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tion of local and global semantic features in hyperspectral image (HSI) classification, a hyper—
spectral image classification network based on fusion of the multi—scale and superpixel-level graph
convolution network (MSGCN) for hyperspectral image classification was proposed. It achieved
heterogeneous feature complementarity using a dual-branch architecture. The multi-scale convolu-
tional sub—network branch extracted multi—scale spatial features ranging from local detail seman-—
tics to regional-level spatial semantics, by employing parallel 3 X3, 5X 5, and 7 X 7 convolution
kernel layers, enhancing the model’s ability to perceive complex ground object details. The super—
pixel graph convolution branch achieved superpixel segmentation and constructed regional graph
structures based on the simple linear iterative clustering (SLIC) algorithm. A dynamic adjacency
matrix learning mechanism was incorporated, together with multi-layer graph convolution opera-
tions, to adaptively capture long-range dependencies between superpixels. It generated global spa-
tial structural information for the image while significantly reducing the computational load. The
two types of features were fused through channel cascading, constructing a composite feature
space for multi—scale detail perception and structured semantic expression. Experimental results on
three public datasets, namely Indian Pines, Pavia University, and Salinas, show that the overall
accuracies of MCSGN reach 98.31%, 98.95%, and 99.35%, respectively, with Kappa coefficients
all exceeding 0.98. Compared with eight representative hyperspectral classification methods, the
MCSGN achieves the optimal classification accuracy.

KEYWORDS: hyperspectral image; convolutional neural network; graph convolutional net -

work; feature fusion; classification model
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e P 88 X8 AN (] R /N AR b () U BE g, AT
RT3 28 B R M
2.6 FFERLSREEIR

MCsN % th (1% 22 ROBEFRRAE PF e 45 R F conca 2 151
HEFFIE, WERBIIRER, HEMEHN &S0
SR A S KR . PR, AR Rl R R

FKH—A T X VB2 AT R IR R4, Ff 30 38 BN
192 F 4 28 64, % $AF 38 1 v] 2 2) i A AR R
W, € RO Sl s i AR AL, AR 2 R
25 [AVREAE Fuc
Fuc = Convixi ( Fepeu; W)) € RV >0 (19)
SGCsN %yt i 2 AR 3 17 URRAE, TR 440
REEARZHWW, WL, %2085 F R
PG R 2 8], FRAEfLG AL HUEEF SPGG il e X
MY ORHRHE I Q € R iR AR RAFIE SR E L &
KSR, B H? € R Wi B4 K 254 .
Fopn = Q- H? € R""*5 (20)
s F o R WU PG 3R 25 ) B R R R R A5 1
FRAE , KR AR T8 2o 26 R 3 10 AN BB AR R R A
EHABEEGE, BS MCsNFEE 4 8 X 55
W18 SRR
SEPRARRAIE 25 [RDX 55 22 05, R B G U Rl A
WG S P 22 NLE % R R AIE 5 AR R G SRR AR Y
PriE, 18 B Zm A R E Fra h
Frni =[ Fuc; F o] € RV QD
B 28 1 Softmax 73278 A AR 2 L) 25 )
BRI, AIRRH
Y = Softmax ( FruW. +b)€ R"*" "= (22)
Krp: woe RSN BAE B ; Now HLY)
FINE; b€ RY™ gl B 1) 2, B A —
M B o Softmax (+ ) N Z KR IH— bk %l; v
N REER, FOREBMERENE LB T &K
HIAE

3 KB5S

FIHI 3 A 0 15 43 5 i AR 4, 43 30l R
Indian Pines, Pavia University Fl Salinas %% #ii 42 ,
KA B MCSGN ¥ 2% 19 73 P fiE o b 4 il PP A
MCSGN RYHERE, VeI 8 Bl WL i &5 061 7338 Or vk
5 MCSGN W 2 i 47 L85, I 3 8 4 o 1 %
(overall accuracy, OA) . F i # % (average
accuracy, AA) Fl Kappa @it & (KPP) 1E K41
FMERE M TTEAL 4845 o
3.1 HEENB
3.1.1 Indian Pines # 4% %&

Indian Pines £ 4l 52 /2 i 6 15 18 k43 248 28 L AL
HEBCHE 4, B NASA AL ] ML 21 Ah )86 35 X
AVIRIS T 1992 4F 6 H 75 3¢ [ B 5 2 40 JH Al X R
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BBEA, 45 ZRUEBS IR R YRS TR S 10w g B 7 e R 4% 101

o ZXBURM ZFRAEY T, YRR
B JRIREE R ST 145 X 145145, & 224 40
BB (400~2 500 nm), 5k 24 AN R B S R
B 200 A S0 B o I BCHE SR AR I L6 Y,
WEK ., BT E, BT 10 249 MhREFEA,
53 28 5 A3 A AN A o B 2 0 43 S B B B
5% 1% F194% FIREAS I F ISk . 561k A i
3.1.2 Pavia University & 4% %&

Pavia University 4% £ H1 78 [ S 562 R 48
AR ROSIS-03 48 B, Hif 35 X df ok 3 K
I 2 SV K 2 A el B LR i M X, R RSE
610 X340 4%, JRIG & 115 A6 B, Jei
0 B 7 430~860 nm Z [H] . £85I B 12 4~ T
P A I B R B 103 A R B, Hs 1a) 43
REIE 1.3 m, RENETE N X W b Ay, Wi
T WRES RN A S5, JARTE 9 KM
Y, B 42 776 SREAS o ST EREE P L o A
WRE A, AR M) 2 18] 4 31 AT BE R 5 3 B
ARy Y e i b AEfE — e MES ., AJ0)
I3 S BEHLEFE 0.5% . 0.5% 11 99% )AL A H Tl
Yk . B e ATt
3.1.3 Salinas 2 4% %

Salinas £ 4% 4 [A] BE H AVIRIS £ &4 % 4,
O 36 A0 55 ER AR T M B R 4 B LA B AR
WX, BB R S12X217 18K, FIGAH 224 4
JeiE W B, GG IE Bl 400~2 500 nm, HIFk 20 4~
2K WG e 1 O B S, DR B A 0 Bl 204
A, HozsiE R N 37 m, B FE S T Indian
Pines, AEIEHH AR HAVEY) RS OGRS RRAE , JLA5
16 FRAMEY), WRBEHL . 738 . RIBBT Y H %
MRS, AL 54 129 M AREEFEAR . Horp Il 2R ke
ARECH 4801, (5 H 0.89%, R AE AR N 53 649
Ao ANRILED A K i, HObiE R IE & B
BRI R AR, T LR — 2 A AR AR [ A
DX 38 A AT RE A7 7 — 5 16 25 5 o B2 4 B
BEMLIERE 0.5% . 0.5% F199% HIREA I T4 . 3
UEFTI A
32 LWigE
321 iREAR

i OA . AA FTKPP fE Ry B iFAE 85 . It
Hb, 3T AT A T R 2 R AT BT
322 AL BRiEE

7E%F He 528, ¥ MCSGN 5 37 # 1) & 4L
(support vector machine, SVM) ' =% Flf

Z M4 (3D-CNN) ' 2542D 53D B MMIRA
JEIE M 48 (HybridSND ©1 | & F = 4e 5 B 2 W 4%
B S Tk 2 [B) 5% 25 I 2% (SSRND 2 o5 B 4 8 ) 4%
B4 5 10 1 4 B 2 (CCEGCND Y I ASURRAE il 7
W 2% (weighted feature fusion of convolutional neu—
ral network and graph attention network for hyper-
spectral image classification, WFCG) ™| {EREH £
B P 5 22 ROBE 6 B 43 P 45 (AMGCEND P71 %
254 BB UM 45 5 Transformer [ & AE $ 5l 9 4%
(GTFEN) "8 Fift ({2 1 1 1o D't i 11 14 o3 26 Ty 1k ik
Friese, ISR Bk iy o R3808
323 HHKRE

MCSGN R4 i 5 AT, A5 HR S A0
BRI, A MCSGN WL FIrA 130 ki
KR 1 LeakyRelLU pR%L, T2 ftfi J 2% 2] 55 T
0.000 5 /9 Adam A2 , 1 Il 5 A I 2 2 AR KB
600 K . MCSGN ¥ £ - Bt 552 56 2 fiff ] Python—
3.7 F1 PyTorch—1.13.1 Sk S8 L1, 5256 BR 45 y 17—
11800H CPU,

&1 MCSGNE#MEE
Table 1 Architecture configuration of MCSGN

Fibe GBRRZEC B R/ 3 TE 2L
. CNN 1 1X1@128
SCOM CNN 2 1X1@128
. GCN 1 @128
SGEsN GCN 2 @64
CNN 1 1 X 1@64
CNN 2 3X3@64
CNN 3 1 X 1@64
CNN 1 1 X 1@64
MCsN CNN 2 5% 5@64
CNN 3 1 X 1@64
CNN 1 1 X 1@64
CNN 2 7X 7@64
CNN 3 1 X 1@64
FEE@h A i CNN 1 1 X 1@64
SPGG A=100

33 XMEEXBWEREST

5 MCSGN 5 8 Rl LA 35 5 1% 43 2 05 i ilb 47 Eb
B, 9PN I kAR BB AR B o R HER R
WL 2~4 FR .

H3FE 20 IF L, 7F Indian Pines 5048 4 |,
MCSGN [ B R 2R B (OA) iK% 98.31%, H
IS, MCSGNTEGRBE B . kR GG A
IR A R IIL E, R RE
B AR 5 AR RRE Bl A BL ] R 5 A RLIX 43 R 2
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5 2 Indian Pines (iR & FHI SR LER

Table 2  Classification results on the Indian Pines dataset %
2 51 SVM 3D-CNN HybridSN SSRN CEGCN WFECG AMGCFN GTFN MCSGN
HiE 98.66+1.88 93.33+9.42 100.00+0.00 95.46+2.55 80.024+2.31 93.16+1.95 95.35+0.83 97.67+1.44 100.00+0.00

L EE S 41.14+6.51 80.76+7.72 88.18+1.00 93.89+0.63 95.09+0.64 87.73£2.23 92.9442.05 94.33+2.58 95.16+2.32
WK 45.5343.15 80.2141.68 91.2540.25 95.82+1.71 93.63+0.37 96.25+0.31 98.724+1.74 97.18+0.58 98.33+0.31
'S 78.70+7.68 99.3240.24 97.56+0.11 83.01£1.47 99.484+0.24 86.67+0.16 81.78+0.77 99.11+0.35 92.7240.16
W 74914470  86.1242.45 90.35+0.55 92.66+1.36 96.38+1.05 85.84+4.57 94.69+2.65 96.69+0.63 95.42+4.57
WERAX  82.18+1.90 98.89+0.96 99.50+0.21 95.74+2.34 97.09+123 92.46+0.15 99.5642.04 99.56+0.45 99.69+0.15
ClcEdyn  97.2243.92 100.0040.00 87.54+4.21 96.02+3.29 100.00+£0.00 92.38+4.31 92.3140.69 88.03£1.75 100.0040.00
JA T B 97.4442.37 99.01+1.40 100.0040.00 100.00£0.00 98.62+0.72 83.24+0.12 99.7740.67 100.00+0.00 99.88+0.12
Mk 100.00+0.00 83.33+1.78 71.1245.34 100.00£0.00 100.00+£0.00 95.24+3.69 100.00+0.00 68.42+1.53 100.00:£0.00
LR N 71.3440.84 78.4243.44 91.75+1.76 92.18+4.16 87.84+1.62 92.73£0.33 90.87+0.87 97.0442.94 98.97+0.33
SRR E 72.59+4.78 85.13+2.83 94.16+1.22 97.82+1.43 96.224+0.66 98.47+0.31 98.61+0.94 95.3943.06 99.46+0.31
S NG 47.43+41.42  72.66+4.53 94.14+0.71 76.67+3.47 80.39+0.95 86.11+0.18 93.18+0.73 95.3243.74 99.44+0.18
N 99.8243.92  99.39+0.86 100.0040.00 100.00£0.00 98.17+0.73 99.68+0.09 100.00+0.00 97.41+0.93 98.92+0.09

AR 67.634+3.25 95.31+4.55 96.964+0.12 100.00+0.00 98.69+1.27 84.87+0.13 99.41+0.35 96.47+0.58 99.78+0.13

HE B0 - 3 - B

e A 71.964+1.02 97.39+3.28 99.584+0.14 92.39+5.09 98.26+0.87 92.594+0.69 99.72+0.18 99.17+1.27 98.14+0.69
R-FHEEA X

R B 100.00+0.00 100.00+0.00 98.38+0.07 95.55+4.44 98.07+£0.92 89.57+5.68 93.02+2.56 98.844+2.09 100.00+0.00
OA 66.60+0.83 86.76+3.28 94.08+0.32 94.77+£1.86 94.81+0.35 91.74+2.71 96.41+0.63 96.48+0.94 98.314+0.71
AA 77.914+0.69 90.58+1.67 93.77+0.98 94.19+£1.99 94.87+0.41 90.49+1.97 95.62+1.35 95.04+1.19 98.49+0.97
KPP 61.67+0.98 84.77+3.82 93.21+0.36 94.04+2.13 94.01+1.25 90.584+2.79 95.91+0.45 96.07+1.26 98.07+0.79

W RPN B R A R
3 Pavia University & FRIHRER

Table 3 Classification results on the Pavia University dataset %

Hu 42K 531 SVM 3D-CNN  HybridSN SSRN CEGCN WECG AMGCFN GTFEN MCSGN

iR=gi ] 66.98+0.41 98.39+1.52 95.94+0.65 90.80+0.61 96.15+1.04 91.614+3.62 92.74+4.45 93.76+0.43 99.18+0.44

b 100.00+0.00 96.92+0.86 88.46+0.54 96.31+1.12 96.83+0.12 100.00+£0.00 99.12+0.49 100.00+0.00 100.00+0.00
el 80.98+2.49 458649.35 98.20£1.65 91.50+£0.58 99.37+0.19 92.16+£1.28 86.58+4.49 97.08+1.71 97.97+1.21
(SN 34.63+4.46 85.46+2.87 98.41+1.21 98.01+1.21 92.94+1.75 72.08+6.44 78.51+0.78 78.53+1.26 96.67+1.47

A B IR 99.15+0.49  98.26+1.68 100.00+0.00 99.61+0.26 99.96+0.04 99.69+0.09 98.16+0.34 99.30+0.82 99.17+0.83
Bt 57.54+2.69 84.14+1.23 94.02+1.64 94.60+0.59 95.91+0.07 97.96+1.35 91.73+5.17 95.68+0.79 99.81+0.05

Wi R T 95.65+2.17 95.96+3.44 99.53+0.41 97.74+0.84 99.62+0.08 97.02+1.24 90.69+4.54 98.99+0.68 98.33+1.67

H B 50.97+£5.07 82.584+2.58 98.51+1.18 97.17+£1.10 96.35+0.12 88.29+6.24 93.63+3.34 98.13+2.38 94.53+3.85
[ 5% 96.574+2.68 95.81+0.95 100.00+0.00 100.00+£0.00 99.51+0.27 99.89+0.08 77.74+0.93 99.77+0.49 99.62+0.27
OA 79.84+0.71 91.094+0.15 93.26+0.93 95.41+0.83 96.66+0.22 94.97+2.19 93.93+1.24 96.63+0.32 98.95+0.51
AA 75.834+3.41 87.04+1.73 97.01£2.57 96.14+0.64 97.40+0.25 93.19+1.57 89.88+1.87 95.69+0.97 98.36+0.93
KPP 70.72+1.68 88.05+0.78 91.21+1.65 93.94+0.70 95.59+0.29 93.33+2.76 91.90+1.69 95.46+0.83 98.61+0.67

T R PIRL T AR IR AR
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Table 4 Classification results on the Salinas dataset %
o2 5 SVM 3D-CNN  HybridSN SSRN CEGCN WFCG  AMGCFN GTFN MCSGN

TER S () 2%
1

FERIP S FH [11) 2% B
2

PR B3t 47.0443.83  98.7320.96 100.0040.00 99.85+0.47
FLAL AR 1 96.88+1.79 86.61+0.97 62.53+8.25 93.01+1.44
TFEARBE  79.4241.70  86.1140.71  91.36£5.28  91.31%3.07

# b 100.0040.00 99.04+0.48 96.48+0.92 99.32+0.56

i 89.1143.35 85.7344.66 99.35+2.55 99.8140.37

RETH AL 40.4540.67 86.04+2.16 87.3845.36 94.45+1.48

WiE R E L 99.35+40.37 100.00+0.00 99.79+0.37 100.00-0.00

HAL T RAEX 71.5541.19  95.02+1.68 93.81+3.78 98.35+1.36
HZEA 91.084+1.59 91.16£1.03 98.59+1.54 92.1942.48
HS5 67.2241.42 70.06+6.23 80.1948.02 96.87+1.74
A6 100.0040.00 89.39+7.89 77.08+8.33 94.06+2.94
H2ET 80.5642.04 30.1544.98 96.06+3.38 92.31+0.69

R 4 2 I

50.15+£0.45 99.40+£0.89 99.51+£0.54 99.80+1.01

99.81£0.12 89.45+1.02 86.25£2.35 99.76+0.43

68.05£1.19 68.52+9.29 93.81£1.77 75.86+3.13

96.524+1.72  98.624+0.65 99.134+0.88 100.000.00 100.00-£0.00

100.00+0.00 100.00+0.00 99.89+0.11 100.00+0.00 100.00+0.00

99.934+0.07 100.00+0.00 99.21+0.79 100.00+0.00 100.00-£0.00
100.00+0.00 99.92+0.26 92.04+3.28 99.18+1.02 99.27+0.48
97.30+1.72  99.01+1.54 92.074+5.71 97.364+2.92 99.54+0.04
98.794+0.90 98.994+0.50 97.31+0.10 99.91+0.11 100.00+0.00
99.864+0.25 99.974+0.10 100.00+0.00 99.98+0.13 100.00-0.00
85.28+1.77 88.36+4.22 89.15+0.85 96.53+0.46 98.85+0.29
97.68+0.31 95.694+0.45 100.00+0.00 100.00+£0.00 99.93+0.03
96.49+0.94 97.50+0.58 97.43+0.40 96.754+2.21 99.38+0.28
98.7240.43 98.78+1.54 90.484+9.24 99.414+0.58 100.00+0.00
99.97+0.03 96.844+0.24 91.564+2.45 99.76+0.48 99.94+0.03
99.2840.39 99.81+1.45 95.93+£3.52 98.5542.06 99.66+0.23
99.06+0.10 98.724+1.44 97.274+0.37 99.19+1.06 99.71+0.09
96.38+£0.41 90.12+3.25 98.02+1.46 93.474+2.35 97.72+0.55

96.2243.11  95.94+0.78 99.61+£0.39  99.09+0.48 100.00+0.00

MBI A 87.56+£1.27 88.46+6.72 93.45+4.08 98.2843.78
OA 70.46+0.45 86.5344.04 92.06+4.34 94.20+2.11
AA 71.60£0.42 85244285 90.974£2.29 95.31+1.05
KPP 67.29+0.98 85.03+3.39 91.1842.47 93.53+1.55

95.694+0.53 95.13+1.24 95.834+0.06 97.954+0.59 99.35+0.17
97.7540.37 97.394+0.77 96.194+0.62 98.70+0.29 99.62+0.12

95.2240.59 94.60+1.56 95.37+£0.07 97.7240.66 99.28+0.11

T RO T A IR AR

WEERGEEGER . WA, X R IAES CNN
% (A 3D-CNND A [# 7 & AL R G, 725 22
Wi B CONEAED OR B s R, i
GCN 277 (i CEGCN, WFCG il AMGCFN)
N Z W AR Z I SRR A A 2, FEURHRIX
BOCIE SRR RED RS EARE ., GTEN
L2 /NG S = A VI o o e 17" QU [ 8 9 7 72
2R 5B RBFRMEREM A, 78 Indian
Pines ¥ #it 42 & KPP 4 0.960 7, i MCSGN #y
KPP 7 0.980 7, 300 T HAL 5%, Sk 7 HAE
B o3 AT AN P 5 5 R S M . MCSGN 8 i
FRAE 25 )6 5 S5 0 ROEESC B, R Ah T 20— M 25 1)
FAEBRFE .

&3 LLEH, X F Pavia University £ #i&
£, 3D-CNNZ R TiRJZF IR e 7y, Wi
LNAWR R, AMGCFNEG|AEE N
HLHI AL 6 B, (BB 1R 3 0 %1 ml e i 1%

RS MBS, 5 8O0 AR O AR
78.51%, HybridSN £ 38 33 = 4 & BUE A 25 3% 5
fiE, AEG IR RS S R0 DX 35 1) e R A PR,
HHOARFEIET MCSGN, MLz F, MCSGN
TE U R 4 ASORN 0 7 3 B A O B S ™ R 0 28 )
TR IR, W SGCsN fEig B AR K B i 2 [
WA, A0 ] I T R b s ) 1 RSO ) B (E
EZERIE, MCSGN Y AA 5 KPP # i =
Ui B HLAE R [ 28 500 1] 192 Ak RE ) B0
&40 LA W, 7F Salinas (464 I, Hyb-
bridSN i 14 1R 5 3D /2D % FUG 5 T FRAF £ 34 fE
J1, B H Gk = 2 ROEERRAE A& HLE . OA
92.06%., [}, MCSGN 1 OA & ik 99.35%, ©
B ERR, A GTEN4:TF1.4%., R4
T RAEY OGS S SRR, XA 2 R
FERFEFEERAE S BER T . LI AR WoR, MC-
SGN T A& BY 4] 45 R AR A1 A 3% 7 J8) 45 2 1) v 4y 26
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55 39 B4 5 1)

W2 T&, BIE T MCsN 7EH #2594 K
W AN 25 507 L. s, MCSGN #E KPP
R B ERSHERW, G P A SRR T 2O
TRIGHER
34 HMXBERESH

MCSGN H1 SPGG. SCOM. MCsN, SGC-
SN A F BRI L, A5 IE MCSGN 4% A5 i
P oTEk, B4 ARSI . BT SPGG LX)
SGCsN A H (1) 5 Fitk, BRIAHKE X 2 A 2/ —
AR, REIRE e A7 3 A5 4 L AR 2
WERG RN S PR .

£S5 TREREEGH OA HEHR

Table 5 OA indicators of different module combinations

%
R/ i 4 S8 1 S5 2 553 S5 4
SPGG N N X N
SCOM X N N N
MCsN N X N N
SGCsN N N X N

Indian Pines  92.174+0.49 83.36+0.71 85.47+0.63 98.31+0.71
Pavia University 93.21+0.42 85.53+0.18 87.22+0.53 98.954+0.51

Salinas 93.87£0.31 86.15£0.26 87.96+0.34 99.35+0.17

HESHTLAEH, A4 IR SCOM B
ff, Indian Pines i OA B % 92.17%, FWGiE &
45 5 A A B g 2 D TU AR I B T, )
IRFRER L B X EE , HAE2BBEMCsNJG, Pa-
via University £ 5 19 OA F% % 85.53%, Uil %
RO BB Ry S S0 B Can i 5 18 B0 %0 A 3K
BEXREE, HSAGAHER, MCsNBGIARE
$2 T+ T Salinas [ OA, F W MCsN 1) £ 5 S 4544
TR TR B EE, R KR RPHE
AARATERBEN . 446 3B SGCsN M SPGG
J& , 7F Salinas £U#6 4 119 OA [ % 87.96%, iEH]
AR R R A BURE AT AR AR TR ) 1 K R 25 ()
XK ; A Pavia University 288 48 & 19 OA FEAIK
11.73%, Ui SGCsN 1) 4 Jay 25 8] A% 158 1 7T A 2L
SR A kT M A 3 SR ) R, RIS, S8 K ) MC-
SGN7E 3 i 4 L ¥ IS e titege, RIET £
B 6] T AR B

4 Zig

ARSCHE A —Fh T 2 RO & RS B AR R QA

BRGSO ERG WL, Ead 2 RES
T I 28 FHREAZ 28 90 181 36 AR F 4% 1) B AN R T
fiff D T AL B8 )y vk P R AN T 5 4 R A5 R R AE E LA
FE 53 Rl 1 [l

2 NURE 45 B W 4% 5k ] 22 RUBE 46 B O T A7 4
W2 B TR IE, REE A R B2 K00 1 1)
NFAE R, I s RO RRAE DF B2 3 T A0 %
Y RAERE ) . MR RHE ST W EKSE
P15 FHR) 265 fig % A 350 B2 BCIE R UL BL A5 550408 15 B Y
P, It &5 A AR S 5 Bh B AU 2F 2T L
T W BAR R I 2 R SR, A K HE B AR
AR ) AR T AR S R S BN 4% . REAE il B
A A A e B R A S, BB S AR
TRRRIE 5 4 JR i SCRRAE I B AME B,

3AFEERE AE LS 25 IR, MCSGN
FEFEAR M | i d S Koos [ 45 40 52 24 1 4 5t
s e MR TR 0 B R N Ay RS L SR,
MCSGN W 48 75 52 24 25 [B] 25 46 g 455 vp 1) £ 57 1
PEREE TR AR P B2 T, LBl A AR 42 P A A
Z R IFAT 6 FUIE KB & 0 B i o (i
GBI A R,

A o W 5 8 SR R B i Ak U IR 00 Ak B A
— 7, AR A 2 ROE S 5B AR R E 2
B, AR DR AR o 2OKS B 1 R e S R AR B s
— 7, A4 E B EIIGNER, R AR
P 1 G ALY (T2 AL RE T, VR R B T R AR 1Y
Wi

S & ik
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