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Abstract

Analyzing the motion of the humantonguesurfaceprovidesvaluableinformationabout

speechand swallowing. One methodto analysethis motion is to acquiretwo-dimensional

ultrasoundimagesandextractthetonguesurfacecontoursfrom them.Quantitative andstatis-

tical analysisof theseextractedcontoursis madedif�cult becauseof theabsenceof physical

�eshpoint markerson them. In this research,this problemis overcomeby pre-processingthe

contoursusingKriging. Pre-processingincludesextrapolatingandresamplingthe contours

on a regularspatialgrid. Thepreprocessedcontourscanthenbevisualisedasspatiotemporal

surfaces.A dedicateduserinterfacecalledSURFACESis designedto aid in the generation,

visualisationandquantitativecomparisonsof thesespatiotemporalsurfaces.

Keywords: Tongue, Ultrasound,Spatiotemporal surface, Extrapolation, Kriging, Visualization,

SURFACES
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1 INTRODUCTION

Motion of thesurfaceof thehumantongueis of interestbecausethetongueis critical in speaking,

swallowing, and breathing. Being a deformableand volume-preservingobject, the tonguecan

producea variety of surfaceshapesthroughcomplex activation of its muscles[1;2]. Imaging

techniquesareoftenusedto depicttheshapesof thetongueandthevocaltract. Thesetechniques

includeboth �eshpoint measurements(X-ray microbeamandelectromagneticmidsagittalarticu-

lator),andimagingtechniques(ultrasound[3], X-ray [4], andmagneticresonanceimaging(MRI)

[4]). Comparedto the imaging techniques,the �eshpoint measurementsinterferewith natural

speechandalsointroducethemethodologicalproblemof extrapolatingthetonguesurfacebetween

andbeyondthe�eshpoints[5]. Theimagingtechniquesprovideamorecompleterepresentationof

thetonguesurface,thoughthey have their limitations. Amongtheimagingmodalities,ultrasound

is very attractive for producinganimagesequenceof tonguemotionbecauseof real-timecapture

rates(30 framesper second),convenienceof experimentation,and cost. Ultrasoundhasbeen

extensively usedto analysespeechproduction[4;6] andto understandtheactof swallowing [7;8].

In thispaper, wehaveusedasequenceof two-dimensionalultrasoundimagesto understandthe

motionof thehumantongueduringspeechandswallowing. Thesequenceof imagesis acquiredat

videoframeratesandrepresentsthemid-sagittal(lengthwise)sectionof the tongue(�gure 1(a)).

To accountfor the intra-subjectvariability in speechand swallowing, the imagesequencesare

acquiredfor multiple repetitionsof thesameutteranceor thesamekind of swallow from a single

subject.In orderto increasethedataanalysisspeed,automaticextractionandtrackingof tongue

surfacecontourshave beenimplemented[9] (�gure 1(b)). Eachset of theseextractedtongue

contoursconstitutesaveryhighdimensionaldataset– adensesetof pointsonthetongue(typically

around100samplepointsonthetongue)movingovertimewith datacollectedatarateof 30frames

persecond(�gure 1(c)).

Insert�gur e1 abouthere

While suchhigh dimensionaldatacanbevisualisedin a spatiotemporalfashion(seewaterfall

display in �gure 1(d)), quantitative comparisonslike averagingandcomparison,are impossible
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becauseof theabsenceof physical �eshpoint markers. Theabsenceof physicalmarkersimplies

that thereis no simplepoint-to-pointcorrespondencebetweencontours,which is necessaryfor

averagingandcomparingtwo contours.Therefore,it is necessarythatthecontoursbesampledon

anidenticalspatialgrid andthatthey beof thesamelength.If thecontoursareof equallengthand

if they aresampledon identicalgrids, thena spatialcorrespondencecanbe establishedbetween

two spatialpointsontwo contoursthatsharethesamex coordinate.But thefollowing threefactors

leadto theapparentlengthdifferencesandirregularsamplingof contours.

1. Datalossat tonguetip andtongueroot – Thetonguetip andtongueroot aredif�cult to im-

ageusingultrasound.The tonguetip is obscuredby theair beneathit andthe tongueroot

is obscuredby theshadow of thehyoid bone. This might leadto a changein theapparent

lengthof theextractedcontours.

2. Changein tonguecontourlength– Thetonguecontoursmaybedifferentlengthsfor differ-

entrepetitionsof thesamespeech-sounddueto speaker imprecision.Moreover, thetongue

length can changeeven during one utterancedue to the volume-preservingnatureof the

tongue. For example,vertical expansionor compressionmustbe balancedby an anterior-

posteriorexpansionor compression,respectively, whichchangesthetonguelength.

3. Contoursamplingeffects– An increasein thegradientof aportionof theextractedcontour,

increasesthedensityof samplingin thatportion. This behaviour of thecontourextraction

algorithmresultsin differencesboth in the spatialsamplinglocationsand local sampling

density.

To addressthesedif�culties, our strategy is to pre-processthe contoursby equalisingtheir

lengths,andthenresamplethemon the samegrid. Pre-processingmethods,suchasregistering,

smoothing,extrapolating,andinterpolatingdata,arenecessarystepsin many statisticalapplica-

tions [10]. A variety of pre-processingmethodshave beensuggestedby Studet al in Ref. [5]

andStoneet al in Ref. [11], for theapplicationof principalcomponentanalysis(PCA) on coronal

tonguecontourdata. Methodsto equalisethe lengthsof the contoursinclude combinationsof

the following threeapproaches:1) truncationof the longercontoursbeyonda de�ned region; 2)

extrapolationof shortercontoursto the size of longer onesthroughlinear or spline extension;
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and3) paddingshortercurveswith constantvalues.The truncationapproach,althoughgoodfor

certainkinds of contours,discardsinterestingand valid datafrom the longer curves. Slud et.

al [5] discardedthe attemptto extrapolateusingsplines,becauseof unacceptableswingsin the

extrapolatedcontours;insteadthey usedthe `padding' approach,wherethe shortercurves are

paddedwith endpointaverages.They argue that, even thoughpaddingwill introducearti�cial

discontinuities,it did not affect thePCA methods.But, thesearti�cial discontinuitiesarevisually

unappealingand can be a problemin other statisticalanalyses. In this researchour approach

is to extrapolatethe shortercontoursusing Kriging which producessmoothcontourswithout

discontinuitiesandoscillations.

Theproblemof spatialdatainterpolationandextrapolationis commonto many scienti�c areas,

for example, imageprocessing,economicforecastingand geostatistics.Variousmethodshave

beenusedfor interpolation[12–15] e.g. inversedistanceweighting,Kriging, polynomialsplines,

Hardy's multi-quadraticmethod,andtension�nite differencemethod. Someof theseinterpola-

tion algorithmshave beenuseddirectly for extrapolation,but the resultsdiffer in their accuracy.

Amongthesemethods,the inversedistanceweightingmethodis consideredto berobust in terms

of estimationerror. This robustnessis due to the weightedaveragingof datavalues,resulting

in estimatesnot too far from the actualdata. This method,however, introducesabruptchanges

in contours,which make thecontournon-differentiable,unsmoothandvisually unappealing(see

�gure 2(a)). This makesthecontoursdif�cult to beusedfor furtheranalysis.On theotherhand,

polynomialsplines,especiallythehigherordersplines,sometimesleadto undesirableoscillations

in the extrapolatedvaluesdependingon the gradientsof the valuesnearthe endof the contours

(see�gure 2(a))[16;17].

Insert�gur e2 abouthere

To illustratetheproblem,�gure 2 shows a typical extractedtonguesurfacecontour. Thedata

correspondingto theextractedcontouris representedin the form of a stemplot descendingfrom

thetop of theplot. Notethatthesamplingdensityis higherin locationswheretheslopeis larger,

suchasat thebackof the tongue(on the left). This occursbecausethecontouritself is sampled
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uniformly alongits length. Thus,asthe slopeof the contourincreases,the densityof sampling

with respectto thex-axisalsoincreases.Figure2(a)showstwo extrapolatedmethodsfor thesame

dataset:oneusinginversesquaredistanceweighting(aspecialcaseof inversedistanceweighting

wheretheweightingexponentis two) andtheotherusingcubicsplines.In bothcasesthequality

of interpolationwithin thetonguesurfaceis good.Theproblemstartsto appearin theextrapolated

part. In the caseof inversesquaredistanceweighting, the valueof the extrapolatedvaluesare

constrainedto staywithin thevaluesof thedata.Hencethereis anabruptchangein shape,which

is uncharacteristicof a tongueshape.In thecaseof cubicsplines,clearly thereis a non-intuitive

andextreme�uctuation in theextrapolation.

In order to avoid the above problems,we useKriging [18] to extrapolatethe tongueshape.

Kriging is a statisticalestimationtechniquethat usesthe statisticsof the sampledfunction to

estimatea continuousfunctionthat interpolatesbetweenthesampledpointsandalsoextrapolates

beyond the endpointsof the contours.The outputof Kriging is a smooth,visually appealing�t

of thedata,makingKriging suitablefor pre-processingthecontours.Both theoscillationandthe

abruptnessareabsentin �gure 2(b), wherethe extrapolationis doneusingKriging. The key to

Kriging's improvedperformancein extrapolationis its spatialasymptoticproperties.Also, given

the sampledatapointsandtheir statistics,Kriging estimatesa continuousfunction that best�ts

thedatapoints.Therefore,theresultingcontinuousfunctioncanberesampledatany givenspatial

grid. After eachcontourhasbeenextrapolatedandresampled,thecontourscanbevisualisedas

a spatiotemporalsurfaceandcanbeanalysedusinga dedicatedsoftwaretool calledSURFACES,

whichwealsopresentin thispaper.

2 METHODS

2.1 Data acquisition

Weacquireasequenceof ultrasoundimagesof themid-sagittalsectionof thetongue(�gure 1(a)).

The sequenceof ultrasoundimagesis acquiredasthe subjecteitherspeaksa given utteranceor

swallows a particularbolus.Oneof theimagesin anultrasoundsequenceis shown in �gure 1(b),
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with theextractedcontouroverlayedaswhite dots. Theultrasoundscanrateis setto 30 images

persecond.Eachsubjectis askedto repeattheutterancemultiple times(usually7 times,with the

�rst andlastomittedfrom furtherprocessing)in orderto accountfor the intra-subjectvariability

in speechproduction.Theaudiodatais alsorecorded,but it is notdirectlyusefulin thecontext of

this paper. Thesequenceof imagesis acquiredboth in analogandin digital format. The images

aretheninput into thecontourextractionprogram,which is describedin thenext section.

2.2 Automatic contour extraction and tracking

Each image in the sequenceis processedusing the algorithm proposedby Li et al [9]. The

algorithmusesadiscreteform of deformablecontoursandimposesspeech,tongue,andultrasound

imagingconstraints.The initial contourof the tongueshapeis user-de�ned; it is thenusedas

the initialisation for the deformablemodel. Using the initial contourandthe modelconstraints,

the algorithmtracksthe tonguesurfaceover the seriesof images. The algorithmalso imposes

regularisingconstraintson thedeformablecontours,sothattheresultingcontouris smooth.Each

contouris representedasa setof y values,which representstheheightof the tongue(calculated

from thetopof theimage)measuredatsamplinglocationsdeterminedby thex values(�gure 1(c)).

A dedicatedsoftwaretool incorporatingthealgorithmis usedto extractandtrackthecontoursfrom

theultrasoundimagesequences(seeLi et al in this volumefor moredetails).Thesecontoursare

theinput for thepre-processingusingKriging.

2.3 Intr oduction to Kriging

Kriging (pronouncedwith a long i-vowel) is namedafter the SouthAfrican mining engineerD.

Krige who developedit for estimatingmineraldepositsfrom scatteredoresamples[12;19]. Since

thenit hasbeenusedto interpolatespatiallydependentdatain awidevarietyof disciplines.Kriging

is amodi�ed linearregressiontechniquethatestimatesavalueatapointby assumingthatthevalue

is spatiallyrelatedto the known valuesin the neighborhoodof the point. Kriging computesthe

valuefor theunknown datapoint usinga weightedlinearsumof known datavalues.Theweights
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arechosento minimisethe estimationerror variancewhile keepingthe averageestimationerror

zero. Hence,Kriging is calledthe bestlinear unbiasedestimatorbecauseit theoreticallytries to

minimisethevarianceof estimationerror, while beinganunbiasedestimationprocedure[19].

Direct minimisationof error varianceis not possiblebecausethe true valuesare unknown.

Hence,Kriging usesarandomfunctionmodel,wherethedatapointsareassumedto berealisations

of randomvariablesandthepointtobeestimatedisalsoarandomvariable.Theserandomvariables

areassumedto have speci�c covariancestructure;selectionof which is crucial in theestimation

procedure.Sogiventhemodel,theerrorvariancecanbemodelledandthenminimisedunderthe

unbiasednessconstraintto gettheKriging solution.

2.4 Derivation of Kriging solution

Givenobservationsat spatialpointsx 1; x2; :::; xp, we wantto estimatethevalueof thefunctionat

any spatialpoint x. Kriging estimatesa continuousfunctions(x), so that theaverageestimation

error is zeroandthe error varianceis minimum. SinceKriging estimatesa continuousfunction,

wecangetthevalueof thefunctionatany point x.

In ourcase,theobservationsarethe`yi ' valuesthatmeasuretheheightof tonguecontoursfrom

thetopof theultrasoundimageat samplingpoints`x i '. Sincethex i 's areone-dimensional,we let

x = x, a one-dimensionalvariable. Kriging modelstheestimatedfunctions(x) asconsistingof

two components

s(x) = u(x) + f T (x)d : (1)

The�rst termu(x) is azero-meanrandomfunctionwith known covariancefunctionk(xa; xb) [20].

Thecovariancefunctionmodelsthespatialcorrelationin thedata.Thesecondtermf T (x)d is the

meanof the functions(x). The termf (x) is r £ 1 vectorof known `drift functions' andd is the

r £ 1 vectorof unknown `drift coef�cients'. Themeanof the functions(x) is deterministic,but

unknown. Usually the drift functionsaretaken to be monomialsof degreelessthanor equalto

a chosenvalueq. In our 1-D case,r = q + 1. Given theshapeof the tonguecontours,we have
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selectedq = 1, which leadsto lineardrift functions(r = 2),

f (x) = [1 x]T :

Intuitively, Kriging canbeseenasestimatingtwo componentsof thecontours(x). Themean,

f T (x)d, capturesthe global shapeof the contour, while the zero-meanrandomfunction, u(x),

capturesthe variationof the contouraroundits mean.The meanis a linearcombinationof drift

functions. In this researchwe uselinear drift functionswhich meansthat the global shapeof

thecontoursis capturedwith a linear functionwith a givenslopeandan intercept.Thevariation

aroundthemeanis capturedby thezeromeanrandomfunctionu(x). Thebehaviour of thesetwo

componentsis critical in determininghow theextrapolatedcurve will look. A brief discussionon

theextrapolationpropertiesis discussedaftertheKriging solutionhasbeendeveloped.

Giventhis statisticalmodelfor thedata,Kriging producestheBestLinearUnbiasedEstimate

(BLUE), whichconsistsof a linearcombinationof theobservations.

ŝ(x) = aT y ;

wherey is a vectorof the observations(`y values)at x1; x2; :::; xp anda(x) is a p £ 1 vectorof

coef�cients, which we want to estimate.The constraintof unbiasednessof the estimateleadsto

theconstrainton thecoef�cients,

F a(x) = f (x) ;

where

F = [f (x1) : : : f (xp)] ; (2)

which is anr £ p matrix. TheKriging estimateis thenobtainedby �nding ŝ(x) which minimises

theestimationerrorvariance

E[(s(x) ¡ ŝ(x))2]

subjectto theunbiasednessconstraint.Theconstrainedminimisationproblemcanbesolvedusing

the methodof Lagrangemultipliers and the solutiondependsonly on f (x), F , datacovariance
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matrix

K =

2

6
6
6
4

k(x1; x1) : : : k(x1; xp)
...

...
...

k(xp; x1) : : : k(xp; xp)

3

7
7
7
5

; (3)

andthecovariancevector

k(x) = [k(x; x1) : : : k(x; xp)]T : (4)

Thesolutionis

ŝ(x) = kT w + f T (x)d̂ ; (5)

where

w = K ¡ 1[I ¡ F T (F K ¡ 1F T )¡ 1F K ¡ 1]y ;

d̂ = (F K ¡ 1F T )F K ¡ 1y :

For moredetailson the derivation of Kriging, pleaseseereference21. Detailsof the algorithm

implementedin thispaperaregivenin AppendixA.

Thus, the solutionof Kriging is a continuousfunction ŝ(x), which canbe resampledon an

arbitraryspatialgrid, thusovercomingthe irregular samplingproblem. Notably, the spatialgrid

canincludeextrapolatedpointsthatarebeyondtheoriginal rangeof x i 's over which thedatawas

collected.This compensatesfor apparentlengthchangesof tonguecontoursbecauseof dataloss

andspeaker imprecision.

The selectionof the covariancestructureof the datais importantin Kriging estimation. In

our algorithm,we usethegeneralisedcovariancefunction,k(xa; xb) = kxa ¡ xbk2lnkxa ¡ xbk2.

Theuseof this covariancefunctionmakesour Kriging solutionthesameasthe thin-platespline

solution[22]. Thin-platesplineis aninterpolationmethodthatestimatesasmoothcurvethatpasses

throughall givendatapointssothatthe�nal curve is minimally bent.Thenamè thin platespline'

refersto aphysicalanalogyinvolving thebendingof athin sheetof metal,whenthetongueheights

aresetasde�ectionsof themetalplatein thez-direction.In ourcase,wedealwith a1-D analogof
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this bentmetalsheet.It hasbeenshown thatthethin-platesplineis a specialform of Kriging [23]

andundercertainconditionsthey arethesame.

Thin platesplinesaresmoothandasymptoticallyparallelto themeanof theestimatedfunction.

In theextrapolatedregion,while thezeromeanrandomfunctiontendsto �atten out,themeanfunc-

tion continueson its trend,thusdominatingthebehaviour of thecurve. So,duringextrapolation

thecontourtypically follows theglobal trendof thecontour, which in our caseis linearbecause

of the useof linear drift terms. Sincethe thin-platesplinesolutionhasa smoothingterm built

in, theextrapolationwill besmooth.Unacceptablyhugedrifts canoccurwhile extrapolatingwith

thin-platesplines;but it happensonly at pointsthat aremuchfurther away from the data,when

comparedto thespreadin datalocations.In typicalcases,weextrapolatelessthan6 mmoneither

sideof thetongue,wheretheextrapolationperformsreasonablywell. A detailedvalidationof the

qualityof theextrapolationandtheestimationerrorsarepresentedlaterin thispaperin section4.

A typical ultrasounddatasetcontains13-40contoursdependingon the lengthof the speech

utteranceor swallow andthevideo framerateof theultrasoundscanner. Eachcontouris extrap-

olatedandresampledusingtheabove method.Thenthecontoursarestackedasa spatiotemporal

surface[see�gure 3(b)]. Similarprocessingcanbedoneondifferentrepetitionsof thesamespeech

utteranceor swallow, andresultingsurfacescanbe averagedto yield an averagespatiotemporal

surface.

Insert�gur e3 abouthere

2.5 SURFACESsoftware

Figure3(a)shows a snapshotof thegraphicaluserinterface(GUI) for SURFACES(availablefor

downloadatwww.speech.umaryland.edu/software).TheGUI andthealgorithmwereimplemented

in MATLAB Version6 (Mathworks,Natick MA, USA) andportedto a stand-aloneversion.The

GUI has� ve main panels.The functionsin the �rst andsecondpanelspre-processesindividual

contourfor furtheranalysis.Theprogramreadsin theinitial contoursequencesandallowstheuser

to selectmaximumandminimumvaluesof x, within which eachcontourwill becut or extended,
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smoothed(estimated)usingKriging and thenresampled.The `Krige andShow Surface' button

krigesall thecontoursresultingin a spatiotemporalsurface,asshown in �gure 3(b). This surface

lookssimilar to thewaterfall displayin �gure 1(d). Unlikethewaterfall display, thissurfacecanbe

directly usedfor furtherprocessing(e.g. averages,differencesetc),becauseall thecontourshave

anequalnumberof sampleson thesamegrid.

Thespatiotemporalsurfacesthatarederived from thekrigedcontourscanbeusedto qualita-

tively analysea speechutterance.For example,�gure 3(b) shows thespatiotemporalsurfacefor

the word `golly'. Noting that the front of the tongueis on the right, the nearestcontourshows

the`g', which is archedin themiddle[see1 in �gure 3(b)]. As time advances,thetongue�attens

andthetip risesfor the`l' [see2 in �gure 3(b)]. Finally thetonguearchesagain for `y' [see3 in

�gure 3(b)].

Panel3 of the softwareis for averagingdifferentrepetitionsof the sameutterancethat have

beenkrigedandresampledin Part1. Sincethesamplesareona regularspatialgrid, theaveraging

is donefor different y valuesat eachx coordinate. By averagingdifferent y valuesat eachx

coordinate,we areimplicitly makinga point-to-pointcorrespondenceof differenty valueswhich

sharethe samex coordinate. The result is an averagedspatiotemporalsurface,and a variance

surface. Panels4 and5 of the softwareareusedfor comparisonof two spatiotemporalsurfaces

likeoverlayingsurfacesandcalculatinglocalor globaldifferences.Thesespatiotemporalsurfaces

can be either individual repetitionsor averagesurfaces(see�gure 4(a) for an exampleof an

overlay of two suchsurfaces). The currentversionof SURFACES implementstwo algorithms

for calculatingthedifferencebetweenspatiotemporalsurfaces.Theseincludea simpledifference

of y at eachx anda nearest-neighboralgorithm[24] to �nd the shortestdistancebetweentwo

surfaces. Thesedistancesare further usedfor calculatingL2 differencenormsand root mean

squareddifferences.More detailsaboutthealgorithmsusedcanbe found in theusermanualfor

SURFACES(www.speech.umaryland.edu/software).
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3 Resultsand applications

Applicationsof the SURFACESsoftwareis demonstratedon two kinds of data: 1. speechdata

collectedto �nd theeffectof gravity on tongueand2. swallowing datacollectedto �nd theeffects

of anterioropenbiteonswallowing stability.

Insert�gur e4 abouthere

3.1 Application to speechdata

Thisapplicationdemonstratestheuseof comparativeanalysisbetweentwospatiotemporalsurfaces

correspondingto two differentspeechutterances.The goal of this studywasto understandthe

effectsof gravity on the tongueduring speech[25]. The subjectswereasked to repeatthe same

utterancesin asupineposition�rst andthenin anuprightposition.Tonguecontourswereextracted

from theultrasounddata,kriged,averagedandvisualisedusingSURFACES.Theoverlaidsurfaces

in �gure 4(a)showsatypical resultduringtheutteranceof theword`golly'. Weseethatthesupine

surface(�lled surface)is rotatedbackwardfrom theuprightsurface(whitemesh)duringtheentire

word. A secondaryeffect that canalsobe observed is that tonguetip is elevatedin the supine

positionduringthe`l' (seearrow). Thetwo surfacescanalsobevisualisedasa differenceimage

(�gure 4(b)) with the colors denotingthe amountof differencebetweeneachpixel of the two

surfaces.

3.2 Application to swallowing data

This applicationdemonstratesthe use of visualising the spatiotemporalsurfacesand drawing

qualitative physiologicalinferencesfrom it. This experimentstudiedtheeffectsof anterioropen

bite on swallowing stability [26]. Figure4(c) shows the spatiotemporalsurfaceof a 20 cc water

swallow. We observe thatthewateris initially containedanteriorly, with thetonguetip depressed

andthebackelevatedto protecttheairway. Subsequently, thetonguedeformsaroundthebolusas

it is propelledbackwards.Finally, thetongueelevatesfrom front to backto make contactwith the

palateafterthewater's passage.This spatiotemporalsurfacecanalsoberotatedto variousviews.
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Figure4(d)showsthespatiotemporalsurfaceof �gure 4(c)asa2-D imagewherethecolordenotes

the tongueheight. Theblack lines in �gures 4(c) and(d) separatetheregionsthatwhich contain

truedatafrom theregionsthatcontainextrapolateddata.

4 Validation of contour extension

Recallthat,giventhedatavaluesat speci�edspatialpoints,a Kriging solutionestimatesthevalue

at any spatialpoint. TheKriging estimateis the`best' in thesensethat it theoreticallyminimises

theerrorvariancewhile maintainingthemeanerrorzero.Henceit is possibleto getanestimateof

theminimumerrorvarianceevenbeforetheestimationis done.But this estimateof theminimum

errorvarianceis thepredictederrorvarianceof themodelandcannotbecompletelytrustedwithout

testingthe modelon real data[12]. The validationteston real datais morecrucial in the case

of extrapolation,sincethe rangeof errorsproducedin extrapolationtendsto be larger than in

interpolation.

4.1 Validation materials and methods

A total of 1612tonguecontourswereusedfor thevalidationtest. Thedatawascollectedfor the

upright-supinestudy[25] andwasin compliancewith anapprovedhumansubjectexperimentpro-

tocol. Thevalidationdatasetcontainedcontoursfrom4differentwords(golly, oslo,hesought,hetaught),

5 differentspeakersand2 differentpositions(uprightandsupine).

Portionsof the tonguecontourof length approximately1 mm, 3 mm, 5 mm and 10 mm

werearti�cially cut (see�gure 5). All the lengthsaredistancesalongthe surfaceof the tongue

contourandnot alongthespatialaxis (x-axis). Thecenterregion combinedwith the lighter gray

(lower) regions was the initial full contour. The arti�cial cuts were madefrom both the back

and the front of the tonguecontour(gray) regions in �gure 5). Thesecutssimulatedthe loss

of dataand the apparentchangein length as discussedin the introduction. Kriging was then

usedto restorethesecut portions (black regions in �gure 5) and the error was measuredas

estimatedcurveminusthetruecurve. This procedurewas donefor all the 1612 contours. The
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errorswerealsoaveragedseparatelyfor the front andthebackof the tongue.Standarddeviation

of theerrorswasalsocalculated.

Insert�gur e5 abouthere

Insert�gur e6 abouthere

Insert�gur e7 abouthere

4.2 Validation results

Figure6 showstheaverageerrors(ateachpoint) for thefour differentlengthcuts.Theblackcurve

showstheerrorat thebackof thetongue,whereasthegraycurveshowstheerrorat thefront of the

tongue.Thex-axisin thesegraphsrepresentsthedistancefrom theestimatedpoint to thecut, (i.e.

thelastdatapointson theedgeof thecontourrepresentedasblackcirclesin �gure 5). Error bars

representstandarddeviation. For a given lengthof extrapolation,the errormeasuresin Figure6

giveanestimateof theamountof con�dencethatcanbeplacedonthecalculatedvalues,depending

on whethertheextrapolationis donein thefront or in thebackof thetongue.For exampleif the

contouris extrapolatedto alengthof 5 mm(�gure 6(c)),thenatapoint4 mmawayfrom theactual

data,theexpectederroris around-3.2mmin thebackandaround-4 mmin thefront of thetongue.

Also, we notethat in all casestheerror is negative,which impliesKriging alwaysunderestimates

the values. This underestimationof the true curve is because,the extrapolatedcontourtries to

follow theglobalshapeof thetonguecontours,which in many cases,a line with a positive slope.

Therefore,in the front of the tongue,theextrapolatedcontourcurvesup, whereasin thebackof

thetonguetheextrapolatedcontourcurvesdown. In theactualdatathebackof thetongueslopes

downward,whereasthefront of thetonguestays�at, in mostcases(seefor example�gure 1(c)).

Hence,weseethaterrorat thefront of thetongueis slightly, but consistently, higherthantheback

of the tongue. This behaviour, however, dependsentirely on the global scopeof the particular

tonguesurfacethatis beinganalysed.

Figure7 representstheworstcaseanalysisof Kriging extrapolation.Maximumexpectederror

is plottedasa functionof thelengthof tonguecut for boththefront andtheback.Themaximum
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erroroccursat thepoint which is farthestaway from thedata.Themaximumerrorandtheerror

variancealsoincreasewith increasinglengthof dataloss.

4.3 Discussion

We notice that the errorsare large when the amountof extrapolationis large. It is natural to

expectthis trendbecausewearemoving away from whereactualdataexists.Theinversedistance

methodsmayprovidealowererrormeasurebecausethevaluesarealwaysconstrainedto bewithin

the datavalues. But this lower error measuredoesnot have a physical meaningand is only of

statisticalinterest. This is becausethe curve estimatedusinginversedistancemethodshaslarge

discontinuities,thusignoring the physical reality of the tongue. Moreover the contoursthat are

estimatedusing inversedistancemethodscan neitherbe usedfor averagingrepetitionsnor for

doingcomparativestudies.

It is also importantto notethat the errorsmentionedin this sectionareextrapolationerrors.

UsingKriging with thegeneralizedcovariancefunction for interpolationis extremelyrobustand

the estimateshave a very low valueof errors[12] (see�gure. 2(b)). So, the valuesestimatedin

theinteriorof thetonguehave low errors(seethecentraloverlappingregionof thegrayandblack

curvesin �gure 5).

EventhoughtheKriging solutionis usefulfor visualisation,averagingandcomparativeanaly-

sis,physiologicalinferencesderivedusingtheseextrapolatedregionsshouldbeusedwith caution

becausetheextrapolationerrors.Ontheotherhand,interpolationerroris verysmallandhencethe

quantitativemeasuresin thenon-extrapolatedregionsof thetonguecanbeusedwith highdegreeof

con�dence.With regardto theissueof knowing whichregionsof thecontoursareextrapolated,the

`SURFACES' softwarehastwo importantfeatures:1) Whenvisualisinga spatiotemporalsurface

a maskis generatedwhich tell theuserwhich datapointsarerealandwhich have beenarti�cially

kriged(�gure 4(c) and(d)); 2) whenaveragingdifferentrepetitions,ruleshave beenimplemented

sothatanaveragedvaluewill begeneratedonly at thosex pointswherea certainnumberof real

(non-extrapolated)y valuesareavailable.

Oneof thelimitationsof Kriging is thatits solution,likeall spline-basedinterpolationmethods,
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becomesunstableif thereare two points with the samex value, but different y values. This

situationcanoccurwhen the tonguesurfacecurls or when the tonguesurfacebecomesexactly

vertical. In thesecases,Kriging might fail to give reasonablecontours.Therefore,for suchcases,

the `SURFACES' software implementsa local contouradjustmentroutine. The tonguecontour

is locally tweaked by changingthe x-coordinateof oneof the two points. Differentamountsof

tweakingweretried on locally vertical contoursfrom datasetsof the upright-supinestudy. The

minimum of theselocal tweaksthat provided reasonableresultsfor all contourswas§ 0.3 mm.

Thereforea biasof § 0.3 mm waschosenas �nal amountof tweaking. This bias is within the

typicalultrasoundmeasurementerrorof § 0.5mm[27]. Theadjustedcontouris thensubsequently

krigedandvisualised.

5 Conclusion

We describeda methodof visualising,quantifyingandcomparingtonguesurfacefeaturesfrom

contoursequences.Kriging wasusedto extrapolatethetonguesurfacecontoursthatareextracted

from ultrasoundimagesequencesof thetongue.Theresultingkrigedcontoursarethenstackedand

visualisedasaspatiotemporalsurface.A dedicatedsoftwaretool,SURFACES,whichincorporates

the Kriging algorithmis presented.The tool is usedfor averagingandcomparative analysisof

differenttongueshapes.The calculationandvisualisationof spatiotemporalmid-sagittaltongue

surfaceshelpsin understandingtonguedeformationsduring speechandswallowing. It is hoped

that this methodologywill further help in quanti�cation and statisticalcomparisonof complex

tonguemotion.

Themainproblemthatwasovercomeby this researchis thelack of point-to-pointcorrespon-

dencebetweentheextractedtonguecontours.Thisproblemwassolvedby equalisingthelengthof

thecontoursandresamplingthemon anidenticalgrid, thusestablishinga correspondenceof two

pointswhich sharethesamex coordinate.Ongoingresearchin this �eld (Li et. al in this issue)

is to designalgorithmsfor estimatingtruepoint-to-pointcorrespondencesbasedon curvatureand

othershapepropertiesof the tongue.Thesecorrespondencescanalsobeusedfor registeringthe
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datain time andspace.In the future, thesealgorithmscanbe combinedwith Kriging to further

improve thequantitativemeasuresof tongueshapes.
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A Appendix – Kriging algorithm

Given a contourin termsof x i (spatialsamplinglocations)andyi (heightof the point from the

top of the image),the problemis to estimatethe valueof a continuousfunction s(¢) at arbitrary

spatialpositionx 2 R. Kriging algorithmis appliedon thecontourto estimatês(x). Thedetailed

algorithmis givenbelow.

Algorithm 1 1. Form thedatavector, y = [y1 : : : yp].

2. Selectthedrift functionf (x) andcalculateF asde�nedin Eq.(2).

Weusedthelinear drift function,f (x) = [1 x]T .

3. Selectthecovariancefunctionfor thedata,k(xa; xb) andcalculatethematrixK andvector

k(x) asde�nedin Eqs.(3) and(4) respectively. Weusedthegeneralisedcovariancefunction,

k(xa; xb) = kxa ¡ xbk2lnkxa ¡ xbk2.

4. Selectthenoisecovariancematrix § , a p £ p matrix that characterisesthestatisticsof the

noisein thedata.

In this work we assumedzero noisevariancein the contourdata. Thecontourextraction

algorithmincorporatessmoothingroutinesandhencetheoutputcontouris alreadysmooth

andnoisefree. But noisecanbeeasilyincorporatedinto thealgorithm,but assumingwhite

zero meannoisewith varianceequal to ¾ mm2. Hence, § = ¾I ,where I is the p £ p

identity matrix. Theuseof non-zero noisevariancemake Kriging a smootherrather than

interpolator[21].

5. Calculatethematrices

L = (K + §) ¡ 1

M = (F LF T )¡ 1F L

G = K L(I ¡ F T M )
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6. Calculatethecoef�cient vectors

d̂s = M y

ws = K ¡ 1Gy

7. Calculatethedesiredestimateusing

ŝ(x) = kT (x)ws + f T (x)d̂s:
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Figure1: (a) Midsagittal tongueschematicwith superimposedsurfacecontourspoints. (tip of

tongueon the right). (b) Midsagittal ultrasoundimagewith tracked surfacecontourpoints (c)

Sequenceof tonguecontoursin time overlaidon eachother. (d) Waterfall displayof contoursfor

theword `golly'.
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Figure2: Comparisonof Kriging with inversesquaredistanceweightingandcubic splines: (a)

Extrapolationusingcubicsplinesandinversesquaredistanceweighting;notetheswingin thecase

of cubic spline(cross)andthe unsmoothcontourproducedby inversesquaredistanceweighting

methods.(b) ExtrapolationusingKriging; notetheimprovedperformanceof Kriging at theback

of thetongue.
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(a) (b)

Figure3: (a)A snapshotof theSURFACESsoftwareand(b) aspatiotemporalsurfaceof theword

`golly'.
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(a) (b)

(c) (d)

Figure4: Applicationsof SURFACES:(a)Overlayof 2 spatiotemporaltonguesurfacesof theword

`golly'. Meshsurfacewasspoken in `upright' positionandthe �lled surfacein `supine'surface.

(b) Differencebetweenthe two spatiotemporalsurfacesin form of an image. (c) Spatiotemporal

surfaceof a 20ccswallow. Thewateris containedin front of tongue,thenpropelledbackwards,

followedby tonguesurfaceelevationafterthewater'spassage.(d) Visualizationof theswallow as

animagewith grayscaledenotingheight.Notein (c) and(d) theblacklinesseparatetheregions

thatcontainrealdatafrom theregionsthatcontainextrapolateddata.
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Figure5: Validationexperiment:Thecenterline alongwith the lower lines (gray)on eitherside

is the actualtonguecontour. The edgesarearti�cially cut in orderto seehow Kriging performs

in extrapolation.The lastdatapointson theedgeof thecontourarerepresentedasblackcircles.

Theextrapolatedlines(black)arethecontoursthatKriging estimated.Thedifferencebetweenthe

blackandgrayregionsis measuredaserror.
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(a) (b)
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Figure6: ValidationResults:Meanerrorsin estimationwhenthe lengthof tonguecontourcut is

(a) 1 mm (b) 3 mm (c) 5 mm and(d) 10 mm. The error barsrepresentstandarddeviation. The

x-axisdenotesdistancealongthesurfaceof thetongue,not thedistancealongthespatialaxis(x-

axis). Thegraycurvesdenotetheerrorsin thefront of thetongueandblackdenotestheerrorsin

thebackof thetongue.
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Figure7: MaximumErrors:Maximumexpectederrorsin estimationasa functionof thelengthof

tonguecut.
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