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Abstract

Analyzing the motion of the humantonguesurface provides valuableinformation about
speechand swallowing. One methodto analysethis motion is to acquiretwo-dimensional
ultrasoundmagesandextractthe tonguesurfacecontoursfrom them. Quantitatve andstatis-
tical analysisof theseextractedcontoursis madedif cult becausef the absencef physical

eshpoint markerson them. In this researchthis problemis overcomeby pre-processinghe

contoursusing Kriging. Pre-processingncludesextrapolatingand resamplingthe contours
on aregularspatialgrid. The preprocessedontourscanthenbe visualisedasspatiotemporal
surfaces. A dedicateduserinterfacecalled SURFACES s designedo aid in the generation,

visualisationandquantitatve comparison®f thesespatiotemporasurfaces.
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1 INTRODUCTION

Motion of the surfaceof the humantongueis of interestoecausehetongueis critical in speaking,
swallowing, and breathing. Being a deformableand volume-preservingbject, the tonguecan
producea variety of surface shapeshroughcomplex activation of its muscles[1;2]. Imaging
techniquesreoftenusedto depictthe shape®f thetongueandthe vocaltract. Thesetechniques
includeboth eshpoint measurementéX-ray microbeamandelectromagnetienidsagittalarticu-
lator), andimagingtechniquegultrasound3], X-ray [4], andmagneticesonancémaging(MRI)
[4]). Comparedio the imagingtechniquesthe eshpoint measurementsterferewith natural
speeclandalsointroducethemethodologicaproblemof extrapolatingthetonguesurfacebetween
andbeyondthe eshpoints[5]. Theimagingtechniquegprovide amorecompleterepresentationf
thetonguesurface,thoughthey have their limitations. Amongtheimagingmodalities,ultrasound
is very attractve for producinganimagesequencef tonguemotion becausef real-timecapture
rates(30 framesper second),cornvenienceof experimentation,and cost. Ultrasoundhasbeen
extensvely usedto analysespeectproduction[4;6] andto understandhe actof swallowing [7;8].
In this paperwe have useda sequencef two-dimensionatltrasoundmageso understandhe
motionof thehumantongueduringspeectandswallowing. Thesequencef imagess acquiredat
videoframeratesandrepresentshe mid-sagittal(lengthwise)sectionof the tongue( gure 1(a)).
To accountfor the intra-subjectvariability in speechand swallowing, the image sequencesare
acquiredfor multiple repetitionsof the sameutteranceor the samekind of swallow from a single
subject.In orderto increasehe dataanalysisspeed automaticextractionandtrackingof tongue
surface contourshave beenimplemented9] (gure 1(b)). Eachsetof theseextractedtongue
contoursconstituteavery highdimensionatlataset— adensesetof pointsonthetongue(typically
aroundLOOsamplepointsonthetongue)moving overtime with datacollectedatarateof 30frames

persecond gure 1(c)).
Insert gure 1 abouthere

While suchhigh dimensionadatacanbe visualisedin a spatiotemporafashion(seewaterfll

displayin gure 1(d)), quantitatve comparisondike averagingand comparisonare impossible
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becausef the absencef physical eshpoint markers. The absencef physical markersimplies
that thereis no simple point-to-pointcorrespondencbetweencontours,which is necessaryor
averagingandcomparingwo contours.Thereforejt is necessaryhatthe contourshe sampledn
anidenticalspatialgrid andthatthey be of the sameength. If thecontoursareof equallengthand
if they aresampledon identicalgrids, thena spatialcorrespondenceanbe establishedetween
two spatialpointsontwo contourghatsharehe samex coordinate But thefollowing threefactors

leadto theapparentengthdifferencesandirregularsamplingof contours.

1. Datalossattonguetip andtongueroot— Thetonguetip andtongueroot aredif cult to im-

ageusingultrasound.The tonguetip is obscuredy the air beneathit andthe tongueroot
is obscuredy the shadav of the hyoid bone. This might leadto a changein the apparent

lengthof the extractedcontours.

2. Changdn tonguecontourlength— The tonguecontoursmay be differentlengthsfor differ-

entrepetitionsof the samespeech-soundueto spealerimprecision.Moreover, thetongue
length can changeeven during one utterancedue to the volume-preservinghatureof the
tongue. For example,vertical expansionor compressioimustbe balancedoy an anterior

posteriorexpansionor compressiontespectrely, which changeshetonguelength.

3. Contoursamplingeffects— An increasan the gradientof a portionof the extractedcontour

increaseshe densityof samplingin that portion. This behaiour of the contourextraction
algorithmresultsin differencesbothin the spatialsamplinglocationsandlocal sampling

density

To addresghesedif culties, our strat@y is to pre-processhe contoursby equalisingtheir
lengths,andthenresampleéhemon the samegrid. Pre-processingnethods suchasregistering,
smoothing,extrapolating,andinterpolatingdata,are necessargtepsin mary statisticalapplica-
tions [10]. A variety of pre-processingnethodshave beensuggestedy Studet al in Ref. [5]
andStoneetal in Ref.[11], for theapplicationof principalcomponenanalysiSPCA) on coronal
tonguecontourdata. Methodsto equalisethe lengthsof the contoursinclude combinationsof
the following threeapproachesi) truncationof the longercontoursbeyond a de ned region; 2)

extrapolationof shortercontoursto the size of longer onesthroughlinear or spline extension;
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and 3) paddingshortercurveswith constantvalues. The truncationapproachalthoughgoodfor
certainkinds of contours,discardsinterestingand valid datafrom the longer curves. Slud et.
al [5] discardedthe attemptto extrapolateusing splines,becausef unacceptablswingsin the
extrapolatedcontours;insteadthey usedthe “padding’ approachwherethe shortercurves are
paddedwith endpointaverages. They amgue that, even thoughpaddingwill introducearti cial
discontinuitiesjt did not affect the PCA 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 mary scienti ¢ areas,
for example,image processinggeconomicforecastingand geostatistics. Various methodshave
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 accurag.
Amongthesemethodstheinversedistanceweightingmethodis consideredo berobustin terms
of estimationerror. This robustnesds dueto the weightedaveragingof datavalues,resulting
in estimatesot too far from the actualdata. This method,however, introducesabruptchanges
in contourswhich make the contournon-differentiable unsmoothandvisually unappealingsee
gure 2(a)). This makesthe contoursdif cult to be usedfor furtheranalysis.On the otherhand,
polynomialsplinesespeciallythe higherordersplines sometimeseadto undesirablescillations
in the extrapolatedvaluesdependingon the gradientsof the valuesnearthe end of the contours

(seegure 2(a))[16;17].

Insert gur e 2 abouthere

To illustratethe problem, gure 2 shavs a typical extractedtonguesurfacecontour The data
correspondingo the extractedcontouris representeth the form of a stemplot descendingrom
thetop of the plot. Note thatthe samplingdensityis higherin locationswherethe slopeis larger,

suchasat the backof thetongue(on the left). This occursbecausehe contouritself is sampled



uniformly alongits length. Thus, asthe slopeof the contourincreasesthe densityof sampling
with respecto thex-axisalsoincreasesFigure2(a)shavs two extrapolatedmethoddor thesame
dataset: oneusinginversesquaralistanceweighting(a specialcaseof inversedistanceweighting
wherethe weightingexponentis two) andthe otherusingcubic splines.In both caseghe quality

of interpolationwithin thetonguesurfaceis good. The problemstartsto appeatn theextrapolated
part. In the caseof inversesquaredistanceweighting, the value of the extrapolatedvaluesare
constrainedo staywithin the valuesof the data.Hencethereis anabruptchangen shapewhich

is uncharacteristiof a tongueshape.In the caseof cubic splines,clearly thereis a non-intuitve

andextreme uctuation in the extrapolation.

In orderto avoid the above problems,we useKriging [18] to extrapolatethe tongueshape.
Kriging is a statisticalestimationtechniquethat usesthe statisticsof the sampledfunction to
estimatea continuoudunctionthatinterpolatesdetweerthe sampledoointsandalsoextrapolates
beyond the endpointsof the contours. The outputof Kriging is a smooth,visually appealingt
of the data,makingKriging suitablefor pre-processinghe contours.Both the oscillationandthe
abruptnesareabsentin gure 2(b), wherethe extrapolationis doneusingKriging. The key to
Kriging's improved performancen extrapolationis its spatialasymptoticproperties.Also, given
the sampledatapoints andtheir statistics,Kriging estimatesa continuousfunction that best ts
thedatapoints. Therefore theresultingcontinuoudunctioncanberesampledt ary givenspatial
grid. After eachcontourhasbeenextrapolatedandresampledthe contourscanbe visualisedas
a spatiotemporasurfaceandcanbe analysedisinga dedicatedsoftwaretool calledSURFACES,

whichwe alsopresentin this paper

2 METHODS

2.1 Dataacquisition

We acquirea sequencef ultrasoundmagesof the mid-sagittalsectionof thetongue( gure 1(a)).
The sequencef ultrasoundimagesis acquiredasthe subjecteither speaksa given utteranceor

swallows a particularbolus. Oneof theimagesin anultrasoundsequencés shovn in gure 1(b),
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with the extractedcontouroverlayedaswhite dots. The ultrasoundscanrateis setto 30 images
persecond Eachsubjectis asledto repeathe utterancanultiple times(usually 7 times,with the
rst andlastomittedfrom further processing)n orderto accountfor the intra-subjectvariability
in speeclproduction.Theaudiodatais alsorecordedput it is notdirectly usefulin the context of
this paper The sequencef imagesis acquiredbothin analogandin digital format. Theimages

aretheninputinto the contourextractionprogramwhich is describedn the next section.

2.2 Automatic contour extraction and tracking

Eachimagein the sequencas processedising the algorithm proposedby Li et al [9]. The
algorithmusesadiscreteform of deformablecontoursandimposesspeechtongue andultrasound
imaging constraints. The initial contourof the tongueshapeis userde ned; it is thenusedas
the initialisation for the deformablemodel. Using the initial contourandthe model constraints,
the algorithmtracksthe tonguesurface over the seriesof images. The algorithmalsoimposes
regularisingconstrainton the deformablecontours sothatthe resultingcontouris smooth.Each
contouris representedsa setof y values,which representshe heightof the tongue(calculated
from thetop of theimage)measuredt samplingocationsdeterminedy thex values( gure 1(c)).
A dedicatedoftwaretool incorporatinghealgorithmis usedto extractandtrackthecontourdrom
the ultrasoundmagesequencesgseelLi etal in this volumefor moredetails). Thesecontoursare

theinputfor the pre-processingsingKriging.

2.3 Intr oduction to Kriging

Kriging (pronouncedwvith a long i-vowel) is namedafter the South African mining engineerD.
Krige who developedit for estimatingmineraldeposit§rom scatteredre sampleg§12;19]. Since
thenit hasbeenusedo interpolatespatiallydependendatain awide varietyof disciplines.Kriging
isamodi ed linearregressiortechniqudéhatestimatesvalueatapointby assuminghatthevalue
is spatiallyrelatedto the known valuesin the neighborhoodf the point. Kriging computeshe

valuefor the unknavn datapoint usinga weightedlinearsumof known datavalues.Theweights



arechosento minimisethe estimationerror variancewhile keepingthe averageestimationerror
zero. Hence,Kriging is calledthe bestlinear unbiasedestimatorbecauset theoreticallytries to
minimisethe varianceof estimatiorerror, while beinganunbiasecdestimationprocedurg19].
Direct minimisationof error varianceis not possiblebecausehe true valuesare unknavn.
Hence Kriging usesarandomfunctionmodel,wherethedatapointsareassumedo berealisations
of randomvariablesandthepointto beestimateds alsoarandonvariable. Theseandonvariables
areassumedo have speci ¢ covariancestructure;selectionof which is crucial in the estimation
procedure Sogiventhe model,the errorvariancecanbe modelledandthenminimisedunderthe

unbiasednessonstrainto getthe Kriging solution.

2.4 Derivation of Kriging solution

Givenobsenationsat spatialpointsx 1; X»; :::; X, we wantto estimatethe valueof the functionat
ary spatialpointx. Kriging estimates continuousunctions(x), sothatthe averageestimation
erroris zeroandthe error varianceis minimum. SinceKriging estimatesa continuousfunction,
we cangetthevalueof thefunctionatary pointx.

In ourcasetheobsenrationsarethe'y;' valuesthatmeasuréhe heightof tonguecontoursrom
thetop of the ultrasoundmageat samplingpoints 'x;'. Sincethex;'s areone-dimensionalye let
X = X, aone-dimensionabariable. Kriging modelsthe estimatedunction s(x) asconsistingof

two components
s(x) = u(x) + fT(x)d: (1)

The rst termu(x) is azero-meamandomfunctionwith known covariancgunctionk(x,; Xp) [20].
The covariancefunctionmodelsthe spatialcorrelationin the data. The secondermf T (x)d is the
meanof the functions(x). Thetermf(x) isr £ 1 vectorof known “drift functions'andd is the
r £ 1 vectorof unknovn “drift coefcients'. The meanof the function s(x) is deterministic but
unknavn. Usually the drift functionsaretakento be monomialsof degreelessthanor equalto

achoservalueq. In our1-D caser = g+ 1. Giventhe shapeof thetonguecontourswe have



selectedy = 1, whichleadsto lineardrift functions(r = 2),
f(x)=1[1x]":

Intuitively, Kriging canbe seenasestimatingtwo component®f the contours(x). Themean,
fT(x)d, captureshe global shapeof the contour while the zero-mearrandomfunction, u(x),
captureghe variationof the contouraroundits mean. The meanis a linear combinationof drift
functions. In this researchwe uselinear drift functionswhich meansthat the global shapeof
the contoursis capturedwith alinearfunctionwith a given slopeandanintercept. The variation
aroundthe meanis capturedoy the zeromeanrandomfunctionu(x). The behaiour of thesetwo
componentss critical in determininghow the extrapolatedcurve will look. A brief discussioron
theextrapolationpropertieds discussedéfterthe Kriging solutionhasbeendeveloped.

Giventhis statisticalmodelfor the data,Kriging producedhe BestLinear UnbiasecEstimate

(BLUE), which consistsof alinearcombinationof the obsenations.
sx)=a'y;

wherey is a vectorof the obsenations('y values)at xy; X»; :::;Xp anda(x) isap £ 1 vectorof
coefcients, which we wantto estimate.The constraintof unbiasednessf the estimateleadsto

the constrainton the coefcients,
Fa(x) = f(x);
where
F = [f(xq)::f(Xp)]; (2)

whichis anr £ p matrix. TheKriging estimates thenobtainedoy nding $(x) which minimises

theestimationerrorvariance

E[(s(x) i &(x))?]

subjectto theunbiasednessonstraint.The constrainedninimisationproblemcanbe solvedusing

the methodof Lagrangemultipliers andthe solution dependonly on f(x), F, datacovariance
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matrix

2
K(X1;X1) i K(X1;Xp)
K = E : : z ; 3)
K(Xp;X1) 1t K(Xp; Xp)
andthe covariancevector
k(x) = [K(X; 1) 11 k(% Xp)]" (4)
Thesolutionis
8(x) = kTw + fT(x)d; (5)

where

Killli FT(FKIET)IIREK Yy ;

=
[

o>
]

(FKIFFKily:

For more detailson the derivation of Kriging, pleaseseereference2l. Detailsof the algorithm
implementedn this paperaregivenin AppendixA.

Thus, the solution of Kriging is a continuousfunction §(x), which canbe resamplecbn an
arbitrary spatialgrid, thus overcomingthe irregular samplingproblem. Notably, the spatialgrid
canincludeextrapolatedoointsthatarebeyondthe original rangeof x;'s over which the datawas
collected. This compensatefor apparentengthchangeof tonguecontoursbecausef dataloss
andspealerimprecision.

The selectionof the covariancestructureof the datais importantin Kriging estimation. In
our algorithm,we usethe generalisedovariancefunction,k(Xa; Xp) = KXa i Xpk2Inkxa i Xpk®.
The useof this covariancefunction makesour Kriging solutionthe sameasthe thin-platespline
solution[22]. Thin-platesplineis aninterpolatiormethodthatestimates smoothcurvethatpasses
throughall givendatapointssothatthe nal curveis minimally bent. The name'thin platespline'
refersto aphysicalanalogyinvolving thebendingof athin sheebf metal,whenthetongueheights

aresetasde ectionsof themetalplatein thez-direction.In our casewe dealwith a1-D analogof
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this bentmetalsheet.It hasbeenshavn thatthethin-platesplineis a specialform of Kriging [23]
andundercertainconditionsthey arethesame.

Thin platesplinesaresmoothandasymptoticallyparallelto themeanof theestimatedunction.
In theextrapolatedegion,while thezeromearnrandomfunctiontendsto atten out,themeanfunc-
tion continueson its trend,thusdominatingthe behaiour of the curve. So, during extrapolation
the contourtypically follows the global trend of the contour which in our caseis linear because
of the useof linear drift terms. Sincethe thin-platespline solution hasa smoothingterm built
in, the extrapolationwill be smooth.Unacceptabhhugedrifts canoccurwhile extrapolatingwith
thin-platesplines;but it happensonly at pointsthat are muchfurther away from the data,when
comparedo the spreadn datalocations.In typical caseswe extrapolatdessthan6 mm on either
sideof thetongue wherethe extrapolationperformsreasonablyvell. A detailedvalidationof the
quality of the extrapolationandthe estimationerrorsarepresentedaterin this papernn sectior4.

A typical ultrasounddatasetcontains13-40 contoursdependingon the length of the speech
utteranceor swallow andthe video framerate of the ultrasoundscanner Eachcontouris extrap-
olatedandresampledisingthe abore method. Thenthe contoursarestacled asa spatiotemporal
surface[see gure 3(b)]. Similar processinganbedoneondifferentrepetitionsof thesamespeech
utteranceor swallow, andresultingsurfacescanbe averagedto yield an averagespatiotemporal

surface.

Insert gur e 3 abouthere

2.5 SURFACES software

Figure3(a) shavs a snapshobf the graphicaluserinterface(GUI) for SURFACES (availablefor
downloadatwww.speech.umaryland.edu/soétie). TheGUI andthealgorithmwereimplemented
in MATLAB Version6 (Mathworks, Natick MA, USA) andportedto a stand-aloneversion. The
GUI has ve main panels. The functionsin the rst andsecondpanelspre-processemdividual
contourfor furtheranalysis.Theprogramreadsan theinitial contoursequenceandallowstheuser

to selectmaximumandminimumvaluesof x, within which eachcontourwill becut or extended,
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smoothedestimatedusing Kriging andthenresampled.The "Krige andShav Surfaceé button

krigesall the contoursresultingin a spatiotemporasurface,asshovn in gure 3(b). This surface
lookssimilarto thewaterfll displayin gure 1(d). Unlike thewaterfll display this surfacecanbe
directly usedfor furtherprocessinde.g. averagesdifferencestc), becausall the contourshave
anequalnumberof sampleson the samegrid.

The spatiotemporasurfacesthatarederived from the kriged contourscanbe usedto qualita-
tively analysea speechutterance.For example, gure 3(b) shawvs the spatiotemporasuriacefor
the word "golly'. Noting that the front of the tongueis on the right, the nearesttontourshavs
the g, whichis archedn themiddle[seelin gure 3(b)]. As time advancesthetongue attens
andthetip risesfor the'I' [see2 in gure 3(b)]. Finally thetonguearchesagain for 'y' [see3in

gure 3(b)].

Panel 3 of the softwareis for averagingdifferentrepetitionsof the sameutterancethat have
beenkrigedandresampledn Part1. Sincethe samplesreon aregularspatialgrid, the averaging
is donefor differenty valuesat eachx coordinate. By averagingdifferenty valuesat eachx
coordinatewe areimplicitly makinga point-to-pointcorrespondencef differenty valueswhich
sharethe samex coordinate. The resultis an averagedspatiotemporakurface,and a variance
surface. Panels4 and5 of the software are usedfor comparisorof two spatiotemporasurfaces
like overlayingsurfacesandcalculatinglocal or globaldifferencesThesespatiotemporaturfaces
can be either individual repetitionsor averagesurfaces(see gure 4(a) for an example of an
overlay of two suchsurfaces). The currentversionof SURFACES implementstwo algorithms
for calculatingthe differencebetweerspatiotemporasurfaces.Theseincludea simpledifference
of y at eachx anda nearest-neighboalgorithm[24] to nd the shortestdistancebetweentwo
surfaces. Thesedistancesare further usedfor calculatingL2 differencenormsand root mean
squaredlifferences.More detailsaboutthe algorithmsusedcanbe foundin the usermanualfor

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

Applicationsof the SURFACES software is demonstrate@n two kinds of data: 1. speechdata
collectedto nd theeffectof gravity ontongueand2. swallowing datacollectedto nd theeffects

of anterioropenbite on swallowing stability.

Insert gur e 4 abouthere

3.1 Application to speechdata

Thisapplicatiordemonstratetheuseof comparatre analysietweenwo spatiotemporadurfaces
correspondingo two differentspeechutterances.The goal of this studywasto understandhe
effectsof gravity on the tongueduring speech25]. The subjectswereasledto repeatthe same
utterances asupineposition rst andthenin anuprightposition. Tonguecontoursvereextracted
from theultrasoundiata kriged,averagecandvisualisedusingSURFACES.Theoverlaidsurfaces
in gure 4(a)shavs atypical resultduringtheutteranceof theword "golly'. We seethatthesupine
surface( lled surface)is rotatedbackwardfrom the uprightsurface(white mesh)duringtheentire
word. A secondaryeffect that canalso be obsenred is that tonguetip is elevatedin the supine
positionduringthe ' (seearrow). Thetwo surfacescanalsobe visualisedasa differenceimage
(gure 4(b)) with the colors denotingthe amountof differencebetweeneachpixel of the two

surfaces.

3.2 Application to swallowing data

This applicationdemonstrateshe use of visualising the spatiotemporakurfacesand drawing
gualitatve physiologicalinferencedrom it. This experimentstudiedthe effectsof anterioropen
bite on swallowing stability [26]. Figure4(c) shavs the spatiotemporasurfaceof a 20 cc water
swallow. We obsere thatthewateris initially containedanteriorly with thetonguetip depressed
andthebackelevatedto protecttheairway. Subsequent|ythetonguedeformsaroundthe bolusas
it is propelledbackwards.Finally, thetongueelevatesfrom front to backto make contactwith the

palateafterthe water's passageThis spatiotemporasurfacecanalsobe rotatedto variousviews.
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Figure4(d) shavsthespatiotemporaturfaceof gure 4(c)asa2-D imagewherethecolordenotes
thetongueheight. The blacklinesin gures 4(c) and(d) separatehe regionsthatwhich contain

true datafrom theregionsthatcontainextrapolateddata.

4 Validation of contour extension

Recallthat,giventhe datavaluesat speci ed spatialpoints,a Kriging solutionestimateshevalue
atary spatialpoint. The Kriging estimates the "best'in the sensehatit theoreticallyminimises
theerrorvariancewhile maintainingthemeanerrorzero.Henceit is possibleto getanestimateof
theminimumerrorvarianceevenbeforethe estimationis done.But this estimateof the minimum
errorvariancds thepredictecerrorvarianceof themodelandcannothe completelytrustedwithout
testingthe modelon real data[12]. The validationteston real datais more crucial in the case
of extrapolation,sincethe rangeof errorsproducedin extrapolationtendsto be larger thanin

interpolation.

4.1 Validation materials and methods

A total of 1612tonguecontourswereusedfor the validationtest. The datawascollectedfor the
upright-supinestudy[25] andwasin compliancewith anapprovedhumansubjectexperimentpro-

tocol. Thevalidationdatasetcontaineccontourdrom 4 differentwords(golly, oslo,he sought hetaughj,

5 differentspealkersand?2 differentpositions(uprightandsupine).

Portionsof the tonguecontour of length approximatelyl mm, 3 mm, 5 mm and 10 mm
werearti cially cut (see gure 5). All the lengthsaredistancesalongthe surfaceof the tongue
contourandnot alongthe spatialaxis (x-axis). The centerregion combinedwith the lighter gray
(lower) regions was the initial full contour The arti cial cutswere madefrom both the back
andthe front of the tonguecontour(gray) regionsin gure 5). Thesecutssimulatedthe loss
of dataand the apparentchangein length as discussedn the introduction. Kriging was then
usedto restorethesecut portions (black regionsin gure 5) andthe error was measuredas

estimatedcurve minusthetruecurve. This procedurewas donefor all the 1612 contours. The
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errorswerealsoaveragedseparatelyor the front andthe backof the tongue. Standarddeviation

of theerrorswasalsocalculated.
Insert gure 5 abouthere
Insert gur e 6 abouthere

Insert gure 7 abouthere

4.2 Validation results

Figure6 shovstheaverageerrors(ateachpoint) for thefour differentlengthcuts. Theblackcurve
shavstheerroratthebackof thetongue whereaghegraycurve shavstheerroratthefront of the
tongue.Thex-axisin thesegraphsrepresentshe distancedrom the estimatedointto the cut, (i.e.
thelastdatapointson the edgeof the contourrepresentedsblackcirclesin gure 5). Errorbars
represenstandarddeviation. For a given lengthof extrapolation,the error measuresn Figure 6
give anestimateof theamountof con dencethatcanbeplacedonthecalculatedzalues depending
on whetherthe extrapolationis donein the front or in the backof the tongue.For exampleif the
contouris extrapolatedo alengthof 5 mm ( gure 6(c)),thenatapoint4 mmaway from theactual
datatheexpectederroris around-3.2mmin thebackandaround-4 mmin thefront of thetongue.
Also, we notethatin all casegheerroris negative, which impliesKriging alwaysunderestimates
the values. This underestimatiorof the true curve is becausethe extrapolatedcontourtries to
follow the global shapeof the tonguecontourswhich in mary casesaline with a positive slope.
Therefore,in the front of the tongue,the extrapolatedcontourcurvesup, whereasn the backof
thetonguethe extrapolatedcontourcurvesdown. In the actualdatathe backof thetongueslopes
downward, whereaghe front of thetonguestays at, in mostcasegseefor example gure 1(c)).
Hence we seethaterroratthefront of thetongueis slightly, but consistentlyhigherthanthe back
of the tongue. This behaiour, however, dependsntirely on the global scopeof the particular
tonguesurfacethatis beinganalysed.

Figure7 representtheworstcaseanalysisof Kriging extrapolation.Maximumexpectederror

is plottedasa functionof thelengthof tonguecut for boththe front andthe back. The maximum
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erroroccursat the point which is farthestaway from the data. The maximumerrorandthe error

variancealsoincreasewith increasingengthof dataloss.

4.3 Discussion

We notice that the errorsare large when the amountof extrapolationis large. It is naturalto
expectthis trendbecausave aremoving away from whereactualdataexists. Theinversedistance
methodsmayprovide alower errormeasurdecaus¢hevaluesarealwaysconstrainedo bewithin
the datavalues. But this lower error measuredoesnot have a physical meaningandis only of
statisticalinterest. This is becausehe cure estimatedusinginversedistancemethodshaslarge
discontinuitiesthusignoring the physical reality of the tongue. Moreover the contoursthat are
estimatedusing inversedistancemethodscan neitherbe usedfor averagingrepetitionsnor for
doingcomparatie studies.

It is alsoimportantto note thatthe errorsmentionedin this sectionare extrapolationerrors.
Using Kriging with the generalizedcovariancefunctionfor interpolationis extremelyrobustand
the estimateshave a very low valueof errors[12] (see gure. 2(b)). So, the valuesestimatedn
theinterior of thetonguehave low errors(seethe centraloverlappingregion of thegrayandblack
curvesin gure 5).

EventhoughtheKriging solutionis usefulfor visualisation averagingandcomparatre analy-
sis, physiologicalinferenceslerived usingtheseextrapolatedegionsshouldbe usedwith caution
becausé¢he extrapolationerrors.Ontheotherhand,interpolationerroris very smallandhencethe
guantitatve measures thenon-etrapolatedegionsof thetonguecanbeusedwith highdegreeof
con dence.With regardto theissueof knowing whichregionsof thecontoursareextrapolatedihe
"SURFACES' softwarehastwo importantfeatures:1) Whenvisualisinga spatiotemporasurface
amaskis generatedvhich tell the userwhich datapointsarerealandwhich have beenarti cially
kriged ( gure 4(c)and(d)); 2) whenaveragingdifferentrepetitionsyuleshave beenimplemented
sothatanaveragedvaluewill be generateanly atthosex pointswherea certainnumberof real
(non-extrapolatedy valuesareavailable.

Oneof thelimitationsof Kriging is thatits solution,like all spline-basethterpolationrmethods,
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becomesaunstableif thereare two points with the samex value, but differenty values. This
situationcan occur when the tonguesurface curls or whenthe tonguesurfacebecomesexactly
vertical. In thesecasesKriging mightfail to give reasonableontours.Therefore for suchcases,
the 'SURFACES' softwareimplementsa local contouradjustmentoutine. The tonguecontour
is locally twealed by changingthe x-coordinateof one of the two points. Differentamountsof
tweakingweretried on locally vertical contoursfrom datasetsof the upright-supinestudy The
minimum of theselocal tweaksthat provided reasonableesultsfor all contourswas 8 0.3 mm.
Thereforea biasof 8§ 0.3 mm waschosenas nal amountof tweaking. This biasis within the
typical ultrasoundneasuremerdrrorof 8 0.5mm[27]. Theadjusteccontouris thensubsequently

krigedandvisualised.

5 Conclusion

We describeda methodof visualising,quantifyingand comparingtonguesurfacefeaturesfrom
contoursequencesKriging wasusedto extrapolatethetonguesurfacecontoursthatareextracted
from ultrasoundmagesequencesf thetongue.Theresultingkrigedcontoursarethenstaclkedand
visualisedasaspatiotemporadurface.A dedicatedsoftwaretool, SURFACES,whichincorporates
the Kriging algorithmis presented.The tool is usedfor averagingand comparatie analysisof
differenttongueshapes.The calculationandvisualisationof spatiotemporamid-sagittaltongue
surfaceshelpsin understandingonguedeformationsduring speechand swallowing. It is hoped
that this methodologywill further help in quanti cation and statisticalcomparisonof comple
tonguemotion.

The mainproblemthatwasovercomeby this researchs thelack of point-to-pointcorrespon-
dencebetweertheextractedtonguecontours.This problemwassolvedby equalisinghelengthof
the contoursandresamplinghemon anidenticalgrid, thusestablishinga correspondencef two
pointswhich sharethe samex coordinate.Ongoingresearchn this eld (Li et. al in thisissue)
is to designalgorithmsfor estimatingtrue point-to-pointcorrespondencdsasedon curnvatureand

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

improve the quantitatve measuresf tongueshapes.
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A  Appendix —Kriging algorithm

Given a contourin termsof x; (spatialsamplinglocations)andy; (heightof the point from the
top of theimage),the problemis to estimatethe value of a continuousfunctions(§ at arbitrary
spatialpositionx 2 R. Kriging algorithmis appliedon the contourto estimates(x). Thedetailed

algorithmis givenbelow.

Algorithm 1 1. Formthedatavectory = [y;:::Yy].

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

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

3. Selecthecovariancefunctionfor thedata,k(x,; Xp) andcalculatethe matrix K andvector
k(x) asde nedin Eqgs.(3) and(4) respectivelyWe usedthegenerlisedcovariancefunction,

K(Xa;Xp) = kXa i Xpk?Inkx, i Xpk>.

4. Selectthe noisecovariancematrix 8, a p £ p matrix that characteriseshe statisticsof the
noisein thedata.
In this work we assumeaeio noisevariancein the contourdata. The contourextraction
algorithmincorporatessmoothingoutinesand hencethe outputcontouris alreadysmooth
andnoisefree Butnoisecanbe easilyincorporatedinto the algorithm, but assumingvhite
zeo meannoisewith varianceequalto % mm?. Hence 8 = % ,whee | isthep£ p
identity matrix. Theuseof non-zeo noisevariancemale Kriging a smoothermratherthan

interpolator[21].

5. Calculatethematrices

L = (K+§'!
M = (FLFT)'FL
G = KL(Ij F™™)
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6. Calculatethe coefcient vectors

ws = KilGy

7. Calculatethedesiedestimateusing

8(x) = kT (X)ws + fT(x)ds:
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Figure 1. (a) Midsagittaltongueschematiowith superimposedurface contourspoints. (tip of
tongueon the right). (b) Midsagittal ultrasoundimage with tracked surface contourpoints (c)
Sequencef tonguecontoursin time overlaid on eachother (d) Watergll displayof contoursfor

theword “golly'.
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Figure2: Comparisorof Kriging with inversesquaredistanceweightingand cubic splines: (a)
Extrapolatiorusingcubicsplinesandinversesquaredistancewneighting;notetheswingin thecase
of cubic spline(crossjandthe unsmoothcontourproducedby inversesquaredistanceweighting
methods.(b) ExtrapolationusingKriging; notethe improved performanceof Kriging at the back

of thetongue.
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Figure3: (a) A snapshoof the SURFACESsoftwareand(b) a spatiotemporasurfaceof theword
“golly'.
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Figure4: Applicationsof SURFACES:(a) Overlayof 2 spatiotemporaionguesurfacesof theword
"golly’. Meshsurfacewasspolenin "upright' positionandthe lled surfacein “supine’surface.
(b) Differencebetweerthe two spatiotemporasurfacesin form of animage. (c) Spatiotemporal
surfaceof a 20ccswallow. The wateris containedn front of tongue,thenpropelledbackwards,
followedby tonguesurfaceelevationafterthewater's passage(d) Visualizationof the swallow as
animagewith gray scaledenotingheight. Notein (c) and(d) the blacklines separatehe regions

thatcontainrealdatafrom theregionsthatcontainextrapolateddata.
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Figure5: Validationexperiment: The centerline alongwith the lower lines (gray) on eitherside
is the actualtonguecontour The edgesarearti cially cutin orderto seehow Kriging performs
in extrapolation. The lastdatapointson the edgeof the contourarerepresenteasblackcircles.
Theextrapolatedines (black) arethe contourshatKriging estimatedThedifferencebetweerthe

blackandgrayregionsis measure@serror.
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(@) (b)
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Figure6: ValidationResults:Meanerrorsin estimationwhenthe lengthof tonguecontourcut is
(@) 1 mm (b) 3 mm (c) 5 mm and(d) 10 mm. The error barsrepresenstandarddeviation. The
x-axis denoteglistancealongthe surfaceof thetongue,not the distancealongthe spatialaxis (x-

axis). The gray curvesdenotethe errorsin thefront of the tongueandblack denoteghe errorsin

thebackof thetongue.
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Figure7: MaximumErrors: Maximumexpectederrorsin estimationasafunctionof thelengthof

tonguecut.
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