements,
but asaresultof analysingateralandcomplex motions,typically appearingasdiscontinuities.
The averagingtechnique reduceghe standardieviation of the averagedelastogranby v/N,

whereN is thenumberof strainmapsfor compressiorimproving the SNRby afactorof /N.
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Patella Tendon Achilles Tendon Digital Flexor Tendon

PRE POST PRE POST| PRE POST PRE POST| PRE POST PRE POST
FD DFD CORR CORR| FD DFD CORR CORR| FD DFD CORR CORR
167.70164.95 98.28 98.31188.12137.97 99.01 99.27| 57.52 51.85 99.38 99.44
156.19148.01 98.28 98.42(417.83326.97 97.79 98.26|107.26 76.71 98.85 99.18
136.51120.48 98.62 98.78| 82.61 159.01 99.57 99.1%| 42.62 37.42 99.55 99.60
265.51223.45 97.33 97.76|334.14275.40 98.22 98.53|23.32 31.11 99.75 99.67
232.07204.35 97.69 97.96(362.25303.12 98.10 98.41/168.15102.81 98.22 98.91
222.41195.46 97.78 98.04|461.73277.54 97.63 98.58|200.72105.54 97.91 98.90
179.81180.43 98.20 98.19(417.21223.22 97.90 98.88(286.19160.57 97.04 98.33
102.10159.92 98.99 98.42 |464.87338.07 97.68 98.32(222.29120.52 97.71 98.76
244.42221.85 97.85 97.80(373.38332.57 98.16 98.36|252.16158.21 97.40 98.35
140.34151.74 98.59 98.47 |413.25343.60 97.99 98.33|224.09146.57 97.66 98.45
238.79216.35 97.59 97.81|388.30302.82 98.13 98.54|182.94143.37 98.07 98.48
147.18146.18 98.49 98.51(356.51335.54 98.29 98.39(145.05109.89 98.45 98.82
90.32 91.52 99.08 99.10|338.67312.01 98.39 98.52|281.62206.35 96.92 97.74
200.92151.98 97.96 98.45'(226.01245.85 98.94 98.8%|196.03134.46 97.80 98.49
228.53177.52 97.68 98.19|142.06242.50 99.34 98.87|185.44136.49 97.89 98.44
190.76200.79 98.08 97.97|298.41277.96 98.60 98.69|140.12110.00 98.38 98.73
222.84216.56 97.77 97.82(319.11225.82 98.49 98.93|169.24124.68 98.03 98.55
186.73170.45 98.12 98.28(372.20326.50 98.22 98.43|151.23114.83 98.23 98.66
291.51246.65 97.06 97.50(505.41399.55 97.53 98.05| 65.23 74.87 99.24 99.12
150.67139.31 98.48 98.58|242.10292.52 98.83 98.5&|113.06 91.70 98.68 98.93
302.78229.85 96.91 97.64|396.10342.41 98.08 98.33|134.67120.01 98.43 98.60
196.32134.30 97.98 98.61|441.44378.86 97.82 98.11171.27140.23 98.01 98.37
251.47165.66 97.39 98.26|430.03338.35 97.81 98.26|159.99116.36 98.12 98.64
182.67158.45 98.10 98.37|447.27352.51 97.61 98.10| 40.46 85.85 99.53 99.0CP
174.64152.58 98.19 98.40(324.40241.20 98.23 98.67| 26.09 38.64 99.70 99.55
191.18160.40 98.00 98.32|250.95295.68 98.65 98.4% | 68.88 76.01 99.19 99.1(
106.05 99.88 99.88 98.97(257.01236.61 98.63 98.65| 90.88 79.74 98.83 99.06
222.29196.74 97.73 97.98|404.18380.78 97.87 97.99| 75.90 77.70 99.11 99.1P

Table6.1: Error measure$or in vivo dataof the patella,achillesanddigital flexor tendonswhereeach

row reportsinterframeanalysis.

All thegoodresultswherethe DFD is lower thanthe FD.
aSamplebestresults wherethe DFD is muchhigherthanthe FD.
PAll theworstresults wherethe DFD is lower thanthe FD.
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It isimportantto only averagestrainmapsfrom equivalentmotions,for example eitherasmall

numberof framesor a singlekinematicflexion or extensionmotion.

6.4 Strain Estimation from Signal Decorrelation

Sofar in this chapter we have describedhe processof usingdisplacementproducedrom
our proposedechniqueo determinestraininformation. However, an alternatve approacho
estimatingstrain, is to exploit the relationshipthat exists betweenthe correlationcoeficient
andtheappliedstrain,asappliedby BamberandBush[7] andVamgheseandOphir[102], using
the syntheticdatadescribedn Chapter3. This relationshipassumeghat asstrainincreases
the correlationcoeficient decreases.This is a sensibleassumptiorgiven that in the most
generakituation,straindoesnot have a cyclic nature asanobjectcanonly be deformedonce.
In ultrasoundelasticity imaging, strain induceddecorrelationis a major sourceof error in
estimating2D displacementssingcorrelationtechniquesWe have shavn thatthis errorcan
be significantlydecreasethy usingmultiple block sizes,andby alternatingspecklesimilarity
measuresto ensureregionsthatwould producea poor correlationmatcharetracked usinga
measurdakinginto accounthe statisticsof speckle.Therefore usingthe decorrelation-strain

relationshiphasthe adwantageof not suffering from displacemeninaccuracies.

In this section we measurehe signaldecorrelatiorto estimatestrainto provide a comparison
to our previous in vivo straintensorresultsandthe work in [102]. We determinethe peak
correlationcoeficientc,,,, usingtheNCCto definethedecorrelatiord asanestimateof strain

magnitudegivenas:

£~ 1.0 — cmaz (6.9)

Further we appliedmulticompressioraveragingto smootheachdecorrelatiorresult,defined
in Section6.3.8,notpreviously usedfor thestraintensorresults.Also, we specificallyanalysed
framesunderthe samemechanicamotion,for exampleflexion motion. Fromtheresultsin the
next section,we shaw thatstrainestimationfrom signaldecorrelatioris nota goodmethodto

measuren vivo strain,but doesprovide anindicatorof confidenceén displacemenaccurag.
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6.4.1 SignalDecorrelation Results

The signaldecorrelatiorresultspresentedn Figure6.17, are examplesbasedon the in vivo

patella,achillesanddigital flexor tendonsequencesriginally labelledearlierin Chapter3.

We present setsof decorrelatiorresults.First, Figure6.17(a)shavs the decorrelatiorresult
for a periodof patellatendonflexion motion. This revealeda singularhigh decorrelatiorcon-
centrationof £ = 0.6 (in orange-yellw), locatedin the reverberationartefactinducedby the
patellabone.Theremainingtendonsectionconsistef auniformlow decorrelatiorof £ < 0.1
(in blue),with increasinglecorrelationn theregion beneattihetendon(in light blue). Second,
thedecorrelatiomresultin Figure6.17(b)wasproducedor a periodof achillestendonflexion
motion. Within the tendonandin surroundingsubstructuredecorrelationwasrelatively low
anduniformat £ < 0.1 (in blue). Dueto the tendontraversingout of theimageplane,some
decorrelatiorwasvisible at the border(¢ =~ 0.7), which is not prominentin the strainmapsin
Figure6.12. Thefinal experimentuseda periodof flexion motion of the digital flexor tendon
sequence.The decorrelatiorresultproduceds shavn in Figure6.17(c). Areasof zerosig-
nal areshavn with a decorrelationvalueof ¢ =1 (in red). A strongdecorrelatiorpeakwas
presenfust beneaththe fingerjoint, which doescorrespondo a zerostrainregion in Figure

6.16.Again, theinternaltendondecorrelatiorwaslow £ <0.1.

(a) Patelladecorrelation. (b) Achillesdecorrelation. (c) Digital flexor decorrelation.

Figure6.17: Decorrelatiorresultsfor the patella,achillesanddigital flexor tendons.

In summary by comparingthe strain mapspresentedn Figures6.8, 6.12 and 6.16 to the
decorrelatiorfields in Figures6.17(a),6.17(b)and6.17(c),no two regions correspond.The
decorrelatiorfields proved insensitve to estimatingstrain,shaving no fluctuationsor signifi-
cantvalues,indicatedby large regionsof ¢ < 0.1 (in blue). Although, decorrelatiorprovides

ameasuref scatterechangefrom tissuedeformatiorin axial, lateralandelevationaxes,and
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is invariantto tensile,compressie or shearstrains,the decorrelatioralsoindicatestrajectory
confidence.As a confidencemeasureall resultsshaved a low decorrelationhigh correla-
tion) from usingthe NCC, confirmingour confidencehatour proposedpproactin Chapters

yieldedaccuratedisplacemenéstimatesvithin thetendonregion.

6.5 Conclusion

The objectie of this chaptemwasto generateaxial, lateralandshearstraininformationusing
in vitro andin vivo sequencedsA problemfor all strainmeasuremertechniquess quantifying
strainaccuray, specificallyfor in vivo data,aswe only have a prior knowledge of whatto
expect. For example,the accurayg of thein vitro RF elastogranin Figure 2.3 producedby
KonofagouandOphir, wasdeterminedy simplerin vitro phantomexperimentsandnotfrom
the datait wasbasedon. Althoughit is popularto measureRF elastogramaccurag by the
SNR, this only measureshe noisein the strain. However, our 2D speckletrackingtechnique
benefitsfrom quantifyingthe imagereconstructiorerror and decorrelatiormeasures.These
provide a betteralternatve to the SNR,asbothindicatedisplacemenandstrainaccurag and
confidencaespectiely, basedon thein vivo data. For in vitro data,strainaccurag is deter
minedby comparisongo the groundtruthlD strain,and againdisplacemenerror measures.
Hence we have demonstratedccuratestrainresultsderived andvalidatedusingtheimproved
displacementsind trajectories from our proposedspeckletracking estimationtechniquere-
portedin Chaptel5. Further we generatedhigh precisionaxial andlateralspatialandtemporal
displacementsand also presentedh uniquestrain history for ultrasoundsequencesResults
shavedmeasurablaxial compressie strainsup to e = 3.2% usingthetissuemimicking phan-
tom, lateraltensilestrainsup to ¢ = 3.5% usingthein vitro tendondata,anda generallylow

e < 2% strainmagnitudédor all ourin vivo sequencesyhich werecapturedunderzeroload.

An adwantageof using B-scanimageanalysiscomparedo RF elastographyis that the esti-
mateddisplacementare not dependenon the emplg/ed transducer A further advantagejs
the capabilityof quantifyingbothaxial andlateralcomponent®f a secondrderstraintensor
ratherthanonly the axial componentasin RF elastographyexceptionshave beendescribed
earlierin Chapter2). Consequent|your techniqueautomaticallyenableghe ability to extract

Poissors ratio (ratio of lateralandaxial strain)and Youngs modulus(ratio of stresgo strain
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on theloadingplanealongthe loadingdirection). Currently thereis little informationof this
type for soft tissuesandtendons.Although the elevation componenis alsorequiredto fully
characterisstrainandindeedmotion,in orderto achieve this we would require3D imagevol-
umes.However, anotheradwantageof usingtrajectoriesjs the meango updatefor 3D volume

movementin the 2D plane whichis a currentissuewith RF elastography

We obseredfrom ourdecorrelatiorstudythatthe decorrelatiorcoeficient wasunableto esti-
matethetruevalueof thestrainaccuratelyconfirmedn [102], andthatthedecorrelation-strain
relationshipvasnotvalid for our musculoskletalin vivo data.Over alargernumberof in vivo
sequenceghe decorrelationcoeficients asa measureof strain producedpoor repeatability
Lastly, thedecorrelatiorcoeficientsdemonstratethathigh correlations> 0.9 weretypically
obseredin regionsof tendon.Hence the correlationprovidesa goodindicatorof the confi-

dencein theaccurag of earlierdisplacements.

115



Chapter 7

Conclusionsand Futur e Work

The motivation for this thesiswasto develop a 2D speckletracking techniqueto quantify
displacementsaind deformationusing ultrasoundvideo sequencesOur aim wasto estimate
2D displacement®r determiningaxialandlateralstraininformation,focusingin particularon
musculoskletaldatacapturedwith alineararraytransduceusingafrequeng of 8—16 MHz.
EachB-scanconsistedf two distinct texturesfrom regionsof tendonandsoft tissue,which
laterjustifiedthe useof in vitro tendonandtissuemimicking phantomexperimentsto provide

alargerangeof groundtruthdatacapturedunderknown conditions.

Methodsthat measuremeaningfuldisplacementescriptorsusing ultrasound,make the as-
sumptionthat specklemotion replicatessmalltissuedeformation. Typically, for small defor
mationsof < 5% thisassumptiois valid. For situationsvherespecklemotionis differentfrom
thetissuemotion,displacementbecomdessmeaningful.This is the principalassumptiorior
RF elastographynd B-scanspeckletracking, forming the foundationto obtainingprecision
displacementandstrainestimatesThe mainstreamapproacho 2D speckletrackingconsists
of analysingselected-scanframepairs,in orderto producea singleinterframedisplacement
field. For mostcasesthis requiresa manualandrepetitve processf selectingandanalysing
specificframe pairs,to producedisplacementthat are expertly evaluated but proneto inter-

andintra-obserer expertvariabilities.

Thesuccessf ary imagebasedechniqués first dependenbn thequality andinterpretatiorof

thefreehandramescapturedandsecondhesuitability of theapplieddisplacemengstimation
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technigue With modernultrasoundnachinegproducingB-scanof increasingyjuality, acom-
paratve analysisvasundertaknin Chapte#, to assesthefeasibility of speckletrackingtech-
niquesin musculoskletal B-scans.The outcomeconfirmedthatblock matchingframeworks,
which arealogical extensionof RF analysisproducedhe mostcomprehense displacements
for ourin vitro groundtruthandin vivodata.In addition,theuseof multiple scaleblocksproved
to have a dramaticincreasdn displacemenaccurag. Notably differentialbasedalgorithms
proved sensitve to specklewith inaccuratenumericaldifferentiationresultingin directerrors
in the displacementields. Also, a significantsourceof displacemengrrorwasapparenfrom

theaperturegproblem,remaininga substantiathallengéor all techniques.

Ratherthanapplyingimagepre-processingndthenperformingdisplacemengstimationwe
preferredto measuredisplacement&nd apply displacemenpost-processinga similar ap-
proachemployed later by Boukerrouiet al. [13]. This wasdueto imagepre-processinge-
moving or suppressingsefulspeckleandimportantinformation,alteringthe displayedsignal
to be traclked. Also, mary ultrasoundmachinesperforminternal pre-processingn the RF
andB-modesignals prior to displayingandframecapturing.Dueto theemploed ultrasound
hardware, prior internal pre-processingvas consistentlycontrolledandrestricted. Insteadof
B-scanpre-processinga more importantstageis to correctfor displayedimaging artefacts
presenin the B-scans.For example,correctingfor non-uniformattenuatiorartefacts,which
hasreceved muchattentionat the RF signallevel [39]. Thisis mainly anissuefor lower fre-
queng ultrasoundusedfor abdominalwork, but is alsoanissuefor curvilineartendonssuch
astherotatorcuff anddigital flexors. The necessityto detectartefictsin orderto correctfor

them,is laterdiscussedsfuturework.

A notabledravbackof block matchingapproachesvasattemptingto estimatedisplacements
in featurelessegionsof uniform speckle In thesecaseslisplacemenaccurag wasinfluenced
by scaleandthe selectionof a matchingcriterion. To addresshe problem,a novel alternating
similarity measurepproactwasdeveloped ensuringheappropriataneasurevasused based
on the speckleSNR for the region. The first measureausedthe normalisedcrosscorrelation
for regionsof strongsignal(refinedto minimiseaperturegproblemsinducedfrom thetendon),
andthe secondmeasureCD, was appliedfor regions of speckledeterminedoy the speckle
SNR.Therealimprovementin displacemenaccurag wasolviousfrom analysingrramesthat

containedsub-r@ionsof differing signal(from tendonandtissue).Furtheradvancesncluded
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extendinginterframedisplacement$o trajectoryfields, whilst integrating drift correction,to

representhetemporaltrackingof specklefeaturessequentiallythrougha sequence.

Accuragy was evaluatedusing syntheticspeckledata, in vitro tendonpull dataand tissue
mimicking phantomdata. Using syntheticspeckledata,the bestdisplacemenaccurag was
achievedusingthealternatingnatchingmeasurespproachcomparedo similar block match-
ing methodghatusedeithertheNCC, CD, or MSE measuresnly. For example thecombined
measureapproactproduceda DFD of 7.48, comparedo CD, of 9.33, NCC of 8.10 andMSE
of 10.16 usingimagesof varying densityspeckle.For thein vitro tendonpull data,FD errors
rangedbetweer270.28 to 273.87 (lowestandhighest),comparedo the final proposedech-
niquethat achiered DFD errorsof 32.27 to 36.74. This wasa substantiaimprovementthan
previous methods for exampleFSBM produceda DFD of 80.12 to 86.68, VSBM a DFD of
51.12 to 59.29, Camus[14] a DFD of 214.76 to 223.30 and Proesmangt al. [80] a DFD
of 106.63 to 121.90. For the tissuemimicking phantomdata, the maximumFD.. A errors
were1000 and900, with the proposedechniqueDFD,., A errorsof 200 for each.Finally, our
proposedmethodfor in vivo dataproducedsubstantialljower DFD than FD errors,andin
mostcaseamore accuratedisplacementshansimilar existing methods.Determiningin vivo
displacemenaccuray is challenging,dueto the restrictionsof not having a knowledgeof a

groundtruth.Thereforewe usedthein vitro dataextensvely for analysisandproof of concept.

Both motion and capturerateshad a direct effect on the measurednagnitudeof deforma-
tion andstrain. With higherframeratesinterframecoherencémproved,increasingnterframe
displacemenprecisionandreducingstrainmagnitude.The rangeof accuratelyneasuredn-
terframedisplacements/asapproximatelyl to 30 pixels,dependingn the sizeof thelargest
template.In casesf high deformationdisplacemenaccurag reducedasthe assumptiorof
pixel constang failed. Temporalreferencaemplateupdatingwasusedto successfullyelimi-
natetrajectorydrift error, whichwasfoundto beinducedby alow framerate. Trajectoryfields
provedinvariantto arangeof captureratesandsubjectmovementswhilst alsodemonstrating
that specificregions could be tracked throughcompletesequencesliminating the notion of

mereframematchingandimproving displacementield temporalcoherence.

Improvementsn displacemenestimatesarestill possibleasindicatedby non-zeroimagere-

constructionerrors. To furtherimprove displacementccuray, this work could be extended
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to tracking 3D volumes,wherea volume of interest(a sphere)s usedto measurall axes of
motion, insteadof a region of interest(a block) that measuregust axial and lateral motion.
An adwantageof trajectoriesvas demonstratedby updatingfor temporalchangesn the im-
ageplanefrom axial, lateralandelevation movement,updatingthe trajectoryfields with new
objectsenteringandexiting from the 3D scannedrolume. This provided anenhancedinder

standingof the displayedB-scansapturedduringthe activity of thetargetvolume.

Currently thereis a lack of real-timedisplacemenand strain estimationsystemsto provide
clinicianswith a practicaldiagnostictool. To provide anindicationof processindime, a dis-
placemenfield of 64 x 64 for a frame pair of 512 x 512, usingblock scalesM x N, where
M,N = {64,32,16,8} took 65 secs,anda 30-frame sequenced 950 secs. Using the same
settings but for a specificROI, a displacementield of 10 x 10 took 2.0 secs,anda 30-frame
sequencé0 secsbothgeneratingll inputsandoutputsandusinga C implementatioron an
Intel Pentiumd at2 GHz. Althoughnotcomparabldo theframecapturerateof 8.6 Hz, thisis

certainlyfasterthanRF elastographyandhasthe potentialto be anoffline clinical tool operat-
ing directly on anultrasoundnachine.As expected the NCC usingthe FFT wasmuchfaster
thanspatialdomaincorvolution usedby the CDy measure.The final proposedapproachdid

notusesub-pixel accuray, althoughwork in AppendixB shavedthatin somecasesub-pixel

accurayg could improve displacemenprecision. This could be achieed by supersampling

candidateandreferencegemplategor bothsimilarity measures.

Furthermorewe have presented practicalform of elastographythatbenefitsrom estimating
displacementslirectly in 2D usinga knowledgeof pixel contextual information, ratherthan
the 1D followedby 1D approachusedin RF elastography46]. Also, B-scananalysisdoesnot
needspecifichardwareto processRF signals,which is requiredby RF elastographyUnfor-
tunately 2D speckletrackingtechniquesireall inherentlyproneto informationlossfrom the
demodulatiomprocessequiredo createB-scansanderrorsdueto bothimageaxesconstructed
usingdifferentmethods Finally, a problemfor all elastographyechniquess compensatingpr
displacementfrom cardiovascularor respiratorymotion, but thisis not anissuefor our mus-
culosleletaldata. Our researcthasshavn practicalandrealisticresultsare possible andthat
the approachs usablein a clinical ervironment. To date,an executablehasbeenoperational

in aBiomechanicsab! for softtissueanalysis.

Y nstituteof BiomechanicsUniversity of Nottingham NottinghamN97 2RD, UK
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A novel outcomefrom the generatiorof our trajectoriesjs a uniquetemporalaxial andlateral
strainhistory This knowledgeof temporalstrain,providesa measuref the strainsoccurring
for a target subjectduring physiologicalactiity. Hence,the locationof ary strain concen-
trationis measuredt the precisetime it occurs. Many biological tissuesundego a rangeof
deformationsn physiologicalactvity. For small deformations< 3%, the smalldeformation
linearstraintensorwasdefinedandapplied,which assumeshatthe changen volumeis neg-
ligible. However, for larger deformationghe non-linearstraintensorwasdefined. We have
measuredstrainsup to 5% with good precisionbasedon the accurag of the displacements,

whichis anacceptableangefor mostsofttissuesandtendons.

We alsocomparedhe strainresultsto the decorrelatiorcoeficients producedrom the NCC
that provide an independenestimateof strain,which is lesssensitve to displacemenaccu-
ragy. Thedecorrelatiortoeficients,evenwith multicompressiomveraging demonstrategdoor
strainestimatesomparedo thegoodperformancef thestraintensoywhichwasdervedfrom
theestimatedlisplacementsdowever, the correlationsshaved consistentlyhigh valuesin re-
gions of tendon,confirming our confidencein displacementaiccurag from usingthe SNR,
which instigatesthe usageof the NCC in this region. Finally, we notethatapplyingan in-
appropriatesingle similarity measureasa resultof the local SNR beinga poor indicator of
specklecontent producesa displacemenof lessaccuray, but is equivalentto a displacement

producedrom a standardlock matchingmethod.

A lack of quantitatve methodgo asses vivo strainaccurag hasmeanthatRF elastograms
aremainly assessedisually, basedon both a prior knowledgeof the expectedstraindistribu-
tion andperformancen in vitro experiments.We measuredhe displacemenaccurag using
the velocity angularerror andimagereconstructiorerror, for purposebuilt tissuemimicking
phantomsandin vitro tendonpull tests,to determinestrain precision. Strainresultsshaved
thatthetissuemimicking phantomproducedaninterestingocal crushzoneon impact,rather
thana uniform compressionandthatin vitro tendonpull testsproducedvalid strainsfor all
sequencesdNe complementedurin vitro resultswith thewell definedandcontrolledsynthetic
data,insteadof usinga graphitephantom.This ensuredhaterrorsfrom the scanningandcap-
turing processew/erenotanissue.Sincewe have shavn thatwe canquantifyinternalmotions
anddeformationswithin intactstructuresit is possibleto make direct comparisongo model

predictiondrom finite elemenimodels RF elastographyndexperimentaresults.
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7.1 Contributions

Thecontrikutionsof this work werehighlightedin Chapterl andarenow summarisedhere.

A variablesizedblockmatchingmethodwasproposedwhichwascomparedo severalrelevant
existing interfamemotion estimationtechniques Superiorperformancavasdemonstratethy

low imagereconstructiorandvelocity angularerrors,usingspecificin vitro groundtruthdata.

Further the methodextendedtraditionalinterframedisplacementso trajectoryfields, previ-
ously not usedin ultrasoundanalysisgeneratingaccurateemporaldisplacementsf speckle
motion by incorporatinga stratgy to correctfor trajectorydrift error, whilst also applying
trajectoryupdatingto characterisehe motion within the tamget 3D volume. We established
thattrajectoriescanrepresenthe motion of a specificregion througha completeultrasound

sequencegswell aseliminatethe currenttrendof manualframepair pre-selection.

Also, a novel alternatingsimilarity measureapproachto block matchingmotion estimation
was proposed. Stimulatedby the notion that ultrasoundimagescontainregions of varying
signal,for examplesignalfrom structurewith minimal speckle(tendon),andregionsof signal
comprisingof mainly speckle(soft tissue),we demonstratedhat alternatingtwo similarity

measuress moreeffective thanusinga singlemeasurdor ultrasoundmotionestimation.

Utilising a knowledgeof trajectorieswe presenteda uniquestrain history that measureshe
temporalaxial and lateral strainof a subjectundegoing deformation. An importantbenefit
of strainhistory is the ability to locatestrainconcentrationsit the precisetime they occur a

significantadvancementomparedo previousframepair analysisandRF elastography

7.2 Future Work

By quantifying strain, tissuedifferentiationcan be achiered betweensoft and hard tissues,
sincethey reactdifferentlyto externalpressureThetwo basicresponseto anappliedpressure
aredisplacemenanddeformationfor which we have proposeda techniqueo measurén this
thesis. Soft tissuetendsto deform (undegoing nonuniformdisplacement)while hardtissue
displacesuniformly (translatingwith rigid body motion), in responseo the sameexternal

forces.With our strainhistory futurework will developafunctionalsegmentatiorframeavork
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for signalandartefict detectionaiming to sggmentstrainto classifyartefictsandtissuespy

exploiting therelative amountof displacementieformatiorfor the sameappliedpressure.

Ultrasoundimagesfrequently containconsiderablearteficts, yet have minimal noise. The
imagesare composedf strongsignals,either from tissuesor arteficts. Experiencedusers
canidentify thesearteficts,but for the inexperiencedusersarteictsare difficult to evaluate.
We proposethat strainand a knowledge of the target physicalcharacteristicsganproducea

functionalsegmentatiorthathassignificantadwantage®ver existing sggmentatiortechniques.

We have demonstratedhat ultrasoundsequencesan be analysedo give precisefull field
movementandmechanicastraininformation. Thisinformationcanbeusedo identify regions
thatarenot moving in a mannerexpectedfrom soft tissues.For example,a strainmapfor a
softtissuewould eitherbe uniform, slowly changingor discontinuouswhereadjacentreasof
tissuehave differentmechanicaproperties Regionsof theimagethatareartefict,for example,
densespeckleat low frequenciesvould demonstratédighly disoganisedstrainmaps. Other
artefactslik e reverberationssignalsaturatiorandattenuatiorshadwing, would demonstrate
differing strainregions. Hence ,we proposestrainmapscan be sggmentedaccordingto their
degree of organisation,into regionsthat correspondo soft tissueor artefact. Suchregions
canthenbe classifiedbasedon straindistributions. A benefitis the ability to identify weak

boundariesgorrespondingo objectswith very similar or visuallyidenticalspeckletextures.

The degreeof organisationin strainmapscan be formulatedas a texture analysisproblem,
definedby the spatialarrangementf straintensorcomponentsTwo possibleapproacheare
applyingthe angularsecondmoment(or enegy homogeneitymeasurepf the co-occurrence
matrix, or usingthe local straintensorcomponentss an external enegy force for an active
contourmodel,to forcethe curve to evolve at the strainobjectboundary Previous segmenta-
tion approachessingB-scanintensitybasedextureanalysisncludethe co-occurrencenatrix
[67][100Q], specklestatisticg[78], Gaborfunctions[15], active contourmodels[3], 3D active
contourmodels[16] andregion-graving [77]. We are unavare of ary publishedwork that

exploits the concepbf usingstraininformationfor a functionalsegmentation.

Futurework is requiredto assesshe conceptof using straininformationin a sggmentation
schemenotingthatperformancés dependenbn displacemenaccurag. Finally, thiswork has

shavn thatcomputewnision elastographycansuitablymeasurenotionandstrainin ultrasound.
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Appendix A

Explanation of the CDy measuie

The CDy measuredetermineghe displacementvectord betweentwo blocksin regions of
densespeckle We denotetheintensitiesfor thereferenceéemplatel in f; asa; = [a1, ..., a;]
andthe intensitiesfor the candidatetemplatel’ in f;11 asb; = [bi,...,b;] wherei is an
individual blockandj; a pixel. Making theassumptiorthateachblock a; andb; arecorrupted

with multiplicative specklenoise thenthe obsered pixel j in block: becomes:
aij =msi; and bij = nasi; (A.1)

wheres;; is the original signal,whichis corruptedby independeninultiplicative noiser; and

12. Noisetermsn; andr, areeachcharacterisetly Rayleighprobabilitydensityfunctions:

2

p(m) = % exp {—%} where n >0 (A.2)
i i

p(ne) = 5 SXP{ T where 12 >0 (A.3)

Given A.2 andA.3, by isolatingthe original noiselesssignal s, the relationshipbetweenthe
obserednoisy pixelsin bothblocksthenbecomes:
m
ajj = nbij where n=— (A.4)
2
wherethe single noiseterm 7 is producedby the division of the two Rayleighdistributed

randomvariableswhich for multiplicative noisehasthe pdf givenin [71], definedas:

2
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Finally, the conditionalprobability densityfunctionfor this noisedistritution is givenin [20]

as:

17 2aii/biy)” }
ai|b;,d;) = R A6
pladbod) H{«azj/bﬁ)ulf Ao

wherethe nominatortermis squaredo ensurethe peakcorrespondso identicalpixel values,

Jj=1

asshavnin FigureA.1. Maximisingtheabore, determineshelikelihoodof locatingd; in fi1
giventheoriginal a; in f; andadisplacemendl;. Motion estimationbasedn this equations

known asthe CDy, measurenamedoy CohenandDinstein[20].

FigureA.1 shavs plotsof the Rayleighdistribution in (A.2) for n; andns (asablackline), the
probability densityfunctionin (A.5) (asa blue starreddottedline), andthe final probability

densityfunctionin (A.6) (asaredcrossedlashedine).

0.8 T T T T T
— Rayleigh distribution fon, andn,
ol ~ Final probability distribution i
' * Distribution of a random variable that is|a
division of two Rayleigh distributed ones

~ 06 .
E
2 05 |
7]
c
)
Q o4 ]
2
%
8 o3 .
o
o

0.2 . 8

EF*J’\JR%
&F
0.1H Mﬂ‘“ﬂw
. Ty
*-x%
%%%%%%%%%*%%******
G 1 1 | 1 1 1

1
0 0.5 1 15 2 2.5 3 3.5 4 4.5 5

Magnitude ()

FigureA.1: Plotsof a Rayleighdistribution, the final probability distribution, andthe distribution of a

randomvariablethatis a division of two independenRayleighdistributedrandomvariables.
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Using (A.6), casesf pixel matchingin blocksa andb aredemonstratedh TableA.1. For
example,if pixel a;; = b;; the probabilityis 0.5, therefore pixels that are a corresponding

matchproducea maximumlikelihoodvalue(closerto the peak).

aij by ai;/by  p(n)
100 100 1.0 0.5
75 80 0.94 0.49
80 75 1.07 0.49
100 200 0.5 0.32
200 100 2.0 0.32
100 20 5.0 0.07
20 100 0.2 0.07

TableA.1: Examplepixel valueswith correspondingrobabilitiesof similarity usingthefinal probabil-

ity distributionshavn asaredcrossedlashedine in FigureA.1.

In summarythe CD; measurejivestheratio of differencebetweenwo blocks,wheretheonly
differenceis specklenoise,assuminghat blockswould otherwisebe identical but shiftedin
time. A block matchingframevork cancomputethis for 2D blocks,wherethe maximumlike-
lihood of all pixelsin ablock indicatesthe bestdisplacemend; for a; andb;. The CDy; mea-
sureachievesthe bestdisplacemenestimatedor regionsthat closelyconformto a Rayleigh
distribution, however, strongsignalsfrom structuredsubjects(suchastendons)andinternal
hardware processinganalterthe signalstatisticswhich is detrimentako the accurag of the

CD, measureThisis problemis tackledwith our alternatingsimilarity strateyy.
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Appendix B

List of Publications

Applied review of ultrasound imagefeature extraction methods

J. Revell, M. MirmehdiandD. McNally.

We presentainanalyticalreview of specificmethod=of featureextractionin ultrasoundmages
andimplementsomeof thesemethodgo evaluatetheir usefor our own application,whichis
the identificationof the pulmaruslongustendon. We concludewith the Houghtransform,a

methodthatwe will useasthe basisof futurework for our application.

In: 6th Medicallmage Undeistandingand AnalysisConfeence A Houstonand R Zwiggelaar,

editors, pages173-176.BMVA Press, July 2002.
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Variable sizedblock matching for in vivo musculosleletal motion analysis

J. Revell, M. MirmehdiandD. McNally.

We proposea 2D variablesizedblock matchingalgorithmwith hierarchicakexhaustve search
to examinetissuedeformationsn dynamic musculoskletal ultrasonograhy Novel aspects
includeimproved matchingby updatingreferenceandcandidateblocksat eachscaleandthe
applicationarea.Performances quantifiedon controlledin vitro gold standardgroundtruth)
sequenceandclinical in vivo data. We extendthe procesdy refining displacementto sub-
pixel accurag. The proposedechniqueis validated,by application,to yield quantitatvely

reliableresults.

In: 1stinternationalConfeenceon Visual InformationEngineeringpages230-233.IEE, July
2003.

Motion trajectories for ultrasound displacementquantification

J. Revell, M. MirmehdiandD. McNally.

We presentarobustmethodologyto quantify displacementsr musculoskletalultrasoundse-
guences.This paperextendsthe principlesof 2D interframedisplacementgproducedoy our
earlierwork usinghierarchicalvariableblock size matching to quantify displacementrajec-
tories We provide novel solutionsfor probemotion, quantificationof objectsmoving in the
3D volumetraversingthe 2D plane,andimproving the temporalcoherencef displacements

for typical capturedsequencedlirectfrom modernultrasoundmachines.

In: 7th Medicallmage Undesstandingand Analysis,D. Barber editor pages193-196.BMVA
Press,July 2003.
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Strain quantification in ultrasound sequences

J. Revell, M. MirmehdiandD. McNally.

A novel methodologyto quantify displacementandstrainin musculoskletal ultrasoundse-
gquencess presented We extendthe principlesof 2D interframedisplacementproducedoy
our earlierwork usinghierarchicalariableblock sizematching to quantifydisplacementra-
jectories We provide novel solutionsfor probemotion, quantificationof objectsmoving in
the 3D volume traversingthe 2D plane,andimproving the temporalcoherenceof displace-
mentsfor longerimagesequencethanthe framepairstraditionallyappliedin ultrasound We
alsopresentrajectorystrainthatyieldsa novel strainhistoryfor musculoskletaltendontissue

samples.

In: 14thBritish Machine Vision Confeence pages359-368.BMVA Press,Septembe2003.

Combined Ultrasound SpecklePattern Similarity Measures

J. Revell, M. MirmehdiandD. McNally.

We presentan enhancedlock matchingapproacho improve displacemengaccurag in ul-
trasoundsequencesising a combinationof matchingmeasures.The first measureusesthe
normaliseccrosscorrelationfor regionsof strongsignalandthe secondmeasureCD,, specif-
ically for regions of speckledeterminedby the specklesignalto noiseratio. We alsoshav

displacementield resultsfor simulatedspeckleandin vitro data.

In: 8th Medicallmage Undeistandingand Analysis pages149-153.BMVA Press,September
2004.
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Musculoskeletal motion flow fields using hierarchical variable-sized block matching in

ultrasonographic video sequences

J. Revell, M. MirmehdiandD. McNally.

We examinetissuedeformationsisingnon-irvasive dynamicmusculoskletalultrasonograhy
andquantifyits performancen controlledin vitro gold standardgroundtruth)jsequencefol-
lowed by clinical in vivo data. The proposedapproactemplgs a two-dimensionaklariable-
sizedblock matchingalgorithmwith a hierarchicalfull search.We extendthis procesdy re-
fining displacementto sub-pixel accurag. We shav by applicationthatthis techniqueyields

quantitatvely reliableresults.

In: Journal of Biomedanics,volume37(4): 511-522 April 2004.

Computer Vision Elastography: Speckleadaptive motion estimationfor elastograpty us-

ing ultrasound sequences

J. Revell, M. MirmehdiandD. McNally.

We presenthe developmentandvalidationof animagebasedspeckletrackingmethodology
for determiningtemporal2D axial andlateraldisplacemenandstrainfields from ultrasound
video streams.We refinea multiple scaleregion matchingapproachncorporatingnovel so-
lutions to known speckletracking problems. Key contritutions include automaticsimilarity
measureselectionto adaptto varying speckledensity quantifyingtrajectoryfieldsandspatio-
temporaklastogramsResultsarevalidatedusingtissuemimicking phantomsandin vitro data,
beforeapplyingthemto in vivo musculoskletalultrasoundsequencesThe methodpresented
hasthe potentialto improve clinical knovledgeof tendonpathologyfrom carpeltunnelsyn-

drome,inflammationfrom implants,sportinjuries,andmary others.

Acceptedn IEEE Transactionsn Medicallmaging, 2004.
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