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ABSTRACT

TITLE : ENGLISH SPEECH RECOGNITION SYSTEM VIA BACK
PROPAGATION NEURAL NETWORKS AND SOFT COMPUTING.

BY : PHIMSUDA CHAIYAKUL
DEGREE : MASTER OF SCIENCE
MAJOR : INFORMATION TECHNOLOGY [ISBN 974-523-123-1]

CHAIR : ASST. PROF. UTITH INPRASIT, Ph.D.

KEYWORDS : NEURAL NETWORK / SPEECH RECOGNITION / BACK
PROPAGATION NEURAL NETWORK / SOFT COMPUTING

In this thesis, soft computing is applied to the problem of speech recognition system.
The system employs Back Pfobagatioﬁ Neural Networks (BPNN) model for recognition of speech
data. In this framework, the use of soft computing BPNN models decreased the error rate by
25.100%, the training time by 99.991% compared to a tradition BPNN. This is the successful
application of soft computihg BPNN to a speech recognition system. Investigation of the soft
computing model indicates that the soft computing are obviously improved the recognition of the

speech data,
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Tunoun 1 naceuleulvvesnisdugamsSouidrdalaidula

4 { o o o ° 3 { q’;’ 4
Roulufidmuald mageuudaudu wia) Idimtunouf 2 Setunsufi o

€e
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. . - ¥
Hupoui 2 dmiuudazguesnisiSous (Training Pair) v mtuneud 3
¥
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NYUADUN 8
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11"3»1 Feed forward

[ [

£ 4 ]
Tupoui 3 udazmiwdung (x,i=1...,n) 1dSudygauduna x uaz

. v
nsznedyanaluIinisdudeu

£ 4 ]
@ A

9 1
VUN 4 UABZNUWTUTOU (2, ) =1,..., p) WTINHOYUVDIAM M NAY

20,

oy BUNA A9

h
z_inj‘=voj+2x,.vy. : ...(2.10)
v &

¥

d’: o o o 9 0 (Y] o A v @ aAq Y ] 3
nnmdnhileddumanszdu ldnna mdgapaerdnn iNedsdyanuiildnanie Tudu

) ] d )
da 'l (mizeodna) awauns

z,=f(z_in)) ' ..(2.11)

9/ H
v =

v
YUABUN 5 UARUUW (y,,k =1,...,m) TN NAUYBIANIININAY

: 14 : .
y_in, =wok+szwjk .(2.12)
j=1

3 o o a 9 o ] [ 9 A o o T
vty hilsddumsnssdu ludwaumssdumsnszdu ivedudygnaneidyadeld
%24 Back Propagation of error
:1‘ ¢=' J [ 4 o
VYUADUN 6 UARTHUWDIANG (Y, k=1,...,m) "lmu;ﬂtmmﬂmmﬂ
(Target Pattern) Nilnudusiutiu juuuuduns (nput Training Pattern) w1l mame

. 1 e o ) 3 i (; 1
HAWAA (Error Information Terms : 6, ) TavAn &, Hlazgndslidamnnitsvestuidni

L}

6, =@~y )f'(y_in,) ...(2.13)

=i Y

vy 1)
ﬁm’;mmﬁmﬁnﬁgﬂﬁm (Weight Correction Term : AW,-,') ﬂuﬁam"lmmﬁwgﬂﬂm (Bias

| L A ,
Correction Term : Aw,, ) o1 lhlSalgsanimiinge )

Aw, =ad,z, | .(2.14)
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Aw,, =as, | ..(2.15)

[

€

v k4
un 7 uAagnieyugou (zj,j=1,...,p)%saumma@fﬁuwm (Delta

!ee

Y

] -4 Ed ]
Input) Y@Iniwug N 1dFunndu Tuduigenmunnuduiug
S_in =) 6w, ...(2.16)

14
91N ﬁﬂﬂﬁmammmwmﬂ VDIAAT N UWTINTNNT

5, =46 _in,f'(z_in)) .(2.17)

a gy oA

14 14
wdnh ldnnamaniminuaza luseaiigndeuiioni liSuilyernihmindes 1)

Av,.j =ad X, ...(2.18)
Avoj = aé‘j ...(2.19)

¥4 Update Weights and Biases
q’/‘ { T, ] o o o 1 ]
U 8 HADSKHUDANA (1, k =1,...,m) s msdsua luueauasa

v

3

miln (j=0,..., p) Al
w (new)=w, (old) +Aw,, ...(2.20)

¥ ] 3 ] g o o 1 t oy as dy
UAREMUIBYULOU (2, ] =1,..., p)s ndmsdiua luweauazanimidn G =0,...,n) Aail

v (new)=v, (old)+Av, . ..(2.21)
fuit o ANITMINYANITNATDU
2.4.4 szoznmililumaiod
TumsFoudlassodszamifion Fsfidesnsfionnuaunn (Balance)

, a4 ¥ sy .. el
53”')‘]\1ﬂ’]5ﬂ@‘”ﬁ“ﬂQﬂQﬂﬁﬂ\iﬁﬂzﬂuuUﬂqiﬁﬂuz (Tralnmg Pattern) HAZNTADUAUIINAND
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- ‘ v o ) '
JUuuLBUNA (nput Pattern) galvi wiailluanuaugasenivanuaunsediu msszdnis

Y v
. LYY 1o o ' 0 O 1 o
(Memorization) A9t lidutludnzdesiimsaoy sunseRImHaIINURIAISIaDIUDS

¥
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mslddeya 2 galuszniumsBoud mwﬁmﬂugﬂtmumsﬁﬂui AN
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o d . o o & ' a
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. o v = /d o Y A &
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a a1 a ' [ a 19 1A a da ' v 3 Tey a
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et a 3 » y v a ] ] . o A o A
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"o 1Y 1 ] 1o o o [ o
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° . (4 [ o da o A [
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vy 4 9 9 0 ¢ = S a
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& a a o LY =) a .
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wineu  (Uncertainty) Iaunsoniuguldite (Tractability) 5318 (Robustness) wags
' 1 9 d { o o
mldnelunmsudlailgmides Wszauanudida ssdlsznoviiddafie Fuzzy Logic,
. . . . » . o a { o o { o
Neurocomputing {If¢ Probabilistic Reasoning Soft Computing LaJuumﬂﬂﬁmﬂmﬁ'lﬁ’m"lﬂ
/9 3 S a s ¢ -
UszgndlflunaneTlsunsy  souis Senassumendiuns  uuafRemsesnuuuues  Soft

Q

. A : L e a o,
Computing fis A dniinAnvesuyud»

e

ASEUIUNTT Nero-computing UanNYMLAT]
0 Widudaudy

@) finnwemnsathldganuylidudaduanng

@) Whullaninsmguamdounyutinnn h3smsduny

@ dudsylemlveamsFouidwauies

5) dutlszTeminnnquiiiteylugmsnaass

©) Twdslumsuaasdedeiizumedofianaa
Aafinfloususennstuuiladaetn uas Tnsatherszamifion do
(1) dmihiidsznamanngudeyadaedi

@ hidesmsmsepnuuumendamens

@) dhuszuyhined

@ ansauaasdionsmiiuaasde Tnuauazduioy

5) uwassdeyadhiidiuduayluiumadniidudiausuiu

6) anflumsfiuanylinsesiuvesdoya

(7) NeouziRednu

o & d [
®) Mnadnsiudyapantiveviva
(9) NFMUIUVDY N Neurons 11814478 N-Dimensional 404 Fuzzy Set
o A @ o
(10) ﬁ']il'liﬂLlﬁﬂﬂﬁﬁﬂ'lﬁ%ﬂ%"lﬁﬁﬂ’)"mﬁllwuﬁﬂu
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4.1.1 Mmsnaaviveyayadi 1
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f11319N 4.2 Nﬁﬂ']i‘l’lﬂ'ﬁ?NIﬂ5\3“1]'lEJﬂS%ﬁTW‘VIUNLL‘U‘ULL‘Wiﬂﬁ‘U YoYaYAN 1

%’uﬂ%aﬁ Acculjacy (%) | Train Time (second) | Test Time (second) MSE
1 88.889 18.446 0.020 84.800E-08
2 88.889 _ 19.728 0.010 26.190E-06
.3‘ 61;111 | "312.560 0.010 22.200E-02
i"hma'ﬂ 79.630 ' 116,911 0.013 7.400E-02
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M3d 4.3 wamsnaneslasselszamifenuuuunindy deynyadi 2

v
24 b4

‘uﬂid‘ﬁ Accuracy (%) | Train Time (second) | Test Time (second) MSE
.'1 61.111 76.189 0.020 0.576E-01
2 88.889 19.188 0.010 0.949E-06
3 94.444 204.474 0.020 0.999E-06
ﬂ'uﬂétl 81.481 | 99.950 0.017 19.200E-01
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M3 4.4 wamsnaaes lasewlszamifsuuuunindy deyayan 3

Uuﬂ% »1‘7; Accuracy (%) | Train Time (second) | Test Time (second) MSE
1 88.889 345.377 0.040 0.011E-01
2 94.444 19.197 0.020 0.952E-06
3 71778 32.347 0.020 0.794E-06
mnde 87.037 132.307 0.027 3.700E-02
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\d
.24 )4

‘mmﬁ Accuracy (%) | Train Time (second) | Test Time (second) MSE
1 77.778‘. 240.817 0.010 0.998E-06
2 100.000 21.951 0.020 0.666E-06
3 100.000 22.022 0.010 0.943E-06
ﬂ'uﬂ?;tl 92.593 94.930 0.013 0.869E-06
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24 u

‘uﬂ‘N‘ﬁ Accuracy (%) 'Train Time (second) | Test Time (second) MSE
1 94.444 353.058 0.010 0.139E-05
2 94.444 66.345 0.010 0.993E-06
3 100.000 | 25.096 0.020 0.715E-06
fhmétl 96.296 148.166 148.166 1.031E-06
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v 4 Data Set Accuracy | Train Time | Test Time
Yoyayan MSE
Data train | Data test (%) (second) (second)

1 50 50 79.630 | 116.911 0.013 7.400E-2
2 60 40 81.481 99.950 0.017 19.200E-1
3 70 30 87.037 132.307 0.027 3.700E-2
4 80 ' 20 92.593 94,930 0.013 8.869E-07
5 90 10 96.296 148.166 148.166 1.031E-06
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%’uﬂ%\iﬁ Accuracy (%) | Tfain Time (second) | Test Time (second) MSE
1 | 66.667 22152 0.020 0.799E-06
o 04444 15.693 0.010 0.987E-06
3 88.889 20.639 0.010 0.979E-06
Aunae 83.333 19.495 0.013 0.921E-06
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%Juﬂ% Qﬁ Accuracy (%) | Train Time (second) | Test Time (second) MSE
1 72222 19.217 0.010 0.767E-06
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3 88.889. 27.520 0.020 0.815E-06
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%Juﬂ%i‘ﬁ Accuracy (%) Trai.n. Time (second) | Test Time (second) MSE
1 83333 ‘ 105.011 0.030 0.993E-06
2 | ssss | 173.860 0.010 0.961E-06
3 100.000 ' 17.986 0.010 0.681E-06
f’hmétj 90.740 - 98.952 0.017 0.878E-06
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Yoyayah 4

%’uﬂ% Qﬁ Accuracy (%) Tr#in Time (second) Test Time (second) MSE
1 . 100.000 22.993 0.020 0.915E-06
2 94.444 27.199 0.010 0.964E-06
3 94.444 338.637 0.010 0.200E-02
ﬂvuﬂ‘éﬂ 96.296 129.610 0.013 6.673E-04
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