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StatisticalAcousticModelAdaptation

forRobustSpeechRecognitioninNoisy

Reverberant Environments＊

TbtsllyaTakig11Chi

Abstract

Thisthesi8PreSentSa・hands－freespeechrecognitionmethodbaBedonthcHMM

（HiddenMad・kovModel）compositionandtheHMMdecompositionforspeechwhich

iscontaminatednotonlybyadditivenoisebutalsobyanaCOuStictransferfunction・

Themethodrealizesanimproveduserinte血cesuchthatauseris＝nOtenCumbered

bymicrophoneequlpmentinnoisyreverberantenvironments・TheHMMcomposition

methodhasalreadybeenproposedforadditivenoise・Inthisthesis〉theHMMcompo－

siti。nmethodforadditivenoiseisextendedtohandleconvollltionalaco11Sticdistortion

ofthereverberantroom，byll＄inganHMMtomodeltheacoustictran8鮎rfunqtion・

Thestatesoftheaco118tictransferfunctionHMMcorrespondtodifferentsoundso11rCe

positions・ThisHMMcanrepresentthepositionsofthesoundsources，eVenifthe

Speakermoves．

ThisthesisalsoproposesanewmethodtoestimateHMMparametersoftheacous－

tictransferfunction based oAthe HMMdecomposition．Theproposed methodi8

0btained astheresult ofthereverscprocess oftheHMM compositionIWhefethe

modelpaJameterSad・eeStimatedbymaximlZlnglikelihoodofadaptationdatauttered

丘omanunknownpo5ition・Finally）thi8thesisdescribestheperformanCeOftheHMM

compositionanddecompositionmethodsonrealdistaJlt－talkingspeech・

Ⅹeywords；

robustspeechrecognition，aCOuSticmodel，adaptation，nOise，reVerberation

・Doctor，8Thesi8，DepaRtmentOfInfomationProcesslngIGraduateSchoolofInformationScience，

N＆r＆InstituteofScicnce弧dTeclm0logy，NAIST，IS－DT9661015，February8，1999・
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雑書・残響環境下でのロバストな音声認識のための

モデル適応化法＊

滝口哲也

内容梗概

雑音及び残響環境下においてマイクロホンから離れて発話した場合、音声認識精

度は劣化してしまう。なぜなら、その音声は周囲の雑音及び残響の影響を受けてしま

い、音声モデル作成時の学習データと観測データとの間にミスマッチが生じてしまう

ためである。それらの影響に対処するために、本論文では従来の音声m（mdden

MarkovModd）と雑音HMMの合成に加えて、音響伝達特性HMMの合成を試みる。
このmの各状態を音源位置に対応させることにより、ユーザの自由な場所移動に

も対処することが可能になり、エーザインタフエースの向上が実現される。

音響伝達特性mMを作成するためには、認識を行なう前にあらかじめ各場所から

の音響伝達特性を測定しておく必要があった。しかしながら実際の環境において、あ

らかじめ音響伝達特性を測定しておくのは非現実的である。そこで本論文では、更に

HMM分解法による音響伝達特性HMMの推定方法を提案する。HMM分解法では、

ユーザの場所が既知である必要はなく、任意の場所から発話された観測データを用い

て音響伝達特性HMMの推定が可能である。雑音・残響環境下では、このHMM分解

法が2国道用される。まず、周波数領域において雑音HMMからの分解を最尤推定に

もとづいて行ない、更に領域変換を行ないケプストラム領域において、音響伝達特性

MMを最尤推定にもとづいて分解する。このHMM分解法により各々の場所からの

音響伝達特性を推定し、HMM合成法により雑音HMM及び音声HMMと組み合わせ

ることにより、対象とする雑音及び残響環境下での音声モデルを作成し、音声認識を

行なう。捷案手法の評価実験を実際に雑音及び残響環境下にて観測された音声に対し

て行ない、その有効性を確認した。

キーワード

音声認識、モデル適応、雑音、残響

●奈良先端科学技術大学院大学情報科学研究科情報処理学専攻修士論文，NAほT一Ⅰ計DT9餌1015，

1999年2月8臥

誠



Acknowledgments

Iwouldliketothank ProfbssorKiyohiroShikano．Besidesprovidinghelpfu1slユg－

gestionsandadvice，makiI唱thisworkpossible，healsogavememanyopportunitiesin

maJlyaCademicaBPeCtSOfmylifbdmingmygrad11ateStudiesatNaraInstitllteOfSci－

enceandTbclm0logy（NAIST）・IwouldalsoliketothankProfessorYoh’ichiTohknr

forreviewlngthi8thesisandemichingitwithhiscommentsandsuggestions・Iwould

alsoliketothank Profbssor NaokazuYokoyaformanykeydiscussions and helpful

8uggeStions．

Iwollldlike to thankAssociate Professor SatoshiNakam11raWho ha5glVen me

manythoughtfu1suggestions．Hisanalysisa皿dcommentsalwaysgavememoreinsight

intotheproblemofspeechrecognition．Ilearnedmanythingsfromhisg11idanceand

SupPOrt．ThisthesiswouldnothaNeadvancedwitho11thiss11PpOrt・

Iwo111dalsoliketothankResearchAssociateShiroIse（currentlyAssociatePro一

食ssoratKyotoUniver8ity）・Althoughhisnamedoesnotappearontheauthorlistof

SOmepaper8，hiscontributionsandhelparehigh1yacknowledged・Hiscommentsgave

megreatinsightintotheproblemofsignalp4．OCeSSlng・

ⅠamVerygratefu1toResearchAssociateJinlinLu（NAlST），Dr・MakofoShozakai

（AsahiChemicalIndustryCo・Ltd・），MikeSchuster（ATRinterpretingtelecommuni．

cationsresearchlaboratories）andDr・HaraldSinger（ATRinterpretingtelecommuni－

cationsresearchlaboratories）formanydiscussions・IamalsoindebtedtoDr・Erik

McDermott（ATRhumaninformationprocessingresearchlaboratories）forreviewing

thisthesisandgivlngValuablecomments・

TherearemanycolleaglleSatNAISTspeechandacousticslaboratoriesthatIwo111d

liketothank．Thanksgotomycolleagues，eSpeCial1ytothemembersofthespeech

group，TakeshiYamada，AlexandreGirardi，EliYamamotoandTもdashiYonezakifor

helpfu1di＄CuSSion8・

Iwo111dliketothankDr．QiangHuo（ATRInterpretingTelecommunicationsre－

searchLaboratories（ATR－ITL））（currentlyProfessoratUniversityofHongKong）▲

iii



HegavemeadviceandguidancedmingmystayatATR－ITL・Iwouldalsoliketo

thankDr．YoshinoriSagisaka，headofdepartmentlofATR－ITLforhissupportofthe

collaborationbetween NAISTandATR－ITL．

IamindebtedtoMr．MaBatOShiMori＄himaandMr．ToshihiroIsobe（NTTDAm

Corpora．tion）fortheirsupportinhelpingmetocompletepartsoftheexperiments

reportedinChapter60fthisthesis．IamalsoindebtedtoDr・NobuoKoizumi（NTT

DATACorporation）forhi＄SuppOrtOft＞ecollaborationbetweenNAISTandNTT

DAmCorporation．

Iwouldliketothankmywifeforherfriend＄hip，enCOuragementandlove，andmy

parent＄fortheirneverending＄uppOrt・

iv



Contents

1Imtroduction

l．1　PfOblemStatement．

1．2　LiteratⅦfeReview．

1．2．1SpeechEnhanCementTechniques・

1．2．2　ModelAdaptationTeclmiq11eS・・・

1．3　ThesisOntline．

2　SpeecbMode追mgwithHMM

2．1StochasticApproachforSpeechRecognition　‥

2．2　De丘nil．ionofHMM　‥　‥．

2．3　RecognitionAlgorithm・・・・・

2．4　EstimationofHMM PaJameterS．

2．5　Spee止Analysis

3　ModelComposition

3．1Ba5icPrincipleofHMMComposition‥

3．2　HMMCompositionforNoisyandAcoustical1y－DistortedSpeech‥

3．2．1StruCtureOfComposedHMM・‥

3．2．2　0bservationPDFofComposedHMM・

3．3　ModelingofAcousticTransferFunCtion・

4　ModelDecomposition

4．1BasicPrincipleofHMMDecompo＄ition・

4．2　DecompositionofNoiseHMMandDistortedSpeechHMMs・

4．3　DecompositionofCleanSpeechHMMsandAcousticTransferFunCtion

HMM　‥．

Ⅴ

1

1

5

5

8

12

13

13

14

17

19

20

23

23

24

24

25

29

31

31

33

37



5　Distant－TalkingSpeechRccognition

5．1ExperimentalConditions　‥．

5．2　EvaluationofHMMComposition‥

5．2．1Res111tsforNoisyandAcoustically－DistortedSpeedl．

5．2．2　Resultsfor Unknown Positions‥

5．3　EvaluationofHMMDecomposition　‥

5．3．1　ResultBinSimulatedEnvironment．

5．3．2　Resultsin RealEnvironment‥　‥

5．4　Eval11ationonSpeedlRecognitionofDistantMovingTalker．

5．4．1ExperimentalConditions．

5．4．2　ResultsforSpeechofDistantMovingTalker．

5．5　S11mmary．

6　TblephoneSpeechRecognition

6．1TblephoneSpeechData．

6．2　HMMDecompositionon恥1ephoneSpeech．

6．3　ExperimentsandResults．

6．3．1ExperimentalConditions．

6．3．2　ExperimentalRes111ts．．‥

6．4　Summary．

7　Concll旭ioms

7．1SummaryofDissertatioI1

7．2　Fnt11reⅥbrk‥

A　TraLnSformationofProbabilityDistribution

A．1CosineTlans払rm　‥．

A．2　ExponentialTIans払rm　‥‥

A．3　Convol11tionofProbabilityDiBtrib11tions‥‥

A．4　LogarithmTransform・

B ListsofAdaptationDatainWordRecogmition

CListsofTestingDatainWbrdRecognition

vi

42

43

47

47

50

53

53

56

58

58

60

d1

64

64

67

68

68

69

72

74

74

76

78

78

79

81

81

83

85



ListofFigures

1．1Somekeyissuesformorewidespreaduseofspeechrecognition・

1．2　0riginalspeech‥thespeechwaveformandnarrow－bandspectrogranOf

theJapaneseutterance／ai／・‥

1．3　Reverberatedspeech（reverberationtime＝0・6sec）：thespeechwave－

払rmandnarrow－bandspectrogramoftlleJapanese11tteranCe／ai／・

1．4　T訂getenVironmentsofthiswork・

1．5　Robustspeechrecognition

2・1Speechwaveformandwide－bandspectrogramoftheJapaneSe11tteranCe

／aite／，Where／a／，／i／and／e／ad・eVOWels，and／t／isaplosive‥・・

2．2　3－StatehiddenMarkovmodel（HMM）foraleft－tO－righttopologywitllOut

Skips　‥‥‥・

2．3　Contin11011Sdensityfunctionandtied－mixturedensityfunction‥

2A AnexamPleoflow－timelifter．Thiswa5・uSedsuccessfu11ybyJuanget

d．（1987）．Lifteringcoe鮎ient：エ三20‥‥・

2．5　Anexampleofmel－SCale．ThemapplnglSapprOXimatelylinearbelowl

kHzandlogaTitbmicabove・

2．6　BlockdiagTamOfcepstralanalysis‥

3．1Thcenvironmentmodelfornoisyandaco11Stical1y－distortedspeech　‥

3．2　Anexampleofa．composedHMM‥

3．3　BlockdiagramoftheproposedHMMcomposition‥・

3．4　AnergodicHMMofacoustictran＄ferfunctions・

4．1ParameterestimationbyHMMdecomposition‥・・・

4．2　HMMdecompositionmethodinnoisyreverberantenvironments・

5．1Experimentalroomenvironment・

Vii

2

3

3

4

6

15

15

17

21

22

22

24

26

28

30

32

34

42



5．2　Distant－talkingspeechinexperimentalroom（reverberationtime＝0．18

SeC）：thenarrow－bandspectrogramoftheJapaneSeutteralnCe／ashiba／・

5．3　Meas11redim■pulseresponse＄

5．4　Cepstralcoe伍cientsfordiffbrentsoundsourcepositions・

5．5　StruCt11reOfacleanspeechHMM，anOiseHMMandanaco11Stictransfbr

functionHMMinexperiments．

5．6Impulseresponses（180msec，100msec，and32msec）・

5．7　Ccpstraldistancebetweenknown－trainingpositionsandunknown－teSting

positions．‥

5．8　Word－reCOgnitionratesandcepstraldistanCeforanunknownposition

（p2）‥

5．9　Word－reCOgnitionratesinrevcrberantenvironment・

5．10ConvergenceofHMMdecompositiontraining‥

43

45

46

47

48

51

52

53

54

5．11Word－reCOgnitionrateswithspeaker－dependentmodelsinrealenvironment56

5．12Word－reCOgnitionrateswith speaker－independentmodelsinrealenvi－
ronment　．

5．13RecordingconditionofspeecllOfadistantmOVingtalker・

5．14Estimatedcepstralcoe伍cientsofacoustictrans鮎rfunctions‥

5．15AnexampleofacomposedHMMi皿eXPerimentsofadistantmovlng

七山ker

6．1Recordingconditionoftelephonespeech・・

6・2　Log－pOWe干SpeCtrum／u／ofcleanSpeeChandtelephonespeech

6．3　Environmentmodelfortelephonespeech．．．

viii

57

58

59

60

65

66

67



List ofTbbles

5．1Analysisconditions‥

5．2　Wbrd－reCOgnitionrates【％】fbrdistortedspeechwithspeaker－dependent

models　‥

5・3　Word－reCOgnitionrate8［％】fornoisyaqdacoustical1y－distortedspeech

withBPeaker－dependentmodels（SD）andspeaker－independentmodels

（SI）‥．‥‥．

5．4　Word－reCOgnitionratesI％】forkn0wn／unknownpositions・

5・5　Word－reCOgnitionrateswithlOadaptationwordsatvariousSNRs

5・6　Phraseaccuracy【％】fordistant－talkingspeechwithoutmoving‥

5．7　PhraBeaCCuraCy（％1forspeechofadistantmovingtalkcr

6．1Tbtalnumberofphra＄e8intestingset・

6．2　Detai1softestingset．Fivemales（m）and丘vefemales（f）areused・・

6・3　Pbra5eaCCnraCy【％】払rlOordinary．弧山gtelephonehndsets・
6．4　Phraseaccuracy［％】forlOcordlesstelephoneIlandsets‥

6．5　ComparisonwithadaptationdatainCMN（ordinary／cordless）・

6．6　Comparisonwithmatchedconditionforoneordinaryanalogtelephone

bandset．

1Ⅹ

46

49

49

52

55

61

61

68

69

71

71

72

72



Chapterl

Introduction

1．1　Problem Statement

Speechrecognitionsy8temShavebeendevelopedforvariousa・pplicationsinthelaBt

30yead・S．Recently，theaccuracyofspeaker－independentspeechrecognitionhasbeen

remarkablyimprovedbyuseofstochaBticmodelingofspeechanditstrainingalgorithm，

e．g．【40，73，76，78］・EfRcientsearchengineshaNealsobeendeveloped，e・g・［3，23，24，

80］．Forexample，therearecommercialcontinuous－SPeeChrecognitionsystemswhich

runOna．PC：IBM，sViaVoice，Dragon，sNatural1ySpeaking，andothers・Somekey

iBSueSformorewidespreadusearedevelopmentofrecognitionteclm0logycapableof

handlingthefo1lowingkindsofspeech（fig11rel・1）‥

●Noisyspeecb

SpeechrecognitionsystemsperformremaJ・kablywellinnon－nOisyenvironments・

However，ifa．userspea．ksinnoisyenvironments，therecognitionaccura・CyWill

seriouslydegradebecauseofmismatchesbetweenthetrainingandthetesting

environments．AIso，nOisewi11increasethedi凪clllty ofthe speech－boundary

detection，andwillcausetheLombarde鮎ct【41ト

●Distant－talking5peeCb

At present，a11SermuSt be equippedwith aclose－talkingmicrophone（desk－

topmicropllOne，head－mOuntedmicrophone，andsoon）・Akeyissueformore

widespread useis the developmemt ofrecognition technologyofreverberated

SpeeChobtainedfromadistantmicrophone．

1



Noisyspeech

backgroundnoise，

Otherspeakers，

Lombardeffbct

Spontaneousspeeeh

resta班S，

Out－Of－VOCabularywords

andsoon．

andsoon・　　　reVerberation，

movlngSPeaker，

andsoon．

Distant・talkingspeech

Figurel・1：Somekeyissuesformorewidespreaduseofspcechrecognition

●SpontaneoIBSpeeCh

Spontaneousspeechisdi飢汀ent丘omcarefu11yproducedspeechlikereadspeecll・

Itincludesresta．rts，hesitations）andsoon・AIso）SpOntaneOuSSpeeChcausesthe

problemofout－0トvocabularywords・

Themostimportantadvantageofthespeechinterfaceistomakehands－fieespeech

recognitionareality，Whereauserisnotencumberedwithhicrophoneequipment，and

ausercaASpeakfromadistancewhilemoving・Atpre亭ent，however，tOaChievehigh

recognitionaccuracy〉auSermuStbeequippedwithaclose－talkingmicrophone・Ifthe

userspeaks丘omadistalnCeItherecognitionaccuracyseriouslydegTadesbecauseof

tlleinAuenceofreverberationandenvironmentalnoise．Therefore，teChnologyforthe

di8tant－talkingspeechrecognitionbecomesimportant・

Thereverberationisdefinedbytheimpulseresponse（acoustictransfbrfunction）・

Theinfhenceofthereverberationisdescribedbyascalarindexofthereverberation

time，e．g．【53，96］．Theimpulseresponsewi1lchangeaccordingtonotonlytheshape

ofaroombutalsototcmperatureandlmmidity・Figurel・2andfigurel・3show

examplesofwaNeformandnarrow－bandspectrogramfororiginal（clean）speechand

reverberatedspeech・Whentrainingdataofanacousticmodelconsistsoftheclean

speechdataaB8howninfigurel・2）andtestingdataconsistsofthereverberatedspeech

asshownin軋gtlrel．3，aSeriousmismatchbetweenthetminingdataandthetest

utterance80CCurS．Presentspectral－matChingmeasureshaNeaShortcomingofbeing

easilya鮎ctedbynoiseIreVerberation）andsoon・Thosemeasuresarevery＄en＄itive

tospectraJdistortion・Ontheotherhand，ifthetrainingdataconsistsofspeechfrom

2
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everyconceivaLblecombinationofsignalconditions，therecognitionaccuracywillnot

Seriouslydegrade・However，itisnotpracticaltocollectaI川geSetOfutterancesover

everyconceiva・blecombinationofsignalconditions・

EveniJlthecaseofalmman，adaptabilityplaysaverylmPOrtantrOle．Forex－

amPle，itisnecessaryforahllmantO11SeafewpllraSeSforadaptingtoindividual

speakerdi鮎re11CeS【45］・Therefore，itisdesirabletoadapttheacousticmodeltothe

3
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targetenvironmentuslngaSmal1amountOfauserIsspeech・Theaimofthework

presentedinthisthesisistomakeautomaticspeecl”eCOgnitionsystemsadapttoa

newenvironment．

Thisthesisdetai1sarobustspeecIlreCOgnitionteclmiquefortheacousticmodel

adaptationbaBedontheHMMcompositionanddecompositionmethodsinnoisyre－

verbcrantenvironments，WhereauserspeaksfromadistanceofO・5m～3・Om（負gtLre

l．4）．TheaimoftheHMMcompositionanddecompositionmethodsistoestimatethe

model，parameterS80aStOadaptthemodeltothenewenvironmentsbyusingasmal1

amOuntOfauser，sspeech・TheHMMcompositionalgorithmhasbeenproposedfor

additivcnoise［16，55］・Inthisthesis，theIIMMcompositionalgorithmforadditive

noiseisextendedtothatfortheaco11StictranSferfunctionofareverberantroom，by

u＄1nganHMMtomodeltheacoustictransfbrfunction・Thestatesoftheacoustic

transferfunctionHMMcorrespondtodilrerentsoundsourcepositions・ThisHMMcan

representthepositionsofthe80undsources〉eVenifthespeakermoves・Thisthesi＄also

proposesanewmethodtoestimateHMMparameterSOftheacoustictransferfunc－

tionbasedontheHMMdecompositionfbrhands一正eespeechrecognition・Themethod

isabletoestimatethemodelparameterSby11SlngOb＄erVedspeechlltteredfroman

tlnknownpositionwithoutmeaBurementOfimpulseresponses・Theperformanceof

theHMMcompositionanddecompositionmethodsisevaluatedonrealdistant－talking

speechandtelephonespeech・Itismyhopethatthisthesis・Wi11beusefu1inhuman－

to－maChinccommunication．
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1．2　Ⅰ．iterature Review

Muchresearchforrobustspeechrecognitionhasbeendone，Wherethetwo．mostim－

portantproblemstobeovercomeare

●additivenoise，

and

●　COnVOlutionddisto王・tion．

Additive noise usually consists ofbackground noise，Other speakers and so on・Its

e蝕ctonthespeechinp11ti8denotedasadditioninthewavedomainandthelinear－

SPeCtraldomain．Convol11tionaldistortion11Sual1ycomesfromthetelephonechannel，

microphonechaJaCteristics，reVerberationandsoon．Itsefrbctonthespeechinp11tis

representedasconvohtioninthewaNedomain，a皿disrepresentedasm111tiplicationin

tbeli皿eaJ－SpeCt一山domain．

ManymethodshavebeenpresentedtosoIveeachproblem．Thoseapproachesare

sllmma∫iヱeda5bllows

●SpeedlenllanCement，

and

●mOdeladaptation．

Figurel．5showsarobustspeechrecognitionsystem・Wefotusonmodeladaptation

uslnga．Si71glemicrophoneinthi＄WOrk・Themodeladaptationcanalsobeemphasized

by11Singamulti－microphone（microphoIlearray）・

Thefo1lowlngSeCtionswi11bric且yreview80meOfmajorapproachestorob11StSpeeCh

recognition．Extensivesurvcysofrobustspeechrecognitioncanbcfoundin［15，20，

42，50】・

1．2．1　SpeechEnhancementTechniques

Thissectionbrie且yde8CribesmaJOrapprOaChesforrobustftatureextraction，Which

red11Cetheamountofnoiseorconvollltionaldistortion．Theteclmiq11eSbasedonmi－

crophonearraysarebrie且ydescribedattIleendofthissection・
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Figurel．5：Robustspeechrecognition

払radditiYenOISe，

●Spectralsnbtraction（SS）

Asimpleteclmiqueistheuseofspcctralsubtraction）WherccleanSPeeChises－

timatedby＄ubtractingadditivemisefromnoisyspeechinthepower－SpeCtral

domain［10，98］．Non－1inearspectralsubtractionisalsoproposedin［52］・

●Noiserobustfeature，e．g．【35，43，74】

Ⅰ可74］，theuseofformantfbature8（SSC：？pectralSub－bandCcntroids）assup－

plementaryfeaturesforspeechrecognitionwasproposed・Thoughadditivenoise

aGectsthespeechpowerspectrumatal1thefrequenciesIthein鮎enceisnotso

muchinthehigheramplitude（formant）portionsofthespectrum・Therefore，the

formantfeaturesareusedaBSupplementaryftaturesfornoisyspeechin［74］・
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fbrconYOlutionddkto血ion，

●Cep成一alme弧nOm肋ation（CMN）

AsimplebiaB（convolutionaldistortion）removalteclmiqueisthe■uscofCMN

【6］・Here，SPeeChisparameterizedusingcepstralparameters・ToremoveabiaB，

acepgtralmeanValueissubtractedfromeachcepstralelement・Improvedver－

sionsofCMNhavebeenproposedfordistortioncausedbytelephonedlannel，

microphonecharacteristicsandspeakerindividuality・hETCMN（Exact－CMN）

【86］，tWOCepStralmeanValuesarecalculated，Oneforthespeechfbreachspeaker

andtheotherfornon－SpeeChforeachenvironment・hSCMN（Segmental－CMN）

【100，101】，thenomalizationcoe抗cientsaredculaLtedoveraslidingfinitelength

normalizationsegment，andthefhturevectorsarenormalizedtozcromeanand

unitva血ce．

●M止Iti－p如h或∝h舶ticeq吐血tion

h［12，63］，a鮎meworktointegratetheacousticmodelofclean8PeeCha11d

anequalizationfunctiomwaBprOPOSed・Theequalizationfunctioniscombined

witheverypossiblepath，Wheretheequalizationfunctioni＄eStimatedusinga

maximum－1ikelihood丘ameWOrk．In［12】，theexperimentisconductedontele－

phome叩eeddata．

Fbradditivenoiseandconvolutionaldistortion，

●　SS and CMN

Shozakaietal・［87】presentedacomparison＿Ofsometeclmiquesforadditiven6ise

suchaBSS，CSS（Continuoug－SS）［67］andMMSE（MimimumMeanSquareEr－

rorestimation）［14】，andproposedarobustspeechenhancementapproach，Er

CMN／CSS，h血弧Vim”＝nentS・

Tho聞teChniqueshavebeenevaluatedonarelativelyshortimpulseresponse：tele－

phonechamel？CarenvironmentsIandsoon・However）theyhavenotbeenevaluated

onnoi町代Ⅴ併b併antenVimments・

SpeecllEnhaLnCementuSingaMicrophoneArray

ThcmanyteClmiqucsusingmicrophonearrayshaveattemptedtoenhanCeSpeeCh

inte11igibility．RobustspeeChrecognitionbasedonmicrophonearrayshasalsobeen

7



investigatedrecently．Thefo1lowlngWillbrieAyreviewsomeofthemajorapproaches

torobustspeechrecognitionandsomeofthemajorapproachestoenhanCeSpeeChusing

microphonearraLyS．Asforthemicrophonearrayteclmiques，aneXtenSivesurveycan

befbundint7叶

fbradditivenoise，

●Beam一払rmiI唱byamicropbonea∫ray

Thearr叩SignalprocesslngenableshighSNRsignal－retrievalutilizinginforma－

tionofthedi触encesofspeechandnoisesignaldirections・Asimpleteclmique

isthedel叩－and－Sumbeam－formCr・Adaptivebeam－formingteclmiqueshavealso

beenproposed［25，44］．Thoseteclmiquesareappliedtospeechrecogmition，e・g・

【22，29，72，103，104ト

Forconvol11tionaldistortion，

●Inversefilteringofaucousticimpulseresponsesbymicrophonearrays

ManyteClmiquestorecoverreverberatedsignals，Withgoodintelligibility，ina

roomhaNebeenproposed．Forexample，in［62】，howtocalculatetheexact

inverseofroomacousticsbyusingmtLltiplelolldspeakers（ormicrophones），MINT

（Multiple－input／outputINverseTheorem）waBprOPOSed・In【102】，anapprOaCh

torecoveracoustical1y－reVerberatedsignalsusingMulti－microi）honesSub－Band

EnvelopeEstimation（M－SBEE）wasproposed・Thisteclmique，uSingsomekind

ofinverse丘1terimgIISVeryefrtctive）butareferencesignalisrequiredtoestimate

de－reVerberation丘1ters．

Fbradditivenoiseandconvoltltionaldistortion，

●ShieldsandCampbell【84】reportedintelligibilityimprovementsforspeechcor－

ruptedwithnoiseandreverberationbytakingadvantageOfbinauralinputchan－

nels．

1．2．2　ModelAdaptationTbchniq11eS

ModeladaptationtechniquesenablerobllStSpeeChrecognitionintheacousticmodel

domain，insteadofthepaJameterizationdomain・Thishastheadvanta・gethattheob－

serveddataarenotmodified，andfront－endprocesslnglSnOtrequired・Speechrecognl－

tionsystemsmightbeabletohaNeamOdeloftargetenvironmentsbeforerecognlZlng

8



observedspeech・Modeladaptationteclmiquesarealsoanextensionoftheteclm01dgy

usedinspeakeradaptation・ThefollowingdescribeshowtodealwithadditivenoiseI

convol11tionaldistortion，Orboth．Bayesianadaptiveteclmiqueisalsodescribedbriefly

atthe endoftllissection．

fbradditivenoise，

●Model（de－）compositionofspeechandnoise

TlleObservationprobabilityfornoisyspeechcanbecalculatedfromthco11tP11t

ofaspeechmodelcombinedwiththeoutputofanoisemodel・In【99】，theoutput

probabilityiscalc11latedbymaximum－apprOXimationi11thelog－SPeCtraldomain，

wherespeechandnoiseareassumedtobeindependent・Therefore）theirmodels

mustbetrainedinthelog－SpeCtraldomain．Improvedversionshavebeenpro－

posed＝PMC（Paral1elModelCombination）［16］andHMMcomposition［54】・In

tho＄eCOmpOSitionmethods，theobservednoisyspeechismodeledbeforerecog－

nition，andtheobservationprobabilityiscalc11latedinthecepstraldomain・The

output probabilitydensityfunctionofthespeechmodelandthenoisemodel

areconvertedtothelinear－SpeCtraldomain，anda∫eCOmpOSed・Thenthecom－

posedoneisconvertedbacktothecepstraldomain・Therefore，the．composition

methodneedstheas＄11mptionthatthesumoftwolog－n？rmal1ydistrib11tedvari－

ablesisapproximatelylog－nOrmal1ydistriPuted（reproductionofdistribution）in

thelinear－SpeCtraldomain．

・Parametergeneration（Data－drivented皿ique），e・g・【18，47］

In【47］，aLnaCOuSticmodelparameterestimationmethodfornoisyspeechwas

proposed．Theteclmiqueisbasedoncepstralparametergenerationfromthe

HMM・Thegenerateds．equenceofspeechandnoiseffomtheHMMarecombined

toyieldanoISySpeeChseq11enCe，andthe＄tatisticsofthenoisyspeechsequence

arellSedtoobtai皿thenoisyspeechmodel．

●Jacobianadaptationofaco11Sticmodel

In【81］，aJacobianapproachtohst．adaptatio110ftheacousticmodeltonoisy

environmentswasproposed．Whennoisechangesslightly，thesmal1changesare

approximatedbyalineartranSformationuslngaJacobianmatrixinthecepstral

domain．Thistechniqueisbasedontheideaofadaptationofamodelwithnoise

＾toamodelwithnoiseAl．
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Forconvohtionaldistortion，

●Maximum－1ikelihood（ML）approachtostochastic－matChing

In［82，83］，anMLstochaBtic－matChingapproachwasproposedtムdeとreasethe

acousticmismatchbetweentrainlngandtesting・Themismatchisrcducedbya

tran＄formationfunctionthatmapstheoriginalmodeltothetranSformedmodel

thatmatchesbetterwiththetestingcondition・ThetranSformationfunctionis

estimatedbyusingtheobserveddatainanMLframework・In［85］，hieraJ．Chical

structureintheparameter＄PavCeandanimprovedversionoftheMLstochastic－

matchingareintegrated・Theexperimentfortheevaluationisconductedon

telephone8PeeChdata・

●Linearregressionforspeakeradaptation

Apoplllarmethodforspeakeradaptationi＄maXimllm－1ikelihoodlinearregTeSSion

（MI．I．R）t19，51］・InanMLLRmethod，thespeaker－imdependentmodelisadapted

toanewspeakerbyusinglinearregressiontranSformation・ThetranSformation

matricesarecalc11latedinan MLmanner．

●Adaptivetrainingfor＄Peakernormalization

In【4，5，34】，theinter－Speakervariabilityinthctrainingdataisreduced・The

speakerchracteristicsarerepresented‾aslineartranSformationsofthespeaker－

independentmodel・ThespeakertranSformationsarecalculatedinthetraining

phasebyanMLLRmethod［51】・

Fbradditivenoiseandconvolutionaldistortion，

●Modelcompositionandstochastic－matChing

In．【61】，ateClmiquebaBedontheHMMcompositionandstochastic－matChiふgwaB

proposed，Whereadditivenoiscandconvolutionaldistortionaredealtwith・The

experimentfortheevaluationisconducted‾onsimulateddatawhicharepassed

tbrouglla・別ter・

●Bayesianpredictive－ClaBSi丘cation

Thoughpriorknowledgeaboutthemismatchmechanism（additivenoiseorcon－

volutionaldistortion，etC．）isassumedinmanymethod8，【37，32，33］proposea

Bayesianpredictivc－Classificationapproach〉Wheretheknowiedgeofthemi＄matCh

mechanismi8nOtaSSumed．
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●Adaptivetraining

In［571，thetrainingandtestingdataarea5Sumedtoberecordedwithdilrerent

microphonesinavarictyofbackground－nOiseconditions・Theteclmiqueconsists

ofcombiningthenoi詑intestingandtrainingenvironments．Theconditionof

additivenoisebecome＄thesamebetweentrainingandtesting．Thenewacoustic

modekaRebuiltusingthcmodiRednoisyspeechdah

Baye5ianadaptation

TheBayesianlemigprincipleisusedtoderivemaximumaposteri0riestimatesof
themodelparameterS．TheMAP（MaximumAPosteri0ri）formulationgivesawayto

combineexistingpriorknowledgeandasmal1setofnewly－aCquiredta5k－SpeCi6cdata

【49］・TheMAP－baBedteclmiqueshavebeenemployedinanumberofapplications，

e．g．【11，48，70，97，105］・Adetailedsurveyc弧befotLndin［49］・Forexample，［21】

proposedtheMAP－e或imationmethodfbrmultivariateGau8SianmixttlreObBerVation8

0fMarkovchain8．Int58］，thetlSeOfon－heBayesianadaptationforspeechrecognition

wasproposed．Huoetal．［31】proposedanempiricalBayesianmethodbasedonthe

momentestimatesforestimatingtheparameterSOfthepriordensities・

Aspreviouslydesdbed，theapproachesforrobustspeechrecognitionaresummar

rizedas8PeeChenhancementandmodeladaptation・ModeladaptationteclmiqTleShave

theadvantagethat血ont－endprocesslnglSnOtrequired，andspeechrecognitionsys－

temsmightbeabletohaveamodeloftargetenvironmentsbeforcrecognizingobserved

speech．Themodeladaptationteclmiqueforrobugtspeechrecognitionisinvestigated

hthkwork．

Clearly，manyStudie8thatdealwitheitheradditivenoiseorconvol11tionaldistortion

hvebeenmade．However，Whenbothadditivenoiseandconvollユtionaldistortionare

present，the8yStem，sbehavioris hardto predict．Some ofthestudiespreviously

describedhaNedealtwithbothadditivenoiseandconvollltionaldistortion．B11tthose

8tudies haNebecn doneforarelativelyshortimp正keresponse：telephonechamel，

carenvironments，andsoon．Thoseteclmiquesmightnot bcabletodealwiththe

inAuenceofalongimpulBereSPOnSe：nOISyreVerberantenvironments・Also，teClmiques

usingamicrophonearraytorecoverreverberatedsignals，withgoodinte11igibility，in

aroomhavealsobeenproposd．HoweverthesetechniqtleSrequiremcasuredimpulse

re叩OnS朗Orare良一encesignal．
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Todealwithbothnoiseandreverberation，thisthesisproposesa－rObustspeech

recognitionmethodbaBedonHMMcomposition〉Whereutterancesarecontaminated

notonlybyadditivehoisebutalsobyanacoustictran＄ferfunction・Thisworkfocuses

onthecasethatauserspeaksfromadistanceofO・5m～3・Ominarelativelysmal1

meetingroom†1ectureroom〉etC・Thisthesisalsoproposesanewmethodtoestimate

HMMparametersofanacoustictransferfunctionbasedonHMMdecompositioninthe

modeldomain．Themodelparameter＄areeStimatedbymaximizingthelikelihoodof

adaptationdatautteredfromanunknownposition・TheHMMdecompositionmethod

doesnot requlremeaSuredimpulseresponsesorareference＄ignal・ThQPrOPOSed

methodisobtainedaBtheresultofthereverseprocessoftheHMMcomposition・

1．3　Thesis Outline

Thisthesisisorgadlizedasfo1lows・Thcnextchapter）Chapter2Idescribestheuse

ofHMMs（HiddenMarkovModel＄）inspeechrecognition・Chapter3describesaro－

bustspeechrecogmitionmethodbascdontheHMMcompositionfornoisy－distorted

speech・Chapter4describesamethodtoestimateHMMparametersofanacoustic

tranS鮎rfunctionbasedontheHMMdecompositioninthemodeldomain・Chpter

5describestheperformanceoftheHMMcompositionanddecompositionmethodson

distant－talking8peeCh・Thedistant－talkingspeechismeasuredinnoisyreverbera・nten－・

vironments，Whereamicrophoneisplacedabout2・5mdistant丘omspeakers・Chapter

6describesperformanCCforthecaseofashprterlmpulsercsponse？telephoncspeech

recogmition・ThetelephonespeechdatafortheevaluationarerecordedusinglOkinds

ofordinaryanalogtelephonehandsetsandcordlesstelephonehandsetsinasoundproof

room，throughthepublictclephonenetwork・Finally，Chapter7summarizesthiswork

andsugge8t8futureresearchdirections・

12



Chapter2

SpeechModelingwithHMM

2．1　StodlaSticApproachfor SpeechRecognition

A spe∝h recognition system producesaneStlmate ofthe word sequence associated

withagivenspeechwavefom．Avarietyofapproachesinspeechrecognitionhavebeen

studied，e．g．【77］．hthe1970s，apPlication＄OfhiddenMarkovmode18（HMM）tospeech

recognitionhavebecomearesearchtopic．ThembdelsaJeVeryrichinmathematical

StruCture．AIso，thereistheexistence ofsophisticated adld e抗dentalgorithmsfor

trainingand recognition・Therefofe■，the models canformthe theoreticalbaBisfor

useinawide range Ofapplications．This stochastic approachi＄恨edin thi＄WOrk．

Therearemoredetaileddesdptionsofthestatisticalapproachinspeechrecognition

【加，36，76，7町

InthestochaBticapproach，theestimatedwordsequencel＆isgivenby

舟＝望㌍肋（叩）＝叫訝亜Pr（笥芦l呵， （2．1）

WhereOi8theobservedBpeeChdata，Pr（W）i＄thearprioriprobabilityoftheword

sequence，W＝Wl，W2，・・・，Wz，andPr（OJW）i＄theprobabilityoftheobservedspeech

giventhewordsequence・SincePr（0）i＄nOtdependentonthewordsequenceW，

qⅦation（2．1）近代Wdttena5

暗＝argmaXPr（Ⅳ）Pr（OlⅣ）．

Pr（W）iscalculatedfromthelanguagemodel，Wheretheinformationaboutwhich
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wordsequencesareallowableiscontained・TheprobabilityPr（W）isrewrittenaB

Pr（Ⅳ）＝Pr（wl）ⅢPr（叫l叫」”‥，Wl）・
卓＝2

（2・2）

Equation（2．2）isusual1yaLpprOXimatcdbyN－gramS，

Pr（Ⅳ）巴Pr（wl）ⅢPr（叫画一Ⅳ＋1，‥・，叫－1）・

Thi＄meanSthattheprobabilityofthecurrentwordisonlydependentontheprevious

N－1words．Typica，uy，Nischosentobe3（trigram），2（bigran）andl（unigra皿）・

Pr（OIW）iscalculated血omtheacousticmodels，HMM・Thisthesisfocusesonthe

adaptationoftheacousticmodelstonewenvironments・Theacousticmodel，HMM，

isdescribedinthenextsection．

2．2　DefinitionofHMM

AnHMMisusedaBthemostwidelyandsuccessfulstochasticapproachinspeech

recognition・ThellnitoftheHMMspeechmodelisusuallyaphonemeoraword・The

phonemeisusedastheunitofthespeechmodelinthiswork・InthecaseofJapanese，

thereareabout20kindsofphonemes：VOWels〉COnSOnantSI血icativesIa瓜icate8？naSals

andsoon．TheuseoftheHMMinspeechrecognitionrequlreSanaSSumption：

●BpeeChissplitintosmal1scgments〉Whereeachsegmentisconsideredtobesta－

tionaJy．

Figure2・1showsthespeechwaveformandwide－bandspectrogramoftheJapanese

utterance／aite／．Thespeechwaveformandwide－bandspectrogramchangeintime・

Butifthespeechissplitinto＄mallsegments（20～40msec），eaChsegmentcanbe

aBSumedtobestationary・Inspeechrecognitionlthespeechspectrumisconvertedto

cep＄tralparameter＄Whichcanretainusefulspeechinformation・Section2・5describes

howtoandyzetbespeedl・

Anexampleofan＝MMisshowninfigure2・2・AnHMMcanbeformallydeRnedby

thenumberofstates，theinitialstateprobabilitydensityfunction）thestatetransition

probibilitymatrixandtheobservationprobabilitydensityfunction（PDF）・Aphoneme

HMMhaBuSuallythreestates，andhasasimpleleft－tO－righttopology・Thefefore，thc
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initialstateprobaLbilityisl・0forthefirststateandOfbrallotherstates・Intheexample
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offigure2・2IthestatetranSitionprobabilitymatrixisglVenby

0　叫10　0

0　叫1α1，2　0

0　0　α2，2　α2，8

0　0　　0　叫3

0

0

0

α34

where

∑鮎＝1・

Theobservationprobabilitydensityfunctionassociatedwitheadstateisadiscrete

typeoracontinuoustype・Thecontinuoustypeisonlyconsideredintlliswork・The

observationprobabilitydensityfunctionfortlleCOntinuoustypeisusual1ymodeled

byamultivariateGaussiandistributionoramiⅩtureOfthemultivariateGallSSian

distribution．TllemixtllreOfthem111tivariateGaus＄iandistribtltioninstatejisgiven

by

頼f）＝∑叫，たⅣ（of；伽，ち，た），∑叫，た＝1・0，

whereN（0一；Pj，h，ち，k）isamultiv甜iateGaussiandistributionwiththemeanvectorpj，h

andthecovariancematrixち，鳥，andKisthetotalnumberofmultiⅧiateGaussian

distrib11tions．

Tbimproveaccuracyofspeaker－independentrecognitiontasks）thetotalnumber

ofmiⅩt11reSiBincreased，andcontext－dependentmodelsarealsoused†Wherethecur－

rentphonemei5dependentontheprecedingandfollowlngPhonemes・However，itis

sometimesdi伍culttoobtainsu伍cientdatatoacc11ratelyestimateal1tllemOdelpa－

rameters．Therefore，itisnecessarytotiesetsofmodelparameterstogether・Ina

tied－mixtureHMM，eaChmodelsharesthesamePDFswhichshouldberepresentative

oftheacousticspace．TheobservationprobabilitydensityfunctioninstatejisglVen

by

あブ（of）＝∑叫，鳥Ⅳ（0バ〝鳥，端），

wheretheobservationprobabilitydensityfunctionineachstateisdefinedbyKmiⅩture

weights．Figure2．3showsthecontinuousdensityfunctionandthctied－mixturedensity
hnction．
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2．3　RecognitionAlgorithm

Theprobabilityoftheobservationsequencei＄CalculatedfromthegivenHMM・Since

thestatesequcnceis hiddenornot observed†theprobabilityforallpossiblestate

seq11enCeSisglVenbysummlngOVeral1possiblepathsthroughtheHMM

P巾l入）＝∑叫1n叫（f－1）抑）あ伸）（ot），
◎　　　　亡＝1

（2・3）

where入isthesetofHMMslinkedwiththewordseq11enCe，andOisthesetofal1L

possiblestatesequencesoflengthTinthemodel入

0＝（♂1，β2，・‥，βェ）・

Itisvcryexpensivetocalculateequation（2・3）directly・B11tane徽＝ientalgorithm

exist＄forthiscalcula．tion．Itiscal1edtheforward－backwardalgorithm．Theforward－

ba£kwardalgoritllmisusedtoestimatetheparametersoftheHMM・

3

Åcousticspacecoveredbylhefeaturevec（OrS

p

Cb乃血〟ク肘dg舶わ′伽cJわ乃

Acousticspacecoveredbythefeaturevectors

耶ビd一血助〝血戚机伽血加

Figure2・3：Continuousden＄ityfunctionandtied－mixturedensityfunction
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払rwardalgoritllm

●Stepl．

α1（0）＝1，

頑0）＝0，ifメ≠1・

●Step2．恥rf＝1，2，…，r，

α刑＝［蓋α直1）α車（ot）・

●Step3．¶∋rmimatewitb

Pr（ol入）＝∑α‘（r）・

Backwardalgorithm

●Stepl．

角（r）＝αj，Ⅳ，1≦メ≦凡

●Step2．Fort＝r－1，r－2，…，0，

βi（t）＝∑丸誠（q＋1娩（け1）・
ブ＝1

●Stcp3．1brminatewith

Pr（ol入）＝∑β泄）・

Amoree瓜cientalgorithmexistsforthecalculationofequaiion（2・3）・Itiscal1ed

theViterbialgorithm・Thecalculationisessentiallythesameastlleforwardalgorithm

exceptthatthesummationisreplacedbyamaximiza・tion・

Viterbialgorithn

●Stepl．

α1（0）＝1，

αメ（0）＝0，ifメ≠1・
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●Step2．For董＝1，2，…，r，

αブ（f）＝［m㌍αi（f一瓶］紬

●Step3．Terminatewith

Pr（ol入）＝m㌘α‘（r）・

2．4　Estimation ofHMM Parameters

The state seq11enCe CannOt be observeddirectly血・Om a・glVen＄et Oftrainlng data・

Therefore，alocally－Optimalalgorithm，the Baum－Weldlalgorithm［8，9］，basedon

theExpectation－Maximization（EM）algorithm［13］，isusual1yused・Thebasicideais

thatagoodinitialestimaieoftheparameter8is丘rstaB8umed，andthelikelihoodis

OPtimiヱediteratively．

TheEMalgorithmi＄a．tWO－Stepiterativeprocedure．hthe£rststep，Cal1edthe

expectationstep（E－Step），theauxiliaryfunctionisgivenby

Q（入，Å）ニ印ogPT（0，βli）】0，入】

＝　∑pr（0，β泄）logP－（0，β‘li），
仇∈◎

where Ois the set ofal1possible state sequences．In the second step，Cal1ed the

maximizationstep（M－Step），theestimateof入，Åiscalculatedbymaximizationofthe

肌Ⅹuiary血皿Ction，Q（入，i）

Å＝揖gmaXQ（入，入）．

Itera，tivelyapplyiI唱theEandMstepsg11aranteeSthatthelikelihoodisnon－decreaBlng

t8】

Pr（0」i）≧Pr（申）．

There aremany refbrencesforthederivation ofthemodelparameter estimation

formula（e．g．t28，36，76，77］）．Here，OnlytheresultsforthecontinuousdensityHMM

arequoted．Theestimatesforthemean，VarianCeSandmixtureweightsfork－thmixture

COmpOnentinstate］aregivenby

J恒＝

∑7f，ム抽
象＝1

∑7‘ふ鳥
f＝1
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ち声＝

∑7緑声（功一偏）′（功一偏）
t＝1

山一J、I＝

∑九〟
t＝1

∑亮〟
l＝1

r　　　？

∑領

whereldenotesthetranSpO8ition，and7isgivenby

7り♪＝∑
i

叫（ト1）αり叫声あメ嫡（q旭（f）

Pr（ol入）

Thi＄maXimum－hkelillOOd criterionis consideredinthis work Othercriteriaare

dsos胱nin【4q69】．

2．5　SpeechAnalysis

CepstralparameterS，e．g．【68］，areane鮎ctiverepresentationtoretainusefu1speech

informationinspeechrecognition．Atpresent，manySpeeChrecognitionsystemsare

basedoncepstralparameterS．ThetermCePStrumisawordcoined正omtheinver紀

はan感肝mOfthe叩∝tm．

Nowthespeech8ignal0（u）isgivenby．themultiplicationofalPSieudo－periodic

source，9（u），andtheimpulseresponseofthevocaltract，V（w），inthespectraldomain

a5RⅢows：

可u）＝タ（u）γ（u）・

ThecepstrumisgivenbytheinverseFouriertranSformOflogEo（u）l，

F‾1logl可〟）l＝F‾1log】g（u）廿F‾1loglγ（u）l，　　　　（2・4）

whereFandlogistheFouriertranSformandthelogaritlmtransfbrm，reSPeCtivcly・

As血ownintheaboveequation，thecepstralanalysiscanseparatethespeechsignal

intothe餌estruCture（thefirsttermOfequation（2A））andthespectralenvelope（the

sccondtermofequation（2．4））．Lifteringistheprocessofweightinginthecepstral
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domainsoaBtOllelpseparatethosetwocomponents・Variou＄1ifteringfunctions血ay

beused［39，95］．Forthiswork，thecep8tralparameterSareWeightedaccordingto

w（彿）＝

〈三

＋喜・Sin（芋）1≦犯≦ム

几≦0，犯＞エ，

whereListhelifもeringcoe鍋cient［39］．TheformOfthisAlterisshowninfigure2・4・

Thehuman－perCeivedpitchdoesnotcorrcspondlinearlytothephysical丘equencyof

thetone．Apopularapproa・Chtosimulatetheauditorycharacteristicsmorepreciselyis

theuseofamel－SCale．Forthiswork，therelationshipbetween丘eqtlenCyandmel－SCale

isgivenby

Mel（J）＝2595logl。 （1＋孟），
whereMel（f）istheperceivedfrequencyinmel（肋）【106］・Themeトscaleisshownin

丘gure2・5・ThemapplnglSapprOXimatelylinearbelowlkHza血dlogarithmicabove・

TheblockdiagTamOfcepstralanalysisisshowninfig11re2・6・Thespeechwaveform

issplitintoasmal1segmentbyawindowfunction・Eachsegmentisconvertedtothe

linearspectraldomainbyapplyingthediscreteFouriertransform（DFT）・・Thenthe

logarithmandinversediscreteFouriertransform（IDFT）areapplied，andthecepstral

paJameterSareObtained．

11

て9

て7

5

3

1

0　　　　　5　　　　10　　　15　　　　20

（〃）

QⅥe打ency

Fig・ure2・4：Anexamplcoflow－timelifter・ThiswaBuSedsuccessfu11ybyJuangetal・

（1987）・Lifteringcoe伍cient‥ム＝20・
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Figure2・6：BlockdiagramOfcepstralanalysi＄・

22



Chapter3

ModelComposition

Thischapterdescribesarobu8tSpeedlreCOgnitionmethodbasedonHMMcomposi－

tionfornoisyanda£O11Stical1y－distortedspeech，WherelユtteranCeSareCOntaminatednot

onlybyadditivenoisebutalsobyanaco11Stictransferfunction・Themethodrealizes

ahands－freeuserinterhcesuchthata11Serisnotencumberedbymicrophoneeq111p－

menteveninnoisyreverberantenVironments・TheHMMcompositionalgorith血has

beenproposedforadditivenoise［16，54，55］．Inthischapter，theHMMcomposition

algorithmforadditivenoiseisextendedtothatfortheacoustictransferfunctionof

areverberantroom【65，66，89，90】，byu8inganHMMtomodeltheacoustictransfer

function．The statesoftheacoustictransferfunction HMMcorrespondtodi瓜∋rent

sound80urCepOSitions．Thi＄HMMcanrepresentthepositionsofthesoundsources，

evenifthespeakermoves．

Section3．1describesthebasicprincipleofHMMcomposition．Section3．2describes

the HMMcomposition methodfor noisyand acoustical1y－distortedspeechindetai1．

Section3．3describesthestruCtureOftheacoustictransferfunctionHMM．

3．1　BasicPrincipleofHMM Composition

Therc aJe many kizlds ofsoundsin realenvironments．Forexample，the voices of

SurrOundingpeople，nOisyfootsteps，CarnOiseandsoon・ThenthereisalsoacollBtic

reflectionand reverberationin a room・Ifa speech recognition systemknows the

conceivablcsoundsinthctargetenvironmentbeforerecognlZlngObservedspeech，the

SyStemmightbeabletodealwiththeirinfhence・
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TheHMMcompositionmethodisbasedontheideaof仏SourceModeling乃・It

canprOducespeechinthetargetcnvironmentbyadaptingthemodeltothetarget

environment，thespeakerandsoon・Observedspeechwillberecognizedby・uSingthe

adaptedmodel，eVenifwedonotknowaboutthekindsofnoisewhichcontaminates

SpeeCll．

3．2　HMMCompositionforNoisyandAcoustical1y－

DistortedSpeech

3．2．1StructureofComposedⅡMM

This8eCtiondescribestheHMMcompositionalgorithmfornoisyandacoustical1y－

distortedspeech・Theenvironmentmodelisshownin丘gure3・1，Wherethespeechis

contamin＆tedbynoiseandanacoustictranS触Lfunction・AnexamPleofthiskindof

combinationisshownin丘gure3．2．ThestrtlCtureOfthecomposedHMM■isgivenby

theCartesia皿prOductofthecomponentHMMs・Thenumberofstatesforanoise

HMMaJldanaco11Btictrans鮎rfunctionHMMareoneandthree†reSpeCtivelyinthis

example・ThereforeItheparameterSOfthecomposedHMMareglVenby

〃鮎mあer扉ざねねβ

＝Num＿Sta．teS（Clean呼eeChHMM）×Num3tateS（NoiseHMM）

×仇m・5tateS（Aco鮎ざ血書rヲ乃殖r伽c如れ月明・
＝3×1×3＝9，

肋m♭erげ仇Ⅶざβ血m盲血reco叩0れ帥ね扉娩eoゆufproわαわ蹴y

＝N七mJ山反tnres（CJeα乃呼eeC九叫×NⅦm皿kture5（肋盲βe叫’

謎s　望　㊤。bs。ニ。s。。。。h
trans良一伽nction

Figtlre3・1：Theenvironmentmodelfornoisyandacoustically－distortedspeech

24



×NⅦm皿玩血res（Acouβ如fm乃殖γ舟れC如n叫・

Here，Wedenotew5SteanSpe”h）astheweightofthemixturekinthestatejofthe

グJe）astheweightofthemixturekIinthestatej，ofthenoise

HMM，andw5＊TB・t・f・）astheweightofthemixturek”inthestatej′′oftheacoustic

transfbrfunctionHMM．Theweight80fthecomposedHMMaregivenby

Ⅳe豆gんf〆兢e†氾血ねrecom卯m帥ね

＝瑠叫画）×山王昔一ゼ）×項訝両），

whereeachstatenunlberandmixturenumberdependsoneacllHMM・

Thetran＄itionprobabilitiesofthecomposedHMMaregivenby

粛叩瑚＝境－…β♪融）×α5電ヂー‘）×α5訝叫）

Forexample，thetransitionprobabilityofthecomposedHMMin丘gllre3・2）fromthe

state“A，D，E”tothestate“B，D，E”，isglVenby

堤㌢郎血）×α㌍一e）×場㌻一用

Theobservationprobabilitydensityfunction（PDF）ofthecomposedHMMwill

taketlle払1lowlnggenerd払rm

糊＝ム叫‘，恥九fチ

q≡ア（軸勒，h）＝Of，

wheretheintegrationisoveral1triples（st，nt，ht），andst，n重adldhtarecleanspeech，

鱒OiseandanaCOuStictranSferfunctionattimei）reSpeCtively・Thefunction7denotes

theinteractionofs士，niandh‘Whichproducestheobservationo量・Itisdi伍cultto

calculatetheaboveintegration・Therefore）SOmeapprOXimationisnecessary・The

fo1lowlngSeCtiondescribeshowtocalculatetheobservation PDF ofthecomposed

HMM．

cleanspeechHMM u（N

3．2．2　0bservationPDFofComposed HMM

First，OntheasBumptionthatspeechandnoiseareindependentItheobservedspeech

isrepresentedby
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0（叫m）＝g（叫m）＋Ⅳ（叫m）・

whereO（u；m），S（w；m）andN（叫m）aretheobservedmisyspeech，Cleanspeechand

noise，reSpeCtively・Sincethisrelationispreservedinthelinear－SpeCtraldomaln）We

regardO（叫m），S（u；m），N（w；m）aBShort－timelinearspectraatLramem・

Theconventionalapproachestimatesnoise＄tatisticsd11ringanoiseperiodand

recognlZeSaninput－nOisyspeechbyuslngthenoise－addedreferencepatterns・The

HMMcompositionexecutesthcadditioninthcHMMparameterdomaininsteadof

theadditioninthe8ignaldomain・Sincethesignal1evelisgeneral1ydilrerentbetween

trainingandtesting，anadjustmentfactorkisintroduced・Therefore，theobserved

Cleanspeech
HMM

凸　凸　凸
○●

／
①

Initialstate

B C　－－○

＼
Finalstate

合
NoiseHMM

Acoustictransfer

functionHMM

〔【〕

□F　（∋

凸 Co血bination

□　　□
，D　　　　．D

u
Å，

・踪
Gノ　　　＼Gノ　　　＼G

ComposedHMM

（Environmentmodel）

Figure3・2：AnexampleofacomposedHMM
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SpeeChisrepresentedby

O（叫m）＝∫（叫m）＋ゐ・Ⅳ（叫m），

General1y，mOdelparametersinspeechrecognitionarerepresentedbythecepstrum・

ThemodelparameterBhavetobetranSformedtothelineardomainwheretheadditive

propertyofspeechandnoiseholds【16，55］．

Asfbraconvolutionaldistortion，theobservedspectrumisrepresentedby

O（叫m）＝∫（叫m）・g（叫m），

whereH（叫m）isanaCOuStictransfbrfunction・IfaconvolutionaLldistortioniscaused

bytheacoustictransftrfunct■ion魚・Omthesoundsourcetothemicrophone，H（叫m）

isafunctionofframem，Sincethesoundso11rCemaymOVe．Themultiplicationcanbe

COnVertedtoa8uminthecepstraldomaina8，

0叩（f；m）＝島甲（f；m）＋耳叩（電；m），

where，Ocep（i；m），払叩（i；m）andScep（l；m）arethecepstraforth占observedspeech，the

aL：OuStictransftrfunctionandthecleanspeechofquefrency電atframem，reSPeCtively．

Therefore，theobservedspeech，aBShowninfigure3・1，isrepresentedby

O（f）＝Exp（Cos（畏甲（土；m）＋且ep（t；m）））＋た・Ⅳ（叫m）・　　（3・1）

Figure3．3showshowtocalculatetheobservationprobabilitydensityfunctionofthe

composedPDFforthenoisyandacoustical1y－distortedspeech・ThecosinetranSform

（Cos），inversecosimetransform（Co8‾1），eXpO甲ntiムtransform（Exp）andlogtranSform

（Log）areconductedonthePDFs，aSeXplainedindetailinAppendixA・

Theproced11reisaBfo1lows：

1．EstimatethecleanspeechHMM，thenoiseHMMandtheaco11Stictransferfunc－

tionHMMinthecepstraldomain．／

2．ComposethecleanspeechHMMandtheacollStictranSferfunctionHMMinthe

cepstraldomain（seeAppendixA．3）

〝（叩J∬）＝叫叩J）＋叫呼止）and　句叩Jガ）＝句叩J）＋句叩＿呵・

Here，叫叩J），句叩＿勒〃（巧打∬），句叩』），巧叩J卯独d句叩J∬）COrreSpOndto

ameanVeCtOrand acovariance matrix ofthe clean specchHMM，theaco11S－

tic transferfunction HMMand the composed HMMsin the cepstraldomain，

respectively．
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Cepstrum LogspeCtrum Linearspectrum

NoiseHMM ＝く∋

慧㍍。。。n
H刷　〔〕　触

S阿hHMM

Composd
HM

Exp kX

＋

⊂（｝く－　　　しシ

Figure3．3：plockdiagramoftheproposedHMMcomposition

3．CosinetransfomofeachGaussianPDFofHMMs（seeAppendixA・1）

叫旬“柑）＝r・叫叩J∬）弧d　執れ甜）＝P・句叩J町r・

Here，risacosinetransformmatrix，P（t。93H）adldEtt。9＿SH）ane・ameanVeCtOr

andacovariadlCematrixofaGaussianPDFinthelog－POWerSPeCtraldomain，

r朗pedivdy．

4．ExponentialtransformtOthelinear一叩eCtraldomain・（seeAppendixA・2）

ThemormalraJldomvectorsobtainedbyexponentialtransfom，Z＝eXp（Y），has

log－nOmaldistribution・ThemeanandthecovarianCeareglVenby

巧坤JⅦ）J＝eXp〈他職＋攣）

鳴≠J∬）刃＝仙J叫・仙J瑚・（既p（鳴紳輔－1））・

Here，P（tin＿gH）andE（th3H）aJethemeanvectorandthecovariancematrixin

tbelhe鉱一pOWerSped一山domah・
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5．CompHOSetWOdistributionsaccordingtoequation（3．1）（seeAppendixA・3）

仰山J∬呵＝仰れJ厨）＋た・仰山」り

斗正路呵＝句眈朋）＋た2・旦翫』）・

Here，P（伽＿N），E（tm＿N），P（un＿”N）and句JinJHN）arethemeanvectorandthe

covarianCematrixofnoiseandcomposed modelsinthelinear－pOWerSPeCtral

domam，reSpedivdy．

6．LogtranSformofcomposedHMMs（seeAppendixA・4）

仙刑＝lo抑脚）ノー去〈伽藍諾

（
噌叩J即）直＝log－

and

J茸Ⅳ）J

極超即）メタ

〝（JhJ∬Ⅳ），i●叫伽Jg叶）J

＋1
）

＋1）

7．hver8eCOSinetransfomtothecepstraldomain

叫叩J叫＝r‾1・坤叩J甜）弧d　句叩J脚）＝（r‾1）′・旦毎J叫・r‾1・

TheHMMrecognizerdecodesobservedspeechonatreni8diagramaccordingto

mamithelog－1ike払00d．Thedecodedpathwiu丘ndanoptimalcombinationof

speech，nOiseandtheacoustictranSfbrfunction．

3．3　ModelingofAcousticTransferFunction

ThissectiondescribesthestruCtureOftheacoustictransferfunctionHMM．Figure3．4

showstheproposedacoustictranSferfunctionHMMinthecaseof丘vestates・Each

stateoftheacoustictranSferfunctionHMMcorrespondBtOapOSitionofsoundsources，

andal1tranSition8amOngStateSarePermitted．Therefbre，theproposedamustictranS一

鮎rfundionHMMisabletorepresentthepositionofsoundsource＄，eVenifthespeaker

moves．Sinceeachstateofthe acoustic trans鮎r function HMM ha8Gaussiandistri－

butions，iti8alsopossiblefortheacoustictrans鎚rftlnCtionHMMtodealwiththe

variationofauser，spositionorainAuenceoflongimpulseresponse・
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Figure3・4：AnergodicHMMofacoustictransferfunctions

Thespectralanalysisinspeechrecognitionisbasedonshorttimewindowing・The

multiplicationofshorttimesignalspectraandthetian8ferfunctionisequivalenttothe

periodicconvolutioninth6timedomain・However，a血aldistortedspeechr由ultsfrom

thelinearconvolution．SincetheproposcdHMMcompositionofthesPeech■andacous－

tictrans知functiononlyrealizesaperiodicconvolution）thecomposedHMMcannot

mbddanactualacoustical1y－distortedspeechaccurately・Thedi蝕rencebetweenuslng

periodicand肋eaRCOnVOlutionwi11behrgeaccordingtothelengthoftheimpul8e

responBe・hthisthesi＄）thecovarianCematrixoftheGaLuSSianPDFdealswiththe

influenceofthelongimpul8ereSpOnSe・
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Chapter4

ModelDecomposition

Thischapterdescribesanew method toestimate HMM paraneterS Ofanacoustic

tranSferfunctionbasedontheHMMdeco．mposition．methodinthemodeldomain［91】・

Themodelparametersareestimatedbymaximi2；ingthelikelihoodofadaptationdata．

Theproposedmethodisobtainedastheres111t ofthereverseprocessoftheHMM

COmpOSition．Theprevious chapterdescribedamethod whichcanmOdelobser．ved

SpeeChbythecompositionofHMMsmodelingcleanspeech，nOise‥andtheacoustic

tradlSferfunction．Thismethod，however，reqllire？mea占urementOfimp111seresponsesto

traintheacouBtictran8ferfunctionHMM・Itisinc？nVenientandunrealistictomeasure

impulseresponsesforanewenvironmept・ThenewmethodisabletoestimateHMM

parametersoftheaco11StictranSferfunctionfromasmallamo11ntOfadaptationdata・

4．1　BasicPrincipleofHMMDecdmposition

Modelparametersareestimatedin amaximum－1ikelihood（ML）mannerusingthe

expectation－maXimization（EM）algorithm，Wherethelikelihoodoftheobservedspeech

ismaximized

ig＝朗唱maXPr（0恥，入Ⅳ，入β）．
入〟

Here，入denotesthesetoftheHMMparameterS．S，NandHdenotecleanSpeeCh，

noiseandtheaco11＄tictransferfunction．

Nowtheobservedspeechisrepresentedby

O叩（f；m）＝　Cos‾1［Log（Exp（Cos（島ep（f；m）＋耳叩（t；m）））＋呵叫m川・（4・1）
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Adaptationdata

0叩

Ⅰ血血1HMM

armaxPr（入。Io）
h）

Cepstraldomain

エー＠≡a慧Pr（ふ・加，加）
l

DecompositionofLH
●■■一■‾‾●‾●－‾‾‾‾‾‾l

毎＝訂腎XP叫・〃心・加）

Power－SpeCtral

domai∵ぷ轟やComposition

Cepstraldomain

し蒜聖j粥composidon

Figure4・1＝ParameterestimationbyHMMdecomposition

Here，Co8andCos‾1areFourier（cosine）transformandinverseFourier（cosine）trans－

form，reSpeCtively．Oc．p（l；m），Scq（t；m）and仇ep（l；m）arecepstrafortheobserved

speech，thecleanspeechandtheacoustictransferfunctionofquefrencyiatthem－th

ffame，andN（叫m）isthelincarspectrunfornoiseof蝕equencyLJatthem－th丘ane・

Accordingly）theacoustictransfbrfunctionisIepreSentedby

仇呼（ちm）＝Cos‾1【Log（Exp（Cos（q毎（t；m））卜Ⅳ（叫m）I卜島甲（f；m）・

TheestimationequationoftheacoustictranSferfunctionHMMiswrittenas

入∬叩＝Cos‾1【Log（Exp（Cos（入0叩））0入札≠）】0入g叩，

wherethesu覿xesofcepandtinrepresentthecepstraldomainandthelinear－SpeCtral

domain，reSpeCtively・ThisequationshowsthattheHMMdecompositionisapplied

twicetothenoISyandacoustical1y－distortedspeech・First）theHMMdecomposition

methodisappliedinthelinear－SpeCtraldomaintoestimatethedistortedspeechHMMs

byMLestimation・ThenIthedistortedspeechHMMsareconvertedtothecepstral

domain，andtheHMMdecompositionmethodisappliedagaininthecepstraldomain

t。eStimatetheacoustictrans鮎rfunctionHMMbyMLcstimation．Theprocedllreis

a8fbllows
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1・Re－eStimateparameterslo叩OfcomposedHMMsusingadaptation

datawithcorrespondiI唱tranSCriptionbyMLestimationinthecep－

Straldomain・NextIeStimateparameters入N叩OfthenoiseHMMffom

thesignaldmingnoiseperiod＄）andthenconvert入0叩and入N叩tO

tbelineaトSpeCtraldomain

入0．i、＝Exp（Cos（入0叩）），入N，in＝Exp（Cos（入NJ）・

Decompose入sH（L≠from入oL｛九aSfo1lows

Å∫‰　＝おgmaXP申朋．勅、】入珊‘、，入勅≠）
lヾ〃‡lt

入0肋0入勅≠・

2・Conver七人珊‘．tOtbecepstraldomain

入g描叩＝Co5‾1（Log（入∫軋））・

Thendecompose入H叩from入s＋H叩aBfo1lows

i札叩　＝ar卯弧Pr（人外私印】入札叩，入夕叩）
入仇坤

人外∬叩e入夕叩・

Theprocedureissummarizedinfig11re4．1．TheHMMdecompositionmethod，aB

Showninfigtlre4．1，i8appliedtwicetothenoisyandacollStical1y－distortedspeech．In

theHMMdecompositionmetllOd，thecomposedHMMisseparatedintoaknownHMM

andan11nknownHMMbyoperationsonthemodel‾parametersba£edonmaxim11m－

1ikelihoodestimation・Figure4．2illustrateBtheHMM decompositionmethod．The

fo1lowlngSeCtion8describethemodeldecompositionindetai1．Section4．2describes

decompositionofaknownnoiseHMMandunknowndistortedspeechHMMs．Section

4．3describesdecompositionofknownspeechHMMsandan11nknownaco11StictranSfer

4．2　DecompositionofNoiseHMM and Distorted

SpeechHMMs

ThiBSeCtiondescribesthedecompositionofaknownnoise HMMandunknowndis－

torted5peeChHMMs．Considertied－mixtureHMMswithdiagonalcovariancematrices，
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く－－∴∴ノ≠
？㌔　一入H＝昔…餌H帰s）

Disto爪ds匹Ch　げ叫

Figure4・2：HMMdecompositionmethodinnoisyreverberantenvlrOnmentS

入＝（A，B），Where＾＝［aiJ］，i，j＝1，2，…，Jisthetransitionprobabilitymatrix，and

B＝［bj），j＝1，2，・・・，J，istheobservationprobabilitydensityfunction（PDF）・Jis

thenumberofsbtes，TheobservatiozIGaussianPDFb5（ot）isgivenby

ち（の）＝∑叫沃叫q；侮，晶）， （4・2）

wherehhkistheprobabilityofm止血汀ekinstatej，andKisthetotalnumberof

GaussianPDFstiedbyallofthestates，andN（ot；FLh，為）isthemultivariateGaussian

di離山bⅦtionglVenby

Ⅳ（瞞小謡甲叩卜芸（q一購‾1（of一侮）ト
whereDisthedimensionoftheadaptationvectoro，．Next，Phand晶arethemean

vectoraJLdthecovariancematrixcorre＄POndingtomixturek）reSPeCtively〉and（denotes

transpo或tion・

ForanadaptationdatasequenceoIletsandkbetheunobservedstatesequcnceand

theunobservedmixttmcomponemtlabellreSPeCtively・Theprobabilityofobserving

thesbtesequencesissimply

Pr（可A）＝Ⅲα恒1押
t＝1
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Wherea叫r．1＝1・Thejointprobabilityforobservingthes明uenCeSOandscanbe

evduateda5

Pr（0，申）＝Ⅲα恒1両あ勘（旬）・

Thejointprobabilityforobservingthesequenceso，SandkcanbeevaluatedaB

Pr（0，∫，叫）＝H（α句＿1〟恥凍〃（q；仙，礼）・

Therefore，theprobabilityforobservingthesequenceoisthenmeasuredby

Pr（（申）＝∑∑pr（0，β，叫），

Where the sunnations are taken overal1possible state seq11enCeS andallpossible

mktm∽mpOnentlabek．

Now，thedecompositionofdistortedspeechHMMs（入sH．h）ishandledinam弧imum－

1ikd払0扇＝ねmework

ig恥＝㍍gmaXPr（入∫∬．〃‰1人吉削れ，入勅≠），
＼川ごt、

Where入Nu．and入sH＋N．ha代themodelparameterOfnoiseandthemoddparameterof

adaptationdataointhelinear－SPeCtraldopain，re＄PeCtively・TheaboveMLpaxameter

e8tinationcanbe soIvedusingtheEMalgorithm．The EMalgoritlmisatwo－SteP

iterativeprocedtm．IntheGrststep，Cal1edtheexpectationstep（E－Step），thefollowing

a血1iaⅣhndioni＄dⅢhted

Q（ig軋l人吉‰）＝呵1喝Pr（0，β，たIig軋，入Ⅳ．h）l入gg‰，入Ⅳ‰】

クー殉　　　pr（0（脚），β触れ），紳竹入∫軋れ，入耽れ）∑∑∑∑
匹1催1か）抽叩）　Pr（諦・叫β恥，入勒九）

×logP中b・”），β（脚），紳れ）li5軋，入Ⅳ，h） （4．3）

WherePisthetotalntlmberofphonemes，andeachphonemeconsisbofl％adaptation

data・Next，0（押）isthcn－thobservationsequenceforaphonemep，andthelengthi8

Tb｝・n）・Finally，S（脚）andkhn）aretheunObservedstatesequenceandtheunObserv

mixturecomponentlabelscorrespondingtotheobservationsequenceo（p・¶）・

Thejointprobabihtyforobservingthesequenceso，Sandkcanbeevaluatedas

Pr（0，β，呵i細山，入勅．）＝Ⅲα句＿1，勅書みれ（qlig∬“れ，入〃血），　（4・4）
‡＝1
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wherePr（otlÅsH，iA，入N”、）istheprobabilitydensityfunctionoftherandomvariableof・

LettheobservationGaussianPDFinthemodel入sH．i≠betheformshow血inequa－

tion（4．2），andtheobservationGaussianPDFinthemodel入N．tnbeasingle・Gaussian・

Sincethemodel入sHtinlSindependentofthemodel入NJininthelinear－SPeCtraldomam，

themeanvectorandthecovarianCematrixcorrespondingtomixturekinthemodel

入0肋arederivedbyaddingthemeanvectorandthecovariancematrixinthemodel

入sHJi≠tOthemeanVeCtOrandthecovariancematrixinthemodel入NLiA

〝㌘）＝ガ町叫（Ⅳ）弧d　ガ（0）＝要叫＋ガ岬），

wherep㌘H）andFiSH）arethemeanvectorandthecov甜iancematrixcorresponding

tomixturekinthemodel入sHJJn・Further）P（N）andE（N）arethemeanvectorandthe

covadLianCematrixinthemodel入N．i．・Therefore，equation（4A）canbewrittenas

Pf（0，g，叫‰，入勅、）＝H（α岨，。t勅諭t〃（0‘；βど∬）＋〝（〃），烈デ卯＋ガ（〃））・

Iti＄Straightfbrwardtoderivethat【38］

Q（Å珊‘、l入珊‘。）

＝∑∑∑∑・∑pr（0（脚），か）＝かた；）＝賄軋が入勅≠）log鮎
タ＝1i＝1メ＝1▼l＝1f＝1

＋∑∑∑∑∑p申（脚），か）＝j，辟ヤ＝絢‰，入耽≠）log叫，鳥
p＝1i＝ブお＝1†l＝1l＝1

＋∑∑∑∑pT（0仙，か）＝杵k‰，入札n）log〃（か）；♪㌘∬）＋〝（呵，烈叫＋ガ岬））・
タ＝1た＝1¶ド＝1t＝1

（4．5）

Here，WefocusononlythetermSinvolving（∂h＝iPh（SH），璃SH）））．Therefore，equation

（4・5）canbewrittenaB

Qβ．（入珊‘．l人吉仇h）

＝∑∑∑∑璃れ）×logⅣ（か）；♪㌘即…刑，要呵＋ガ岬））
p＝1腋＝1れ＝1t＝1

タ　∬lγ，T（p－可

＝－∑∑∑∑7紆）
p＝1た＝1†l＝1l＝1
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×（妄l融和里㌍）・叩＋（か’‾β㌘J’論′黒澤’‾r仰7＿）▲：
（4．6）

璃れ）＝P中㌣），折れ）＝町毎払沃軋），

and

7鳥＝∑7け

Thi8term〉7埴ICanbecalculatedefRcientlybyu8ingtheforward－backwardalgoritlm

【9】・

TheM－gtepintheEMalgorithmmaximizesQ（ÅsH．iJ入sH．h）withrespecttoÅs恥

Å∫‰＝a柑m弧Q（Å甜“、l入夕且h），
入バー∫Jl“

whichlea由tosol再ng粥∂（入細山l人吉恥）／∂〆路）＝Oand∂¢∂（ig軋几】入g‰）／∂が∬）＝

0．

mere払代，Weget

β㌘∬）＝mた－〝（Ⅳ）弧d　穂叫＝γた－㌔呵， （4．7）

mた＝∑∑∑墟几）か）／7鳥

γふ＝∑∑∑璃れ）（0㌢）－m鳥）2／7鳥・

Equation（4．7）showsthat the HMM decomposition method dealswiththeInOdel

parameterinsteadoftheseriesoftheobservedspeech．

4．3　Decomposition of Clean Speech HMMs and

AcousticTransfbr FlmCtion HMM

This section describesthe decomposition ofknownspeech HMMs and an unkn0wn

amustictranS鎚rfunction HMM．TheHMMdecompositionmethodisappliedinthe

Cep8traldomainasshowninfigure4．1．First，themodelpaxameter入sH伽，Whichis
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estimatedinsection4．2，isconvertedtothecepstraldomain，Then〉thedecomposition

oftheaco11StictransfbrfunctionHMM，入H，ise＄timatedusingmaximum－1ikelihoodin

themodeldomain

Å∬叩＝argmaよPr（入5描叩阪叩，人吉叩），
＼＝・叩

whcre入s＋H．叩isthemodelparameterofthedistortedspeechinthecepstraldomain，

and入sisthemodelparameterofthecleanSPeCChinthecepstraldomain・ThisML

parameterestimationcanbcsoIvedusingtheEMalgorithm・Int82】，aneStimation

methodbasedonMLispresented†WheretheestimationofconvolutionaldistortioniB

implementedinthetimedomain・OntheotherhandIWeeStimatetheacoustictransfer

functioninthemodeldomain．Theestimationinthemodeldomaincanred11Cethe

amO11ntOfcomptltation．

Theauxiliaryfunctionisdefinedinasimi1arwaytosection4・2〉

Q（i∬叩l入札叩）＝即ogP－（0，β，たIig叩，入∫叩）1入方叩，入ざ叩］

去≡∑∑叫㌔こ：だ二；≡ご’■’l吾辿
，＝1≠＝1．（〃小抽叩，　Pr（0（叫入∬叩，入5叩）

×logPr（0（弼，β（脚），折れ）lÅ仇．，，入ざ叩）， （4・8）

whereo叩ISrepreSentedbyaddingthecleadlSpeeChdatatotheacoustictranSfer

functioninthecepBtraldomain・Itisimpossibletomeasurethedataoceppractical1y・

However，theHMMdecompositionmethodcandealwiththemodelparameterinstead

oftheseriesof仙edata．

SincewefocusononlythetermS（6＝（P（H），£（H））），equation（4・8）canbewritten

勧（入札叩I入仇．，）

＝∑∑∑∑7紆）×log坤か）；〝㌘）＋〆呵，げ）＋史（∬））
p＝1lれ＝1f＝1

P＋．打lγタr（p・れ）

＝－∑∑∑∑7紆）
p＝1鳥　丸＝1書＝1

×〈芸log（2げば）＋脚）・
（0…脚）－〝㌘）－〆卵）′（0～脚） 〝㌘）－〆椚）

2（ガ）＋史（利）
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where入s叩isthetied－mixture11MM，andthetotalnumberofGausdanmixtures

K．Next，P㌘）andEtS）arethemeanVeCtOrandthecovariaLnCematrixcorresponding

t。mixtu．ek，and入高isasingleGaussian・WeaBSumethattheabove璃7）isequal
btbe7紆）hs血ion4・2・

Tosimplifytheequation，thefo1lowing△isde丘ned

〆卯＝〟（g）＋△〆方）弧d　ゑ（呵＝ガ（椚＋△ゑ岬）・

TheM－StePintheEMalgorithmmaximizesQ（入H叩l入H叩）withre印∝ttO入H叩

入∬叩＝a賢Q（入‰l入浸，

whichleadstosolving8Q6（ÅR叩l入札叩）／∂△iM）＝Oand∂Q6（iH叩板叩）／∂△B（H）＝

0．mereh代，

昭∂（i∬叩l入∬叫）

∂△♪（呵

Pl叫パ巾叩）∬

＝∑∑∑∑墟≠）
0㌢・九）－〝㌘）－〝（利一△〆g）

ガ）＋ガ（利＋△云岬）
＝0．　（4・10）

SincethemodelpaJameterÅs‰inthelinear－SpeCtraldomainiscalculatedbyequation

（4．7），tbemodd叩弧derofo㌢，≠），ig相叩，isか印by

Å鈷∬叩＝C鵬‾1†bg（i甜伽））・

Ontheotherhand，themeanvectorandthccovarianCematrixinthemodel入s＋H叩

can壷。berepresentedusingthetermo㌢n）a＄fo1lows

♪㌘岬）＝∑∑∑璃れ）0㌣）／7鳥

宵冊）＝∑∑∑場外）（0㌢，れ）一ば＋∬））2／7鳥・
p　≠　f

Then，Weget

∑∑∑墟n）か）＝7鳥♪㌘岬

∑∑∑璃れ）（0㌢れ）一躍岬）2＝7た盃g描）
タ　れ　t
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Therefore，a．CCOrdingtoequation（4・10），Ontheassumptionthatthcvarianceisfixed，

tb。fe－e或血山ionfbm山aof△〆郎k顔venby

打∑∑∑璃骨丸し7舟㌘）叫（g））
p　れ　亡

△〆即

∑
げ）＋ガ岬）

∑7長
鳥＝1

鮎量（g，
β㌘岬）－〝㌘）－〝岬）

ガ）十∑岬）
」打

差出g）
1■l

＋ご－〃l

（4．11）

Equation（4．11）＄howsthattheHMMdecompositionmethoddealswiththemodel

p皿e毎一入ぶ＋仇叩in如edofthedata旬・

Then，takingthederivativeofequation（4・10）withrespectto△史（H），andsetting

仏訳rO，Weget

打

∑木
dg）＋g（g）＋△ガ利一¢た

（げ）＋ガ（即＋△ガ（椚）2
＝0，

¢鳥＝ガ欄＋〝㌘描）＋（〝㌘）＋〆ガ））（〃㌘）＋〆∬）－2〝㌘描））・

TherearesomeapproachestotheproblemofestimatingthecovariancematrixE（H）

【82】．htbbwork，We闇eaTわlorexpa適on・Now，de餌eahnctionダ出払uows

ダ（△ガ岬））＝
げ）＋ガ（利＋△ガ囲－¢ゐ

（ガ）＋ガ（叫＋△ご岬））2

IfFisexpandedina．Taylorseriesthroughtermsoffirstorder，WeObtain

岬聞）巴印）・∂芸慧芸）
げ）＋ガ岬）一血

（ガ）＋ガ（利）2
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where△E（H）convergesonobyusingtheEMalgorithm・Therefore〉thcLre－eStimation

払m山aof△と（叫k由venby

△と岬）
∬

∑擁〈読忘一品）
一打

∑7鳥 （節子丙一爾農可〉
（4，12）

Equation（4．12）showsthattheHMMdecompositionmethoddealswiththemodel

Pa∫ameter入s＋H叩insteadofthedataol・
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Chapter5

Distant－TalkingSpeech

Recognition

ThisdほpterdescribesthcperformanceoftheHMMcompositionanddecomposition

methodsonrealdi＄tant－talkingspeech［93］・WemeaBuredthedis下ant－talkingspeech

fromfourpositions．ThesoundsignaliscapturedbytLSlngaSingle－directionalmi－

crophone・The＝MMdecompositionmethodenablestheestimationofpad・ameterSOf

anaucdustictranSferfunctionHMMu＄ingadaptationspeedlfromanunknown11Ser）s

location．ThischapteralsodescribestheperformanCeOftheHMMcompositionand

decompositionmethodson8peeChrecognitionofadistantmovingtalker・Speechof

thedistantmovingtalkerisrecogmiedbyusinganergodic－HMMofacoustictran血

5m80

召　Mic車one

ロb3
ロp3
mh4
Pp4
Ph5

いhl

Ppll帖
m，－」＝‥ニ
田h2

Figure5．1：ExperimentalroomenvlrOnment
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functions．Theexperimentalres111tsindicatetheefrbctivenessoftheHMMcomposition

anddecompositionmethods．First，SeCtion5．2describestheperformanCeOftheHMM

COmpOSitionmethod．Section5．3describestheperformanceoftheHMMco事nPOSition

anddecompositionmethod＄．ForspeechrecogmitionofthedistantmOVlngtalker，the

performanceisdescribedinsection5．4．

5．1　ExperimentalConditions

RecognitionexperimentsaJeCOnductedtoevaluatethee鮎ctivenessoftheHMMcom－

positionanddecompositionmethods．Figure5．1showsatopviewoftheexperimental

room．Thc＄Oundsignaliscapturedbyusingasingle－directionalmicrophone（SONY

Odginalspeech

6

亘5
む4

喜3

首2
1

0

／〟　　　　／sIV　　　／ぴ　　／b／　　／〟

0・2　　　　　　0・4　　　　　　0・6Time【sec】

Dist弧t－talbngspeech

6

亘5
む4

喜3
ロー

麿2
1

0

／〟　　　　／sh／　　　／〟　　　ノb／　　／〟

0・2　　　　　　0・4　　　　　　0・6　Timetsec】

Figure5．2：Distant－talkingspeechinexperimentalroom（reverberationtime＝0・18

sec）：thenarrow－bandspectrogramoftheJapaneseutterance／ashiba／・

43



C－355）．Thespee血datausedforevaluationistheSet－AoftlleAmJap弧e8eSpeeCll

databaLSeandtheASJ（AcousticalSocietyofJapan）continuousspeechdatabaBe・

Realdistant－talkingspeech

Tbevaluateonrealspeech，WemeaSureddistant－talkingspeech丘omfoursound

sourcepositions）pl†‥リP4・Thedistant－talkingspeechiscontaminatedbycomputer

noise，airconditionernoiseandventilatingfannoise，WhereSNR（SignaltoNoiseRa・tio）

i816．7dBonaverage．TheSNRiscalculatedasfo1lows

∫Ⅳ月＝10loglO
叫0（f）2］

現れ（f）2】’

whereo（i）andn（l）denotetheob8erVedspeechandthenoiseattimcl，reSpeCtively・

Onemalespe濾erisusedaBthetegtingspeakerinspeaker－dependent（SD）experi－

ments．TwomaleBPeakersadldonefemalespeakeraxeusedasthetestingspeaker＄

inspeaker－independent（SI）experiments・Eachtestingspeakeruttersl～50words

（×3）asadaptationdatawhicharenotusedinthetraining・Therelatedinforma－

tionoftheadaptationdata，uSedinthefo11owingword－reCOgnitionexpcrlmentSare

listedinAppendixB・Fortesting†500wordswhicharedi鮎rent企omthosewords

inthetrainingareu＄d・Therelatedinfornationofthete8tingdatausedinthe

lowlngWOrd－reCOgnitionexperimentsarelistedinAppendixC・Figure5・2showsthe

naJrOW－bandspectrogramfororiginal（clean）叩eeChanddistant－talkingspeechinthe

experimentalroon・hsection5・3・2）WOrd－reCOgnitionexperimentsarecarriedouton

tberddi如ant－tdkiI唱Spe∝h・

Simulateddistant－talkingspeech

Toevaluateonsimulatedspeech，WemeaSuredninetranSfbrfunctionscorrespQnding

toninesound80tlrCepOSitions）hlI‥・〉h5andpl）…）P4byusingthemetIIOdreported

in［88］．Distant－talkingspeechissimulatedbylinearconvohtionofcleanSPeeChand

themeasuredimpulseresponses．Thelengthoftheoriginalimpulscresponsewasabollt

180msec．Thefomer丘vepositions，hl，．．．，h5areusedforthcmodelcompoBition

andthehtterfotupositions，pl，‥リP4areused払rtherecognitiontests・Figlm5・3

show8themeaBuredimpulseresponsescorrespondingtofoursoundsourcepositions，

pl，・・・，P4・AsthedistanCebctweenthemicrophoneandthesound＄OurCePOSition

i＄longerIthedehytimeislonger・Figure5・4showsthecepstralcoe侃cientsofthc

acoustictrans知functionsfromseveraltrainingpositions．Thedi鮎rencesshownwi1l
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causedegradationofspeechrecognition・Insection5・2and5・3・1，WOrd－reCOgnit■ion

experimentsaJeCarriedoutonthesimulateddistant－talkingspeech・

TherecognitionalgoritlmisbaBedon256tied－mixturediagonalcovarian云eHMMs・

EaJChHMMhasthrcestatesandthreeselトloops．Themodelsof54context－independent

phoneme＄aJetrainedusing2620wordsintheATRdatabaseforspeaker－dependent

HMMs．Theother500word8inthe8amedatabaBeareuSedfortesting．Thespeaker－

0．＆

0．6
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0．2

0

0．2

0．8

0．6

0．4

0．2

0

－0．2

0．8

0．6

0．4

0．2

0

0．2

0．8

0．6

0．4

0，2

0

－0．2

SoundsouTCepOSition：pl

0 40 80

Time【msec】

120　　　　　160

Sollndsou陀epOSllion：p2

0 40 80

Time【msec】

120　　　　1（；0

Soundsourceposltion：p3

0 40 80

Time【msec］

120　　　　160

SollndsotJrCePOSition：p4

0 40 80

Time【m虻C】

Figure5．3：Measuredimpulseresponses
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independentHMMsaJetrainedusingabout9600sentenceswhichareutteredby64

SpeakersoftheASJdatabase．

Thespeechsignalissampledat12kH曳a瓜dwindowedwitha・32msecHamming

windowevery8msec・ThenFFTisusedtocalculate16－OrderMFCCsandpower・In

recognitiozL，thepowertermisnotused，becauseitisonlynecessarytoadjusttheSNR

intheHMMcomposition．Theanalysisconditioni占1istedintable5・1・

Insection5．2，WeaBSlgnCdonestateforthenoiseHMMand丘vestatesforthe

aco11StictransfbrfunctionHMM，andasingleGaussianPDFis11Sedperstate・Fig11re

Table5．1：Analysisconditions

Samplingfreq．　　　12kHz

Frameshift　　　　　　8msec

Windowlength　　　　32msec

Window HammlI唱

Pre－emphasis O．97

Featureparameter MFCC（order16）
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CleanSP寧eCh（phoneme）

HMM
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＆
NoiseHMM

AcoustictranSftrfunctionHMM

□AlltranSitionprobabilities

包．椚de血。dasO．2．

0．2＝】㊤

0．2

；三二、＿
ロ

回

Figure5・5＝StruCtureOfacleanSpeeChHMM）a・nOiseHMMandanacoustictransfer

functionHMMinexperiments

5．5showstheacoustictransftrfunctionHMM．Eachstatedirectlycorrespondstoone

ofthetrainlngpOSitionsIhlI・・・Ih5・Alltransitionsamongstatesarepermitted）and

theirprobabilitiesaredefinedaLSO・2・Insection5・3）WeaBSigned■onestateforthenoise

HMMandonestatefortheaco11Stictransfer＿functionHMM．

5．2　EvaluationofHMMCompositio甲

5．2．1　ResultsforNoisyandAcollStically－DistortedSpeech

ThissectiondescribesperformanceoftheHMMcompositionmethod．Thepointsto

beinvestigatedare

●performanCCfortheacoustictransferfunとtionHMM，

●improvementofrecogmitionratefornoisyandacoustical1yTdistortedspeech）

－eValuationofspeaker－depcndent（SD）andspeaker－independent（SI）speech

recognitionperformanCe，

and

●Perfbrmanceforanunkn0wnPOSitionofthesoundsource・
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Thi8SeCtional駅＝血owstheinAuenceoftllereVerberationtime，based－Ontheresults

ofthe500－WOrdrecognitionexperimentsIWhereimpulserespon＄朗OflOOmsecand32

msecareaJtificial1yふadefromtheimpulseresponseof180msec・Theyad’emadeby

multiplyingtheoriginal180msecbyaJleXPOnentialfunctionasfollows

yJ＝y・e‾¢，α＞0・

S飢ⅦほHmp山部汀朗pOnS郎a代a句服tdbyacon5tantα・Tbeobtahd血p山紀re叩OnS朗

a代血ownin負印re5・6・

Here，theacoustictran8fbrfunctioninthecepstraldomainisobtainedbysubtract－

ingthecepstrumCOe伍cient＄OforiginalspeechfromthoseofconvollltedspHeeCh・The

meanvalueofthei－thcepstralcoe瓜cient，JLi，isgivcnby

拘＝卦冊））＝王墓c㌘），　（5・1）

wh椚g誌tbet。七山nⅧ玩rof鉦弧朗Ofthetr血hgd叫弧dβ㌘）由比eむ比α画ral

coe瓜cient■atframejforthedistortedspeechwhidlismadebythelinearconvolution・

Thecleanspeech，S㌘），isthei－thcepstralcoemcientatframej・Thecovarianceq”i＄

J“＝治ぜ）一帖㌘）一曲），

ぜ）＝β㌘しβ㌘），

0　　　　　　　　　180

【m別氾】

0　　　　1（氾　　　180

【m詑C】

0　32　　　　　　180

Figure5．6：lmpuheresponses（180msec，100msec，and32msec）
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WhereweaLSSumethatthecepstralcoe抗cientsare11nCOrrelated．Inthisexperiment，

500wordsareusedfbrtrainingoftheaco11StictransferfunctionHMM・Forthespeaker－

independentmodel，125wordsareu8edforeachtestingspeaker（125words〉く4testing

speakers＝500word＄）・ThestructureoftheacoustictransfbrfunctionHMMisshown

in丘gure5．5．

Table5．2showstherecogmitionrate＄forthedistortedspeechwiththespeaker－

dependentmodel．Theword－reCOgnitionrateis8hownforthepositions，hl，．‥，h5，

On aVerage．Without any compensation，the word－reCOgnition rate with the clean

speechHMMs（HMM－S）is78．5％inthecaBeOf180msecimplllseresponse・When

onlythemeanvectorareadapted（indicate＿dasHMM－SH（p）），theword－reCOgnition

rateisimproved企om78．5％to87．2％，inthecaseofthe180msecimpulseresponse．

Thble5．2：Word－reCOgnitionrates［％］fordistortedspeechwithspeaker－dependent

models

Model HMM－S HMM－SH（p）HMM－SH（p，E）

Aco11Sticcompensation x　　　　0　　　　　　0

180mse（：　　　　　7臥5　　　　　87．2　　　　　　　84．0

100msec　　　　　　88．0　　　　　94．0　　　　　　　92．4

32msec　　　　　　　88．6　　　　　96．2　　　　　　　95．6

Omsec　　　　　　　96．6

Tゝble5．3：Word－reCOgnitionrates［％】fornoisyandacoustical1y－distortedspeechwith

speaker－dependentmodels（SD）andspeaker－independentmodels（SI）

Models
HMM－S HMM－SN HMM－SHN（IL）HMM－SHN（p，E）

SD SI SD SI SD SI SD SI

Noisecompensation x x　　0　0　　0

AcollSticcompensation x x x x O

0

0

0

0

0

0

180msec　　　　　4．8　18．7　59．5　53．5　　67．2　　57．2　　55，2　　　45．4

100msec　　　　　9．9　22．0　7（；．2　65．7　　83．6　　66．7　　79．7　　　59．2

32msec　　　　14．4　21．9　76．5　65．4　　87．0　　68．4　　86．5　　　65．5
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Theimprovementisalsoobtainedinothercase＄・InthecaseofthelODmsecimpulse

response，theword－reCOgnitionrateisimproved＆om88・0％to94・0％・Inthecaseof

the32msecimpulse■response，theword－reCOgmitionrateisimprovedfrom88・6％to

96．2％．Inthistable，“Omsec”meansthecleanspeech・Theword－reCOgnitionratefor

thecleanspeechwiththecleanmodelis96・6％・

Thistablealso8howsthatastheimpulseresponseislonger，theefrectivenessof

thecomposedHMMisdecreased・Thee鮎ctivenessofthecovariancematrix，E，Of

theaco11StictransferfunctionHMMisnot＄ignificant，becausethevariationmightbe

largerthanexpectedanddistributeddependingonprecedingspeechcharacteristics・

ThatresultisshownbythelabelofHMM，SH（p，E），Wherethemeanvectorandthe

covariancematrixarebothadapted．

Table5．3showstherecognitionratesfornblSyandac■oustically－distortedspeech・

Therecognitionrateis8hownforthepositions）hl†・・・†h5，OnaVerage・Thenoise

dataiscollectedinacomptlterrOOmandaddedtotheacoustical1y－distorteddataas

theSNRiB15dB．TherecognitionratewiththeHMM－SN）COmpOSedoftheHMM－S

andthenoiseHMM，i＄improvedfrom4．8％to59・5％fortheSDmodel・Theproposed

HMM－SHN（JL），COmpOSedoftheHMM－SNandtheacoustictranSfe．rfunctionHMM，

izICreaBeStherec甲itionrateby67・2％fortheSDmodel・Ohtheotherhand・the
recpgnitionratewiththematchedconditionis89・7％，WherethcphonemeHMMis

tminedusing2620wordswhicharesimulatedbythelinearconvolutionofthespeech

coTpuSandthemea8uredtran8ferfunction（180msecimpulseresponse），fo1lowedby

theadditionofthenoisedata．CompaJingthisresultwiththatofthecomposedHMM，

HMM－SHN（lL），itshowBadiffbrenceinpeふmanceof22・5％・

5．2．2　Results fbr tTnknownPositions

Theperformanceoftheproposedmethodisevaluatedonunkn0wnpOSitionsofthe

testingspeaker・The丘vepositions〉hl〉・‥）h5）areuSedforthemodelcomposition・

Thcotherfourpositions，Pl，・，・7P4）areuSedfortherecognitiontest5・Figure5・7shows

thecepstraldistancebetweenthckn0wn－trainingpositionsandtheunknown．testing

positions．Thecepstraldistance，d，isgivenby

d＝鵬世叫（…te8t）（J）｝2，
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Figure5．7：Cepstraldistancebetweenknown－trainingpositionsandunkn0wn－teSting

po5itions

whereJisthecepstralorder・Next，h（t血）（j）isthej－thcep＄tralco甲Cientforthe
known－trainingposition，andp（ted）（j）isthej－thcepstralcoe伍cientfortheunknown－

testingposition．Forexample，thetrainingposition，h2，istheclosestpositionforthe

testingposition，p2，inthecepstraldomain・

Table5Ashowsword－reCOgmitionrateswiththespeaker－dependentmodelforthe

known－tminingpositionsandtheunknownTtt！Stingpositionsonaverage・Theword－

recognition ratesforthcknown－trainingpositionsarethe same ratesintable5・2・

Therecognitionra．te8WiththeHMM－SH（p）fortheknown－trainingpositionsandthe

unknown－teStingpositionsare87．2％and86．皇％，reSpeCtively．Itisconfirmedthatthe

degradationbetweenthetminingsoundsourceposition＄a皿dthetestingsoundsource

positionsi＄relativelysmal1forallcomposedHMMs．Thi＄isbecausethe cepstral

distancebetweenantestingpositionandtheclosesttrainingpositionisnotsofaras

Sl10Wnin丘gure5・7・

Figure5．8showstherecognitionratesforanunknowntestingposition，P2，byusing

theacollStictransferfunctionofeachtminingposition，hl，．．リh5，andalsoshowsthe

cepstraldistancebetweenthete8tiI唱pOSition，p2，aIldeachtrainlngpOSition，hl，‥リ

h5．Thisfigureindicatestheclosestpositionresultsinthebestperformance，86・2％・

AsthecepstraldistadlCeislonger，therecognitionratewilldegrade・Inthecaseofthe
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trainingpo＄ition，hl，therecognitionrateisdecreaBedto82・6％・

This負gurealso8howsperformanCedifrbrencebetweenanacoustictransftrfunction

HMMofthecloscstpositiona・ndanergodicHMMofthea£OuStictransferfunction

（sh。Wnintabl。5．4）isquitesmal1．Becausetふedecodedpathbyusingtheergodic

HMMfindstheoptimalcombinationoftheacoustictransftrfunctionHMMandthe

CleanSpeedlHMM．

Thble5．4‥Word－reCOgnitionrates【％】forknown／unknownpositions

Model HMM－S HMM－SH（p）・HMM－SH（p，E）

AcotLSticcompensation x x　　0　　0　　0　　0

known unknown known11nknown known11nknown
Distortedspeech

78．5　　77．8　　87．2　　86．2．　84．0　　83．7
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Figure5・9：Word十reCOgnitionratesinreverberantenVironment

5．3　EvaluationofHMMDecomposition

ThissectiondescribestheperformanCeOftheHMMcompositionanddecomposition

methodson distant－talking＄PeeCh．The modelparametersoftheacoustictransfer

functionareestimaLtedbymaximizlnglikelihoodofadaptationdata11tteredfroman

unknownposition．

5．3．1　Resultsin Simulated Environment

Inthissection，thespeechcorporaareprocessedbylinearconvolutionofcleanspeech

andanimpulseresponsewhichismeaBuredinananeChoicroomtocompensatefor

theinfhenceofthelo11dspeaker’scllaraCteristics．Theloudspeakeruscdinthiswork

isJBLContro15Pl11S．Next，thespeechisprocessedbylineaJCOnVOl11tionofimpulse

responseswhicharemeasuredinfigure5．1．

Figure5．9showstheSDexperiment resultsavera・ged overpl，・・，p4by11Slng

di鮎rentamountSOfadaptationdata．TherecognitionratewithinitialHMMs（clean

speechHMMs）is88・1％・ByusingtheHMMcompoBitionanddecompositionmethods，
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theperformance，“Decom，（Mean）”，isimprovedto91・8％withlOadaptationwords・

Finally，apPlyingtheHMMdecompositionmethodtoboththemeanVeCtOrandthe

covariancematrix，“Decom．（Mcan，Cov．）”increasestheperformance・byaboutl％・

Theseresultsshowthee鮎ctivenessoftheestimatedcovariancematrixoftheaco11Stic

trans鮎rhnction．

Figure5・9alsoshowstherecognitionrateinthecaseoftheknownacoustictranSfer

function，Wherethemodelparametersofthea£OuStictranSferfunctionareestimatcd

aJCCOrdingtoequation（5・1）and（5・2）・Therecognitionrateinthecaseoftheknown

ac。一1Stictransfbrfunctionis92．8％．TlleSereSultsshowthat thereisessential1yno

differencebetweentheknownaco118tictransfbrfunctionandtheestimatedaco11Stic

trans鮎rfunction．

IntheCMN－basedte5tingcase，thepllOnemeHMMsaretrainedusingtheCMN－

processedcleanspeechdata・Bysubtractingeachcepstralmeanvaluefromeachtesting

data，therecognitionrateis80・7％・Theexperimentalresultsclearlyshowthatthe

8impleCMNteclmiqlledoesnotworkwell・Inthissimulatedexperiment，thesilence

partofthesamplesiscutoff・ThelengthofonewordisaboutO・6seconaverage・This

figureshows71nthecaBeOfthe180msecimpul＄ereSPOn＄e，itisdi瓜culttocalculate

thecepstralmeanonashorttime・

Inthecaseofthematchedcondition，theSDrecognitionrateis96・6％，Where
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Table5．5：Word－reCOgnitionrateswithlOadaptationwordsatvario11SSNRs
Models HMM－S IIMM－SN Decom．（Mean）Matcbed．HMMs

Noisecompen5乱tion x　　　　0　　　　　0

Acousticcompensation x x O

OdB　　　　　　　7．8％　　　81．6％　　　　82．5％　　　　　　8臥2％

5dB　　　　　　　35．6％　　　86．8％　　　　86．8％

10dB　　　　　　　59．8％　　　90．4％　　　　90．8％

15dB　　　　　　　76．4％　　　90．4％　　　　92．5％

20dB　　　　　　82．8％　　　90．6％　　　　92．7％　　　　　96．4％

eachphonemeHMMi8trainedusingacoustical1y－distortedspeech・Comparlngthis

resultwiththatofthecomposedHMM，Decom．（Mean，Cov・），itshowsadilferencein

performanCeOf3．3％．

Figure5・10showstheconvergencepropertyoftheHMMdecompositionmethod

intheSDmodel．Thenumberoftheadaptationwordsisone，tWO，three，four，丘ve，

tenandfiftyinthcplace，pl・Thelabelofl－WOrdis／ikioi／，andthelabel／Of2－WOrd

is／omoshiroi／，andsoon・Theotherinformationoftheadaptationwordsarelisted

i皿AppendixB・Inthisfigure？thelog－1ikelihoodofeachadaptationwordversusthe

nunberofiterationsinEMalgorithmisplotted．Theresultshowsthatthreeorfour

iterationsseemeno11gh．

Final1y，therecognitionratesatvaJiousSNRBareShownintable5・5，Wherethe

computer－nOisesignalisaddedtotheaco11Stically－distortedspeechsignal）forpl？at

vaJiollSSNRB，OdB，5dB，10dB，15dBand20dB・Table5・5showstherecognition

rateswithlOadaptationwordsateachSNR．InthecaseofSNROdB，therecogAition

ratewiththecleanspeechHMMs（HMM－S）is7．8％．Therecognitionratewiththe

compositionHMMs（HMM－SN）ofthespeechHMMsandthenoiseHMMis81・6％・

ApplyingtheHMMcompositionanddecompositionmethodstonoisyanda云oustical1y－

distortedspeech，“Decom．（Mean）”，increasestheperformancebyaboutl・0％，Where

themeanVeCtOrOftheacoustictransfbrfunction HMMisestimatedandcomposed．

Also，inthecaseofSNR20dB，therecognitionrateisimproved丘om82・8％to92・7％・

TherecognitionratewiththeふatchedHMMsis88．2％atSNROdB，and96．4％at

SNR20dB．hcomparisonwithtlleperformanceofthematchedHMMs，thedilkrence

is5．7％atSNROdB，and3．7％atSNR20dB．TheperformanceatSNROdBisslightly
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lowerthantheperformanceatSNR20dB・

5．3．2　ResultsinRealEnvlrOnment

Recognitionresultsforrealdistant－talkingspeechareshowninfigure5・11andfigure

5．12．TherecognitionratewithinitialHMMs（cleanspeechHMMs）is77・2％forthe

SDmodel，and54・4％fortheSImodel・TherecognitionratewithcomposedHMMsof

cleanspeechHMMsandnoise＝MMis87・5％fortheSDmodel，and61・5％fortheSI

model．

ByapplyingtheHMMdecompositionmethodtoonlythemeanvector，HDecom・

（Mean）”，therecognitionratewithlOadaptationwords阜Simprovedto90・5％forthe

SDmodel，and64．9％fortheSImodel・Then，applying・theHMMdecomposition

meth。dt。boththcmeanvectorandthecovariancehatrix，“Decom．（Mean，Cov・）”，

increasestheperformanCetO91・2％fortheSDmodel，and66・2％fortheSImodel・
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Theseresult8Showtheef艶ctivenessoftheestimatedcovariancematrixoftlle・aCO11Stic

transferfunction・SomeadaptationdatacaモSeaSmalldecreaBeinrecognitionrate・

Thi8isbecausetherei8amismatchbetwecnthesomeadaptationdataandthetesting

data．

Therecognitionrateinthecaseoftheknownacpustictransferfunctionis92・2％

fortheSDmodel，and67．8％fortheSImodel．These／recognitionresultsshowthat

theperformanceoftheHMMcompositionanddecompo＄itionmethodsisclosetothat

ofthecaseoftheknownacotlStictransferfunctionasthen11mberofadaptationdata

increases．Final1y，inthecaBeOfthematchedcondition，theSDandtheSIrecognition

rates are96．4％and70．7％，Whereeach phoneme HMMis trained11Singsimlllated

distant－talkingspeech．
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5．4　EvaluationonSpeechRecognitionofDistant

MovingTblker

ThissectiondescribestheperformanCeOftheHMMcompositionanddecomposition

methodsonspeechrecognitionofadistantmovlngtalker・SpeechofthedistantmOVlng

talkcrisrecognizedbyuslnganergOdic－HMMofacoustictransferfunctions・Each

stateoftheergodic－HMMofacoustictransferfunctionscorrespondstoaposition

ofsoundsources，Whereal1transitionsamongstatesarepermitted・Therefore）the

proposedergodic－HMMofacou＄tictranSferfunctionsisabletotracethepositionof

soundso11rCeS．

5．4．1　ExperimentalConditions

Recognitionexperimentsareconductedtoevaluatetheefrectivenessofanergodic－

HMMofacou＄tictransfもrfunctionsonspeechrecognitionofthedistantmovingtalker・

Figure5・13showstherecordingconditionof8peeChofthedistantmovingtalker・One

maleiswalkingfromHStartingposition卵shownin負gure5・13・Hespeaks31sentences

whilemovlng・Onesentenceisusedforadaptation・Distant－talkingspeechwithout

movlngisalsorecorded・Thepositionofsoundsourcesisgl，g2andg3showninfigurc

5・13・Figure5・14showstheestimatedcepstralcoe鍋cientBOfacoustictransferhlnCtions

5m80

Table
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⊂〉

N

已

［：：コ
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POSition

・P・

ヨ
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Figure5・13：Recordingconditionofspeechofadistantmovingtalker
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Fig11re5．14：Estimatedcepstralcoe侃cientsofaco11StictranSferfunctions

atgl，g2andg3．

Wechose55context－independentphoneme8aSCleanspeedl11nits．Eachphoneme

ismodeled byasinglcleft－tO－right3－Statetied－mixtureHMMwith3selトtranSition

loopsandwithoutstateskipping．Sixteenmel－frequencycepstralcoe伍cients（MFCC）

withtheirfirstorderdiffbrentials（△MFCC），andfirstord6rdi鮎rentialsofnormalized

logarithmicenergy（△po☆er）arecalculatedaBahobservationvectorofeachframe・

Thercare256GallSSianmixt11reCOmPOnentSwithdiagonalcovariancematrices8hared

byallofthemodelsforMFCCand△MFCC，reSPeCtively・Thereare128Gaussian

miⅩtureCOmpOnentSShaxedbyallofthemodelsfor△power・OnlythemeanVeCtOris

estima．tedforanaco11StictranSferfunctioninthisexperiment．

ThephraBereCOgnitionexperimentiscamiedout11SlngCOntinuoussentencespeech，

Wherethesentenceincludes6～7phrasesonaverage・Thistaskis306phraseswitha

phraseperplexityof306．Phraseacc11raCyiscalc111atedby

Accmy＝〃‾㌔テ‾∫×100，

WhereNisthetotalnumberofphrases，Disthen11mberofdeletions，Sisthenumber

OfsubstitutionsandZisthenumberofinsertions．Thephraseaccuracyforclose－talking

speechofthetestingtalkeriB9D．4％．

Thepointstobeinvestigatedaretheperformanceof

●paral1elmodelsofaco11Stictransfbrfunctions；
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ComposedHMMsforeachacoustictranSferfunctionareseparatelyset・

LikelihoodscoresforeachcomposedHMMsarecalculated，andthen

composed■HMMshavingmaximumlikelihoodareselected・・

amd

●ergOdicmodelsofacoustictransfbrfunctions・

5．4．2　ResllltsforSpeechofDistantMovingTalker

Table5．6showstheaveragephraseaccuracy［％】fordistant－talkingspe？Chwithout

moving．Thephraseaccuracywiththeclean＄PeeChHMM＄is69・5％・Next，WeCOmpOSe

thecleanspeechHMMsandeaLChacoustictransferfunctionHMM）gl〉g2andg3・

TheperformanCeOfthepara・llelmodels〉WherecomposedHMMshavingmaximum

likelihoodareselected，is76．5％onaverage．TheperfbrmanCeOfthecomposedergodic－

HMMs（showninfigure5・15）is75・5％onaverage・CompaJingthisresultwiththat

oftheparallelmodel，adi魚汀enCeinperformanceofl・0％isshown・Thisisbecau＄e

alltranSitionprobabilitiesofacoustictransferfunctionsintheergodic－HMMareset

equal1y，andawrongpathmightbechosen・

Initialstate

／
囚　　a b c　　田

PboIlemeHMM

gl

g2　　　　g3

Aく：OuStictrans托r

鮎nctionWM

因

，朗トー叫鋸舅トー叫印

Anexampleofcomposed

ergodicphonemeHMM

Figure5・15：AnexampleofacomposedHMMinexperimentsofadistantmOVlng
talker
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T乱ble5・6‥PhraBeaCCuraCy［％】fordistant－talkingspeechwithoutmoving

Models gl g2　　　g3　　Average

CleanSpeeChHMMs　　　58．1　　72．6　　77．7　　69．5

PaJallelmodels　　　　　67．0　　　76．3　　　86．1　　　76．5

Ergodic－HMMs（gl，g2，g3）　66．1■　　73．5　　87．0　　75．5

Ta・ble5・7‥Phraseavccuracy［％］forspeechofadistantmOVingtalker

Models Phra＄eaCC11raCy

CleanSpeeChHMMs

Parallelmodels

Ergodic－HMMs（gl，g2，g3）

Ergodic－HMMs（gl，g2）

Ergodic－HMMs（gl，g3）

Ergodic－HMMs（g2，g3）

63．3

76．7

82．3

78．6

76．3

80．0

Table5．7showstheaveragephraseaccuracy［％］forspeechrecognitionofthedistant

movingtalker．ThephraseaccuracywithcleanSpeeChHMM8is63．3％．＿Theperfor－

manceoftheparal1elmodels，WherecomposedHMMshavingmaximumlikelihoodare

selected，is76．7％．Theperformancewiththeergodic－HMMsofacoustictransferfunc－

tionsat gl，g2and g3isimprovedto82．3％．Theseexperimentalresultsshowthe

eEbctivene8SOftheergodic－HMM5forspeechrecognitionofthedistantmovingtalker．

5．5　Summary

ThischapterhasinvestigatedtheperformanceoftheHMMcompositionanddecompo－

Sitionmethodsondistant－talkingspeech，Wherethelolldspeakerissetatadistanceof

about2．5m．TlleHMMdecompositionmethodenablestoestimatetheparametersof

thcacoustictranSferfunctionHMMnot丘omonemeasuredimplllseresponsesbutby

usingadaptationspeedlfromanunknownuserposition．Theresultsaresummarized

asfbllows：
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●EvaluationonsimulaLteddistant－talkingspeechatvariousSNRB，

Theproposedmethodimprovestherecognitionratesfornoisyandacoustical1y－

distortedspeechatvariousSNR5〉Wherethecomputer－nOiseslgnalisaddedto

theacoustically－distortedspeechsignal・Intable5・5）therecognitionrateswith

lOadaptationwordsateachSNRareshownforthespeakerdependentmodel・

InthecaseofSNROdB，therecognitionratewiththecleanspeechHMMsis

7．8％．TllereCOgnitionratewiththecompositionHMMsofthespeechHMMsa血d

thenoiseHMMis81．6％．ApplyingtheHMMcompositionanddecomposition

methodstonoisyandacoustical1y－distortedspeech？increasestheperformanCe

byaboutl．0％，WherethemeanvectoroftheacoustictransfbrfunctionHMMis

estimatedandcomposed．

●Evaluationonrealdistant－talkingspeech，

TheproposedmethodimprovestherecognitionratesfortheSDmodelandthe

SImodel・Infigure5・11and£gure5・12IreCOgnitionresultsarcshownforthe

speakerdependent（SD）andthcspeakerindependent（SI）model・Therecognition

ratewithcleanSpeeChHMMsis77．2％fortheSDmodel，and54・4％fortheSI

model・TherecognitionratewithcomposedHMMsofcleanSpeeChHMMsand

noiseHMMis87．5％fortheSDmodel，and61．5％fortheSImodel・Applying

theHMMcompositionanddecompositionmethodstotherealdistant－talking

＄peeCh，therecognitionratewithlOadaptationwordsisimprovedto90・5％for

theSDmodel，and64．9％fortheSImodel，WherethemeanVeCtOrOftheacoustic

transferfunctionHMMisestimateda正dcomposed．

Then，

●applyingtheHMMdecompositionmethodtoboththemeanvectorandt■heco－

variancema．trixoftheacoustictransferfunctionHMM，increasestheperformanCe

to91．2％fortheSDmodel，and66．2％fortheSImodel．

Theexperimentalre＄ultsshowthattheproposedmethodcanimprove七hedistant－

talkingspeechrecognitionperformanCeincomparisonwiththatofusingaspeech

recognizercomposedofthecleanspeechHMMsandthenoiseHMM（from87・5％to

91．2％fortheSDmodel，from61．5％to66．2％fortheSImodel）・Theseresultsalso

showthat the covarianCematrixofthe acoustic transferfunction estimated bythe

HMMdecompositionise鮎ctivetocompensatefortheinAuenceofthelonglmpulse
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response．However，inthematchedcondition，theSDandtheSIrecognitionratesare

96．4％and70．7％，WhereeachphonemeHMMistrainedusingsimulateddistant－talking

speech．TheperformAnceoftheproposedmcthodissmal1incompariso11Withthatof

thcmatchedcondition．Therefore，thefurtherimprovementoftheHMMadaptation

methodwouldbenecessary．

ThischapterhasalsoinvestigatedtheperformanceoftheHMMcompositionand

decompositionmethodsonspeechrecognitionofthedistantmovingtalker・Speech

Ofdistantmovingtalkerisrecognizedby11SlnganergOdic－HMM・Ofacoustictransfer

functions．Each8tateOftheergodic－HMMofacoustictransferfunctionscorresponds

toapositionofsoundsollrCeS，Whereal1transition＄amOngStateSarepermitted・The

resultsareBummaJizedasfo1low：

●TheperformanCeOftheparallelmodcIs，WherecomposedHMMshavingmaxi－

mumlikelihoodareselected，i876．7％．Ontheotherhand，theperformancewith

theergodic－HMMsofaLCOuStictransferfunctionsis＝improvedto82・3％・These

experimentalresultsshowthattheergodic－HMMcanimprovethespeechrecog－

nitionperformanCeOfthedistantmovingtdker・

63



Chapter6

TelephoneSpeechRecognition

Therehavebeenmany＄tudiesthat dealwithconvol11tionaldistortionintelephone

speechrecognition・Formorewidespreaduseoftelephonespeechrecogmition）Studies

todealwithadditivenoise andconvol11tionaldistortion should be made．Recently，

sincecordlesstelephonehandsetsaRealso11Sed，thereistheproblemofthedi鮎rence

betweenordinaryanalogtelephonehandsetsandcordlesstelephonehandsets・

TIlepreViouschapterdescribe8theperformanceoftheHMMcompositionandde－

compositionmethodsontherealdistant－talkingspeech〉Wherespeechiscontaminated

notonlybyadditivenoisebutalsobyanacou＄tictranSftrfunction・TheHMMcompo－

sitionanddecompositionmethodsareabletoapplytonotonlydistant－talkingspeech

butalsototelcphonespeech・Thischapterexploresthecaseofashorterimpulsere－

sponse，telephonespeechrecognition・Therccognitionexperimentshowstheproblem

ofcordlesstelephonehandset＄，andshow＄thattheHMMcompositionanddecompo－

sitionmethodsisabletoimprovetheperformanCe．Otherteclmiquesfortelephonc

speechrecognitionhawebeenreportedin［30，59，64，75，79］・

The telephone speechdatafor evaluation are recorded usinglO kinds ofordi－

naryanalogtelephonehandsetsandcordlesstelephonehandsetsinasoundproofroom

thougbtIlepⅦblictelephonenetwo止誠5bownin五卯re6・1・

6．1　TblephoneSpeechData

Figure6・1showstherecordingconditionofthetelephonespeech・UtteranCCSたom

60speakersintheASJ（Acou8ticalSocietyofJapan）continuousspeechdatabaseare

outputtedthro11ghamouthsimulator，andinpllttedintolOkindsofordinaryanalog
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Figure6．1：Recordingconditionoftelcphonespeech

telephonehandsetsandcordlesstelephonehandsetsinthesoundproofroom・Then，

theirspeechi8reCOrdedthroughthep11blictelephoJlenetWOrk・Tenkindsoftelephone

hand8et8aJ・eCANON（CF－HICL），KENWOOD（IS－W757），NEC（Speax23CL），NTT

（CP－D40），PANASONIC（Ⅴ払D67L－K），PIONEER（TF－JP50），SANYO（TEL－L710），

SHARP（CJ－H7－B），SONY（SPP－A600）andVICTOR（TN－DJl－B）・EAchtelephone

haLndset consistsofan ordinary analogtelephonehandsetandacordle∬telephone

出血dset．

Figure6・2showsthelog－POWerSpeCtrumOfthecleanSpeeChandthetelephone

speech，Whidlaredigitizedatan8k馳samplingrate・hthecaseofthespeech

throughcordle∬telephonehandsets，thespectralshapeover3kHzi8distorted・The
SNRBOfordinaRyanalogtelephonehandsetsandcordlesstelephonehandsetsare25・1

dBand20．3dB，reBPeCtively．TheirSNRsarecalculatedby

∫八7ト～101吼0圭童謡，

whereo（i）andn（f）denotetheobservedspeechandthenoiseattimel，reS匹Ctivdy・

Next，tandmarethenumberoftotalfiamesofspeechdataandthenumberoftotal

なamesofnoi8edata，reSPeCtively．Theproblemsofcordlesstelephonehandmtsare

引山nⅡほげiヱeda占払uows：

●Theband－widthbecome8narrOWincompansonwithordinaryanalogtelephone

handsets．

●Noiseanddistortioncausedbyawirelesssystemareaddedtospeech．
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Figure6．2：I．og－pOWerSPeCtrum／u／ofcleanSPeeChandtelephonespeech

●Acordlesstelephonehandsethasascramble－functionwhichcausesdistortion・
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Figurc6．3：Environmentmodelfortelephonespeech

6．2　HMMDecompositiononTblephoneSpeech

Thissectiondescribe8theHMMdecompositionontelephonespeedl・Figure6・3shows

anenVironmentmodelforthetelephonespeech．TheobservedspeechO（LJ；m）isrep－

resentedby

O（叫m）＝（g（叫m）＋叫郎）（叫m）ト叫叫m）＋叫甜）（叫m）・ガ′（叫m）

＝　g（叫m）・ガ（叫m）＋Ⅳ（叫m），

wIlere

Ⅳ（叫m）＝叫叫（叫m）・叫叫m）＋叫甜）（叫m）・ガ′（叫m）・

S（u；m），N（BG）（叫m），N（CH）（叫m），andN（u；m）denotethecleanspeech，theback－

gTOundnoise，thechannelnoiseandtheobservednoiseatframemandfrequencyw，

respectively．H（叫m）andHl（u；m）aretran亀ftrfunctio皿S・Accordingly，a・COmPOSed

HMMoftheobservedspeechinthelinear－SpeCtraldomaini8repreSentedby

入夕糾Ⅳ＝取p（Cos（入β叩⑳入仇叩））⑳入Ⅳ“れ，　　　　（6・1）

where入and⑳denoteasetofmodelparametersandamodelcompositionprocedllre，

respectively．ExpandCosadtetheexponentialtransformOfthedistriblltionfunction

andthecosinetransformofthedistriblltionfunction，reSpeCtively．Accordingtoeq11a－

tion（6．1），theestimationequationofthetraLnSferfunction HMMiswritteninthe

cepstraldomainaBfollows

入∬叩＝Cos‾1（Logい甜＋勅nO入札、））0入∫叩，　　　（6・2）

Wherecepandlindenotethecepstraldomainandthelinear－＄PeCtraldomain，reSpeC－

tively．Next，edcnotesamodeldecompositionprocedure・Final1y，Cos－1andLogare
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theinvcrsecosinetransformofthedistributionfunctionandthelogarithmtranSformOf

thedistributionfunction，reSpeCtively．Equation（6．2）showsthattheHMMdecompo－

sitionmethodisappliedtwiceinthelinear－SPeCtraldomainandinthecepstraldomain

toestimatethetransfbrfunctionHMM．First，theHMMdecompositionmethodisap－

pliedinthelineaJ－SpeCtraldomaintoestimatethetelephonespeechHMM＄Whichare

鉦eeffomtheinAllenCeOfnoise．TheobtainedtelephonespeechHMMsareconverted

tothecepstraldomain・Then？theHMMdecompositionmethodisappliedagainto

estimatethetransfbrfunctionHMM．

6．3　ExperimentsandResults

6．3．1ExperimentalConditions

Theexperimentisconductedonthetelephonespeechdatawhichwedescribedin

secti。n6．1．Abo11t7500sentences血om25male＄and25femalesarellSedforthe

training・Fivemalesand丘vefemalesforthetestingarenotusedinthetraiming・Each

testingspeakeruttersonlyonesentenceforadaptationforeachhandset・

Wechose55contextindependentphonemes．asthecleanspeechunits・Eachphoneme

ismodeledbyasingleleft－tO－right3－Statetied－mixtureHMMwith3self，tranSition

l。9pSandwith。utState＄kipping．Sixteeふmei－ffequencycepstralcoefRcients（MFCC）

withtheirfirstorderdiGerentials（△MFCC），andthefirstorderdi肋ent呵Sfornor－

malizedlogaritlmicenergy（△power）arecal！ulatedastheobservationvectorforeach

血ame．Thereare256GaussianmixturecomponentswithdiagonalcovarianCematrices

sharedbyallofthemodelsforMFCCand△MFCC†reSpeCtively・Thereare64Gaus－

Thble6．1：Totaln11mberofphraBeSintestingset

Nameofsllbset a b c d e f g h i J

Tbtalnumberofpbra5eS‖306　331327　359　327　366　358　306　292　261

N11mberofpllraβeS

brone sentence
6　　7　　7　　7　　7　　8　　7　　6　　6　　5

Numberofphonemes

払ronepllraSe
8　　7　　8　　7　　7　　7　　7　　7　　7　　7
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Table6．2：Detai1＄Oftestingset．Fivemales（m）and且vefemales（f）areused・

Spcakerfortesting Subset

mO㈹1（m）　　a h

t引正和03（m）　　a

m山0叩2（m）　　a

最tO川2（m）　　a

b

l

d

C

J

∽nO001（m）　　a f g

dlOO8（f）　　　a

mecl川1（f）　　a

f

J

e

b

etllOO2（f）　　　a C d

血alOO2（f）　　a

toslOOl（f）　　a

h

l

g

h

siaAmixttLreCOmPOnCntSSharedbyallofthemodelsfor△power・AsingleGaussian

isemployedtomodelthenoiseandthetransferfunction・OnlythemeanVeCtOris

e8timatedforthetrans良一functioninthisexperiment：

ThephraLSereCOgnitionexperimentiscamido11tuSingcontinuoussentencesp6ech・

Eachsentenceincludes6～7phrase＄OnaVerage．hthi＄taSk，theASJdatabaseis

dividedintolOsubsets．EaJChsubsetconsistsof50sentences，eXCePtOneSubsetwhich

consistsof53sentences．Onetypicalsubsetofthistaskis323phraseswithaphrase

perplexityof3230naVerage・Tゝble6・1showsthetotalnumberofphrasesindetail・

Eachspeakeruttersthreesub8etSthroughonetelephonehandsetasshownintable6・2・

Pha朗誠maWkdc山atedby

Acmaw＝

Ⅳ－上）－∫－∫

Ⅳ
×100，

whereNisthetotalnumberofphrases，Disthenumberofdeletions，Sisthenumber

ofsubstit11tionsandZisthenumberofinsertions．

6．3．2　ExperimentalResults

Tbepoh血＝bbeinⅥ融短atedare
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●improvementofrecognitionratebytheHMMcompositionanddecomposition

methods，

●COmparisonwithcepstralmeannormalizaiion（CMN），

and

●COmparisonwithmatchedcondition・

Thble6．3andtable6．4showtheaveragephraseaccllraCy［％】forlOkindsofordinary

analogtclephonehandsetsandcordlesstelephonehandsets〉reSpeCtively・Thephrase

aL：CuraCywiththecleanHMMs（indicatedasHMM－S）i＄79・2％forthecleanspeech・

Thetelephonespeech，however，decreasesthephraseaccuracyt？60・9％forordinary

analogtelephonehandsets，and19・6％forcordlesstelephonehandsets・

ThephraBeaCCuraCyWiththeHMM－SN）COmpOSedoftheHMM－Sandthenoise

HMM，isimprovedto70．1％forordinaryanalogtelephonehandsets，and30・3％for

cordlesstelephonehandsets・ByapplyingtheHMMdecompositionmethodtwiceinthe

linear－8PeCtraldomainandinthecepstraldomain〉HMM－SHN）thephraseaccuracy

isimprovedfrom60．9％to78．1％forordinaryanalogtelephonehandsets，amdfrom

19．6％to50．5％forcordlesstelephone‾handsetswithoneadaptationsentence・

Table6．3andtable6．4alsoincl11dethe・乱VeragephraBeaCCuraCyforlOkindsof

thetelephonehandBetSinthematchedcondition・ThephonemeHMMs）HMM－TELE

（ordinarytele・）aretrainedusingthespeechdatathrough10kindsofordinaryanalog
telephonehandsets．ThephonemeHMMs，BMM－TELE（cordlesstele・），aretrained

uslngthespeedldatathrough10kindsofcordlesstelephonehandsets・Thephoneme

HMMs，HMM－TELE（ordinaryandcordless），aretrainedusingthespeechdatathrough

10kind80fordinaryamalogtelephonehaIldsetsandcordlesstelcphonehandsets・The

phraseaccuracywiththeHMM－TELE（ordinarytele・）is77・7％forordinaryanalog

telephonehandsets．ThephraseaccuracywiththeHMM－TELE（cordlesstele・）is

61．0％forcordlesstelephonehandsets．Ontheotherhand，thephraLSeaCCtlraCyWith

theHMM－TELE（ordinaryandcordless）isdecreasedto72・7％forordinaryanalog

telephonehandsetB，and60．5％forcordles＄telephonehandsets・Thi＄iscausedby

thcmismatchedconditionbetweenordinaryanalogtelephonehandsetsandcordless

telepl10nebandsets・

Table6．5show8theavera＄ephraseaccuracywithCMN・IntheCMN－basedtestihg

case，thephonemeHMMsaretrainedusingtheCMN－prOCeSSedclean＄PeeChdata・
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1もble6．3：Phraseaccuracy［％】forlOordinaryanalogtelepllOnehandscts

Models compenSation compensation Phraseaccuracy

HMM－S

CMN

HMM－SH

MM＿SN

HMM－SHN

×

×

×

0

0

60．9

74．7

6臥6

70．1

78．1

×

0

0

×

○

HMM－TELE

（ordh町ytde・）
77．7

HMM－TELE（o一心－

naⅣ弧dco一朗e∬）
72．7

Tゝble6．4：Phraseaccuracy％】forlOcordlesstelephonehand8etS

Model＄　　compensation・COmpenSation Phraseaccuraq

HMM－S

CMN

MM－SH

HMM－SN

HMM－SHN

×

×

×

0

0

19．6

42．0

29．1

30．3

50．5

×

0

0

×

○

HMM－TELE

（co一朗e∬tde．）
61．0

HMM－TELE（or山一

n甜y弧dcor山e∬）
60．5

By8ul）traCtingeachcepstralmeanvalue丘omeachte8tingdatq，thephraseaccuracy

i＄74．7％forordinaryanalogtelephone handsets，and42．0％for cordlesstelephone

handsets．Ontheotherhand，bysubtractingthecepstralmeanofthesameadaptatioll

datatotheHMMdecompositionfromthetestingdata，thephraseaccuracyisdropped
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Table6．5：CoⅡ1parisonwithadaptationdatainCMN（ordinary／cordless）

Cepstralmean CMN

Eacbtestingdata　74・7％／42・0％

Adaptationdata　72・6％／38・6％

Table6．6：CompaJisonwithmatchedconditionforoneordinaryanalogtelephone

handset

Input HMM－S HMM－SHN（matchedhandset）

matcbedbandset　　64．5％　　　80．1％　　　　弧6％

t。72．6％forordinaryanalogtelephonehandsets，and38・6％forcordlesstelephone

handsets．ThisisdlletOthemismatchofthecepstralmeanbetweenadaptationdata

andeacbtestingdata・

Table6．6showsthecomparisonwiththematchedconditionforoneordinaryanalog

telephonehandset．InthecaseoftheHMM－TELE（matchcdhandset）whicharetrained

uslngthespeechthroughonlyonekindofordinaryanalogtelephonehand8et・the

perfbrmanCei886・6％forthesameOrdinaryanalogtelephonehandset・Inthecaseof

theHMMcompositionanddecomposition）thephraseaccuracywiththeHMM－SHN

is80．1％forthesameanalogtelephonehandsetwit‾honeadaptationsentence・These

showadiRerenceinperformanCeOf6．5％．Therefore，furtherimprovementoftheHMM

adaptationmethodwouldbenecessary・

6．4　Summary

ThischapterhaBeValuatedtheperformanceofthemodeladaptationbasedonthe

previouslyproposedHMMdecompositionmethod【92】forthetelephonespeechrecog－

nition．TheaveragephraserecognitionaccuracywiththecleanspeechHMMsis60・9％

forordinaryanalogtelephonehandsets，and19・6％forcordlesstelephonehandset8・

TheaveragephraserecognitionaccuracywiththeCMN－HMMsis74・7％forordinary
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analogtelephonehandsets，and42・0％forcordlesstelephonehandsets・・BytheHMM

decompositionmethod，theaveragephraserecognitionaccuracyisimprovedto78・1％

forordinaryanalogt■elephonehandsets，and50．5％forcordlesstelephone．handsets・

TheseresultsshowtheHMMdecompositionmethodisabletoimprovetheperfor－

mance．However，inthematchedcondition，thcaveragephraserecognitionaccuracyis

77．7％forordinaryanalogtelephomehandsets，and61．0％forcordles＄telephonehan

sets．Therefore，furtherimprovementoftheHMMadaptationmethodisnecessaryfor

cordlesstelephonespeech．
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Chapter7

Conclusions

7．1SummaryofDissertation

Themostimportantadvantageofthespeechinterhceistomakehands－freespeech

recognitionarcalityIWhereau＄erisnotencumberedwithmicrophoneequipment，and

ausercanSpeakfromadistancewhilemoving・Atpresent，however，tOadlievehigh

recognitionaccuracyIa・uSermuStbeequippedwithaclose－talkingmicrophone・Ifthe

userspeakshomadistance）therecognitionaccuracyseriouslydegradesbecauseof

theinAuenceofreverberationandenvironmentalnoise．Therefore，teClm0logyforthe

distant－talking5peeChrecognitionbecomesimportant・

Thisthesishasdetai1cdarob11StSpeeChrecognitionteclmiqueforacousticmodel

adaptationbaBedontheHMMcomposition．anddecompositionmethodsinnoisyre－

verberantenvironments，Whereauserspeaks丘omadistanceofO・5m～3・Om・The

aimoftheHMMcompositionanddecompositionmethodsistoestimatethemodel

parameterSSOaBtOadaptthemodeltoatargetenvironmentbyllSingasmal1amount

ofauser，s8peeChinnoisyreverberantenvironments・

InChapter3，theHMMcompositionalgorithmforadditivenoiseisextendedto

m。delthe acouBtic transfbrfunction ofareverberaLnt rOOm．In thi＄apprOaCh，an

HMMattemptstomodeltheacoustictraIISfbrfunction・Thestatesoftheacoustic

transfbrfunctionHMMcorrespondtodi蝕rentso11ndsourcepositions・ThisHMMcan

representthepositionofsoundsourcesIeVenifthespeakermoves・

ThisthcsishaBalsoproposedIChapter4）aneWmethodtoestimateHMMparame－

tersoftheacoustictranSferfunctionbasedontlleHMMdecomposition．Thismethod

isabletoestimatethemodelpaJameterSbyuslngObservedspeechlltteredfroman
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unknownpositionwithoutmea＄urementOfimpulseresponses・Theestimatedac6us－

tictransferfunction，thecleanspeeChHMMsandthenoiseHMMarecomposedto

rccognl盗enOISyandacoustical1y－distortedspeech・

InChapter5，SPeeChrecognitionexperimentswerecarriedouttoinvestigatethe

e鮎ctivenessoftheHMMcompositionanddecompositionmcthodsonrealdistant－

talking＄PeeChIWheretheloudspeakerissetatadistanceofabout2・5m・Theproposed

methodimprovestheword－reCOgnitionratesforthespeakerdependent（SD）model

andthespeakerindependent（SI）model・Theword－reCOgnitionratewithcleanspeech

HMMsis77．2％fortheSDmodel，and54．4％fortheSImodel．Theword－reCOgnition

ratewithcomposedHMMsofcleanspeechHMMsandnoiseHMMis87・5％forthe

SDmodel，and61．5％fortheSImodel・ApplyingtheHMMcompositionanddecom－

positionmethodstotherealdistant－talkingspeechItheword－reCOgnitionratewith

lOaLdaptationwordsisimprovedto90・5％fortheSDmodel，and64・9％fortheSI

model，WherethemeanvectoroftheacoustictradlSferfunctionHMMisestimatedand

composed・Then）applyingtheHMMdecompositionmethodtoboththemeanVeCtOr

andthecovariancematriⅩOfthea，CO11Stictransfbrfunction‾HMM，increasestheper－

formanCetO91．2％forth占SDmodel，and66．2％fortheSImodel．Itisshownthatthe

covariancematrixofthea£O11Stictransferfunctionisalsoelrectivetocompensatefor

theinAuenceoflonglmpulseresponses・However〉・inthematchedcondition）theSD

andtheSIword－reCOgnitionratesare96・4％and70・7％，WhereeachphonemeHMM

istrainedusingsimulateddistant－talkingspeech・Theperformanceoftheproposed

methodissmal1incompaJisonwiththatofthematchedcondition・Therefore）the

furtherimprovementoftheHMMadaptationmethodwouldbenecessary・Thischap－

terhasalsoinvestigatedtheperformanCeOftheHMMcompositionanddecomposition

methodsonspeechrecognitionofthedistazltmOVingtalker・Speechofdistantmovlng

talkerisrecogniヱedbyusingaJlergOdic－HMMofacoustictransferfunctions・Each

stateoftheergodic－HMMofacoustictranSferfunction＄COrreSpOndstoapositionof

soundsources，Whercal1transitionsamOngStateSarepermitted・Theperformanceof

theparallelmodelsIWherecomposedHMMshaNingmaximumlikelihoodareselected，

i876．7％．Ontheotherhand，theperformancewiththeproposedergodic－HMMsof

acoustictransferfunctionsisimprovedto82．3％．Theseexp6rimentalresultsshow

thattheergodic－HMMcanimprovethespeechrecognitionperformanCeOfthedistadlt

movi喝talker．

Chapter6hasexploredtelephonespeechrecognition・Tblephonespeechdatafor
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evaluationarerecordedusinglOkindsofordinaryanalogtelephonehandsetsandcord－

lesstelephonehandsets，inasoundproofroom，throughthepublictelephonenetwork

【94】．Theexperimen■talresult＄ShowthattheHMMdecompositionmethodisable

toimprovetheperformanCeOfthetelephonespeech・However〉furtherimprovement

wouldbenecessaryforcordlcsstelephonespeech・

′InsummaJy，theHMMcompositionanddecompositionmethodsareapplicableto

awidevarietyofadditivenoiseandconvolutionaldistortiontaBks・Wehavefocused

on血odeladaptationusingasinglemicrophoneinthispaper・Themodeladaptation，

however，Canalsobeemphasizedbyll＄ingamulti－microphone（microphonearr叩）・

Thoughtheproposedmethodhascurrentlynotachieveddistant－talkingspeechrecog－

nitiontostate－Of・the－artlevel，OneCanaChievegoodperformanCethroughextensions

oftheproposedmetIlOdinrealworldconditions・

7．2　FutureⅥわrk

Distant－talkingspeechrecognitionisanimportantresearchtopicwithgreatpotential・

TheteclmiqueproposedinthisthesishasimprovedspeechrecognitionperformanCe，

wherea．userBpeikBfromadistanCeOfO・5m～3・OminnoisyreverberantenVironments・

However，therearestillsomefundamentalproblemsthatneedtobeaddressedand

carefu11y＄tudied・Forexample）thecovarianCematriⅩOftheacoustictranSfbrhnction

HMMdealswithtIleinAuenceofthelonglmpulseresponseinthisthesis・Speech

recogtlitionperformanceisimprovedwiththismethod〉buttheelrectisnotsu蝕：ient

tocompensatefortheinfluencecompletely・

Thespectralanalysi＄forspeechrecognitionisbasedonshort－timewindowing・The

lengthofthewindowissmal1erthanthatoftheroomimpulseresponse・Ifthewindowis

su触：iently＄horterthanthatoftheimpulseresponse〉theuseofCMNwillbee鮎ctive・

However，tOmakethewindowlongerdegTadesthespeechrecognitionrateIbecause

thespectrainthewindowbecomeunstable・In【46］，theperformanCeOfspeechrecog－

nitionsystemsi8COmparedwiththeperformanceofhumanlistenersonreverberated

speech，WheresomespeechenhancementtechniquesaJeuSCd‥PLP（PerceptualLinear

Predictive）［26］，log－RASでA－PIJP（log－RelativeSpectra－PLP）［27］，andj－RASTA－PLP

【27トTheexperimentsshowthathumansareadeptatrecognizingreverberatedspeech

clearly，Whilethespeechrecognition8yStemSarenOt・Avendanoetal・［7lproposesa

multi－reSOl11tiondlannelnormalizationtechniq11eforreverberatedspeedl，Wherethere－
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verberatedspeechisrecoveredfromnarrow－bandspectrograms（long－analysiswinddw）

andwide－band8peCtrOgramS（short－analysiswindow）・WhenmorethanOneSOurCe

ofdistortionexi＄tS，e．色リbothadditiveandconvolutionaldistortions，theproblembe－

c。meSmOredi瓜Ⅲ1t．WhenthedistortionsourcesarenonTStationary，e．g．，Whenthe

speakerismovlng）SOmeaLdaptivecompensationtechniquesareneeded・Integrationof

microphonearraysandacousticmodeladaptationwi11bealsoexpected・Tbenhance

thee侃cacyandtheefrbctivenessofthecompenBation）thosetechniquesneedtobetter

characterizethedistributionofpossibledistortiontyp甲Iandtousethisdistribution

tochoosetheappropriatecompensationmodel・Weareworkingalongtheselinesof

thol増血t・
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AppendixA

TransformationofProbability

Distribution

ThischapterdescribesthetranSformationsofaprobabilitydistributionwhichareap－

pliedtocomposean＝MM・Thedistributionistheoutputprobabilitydistributionof

anHMM．ThetransformsappliedintheHMMcompositionare■asfo1low8）

●　CosinetranSform

●Exponentialtransform

●Convolutionofdistrib11tion

●Logarithmtransform

AmultivariateGaussiandiBtributionisusedingeneralfortheolltputprObabilitydis－

tribution．Therefore，thefo1lowingtransformsshouldbeappliedtothemultitariate

Gaussiandi8trib11tion．Thefo1lowingrefbrsto［56］・

A．1　CosineTransform

LetarandomvectorXbeamultivariaieGaussiandistribution．ThecosinetranSform

appliedtotheTandomvectorXcanbedescribedasfo1lows，

y＝rズ．
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E誠belementoftram払mmat血烏由venby

旬＝COS（揖－0・5）訂／Ⅳ），（0≦盲，ブ≦Ⅳ）， （A・1）

whereNisthedimen8ionofthedistrib11tion．

Asthetransformislinear，Yha＄amultivariateGaus8iandistributionwhenXhas

amultivariateGa血ndistribution．
AtransfomedmeanvectorFL＝（pl，…，PN）’andacovariancematrixEaregiven

by

〆　＝　rl▲，

j㌢　＝　Pガr，

whereldenotesthetranSpOSition．

（A・2）

（Aj）

A．2　ExponentialTransform

TheexponentialtransformappliedtoarandomvectorXcanbedescribedasfo1lows，

y＝eXp（ズ）・

NotethatYdoesnothaveamultivariateGaussiandistributionevenifXhasamul－

tivariateGaussiandistribution，Sincethetran8formisnon－unean．Rather，therandom

vectorYhasalog－nOmaldistribution，iftherandomvectorXhasamulti

nomaldistribution・AfterapplyingtheexpoモentialtransformtOX，thefirstmoment

〝；kobt由nd舶huows・

＝／両売軒癖）叩卜妄（ズー〝世（ズー〝））ば■（A・4）
Nowde丘nea．Ⅵ血blea5鮫川ows，

g＝ズー〝．

hsertingthisnotationinto（A・4），P：isobtainedasfouows，

扁＝J（2車′2e舶抽〈‾呈g′叫ズ
＝／（叫照一1′2叩（勾＋四■一芸才∑‾1z）ば，
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wllereZi∈Z．Let，8u＄defineeitOhavelforthei－thposition，

q響（00…010…0）′．

Accordingtoequation（A．5），

〝；＝／（2車β叩〈…‾喜z机〉ば
＝／（2汀）珊1′2叩〈勾＋伸一妄（（Z－∑も）′叫Z一瑚・2勾一打j盲））は

＝叩（小芋）／面戸ち甲叩卜芸（g一瑚叫g一期〉ば・

me代払托，tbe丘r如momentisgivenby

再＝叩（…晋），（吋≦Ⅳ）・

Thesecondmomento．；canbesoughtinasimi1ad．manner，

咤＝呵e叩（∬‘）e叩（∬ブ）ト呵e叩（わ】・利e叩（勺）ト

ThisrighthandsidecanberewrittenaBfollows，

（A・6）

（A・7）

叫ex両∬i）e叩（勺）】

＝J（2車画＋函〈‾芸（ズ‾躍（…〉ば

＝ノ両軍平e舶叫＋朽）ヰ芸才叫ば

＝／両軍平叩（…・柵芸才叫ば
＝J阿哲押印（勾十情＋勾＋伸

一妄（（g－鞠巧））′が（g一方（句＋勺））摘一射2勺－Jブゴーお墓ブ））ば

＝叩（…晋）叩（小警）exp㈲　　　　　　（A・8）

Accordingtoequation（A・7）andequation（A・8），thcsecondmoment咤isgivenby

屯＝パ局（e叩（J労）－1），（0≦i，メ≦〃）・　　　　（A・9）
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A．3　ConvolutionofProbabilityDistributions

ArandomvectorYisgivenby

y＝ズ1＋ズ⊃，

wherc tworandomvectors，Xland X，areindependent．Therefore，adistribution

hnctionofyisgivenby

エ叩一基）呵ち）＝エG（y－ズ1）叫ズ1），

wheredistribtltionfunctionsofXlandXユareF（Xl）andG（X2），reSPeCtively・This

iscal1edconvollltionofthedistributionfunctionFandG．IftherandomvectorsXl

aLndX）haNeamultivariateGa11SSiandistribution，theadditionofthemalsohas

mtlltivaJiateGa11SSiandistribution（calledreproducibility）・

ThetransformedmcanvectorFL：andcovarianCe咤areglVenby

〆　＝　〝．＋〝。，

ガ●　＝．∑1＋∑ユ．

（A．10）

（A．11）

In鮎t，howeverICOnVOlutionofthelog－nOrmaldi5tributionsisexecuted・Anap－

proximationisusedtoexecuteitwith払cility・Theapproximationisthatthesumof

log－nOrmal1ydistributedvariableshaBalog－nOrmaldistribution・Therefore）anerrOr

mightbeproduced．

A．4Ⅰ一OgarithmTransform

Thelogarithmtraln8formappliedtoarandomvectorXcanbedescribeda8fo1lows〉

y＝log（ズ）・

ThesamethingaBeXPOnentialtransformCanbesaidofthistransform：itisnon－1inear・

Ymusthavcamultiv打iateGa11SSiandistriblユtion．Therefore，

●aSS11methatXislog－nOrmal1ydistributed・

Then，thetransformeddistributionisamultivariateGaussiandistribution・Itsparam－

eters訂egivenby

81



再＝hg（小言log（孟＋1），

かlog（孟・1）・
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AppendixB

ListsofAdaptationDatainⅥわrd

Recognition

Inthisappendix，therAntedinformationoftheadaptationdatausedintheword－

recognitionexperimentsa代1i8ted，Where／Q／isadoubleconsonant・EadlteSting

speakeruttersl～50words（×3）asadaptationdatawhich即enOt闇edinthe

training・The8PeeChcorpusistheSet－AoftheAmJapanesespeechdatabase・

1＿WO沌　　　2－WOrd　　　3－WOrd　　4－WOrd　　　5－WOrd　　　8－WOrd　　7－WO畑

ik誠　　　omhird　止uuk叩u d扇dokoro b舶ho pokeQb　　血

＆wod　　　訃word lO－WOrd ll－WOrd　　12－WOrd　　13－WOrd　14－WOrd

s菰　　　　t印di hy血hou r匂姐　　　叫1W肌　　aⅣkeeb imagom

15＿WOrd l＆wo山　　17－WOrd　18－WOrd　　19－WOrd　　20－WOTd　　21－WOrd

wne綱島em e血eet姐　0油胤柑皿　　OmOCIla．　kimu血h最　gyuunyuu kyokutaⅣ

27－WOrd

sordeb

3もword

byoudou

41－WOrd

reNai

48－WOrd

kounyⅦu

28－WOd

dlOuetm

35－WOrd

l、・・t・ji

42－WOrd

Ⅵra引胴乱

49－WOrd

meiⅣOll

2＆word

mp辻do

3㌻word

hi出血em

4ひword

ryuⅦChou

47－W伽適

menyuu

25－WOrd

jmkyaku

32■WOrd

p扇pu

39－WOrd

yots血do
48－WOrd

n18jo

24－WOrd

虞川l止1eN

31－WOrd

nyoubu

38－WOrd

yuumOa

45－WOrd

kebyou

23－WOd

bp誠

8ひword

nakanMi

37－WOrd

myou山cu

44■WOrd

鮎eimy血

22－WOrd

ko由qk

2恥word

tenohir8

3＆word

mimbraきI血

4みword

t8ⅣoNhyo可i

5トwo山

田ryoh
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かwoTd　　　8－WOrd　　　7－WOrd

b阿山N boⅣy正　　udlim5e

12＿WOrd　　13－WOrd　■　14－WOrd

atarimae iede iraQsharu

1＿WO沌　　　2－WOrd　　　3－WOrd　　　4－WOd

iyd押　　　印由．　juM d乱Nb

＆wo山　　　針word lO－WOrd ll－WOTd

抑bieru de止ab肌　　byouniⅣ　　w鮎uremOnO

21－WOrd

kyo託t汎

28－WOrd

tsukekuw
351WOrd

beQdo

42－WOTd

wa∫i血
49－WOrd

melry011

20＿WOTd

kyuu叩O11

27－WOrd

zoNEai

34－WOrd

hyo止oN

41－WOrd

rokuoN

48－WOrd

saNmyah

19－WOrd

gyalmt扇

28＿WOrd

zeⅣsh川

33－WOrd

鮎Qk血
4かword

ryuqku組qh

47●WOd

koumyou

17－WOrd　　　18－WOd

喝○和b omowam

24－WOrd　　　2かword

sh11Q粥　　　止○血da・

31＿WOrd　　　32－WOrd

nea酢　　　bana血流

15－WOd　　18－WOrd

uy8M enemgm

22－WOrd　　　2＆word

kokor叩01　gObu血
29－WOrd　　　3♭word

dep払tO nyuⅦ嗣

3かword　　　37－WOrd　　3＆word　　　39－WOrd

mi沈bir血　　meue yuki00　yOQp8血

4㌻word　　　4小wod　　4かword　　　4かwo山

k8N山川　　　k叩u tOQkyo　　　如
50・WOd

gobyuu

7－WOrd

kareNdaa

14－WOd

Ⅶdem乱e

21．word

酢hiN

6－WOrd

megane

13－WOd

i（九梯川sui

20－WOrd

gyo闇ei

5－WOrd

hyo可山寸

12－WOrd

8p姐tO

19－WOrd

kyⅦⅦgyOu

4－WOrd

chuuou

ll－WOrd

akacbd†

1＆wod

g血中

㌻word

8uid10h

lO－WO山

一ur血r■

17－WOd

osh血d

㌻word

2ほuIγOu

8－WOd

mmnO
18＿WOrd

epmN

1－WOrd

Ⅶr叩鋸n舶h誠

8．word

d血最呼8

15－WOd

dkyⅦu

2＆word

dekigoto

さ5－WOd

poⅣp11

42－WOrd

wadbib

49－WOrd

ts扇kyuu

27－WOrd

daibubuN

34．word

pmOguraml1

4トword

roQkaa

48＿WOrd

8aNmy血

28－WOrd

召eNtd

3かword

byo血a
4小word

TyOⅥga£

47－WOd

my肌jiQku

25－WOd

Shoury血
3㌻word

hanabanaβb嵐

3払word

ryakm
48．word

koⅣny血

24－WOd

jllyjuド1－i

31－WOd

ne8age

38＿WOd

yubisaきu

4かword

soQ血oku

23－WOrd

姐kihdo

30－WOrd

nyuuJOu

37－WOrd

mochh那hi

44－WOrd

gabyou

22－WOrd

kotmte

29－WOd

tori脚u

38－WOd

my血
43－WOrd

m眠hymbaⅣ

50－WOrd

tecboll
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AppendixC

ListsofTbstingDatainⅥわrd

Recognition

Inthisappendix，therelatedinformationofthetestingdatausedintheword－reCOgnition

experimentsarelisted・Fortesting†500wordswhicharedifrtrentfromthosewords

inthetrainlngaJeuSed・Thesp寧eChcorpusistheSet－AoftheATRJapanesespeech

databa5e．

1．姐　　　　　　2．dte a．aoru　　　　　4．aki　　　　　5．aknsll11

¢・8gO　　　　　7・揖hib8　　　8・誠eru　　　　9・扇am lO・atS山

11．8teh8m8r1112．apaato　　　13．ama8u　　　14・aya5himu　　15・aJ筍ほ川yu

16．zuu　　　　　17．awaseru　　18．＆NshiN　　　19．iitsukeru　　　20．igaku

21．igi　　　　22．ikou　　　　2さ・毎i　　　　24・i5eN　　　　25・itamu

28．ichiji　　　27．icbiryuu　　28．iQ8011　　　29．itsuka　　　30・itona∬nu

31．iI18N　　　　32．iy8　　　　　33．iru　　　　　朗・iroiro　　　　35・iNsotsu

88．止扇　　　　　37．uketsuke　　　38．ushinau　　　39．u80tSuki　　40．uclligawa

41．ⅦQtoushii　42．ut8uru　　　43．ubau　　　　44．ⅥmeaW郎er1145・u∫ameShii

46．urer11　　　47，uNpaN　　　48．eiyuu　　　　49・eda　　　　　50・eri

51．eⅣ由　　　　52．eNtot8u　　53・Oite　　　　54・Ouhku　　　55・00ku

58．ok揖hii　　57．0kⅥjo11　　58．okonau　　　59．0血iire　　　弧ojiisaN

61．osoreru　　　¢2．oQto　　　　63．otoroeru　　朗・OnOOnO　　　65・Oborern

88．omote　　　87．oyobu　　　88．0Wari　　　69．kai　　　　70・kaikei

71．k痛o11　　　72．kaiteki　　73．kaiho11　　74．kaeQte　　　75・kakaeru

7¢・k8g叩aku　　77・k濾u　　　　78・k濾utok11　79・kagu　　　　鮒・kakeru

飢・k昭0　　　　82・ka5hikiri　83・ka8Ⅵ　　　　弘bta　　　　85・katamari

鍋．bqki　　　87．k8tSu阿ku　　88．kanaeru　　　89・kane　　　　90・kめuseru

91．kami　　　92．k町ui　　　93．karini　　　94．k訂Ⅳ鋸g町Ⅶ　　95・kaⅣ
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弧hNgei　97・kaNshou　　98・k孔明iru　　99・kaNtaN lOO・kaNbeN

101．g鮎8Ⅶru lO2・gaku＄ei lO3・gaQki lO4・g孔明itsu lO5・kioN

108．kigaru lO7・kikeN l凪kish8　　109・bzukⅥ　110・btai

111．kiQpu l12・kinou l13・bmari l14・kiyaku l15・kymユSho

118．ky血kai l17・kyou肌　118・kyoⅦmi l19・kyoneN l犯kiri

121．kire　　　122．hNko　　12さ・kiNniku　124・gi5hiki　125・gyO叩

1犯ku　　　127．kuⅦSOu　　128．ku＄扇　　129・kujou　　130・kuda

ほ：Lkuchou　　132．h止川　　133．kumori　134・kurayami135・kure

188．kuwawaru　137・guNkaⅣ　138・keikah　139・keishiki l弧keibi

141．kesh。u　142．keQkyoku　143．keQtei　144・kemui　145・keNka

1仏kモ叫itsu　147・keNmei148・ge虞mku　149・geNeki　150・geN血ku

151・geNtei　152・koi　　153・加eN　154・koukyuu　155・kougeN
158．k。ⅦZ8N　157．koujoⅦ　　158．kousoku　159・koⅦdou l弧ko山1yOⅦ

181．山川mOkⅥ　1¢2．koe l弧kokugo　164・kokumiⅣ　185・koko叩01

1弧kojit8ukeru187・k00Ou l隠koQbi　189・kotei　170・kotod

171．konogoro　172・koma誠　173・koraeru　174・kowai　175・koNshuu

178．koN沖　177・gOudou　178・gO5dma8u179・Sa　　　180・閉山血0

181．s由nou　　182．saem　　183・Sakarau　184・5aku　　185・Sakub止N

18¢．さagem　187・S舶bisaw訂i188・S誠uru　189・Saqkyoku190・Sa血batsu

191，S姐bi8u　192．汎mui　193・S肌　　　194・SaNkah　195・SaNso

1弧望扇saⅣ　　197．zatsuoN　198・Shi　　199・Shio　　　200・Shik血i

201．sh鮎8扇　　202．血i如jiru　203．sbikori　204・Sb帥Ⅶ　　205・血izeN

208．＄ut8血ii　207．shiQ＄0　　208．血itsubou　209・血inaglre1210・■sbihamu

21l．shihotL　　212．Bhimatsu　213・5himekiri　214・Shku　　　215・濾ほmeN

218．shⅦugOⅥ　217・8huuteN　21＄・Shuei　　219・血s扇　　220・ShuQsaN

221．虞川心i　　222．shou　　　223・ShoukiN　　224・8hou8uu　　225・ShoutotsⅦ

228．8bo血d8　　227．shouri　　228．shokuhiN　229・Sbotoku　　230・61血揖e

281．shiru血i　232．shiNka　　233・ShiNkoku　234・ShiNsou　　235・血iⅣpai

238．sbiⅣry止Ⅶ　237．jiki　　238・jigokⅦ　　289・jisbiN　　240・jichou

241．jiQ8eN　　242・jit8uh＆　　243・jimaN　　244・juu　　　245・juutai

246．jugyou　　247・juNsa　　248・juⅣbaN　　249・如kei　250・joⅥdaN

251．jouriku　　252・jiⅣkeN　　253・SⅦ　　　254・Suisoku　　255・・SuimiN

258．s。k揖u　　257．5岬ru　　258．8ugO1　　259・SuSumeTu　260・SuQkari

2¢Lsub打出hii　282．sⅦmaatO　　263・Suru　　　264・ZuaN　　　265・Se

200．seiki　　　2卯．seisbiki　2¢＆seizoN　　269・Seinou　　　270・SelyOu

271．8ekiniN　　272．seQto　　273．Benaka　　274・SeWa　　　275・6eNsaku

278，SeNdeN　　277．seNryou　　278・Zer0　　　279・＄肌　　　　280・SOuSa

281．s。Ⅶら。uShii　282．80kusbiN　　283．so5hi　　284・SOQkuTi　2弧sonoⅥe

2鍋．soboku　　287．sorezore　　288・SON　　　289・名Ouri　　290・t由oN

291．taikou　　　292．七城i　　　293．taitou　　　294・taimaⅣ　■　295・taerⅦ

2粥．t8g8y肌　297・七山　　　298・tatakai　29臥tachi　　300・taQsei
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301．tzLtOe　　　　302．tano＄himi　303．tabi　　■　304．tamatama　305．・tayOri

308．taNk11　　307．ta，NniN　　　308．daiii　　　309．daiyaru　　310．daQte

811．da．N　　　　312．d8Ⅳt扇．＋＋1313．chiiki　　　314．cllikayom　　315．dli牙u

818．chihou　　　317．cbunbj　　　318．dllユuSh8　　319．clluumON　　320．cbo11Sho

321．cho11Wa　　　322．cbira8u　　　323．tsui　　　　324．ts1111ka．　　　325．tsue

326．t8ukiata．rl1　327．t8uku　　　　328．ts11keru　　　329．tsut＄V＄himl1　330．tsuneni

331．t8ubomi　　332．ts11me　　　　333．tsurai　　　　334．teate　　　　335．teisha

336．teibou　　　337．tekis11tO　　338．tcjika　　　339．tetsudou　　340・tema

341．teNkai　　　　342．teNbou　　　343．deshi　　　　344．deNsha　　　345．to

346．tou8hi　　　347．touchaku　　348．to11rON　　　349．tokasu　　　　350．tok11Shok11

351．toge　　　　352・tOjiru　　　353・tOtem0　　　354・tObiagaru　355・tOm11rau

356．tori　　　　357．toridasu　　358．toNdemon＆i　359．dougu　　　360・dounika

8¢1．dolユrO　　　　3¢2．dok11SeN　　363．dorei　　　364．naizou　　　385．naka

368・n＆game　　367・nageda占u　　368・nadaraka　369・nanOka　　370・nameraka・

371．n打iyuki　372・naⅣtonak11373・nigat8u　　374・nikoniko　　375・nichiyon

37¢．nyu11Bu　　877．miⅣgeN　　378．n11ku　　　379・nlユreru　　　3鍋・n房i

381．net8u　　　　382．neru　　　　383．noumiN　　　384．nozoku　　　385．noberu

388．norida8u　　　387．h鮎止u　　　　388．bai（九i　　　389．haka占e　　　390．hak11

391．h8kob11　　392．haji　　　393．haヱumu　　394・bda　　　　395・haQkou

398・hatsugeN　　397・h弧躯u　　398・h血的ya，399・haya1　　400・hadg弧e

401．h8Ni　　　402．h8叫011　　40き．haⅣpa・　　404・baish11u　　405・b止etsⅦ

408．bar8b打8　　407．hi　　　　408．higai　　　409・hikida5u　　410・hik11tSu

411．摘o118hi揖　412．hiqkⅦ－ib朋皿141鼠hitogara　　414・himiku　　　415・himo

418．by011juN　　417．hiryo11　　418．hirogeru　　419・byoniN　　420・biNbon

421．hu8buu　　422．hki80kn　　423．hkllShuu　　424．餌kei　　　425．血sagll

428．hsum8　　　427．htaN　　　　428．htsnka　　　429．血血d　　　　430．血ylユ

4鋸・山川i　　　432・hNg扇　　　433・butai　　434・b11na∬　　　4弧b－1Ⅳseki

436．buNret8u　　437．hei8a　　　　438．hedateru　　439．heNmi　　　440．beNjo

441．houki　　　442．houseki　　443．山川bo11　　444．hogaraka　　445・hosムii

448．botoke　　　447．homer11　　448．hoN5eki　　44臥boueki　　　450．boka占u

451．boro　　　　452．mair11　　　453．mak11　　　454．magokoro　　455．masu

456．m＆t上山＆　　457．m＆Qkura．　458．mato　　　　459・manek11　　460・mamOr11

461．m8Waru　　462．m18geru　　463・mikata　　　464・mijikai　　　465・misoka

400．mi（か血止111制札mitodokeru　468・minikui　　4㈹・mimai　　470・myOu

471．miNkdV　　472．mukigeN　　473・m11Bhi　　474・mumkashii475・munaBhii
476．mure　　　　477．meisho　　　478．meirei　　　479．mezasu　　　480．memo

481．mcNb姐　　　482．motlShiw止e　483．mokei　　　484．mochintlShi　485．moto

48¢．monooki　487．moya8u　　488．moroi　　　489．yaku　　　　490・yakume

491．ya8扇　　　　492．y8q血ke川　493．yabur11　　494・y11　　　　495・yⅦⅦ伊

496．yuudou　　　497．yllgamu　　498．yushutsu　　499・yuny1111　　500・yurume

87



Bibliography

【1】Ⅴ．Abrash，A・Sankar，H・Franco，M・Cohen，“Acousticadaptationusingtransfbr－

mationsofHMMpara皿eterS”，Proc．ICASSP－96，pp．729－732，1996・

【2】A・Acero，“Acousticalandenvironmentalrobustnessinautomaticspeechrecog－

nition”，Ph．D Dissertation，ECEDepartment，CaJnegieMe1lon University，Sept・

1990．

［3］F．Alleva，“SeaJ・ChorganizationintheWhispercontinuousspeechrecognitionsys－

tem”，Proc．〟ほ昔Ⅵわrたβ加poれAぴわmα如郎eecゐ月ec咽れ豆如れαれd・亡血derβねれd如，

pp．295－302，1997．

［4］・・T．Anastasal’OS，J・McDonough，R・SchwartzandJ・MakhotLl，“Acompactmodel

－forspeal（er－adaptivctraining”，Proc・IaSLP－96，pP・1137－1140，1996・

［5］T・AnaBtaSakos，J・McDonoughandJ・Makhoul，“Speakeradaptivetraining：a

maxim11mlikelihood approach to speaker normalization”，Proc．ICASSP－9ろPp・

1043－1046，1997．

t6］B・Atal，“E鮎ctivenessoflinearpredictioncharacteristicsofthespeechwaNefor

automaticspeakeridcnti魚cationandverification”，JournalqfAcouslicalSocietyqF

Amerまcd，Vol．55，pp．1304－1312，1974．

【7］C．Avendan0，S・TibrewaLlaandH・Herman8ky，“Multiresolutionchannelnormalー

izationforASRinreverberantenvironments”，Proc．EUROSPEECH－97；pp．1107－

1110，1997．

【8】L．EtBa・um，T・Petrie，G・SoulesandN・Weiss，“Amaximizationteclmiqueoccur－

rlI唱inthestatisticalanalysisofprobabilisticfunctionsofMarkovchains’’，Annals

げ〟αf加mα蕗cαJβねぬわcち41，pp．164－171，1970・

88



【9］L．E．Baum，“Aninequalityandassociatedmaximizationteclmiquesinstatistical

estimationfbrprobabilisticfunctionsofMarkovprocessesけ，Inequalilies，3，Pp・1－8，

【10］S．F．Boll，“Suppressionofacousticnoiseinspeechusingspectralsubtraction”，

朋ぼβ，A5茸P－glNo・2，1979・

【11］J．－T．Chien，C・－H・LeeandH・－C・Wang，“ImprovedBayesianlearningofhidden

MaJkovmodelsforspeakeradaptation”，Proc・Ia4SSP－97；pp・1027－1030，1997・

【12】I．．Delphin－PoulatandC・Mokbel，“Signalbiasremovalusingthemulti－path

stochasticequalization”，Proc．EUROSPEECH－97；pp・2575－2578，1997・

囲A．P．Dempster，N・M・LairdandD・B・Rubin，“Maxi血mlikelihoodftomin－
completedataviatheEMalgorithm”，JournalqftheRoyalStalisticalSociety，39，

pp．ト38，1977・

【14】Y．EphraimandD・Malah，“Speechenhancementusingaminimummean‾SquaCe

errorshort－timespectralamplitudeestimator叩）mEE7TmsactionsonAcoustics，

郎eecねαれdgiタれdトProceβ5吻Vol・32，No・6，pp・1109－1121，1984・

【15］S．Furui，“RecentadvanCeSinrobustspeechrecognition”，ESCA－NATOWorkshop

o乃加ゎむ5f郎eec九月e咽れ拗れか批点れOWmC。mm“れ加ゎ乃仇αれれeJβ，pp・11－20，

【16］M．J．F．GalesazldS・J・％ung，“AnimprovedapproachtothehiddenMarkov

modeldecompositionof8PeeChandnoise竹）Proc・ICASSP－92，Pp・233－236，1992・

【17】M．J．F・GalesandS・J・Young，“PMCforspeechrecognitioninadditiv？and

convolutionalnoise”，CUED－F－INFENG－TR154，12，1993・

【18］M．J．F．GalesandS・J・Young，“Afhstand且exibleimplementationofparal1el

modelcombina．tion”，Proc，ICASSP－95，Pp・133－136，1995・

【19］M．J．F・GalesandP・C・Woodland，“Meanandvarianceadaptationwithinthe

MLIJR鮎meworkけ，Coml”terSpeechandLanguage）Vbl・10〉PP・249－264，1996・

【20】M．J．F．Gales，““NICE”model－baBedcompensationschemesforrobustspeech

recognition”，β∫CA一凡4710Ⅵわrたざ九叩0乃点0あ加古f郎eec九鮎coダれ豆f由乃か仇加○び乃

Comm肌五c¢如mC九d几れeね，pp．55－64，1997・

89



【21】J・－L・GauvainandC・－H・Lee，“Maximumaposterioriestlmationformultivariate

Gau∬ianmkt11reObservationsofMarkovc五山ns”，⊥百且g飢ⅦmgαC如乃β0乃郎eecん

αndAむdわア叩Ceよぎ篭れタ，Vol．2，No．2，pp・291－298，1994・

【22】D・Giuliani，M・Mata5SOni，M・OmologoandP・Svaizer，“ExperimentsofHMM

adaptationforhands－freeconnecteddigitrecognition”，Proc．ICASSP－98，pp・473－

476，1998．

【23］P・S・Gopalakrislman，“Atreesearchstrategyforlargevocabularycontinuous

Spee止recogmition”，タ和C．JCA且ゞP－β∂，pp．572－575，1995・

【24】P・S・Gopalakrishnanand L・R・Bal11，“Fast matchteclmiques”，in Automaiic

甲eeCh and呼eaker recqgnition：advanced tqpics，C・－H・Lee，F・K・Soong and

K．K．Pdiw山editors，1996．

【25卜LJ．Gri覿thsandC・W・Jim，“Analternativeapproachtolinearlyconstrained

daptivebeam払rmlng”，エ既設打田Ⅶm∫αC如乃ざ0れA†lねれれαざ肌dP和pαタd血相，Vol・30，

No．1，pp．27－34，1982．

【26】H．Hermansky，“Perceptual1inearpredictive（PLP）analysisofsp去ech，，，Journalqf

Aco髄ざ如αJ∫oc豆e吻扉Amer血，Vol．87，No・4，pp・1738－1752，1990・

【27］H．HermanSkyandN．Morgan，“RASTAprocessingofspeech”，1EEE7hnsactions

Oれ勒eec九αmd血Idわタr∝eg血タ，Vol・2，No・4，pp・578－589，1994・

t28］Ⅹ．D．Huang，Y．ArikiandM．Jack，‘壷ddenMadkovModelsforSpeechRecog－

nition”，風抽lあu叩九これねerざ軸伽βざ，βd如ゐ伽叩九，1990・

【29］T・B・Hughes，H・－S・Kim，J・H二DibiaseandH・F・Silverman，“Usingareal－time，

trackingmicrophonearrayaBlnpllttOanHMMspeechrecognlZer”，Proc・ICASSP一

喝pp．249－252，1998．

（30］W・－W・HungandH・－C・Wang，“Acomparativeanalysisofblindchannelequaliza－

tionmethodsfortelephonespeechrecognition”，Proc．EUROSPEECH－9ろpp．1515－

1518，1997．

【31】Q・Huo，C・ChanandC・－H・Lee，“Bauesiana・daptiveleamingofthepaJameterSOf

hiddenMaJkovmodelsforspeechrecognition”，mEEThnsaclionson鞄・eeChand

A匂dio♪roceざ5盲れg，Vol．3，No．5，pp．334－345，1995．

90



【32】Q．Huo，H．JiangandC・－H・Lee，“ABayesianpredictiveclassificationapproadto

robustspeechrecognition”，Proc・ICASSP－97；pp・1547－1550，1997・

【33］Q・HuoandC・－H・Lee，“Combinedon－1inemodeladaptationandBayesi■anpredic－

tiveclas＄i丘cationforrobustspeechrecognition”，Proc．EUROSPEECH－97，pp・1847－

1850，1997．

【34］J．IshiiandT・Fukada，“Speakerindependentacousticmodelingusingspeaker

normalization”，P和C．JCA∫βアークβ，pp・97－100，1998・

【35］N．Iwahashi，H・Pao，H・Honda，KMinaminoandM・Omote，“Stochasticfeatures

fornoiserob11StSpeeChrecognition”，Proc・ICASSP－98，pp・633－636，1998・

【36］F．Jelinek，“Statisticalmethodsforspeechrecognition”，TneMITPress，1997・

【37］H・Jiang，K・HiroseandQ・Huo・“RobustspeechrecognitionbaBedonBayesian

predictiveclaB8ification”，Proc・ICASSP」97；pp・1551－1554，1997・

【38lB．－H．Juadlg，“Maximum－1ikelihoodestimationofmixturemultivariatestochastic

observationsofMarkovchains．”，AT＆T7tchnicalJournal，64（6），pp・1235－1249，

1985．

【39］B・H・Juang，L・R・鮎binerandJ・G・Wilpon，“OntheuseofbandpaBSlifter－

1nglnSpeeChreco卯ition”，J且gβ罰Ⅶれ5αCf加∫∂れAcouβ触，勘eec九αれdβ宜タれαg

P和C郎血g，Vol．35，No．7，pp．947－954，1987・

t40］B・－H・Juang，W・ChouandC・－H・Lee，“Statisticalanddiscriminativemethodsfor

speechrecognitionMIinAutomaticspeechand呼eakerrecqgnition：advancedtopics）

C．－H．Lee，F．K．SoongadldK．K．Paliwaleditors，1996・

【41】Jean－ClaudeJunquaandYolandeAnglade，“Acousticandperceptualstudiesof

Lombardspeech：Applicationtoisolated－WOrdsautomatic speech recognitionH）

P和C．JCA∬P一期pp．841－844，1990・

【42】Jean－ClaudeJunquaamdJean－PaulHaton，“Robustnessin automaticspeech

recognitionMI∬JuwerAeαdeγ托盲c九肋ゐerざ†1996・

【43］S．Kqjita・，K・TakedaandF・Itakura，“SpectralweightingofSBCORfornoise

robustspeechrecognition”，Proc・IC4SSP－98，Pp・621－624，1998・

91



（44］Y．Kaneda・andJ・Ohga，“Adaptivemicrophone－arraySyStemfornoisereduction”，

Ⅷ罰ⅦれβαC如mぶ0れAc仙古土盲cざ，郎eec九αれdg如αgタ和Ceβ朗わg，Vol．34，No・6，

pp．1391－1400，19細．

【45】l（．KatoandK・Kakehi，“Listeneradaptabilitytoindividualspeakerdihrencesin

monosyllabicspeechperception”，JournalqfAcousticalSocietyqfJ呼an，Vol・44，

甲0・3，pp・180－186・，198＆（inJapanese）

【46］BrianE・D∴KingsburyandNelsonMorgan，“Recognizingreverberantspeechwith

RASTA－PLP”，Proc．ICASSP－97；pp．1259－1262，1997・

【47】T．Kobayashi，T・MasukoandK・Tbkuda，“HMMco血pensationfornoisyspeech

recognition baBed on cepBtralparameter generation”，Proc・EUROSPEEC牌971

pp．1583－1586，1997・

【48］T．1（osaka，H・YamamOtO，M・YamadaandY・Komori，“InstantaneOuSenVi－

ronment adapta．tion techniq11e8based on fast PMCand MAP－CMS methods”，

P和C．JCAββP一夕β，pp．789－792，199臥

I49】C．一H・LeeandJ・－L・Gauvain，“BayesianadaptiveleamingandMAPestimationof

HMM”，inAむねmαfic呼eeC九α几d印eαたerrec叩れ壱知和√α血αれCed．土叩豆cg，C・－H・Lee，

F．K．SooI唱andK．K．Pauwdeditors，1996・

【50］C．－H．Lee，“Onfeatureandmodelcompensationapproachtorobustspeechrecog－

nition”，且ざCA－〃ArOl侮rた5加poれ加ゎ旭β王命eec九月ec咽れ盲如几か仇たれ0肌Com－

mtl几ic¢如れ仇αれ乃eJg，pp．45一朗，1997・

t叫C．J・Leggetter and P・C・Woodland，“Maximumlikclihoodlineas regr鱒Sion

forspeakeradaptationofcontinuousdensityhiddenMad・kovmodels乃）Compllter

Speedlandhnguage，Vol・9，pp・171－185，1995・

【52］P．LockwoodandJ・Boudy，“Experimentswithanon－1inearspectral＄ubtractor，

hiddenMarkovmodelsandtheprojection，forroblユStSPeeChrecognitionincars”，

P和C．β【〃iOぷ那CⅣ一夕J，pp．79－82，1991．

【53］G・W・Mackenzie，“Acoustics”，Ebcal．Press，1964・

【54】F．Martin，K・Shikano，Y・MinamiandY・Okabe，“Recognitionofnoisyspeechby

uslngCOmpOSitionofhiddenMarkovmodels竹）Proc・ASJEbllmeetin9）1－7－10？1992・

92



【55］F．Martin，K・ShikanoandY・Minami，“Recognitionofnoisyspeechbycompbsi－

tionofhiddenMarkovmodels”，Proc．EUZWSPEECH－93，pp．1031－1034，1993・

【56］F．MaJtin，“RecognitionofnoisyspeechbycompositionofhiddenMarkovmod－

els”，MasterthesisofthecourseofElectronicEngineerlngOftheUniversityof

Tbkyo．1993．

【57］D．MatroufandJ－L・Gauvain，“Modelcompensationforadditiveandconvolu－

tivenoisesintrainingandtestdata：’，ESCA－NATO WorkshoponRobusISbeech

月ec叩乃盲如n♪r【九たれ0肌Commw爪立cα如乃仇α乃れeね，pp・207－210，1997・

［58］T．MaLtSuOkaandC・－H・Lee，”Astudyofon－1ineBayesianadaptationforHMM－

baBedspeechrecognition”，Proc．EUROSPEEC打－93，pp・815－818，1993・

【59］E．McDermott，E・A・WoudenbergandS・Katagiri，“Atelephone－baseddirectory

aBSistancesystemadaptivelytrainedusingminimumclassificationerror／generalized

probabilisticdescent”，Proc・ICASSP－96，pp・3346－3349，1996・

【60】Y．MinamiandS・Furui，“AMaximum1ikelihoodprocedureforamniver這aladap－

tationmethodbasedonHMMcompositioIl”，Proc．ICASSP－95，PP・129r132，1995・

【617Y．MinamiandS・Furui，“Adaptationmethodbasedo■nHMMcompositionand

EMalgori仙m”，Pr∝・JCAβ£P一喝pp・327－330，1996・

【62】M．MiyoshiandY・Kaneda，“Inversefi1teringofroomacoustics”，1EEE7Tms－

αC如れざ0れAcouβわcβ，勉eec九αmdβ如dJPr∝eβ血g，Vol・36，No・2，pp・145－152，

1988．

【63］C．Mokbel，“MUSE：MultipathstochaBticequalization，atheoretical企ameworkto

combineequalizationandstochasticmodeling”，ESCA－NATO

劫eec九月ecqダ乃i如nか亡偏れ0肌Comm視れ盲cα知れ仇α乃れeね，pp・211－214，1997・

【64】M・MoriBhima，T・IsobeandN∴Koizumi，“Phonetical1ybalanCedcepstrummean

normdization”，Acouβf．goc．Amer血αれdAcoむ古書・∫oc・∫αpαれ乃吏rdJoれf肋e血g，

pp．1105－1108，1996・

【65］S．Nakamura，T・Yamada，T・恥kiguchiandK・Shikan0，“Handsfreespeechrecog－

nitionbyamicrophonearr町aJldHMMcomposition乃IProc・1nternationalWbrkT

β加pom仇m肌血亡eゆce旅cJmog叩y，pp・33－38，1995・

93



【66］S．Nakamura，T．亀kiguchiandK・Sllikano，“Noiseandroomacousticsdistorted

speechrccognitionbyHMMcomposition刀IProc・ICASSP－96）pp・69－72）1996・

【67］J．A．Nolazco－FloresandS．J．Young，“Continuousspeechrecognitioniふnoiseus－

ingspectralsubtractionandHMMadaptation”，Proc・ICASSP－94，Ⅰ－409－412，1994・

【68］A．M．Noll，“Cepstrumpitchdetemination”，Jour7WlqfAcouslicalSocietyqf

・Ame膏cα，Vol．41，pp．293－309，1967・

【69］Y．Normandin，“Maximumm血alinformation estimation ofhidden Markov

models）），inAutomaticspeechandspeakerrecognilion：advancedtppics）C・－H・Lee†

F．K．SoongandK．K．Paliwaleditors，1996・

【70］K．Ohkura，M．SugiyamaandS・SaLgayama，“SpeakeradaptationbasedontranSftr

vectorfieldsmoothingwithcontinuousmixturedensityHMMs叩〉Proc・ICLSLP－92）

pp．369－372，1992．

【71】M．Omologo，“Onthefuturetrendsofhands一正eeASR：Variabilitiesintheenvi－

ronmentalconditionsandinthea£OuStictraIISdllCtion”，ESCA－NATO Wor・kshop

oれRoあuβ七郎eec九月ec（耶血mか仇how乃Com，乃um盲cα如乃仇αれれeJちpp・67－73，

1997．

【72］M．Omologo，M．Matas＄Oni，P・SvaizerandD・Giuliami，“Hands－freespeechrecog－

nitioninanoisyandreverberantenVironment叩IESCA一几4TOWorkshoponRobusf

劫eec九月ec叩陀虚血乃か仇た乃0肌C抑m肌盲cαf加仇α乃乃eね，pp・195－198，1997・

【73］M．．Ostendorf，“FromHMMstosegmentsmodels：StOChasticmodelingforCSR”，

inAutomalic叩eeChandspeakerrecqgnition：advancedtqpics）C・－H・Lee〉F・K・Soong

andK．K．Paliwaleditors，1996．

【74】K．K．Paliwal，“Spcctralsubband centroids as fbaturesfor speech recogni－

tion”，P和C．J見方gⅣorたβんopon加わmα如郎eec九月ec咽れ盲血相αれd仇derβねれdわg，

pp．124－131，1997．

【75］J．，B．PuelandB．Jacob，“RobustHMMarchitecturesforcellularphonespeech

recognitbn，，，且9α4－几4アOI侮沌βん叩0れJわあ加古f郎eecゐ月e∝暫乃祓われ♪r仇ゐ乃0ひれ

（わmmtlれ血如れ仇肌れeiざ，pp．215－218，1997・

94



【76］LR．Rabiner，“AtutorialonhiddenMarkovmodelsandselectedapplicationsln

speechrecognition”，Proc．mEEVol・77，No・2，pP・257－286，1989・

［77］L．R．Rabiner，B．－H・Juang，“Fundamentalsofspeechrecognition”，PTRPrentice一

助Jち肋タJet〟00dα肪，〃圭1993・

【781L．R．Rabiner，B・－H・JuangandC・－H・Lee，“Anoverviewofautomaticspeechrecog－

nitionM，inAutomaticspeechandspeakerrecqgnition：advancedtopics，C・－H・Lee）

F．K．SoongandK・K・Paliwaleditors，1996・

【79］M．G．RahimandB・－H・Juang，“Signalbiasremovalbymaximumlikelihoodes－

timationforrobusttclephonespeechrecognition”，1EEE升αnSaCiionson郎eech

¢れdAⅦdわア和Ce∫ざれタ，Vol．4，No・1，pp・19－30，1996・

【80］S．鮎nalsandM・Hochberg，“E瓜cicntevaluationoftheINCSRsearchspaceusing

theNOWdecoder”，Proc．ICASSP－96，Pp・149－152，1996・

【81】S．gag叩ama，Y・Yamaguchi，S・ThkahashiandJ・Takahashi，“JacobianapprOaCh

toLaBtaCO11Sticmodeladapta．tion”，Proc．ICASSP－971pp．835T838，1997・

【82】A．SankaxaAdC・－H・Lee，“Robustspeechrecognitionba烏edonstochasticmatdト

1ng”，Proc．JCAβ∫P一夕J，pp・121－124，1995・

t837A．SankarandC．一H．Lee，“Amaximum－1ikelihoodapproachtostochasticmatching

h＝Obustspeecbrecognition”，J且ββ升肌5αC如れ£¢乃殆eecんαれdA鋸dわP和Ce5βわタ，

Vol．4，No．3，pp．190－202，1996．

【84】P．W・ShieldsandD・R・CaJnpbell，“IntelligibilityimprovemeIlt占obtainedbyan

enhncement methodappliedtospeechcorruptedbynoiseand reverberationm〉

βgCA－MrOⅥわrたき九opom此血βf郎eecん月ec叩乃盲如乃舟rこ玩たれ0肌Cbmm肌豆cα－

如柁仇α乃れeね，pp．91－94，1997．

［857K．ShinodaandC．－H・Lee，“UnsupervisedadaptationusingstruCturalB叩eSap－

pTOaCb”，Pmc．JCA上ばP－9β，pp・793－796，1998・

【86］M．Shozakai，S．NakamuraandK．Shikan0，“Anon－iterativemodel－ふdaptive

E－CMN／PMC＿apprOadlfor speech recognitionin car environments”，Proc・

βと偶OgPββCガー叩pp．287－290，1997．

95



【87］M．Shozakai，S・Nakam11raandK・Shikano，“AspeechenhancementapproachE－

CMN／CSSforspeechrecognitionincarenvironments”，Proc・mEE肋rkshopon

AtJねmα加c郎ee亡ん月ecqダmま如れαれd仇der血陀血g，pp・450－457，1997・

【88］Y．Suzuki，F・Asan0，H・－Y∴Kim，andT・Sone，“Anoptimumcomputer－generated

pulsesignalsuitableforthemeaBurementOfverylonglmpulseresponses乃）Journal

げAcou5嘉cαJβoc盲efy扉Amer血，Vol・97，No・2，pp・1119－1123，1995・

【89］T．Takiguchi，S・NakamuraandK・Shikan0，“Speechrecognitioninadditivenoise

androomacousticsdistortionbyHMMcomposition”，TbchnicalR甲Ortqflhelnsti一

山ねげ助c血相盲cざノゆmα如乃α氾d仇mm肌豆？α如れ助gれeerβ，SP95－71，pp・41－46，

1995．（i皿Japanese）

【90］T．Takiguchi，S・Nakamura・andK・Shikano，“Hands－freespeechrecognitionby

ⅡMMcomposition．innoi8yreVerberantenvironments”，Thnsactionsqftheln－

ざ出ufeげβJecかりm豆cちJゆrmα血相αれdComm視れ慮cαfわれ助甘言meerちVol・J79－D－ⅠⅠ，

No．12，Pp．2047－2053，1996．（inJapanese）

【91】T．T止iguchi，S・Nakamura，Q・HuoandK・Shikano，“SpeechrecognitiollbyadaLp－

tationofmodelpaJameterSbasedonHMMdecompositioninnoisyreverberanten－

・∴Vironments”，Pれ光，Acoug如αJβoc哀吻扉J呼αれ殆わ元タ〟eefれダ，ト6－17，1997・（in

Japanese）

【92】T・恥kiguchi，S・Naknmura，Q・HuoandF・Shikano，“Adaptationofmodelparam－

ctersbyHMMdecompositioninnoisyreverberantenvironments沖IESCA－NATO

肋rたβん叩0れfねあ鮎βf郎eecん月ecoタ乃虚血nか批点乃0ぴmCommむれ盲cα如れ仇αれれeね，

pp．155－158，1997・

【93］T．T止iguchi，S・NakamuraandK・Shikan0，“ModeladaptationbyHMMdecom－

positionandcompositioninnoisyreverberantenvironments”，Thnsactionsqfthe

血ざf重ねfe扉βkc如柁慮cちJゆmα如乃αれdComm視れ豆cα如れ助夕盲れeeγちVol・J81－DII，

No．10，Pp．2231－2238，1998．（inJapanese）

【94JT・恥kiguchi，S・NakamuraandK・Shikano，“Evaluationofmod？ladaptationby

HMMdecompositionontelephonesp6echrecognition”，Proc・ICSLP－98，1998（to

beappeaTed）．

96



【95］Y．Tohkura，“Aweightedcepstraldistancemeasureforspeechrecognition”，1EEE

7ねれ5αC如れβOnAeoむ∫ficざ，郎eec九αれd拘れαgProcegβ如，Vol・35，No・10，pp・1414－

1422，1987．

【961M．Tbhyama，H・SuzukiandY・Ando，“Thenatureandtechnologyofacoustic

space”，ACAエ）β〟JC夕月β∬，1995・

【97】M．Tbnomtlra，T・KosakaandS・Matsunaga，“Speakeradaptationbasedontrans一

食rvectorfieldsmoothinguslngmaよimumaposteri0riprobabilityestimation乃，

P和C．JCu∬P－9ちpp．鵬8－691，1995・

【98］D．ⅥmCompernolle，“NoiseadaptationinahiddenMarkovmodelspeechrecog－

nitionsystem”，Cor7Wuter郎eechandLan9ua9e，Vol・3，No・2，pp・151－167，1989・

【99］A．P．Varga‥andR・K・Moore，“HiddenMarkovmodeldecompositionofspeech

弧dnoise”，Pr∝．JCA∬クー叫pp・845－848，1990・

【100lO．ViikkiandK・Lami1a，“NoiserobustHMM－ba5edspeechrecognitionusing

segmentalcepstralfeatllreVeCtOrnOrmalization門？ESC仏－NATOl侮rkshoponRo－

あ鮎βf郎eec九月e咽れ血叩か批点几0肌Com汀も“乃血如乃仇αれれeJちpp・107－110，1997・

【101】0．Viikki，D・ByeandK・Lauri1a，“ArecllrSivekaturevectornormalization

approachforrobustspeechrecognitioninnoise乃）Proc・ICASSP－98，Pp・733－736，

tlO2】H．WangaAd F．Itakura，“Anap占roachofdereverberation usingmulti－

microphonesub－bandenvelopeestimationい，Proc・ICASSP－91〉pp・953－956，1991・

［103］T．Ya皿nada，S・NakamuraandKShiknno，“RobustspeechrecognitionLWith

speakerlocaliEationbyamicrophoneaxray叩IProc・ICSLP）Pp・1317－1320，1996・

【104】T・Ymada，S・NakamuraandK・Shikan0，“AneBctofadよptivebeamk）rming

onhandB一打eespeechrecognitionba5edon3－DViterbisearchn）Proc・ICSLP－98，

1998．（tobeappeared）

【105］G．Zavaliagko＄，R・Schwa∫tZandJ・Makhoul，“Batch，incrementalandinstanta－

neousadaptationtechniquesforspeechrecognition乃）Proc・ICASSP－95，pp・676－679，

1995．

97



【106】E・ZwickerandE・Tbrhardt，“AnalyticalexpressionsforcriticalbandwidthaBa

functionof血equency”，JournalqfAcousticalSocietyqfAmerica，Vol・68，No・5，

pp．1523－1525，1980．

98



List ofPublications

Inthecourseofthisthesis，thefollowingpapershavebeenpublished：

JoumdPaper5

●T・Tbkiguchi†S・NakamuraandKShikano）uModeladaptationbyHMMdecom－

positionandcompositioninnoisyreverberantenvironments”，7毎nsactwnsqfthe

♪ば仙fe扉肋ゎれねβ，加ゎm相加nα扇Comm視れ血如れ助が乃ee門，Vol・J81－ひ

H，No．10，pp．223トm，1998・（hJap弧e紀）

●T・Takiguchi）S・NakamuraandK・Shikano）㍑Hands－frcespeechrecognitionby

HMMcompositioninnoisyreverberantenvironments”，Thnsactionsqftheln－

β肋ね扉助加乃毎糎如れα扇仇mm視れねα払m助が眠eγβ，Vol・J7凱1トH，

No．12，Pp．2047－2053，1996・（inJapanese）

htcmationalCon鮎rencePaper8

SelectedGonfbrencePapers

●T・T止iguchiIS・Nakamura・andK・Shikan0）いEvaluationofmodeladaptationby

HMMdecompositionontelephonespee血recognition”，Proc・1nt・Coltf・On伽ken

血岬加扇叩，1998・

●T．TakigllChi，S．Nakamura，Q・HuoandK・Shiknno，“Modeladaptationbasedon

HMMdecompositionforreverberantSPeeChrecognition”，Proc・mEElnt・C叫

Ae飢l血，劫e∝九αmゴ桝Pr肌相関，pp・827鴻30，1997・

●T．Takiguchi，S．Nakamura，Q．HuoandKShikan0，“Adaptationofmodelpa－

rametersbyHMMdecompositioninnoisyreverberantenvironments乃，ESCA－

〟ArO肋rb九叩川上わhばf坤月ec呼一首f加か地肌仇mm視れ血血

C九α拘れeね，pp．15か158，1997・

99



●S．Nakamura，T．TakiguchiandK・Shikano，“Adaptationofmodel・PaJameterStO

di8tOrtedspeechinadverseenvironmentbyHMMdecompositionM†PrDC・LgCIE

九亡．勒叩扇㈹■抑ぶわc九那加勒ざねm恥叩αれd乃ざA卯g血±血，・1997・

●S．Nakamura，T．TakiguchiandK．Shikan0，“Noiseandroomacousticsdistorted

speechrecognitionbyHMMcomposition”，Proc・戊甘ghtt・Co呼Acouslics，Sbeech

瓜ndβ如山地扇喝，pp．69一円，1996・

OtherConfbrencePaperS

●K．ShikadlO，S．Nakamura，T．Y加m息da，T・Takiguchi，EliYamamoto，M・houe，

RNagai，andT．Aoki，“Hands－freespecchrecognitionandlipbreading／synthesi8”，

触．九L柚ん叩0几仇mαれ血坤α乃cんれ0励，pp・47－5も1997・

●S．Nakamura，T．Yamada，T．Ta最guchi，K．Shikano，“Hands一打eespeechrecog－

nitionbyamicrophonearrayandHMMcomposition”，ThirdJointMeeting

A毀＝巨射〃pp．1149－1154，1996・

●S．Nakamura，T．Yamada，T．Takiguchiand K・亭hikano，“Handsfreespeech

recognitionbyamicrophonearrayandHMMcompositionM〉Proc・Int・T4brk＄hop

㈹肋mαれ血加ゎce二陀cJmo励，pp・33－38，1995・

Tk血nidReport

●T・Takiguchi〉S・Nakamura）K・Shikano〉M・MorishimaandT・Ⅰ紺be〉㍑Muation

ofmodeladaptationbyHMMdecompositionontelephonespeechrecognition”，

蝕血血愉野山直k加地鹿帆馳血血叫珂加叫血相品伽m肌牢伽

瑚卿，SP9＆加，pp．39一叫199＆（hJap弧e紀）

●S．Nakamura，T．T止iguchiandKShikaAO，“Amethodofreverberationcom－

pcnsationbasedonshorttimeBPeCtralanalysi＄”，旅chnicalReportqf鮎Lnstitute

げβ如か㈹血，桝抽mαmゴCommぴれ血如氾助如㍑訂ざ，SP98一鮎，pp・17－㌶，

19鍼．（hJap弧e紙）

・T．Thkiguchi，S．NakamtlraandK・Shikano，“Hands一打eespeechrecognitionby

HMMde－∽mpOSitioninnokyreverberantenvironmcnts”，Notesqfthehdbrma－

tionProcessingSocietyqfJqpan，SIG，SLP98－20，pP・87－94，1998・（inJapanese）

100



●T．1もkiguchi，S．Nakamura，Q・HuoandK・Shikan0，“Speechrecognitionby

adaptationofmodelpaJameterSbasedonHMMdecompositioniIlreVerberant

enviTOnmentS”，■熊c九陀如才月eporfげ仇eJれ5f助士eq′都ec細れ盲cちJゆrmα如乃αれd

CommunicalionEn9ineers，SP96－88，pp．7－12，1997・（inJapaneSe）

●T．Tbkiguchi，S．Nakamura，Q．HuoandK・Shikan0，“Adaptationofmodelpa－

rameterSbyHMMdecompositioninreverberantenvironments，〉〉ATRTbchnical

月甲OrちTR一IT－0182，1996・

●T・Takiguchi）S・Nakamuraand王く・Shikan0）化Speechrecognitioninadditivenoise

androomacou8ticsdistortionbyHMMcomposition’’，TbchnicalReportqfthe

血5地ねげβJec如れ盲cち坤mα如mα乃d仇mm≠れ豆cα如れ助9血eeγちSP95－71，

pp．41－46．1995．（inJapanese）

MeetingofAcousticalSocietyofJapan（inJapanese）

●S．Nakamura，T・TakiguchiandK・Shikano）以Amethodofreverberationcom－

pensationba5edon止orttimespec七山弧dysis”，AβJ叩r如ダmee血タ，3－6－11，

1998．

●T・恥kiguchiIS・NakamuraandK・Shikano〉以Evaluationofmodeladaptationby

HMMdecompositioninrealenvironments”，ASJJbllmeetin9，2－Q－27，1997・

●T．恥kiguchi，S．Nakamura．，Q．HuoandR・Shikano，“Speechrecognitionbyadap－

tationofmodelpaJameterSbasedonHMMdecompositioninnoisyreverberant

enviTOnmentS”，AβJ呼血タmeefれタ，1－6－17，1997・

●T．Aoki，T・Yamada〉T・Takiguchi〉S・NakamuraandK・Shikano？uSpeechrecog－

nitionexperimentsinrealenvironmentsuslngamicrophonearrayandHMM

composition”，AβJノb～Jmee而わタ，2－Q－2，1996・

●T・恥kiguchiIS・NaknuraandK・Shikano）山Adaptationofmodelparameter

byHMMcompoBitionanddecompositioninreverberantenvironments”，ASJJhll

mee血タ，2－Q－9，1996・

●T．Takiguchi，S・NakamuraandK・Shikan0）りEt艶ctsofthereverberationtime

ozIHMMcompositionforspeechrecognition乃IASJsprin9meetin9†1－5－18〉1996・

101



●T・Takiguchi）S・NakamuraandK・ShikanOI‖Speechrecognitionin・additivenoi8e

andchaLnneldistortionbycompositionofhiddenMarkovmodels”，ASJjulmeet一

叩ダ，1－2－2，1995■・

MeetingofInfbrmationProce＄SingSocietyofJapan（inJapanese）

●M・Miya皿OtO，T・Takiguchi）S・NakamuraandK・Shikano）HEffectsbynoi6eand

handsetsinspeakerrecognitionoftelephonespeech”，1PSJmeelin9，1998・

102


