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Abstract

A　major　dimculty　encountered　in　a　curr('nt　automatic　speech　recognizer(ASR)is　that

therecognition　performance　degrades　ra1)i(Hy　ill　the　presence　of　noise　and　distortion､　due

primarily　to　the　acoustic　mismatches　in　tr4ining　and　recognizing　conditions,　Considerable

efrort　has　been　made　toovercolne　this　ProblenL　ln　a　broad　context,theresearch　has

been　focused　primarily　on　three　areas;(1)noise　robust　feature　ext･radion,(2)sl)eed1

enhancement　and　(3)speech　nlod(･l　comP(msation　for　noisc　Among　these　areas,　this

dissertation　focuses　on(1)noise　robust　f(･atur(･extradion,and　describes　the　development

ofa　nexv　acousticaHalysis　tedlnique,　subl)ml(1-autocorrelation(SBCOR)analysisand　its

extensions｡

　　At　nrst,　the　basic　investigation　of　SBCOR,　analysis　is　described　to　show　how　to　apply

it　to　speech　recognitionunder　noisy(;onditions.　SBCOR　analysis　is　an　acoustic　analysis

technique　based　on　nlter　bank　a･nd　Periodicity　extradion　associated　with　the　inverse　of

center　frequencyμy　ln　experiments,　SBCOR　isevaluated　for　nve　types　of　nlter　bank

and　three　autocorrelation　detedors　using　a　speaker-dependent　DTW　word　recognition

system　undernoisy　conditions　degraded　by　multiplicative　white　noise,　The　experimenta1

results　showed　that　SBCOR　Performs　equally　as　well　as　smoothed　grouP　delay　spectrum

(SGDS)under　clean　conditions,and　much　better　than　it　under　noisy　conditions,The

results　indicate　that　the　most　suitable　conhguration　of　SBCOR　under　noisy　conditions　is

(1)the　nlter　bank　is　a　nxed　Q　nlter　bank　whose　center　frequencies　are　equally　spaced　on

the　Bark　scale,　and(2)the　periodicity　extradion　method　is　a　conventional　autocorrelation

analysis　without　compensation　for　weak　signals,　An　analysis　example　of　speech　is　also
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shown　under　these　conditions｡

　　Secondly,another　implementation　of　S　BCOR　is　introduced　based　on　the　abo゛e　results･

Using　this　implementationμhc　robllstness　of　SBCOR　analysis　is　in7estigated　in　more　real-

istic　adverse　environments;　the　existence　of　additive　noise　and　waveform　distortion｡　F1rst,

in　DTVV　word　recognition　and　HMM　Phoneme　recognition,　it　is　shown　that　SBCOR　is

lnorerobust　against　Gaussian　white　noise　th4n　SG　DS　and　me1-nlterbank　cepstral　coem-

cient(MFCC),and　it　is　comParable　against　comPuter　room　noise　and　human　speech-1ike

noise　which　is　a　kind　of　the　bubble　noise　describcd　in　Appendix　A.Second,it　is　shown

that　SBCOR　is　robust　against　severe　wavdorm　distortions　such　as　innnite　peak　cliPping･

Since　the　information　of　an　original　speedl　wave　iscontained　in　the　temPoral　pattern　of

the　zero-crossingsjt　is　anticipated　that･　SBCOR　analysis　which　extrads　Periodic　informa‘

tion　would　be　robust　against　zero‘crossing　distortiolL　Adually,　the　experimenta1　results

in　DTXv　word　recognition　showed　that　the　Perforlnanceof　SBCOR　in　the　best　case　is

about　19%higher　than　that　of　SGDS.

　　Th1rdly,　mult1‘delay　weighting　(MDW)proccssing　is　proposed　to　improve　the　robust-

ness　of　SBCOR｡　MDXV　isused　to('･xtrad〕I)eriodicity　using　not　only　the　autocorrelation

coemcient　at　μy　hut　also　a　weightedsulnof　autocorrelation　coemcients　at　integral　mu1-

tiples　ofμy　At　nrst)t　is　shown　tliat　SBCOR　with　MDW　processing　results　in　the

weighting　Processing　of　the　power　sPedrum　of　speech　by　a　lateral　inhibitive　weighting

function,Then,　the　dFediveness　of　MDXv　for　sPeech　recognition　is　investigated　under

noisy　conditions　using　a　DTXv　wordrecognizcr,　The　results　showed　SBCOR　with　MDXV

I)erforms　better　than　SGDS　and　MFCC　under　noisy　conditions.　Furthermore,the　laterj

inhibitive　weighting　of　the　Po゛er　spedrum　is　spedally　focused　to　interpret　the　robust-

nessof　SBCOR,　and　it　is　sho゛'n　that　(1)sPedral　tilt　dimination　and　(2)noise　variabmty

ehmination　wouid　be　the　essence　of　lateral　inhibitive　weighting,　and　lead　to　a　more　robust

recognltlon　under　nolsy　condlt4ons,

　　Finally7　as　a　straightforward　extcnsion　of　SBCOR,　subband-crosscorrelation　analysis

(SBXCOR)using　two　input　(jhannel　signals　is　described,　ln　experiments､　the　noise　ro-
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bustness　of　SBXCOR　is　evaluated　using　i1　DTNv　wordrecognizer　under(1)a　simulated

acousticcondition　with　white　noise　and　(2)a　real　acoustic　condit･ion　in　a　sound　proof　room

with　human　speech-hke　noisc　As　th(･results　show,　under　the　simulated　acoustic　condi-

tion､SBXCOR　is　lnore　robust　than　conventional　one-dlannd　SBCOR,　but　less　robust
　　J

than　SBCOR　extraded　from　the　two-dlann(↓summed　signaL　Furthermore,　by　applying

MDW　processing,　the　Performance　of　SBXCOR　improved　about　2%at　SNR　OdB,　The

resultant　performance　of　SBXCOR　with　MDXv　processing　was　much　bett･er　than　those　of

smoothed　group　delay　sPedrum　(SGDS)and　mel-nlterbank　cepstral　coemcient　(MFCC)

below　SNR　10dB｡　The　results　under　the　rcal　acoustic　condition　were　almost　the　same　as

the　simulated　acoustic　conditi(ML

　　Through　this　dissertation,　it　is　clarihed　that　the　periodicity　information　associated

with　the　inverseof　the　center　frequency　induded　in　speech　signals　plays　the　signihcant

role　in　the　noise　robust　acousti(j　analysis,
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Chapter　1

Prologue

1.1　　1ntroduction

The　aim　of　automatic　speechrecognition(ASR)is　to　recognize　sPeech　spoken　hy　hulnans

using　machines,　esPeciallycornputers,　As　a　nlan-madline　interface,　speedl　is　a　lnore

natural　input　method　for　humans　than　the　keyboard　or　lnouse　illput　used　in　current

computer　systems,　and　the　deve1()pment　of　ASR　system　has　been　continuing　f()rlnore

than　four　decades,　0ne　might　think　that　ASR　by　computers　is　not　dimcult　becauseof

ones　oMynabilityor　exPerienceofrecognizing　sPeech,　ASRresearchersat　an　early　stage

also　thought　that　an　ASR　system　would　be　available　in　near　future,　However,　the　dimculty

of　ASR　was　recognized　as　research　moved　ah(Md,and　in　sPite　of　more　than　four　decades

Passing,　the　intelligent　ASR　system　sudl　as　the　computer　HAL　in　Stanley　Kubrick゛s　movie

“2㈲j-4&ace　O㈲ssq/"hasnot　yet　been　construded,

　　ln　the　following　sedions,　th(ylong　path　to　ASR　is　reviewed　brieny,　and　the　current

status　of　ASR　is　described,ln　addition,　problems　in　current　ASR　systems　and　some

efrorts　to　overcome　them　are　also　describe(1.

1.2　A　Brief　History　of　Research　Area　R)r　Automatic

Speech　Recognition　[1][2]

Most　ASR　systerns　usually　consist　of(1)　an　acoustic　analysis　part　as　the　front-end
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and(2)a　recognition　proc(･ssing　l)al{as　the　l)ack-end､as　shown　in　Figure　1,L　ln　the

acoustic　analysis　part,　speeeh　h'annys　arc　(･xtm({ed　from　waveforms　of　sPeech.　Using

these　features,　the　decision　making　oF　whdt　h4s　been　sl)oken　is　carried　out　in　therecog-

nition　processing　palt　ln　this　sedi()nU]he　history　of　developing　ASR　systems　is　brieny

reviewed,focusing　on　the　front-(･nd　and　l)ack-end　processing　systems,

　　The　earhest　attempts　to　cr(4t,eASI{syst(･ms　were　made　in　the　1950s,ln　1952,　a

speaker-dependent　isolated　(hφt　recognition　systcm　was　built　by　Davis　d　�[3L　ln　this

system,　spedra1　resonanc('s　ildhe　vowd　r%ioH　of　eadl　digit　were　used　as　feature　paranle-

t,ers,　As　an　independent　({oFt,01son　4nd　Belar　tried　to　recognize　10　distinct　synables　of

a　single　talker　in　1956　[4L　hl　the　system,　sl)('dral　measurements　provided　by　an　analog

mter　bank　were　used.　ln　l959､　Forgi(j　and　F()Γφe　construded　a　vowe1　recognizer　in　which

10　vowels　embedded　in　a　/bΛvowel-/t/　format　wcre　recognized　in　a　speaker-independent

nlanner[51,　Again　a　nlter　bank　analyzer　was　used　to　provide　spedral　information.

　　ln　the　1960s､several　spe(h1-I)urPos(･hardware　machines　were　built　in　Japan,　0ne　was

a　hardware　vowel　recognizer　l)y　Suzukhm(I　Nakata　using　an　elaborate　nlter　bank　spedrum

analyzer[61　,　Anotherxvas　ahardware　phoneme　recognizer　by　Sakai　and　Doshita　[71,　1n

this　system､　a　zero-erossing　analysis　was　used　f()racousticanalysis　method,

　　ln　the　1970s､　there　were　two　signincant　break-throughs　in　the　work　of　speechrecog-

nition　research.　These　works　atfed〕the　neld　of　sPeech　recognition　even　nowヽOne　is　the

dynamic　programming　(DP)methodas　a　recognition　method　by　Sakoe　and　Chib08L

The　DP　method　is　a　tedlniqu(Ho　align　the　time　axis　for　a　pjr　of　speech　utterances,　and

is　also　referred　as　dynami(uime　witrl)ing(DTXV).As　an　independent　work､　vintsyuk　in
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the　Soviet　union　proPosed　the　llse　of　DP　method　for　time　�igning　in　1968　[91,buOt　was

unknown　in　the　xvest　until　the　early　198(k　The　other　s≒nihca�work　is　hnear　Predidive

coding(LPC)by　ltakura,　which　had　heen　suc(tssfully　used　in　lowd)it-rate　speedl　coding

[10]｡AtAT&T　Ben　Laboratories,　he　built　a　speedl　recognition　system　using　LPC　analysis

foracousticanalysis　method　and　used　the　DTNv　tedlnique　for　recogllλion　processing　μ1]･

　　ln　the　1980s,　there　xvas　a　shifnn　th({)aFad㈲n　of　the　recogniti(m　processing　from

template-based　apProaches　to　statisti(tal　modeling　mdhods,　iλy　the　hidden　Markov　model

approach･　Although　the　introd　udion　onhe　H　M　M　into　speech　recognition　neldxvasgen‘

erally　attributed　to　t･he　indePendent　work　of　Bitker　l1　21　and　Jdinek　d　an13]､1t　did　not

become　widely　apPlied　until　the　mid-198(k　Nowadays,most　sPeed1　recognition　systems

use　the　HMM　for　recognition　procesjllg,　As　another　statistical　nlodehng　method,　the

artincial　neural　network　(ANN)was　also　al)Ph(j　to　sl)eech　recognition　in　the　late　1980s,

Recently,researchers　prder　HMM　to　ANN,　sinc(Ot　is　considered　that　HMM　indudes

ANN　as　a　statistical　apl)roadL　ln　addmoIE　another　r('ason　is　that　the　behavior　of　HMM

is　more　we11-denned　using　statistical　lmramet('rs　than　that　of　ANN.

　　ln　the　1990s,　speech　recognition　in　controlled　situations　has　reached　very　high　levels　of

perfornlancebased　on　the　aboveefrorts.　For　example,vocabulary　size　is　tens　of　thousands

of　words　and　fast　decoding　algorithms　allow　continuous-speech　recognition　systems　to

providerea1-time　response｡　ln　word　error　rates,　1ess　than　Oj%is　obtained　in　speaker-

dependent　isolated　wordrecognition　using　a　20　thousand　wordvocabulary[161,and　about

5%error　is　obtained　in　speaker-indePendent　continuousspeechrecognition　of　a　thousand

wordvocabulary　in　the　ARPA　ResourceManagement　task　[17]･

1.3　Problenls　of　current　ASR　systenls

ln　spite　of　these　efforts,　however,eITor　rates　of　madlines　are　often　more　than　an　order

of　magnitude　greater　than　those　of　a　huHmn　for　quiet,　wide　band,　real　speech　【15],Fur-

thermore,the　most　crucial　problem　in　current　ASR　systems　is　that　the　perfor!nanceof
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Figure　L　2:　Source　of　variabmty

machines　degrades　to　lower　than　that　of　humans　in　real　environlnents,This　problem

restrids　the　aPphcation　of　cuiT(mt　ASR　systems　u)a　few　constrained　aPplicationareas.

　　The　mainsourceof　varial)ility　t･hat　ASR　svstems　are　afFeded　can　be　seParated　into
　　　　　　　　　　　　　　　　　　　　　　　t　　　　　　　　　　　　47

three　l)arts;(1)the　speaker,(2)th(･a(joustic　held　and(3)the　acquisition　of　speech　as

shown　in　Figure　L2　(See　also　Tabl(･1.1)μ8H19L　A　brief　review　of　research　efforts　is

Provided　in　the　fonowing　secGon,　fo(msing　on　the　robustness　against　noise　in　the　acoustic

neld､

1.4　A　Brief　Review　of　Approaches　fk)r　Noise　Robust

speech　Recognition　[14H15][18][19][2o]

Considerable　effort　has　been　made　toovcrconlethe　noise　robust　problem,　Research　has

t)een　focused　primarily　on　thre('ar(Ms;(1)noise　robust　feature　extra£tion,(2)sPeech

enhancement　and　(3)speechlnodel　colnl)('11sation　for　noise,

　　ln　the　research　neld　of　noise　robust　feature　extradion,　a　number　of　authors　have　de-

veloped　new　approaches　based　on　psydloacoustics　and　neurophysiology　nndings　in　the

auditory　system,　The　most　auditory-like　approadl　is　the　modeling　of　the　auditory　system

proposed　by　SenefF　[211　and　Ghitza　{22L　These　approaches　will　be　Precisely　described　in

the　fonowing　sedion,　There　is　an　auditory　insPired　approach　in　which　several　character-
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Table　L　1　:　Main　varial)ihtv　which　ASR3vstems　aTea‰ded,

Speaker s　eakin(y　stvle→tress)ndividuahtv　caused　bv　the　diU7erence　of　ar-p　　　t)　　､　　,　　　　　　　　　　　　　　　　　9　　　　　　　　　､･

iculat.ion　svstem　su(jh　ns　vo(ja.l　trad　lengt､h､vocal　folds　a､nd　so　oIE

Acoustic　held reverberation､cnvironmontal　nois(y

Acquisition positioning　and　(liroction　of　microphone,　dlaraderistics　of　micro-

phone,hmitation　and　distol↑tion　in　eledric　transmission　channel

uch　as　the　b4nd　width､ele(lric　noise　and　edlo,

istics　of　the　auditory　svstem　are　incorPo4ted　in　conventional　acoustic　analvses,　hl　the

simplest　case,　the　auditory-1ike　fre(luency　nxisdudl　as　the　Mel　scale　and　the　Bark　scale,

are　employed,　The　most　famousElture　l)nramcter　of　thiscaseis　Me1-mterbank　cepstra1

coemcient(MFCC)by　Davis　d　�t23L　ln　re(jent　res(4rehdhere　is　a　report　that　the　noise

robustness　of　MFCC　is　ahnost　thesalne　asthe　au(htory　models　l)roposed　by　SendAnd

Ghitza[24],A　few　complicatedcaseswhich　inc()rPorat(dhe　masking　phenomenon　of　the

auditory　system　are　RASTA-PLP　I)yH(?rlnansky　alld　MorOn　[251and　dyliamic　cepstm1

coemcients　by　Aihwa　d　a026L　ln　4nother　approach,sluoothed　gToup　delay　spedrum

(SGDS)has　been　proposed　by　ltakura　and　umez&k027j　･

　　Speech　enhancelnent　tedmiques,　which　are　thesecond　apProach　to　noise　robust　speech

recognition　are　intended　to　recover　either　the　wavdoHn　or　the　parameters　of　noisy　speech,

Most　useful　techniques　in　thisarea　are(1)spedTal　subtradion　[281　and　(2)feature　maP-

ping　from　the　noisy　feature　to　a　clean　one　[291　.　The　spectral　subtradion　technique　wa8

originally　develoPed　for　sPeedl　quality　imProvement　rather　thanrecognition,

　　Thirdly,the　speechlnodel　comPensation　tedlnique　is　mainly　used　for　HMM,　Forex-

ample､HMM　decomPositionand　HMM　(jomposition　tedlniquesareaPplied　to　HMM　to

model　noisy　speech　E30H31H32L

　　HeR5　we　brieny　described　severj　aPProadles　for　noise　robust　speech　recognition･　Fur-

ther　references　and　excellent　reviews　can　he　found　in　Gong　[141,Acero【20】and　Nakagawa

in　Japanese　[18L
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1.5　JBasic　ldea　and　Objedive　of　This　Dissertation

As　described　in　the　previous　sedion,　onc　of　the　l)ossible　aPProaches　to　robust　acoustic

analysis　is　to　simulate　the　human　auditory　Process　from　a　Physiological　point　of　view,　as

human　listeners　have　agood　performaHce　in　recognizing　speech　under　noisy　conditions｡

This　is　what　we　call　auditory　modehllm

　　ln　recent　studies　of　auditoFy　mod('1ingμhe　synchronousresponseof　the　auditorynerve

nring　and　its　Periodicity　extradioH　have　4ttraded　much　attention.　Forexanlple,Seneff

has　proposed　a　joint　synd1rony/m(MII-rat(]nodel,and　shown　that　distind　formant　peaks

can　be　extraded　by　a　generalized　synchrony　ddedor　(GSD)from　the　output　of　the

auditorynervenring　modeU21H33L　This　GSD　ddects　the　Periodicity　that　is　associated

with　the　inverse　of　the　center　frequellcy　of　the　cochlear　nlter,　Some　reports　in　which

Seners　model　wereapl)lied　to　speech　recognition　haveshown　that　theacoustic　features

extraded　by　the　auditory　model　aFe　robust　against　noise　l34H351,　Moreover,　Ghitza　has

proposed　an　ensemb1(Ontervj　histogram(EIH)computationalnlode1,and　shown　that

the　EIHencodes　the　relevant　phonetic　infonnationand　outperforms　the　Fourier　power

spedrum　in　the　presence　of　high　levels　on)a(jkground　noise　[22L　This　EIH　is　denned　as

theensenlble　histogram　of　the　inverse　of　several　leve1-crossing　intervals　in　the　auditory

nervenring,

　　A　key　to　theirsuccess　s(-?enls　to　b(ouhat　GSD　and　EIH　capture　the　extent　of　the

dominance　of　periodicities　in　the　auditory　nerve　nring,　asnoise　that　has　no　correlation

with　speech　does　noOnnuenc(Hhe　Periodi(jty　to　any　extent,　For　example,　suppose　that

the　periodicity　is　expressed　by　the　autocorrdation　function｡　lf　the　noise　is　white,　it　does

not　innuence　the　autocorrelati()11　function　exc(･pt　for　thezeroorder,　Hence,the　utihzation

of　periodicities　is　a　key　to　robustness　against　noise,

　　lf　the　periodieity　extradion　l)rocessing　is　focused　on,　Seneff　and　Ghitza's　modelscan

be　separated　into　an　auditorynervehrillgnlodel　and　a　periodicity-extradion　modeL　As

for　SenefPs　mode1,　the　form('r　is　the　criti(゛aH)and　nlter　bank　and　the　hajr　cell　synapse
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Figure　1,3:　Senefs　auditory　modeL　lt　consists　of　a　eritical　band　hlter　bank,　a　ha1r　cen

synapse　model　and　a･　synchrony　ddedol≒

mode1､and　the　latter　is　the　syllchrony　det('dor(Figure　1.3E　The　parameters　of　the　former

are　adjusted　to　match　existing　experimenta1　rcsults　of　the　physiology　of　the　auditory

periphery,

　　lf　such　a　precise　auditory　model　is　tlsed　as　the　front-end　of　a　speedl　recognition

system､however､would　it　be　the　most　suiuable　front-elld?()f　coursejt　would　be　if　the

post'processor　were　a　physiological　model　of　the　human　recognition　process;　howeverjn

thecaseof　using　a　pattern-matdling　apProach　such　as　Dynamic　Time　Warping　(DTW),o｢

a　statistical　approach　sudl　as　Hidden　Markov　Mode1　(HMM)､as　the　post-processorjt　can

not　be　conduded　becauseit　is　not　known　whether　sudl　a　post-processor　corresPonds　to　a

Physiological　model　of　the　human　recognition　process,　Such　Post-processors　require　intrF

category　variance-lninimization　and　inter-category　variance-maximization　for　the　front

end[361.Sincewe　areinterested　in　develoPing　a　l)ractical　signal　processing　model　as　the

front-end　of　a　speech　recognition　system,　we　will　only　foeus　on　its　subband　processing

instead　of　using　a　Precise　auditorynervenring　modeL

　　ln　this　research,　considering　the　standPoints　described　above,　a　new　signa1　Processing

model　basedon　subband　processing　and　Periodicity　extradionj･e･,　subband-autocorre‘

lation(SBCOR)analysis　technique　is　proposed,　Although　SBCOR　is　motivated　by　the

auditory　model　as　described　above,　we　will　develoP　it　as　a　signal　processing　technique,

7-



1.6　0utline　of　This　Dissertation

The　fonowing　Chapter　2　gives　a　basic　investigation　of　subband-autocorrelationanalysis

focused　on　nlterbank　analysis　and　Periodidty　extradion　assodated　with　the　inverseof

the　center　frequency　μ1　in　a　subband,　under　noisy　conditions　degraded　by　multiplicative

white　noise｡

　　Chapter　3　1ntroduces　another　imPlementation　of　SBCOR　based　on　the　results　obtained

in　Chapter　2,　Using　this　imP1(mmlltation,xveclarify　the　robustness　of　SBCOR　analysis　in

more　reahstic　adverse　env1ronments;　the　existence　of　three　additive　noises　and　waveform

distortion｡

　　ln　Chapter　4,　to　improve　the　robustness　of　SBCOR,　multi‘delay　weighting　(MDXV)

processing　is　descr1L)ed,･　MDVv　is　used　to　('xtract　Periodicity　using　not　only　the　autocorre-

lation　coemcient　at　yTj}1j)ut　also　a　weight('d　sum　of　autocorrelation　coemcients　at　integral

multiples　ofμy

　　As　a　straightforward　extension　of　SBCOR　for　multichannel　signal　processing,　ChaPter

5　describes　subband-crosscorrelatiol1　4nalysis　(SBXCOR)using　two　input　channel　signals.

　　Chapter　6　concludes　the　whole　dissertatioIL
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Chapter　2

Basic　lnvestigation　of

Subband-Autocorrelation　Analysis

2.1　　1ntroduction

ln　this　chaPter,　subband-autocorrelaGon　(SBCOR)analysis　t(xhnique　is　investigated　for

the　choice　o･f　both　the　mter　bank(subband　processing)and　the　periodicity　detedion　in

order　toextrad　acoustic　features　with　robustlless　against　noise　for　sPeech　reeognition,

　　This　chapter　is　construded　as　foHows,　The　foHowing　sedion　describes　the　methodo1-

ogy　of　the　proposed　SBCOR　analysis　tedlniqu(On　detai1,Sedions　2j　and　2,4　give　the

experimental　conditions　and　results　respedively.　Section　2,5　shows　an　analysis　example

of　speech　using　SBCOR　and　Section　2.6　condudes　the　whole　dlapter.

2.2　SBCOR　Analysis

2.2.1　Principle　of　SBCOR　analysis

SBCOR　analysis　is　based　on　nlter　bank　and　l)eriodicity　detedion　associated　with　the

inverse　of　the　center　frequency,　The　generalized　formula　is　denned　as　follows:

wherel

‰O)
―

― 7)[{(o),{(≒D,G]i　7kl
-

- 々,

Sn(0　:　SBCOR　coemcient　of　ah　channel　at　nth　analysis　frame
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　jP(‘):　Periodicity　ddedion　fulldion

μ1(T):　Autocorreldtion　fundion　of　zth　subband　signa1

　　　G　:　dh　chahne1≒controlling　term　for　weak　signals

　　£/i　:　Center　rrequency　of)th　subhand　siglml

xn(y):　Power　sl)edrum　of　sP(?ech　signa1

Details　of　the　band　pass　nlter　μj(/)and　the　periodicity　detection　fundion　PO　used　in

this　research　will　be　described　in　Section　2､｡3.

　　The　now　diagram　of　SBCOR　analysis　is　shown　in　Figure　2.L　First,　the　inPut　speech

signal　is　passed　through　the　nlter　hllk　{μ(y)},Then)n　the　Periodicity　detedor　of

each　channe1,　the　Periodicity　f()1'　th(゛time　d('1“y　n/i　asso(:iated　with　the　inverse　of　the

center　frequency　£1js(Mlcuhlt('d･　The　periodi(jty　detedion　is　performed　every　analysis

fram(E　The　array　{SnO)}of　the　output　of　each　l)eriodicity　detedor　is　interpreted　as　a

%pedrum"　and　we　rerer　to　it　as　the　“SBCOR　s1)edlum'≒

2.2.2　Difference　between　Conventiona1　Filter　Bank　Analysis

　　　　　and　SBCOR　Analysis

As　we　denned　above,　SBCOR　almlysis　is　a　modined　version　of　nlter　bank　analysis,　The

l)rincipal　difrerencebetween　the　conventional　nlter　bank　analysis　and　SBCOR　analysis　is

the　kind　of　feature　that　is　extraded　from　tlle　outl)ut　of　the　mter　bank;　the　conventional

mter　bank　anaiysis　calculates　the　sul)1)and　Power,　Le,μk(O),whereas　SBCOR　analysis

deteds　the　periodicity　of　the　subballd　sigllal,　which　is　associated　with　the　inverseof　the

center　frequ､ency　of　the　subband,　ForexanlPle,if　7)(J､X/,z)=y/J,SBCOR　calculates

μt(Tc/i)/Rtt(O)jJy　the　subband　autocorFelation　coemcient　at　lag　7cy　Namelyl　utihzing

not　only　μ4(O)but　also　μa(R/D　is　the　l)eculiarity　of　SBCOR･
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Figure　2j:　Flow　diagram　of　subband-autocorrelation　analysis
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2.2.3　F11ter　Bank　Design　and　Periodicity　Detection

Since　we　have　interests　to　develoP　a　practl(jal　systendor　the　front-end　of　speechrecognizer,

we　do　not　always　stick　to　thecodllear　filter,　Therefore,　we　will　investigate　what　kind　of

charaderistics　of　subband　filter　are　aPI)ropriate　for　speechrecognition　in　Sedions　2･,3　and

2.4,　Especially,　its　investigation　will　be　focused　on　the　band　width　(or　Q　value),the

spacing　of　center　frequencies　(th('linear　frequency　sPacing　or　the　Bark　scale　sPacing)and

the　shape　(Cochlear　nlter　shape　or　noO　of　eadl　subband　mter,　which　mainly　characterize

the　nlter　bank｡

　　ln　the　periodicity　detector,　aswedescribed　aboveμhe　periodicity　associated　with　the

inverse　of　the　center　frequency　7c/)s　deted�.　Heredhe　゛ord　“periodicity"　means　to

what　extent　a　signal　is　periodi(≒ln　this　research,　the　autocorrelation　coemcient　is　used　to

extra£t　the　periodicity,　However,　since　the　autocorrelation　coemcient　is　normalized　by　the

power,some　compensation　for　weak　signals　are　necessary　to　avoid　the　detedion　of　needless

periodicities,ln　Sedions　2.3　alld　2A　the　perio(Hcity　detedion　and　the　compensation

techniques　are　investigated,

2.3　ExperimentaI　Conditions

ln　this　and　next　sedions,　wedel‘nonstrate　how　to　conngure　the　mter　bank　and　the　Per1-

odidty　detedor　for　sPeech　reco04ion　under　dean　and　noisy　conditions,　using　SBCOR

analysis　as　a　front-end　of　a　speechrecognizer,

2.3.1　Recognizer　and　Database

A　standard　Dynamic　Tinle　Warl)illg(DTW)speaker-dePendent　isolated　word　recognizer

is　used,　The　local　path　constraint　is　a　symmetric　one　shown　in　Figure　2,2　and　performs

DP　matching　with　nxed　starting　and　ending　points[8]･

　　The　basic　database　consists　of　two　sets　of　550　hpanesecity　names　recorded　twice　by

nve　Japanese　rnale　speakers･　The　sampling　frequency　is　lOkHz･　The　nrst　set　isusedas
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1

1

Figure　2,2:　Xveigh('d　DP　path　used　in　therecognition,

ichikawaヽ､DI,-､｡､/　ichikawa

ichihara
　D

D4

ichihara

　　　　　　　　Template　　　　　　　　　　　Test　Pattem

Figure　2ヽ3:　An　example　of　word　pair　recognition　(D1,D2,　D3　and　D4　represent　the
distance　between　the　referenccPattern　and　the　test　pattern.　Xvhen　Di≪D2　and　D4≪D3,

the　words　“ichikawa"　and　“ichihara"　are　corredlyrecognized),
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wako:

oga

toda

toba

tama

kaga

8akai

naLra

kuJI

uJI

ku}1

kitami

chiba

mut8u

kamaj8hi

takahagi

hamada

m£kasa

h1rakata

hirata

hino

takikawa

kashiwara

Tabl(･2↓68　JaPanese　city　name　pairs

ako:

koga

noda

tosa

zanla

saga

kasai

naha

huJI

huJI

uJI

itami

chita

huttsu

takaish1

takasakl

yamada

mitaka

hirata

h1rara

chino

taehikawa

ka8hihara

sunagawa

hukawaga

yono

yashio

toyosak,a

mobara

oyama

okaya

o:da
morioka

cyo:hu

o:tsu

o:tsu

o:muta

to:no

gobo:

kakuda

matsuzaka

matsuyama

matsuzaka

O:lne

o:date

takayama

sukagawa

sakagawa

ono

yachiyo

toyonaka

obama

toyama

okayama

onoda

tomioka

ko:hu

go:tsu

o:bu

O:lnUra

O:n.0

gojo:
katsuta

matsubara

matsubara

matsuyama

ko:be

o:take

takahama

takahama

takayama

sagae

sanJo:

hukui

huku8hima

utsunomiya

ito

kiryu

handa

iwatsuki
kamogawa

ichikawa

matsudo

tsushima

atsugi

nagaoka

takaoka

enzan

izumi

hamamatsu
●　　●　　　S

lchmomlya

wakayama

sabae

aRJo:

tsukumi

hukuchiyama
●　　●　　　●

lchmomlya

mito

chiryu

sanda

iwakuni
kakogawa

ichmara

matsuto:

kushima

yasugl

takaoka

kasaoka

takamatsu

mshmomlya

the　refeRnce　pattems　and　the　second　setj　whichxvassPoken　a　week　laterjsused　as　the

test　Patterns　Since　the　following(?xp(?riments　are　speaker-dependent　wordrecognition,

we　will　get　a　very　highrecognition　rat(　Therdore,so　as　to　clarify　the　diflerences　of　the

performance,　we　seleded　68　pairs　of　city　n4mes　with　phonetically　similarnanles(Table　1)､

and　performed　DP　matching　betw(`(Hl　each　l)air(Figure　2.3)[37,　271.　Each　pair　is　assumed

to　be　easily　mistaken　in　recognitioIL　The　resultingrecognition　rate　isaveraged　for　nve

speakers,

　　To　examine　the　robustness　against　noise,　white　noise　is　added　to　the　test　patterns,

The　white　noise　used　here　is　the　Hmltjl)hcative　signa1-dependent　white　noise　denned　as

fonows:

　　　　　　　　　　　　　　jO)=s(○(1+Eφo)､z=10　1oglo　j　　　　　　　　　(2.2)
where　s(n)is　the　clean　speech　signalμ(n)is　the　noisy　speech　signal,　a　is　the　relative　noise

amplitude,　z　is　the　desired　signal　to　noise　raU()(SNR)and　r(n)isauniformly　distributed

random　number　between　-1　t()L　Sincc　the　SNR　of　the　noisy　speech　signal　is　constant
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anywhere,wecan　demonstrate　the　quanUtative　char4deristics　of　the　robustness,　The

SNR　is　examined　for　four　casesdmmdy　z=(XD{OdO　and　OdB｡

2.3.2　Types　of　Filter　l3ank

Five　types　of　nlter　bank　shown　in　Figure　2,4　ar(･used,which　are　ditferent　in　the　band

widths,thecenter　frequencies　411d　the　shap(y　AIl　of　the　mter　banks　consist　of　16　band

pass　hlters,

L　FIR-13PF〕BARK　nlter　bank(yonsists　of　hnite　impulse　response(FIR)band　pass

　　nlters　with　band　width　of　l　B4rk,　The　eenter　frequencies　of　the　hlters　are　equally

　　spaced　on　the　Bark　scale　between　4　nnd　17Bark,

2,　FIR-BPFBXv　nlter　bank　consists　of　F1R　I)alld　Pass　hlters　with　a　constant　band

　　width　for　all　nlters,　The　center　frequellci(s　of　the　nlters　are　equally　spaced　on

　　the　Ba.rk　scale　between　4,　and　17Bdl{　Band　widths　of　500,　400　and　300Hz　are

　　investigated,

3,　11R-BPFq　nlter　bank　consists　of　s(･cond　order　innnite　impulse　response　(liR)

　　band　pass　nlters　with　hxed　(}The　center　frequencies　are　equally　spaced　on　the

　　Bark　scale　between　4　and　17Bark,　The　q　values　of　LOI,　1.5,2,0,2j　and　3,0　are

　　investigated,

4,　11R-LBPFQ　nlter　bank　consists　of　second　order　IIR　band　Pass　nlters　with　axed

　　Q.　Thecenter　frequenciesaree(1ually　spaced　on　the　linear　frequency　scale　between

　　400　and　3892Hz,　The　Q　values　of　LO,　L5,　2,0,　2,　5　and　3　j　are　investigated.

5.FQF-BPFq　nlter　bank　consists　of　coddear　nlters　with　nxed　Q｡　The　center　fre-

　　quenciesareequally　spaced　on　the　Bark　scale　t)etween　4　and　17Bark,　This　cochlear

　　nlter　is　the　one　without　adaPtiv('Q　circuits　Proposed　by　H1rahara[38],The　Q　values

　　of　L0,1,5,2,0,2j　and　3,0　are　investigated,
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Figure　2,4:　Five　types　of　nlter　bank　investigated,
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The　conversion　to　the　Bark　scalexvasddned　by　the　following　set　of　equations[211

1
　
　
　
=　
　
　
D

　
　
　
C

　
　
　
β

omy O≦/≪500

ojo7y+L5　　5oo≦y≪122o　,

6.0　1og　y　-　32,6　122o　≦j

where　/　is　the　frequency　in　Hertz,　andμis　the　frequency　in　Bark,

2.3.3　Types　of　Periodicity　Detector

We　introduce　three　types　of　Periodicity　detector　considering　the　emphasis　of　the　autocor-

relation　and　the　compensation　for　weak　sigllals,　and　investigate　which　is　the　most　suitable

for　speechrecognition.　ln　the　following　equah()ns,{(0　represents　dh　subband　signaL

ln　calculating　Rk(Tc/A　we　used　an　eight　point　l)olynomiahnterpolation　tedlnique･

　L　COR　method　is　dehned　as　a　modined　autocorrelation　coemcient､

‰(0　=
£{≒(0μμ-R･)}_　X(≒D

£{(‰)}+G　　M(O)+ci

ln　this　caseμhe　Periodicity　detedion　fulytion　PO　is

&(0
-

-

φ〃㎜｢

-

F(≠y,z)

μ(≠y,z)=

1+

M(o)

-

-
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(2,3)

(2.4)

(2.5)

(2,6)

(2,7)

　y
-

J+Z

2∠MGSD　method　is　the　lnodined　generalized　synchrony　detedor　(MGSD),The

　MGSD　is　denned　by　the　ratio　of　the　estimated　power　of　a　summation　waveform　to

　the　estimated　power　of　a　difference　waveform,　This　MGSD　method　emphasizes　the

　positive　correlation.

£{[‰(0+4(E≒,)]2}

£{[Å(0-{(£-≒)F}+q

{(≒j
-

R(o)

2R(oy

ln　this　case,　the　periodicity　detedion　function　7)(‘)is

　1+£

TT≒-
1‾y+E‘



3.FISHKR　method　is　bas(,d　on　the　Fisher　transformation　used　in　statistics｡　The

　FISHER　method　emPhasizes　strong　corrclatioIL

‰O) ―
　
　
　
　
　
n

　
　
　
　
　
o

　
　
　
　
　
l

　
　
　
l
l
W
Z

　
　
　
　
　
= 1+

1-

{(m)
ー

{(O)
ー

{(≒)
ー

{(O)

in　this　case,　the　Periodi(jy　deodion　fundion　/)Ois

PO≒μ､z)

2.3.4　Evaluation　M〕ethods

　
m
{
)

　
h

l
W
z

　
　
=

C
1+L

__JL

μ
】
£

　
{

　
I

The　experiments　are　performed　ildonowillg　t,hree　steps

j (2,8)

(2,9)

X
ー
ー
ー
1
/

Rxperiment　l

　　First,we　evaluate　wlmt　tyl)(･of　Hlter　l)ank　is　suitable　in　sPeechrecognition　in　the　case

of　using　the　COR　method　as　the　perio(hcity　ddGλ)r,　Thecontromng　term　G　for　weak

signals　is　determined　by　the　rdtio　of　G　to　theaveraged　frame　Power　for　each　channeL

Experiment　2

　　Second,we　evaluate　what　type　on)eriodi(jty　detedor　is　suitable　in　the　case　of　using

the　IIR-BPFQ　mter　bank.The　tenn　G　is　set　to　O　in　accordance　with　the　results　of　the

nrst　experiment,

Experiment　3

　　Finally,we　coml)are　the　performan(le　of　SBCOR　spedrum　with　those　of　the　other　two

speech-analysis　techniques,

　　ln　the　experiment,　hrstly,　to　investigdte　the　efred　for　deteding　the　periodicity　at

μ1､the　best　perfomlance　of　the　SBCOR　sl)t'drum　is　compared　with　that　of　the　power
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detedion　version､　whidl　is　referred　toasSBPOXVERjn　the　case　of　usin　the　same　niter　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　g

bank　of　SBCOR　analysk　ln　another　゛o�,SBPONVER　detects　the　average　power　of　the

subb,and　signal　instead　of　the　autocorrelation　at{jy

　　Second,　to　show　the　robustness　under　noisy　conditions,the　perforrnanceofSBCOR

spedrum　is　comPared　゛ith　th“t　of　the　smoothed　uoup　(11e14y　sPedrum　(SGDS),a1ready

shown　to　be　robust[37,27､3%The　SGDS　is　the　s1)eedl　representation　based　on　the　group

delay　charaderistic　of　the　speech　signa1,and　denned　as　the　derivative　of　theslnoothed

phasesPedrum　of　a　p　th　order　all　Pole　nlter;

φ　=　y

μa(z)=

az

1+

O≪7<1　for　2T

I

Σ
E=l

､〃　　〃〃

ajJ　z

ー

- 1y≒μ

wherel

#&(2):　transfer　fundion　of　the　smoothed　all　pole　nlter

　　　ai　:　2　th　LPC　coemcient

　　　&i　:　£th　LPC　coemcient　smoothed　by　?

　　　7　:　smoothing　parameter

ln　order　to　comPare　the　performance　of　SBCOR　with　that　of　SGDS　under　exadly　the

salne　conditions,theanalysis　frequency　points　of　SGDSarechosento　be　thesaRlecenter

frequencies　as　those　of　SBCOR,

2.4　ExperimentaI　Results

2.4.1　Choice　of　F11ter　〕Bank　:　Experiment　l

The　best　results　under　SNR　OdB　(heavy　noise　conditions)areshown　in　Figure　2,5　and　the

parameters　of　the　nlter　bank　are　shown　in　Table　22　(the　conditions　shown　in　Table　2.2　are
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Figure　2,5:　Recognition　rates　(%)for　hve　SBCOR　analysis.　They　use　the　same　periodicity

detector(COR　method)､but　ditFer　in　the　tyPe　of　mter　bank,
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Table　2,2:　Optimum]onditions　in　Experiment　1

FILTER　BANK PERIODICITY　DETECTION

TYPE BXV CF SHAPE 4

FIR-BPFBARK IBARK BARK SYMMETRIC OPTIMIZED

FIR-BPFBXV 300HZ BARK SYMMETRIC OPTIMIZED

IIFFBPFQ Q=LO BARK SYMMETRIC 0.0

HR-LBPFQ Q=LO LINEAR SYMMETRIC O｡0

FQF-BPFQ Q=1.0 BARK COCHLEAR OPTIMIZED

〃=　　J　　　r　　　　r　　　　　　　　　　l　　　　　　j　　　　lj　　j7(BXV:　Balld　xvidth,　CF:　Center　Frequency)

oPtimum　for　SNR　OdB,　but　not　necessarily　oPtimum　for　other　SNRsy　The　coml)arison

was　made　as　a　fundion　of　SNR.

　　These　results　are　summarized　into　three　points,　First,　the　cochlear　hlter　bank　(FQF-

BPFQ)is　better　thanany　other　hlter　bank　among　all　conditions,but　the　difrerences　of

the　perforrnancebetween　the　FQF,BPFQ　and　HR-BPFQ　mter　banksare　not　signmcant･

Accordinglyjt　seems　that　the　shape　of　the　cochlear　nlter　is　not　crucial　in　SBCOR　analysis･

Second,　the　nxed　Q　nlter　banks,　sudl　as　the　FQF-BPFQ　and　IIR-BPFQ　nlter　banks,

give　a　better　recognition　rate　than　the　constant-band-width　nlter　banks,　such　as　the

FIR-BPFBXV　and　FIR-BPFBARK　hlter　banks.　Third,　the　nlter　banks　whose　center

frequenciesareequally　sPaced　on　the　Bark　scale,　such　as　the　IIR-BPFQ　and　FQF-BPFQ

nlter　banks,are　17nuch　better　than　those　whose　center　frequencies　are　equally　spaced　on

the　linear　frequency　scale,　such　as　the　IIR-LBPFQ　nlter　bank,

　　Thusjt　is　darmed　tha,t　the　nxed　Q　hlter　bank　whose　center　frequenciesareequally

spaced　on　the　Bark　scale　should　be　used　in　the　SBCOR　analysis.　VVhether　the　nlter　shape

is　similar　to　the　cochlear　nlter　or　not　is　not　cmciaL
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Figure　2,6:　Recognition　rates　(%)ohtained　by　three　SBCORs､　SBPOWER　and　SGDS

(optimum　?=Oj25).The　SBCORsusethesalnenlter　bank　(IIR-BPFQ)､but　difler　in
their　periodicity　detedors･
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2,4.2　Choice　of　Periodicity　Detedor: 〕Experiment　2

The　exPerimentj　results　in　the　ol)timun〕l　case　(Q=LO)areshown　in　Figure　2t　The

comParison　was　madeasafundion　of　SNR･　The　best　Performance　is　obtjned　using　the

COR　method　among　all　conditions.　Thus)t　is　not　necessary　to　emPhasize　the　dim･rence

of　correlation　in　SBCOR　analysis､

2.4.3　Comparison　with　SBPOXVER　and　SGDS:　Experiment　3

lt　is　shown　in　Figure　2,6　that　the　best　l)erformance　of　SBCOR　spedrum　iscorrlparable　to

SGDS　under　dean　condition　a･nd　far　sul)erior　under　noisy　conditions.　ln　noisy　situations

ofSNR　OdB,　therecognition　rate　of　SBCOI{islnorethan　10%higher　than　that　of　SGDS,

　　As　for　the　comparison　with　SBPOXVER,　while　the　Performance　of　SBPONVER　is　the

worst　under　a　high　SNR　because　of　the　low　frequency　resolution　(i,(y,Q=LO)jt　is　the

best　under　noisy　conditions.　This　indicat(･s　that　the　l)atterns　smeared　by　noisearedoser

to　the　low　frequency　resolution　patt('rns　by　Q=LO,　However,　the　average　performance

of　SBPOXVER　under　all　conditions　xvas86j%､while　that　of　SBCOR　was　89j‰Henee,

the　comparison　with　SBPOXVER　illdicates　th4t　the　periodicity　detedion　of　∫jl　is　much

better　than　the　power　detedion　method,　whenall　conditions　are　considered｡

2.5　Analysis　Examples

Theanjysis　examples　of　the　SBCOR　sPedrum,　smoothed　group　delay　sPedrum　(SGDS)

and　FFT　spedrum　are　presented　in　Figures　2,7　and　2,8　under　dean　and　noisy　conditions.

The　input　speech　is　the　utterance　“bakuonga"　spoken　by　a　male　sPeaker,　The　sampling

frequency　is　10kHz,　The　noisy　sPcech　of　SNR　OdB　was　created　by　adding　the　multiplicative

signa1-dependent　white　noise　to　the　utterance,　The　length　and　shift　of　theanalysis　frame

are20　and　5ms　respedively,　The　number　of　channels　of　SBCOR　sPedrum　and　SGDS　is

128　bet゛een　4　and　17Bark,　FFT　sPedrum　was　calculated　by　a　256　point　FFT.The　other

anjysis　conditions　are　shown　in　Table　2λ
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Table　2j:　Analysis　conditiolls　R)r　SBCOR,　SGDS　and　FFT　spectrum,

METHOD CONDITIONS

SBCOR　SPECTRUM
hlter　1)ank:　m{-BPFQ(Q=Lo);

periodicity　detedor:　COR　method　(q=OE

SGDS

LPC　analysis　order:　10;　?　:　0,925;

lmlysis　window:　hammillg･

FFT　SPECTRUM

amllysis　window:　hamming;

nl)ut　sigllal:　I)E(y(･mPhasized,

　　lt　can　be　seen　that　SBCOR　spedFum　extrads　important　speech　Properties　like　spec-

tral　bars　related　to　the　nrst　formant　seen　also　in　SGDS　and　FFT　spedrum,　and　shows　the

sharpness　of　both　onset　and　oSet　for　dihrent　speech　segments　under　dean　conditions

(Figure　2･7)･As　distind　from　SGDS　and　FFT　spedra,　however,　the　SBCOR　spectrum

does　not　necessarily　extra£t　higher　formants,　Undernoisy　conditions,　the　SBCOR　spec-

trum　preserves　more　information　ul)to　4bout　10　Bark　than　the　other　spedra　(Figure

2,8),

2.6　Conclusions

ln　this　chapter,　we　proposed　subband‘autocorrelation　analysis　as　a　new　signal　anjysis

technique　to　beused　as　the　front-end　of　sl)eechrecognition,　and　investigated　the　choice

of　mter　bank　and　periodicity　detector　ullder　clean　and　noisy　conditions｡

　　Our　experimenta1　results　using　a　speaker-dependent　DTW　isolated　word　recognizer

showed　that　the　most　suitable　nlted)ank　and　periodicity　detection　methodare　anxed　Q

nlter　bank　whose　center　frequenciesareequally　spaeed　on　the　Bark　scale,　and　a　conven-

tional　autocorrelation　detection,　without]ontroHing　weak　signals,　respectively,　VVhether

the　nlter　shape　is　similar　to　t　he　c()chlear　mtG　or　not　is　not　crucia1,　SBCOR　spectrum
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extra£ted　under　these　conhgurations　performs　equally　as　wellas　slnoothed　group　delay

sPedrum　under　dean　conditions･　and　much　better　under　noisy　conditions･

　　Although　we　could　demonstrate　experimeHtjly　tllat　SBCOR　analysis　is　robust　agjnst

the　multiphcative　white　noise,　we　should　also　give　the　reason　based　on　the　analysis　charac-

teristics.Furthermore,we　should　investigate　the　Pel{ormance　of　SBCOR　fornlorerealistic

noises,and　the　perforrnanceof　SBCOR　in　the　case　of　using　HMM　as　the　back-end,　These

Points　w111　be　investigated　in　th('foHowing　Chapolx
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ChaPter　3

Robustnessof　SBCOR　Analysis

against　Additive　Noises　and

`Waveform　Distortion

3.1　　1ntroduction

To　address　the　problem　of　the　noise　robustness　in　sl)eechrecognizer,　we　proPosed　subband-

autocorrelation(SBCOR)allalysis　in　Chapter　2,　1t　isa　neM/signal　processing　technique

based　on　niter　bank　analysis　followed　l)y　auto(jorrelation　ealculation　to　extra£t　Periodic-

ities　induded　in　speech　signaL　ln　ChaPter　2,　various　implementationsof　SBCOR　were

compared　under　noisy　conditions　am'ded　by　the　multiPlicative　signal-dependent　white

noise,　The　experimenta1　results　showed　about　10%better　results　than　smoothed　group

delay　spedrum　(SGDS)in　the　best(41se　under　signa1-to-noise　ratio　(SNR)OdB,

　　ln　this　chapter,　we　introduce　another　implcmentation　of　SBCOR　based　on　VViener-

Khinchin　Theorem,　Using　the　implement4tion,　we　clarify　the　robustness　of　SBCOR　ana1-

ysis　in　more　realistic　adverse　environments;　t41e　existence　of　three　additive　noises　and　a

waveform　distortion,　Furthermore,　the　etf(`d　of　back‘end　patternrecognition　method　is

discussed　by　comparing　the　recognition　pGk)rmances　of　a　Dynamic　Time　Warping　(DTW)

word　recognizer　and　a　Hidden　Markov　Mode1　(HMM)phonenle　recognizer･

　　This　chapter　is　organized　as　follows･　The　following　sedion　describes　the　new　imple-

mentation　of　the　proposed　SBCOR　analysis　technique　in　detaiL　Section　3,3　investigates
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the　robustness　against　three　additj`'e　noises;　the　Gaussian　゛hite　noiseμhe　human　speech-

like　noise　and　a　computer　room　noise　in　the　context　of　DTNv　word　recognitionandHMM

Phoneme　recognition･　ln　Sedion　3.4･　the　robustness　against　zero-crossing　distortion　is

investigated,as　anexarnPle　ofseverewavefoHn　distortion｡Sed,ion　3.5sulnlnarizes　and

condudes　this　chapter｡

3.2　Redennition　of　SBCOR　Analysis

3.2.1　　1M〕ethod

SBCOR　anjysis　isonthe　basis　of　hlter　b&nk　and　autocorrelation　anjysis,　and　aims　to

extra£t　periodicities　assodated　with　the　inverse　of　the　center　frequency　yy　in　a　subband,
as　described　in　Chapter　2,　The　Prin(:ipal　diferencebetween　the　conventional　nlter　bank

analysis　and　SBCOR　is　what　kind　of　feature　is　(･xtraded　from　the　output　of　the　nlter

bank;　the　conventional　nlter　bank　analysis　deteds　the　power,　whereas　SBCOR　deteds

the　periodicityofμy

　　As　shown　in　the　Previous　chaPter,　the　most　suitable　hlter　bank　and　periodicity　de‘

tedion　methodare　anxed　Q　nlter　bank　whose　center　frequenciesareequally　spaced　on

the　Bark　scale,　and　a　conventional　autocorrelation　detedion,　without　contromng　weak

signals,　respectively.　VVhether　the　nlter　shaPe　is　similar　to　the　cochlear　nlter　or　not　is

not　crudal.　Based　on　these　results,　SBCOR　used　in　this　and　the　following　chapters　is

re-denned　by

&(0=
μE(≠7,)　　　　-1
∇Rjj‾･TJ=A/, (3,1)

(3.2)

The　subband　mterbank　{R(y)}eonsists　of　nxed　Q　Gaussian　band　Pass　filters　(BPFs)

whose　center　frequenciesareequally　spaced　on　the　Bark　scale.　Each　BPF　is　defined　by

IR(y)12 -

- 1

e‾2G(F≒)≒∫≧0

IW{)12,/<0,
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　　Figure　3.1　shows　the　How-diagmm　of　SBCOI{implemented　by　the　fast　Fourier　trans-

form(FFT)for　the　subband　filtering　and　the(Mlculation　of　autocorrelation　coemcients

based　on　Equations　(3,1)and(3,2),E)r　n　th　analysis　framedhe　jth　subband　nltering　is

perf6rmed　by　multiplying　the　power　spedrum　A≒(/)by　the　characteristics　of　the　subband

mter　l　R(/)12,　The　subband　autocolTe]ation　coemdents　are　calculated　by　the　inverse

FFT　of　the　subband　power　sPedrunO　μ,(y)12A≒(y),Then､the　autocorrelation　coem-

(jent　snO)at　the　lag　7c/o　゛hich　is　asso(jalj('d　゛ith　the　in゛erse　of　the　center　frequency　μy

is　Picked　uP.　The　nlter　bank　consisLs　of　128　BPFs　n)r　analysis　examples　(Figures3j4　and

3j5)and　16　BPFs　for　recogniGon　exl)('riments　in　Sedion　3,3　and　3,4　(See　Figure　3.2).

　　Note　that　the　implementation　of　suhl)alld　nlt('ring　and　autocorrelation　calculation

using　FFT　is　computationaliy　more　em(j(･nt　than　theone　in　the　time　domjn,　as　in

Chapter　2,

3.2.2　1nterpretation　of　SBCOR　Analysis　in　Frequency　Domain

From　the　Wiener-Khinchin　theorem,　SBCjORcan　be　interPreted　as　the　weighted　sum

for　power　spectrum　xn(/)in　the　fFe(luellcy　domain,　ln　the　case,　the　weighting　function

m(∫)is

U≒(/)
-

- yμ))os　27r/‰ (3,5)

As　shown　in　Figure　3j,　the　H{(/)shows　that　SBCOR　analysis　has　the　lateral　inhibitive

effect　centered　at　£∫for　power　spEtrunl　of　speed1･　Since　the　emphasis　of　spectrj　contrast

by　such　lateral　inhibition　improves　the　robustness　against　noise[40]jt　indicates　that　the

robustness　of　the　SBCOR　is　due　to　this　lateral　inhibition　efled.

-30-



|T｢

□

●　FRAME-BY-FRAME

E
FRAME　SIGNAL

=‰j
POWR　SPECTRUM

xgφ

●

□={□IFFT　　　　　W

→

-⑨

L⊇
SBCOR　SPECTRUK

&㈲

→E
&μ,φ

　1

--HH
FIXED　O　GAUSSIAN　　　SUBBAND　POWER　　　SUBBAND　AUTO-

　　FILTERBANK　　　　　　　SPECTRUM　　CORRELATIONCOEFFICIENTS

Figure　3,1:　Flow　diagram　of　SBCOR　implemented　by　FFT,

-31-



0

10

3
　
3

　
`
　
　
　
　
″　

【
m
s
】
}
(
←

t'

1:
―

-40

50

-60

0 1000 　2000　　3000　　4000　　5000

FREOUENCY[Hz】

Figure　3,2:　Fixed　Q　Gaussian　nlter　l)ank　whose　center　frequenciesareequany　spaced　on
the　Bark　scale｡

3.3　Evaluation　for　Additive　Noises

ln　this　sedion,　we　will　investigate　the　robustness　against　three　different　additive　noises,

The　investigation　is　performed　using　l)oth　a　DTVV　word　recognizer　and　a　HMM　phoneme

recognizer　in　order　to　examine　the　etted　of　back-end　pattern　recognmon　method,

3.3.1　ExperimentaI　Conditions

Three　Additive　Noises

The　Gaussian　white　noisc,　hurnansPeech-like　noise　and　a　computerrooln　noise　are　gen-

erated　or　recorded　by　the　followingxvays:

●GausjanW7ulc　yozse

　The　white　noise　was　genemted　using　a　Gaussian　random-number　generator　on　com-

　puter･
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●μuman　4eec/1-Z&eyvθzsc(#S£nozsφ

　The　HSL　noise　is　a　kind　of　bubble　noise,　which　simulates　when　a　lot　of　people

　are　talking　simultaneously,　as　ill　the　cocktail　party,　The　HSL　noise　was　generated

　by　overlapping　cyclically　a　long　sPeech　signal　to　a　nxed-1ength　butrer,　The　long

　speech　signal　was　prePared　by　c()llcatellating　3,200　Phrases　of　the　ASJ　continuous

　speech　corpus,　The　signal　is　about　4,6　hours　long,　The　nxed-1ength　buffer　is　three

　seconds　long.　Each　phrasexvas　normalized　by　the　maximum　absolute　amPlitude　in

　the　Phrase,　The　Power　sPedrum　density　has　a　peak　at　about　250Hz,　and　the　slope

　in　the　higher　£requency　range　is　about　10　dB/Od　(Figure　3{)･lt　indicates　that　the

　SNRs　are　almost　the　same　in　any　subband,

　The　speech　feature　induded　in　HSL　noise　will　be　investigated　subjedively　and

　obμctively　in　ApPendix　A,

●Comp�eΓμθom　yVoise
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The　noise　in　a,　computerrooln　xvasrecorded　using&microphone,as　an　example　of

reahstic　environmelltJ　noises,　The　Power　sPedlum　has　several　sharp　peaks　(Figure

3,5),

Back-End　Recognition　Methods

The　robustness　of　SBCOR　against　these　tyPes　of　noise　areevjuated　by　the　foHowing

speaker-dependent　reeognkion　exPeriments　using　DTW　and　HMyL

●£)7H/wθRl　mc9nμmn

　The　same　standard　DTXv　speaker-d(jpendentjsolated　wordrecognizer　used　in　Chap-

　ter　2　isused｡Therecognition　task　is　a　68　word-pair　discrimination,Each　pair　is　a

　phoneticany　similar　city　name　pair,　sdeded　from　a　550　･Japanesecitynanledatabase

　recorded　twice　by　nve　JaPanese　maie　sP(･akers,　Thesampling　rate　is　lO　kHz,The

　nrst　set　is　used　as　the　ref(･rence　l)au(･rn　alld　the　second　set,　which　was　sl)oken　a

　week　laterjsused　as　the　test　patterlL　The　re(jognition　rate　is　given　by　the　average

　for　the　nve　sPeakers.

●μIML/■　p/£o7lemen2c9nmon

　The　task　is　the　speaker-dePend(mt　23　phoneme　recognition,Each　phone　model

　has　3　states　of　7　colnponent　mixture　Gaussian,　The　parameter　estimation　was

　performed　using　the　2620　even-numb('red　words　from　the　ATR　Japanese5240　word

　sPeech　database(two　male　and　two　female　sPeakersy　The　speech　data　for　tests　were

　coneded　from　the　odd-numbered　2620　words,　The　sampling　rate　is　10　kHz,　The

　recognition　rate　is　given　by　the　average　for　the　4　speakers･

SRCOR　and　Reference　Feature　Parameters

under　the　above　experimental　conditionsμhe　robustness　of　SBCOR　is　investigated.　More-

overjn　order　to　show　the　effediveness　undernoisy　conditions,　the　performance　of　SBCOR
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is　compared　with　those　of　the　smoothed　grouP　delay　spedrum　(SGDS)[41]and　mel　nlter

bank　cepstrj　coemcient　(MFCC)【23L

　　ヽ●SβC07?

　　　The　value　of　Q　is　investigated　for　O.5,　1　,　0,　L　5　,　2,0,　2･　5,　3･O･　The　center　frequency

　　　of　BPFsareequally　spaced　on　the　Bark　scale　between　4　and　17　Bark･

　　●Sma�/z�Gmzzβ£)d4μ4cdmmμGny

　　　SGDS　is　calculated　as　il1　Sedl()112λln　order　to　comPare　the　performance　of　SB-

　　　COR　with　that　of　SGDS　under　exadly　thesalne　conditions,　theanalysis　frequency

　　　points　of　SGDS　werechos(mtol)e　thesanle　as　the　center　frequencies　of　SBCOR,

　　　ln　the　experimellts,　the　value　of　?　is　investigated　for　O.85,　0.875,0,9,0.925,0,95,

　　　0,975,LO.

　　●Mdμler　k4　c9μmOo9μOe�φWFCO

　　　MFCC　is　commonly　used　spceddeature　in　sl)eechrecognizer[23],　ln　recent　research,

　　　the　noise　robustness　of　M　FCC　is　almost　the　same　as　the　auditory　models　proposed　by

　　　Seneff　and　GhitzaL24L　ln　this　exl)eriment,　MFCC　is　calculated　using　the　triangular

　　　shape　mel　mter　bank,　The　number　of　dlalmels　is　investigated　for　20,　24､28,32.

　　1n　extra£ting　all　feature　Paralnetcrs{he　analysis　frame　length　and　shift　are　20ms　and

10ms,　respedively,　The　dimension　of　eadl　n?ature　is　16.　The　global　signj-to-noise　ratios

(SNRs)used　in　testingare20､10,5　and　odB,

3.3.2　Recognition　Results

The　best　performances　of　SBCOR,　SGDS　and　MFCCareshown　in　Figures3£-3jl　for

the　DTVV　wordrecognition　and　the　HNIM　Phoncme　recognition.　ln　comparing　the　perfor-

mances　among　SBCOR､　SGDS　and　MFC7C,　the　analysis　Parametersj,e,､　Q　in　SBCOR,　?

in　SGDS　and　the　number　of　channels　in　MFCC､that　attained　the　best　results　under　jl

conditions　are　selected　(Tablc　3j)｡
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Table　31:　The　best　Paramet('rs　in　extra(ling　SBCOR,　SGDS　and　MFCC　for　(a)DTW

word　recognition　and　(b)HMM　phonclneFccognition.

(a

　　　TYPE　OF　NOISE

GAUSSIAN　XVHITE　NOISE

　　　　　HSL　NOISE

COMPUTER　ROOM　NOISE

DTXv　word　recognition

Q(SBCOR)?(SGDS)#of　channe1(MFCC)

1.5

2.0

L5

Oj25

0.95

0j5

(}))HMM　Phon(,me　recognition

　　　TYPE　OF　NOISE

GAUSSIAN　XVHITE　NOiSE

　　　　　HSL　NOISE

COMPUTER　R｡OOM　NOISE

DTVV　VVord　Recognition

(
X
)
　
　
(
X
{
)

9
』
　
　
4
Z

28

Q(SBC()㈲　?(SGDS)#of　dlanne1(MFCC)

L5

2､0

L5

0.925

0.925

0j75

9
″
　
　
{
2

Q
U
　
　
9
a

32

　　For　the　Gaussian　white　noise,　SBC()R　pel{orms　much　better　than　SGDS　and　MFCC

under　noisy　conditions,　At　the　SNR　10dB　or　lowerdherecognition　rates　are　improved

about　7　to　9%for　SGDS　and　about　H　to　16%for　MFCC｡　For　the　HSL　noise,　since

the　differences　of　the　performance　bdwe(M1　SBCOR　and　SGDS　are　about　l　to　2%,the

performacen　of　SBCOR　under　HSL　noise　is　comparable　to　that　of　SGDS,　0n　the　other

hand,SBCOR　outperforlnsMFCC　considera1)ly.　For　the　computer　room　noise,　although

SBCOR　outperforms　SGDS　and　MFCC　under　SNR　OdB,　the　performances　of　them　are

comparable　on　the　average,

　　From　these　results,　we　can　summarize　that　the　robustness　of　SBCOR　is　considerably

better　than　those　of　SGDS　and　MFCC　under　the　Gaussian　white　noise　and　that　of　MFCC

under　the　HSL　noise､　while　it　is　almost　comparable　to　those　of　SGDS　and　MFCC　under

the　computer　room　noise　and　SGDS　under　the　HSL　noise,
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HMM〕Phoneme　Recognition

For　the　Gaussian　white　noisedh(njerformances　of　SBCOR　are　about,　4　to　8%better　than

thoseof　SGDS　and　MFCC,　For　th(･cases　of　the　HSL　noise　and　and　the　computer　room

noise,the　differences　of　the　l)erformances　dmong　SBCOR､　SGDS　and　MFCCareabout

2%or　less　below　SNR　10dB｡

3.3.3　Short　Summary

ln　summary　of　this　sedion,　we　clarm(`dt}mt　SBCOR　is　much　more　robust　than　SGDS

and　MFCC　under　the　Gaussian　wl14e　nois(≒but　SBCOR　does　not　jways　outperform

SGDS　and　MFCC　signmcantly　under　the　HSL　Iloise　and　the　computer　room　nois(E　These

indicate　that　SBCOR　does　not　Perform　w('1hn　the　real　acoustic　environment　where　noises

do　not　have　nat　spedrum,

3.4　Evaluation　R)r　VVavefk)rm　Distortion

lt　is　known　well　that　hunlan　perfoHnance　remains　high　with　unnatural　degradations

caused　by　waveform　diPping,　band-ljed　hltering,　and　analog　waveform　scrambling[421,

while　machine　performance　degrades　signincantly,　ln　this　sedion,　we　investigate　the

robustness　of　SBCOR　against　zero-crossing　distortion　as　an　example　of　such　unnatural

degradations.

3.4.1　Zero-crossing　Distortion

Zero-crossing　distortion　is　a　hard　limiting　distortion　that　iscaused,for　example,　when

a　signal　is　chpped　due　to　the　excessive　inPut　poxver.　　lt　is　often　called　innnite　peak

clipping　distortionE43]･　ln　the　zero-crossing　distorted　signal,　the　amPlitude　information

of　the　original　signal　is　completely　lost,　and　only　the　zero-crossing　points　are　preserved,

as　shown　in　Fipre　3.12.
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ln　this　paper,　we　dehne　the　zoycrossing　distorted　signal　as　follows:

y) 1
　
　
　
　
= Q.xsg1(々)){(01≫0

O　　　　　　　JO)=O､
(3,6)

゛here　J(O　and　y(O　are　a　signal　and　the　zero-crossing　distorted　signal,　respedively,　The

gjn　Parameter　a　is　determined　so　that　the　power　of　the　input　signj　is　preserved,

　　Such　zero“crossing　signals　are　still　intelligible　for　human[43]､but　the　perfornlancewith

conventional　speech　recognizers　deteriorates　s1μ1iticantly,as　shown　later　in　recognition

experiments,　The　reason　can　be　seen　in　the　spedrographic　representationsof　a　speech

and　the　zero-crossing　signals　using　FFT,　SGDS　in　Figures3j4　and　3j5Jt　can　bereadily

seen　that　the　zero-crossing　distortion　afr(･ds　the　forlnant　strudure　signihcantly　in　FFT

and　SGDS　spedrogralns｡　On　the　other　hand,　The　SBCOR　spedrogram　is　stable　for　such

a　distortion　as　shown　in　Figure　3.1y　The　reason　can　be　expressed　in　the　arcsine　la゛･

3.4.2　　1nnuence　of　Zero-Crossing　Distortion　for　SIBCOR　Coe&

　　　　　　ncients

lt　is　known　that　if£(Oisa　norrnal　stationary　process　withzero　nTlean,the　autocorrelation

of　the　zer()-crossing　distorted　signal　y(O　equals

RA)
-

μ/(O)

―

―

2　　.R(7)
W　arcsln　7RTjyP (3.7)

where　Rz(T)is　the　autocorrelation　of£(O　This　equation　is　known　as　the　arcsine　law[4{

　　The　relationshiP　bet゛een　μ,(7)/μ,(O)“11d　R(7)/μ!/(O)is　almost　hnear　except　for

the　regionsof　strong　positive　and　negative　correlations(See　Figure　3j3),This　indicates

that　the　autocorrelation　of　the　original　signal　would　be　preserved　in　that　of　the　zero-

crossing　distorted　signaL　Hence,　SBCOR　is　exPeded　to　be　robust　agjnst　the　zero‘crossing

distortion｡

3.4.3　Recognition　Experiment

Thesanle　standard　DTW　speaker-dePendent　isolated　word　recognizer　in　the　previous

sedion　is　used　here.　The　test　signalsaredistorted　by　Equatiol1　(3,6),The　feature　extrac-
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Figure　3.14:　Anjysis　examPles　of　FFT　spedrum,　SGDS　and　SBCOR　for　dean　signals.

The　utterance　is　“bakuonga"　in　J　apanese,　spoken　by　a　female　speaker,　The　length　and

shift　of　the　analysis　windoware32ms　and　4ms　respedively,
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Table　321　Avem {n{C ltlon　rate　for　zero-crossln signals

FEATURE CLEAX ZERO-CROSSING

sBcoR(qLo} 9y6% 87.8%

SBCOR(QL5) 96.8% 77.6%

SGDS 97.2% 68.5%

MFCC 97.1% 65.7%

tion　of　SBCOR,　SGDS　and　MFCCxv(?rePerformed　under　thesalne　analysisconditions　in

sedion　3.

　　The　recognition　results　are　shown　in　Table　3,2,　Although　the　Perfornlanceof　SGDS

and　MFCC　for　zero-erossing　signals　dderiorates　signihcantly,　the　perforlnance　of　SB-

COR(Q=LO)1s　abouo9%and　22%high(,r　than　those　of　SGDS　and　MFCC　respedively｡

Thcse　resuits　indicate　that　the　SBCOR　sPed･rum　is　muchnTlore　robust　against　the　zero-

crossing　distortion　than　SGDS　aLnd　MFCC.

3.5　Conclusions

ln　this　chapter,　we　evaluated　the　robustness　of　SBCOR　anjysis　technique　agjnst　three

tyPes　of　additive　noise　and　the　zero‘crossillg　distortion　using　DTW　and　HMMrecognizers,

The　resultscanbe　summarized　4dhe　following　four　Points,

1.　The　robustness　of　SBCOR　against　the　noise　whosespedrum　is　nat　hke　the　Gaussian

　　white　noisejs　quite　beuer　than　thoseof　SGDS　and　MFCC.

2.　The　robustness　of　SBCOI{against　the　human　speech　hke　noise　and　a　computer　room

　　noise　is　comparable　to　that　()fSGDSJt　indicates　that　the　noise　whose　spedrum　is

　　not　nat,　which　is　the　usual　case　in　the　real　acousticenvironment,afrects　SBCOR

　　coemcients.
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3,　Signincau　difrerences　between　the　results　of　DTNv　and　HMMcannot　be　found｡

4,　SBCOR　is　much　robust　against　severe　wavdorm　distortion　such　as　the　zero-crossing

　　distortion　than　those　of　SGDS　and　NIFCC｡

These　results　indicate　that　the　perio(hcity　included　in　speedl　signal　is　one　of　en7edive

features　to　improve　the　robustness　of　the　front-end　in　adverse　conditions｡
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Chapter　4

Mlulti-DelayM/eighting　R)『

lmproving　SBCOR　Performance

4.1　　1ntroduction

II1　Chapters　2　and　3,　we　introdueed　subband-autocolTelation　analysis　(SBCOR)to　extra£t

periodicity　present　in　a　sl)eedl　signal,　an(l　evaluated　its　robustness　against　noise,

　　in　this　chapter,　to　improve　the　robustness　of　SBCOR,　multl-delay　weighting　(MDXV)

processing　is　proposed,MDXv　is　used　to　extral　Periodicity　using　not　only　the　auto‘

correlation　coemcient　at　μy　but　also　a　weighted　sum　of　autocorrelation　coemcients　at

integral　multiples　of　yTj}y　At　nrst,　we　deriv(dhat　SBCOR　with　MDVV　results　in　the　lateral

inhibitive　weighting　(LIW)Processing　of　speech　power　spedrum,　Then,　the　effediveness

for　speech　reeognition　is　investigated　under　noisy　conditions　using　a　DTW　word　recog-

nizer,The　noise　signalsare　(1)Gaussian　white　noise,　(2)human　speech　like　noise　and

(3)computer　room　noise.　The　results　are　comPared　with　thoseof　me1-nlterbank　cepstral

coemcient(MFCC)andslnoothed　group　delay　spedrum　(SGDS)under　noisy　conditions.

Furthermore､the　enediveness　of　LINv　is　investigated　by　aPplying　no　LIXv　which　does

not　have　the　negative　weight　of　LIXV,　and　an　interpretation　of　LIXv　is　discussed　from　the

results｡

　　This　chapter　is　construded　as　k)11oxvs｡　The　following　Sedion　4,2　describes　MDW

processing　in　detaiL　Sedion　43　investigates　robustness　against　(1)additive　Gaussian
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noise,(2)human　speech　hke-noise　and　(3)comPuter　room　noisc　Sedion　4,4　clarines　the

effediveness　of　LIW,　Section　4j　condudcs　the　dlapter,

4.2　Taking　Autocorrelation　Coemcients　at　lntegral

　　　　]V【ultiples　of　1/CF　into　Account

4.2.1　Multi-Delay　Weighting　Processing

lf　a　signal　is　periodic　with　period　T､　the　autocorrelatioH　coemcients　show　several　peaks

at　the　integrj　multiples　of　TJn　the　conventiona1　SBCOR　analysis　denned　by　Equation

(3j),however,　only　one　autocorrelation　coemcient　at　T　is　used　to　extra£t　the　periodicity

induded　in　the　subband　signaL　Therdore,　we　ext(md　the　SBCOR　to　capture　the　other

peaks　of　the　autocorrelation　coemdents　by　taking　a　゛eighted　sum　of　them　with　the　power

ofa(i,e,　the　exponential　weight)asn)11o゛s:

&0) -

―

(X)

Σ
Å;=0

y{((£+1)yD/R(o)

Σy
&=0

　　　　　　　　　　　　　　　　　　O≪a<1
　　　　　　　　　　　　　　　　　　　-

We　refer　to　it　as　Multi-Delay　Weighting(MDW)processing

4.2.2　The　Efrect　of　NIDXV

vvhen　4(7)is　denned　as

(･)=Σ

(4j)

㈱2)

(4,3)y{(7+(od)≒),

Equation(4.1)can　be　cjculated　by

　　　　　　　　　　　　　　　　　　　&(0={㈹､o/{jK(o)}･

whereA=ΣZoj≒Thus,　MDW　PIJocessing　can　beseen　as　a　linear　nlterwhose　input

and　output　are　j{(T)and　4(7)resPedively･　Changing　therange　of　the　summation,
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From　the　even　property　ofμE(7),

K:(∫)=Re f
ー
ー
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　　y27m/μ

1　-　aej277μμ

then

y)have　real　components　only,　Hence,

　
　
=　

μ
　
j

　
xl
l
J
'

cos　27r々∫j‐a

1　-　2a　cos　27r7c/j　+a2

Using　the‘　1nverse　Fourier　transform　and　setting　7

j
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t
l
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=　{{U{≠
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Where

M (/)

j

=
　
　
　
=

IR(y)12‰(j)
CX)

Σ
&=0

Σy=1/(1-a),

Equation(4j)can　be　expressed　in　the　frequency　donlain　as　follows:

⌒　　　　　　　　　　(X:)　　　　　　　　　　　　　　　　｡

£(i)=/　wμ)‰(j)々/x(o)　　　　　　-(X⊃

Wi(∫)
-

-

(1-a)(eos　27r7.μ-a)

1　-　2acos27ΓΥe/j+a2
IR(/)12

(4,8)

(4.9)

(4jO)

(4,11)

Thus,SBCOR　analysis　with　MDW　Processing　results　in　the　weighting　processing　of　power

sPectrum　x､(∫)by　the　weightinμundion　m(yE

　　Figure　4,2　shows　m(y)nornlalized　by　center　frequency･　As　shown　in　the　hgure,　both

of(1)frequency　resolution　and　(2)spedral　contrast　enhancernent　by　the　lateral　inhibition

are　controllable　by　MDW　processing･　The　frequency　resolution　becolneshigh　,　and　the

　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　A

spectral　contrast　enhancernent　beconlesweak,as　a　tends　doser　to　1.0.(Note　that　Wi(/)
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is　equal　to　Wi(/)derived　in　Sedion　32　when　a　2　0.0,)The　resulting　SBCOR　pattem

with　MDXv　processing　is　shoxvnin　Figure　4λCompared　with　the　conventiona1　SBCOR,

it　can　be　seen　that　the　features　extraded　l)V　SBCOR　with　MDNv　aJe　enhaneed　jon　with
　　　　　　　　　　　　　　　　　　　　　　　　　､　　　　　　　　　　　　　　　　　　　　　　g

the　frequency　scale･　These　em'dsR)r　speed1　recognition　performance　wm　be　investigated

experimentany　in　the　following　sectioll･

4.3　Evaluation　using　DTNV　Xvord　Recognition

ln　this　sedion,　the　robustness　of　SBCOR　with　MDXv　processillg　isevaluated　using　DTXV

word　recognition.　Thenjt　wi1H)e　daTined　what　w(yighting　for　the　sPeech　power　spedrum

is　efFedive　for　robust　speechrecoμJj(m｡

4.3.1　ExperimentaI　Conditions

Recognition　lask

The　same　standard　DTW　speaker-dependent　iso1Med　word　recognizer　in　ChaPter　2　is

used.Therecognition　task　is　a　68　pair　discrimination.Each　pair　is　a　phonetically　similar

city　name　pair,　seleded　from　a　550　Jal)4nese　city　name　dat･abase　recorded　twice　by　5

Japanese　nlale　speakers,　The　hrst　set　is　used　as　the　reference　pattern　and　the　second　set,

which　was　spoken　a　week　laterjs　used　as　the　t('st　pattern,

Noise

Three　noise　typesareused　as　in　Chapter　3;　(1)Gaussian　white　noise,　(2)hulnanspeech-

1ike　noise,　and(3)comPuter　room　noise,

COlnparative　Speech　Features

The　perforlnanceof　SBCOR　with　MDW　is　compared　with　thoseof　the　smoothed　group　de-

lay　spectrum　(SGDS)[41]and　mel　mter　bank　cepstral　coemcient　(MFCC)[231(See　Chapter

3　for　more　information)｡Theanalysisconditions　areshown　in　Table　4y1.
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4.3.2

Table　4,1:　Analysiscon
　　　　　　　　　　t

ditions　for　SBCOR　with　MDW､　SGDS,and　MFCC｡
μ　　　　　　J

SBCOR The　Q　value　is　invest≒ated　for　0,5,LO,L510,2,5､3,0,
and　the　center　frequencies　are　equally　sPaced　on　the

ark　scale　between　4Bark　and　17Bark｡The　a　value

n　MDXv　processing　is　0,0,　0j1,　010j,　0j,　0λOj,

,6､O｡7,0j,0t　ln　MDXv　processing,　the　summation

ange　for　autocorrelation　coemcients　in　Equation　4･1　is

rom　zero　to　eight.

SGDS Theanalysis　frequency　points　of　the　SGDSarechosen

o　be　the　same　center　frequencies　of　SBCOR.

MFCC The　mter　bank　consists　of　28　triangle　BPF　whose　center

requencies　are　cqually　sl)aced　on　the　Mel　scje,

COMMON The　analysis　frame　length　and　shift　length　is　20ms　and

10nls　resPedivdy,　Th(･dimension　of　jl　features　is　l(E

Experimental　Results

Therecognition　results　are　shown　in　Figures4↓4t　The　ngures　are　sunllnarized　from

the　following　four　view　points:

L　The　case　of　the　best　combination　of　a　(an　az)in　extrading　reference　and

　　test　Patterns　under　each　SNR　condition　so　that　the　best　performance　is

　　attained(BEST)

2.The　best　case　of　nxed　combination　(G,a,)under　all　test　conditions,　but

it　is　not　necessary　G　=c4

3.The　best　case　of　nxed　combination　((4,a,)under　all　test　conditions,　when

　　ar=a£｡

4.The　case　of　no　MDXv　processing,　Ee｡ar=at=0.

The　optimum　combinations　(ar,　a･)for　the　best　case　(BEST)areshown　in　Table　4.2.
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Table　4･2:　The　optimum　combination　oGE　Th(y≒･and　a･　stand　for　the　a　in　extrading

referenee　and　test　patterns　respediv(%≒

VVHITE　NOISE

a『 0.0　　　0.6　　0.5　　0.7　　0.8

a/ Oj)　　Oj　　O｡1　　0.3　　0.4

HSL　NOISE

ar Oj　　　oj　　O｡6　　0j　　O｡7

aj O｡2　　　0j　　oj　　04　　0.4

COMPUTER　ROOM　NOISE

ayヽ 0.0　　　0j　　oj　　O｡5　　0j

(h O｡0　　　0.1　　0j　　oj1　0.3

The　efrect　of　NIDNv　processing･

For　an　types　of　noise,　the　recognition　PedormaneeHmdernoise-conditions　are　improved　by

using　MDXV　Processing･　The　deμ('(m)f　imProvement　is　different　for　each　noisy　condition,

the　best　one　is　thecase　adjusod　a　ill　(･4ch　SNR,　ln　that　case,　about　5%for　Gaussian

white　noise　and　HSL　Iloise､　and　about　10%n)r　comPuter　room　noise　is　higher　than　the

(lonventional　SBCOR　at　SNR　OdB　(thc　iml)rovements　are　shown　as　arrows　in　Figures

44-4{

　　ln　addition,　for　the　case　of　the　combillation　G　=Qor≒≠at,the　former　case　is

better　than　the　latter　cas(･,and　the　mjs　μeMer　th4n　Q,lt　indicates　that　the　rapidly　at-

tenuated　weighting　is　beUer　for　noisy　speech　sillce　the　subband　autocorrelation　coemcients

at　integral　multiples　oOTy　aredTeded　by　nois(E
　　Furthermore､the　recognition　rates　of　thecasea,>Q　under　noisy　conditions　are　as

good　as　thoseof　the　best　combilmtion　(BEST)､The　combinations　(ar,a,)for　Gaussian

white　noise,　HSL　noise　and　computer　ro()m　nois(･are(O,6,0,2),(O,6,04)and(O.5,0.1)

respectively.　These　results　indicate　that　(1)the　higher　frequency　resolution　and　the　lower

spedral　contrast　enhancement　aTc　better　in　extrading　reference　patterns,　(2)the　lower
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frequency　resolutionand　the　higher　sl)ectr41　contrast　enhancement　are　better　in　extrading

test　patterns･

Comparison　with　SGDS　and　M〕FCC･

The　best　SBCOR　with　MDXv　processing　(BEST)performs　better　than　SGDS　and　MFCC

under　a11　SNR　conditions　for　Gaussian　white　noise　and　HSL　noise,　At　SNR　OdB,　the

recognition　ratesare　about　15%and　2,0%higher　than　that　of　SGDS　and　MFCC.　For

computer　room　noise,　the　best　SBCOR　outPerforms　SGDS　and　MFCC　below　SNR　10dB､

the　degreesof　improvement　are　less　than　that　of　Gaussian　white　noise　and　HSL　noise,　lt

seems　that　the　computerrooln　noise　has　severa1　Periodic　comPonents.

4.4　Evaluation　of　Lateral　lnhibitive　xVeighting

To　investigate　to　what　extent　the　lateral　inhibitive　weighting　for　poxversPedrum　shown　in

Figure　4,2　is　efredive　for　noise　robust　speed1　recognition,　DTXv　word　recognition　perf()rms

for　the　case　of　(1)the　lateral　inhibitive　weights　are　removed　and　(2)the　lateral　inhibitive

weights　are　used.
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4.4.1　Experimenta1　Conditions

Gaussian　white　noise　and　the　comPut(!rroolnnoisexvereadded　to　clean　speech,　The　power

spedrum　has　several　sharp　peaks　(Sed゛igure　3.5　il1　Chapter　3E　Thesanlestandard　DTW

speaker-dependent　isolated　word　recognizer　ildhe　previous　sedion　was　used.

　　Under　the　above　experimental　conditions,　thed[edivenessof　LIW　is　investigated　by

removing　the　inhibitive　(or　negative)weight,　as　shown　in　Figure　4,7,　The　LIXv　is　applied

d1redly　to　power　sPedrum　of　each　analysis　frame　signal　calculated　by　FFT.　Moreover,

in　order　to　show　the　effediveness　under　noisy　conditions,the　Perfornlance　of　LIXv　is

compared　with　thoseofSGDS[41]and　MFCC123L

4.4.2　Results

The　experimenta1　results　are　shown　in　Figure　4.8　for　each　noise.　The　results　of　LIW

are　the　best　ease,　The　best　l)air(G,o4)in　hgures　stands　for　as　in　extracting　reference

patterns　and　test　patterns　resPedivdy.　The　results　oP‘no　LIW"　wereobtained　by　the

same　as　of　the　best　LiW　excel)t　for　using　l)ositive　only　weights,

　　As　shown　in　ngures,　the　LIW　performs　better　than　thenonLIW　under　all　conditions.

These　results　darify　that　the　robustness　of　SBCOR　is　the　efred　of　the　LIW　for　power

spedrum･

4.4.3　Discussions

When　Wi(/)is　considered　as　al　iml)ulse　resPonseapplied　to　power　spedrum､　LIW　can

be　seen　as　a　weighting　procedure　in　the　autocorrelation　domain,　1ike　hftering　procedure　in

the　cepstrum　domain,　As　shoxvnin　Figur(?4j,LIW　suPpresses　low　orderautocorrelation

unlike　the　case　of　positive　only　weighting,　This　imPlies　that　LIXv　is　qualitatively　equivalent

to　the　spedral　tilt　ehmination,　ln　addition,　the　higher　order　autocorrelation　is　also

suppressed　for　smjler　a,　The　recognition　results　that　smaner　a　(O･3　for　white　noise,　0,1

for　computer　room　noise)is　preferred　under　noisyconditions　coincide　with　the　fad　that

higher　orderautocorrelation　is　more　innuenced　by　noise,　These　effeds,　i,e,,　(1)spedral　tilt
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elimination　and　(2)noise　variability　elimination,　would　be　the　essence　oHateral　inhibitive

weighting,and　lead　to　a　more　robust　recognition　under　noisy　conditions｡

4.5　Conclusions

ln　this　chapter,　to　imProve　the　rohustness　of　SBCOR,　multi‘delay　weighting　(MDW)

Processing　was　introduced,　whi(;h　is　used　to　extrad　periodicity　using　not　only　the　au-

tocorrelation　coemcient　at　1/CF,　buotls()a　weighted　sum　of　autocorrelation　coemcients

aOntegral　multiPles　of　l　/CF･　Thc　exPerimenta1　results　using　a　DTW　recognizer　showed

SBCOR　with　MDVV　performs　bdter　than　SGDS　and　MFCC　undernoisy　conditions,　Fur-

thermore,the　lateral　inhibitive　w(‰htillg　of　tlle　powerspedrum　is　specially　focused　to

interpret　the　robustness　of　SBCOR,　an(lnJHφowll　that　(1)spedral　tilt　elimination　and

(2)noise　variability　elimination　would　be　theessenceonateral　inhibitive　weighting,　and

lead　to　a　more　robust　recognition　under　noisy　conditions｡
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Chapter　5

Subband-Crosscorrelation　Analysis

using　Two　lnput　ChanneI　Signals

5.1　　1ntroduction

ln　this　chapter,　subband-crosscoITelation　ana]ysis(SBXCOR)is　proposed　in　order　to　im-

Prove　the　robustness　of　SBCOR,　ln　SBXCOR,　the　crosscorrelation　coemcients　of　two

inPut　channel　signjs　at　8.1゛g　of　7･y　゛hich　is　4ssociated　゛ith　the　ilwerse　of　center　fre-

quency,are　used　instead　of　the　auto(lolT('1ation　coemcients　in　SBCOR,　Furthermore,　to

capture　more　periodicity　information,　multi-delay　weighting　Processing　(MDVV)used　for

SBCOR　in　Chapter　4　is　jso　aPplied　for　SBXCOR,　The　evaluation　using　a　DTXV　word

recognizer　is　performed　under　a　simulated　acoustic　conditionon　conlputer　and　a　rea1

acoustic　condition.

　　This　chapter　is　constructed　as　follows,　The　following　sedion　reviews　SBCOR　analysis

and　describes　the　proposed　SBXCOR　analysis　in　detaiL　ln　addition,　MDXv　processing　and

the　interpretation　in　the　frequency　donlain　are　presented,　Sedions　53　and　5,4　investigate

the　robustness　under　a　simulated　acoustic　condition　on　computer　and　a　real　acoustic

condition,respectively,　Finally,Sedion　5,5　condudes　the　whole　chapter.

5.2　SBXCOR　Analysis　and　MIDNV　Processing
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Figure　5,1:　Concept　of　SBXCOR　analysis･　Since　the　speech　components　S(0,&(O　in　the
signals　recorded　by　two　microl)hones,　which　is　uttered　μst　in　front　of　two　microphones,

have　the　same　amphtude　and　phase,　SBXCOR　extrads　thesanlesPedrum　as　SBCOR.　0n

the　other　handjf　noise　components　xl(/)､Λ≒(O　are　low　correlation　between　two　channels,
their　innuemces　are　canceled　in　the　processin&
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5.2.1　S]BXCOR　Analysis

SBCOR　analysis　is　a　signa1　Processillg　method　based　on　the　“autocorrelation"　of　a　sPeech

signal　so　as　to　extra£t　periodicity　in　terms　of　the　inverse　of　the　center　frequency.Asseen

in　the　auditory　system,　however,　binaural　signa1　Processing　seems　to　be　more　important　in

the　real　environnlenL　Thereforejn　order　to　imProve　the　PerforHlanceof　speechrecogni-

tion,we　extend　SBCOR　analysis　so　that　the　autocorrelation　analysis　is　replaced　by　cross-

correlationanalysis　denned　as　Equation　(5j),and　refer　to　it　as　“subband-crosscorrelation"

analysis,or　SBXCOR　anjysis　ill　the　abbreviated　forR1.

Scφ)

μy,h(7“)

μ‰h(O)

-

-

-

-

-

-

μyy(々∫/)

μLfjo)μL‰(O)

X:

{

I　RI=μj

IR(/㈹X､μ/)∂2゛μ々

14(X)12yh4(/)々

{｡,(O)=　/(≒μμ)12xhh(∫)J/`,

(5j)

whereμk4(7)･μkh(7)andμ≒!/jT)are　theautocorrelation　and　crosscorrelationfunc-

tions　of　ith　subband　signal　resPedi゛ely,　and　A≒Jjy)and　xhs(y)are　the　power　sPec“

trums　of　the　nth　analysis　frame　signals　4(O　and　‰(0　resPedively.　X,｡､(∫)is　thecross

power　sPedrum.

　　The　robustnessof　SBXCOR　against　noisecan　be　exPljned　as　shown　in　Figure　5yL

Since　the　sPeech　signals　recorded　by　two　microPhones,　which　is　uttered　just　in　front

of　two　microphones,　have　thesanle　alnPlitude　and　phase,　SBXCOR　extrads　the　same

spectrum　as　SBCOR,　0n　the　other　hand　jf　the　noise　has　a　low　correlation　between　the

two　channels,　their　innuences　arecanceled　in　the　processingJn　the　fonowing　experiments,

we　will　investigate　the　Performanceof　SBXCOR　under　the　assumption　that　sPeakers　utter

just　in　front　of　two　microphones　and　noisesarenot　correlated　between　two　channels.

　　SBXCOR　analysis　is　implemented　using　FFT　in　this　research,　as　in　the　case　of　SBCOR.
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5.2.2　SBXCOR　with　TM〕ultl-Delay　NVeighting　(R/IDNV)Process-
　　　　　　mg

lf　both　of　the　binaural　signals　are　Periodj(j　with　a　Period　T,　the　crosscorrelation　coemcients

show　several　peaks　at　integml　multiples　of　TJn　SBXCOR　analysis　denned　by　Equation

(5,1),however,only　one　crosscorrelatiol〕coemcient　at　T　is　used　to　extrad　the　periodicity

included　in　the　subband　signaL　Therdore,　w('extend　the　SBXCOR　to　capture　the　other

peaks　of　the　crosscorrelation　coem(;ients　by　taking　a　weighted　sum　of　them　with　the　power

of　a,　i,e,　the　exPonentia】weightjng(Figurey2)as　follows;

‰μ)={Σy{
μ≒j(£+1)7φ)

μLJjo)Rwjoy
(5,2)

where　4　=ΣZoa&,0≦4≪1,We　have　rderred　to　it　as　multi-delay　weighting

(MDVV)Proce8sill�45L　The　MDXV　Processing　has　been　shown　to　be　effective　in　SBCOR

analysis[45,46j,

　　Equation(52)can　be　exl)ressed　in　the　fr('quency　domain　as　follows　(see　Appendix

5,A):

Scn(0 ―

-

wq(y)=

　(xm

/　WG(/)X､h(j)W　-(XD

μtdjo)£‰‰(O)

(1-a)(y27｢7y/μ

1-aμ271々/μ
IR(∫)12

This　means　that　SBXCOR　analysis　with　MDNv　processing　results　in　the　weighting　pro-

cessing　of　the　complex　cross　po゛er　sped"1111　Ay,‰(y)by　the　complex　゛eighting　function

Wq(/)Jt　is　easily　derived　that　the　magnitude　of　wci(j)is

lwG(y)|=
(1-a)IR(y)12

(5,3)

As　shown　in　Figure　5,3,　by　MDW　I)rocessing,the　frequency　resolution　of　SBXCOR　is

contronable　by　a,The　frequeney　resohltion　is　higher　as　a　becomes　closer　to　one,The

contribution　of　this　etfect　on　recognition　Performance　will　be　exPerimentally　shown　in　the

following　recognition　experiments,
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5.3　Evaluation　under　Simulated　Acoustic　Condition

ln　this　sedion,　in　order　to　inves㈹pte　th(･upPeFbound　performance　of　SBXCOR,　we

perform　recognitionexperiments　under　a　simulated　acousticcondition/We　assume　that

speakers　utter　just　in　front　of　the　two　mi(TOPhones,　i･ey

1 the　speech　signals　recorded　l)y　two　microPhones　are　perfectly　synchronized,

2.　the　reverberation　in　the　real　environment　can　be　ignored,

　　3,received　noise　signalsare　noL　correldted　between　two　microphones.

0f　course,　these　assumptions　are　not　realistic　in　the　real　acoustic　environment　where　a

speechrecognizer　is　used,　However,　since　there　are　a　lot　ofuncontrollable　factors　in　the

real　env1ronment,　we　start　the　investigation　under　these　assumptions.

5.3.1　Experimenta1　Conditions

The　above　condition　is　implemented　on　coml)uter　by　adding　Gaussian　white　noise　to

speech　signals∠【n　the　exl)erimentdlsing　DTW　゛ordrecognition,we　compare　the　robust-

ness　of　SBXCOR　analysis　with　that　of　SBCOR,　As　a　further　reference,we　also　comPare

SBXCOR　with　smoothed　grouP　delay　sl)edrum(SGDS)[27,391　and　mel-mterbank　cep-

stral　codicient(MFCC)[231　extraded　from　onc-channel　signal　by　simply　summing　the

two　signjs,

DTNV　word　recognizer

The　same　standard　r)TXv　speaker-dep(･ndent　isolated　wordrecognizer　isused　as　in　ChaP-

ter　2,　The　recognition　task　is　a　68　pair　dis(jrimination,　Each　Pair　is　a　phonetically　similar

city　name　pair,　seleded　from　a　5501　Japanese　dty　name　database　recorded　twice　by　5

Japanese　male　speakers.　The　nrst　set　is　used　as　the　reference　pattern　and　thesecond　set,

which　was　spokenaweek　laterjs　used　as　the　tcst　pattern,
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Generation　of　two-channel　signals

ln　order　to　simulate　the　situation　that　noise　comPonents　in　two　channe1,s　are　not　correlated

each　other,　two　Gaussian　white　noises　generated　by　changing　the　seed　are　added　to　the

sPeech　database,　The　globahignaLto-noise　ratios　(SNRs)used　in　the　test　phaseare20,

10､5　and　OdB,

Generation　ofone-channel　signal　by　simply　summing　the　two　signals

The　two-channel-summed　signals　are　generated　by　simPle　synchronized　summation　of

the　above　two　signals.　By　doing　this　Processing,　the　efredive　SNR　improvement　of　the

two-channel-summed　signals　is　about　3dB,

Smoothed　group　delay　spectrum　(SGDS)

SGDS　has　beenshown　to　berobust　against　noise,　and　it　is　calculated　a8　the　derivative　of

phase　of　a　p　th　order　all　pole　mter　that　hassrnoothed　polej27,　391.　1n　order　to　comPare

the　performance　of　SBXCOR　with　that　of　SGDS　under　exadly　thesarne　conditions,the

analysis　frequency　points　of　SGDSxvere(jhosen　to　be　the　same　as　the　center　frequencies

ofSBXCOR.

〕M:el-nlterbank　cepstral　coefncient　(NIFCC)

MFCC　is　commonly　used　as　speech　feature　in　speech　recognition【23L　ln　recent　research,

the　noise　robustness　of　MFCC　is　almost　the　same　as　the　auditory　models　proposed　by

Senefr　and　Ghitza[24L　ln　this　exPeriment,　MFCC　is　calculated　using　a　28　triangular　shape

mel-nlterbank.

SBCOR,SBXCOR　and　MD'W　Processing

The　Q　valuesof　1.0,　L5,　2･O,　2.5　and　3,0　are　investigated,　FFT-point　is　1024,　1n　order　to

calculate　coemcients　of　the　correlation　fundion　at　7c/i　precisely,　two‘times　oversaHlpling
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and　polynomij　interPolation¥vereused/Fhe　center　frequencies　of　the　BPFsareequany

sPaced　on　the　Bark　scale　beween　4　and　17　Bark･　ln　MDW　processing,　therange　of　the

summation　is　up　to　8Ry

Common　analysis　conditions

The　analysis　frame　length　alld　shift　are　20Hls　and　10　ms,　respedively,　The　dimension　of

each　feature　is　1(E　The　samPIing　rate　is　10　kHz,

5.3.2　ExperimentaI　Results

　　The　recognition　rates　of　SBXCOR,　SBCOR,　SGDS　and　MFCCareshown　in　Figures

5,4-5,6,　1n　SBXCOR　and　SBC()I{allalysis,the　best　Qs　xvere　2,0　and　1,5　respedively,

These　results　are　sunnnarized　to　the　following　bur　points.

L　SBXCOR　is　more　robust　than　the　conventional　one-channe1　SBCOR　under　all　test

　　conditions｡　Howeverμhe　improv(･m('nt　was　less　thanabout　2%at　SNR　OdB　(Figure

　　DI)

2,　The　Performanceof　SBXCOR　is　less　thm1　SBCOR　extraded　from　the　two-channe1-

　　summed　signa1　(Figure　5jy

3,　By　introducing　MDXV　1)rocessing,　SBXCOR　I)erforms　signincantly　better　under

　　noisy　conditions　asshown　in　Figur('5λAt　SNR　OdB､　the　improvement　was　5%,The

　　recognition　rates　are　better　tlmll　those　of　SBCOR　extracted　from　the　two-channe1-

　　summed　signal　at　SNR　OdB･　The　l)est　conlbination　of　as　for　anjyzing　reference

　　and　test　patterns　were　O,5　and　O,0.　1t　indicates　that　the　frequency　resolutionunder

　　noisy　conditionsshould　be　broader　than　under　clean　conditions｡

4,　SBXCOR　performs　better　than　SGDS　and　MFCCevenif　two-channel-summed　sig-

　　nals　are　used　where　SNR　is　below　10dB　(Figure　5,6)･
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Figure　5.5:　Recognition　results　of　SBXCOR　with　and　without　MDXV｡　The　black　arrow　at

SNR　OdB　shows　the　improvement　by　using　MDVV,
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Table　5j:　Averaged　globj　SNR　of　recorded　speeeh　data　(in　dB)

CHO 50.2 23.7 13j 4.0

CH1 5L7 23.4 13j 3.7

CH2 42.5 22.7 12j 3j

CH3 52.7 2L6 IL8 1.9

CH4 55.0 20j 10.6 Oj

CH5 55j 19.7 9.8 -Oj

CH6 49.9 17j 7.3 -2£

5.4　Evaluation　under　ReaI　Acoustic　Condition

ln　this　sedion,　we　investigate　the　Perf()Hnance　of　SBXCOR　in　a　real　acoustic　env1ronment,

This　evaluation　of　SBXCOR　is　Performed　by　using　speech　data　recorded　by　a　microphone

array　in　a　sound　proof　room,

5.4.1　Database　Recording

The　68　city　name　Pairs　used　in　the　Previous　sedion　wereplayed　from　a　loud　speaker,

and　recorded　using　a　microphone　array　(see　Figure　5,7),The　microPhone　array　consists

of　seven　omn1-diredional　eledret　microPhones　(Sony　ECM-77B).Spacing　between　mi-

crophonesis　10　cm.　ln　recording　the　speech　database,　human　speech-1ike　noise[47]was

also　output　from　the　other　loud　sl)eaker　Placed　at　left　90　degrees,　the　speech　data　are

recorded　under　four　different　SNRs.　Table　5j　shows　theaveraged　globa1　SNR　of　speech.

Theaveraged　globaI　SNRs　dearly　show　that　the　SNR　of　each　channel　becomes　lower　as

the　microphone　is　dose　to　the　loud　speaker　for　noise,　Forconvenience,the　four　difrerent

environmental　test　conditions　rdated　to　the　SNRs　are　written　by　CLEAN,　20dB,10dB

and　OdB　in　turn｡
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Figure　5ヽ8:　Recognition　results　of　SBXCOR　for　three　mierophone　pairs.　The　“MONO"
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5.4.2　Experimenta1　Conditions

The　evaluation　was　performed　l)y　using　the　same　DTW　wordrecognition　system　in　Sedion

3,　1n　the　exPerimentμhe　following　three　l)oints　were　investigated:

L　the　performance　of　SBXCOI{using　three　microphone　pjrs　(CH4,CH2),(CH5,

　　CH1)and(CH6,CHO),

2,　the　performances　of　SBCOR,　SGDS　and　MFCC　using　(1)CH3,　which　is　the　middle

　　channel　of　the　microPhone　array,　and　(2)th(Hwo-channe1-summed　signal　generated

　　from　a　channel　pair　(CH4,　CH2)as　in　Sedion　3,

3,　the　efrediveness　of　MDW　processing

The　spacing　oLeach　pairsxvere20　cm　for　(CH4､CH2),40　cm　for　(CH5,CH1)and　60cln

for(CH6,CHO),

5.4.3　ExperimentaI　Results

Figure　5.8　shows　the　best　recognition　results　(q=2,0)of　SBXCOR　for　the　three　micro-

Phone　pairs,　As　shown　in　the　hgure,　SBXCORI)erforlTnsequally　as　well　as　thecoHventiona1

SBCOR　under　relatively　high　SNR　conditions,　and　about　4%better　than　SBCOR　at　SNR

OdB　for　the　best　case　using　the　(CH4,CH2)pair,　ln　the　CLEAN　case,　the　performance　of

SBXCOR　should　be　equal　to　that　of　SBCOR　because　the　two　channel　signals　are　ideally

thesalne｡　ln　therej　acoustic　environment,　however,the　assumption　is　not　alway　true　due

to　the　diferent　transfer　charaderistics　for　the　two　channek　That　is　why　the　performance

of　SBXCOR　deteriorates｡

　　The　best　recognition　rates　of　SBXCOR,　SBCOR,SGDS　and　MFCC　are　shown　in

Figures　5,9-5,1　1.　1n　SBXCOR　and　SBCOR　analyses,　the　best　Qsxvere2.0.These　results

are　summarized　to　four　Points　as　in　the　Previous　sedion,

1.　The　results　shown　in　Figure　5j　indicate　that　SBXCOR　is　nlore　robust　than　the
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conventional　one-channel　SBCOR　below　SNR　10dB･　The　best　improvement　was

about　4%at　SNR　OdB.

2,Although　the　performanceof　SBXCOR　is　less　than　SBCOR　extraded　from　the　two-

　　channe1-summed　signal　at　SNR　10dB,　SBXCOR　outperforms　SBCOR　at　SNR　OdB

　　(See　Figure　5j　againE

3,　By　introducing　MDXv　processing,　SBXCOR　performs　better　undernoisy　conditions

　　as　shown　in　Figure　5.10.At　SNR　OdB､　the　imProvement　was　2‰Therecognition

　　rates　are　better　than　that　of　SBCOR　extraded　from　the　two-channe1-summed　signa1

　　at　SNR　OdB,　The　best　combination　of　Gs　in　extrading　reference　and　test　patterns

　　were　O,3　and　O↓　lt　indicates　that　the　frequency　resolutionunder　noisy　condition

　　should　be　broader　than　under　dean　conditions,　as　shown　in　the　previous　sedion,

4,　SBXCOR　performs　better　than　SGDS　and　MFCC　below　SNR　10dB　even　if　two-

　　channe1-summed　sigllals　are　uscd{Figure　5j1)

5.5　Conclusions

ln　this　chapter,　we　proPosed　subband-crosscorrelationanalysis　and　investigated　the　ro-

bustness　using　a　DTVV　wordrecognizer,　under　a　simulated　acousticconditionon　colnputer

and　a　real　acoustic　environmental　conditioll.　Under　the　simulated　condition,　we　clarined

that　SBXCOR　is　more　robust　than　the　conventional　one-channe1　SBCOR,　but　less　robust

than　SBCOR　extraded　from　the　two-channel-summed　signaL　ln　addition,　by　,applying

MDXV　processing,　the　perfornmnce　of　SBXCOR　was　improved,　The　resultant　performance

of　SBXCOR　with　MDW　processing　was　mueh　hetter　ttanaoseof　smoothed　group　delay

spedrum　and　me1-nlterbank　cepstral　eoemcient　below　SNR　10dB,　The　results　under　the

real　acoustic　condition　were　ahnost､,thesalne　asthe　simulated　acoustic　condition｡
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5.A　Appendix

xvhen{(T)is　dehned　as

々7)
-

―

Equation(5.2)canbe　calculated　by
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Thus･　MDWrprocessing　can　be　seen　as　a　hnear　nlter　whose　input　and　output　are　Rt､y｡(T)

and　t4(T)respedively,　changing　the　range　of　the　summation,
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By　the　inverse　Fourier　transform　and　7=O,　then
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Equation(5,2)can　be　exPressed　in　the

Scφ)

mm

-

-

―

-

r
A

(1-a)(y27々/j

1-a(μ゛wjj

fr(･quencv　domain　as　follows:

(X)

　m(y)X｡Jj/)々

μLh(O)μLh(O)

IR(j)12

Thus,　SBXCOR　analysis　with　MDW　Processing　results　in　the　weighting　Processing　for

crosspoxversPedrum　yoj/)by　the　weightinμunction　y(/),
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Chapter　6

Ilogue

To　address　the　noise　robust　Problem　of　ASR　systems,　subband-autocorrelation　analysis

and　its　extensions　were　proposed　in　this　dissertation,

　　At　nrst,　various　implementationsofSBCORxvere　compared　under　noisy　conditions　aF

feded　by　the　multiPlicative　signa1-dependent　white　noise　in　Chapter　2,　The　experimenta1

results　using　a　speaker-dependent　DTW　isolated　word　recognizer　showed　that　the　most

suitable　mter　bank　and　periodicity　detedion　methodare　anxed　Q　mter　bank　whose　cen-

ter　frequenciesareequally　sPaced　on　the　Bark　scale,　and　a　conventional　autocorrelation

detection,without　contromng　weak　signals,　respedively,

　　Chapter　3　clarined　the　robustness　of　SBCOR　anjysis　innlorerealistic　adverse　envi-

ronments;　the　existence　of　three　additive　noises　and　waveform　distortion,　As　the　results

show,although　the　robustness　of　SBCOR　against　Gaussian　white　noise　is　much　b･etter

than　those　of　SGDS　and　MFCC,　the　robustness　against　human　speech-hke　noise　and

computer　room　noise　is　better　than　that　of　MFCC,　but　only　a　little　better　than　that　of

SGDS.

　　in　Chapter　4,　by　introducing　multi-delay　weighting　(MDXV)processingjt　was　shown

that　the　robustness　of　SBCOR　improves　against　human　speech-1ike　noise　and　computer

rooln　noise,　ln　additionjt　was　shown　that　SBCOR　with　MDVV　processing　results　in　the

weighting　processing　of　the　po゛er　sPedrum　of　speech　by　a　lateral　inhibitive　weighting

function.Furthermore,it　was　shown　that　(1)spedral　tilt　elimination　and　(2)noise
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variabmty　ehmination　would　be　thecssenceonaterahnhibitive　weighting,　and　lead　to　a

more　robust　recognitionunder　noisy　conditions,

　　Finally,Chapter　5　described　subband-crosscorrelation　analysis　(SBXCOR)using　two

input　channel　signals,As　the　exl)erimenta1　results　showed,　under　both　the　simulated

acoustic　condition　and　the　real　acoustic　conditioll､　SBXCOR　is　more　robust　than　con-

ventional　one-channe1　SBCOR,　but　lcss　robust　than　SBCOR　extraded　from　the　two-

channe1-summed　signal.　Furthermore,　by　applying　MDW　Processing,　the　perforrnanceof

SBXCOR　improved,　The　resultant　P(･rfoHnance　of　SBXCOR　with　MDXv　processing　was

much　better　than　those　of　smoothed　groul)delay　sPectrum　(SGDS)and　me1-nlterbank

cepstral　coemcient　(MFCC),

　　Noise　robust　problem　restrids　the　widesl)readuseof　ASR　systems　inour　social　hfe｡

Although　the　problemxvasnot　always　solved　perfedly　through　this　dissertation,it　was

darined　that　the　periodicity　information　associated　with　the　inverseof　the　center　fre-

quency　induded　in　speedl　signals　plays　the　signincant　role　in　the　noise　robust　acoustic

analysis,

　　ln　the　future　works,　we　illtend　to　investigate　the　robustness　under　the　other　adverse

conditions,forexample､reverberatjon,channel　distortion　and　so　on.　Furthermore,the

investigation　in　continuousspeech　recognition　Paradigm　is　also　desired,
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Appendix　A

Anaiysis　of　Speech　Features

lnduded　in　Human　Speech-Like

Noise

A｡1　lntroduction

Humans　hsten　various　sounds　coming　from　a　lot　of　sound　sources,　and　can　distinguish

speechsound　only　from　the　othersound,　This　suggests　that　the　human　auditory　system

can　capture　“speech　features"　from　the　acoustic　signal　to　determine　whether　thesound

is　speech.　lf　an　objedive　measure　of　the　sPeech　features　is　developed,　we　will　be　able　to

aPply　it　to　speech　interval　determination,　speech　search　froln　sound　database　andso　on｡

　　As　an　approach　to　investigate　sudi　sPeech　features,　this　appendix　analyzes　the　human

speech-like(HSL)noise,　which　has　been　already　introduced　in　Chapter　3　to　evaluate　the

robustness　of　acoustic　front-ends.　HSL　noise　is　a　kind　of　the　bubble　noise　and　changes

from　just　speech　to　stationary　noise　whose　long-term　averaged　sPectrum　is　the　same

as　speech　when　a　parameter　is　monotonically　changed　in　generating　HSL　noise.　This

appendix　investigates　the　change　from　speech　to　stationary　noise　through　the　following

three　Points　of　view,　(1)Gaussnessof　aml)litude　distribution,　(2)temporal　nuduation　of

spectral　nne　structure,　and　(3)temPoral　nuetuation　of　spedral　envelope･

　　This　appendix　is　construded　as　folloMzs.　At　nrst,　Sedion　A.2　describes　how　to　generate

HSL　noise,　and　quantines　the　speedl　features　included　in　HSL　noise　by　subjedive　tests｡
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Section　A,3　investigates　the　relation　bdw(･en　speech　features　and　Gaussnessof　amphtude

distribution　of　HSL　noise　and　its　ditferencesignaL　ln　Sedion　A,4,　the　relation　between

speech　features　and　temPoraI　HuduaUon　of　spcd･ral　nne　strudure　is　investigated　by　eva1-

uating　HSL　noises　whosespedral　env(･1ol)(Hs　nattened,Then,　Section　A,5　describes　an

objedive　evaluation　for　tempora1　Huduations　of　sPedral　envelope.　Finjly,Sedion　A,6

summarizes　this　apPendix,

A｡2　HSL　Noise　and　lts　Subjective　Evaluations

A.2.1　How　to　Generate　Human　Speech-Like　Noise

　　Human　speech-1ike　(HSL)noise　is　a　superimposed　signal　of　multiple　independent

speech　signals,Let　the　numl)er　of　suP('rimposition　be　yV,　HSL　noise　signal　njv[n]is

yV　is　denned　as　follows｡

mv㈲= Σ
?a=0

s㈲K+{　O≦£≦K-1, (A.1)

where

　　　　　　　　s[4]　:　a　sample　speedl　signal　to　beused　for　the　generation.

　　　　　　　　£　　　　:　　time　index

　　　　　　　　K　　:　the　lellgth　of　HSL　noise

This　equation　means　that　HSL　noise　is　generated　by　c1rcularly　superimposing　the　sample

speech　signal　s[n]on　the　nμ£l　with　p('riod　K　(See　Figure　A.1).

　　ln　this　research,　the　sample　sPeedl　signal　s[n]consists　of　the　concatenation　of　3,200

sentences　uttered　by　30　males　and　34　females　in　the　ASJ　continuous　speech　corpus　for

research[48],The　samphng　rate　is　16kHz,　The　order　in　concatenating　is　random　and

each　sentence　data　is　normjized　by　its　maximum　amphtude　(See　Figure　A,2)･

A｡2.2　Characteristics　of　HSL　Noise

　The　waveforms　and　short-term　FFT　spectrograms　of　HSL　noise　are　shown　in　Figure

A,3,　When　the　number　of　superimposition　is　smal1,　the　spedrum　of　HSL　noise　presents
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harmonics　strudure　and　formants　As　the　number　of　superimposition　become　large,

however,such　observations　disapPear､　and　at　last,　HSL　noise　becomes　stationary　noise.

The　auditory　sensation　of　HSL　noise　is　single　speech　when　y　=1;　overlapped　speech　of

several　talkers　when　y　is　moderate;　and　hnally　HSL　noise　becomes　a　stationary　noise.

　　As　described　above､　HSL　noise　has　both　the　nature　of　speech　and　stationary　noise,

The　peculiarity　is　that　the　speech　feature　induded　in　HSL　noise　changessnloothly　as　the

number　of　suPerimposition　y　increases,

　　Generjly　speaking,　the　slope　of　averaged　long-term　spedrum　of　male　and　female　voice

is　about　-10dB/od　and　has　a　peak　between　250Hz　and　300Hz　due　to　the　pitch　component｡

lt　suggests　that　HSL　noise　reneds　the　averaged　long-term　sPedrum,

　　ln　the　next　sedion,　the　changes　of　speeddeature　for　the　number　of　superimposition

wm　be　quantined　through　a　subjectiveevaluationexperiment,

A.2.3　A　Subjective　Evaluation　of　Speech　Feature　in　HSL　Noise

Experimental　Method

　　ln　the　exPeriment,　we　had　subjeds　listen　to　severa1　HSL　noi8es　as　shown　in　Table　A,1

and　forced　them　to　seled　an　answer　from　the　cr}terion　shown　in　Table　A.2.1n　order　to

evaluate　speech　features　present　in　each　HSL　Iloise､　the　obtained　answers　were　used　as

thescorefor　each　HSL　noise･　Each　l)resented　HSL　noise　was　normalized　by　the　average

power･

ExperimentaI　Results

The　averaged　scores　of　the　su　bjedive　evaluationareshown　in　Figure　A,5,　the　average

scores　that　are　close　to　one　indicates　sPeech-hke,　and　those　that　are　close　to　four　are

stationary　noise-1ike,

　　As　the　results,　the　foHowing　three　points　are　clarined:

1･　HSL　noise　whose　number　of　superimposition　is　from　2　to　10　is　heard　as　a　superim-
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Table　Aj:　EXPerimelual　coHdition　for　subydive　test,1aUle　jt1.LXPelllilem4H　coH(llHoii　lor　sUDJeCUve　LeSL.

subjed 10　person

data the　number　of　suPeriml)osi-

tion(yv)

2,4,6,8,　1　0,　1　6,24､32,64,128

56,512,1024,2048,4096

1ength 1,3,10　sec

sampling　frequency 16kHz

three　signals　every　lenμh　alld　thenurnber　of　suPerimposition

present

method

each　signal　is　presented　for　left　side　ear　using　STAX　SR

ATR　version)hcadphone,

1 perceived　as　superimposed　speech　only

2 perceived　as　a　signal　that　is　superimPosed　speech　and　stationary　noise

mainly　speech)

3 perceivedasasignal　that　is　superimposed　speech　and　stationary　noise

mainly　noise)

4 perceived　as　a　stationary　noise
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　　　posed　sPeech　(score:　LO-L5)

　　2,　HSL　noise　whose　number　of　suPerimP()sition　is　from　16　to　256　has　both　of　speech-1ike

　　　and　stationary　noise-like　natures　(score:　L　5-3,5)

　　3,　HSL　noise　whose　number　of　sul)erimPosition　is　from　512　to　4096　is　almost　heard　as

　　　a　stationary　noise(score:　3,5-4.0)

　　From　these　results､　we　can　conclude　thdt　the　threshold　for　the　stationary　noise　is　about

25(E

A.3　Gaussnessfk)r　Amplitude　Distribution　of　HSL

　　　　Noise　and　Speech　Features

　Since　the　amphtude　distribution　is　approximateiy　a　Gamma　distribution[491,the　dis-

tribution　of　HSL　noise　of　a　few　superimpositions　is　also　close　to　Gamma　distribution,

However,the　amplitude　distribution　of　HSL　noise　whose　nulnber　of　superimposition　is
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1arge　would　be　Gaussian　distribution　due　to　the　central　limit･　theorem　(see　Figure　A,6E

Therefore,it　is　reasoHable　to　suPI)ose　that　there　would　be　some　relation　between　the

changes　from　Gamma　to　Gaussian　distribution　and　speech　features　included　in　HSL　noise,

　　in　this　sedion,　we　investigate　speech　features　�ated　to　Gaussnessof　amplitude　dis-

tribution　using　higher　order　statistics,Ee,　skewness　and　kurtosis,

A.3.1　Experimenta1　2M〕ethods

Skewness　and　Ku.rtosis

　　ln　general,　given　a　data　sequence£==　{JI,£2c‥,J/v},the　distribution　of　the　data

can　be　charaderized　by　the　following　Matist1(;s[501:

Skewness　S(z)　charaderizes　the　degree　of　asymmdry　of　a　distribution　around　its

mean,　The　skewness　is　conventionally　detined　in　sudl　a　way　to　make　it　non-dimensiona1.

A　positive　value　of　skexvnesssignmes　a　distril)ution　with　an　asymmetric　tail　extending

out　towards　more　positive　z;　a　negative　value　signmes　a　distribution　whose　tail　extends

out　towardsnlore　negative　z,　For　sPeech　signals,　we　calculate　the　absolute　value　in　the

following　exPeriments　becausethe　sign　does　not　have　any　meaning,　Theusual　dennition

S

1S

S(J)=⊇
　　Λ

y
Σ
y |

　　　-

Jj‾J

(7(z)
(A.2)

where　,7(z)is　the　distribution's　standard　deviation｡

Kurtosis　K(z)measuresthe　relative　Peakedness　ornatness　of　a　distribution　related　to

Gaussian　distribution,　lt　is　also　a　non-dimensional　quantity.　A　distribution　with　positive

kurtosis　is　termed　leptokurtic　and　the　one　with　negative　kurtosis　is　termed　Platykurtic.

The　conventional　dennition　of　the　kurtosis　is

K(z)
-

- μ
2　‘

　j21 [{
4

　-3,

where　the　-3　term　makes　the　value　zero　for　a　Gaussian　distribution｡
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Table　Aj:　Data　used　in　the　ex

(A,4)

(A.5)

the　number　of　suPerimposition

(y)

the　length

1,2,4,8√L6,32,64,128

256,512,1024､2048,4096

3　sec

10　signals　every　the　mnnber　of　superimposition

　　ln　the　fonowing　experimentsμhe　absolute　vjue　of　skewnesO　S(z)l　and　the　kurtosis

£(z)under　the　conditions　shown　in　Tabie　Aj　are　cjculated　for　HSL　noises　and　its

differenced　signals.

Test　method　of　Gaussness

For　the　idealized　case　of　a　Gaussian　distribution､　the　standard　deviation　of　S(z)and　K(z)

is　approximately々0))=φ{y･7(K(z))=φWμΓespectively[501Then,assuming

that　the　distributionsof　skeMynessS(J)and　kurtosis　K(z)is　approximately　Gaussian,　the

hypothesis　that　the　distribution　of　J　is　Gaussianjs　rejeded　with　the　signincance　leve1

0,01　if　μ(z)|>2,326々0))､IK(z㈹≫2､326(7(AT(z)),ln　this　experiment,　since

y=48000,

IS(z)|>O,0411

IAT(z)|　>　Oj04,

VVhen　S(z)and　K(z)are　not　induded　in　this　interva1,　we　consider　that　the　distribution

is　not　Gaussian｡
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A.3.2　ExperimentaI　Results

Gaussness　of　Distribution　lor　HSL　noise

The　valuesof　the　skewnessand　kurtosis　for　HSL　noises　and　its　difrerenced　signals　are

shown　in　Figure　A,7　and　A,8　resPedively･　ln　the　ngures,　the　horizontal　axis　represents

the　superimposition　nulnber,ten　Points　Per　suPerimposition　represents　each　value　for

ten　HSL　noises　generated　from　ten　different　speech　samples　s[n],　The　bold　line　is　the

averaged　value,　ln　addition,　the　rejeded　intervals　for　the　hypothesis　that　the　distribution

is　Gaussian　are　illustrated　by　the　hatched　Pattern,The　magnined　ngures　of　Figures

A,7　and　A,8　are　also　presented　in　Figure　A,9　to　beenable　easier　viewing　of　the　rejeded

intervjs｡

　　ln　the　case　of　HSL　noisesμor　th(･skewness,the　hypothesis　whether　the　distribution

is　Gaussian　is　rejeded　on　the　average　for　greater　than　16　superimpositions,　0n　the

other　hand,　for　the　skewnessdhe　hypoth(･sis　is　rejeded　on　an　average　of　greater　than　32

suPerimPositions｡　Thereforejt　concludes　that　the　amphtude　distribution　for　HSL　noises

whose　superimposition　numberaregreater　than　32　is　Gaussian,

　　ln　the　case　of　HSL　noise's　difrerenced　signaljor　the　skewness,　the　hypothesis　is　rejeded

on　an　average　of　greater　than　32　superimpositions,　0n　the　other　hand,　for　the　skewness,

the　hypothesis　is　rejeded　on　an　average　of　greater　than　256　suPerimpositions｡　Therefore,

it　conclude8　that　the　amPhtude　distribution　for　HSL　noises　whose　superimposition　number

is　greater　than　256　is　Gaussial1,

　　Furthermore,when　both　of　the　skew'ness　and　kurtosisare　outside　the　rejeded　interval,

the　distribution　is　Gaussian,　lt　suggests　that　the　decision　of　Gaussn･ess　isenough　to

evaluate　the　kurtosis｡

Changes　of　kurtosis　and　speech　features

To　compare　with　the　subjedive　results　obtained　in　sedion　A,2,　theaveraged　valuesof　the

kurtosis　for　HSL　noises　alld　its　diflerenced　signalsareshown　in　Figu,reAjO,　The　changes
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of　the　kurtosis　for　the　differellced　signal　tend　to　be　closer　to　the　subjective　results　than

the　changes　for　HSL　noises･　Thus,　the　kurtosis　for　HSL　noise's　differenced　signj　can

beanobjedive　measure　to　evaluate　speech　featurcs･　This　suggests　that　speech　features

could　be　included　in　the　temporal　changes　of　HSL　noise,

A.4　Fine　Structure　of　Spectrum　in　HSL　Noise　and

　　　Speech　Features

As　noted　in　sedion　A,2,　the　slope　onong-term　averaged　spedrum　for　mje　and　female　is

about　-10dB/oct　and　has　a　Peak　hetween　250Hz　and　300Hz　due　to　the　Pitch　component

{51].　The　HSL　noise　that　is　superimposed　by　generating　a　lot　of　speech　jso　has　the

long-term　averaged　sPedrum　as　well　as　theoneof　typical　sPeech,　Asseenin　Figure　A.4,

the　spectrj　envelope　of　HSL　noise　is　doser　to　t･he　long-term　averaged　spedrum　of　speech

as　the　superimposition　number　is　increased,　Thereforejt　seems　that　there　could　be　some

relation　between　the　changes　of　spedral　envelope　and　speech　features,

　　ln　this　section,　by　ehminating　such　spedral　envelope　using　hnear　predidive(LP)

analysis,we　investigate　the　relationship　between　speech　features　and　temporal　nuctua-

tion　of　spectral　hne　strudure.　The　reasonof　the　separation　is　to　restrid　the　target　of

investigations　for　speech　features･

A.4.1　ExperimentalⅣ【ethods

The　f611owing　three　signals　calculated　from　HSL　noises　whose　nuinber　of　superimPosition

are　from　32　to　25,6　were　used　in　the　subjective　test､

signal(1)is　obtained　by　eliminating　the　long-term　averaged　sPectral　envelope　using　LP

　　　　analysis,　ln　other　wordsjOs　the　residual　signal　obtained　by　32　order　LP　analysis.

signal(2)is　obtjned　by　ehminaGng　the　short-term　sPedrj　enveloPe,　lt　is　an　overlap-

　　　　and-added　signal　of　the　residual　signj　of　HSL　noise　using　32　order　LP　analysis　in

　　　　a　30　ms　long　frame　shifted　by　10　ms　lon&
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Table　Aj:　Data　4nd　ex rimental　conditions｡1aDle　AyE　LMLa　4n(1　ex1)enmenual　collulUluus.

subjed 10　Person

data the　number　of　su-

periml)osition(X)

32,64､128,256

length 3　sec

samphngn7equency 16kHz

dlree　signal　every　(1),(2),(3)

present

method

each　signj　is　Presented　for　left　sideearusing　STAX　SR

ATR　version)headPhone　ina　sound　Proof　room,

signal(3)ls　obtained　by　eliminatjng　the　changes　of　short-term　power　in　order　to　left　the

　　　　short-term　spedral　dlange.　lt　was　calculated　by　normahzing　the　averaged　power　in

　　　　30　ms　long　frame　every　10nls｡

For　HSL　noises　whose　superimposition　numbers　are　greater　than　32,　the　spectral　enveloPe

is　more　comphcate　than　that　of　the　usual　sPeedl　signal　due　to　the　superimposition　of　a　lot

of　speech　uttered　by　multiple　speakers　(see　Figure　Aj1E　ln　order　to　nt　such　a　complicated

spedral　envelope　usingan　a11-pole　hlter,　we　seleded　relatively　higher　32　order　than　the

one　used　in　typica1　LP　analysis　for　speedL

　　Each　presented　signal　was　normahzed　by　its　average　power,　quantized　with　16　bit,

and　recorded　in　DAT,　The　same　subjedive　test　as　in　the　previous　section　was　performed.

The　specinc　experimental　condition　is　shown　in　Table　A,4.

A.4.2　Experimental　Results

　　Figure　Aj2　shows　the　averaged　su})ydivescores.　lt　indicates　that　signa1　(1)and(3)

1ose　a　little　speech　feature　coml)ared　with　the　origina1　HSL　noise,　but　follow　the　change

of　speech　feature　as　in　the　HSL　noise,　0n　the　other　hand､　signa1(2)jmost　loses　speech

feature　in　spite　of　the　nunlberof　superimpositiol1,　Therefore,　speech　feature　in　HSL　noise
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Section　A.2　1s　shown　again,

1S

1.not　included　in　theaveraged　spedLral　envelope　(from　the　results　for　signal　(1)),

2,　not　related　to　the　change　of　the　short-term　power　(from　the　results　for　signal　(3)),

3,　is　signincantly　charaderized　by　the　change　of　the　short-term　spectrum　(from　the

　　results　for　signal　(2)E

　The　signincanceof　such　change　of　short-term　spectrum　is　suggested　by　the　research　for

syllable　perceptionand　phoneme　segmentation,　and　these　experimental　results　support

the　fact.

A.5　Temporal　Changes　of　SpectraI　Envelope　in　HSL

　　　Noise　and　Speech　Features

As　shown　in　the　previous　sedion,　sPeech　feature　induded　in　HSL　noise　is　chara£terized　by

short-term　spedrj　change,　hi　this　sedion,　the　short-term　spectral　change　is　quantined
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Table　Aj:　Analvsis　condition｡

frame　length 30ms

frame　shift 10ms

analysis　window Hamming　window

LPC　order 32　order

cepstrum　order 34　order

window　length　in　calculating　delta　cePstrum 3,4,5,7　frames

by　dynamic　measure　【52]using　delta　cepstrum,　and　speech　feature　present　in　HSL　noise

is　evaluated,　Then,　the　results　for　the　three　signjs　used　in　the　previous　sedion　are

compared　with　theoneof　dynamicnleasure｡

A.5.1　Dynanlic　N/leasure

Dynamicnleasureusing　delta　cepstrum　L53Ds　denned　as　follows　[52]

D㈲= Σ(△q㈲)2 (A.6)

where,△Q[M　is　ith　delta　cePstrunl　at　nth　analysis　frame,　and　9　is　the　order　of　cepstrum

analysis,　This　dynamicnleasurep㈲is　calculated　by　the　square　sulnof　delta　cePstrum

△Q[n]along　with　the　quefrency.　Thus,　dynamic　measure　represents　the　change　of　log

spedrum[52]･
　　　　　　　　　　　　　　　　-

　Usingaveraged　dynamic　nieasure　p[a]by　the　total　number　of　analysis　frame,　the

short-term　spedral　change　for　three　signals　used　in　Sedion　A･4　is　evaluated･　The　analysis

condition　of　dynamic　measure　is　shown　in　Table　Aλ

A.5.2　Experimenta1　Results

　　　―

　The　Z)[n]s　for　HSL　noise(7V:256)and　for　the　three　signals　used　in　Sedion　A.4　are

shown　in　Figure　A.13.
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　　From　the　previous　sedion,　signals(1)and(3)whose　number　of　superimposition　is　1　28,

and　HSL　noise　whose　numberof　superinlposition　is　256　are　comparable　for　the　subjedive
　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　←

score(see　Figure　Aj2y　Noting　this　relation　in　evaluating　the　experimental　results,　D[R]

for　signals　(1)and(3)whose　number　of　superimposition　is　128,　and　HSL　noise　whose

number　of　superimposition　is　256　is　dlmost　same,　when　the　length　of　delta　cepstrum

window　is　60　m&Thusjt　indicates　that　the　dlange　for　the　auditory　sensation　resulted　in

the　previous　sedion　coincides　with　the　(jha,nge　of　short-term　spectrjover60　ms　interva1.

Therefore､wecan　conclude　that　it　is　possible　to　evaluate　speech　feature　objediLvely　using

a　metric　that　measures　the　change　of　short-term　sPedrum　such　as　dynamicnleasure.

A｡6　Conclusions

ln　this　appendix,　we　introduced　HSL　noise　and　analyzed　the　speech　feature　present　in

HSL　noise.

　　At　f1rst,　we　clarined　that　the　discriminative　threshold　between　speech　and　stationary

noise　is　about　256,Then,　we　investigated　the　change　from　speech　to　stationary　noise

from　three　Points　of　view,　i,e,,(1)Ga､ussness　of　amplitude　distribution,　(2)tempord

nuctuation　of　sPedral　nne　structure,　and(3)temporal　nuctuation　of　spedral　envelope.

These　experiments　clarined　that　the　change　of　the　kurtosis　for　HSL　noise゛s　difrerenced

signal　and　the　change　of　short-term　spedrum　in　the　60　ms　interval　coincide　with　the

change　of　sensation　for　HSL　noise　as　the　nulnber　of　suPerimposition　is　increased,　They

indicate　the　signincanceof　dynamic　change　of　speech　to　discriminate　speech　and　noise,

　　Howeverjn　order　to　apply　these　results　to　speech　detedion　problem　and　speech/non-

speech　discrimination　problem,　the　feature　of　spedral　change　for　speech　should　be　inves‘

tigated　in　more　detail,　because　the　sPeech　feature　evaluated　in　this　aPpendix　is　restricted

for　the　discrimination　between　sPeedl　and　stationary　noise,There　are　a　lot　ofsound

whosespectrum　changes　dynamically　in　short-term,
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