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ABSTRACT

This thesis proposes a novel technique for online acoustic-model adaptation in robust speech
recognition. The technique is based on model adaptation using simulated data and hidden Markov
model (HMM) interpolation. Two major steps are constructed in the proposed system. The first
step is to build on-the-fly an acoustic model by interpolating several existing acoustic-models
trained in different noisy environments. As opposed to previous algorithms that based mainly on
selecting one of those existing acoustic-models, the proposed interpolation method lowers the
model-selection time and storage. Moreover, it allows a possibility to generate a model for unseen
environmental noise. The second step is to adapt the model created in the first step by using
simulated data. Adaptation data can be simulated by mixing noise extracted from the input speech
with pre-recorded clean speech whose phoneme transcriptions are already known. This avoids an
adaptation error made by incorrect transcription and simultaneously helps increasing adaptation
data. The acoustic model created in the second step will better match to the input speech than the
one created in the first step.

Evaluations are performed mainly on Thai speech data collected in noisy environments
unseen in the training set. For sake of language generalization, the method is also tested with a
standard AURORA-2J corpus. Results clearly show that the proposed method outperforms the

baseline system where a simple adaptation technique is applied on a selected acoustic-model.
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2) mswiuannd (Pre-emphasis) Humsiiudasafidonain (Dynamic Range) ¥4
° 1Y = a a & Y '
Woma  TaomaildanumadsaluFmiuduousiwas  Fedwalidasdau
} 4
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M3aayTwiuunIs) (Fast Fourier Transform) voudvana ndnilumaaoms3ny

(Logarithm) YBaWA491 (Energy) ¥03UAAZ993NTDINMMDLMA [27] a1l 2.3

> freq
‘ * + Energy In

| m;(l)I I m;(j) l I ‘“i(P)I Each Band

31 2.3 2993ns09AMBWA [27]

j Ao §1AUI995V892993NTDIANUDLA
P 1D $14712995909299305039ANUAWNA

. | U o R s ‘i ‘i ) d. .
myj) D MABMINVVBINAINUVDIIINTBIANNA95N j Tusum i

5) M3MIA MFCC fis M3 m, Tmlasdrensuasdaninln'lad (Discrete Cosine

Transform , DCT) AauMs

P
C(k)= %Zmi(j)cos(%(j—oj)) k=12,..K (2.3)
j=1

K 19 $147UY93 MFCC

C,(k) fio A1 MFCC vasdoyai k luvsud i

2.2 luaaidoayn

szvuiiudoayanalion]d aMm duTueaveudvana [91,[27] fieanin HMM iy
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'mmsuuamﬂumiTﬂiunimmnwmm (Dynamic Programming) ‘nﬂwummnﬂm‘lums

a 4
UszuranauIngavu
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2.2.1 0anilsznevwesdamunninevluna

¥
pafUsznauves HMM vUsznov lUdaudaulsinee dail

1) 0,fs Mdumduna fina t Faudavesddumdunaunudae o = {0,0,...0,} tile T
A9 $IUIUTIAVYIMTUNA

2) N fin $Sauman (State) Tuluina Fudavesmanuansldde s {S1y Speer Syl
Taosmuald q Ao @anfine Tuazq, €S

3) M e snumdunaiiausadiuly 13reaan uazunudavessusmdunadae
V= (¥, ¥, Vosioiss Vit

4) A={a,}f0 armihezdiulumsnlaounlasaan (State Transition Probability) Tay
a, inumsteammunaan i Taen j

5) B = {b(0)} Ao anninziuvesmdunalumani j Tasiimsnsevwarmnhezily
vosmdunailuuuumdiFouineed (Gaussian Mixture) a4ilanyaizmsnszae

" A a 3 L
HUVABIU DY (Continuous Distribution) AYTUNIT

H i~
bj(ot)=zcij(Ol;ujm’ij) (24)

1 ~2(0-WE" (0-)

NO;IL,Y) = ——n (2.5)
Osp,2) ’—(Zn)“|2[e

~

o a d
M Ao ‘i]'ll.l'Ju‘!lDﬂNﬂ“]ﬁ‘i]ﬂ;

)3

Vo :‘ @ A a d 4
¢, 10 Manhminiidulszneuiingives m uazaan j

k O

o 1

p A9 DNABIAUNDY
a d '
Y Ao wainganuusdsius
s &
N©O;p,X) Ao msnsenumdFoudnlsenovde p uaz ¥

o an 1w
n ﬁﬂ VIUIUUAVDIINRDIATIUNA O

6) marnhzduvesaanisudu © = {x) uazdmuald o, Hawidy o e =1

- 1 ! e c.l 5
Uag T, UAUNINY 1 10 i=1
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mMafmuafuauliAnnIZves HMM Aoensnaauiammizveamnidines luiaaaoas
fio N uaz M daufuauiammzvesmduna uazguauidmmzveansiamanuheziy
1 = i ' A 1 - ot
laun A, B, n Taodoueglugduvude erswengavesmsiiimesnauysaivesluna

HMM A9 A = (A, B, )

2.2.2 fuandamsiheamnvesdamunsnevluna
a - {:I’ o { 4 =
Inniinusiiden1¥msiomanyes HMM uuudno - v fagli 2.4 ey Tueanuui
mnzfudygnaniidnuazndsunlasmunaedeaoiies 1wy dyanandowa uazlu
a - d'cl’ Vv ;) Ao b A 1a
Inoninusi1ald HMM wuudhe - vilidnsazves manusnuazmangaie 7 hilins
¥ L
wdegluaamiay  Sdwumdanaaneglumanganodiududuganszuiuvoamsis

- o
ituayaves luaail

\
\

 ba(0r) Lba(os) ¥ bs(oy) ﬂ'hdooﬂ'b,.(osf ba(0e)

Observation
Sequence
0 02 03 04 [+]1 (473

314 2.4 Famunninon Tuimauuudhs — vid 5 man

223 Hamitugranlszmsvesdamuaninenluna

n31lszgnAldau HMM ¥y lumal§iia fe miuﬁ’i]mumﬁfupuﬁv'mmﬂsznﬁ Tl
TwaziBuaveailamidail

flymii 1 defididuvesmduna 0 nasiiluma A swdmnammamhziuves
Srdumdana PO 1) amTumaiismualifidodiels

flgymii 2 diefididuvesmdauna o wazTuna A sxfuumdduaan q - {q,q, ... g5}
fimnzauivdrdumdanminigedals

lymii 3 malSummniinesveaTuiaa Aedhals el ldmarmnihsziuvesddy

mduna P(O] A ) nmgagald
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2.2.4 msudlvilymmugrnannlsemsvesdamoninenlaa
; — 9o : o
Tumsudloilymnugamilsemsves BMM awilamialdsmuaivannsestie
¥
Fud lvlunaazilymdade Ui
:; o L [] o \ ar y o 1 o A
msudilymin 1 h18TavszymanTdrudrduvesmdunaniisaunidu T Ssamnise
1880 N woy Taoldiaandng unudao q de q, dusenGuduiine « = 1
F 4
anuinziluves o Mdmniarasmvesnimninzilu o uaz q Aadiundouiu Tasiann

[l b4
nn aan g Rezdhu T 14

P(O|A)=) P(O]q,A)P(q|A) (2.6)
allq
PO|M)=| D my by (0)agq by, (Or)..a, o b, (Or) 2.7
09;--q7

nnaumsh 2.7 imsdnaiguen deswndmsguiuiuinoumnaluglvesdidy
T & u’: S A [ Ak ] & ] ﬂ

2TxNT AUuTMsNANI5ouNIFI0 Fautisoemilu

1) nszuums Wdranth

alsveans Idamih (o, (i) = P(0,0,..0,,q, =S, |1)) Av Auhziiuvesnisiia
fdumdunauediunnea 1 dwa tuazaan S, inm t TaolTueadly A uazm

¥

o, (i) 1At

b4

YUABUN 1 MITITUAY
o,(i)=mb,(0,) ;1<i<N (2.8)

»
a

a ki i )
YUADUN 2 NTIMUYIUT (Induction)

2 1St<T-1
a|+l(j)=[Zaijat(i)]bj(0:+l) ;1<j<N (2.9
i=1 =

N
P(O|A) =) ox(i) (2.10)
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2) ﬂszmumsﬁaunﬁu

Lﬁﬂmﬁummmmmamumn t+ 1 9udd Tuazean S, fina t TaeiiTwaaidlu A uazm
b
B, (i) lAnsil

¥ ¥ ¥
JUADUN 1 MIISUAY

Br(D)=1 ;1<i<N (2.11)
Junoun 2 Mamteni
T=1T=2 .1
b.(O 2.12
) ;au _]( IHXBHI(J) IS <N ( )
o o -
TUADUN 3 NMIAUTA
N
P(O|A) = mb;(0,)B, (i) (2.13)

i=1
maundllgmii 2 A0 Viterbi  Algorithm  iemdAUmAMNANgaioIddUIRY?

td
Q= {q,q,.....q;} AMFuBWVVLIMTUNN O = {0, 0,...0;} Tavimuadulsaail

8, ()= max P[qq;.......q,1,9,=1,0,0,...0, | A] (2.14

Q52500011

Tavdi 5,() e manmingduiiimgeigaveudumadoriine « Faflumduna ¢

. td
=5 o @ A

1 4
usn wagdugaluman s, Awismsmilonidsi
8D = [miax 8, (1)a;]b;(0,,,) (2.15)

‘1 = 13!- o w ° ﬂ Y a ' da I o § W - a
HUNTLTUN LEAIDAVT AN uﬂﬂ\lﬂﬂﬂ‘mﬂ'lﬂ'l‘iﬂ'Jluuﬁ‘YmﬂHmei‘n (2.15) umuIn

s

. o o e X A z o ar
'nqﬂ dmsuuaazAIm t oy ﬂmn i Tavordouoaddy v, () Fellduaoulumsmidiay

et
anna quﬂmf.lﬁfl'lﬂ'ﬂiﬂﬂ'] FN'H



Sunoudt 1 maudu
§,()=mb,(0,) :1<i<N
v (i)=0

¥
o

TUABUN 2 MIniieni

5. (i) = 5 Vb.(0.) - 2<t<T
t(})*&gﬁlaij -1 (1D]b;(0,) '1<j<N
. [ 5 ()] 2<t<sT

= a. : .
W|(J) arglsis:]ax -1 1 ISJSN

YuAouN 3 Msduga
» — 8 .
P lmsiggg[ (D]
qp =arg max[8(i)]
ISi<N

¥ [
YUADUN 4 1IFUNMUAUGOUNAY (Backtracking)

q:=w‘+.(q:”) t=T-1,T-2,...1

16

(2.16)

(2.17)

(2.18)

(2.19)

(2.20)

(2.21)

(2.22)

: > 4
nmsudilymin 3 &wonszuIumsIugwes Baum-Welch Suilu EM (Expectation-

[ = P ° _ —— P
Maximization Method) ®aneSfivuvunis dmuald 1=(A,B,7) fio Tueadviya

v ] ¥
A= (A, B,m)gnliumaiimes Wiimamningduvesiwumdunamniiqa 18w

T =7,(1)

(2.23)
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T-1
PAAR)
Eij = %——' (2.24)
PRAC!
t=1
T-1 .
PRAG)
by(k) =S (2.25)

pRAC)
t=1

¢,G.J) Ao mamninuiulumsegaan s, fina tuazaan s, fioa e+
8,(i,))=P(q, =S;,9,,, =5;10,A) (2.26)

a, (i)aijbj (Ol+l )Bl+] (J)

)= (2.27)
2.2 (agh;(0,,)B,. ()
i=1 j=1
v, Ao Ammninziuvesmsegman s, finat
N
()= 6 () (2.28)

=1

2.3 Tuganmu
Twaamanmnldanuineadalumsmmanunizdunmem ew) vesifivide
B3l (W = w, w,..w, 10z k Ao Saudimndesuilu w) Taslddoyannadsdenin

v lng uazliaums fe

k
P(W) =] [P(w; | w,w,...w; ) (2.29)

i=1

82708
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- 4 Yo o 1 o ) J ﬂ;’!
wazimsyszuanives P(W) 1HUﬂ1U1Nﬂ’TWITﬂU N uaziFonmsdseuunitin Tumamm

4 a
UV N-Gram ¥3auns Ao

k
Py(W) =] [P(W; | W, W3 Wi _y1) (2.30)
i=l

F(W\ Wy Wi na1)

P(w; | W, WyoW;_y1) =
F(Wi yWi g Wiini)

(2.31)

- o dedet [ 3
Taoh F Al $nnumgmissindeglugadeuvesndsdoniu uazSonTumaniuiin N
T ' . - = " W ' " 4
MAUA0991 Bi-Gram uaziTonluAaany N oniuamd Tri-Gram  udiiieaninlu
a - 7 ° ° 0 o ° ' " o s,o’
Ieniimustiilumsiindoagauuuilaainld pw) vesdmadmiiswiiunua daiulu

¥
M3donHans 3T uToaAvr iU IRNIZAIves P(O[W) 1niu

Yo =
2.4 3TVUMSFIUTLIWAUVUAINY
Pymimhldszuumsisudoaadshildsumsihl)1Fedaunsvats Wumswidvays
l='y Vo = 4 Yo v o & o 3 a o
nAvIns3i uazdoaanlglunmsaduszuumsiniarmuandieiu ahlddsednam

Vo o ' = @ -
'Uf]w‘l'iz‘l_lug‘i]'llﬁlﬂwvﬂaﬁﬂq ﬁ'l!.'HG!'Hﬁﬂﬂﬂﬂﬂ']']l]uﬂﬂﬂ']ﬂilﬂﬂlﬁﬂimﬂ FNE‘].]TI 25

Speaker Variation

<

Environment Variation

Noise
- Other speakers
- Background noise
- Reverberations

Channel |———» Recognition

i X

Inter-Speaker Speaker Style |

- Voice quality - Man-machine :

- Pitch - Dictation I

- Gender - Free conversation |

- Dialect - Interview . Microphone . i

| - Distortion D's“.m“m

Intra-speaker ; - Electrical noise - Noise

- Speaking rate I | . Directionss characteristics - Echoes

- Lombard effect | - Dropouts
N .

7UN 2.5 MumgnanvesnULANAN YR AT BIYA [3]
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e lRidvaaiinuuandsiuannsoutsesn1&ily 2 Ysziamlnglq fo 1) aw
uanavesanmnadeniildon  wu  @sudyanendos, Femsdedyapondes uay
anminadeniiins 1oy dudu uaz 2) armuandvesdnaildon Wy duilveves
yaaalszme, ndy, 01g waz meiludu Tassedunmuanaaveudoayaszulsnf
fudsgdninmmsisuduana ﬁufuﬁaﬁmsﬁmmswumsi’ﬂ'ﬂ%’mmmmnmwui{u ioan
srfuRmIAnaTiRntuveudsmaiidun IR Indifvsiuidomad 19inaey  wieliy
Tunaidosyaiiaannnidoayai 1 9inaeulfiinnulndifvefudoaafidhnni

Inoniimusiaulalumsud Tuilgmidssunaufinenanminaderildi esn
Fuilymdrfylumah e wdnilWlszansammsSudomaanas Tyl
Ganaiuilamitinmsitvegedudeiies Tavszuuiiudvaauuuamu MFlumsudiam
f.ﬁtm"umu'ﬁuw1nﬁmwmm’fauﬁ1minu.ﬁaaan'lﬁui‘lu 3 uuv [1),(21,[3] Ao

1) mamdnsazddydomanuunmy de mamdnuurdiigveudvayadiiinm

Aumuaeidoasuniu c?ﬁ‘ﬁ'f':ﬂzﬁﬂﬁ’ﬁ'nmuzﬁﬁigijﬂ«?fﬂﬂﬁﬁﬁtﬁﬂﬁﬂﬂN il
amwlndiResfudnuasdidyveudvmaazen FEmsfsdnuusdiiaildlussuy
i’ﬂ"'uﬁummmunmu 18R Linear Prediction Coefficients (LPC) [9], Short-term
Modified Coherence (SMC) [28], Linear Discriminant Analysis (LDA) [29], MFCC [9],
Perceptual Linear Predictive (PLP) [30] uae Relative Spectral (RASTA) [31] Wudu
wennil “’qﬁ%“ﬁmiﬁﬂﬁﬁ'ﬂum:ﬁﬁ@ﬁmmﬁmmmnu«innﬁuqsumumni‘}‘u
Fumsnseaduesunvesnnndnuazdifyimld  §933700uld Ao Cepstral
Mean Normalization (CMN) [32] 5midanvazdiAgdvanauuuamu Iiwamsis
Fomaiiatuidossunauiiddnsarasiinasinmummnnzes Wy @eesuniuen
%0999y 194 (Channel Noise) uazﬁmtﬂmﬁmsumuﬁa;jhmﬁauﬁw [11,[21,[31,[4]
2) malfulgudeaya Ao manseudvesuniusennnidseyaitidsssunau W
idoayaii 18nmlsuljadveaiinnulndifvsuidoayaazern  hlddszdninm
vosszuuiSudvayaidnaomnnnidsagadzen  Sanunmudedeasuniun
Badu uazIsmalsvljudvaadmivszouidudoayauuunamu 18uR  Spectral
Subtraction (SS) [33], Probabilistic Optimal Filtering (POF) [34], Code-book Dependent
Cepstral Normalization (CDCN) [35], Wiener Filter [36] (i82 Kalman Filter [37] ni‘_luﬁ'u
madiuljudvaya "lﬁnam‘si'ﬁnﬁuauﬂﬁﬁﬁnLﬁuauﬂﬁﬁlﬁqun"mﬁegﬂm;ﬂﬂﬂ
aou uddlorimanousuidsanaiitidossunauii hildegluysiinaey wuhdalina

ma§induaya & lidin [11,(21,[31,[4]
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3) melfuluea Ao malfumnilinesvealumaidoaya Rrudvanaiiiidvesuno
vl ueai lWonmsdsuamnse 1918 uanmaden  Afidvesunumiloudy
JoyadildlsuTuen a3t maliunaad 19 luszuudiudvmanuunmy 1dud
Stochastic Matching [38], PMC [2],[10],[11],{12], MAP [15],[16], MLLR [6],[7],
Tnsevnodszamiion [13] wag PLT [31[41[5] udu msUsuluea ldwams
g"ﬁuﬁmmﬁﬁﬁ#aﬁ'mﬁuquﬂﬁﬁlﬁmmmuﬁaq"lu‘qﬂﬁnﬁauuaz‘lﬁ'lﬁ'at_i‘lmgﬁﬂﬂﬁau
[11,[21,[3],[4]

%mﬁwuﬁﬁﬁaﬁuhﬁwmszuuii'iuﬁumﬂunumnu uuums$uTuen woldluns

uftlamidvssunuinnnanmuaadoui 1l wazithudossunaui 18y luyn

Anasudiu



Uni 3
av d' ci v
JTHIWNINYIVDI
Tuunil HumshiauomideifedestumslivTueaidomn  dmiussuudi
@uanauvunmu Taoliifeniiardny 2 dau Tdudiade 3.1 madeflFlumeluTuea
[HInA Fanaia mﬂﬁﬂ?ﬁa’flunﬁﬂ?ﬁﬁm131ﬁma§-umTummﬁmwﬁ 1Y PMC [3],[11],
msfinaeud [14], MAP [16] uaz MLLR [7) dudu uaziade 32 szuumsliuTuaa
dmsumsiiudoaanuuamu  FanandszuumsliuTusadeaaiiinsimaiialy

drnusnun 1y 1u msiden Tuea [20], m3dnaeuuuUMaINagn1E [14], uag PLT [4] Yudu

3.1 mainlumsdsuluaa
matalumsdsuTuealuilipiuaunsaninmdfliumsiinesvea lumaidvaya
- s = o A:&
Wy 2 wuy Ao 1) wuumssautaznsuon T uaz 2) uuumsdiumsimes luea @
¥ [
MATANIADANAIAUNITMIYSUMITnesves HMM Taorade 3.1.1 nande nmssau

wazm3suon luaa taziaven 3.1.2 na1ne msdsumsiines luaa

3.1.1 MIsaumazmsuenluna

msdsuTueanpumssaazmsuonluaa  umsaadoasuniunmdsayaiidn
Fromsmdniidhudomauazdini hiidudoma (Speech/Non-speech Detection) Tnuiio
sumuﬁﬁmmﬂfunﬂuﬁmﬁ1ﬁ1ﬂuiﬁuaﬂﬂu?afimtﬁuaﬁuu ninhniudoasunui 18

9 =4 3 e o d'.d ¥ w ] a
afnluweadossunay  wdnihldwauduTueadvageazoiaiiieg  feduvesmsliy

]
acd o

Tunadae33a18ud  PMC  wazTnssthodssamifion  udy a3 i IndiRvafuiei
Inoriinusiinaue fio PMC Snznanialniadedaly

3.1.1.1 m3smlmaavinu

mssTwaaviny M) [11] Suiimslsummzaunionazanuulslsusu
luwiniined B vos BMM eI 1d Tuaaiduayafilidoasunan Taomsnau Tumaidvaye
avern uazTweadossuniudidodu Hlassadredeglit 31 Taeinsway oMM €h
v Tannuaanseaiadu (Linear Spectral Domain) Sauoufissiinmsnaufudest)
msuasninTawuen)ansoa (Cepstral Domain) 1y Tannnmlansoaduduidoneu uay
ionauiuaiadesiimsulasnduninTannumlaaseaFadundy iy Tanmaasea

_ A ar lﬂ’ l-i' o ar 1]
midoway Famsutaslamulnduiiesnyi v PMc 14alumsysu Tueau S9ludly
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I5UUUVDA

¥

ﬁ'Iﬁ‘lé"imlszTwumnﬁm”tymahaﬁtﬂmﬁum_ﬂ‘lumsﬂ%"‘uimﬂ‘n

Clean speech (S)

Speech HMM
parameters

8 S
g g >

Slz =

I"uu

zsig =T. Zuv l—-T

)

T =

uv

expl.]

2nuv
2cos|
[2p+lJ
Eo

by = expluy* + =]
T3 = S S (exp[Zye]-1))

NInlE(SNR)]

Tt =logZ +2,, ]

Rep R,

=Ty,

e = log[pde +p S ] } --------

............. >

Noise (N)

Noise HMM
parameters
Cepstral domain (cp) e puN“’ ; Z:‘f 2

N N

Log spectral domain (lg) * L= My . ,zm:'

expl[.]
Linear spectral domain (In) N N

'(‘ """""" !J'u t Zuv]n

Log[ ]

+ Log spectral domain (Ig)

r-l

R
Yer =z, I

> + Cepstral domain (cp)

o880

Noisy speech (R)

314 3.1 Tassadamsiauvesns s Tuaavunu [3]

- o 1 n‘
B A9 INWMDIAURAY

= a1 ]
Y Ao wasnsmanuulsisiusu

a d a U4
I fio wasnsmsulasdaniala loa

3.1.2 msdSumndimesluaa
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FUREY P - - v ad
“vhlﬂ'iN“']ﬂ']a']u‘uﬂaiﬂﬂqw”ﬂﬂl”']n’] INIEID

o - o [Y = d ar
msdfumsiimes luaailunsiumsiiinesves HMM daomsldidvayalumsysy

£ o A Y o a o a Y w an
Tuealaases  Funaianl¥lumsdsumaidmesveslumaiiegdlronumanis

WU M3

v ¥
Anaouds [14], MAP [16] uag MLLR [7] ﬁ'luw’fu ua:1ﬁmmnmiﬂ%’umﬂﬁmaﬁmﬂmi‘lu

msUsuTuwamudoaanldlumsisy  Mmlddesiiman

= -]

FONMBIUVBUTLIYA 1D

141w

[ ¥
msszy Tuaaiilinsl$udae TasndnidadiilndRvesusianoiinusiinaue do n1s

’ﬂﬂaaum MAP 1ag MLLR 1240 3.2.1 249 3.2.2 1az¥iade 3.2.3 amdiay
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3.1.2.1 msenaeudn
: o a 4 r & o =
msAnaeus iumsiumsiines A, B uaz tves HMM dwmarh Tunaidosyn
[ ¥ ¥
azeranie lumadikiumsUunuds vuiulueadedu udnhdeyadvayaiiidoesuniu
o ¥ & 4
nldiiudoyalumsinaoudidnafinils #1035 Baum-Welch [91,127] Tuman 1dnnms
) aad ° § ' o 3 '
Yvdwdiilimamsisudvagaigs ednlsiam Emsinaoudidesmsdoyavuialng
TumsysuTuaa
= ' é
3.1.2.2 msninsannnanlszaumseigega
a U o o o s’: =
msnnsannnmlszaumsalgaga  (MAP)  dwmSuszuumsisudoayminiing
a ' 4 = o ' n’: et 1 o
weniummzaunaolumsiives B ves HMM winiu [16),[27] Taglddeoyaniismmy
y 4 8 i r 1 H
ANudiesdu (Priori Knowledge) ¥aldmninTumadsdundesnsdsy Tasnninesaundo
a Y i) o a1 A da 9 (L o, a
voe lumandumsdiy  Tawminmsvanduveannmesaundonimsgudloninrnimin
4 S d o v oA 41 A Y 2w o
FamweinunaonlFlumsuIiniu fie nnmesAundvvesdeyandsimslsuTuna uaz
v ¥ ¥ [
nnmesAundvvel Tuaadsdy  diumdiniminduinldnnninninzduvesmdunai
P a n‘: 9 1 :c o 9 d’l’ 3 & aaa ar o 1:
1 Tums)iu Tueansdu nazmdiniminvesnaudidiosdu ¥aiiasmsisuTumaaiiudail
© -
fmuald
k uag j in MAVAIAN
- 1 a o 4
m AD dIusznevindies
T fie SaudAuvesmidauna
A = q’: v
A fie Tunaidoayanady
N Ao Sudanlu A
- " oa a p—
o) fin Mdunafia L, 1<t<T
- LA - o - f o .
Wi AD DAABIAURTBYEY A MUY sznOUliNG1905 m uaz AN j
A A S A o o A ol
i N0 DNRBIAURALYEI A NFUMIYSY Tiaa Aaulsznouiingioes m

Hay man j

"
= 1

— - a1 Py 1 e = s
N Ao nnmesaunasvesmdananl¥lumsdsuTuea  fdaulsznou

a o & A .
UNFLIDT m NALAN j
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p A9 MOINUINUNVIIANUIIUDIAY
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N, fio annheziuvesmidunail¥lumsdsuluea & Adaudszney
a o 4
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L, fin mmninziuves A fidnnlszneviindions m uaz aian j
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- ] . o a d L4 .
b,,(0) e Avmnivzihuvestduna fidawlszneviindives m uazaan j
o, () Ao Aisiiuveamaiia 0 1Innan 1 89 tvesaiam i

B,(t) e naunitziiluvesmsiia 0 a1 t+ 1 89 T vosaam i

A Nim P
p’jm - ij +p p’;m + ij +p U;m (31)
lijo
N =) L1 (3.2)
t=1
T
> L (HO(t)
R =g (3.3)
Zij (t)
t=1
1
Lin(D)= PO ———U;(t)c;,,bjn (O(1))B; (1) (O(1)) (3.4)

a,.
4 if  t=1

= Zak(t_l)akj otherwise i
k=2
bj(0(1) = [ [ b;(0() (3.6)

Tumsdsu Tumadiodoyaiisiia MAP v Idkamsisuduayaldaniiisnsinaeu
41 udetralsfiay Ramsilnaouduas MAP sriimalfumme Tuaaidoayafifiegludeya
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Abstract

This paper proposes a new environmental noise classification
using principal component analysis (PCA) for robust speech
recognition. Once the type of noise is identified, speech
recognition performance can be enhanced by selecting the
identified noise specific acoustic model. The proposed model
applies PCA to a set of noise features, and results from PCA
are used by a pattern classifier for noise classification. Instead
of including both clean and noisy environments in a single
classifier, two-step classification is introduced by separating
the clean from noisy environments and then identifying the
type of noisy environments. The proposed model is evaluated
with four types of noise: white, pink, babble, and car from
NOISEX-92 and shows a promising result regardless of
signal-to-noise ratio (SNR).

1. Introduction

It is commonly known that a speech recognition system
trained by speech in a clean or nearly clean environment
cannot achieve good performance when used in noisy
environment. Research on robust speech recognition is then
necessary. Gales [7] has classified the techniques of robust
speech recognition into 4 approaches: 1) extraction of robust
speech feature, 2) estimation of clean speech, 3) construction
of robust model, and 4) combination of 3 previous techniques.
Each of these approaches has both advantages and
disadvantages. This paper focuses on the third approach, the
model-based approach, which has achieved good recognition
results [7]. The model-based approach aims to create or adapt
the acoustic model in specific environments. Several
techniques of model adaptation have been proposed [13] such
as linear regression adaptation, model-based stochastic
matching, hypothesized wiener filtering, and parallel model
combination. However, an acoustic model trained directly for
specific noise is certainly superior to the adapted model,
although multiple acoustic models are needed for various
kinds of noise and an accurate automatic noise classification is
required.

Many noise classification techniques have been studied
previously. Classical technique is based on hidden Markov
models (HMM) with mel-frequency cepstral coefficients
(MFCC) [10], which have been proven to give better results
than human listeners. Another successful technique is a neural
network (NN) based system with combined features of line
spectral frequencies (LSF), a zero-crossing (ZC) rate and
energy [12]. In [11] several classifiers have been evaluated for

noise classification. Experimentally, an optimal Bayes with
LSF is the best technique for this task.

Since the LSF is complicated and implementing LSF in a
real-time system is problematic, we aim to explore a simpler
feature extraction method. This paper proposes a noise
classification technique based on principal component
analysis (PCA). PCA has been commonly used for pattern and
image recognition [1]. In this paper, PCA is applied to extract
environmental-noise features, which are used by a pattern
classifier for noise classification. An advantage of PCA is to
reduce the dimension of feature vectors while retaining as
much significant information as possible. The computational
requirement of PCA applied to normalized logarithmic
spectrums (NLS) implemented in this paper is much lower
than the MFCC or other effective features such as LSF [10,
12]. NN and Support Vector Machines (SVM) are evaluated
for the noise classification. Moreover, instead of a single
classifier, two-step classification is proposed by first
separating the clean from noisy environments and then
identifying the type of noisy environment. Our noise
classification model is evaluated on 5 classes of
environments: clean, white, pink, babble, and car. Our Thai
isolated-word recognition [8] with noise-specific acoustic
models is used in the evaluation. It is noted that although the
task is isolated-word recognition, phonemes are used as basic
recognition units. This facilitates new words addition.

The rest of paper is organized as follows: the next section
describes an overall structure of our robust speech recognition
system. In Sect. 3, the use of PCA in our system is presented.
Sect. 4 describes our experiments, results and discussion. The
last section concludes the paper and gives future works.

2. Robust Speech Recognition Using Noise
Classification

As described in the previous section, our robust speech
recognition system uses a model-based technique, in which
acoustic models are trained from speech in specific
environment. Given a speech signal, a set of features for noise
classification is extracted from a short period of silence at the
beginning of signal. It is noted that this short period is
assumed to be a silence where the speaker has not yet uttered.
This assumption can be realized for our push-to-talk interface.
To apply our system with other user interfaces, we need an
additional module of speech/non-speech classification or other
strategies to capture a non-speech portion from an input signal.
Features extracted from the silence portion are then used to
identify the type of environment. Once knowing the



environment type, the recognizer selects a corresponding
acoustic model for recognizing the rest of signal. An overall
structure is illustrated in Fig. 1.
In our system, there are 2 particular difficulties:
¢ How to construct a robust acoustic model for a variation
of signal-to-noise ratio (SNR)? In our system, a
particular acoustic model is trained on noisy speech with
various levels of SNR. Clean speech, whose SNR
exceeds 30 dB is also combined in the training set of
each noisy acoustic model.

* How to construct the environment or noise classification
module? Time consuming by the noise classification
module should be as low as possible, so that the overall
system can achieve an acceptable processing time. The
construction of such module is the main objective of this

paper.
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Figure I1: Overall structure of robust speech
recognition

3. Noise Classification Based On PCA

The goal of noise classification is to identify the type of
speech environments. To achieve this, we rely on NLS as basic
feature vectors. Indeed, this feature is more robust to the
change of SNR and less computational demanding when
comparing to the conventional MFCC. In this paper, we are
interested in applying the PCA technique [1] to these features
in order to extract the most significant features. PCA has been
widely used as feature extraction in pattern recognition. The
main concept of PCA is to project the original feature vector
onto principal component axes. These axes are orthogonal and
correspond to the directions of greatest variance in the original
feature space. Hence, projecting input vectors onto this
principal subspace allows reducing the redundancy in the
original feature space as well as the dimension of input
vectors. For simplification, we will call the projected feature
vector, the “weight vector” hereafter,

Fig. 2 shows weight vectors obtained from 108,800 feature
vectors derived from all 5 types of environment (clean, white,
pink, babble, and car) with various SNR, onto a two-
dimensional space using PCA. There is still a lot of
overlapping area among 5 environments. However, the type of
noise is easily identified, if the clean environment is excluded
as shown in Fig. 3, where weight vectors are obtained by
applying PCA on only 4 environments. Therefore, to handle
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this set of environments, we propose a new design based on
two-step classification. The first classifier separates a clean
environment from noisy environments. Then the second
classifier identifies the type of noisy environments.

Certainly, there are other ways to design multi-step
classification; experimentally we have found that the proposed
2-step classification is the most appropriate for this set of
environments. We are currently working on fully automatic
determination of multi-stage noise classification technique.
We believe that this idea can be further extended to cope with
other noises.
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Figure 2: Distributions of PCA reduced features computed
from 5 environments
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Figure 3: Distributions of PCA reduced features computed
from 4 environments

For the classification algorithm, a fast and efficient
technique is needed. In our experiment, two well-known
classification algorithms; a neural network (NN) and support
vector machines (SVM) are evaluated.

4. Experimental Results

4.1. Data preparation

Four types of noise from NOISEX-92 [3] including white,
pink, babble, and car were preprocessed by reducing the
sampling rate to 8 kHz. Clean speech at 16 bits and 16 kHz
from NECTEC-ATR Thai speech corpus [2] was resampled
down to 8 kHz and used for the speech in clean environment.

4.1.1.  Data set for noise classification

A data set for noise classification contained noisy speech
prepared by adding the noise from NOISEX-92 to the clean
speech of NECTEC-ATR at various SNRs (0 — 15 dB). The
data set was divided into 3 subsets: a PCA training set (5000
samples), a classifier training set (61,530 samples) and a
classifier test set (108,800 samples). The first set was used for
computing PCA weight vectors. The second and third sets
were used for training and evaluating the noise classifier. A



small frame of 1,024 samples at the beginning of the speech
signal, which was expected to be silence, was used for PCA
and noise classification. As described in the Sect. 2, our
speech recognizer is designed for a push-to-talk interface.
With this interface, we can control the recorder to start record
a silence signal before the beginning of speech. NLS used for
noise classification were computed from this silence frame.

4.1.2.  Data set for speech recognition

The speech recognition task in our experiment was phoneme-
based isolated-word recognition. Speech files were taken from
the NECTEC-ATR. 32000 speech utterances from 32
speakers (16 males and 16 females) were allocated for a
training set. Another set of 6400 utterances from other 10
speakers (5 males and 5 females) are used for testing. The
dictionary of 5,000 most frequently used Thai words is used
in this task.

Four types of noise described in the Sect. 3 were added to
the speech files at various SNRs of 15, 10, 5, and 0 dB. An
acoustic model contained HMMs representing 35 Thai phones
[8]. Each HMM consisted of 5 states and 16 Gaussian
mixtures per state. 39 dimensional vectors (12 MFCC, 1 log-
energy, and their first and second derivatives) were used as
recognition features.

4.2. Noise classification results

Our proposed classification model described in the Sect. 3
was compared to the classical technique using HMM [10, 11],
which served as a baseline system in our experiment. The
following are details of each noise classification system.

4.2.1.  Baseline HMM system

The HMM [6] based noise classification system contained 5-
state HMMs with 16-Gaussian mixtures per state. MFCCs are
used as classification features. This baseline system will be
referred to as “HMM_MFCC”.

4.2.2.  PCA and NN based system

NN [4] used for our noise classification was a Multi-Layer
Perceptron (MLP). There was 1 hidden layer with the number
of hidden nodes empirically adjusted to 30. Two systems
based on NN were constructed. The first system, called a
“NN_1-step” model, classified 5 types of environment (4 types
of noise plus a clean environment) using a single classifier, i.e.
one NN. This classifier used the output of PCA applied to
NLS as analyzed feature. In this work, only 2 principal axes
have been proven to be sufficient for our noise classification.
The other, called a “NN_2-step” model, was the two-step
classifier described in Sect. 3.

4.2.3.  PCA and SVM based system

SVM [5] used in our experiment was a multi-class SVM based
on one-against-one algorithm. According to our preliminary
experiment, radial basis function (RBF) was appropriate for
the SVM kernel. Similar to the NN systems, two SVM-based
systems, called “SVM_Il-step” and “SVM_2-step” models,
were constructed for l-step and 2-step classification
respectively.

Table 1 presents results obtained from each system
described above. Table 2 also gives the distribution of samples
misclassified by each system for every noise type. According
to the results, PCA applied to the NLS is comparable to the
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baseline HMM systems. The two-step classification systems
using either NN or SVM are superior to the conventional 1-
step classification design and the baseline HMM systems. It
should be noted that, in this experiment, the babble noise
varies highly on time axis. From Table 2, the HMM seems to
be effective for this noise. Neither the NN nor SVM can
outperform the HMM for this case. In contrast, the rest of
noise types are almost stationary, so that the NN and SVM can
capture the characteristics of noises from only the short sample
period.

Table 1: Error rate results of noise classification based on
HMM, NN, and SVM.

System i % Error rate
HMM_ MFCC 4.18
NN_1-step 4.33
SVM_I-step 3.86
NN _2-step 1.20
SVM_2-step 1.57

Table 2: Distribution of noise classification errors
produced by HMM, NN, and SVM.

TR T . Number of example error d
Type | o [ NN_ | SVM_. | NN_ | SVM_
; i HMM - l-step 1-step 2-step 2-step
Clean 176 118 T 172 89
White 112 2 0 1 1
Pink 263 99 114 1 5
Babble 143 2728 1494 28 30
Car 3854 1768 2425 1103 1587
total 4548 4715 4110 1305 1712

4.3. Speech recognition results

In this section, several robust speech recognition techniques
including our proposed model are experimentally compared.
The first system (S1) was a conventional system without any
implementation for robust speech recognition. The second
system (S2) used zero-mean static coefficient [6], a well-
known technique for noise-robust speech features. The third
system (S3) used a multi-condition acoustic model, which was
trained by mixing data including both clean and noisy (white,
pink, babble, and car) speech at various SNR levels (15dB,
10dB and 5dB) [9]. The forth system (S4) was our proposed
model, where input speech environment was identified and the
corresponding acoustic model was chosen for recognition. In
the S4 system, an acoustic model for each environment was
trained by mixing data including each noise at three SNR
levels (15dB, 10dB and 5dB). The PCA and NN-based system
(NN_2-step), which achieved the best result as shown in the
previous section, was used in the S4 system. The last system
(S5) is an ideal system, where perfect noise classification, i.e.
0% noise classification error, is used.

Evaluated by the test set described in the Sect. 4.1.2,
comparative results are shown in Table 3. It is noted that the
average values presented in the Table 3 are the means of
average values of each environment type. According to the
Table 3, it is obvious that our proposed model achieved the
best recognition results in every case and the results are
almost equal to the ideal case where noise is perfectly
classified. It is noted that signals of the clean and car-noise
environments at 15 dB are very similar and hence most of
classification errors are made by these two environments.




However, our acoustic models are robust enough to handle
this case.

Table 3: Comparative results of robust speech recognition.

Environments | Word accuracy (%) B

3 S R I SRRy ] [ o R (T T ST
Clean 85.75 83.58 83.86 85.77 85.75
15dB 51.00 60.44 61.67 7252 72.52
white 10 dB 26.59 42.30 46.59 67.44 67.44
5dB 5.12 19.36 33.70 57.80 57.80
0 dB 0.44 1.16 21.92 40.86 40.86
15 dB 74.72 70.09 71.59 78.02 78.03
pink 10 dB 58.02 56.28 59.55 74.38 74.38
5dB 27.84 29.50 45.69 65.88 65.88
0dB 2.38 247 28.73 46.50 46.50
15dB 71.42 73.34 70.31 79.58 79.58
babble 10 dB 38.28 58.92 58.50 75.63 75.63
5dB 9.06 24.66 41.61 67.66 67.67
0dB 2.12 3.42 21.09 43.58 43.61
15 dB 85.17 82.83 83.23 84.92 84.98
- 10 dB 84.33 81.80 82.00 84.78 84.83
5dB 80.47 77.92 79.30 84.56 84.56
0dB 66.16 63.77 74.83 82.84 82.91
Average 51.31 54.13 60.79 72.50 72.51

4.4. Discussion

The major advantage of our proposed model is that the PCA
can be applied to a simple speech feature such as NLS in
order to reduce the analyzed feature vector without a
drawback of recognition accuracy reduction. Our experiments
were performed on an Intel IV, 1.5 GHz with 256 MB of
RAM and using Windows operating system and all the
routines were implemented in C. For the multi-condition
recognizer (without noise classification module), the average
running time for processing an utterance is 1.92 sec. The
average processing times for noise classification with HMM,
NN 2-step and SVM 2-step are 2.48, 2.25 and 2.27 sec
respectively. These confirm that extending the PCA-based
noise classification to two-step classification still maintains an
acceptable processing time.

However, the size of PCA weight vector as well as the
number of multiple steps for classification may be increased, if
more classes of noise are considered. Extending our idea to the
classification of more noise types is feasible with a careful
design of these parameters.

It is necessary to note that by the 1.2% classification errors
produced by the NN_2-step as shown in the Table 2, speech
recognition accuracy achieves 72.5% as described in the Table
3 for the S4 system. In the case of HMM_MFCC model,
where a 4.18% error rate is obtained, the speech recognizer
produces 72.1% word-accuracy, which is almost equal to the
case of NN_2-step. We believe that more effects of noise
classification performance can be underlined when the size of
test data as well as the number of noise classes is increased.
This will be one of our main future works.

5. Conclusion and Future Works

This paper proposed a technique of robust speech recognition
based on model selection. The recognizer selected a specific
acoustic model from a pool of acoustic models that were
trained by speech data in each noisy environment. A noise
classification module was used to identify the type of
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environment. PCA applied to the NLS and the strategic design
of two-step classification was proposed for noise
classification. Experiments showed that the proposed model
gave a promising result for noise. When combining the model
to the speech recognizer, the proposed system produced
almost equal recognition accuracy to the ideal system, where
noise classification contained no error. The proposed system
achieved 18.4% higher recognition accuracy over the robust
system using zero-mean static coefficients, and 11.7% higher
accuracy over the system using the multi-condition acoustic
model.

Future works include increasing the types of noise, and
improving the model so that it can handle new noise not
previously trained by the system. Another task is to reduce the
number of specific acoustic models by clustering noise and
constructing one acoustic model for each noise cluster.
Finally, a multi-step classification model is expected to be
automatically and optimally constructed given a large data set
of noisy speech.
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Abstract—This paper proposes the use of tree-structured model
selection and simulated-data in maximum likelihood linear
regression (MLLR) adaptation for environment and speaker
robust speech recognition. The objective of this work is to solve
major problems in robust speech recognition system, namely
unknown speaker and unknown environmental noise. The
proposed solution is composed of two components. The first one
is based on a tree-structured model for selecting a speaker-
dependent model that best matches to the input speech. The
second component uses simulated-data to adapt the selected
acoustic model to fit with the unknown noise. The proposed
technique can thus alleviate both problems simultaneously.
Experimental results show that the proposed system achieves a
higher recognition rate than the system using only the input
speech in adaptation and the system using a multi-conditioned
acoustic model.

I. INTRODUCTION

Acoustic variation in speech recognition system can be
caused by several factors e.g. speaker, environmental noise,
language dialect, channel, etc. [1]. In this paper, we are
interested in two main causes, namely speaker variation and
environment noise variation. The basic approach to deal with
these problems is to train acoustic model from noise-added
speech from various speakers [2]. More elaborate techniques
include model adaptation with either maximum likelihood
linear regression (MLLR) [3] or maximum a posteriori
(MAP) [4], parallel model combination [1], piecewise linear
transformation (PLT) [5).

The major problem for every robust speech recognition
system is how to handle unknown environments. Two
complementary techniques, tree-structured model selection
and online adaptation, can be used to tackle this problem.
Tree-structured model selection consists in constructing a tree
in which each node represents a combination of some known
environments. An acoustic model is built for each node.
Using this tree structure, an unknown environment which is
similar to a combination of known environments can be better
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handled. This approach has been applied to select a noise-
specific acoustic model [5].

The online adaptation aims at adapting the available
acoustic model to the current environment. An input speech is
first phone labeled given an original acoustic model. The
input speech with phone labels is then used to adapt the
original acoustic model and the model after adaptation is
exploited in the final recognition step. Both MAP and MLLR
can be used in the adaptation process. However, this
technique requires a large-enough set of adaptation data in
order to achieve a good recognition result. Recently
Thatphithakkul et al. [6] has proposed the simulated-data
adaptation process which increases the size of adaptation data
by combining pre-recorded clean speeches with noise portion
extracted from the current input signal. This technique allows
a high gain of online-adaptation performance.

It is noted that in previous works, speaker and noise
variations have often been treated separately. The objective of
this work is to explore how these two variations can be
handled simultaneously and efficiently. The adopted solution
is based on similar idea of tree-structured model selection but
used for speaker modeling instead of noise modeling propose
in [5]. The speaker tree determines a speaker-dependent
acoustic model which best matches to the current input signal,
This tree-structured model selection can handle unknown
speakers. Then we apply the simulated-data adaptation, which
can solve the problem of unknown environment noise.

The proposed system is evaluated by noisy speech in 3 sets
of environment. The first set contained speech in a clean
environment and 9 types of noisy environments that have
been trained in the system, The second set contains speech in
other 2 types of noisy environments not trained in the system.
Noisy speech is prepared from noise signals taken from
JEIDA [7] (Japan Electronic Industry Development
Association), NOISEX-92 [8] and a real noise signal
collected in an exhibition in Thailand. Noise signals are
added to clean speech taken from NECTEC-ATR Thai speech
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corpus at various SNRs (0, 10, 15 dB). The third set contains
speech signals recorded in a real environment of another
exhibition in Thailand 2005. The estimated SNR of the last
set is 0-5 dB.

. The next section explains our proposed model. Section III
describes data sets used in experiments. Experimental results
are reported in Section IV. Section V concludes this paper
and discusses on the future work.

II. TREE-STRUCTURED MODEL SELECTION AND SIMULATED-
DATA ADAPTATION

Our proposed method of using tree-structured model
selection [5] and simulated-data adaptation [6] is illustrates in
Fig 1. Two principal components in this method are:

e Model selection from speaker clusters (MSSC), which
functions to select the closest speaker-dependent acoustic
model from a tree-structured speaker model.

* Model adaptation using simulated-data adaptation.

Section ILA describes tree-structured HMM for speaker
clustering method process. Section II.B describes simulated-
data adaptation process.

k ‘Soesk N
acoustic model ’(’noulﬂe-r;oﬂﬂl )_

Clean speech in
“Train-S" set

Fig. 1. Acoustic model selection using tree-structured speaker model and
acoustic model adaptation using si d-data.

A.  Tree-structured speaker modeling.

The tree-structured clustering method has been successfully
applied for speaker adaptation [5]. In this paper, we apply the
tree-structured clustering method for speaker-dependent
acoustic model selection. The tree structure used in our
system contains two acoustic models in each node. The first
one is used in for speaker-dependent acoustic model
selection, so called a classification acoustic model. Once a
node is selected, the other acoustic model, called a
recognition acoustic model, is used for speech recognition.

The tree-structured speaker modeling method is illustrates
in Fig 2. Speeches from various speakers in various
environments are collected and classification acoustic model
constructed using all data. Top-down clustering is applied on
the obtained acoustic model to produce the tree structure. We
retrain a classification acoustic model for each cluster.
Finally, the root node of the tree includes all speakers and
each leaf node consists of only one speaker. Intermediate
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nodes in this tree contain several speakers whose speech
characteristics are similar, Model selection is performed
based on these speaker-dependent classification acoustic
models. For the recognition acoustic model, a phoneme-based
acoustic model is constructed for each noise using noise-
added speech from the particular speakers. In this paper,
HMM is applied to both the classification and recognition
acoustic models. Using this tree structure, an unknown
speaker whose sound is similar to the combination of speech
from known speakers can be effectively handled.

The best model Root node includes
in the tree can be all noise-added speech
cither leaf or from every speakers
non-leaf node

Leaf node includes
noise-added speech

: O O Qfmm:uc speaker

d noise kers modeling for speaker-dependent

P

acoustic model selection.

Fig. 2. Tree-

B. Simulated-data adaptation

Since the model selection step only chooses a recognition
acoustic model that best matches to the input speaker, the
obtained acoustic model is yet general for every
environmental noise. To enhance the system performance,
online-adaptation can be conducted to make the model closet
to the input environment. While the conventional online-
adaptation process employs only the input signal in
adaptation, the simulated-data adaptation method extends the
adaptation set by adding noise extracted from the input signal
to an existing set of clean speech. In this work, MLLR is
conducted for adaptation. We denote S-MLLR our process of
MLLR-based simulated-data adaptation. Section IL.A.a
describes noise extraction process. The following subsections
describe in brief the simulated-data adaptation process

(a)  Noise portion extraction

The silence parts are supposed to be background noise of
the current input signal. An HMM is first applied to segment
the input signal into speech and silence portions. The noise
extraction algorithm utilizes phone-based HMMs [6].

(b)  Adding background noise

Given noise portions extracted from the input signal,
several issues need to be considered in adding background
noise to the pre-recorded clean speech. First we concatenate
noise portions extracted from the input signal. There are two
noise-only regions in the input signal, at the beginning and at
the end of the signal. These noise portions are duplicated and
concatenated so that the duration of noise signal is equal to
the duration of clean-speech being added.
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Second, simulated speech for adaptation should have a
similar SNR to the input speech. Let “Train-S$” be a set of
pre-recorded clean speech. We denote by Tn and Ts the
current input signal and a clean speech in the Train-S set.
Tn_s and Ts_s is the speech portion of Tn and Ts. First, a
scale_factor is calculated as follows:

scale_factor = EngC/EngS (1)

where EngC and EngS is the energy of Ts_s and Tn_s
respectively. Next, the background noise, BN, is multiplied
by the scale_factor and added to Ts, resulting a simulated
noisy-speech Tsn as shown in (2).

Tsn = BN*scale_factor + Ts 2)

I1I. EXPERIMENTAL SETTING

Our task domain is isolated-word recognition using
monophone-based HMMs representing 75 Thai phones. Each
monophone HMM consists of 5 states and 16 Gaussian
mixtures per state. 39-dimensional vectors (12 MFCC, 1 log-
energy, and their first and second derivatives) are used as
recognition features.

The baseline recognition acoustic model is trained by
phonetically-balanced clean-speech utterances read by 16-
male and 16-female speakers. The total number of training
utterances is 32,000. For comparison, a multi-conditioned
acoustic model [2], denoted as “MULTI” hereafter, is
prepared using speech data from both clean environment and
noisy environments at various SNRs (5, 10, and 15 dB). In all
experiments, clean-speech data are taken from NECTEC-
ATR corpus.

A.  Noise data for training

Eight kinds of noise from JEIDA [7], including crowded
street, machinery factory, railway station, large air-condition,
trunk road, elevator, exhibition in a booth, and ordinary train,
and one large-size car noise from NOISEX-92 [8] are
conducted. All noises from JEIDA and NOISEX-92 as well
as the clean speech from NECTEC-ATR are preprocessed by
reducing the sampling rate to 8 kHz. Noisy speech is prepared
by adding the noise from JEIDA or NOISEX-92 to the clean
speech of NECTEC-ATR at various SNRs (5, 10 and 15 dB).

B.  Noise data for testing

Two test sets, “Test-1" and “Test-2", are used in
evaluation. Test-1 contains 3,200 utterances from 640 words
uttered by 5 male speakers. Two noises, a computer room
from JEIDA and an exhibition (NSTDA Annual Conference
S&T in Thailand) recorded over four days in March 2005, are
added to clean-speech utterances at three SNR levels: 0, 10
and 15 dB. This test set represents speech with different noise
from the training set.

Test-2 contains 760 utterances from 76 words uttered by 50
speakers over four days in another exhibition (ICT EXPO
2005 in Thailand). The environment is very noisy and
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consists of various kinds of noise. This set represents real
noisy-speech with SNR ranged between 0 to 5 dB.

1V. EXPERIMENTAL RESULTS

This section presents experimental results obtained from
the proposed system including an evaluation of the MSSC
technique with and without simulated-data adaptation. We
also evaluate the MLLR adaptation process when the
adaptation data include and exclude the input speech signal.
The construction of Train-S with speakers selected by the
MSSC technique is also considered. Section IV.A presents
the evaluation of MSSC. The construction of Train-S is
presented in Section IV.B. Section IV.C then compares our
proposed system to conventional methods.

A.  Evaluation of the MSSC model

First we evaluate the MSSC model selection technique for
robust speech recognition by comparing to the baseline and
the MULTT systems. Recognition accuracies obtained by test
sets in three SNRs are shown in Fig 3. As expected, the
MSSC, using tree-structured speaker modeling determines an
acoustic model that best matches to the input speaker.
Therefore, the selected model produces a higher recognition
rate than the baseline and MULTI models.

OBaseline BMULTI BMSSC

. .=~ ~ - 2o v
w| P
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L1 10
SNR (0B}

Fig. 3. Recognition accuracies of Baseline, MULTI, and MSSC
evaluated by Test-1.

B.  Effects of different configurations in simulated-data
adaptation

In this subsection, we are interested in the efficient way to
construct the Train-S set for simulated-data adaptation.
Indeed, there are two intermediate choices in building the
Train-S:

* Whether the input signal should be added into the Train-
S set. Input signal actually contains useful information about
the acoustic characteristic of the current speaker. However,
adaptation can only rely on a transcription obtained
automatically. Thus the uncertainty about transcription error
is also presented if we include the input speech in the Train-S
set. We would like to investigate if the adaptation can still
take advantage of input signal with this uncertainty,
Hereafter, “supervised” adaptation refers to the adaptation
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without input speech and “semi-supervised” adaptation refers
to the adaptation with input speech in the Train-S set.

* Another factor which affects adaptation performance is
speakers in the Train-S set. Since the acoustic model selected
by the MSSC method implies the closest speaker to the input
speech, the model should be adapted with speech from
speakers close to the selected model. However in noisy
environments, especially in 3 low SNR, it is not always
possible to correctly select speakers for the Train-S set.
Therefore, we ask the question; should we adapt the selected
model with all available data (limited to male-speakers 16
people, denoted as MIX) or should we use only the speech
from the selected speaker cluster (denoted as “SELECT”).

In this experiment, we consider both the MULTI model and
the model selected by the MSSC technique. The MULTI
model adapted with simulated-data in the supervised scheme
will be denoted as S-MLLR1 and the model using semi-
supervised adaptation will be denoted as S-MLLR2. In
analogous manner, S-MSSC1 and S-MSSC2 denote the
MSSC-based selected model adapted in the supervised and
semi-supervised schemes using simulated-data,

OMIX @ SELECT
72
70
3
g 68
66
64

Fig. 4. Average recognition accuracies on Test-1 over all SNRs, produced by
S-MLLR and $-MSSC in supervised (labeled as 1) and semi-supervised
(labeled as 2) schemes, with different speakers prepared in the Train-S set.

Average recognition rates for every system over all SNRs
(0, 10, and 15) are shown in Fig 4. Firstly, S-MSSC
outperforms S-MLLR in every case. Secondly, the semi-
supervised adaptation gives higher recognition rate than the
supervised one. This reflects the fact that including the input
speech in adaptation is preferable. Even if the transcription of
input speech might be wrong due to the automatic
transcription process, the speaker characteristic in the input
speech is still useful for speaker-dependent model adaptation.
Lastly, MIX speakers give better performance than using only
speakers in the identified speaker cluster. We believe this is
due to the fact that in noisy environment, the speaker cluster
selection may not be done accurately. Thus the acoustic
characteristics of speakers in SELECT may be different from
current speaker. On the other hand, MIX data containing all
speakers should also contain the speaker close to current one.

As consequence, adapting the acoustic model with SELECT

only give better performance than MIX in high SNR. On

average, however, using SELECT data gives lower
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recognition rate than using MIX. In the following, our
system will function with S-MSSC using semi-supervised
adaptation with MIX speakers in the Train-S set.

C. Comparison with conventional methods

In this subsection, several robust speech recognition
techniques including our proposed model are experimentally
compared.

BTest-1 OTest-2

o

Bassiines

MULT+

Fig. 5. Comparison of Baseline+, MULTI+, MSSC+, S-MLLR
and §-MSSC evaluated by Test-1 and Test-2.

The first system, called “Baseline+”, used the baseline
system with online MLLR adaptation. The second system,
called “MULTI+”, was a multi-conditioned acoustic model
with online MLLR adaptation. The third system, called
“MSSC+", used the tree-structured speaker-dependent model
selection with online MLLR adaptation. The fourth system,
called “S-MLLR", applied simulated-data adaptation to the
MULTT acoustic model. The fifth system “S-MSSC” adapts
the MSSC-based selected model with simulated-data. The last
system is the best configuration of our propose model

Figure 5 shows comparative results of five systems.
According to results, it is obvious that our proposed method,
S-MSSC, significantly outperform other conventional
methods.

V. CONCLUSIONS

This paper proposed a robust speech recognition system
that can deal with speaker and noise variations
simultaneously. Unknown speakers and noise were handled
by the tree-structured speaker-dependent model selection and
online  adaptation  using  simulated-data.  Several
configurations of the proposed system were investigated.
Experiments showed that our proposed model achieved over
26% and 64% improvement of recognition accuracy on Test-
1 (additive-noise speech) and Test-2 (real noisy speech),
comparing to the conventional approach of online MLLR
adaptation (Baseline+).

Future works include an evaluation of the proposed model
by a larger set of speech from various environments. Further
improvement of noise extraction and noise addition in
simulated-data adaptation will be investigated. Moreover, the
current tree structure is principally designed to handle the
speaker variation. In the future work, we aim at constructing a
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tree-structured model with fully support speaker as well as
noise variation.
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ABSTRACT

This paper proposes an efficient method of simulated-data adaptation for robust speech
recognition. The method is applied to tree-structured piecewise linear transformation (PLT).
The original PLT selects an acoustic model using tree-structured HMMs and the acoustic
model is adapted by input speech in an unsupervised scheme. This adaptation can degrade the
acoustic model if the input speech is incorrectly transcribed during the adaptation process.
Moreover, adaptation may not be effective if only the input speech is used. Our proposed
method increases the size of adaptation data by adding noise portions from the input speech
to a set of pre-recorded clean speech, of which correct transcriptions are known. We
investigate various configurations of the proposed method. Evaluations are performed with
both additive and real noisy speech. The experimental results show that the proposed
system reaches higher recognition rate than MLLR, HMM-based model selection and PLT

Keywords:  Robust speech recognition, piecewise linear transformation, simulated-data
adaptation.

1. INTRODUCTION

It is commonly known that a speech recognition system trained by speech in a clean or nearly
clean environment cannot achieve good performance when working in noisy environment.
Research on robust speech recognition is then necessary. Gales' has classified the techniques
of robust speech recognition into 4 approaches: 1) extraction of robust speech feature, 2)
estimation of clean speech, 3) construction of robust model, and 4) combination of three
previous techniques. Each of these approaches has both advantages and disadvantages. This
paper focuses on the model-based approach, which has achieved good recognition results'.
The model-based approach aims to create or to adapt the acoustic model in specific
environments. Several techniques of model adaptation have been proposed such as maximum
likelihood linear regression gMLLR)z"”, maximum a posteriori (MAP) adaptation™”, parallel
model combination (PMC) "%, and piecewise linear transformation (PLT) *'°,

In this work, we are interested in the adaptation technique of piecewise linear transformation
with tree-structured model selection'®", proposed by Zhang, Sugimura and Furui'®. This
technique is based on an unsupervised acoustic model adaptation using the incoming speech.
It was proven to be efficient in both accuracy and computational cost compared to the PMC
technique’. However, a problem of the PLT is that the acoustic model may not be well

adapted if the incoming speech is very short as found in most of isolated-word recognition
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tasks. Moreover, in the unsupervised adaptation, a wrong transcription of the input speech
strongly degrades the adapted acoustic model.

Therefore, this paper presents a new adaptation scheme using simulated-data adaptation
applied to piecewise linear transformation (PLT). Indeed, the simulated-data adaptation
process aims to increase the data used in adaptation by adding the background noise extracted
from the current input signal to existing clean speech. Since correct transcriptions of the clean
speech are known, using the simulated-data is supervised adaptation. In this paper, both
supervised adaptation and semi-supervised adaptation where the input speech is included in
the adaptation set are investigated. Selection of a recognition result from the results provided
by both the adapted and original acoustic models allows further improvement of the
recognition accuracy. It should be noted that this idea of simulated-data adaptation is not
limited to PLT adaptation. It can be used in other adaptation algorithms such as the general
MLLR process. A comparison between normal MLLR and MLLR using simulated-data
adaptation is also investigated.

The proposed system was evaluated with 3 groups of environments. The first group contained
a clean environment and 9 types of noisy environments that have been trained in the system.
The second group contained other 2 types of noises not trained in the system. Noisy speech
was prepared by adding noise signals from JEIDA'? | NOISEX-92"® and an exhibition in
Thailand (NAC 2005) to the clean speech taken from NECTEC-ATR Thai speech corpus'* at
various SNR (0, 10, 15 dB). The third group contained speech signal recorded in real
environment of another exhibition in Thailand (ICT-EXPO 2005). The estimated SNR for
this last group was 0-5 dB.

We will review the PLT algorithm in the next section, followed by an explanation of our
proposed models in Section 3. Section 4 describes the data used in these works and
experimental results are reported in Section 5. Section 6 concludes this paper with some
future works

2. Piecewise Linear Transformation (PLT)

The PLT method'® is composed of 2 main steps namely the tree-structure HMM construction
and the MLLR adaptation for the current input signal. Figure 1 shows a flow diagram of the
PLT method. In the first step, a wide variety of noise data were collected and classified into
noise clusters using hierarchical clustering. The root node includes all noises and all SNR
conditions and each leaf node consists of only one noise at one SNR condition. Intermediate
nodes in this tree contain noises from different environments and from different SNR which
are similar. A noise-added speech HMM is constructed for each node. Using this tree
structure, an unknown noise environment which is similar to combination of known
environments should be handled by non-leaf HMM. The resulting tree-structured HMM
allows representing both known and some unknown noises. In the recognition phase, the
noise-cluster HMM that best fitted the input speech was selected and further adapted to
reduce mismatches with the input speech by the MLLR method. In both processes, HMM
selection and adaptation using linear transformation are based on the likelihood maximization
criterion.
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(o)

Noise-added speech for each noise and SNR condition

Y

HMM construction for each noise-added speech

y

Likelihood calculation for each pair
of noise-added speech

L]

Noise-added speech clustering

L]

Noise-add speech for each cluster

Noisy-speech HMM and Noise-cluster HMM
construction for each cluster

Noise-cluster Noisy-speech
HMM HMM
Cluster Info

Noise classification ——————® Model selection

Input MLLR Adapted
speech Adaptation HMM

Figure 1: Piecewise linear transformation for HMM noise adaptation.

Training
Process

Recognition
Process

3. Piecewise Linear Transformation with Simulated-Data Adaptation

The piecewise linear transformation with simulated-data adaptation, called S-PLT hereafter,
is similar to PLT in Figure 1 except that the recognition process is replaced by the procedure
shown in Figure 2. The idea of the proposed method is to increase the number of adaptation
data using a set of pre-recorded clean speech, of which exact transcriptions are known. A set
of adaptation data is simulated by adding noise portions extracted from the input speech to a
set of clean speech. Using the existing speech with known transcriptions can be called
supervised adaptation. The next subsection explains in details the whole process.

There are variations of the proposed method. The first issue is whether the input speech is
included in the adaptation set. An input speech with poor quality may degrade the efficiency
of adapted acoustic model. Therefore, we evaluate both systems excluding (supervised
adaptation) and including the input speech (semi-supervised adaptation). This issue is
explained in Section 3.2. Furthermore, due to the variation of speech quality and noisy
environment, unsupervised adaptation does not always improve the model quality. In some
cases, the original acoustic model is even better than the adapted model. Thus, we also
consider the selection between the result provided by the adapted model and that of the
unadapted model. Section 3.3 describes this selection procedure.
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It should be noted that the MLLR is used in all adaptation process, not only during the
clustering but also in the recognition process. This allows sharing parameters among all
distributions in the system, hence reducing the size of the overall system. Consequently, this
also reduces the required size of data to be used in the adaptation process.

Noise-cluster
HMM

- Cluster Inf

Noise classification Model selection
g i
L u
‘s g Input MLLR Adapted
% £ speech Adaptation HMM
73
o2

Speech/silence
segmentation data
: Add
No:lse Backgromd E‘:lem? Spﬁech
portion i 4 *Train-S” set

Figure 2: Recognition process in piecewise linear transformation with simulated-data
adaptation for HMM noise adaptation.

3.1  Simulated-data adaptation
3.1.1 Speech/silence segmentation

Simulated-data adaptation begins with identifying silence parts in the input signal. The
silence parts are supposed to be background noise of the current input signal. For our task of
isolated-word recognition, we assume that there are short periods of silence at the beginning
and the end of the input signal. A hidden Markov model (HMM) is used to segment the input
signal into speech and silence portions. Two HMM architectures used for noise extraction.
The first algorithm utilizes phone-based HMMs, where 64 HMMs of Thai phonemes
including a special phoneme of silence “sil”, as shown in Table 1, form an isolated-word
recognizer. Figure 3(a) illustrates this HMM structure. The second noise extraction algorithm
is based on speech/non-speech detection. Two states HMM, symbolized with speech and
silence, are included in the module as shown in Figure 3(b). In both algorithms, noise
portions are the signal regions labeled with silence “sil”.

“ GD

(a) phone-base HMM (b) speech/non-speech

Figure 3: Two HMM architectures used for noise extraction.
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Table 1: 64 Thai phonemes.

Type IPA symbol
Initial | p, t,c,k, 2,p"t% ¢k h bdmn,n, 1,1, f,s,h w j,pr, pl, p'r,
consonant phl’ tr, t'r, kr, k1, kw, K"r, k"1, k'w, fr

Vowel L 10,%, %, 0,0:,802,5,321,0,0;, B.81,8,8%, 0% itadira uia

Final |p’,t’,k’,m’,n’,p’,s’,w’,j’
consonant
Silence | gil

In both algorithms, HMMs are composed of 16 Gaussian mixtures per state and were trained
by the Baum—Welch algorithm. It is noted that the former algorithm gives better noise-region
labeling performance with a drawback of computational demand comparing to the latter
algorithm.

3.1.2 Adding background noise

Given noise portions extracted from the input signal, several issues need to be considered in
adding background noise to the pre-recorded clean speech. First we concatenate noise
portions extracted from the input signal. There are two noise-only regions in the input signal,
at the beginning and at the end of the signal as shown in Figure 4. These noise portions are
duplicated and concatenated so that the duration of noise signal is equal to the duration of
clean-speech being added. It is noted that simply concatenating noise portions causes an
unusual spectral change. However, in this paper, we discard spectral smoothing in order to
save processing time.

Input speech (7s) Clean speech (Tn

; Duration scaling

Energy scaling

o

Background noise (BN) Simulated noisy speech (7’sn)

Figure 4: Adding background noise.

Second, simulated speech for adaptation should have a similar SNR to the input speech.
However, estimation of SNR is not trivial and remains unsolved. In this work, we propose a
simple way of signal-energy scaling. Let “Train-S” be a set of pre-recorded clean speech, of
which correct transcriptions are known. We denote by Tn and Ts the current input signal and
a clean speech in the Train-S set. Tn_s; (i=1,.....Ln) and Ts_s; (i=1,....,Ls) is the speech
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portion of Tn and Ts and Tn_sil and Ts sil is the silence portion of Tn and Ts. First, a
scale_factor is calculated as follows:

Ls
>Irs_s

EngC=#2— 1
ngC = = (1)
Ln
Sin_s|
EngS= -+ 2
ng T @)
scale_factor = e 3)
EngS

where EngC and EngS is the energy of Ts_s and Tn_s respectively. Next, the background
noise, BN, is multiplied by the scale_factor and added to Th, resulting a simulated noisy-
speech Tsn.

Tsn= BN * scale_factor + Tn 4)
This signal T'sn is included in the adaptation set.

3.2 Supervised and semi-supervised adaptation

In the model adaptation process, the MLLR algorithm is applied to the selected HMM with
data obtained from the input speech and/or the simulated-data. In order to use the input
speech for adaptation, we need its phoneme label. However, the true label of the current input
speech in unknown. Therefore, we relied on the label transcribed in the first pass by a
selected HMM. The use of input speech with a label automatically transcribed is called an
unsupervised adaptation process. In contrast to the use of simulated-data, the noise portion
extracted in the process of speech/silence segmentation is added to pre-recorded clean-speech
signals Ts, whose phoneme labels are known. Hence, adaptation using simulated-data is
supervised. An adaptation process that uses both the input speech and a set of simulated-data
is denoted as semi-supervised adaptation.

3.3  Recognition result selection

Theoretically, an adapted acoustic model should enhance the recognition accuracy. However,
this assertion does not always hold in practice, due to many factors such as the recording
condition and the speaking style. In the case where the quality of adaptation data is low, the
recognition result given by the un-adapted HMM is useful.

In this work, we investigate 2 recognition schemes: one-step and two-step methods. The
former method always relies on the result provided by the adapted model. The latter method
chooses the final result from either the result of the un-adapted HMM or that of the adapted
HMM. Indeed, the result whose likelihood, compared to the corresponding model, is higher is
selected as final result. Figure 5 shows these 2 selection methods used in this work.
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Table 2: Four configurations of the proposed S-PLT system which will be investigated in this
paper.

Method Description
Method1-1 One-Step method with supervised MLLR
Method1-2 One-Step method with semi-supervised MLLR
Method2-1 Two-Step method with supervised MLLR
Method2-2 Two-Step method with semi-supervised MLLR

Table 2 summarizes the different settings of the proposed S-PLT system investigated in this
work. Certainly, other parameters like the number of words in Train-S or the number of
clusters in MLLR adaptation also has influence on the accuracy of the system. These
parameters will also be investigated experimentally in Section 5.

Methodl Method2

Noise-cluster
MM

Noise-cluster
HMM

Noisy-speech

Noisy-speech
HMM

HMM

Simulated-data

Adapted
HMM
Select
word

Figure 5: The two selection methods used in the S-PLT.

Simulated-data

Adapted
HMM

3.4  Using simulated-data adaptation in the normal MLLR process

It is noted that the idea of simulated-data adaptation is to increase the number of adaptation
data by adding the noise portion extracted from an incoming input speech to a set of pre-
recorded clean speech. Therefore, it can be used in any adaptation algorithm such as the
general MLLR process, where an original acoustic model is adapted with an incoming input
speech. MLLR with simulated-data adaptation is named shortly as S-MLLR. S-MLLR can be
performed in 4 variations, S-MLLR1-1, S-MLLR1-2, S-MLLR2-1, and S-MLLR2-2, similar
to S-PLT described in the previous section.

4. Experimental Setting
4.1 Task

This work concerns the isolated-word recognition. Our system is a phoneme-based with
HMMs representing 64 Thai phones. These allow cover up all phones from the NECTEC-
ATR corpus'* which is used throughout this work. Each monophone HMM consisted of 5
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states and 16 Gaussian mixtures per state. 39 dimensional vectors (12 MFCC, 1 log-energy,
and their first and second derivatives) were used as recognition features.

The baseline acoustic model was clean monophone HMM. It was trained by using
phonetically-balanced read by 16 male and 16 female speakers. The total number of training
utterances was 32,000.

In all experiments, the clean speech files were taken from the NECTEC-ATR.

4.2  Noise data for training

Eight kinds of noise from JEIDA (Japan Electronic Industry Development Association)'?,
including crowded street, machinery factory, railway station, large air-condition, trunk road,
elevator, exhibition in a booth, and ordinary train, 1 large-size car noise from NOISEX-92"
were used for noise clustering. All noises from JEIDA and NOISEX-92 as well as the clean
speech from NECTEC-ATR were preprocessed by reducing the sampling rate to 8 kHz.
Noisy speech was prepared by adding the noise from JEIDA or NOISEX-92 to the clean
speech of NECTEC-ATR at various SNR (0, 10 and 15 dB). A noise HMM with 16 mixtures
was trained for each noise by the Baum—Welch algorithm.

4.3  Noise data for testing

Two test sets, Test-1 and Test-2, were used to evaluate the proposed method.

“Test-1" contained 3200 words uttered by 5 male speakers. Two noises, “computer room”
(Noisel) from JEIDA and “exhibition” (Noise2) recorded over four days in March of 2005 at
exhibition of NSTDA Annual Conference S&T in Thailand 2005, were digitally added to the
utterances at three SNR levels: 0, 10 and 15 dB. These are new noises which differ from the
9 noise samples used to train the system.

“Test-2” contained 76 words utterances from 50 speakers collected over four days in August
of 2005 in the actual environment of “exhibition” at ICTEXPO 2005 in Thailand. The noise
power was estimated using the noise periods immediately before and after each sentence
utterance. The power of noise-added speech was estimated as the mean value averaged over
the utterance period. Based on these values, the estimated SNR was 5-0 dB. This task was
difficult, since the noise was non-stationary.

4.4  Data for supervised adaptation

In order to constitute the Train-S set for model adaptation, several criteria are used to select
speakers and lexical words from the NECTEC-ATR corpus. Speakers used in Train-S are
selected from speakers in the training set, not from any test set.

For speaker selection, we limited to male speakers with clear speech. For this criterion, four
speakers “M17”, “M2”, “M3”, and “M4” were selected. These speakers were also used to test
the effect of the number of speakers on the adaptation process. For this test we denote by
“MIX” the set of data containing all of these 4 speakers.

Next, we choose the set of words to be used in Train-S. Two criteria were considered. First,
these words should be correctly recognized by clean model and second these words should
cover all 64 phones present in the system. According to these criteria, 22 words were selected
for model adaptation.
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Moreover, in order to investigate the effect of phones in Train-S on the adaptation procedure,
we 2 additional subsets were constructed from these 22 words. The first subset contained 8
words which cover 41 phones and the second subset contained 16 words with 56 phones.

- Experimental Results
5.1  Comparison of four methods of simulated-data adaptation

The first experiment aims at comparing four methods using simulated-data adaptation as
described in Table 2. The four methods can be applied to both S-MLLR and S-PLT models.
In this experiment, the set of pre-recorded clean speech Train-S contained speeches from one
speaker (M1) and covers 22 distinct words. The number of clusters used in the MLLR
process was set to 1.
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Figure 6: Comparison of S-MLLR and S-PLT on Test-1 data
(Noise 1 noise-added speech, SNR: 15 dB, 10 dB and 0 dB)
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Figure7: Comparison of S-MLLR and S-PLT on Test-1 data
(Noise 2 noise-added speech, SNR: 15 dB, 10 dB and 0 dB).

Figure 6 and 7show word error rate (WER) results of Test-1 for 2 types of noises, Noisel and
Noise2. The results consistently present the better performance of S-PLT over the simple S-
MLLR. For S-PLT, the best configuration is the “Method2-1”, where the adaptation set
excludes the input speech and the recognition result is selected between results of the original
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and adapted acoustic models. The most important reason that the adaptation set should
exclude the input speech is that when the quality of input speech is poor, the original acoustic
model will produce wrong transcription of the input speech. Using the wrong transcription in
the adaptation process yields a distorted acoustic model. Though the input speech has a low
quality, the noise-only portion in the speech signal is a good source for simulating adaptation
data from pre-recorded clean speeches in which we know their correct transcriptions.

5.2 Experiments on the number of MLLR clusters and the size of adaptation data

In this subsection, the number of MLLR clusters and the size of adaptation data were
optimized for the S-PLT model. Train-S was the same as that used in the previous subsection,
but the number of MLLR clusters varied between 1, 8, and 16, while the number of words
covered was set to 8, 16, and 22, spanning over 41, 56, and 64 phonemes respectively.
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Figure 8: Recognition results using S-PLT by “Method2-1"" on Test-1 data.
(Noise I noise-added speech, SNR: 15 dB, 10 dB and 0 dB).
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Figure 9: Recognition results using S-PLT by “Method2-1" on Test-1 data
(Noise 2 noise-added speech, SNR: 15 dB, 10 dB and 0 dB).

Figure 8 and 9 show evaluation results of Test-1 for the noises Noisel and Noise2. Both
figures obviously show that one MLLR cluster achieves the best performance in every case of
the size of Train-S and the type of noises. The more the number of words covered in Train-S
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is used, the lower WER is achieved. However, we limit the largest number of words in Train-
S to 22, which covers all phonemes appearing in the evaluation task. A larger set of Train-S
may produce a higher accuracy, but increases computational time.

5.3  Experiments on different speakers used in simulated-data adaptation

In the case that speeches from only one speaker are included in the simulated adaptation data,
increasing the size of adaptation data tends to produce a speaker-dependent acoustic model.
Using the speaker-specific acoustic model may reduce the system accuracy when evaluating
with speeches from various speakers. Therefore, in this subsection, five experiments on S-
PLT were performed to explore this phenomenon. Each of the first four experiments uses
speeches of only one speaker (M1 to M4). Randomly mixed speeches from MI to M4
speakers were used in the last experiment, denoted as MIX. The number of MLLR cluster
was set to 1.
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Figure 10: Recognition results using S-PLT by “Method2-1" on Test-1 data (Noise 1 noise-
added speech, SNR: 15 dB, 10 dB and 0 dB).
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Figure 11: Recognition results using S-PLT by “Method2-1" on Test-1 data (Noise 2 noise-
added speech, SNR: 15 dB, 10 dB and 0 dB).

Figure 10 and 11 plot results of Test-1 for Noisel and Noise2 respectively. According to
results, WER is reduced as the size of adaptation data increases. We conclude that the
phenomenon of speaker-mismatching is not significant even when the largest set of
adaptation data is conducted. The MIX case, where the adaptation set contains speeches from
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various speakers is obviously better than the use of one specific speaker model. This indicates

the original acoustic model should be adapted with its speaker independent property
maintained.

5.4  Comparison with conventional methods

In this subsection, our methods of using simulated-data adaptation, S-MLLR and S-PLT, at
their best configurations were compared to several conventional methods including the
baseline system (without any adaptation process), MLLR, model selection, and PLT. “Train-
S” consisted of speeches covering 22 words from mixed speakers and the number of MLLR
cluster was 1. Evaluation results on “Test-1” with the noises “Noise-1" and “Noise-2" are

expressed in Figure 12 and 13 respectively. Results obviously show high improvement of
both the S-MLLR and S-PLT over the other methods.

I Obaseline BMLLR Mmodel selection BPLT BS-MLLR © S—PLTI

70 5"

Figure 12: Comparison of baseline, MLLR, model selection and PLT using tree-structured
clusters, S-MLLR and S-PLT by “Method2-1" on Test-1 data
(Noise 1 noise-added speech, Train-S: Mix, SNR: 15, 10 and 0 dB).
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Figure 13: Comparison of baseline, MLLR, model selection and PLT using tree-structured
clusters, S-MLLR and S-PLT by “Method2-1" on Test-1 data
(Noise 2 noise-added speech, Train-S: Mix, SNR: 15, 10 and 0 dB).
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5.5  Experiments on real noisy speech (Test-2)

The last experiment consisted in testing our proposed methods on the “Test-2” set. All
parameters were the same as those set in the previous subsection. Results, shown in Figure
14, indicate the advantage of our methods on the real noisy speech. The best performance is
by S-PLT, which achieves relatively 21.4% WER reduction from the normal PLT method.
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Figure 14: Comparison of baseline, MLLR, model selection using tree-structured clusters,

PLT using tree-structured clusters, S-MLLR by “Method2-1" and S-PLT by “Method2-1" on
Test-2 data. (Train-S: Mix).

6 Conclusion and Future Works

This paper proposed a new idea of using simulated-data adaptation in piecewise linear
transformation (PLT). The idea is to increase the number of adaptation data used in PLT by
adding a noise portion from an input speech to a set of clean speech. The experiment showed
that the best performance was achieved when the set of clean speech contained as many
distinctive phonemes and speaker as possible. The use of Method2-1, where a recognition
results was selected from two results produced by the general acoustic model and the adapted
acoustic model achieved better performance than using only the adapted acoustic model. The

experiment also proved the advantage of using simulated-data adaptation even in the simple
MLLR (S-MLLR).

Future works include an evaluation of the idea by a larger set of speech from real
environments and in various situations. Further improvement of noise addition in the
simulated-data adaptation will also be investigated. Another interesting issue is that the
selection of clean speech from different speakers might affect the recognition result.
Selecting a set of speakers that best match the input speech might give the better
performance. This issue will be explored.

ACKNOWLEDGMENTS
A special thank is given to Dr. Zhipeng Zhang for his valuable advice.

REFERENCES

1. Gales M.JF. (1995), Model-based techniques for noise robust speech recognition, PhD
thesis University of Cambridge.



10.

11.

12.
13.
14.

114

Leggetter C.J. and Woodland P.C. (1995), Maximum likelihood linear regression for
speaker adaptation of continuous density HMMs, Computer Speech Language, vol.9,
171-186.

Gales M.J.F. and Woodland P.C. (1996), Mean and variance adaptation within the
MLLR framework, Computer Speech Language, vol.10, 249-264.

Gauvain J.L., and Lee C.H. (1994), Maximuma posteriori estimation for multivariate
Gaussian mixture observations of Markov chains, IEEE Trans. Speech Audio
Processing, vol.2, 291-298.

Chesta C., Siohan O., and Lee C.-H. (1999), Maximum a posteriori linear regression for
hidden Markov model adaptation, Proc. EuroSpeech, pp.211-214.

Gales M. J. F. and Young S. (1992), An improved approach to the hidden Markov
model decomposition of speech and noise, Proc. ICASSP, pp. 233-236.

Martin F., Shikano K. and Minami Y. (1993), Recognition of noisy speech by
composition of hidden Markov models, Proc. Eurospeech, pp. 1031-1034.

Minami Y. and Furui S. (1995), A maximum likelihood procedure for a universal
adaptation method based on HMM composition, Proc. ICASSP, pp.129-132.

Zhang Z.P. and Furui S. (2004), Piecewise-linear transformation-based HMM
adaptation for noisy speech, Speech Communication, vol.42, no.1, pp.43-58.

Zhang Z.P. and Furui S. (2005), Tree-Structured Clustering Methods for Piecewise
Linear transformation-Based Noise Adaptation, IEICE TRANS. INF. & SYST,
vol.E88-D, no.9, pp.2168-2176.

Kosaka T., Matsunaga S., and Sagayama S. (1996), Speaker-independent speech
recognition based on tree-structured speaker clustering, Computer Speech Language,
vol.10, pp.55-74.

http://www.milab.is.tsukuba.ac.jp/corpus/noise db.html
http://www.speech.cs.cmu.edu/comp.speech/ Section1/ Data/noisex.html

Kasuriya S., Sornlertlamvanich V., Cotsomrong P., Jitsuhiro T., Kikui G. and Sagisaka
Y. (2003), NECTEC-ATR Thai speech corpus, Proc. of Oriental COCOSDA2003, pp
105-111.






116

KPCA-Based Noise classification Module for Robust
Speech Recognition system

Nattanun 'l"lmtphithakkull , Boontee Kruatrachuel, Chai Wutiwiwatchaiz, Sanparith
Marukatat® and Vataya Boonpiam®

'King Mongkut's Institude of Technology Ladkrabang, Bangkok, 10520, Thailand
S6060008@kmitl.ac.th and kkboontee@kmitl.ac.th,
*National Electronics and Computer Technology Center, Bangkok, 12120, Thailand
chai@nectec.or.th, sanparith.marukatat@nectec.or.th and vataya.boonpiam@nectec.or.th

ABSTRACT

This paper proposes an environmental noise
classification using kernel principal component analysis
(KPCA) for robust speech recognition. Once the type of
noise is identified, speech recognition performance can be
enhanced by selecting the identified noise specific
acoustic model. The proposed model applies KPCA to a
set of noise features such as normalized logarithmic
spectrums (NLS), and results from KPCA are used by a
Support Vector Machines (SVM) classifier for noise
classification. The proposed model is evaluated with 2
groups of environments. The first group contains a clean
environment and 9 types of noisy environments that have
been trained in the system. Another group contains other
6 types of noises not trained in the system. Noisy speech
is prepared by adding noise signals from JEIDA and
NOISEX-92 to the clean speech taken from NECTEC-
ATR Thai speech corpus. The proposed model shows a
promising result when evaluating on the task of phoneme-
based 640 Thai isolated-word recognition.

Keywords: Speech recognition, Kemel PCA, SVM

1. INTRODUCTION

It is commonly known that a speech recognition
system ftrained by speech in a clean or nearly clean
environment cannot achieve good performance when
working in noisy environment. Research on robust speech
recognition is then necessary. This paper focuses on the
construction of robust model approach which has
achieved good recognition results [4]. Generally, this
model-based approach aims to create an environment-
specific acoustic model or to adapt the existing model to
the specific environment. Several techniques of model
adaptation have been proposed e.g. linear regression
adaptation and parallel model combination. However, an
acoustic model trained directly for specific noise is
certainly superior to the adapted model, although multiple
acoustic models are needed for various kinds of noise and
an accurate automatic noise classification is required.

Many noise classification techniques have been
studied previously. Classical technique is based on hidden
Markov models (HMM) and Mel-frequency cepstral
coefficients (MFCC) [5], which have been proven to give

better results than human listeners [5]. Another successful
technique is a neural network based system with
combined features of line spectral frequencies (LSF), a
zero-crossing rate  and energy [8]. However,
implementing LSF in a real-time system is problematic.
Therefore, we aim to explore a simpler feature extraction
method for noise classification.

In recent years, many kernel-based classification
techniques, e.g. Support Vector Machine, Kernel PCA
(KPCA) [9], Kernel FDA [10], have been proposed.
These techniques have been successfully applied, not
only for classification, but also for regression and feature
extraction e.g. in speech recognition system [9].

This paper proposes another application of KPCA,
which is noise classification. In this work, KPCA is
applied to extract speech features, which are used by a
pattern classifier for noise classification. An advantage of
KPCA is that useful noise information can be extracted
from the original feature. The computational requirement
of KPCA applied to normalized logarithmic spectrums
(NLS) implemented in this paper is similar to that of the
MFCC or other effective features such as LSF, but with
higher classification accuracy.

Our noise classification model is evaluated on 2
groups of environments. The first group contains 10
classes of environments that have been trained in the
system. The second group is another set of 6
environments not trained in the system. Evaluating by the
later group shows the speech recognition performance in
unknown-noise environments. All noises are taken from
Japan JEIDA [12] and NOISEX-92 [2]. Our Thai 640
isolated-word recognition with noise-specific acoustic
models is used in the evaluation. It is noted that although
the task is isolated-word recognition, phonemes are used
as basic recognition units. This facilitates new word
addition.

The rest of paper is organized as follows: the next
section describes an overall structure of our robust speech
recognition system. In Sect. 3, the KPCA algorithm is
described. Sect. 4 describes our experiments, results and
discussion. The last section concludes the paper and
notices our future works.
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2. ROBUST SPEECH RECOGNITON USING
NOISE CLASSIFICATION

As described in the previous section, our robust
speech recognition system uses the model-based
technique, in which acoustic models are trained by speech
in specific environment. An overall structure is illustrated
inFig. 1, Given a speech signal, a set of features for noise
classification is extracted from a short period of silence at
the beginning of signal. It is noted that this short period is
assumed to be a silence where the speaker has not yet
uttered. This assumption holds for our push-to-talk
interface. To apply our system with other user interfaces,
we need an additional module of speech/non-speech
classification or other strategies to capture a non-speech
portion from the input signal. Features extracted from the
silence portion are then used to identify the type of
environment. Once knowing the environment type, the
recognizer selects a corresponding acoustic model for
recognizing the rest of signal.
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Fig. 1. Overall structure of robust speech recognition.

In this paper, speech features evaluated for noise
classification include NLS, LSF, and MFCC. PCA and
KPCA are applied to these basic features in order to
extract meaningful features and enhance noise
classification performance. For the noise classification
algorithm, a fast and efficient technique is needed. In our
experiment, a well-known SVM algorithm is evaluated.
Speech recognition utilizes a state-of-the-art algorithm of
HMM with MFCC as speech features.

3. KERNEL PRINCIPAL COMPONENT ANALYSIS

The idea of KPCA [9] is to extend the classical PCA
for non-linear projection using the kernel trick. The
classical PCA is based on eigenvectors of the covariance
matrix of the data X = [x,;...; x,,). This covariance matrix
is defined by XX'. The eigenvectors of XX’ form the
principal subspace on which the data will be projected.
To extend this approach using the kernel trick, we first
notice that if v is an eigenvector of X".X then v'=Xv is an
eigenvector of XX”. The kemel trick is then applied by
replacing the dot product in XX by a kernel function. It
should be noted that the eigenvector v’ produced by this
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procedure is not properly normalized and an additional
normalization step is needed. The overall KPCA
algorithm is as follow:

Compute the kemnel matrix K. In this work we use a

RBF kernel: K‘J = exp(—llxi o leIz lg)

Compute the eigen-couples of K. Let (4, v), k=1,
..., M be these eigen-couples.

Normalize the " principal axis: vy = vy 42 (1,>
0)

The projection of a vector v e R" onto the A®
principal axis is done by computing sz, viik(x;,5) .

For simplification, we will call the feature vector
projected on the principal subspace, the “weight vector”
hereafter. While a basic speech feature such as NLS is
effective, an optimal order of the NLS is considerably
large. With limited training set, computing the eigen
decomposition from a dot matrix, or kernel matrix, can be
done more accurately [11].

4. EXPERIMENTS

4.1 Data preparation

Noises used in our experiments are from the JEIDA
and NOISEX-92. They are clustered to 2 groups. The first
group contains 8 kinds of noise from JEIDA, including
crowded street, machinery factory, railway station, large
air-condition, trunk road, elevator, exhibition in a booth,
and ordinary train, 1 large-size car noise from NOISEX-
92, and an additional clean environment. The second
group contains other 6 kinds of noise from JEIDA,
including exhibition in a passage, road crossing, medium-
size car, computer room, telephone booth, and press
factory. The former group of environments is reserved for
training the noise classification and speech recognition
models, and for testing the system for “known™ noises
(noises recognizable by the system). The later group is
used for evaluating the system for “unknown” noises
(noises not trained in the system).

Noisy speech was prepared by adding the noise from
JEIDA or NOISEX-92 to the clean speech of NECTEC-
ATR at various SNRs (0, 5, 10 and I5 dB). The
preprocessed data were then clustered into several sets for
noise classification and speech recognition experiments
as summarized in Table 1.

4.1.1. Data set for noise classification

Three sets were prepared: a PCA and KPCA training
set, a classifier training set and classifier test sets. The
first set was used for computing PCA and KPCA weight
vectors. The second set was used for training the noise
classifier and the rest were used for evaluating the
classifier.

A small frame of 1,024 samples at the beginning of
the speech signal, which was expected to be silence, was
used for PCA, KPCA and noise classification. As
described in the Sect. 3, our speech recognizer is
designed for a push-to-talk interface. With this interface,
we can control the recorder to start record a silence signal
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before the beginning of speech. NLS and LSF used for
noise classification were computed from this silence
frame.

4.1.2 Data set for speech recognition

The speech recognition task in our experiment was
phoneme-based 640 isolated-word recognition. 32000
speech utterances from 32 speakers were allocated for a
training set. Another set of 6400 utterances from other 10
speakers are used for testing in both known and
unknown-noise modes,

An acoustic model contained HMMs representing 35
Thai phones. Each monophone HMM consisted of 5
states and 8 Gaussian mixtures per state. 39 dimensional
vectors (12 MFCC, 1 log-energy, and their first and
second derivatives) were used as recognition features.

Table 1. Number of utterances in experimental data sets.

NO. OF
o ol EXAMPLES

PCA/KPCA training 3,900

Noise : — 34,000

clagsification Classifier training

Known-noise test 256,000

Recognizer training 32,0000

ik Known-noise test 6,400°
recognition _
Unknown-noise test 6,400

*Number of sample per noise per SNR

4.2 Noise classification results

Our proposed classification model using KPCA and
SVM described in the Sect. III was compared to the
classical technique using 2 HMM classifier [5, 6], which
served as a baseline system in our experiment. The noise-
classification data sets are used in this section. The
followings are details of noise classification experiments.

4.2.1 Classification using a HMM system

For the HMM based noise classification system, the
HTK tools are used with the same set of 39 MFCC
features as in recognition. This baseline system will be
referred to as “HMM_MFCC”. Evaluated by the known-
noise test set the lowest error rate is 8.93% with 5-state
HMM and 16 mixtures/state,

4.2.2 Classification using SVM systems

A multi-class SVM classifier based on one-against-
one algorithm is constructed by LIBSVM using RBF
kernel. PCA and KPCA are applied to NLS (511 orders
in total), denoted as “SVM_PCA” and “SVM_KPCA",
The order of 24 was empirically selected for both
SYM_PCA and SVM_KPCA. First we conducted an
evaluation on known-noise environment. Fig, 2 shows the
results obtained from different noise classification models
using various kinds of features including our proposed
KPCA-based feature. In this experiment, we also tested
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the SVM with on LSF with 10 orders as proposed in [7)
and MFCC (12 orders without energy and derivative
features). These 2 systems yield the error rate of 3.63%
and 6.95% respectively. The same error rates were
obtained when applying PCA to these two features.
According to the results, the KPCA outperforms the
other, except the NLS. The NLS, however, requires the
largest order (511) to achieve the underlying result.
Trading off between the accuracy and running time, we
found the use of SVM_KPCA optimal our noise
classification module.

%error rate

MFCC LSF NLS PCA KPCA  MFCC

Fig. 2. Comparative results of known-noise classification
error rates using various kinds of classification system,

4.3 Speech recognition results

In this section, several robust speech recognition
techniques including our proposed model are
experimentally compared. The first system (S1) was a
conventional system without any implementation for
robust speech recognition. The second system (S2) used
zero-mean static coefficients [4], a well-known technique
for noise-robust speech features. The third system (S3)
was our proposed model, where input speech
environment was identified and the corresponding
acoustic model was chosen for recognition. In the $3
system, an acoustic model for each environment was
trained by multi-SNR (5, 10, and 15 dB) data including
each noise. The SVM_KPCA system, which achieved the
best result, was used in the S3 system. The fourth system
(S4) was as similar as the S3 system except that the noise
classifier was replaced by the HMM_MFCC model. The
last system (S5) was an ideal system, where noise is
perfectly classified, i.e. 0% noise classification error. In
the following experiments, the speech recognition data
sets are used.

4.3.1 Speech recognition in known-noise

Evaluated by the known-noise test set, comparative
results are shown in Table 2. It is obvious that our
proposed model (S3) achieved the best recognition results
in every case and the results are almost equal to the ideal
case (S5).

4.3.2 Speech recognition in unknown-noise

Evaluated by the unknown-noise test set,
comparative results are shown in Table 3. Although it is
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not significant, the S4 system outperforms the S3 system.
One possible reason is that the SVM classifier might over
fit to the trained classes and hence underperformed the
HMM classification handling unknown classes.

The results in Table 2 and 3 also underline the
advantage of using noise classification module (S3 and
54) compared to conventional system (S2), even in
unknown noise environments,

Table 2. Comparative results of robust speech
recognifion in known-noise environments.

WORD ACCURACY (%)
51 S2 S3 S4 S5
5507 | 62.11 | 82.16 | 82.02 | 82.19

Table 3. Comparative results of robust speech
recognition in unknown-noise environments.

WORD ACCURACY (%)
S1 S2 S3 S4
49.52 60.88 78.18 78.58

4.4 Hybrid noise classification system

Although the SVM_KPCA classifier outperformed
other classifiers, an intensive analysis showed that its
errors can be recovered by selecting the noise model
proposed by other classifier. Hence, we have also
evaluated a hybrid architecture in which the SVM_KPCA
is used in conjunction with the HMM_MFCC or the
SVM_MFCC. Indeed, in this hybrid system, if both
classifiers agree in noise classification, the corresponding
noise model is used for recognition. Otherwise, we
choose among the acoustic models proposed by both
classifiers, the one which maximizes the acoustic
probabilities. This combined system of SMV_KPCA and
HMM_MFCC gives 82.20% accuracy on known-noise
test set and 78.90% on unknown-noise test set. This
combined system of HMM_MFCC and SVM_MFCC
gives 82.21% on known-noise test set and 78.78% on
unknown-noise test set. The overall running time is
increased but still being faster than the NLS.

5. CONCLUSION AND FUTURE WORKS

This paper proposed a novel technique of robust
speech recognition based on model selection. The
recognizer selected a specific acoustic model from a pool
of acoustic models that were trained by speech data in
each type of noisy environment, A noise classification
module was used to identify the type of environment.
KPCA applied to the NLS was proposed for the noise
classification features, and SVM was used as the noise
classifier Experiments showed that the proposed model
gave a promising result. When combining the model to
the speech recognizer, the proposed system produced
almost equal recognition accuracy to the ideal system,
where the type of noisy environment was given. The
proposed  system  working  with  known-noise
environments achieved 20.05% higher recognition
accuracy over the robust system using zero-mean static
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coefficients, and 0.14% higher accuracy over the baseline
system using the HMM and MFCC for noise
classification. A hybrid system that combined our
proposed model and the baseline model was also
investigated. Experimental results showed a small
improvement over each individual model on both known
and unknown noises.

For future works, a better way to treat unknown-
noises will be intensively explored, Optimization of SVM
training will be performed to avoid over-training if this is
the case. Another interesting topic is to reduce the
number of specific acoustic models by automatic noise
clustering and constructing one acoustic model for each
noise cluster.
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Robust Speech Recognition Using
KPCA-Based Noise Classification

Nattanun Thatphithakkul’, Boontee Kruatrachue!, Chai Wutiwiwatchai?,
Sanparith Marukatat?, and Vataya Boonpiam?, Non-members

ABSTRACT

This paper proposes an environmental noise clas-
sification method using kernel principal component
analysis (KPCA) for robust speech recognition. Once
the type of noise is identified, speech recognition
performance can be enhanced by selecting the iden-
tified noise specific acoustic model. The proposed
model applies KPCA to a set of noise features such
as normalized logarithmic spectrums (NLS), and re-
sults from KPCA are used by a support vector ma-
chines (SVM) classifier for noise classification. The
proposed model is evaluated with 2 groups of envi-
ronments. The first group contains a clean environ-
ment and 9 types of noisy environments that have
been trained in the system. Another group contains
other 6 types of noises not trained in the system.
Noisy speech is prepared by adding noise signals from
JEIDA and NOISEX-92 to the clean speech taken
from NECTEC-ATR Thai speech corpus. The pro-
posed model shows a promising result when evaluat-
ing on the task of phoneme based 640 Thai isolated-
word recognition.

Keywords: Speech recognition, Kernel PCA, SVM

1. INTRODUCTION

It is commonly known that a speech recognition
system trained by speech in a clean or nearly clean
environment cannot achieve good performance when
working in noisy environment. Research on robust
speech recognition is then necessary. This paper fo-
cuses on the construction of robust model approach
which has achieved good recognition results [1]. Gen-
erally, this model-based approach aims to create an
environment-specific acoustic model or to adapt the
existing model to the specific environment. Several
techniques of model adaptation have been proposed
e.g. linear regression adaptation and parallel model
combination [2]. However, an acoustic model trained
directly for specific noise is certainly superior to the
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adapted model, although multiple acoustic models
are needed for various kinds of noise and an accurate
automatic noise classification is required.

Many noise classification techniques have been
studied previously. Classical technique is based on
hidden markov models (HMM), linear prediction co-
efficients (LPC) [3] and mel-frequency cepstral coef-
ficients (MFCC) [4], which have been proven to give
better results than human listeners [4]. Another suc-
cessful technique is a neural network based system
with combined features of line spectral frequencies
(LSF) [5], a zero-crossing (ZC) rate and energy [6].
However, implementing LSF in a real-time system is
problematic. Therefore, we aim to explore a simpler
feature extraction method for noise classification.

In recent years, many kernel-based classification
techniques, e.g. support vector machine (SVM) (7],
kernel principal component analysis (KPCA) [8-12],
kernel discriminate analysis (KDA) [13], kernel fisher
discriminate analysis (FDA) [14], have been pro-
posed. These techniques have been successfully ap-
plied, not only for classification, but also for regres-
sion and feature extraction e.g. in speech recognition
[8] and image recognition system [12].

This paper proposes another application of KPCA,
which is noise classification. In this work, KPCA is
applied to extract speech features, which are used by
a pattern classifier for noise classification. An advan-
tage of KPCA is that useful noise information can
be extracted from the original feature. The compu-
tational requirement of KPCA applied to normalized
logarithmic spectrums (NLS) implemented in this pa-
per is similar to that of the MFCC or other effective
features such as LSF, but with higher classification
accuracy.

Our noise classification model is evalnated on 2
groups of environments. The first group contains 10
classes of environments that have been trained in the
system. The second group is another set of 6 envi-
ronments not trained in the system. Evaluating by
the later group shows the speech recognition perfor-
mance in unknown-noise environments. All noises are
taken from Japan JEIDA [15] and NOISEX-92 [16].
Our Thai 640 isolated-word recognition with noise-
specific acoustic models is used in the evaluation. It
is noted that although the task is isolated-word recog-
nition, phonemes are used as basic recognition units.
This facilitates new word addition.
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The rest of paper is organized as follows: the next
section describes an overall structure of our robust
speech recognition system. In Sect. 3, the KPCA
algorithm is described. Sect. 4 describes our ex-
periments, results and discussion. The last section
concludes the paper and notices our future works.

2. ROBUST SPEECH RECOGNITON US-
ING NOISE CLASSIFICATION

As described in the previous section, our robust
speech recognition system uses the model-based tech-
nique, in which acoustic models are trained by speech
in specific environment. An overall structure is illus-
trated in Fig. 1. Given a speech signal, a set of
features for noise classification is extracted from a
short period of silence at the beginning of signal. It
is noted that this short period is assumed to be a
silence where the speaker has not yet uttered. This
assumption holds for our push-to-talk interface. To
apply our system with other user interfaces, we need
an additional module of speech/non-speech classifica-
tion or other strategies to capture a non-speech por-
tion from the input signal. Features extracted from
the silence portion are then used to identify the type
of environment. Once knowing the environment type,
the recognizer selects a corresponding acoustic model
for recognizing the rest of signal.

Silence
Featlure 1A i '
coustic !
extraction for - i model E
noise A 4 1 i
classification Feature ' i
l extraction for | } !
SP“?lI'l ; Noise | i
Noise recognition | | :
classification : I :
‘ : Noise 2 ]
I Speech ' i
| recognition = i
1
1)
1

1
v il Noise N |

Result
Fig.1: Qverall structure of robust speech recognition.

With this model, there are 3 particular difficulties:

e How to construct a robust acoustic model for
a variation of signal-to-noise ratios (SNR)? In our
system, a particular acoustic model is trained on
noisy speech with various levels of SNR. Clean speech,
whose SNR exceeds 30 dB is also combined in the
training set of each noisy acoustic model.

e How to construct the environment or noise clas-
sification module? Time consuming by the noise clas-
sification module should be as low as possible, so that
the overall system can achieve an acceptable process-
ing time. The construction of such module is the
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main objective of this paper.

e How can the robust speech recognition model
deal with unknown noises, i.e. noises not trained
in the model? Normally, several major noises are
trained in the system and each of other noises is ex-
pected to be classified as one of the major noises.
This paper also reports the effect of our model for
unknown-noise classification.

In this paper, speech features evaluated for noise
classification include NLS, LSF, LPCC and MFCC.
PCA and KPCA are applied to these basic features
in order to extract meaningful features and enhance
noise classification performance. For the noise clas-
sification algorithm, a fast and efficient technique is
needed. In our experiment, a well-known SVM al-
gorithm is evaluated. Speech recognition utilizes a
state-of-the-art algorithm of HMM with MFCC as
speech features.

3. KERNEL PRINCIPAL COMPONENT
ANALYSIS

3.1 Kernel functions

The use of nonlinear kernel functions is a strat-
egy to raise the capability of simple algorithms such
as PCA in dealing with more complicated data. In-
deed, extending these algorithms for a non-linear case
may be done by replacing the involved variables by
their values on a new feature space. Transformation
from the original space to a new space may be done
by some mapping function 7. However, by choosing
an appropriate mapping function, the dot product in
the new feature space can be performed by a nonlin-
ear function in the input space, the so-called kernel
function. Hence, by replacing the dot product involv-
ing in a classical algorithm by some kernel function,
we can extend this algorithm to the non-linear case.
This is usually referred to as the kernel trick [10]. The
commonly used kernels are shown in Table 1.

Table 1: Some useful kernel functions.

Kemel function Equation
Polynomial k(x,.xj)z(x,..xj +l)d
REF k(xi"‘j)=e"l’(’|"i—xji2 /8)
3.2 KPCA

The idea of KPCA [8-9] is to extend the classical
PCA for non-linear projection using the kernel trick.
Given a set of M samples z;, i =1,2,..., Mwith z;ER™.
The classical PCA is done by computing eigenvectors
and eigenvalues of the covariance matrix of these ex-
amples. Let X = [z;; z2; ; zap] be the matrix of
these M examples, the covariance matrix is defined
by C = M~1X XT. The normalized eigenvectors of
C form the principal subspace on which the data will
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be linearly projected. To extend this approach us-
ing the kernel trick, we first notice that if we dispose
an eigen-couple (A, v)of the dot product matrix X7 X
then we can also derive an eigen-couple (,4) of the
covariance matrix C. Indeed, we have A v = XTX
v, so by pre-multiplying both sides of the equation
by M~1X we get (\M~1)(X v) = (M~1X XT)(X v)
= C (X v). This means that A= A M~! and 9= X
v forms an eigen-couple of the covariance matrix C.
The kernel trick is then applied by replacing the dot
product in XTX by a kernel function. It should be
noted that the eigenvector produced by this proce-
dure may not be properly normalized. Therefore an
additional normalization step is needed. The overall
KPCA algorithm is as follow:

e Compute the kernel matrix K with K;; =
k(zi,z;) where k is a kernel function.

» Compute the eigen-couples of K.Let(A\k, vk), k =
1,.., M be these eigen-couples.

e Normalize the k** principal axis by computing
ki = vii Mk /2(Ak > 0)

o The projection of a vector y €R" onto the k"
principal axis is done by computing Efil ki k(ziy).
For simplification, we will call the feature vector pro-
jected on the principal subspace, the “weight vector”
hereafter.

For simplification, we will call the feature vector
projected on the principal subspace, the “weight vec-
tor” hereafter. While a basic speech feature such as
NLS is effective, an optimal order of the NLS is con-
siderably large. With limited training set, computing
the eigen decomposition from a dot matrix, or kernel
matrix, can be done more accurately [11].

4. EXPERIMENTS
4.1 Data preparation

Noises used in our experiments are from the JEIDA
and NOISEX-92. They are clustered to 2 groups.
The first group contains 8 kinds of noise from JEIDA,
including crowded street, machinery factory, railway
station, large air-condition, trunk road, elevator, ex-
hibition in a booth, and ordinary train, 1 large-size
car noise from NOISEX-92, and an additional clean
environment. The second group contains other 6
kinds of noise from JEIDA, including exhibition in
a passage, road crossing, medium-size car, computer
room, telephone booth, and press factory. The for-
mer group of environments is reserved for training
the noise classification and speech recognition models,
and for testing the system for “known” noises (noises
recognizable by the system). The later group is
used for evaluating the system for “unknown” noises
(noises not trained in the system).

Noisy speech was prepared by adding the noise
from JEIDA or NOISEX-92 to the clean speech of
NECTEC-ATR ([17] at various SNRs (0, 5, 10 and 15

dB). The pre-processed data were then clustered into
several sets for noise classification and speech recog-
nition experiments as summarized in Table 2.

4.1.1.Data set for noise classification

Three sets were prepared: a PCA and KPCA
training set, a classifier training set and classifier test
sets. The first set was used for computing PCA and
KPCA weight vectors. The second set was used for
training the noise classifier and the rest were used for
evaluating the classifier.

A small frame of 1,024 samples at the beginning of
the speech signal, which was expected to be silence,
was used for PCA, KPCA and noise classification.
As described in the Sect. 3, our speech recognizer
is designed for a push-to-talk interface. With this
interface, we can control the recorder to start record
a silence signal before the beginning of speech. NLS
and LSF used for noise classification were computed
from this silence frame.

4.1.2 Data set for speech recognition

The speech recognition task in our experiment was
phoneme-based 640 isolated-word recognition. 32000
speech utterances from 32 speakers were allocated for
a training set. Another set of 6400 utterances from
other 10 speakers are used for testing in both known
and unknown-noise modes. The HMMs representing
35 Thai phones [18]. Each triphone HMM consisted
of 5 states and 8 Gaussian mixtures per state. MFCC
39 dimensional vectors (12 MFCC, 1 log-energy, and
their first and second derivatives) were used as recog-
nition features.

Table 2: Number of utterances in experimental data
sets.

TASK DATA SET AMOUNT
PCA/KPCA training 3,900
Hme Classifier training 24,000
classification :
Known-noise test 256,000
Recognizer training 32,000°
Speech . Known-noise test 6,400°
recognition A
Unknown-noise test 6,400

*Number of samples per noise per SNR

4.2 Noise classification results

Our proposed classification model using KPCA
and SVM described in the Sect. 3 was compared to
the classical technique using a HMM classifier [3-4],
which served as a baseline system in our experiment.
The noise-classification data sets are used in this sec-
tion. The followings are details of noise classification
experiments.
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4.2.1 Classification using a HMM system

For the HMM [19] based noise classification sys-
tem, we have varied the number of states as well as
the number of Gaussian mixtures per state. The same
set of MFCC and LPC features are used as classifi-
cation features. This baseline system will be referred
to as “HMM_ MFCC” and “HMM_ LPC”. Fig. 2 and
Fig. 3 present results of the evaluation of this system
on the known-noise test set.

4.2.2 Classification using SVM systems

A multi-class SVM [20] classifier based on one-
against-one algorithm. Two kinds of kernel func-
tions, RBF and Polynomial, are evaluated. PCA
and KPCA are applied to three types of speech fea-
tures including NLS (511 orders), LSF (10 orders)
and MFCC (10, 12, 16 and 20 orders without en-
ergy and derivative features). The order of PCA and
KPCA weight vectors is empirically tuned for each
comparison. The known-noise test set is also used for
evaluation in this section. Results and discussions are
as follows.

A preliminary experiment consists in comparing
the three speech features namely NLS, LSF and
MFCC as well as the kernel used in the SVM clas-
sifier. The Fig 4 and 5 show the results obtained
from MLS and LSF features using polynomial and
RBF kernel respectively. The results obtained from
MFCC with various orders are shown in Fig 6 and 7
for polynomial and RBF kernel respectively.

From these 4 figures, we can see that the best result
is obtained by the RBF-kernel SVM using NLS.
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Fig.2: Error rate results (%) of known-noise classi-
fication based on HMM_ MFCC

However, a large order of NLS is needed to achieve
such performance (511 orders in our case). The large
number of features requires a longer time and larger
storage to process. Reducing the order of NLS with-
out a drawback of performance degradation is thus
interesting.

Next, we investigate the effect of dimension re-
duction via PCA on the accuracy of our classi-
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sification based on SVM (MFCC with various orders,
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fier. Applications of PCA on the 10-order LSF (de-
noted as LSF+PCA) and 511-order NLS (denoted
as NLS+PCA) are then performed and results are
shown in Fig. 8-11. The Fig 8 and 9 show the results
obtained from LSF+PCA feature when using polyno-
mial and RBF kernel respectively. The Fig. 10 and 11
show the error rate obtained with NLS+PCA. From
our preliminary experiments, the classification accu-
racy trends to be saturated when the order of PCA
exceeds 24. Hence these 2 figures (10 and 11) show
only the results obtained from NLS+PCA up to the
order of 24.

From these 4 figures, it is clear that using the
PCA-based feature of NLS and LSF does degrade the
classification accuracy, with the advantage of faster
processing time. For LSF+PCA, changing from 10
orders to 6 orders, we increase about 2% error rate
while the gain in processing time is not significant.
For NLS+PCA, reducing from full 511 orders to 24
orders allows us gaining a significant processing time,
while increasing only a slight error rate. It should be
noted that, even if the order of NLS+PCA is higher
than that of the LSF, computing the LSF is much
more complex than the NLS+PCA. From these re-
sults, the 24 first principal components of NLS with
RBF kernel is a suitable choice for the noise classifi-
cation module.

The objective of the next experiment is to see
whether moving from the classical linear PCA to the
non-linear analysis of KPCA allows further improve-
ment KPCA has proved to be efficient for speech
recognition [4]. In this experiment, RBF kernel is
used for the KPCA (RBF at g = 0.1). Results of ap-
plying KPCA to the NLS (NLS+KPCA) are shown in
Fig. 12 and Fig. 13 for polynomial and RBF kernel of
the SVM classifier respectively. The lowest error rate
achieved is 2.35% obtained from 24-order KPCA and
RBF-kernel SVM, which is also the best case compar-
ing to all previous experiments of PCA and KPCA.
This also underlines the advantage of using non-linear
analysis in extracting significant features by KPCA.

4.2.3 Comparison to other noise classification
techniques

In this section, we evaluate the SVM classifier
working on features extracted from 511 order NLS us-
ing PCA and KPCA against other approaches. The
two systems are denoted as “SVM_PCA” and “SVM._
KPCA” respectively. We use the order of 24 for the
extracted feature from both PCA and KPCA. This
order is selected empirically in previous experiments.

Fig. 14 shows the results obtained from different
noise classification models using various kinds of fea-
tures including our proposed KPCA-based feature.
Other noise environment classifiers include the HMM
with LPC and with MFCC features, the SVM with
full 511-order NLS, 10-order LSF and 20-order MFCC
(without energy and derivative features).
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Fig.12: Error rate results (%) of known-noise clas-
sification based on SVM (NLS+KPCA (RBF at g =
0.1) with various orders, kernel functions of SVM:
Polynomial).

[3g=0.01 ©g=0.25 Bg=1]|

o 492

I

-h
o

order of NLS+KPCA

Fig.13: Error rate results (%) of known-noise clas-
sification based on SVM (NLS+KPCA (RBF at g =
0.1) with various orders, kernel functions of SVM:
RBF).

From these results, the SVM classifiers outperform
the HMM classifier in all case. Moreover, the SVM
with LSF and MFCC give the error rate of 3.63%
and 5.29% respectively. It should be noted that, the
same error rate of 3.63% were obtained when applying
PCA to the 10-order LSF. According to the results,
the KPCA outperforms the other, except the NLS.
The NLS, however, requires the largest order (511)
to achieve the underlying result. Trading off between
the accuracy and running time, we found the use of
SVM_. KPCA optimal our noise classification module.

4.3 Speech recognition results

In this section, several robust speech recognition
techniques including our proposed model are experi-
mentally compared. The first system (S1) was a con-
ventional system without any implementation for ro-
bust speech recognition. The second system (S2) used
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zero-mean static coefficients [19], a well-known tech-
nique for noise-robust speech features. The third sys-
tem (S3) was our proposed model, where input speech
environment was identified and the corresponding
acoustic model was chosen for recognition. In the S3
system, an acoustic model for each environment was
trained by multi-SNR (5, 10, and 15 dB) data includ-
ing each noise. The SVM_ KPCA system (RBF at g
= 0.1), which achieved the best result, was used in
the S3 system. The fourth system (S4) was as sim-
ilar as the S3 system except that the noise classifier
was replaced by the HMM. MFCC model. The next
system (S5) was an ideal system, where noise is per-
fectly classified, i.e. 0% noise classification error. In
order to underline the importance of the classification
module, we also considered the last system (S6) which
is equipped with random noise classification module.
These two systems, S5 and S6, indicate the upper
and the lower bounds of the recognition system using
noise specific HMM. In the following experiments, the
speech recognition data sets are used.

4.3.1 Speech recognition in known-noise

Evaluated by the known-noise test set, compara-
tive results are shown in Table 3. It is obvious that
our proposed model (S3) achieved the best recogni-
tion results in every case and the results are almost
equal to the ideal case (S5).

4.3.2 Speech recognition in unknown-noise

Evaluated by the unknown-noise test set, compar-
ative results are shown in Table 4. Although it is not
significant, the S4 system outperforms the S3 system.
One possible reason is that the SVM classifier might
over fit to the trained classes and hence underper-
formed the HMM classification in handling unknown
classes.

The results in Table 3 and 4 also underline the
advantage of using noise classification module (S3 and
S4) compared to conventional system (S2), even in
unknown noise environments.

Table 3: Comparative results of robust speech recog-
nition in known-noise environment.

Environments Word accuracy (%)
S1 S2 S3 S4 S5 S6
Clean 93.02 | 9245 | 93.02 | 92.91 | 93.02 | 86.22
Street 65.57 ! 83.28 | 83.15 | 83.39 | 75.65
Factory 41.65 75.69 | 75.61 | 75.68 | 53.03
Station 45.12 77.62 | 77.44 | 77.67 | 63.69
Air condition | 42.46 81.15 | 81.12 | 81.17 | 63.83
Road 53.90 77.30 | 76.35 | 77.39 | 64.68
Elevator 52.88 81.49 [ 81.36 | 81.47 | 70.25
Exhibition | 41.57 82.47 | 82.45 | 82.49 | 66.68
Train 2543 79.66 | 79.63 | 79.70 | 49.55
Car 89.08 89.93 | 90.20 | 89.95 | 78.86
= T > RFCRT: SR
EGlatal o

Table 4: Comparative results of robust speech recog-
nition in unknown-noise environments.
Word accuracy (%)

S1 S2 S3 S4
63.17 | 71.69 | 85.25 | 86.35
45.61 | 60.54 | 77.09 | 76.83
78.42 | 82.02 | 86.07 | 86.39

40.20 | 56.71 | 77.69 | 78.13

Environments

Exhibition

37.87 | 4531 | 70.56

72.42

71.38
72.4

7

4.4 Hybrid noise classification system

Although the SVM_ KPCA classifier outperformed
other classifiers, an intensive analysis showed that its
errors can be recovered by selecting the noise model
proposed by other classifier. Hence, we have also eval-
uated a hybrid architecture in which the SVM_.KPCA
is used in conjunction with the HMM_ MFCC or the
SVM. MFCC. Indeed, in this hybrid system, if both
classifiers agree in noise classification, the correspond-
ing noise model is used for recognition. Otherwise,
we choose among the acoustic models proposed by
both classifiers, the one which maximizes the acous-
tic probabilities. This combined system of SMV.
KPCA and HMM_ MFCC gives 82.20% accuracy on
known-noise test set and 78.90% on unknown-noise
test set. This combined system of HMM_ MFCC and
SVM. MFCC gives 82.21% on known-noise test set
and 78.78% on unknown-noise test set. The overall
running time is increased but still being faster than
the NLS.
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Fig.14: Comparative results of robust speech recog-
nition in unknown-noise environments.

5. CONCLUSION AND FUTURE WORKS

This paper proposed a novel technique of robust
speech recognition based on model selection. The rec-
ognizer selected a specific acoustic model from a pool
of acoustic models that were trained by speech data
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in each type of noisy environment. A noise classifica-
tion module was used to identify the type of environ-
ment. KPCA applied to the NLS was proposed for
the noise classification features, and SVM was used
as the noise classifier Experiments showed that the
proposed model gave a promising result. When com-
bining the model to the speech recognizer, the pro-
posed system produced almost equal recognition ac-
curacy to the ideal system, where the type of noisy
environment was given. The proposed system work-
ing with known-noise environments achieved 20.05%
higher recognition accuracy over the robust system
using zero-mean static coefficients, and 0.14% higher
accuracy over the baseline system using the HMM
and MFCC for noise classification. A hybrid sys-
tem that combined our proposed model and the base-
line model was also investigated. Experimental re-
sults showed a small improvement over each individ-
ual model on both known and unknown noises.

For future works, a better way to treat unknown-
noises will be intensively explored. Optimization
of SVM training will be performed to avoid over-
training if this is the case. Other successful classi-
fiers such as an optimal Bayes as well as applications
of PCA and KPCA to other effective speech features
such as MFCC will be investigated. Another inter-
esting topic is to reduce the number of specific acous-
tic models by automatic clustering of noises and con-
structing one acoustic model for each noise cluster.
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Abstract

This paper proposes an efficieht acoustic model adaptation

vataya.boonpiam@nectec.or.th

acoustic model, which may incorrectly transcribe the input
speech, the adapted model cannot yield a satisfied result.

method based on the use of simulated-data in maximum —»| Transcription |-
likelihood linear regression (MLLR) adaptation for robust

4R 2 B : Phone
speech recognition. Online MLLR adaptation is an unsupervised % ‘humerincion
process which requires an input speech with phone labels . Original
transcribed automatically. Instead of using only the input signal — Adaptation | acm.z] mode]
in adaptation, our proposed simulated data method increases the Adapted
size of adaptation data by adding noise portions extracted from Y _acoustic model
the input speech to a set of pre-recorded clean speech, whose mput | | o ition Recognition
correct transcriptions are known. Various configurations of the specch L e result

proposed method are explored. Evaluations are performed with
both additive and real noisy speech. The experimental results
show that the proposed system achieves higher recognition rate
than the system using only the input speech in adaptation and
the system using a multi-conditioned acoustic model.

Index Terms: robust speech recognition, MLLR, online-
adaptation

1. Introduction

It is commonly known that a speech recognition system trained
by speech in a clean or nearly clean environment cannot achieve
good performance when working in noisy environment.
Research on robust speech recognition is then necessary. This
paper focuses on the model-based approach, which has achieved
good recognition results [1]. The model-based approach aims to
create or to adapt the acoustic model in specific environments.
Research works on the mode|-based approach have been
extensively carried out. Figure 1 illustrates a normal recognition
process with online-adaptation. An input speech is first phone-
labeled given an original acoustic model. The input speech with
phone labels is then used to adapt the original acoustic model
and the model after adaptation is exploited in the final
recognition step. Both maximum a posteriori (MAP) adaptation
[2] and maximum likelihood linear regression (MLLR) [3), and
[4] are efficient adaptation algorithms.

The model presented in Figure 1, however, has two major
limitations. First, the MLLR or MAP requires a large-enough
set of adaptation data in order to achieve a good recognition
result. In real world applications, users often input a very short
sentence or, worst, only an isolated-word, which limits the
improvement of adaptation. Second, online-adaptation is
unsupervised adaptation, i.e. it uses phone-labels transcribed
automatically by the original acoustic model. Given the original

777

Figure 1 A recognition process with online-adaptation.

This paper proposes a novel approach of simulated-data
adaptation, which resolves two limitations mentioned above.
The simulated-data adaptation approach increases adaptation
data by adding background noise extracted from the input signal
to a pre-recorded set of clean speech, whose correct
transcriptions are known. This process not only increases the
size of adaptation set, but also reduces the problem of using
incorrect transcriptions in adaptation. The MLLR algorithm
performs faster and better than the MAP when the adaptation set
is small, whereas the MAP becomes asymptotically more
accurate than the MLLR when the size of adaptation set
increases [5]. Since one of our concerns is real-time processing,
the size of the adaptation data cannot be very large. In this
condition, we choose only the MLLR adaptation in experiments.

The proposed system is evaluated by noisy speech in 3 sets
of environment. The first set contained speech in a clean
environment and 9 types of noisy environments that have been
trained in the system. The second set contains speech in other 2
types of noisy environments not trained in the system. Noisy
speech is prepared from noise signals taken from JEIDA (Japan
Electronic Industry Development Association) [6] and a real
noise signal collected in an exhibition in Thailand (NAC 2005).
Noise signals are added to clean speech taken from NECTEC-
ATR Thai speech corpus [7] at various SNRs (0, 10, 15 dB).
The third set contains speech signals recorded in a real
environment of another exhibition in Thailand (ICT-EXPO
2005). The estimated SNR of the last set is 0-5 dB.

The next section explains our proposed model. Section 3
describes data sets used in experiments. Experimental results are
reported in Section 4. Section 5 concludes this paper and
discusses on the future work.

September 17-21, Pittsburgh, Pennsylvania
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2. Simulated-Data Adaptation

Our proposed method of using simulated-data in MLLR [4]
adaptation, denoted as “S-MLLR”, is illustrates in Figure 2.
While the conventional process employs only an input signal in
acoustic model adaptation, the S-MLLR method extends the
adaptation set by using simulated-data created by adding noise
extracted from the input signal to an existing set of clean
speech. As described in the introduction, simulated-data
adaptation overcomes problems of data sparseness in adaptation
and unknown label of the input speech. Two issues are
considered in the proposed method. The first issue is how to
accurately extract noise portions from the input speech. Section
2.1 describes our noise extraction process. Once having
extracted the noise portion, the second issue is how to add the
noise signal to a given set of clean speech. We explain the
process of adding noise in Section 2.2.

Input
speech
Yol !
ooy MLLR ‘Adapicd HMM
Adaptation Acoustic model
Clean Speech in Afding
“Train-§" set il data

Figure 2 Simulated-data MLLR process (S-MLLR) for
HMM adaptation.

2.1. Noise portion extraction

Simulated-data adaptation begins with identifying silence parts
in the input signal. The silence parts are supposed to be
background noise of the current input signal. For our task of
isolated-word recognition, we assume that there are short
periods of silence at the beginning and the end of the input
signal. A hidden Markov model (HMM) is used to segment the
input signal into speech and silence portions. Two noise
extraction algorithms are evaluated in this paper. The first
algorithm utilizes phone-based HMMs, where 64 HMMs of
Thai phonemes including a special phoneme of silence “sil”, as
shown in Table 1, form an isolated-word recognizer. Figure 3(a)
illustrates this HMM structure. The second noise extraction
algorithm is based on speech/non-speech detection. Two states
HMM, symbolized with speech and silence, are included in the
module as shown in Figure 3(b). In both algorithms, noise
portions are the signal regions labeled with silence “sil”.

Table 1. 64 Thai phonemes.

Type IPA symbol
Initial pt.ck 2,p"t,c" k" h,b,dmn,n1,r,
consonant | f s h,w, j,pr,pl,p'r,p"l, tr, t"r, kr, k1,
kw, k"r, k"1, k'w, fr
Vowel i,i:,4,4:,u,us,e,e:,3,3:,0,0:,® 2:,a,
a:9:,1:a,3:a,u:a
Final pLt,k',m,n",g',8,w,J°
consonant
Silence sil

778

In both algorithms, HMMs are composed of 16 Gaussian
mixtures per state and were trained by the Baum-Welch
algorithm. It is noted that the former algorithm gives better
noise-region labeling performance with a drawback of
computational demand comparing to the latter algorithm.

(a) phone-base HMM

(b) speech/non-speech

Figure 3 Two HMM architectures for noise extraction.

2.2. Adding background noise

Given noise portions extracted from the input signal, several
issues need to be considered in adding background noise to the
pre-recorded clean speech. First we concatenate noise portions
extracted from the input signal. There are two noise-only
regions in the input signal, at the beginning and at the end of the
signal as shown in Figure 4. These noise portions are duplicated
and concatenated so that the duration of noise signal is equal to
the duration of clean-speech being added. It is noted that simply
concatenating noise portions causes an unusual spectral change.
However, in this paper, we discard spectral smoothing in order
to save processing time.

speech (Ts)

Inj
=5

Clean s

[ A — —

‘ ) . Energy scaling J ‘ ‘
] ' [
' R o |

Background noise (BN)

Simulated noisy speech (Tsn)
Figure 4 Adding background noise.

Second, simulated speech for adaptation should have a
similar SNR to the input speech. However, estimation of SNR is
not trivial and remains unsolved. In this work, we propose a
simple way of signal-energy scaling. Let “Train-S” be a set of
pre-recorded clean speech, of which correct transcriptions are
known. We denote by Tn and T the current input signal and a
clean speech in the Train-S set. Tn_s and Ts_s is the speech
portion of 7n and Ts and Tn_sil and Ts_sil is the silence portion
of Tn and Ts. First, a scale_factor is calculated as follows:

EngC = sum(abs(Ts_s))/length(Ts_s) (n
EngS = sum(abs(Tn_s))/length(Tn_s) (2)
scale_factor = EngC/EngS (3)
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where EngC and EngS is the energy of Ts_s and Tn_s
respectively. Next, the background noise, BN, is multiplied by
the scale_factor and added to Ts, resulting a simulated noisy-
speech Tsn as shown in Equation 4.

Tsn = BN*scale_factor +Ts (4)

3. Experimental Setting

Our domain is isolated-word recognition using monophone-
based HMMs representing 64 Thai phones. Each monophone
HMM consists of 5 states and 16 Gaussian mixtures per state.
39-dimensional vectors (12 MFCC, 1 log-energy, and their first
and second derivatives) are used as recognition features.

The baseline acoustic model (clean-speech model) is trained
by phonetically-balanced utterances read by 16-male and 16-
female speakers. The total number of training utterances is
32,000. For comparison, a multi-conditioned acoustic model [8],
denoted as “MULTI™" hereafter, is trained by speech data from
both clean environment and noisy environments at various
SNRs (5, 10, and 15 dB). In all experiments, clean-speech data
are taken from NECTEC-ATR corpus [7].

3.1. Noise data for training

Eight kinds of noise from JEIDA [6], including crowded street,
machinery factory, railway station, large air-condition, trunk
road, elevator, exhibition in a booth, and ordinary train, and one
large-size car noise from NOISEX-92 [9] are conducted. All
noises from JEIDA and NOISEX-92 as well as the clean speech
from NECTEC-ATR are preprocessed by reducing the sampling
rate to 8 kHz. Noisy speech is prepared by adding the noise
from JEIDA or NOISEX-92 to the clean speech of NECTEC-
ATR at various SNRs (5, 10 and 15 dB).

3.2. Noise data for testing

Two test sets, “Test-1" and “Test-2", are used in evaluation.
Test-1 contains 3,200 words uttered by 5 male speakers. Two
noises, a computer room from JEIDA and an exhibition
(NSTDA Annual Conference S&T in Thailand) recorded over
four days in March 2005, are added to clean-speech utterances
at three SNR levels: 0, 10 and 15 dB. This test set represents
speech with different noise from the training set.

Test-2 contains utterances covering 76 Thai-province names
recorded from 50 speakers over four days in another exhibition
(ICT EXPO 2005 in Thailand). The environment is very noisy
and consists of various kinds of noise. This set represents real
noisy-speech with SNR ranged between 0 to 5 dB.

3.3. Simulated-data for adaptation (Train-S set)

In order to constitute the Train-S set for model adaptation,
several criteria are used to select speakers and lexical words
from the NECTEC-ATR corpus. For speaker selection, we
limited to male-speakers with clear speech. Four speakers,
denoted as “M1” to “M4”, are selected.

For word selection, two criteria are considered. First, these
words should be correctly recognized by our clean-speech
model. Second, words should cover all 64 phones presented in
the system. According to these criteria, 22 words out of 76
Thai-province names are chosen.

779

4. Experimental Results

Experiments are organized as follows. First, several parameters
in the adaptation process are optimized. Among various
parameters, we have found that the number of speakers and the
size of adaptation data were influential. Section 4.1 gives the
detail of optimization of these parameters. Given optimized
parameters, Section 4.2 then compares our proposed system to
conventional methods.

4.1. Effects of different speakers and data size in
simulated-data adaptation

In the case that speech signals from only one speaker are
included in the simulated-data set, increasing the size of
adaptation data tends to produce a speaker-dependent acoustic
model. Using the speaker-specific acoustic model may reduce
recognition accuracy when evaluating with speech from various
speakers. Therefore, in this subsection, five experiments on S-
MLLR are performed to explore this phenomenon. Each of the
first four experiments uses speech of only one speaker (M1 to
M4). Randomly selected speech signals of M1 to M4 speakers
are used in the last experiment, denoted as “MIX” case. Both
noise extraction and MLLR adaptation in S-MLLR utilize
phone-based HMMs trained by multi-conditioned data, i.e.
speech data from clean and various noisy environments.

Figure 5 plots accuracies averaging on Test-1 and Test-2.
According to results, the accuracy increases as a function of
data size. We conclude that the phenomenon of speaker-
mismatching is not significant even when a large number of
speakers is evaluated (50 speakers in Test-2). The use of MIX
case, where the adaptation set contains speech from various
speakers, gives obviously better performance than the use of
one specific-speaker model. This indicates that the acoustic
model should be adapted with its speaker-independent property
maintained.

Figure 6 plots processing time of the MIX case. All
experiments are performed on an Intel Pentium IV 3.2 GHz
CPU with 2 GB RAM. The graph shows that increasing the size
of adaptation data yields higher processing time. An optimal
number of words in the Train-S set we choose for the rest
experiments is 22. We recall that these 22 words are the
minimum set of words that covers all 64 phones.

[-M1 0 M2 -+~ M3 -o- M4 = MiX]

——
-
ol
«

Number of utterances in Train-S

Figure 5 Recognition accuracy of S-MLLR with different
data sizes and selected speakers in Train-S.
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Figure 7 Comparison of Baseline, MLLR, MULTI, and
S-MLLR systems evaluated by Test-1 and Test-2.

4.2. Comparison with conventional methods

In this subsection, several robust speech recognition techniques
including our proposed model are experimentally compared.
The first system is a baseline system without any
implementation for robust speech recognition. The second
system, denoted as “MLLR”, exploits a conventional technique
of online acoustic-model adaptation using MLLR as illustrated
in Figure 1. The third system, called “MULTI”, used a multi-
conditioned acoustic model without any adaptation. The rest
three systems are based on our proposed S-MLLR method. The
forth system, called S-MLLRI, utilizes phone-based HMMs for
noise extraction and online MLLR adaptation. The phone-based
HMM is trained by clean-speech. The fifth system, S-MLLR2,
is similar to the S-MLLR1 system except that the phone-based
HMM was multi-conditioned. The last system, S-MLLR3,
replaces the phone-based noise extraction module by a
speech/non-speech detection module described in Section 2.1.
The Train-S set contains 22-word utterances from M1 to M4
training speakers.

Figure 7 shows comparative results of five systems
evaluated by Test-1 and Test-2. According to results, it is
obvious that our proposed methods of S-MLLR outperform
other conventional methods. Comparing among variations of S-
MLLR, S-MLLR2 gives the highest accuracy but takes the
longest processing time. S-MLLR3 is the fastest with the
accuracy between the other two systems. We conclude that the
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phone-based HMM trained by multi-conditioned data in S-
MLLR2 gives the best noise extraction result and hence causes
the highest recognition accuracy. The speech/non-speech
detection module in S-MLLR3 is much simpler than the phone-
based HMM but achieves comparable performance.

5. Conclusions

This paper proposed a new approach of using simulated-data in
MLLR acoustic-model adaptation. The approach solved
limitations of the conventional online MLLR adaptation. The
adaptation data was increased by conducting simulated-data
created by adding a noise signal extracted from input signal to a
pre-recorded set of clean speech. Since correct transcriptions of
simulated-data are given, adaptation is more effective than
using only the input speech with unknown transcription,
Experiments showed that our proposed model achieved over
20% improvement of recognition accuracy comparing to the
conventional approach of online MLLR adaptation.

Future works include an evaluation of the proposed model
by a larger set of speech from various real environments.
Further improvement of noise extraction and noise addition in
simulated-data adaptation will be investigated. Another
interesting issue is that selection of clean speech from different
speakers should affect the recognition result. Even if we have
found that maintaining speaker-independency in adaptation
gives good recognition result, selecting a set of speakers that
best matches to the input speech might give better performance.
This issue will also be explored.
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Abstract- This paper proposes a combination of simulated
data adaptation and piecewise linear transformation (PLT) for
robust continuous speech recognition. The original PLT selects
an appropriate acoustic model using tree-structured HMMs and
the acoustic model is adapted by the input speech in an
unsupervised scheme. This adaptation can improve the acoustic
model if the input speech is long enough and is correctly
transcribed in the adaptation process. Indeed, an incorrect
transcription can drastically degrade the acoustic model. Our
proposed method increases the size of adaptation data by adding
noise portions from the input speech to a set of pre-recorded
clean speech, of which correct transcriptions are known. We
investigate various configurations of the proposed method.
Evaluations are performed with additive noisy continuous
speech. The experimental results show that the proposed system
reaches higher recognition rates than MLLR and PLT.

I.  INTRODUCTION

It is commonly known that a speech recognition system
trained by speech in a clean or nearly clean environment
cannot achieve good performance when working in noisy
environment. Research on robust speech recognition is then
necessary. Gales [1] has classified the techniques of robust
speech recognition into 4 approaches: 1) robust feature
approach, 2) clean speech estimation approach, 3) robust
model approach, and 4) combination of three previous
approaches. This paper focuses on the model-based approach,
which has achieved good recognition results [1]. The model-
based approach aims to create or to adapt the acoustic model
in specific environments. Several techniques of model
adaptation have been proposed such as maximum likelihood
linear regression (MLLR) [2], maximum a posteriori (MAP)
[3], parallel model combination (PMC) [4], and piecewise
linear transformation (PLT) [5].

In this work, we are interested in the adaptation technique
of piecewise linear transformation with model selection based
tree-structured cluster (MSTC) [5, 6], proposed by Zhang,
Sugimura and Furui [5]. This technique is based on
unsupervised acoustic model adaptation using the incoming
speech. It was proven to be efficient in both the recognition
accuracy and computational cost. However, a problem of the
PLT is that the acoustic model may not be well adapted if the
incoming speech is very short. Moreover, in the unsupervised
adaptation, a wrong transcription strongly degrades the

adapted model. These 2 problems can be solved by a recently
proposed technique called simulated-data adaptation [7].
Indeed, the simulated-data adaptation process aims to increase
the data used in adaptation by adding the background noise
extracted from the current input signal to existing clean
speech. Since correct transcriptions of the clean speech are
known, using the simulated-data is supervised adaptation.

This paper presents a new adaptation scheme which applies
simulated-data adaptation to piecewise linear transformation
(called S-PLT hereafter). S-PLT combines the strength of both
techniques; PLT allows selecting a good initial acoustic model
while simulated-data adaptation enlarges the size of the
adaptation data. S-PLT uses the MLLR adaptation technique.
The proposed method is compared with other model
adaptation techniques.

The proposed system was evaluated in 3 groups of
environments. The first group contained a clean environment
and 9 types of noisy environments that have been trained in
the system. The second group contained isolated-words. The
third group contained continuous-speech. Noisy speech of
second and third group were prepared by adding noise signals
from an exhibition in Thailand (NAC 2005) to the clean
speech taken from NECTEC-ATR Thai speech corpus [8] at
various SNR (0, 10, 15 dB).

We will review the PLT in the next section. Section 3
reviews the simulated-data adaptation. Section 4 describes our
proposed models. Section 5 describes the data used in these
works and experimental results are reported in Section 6.
Section 7 concludes this paper with future works

II. PIECEWISE LINEAR TRANSFORMATION (PLT)

The PLT method is composed of 2 main steps namely
MSTC [5, 6] model selection and MLLR adaptation [2]. In the
training step, a wide variety of noise data were collected and
classified into noise clusters using hierarchical clustering. The
root node includes all noises and all SNR conditions and each
leaf node consists of only one noise at one SNR condition.
Intermediate nodes in this tree contain similar noises from
different environments and from different SNR. A noise-
added speech HMM is constructed for each node. Using this
tree structure, an unknown noise environment which is similar
to combination of known environments should be handled by
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non-leaf HMM. The resulting tree-structured HMM allows
representing both known and some unknown noises. In the
recognition phase, the noise-cluster HMM which is best fitted
to the input speech was selected and adapted by the input
speech itself using the MLLR method.

III. SIMULATED DATA ADAPTATION

A.  Noise portion extraction

Simulated-data adaptation begins with identifying silence
parts which are supposed to be background noise of the
current input signal. We assume that there are short periods of
silence at the beginning and the end of the input signal. A
phone-based HMM is used to segment the input signal into
speech and silence portions. In this work, we use 64 HMMs of
Thai phonemes including a special phoneme of silence “sil”,
form a speech recognizer. Fig. 1 illustrates this HMM
structure. Noise portions are the signal regions labeled with
silence “sil”.

Figure 1 HMM architecture for noise extraction,

B.  Background- noise addition

Given noise portions extracted from the input signal, several
issues need to be considered in adding background noise to the
pre-recorded clean speech. First we concatenate noise portions
extracted from the input signal. There are two noise-only
regions in the input signal, at the beginning and at the end of
the signal as shown in Fig. 2. These noise portions are
duplicated and concatenated so that the duration of noise
signal is equal to the duration of clean-speech being added.

Clean speech (Th

Input speech (7s)

i L

i | | Energy scaling
%ww e

Background noise (BN)

Simulated noisy speech (Tsn)

Figure 2 Background-noise addition,

Second, simulated speech for adaptation should have a
similar SNR to the input speech. However, estimation of SNR
is not trivial and remains unsolved. The simulated-data
adaptation relies on a simple signal-energy scaling. Let
“Train-S” be a set of pre-recorded clean speech, of which
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correct transcriptions are known. We denote by Tn and Ts the
current input signal and a clean speech in the Train-S set. Tn_s
and Ts_s is the speech portion of Tn and Ts and Tn_sil and
Ts_sil is the silence portion of Tn and Ts. First, a scale factor
is calculated as follows:

EngS = sum(abs(Ts_s))/length(Ts_s) (1)
EngC = sum(abs(Tn_s))/length(Tn_s) (2)
scale_factor = EngC/EngS 3)

where |T| denotes the energy of a signal T. EngS and EngC
is respectively the energy averaged over all Ts_si and Tn_si
extracted from Ts and Tn. Next, the background noise, BN,
given by the noise-portion extraction step, is multiplied by the
scale_factor and added to Tn, resulting in a simulated noisy-
speech Tsn as shown in Equation (4). The signal Tsn is then
included in the adaptation set.

Tsn = BN*scale_factor +Ts @

C. Adaptation-data preparation

Adaptation data set is a key element in our robust speech
recognition system. Two variations of the proposed method
are considered. The first one uses only the pre-recorded clean
speech with known transcription. This is called supervised
adaptation. The second variation includes the input speech in
the adaptation set with its label transcribed automatically.
This second variation is called semi-supervised adaptation.

Beside these two variations, other important parameters
including the selection of speakers and lexicon in the Train-S
data are required to adjust. Basically, we selected speakers and
words that can be correctly recognized by our clean speech
model. Moreover, selected words should cover all phones
presented in the system.

IV. COMBINED SIMULATED DATA ADAPTATION AND PLT

Combined simulated-data adaptation [7] and PLT [5], called
S-PLT is shown in Fig. 3.

Input
speech
Noise-cluster HMM Noisy HMM
PLT acoustic model acoustic model
Simulated-Data Y 1
Noise portion | A
extraciion MLLR Adapted HMM
] Ad plati acoustic model

v e s A, =
= Adding "
Clean Speech in Simulated
“Train-5" set Bnckgrmnd 4’&
noise
Figure 3 Combine simulated-data adaptation and PLT process (S-
PLT) for HMM adaptation.

The basic idea is to adapt the model selected from the tree-
structured cluster using the adaptation data prepared by the
simulated-data process either in supervised or semi-supervised
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mode. The adapted HMM is then used to recognize the
incoming signal.

V. EXPERIMENTAL SETTING

Our domain is continuous speech recognition using
monophone-based HMMs representing 64 Thai phones. The
aim of using context-independent phone model is the
flexibility to add any word in the recognition lexicon. Each
monophone HMM consists of 5 states and 16 Gaussian
mixture per state. 12 MFCC, 1 log-energy, and their first and
second derivatives are used as recognition features. The clean
model is trained by phonetically-balanced utterances read by
32 speakers. The total number of training utterances is 32,000.
In all experiments, clean-speech data are taken from the
NECTEC-ATR corpus [8].

D.  Noise data for training

Eight kinds of noise from JEIDA, including crowded street,
machinery factory, railway station, large air-condition, trunk
road, elevator, exhibition in a booth, and ordinary train, and
one large-size car noise from NOISEX-92 are considered. All
noises and the clean speech are preprocessed by resampling to
8 kHz. Noisy speech is prepared by adding the noise from
JEIDA or NOISEX-92 to the clean speech of the NECTEC-
ATR corpus at various SNRs (5, 10 and 15 dB).

E.  Noise data for testing

Two test sets, “Test-1" and “Test-2”, are used in evaluation.
Test-1 contains 3,200 utterances from 640 words uttered by 5
male speakers. Test-2 contains 1,950 utterances from 390
sentences uttered by 5 male speakers.

An exhibition (NSTDA Annual Conference S&T in
Thailand) recorded over four days in March 2005, are added
to clean-speech utterances at three SNR levels: 0, 10 and 15
dB. This test set represents speech with different noise from
the training set.

F. Simulated-data for adaptation (Train-S set)

In order to constitute the Train-S set for model adaptation,
speakers and lexicon are selected from the NECTEC-ATR
corpus. For speaker selection, we limited to male-speakers
with clear speech and randomly selected speech signals of
four speakers are used in the experiment, denoted as “MIX”
speaker.

For word selection, the selected lexicon should cover all 64
phones presented in the system. According to these criteria,
two sets of train-s are prepared. The first set (Train-S1)
contains 22 words and the second set (Train-S2) contains 10
sentences, both are the minimum set of isolated-words and
continuous speech that cover 64 phones used in the recognizer

V1. EXPERIMENTAL RESULTS

In this section we investigate various settings of S-PLT and
compare them to other robust speech recognition techniques.
Subsection A evaluates different settings of our system.
Subsection B compares our proposed system to conventional
methods.
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A, Effects of type MLLR adaptation and type Train-S in simulated-
data adaptation

In our experiments the acoustic model before adaptation can
be either a clean-speech model or the model selected by the
MSTC algorithm. For each model, we test adaptation in both
supervised and semi-supervised modes. Semi-supervision
means that the input speech is also included in the adaptation
data. Table I defines four systems varying on the supervision
made of adaptation and the initial acoustic model

Table I Definition of comparative systems

Initial AM
Clean MSTC
supervised S-MLLRI1 S-PLT1
Semi supervised S-MLLR2 S-PLT2
| OS-MLLR1 @S-MLLR2 mS-PLT asPLT2 |
e TSNS < St
& S
80 o W o
75 aa"s
70 OO ot
g 85 IPL\‘ & ’ f
EE- Ta¥ay"
» . "a"as"
55 afets
50

Test-1 Test-2

Figure 4 Recognition accuracies of S-MLLR and S-PLT evaluated
by Test-1 and Test-2.

Fig. 4 shows the experimental results from various settings
using the Train-S1 set in adaptation. According to these
results, using the MSTC algorithm to initialize the acoustic
model gives better accuracy than using the clean model. As
expected, since the MSTC-selected model is closer to the real
environment than the clean model and hence give the higher
performance. For semi-supervised adaptation, results show
that it rather suit for continuous speech (Test-2) than for
isolated word (Test-1). This may be due to the fact that for the
isolated word case, the signal is too short and no useful
information can be automatically and reliably extracted. It is
then better to rely only on assured transcription as in
supervised adaptation. On the other hand, for continuous
speech the signal is long enough to compensate the incertitude
concerning the transcription thus make it useful for model
adaptation.

Next, we investigate the use of continuous speech as
adaptation data. For this propose, we ran the experiment on
the Test-2 set with the Train-S2 adaptation data. Fig. 5
summarizes the results from this experiment. We can see that
using the Train-S2 outperforms the use of Train-S1 in every
case. This is due to the increasing in the size of the adaptation
data. However, the computational time unavoidably increases
as a drawback.
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Figure 5 Recognition accuracies of S-MLLR and S-PLT with
different Train-S evaluated by Test-1.

B.  Comparison with conventional methods

In this subsection, several robust speech recognition
techniques including ours are compared. The first one is a
baseline system without any implementation for robust speech
recognition. The second system, denoted as “MLLR”, uses
online acoustic-model adaptation based on the well-known
MLLR approach. The third system, called “MSTC”, uses
model selection based on the tree-structured cluster model
without any adaptation. The forth system called “PLT” uses
the PLT method (see section III). The fifth and the sixth
systems are S-MLLR2 and S-PLT2. The Train-S2 is used in
adaptation.

| Obaseline ®WMLLR @mMSTC DPLT @S-MLLR2 BS-PLT2 |
[ —— S uau
85 "

ACCUI

-~

=]
>
®

Figure 6 Comparison of baseline, MLLR, MSTC, PLT, S-MLLR2
and S-PLT2 systems evaluated by Test-2.

Fig. 6 shows comparative results. According to the results,
it is obvious that our proposed methods, S-MLLR2 and S-
PLT2, outperform other conventional methods. In the case of
S-MLLR2 we gain approximately 14% improvement of
recognition accuracies over the conventional MLLR model. S-
PLT2 achieves approximately 10% improvement of
recognition accuracies over the PLT-based method. Moreover,
the PLT's accuracy is lower than that of the MSTC but both
systems perform worse than the S-PLT2. We believe that the
continuous speech signal is not long enough, so that purely
unsupervised adaptation can always improve the initial

139

acoustic model. This underlines the benefit of using clean
speech with known transcription in simulated-data adaptation.

VII. CONCLUSIONS AND FUTURE WORK

This paper proposed combined simulated-data adaptation
and PLT in acoustic-model adaptation. The approach solved
limitations of the conventional unsupervised MLLR
adaptation in the PLT method. The adaptation data were
increased by adding a noise-signal extracted from the input
signal to a pre-recorded set of clean speech. Since correct
transcriptions of simulated-data are given, adaptation is more
effective than using only the input speech with unknown
transcription. Experiments showed that our technique
achieved over 10% improvement of recognition accuracy
comparing to the original PLT.

Future works include an evaluation of the proposed model
by a larger set of speech from various real environments.
Further improvement of noise extraction and noise addition in
simulated-data adaptation will also be investigated.
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Hidden Markov Model Interpolation
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Noise Cluster HMM Interpolation
Speech Enhancement

Speaker Adaptation

Model Parameter Adaptation
Model Adaptation
Simulated-data Adaptation
Online Model Adaptation
Offline Model Adaptation
Linear Transformation
Piecewise-linear Transformation
Discrete Cosine Transform

Fast Fourier Transform

Retrain

Multi-condition Training

Maximum a Posteriori
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Separation

Model Composition and Decomposition
Parallel Model Combination
Recognition Result Selection
Model Selection

Model Selection based Tree-Structured
Cluster

Principal Component Analysis
Kernel Principal Component Analysis
Duration Scaling

Energy Scaling

Differentiation
Speech/Non-speech Detection
Induction

Pronunciation Lexicon
Phoneme-based

Gaussian Mixture
Simulated-data

Stationary

State Transition Probability
Priori Knowledge

Weight

Observation

Isolated Word

Transcript

Cofactors

Neural Network

Binary Tree Structure
Dynamic Range

Training Set

Support Vector Machines

Cepstral Domain
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Linear Spectral Domain

First Order Digital Filter
Normalized Logarithm Spectrums
Bias

Dynamic Programming

Energy

Parameter

Window Function

Frame

Dimension

Language Model

Acoustic Model

Clean Speech Model

Text to Speech System

Speech Recognition System
Robust Speech Recognition System
Speech Synthesis System
Logarithm

Feature

Robust Speech Feature

Mel Filter Bank

Band Pass Filter

Tone

State

International Phonetic Alphabet
Mel Frequency Cepstral Coefficients
Backtracking

Silence

Noisy Speech

Clean Speech

Noise

Channel Noise
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Real Noise

Additive Noise
Background Noise
Phoneme

Hamming Window
Node

AURORA-2]

Signal to Noise Ratio
Amplitude

Hidden Markov Model
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