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Abstract

This thesisis concernedwith developinga two-dimensional(2D) ultrasoundspeckletracking
techniqueto quantify2D axial andlateralstrainfields for studyingtissuedynamics.Knowl-
edgeof tissuedisplacementto infer straincharacteristicsis of major clinical importance.In
part,this is dueto thelack of simpleandaccuratenon-invasive techniquesto measurein vivo
strain. The establishedtechniquefor evaluatingtissuebehaviour usingultrasoundis elastog-
raphy, with conventionalmethodsanalysingtheraw radio-frequency (RF)datato measure1D
displacements.In contrast,thisworkdevelopsandappliesimageprocessingtechniquestoanal-
ysetheultrasoundimagesto measure2D displacements.Measuringmeaningfuldisplacement
descriptorsusingultrasoundassumesthatspecklemotionreplicatessmalltissuedeformation.

Currentresearchusingultrasoundimageprocessingfrequentlyconcentrateson matchingse-
lectedregionsfrom framepairs,anextensionof RFelastography, to solve thiscorrespondence
problem. To assessthe feasibility andeffectivenessof displacementestimationusingultra-
soundimages,avariable-sizedblockmatchingalgorithmwith ahierarchicalfull searchis pro-
posed.Unlike existing research,developmentandexperimentationfocuseson dynamichigh
frequency ultrasoundof themusculoskeletalsystem.Theaim is to provide a non-invasive in
vivo approachto measuringdisplacementandstrain in tendonsandsoft tissuefor assessing
tendinopathy.

With an emphasison improving block matchingapproaches,enhancementsareexplored to
extendthis framework to sequences,generatingtrajectories.Further, novel contributionsare
incorporatedto solve known speckletrackingproblems.An automaticsimilarity measurese-
lectionis developed,adaptingto varyingspeckledensityandstraininducedspeckledecorrela-
tion. Trajectoriesarealsoupdatedfor moving objectsin thescanned3D volumethattraverse
the 2D plane. Other importantchallengesdealt with in this work include eliminatinguser
framepair pre-selection,freehandscanningregistration,minimising trackingdrift error and
measuringdisplacementaccuracy.

Finally, displacementfieldsareusedto derivecorrespondingaxial,lateralandshearstrainelas-
tograms.Further, thetrajectoryfieldsareusedto generatespatiotemporalelastograms,produc-
ing objectstrainhistories.Thelatterenablescliniciansto have a uniquemeansof comparing
theknowledgeof theappliedmotionto thestrainthatoccurredduringtheactivity, potentially
aiding diagnosis.In addition,all resultsarevalidatedusingpurpose-madetissuemimicking
phantomsandin vitro tendondata,prior to analysingin vivo clinical sequences.

Keywords: Ultrasound,SpeckleTracking,Elastography, Axial LateralStrainQuantification,
Musculoskeletal.
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Chapter 1

Intr oduction

1.1 Moti vation

Many biomechanicalinvestigationsrequirethe quantificationof loadsanddisplacementsor

ideally stressesandstrains.However, measurementsof internaldeformationandstrainin bio-

logical soft tissuespresenta numberof importantchallenges.Consequentlycurrentmeasure-

menttechniquesarefar from ideal,particularlyfor in vivoconditions.

Measurementsof surfacestrainsuchasmercuryin siliconerubber[82] or solid statestrain

gauges[31] requiretheinsertionof adevicewith barbedprongsinto thetissue.They arethere-

fore highly invasive whenusedfor in vivo studies,andaresubjectto seriousartefactsif there

is a gradientin strainalongthe lengthof theprong. Furthermore,they canonly measurede-

formationin onedirectionandat asinglelocation.An alternative meansof measuringsurface

strainincludesvideobasedtechniques[60] to obtaintwo-dimensional(2D) information.How-

ever this requiresa grid of markersto beplacedon the tissueandviewedusingoneor more

cameras.It is thereforeunsuitablefor in vivomeasurements.

A methodof measuringinternaldeformationsis to usemetalmarkers [86, 66] anda series

of radiographsor fluoroscopy. This methodis invasive, requiringimplantationof metalbeads

or wiresandexposureto ionisingradiation,only giving informationaboutdeformationat the

siteof themarkers.A similar techniqueis sonomicrometry[32], whereultrasoundcrystalsare

implantedandthe distancesbetweenthemaremeasuredusingthe time of flight of acoustic
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pulses.This still requiresthe invasive implantationof transducersandonly givesinformation

aboutthemovementof thesetransducers.It is possibleto measuredeformationsby usingex-

istingnaturallandmarks,suchasthemusculo-tendonousjunction[47], usingultrasonography.

However, suchmeasurementsarelimited by theavailability of reliably identifiablestructures.

The ideal deformationmeasurementsystemwould be entirely non-invasive andwould give

at least2D-deformationinformationat any point in structuressuchasmuscles,tendonsand

intervertebraldiscsin real-time.This specificationrulesout all surfacestraintechniques[82,

31, 60], all techniquesrequiringimplantedtransducers,beadsor wiresor relying on ionising

radiation[86, 66, 32]. Whilst MagneticResonanceImaging(MRI) canbeusedto give quasi-

staticmeasurementsof deformation[109], theacquisitiontime of severalminutes(wherethe

target areamustbe stationary)makes it unsuitablefor real-timedeformations,for example,

from thegait cycle.

Observingthe dynamicresponsesof soft tissuespermitstissuephysicalpropertiesincluding

elasticityandstiffnessto be inferred,aswell asaiding in diagnosis.This is the principle of

sonoelastography, which derives the biomechanicalpropertiesof tissuefrom measurements

of motion resultingfrom an appliedperturbation.Our main aim is to yield reliableandyet

physicallymeaningfullocaldescriptionsof themotionfield in musculoskeletalultrasound.

1.2 Clinical Application Ar eas

This work concentrateson developingandapplyingtechniquesto musculoskeletalultrasound

videodata,quantifyingdisplacementanddeformationin tendonsandsurroundingtissues.Min-

imal researchcurrentlyexistson in vitro or in vivo humantendonmechanicalproperties[55],

especiallyunderloading. Most literaturerefersto variousanimalmaterialtestingand inva-

sive approaches.Someimportantclinical applicationsthatwould benefitfrom a non-invasive

approachto determiningin vivo localdeformationusingmusculoskeletalultrasoundare:

1. Diagnosis. Tendinopathyhasmany causesincluding inflammation,dislocations,tears,

rupturesand overusethat result from currently immeasurableamountsof extremeor

repetitive strain. An examplebenefitof this work is the non-invasive examinationof
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carpeltunnelsyndrome,providing a methodof measuringrepetitive andforcefulmove-

mentsof thehandandwrist duringwork or leisureactivities.

2. Surgery. Displacementanddeformationinformationcouldenablethedynamicbehaviour

of suturingtechniquesusedto repairtendonsto beanalysed,determiningpost-operative

strengthandperformance,aswell astheability to investigatetendon-implantinterfaces.

Broaderapplicationsincludemeasuringdisplacementsin otheranatomicalregions,for exam-

ple,analysingintervertebraldiscdeformation.

1.3 Aims and Objectives

Theprincipalaim of this work is to analyseultrasoundsequencesto evaluatetissuedeforma-

tion. To achieve this,severalobjectivesaredefinedandcorrespondingresearchconducted:

a To constructin vitro groundtruthandcapturein vivomusculoskeletalsequences.

Throughout,gold standardpurpose-madetissuemimicking phantomsandin vitro tendonpull

dataareusedtovalidateestimateddisplacement,trajectoryandstrainresults,beforeapplication

to clinical in vivomusculoskeletalultrasoundsequences.

a Toassess2Dspeckletrackingtechniquesfromanalysingselectedultrasoundframepairs.

We examinetissueand tendondeformationemploying a 2D variable-sizedblock matching

algorithmwith a hierarchicalfull search,refinedby extendingdisplacementsto sub-pixel ac-

curacy. Weshow by applicationthatthis techniqueyieldsquantitatively reliableresults.

a To deviseamethodfor measuringlocal internalmotionin ultrasoundsequences.

We develop a novel methodologyto quantify temporal2D axial andlateraldisplacementsin

ultrasoundsequences.Theprinciplesof 2D interframedisplacementsproducedby our earlier

work (usinghierarchicalvariableblock sizematching),areextendedto quantify trajectories.
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Solutionsare provided for correctingtransducermotion, quantifyingobjectsmoving in the

3D volumetraversingthe2D plane,andeliminatingpreviousmanualframepairpre-selection.

To improve displacementaccuracy, a combinationof matchingmeasuresis alsoused. The

first measureusesthenormalisedcrosscorrelationfor regionsof strongsignalandthesecond

measureCD� , specificallyfor regionsof speckledeterminedby thesignalto noiseratio.

a To generateaxial, lateralandshearstrainmapsfor in vitro andin vivosequences.

The biomechanicalpropertiesof any target objectcannotbe measureddirectly. A stimulus

mustbe provided andthe resultingmotion assessedusinga suitabletechnique.In our case

thestimuli is thekinesisor articulationof thejoint. Therefore,we derive 2D strainandstrain

rate informationfrom the estimateddisplacementsandvelocity measurements,producedby

our developedspeckletrackingmethod.Thecomputedtrajectoriesareusedto measurelocal

temporalstrain,deriving a strainhistory. This enablescliniciansto comparetheknowledgeof

theappliedstimuli to thestrainthatoccurredduringactivity. Spatialandtemporalresultsare

presentedfor bothcompleteframesandspecificclinical regionsof interest.

Figure1.1 illustratesthedistinctareasof researchthatcategorisestheseobjectives,including

freehandscanning,interframeandsequencesanalysisandstrainestimation.Thevariousstages

shown will bedealtwith in detailin theforthcomingchapters.

Figure1.1: Flow diagramillustrating the main stagesof researchincluding datacapture,interframe,

sequenceandstrainanalysis.
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1.4 Contributions

Themaincontributionsof this thesisare:

DisplacementEstimation. An enhancedmultiscale2D speckletrackingmethodologyfor ultra-

soundvideosequences,usinga novel alternatingsimilarity measureapproachto blockmatch-

ing motionestimationadaptingto localsignal.

TrajectoryEstimation. An approachto extendinterframedisplacementsto quantify trajecto-

riesof specklemotion, incorporatingstrategiesto quantifyobjectsmoving in the3D volume

traversingthe2D planeandcorrectingfor trajectorydrift error.

Strain Estimation. Thedevelopmentof axial andlateralstrainmapsandnovel spatiotemporal

elastogramsproviding strainhistory, derivedfrom displacementandtrajectorymeasurements.

1.5 ThesisOverview

Theremainderof this thesisis structuredasfollows:

a Chapter2 Background, providesan overview of the currentstateof researchthat has

beenpublishedby othersin thefieldsof elastographyandcomputervisionelastography.a Chapter3 Groundtruthin vitro andClinical in vivo Datasets, explainsthereasoningfor

the in vitro experimentsanddescribesthevariousin vivodatasetsusedthroughout1.a Chapter4 InterframeMotion Estimationfor DisplacementFields, examinesultrasound

tissuemotionanddeformationusinga2D variable-sizedblockmatchingalgorithm.a Chapter5 TrajectoryFieldsfromMotion Estimation, presentsthedevelopmentandval-

idationof aB-scanspeckletrackingmethodto determine2D temporaltrajectories.a Chapter 6 Strain Estimationfrom Trajectories, usesthe developedspeckletracking

framework to quantifystrainandelastograms.a Chapter7 ConclusionsandFuture Work, discussestheproposedmethodandpresentsa

hypothesisto automaticallyclassifyareasof signalandartefact.

1Severalfiguresdenotedwith a b havemovieson-lineat http://www.cs.bris.ac.uk/home/revell/cve.html.
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Chapter 2

Background

2.1 Intr oduction

Chapter1 consideredcurrentphysicalinvasive techniquesfor measuringdisplacementsin or-

der to studysoft tissuebiomechanics.Thesecomprisedof straingauges,high-speedvideo

camerasandsonomicrometry. Thedisadvantagesof thesetechniquesincludedrecordingstrain

informationatalimited numberof specificlocations,only evaluatingfunctionunderarbitrarily

chosenisometricconditions,invasivefixationmethodsanderroneouslandmarkingapproaches.

Motivatedby theseproblems,in this thesisinternalsoft tissuedeformationis capturedusing

ultrasound,andthusthefocusof our researchis conductedinto ultrasoundmotionestimation.

Ultrasoundimagingprovidesa usefulandcosteffective wayof examiningin vitro andin vivo

anatomicalregionsdynamicallyandin anon-invasive manner. Diagnosticultrasoundis usedto

view themusculoskeletalsystem,to detectproblemswith muscles,tendons,ligaments,joints

andsoft tissue.Throughout,weanalyseavarietyof musculoskeletaldatasetsconcentratingon

theachilles,patellaanddigital flexor tendons.

In this chapterwe introducean overview of the necessaryultrasoundtheory in Section2.2,

describingthe B-modemodality, ultrasoundartefactsandacousticspeckle.Next, to analyse

thedynamicresponsesof soft tissues,wereview elastographyresearchin Section2.3,followed

by astudyof thecurrentimageanalysisalgorithmsusedin similar researchin Section2.4.
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2.2 Ultrasonography

Themostcommonlyusedmodalityin medicalultrasoundis B-modeimaging,whereanultra-

soundtransduceris placedagainsttheskindirectlyover theregionof interest(ROI). A typical

ultrasoundtransduceremploys an arrayof piezoelectricelementsto generateshort, c=�ed s in

duration,broadbandpulses(with acentrefrequency of about ����fP�.� MHz for musculoskeletal

workor �-���$fg� MHz for abdominalwork). Thearraysizedeterminestheimagingsystem’saper-

ture.Thesametransduceralsoreceivesthebackscatteredsignals.Thetransmitsignalspassing

to, andthe received signalspassingfrom the arrayelements,canbe individually delayedin

time,defininga phasedarray. Phasedarraysareusedto electronicallysteerandfocus(beam-

forming) the sequenceof acousticpulsesthroughthe target volume. Processingtheseecho

signalsroutinelybeginsat theindividualchannel(element)level to produceA-lines(A-mode).

Thegeneralformationof B-modesequencescommenceswith (a)RFdemodulationor envelope

detectionstoring resultingA-modesin a 2D imagematrix, (b) attenuationcorrectionusing

timegaincompensation(TGC)or sweptandlateralgainsto increasesignalamplificationfrom

increasingdepths,(c) scanconversion( / bit digitisation)to allow theB-modeto bedisplayed

with adefinedresolution(known asaB-scan),andfinally (d) logarithmiccompressionto adjust

the largeechodynamicrange( ����fh����� dB). This processis illustratedin Figure2.1. TheB-

scansequencescapturedandanalysedthroughout,arethoseprocessedanddisplayedby the

ultrasoundmachine,with auniformdynamicrangeof intensitiesbetween� and ����� .

Figure2.1: Theprocessesusedto generatea B-scan.B-scansarecomposedof asetof axialRFsignals

representingtheresponsemagnitudefrom a pulsegeneratorusinga lineararraytransducer. Sincethe

responsemagnitudedelaysexponentiallywith depth,it is log-amplifiedprior toquantisationanddisplay.
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Consequently, the B-modesignal is suboptimalcomparedto the raw RF, with a fine axial

resolution(high spatialfrequency) but a low lateralresolution.As a result,decorrelationdue

to relative lateral scatterer(seeSection2.2.2)motion is far more severe than relative axial

scatterermotion. Unfortunately, this is thedirectionof interestwhenthetransduceris heldati ��j to acquirelongitudinaltraversingtendonsections(seeSection2.2.1). Theresultingreal-

time imagesrepresentcrosssectionalor tomographicviews of the planethat the beamwas

sweptacross,capturingnon-rigidmotion(withoutconstantshape)with a freehandtransducer.

2.2.1 Ultrasound Artefacts

Imagingartefactsreferto componentsgeneratedin theimagingprocessratherthantruerepro-

ductionsof thetargetstructures.Ultrasoundimagingartefactsinclude:

1. The beamwidth artefact, causedby a wide beamcreatingimagesmearing(intensity

blurring)of echogenicobjectsthataresmallerthanthebeamdiameter.

2. Theenhancementandshadowartefacts, causedby attenuationvariationscreatingartifi-

cially increasedor decreasedimageintensitiesrespectively.

3. The mirror image artefact or multipath reflectionartefact, reverberation artefact and

split image artefact. Thesearisewhentheultrasoundsignalfails to travel in a straight

line directly to thereflectingobjectandbackto thetransducer.

4. Thespecklemotionartefact, whichis thedifferencebetweentheacousticspecklemotion

andtheunderlyingtissuemotion.

5. Thespeedartefact, broughtaboutby variancesin materialspeedof soundvalues.For

example,thespeedof soundin fat ( �V*���� m/scomparedto �.��*�� m/sin soft tissues)can

delaythereturnsignal,resultingin reflectionsin theB-scanappearingincorrectlyfurther

from thetransducer.

6. Theambiguityartefact, whenechoesfrom all depthsdo not reachthetransducerbefore

thenext ultrasoundpulseis emitted,usuallyfrom ahighpulserepetitionfrequency.

Specifically, for optimal imaging it is necessaryto keepthe transducerperpendicularto the

tendon.An angle k?/�� j or l i � j betweentheemittedsoundwavesandthetendon(or any flat
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reflector)causethe majority of reflectedwavesto not be received by the transducer. Conse-

quently, tendonappearance(seeChapter3) becomesincreasinglyhypoechoicasthetransducer

is tilted. Sequencesusedin this thesisarecapturedwith thetransducerat theoptimalposition.

2.2.2 SpeckleFormation

Ultrasoundimageanalysisin generalis complex dueto datacomposition,which is described

in termsof speckleformation. Speckleis structurednoisefrom a mediumcontainingmany

scatterers.Speckleappearanceis dependentonbandwidth,frequency andmanufacturerof the

employed transducer, in additionto thegeometryandsub-wavelengthstructureof the tissue.

Echographicspeckletexture of imagedtissueis mainly dueto intensityscattering,implying

structuresaresmallerthanthe samplingvolume(a productof spatialpulselengthandbeam

crosssection).Uponvisualinspectionspeckleconsistsof a relatively highgrey level intensity

[28], qualitatively rangingbetweenhyperechoic(bright) to ahypoechoic(dark)domain.

Scatteroccurswhen small imperfections(scatterers)in the target causeseeminglyrandom

reflectionsandrefractionsof the soundwave. The texturescreateddo not correspondto un-

derlyingstructure,but theintensityreflectsthelocalechogenicityof theunderlyingscatterers.

Scatterersaccountfor a decreasein imagequality, causingblurring anddecreasedintensity

at impedanceboundaries,while within the mediumthey createspeckle.The statisticsof the

signaldependson thedensityof scatterers,with a largenumberof randomlylocatedscatterers

following a Rayleighdistribution (known asfully developedspeckle).This is discussedfur-

therin Section3.3.3.Theseconditionsareseldommet,resultingin severaldifferentstatistical

modelsof specklebeingused,for example[35][48]. Further, speckleis multiplicative in the

sensethatastheaveragegrey level of a localareaincreasessodoesthenoiselevel.

In this work, we encountered� different forms of speckletexturesthat occur from tendon

and surroundingsoft tissue. In the tendonregion the speckletexture is extremely striated

andunidirectional,which is quite contrastingto the typical soft tissuespeckletextures. The

importanceto displacementestimationof this texturaldifferenceis studiedin Chapter5.

In general,sincetheeffect of additive sensornoiseis muchsmallerthanspecklenoise m [1],

theformationof eachB-scann canbewrittenas:no2qpr"0st4Ocum�2qpr"0st4wv-2qpr"0st4 (2.1)
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where v is theoriginal signalcorruptedwith multiplicative specklenoise m . Typically, to use

thedynamicrangeof thedisplay, nonlinearsignalconversionis commonlyemployedto show

weakechoeson thesamescalewith strongspecularreflections.Thelogarithmicamplification

transforms(2.1) into thetraditionalsignalwith additive noiseform:xzy�{ 26no2qpr"0st404O% x|y�{ 2qmC2qp�"0s+404L} xzy�{ 23v:2qp�"0s+404 (2.2)

2.3 Elastography

Over thelastdecade,ultrasonicimagingfor analysingnon-invasive soft tissuemechanicalbe-

haviour underappliedloading hasseenconsiderableresearch[6]. Unlike elasticMRI, ul-

trasoundprovideslow cost,real-timeimaging,enrichedwith coherentspeckletextures. The

fundamentalassumptionfor ultrasoundanalysisis that specklemotionadequatelyrepresents

theunderlyingtissuemotionfor smallcompressions,thereforemany techniquesusevariations

of speckletrackingto estimatetissueelasticity.

Theestablishedapproachto measuringtheelasticityof soft tissueis elastography, introduced

byOphiretal. [70], usingtime-domainspeckletrackingtoestimate1D longitudinalaxialstrain

imagescalledelastograms.Thetechniqueacquiressetsof digitisedradio-frequency (RF)echo

linesfor a ROI for crosscorrelationanalysis,preandpost-deformation.An illustrationof the

techniqueis shown in Figure2.2andexamplesof theoutputstagesof theprocessareshown in

Figure2.3. Conventionallyanultrasoundtransduceris utilisedto compressthetissueby k]�W�
(in vivo) of thetissuedepth[101]. Usingahigh temporalresolution,elastographyassumesthe

RFsignalpatternsareconstantbetweenacquisitionsfor smallobjectdeformation.

Since,RF elastographyhasundergonemany developmentssolving limitationsof theoriginal

approach.To compensatefor RF distortionsfrom tissuecompression,Vargheseet al. [104]

temporallystretched(using1D interpolation)thepost-compressedsignal. This, however, as-

sumesa priori knowledgeof strainmagnitudeanda constantlocal deformation.Further, the

elastogramsignalto noiseratio wasincreasedusingelastogrammulticompressionaveraging.

Other improvementsincludemultiresolution1D windows on congruentRF echolines at all

depths,applyingoverlappingstepsalongthetemporalaxis[103].
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Figure 2.2: Traditional 1D elastographymeasuringthe displacement~ betweenthe pre and post-

deformedaxialRFsignals.Theshadedregionshighlightsthesignalsusedfor crosscorrelation.

Until recently, RF elastographyonly quantifiedthe axial strain component,with the lateral

andelevationcomponentsbothdiscarded.Lubinski et al. [53] first usedaxial displacements

to computelateraldisplacements,undera setof assumptionsdescribingstrainboundarycon-

ditions. It hassincebeendemonstratedby KonofagouandOphir [46] that precisionlateral

displacementscan produceelastograms.The lateral elastogramsare derived by lateral 1D

crosscorrelatingthepre-compressedsignal,with theoriginal anda linearinterpolationof the

neighbouringpost-compressedsignal. By displayingaxial or lateralstrainvaluesin a matrix

accordingto theirspatiallocationagrey scalestrainimageor elastogramcanbeproduced.Re-

centlyD’hoogeet al. [25] usedthis RF techniqueandthesumof absolutedifferences(SAD)

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

ElastographyvariationsincludeMiller et al. [63] acquiringRF echolinesfrom preandpost-

heatedtissue,assumingthespeedof soundin tissuechangesasa functionof temperature.Al-

ternatively, insteadof applyingarelatively slowly changing(quasi-static)compression,Lerner

et al. [49] andParker et al. [72] developedsonoelasticimaging,propagatinglow-frequency

vibratingshearwavesinto tissuecreatingdisplacement.A form of Doppleris thenusedto de-
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(a)Photograph. (b) B-mode. (c) Elastogram.

Figure2.3: An in vitro exampleusing RF elastography, from [46], including (a) a photographof a

kidney, (b) theequivalentultrasoundimageof thekidney in a gelatinblockand(c) correspondingaxial

elastogramobtainedfrom a ��� ��� compression(low strainsin blackandhighstrainsin white).

tect the tissuevibrationresponse,with anabsenceof vibrationsignifying a possiblepresence

of tumours[85]. Pesaventoet al. [75] comparedboth conventionalelastographyandsonoe-

lastic imagingfor real-timeapplication,notingthe lattercanbeproneto aliasing1 (streaking)

andfrequency dependentattenuation(shadowing). Later, Nightingaleet al. [69] usedacoustic

radiationforce to createdisplacements,employing a seriesof ultrasonicpulsestargetedat a

specificregionof tissue.Echoesfrom asubsetof thesepulsesarethenprocessedyieldingtime

anddisplacementdatafor theparticularlocation.

Elastographytechniquesarepredominantlyinvasive measuringonly relatively smallstrainsin

1D alongthedirectionof wave propagation.With few exceptionselastographyhasremained

anoff-line techniquerequiringhardwarewith RF accessrestrictingclinical application.The

remainderof this chapterdescribesa speckletrackingtechnique,which presentsa different

approachto elastographyby analysingtheultrasoundimages.Trackingin ultrasoundimages

to estimatedisplacementinformationis not aimedat replacingelastographymethods,but to

offer several importantadvantagesto clinicians, for example,generatingstrain information

withoutusingspecifichardwareto processRFsignals.

1A visiblestreakingdistortiondueto thelow frequency undersamplingof thesignal.
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2.4 B-scanSpeckleTracking Methodologies

Alternatively, usingB-modeimages2D tissuemotioncanbemeasuredby trackingthemove-

mentof thespeckleproducedby theback-scatteringof theultrasoundsignalitself, for example

[19][33]. Speckletrackingcanmeasurebothaxial andlateralmotionin theimageplanefrom

analysingsuccessive ultrasoundB-modeframes,without modifying existing hardware. Also,

strainis derivedasthegradientof thesedisplacements,andcanbeusedasa first approxima-

tion for Young’s modulus2. B-scanspeckletrackingmethodologiesaimto estimate2D motion

(displacementor correspondence)fieldsfrom imagesequences.B-scansor any still imagesare

definedasa spatialdistribution of intensitiesthatareconstantwith respectto time. Therefore

a sequenceof ultrasoundimagesor video, is definedasa time varyingspatiotemporalinten-

sity pattern,nV
,2qp�"0s+4 where p , s and � arespatiotemporalvariables.In this section,we define

the brightnesschangeconstraintequation,the basisof all methods,followed by providing a

literaturereview of theapproachesusing2D speckletrackingmethodologiesin ultrasound.

2.4.1 Optical Flow for SpeckleTracking

In essencethis is anopticalflow problemwhereextractingavisualdisplacementflow field can

explain changesin an imagesequence.For example,optical flow is a methodthat measures

the velocity field due to the apparentmotion of an objects’brightnesspatternin 2D image

sequencesduringa time interval. An artificial exampledemonstratingtheconceptis shown in

Figure2.4from [90], wheretheobservedopticalflow is equivalentto the2D motionfield.

(a) �$� (b) �$�z��� (c) Displacementfield.

Figure2.4: Conceptualexample:(a)Referenceframe,(b) new frameand(c) opticalflow.

2Young’s modulusis theratioof stressto strainon theloadingplanealongtheloadingdirection,seeChapter6.
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Thedisplacementfield is definedasafield of vectorsthatmeasurethetemporalrateof change,� 
,2q��"0��4�%\26��pC������"$��s+�����04 at a particularpoint 2qpr"0so"0�04 , where ��%��0�� 
 is thevelocity along

thex-axisand ��% �$�� 
 is thevelocityalongthey-axis.

Opticalflow assumesthattheintensityatany point remainsconstantalongamotiontrajectory:�:nV
,2qpr"0st4��� %[� (2.3)

The above is a total derivative expression,denotingthe rateof changeof intensityalongthe

motiontrajectory, whichcanbewrittenasthewell known motionconstraintequation:� n� p ��} � n� s ��} � n� � %[� (2.4)

definingthe optical flow brightnesschangeconstraint(pixel intensity invarianceover time),

where ��%���p������ and ��%���st����� denotethecomponentsof thevelocity vector. Further, the

spatialcoherenceconstraintassumestheopticalflow within a regionchangesgradually.

A large numberof algorithmsexist to measuremotion and all make the assumptionof the

brightnesschangeconstraint,but in differentforms. This hasinstigatedresearchinto motion

estimationcomparativestudies.TheseincludeBarronetal. [9] andGalvinetal. [30], allowing

displacementaccuracy andalgorithmapplicabilityissuesto becomprehended.However, few

of thetechniquesreviewed in theseworksareemployed for ultrasoundspeckletracking. The

reasonbecomesapparentfromthefollowing review of thosetechniques(differentialandenergy

basedandblockmatching),whichhave beenappliedto ultrasounddata.

2.4.2 Differential BasedTechniques

EarlyapproachesincludeMeunierandBertrand[62] usingdifferentialor gradientbasedtech-

niques.Unfortunately, successwasonly reportedwith syntheticultrasoundimages.Poorper-

formancewasalsoobserved by Mailloux et al. [57, 58] applyingthe standardglobaloptical

flow of Horn andSchunck[38] to in vivo cardiacsequences.Theauthorsobserved that input

imagesrequiredsmoothspatialderivatives,which they achieved by applyinga �.�����.� mean

filter to eachframe. Similarly, Chunke et al. [18] directly appliedtheKanade-Lucas-Tomasi

[97] local opticalflow motionestimationtechnique,which assumesconstantmotionwithin a

window. Sühlingetal. [92] extendedthesamelocalmodelto accountfor typicalheartmotions
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suchasdilation,contractionandshearusinganaffine model.Anotherextensionalsoincluded

estimatingdisplacementvectorsatmultiplescalesandselectingthemostpromisingfit. Baraldi

etal. [8] comparedtheperformanceof boththeLucas-Kanade[54] andHorn-Schunck[38] dif-

ferentialopticalflow algorithmson synthetic2D echoimagesequences.Theapproachesonly

differ in thechoiceof thesmoothingtermandin the local or global treatmentof thedomain.

Resultswerecomparableto thepreviousresearch,with only reliableresultsfrom syntheticdata

andlargeerrorsfor in vivo data.This is partly asa resultof acousticspecklethatmeansthere

is insufficient gradientinformation,reducingaccuratenumericaldifferentiationof (2.4).

To summarise,it canbeobservedthattheseapproachesrequirethatthespatiotemporalpartial

derivativesof theintensitycanbeestimatedwith sufficientaccuracy. In Section4.4adifferen-

tial basedapproachis appliedandcomparedto severalpopularblockmatchingapproaches.

2.4.3 Energy BasedTechniques

Lesspopularfor ultrasoundsequencesarethe energy based(or frequency based)techniques

for motionestimation.Thesetechniquesassumethat2D textureshave uniform spectralcon-

tent,andhave translationalmotionwith constantvelocity in thespatialdomain. Underthese

assumptions,thepower spectrum(squareof theabsolutemagnitudeof theFouriertransform)

of themoving signalis uniformly distributedalonga tilted plane,passingthroughtheorigin in

thespatiotemporalfrequency domain[36, 9]. By estimatingtheorientationof this plane,the

displacementcomponentsof
�

canberecovered.

CooperandGraham[21] addressedtheapplicationof estimatingmotionin transabdominalul-

trasoundsequences,usingenergy basedtechniques.TheauthorsspecificallyappliedHeeger’s

[37] spectralmotionestimationtechniquefor speckletexturedsequences.Theorientationof

the plane,wasestimatedby locally samplingthe power spectrumby convolution usingspa-

tial andtemporalGaborfilters. Unfortunately, whenthesignalmotion is not in theform of a

translationalshift, the energy spreadsout aroundthis plane,makingorientationandlocation

lessrobust. Consequently, this approachpotentially requiresthe tuning of a large rangeof

optimalfilters (a minimumof �.� tunedto differentspatialorientationsanddifferenttemporal

frequenciesfor syntheticdata),especiallyfor in vivo sequencesthatcontaincomplex motion.

Recently, Cooperet al. [22] implementedanalternative moresimplisticschemeto reducethis
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problem,wherebyanextensive full searchis performedthatsamplesthepowerspectrumusing

multipleplanes,with theplanecontainingthehighestpowerselectedasthebestfit.

To summarise,it is apparentthattheapertureproblemremainsasignificantissuecausinglarge

errors,asin thespatiotemporalfrequency domainthepower spectrumof themoving signalis

restrictedto a line (wherenormalflow, definedin Section2.5.1, is the gradientof the line).

Finally, AdelsonandBergen[2] interestinglyshowedthatcertainenergy basedtechniquesare

equivalentto correlationbasedmethods.

2.4.4 Block Matching Techniques

To date,themostpopularapproachesto speckletrackinguse2D region-basedmatchingthat

assumethe optical flow (2.4) is constantover a definedregion. Frameto frame matching

of featuresis referredto as the correspondenceproblem. In the literaturethe term block,

region,window, templateandkernelareequivalent,all definingalocalised,small,constrained,

2D subsetof values. The purposeis to locatethe bestmatchfor a block no2q�$"M�:4 in frame 	�
 ,
somewherein frame 	�

��� givennumerousblocksof exactly thesamedimensions(Figure2.5).

Figure2.5: FSBM illustrating the referenceblock in �V� andfinal displacementin ���|��� , 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

andsegmentation.Many examplesof thiscanbefoundin [94]. Typical implementations,such

asJainandJain[40], usefixedsizeblocksof theorderof �.���P�.� pixelsusingrestrictedsearch

regionsof ��*!����* . Interframemotion is quantifiedby matchingsub-regions of a reference

frame 	�
 at time � to a new frame 	�

��� minimisingor maximisingvariousmeasuredcriteria.

A goodmatchrequiresthewholeblock to have undergonethesametranslationalmotion. The

choiceof blocksize,searchrangeandmatchingcriterionaffectthereliability of displacements.

Smallerandmorenumerousblockscanbetterrepresentcomplex motion(but aremorelikely

to converge on inappropriatelocal minima) thanfewer large blocks,that representonly large

globalmotionwell. This problemhasbeeninvestigatedby Ribas-CorberaandNeuhoff [81],

concludingthat the optimumblock sizecanbe affectednot only by motionvectoraccuracy,

but alsoby otherscenecharacteristicssuchastextureandinterframenoise.

Earlywork includesBohset al. [12], acquiringdisplacementsin real-timefor in vitro datasets

usingthesumof absolutedifferences(SAD) asa region matchingcriterion. Theauthorsnote

that B-modedata,althoughhaving a coarserresolution,tendedto be moreuniform thanRF

data. Golematiet al. [33] implementedFSBM usingcorrelationcoefficientsasthematching

criterionfor speckletracking,to determinecarotidarterywall motionfrom B-scans.Although

multi-resolutionsor sub-pixel accuracy werenotanalysed,themethodyieldedaccurateresults.

Pratikakiset al. [79] useda multiresolutionblock matchingschemefor the applicationof

tissuedeformationtrackingduringsurgery. Usinga multiresolutionframework improved the

quality of the initial estimatescomparedto FSBM. Furtherblock matchingadaptationis the

deformablemesh,appliedby Yeunget al. [110] for featureadaptive motion trackingof ul-

trasoundsequencesof musclecontractions.The authorsmanuallyallocatenodesconnecting

themeshelementsadaptively to stablespecklepatterns,whicharelesssusceptibleto temporal

decorrelationproducingsuccessfulnon-rigiddisplacementfieldsin ultrasound.Later, various

researchers(suchasBamberandBush[7], Shapoetal.[87], MorsyandVonRamm[65], Wang

et al. [107] andVogt et al. [105]) favourednormalisedcrosscorrelationto estimatetissue

motion,which is exploredlater.
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2.5 B-scanSpeckleTracking Issues

2D motionestimationsolutionssuffer from uniqueness,existenceandcontinuityproblems:

1. Uniqueness:Whendisplacementcomponentsaretreatedindependently, therearetwo

unknowns,leadingto apotentialapertureproblem.

2. Existence:No correspondencesolution exists for both coveredand uncoveredback-

groundregions.This is known astheocclusionproblem.

3. Continuity: Motion estimationis sensitive to thepresenceof noise,with smallamounts

of noiseresultingin a largedeviation in thecontinuityof motionestimates.

Theaperture,occlusionandcontinuityproblemsaredescribedin thefollowing subsections.

2.5.1 Aperture Problem

Theapertureproblemis illustratedin Figure2.6,whereanobjectmovesfrom   to  ¢¡ corre-

spondingto theopticalflow displacementvector. In Figure2.6(a)it is notpossibleto measure

bothdisplacementcomponents.Only theverticalmotionor normalflow (themotionperpen-

dicularto theobject)canbemeasured.However, in Figure2.6(b)it is possibleto estimateboth

displacementcomponents,astherearegradientsin bothperpendiculardirections.Therefore,

the apertureproblemcanbe overcomefor regionsof pixel intensitiesthat containsufficient

variation and sharethe samemotion. We show an approachto minimising inaccuraciesin

displacementestimationcausedfrom theapertureproblem,laterin Chapter5.

2.5.2 OcclusionProblem

The occlusionproblemrefersto the covering anduncovering of an object’s surfacethat was

only in part of the field of view. This is illustratedin Figure2.7, wherethe object indicated

by thesolid line translatesdiagonallyfrom frame 	�
 to 	�

��� . Theshadedregion in 	�
 indicates

thefuturecoveredregion in 	 

��� , henceno correspondenceexists for thepixels in 	 

��� . The

shadedregionin 	 

��� indicatestheregionuncoveredby themotionof theobject,andasaresult

no correspondencesexistsfor thepixels in 	�
 . Reasonsfor occlusionin ultrasoundsequences

aregivenin Section5.3.6,includinganapproachto updatefor theocclusionof data.

18



(a)Aperture1. (b) Aperture2.

Figure2.6: The apertureproblem: (a) Aperture1, singledisplacementcomponentestimatedand(b)

aperture2, bothdisplacementcomponentsestimated.

(a)Covered. (b) Uncovered.

Figure2.7: Theocclusionproblem:(a) Region to becovered(no region in � �|��� matchesthis region in� � ) and(b) regionuncovered(nodisplacementrepresentsthemotionin theuncoveredregion in � �|��� ).
2.5.3 Continuity Problem

Thecontinuityproblem,discontinuousinaccuratedisplacementscausedby noisein theimages,

canbe reducedby sequencepre-processing.Pre-processingusingfiltering, smoothsspatial

derivatives leadingto improved displacementaccuracy, specificallyfor the differential tech-

niquesdiscussedin Section2.4.2. Specklefiltering is an areaof active researchwith many
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existing techniques.Categoriesandexamplefilter methodsusedfor ultrasoundinclude:

1. SpatialNon-adaptiveFilter: Examplesincludethemedianandmeanlow-passfilters(the

latterusedby Mailloux etal. [56]).

2. SpatialAdaptive Filter: PopularapproachesincludetheclassicFrostfilter (Frostet al.

[29]), adaptiveweightedmedianfilter (Loupasetal. [52]), waveletcoefficient threshold-

ing for echocardiographicimages(Zonget al. [114]), multiscalenonlinearthresholding

(Haoet al. [35]) andlastly real-timeanisotropicdiffusion(Abd-Elmoniemet al. [1]).

3. SpatiotemporalFilter: Methodsrangefrom compoundingor multiple frameaveraging

(Klingler et al.[45], and Friedlandand Adam [28] temporallyaveragingthreeframes

with a weightingon thecentralframe),to a motion-adaptive biasedleastmeansquares

temporalfilter (EvansandNixon [26]).

Figure2.8 illustratessamplefiltering resultsfrom several techniquesfrom eachof the cate-

goriesdefinedabove, appliedto a typical musculoskeletalultrasoundimage.Theoriginal and

filteredoutputimagesfrom usinga low-passmedianfilter, anisotropicdiffusion3 andmultiple

frameaveraging,areshown in Figures2.8(a)-2.8(d)respectively. The performanceof each

filter hasreceived attentionelsewhere,however, qualitatively we can observe somegeneral

characteristics.First, the medianfilter haspreserved edgesbut blurredsomeimportantfine

detail(removing high frequency information).Second,anisotropicdiffusionhassmoothedthe

speckleandmaintainededgeinformation,generatinglocal homogeneousregions. Thesere-

gionscancauseerroneousdisplacements,aspixelsin 	�
 cancorrespondto severalpixelswithin

aregionin 	�

��� . YuandActon[112] usethistechniqueof extensivespeckleover-smoothingfor

asegmentationscheme.Lastly, frameaveraging,whichexploitsthenon-stationarityof speckle

by combininga seriesof input images,produceda blurredimagewith resolutionloss. These

exampleresultsleadto improving visualunderstanding,producinghomogeneousregionswith

clearercontrastingregions,andenhancedboundariesthataredetrimentalfor speckletracking.

3This filtering processupdateseachpixel dependingon its nearestneighbours,selectively smoothingregions

of pixelsbasedon the iterative evaluationof a diffusion function,which is typically basedon the imagegradient

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

(c) Anisotropicdiffusionoutput. (d) Multiple frameaveragingoutput.

Figure2.8: Specklefiltering: (a)Original imageof in vivoachillestendonandtissue,(b) filteredimage

using £¥¤¦£ medianfilter, (c) filtered imageusinganisotropicdiffusion[74] with §¨� iterations,and(d)

filteredimageusingmultiple � frameaveraging.
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In thiswork,wefavourdisplacementestimationwith displacementpost-processing,ratherthan

specklefilter pre-processingandthendisplacementestimation.Althoughmuchresearchhas

beenaimedat removing speckleto enhanceultrasoundimageunderstanding,many schemes

produceincreasinglylocalisedhomogeneousregions.This is dueto featuresthatarethesame

scaleasthespecklebeingeliminated,observedby [113], impedinglocalmotionestimation.

Filter performancetendsto be measuredby quantifyingedgesandboundaries,with speckle

preservationandfluctuationreductionmeasuredusingtheco-occurrencematrix andlocalised

meanandstandarddeviation, (known asthespecklesignalto noiseratio, usedlater for mea-

suringspeckledensity).In oursituationall echoinformationis maintained,justifying aregion-

basedmotion estimationapproach,as discussedin Section2.4.4, which hassomeinherent

robustnessto speckleincoherenceandmachinenoisefor speckletracking. An experimentis

conductedin Chapter4 to measurespecklestabilityandnon-stationarynoise.Thenext section

describestheonly pre-processingthathasoccurredaspartof capturingthesequences.

2.6 SignalProcessing

Theobjective of any displacementestimationalgorithmis to trackthesamegroupof scatterers

in the imageof thepre-deformedtissue,to the imageof thepost-deformedtissue.Therefore

theperformanceof displacementestimationusingB-scans,is dependenton thequality of the

imagescaptured.Contrastandresolutionarethe two most importantquality parametersfor

ultrasoundimages.For example,poor usergainselectioncancreateregionsof saturatedin-

tensityor areasof very low inhomogeneousimagecontrast.This canresult in relatively flat

correlationsurfaceswith negligible significantpeaks.A rangeof methodsexist for automat-

ically adjustingsweptgain functions.Thesimplest,appliesa pre-setTGC functionbasedon

theaverageimagepropertiesfor thetransducerused,to continuouslyestimatingtheattenuation

coefficientby analysingthebackscatteredsignalproperties.

Sequencescapturinglarge motionscanalsocausethe TGC andlateralgaincompensationto

vary for thesametissueat differentframes,althoughnegligible in musculoskeletalsequences

dueto thepresenceof stronglateralmotion. For sequencesof low contrastintensity, normali-

sationor constantvarianceenhancement,describedin [76], canbeappliedasapre-processing
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stage.Theselocal methodsproduceimageswith thesamemeanandvariance,by subtracting

themeananddividing by thestandarddeviationof theintensityvaluesin theregion.

2.7 Elastography: RF-data vsB-scan

SomecomparisonsbetweentraditionalRFelastographyandusingB-scansareshown in Table

2.1. Although B-scansarea potentiallydegradedsignal(from machinesettingsandinternal

processing,Section2.2) comparedto the RF signal, this is insignificantto the benefitsthat

canbegained.The mostfavourableattributesinclude,reduceddatastoragecomparedto A-

lines,thevastavailability of machineswith directdigital videocapturefeeds,andtheability to

measurea largerangeof displacementsandstrains.

Attrib utes RF-data B-scan

Modality A-mode B-mode

Dimensionality 1D 2D

SignalQuality Raw Processed

HardwareCompatibility Modified for RFaccess Full support

DeformationRange �¥k]�W� in vivo �¥kE��� in vivo

PotentialProcessRate Real-time Real-time

Clinical Applicability High High

Table2.1: Generalcomparisonof attributesbetweentraditional1D RF elastographyand2D B-scan

computervisionelastography.

2.8 Conclusion

In this chapter, we have attemptedto provide anoverview of theexisting methodsto estimate

displacementsusingultrasoundspeckletracking.Thishascommencedwith a summaryof the

processesrequiredto constructaB-scanusingultrasound,artefactsthatcanoccurandthefor-

mationof speckle.A detailedreview of thecurrentstateof elastographyfollowed,whichover

23



thepastdecadehasdevelopedrapidly, dueto theclinical needto furtherour understandingof

thedynamicpropertiesof in vivo soft tissue.In comparisonto RF elastography, B-scantrack-

ing methodologieshave beenexplored,specificallythe differential,energy basedandblock

matchingtechniques.Theadvantagesof computervisionapproacheshave beenclearlystated,

overcomingthe lack of availableultrasoundmachineswith RF accessand limitation to 1D

analysisfollowedby a further1D analysisto simulate2D analysis.Also thedisadvantagesof

B-scantracking,for example,aperture,occlusionanddisplacementcontinuityissues.

In comparisonto the RF elastographyexampleshown in Figure2.3, we proposean alterna-

tive approachto producingstrain images,by quantifyingdynamicdisplacementfields from

ultrasonographicB-scansequences.Thesecanthenbeconvertedinto strainmaps,asshown in

Figure2.9,by computingthefirst derivativesfor all displacements.Deriving displacementand

strainfieldsandparticularlymeasuringaccuracy aredifficult problems,whichareaddressedin

this thesis.
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(a)Photographof tendon.

(b) B-modeof tendon.

(c) Proposedelastogram.

Figure2.9: An in vitro exampleusingcomputervision elastography, including (a) a photographof a

tendonsection(usinga ©.�ª¤ objective lensandstainedpink), illustratingthedenseregularconnective

tissueof parallelcollagenfibres.Elongatednucleiof fibroblastscanalsobeobservedflattenedbetween

thelayersof collagenfibres.(b) theultrasoundimageand(c) correspondingproposedelastogram.
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Chapter 3

Groundtruth in vitro and Clinical in

vivo Datasets

3.1 Intr oduction

In this thesisweanalysesequencesdedicatedin purposeandfunctionto musculoskeletalultra-

sound.This is anareaof high clinical interestdueto thedemandfor improvedunderstanding

of tendinopathyresultingfrom, for example,inflammation,overuseor sport injuries. Hence

our motivationfor testingdatasetsof tendonandsoft tissue.This chapteris dividedinto three

sections.First,Section3.2describesthedataof our two mainanatomicalfocusareas.Second,

Section3.3outlinesourtissuemimickingphantomdata,tendonpull dataandsyntheticspeckle

data.Finally, Section3.4concludesby detailingthe in vivomusculoskeletaldatasets.

3.2 TendonAnatomy: Structure and Function

Thefirst in vivo datasetfocuseson thecalcanealtendon(or achillestendon),thethickestand

strongesttendonin thehumanbody, shown in Figure3.1(a).SinceHippocratesfirst recorded

thatachillestendoninjury inducedacutefevers,choking,derangementof themind anddeath

[23], achillestendondisordershave attractedmuchresearch.The seconddatasetfocuseson

thepatellatendon,locatedat thekneejoint, Figure3.1(b),thelargestandmostcomplex joint
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in thehumanbody. Thepatellatendonconnectsthepatella(kneecap)to thetibia (shinbone),

partof theextensormechanismof theknee,whichallows thekneeto extend(straighten).

(a)Achilles tendon. (b) Patellatendon.

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

Typically tendonsaresoft (but stiff in tension)collagenoustissuesthat connectandtransmit

forcesdevelopedby musclesto bonesto move andstabilisejoints. The junctionbetweenthe

muscleandtendon,myotendinousjunction,andthejunctionbetweentheboneandtendon,os-

teotendinousjunction,arebothimportantclinical areasandprovide possiblelandmarks.Ten-

donsslide over bonesandoften move throughsheathsto direct their pathandlimit friction.

Somelong tendonssuchas the patellaor the achillesarenot coveredby a synovial tendon

sheath.Tendonsheathscontainasmallamountof fluid, normallyseenasahypoechoicrim on

ultrasoundimages.

Tendonshave a hierarchicalstructurethatinfluencesmechanicalbehaviour. Thelargeststruc-

ture in Figure 3.2 is the tendon. The main load carrying elementin tendonsare collagen

moleculesthatwind themselvestogetherinto fibrils; thesefibrils areorganisedinto fibresand

thefibresinto varioustissues.Thefibril hasacrimped(wavy) structureproviding asignificant

mechanicalinfluence.Theextensibilityof collagenis ���|�W� .

A force-extensionplot for atypicaltendonstretchis shown in Figure3.3.Mosttendonsexist in

regionsA andB wherecollagenfibrils startto de-crimp.In region C tendonstiffnessreduces,
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Figure3.2: Hierarchicalstructureof tendon,adaptedfrom [44].

fibril damageaccumulatesandin regionD tendonfailure.Therefore,tendonbehaviour depends

ontheindividual crimpstructureandfailurerateof thecollagenfibrils. Tendoncollagenfibres

breakwith overuseby repeated*�f�/�� strain,reportedby [43]. It hasalsobeenobservedthat

the numberof structuresvisible closelycorrelateswith the ultrasoundtransducerfrequency,

andthereforethefasciclesarenot imagineddirectly.

Figure3.3: Forceextensionplot for a typical tendon,with sketchesof tendonde-crimping,shown at

eachdesignatedregion from A to D.
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3.3 Groundtruth in vitro Datasets

To facilitateperformanceevaluationof theproposedmethodfor in vivo musculoskeletalultra-

sound,particularlyin regionsof tendonandtissue,we setupa tissuemimicking phantomand

in vitro tendonexperiments.Theseaim to validatethe approachin two specificanatomical

regions:

1. Tissues,with ahighdensityof scatterersyieldingspeckletexture.

2. Tendons,differinggreatlyto tissueswith alow densityof scatterersandstriatedstructure.

All sequencesconsistof ��� frames(the default acquisitionlengthusing a DiasusDynamic

Imagingultrasoundmachine),of ���.�ª�L���.� pixels,capturedat /-��� Hz usingalineararraytrans-

ducer, with a frequency of /�f«�.� MHz centredat c��.� MHz (unlessotherwisestated)and

quantisedinto / bits, requiring J:�¬J�� Mbytes.All sequenceswereacquiredwith theultrasound

machinesetto operatewith ascandepthof ��� mmwith asingletransmitfocuszone.Also, the

TGCvaluesweresetto obtainequalgrey levelsat everydepth.Theresultingcapturedimages

have anextremelyfine resolutionof ��� microns( ���­��� mm). Traditionalexternalframegrab-

bing technologywasnot used,asmostmodernmachinesstoredisplayedframesinternallyas

cine(video). This minimisespoorframerates,aliasingandcompressionerrors,which areas-

sociatedwith previousworks,promotingtheadvantagesof computervisionbasedapproaches.

3.3.1 TissueMimicking PhantomData

A tissuemimicking phantomwas constructedusing a sponge-agarosegel ( ������� ) compos-

ite sample(Figure3.4(a)). The spongeintroducedechogenicityto simulatefully developed

specklecharacteristics(Section2.2.2),correspondingto theultrasoundof soft tissues.A fixed

transducerwaspositionedon a compressionplate(larger thanthesample)to ensureuniform

global axial deformation. Threeexperimentsusinga materialtestingmachinegeneratedsi-

nusoidal( ® ), triangular( ¯ ) andsquare( ° ) wave compressive displacementswith time, of

equalmagnitude.Sequencesfor eachdeformationfrom rest,compressing,compressed,de-

compressingandreststateswerecontinuouslycaptured.Weallowedappropriateelapsedtime

periodsbetweensuccessive testsfor thesampleto recover to anequilibriumstateof beingfully

re-hydratedfrom potentialfluid loss.Thedataacquiredis summarisedin Table3.1.
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(a)Tissuephantom. (b) Tendonin vitro.

Figure3.4: Groundtruths:(a)Tissuemimickingphantomand(b) in vitro tendon.±
DatasetID Loading Cycle Compression( � ) QTY ¤ Frames² sinusoidal ��³«§�� §�¤`£W�´

triangular ��³«§�� §�¤`£W�µ
square ��³«§�� §�¤`£W�

TOTAL 90

Table3.1: Summaryof thetissuemimickingphantomdatasetsshowing theappliedcompression.

3.3.2 TendonPull Data

In vitro experimentsusedverticalclampedlongitudinalequinetendonspecimensof length �����
mm, Figure3.4(b). Eachspecimenfirst underwentseveral small preconditioningtrials and

thentheappliedload,with theloadingaxisorientatedparallelto thefibredirection.A clamped

transducer(usingan offset gel) scannedcontinuouslyin the longitudinalposition. Material

testingmachines(HounsfieldandZwick Dartec)with increasingloadgeneratedseveraltendon

pulls, small and large, to deform the tendonspecimen(Figure 3.5). Tendonfibres can be

observedwith a spatialresolutionof lower than ���|� mm in vitro. To enablefeaturetracking,a

landmarkwassimulatedby insertinga ����� mm diameterball-bearing(BB) creatingSTATIC-

LANDMARK1. Thedataacquiredis summarisedin Table3.2.
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Figure3.5: Apparatussetupfor in vitro tendonpulls showing bothupperandlower clampsandtrans-

ducerpositionalongsidethecapturedB-modeROI.

DatasetID State Landmark Clamped Rate (mm/sec)QTY ¤ Frames

STATIC-HEALTHY0 healthy without single §¨� §ª¤`£W�
STATIC-LANDMARK1 healthy with single §¨� §ª¤`£W�
DYNAMIC-HEALTHY2 healthy without double § §ª¤`£W�
DYNAMIC-DAMAGED3 damaged without double § §ª¤`£W�
MUSCLE-HEALTHY4 healthy without double §¨� ©�¤`£W�

TOTAL 180

Table3.2: Summaryof the in vitro datasetsshowing clamping,pull rateandquantity.

3.3.3 SyntheticData

In this work we prefer to usethe tissuemimicking phantomand in vitro tendonpull data

for our gold standardgroundtruth,reducingdisplacementresultambiguity. Much literature

analysingultrasoundimagesusesyntheticsequences(generatedcompletelyartificially) to test

developedalgorithms,for example[93]. It is well known thatsyntheticdatararelysynthesises

realultrasoundinformation.However, to first appreciatetheformationof speckle,andsecond

to evaluatethe advantagesof the proposedmethodin Chapter5, we alsogeneratedspatially

uniformandtemporallystablespeckletextures,asoutlinedin [62, 42]. Theprocessstagesare

illustratedin Figures.3.6(a)-3.6(d),commencingwith aninitial intensityor echogenicitymap
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(a)Objectintensityor echogenicitymap. (b) Densescatterers.

(c) RFdata. (d) Simulatedspeckleimage.

Figure3.6: Datasets:(a)Echogenicitymapcorrespondingto ahypoechoicobject.Contrastis -5dB.(b)

Scatteringfunctionrepresentingscatterersbeingimaged,weightedby echogenicitymap. (c) RF data:

PSFconvolvedwith scatteringfunctionand(d) EnvelopedetectionusingHilbert transformto produce

desiredimageof echomagnitude( ©W�g¤O©W� mm).

in Figure3.6(a)representinganobjectof interest,which is a contrastingcircularhypoechoic

regionreproducing[5]. Thescatteringfunction A¶2qp�"0s+4 is anormallydistributedrandomfield,

whichrepresentsthepopulationof scatterersbeingimaged,weightedby theechogenicitymap,

shown in Figure3.6(b).Thepointspreadfunction(PSF)·¸23pr"0st4 is assumedto beaGaussian-

weightedsinusoidalfunction(aGaborfunction,alsousedby Yu andActon[113]). Convolving

the scatteringfunction with the PSF( ·¹2qpr"0st4Oº[A¶2qpr"0st4 ) yields the resultingRF echodata
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shown in Figure3.6(c),with envelopedetection(magnitudeof theHilbert transform)producing

thedesiredimageof echomagnitudein Figure3.6(d).It canbeobservedthatthespecklehasa

negative effecton imageunderstanding,obscuringthefull detailsof thecircularobject.

Two approacheswereusedto constructvarioussequences:first, aknown motionfield wasap-

pliedto thesimulatedimagen ; second,aknown motionfield wasappliedto thepointscatterer

distribution of thetissueA . An affine transformationwasused,definedas:»¼ p�¡s:¡
½¾ % »¼ � �

½¾ } »¼ v � ¿.�¿.� v �
½¾�À8»¼ p s

½¾
(3.1)

whereintensitiesat 2qp�"0s+4 aremappedto 2qp ¡ "0s ¡ 4 usinga translationalshift definedby thedis-

placementcomponents
� 
,2q��"0��4 , with v � and v � definingthe lateralandaxial scalingparam-

eters,and ¿.� and ¿.� definingthe lateralandaxial shearparameters.For example,for lateral

tension v � l#� to stretch n , or for lateralcompression��kuv � k>� , shrinking n . This trans-

formationtypically requiresaninterpolationscheme;following theinterpolationevaluationof

Meijeringetal. [61] for medicalimaging,weusecubicB-splineinterpolation.

Differentscattererdensitycausesdifferentobservedspeckledensity, which is shown in Figure

3.7. Thereforespeckledensityis variedto generatesequencesof high andlow speckle(for

example ������� and ����� respectively), andvaryingspeckle(containinghalf of eachof these).

With nounderlyingstructure,thereis lessreflectionfrom thereducednumberof scatterers.

(a)Density Á�Â0Ã¨Ã¨Ä . (b) Density ÁÆÅ�ÅVÄ . (c) Density ÁhÇ�ÇVÄ .

Figure 3.7: Syntheticdatasets:(a) Scattererdensityis §��)��� (full developedspeckle),(b) scatterer

densityis È)È�� and(c) scattererdensityis £W£�� .

Finally, to measurethe robustnessof displacementestimationin regionsof specklereduced

temporalcoherence,wealsocorrupteachframewith multiplicative Rayleighdistributednoise.

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

Our final datasetcomesfrom in vivo musculoskeletal ultrasound. We captureand analyse

clinically relevant data,demonstratingregionsof both tissueandtendon.Tendonsarehighly

anisotropicdueto their densefibroustissuein which Type � collagenfibresarealignedalong

thetendon’s longaxis,seeSection2.2.1.While thisstructureallows tendonsto withstandhigh

tensileloadsimposedonthemduringnormalactivities, it is ill-suitedto withstandcompressive

or shearloading. Although tendonslargely function uniaxially, they are multidimensional

structuresthat often undergo multidimensionalloading[10]. For example,the tendon-bone

insertionsitesarestructurallycomplex, and may undergo combinationsof tension,torsion,

shear, bending,and compressionin the courseof kinematic joint loading. We have an in

vivo databaseincluding /�� achillesand /�� patellatendon ��� -framesequences,capturingfull

longitudinaldynamicflexion to extensionmovements( k¹�.����j ) from different subjects. A

summaryis providedin Table3.3andlabelledexampleframesappearin Figure3.8.

DatasetID Freq. (MHz) Subjects QTY ¤ Frames

Patella Éª³¢§�È É É)�g¤`£W�
Achilles Éª³¢§�È Ê É)�g¤`£W�

Digital Flexor (P2-P3) §¨�t³8©W© � §¨�g¤`£W�
Radialis §¨�t³8©W© È §V©�¤`£W�
TOTAL 5460

Table3.3: Summaryof the in vivodatasetsshowing tendontype,transducerfrequency andquantity.

3.5 Conclusion

This chapterhasdescribedthe setof in vitro and in vivo datawe usein this thesis. Due to

the challengesof accuratemeasuringof soft tissue,we generatedin vitro datafocusingon

tendonmotion,with the tissuemimicking phantomandsyntheticdatafocusingon soft tissue

deformation.Furthermorewe describeour musculoskeletal in vivo datawith anemphasison

tendonsandsurroundingsoft tissues.
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A majorproblemfor speckletrackingmethodsis thelargevariationin capturedimages.Dis-

crepanciesat a high level commonlyoccurfrom differentmachines,usertechniques,patients

andpathology, with low level discrepanciesincludingmachinebuilt-in imageprocessingand

filtering software.

It shouldbenotedthat thegroundtruthin vitro andclinical in vivo datasetscomplywith data

protectionacts,with subjectdetailsremoved whereapplicable. This collectionof datawill

be madepublicly available on-line, to provide the first (that we areawareof) collectionof

ultrasoundsequencesanddisplacementresultsfor otherresearchersto use.All experimentsin

this thesisusethedatasetsdescribedherefor testing.
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(a)Patellatendon.

(b) Achilles tendon.

(c) Digital flexor tendon.

Figure3.8: Labelledultrasoundframes: (a) Longitudinalsectionof the patella,(b) achillesand (c)

superficialdigital flexor tendons(labels § , © and £ identify enhancement,reverberationandshadow

artefactsrespectively). ±
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Chapter 4

Interframe Motion Estimation for

DisplacementFields

4.1 Intr oduction

Thischapterpresentsablockmatchingapproachto measuring2D soft tissuedeformation,and

assessesthe feasibility of tracking regions in musculoskeletal ultrasoundsequences.While

block matchinghasbeenusedextensively in the computervision field, we demonstratea

novel applicationof theconceptto musculoskeletalultrasound.An iterativevariable-sizeblock

matching(VSBM) framework is implementedto combinetheadvantagesof usinga rangeof

blocksizes.Thisenablesusto quantifyvaryingscalesof motion,whichexist in typical in vivo

ultrasoundimagesequences.A hierarchicalfull searchstrategy is employed,yieldingoptimal

convergencefor all searchiterations. The resultingestimateddisplacementsarealsorefined

to sub-pixel accuracy usingbi-linearinterpolation.To evaluatetheperformanceof VSBM on

our ultrasoundsequences,we performeda comparative analysisconsistingof several relevant

approaches,investigatingvariationsof block matchinganda differentialtechnique.Our com-

parisonsareprimarily focusedon internaltendondeformation,hencewe concentrateon the

accuracy and reliability of displacementestimationusing specific in vitro groundtruthdata.

Our study found VSBM producedsuperiorperformancedueto analysingblocksof varying

scales,indicatingimprovementsweremadein de-correlatedregions,andwheremotiondispar-

itiesoccurred.In addition,experimentalresultsareshown for in vivoclinical sequences.

37



Webegin in Section4.2with afundamentalin vitro experimenttoobservethetemporalchanges

in imagecontent,by measuringinterframestability understaticconditions.Next, we describe

in Section4.3 the proposedblock matchingapproachincluding similarity and dissimilarity

matchingcriteria,block sizedefinition,searchingstrategy andrefinementof displacementsto

sub-pixel accuracy. Further, displacementestimationalgorithmsaredescribedin Section4.4,

with accuracy measurementsdefinedin Section4.5,prior to acomparative analysisdetailedin

Section4.6. Displacementfield resultsfrom in vivo sequencesarereportedin Section4.7,and

conclusionsdrawn in Section4.8onestimatingdisplacementsusingultrasoundimages.

4.2 B-scanChangeDetectionConsiderations

Beforecommencingwith motionestimation,wefirst conductedachangedetectionexperiment

usingimagedifferencing[83]. Thepurposewasto measurethetemporalcoherenceof theob-

servedspeckletextures,andexistenceof any non-stationarynoise.By calculatingtheabsolute

valuesof thedifferencesbetweenthecorrespondingpixels in two imagesa globaldifference

mapwasproduced.Thisquantifiesthenumberof corruptedpixelsthathave a non-zerovalue,

from noiseor temporallyunstablespeckle,assuminga still targetobjectandstatictransducer

to ensurecapturedframeswereautomaticallyregistered. Different frame intervals between

consecutive andlargerperiodswerealsoanalysedto observe theamountof temporalchange.

Differenttransducerfrequencieswerecomparedwith bandwidths�¨fN��� , /¨fN�.� and ���Vf���� MHz.

Eachwasusedto capture“perfect” in vitro conditionsof astationarytendonin astill waterbath

with clampedprobeto quantifydifferentpixels,and“less thanperfect” in vivo conditionsof

a freehandscanningof muscleto locatedifferentpixels. Althoughsubstantialresearchexists

usinglowerfrequencies(for example�¨fLJ MHz for abdominal[20], cardiacandmammography

[13]), we focus on the higher frequencies/NfË�.� MHz usedfor musculoskeletal diagnosis.

The highertransducerfrequenciesandwider aperturesize1, producehigheraxial andlateral

resolutions2, but a reducedpenetrationdepth.Thechangein depthis dueto attenuationwhere

thesignalcanreduceby approximately� dB/cm/MHz[95].

Resultsfrom theperfectconditionsexperimentareshown in Table4.1. All testsshowed that

1Theaperturesizeis theactive transmittingandreceiving portionof thetransducerarray.
2Theresolutionin anultrasoundimageis a functionof theF-number, or sizeof theaperture.
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the transducerfrequency hadno observableinfluenceon thequantityof pixel variations,and

asexpected,only a maximumof c«/�� of pixelschanged.Thesechangesareattributedto the

presenceof somenegligible electronicadditive Gaussiannoise,ratherthanunstablespeckle.

However, sequencescapturedwith lessthanperfectconditions,highlighteda reductionin cor-

relation(indicatedby alargepixel difference)in areasof speckle,tendingto occurin thelower

regions,shown earlierin Figure3.8andherein Figure4.1.Thisvariationin signalcontenthas

aneffect ondisplacementaccuracy, which is dealtwith laterin Chapter5.

Frame Frequency(MHz)

Inter val 5-10 8-16 10-22	:�NÌ�	 � 6.49 4.24 5.43	:�NÌ�	:�MT 7.66 4.92 5.98	:�NÌ�	 � T 7.71 5.12 6.02	:�NÌ�	�F0T 7.53 6.19 6.15

Table4.1: Percentagepixel changedetectionmeasurementsin “perfect” conditions.

Figure4.1: Achilles tendonwith enlargedimagesof tendonandspeckle.
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4.3 Variable SizedBlock Matching (VSBM) for SpeckleTracking

The purposeof block matchingis to locatethe bestmatchfor a block n�2q�,"M�:4 in frame 	 
 ,
somewherein frame 	�

��� given numerousblocksof exactly the samedimensions.We now

describeseveral matchingcriteriabeforedetailingthe criterionusedin the VSBM approach,

followedby ourhierarchicalfull searchstrategy andsub-pixel displacementrefinement.

4.3.1 Similarity and Dissimilarity Matching Criteria

Variousmatchingcriteria areusedfor locatingtexturesin images,which eithermeasurethe

similarity or dissimilaritybetweenlocalisedregions.Themostpopularcriterionthathasbeen

implementedin hardware,dueto having nosquareoperations,is theminimumabsolutediffer-

ence(MAD), which is definedas:

MAD Í.n�Î BÐÏ Ñ¨Ò "$n ¡ÎzÓ Ï ÔÕÒ3Ö %(× n�Ø ��}¶pr"M�P}¶s:ÙtfÚn ¡ ØÜÛ�}¶p�"$Ýª}¶s:ÙÞ× (4.1)

Unfortunately, theperformanceof theMAD criteriondeterioratesasthesearchareabecomes

larger dueto thepresenceof severalpossiblelocal minima. It can,however, be incorporated

into a matchingpixel count (MPC) criterion, which classifieseachpixel within eachblock

aseithermatchingor mismatching,wherethe block yielding the largestMPC producesthe

optimumdisplacement
�

, accordingto:

MPC % ßàÜá � if MAD â threshold� otherwise
(4.2)

dependingon a predeterminedthreshold.Anotheralternative is thesumof squaredifference

(SSD)criterion,definedas:

SSD Í n Î BqÏ Ñ¨Ò "$n ¡ÎzÓ Ï ÔÕÒ Ö %äãå� 5��
æå
� 5��`ç n�Ø ��}¶pr"M�P}¶s:ÙªfËn ¡ ØÜÛ�}¶p�"$Ýª}¶s�ÙÐè

�
(4.3)

The SSDis not robust to any shift or scalingof intensity. To compensatefor shifts in inten-

sity from uneven illumination, the intensityshift-correctedSSDcanbe used. This subtracts

thelocal meanfrom eachblockprior to performingtheSSD.Insteadof usingthemeanvalue,

StrintzisandKokkinidis [91] introduceda weightedtermcorrespondingto the statisticalde-

scriptionof ultrasoundimages.This is discussedfurtherin Chapter5.
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Briefly we mentionherethe useof the spatialdomainnormalisedcrosscorrelation(NCC),

whichcorrelates� regionsto provideasimilarity measure,with localmeansén and én ¡ removed.

Weexpandon this later, but theNCCis usedin ourcomparative analysisin Section4.4.2,and

is definedas:

NCC ÍWn�Î BÐÏ Ñ¨Ò "$n ¡ÎzÓ Ï Ô¬Ò6Ö % ãê� 5��
æê� 5�� 26noØ �C}¶p�"M�!}�s�Ùtfëén�4V26n�¡UØÜÛì}¶p�"$Ýt}¶s�Ù�f én ¡ 4

ãê� 5��
æê� 5�� 26n�Ø ��}¶pr"M�P}¶s:Ùªf én�4 � ãê� 5��

æê� 5�� 26n ¡ ØÜÛ�}¶p�"$Ýª}¶s�Ùtf én ¡ 4 � (4.4)

In thischapter, wequantifythematchingof blocksusingthemeansquareerror(MSE),follow-

ing thereal-timework of Bohset al. [12]. We canevaluatetheMSE for a pair of sub-images,

definedas:

MSE Í n�Î BqÏ Ñ�Ò "$n ¡ÎzÓ Ï Ô¬Ò6Ö % ��í ãå� 5��
æå
� 5�� ç noØ �C}¶p�"M�!}�s�Ùªf�n ¡ ØÜÛì}¶pr"$Ýt}¶s:Ù è

�
(4.5)

wheren andn�¡ areregionsof size �í�t from 	�
 and	�

��� respectively, and 2q�,"M�:4 arethetopleft

cornerco-ordinatesof the referenceblock in 	�
 asare 23Ûo"$ÝU4 for thecandidateblocksin 	�

��� .
Neighbouringpixels give the centralpixel andcorrespondingdisplacementvectorunbiased

support. The resultingMSE ÍWn Î BÐÏ Ñ¨Ò "$n ¡ÎeÓ Ï ÔÕÒ Ö producesa candidatemotion vector
� 2q�r"0�+4 as

illustratedearlierin Figure2.5. Theestimateî� of themotionvector
�

is takento bethevalue

of 2q�r"0�+4 thatminimisestheMSE.Thedisplacementestimateis givenby:

î� 2q�r"0��4N%[ï�ð {ÆñXò
óÎzô Ï ô0õ Ò MSE ç nt"On ¡ è (4.6)

Minimising the MSE imposesan optical flow constrainton all pixels in a block. The MSE

providesagoodcomparisonof computationalcomplexity versusquality.

4.3.2 Hierar chical Search and Variable Block SizeStrategy

Improvementsin displacementestimationin areasof de-correlationare gainedby using a

coarseto finesearchwith varyingblocksizes.Thisis dueto thefine-tuningof thedisplacement

vector, astheestimateof thevectorat the largestscaleis passedto thenext scale.Eachscale

encapsulatesdiffering speckletexture, and at the smallerscales,a relatively smallersearch

region is usedas the initial estimateis robust. In somecaseswherea region is extremely
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de-correlatedor homogeneous(Section2.5.3),no displacementcanbeestimatedwith any ac-

curacy. De-correlationis typically causedby signalsaturation,lackof signal,or largestrains.

Thehierarchicalfull searchinitially determinestheoptimalmatchingblock in 	�

��� , by com-

puting (4.5) for all possiblecandidatedisplacementvectorsat eachpixel n ¡ ØÜÛö}=pr"$Ýr}[s:Ù in

a searchregion. To reducethecomputationalburdenandimprove displacementaccuracy, we

definea searchregion centredabouteachpixel for which a motionvector
�

is estimated.The

first searchiterationinitialiseswith ablocksize �¹�r andasearchregionof f8÷��+âX��âö÷�� andf8÷ � â«�¢â«÷ � , where ÷ , � and  aredeterminedempirically, but aresetat a relatively large

size,(Figure4.2). Theblock producingthe lowestMSE in frame 	�

��� to thecandidateblock

from the referenceframe 	�
 is thenusedto initialise the next iteration,whereboth the block

sizeand search region reducelogarithmically. The processof scalingthe searchregion and

block dimensions,andusingtheblock producingthe lowestMSE asthe initialisationfor the

next iteration,repeatsuntil a block sizelimit is reached.For eachiterationwe simultaneously

updatethe referenceblock from 	 
 , by halving its dimension,refreshingthe MSE matching

criterion (shown in Figure4.2). Every possibleblock within the searchrangein 	�

��� is ex-

amined,with block overlappingto improve flow continuity andsmoothness.Prior research

hasinvolved optimisingthesearchstrategy usingvarioussearchregion samplingtechniques,

for exampletheadaptive searchof [17]. Althoughoptimisedsearchingdecreasescomputation

time,they cannotguaranteeoptimalconvergence.

To illustrateour approachwe initially presenta croppedB-scanfrom our groundtruthdata

STATIC-LANDMARK1 undersimpletranslationalmotion.Blocksizes�[�- , where�>"$ \%')��*+",���-".�.�-",/-"0*�1 were used,with the final iteration matchingthe candidatesuperimposed

blocks on 	�
 in Figure 4.3(a). Eachiteration is visualisedin Figure 4.3(b). Progressively

increasingdisplacementsarevisible astheblock sizereduces,with ���! &%ø��* showing no

displacementsin thelandmarkregion,to �(�C ù%u* displayingthefinal refineddisplacements.

Further, in vitro estimateddisplacementaccuracy anddisplacementfield resultsareshown in

Section4.6,andin vivo resultsin Section4.7.
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Figure4.2: Hierarchicalfull searchstrategy usingVSBM illustratingthereferenceblock in � � andfinal

displacementsin � �|��� .
4.3.3 Sub-pixelDisplacementRefinement

Due to motion not occurringin discreteincrements,the VSBM algorithm wasextendedto

performmeasurementsto sub-pixel accuracy. We computed �R pixel granularityexpandinga�ú�� searchregion to *823� �Æ «4 in both 	�
 and 	�

��� usingbi-linear interpolation. The

newly generatedpixel   at 2qpr"0st4 is a weightedsumof thefour nearestneighbourhoodpixels: O�)2qpg��"0s��¨4 ,   � 2qpg�."0s � 4 ,  LF�2qp � "0s���4 ,  �R�2qp � "0s � 4 , sothat:

 í%ø2w�_fËû+4�2w�_f¶üV4- O�L}�ûP20�_f�ü�4-  � }�û�ü� LFO}=2w�_f�û�4�ü¨ �R (4.7)

whereû and ü varybetween� and � , definedas:

û�% pöfËpr�p � fËpr� ü<% s�fËs��s � fÚs�� (4.8)

Althoughbi-linearinterpolationalterspixel data,reducescontrastandthehighfrequency com-

ponentsof theimage,it is commonlyusedfor imageenlargementasimagequality is retained.
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(a)B-scan� � from STATIC-LANDMARK1 datasetsuperimposedwith candidateblocks.

(b) HierarchicalVSBM in �,� .
Figure 4.3: Multiple block scales: (a) Croppedimageof STATIC-LANDMARK1 groundtruthdata

(ball-bearinglandmarklocatedcentreright), (b) hierarchicalVSBM for � levelshighlightedusingsizesý ¤`þ , where
ý¶ÿ þ�� � È�� ÿ £�© ÿ §¨È ÿ É ÿ ��� (from right to left).

44



4.4 Comparisonof DisplacementEstimation Algorithms

This sectionprovides a comparisonof the performanceof several displacementestimation

algorithmsto VSBM. Our goal is to determinetechniquesuitability for measuringtendonin-

ternalmotion. Althoughmany opticalflow algorithmsperformwell for certainsequencesfew

areusedfor ultrasound.The selectionof algorithmsusedin this comparisonwasmotivated

by previousinconsistentandunreliableresultsfrom applyingthealgorithmsavailable3 andre-

viewedby Barronetal. [9]. Also, thedesireto examinedifferentformsof blockmatchingthat

have alreadyestablishedsuccessfor others(mentionedin Chapter2). Thus,in the following

sectionstwo block basedapproachesanda robustdifferentialapproacharebriefly described.

Theseincludeafixedsizeblockmatchingframework, thetemporallyextendedpixel matching

framework of Camus[14] andthedifferentialflow algorithmof Proesmansetal. [80]4.

4.4.1 Fixed SizeBlock Matching (FSBM)

Block matchingmethodsrequirethat theblock shouldbe large enoughto estimatelarge dis-

placements,but alsosmallenoughsothatthedisplacementremainsconstantwithin theregion.

Thesetwo requirementsareonly solvedusingmultipleblock sizesthataredefinedin VSBM,

contraryto the FSBM approach,which is equivalentto only a singlescaleof VSBM. In this

experimentbothFSBMandVSBM usetheMSEmatchingcriterion,with theFSBMlimited to

ablocksizeof �#"$ 9%=/ , andVSBM limited to � blocksizesof �>"$ \%#'��.�-",/:1 .
4.4.2 Camus[14] Temporal Pixel Matching

Camus[14] definedavariationonblockmatchingflow algorithms,by utilising thedefinitionof

velocityasthechangein distanceover thechangein time. Typicalregionmatchingalgorithms,

for exampleFSBM andVSBM apply a temporalsearchthat analysesframepairs 23	�
0",	�

���¨4
for a constanttime interval of �Æ% � , and definethe estimateddisplacementmagnitudeas

the extent of the matchingcriterion searcharea. However, Camusproposedthat the search

be extendedin time 23	�
w",	�

���+4 for a varying time interval of 	 frames,but useda constant

3Sourcesavailableat ftp://ftp.csd.uwo.ca/pub/vision
4Sourcesavailableat http://www.cs.otago.ac.nz/research/vision/Research/OpticalFlow/opticalflow.html
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reducedsearcharealimited to singlepixel shifts.This is in contrastto VSBM, whichproposes

aconstanttemporalsearchbut varyingincreasedspatialsearch.A desirablepropertyof Camus

for ultrasoundanalysisis real-timeperformance.To operatein real-time,however, typically

only a singlepixel shift canbemeasuredin a region � �! where �#"$ %(� . However, for

largemotionsthespatialsearchregion canbeextendedor imagessub-sampled.We applythe

former, increasingthesearchregion, to measurethegroundtruth/ pixel shiftsat theexpense

of increasingprocessingtime.

The Camustechniqueis illustratedin Figure4.4, demonstratinga 1D temporalsearchof �
frames( 	�

���.",	�

� � 4 , anda2D spatial�r�_� searchin 	�
 . In thisexample,thedisplacementfor a

pixel at 	�
$23�-",��4 shifts 26��".�W4 pixelsover � frames,or adisplacement
� 

5���%ø26��"$������4 perframe.

Fromexperimentation,weuse� framesof temporalsupportandpixel crosscorrelationdefined

in (4.4),insteadof theMSEthatproducedunusableresults.

Figure4.4: A pixel in � � at 
q© ÿ £�� movesto 
q© ÿ ©
� in � �|��� producing~ ����� 

� ÿ ���Ü�
� .

4.4.3 Proesmanset al. Differential Approach

Thefinal method,Proesmansetal. [80], is asimilardifferentialtechniqueto HornandSchunck

[38]. However, Proesmansetal. incorporateamatchingprocessinto (2.4),anddefineamethod

for dealingwith discontinuousdisplacements.As explainedearlier, for eachpoint in theinitial

frame 	�
$2qpr"0st4 , theestimateddisplacement
� 
,2q�r"0�+4 is usedto locatea correspondingpoint in

the next frame 	�

���W2qp }[��"0s?}[�+4 . Proesmanset al. statethat if thesepointshave similar

brightness,theresultingflow estimateis good,elsetheflow estimateis movedalongtheimage
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gradients,in order to correctfor the difference.Further, Proesmanset al. usedisplacement

post-processingto increaseneighbouringdisplacementsimilarity, andreduceexpecteddiscon-

tinuousdisplacementsat objectedges.This is achievedby producingconsistency mapscom-

putedfrom themagnitudeof forward 23	�
0",	�

����4 andbackward 23	�

���.",	�
M4 displacementfields.

Thetwo displacementfieldsareusuallyequalbut opposite,however, at objectboundariesthis

is not thecase,with consistency mapsproducinghighvaluesof inconsistency atobjectbound-

aries. The applicationof anisotropicdiffusion is usedto smoothdisplacements,wherethe

diffusion function usesthe consistency mapto control smoothinginsteadof imagegradient,

which differs to the imagefiltering describedin Section2.5.3. Similarly to Proesmanset al.

we setparametersempirically usinga smoothnessconstraintof �u%^��� using *�� iterations.

Galvin et al. [30] observed this techniqueproducedconsistentlygooddisplacementaccuracy

andtoleranceto noise.

4.5 Interframe DisplacementField Accuracy

In thissectionwedescribethevelocityangularerrorandimagereconstructionerror, whichare

usedto determinetheaccuracy of thedisplacementfield
� 
 producedfrom eachtechnique.For

our in vitro sequencesan actualdisplacementfield is known, henceboth measuresareused,

exceptfor in vivo datausingonly the imagereconstructionerror. All errormeasurementsuse

thefull displacementfield density, with nooutliersremovedfrom thresholding.

4.5.1 Velocity Angular Err or

To quantify displacementaccuracy the error betweenthe correctgroundtruthdisplacement� 
 Ï � % 2q� � "0� � 4 , andthe estimateddisplacement
� 
 Ï � % 2q� � "0� � 4 is measuredby the angular

error[9], combiningerrorsin magnitudeanddirectioninto asinglevalue:� %�� y���� � 2��� � À �� � 4 (4.9)

where
�

is the anglebetweenthe correctspatiotemporalvector �� � % Î��� Ï !  Ï � Ò#"$ �&% � ! % ��� and, the

estimatedspatiotemporalvector �� � % Î'�
( Ï ! ( Ï � Ò "$ � %( � ! %( ��� .
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4.5.2 ImageReconstructionErr or

Further, interframedisplacementfieldsareusedfor displacedframedifferencing(DFD),quan-

tifying interframepixel error. DFD is intensitydependentandprovidesameasureof displace-

mentquality. If we assumetranslationalmotion, thenan estimateddisplacement)+*-,/.10
2435076
definesthechangein pixel positionfrom 8:9;,/<=24>�6 to 8�?@9A,/<B?C24>D?#6 from frame E�* to E�*#FHG :8I?�9�8KJL)M*N,/.10&243O076 . Assumingintensityconstancy for small( PRQ Hz) interframepairsdueto

stablescatterers,thedisplacementfield errorcanbemeasuredusingbackwardwarping:S *-,C8@6T9RE�*N,C8@6�UVE�*#FHG&,C8 ? UW)M*N,/.10&24350X646 (4.10)

To determinetheinterframeglobalerrorfor framepairsor regions( Y[Z]\ ), wecompute:

MSE 9 ^Y_\
`ab
c G

dae7c G S *-,C8f,/<=24>�646hg (4.11)

To generatethe reconstructedframeat any time in thesequence,blocksarepositionedusing

the correspondingdisplacements.Pixels with multiple valuesdueto overlappingblocksare

averaged,andpixels with no valuedueto untracked regionsusethe valueup to that frame.

Althoughminimal for framepairs,blockingartefactscancauseartificially highDFD errors.

4.6 DisplacementComparisonAnalysisResults

Now wecomparethealgorithms:FSBM,VSBM, CamusandProesmansetal.. Thepurposeis

to justify thatblock basedmethodsareindeeda suitableapproachfor our data,andto demon-

stratetheimprovementsof usingvariableblocksizes.

Thecomparisonusesframes ,iEjG�2-E g 6 to ,iEOk�2-EjGml
6 of theSTATIC-LANDMARK1 groundtruth

sequence.EachframepaircapturesthesameQ pixel lateraltranslationalshifts,henceweexpect

resultinginterframemeasurementsto producesimilar results.By analysingtheseframepairs

we remove displacementaccuracy resultambiguity. It is importantto notethat theSTATIC-

HEALTHY0 andSTATIC-LANDMARK1 groundtruths(differentonly in BB insertion),are

equivalentto amoving transducercapturinga staticobject.Thus,with no loadandonly trans-

lationalmotion,thetendonremainsstaticandonly shiftsin time. Therefore,we wouldexpect

gooddisplacementaccuracy from eachmethod.Finally, theseerrorsassumethattherewereno
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changesin illumination resultingfrom transducergainchanges,nor tendonslippagebetween

theclamps,norsmalldiscrepanciesfrom machineaccuracy.

Table4.2 quantifiesthe imagereconstructionerrors,which measuredisplacementfield accu-

racy for eachtechnique.Beforedisplacementestimation,thepre-warpedframedifference(FD)

andtheNCCfor eachframepairwascomputed.Theworstperforming,but alsothefastest(by

far), wasthe Camusalgorithm. Although Liu et al. [51] reportedCamusto have oneof the

bestaccuracy-efficiency ratios,weobservedtheefficiency dramaticallyreduceonourdata.We

foundthemainreasonfor thiswasthatthepixel searchusesonly asinglescale.Thenext most

poor resultwasProesmanset al., confirmingthat differentialalgorithmssuffer on ultrasound

data,evenwith displacementpost-processing(thiswasnotperformedby theotheralgorithms).

Anothersourceof displacementinaccuracy, prominentwith Proesmanset al., wereerrorsin-

ducedby the apertureproblem,causedby the extremelystriatedstructureof the tendonas

mentionedbeforein Section3.2. Thebestresultswereproducedby VSBM for thisdata(even

betterresultsarereportedin Chapter5), andhighlightedthebenefitsof usingjust n blocksizes

whencomparedto the errorsfrom FSBM. Erroneousdisplacementsfrom not optimisingthe

trackedregionsizewerealsoobservedby Chunke et al. [18].

Frame PRE-WARP FSBM (MSE) VSBM (MSE) Camus(NCC) Proesmanset al.

Pair FD CORR o DFD CORR o DFD CORR o DFD CORR o DFD CORR op
qsrtp�u
273.46 97.40 84.78 99.19 55.33 99.47 214.74 97.87 106.63 98.99p�u@rtp�v
270.28 97.44 80.12 99.24 52.98 99.50 215.95 97.96 108.34 98.97p v rtp7w
272.57 97.41 81.79 99.22 51.12 99.51 214.67 97.91 111.61 98.94p7wxrtp�y
273.87 97.40 81.98 99.21 53.70 99.49 216.30 97.96 119.63 98.86p�y@rtp�z
271.60 97.43 82.07 99.22 52.13 99.51 219.39 97.93 115.43 98.92p�z@rtp�{
273.82 97.40 83.32 94.54 51.37 99.51 217.34 97.94 112.37 98.93p�{@rtp�|
273.87 97.40 84.54 99.21 53.63 99.49 223.30 97.89 115.32 98.90p | rtp�}
277.87 97.40 86.68 99.18 57.60 99.45 219.85 97.92 121.90 98.84p�}@rtp
q�~
277.84 97.35 84.23 99.24 59.29 99.43 218.98 97.86 119.05 98.86

Table4.2: Imagereconstructionerrormeasuresfor FSBM (MSE), VSBM (MSE), Camus(NCC) and

Proesmansetal. usingSTATIC-LANDMARK1.

Figure4.5(a)is anenlargedregion of thetendonwith theBB landmarkfrom our groundtruth

datasetSTATIC-LANDMARK1. The correspondinginterframedisplacementfield is illus-
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tratedin Figure 4.5(b). This shows the densecontinuouslinearity of displacementsin the

lateralaxis of motion from left to right, andsomeexpecteddiscontinuitiesof marginal mag-

nitude locatedat the BB region from specularreflections. The VSBM andin particularthe

FSBM, showed several displacementoutliersin this region, dissimilarly to the displacement

post-processingof Proesmanset al, whichsmoothedthem.

(a)EnlargedROI of B-scan. (b) Enlargeddisplacementfield.

Figure4.5: Groundtruthanalysis:(a) BB landmarkin tendonsample,(b) VSBM displacementfield

usingblocksizes���T� , where ���������7�&�5���������5� .
Table4.3 shows the velocity angularerror, which quantifiesdisplacementfield accuracy for

eachtechnique,usingthesameframesasabove. Thismeasurerequiresboththeactualknown

andestimateddisplacementfields,andis dependenton thequalityof theactualknown data.

In this work, we found the imagereconstructionerror wasoverall morereliable,dueto not

needingtheactualknown displacements,wherediscrepanciescanoccur. Thevelocityangular

errorresultsconfirmthatCamusandProesmanset al. producedtheworstresults(for example

meanvaluesof �O������� and �O������� respectively for EO� to EO� ), andthat themostaccuratemethod

wasVSBM (for exampleameanvalueof
^5^ ���5� for EO� to EO� ).

Figure4.6shows exampledisplacementfieldsfor theframepair ,iEjG�2-E g 6 from eachtechnique

usingtheSTATIC-LANDMARK1 groundtruthsequence.It is clearthatProesmansetal. post-

displacementprocessingover-smoothedthe displacementfields, and is a contributory factor

to its poor results. Using a reducedsmoothnessconstraintand lessiterations,however, we

observedthatdisplacementsbecamediscontinuousandnoisy.
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Frame FSBM (MSE) VSBM (MSE) Camus(NCC) Proesmanset al.

Pair Mean� STD Dev � Mean� STD Dev � Mean� STD Dev � Mean� STD Dev �p
qsrtp�u
14.94 35.45 9.53 29.13 50.61 26.55 31.64 14.52p�u@rtp�v
14.65 35.14 9.61 29.29 50.95 26.17 30.67 14.79p v rtp7w
14.77 35.27 10.16 30.12 50.57 26.63 30.86 14.57p7wxrtp�y
16.15 35.53 9.98 29.17 51.53 26.66 30.16 14.83p�y@rtp�z
15.22 35.53 11.77 32.08 50.34 26.69 30.37 14.54p�z@rtp�{
15.36 35.58 10.30 31.23 50.57 26.57 30.90 14.48p�{@rtp�|
15.63 36.04 10.24 31.02 51.10 26.65 31.74 14.60p | rtp�}
15.69 36.07 11.73 31.39 51.55 26.57 30.54 15.03p�}@rtp
q�~
16.16 36.55 10.09 29.13 51.01 26.59 33.93 16.16

Table4.3: Velocityangularerrormeasuresfor FSBM(MSE),VSBM (MSE),Camus(NCC)andProes-

mansetal. usingSTATIC-LANDMARK1.

(a)FSBMdisplacementfield. (b) VSBM displacementfield.

(c) Camusdisplacementfield. (d) Proesmanset al. displacementfield.

Figure4.6: FSBM,VSBM, CamusandProesmansetal. for
p q

to
p u

usingSTATIC-LANDMARK1.
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For a purely subjective comparisonof VSBM andFSBM, we calculatedthe interframedis-

placementfield usingin vivo data.Thereasonwasto appreciatetheobviousvisual improve-

mentof displacementsfrom usingmultipleblocksizes,whichbecomesanareaof furtherwork

in Chapter5. Examplesareshown in Figures4.7(a)-4.7(b)of apatellatendonunderextension

to flexion motion. TheFSBM resultsin Figure4.7(c)do not show any convincing output,and

areequivalentto theVSBM usingonly asingleblocksize.TheVSBM resultsin Figure4.7(d)

usingmultiple block sizes,however, show coherentgroupsof displacementsin the top and

centreof theimage,correspondingto themotionof thetendon.Thenoisyregionslowerdown

correspondto themotionof well formedbackscatterimagenoise.

(a)Patellatendon� %C� . (b) Patellatendon� %i� .

(c) FSBMdisplacementfield. (d) VSBM displacementfield.

Figure4.7:Qualitative in vivocomparison:(a-b)B-scansframepair, with results(c)FSBM( �L�O���W� )
and(d) VSBM ( ���T� , where ���h�����&�X���h�5� ).
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4.7 In vivo MusculoskeletalResults

We appliedVSBM to in vivo framepairsto establishsuitability beforefurtherdevelopment.

Figures4.8(a),4.8(c)and4.8(e)arefreehandmusculoskeletalB-scansof n patellatendonsand

a digital flexor tendon.Theseframesaresamplesfrom capturedsequencesof �O� framesover

a periodof independentflexion to extensionmotion. Figures4.8(b),4.8(d)and4.8(f) were

producedusingtheVSBM approachusingblocksizesY�Z \ , whereY:2N\;9¢¡&�5nD2 ^�£ 2-Qj¤ . As

before,above thetendonis tissuewith minimal structureandhighly well formedspeckle,and

below noise.Theresultsillustrateconsistentrandommotionin theselower regions,but in the

maintendonarea,weobtainsubjectively accuratedisplacementfieldsin all oursequences.To

quantifytheaccuracy of theseresults,we againusetheimagereconstructionerrorandglobal

correlation,with resultsshown in Table4.4. For the examplesshown, DFD error waslower

thanFD errorby about �O��¥ , andcorrelationincreasedby anapproximatê ¥ with anaverage

of ¦5QD� £ ¥ . Extensive in vivodisplacementaccuracy resultsarereportedlaterin Chapter6.

Frame PRE-WARP VSBM (MSE)

Pair FD CORR ¥ DFD CORR ¥
PatellaTendonCase#1 226.50 97.69 132.20 98.65

PatellaTendonCase#2 256.23 97.45 145.91 98.54

Digital Flexor Case#3 252.16 97.40 125.21 98.70

Table4.4: Imagereconstructionerrormeasuresfor VSBM (MSE)usingin vivomusculoskeletaldata.

The resultsalsoconfirmedthe differentmotionsoccurringfrom thosetendonsencapsulated

with sheathsandthosethatarenot. Fromthedisplacementfieldsin Figures4.7(d),4.8(b)and

4.8(d),thepatellatendonis clearlynot encapsulatedby a sheath,assimilar motionsfrom the

tendonarereplicatedin skin andthesurroundingtissues.Thedigital flexor tendonin Figure

4.8(e)is encapsulatedby asheath.Thiscorrespondsto theestimateddisplacementfield in Fig-

ure4.8(f),whichshowslittle motionin theupperregion(below theskin),followedby anarrow

bandof uniform displacementsin theactualtendonarea.This is thenfollowedby regionsof

varying motionsbelow it causedby noise. Specificregionsandenlarged displacementsare

shown for furtherclarity in Figure4.9.
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(a)Patellacase#1. (b) VSBM displacementfield.

(c) Patellacase#2. (d) VSBM displacementfield.

(e)Digital flexor case#3. (f) VSBM displacementfield.

Figure4.8: Framesfrom sequencesof freehandin vivomusculoskeletaldata.
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(a)PatellaROI case#1. (b) VSBM displacementfield.

(c) PatellaROI case#2. (d) VSBM displacementfield.

(e)Digital flexor ROI case#3. (f) VSBM displacementfield.

Figure4.9: Enlargedregionsof displacementsfor highlightedsectionsof tendonfrom in vivosequences.
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4.8 Conclusion

Thischapterhasassessedthefeasibilityof using2D speckletrackingtechniquesfor analysing

framepairsof in vitro and in vivo musculoskeletalultrasoundsequences.The earlierpart of

this work presentedVSBM, and later demonstratedthe accuracy of the generateddisplace-

mentfields for variousdatasets.It wasfound that theblock sizeprovedcritical in locatinga

peakmatchbetweeninterframeblocks. Additionally, it wasobserved that if errorsoccurred

at thelargerblocksizes,thendisplacementestimatesatsubsequentblocksizesweregenerally

poor. TheappliedMSE matchingcriterionprovedanadequatequantitative measureof image

difference,althoughobviously unableto reflectthequalitative differencesthathumanviewers

perceive. This early work hasshown that the assumptionof specklemotion replicatingthe

underlyingtissueandtendondeformationto berobust for ourdata.

A comparative analysiswasperformedto evaluateseveralapproachesto speckletracking.To

measurethe accuracy of interframedisplacementresults,we usedthe velocity angularerror,

imagereconstructionerrorandglobalnormalisedcrosscorrelation.For validationweusedthe

groundtruthsequenceSTATIC-LANDMARK1, capturinga tendonwith translationalmotion.

As expectedProesmanset al. [80] differentialbasedalgorithmwassensitive to noise,with

inaccuratenumericaldifferentiationresultingin directerrorsin thedisplacementfields. It was

observed,however, thatefficient displacementpost-processingimprovedresultssignificantly,

but overandunder-smoothingproducedadetrimentaleffect. Proesmansetal. andCamusDFD

errorsrangedbetween̂ � £ � £ �jU ^5^ ¦D�§��� and n ^ �¨���5njU©n5n5�D���O� respectively. Thesewerebothhigh

andshowed inconsistenciesfor eachframepair, unlike block matching.Interestingly, Camus

demonstratedthat furthertemporalsupportof greaterthaninterframeanalysiswasevenmore

challenging,implying thatinterframeanalysisis a sufficiently difficult problem.In agreement

with Liu [51], wealsoobservedthatCamus’s methodis fastbut inefficient,makingit inappro-

priatefor ourpurposes.

A modificationfor techniquesthat searchfor interframecorrespondence,is optimising the

searchregion basedon the observed motion. For example,a horizontalbiasedsearchregion

would restrict displacementmeasurementlaterally rather than axially, favouring the lateral

motionobservedin our in vitro data.Unfortunately, thiswouldbeof limited usefor our in vivo

sequences,which is muchmorevaried,asshown in Figure4.8andthroughoutthis thesis.
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The latter part of this chapteranalysedthe morecomplex motion found in our in vivo data,

whichposedsignificantlymorechallengesdueto anumberof issues.First,ultrasoundimages

arecharacterisedby Rayleigh-governedspecklenoise,which yieldsa low SNR.Second,mo-

tion ambiguitiesdueto insufficient representationof spatialinformation(occlusionandaper-

tureproblems),areclearlyapparentin regionsof imagesaturationor specularreflection,and

in homogeneousregionsof weakacousticscatterers.Third, local regionsin eachframethat

aredecorrelateddueto strain,or highly correlatedfrom uniform speckle.Thefinal challenge

wasthefactthatmotionoccursat variousscales.Many of theseissueswerecoveredin Chap-

ter 2. We observed thattheaccuracy producedfrom usingvariableblock sizesYªZ«\ , whereY¢2N\¬9­¡&�5nD2 ^�£ 2-QD24��¤ for thespecklede-correlationandsaturationissues,showed improve-

mentsfor in vitro andin vivodata,producingdensedisplacementfields.

This work confirmedthat block matchingapproachesaresuitablefor our data,with multiple

blocksizesimproving displacementaccuracy. Standardblock matchingfor motionestimation

usingmeasuresuchasMAD (L1-norm),SSDor MSE (L2-norm),areappropriatefor image

sequencescharacterisedby Laplacianor Gaussianstatistics. Unlike the tendonandregions

of well-definedstructure,regionsof densespecklearebestcharacterisedby Rayleighstatis-

tics. Hence,thepreviousmeasuresarenot optimalfor motionestimationin ultrasoundimage

sequences.Therefore,in the next chapterwe introducea novel approachof alternatingtwo

matchingmeasures,to adaptto imagecontent.Furthermore,weanalysefull sequencesandnot

manuallyselectedframepairs,prominentin existing research.
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Chapter 5

Trajectory Fields fr om Motion

Estimation

5.1 Intr oduction

Thischapterprovidesacomprehensive studyof ahierarchicalregion-basedmotionestimation

technique,usingnovel refinementsto resolve existing speckletrackingissuesthatwerehigh-

lightedin Chapter4. Thebasisof ourapproachusesmultiplehierarchicalregion-basedmatch-

ing, encapsulatingmoreuniquespecklepatternwithoutrestrictingspatialresolution.Fromour

earlierexperiments,multiscaletemplateanalysisproducedconsistentlysuperiorresultsthan

single scaleor biasedshapedand sizedtemplates[12] that correspondto the shapeof the

objectto be tracked. We extendour previous interframedisplacementwork by usingtrajec-

tories,which quantify continuoustemporaldisplacementof specklemovementfor complete

sequences.This improves upon the prominentapproachof specificallyanalysingmanually

selectedframepairs,astrajectoriesincorporateinterframedisplacementsfor every framepair

for all sequences,yieldingmeasurementsof local temporalmovement.Trajectorydrift correc-

tion is alsoapplied,to ensureregionsareaccuratelytracked in spaceandtime. Theproposed

methodcorrectsfor potentialfreehandtransducermotion,andupdatesfor possiblechangesin

theimageplaneasa resultof axial, lateralandelevationmovement.To improve displacement

accuracy, displacementsarerefinedbyautomaticallyselectingbetweentwo matchingmeasures

to compensatefor specklenoise.Thefirstmeasureusesthenormalisedcrosscorrelation(NCC)
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for regionsof strongsignal(refinedto minimiseapertureproblems),andthesecondmeasure

CDg is appliedin regionsof low SNRfrom speckle,determinedby theSNR.Finally wedeter-

mine displacementfield accuracy, anddemonstratetrajectoryhomogeneityby exploiting the

trajectorypathcoherence,usingtheoutputasavalidationmeasure.

In thischapterseveralstrategieswill beintroducedto improve on theestimateddisplacements

producedfrom blockmatchingmethodspresentedin thepreviouschapter. Theseinclude:

1. To ensuretheappropriateuseof similarity measuresin regionsof varyingsignalcontent,

a novel alternatingsimilarity measurestrategy is introduced,which applieseither the

normalisedcrosscorrelationin regionsof tendon(low speckle),or theCDg measurein

regionsof soft tissue(densespeckle),indicatedby thelocal imageSNR.

2. To improve on specificframepair analysis,interframedisplacementsareextendedto

trajectoriesthattrackregionsof signalthroughasequence,utilising strategiesfor:

(a) Trajectorydrift correction,to eliminatetemporaldisplacementerror from propa-

gatingdisplacementinaccuracy.

(b) Trajectoryupdating,to adjustthe trajectoryfields to includemovementin the2D

imagecausedfrom movementin the3D volume.

(c) Trajectorypathcoherence,to provide a meansof measuringandcomparinga tra-

jectoryfieldstemporaldisplacementactivity.

Thechaptercommenceswith ultrasoundimageregistrationin Section5.2,beforeintroducing

in Section5.3 the proposedapproachto measuringdisplacementsin sequences,describing

the apertureproblem,combinedmatchingmeasuresand templateupdatingsolutions. Next,

trajectorypathcoherenceis definedin Section5.4,anddisplacementsmoothingin Section5.5.

Resultsfrom our combinedmatchingmeasuresapproacharereportedin Section5.6. Using

our proposedmethod,trajectoryfieldsandaccuracy resultsarepresentedin Section5.7 from

analysingthetissuemimickingphantom,in vitro tendonandin vivodata.Finally, weconclude

with adiscussionin Section5.8.
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5.2 B-scanImageRegistration

For eachultrasoundimagea coordinatesystemis defined,centredat thepositionof thetrans-

ducerwith � axesasillustratedin Figure5.1.Theaxesarelabelledas:theaxialaxis(Y), taking

thedirectionof propagationof the ultrasonicbeam,the lateralaxis (X), perpendicularto the

axialaxis,andtheelevationaxis(Z), perpendicularto boththeaxial andthelateralaxes.

Figure5.1: Transducerright-handedglobal imagecoordinatesystem,illustratingthateachframecap-

turesa2D slicein a 3D volume.

Issuesfor all dynamicultrasoundanalysisinclude motion ambiguitiesthat can result from

regionsof imagesaturationor specularreflection,homogeneousregionsof weakacousticscat-

terers,occlusion,apertureproblemsand speckledecorrelation.Due to B-modegeneration,

decorrelationdueto relative lateralscatterermotionis moreseverethanaxialscatterermotion.

Freehandscanningallows the completefreedomof movementof a transducer, capturingim-

agesthatarearbitrarilyorientatedin space.To measureonly subjectmotionratherthantrans-

ducermotion,eitherthe imagemustbe translatedto a fixedcoordinate,or thedisplacements

updatedwith a globalvalueof thetransducermotion. In practise,duringany clinical freehand

ultrasoundsequenceacquisition,typically both transducerandsubjectarekept stationaryto

ensurea reproducibleimagingplane. This consistentscanningenables,in the simplestcase,

for individual imagesto be manuallyregistered. In this work, we preferan automatedap-
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proachto solve thisproblem.Therehasbeenmuchactive researchin automaticallyregistering

ultrasoundvolumes,with methodsformingdistinctgroups:

1. AcousticalSensors.Signalsfrom an emitterattachedto a transducerare received by

remotemicrophones,whicharepositionedin differentorientations,for example[64].

2. OpticalSensors.As above,but theemittersarereplacedby infraredlight emittingdiodes

thatrequirea line of sight,for example[99].

3. MagneticFields.A receiver is attachedto a transducerwith a remotetransmittergener-

atingamagneticfield, allowing completefreedomof movement,for example[11].

4. MechanicalSystems. Thesesystemshave mechanicalarmsclampingthe transducer,

whichallow variousdegreesof freedom,for example[88].

5. ImageRegistration. Global displacementsarederived locally [111] andglobally [98]

usingintrinsicmeasuresby analysingtheultrasoundimages.

Without extrinsicpositionmeasurementsfrom a sensorattachedto thetransducer, we have no

prior knowledgeof transducerposition. Consequently, thereis no meansof determiningthe

positionandorientationof thescanplanerelative to thetransducer. Usingimageanalysis,we

definetheregistrationproblemmentionedin point � . This is a specialcaseof thecorrespon-

denceproblemwhereframesarerigidly or non-rigidlyshiftedwith respectto eachother.

In thepreviouschapter, interframemotionusingsingleframepairanalysisassumedany trans-

ducermotion wasnegligible or zero. Over time, however, this stationaryassumptionfails.

Fromobservingfreehandclinically relevant musculoskeletalB-scans,to correctfor theerror

inducedby transducermotion, we calibratethe transducerautomaticallyby usingthe signal

betweenthe transducerandskin inclusively. This region appearsin the top mostpart of the

B-scansin Figure3.8.Thishasbeenfoundto beconsistentwith all data.Therefore,insteadof

usingnon-rigidframeregistration,which is known to introducesomeinterpolationerrorsand

to bemorecomputational,weregisterthedisplacementfields.This is achievedby updatingthe

displacementfieldswith themeandisplacementin the identifiedregion. Assumingdisplace-

mentsareaccuratewith minimalelevationmotionandmovementis only transducerdependent,

this cancorrectfor small transducerlateralmotion. During freehandscanning,thetransducer

is reasonablystationary.
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5.3 Proposed2D SpeckleTracking Methodology

Givenanultrasoundsequence,interframedisplacements) * 9®,/. 0 243 0 6 areestimatedgenerating

displacementfields,where)+* definesthedisplacementof anobjectat location 8¯9®,/<=24>�6 to its

location8I?N9®,/<HJ¯.10�24>�J¯3O076 attime °XJ ^ . Thefundamentalapproachusesamultiscaletemplate

matchingpyramidinitialisedby aregularlattice ± , sampledby ²³Z¯´ (typically QµZ¶Q or �·Z¸� )
ona preliminaryultrasoundframe E�* . Templatesof Y ZK\ , whereY ,\¹9º¡ £ �¨2-�5nD2 ^�£ 2-QD24��¤
areusedto increasinglyimprovedisplacementaccuracy until Y»9R² and \A9¼´ definingthe

finestscale.Displacementandtrajectoryfield densityis dependenton theinitial sizeof ± .

UsingNCC asa first measure,the local disparitybetweenreference½ andcandidate½ ? tem-

platesis determinedby identifyingthemaximumcorrelationcoefficient ¾X¿xÀ b . Insteadof using

the spatialdomainNCC (4.4), for efficiency the NCC is performedin the frequency domain

usingtheFFT definedas:Á 9 ÂÄÃ G ¡ ÂÆÅ ,C½D6 Â ,C½�?Ç6-¤È ÉÆÉKÊ Â ,C½D6 Ê g·Ë ÉÌÉÍÊ Â ,C½ ? 6 Ê g leadingto ¡
�ÏÎ Á Î ^ ¤ (5.1)

whereÂ is theFouriertransformof templates½ and ½�? , ÂÄÃ G is theinverseFouriertransform,

and Å is the complex conjugate(accomplishingthe reversalof ½ by negatingthe imaginary

component),with thenumeratordefiningthecrosscorrelation.In orderto overcometheprob-

lem of possiblesignificantvariationsin spectralamplitudeover the frequency range,dueto

fluctuationsin spatialintensity, it is advantageousto normalisethecorrelation,dividing by the

productof the magnitudesof the spectralcomponents,which increasesthe sharpnessof the

correlationpeakso that Á rangesbetween� and
^
. For curvilineartendonsor regionsof at-

tenuationartefacts,themeanintensityfor eachtemplatemaynot be thesame,in thesecases

intensity invariancecan be achieved by subtractingthe meanintensity from ½ and ½�? prior

to (5.1), for significantsizedtemplates.Sincethe 2D Fourier transformis periodicwith the

blocksize Y;Zx\ , thedisplacementestimatesneedto beunwrappedto accommodatenegative

displacements.Thustherangeof displacementestimatesis Ð'U©YRÑOnD2N\ÆÑOn&Ò , for example,to es-

timatedisplacementswithin therange Ð'Uf�5nD2-�5n&Ò , theblock sizeshouldbeat least
£ �xZ £ � (the

largestscale).NCCtrackingis sensitive to imagingscale,rotationandperspective distortions.

In thiscontext minimalperspectiveandrotationdistortionspotentiallyexist,however, theNCC

doesenableequalsizedpatternsto bedetectedby a rotationdistortionof �5Ó to
^ ��Ó [68]. By
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usingmultiple templatescales,we achieve scaleinvarianceandimprovedaccuracy from local

reflectancevariations,whichcanbecausedby subtleartefactspresentin theimages.

Thespatialdisplacementvector )+* is estimatedin the < and > directions,after locating ¾�¿µÀ b
from theresultingcorrelationfield Á . For eachposition Ô in ± theNCC is performedat mul-

tiple templatescales,using the previous )Õ* ascandidatetemplate½ ? offsets. This yields an

approximatedisplacementaswe areyet to take into accounttheapertureproblemor speckle.

Multiple templateswerenotconstructedusingrepeatedlow-passfiltering andsub-samplingas

in aGaussianpyramid[50], asfirst theintensitydistribution of ultrasoundimagesis notGaus-

sianandsecond,thetemplatesat lower resolutionscontaina distinct lack of any usefulsignal

for correspondence,a problemfrom filtering mentionedin Chapter2. Using NCC typically

producesstrongcorrelationmatchingin high frequency data( Ö ^ � MHz), whilst assumingan

increasedspeckleSNRfrom highcaptureratesandsparsescatterers.Specklenoise,predomi-

nantlyat lower frequencies( ×Ø� MHz), reducestheNCC matchingaccuracy, highlightingthe

necessityof a suitablealternative measurein suchregions.Othercausesof correlationreduc-

tion alsoincludea lack of signal(probede-couplingor curvilineartendons),signalsaturation

(incorrectgain controlsor bone),andminimal features,causingproblemsfor any similarity

measure.Laterin Section5.3.4we introducea new approachto combinesimilarity measures,

aimingto improve displacementaccuracy for sequencescapturingregionsof differentsignal.

5.3.1 Interframe Displacementsto Trajectories

At this stagewe have quantifieda displacement) for eachblock in E�* for a lattice ± yielding

anapproximateinterframedisplacementfield. For sequences,thisprocessis repeatedfor every

framepair in thesequenceto give:

)M*������X)+*#F�ÙÌ9 NCC¡j,iE�*42-E�*#FHG�6������&,iE�*#F�ÙB2-E�*#F�Ù5FHGX6-¤ (5.2)

Insteadof usingthesame± for eachframepair, asabove, we redefine± with theestimated

displacementsfrom ,iE�*42-E�*#FHG�6 for the next frame pair ,iE�*#FHG�2-E�*#F g 6 . Consequently, tracking

resultsin a displacementvectorwith temporalhistory. Themotiontrajectorycanbeformally

definedasavectorfunction ÚÜÛÝ,/°XÞN8 24°Ýl
6 , whichspecifiesthehorizontalandverticalcoordinates

at time ° of a referencelocationat 8 at time ° l . GiventhemotiontrajectoryÚ Û , thevelocityat
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time ° ? ata location 8 ? alongthetrajectorycanbedefinedby:ß ,C8 ? 24° ? 6T9tà Úá,/°XÞN8·24°Ýl
6à ° (5.3)

Trajectoriesrepresentthetemporaltrackingof featuresthroughasequence.A powerful benefit

from thetrajectorydefinitionis thetemporalhistory, which hasa directrelationshipwith tem-

poraldisplacementcoherence.Exampletrajectoriesareshown in Figure5.4,demonstratinga

full �O� -framehistoryof the temporaldisplacementsfrom E G=â EOã l . However, theamountof

displacementhistorycanbechanged,for examplea moving � -framehistorywheredisplace-

mentsmeasureEjG â EO��2-E g â EO��������E�Ù â E�ÙOF+� , which is shown in Chapter6.

5.3.2 The Aperture ProblemEffect

As a resultof tendonanisotropicstriatedstructureandtendonlinearmovement,discussedin

Section3.2,significantapertureproblemsoccurin regionsof tendonratherthanin regionsof

speckletexture from soft tissue,hencetheabove displacementsareonly approximate.In the

perfectcase,thecorrelationfield from theNCC would typically containa singlestrongpeak,

however, wheretheapertureproblemis greatestthecorrelationfield typically containsasingle

strongelliptical shapedpeak.Consequently, thehighestcorrelationcoefficients,of verysimilar

value,lie within a largedisplacementrange.A furtherproblem,identifiedby Thomas[96] is

thepossibilitythatthecorrelationfield cancontainmultiple peaks,dueto thepresenceof any

velocitygradientswithin thetemplate,however, in ourdatathis is unusual.

Therefore,we thresholdthecorrelationfield Á producedfrom theNCC, to yield a binaryfieldÁ�ä � * , wherethethresholdvalueis ¾ *�å�æÝ0Ýç�å 9�����¦ , avaluethatcomplieswith [102], givenas:

Ájä � *B,/ÔN2mèj6x9 éêìë � if Á ,/ÔN2mèj6·×í¾ *�å�æ40hç�å^
otherwise

(5.4)

The single most significantflaggedregion in Á�ä � * is usedto provide a mask,to reducean

exhaustive searchin Á , to ensurethemaximumcorrelationcoefficient is locatedin this region

of support.Themajorandminor axesof theflaggedregion in Á ä � * determinestheanisotropy

ratio, which quantifiestheextentof theapertureproblem. This indicatestheprecisionof the

locationof thepeakanddisplacementaccuracy, for example,anequalratiowould indicateno

apertureproblem.This is repeatedfor all templatescaleswith minimalcomputationalexpense,

64



andcansuitablyindicateanisotropicmotionmoreeffectively than1D RFelastography, dueto

measuring2D motionin bothaxial andlateraldirections.To illustratetheanisotropicmotion,

in Figure5.2 we show local multiscalecorrelationfields Á ,/ÔN2mèj6 and Á�ä � *N,/ÔN2mèj6 accordingto

(5.4), for a singledisplacementfrom in vivo tendondata.We have observed thatcasesof the

apertureproblemaretypically nomoreextremethanillustrated.

(a)Exampleî�ïñðiòÇó�ô with isotropicpeak. (b) ExampleîXõmö�÷�ïñðiòÇó�ô with isotropicpeak.

(c) Exampleî�ïñðiò#ó�ô with anisotropicpeak. (d) ExampleîXõmö�÷�ïñðiò#ó�ô with anisotropicpeak.

Figure5.2: Localcorrelationfieldsfor asingledisplacementusingmultiscaletemplateanalysis,demon-

stratingtheeffectsof theapertureproblemon thecorrelationcoefficients.

5.3.3 Block Matching Motion Estimation usingMaximum Lik elihood

As mentionedearlier, to combatreducedNCC accuracy in regionsof increasedspecklenoise,

we proposethe useof an additional,selectively chosenmeasure,namelythe CDg measure

introducedby CohenandDinstein[20]. Recently, Boukerrouietal. [13] showedthatin regions

of densespeckleCDg is a moreprecisemeasurethanfor example,theNCC or MSE criteria.

Thereasonis dueto CDg incorporatingthecharacteristicsof theultrasoundimagingmodality,

whichconsidersthemultiplicative specklenoisein ultrasoundimages.

Until now, blockmatchingmethodsdescribedin Chapter4 consideredtheSAD,SSDandMSE

matchingcriteria,which Patraset al. [73] show areequivalentto a maximumlikelihoodes-
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timator, assumingthemotion intensitydifferencesfollow independentLaplacianor Gaussian

distributionsrespectively. Whenusingblock matchingtechniqueswith the maximumlikeli-

hoodestimator, we performa full searchto matcha block from the first framewith a block

in the secondframe,within a predefinedsearcharea. The estimateddisplacementvector is

theonemaximisingalikelihoodfunction,formulatedaccordingto theimageformationmodel,

insteadof minimisinganintensitydifferencecriterion.

In thissection,wedenotetheintensitiesfor thereferencetemplate½ in E�* as ø=ÛÕ9ºÐ ùBG�2������
2NùOú7Ò
and the intensitiesfor the candidatetemplate½�? in E�*#FHG as û�ÛÏ9üÐìý
G72������&2-ýÝú7Ò where Ô is an

individual block and è a pixel. Therefore,theestimateddisplacementvector þ) is foundby the

maximisationof thefollowing conditionalprobabilitydensityfunction:

þ)MÛÕ9�ÿ������Ïÿ��)	� 
 ,CøHÛ Ê û�Û�2N)ÕÛi6 (5.5)

whichdeterminesthelikelihoodof locating û�Û in E�*#FHG giventheoriginal øHÛ in E�* andadisplace-

ment )+Û . Making theassumptionthat eachblock øÕÛ and û�Û arecorruptedwith multiplicative

specklenoise,thentheobservedpixel è in block Ô becomesù�Û§úf9���G�

Û§ú and ý�Û§úf9�� g 
�Û§ú where

Û§ú is theoriginalsignal,and��G and� g aretwo independentnoiseelementswith Rayleighprob-

ability densityfunctions. The relationshipbetweenthe observed noisy pixels in both blocks

thenbecomes: ù Û§ú 9���ý Û§ú where �Ï9 ��G� g (5.6)

Taking into accountthat the noiseterm � is the division of two Rayleighdistributedrandom

variables,theconditionalprobabilitydensityfunctionis givenin [71] and[20] as:
 ,CøÕÛ Ê û5Ûh2N)MÛ�6T9 `Ìd�ú c G � n¨,CùjÛ§ú&ÑOý�Û§ú&6 g,N,Cù Û§ú ÑOý Û§ú 6 g J ^ 6 g�� (5.7)

Usingablockmatchingapproachto maximisethisequationis equivalentto maximising(5.5),

thus, for a specificdisplacementthe correspondingpoint in the next frame is computedby

maximumlikelihoodusingblocksof Y Z \ . Motion estimationbasedon (5.7) is known as

the CDg measure,namedby CohenandDinstein,which we usein our multiscaletemplate

matchingapproach.Finally, the CDg measureachieves the bestdisplacementestimatesfor

regionsthatcloselyconformto aRayleighdistribution1.

1Furtherexplanationappearsin AppendixA.
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5.3.4 CombinedUltrasound SpecklePattern Similarity Measures

We employ both NCC andCDg measureswith multiscaletemplateanalysis,usingthe NCC

as the primary matchingmeasuredue to its high accuracy in low speckledensityregions.

However, we requireanappropriatemeansof automaticallydeterminingtheamountof local

specklepresentto decidewhich measureto apply. For this we usetheSNR, � , given by the

ratioof themean½�� to thestandarddeviation ½�� of thepixelscontainedin a local region ½ :� 9 ½��½�� (5.8)

In a typicalareaof uniform denseultrasoundspeckle,Wagneret al. [106] have determinedan

expectedSNR valueof �í9 ^ ��¦ ^ . We verified this valuewith in vivo datausingmultiscale

templateregions of a uniform area,locatedat the focal zoneof the ultrasoundbeam,and

computedthemeanSNRfor � sequencesof �O� -frames.Resultsareshown in Figure5.3,with

themeanSNRconvergedat � P n confirmingtheuseof
^ ��¦ ^ . This highlightsa requirement

to usea tolerance,empiricallyderived at n5��¥ , to ensurea reasonablespecklesensitivity for

in vivo imageswherespeckleis seldomuniform. Only regionsof Y ZÍ\ , where Y , \�� ^�£
wereableto determinereliably that a region containeduniform speckle,hencethe previous

scaleSNR is usedfor Y ,\»× ^�£
. Therefore,we proposeto useandapply eitherthe NCC

or theCDg measuresdeterminedby theSNR,which implies thespeckledensitypresentin a

region:

measure9 éê ë NCC if �KÖ¢, ^ ��n5�IZ ^ ��¦ ^ 6
CDg otherwise

(5.9)

TheSNRincreaseswith a low amountof speckle(reaching� for specularreflection),justify-

ing theNCC measure.However, SNRdecreasesfor high amountsof speckle,indicatingthat

a region shouldbetrackedusingthesecondCDg measure.This is evaluatedusingtheassoci-

atedreferenceandcandidatetemplates,in a full searchwith thesameextentsastheprimary

NCC measurefor the larger scales.ThespeckleSNRis usedasan indicatorof specklecon-

tent(ratherthancorrelation),astypically featurelessregionsof uniform speckleproducehigh

correlationcoefficientswith surroundingspeckle. The SNR is alsosensitive to other image

components,for example,featureboundariesresultingin a low local SNR,thereforewe also

checkthat ¾X¿xÀ b is low. Thisapproachallows theproposedmethodto adaptto imagecontent.

In Figures5.4(a),5.4(c)and5.4(e),we illustratesamplespatialandtemporaltrajectoryfields
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Figure5.3: A plot of thespeckleSNRfor multiple block scalesin a region of densespecklefrom our

in vivo data.Experimentallyusingblocksof � �Ì� , where � , ������� , theSNRconvergescloselyto

thetheoreticalSNRof 1.91[106] in regionsof Rayleighstatistics.

for a video sequenceof the patella,achillesanddigital flexor tendonsrespectively. We also

show theseasspatialdisplacementfields in Figures5.4(b),5.4(d)and5.4(f), with a �O� -frame

displacementhistory.

Thetrajectoryfield densityis reducedfor clarity, with eachresultcorrespondingto thelabelled

B-scansin Figure3.8. To highlight our combinedsimilarity measureapproach,NCC usage

is indicatedin blackandCDg usagein red. By comparingbothB-scansandtrajectoryfields,

NCC usagewasmainly in the tendonregion andin regionsof strongsubstructure,with CDg
usedelsewhere,asexpected.Also, a minority of trajectoriesuseboth measuresto track the

sameregion,which is indicatedby bothblackandreddisplacements.Thisvariationcanoccur

from motionblurringandfrom temporalspecklechanges.Additionalanalysisof ourcombined

similarity measureapproachis conductedlaterin Section5.6.
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(a)Spatiotemporaltrajectoryfield.
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(b) Trajectorieswith ��� -framehistory.
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(c) Spatiotemporaltrajectoryfield.
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(d) Trajectorieswith ��� -framehistory.
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(e)Spatiotemporaltrajectoryfield.
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(f) Trajectorieswith ��� -framehistory.

Figure5.4: Spatiotemporalandspatialtrajectoryfieldsdemonstratinga �! -framedisplacementhistory

usingour combinedsimilarity measureapproach.NCC usageis indicatedin blackandCD
u

usagein

red. In vivosequencesanalysedwere:(a-b)Patella,(c-d)achillesand(e-f) digital flexor tendon."
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5.3.5 Temporal Trajectory Updating

We now dealwith the issueof temporalupdating.Theunderlyingassumptionbehindregion-

basedmatchingis thatthetextureof thereferencetemplate½ remainsconsistentthroughoutthe

capturedsequence.For afinite periodof timethis is acceptable,hencefor interframematching,½ is notupdatedprior to matchingwith thecandidatetemplate½ ? :
½7*#FHG
,C8x6s9�½�G&,C8@6 #�°$� ^

(5.10)

For trackingacrossmultiple frames,to generatetrajectories,½ eventuallybecomesan inac-

curaterepresentationof thetissuebeingtracked,correlatingpoorly with candidatetemplates.

As a result,trajectorypathscandeviate andthis error is known asdrift. Temporal updating

reducestheerrorby resetting½ in every framewith anew template:

½7*#FHG&,C8@6T9�½7*N,C8ØJ³)+*-,/.10�243507646 # °�� ^
(5.11)

However, temporal updatingis limited by anaccumulatedtrackingerror, resultingin theup-

datedreferencetemplatebeing inaccurate. Instead,we usedrift updating(previously only

appliedto afew pointsfor vehicletrackingin [59]) to eliminatetemporaldrift error. Trajectory

drift updatingimplementstemporal updating, but realigns½7* to theoriginal referencetemplate½ G , this is illustratedin Figure5.5.

Figure5.5: Schematicof trajectorymatchingusingnoupdating,temporalupdatinganddrift updating.
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Trajectorydrift updatingappliestwo matchingstepsfor eachdisplacement:

1. Temporal updating, to producea displacementusing the appropriatemeasure,as de-

scribedin Section5.3.4,and

2. Realignment,to correctfor drift betweenreferencetemplates½7* and ½�G usingthe faster

NCCmeasure,updatingthefinal displacement.

This is usedfor thelargesttemplatescale(automaticallycorrectingfor drift in smallerscales),

andeffectively doublesthenumberof correspondences,but is importantto ensurethattheorig-

inal referencetemplateremainsthesamethroughout.As a checktherealignmentfor thefirst

framepair shouldbezeroif thedisplacementfrom temporal updatingis correct.Therealign-

mentis only usedwhenthe correlationis high, assequencesthat captureboth large motions

anddeformationscause½7*&%9_½�G . With hardwarelimitationsof �O� framesandpotentiallyhigh

trajectorydensity, for theNCCmeasuretheFouriertransformsof eachreferencetemplatefromEjG arestored,keepingdrift computationtime minimal. Furtherextensionsarepossibleat the

expenseof significantlyincreasingcomputation,for example,storingeachtemporalreference

templateto updatefor appearancevariation[59], or a Kalmanfilter asappliedin [84], using

theblocksat thebestmatchlocationsasobservationsto decidethecorrectreferencetemplate.

We compareboth temporal updatingand drift updatingusing the DYNAMIC-HEALTHY2

data. Table 5.1 reportsthe imagereconstructionerrorsto measuredisplacementaccuracy,

usingpre-warpedFD andDFD measures,where,for example,a DFD of
^�£

measuresa mean

intensityerrorperpixel of � . In general,boththeFD andDFD errorswerelow (FD 9 ^ �¨��� ^
at EjG â E g ), asa resultof the reducedpull rate. Temporal updatingerrors(DFD 9 ^ �D���O� atE G=â E g andDFD 9 ^ �D���O� at E ksâ E Gml ) increasedat a higherrate,thandrift updatingerrors

(DFD 9 ^5^ � ^ � at EjG â E g andDFD 9 ^ nD� £5£ at EOk â EjGml ), which proved moreconstant.In

summary, only slightdisplacementinaccuracy occurredfor sequencesof × ^ � frames,but next

wedemonstratelargererrorspropagatingfor sequencesof �O� frames.

We useda specificin vitro experimentcapturinga tendondisplacedat a linear ratealongthe

lateralaxis. A setof
^ �5� trajectories(

^ �·Z ^ � ) representinga tracked ROI of ���·Z¶��� pixels

for �O� framesareshown in Figure5.6. A typical actualtrajectoryis shown asa dashedred

line in Figure5.6(c),with theestimatedtrajectoriesfrom bothdrift andtemporalupdatingas

71



Frame PRE-WARP Temporal Updating Drift Updating

Pair FD DFD DFDp
qsrtp�u
14.71 13.75 11.13p u rtp v
15.05 13.77 11.37p v rtp7w
15.89 14.74 11.90p7wxrtp�y
14.56 13.43 10.75p�y@rtp�z
15.81 13.17 13.42p�z@rtp�{
14.82 13.41 11.49p�{@rtp�|
14.96 13.65 11.75p | rtp�}
15.15 14.15 11.95p�}@rtp
q�~
16.05 15.75 12.66

Table5.1: Errormeasuresfor proposedapproachusingSTATIC-LANDMARK0.

a crossedblackandcircledblue linesrespectively. Theestimatedtrajectoriesusingtemporal

updatingrapidly divergedfrom theactualtrajectory, with a final differenceof
£ � pixels. The

estimatedtrajectoriesusing drift updating, however, produceddisplacementssimilar to the

actualtrajectory, with afinal differenceof � pixels.

5.3.6 Spatial Trajectory Updating

Finally, tracking,especiallyin long sequences,requiresupdatingtrajectoriesfor featureiden-

tification in eachconsecutive frame E�*#FHG , for new objectsenteringand old objectsexiting.

Potentialcausesof suchtrajectoryupdatesarefeaturestraversingin the2D plane,3D volume,

at imageboundaries,andocclusion,producingpotentialtrajectoryclustersandvoids. If the

Euclideandistancebetweenthecoordinatesfor a block in ± andall thecorrespondingneigh-

bouringdisplacementsin thedisplacementfield are ÖK² , ´ , thena new trajectoryis included

for thatblockin ± . Also, if adisplacement)+Û is equalto any of its neighbouringdisplacements)�ú , thenthatdisplacementis flaggedfor removal, formingasingletrajectorypath.

Update9 é''ê ''ë
) *)( À+*+* if ,-)M*)( Û�UV)M*)( ú-,/.ÏÖí²·2�´)+*)( æ40m¿ ä ! 0 if )+*)( Û=9�)+*)( ú)+*)( Û otherwise

(5.12)

Thebestexampleof trajectoryupdating,occursat imagebordersdueto thecontinualmotion

of thetendontraversingfrom extensionto flexion, this is demonstratedin Figure5.7.
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(a)ActualandenlargedROI.
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(b) Sparsetrajectoryfield.
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(c) Drift andtemporalupdatingcomparison.

Figure5.6: In vitro tendonfor temporalreferencetemplateupdating.Note: Drift correctedtrajectories

containaslight kink from a digitisationinducedartefact. "
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Figure5.7: Groundtruthtrajectoryupdating. The first and fourth rows show the B-scanROI of the

groundtruthsequence,thesecondandfifth rows show trajectorieswithout updating(in black),andthe

third andsixth rowsshow trajectorieswith updating(in red).An in vivoexampleis on-line. "
We useda restrictedaperturesizeto captureonly a local region of tendonfrom theSTATIC-

HEALTHY0 sequence.Everyotherframeof thesequenceis shown in thefirst andfourth row

of Figure5.7. Thetrajectoriesfor thesignalthatexist from EjG arein black. Theseareshown

withoutupdatingin thesecondandfifth rows. Thetrajectoriesthatareautomaticallyincluded,

asa resultof voids in the previous trajectoryfields,areshown in the third andsixth rows in

red. At thestartthereareno voidsin thetrajectoryfield, asthereis no significantmotion. At

thefinish,however, theoriginal trajectoriesno longertrackobjectsin thesceneandhave been

removed,leaving only new trajectories.
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5.4 Trajectory Path Coherence

With modernultrasoundmachinesproviding real-timeframeacquisitionrates,mostobjecttra-

jectoriesbetweenconsecutive frameshave minimal abruptchangesin motion. Consequently,

it is possibleto formulatethenotionof trajectorypathcoherence(TPC).TPCmeasurestheco-

herenceof motionfor anobjectatany point in animagesequence,asfor exampleusedby [41]

for trackingfeaturepointsin cinematicfilm sequences.In our case,anobjectis definedasthe

specklecapturedin eachoriginal referencetemplatein the lattice ± , for a completeframeor

userspecifiedregion. Thepathcoherencefunction 0 representstrajectorydeviation,asmooth-

nessmeasureof thederivedobjecttrajectory. Densetrajectoryfieldsquantifythedisplacement

of singleor many objectsthroughoutasequence.WeusetheTPCto enableindividual trajecto-

rieswithin a trajectoryfield to becompared,producinganindicatorof neighbouringtrajectory

similarity. Whena subsetof trajectoriesfrom this field for a specificROI is consistentwith

partof a singleobject,theexpectedTPCfield would bereasonablyhomogeneousandwithin

a localisedrange. Conversely, for a region of artefact or noise,the expectedTPC would be

variedandfluctuatewithin a largerange.Lastly, underdeformation,theexpectedTPCwould

graduallychange.Consequently, TPCoutputis importantasa trajectoryconfidencemeasure,

summarisingthegeneralpathcoherency acrossthetrajectoryfield.

(a)Trajectoryschematic.
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(b) Densetrajectoryfield.

Figure5.8: Trajectorypathcoherence:(a)Schematicof thedisplacementsthatform atrajectory132 and

(b) an in vivodensetrajectoryfield for a �! -framesequence.
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To derive theTPC,eachtrajectory Ú Û , which wasformalisedin Section5.3.1,denotes:Ú Û 9¡
8I*)( Ûh2N8s*#FHG4( Ûh2������
2N8I*#F�Ù5( Ûm¤ , a sequenceof positionswhere 8I*)( Û representsa point 8 at frame E�*
alonga trajectory Ô for a sequenceof 6 frames,asshown in Figure5.8. Thedeviation in the

trajectorypath 0µ*)( Û is definedby thedisplacementvector )Õ*)( Û for displacements8I* Ã G4( Û to 8I*)( Û
andsoon: 0µ*)( ÛI970 ,C8I* Ã G4( Ûh2N8s*)( Ûh2N8I*#FHG4( Ûm6x980 ,C)+*)( Ûh2N)M*#FHG4( Ûm6 . Hence,for 6 framesthetrajectory

pathcoherencefor asingletrajectoryÚ¯Û with 6ÄU ^ displacements,is definedas:

TPC ¡�ÚÜÛm¤¸9 ^6áU ^ Ù Ã Ga * c G 0 *)( Û (5.13)

Theexpression0µ*)( Û in (5.13)usestwo normalisedtermssothat 079 Ð ��2 ^ Ò , with TPCranging

between� for low trajectorycoherenceand
^

for high trajectorycoherence,givenas:0µ*)( ÛÕ9;: J=<n �ÌÎ>0 Î ^ (5.14)

For eachtrajectorythe directioncoherence: (changein angle)usesthe dot productof the

magnitudeof displacementvectors)+*)( Û and )M*#FHG4( Û . Thesignof theangleof trajectorydevia-

tion is not includedin the TPC function (absolutevalueof numeratorin (5.15)),asthe TPC

considerstheamountof deviation in thedirectionof motion,andnot thedirectionin termsof

left or right, yieldingabsolutevaluesof cosinesof anglesgiving numbersbetween� and
^
. For

example,when : 9 ^
, thentheanglebetweenthedisplacementvectorsis ��Ó or

^ QO��Ó , meaning

that both displacements)Õ*)( Û and )M*#FHG4( Û move in the samedirection(high coherence),whilst: 9¢� would meantheanglebetweendisplacements)M*)( Û and )+*#FHG4( Û is either ¦O��Ó or n�����Ó thus

areunrelated(low coherence).

: 9�?�@BA�,)Cj6s9 Ê )+*)( Û Ë )M*#FHG4( Û ÊÊ )+*)( Û ÊjÊ )+*#FHG4( Û Ê �ÌÎ : Î ^ (5.15)

For eachtrajectorythespeedcoherence< (changein magnitude)considersthegeometricmean

normalisedby thearithmeticmeanof themagnitudeof consecutive displacementvectors)Õ*)( Û
and ) *#FHG4( Û . The deviation rangesbetween̂ for the samemotion (high coherence)and � for

highactivity (low coherence),definedas:<Ø9RnED Ê )+*)( Û Ê�Ê )M*#FHG4( Û ÊÊ ) *)( Û Ê J Ê ) *#FHG4( Û Ê �ÏÎF<®Î ^ (5.16)

To demonstratethe TPC as a measureof trajectoryactivity, threedifferent trajectoriesÚ G ,Ú g and Ú ã areshown in Figure5.9. The first ÚÆG , is a linear trajectoryconsistingof equal
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displacements)@,/.H243�6 to provide a benchmarkof trajectorycoherence.Thesecondandthird,Ú g andÚ ã , show periodicmotionandprovideanincreasingdeviationfrom ÚÏG . TPCresultsare

reportedin Table5.2 with ÚÏG having a total TPCof
^ �§�5� , henceperfecttrajectorycoherence.

TrajectoriesÚ g and Ú ã producea TPC of �����O� and �����O� respectively, with Ú ã showing the

mostdeviationandactivity for theseexampletrajectories.

Figure5.9: TrajectoriesG q , G u and G v with a temporaldisplacementhistoryof H framepairs.

p q r p u p u r p v p v r p7w
Trajectory I J K TPC I J K TPC I J K TPC TPCG q 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00G u 0.71 0.99 0.85 0.85 0.00 1.00 0.50 0.67 0.71 0.99 0.85 0.73 0.73G v 0.00 1.00 0.50 0.50 0.00 1.00 0.50 0.50 0.00 1.00 0.50 0.50 0.50

Table 5.2: Trajectorypath coherencefor trajectoriesG q , G u and G v , with G q with high temporal

coherenceandcomparedto G v with lessdisplacementcoherence.
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5.5 DisplacementField Smoothing

Oncethe combinedmatchingmethodis appliedwe perform displacementpost-processing.

Spuriousvelocityvectorsareinevitablefrom any trackingprocessandarenotalwaysobvious.

Potentialcausesarefrom noiseor artefactswheremultiple block scaleshave insufficient en-

capsulatedfeatures.Using a coherencebasedpost-processingalgorithm,that is the adaptive

weightedvectormedianfilter (WVMF) [4], displacementsaresmoothedif inconsistentwith

theirdominantneighbourswhilst preservingmotionboundaries.

Given 6 displacementsinsideaslidingwindow (of any size,weuse�HZ·� ) whereneighbouring

displacementsareè 9 ^ 2-nD2�������246 , theWVMF outputis amediandisplacementvector )+*)( ¿ :

) *)( ¿ 9 med¡
) *)( úMLNLNL Ù ¤ (5.17)

Sincethe medianvaluemustactuallybe the valueof oneof the displacementvectorsin the

neighbourhood,theWVMF doesnot createnew unrealisticvalueswhenthefilter straddlesan

edge,preservingedgeinformation.

A displacementis substitutedwith )+*)( ¿ if thecumulative weighted
 -normdistancebetween)+*)( ¿ and )M*)( Û is significant(lessthan the cumulative weighted
 -norm distancebetweenan

individual )+*)( Û andneighbouring)+*)( ú displacements),expressedas:

WVMF 9 é'ê 'ë )+*)( ¿ if
ÙOÛ c GQP Û�,-)M*)( ¿íUW)M*)( Û�,/.¢Î ÙOÛ c GBP Û�,-)+*)( ú·UL)M*)( Û+,/.)+*)( Û otherwise

(5.18)

where
 9Rn denotingtheL2-norm.WVMF canbeiterative for bothinterframedisplacements

andtrajectorydisplacementsmoothingwith low computation.For our alternatingmeasures

approachtheweightinguseseither ¾X¿xÀ b , or doubletheCDg measureoutput(where ����� is the

maximumvalueasshown in FigureA.1), sothat P 9LÐ ��2 ^ Ò preventingunbiasedweighting.

Figures5.10(a)and5.10(b)area corruptedsyntheticframepair ,iEjG�2-E g 6 , asdefinedin Chap-

ter3. An initial displacementfield is shown in Figure5.10(c),producedfrom theNCCmatch-

ing measurewith ablocksizeof Q1ZsQ . Thisappearsto havemany erroneousdisplacementsand

severalstrongoutliers.For this example,WVMF requiredn iterations,whereFigures5.10(d)

and5.10(e)aredisplacementfields producedfrom post-processingthe original displacement

field. Differing to the original displacementfield, the final post-processeddisplacementsare
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only slightly different to the groundtruthin Figure5.10(f). The maximumnumberof itera-

tionswasdeterminedby usingtheDFD imagereconstructionerror, to preventover-smoothing,

which is detrimentalto displacementaccuracy. For in vivo sequences,we tendto use n itera-

tions,unlessotherwisestated.

(a)Synthetic��R . (b) Synthetic� % .

(c) S�� . DFDT&U����!V � . (d) SXW . DFDTYW[Z�\!V � . (e) S]U . DFDTYW[Z�^�V_W . (f) Groundtruth.

Figure 5.10: Post-processing:(a) Syntheticframes
p&q

and (b)
p�u

, (c) original, (d,e) post-processed

displacementfields,and(f) thegroundtruth.

5.6 CombinedMeasure Impr ovementAnalysis

In this sectionwe demonstratethe improvementgainedfrom alternatingthe matchingmea-

sures,providing acomparative analysisof ourproposedcombinedNCC/CDg approachagainst

the CDg , NCC andMSE measures.The evaluationof our methodis demonstratedusing in

vitro andsyntheticspeckledatawith displacementresultsusingin vivosequencesshown later.

Initially, we trackedan in vitro region of tendonfrom theDYNAMIC-HEALTHY2 data.The

absoluteerrorbetweenthegroundtruthandmeanestimatedtrajectoriesaresummarisedin Ta-

ble 5.3. TheNCC consistentlyproducedsignificantlymoreaccuratedisplacementscompared

to thesingleCDg andMSE measures.For example,theNCC produceda maximumerrorof�D����� comparedto
^ ¦D���O� and n5�D���&� from CDg andMSE, for a pull of

^ � mm. Themaximum
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errorwasnoticeableneartheendof eachpull cycle, dueto theclampedtendonnot returning

to its original restingstate.Themeanerrorremainedlow usingNCC ( nD��� ^ , nD�ì�5� and �j���O¦ for

pulls of � , £ and
^ � mm respectively), andvery similar to the combinedmeasuresapproach

( nD� £ ¦ , nD�ì��� and �j���O¦ for pulls of � , £ and
^ � mm respectively). As mentionedlater, dueto the

lack of speckle,usingcombinedmeasuresprovedto beonly asgoodasthesingleNCC mea-

sure.Typically, for in vivo datathespeckleSNRinstigatestheusageof theNCC in minimal

speckled(tendon)regions,andthealternative CDg measurein densespeckleareas.

Pull MSE Only NCC Only CD
u

Only Combined

mm Max Mean STD Dev Max Mean STD Dev Max Mean STD Dev Max Mean STD Dev

3 4.79 3.60 3.53 2.16 2.69 1.21 5.57 3.88 2.23 2.16 2.71 1.22
6 8.97 3.78 4.46 2.62 2.45 1.39 5.32 4.58 2.13 2.63 2.44 1.37
10 25.74 10.35 7.96 5.54 7.79 3.12 19.30 9.00 4.11 5.55 7.79 3.12

Table5.3: Summaryof trajectoryabsoluteerror for in vitro tendondatafor � pulls. Settings:WVMF

iterations�W� andmultipleblockscaleswhere � � �����7�MH��h�&���-��������� .
Sampleerror resultsin Table5.4 show the key improvementfrom our combinedmeasures

approachusingsyntheticdata.Typically, this is observedin sequenceswith regionsof varying

speckledensity(from multipleobjectsfor exampletendonandtissue,asshown in Chapter3),

wherebyusingtheappropriatemeasureallows for local signalvariation;this is importantfor

in vivo analysis.Hence,for regionsof homogeneousspeckle(with a high or low density),the

bestaccuracy is only asgoodastheappropriatesinglemeasure.Thus,Table5.4usessynthetic

imagesdescribedin Section3.3.3, to control speckledensityand to generatea groundtruth

displacementfield. An exampleof thecombinedmeasuresapproachimprovement,is the low

meanvelocityangularerrorof ¦D� £ n for varyingdensityspeckle,comparedto
^5^ �ì� £ , ^5^ � £5£ and^ �D�ì��Q for CDg , NCCandMSErespectively.

Consequently, in Table5.5 we show further resultsspecificallyfor varying densityspeckle.

Theseresultsillustrateamarkedimprovementcomparedto usingasinglemeasure.For exam-

ple, for the bestcase(no appliednoise),the combinedmeasuresapproachproduceda mean

velocity angularerrorof �j�§� £ , comparedto �j����� , �j� £ � and �j���O� for theCDg , NCC andMSE

measuresrespectively. For theworstcasèÍ9R����Q , thecombinedmeasuresapproachproduced

ameanvelocityangularerrorof
^5^ � ^ � , comparedto

^ nD��Q�� , ^ nD� ^ � and n ^ ��n5Q for theCDg , NCC
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High DensitySpeckle( �� ! Oo ) Low DensitySpeckle( �M �o ) Varying DensitySpeckle

Measures Mean� STD Dev � DFD Mean� STD Dev � 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
u

Only 7.13 6.47 9.22 15.95 16.63 7.55 11.46 13.91 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( H pixels)sequenceswithoutnoiseusingWVMF iterations�a andablock �³�D�_�³�&�X�5� .
andMSE measuresrespectively. WVMF noticeablyimprovedall resultsfrom just n iterations

usingan Q neighbourhoodregion, reducingthevelocity angularerror, for example �j�§� £ with

and ¦D� £ n without. Similar resultswereobtainedfrom testingover
^ �5� framepairs.

Uncorrupted b!cedgfÌ�g Qh H b!cidaf �a Bh �
Measures Mean� STD Dev � Mean� STD Dev � Mean� STD Dev �
Combined 7.06 6.09 7.41 7.02 11.10 12.44
CD
u

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 � casesof noisecorruptedframesof varying density

speckle.Settings:Affinedeformation( H pixels)sequenceswith varyingnoiseusingWVMF iterations�� andablock � � ���³�&�X�5� .
We have demonstratedthat usinga combinationof specklepatternsimilarity measuresim-

proved displacementperformance,validatingour approachon syntheticspeckleand in vitro

datasets.Also, we observed displacementaccuracy is improved from analysingframesthat

containsub-regions rangingfrom: densespecklewith characteristicsthat are purely multi-

plicativeRayleigh,to sparsestablespeckle,to minimalspecklemixedwith astrongunderlying

signal,all featurestypically foundin in vivodata,asshown laterin Table5.8.
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5.7 ProposedTrajectory Results

Subsequently, we evaluatetheperformanceof theproposedmethodin Section5.7.1,specifi-

cally in regionsof fully developedspeckleusingthetissuemimickingphantomdata.In Section

5.7.2we proceedby establishingthe trackingaccuracy specificallyin regionsof in vitro ten-

don. Finally, in Section5.7.3we analysein vivo data,with regionsof tendonandtissuewith

potentiallyvaryingamountsof speckle.Furtherdetailsfor eachdatasetsappearsin Chapter3.

5.7.1 TissuePhantomResults

In theseexperimentswe analyse� typesof tissuemimicking phantomsequences( j , k andl
), eachundergoinga compressive strainof

^ ��¥ , capturinganabsolutedisplacementof � to^5^
pixels.To measurethismovement,̂ �5� trajectories(in a

^ �MZ ^ � region)wereinitialisedata

resolutionof ² Z·´ where²·2�´Í9Ä� , trackingaregionof ����Zµ��� pixelsat thesamelocationfor

eachexperiment.Theseregions,shown in Figure5.11,displayedvery similar stabletextures,

evenaftercompressionandphantominitialisationperiods.

(a)Sinusoidal( m ). (b) Triangular( n ). (c) Square( o ).

Figure5.11:Actualandenlargedtrackedspeckleregionsof thetissuemimickingphantom."
Eachexperimentusedthesameparameters:� templatescaleswhere Y , \ 9 ¡&�5nD2 ^�£ 2-Qj¤ and

a singleiterationof WVMF post-processing(preventingover-smoothing).Figure5.12 illus-

tratessparsetrajectoryfield results,with temporaldisplacementsalongeachtrajectoryin red,

benefitingfrom theproposedalternative matchingmeasuresapproach.Thesinusoidal,trian-

gularandsquaredisplacementsproducedpercentageusageratiosNCC:CDg of Q5¦qp ^5^ , Q��Ep ^ �
and Q��rp ^�£ respectively. Theextremelystablespeckletexturesresultedin a high NCC usage

resultingfrom anSNR Ö ^ ��¦ ^ , with correlationcoefficientsall Öí����¦5Q .
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(a)Sinusoidal( m ).

0

10

20

30

40

−10
0

10
20

30
40

0

5

10

15

20

25

30

  X−axis
  Y−axis

  F
ra

m
es

(b) Triangular( n ).

0

10

20

30

40

−10
0

10
20

30
40

0

5

10

15

20

25

30

  X−axis
  Y−axis

  F
ra

m
es

(c) Square( o ).

Figure 5.12: Sparsetrajectorysetsfor the tissue

mimickingphantomsequences."
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Figure5.13:DFD andFD errorfor thetissuemim-

icking phantomsequences.
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Figure5.13illustratestheDFD andFD displacementerrorsusingtheMSEcriterion,following

asetof trajectories.Theerrorsaredeterminedalongthetrajectory ,iEjG�2-E g 6�2������
2
,iE�*#F�Ù Ã G�2-E�*#F�Ù¨6
insteadof comparingto the first frame ,iEjG�2-E g 6�2������
2
,iEjG�2-E�Ù¨6 , to prevent introducingwarping

errors. Trajectoriesbeforeand after loadingproducederrorsof MSEs ( tu( v Pº� , indicating

perfectdisplacements.Trajectoriesduring loading producederrorsup to MSEs ( t P nO�5� ,
whichis inevitablesincespecklechangeswith tissuephantommotion.Further, two largespikes

eachof MSEv P ���5� andMSEv PÍ¦O�5� presentin theDFD resultsweredueto blurring,asthe

largedisplacementsoccurredin smalltime intervals,shown at E � to E�w and E Gyx to E Gm� in Figure

5.14(c). The FD troughsof MSEs ( t occurreddueto framesat the maximumdisplacement

beingvery similar, only differentdue to somenegligible lateralmotion. The DFD at these

pointsshowed a marked improvement. In comparison,the FD andDFD troughsof MSEv
werezero.

Themeantrajectoryandstandarddeviation for eachtrajectoryfield areplottedin Figure5.14.

In general,the estimatedtrajectoriesstartand finish locationswereequalwith very similar

peakmagnitudes(seeboth x-axial andy-axial meantrajectoriesin Figure5.14). This con-

firmed templatedrift updatingwasaccurate,eliminatingdrift andpotentialstrainbias. Each

meantrajectorydemonstratedastrongsimilarity to the1D actualdisplacementsrecordedfrom

the groundtruth.The centralisederror-barsalongeachmeantrajectorymeasurethe standard

deviation in eachsetof trajectories.Althoughsmall,asexpected,thelargestdeviation tended

to beat thepeak.For instance,theproposedmethodquantifiedameanestimateddisplacement

of U ^ ������zW����� pixels.This indicatesthattheestimatedvalueof thedisplacementliesbetween{Y|�} and {Y|~| pixels,comparedto thegroundtruthdisplacementof {Y|~| pixels. Underperfect

conditionseachsequencecapturedonly axial displacements,simulatinga 1D movement. In

thestationarylateralaxisinsteadof zero(seex-axialmeantrajectoryin Figure5.14),however,

resultsshoweda smallbut significantdisplacement.Althoughlateralaxisdisplacementswere

notmeasuredby thetestrig, thesedisplacementsaboutthepeaksuggestthatmotiondid occur.

Figure5.15shows the ideal linear relationshipof theactualtrajectorycomparedto displace-

mentsalongtheestimatedmeantrajectory. All sequencesshowedthatloaded(blackstars)and

unloaded(blue triangles)meandisplacementscorrelatedextremelywell with the actual(red

dashedline) displacements.
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Figure 5.14: Trajectory statisticsfor the tissue

mimickingphantomsequences.
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Figure5.15: Estimatedmeanvs. actualtrajectory

for thetissuemimickingphantomsequences.
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TheestimatedTPCvaluesrangedbetween}��_����������|���} , }��������X����}��_� and }��_�����u����|���}
for thesinusoidal,triangularandsquaredisplacements.Thesewerecomparableto theactual

groundtruthTPCvaluesof � ��� � � ����}��_� to |���} . TheTPCvalueswerecompactanduniform,

consistentwith asingleobjectundernegligible strain.With higherstrain,theTPCandstandard

deviation increase(shown aserror-barsin Figure5.14),assumingtrajectorieshave zeroerror.

5.7.2 In vitro TendonResults

Toprovideacomparisonto thedisplacementaccuracy resultsin thepreviouschapterin Section

4.4, we usedour final proposedapproachto analysethe sameframes ���5���+����  to ����¡��+�5�/¢!  of

theSTATIC-LANDMARK0 sequence,for interframeanalysis.Eachframepair capturedthe

same£ pixel lateraltranslationalshifts,henceweexpectedresultingmeasurementsto produce

similar results,which areshown in Table5.6. The proposedmethodproducedconsistently

betterperformancefor all cases,comparedto the resultsfrom earliermethodsin Tables4.2

and4.3,which is indicatedby all DFD values,globalframecorrelations(CORR)andvelocity

angularerrorsbeingsuperior. For example,aDFD of ¤�¥ � ¥Q£ at �5� to ��� wassignificantlylower

thanthe FD of ¦ � ¤ � ¥Q§ , andDFDs of £�¥ ��� £ , ¨~¨ � ¤~¤ , ¦ | ¥ ��� ¥ and |�} § � §~¤ from FSBM, VSBM,

CamusandProesmanset al. respectively. Exampleinterframedisplacementfieldsfor ���5���+���! 
to ����©��+��¡!  areshown in Figure5.16from theproposedmethod.

Frame PRE-WARP ProposedApproach

Pair FD CORR ª DFD CORR ª Mean« STD Dev «¬!­�®¯¬M°
273.46 97.40 34.48 99.67 6.91 7.69¬ ° ®¯¬M±
270.28 97.44 32.96 99.69 6.98 8.05¬�±q®¯¬�²
272.57 97.41 33.62 99.68 7.15 7.94¬�²$®¯¬M³
273.87 97.40 36.10 99.66 7.33 8.40¬ ³ ®¯¬M´
271.60 97.43 33.63 99.68 6.44 7.93¬�´q®¯¬Mµ
274.65 97.40 32.27 99.68 7.65 7.70¬�µq®¯¬M¶
273.83 97.40 36.20 99.66 7.23 7.70¬ ¶ ®¯¬M·
273.87 97.40 36.72 99.65 7.16 7.69¬�·q®¯¬ ­�¸
277.84 97.53 35.39 99.66 8.30 7.28

Table5.6: Errormeasuresfor proposedapproachusingSTATIC-LANDMARK0.

Furthermore,thepurposeof analysingin vitro tendonsequenceswasto evaluatethefeasibility

of quantifyinglateraltendondisplacementsspecificallyfor strainestimationusingtrajectories.

We presentresultsfor a ¤ } -framesequenceof tendondeformation,undergoinga tensilestrain
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(a) ¹»º�¼4½/º %4¾ . (b) ¹»º % ½/º�¿ ¾ . (c) ¹»º�¿�½/º�À ¾ . (d) ¹»º�À�½/º+Á ¾ .

(e) ¹»º+Á�½/º�Â ¾ . (f) ¹»º�Â�½/º+Ã ¾ . (g) ¹»º�Ã�½yº+Ä ¾ . (h) ¹»º�Ä�½/º�Å ¾ .
Figure5.16:Displacementfieldsfor Æ ¬!­�Ç[¬�°+È to Æ ¬M¶MÇÉ¬ · È usingSTATIC-LANDMARK0.

of ¤ � ¨BÊ . This encapsulateda recordedgroundtruthdisplacementof } to ¤ } pixels. An ex-

ampleof a tracked region is shown in Figure5.17(a);in comparisonto the tissuemimicking

phantomthesetexturesarevery different,yet botharevisible in musculoskeletalB-scansdue

to theunderlyingsignal.We initialised ¦~¨ } trajectories(in a ¦~¨�Ë |�} region) at a resolutionofÌ Ë&Í where
Ì ��Í � £ trackinga regionof ¦ }~} ËÎ£ } pixelsat thesamelocationfor eachexper-

iment. Parametersincluded: ¥ templatescaleswhere Ï ,Ð �ÒÑ §�¥3�+¤~¦-� | §-�+£5Ó and ¤ iterations

of WVMF displacementsmoothing.Largerscaleswereusedto ensurethedisplacementrange

wassuitable. Figures5.17(b)and5.18(a)illustratetrajectoryresultswherea small minority

of temporaldisplacementsalongeachtrajectoryarered, to representCD� andtherestblack,

representingNCC,indicatingausagepercentageratioof NCC:CD� ��� ¤�Ô � .
Figure 5.18(b)shows the ideal linear relationshipof the actualtrajectorycomparedto dis-

placementsalong the estimatedtrajectory. Displacementsshowed loaded(black stars)and

unloaded(blue triangles)meandisplacementscorrelatedwell with the actualdisplacements

(reddashedline). Two typical inaccuracieswereobserved duringexperimentation:first, ten-

don slippage,tendonstraightening(uncrimping)andplasticdeformation,all contributing to
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(b) Sparsetrajectoryfield.

Figure5.17:Tendonin vitro results:(a)Examplein vitro tendonregionand(b) sparsetrajectoryfield.

thetendonfailing to returnto its originalstartingposition;second,matchingaccuracy reduced

from increasingdissimilaritywith largerdeformations.We observed thatdeformationslarger

than ¨BÊ producedinconsistentaccuracy. TPC valuesof }�� § �Õ����}����~� resembledthe ac-

tual groundtruthof }�� § , showing moreactivity thanthephantomresults.Further, TPCvalues

graduallyincreasedalongtheloadedlateralaxisandwereuniform alongtheaxial axis,corre-

spondingto theappliedstrain.

0

50

100

150

200
0

20

40

60

80
0

5

10

15

20

25

30

  Y−axis  X−axis

  F
ra

m
es

(a)Full trajectoryfield.
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(b) Trajectorystatistics.

Figure5.18: Tendonin vitro results: (a) Full spatiotemporaltrajectoryfield and(b) estimatedmean

trajectoryvs. actualtrajectoryrelationship.
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5.7.3 In vivo MusculoskeletalResults

Thepotentialrole of this researchfor in vivo elastographyis demonstratedby analysingmus-

culoskeletalsequences.A rangeof clinically relevantdatawasprocessedproducingtrajectory

fieldsandstrain,includingsequencescapturingtheachilles,patella,radialflexor tendonsand

mediannerve, only differing to tendonsin size. A typical trajectoryfield andcorresponding

strain plot are illustratedin Figure 5.19, for a ROI during a completesequenceof resting-

flexion-extension-resting motion. Strain increasedanddecreasedwith the kinematicmotion

of the tendonmoving from flexion � � to � �/Ö , to extension � �/× to ��Ø ¢ . Strainmagnitudewas

generallysmall asno loadingwasappliedfor thesetests. As expected,resultscorresponded

to our in vitro tendonpull groundtruth(asin Figure5.18(a)).Straincomputationis addressed

furtherin Chapter6, but briefly referredto herefor clarity.
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Figure5.19:Examplein vivoresults:(a)Sparsetrajectoryfield (usagepercentageratiowhereNCC:CD
°

is ÙMÚ	ÛÝÜÞÜ ), and(b) thederivedstrain.

Furtherin vitro and in vivo displacementaccuracy resultsaresummarisedin Tables5.7 and

5.8 respectively. Resultsarecomparedto the relevant methodsmentionedin Chapters2 and

4, namelysinglescaletemplateregion matchingusing the NCC correlation[107][105][87]

and CD� [20] measures.With no in vivo groundtruthdata,displacementfield accuracy is

determinedsolelyfrom theDFD,measuredby theMSE.Althoughnotoptimal,asit is possible

thatinaccuratedisplacementscanproducea low DFD errorin areasof similar texture(tendon

apertureproblem),theDFD hasprovento bea goodindicator, alsotheCORRvaluebetween
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thedisplacedframeand ��ß»à � complementstheDFD. Thefirst columncontainstheFD error,

asa measureto compareagainsteachDFD result. Theproposedtechniqueoutperformsboth

NCCandCD� in mostcases,producingconsistentlylowerDFD thanFD errors(for example,a

DFDof ¦ � £ � § comparedto aFD of ¥Q¦~¤ ��� , and ¤ � ¦ ��� and ¤ } ¦ � ¤ for NCCandCD� respectively).

Thepercentageusageratiosof NCC:CD� for in vivo casesrangedbetween¤~¦EÔ4§~£ and £~§qÔ | ¥ .
The NCC appearedlessaccuratethanthe proposedmethod,dueto framescapturinga small

regionof tendonin comparisonto speckleandtissue.Theseresultsshow minor improvements

comparedto theothermethods,but areclinically significant,aserrorsin displacementsdirectly

reducestrainprecision.

PRE-WARP NCC Only CD
°

Only ProposedApproach

Datasets FD CORR ª DFD CORR ª DFD CORR ª DFD CORR ª NCC:CD
°

Phantomá 147.7 97.55 50.6 99.19 51.5 99.18 41.2 99.32 92:8

Phantomâ 104.3 98.29 48.1 99.21 40.6 99.34 26.4 99.58 91:9

Phantomã 237.4 96.21 401.9 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: Imagereconstructionerror measuresfor tissuephantomand in vitro tendon. Resultsare

shown for a singlescaletemplateregion matchingusingonly NCC andonly CD
°
, andthe proposed

methodusingselective useof bothmeasures.Thefinal columnshows theusageratio of these.Frame

sizewas ä~å�Ü	æqäBå�Ü pixels.

5.8 Conclusion

Wehave investigatedanautomatedapproachfor estimatingultrasoundspecklemotion,devel-

opinga region basedmethodfor computervision elastography. Froma systematicvalidation

studyanalysingtissuemimickingphantom,in vitro tendonandin vivoclinical musculoskeletal

datasets,a rangeof displacements,trajectoryfieldsandaccuracy resultshasbeenpresented.

Prior to specklemotionestimation,frameregistrationcorrectedfor any transducermotion,al-

lowing for automaticnon-stationaryframecalibration,removing theneedfor traditionaltrans-

ducerclampingapparatususedin RFelastography. Theestimateddisplacementslocatedin the
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PRE-WARP NCC Only CD
°

Only ProposedApproach

Datasets FD CORR ª DFD CORR ª DFD CORR ª DFD CORR ª NCC:CD
°

Achilles tendon333.2 97.93 341.1 97.69 277.4 98.10 239.0 98.37 53:47

Achilles tendon384.2 97.91 437.0 97.60 324.3 98.23 352.7 98.08 52:48

Achilles tendon441.4 97.82 422.6 97.93 322.8 98.39 312.3 98.44 53:47

Achilles tendon423.7 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

Mediannerve 349.0 95.20 433.2 94.04 429.2 94.04 397.6 94.49 52:48

Mediannerve 119.3 99.02 162.6 98.67 141.6 98.84 118.8 99.03 32:68

Table5.8: Imagereconstructionerror measuresfor in vivo musculoskeletaldata. Resultsareshown

for a singlescaletemplateregion matchingusingonly NCC andonly CD
°
, andtheproposedmethod

usingselective useof bothmeasures.Thefinal columnshows theusageratio of these.FramesizewasäBå�Ü	æqäBå�Ü pixels.Bestresultsareshown in bold.

regionbetweentheskin andtransducerin theB-scans,wereusedfor theglobalregistrationof

all displacementfields. Usingdisplacementsin this landmarkregion, proved similar to mea-

suringthedisplacementsin a landmarkregion createdfrom attachinganelasticlayeroffsetto

thetransduceror target,for example[70].

Theaccuracy of specklemotionestimationis dependenton theimagequalityof theregistered

sequences.We have shown that usingmultiscaletemplateanalysis,with orderedandover-

lappingsetsof detectablevelocity ranges,andalternative specklesimilarity measures,proved

effectivefor awiderangeof datasets.WeobservedthatthespeckleSNRmadecertainthatNCC

usagewasdominantin tendonregions,wherespeckledensitywasnegligible (non-Rayleigh).

Also, thespeckleSNRensuredCD� usagewasdominantin deeperlower frequency regions,

wherespecklewasdense(Rayleigh).With varyingultrasoundimagecontent,thebenefitfrom

usingautomaticallyselectedsimilarity measures,is theimprovedlocaldisplacementaccuracy
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from trackinga region with the appropriatemeasure,determinedby local imagecontent. In

situationswheretheSNRvaluemaynot reliably determinethecorrectmeasureto use,a rea-

sonabledisplacementis still producedthat is improvedby multiple block scales.Finally, we

notedthatnon-optimaltransducergainselectioncreatedareasof low inhomogeneouscontrast,

which for theNCCproducedrelatively flat correlationsurfaceswith negligible peaks.

Physicalfactorsinducing drift include an inhomogeneousstrain distribution, target object

angularchangesand a low frame rate, causinginaccuratedisplacements.It was also ob-

served, however, that trajectorydrift updatingsuccessfullyeliminateddisplacementdrift er-

ror. D’Hoogeet al. [24] observedsimilardrifting inaccuracieswhenmeasuringcardiacstrain,

differing by compensatingfor drift by assumingstrainboundaryconditions.This studyalso

highlightedthat interframepixel shifts of ç | and èé¤ } proved difficult to track, with large

deformationsproducingweakmatching,astheassumptionof pixel constantintensityfailed.

PerformancehasbeenmeasuredusingtheangularvelocityerrorandimagereconstructionDFD

error. For in vivodatatheDFD providesareconstructionqualitymeasure,which is assuredby

the fact that quality rankingbasedon the DFD is quiteconsistentwith theglobalcorrelation

coefficient. In Section5.7.2a comparisonis madebetweenour approachand the previous

work in Chapter4. Using our in vitro datawe have shown improved accuracy for all results

with this technique,andalsoshown low errorsusing in vivo data. This work hasillustrated

thatimagebasedmethodsprovideaccuratemeasurementsfor a rangeof displacementsin both

axialandlateraldimensions.Following on,in thenext chapterweuseourapproachasdetailed

here,to producedisplacementsandtrajectoryfieldsfor determiningspatialandtemporalstrain

maps.Usingseveral in vivo sequences,we illustratetheprocessof using2D speckletracking

for evaluatingthebiomechanicalpropertiesof tendonsandsoft tissue.
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Chapter 6

Strain Estimation fr om Trajectories

6.1 Intr oduction

In this chaptera practicalalternative to elastographyis presented.We generatetemporalax-

ial andlateralstrainmapsderived from our trajectoriesthat measure2D specklemovement,

andprovide a novel spatiotemporalstrainhistory for a target subjectover time. In chapter2

we describedtraditionalRF elastography, which generateselastogramsquantifying1D strain

from anapplieddisplacementusingultrasound,displayingthe longitudinalstrainastheaxial

componentof theestimateddisplacementgradient.Typically, displacementsarederivedfrom

1D crosscorrelationof the RF echoarrival times,pre andpost-deformation.Unfortunately,

RF elastographydrawbacksincludethe inability to recordandstoreRF data,andlimited to

measuringsmall in vivostrainsof only ç | Ê , bothrestrictingclinical usability. In thischapter

wedemonstratetheadvantagesof animagebasedapproach.

Wegeneratespatiotemporal2D strainmaps,quantifyingthestrainfor agivensubjectduringan

inputvideosequence.Thisusesthemotiontrajectoriesdescribedin thepreviouschapter, which

measurethe dynamicresponsesof musculoskeletalsoft tissuesandtendonsunderkinematic

loading.Wearenotawareof any existing researchthatattemptsto quantifyastrainhistoryfor

in vivodata,particularlyfor regionsof soft tissueor tendon.

A knowledgeof tissuemotion is usedto derive a second-orderstrain tensorandstrainrate,

producingaspatiotemporalvisualisationof theappliedstrain,locally andglobally, throughout
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time. Providinga2Dtemporalvisualisationof tissuemechanicalproperties,hasthepotentialto

enablecliniciansto uniquelyvisualiseandcompareboththedynamicbehaviour andaxial and

lateralstrainhistoriessimultaneouslyin a non invasiveapproach.Furthermore,the potential

benefitsof usingultrasoundimageanalysisasa tool to measuremovementandstrainwill be

discussed.Ultimately, weestablishtrajectoriesandelastogramsfor clinical in vivoexamples.

Our resultsshow that the proposedmethodmeasuresaxial and lateral strainsof ê�ç8¤ � ¨BÊ
with goodprecisionfor in vitro data,with strainaccuracy determinedby comparisonsto the

groundtruth1D strainanddisplacementerror measures.For in vivo data,strainaccuracy is

determinedby the imagereconstructionerror and expert opinion. Additionally, for in vivo

data,we comparetheaccuracy of thestraintensorwith anotherstrainestimator, decorrelation

coefficients, which assumecorrelationdecreasesas strain increases.Resultsconcludethat

decorrelationcoefficientsasastrainestimator, arelesseffectivethanourstraintensorapproach.

Thestructureof this chapteris asfollows. In Section6.2 we defineandformalisestressand

strainfor 1D analysis,andthe 2D straintensorandtemporalstrainhistory for 2D analysis.

Next, in Section6.3, we presentstrainresultsfor the tissuemimicking phantomand in vitro

groundtruthdata. We thenfocuson estimatingtrajectoryfields andstrainresultsfor in vivo

musculoskeletalsequencesof thepatella,achillesanddigital flexor tendons,with imagerecon-

structionerrors.Then,in Section6.4,weexplorethedecorrelationcoefficient asa measureof

strain.Finally, thechapteris concludedin Section6.5.

6.2 Strain Estimation fr om Displacementsand Trajectories

Tendonsformanintegralpartof themusculotendinousunit, transmittingthetensionsgenerated

in muscleto bone.Whenthetendonis underload,thedeformationis expressedasastrain(the

changein lineardimensionperunit length),or a stress(the forceappliedperunit area),with

Hooke’sLaw definingthatstressis proportionalto strain.Tendonmechanicalbehaviour is typ-

ically influencedby its hierarchicalstructure,history, strainratesandstrainrange.In thiswork,

we areconcernedwith only measuringstrain,asthis is equivalentto elastographytechniques

that derive strainfrom a knowledgeof displacements.An importantby-productof usingthe

proposedspeckletrackingmethodologyis thepossibilityof generating2D straintensorfields.
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In thefollowing sectionswe definestrainfrom usingdisplacementsandtrajectories,with ex-

amplesof both1D and2D deformationfor anelasticsubjectshown in Figure6.1.A reasonfor

quantifyingdisplacementandstrainis to categorisetissuesbasedonmechanicalproperties.For

example,soft tissues(suchasmuscles,fat, cartilageandfibroustissues)undergo nonuniform

displacementor deformationsupportinglarger strainsthan hard tissues(suchas cancerous

tissues,cystsand tumours),which undergo uniform displacementandsmallerstrains. This

assumptioncanform partof asegmentationschemethatis discussedlaterin Chapter7.

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

Figure6.1: Schematicsshowing a local: (a)Point,for 1D elastographyand(b) regionfor 2D B-scans.

6.2.1 1D Axial Strain Analysis

Extensionratios(known asthe engineer’s strain)area dimensionlessstrainvaluemeasuring

relative movement ëì�í�ì , where
ì

and ëì arethe original andchangedlengthsrespectively. This

leadsto 1D Lagrangianstrain ê for staticobjectdeformation:ê � ëì ß { ì ß»î ¢ì ß»î ¢ � ëìì {F| (6.1)

wherethe original length
ì ß»î ¢ remainsconstantfor all ï . As the tissuephantomand in vitro

tendonarestaticobjectsall motionis deformationasa resultof theappliedload.For dynamic

objects,however, the original lengthis unknown andvariesduring the deformationprocess.

By expressingthechangedlengthrelative to thelengthata previousinstantin time,wedefine

theEulerianstrain êMð : ê ð � ëì ß»àòñ/ß { ì ßì ß (6.2)
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Finally, temporalintegrationcanproducethetotal 1D or 2D strainduringthetime interval.

Currently, RFelastographyusesthechangein distancebetweentwo specificRFsignalsó � andó � , to directly estimatelocal strainasthe spatialgradientin motionof the RF signal. Using

1D windows positionednear(proximal ô ) andremote(distal õ ) to thepoint of origin, strainis

givenas: ê ð ��óB� � ö   � ��ó � � ÷ { ó � � ö   { ��ó � � ÷ { ó � � ö  ó � � ÷ { ó � � ö (6.3)

where ó � � ö and ó � � ÷ arethe pre-compressionechoarrival timesfrom the proximal anddistal

windows respectively, and ó � � ö and ó � � ÷ arethepost-compressionechoarrival timesfrom the

proximalanddistalwindow respectively.

It mustbenotedthatdifferentstrainmeasuresexist (for exampleLagrangianandLogarithmic),

which producedifferentresultsasstrainsincrease.It is mostcommonto useLagrangestrain

whensolvingproblemsinvolving largedeformationsêYèé¨BÊ .

6.2.2 2D Axial and Lateral Strain Analysis

In 2D objectdeformationthereare ¥ straincomponents,axial and lateralcomponents(mo-

tion normalto theobjectborder)andshearcomponents(motionparallelto theobjectborder).

Second-orderstraintensorscandescribeall axial, lateralandshearstraincomponents,com-

pletelydefiningthestateof strain.TheGreen-Lagrangestraintensor[27], ø , is a measureof

strainthatis invariantunderrigid bodyrotations,definedas:ø � |¦úùüû�ýúþÞû {iÿ�� (6.4)

where û is thedeformationgradientand ÿ is thesecondorderidentity matrix. We useeach

displacementvector � ß ��� ����  to definethelinearGreen-Lagrangestraintensor, for smalldefor-

mations.Thetensordefinesthetwo 2D normaldirectionalstrainsê��	� and ê�
�
 , andthetwo 2D

shearstrainsê��	
 and ê�

� for displacement� :ø�� ��� ê��	� ê��	
ê�
�� ê�


�� ��� ������ � ���� �	���� 
�� �	���� � ��� � �	���� � � �	���� 
 � �	���� 
 � (6.5)

Eachcomponentcanbe derived using(6.1) for staticsubjectsor (6.2) for dynamicsubjects.

For example,the ê �	� and ê 


 Lagrangianstraincomponentsare:ê��	� �"! �#�!#$ � ë� ß { � ß»î ¢$ ß»î ¢ and ê�
�
 �"! �%�!'& � ë� ß { � ß»î ¢& ß»î ¢ (6.6)

96



For objectsthatarehomogeneous,isotropicandincompressible,theshearstraincomponents

aredefinedas ê��	
 � ê�
�� . Consequently, by implying that both shearcomponentsarecom-

plementary, thenumberof componentscanbereduced.Finally, in practisethederivativesare

estimatedusingtheSobeloperatoron theWVMF smootheddisplacementfields.

The straintensordefinedin (6.5) is suitablefor small strainsof ê ç | Ê for in vivo analysis,

however, for largedeformationapplicationsthestraintensorø becomesnon-linear, containing

quadraticterms.Thesearederivedin [27] usingtheTaylorseriesexpansion,andgivenas:

ê��	� � ! �#�!#$ � |¦ �)( ! �#�!#$�* � � ( ! �+�!#$�* � �ê�
�
 � ! �%�!#& � |¦ �,( ! �#�!#&-* � � ( ! �%�!#&.* � �ê��	
 � ê�

� � |¦ ( ! �#�!#& � ! �%�!'$ * � |¦0/ ( ! �1�!'$ * ( ! �#�!#& * � ( ! �%�!'$ * ( ! �%�!#& *32 (6.7)

Existingresearchto illustratetensorinformationincludesWeinsteinetal. [108] andSigfridsson

[89], constructingtensorglyphs,which aregeometricrepresentationsof thetensor. Typically,

ellipsesare formed by multiplying points on a circle by the tensor. However, overlapping

ellipsesbecomerapidlyconfusingfor densedisplacementfields.Alternatively, thecomponents

of any second-ordertensorcanbereducedto aneigenvalueproblem,whereeigenvaluesarea

scalarrepresentationthatareinvariantto direction,quantifyingtheamountof strain.Splitting

thegreatestandsmallesteigenvaluessignifieseithertensionor compressionrespectively.

Herein,wepreferto usetheFrobeniusnormof thestraintensorø to illustrateourstrainresults,

which is invariant to directionandboth normalor shearstrain,quantifyinga singlevalueof

strainmagnitude,where465 is thematrix trace,definedas:7
897
: �<; 465 ��ø ý ø�  (6.8)

Therefore,eachvalueshown in theresultingstrainmaprepresentsthesquareroot of thesum

of all ø termssquared,which is determinedfrom a singledisplacementalonga trajectory,

mappinga referencetemplatefrom thefirst framethroughasequence.
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6.2.3 Temporal Strain History

Until now, strainestimationfrom B-scanshasbeenrestrictedto only singleinstances,dueto

only analysingmanuallychosenframepairs,a limitation prevalentin many works[12]. In this

work, trajectoriesareusedto quantifya novel spatiotemporalstrain history thatdeterminesa

uniqueaxial and lateralstrainfor every positionin � ß througha sequence,measuringstrain

variationsduring a target subject’s deformation.Consequently, usingthe straindefinition in

(6.5), trajectoriesquantifyeitheraccumulatedstrainfor a region tracked from thefirst frame

(relating ��ß to ��ß»à�= ), or incrementalstrainfor a region tracked betweenframepairs(relating��ß[�+��ß»à � ����� ��ß»à�=)> � �+��ß»à�= ). Theseprovideuniquemeasurementsasadirectresultof ourmotion

estimationapproach,with in vivo resultsshown in Section6.3.3.

6.3 VideoSequences,Trajectory Fieldsand Strain Maps

Theaimof thissectionis to demonstratethecompleteprocessof measuringthebiomechanical

propertiesof musculoskeletaldatausingultrasoundvideo sequences.We first presenttissue

mimicking phantomand in vitro groundtruthstrainresults,analysingdisplacementsfrom the

previous chapter. We thenshow sampleframes,trajectoryfields andstrainmapsfor in vivo

sequencesof thepatella,achillesanddigital flexor tendons.

6.3.1 TissuePhantomResults

The tissuemimicking phantomwasdescribedin Chapter3, undergoing a compressive strain

of |�} Ê , capturinganabsolutedisplacementof } to |~| pixels. Theaccuracy of thetrajectories

measuredfrom thetissuemimicking phantom,wereshown in Figures5.13,5.14and5.15. In

summary, theproposedmethodquantifiedameanestimateddisplacementof {Y|�}�� ¨@? }�� ¨ pixels

at thepeakdisplacement,indicatingthatdisplacementaccuracy at thispoint was ? }�� ¨ . In this

section,weusethesedisplacementsto evaluatestrain.

Figure6.2(a)shows a completeaxial region of thephantom,alongsideits correspondingelas-

togramin Figure6.2(b),at thepeakdisplacement.Thephantomelasticpropertiesmeantde-

formationwasimmediatelybeneaththetransducerduringcontact.Theelastogramquantifiesa
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localisedcompressive strainconcentrationin this region of ê � ¤ � ¦BÊ at thepoint of load,with

thedeformationoccuringin aminimalarea.Theremainingphantomdisplacementwasequiv-

alentto themovementof thetransducer, andcorrectlyshown aszerostrainin theelastogram.

(a)Region. (b) Strain.

Figure6.2: Elastogramfor anROI of A+B æEÚ�B pixelsusingtrajectoriesin a å�B æqÜ�B region,for
¬ ­

to
¬ ­ ±

.

6.3.2 In vitro Groundtruth TendonResults

Additionally, we analysedthe in vitro tendonsequencesto evaluatethe feasibility of quanti-

fying lateraltendonstrain.We presentaxial andlateralstrainresultsfor a ¤ } -framesequence

of tendondeformation,undergoinga tensilestrainof ¤ � ¨BÊ , with comparisonto a groundruth.

Theaccuracy of the trajectoriesusedwereshown previously in Figure5.18,showing that the

proposedmethodquantifiedameanerrorof � ¥ pixelsat thepeakof therecordedgroundtruth.

Spatiotemporalelastogramsarepresentedin Figure6.3showing axial, lateralandstrainmag-

nituderesults,from usingthefull trajectoryfieldsgeneratedin Figure5.17.Eachquantifiesthe

appliedtensilestrainbetween�5� to �5�/Ö , up to thepeakdisplacement.Thesizeandlocationof

the tracked region of tendonresultin spatiallyuniform strains.Axial strainsin Figure6.3(a)

show a peaktensilestrainof ê � }�� ¤BÊ at �5�/Ö with strainsin generalremaininginsignificant.

Lateralstrainsin Figure6.3(b) show a peaktensilestrain in red of êDC ¤ � ¨BÊ at � �/Ö , show-

ing reasonablespatialuniformity, correlatingwell with theappliedstrainshown in Figure6.4.

Both lateralandstrainmagnitudeelastogramscorrectlyshow strainincrementingin time. The

strainmagnitude(normalisedstraintensorcombiningaxial, lateralandshearcomponents)in
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Figure6.3(c),shows thatthenegligible axial strainhadlittle effecton theoverall strain.

(a)Axial strain. (b) Lateralstrain. (c) Strainmagnitude.

Figure6.3: Spatiotemporalelastograms(axial, lateralandstrainmagnitude)for
¬!­

to
¬!­ ³

.

Figure6.4illustratestheactualstrainandestimatedmeanlateralandaxialstrainfor thetracked

regionof tendon.Thisdemonstratesa lateralstrainerror {X}�� ¦~¨BÊ at thepeak.
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Figure6.4: Tendonin vitro estimatedaxialandlateralstrainsusingthemeantrajectory.

6.3.3 In vivo MusculoskeletalResults

In Figures6.6,6.10and6.14we show sampleframesfrom our in vivo databasefor a patella,

achillesand digital flexor tendonsrespectively (describedin Section3.4). Eachsub-figure

correspondsto frames �5��������xM��× , ��©��5�/¢M�5�/���5�yx , �5�/×��5�/©����4¢M���4� and ���[xM���4×M���4©�� Ø ¢ from the top

row to bottomrow. Themaximumdisplacementandstrainpotentiallyexistsat thelimit of the

kinematicmovement.All resultsusetheproposedapproachwith a resolutionof
Ì Ë&Í whereÌ ��Í � £ andusemultipleblockscalesÏ ËuÐ , whereÏ , Ð � Ñ §�¥3�+¤~¦-� | §-�+£5Ó .
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6.3.4 In vivo Patella TendonResults

Figure6.5: Patella.

Sampleframesshowing a patellatendon(Figure6.5)appearin Fig-

ure6.6. Theseshow approximatetendonflexion motionin �5� to �5�/×
(traversingfrom right to left), andextensionmotiononward(travers-

ing from left to right). EachB-scanshows theskin andsoft tissue

regionat thetop, thepatellatendonin themiddle(delineatedby the

paratenonappearingasa hyperechoicanteriorandposteriorbound-

ary),andonly noiselowerdown. As aresultof scanningthetendon-

boneinterface,appearingasa prominentsignal(centre-left),a hypoechoicregion exists from

a lack of signal(anattenuationartefact from thehighly attenuatingbone),andsomespecular

reflectionwithin thetendon.Also, thetendonis striatedfrom theparallelfibrebundles.

Figure6.6: Samplein vivoB-scansof a longitudinalsectionof thepatellatendon,for frames
¬!­4¬�°�¬ ² ¬M´

,¬�¶�¬!­y¸�¬!­/°�¬!­ ²
,
¬!­y´�¬!­/¶�¬�°ü¸�¬�°É°

and
¬�° ² ¬�°É´�¬�°É¶�¬ ± ¸

from thetop row to bottomrow. E
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Figure6.7 shows our trajectoryfield results. In general,all trajectoriesdemonstrateda com-

mon high temporalcorrelationthroughoutthe sequence.Another observation was that the

trajectorieswithin the tendonhadrelatively linear lateraldisplacements,andnegligible axial

displacements.Yet, the trajectoriesin the noisy region beneaththe tendon,insteadof being

completelydiscontinuousandrandom,appearedto mimic someof the lateraltendonmotion.

Thiswasapparentfor all tendonsthattraverselaterallyandnot encapsulatedby a sheath.Ad-

ditionally, at the tendon-boneinterfacethatprovidesa landmark,trajectoriesformeda dense

coherentcluster. Someerroneoustrajectoriesalsoexist, at the trajectoryfield edgesdueto

motionat theimageborders.

Figure 6.7: Sample trajectory fields from our final proposedapproach, for frames
¬!­4¬�°�¬ ² ¬M´

,¬�¶�¬!­y¸�¬!­/°�¬!­ ²
,
¬!­y´�¬!­/¶�¬�°ü¸�¬�°É°
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¬�° ² ¬�°É´�¬�°É¶�¬ ± ¸

from thetop row to bottomrow. E
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Trajectoryfields were usedto producethe correspondingstrain mapsshown in Figure 6.8.

Resultsprovide a temporalhistoryof 2D strainmagnitude,generatinga history for thecom-

pletesequence.As expected,the straingraduallyincreasedto a peakstrainoccurringat the

maximumflexion movementat �5�/× of ê �é|�� ¦BÊ (colourcodedasdark red). Theseresultsdo

not show a uniform region of straincorrespondingto thetendon,however, theinternaltendon

strainwaslow, rangingfrom ê �>}�� ¨BÊ (in green)to ê � | Ê (in orange)at the tendon-bone

interface.Interestingly, in ��©#F8���4� realstrainsaremeasuredin areverberationartefact(lower-

left), shown asrepeateddiminishingpeaksof thestrainthatoccurredwithin thetendon,which

is exploredlaterin Section7.2. In vivostrainmapsaredifficult to evaluatebeyondasubjective

expertopinion,however, in Section6.3.7wereportimagereconstructionerrors.
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Figure6.8: Sample2D elastogramsfrom normalisingasecondorderstraintensor, for frames
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6.3.5 In vivo Achilles TendonResults

Figure6.9: Achilles.

Sampleframesof an achillestendon(Figure6.9) appearin Figure

6.10. Theseshow approximatetendonflexion motion in �5� to �5�/×
(traversingfrom right to left), andextensionmotiononward(travers-

ing from left to right). EachB-scanshows thesametieredstructure

thatwasobservedfor thepatellatendonsequence.However, differ-

encesincludeanobservablehypoechoicregion (centre-right),mus-

cleandsoft tissuesub-structurebeneaththetendon,andtheabsence

of abonelandmark.Also, subtleattenuationartefactsappeardistalto thetendon,appearingas

slightly darker streakingverticalshadows. It is clearin ���4× thatmotionblur (smoothedinten-

sities)hascorruptedtheB-scanfrom inconsistentinterframevelocity, whichweexpectto later

effect trajectoryresults,andcauseincorrectimagereconstructionerrors.

Figure 6.10: Samplein vivo B-scansof a longitudinal sectionof the achilles tendon, for frames¬ ­ ¬ ° ¬�²�¬ ´
,
¬ ¶ ¬ ­�¸ ¬ ­y° ¬ ­ ²

,
¬ ­/´ ¬ ­y¶ ¬ °/¸ ¬ °É°

and
¬ ° ²�¬ °ü´ ¬ °ü¶ ¬�± ¸

from thetoprow to bottomrow. E
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Figure6.11shows our trajectoryfield results.All trajectoryfieldsshown in thetop row have

lessactivity dueto theplottedtrajectoryhistorybeing çé¨ frames.Therefore,thefirst trajectory

field for eachsequenceonly shows interframedisplacements.All resultsshowed spatialand

temporalregionsof strongcorrelation,exceptfor a region of discontinuoustrajectoriesat the

middleandbaseof thetendon.This wasconsistentin severalof thetrajectoryfields. Also, it

wasobserved thatWVMF using ¤ iterations,producedsmoothcontinuousdisplacements,yet

maintainedthis region of discontinuity. Therefore,the trajectoriesin this region musthave a

highconfidenceweighting,hencea highcorrelationor low CD� error.

Figure 6.11: Sample trajectory fields from our final proposedapproach,for frames
¬!­4¬�°�¬ ² ¬M´

,¬�¶�¬!­y¸�¬!­/°�¬!­ ²
,
¬!­y´�¬!­/¶�¬�°ü¸�¬�°É°

and
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from thetop row to bottomrow. E

105



Thestrainmapsin Figure6.12show smallglobalstrainsof êqç }�� ¨BÊ (in blue) in � � F � © , as

thetendonmovedfrom a fully extendedposition. As expected,themaximumstrainoccurred

at the limit of flexion motion in �5�/× and �5�/© , wherethe tendonunderwenta strainof ê �>| Ê
(in green),andthesurroundingsub-structureproducedamaximumstrainof ê � |�� £BÊ (in red).

In general,strainswerehorizontallyuniform,with strainsin thetendonregion lower thanthe

surroundingsoft tissuesub-structureat êGC }�� ¨BÊ and ê C |�� | Ê respectively. Thestrainmaps

appearmorehomogenousthanthosein Figure6.8,dueto theachillestendonandsub-structure

consistingof a moreglobalmotion. Furthermore,the local region of discontinuityobserved

in the previous trajectoryfields did not generateany significantstrains,but highlightedthe

importanceof usingdisplacementsandstrainto detectandmeasuremusculoskeletaltramua.
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Figure6.12:Sample2Delastogramsfromnormalisingasecondorderstraintensor, for frames
¬!­4¬�°�¬ ² ¬M´
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6.3.6 In vivo Digital Flexor TendonResults

Figure6.13:Digital flexor

tendonsheathandbone.

Figure6.13,adaptedfrom [34], illustratesthe sheath(in blue),en-

capsulatingthe superficialdigital flexor tendon,and the bone(in

brown). Thefingerjoint capturedis theP2to P3,which is thefinger

tip. Sampleframesfrom a digital flexor tendonsequenceappearin

Figure6.14. Theseshow only approximatetendonflexion motion

for �5� to � Ø ¢ . In the B-scansthe tendonsheathandbonesappear

hyperechoic,delineatingthetendonboundaryandbonestructurere-

spectively, with theregionbeneathcapturingonly negligible signal.

Figure6.14: Samplein vivo B-scansof a longitudinalsectionof the digital flexor tendon,for frames¬ ­ ¬ ° ¬�²�¬ ´
,
¬ ¶ ¬ ­�¸ ¬ ­y° ¬ ­ ²

,
¬ ­/´ ¬ ­y¶ ¬ °/¸ ¬ °É°

and
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from thetoprow to bottomrow. E
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The trajectoryfields in Figure6.15show the finger tip orientatedto the right, which moves

downward from extensionto flexion. Therefore,maximummotion occursat the start and

endof thecurvilineartendon(locatedeithersideof the joint), with leastmotiondistal to the

tendonjoint (centre).Resultsshow homogeneousregionsof trajectoriesthat areconstrained

to theanatomy. Thiswasalsoobservedin Chapter4, distinguishingtendonswith or without a

sheath.An interestingobservationwasthelack of signalasthetendonmovedaway from the

transducer, becomingincreasinglylessperpendicularto thebeam.Trajectoriesin this region

weresmooth,consistingof the sameglobal motion. Somereverberationartefactsunderthe

fingertip (centre-right),produceddisplacementsoccurringasasmallclusterin �5�/� to ���[x .

Figure 6.15: Sample trajectory fields from our final proposedapproach,for frames
¬ ­ ¬ ° ¬�²�¬ ´

,¬ ¶ ¬ ­y¸ ¬ ­/° ¬ ­ ²
,
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Figure6.16shows the correspondingtemporalstrainmapsproviding a strainhistory for the

digital flexor tendon.Thehypoechoicregionof tendon(centre-right),asexpectedshowedzero

strains(in darkblue). Althoughstrainsin generalwerelow, therewasa substantiallocalised

strainconcentrationof ê �7|�� ¨BÊ on the left of the joint (centre-left). Interestingly, a subtle

straindevlopedover thefinger joint, of approximatelyê �e}��_� Ê (centre)at �5�/� onward from

increasingflexion motion. Due to the occurrenceof a reverberationartefact (centre-right),a

small region of strain( ê �é| Ê ) occurred,which did not correspondto theanatomy. This can

arisewhenscanningcurvilinear tendons(for examplethe rotatorcuff), dueto usingtendon

dynamicbehaviour to determinestrain.Finally, a region of stationarytrajectoriesdistal to the

fingerjoint (centre),producedazerostrainregion in thestrainmaps.
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Figure6.16:Sample2Delastogramsfromnormalisingasecondorderstraintensor, for frames
¬!­4¬�°�¬ ² ¬M´

,¬�¶�¬!­y¸�¬!­/°�¬!­ ²
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6.3.7 In vivo MusculoskeletalAccuracy

The imagereconstructionerrorsfor theprevious in vivo resultsaresummarisedin Table6.1.

For thepatella,achillesanddigital flexor tendonsequences,weshow thepre-FDandpost-DFD

errors,followedby thepre-correlation(pre-CORR)andthepost-correlation(post-CORR)mea-

sures,aspercentages.Theseshow promisingresults,indicatedby £ � Ê of DFD errorsbeing

substantiallylessthantheFDerrors,andcorrespondingincreasedinterframeglobalcorrelation.

Thebestcasesarethosethatquantifya largedifferencebetweenDFD andFD error. Somese-

lectedcasesarehighlightedwith ana. Themajority of theseresultsaregood,for example,in

thepatellatendonsequenceat � �yx theFD was ¦ }~}��_� ¦ comparedto a DFD of | ¨ |��_� £ , andpre

andpostcorrelationsof �B�5�_� §BÊ and � £ � ¥Q¨BÊ respectively. Unfortunately, therearesomecases

thatshow botha higherDFD thanFD error, andlower interframeglobalcorrelations.All of

thesecasesaredenotedwith a b. As observed in Section6.3.5, ���4× in an achillestendonse-

quencewascorruptedwith motionblurring. Therefore,weanticipatedthepoorresultobtained,

wheretheFD of ¦~¨ }��_� ¨ waslower thantheDFD of ¦ � ¨ � §~£ , with a preandpostcorrelationof� £ � §~¨BÊ and � £ � ¥ � Ê respectively. Anotherexampleof this is apparentat ��� Ø of thesamese-

quence,wheretheFD of £~¦ � § | waslower thantheDFD of | ¨ �-��}3| , with ahigherprethanpost

correlationof �~�-� ¨ � Ê and �~�-� | ¨BÊ respectively. Uponinvestigation,thelattercasesweredue

in part to significantglobal framepair changesresultingfrom motionblurring, andnot from

inaccuratedisplacementsthatcanbeseenin Figure6.11.Visualinspectionrevealedregionsof

blurredspecklecausedby thetargetanatomyhaving inconsistentinterframevelocity.

6.3.8 ElastogramMulticompr essionAveraging

It hasbeenobserved by Vargheseet al. [104] that multicompressionaveragingof the elas-

togramsproducedfrom RFelastographyimprovedtheSNRby reducingvariationsin thestrain

estimatescausedby displacementnoise. The SNR of the strain maps,producedfrom our

speckletrackingapproach,canalsobeimprovedusingimagebasedmulticompressionaverag-

ing. Again, thesourceof noiseoccurringin thestrainmapsis from erroneousdisplacements,

but asaresultof analysinglateralandcomplex motions,typically appearingasdiscontinuities.

Theaveragingtechnique,reducesthestandarddeviation of theaveragedelastogramby H Ð ,

whereÐ is thenumberof strainmapsfor compression,improving theSNRby afactorof H Ð .
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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 98.31 188.12137.97 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 99.15b 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 99.67b

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 98.58a 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 98.42b 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 98.47b 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 97.74a

200.92151.98 97.96 98.45a 226.01245.85 98.94 98.85b 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 97.97b 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 99.12b

150.67139.31 98.48 98.58 242.10292.52 98.83 98.58b 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 98.11 171.27140.23 98.01 98.37b

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 99.00b

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 98.49b 68.88 76.01 99.19 99.10b

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 99.11b

Table6.1: Error measuresfor in vivo dataof thepatella,achillesanddigital flexor tendons,whereeach

row reportsinterframeanalysis.

All thegoodresults,wheretheDFD is lower thantheFD.
aSamplebestresults,wheretheDFD is muchhigherthantheFD.
bAll theworstresults,wheretheDFD is lower thantheFD.
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It is importantto only averagestrainmapsfrom equivalentmotions,for example,eitherasmall

numberof framesor asinglekinematicflexion or extensionmotion.

6.4 Strain Estimation fr om SignalDecorrelation

So far in this chapter, we have describedthe processof usingdisplacementsproducedfrom

our proposedtechniqueto determinestraininformation. However, analternative approachto

estimatingstrain, is to exploit the relationshipthat exists betweenthe correlationcoefficient

andtheappliedstrain,asappliedby BamberandBush[7] andVargheseandOphir [102], using

the syntheticdatadescribedin Chapter3. This relationshipassumesthat asstrain increases

the correlationcoefficient decreases.This is a sensibleassumptiongiven that in the most

generalsituation,straindoesnothave acyclic nature,asanobjectcanonly bedeformedonce.

In ultrasoundelasticity imaging, strain induceddecorrelationis a major sourceof error in

estimating2D displacementsusingcorrelationtechniques.We have shown that this errorcan

besignificantlydecreasedby usingmultiple block sizes,andby alternatingspecklesimilarity

measures,to ensureregionsthat would producea poorcorrelationmatcharetracked usinga

measuretakinginto accountthestatisticsof speckle.Therefore,usingthedecorrelation-strain

relationshiphastheadvantageof notsuffering from displacementinaccuracies.

In this section,we measurethesignaldecorrelationto estimatestrainto provide a comparison

to our previous in vivo strain tensorresultsand the work in [102]. We determinethe peak

correlationcoefficient IKJ ö � usingtheNCCto definethedecorrelationëê asanestimateof strain

magnitude,givenas: ëêLC |���}r{ I J ö � (6.9)

Further, we appliedmulticompressionaveragingto smootheachdecorrelationresult,defined

in Section6.3.8,notpreviouslyusedfor thestraintensorresults.Also,wespecificallyanalysed

framesunderthesamemechanicalmotion,for exampleflexion motion.Fromtheresultsin the

next section,we show thatstrainestimationfrom signaldecorrelationis not a goodmethodto

measurein vivostrain,but doesprovideanindicatorof confidencein displacementaccuracy.
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6.4.1 SignalDecorrelation Results

The signaldecorrelationresultspresentedin Figure6.17,areexamplesbasedon the in vivo

patella,achillesanddigital flexor tendonsequences,originally labelledearlierin Chapter3.

We present¤ setsof decorrelationresults.First, Figure6.17(a)shows thedecorrelationresult

for a periodof patellatendonflexion motion. This revealeda singularhigh decorrelationcon-

centrationof ëê �F}�� § (in orange-yellow), locatedin the reverberationartefact inducedby the

patellabone.Theremainingtendonsectionconsistedof auniformlow decorrelationof ëê�ç }�� |
(in blue),with increasingdecorrelationin theregionbeneaththetendon(in light blue).Second,

thedecorrelationresultin Figure6.17(b)wasproducedfor a periodof achillestendonflexion

motion. Within the tendonandin surroundingsubstructure,decorrelationwasrelatively low

anduniform at ëêÎç }�� | (in blue). Due to the tendontraversingout of the imageplane,some

decorrelationwasvisible at theborder( ëê C }���� ), which is not prominentin thestrainmapsin

Figure6.12. Thefinal experimentuseda periodof flexion motionof thedigital flexor tendon

sequence.The decorrelationresultproducedis shown in Figure6.17(c). Areasof zerosig-

nal areshown with a decorrelationvalueof ëê ��| (in red). A strongdecorrelationpeakwas

presentjust beneaththe finger joint, which doescorrespondto a zerostrainregion in Figure

6.16.Again,theinternaltendondecorrelationwaslow ëê ç }�� | .

(a)Patelladecorrelation. (b) Achillesdecorrelation. (c) Digital flexor decorrelation.
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Figure6.17:Decorrelationresultsfor thepatella,achillesanddigital flexor tendons.

In summary, by comparingthe strain mapspresentedin Figures6.8, 6.12 and 6.16 to the

decorrelationfields in Figures6.17(a),6.17(b)and6.17(c),no two regionscorrespond.The

decorrelationfieldsproved insensitive to estimatingstrain,showing no fluctuationsor signifi-

cantvalues,indicatedby large regionsof ëê]ç }�� | (in blue). Although,decorrelationprovides

ameasureof scattererchange,from tissuedeformationin axial, lateralandelevationaxes,and
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is invariantto tensile,compressive or shearstrains,thedecorrelationalsoindicatestrajectory

confidence.As a confidencemeasure,all resultsshowed a low decorrelation(high correla-

tion) from usingtheNCC,confirmingourconfidencethatourproposedapproachin Chapter5

yieldedaccuratedisplacementestimateswithin thetendonregion.

6.5 Conclusion

Theobjective of this chapterwasto generateaxial, lateralandshearstraininformationusing

in vitro andin vivosequences.A problemfor all strainmeasurementtechniquesis quantifying

strainaccuracy, specificallyfor in vivo data,aswe only have a prior knowledgeof what to

expect. For example,the accuracy of the in vitro RF elastogramin Figure2.3 producedby

KonofagouandOphir, wasdeterminedby simplerin vitro phantomexperiments,andnot from

the datait wasbasedon. Although it is popularto measureRF elastogramaccuracy by the

SNR,this only measuresthenoisein thestrain. However, our 2D speckletrackingtechnique

benefitsfrom quantifyingthe imagereconstructionerror anddecorrelationmeasures.These

provide a betteralternative to theSNR,asbothindicatedisplacementandstrainaccuracy and

confidencerespectively, basedon the in vivo data. For in vitro data,strainaccuracy is deter-

minedby comparisonsto the groundtruth1D strain,andagaindisplacementerror measures.

Hence,wehave demonstratedaccuratestrainresultsderivedandvalidatedusingtheimproved

displacementsandtrajectories,from our proposedspeckletrackingestimationtechniquere-

portedin Chapter5. Further, wegeneratedhighprecisionaxialandlateralspatialandtemporal

displacements,andalsopresenteda uniquestrainhistory for ultrasoundsequences.Results

showedmeasurableaxialcompressive strainsup to ê � ¤ � ¦BÊ usingthetissuemimickingphan-

tom, lateraltensilestrainsup to ê � ¤ � ¨BÊ usingthe in vitro tendondata,anda generallylowê ç ¦BÊ strainmagnitudefor all our in vivosequences,whichwerecapturedunderzeroload.

An advantageof usingB-scanimageanalysiscomparedto RF elastography, is that the esti-

mateddisplacementsarenot dependenton the employed transducer. A further advantage,is

thecapabilityof quantifyingbothaxial andlateralcomponentsof a secondorderstraintensor,

ratherthanonly theaxial componentsasin RF elastography(exceptionshave beendescribed

earlierin Chapter2). Consequently, our techniqueautomaticallyenablestheability to extract

Poisson’s ratio (ratio of lateralandaxial strain)andYoung’s modulus(ratio of stressto strain
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on theloadingplanealongthe loadingdirection). Currently, thereis little informationof this

type for soft tissuesandtendons.Althoughtheelevation componentis alsorequiredto fully

characterisestrainandindeedmotion,in orderto achieve thiswewouldrequire3D imagevol-

umes.However, anotheradvantageof usingtrajectories,is themeansto updatefor 3D volume

movementin the2D plane,which is acurrentissuewith RFelastography.

Weobservedfrom ourdecorrelationstudythatthedecorrelationcoefficientwasunableto esti-

matethetruevalueof thestrainaccurately, confirmedin [102], andthatthedecorrelation-strain

relationshipwasnotvalid for ourmusculoskeletalin vivodata.Overa largernumberof in vivo

sequences,the decorrelationcoefficientsasa measureof strainproducedpoor repeatability.

Lastly, thedecorrelationcoefficientsdemonstratedthathigh correlationsè }��_� weretypically

observed in regionsof tendon.Hence,thecorrelationprovidesa goodindicatorof theconfi-

dencein theaccuracy of earlierdisplacements.
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Chapter 7

Conclusionsand Futur eWork

The motivation for this thesiswas to develop a 2D speckletracking techniqueto quantify

displacementsanddeformationusingultrasoundvideo sequences.Our aim wasto estimate

2D displacementsfor determiningaxialandlateralstraininformation,focusingin particularon

musculoskeletaldatacapturedwith a lineararraytransducerusinga frequency of £ {�| § MHz.

EachB-scanconsistedof two distinct texturesfrom regionsof tendonandsoft tissue,which

laterjustifiedtheuseof in vitro tendonandtissuemimickingphantomexperiments,to provide

a largerangeof groundtruthdatacapturedunderknown conditions.

Methodsthat measuremeaningfuldisplacementdescriptorsusing ultrasound,make the as-

sumptionthatspecklemotionreplicatessmall tissuedeformation.Typically, for small defor-

mationsof çé¨BÊ thisassumptionisvalid. Forsituationswherespecklemotionisdifferentfrom

thetissuemotion,displacementsbecomelessmeaningful.This is theprincipalassumptionfor

RF elastographyandB-scanspeckletracking,forming the foundationto obtainingprecision

displacementsandstrainestimates.Themainstreamapproachto 2D speckletrackingconsists

of analysingselectedB-scanframepairs,in orderto producea singleinterframedisplacement

field. For mostcases,this requiresa manualandrepetitive processof selectingandanalysing

specificframepairs,to producedisplacementsthatareexpertly evaluated,but proneto inter-

andintra-observer expertvariabilities.

Thesuccessof any imagebasedtechniqueis first dependentonthequalityandinterpretationof

thefreehandframescaptured,andsecondthesuitabilityof theapplieddisplacementestimation
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technique.With modernultrasoundmachinesproducingB-scansof increasingquality, a com-

parativeanalysiswasundertakenin Chapter4, to assessthefeasibilityof speckletrackingtech-

niquesin musculoskeletalB-scans.Theoutcomeconfirmedthatblock matchingframeworks,

whicharea logicalextensionof RFanalysis,producedthemostcomprehensive displacements

for our in vitro groundtruthandin vivodata.In addition,theuseof multiplescaleblocksproved

to have a dramaticincreasein displacementaccuracy. Notably, differentialbasedalgorithms

provedsensitive to speckle,with inaccuratenumericaldifferentiationresultingin directerrors

in thedisplacementfields. Also, a significantsourceof displacementerrorwasapparentfrom

theapertureproblem,remainingasubstantialchallengefor all techniques.

Ratherthanapplyingimagepre-processingandthenperformingdisplacementestimation,we

preferredto measuredisplacementsand apply displacementpost-processing,a similar ap-

proachemployed later by Boukerroui et al. [13]. This wasdueto imagepre-processingre-

moving or suppressingusefulspeckleandimportantinformation,alteringthedisplayedsignal

to be tracked. Also, many ultrasoundmachinesperform internal pre-processingon the RF

andB-modesignals,prior to displayingandframecapturing.Dueto theemployedultrasound

hardware,prior internalpre-processingwasconsistentlycontrolledandrestricted.Insteadof

B-scanpre-processing,a more importantstageis to correctfor displayedimagingartefacts

presentin theB-scans.For example,correctingfor non-uniformattenuationartefacts,which

hasreceivedmuchattentionat theRF signallevel [39]. This is mainly anissuefor lower fre-

quency ultrasoundusedfor abdominalwork, but is alsoanissuefor curvilineartendons,such

asthe rotatorcuff anddigital flexors. Thenecessityto detectartefactsin orderto correctfor

them,is laterdiscussedasfuturework.

A notabledrawbackof block matchingapproacheswasattemptingto estimatedisplacements

in featurelessregionsof uniformspeckle.In thesecasesdisplacementaccuracy wasinfluenced

by scaleandtheselectionof a matchingcriterion. To addresstheproblem,a novel alternating

similarity measureapproachwasdeveloped,ensuringtheappropriatemeasurewasused,based

on the speckleSNR for the region. The first measureusedthe normalisedcrosscorrelation

for regionsof strongsignal(refinedto minimiseapertureproblemsinducedfrom thetendon),

andthe secondmeasureCD� wasappliedfor regionsof speckledeterminedby the speckle

SNR.Therealimprovementin displacementaccuracy wasobviousfrom analysingframesthat

containedsub-regionsof differing signal(from tendonandtissue).Furtheradvancesincluded
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extendinginterframedisplacementsto trajectoryfields,whilst integratingdrift correction,to

representthetemporaltrackingof specklefeaturessequentiallythroughasequence.

Accuracy was evaluatedusing syntheticspeckledata, in vitro tendonpull dataand tissue

mimicking phantomdata. Using syntheticspeckledata,the bestdisplacementaccuracy was

achievedusingthealternatingmatchingmeasuresapproach,comparedto similarblockmatch-

ing methodsthatusedeithertheNCC,CD� or MSEmeasuresonly. For example,thecombined

measuresapproachproducedaDFD of �5� ¥Q£ , comparedto CD� of �-� ¤~¤ , NCCof £ � |�} andMSE

of |�}�� | § usingimagesof varyingdensityspeckle.For the in vitro tendonpull data,FD errors

rangedbetween¦ ��}�� ¦~£ to ¦ � ¤ � £ � (lowestandhighest),comparedto the final proposedtech-

niquethat achieved DFD errorsof ¤~¦ � ¦ � to ¤~§ ��� ¥ . This wasa substantialimprovementthan

previous methods,for exampleFSBM produceda DFD of £ }�� | ¦ to £~§ � §~£ , VSBM a DFD of¨ |�� | ¦ to ¨ �-� ¦ � , Camus[14] a DFD of ¦ | ¥ ��� § to ¦~¦~¤ � ¤ } andProesmanset al. [80] a DFD

of |�} § � §~¤ to | ¦ |��_��} . For the tissuemimicking phantomdata,the maximumFD��� � errors

were |�}~}~} and ��}~} , with theproposedtechniqueDFD��� � errorsof ¦ }~} for each.Finally, our

proposedmethodfor in vivo dataproducedsubstantiallylower DFD thanFD errors,and in

mostcasesmoreaccuratedisplacementsthansimilar existing methods.Determiningin vivo

displacementaccuracy is challenging,dueto the restrictionsof not having a knowledgeof a

groundtruth.Thereforeweusedthe in vitro dataextensively for analysisandproofof concept.

Both motion and capturerateshad a direct effect on the measuredmagnitudeof deforma-

tion andstrain.With higherframeratesinterframecoherenceimproved,increasinginterframe

displacementprecisionandreducingstrainmagnitude.Therangeof accuratelymeasuredin-

terframedisplacementswasapproximately| to ¤ } pixels,dependingon thesizeof thelargest

template.In casesof high deformation,displacementaccuracy reducedastheassumptionof

pixel constancy failed. Temporalreferencetemplateupdatingwasusedto successfullyelimi-

natetrajectorydrift error, whichwasfoundto beinducedby alow framerate.Trajectoryfields

provedinvariantto a rangeof captureratesandsubjectmovements,whilst alsodemonstrating

that specificregionscould be tracked throughcompletesequences,eliminatingthe notionof

mereframematchingandimproving displacementfield temporalcoherence.

Improvementsin displacementestimatesarestill possibleasindicatedby non-zeroimagere-

constructionerrors. To further improve displacementaccuracy, this work could be extended
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to tracking3D volumes,wherea volumeof interest(a sphere)is usedto measureall axesof

motion, insteadof a region of interest(a block) that measuresjust axial and lateralmotion.

An advantageof trajectorieswasdemonstratedby updatingfor temporalchangesin the im-

ageplanefrom axial, lateralandelevationmovement,updatingthe trajectoryfieldswith new

objectsenteringandexiting from the3D scannedvolume. This providedanenhancedunder-

standingof thedisplayedB-scanscapturedduringtheactivity of thetargetvolume.

Currently, thereis a lack of real-timedisplacementandstrainestimationsystemsto provide

clinicianswith a practicaldiagnostictool. To provide an indicationof processingtime, a dis-

placementfield of §�¥XË §�¥ for a framepair of ¨ | ¦uË ¨ | ¦ , usingblock scalesÏ ËYÐ , whereÏ ,Ð � Ñ §�¥3�+¤~¦-� | §-�+£5Ó took §~¨ secs,anda ¤ } -framesequence|M� ¨ } secs. Using the same

settings,but for a specificROI, a displacementfield of |�} Ë |�} took ¦ ��} secs,anda ¤ } -frame

sequence§ } secs,bothgeneratingall inputsandoutputsandusinga C implementationon an

Intel Pentium¥ at ¦ GHz. Althoughnotcomparableto theframecapturerateof £ � § Hz, this is

certainlyfasterthanRFelastography, andhasthepotentialto beanoffline clinical tool operat-

ing directly on anultrasoundmachine.As expected,theNCC usingtheFFT wasmuchfaster

thanspatialdomainconvolution usedby the CD� measure.The final proposedapproachdid

notusesub-pixel accuracy, althoughwork in AppendixB showedthatin somecasessub-pixel

accuracy could improve displacementprecision. This could be achieved by super-sampling

candidateandreferencetemplatesfor bothsimilarity measures.

Furthermore,wehavepresentedapracticalform of elastography, thatbenefitsfrom estimating

displacementsdirectly in 2D usinga knowledgeof pixel contextual information,ratherthan

the1D followedby 1D approachusedin RFelastography[46]. Also, B-scananalysisdoesnot

needspecifichardwareto processRF signals,which is requiredby RF elastography. Unfor-

tunately, 2D speckletrackingtechniquesareall inherentlyproneto informationlossfrom the

demodulationprocessrequiredto createB-scans,anderrorsdueto bothimageaxesconstructed

usingdifferentmethods.Finally, aproblemfor all elastographytechniquesis compensatingfor

displacementsfrom cardiovascularor respiratorymotion,but this is not an issuefor our mus-

culoskeletaldata.Our researchhasshown practicalandrealisticresultsarepossible,andthat

theapproachis usablein a clinical environment.To date,anexecutablehasbeenoperational

in aBiomechanicslab1 for soft tissueanalysis.

1Instituteof Biomechanics,Universityof Nottingham,Nottingham,N972RD,UK
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A novel outcomefrom thegenerationof our trajectories,is auniquetemporalaxialandlateral

strainhistory. This knowledgeof temporalstrain,providesa measureof thestrainsoccurring

for a target subjectduring physiologicalactivity. Hence,the locationof any strainconcen-

tration is measuredat theprecisetime it occurs.Many biological tissuesundergo a rangeof

deformationsin physiologicalactivity. For small deformationsç ¤BÊ , thesmall deformation

linearstraintensorwasdefinedandapplied,which assumesthatthechangein volumeis neg-

ligible. However, for larger deformationsthe non-linearstraintensorwasdefined. We have

measuredstrainsup to ¨BÊ with goodprecisionbasedon the accuracy of the displacements,

which is anacceptablerangefor mostsoft tissuesandtendons.

We alsocomparedthestrainresultsto thedecorrelationcoefficientsproducedfrom theNCC

that provide an independentestimateof strain,which is lesssensitive to displacementaccu-

racy. Thedecorrelationcoefficients,evenwith multicompressionaveraging,demonstratedpoor

strainestimatescomparedto thegoodperformanceof thestraintensor, whichwasderivedfrom

theestimateddisplacements.However, thecorrelationsshowedconsistentlyhighvaluesin re-

gions of tendon,confirmingour confidencein displacementaccuracy from using the SNR,

which instigatesthe usageof the NCC in this region. Finally, we notethat applyingan in-

appropriatesinglesimilarity measure,asa resultof the local SNR beinga poor indicatorof

specklecontent,producesa displacementof lessaccuracy, but is equivalentto a displacement

producedfrom astandardblockmatchingmethod.

A lackof quantitative methodsto assessin vivostrainaccuracy hasmeantthatRFelastograms

aremainly assessedvisually, basedon botha prior knowledgeof theexpectedstraindistribu-

tion andperformanceon in vitro experiments.We measuredthedisplacementaccuracy using

thevelocity angularerrorandimagereconstructionerror, for purposebuilt tissuemimicking

phantomsand in vitro tendonpull tests,to determinestrainprecision. Strainresultsshowed

that thetissuemimicking phantomproducedaninterestinglocal crushzoneon impact,rather

thana uniform compression,andthat in vitro tendonpull testsproducedvalid strainsfor all

sequences.Wecomplementedour in vitro resultswith thewell definedandcontrolledsynthetic

data,insteadof usingagraphitephantom.Thisensuredthaterrorsfrom thescanningandcap-

turingprocesseswerenotanissue.Sincewehaveshown thatwecanquantifyinternalmotions

anddeformationswithin intactstructures,it is possibleto make directcomparisonsto model

predictionsfrom finite elementmodels,RFelastographyandexperimentalresults.
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7.1 Contributions

Thecontributionsof thiswork werehighlightedin Chapter1 andarenow summarisedhere.

A variablesizedblockmatchingmethodwasproposed,whichwascomparedto severalrelevant

existing interfamemotionestimationtechniques.Superiorperformancewasdemonstratedby

low imagereconstructionandvelocityangularerrors,usingspecificin vitro groundtruthdata.

Further, the methodextendedtraditional interframedisplacementsto trajectoryfields, previ-

ouslynot usedin ultrasoundanalysis,generatingaccuratetemporaldisplacementsof speckle

motion by incorporatinga strategy to correctfor trajectorydrift error, whilst also applying

trajectoryupdatingto characterisethe motion within the target 3D volume. We established

that trajectoriescanrepresentthe motion of a specificregion througha completeultrasound

sequence,aswell aseliminatethecurrenttrendof manualframepairpre-selection.

Also, a novel alternatingsimilarity measureapproachto block matchingmotion estimation

wasproposed. Stimulatedby the notion that ultrasoundimagescontainregions of varying

signal,for examplesignalfrom structurewith minimalspeckle(tendon),andregionsof signal

comprisingof mainly speckle(soft tissue),we demonstratedthat alternatingtwo similarity

measuresis moreeffective thanusinga singlemeasurefor ultrasoundmotionestimation.

Utilising a knowledgeof trajectories,we presenteda uniquestrainhistory that measuresthe

temporalaxial and lateralstrainof a subjectundergoing deformation. An importantbenefit

of strainhistory is the ability to locatestrainconcentrationsat the precisetime they occur, a

significantadvancementcomparedto previousframepairanalysisandRFelastography.

7.2 FutureWork

By quantifyingstrain, tissuedifferentiationcan be achieved betweensoft and hard tissues,

sincethey reactdifferentlyto externalpressure.Thetwo basicresponsesto anappliedpressure

aredisplacementanddeformation,for which wehave proposeda techniqueto measurein this

thesis.Soft tissuetendsto deform(undergoing nonuniformdisplacement),while hardtissue

displacesuniformly (translatingwith rigid body motion), in responseto the sameexternal

forces.With our strainhistory, futurework will developa functionalsegmentationframework
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for signalandartefactdetection,aiming to segmentstrainto classifyartefactsandtissues,by

exploiting therelative amountof displacementdeformationfor thesameappliedpressure.

Ultrasoundimagesfrequentlycontainconsiderableartefacts, yet have minimal noise. The

imagesare composedof strongsignals,either from tissuesor artefacts. Experiencedusers

canidentify theseartefacts,but for the inexperiencedusersartefactsaredifficult to evaluate.

We proposethat strainanda knowledgeof the target physicalcharacteristics,canproducea

functionalsegmentationthathassignificantadvantagesoverexistingsegmentationtechniques.

We have demonstratedthat ultrasoundsequencescan be analysedto give precisefull field

movement,andmechanicalstraininformation.Thisinformationcanbeusedto identify regions

that arenot moving in a mannerexpectedfrom soft tissues.For example,a strainmapfor a

soft tissuewouldeitherbeuniform,slowly changingor discontinuous,whereadjacentareasof

tissuehavedifferentmechanicalproperties.Regionsof theimagethatareartefact,for example,

densespeckleat low frequencieswould demonstratehighly disorganisedstrainmaps. Other

artefactslike reverberations,signalsaturationandattenuationshadowing, would demonstrate

differing strainregions. Hence,we proposestrainmapscanbesegmentedaccordingto their

degreeof organisation,into regions that correspondto soft tissueor artefact. Suchregions

canthenbe classifiedbasedon straindistributions. A benefitis the ability to identify weak

boundaries,correspondingto objectswith verysimilaror visually identicalspeckletextures.

The degreeof organisationin strainmapscanbe formulatedasa texture analysisproblem,

definedby thespatialarrangementof straintensorcomponents.Two possibleapproachesare

applyingthe angularsecondmoment(or energy homogeneitymeasure)of theco-occurrence

matrix, or usingthe local straintensorcomponentsasan externalenergy force for an active

contourmodel,to forcethecurve to evolve at thestrainobjectboundary. Previoussegmenta-

tion approachesusingB-scanintensitybasedtextureanalysisincludetheco-occurrencematrix

[67][100], specklestatistics[78], Gaborfunctions[15], active contourmodels[3], 3D active

contourmodels[16] andregion-growing [77]. We areunawareof any publishedwork that

exploits theconceptof usingstraininformationfor a functionalsegmentation.

Futurework is requiredto assessthe conceptof usingstrain information in a segmentation

scheme,notingthatperformanceis dependentondisplacementaccuracy. Finally, thiswork has

shown thatcomputervisionelastography, cansuitablymeasuremotionandstrainin ultrasound.
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Appendix A

Explanation of the CD M measure

The CD� measuredeterminesthe displacementvector � betweentwo blocks in regions of

densespeckle.Wedenotetheintensitiesfor thereferencetemplateN in � ß as OP� �RQ ô �M� ����� ��ô%SUT
and the intensitiesfor the candidatetemplateN ð in ��ß»à � as V � �WQ õ � � ����� �+õ S T where � is an

individualblockand X a pixel. Making theassumptionthateachblock O � and V � arecorrupted

with multiplicative specklenoise,thentheobservedpixel X in block � becomes:ô)�YS �[Z ��ó��YS and õ��YS �[Z �Mó��YS (A.1)

whereó��YS is theoriginal signal,which is corruptedby independentmultiplicative noiseZ � andZ � . NoisetermsZ � and Z � areeachcharacterisedby Rayleighprobabilitydensityfunctions:\ � Z ��  �^] Z �¦�_U`ba-c {�] Z � �¥ed where Z �uè } (A.2)

\ � Z �!  �^] Z �¦ _U`ba c {�] Z ��¥ed where Z �&è } (A.3)

Given A.2 andA.3, by isolatingthe original noiselesssignal ó , the relationshipbetweenthe

observednoisypixelsin bothblocksthenbecomes:ôf�YS �gZ õ��YS where Z � Z �Z � (A.4)

wherethe single noiseterm Z is producedby the division of the two Rayleighdistributed

randomvariables,which for multiplicative noisehasthepdf givenin [71], definedas:\ � Z   � ¦ Z� Z � � |   � where Z è } (A.5)
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Finally, theconditionalprobabilitydensityfunctionfor this noisedistribution is given in [20]

as: \ �hOi�
j Vk�É�l�m�y  �on-pqS î �sr ¦3�)ô)�YS í õ��YSÞ  ����)ô)�YS í õ��YSÞ  � �[t   �vu (A.6)

wherethenominatortermis squaredto ensurethepeakcorrespondsto identicalpixel values,

asshown in FigureA.1. Maximisingtheabove,determinesthelikelihoodof locating Vw� in � ß»à �
giventheoriginal O�� in � ß anda displacement�i� . Motion estimationbasedon this equationis

known astheCD� measure,namedby CohenandDinstein[20].

FigureA.1 showsplotsof theRayleighdistribution in (A.2) for Z � and Z � (asablackline), the

probability densityfunction in (A.5) (asa blue starreddottedline), andthe final probability

densityfunctionin (A.6) (asa redcrosseddashedline).
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FigureA.1: Plotsof a Rayleighdistribution, thefinal probabilitydistribution,andthedistribution of a

randomvariablethatis adivisionof two independentRayleighdistributedrandomvariables.
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Using (A.6), casesof pixel matchingin blocks O and V aredemonstratedin TableA.1. For

example,if pixel ô)�YS � õ��xS the probability is y � ¨ , therefore,pixels that area corresponding

matchproduceamaximumlikelihoodvalue(closerto thepeak).z%{x| }�{x| z+{Y|	~�}�{x| � Æ�� È
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 correspondingprobabilitiesof similarity usingthefinal probabil-

ity distributionshown asa redcrosseddashedline in FigureA.1.

In summary, theCD� measuregivestheratioof differencebetweentwo blocks,wheretheonly

differenceis specklenoise,assumingthat blockswould otherwisebe identicalbut shiftedin

time. A blockmatchingframework cancomputethis for 2D blocks,wherethemaximumlike-

lihoodof all pixels in a block indicatesthebestdisplacement��� for Oi� and Vk� . TheCD� mea-

sureachievesthe bestdisplacementestimatesfor regionsthat closelyconformto a Rayleigh

distribution, however, strongsignalsfrom structuredsubjects(suchastendons)and internal

hardwareprocessingcanalter thesignalstatistics,which is detrimentalto theaccuracy of the

CD� measure.This is problemis tackledwith ouralternatingsimilarity strategy.

125



Appendix B

List of Publications

Applied review of ultrasound imagefeature extraction methods

J. Revell, M. MirmehdiandD. McNally.

Wepresentananalyticalreview of specificmethodsof featureextractionin ultrasoundimages

andimplementsomeof thesemethodsto evaluatetheir usefor our own application,which is

the identificationof the pulmaruslongustendon. We concludewith the Houghtransform,a

methodthatwewill useasthebasisof futurework for ourapplication.

In: 6thMedicalImageUnderstandingandAnalysisConference, A HoustonandRZwiggelaar,

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

J. Revell, M. MirmehdiandD. McNally.

We proposea 2D variablesizedblock matchingalgorithmwith hierarchicalexhaustive search

to examinetissuedeformationsin dynamicmusculoskeletal ultrasonograhy. Novel aspects

includeimprovedmatchingby updatingreferenceandcandidateblocksat eachscaleandthe

applicationarea.Performanceis quantifiedon controlledin vitro gold standard(groundtruth)

sequencesandclinical in vivo data. We extendtheprocessby refiningdisplacementsto sub-

pixel accuracy. The proposedtechniqueis validated,by application,to yield quantitatively

reliableresults.

In: 1stInternationalConferenceonVisual InformationEngineering, pages230-233.IEE, July

2003.

Motion trajectories for ultrasound displacementquantification

J. Revell, M. MirmehdiandD. McNally.

We presenta robustmethodologyto quantifydisplacementsin musculoskeletalultrasoundse-

quences.This paperextendsthe principlesof 2D interframedisplacementsproducedby our

earlierwork usinghierarchicalvariableblock sizematching,to quantifydisplacementtrajec-

tories. We provide novel solutionsfor probemotion,quantificationof objectsmoving in the

3D volumetraversingthe 2D plane,andimproving the temporalcoherenceof displacements

for typical capturedsequences,directfrom modernultrasoundmachines.

In: 7th MedicalImage UnderstandingandAnalysis,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 quantifydisplacementsandstrainin musculoskeletalultrasoundse-

quencesis presented.We extendthe principlesof 2D interframedisplacementsproducedby

ourearlierwork usinghierarchicalvariableblocksizematching,to quantifydisplacementtra-

jectories. We provide novel solutionsfor probemotion, quantificationof objectsmoving in

the 3D volumetraversingthe 2D plane,and improving the temporalcoherenceof displace-

mentsfor longerimagesequencesthantheframepairstraditionallyappliedin ultrasound.We

alsopresenttrajectorystrainthatyieldsanovel strainhistoryfor musculoskeletaltendontissue

samples.

In: 14thBritish MachineVisionConference, pages359-368.BMVA Press,September2003.

CombinedUltrasound SpecklePattern Similarity Measures

J. Revell, M. MirmehdiandD. McNally.

We presentan enhancedblock matchingapproachto improve displacementaccuracy in ul-

trasoundsequencesusinga combinationof matchingmeasures.The first measureusesthe

normalisedcrosscorrelationfor regionsof strongsignalandthesecondmeasureCD� , specif-

ically for regionsof speckledeterminedby the specklesignal to noiseratio. We alsoshow

displacementfield resultsfor simulatedspeckleandin vitro data.

In: 8th MedicalImage UnderstandingandAnalysis,pages149-153.BMVA Press,September

2004.
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Musculoskeletal motion flow fields using hierarchical variable-sizedblock matching in

ultrasonographic videosequences

J. Revell, M. MirmehdiandD. McNally.

We examinetissuedeformationsusingnon-invasive dynamicmusculoskeletalultrasonograhy,

andquantifyits performanceon controlledin vitro gold standard(groundtruth)sequencesfol-

lowedby clinical in vivo data. The proposedapproachemploys a two-dimensionalvariable-

sizedblock matchingalgorithmwith a hierarchicalfull search.We extendthis processby re-

fining displacementsto sub-pixel accuracy. We show by applicationthatthis techniqueyields

quantitatively reliableresults.

In: Journalof Biomechanics,volume37(4): 511-522,April 2004.

Computer Vision Elastography: Speckleadaptivemotion estimationfor elastography us-

ing ultrasound sequences

J. Revell, M. MirmehdiandD. McNally.

We presentthedevelopmentandvalidationof an imagebasedspeckletrackingmethodology,

for determiningtemporal2D axial andlateraldisplacementandstrainfields from ultrasound

video streams.We refinea multiple scaleregion matchingapproachincorporatingnovel so-

lutions to known speckletrackingproblems.Key contributions includeautomaticsimilarity

measureselectionto adaptto varyingspeckledensity, quantifyingtrajectoryfieldsandspatio-

temporalelastograms.Resultsarevalidatedusingtissuemimickingphantomsandin vitro data,

beforeapplyingthemto in vivo musculoskeletalultrasoundsequences.Themethodpresented

hasthe potentialto improve clinical knowledgeof tendonpathologyfrom carpeltunnelsyn-

drome,inflammationfrom implants,sportinjuries,andmany others.

Acceptedin IEEETransactionsin MedicalImaging, 2004.
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