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Overview of industrial process monitoring methods based on independent
component analysis and its extended model
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Abstract: The independent component analysis (ICA) is a multivariate statistical analysis method, which is often used
for non-Gaussian process monitoring. It can effectively use the high-order statistical information (exceeding the third
order) of the signal to extract independent components, which has been widely used in industrial process monitoring
and is a research hotspot in the current international process monitoring field. As such, this paper introduces the classic
ICA model, the improved ICA model and its process monitoring technology in industrial processes. Firstly, the classic
ICA model is introduced, which is then classified and the advantages and disadvantages are pointed out. Secondly, in
view of the shortcoming of the classic ICA model, the development of the improved ICA model is sorted out from three
aspects, including ICA’s own problems, noise and outliers. Then, the industrial process is applied as the main application
background, and the ICA process monitoring technology is evolved from simple to complex industrial processes. Faced
with the single and mixed characteristics of operating data in the industrial process, the current research status of the ICA
and its extended models in industrial process monitoring are reviewed. Finally, the problems to be solved in this research
field and the future development directions are discussed.
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7K ML 4H W 12 W /7 7. 2018 4F, Kassouf 25821 #7 H
Random_ICA . KMO_ICA_Residuals 1 ICA_corr_y —
Tl FH T 5 e A 1Cs 20 1) 7 vk, 8 i 2 AN [R] ) 4

T 187 2 AN [ B30 1) TCs %o TC A RS 8L 7 i 1) S, AT
TR R A R ICs I $R T &, A RUm > 1 ICA J7i%:
TH S5 R . R4, Xie S8 $R 1Y 1 5 T MM-ICA
FR) 3L R ARG IR B 29 7V, 207 1R S R FH ICA $R BUIC s,
Je Kt 22 AN ICA R i o7 i s
32 HEEHRTAGTIRZE—FFEAIICA TR

&
32.1 BhEBFICAKRAE

M1 T PO AT 25 A 538 55 PR 3 B 52,
SE PR 2 A Tolkod FR I 2 3 & & 4, R
FR A B A A A B AR, 4 A ICA B
YL AT S AR M W00 I, e DA Rt A 3 R H s B
AR Y, AR T WA ICA Zh &9 et
B0 1) Kl 6 B 4 7 O v, B B N Hh 5 N A OG AR
B 7 S, AR Bs 5 78 75 iR I TR 3 2 A
i e 4 A Dy 72 T i 2 AR 1) A, AR )5 R T S ICA
155 4 1 2) R 25 =% [B] ICA(state-space  independent
component analysis, SSICA) 15 44, B[ | A 1 il 3 25 i
T2 () FAR TR CVA A BE ) AR PE, SR 5 [F AR H i
SICA MR

2004 4, Lee 5510 K FH # s J BE 9 78 77 ik 4R
7 DICA %4, 2010 4F, Stefatos 25184 $& H 1 8 1930
A TCA i A% e I 777 3 ARl s s U % 12 B 1) 00 3 L
. [F)4F, Odiowei £ & 3, 7E #& B ICs Al ICA 15 Y
K% K PCA B4k [ 25 455, #8100 H1 T~ PCA (175 45
PR, X PSR AN TS F T I M Bh s i 7. SR ELT-3h A&
PCA (dynamic principal component analysis, DPCA) [{}]
DICA fig 1% 4b BE 2)) 25 i 14, (H 250U I A BEAR, D ik 4
t T SSICA B A9 e LAY iZ A5 A K B CVA B 4t I
SR A A A, SR 5 MAZIRES 2 18] 73 2 H e vt Jsr
(11 1Cs FH T3 72 5 . 2012 4F, Rashid 51861 % H ¥ 3)
T R P A 2% TV F2 (K 3 25 45 [F)4F, Yang
SEISTV R TE o %2 v e DUAS I AR A /I g 5, 4 it e
3,12 i CVA 5 ICA 145 & ) CV-ICA J5 1%, %I VA4
AW IR 2, 1 Je R CVA A 2R 3 R H000 (1 3h A&
Rk, R 5 SR T ICA TH L ICs, S50 45 RIS IE 117
R AT AT YE RN B 2015 4E, Huang 251580 7 DICA .
DPCA MBI 5 fith -, $2 t — g A A e A 1 I 5 v
DPCA - DICA - BL ZJ7 i KA R B AR 78 07
AL PRI R B AR, 383 Jarque-Bera K5 U 14
HAME AR (AR m i il R R EE T
— AN, SR 5 il DPCA I DICA 43 5l % 5 i e i A
A e i e B BEAT AL B, B a5 A S DB e 0 2
B B 276 VL oR. IR 45 R I, /2 TE i 2
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FR A AL S22 Wby 1207 10 B SR (R B I P
322 JELRMEICARA

FEANER S A A AE S5 2 0% Tolkad v, i R AR
R A7 AE W] A AR 2 I, T eV ICA B K B 45 ICA
PR S o 0 T 2 S 00 e A A e A4S 81 A ) M
ROR. N T A RSB IR i), XM e F R T
REAFLIEICARAL, o, B TR 77 B A A
WAL AL AT B R AR 5
BT AS 06 8 7€ 1Cs N HUEA /By AR 4 P 3 7
HR SRR 716, 2005 4F, Yang 25189 25 544 PCA (kernel
principal component analysis, KPCA) f1 ICA $2 Hi T #%
ICA(kernel independent component analysis, KICA) 1%
T AE AR L 2“7 B R ekl 12
B A e S 3 v o 2 1, R i R T 2k T VR B R R R
RS AE, 3¢ J By i I8 FH 21K 1R 53 458K 7E KICA
FRFEA b A7 A2 H R ek KICA R4S ) J2 12 W
. 2007 4, Zhang 25°0) 7F KICA 3 ft 42 H T
LR PRI FR B ME AR A, BOE SEIL T AR 2R M ICA R AL 11
i .

Lee S50 7E ICA i A5 Wl 77 T ik 1 v 2 %5 71,
A JIHIHES] 1 ICA 151X — Sk i B FH 5 5 e 5 B A
TR R, B AR IR RS 2 AT I R AR B A AR AE )
FRL IR AR, 5 N R S Az e L
FES B ) ICA BEAY, 2 1 1 KICA 1 % i il 77 v, 1]
i, B 7 A g — B I0HIE | KICA AR 78 4F 4
I A WU P A7 R4 V. Zhang £ 38 51N AHALLE 43
Hr RSB JR S 07V PR A T KICA B A (o SR 22
Bt B 2% . 2009 4, Zhang!™ 454 KPCA 1 KICA
DL 5, K KICA Rl KPCA 5 ] T R G i, 48 J5 >k
FI SVM X # b E 4T 43 25, 2012 47, 5% 4 55 551951 -
KICA 3 75 1 I 77 v 22 W H 48 3525 17 J5 =y 08 30 <
GE AR R 0] L, 25 & KICA 5 J5) 38 42 £ % 52 (locality
preserving projections, LPP) /& tH " 5t [ KICA i [
KLl 77 7%, 2014 4K, Zhao 5516 £1%F KICA W S5 s i ¢
152 B 1) 85, 412 L 7 0 T 0 1) 8 A KICA i B i 77
. TR, RN R AFEET B T KPCA 5 KICA 145 &
(X% 77 5. Zhang 2518 7 KICA HEAT M B A Ul 11 22
fili b, 5% LSSVM #EAT #ib 12 I, i 57 1 5 2% Tl
IR AR MR 2016 4F, Xiao VR F ICA A
KPCA 48 #e23 [8] p 52 BURFAE, 2R 5 (T 2 4> —
K SVM SIS AR 2 P i 2 1t B 12 . [R] 48, s
SELI000 2 18 31 1Cs % 28 48 W Pt ot R AR T 0 A TR, 2
7 1AL KICA(weighted kernel independent component
analysis, WKICA) i [ 6 U #5575

2017 £F, Du 100 it #5247 5% 1 KICA (fault-
related kernel independent component analysis, FKICA)
TR M T V2, 1207 Ve R R ) R A () O i
AT A8, A BT 7850 M D se s b . A4,
Cai 1O F2 HY 1 37 (0 5 T 7 VR & 1 Y (Gaussian
mixture model, GMM) [1¥) WKICA 13 F2 W5 i 77132, 1% )7
15 H %6 K H GMM il 11 KICA $2 B ICs [ HE 2 (F
T, AR5 3 Tl T B X A B B R AR AL
{1 32 1Cs I O H 7 BE B K BB, e J iR AT AR 4&
ARSI K A2 . L A, A AR 4 SR A 23 T 1 AR
KT ARZAE TR U7 2, 2k I B i R ) B
AR, 2018 4E, AR P KICA SR A7 ICs 3 3 = ok 4
HIWIIR B SR AL K B AN AR 0 7] B, Feng 4511031
2 i 7 5 T Hibert-Schmidt 24 37 P4 1 ] ¥) KICA i
WA I 7 9%, 1% 07 R BB I R T E B 5
P B PR, AN PR AR 1 T 550 53 % 8 M S B HE 2, T
H¥g & 7 #HkS 2. 2019 4F, Wang ZEU04 52 4 7 1K
B KICA(supervised kernel independent component
analysis, SKICA) # & &6 I 77 2%, % J5 15 78 ICA 1 5]
NGAE AT 53, AL RERS A AR IR L AL RFALE, 1
HA R T ASE S0 A 1] 10 B0 B, A A 3R &
HEEAT 55 [ 4F, Zhang 15T g v 52 2% Tk 7%
Hhlsg BRI B AE R L D TE SRR GRS A A
R AIE ] 5 1% % (feature vector selection, FVS) [t KICA
R RS ) 75V, % 07 v i R P e B AR 1) A e
A0 22 10 2% bR 0 B 5 1% B8 B iy KICA BEAY () =2
) Rz ARe 77, R A FVS Bk BT 2 2% FE. Liu
SEU06)$E 1 R TR KL 1 B AL 4K (chaotic particle
swarm optimization, CPSO) ] {C it KICA #ig [ A il 54
7 CPSO-KICA, iZ A= AUfig th 1 KICA AL % S5
M BUEAT (AR L 1] R
323 HHTICARA

PCA A1 PLS £ 13 R 503 Al A e 397 73 A R AECBE T
BEAT LR W, ICA 1R IS AT B8 265 AN IR A IE 25 73 A1
FRAER T T AT R A 0 S 12 . A S B 1) b
i, SRR AR R L v R AT R v R R R AT
o] 51— 1) MSPM BOR#AS (2 L3R B A5 5. 2T
e, NI 7 VR 22 T A ) 222 W 1) v 37 ICA
RS MR H AT AT SRR, = ICA B2 2 73 0y
LA 32K ICA-PCA B M PCA-ICA 7Y,

2004 £, Kano 7 2 1} 7 ICA 5 PCA & &
(¥ 20 4 G b i B2 2 ) 7 15, 2007 4F, Ge 511081 2% 1§
B Tk 75 55 52 0% & g0 i 72 s T RE R N R
A7 A v 390 R R v R 1, B2 T ICA-PCA 1 25
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5 S BE HR Id AR M AR Y. 2008 4, Liu 55101 5 H

PCA # BURFAIE, Ji K FI ICA M PCA [ PCs 42 X 3
= 7R L. 2009 4F, Ge MO 7 Y T ICA 5 1 >
MT (factor analysis, FA) #H 2 & (1) 1k #2 W5 9 77 25 ICA-
FA, 1% J5 72 8 56 R F ICA 42 BUIE i i e Ak, 48 J5 R
FH MR 2 77 32 44 0 A 1) v 397 560 G 0 ft D9 v A ) 52 W)
ORI AR AR IR AN 58 PE. 2016 4F, Jiang SEUTY 42
H T 45 A U T ) PCA-ICA # I i2 Wi J5 7. 2019
F, Zhang 21121 $ Y 7 YR A ICA(hybrid independent
component analysis, H-ICA) i3t #2 5 Wl 77 ¥, 1% 7 1518
1o 73 M B A 2 S AR P Uy 2 B A BRI 1) 45 K A5
B M e tE B (B A w4 TR A Ao B
RS B A4, Xu &L ICA-PCA 5 AH K M &L
(relevant vector machine, RVM) £E ik, He i T H T HE
= R R = 1145 B (1 ICA-PCA-RVM £ 4% 5 i 72 1
DT 515, %07 V18 F RVM 4328 8% B 2h it 545 1l R,
BRI /D T 454 N SR BRKE 3 X T T bk (R RS .
324 ZHESICAER

FER 4 T RE AR IR 7= i 2R T7 &
20 5y AN R A A B 2 B TV AR R AT AN RS AR
L AR 1 22 S, Rk, 22 1S T A () e 7%
e DA 72T I PR O T A RO Tk 2 S Tl R
R It R DU HE R, AT H T A ICA 2R e 7
e 1) N T RS TR X 5 R 3 A ) 1) P9 FE BB 2R, AT EA
SR FH 42 - T g I Bl X ) 70 19 77 7% 2) B0 B
oy Tl i 78 52 25 (W A5 R R i 20, BA 2 I BORk I )
AE 0, PR FH AR 73 BT 12 5t HEAN 1) 5 I B 73 ol 4 ST
A,

1997 4, Gallagher 2514 5 H K 22 40 Tk i 72
A2 INF AR 1R, DR] 0 M 03 28 5 2 5 S A W 3t 5 T
DAY DL R 3X Fh 3 245 PR AR K. 2004 4F, Kano 41
FE T EE T AN A 1 2 A A B AR 2 W
J7i%. 2012 48, Rashid 51OV 45 0 T BoA 2> AF
AR AN E A R G A E VR 2 A T R,
MSPM $ AR AN 3E H, B O BAT T ik R AR e e B AN
R R AN B E A, v ik T R TR A S R EER
7Y (hidden Markov model, HMM) f¥] B i& . ICA J7
% HMM-AICA. 2013 4, Zhang Z£M7 K A &= B £ 45
10 JE 4 2% ) 1) 2 ol 2 FE IR 7 9 3 4, 2 T Sk 1
KICA 345342 Ja) 1 20 A 285 4 o) o M~ 2 ) |, AR5 70
50l 93 W B BT B 2 3t K g 5 B O, SEBLR 25 A A
AREAT /T H 1. 20144, Jiang G 4 HH T BCE
R 235 i I OU =R ISR 57 B 73 43 BT (double-weighted
independent component analysis, DWICA) f] % 15 75

e BT R M 7 5, B 2K DWICA § R 2 2 B
WAS. 2017 4F, Zhong 5T §E T & 55 J# ICA(local
entropy independent component analysis, LEICA) i £
M7V, 207 VR I R RO A THH B 2 S
R ) S

3.2.5 [AERICAREY

IR % TP 72 2R 7 e B, SO [A]
B3 ORI, b E] Tl o A2 B A SN 2% g A7 HL
FRI20-1200 b B i) T o AR st A = R B B
S AES PR AN [F] T R TV R i — 4R, X DL
B ST LT, A] R b R R 42 1)
TN B IR, NI, B FOR S E R T 20 F TR
LN K 12 Wi ) B ICA RS 2.

ATl ot R 3t MR T DA X (I % T x
K). Jp: TP R EL, T oA B K O
(6] 741, ] LU 3 M7 s =R RE X (I < J x K)
J&IT, 98 J5 iz F ICA BEAT Wi B4 I A2 2 W, (B A Y
RT3 38 & B 1) $ IR LRI My — A 4
JENT x JK HIFERE; 2) 4% [ A8 8 e T, f i — 4
UEFENTK x J WA,

2004 4F, Yoo 251221231 fj; i £ 1] PCA(multiway
principal component analysis, MPCA) ] 22 #i B, j#%
& 7 £ [\ ICA(multiway independent component
analysis, MICA) £ 1% #8715 Sl ¥ = 4 3o F 0 s
X(I x J x K)JEIT 48, 2R )5 K ICA BEAT
1L AR W . 2008 4, Zhao 551124 7E MICA 1) £ fiff |42
73T MICA ) B & N 2 MR AMPICA, %
B E TR Rt AR 2. 2013 4F, Yu SEU 2R H T
) MICA VR & B [ 5 1 HA5 B R b A I 5
W7V, 1% TT R AN RE A D AN 5] B B 1) S
HAF, 1L BE AR R A B2 12 W R AR B[R] 4R, Guo
SEI261 B T ek 1 MICA 78 28 ik A #4372 R W
A2 TTER T A S ICs 8GR, 51 N AT DLl A
A AN ICs (1 E AL LA ) 3R Ge i 228 W, b 1 ¢
P 1S 7 428 11 9 L, R FH Box-Cox e 454 M Il iy e vt
Bl e 4 o e i oA .

3.3 HEEFTIEIEREESFEAICATIZ TN
7k

Bt Talk o T A AN i 52 240, 2B i) Tk A4
ERZMRIEIRG R R ARG IR =R
PR ACR, TR A BT 7 an Tk fe:

D)X T2 A& R AR SRR IR S 1 2 R T
Mb it 2, Fan 25027 42 H4 T #% 8 45 ICA (kernel dynamic

=

independent component analysis, KDICA) i F& Wi 77
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%2 Sun 2511281 45 £ CVA il KICA, $2 i T CV-KICA i
ek 7 v

2) Xt T BN AFF AN R PR TR A 1 R 2% Tkt
2, Tian 211291 45 £ PCA . CVA 1 ICA 1X 3 Ff MSPM 4
PNE a2 TN E N e

X T EEREN Z SR IEREGE R T
Mb i B, Xu 2530 38 T g A& DL ICA(dynamic
Bayesian independent component analysis, DBICA) i
RGN 7V, 1% 75 92 S R B R e 7 78 T VR AL P
LT H I B B AR, AR5 R BL ICA M 45 5 257
R SITRE Rl

4) %f T AR Lo Atk A At A v R MR VR A O B A% Tl
I #E, Peng 25131 B B2 T ICA AL BES) 2 PLS HBh 25
Ty E R AR, R TR 2 B B sh AR
Rt AR o I 2R

5) % T A L Atk e VA v R MR VR A I B 2% T
AVt F2, Xiao %5 Ja 4 Hy KPCA-ICA i A il 5 121321,
J& K KPCA-ICA Hg [ 5 Il 75 i A1 22 4> SVM 45 &
AT HBEIZ ). 2014 48, Fan %55 52 1 1 I3 KICA-
PCA(filtering kernel independent component analysis-
principal component analysis, FKICA-PCA) iz 2 W
T3, SIRER KB R THE T ICs 95 22, W LA
B2 e 207 0 3 e T ARFALE

6) X T AR Lk R 1k AN 22 2SR TR TR A 1 R %
Tolb e A%, Yl 39§82 7 A 2 A v 7 TR A R Y
(nonlinear kernel Gaussian mixture model, NKGMM)
A1 2 7 7. Na S50 2 1 17 KNN-KICA i
R 77 7.

7) % T A SV R R TR) R 1 TR S ) B
Tkl %, £ W AFO R TR T KICA |1 Ja) i 2
15 (kernel independent component analysis and local
modeling, KICAALM) W5 Wl 77 2, 1% 77 ¥ BEAS 75 Al
THA SR B AE, SUfF U 1 KICA AN B B4 A 2 [R] i
T e 248 T3 S0 A R AR 0 A AL MG AT R Y T
T MKECA [y B ksr il S 12 Wk J73%, ST iE o 17
KPCA 44 J5 O I e 5 4 220 s 50 40 12 4 g £ 6 1 )
.

8) X T v 7tk A A E] R PR A R A T
W 2, £ R RAFDSR T TSR A HAICA
(adaptive multi-model independent component analysis,
AMMICA) H i 5 28 1 I 7 9%, H 2 AP 4 Y
T ICA-MPCA & i 77 ik

O) X T AR LR L v R 1 ) R R VR
f 52 % DAk 78, Zhao S5OV H T 50k O {4k ]

B WU 77 925, 1% 7 108 I A R T A AR 2 P R 1 1 AR
Ak, o A ik Ak B AR 2 5[] 20 S AN R RT B BB, 4R i
XF AT M Be K FH KICA-PCA [ W5 25 A5 S S PR R
A4 1 5 i S A

34 ETHRNEFRSUHER ICA SN 5%

ICA J& — P I FE & g A2 I I 732, ICA K&
L e AR TR 1 g 55 A W i b 38 5 SR KDE 5925 3K
Y 25 42 1] B, KDE 592 R 55 T ICA K H o e i A
F10 3ok A M 0 77 v SR E 4 ) R B AL 1 R R, AE 2 K
ST 5] G T BOEEE ) B, 2 9 R A
M E T REA A, SRS BN SCR AR E. BT
TCA 9 g 15 A WU i A 5 ol 7 1 0 380 2R, & R0 2%
HHEH T AN D BT AR AR it 1) ICA T 72 Wy
R BRI 3K D) BUE ST B R ICA T2
W 2) 2T SRR E AR H#1R (support vector data
description, SVDD) ] ICA i 2 Wl 77723 3) ieidk4% il
PR ICA It A2 I 5 v,

20104, Hsu Z50 2% f& 2 HE U] 1Cs 3l 7 2w A
G3A0, R FHAG IR 2 s W Se v & 12 12 F0 SPE W] fg TG i2:
P 2 MR HE ICs FRFAIE, SR FH R 8 5 1) b 1) BE X
TV M I 4 T 5 R e ) = W #2201 45, Lee 5562
T T RECE B T (local outlier factor, LOF) 5 ICA
FHEE G I A2 M 7 vk, O VR R I TG B R S
WS IG5 A5 Jmy PR 2, A28 R B () S o 43 A 15
W, BB I GE i . 2013 4F, Ak g 04 B
DA 28 L ICA () F e I =48 4% (12 I2 A1 SPE), 2 t
T PRI IR ICA w4 B Aol 45 #2015 4, Cai 5510
P T T GMM-WKICA F 3t F2 W5 W 5 32, 1% 5 2
187 Fl GMM [ A [R] F) TCs Tt T AS [+ (14 A3 28 R FH 5
WERE NG 5.

20164, Chen 2542V £ X6 ICA 78 S I 0 AN B
TR 5 M R 2 W e D (1 B BEZE R o 1), B T
4 ICA. 5K A& (Durbin watson, DW) 5 SVDD £ 45
A [ [ A I 5 92 ICA-DW-SVDD. 2017 48, ¥ 3 5
ZEUB1ER T KICA-SVDD [ g 5 6 3 7 ¥%, 1% 5 2
K F KICA $ B RFAIE, R F SVDD A6l i .

2018 4F, 5 R A4 R T BT HMM I H &
IS ASE WU PR 8 T 77 2%, 1% 77 VK B ] A 2 B4 B 1) Ay
HEAS S5 AR AL AE Dy W e A8 0 1) 4 48, 3 FH B[] 2 77 9%
T2 ICs. B 516 SR TCs 4R 6 W 0004 4 1 2% HMIM A
0,58 5 SR FH HMMASE 2R ) 1 006 o 148 47 FE DG M DA
VT PPAi L P 11 36V R R 0 okl PR, 55 S 3R AT
TE L i B AN
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4 WRREE

AL T I AR W I AR 32 B 55, %0
XTICA K H A RSB 34T 7 BN AT R 4R, B4R
B GRSt Tl ik A A U ) R T R i
e o W S 12 W A Y ABLAT) AN 5 3, 38 7 — P I AT
AT 8

1) 3o % M0 00 S A S e A ) L O T e
B RS M I 79 R AR i R e i R A 1)
AIEEVERGE T ICA Ry A Y i m] SE 4%, D]t 7
ZABME 2B RGO, A DX
W) e AR A A P A R B SR A S ) R
TR AT,

2) 04 3K B0 1 43 A ek 2 MBI . B 4% Tk
R RCE BT AN R A R (S B REE R
) R A% 33 0 S U7 A 49 02 E BF B AN 80 55
SRR AT R4 5] R R B AR 2 L TR
AR DR, 1 RO (G FE MR I R S A A RET 2
SR ) WA RS I B 12 W 5 SR, AT O AR M g
R I Tl ik FE M BAS: I K2 12 W7 R T AT A 7 5 1.

3) FE TRl G 1 AR I 7 vk R T O B B 1)
MSPM $ AR AE Tkt #2555 2% 2 4t 1) A2 e I b &
AR 5 AR P, (LI R 0 R AT P AL fr i 2 T R
2 FEOSFE MIE B A ER. 1 Um0
555 R A8 HAE P B ST RN 48 56 038 G R iR
AP LI (32 AT B A7 v, LAAE o A2 M
PERERN P b 5 &, PRAIE A= i R 77 1) 22 4

4) WA T (O F A 3 T AR R B B Ak Tk
I R A A A 12 W T A 9 AR AN D () i e,
FHEE 2R, 2 4% Tl st R i e T 7 T (0 B9F 95 4520,
IREEZE ST BN R 4R 4L T nTRe. 24 40 T
R Tl f b, S0 AR A A S R
(14094 M DA FH A% G0 A B T e i, 0 {608 FH )
iR, R, 75 0 DK B0 1 B2 2 Tl o 2 e g v ik
fitlh b, 85 B BB ACRI R B 2 =) AT e Tl 2 A
AR AT 72 7 15
5 4 ®

I 20 4F 3K, ICA ) i 48 31 ICA BBk e 31 itk
ICABLAY & MSPM M H 2 71k 2 —. @i K ICA K&
Foy F B8 N AR Tl 72, A vk 7 HE e 7 ol
T2 1A 3k 2 00 ) . B o Tk ek 2 R 2R 1 1 H 25 4
I, ICA AR W 7 B e 2 N Tl F2 304 9k
LRNE. T 2R (AER AR B — R R R B 2 R
RAEZ: TSR, ICA K Hy AR R IR T 1
bR W R AT I S A2 W, AR A S AR B SRk E 4y

At MU G TN 2 12 W DG 2 B0 135 A0 PR A 3 45 43
G Tz R, R ICA KLY R A B
KB FAE.
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