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Abstract

Althoughspeecthis the mostnaturalmeansor communicatioramonghumans,
therearessituationsin which speechs impossibleor inappropriate.Examplesin-
cludepeoplewith vocal cord damageundervatercommunication®r in noisy en-
vironments. To addresssomeof the limitations of speechcommunication,non-
acousticcommunicatiorsystemsausingsurfaceelectromyogransignalshave been
proposedHowever, mostof the proposedechniquegocuson recognizingor clas-
sifying the SEMG signalsinto a limited setof words. This approachsharessim-
ilarities with isolatedword recognitionsystemsn that periodsof silencebetween
wordsaremandatoryandthey have dif culties in recognizinguntrainedwordsand
continuousspeech.

A methodfor synthesizingspeechfrom surfaceelectromyogran{SEMG) sig-

nalsin a frame-by-framebasisis presented.The input SEMG signalsof spolen



wordsareblockedinto framesfrom which SEMGfeaturesvereextractedandclas-
si ed into anumberof phoneticclassedy aneuralnetwork. A sequencef phonetic
clasdabelsis thusproducedvhichwassubsequentlgmoothedy applyinganerror
correctiontechnique.The speechwaveform of a word is thenconstructedy con-
catenatingthe pre-recordedspeechsggmentscorrespondingo the phoneticclass
labels. Experimentaresultsshov thatthe neuralnetwork canclassifythe SEMG

featureswith 86:3% accuray, this canbefurtherimprovedto 96:4% by smoothing
the phoneticclasslabels. Experimentakvaluationsbasedon the synthesisof eight
wordsshawv thaton average92:9% of the wordscanbe synthesizedorrectly It is

alsodemonstratethatthe proposedrame-basedeatureextractionandcorversion

methodologycanbe appliedto SEMG-basedpeectsynthesis.
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Chapter 1

Intr oduction

1.1 Motivation

Speechis the most naturalway of communicationamonghumans. The speech
productionprocessnvolvesthe contractionof the lungs,the vibration of the vocal
cordsandthe resonancef the air streamin the vocal tract. Unfortunately there
aresituationsan which communicatiorthroughspeechs impossibleor inappropri-
ate. For example,peoplesuffering from the side effect of laryngectomysuigeries
or vocalcorddamagerenotableto producenormalspeectbecauseéhevocalcord
vibrationplaysavital rolein thespeectproductionprocessandspeectproduction
canbe problematicn somephysicalervironmentssuchasundervater Moreover,
speechcommunicatiorcanalsobe affectedby a numberof factors. For instance,
backgroundnoise can degradethe quality of the producedspeechandresultsin
poor intelligibility. The performanceof conventionalspeechrecognitionsystems
canbedegradeddrasticallyin anoisyernvironmentsuchasin restaurantdactories,
or trains. In addition,communicatiorthroughspeectis undesirablen somesitua-
tions suchaswhenvery high privacy is desirable.For example,in the military or
somepublic placeghatrequiresilencee.g.in theatersr libraries.

To addressomeof theselimitations, mary solutionshave beenproposed.To
helpthe peoplewithout vocal cords,usinga keyboardasinput interface,the typed

text canbetransformednto speectby cornventionaltext-to-speeclsystemgAHK * 87];

1



Chapterl Introduction 2

anothemethodis to usea prostheticdevice to simulatethe vibration of the vocal
cord, e.g. an electrolarynx{GHK™ 04], which is a batterypoweredhandheldde-
vice, thatcantransmita hummingsoundto the throator mouth. For sucha device,
trainingis requiredandthe producedspeecthis robotic. Non-acousticommunica-
tion systemghatrecognizingspeechwithout usingacousticsignalshave alsobeen
proposedRatherthanusingacousticsignalsto performrecognition alternatve in-
formationsourcesareemplo/ed. Oneexampleof aninformationsourcess through
visualimageswherethe speechrecognitionis donebasedon videoimagesof lip-
rounding[CH97].

Recently therehasbeenanincreasednterestin usingsurfaceelectromyogram
(SEMG) signals|[KM96], which aremeasuredanuscleactvities from the skin sur
face. SEMG signalshave beenusedto perform speechrecognition[CEHLO1,
MZ04, KKABO04], supplementorventionalspeechiecognitionsystem$CEHL02a],
andconstructcomputerhumaninterfaceqJBO05].

Although previously proposedSEMG-basedpeecthrecognitionsystemsshov
the feasibility of recognizingspeechbasedon SEMG signals,limitations exist in
thesesystemsMost of the proposednethodologie$ocuson recognizingor classi-
fying the SEMGsignalsinto alimited setof words. Thisapproactsharesimilarities
with isolatedword recognitionsystemsn thatperiodsof silencebetweerwordsare
mandatory Thesesystemsave dif culties in recognizinguntrainedwordsandin
orderto recognizea new word, therecognitionmodelneeddo beretrained.It also
hasdif culties to recognizecontinuouspeechandtherecognitionaccurag canbe

affectedby thedurationof thewords.

1.2 Objectives

The extensibility andapplicationsof the previously proposedSEMG-basedpeech
recognitionsystemss limited becaus@f the congenitade cienciesof theisolated

wordrecognitionapproachThemainobjectve of thisresearchvork wasto address
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thelimitations of the previous proposedSEMG-basedpeechrecognitionsystems.

Thedetailedresearclaimswere:

Explore a methodologyfor continuousspeechsynthesisrom input SEMG

signals.

Explorethefeasibility of unlimitedvocalulary synthesis.

Evenin corventionalspeechrecognition,large vocalulary continuousspeech
recognitionis still a challengingtask. This problemis madeevenmoredif cult in
SEMG-basedpeeclhrecognition sincetheinformationavailablein SEMG signals

is notasrich asspeectsignals,andthe collectedSEMGis weakandnoisy.

1.3 Contributions
Themaincontributionsof this dissertatiorare:

To selectthe suitableSEMG features,a detailedcomparisonvas madebe-
tweennon-overlappingandoverlappingfrequeny bandfeatures.The utility
of overlappingfrequeng bandfeaturesvas demonstratedjuantitatvely for

the rst time.

By utilizing knowledgeconcerningthe medium-termstationarityof speech,
anerrorcorrectiontechniquevasproposedo post-procesthe outputsof the
neuralnetwork and enhancethe classi cation accurag. This signi cantly

improvesthe quality of the synthesizedpeech.

Thisisthe rst timeaconcatenatie speectsynthesigechniquewith overlap-

and-addoeingappliedto SEMG-basedpeectsynthesis.

Theproposedpproacldiffersfrom thecorventionalonein thattrainingdata
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is obtainedvia simultaneouSEMGandaudiorecordingsand,althoughtrain-
ing is donebasedon phonemesin principle, arbitraryspeechcanbe gener
ated.Thefeasibility of synthesizingpeectdirectlyfrom SEMGsignalsusing

this approaclwasdemonstrated.

1.4 ThesisOrganization

Chapter2 givesanintroductionto thefundamental®f SEMG signals.Thechapter
beginswith anintroductionto the natureandrecordingmethodsof SEMG signals,
andshovsthecommonlyusedSEMGfeaturesn ergonomics A review of previous
proposedSEMG-basedpeechrecognitionsystemsandtheir applicationsarealso
presented.

Chapter3 givesanintroductionto the SEMG-basedpeechrecognitionsystems
emplgying isolatedword recognitionapproachTwo classi cationtechniqueshid-
denMarkov modelsandneuralnetworksaredescribed.

Chapter4 introducesthe speechsynthesistechniques. It begins with an in-
troductionto the speechproductionmechanism. Two kinds of speechsynthesis
methodsarethendescribed:thelinear predictve codingvocoderandthe concate-
natve method.The computatiorof the linear predictve codingcoefcients is also
introduced.

Chapters describeghe proposedSEMG-basedpeectsynthesismethodology
It beginswith a discussiorof the limitations of previouswork, the implementation
detailsarethendescribedThis is followed by a discussiorof the designconsider
ations.

The featureselectionprocessconductedn this work is describedn Chapter6.
This chapterbeginswith anintroductionto a separabilityneasuravhichis usedto
measurethe quality of SEMG features. Two typesof spectralfeaturesof SEMG
signalsarecomparedandthe spectrafeatureschoserin thiswork arepresented.

Experimentatesultsarepresentedn Chapter7. Thisincludestheclassi cation
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performancef the neuralnetwork, the effectsof the positioningof SEMG sensors,
the performancef the errorcorrectiontechnigueandthe speeclsynthesigesults.
A summaryof this work anddirectionsfor future researclare presentedn the
nal chapter
In AppendixA, the circuit diagramof the front endampli er usedfor SEMG

collectionis shovn. AppendiceB andC describethe K-Meansandvectorquanti-

zationalgorithmsusedin this work.



Chapter 2

SEMG signal processing

2.1 Intr oduction

SurfaceelectromyogranfSEMG) signalsarewidely usedto analyzemuscularac-
tivities, including SEMG-basedpeeclrecognition.In this chapterthe natureand
terminologyassociatedvith SEMG signalsrelevant to this thesisareintroduced,
includingthe causemeasuremengndanalysisof SEMG signals.

This chapteris organizedasfollows. Section2.2 introducesthe physiological
basisfor SEMG signals.In Section2.3 and2.4, acquisitionandfeatureselection
techniquesof SEMG signalsare describedrespectrely. A review of previously
proposedSEMG-basedvord recognitionsystemss givenin Section2.5. Finally,
someapplicationsof thesesystemsarepresentedn Section2.6 anda summaryis

givenin Section2.7.

2.2 Nature of electromyogram signals

The changein relative positionof laments arrangedn the interior of a muscle
resultsin musclecontractionandforce production. This phenomenoiis triggered
by an electricalpulseknown asan actionpotentialthattraversesalongthe muscle
ber. This actionpotentialis inducedby a potentialdifferencebetweenthe inte-

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

6
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interstitial fluid potassium cations

\ sodium cations cell membrane
chloride anions /

potassium cations

sodium cations

chloride anions

/ protein anions

intracellular fluid

Figure2.1: Muscle ber andionsdistributions.

potential. Therecordedpatternof muscleactionpotentialss calledanelectromyo-
gram (EMG) [KM96]. The EMG signalcanbe usedto analyzemuscleactuities
asthereis a closefunctional relationshipbetweenthem. Muscle actwvities, such
ascontractionspeedandforce, canbe derived by analyzingthe extractedfeatures
from the EMG signalsin bothtemporalandspectraldomains.For example,in er-
gonomicsyesearchersanunderstandhelevel of muscularstrainby analyzingthe
EMG signalandapplythis knowledgeto reduceoccupationafatigue[WJJ96].

Muscle ber in thehumanbodyis surroundedy a cell membrangFigure2.1)
which dividesthe intracellular uid from theinterstitial uid. The distribution of
ionsin both compartmentss uneven becausehe membrangroteinscantransport
ions from onesideto the otherside. Uneven distribution of ions resultsin a po-
tentialdifferencenducedbetweertheintracellularandextracellularspace Muscle
contractionis triggeredwhenthe potentialdifferenceexceedsa certainvalue.

The normalrangeof this potentialdifferenceis between 60to 90 mV. The
negative sign meansthe intracellularspaceis negative comparedwith the extra-
cellular space. Normally, this potentialdifferenceremainsfairly constantandis
called the restingstate. If the potentialdifferenceincreasesand reacheghe so-

called thresholdvalue, an excitation stateis triggeredand musclecontractionis
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Potential difference

(mv)

A

50 —

A

action
potential

excitation
state

-50 -

-100 —

threshold

resting
state

time

Figure2.2: Restingandexcitation potentialof muscle ber.

induced.This potentialdifferences calledanactionpotentialasthe muscularcon-

tractionis triggeredby the propagatiorof this potentialalongthe muscle ber. A

gure shaving thechangen potentialdifferencdrom restingto excitationandback

is shovn in Figure2.2.

The propagationof the action potentialand muscle ber actwationis shavn

in Figure2.3. Muscle ber is composedf different laments arrangedegularly.

The action potentialcantrigger the sliding of myosinandactin laments, where

myosin laments move towardsactin laments. In this gure, the actionpotential

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

to right andresultingin musclecontraction.
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propatation of action

potential
resting active resting resting
region region region region
+ + + + - — — — 4+ + + + + + + +
membrane
- - - — 4+ 4+ + + = = = = - - - -
muscle
fiber
—> <
direction of myosin .
sliding in active region myosin actin

filament filament

Figure2.3: Musclestructureandthe muscle ber activation. Positve sign: higher
potential,negative sign: lower potential.
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n recordin
amplifier bar_ld pass | recording
filter
electrodes
s RY skin surface
| m— [
skin |
+ + + + — — — — 4+ + 4+ + + + + +
membrane
- - - — 4+ 4+ + + = = = = - - - =

propatation of action
potential

Figure2.4: Surfaceelectromyogransignalrecordingusingdifferentialampli ca-
tion.

2.3 Recordingof SEMG signals

To measuranelectromyogransignal,a methodthatinvolvesinsertingawire elec-
trodeinto the muscleis often employed in clinical medicine. However, suchan
invasive methodis not practicalfor egonomicstudies]KM96]. The surfaceelec-
tromyogram recordsthe muscleactvity via electrodesn the skin surfaceandis
widely used.

Figure2.4shovsanSEMGrecording.For simplicity, only one ber isshovn. A
pair of electrodesreplacedontheskin's surfaceto recordthe muscleactvity. The
potentialdifferenceat the ampli er' s two inputswill be ampli ed, commonmode
noisebeingreducedy thedifferentialcon guration. Sincethe maximumpeak-to-
peakamplitudeof the SEMG signalis 5 mV, the gain of the ampli er shouldbe
betweenl000and2000.

Theampli ed signalis thenpassedhroughal5 500bandpassiter [KM96].
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The high frequeng cut-off correspondso the maximumfrequeny of the SEMG
signals. Moreover, becauseof the movementof electrodesand cables,low fre-
guengy componentsn the collectedsignalshouldberemoved. This low frequeny
cut-off rangedrom 0to 15Hz, thevaluedependingntheconditionof skinsurface
andquality of electrodesA properlypreparedsubject,e.g. cleanedusingalcohol,
canreduceartifactsdue to movementof electrodesand a smallerlow frequeng
cut-off canthusbe used. A suitablecircuit thatincludesthe ampli er and lter is
givenin AppendixA.

An actionpotentialmeasuredisingthis schemas showvn in Figure2.5. In this
gure, sub- gures(a)-(e)illustratethe simpli ed membranestructureand ve in-
stantsduring the propagatiorof the actionpotential. The amplitudesof the action
potentialmeasurea@orrespondingo the veinstantsareindicatedin thetime curve
in thelower section.The actionpotentialmeasuredrom thetwo electrodess zero
duringtheunexcitedstate(sub- gure (a)). A potentialdifferenceis measureavhen
anactionpotentialreacheghe left electrode(sub- gure (b)). The potentialdiffer-
encebecomeserooncethe action potentialreacheghe middle of the two elec-
trodes(sub- gure (c)). A potentialdifferenceis measuredagainwhenthe action
potentialprogressefurtherto theright electrodg(sub- gure (d)) but with reversed
sign comparingwhenthe action potentialreacheghe left electrode.Potentialsat
thetwo electrodearethe samewhentheactionpotentialpasseshroughandazero
potentialdifferenceis measuredsub- gure (e)). The maximumamplitudeof the
SEMG signalsis proportionalto the potentialdifferencebetweenthe intracellular
andextracellularspacein the action potential,but the period of the time curve is
inverselyproportionatlto the propagatiorspeedf theactionpotential.As thechar
acteristicsof the actionpotential,e.g. propagatiorspeedof amplitude,is directly
correlatedo differentmuscleactvities, the SEMG signalrecordedcanbe usedto
analyzedifferentmuscleactvities.

Figure2.5only shovsthe SEMGtime curve of asinglemuscle ber. Sincethe

excitationof multiple muscle bers mayoccuratdifferenttimes,in realrecordings,
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Figure2.5: (a) - (e) arethe propagatiorof actionpotentialattime tl - t5. (f) is the
measureSEMG signalsduringthe propagatiorof actionpotential.
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the SEMG signalrecordeds the superpositiorof all muscle bers.

2.4 Inter pretation of SEMG signals

Although SEMG signalscanbe usedto analyzemuscleactvities, theraw SEMG
signalis too comple to analyzewithout considerablelatareduction.SEMG anal-
ysisis oftenbasedon featurederivedfrom the original signalsratherthantheraw
time domainsignalsthemseles, and thesefeaturescan be in both temporaland

spectraldomains.

2.4.1 Temporal feature extraction

In the temporaldomain,amplitudeinformation and zero-crossingate (ZCR) are
often used. Thesefeaturesare derived from the raw SEMG signal over a certain
window to reducethe in uence of artifacts,i.e. noisein the rav SEMG signal.
Lippold e.g. [Lip67] maintainedthat using featuresextractedfrom a window of
electromyogransignal,e.g. meanabsoluteamplitude aremoreaccuratehanusing

asingleamplitudeat aninstantfor muscularcontractionanalysis.

Zero-crossingrate

ZCR countsthe numberof timesthatthe raw SEMG waveformintersectshetime
axis(zeroline) within awindow:
8
X S 1 ifs()s@i+l) O
ZCR= z(i); wherez(i) = (2.1)
i=1 - 0; otherwise.
In the above equation,the window sizeis N and s(i) is the raw signalsat
timei. Zero-crossingsirealundantat restsincethe SEMG signalsareweakand
have alarge amountof backgroundvhite noise.Uponanimpendingmotion, zero-

crossingdecreasdecausef the low frequeng characteristidbelov 500 Hz) of
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SEMG signals. Anotherfeature,the numberof directionalchangesn raw SEMG

signalperunit time, hassimilar characteristico zero-crossingate.

Amplitude

To extractthe amplitudefeaturesthe raw SEMG signalsare oftenfull-w ave recti-
ed andthenaccumulatedveracertainwindow. Thereasorfor full-waverecti ca-
tion is thatthe SEMG signalsarequasi-randonaroundzeroandsimpleaveraging
resultsin a zerovalue. Mean absoluteamplitude(MAA) androot meansquare
amplitude(RMSA) aretwo of the mostcommonlyusedamplitudefeatures.

Meanabsoluteamplitude(MAA) :

MA = = js(i)j: (2.2)

Rootmeansquareamplitude(RMSA):

X

<

RMSA = s(i)2: (2.3)

1

N
i=1

In theabore equationsN isthewindow sizeands(i) is theraw SEMGsignalat

timei. RMSA is chosernin thiswork asit is moreaccuratehanMAA for muscular

actiity analysigFC8q.

2.4.2 Spectralfeature extraction
Frequencydomain analysis

Any signalcanbe reconstructedrom a seriesof sinewaveshaving differentam-
plitudes,phasesandperiods,anda frequeng representatiodescribes signalby
thesemeansA discretesignalcanbetransformednto its frequeng representation

usingthewell known discreteFouriertransform(DFT):
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D( 1
Flk] = x[n]e

n=0
wherex[n] is thediscretesignalandN is thelengthof thesignal.

2

v k=0LuiN 1 (2.4)

Time frequencydomain analysis

Althoughthediscrete~ouriertransformhasbeenof greatvaluein mary areaf en-

gineeringandsciencea spectrogramepresentatiors often usedto represenboth

time andfrequeny domaincharacteristicsThe spectrogramepresentatioapplies
thediscreteFouriertransformto a short-timewindow andmovesthiswindow along

thetime axisto capturethevariationof the spectrum Thistechniquefasbeensuc-

cessfullyusedto analyzebiologicalphenomendWS94, andin particularspeech
[NQL83] [DN93]. One assumptiormadein applyingthe discreteFourier trans-
form on a limited window is that the signalis stationaryover this window. The

continuoudormulationis asfollows from the short-timeFouriertransform(STFT)

[Mit01]:

g ! 2 kp
STFT[n; K] = X[n  plwlple v ; k=0;1:5N 1 (2.5)
i=0

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

methodbeingthe Hammingwindow:

w(p] = 0:54 0:46005{%)]; where 0 p Q L (2.6)

The purposeof performingthe Hammingwindow is to minimize the disconti-
nuities at the borderof eachwindowed segment[RJ93], the Fourier transformis
thusperformedon thewindowed segment.

Applying the discreteFourier transformon a limited window can capturethe
variationof spectrumalongthe time axis, however, it suffersfrom a window size

selectionproblem. If a small window size is used,bettertime resolutioncanbe
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obtained but this resultsin poorfrequeng resolution.On the otherhand,a larger
window sizecanimprove thefrequeng resolution but resultsin alossof informa-

tion betweeradjacenwindows, leadingto poortime resolution[Wil98].

2.5 Review of SEMG-basedspeechrecognition

Theresearclton SEMG-baseahon-acoustispeectrecognitionis still at a prelim-
inary stage comparedvith work on corventionalspeechrecognition.Most of the
propose SEMG-basedpeechecognitionsystemsveretargetediowardsrecogniz-
ing isolatedphoneme®r words,the recognitionmodelswerebuilt for recognizing

thewhole phoneme®r words.

2.5.1 Isolated phonemerecognition

Recently Joigenseretal. reportedtheir work on isolatedphonemeecognitionus-
ing two SEMG channelgecordedirom the chin [JB0O5]. A phonemesetcontains
twenty-threeconsonantand eighteenvowels were used,a 33% recognitionrate
wasachieved. Their work alsoshaved that SEMG signalsmay be inadequatdor
recognizingalveolars,wherethe tip of the tonguetouchesthe alveolarridge. By
removing thesix alveolars(/t/, /d/, Is/,/zl/,Ich/, Ij/) from the phonemeset,arecog-
nition rate of 50% wasobtained. They estimatedhe performancecanbe further
improved by excluding/n/, /l/, and/r/. The authorssuggestedwo future working
aspectdo improve the performance.Oneis analyzingthe effects of sensorposi-
tioning to detectthe problematicfeatures,the otheris applying contet-sensitve
techniquesisedin corventionalspeectrecognition.

By reducingthe phonemesize,therecognitionratecanbesigni cantimproved.
A ve-vowel SEMG-basedpeechecognitionsystemwaspresentedh [KKABO4].
Threefacial musclesmentalis,depressoangulioris andmassettewereinvolved

in the experiment. The SEMG signalsfor the ve Englishvowels,/a/, lel, lil, o/,
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/ul, wererecordedn anisolatedmanner An averageclassi cationrateof 88% was
obtainedusinganeuralnetwork.

Similar work wasreportedin [MHSO03], they achieved an averagerecognition
rateof 94:7% for a phonemesetof ve Japanesegowelsby usinga neuralnetwork

astheclassi er.

2.5.2 Isolatedword recognition

MorseandQO'Brien [MO86] studiedtheavailability of informationwithin the SEMG
signalswhichis relatedspeeclsound.SEMG signalswerecollectedfrom threepo-
sitionsnearthe neckandonepositionover thetemporoparietanuscleof the head.
Averageamplitudewaschoseras SEMG featuresandclassi ed usinga maximum
likelihoodalgorithm.For asubjectdependentest,theirwork reporteda 97% recog-
nition accurag on atwo-word set. Therecognitionaccurag deterioratedor larger
word sets beinglessthan70% for a six-word setand35% for a seventeen-verd set.
Their experimentalresultsalso shoved that the performancavasimproved when
more SEMG channelsvereused.The authorsalsoconductedan experimentto in-
vestigatethe correlationbetweenthe datawidth andthe recognitionaccurag. In
theexperimentwordswereclassi edusingthefeaturesextractedfrom a portionof
aword's SEMGsignal,e.g.in Figure2.6,insteadof usingthewhole SEMGssignal
(W), recognitionwas doneusing portion of the word's SEMG signal (W 1). The
resultsshavedthatusinglargerportionscanachiee betteraccurag.

Manabeand Zhang[MZ04] employed corventionalacousticspeechrecogni-
tion techniquego an SEMG-baseden-Japanese-digi#peechrecognitionsystem.
The tendigits were0; 1; 2; :::;9. Three SEMG channelsthe cheek,the chin and
the upperlip, wereusedin this work. IsolatedSEMG signalswererecordedwvhen
eachdigit wasmimedsilently. DifferentSEMG featureswereanalyzedncluding

Iter bandcoefcients, Mel frequeng cepstralcoefcients, andlinear predictive

coefcients. Their experimentalresultsshavedthat Iter bandcoefcients arethe
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Isolated SEMG signals of a word

[ W >
| w1 >

Figure2.6: Usinga portionof aword's SEMG signalto performrecognition.
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bestand a recognitionrate of 63:7% wasachieved. In this work, a multi-stream
hiddenMarkov modelwasusedasthe classi er, andeachSEMG channelwasas-
signedwith a weightwhich determinedhe contritution of eachSEMG channeto
the classi cation. The authorsshaved thatrecognitionaccurag canbe improved
by optimizingthe channeleights,a 4:0% improvementwasobtainedon average.
This experimentaresultshavedthatoptimizingthe SEMG positioningwascritical
to improvetherecognitionaccurag. Joigenseretal. alsopresenteéi SEMG-based
six-word (stop,go, left, right, alpha, ome&a) recognizemwith a recognitionrate of
over 90% [JLAO3].

2.5.3 Frame-basedphonemerecognition

Sugieand Tsunodaproposedio recognize ve Japanes&owels (/a/, /el, lil, lol,
and/u/) usinga frame-based@pproacHST85]. The SEMG signalswerecollected
from threepositionsof theface,blockedinto framesandeachframewasclassi ed
into oneof the vevowelsusinga nite automatonA recognitionrateof 64% was
achieved. In thiswork, theactive/inactve statusof eachchannelvasusedasSEMG
features.For eachSEMG frame, the numberof crossing=f a thresholdlevel was
countedjf thesumexceeded certainthresholdthechannelwasregardedasactive
at that frame, otherwise the channelwasregardedasinactive. Eachchannelwas
assigneckithera 1" or "0’ for anactive or inactive state.As aresultof this coding,
therewere only eight possibleoutputsastherewere only three SEMG channels.

This may explain why therecognitionratewasquite low.
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2.6 Applications of SEMG-basedspeechrecognition

2.6.1 Using SEMG to augmentcorventional speechrecognition

systems

As the recognitionaccurag of corventionalspeechrecognitionsystemsare sig-
ni cantly degradedby a noisy ervironment,Chanet al. [CEHLO02a] proposedo
supplement conventionalspeeclrecognitionsystemby usingthe SEMG signals
asasecondarynformationsource.They proposeda schemehatintegrateda con-
ventionalspeeclrecognizerandan SEMG-basedpeechrecognizerconcurrently
recordedSEMG signalsandspeecthsignalsbeingusedfor recognition. Their sys-
tem wastestedundervariousernvironmentswith differentnoiselevels andthe ex-
perimentalresultsshoved that the recognitioncapability of the SEMG-basedec-
ognizerwasimmuneto noise,while the recognitionaccurag of the corventional
speechrecognizemassigni cantly degradedatincreasedoiselevels. Experimen-
tal resultsalsoshaved that the recognitionaccurag of the integratedsystemwas
higherthanusingeitherindividual recognizer As therearemuscleactvities prior
to theacousticsignals,researchersuggesteacluding certaindurationsof SEMG
signalsprior to the acousticsignalsto performrecognitionby using the acoustic
signalsasa trigger [CEHLO1, CEHLO2H. The experimentalresultsshoved that
including 500 ms of SEMG signalsprior to the acousticsignalsachieresthe best
recognitionrate. An averageclassi cationrateof 83% wasobtainedusingthe hid-
denMarkov modelto classify SEMG signalsof ten Englishdigits (zemo, one two,

..., NINE).

2.6.2 Human-computer interface

Jomgensenand Binsted demonstratedhe feasibility of applyingan SEMG-based
isolated-vord-recognitiorsystemto constructa human-computeinterface[JB05].

In theirwork, a SEMG-basedvord recognizethatcanrecognizeéenEnglishdigits
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andsix words(stop,go, left, right, alpha,omea) werepresentedarecognitionrate
of 73:13% wasachiered. The systemwasthenappliedto controla web browser
Insteadof usinga keyboardto input hyperlinks,in their system,an alphabetwas
constructedrom theten Englishdigits andusedto generatenputs. Simple com-

mandswereindicatedby the six words.

2.7 Summary

This chapterbeganwith anintroductionto the physiologicalnatureof the SEMG
signals.The SEMGsignalsareinducedby anactionpotentialthatpropagateslong
muscle bers causingmusclecontractionandcanbe recordedvia a high gaindif-
ferentialampli er. Thesignalscanbe analyzedn temporalandspectraldomains.
Examplef SEMGfeaturesncludezero-crossingate,amplitudeinformation,and
the short-timeFourier transform. SomeSEMG-basedpeechrecognitionsystems
andtheirapplicationsverereviewed. Most of theproposedystememployedtech-
niquesof isolatedword recognitionin corventionalspeechrecognition.In the next

chapteranintroductionto the SEMG-basedpeectrecognitionwill begiven.



Chapter 3

SEMG-basedspeechrecognition

3.1 Intr oduction

In the previous chapteyfeatureextractionfrom SEMG signalswasdescribedFea-
turescommonlyusedinclude zero-crossingamplitude,and frequeng spectrum.
Basedon the extractedfeaturesrom the SEMG signalrecordedrom facial mus-
cles,researcherbave developedalgorithmsto recognizespeechFromthereviews,
it is foundthatmostof theseSEMG basedsystememploy anisolatedword recog-
nition approachin thatfeaturesaremappednto alimited setof words,andneural
networks and hiddenMarkov modelsaretwo of the mostwidely patternrecogni-
tion techniques.In this chapter an overviev of SEMG-basedpeechrecognition
systemswill begiven.

This chapteris organizedasfollows. A brief introductionto hiddenMarkov
modelsandtheapplicationof hiddenMarkov modelsto SEMG-basedpeechecog-
nition is givenin Section3.2. Section3.3 describesrti cial neuralnetworks, the
useof neuralnetworksto SEMG-basedpeechrecognition,andthe advantageof

neuralnetworks. A summarys givenin thelastsection.

22
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Figure3.1: Left-to-RightHMM

3.2 Hidden Mark ov modelsapproach

3.2.1 Hidden Mark ov models

Figure 3.1 shaws a basicthree-statdeft-to-right hidden Markov model (HMM)
[RJ86] [Rab89],which is a probabilistic nite statemachine(FSM) with a setof
statetransitionandobsenation probabilities. The statetransitionprobability is the
probabilityof a statetransitionfrom onestateto anotherandthe obsenationproba-
bility is the probabilitythata stateemita particularobseration. A HMM calculates
alikelihoodscorefor aninput obsenationsequenceln Figure3.1,S0; S1; S2 are
the statesanda;; is the probability of statetransitionfromi to j . Figure3.2is the
trellis representatiowhich shavs all possiblestatetransitionpaths.

Givenanobsenrationsequenc® = (0y; 0;;:::;0r), HMM decodingcalculates
P (Qj ), which is the probability of the input obsenation sequencdor a given
model . Theresultis the probability that the utterancerepresentedby model
will producetheobsenationsequenc®.

P (Oj ) of coursecan be calculatedby enumeratingall possiblepathsin the
trellis diagram(seeFigure3.2) over the entireobsenationsequenceln total, there
areN T possiblepaths,whereN is the numberof HMM statesandT is the length

of the obsenation sequence Assumingq = (tq; p; G; :::; Gr) IS oneof the state
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Figure3.2: Trellis representatioof Left-to-RightHMM

traversalpathsthe probability canbe calculatedasfollows:

X

P(Cjg; )P(q )
g

P(O:qg ) 3.1)
all g

P(O] )

In practice analternatve approachgalledthe Viterbi algorithmassociateavith
amax functionis usedRJ93].P (Oj ) is approximatedby themaximumP (O;q ),
which generates beststatesequencepe:.

The iterative procesdo calculatethe scorefor an obseration sequenceé =
(01; 0p; ::1; 07) Is shavn belon. Assumingthe obsenation probability for aninput
symbolo; atstatej is p; (o), the scorealongthe beststatesequencattimet that

endsin statei is h¢(i), thenumberof HMM statess N.
1. Recursiorfor eachelemento, in theobsenationsequence:

h() = maxih 1()a Ip (o) (3:2)
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2. Termination:
H = max[h(i)] (3.3)
1 i N

whereH is the probability of the beststatesequence.

3.2.2 SEMG-basedspeechrecognitionusing HMMs

Figure3.3shavs an SEMG basedsolatedword recognitionsystemusinga hidden
Markov model. The collectedSEMG signalsfor words are blocked into frames,
featuresareextractedirom eachframeandconcatenatetb form featurevectors.As
aresult,a sequencef featurevectorscanbe producedor eachisolatedword. In
someapproacheghesefeaturevectorsarevectorquantizedeforebeingpresented
to a HMM decoder As shawn in this gure, a separattHMM is usedfor each
word in thetamgetsetandscoredor the featurevectorsequencéor all HMMs are

calculated.Theword with the maximumscoreis choserasthe outputword.

3.3 Neural network approach

Neuralnetworks,alsocalledarti cial neuralnetworks,areanarchitecturdor com-
puting inspiredby our knowledgeof biologicalneuralnetworks. The computation
of neuralnetworksmodeltheinformationprocessingo w in neuralsystemsndare
commonlyusedfor patternrecognitionproblem[GM88, KL90, BAHO05, Cho97,
Tay96]. The type of neuralnetwork usedin this work is multilayer perceptrons
[MP69].

3.3.1 Architecture

A neuralnetwork containsanarrayof processingelementgneurons}hatlinkedby
connectiongsynapses)Eachsynapses assigned weightto representhestrength
of connectionbetweenthe processingelements. The functionality of the neural

network is encodedn the strengthf the connections.
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Isolated SEMG signal recording from
difference facial positions
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Figure3.3: HiddenMarkov modelbasedSEMG word recognition.
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Figure3.4: A neuron.

Figure 3.4 shawvs the basicprocessinglement:a neuron. The arrovs indicate
theinputsandoutput,x denoteghe outputof previous neuronsandw denoteghe
weightingof eachsynapse A neuroncomputeshe weightedsumof all its inputs
to form anactivationparametee:

X
z= XiWi; (3.4)
i=1
whereN is the numberof inputs. The outputof the neuronis de ned by atransfer

functionf (z). Somecommonlyusedfunctionsare:

Sigrn. 8
<1 ifz 0
f(z) =, (3.5)
. 1, ifz<O.
Sigmoidal
1:0
f(z) = To+ ez (3.6)
Tan-Sigmoidal
f (z) = tanh(2): (3.7)

Log-Sigmoidal
f(2) = log(2): (3.8)
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A three-layemneuralnetwork architecturas shovn in Figure3.5,in which neu-
ronsarearrangednto threelayers:inputlayer, hiddenlayer, andoutputlayer. The
network processesan input patternin a strictly feedforward manneyi.e. aninput
patternis presentedo the input neuronsandsignal passthroughthe hiddenlayer
and nally reachtheoutputlayer Neurondn thehiddenlayerandoutputlayerhave
multiple inputsanda singleoutput. However, neurondn theinput layerarediffer-
ent. They have a singleinput andsingle outputwith anidentity transferfunction

f (z) = z. Theoutputsof theneurondgn the hiddenlayerandoutputlayerare:

N 1
() = x( Dw () (3.9)
i=1
xi() = f(z(1) (3.10)
wherel denoteghel-thlayer(2 | L), L isthetotalnumberof layers(L = 3in

Figure3.5),N, ; isthenumberof neuronsatthe(l 1)-thlayer, i denoteghei-th
neurondn the(l  1)-th layer, j is thej-th neuronin thel-th layer, w; (1) denotes
the weightof the connectiorbetweerthei-th neuronin the (I  1)-th layerto the
j -th neuronin thel-th layer.

Becausef thenonlinearitieof neuronsandthe weightsof connectionsalarge
numberof functionscan be approximatedoy a multilayer neuralnetwork given

sufcient numberof hiddenneurons.

3.3.2 Training

A neuralnetwork is trainedby supplyinga seriesof input patternswith correspond-
ing responseftamgets). Theweightsbetweemeuronsareadjustedaccordingo the
level of successn reproducingthe targets,in otherwords, distancedbetweenthe
producedutputsandthetargets.

Thetraining of a neuralnetwork involves nding the optimalweightsbetween

neuronghatminimizeanerrorfunction:
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Figure 3.5: A threelayer neuralnetwork architecturewith ve input nodes,four
hiddennodesandtwo outputnodes.
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whereN isis thenumberof neuronsattheoutputlayer, P is thenumberof training

(3.11)

vectors,tj ¥ andz ) arethe targetandneuralnetwork outputat the j -th neuron
for thek-th trainingvectorrespectrely, w representsll theweightsin the network.

A commonlyusedlearning methodis backpropagatioralgorithm [RHW86],
which is a gradientdescentbasedlearningmethod,and the weightsare updated

accordingto thefollowing formula:
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@(w)
@v; (1)
Wij (|) W (|) (313)

w (1) (3.12)

w; (1)

where is aconstantepresentthelearningrate.

3.3.3 SEMG-basedspeechrecognitionusing neural networks

Figure3.6 shovs an SEMG basedsolatedword recognitionsystemusinga neural
network. The numberof output nodesequalsto the numberof words and each
outputnoderepresentaword. During training,anoutputnodeis setto 1 whenthe
targetis the word representedby the nodeand, 1 or O otherwise. To recognize
aword, isolatedSEMG signalsfor a word are rst recordedfrom differentfacial

positions.Featuresirethenextractedrom the SEMGsignalsandinputto theneural
network in parallel. The valuesof the outputnodesrepresenthe scoresof tamgets,
in otherwords,theweightingthataninputfeaturevectorbelonggo eachtarget. By

nding the maximumweighting,the mostlik ely tagetword canbe decided.

3.3.4 Featuresof neural networks

In this work, a three-layer(one hiddenlayer) neuralnetwork is usedto mapthe
featuresfrom SEMG domainto speechdomainbecausats ability to modelnon-
linear functions[HSW89] while makingminimal assumptionsiboutthe statistical

propertiesof the signals.

Noisetolerance

TherecordedSEMGsignalsarenoisy, e.g.theelectricalnoisepickedup by human
andtransmissiorlines, noisein the Itering andampli cation circuit board,and
thenoisedueto humanartifactssuchassuddenmmovementof electrodesAlthough

the noisecanbe reducedby carefully designthe experimentalsetup,it cannotbe
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Figure3.6: Neuralnetwork basedSEMG word recognition.
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removedtotally. Thus,thenoiseis unaroidableandcanbeampli ed togetherwith
the SEMG signal. Neuralnetworks are capableof classifyingnoisy data[MTO00],

this capabilitymakingthema goodchoicefor theanalysisof SEMGsignals.

Nonlinearity

As introducedn previouschapterthe SEMGsignalsarethesuperpositiorof action
potentialsof mary muscle bers andis by naturequasi-randonandlargely aperi-
odic [FC86]. This leadsto thedif culties in featureselectionduring SEMG signal
analysis,as the correlationbetweenthe selectedfeaturesand physiologicalphe-
nomenas unclear Thenonlinearitynatureof neuralnetworksthusmalesit ideally
suitedfor SEMG signalanalysis.Gevins et. al. [GM88] shawv thatneuralnetworks
areusefulin analyzingsignalswith unknavn characteristicandwithout prior as-
sumptionsaboutthe statisticalpropertiesof the signals.OtherthanSEMG signals
[HPS93, neuralnetworksarealsobeingusedto analyzeECG (electrocardiogram)

signalandidentify cardiovasculardiseasesvith very high accurag [LJ91].

Neural network in speechprocessing

Besidesthe applicationsof neural networks in SEMG signal analysis,it is also
beingwidely usedin speectprocessingPreviouswork hasshavn thatneuralnet-
worksyield high accurag in corventionalspeechrecognition|[WC93] [CHS' 9§
[KHJCO04] andin factthe standardechniqueor this application.

3.4 Summary

In this chapteybrief introductionsaboutneuralnetworks andhiddenMarkov mod-
els andtheir applicationsto SEMG-basedpeechrecognitionweregiven. Neural
networks are a computingarchitecturenspiredby the interconnectedeuronsof

the brain which canmodelnonlinearfunctions. In this work, a three-layemeural
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network is choserbecausef its powerful capabilityof nonlinearfunctionapprox-
imation and outstandingfeaturessuch as nonlinearity and noise tolerance. The
functionality of the neuralnetwork usedin this work is mappingthe featuresfrom
SEMG domainto speechdomain,andthe corvertedspeecheaturearethenused
to synthesighe speechwaveform. In the next chaptey variousspeechsynthesis

techniquewill beintroduced.



Chapter 4

Speechsynthesis

4.1 Intr oduction

Speeclsynthesidgechniquesysedo reconstrucspeectwaveformsin thiswork, are
describedn this chapter Two major synthesismethodsareintroduced:the linear
predictve coding(LPC) vocoderandthe concatenatie method. A brief introduc-
tion to the humanspeechproductionmechanisms givenasit is the basisof LPC
vocoder As LPC coefcients arethe widely usedspeecheatureswhich is also
usedin thiswork, the methodof computingLPC coefcients (calledLPC analysis)
is alsodescribed.

This chapteris organizedasfollows. A brief introductionto the humanspeech
productionmechanisms givenin Section4.2. The LPC vocoderandthe computa-
tion of LPC coefcients arethendescribedn Section4.3. This is followed by an
introductionto the concatenatie synthesiamethodin Section4.4. A summaryis

givenin thelastsection.

4.2 Speechproduction

This sectionpresentanoverview of the humanspeechproductionmechanismgle-

scriptionsof speechproductionandLPC modelaredetailedin [RJ93]. Figure4.1

34
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illustratesa cross-sectiof the humanspeeclproductionsystem.The grosscom-
ponentsof the systemare the lungs, vocal cords, noseand various parts of the
mouth. Usually, the pharyngeablndoral cavities arecalledthe vocaltract[HHO1].

The speechproductionprocessnvolvesthe following processes:

Air enteringthelungsvia normalbreathing.
Contractionof lungsto produceanair stream.
Vibrationof theair streamat thevocalcord.

Resonancef theair streamat the vocaltract. By openingthevelum,theair

streamcanalsoberesonatedt the nasalcavity.

Various soundsare producedby different vibration frequenciesof the vocal
cordsandresonancé&equencie®f thevocaltract,wherethevibrationfrequeng is
controlledby the tensionof vocal cords,andthe resonancéequeng is controlled

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

4.2.1 Vibration of vocalcords

Figure4.2shovsasuperiowview of thevocalcords.Whenthevocalfolds aretense,
thetwo vocalfolds areheld closetogetherandthe glottis is closed.The air stream
from the lungsis obstructedandthereis no air o w in the vocal tract. However,

asthe pressurekeepsincreasingand overcomeshe resistanceof the vocal folds,

they are moved apartandthe glottis opens. A rapid air streamthen passthrough
the glottis andcauseghe pressureon the vocalfolds to be decreasedThetension
on thevocalfolds makesthemfall backinto placerapidly andthe glottisis closed
again.This open-closgrocesss repeatedndthe pitch of humansoundis closely

correlatedo the open-closdrequeng of theglottis.
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Figure4.1: Schematidiagramof the humanspeechproductionsystem.

4.2.2 \Voicedand unvoicedsound

The vibration of vocal cordsplaysan vital role in producingvoicedandurnvoiced

sounds:

Voiced Whenthevocalfoldsareoscillatingduringaspeeclsoundthesound

is saidto bevoiced,e.g.whenpronouncingvowels.

Unvoiced Whenthevocalfolds aretoo slackto oscillateduringspeechthe

soundis saidto beunvoiced,e.g. someconsonantss, f, etc.
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- direction of vocal fold
- vibration

vocal fold
vocal fold

glottis

Figure4.2: Superiorview of thevocalcords.
4.3 LPC vocoder

Figure4.3shaovsanLPCvocoderfor speeclsynthesisTheenepgy of theair stream
expelledfrom lungsis modeledby a gain G. Thevocal cordsaremodeledby two
signaltrain generatorsvhich generatean excitation termu(n). An impulsetrain
generatomodelsthevibrationof vocalcordswhenit is tenseandawhite Gaussian
noisegeneratormodelsthe slack stateof the vocal cords. For a voiced sound,a
periodicimpulsetrain with unity amplitudefrom theimpulsetrain generatois se-
lected.A white Gaussiamoisetrain is choserfor urvoicedsoundsA time varying
digital lter is usedfor modelingthearticulationtract,i.e. thevocaltractandnasal

tract. The synthesiof speecltanbedescribedasfollows [Dut97):

_ 1
S(z) = E(2) rwe) (4.1)
s(n) = ais(n i)+ en) (4.2)

i=1

wheree(n) = Gu(n), pisthe lter orderandtheg isthe lter coefcients which
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Figure4.3: LPC-basedpeechsynthesis.

de ne theresonancéehaiors (frequeny responsedf thetime varyingdigital |-

ter. Thecomputatiorof the Iter coefcients is known asLPC analysis.

4.3.1 LPC analysis

From Equation4.2, onecanseethat speeclcanbe approximatedsa linear com-
binationof the previous p speechsamples.LPC analysisthuscomputeghe Iter

coefcients from theinput speeclsignal,andminimizesthe sumof thesquaredlif-
ferencebetweerthe original speechandthe approximatedsynthetic)speech.The
extracted Iter coefcients arecalled LPC coefcients. This techniqueis widely
appliedin speechrecognitionandcodingto represenspeechfeaturegTre83. In
thiswork, it is alsousedasa speecltfeature.

Assumesyg(n) is theLPC approximatedpeechands(n) is theoriginal speech.
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LPCanalysidriesto nd the lter coefcients a; by minimizingthefollowing error

function:

Ee = E[s(n) sp(n)]? (4.3)
x

= E[s(n) as(n  K)J? (4.4)
k=1

whereP is the Iter order The minimum E. canbe found by taking the partial

derwvative with respecto eacha, andsettingthemto zero,giving:

X
E[s(n i)s(n)] = aE[s(n i)s(n k)] (4.5)
k=1
By de ning:
(i k) = E[s(n i)s(n Kk); (4.6)
(i) = E[s(n i)s(n)] 4.7)

The lter coefcients ax canbefoundby solvingthefollowing equationgRJ93]:

2 32 3 2 3
(0) (1) 2 0 (P 1) a (1)
(1) (2) @ = (P2 a (2)
(2) ) 4 = (P 3 a 4= 3)
P 1 P 2 (P 3 ::: (0) ap (P)
(4.8)

Two popularmethodgo solve the above equationsarethe autocorrelatiorand

covariancemethods More detailsaboutthe LPC analysiscanbefoundin [RJ93].
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Figure4.4: Speechsynthesidy waveformconcatenation.
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4.4 Synthesisby waveform concatenation

The LPC-basedspeechsynthesizemwas developedfrom knowledgeof the human
speectproductionmechanismConcatenatie speeclsynthesishowever, usedim-
ited information aboutthe speechsignalsand synthesizespeechby concatenat-
ing pre-recordedpeectseggmentsgBre92]. This methodrequiresarge memoryto
storethe pre-recordedpeechsggments,but it is becomingmore popularwith the
reducedcostof computermemory This methodis often yields superiorspeech
quality [HAHO1].

Figure4.4illustratesthesynthesiso w. Thespeeclsggmentdatabasés formed
from primitivesfrom thegivenlanguagee.g.42 phonemes$or English. Thesynthe-
sissegmentdatabasés the pre-recordedpeectsetfor eachelementn the speech
segmentdatabaseEachseggmentmayberecordedseveraltimesunderdifferentcon-
ditions for betterquality, e.g. differentpitchesto make the syntheticspeechmore

natural. Thespeechs synthesizedsfollows:

The speechtext is split into segmentsbasedon the speechsggmentdatabase
andasegmentsequencegeneratede.g.if phonemesrechoserasthespeech

sgment,theword shecanbe splitinto the phonemesequenc&HY.

Thesggmentmatchingandloadingprocessweepghesegmentsequencand
retrieves the correspondingsggmentwaveform from the synthesissggment

database.

Theretrieved sggmentwaveformsare concatenated orderto form the seg-

mentsequence.

Thetransitionshetweersggmentwaveformsaresmoothedo reducethe dis-

continuitiesandmake the syntheticspeechmorenatural.

In thiswork, phonemdrameis choserasthebasicspeeclsegment. Thesynthe-

sis sggmentdatabasastoresthe enframedspeechwaveformfor eachphonemesA
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neuralnetwork is usedto classifySEMG framesanddecidewhich phonemdrame
shouldbe retrieved and concatenatedDetails are describedn Chapter5. Using
phonemesanreducethecompleity of theproblemasthereareonly 42 phonemes.
It is believedthatthe synthesigquality canbe furtherimproved by applyingmore
sophisticatedynthesigechniques.This work concentrate®n generatingcorrect

phonemesequencebasednthe corresponding EMG signals.

4.4.1 Smoothingtransition betweenspeechsegments

As mentionedabore, the transitionbetweenspeechsegmentsshouldbe smoothed
to reducethediscontinuities A popularmethodto reducethediscontinuityis called
the overlap-and-addechniquelHAHO1]. Using this technique eachspeechseg-
mentis multiplied with a taperedwindow, thenthe startof eachsegmentis over-
lappeda certaindurationwith the endof its previous segmentandaddedtogether

A commonlyusedwindowing functionis the Hanningwindow, de ned asfollows:

2
N 1
whereN is thesggmentlength. Thiswindow functionis usedin thiswork. Assume

w[i]= 05 0:5co9

I; O i N I (4.9)

p[n] andq[n] aretwo speeclsegmentgo be concatenatedAfter multiplicationwith

thewindow function:

pIn] = win]p[n]; 0 n di (4.10)
qIn] = w[n]q[n]; 0 n d2 (4.11)

wheredl andd2 arethe lengthof p[n] andg[n] respectiely, the resultingspeech

s[n] canbeformedasfollows:

pIn] if0O n di R 1
pInj+ dn dl+R] ifdl R n d1 1 (4.12)
dn di+ R] ifdl n di+d2 R 1

s[n] =

W AW 00
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whereR is thelengthof the overlappingregion.

4.5 Summary

This chapterbeganwith an introductionto the humanspeechproductionmech-
anism,which involvesthreesteps: the contractionof lungs, the vibration of vo-
cal cords,andthe resonancen the vocal tract. Two speechsynthesigechniques
werethenintroduced.The LPC vocoderis basedn speeclproductionmechanism
andLPC coefcients areusedasspeecheaturesin this work. The concatenatie
methodsynthesizespeeclby simply concatenatingre-recordedgpeectsegments.
Phonemesre chosenas the speechsggmentsin this work andthe transitionbe-
tweenphonemeganbe smoothedisinganoverlap-and-addechnique.In the next
chaptey the designmethodologywill be presentedincluding the SEMG feature

extractionandcorversionto speech.



Chapter 5

An SEMG-basedspeechsynthesis

system

5.1 Intr oduction

In previous chapters,backgroundon the natureof SEMG signals, classi cation
techniquesand speechsynthesishare beenintroduced. Previous SEMG-based
speeclrecognitionsystemsverealsointroducedwvherethe featuresextractedfrom
SEMGsignalwereclassi edinto a setof words,however, variouslimitations exist
in thesekinds of systemsA frame-basea@pproactwill beintroducedn this chap-
ter, wherethe featuresare extractedfrom enframedSEMG signalsand a speech
waveformis synthesizean a frame-by-framebasis.

The chapterbegins with a discussionof the limitations of previous work on
SEMG-basedspeechrecognitionandthe challengesof this work. The proposed
methodologyfor SEMG-basedpeecltsynthesiss thenpresentedThis s followed
by a discussiorof somedesignconsiderationenda summaryis givenin the last

section.

44
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5.2 Limitations of previouswork

Previous work reviewed in Section2.5 demonstratehe feasibility of recognizing
speechbasedon SEMG signals. However, mostof the previously proposedap-
proachedocusedon recognizingor classifying SEMG signalsinto a limited set
of words. Theseapproachearesimilar to corventionalisolatedword recognition
systemgRL81] in thattheremustbe sufcient silenceintervals beforeand after
thespeectlsignals,i.e., thewordsmustbe sggmentedandisolatedfrom eachother
beforerecognitioncanbe taken place. Although theseapproacheschieved satis-
factory performanceor SEMG signals,e.g. in [CEHLO2b] and [KKABO4], the
recognitionaccuraciesvere over 80%, they are not suitablefor large vocalulary
speechrecognitionand variouslimitations exist [HAHO1] [RRWK83]. Thesein-

clude:

Untrainedwords. Word recognitionsystemshave dif culties in recognizing
untrainedwords. Sincetherecognitionmodelis built from words,in orderto

recognizea new word, therecognitionmodelsmustberetrained.

Availability of trainingdata Whentherearelargenumbersf words,it is dif-
cult to collectalargeamountof trainingdatafor eachword while including

includesall variabilitiesof theword.

To addresghe limitations of corventionalisolatedword recognition,insteadof
building whole-word recognitionmodelsresearchergroposedo recognizespeech
by building recognitionmodelswith smallerunits[RRWK83]. Thiswork proposes
to synthesizespeectiirom SEMG signhalsusinga frame-base@pproach.Previous
work on recognizingphonemesisinga frame-base@pproachobtainedpooraccu-
ragy, e.g.64% in [ST85]. As pointedout by MorseandO'Brien [MO86], informa-
tion for distinguishingSEMG signalsfor differentwordswereobseredthroughout
the durationof the whole word. Moreover, from their investigationson the corre-

lation betweerdatawidth andperformancethey shavedthatusinglargerportions
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of the whole word's SEMG signalsto perform recognitioncould achieve better
accurag. TheseexperimentakesultsshovedthatrecognizingSEMG frames(por-

tion of the whole word's SEMG signals)is moredif cult thanrecognizingSEMG
signalsof the whole words (isolatedSEMG word recognition). Their experiment
on distinguishingSEMG frameschoppedfrom the whole words shaved that, the
recognitionaccurag wasonly 40% for the samesubjecton a eight-word set. This

work investigatingthe feasibility of synthesizingspeecHrom SEMG signalsusing

aframe-base@pproachis evenmorechallenging.

5.3 The proposedmethodology

To synthesizespeech(words or sentenceslising the proposedmethodologyfea-
turesare extractedfrom enframedSEMG signalsand classi ed into a numberof
phoneticclassesthe classi cation is doneby a neuralnetwork which is trained
using featuresextractedfrom parallel recordedSEMG and speechsignals. The
producedsequenceof phoneticclassnumberare mappedto acousticsignalsby

concatenatingorrespondingre-recordegpeectwaveforms.

5.3.1 SEMG sensorpositioning

Threechannelof SEMG signalswere collectedandanalyzedasshown in Figure
5.1. The rst channeWwascollectedfrom the cheekabout2.5cmfrom thenose the
seconcchannelvascollectedrom thechinandthethird channeilvascollectedfrom
thelower lip. An additionalelectrodewasattachedo the foreheadasa reference
point. Speechwasrecordedusinga microphone.The SEMG signalwasampli ed
with a gain of 1000 usingthe circuit givenin AppendixA. Both the ampli ed
SEMGsignalandspeecthwererecordedconcurrentlyusinga Nationallnstruments

PCI6024EPCl dataacquisitioncard[Nat] ata samplingrateof 800(Hz.
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Figure5.1: ElectrodeplacementSEMGsignalswerecollectedfrom thecheekthe
chin,andlower lip, foreheadvasusedasreferenceoint.

5.3.2 Speechfeature extraction

All speectsignals(phonemesin thetraining setareblockedinto 225 msframes,
andthereis no overlappingbetweerframes.This schemehasbeenusedin speech
codingstandardTre82]. For eachspeechrame,tenlinear predictive (LP) coef-
cients,pitchandrootmeansquarevalueareextracted.Thepitchis thefundamental
frequeng of humanspeechwhich is correlatedto the vibration frequeng of the
vocal cordsasdescribedn Section4.3, andthe root meansquarevalue (RMSV)
is correspondingo theenegy. TheextractedLP coefcients, pitch,androot mean
squarevalue extractedfrom eachspeechframeare concatenatetb form a speech
featurevector(Figure5.2).

Unsupervisealustering basedn the K-Meansalgorithm(seeAppendixB), is
thenusedto extracttherepresentatie featurevectorsfor thephonemesndsilence.
Theextractedfeaturevectorsform a speech-featureectorcodebookwhich canbe

usedto labelthe SEMG signalduringneuralnetwork training.
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Figure5.2: SpeecHeatureextractionandforming speech-featureectorcodebook.
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Figure5.3: Frame-basetkatureextractionandneuralnetwork training.
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5.3.3 Neural network training

ThespeectandSEMGsignalarerecordecconcurrentlytrainingpairs(input-taget
pairs)for theneuralnetwork beingformedfrom theparallelrecordeddataasshavn

in Figure5.3. Thisinvolvesforming andlabelingthe SEMG featurevectors.

Forming SEMG featurevectors The SEMG signalsof training phonemes
from differentSEMG channelgtwo channelsn this gure) areblockedinto
frames,andfeaturesare extractedfrom eachSEMG frame. SEMG features
selectionand SEMG channelpositioningwill be discussedn the next chap-
ter. The extractedfeaturesrom differentchannelsareconcatenatetb form

SEMGfeaturevectors.

Labelingthe SEMG featurevectors The parallelrecordedspeechsignalsof
thetraining phonemesreblockedinto framesandthe extractedspeechea-
ture vectorsarequantized'seeAppendixC) usingthe speech-featureector
codebook.Thus,eachspeectrameis representetdy a codebookindex. Be-
causethe codebookis formed by the representatie speechfeaturevectors,
thespeecheatureindex indicateso which phoneme speectiramebelongs.
As the SEMG andspeectlsignalsarerecordedn parallel,the speecHeature

index alsoindicatesto which phonemean SEMG framebelongs.

Eachof the concatenateGEMG featurevectorsis thus pairedwith the cor
respondingspeechfeatureindex to form an input-tagettraining pair. The neural
network, which takesan SEMG featurevectorasinput and producesspeechfea-
ture indicesasoutput,is trainedusingthe input-taget pairs. It is notedthat only
phonemesareinvolvedin training.

In thiswork, athree-layefeed-forwardbackpropagationeuralnetwork is used.
The numberof input nodess equalto the numberof SEMG features.The number
of outputnodesis eight,astherearesevenphonemespneoutputnodeis allocated

for eachphonemeandanadditionaloneis usedfor silence.
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5.3.4 Speechsynthesis

After theneuralnetwork is trained,it canbeappliedto synthesizespeectirom input
SEMG signals. In additionto synthesizingphonemesthe SEMG-baseaynthesis
methodproposedcanalsobe appliedto synthesizevordsasshown in Figure5.4.
To this end, SEMG signalsrecordedare blocked into frames,the featuresfrom
different SEMG channelsare concatenatetb form SEMG featurevectors. Then
the neuralnetwork is usedto classifythe concatenate@EMG featurevectorinto
oneof thesevenphonemesr silence whichresultsin asequencef speecheature
indicesfor eachwordto besynthesized.

The error rate of the producedsequencef speechfeatureindicescanbe im-
provedby usinganphoneticsmoothingechniquewhichis developedby assuming
mid-termstationarityof speectsignals.Thedetailswill bediscussedh Section5.4.

After smoothingthe sequencef speecheatureindices,a concatenatie syn-
thesismethodis appliedto reconstructhetargetspeechn aframe-by-framebasis.
Basedon the error correctedspeechfeatureindices, target phonemeframesare
loadedfrom the pre-recordedsetand concatenatedo form the completespeech.

Thetransitionbetweerphonemess smoothedisingoverlapandaddmethod.

5.3.5 Potential Advantages

Thetrainingdatasetconsistonly of phonemedyut the proposednethods capable
of recognizingany wordswhosephonetictranscriptionis formedfrom thetraining
phonemeset. Although the numberof recognizedwordsincreasesxponentially
with the numberof phonemesnvolvedin training,usingthis method anunlimited

vocahulary continuousspeectsynthesiss potentiallyrealizable.
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Figure5.4: Speechsynthesigrom input SEMG signal.
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5.4 Designconsiderations

The proposedmethodologyis a frame-basedynthesisapproach several aspects

needto beaddressed.

5.4.1 SEMG feature extraction

Thereview in Section2.5 shaovedthat spectralfeaturesare usefulandyield better
performancehantemporalfeatures. The spectralfeaturesthus shouldbe chosen
carefully This work provides an analyticalanalysison the selectionof the fre-

gueng bandcoefcients.

5.4.2 SEMG frame size

The SEMG framesizeshouldbe chosercarefully becausét affectsthefrequeny
resolutionfKGAO1]. If asmallframesizeis used bettertime resolutioncanbe ob-
tained,but thisresultsin poorfrequeng resolution.Ontheotherhand,usinglarger
framesizecanimprovethefrequeng resolution but resultsin alossof information
betweenadjacenframes.In this work, correlationbetweerframesizeandperfor
mances analyzed,nding optimalframesizethatcanbalanceheperformanceand

maintainmaximumtime resolutionis addressed.

5.4.3 Channelpositioning

Previous proposedSEMG-basedvord recognitionsystemusing SEMG signalcol-
lectedfrom different positions,suchas a two-channelsystem[JLAO3] from the
chin,athree-channaysteniMz04] from cheekchin,anduppetlip, a ve-channel
system[CEHLO1] from major facial muscles. The effect of differentchannelsn
distinguishSEMG framesfor differentspeecthasnot beenaddressedAnalyzing
the correlationbetweendifferent sensorpositionsand performancds one of the

majorconcernin this work.
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5.4.4 Smoothingphonetic sequence

To synthesizespeechinput SEMGsignalsareclassi edinto ansequencef speech
featureindices.Dueto classi cationerrors,someindicesin the producedsequence
areincorrect(Figure5.5),andthesemisclassi cationsappeamasfragmentsembed-
dedin thesequenceBasedon this obsenation,a smoothingechniquenvasapplied

in anattemptto remove thesefragments.

Majority- Iter -basederror correction

Basedon the obsenation that voiced speechsignalsare fairly stationaryover a
shortperiodof time and,in contrastcharacteristicef the signalchangeover long
periodsof time, i.e. ontheorderof 200msor more[RJ93]. A majority Iter which
attemptsto remove glitchesdueto misclassi cationwas studied. This correction
techniqueanvolvesscanninghe producedsequencef speecHeatureindicesover
a window of 9 indices(i.e. 202.5ms)with step1, the index id with the highest
frequeng f within the window is found, anda new index equalto id is produced
if thefrequeng f exceedathreshold.Fromtheexamplein Figure5.5,onecansee

that,afterapplyingmajority Itering, errorindicesin phonemeSHarecorrected.

Corr ection basedon triggering

Therearestill someerrorsthatcannotbe correctedoy employing a majority- Iter -
baseckerrorcorrectiontechniquegspeciallywhentheerrorindicesarecloseto each
other Fromthe examplein Figure5.5, one canseethat, therearestill incorrect
indicespresenin phonemdY afterapplyingthistechnique.
Thetriggerbasedcorrectionprocessweepsheindex sequencesingawindow
of nine consecutre indiceswith step1, and anindex is generatedbasedon the
similarity of all indicesin eachwindow. If all thenineindicesarethesameanindex
equalto the nineindices,is generated.The generatedndex remainsunchangedf

theindicesin the next window arenotthe sameandtheindex changesgainwhen
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Figure5.5: An exampleshawing the classi cationerrorin the sequencef speech
featureindicesfor word she The arravs indicatethe misclassi cationin the pro-
ducedsequence.
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thenext nineindicesarethesame For theexamplein Figure5.5,aftersweepinghe
sequenceroducedy neuralnetwork, theerrorsin phonemey, cannotbecorrected
by majority- Iter techniquejs corrected.However, a problemarises,moreerrors

areproducedn theresultingsub-sequencef phonemesH

Hybrid approach

An hybrid approachthat integrating majority- lter andtrigger techniquess used
to correctthe classi cation error. The sequencageneratedy neuralnetwork is
rstly passthroughthe correctionprocesshasedon majority- Iter, the smoothed
sequences thenpassedo triggerbasedcorrectionprocesgor further smoothing.
Themajority- Iter basedorocesss remaoving thesingleindex error, andthetrigger
basedprocessstrengthereachsub-sequenceAs shovn by Figure 5.5, all error

indicesarecorrectedafterusingthe hybrid smoothingechnique.

5.4.5 Smoothingphonemetransition

Theoverlap-and-adtechniqueas usedo reducehediscontinuitypetweerphoneme
transition.Eachphonemaes overlapped®5% of its lengthwith its adjacenphonemes,

thephonemeavaveformis multiplied with aHanningwindow beforeaddedogether

5.5 Summary

In this chaptera methodologyto synthesispeecHrom SEMG signalis presented.
To synthesispeechjnput SEMG signalis blocked into frames featuresextracted
areclassi ed into sequenc®f phoneticlabels,concatenatie methodis thenused
to reconstructedhe original speechwaveform basedon the sequencef phonetic
labels. Several aspectssuchas SEMG featureselectionand channelpositioning,
shouldbecarefullyaddressedA hybrid smoothingechniques proposedo correct

theerrorsin thesequencef phonetidabels,which consistf majority- Iter-based
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andtriggerbasedcorrectiontechnique.

Sincethe neuralnetwork is trainedusingfeaturesextractedfrom the enframed
phonemeSEMG andspeecthsignal,speechs thensynthesizedrameby frame,the
proposednethodologys applicablefor continuouspeectsynthesisith unlimited

vocahulary. In the next chapteysomeexperimentakesultswill bepresented.



Chapter 6

Spectralfeature assessmendf SEMG

signals

6.1 Intr oduction

In the previous chapter a frame-basedpeechsynthesismethodwas introduced,
wherethefeaturesvereextractedfrom enframedSEMG signalsandclassi edinto
phoneticclassesFrequeng bandcoefcients areusefulfeatureto analyzeSEMG
signals,however, parametersf Iter bandcoefcient areoftenselectedarbitrarily,
e.g.in [PBYTIOZ]. It is believedthatspectralfeatureselectionplaysavital rolein
distinguishdifferentspeeclandperformanceanbeimprovedby carefullyselecting
spectrafeaturesin this chapterthe spectrafeatureselectionprocessonductedn
thiswork will bediscussedh detail.

This chapteris organizedas follows. The divergencescore,usedto measure
the quality of featuresjs introducedin Section6.2. Thisis followed by a descrip-
tion of the datasetusedin Section6.3. Two spectralfeatureextraction methods,
non-overlappingrequeng bandandoverlappingrequeny band,aredescribecnd
comparedn Section6.4and6.5. Thespectrafeatureusedin thiswork is presented

in Section6.6 andsummaryis givenin thelastsection.

60
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6.2 Separability measuring

To measurdhe ef cacy of variousfeaturespneapproachs to directly presenthe
extractedfeaturevectorsto a neuralnetwork and then evaluatethe classi cation
performance However, astherearea large numberof differentfeatureextraction
schemesit would be prohibitively time consumingo testall combinationsin this
work, divergence[TKO03] is thususedto measurehe utility of differentfeatures.
Thedivergences inferredfrom the Bayesclassi cationrule andusedasa separa-
bility measureof two distributions. In Bayesclassi cationrule, giventwo classes

I 1 and! ,, afeaturevectorx is classi edinto! 1 if

P(!4jx) > P(! 2jx):

Alternatively, thelikelihoodratio betweerP (xj! ;) andP (xj! ,) thusrepresents
the discriminatorycapability betweentwo classed ; and! ,, and the meanlog

likelihoodratio over class! 4 is calculatedas

Z ., .
’ : P(xj! 1)
DIV, = P(xj! 1) In . 6.1
17 (Xi! 1) P! ) (6.1)
andfor! »
Z ., :
’ : P(xj! 2)
DIV, = P(xj! ,) In - 6.2
2= (X! 2) P! 1) (6.2)
Thedivergencebetweerthetwo classes! ; and! ,, is calculatedasthe sum
DIV, = DIV, + DIV,: (63)

Theabove equationcanbetransformedo

1
DIVy, = Strac Lo+ Lt 20+

(1 U M N ) (6.4)
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where ; and ; arethe meanandcovarianceof class! 1, and , and , arethe

meanandcovarianceof class! ,. Theaveragedivergences calculatedasfollows:

X 1 X
DIV
i=1 j=i+l .
X 1 ’
[
i=1
whereN is thenumberof classesin thiswork, N is equalto 8, whichincludesone

DIV _AVG = (6.5)

silenceclassand7 phonemeclassegSection6.3).

Anotherterm,ASF_DIV _AVG, is usedto analyzethe averageseparabilitycapa-
bility of individualfeatureswithin thefeaturevector wheretheaveragedivergences
for individualfeaturesPIV _AVGs,arecalculatedusingEquation6.5,andtheaver-
ageof theseis calledthe ASF_DIV _AVG coefcient, i.e.

X
DIV_AVG

ASF.DIV_AVG = k#; (6.6)

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

numberof the featurevector

6.3 Analysisdata set

Usingtheexperimentaketupdescribedn Section5.3.1,ananalysisvasdoneusing
aphonemesetconsistingof: ae iy, ao, uw, sh,f ands. Datasetswererecordedn
a twenty-secongeriod, during which the spealer repeatedlypronounced given
phonemeThis processvasrepeatedour timesfor eachphonemeandthecollected
datawasusedfor analysis.The concurrentlyrecordedspeeclsignalswereusedas

areferencdo labelthe SEMG signals.
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Figure6.1: Distribution of NOFBC. The horizontalaxis is the NOFBC numberl

- 10 from left to right, andthe vertical axis is the amplitudeof the NOFBC (lower

correspondso largeramplitude).The color representshe numberof NOFBCs.
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NOFBCnumber| Frequeng region
NOFBC1 OHz-50Hz
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: NOFBC numberandcorrespondindgrequeng regionfor N = 10.
6.4 Non-overlapping frequencybands

The SEMGsignalsof thewereblockedinto 1125 msframesthefrequeny spectra
from 0 Hz to 500Hz werecalculatedor eachframeanddividedinto N equalnon-

overlappingfrequeng sections;the bandwidthof eachsectionis 500N Hz. The

frequeny componentsn eachsectionweresummedo give onecoefcient (called
the non-overlappingfrequengy bandcoefcient or NOFBC) correspondindo that
section.Thisresultsin N NOFBCsandnon-overlappingschemesreoftenusedto

analyzeSEMG signals,e.g. [PBYTIO02]. Table6.1 shovs the NOFBCsandtheir

correspondingrequeng regionsfor N = 10.

Figure 6.1 shaws the distribution of the 10 NOFBCsfor differentphonemes
and SEMG channels.This preliminaryview clearly shovs the variability between
differentphonemesndthe similaritiesfor the samephoneme.As we canseein
this gure, the NOFBCsarecompactedn a smallvariancefor the samephoneme.
On the otherhand,variationcan be found for differentphonemesparticularlyin
theamplitude.For example theamplitudedor silencearemuchsmallerthanother
phonemesAlthoughthe amplitudeof somephonemeanaybesimilar, variationcan
be obsened by comparingtheir shapeover the NOFBC bands. For example,the

shapeof phonemeae andf in the cheekchannelaredifferent,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: Divergencescoref differentphonemesising10 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 2598 | 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 1825 | 2.12 | 254 | 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 4780 | 7.32 | 798 | 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: Divergencescoresf differentphonemesising10 NOFBCsfrom lower
lip channel.

arequitesimilar.

Table 6.2, 6.3, 6.4 shows the divergencescoresfor different SEMG channel
using 10 NOFBCsandthe averagescores(DIV _AVG) calculatedusing Equation
6.5areshovnin Table6.5. Thesetablesshawv thatthe cheekchanneis bestableto
separat¢the SEMGfeaturevectorson averagethelowerlip channels thenext, and
the chin channelis the worst. However, the cheekchannelis not alwaysthe best.
For example,the lower lip channelis betterthanthe cheekchannelfor separating
silencefrom otherphonemesasthemeandivergencescoreis 44:08, comparedvith
2563 usingthe cheekchannel.

The DIV _AVGs for differentnumbersof frequeng 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 1157 | 0.00 | 199 | 567 | 6.75 | 6.35 | 1.89 | 0.80

f 10.15 | 199 | 0.00 | 12.74| 16.05| 1591 | 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 3295 | 6.35 | 1591 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 1255 | 080 | 404 | 3.82 | 3.73 | 3.78 | 273 | 0.00

Meanscore| 17.79 | 5.00 | 8.93 | 8.02 | 10.45| 10.72| 8.91 | 4.49

Table6.4: Divergencescoresof differentphonemesising10 NOFBCsfrom chin
channel.

| Position || DIV_AVG ]

Cheek 27.2
Lowerlip 19.7
Chin 9.3

Table6.5: Comparisorof DIV _AVG scoreusing10 NOFBCfrom differentSEMG
channel.

theresultsareshavn in Figure6.2. Onecanseethatthe DIV _AVG valueis larger
for a larger numberof frequeng bands. This shows that SEMG featurevectors
aremoreseparabldor a largernumberof frequeng bandsandhence usingmore
frequeny bandsare betterfor capturingthe variability of SEMG featurevectors
betweerdifferentphonemes.

The ASF_DIV _AVGsfor differentnumbersof frequeng bands,arecalculated
andtheresultsshowvn in Figure6.3. The separabilityof individual featurescanbe
seento beincreasingwith bandwidth.Thisis reasonablaseachfrequeng bandis
capableof capturingmore SEMG featureswith larger bandwidthandis thusmore
representate of the SEMG characteristicéor differentphonemes.

Figure6.2shavsthatDIV _AVG increasesvith the numberof frequeng bands,
however, it is almostsaturatesfterthe numberof frequeny bandss largerthan5.
Oneof the reasongs thatthe bandwidthis smallerfor morefrequeny bandsand

theseparabilityof eachfrequeng bandbecomesower. A problemof balancinghe
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Figure6.2: DIV _AVG scoresfor differentnumbersof frequeng bandsusingthe
NOFBCfeature.

trade-of betweerthe numberof frequeng bandandbandwidthis thusconfronted.

In the next section,overlappingbandsareusedto addresshis problem.

6.5 Overlapping frequencybands

The overlappingmethodpartitionsthe full frequeng rangeinto severalbands.ad-
jacentbandsbeingoverlappedveracertaininterval. De ne N to bethenumberof
frequeng bandsof bandwidth! . Thefrequenyg rangeF R in eachfrequeng band
is:

FRi=[(0 21);( 1) +!']; for i=123:;N

where

= (500 !)=(N 1)
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Figure6.3: ASF_DIV _AVG scoredor differentbandwidthausingNOFBCfeature.

The SEMG signalsfor the analysisdatasetwere alsoblocked into 1125 ms
framesandthe frequeny spectrafrom 0 Hz to 500 Hz were calculatedfor each
frame. Frequeng responsesn eachbandwere summedto give one coefcient
(calledthe overlappingfrequeng bandcoefcient or OFBC)correspondingdo that
band,whichresultsin N OFBCs.

Figure 6.3 shaws the separabilityof individual frequeng bandincreasesvith
the bandwidth. However, especiallyfor the lower lip and chin channelsthe sep-
arability tendsto saturatefor bandwidthdargerthan140Hz. As aresult, OFBC
featuresvith N = 10and! = 140Hz wereselectedn thiswork. Table6.6 shovs
OFBCsandtheir correspondingrequeng regions,

Table 6.7, 6.8, 6.9 shaws the divergencescoresfor different SEMG channels
using10 OFBCswith a bandwidthof 140Hz. AveragescoresDIV _AVG) calcu-
lated are shavn in Table6.10. It is interestingto note that there are similarities
comparedvith theresultsobtainedusingNOFBCs.In particular thecheekchannel

is bestfor separatinghe SEMGfeaturevectorson averagethenext is thelowerlip
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OFBCnumber| Frequeng region

OFBC1 OHz—-140Hz
OFBC2 40Hz—-180Hz
OFBC3 80Hz—-220Hz

OFBC4 120Hz—-260Hz
OFBC5 160Hz—-300Hz
OFBC6 200Hz—-340Hz
OFBC7 240Hz—-380Hz
OFBCS8 280Hz—-420Hz
OFBC9 320Hz—-460Hz
OFBC10 360Hz—-500Hz

Table6.6: OFBC numberand correspondindgrequeny regionfor 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 1751 | 66.96 | 3429 | 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 | 3045]| 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 3391 | 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 differentphonemesising10 OFBCsfrom cheek
channelwhere! = 140Hz.

channel,andthe lower lip channelis betterthanthe cheekchannelfor separating
silencefrom otherphonemesOn average using10 OFBCsis betterthanusing10
NOFBCsfor distinguishingdifferentphonemegseeFigure6.4).
FromTable6.7,6.8,6.9, onecanseethatdifferentchannelsare betterfor dis-
tinguishingdifferentphonemesi.e. while a channelmay be badfor separatinga
particularphonemeanotherchannemaybe good. For example the cheekchannel
is betterthanthe chin channelfor distinguishingbetweens andf. The lower lip
channelis betterthanthe cheekfor distinguishingbetweeny ands. However, the

chinchannels almostalwayspoorfor all phonemepairs. It only performsslightly
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| | Silence] ae | f [ iy [ a0 | 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 9.08 234 | 1190 | 1297 | 7.04

f 93.69 | 347 | 0.00 | 19.66 | 265 | 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 | 265 | 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

Table 6.8: Divergencescoresof differentphonemesising 10 OFBCsfrom lower
lip channelwhere! = 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 | 252 | 9.29 | 990 | 9.79 | 1.95 | 0.89

f 16.65 | 252 | 0.00 | 26.10| 28.24| 27.26| 1.73 | 5.42

iy 2478 | 9.29 | 26.10| 0.00 | 1.41 | 1.61 | 22.89| 5.33

ao 4495 | 990 | 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 1781 | 195 | 1.73 | 22.89| 23.51| 22.49| 0.00 | 3.53

uw 2221 | 089 | 542 | 533 | 493 | 558 | 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 differentphonemesising 10 OFBCsfrom chin
channelwhere! = 140Hz.

betterin separating limited numberof phonemepairs,suchasshandf.

The resultsobtainedin Table 6.7, 6.8, 6.9 also shawv that characteristicof
SEMG and speeclsignalsarevery different. All channelsarebadfor separating
phonemesh from uw, but the speechsignalsfor thesetwo phonemesre actually
totally different,wherephonemaiwis avoicedsoundwith vocalcordvibrationand
shis aunvoicedsound.Thesetwo phonemeganbe easilydistinguishedy human
or acousticspeeclrecognitionsystems. The divergencescoreshavs that SEMG
characteristic®f thesetwo phonemesre similar asthe degreeof lip-roundingis

quitesimilar resultingin similar muscleactuities.



Chapter6 Spectal featue assessmermf SEMGsignals 71

| Position ]| DIV_AVG |

Cheek 45.9
Lowerlip 31.2
Chin 14.7

Table6.10: Comparisorof DIV _AVG using10 OFBCsfrom differentSEMG chan-
nel,where! = 140Hz.
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Figure6.4: Comparisorof DIV _AVG for 10 NOFBCsand10 OFBCs.
6.6 Featureselection

The above analysisshaws that the cheekandlower lip channelsare the besttwo
channeldfor distinguishingphonemes.Thesetwo channelswvere chosenfor this
reasonn this work. Usinga bandwidthof 140Hz, 10 OFBCsextractedfrom each
channelareconcatenatedndresultsin atotal of 20 OFBCs. This con gurationis
usedfor furtherexperimentsThedivergencescoresalculatedusing20 OFBCsare
shovnin Table6.11.Onecanseethat,all divergencesareimprovedcompareadvith

thedivergence®btainedusingasinglechannel.TheDIV _AV G calculatedising20
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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 17431 | 35.31 | 25.73 | 54.47 | 4852 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 differentphonemesising 20 OFBCsfrom the
cheekandlowerlip channelswhere! = 140Hz.

OFBCsbhecomes$3:0.

6.7 Summary

In thischapterthespectrafeatureselectiorprocessonductedn thiswork waspre-
sented.The quality of featuresvasmeasuredisinga divergencescore. Two spec-
tral featureextractionschemesnon-overlappingandoverlappingfrequeny band,
werecomparedTheresultsshowv thatthe overlappingfrequenyg bandis betterthan
the non-overlappingfrequeng bandto distinguishphonemes.The cheekchannel
yieldsthe bestaveragedivergencescoreandthisis followedby thelower lip chan-
nel. The chin channelis the worst. A con guration, using 20 OFBCsextracted
from the cheekandlower lip channelswvith a bandwidthof 140Hz, wasfoundto
yield betterperformancehana single channelandthuschoserfor the restof this
work. In the next chapterthe speeclksynthesigesultsusingthis con gurationwill

bepresented.



Chapter 7

Results

7.1 Intr oduction

The previous chaptershoved that using overlappingfrequeng bandcoefcients
(OFBCs)hadadwantagesver non-overlappingfrequeng bandcoefcients (NOF-
BCs). In this work, two additionalfeatureswere employed, the root meansquare
amplitude(RMSA) andzero-crossingate(ZCR).Moreover, theanalysisn Chapter
6 shavedthatthe cheekandlower lip channelanachieve a betteraveragediver
gencescorethanthechinchannel.n this chapterspeeclsynthesisesults pbtained
usingOFBC,RMSA, andZCR asfeaturesandtwo SEMG channelsncluding the
cheekandlower lip, will bepresented.

This chapterbegins by describingthe experimentaldatasetused. This is fol-
lowedby experimentakesultsobtainedo nd themostsuitableSSEMGframesize.
Theclassi cationperformancef theneuralnetwork is analyzed The performance
of anerrorcorrectiontechniquepsedto correcttheclassi cationerrorof theneural
network, is then presented.Synthesigesultsfor words are then describedand a

summaryis givenin thelastsection.
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7.2 Experimental data sets

Datasetswererecordedn twenty-secondluration,duringwhich a spealer repeat-
edly pronounceda given phonemeor word. Eachdatasetcontainstwo twenty-
secondSEMG signals(recordedfrom the cheekand lower lip) and one twenty-

secondspeectsignal.

7.2.1 Training phonemeset

The phonemeset describedin Section6.3 was chosen,four datasetsfor each
phonemewere usedfor the training of neuralnetwork andresultsin twenty-eight
datasetsin total. SEMG signalsfrom eachchannelwereblockedinto framesevery

22:5 ms. As aresult,thenumberof SEMG framesfor eachchanneis:

20sec
225ms

For eachSEMG frame, 10 OFBCs,one RMSA andoneZCR were extracted,

28datasets b c = 24864frames

thusfor both channelseachSEMG featurevectorcontainscontains20 OFBCs,2
RMSAsand2 ZCRs. As aresult,therewerea total of 24864vectorsusedto train

theneuralnetwork.

7.2.2 Testingphonemeset

The testingphonemesetscontainsone datasetfor eachphonemeandresultsin
sevendatasets. SEMG signalsfrom eachchannelwereblockedinto framesevery

22:5 ms. Thenumberof SEMG framesfor eachchannels:

20sec
7 datasets b22:5 —.

SEMGfeaturevectorscontaining20 OFBCs,2 RMSAsand2 ZCRswereextracted

c = 6216frames

in the sameway asthe training phonemeset. As aresult,therewere6216 SEMG
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Figure 7.1: Averageclassi cation rate for different SEMG frame sizesusing 20
OFBCs,2 RMSAs,2 ZCRs.

featurevectorsin total. Thesevectorswereusedto evaluatethe classi cationper
formanceof theneuralnetwork. Speeclsignalsarerecordecconcurrentlyandused

asareferencedo labelthe SEMG signalsfor performancevaluation.

7.2.3 Testingword set

The word usedfor testingare shaw she ash, shoe see saw fee and off. The
phonetictranscriptionsare formed by concatenatinghe training phonemes.The
testingword setcontainsonedatasetfor eachword, andresultsin eightdatasets.
SEMGfeaturevectorscontaining20 OFBCs,2 RMSAsand2 ZCRswereextracted
in the sameway as the training phonemeset. The testingword setwas usedto

evaluatethe speechsynthesigperformance.
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Figure7.2: Averageclassi cationrateof silenceandphonemesor differentSEMG
framesizesusing20 OFBCs,2 RMSAs,2 ZCRs.

7.3 SEMG frame size

To nd the SEMG framesizethatbalanceghetrade-of betweerthetime andfre-
gueng resolution SEMG featuresvectorswereextractedfor differentframesizes.
The neuralnetwork wastrainedunderdifferentframe sizesandclassi cationper
formancewasevaluatedusingthetestingphonemeset. In this work, SEMG frame
sizesfrom 225 msto 2025 mswith a stepof 45 mswereanalyzed As thefeature
vectorscontains20 OFBCs,2 RMSAs, and2 ZCRs, a three-layemeuralnetwork
with 24 inputnodes 24 hiddennodesand8 outputnodesverechosen Onethird of
thetrainingdatawasusedasa cross-alidationset.

Theaverageclassi cationratesfor SEMG framesizesfrom 22.5msto 202.5ms

areshowvn in Figure7.1. A cleartrendcanbe seenin this gure: theclassi cation
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rateis higherfor larger SEMG frame sizesandbecomesaturatedor framesizes
larger than 1125 ms. Becausesmallerframe size gives bettertime resolution,a
framesizeof 1125 msis choserfor further experimentsdespitelarger framesize
giving a slightly higherclassi cationrate.

An interestingresultis shavn in Figure7.2,which shavstheclassi cationrate
of silenceandphonemeseparatelyfor different SEMG framesizes. Onecansee
thatthe classi cationratesfor silencearealmostthe samefor all framesizes,how-
ever, theclassi cationratefor phonemedncreasesvith theframesizeandbecomes
saturatedor frame sizeslarger than 1125 ms. SEMG signalsfor silencehave
similarcharacteristics.g.low amplitude Jow responsef frequengy, thesecharac-
teristicscanbe classi ed usingeithersmall or large framesizes. This may explain
why the classi cationrate curve of silenceis at. On the otherhand,the classi -
cationrate curve for phonemesuggestghat larger frame size canachieve better
classi cationratesincea larger SEMG framecontainsmoreinformationrelatedto
the musclecontractionrwhenspeaking.Thuslargerframesizesareableto capture

variabilitiesamongdifferentphonemes.

7.4 Neural network classi cation

7.4.1 Number of hidden nodes

To analyzethe effects of varying the numberof hiddennodes,using20 OFBCs,
2 RMSAs, and 2 ZCRs as features,the classi cation performanceof the neural
network wasanalyzedusingthetestingphonemeset. Figure7.3 shonvsthe average
classi cation rate for differentnumbersof hiddennodes. It canbe seenthat the
numberof hiddennodeshaslittle impacton theresult. Hiddennodesrangingfrom

8 to 24 give almostthe sameclassi cationrate,and24 givesa slightly betterrate.
As aresult,the numberof hiddennodeswaschosenasthe numberof input nodes

in thiswork.
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Figure7.3: Averageclassi cationratefor differentnumberof hiddennodesusing
200FBCs,2 RMSASs,2 ZCRs.

7.4.2 Singlechannel

To furtheranalyzethecorrelationbetweersensopositionandperformanceinstead
of using20 OFBCs,2 RMSAs, and2 ZCRsextractedfrom both SEMG channels,
the neuralnetwork wastrainedandtestedusing SEMG featuresextractedfrom a
singleSEMGchannelj.e. 10 0OFBCs,1 RMSA, and1 ZCR.An SEMGframesize
of 1125 mswasused.

Table 7.1 shaws the confusionmatrix for classi cation using 10 OFBCs, 1
RMSA, and 1 ZCR extractedfrom the cheek,and the resultsobtainedfor lower
lip channelareshavn in Table7.2. In thesetables,the columnsshawv the neural
network classi edlabelsandtherows representhetruelabels. The averageclassi-

cation ratesfor thecheekandlowerlip channelsare74.3%and60.4%respectrely.
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Classi ed True phonemdabel
phonemdabel || Silence] ae | f [ iy | a | 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 23% | 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 21% | 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 shoving the classi cation performanceusing10 OF-
BCs, 1 RMSA, and 1 ZCR extractedfrom the cheek,the SEMG frame size is

1125 ms. Theaverageclassi cationrateis 74:3%.

Classi ed Truephonemdabel
phonemdabel | Silence] ae | f [ iy | a | 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 shaving the classi cationperformancaising10 OF-
BCs,1 RMSA, and1 ZCR extractedfrom the lower lip, the SEMG framesizeis

1125 ms. Theaverageclassi cationrateis 60:4%.

Onecanobsenre thatthe cheekchannelprovidesmorediscriminatve information

for SEMGframeclassi cationfor the phonemesetusedin this work.

From thesetwo tables,the resultsare consistentwith the resultsobtainedin

the spectralfeatureassessmeraf SEMG signalsin Chapter6. For example,on

averagethe cheekchannelis betterthanthe lower lip channelandthe lower lip

channelis betterthanthe cheekfor separatingsilencefrom otherphonemes.The

cheekis betterthanthe lower lip channelfor distinguishingphonemesxceptsh

ComparingTable7.1and7.2,it canbe seenthatthatconfusionbetweerphoneme

sh and uw exists in both cases. An averagemisclassi cationrate of 27:7% was
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Figure7.4: Correctclassi cationrateof silenceandeachphonemaisingthecheek,
thelower lip, andbothchannelsespectiely.

found usingthe cheekchannel,and 22:6% misclassi cationrate wasfound using

thelowerlip channel.

7.4.3 Classi cation using both channels

Figure7.4shavsthecorrectclassi cationratesfor silenceandeachphonemausing
the cheek,the lower lip, and both channelsrespectiely. This gure shows that,
comparedwith usinga singlechannelcorrectclassi cationratesof all phonemes
andsilenceareimprovedwhenbothchannelsareused.

Table 7.3 shaws the classi cation resultsusing 20 OFBCs,2 RMSAs, and 2

ZCRs. The averageclassi cationrateis 86:3%. From this tableandFigure7.4,
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Classi ed True phonemdabel
phonemdabel || Silence] ae | f [ iy | a | 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 21% | 0.0% | 0.0% | 0.0% | 0.2% | 69.2% | 0.0% | 20.0%
S 5.3% 0.4% | 0.0% | 29% | 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 shoving the classi cation performanceusing20 OF-
BCs, 2 RMSAs, and2 ZCRsextractedfrom the cheekandlower lip channelsthe
SEMGframesizeis 1125 ms. Theaverageclassi cationrateis 86:3%.

one canseethat, althoughthe correctclassi cation ratesof all phonemesand si-
lenceare improved when using both channelsthereis no improvementin sepa-
ratingphonemeshfrom uw. The averagemisclassi cationrate betweerthesetwo
phonemas 23.2% whenboth channelsare used,however, a misclassi cationrate
of 226% is obtainedwhenthe lower lip channelis used,this rateis evenslightly
lower thanfor two channelsMoreover, from Figure7.4,it is foundthatthe correct
classi cationratesof phonemeshanduw aretheworstamongthesevenphonemes.
Theseresultsindicatethat the SEMG signalscollectedfrom the cheekand lower
lip may be inadequatdor separatingphonemesh from uw, asthe degreeof lip-
roundingfor pronouncinghesetwo phonemearesimilar.

Table7.3 shaws thattherearestill 17:9% silenceSEMG framesbeingmisclas-
si ed to otherphonemesvhenusingbothSEMGchannelsThiserroris introduced
by the fact that SEMG actiities exist prior or posteriorto acousticsignals(see
Figure7.5). In thetraining phonemeset,someSEMG framesprior (region A2 in
Figure7.5) or posterior(region A3 in Figure7.5)to acousticsignalsarelabeledas
silence, andasthesekinds of SEMG framesareactuallyassociatedavith rich mus-
cle actwities, the classi er may be confused.as SEMG framesin regionsAl and
A4 in Figure7.5,which areassociateavith lessmuscleactvities, arealsolabeled

assilenceandthusform a one-to-mag situation.
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Figure7.5: SEMG actvities prior andposteriorto speech.
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Classi ed True phonemdabel
phonemdabel || Silence] ae | f | iy [ a0 | 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-
guenceof speectfeatureindices.The averageclassi cationrateis 96:4%.

Figure7.6shavstheclassi cationresultsfor differentfeaturesisingbothSEMG
channels.Using 2 ZCRsand2 RMSAs achiere the worstaccurag andthis result
is consistentvith previously obtainedresults[ST85 MO86]. In thesestudiesthe
authordriedto classifySEMGframesusingsimilar featuresandalsoachiezedpoor
results.In their work, the numberof crossingthreshold ST85] andaverageampli-
tude[MOB86] wereusedasfeatures.Figure 7.6 alsoshavs that OFBC is the best
featureamongthesethreekinds of features,using 20 OFBCscanachie/e almost

thesameclassi cationaccurag asusingall features.

7.5 Phoneticsequencesmoothing

7.5.1 Dataset

Using20 OFBCs,2 RMSAs,and2 ZCRsasfeaturesSEMG signalsin the testing
phonemesetwereclassi ed into sequencesf speechfeatureindices. Sincethere
wereseven phonemesseven sequencewere produced gachsequenceontaining
888 indices. As indicatedin Table 7.3, misclassi cationsexist in the classi ed
sequencesf speecheatureindices. A hybrid smoothingtechnique describedn

Section5.4.4,wasappliedto correcttheseclassi cationerrors.
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Figure7.7: Averageclassi cationratesafter smoothingfor differentthresholdval-
uesin themajority Itering process.

7.5.2 Smoothingof classi cations

Figure7.7shavstheaverageclassi cationratesaftersmoothingor differentthresh-
old valuesin the majority Iter process.Theclassi cationrateis similar for differ-
entthresholdvaluesandavalueof 8 achiezesthe bestclassi cationrate. Thusthis
valuewaschoserfor furtherexperiments.
Table7.4shonstheresultsobtainedafterapplyingthehybridsmoothingusinga
thresholdof 8 for themajority Iter processAn averageclassi cationrateof 96:4%
wasachiered. A comparisorof classi cationratesbeforeand after smoothingis
shavnin Figure7.8. This gure shavsthattheclassi cationratesfor eachphoneme
andsilenceareimprovedwith thesmoothingechniqueln particulay phonemeso,

shanduw exhibit the greatestmprovement.
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Figure7.8: Comparisorof correctclassi cationratebeforeandaftersmoothing.
7.6 Speechsynthesis

Thetestingword setwasusedfor evaluatingthe performancef a speectsynthesis
system.Using 20 OFBCs,2 RMSAs, and2 ZCRsasfeaturesthe SEMG signals
for eachdatasamplewereclassi edinto asequencef speecteatureindices.After
performingerror correction,speectwaveformsfor eachdatasetwerethensynthe-
sizedusingthe concatenatie method(seeSection5.3.4).

Table 7.5 shavs the synthesigesults.929% of thewordsaresynthesizeaor-
rectly. A wordis regardedassynthesizedorrectlyif the phonetictranscriptionsof
the synthesizedvord is correct,e.g. a synthesizedvord off is regardedas syn-
thesizedcorrectly if it's phonetictranscriptionsis a phonemeao followed by a
phonemd.

Figure 7.9 and 7.10 showv the sub-sequencesf speechfeatureindicesbefore
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Figure7.9: A sub-sequencef speechfeatureindicesbeforeand after smoothing
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Figure7.10: A sub-sequencef speeclfeatureindicesbeforeandafter smoothing
for word off.
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Words | Numberof words | Numberof words
synthesized synthesizedorrectly
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: Synthesigesultsfor words

andaftersmoothingfor two synthesizednstance®f word ashandoff respectiely.
Note thattherearemary errorsin the sequenceproducedby the neuralnetwork
(i.e. beforesmoothing). After applyingthe smoothingtechnique clearphonetic
transcriptiondor bothwordsare obtained. Thus,bothwordsareregardedassyn-
thesizedcorrectly sincethey canproducethe correctphonetictranscriptions.This
work focuseson generatingorrectphoneticranscriptiongor input SEMGsignals.
As this is directly correlatedto the intelligibility of the synthesizedpeech.Once
a correctphonetictranscriptionis obtained,more sophisticatedspeechsynthesis
techniquescan be usedto generatehe speechwaveform with betterquality and
intelligibility .

Althoughthedurationof phoneme#n thesynthesizedvordsusingthepresented
techniquemay be incorrect,the intelligibility of the synthesizedvordsis not af-
fected.For example, Figure7.11shovs asmoothedsub-sequencef speecteature
indicesfor word ashwith longerae the intelligibility of the synthesizedspeech
will not be affected,asa correctphonetictranscriptionis obtained,.e. a phonetic
transcriptionof anaefollowedby ashcanbeheard.Moreover, thedurationof each
phonemeanbeadjustedy thespeectsynthesizerln theabore caseaspeectsyn-
thesizercouldpotentiallyshorterthe durationof phonemeaeandextendthelength

of phonemesh If the durationof bothphonemesretoo long, the synthesizecan
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alsoshortenthe durationsof both phonemesThe spectrogramsf the synthesized

instance®f ashandoff areshovn in Figures7.12and7.13.

7.7 Summary

Experimentalresultswere presentedn this chapter The resultsshaved that an
SEMGframesizeof 1125 msachiazesagoodbalanceéetweertime andfrequeny
resolution.Usingtwo SEMG channelandfeaturesas20 OFBCs,2 RMSAs,and?2
ZCRs,anaverageclassi cationof 86:3% wasobtained.Thisresultcanbeimproved
to 96:.4% afterapplyingthe hybrid smoothingiechnique Experimentakvaluations
basedon the synthesiof eightwordsshovedthaton average 92:9% of thewords

couldbesynthesizedaorrectly
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Conclusion

The main objective of this work wasaddressinghe feasibility of unlimited vocab-
ulary continuousspeechsynthesisfrom SEMG signals. Several subproblemsand

original contributionsmadeto addresshemwerestudied.

Spectral feature selection

Two kindsof spectraffeaturesNOFBCsandOFBCs,werecomparedn this work.
Usingadivergencemetric,theassessmershavedthatoverlappingfrequengy band
coefcients achieve a higher divergencescore,and the separabilityof eachfre-
gueny bandincreasewith the bandwidth. The classi cationresultsshoved that
spectrafeaturesalonecanachiese nearlythesameperformanceasall featurescom-
bined. This shavedthatspectrafeaturesvereimportantdespitetemporalfeatures
beingwidely usedin previously proposedsystemsandthatthe resultscanbe im-
proved by carefullyanalyzingandselectingthe appropriatespectralfeatures.This

work shavedthat OFBCsareexcellentfeaturedor theanalysisof SEMG signals.

SEMG frame size

Theeffectsof the SEMGframesizewereinvestigatedClassi cationperformances
of theneuralnetwork for differentSEMG framesizeswereanalyzed Experimental
resultsshavedthatclassi cationaccurag increasesvith the SEMG framesizeand

tendsto saturatdor framesizelargerthan1125 ms. This framesizewaschosenn

94
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this work asit canbalancethe requiremenbf frequengy andtime resolution. The
experimentalresultsshaved a strongrelationshipexist betweenSEMG framesize
andaccurayg of phonemdrameclassi cation, suggestinghatit shouldbe chosen
carefully The effectsof the framesizeshouldbe consideredvhennenv phonemes

areappendedo the phonemeset.

SEMG sensorpositioning

SEMG sensorpositioningis a critical elementthat affect the classi cation perfor
mance.Thedivergenceteston spectrafeatureshavedthat,thecheekchannekan
achievesthe bestdivergencescore thenthe lower lip channelandthe chin channel
hasthe lowestscore.The experimentakesultsfrom a neuralnetwork classi cation
also showved that the cheekchannelcan achieve higheraccurag, andthe perfor
manceis muchbetterwhenmore SEMG channelsareused. However, phonemes
having similar degreesof lip-roundingaredif cult to distinguishusingSEMG sig-
nals, despitethe fact that their acousticsignalsmay be totally different. For ex-
ample, using SEMG signalsfrom the cheekand lower lip is hardto distinguish
phonemeshfrom uw. ThisresultsuggestshatmoreSEMG channeldrom various

positionsshouldbeused.

Err or correction

Generatingorrectphonetictranscriptionsi.e. sequencesf speecHeatureindices,
wasoneof themajorproblemsstudiedn thiswork. As theaccurayg of thesequence
of speectlieatureindicesis directly correlatedo theintelligibility of thesynthesized
speechahybrid smoothingechniquewhichwasdevelopedthatassumesid-term
stationaryof the speeclsignals. Experimentakesultsshovedthatit is capableof
enhancingheaccurag of theproducedsequencesf speecheatureindicesto some
degree,asshown in Chapter7, the accurag is improved from 86:3% to 96:4%, a

10:1% improvementwasachiared.
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Table8.1: A comparisorbetweenthis work and previous work. WS - word syn-
thesis IWR - isolatedword recognition |PR - isolatedphonemeecognition PFR-
phonemdramerecognition,PS- phonemesynthesisWds - words,Vws - vowels.
Previouswork wasreviewedin Section2.5.

SEMG word synthesis

This work presentecan SEMG-basedpeecltsynthesizefor a smallphonemend
word set.A comparisorbetweerthis work andpreviouswork (reviewedin Section
2.5)is shawvn in Table8.1. The majordifferencesarethatthis work addressethe
problemof speechsynthesifrom SEMG signals,the recognitionmodelwas built
from phonemdrames severalsub-problemsuchaserror correctionandtransition
smoothingoetweerspeectlsggmentsvereaddressedAlthoughthetrainingprocess
involved only phonemesijt was demonstratedhat words can be synthesizedy
using a frame-basedeatureextraction and corversionapproach. Using a three-
layer neuralnetwork with 24 hiddennodes,the experimentalresultsshoved that
the neuralnetwork can classify the SEMG framesat an accurag of 86:3% and

this wasimproved to 96:4% by applyingthe error correctionprocessand 929%
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of wordscanbe synthesizeaorrectlyanddemonstratethefeasibility of unlimited

vocahulary speecltsynthesigrom SEMGsignals.

8.1 Futurework

This work introduceda nen approacho speechrecognitionfrom SEMG signals.

Therearemary potentialdirectionsfor futureresearcldirections.

8.1.1 Speechrecognitiontechniques

Theapplicabilityof technique$rom corventionalspeechiecognitioncanbeinvesti-
gated.For example,a hybrid recognizethatintegratesneuralnetworksandHMMs
[BMFK92], the neuralnetwork beingusedto produceobsenation probabilitiesfor
the HMM, could be applied. This approachis commonlyusedin corventional

speeclrecognitionandyieldsgoodperformance.

8.1.2 SEMG sensorpositioning

As shawn in the experimentalresults,the positioningof the SEMG sensomplaysa
vital role in performance.In this work, threepositions(the cheek,the lower lip,
andthe chin) wereinvestigatedandonly two channelsnvereusedto performclas-
si cation. Thecontritutionsof SEMG channeldo the discriminationof phonemes
canbe analyzedfor otherfacial positions,andit is believed that performancecan

befurtherimprovedby usingadditionalSEMG channels.

8.1.3 Largephoneme/vord setand multiple subjects

A smallphonemeandword setfrom a singlesubjectwasusedin this work. Larger
phonemeandword setsfrom multiple subjectscan be usedto further explore the
feasibility of this approactandthevariabilitiesof SEMGfeaturedor differentsub-

jectscanbeanalyzed.
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8.1.4 Potential applications

Previously proposedSEMG-basedpplications suchasa human-computemnter-
face [JBO5] using a limited word setwas inconvenientto a user Oncea larger
phoneme/wrd setis addressedmore SEMG-basegracticalsystemscan be im-
plementedsuchaspracticalspeeclprosthetiaevices,human-computanterfaces,

undervatercommunicationsndsilentcommunicatiordevices.

8.2 Concluding remarks

Thefeasibility of speectsynthesisrom SEMG signalswasaddresseth this work.
Encouragingesultsvereobtainedor asmallphonemendword setusingonly two
SEMGchannelsContinuousspeeclsynthesisrom SEMGsignalsis achallenging
anddif cult task. It is hopedthat the approachdescribedn this work inspires

furtheradwancesn this areaandlarge phonemeandword setsbecomepractical.
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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).

R2
0—/\/\/—0
o—| |—0
C2
- Output
Input 1 ™ c1 M2 p
M1 [ :
+
Input 2 R1 % R3
Reference - )

FigureA.1: Schematicircuit diagramof SEMG signalampli cation. R1= 10k ,
R2=100k ,R3=1k ,Cl=1 F C2=3.2nF M1: Analog DevicesAD625 am-
pli er, M2: AnalogDevicesAD210ampli er.
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Appendix B

K-Means clustering algorithm

Thefollowing pseudacodedescribeshe K-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
ck) =ck +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) processnds a codebookindex specifyingthe code-
book vectorthat bestrepresents givenvector The codebookvectorscanbe ob-
tainedby clusteringa setof trainingvectors andthe K-Meansclusteringalgorithm
wasusedin thiswork.

FigureC.1shonvstheVQ processingfor aninputvectorsequenc® f v(1); v(2);
v(3); ::;; V(N)g, the VQ processcalculateghe vectordistancebetweeneachvec-
tor in the codebookCf c(1); ¢(2); c(3); :::; ¢(P)g andeachinput vectorv(n). The
codebookindex with minimum distancewill be chosenas output. After vector
guantizationa sequencef codebookindicesl| fi(1); i(2); i1(3); :::;; i(N)g is pro-
duced.

In this work, the vectordistancebetweenan input vectorv(n) andeachvector

in codeboolwascalculatedusing:

X
div(i);ic) = (k) e )(KI% (C.1)

k=1
wherev(i)(k) is the k-th elementof thei-th input vectorv(i), c(i)(k) is the k-th

elementof thej -th codebookvectorc(i), K is the vectorlength. The following
pseudacodedescribeshevectorquantizatioralgorithmusedin thiswork (seeSec-
tion 5.3.3).

for p from 1 to codebook size f
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AppendixC \ectorquantization

—

codebook

v(N)

v(3)

v(2) .
input vectors

v(1)

l

c(1)
c(2)
c(3)
c(4)

Calculate distance d(i) between
each input vector v(n) and each
codebook vector c(i)

c(P)
~———— e’

dw)| d@)| d@)| .- dP

Find minimum distance

i(N)

i(3)
i(2) codebook indices

i(1)

FigureC.1: Vectorquantizatiorprocess
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AppendixC \ectorquantization 103

distance(p) = 0;
for k from 1 to vector _ength f
temp = (v(n)(k) - c(P)(K)*(v(n)(K) - c(p)(k));

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

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

In the above pseudacode,i(n) is the n-th elementof the outputcodebookin-
dicessequencasshowvn in FigureC.1. Similarinput vectorsareclusteredogether

in vectorquantization.
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