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Korean Phoneme Recognition Using
Self-Organizing Feature Map
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ABSTRACT

In order to construct a feature map-based phoneme classification system for speech recognition, two procedures
‘are usually required. One is clustering and the other is /abeling. In this paper, we present a phoneme classification sys-
tem based on the Kohonen's Self-Organizing Feature Map(SOF M) for clusterer and labeler. It is known that the SOFM
performs self-organizing process by which optimal local topographical mapping of the signal space and yields a
reasonably high accuracy in recognition tasks. Consequently, SOFM can effectively be applied to the recognition of
phonemes, Besides to improve the performance of the phoneme classification system, we propose the learning algor-
ithm combined with the classical K-means clustering algovithm in fine-tuning stage,

In order to evaluate the performance of the proposed phoneme classification algorithm, we first use totaly 43
phonemes which constiuct six intra<class feature maps for six different phoneme classes, From the speaker-dependent
phoneme classification tests using these six feature maps, we obtain recognition rate of 87.2% and confirm that the
proposed algorithm is an efficient method for improvement of recognition performance and convergence speed.
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4 A9 P T2 BY P P(pattern mat-
ching) W8 2AF F1 len, A2AE dd=
I, gX& VLSI A 7jes) e s 9 ANejrs)
AsfPozN A1 £ 2y A3 Y2
{Neural Network) & °}-8& &4 <14 7go] W5
Ha AcH15].

T, €4 49 JF HHe (VESA AR
(speaker independence) (2) 94 &4 ()M $ g
Aoz g & gled ol d& 34 44 A&
AN A9 571 BolFel vt 1G] of & w0
E2) 7} GolA L AAA) Hitge] ol EAl
& 1M37) A8 do] 9 2P (modeling) & ¥
33 Yo (allophone), &4 (phoneme), Thol&E(di-
phone), &3 (syllable) £2] ©o] 3k3 ©9] (sub-word
unit)2 298 34 €, B3 Yejio] A /3
of 4 & of (W, von Humboldt) Z&ol{agglutinat-
ive language) ol &3l ol 2 ofF Yo A
M 23, #4, 8 Ml 7t ZRE de) AR
2{12] 2 g24°] 6% 2782 A

£ =89 Ae 4a(phoneme)g Uy SHE 3
e 84 71 A4 AlagE 7 M Ad
7 ¥(pattern matching) 18-S AHE3A T S8~
Bl P (clustering)oll &% EE e (reference pat-
tern) AYAA] 71@2L] w8 (iterative) 718 K-me-
ans R F] AR AFstnz F2€ Y (clu-
sterer)2 T. Kohonenel SOFM (Self-Organizing
Feature Map) 4174 =92 ALg3t9 .20 cluster-
er?] 4% ¥4 $13 K-means s§% A
B =724 FUF AP FIHA XL 54
AV (signal) & &3 7)E(symbol) Q] FAt-E
@ (quasi-phoneme sequence) E YAl AR
(labeler)e] YE& 583t Rolu}

O. mie iaa MY 5|2

W Ao g AFE Aol FE8 HE
A 78 AT gF3e Torst YT $8& AN
Foi A4 Fgle] 7H5 1471 AAzke °l&
® 7iE AL Bobel F AAE W F ded Y
Z @AM HE Ay L A A (event)
& B, HHPe 2R ojm Ay iR YPYE A

BEEFEALE 4% B2W(1995)

¥ 2} w2} 37 AEo) £F EAE 3 2
xo] &3 2 RK(class/category) el F & 93
€ #A3elata ¥ 5 i

e A4 F2 Wl oM BEAHo2 TR
¥ 88 (statistical) & 2A o] 3 (determini-
3tic/decision theoretic) Wg 2} 72 343 (syntat-
ic) ¥ e ¥ 7127} slejfith. Ao gpde A
77 (Neural Networks) 7182 2 Al A A& %
HorA 7Ee] W A4 7S (mechanism) &
293y AE NI U Ql/eHozNe =
e Y vxo] RPN EAE FFe Aot 5,
ALY FHE /Y 8L AFse AT ¢
2& AEJ golx AFFHY FAHAE Q4T ¥
$E i) BAAT FUY = A0E AR
RE F& 8 w2 o] o,

<4 Q2 Y8 AA gagy FT2E IA T2
A A (delay) £, H=w(feedback) 920l o
& ¥ A(nonrecurrent) Peh= 3 F(static) PR
9 & AAAR(MLP, Multilayer Petceptron) <}
SOFM(Self-Organizing Feature Map)e) A2,
Ae AR Yo ARMH o= WA L) R B
A A2 JeiF FPs] AP =P FHE
A3+ $3 (dynamic) 227} ok

II. K-means 2&2|E0| 2§HE soFm 41
sz

A7t £ AR A2 (YL AHRE SHE R
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B Nz a3 23§ x5 §o F¥}e vAUS
& Av Yot AJdolth d§g 8 YA AT F
zte} BB F2F 23R A2 (fields, layer, slab)
22 At (mapping) sted &3 217] 3 BHself-
organization) 14 2) A2 AR g T4 (M) A (lo-
cal)e 2 FHde AE € 5 Ut )8 A7) =
A3 YL @) A L HojetE ¥ E AY
2 2 ¥ ¥(partitioning) 3} Y }e} E4 (nonpara-
metric) ¥l I,

31 B2 ¢eE

AEHH ARAYAN FPHAE A7) Y8 A
& ZH2EYH FL AF22 #8= FUAA
FEER 4FFE AQ AHE o] RARE (similarity)
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g Aoy 2 el 2F = (proximity)el o
2 ‘23 (clusters) & o| 27 3’ BA eI}, 3
22 FH 49L& HE Y2 Y 172 48 F
slen Fojx BE HESY REE AP AL 24
Z fgse 2L 2 Aoz AAL. oY
288 F4L A N9E 7122 7 £{7
(distance-based pattern classification)2] 4%
FRT TS It
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itz o g 3 2L Akl Wasdiy,

d(x, x,-)

=[ ‘Ac¥ 5% x; 7 A E | 2H £8 34
‘ol st x; 7 2 EHLEY £ AL
3.1

33 K-means TEIE

A FAIE Aidol A=A Fol7 diolelg 8
HEH Y988 8 AE FAS o e
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SHoE EREW ASH AP SYLEH §
Y (merging) X Fe)&€] 9] &8 (splitting) 2 4
Fateld.

ASH AL dojet £ Ao 2§ H S-S
TH}A g 542 NAR2 § Aldeke) 3y
3] ZFase oM P Helxgt FE £7} AR
dFAEE AR AU B2 w3
+ 22|28 % A7t F(criterion function)
4% A <{performance index)®) 43}/ At 2ol
7R 222 R8I g 3l Fo| Ho)
Elell WA stE(underlying) A9 HQ 21FE(natu-
ral groups/clusters)& '&2A%kA €}, o3 A2
Fe) QdEH¢ Aol K-means Ye) S|}, o724
K& 93] 2§59 AFE 71800,
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d& ¥, n=100¢] Mg} K=5¢ 3¢ 24}
Heog 50/5! = 1089 @) st ey §
Me Fus) HAAFozRE T LA AN P4,
2 ¥ %(partition), P& Folol & Barl AL L ¢
T Aek, gebA g BFie FH2HY Bt
& J(Pr& =]1gq

J (Prmn) = PminU (P)) {3.3)

743 ded o= AgsE 3ot ¥ J(P) o) 39
€ Y33 2ok Fo17 £ AE(SY) Y NAY &
¥(x)o] AEW ¥ M F(mean/centroid) A
& mola} 34

my=—— 1 x (3.4)

olx, H7t ¥ J(PIE 2542 AF-¥{(Sum of Squ-
ared Error, SSE)2o. 2 A o] $c},

JsEP) =% T hx—myl? (3.5)

1 xes

atebA Jssee FAIX Bgel dA AN B
(variance)’ & oJm g}, 7] AY Sy ¢, P
= Syf EeldE RE IYER o|Fo) Foloh
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K 2128 d4ue & (x} & 2,
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FEi=L2 ... KA QA i#£ 50D Si(k)E &
28 Fdol m(k)Yd FR59 APE 7L
G714 KR A FFH= A [ lo]}

3 2% 2¢] ARz B Sik)el = E BEEYY
A2 L Ze)2e 4722 A A F-ol
&7t He A2 Fe2"H 34 mk+1)e
AR}, Q714 j=1, 2, ..., K o]c}, uj@] 2
IR A= 228 F4H mkk+1)e B
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li= Ezs:m lx—m(k+1) 112 (3.7
4714, mik+1)2 @&3 B2 HF(mean)o)
of, 8 & S| A8 FAL g3} go] Fof2c)

m,»(k)=Nij DI E T (3.8)
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1) EL P (convergence) AU ZEFcl
282 god £ 28 )
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(2) 7] 28l2¥ 49 dY
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3.4 SOFM( Self-Organizing Feature Map) AlZs|29¢
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Y 2dE 7122 dwR JFE AgH oS 3
t}. Grossherg®] 3§ ¥% ol&(Adaptive Reson-
ance Theory)oly} Fukushima®] Cognitron, Neo-
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H FES e 443 A9 Q2 ARE 9EHD
e Jdd wgolchig] oA A Az T
AoiM Az o BAE B 9 {topology)
SOFM 4778 1Y AR & 234 A3Z =
Z3Hlocalization) A1 A E3HA) 8= dlF) 5 3
P egs T 98 Ay o EAsle od P2
g BHste £ AE7)9 488 gk B =84
A At&-% SOFM A7 Hze} T2 29 3134
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Fig. 3.1 A two-dimensional planar topology of SOFM
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29 Y FHconstraint surface)olld FRHL
=EEGY FAE JAE Bdan AzARAe
AAEH He v fAIS (dissimilarity ) o wlal g
o AddE Az YL =F UEY] g AT
oA 9% FALBL 2y AFFA Ae ©A ),
22349 S Aggo A dojAithe AHL F9
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&L, Wy =11-W I
=021+ IWIE=2<L W) ]
=2(1—cos8) (3.9)

o)A, 48 el 8 FE dE e e
SHE AT 5 ULw cosd P& ¥ HEY @
Z2 7= ¥g9 Ad(correlation) & Wg 3] F7F
219 ¥ (normalized matching) & JEMIC), & cos-
ine A2[10]7} |k #9] A& B 239 AF
(Squared Error)2 2 B eH o71x 948 A%
& A3 o2 Ay (stationary)olet 7t sd ¢
g A Ao A olE gt & Hidk(aver-
age, mean value/expectation value)o) ¥l st =
a1, wH)e 2x9 AT ¥ (Mean-Square-Error,
MSE) ] 519 &g A% o) k& J4adehe LMSE
(Least-Mean-Square-Error) 249 9138 ¢ 4
ity =g o) AL U lE [E B E(target) 3
o2 Bk we] Delta Rule{ Widrow-Hoff Rule) =}
Q39 o Deita Rulee] H4 AF HBF(LMS) &
T 7147 3738 (Gradient-descent Rule)-& 7]
g3y Ad 7= HE We I 209 918 #E 14}
ole] 2 xH& 19 3.2[9]5 o) 7MY F¥ 717 %
¥o2 29 7l 2L ¢ 7 Ut WA 4 (3.9
© HIEQ] 943 2T 3L A 23 = (error
function)2 RYHA, &S A4 2 ¢ HF
3} (optimization/relaxation) A2 Ad ©c}

28 32 717l Sl 2@ 42 3= 23
Fig. 32 Visualization of the gradient-descent rule
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Sloh A e3¢ vie} o] SOFM A7 2299 &
&e 249 AF FF(MSE)R J23A7e 33
2.2 Y £ AUk, 2} AA=Z #E AL F
AN BG 7188 4FF AT « B 8 A
7} 9o} &8 oJAL vEgo] &3] FH(e)H
U 1AM FA gl 4T 9 g B9 A
E7 AH3) R 7 E JelUA E3te P+ 29 34
47 2% deE e FE 43 FohfA R
o2 A3 $E £80] IA XSS <ok
ol §l 3ate] 29 3.3 JeliAd, § Wt 257
29 2nE FHAE 4dA £oz I Y
e AAPes Wel o 717199 B/ 12 L2/
(misclassification) €t} @gkA S3 Az o A7
Z3 3 S4(locality) & REEAN A2 2= AH
£ A Z4 (retuning) & .27} UTH11).

3R 19
CERERT
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U Wy 49

08 33 THE J4H BAA 71UEe 2EFY o
Fig. 3.3 Example of misclassification resuited from local
minima problem
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2 53 A2y 22 AFS) ¥ & AM B
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1 1€S5,

Vese7t TR HAALPo 2 K| g2 FUAEE )
+2 K-means W& o] &3l 92 F=& A=F
et

1 e Ad HE S8 §¥E 84 Az 4 =

o) 8333 £8¥ 7 Sp(p=1, 2, ..., K}l
A FEYs Ay} (i me g Yo},
2. 499 ¥ =29 92 A28 NSl £EH
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g A E S,9 347 (centroid) & & wh¥ch

Wi, ) =—— T 1 (3.11)
Ny ic5,

471N, i, j & M*MJ B3 A=y e 1Y
2(index)o] 2

1<i, j< M olth

3. 1< p< Kl Wiag =€ 1, 28 458,

#1¢] K-means &2 AF HF(MS, mean-squ-
are) o) 2]ojof A 4+ (convergence) & V&Y, F

Procedure FeatureMap_Learning( }

/o €% ¥ =29 QY 2x 2% &
for (i~ 1.1 < OulputNodeshiumber & | «— i*1 ) {
for (j+ 1 ;) < MouNodesiumber 1 j «— jel ) {
Wi~ random ( }
}

for ( ¢ > 0 &&anl < lteration ) {

/» Qg MY 46 YUY
for t S, €1 %@ 48, Su 1) {

Pl L )
for i~ 11§ < OuiputNodesiNumber 1 i ~— i+l ) {
distance (i) ~ 0

for {j+— 1:j < nputNodeshumber : j ~ j*)) {
X distance (i) +~ distance (i) + &l . Wy}

/92 7Y X7 v

k=i

for (i v 1.1 £ OupuiNodesNumber + i ~— i*] ) (
# ( distance (i) < distance (k) )
X~

}

fo B BT 2
# ( K~means Training )

1
Wa ~ :;s."

ese
for ( Neighbar(a) ) {
for ( j+ 13 j < tnpuiNodestumber : j «— j*) } {
We; = Wipvesl [-We;)
)

s BeAuIE 24 o
#(t2 T}
L
Neighbar { ) ~ &g+ Neighbor ()
Tugmas +~ @70 Topreon
)/« for Sp
l{K-m'l'w}
QUIT lteration Loop

}/* lieration «/

I8 34 K-means 2326 do] %€ SOFM #e A
Fig. 3.4 Learning procedure of SOFM combined with K-
means clustering
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d AAE AN FHL FAY e A7 A
(mapping){<7]Ne ¥4 2 A 7= #ET)
€ ¥A3] XA(capture) 3t Y& e £43%
£ ao] ¥t it K-means ¥ 85cn
¥ F Ak

Y E g o] HMAHQ S ARe 2™ 349 2o

V. A0 g 3 28

412U B4

T Ao M AHEHE BE 2450 dolyee
AT 715 & 7HAE RE ohin], upehA ojm
@97t dejH ez feofui HAEY 71EE #Evh
€ 93¢ 9ot dd. M e 3 992 S4(ph-
oneme) & A At S4 BHL haA o
oA wNoz B4 fF FHalbel mat 4y
gbd px ong g4 BES AP F49 F
£ gaz Aozt A 4 Aok T AU Fol,
WA zlo], AHH zlo], AFH zlold M=
L& AA Qe WEo] A & F ULk B =8
ol 14 thdez HHY 42 SES L1 2
o 240 BF 71FEL 489 B9 & Al{man
ner of articulation)ol] W} 33 (stop £+ plos-
ive), opEe(fricative), ¥} &(affricative), &
(liquid), Bl&(nasals) o2 o, 2 &= 3§ &
2.2 (monophthong)# E=2-2(diphthong}oz *
F3te & Sa7 A 54 A=F TSR

B AYGAME 249 AP ¢ TN 2L F
dilgon 249 A HFIZL FALYN ns

B4 20 &47
Table 4.1 Korean phoneme classes

o - N
Zaa4 g w AF
| HE M, T, O 3
4! s W, T, T 3
| 3& X, E, 3 3
%, vl & o, w, al(lfr), (o) 4

o} &3 A, M, F 3

g z,za 2 3

5 gRs o}, 9, ¢, % o], ol 7
- | B2es °¥°=I.9.ﬁ-°l$¥*ﬂ-1$ﬂ,$l 10
FlWag 9,5, H 3
A # v v, L, &, o0 4
A AN S &2 43




SOFM A 2R 23§ 0188 @30 2 A

A Bge drge /o, /d/e THHAR
&9 /o4, A/, /S /A, [N/E TL R
2 Agsigc 2 48 A9 Y S49 &
B3AR FAHAT

2
» 1
o
25

2 MAT AT A EHN R HE £E

24 A5 UL AN £ BY 3 AP E
AR AR 8 HE 2 A3t

1. 9y %3 98 : 70Hz~3.4KHz

2. A/D ¥$: 8KHz 4#3 (sampling), 16 H]E <}

A} resolution)

3, Pre-emphasis : H(z) =1-0.9527}

4. Hamming A(&24) :W{n) =0.54—-0.46
2nn }

N-1
of 7] N=100, Z# <d{frame) ZA°] =10ms

5. 123} LPC A4

6. 122 LPC cepstrum A {¢;~C2)

7. —1~1 2 A7 3Hnormalization)

4 g 2 HZES 53 F& {3 gH
ol AR 7 249 AL A dol9} K E
B3 3% TN PRE o) g5d[13] +F2= e
Wol(segmentation) dHstAvt. dhte] FA¢ &
&7} A, 39 g4 oJsje] 4 Y o249 &4
F BY(2HMER, A& A3 F)o) G2 d8se
BAL =& AP (coarticulation) o} &), &4
3 53 422 $4 @30 w2} Fy s A3}t
B AME Bekste B8 o2 g 28 AYS) 9%
o] z& @AM FR(CVCH dlojet wlo|2&
TSR D, e £ 12002 w3,

1 24 2 (CV &3, C'=0)% A% &2 74
24 AS(C) 19M%QRR(V) 77538 24
=66553

2. 25 (V,C,Cl=0)

(1) 22 & 77 %258 33 =175_73
(2) B2 1071 %258 LA =25084

3349 (VC g4, C=0)

S22(V) 77l %FA(Ch) 770 %58 ¥4 =24583

Wit 4 FE&E A 42 3L 2513368
AHelg.

cos{

4.3 SOFM MZAY 8152 918 Maio|g 83
1. 94 7= 273}

167

Kohonen& 0.45~0,55 Alol ] gteg 273} 3
tH5). & =8N E 0~1kl2 27]8 s}

2 34 29 == 5

7 A RFERS AANE 483 YN 58
& A%e) wer) Yasioh

2 AYANE 6x6(ASF), 3x8(2e&F) B
A28 T2E AHeEac

3. %458 A% alt)

0<a<1g DEIEE 2715 (0) =0.322 8
Qon Azo| Ao wel MPHoz FAHEHR
o) =a(0{1-——)& H2a9om 43 N

segment

I3 T=100022 32, TY F7H&L 5 &
FAEL 022 FAUh o¥A oz 92 2=
) A§(weight bouncing), A3 NS o8t
szt &

4, °]%(neighborhood) 2] 3 #1 NE(t)

o)l W UF Fod 98y v@o] of
olx]z] g % Yom2 NE(O)e AW o &
el ZPolel 122 sigen 48 AL 74 TiAAM
E 059 482 APAAR 2 o|FolE NEE L
2 nPAR

5, W+& 3 4= (Iteration)

AMHos AL M5E 2000802 433AL. Ko-
honeng A¥H o2 10,000~100,0008 ] 18 & A
o,

2% 4.19) && HePE alt) 2} NE(t)& el
Ak

4

M: T
AZAES  AYM
@dzel Mave

AU NE{)

03

0 1000 6000 31000 156000 ﬂte*m(r

22! 4.1 3 A2l Halt) 2 NE(t)
Fig 4.1 Learning parameter a{t) and NE.(t)
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; q48 &4
"l( axa B ne sl —( Labeing .

W FEtd LPC cepstrum coet. \\ Feature Map K-means
P -p} (Pronctopic | pd g e
s Map)
Chustaring
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axn
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Fig 4.2 Block diagram of the proposed phoneme fecog-
nition systen

el 4 (4 &) 2] 2 w/m ? ? v/ | 0 s
e |osa|oml 4 [Met| 2 | 2| o ? ? ? u ? e/
s e 4| *|o2j2s|e]e w/e | w/e |2 h ? c
slemje|a{e]|alele ' S LA O T
? ?
ajls|lalrtalalala B - L -
" " . y " . " o 5 El o o ? y/
omfoantlam| 2 |2 | o |7 |7
|4t |7 (9] )7
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alasloml 412w s o) o u L R e
Y IR E IR N N ! ° ° -
o o ? al c ©=
saefar|r{s|2|2|=
v o , ki < =
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13 w/e L) Y o a
dfa|laglafjalaja)a
wep| ot ap] 9 |7 | 9| ? |4
FEREEERE S RN E N L]
© o)

2 43 K-means 3¢ B, 59 229 o
(a) K-means & A9 @2 & A=
(b)K-means &4 A2} fu, c, 7/ AE
(¢)K-means 8¢ 2] ¢2& A=
(d)K-means && £ /u, €, 0/ AE
Fig 4.3 The phonotopic maps before and after K-means training
{(a) The monophthong map and
{(b) the /B, D, G/ map before K-means training
(c), (d) maps after K-means training
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4.4 K-means 8¢ &3

3 4.2 AUE 22 Q2 29 2YEF
YEPATE 29 4,300 o] B Xl B F ==
8] &4 A =(Phonotopic map)7t Wety Ak Z
e H33E 24 0§ g0 B T €2
ZAE @3 99 e § Blaste] FFLE B8
(labeling) 3l¥t} (a)e @2 &9 S4 X=H (b)
e fu, €, /9 &4 A=zt ()% {d)¥ K-
means o) A3 A= FA Ml ERHAL B
o Fr}, )R o] FFEY =9 AF AR
£ AZAY K-means Yne]Se #8442 F9¢0
b wleld A4 el gaa ng £YHE 7
A2y 982 AR 3¢ 43004 7 EAls =2
o 9 = HYHE A S-S oot

452t B4 W oA Ha W 1Y

Z a7 AP A4 gL HA F 4 (speaker-
dependent) 2 2 o] F oA 20 &4 T (intraclass)
el &4 A& A dl$- 7] Wi A
48 AAYe) MY 2R 58 A7l 23
ol § 5 Aok 428 Q4 Ae F 4.29) 2ol

A4 Yoz § HA S ES(tocken)s] &
% 139670 9128, o] T < 30%< 40770= Eol
Abgelgen g ArbatA) @& YolA 70%<)
B9 E HIAE oz A By EES By
2R7d h@Me 52 4z, A4 B F R
23 22 AP B 5A WH(SRE 74 %28
44) 8 ¢ dolelz ANk

Ad 23 2Tl gl e AMY o2 95.9%2
£F 580l ¢y, 53 @R 35 Q4
ZF AU Bedel A% /8/8 /A/=, [A/8 /)
2 A% 25 YReH ol ge A U3
Ale] 3oz oAl AL e IANH
o2 82.6%9 2 YNEE 2R HET 3
+ F 2o S el YN Anyer 2}
249 4 53 T steady-state segment) & F
oly717} ol gk @AlE 1= oiged AHEE
AAle 3= 217t £ F90] IR 4
YA QY HEd 39 5 7L AdelA 2239
22 Fc). 24Y 2 82.7%9) A EL AUt
FS R ulRe] A SYFe2 ARH A2EH (cep-
strum) 9] E4F ol ued, /u/, /u/2 vIRH
T T BYE #e e 3% TZ(vocal
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tract} & 2dgsle FF AL A EAMPeE
MM o/t fa()/d B4 2E&H(articulation
point) o] fAHE BAE EFo) 4R} ¢4, /a(r)/
g AL BH FYOl +4Aeh(95.2%), o= 32

B 427 47K A &4 203 A
(a) =& AA (b)) g
(€} %, ¥R /o AL /HAAS (A FH/A4
Table 4.2 Korean phoneme recognition results for each
class
(a) Vowels (b) Plosives
(c) Liquids, nasals/fricatives/affricatives
{d) Final consonants and the whole

E A
& 2 E}e‘?gﬂ;& das| a4 =
o 2 -
o} 5 20 0 100%
o 5 20 0 100%
"X 5 20 0 100%
¥ 5 20 0 100% | 100%
o 5 20 0 100%
o} 5 20 0 100%
of 5 20 0 100%
| = &
%k 5 20 1 95%
o 5 20 1 95%
a 5 20 5 75%
+* 5 20 0 100%
o 5 20 0 100% o
% 5 20 2 0% 9%
il 5 20 1 95%
¢} 5 20 4 80%
% 5 20 0 100%
$ 5 20 0 100%
2 & A A 95.9%
(a)
E & #
T I EE=s hind IS
=} 9 +
Y 14 21 3 | 85.7%
o 14 21 4 | 81%
) 14 21 3 | 85.7%
x 14 56 8 85.7%
= 14 56 1 5% | 82.7%
d 14 56 9 83.9%
w 14 21 2 90.5%
o 1 21 4 | 81%
n 14 21 4 | 81%

(b)
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+, ¥, oh 3, AL
o 14 21 5 76.2%
v 14 21 6 71.4%
a (/) 1/14 21 5 76.2% .8%
r/14 21 1 95.2%
A 14 21 4 81%
Py 14 21 5 76.2% | 82.5%
2 14 21 2 90.5%
= 14 21 2 90.5%
= 14 21 1 95.2% | 95.2%
x 14 21 0 100%
(©)
3 4
- 14 21 4 81%
b= 14 21 5 76.2%
H 14 21 6 71.4%
w 14 21 3 85.7% | 78.6%
= 14 21 6 71.4%
o 14 21 3 85.7%
<) 14 19 4 71.4%
E & %
AA [ % 5| 92= A4 | AN §
407 989 127 87.2%

P 22 5L % TAY Ao v oFE
T A% 53] /A/F [n/9 BF o) BojAE
B, 5 249 A& A7 Yot YRR HAx 84
A%s) o] KA EEo) At 2y /5/9
A% BF 580 $40:4(905%), 718 53
Heo) gte] T S HAE EAN JUF R
o2 Yyzag, BFL2Y A4e 59 A5 Hde
R A7 A% AR Yo) AR E ST HY~112
e 7ZaAQ LolAA, B3 AF & C~Cse
RE7t ANl FRAFE o 4+ ANk HBLe) 3
¥ 95.2%9) JAEE B £ A BRRE §
AR 4 A WzA A& A Yolst 2
/v, a, |, o/ A% f& R 8] AN [e,
o/ /L/9) E£Fo AMon, Y& (implosive)?]
/7, €, u/d A% A& N Qolx HRA F2,
g 2 gl MYs)e FPo 29 Aol FrH(transi-
ent region)ol o] K& B3 FX AP YFU
AYN 4R B FUE TV 3Tggoz 3
fed, Hol 2XE TP AYS AY 2R F

SETREAE B14% H2M(195)

Gol A3 2ojFE BAANAT. 49 2H 78.6%
o] A4 EE A3, :

7 ST A A A4 2 BF A2
BFE 87.2%9 V@& 2R O g F
& 4

v.gd 8

AR, B EHL 3 A4 A (Multilayer Perce-
ptron)7} #HE FLE FEA FEA 2 EHA
A& o7+ (overspecialization) & @2 F
£33 /¥ (piecewise linear) 48 ¥4 YA
= ¥7 59 £330 3,

A, 53 5% dAM 49 B FNe A
o] Q14of { AT FAolete FFH ov)r} FoH
A 282 o2& AHShe SFFN e A
A EAME 3 el Ao Dag 5L A
¥ ¥sa(feature selection)’} Atke H(dl, state
= JY 4y A3

A, A 427l (intraclass) oAt 214 4@
€ @ ol 7 329 f i B3 FT(steady-state
segment) FE7t FasA Y b SLFU(inter-

- class) HH2EA|de A4L9 e & A nje

Ao] P transient region)d] PR} ¥ F8.
¢ oL7 HER 32 $49 5 HE S P&
T ste A9 Aol & Yol dvke H,

YA, B4 zt S4T30 PR (overlap)oi
BE Q2] B¥(reject) YYgol SAszz AT &
Bl A 100%¢] A4 & 7Ids7le oAfdcle 3,

AR, T 3% Aoy 2¥ R UER §
&2 AHEse g dddye) £F g 343
28 &4 g e S 7E 3 segmentation)
gAdA o7t Yo e ol & R F
¥ AL 271 A autoassociation)& =83
e UEY YEYo|nE 3 4ol Ackn #A
o.

+4 Ao AF T8 ¥ AY A5, 9 8F
9, A4 54, 945 S 4 YT FYFe A A
A Sl Q4 Yuo Adet) B3I 48 7w
2.2 e 4 A2 &4 B/ 5Ho| Folob
. & 24 A4 @ AelA 100%9] AN EFE 7
HE Yo Qe Aoz warHIe) susia @
e AN 4 A gol WA Ygoigts Y
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9 A9 AW ALE 0|88 8L Bz
3171 & o)},

& A7dAE ST YN U 712 7SN
A QM9 W @9 BN 4% e, gR4
ol@ A%e) 242SF ¥ A SOFM A7 Fo
2 A4se 498 ST 2 22T WL IN A
Age w2y §A Ykoo HAE Holge o)
@ 874 34 Y AR 87.0%9) vind ge A48
& dol #4 A28 e Bad, 22 A
sEneE A4, Jdvt BAsdne gost
S 59, & A9 ALAA 2 LFE FF
2% + Y& FAL &¢ WFA AANE 7
(rule) 88 7% Wo) 2(Rule-Base)sts} 2¢g 5
o s 2shok & ol
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