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Abstract

Althoughspeechis themostnaturalmeansfor communicationamonghumans,

therearesituationsin which speechis impossibleor inappropriate.Examplesin-

cludepeoplewith vocalcorddamage,underwatercommunicationsor in noisyen-

vironments. To addresssomeof the limitations of speechcommunication,non-

acousticcommunicationsystemsusingsurfaceelectromyogramsignalshave been

proposed.However, mostof theproposedtechniquesfocuson recognizingor clas-

sifying the SEMG signalsinto a limited setof words. This approachsharessim-

ilarities with isolatedword recognitionsystemsin thatperiodsof silencebetween

wordsaremandatoryandthey havedif�culties in recognizinguntrainedwordsand

continuousspeech.

A methodfor synthesizingspeechfrom surfaceelectromyogram(SEMG) sig-

nals in a frame-by-framebasisis presented.The input SEMG signalsof spoken
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wordsareblockedinto framesfrom whichSEMGfeatureswereextractedandclas-

si�ed into anumberof phoneticclassesbyaneuralnetwork. A sequenceof phonetic

classlabelsis thusproducedwhichwassubsequentlysmoothedby applyinganerror

correctiontechnique.Thespeechwaveformof a word is thenconstructedby con-

catenatingthe pre-recordedspeechsegmentscorrespondingto the phoneticclass

labels. Experimentalresultsshow that the neuralnetwork canclassifythe SEMG

featureswith 86:3% accuracy, this canbefurtherimprovedto 96:4% by smoothing

thephoneticclasslabels.Experimentalevaluationsbasedon thesynthesisof eight

wordsshow thaton average92:9% of thewordscanbesynthesizedcorrectly. It is

alsodemonstratedthattheproposedframe-basedfeatureextractionandconversion

methodologycanbeappliedto SEMG-basedspeechsynthesis.
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Chapter 1

Intr oduction

1.1 Moti vation

Speechis the most naturalway of communicationamonghumans. The speech

productionprocessinvolvesthecontractionof thelungs,thevibrationof thevocal

cordsandthe resonanceof the air streamin the vocal tract. Unfortunately, there

aresituationsin which communicationthroughspeechis impossibleor inappropri-

ate. For example,peoplesuffering from thesideeffect of laryngectomysurgeries

or vocalcorddamagearenotableto producenormalspeechbecausethevocalcord

vibrationplaysavital role in thespeechproductionprocess;andspeechproduction

canbeproblematicin somephysicalenvironmentssuchasunderwater. Moreover,

speechcommunicationcanalsobe affectedby a numberof factors.For instance,

backgroundnoisecandegradethe quality of the producedspeech,andresultsin

poor intelligibility . The performanceof conventionalspeechrecognitionsystems

canbedegradeddrasticallyin anoisyenvironmentsuchasin restaurants,factories,

or trains. In addition,communicationthroughspeechis undesirablein somesitua-

tionssuchaswhenvery high privacy is desirable.For example,in themilitary or

somepublicplacesthatrequiresilence,e.g.in theatersor libraries.

To addresssomeof theselimitations,many solutionshave beenproposed.To

helpthepeoplewithout vocalcords,usinga keyboardasinput interface,thetyped

text canbetransformedintospeechbyconventionaltext-to-speechsystems[AHK + 87];

1
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anothermethodis to usea prostheticdevice to simulatethevibrationof thevocal

cord, e.g. an electrolarynx[GHK+ 04], which is a batterypoweredhandheldde-

vice, thatcantransmita hummingsoundto thethroator mouth.For sucha device,

training is requiredandtheproducedspeechis robotic. Non-acousticcommunica-

tion systemsthatrecognizingspeechwithout usingacousticsignalshavealsobeen

proposed.Ratherthanusingacousticsignalsto performrecognition,alternative in-

formationsourcesareemployed.Oneexampleof aninformationsourcesis through

visual images,wherethespeechrecognitionis donebasedon videoimagesof lip-

rounding[CH97].

Recently, therehasbeenanincreasedinterestin usingsurfaceelectromyogram

(SEMG)signals[KM96], which aremeasuredmuscleactivities from theskin sur-

face. SEMG signalshave beenusedto perform speechrecognition[CEHL01,

MZ04, KKAB04], supplementconventionalspeechrecognitionsystems[CEHL02a],

andconstructcomputer-humaninterfaces[JB05].

Althoughpreviously proposedSEMG-basedspeechrecognitionsystemsshow

the feasibility of recognizingspeechbasedon SEMG signals,limitations exist in

thesesystems.Mostof theproposedmethodologiesfocusonrecognizingor classi-

fying theSEMGsignalsinto alimited setof words.Thisapproachsharesimilarities

with isolatedwordrecognitionsystemsin thatperiodsof silencebetweenwordsare

mandatory. Thesesystemshave dif�culties in recognizinguntrainedwordsandin

orderto recognizea new word, therecognitionmodelneedsto beretrained.It also

hasdif�culties to recognizecontinuousspeech,andtherecognitionaccuracy canbe

affectedby thedurationof thewords.

1.2 Objectives

Theextensibility andapplicationsof thepreviously proposedSEMG-basedspeech

recognitionsystemsis limited becauseof thecongenitalde�cienciesof theisolated

wordrecognitionapproach.Themainobjectiveof thisresearchwork wasto address
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thelimitationsof thepreviousproposedSEMG-basedspeechrecognitionsystems.

Thedetailedresearchaimswere:

� Explorea methodologyfor continuousspeechsynthesisfrom input SEMG

signals.

� Explorethefeasibilityof unlimitedvocabularysynthesis.

Even in conventionalspeechrecognition,large vocabulary continuousspeech

recognitionis still a challengingtask.This problemis madeevenmoredif�cult in

SEMG-basedspeechrecognition,sincetheinformationavailablein SEMGsignals

is notasrich asspeechsignals,andthecollectedSEMGis weakandnoisy.

1.3 Contrib utions

Themaincontributionsof thisdissertationare:

� To selectthe suitableSEMG features,a detailedcomparisonwasmadebe-

tweennon-overlappingandoverlappingfrequency bandfeatures.Theutility

of overlappingfrequency bandfeatureswasdemonstratedquantitatively for

the�rst time.

� By utilizing knowledgeconcerningthemedium-termstationarityof speech,

anerrorcorrectiontechniquewasproposedto post-processtheoutputsof the

neuralnetwork and enhancethe classi�cation accuracy. This signi�cantly

improvesthequalityof thesynthesizedspeech.

� This is the�rst timeaconcatenativespeechsynthesistechniquewith overlap-

and-addbeingappliedto SEMG-basedspeechsynthesis.

� Theproposedapproachdiffersfrom theconventionalonein thattrainingdata
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is obtainedvia simultaneousSEMGandaudiorecordingsand,althoughtrain-

ing is donebasedon phonemes,in principle,arbitraryspeechcanbegener-

ated.Thefeasibilityof synthesizingspeechdirectlyfromSEMGsignalsusing

thisapproachwasdemonstrated.

1.4 ThesisOrganization

Chapter2 givesanintroductionto thefundamentalsof SEMGsignals.Thechapter

beginswith anintroductionto thenatureandrecordingmethodsof SEMGsignals,

andshowsthecommonlyusedSEMGfeaturesin ergonomics.A review of previous

proposedSEMG-basedspeechrecognitionsystemsandtheir applicationsarealso

presented.

Chapter3 givesanintroductionto theSEMG-basedspeechrecognitionsystems

employing isolatedword recognitionapproach.Two classi�cationtechniques:hid-

denMarkov modelsandneuralnetworksaredescribed.

Chapter4 introducesthe speechsynthesistechniques. It begins with an in-

troductionto the speechproductionmechanism.Two kinds of speechsynthesis

methodsarethendescribed:the linearpredictive codingvocoderandtheconcate-

native method.Thecomputationof thelinearpredictive codingcoef�cients is also

introduced.

Chapter5 describestheproposedSEMG-basedspeechsynthesismethodology.

It beginswith a discussionof thelimitationsof previouswork, theimplementation

detailsarethendescribed.This is followedby a discussionof thedesignconsider-

ations.

Thefeatureselectionprocessconductedin this work is describedin Chapter6.

This chapterbeginswith anintroductionto a separabilitymeasurewhich is usedto

measurethe quality of SEMG features.Two typesof spectralfeaturesof SEMG

signalsarecomparedandthespectralfeatureschosenin thiswork arepresented.

Experimentalresultsarepresentedin Chapter7. This includestheclassi�cation
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performanceof theneuralnetwork, theeffectsof thepositioningof SEMGsensors,

theperformanceof theerrorcorrectiontechnique,andthespeechsynthesisresults.

A summaryof this work anddirectionsfor futureresearcharepresentedin the

�nal chapter.

In AppendixA, the circuit diagramof the front endampli�er usedfor SEMG

collectionis shown. AppendicesB andC describetheK-Meansandvectorquanti-

zationalgorithmsusedin thiswork.



Chapter 2

SEMG signalprocessing

2.1 Intr oduction

Surfaceelectromyogram(SEMG)signalsarewidely usedto analyzemuscularac-

tivities, includingSEMG-basedspeechrecognition.In this chapter, thenatureand

terminologyassociatedwith SEMG signalsrelevant to this thesisare introduced,

includingthecause,measurement,andanalysisof SEMGsignals.

This chapteris organizedasfollows. Section2.2 introducesthe physiological

basisfor SEMGsignals.In Sections2.3 and2.4,acquisitionandfeatureselection

techniquesof SEMG signalsare describedrespectively. A review of previously

proposedSEMG-basedword recognitionsystemsis given in Section2.5. Finally,

someapplicationsof thesesystemsarepresentedin Section2.6 anda summaryis

givenin Section2.7.

2.2 Natureof electromyogram signals

The changein relative positionof �laments arrangedin the interior of a muscle

resultsin musclecontractionandforceproduction.This phenomenonis triggered

by anelectricalpulseknown asanactionpotentialthat traversesalongthemuscle

�ber. This actionpotentialis inducedby a potentialdifferencebetweenthe inte-

rior of a musclecell andthe externalspace.This is alsoknown asthe membrane

6
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Figure2.1: Muscle�ber andionsdistributions.

potential.Therecordedpatternof muscleactionpotentialsis calledanelectromyo-

gram(EMG) [KM96]. The EMG signalcanbe usedto analyzemuscleactivities

as thereis a closefunctional relationshipbetweenthem. Muscleactivities, such

ascontractionspeedandforce,canbederivedby analyzingtheextractedfeatures

from theEMG signalsin bothtemporalandspectraldomains.For example,in er-

gonomics,researcherscanunderstandthelevel of muscularstrainby analyzingthe

EMG signalandapplythis knowledgeto reduceoccupationalfatigue[WJJ96].

Muscle�ber in thehumanbodyis surroundedby a cell membrane(Figure2.1)

which dividesthe intracellular�uid from the interstitial �uid. The distribution of

ions in bothcompartmentsis unevenbecausethemembraneproteinscantransport

ions from oneside to the otherside. Uneven distribution of ions resultsin a po-

tentialdifferenceinducedbetweentheintracellularandextracellularspace.Muscle

contractionis triggeredwhenthepotentialdifferenceexceedsacertainvalue.

Thenormalrangeof this potentialdifferenceis between� 60 to � 90 mV. The

negative sign meansthe intracellularspaceis negative comparedwith the extra-

cellular space.Normally, this potentialdifferenceremainsfairly constant,and is

called the restingstate. If the potentialdifferenceincreasesand reachesthe so-

called thresholdvalue, an excitation stateis triggeredand musclecontractionis
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Figure2.2: Restingandexcitationpotentialof muscle�ber.

induced.Thispotentialdifferenceis calledanactionpotentialasthemuscularcon-

tractionis triggeredby thepropagationof this potentialalongthemuscle�ber. A

�gure showing thechangein potentialdifferencefromrestingto excitationandback

is shown in Figure2.2.

The propagationof the action potentialand muscle�ber activation is shown

in Figure2.3. Muscle�ber is composedof different�laments arrangedregularly.

The actionpotentialcantrigger the sliding of myosinandactin �laments, where

myosin�laments move towardsactin �laments. In this �gure, theactionpotential

is propagatedfrom theleft to right, causingsliding of these�laments from the left

to right andresultingin musclecontraction.
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potential,negativesign: lowerpotential.
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Figure2.4: Surfaceelectromyogramsignalrecordingusingdifferentialampli�ca-
tion.

2.3 Recordingof SEMG signals

To measureanelectromyogramsignal,amethodthatinvolvesinsertingawire elec-

trode into the muscleis often employed in clinical medicine. However, suchan

invasive methodis not practicalfor ergonomicstudies[KM96]. Thesurfaceelec-

tromyogram,recordsthe muscleactivity via electrodeson the skin surfaceandis

widely used.

Figure2.4showsanSEMGrecording.Forsimplicity, onlyone�ber is shown. A

pairof electrodesareplacedontheskin'ssurfaceto recordthemuscleactivity. The

potentialdifferenceat theampli�er' s two inputswill beampli�ed, commonmode

noisebeingreducedby thedifferentialcon�guration. Sincethemaximumpeak-to-

peakamplitudeof the SEMG signal is 5 mV, the gain of the ampli�er shouldbe

between1000and2000.

Theampli�ed signalis thenpassedthrougha15� 500bandpass�lter [KM96].
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The high frequency cut-off correspondsto the maximumfrequency of the SEMG

signals. Moreover, becauseof the movementof electrodesand cables,low fre-

quency componentsin thecollectedsignalshouldberemoved.This low frequency

cut-off rangesfrom 0 to 15Hz, thevaluedependingontheconditionof skinsurface

andquality of electrodes.A properlypreparedsubject,e.g. cleanedusingalcohol,

can reduceartifactsdue to movementof electrodesanda smallerlow frequency

cut-off canthusbeused.A suitablecircuit that includestheampli�er and�lter is

givenin AppendixA.

An actionpotentialmeasuredusingthis schemeis shown in Figure2.5. In this

�gure, sub-�gures(a)-(e)illustratethe simpli�ed membranestructureand� ve in-

stantsduring thepropagationof theactionpotential.Theamplitudesof theaction

potentialmeasuredcorrespondingto the� ve instantsareindicatedin thetimecurve

in thelowersection.Theactionpotentialmeasuredfrom thetwo electrodesis zero

duringtheunexcitedstate(sub-�gure(a)). A potentialdifferenceis measuredwhen

anactionpotentialreachesthe left electrode(sub-�gure (b)). Thepotentialdiffer-

encebecomeszerooncethe actionpotentialreachesthe middle of the two elec-

trodes(sub-�gure (c)). A potentialdifferenceis measuredagainwhenthe action

potentialprogressesfurtherto theright electrode(sub-�gure(d)) but with reversed

sign comparingwhenthe actionpotentialreachesthe left electrode.Potentialsat

thetwo electrodesarethesamewhentheactionpotentialpassesthroughandazero

potentialdifferenceis measured(sub-�gure (e)). The maximumamplitudeof the

SEMG signalsis proportionalto the potentialdifferencebetweenthe intracellular

andextracellularspacein the actionpotential,but the periodof the time curve is

inverselyproportionalto thepropagationspeedof theactionpotential.As thechar-

acteristicsof the actionpotential,e.g. propagationspeedof amplitude,is directly

correlatedto differentmuscleactivities, theSEMGsignalrecordedcanbeusedto

analyzedifferentmuscleactivities.

Figure2.5only shows theSEMGtime curveof a singlemuscle�ber. Sincethe

excitationof multiplemuscle�bers mayoccuratdifferenttimes,in realrecordings,
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measuredSEMGsignalsduringthepropagationof actionpotential.
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theSEMGsignalrecordedis thesuperpositionof all muscle�bers.

2.4 Inter pretation of SEMG signals

AlthoughSEMG signalscanbe usedto analyzemuscleactivities, the raw SEMG

signalis too complex to analyzewithout considerabledatareduction.SEMGanal-

ysis is oftenbasedon featuresderivedfrom theoriginal signalsratherthantheraw

time domainsignalsthemselves,and thesefeaturescan be in both temporaland

spectraldomains.

2.4.1 Temporal featureextraction

In the temporaldomain,amplitudeinformationandzero-crossingrate(ZCR) are

often used. Thesefeaturesarederived from the raw SEMG signalover a certain

window to reducethe in�uence of artifacts,i.e. noisein the raw SEMG signal.

Lippold e.g. [Lip67] maintainedthat using featuresextractedfrom a window of

electromyogramsignal,e.g.meanabsoluteamplitude,aremoreaccuratethanusing

asingleamplitudeataninstantfor muscularcontractionanalysis.

Zero-crossingrate

ZCR countsthenumberof timesthat theraw SEMGwaveformintersectsthetime

axis(zeroline) within awindow:

ZCR =
NX

i =1

z(i ); wherez(i ) =

8
<

:

1; if s(i)s(i+1)� 0

0; otherwise.
(2.1)

In the above equation,the window size is N and s(i ) is the raw signalsat

time i . Zero-crossingsareabundantat restsincethe SEMGsignalsareweakand

have a largeamountof backgroundwhite noise.Uponanimpendingmotion,zero-

crossingsdecreasebecauseof the low frequency characteristic(below 500Hz) of
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SEMGsignals.Anotherfeature,thenumberof directionalchangesin raw SEMG

signalperunit time,hassimilarcharacteristicsto zero-crossingrate.

Amplitude

To extract theamplitudefeatures,theraw SEMGsignalsareoftenfull-wave recti-

�ed andthenaccumulatedoveracertainwindow. Thereasonfor full-waverecti�ca-

tion is that theSEMGsignalsarequasi-randomaroundzeroandsimpleaveraging

resultsin a zero value. Mean absoluteamplitude(MAA) and root meansquare

amplitude(RMSA) aretwo of themostcommonlyusedamplitudefeatures.

Meanabsoluteamplitude(MAA) :

MA =
1
N

NX

i =1

js(i )j: (2.2)

Rootmeansquareamplitude(RMSA):

RMSA =

vu
u
t 1

N

NX

i =1

s(i )2: (2.3)

In theaboveequations,N is thewindow sizeands(i ) is theraw SEMGsignalat

time i . RMSA is chosenin thiswork asit is moreaccuratethanMAA for muscular

activity analysis[FC86].

2.4.2 Spectral featureextraction

Frequencydomain analysis

Any signalcanbe reconstructedfrom a seriesof sinewaveshaving differentam-

plitudes,phases,andperiods,anda frequency representationdescribesa signalby

thesemeans.A discretesignalcanbetransformedinto its frequency representation

usingthewell known discreteFouriertransform(DFT):
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F [k] =
N � 1X

n=0

x[n]ej � 2� k n
N ; k = 0; 1; :::; N � 1 (2.4)

wherex[n] is thediscretesignalandN is thelengthof thesignal.

Time fr equencydomain analysis

AlthoughthediscreteFouriertransformhasbeenof greatvaluein many areasof en-

gineeringandscience,a spectrogramrepresentationis oftenusedto representboth

timeandfrequency domaincharacteristics.Thespectrogramrepresentationapplies

thediscreteFouriertransformto ashort-timewindow andmovesthiswindow along

thetimeaxisto capturethevariationof thespectrum.This techniqueshasbeensuc-

cessfullyusedto analyzebiologicalphenomena[PWS96], andin particularspeech

[NQL83] [DN93]. Oneassumptionmadein applying the discreteFourier trans-

form on a limited window is that the signal is stationaryover this window. The

continuousformulationis asfollowsfrom theshort-timeFouriertransform(STFT)

[Mit01]:

STF T[n; k] =
Q� 1X

i =0

x[n � p]w[p]ej � 2� k p
N ; k = 0; 1; :::; N � 1 (2.5)

whereQ is the window lengthandw(p) is a window function, a commonlyused

methodbeingtheHammingwindow:

w[p] = 0:54� 0:46cos[
2� p
Q

]; where 0 � p � Q � 1: (2.6)

Thepurposeof performingtheHammingwindow is to minimize thedisconti-

nuitiesat the borderof eachwindowed segment[RJ93], the Fourier transformis

thusperformedon thewindowedsegment.

Applying the discreteFourier transformon a limited window cancapturethe

variationof spectrumalongthe time axis,however, it suffers from a window size

selectionproblem. If a small window size is used,bettertime resolutioncanbe
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obtained,but this resultsin poor frequency resolution.On theotherhand,a larger

window sizecanimprove thefrequency resolution,but resultsin a lossof informa-

tion betweenadjacentwindows,leadingto poortime resolution[Wil98].

2.5 Review of SEMG-basedspeechrecognition

Theresearchon SEMG-basednon-acousticspeechrecognitionis still at a prelim-

inary stage,comparedwith work on conventionalspeechrecognition.Most of the

proposedSEMG-basedspeechrecognitionsystemsweretargetedtowardsrecogniz-

ing isolatedphonemesor words,therecognitionmodelswerebuilt for recognizing

thewholephonemesor words.

2.5.1 Isolatedphonemerecognition

Recently, Jorgensenet al. reportedtheir work on isolatedphonemerecognitionus-

ing two SEMG channelsrecordedfrom the chin [JB05]. A phonemesetcontains

twenty-threeconsonantsand eighteenvowels were used,a 33% recognitionrate

wasachieved. Their work alsoshowedthatSEMGsignalsmaybe inadequatefor

recognizingalveolars,wherethe tip of the tonguetouchesthe alveolarridge. By

removing thesix alveolars(/t/, /d/, /s/, /z/, /ch/, /j/) from thephonemeset,a recog-

nition rateof 50% wasobtained. They estimatedthe performancecanbe further

improvedby excluding /n/, /l/, and /r/. Theauthorssuggestedtwo futureworking

aspectsto improve the performance.Oneis analyzingthe effectsof sensorposi-

tioning to detectthe problematicfeatures,the other is applyingcontext-sensitive

techniquesusedin conventionalspeechrecognition.

By reducingthephonemesize,therecognitionratecanbesigni�cant improved.

A � ve-vowel SEMG-basedspeechrecognitionsystemwaspresentedin [KKAB04].

Threefacialmuscles,mentalis,depressorangulioris andmassetter, wereinvolved

in theexperiment.TheSEMGsignalsfor the � ve Englishvowels, /a/, /e/, /i/, /o/,
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/u/, wererecordedin anisolatedmanner. An averageclassi�cationrateof 88% was

obtainedusinganeuralnetwork.

Similar work wasreportedin [MHS03], they achieved an averagerecognition

rateof 94:7% for a phonemesetof � veJapanesevowelsby usinga neuralnetwork

astheclassi�er.

2.5.2 Isolatedword recognition

MorseandO'Brien [MO86] studiedtheavailability of informationwithin theSEMG

signalswhich is relatedspeechsound.SEMGsignalswerecollectedfrom threepo-

sitionsneartheneckandonepositionover thetemporoparietalmuscleof thehead.

AverageamplitudewaschosenasSEMGfeaturesandclassi�edusinga maximum

likelihoodalgorithm.For asubjectdependenttest,theirwork reporteda97% recog-

nition accuracy ona two-wordset.Therecognitionaccuracy deterioratedfor larger

wordsets,beinglessthan70% for asix-wordsetand35% for aseventeen-wordset.

Their experimentalresultsalsoshowed that the performancewasimproved when

moreSEMGchannelswereused.Theauthorsalsoconductedanexperimentto in-

vestigatethe correlationbetweenthe datawidth andthe recognitionaccuracy. In

theexperiment,wordswereclassi�edusingthefeaturesextractedfrom aportionof

a word'sSEMGsignal,e.g.in Figure2.6,insteadof usingthewholeSEMGsignal

(W), recognitionwasdoneusingportion of the word's SEMG signal(W1). The

resultsshowedthatusinglargerportionscanachievebetteraccuracy.

Manabeand Zhang[MZ04] employed conventionalacousticspeechrecogni-

tion techniquesto an SEMG-basedten-Japanese-digitspeechrecognitionsystem.

The ten digits were0; 1; 2; :::; 9. ThreeSEMG channels,the cheek,the chin and

theupperlip, wereusedin this work. IsolatedSEMGsignalswererecordedwhen

eachdigit wasmimedsilently. Dif ferentSEMGfeatureswereanalyzedincluding

�lter bandcoef�cients, Mel frequency cepstralcoef�cients, and linear predictive

coef�cients. Their experimentalresultsshowedthat �lter bandcoef�cients arethe
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Figure2.6: Usingaportionof aword's SEMGsignalto performrecognition.
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bestanda recognitionrateof 63:7% wasachieved. In this work, a multi-stream

hiddenMarkov modelwasusedastheclassi�er, andeachSEMGchannelwasas-

signedwith a weightwhich determinedthecontribution of eachSEMGchannelto

the classi�cation. Theauthorsshowedthat recognitionaccuracy canbe improved

by optimizingthechannelweights,a 4:0% improvementwasobtainedon average.

ThisexperimentalresultshowedthatoptimizingtheSEMGpositioningwascritical

to improvetherecognitionaccuracy. Jorgensenetal. alsopresentedaSEMG-based

six-word (stop,go, left, right, alpha,omega) recognizerwith a recognitionrateof

over90% [JLA03].

2.5.3 Frame-basedphonemerecognition

Sugieand Tsunodaproposedto recognize� ve Japanesevowels (/a/, /e/, /i/, /o/,

and /u/) usinga frame-basedapproach[ST85]. TheSEMGsignalswerecollected

from threepositionsof theface,blockedinto framesandeachframewasclassi�ed

into oneof the� vevowelsusinga �nite automaton.A recognitionrateof 64% was

achieved.In thiswork, theactive/inactivestatusof eachchannelwasusedasSEMG

features.For eachSEMGframe,thenumberof crossingsof a thresholdlevel was

counted,if thesumexceededacertainthreshold,thechannelwasregardedasactive

at that frame,otherwise,the channelwasregardedasinactive. Eachchannelwas

assignedeithera `1' or `0' for anactiveor inactivestate.As a resultof this coding,

therewereonly eight possibleoutputsas therewereonly threeSEMG channels.

Thismayexplainwhy therecognitionratewasquitelow.



Chapter2 SEMGsignalprocessing 20

2.6 Applications of SEMG-basedspeechrecognition

2.6.1 Using SEMG to augmentconventional speechrecognition

systems

As the recognitionaccuracy of conventionalspeechrecognitionsystemsare sig-

ni�cantly degradedby a noisy environment,Chanet al. [CEHL02a] proposedto

supplementa conventionalspeechrecognitionsystemby usingtheSEMGsignals

asa secondaryinformationsource.They proposeda schemethat integrateda con-

ventionalspeechrecognizerandan SEMG-basedspeechrecognizer, concurrently

recordedSEMGsignalsandspeechsignalsbeingusedfor recognition.Their sys-

temwastestedundervariousenvironmentswith differentnoiselevelsandthe ex-

perimentalresultsshowed that the recognitioncapabilityof theSEMG-basedrec-

ognizerwasimmuneto noise,while the recognitionaccuracy of the conventional

speechrecognizerwassigni�cantly degradedat increasednoiselevels.Experimen-

tal resultsalsoshowed that the recognitionaccuracy of the integratedsystemwas

higherthanusingeitherindividual recognizer. As therearemuscleactivities prior

to theacousticsignals,researcherssuggestedincludingcertaindurationsof SEMG

signalsprior to the acousticsignalsto performrecognitionby using the acoustic

signalsasa trigger [CEHL01, CEHL02b]. The experimentalresultsshowed that

including 500ms of SEMG signalsprior to the acousticsignalsachievesthe best

recognitionrate.An averageclassi�cationrateof 83% wasobtainedusingthehid-

denMarkov modelto classifySEMGsignalsof tenEnglishdigits (zero, one, two,

..., nine).

2.6.2 Human-computer interface

Jorgensenand Binsteddemonstratedthe feasibility of applying an SEMG-based

isolated-word-recognitionsystemto constructa human-computerinterface[JB05].

In theirwork, aSEMG-basedword recognizerthatcanrecognizetenEnglishdigits
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andsix words(stop,go,left, right, alpha,omega) werepresented,arecognitionrate

of 73:13% wasachieved. The systemwasthenappliedto control a web browser.

Insteadof usinga keyboardto input hyperlinks,in their system,an alphabetwas

constructedfrom the ten Englishdigits andusedto generateinputs. Simplecom-

mandswereindicatedby thesix words.

2.7 Summary

This chapterbeganwith an introductionto the physiologicalnatureof the SEMG

signals.TheSEMGsignalsareinducedby anactionpotentialthatpropagatesalong

muscle�bers causingmusclecontractionandcanberecordedvia a high gaindif-

ferentialampli�er. Thesignalscanbeanalyzedin temporalandspectraldomains.

Examplesof SEMGfeaturesincludezero-crossingrate,amplitudeinformation,and

the short-timeFourier transform.SomeSEMG-basedspeechrecognitionsystems

andtheirapplicationswerereviewed.Mostof theproposedsystemsemployedtech-

niquesof isolatedword recognitionin conventionalspeechrecognition.In thenext

chapter, anintroductionto theSEMG-basedspeechrecognitionwill begiven.



Chapter 3

SEMG-basedspeechrecognition

3.1 Intr oduction

In thepreviouschapter, featureextractionfrom SEMGsignalswasdescribed.Fea-

turescommonlyusedinclude zero-crossing,amplitude,and frequency spectrum.

Basedon the extractedfeaturesfrom the SEMG signalrecordedfrom facial mus-

cles,researchershavedevelopedalgorithmsto recognizespeech.Fromthereviews,

it is foundthatmostof theseSEMGbasedsystemsemploy anisolatedword recog-

nition approach,in thatfeaturesaremappedinto a limited setof words,andneural

networks andhiddenMarkov modelsaretwo of the mostwidely patternrecogni-

tion techniques.In this chapter, an overview of SEMG-basedspeechrecognition

systemswill begiven.

This chapteris organizedas follows. A brief introductionto hiddenMarkov

modelsandtheapplicationof hiddenMarkov modelstoSEMG-basedspeechrecog-

nition is given in Section3.2. Section3.3 describesarti�cial neuralnetworks, the

useof neuralnetworks to SEMG-basedspeechrecognition,andtheadvantagesof

neuralnetworks.A summaryis givenin thelastsection.

22



Chapter3 SEMG-basedspeech recognition 23

S0
 S1
 S2


a
00
 a
22


a
12


a
11


a
01


Figure3.1: Left-to-RightHMM

3.2 Hidden Mark ov modelsapproach

3.2.1 Hidden Mark ov models

Figure 3.1 shows a basic three-stateleft-to-right hiddenMarkov model (HMM)

[RJ86] [Rab89],which is a probabilistic�nite statemachine(FSM) with a setof

statetransitionandobservationprobabilities.Thestatetransitionprobability is the

probabilityof astatetransitionfrom onestateto another, andtheobservationproba-

bility is theprobabilitythatastateemitaparticularobservation.A HMM calculates

a likelihoodscorefor aninput observationsequence.In Figure3.1,S0; S1; S2 are

thestatesandaij is theprobabilityof statetransitionfrom i to j . Figure3.2 is the

trellis representationwhich showsall possiblestatetransitionpaths.

GivenanobservationsequenceO = (o1; o2; :::; oT ), HMM decodingcalculates

P(Oj� ), which is the probability of the input observation sequencefor a given

model � . The result is the probability that the utterancerepresentedby model �

will producetheobservationsequenceO.

P(Oj� ) of coursecan be calculatedby enumeratingall possiblepathsin the

trellis diagram(seeFigure3.2)over theentireobservationsequence.In total, there

areN T possiblepaths,whereN is thenumberof HMM statesandT is the length

of the observation sequence.Assumingq = (q1; q2; q3; :::; qT ) is oneof the state
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Figure3.2: Trellis representationof Left-to-RightHMM

traversalpaths,theprobabilitycanbecalculatedasfollows:

P(Oj� ) =
X

al l q

P(Ojq; � )P(qj� )

=
X

al l q

P(O; qj� ) (3.1)

In practice,analternativeapproach,calledtheViterbi algorithmassociatedwith

amax functionis used[RJ93].P(Oj� ) is approximatedby themaximumP(O; qj� ),

which generatesabeststatesequenceqbest.

The iterative processto calculatethe scorefor an observation sequenceO =

(o1; o2; :::; oT ) is shown below. Assumingtheobservationprobability for an input

symbolot at statej is pj (ot ), thescorealongthebeststatesequenceat time t that

endsin statei is ht (i ), thenumberof HMM statesis N .

1. Recursionfor eachelementot in theobservationsequence:

ht (j ) = max
1� i � N

[ht � 1(i )aij ]pj (ot ) (3.2)
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2. Termination:

H = max
1� i � N

[hT (i )] (3.3)

whereH is theprobabilityof thebeststatesequence.

3.2.2 SEMG-basedspeechrecognitionusingHMMs

Figure3.3showsanSEMGbasedisolatedword recognitionsystemusingahidden

Markov model. The collectedSEMG signalsfor wordsareblocked into frames,

featuresareextractedfrom eachframeandconcatenatedto form featurevectors.As

a result,a sequenceof featurevectorscanbeproducedfor eachisolatedword. In

someapproaches,thesefeaturevectorsarevectorquantizedbeforebeingpresented

to a HMM decoder. As shown in this �gure, a separateHMM is usedfor each

word in thetargetsetandscoresfor thefeaturevectorsequencefor all HMMs are

calculated.Thewordwith themaximumscoreis chosenastheoutputword.

3.3 Neural network approach

Neuralnetworks,alsocalledarti�cial neuralnetworks,areanarchitecturefor com-

puting inspiredby our knowledgeof biologicalneuralnetworks. Thecomputation

of neuralnetworksmodeltheinformationprocessing�o w in neuralsystemsandare

commonlyusedfor patternrecognitionproblem[GM88, KL90, BAH05, Cho97,

Tay96]. The type of neuralnetwork usedin this work is multilayer perceptrons

[MP69].

3.3.1 Ar chitecture

A neuralnetwork containsanarrayof processingelements(neurons)thatlinkedby

connections(synapses).Eachsynapseis assignedaweightto representthestrength

of connectionbetweenthe processingelements. The functionality of the neural

network is encodedin thestrengthsof theconnections.
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Figure3.4: A neuron.

Figure3.4 shows thebasicprocessingelement:a neuron.Thearrows indicate

the inputsandoutput,x denotestheoutputof previousneuronsandw denotesthe

weightingof eachsynapse.A neuroncomputestheweightedsumof all its inputs

to form anactivationparameterz:

z =
NX

i =1

x i wi ; (3.4)

whereN is thenumberof inputs.Theoutputof theneuronis de�ned by a transfer

functionf (z). Somecommonlyusedfunctionsare:

Sign:

f (z) =

8
<

:

1; if z � 0

� 1; if z < 0.
(3.5)

Sigmoidal:

f (z) =
1:0

1:0 + e� z
: (3.6)

Tan-Sigmoidal:

f (z) = tanh(z): (3.7)

Log-Sigmoidal:

f (z) = log(z): (3.8)
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A three-layerneuralnetwork architectureis shown in Figure3.5,in whichneu-

ronsarearrangedinto threelayers:input layer, hiddenlayer, andoutputlayer. The

network processesan input patternin a strictly feedforwardmanner, i.e. an input

patternis presentedto the input neuronsandsignalpassthroughthe hiddenlayer

and�nally reachtheoutputlayer. Neuronsin thehiddenlayerandoutputlayerhave

multiple inputsanda singleoutput.However, neuronsin theinput layerarediffer-

ent. They have a single input andsingleoutputwith an identity transferfunction

f (z) = z. Theoutputsof theneuronsin thehiddenlayerandoutputlayerare:

zj (l) =
N l � 1X

i =1

x i (l � 1)wij (l) (3.9)

x j (l) = f (zj (l)) (3.10)

wherel denotesthel-th layer(2 � l � L), L is thetotalnumberof layers(L = 3 in

Figure3.5),N l � 1 is thenumberof neuronsat the(l � 1)-th layer, i denotesthei -th

neuronsin the(l � 1)-th layer, j is thej -th neuronin thel-th layer, wij (l) denotes

theweightof theconnectionbetweenthe i -th neuronin the(l � 1)-th layer to the

j -th neuronin thel-th layer.

Becauseof thenonlinearitiesof neuronsandtheweightsof connections,a large

numberof functionscan be approximatedby a multilayer neuralnetwork given

suf�cient numberof hiddenneurons.

3.3.2 Training

A neuralnetwork is trainedby supplyingaseriesof inputpatternswith correspond-

ing responses(targets).Theweightsbetweenneuronsareadjustedaccordingto the

level of successin reproducingthe targets,in otherwords,distancesbetweenthe

producedoutputsandthetargets.

Thetrainingof a neuralnetwork involves�nding theoptimalweightsbetween

neuronsthatminimizeanerrorfunction:
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Figure3.5: A threelayer neuralnetwork architecturewith � ve input nodes,four
hiddennodes,andtwo outputnodes.

e(w) =

P P
k=1

P N
j =1 (t (k)

j � zj
(k))

2

N � P
; (3.11)

whereN is is thenumberof neuronsat theoutputlayer, P is thenumberof training

vectors,t j
(k) andzj

(k) arethe target andneuralnetwork outputat the j -th neuron

for thek-th trainingvectorrespectively, w representsall theweightsin thenetwork.

A commonlyusedlearningmethodis backpropagationalgorithm [RHW86],

which is a gradientdescentbasedlearningmethod,and the weightsare updated

accordingto thefollowing formula:



Chapter3 SEMG-basedspeech recognition 30

� wij (l) = � �
@e(w)
@wij (l)

(3.12)

wij (l) = wij (l) + � wij (l) (3.13)

where� is a constantrepresentsthelearningrate.

3.3.3 SEMG-basedspeechrecognitionusingneural networks

Figure3.6shows anSEMGbasedisolatedword recognitionsystemusinga neural

network. The numberof output nodesequalsto the numberof words and each

outputnoderepresentsa word. During training,anoutputnodeis setto 1 whenthe

target is the word representedby the nodeand,� 1 or 0 otherwise.To recognize

a word, isolatedSEMG signalsfor a word are�rst recordedfrom differentfacial

positions.FeaturesarethenextractedfromtheSEMGsignalsandinputto theneural

network in parallel. Thevaluesof theoutputnodesrepresentthescoresof targets,

in otherwords,theweightingthataninput featurevectorbelongsto eachtarget.By

�nding themaximumweighting,themostlikely targetwordcanbedecided.

3.3.4 Featuresof neural networks

In this work, a three-layer(onehiddenlayer) neuralnetwork is usedto map the

featuresfrom SEMG domainto speechdomainbecauseits ability to modelnon-

linear functions[HSW89] while makingminimal assumptionsaboutthestatistical

propertiesof thesignals.

Noisetolerance

TherecordedSEMGsignalsarenoisy, e.g.theelectricalnoisepickedupby human

and transmissionlines, noisein the �ltering andampli�cation circuit board,and

thenoisedueto humanartifactssuchassuddenmovementof electrodes.Although

the noisecanbe reducedby carefully designthe experimentalsetup,it cannotbe



Chapter3 SEMG-basedspeech recognition 31

Feature

extraction


. . .


. . .


. . .


Input layer


Hidden layer


Output layer


Isolated SEMG signal recording from

difference facial positions


Find Maximum Score


Output Word


Neural

network


architecture


Position 1


Position 2


.


.


.


Feature

extraction


. . .


. . .
 . . .


Figure3.6: Neuralnetwork basedSEMGword recognition.



Chapter3 SEMG-basedspeech recognition 32

removedtotally. Thus,thenoiseis unavoidableandcanbeampli�ed togetherwith

theSEMGsignal. Neuralnetworksarecapableof classifyingnoisydata[MT00],

this capabilitymakingthemagoodchoicefor theanalysisof SEMGsignals.

Nonlinearity

As introducedin previouschapter, theSEMGsignalsarethesuperpositionof action

potentialsof many muscle�bers andis by naturequasi-randomandlargely aperi-

odic [FC86]. This leadsto thedif�culties in featureselectionduringSEMGsignal

analysis,as the correlationbetweenthe selectedfeaturesand physiologicalphe-

nomenais unclear. Thenonlinearitynatureof neuralnetworksthusmakesit ideally

suitedfor SEMGsignalanalysis.Gevinset. al. [GM88] show thatneuralnetworks

areusefulin analyzingsignalswith unknown characteristicsandwithout prior as-

sumptionsaboutthestatisticalpropertiesof thesignals.OtherthanSEMGsignals

[HPS93], neuralnetworksarealsobeingusedto analyzeECG(electrocardiogram)

signalandidentify cardiovasculardiseaseswith veryhighaccuracy [LJ91].

Neural network in speechprocessing

Besidesthe applicationsof neuralnetworks in SEMG signal analysis,it is also

beingwidely usedin speechprocessing.Previouswork hasshown thatneuralnet-

works yield high accuracy in conventionalspeechrecognition[WC93] [CHS+ 98]

[KHJC04]andin factthestandardtechniquefor thisapplication.

3.4 Summary

In this chapter, brief introductionsaboutneuralnetworksandhiddenMarkov mod-

els andtheir applicationsto SEMG-basedspeechrecognitionweregiven. Neural

networks area computingarchitectureinspiredby the interconnectedneuronsof

the brain which canmodelnonlinearfunctions. In this work, a three-layerneural
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network is chosenbecauseof its powerful capabilityof nonlinearfunctionapprox-

imation and outstandingfeaturessuchas nonlinearityand noisetolerance. The

functionalityof theneuralnetwork usedin this work is mappingthefeaturesfrom

SEMG domainto speechdomain,andthe convertedspeechfeaturearethenused

to synthesisthe speechwaveform. In the next chapter, variousspeechsynthesis

techniqueswill beintroduced.



Chapter 4

Speechsynthesis

4.1 Intr oduction

Speechsynthesistechniques,usedto reconstructspeechwaveformsin thiswork,are

describedin this chapter. Two major synthesismethodsareintroduced:the linear

predictive coding(LPC) vocoderandtheconcatenative method.A brief introduc-

tion to thehumanspeechproductionmechanismis givenasit is thebasisof LPC

vocoder. As LPC coef�cients are the widely usedspeechfeatures,which is also

usedin thiswork, themethodof computingLPCcoef�cients (calledLPCanalysis)

is alsodescribed.

This chapteris organizedasfollows. A brief introductionto thehumanspeech

productionmechanismis givenin Section4.2. TheLPC vocoderandthecomputa-

tion of LPC coef�cients arethendescribedin Section4.3. This is followedby an

introductionto the concatenative synthesismethodin Section4.4. A summaryis

givenin thelastsection.

4.2 Speechproduction

This sectionpresentsanoverview of thehumanspeechproductionmechanism,de-

scriptionsof speechproductionandLPC modelaredetailedin [RJ93]. Figure4.1

34
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illustratesa cross-sectionof thehumanspeechproductionsystem.Thegrosscom-

ponentsof the systemare the lungs, vocal cords,noseand variouspartsof the

mouth.Usually, thepharyngealandoral cavities arecalledthevocaltract [HH01].

Thespeechproductionprocessinvolvesthefollowing processes:

� Air enteringthelungsvia normalbreathing.

� Contractionof lungsto produceanair stream.

� Vibrationof theair streamat thevocalcord.

� Resonanceof theair streamat thevocaltract. By openingthevelum,theair

streamcanalsoberesonatedat thenasalcavity.

Varioussoundsare producedby different vibration frequenciesof the vocal

cordsandresonancefrequenciesof thevocaltract,wherethevibrationfrequency is

controlledby thetensionof vocalcords,andtheresonancefrequency is controlled

by theshapeof vocaltract,e.g.lip roundingandpositionof thetongue[Bre92].

4.2.1 Vibration of vocalcords

Figure4.2showsasuperiorview of thevocalcords.Whenthevocalfoldsaretense,

thetwo vocal folds areheldclosetogetherandtheglottis is closed.Theair stream

from the lungsis obstructedandthereis no air �o w in the vocal tract. However,

as the pressurekeepsincreasingandovercomesthe resistanceof the vocal folds,

they aremoved apartandthe glottis opens.A rapid air streamthenpassthrough

theglottis andcausesthepressureon thevocal folds to bedecreased.Thetension

on thevocal folds makesthemfall backinto placerapidly andtheglottis is closed

again.This open-closeprocessis repeatedandthepitch of humansoundis closely

correlatedto theopen-closefrequency of theglottis.
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4.2.2 Voicedand unvoicedsound

The vibrationof vocalcordsplaysan vital role in producingvoicedandunvoiced

sounds:

� Voiced: Whenthevocalfoldsareoscillatingduringaspeechsound,thesound

is saidto bevoiced,e.g.whenpronouncingvowels.

� Unvoiced: Whenthevocal folds aretoo slackto oscillateduringspeech,the

soundis saidto beunvoiced,e.g.someconsonants,s, f, etc.
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4.3 LPC vocoder

Figure4.3showsanLPCvocoderfor speechsynthesis.Theenergy of theair stream

expelledfrom lungsis modeledby a gainG. Thevocalcordsaremodeledby two

signal train generatorswhich generatean excitation term u(n). An impulsetrain

generatormodelsthevibrationof vocalcordswhenit is tenseandawhiteGaussian

noisegeneratormodelsthe slackstateof the vocal cords. For a voicedsound,a

periodicimpulsetrain with unity amplitudefrom theimpulsetrain generatoris se-

lected.A whiteGaussiannoisetrain is chosenfor unvoicedsounds.A timevarying

digital �lter is usedfor modelingthearticulationtract,i.e. thevocaltractandnasal

tract.Thesynthesisof speechcanbedescribedasfollows[Dut97]:

S(z) = E(z)
1

Ap(z)
(4.1)

s(n) =
pX

i =1

ai s(n � i ) + e(n) (4.2)

wheree(n) = Gu(n), p is the �lter orderandtheai is the �lter coef�cients which
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Figure4.3: LPC-basedspeechsynthesis.

de�ne theresonancebehaviors (frequency response)of thetime varyingdigital �l-

ter. Thecomputationof the�lter coef�cients is known asLPCanalysis.

4.3.1 LPC analysis

FromEquation4.2,onecanseethatspeechcanbeapproximatedasa linearcom-

binationof the previous p speechsamples.LPC analysisthuscomputesthe �lter

coef�cients from theinputspeechsignal,andminimizesthesumof thesquareddif-

ferencebetweentheoriginal speechandtheapproximated(synthetic)speech.The

extracted�lter coef�cients arecalledLPC coef�cients. This techniqueis widely

appliedin speechrecognitionandcodingto representspeechfeatures[Tre82]. In

thiswork, it is alsousedasaspeechfeature.

Assumespd(n) is theLPCapproximatedspeech,ands(n) is theoriginalspeech.
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LPCanalysistriesto �nd the�lter coef�cients ai by minimizingthefollowing error

function:

Ee = E[s(n) � spd(n)]2 (4.3)

= E[s(n) �
PX

k=1

aks(n � k)]2 (4.4)

whereP is the �lter order. The minimum Ee canbe found by taking the partial

derivativewith respectto eachak andsettingthemto zero,giving:

E[s(n � i )s(n)] =
PX

k=1

akE[s(n � i )s(n � k)]: (4.5)

By de�ning:

 (i � k) = E[s(n � i )s(n � k)]; (4.6)

 (i ) = E[s(n � i )s(n)] (4.7)

The�lter coef�cients ak canbefoundbysolvingthefollowingequations[RJ93]:

2
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4

 (0)  (1)  (2) : : :  (P � 1)
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...
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(4.8)

Two popularmethodsto solve theabove equationsaretheautocorrelationand

covariancemethods.MoredetailsabouttheLPCanalysiscanbefoundin [RJ93].
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4.4 Synthesisby waveform concatenation

The LPC-basedspeechsynthesizerwasdevelopedfrom knowledgeof the human

speechproductionmechanism.Concatenativespeechsynthesis,however, useslim-

ited informationaboutthe speechsignalsand synthesizesspeechby concatenat-

ing pre-recordedspeechsegments[Bre92]. This methodrequireslargememoryto

storethepre-recordedspeechsegments,but it is becomingmorepopularwith the

reducedcost of computermemory. This methodis often yields superiorspeech

quality [HAH01].

Figure4.4illustratesthesynthesis�o w. Thespeechsegmentdatabaseis formed

fromprimitivesfromthegivenlanguage,e.g.42phonemesfor English.Thesynthe-

sissegmentdatabaseis thepre-recordedspeechsetfor eachelementin thespeech

segmentdatabase.Eachsegmentmayberecordedseveraltimesunderdifferentcon-

ditions for betterquality, e.g. differentpitchesto make thesyntheticspeechmore

natural.Thespeechis synthesizedasfollows:

� Thespeechtext is split into segmentsbasedon thespeechsegmentdatabase

andasegmentsequencegenerated,e.g.if phonemesarechosenasthespeech

segment,thewordshecanbesplit into thephonemesequenceSH-IY.

� Thesegmentmatchingandloadingprocesssweepsthesegmentsequenceand

retrieves the correspondingsegmentwaveform from the synthesissegment

database.

� Theretrievedsegmentwaveformsareconcatenatedin orderto form theseg-

mentsequence.

� Thetransitionsbetweensegmentwaveformsaresmoothedto reducethedis-

continuitiesandmake thesyntheticspeechmorenatural.

In thiswork,phonemeframeis chosenasthebasicspeechsegment.Thesynthe-

sissegmentdatabasestorestheenframedspeechwaveformfor eachphonemes.A
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neuralnetwork is usedto classifySEMGframesanddecidewhich phonemeframe

shouldbe retrieved andconcatenated.Detailsaredescribedin Chapter5. Using

phonemescanreducethecomplexity of theproblemasthereareonly 42phonemes.

It is believedthat thesynthesisquality canbe further improvedby applyingmore

sophisticatedsynthesistechniques.This work concentrateson generatingcorrect

phonemesequencesbasedon thecorrespondingSEMGsignals.

4.4.1 Smoothingtransition betweenspeechsegments

As mentionedabove, the transitionbetweenspeechsegmentsshouldbesmoothed

to reducethediscontinuities.A popularmethodto reducethediscontinuityis called

the overlap-and-addtechnique[HAH01]. Using this technique,eachspeechseg-

mentis multiplied with a taperedwindow, thenthe startof eachsegmentis over-

lappeda certaindurationwith theendof its previoussegmentandaddedtogether.

A commonlyusedwindowing functionis theHanningwindow, de�ned asfollows:

w[i ] = 0:5 � 0:5cos[
2� i

N � 1
]; 0 � i � N � 1; (4.9)

whereN is thesegmentlength.Thiswindow functionis usedin thiswork. Assume

p[n] andq[n] aretwo speechsegmentsto beconcatenated.After multiplicationwith

thewindow function:

p0[n] = w[n]p[n]; 0 � n � d1 (4.10)

q0[n] = w[n]q[n]; 0 � n � d2 (4.11)

whered1 andd2 arethe lengthof p[n] andq[n] respectively, the resultingspeech

s[n] canbeformedasfollows:

s[n] =

8
>>><

>>>:

p0[n] if 0 � n � d1 � R � 1

p0[n] + q0[n � d1 + R] if d1 � R � n � d1 � 1

q0[n � d1 + R] if d1 � n � d1 + d2 � R � 1

(4.12)
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whereR is thelengthof theoverlappingregion.

4.5 Summary

This chapterbegan with an introductionto the humanspeechproductionmech-

anism,which involves threesteps: the contractionof lungs, the vibration of vo-

cal cords,andthe resonancein the vocal tract. Two speechsynthesistechniques

werethenintroduced.TheLPC vocoderis basedon speechproductionmechanism

andLPC coef�cients areusedasspeechfeaturesin this work. The concatenative

methodsynthesizesspeechby simplyconcatenatingpre-recordedspeechsegments.

Phonemesarechosenas the speechsegmentsin this work and the transitionbe-

tweenphonemescanbesmoothedusinganoverlap-and-addtechnique.In thenext

chapter, the designmethodologywill be presented,including the SEMG feature

extractionandconversionto speech.
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An SEMG-basedspeechsynthesis

system

5.1 Intr oduction

In previous chapters,backgroundon the natureof SEMG signals,classi�cation

techniques,and speechsynthesishave beenintroduced. Previous SEMG-based

speechrecognitionsystemswerealsointroducedwherethefeaturesextractedfrom

SEMGsignalwereclassi�ed into a setof words,however, variouslimitationsexist

in thesekindsof systems.A frame-basedapproachwill beintroducedin this chap-

ter, wherethe featuresareextractedfrom enframedSEMG signalsanda speech

waveformis synthesizedona frame-by-framebasis.

The chapterbegins with a discussionof the limitations of previous work on

SEMG-basedspeechrecognitionand the challengesof this work. The proposed

methodologyfor SEMG-basedspeechsynthesisis thenpresented.This is followed

by a discussionof somedesignconsiderationsanda summaryis given in the last

section.

44
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5.2 Limitations of previouswork

Previous work reviewed in Section2.5 demonstratethe feasibility of recognizing

speechbasedon SEMG signals. However, most of the previously proposedap-

proachesfocusedon recognizingor classifyingSEMG signalsinto a limited set

of words. Theseapproachesaresimilar to conventionalisolatedword recognition

systems[RL81] in that theremustbe suf�cient silenceintervals beforeandafter

thespeechsignals,i.e., thewordsmustbesegmentedandisolatedfrom eachother

beforerecognitioncanbe taken place. Although theseapproachesachievedsatis-

factoryperformancefor SEMG signals,e.g. in [CEHL02b] and [KKAB04], the

recognitionaccuracieswereover 80%, they arenot suitablefor large vocabulary

speechrecognitionandvariouslimitations exist [HAH01] [RRWK83]. Thesein-

clude:

� Untrainedwords: Word recognitionsystemshave dif�culties in recognizing

untrainedwords.Sincetherecognitionmodelis built from words,in orderto

recognizeanew word,therecognitionmodelsmustberetrained.

� Availability of trainingdata: Whentherearelargenumbersof words,it is dif-

�cult to collecta largeamountof trainingdatafor eachwordwhile including

includesall variabilitiesof theword.

To addressthelimitationsof conventionalisolatedword recognition,insteadof

building whole-wordrecognitionmodels,researchersproposedto recognizespeech

by building recognitionmodelswith smallerunits[RRWK83]. Thiswork proposes

to synthesizespeechfrom SEMGsignalsusinga frame-basedapproach.Previous

work on recognizingphonemesusinga frame-basedapproachobtainedpooraccu-

racy, e.g.64% in [ST85]. As pointedout by MorseandO'Brien [MO86], informa-

tion for distinguishingSEMGsignalsfor differentwordswereobservedthroughout

thedurationof thewholeword. Moreover, from their investigationson the corre-

lation betweendatawidth andperformance,they showedthatusinglargerportions
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of the whole word's SEMG signalsto perform recognitioncould achieve better

accuracy. TheseexperimentalresultsshowedthatrecognizingSEMGframes(por-

tion of thewholeword's SEMGsignals)is moredif�cult thanrecognizingSEMG

signalsof the whole words(isolatedSEMG word recognition). Their experiment

on distinguishingSEMG frameschoppedfrom the whole wordsshowed that, the

recognitionaccuracy wasonly 40% for thesamesubjecton a eight-word set. This

work investigatingthefeasibility of synthesizingspeechfrom SEMGsignalsusing

a frame-basedapproachis evenmorechallenging.

5.3 The proposedmethodology

To synthesizespeech(wordsor sentences)usingthe proposedmethodology, fea-

turesareextractedfrom enframedSEMG signalsandclassi�ed into a numberof

phoneticclasses,the classi�cation is doneby a neuralnetwork which is trained

using featuresextractedfrom parallel recordedSEMG and speechsignals. The

producedsequenceof phoneticclassnumberare mappedto acousticsignalsby

concatenatingcorrespondingpre-recordedspeechwaveforms.

5.3.1 SEMG sensorpositioning

Threechannelsof SEMGsignalswerecollectedandanalyzedasshown in Figure

5.1. The�rst channelwascollectedfrom thecheekabout2.5cmfrom thenose,the

secondchannelwascollectedfromthechinandthethird channelwascollectedfrom

the lower lip. An additionalelectrodewasattachedto the foreheadasa reference

point. Speechwasrecordedusinga microphone.TheSEMGsignalwasampli�ed

with a gain of 1000using the circuit given in Appendix A. Both the ampli�ed

SEMGsignalandspeechwererecordedconcurrentlyusinga NationalInstruments

PCI6024EPCIdataacquisitioncard[Nat] at asamplingrateof 8000Hz.
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Figure5.1: Electrodeplacement:SEMGsignalswerecollectedfrom thecheek,the
chin,andlower lip, foreheadwasusedasreferencepoint.

5.3.2 Speechfeatureextraction

All speechsignals(phonemes)in thetrainingsetareblockedinto 22:5 msframes,

andthereis no overlappingbetweenframes.This schemehasbeenusedin speech

codingstandard[Tre82]. For eachspeechframe,ten linearpredictive (LP) coef�-

cients,pitchandrootmeansquarevalueareextracted.Thepitch is thefundamental

frequency of humanspeech,which is correlatedto the vibration frequency of the

vocal cordsasdescribedin Section4.3, andthe root meansquarevalue(RMSV)

is correspondingto theenergy. TheextractedLP coef�cients, pitch,androot mean

squarevalueextractedfrom eachspeechframeareconcatenatedto form a speech

featurevector(Figure5.2).

Unsupervisedclustering,basedon theK-Meansalgorithm(seeAppendixB), is

thenusedto extracttherepresentativefeaturevectorsfor thephonemesandsilence.

Theextractedfeaturevectorsform a speech-feature-vectorcodebookwhich canbe

usedto labeltheSEMGsignalduringneuralnetwork training.
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Figure5.2: Speechfeatureextractionandformingspeech-feature-vectorcodebook.
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Figure5.3: Frame-basedfeatureextractionandneuralnetwork training.
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5.3.3 Neural network training

ThespeechandSEMGsignalarerecordedconcurrently, trainingpairs(input-target

pairs)for theneuralnetwork beingformedfrom theparallelrecordeddataasshown

in Figure5.3.This involvesformingandlabelingtheSEMGfeaturevectors.

� Forming SEMG featurevectors: The SEMG signalsof training phonemes

from differentSEMGchannels(two channelsin this �gure) areblockedinto

frames,andfeaturesareextractedfrom eachSEMGframe. SEMGfeatures

selectionandSEMGchannelpositioningwill bediscussedin thenext chap-

ter. Theextractedfeaturesfrom differentchannelsareconcatenatedto form

SEMGfeaturevectors.

� LabelingtheSEMGfeaturevectors: Theparallelrecordedspeechsignalsof

thetrainingphonemesareblockedinto framesandtheextractedspeechfea-

turevectorsarequantized(seeAppendixC) usingthespeech-feature-vector

codebook.Thus,eachspeechframeis representedby a codebookindex. Be-

causethe codebookis formedby the representative speechfeaturevectors,

thespeechfeatureindex indicatesto whichphonemeaspeechframebelongs.

As theSEMGandspeechsignalsarerecordedin parallel,thespeechfeature

index alsoindicatesto whichphonemeanSEMGframebelongs.

Eachof the concatenatedSEMG featurevectorsis thus pairedwith the cor-

respondingspeechfeatureindex to form an input-target training pair. The neural

network, which takesan SEMG featurevectoras input andproducesspeechfea-

ture indicesasoutput, is trainedusingthe input-target pairs. It is notedthat only

phonemesareinvolvedin training.

In thiswork,athree-layerfeed-forwardbackpropagationneuralnetwork is used.

Thenumberof input nodesis equalto thenumberof SEMGfeatures.Thenumber

of outputnodesis eight,astherearesevenphonemes,oneoutputnodeis allocated

for eachphoneme,andanadditionaloneis usedfor silence.
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5.3.4 Speechsynthesis

After theneuralnetwork is trained,it canbeappliedto synthesizespeechfrom input

SEMGsignals. In additionto synthesizingphonemes,theSEMG-basedsynthesis

methodproposedcanalsobe appliedto synthesizewordsasshown in Figure5.4.

To this end, SEMG signalsrecordedare blocked into frames,the featuresfrom

differentSEMG channelsareconcatenatedto form SEMG featurevectors. Then

the neuralnetwork is usedto classifythe concatenatedSEMG featurevectorinto

oneof thesevenphonemesor silence,whichresultsin asequenceof speechfeature

indicesfor eachword to besynthesized.

The error rateof the producedsequenceof speechfeatureindicescanbe im-

provedby usinganphoneticsmoothingtechnique,which is developedby assuming

mid-termstationarityof speechsignals.Thedetailswill bediscussedin Section5.4.

After smoothingthe sequenceof speechfeatureindices,a concatenative syn-

thesismethodis appliedto reconstructthetargetspeechin a frame-by-framebasis.

Basedon the error correctedspeechfeatureindices, target phonemeframesare

loadedfrom the pre-recordedsetandconcatenatedto form the completespeech.

Thetransitionbetweenphonemesis smoothedusingoverlapandaddmethod.

5.3.5 Potential Advantages

Thetrainingdatasetconsistsonly of phonemes,but theproposedmethodis capable

of recognizingany wordswhosephonetictranscriptionis formedfrom thetraining

phonemeset. Although the numberof recognizedwords increasesexponentially

with thenumberof phonemesinvolvedin training,usingthismethod,anunlimited

vocabularycontinuousspeechsynthesisis potentiallyrealizable.
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Figure5.4: Speechsynthesisfrom inputSEMGsignal.
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5.4 Designconsiderations

The proposedmethodologyis a frame-basedsynthesisapproach,several aspects

needto beaddressed.

5.4.1 SEMG featureextraction

Thereview in Section2.5 showedthatspectralfeaturesareusefulandyield better

performancethantemporalfeatures.The spectralfeaturesthusshouldbe chosen

carefully. This work provides an analyticalanalysison the selectionof the fre-

quency bandcoef�cients.

5.4.2 SEMG frame size

TheSEMGframesizeshouldbechosencarefully, becauseit affectsthefrequency

resolution[KGA01]. If asmallframesizeis used,bettertime resolutioncanbeob-

tained,but this resultsin poorfrequency resolution.On theotherhand,usinglarger

framesizecanimprovethefrequency resolution,but resultsin a lossof information

betweenadjacentframes.In this work, correlationbetweenframesizeandperfor-

manceis analyzed,�nding optimalframesizethatcanbalancetheperformanceand

maintainmaximumtime resolutionis addressed.

5.4.3 Channelpositioning

PreviousproposedSEMG-basedword recognitionsystemusingSEMGsignalcol-

lectedfrom different positions,suchas a two-channelsystem[JLA03] from the

chin,athree-channelsystem[MZ04] from cheek,chin,andupperlip, a� ve-channel

system[CEHL01] from major facial muscles.The effect of differentchannelsin

distinguishSEMGframesfor differentspeechhasnot beenaddressed.Analyzing

the correlationbetweendifferentsensorpositionsand performanceis one of the

majorconcernin thiswork.
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5.4.4 Smoothingphoneticsequence

To synthesizespeech,inputSEMGsignalsareclassi�edinto ansequenceof speech

featureindices.Dueto classi�cationerrors,someindicesin theproducedsequence

areincorrect(Figure5.5),andthesemisclassi�cationsappearasfragmentsembed-

dedin thesequence.Basedon thisobservation,asmoothingtechniquewasapplied

in anattemptto removethesefragments.

Majority-�lter -basederror correction

Basedon the observation that voiced speechsignalsare fairly stationaryover a

shortperiodof time and,in contrast,characteristicsof thesignalchangeover long

periodsof time, i.e. on theorderof 200msor more[RJ93]. A majority �lter which

attemptsto remove glitchesdueto misclassi�cationwasstudied. This correction

techniqueinvolvesscanningtheproducedsequenceof speechfeatureindicesover

a window of 9 indices(i.e. 202.5ms)with step1, the index id with the highest

frequency f within thewindow is found,anda new index equalto id is produced

if thefrequency f exceeda threshold.Fromtheexamplein Figure5.5,onecansee

that,afterapplyingmajority �ltering, errorindicesin phonemeSHarecorrected.

Corr ection basedon triggering

Therearestill someerrorsthatcannotbecorrectedby employing a majority-�lter -

basederrorcorrectiontechnique,especiallywhentheerrorindicesarecloseto each

other. From the examplein Figure5.5, onecanseethat, therearestill incorrect

indicespresentin phonemeIY afterapplyingthis technique.

Thetrigger-basedcorrectionprocesssweepstheindex sequenceusingawindow

of nine consecutive indiceswith step1, and an index is generatedbasedon the

similarity of all indicesin eachwindow. If all thenineindicesarethesame,anindex

equalto thenine indices,is generated.Thegeneratedindex remainsunchangedif

theindicesin thenext window arenot thesame,andtheindex changesagainwhen
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Figure5.5: An exampleshowing theclassi�cationerror in thesequenceof speech
featureindicesfor word she. Thearrows indicatethemisclassi�cationin thepro-
ducedsequence.
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Figure5.6: Majority �lter basedsmoothingtechnique.Whereoseqis thesequence
producedby neuralnetwork, nseqis the smoothedsequence,n is the sequence
lengthof oseq.
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Chapter5 An SEMG-basedspeech synthesissystem 58

thenext nineindicesarethesame.For theexamplein Figure5.5,aftersweepingthe

sequenceproducedbyneuralnetwork, theerrorsin phonemeIY, cannotbecorrected

by majority-�lter technique,is corrected.However, a problemarises,moreerrors

areproducedin theresultingsub-sequenceof phonemeSH.

Hybrid approach

An hybrid approachthat integratingmajority-�lter andtrigger techniquesis used

to correctthe classi�cation error. The sequencegeneratedby neuralnetwork is

�rstly passthroughthe correctionprocessbasedon majority-�lter , the smoothed

sequenceis thenpassedto trigger-basedcorrectionprocessfor further smoothing.

Themajority-�lter basedprocessis removing thesingleindex error, andthetrigger-

basedprocessstrengtheneachsub-sequence.As shown by Figure 5.5, all error

indicesarecorrectedafterusingthehybridsmoothingtechnique.

5.4.5 Smoothingphonemetransition

Theoverlap-and-addtechniqueis usedto reducethediscontinuitybetweenphoneme

transition.Eachphonemeisoverlapped25%of its lengthwith itsadjacentphonemes,

thephonemewaveformis multipliedwith aHanningwindow beforeaddedtogether.

5.5 Summary

In this chapter, a methodologyto synthesisspeechfrom SEMGsignalis presented.

To synthesisspeech,input SEMGsignalis blockedinto frames,featuresextracted

areclassi�ed into sequenceof phoneticlabels,concatenative methodis thenused

to reconstructedthe original speechwaveform basedon the sequenceof phonetic

labels. Several aspects,suchasSEMG featureselectionandchannelpositioning,

shouldbecarefullyaddressed.A hybridsmoothingtechniqueis proposedto correct

theerrorsin thesequenceof phoneticlabels,whichconsistsof majority-�lter -based
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andtrigger-basedcorrectiontechnique.

Sincetheneuralnetwork is trainedusingfeaturesextractedfrom theenframed

phonemeSEMGandspeechsignal,speechis thensynthesizedframeby frame,the

proposedmethodologyis applicablefor continuousspeechsynthesiswith unlimited

vocabulary. In thenext chapter, someexperimentalresultswill bepresented.



Chapter 6

Spectral featureassessmentof SEMG

signals

6.1 Intr oduction

In the previous chapter, a frame-basedspeechsynthesismethodwas introduced,

wherethefeatureswereextractedfrom enframedSEMGsignalsandclassi�ed into

phoneticclasses.Frequency bandcoef�cients areusefulfeatureto analyzeSEMG

signals,however, parametersof �lter bandcoef�cient areoftenselectedarbitrarily,

e.g. in [PBYTI02]. It is believedthatspectralfeatureselectionplaysa vital role in

distinguishdifferentspeechandperformancecanbeimprovedbycarefullyselecting

spectralfeatures.In thischapter, thespectralfeatureselectionprocessconductedin

thiswork will bediscussedin detail.

This chapteris organizedas follows. The divergencescore,usedto measure

thequality of features,is introducedin Section6.2. This is followedby a descrip-

tion of the datasetusedin Section6.3. Two spectralfeatureextractionmethods,

non-overlappingfrequency bandandoverlappingfrequency band,aredescribedand

comparedin Section6.4and6.5.Thespectralfeatureusedin thiswork is presented

in Section6.6andsummaryis givenin thelastsection.

60
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6.2 Separability measuring

To measuretheef�cacy of variousfeatures,oneapproachis to directly presentthe

extractedfeaturevectorsto a neuralnetwork and then evaluatethe classi�cation

performance.However, astherearea largenumberof differentfeatureextraction

schemes,it would beprohibitively time consumingto testall combinations.In this

work, divergence[TK03] is thususedto measurethe utility of differentfeatures.

Thedivergenceis inferredfrom theBayesclassi�cationrule andusedasa separa-

bility measureof two distributions. In Bayesclassi�cationrule, given two classes

! 1 and! 2, a featurevectorx is classi�ed into ! 1 if

P(! 1jx) > P(! 2jx):

Alternatively, thelikelihoodratiobetweenP(xj! 1) andP(xj! 2) thusrepresents

the discriminatorycapability betweentwo classes! 1 and ! 2, and the meanlog

likelihoodratio overclass! 1 is calculatedas

DIV1 =
Z + 1

�1
P(xj! 1) ln

P(xj! 1)
P(xj! 2)

(6.1)

andfor ! 2

DIV2 =
Z + 1

�1
P(xj! 2) ln

P(xj! 2)
P(xj! 1)

(6.2)

Thedivergencebetweenthetwo classes,! 1 and! 2, is calculatedasthesum

DIV12 = DIV1 + DIV2: (6.3)

Theaboveequationcanbetransformedto

DIV12 =
1
2

tr ace(� � 1
1 � 2 + � � 1

2 � 1 � 2I )+

1
2(� 1 � � 2)0(� � 1

1 + � � 1
2 )( � 1 � � 2); (6.4)
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where� 1 and� 1 arethe meanandcovarianceof class! 1, and� 2 and� 2 arethe

meanandcovarianceof class! 2. Theaveragedivergenceis calculatedasfollows:

DIV AVG =

N � 1X

i =1

NX

j = i +1

DIV ij

N � 1X

i =1

i

; (6.5)

whereN is thenumberof classes.In thiswork, N is equalto 8, which includesone

silenceclassand7 phonemeclasses(Section6.3).

Anotherterm,ASF DIV AVG, is usedto analyzetheaverageseparabilitycapa-

bility of individualfeatureswithin thefeaturevector, wheretheaveragedivergences

for individualfeatures,DIV AVGs,arecalculatedusingEquation6.5,andtheaver-

ageof theseis calledtheASF DIV AVG coef�cient, i.e.

ASF DIV AVG =

X

k

DIV AVG

P
; (6.6)

wherek is the kth dimensionof the featurevector, andP is the total dimension

numberof thefeaturevector.

6.3 Analysisdata set

Usingtheexperimentalsetupdescribedin Section5.3.1,ananalysiswasdoneusing

a phonemesetconsistingof: ae, iy, ao, uw, sh,f ands. Datasetswererecordedin

a twenty-secondperiod,during which the speaker repeatedlypronounceda given

phoneme.Thisprocesswasrepeatedfour timesfor eachphonemeandthecollected

datawasusedfor analysis.Theconcurrentlyrecordedspeechsignalswereusedas

a referenceto labeltheSEMGsignals.
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Figure6.1: Distribution of NOFBC.The horizontalaxis is theNOFBC number1

- 10 from left to right, andtheverticalaxis is theamplitudeof theNOFBC(lower

correspondsto largeramplitude).Thecolor representsthenumberof NOFBCs.
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NOFBCnumber Frequency region
NOFBC1 0 Hz – 50 Hz
NOFBC2 50Hz – 100Hz
NOFBC3 100Hz – 150Hz
NOFBC4 150Hz – 200Hz
NOFBC5 200Hz – 250Hz
NOFBC6 250Hz – 300Hz
NOFBC7 300Hz – 350Hz
NOFBC8 350Hz – 400Hz
NOFBC9 400Hz – 450Hz
NOFBC10 450Hz – 500Hz

Table6.1: NOFBCnumberandcorrespondingfrequency region for N = 10.

6.4 Non-overlapping fr equencybands

TheSEMGsignalsof thewereblockedinto 112:5 msframes,thefrequency spectra

from 0 Hz to 500Hz werecalculatedfor eachframeanddividedinto N equalnon-

overlappingfrequency sections;thebandwidthof eachsectionis 500=N Hz. The

frequency componentsin eachsectionweresummedto giveonecoef�cient (called

the non-overlappingfrequency bandcoef�cient or NOFBC) correspondingto that

section.This resultsin N NOFBCsandnon-overlappingschemesareoftenusedto

analyzeSEMG signals,e.g. [PBYTI02]. Table6.1 shows the NOFBCsandtheir

correspondingfrequency regionsfor N = 10.

Figure 6.1 shows the distribution of the 10 NOFBCsfor different phonemes

andSEMGchannels.This preliminaryview clearlyshows thevariability between

differentphonemesandthe similaritiesfor the samephoneme.As we canseein

this �gure, theNOFBCsarecompactedin a smallvariancefor thesamephoneme.

On the otherhand,variationcanbe found for differentphonemes,particularly in

theamplitude.For example,theamplitudesfor silencearemuchsmallerthanother

phonemes.Althoughtheamplitudeof somephonememaybesimilar, variationcan

be observed by comparingtheir shapeover the NOFBC bands.For example,the

shapeof phonemeaeandf in thecheekchannelaredifferent,but their amplitudes
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Silence ae f iy ao sh s uw
Silence 0.00 33.98 41.70 13.67 6.45 48.67 8.67 26.27

ae 33.98 0.00 12.66 47.69 41.00 19.04 88.90 18.68
f 41.70 12.66 0.00 20.64 26.61 3.00 68.98 4.63
iy 13.67 47.69 20.64 0.00 5.08 21.77 15.77 12.55
ao 6.45 41.00 26.61 5.08 0.00 28.47 6.28 16.71
sh 48.67 19.04 3.00 21.77 28.47 0.00 74.46 1.15
s 8.67 88.90 68.98 15.77 6.28 74.46 0.00 49.04

uw 26.27 18.68 4.63 12.55 16.71 1.15 49.04 0.00
Meanscore 25.63 37.42 25.46 19.00 18.65 28.08 44.59 18.43

Table6.2: Divergencescoresof differentphonemesusing10 NOFBCsfrom cheek
channel.

Silence ae f iy ao sh s uw

Silence 0.00 25.98 58.40 51.55 18.25 83.30 23.27 47.80
ae 25.98 0.00 3.09 10.07 2.12 10.73 9.78 7.32
f 58.40 3.09 0.00 19.38 2.54 13.62 15.17 7.98
iy 51.55 10.07 19.38 0.00 10.62 5.07 25.73 5.62
ao 18.25 2.12 2.54 10.62 0.00 10.25 9.13 5.01
sh 83.30 10.73 13.62 5.07 10.25 0.00 41.84 2.01
s 23.27 9.78 15.17 25.73 9.13 41.84 0.00 25.01

uw 47.80 7.32 7.98 5.62 5.01 2.01 25.01 0.00
Meanscore 44.08 9.87 17.17 18.29 8.27 23.83 21.42 14.39

Table6.3: Divergencescoresof differentphonemesusing10 NOFBCsfrom lower
lip channel.

arequitesimilar.

Table 6.2, 6.3, 6.4 shows the divergencescoresfor different SEMG channel

using10 NOFBCsandthe averagescores(DIV AVG) calculatedusingEquation

6.5areshown in Table6.5.Thesetablesshow thatthecheekchannelis bestableto

separatetheSEMGfeaturevectorsonaverage,thelowerlip channelis thenext, and

the chin channelis the worst. However, thecheekchannelis not alwaysthe best.

For example,the lower lip channelis betterthanthecheekchannelfor separating

silencefrom otherphonemes,asthemeandivergencescoreis 44:08, comparedwith

25:63usingthecheekchannel.

The DIV AVGs for differentnumbersof frequency bandsare calculatedand
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Silence ae f iy ao sh s uw
Silence 0.00 11.57 10.15 17.44 28.59 32.95 11.30 12.55

ae 11.57 0.00 1.99 5.67 6.75 6.35 1.89 0.80
f 10.15 1.99 0.00 12.74 16.05 15.91 1.67 4.04
iy 17.44 5.67 12.74 0.00 1.04 1.25 14.15 3.82
ao 28.59 6.75 16.05 1.04 0.00 0.63 16.39 3.73
sh 32.95 6.35 15.91 1.25 0.63 0.00 14.21 3.78
s 11.30 1.89 1.67 14.15 16.39 14.21 0.00 2.73

uw 12.55 0.80 4.04 3.82 3.73 3.78 2.73 0.00
Meanscore 17.79 5.00 8.93 8.02 10.45 10.72 8.91 4.49

Table6.4: Divergencescoresof differentphonemesusing10 NOFBCsfrom chin
channel.

Position DIV AVG

Cheek 27.2
Lower lip 19.7

Chin 9.3

Table6.5: Comparisonof DIV AVG scoreusing10 NOFBCfrom differentSEMG
channel.

theresultsareshown in Figure6.2. Onecanseethat theDIV AVG valueis larger

for a larger numberof frequency bands. This shows that SEMG featurevectors

aremoreseparablefor a largernumberof frequency bands,andhence,usingmore

frequency bandsarebetterfor capturingthe variability of SEMG featurevectors

betweendifferentphonemes.

TheASF DIV AVGsfor differentnumbersof frequency bands,arecalculated

andtheresultsshown in Figure6.3. Theseparabilityof individual featurescanbe

seento beincreasingwith bandwidth.This is reasonableaseachfrequency bandis

capableof capturingmoreSEMGfeatureswith largerbandwidthandis thusmore

representativeof theSEMGcharacteristicsfor differentphonemes.

Figure6.2showsthatDIV AVG increaseswith thenumberof frequency bands,

however, it is almostsaturatesafterthenumberof frequency bandsis largerthan5.

Oneof the reasonsis that thebandwidthis smallerfor morefrequency bandsand

theseparabilityof eachfrequency bandbecomeslower. A problemof balancingthe
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Figure6.2: DIV AVG scoresfor differentnumbersof frequency bandsusingthe
NOFBCfeature.

trade-off betweenthenumberof frequency bandandbandwidthis thusconfronted.

In thenext section,overlappingbandsareusedto addressthisproblem.

6.5 Overlapping fr equencybands

Theoverlappingmethodpartitionsthefull frequency rangeinto severalbands,ad-

jacentbandsbeingoverlappedoveracertaininterval. De�ne N to bethenumberof

frequency bandsof bandwidth! . Thefrequency rangeF R in eachfrequency band

is:

F Ri = [(i � 1)� ; (i � 1)� + ! ]; for i = 1; 2; 3; :::; N

where

� = (500� ! )=(N � 1):
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Figure6.3: ASF DIV AVG scoresfor differentbandwidthsusingNOFBCfeature.

The SEMG signalsfor the analysisdatasetwerealsoblocked into 112:5 ms

framesand the frequency spectrafrom 0 Hz to 500 Hz werecalculatedfor each

frame. Frequency responsesin eachbandwere summedto give one coef�cient

(calledtheoverlappingfrequency bandcoef�cient or OFBC)correspondingto that

band,which resultsin N OFBCs.

Figure6.3 shows the separabilityof individual frequency bandincreaseswith

the bandwidth. However, especiallyfor the lower lip andchin channels,the sep-

arability tendsto saturatefor bandwidthslarger than140Hz. As a result,OFBC

featureswith N = 10and! = 140Hz wereselectedin thiswork. Table6.6shows

OFBCsandtheir correspondingfrequency regions,

Table6.7, 6.8, 6.9 shows the divergencescoresfor differentSEMG channels

using10 OFBCswith a bandwidthof 140Hz. Averagescores(DIV AVG) calcu-

latedareshown in Table6.10. It is interestingto note that therearesimilarities

comparedwith theresultsobtainedusingNOFBCs.In particular, thecheekchannel

is bestfor separatingtheSEMGfeaturevectorsonaverage,thenext is thelower lip
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OFBCnumber Frequency region
OFBC1 0Hz– 140Hz
OFBC2 40Hz– 180Hz
OFBC3 80Hz– 220Hz
OFBC4 120Hz– 260Hz
OFBC5 160Hz– 300Hz
OFBC6 200Hz– 340Hz
OFBC7 240Hz– 380Hz
OFBC8 280Hz– 420Hz
OFBC9 320Hz– 460Hz
OFBC10 360Hz– 500Hz

Table6.6: OFBC numberandcorrespondingfrequency region for N = 10, ! =
140Hz.

Silence ae f iy ao sh s uw
Silence 0.00 51.19 79.57 17.51 9.09 64.69 13.44 33.91

ae 51.19 0.00 13.80 66.96 80.78 21.72 216.07 21.26
f 79.57 13.80 0.00 34.29 54.22 3.49 145.57 5.62
iy 17.51 66.96 34.29 0.00 5.19 30.45 17.37 19.70
ao 9.09 80.78 54.22 5.19 0.00 44.17 6.51 27.86
sh 64.69 21.72 3.49 30.45 44.17 0.00 119.63 1.17
s 13.44 216.07 145.57 17.37 6.51 119.63 0.00 80.11

uw 33.91 21.26 5.62 19.70 27.86 1.17 80.11 0.00
Meanscore 38.49 67.40 48.08 27.35 32.55 40.76 85.53 27.09

Table6.7: Divergencescoresof differentphonemesusing10 OFBCsfrom cheek
channel,where! = 140Hz.

channel,andthe lower lip channelis betterthanthe cheekchannelfor separating

silencefrom otherphonemes.On average,using10 OFBCsis betterthanusing10

NOFBCsfor distinguishingdifferentphonemes(seeFigure6.4).

FromTable6.7,6.8,6.9,onecanseethatdifferentchannelsarebetterfor dis-

tinguishingdifferentphonemes,i.e. while a channelmay be badfor separatinga

particularphoneme,anotherchannelmaybegood.For example,thecheekchannel

is betterthanthe chin channelfor distinguishingbetweens andf. The lower lip

channelis betterthanthecheekfor distinguishingbetweeniy ands. However, the

chin channelis almostalwayspoorfor all phonemepairs.It only performsslightly
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Silence ae f iy ao sh s uw
Silence 0.00 59.74 93.69 104.00 38.26 147.28 49.25 70.97

ae 59.74 0.00 3.47 9.08 2.34 11.90 12.97 7.04
f 93.69 3.47 0.00 19.66 2.65 14.63 17.12 8.69
iy 104.00 9.08 19.66 0.00 11.09 3.45 52.01 5.14
ao 38.26 2.34 2.65 11.09 0.00 12.34 10.80 5.23
sh 147.28 11.90 14.63 3.45 12.34 0.00 65.66 2.76
s 49.25 12.97 17.12 52.01 10.80 65.66 0.00 31.80

uw 70.97 7.04 8.69 5.14 5.23 2.76 31.80 0.00
Meanscore 80.46 15.22 22.84 29.20 11.81 36.86 34.23 18.80

Table6.8: Divergencescoresof differentphonemesusing10 OFBCsfrom lower
lip channel,where! = 140Hz.

Silence ae f iy ao sh s uw
Silence 0.00 19.34 16.65 24.78 44.95 50.30 17.81 22.21

ae 19.34 0.00 2.52 9.29 9.90 9.79 1.95 0.89
f 16.65 2.52 0.00 26.10 28.24 27.26 1.73 5.42
iy 24.78 9.29 26.10 0.00 1.41 1.61 22.89 5.33
ao 44.95 9.90 28.24 1.41 0.00 0.83 23.51 4.93
sh 50.30 9.79 27.26 1.61 0.83 0.00 22.49 5.58
s 17.81 1.95 1.73 22.89 23.51 22.49 0.00 3.53

uw 22.21 0.89 5.42 5.33 4.93 5.58 3.53 0.00
Meanscore 28.01 7.67 15.42 13.06 16.25 16.84 13.41 6.84

Table 6.9: Divergencescoresof different phonemesusing 10 OFBCsfrom chin
channel,where! = 140Hz.

betterin separatinga limited numberof phonemepairs,suchasshandf.

The resultsobtainedin Table 6.7, 6.8, 6.9 also show that characteristicsof

SEMG andspeechsignalsarevery different. All channelsarebadfor separating

phonemesh from uw, but the speechsignalsfor thesetwo phonemesareactually

totally different,wherephonemeuwis avoicedsoundwith vocalcordvibrationand

shis aunvoicedsound.Thesetwo phonemescanbeeasilydistinguishedby human

or acousticspeechrecognitionsystems.The divergencescoreshows that SEMG

characteristicsof thesetwo phonemesaresimilar asthe degreeof lip-roundingis

quitesimilar resultingin similar muscleactivities.
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Position DIV AVG
Cheek 45.9

Lower lip 31.2
Chin 14.7

Table6.10:Comparisonof DIV AVG using10OFBCsfrom differentSEMGchan-
nel,where! = 140Hz.
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Figure6.4: Comparisonof DIV AVG for 10NOFBCsand10 OFBCs.

6.6 Featureselection

The above analysisshows that the cheekand lower lip channelsarethe besttwo

channelsfor distinguishingphonemes.Thesetwo channelswerechosenfor this

reasonin this work. Usinga bandwidthof 140Hz, 10 OFBCsextractedfrom each

channelareconcatenatedandresultsin a total of 20 OFBCs.This con�guration is

usedfor furtherexperiments.Thedivergencescorescalculatedusing20OFBCsare

shown in Table6.11.Onecanseethat,all divergencesareimprovedcomparedwith

thedivergencesobtainedusingasinglechannel.TheDIV AVG calculatedusing20
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Silence ae f iy ao sh s uw
Silence 0.00 105.04 154.55 170.11 47.79 174.31 64.55 90.61

ae 105.04 0.00 18.54 148.93 95.37 35.31 239.37 33.36
f 154.55 18.54 0.00 116.10 66.38 25.73 170.23 20.92
iy 170.11 148.93 116.10 0.00 19.78 54.47 59.68 55.81
ao 47.79 95.37 66.38 19.78 0.00 48.52 15.56 32.65
sh 174.31 35.31 25.73 54.47 48.52 0.00 157.20 4.12
s 64.55 239.37 170.23 59.68 15.56 157.20 0.00 98.54

uw 90.61 33.36 20.92 55.81 32.65 4.12 98.54 0.00
Meanscore 115.28 96.56 81.78 89.27 46.58 71.38 115.02 48.00

Table 6.11: Divergencescoresof different phonemesusing 20 OFBCsfrom the
cheekandlower lip channels,where! = 140Hz.

OFBCsbecomes83:0.

6.7 Summary

In thischapter, thespectralfeatureselectionprocessconductedin thisworkwaspre-

sented.Thequality of featureswasmeasuredusinga divergencescore.Two spec-

tral featureextractionschemes,non-overlappingandoverlappingfrequency band,

werecompared.Theresultsshow thattheoverlappingfrequency bandis betterthan

the non-overlappingfrequency bandto distinguishphonemes.The cheekchannel

yieldsthebestaveragedivergencescoreandthis is followedby thelower lip chan-

nel. The chin channelis the worst. A con�guration, using20 OFBCsextracted

from thecheekandlower lip channelswith a bandwidthof 140Hz, wasfound to

yield betterperformancethana singlechannelandthuschosenfor the restof this

work. In thenext chapter, thespeechsynthesisresultsusingthis con�gurationwill

bepresented.



Chapter 7

Results

7.1 Intr oduction

The previous chaptershowed that using overlappingfrequency bandcoef�cients

(OFBCs)hadadvantagesover non-overlappingfrequency bandcoef�cients (NOF-

BCs). In this work, two additionalfeatureswereemployed, the root meansquare

amplitude(RMSA) andzero-crossingrate(ZCR).Moreover, theanalysisin Chapter

6 showedthat thecheekandlower lip channelscanachieve a betteraveragediver-

gencescorethanthechinchannel.In thischapter, speechsynthesisresults,obtained

usingOFBC,RMSA, andZCR asfeaturesandtwo SEMGchannelsincluding the

cheekandlower lip, will bepresented.

This chapterbegins by describingthe experimentaldatasetused. This is fol-

lowedby experimentalresultsobtainedto �nd themostsuitableSEMGframesize.

Theclassi�cationperformanceof theneuralnetwork is analyzed.Theperformance

of anerrorcorrectiontechnique,usedto correcttheclassi�cationerrorof theneural

network, is thenpresented.Synthesisresultsfor wordsare thendescribedanda

summaryis givenin thelastsection.

73
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7.2 Experimental data sets

Datasetswererecordedin twenty-secondduration,duringwhich a speaker repeat-

edly pronounceda given phonemeor word. Eachdataset containstwo twenty-

secondSEMG signals(recordedfrom the cheekand lower lip) and one twenty-

secondspeechsignal.

7.2.1 Training phonemeset

The phonemeset describedin Section6.3 was chosen,four data setsfor each

phonemewereusedfor the training of neuralnetwork andresultsin twenty-eight

datasetsin total. SEMGsignalsfrom eachchannelwereblockedinto framesevery

22:5 ms.As a result,thenumberof SEMGframesfor eachchannelis:

28datasets� b
20sec

22:5 ms
c = 24864frames:

For eachSEMG frame,10 OFBCs,oneRMSA andoneZCR wereextracted,

thusfor bothchannels,eachSEMGfeaturevectorcontainscontains20 OFBCs,2

RMSAsand2 ZCRs. As a result,therewerea total of 24864vectorsusedto train

theneuralnetwork.

7.2.2 Testingphonemeset

The testingphonemesetscontainsonedataset for eachphoneme,andresultsin

sevendatasets.SEMGsignalsfrom eachchannelwereblockedinto framesevery

22:5 ms.Thenumberof SEMGframesfor eachchannelis:

7 datasets� b
20sec

22:5 ms
c = 6216frames:

SEMGfeaturevectorscontaining20OFBCs,2 RMSAsand2 ZCRswereextracted

in thesameway asthe trainingphonemeset. As a result,therewere6216SEMG
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Figure 7.1: Averageclassi�cation rate for differentSEMG frame sizesusing 20
OFBCs,2 RMSAs,2 ZCRs.

featurevectorsin total. Thesevectorswereusedto evaluatetheclassi�cationper-

formanceof theneuralnetwork. Speechsignalsarerecordedconcurrentlyandused

asa referenceto labeltheSEMGsignalsfor performanceevaluation.

7.2.3 Testingword set

The word usedfor testingare shaw, she, ash, shoe, see, saw, fee and off. The

phonetictranscriptionsare formedby concatenatingthe training phonemes.The

testingword setcontainsonedatasetfor eachword, andresultsin eightdatasets.

SEMGfeaturevectorscontaining20OFBCs,2 RMSAsand2 ZCRswereextracted

in the sameway as the training phonemeset. The testingword set wasusedto

evaluatethespeechsynthesisperformance.
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Figure7.2: Averageclassi�cationrateof silenceandphonemesfor differentSEMG
framesizesusing20OFBCs,2 RMSAs,2 ZCRs.

7.3 SEMG frame size

To �nd theSEMGframesizethatbalancesthetrade-off betweenthetime andfre-

quency resolution,SEMGfeaturesvectorswereextractedfor differentframesizes.

Theneuralnetwork wastrainedunderdifferentframesizesandclassi�cationper-

formancewasevaluatedusingthetestingphonemeset. In this work, SEMGframe

sizesfrom 22:5 msto 202:5 mswith a stepof 45mswereanalyzed.As thefeature

vectorscontains20 OFBCs,2 RMSAs,and2 ZCRs,a three-layerneuralnetwork

with 24 inputnodes,24hiddennodesand8 outputnodeswerechosen.Onethird of

thetrainingdatawasusedasacross-validationset.

Theaverageclassi�cationratesfor SEMGframesizesfrom 22.5msto 202.5ms

areshown in Figure7.1. A cleartrendcanbeseenin this �gure: theclassi�cation



Chapter7 Results 77

rateis higherfor largerSEMGframesizesandbecomessaturatedfor framesizes

larger than112:5 ms. Becausesmallerframesizegivesbettertime resolution,a

framesizeof 112:5 ms is chosenfor furtherexperimentsdespitelarger framesize

giving aslightly higherclassi�cationrate.

An interestingresultis shown in Figure7.2,which shows theclassi�cationrate

of silenceandphonemesseparatelyfor differentSEMGframesizes.Onecansee

thattheclassi�cationratesfor silencearealmostthesamefor all framesizes,how-

ever, theclassi�cationratefor phonemesincreaseswith theframesizeandbecomes

saturatedfor frame sizeslarger than 112:5 ms. SEMG signalsfor silencehave

similarcharacteristics,e.g.low amplitude,low responseof frequency, thesecharac-

teristicscanbeclassi�edusingeithersmallor largeframesizes.This mayexplain

why theclassi�cationratecurve of silenceis �at. On theotherhand,theclassi�-

cationratecurve for phonemessuggeststhat larger framesizecanachieve better

classi�cationratesincea largerSEMGframecontainsmoreinformationrelatedto

themusclecontractionwhenspeaking.Thuslarger framesizesareableto capture

variabilitiesamongdifferentphonemes.

7.4 Neural network classi�cation

7.4.1 Number of hidden nodes

To analyzethe effectsof varying the numberof hiddennodes,using20 OFBCs,

2 RMSAs, and 2 ZCRs as features,the classi�cation performanceof the neural

network wasanalyzedusingthetestingphonemeset.Figure7.3shows theaverage

classi�cation rate for differentnumbersof hiddennodes. It canbe seenthat the

numberof hiddennodeshaslittle impacton theresult.Hiddennodesrangingfrom

8 to 24 give almostthesameclassi�cationrate,and24 givesa slightly betterrate.

As a result,thenumberof hiddennodeswaschosenasthenumberof input nodes

in thiswork.
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Figure7.3: Averageclassi�cationratefor differentnumberof hiddennodesusing
20 OFBCs,2 RMSAs,2 ZCRs.

7.4.2 Singlechannel

To furtheranalyzethecorrelationbetweensensorpositionandperformance,instead

of using20 OFBCs,2 RMSAs,and2 ZCRsextractedfrom bothSEMGchannels,

the neuralnetwork wastrainedandtestedusingSEMG featuresextractedfrom a

singleSEMGchannel,i.e. 10 OFBCs,1 RMSA, and1 ZCR.An SEMGframesize

of 112:5 mswasused.

Table 7.1 shows the confusionmatrix for classi�cation using 10 OFBCs, 1

RMSA, and1 ZCR extractedfrom the cheek,and the resultsobtainedfor lower

lip channelareshown in Table7.2. In thesetables,the columnsshow the neural

network classi�ed labelsandtherowsrepresentthetruelabels.Theaverageclassi-

�cation ratesfor thecheekandlowerlip channelsare74.3%and60.4%respectively.
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Classi�ed Truephonemelabel
phonemelabel Silence ae f iy ao sh s uw

Silence 76.6% 0.7% 0.0% 1.9% 3.3% 0.0% 5.3% 0.5%
ae 1.6% 91.3% 9.6% 0.2% 0.0% 3.2% 0.4% 0.9%
f 1.7% 2.8% 77.9% 0.2% 0.5% 13.5% 0.0% 6.1%
iy 2.3% 3.0% 0.0% 74.2% 11.2% 1.7% 0.7% 2.6%
ao 5.3% 1.1% 0.2% 16.0% 71.6% 0.7% 5.3% 0.7%
sh 2.1% 0.4% 9.0% 0.0% 0.7% 51.7% 0.0% 26.6%
s 9.0% 0.7% 0.0% 6.0% 12.2% 0.4% 88.3% 0.2%

uw 1.4% 0.0% 3.3% 1.5% 0.5% 28.8% 0.0% 62.4%

Table7.1: Confusionmatrix showing theclassi�cationperformanceusing10 OF-
BCs, 1 RMSA, and 1 ZCR extractedfrom the cheek,the SEMG frame size is
112:5 ms.Theaverageclassi�cationrateis 74:3%.

Classi�ed Truephonemelabel
phonemelabel Silence ae f iy ao sh s uw

Silence 79.7% 1.1% 0.0% 0.4% 0.7% 0.0% 1.6% 0.0%
ae 2.7% 50.2% 16.2% 8.5% 23.9% 16.1% 8.7% 2.4%
f 1.3% 15.7% 63.7% 0.4% 22.2% 1.3% 1.2% 0.9%
iy 0.9% 0.4% 0.0% 62.6% 0.0% 11.8% 0.0% 5.9%
ao 4.0% 9.1% 15.6% 1.0% 30.0% 1.9% 3.0% 1.6%
sh 2.2% 0.0% 0.0% 15.4% 0.0% 53.2% 0.0% 30.1%
s 8.0% 23.5% 4.3% 2.7% 13.4% 0.6% 85.5% 0.9%

uw 1.2% 0.0% 0.2% 9.0% 9.8% 15.1% 0.0% 58.2%

Table7.2: Confusionmatrix showing theclassi�cationperformanceusing10 OF-
BCs, 1 RMSA, and1 ZCR extractedfrom the lower lip, the SEMG framesizeis
112:5 ms.Theaverageclassi�cationrateis 60:4%.

Onecanobserve that thecheekchannelprovidesmorediscriminative information

for SEMGframeclassi�cationfor thephonemesetusedin thiswork.

From thesetwo tables,the resultsare consistentwith the resultsobtainedin

the spectralfeatureassessmentof SEMG signalsin Chapter6. For example,on

averagethe cheekchannelis betterthan the lower lip channeland the lower lip

channelis betterthanthe cheekfor separatingsilencefrom otherphonemes.The

cheekis betterthanthe lower lip channelfor distinguishingphonemesexceptsh.

ComparingTable7.1 and7.2, it canbeseenthat thatconfusionbetweenphoneme

sh anduw exists in both cases.An averagemisclassi�cationrate of 27:7% was
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Figure7.4: Correctclassi�cationrateof silenceandeachphonemeusingthecheek,
thelower lip, andbothchannelsrespectively.

found usingthe cheekchannel,and22:6% misclassi�cationratewasfound using

thelower lip channel.

7.4.3 Classi�cation usingboth channels

Figure7.4showsthecorrectclassi�cationratesfor silenceandeachphonemeusing

the cheek,the lower lip, andboth channelsrespectively. This �gure shows that,

comparedwith usinga singlechannel,correctclassi�cationratesof all phonemes

andsilenceareimprovedwhenbothchannelsareused.

Table7.3 shows the classi�cation resultsusing20 OFBCs,2 RMSAs, and2

ZCRs. The averageclassi�cation rate is 86:3%. From this tableandFigure7.4,
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Classi�ed Truephonemelabel
phonemelabel Silence ae f iy ao sh s uw

Silence 82.1% 1.8% 0.0% 1.0% 1.7% 0.2% 1.4% 0.2%
ae 2.1% 95.5% 5.1% 0.0% 0.0% 1.9% 0.2% 0.5%
f 1.5% 1.7% 94.9% 0.0% 1.2% 1.3% 0.0% 0.2%
iy 1.2% 0.0% 0.0% 91.5% 0.7% 0.0% 1.2% 0.0%
ao 4.0% 0.6% 0.0% 4.4% 85.2% 0.6% 2.3% 1.2%
sh 2.1% 0.0% 0.0% 0.0% 0.2% 69.2% 0.0% 20.0%
s 5.3% 0.4% 0.0% 2.9% 9.3% 0.4% 94.7% 0.7%

uw 1.7% 0.0% 0.0% 0.2% 1.7% 26.4% 0.2% 77.2%

Table7.3: Confusionmatrix showing theclassi�cationperformanceusing20 OF-
BCs,2 RMSAs,and2 ZCRsextractedfrom thecheekandlower lip channels,the
SEMGframesizeis 112:5 ms.Theaverageclassi�cationrateis 86:3%.

onecanseethat, althoughthe correctclassi�cation ratesof all phonemesandsi-

lenceare improved whenusingboth channels,thereis no improvementin sepa-

ratingphonemeshfrom uw. Theaveragemisclassi�cationratebetweenthesetwo

phonemeis 23:2% whenbothchannelsareused,however, a misclassi�cationrate

of 22:6% is obtainedwhenthe lower lip channelis used,this rateis evenslightly

lower thanfor two channels.Moreover, from Figure7.4,it is foundthatthecorrect

classi�cationratesof phonemeshanduwaretheworstamongthesevenphonemes.

Theseresultsindicatethat the SEMG signalscollectedfrom the cheekandlower

lip may be inadequatefor separatingphonemesh from uw, as the degreeof lip-

roundingfor pronouncingthesetwo phonemearesimilar.

Table7.3shows thattherearestill 17:9% silenceSEMGframesbeingmisclas-

si�ed to otherphonemeswhenusingbothSEMGchannels.Thiserroris introduced

by the fact that SEMG activities exist prior or posteriorto acousticsignals(see

Figure7.5). In the training phonemeset,someSEMGframesprior (region A2 in

Figure7.5)or posterior(region A3 in Figure7.5) to acousticsignalsarelabeledas

silence,andasthesekindsof SEMGframesareactuallyassociatedwith rich mus-

cle activities, the classi�er may be confused,asSEMG framesin regionsA1 and

A4 in Figure7.5,which areassociatedwith lessmuscleactivities, arealsolabeled

assilenceandthusform aone-to-many situation.
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Figure7.5: SEMGactivitiesprior andposteriorto speech.
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Classi�ed Truephonemelabel
phonemelabel Silence ae f iy ao sh s uw

Silence 87.0% 0.4% 0.0% 0.4% 1.0% 0.0% 2.3% 3.3%
ae 1.8% 99.6% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%
f 2.1% 0.0% 100.0% 0.0% 0.0% 0.0% 0.0% 0.0%
iy 1.6% 0.0% 0.0% 94.8% 0.0% 0.0% 0.0% 0.0%
ao 1.6% 0.0% 0.0% 3.8% 99.0% 0.0% 0.0% 0.0%
sh 3.2% 0.0% 0.0% 0.0% 0.0% 96.3% 0.0% 0.0%
s 1.4% 0.0% 0.0% 1.0% 0.0% 0.0% 97.7% 0.0%

uw 1.3% 0.0% 0.0% 0.0% 0.0% 3.7% 0.0% 96.7%

Table 7.4: Confusionmatrix after applying error correctionto the producedse-
quenceof speechfeatureindices.Theaverageclassi�cationrateis 96:4%.

Figure7.6showstheclassi�cationresultsfor differentfeaturesusingbothSEMG

channels.Using2 ZCRsand2 RMSAsachieve theworstaccuracy andthis result

is consistentwith previously obtainedresults[ST85, MO86]. In thesestudies,the

authorstriedto classifySEMGframesusingsimilar featuresandalsoachievedpoor

results.In their work, thenumberof crossingthreshold[ST85] andaverageampli-

tude[MO86] wereusedasfeatures.Figure7.6 alsoshows that OFBC is the best

featureamongthesethreekinds of features,using20 OFBCscanachieve almost

thesameclassi�cationaccuracy asusingall features.

7.5 Phoneticsequencesmoothing

7.5.1 Data set

Using20 OFBCs,2 RMSAs,and2 ZCRsasfeatures,SEMGsignalsin thetesting

phonemesetwereclassi�ed into sequencesof speechfeatureindices. Sincethere

weresevenphonemes,sevensequenceswereproduced,eachsequencecontaining

888 indices. As indicatedin Table 7.3, misclassi�cationsexist in the classi�ed

sequencesof speechfeatureindices. A hybrid smoothingtechnique,describedin

Section5.4.4,wasappliedto correcttheseclassi�cationerrors.
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Figure7.7: Averageclassi�cationratesaftersmoothingfor differentthresholdval-
uesin themajority �ltering process.

7.5.2 Smoothingof classi�cations

Figure7.7showstheaverageclassi�cationratesaftersmoothingfor differentthresh-

old valuesin themajority �lter process.Theclassi�cationrateis similar for differ-

entthresholdvalues,andavalueof 8 achievesthebestclassi�cationrate.Thusthis

valuewaschosenfor furtherexperiments.

Table7.4showstheresultsobtainedafterapplyingthehybridsmoothingusinga

thresholdof 8 for themajority �lter process.An averageclassi�cationrateof 96:4%

wasachieved. A comparisonof classi�cation ratesbeforeandafter smoothingis

shown in Figure7.8.This�gure showsthattheclassi�cationratesfor eachphoneme

andsilenceareimprovedwith thesmoothingtechnique.In particular, phonemesao,

shanduw exhibit thegreatestimprovement.
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Figure7.8: Comparisonof correctclassi�cationratebeforeandaftersmoothing.

7.6 Speechsynthesis

Thetestingwordsetwasusedfor evaluatingtheperformanceof aspeechsynthesis

system.Using20 OFBCs,2 RMSAs,and2 ZCRsasfeatures,the SEMG signals

for eachdatasamplewereclassi�edinto asequenceof speechfeatureindices.After

performingerrorcorrection,speechwaveformsfor eachdatasetwerethensynthe-

sizedusingtheconcatenativemethod(seeSection5.3.4).

Table7.5shows thesynthesisresults.92:9% of thewordsaresynthesizedcor-

rectly. A word is regardedassynthesizedcorrectlyif thephonetictranscriptionsof

the synthesizedword is correct,e.g. a synthesizedword off is regardedas syn-

thesizedcorrectly if it' s phonetictranscriptionsis a phonemeao followed by a

phonemef.

Figure7.9 and7.10 show the sub-sequencesof speechfeatureindicesbefore
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Words Numberof words Numberof words
synthesized synthesizedcorrectly

she 5 5
ash 6 6

shaw 6 6
see 4 4
saw 6 3
shoe 4 4
fee 6 6
off 5 5

Total 42 39

Table7.5: Synthesisresultsfor words

andaftersmoothingfor two synthesizedinstancesof wordashandoff respectively.

Note that therearemany errorsin the sequencesproducedby the neuralnetwork

(i.e. beforesmoothing). After applying the smoothingtechnique,clearphonetic

transcriptionsfor bothwordsareobtained.Thus,bothwordsareregardedassyn-

thesizedcorrectly, sincethey canproducethecorrectphonetictranscriptions.This

work focusesongeneratingcorrectphonetictranscriptionsfor inputSEMGsignals.

As this is directly correlatedto the intelligibility of the synthesizedspeech.Once

a correctphonetictranscriptionis obtained,more sophisticatedspeechsynthesis

techniquescanbe usedto generatethe speechwaveform with betterquality and

intelligibility .

Althoughthedurationof phonemesin thesynthesizedwordsusingthepresented

techniquemay be incorrect,the intelligibility of the synthesizedwords is not af-

fected.For example,Figure7.11showsasmoothedsub-sequenceof speechfeature

indicesfor word ashwith longerae, the intelligibility of the synthesizedspeech

will not beaffected,asa correctphonetictranscriptionis obtained,i.e. a phonetic

transcriptionof anaefollowedby ashcanbeheard.Moreover, thedurationof each

phonemecanbeadjustedby thespeechsynthesizer. In theabovecase,aspeechsyn-

thesizercouldpotentiallyshortenthedurationof phonemeaeandextendthelength

of phonemesh. If thedurationof bothphonemesaretoo long, thesynthesizercan
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alsoshortenthedurationsof bothphonemes.Thespectrogramsof thesynthesized

instancesof ashandoff areshown in Figures7.12and7.13.

7.7 Summary

Experimentalresultswere presentedin this chapter. The resultsshowed that an

SEMGframesizeof 112:5 msachievesagoodbalancebetweentimeandfrequency

resolution.Usingtwo SEMGchannelsandfeaturesas20OFBCs,2 RMSAs,and2

ZCRs,anaverageclassi�cationof 86:3% wasobtained.Thisresultcanbeimproved

to 96:4% afterapplyingthehybrid smoothingtechnique.Experimentalevaluations

basedon thesynthesisof eightwordsshowedthaton average,92:9% of thewords

couldbesynthesizedcorrectly.



Chapter 8

Conclusion

Themainobjectiveof this work wasaddressingthefeasibility of unlimitedvocab-

ulary continuousspeechsynthesisfrom SEMG signals. Several subproblemsand

original contributionsmadeto addressthemwerestudied.

Spectral feature selection

Two kindsof spectralfeatures,NOFBCsandOFBCs,werecomparedin this work.

Usingadivergencemetric,theassessmentshowedthatoverlappingfrequency band

coef�cients achieve a higher divergencescore,and the separabilityof eachfre-

quency bandincreaseswith the bandwidth.The classi�cationresultsshowed that

spectralfeaturesalonecanachievenearlythesameperformanceasall featurescom-

bined.This showedthatspectralfeatureswereimportantdespitetemporalfeatures

beingwidely usedin previously proposedsystems,andthat theresultscanbe im-

provedby carefullyanalyzingandselectingtheappropriatespectralfeatures.This

work showedthatOFBCsareexcellentfeaturesfor theanalysisof SEMGsignals.

SEMG frame size

Theeffectsof theSEMGframesizewereinvestigated.Classi�cationperformances

of theneuralnetwork for differentSEMGframesizeswereanalyzed.Experimental

resultsshowedthatclassi�cationaccuracy increaseswith theSEMGframesizeand

tendsto saturatefor framesizelargerthan112:5 ms.This framesizewaschosenin

94
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this work asit canbalancetherequirementof frequency andtime resolution.The

experimentalresultsshoweda strongrelationshipexist betweenSEMGframesize

andaccuracy of phonemeframeclassi�cation,suggestingthat it shouldbechosen

carefully. Theeffectsof theframesizeshouldbeconsideredwhennew phonemes

areappendedto thephonemeset.

SEMG sensorpositioning

SEMGsensorpositioningis a critical elementthataffect theclassi�cationperfor-

mance.Thedivergencetestonspectralfeaturesshowedthat,thecheekchannelcan

achievesthebestdivergencescore,thenthelower lip channelandthechin channel

hasthelowestscore.Theexperimentalresultsfrom a neuralnetwork classi�cation

alsoshowed that the cheekchannelcanachieve higheraccuracy, and the perfor-

manceis muchbetterwhenmoreSEMG channelsareused. However, phonemes

having similar degreesof lip-roundingaredif�cult to distinguishusingSEMGsig-

nals,despitethe fact that their acousticsignalsmay be totally different. For ex-

ample,using SEMG signalsfrom the cheekand lower lip is hard to distinguish

phonemeshfrom uw. This resultsuggeststhatmoreSEMGchannelsfrom various

positionsshouldbeused.

Err or correction

Generatingcorrectphonetictranscriptions,i.e. sequencesof speechfeatureindices,

wasoneof themajorproblemsstudiedin thiswork. As theaccuracy of thesequence

of speechfeatureindicesis directlycorrelatedto theintelligibility of thesynthesized

speech,ahybridsmoothingtechnique,whichwasdevelopedthatassumesmid-term

stationaryof thespeechsignals.Experimentalresultsshowedthat it is capableof

enhancingtheaccuracy of theproducedsequencesof speechfeatureindicesto some

degree,asshown in Chapter7, the accuracy is improvedfrom 86:3% to 96:4%, a

10:1% improvementwasachieved.
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WS this thesis 1 8 Wds 92.9% 2 Y Phonemeframe Word Y
+ 7 Phs

IWR [MO86] 1 6 Wds < 70% 4 N Word Word N
IWR [CEHL02b] 2 10Wds 83% 5 N Word Word N
IWR [MZ04] 10 10Wds 63.7% 3 N Word Word N
IWR [JLA03] 3 6 Wds 92% 2 N Word Word N
IPR [KKAB04] 3 5 Vws 88% 3 N Phoneme Phoneme N
IPR [MHS03] 3 5 Vws 94.7% 3 N Phoneme Phoneme N
IPR [JB05] 2 41Vws 33% 2 N Phoneme Phoneme N
PS [ST85] 3 5 Vds 64% 3 N Phonemeframe Phoneme N

Table8.1: A comparisonbetweenthis work andprevious work. WS - word syn-
thesis,IWR - isolatedword recognition,IPR- isolatedphonemerecognition,PFR-
phonemeframerecognition,PS- phonemesynthesis,Wds- words,Vws - vowels.
Previouswork wasreviewedin Section2.5.

SEMG word synthesis

This work presentedanSEMG-basedspeechsynthesizerfor a smallphonemeand

wordset.A comparisonbetweenthiswork andpreviouswork (reviewedin Section

2.5) is shown in Table8.1. Themajordifferencesarethat this work addressedthe

problemof speechsynthesisfrom SEMGsignals,therecognitionmodelwasbuilt

from phonemeframes,severalsub-problemssuchaserrorcorrectionandtransition

smoothingbetweenspeechsegmentswereaddressed.Althoughthetrainingprocess

involved only phonemes,it was demonstratedthat words can be synthesizedby

using a frame-basedfeatureextraction andconversionapproach. Using a three-

layer neuralnetwork with 24 hiddennodes,the experimentalresultsshowed that

the neuralnetwork can classify the SEMG framesat an accuracy of 86:3% and

this wasimproved to 96:4% by applyingthe error correctionprocess,and92:9%
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of wordscanbesynthesizedcorrectlyanddemonstratedthefeasibilityof unlimited

vocabularyspeechsynthesisfrom SEMGsignals.

8.1 Futur ework

This work introduceda new approachto speechrecognitionfrom SEMG signals.

Therearemany potentialdirectionsfor futureresearchdirections.

8.1.1 Speechrecognitiontechniques

Theapplicabilityof techniquesfromconventionalspeechrecognitioncanbeinvesti-

gated.For example,ahybridrecognizerthatintegratesneuralnetworksandHMMs

[BMFK92], theneuralnetwork beingusedto produceobservationprobabilitiesfor

the HMM, could be applied. This approachis commonlyusedin conventional

speechrecognitionandyieldsgoodperformance.

8.1.2 SEMG sensorpositioning

As shown in theexperimentalresults,thepositioningof theSEMGsensorplaysa

vital role in performance.In this work, threepositions(the cheek,the lower lip,

andthechin) wereinvestigatedandonly two channelswereusedto performclas-

si�cation. Thecontributionsof SEMGchannelsto thediscriminationof phonemes

canbe analyzedfor otherfacial positions,andit is believedthat performancecan

befurtherimprovedby usingadditionalSEMGchannels.

8.1.3 Lar gephoneme/word setand multiple subjects

A smallphonemeandwordsetfrom asinglesubjectwasusedin this work. Larger

phonemeandword setsfrom multiple subjectscanbe usedto further explore the

feasibilityof thisapproachandthevariabilitiesof SEMGfeaturesfor differentsub-

jectscanbeanalyzed.
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8.1.4 Potential applications

Previously proposedSEMG-basedapplications,suchasa human-computerinter-

face[JB05] using a limited word set was inconvenientto a user. Oncea larger

phoneme/word set is addressed,moreSEMG-basedpracticalsystemscanbe im-

plemented,suchaspracticalspeechprostheticdevices,human-computerinterfaces,

underwatercommunicationsandsilentcommunicationdevices.

8.2 Concluding remarks

Thefeasibilityof speechsynthesisfrom SEMGsignalswasaddressedin thiswork.

Encouragingresultswereobtainedfor asmallphonemeandwordsetusingonly two

SEMGchannels.Continuousspeechsynthesisfrom SEMGsignalsis achallenging

and dif�cult task. It is hopedthat the approachdescribedin this work inspires

furtheradvancesin thisareaandlargephonemeandwordsetsbecomepractical.



Appendix A

Schematiccircuit diagram

The following circuit wasusedto obtainall of the SEMG datausedin this work.

The outputof thie circuit wassentto a National InstrumentsPCI6024EPCI data

acquisitioncard[Nat] for digitization(seeSection5.3.1).
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FigureA.1: Schematiccircuit diagramof SEMGsignalampli�cation. R1 = 10k
 ,

R2 = 100k
 , R3 = 1k
 , C1 = 1� F, C2 = 3.2nF, M1: AnalogDevicesAD625 am-

pli�er , M2: AnalogDevicesAD210ampli�er.
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K-Means clustering algorithm

Thefollowing pseudocodedescribestheK-Meansalgorithmusedin thiswork (see

Section5.3.2)

Initialize guesses for the means m(1), m(2), ..., m(N)

Set the counts c(1), c(2), ..., c(N) to zero

Set iteration to zero

When iteration < threshold

For all datas

Retrieve a new data x

If distance between m(k) and x is minimum

c(k) = c(k) + 1

delta m = (1/c(k))(x-m(k))

m(k) = m(k) + delta m

End if

End for

iteration = iteration + 1

End when
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Appendix C

Vector quantization

Thevectorquantization(VQ) process�nds a codebookindex specifyingthecode-

book vectorthat bestrepresentsa givenvector. The codebookvectorscanbe ob-

tainedby clusteringasetof trainingvectors,andtheK-Meansclusteringalgorithm

wasusedin thiswork.

FigureC.1showstheVQ processing,for aninputvectorsequenceVf v(1); v(2);

v(3); :::; v(N )g, the VQ processcalculatesthevectordistancebetweeneachvec-

tor in the codebookCf c(1); c(2); c(3); :::; c(P)g andeachinput vectorv(n). The

codebookindex with minimum distancewill be chosenas output. After vector

quantization,a sequenceof codebookindicesI f i (1); i (2); i (3); :::; i (N )g is pro-

duced.

In this work, thevectordistancebetweenaninput vectorv(n) andeachvector

in codebookwascalculatedusing:

d(v(i ); c(j )) =
KX

k=1

[v(i )(k) � c(j )(k)]2; (C.1)

wherev(i )(k) is the k-th elementof the i -th input vectorv(i ), c(i )(k) is the k-th

elementof the j -th codebookvectorc(i ), K is the vector length. The following

pseudocodedescribesthevectorquantizationalgorithmusedin thiswork (seeSec-

tion 5.3.3).

for p from 1 to codebook size f
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FigureC.1: Vectorquantizationprocess
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distance(p) = 0;

for k from 1 to vector length f

temp = (v(n)(k) - c(p)(k))*(v(n)(k) - c(p)(k));

distance(p) = distance(p) + temp;

g

g

i(n) = arg min p (distance(p));

In theabove pseudocode,i (n) is the n-th elementof the outputcodebookin-

dicessequenceasshown in FigureC.1.Similar input vectorsareclusteredtogether

in vectorquantization.
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