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R

A EeH T &/ S R 25 E 25 (Cerebellar Model Articulation Controller, CMAC)FEF 7~
st B 58 2248 (Speech Enhancement System) » Frf2 Y CMAC (R —(LERRE ML
(Normalized Gradient Descent Method) #¥47j] CMAC 281y B #8 EEH M E » EaELEY
JAMACAERS 7 A RV T 8RN H BN AL RIS B S 0= 2R RS R 2
B J7H > £ CMAC B MMSE {iEbss > Fy T ERfeMERE - TfTH T = B s %
At CMAC JHBRFEE 2 MMSE JHBRHE S (% I EUE LS 53 71 Fy(Perceptual Evaluation of
Speech Quality, PESQ) ~ (Segmental Signal-to-Noise Ratio, SSNR)[L 5z (Speech Distortion

Index, SDI) - FHHEERLE R 041 - (£ =FE5Hh 5% » CMAC BRE2ZE R EAVAER -
Abstract

Traditionally, cerebellar model articulation controller (CMAC) is used in motor control,
inverted pendulum robot, and nonlinear channel equalization. In this study, we investigate the
capability of CMAC for speech enhancement. We construct a CMAC-based supervised
speech enhancement system, which includes offline and online phases. In the offline phase, a
paired noisy-clean speech dataset is prepared and used to train the parameters in a CMAC
model. In the online phase, the trained CMAC model transforms the input noisy speech
signals to enhanced speech signals with reduced noise components. To test the CMAC-based
speech enhancement system, this study adopted three speech objective evaluation metrics,
including perceptual evaluation of speech quality (PESQ), segmental signal-to-noise ratio
(SSNR) and speech distortion index (SDI). A well-known traditional speech enhancement
approach, minimum mean-square-error (MMSE) algorithm, was also tested performance for
comparison. Experimental results demonstrated that CMAC provides superior performances
to the MMSE method for all of the three objective evaluation metrics.

BRsEEE ¢ /MEREAIERIEE - sEE ISR - S/ NI TTRRE
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SO NG A S S G o B [ BE B 58 £ 4t (Speech Enhancement System)
TEEWNER VSRS fEmfs sl EEE(SNR) o 7EVDHEE S (hE T Rz FeE =
% EEEA IR EEAYEE S Ry > 0 E #5831 (Automatic Speech Recognition,
ASR)M1B)EE 25 (Hearing Aids) [1, 215 EM - sAE MR EIERE Y B - BIFEEE
(Unsupervised)F1E5E (Supervised) B2 » JRETEREH M BUAERENFZRDVEE R
TEE RS - — (BT ERE S R R A RIS [3] - MEEWAR A
0 H IS A PG b i e B > DA 2R PR S - SHEEIRIR Y T A B R ROA
(Spectral Subtraction, SS) [4]F1;5JE JE K #5(Wiener Filtering) [5] > Bt {0 25 FEZE(H [6-9]
AN > SRR AR Y U7 A I S Y e E SRS A e i SRR AR A5 8 (Probabilistic
Models) » peBhHIHIFEFE R N TTERZAZ(MMSEERE ST [10-14] ~ S KBS IR
(Maximum A Posteriori Spectral Amplitude, MAPA) {55128 [15-18)F15: K 1] SEVEELRTE
(Maximum Likelihood Spectral Amplitude, MLSA){LEF25 [19, 2015 - HAYE AT BN
7%(Noise Tracking) {5t AT DR AHEE - & RAVEE B HEEEE S /EE) il (Voice
Activity Detection, VAD) ~ fz/Ni517A(Minimum Statistic, MS) [21, 2215 - {58 EEAIEER
HREE% - RIS EISEATERAELL(a priori SNR)EAZEE{Z EH4ELL(a posteriori SNR) » R4S HY
T ERAELE AT AR S 25 e/ #(Gain Function) » FI[ ] th3E 45 eREUSEE S 1S58 - B RJ{hETH
M PR el AR - B e S e R AR R IUR S I FEERE  DUFERIRAE4R
(Online)zE 1458 » IRV T 60 Deep Neural Network(DNN) [23] ~ Deep Denoising
Autoencoder(DDAE) [24] ~ Sparse Coding [25] 5 Nonnegative Matrix Factorization(NMF)
[26]FEE M IRELES - AT CMAC sEE e e R HETE R -

T AR AE 55 5 1 58 £ 4t (Speech  Enhancement System) | 7 ZF 2% 1% 25 £2 3 (Machine
Learning) /772 » #1: DNN ~ Sparse Coding 5z NMF 2 o Az Hil{# | CMAC » 714 CMAC
T AT R 22 [27] BB RS A [28] MIMO [291#2:1% - M AE s NS pa B T 18

JE4RME(S 9 (Nonlinear Channel Equalization) DL s FEEHUFER(Noise Cancellation) 2247
E3H BHFERE [30] 0 FAFTRIMTZE It J7 724 5 58 5 4 58 £ 4% (Speech  Enhancement
System)_EHYRUSR o FHATEFRIEAYEIE T ol & d iGGE S aloi A H - B REFRES
HY S ERIEE AP SDI RS T AR E CMAC 281V F6 % 7% 1% {1 F SSNR B4 PESQ

P37 PV SR B

NIRRT H 2R (CMAC) #281 By e E5E 2 32 1% (non-fully connected perceptron-like)
Pt A =L B 4g & (associative memory network) EE #1577 1k (receptive-field) [31] - ‘T A DA
TR RIS R (fast size-growing) N[ RH » BA A MK ML EE FREE - H450Y
CMAC i et (local) [l & — #EHIHE 52 18 (receptive-field) FHEcr &Y - BAELE I &
{EEALHREER S » RAIREETTENIE R - BEEE CMAC Wi A R dEatat s o i My
WrpigEz SRR o RIMTTECREEE SRR CMAC NBYRTA 2% > RS B A
72l CMAC Model 7] A] DA AP -

AR B4 CMAC 220 S=24148 CMAC 2B EIES EE % - U

O EERELEL % - AR EIETELLUR, CMAC JHREES P BE > FEST CMAC &28
AV E SR (T > B RESR -
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— ~ CMAC 45tH

CMAC ZEAEE R E—(A) » 2 H— e A ZE= i (Input space) - BAHEC iR ZEf#](Association
memory space) #5715 ZE W] (Receptive-field space) - f 5 {57 2= [H](Weight memory space)
L1 2= [E] (Output space)dHpY > & —(B)/& H— (B —4EF0 FHYIEERE -

X1
X2
j y
b;
Output
Xy utpu
Input
Weight memory
Receptive-field
Association memory
(A)
Variable x,
A
1
h o
f 0.6
d g « State (0.3, 0.3)
= / bll o2f.".F.
gl \B/ | 02 [
e
c 0647, .
a) Variable x4
T 44 L 2 03 0. >
Layer4 M\« Layerl
kayerg —c ] — D —|e— Layer2
e _— g |} F e Layer3
Layerl E F y
| _—" G ~—i_ [ H € Layer4
(B)

[E— ~ (A)CMAC Z8f&[E (B) 4 CMAC /REE

. i AZE[(Input space) * B Ax; = [xq, %Xz, -, xy] " € RN » Hirt N2 A 4% - 7E[E]
—(B) EN =2 x i LI B AL FHERE RN, > Ne 78 Fy 7T 22 #(Elements) » 7 7]
iR F5(Upper bound) = 1 » 5 (Lower bound) = —1 » N fF A K 5
TIEIR S FE4r({-1,-0.6},{-0.6,-0.2},{-0.2,0.2},{0.2, 0.6},{0.6, 1}) » FTLIN, =5 - K
X CMAC ZEfas i - TTERE(Ne)FR/E & (Layer) Fa2ER 1 -
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2. BAEECIEZE R (Association memory space) : 2% 7T 2 (Elements) 1] DL ZEFE F—(E R
(Ng) » Ng = ceil(N./Layer) - ceil {CRERBIEIRIFHENL - BFENg > 2 » fE£E—(B) 1
Ng =8 (A,B,C,D,E, F, G, H) - Ny\ZF R EECIEZZHEE(N, = N X Np) o FEEHE
BR(Ng)ZE [ » FR A —(EHEE A e BV LUE SR R = AT E N B
BT RHER R (FE AR R BB S e BT ARIRA(DF

_ —(%; — mij)2 . .
¢, = exp [————] for j=1,2,--,Ng and i=12,--,N (1)

Hoehmy Moy 73 B R I EEC TR bR BN 2B 1 (B ARYES j EBRAY-PIIE R RE o
g A\GHSE -

3. PERZIgZEfE](Receptive-field space) © 2 (ARG TR 2= ] AT LASH R — (#2525 22 /] -
FEASL NG = Ny » QE]—(B)2 HH W (i A B0 T 2= ] PO AH S FE A W I SR (N g )&H R —
{ERESZI(NR) > 40 A SRR a BRAHAL—(EHE2I(A) © 55 j (EREZIREZIR Ry (2)
=

N N 2
_ _ (xj — my;)
by =11 o) =exp[~ (% )] 2)
i=1 i=1 1
BRI AT DU A R R T » I3) =
b = [by, by, -, by, ] 3)

4. MEEEGEFZEMRI(Weight memory space) © {£ 3252 322 i v Ay 418 1 B H A BRI T B M)
TR R4z

=l 1 2 NR]T 4)

5. mthZ=[E(Output space) : CMAC HYfitH ()4 N HVREEARSR - HR&RNIAE
A AR F(5)Z

NRr

j=1

U[E—(B)H » (State B H{E EH21K(Bb, DA, Ff, Gg)7fe -HH % FEAIE =44
e
= - 53 CMAC e85

CMAC HSEEFIAE S RN TEREERE - AEEREEN S ERIAER R HE
B8 (Objective function) fHA i ASEHVER > HEREER R F(6)=(
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En(l) = 3 (409~ y09)* = 7e2(K) (©)

ForpraaERgke() = d(K) — y(K) » SRR EAVERE (O RIEN 26 Hy (0 =~ FIAg38EE -
FE (] R ENE » HRESER (BRI P A T US4 (DR - T Chain rule)
N -

s+ 1) = 500 + e (P, (K ™
Forfipg BB (Learning rate) TS TTEHRAL |, m, 00 53 BIRFRHEE T -
% RUHTE L - PO R Al LU

dy _ 0Oy dy ay '
PW k = = )y » T (8)
k) =7 j 15 - 5 5 NR]

? ? ? ? ? ? dy
pm(k)z_yz[ y %% Y Yy LYo y 1 ©
ami]' amll ale amll amN] amlNR amNNR
9 9 ? ? ? ? dy

Pc(k) = _y = [_y JETTIN y JETIRS y FETN. y JETTES y . y ] (10)
aci]- 6(511 ach 0(51]' aGN]‘ aGlNR aGNNR
B 1% Py (k) A DUEE R DL =1
Y (1
o,
ady 2(x; — my)
omy 1Py (0y)? (12)
d 2 Xj — my; 2
oy 2T mg) (13)
doj; (011)3

VO~ B BRI

(—) ~ BHE A

TERHE T - T T =MEaEE a5 755K i CMAC K MMSE JHER#E = RV B LT
43 7l Fs(Perceptual Evaluation of Speech Quality, PESQ) ~ (Segmental Signal-to-Noise Ratio,
SSNR) DL fz(Speech Distortion Index, SDI) o

R S a8 E =R Tk ¢

1. Perceptual Evaluation of Speech Quality (PESQ)HYEE(E 1742 IR EE K M ((ITU-T)
A BB B—ERBHERE S BN L LA B IR Y e ie st il
JRAGHZFEEE " 2 A - PESQ Yy S#iE F 0.5 £ 4.5 75 » r Sk AR HE
AR FREE - A E R 1 R 1% 55 & 1Y PESQ B "R HEE & 1Y PESQ"HHI
BeGE s B INE > Bl EikE T - PESQ 1 AR Fs(14)=X

APESQ = PESQe, — PESQpise (14)

HHPPESQen & 5RI&EEE Y PESQ » PESQpoise /e AiEsNat = 1Y PESQ -

2. Segmental Signal-to-Noise Ratio (SSNR) 557 Ex T aR DR BN DAV L - BIBE%
BE3% - BB S SSNR BB HESHAR TR0 SSNRVAER - I4Ear o5
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SNR #4fi0E - Blor Bl ity - SSNR a] LAFER Ry(15)30

ASSNR = Pclean _ Pclean — A%lean _ A%lean (15)
l:)en lDnoise A%n A%loise
AP can BUEFRETII » Pon BRI » Prose HIRHETGE RIS > Actean
RRZFEEEIRNE - DUDAHE -

3. Speech Distortion Index (SDI)/ZLE#" Hy5R t&ah & a1 i danz F b5 sh o VAL
B B SR I IR AERR R S SDI'BL 38 %38
Yy SDIMHIR > BiEsatE R B R D& - NIy Bullis ity - SDI A LIFRoR Ry(16)34

E[(Sclean [1’1] B Snoise[n])z] _ E[(Sclean [n] — Sen [n])Z]

E [Sglean [n]] E [Sczlean [n]]

S cpeqn N BFHE TR » Snorse NV AAPHESHAEE K » Sen [n] ISR RE S

5 -

ASDI = (16)

(5~ HEBITA

EEREDTHE - FMIH T =REAERERERC G 7 A FERIEEEEL(SNR) - B 5 A 1)
N B S (SSN) ~ H 7 FE & (Car) ~ B3 &L ¥ & (Pink) - &R EE 5 B A
-5dB,0dB,5dB,10dB,15dB,20dB » #&3t 18 ffiA [FIHVRIEMHEEFIE5R - #aFaEE T > 3K
I 300 EFHERE A A FEE = N EREE - Hiniaiat s B # 8 5 EEE1EA 3
P > HUER(Sampling rate)¥5 5y 8K o {ERUEEEF IR - MR F5E S K NGE S
IEMAE - 40F5 SdB i - litEZ s E Re B398 SdB BV REHEE S s & © 4075 10dB
I > StEZ SRS RE BN 9R SdB BURHENGE S RE R 5dB G - mi&A 18%300
(R A RER 2 B e 300 (B FaRE B -

=R A

L G ANEBHEZ(SSN) © gEE iV - EETIHAR S HIREE T -
2. HETHEE(Car) t FEESHAEISHVAE R - UL SHAE B IR -
3. MEIFEE(Pink) @ RER TS - EEEIHAREHIREE T -

JAGE E](0dB)

Zfaher(Clean) | {5 NEEE (SSN) EFEE (Car) Fr &L & (Pink)

I,'If:'ll'iliml I.‘."I'Ifi’ﬂ'lr'l _“".T' ’I.J’["!.l'llli|]||l.]
TPty AL i |l|".lli'. ¥
m‘;‘,*ﬁa,;;' JJu.;ff}:.;j;h-,;.{p' f
N

i ”Wﬁﬁwwﬁw Wm t'iu Lo | ‘;m A 0

PR
| el et
G | " il et I*Iﬂ H{LI’:-:’LHE mlll"liml\ ik

1-
&~ EEREE T AHEEE(0dB) - BHE BB (i URIRAE R - BHOBEL IR EMK -
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EERITH » SeftrZ Fel e Ko FEafEE & HUE HE (Framing) - R Ryal & ot e A I 88
(Time-varying) » HUSEEER » AlRFEE S R (L R —(BIE e FHHARVER SR - DIFR R

AREBPRMNVEHES 32 ZFN(256/8K) - MR E S ERTERIETR E—{EEE &Y
i (Hamming Window) » FHfY H 0y Rk (7 & TP iy FE22E0ek - M0 BRI & e (I
AR - 2 &k AR GE S s RSR  2R (17 B8 (Fast Fourier Transform, FFT) » {551 256
{EME > 256 {IE {5 FH £ B ARS8 (Mel-frequency domain)_FER%ERE 80 {E{E - B BRI -
FRFC A 250 7R RN GE 2 ) SREE N Training) » 5550 SO {7 RERHEE S HOHIEEE RN Test) -
S GRHF - RF 250 AR EE S B AT — i (FIER G H R AR LAY SR8 B R - iz kEtk
FECEC H 80000 R EHISREHE » N RaE S/ 4EHY - AT DASEILA 80(HHIEL) X 800004k
HB) R SREHE - 52 EEE RS A AR ENEELLAIRON - ([HEREREE - [FEERE 8081
150) X 80000 (| SR B2 RE AT N SR8 - 75 AEataE o M2 FeE E P A RS TS TE - B
SRR g (EREREE 4] CMAC Model - £44E5 374 80 41 CMAC Model -
&—4H CMAC Model ] 80000 3| #F%#5E2E - CMAC Model NHYE A =BT eRELHY
PE{E(my;) ~ R (o) ARAEEE( ) o HEET - 50 (Ei MR EE S [ESE PR 1
#Ef#E A (Fast Fourier Transform, FFT) » SEIBERYERE 80 - [fif&im A BHESEXE FAY CMAC
Model 1% & BB B R FENGT » S PRI 2 (Inverse Fast Fourier
Transform, IFFT)iE[a]lfIE - - RIS E @& aviZ Fai g sk o B =5 CMAC iE&
SRR TR N (n) BRSBTS A RERSE N (n) B a5 s 9RAS H FFT
%AVEREE > y(n) F5 CMAC #ERaE > e(n) = (n) — y(n) Reiz=afak > 415Re(n) BZEA
F CMAC FtHENsR o F# a8 st - y(n) By CMAC $H ERFR4E H TFFT 1242 [ HYER
5 °

Clean Signal (n)

Noise Signal N(n) ++ N (n) y(n) . T
FFT » CMAC
e(n)
(A)
Noisy Signal N (n) N (n) y(n) Enhancement Signal "y(n)
———» FFT » CMAC —>»| IFFT ——»
(B)

[ = - CMAC sBEEH R A4 78RE A4k (B
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(=) » CMAC £ MMSE J57ALEER

B B B B R A AT Y CMAC 5% € B2 MMSE J77AMSIELES -

FEAE T CMAC R0 T ¢

[&#(Layer) : 3(Layer)

5 (Upper bound) : 6 ; T F(Lower bound) : —

—JENAVERE(N) © ceil(106N, /3Layer) = 36

PEZIEI(NR) * BEE(Np)

I AREC RS ¢ o, = exp [~ — my)*/0E] fori=Tandj=1,-,Ng

ﬁtlj ceil (RRERBURMRIFAENL - PN T AREE ST AT s 280 Ao
Eﬁ%:ﬂﬁlﬁﬁﬁiﬂﬁﬁﬁl ST P (E WA E (my) 3 B H B B A S (Ng ) AT IE
A BEEYIGE (o) = 1 FEEIIRE( ) =0 B2EEp, = py = gy = e = 0.05 ¢
%gi% Ry CMAC Bl MMSE J57A({s F = A& 555 55 574 PESUR -

S o

F— CMAC J57A K MMSE J57AHJAPESQ IR EL#L

Evaluations APESQ
SNR (dB) SSN noise Car noise Pink noise

CMAC MMSE CMAC MMSE CMAC MMSE

-5 0.141 0.006 0.492 0.228 0.442 0.061

0 0.387 -0.263 0.511 0.291 0.679 0.329

0.678 -0.308 0.552 0.315 0.788 0.467

10 0.808 0.041 0.576 0.339 0.800 0.484

15 0.852 0.152 0.559 0.352 0.776 0.456

20 0.820 0.123 0.532 0.289 0.687 0.415

Ave. 0.614 -0.042 0.537 0.302 0.695 0.369

K~ CMAC J57& 5 MMSE J57A#JASSNR SR EL#L

Evaluations ASSNR
SR (dB) SSN noise Car noise Pink noise
CMAC MMSE CMAC MMSE CMAC MMSE
-5 14.618 4.635 13.221 7.703 12.619 8.021
0 13.523 4.344 12.728 7.173 10.919 7.400
5 11.550 3.811 10.528 6.262 8.843 6.437
10 9.536 3.015 8.806 5.034 7.583 5.066
15 8.061 2.020 7.125 3.597 5.957 3.429
20 6.228 0.940 6.145 2.014 4.134 1.716
Ave. 10.586 3.128 9.759 5.297 8.343 5.345
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F =+ CMAC J77£ K MMSE J5£8JASDI %5 L

Evaluations ASDI
SSN noise Car noise Pink noise
SNR (dB)
CMAC MMSE CMAC MMSE CMAC MMSE
-5 1.680 0.110 1.223 0.118 1.008 0.051
0 0.717 0.063 0.715 0.046 0.381 0.017
0.244 0.023 0.216 -0.008 0.120 -0.009
10 0.070 0.003 0.060 -0.023 0.030 -0.022
15 0.016 -0.004 0.012 -0.022 0.003 -0.022
20 -0.001 -0.005 -0.001 -0.017 -0.005 -0.018
Ave. 0.454 0.032 0.371 0.016 0.256 -0.001
Bz E(Enhancement 0dB)
HAfEE (Car) I &L4EE (Pink)

{17 N (SSN)

m “iﬂ'
(IR 1/ N
bl
k|

UUTUAT L

[V ~ SRR EE S AHEL E] (0dB)

FEASDISHE 574 » A IRZ F =8 1E 20dB A K 2B KHYE - (HAEASSNR
aFEJTES » 20dB ERAEA RS ENRELE - Bt Al RIS IR R —FE

CMAC J57A &R Z FIEL MMSE B EERVEESR - (L5 E (APESQ) {7 N (SSN) 552
Tt 0.656 ~ HHEE (Car) PIIEETT 0.235 ~ FHELHES (Pink) PHIHET} 0326 - fEEELD
(ASSNR) /7 NEHER (SSN)FH9FE T 7.458dB ~ Bi1-5fi (Can) F-H2 7T 4.462dB ~ #4L.
HEE (Pink)PH52 7T 2.998dB » {E8 H B (ASDD H{J7 AREHER (SSN) P45/ ) 0.422 ~ B
M5 (Car) AR 0.355 ~ BY4L S (Pink) 2736k ) 0.257 © [EVU 55 SNR £ 0dB B - 3B
EEsRILIAERSE > ChEE — UG H CMAC sBE 1 78 S 40 F B IR B A IR B -
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(V0) ~ [EHFERE A sHAELD

REBHOENEEERT » BMEEEHAE TEREAVEEELL(B) - Fr A E B2 EEE
B[S P FTA B L(ABYAHERS » 21 SRRSO SRR«
FEAE T CMAC R0 T ¢

1.  JjE#(Layer) : 3(Layer)

2. 5 (Upperbound) : 6 ; |5 (Lower bound) : —6

3. —JENAVEREI(Ng) © ceil(106N, /3Layer) = 36

4. PEZIE(NR) © BEH(Np)

R . 2 . .
5. WSROI ¢ = exp[—(x —my) /o] fori=1landj=1,-,Ng

oo ceil (URERBUAECRIFHEL - S MAF RO ESATAEZ RS FRrELE
R AN BV ELIE - ST S P E A E (my) )3 EE B B R AL AR (N AT IE
[H] - SEEEOIG{E (o) = 1 > BEEFIIAME( ) =0 ° BER =ty = Wy = K = 0.05°
RUWELRNFy CMAC J7AH = TEsE S SRS -

RV~ =FEFEEHIAPESQ RURELHEL

APESQ
SNR(dB) SSN noise Car noise Pink noise
-5 -0.185 0.570 0.375
0 0.134 0.539 0.568
5 0.299 0.478 0.566
10 0.295 0.333 0.449
15 0.156 0.112 0.284
20 -0.006 -0.169 0.102
Ave. 0.116 0.310 0.391

T~ =TEFEZFHYASSNR SURELEL

ASSNR
SNR(dB) SSN noise Car noise Pink noise

-5 11.919 11.920 9.216

0 12.325 12.196 9.626
11.217 9.908 8.637

10 8.932 6.829 6.375

15 5.438 3.183 3.216

20 1.268 -0.825 -0.543
Ave. 8.517 7.202 6.088
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FN > SREHEEASDI BUR L

ASDI
SNR(dB) SSN noise Car noise Pink noise
-5 1.567 1.197 0.957
0 0.645 0.690 0.362
5 0.198 0.169 0.097
10 0.007 -0.035 -0.014
15 -0.094 -0.125 -0.058
20 -0.165 -0.169 -0.084
Ave. 0.360 0.288 0.210

£ SDI g i oh » o] IR ZR 2 Efs = SNR 55 N BNV IET » BB R AR
N ST ZRE AR - CMAC fAHEETIATA SNR(IB)MHE & HIER b/ E - EEE
R —ER = MMSE JANEEREGR - CMAC J77RE 20w MMSE 57X -

i~ S

AL R L CMAC SEEEE AR > DUBPREE Sl e S S - fEE M 5T
CMAC J7AfEA [ EREE S TR BLRE JT > DU CMAC Rt th B {E S E YR -
FRIZER —(EARE TR AR D T CMAC S8EEHE - & T EREIIREEHE - A1H
EVEHVERE BRI RS R AT - FEREREEL(dB)AYIEN T - APESQ ~ ASSNR KZASDI
a2 ARt AR AT DUE A B EAY R B RE © FM#E—25 81 MMSE #HEE - £ FEHAY
AVEREER o > CMAC J77AS R EAVEER -

W

FX
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