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Abstrakt

Rocnikovy projekt je zam &ren na problematiku zpracovani recového
signalu , jeho parametrizaci a nasledné pouziti t échto parametr G
v Uloze robustniho rozpoznavani reci pomoci neuronové sit &. Hlavnim
Ukolem je pouziti nelinearniho spektralniho vyhlazo vani, zjist &ni
ptinosu tohoto vyhlazeni na robustnost rozpoznava ¢e, porovnani této
metody Upravy signdlu s jinymi pouzivanymi postupy a moznost pouziti

toho algoritmu i v rozpoznava ¢ichsv &t8im po <&tem neuron 1.

Kli ¢ova slova

Recovy signal, parametrizace, HTK toolkit, zpracovsiginalu, cepstrum, HMM rozpoznavani,

robustni rozpozna¥aMFCC, rozpoznavarnedi, nelinearni spektralni vyhlazovani, RASTA filtr
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Téma prace: Robustni parametrizacereci ve frekvenéni oblasti

Vedouci:
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Zadani:
1. Seznamte se s klasickymi pfistupy v parametrizaci feci ve spektralni
oblasti.
2. Zameérte se na nové algoritmy parametrizace pomoci nelinearniho
spektralniho vyhlazovani.
3. Otestujte nové odvozené feCové parametry v Uloze robustniho
rozpoznavani reci.
Kategorie:
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Implementacni jazyk:
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Komentar:

1. Provedte prvni experimenty s klasickymi feCovymi parametry pouzivanymi
Vv rozpoznavani redi.

2. Pouzijte databdzi TI-DIGITs, provedte prvni experimenty s rlznymi
arovnémi SNR.

3. Provedte prvni experimenty s nelinedrnim vyhlazovanim ve spektralni
oblasti.



1  Uvod

Téma tohoto ro  &nikového projektu jsem si vybral z d avodu zajmu o
Zpracovani signal t, zvlast & pak reci. Hlavni casti zpracovani reci
je jeji parametrizace, jejiz vysledek m tZe byt nasledn & pouzit
kr aznym G celim at uz pro p fenos signalu, nebo nap ¥. pro
rozpoznavani mluveného textu. Prav & rozpoznavani mluveného slova pro
me bylo neznamou a proto jsem se rozhodl vice tuto ob last
prozkoumat.

Mym (dkolem bylo seznamit se s problematikou zpracov ani recového
signalu, zvlast & pak zpracovani tohoto signalu za u celem dalSiho
pouziti pro jeho rozpoznavéni a pouZiti nelinearnih 0 spektralniho

vyhlazovani pro zlepSeni rozpoznavani.

Nejprve se zminim o zpracovani a parametrizaci recového signélu
obecn &, potom podrobn  &ji rozeberu pouZziti nelinearniho spektralniho
vyhlazovéani. V dalSich kapitolach pak pouziti této parametrizace
v Uloze robustniho rozpoznavani reci. Vzav  &re ¢né kapitole zhodnotim
praci a vysledky, kterych jsem dosahl a také moznos t dalSiho vyvoje

tohoto projektu vzhledem k diplomové praci.



2  Zpracovaniirecoveho signalu

2.1  Obecna charakteristika

Digitalni zpracovani recového signalu se stalo b &Znou sou casti
dneSniho Zivota. Mobilni telefon jiZ pouZziva tém &t kazdy, ale v cim
dal v é&tSimi  re se setkavame také s automatickym rozpoznavanim reci.
Hlasové ovladani mobilniho telefonu, po ¢ita ce,  ¢i automatické
rozpoznani  ¢isla, znaku nebo celého slova automatem na druhém k onci
telefonniho spojeni je spojeno s touto oblasti zpra covani zvukového
signalu.

Naroky kladené na rozpoznani mluveného textu jsou h lavh & na
Usp &Snost spravného rozpoznani, pop tipad & schopnost ur  ¢it s jakou

p resnosti byl vysledek vyhodnocen.

Pro komer ¢&ni vyuZiti je tedy Zadouci aby p ¥i dostate ¢né dob &
pot rebné krozpoznani byla zachovdna co nejv &tsi  p resnost
vysledku(poZadavky se samoz ¥ejm & mohou liSit).

Jednim mozZznym zp utsobem, jak rozpoznat mluveny text, je mit

rozsahlou databazi na zaklad & které porovname rozpoznavanou rec¢ se
vzorky vtéto databazi. Recovy signal je v3ak p ?ili§ zavisly na
konkrétnim  recnikovy a ani stejny recnik ne rekne jednu v  &tu dvakrat

stejn &, proto provadime parametrizaci.

2.2 Parametrizace

Ukolem parametrizace je vyjad ¥it  recovy signal omezenym mnozstvim
hodnot. Parametrizaci Useku recového signalu ziskame dany po cet
hodnot. Pro vice recovych Usek 0 radime tyto hodnoty do matice. Pro

rozpoznava ce jsou vhodné parametry, které jsou:
- gaussovského rozlozeni
- dekorelované

- malo dimenzionalni

2.2.1 Robustni parametrizace

V praxi je d ulezité, aby rozpoznava ¢ pracoval spolehliv & nejen se
signaly, které nejsou nijak ruSené, ale naopak. Nej cast &ji se
setkdvdme se signdly, které jsou ruSené nezadoucim hlukem nebo
ztrdtami dat p ¥i vedeni signélu. Rozpoznava ¢ tedy musi byt robustni
vaci t  émto ruSivym vliv am r zné intenzity. Robustnost parametrizace
tedy zavisi na schopnosti odolat t &mto porucham.



2.2.2 Zpracovani signalu

Privodni signal

Za p tvodni signal m tiZzeme povazovat samotnou rec¢. Jedna se tedy o
analogovy signal. Neni ¢asov & omezen.

s(t)

Priklad ¢asti analogového signalu

Vzorkovani signalu

Abychom mohli signél ulozit a dalé zpracovavat, je preveden do
digitalni podoby. Z analogového signalu ziskame dig italni  signal
jeho vzorkovanim. Pro nevzorkovani signalu vynasobi me p avodni
analogovy signal periodickym sledem Diracovych impu Is a. Po
vynasobeni dostaneme opet periodickou posloupnost D iracovych
impuls 1, nyni jiz vS8ak s mocnostmi odpovidajicimi p tvodnimu signalu.
Nasobime Diracovymi impulsy s periodou T, tedy vysl edny signal bude

mit odpovidajici hodnoty v bodech nT.

T je vzorkovaci perioda

1
Fi = T je vzorkovaci frekvence

Vzorkovaci frekvenci volime v &tsi neZz dvojnasobek maximalni
frekvence obsazené v p tvodnim spektru analogového signélu.



Fs > 2*fmax (Shanon av vzorkovaci teorém)

Pri nedodrzeni této podminky dochazi k tzv. aliasingu . To znamen4,
Ze spektrum tohoto signdlu ma jiny tvar nez p avodni spektrum a
signal jiz nem tZzeme znovu rekonstruovat. Nevzorkovany signal je
posloupnost diskrétnich hodnot. Musime vSak zachova t informaci o
pouzité vzorkovaci frekvenci. Ve frekven ¢ni oblasti se signal
nevzorkovanim periodizuje. Ve spektru tedy mame k d ispozici N hodnot
od 0 do Fs a horni polovina tohoto spektra je symet rick4 s dolni
polovinou. TudiZ nés dale zajimé pouze polovina toh oto spektra.

s(t) s(t) | X O=x(Os(®
D

0 Ly o t

Priklad vzorkovaného signalu

Rozdleni na ramce

v

ProtoZze p dwvodni signal je pro zpracovani p Fili

dlouhy a
nestacionarni, d &lime ho na ramce.

Délka ramce by m ¢&la byt dostate ¢né mal4, abychom mohli signal
povazZovat za stacionarni a zarove n dostate ¢né velka, aby mohli byt
poZzadované parametry odhadnuty s dostate cnou p resnosti. Setrva &nost
hlasového ustroji je p ¥iblizn & 20 - 25ms coZz p ¥i vzorkovaci
frekvenci 8kHz odpovida 160 - 200 vzork am.

o

Dalezité je také zvoleni peekryti rdmc 4. Pokud zvolime malé p rekryti
ramcu, hodnoty parametr 4 se mohou mezi jednotlivymi ramci zna éng
lisit. P i pouziti velkého p rekryti ramc @ jsou si parametry vice
podobné, oviem za cenu v &t§iho naroku na hardware. Je tedy op &t
nutné volit kompromis. V nasem p ¥ipad & je p rekryti 80 ramc u za
sekundu coz odpovida délce 10ms.

Pro jednotlivé segmenty reci budeme chtit s ¢itat jejich spektra.

Diskontinuity na krajich t échto segment 1 vedou kzaSum  &ni spekter.
Pro odstran  &ni tohoto jevu sdhujeme segment hammingovym oknem.



raml ! ram

RozloZeni ramdi v signalu
| ram — délka ramce

S ram — pOSUﬂ

Pram — P fekrytl' ramc a

Spektrogram

Spektrum (spektralni hustota vykonu) odhadneme pro kazdy recovy
ramec. VSechna spektra zobrazime jako matici. Vodor ovna osa odpovida

¢islu ramce, na svislou osu vynasSime frekvence. Pro jednotlivé
segmenty feci budeme chtit s ¢itat jejich spektra. Diskontinuity na

krajich t échto segment u vedou k zaSum  &ni spekter. Pro odstran éni
tohoto jevu sahujeme segment hammingovym oknem. Spektrogram je velice

vhodnym pristupem pro analyzu recoveho signaluo Jeopis, ktery nam dava velice dobré
vizualni informaci o recovém signalu i v pripadéyk je signal prekryt znacnym hlukem.
Lze presne videt, v kterém okamziku a pri kter&fesci se objevi hluk v zaznamu.

Al | - - . , | —
ZE /\Ul \ V\x E
Vm J W“N\AV’“M’\’““ S LSOV~ / LW
2 u lf”l | ‘ | | | I/ﬂ /\1 | T | \H i
; Ui Mﬁ”\/ /\/\}\[ \/ \/\/\rﬂ'\/\/ / \L’A\fm \/f\/ Uﬁ\/j\ \ P \ ﬁ\\/”/ U

Priklad spektra jednoho ramce
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Cepstrum

Pro kodovani je vhodné odd glit buzeni a modifikaci. Buzeni (zakladni
ton) je velmi zavislé na konkrétnim recnikovi(na pohlavi, v éku,
nalad ¢&,...). Pro rozpoznavani jej tedy nepot rebujeme v ubec.

MFCC — Mel-frequency cepstrum

Lidské ucho ma na rozdil od toho ,strojového“ jinou rozliSovaci
schopnost na nizkych a vysokych frekvencich. Nizké frekvence
rozliSujeme lépe neZz vysoké frekvence. Pro rozpozna vani reci se
snazime cepstrum p riblizit lidskému slySeni. Na frekven cni osu
nelinearn & rozmistime filtry a zm &rime energii na jejich vystupu.
Prakticky provedeme vypo cet MFCC tak, Ze provedeme Fourierovu
transformaci, signal umocnime, vynasobime trojuheln ikovym oknem a
secteme. Tento zp  asob je také pouZzit v HTK toolkit pouzitého v tomto

projektu. Timto odstranime jemnou strukturu spektra nesouci
informaci o ned tlezitéem zakladnim tonu.

Vystup z banky filtr G je logaritmovén, coz odpovida logaritmickému

vnimani hlasitosti lidmi a vede k tomu, ze rozlozen i koeficient u se

s

vice blizi gaussovskému rozloZeni.

A
' 1 ¥ !

Enerov in
- w5 m | Each Band
MELEFEC
Banka filtr @
Dekorelace
Logaritmicky vystup je promitnut do kosinovych béazi . Tim se tyto

koeficienty dekoreluji.
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3 Rozpoznavaniredi
3.1 HMM - Hidden Markov Model

Rozpoznava fe¢i pouzity vtomto projektu je zalozen na HMM neuowé siti.
Skryté Markovovy modely (HMM - Hidden Markov Modelpdpovidaji statistickym
modelim s konénym paitem stavi. Tyto modely mohou byt uziteé pro statisticky popis
po ¢astech stacionarnich sighghko jerec. V teorii HMM je pocastech stacionarni signal
modelovan pomodietzce skladajiciho se z N stayricemz kazdy z nich ma jiny soubor
statistickych charakteristik. N stavovy Markavmodel je uveden na obr.

@ @
a'12 a 3

2

N-stavovy skryty Markottv model je definovan nasledujicim souborem parametr
A={m ,a; b (x),i,j=1...,N}.

Vyznam jednotlivych parameir

7T, - pasateeni pravapodobnost stavu

a; - pravapodobnost fechodu mezi staviya

b, (x) - hustota pravtpodobnosti pro pozorovany vektor daném stavu

N - paiet stavh
I, ] - ozn&eni danych konkrétnich stav

Hlavnimi parametry, které charakterizuffMM model jsou prawtpodobnosti
pfechodi mezi stavya; a hustoty prawtpodobnosti pro pozorované vektoxyv danych
staveclb, (x) Prava@podobnosti pechodi mezi jednotlivymi stavy vyjadji raiznou délku
trvani recovych segmerit jejichZ statistické parametry Izeifadit jednotlivym stagm.
Hustoty pravdpodobnosti pro pozorované vektory v danych stavamioti tomu vyjaduji
zmeny ve spektralnim obsahlacovych segmerit prirazenych k danému stavu. Vzhledem k
tomu, Ze pechod mezi jednotlivymi stavy seite konat pouze z lev&sti modelu do pravé,
se pro zpracovarecovych signak pouziva tzv. levopravidMM.

12



Pravd@podobnost, Ze sekvence pozorovanych vékbor[ X5 Xy K X ] odpovida akustické
realizaci slova popsaného modelelm je obecl dana sé&enim pravdpodobnosti sekvence
pozorovanych vektdrpres vSechny mozné sekvence stqv Toto Ize vyjadit nasledujicim
vzorcem:

P, (X):Z P, (X| q ) P, (q ): Zﬂql bql(Xl )aqqu qu(xz )/\ aqT—ququ (XT ) (1)

oK ,ar

Pro vyisleni gredchozi pravépodobnosti je nutné whvypctitat hustotu prawkpodobnosti
pro pozorovany vektox v daném staviy (x) Tato hustota je zpravidla modelovana pomoci
M-sloZzkové smisi hustot pravépodobnosti podle Gaussova rozlozZeni. To ggvzorec 2.

bi(xk )zi_PimN(xkl:uim’zim) (2)

m=1

kde P, jsou vahové koeficienty stavu a N(xk,,uim,zim) jsou jednotlivé hustoty

pravcEpodobnosti pro dany pozorovany vekkpr 4., je vektor stednich hodnot &,
ozna&uje kovariagni matici.

3.1.1 Jednotlivé ¢asti HMM rozpoznavace reci

ZjednoduSené schéma rozpozndv@ge uvedeno na obr. Prvni operaci, kter@iovy signal
prochazi je kodovani.iPném se zpravidla signal segmentuje na stejlouhé segmenty z
kterych se vypdita spektrum a to se dale zpracovava. Pouzité kiddwlo popsano vyse.

Regovy signal
> Koédovani » Rozpoznavani
Trénovani 7y
Trénovani L
Trénovani Modely
Trénovaci databaze
Blokové schéma rozpoznawse
Pred tim, neZ je rozpoznava ¢ schopen rozpoznavat jednotlivé
promluvy (nap *. slova) je t reba nejd rive natrénovat jeho modely
jednotlivych promluv. K tomu slouZzi tzv. trénovaci cést databaze,
kde se nap riklad vyskytuje mnoho r tuznych realizaci od kazdého slova,
které chceme mit ve slovniku rozpoznava ce. Tato etapa p Fipravy
rozpoznava ce se nazyva trénovani.
Vlastni rozpoznavani se d &je vyhodnocovanim pravd gpodobnosti, Ze
dana promluva (sekvence pozorovanych vektor t X) byla generovana
danym modelem. Model, ktery generuje danou promluvu S nejvyssi

pravd &podobnosti reprezentuje danou promluvu.

13



Sum ovliv nuje proces kddovani, trénovani model G i vlastni
rozpoznavani. Rozpoznava ¢e reci dosahuji nejlepSich vysledk u pokud
jsou trénovany a testovany na promluvach sp ritomnosti stejného
druhu Sumu (co do mnoZstvi i spektra).

Sum ovliv 1uje jak pravd gpodobnost p rechoda mezi jednotlivymi

stavy, tak i hustoty pravd gpodobnosti pozorovaného vektoru v danych
stavech. Vliv Sumu na hustoty pravd gpodobnosti pozorovaného vektoru

v danych stavech se zpravidla povaZuje za vice vyzn amny nez jeho
vliv na pravd épodobnostip  rechod u.

K definici, trénovani a krozpoznavani pomoci HMM ( hidden
Markov model) slouzi HTK. HTK(Hidden Markov model t oolkit) slouZzi
také pro vyhodnocovani vysledk u rozpoznavani. HTK je napséano
v jazyce C a pro nekomer &ni pouZziti je voln & stazitelny.

Pouzité funkce HTK toolkit

HList — zobrazuje soubor s parametry

HCopy — kopiruje, p ¥i cemz dokéze provést i konverzi dat. Jelikoz
konverzi dat jsme upravovali, neni v projektu pouzi t

HCompV - inicializuje parametry vysilacich hustot rozd gleni
pravd &podobnosti ve stavech modelu na globalni hodnoty pr o0 dané
slovo

HRest — p retrénovani modelu. Provadi vypo cet funkce p  ri razeni
jednotlivych vektor u ke stav amsnaslednymp  retrénovanim model u

HVite - Viterbiho dekodér. Rozpoznava ¢ — pro natrénované modely a
neznama slova provede vypo cet Viterbiho pravd &podobnosti a vyb ér
maxima. Model, ktery vyslal slovo s nejv &ts8i pravd  &podobnosti je
rozpoznan

HResults - na zaklad & spravnych p  redpis u rozpoznanych slov

vyhodnocuje chybovost

3.1.2 Testovaci databaze

Testovani probihalo na databazi TIDIGITS. Databaze obsahuje r 1tzné
posloupnosti cislicsr znymi typy a intenzitami ruseni.

Typy ruSeni — r uzné hluky na pozadi reci. Obsahuje hluky
odpovidajici hluku na ulici, v metru, v aut &, V restauraci, atd...

Intenzity ruSeni —od cisttho recového signalu az po signal, kde
intenzita ruSeni dosahovala hlasitosti reci. Databaze TIDIGITS

obsahuje 6 stup niu intenzity ruseni :

- clean - cisty signal bez ruseni

14



- NSR20 - odstup recového signalu od Sumu 20dB — malo zaSum &ny
signal

- NSR15- odstup recoveého signalu od Sumu 15dB

- NSR10- odstup recoveého signalu od Sumu 10dB

- NSR5- odstup recového signalu od Sumu 5dB

- NSRO - odstup recového signalu od Sumu 0dB — velmi zaSum eny
signal

3.1.3 Mozné zpisoby zlepSeni rozpoznavacich schopnosti

- Adaptace (Rzpasobeni) modél jednotlivych promluv tak, aby zahrnuly vliv Sumu

Jak jiZz bylofeteno, rozpoznave re¢i dosahuji nejlepsich vysledkpokud jsou trénovany a
testovany na promluvach gifpmnosti stejného druhu Sumu.

- predzpracovéanietového signalu fed vliastnim rozpoznavanim.

Pouziti fiznych algoritnd pro Upravutrecového signalu. Toto se ke dit ged
vlastnim kédovanim, iffpadre mize byt dany algoritmus tazen docasti kddovani.
Pouzité metody jsou popsany v nasledujici kapitole.

- nastaveni neuronoveé &itmozujici lepsi (pesrgjsi) natrénovani této sit

3.1.4 Algoritmy pro Upravu signalu

VSechny zmin &né Upravy jsou sou césti kdédovaciho procesu

3.14.1 Nelinearni vyhlazovani signélu ve frekvetini oblasti

Jednd se o jednoduchy, podle autor t vSak 0 cinny,
algoritmus pro zvySeni p resnosti rozpoznava ce. Spektrum kazdého
ramce je upraveno nasledujicim zp asobem

F(i) = max ( f(), f(i+1)*c1, f(i-1)*c2 )

Je tedy zaijist éno, Ze dv & sousedni hodnoty spektra daného ramce se

li5i maximaln & 0 (1-c1) resp. (1-c2) nasobek jedné z t échto hodnot.
Tento algoritmus tedy céste ¢né vyhladi spektrum kazdého recoveho
ramce. Stupe 1 tohoto vyhlazeni Ize korigovat vhodn & zvolenymi

koeficienty cl a c2.
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Pziklad.

Pavodni spektrum jednoho ramce recoveho signéalu

Frekvence (Hz)

Upravené (vyhlazené) spektrum jednoho ramce recoveého signalu

Frekvence (Hz)

Ukéazka vlivu zvoleni koeficient G nastupe 11 ,vyhlazenosti“ signalu
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Jak je vid &t zpr ubé&hu signalu, je vysledek zavisly na vyraznych

frekvencich spektra a mén & vyrazné frekvence jsou p rekryty. Jak jsem
se jiz zminil d rive, rozpoznava ¢ dosahuje lepsi efektivity, pokud
trénovani i testovani probiha s daty zaSum &nymi stejnym Sumem. Ze
stejnéhod uvodu provadime nelinearni vyhlazovani na trénovacic h, tak
| testovacich datech.

Dosazené vysledky*:

SNR - signal to noise ratio — odstup recoveho signalu od Sumu
(0,5,10,15,20 dB).

Clean — cisty signal bez p ridani aditivniho Sumu.

Efektivita — udava kolik procent rozpoznanych slov bylo rozpoznano
spravn &.

Referen &ni hodnota - efektivita samotného rozpoznava ¢e, bez pouziti

algoritmu pro vyhlazovani.

SNR (dB) Clean 20 15 10 5 0
Efektivita (%) 99,025 98,265 97,595 95,655 88,905 61,035

Hodnoty dosaZzené pouzitim nelinearniho vyhlazovani
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Koef [Clean 20 15 10 5 0
0,85 98,89 98,37 97,70 9593 88,98 6211
0,90 98,95 98,48 97,60 96,06 89,45 64,14
0,91 99,03 98,51 97,71 96,03 89,67 64,85
0,92 99,04 98,53 97,80 96,31 89,97 65,33
0,93 99,06 9851 97,81 96,13 90,05 65,50
0,94 99,01 98,32 97,74 96,11 90,37 66,08
0,95 98,86 9830 97,66 9592 90,28 66,00
0,96 99,03 9842 97,70 9595 89,87 66,34
0,97 98,95 98,18 97,38 95,71 89,21 65,35
0,98 98,63 97,77 96,70 94,75 87,56 64,40
0,99 97,22 9586 94,49 91,60 82,74 58,02

Relativni zlepSeni** odpovidajici nam &¥enym hodnotam

SNR

Primérna

Koeficient | Clean 20 15 10 5 0 hodnota
0,85
0,90
0,91
0,92
0,93
0,94
0,95
0,96
0,97
0,98
0,99
Auto i c¢lanku (Non-linear spectral smoothing) doporu cuji nastaveni
koeficient 1 v rozmezi hodnot 0,95 a 0,99. Ze ziskanych dat vyp lyva,
Ze muZzeme doporu ¢it hodnoty v rozmezi 0,91 az 0,93, pokud budeme
uvazovat o zlepSeni pro vSechny druhy Sumu. Za p redpokladu, ze
rozpoznavam bude jen zaSum ény signal pop ¥ipad & p #i znalosti miry
zaSuméni m uZeme volit hodnoty 0,90 — 0,96. Zpr amgrovanim relativnich
zlepSeni se jevi jako nejvyhodn &j8i hodnota nastaveni koeficientu na
hodnotu 0,92. Casté zhorSeni vysledk 4 pro cisty signal je
pochopitelné, nebo t do n & vkladame i frekvence, které v signalu
pavodn & v tibec nebyly, nebo byly zastoupeny jen velmi nevyrazn &.
*Pro p rehlednost ziskanych vysledk ¢ jsou vysledné hodnoty
pr amgrovany p res vSechny typy pouzitych Sum u.
**Udavd, o Kkolik procent se zmenSila/zv étSila cast Spatn &

rozpoznanych slov.
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3.1.4.2 Centrovani ziskanych parameti v ¢éasoveé ose

Jak jsem se zminil v kap.Zpracovani signalu, Kazdy recovy
signal je nejprve digitalizovan. Vysledna podoba di gitélniho signéalu
je vzdy zéavisla na pouZité aparatu re. Dv & r uzné nahravaci aparatury
mohou byt také r tzng citlivé. 1 p ¥i zachovani charakteru signalu
(stoupani, klesani, maxima ¢i minima, ...) mohou mit signaly r tznou
intenzitu danou prav & citlivosti naSeho systému. Pokud p rejdeme od
linearnich hodnot k logaritmickym, odpovida tato r tizna intenzita
(nap riklad signal jehoZz hodnoty jsou 2* v &t8i) pouhému posunuti
hodnoto p #edem neznamou konstantu. Op &t se zde snazime o to, aby si
testovaci a trénovani signaly byly co nejvice podob né. VSechny tyto
signaly tedy v logaritmickém m gritku posuneme tak, aby m gly stejnou
st redni hodnotu. Pracujeme s jiz znamymi spektry signa lu. Centrovani
tedy provadime pro kazdou frekvenci p res cely signal. Jelikoz p Fi
kédovani provadime pouze linearni operace, m uzeme centrovani
provdd &t na zav &r celého kbddovani, ¢imZ tento proces urychlime,
nebo t nebudeme centrovat signal p res vSechny frekvence, ale jen p res
ziskané koeficienty.

Vypo €tené koeficienty p Fed vycentrovanim

Vypo étené koeficienty po vycentrovani

O’i@AA/\AM/\/\AMmJ
W/ ’ VAR 2
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Dosazené vysledky:

SNR (dB)

Efektivita (%) Clean 20 15 10 5 0
Bez pouziti centrovani 99,02 98,26 97,59 9565 8890 61,03
S pouZitim centrovani 99,03 98,32 97,68 9586 89,18 61,78
Relativni zlepSeni 1,0204 3,4483 3,7344 4,8276 2,5225 1,9246
Centrovanim signélu doslo k caste cnému zlepSeni o cca 3%
3.1.4.3 Pouziti RASTA filtru

B&hem provad &ni zadznamu reci m uZze byt signal ruSen vn &j8im
Sumem odpovidajicim rychlym zm &nam spektra signélu. | p res jistou
charakteristiku Sumového signalu se m GZe na pozadi vyskytnout
nezéadouci ruch, ktery svoji intenzitou tento Sum p revySuje. Pokud je
v8ak takovyto ruch dostate e¢né kratky, m  uZeme na zdklad & znalosti
lidské reci (lidska re¢ ma jistou setrva ¢nost, neni mozné m énit
charakteristiky reci okamzit &) ozna cit tuto cast signélu za
nezadouci. DalSim ruSivym jevem mohou byt dlouhodob € zm &ny signalu.

Tuto zm énu muZe zp wusobit nap riklad zm &na polohy rec¢nika vzhledem
k nahravacimi za rizeni.

Oba tyto jevy, kratkodobé i dlouhodobé, m tZzeme ciste cné

eliminovat pouzitim filtru RASTA. Jedna se vlastn ¢ o jakousi
pasmovou propust. RASTA filtr m& nésledujici impuls ni odezvu

1,60E-01

1,40E-01 -

1,20E-01 -

1,00E-01 -

8,00E-02 +

6,00E-02 +

4,00E-02 -

2,00E-02 +

0,00E+00

> > B & PP E T A A e o o v

N

—2,OOE—O§7

-4,00E-02

Novéa hodnota po projiti signalu timto filtrem tedy neni dana pouze
okamzitou hodnotou signélu, ale je zavisla také na predchozim
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pr ub&hu signalu. Na nasledujicich obrazcich vidime jaka vliv. mé&
tento filtr na recovy signal.

Signal p fed pouzitim RASTA filtru

18
16
14
12

10

0O N A O ®

Signal po pouziti RASTA filtru

Pouzitim filtru tedy dojde k ¢caste cnému rozmazani a narovnani
signalu v casoveé ose.

Vysledky dosazené pouzitim RASTA filtrovani:

SNR (dB)
Efektivita (%) Clean 20 15 10 5 0
Bez pouziti RASTA filtru 99,03 98,27 97,60 95,66 88,91 61,04
S pouzitim filtru 98,68 98,25 97,69 96,12 90,33 68,23

Relativni zlepseni | 3538 086 395 1070 1284 1847)
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Pouziti RASTA filtru tedy vedlo ke zlepSeni vysledk 4 u zaSum &nych
signal u.

3.14.4 Kombinace predeslych algoritmi

Algoritmy pro Upravu signalu, respektive parametr 1 pouzivanych
pro rozpoznavani m tZeme také s Usp  &chem kombinovat. Kombinace échto
algoritm & vede k dalSimu zlepSeni efektivnosti rozpoznava ce.

Vysledky dosazené kombinaci vSediegeslych postup

SNR (dB)
Clean 20 15 10 5 0
Relativni zlepSeni (%) -3 4 -2 11 20 29
Efektivita (%) 99,00 98,33 97,54 96,15 91,10 72,25

Pro porovnani vysledk u bylo pouZito RASTA filtrovani, nelinearni
vyhlazeni s koeficientem vyhlazeni 0,93 a nasledn & centrovani hodnot
vypo ctenych parametr 1.

Jak jsme jiz rekli, pouZziti RASTA filtrovani je vhodné zejména pr o]
vice zaSum ¢&né signdly. Z tohoto d avodu je hlavni oblast zlepSeni
rozpoznavani op &t mezisiln & zaSum &nymi signaly.

3.1.5 Nastavené neuronové sit

Neuronovd si t pouZivana pro rozpoznavani reci ma jisty po cet
skrytych (vnit fnich) stav & —vnaSem p ripad ¢ 3. Jak jsem se zminil

vyse, kazdy zt échto stav u je charakterizovan pomoci

pravd &podobnosti setrvani vtomto stavu. Kazdy tento stav je tedy
charakterizovan gaussovym rozloZenim pravd gpodobnosti.  Jelikoz
pouzivame 13 parametr 4, které jsme ziskali p ¥i kodovani, je toto
rozlozeni pravd &podobnosti dano 13-ti rozm érnou gaussovou plochou.

Pro lepsi pokryti trénovani mnoziny m tZzeme pouzit vice t &chto
gaussovych ploch. Tim tedy zv &ts§ime po cet vnit  rnich stav G naSi
neuronové sit  &. Nejedné se zde tedy o zm &nu ve vstupnim signélu, ale

primo 0 zm &nu neuronové sit &.

Vysledky dosazené zvySenimfuoneurorvi:
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SNR (dB)
Efektivita (%) Clean 20 15 10 5 0
3 gaussovy plochy 99,03 98,42 97,70 9595 89,87 66,34
4 gaussovy plochy 99,15 99,03 98,62 97,06 92,15 68,71
5 gaussovych ploch 99,36 99,15 98,80 9754 92,7 70,86

Coz odpovida relativnimu zlepSeni:

SNR (dB)
Relativni zlepSeni (%) Clean 20 15 10 5 0
4 gaussovy plochy
5 gaussovych ploch
ZvétSeni po  ¢tu stav @ neuronové sit & tedy vede ke zlepSeni vysledk 4,
zarove n vSak stoupa ¢asova naro ¢nost trénovaciho procesu. Jelikoz se
nejednd o algoritmus pro Upravu signalu, vysledky d osazené pomoci

zv &tSeni po  ¢tu neuron 1 jsou uvedeny pouze pro porovnani.

Po pouziti nelinearniho vyhlazovani, RASTA filtru a centrovani
signalu na signal, ktery byl vstupem takto upravené neuronové sit S
jsme dosahli nasledujicich vysledk 0
Pro 4 vnit  ¥ni stavy neuronové sit &
SNR (dB)

Efektivita rozponavace (%) Clean 20 15 10 5 0
Pavodni hodnoty 99,15 99,03 98,62 97,06 92,15 68,71
Po pouziti zkoumanych algoritmu 99,31 99,10 98,80 97,53 93,26 73,50

Relativni zlepSeni (%)

Pro 5 vnit ¥nich stav @ neuronové sit &

SNR (dB)

Efektivita rozponavace (%) Clean 20 15 10 5 0
Pavodni hodnoty 99,36 99,15 98,89 97,54 92,70 70,86
Po pouziti zkoumanych algoritma 99,35 99,30 98,92 97,60 93,23 74,68
Relativni zlepSeni (%) -2
Jak je tedy z't &chto hodnot patrné, nelineéarni vyhlazovani spektra
signalu (v kombinaci s filtrovanim a centrovanim ko eficient 1) je
vhodnéip #i pouZiti neuronove sit gsv étSimpo c¢temvnit  #nich stav 1.

| p ¥i zvySeni po ¢tu stav  a sit & dosahujeme timto algoritmem zlepSeni
o cca 10%.
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4 Zaveér

Projekt byl zam gren zejména na seznameni s parametrizaci recového
signdlu a na pouziti nelinearniho spektralniho vyhl azovani pro
zlepSeni  vysledk G rozpoznavani a porovnani tohoto algoritmu

s ostatnimu metodami pouzivanymi pro zlepSeni vysle dka rozpoznavani
reci. Jelikoz procentualni usp &8nost rozpoznavani danych slov

z databaze TIDIGITS se pouzitim nelinearniho vyhlaz ovani zlepsila o
n&kolik procent, ukdzal se tento algoritmus, vzhledem k jeho
nep rilis slozité implementaci, jako U ¢innd pomoc p i parametrizaci
reci. Kombinaci s ostatnimi zp usoby uUpravy signalu p red samotnym
rozpoznavanim jsme doséhli zajimavého zlepSeni rozp oznavaci
schopnosti zejména pro zna cné zaSum &né signaly. Zejména pro SNR 0 a

5 dB jsme dosahli tém &t stejného zefektivn &ni rozpoznavani jako p ia
pouZiti slozit &jSi neuronové sit é.

Jako dalSi zlep3eni rozpoznavaci schopnosti se jevi kombinace
mezi roz8i  ¥enim neuronoveé sit & a pouzitim vySe uvedenych algoritm ol
pro Upravu signélu. Tuto kombinaci je vSak t reba volit uvazliv &
v zavislosti na poZadované ¢asové naro  ¢nosti trénovani systému.

Zpracovani  reci je velmi zajimavou oblasti zpracovani recového
signalu. Diky HMM je Uzce spojena s neuronovymi sit &mi. V diplomovém
projektu bych se proto r4d dale zabyval touto oblas ti. Zajimava se
mi jevi také implementace hlasového ovladani do nov ych, nebo i
stavajicich program G, ¢i automaticky p repis mluveného slova do
textové podoby spolu s identifikaci recnika podle hlasu.
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Priloha A

Parametrizace zvukového souboru

Pro parametrizaci zvukoveého souboru je pouzit progr am fbout.
Tento prgram provede parametrizaci souboru s vyuZzit im centrovani
parametr @ a RASTA filtru. Pokud zadame parametry pro nelinea rni

vyhlazeni signélu, bude pouZzito i toto vyhlazovani.

Pouziti
fbout input_file output_file [constA constB]

Pro dpravu v  é&tSiho po ¢tu  vstupnich  soubor 0 je pouzit script
param.sh, ktery spusti fbout na vSechny soubory ve vstupni slozce a

uloZi vystup do vystupni slozky.

Pouziti
Param.sh coefA coefB
Pokud chceme pouzit tento script bez vyuZiti neline arniho

spektralniho vyhlazeni, pouzijeme volani param.sh 0 .00.0

Trénovani a testovani systému

Pro trénovani a testovani rozpoznava ce je pouzit script
train_recog_mutli, ktery provede trénovani a nasled né testovani
rozpoznava cev cetn & statistického zpracovani vysledk 4.

V8echny zdrojové texty pot rebné pro parametrizaci signal t, spust  é&ni
a testovani rozpoznava cejsoup rilozeny na CD.
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Priloha B

Tato p riloha obsahuje

¢lanek ,Robust Speech Recognition Using Non-

Linear Spectral Smoothing” na jehoz zaklad & byl zpracovan a zkouman

algoritmus nelinearniho spektralniho vyhlazovéani a jeho pouziti pro

Ulohu robustniho rozpoznavani

redi.
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Abstract

A new simple but robust method of front-end analysis, non-
linear spectral smoothing (NLSS), is proposed. NLSS uses
rank-order filtering to replace noisy low-level speech
spectrum coefficients with values computed from adjacent
spectral peaks. The resulting transformation bears significant
similarities with masking n the auditory system. It can be
used as an intermediate processing stage between the FFT and
the filter-bank analyzer. It also produces features which can
be cosine transformed and used by a pattern matcher. NLSS
gives significant improvements in the performance of speech
recognition systems in the presence of stationary noise, a
reduction in error rate of typically 50% or an increased
tolerance to noise of 3dB for the same error rate in an isolated
digit test on the Noisex database. Results on female speech
were superior to those on male speech: female speech gave a
recognition error rate of 1.1% at a 0dB signal to noise ratio.

1. Introduction

The filter-bank analyzer (FBA) has become the preferred
method of feature extraction in speech recognition systems. It
is often implemented as two stages of processing with a bank
of frequency domain filters following the computation of the
power spectrum using the fast Fourier transform (FFT) [1].
The reason usually given for the use of the FFT is that it is
computationally more efficient than a direct realization of the
filter-bank using a set of digital filters. Given the required
spectral information is contained in the log-power FFT it is
profitable to consider the reasons why 1t is necessary to
include the frequency domain filter-bank processing stage.

The logpower spectrum produced by the FFT, shown for

example in Figure 1, is deficient as a feature set in the
following respects,

e [t is not pitch synchronous and contains the pitch
structure of the speech.

¢ The logarithmic function gives equal weight to
differences in the high and low power parts of the
spectrum,

¢ The Fourter coefficients are linearly spaced in the
frequency domain giving undue emphasis to the
higher spectral features of the speech signal.

The human auditory [2] system does not share these
deficiencies. In the auditory system the firings of the auditing
nerves are pitch synchronous. Auditory masking suppresses
the contributions of the low power parts of the spectrum and
the frequency response of the basilar membrane is
logarithmically spaced. The filter-bank analysis stage of the

processing is used to try to correct the FFT deficiencies by
bringing the feature extraction process into line with that of
the auditory system.

The frequency domain filters used in the FFT filter-bank
make a weighted summation of adjacent spectral coefficients.
In so doing the pitch vanation in the FFT coefficients 1s
attenuated. By adding the coefficients in the linear power
domain the effect of changes in the low-power coefficients on
the magnitude of the features i1s reduced. The centre
frequencies and bandwidths of the filters follow the Mel-scale
which is approximately logarithmic giving more weight to
spectral features below 1 kHz which contain important
formant information. The filter bank 1s not totally effective
because the eritical-band filter spacing and bandwidth below
1 kHz 1s usually 100 Hz and the pitch frequency of female
speech can exceed this. To remove pitch artefacts entirely
further processing, such as discarding the higher cepstral
components following a cosine transform. is required. A more
serious concern is that the pitch peaks in the spectrum
forming the spectral envelope which contains the speech
information can be attenuated if they do not align with the
centre frequencies of the filters. The intervening low-power
parts of the spectrum are not attenuated. While both the
filter-bank and the auditory system use critical-band filters the
centre frequencies of these filters is fixed in the filter-bank.
The auditory system has several thousand filters allowing the
critical-band response to be centred on the pitch peaks in the
spectrum.

An algorithm which estimates the spectral envelope of the
speech signal using the peaks of the spectrum would more
closely model the auditory system and should, by rejecting the
parts of the spectrum where the noise dominates, be more
robust to the effects of additive noise on the speech signal.
When the energy of the speech sound 1s low this signal is lost
entirely: when the energy is higher, on voiced sections of
speech, the noise distorts low-level parts of the spectrum
leaving the high energy parts of the spectrum unchanged. This
is illustrated in Figure | which shows two different sets of
noise samples added to the same frame of female voiced
speech. While the low level parts of the spectrum are
markedly different in the two traces the pitch peaks in the
spectrum remain unaffected and the difference between them
remains small.

In this paper we present in Section 2 a new algorithm for
feature extraction which can be used independently or in
combination with a filter-bank. This computationally simple
algorithm 1s a superior model of the human auditory system.
The experiments described in Section 3 show that the
algorithm significantly improves the performance of an
1solated digit recognizer in additive noise particularly for
female speech. Section 4 contains a discussion of the results.
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Frequercy

Figure I: Spectra of a Frame of Voiced Speech at a 3dB
Signal to Noise Ratio

2. Non-Linear Spectral Smoothing

2.1. The Smoothing Algorithm

Figure 1 shows the logpower spectrum of a frame of voice
speech, to which two different sets of noise samples at a level
3dB below that of the speech utterance were added. While
there are significant differences between the low-level parts of
the spectra the spectral peaks which contain the speech
envelope information are little affected by the noise. A
technique is required which transforms the spectrum so that
the spectral peaks remain unchanged but the lower level parts
of the spectrum are ignored. This can be achieved by
nonlinear spectral smoothing (NLSS) defined as follows:

II"(:') = Max(f(i, s fU=Dys, fli+1) (n
Where fii) is the original spectrum. ['{¢) is the smoothed
spectrum and s; and s, are smoothing constants. These
constants lie in the range 0.95 to 0.99. Each coefficient in the
original spectrum either remains unchanged or 1s replaced by
a neighbouring exponentially decayed coefficient if this 1s
larger. The range in which this replacement occurs is
determined by the values of the upper and lower smoothing
constants. Smaller constants restrict the range of replacement
to coefficients close to the spectral peaks while larger values
extend their effect more widely across the spectrum.

Figure 2 shows one of the spectra of the speech frame of
Figure | and both spectra after NLLSS. The peaks of the
spectrum have been retained but the low level parts of the
spectrum are ignored. As can be seen there is now a
reduction in difference between the two spectra. When used
in a recogniser this should result in better matches between
noise contaminated spectra. Readers familiar with analogue
communication systems will recognize that the algorithm
which 1s a form of rank-order filter [3]. is analogous to an
amplitude demodulator used to extract the information
bearing envelope from the rectified carrier in an amplitude
modulated system.

Frequency

Figure 2:0riginal and Smoothed Spectra of a Frame
of Voiced Speech at a 3dB Signal to Noise Ratio.

2.2, Auditory Masking

NLSS Has close parallels with auditory masking. This can be
demonstrated with reference to Figure 3. This shows a
spectrum comprising two tones and gaussian white noise.
The smoothed spectrum accurately represents the spectral
peak caused by the louder of the tones. Away from the
spectral peak the smoothed spectrum tracks the peaks of the
noise. The smooth spectrum however does not represent at
all the secondary peak to the left of the main peak caused by
the second tone or the noise peaks to the right of the main
peak. The presence of these artefacts within the spectrum is
masked by that algorithm’s response to the dominant tone.
This bears close comparison to the masking [4] which occurs
in the human auditory system.

2.3, Mel Coefficients

NLSS was originally proposed as an intermediate processing
stage lying between the FFT and the FBA. Figure 4 shows
spectrograms of the utterance ‘mo’ spoken by a woman
before and after NLSS. In Figure 4b the pitch information
which dominates Figure 4a has been removed, the important

M M L L L L

1
Frequency

Figure 3: Original and Smoothed Spectra of Two
Tones and Added Noise
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Figure d4a Original Spectra of a Frame of Voiced
Speech at a 3dB Signal to Noise Ratio.

spectral elements including the formant structure have been
preserved.

This leads to the conjecture that it may be possible to use
the smoothed spectrum directly dispensing with the filter
bank entirely. As mentioned in Section 1 however the
generation of features lying on a logarithmic frequency scale
is an important attribute of the auditory system and the FBA.
The coefficients produced by NLSS lie on a linear frequency
scale. An approximation to logarithmically spaced
coefficients can be made by dividing the frequency range into
three bands, 0-1 kHz, 1-2 kHz and 2-4 kHz. All the
coefficients lying in the first band are retained: the
coefficients lying in the second band are decimated by two
while those in the third band are decimated by four. This
gives an equal weighting to frequencies in the first band and
to these in the second and third bands combined, similar to a

Mel scale filter bank.

3. Experiments

3.1. Experimental Set Up and Database

Experiments conducted during this investigation used the
Noisex database [53]. This comprises files of six different
background noises including car, tank, aircraft, helicopter,
and operation room noise. In addition there is random noise
with a spectral characteristic which is typical of a speech
signal. Experiments were conducted using this speech
spectrum noise (MNoise06). The database also contains
recordings of two speakers, a man and a woman, saying
isolated and connected digits. The isolated digits were used
for these experiments. Each speaker utters the ten digits
twenty times. These were end-point analyzed and divided
into ten repetitions of the digits for training and ten for
testing. Noisy test and training files were generated by
adding the noise signals in the noise files to the speech signals
at different levels to give signal to noise ratios of +24dB to -6
dB. Noise was added to the training material from the second
half of the noise files and to the test material from the first
half of the noise files. Noise statistics for Parallel Model
Combination (PMC) were also estimated from the second half
of the noise files. The data as supplied is sampled at 16 kHz

Ly

Figure 4b Smoothed Spectra of a Frame of Voiced
Speech at a 3dB Signal to Noise Ratia.

however for the purpose of these experiments the sampling
rate was reduced to 8 kHz.

The reference system comprised a front end consisting of
a 256 point FFT preceded by a pre-emphasis filter and
followed by a nineteen-filter Mel-scale filter bank as
described in reference [5]. In order to maintain the simplicity
of the system and focus differences in performance on the
front-end processing a simple dynamic programming
algorithm was used for pattern matching. A discrete cosine
transform was used to produce twelve Mel frequency cepstral
coefficients, MFCCs. These were liftered prior to the distance
calculation and Viterbi alignment. The training data was
divided into ten sets of digit utterances to which each of the
100 tests digits were matched. This resulted in 1,000 trials
for each of the conditions under investigation.

Experiments were carried out using the smoothed FFT
output with 128 lineary spaced coefficients and with Mel
spaced coefficients using the approximation described in
section two. This gave 64 coefficients in total, thirty-two
lying between 0 and 1 kHz, sixteen between | and 2 kHz and
sixteen lying between 2 and 4 kHz. The upper and lower
smoothing factors were set to be the same and in the range
0.95 and 0.99. The filter-bank analyzer was used with and
without NLSS.

3.2, Results with Matched Noise

In the first set of experiments the training and testing noise
conditions were matched. The results of these experiments are
shown in Table 1. The first point of note is that the
performance on female speech was superior to that on male
speech which is at odds with most other experimental findings.
This is believed to be an artefact of the Noisex database.
Because women's voices are on average less loud than men's
voices a poorer signal to noise ratio results when the
background noise level 1s held constant. However in the
Noisex database it is the signal to noise ratio which 1s
normalized for both speakers giving the observed
improvement in performance on the female voice.

The first two results show the reference FBA system with
and without NLSS. There is a significant reduction in error
rate when NLSS is used. The next result showed the effect of
using the FFT coefficients directly; the poor performance
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Test Male | Female | Ave.
FBA 128 | 4.7 8.8
FBA NLSS 7.4 2.5 5.0
Lin FFT 18.5 13.0 15.8
Lin FFT NLSS 8.7 3.1 5.9
Mel FI'T NLSS 7.0 20 4.5

Table 1. Error Rate with Matched Conditions and
Speech Spectrum Noise at a 3dB Signal / Noise
Ratio

achieved vindicates the use of the FBA in conventional
recognition systems. However when NLSS is applied to the
FFT coefficients there is a considerable improvement in
performance but the linear spaced FFT coefficients do not out
perform the FBA with NLSS. The last line of Table 1 shows
that transforming the FFT coefficients on to a Mel scale
produces results which are better than the other feature sets
including the FBA with NLSS. This indicates that when
NLSS is included in the system the FBA’s only benefit is to
effect a transformation on to a Mel scale. This raises the
question as to whether the FBA is necessary when NLSS is
included 1n the system.

1.3, Results with Parallel Model Combination

Table 2 shows the results achieved using Parallel Model
Compensation [6] as a noise compensation algorithm. For
each set of features a set of corresponding noise means were
computed from a half second section of the noise file. This
was scaled to match the level of noise added to the test
utterances and combined with the templates by adding the
FBA coefficients or the NLSS coefficients as appropriate in
the linear power domain. Since the pattern matching stage
assumes unit variances the variances of the new models were
left unchanged. This 1s equivalent to the Weiner filtering
technique described in Reference [7].

The reference FBA system was tested with and without

Test Male | Female | Ave.
FBA —Comp 1.2 23 1.8
FBA - NLSS - Comp 1.2 0.7 1.0
Mel FF'T NLSS Comp | 0.9 0.3 0.6

Table 2. Error Rate with Parallel Model
Combination Speech Spectrum Noise at a 3dB
Signal 1o Noise Ratio

NLSS together with the Mel FFT system with NLSS. The
performance of all three of these systems was significantly
superior to the match noise results presented above. It is
usually found that noise compensation using PMC gives
results a little worse than those achieved under matched
conditions.  Again we find that the system with Mel FFT
coefficients and NLSS out performed the reference FBA
system even when the FBA included NLSS.

4. Discussion

Figure. 5 graphs the error rate performance of the different
feature sets as the signal to noise ratio is varied between +18
and -6dB. It shows that the systems with NLSS achieve the
same error rale when recognizing speech with signal to noise
ratios 2-3dB worse than the reference FBA system. The
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Figure 5: Error Performance on Female Speech of the
Feature Sets as a Function of Signal to Noise Ratio

recognition results demonstrate that the techmique gives a
maximum benefit at signal to noise ratios lying between +3
and -6dBs. Figure | illustrates that at a noise level of 3dB the
spectral maxima caused by the pitch pulses are unaffected by
the noise which corrupts the spectrum has levels lying
between 6 and 10dB lower. One surmises that at higher
signal to noise ratios the noise 1s insufficient to affect
adversely the estmation of the spectral envelope. Once the
signal to noise ratio drops below OdB weaker parts of the
speech signal start to be completely masked by noise making
it difficult to discriminate between words such as ‘five’ and
‘nine’ which only differ in low-level parts of the spectrum
accounting for the observed increase in the error rate.
Between these levels the noise-masking properties of NLSS
give the performance gain observed above.
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