21

211

212

(Speech Recognition)
utterance)
(templates)
(training)
(algorithm)
(memory)

(Freguency)

(dliscrete

(discrete unterrance)
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2
214
(coarticulation)
(Speech Recognition)
(Speech and Spoken language) 2
(Speech Coding)
(Text to Speech Synthesis) “Human-Machine Communication by
voice”
(Speech Recognition) (Patter
Classification) (Input Pattern)
(Speech Signal) (Learning)
(Pattern) '
(Speech Recognition)
"father”  “farther”
22
(Speech Recognition) 3
221 (The information inthe speech signal)

]

“Short time amplitude spectrum of the speech waveform”

(Pattern matching)
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» 5 »1 B
2.2.2 (The contents of the speech signal)
(Text to speech
Synthesis)
(Phonetic)
2.2.3 (Speech Recognition)
(Pattern)
2.3 (Speech Recognition structure)
21
Speech Signal Speech Signal Digital Speech Spectral
analog ignal features Output
Analog to Digital Pre Feature Pattern
Conversion processing analysis Classification
Database
21
231 (Analog to Digital Conversion)
232 (Pre Processing)
2.33 (Feature analysis) '
2331 (Time Domain models for speech processing)
2332 Short-time Fourier analysis
2333 (Linear Predictive coding of speech)



2.34 (Pattern classification)

(Pattern)
Speech Recognition Multi-layer feedforward neuron
network
24 (Analog to Digital Conversion)
(Processed)
(conversion)
(Analog to Digita Cconverters)  ADC
(Digital processors) Digital Circuit
e[
SERONGKOBN THIVERSITY
‘\[\L‘Ll,l'
1) Fyanaiignif ml =
22
22

22 ()



22 ()

13 I fc
ZfC |
25 (Pre Processing)
feature measurement
(end point detection) (normalization)
251 ( End Point Detection)
( background sound )
(Rabinerand Levinson ,1981 )
25.1.1 ( 2538 )
2512 ( Rabiner and Levinson 11981 ) |
(contour )
2513 (zero - crossing rate ) (Furui

1989)



252 (Normalization )

2521 ( linear interpolation )
(aliasing )
2522 ( sampling rate ) ( oppenheim,
1989 ) 23
L (zero - packing )
M
M L
T Lowpass | | |
— L > filter > \/ I
L] Gain = L ;’—’
Sampling
period:
T T/L TIL TM/L

23
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Processing : DSP)

(Signal analysis methods)
1

2
3
4
5

(Digital Signal

(Time Domain Analysis Methods)
(Zero crossing Analysis Methods)
(Short-Time Spectrum Analysis Methods)
(Homomophic Speech Processing)
(Linear Predictive Analysis)
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26.1 (Time Domain Analysis)

8000 / 24
(peak

Amplitude) ,

e -

Wirrrepbephohert

it

. W“v
256 SAMPLES —

short-time Fourier

Q= Yjh(m)e { - )] 2.1)




short-time energy

1

E = Ex2(m) (22)
f(rt)= /:\'n'(_Nz(| 2(m) (2.3)
short-time energy N N
short-timeenergy
short-time energy
n
EC)= { ) {- ]
E( )=V x2{ 2 {m) (24)
h( )= 10)
Whstiet iy iy (L3 Wbl gy’ SO
X{n} %< (n) En
25 Short Time Energy
x() . e Mn

26 Short Time Average Energy
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i) = Ex(n)l- ¢ - ) 29)
26.2
Fo FS
= FOFS
Z(n)= fsqnix(m )1 - spofam-1ge (- ) (2.6)
sgpA( )= 1 X{ )>0
=1 X{n) <
{) =12 ;0 </ <A7-1
0 =
11
Z(n) N
Xz
2
49 10

14 10 '
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I\/\j\ UNVOICED
A x\ y : /V\?\\’l ’\"\\

VOICED

A

\A

i

O 10 20 30 40 S50 60 70 80
NUMBER OF ZERO CROSSINGS PER 10 msec INTERVAL

1 |

2.1 Average Zero Crossings

2.6.3 ' (Short-time Spectrum analysis)
(Sinusoid) (exponential)
2
1
(superposition)
A 2
| |
(Spectrum)
!
1) (transient)

10 30



f (Fourier Transform)

(Discrete Fourier Transform)

G

Amplituda (volis)
[
[N
O

{
©

One Second ————————»

(#)

100

!
i
5
1
|
I
i

¥ 5C
3 28
o
°
2
G.<25
R
- I]
=75 t
i
-1C0 {
fe=t————a 0ae Second ——-———

(&)

2.8

2631

Xnw)=" { - m)x(7)e"mwn
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() ()

(summation)

Xnfemw)= " { - m)x(m]edm

XneWs=ce-mxX()-w

2
{ | (x)X(m) AN
(e
2 Xn(ei) ()
2632
Xn( ¢ i) (m) Xm)  -o<m<(
29 Xm ()
m
w(50-m) Jj(!C-C)-m) /w(zoo—m)
/,\\ //{ //\" /x(m)
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(Fourier transform repesentation)

Xm (- ) (-)
) (-m) X(m)
(- X )=— mxnfed) ndw 2.10
210 211 a
X (-) log magnitude ~ xn(eMy C
log magnitude Spectrum 210 500
(50 10 kH) a
300-400 Hz
200H 3800 Hz
210a 2104
' 210d
211 50
211 211 d 210 21 400 Hz, 1400 HZ
2200 Hz
212 213 500 50
210 213 2
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264

LXK = LX)+ )]

- LIXI0) +LIX )
SY(pH) V() o1
LX) ] =L [0 ] =aY() 01)
2.14
"

@ L )
l(n]+x2(0 Lo D
x(n) al_[x(n]

2.14
Y{)= f0h{ - Kx{K) = hin) xX{ ) i)
HEO] =H[X() +X()]
=H[x(M ]+H[xA)]
() +H) =) 014
212

214



22

2.15

~ H[ ]
) y{n) = Hx(n]]
X1 )*X2{) H{x 1( ] * H[x2(n)]
2.15
3 2.16
1
2 (216)
3
2.16 (Deconvolution)
1]
D*[X(n)] =D*[X1n) +X2r
=D_*[&, (ﬁ +D*[?22(ﬂy]
=Xi(M+x2n) =X(n) (215)
— D7 ] >L[‘l 1B J———
X(n] X*(n) y*(n) y(n)
X4(n) * x2(n] x3(n)+x5{n) y(n)+y'5(n) y1(n]+y 2n)

2.16



D I{X{n)] =D *W{n) +¥m

23

=PI+ 2 1K)
=YAr7) +y2(7 =K (/7 (2.16)
XMn) = x,(n)*x2) (2.17)
Z VA
X2 = Xz)*Xq) 219)
* + + + + 2
——log[ T2 Ll | - exp[ | |—
X (2) V440N Rach y (2)
X% X @)y Ery,E ¥, (2)- y,(2)
211
i e e s e T R o)
i¥ + + + + * |
=]
e x[n] I ) Z[ ] X[Z] |0g[ ] X*(Z] z [ ] l x*[n]
2.18
2.15 Z Z
Z
Z 217




X(2)

= log [X(2) ]
=log [X.()*Xi()]

=log [x,(z) + log [X4z) ] (2.19)
2.18
2.18
-1
g e b e
(o e e e = ) T G SRR |
i + + + il
-1
o A R i = I T
2.19
2.18 2.19 2.19
L
(2.19)
X(em) =log X(ej +arg [x(em)] (2.20)
1
219
X{ )=y L x(eMejndw (2.21)

cf{n) =—£ \O("x{ejw]eJwndw

(Complex Cepstrum)

(2.22)

24



2.18

X(")= YIx{rf)e-)m

x(eJK)=log[x(e )
=log X (e )+jag[xeM)

X{n) =j-[k{eiw)eiwndw

2.23 2.24
2.25
2.23

7ii 2.23
223 (DFT)
DFT FFT
DFT

M k) ="fx(n)e
Xp(k) =\oc\Xpik)} iN<k<k-1

elN

) = Eifp(k)

25

217

217 2.18

(2.23)

(2.24)

(2.25)

(2.26)

(2.27)

(229)
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complex ,
SRR N 3 dat - e %
i—zg? ki log |a me‘k | -
x(n) e’ N e’ N) %o(0)
(a)
| dn complex [dft ]—_>
j—znn k| log i%k’ cp[n]
x{n] X{C l log [C ]
(b)
2.20 () ()
2.28 , (IDFT)
P
2.23 DFT
X(ew)
2.26
2.20
Xp{k) =Y x p(n +IN) (2.29)
2.6.5

(Linear Predictive Coding)  LPC

LPC




LPC

LPC 221
? (radiation)
221
W(Z) =4 4 = oo Tl (2.30)
" 1-fate
G) (ak)
vacal tract
impulse train voice { unvoiced  parameters
generation / switch G
. ufn] time~varying
digital filter W
random noist
generation
G
221
2.21 () ()
{)= ;(_J|3ks{.n - k) +Guln) (2.31)
5()=  { -k (232)
) P

{)=E«* 1% (2.33)



(2.31) (2.34)
ak =ak e(n) = GU()

(inverse filter) H(z)
G
WA=
prediction error)
ak =ak e(n) = GU(n) e(n)
ak
()=Xea(M

=3 (s,(m) = 5a(m))

X ()-Xaks ( -k)

(2.34)

(2.35)

(2.31)

(Predicpion error filter)

2.31

(2.35)

2.36

28

A(z)

(ak)

(mean-squared
H(z)



I)= M+)

2.38 240

En 240 dErdai=0  1=1,23,..P

Zs( -i) {)=EahZ¥m-0J§ -k

ak ak En

k) =Y.s ( -i) { -k)
2.42

Y'OI&M ) =®,(/*) [=12..P

) 240 242

E»=X  )zzalk
2.44

1o 00-Xa M

29

(2.40)

(2.41)

(2.42)

(24

(ak)

(2-44)

(2.45)
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2.1 (Pattern Similarity Determination)

DTW, HMM, DTW
(2538)

HMM (2538) DTW

HMM

2.1.1 (Neural Networks)
2 unsupetvised learning

supervised learning multi-layer perceptron

supervised learning

2111 (training)
Multi-layer perceptron neural network (training) error backpropagation
generalized delta rule 2.22
iP oP 77\ +
- »  NETWORK s —-——>< > . -
1
AW | €
A :
¢ty 4 |
2.22
ip input pattern D
L output pattern p
(0P network weights P
f ' output pattern P
£ learning rate
P
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' ' (ip 1f)
(training set)
27111 (input vector) (input layer)
2.1.1.1.2 'Feed forward’ (input) (output)
2.1.1.13 Op (output layer)
f

2.7.1.14 (

(output layer) )
2.1.1.15 (layer) (weight)

(connection weight) ,

Input units Output units
L) L)

Hidden layer
%)

2.23 multi-layer perceptron neural network
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biasi
2.24
2.23 multi-layer perceptron neural network
(input layer), (hidden layer) 1 (output
layer) (input layer) ~ " ' ' d (output layer)
C
2.24 net input i
net 1 =Yj°),°iP + bias | (246 )
op-(f ' (layer) (]
(hidden layer) (output layer)
* = I.p
Q I i
biaSj net qP
0; =1, {net 1) (2.47 )
0] i nefj
(activation function)
(differentiable) sigmoid

fj{”etJ):i+€1-net11 (2.48)
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2.7.1.2
P

eh = L0- 0 (2.49)
f, " (2.50)

B P

backpropagation training
E (gradient)  E OE/50)
AcO]! - OE/dccy
Ap@L= fOP (2.51)
2.46
8 learning rate
%7 = dnetp (252)
A 8P (sensitivity) net input i
(output layer) Op= (tp- 0”fj (net")
internal layer Op = f(net"Zpd/i) orP
(sensitivity)
sigmoid
fnet/) = p(l- 0 (253)
2.1.1.3 (Decision Rule)
(Unknow word)

Pattern similarity determination multi-layer



perceptron neural network

nodeoutput = i

o = Max (ov 02...,00)

(254)
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